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摘 要

圖形處理器經常處理邏輯上具有多維結構，但實際儲存於線性全域記憶體中的資

料。當執行緒束所產生的存取分布與此實體組織方式不一致時，單一記憶體指令可能

跨越多個快取區段與快取列，使執行緒束僅使用所擷取快取資料中的一小部分。本研

究將此現象描述為較低的執行緒束內快取利用率。此類存取不僅會產生更多快取存取

波前並增加記憶體系統負載，也更加依賴後續指令重用其餘已擷取的資料。在細粒度

執行緒束排程下，執行緒束間的快取競爭可能增加重用距離，使這些資料在再次使用

前即遭逐出，進一步降低快取效能。既有以軟體管理的資料布局轉換雖可改善資料的

實體組織方式，卻通常需要明確的布局轉換、額外的位址計算或大幅修改程式。本研

究則探討是否能選擇更符合資料邏輯存取結構的實體組織方式。

本研究顯示，輝達的紋理硬體所提供之硬體管理區塊線性布局，可作為適用於特

定多維存取的實用布局映射機制。透過將執行緒束所要求的資料集中於較少的快取區

段與快取列，此布局能提升執行緒束內快取利用率、減少快取存取波前，並降低記憶

體系統的負載，而無須由軟體進行位址轉換或增加額外的硬體支援。為自動套用此機

制，本研究開發 AutoTex 編譯器框架，用以辨識合適的全域記憶體物件、重建其邏輯
多維存取、分析其執行緒束內存取行為與物件來源，並自動轉換相應的裝置端記憶體

存取與主機端記憶體管理操作。

本研究使用三套基準測試程式，於輝達的 Ada 與 Ampere 架構圖形處理器上評估
AutoTex。在所有經 AutoTex 轉換的 52 個核心函式中，其核心函式層級效能提升之
幾何平均分別達 1.27× 與 1.28×，個別核心函式最高分別可達 12.80× 與 7.99×。在應
用程式層級，AutoTex 於 16 個基準測試程式上的端對端效能提升幾何平均則分別達
1.20× 與 1.25×。上述結果顯示，透過編譯器導引選用既有的硬體管理布局，能在不需
修改來源程式的情況下提升執行緒束內快取利用率與執行效能。

關鍵字：區塊線性布局、編譯器最佳化、執行緒束內快取利用率、記憶體存取最

佳化、重用距離、紋理硬體
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Abstract
Graphics processing units (GPUs) frequently process logically multidimensional data
structures that are stored in linear global memory. When the access distribution gen-
erated by a warp does not align with this physical organization, a single memory instruc-
tion may span many cache sectors and cache lines, causing the warp to consume only a
small fraction of the cache data fetched on its behalf. We characterize this property as
poor intra-warp cache utilization. Such accesses increase cache-access wavefront genera-
tion and memory-system pressure while relying more heavily on cross-instruction reuse
of the remaining fetched data. Under fine-grained warp scheduling, inter-warp cache con-
tention can increase reuse distances and evict these data before reuse, further reducing
cache effectiveness. Existing software-managed layout transformations can improve the
physical organization of data, but typically require explicit layout conversion, additional
address computation, or substantial program modification. This work instead investigates
whether a physical organization of data can be selected to better match the logical access
structure of the computation.

We demonstrate that the hardware-managed block-linear organization provided by
NVIDIA texture hardware can serve as a practical layout-mapping mechanism for suit-
able multidimensional accesses. By consolidating the data requested by a warp into fewer
cache sectors and cache lines, this organization can improve intra-warp cache utilization,
reduce cache-access wavefront generation, and alleviate pressure on the memory system
without software-managed address translation or additional hardware support. To apply
this mechanism transparently, we develop AutoTex, a compiler framework that identi-
fies suitable global-memory objects, reconstructs their logical multidimensional accesses,
analyzes their intra-warp access behavior and object provenance, and automatically trans-
forms the corresponding device-side accesses and host-side memory management.

We evaluate AutoTex across three benchmark suites on NVIDIA Ada and Ampere
GPUs. Across all 52 kernels transformed by AutoTex, the framework achieved kernel-
level speedups with geometric means of 1.27× and 1.28×, respectively, with individual
kernels reaching speedups of up to 12.80× and 7.99×. At the application level, across
16 benchmarks, AutoTex achieved end-to-end speedups with geometric means of 1.20×
and 1.25×, respectively. These results demonstrate that compiler-guided selection of an
existing hardware-managed physical layout can improve intra-warp cache utilization and
execution performance while remaining transparent to the source program.

Keywords: block-linear layout, compiler optimization, intra-warp cache utilization,
memory-access optimization, reuse distance, texture hardware

ii



Table of Contents

誌謝 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

摘要 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . i

Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ii

Table of Contents . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vii

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Proposed Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.3 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.1 NVIDIA GPU Hierarchy . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.1.1 Parallel Execution Model . . . . . . . . . . . . . . . . . . . . . . . 7
2.1.2 Memory Hierarchy . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.2 Graphics Pipeline and Texture Hardware . . . . . . . . . . . . . . . . . . . 11
2.2.1 Texture Processing . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.2.2 Texture Unit . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.3 Device Memory and Memory Layout . . . . . . . . . . . . . . . . . . . . . 14
2.3.1 Memory Layout . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.3.2 Global Memory with Linear Layout . . . . . . . . . . . . . . . . . . 15
2.3.3 Texture Memory with Block-Linear Layout . . . . . . . . . . . . . . 16

2.4 Cache Hierarchy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.4.1 L2 Cache . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.4.2 Unified L1 Cache . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.5 Cache Analysis and Reuse Distance . . . . . . . . . . . . . . . . . . . . . . 21
2.5.1 Reuse-Distance Analysis . . . . . . . . . . . . . . . . . . . . . . . . 21
2.5.2 Reuse-Distance Analysis on GPUs . . . . . . . . . . . . . . . . . . 23
2.5.3 GPU Cache Modeling Approaches . . . . . . . . . . . . . . . . . . 24

2.6 Memory-Access Pipeline . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
2.6.1 Request Routing . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
2.6.2 Request Coalescing and Wavefront Processing . . . . . . . . . . . . 26

iii



2.6.3 Memory-Specific Processing Paths . . . . . . . . . . . . . . . . . . 27
2.6.4 Miss Processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.7 CUDA Programming Model . . . . . . . . . . . . . . . . . . . . . . . . . . 28
2.7.1 Memory Management . . . . . . . . . . . . . . . . . . . . . . . . . 29
2.7.2 Kernel Programming . . . . . . . . . . . . . . . . . . . . . . . . . . 31

2.8 LLVM Compilation Model . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
2.8.1 Compilation Pipeline . . . . . . . . . . . . . . . . . . . . . . . . . . 35
2.8.2 Merged-Parsing Model . . . . . . . . . . . . . . . . . . . . . . . . . 37
2.8.3 Kernel Stubs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
2.8.4 Extensible Compiler Infrastructure . . . . . . . . . . . . . . . . . . 37

2.9 Profiling Tools . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
2.9.1 Nsight Systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
2.9.2 Nsight Compute . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
3.1 Case Studies: Row Summation . . . . . . . . . . . . . . . . . . . . . . . . 42

3.1.1 Row Summation under Linear Layout . . . . . . . . . . . . . . . . 42
3.1.2 Row Summation under Transposed Layout . . . . . . . . . . . . . . 45

3.2 Reuse-Distance Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
3.2.1 Intrinsic Reuse Distance . . . . . . . . . . . . . . . . . . . . . . . . 47
3.2.2 Effective Reuse Distance . . . . . . . . . . . . . . . . . . . . . . . . 49

3.3 Experimental Validation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
3.3.1 Cache-Access Wavefronts . . . . . . . . . . . . . . . . . . . . . . . 51
3.3.2 Scoreboard Stalls and Throttle Stalls . . . . . . . . . . . . . . . . . 52
3.3.3 Cache Effectiveness and Performance . . . . . . . . . . . . . . . . . 54

3.4 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

4 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
4.1 Access-Pattern Transformations . . . . . . . . . . . . . . . . . . . . . . . . 57
4.2 Hardware Cache-Management Techniques . . . . . . . . . . . . . . . . . . 58
4.3 Scratchpad-Memory Strategies . . . . . . . . . . . . . . . . . . . . . . . . . 59
4.4 Memory-Layout Strategies . . . . . . . . . . . . . . . . . . . . . . . . . . . 60
4.5 Summary and Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

5 Texture Memory as a Layout-Mapping Mechanism . . . . . . . . . . . . 63
5.1 Case Study on Texture Memory . . . . . . . . . . . . . . . . . . . . . . . . 64
5.2 Block-Linear Layout Characterization . . . . . . . . . . . . . . . . . . . . . 65

5.2.1 Texture-Fetch Operation . . . . . . . . . . . . . . . . . . . . . . . . 65
5.2.2 Cache-Sector Organization . . . . . . . . . . . . . . . . . . . . . . . 66
5.2.3 Cache-Line Organization . . . . . . . . . . . . . . . . . . . . . . . . 67

iv



5.2.4 Inferred Block-Linear Organization . . . . . . . . . . . . . . . . . . 68
5.3 Cache-Access Wavefront Reduction . . . . . . . . . . . . . . . . . . . . . . 70
5.4 Reuse Distance Reduction . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

6 AutoTex Compiler Framework . . . . . . . . . . . . . . . . . . . . . . . . . . 75
6.1 Launch-Analysis Phase . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

6.1.1 Kernel-Argument Provenance Analysis . . . . . . . . . . . . . . . . 78
6.2 Device-Compilation Phase . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

6.2.1 Pipeline Placement and Prerequisite Pipeline . . . . . . . . . . . . 79
6.2.2 Intra-Warp Access-Distribution Analysis . . . . . . . . . . . . . . . 80
6.2.3 Texture-Candidate Analysis . . . . . . . . . . . . . . . . . . . . . . 84
6.2.4 Texture-Access Transformation . . . . . . . . . . . . . . . . . . . . 85

6.3 Host-Compilation Phase . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
6.3.1 Texture-Allocation Transformation . . . . . . . . . . . . . . . . . . 88
6.3.2 Kernel-Launch Transformation . . . . . . . . . . . . . . . . . . . . 89

6.4 Extending AutoTex to Surface Memory . . . . . . . . . . . . . . . . . . . . 90
6.4.1 Global-Memory Read-After-Write Analysis . . . . . . . . . . . . . . 90
6.4.2 Memory-Candidate Analysis . . . . . . . . . . . . . . . . . . . . . . 92
6.4.3 Memory-Access Transformation . . . . . . . . . . . . . . . . . . . . 93
6.4.4 Memory-Allocation Transformation . . . . . . . . . . . . . . . . . . 94

7 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
7.1 Experimental Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . 95

7.1.1 Experimental Platforms . . . . . . . . . . . . . . . . . . . . . . . . 95
7.1.2 Benchmark Suites . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
7.1.3 Benchmark Preparation and Experimental Configurations . . . . . 99
7.1.4 Performance Measurement . . . . . . . . . . . . . . . . . . . . . . . 101

7.2 Kernel-Level Performance Impact of AutoTex . . . . . . . . . . . . . . . . 102
7.2.1 Establishing the Global-Memory Baseline . . . . . . . . . . . . . . 102
7.2.2 Candidate-Containing and Compelled-Only Kernels . . . . . . . . . 103
7.2.3 Texture and Surface Access to Read-Only Data . . . . . . . . . . . 108

7.3 Performance Characterization . . . . . . . . . . . . . . . . . . . . . . . . . 109
7.3.1 Performance by Bottleneck Category . . . . . . . . . . . . . . . . . 109
7.3.2 Reduction in Cache-Access Wavefronts . . . . . . . . . . . . . . . . 113
7.3.3 Reduction in Memory-System Stalls . . . . . . . . . . . . . . . . . 115
7.3.4 Cache Effectiveness and Memory Traffic . . . . . . . . . . . . . . . 118

7.4 Application-Level Performance . . . . . . . . . . . . . . . . . . . . . . . . . 122
7.4.1 End-to-End Performance . . . . . . . . . . . . . . . . . . . . . . . . 123
7.4.2 Per-Kernel Contribution to Application Performance . . . . . . . . 124
7.4.3 Runtime Overhead Breakdown . . . . . . . . . . . . . . . . . . . . 127

v



8 Limitations and Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . 131
8.1 Limitations of the Layout-Mapping Mechanism . . . . . . . . . . . . . . . 131

8.1.1 Texture Dimensionality and Extent . . . . . . . . . . . . . . . . . . 132
8.1.2 Specialized Memory-Access Compatibility . . . . . . . . . . . . . . 132

8.2 Limitations of the Compiler Framework . . . . . . . . . . . . . . . . . . . . 133
8.2.1 Whole-Program Provenance Analysis . . . . . . . . . . . . . . . . . 133
8.2.2 Access Reconstruction and Delinearization . . . . . . . . . . . . . . 134
8.2.3 Supported Data Types . . . . . . . . . . . . . . . . . . . . . . . . . 135
8.2.4 Interprocedural Device-Code Analysis . . . . . . . . . . . . . . . . 136
8.2.5 Intra-Warp Access-Pattern Analysis . . . . . . . . . . . . . . . . . 137
8.2.6 Irregular Access Patterns . . . . . . . . . . . . . . . . . . . . . . . 138

8.3 Optimization Opportunities . . . . . . . . . . . . . . . . . . . . . . . . . . 138
8.3.1 Performance-Aware Transformation Selection . . . . . . . . . . . . 139
8.3.2 Texture-versus-Surface Interface Selection . . . . . . . . . . . . . . 140
8.3.3 Vectorized Texture Accesses . . . . . . . . . . . . . . . . . . . . . . 140

9 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142

References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144
Appendix A Selected Benchmark Problem Sizes . . . . . . . . . . . . . . . 151

vi



List of Figures

2.1 Hierarchical organization of an NVIDIA Ada Lovelace GPU architecture . 8
2.2 Simplified four-stage graphics pipeline . . . . . . . . . . . . . . . . . . . . 11
2.3 Hardware implementation of texture processing within a texture unit . . . 13
2.4 Linear layout of a two-dimensional data structure . . . . . . . . . . . . . . 15
2.5 Example block-linear layout of a two-dimensional mipmap level . . . . . . 17
2.6 Cache-line structure of a sector cache . . . . . . . . . . . . . . . . . . . . . 19
2.7 Interleaved access pattern across arrays A and B in the first two iterations 23
2.8 Reuse distance profile for the initial ten memory accesses of the trace . . . 23
2.9 Conceptual memory-access pipeline for global, texture, and shared memory 25
2.10 CUDA thread hierarchy . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
2.11 LLVM CUDA compilation pipeline . . . . . . . . . . . . . . . . . . . . . . 36

3.1 Intra-warp cache-sector and cache-line utilization . . . . . . . . . . . . . . 41
3.2 Logical concept of the row-summation case study . . . . . . . . . . . . . . 43
3.3 Cache-line organization under the linear layout . . . . . . . . . . . . . . . 44
3.4 Cache-line organization under the transposed layout . . . . . . . . . . . . . 46
3.5 Number of wavefronts processed by the data stage of the L1 cache . . . . . 52
3.6 Normalized warp stall breakdown . . . . . . . . . . . . . . . . . . . . . . . 53
3.7 L1 and L2 cache hit rates . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
3.8 Number of sectors fetched from DRAM, L1, and L2 . . . . . . . . . . . . . 55
3.9 Elapsed kernel-execution times . . . . . . . . . . . . . . . . . . . . . . . . 56

5.1 Characterization of the cache-sector organization . . . . . . . . . . . . . . 67
5.2 Cache-line organization under the inferred block-linear layout . . . . . . . 69
5.3 Number of cache-access wavefronts under three memory organizations . . . 70
5.4 Cache hit rates under linear and block-linear layout . . . . . . . . . . . . . 72
5.5 Sector traffic under linear and block-linear layouts . . . . . . . . . . . . . . 72
5.6 Normalized warp stall breakdown under linear and block-linear layouts . . 73
5.7 Execution time under four memory organizations . . . . . . . . . . . . . . 74

6.1 Compilation pipeline of the AutoTex framework . . . . . . . . . . . . . . . 76
6.2 Progression of the texture-access transformation . . . . . . . . . . . . . . . 86
6.3 Host-side transformation of the row-summation case study . . . . . . . . . 89
6.4 Extended AutoTex compilation pipeline with texture and surface memory . 91

7.1 Per-kernel speedup of Global over Global-May-Alias . . . . . . . . . 104
7.2 Per-kernel speedup for candidate-containing kernels . . . . . . . . . . . . . 106

vii



7.3 Per-kernel speedup for compelled-only kernels . . . . . . . . . . . . . . . . 107
7.4 Per-kernel comparison of surface and texture reads . . . . . . . . . . . . . 109
7.5 Per-kernel AutoTex speedup by bottleneck category . . . . . . . . . . . . 112
7.6 Per-kernel AutoTex wavefront reduction . . . . . . . . . . . . . . . . . . 114
7.7 Normalized reduction in memory-related warp stalls . . . . . . . . . . . . . 117
7.8 Memory-sector reduction under AutoTex . . . . . . . . . . . . . . . . . . 119
7.9 Cache hit-rate changes under AutoTex . . . . . . . . . . . . . . . . . . . 121
7.10 Application-level speedup of AutoTex over Global . . . . . . . . . . . . 123
7.11 Per-kernel contribution to application-level kernel execution time . . . . . 126
7.12 Runtime-component distribution for Global and AutoTex . . . . . . . 128

viii



List of Tables

2.1 Classification of memory access outcomes within Interval 1 . . . . . . . . . 22
2.2 Representative memory-management APIs for global memory . . . . . . . 29
2.3 Representative memory-management APIs for texture memory . . . . . . . 30
2.4 Principal properties governing texture accesses . . . . . . . . . . . . . . . . 31

6.1 Prerequisite pipeline executed before the device analyses . . . . . . . . . . 81

7.1 Experimental hardware and software platforms . . . . . . . . . . . . . . . 96
7.2 Benchmark suites and transformed workloads used in the evaluation . . . . 97
7.3 Experimental configurations and memory-access properties . . . . . . . . . 100
7.4 Execution-bottleneck classification used in the evaluation . . . . . . . . . . 110
7.5 CUDA Runtime APIs by application-level component . . . . . . . . . . . . 127

A.1 Per-kernel benchmark problem sizes and occupancy . . . . . . . . . . . . . 152
A.2 Benchmark problem-size selection categories . . . . . . . . . . . . . . . . . 158

ix



Chapter 1
Introduction

Efficient memory access is critical to the performance of GPU applications, particularly
for computations operating on large multidimensional data structures. Although such
data naturally possess multidimensional logical organization, they are commonly stored
in linear global memory, whose physical layout may not align with the access distribution
generated by a warp. This mismatch can lead to inefficient use of the cache hierarchy and
increased pressure on the memory system. This work investigates an alternative approach
to this problem based on selecting a physical memory layout that better matches the logi-
cal access structure of the computation. In particular, we explore the hardware-managed
block-linear layout provided by NVIDIA texture memory and develop AutoTex, a com-
piler framework that transparently maps suitable global-memory objects to this layout.
This chapter motivates the problem, introduces the proposed approach, summarizes the
contributions of this work, and outlines the organization of the remaining chapters.

1.1 Motivation
Graphics processing units (GPUs) achieve high computational throughput by executing
large numbers of threads in parallel. On NVIDIA GPUs, threads are organized into warps
whose memory accesses are processed collectively by the memory system. The efficiency
of a memory instruction therefore depends not only on the amount of data requested by
each thread, but also on how the addresses requested across the warp are distributed in
the physical memory layout. When those addresses fall within a small number of cache
sectors and cache lines, the warp can consume a large fraction of the cache data fetched on
its behalf. When they are dispersed across many sectors and lines, however, each memory
instruction may fetch substantially more data than the warp actually consumes.

This distinction is particularly important for applications that operate on multidimen-
sional data. Such data are typically represented in global memory using a linear layout,
in which one logical dimension is contiguous while accesses along other dimensions may
have large strides. Consequently, an access pattern that is regular in the logical coordi-
nate space can nevertheless be poorly matched to the physical organization of memory.
A warp traversing a non-contiguous dimension may therefore access only a small fraction
of each cache sector or cache line that it causes to be fetched. We refer to this property
as poor intra-warp cache utilization: the threads of a warp collectively consume only a
small portion of the cache data fetched on behalf of a single memory instruction.
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Poor intra-warp cache utilization affects both memory-system processing and the effec-
tiveness of the cache hierarchy. When the addresses generated by a warp span many cache
sectors and cache lines, the corresponding memory instruction requires more cache-access
wavefronts, increasing pressure on the memory-access pipeline and downstream memory
subsystem. At the same time, data not consumed by the issuing warp can contribute
only if they remain resident until accessed by subsequent instructions. Under fine-grained
warp scheduling, accesses from other warps may intervene before this reuse occurs, in-
creasing the reuse distance and the likelihood that the data are evicted first. Higher
intra-warp cache utilization therefore reduces dependence on cross-instruction reuse and
makes cache utilization more robust to inter-warp cache contention. As examined in de-
tail in Chapter 3, these effects influence cache-access wavefronts, memory-system stalls,
cache effectiveness, memory traffic, and ultimately execution performance.

Existing approaches address inefficient GPU memory behavior from several direc-
tions. Access-pattern transformations reorganize computation so that threads access
memory in a more favorable order. Scratchpad-memory strategies explicitly stage data
in programmer- or compiler-managed on-chip storage. Hardware cache-management tech-
niques modify how cache resources are allocated or how requests are processed. Memory-
layout strategies instead reorganize the physical placement of data to better match ex-
pected accesses. Each approach can be effective, but it may also require substantial pro-
gram transformation, explicit data movement, additional address computation, or hard-
ware support. In particular, software-managed blocked layouts can improve the spatial
organization of multidimensional data, but require explicit layout conversion and addi-
tional address computation to map logical coordinates to the transformed physical layout.

NVIDIA GPUs already provide a different form of physical organization through tex-
ture memory. Multidimensional CUDA arrays used by texture and surface objects pro-
vide a hardware-managed block-linear layout rather than the linear layout of conventional
global-memory allocations. This layout groups nearby elements across multiple logical di-
mensions into localized physical regions, while the hardware performs the corresponding
address mapping from multidimensional coordinates. Although originally exposed as part
of the texture-processing interface, this organization suggests a broader opportunity: the
underlying layout can be viewed as a hardware-supported memory representation whose
physical structure may better match certain multidimensional GPU access patterns.

This observation motivates the central question of this work: rather than transforming
an access pattern to better match linear global memory, can the physical memory layout
instead be selected to better match the access pattern? If suitable global-memory objects
can be mapped to hardware-managed block-linear storage, the addresses requested by a
warp may be consolidated into fewer cache sectors and cache lines. Such consolidation
can increase intra-warp cache utilization, reduce cache-access wavefront generation, and
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improve the effectiveness of the memory hierarchy without requiring software-managed
address translation or additional hardware support.

Realizing this opportunity transparently requires more than substituting one memory
API for another. A compiler must determine which data objects exhibit access patterns
that can benefit from the block-linear layout, preserve correctness when multiple kernel
arguments refer to the same underlying allocation, select an appropriate read-only or
writable access interface, rewrite device-side memory operations, and coordinate the cor-
responding changes to host-side allocation, data transfer, object management, and kernel
launch. These requirements motivate the compiler-guided approach developed in this
work. The following section introduces the proposed layout-mapping mechanism and the
AutoTex framework that automates its application.

1.2 Proposed Approach
This work addresses poor intra-warp cache utilization by changing the physical organi-
zation of data rather than restructuring the access pattern. The key idea is to map
suitable multidimensional objects from the linear layout of global memory to the hardware-
managed block-linear layout provided by CUDA arrays. Because this layout groups nearby
elements across multiple dimensions, accesses that are widely separated under a linear rep-
resentation can be placed within fewer cache sectors and cache lines. The resulting organi-
zation can increase intra-warp cache utilization, reduce cache-access wavefront generation,
and alleviate pressure on the memory system. Unlike a software-managed blocked layout,
the address mapping from logical multidimensional coordinates to the block-linear physi-
cal representation is performed by existing GPU hardware and does not require explicit
layout-conversion data movement or software-managed address computation.

We use texture memory as the primary mechanism for accessing this block-linear stor-
age. Although texture memory is traditionally associated with graphics-oriented texture
processing, its backing CUDA arrays expose a hardware-managed physical organization
that can also benefit general-purpose GPU computations. Read-only data can be accessed
through texture objects, while writable data can be accessed through surface objects
backed by the same underlying storage. This separation allows the block-linear layout to
be applied according to the access semantics of each object rather than restricting the
approach to read-only data.

To apply this mechanism automatically, we develop AutoTex, a compiler framework
that identifies global-memory objects suitable for block-linear storage and transparently
transforms their representation and accesses. AutoTex reconstructs the logical multidi-
mensional structure of device-side memory accesses, analyzes their intra-warp access dis-
tribution, and determines transformation eligibility. Because multiple kernel arguments
may refer to the same allocation, the framework tracks argument provenance to ensure
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that all accesses use a consistent memory representation. Eligible read-only objects are
mapped to texture memory, whereas writable objects are mapped to surface memory. Au-
toTex then rewrites the corresponding device-side accesses and coordinates the required
host-side changes to allocation, data transfer, object management, and kernel launch.

We evaluate AutoTex across three benchmark suites on two NVIDIA GPU architec-
tures. Across all 52 kernels transformed by AutoTex, the framework achieved kernel-level
speedups with geometric means of 1.27× on the Ada Desktop and 1.28× on the Ampere
Laptop, and individual kernels reached speedups of up to 12.80× and 7.99×, respectively.
The evaluation further shows that the resulting performance improvements are associated
with reductions in cache-access wavefront generation and memory-system pressure, to-
gether with changes in cache effectiveness and memory traffic. At the application level,
across 16 benchmarks, AutoTex achieved end-to-end speedups with geometric means of
1.20× and 1.25× on the two platforms, respectively, with the realized benefits depending
on both the contribution of accelerated kernels to total execution time and the runtime
costs introduced by the transformed memory representation. These results demonstrate
that compiler-guided selection of a hardware-managed physical layout can improve GPU
memory behavior and execution performance without requiring source-level modification
of the original program.

1.3 Contributions
The main contributions of this work are as follows:

• We identify poor intra-warp cache utilization caused by a mismatch between logical
multidimensional access structure and linear physical memory organization as a
target for memory-layout optimization. Higher intra-warp cache utilization allows
a warp instruction to consume more of the cache data fetched on its behalf. This
property reduces dependence on cross-instruction reuse and makes cache utilization
more robust to inter-warp cache contention.

• We demonstrate that the hardware-managed block-linear organization provided by
NVIDIA GPUs can serve as a practical layout-mapping mechanism for suitable
multidimensional accesses. By consolidating the data requested by a warp into
fewer cache sectors and cache lines, this organization can improve intra-warp cache
utilization and reduce cache-access wavefront generation without requiring software-
managed address translation or additional hardware support.

• We develop AutoTex, a compiler framework that applies this layout-mapping mech-
anism transparently to existing CUDA programs. AutoTex reconstructs multidi-
mensional memory accesses, analyzes their intra-warp access distribution, preserves
allocation-level consistency through provenance analysis, selects texture or surface

4



memory according to access semantics, and transforms both device-side accesses
and host-side memory management.

We evaluate these contributions across three GPU benchmark suites and two NVIDIA
GPU architectures, characterizing their effects on kernel-level and application-level per-
formance, cache-access wavefronts, memory-system stalls, cache effectiveness, memory
traffic, and runtime overhead.

The remainder of this work is organized as follows. Chapter 2 provides the architec-
tural, programming, compilation, and profiling background required for the subsequent
discussion. Chapter 3 motivates the problem through case studies, reuse-distance analysis,
and experimental characterization of the resulting memory-system behavior. Chapter 4 re-
views existing approaches to improving GPU memory behavior and positions the proposed
approach relative to access-pattern transformations, hardware cache-management tech-
niques, scratchpad-memory strategies, and memory-layout strategies. Chapter 5 develops
texture memory as a layout-mapping mechanism, characterizes its hardware-managed
block-linear organization, and analyzes its effects on cache-access wavefront generation
and reuse distance. Chapter 6 presents the AutoTex compiler framework and its analysis
and transformation phases, including its extension to writable data through surface mem-
ory. Chapter 7 evaluates the kernel-level and application-level performance of AutoTex
and characterizes the architectural effects underlying the observed performance. Chap-
ter 8 discusses the limitations of the proposed layout-mapping mechanism and compiler
framework together with opportunities for future work. Finally, Chapter 9 summarizes
the findings and broader implications of this work.
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Chapter 2
Background

Graphics processing units originated as specialized accelerators for the graphics pipeline,
which transforms a three-dimensional scene into a two-dimensional image. Graphics work-
loads expose substantial parallelism because many operations on vertices, primitives, and
pixels can be performed independently with relatively limited communication among pro-
cessing elements [1], [2]. Moreover, graphics applications are typically throughput-oriented
and exhibit high latency tolerance [2], where performance is determined primarily by the
amount of work completed over time rather than the latency of an individual operation.
These characteristics motivated the development of GPU architectures that emphasize
massive parallelism and hardware-supported multithreading.

The suitability of this execution model for data-parallel applications beyond graphics
soon led to the emergence of general-purpose computing on GPUs [3], [4]. In response,
GPU vendors progressively extended their architectures to support both graphics and
general-purpose computation within a unified hardware platform [2]. This work focuses
on NVIDIA GPUs and adopts NVIDIA terminology throughout. The architectural details
discussed correspond to the Ampere [5] and Ada Lovelace [6] GPU architectures.

This chapter provides the architectural, programming, compilation, and profiling back-
ground required for the remainder of this work. Section 2.1 presents the hierarchical or-
ganization and execution model of modern NVIDIA GPUs. Section 2.2 then discusses
texture processing within the graphics pipeline, which underlies the texture-based mech-
anisms explored in this work. Sections 2.3 and 2.4 describe the DRAM and cache hi-
erarchies, respectively. Section 2.5 introduces reuse-distance analysis as a framework
for reasoning about cache behavior and memory locality, while Section 2.6 presents the
memory-access pipeline through which requests are processed by the cache hierarchy. Sec-
tion 2.7 explains the CUDA programming model and its mapping onto GPU hardware,
and Section 2.8 presents LLVM’s compilation model for CUDA applications. Finally, Sec-
tion 2.9 introduces the profiling tools used throughout this work to examine kernel-level
hardware behavior and application-level execution.

2.1 NVIDIA GPU Hierarchy
Modern NVIDIA GPUs integrate graphics and general-purpose computing capabilities
within a hierarchical hardware architecture. Many architectural components, including
the streaming multiprocessors (SMs) and memory subsystem, are shared between graphics
and compute workloads. Figure 2.1 illustrates the organization of an Ada Lovelace GPU
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at multiple levels of the hardware hierarchy, from the device level down to individual SM
sub-partitions (SMSPs).

At the highest level, shown in Figure 2.1 (a), a GPU consists of multiple graphics-
processing clusters (GPCs), each containing a collection of units required for graphics
processing. The GPCs share a L2 cache, which is backed by DRAM through a set of
memory controllers. Depending on the execution environment, GPU memory accesses
may target on-board device DRAM, peer memory attached to another GPU, or pinned
system memory. Throughout this work, the term device memory refers to the GPU’s
on-board DRAM. Work submitted by the host processor is distributed across the GPU
by the GigaThread engine.

Within each GPC, illustrated in Figure 2.1 (b), a raster engine and raster-operation
(ROP) partitions support graphics-rendering operations. These units are shared by mul-
tiple texture-processing clusters (TPCs), each of which contains the hardware resources
required for geometry and texture processing.

As shown in Figure 2.1 (c), each TPC comprises a PolyMorph engine and two SMs.
The PolyMorph engine is responsible for geometry-processing tasks within the graphics
pipeline, while the SMs execute both graphics and general-purpose compute workloads.

At the SM level, shown in Figure 2.1 (d), the SM is divided into multiple SM sub-
partitions (SMSPs). The SMSPs share a L1 cache and a set of texture units. Texture units
are specialized hardware responsible for texture-processing operations. In Ada Lovelace
GPUs, each SM is additionally associated with a dedicated ray-tracing (RT) core that
accelerates ray-tracing operations.

Figure 2.1 (e) illustrates the organization of an SMSP. Each SMSP contains a warp
scheduler and dispatch unit that selects and issues instructions for execution. The ex-
ecution resources include FP32 and INT32 arithmetic units,1 load/store units (LSUs),
special function units (SFUs), and tensor cores. These units share a local register file
and access the memory hierarchy through the load-store subsystem. The special-function
unit (SFU) accelerates transcendental operations and interpolation functions commonly
used in graphics workloads, while the tensor core provides specialized support for ma-
trix multiply-accumulate operations used in high-performance computing and machine-
learning applications.

2.1.1 Parallel Execution Model

The parallel execution model describes how the GPU executes a workload to maximize
throughput. A workload offloaded to the GPU is decomposed into a large number of inde-
pendent threads. These threads are further organized into thread blocks, each comprising

1FP64 operations are supported by significantly fewer cores and therefore achieve lower throughput
than FP32 operations.
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Figure 2.1: Hierarchical organization of an NVIDIA Ada Lovelace GPU architecture.
Gray-shaded components belong to the memory subsystem, checkerboard-patterned com-
ponents are primarily associated with graphics processing, and dotted components are
specialized for high-performance computing workloads. Unshaded components are shared
across graphics and general-purpose computation. The quantities of architectural com-
ponents shown in the GPC through SMSP subfigures correspond to those of the Ada
Lovelace architecture. The device-level configuration in the first subfigure is illustrative;
the number of graphics-processing clusters (GPCs) and memory controllers varies across
GPU models.
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a programmer-defined number of threads that execute on the same SM and can cooperate
through shared memory and barrier synchronization. The GigaThread engine distributes
thread blocks to the SMs, whose scheduling policy has been inferred from empirical stud-
ies to approximate a round-robin assignment [7]. Within each SM, the threads of a thread
block are partitioned into groups of 32 called warps, which form the basic scheduling unit
of the GPU.

Each SM maintains a pool of resident warps, commonly referred to as the warp pool.
Warps residing in the warp pool are called active warps. If the number of thread blocks in
the workload exceeds the combined capacity of all SMs, the remaining thread blocks are
temporarily retained by the GigaThread engine and dispatched only after active thread
blocks complete execution and release their resources. Registers are allocated for every
thread, while shared memory is allocated per thread block. These resources remain re-
served throughout the lifetime of the resident thread block. Because both resources are
limited, increasing the register or shared-memory requirements reduces the number of
warps that can simultaneously reside on an SM. The ratio between the achieved number
of active warps and the architectural maximum is referred to as the occupancy.

A warp whose next instruction can be issued without waiting for data or execution
dependencies is called an eligible warp. Each warp scheduler selects one eligible warp
every cycle, if available. The selected warp is then forwarded to the dispatch unit, which
issues its next instruction to the appropriate execution pipeline. By issuing instructions
from different eligible warps in successive cycles, the GPU implements fine-grained warp
scheduling, effectively realizing fine-grained multithreading [8, Sect. 3.11] at warp granu-
larity and overlapping the execution of many independent warps.

This scheduling mechanism enables the hardware to hide execution latency by switch-
ing to other eligible warps whenever a warp stalls. Because instructions are issued in
program order, however, the compiler also plays an important role in exposing instruction-
level parallelism (ILP). It statically interleaves independent instructions to reduce depen-
dency stalls, particularly for operations with fixed execution latencies. Together, hardware
warp scheduling and compiler-generated ILP constitute the two complementary levels of
latency hiding employed by modern GPUs [9].

SIMT Execution Model

Within a warp, all 32 threads execute the same instruction, which the dispatch unit is-
sues simultaneously to the selected warp. At the hardware level, the execution units
can therefore be viewed as SIMD lanes [10], each operating on the state of a correspond-
ing thread. Unlike conventional SIMD execution, however, CUDA exposes independent
threads rather than explicit vector lanes and execution masks to the programmer.

NVIDIA realizes this abstraction through a single-instruction multiple-thread (SIMT)
execution model. The hardware dynamically detects control-flow divergence among threads
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within a warp and executes divergent paths using predicate masks, allowing each thread
to follow its own control flow while preserving the single-thread programming abstraction.
Divergent paths are serialized and therefore require additional instruction issues, reduc-
ing execution efficiency. Thus, although SIMT provides greater programming flexibility
than conventional SIMD execution, branch divergence remains an important source of
performance degradation.

Because all threads within a warp execute the same instruction, memory instructions
are likewise issued at a per-warp basis. As a result, the addresses generated by the threads
of a warp are presented collectively to the memory subsystem, making their physical
organization a key determinant of memory-access efficiency.

Tensor Hardware and Asynchronous Execution Model

Since the introduction of tensor cores in the Volta architecture and their subsequent evolu-
tion in later generations, the performance gap between computation and data movement
has continued to widen. Tensor cores are specialized processing units designed to ac-
celerate matrix multiply-accumulate operations.2 In the Hopper architecture, NVIDIA
further introduced the Tensor Memory Accelerator (TMA), a dedicated copy engine that
performs bulk data transfers between global memory and shared memory.

Both tensor cores and TMA operate asynchronously with respect to the conventional
warp instructions executed on CUDA cores. Consequently, explicit synchronization mech-
anisms are required to correctly coordinate data movement and computation. Because a
small number of instructions can dispatch substantial amounts of work to these dedicated
hardware units, the reliance on ILP for achieving high utilization is reduced.

At the same time, AI workloads, particularly general matrix multiplication, exhibit
substantial data reuse that must be exploited to achieve optimal performance. Such ker-
nels typically allocate large shared-memory buffers and many registers to retain reusable
data on-chip. However, the resulting increase in resource consumption reduces thread-
block residency, thereby limiting the number of warps available to the scheduler for la-
tency hiding.

These architectural and workload trends have driven GPU programming beyond the
traditional SIMT execution model toward increasingly sophisticated asynchronous execu-
tion models. One prominent example is warp specialization, a producer-consumer exe-
cution strategy in which one subset of warps is responsible for initiating asynchronous
data transfers while the remaining warps perform computation. Because neither compiler
optimizations nor hardware scheduling alone can adequately hide memory latency in this
setting, multi-stage software pipelining is commonly employed to overlap computation
with asynchronous data movement.

2D = A×B + C
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Tensor cores, TMA, and the associated asynchronous programming techniques are
beyond the scope of this work. The analyses, concepts, and optimization techniques
presented in the remainder of this work apply exclusively to conventional CUDA-core
execution and do not consider tensor-core execution, TMA operations, or asynchronous
execution models.

2.1.2 Memory Hierarchy

Figure 2.1 also highlights the organization of the GPU memory hierarchy. Registers reside
within the SM and provide private storage for individual threads. The L1 cache is located
on-chip and is shared among the SMSPs within an SM, while the L2 cache is shared
across the entire GPU and serves as the last on-chip cache before accesses reach device
DRAM. Together, these components form a hierarchical memory system that balances
capacity, latency, and bandwidth requirements. Different memory spaces and hardware
access paths, including the conventional load-store path and the texture subsystem, are
provided to support diverse workload requirements. The DRAM-backed memory spaces
are described in Section 2.3, while the cache hierarchy is discussed in Section 2.4.

2.2 Graphics Pipeline and Texture Hardware
Although modern GPUs support programmable shaders and general-purpose computation,
graphics rendering remains a fundamental workload. Figure 2.2 illustrates the major
stages of a simplified graphics pipeline [11, Fig. 8.1], [12], [13].

Vertices
Vertex

processing Rasterization
Fragment
processing Blending Framebuffer

Figure 2.2: Simplified four-stage graphics pipeline.

The pipeline begins with vertex processing, where geometric vertices and their asso-
ciated attributes, such as colors, normals, and texture coordinates, are transformed into
screen-space representations. The resulting vertices are assembled into geometric primi-
tives, typically triangles, and clipped against the viewing volume.

The rasterization stage then converts each primitive into a collection of screen-space
fragments while interpolating vertex attributes across the primitive. These interpolated
attributes are subsequently consumed by the fragment-processing stage, where shading
computations determine the appearance of each fragment.

Finally, the various fragments corresponding to each pixel are combined in the blending
stage before the resulting pixel values are written to the framebuffer.

In this work, we are interested in texture processing and its interaction with the
memory hierarchy. Therefore, we focus on the stages of the graphics pipeline that in-
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volve texture operations. Texture processing primarily occurs during fragment processing.
Given the texture coordinates interpolated during rasterization, fragments perform tex-
ture sampling to obtain values from texture maps. This process includes level-of-detail
selection, mipmap access, and texture filtering to reconstruct the texture values used for
shading. The following subsections introduce the fundamental concepts of texture pro-
cessing in computer graphics, including texture mapping and texture sampling, before
discussing the hardware mechanisms that support these operations.

2.2.1 Texture Processing

A texture map, or simply a texture, is an image projected onto a three-dimensional object’s
surface to enhance its visual appearance. A texture consists of individual elements called
texels (texture elements), which store the color and material information used to reproduce
surface details such as patterns, reflections, and shadows.

Applying a texture to a surface requires establishing a correspondence between points
on the surface and locations within the texture image. Let S denote a surface embedded in
three-dimensional space and T denote the two-dimensional texture domain. The texture
mapping function ϕ is defined as

ϕ : S → T,

(x, y, z) 7→ (u, v),

where (x, y, z) are spatial coordinates on the surface and (u, v) are texture coordinates
within the texture domain [11, Sect. 11.1].

During rasterization, texture coordinates associated with the vertices of a primitive
are interpolated to produce a texture coordinate (u, v) for each generated fragment.

These coordinates are subsequently used for texture sampling, which retrieves the
corresponding texture value from the texture map. Because (u, v) generally does not
coincide with a discrete texel location, texture sampling reconstructs a continuous value
from neighboring texels through addressing and filtering operations.

To support rendering across a wide range of viewing distances and screen resolutions,
textures are typically stored in a hierarchy of progressively lower-resolution images known
as a mipmap. The highest-resolution image is referred to as the base level, while each
subsequent level halves the dimensions of the previous one [11, Sect. 11.3.3], [14]. For
example, a 1024×1024 texture is followed by a 512×512 level, then a 256×256 level, and
so forth. During rasterization, texture-coordinate gradients are computed to estimate
the appropriate level of detail (LOD) for subsequent texture sampling. The selected
LOD determines the mipmap level used during sampling, allowing distant surfaces to be
sampled from lower-resolution representations and thereby reducing aliasing artifacts.

12



Texture filtering determines how texels are combined during texture sampling. Be-
cause the area represented by a fragment rarely corresponds exactly to a single texel, the
sampled value is typically reconstructed from multiple neighboring texels and, in some
cases, multiple mipmap levels. For example, trilinear filtering blends samples from two
adjacent mipmap levels to provide smooth transitions between LODs [14].

The efficiency of texture sampling depends not only on the sampling and filtering
algorithms, but also on how texture data are organized and accessed in memory.

2.2.2 Texture Unit

Texture units, shown in Figure 2.1 (d), are specialized hardware units responsible for
texture processing. They are designed to efficiently perform the address generation, mem-
ory access, and filtering operations required to reconstruct texture values from discrete
texels. In the graphics pipeline, texture units operate during fragment processing, where
interpolated texture coordinates generated during rasterization are used to retrieve and
filter texture data.

Texture units support these operations through a dedicated processing pipeline [15],
illustrated in Figure 2.3. Texture requests issued by the SM first enter the texture-input
(TEXIN) stage, which retrieves texture metadata such as dimensionality, texel format,
and sampling parameters from the texture descriptor. The request is then forwarded to
the LOD stage.

From
SM

TEXIN
stage

LOD
stage

Sampling and
address stage

Cache-access
stage

Filter
stage

To
SM

Figure 2.3: Hardware implementation of texture processing within a texture unit. The
pipeline performs level-of-detail selection, texture sampling, memory access, and filtering
to reconstruct texture values from discrete texels.

The LOD stage determines the appropriate mipmap level based on the spatial varia-
tion of texture coordinates. In graphics applications, texture coordinates are processed
in groups of 2× 2 fragments, known as quads, allowing the hardware to estimate texture-
coordinate gradients with respect to screen-space coordinates. These gradients are subse-
quently used to select an appropriate mipmap level for texture sampling.

After LOD selection, the sampling and address stage computes the memory locations
of the required texels. This stage also applies addressing modes such as clamping and
wrapping when texture coordinates fall outside the texture boundaries. The resulting
addresses are then forwarded to the cache-access stage.

The cache-access stage retrieves the requested texels from the memory hierarchy. Tex-
ture data may be supplied directly from the texture cache on a hit or fetched from lower
levels of the memory hierarchy on a miss. Once the required texels have been obtained, the
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filter stage performs the requested filtering operation, such as nearest-neighbor, bilinear,
or trilinear filtering, to reconstruct the final texture value.

Finally, the filtered result is returned to the SM for subsequent fragment-shading
computations. Through this dedicated processing pipeline, texture units provide hardware
support for texture processing, enabling efficient texture sampling and filtering within the
graphics pipeline. The storage and organization of texture data in memory are discussed
in Section 2.3.3.

2.3 Device Memory and Memory Layout
Device memory corresponds to the DRAM attached to the GPU, as illustrated in Fig-
ure 2.1 (a). Although physically implemented by the same DRAM subsystem, device
memory is exposed through multiple memory spaces that differ in their visibility, access
semantics, and hardware access paths. These memory spaces therefore provide different
views of the same underlying storage and are distinguished primarily by how the hardware
interprets and accesses the data.

This section introduces the memory spaces relevant to this work, namely global mem-
ory and texture memory. Particular attention is given to the memory layouts employed
by these spaces, as the organization of data in physical memory plays a central role in
determining spatial locality and memory-system efficiency.

2.3.1 Memory Layout

A memory layout defines the mapping between the logical organization of data and its
physical placement in memory. While application data are often represented as mul-
tidimensional structures, physical memory is inherently one-dimensional and addressed
through a linear address space. Consequently, a layout function is required to translate
logical coordinates into physical addresses. Let (x, y) denote the coordinates of a two-
dimensional logical data structure and let i denote the corresponding physical address. A
memory layout M is defined as

M : (x, y) 7→ i.

Different layout functions preserve different notions of locality and therefore influence how
effectively the memory hierarchy can exploit spatially related accesses.
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2.3.2 Global Memory with Linear Layout

Global memory is the general-purpose memory space used for ordinary data storage. Data
stored in global memory are organized using a linear layout, typically in either row-major
or column-major order. Without loss of generality, this work assumes row-major order.

For a two-dimensional data structure of width W , the row-major linear layout ML is
defined as

M
(W )
L (x, y) = yW + x.

The resulting organization is illustrated in Figure 2.4. Under this mapping, the elements
of each logical row are placed consecutively in physical memory, while successive rows are
separated by a stride of W elements. Row-wise traversals therefore tend to access contigu-
ous memory locations, whereas column-wise traversals generate larger address strides.

Figure 2.4: Linear layout of a 16×8 two-dimensional data structure. Each cell represents
a data element, and the grayscale gradient indicates the order of elements in physical
memory, from the first element (lightest) to the last element (darkest).

The layout function ML is realized through address computations generated by the
compiler [16, Sect. 5.1], [17, Sect. 6.4.3]. Specifically, memory accesses expressed in terms
of logical coordinates are translated into linearized addresses according to the layout
function, with the required computations performed either at compile time or at runtime
depending on whether the dimensions and coordinates are known statically. The hardware
operates only on the resulting linear addresses and does not need to interpret the logical
organization of the underlying data.

Linear layouts are particularly effective when the dominant access pattern follows the
dimension along which data are stored contiguously. In such cases, logically adjacent
elements remain physically adjacent, allowing the memory hierarchy to efficiently exploit
spatial locality through coalescing and cache-line transfers.
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Global-Memory Access Coalescing

A global-memory instruction is issued collectively by the active threads of a warp and may
generate one address for each participating thread. The hardware groups these thread-
level accesses according to the memory regions containing the requested data, a process
generally referred to as access coalescing [18]. Accesses concentrated within fewer memory
requests are considered more highly coalesced, whereas accesses requiring many separate
requests are considered less coalesced or uncoalesced.

The degree of coalescing depends on the spatial distribution of the addresses generated
by the warp. In the worst case, the participating threads access distinct transfer units,
potentially requiring one request per thread. When multiple addresses fall within the
same transfer unit, however, one request can represent the accesses of several threads [19,
Sect. 2.3.4.1]. The accessed elements need not reside in strictly consecutive memory
locations or be accessed by the participating threads in any particular order for coalescing
to occur.

Global-memory access coalescing is governed by the transfer granularities supported by
the memory hierarchy. The sector-cache organization described in Section 2.4 uses a 128-
byte cache line divided into four 32-byte sectors. Memory requests may therefore cover a
single 32-byte sector, two adjacent sectors, or an entire 128-byte cache line, corresponding
to 32-, 64-, and 128-byte transfers, respectively. Accesses represented by fewer sectors or
cache lines require fewer requests, reduce the amount of cache processing, and limit the
potential traffic toward the L2 cache and device memory. Conversely, accesses distributed
across many sectors or cache lines generate more requests, consume more pipeline capacity,
and may require more lower-level memory transfers.

Access coalescing is performed transparently by the hardware. It reduces the number
of requests generated from a warp instruction but does not imply that each resulting
request can be accepted in its entirety by a subsequent memory-pipeline stage in a single
cycle. The partitioning into wavefronts and processing of these requests are discussed in
Section 2.6.

2.3.3 Texture Memory with Block-Linear Layout

Texture memory is a memory space designed to support texture processing (Section 2.2.1).
Unlike data in global memory, texture data may be accessed from a wide range of orienta-
tions with respect to the underlying memory layout. The same texture may be traversed
horizontally, vertically, diagonally, or at varying levels of detail depending on the viewing
direction and distance [14]. Consequently, a linear layout that favors a single traversal
orientation is insufficient. To provide locality that is less sensitive to access orientation,
texture memory employs a block-linear layout [20].
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In a block-linear layout, texels belonging to a mipmap level are partitioned into a
hierarchy of blocks. Each block consists of one or more groups of bytes (GOBs), which
serve as the fundamental units of physical organization. The dimensions of a block are
adjusted according to the size of the individual mipmap level. This adjustment is necessary
because the dimensions of a mipmap level do not generally align with an integer number
of fixed-size blocks, particularly for lower-resolution mipmap levels. By adapting the
block dimensions, the layout reduces the amount of padding and unused storage that
would otherwise arise while preserving locality. The resulting hierarchical organization is
illustrated in Figure 2.5.

HGOB

WGOB

Hblock

Wblock

Figure 2.5: Example block-linear layout of a 16× 8 two-dimensional mipmap level. Each
cell represents a texel, and the grayscale gradient indicates the order of texels in physical
memory, from the first texel (lightest) to the last texel (darkest). In this illustrative
example, texels are first grouped into GOBs of dimensions WGOB ×HGOB = 4× 2 texels.
GOBs are subsequently grouped into blocks of dimensions Wblock ×Hblock = 2× 2 GOBs,
corresponding to 8× 4 texels per block.

As shown in Figure 2.5, each block contains one or more GOBs, and each GOB contains
a fixed-size region of texels. Within a GOB, texels are arranged according to an XYZ
traversal order, in which neighboring texels along the x, y, and z dimensions are placed
close together in physical memory. Likewise, GOBs within a block and blocks within a
mipmap level are organized using the same principle. As a result, texels that are spatially
nearby in multiple dimensions tend to remain physically nearby in memory.

Address translation in a block-linear layout therefore differs from that of a linear
layout. Rather than directly linearizing texture coordinates, the hardware first identifies
the block containing the requested texel, then the GOB within that block, and finally the
texel position within the GOB. Let WGOB and HGOB denote the width and height of a
GOB in texels, and let Wblock and Hblock denote the width and height of a block in units
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of GOBs. For a mipmap level of width W , the block-linear layout function MBL can then
be expressed as

M
(W,WGOB,HGOB,Wblock,Hblock)
BL (x, y)

= WblockHblockWGOBHGOB

(⌊
y

HblockHGOB

⌋
W

WblockWGOB
+

⌊
x

WblockWGOB

⌋)
(2.1)

+WGOBHGOB

(⌊
y mod (HblockHGOB)

HGOB

⌋
Wblock +

⌊
x mod (WblockWGOB)

WGOB

⌋)
(2.2)

+ (y mod HGOB)WGOB + (x mod WGOB). (2.3)

The physical address is obtained hierarchically by first computing the offset of the block,
comprising Wblock × Hblock GOBs (Equation (2.1)), then the offset of the GOB within
that block (Equation (2.2)), and finally the offset of the texel within the selected GOB
(Equation (2.3)). This hierarchical translation enables the layout to preserve locality
across multiple dimensions without changing the logical texture representation.

Unlike the linear-layout function, which is realized through compiler-generated address
computations, the exact block-linear layout function MBL is implemented in hardware
(Section 2.2.2) and is not publicly documented. To efficiently compute texel addresses,
GOB and block dimensions are typically powers of two, allowing division and modulus
operations to be replaced by bitwise shifts and masks.

A key characteristic of block-linear layouts is that they provide more uniform locality
when the dominant access orientation cannot be predicted in advance. Compared with
linear layouts, which favor a single traversal direction, block-linear layouts reduce the
average distance between spatially related texels in memory and generally incur fewer
page crossings for arbitrarily oriented access patterns. They therefore improve cache
utilization and memory-access efficiency for texture-processing workloads, albeit at the
cost of reduced locality for any particular traversal orientation.

Texture and Surface Interfaces

The block-linear storage is exposed through two distinct memory interfaces. Texture
memory provides a read-only interface intended for texture processing, whereas surface
memory provides a writable interface to the same underlying storage. Consequently, both
interfaces benefit from the locality-preserving properties of the block-linear layout.

Although both interfaces access the same underlying storage, only the texture interface
supports texture-processing semantics, including configurable addressing modes, coordi-
nate normalization, level-of-detail selection, and texture filtering. The surface interface
instead provides direct element accesses without these capabilities.

Surface memory supports writes, but its reads may be satisfied from cached copies
that are not coherent with writes performed during the same kernel invocation. As a
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result, the surface interface does not guarantee read-after-write coherence, and a surface
read following a surface write is not guaranteed to observe the updated value.

2.4 Cache Hierarchy
Caches are built from SRAM, have smaller capacities than backing memory, and are
physically located closer to the compute units, providing latency roughly an order of
magnitude lower than that of the next level [21]. This work focuses on the two-level data
cache hierarchy for NVIDIA architectures, as illustrated in Figure 2.1.

Both L1 and L2 caches are sectored caches with 128-byte cache lines, each subdivided
into four 32-byte sectors [22], [23]. The cache line structure is shown in Figure 2.6.
These lines are aligned to 128-byte boundaries, mapping consecutive memory addresses to
sequential sectors to preserve the physical layout of device memory until the line boundary
is crossed. Both cache levels are believed to behave similarly to set-associative caches, as
observed in microbenchmarking [21], [24], [25], [26], [27], featuring complex address-to-set
mapping and replacement policies that deviate from standard least-recently-used (LRU)
algorithms. However, NVIDIA does not disclose these details.

This chapter examines these cache properties in detail and evaluates how miss rates
can be modeled using reuse-distance analysis.

0 32 64 96Sector

Cache line

Figure 2.6: Cache-line structure of a sector cache. The numbers denote the byte offsets
of sectors within the cache line.

2.4.1 L2 Cache

The L2 cache serves as the GPU’s shared last-level cache and maintains data coherency
across all SMs. It can retain data across kernel launches, facilitating inter-kernel data
reuse. Modern architectures provide persistence controls that allow a specific cache por-
tion to be reserved for persistent data. This mechanism mitigates cache contention by
adjusting eviction priorities between persistent and streaming data streams [19, Sect. 4.13],
[28, Sect. 9.7.9.8].

The L2 cache is physically partitioned into L2 slices (LTSs) distributed across multiple
memory partitions (MPs). Each MP contains multiple LTSs and a memory controller
responsible for device memory communication. SMs communicate with MPs through
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a network-on-chip (NoC) interconnect. Consequently, L2 cache has non-uniform access
latency across partitions due to interconnect differences [29]. The pipeline organization
of an LTS is discussed in Section 2.6.

Transfer Granularity and Write Policy

The L2 cache maintains cache lines as the unit of allocation, replacement, and writeback,
but supports sector-granular data transfers for servicing requests and cache fills [27]. Upon
a cache miss, the corresponding cache line is allocated in the L2 cache, but by default only
the requested 32-byte sector is fetched from device memory. This behavior is configurable
via low-level cache operators that can increase the transfer granularity by prefetching
multiple sectors or dual cache lines [28, Sect. 9.7.9.8].

The L2 cache employs a write-back policy with write allocation by default, function-
ing as a write buffer that coalesces data before performing bulk transfers to device mem-
ory [27], [30]. The architecture also supports cache operators that modify the default
behavior, including a write-through scheme that immediately propagates updates to de-
vice memory [28, Sect. 9.7.9.11], [31].

2.4.2 Unified L1 Cache

The L1 cache is implemented as a unified on-chip storage structure whose capacity is par-
titioned between a hardware-managed data cache and a software-managed shared mem-
ory [32], [33]. This structure is private to each SM3; consequently, data cached in one
SM’s L1 cache are not required to be coherent with the L1 caches of other SMs. The
pipeline organization of the L1 cache is discussed in Section 2.6.

L1 Data Cache

The L1 data cache employs the same cache-line and sector granularities as the L2 cache
but cannot perform hardware prefetching. Because coherence is not maintained among
L1 caches on different SMs, global-memory stores use a write-through policy. By default,
stores still allocate cache lines in the L1 cache (i.e., write allocation) [27], although cache
operators can modify this behavior [28, Sect. 9.7.9.8].

The L1 data cache is shared by global-memory, texture-memory, and surface-memory
accesses. Consequently, texture and surface requests are serviced by the same cache struc-
ture as ordinary global-memory requests. Any differences in observed locality therefore
arise primarily from the physical organization of texture data, particularly the block-linear
layout (Section 2.3.3), rather than from a dedicated L1 cache for texture memory [15].

3Modern GPU architectures allow communication and data exchange with the shared memory of other
SMs within the same graphics processing cluster, which consists of a group of SMs.
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Shared Memory

Shared memory is a software-managed portion of the unified L1 structure.4 Unlike the
L1 data cache, whose contents are accessed through tag lookup and managed by hard-
ware replacement policies, data stored in shared memory persist until they are explicitly
overwritten by software.

The shared-memory portion inherits the bank organization of the underlying SRAM
structure. It is organized into 32 banks, each capable of serving a 4-byte access at a time.
Consequently, requests targeting different banks can be serviced simultaneously. Because
shared memory bypasses the tag-lookup mechanism used by the cache hierarchy, accesses
are mapped directly onto the bank structure. This organization effectively exposes a
two-dimensional view of the underlying SRAM, with a row width of 4× 32 = 128 bytes.

A bank conflict occurs when two or more addresses within the same request access
different locations in the same bank. When such a conflict is detected, the request cannot
be serviced in a single pass. Instead, the conflict resolver partitions the request into
non-conflicting subsets. The non-conflicting portions are serviced immediately, whereas
the conflicting portions are deferred and replayed in subsequent passes until all accesses
have been completed [34]. Consequently, bank conflicts increase the effective latency of
shared-memory accesses and reduce the achievable throughput.

2.5 Cache Analysis and Reuse Distance
Cache miss rate is an important performance metric that reflects a cache’s ability to
retain data for reuse. Miss rates depend not only on cache structures, such as capacity
and associativity, but also on runtime access behavior. The 3Cs model classifies cache
misses into three categories: compulsory, capacity, and conflict misses [35], [36, Sect. 5.3],
[8, Sect. 2.1].

Under the cache organization considered in this work, compulsory misses occur when a
cache sector is accessed for the first time and must therefore be fetched. Capacity misses
occur when the finite cache cannot retain all cache lines needed for subsequent reuse,
whereas conflict misses arise when limited associativity causes cache lines mapping to the
same set to evict one another despite sufficient cache capacity elsewhere. The remainder
of this section introduces the analytical concepts and modeling approaches used to reason
about these cache misses.

2.5.1 Reuse-Distance Analysis

A common approach to cache analysis traces the sequence of memory accesses. For
each datum, the number of distinct accesses between two consecutive accesses to the

4The capacity available to the L1 data cache decreases as more storage is allocated to shared memory.
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same datum is defined as the reuse distance [37]. In a non-prefetch cache, a compulsory
miss occurs when no prior access exists, as indicated by an infinity reuse distance. In
a fully-associative LRU cache, a capacity miss occurs if and only if the reuse distance
is not below the cache capacity. An N -way associative LRU cache can be modeled as
N smaller caches, where reuse distance is measured only among accesses mapped to
the same cache set. In set-associative caches, conflict misses are often intertwined with
capacity misses because increasing cache capacity may also increase associativity or the
number of sets [36, Sect. 5.3]. Consequently, conventional reuse-distance analysis typically
does not distinguish between conflict and capacity misses.

In practice, caches perform implicit prefetching because the transfer granularity is
larger than a single datum. In sector caches, the transfer unit is a sector; therefore, reuse
distance is measured in terms of sector accesses rather than datum accesses. Additional
reuse captured at this coarser granularity is referred to as spatial reuse. For sector caches
that fetch at sector granularity but evict at cache-line granularity, two forms of reuse
distance must be maintained to correctly characterize different miss types: compulsory
misses are determined at the sector granularity, whereas capacity and conflict misses are
determined at the cache-line granularity.

For regular access patterns, cache behavior can often be approximated using a repeat-
ing access interval. Miss rates are then estimated from the reuse-distance distribution
within that interval, which serves as a representative steady-state behavior. Consider a
single-cache-line sector cache configured with two sectors, each containing two elements.
The cache fetches data at sector granularity while performing eviction at cache-line gran-
ularity. The analyzed access pattern alternates sequentially between two arrays, A and
B, both aligned to cache-line boundaries. In the i-th iteration, elements A[4i], A[4i+1],
and A[4i+2] are accessed, followed by B[4i+2], after which element A[4i+3] is accessed.
Figure 2.7 illustrates the first ten accesses corresponding to the initial two iterations. Fig-
ure 2.8 presents the resulting reuse distances at both sector and cache-line granularities,
together with the interval boundaries. Each interval consists of five element accesses. The
resulting access classifications are summarized in Table 2.1. In this example, the access
to A[2] is classified as a compulsory miss because its sector-granularity reuse distance is
infinite, whereas the access to A[3] is classified as a capacity miss because its cache-line-
granularity reuse distance exceeds the number of cache lines. Based on this reuse-distance
analysis, the resulting miss rate of the access pattern is 20%.

Table 2.1: Classification of memory access outcomes within Interval 1. Abbreviations
denote compulsory (comp.) and capacity (cap.) cache misses.

Access A[0] A[1] A[2] B[2] A[3]

Cache hit/miss Miss
(comp.) Hit Miss

(comp.)
Miss

(comp.)
Miss

(cap.)
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Figure 2.7: Interleaved access pattern across arrays A and B in the first two iterations
(i = 0, 1). Shaded cells represent the active memory footprint and are annotated with
their sequential access order from 0 to 9.
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Figure 2.8: Reuse distance profiles at sector and cache-line granularities for the initial ten
memory accesses of the trace. Shaded bar pairs contrast the tracking differences, while
horizontal indicators demarcate the access boundaries for intervals across arrays A and B.

2.5.2 Reuse-Distance Analysis on GPUs

Reuse-distance analysis, however, requires an ordered memory-access trace, which is non-
trivial to obtain in the presence of concurrent warp execution on GPUs. In the GPU
execution model, all warps within an SM share the same L1 cache, and the ordering of
memory accesses can be affected by various stall events. For example, under a greedy-
then-oldest (GTO) warp-scheduling policy [38], a dependency stall causes the currently
executing warp to yield execution resources to the oldest eligible warp. Warp execution
may also stall due to exhaustion of miss-status holding registers (MSHRs), which track
in-flight memory requests. Each MSHR entry corresponds to a unique cache-line request,
while requests targeting the same cache line are merged into a single entry. Both the
number of MSHR entries and the number of supported merges are limited [25], [39], [40].
Furthermore, although the instruction queue may continue to accept instructions from
scheduled warps, its capacity is also finite [41]. Consequently, accurate reuse-distance
analysis for GPUs requires modeling both the warp execution behavior and the associ-
ated stall events.
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2.5.3 GPU Cache Modeling Approaches

Tang et al. [42] model a set-associative L1 cache with an LRU replacement policy un-
der the simplifying assumption that only one warp from a thread block executes at a
time. Instructions from different warps are interleaved in a round-robin (RR) manner, fol-
lowed by warps from other thread blocks, thereby enforcing uniform progress among all
warps. They formulate inter-thread access sequences using augmented access vectors [43].
However, the RR warp-scheduling assumption deviates from actual GPU behavior, where
multiple warps may execute in parallel.

Nugteren et al. [25] extend the model by incorporating non-uniform warp progress
caused by memory latency and MSHR exhaustion. Eligible warps are maintained in a
first-in first-out queue, and a stalled warp is returned to the back of the queue only after
the corresponding latency elapses. In addition, after accounting for coalescing behavior
(Section 2.3.2), memory requests within a warp are issued according to thread index
order. Nevertheless, their model still relies on RR warp scheduling, which may produce
inaccurate inter-warp ordering.

Kiani et al. [40] further incorporate block reservation failures as a source of stalls.
Such failures occur when all cache blocks within a set are already reserved by in-flight
misses, and a new access attempts to reserve an additional block in the same set. Their
work considers both RR and GTO warp-scheduling policies. Parallel warp execution is
modeled by interleaving requests into a sequential trace, and the L2 cache is modeled
analogously to L1 cache misses.

Huang et al. [44] propose GPUMech, which shows that a carefully selected represen-
tative warp can approximate the behavior of other warps with high accuracy. To reduce
the impact of varying degrees of control-flow divergence, GPUMech employs the k-means
clustering algorithm to identify representative warps for modeling.

Wang et al. [45] present the Memory Divergence Model (MDM), which attributes pro-
longed stall durations in divergent workloads to poor spatial locality and high memory-
request volume, leading to congestion in the NoC and DRAM subsystems. Lee et al. [23]
further develop the GPU Core Model (GCoM) and argue that structural hazards in func-
tional units and cache resources also contribute significantly to stall behavior.

2.6 Memory-Access Pipeline
When a memory instruction is issued, the resulting request traverses a sequence of pro-
cessing pipelines that connect the SM to the memory hierarchy. Figure 2.9 presents the
high-level model used to describe this path, based on the memory-pipeline model intro-
duced by NVIDIA [22, Sect. 2.3.1] and extended with the additional components discussed
throughout this section. The figure should be interpreted as a conceptual model rather
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than a literal microarchitectural representation: an implementation may contain multiple
parallel pipelines, and each illustrated component may itself comprise several processing
stages. This section focuses on how the accesses generated by a warp are routed, orga-
nized, and processed through the memory-access pipeline, with particular emphasis on
the shared L1 cache-processing stages.
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Figure 2.9: Conceptual memory-access pipeline for global-, texture-, and shared-memory
instructions. Gray components denote texture-unit stages, and dotted line segments indi-
cate bypassed processing stages.

2.6.1 Request Routing

Memory instructions issued by the warp schedulers are first forwarded to the memory
input/output (MIO) unit, as shown in Figure 2.9. The MIO unit arbitrates among issued
instructions and directs each request to the appropriate input interface [33]. Global-
and shared-memory requests enter through the load/store-unit input (LSUIN) interface,
whereas texture-memory requests through the texture-unit input (TEXIN) interface [12].5

After routing, LSUIN receives the addresses generated by the active threads for global-
and shared-memory instructions and forwards global-memory accesses toward the L1
cache pipeline. Texture requests instead enter TEXIN and continue through the input
and address-generation portion of the texture unit (Section 2.2.2), where the LOD and
sampling-and-address stages map logical texture coordinates to texel addresses. The re-
sulting global- or texture-memory addresses are then organized for cache access.

5Because memory-access pipelines have variable latency, issued instructions may wait in pipeline
queues until the required processing resources become available [46]. Global- and shared-memory in-
structions use the LSU queue, whereas texture-memory instructions use the TEX queue. These queues
decouple instruction issue from request processing.

25



2.6.2 Request Coalescing and Wavefront Processing

The accesses generated by a warp are initially associated with individual threads. Before
being presented to the cache pipeline, the request-coalescing stage groups accesses that
refer to the same cache sectors or cache lines. This process, referred to as request coalescing,
converts the thread-oriented address set into one or more memory-oriented requests [18].

For a global-memory instruction, coalescing operates on the linear addresses received
through LSUIN. For a texture-memory instruction, it operates after the logical texture
coordinates have been mapped to addresses within the texture resource. The resulting
request organization may therefore differ even when the logical access patterns are similar,
because global and texture memory use different physical layouts.

Coalescing represents accesses from multiple threads using a common request when
they refer to data within the same sector or cache line. It does not, however, imply that
the entire resulting request can be processed by every subsequent stage in a single cycle.
As the request progresses through the tag, data, and miss stages, each stage may partition
it according to its own processing capability.

When a request exceeds the processing capability of a pipeline stage, that stage pro-
cesses the request as multiple smaller work packages known as wavefronts. A wavefront is
the portion of a warp-level memory request that the stage can process in one pass. Mul-
tiple wavefronts associated with the same warp instruction are serialized across cycles.

Wavefront processing is related to, but distinct from, request coalescing. Coalescing
determines the sectors or cache lines required by the participating threads, whereas wave-
front processing determines how those requests are partitioned and scheduled through a
stage with limited processing capacity. Because stages may differ in processing capacity,
the same request may be partitioned differently as it progresses through the pipeline.

For example, the tag stage can examine four sets containing four sectors each per cy-
cle [47]. A request whose sectors cannot be accommodated within this capability requires
multiple tag-stage wavefronts. The data stage, in contrast, can read only one cache line
at a time [48]. The accesses contained in one tag-stage wavefront may therefore require
multiple data-stage wavefronts. The miss stage similarly has its own processing limits.
The number of wavefronts is consequently determined by both the spatial distribution of
the requested sectors and the capability of the stage processing them.

The effectiveness of request coalescing and the resulting number of wavefronts directly
affect the amount of work performed by the cache pipeline. Accesses concentrated within
fewer sectors or cache lines require fewer sector requests, whereas spatially scattered
accesses increase the number of sectors that must be processed. Such requests may occupy
individual stages for more cycles, compete for processing capacity with requests from other
warps, and increase queueing in the corresponding pipeline.
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2.6.3 Memory-Specific Processing Paths

The processing path depends on the memory space targeted by the instruction. Global-
and texture-memory requests traverse the cache-processing stages, where each stage may
process the request as one or more wavefronts. Shared-memory requests instead follow
the LSU path while bypassing the processing performed by the request-coalescing, tag,
and miss stages, as indicated by the dotted segments in Figure 2.9.

A global-memory wavefront enters the tag stage, which determines whether its re-
quested sectors are resident in the L1 cache. On a hit, the wavefront proceeds to the data
stage, which reads the requested data and returns them to the requesting threads through
the LSU-data path.

A texture-memory request first passes through the input and address-generation por-
tion of the texture unit (Section 2.2.2). The resulting texel accesses are coalesced and
processed as wavefronts through the same tag and data stages used by global-memory
requests. On a cache hit, the retrieved texels return to the texture unit through the
TEX-data path and proceed through the texture-filter stage before the resulting texture
value is returned to the requesting threads.

Shared-memory requests enter through LSUIN but follow a shorter path. Because
shared memory is directly addressed and explicitly managed by the program, its requests
proceed to the LSU-data path without undergoing cache-tag lookup or miss processing.
Requests are instead partitioned according to the shared-memory bank structure and
its conflict-resolution capability. Accesses to different banks can be serviced in parallel,
whereas those to different locations within the same bank may require multiple service
cycles. Once the required accesses complete, the data return through the LSU-data path.

Thus, global and texture memory share the central cache-access stages but differ in
address generation and result processing. Shared memory shares the load/store input
and LSU-data paths with global memory but bypasses the cache-access stages. These
differences lead to distinct performance constraints: global-memory requests are affected
by request coalescing, cache behavior, and LSU-side pipeline capacity; texture-memory
requests additionally consume texture-specific address-generation and TEX-data-path re-
sources; and shared-memory requests are primarily constrained by bank conflicts and the
throughput of the LSU-data path.

2.6.4 Miss Processing

When the tag stage determines that a requested sector is not resident in the L1 cache,
the corresponding wavefront is forwarded to the miss stage. The miss stage tracks the
outstanding access and prepares one or more requests for the L2 cache. Before an L2
request is issued, the miss-processing logic may determine that an outstanding miss al-
ready targets the same cache line. The new miss can then be associated with the existing
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request rather than generating a redundant L2 access [34]. This mechanism, referred to
as miss coalescing, allows the returned cache line to satisfy multiple pending accesses.

Miss coalescing is distinct from request coalescing. Request coalescing groups the
thread-level accesses produced by one warp instruction before the initial cache lookup.
Miss coalescing instead combines outstanding misses after tag lookup and may operate
across requests that reach the miss stage at different times.6 Request coalescing reduces
the number of sector requests presented to the L1 cache pipeline, whereas miss coalescing
reduces redundant traffic between the L1 and L2 caches.

When the requested data return from L2, the miss-processing path associates them
with the pending accesses and makes them available to the data stage. A completed
global-memory request then returns through the LSU-data path, whereas a completed
texture-memory request continues through the TEX-data and texture-filter stages before
returning to the requesting threads.

Cache misses increase both request latency and pressure on the miss-processing and
lower-level memory pipelines. Miss coalescing can reduce redundant L2 requests when
several pending accesses refer to the same cache line, but it cannot combine requests to
different cache lines. The spatial distribution of the requested data therefore affects not
only the initial cache access but also the traffic generated toward the L2 cache.

2.7 CUDA Programming Model
To enable programmers to exploit the hierarchical hardware resources of NVIDIA GPUs,
NVIDIA proposed the CUDA programming model [19, Sect. 1.2]. The programming
model is exposed through C++7 with a small set of language extensions and built-in vari-
ables, forming what is commonly referred to as CUDA C++. In addition to the language
extensions, CUDA provides a rich set of runtime APIs for managing memory, launching
kernels, and coordinating execution between the CPU and the GPU.

The CUDA programming model assumes a heterogeneous computing system consisting
of CPUs and GPUs, referred to as the host and device, respectively. Code executed on
the CPU is termed host code, whereas code executed on the GPU is termed device code.
To perform a computation on the device, the host first transfers the required data from
host memory to device memory, launches a kernel for execution on the device, and later
retrieves the computation results from device memory after the kernel completes.

The remainder of this section introduces the two primary aspects of the CUDA pro-
gramming model that govern this interaction. Memory management describes how data
are allocated and transferred between the host and the device, whereas kernel program-
ming describes how computations are expressed, organized, and launched on the device.

6Using a pending request table.
7CUDA started much closer to C, but supported the vast majority of C++ as it evolved.
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2.7.1 Memory Management

Memory management refers to the allocation, movement, and deallocation of data between
the host and the device, all of which are initiated from the host code. Although the host
and device maintain separate physical memory, CUDA provides a unified virtual address
space in which both host and device allocations reside in distinct address ranges. Point-
ers therefore uniquely identify the location of an allocation without explicitly indicating
whether it resides in host or device memory.

Despite sharing a unified virtual address space, the host and device generally access
only data residing in their respective physical memories. Data required by the device must
therefore be transferred from the host before kernel execution, and computation results are
typically copied back after execution completes. CUDA also provides managed memory,
in which these data movements are performed automatically by the runtime through on-
demand page migration. Because this work focuses on explicit memory management, only
programmer-controlled data transfers are discussed.

Host memory is typically allocated using standard C++ mechanisms, such as the new
operator, whereas device memory is allocated through CUDA runtime APIs according to
the target memory space (Section 2.3). Data are then transferred between the host and
device using dedicated memory-copy APIs. For pageable host memory, CUDA generally
stages the data through temporary page-locked (pinned) memory before transferring them
via direct memory access [49], whereas transfers involving pinned memory can proceed
directly. Once computation is complete, both host and device allocations are released
using their respective deallocation mechanisms.

Global Memory Management Through Linear Pointers

For global memory, the managed object is a linear region of device memory identified by
a pointer. The pointer simultaneously identifies the allocated storage and serves as the
access handle within kernels. The same pointer is therefore passed among CUDA runtime
APIs on the host and subsequently dereferenced by load and store instructions on the
device, without requiring an intermediate access object or additional address translation.
Table 2.2 summarizes the primary APIs involved in managing global memory.

Table 2.2: Representative APIs used in each step of memory management with global
memory as device memory.

Step APIs
Allocate device storage cudaMalloc, cudaMallocPitch, cudaMalloc3D
Transfer data cudaMemcpy, cudaMemcpy2D, cudaMemcpy3D
Kernel access Linear pointer dereference
Release storage cudaFree
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CUDA also provides allocation routines for logically multidimensional arrays, such
as cudaMallocPitch and cudaMalloc3D, which introduce padding to satisfy alignment
requirements and improve memory-access efficiency. Nevertheless, these allocations re-
main linear regions in the device address space. The returned pointer therefore continues
to serve as the primary programming abstraction, while any padding must be explicitly
incorporated into the application’s indexing calculations.

Texture Memory Management Through Opaque Objects

Unlike global memory, texture memory is not exposed through a linear pointer. Instead,
CUDA manages texture memory through a texture object, an opaque handle that encap-
sulates both the underlying storage and the metadata required to access it. As a result,
kernels cannot directly dereference the underlying memory. Instead, texture data are
accessed exclusively through dedicated texture-fetch instructions using the texture ob-
ject as the access handle. CUDA also provides surface objects, which similarly provide
opaque handles to the same underlying storage through a writable surface interface. The
remainder of this section therefore focuses exclusively on texture objects.

Creating a texture object involves three elements. First, storage is allocated, typi-
cally using a CUDA array whose physical organization follows the implementation-defined
block-linear layout (Section 2.3.3). Second, a resource descriptor identifies the storage as-
sociated with the texture object. Finally, a texture descriptor specifies how that storage
should be interpreted during texture accesses. The resource and texture descriptors are
then combined to create the texture object, which may subsequently be passed to kernels.
When the texture is no longer needed, both the texture object and its underlying storage
are explicitly destroyed.

Table 2.3 summarizes the primary APIs involved in managing texture memory. Com-
pared with global memory, texture memory introduces an additional level of indirection:
the storage itself is never accessed directly by kernels. Instead, kernels receive a texture
object that encapsulates the underlying storage and its access semantics.

Table 2.3: Representative APIs used in each step of memory management with texture
memory as device memory.

Step APIs
Allocate device storage cudaMallocArray, cudaMalloc3DArray,

cudaMallocMipmappedArray
Transfer data cudaMemcpyToArray, cudaMemcpy2DToArray, cudaMemcpy3D
Create access handle cudaCreateTextureObject
Kernel access Texture fetch functions
Destroy access handle cudaDestroyTextureObject
Release storage cudaFreeArray, cudaFreeMipmappedArray
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The resource descriptor specifies the backing storage of the texture object, such as a
CUDA array, mipmapped array, or linear memory. The texture descriptor, in turn, defines
the semantics of texture accesses independently of the underlying storage. Together,
these descriptors determine the texture-access properties summarized in Table 2.4. The
descriptor specifies the dimensionality of the texture, allowing the storage to be viewed as
one-, two-, or three-dimensional arrays of texels. It also specifies the texel type, which is
restricted to basic integer and single-precision floating-point types and their corresponding
vector types. Beyond the data representation, the descriptor determines how texture
coordinates are interpreted, how out-of-range coordinates are handled, how fetched values
are represented, and whether neighboring texels are interpolated during sampling. This
separation allows the same physical storage to support different access semantics without
altering its underlying organization.

Table 2.4: Principal properties governing texture accesses.

Property Purpose
Resource type Backing storage associated with the texture object.
Dimensionality One-, two-, or three-dimensional array of texels.
Texel type Data type stored in each texel.
Read mode Texels returned in their original representation or converted to nor-

malized floating-point values.
Coordinate mode Absolute or normalized texture coordinates.
Addressing mode Handling of texture coordinates outside the valid range.
Filtering mode Nearest-texel value or interpolation of neighboring texels.

2.7.2 Kernel Programming

CUDA adopts a single-program multiple-data (SPMD) programming model, in which a
single program is executed concurrently by many threads operating on different portions
of the input data. In CUDA, this program is expressed as a kernel [19, Sect. 2.3],8 which
is a function executed on the device and invoked from the host. Unlike an ordinary C++

function, a kernel is executed concurrently by many threads, each maintaining its own
execution context while following the same program. The corresponding execution on
NVIDIA GPUs follows the SIMT execution model (Section 2.1.1), which preserves the ab-
straction that each thread has an independent execution path with its own register state
and control flow while transparently executing groups of threads as warps. CUDA distin-
guishes host and device functions using execution-space specifiers. A kernel is declared

8This work considers only conventional SIMT kernels. CUDA 13.3 also introduces tile kernels, an
alternative programming paradigm that expresses computation at tile rather than thread granularity.
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Listing 2.1: A naive CUDA kernel for ma-
trix multiplication. Matrix multiplication
A × B is computed for matrices of dimen-
sions M×K and K×N , producing an out-
put matrix C of dimension M×N . Bound-
ary handling is omitted for brevity by as-
suming that all matrix dimensions are mul-
tiples of the thread-block dimensions.
__global__ void
matmul(int M, int N, int K,

float *A, float *B, float *C) {
int x = blockIdx.y*blockDim.y

+ threadIdx.y;
int y = blockIdx.x*blockDim.x

+ threadIdx.x;

float acc = 0.0f;
for (int i = 0; i < K; i++)

acc += A[x*K + i]
* B[i*N + y];

C[x*N + y] = acc;
}

Listing 2.2: A tiled CUDA kernel for ma-
trix multiplication using shared memory.
Boundary handling is omitted under the
same assumption as Listing 2.1.
#define TS 32 /* tile size */

__global__ void
matmulTiled(int M, int N, int K,

float *A, float *B, float *C) {
__shared__ float tileA[TS][TS];
__shared__ float tileB[TS][TS];

int tx = threadIdx.x;
int ty = threadIdx.y;
int x = blockIdx.y*TS + ty;
int y = blockIdx.x*TS + tx;

float acc = 0.0f;
for (int t = 0; t < K; t += TS) {
tileA[ty][tx] = A[x*K+t+tx];
tileB[ty][tx] = B[(t+ty)*N+y];
__syncthreads();
for (int i = 0; i < TS; i++)

acc += tileA[ty][i]
* tileB[i][tx];

__syncthreads();
}
C[x*N + y] = acc;

}

with the __global__ specifier, indicating that it is invoked from the host and executed
on the device.9

To express data parallelism, the workload is partitioned into fine-grained tasks and
mapped onto individual threads. Each thread identifies its assigned portion of the com-
putation through built-in variables that specify its position within the thread hierarchy.
For example, in matrix multiplication, each thread may compute a single element of the
output matrix. Listing 2.1 illustrates a straightforward implementation in which each
thread computes one output element according to its two-dimensional thread index.

Although Listing 2.1 is functionally correct, every thread repeatedly loads the required
elements directly from global memory, even when neighboring threads access the same
data. CUDA provides a thread hierarchy that enables threads within the same block to
cooperate through shared memory and synchronization. This hierarchy is introduced next.

9CUDA also provides the __host__ and __device__ execution-space specifiers for ordinary host and
device functions.
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Thread Hierarchy

CUDA organizes the threads that execute a kernel into a hierarchy consisting of a grid
and thread blocks, or simply blocks, as illustrated in Figure 2.10. The entire set of
threads launched by a kernel forms a grid of blocks, and each block contains a collection
of threads. Both grids and blocks can be organized in up to three dimensions, allowing
CUDA programs to naturally map multidimensional problem domains onto the hierarchy.
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Figure 2.10: CUDA thread hierarchy. A kernel launch creates a grid of thread blocks,
each containing a collection of threads. Blocks are indexed by blockIdx within the grid,
whereas threads are indexed by threadIdx within each block. Adapted from Boehm [50].

Within a block, each thread is identified by its local thread index, threadIdx. The
size of the block is given by blockDim. Similarly, each block is identified by its block
index, blockIdx, within a grid whose size is given by gridDim. These built-in variables
allow each thread to compute a global position in the problem domain. For the matrix-
multiplication kernel in Listing 2.1, the global row and column indices of the output
element are computed from blockIdx, blockDim, and threadIdx.

The thread block is also the basic unit of cooperation in CUDA. Threads within
the same block execute on the same SM and can communicate through shared memory,
whose variables are declared using the __shared__ memory-space specifier. They can also
synchronize using __syncthreads(), which ensures that all threads in the block reach the
synchronization point before any of them proceed. Threads belonging to different blocks,
however, cannot synchronize with one another within a kernel and do not share the same
shared-memory allocation. Listing 2.2 shows a tiled version of matrix multiplication that
exploits this cooperation. Each block computes one tile of the output matrix. Threads in
the block collaboratively load tiles of the input matrices into shared memory, synchronize
to ensure that the tiles are fully loaded, and then reuse the shared-memory data to
compute their assigned output elements.
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Kernel Launch

Once a kernel has been defined, the host launches it by specifying the execution config-
uration and kernel arguments. The execution configuration determines how the kernel is
instantiated over the thread hierarchy, whereas the kernel arguments provide the data and
scalar parameters shared by all threads, such as problem dimensions and device-memory
access handles. Together, they provide the information required for the CUDA runtime
to launch the kernel on the device.

The execution configuration reflects the mapping between the problem domain and the
thread hierarchy. For the tiled matrix-multiplication kernel in Listing 2.2, each thread
computes one output element and each thread block computes one TS×TS output tile.
Accordingly, the block dimensions are chosen to match the tile dimensions, whereas the
grid dimensions are determined by the number of tiles required to cover the output matrix.

CUDA expresses the execution configuration as part of the kernel-launch syntax. The
launch expression, kernel<<<gridDim, blockDim>>>(...), extends the conventional
C++ function-call syntax with an execution configuration enclosed by triple chevrons.
The first two configuration arguments specify the grid and block dimensions, respectively.
CUDA further permits optional arguments for dynamic shared-memory size and execution
stream, although these features are not considered in this work. Listing 2.3 illustrates the
resulting launch for the tiled matrix-multiplication kernel.

Listing 2.3: Launching the tiled matrix-multiplication kernel. The execution configuration
specifies one TS×TS thread block for each output tile. For brevity, the matrix dimensions
are assumed to be multiples of the tile size TS, defined in Listing 2.2.

dim3 blockDim(TS, TS);
dim3 gridDim(N / TS, M / TS);

matmulTiled<<<gridDim, blockDim>>>(M, N, K, A, B, C);

From the host’s perspective, launching a kernel does not directly initiate execution on
the GPU. Instead, the launch operation records the execution configuration and kernel
arguments in device memory and submits a corresponding launch command to a hardware
work queue managed by the GPU [12], [51]. Thus, kernel execution is asynchronous with
respect to the host. After issuing the launch, the host may continue executing subsequent
host code and synchronize with the device only when the kernel results are required. Upon
completion, the kernel writes its output in device memory, from which the host may later
retrieve the results through an explicit data transfer.

34



2.8 LLVM Compilation Model
CUDA C++ combines conventional host code executed on the CPU with device code
executed on the GPU. Consequently, a CUDA compiler must generate code for two
different instruction-set architectures while preserving the interface between them.

The compiler framework proposed in this work is implemented using the LLVM com-
piler infrastructure [52], specifically LLVM 19.10 Unlike NVIDIA’s proprietary CUDA
compiler (NVCC) [53], LLVM provides an open compiler framework that enables compiler
analyses and transformations to be implemented as extensible LLVM passes. Accordingly,
the compilation pipeline described in this section corresponds to the LLVM 19 implemen-
tation. The remainder of this section introduces LLVM’s CUDA compilation model and
the stages at which compiler passes can be incorporated.

2.8.1 Compilation Pipeline

Figure 2.11 illustrates LLVM’s CUDA compilation pipeline [54], [55]. The pipeline
consists of two sequential compilation phases: 1 device compilation and 2 host compila-
tion. Because the generated fat binary is embedded into the host object, host compilation
can begin only after device compilation has produced the fat binary. Each compilation
phase comprises a sequence of stages that progressively transform the program toward
the final executable.

During the 1 device-compilation phase, Clang parses the complete CUDA source
and lowers the device code into LLVM’s intermediate representation (IR). The device
IR is processed by the LLVM optimizer, where analyses and transformation passes are
performed before the NVPTX code generator translates the optimized IR into NVIDIA’s
Parallel Thread Execution (PTX) code [28]. PTX serves as a virtual instruction set
for NVIDIA GPUs and provides a stable interface between compiler-generated code and
architecture-specific machine code. For each target GPU architecture, the optimizing
assembler Ptxas assembles the PTX into GPU machine code (SASS) and packages it as a
Cubin object file. Fatbinary then combines the generated Cubin files, optionally together
with PTX, into a single fat-binary image.

After the fat binary has been generated, Clang recompiles the same CUDA source for
the 2 host-compilation phase. The fat binary is embedded into the host LLVM IR as a
constant string literal, which is later emitted into a special section of the host object file.
The host IR is likewise processed by the LLVM optimizer before being translated into
native CPU machine code. Finally, the generated host object is linked with the CUDA

10LLVM 20 and later reorganize portions of the CUDA compilation pipeline by reusing the offloading
infrastructure originally developed for OpenMP.

35



CUDA

Clang

Device IR

Host-code

generator

NVPTX-code

generator

PTX

Ptxas

Cubin

Fatbinary

Fatbin

Linker

L
L

V
M

 o
p

e
n

 i
n

f
r
a
s
tr

u
c
tu

r
e

N
V

I
D

I
A

 p
r
o

p
r
ie

ta
r
y

 t
o

o
lc

a
h

in

Device-compilation phase Host-compilation phase

R
e
p

e
a
t 

f
o

r
 e

a
c
h

G
P

U
 a

r
c
h

it
e
c
tu

r
e

Clang

   Host IR

1 2

Executable

 Object file

Optimizer Optimizer

Figure 2.11: LLVM CUDA compilation pipeline. During the device-compilation phase, the
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runtime libraries to produce the executable. At program execution, the CUDA driver
selects the machine code corresponding to the installed GPU or, if necessary, performs
just-in-time compilation from the embedded PTX.

2.8.2 Merged-Parsing Model

LLVM differs from NVCC primarily in its compilation model. NVCC adopts a split-
compilation model, in which the CUDA source is preprocessed into separate host and
device source files before compilation. In contrast, Clang adopts a merged-parsing model,
in which the complete CUDA source is parsed independently for both the device and host
compilations. During device compilation, host code is parsed for semantic correctness
but no host code is generated; conversely, during host compilation, device code is likewise
parsed even though only host code is emitted. Although the source is parsed twice, the
two compilations use different predefined macros and target-specific compilation options,
preventing a single parsing pass from being reused. Nevertheless, both compilation phases
reuse the same parser and semantic analysis but produce separate host and device binaries.

2.8.3 Kernel Stubs

During the host-compilation phase, Clang does not generate executable code for CUDA
kernels. Instead, each kernel definition is replaced by a host-side stub function. The stub
marshals the kernel arguments, receives the execution configuration specified by the kernel
launch expression, and invokes the CUDA Runtime API to enqueue the corresponding
kernel for execution. The generated fat binary embedded in the executable contains the
compiled kernel images referenced by the stubs.

Because kernel launches are translated into calls to the CUDA Runtime API, compiler
transformations can modify the generated stubs to change the kernel launch behavior or
the representation of kernel arguments without modifying the CUDA runtime itself.

2.8.4 Extensible Compiler Infrastructure

LLVM exposes the optimization stages shown in Figure 2.11 through an extensible pass
infrastructure, allowing custom analyses and transformations to be implemented as LLVM
passes operating on either the device-side or host-side LLVM IR without modifying
NVIDIA’s proprietary tools. The compiler framework proposed in this work exploits this
extensibility by inserting analysis and transformation passes into the LLVM optimization
stages of both compilation phases.
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2.9 Profiling Tools
NVIDIA provides two complementary profiling tools for analyzing CUDA applications:
Nsight Systems [56] and Nsight Compute [57]. The two tools operate at different levels
of abstraction. Nsight Systems provides an application-level view of execution, whereas
Nsight Compute provides a detailed view of individual kernel executions.

2.9.1 Nsight Systems

Nsight Systems records application execution as a timeline containing CPU activity,
CUDA runtime and driver API calls, memory transfers, synchronization operations, and
kernel executions. Each kernel launch is represented as an execution interval, allowing its
duration and its relationship with the surrounding host-side operations to be examined.
This application-level view is useful for attributing execution time to different activities
and identifying overheads associated with memory transfers, runtime calls, synchroniza-
tion, and idle periods.

The NVIDIA Tools Extension library (NVTX) [58] can be used in conjunction with
Nsight Systems to annotate the timeline with user-defined ranges, events, and metadata.
These annotations associate regions of the application with higher-level program seman-
tics, making it possible to relate the recorded CUDA operations and kernel executions to
specific application phases. NVTX therefore provides additional context for interpreting
the application-level timeline, although it does not expose the internal execution behavior
of individual kernels.

2.9.2 Nsight Compute

Nsight Compute profiles individual kernel launches using hardware performance counters
and derived metrics. The collected metrics can characterize different parts of GPU exe-
cution, including instruction issue, warp scheduling, occupancy, cache behavior, memory
traffic, and warp stall conditions. Nsight Compute therefore enables the internal behav-
ior of a kernel to be examined in substantially greater detail than is available from an
application-level timeline.

The metrics collected during profiling can be selected through predefined or user-
defined metric sets, allowing the profiling configuration to be tailored to the hardware
components and execution phenomena under investigation. Because not all requested
metrics can necessarily be collected simultaneously, Nsight Compute may divide their
collection into multiple passes and replay the profiled kernel for each pass. Collecting more
metrics can therefore increase profiling overhead by requiring additional kernel executions.

Nsight Compute also provides cache-control and clock-control mechanisms for improv-
ing measurement reproducibility. During kernel replay, cache control can flush the GPU
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caches before each profiling pass, preventing cache state produced by an earlier replay
from affecting the measurements collected during a later pass. Clock control can sim-
ilarly reduce variability caused by dynamic clock-frequency changes. Together, these
mechanisms establish more consistent execution conditions across profiling passes and
repeated profiling runs.

The two profilers thus provide complementary perspectives. Nsight Systems shows
how kernel executions and CUDA operations contribute to the execution of the complete
application, whereas Nsight Compute explains the performance of a selected kernel in
terms of its interaction with the GPU architecture. In this work, Nsight Compute is used
throughout the subsequent chapters to validate the observed memory-system behavior
and analyze the architectural effects of the proposed optimization. Nsight Systems is
used in the evaluation to quantify the application-level contributions of kernel execution
and CUDA runtime operations.
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Chapter 3
Motivation

Non-unit-stride access patterns are prevalent in GPU workloads, particularly in compu-
tations over multidimensional data structures, as observed in a prior study [45] based
on several widely used benchmark suites. When a warp traverses a logical dimension
that is not contiguous under the physical memory layout, the addresses generated by a
single warp instruction may span multiple cache sectors and cache lines. Although subse-
quent instructions may access the remaining data within those sectors, fine-grained warp
scheduling can introduce many intervening accesses. The resulting cache-sector reuse dis-
tance may be sufficiently long for the sectors to be evicted before that reuse occurs. As
a result, spatial locality exploited across warp instructions provides limited benefit under
substantial cache pressure.

Rather than relying on reuse across warp instructions, cache data can be used more
robustly when each warp instruction consumes as much as possible of the data fetched
on its behalf. This property is closely related to the intra-warp spatial locality described
by Liang et al. [59], which characterizes the spatial relationship among memory accesses
generated by threads within the same warp. We quantify this property using intra-warp
cache utilization. For a warp instruction, utilization at cache granularity g is defined as

U(g) =
Baccessed

N(g)S(g)
,

where Baccessed is the number of distinct bytes accessed by the instruction, N(g) is the
number of cache units touched at granularity g, and S(g) is the size of each unit. The
metric represents the fraction of fetched cache data accessed by the instruction. At a given
granularity, high utilization indicates that the requested data are concentrated within few
fetched units, whereas low utilization indicates that they are distributed across many
such units. Unlike locality that depends on reuse across instructions, intra-warp cache
utilization depends only on the accesses of an individual warp instruction and does not
require the fetched data to remain resident for subsequent accesses. A streaming access
pattern may therefore provide no reuse across instructions while still achieving high intra-
warp cache utilization.

Intra-warp cache utilization can be evaluated at cache-sector and cache-line granular-
ities, yielding intra-warp cache-sector utilization (g = sector) and intra-warp cache-line
utilization (g = line), respectively. Figure 3.1 illustrates that the two quantities capture
different aspects of how a warp instruction consumes fetched cache data. In Figure 3.1
(a), the warp instruction accesses only half of each of the four touched sectors, and its
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Line 0
Line 1
(a) Low sector- and line-level utilization across two cache lines:

U(sector) = 64/(4× 32) = 1/2, U(line) = 64/(2× 128) = 1/4.

Line 0
(b) Higher sector- and line-level utilization within one cache line:

U(sector) = 64/(3× 32) = 2/3, U(line) = 64/(1× 128) = 1/2.

Figure 3.1: Intra-warp cache-sector and cache-line utilization for a warp instruction, which
accesses sixteen 4-byte elements. Each row represents one cache line, divided into four
32-byte sectors and then into eight 4-byte elements per sector. Gray elements are accessed
by the warp instruction; hatched elements are fetched as part of a touched sector but are
not accessed by that instruction.

requested data likewise occupy a small fraction of the two cache lines containing those
sectors. In Figure 3.1 (b), the requested data reside within a single cache line: they fill
sector 0, the right-half of sector 1, and the left-half of sector 2. This access therefore
touches three sectors and one cache line, achieving both higher cache-sector utilization
and higher cache-line utilization.

Cache-sector utilization characterizes the fraction of each fetched sector accessed by
the warp instruction. Because cache data are transferred at sector granularity (Sec-
tion 2.4), higher sector utilization reduces the cache capacity and transfer bandwidth
consumed by unaccessed data. It also reduces dependence on subsequent instructions
accessing the remaining sector contents before eviction.

Cache-line utilization characterizes the fraction of each requested cache line accessed
by the warp instruction. It reflects how the requested sectors are distributed across
cache lines and is therefore closely related to memory-access coalescing and cache-access
wavefront generation. When the requested sectors are concentrated within fewer cache
lines, they can be served by fewer coalesced cache accesses and wavefronts (Section 2.3.2).
Conversely, lower cache-line utilization increases the number of cache lines and wavefronts,
placing greater pressure on the cache-access pipeline and downstream memory subsystem.
The resulting contention can delay memory accesses and further increase their effective
cache-sector reuse distances. Sector- and line-level utilization thus capture complementary
effects: sector-level utilization determines how efficiently fetched sectors are consumed,
whereas line-level utilization determines how many cache lines are occupied and how
much memory-pipeline work is required to serve the instruction.

Non-unit-stride accesses do not inherently exhibit poor intra-warp cache utilization.
Rather, poor utilization arises when the physical memory layout maps the addresses
requested by a warp across many cache sectors and cache lines. This mismatch commonly
occurs for multidimensional data when the logical direction traversed by the warp is poorly
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aligned with the contiguous dimension of a linear global-memory layout. Reordering the
physical data placement can instead consolidate the requested addresses, improve intra-
warp cache utilization, and reduce cache-access wavefront generation. This observation
motivates a layout-mapping mechanism that better aligns physical data placement with
the logical multidimensional access structure of the computation.

The remainder of this chapter substantiates this motivation through controlled row-
summation case studies. We first compare linear and transposed physical layouts that
exhibit the minimum and maximum possible intra-warp cache utilization for aligned FP32
accesses. We then analyze how their utilization affects intrinsic and effective cache-sector
reuse distances and validate the predicted effects using cache-access wavefronts, warp
stalls, cache hit rates, memory traffic, and execution time measured on real hardware.

3.1 Case Studies: Row Summation
We present two row-summation case studies with identical logical computations and
thread mappings but different physical layouts: linear and transposed. Their contrasting
intra-warp cache utilization allows us to examine its effects on cache reuse, cache-access
wavefront generation, and execution performance.

3.1.1 Row Summation under Linear Layout

In this case study, we are given N matrices of size Q × K. For each row, we sum the
corresponding elements across all matrices, yielding an output vector of Q elements , as
illustrated in Figure 3.2. All elements are of type FP32 (4 bytes each). Each output
element is assigned to one thread and computed independently. Listing 3.1 presents the
CUDA kernel, in which the output vector and input matrices reside in global memory.
The summation loop iterates K times, accessing the j-th column of all matrices in each
iteration. The case study therefore exhibits a streaming access pattern in which each
element is accessed exactly once.

The parameters are chosen as follows. The width K is a multiple of 32 to ensure
that consecutive physical rows reside in different cache lines and that the first element of
each physical row is always aligned to a cache-line boundary.1 The height Q is likewise a
multiple of 32 to ensure full warps and must not exceed the number of threads the GPU
can schedule concurrently. The parameter N controls both the reuse distance and the
total number of memory requests issued during kernel execution.

Under this setting, each thread within a warp accesses an element from a distinct
logical row but the same logical column. Figure 3.3 illustrates the cache-line organization
of a 32× 32 logical input sub-matrix under the linear layout. Since consecutive physical

1Global memory allocations are guaranteed to be at least 256-byte aligned.
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σi = ai,1 ai,2 . . . ai,K

M1

K elements

+ . . . + zi,1 zi,2 . . . zi,K

MN

N matrices

Q rows

Figure 3.2: Logical concept of the row-summation case study. The summation of the
corresponding rows of matrices M1 through MN yields the vector V ; the elements shown
in gray illustrate the contributing elements of the i-th row.

Listing 3.1: CUDA kernel for row-summation case study. Each thread accumulates the
elements of a single logical row across all N input matrices. Ellipses denote omitted
intermediate matrix arguments.
__global__ void sumRows(float *__restrict__ v,

float *__restrict__ m1, ..., float *__restrict__ mN) {
int i = blockIdx.x * blockDim.x + threadIdx.x;
float vi = 0;
for (int j = 0; j < K; j++) {

vi += m1[i * K + j] + ... + mN[i * K + j];
}
v[i] = vi;

}

rows are separated by at least one cache line, the 32 addresses generated by a warp
map to 32 distinct cache sectors and 32 distinct cache lines. Accordingly, its intra-warp
cache-sector and cache-line utilizations are

U(sector) = 128

32× 32
=

1

8
, U(line) = 128

32× 128
=

1

32
.

The low sector utilization leaves most of each fetched sector for later loop iterations.
Exploiting this spatial locality therefore requires the sectors to remain resident until those
accesses occur. The low line utilization additionally distributes the sectors across many
cache lines, preventing their cache accesses from being consolidated and causing the warp
load instruction to generate multiple cache-access wavefronts. The following analyses
focus exclusively on memory loads and exclude the final store to the output vector.2

2The output is a 1 × Q row vector stored contiguously in memory; the final store therefore exhibits
full sector- and line-level utilization.
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Cache sector: 32 bytes

Cache line: 128 bytes

Figure 3.3: Cache-line organization of a 32 × 32 logical input sub-matrix accessed by a
warp under the linear layout. Thick and thin boundaries indicate cache lines and sectors,
respectively. The alternating checkerboard pattern distinguishes adjacent cache-sector
regions and emphasizes the cache-sector boundaries. Shaded elements indicate the matrix
elements accessed by a warp during the first iteration of the summation loop.
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3.1.2 Row Summation under Transposed Layout

This case study mirrors the row-summation kernel of Section 3.1.1, except that the input
matrices are transposed in global memory prior to kernel invocation,3 effectively recasting
the computation as a column summation from the perspective of the memory subsystem.
The mapping onto the hardware is identical to the row summation counterpart, with
the sole difference being the index expression used to access the matrices within the
accumulation loop, as highlighted in Listing 3.2.

Listing 3.2: CUDA kernel for the row-summation case study under the transposed layout.
Each thread accumulates elements along a single logical column of the transposed input
matrices. The highlighted index expression marks the only difference from Listing 3.1.
__global__ void sumRowsT(float *__restrict__ v,

float *__restrict__ m1, ..., float *__restrict__ mN) {
int i = blockIdx.x * blockDim.x + threadIdx.x;
float vi = 0;
for (int j = 0; j < K; j++) {

vi += m1[ j * Q + i ] + ... + mN[ j * Q + i ];
}
v[i] = vi;

}

Because the transposed layout places elements of the same logical column in consecu-
tive memory locations, all threads in a warp now advance through memory in lockstep, row
after row of the transposed matrix, as illustrated in Figure 3.4. Because the 32 threads
access contiguous 4-byte elements spanning four adjacent cache sectors within a single
cache line, both utilization metrics are maximal:

U(sector) = 32× 4

4× 32
= 1, U(line) = 32× 4

1× 128
= 1.

The instruction thus consumes all data fetched on its behalf and does not depend on
subsequent instructions to access the remaining contents of the sectors. Concentrating the
four requested sectors within one cache line also allows their accesses to be coalesced into a
single cache-access wavefront. The transposed layout consequently provides a controlled
example of how higher intra-warp cache utilization reduces both dependence on cross-
instruction spatial reuse and pressure on the cache-access pipeline.

3Transposition is generally impractical as a optimization strategy due to the additional preprocessing
overhead; it serves here solely as a controlled baseline for comparison.
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Figure 3.4: Cache-line organization of the 32× 32 logical input sub-matrix accessed by a
warp under the transposed layout. Compared with Figure 3.3, the physical organization
is transposed while the shaded elements represent the same logical accesses performed
during the first iteration of the summation loop. Thick and thin boundaries indicate
cache lines and sectors, respectively.

3.2 Reuse-Distance Analysis
We first discuss the reuse distance under the assumption that contention in the mem-
ory subsystems is absent, and then progressively incorporate the effect of contention
to describe how it amplifies reuse distance. For brevity, we hereafter refer to the row-
summation kernels under the linear and transposed layouts as the linear-layout case and
the transposed-layout case, respectively. Under the aligned FP32 accesses considered here,
the two cases exhibit the minimum and maximum possible intra-warp cache utilization.

We note that the GPU sector cache fetches data at sector granularity but evicts at
cache-line granularity. In general, this implies that cache misses should be characterized
using reuse distance (Section 2.5.1) at both granularities. Although their resulting dis-
tances are not numerically identical, the access patterns considered here traverse each
cache line monotonically from its first sector to its last. Sector- and line-granularity reuse
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distances therefore exhibit the same qualitative behavior. Because the following anal-
ysis focuses on this behavior rather than exact reuse-distance values, we consider only
sector-granularity reuse distance.

3.2.1 Intrinsic Reuse Distance

The intrinsic reuse distance refers to the reuse distance induced solely by instruction or-
dering and warp scheduling, excluding the effects of memory-subsystem contention and
pipeline backpressure. Under this optimistic assumption, the memory subsystem is mod-
eled with unlimited hardware resources and infinite-sized queues that never stall the
instruction stream. Consequently, as long as the warp scheduler selects an eligible warp
with resolved dependencies, its instructions can always be dispatched through the mem-
ory pipeline. Because reuse-distance analysis requires an ordered memory-access trace
(Section 2.5.1), the intrinsic reuse distance is determined by (1) the static instruction
order, including interleaved dependencies, and (2) the dynamic execution order imposed
by warp scheduling. The static instruction order can be obtained from the SASS code,
which is the final compilation artifact executed by the hardware. Modeling the dynamic
execution order, however, requires additional assumptions because many hardware details
are undisclosed.
Cache-Structure Assumption We assume that the cache hierarchy is dedicated to

global-memory data accesses. In particular, no shared memory is allocated from
the L1 cache, and instruction-fetch traffic is excluded from the L2 cache. Because
this analysis focuses only on intrinsic reuse distance rather than quantitative miss-
rate modeling, the cache associativity and replacement policy are not considered.

Warp-Scheduling Assumption We use a GTO warp-scheduling policy (Section 2.5.2).
GTO is widely used as a baseline model in GPU scheduling studies [60], [61], [62],
[63], although the precise scheduling policies are undocumented. We interleave the
requests of concurrently executed warps following the approach of Kiani et al. [40].
Reuse distance is analyzed for a representative warp, as suggested by GPUMech [44],
to approximate the behavior of the remaining warps. Because the kernels in our
case study do not exhibit control divergence, all warps are expected to follow similar
execution trajectories and may therefore be treated interchangeably.

Transposed-Layout Case

The transposed-layout case exhibits a simple reuse-distance characteristic: all accesses
have infinite intrinsic reuse distance, independent of both static instruction order and
dynamic warp scheduling. A load instruction issued by a warp accesses four sectors within
a single cache line and achieves full cache-sector utilization. Because the access pattern
is purely streaming, every sector is accessed exactly once and is therefore compulsory.
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The fetched sectors are then immediately consumed by the issuing warp, and neither
instruction interleaving nor warp scheduling can interrupt it before the accesses complete.

Linear-Layout Case

The linear-layout case behaves differently. A single load instruction issued by a warp
accesses 32 distinct sectors distributed across 32 cache lines, yielding low cache-sector
and cache-line utilization. Although the first accesses to these sectors are compulsory,
subsequent accesses to elements residing in the same sector may be reused later. Whether
these sectors remain resident in the cache depends on the reuse distance introduced by
instruction ordering and warp scheduling.

To analyze this behavior, we first examine the instruction ordering and dependency
interleaving introduced by loop unrolling. The compiler-selected unrolling factor enables
multiple accesses to the same input matrix within a single loop iteration. Load and use
instructions from different input matrices are then statically interleaved. We define a
stall-free load sequence (SFLS) as a maximal sequence of load instructions that can be
issued continuously without stalling. Under the optimistic assumption used for intrin-
sic reuse distance, such stalls arise only from unresolved dependencies. The scheduler
therefore continues issuing instructions from the same warp throughout an SFLS, while
the dependent use instructions that follow may allow another warp to be selected.4 List-
ing 3.3 shows an excerpt of an example instruction order involving three input arrays and
an unrolling factor of 4. In this example, the instruction stream forms three SFLSs.

The intrinsic reuse distance of the linear-layout case can be categorized into three
cases according to the referenced sector:

1. the sector has never been accessed before,
2. the sector was previously accessed in another SFLS, or
3. the sector was previously accessed earlier within the same SFLS.

Note that SFLSs from different loop iterations are considered distinct. The first access to
a previously unseen sector (Case 1) always has infinite intrinsic reuse distance.

For sectors reused across SFLS boundaries (Case 2), the scheduler may issue instruc-
tions from other warps before the original warp resumes execution. Their accesses are
therefore interleaved into the memory-access trace. Moreover, because the matrix width
K is chosen such that each matrix row occupies exactly one cache line, different threads
of a warp access disjoint cache lines and sectors. These intervening accesses therefore do
not reference the sector being reused and only increase the number of distinct sectors ac-
cessed before reuse, resulting in a long reuse distance. Although the exact reuse distance
depends on the detailed instruction ordering and scheduling behavior, accesses crossing
SFLS boundaries consistently exhibit the longest finite intrinsic reuse distances.

4Compilers may therefore favor fewer, longer sequences when sufficient registers are available.
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In contrast, sectors reused later within the same SFLS (Case 3) incur substantially
shorter intrinsic reuse distances because fewer interleaved accesses occur before reuse.
However, in the linear-layout case, such reuse occurs only when the loop-unrolling factor
exceeds one. Across all evaluated values of N , the resulting reuse distances remain within
the cache capacity.

Listing 3.3 illustrates all three cases. The accesses to M1[i], M2[i], and M3[i] cor-
respond to Case 1 when i is a multiple of the number of elements per cache sector.
Otherwise, the corresponding sectors were accessed during a preceding loop iteration and
the accesses correspond to Case 2. The accesses to M1[i+1] and M2[i+1] are examples
of Case 3 because the corresponding sectors were accessed earlier in the same SFLS. The
accesses to M3[i+1], M1[i+2], and M2[i+2] are examples of Case 2 because the previous
accesses to the same sectors occurred in SFLS1. Likewise, the access to M3[i+2] is an
example of Case 3 because the corresponding sector was previously accessed by M3[i+1]
within SFLS2. Finally, the accesses to M1[i+3], M2[i+3], and M3[i+3] are all examples
of Case 2 because their previous accesses occur in earlier SFLSs.

3.2.2 Effective Reuse Distance

Effective reuse distance extends intrinsic reuse distance by accounting for additional stall
events introduced by contention in the memory subsystem. Owing to its minimum cache-
line utilization, the linear-layout case distributes each warp load across 32 cache lines and
generates substantially more cache-access wavefronts than the transposed-layout case.
When many such accesses are issued within a short interval, the available memory-level
parallelism becomes limited by hardware resources such as cache ports, cache-bank con-
flicts, and MSHRs [23], [25], [40], [64]. Its minimum cache-sector utilization also causes
each cache miss to transfer a full sector while consuming only one-eighth of its data. The
resulting traffic increases pressure throughout the memory hierarchy, including the NoC
and DRAM subsystem [45].

This contention increases the queuing delay incurred by memory requests. As out-
standing requests accumulate, hardware resource limits may eventually constrain instruc-
tion issuance, preventing additional instructions from entering the queues. Once queue
capacity is exhausted, issuance is suspended until sufficient entries become available. We
refer to such stalls as throttle stalls. By delaying the remaining instructions of a warp
and allowing accesses from other warps to intervene, throttle stalls increase the effective
reuse distance beyond its intrinsic value.

The effective reuse distance is obtained by incorporating throttle stalls into the instruc-
tion stream. In the absence of throttle stalls, accesses reused later within the same SFLS
(Case 3) can be issued continuously without interruption. In the linear-layout case, how-
ever, the low cache-line utilization of the load instructions generates many cache-access
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Listing 3.3: An excerpt of an example in-
struction order for accesses to three matri-
ces, M1, M2, and M3, with an unrolling fac-
tor of 4. Consecutive load instructions form
stall-free load sequences (SFLSs), shaded
with alternating backgrounds.

// SFLS1:
a0 = M1[i]
b0 = M2[i]
c0 = M3[i]
a1 = M1[i+1]
b1 = M2[i+1]
// Dependency boundary:
use a0, b0, c0, a1, b1

// SFLS2:
c1 = M3[i+1]
a2 = M1[i+2]
b2 = M2[i+2]
c2 = M3[i+2]
// Dependency boundary:
use c1, a2, b2, c2

// SFLS3:
a3 = M1[i+3]
b3 = M2[i+3]
c3 = M3[i+3]
// Dependency boundary:
use a3, b3, c3

Listing 3.4: A possible execution order de-
rived from Listing 3.3 after throttle stalls
are introduced. Shading patterns match
Listing 3.3 to track how individual SFLSs
split across throttle boundaries.

// SFLS1:
a0 = M1[i]
b0 = M2[i]
c0 = M3[i]
// Throttle boundary
// SFLS1-continued:
a1 = M1[i+1]
b1 = M2[i+1]
// Dependency boundary:
use a0, b0, c0, a1, b1

// SFLS2:
c1 = M3[i+1]
a2 = M1[i+2]
b2 = M2[i+2]
// Throttle boundary
// SFLS2-continued:
c2 = M3[i+2]
// Dependency boundary:
use c1, a2, b2, c2

// SFLS3:
a3 = M1[i+3]
b3 = M2[i+3]
c3 = M3[i+3]
// Dependency boundary:
use a3, b3, c3

wavefronts, creating contention that may trigger a throttle stall before the subsequent
reuse is issued.

When memory-subsystem contention is considered, a throttle stall conceptually intro-
duces a new boundary within an original SFLS, dividing it into multiple smaller issue
sequences. Although the reuse categories remain unchanged, accesses that would intrin-
sically be reused within the same SFLS may effectively cross a stall-induced boundary
and allow accesses from other warps to intervene. More reuses therefore exhibit the be-
havior of Case 2 rather than Case 3, increasing their effective reuse distance. Listing 3.4
illustrates one possible stall-induced division of the instruction stream in Listing 3.3. Com-
pared with the original instruction order, the accesses to M1[i+1] and M3[i+2] now cross
stall-induced boundaries and consequently exhibit longer effective reuse distances.
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3.3 Experimental Validation
The preceding analysis established how intra-warp cache utilization affects both cache
reuse and memory-pipeline pressure. In the linear-layout case, minimum cache-sector uti-
lization leaves most of each fetched sector to be accessed by subsequent instructions, mak-
ing cache effectiveness dependent on the resulting reuse distance. Its minimum cache-line
utilization also causes each warp load to generate many cache-access wavefronts, intro-
ducing contention that may further increase the effective reuse distance. By contrast, the
transposed-layout case achieves maximum utilization at both granularities: each fetched
sector is fully consumed by the issuing instruction, and the requested sectors are consoli-
dated within a single cache line.

In this section, the case-study kernels were executed on real hardware to validate the
predicted consequences of the reuse-distance analysis and assess their impact on actual
performance. Execution time and detailed hardware performance counters were collected
using NVIDIA Nsight Compute (Section 2.9).

Both kernels were evaluated on an NVIDIA GeForce RTX 4080 GPU, which is based
on the Ada Lovelace microarchitecture and comprises 76 SMs with 128 CUDA cores each,
co-scheduling up to 48 warps per SM, for a total capacity of 3,648 warps (116,736 threads).
We used Q = 58,368 to achieve 50% occupancy,5 with each SM hosting 24 warps, striking
a balance between sufficient occupancy to observe the bottlenecks and avoiding excessive
reuse distances that would accelerate cache thrashing (Section 3.3.3). The width was fixed
at K = 32, which equals the number of FP32 elements in a 128-byte cache line. Larger
values of K that are multiples of 32 would merely replicate this access pattern without
altering its fundamental cache behavior. The block size was set to 32 threads (1 warp),
as the threads in both kernels neither communicate within blocks nor exhibit sensitivity
to warp scheduling, making other multiples of 32 equivalent in behavior.

3.3.1 Cache-Access Wavefronts

Reuse distance alone does not characterize how efficiently a warp instruction uses the
cache data fetched on its behalf or how much work it introduces into the cache pipeline.
The transposed-layout case has no finite sector reuse because every fetched sector is fully
consumed by a single warp instruction. The linear-layout case instead accesses each sector
over multiple instructions. This cross-instruction spatial reuse arises precisely because
each instruction consumes only one-eighth of every fetched sector.

The difference in intra-warp cache-line utilization determines how the requests are pre-
sented to the L1 cache. A cache-access wavefront comprises cache-line requests processed

5In this case study, occupancy is independent of N , as the register allocator maintains peak register
usage below the occupancy-limiting threshold.
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together by the cache data stage (Section 2.6). In the transposed-layout case, the four
sectors requested by a warp load reside within one cache line. Its maximum cache-line
utilization therefore allows the accesses to be coalesced into a single wavefront. In the
linear-layout case, the 32 requested sectors reside in 32 distinct cache lines. Its minimum
cache-line utilization consequently causes each warp load to generate 32 wavefronts, one
for each requested line.

Figure 3.5 reports the number of wavefronts processed by the L1 cache across different
values of N . The results highlight the fundamental distinction between the two memory
layouts. The transposed-layout case consistently generated a small number of wavefronts
because each cache line is accessed in a consolidated manner. In contrast, the linear-
layout case generated substantially more wavefronts due to the low intra-warp cache-line
utilization. Although later accesses may still exhibit reuse at the sector level, each of
the 32 sectors must be serviced independently. This increase in memory traffic does not
directly imply poor cache effectiveness; however, it establishes the conditions for memory-
system contention and throttle stalls.
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Figure 3.5: Number of wavefronts processed by the data stage of the L1 cache.

3.3.2 Scoreboard Stalls and Throttle Stalls

The larger number of wavefronts generated by the linear-layout case places additional
pressure on the memory hierarchy, which leads to increased L2-cache access traffic, higher
MSHR occupancy, and greater interconnect and DRAM request rates, all of which intro-
duce queuing delays that are not presented by the intrinsic reuse distance. When such
delays accumulate, instruction issuance becomes limited by hardware resource constraints,
resulting in LG throttle stalls.6 In this regime, instructions are prevented from issuing even

6LG denotes local and global memory.
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after their dependencies have been resolved due to the unavailability of memory-system
resources. In contrast, dependency-induced delays are captured by long scoreboard stalls,7

which reflect the latency of outstanding global memory operations.
Figure 3.6 reports the normalized warp stall time attributed to long scoreboard stalls

and LG throttle stalls. Stall time is normalized by the number of input matrices (N)
to remove the linear increase in execution work as it grows, thereby exposing the effect
of memory-system contention independently of kernel size. The transposed-layout case
exhibited nearly constant long scoreboard stall time and negligible LG throttle stall time
across all values of N , indicating that its high cache-line utilization causes little contention
in the cache-access pipeline. The linear-layout case likewise exhibited long scoreboard
stalls as warps waited for outstanding memory operations. More importantly, its normal-
ized LG throttle stall time increased with N , showing that the wavefronts generated by
its minimum cache-line utilization progressively saturate memory-system resources. Its
measured long scoreboard stall time was lower because dependency waiting can overlap
with or follow periods of throttle stalling.
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Figure 3.6: Normalized warp stall breakdown. Stall time is normalized by the number of
input matrices (N). Distinct stall reasons are stacked to illustrate their contributions to
the total stall time.

These results validate the distinction between intrinsic and effective reuse distance.
Memory-subsystem contention introduces throttle stalls that interrupt otherwise stall-
free load sequences and allow additional accesses from other warps to intervene. The
resulting effective reuse distances are therefore longer than those predicted by instruction
ordering and warp scheduling alone. Whether these longer distances cause cache misses
depends on the cache’s ability to retain partially consumed sectors until their remaining
data are accessed, which is examined next.

7Long scoreboard stalls correspond to waiting for high-latency global-memory accesses. In contrast,
short scoreboard stalls are associated with lower-latency shared-memory accesses.
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3.3.3 Cache Effectiveness and Performance

After establishing the reuse-distance characteristics and the resulting stall behavior, Fig-
ure 3.7 examines their impact on cache effectiveness through the observed cache hit rates.
In the transposed-layout case, each warp load accesses four sectors within a single cache
line and fully consumes the fetched data. Because the access pattern is streaming, none
of these sectors is accessed again. Every access is therefore compulsory, yielding 0% hit
rates in both the L1 and L2 caches. Although this behavior appears unfavorable from the
perspective of cache hit rates, it merely reflects the absence of reuse rather than inefficient
use of the fetched data.
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Figure 3.7: L1 and L2 cache hit rates.

The linear-layout case instead consumes each sector across eight separate load instruc-
tions because each instruction accesses only one of its eight FP32 elements. Following the
initial compulsory miss, the remaining seven accesses can therefore hit in the cache, giving
an ideal L1 hit rate of 87.5%. The corresponding L2 hit rate remains 0% if all reuses are
satisfied by the L1 cache. This ideal behavior was observed only at small values of N . In
particular, when N = 1, the compiler selected an unrolling factor of eight, placing all eight
accesses to a sector within a single SFLS. The sector is therefore fully consumed before
warp scheduling can introduce cross-SFLS reuse, eliminating the long finite intrinsic reuse
distances associated with Case 2.

Even with this near-ideal hit rate, the linear-layout case remained slower than the
transposed case. Retaining the partially consumed sectors avoids repeated fetches from
lower cache levels, but it does not reduce the 32 cache-access wavefronts generated by each
load instruction. The resulting cache-pipeline pressure and queuing delays demonstrate
that minimum intra-warp cache-line utilization can degrade performance even when the
cache successfully preserves the spatial locality left for subsequent instructions.

As N increases, accesses to more input matrices are interleaved within the instruction
stream, placing more distinct sectors between consecutive accesses to the same sector.

54



Increasing register pressure may also shorten SFLSs, causing more reuses to cross SFLS
boundaries. Together, these effects increase the intrinsic reuse distance, while the resulting
memory-system contention further increases the effective reuse distance. Consistent with
these effects, capacity and conflict misses progressively reduced the L1 hit rate, leaving
the L1 cache largely ineffective for N ≥ 11. Reuses were then serviced increasingly by the
L2 cache or DRAM.

The resulting memory traffic is quantified in Figure 3.8, which reports the number
of sectors fetched at each level of the memory hierarchy. A single input matrix occupies
233,472 sectors; therefore, the gray dotted reference line corresponds to 233,472N sectors,
representing the minimum number of sector fetches required to access each input matrix
once. The transposed-layout case followed this baseline because each fetched sector was
fully consumed by one warp instruction. By contrast, the linear-layout case issued 8 L1
sector accesses for every sector of input data, consistent with its cache-sector utilization
of 1/8. Its L1 sector count was therefore uniformly 8× the reference value, even when
the subsequent accesses hit in the L1 cache. As cache effectiveness deteriorated, the same
sectors had to be fetched repeatedly from the L2 cache and DRAM, increasing traffic
throughout the lower memory hierarchy.
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Figure 3.8: Number of sectors fetched from DRAM, L1, and L2. The gray dotted ref-
erence line indicates the total data volume of the N input matrices (233,472N sectors).
Annotations show the ratio relative to the reference; ratios are omitted for the transposed-
layout case, where they are uniformly 1×, and for the L1 count in the linear-layout case,
which is uniformly 8×.

The additional sector fetches in the linear-layout case increase pressure on the lower
memory hierarchy, exacerbating memory-system contention and the associated queuing
delays and throttle stalls (Figure 3.6). These effects accumulate as N increases and
ultimately manifest as a widening execution-time gap between the linear- and transposed-
layout cases, as shown in Figure 3.9.
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Figure 3.9: Elapsed kernel-execution times. Annotations indicate the slowdown ratio of
the linear-layout kernel relative to the transposed-layout baseline.

3.4 Problem Statement
The analysis reveals that the performance degradation originates from a mismatch be-
tween the logical access structure of the computation and the linear physical memory
layout used by global memory. This mismatch distributes the addresses requested by a
warp across many cache sectors and lines, resulting in low intra-warp cache utilization.

Low cache-sector utilization causes each warp instruction to consume only a small
fraction of the data fetched on its behalf. The remaining data must be accessed by
subsequent instructions, making cache effectiveness dependent on sufficiently short reuse
distances and successful retention of partially consumed sectors. Low cache-line utilization
instead distributes the requested sectors across many cache lines, increasing cache-access
wavefront generation and pressure on the memory subsystem. The resulting contention
introduces queuing delays and throttle stalls, directly degrading performance and further
increasing effective reuse distances. Poor intra-warp cache utilization therefore harms
performance through both inefficient use of fetched cache data and increased memory-
pipeline contention.

To address this mismatch, this work develops a memory-layout mapping mechanism
that aligns the physical placement of data with the logical access structure of the compu-
tation, thereby improving intra-warp cache utilization without requiring manual restruc-
turing of application data layouts. Higher cache-sector utilization reduces dependence on
cross-instruction reuse and cache retention, while higher cache-line utilization consolidates
cache accesses into fewer wavefronts. Together, these effects alleviate memory-system
contention, shorten effective reuse distances, improve cache effectiveness, and ultimately
enhance performance.
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Chapter 4
Related Work

The motivation (Chapter 3) shows that the performance degradation caused by unco-
alesced memory accesses arises from two closely related effects. First, low intra-warp
cache-line utilization distributes the sectors requested by a warp across many cache lines,
increasing cache-line occupancy, cache-access wavefront generation, and pressure on the
memory subsystem. Second, low intra-warp cache-sector utilization leaves much of each
fetched sector to be consumed by subsequent instructions, making cache effectiveness
dependent on sufficiently short reuse distances. Instruction interleaving and memory-
system backpressure may extend these distances, causing partially consumed sectors to
be evicted before their remaining data are accessed. Prior work has addressed these ef-
fects by restructuring memory-access patterns, managing cache resources, staging data in
software-managed memory, or reorganizing the physical placement of data.

These approaches intervene at different stages of memory access. Access-pattern trans-
formations modify the computation or thread-to-data mapping so that warps generate
more favorable address distributions. Cache-management techniques regulate memory
requests after they have been generated, typically by controlling insertion, retention, by-
passing, or scheduling. Scratchpad-based techniques explicitly stage data in software-
managed scratchpad memory to exploit reuse and improve access regularity. Memory-
layout techniques instead reorganize physical data placement so that the original compu-
tation achieves higher intra-warp cache utilization. This chapter reviews representative
work in these directions and identifies their limitations.

4.1 Access-Pattern Transformations
Access-pattern transformations restructure the computation so that warp instructions
generate more favorable address distributions. Rather than changing the memory hierar-
chy or physical data layout, these techniques modify the mapping between threads and
data, the traversal order of the computation, or both. Such transformations can improve
intra-warp cache utilization by concentrating the addresses requested by a warp within
fewer cache sectors and cache lines.

Fauzia et al. [65] address uncoalesced accesses through thread remapping. Their frame-
work dynamically identifies inefficient memory accesses in PTX code and applies polyhe-
dral analysis to derive alternative thread-to-data mappings that reduce access strides. By
permuting thread geometries, the approach can improve intra-warp cache utilization and,
correspondingly, memory coalescing. However, the transformed accesses are not guar-

57



anteed to become unit stride. Their requested sectors may therefore remain distributed
across multiple cache lines, while each fetched sector may still be only partially consumed
by a warp instruction. The row-summation kernel in Listing 3.2, for example, cannot
attain maximal utilization through thread remapping alone without changing the corre-
spondence between threads and output elements. Similarly, Khan et al. [66] propose a
script-based autotuning framework that explores alternative data-placement and thread-
mapping strategies through transformation recipes. These transformations can improve
cache utilization by changing which data are accessed concurrently by a warp, although
their effectiveness depends on finding a suitable mapping and may require substantial
restructuring of the original computation.

More general polyhedral frameworks, such as PPCG [67], attempt to bridge the gap
between high-level programs and efficient GPU implementations. PPCG applies mul-
tilevel tiling and separates locality optimization from parallelization decisions, allowing
thread-block configurations to be chosen independently of shared-memory and register al-
locations. By reorganizing loop nests and thread mappings, PPCG can improve temporal
reuse and concentrate concurrent accesses within fewer cache sectors and lines. These ben-
efits, however, arise through extensive transformation of the iteration space and execution
mapping rather than through a change in the physical memory layout.

Collectively, access-pattern transformations improve memory behavior before requests
enter the memory hierarchy. They may increase intra-warp cache-sector and cache-line
utilization by changing which addresses are generated together by a warp. However,
they generally require nontrivial changes to loop structure or thread mapping, and the
transformed access distribution is not guaranteed to achieve high utilization at either
cache granularity.

4.2 Hardware Cache-Management Techniques
Rather than modifying the address distribution generated by each warp, hardware cache-
management techniques mitigate its consequences at runtime. These approaches cannot
directly improve intra-warp cache-sector or cache-line utilization because the requested
addresses have already been determined. Instead, they seek to preserve partially consumed
cache data across long reuse distances, reduce cache pollution and thrashing, or limit the
memory-system contention caused by large numbers of cache-line requests and wavefronts.

One prominent direction is locality-aware warp scheduling. Low cache-line utilization
can cause a single warp instruction to occupy many cache lines and generate many con-
current cache requests, allowing the aggregate working set of resident warps to exceed the
L1 cache capacity. Rogers et al. [38] propose cache-conscious wavefront scheduling, which
detects lost intra-wavefront locality using a victim-tag array and dynamically throttles
the number of active warps. By reducing inter-warp interference and limiting concur-
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rent memory requests, the scheduler seeks to preserve cache residency while alleviating
pressure on the memory subsystem.

Complementing scheduling-based approaches, Duong et al. [68] introduce protecting
distance, a cache-management mechanism that retains cache lines for approximately the
interval preceding their next reuse. The policy dynamically samples reuse-distance distri-
butions and estimates a protection interval intended to improve cache effectiveness. For
non-inclusive cache hierarchies, the design also bypasses the cache when no suitable victim
line is available. Building on these concepts, Chen et al. [69] combine reuse-distance-aware
cache bypassing with adaptive warp throttling to preserve useful cache contents while lim-
iting pressure on on-chip interconnect resources.

Another line of work uses locality information to guide cache insertion and retention.
Li et al. [70] propose a dynamic bypassing mechanism that separates tag and data storage,
allowing hardware to identify accesses with poor locality. Access streams with long reuse
distances can bypass the cache, preventing them from displacing data more likely to be
reused. Similarly, Seshadri et al. [71] introduce the evicted-address filter, which uses a
Bloom filter to distinguish high-reuse from low-reuse cache lines. By selectively retaining
only a subset of a thrashing working set, the mechanism reduces cache pollution and
conflict-induced thrashing. Koo et al. [72] further propose access-pattern-aware cache
management, which uses an exemplary warp to predict the locality characteristics of
individual load instructions. Based on these predictions, the hardware bypasses streaming
accesses or pins frequently reused cache lines, reducing cache contention and improving
cache effectiveness.

These techniques address the consequences of low intra-warp cache utilization after
memory requests have been generated. In particular, retention and protection mecha-
nisms can increase the probability that partially consumed sectors remain available for
subsequent accesses, while warp throttling and bypassing can reduce the contention asso-
ciated with requests distributed across many cache lines. However, they do not reduce the
number of sectors or cache lines touched by the original warp instruction. Their benefits
therefore rely on restricting concurrency, selectively discarding requests from the cache,
or introducing additional hardware structures and control logic.

4.3 Scratchpad-Memory Strategies
Scratchpad-memory strategies improve memory behavior by explicitly staging data in
software-managed shared memory rather than relying solely on hardware-managed caches.
Shared memory acts as a programmer- or compiler-managed buffer through which global-
memory accesses can be reorganized before the data are consumed. These techniques can
therefore improve the intra-warp cache utilization of the global-memory transactions used
for staging, even when the computation itself retains its original access structure.
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CUDA-Lite [73] is a seminal example of this approach. Using programmer annota-
tions, CUDA-Lite performs source-to-source transformations that automate data move-
ment between global and shared memory while generating coalesced global-memory ac-
cesses. Shared memory may be used even when no data reuse exists, serving primarily as a
staging buffer that converts non-unit-stride accesses into unit-stride transfers with higher
intra-warp cache-line utilization. However, the data must first be loaded into shared
memory and later consumed from it. The resulting data-movement and synchronization
overheads can outweigh the benefit unless they are hidden through techniques such as
double buffering [74], [75] or multistage pipelining [76].

Yang et al. [77] similarly use shared memory as a staging buffer to improve global-
memory access efficiency. Their compiler-generated transformation reorganizes global-
memory traffic through shared memory so that the staging loads and stores access fewer
cache lines and achieve more favorable coalescing behavior.

The same principle appears in broader compilation frameworks. Khan et al. [66]
combine thread remapping with shared-memory staging, allowing their autotuning frame-
work to optimize both computation mapping and data movement. PPCG [67] likewise
uses shared memory within its polyhedral code-generation framework to convert non-
unit-stride global-memory accesses into more consolidated transfers while preserving the
semantics of the original computation.

Collectively, scratchpad-memory strategies improve global-memory access efficiency
by replacing the original access stream with explicit staging transfers that achieve higher
intra-warp cache utilization. However, the improvement does not arise from changing the
physical layout of the original data. Instead, it requires additional loads, stores, synchro-
nization, and scratchpad capacity. Their effectiveness therefore depends on whether the
reduction in cache-line requests and memory-pipeline pressure outweighs the overhead of
staging the data through shared memory.

4.4 Memory-Layout Strategies
Memory-layout strategies improve memory behavior by changing how logical data struc-
tures are mapped to physical memory. Unlike access-pattern transformations, these ap-
proaches preserve the computation and its logical access structure. Instead, they reor-
ganize data so that elements accessed together by a warp are placed within fewer cache
sectors and cache lines, thereby improving intra-warp cache utilization.

Morton-order (Z-order) layouts [78] are a widely studied example. By recursively
interleaving coordinate bits, Morton layouts preserve proximity across multiple dimensions
and provide a compromise between row-major and column-major organizations. This
multidimensional locality can increase both cache-sector and cache-line utilization for
traversal patterns that would otherwise access widely separated locations under a linear
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layout. Wise et al. [79] show that Morton-order arrays naturally support cache-oblivious
algorithms [80] and can reduce page faults and translation lookaside buffer (TLB) misses
throughout the memory hierarchy. Thiyagalingam et al. [81] further demonstrate that
Morton layouts can avoid the pathological behavior of large-stride traversals, although
their effectiveness depends on proper alignment of array bases to page boundaries.

Related work has also investigated block-based layouts in conjunction with tiling trans-
formations. Park et al. [82] show that partitioning matrices into contiguous submatrices
can reduce TLB misses and eliminate self-interference misses in direct-mapped caches. By
placing the elements of each tile contiguously, block layouts reduce the number of cache
lines occupied by accesses within the tile and improve the utilization of the fetched cache
data across multiple levels of the memory hierarchy.

Memory-layout strategies directly address the physical organization that determines
intra-warp cache utilization. They can improve sector utilization by placing more of
the data consumed by a warp within each fetched sector and improve line utilization by
consolidating the requested sectors within fewer cache lines. However, existing approaches
often require explicit layout conversions and more complex address computations, whose
overheads can offset the resulting gains.

4.5 Summary and Limitations
Existing approaches improve GPU memory efficiency through four complementary direc-
tions. Access-pattern transformations change the computation or thread-to-data mapping
before requests reach the memory hierarchy. Hardware cache-management techniques
mitigate inefficient request streams through warp scheduling, cache bypassing, and reuse-
aware insertion or retention policies. Scratchpad-memory strategies reorganize global-
memory traffic through explicit staging in software-managed shared memory. Memory-
layout strategies instead change the physical placement of data to improve intra-warp
cache utilization without altering the logical computation. These directions are largely
orthogonal and can be combined to address distinct sources of memory-system inefficiency.

The approach proposed in this work belongs to the class of memory-layout strategies.
Unlike software-managed layouts, it exploits the hardware-managed block-linear organi-
zation already provided by the texture subsystem. It therefore requires neither explicit
layout conversion nor software implementation of layout-specific address computations.
Compiler-guided analyses and transformations transparently identify eligible data and
map them to this layout, allowing existing GPU programs to benefit without manual
code modification.

By improving intra-warp cache-sector utilization, the approach proposed in this work
allows each warp instruction to consume a larger fraction of the fetched sector data, reduc-
ing dependence on cross-instruction spatial reuse and cache retention. By improving intra-
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warp cache-line utilization, it consolidates the requested sectors within fewer cache lines,
reducing cache-line occupancy, cache-access wavefront generation, and memory-system
contention. These effects shorten effective reuse distances and improve cache effective-
ness and execution performance. Because the approach changes physical data placement
rather than the logical access pattern or hardware cache policy, it remains complementary
to access-pattern transformations, scratchpad-memory strategies, and hardware cache-
management techniques.
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Chapter 5
Texture Memory as a

Layout-Mapping Mechanism

The performance degradation originates from a mismatch between the logical access struc-
ture of the computation and the linear physical layout of global memory. This mismatch
distributes the addresses requested by a warp across many cache sectors and cache lines,
resulting in low intra-warp cache utilization. Low cache-sector utilization increases depen-
dence on retaining partially consumed sectors for subsequent accesses, while low cache-line
utilization increases cache-line occupancy and cache-access wavefront generation. To-
gether, these effects increase pressure throughout the memory system and ultimately lead
to greater memory-system contention.

This chapter investigates the hardware-managed block-linear layout provided by the
texture subsystem as a mechanism for addressing this mismatch. Unlike the conventional
linear layout, which preserves contiguity primarily along one dimension, the block-linear
layout groups elements from multiple logical dimensions within nearby physical locations.
It can therefore consolidate the addresses requested by a warp into fewer cache sectors
and cache lines, increasing both intra-warp cache-sector and cache-line utilization.

This observation establishes physical data placement as an alternative optimization
dimension to access-pattern transformation. The logical coordinates generated by the
computation need not change; instead, changing how those coordinates are mapped to
physical memory can alter the cache sectors and cache lines accessed by each warp in-
struction. Improving intra-warp cache utilization therefore does not necessarily require
restructuring the computation or remapping threads to data.

Texture memory exposes such a mapping through its block-linear organization (Sec-
tion 2.3.3). The texture subsystem performs the corresponding address computation
in hardware, allowing kernels to access multidimensional data without explicitly imple-
menting the physical layout mapping. Higher cache-sector utilization allows each warp
instruction to consume a larger fraction of the fetched sector data, reducing dependence
on cross-instruction spatial reuse. Higher cache-line utilization consolidates the requested
sectors within fewer cache lines, reducing cache occupancy, cache-access wavefront gen-
eration, and pressure on the downstream memory subsystem. These effects may also
shorten effective reuse distances and improve cache effectiveness. The degree of improve-
ment depends on how logical coordinates are mapped within the block-linear layout. This
organization is governed by layout parameters that determine the dimensions and inter-
nal arrangement of its physical blocks. The remainder of this chapter characterizes these
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parameters using the row-summation case study and analyzes how the resulting physical
organization affects intra-warp cache utilization, cache-access wavefront generation, reuse
distance, and execution performance.

5.1 Case Study on Texture Memory
To examine how the block-linear layout affects intra-warp cache utilization, we revisit the
row-summation case study under the linear layout (Section 3.1.1). Each thread again
accumulates one logical row across all input matrices, preserving both the computation
and the thread-to-data mapping. The only difference is that the input matrices are
allocated in texture memory and accessed through the texture subsystem. Each matrix is
represented as a two-dimensional texture object at the base mipmap level, with each FP32
matrix element stored as one texel. The terms matrix element and texel are therefore used
interchangeably.

Listing 5.1: CUDA kernel for the row-summation case study using texture memory. Com-
pared with Listing 3.1, the input matrices are represented as texture objects and accessed
through texture-fetch operations.
__global__ void sumRows(float *__restrict__ v,

cudaTextureObject_t m1 , ..., cudaTextureObject_t mN ) {
int i = blockIdx.x * blockDim.x + threadIdx.x;
float vi = 0;
for (int j = 0; j < K; j++) {

vi += tex2D<float>(m1, j, i) + ... + tex2D<float>(mN, j, i) ;
}
v[i] = vi;

}

Although the kernel generates the same logical coordinates as the linear-layout case,
texture memory maps those coordinates through a hardware-managed block-linear lay-
out. Elements that are widely separated under the linear layout may therefore occupy
nearby physical locations when they belong to the same block-linear region. The physi-
cal cache-sector and cache-line distribution of a warp instruction can consequently differ
substantially even though its logical access structure remains unchanged. The resulting
intra-warp cache utilization depends on the dimensions and internal organization of the
block-linear regions. We therefore first characterize their cache-sector and cache-line or-
ganization using controlled microbenchmarks. We then analyze how this organization
affects intra-warp cache-sector and cache-line utilization, cache-access wavefront genera-
tion, reuse distance, and performance in the row-summation case study.
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5.2 Block-Linear Layout Characterization
The block-linear layout is hierarchically organized into groups of bytes (GOBs) and larger
blocks, but the dimensions and internal arrangement of these structures are not publicly
documented in sufficient detail for the architectures evaluated in this work. Because this
physical organization determines how texture coordinates map to cache sectors and cache
lines, we characterize the layout empirically using controlled microbenchmarks.

The experiments isolated individual layout properties while minimizing cache-capacity
and contention effects. Throughout the characterization, we allocated a 58,368× 32 two-
dimensional texture of FP32 texels, matching the dimensions of the input matrices in
the row-summation case study. Each experiment issued only a small number of texture
requests so that the observed behavior primarily reflects texel placement rather than
interference within the memory hierarchy.

Because the L1 cache transfers data at cache-sector granularity but performs replace-
ment at cache-line granularity, the characterization proceeds at both levels. We first deter-
mine which texels share cache sectors and then identify how those sectors are grouped into
cache lines. These results provide the physical basis for evaluating intra-warp cache-sector
and cache-line utilization under the block-linear layout.

5.2.1 Texture-Fetch Operation

The characterization microbenchmarks access the texture through the two-dimensional
CUDA texture-fetch API. The same operation is later generated by the texture-access
transformation described in Section 6.2.4. For a scalar FP32 texture, the source-level
operation has the following form:

float value = tex2D<float>(texObj, x, y);

where texObj is a texture-object handle and x and y identify the requested texel. The
texture objects used in the characterization are configured with unnormalized coordinates,
point filtering, and element-type read mode. Thus, the supplied coordinates directly
identify a single texel, and each active thread requests one FP32 value.

The source-level operation is lowered to a PTX texture instruction with the following
representative form:

tex.2d.v4.f32.f32 {%f3, %f4, %f5, %f6}, [%rd1, {%f1, %f2}];

The 64-bit register %rd1 contains the texture-object handle, while %f1 and %f2 contain
the two floating-point texture coordinates. The v4 designation indicates that the PTX in-
struction exposes four scalar destination components. For a scalar FP32 texture, however,
only the first component contains the requested texel value; the remaining components
are not consumed by the program.
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In the generated SASS, these four logical components are represented by two desti-
nation operands, each denoting a pair of consecutive registers. For example, destination
operands R1 and R5 represent the physical-register pairs (R1, R2) and (R5, R6), respectively.
The texture fetch can therefore be viewed as producing two 2-component destination tu-
ples. When only the scalar texel value is required, the first component of the first tuple
contains the result, while the remaining components are unused. The second destina-
tion tuple is consequently encoded using the zero register RZ, avoiding the allocation of
registers for those unused outputs.

This paired-fetch behavior affects the sector count observed by probes placed near
a sector boundary, but it does not affect the cache-sector structure inferred from the
experiments. We therefore account for it during characterization but do not otherwise
consider it in the remainder of this work.

5.2.2 Cache-Sector Organization

We first characterize the two-dimensional region covered by a cache-sector transfer. Each
experiment issued one texture request containing two accesses: one to a fixed texel and
another to a texel displaced by a controlled offset. The displacement was varied inde-
pendently along the horizontal and vertical dimensions. If both texels reside in the same
cache sector, the request accesses only one sector. Crossing a sector boundary increases
the count to two. The number of requested sectors therefore reveals the spatial extent of
a sector under the block-linear layout.

Figure 5.1 summarizes the characterization of the cache-sector organization. Fig-
ures 5.1 (a) and 5.1 (b) present the horizontal and vertical distance probes, respectively.
Along the horizontal dimension, the number of requested sectors increased from one to two
when the texel separation reached four, whereas the transition occurred at a separation of
two texels in the vertical dimension. Figures 5.1 (c) and 5.1 (d) present the corresponding
phase scans, in which the texel separation is fixed to one while the origin is shifted. In
the horizontal scan, the number of requested sectors increased at origins x = 2, 6, 10, . . ..
These transitions occurred one texel before the physical sector boundaries because each
scalar texture fetch is executed as a two-component fetch that also accesses the immedi-
ately following texel. For example, a probe originating at x = 2 logically requests texels 2
and 3, but the paired fetches extend the effective access footprint through texel 4, thereby
reaching the next sector.

This prefetch-like behavior changes the observed access footprint but does not alter
the underlying cache-sector organization. After accounting for the additional fetched
component, the transitions still repeated every four texels and therefore confirmed a
horizontal sector extent of four texels. In the vertical scan, transitions occurred at every
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(a) Horizontal distance probe with origin (0, 0).
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(b) Vertical distance probe with origin (0, 0).
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(c) Horizontal phase scan with origin (x, 0)
and separation of one texel.
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(d) Vertical phase scan with origin (0, y) and
separation of one texel.

Figure 5.1: Characterization of the cache-sector organization. The horizontal and vertical
distance probes identify the sector boundaries, while the corresponding phase scans verify
that the boundaries repeat periodically across the texture.

odd origin, y = 1, 3, 5, . . ., confirming a vertical sector extent of two texels. Together, the
phase scans verify that the sector boundaries repeat periodically across the texture.

These observations indicate that a cache sector covers a 4×2 region of FP32 texels. The
result further constrains the dimensions of the underlying block-linear hierarchy. Because
texels are stored sequentially within the hierarchy, the horizontal extent of a GOB cannot
exceed four texels; otherwise, the sector boundary would be crossed at a larger horizontal
displacement. However, the experiment alone cannot uniquely determine the dimensions
of a GOB, as smaller hierarchical units may exhibit the same sector behavior.

5.2.3 Cache-Line Organization

The preceding experiment identifies which texels share a sector transfer but does not
reveal how sectors are grouped into cache lines for replacement. We therefore use selective
eviction to characterize the cache-line organization. The experiment first accessed a target
texel and a distant sentinel texel. A sequence of pressure accesses was then issued to
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occupy cache capacity while minimizing interference with unrelated regions of the texture.
Finally, the target and sentinel texels were accessed, and lookup misses were recorded.

The pressure sequence was adjusted until the target texel was consistently evicted
while the distant sentinel remained resident. This established a selective conflict pattern
that evicts the cache line containing the target texel without causing widespread cache
eviction.1 Because of the XYZ ordering, only sector regions that are horizontally or
vertically adjacent can belong to the same cache line. The distant sentinel is therefore
replaced by neighboring regions separated by the previously determined sector dimensions.
If a neighboring region remains resident after the target region has been evicted, the two
regions must reside in different cache lines. Conversely, if both regions are evicted together,
they are inferred to reside within the same cache line.

When the neighboring region immediately adjacent to the target in the horizontal
direction was tested, both the target and neighboring region were evicted together. The
same behavior was observed for the vertically adjacent region. These observations indicate
that the cache line extends across neighboring sector regions in both dimensions. The
smallest cache-line organization consistent with these observations is therefore a 2 × 2

arrangement of the previously measured sector regions. Because each region occupies one
32-byte sector, the resulting cache line occupies four sectors, corresponding to 128 bytes.

5.2.4 Inferred Block-Linear Organization

Combining the two experiments yields the locality structure exposed by the block-linear
layout. A cache sector spans a 4×2 region of FP32 texels, while a cache line spans a 2×2

arrangement of such regions, corresponding to an 8 × 4 region of FP32 texels. Logical
coordinates falling within these regions are therefore mapped to the same sector or line
despite spanning both texture dimensions.

Although this organization is consistent with a block-linear hierarchy in which sector-
and line-sized regions align with lower-level layout structures, the experiments observed
cache behavior rather than the hierarchy directly. We therefore interpret the results
conservatively as the cache-sector and cache-line organization exposed to texture accesses.

Figure 5.2 applies the inferred organization to the 32 × 32 logical input sub-matrix
accessed by the row-summation kernel. Rows correspond to the texels assigned to indi-
vidual threads, while columns correspond to successive iterations of the summation loop.
For a warp instruction accessing one logical column, every two adjacent threads address
texels within the same cache sector, and every four adjacent threads address texels within
the same cache line. The 32 addresses generated by the warp therefore access 16 sectors
distributed across 8 cache lines, compared with 32 sectors in 32 lines for the linear layout.

1The pattern may be further exploited to characterize the address-to-set mapping of the cache. Such
an analysis, however, is beyond the scope of this work.
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Cache sector: 16× 2 bytes Cache line: 32× 4 bytes

Figure 5.2: Cache-line organization of a 32 × 32 logical input sub-matrix accessed by a
warp under the inferred block-linear layout. Thick and thin boundaries indicate cache lines
and sectors, respectively. The alternating checkerboard pattern distinguishes adjacent
sectors. Shaded elements indicate the matrix elements accessed by the warp during the
first iteration of the summation loop.

Because each thread accesses one 4-byte texel, the corresponding intra-warp cache
utilizations are

U(sector) = 32× 4

16× 32
=

1

4
, U(line) = 32× 4

8× 128
=

1

8
.

The block-linear layout thus doubles cache-sector utilization and quadruples cache-line
utilization relative to the linear layout. Each warp instruction leaves less fetched sector
data for subsequent instructions and occupies fewer cache lines, reducing both dependence
on cross-instruction spatial reuse and cache-access wavefront generation.
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5.3 Cache-Access Wavefront Reduction
For global-memory accesses, each requested cache line generates a separate cache-access
wavefront (Section 3.3.1). The linear-layout row-summation kernel therefore generates
32 wavefronts per warp load, whereas the transposed-layout kernel generates only one.
Figure 5.3 compares these implementations with the texture-memory variant. By increas-
ing intra-warp cache-line utilization and reducing the number of requested cache lines
from 32 to 8, the block-linear layout substantially reduced the total number of wavefronts.
The texture-memory result consequently approached that of the transposed-layout kernel
despite preserving the original logical access structure.
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Figure 5.3: Number of cache-access wavefronts generated under three memory organi-
zations. The transposed- and linear-layout global-memory curves are reproduced from
Figure 3.5, with the texture-memory implementation added for comparison.

To understand this behavior, we investigate how the texture subsystem coalesces the
accesses generated by a warp and subsequently forms cache-access wavefronts. As dis-
cussed for the memory-access pipeline (Section 2.6), request coalescing groups the thread-
level accesses of a warp into memory-oriented requests, whereas each cache stage may
process those requests as one or more wavefronts. Microbenchmarking revealed that the
texture subsystem does not employ the same request-coalescing and wavefront-processing
rules as the global-memory path. In particular, both horizontal and vertical traversals
produced approximately 4 wavefronts per warp instruction despite exhibiting markedly
different cache-line footprints.

The profiler does not expose the individual lane-level accesses before request coalescing.
Nevertheless, targeted microbenchmarks indicated that the accesses generated by a warp
instruction were first coalesced into 4 independent requests, each corresponding to a fixed
group of 8 lanes. Cache-access wavefronts are then formed independently within each
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coalesced request. The exact rule used to merge accesses within an 8-lane group could
not be uniquely determined from the experiments and appears to depend on both the
spatial arrangement of the requested texels and their assignment to lanes.

Although texture memory generated more wavefronts than the transposed global-
memory case, it generated far fewer than the linear-layout case. The improvement arises
from both the higher cache-line utilization provided by the block-linear layout and the
wavefront-processing behavior of the texture subsystem. Together, these effects elimi-
nate the 32-wavefront behavior of the linear layout, reducing cache-pipeline pressure and
memory-system contention without modifying the logical computation.

5.4 Reuse Distance Reduction
The static instruction sequence and dynamic warp-scheduling order determine the order
of logical memory accesses, whereas the physical layout determines the cache sectors and
cache lines to which those accesses resolve. The block-linear layout therefore alters cache-
granularity reuse distance while preserving the computation and logical access sequence.

Under the linear layout, each warp load accesses 32 distinct cache sectors. The block-
linear layout reduces this footprint to 16 sectors by placing the texels requested by every
two adjacent threads within the same sector. Equivalently, the intra-warp cache-sector
utilization increases from 1/8 to 1/4. Because each instruction introduces fewer distinct
sectors into the memory-access trace, fewer sectors intervene between successive accesses
to a given sector. The block-linear layout therefore shortens the intrinsic cache-sector
reuse distances associated with reuse across SFLS boundaries (Case 2).

The same effect is stronger at cache-line granularity. The block-linear layout reduces
the footprint of each warp load from 32 to 8 cache lines, increasing intra-warp cache-line
utilization from 1/32 to 1/8. Each instruction consequently introduces fewer distinct
cache lines between successive accesses to the same line and occupies less cache capacity
while awaiting reuse. The shorter reuse distances and smaller intervening footprint reduce
the likelihood that partially consumed sectors and lines are evicted before their remaining
data are accessed.

Figure 5.4 confirms the resulting improvement in cache retention. Compared with the
linear-layout global-memory implementation, the texture-memory implementation main-
tained higher L1 hit rates as N increased. The improvement extended to the L2 cache,
which continued to satisfy a substantial fraction of accesses after the L1 cache became in-
effective. Fewer misses therefore propagated to DRAM, reducing lower-level sector traffic.
Figure 5.5 quantifies this reduction by comparing the number of sectors accessed in the
L1 cache and fetched from the L2 cache and DRAM under the two layouts.
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Figure 5.4: Cache hit rates under linear and block-linear layout. The linear-layout global-
memory curves are reproduced from Figure 3.7, with the texture-memory implementation
added for comparison.
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Figure 5.5: Number of sectors accessed in the L1 cache and fetched from the L2 cache
and DRAM for the row-summation case study under linear and block-linear layouts.
The linear-layout global-memory result is reproduced from Figure 3.8, with the texture-
memory implementation added for comparison. Annotations show the ratio relative to
the reference; ratios for the L1 count in the global-memory and texture-memory imple-
mentations are omitted as they are uniformly 8× and 4×, respectively.
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The block-linear layout also shortens effective reuse distance by reducing cache-access
wavefront generation and the resulting memory-system contention. Global-memory ac-
cesses are queued before entering the cache hierarchy, and excessive wavefront generation
manifests as LG throttle stalls when the queue becomes saturated (Section 3.3.2). Texture
memory follows the same principle through a dedicated texture queue, where contention
is reflected by the corresponding TEX throttle stalls.

Figure 5.6 compares the normalized warp stall time of the linear-layout global-memory
implementation with that of the texture-memory implementation. Stall time is normal-
ized by the number of input matrices (N) to remove the linear increase in instruction
count as the workload grows. Differences in instruction count between the implementa-
tions are considered separately later. The global-memory implementation was dominated
by LG throttle stalls because each warp load generates 32 cache-access wavefronts. Tex-
ture memory reduced this count to approximately 4 wavefronts per instruction, lowering
pressure on the texture pipeline. Its normalized throttle stall time therefore remained
lower across the evaluated values of N . The reduction indicates that fewer stall-induced
boundaries interrupt SFLSs, allowing fewer accesses from other warps to intervene before
reuse and thereby shortening effective reuse distance.
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Figure 5.6: Normalized warp stall breakdown under linear and block-linear layouts. Warp
stall time is normalized by the number of input matrices (N). The linear-layout global-
memory result is reproduced from Figure 3.6, with the texture-memory implementation
added for comparison. The throttle component denotes LG throttle for global memory
and TEX throttle for texture memory.

The higher cache-sector utilization, smaller cache-line footprint, and lower wavefront
count act together. Higher sector utilization reduces the amount of partially consumed
data that must remain resident for subsequent accesses. Higher line utilization reduces
both cache occupancy and the pipeline work required to serve each warp instruction. The
resulting reductions in intrinsic and effective reuse distance improve cache retention and
reduce traffic throughout the memory hierarchy.
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Figure 5.7 reports the aggregate performance effect under four memory organizations.
For the original row-summation access structure, texture memory reduced execution time
across all evaluated working-set sizes relative to linear-layout global memory. Applying
texture memory to the transposed access structure introduced moderate overhead, but
this penalty remained considerably smaller than the degradation caused by executing the
original access structure under the linear layout.
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Figure 5.7: Execution time under four memory organizations. The transposed- and linear-
layout global-memory results are reproduced from Figure 3.9, with the corresponding
block-linear and transposed block-linear implementations added for comparison.

These results establish the block-linear layout as an effective layout-mapping mech-
anism. By increasing intra-warp cache-sector utilization, it reduces dependence on re-
taining partially consumed sectors and shortens intrinsic reuse distance. By increasing
cache-line utilization and altering texture-pipeline wavefront formation, it reduces cache
occupancy, wavefront generation, and throttle stalls, thereby shortening effective reuse
distance. Together, these effects improve cache retention, reduce lower-level memory traf-
fic, and narrow the performance gap between the original and transposed access structures
without modifying the logical computation.
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Chapter 6
AutoTex Compiler Framework

In this work, we propose AutoTex, a compiler-guided approach that addresses the mis-
match (Chapter 3) between logical access structure and physical memory layout. Auto-
Tex exploits the hardware-managed block-linear layout of texture memory (Chapter 5)
to improve intra-warp cache utilization. Under the linear global-memory layout, logically
related addresses requested by a warp may be distributed across many cache sectors and
cache lines. AutoTex instead maps eligible multidimensional data objects to texture mem-
ory, allowing the block-linear layout to consolidate these addresses into fewer sectors and
lines. The resulting organization can increase cache-sector utilization by allowing each
instruction to consume more of the fetched sector data and increase cache-line utilization
by reducing the number of cache lines occupied by its requests.

AutoTex is implemented as a collection of LLVM analysis and transformation passes
integrated into the CUDA compilation pipeline (Section 2.8.1). Figure 6.1 illustrates the
overall framework. The core framework targets read-only data through texture mem-
ory; support for writable data through surface memory is presented as an extension in
Section 6.4.

Rather than replacing the existing compilation process, AutoTex extends the standard
LLVM CUDA compilation pipeline in two ways. First, it introduces a launch-analysis
phase that recovers provenance relationships among kernel arguments across launch sites.
Second, it augments the device- and host-compilation phases with analyses and trans-
formations that identify eligible data, rewrite device-side memory accesses, and modify
host-side memory management and kernel launches. The transformed program then con-
tinues through the existing LLVM optimization and code-generation pipeline.

Accordingly, AutoTex comprises three phases, each responsible for a distinct aspect
of the transformation. The 0 launch-analysis phase first analyzes the host program
to recover the provenance relationship among kernel arguments. This information is
unavailable during conventional device compilation because CUDA kernels are compiled
independently of their launch sites. The recovered provenance information is therefore
exported and supplied to the subsequent device-compilation phase.

During the 1 device-compilation phase, AutoTex reconstructs multidimensional ac-
cesses through global-memory arguments and identifies those whose structure may pro-
duce low intra-warp cache utilization under the linear layout. The current implementa-
tion uses divergence in outer-dimensional indices as a structural indicator of such accesses
rather than computing their exact cache-sector and cache-line footprints. These results
are combined with the provenance mapping recovered during launch analysis so that all
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Figure 6.1: Compilation pipeline of the AutoTex framework. AutoTex augments the
standard LLVM CUDA compilation pipeline in Figure 2.11 by introducing the launch-
analysis phase and augmenting the device- and host-compilation phases with the analyses
and transformations proposed in this work, which are denoted by dark-gray boxes. Filled
arrows ( ) indicate the normal compilation flow, whereas open arrows ( ) represent
information or binaries transferred across phases.

76



arguments referring to the same device-memory allocation are considered consistently.
Provenance groups satisfying the semantic and dimensional requirements of texture mem-
ory are selected for transformation. The corresponding kernels are then rewritten to accept
texture objects, and their global-memory loads are replaced by texture-fetch operations.

Finally, during the 2 host compilation phase, AutoTex rewrites the host program
according to the transformation decisions produced by the device phase. Device-memory
allocations for selected arguments are replaced by texture-object allocations, the corre-
sponding transfers are redirected to texture memory, and kernel stubs are rewritten to
invoke the transformed kernels with texture objects instead of global-memory pointers.

The following sections present the design of each phase in detail. Section 6.1 de-
scribes the launch-analysis phase, which establishes cross-kernel argument provenance.
Section 6.2 presents device-side access reconstruction, divergence analysis, candidate selec-
tion, and texture-access transformation. Section 6.3 describes the host-compilation phase,
which allocates texture objects and rewrites kernel stubs to invoke the transformed kernels.
Finally, Section 6.4 extends the framework to writable data through surface memory.

6.1 Launch-Analysis Phase
The launch-analysis phase establishes the correspondence between kernel arguments and
the device-memory allocations from which they originate. This information is required be-
cause global-memory pointers and texture objects expose different access interfaces. Once
a device-memory allocation is transformed into a texture object, every kernel accessing
that allocation must likewise access it through the texture interface. Consequently, if
multiple kernels receive arguments derived from the same device-memory allocation, they
must agree on a single transformation decision. Otherwise, different kernels would in-
terpret the same allocation using incompatible memory representations, resulting in an
incorrect program.

This dependency cannot be resolved during conventional device compilation. In the
LLVM CUDA compilation pipeline, device code is compiled before the host code respon-
sible for launching the kernels. As a result, the device compiler has no visibility into
kernel launch sites and cannot determine whether kernel arguments belonging to different
kernels ultimately refer to the same device-memory allocation. To bridge this informa-
tion gap, AutoTex introduces an additional launch-analysis phase that executes before
device compilation and exports the provenance information for use during the subsequent
device-compilation phase.

Before performing the analysis, the generated host IR is canonicalized using the
memory-to-register pass. By promoting stack-allocated variables into SSA values, the
pass eliminates unnecessary memory indirections and simplifies tracing the values passed
to kernel launches. No further canonicalization is required because the provenance analysis
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operates directly on the kernel-launch arguments and does not rely on complex control-
flow or data-flow reasoning.

6.1.1 Kernel-Argument Provenance Analysis

The objective of the kernel-argument provenance analysis is to determine whether ker-
nel arguments supplied to different kernel launches ultimately refer to the same device-
memory allocation. We define the provenance of a kernel argument as the device-memory
allocation from which the argument is derived. Internally, each provenance is represented
by a provenance key, which uniquely identifies a device-memory allocation. Kernel argu-
ments assigned the same provenance key are collected into a common provenance group
and are subsequently treated as representing the same device-memory allocation.

Algorithm 6.1 summarizes the analysis. It first identifies the Clang-generated kernel
stubs in the host module and then examines every direct call to each stub. For every kernel
argument, the value supplied at the call site is mapped to a provenance key. When the
argument value is produced by loading a pointer from a host variable, the storage location
containing the pointer is used as the provenance key instead of the value produced by the
load. Repeated loads from the same host variable are therefore recognized as referring to
the same device-memory allocation. Otherwise, the argument value itself serves as the
provenance key.1 The resulting mapping associates each provenance key with the kernel
arguments that refer to the corresponding allocation.

Algorithm 6.1 Kernel-argument provenance analysis
Require: Host module M
Ensure: Provenance-group mapping P
P ← ∅
S ← FindKernelStubs(M)
for all kernel stubs s ∈ S do

for all direct calls c to s do
for i← 0 to NumArguments(c)− 1 do

v ← Argument(c, i)
if v is loaded from a pointer location p then

k ← p
else

k ← v
end if
Insert(P [k], (s, i))

end for
end for

end for
return P
1This case typically arises when the pointer argument has already been materialized as an SSA value,

such as the result of array-to-pointer decay represented by a getelementptr instruction.
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The resulting provenance groups define an equivalence relation over kernel arguments.
Two kernel arguments are provenance-equivalent when they are assigned the same prove-
nance key. Because all members of a provenance group originate from the same device-
memory allocation, the provenance group becomes the fundamental transformation unit
throughout AutoTex. Every subsequent analysis and transformation therefore operates
on provenance groups rather than individual kernel arguments, ensuring that each device-
memory allocation is transformed consistently across all kernels.

The current analysis performs lightweight provenance tracing over direct argument
values and identifiable pointer storage locations, which cover the kernel-launch patterns
considered in this work. More complex relationships introduced through arbitrary pointer
arithmetic, interprocedural propagation, or control-dependent assignments could be incor-
porated by extending the analysis with additional data-flow or alias information. Such
extensions are orthogonal to the overall design of AutoTex.

6.2 Device-Compilation Phase
The device-compilation phase is responsible for identifying global-memory arguments
whose accesses may benefit from the block-linear layout and transforming the correspond-
ing kernels accordingly. Before performing the device analyses, the generated LLVM IR
passes through a prerequisite pipeline that balances preservation of an analyzable rep-
resentation of memory accesses with recovery of lightweight optimization opportunities.
The device analyses then identify global-memory accesses with low intra-warp cache uti-
lization, combine the results with the kernel-argument provenance recovered during the
launch-analysis phase to determine which arguments should be transformed, and rewrite
the selected accesses into texture fetches. The modified IR then continues through the
original LLVM optimization and code-generation pipeline.

6.2.1 Pipeline Placement and Prerequisite Pipeline

The device-side analyses and transformations run before standard optimization in the
LLVM device-compilation pipeline. Determining this placement involves balancing two
competing objectives. On the one hand, the analyses require memory accesses to re-
main in a form that faithfully reflects the original multidimensional array accesses. On
the other hand, the texture-access transformation replaces ordinary global-memory loads
with target-specific texture intrinsics operating on opaque texture objects, after which
certain target-independent memory optimizations are no longer directly applicable. The
pipeline placement adopted in this work therefore represents a practical compromise be-
tween preserving an analyzable representation of memory accesses and retaining optimiza-
tion opportunities prior to the transformation.
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Executing the transformation after the standard optimization pipeline is undesirable
because many optimizations aggressively restructure the IR. Loop transformations, value
propagation, code motion, and other optimizations may substantially alter address com-
putations and memory accesses, making the original logical array accesses more difficult
to reconstruct. Because AutoTex must identify accesses whose logical structure produces
low intra-warp cache utilization under the linear layout and determine whether they can
benefit from the block-linear layout, preserving an analyzable representation of these ac-
cesses takes precedence over performing all target-independent optimizations beforehand.

Conversely, transforming the IR immediately after frontend code generation is like-
wise undesirable. Once global-memory loads have been rewritten into texture fetches, the
accesses are no longer represented as ordinary pointer-based memory operations. Conse-
quently, optimizations that eliminate redundant loads and stores, simplify address compu-
tations, or recognize opportunities such as vector-load formation can no longer operate on
the transformed accesses. Although exploiting the block-linear layout generally provides
greater performance benefits for the target workloads than these missed optimizations, un-
necessary memory operations should nevertheless be eliminated before the transformation
whenever possible.

The prerequisite pipeline is therefore introduced before the device analyses. Rather
than executing the complete standard optimization pipeline, it applies only lightweight
canonicalization and memory simplification passes that preserve the overall structure of
the program while exposing a cleaner representation for the subsequent analyses. The
resulting IR both approximates the memory accesses that would remain after local op-
timization and retains the structural information required by AutoTex to reconstruct
multidimensional array accesses. Accordingly, the prerequisite pipeline consists of the
LLVM passes summarized in Table 6.1.

The adopted prerequisite pipeline is a practical engineering choice rather than a glob-
ally optimal placement within the LLVM compilation pipeline. Other combinations of
canonicalization and optimization passes may provide a similar or better balance between
preserving analyzability for the AutoTex passes and applying standard optimizations be-
fore they are hindered by the texture-access transformation. Determining such an optimal
placement is orthogonal to the proposed framework. The effectiveness of AutoTex stems
from mapping eligible accesses with low intra-warp cache utilization to texture memory
so that they can exploit the block-linear layout, rather than from any particular choice of
prerequisite passes.

6.2.2 Intra-Warp Access-Distribution Analysis

The intra-warp access-distribution analysis identifies global-memory arguments whose log-
ical access structure may produce low intra-warp cache utilization under the linear layout.
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Table 6.1: Prerequisite pipeline executed before the device analyses. Passes are given in
the order in which they are executed.

Pass Purpose
Memory to register Promotes stack-allocated variables into SSA form, elim-

inating unnecessary memory indirections and simplify-
ing subsequent data-flow analyses.

Address-space inference Resolves generic pointers into CUDA address spaces, al-
lowing global-memory accesses to be identified directly
from the IR.

Control-flow simplification Simplifies trivial control-flow structures without sub-
stantially restructuring the program.

Early common-subexpression
elimination

Eliminates redundant loads and common subexpres-
sions while memory accesses are still represented as or-
dinary load instructions.

Dead-code elimination Removes dead instructions exposed by the preceding
simplification passes.

Dead-store elimination Eliminates stores that are provably overwritten before
being observed, reducing unnecessary memory opera-
tions.

Attributor Infers function attributes, including whether pointer
arguments are read-only, which are later used during
texture-candidate selection.

Instruction combining Canonicalizes pointer arithmetic and address computa-
tions, reducing equivalent representations of the same
memory access.

Rather than attempting to determine the exact cache-sector and cache-line footprint of
each memory instruction, the analysis decomposes the problem into three components.
First, the global-memory access reconstruction recovers the multidimensional access as-
sociated with each global-memory reference. Second, the divergence analysis determines
which index expressions may evaluate to different values across threads within a warp. Fi-
nally, the reconstructed accesses and divergence information are combined to determine
whether the threads vary along a non-contiguous array dimension, indicating an access
distribution that may benefit from the block-linear layout.

Global-Memory Access Reconstruction

The analysis begins by enumerating all accesses to global-memory pointer arguments. Ow-
ing to the preceding infer-address-spaces pass, accesses to global memory can be identified
directly from their inferred address spaces. Each global-memory access is represented in
LLVM IR by a chain of getelementptr instructions followed by a memory operation. The
prerequisite instruction-combining pass canonicalizes these address computations when-
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ever possible, reducing the number of equivalent address representations that the analysis
must handle.

Rather than operating directly on LLVM pointer arithmetic, the analysis reconstructs
each access into a logical memory-access representation. For every access, the analysis
identifies the base global-memory address, reconstructs the multidimensional index expres-
sions from the associated getelementptr instructions, and associates them with the cor-
responding load or store instruction. The reconstructed indices are organized according to
the logical array dimensions, independent of the particular sequence of pointer-arithmetic
instructions used to compute the address.

The current implementation derives these dimensions from the array types retained
in the getelementptr instructions. It therefore requires a global-memory kernel param-
eter to be accessed through an array type rather than solely through a flat pointer and
a linearized offset. Although LLVM provides a delinearization analysis for recovering
multidimensional indices from linearized address expressions, the analysis relies on loop
structures characteristic of CPU programs. CUDA kernels instead commonly distribute
the iteration space across the thread hierarchy and form addresses from thread and block
indices. The existing analysis therefore cannot recover the dimensional structure of these
accesses, and supporting flat pointer-based accesses would require a GPU-aware delin-
earization mechanism.

The resulting representation groups all reconstructed accesses by their base global-
memory address. Each reconstructed access records the logical index expressions, the
number and ordering of dimensions, the access kind (load or store), and the associated
memory instruction. Subsequent analyses can therefore reason about multidimensional
array accesses rather than individual LLVM instructions. In particular, the divergence
analysis examines the reconstructed index expressions to determine how accesses vary
across threads within a warp, while the texture-access transformation reuses the represen-
tation to generate texture coordinates and rewrite the corresponding memory instructions.

Divergence Analysis

The intra-warp distribution of a memory access depends not only on its index expressions
but also on which of those expressions vary across threads within a warp. AutoTex
therefore employs the divergence analysis to classify SSA values as either uniform or
divergent. The analysis is based on LLVM’s generic divergence analysis, which follows the
abstract-interpretation framework proposed by Rosemann et al. [83]

The divergence analysis is formulated as a forward may-analysis over the SSA graph.
It begins by identifying sources of divergence, namely SSA values that are conservatively
assumed to vary across threads within a warp. Starting from these sources, the analysis
propagates divergence along SSA use-def relationships using a monotone worklist algo-
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rithm. Whenever a divergent value is used to compute another SSA value, the derived
value is likewise classified as divergent.

AutoTex uses a source-of-divergence policy tailored to intra-warp access-distribution
analysis. Kernel arguments and block indices, such as blockIdx.x, are treated as uniform
because all threads within a warp observe the same values. By contrast, threadIdx.x
is treated as a divergence source because it distinguishes the threads considered by the
current implementation. Atomic operations and memory-loaded values are also conserva-
tively treated as divergence sources because they may vary across threads.

The current implementation considers only variation induced by threadIdx.x. A
more complete analysis could incorporate threadIdx.y and threadIdx.z together with
the thread-block dimensions recovered from kernel launch sites.2 Such information would
allow the analysis to model the joint distribution of all three thread-index dimensions
and derive a more accurate intra-warp access distribution. The omission is a limitation
of the current implementation rather than of the layout-mapping method or surrounding
analysis framework.

Low-Utilization Access Classification

The final stage combines the reconstructed memory accesses with the divergence informa-
tion to identify accesses that may exhibit low intra-warp cache utilization under the linear
layout. For each reconstructed access, the analysis examines the divergence status of the
index expression associated with every array dimension. Because a reconstructed index
expression may comprise multiple SSA values, the divergence analysis is queried for each
constituent value. An index expression is considered divergent if any of its constituent
values is classified as divergent.

Let
A[i0][i1] . . . [in−1]

denote a reconstructed multidimensional access, where i0 corresponds to the innermost
array dimension. The current implementation classifies the access as potentially exhibit-
ing low intra-warp cache utilization whenever any outer-dimensional index expression is
divergent:

∃ k > 0, divergent(ik)
A[i0][i1] . . . [in−1] may exhibit low intra-warp cache utilization

This criterion follows from the physical organization of row-major arrays. Divergence
confined to the innermost dimension generally distributes threads across nearby elements
within the same row, whereas divergence in an outer dimension causes threads to access

2Warps are formed from consecutive linear thread indices; whether threadIdx.y and threadIdx.z
vary within a warp therefore depends on the thread-block dimensions.
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different rows or higher-dimensional regions. Under the linear layout, these regions are
separated by the strides of the intervening dimensions and may therefore map to distinct
cache sectors and cache lines, reducing intra-warp cache utilization.

The criterion is intentionally conservative and does not reconstruct the exact sector-
or line-level distribution of a warp instruction. Such a distribution would additionally
depend on the values and relationships of all varying thread-index dimensions, the thread-
block dimensions, element size, alignment, and array extents. The current implementation
instead uses outer-dimensional divergence as a structural indicator of accesses that may
benefit from the multidimensional locality of the block-linear layout. This classification
currently assumes four-byte elements, which correspond to the element types supported
by AutoTex. Supporting elements of other sizes may require the classification to account
explicitly for element width, because it affects how the addresses generated by a warp are
distributed across cache sectors and cache lines.

The analysis records the classification of each reconstructed access and aggregates the
results at the argument level. A global-memory argument is identified as a low-utilization
candidate if any of its reconstructed accesses satisfies the criterion. These arguments are
then forwarded to the texture-candidate analysis, which applies the remaining legality
constraints for transformation.

6.2.3 Texture-Candidate Analysis

The texture-candidate analysis determines which provenance groups are eligible for trans-
formation into texture objects. Although the intra-warp access-distribution analysis iden-
tifies arguments that may benefit from the block-linear layout, not every such argument
is eligible. Eligibility also depends on the semantic, dimensional, and element-type con-
straints of texture memory and the current AutoTex implementation.

Algorithm 6.2 summarizes the texture-candidate analysis. It consumes the provenance-
group mapping produced by the kernel-argument provenance analysis together with the
arguments identified as low-utilization candidates by the intra-warp access-distribution
analysis. For each such argument, the analysis consults the provenance mapping to ob-
tain all kernel arguments originating from the same device-memory allocation. The anal-
ysis therefore retrieves the corresponding provenance group. Consequently, if one kernel
accesses an allocation through a potentially low-utilization distribution, all provenance-
equivalent arguments are selected together, even when their own accesses do not satisfy
the classification criterion.

The resulting candidate groups are then filtered according to the semantic require-
ments of texture memory. First, every argument in a provenance group must be read-only.
Because texture memory exposes a read-only access interface, a writable access through
any argument in the group would violate the required semantics. Provenance groups
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Algorithm 6.2 Texture-candidate analysis
Require: Low-utilization arguments L, provenance-group mapping P
Ensure: Set of texture-candidate groups C
C ← ∅
for all arguments a ∈ L do

G← ProvenanceGroup(P , a)
Insert(C, G)

end for
for all candidate groups G ∈ C do

if ∃ a ∈ G : NumDimensions(a) > 3 then
Remove(C, G)

else if ∃ a ∈ G : ¬IsReadOnly(a) then
Remove(C, G)

else if ∃ a ∈ G : ¬IsSupportedElementType(a) then
Remove(C, G)

end if
end for
return C

containing writable accesses are therefore discarded. Second, CUDA texture memory sup-
ports up to three-dimensional arrays. Candidate groups containing accesses with more
than three dimensions are likewise discarded.3

Finally, the current implementation supports only float, int, and unsigned int
elements. CUDA texture memory supports additional basic integer and single-precision
floating-point formats, including their one-, two-, and four-component vector variants,
but these formats are not currently supported by AutoTex. Types that require multiple
texture components, such as double, are likewise unsupported. User-defined structures
cannot be transformed because texture memory supports only predefined scalar and vec-
tor channel formats rather than arbitrary aggregate element types. Candidate groups
containing any unsupported element type are therefore discarded.

The remaining provenance groups constitute the final texture candidates. These trans-
formation decisions are consumed by the texture-access transformation and exported to
the host-compilation phase, ensuring that the device- and host-side transformations oper-
ate on the same allocations.

6.2.4 Texture-Access Transformation

The texture-access transformation rewrites selected kernels to access texture memory
while preserving their original semantics. For each texture candidate identified by the

3One-dimensional textures retain a linear layout and therefore do not provide the block-linear organi-
zation exploited by AutoTex. No explicit filtering is required because one-dimensional accesses contain
no outer-dimensional indices and therefore cannot satisfy the low-utilization criterion defined by the
preceding access classification.
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texture-candidate analysis, the corresponding global-memory argument is replaced by a
texture object, and every access through that argument is redirected to texture fetches.
Figure 6.2 illustrates the progression of the transformation using equivalent CUDA code
for clarity. Because LLVM function signatures are immutable after function creation, the
transformation constructs intermediate kernels while progressively updating the function
signature and kernel body. The transformed kernel coexists with the original in the device
module. During host-code transformation, calls within the current translation unit are
redirected to the transformed kernel, whereas the original is retained for compatibility
with external call sites not visible during compilation.

__global__ void kernel(
float *glbPtr,
int N, int x, int y) {

... = glbPtr[y * N + x];
}

(a) Original kernel.

__global__ void kernel.intmd (
float *glbPtr,
cudaTextureObject_t texObj,
int N, int x, int y) {

... = glbPtr[y * N + x];
}

(b) Intermediate signature.

__global__ void kernel.intmd(
float *glbPtr,
cudaTextureObject_t texObj,
int N, int x, int y) {

... = tex2D<float>(texObj, x, y) ;
}

(c) Access rewritten.

__global__ void kernel.final (
cudaTextureObject_t texObj,
int N, int x, int y) {

... = tex2D<float>(texObj, x, y);
}

(d) Final signature.

Figure 6.2: Progression of the texture-access transformation. Starting from the original
kernel, the transformation first introduces texture-object parameters, then rewrites global-
memory accesses as texture fetches, and finally removes obsolete pointer parameters from
the kernel signature. Highlighted code denotes the modifications performed at each stage.

Kernel Signature Rewriting

The transformation begins by constructing an intermediate kernel whose parameter list is
derived from the original kernel signature, as shown in Figure 6.2 (b). For each argument
selected by the texture-candidate analysis, a texture-object parameter is inserted imme-
diately after the corresponding global-memory pointer. The original pointer parameters
are temporarily retained so that the copied kernel body preserves its original SSA use-def
relationships during access rewriting.

After every memory access has been rewritten, the temporary pointer parameters
become obsolete. The transformation therefore constructs the final kernel shown in Fig-
ure 6.2 (d), whose signature omits the redundant global-memory pointers while preserving
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all remaining parameters. The resulting function is then registered as a CUDA kernel en-
try for device code generation.

Texture-Access Rewriting

The texture-access rewriting pass operates directly on the reconstructed accesses pro-
duced by the global-memory access reconstruction rather than rediscovering them from
the LLVM IR. Each reconstructed access records the base argument, the reconstructed
multidimensional index expressions, and the associated load instruction. The transforma-
tion therefore operates on logical array accesses instead of low-level pointer arithmetic.

The preceding texture-candidate analysis guarantees that every transformed argu-
ment satisfies the correctness requirements for texture memory. In particular, all accesses
through a transformed argument are read-only, allowing each reconstructed load to be
rewritten directly as a texture fetch.

For each reconstructed load, the associated multidimensional index expressions are
reused directly as texture coordinates. Figure 6.2 (c) illustrates this rewriting using the
CUDA texture-fetch interface for clarity. The implementation, however, replaces the
load with the corresponding LLVM texture intrinsic.4 LLVM exposes NVIDIA-specific
texture operations through target-specific intrinsics, which are emitted directly using the
reconstructed coordinates together and the texture-object parameter introduced during
the kernel-signature transformation.

The selected intrinsic returns a four-component vector, corresponding to the vector-
form texture instruction (Section 5.2.1). For a scalar FP32 access, the transformation
extracts the first component of this vector and uses it to replace all uses of the original
scalar load. The remaining components are not exposed to the transformed program and
therefore do not affect its semantics. Although the resulting machine instruction may
fetch an additional neighboring component, this paired-fetch behavior changes only the
physical access footprint and not the value returned for the rewritten scalar access.

Using the intrinsic also avoids an unnecessary coordinate conversion imposed by the
CUDA texture-fetch API. Functions such as tex2D accept floating-point coordinates,
requiring integer array indices to be converted before each texture fetch. In contrast, the
selected LLVM texture intrinsic directly supports integer coordinates, allowing the original
index expressions to be reused without integer-to-floating-point conversions. The value
returned by the intrinsic replaces all uses of the original load instruction, after which the
obsolete load and the address-computation instructions that become dead are removed.

4The rewritten access is illustrated using tex2D<float>, whereas the implementation emits the intrin-
sic llvm.nvvm.tex.unified.2d.v4f32.s32.
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6.3 Host-Compilation Phase
The host-compilation phase materializes the transformation decisions produced during
the device-compilation phase by rewriting the generated host LLVM IR. It replaces the
original global-memory management with texture-object management while preserving
the original program semantics.

Before transformation, the generated host IR is canonicalized using the memory-to-
register pass. Promoting stack-allocated variables into SSA form simplifies the identifi-
cation of kernel arguments, CUDA runtime calls, and launch stubs recovered during the
launch-analysis phase. Since the subsequent transformations operate directly on these
runtime invocations, no further canonicalization is required.

6.3.1 Texture-Allocation Transformation

The texture-allocation transformation rewrites the host-side memory management asso-
ciated with each selected provenance group. Figure 6.3 illustrates the transformation for
the row-summation case study.

Runtime Allocation Rewriting

For each selected provenance group, the transformation identifies the CUDA runtime
calls responsible for allocating, initializing, and releasing the associated device-memory
allocation. As shown in Figure 6.3 (b), the original global-memory allocation is replaced
by the creation of a texture object backed by a CUDA array, host-to-device transfers are
redirected to the underlying CUDA array, and deallocation is replaced by destruction of
the texture object.

Runtime allocation requires information unavailable from the host program alone. In
particular, the dimensions and element type of each transformed allocation are imported
from the device-compilation phase, enabling construction of texture objects compatible
with the multidimensional accesses generated during the texture-access transformation.

Wrapper Materialization

The rewritten runtime operations are implemented through a wrapper library that pro-
vides a uniform interface for creating, initializing, and destroying texture objects while
shielding the compiler passes from the low-level CUDA texture API. Each transformed
allocation is represented by a TextureObject, which encapsulates both the CUDA array
and the corresponding texture-object handle.

Internally, the wrapper allocates the CUDA array, initializes the resource and texture
descriptors, and configures the texture descriptor to use unnormalized coordinates, point
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float *h_m1;
/* initialize h_m1 */
float *d_v;
float *d_m1;

cudaMalloc(&d_v, sizeof(float)*Q);
cudaMalloc(&d_m1,

sizeof(float)*K*Q);
cudaMemcpy(d_m1, h_m1,

sizeof(float)*K*Q,
cudaMemcpyDefault);

dim3 blockDim{32};
dim3 gridDim{

(Q + blockDim.x - 1)
/ blockDim.x

};

sumRows<<<gridDim, blockDim>>>(
d_v, d_m1);

cudaFree(d_m1);
cudaFree(d_v);

(a) Original host code.

float *h_m1;
/* initialize h_m1 */
float *d_v;
TextureObject d_m1;

cudaMalloc(&d_v, sizeof(float)*Q);
malloc2DTextureObject(

&d_m1, K, Q);
memcpy2DTextureObject(

&d_m1, h_m1, K, Q);

dim3 blockDim{32};
dim3 gridDim{

(Q + blockDim.x - 1)
/ blockDim.x

};

sumRows<<<gridDim, blockDim>>>(
d_v, d_m1.tex);

freeTextureObject(&d_m1);
cudaFree(d_v);

(b) Host code after transformation.

Figure 6.3: Host-side transformation of the row-summation case study. The original
host code launches the kernel in Listing 3.1, whereas the transformed host code launches
the kernel in Listing 5.1. The transformation replaces global-memory management with
texture-object management and redirects the kernel launch to pass the generated texture-
object handle.

filtering, element-type read mode, and clamp addressing5 in every dimension. These
settings preserve the semantics of ordinary multidimensional array accesses.

6.3.2 Kernel-Launch Transformation

After texture objects have been introduced, the kernel-launch transformation rewrites
launch sites to invoke the transformed kernels produced during the device-compilation
phase. As illustrated in Figure 6.3 (b), the original global-memory argument d_m1 is
replaced by the corresponding texture-object handle d_m1.tex.

At the LLVM IR level, CUDA kernel launches are represented by host-side launch
stubs. For each transformed kernel, the transformation constructs a new launch stub
matching the signature of the transformed kernel generated during texture-access trans-

5The addressing mode affects only out-of-bounds accesses. Because these are already undefined for
global-memory pointers, the choice does not affect the semantics of well-defined programs.
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formation. Selected global-memory pointer parameters are replaced by texture-object
parameters, while all other arguments and the launch configuration are preserved.

Each rewritten launch site invokes the new stub, supplying the texture object asso-
ciated with the selected provenance group in place of the original device pointer. All
remaining arguments are forwarded unchanged.

The new launch stub is registered with the CUDA runtime and associated with the
transformed device function contained in the generated fat binary. The original launch
stub may be retained when external launch sites outside the current compilation unit
cannot be rewritten. After host-side transformation, the modified IR proceeds through
standard LLVM optimization and code-generation pipeline to produce the final executable.

6.4 Extending AutoTex to Surface Memory
The design presented in the preceding sections targets texture memory, whose read-only
access interface naturally matches immutable global-memory data. CUDA additionally
provides surface memory, which exposes the same block-linear storage through a writable
access interface. Supporting writable data therefore requires only localized modifications
to the existing compiler framework rather than redesigning the compilation pipeline.

Figure 6.4 illustrates the extended framework. Compared with the framework pre-
sented in the preceding sections, the extension introduces a global-memory read-after-
write analysis into the device-compilation phase and generalizes the texture-specific anal-
yses and transformations into memory-oriented counterparts. The global-memory read-
after-write analysis identifies global-memory arguments whose access behavior is incom-
patible with the coherence constraints of surface memory. The remaining candidate
groups are then classified according to their access semantics, allowing the memory-access
transformation to emit either texture or surface operations. On the host side, the memory-
allocation transformation is extended to construct the corresponding CUDA memory ob-
jects, whereas the kernel-launch transformation remains unchanged.

6.4.1 Global-Memory Read-After-Write Analysis

The framework presented in the preceding sections relies on the read-only property of
texture memory to guarantee that the transformed program preserves the semantics of
the original global-memory accesses. Extending the framework to support surface memory
permits writable accesses but introduces an additional correctness requirement. Under
the coherence constraints of surface memory (Section 2.3.3), a transformed argument must
not contain a read-after-write dependence that could observe a value written earlier in
the same kernel invocation. Such arguments therefore remain in global memory.
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Figure 6.4: Extension of the AutoTex compilation pipeline to support both texture and
surface memory. Relative to Figure 6.1, dark-gray boxes highlight the analyses and trans-
formations that are added or modified by the extension.

The global-memory read-after-write analysis operates on the reconstructed global-
memory accesses produced by the access reconstruction. For each global-memory ar-
gument, the analysis considers every ordered pair of reconstructed accesses and queries
LLVM’s dependence analysis to identify potential flow (read-after-write) dependences.
The reported dependences are subsequently refined using control-flow, loop, and scalar-
evolution information to eliminate false positives arising from the conservative nature
of dependence analysis. In particular, access pairs that cannot execute in the required
order or that can be proven not to overlap across loop iterations are discarded. If a
flow dependence remains after refinement, the corresponding global-memory argument is
conservatively classified as containing a read-after-write dependence.

Algorithm 6.3 summarizes the analysis. For each global-memory argument and its
reconstructed accesses, the analysis iterates over every ordered pair of accesses. The de-
pendence analysis is first used to identify candidate flow dependences. Each reported
dependence is then refined to eliminate conservative false positives. The NeverExe-
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Algorithm 6.3 Global-memory read-after-write analysis
Require: Mapping A from each global-memory argument to its reconstructed accesses
Ensure: Set R of global-memory arguments containing read-after-write dependences
R← ∅
for all (a,A) ∈ A do

for all (src, dst) ∈ A× A do
if src = dst then

continue
end if
dep← Dependence(src, dst)
if dep = ∅ or dep is not a flow dependence then

continue
end if
if NeverExecutesBefore(src, dst) then

continue
end if
if NoLoopCarriedOverlap(src, dst, dep) then

continue
end if
R← R∪ {a}
break

end for
end for
return R

cutesBefore predicate uses control-flow reachability together with dominator, post-
dominator, and loop information to determine whether the source access can execute be-
fore the destination access. The NoLoopCarriedOverlap predicate uses dependence
distances together with scalar-evolution information to prove that the two accesses cannot
overlap across loop iterations. If neither predicate disproves the reported dependence, the
corresponding argument is recorded and no further access pairs for that argument are
examined. The resulting set of arguments is subsequently used during memory-candidate
analysis to exclude provenance groups that cannot be safely transformed.

6.4.2 Memory-Candidate Analysis

The memory-candidate analysis extends the texture-candidate analysis (Section 6.2.3)
with two additional capabilities. It excludes provenance groups containing read-after-
write dependences and classifies the remaining groups according to the CUDA memory
interface they require. The analysis combines the provenance groups recovered during the
launch-analysis phase with the results of the intra-warp access-distribution analysis and
the global-memory read-after-write analysis to classify each provenance group uniformly.

Algorithm 6.4 extends the texture-candidate analysis by replacing the candidate set
with a mapping from provenance groups to memory types. As before, every provenance
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Algorithm 6.4 Memory-candidate analysis
Require: Low-utilization arguments L, provenance-group mapping P
Ensure: Mapping from candidate groups to memory types M
M← ∅
for all arguments a ∈ L do

G← ProvenanceGroup(P , a)
M[G]← Texture

end for
for all candidate groups G ∈M do

if ∃ a ∈ G : NumDimensions(a) > 3 then
Remove(M, G)

else if ∃ a ∈ G : ¬IsSupportedElementType(a) then
Remove(M, G)

else if ∃ a ∈ G : HasReadAfterWriteDependence(a) then
Remove(M, G)

else if ∃ a ∈ G : ¬IsReadOnly(a) then
M[G]← Surface

end if
end for
return M

group containing an argument identified as a low-utilization candidate is initially con-
sidered a texture candidate. The analysis then discards unsupported provenance groups
by applying the existing dimensionality and element-type constraints together with the
read-after-write analysis. Finally, the remaining provenance groups are classified by their
access semantics: groups whose arguments are all read-only remain texture candidates,
whereas groups containing writable arguments are reclassified as surface candidates.

The resulting memory-type classification is preserved throughout the remainder of the
compilation pipeline. The memory-access transformation uses it to emit either texture
fetches or surface memory operations, while the host-compilation phase uses it to construct
the corresponding CUDA memory objects and rewrite the kernel launches accordingly.

6.4.3 Memory-Access Transformation

The transformation follows the same procedure as the texture-access transformation (Sec-
tion 6.2.4), except that the emitted memory operations depend on the assigned mem-
ory type. Instead of uniformly replacing global-memory accesses with texture fetches,
the transformation consults the memory-type classification produced by the memory-
candidate analysis and rewrites each selected provenance group according to its assigned
CUDA memory interface. Texture candidates are rewritten to use texture fetches, whereas
surface candidates are rewritten to use surface memory operations. All other accesses re-
main unchanged, thereby preserving the behavior of unsupported provenance groups.
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Kernel Signature Rewriting

The kernel signature is derived from the original kernel signature by introducing addi-
tional parameters for every transformed argument. Texture candidates receive a texture-
object parameter, whereas surface candidates receive a surface-object parameter. The
original pointer arguments are temporarily retained during the rewriting process to facil-
itate cloning of the original kernel body and are removed after all transformed accesses
have been rewritten. Arguments that are not selected by the memory-candidate analysis
remain unchanged.

Memory-Access Rewriting

After the kernel body has been cloned, every reconstructed global-memory access belong-
ing to a transformable provenance group is rewritten according to the assigned memory
type. For texture candidates, global-memory loads are replaced with texture-fetch op-
erations. For surface candidates, global-memory loads and stores are replaced with the
corresponding surface read and surface write operations. Accesses belonging to prove-
nance groups that remain in global memory are left unchanged. Finally, the obsolete
pointer arguments introduced solely for the transformation are removed from the kernel
signature, yielding the transformed kernel.

6.4.4 Memory-Allocation Transformation

The memory-allocation transformation extends the texture-allocation transformation (Sec-
tion 6.3.1) by selecting the appropriate CUDA memory object for each transformed prove-
nance group. The host-side rewriting procedure is identical to the texture-allocation
transformation; the memory-type classification affects only the generated memory object
and the associated allocation procedure. Texture candidates are allocated as read-only
texture objects, whereas surface candidates are allocated with surface support to permit
both reads and writes.

The kernel-launch transformation is likewise unchanged. Both texture and surface
objects are represented as opaque 64-bit handles in the generated LLVM IR. Consequently,
the transformed kernel signature and launch rewriting are identical for both memory types,
differing only in the type of memory object supplied to the transformed kernel.
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Chapter 7
Evaluation

AutoTex identifies multidimensional global-memory accesses that may benefit from a
block-linear physical layout, maps eligible data objects to texture or surface memory,
rewrites the corresponding device-side accesses, and adapts the associated host-side mem-
ory management and kernel launches. This chapter evaluates the performance impact of
these transformations across three benchmark suites and two NVIDIA GPU platforms,
considering both their direct effect on GPU kernel execution and their implications for
complete application execution.

The evaluation addresses the following research question: How does AutoTex affect
performance across different GPU architectures and execution bottlenecks? We first quan-
tify the kernel-level performance impact of AutoTex and separate performance changes
attributable to the memory-layout transformation from other effects introduced by the
transformed memory interfaces. We then characterize the observed per-kernel variation
according to each kernel’s baseline execution bottleneck and examine the underlying ar-
chitectural effects, including cache-access wavefront generation, memory-system stall be-
havior, cache effectiveness, and memory traffic. Finally, we evaluate application-level
performance to determine how changes in individual kernel execution combine with the
host-side costs introduced by the transformation. Together, these analyses establish the
conditions under which AutoTex improves performance, explain the mechanisms responsi-
ble for the observed kernel-level outcomes, and determine the extent to which these effects
translate into application-level improvements.

7.1 Experimental Methodology
The evaluation uses multiple GPU benchmark suites and two NVIDIA GPU platforms
from different architectural generations. This section describes the hardware and software
environments, benchmark suites, source-level preparation, experimental configurations,
and measurement procedures used throughout the chapter.

7.1.1 Experimental Platforms

AutoTex is evaluated on two NVIDIA GPU platforms. Ada Desktop contains an NVIDIA
GeForce RTX 4080 based on the Ada Lovelace architecture, whereas Ampere Laptop con-
tains an NVIDIA GeForce RTX 3050 Laptop GPU based on the Ampere architecture.
These platforms differ not only in their computational resources but also in the amount
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Table 7.1: Experimental hardware and software platforms.

Ada Desktop Ampere Laptop
GPU Model NVIDIA GeForce

RTX 4080
NVIDIA GeForce
RTX 3050 Laptop

Architecture Ada Lovelace Ampere
SMs 76 16

L1 cache 128 KiB
L2 cache 64 MiB 1.5 MiB

Device memorya 15.6 GiB 3.7 GiB
Texture limits

(elements)
1D: 131,072
2D: 131,072× 65,536
3D: 16,384× 16,384× 16,384

CPU Model Intel® Core™ i7-12700KF AMD Ryzen 7 5800H
DRAMb 31.2 GiB 15.0 GiB

OS Distribution openSUSE Leap 16.0 Ubuntu 22.04.5 LTS
Linux kernel 6.12.0 6.8.0

Compiler LLVM 19.1.7
CUDA Driver 580.119.02 595.84

Toolkit 12.9 12.6
Driver API 13.0 13.2

Runtime API 12.9 12.6
Profiler Nsight Compute 2025.4.0.0 2026.1.1.0

Nsight Systems 2025.5.2.266 2025.6.3.541

anvidia-smi --query-gpu=memory.free --format=csv,noheader
bgrep MemTotal /proc/meminfo

of last-level cache available relative to the number of SMs. Table 7.1 summarizes the com-
plete hardware and software environments, including the supported texture dimensions
and the versions of the CUDA toolkit and Nsight Compute used on each platform.

Ada Desktop provides 64 MiB of L2 cache shared among 76 SMs, corresponding to
approximately 0.84 MiB per SM. Ampere Laptop provides 1.5 MiB shared among 16 SMs,
corresponding to approximately 0.094 MiB per SM. Ampere Laptop therefore provides
approximately one-ninth of the L2 capacity per SM available on Ada Desktop. Although
the L2 cache is globally shared rather than statically partitioned among SMs, the per-SM
capacity provides a useful indication of the relative cache resources available under high
parallel load. Evaluating both systems allows us to examine whether improvements in
intra-warp cache utilization remain beneficial under different cache-capacity and through-
put conditions.
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The maximum supported texture dimensions are identical on both platforms. These
limits constrain the extent of each transformed array dimension independently of the
available DRAM capacity.

The AutoTex compiler framework is implemented using LLVM 19.1.7. Each bench-
mark is compiled with the corresponding CUDA toolkit installed on its target platform.
The standard LLVM -O3 optimization pipeline is applied after the AutoTex analysis and
transformation pipelines. Architectural metrics and kernel execution cycles are collected
using the corresponding version of Nsight Compute.

7.1.2 Benchmark Suites

The evaluation uses PolyBench-ACC [84], Rodinia [85], and NPB-GPU [86] to assess
AutoTex across applications with different computational structures and memory-access
behaviors. Table 7.2 summarizes the number of benchmark programs and GPU kernels
included from each suite, the number transformed by AutoTex, and the number excluded
from the performance analysis because of imprecise candidate identification.

Table 7.2: Benchmark suites and transformed workloads used in the evaluation.

PolyBench-ACC Rodinia NPB-GPU
Version 3.2a 3.1 3f12d84b

Benchmarks 21 26c 8
Transformed 9 (42.9%) 4 (15.4%) 3 (37.5%)
Kernels 47 68 106
Transformed 19 (40.4%) 8 (11.8%) 25 (23.6%)
Excluded 0 0 7

aThe version of PolyBench/C [87] on which it is based.
bNo formal release version; identified by repository revision.
cOnly the euler3d variants are included from cfd.

We make a best effort to identify and include kernels whose memory accesses can be
represented in a form supported by AutoTex. The reported transformed counts should
therefore be interpreted as a summary of the evaluated workloads rather than as an ex-
haustive characterization of transformation applicability. In particular, we do not report
a detailed distribution of rejection causes across the benchmark suites. The principal
reasons that a kernel or memory object remains untransformed include read-after-write
dependencies, accesses through unsupported custom data structures, irregular access pat-
terns whose intra-warp distributions cannot be determined statically, and objects accessed
only through one-dimensional indices.
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PolyBench-ACC contains manually written CUDA implementations of polyhedral
computations. Its kernels predominantly operate on regular multidimensional arrays,
making it the primary suite used to evaluate the performance effects of AutoTex.

Rodinia contains heterogeneous applications drawn from several application domains
and exhibits a broader range of control flow, synchronization, and memory-access behavior.
It is included to evaluate AutoTex beyond regular polyhedral kernels.

NPB-GPU provides GPU implementations of the NAS Parallel Benchmarks [88]. The
suite contains structured scientific workloads, including computational-fluid-dynamics ker-
nels, that operate extensively on multidimensional arrays. Compared with PolyBench-
ACC, these applications contain larger groups of cooperating kernels and therefore exercise
the interprocedural and cross-kernel components of the AutoTex compiler framework.

A subset of the transformed NPB-GPU kernels reconstructs two- or three-dimensional
indices from a flattened thread identifier, as illustrated in Listing 7.1. Because each recon-
structed index is data-dependent on threadIdx.x, the divergence analysis (Section 6.2.2)
conservatively classifies all of them as potentially divergent. In practice, the outer in-
dices remain uniform within most warps and differ only when a warp crosses a row or
plane boundary. The current analysis cannot represent this conditional uniformity and
therefore overestimates the intra-warp distribution of the corresponding indices.

Listing 7.1: Reconstruction of three-dimensional indices from a flattened thread identifier.
int i_j_k, i, j, k;
i_j_k = blockIdx.x * blockDim.x + threadIdx.x;

i = i_j_k % nx;
j = (i_j_k / nx) % ny;
k = i_j_k / (nx * ny);

We exclude these seven kernels1 from the performance analysis because their selec-
tion results from this known precision limitation rather than from the consistently low
intra-warp cache utilization targeted by AutoTex. Including them would conflate the
performance effect of the proposed memory-layout transformation with false-positive can-
didate identification. They remain included in the total and transformed kernel counts
because the current framework does transform them, while the separate exclusion row
in Table 7.2 makes their treatment in the performance results explicit. Recognizing flat-
tened multidimensional index-reconstruction idioms and reasoning about their warp-local
uniformity are left for future work.

1Three-dimensional reconstruction applies to rhs_gpu_kernel_1, add_gpu_kernel,
compute_rhs_gpu_kernel_1, and txinvr_gpu_kernel; two-dimensional reconstruction applies to
setbv_gpu_kernel_1, setbv_gpu_kernel_2, and setbv_gpu_kernel_3.
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7.1.3 Benchmark Preparation and Experimental Configurations

Several benchmark modifications and controlled configurations are required to evaluate
AutoTex consistently. First, the original benchmark sources must expose the dimensional
structure of their array accesses so that the global-memory access reconstruction can ana-
lyze them. Second, equivalent non-aliasing information must be provided across the base-
line and transformed configurations so that compiler optimizations enabled by stronger
aliasing guarantees are not attributed to the memory transformation itself. Finally, ad-
ditional memory-layout and access-interface configurations are constructed to isolate the
effects of the hardware-managed block-linear layout and the texture and surface interfaces.
The following subsections describe these preparations and configurations.

Multidimensional-Access Representation

The global-memory access reconstruction performed by AutoTex requires the dimensional
structure of an array access to remain recoverable in the LLVM IR (Section 6.2.2). How-
ever, the original CUDA implementations in PolyBench-ACC, Rodinia, and NPB-GPU
generally represent multidimensional arrays using flat pointers and manually linearized
subscripts. For example, an access to A[i][j] may appear as A[i * N + j], leaving the
dimensional structure implicit in integer arithmetic.

We therefore manually delinearize these accesses into equivalent multidimensional ar-
ray accesses before applying AutoTex. This preparation changes only the representation
of address computation; it does not change the logical access pattern, thread mapping, or
numerical behavior of the benchmark. Array extents required by the resulting types are
represented as compile-time constants.

Several NPB-GPU arrays originally use four-dimensional indices, whereas CUDA tex-
ture arrays support at most three dimensions. In the affected cases, one dimension repre-
sents a small, fixed number of components, such as the components of a state vector. We
fold this component dimension into an adjacent dimension, producing an equivalent three-
dimensional representation that preserves the original linear ordering of the elements.

Experimental Configurations

Replacing a global-memory access with a texture or surface access changes not only the
memory interface but also the aliasing relationships visible in the transformed device IR.
Before transformation, multiple kernel pointer arguments may conservatively be assumed
to alias. After a selected allocation is accessed through a texture or surface object in-
stead of its original global-memory pointer, the remaining global-memory pointers cannot
alias the memory referenced by that object handle. The transformed configuration may
therefore expose stronger non-aliasing information to subsequent compiler optimizations,
independently of the change in physical memory layout.
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Table 7.3: Experimental configurations and their memory-access and aliasing properties.

Configuration Memory interface Non-aliasing
information

Global-May-Alias Global No
Global Global Yes
Texture Texture for eligible read-only objects Yes
Surface Surface for eligible read-only objects Yes
AutoTex Texture for eligible read-only objects;

surface for eligible writable objects
Yes

Table 7.3 summarizes the configurations and the controlled comparisons used through-
out the evaluation. Two global-memory configurations are included to isolate the effect of
alias information. The Global-May-Alias configuration preserves the original linear
global-memory layout and requires the compiler to conservatively assume that eligible
pointer arguments may alias. The Global configuration retains the same allocation and
access interface but provides explicit non-aliasing information through the __restrict__
qualifier. Comparing these two configurations therefore quantifies the performance effect
of alias information alone.

The remaining configurations evaluate the effects of mapping eligible objects to block-
linear storage through different CUDA access interfaces. All provide the same non-aliasing
information as Global. The Texture configuration maps eligible read-only objects to
texture memory, while eligible objects containing writable accesses remain in global mem-
ory. The Surface configuration maps the same eligible read-only objects to surface
memory, allowing the texture and surface access interfaces to be compared while holding
the transformed object set and block-linear layout constant. Finally, AutoTex maps eli-
gible read-only objects to texture memory and eligible writable objects to surface memory,
corresponding to the complete framework proposed in this work.

Together, these configurations allow the evaluation to separate performance changes
due to compiler-visible alias information, block-linear storage, support for writable objects,
and the selected CUDA access interface.

Problem-Size Selection

Several benchmarks provide configurable problem sizes. The selected sizes are determined
by the available benchmark inputs, the need to provide sufficient grid-level parallelism,
and the hardware limits of the target platform. Every allocation must fit within the
available device-memory capacity. For transformed objects, each array dimension must
also remain within the corresponding texture limit reported in Table 7.1. An allocation
may therefore fit in device memory but remain unrepresentable as a texture or surface
array because one of its dimensions exceeds the supported extent.
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PolyBench-ACC problem sizes are selected independently for the two platforms be-
cause Ada Desktop and Ampere Laptop differ substantially in SM count, DRAM capac-
ity, and computational resources. Rodinia uses the same benchmark inputs and runtime
arguments on both platforms. For NPB-GPU, all benchmarks use Class C on the Ampere
Laptop because it already provides sufficient grid-level parallelism for the principal mea-
sured kernels; larger classes would increase execution time without materially changing
the evaluated behavior. On the Ada Desktop, IS likewise uses Class C because it already
provides sufficient grid-level parallelism, whereas LU and SP use Class D to provide ad-
ditional parallelism. NPB classes are defined separately for each benchmark, so the same
class designation does not imply the same underlying problem dimensions.

Appendix A reports the selected problem sizes and the per-kernel theoretical occu-
pancy, achieved occupancy, and waves per SM measured using Nsight Compute under
the Global configuration. It also explains the interpretation of these metrics and iden-
tifies cases in which a kernel provides fewer than one wave per SM.

7.1.4 Performance Measurement

The evaluation reports both kernel execution time and application-level execution time
because the device- and host-side transformations affect different portions of program
execution. Kernel-level measurements isolate the performance effect on individual GPU
kernels, whereas application-level measurements determine how these changes combine
with the remaining runtime costs.

Kernel execution time is measured in GPU cycles using Nsight Compute (Section 2.9.2).
Cache state and GPU clocks are controlled so that the baseline and transformed kernels
are measured under comparable conditions. Measurements are collected separately for
each kernel, allowing performance changes to be related to the applied transformation,
the kernel’s execution bottleneck, and the resulting architectural effects.

Application-level measurements are collected using Nsight Systems (Section 2.9.1).
End-to-end measurements cover the measured application interval. The component anal-
ysis separately examines allocation and object creation, data transfer, kernel launch, kernel
execution, and deallocation and object destruction. Unlike the Nsight Compute experi-
ments, these measurements retain the natural cache state and clock behavior of each
application execution. Together, the end-to-end and component-level measurements de-
termine how changes in aggregate kernel-execution time combine with the host-side costs
of memory management, object management, data transfer, and kernel launch associated
with AutoTex.

Preliminary repetitions of the Nsight Compute experiments exhibited negligible varia-
tion, so one profiled execution is reported for each kernel and configuration. Application-
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level timings collected using Nsight Systems exhibit greater run-to-run variation; each
complete application is therefore executed five times, and the geometric mean is reported.

For a kernel, application, or runtime component with baseline execution time Tbase

and transformed execution time Ttransformed, speedup is defined as

Stransformed/base =
Tbase

Ttransformed
.

Thus, Stransformed/base denotes the speedup of the transformed configuration over the base-
line configuration. A value greater than one indicates an improvement, whereas a value
below one indicates a slowdown. Unless stated otherwise, each transformed configuration
is compared with a baseline having the same source-level aliasing information, problem
size, compiler optimization level, and platform-specific software environment.

7.2 Kernel-Level Performance Impact of AutoTex
This section evaluates the overall kernel-level performance impact of AutoTex on the two
experimental platforms. Before attributing any performance difference to the proposed
transformation, we first examine the effect of compiler-visible alias information and estab-
lish Global, which provides equivalent non-aliasing information, as the common baseline.
We then compare the baseline, texture-only, and AutoTex configurations separately for
kernels directly targeted by the candidate analysis and kernels transformed only because
of provenance-group constraints. Finally, we compare texture and surface accesses to
the same read-only objects to determine whether the choice of CUDA access interface
materially affects performance when the underlying data use the same block-linear lay-
out. Results are presented separately for the Ada Desktop and Ampere Laptop platforms.
The resulting per-kernel performance variation is characterized in Section 7.3 using the
baseline execution bottleneck and the resulting changes in memory-system behavior.

7.2.1 Establishing the Global-Memory Baseline

Replacing selected global-memory pointers with texture- or surface-object handles may ex-
pose stronger non-aliasing information to subsequent compiler optimizations. Comparing
AutoTex directly with a global-memory implementation in which pointer arguments
may alias could therefore conflate the effects of these optimizations with those of the
block-linear memory transformation.

To quantify this effect, we compare Global-May-Alias, in which the compiler must
conservatively assume that pointer arguments may alias, with Global, which provides
source-level non-aliasing information while retaining the same global-memory allocation
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and access interface. Figure 7.1 shows the per-kernel speedup of Global over Global-
May-Alias.

Providing explicit non-aliasing information has a measurable and kernel-dependent
effect on performance.2 The effect was most pronounced in PolyBench-ACC, where the
maximum speedup of Global over Global-May-Alias reached 2.26× on Ada Desktop
and 6.20× on Ampere Laptop. The corresponding suite-level geometric means were 1.14×
and 1.67×. By comparison, NPB-GPU remained close to parity, while Rodinia showed
smaller aggregate improvements. Across all kernels, the overall geometric-mean speedup
was 1.07× on Ada Desktop and 1.30× on Ampere Laptop.

The pronounced gains in PolyBench-ACC arise from optimization opportunities that
are inhibited when pointer arguments may alias. Several kernels update accumulation
variables directly in memory rather than first loading them into temporary scalars. When
aliasing cannot be ruled out, the compiler must conservatively preserve repeated loads
and stores because another pointer access may refer to the same location. Explicit non-
aliasing information allows the accumulated value to be promoted to a register and can
enable loop-invariant code motion for computations that would otherwise remain inside
the loop. These optimizations eliminate global-memory accesses and can therefore pro-
duce substantial speedups without changing the physical memory layout.

The comparison confirms that alias information is an independent source of perfor-
mance variation and that Global-May-Alias would not provide a neutral baseline
for evaluating AutoTex. We therefore use Global for all subsequent comparisons. Be-
cause Global provides the same source-level non-aliasing information as the transformed
configurations, this baseline excludes gains attributable solely to register promotion, loop-
invariant code motion, and related compiler optimizations, allowing the remaining perfor-
mance differences to be associated more directly with the memory transformation.

7.2.2 Candidate-Containing and Compelled-Only Kernels

We next evaluate the kernel-level performance of AutoTex relative to the established
global-memory baseline. The comparison includes three configurations: Global, which
retains the original linear layout; Texture, which maps selected read-only provenance
groups to texture memory; and AutoTex, which additionally maps selected writable
provenance groups to surface memory. Both transformed configurations operate at the
provenance-group level (Section 6.1.1), ensuring that all arguments referring to the same
underlying allocation use a consistent memory representation. Performance is reported
as speedup over the Global configuration.

2adi_kernel3 on Ada Desktop is the only evaluated kernel for which Global exhibited a substantial
slowdown relative to Global-May-Alias. Investigating this isolated regression is beyond the scope of
this work.
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The results are reported separately for candidate-containing and compelled-only ker-
nels. A candidate-containing kernel contains at least one argument directly selected by
the low-utilization classification (Section 6.2.2). These kernels represent the accesses
that AutoTex is specifically designed to improve. A compelled-only kernel, by contrast,
contains no directly selected argument but is transformed because one or more of its argu-
ments share an underlying allocation with a candidate argument used by another kernel.
Such kernels may not exhibit the access pattern that motivated the transformation and
therefore are not expected to obtain the same performance benefit.

Separating the two groups distinguishes the direct performance effect of optimizing
identified low-utilization accesses from the collateral effect of maintaining a consistent
memory representation across kernels that share an allocation. For each group, we re-
port per-kernel speedups and an aggregate geometric mean. The candidate-containing
results characterize the optimization potential of AutoTex, whereas the compelled-only
results quantify whether provenance-driven propagation introduces slowdowns or other
unintended performance effects.

Figures 7.2 and 7.3 show a clear distinction between kernels containing directly selected
arguments and those transformed only to preserve provenance-group consistency. For
candidate-containing kernels, AutoTex achieved geometric-mean speedups of 1.84× on
Ada Desktop and 1.88× on Ampere Laptop. The corresponding Texture speedups were
1.42× and 1.45×. The maximum AutoTex speedup reached 12.80× for rhs_norm_
gpu_kernel_1 (kernel 8) on Ada Desktop and 7.99× for gesummv_kernel (kernel 15) on
Ampere Laptop. Although the individual results vary substantially across kernels, the
similar aggregate speedups on the two platforms indicate that the targeted block-linear
transformation remains effective across both architectures.

The advantage of AutoTex over Texture reflects its support for eligible writable ob-
jects. This effect was particularly pronounced in NPB-GPU: Texture remained close to
parity, with suite-level geometric means of 0.98× and 1.00×, whereas AutoTex reached
1.57× and 1.40× on Ada Desktop and Ampere Laptop, respectively. When all selected
objects of a candidate-containing kernel are writable, Texture leaves their accesses in
global memory, producing performance close to the Global baseline.3 AutoTex can
instead map these objects to surface memory. For kernels containing only eligible read-
only objects, the two configurations apply the same texture transformation and therefore
generally exhibited similar performance.

Compelled-only kernels exhibited the opposite aggregate behavior. Because they con-
tain no directly selected argument, their transformations are required by shared-allocation
consistency rather than by an access pattern expected to benefit from block-linear storage.
Their geometric-mean speedups under AutoTex were 0.90× and 0.91×, respectively,

3Small differences may remain because the configuration is compiled through the prerequisite AutoTex
optimization pipeline even when no object is mapped to texture memory.
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Figure 7.3: Per-kernel speedup of Texture and AutoTex over Global for compelled-
only kernels.

compared with 0.96× on Ada Desktop and 0.96× on Ampere Laptop under Texture.
The transformed memory interfaces therefore introduce a modest aggregate cost when the
kernel itself lacks a targeted access, with the larger penalty under AutoTex indicating
additional sensitivity to surface access for propagated writable objects.

Across both kernel groups, AutoTex achieved an overall geometric-mean speedup of
1.27× on Ada Desktop and 1.28× on Ampere Laptop when all kernels transformed by
the framework are included. Excluding the seven NPB-GPU kernels identified as known
false-positive selections increased the geometric-mean speedup to 1.34× and 1.36×, respec-
tively. The all-kernel results reflect the performance achieved by AutoTex as implemented,
whereas the filtered results isolate the performance of the memory-layout transformation
among the kernels retained for the subsequent architectural characterization. In both
cases, the gains of candidate-containing kernels outweigh the aggregate regressions among
compelled-only kernels.

These geometric means weight kernels equally, however, and do not indicate how
strongly either group affects complete benchmark execution. The application-level anal-
ysis in Section 7.4 therefore examines whether the slowdowns of compelled-only kernels
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materially offset the gains of candidate-containing kernels according to their respective
execution-time contributions.

7.2.3 Texture and Surface Access to Read-Only Data

The block-linear organization used by CUDA arrays can be accessed through either tex-
ture or surface objects. Texture objects provide a read-only interface, whereas surface
objects additionally permit writes. Although texture and surface accesses use different
instructions and may traverse different processing stages, both operate on the same under-
lying block-linear storage (Section 2.3.3). We therefore examine whether the performance
of transformed read-only objects is determined primarily by their physical layout or is
sensitive to the selected access interface.

We isolate this distinction by comparing the Texture and Surface configurations.
Both transform the same set of read-only objects, use the same CUDA array allocations
and block-linear organization, and preserve the same kernel coverage. They differ only
in whether the transformed accesses are emitted as texture fetches or surface reads. The
comparison is restricted to kernels for which the same read-only objects are transformed
under both configurations, thereby excluding differences caused by candidate selection,
allocation coverage, or writable data.

Figure 7.4 reports the per-kernel speedup of Surface over Texture. Because the
transformed object set and physical layout are unchanged, deviations from 1.00× reflect
differences associated with the access interface and its processing path. The geometric-
mean speedup was 1.00× on Ada Desktop and 1.01× on Ampere Laptop, indicating
no systematic aggregate advantage for either interface. Most kernels remained close to
parity, although individual kernels can favor either texture or surface access. In particular,
adi_kernel3 exhibited a pronounced surface advantage on Ampere Laptop, while other
kernels showed smaller advantages for texture access.

The small aggregate difference between the two configurations, compared with the
speedups obtained by mapping eligible objects from linear global memory to block-linear
storage, indicates that the physical layout accounts for the primary performance effect.
The remaining per-kernel variation shows, however, that the choice of access interface
can have a secondary, kernel-dependent impact. Neither texture nor surface access is
uniformly preferable for read-only data, and particular kernels may benefit from the dis-
tinct instruction and processing paths associated with either interface. Determining the
architectural conditions under which one interface should be preferred would require a
more detailed characterization of these paths and is left for future work.

AutoTex therefore uses texture access for eligible read-only objects and surface access
when write support is required, without attempting to select between the two interfaces
based on their kernel-specific performance.
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1: adi/adi_kernel1
2: adi/adi_kernel3
3: adi/adi_kernel4
4: adi/adi_kernel6
5: atax/atax_kernel1
6: atax/atax_kernel2

7: bicg/bicg_kernel1
8: bicg/bicg_kernel2
9: gesummv/gesummv_kernel

10: mvt/mvt_kernel1
11: mvt/mvt_kernel2
12: syr2k/syr2k_kernel

13: syrk/syrk_kernel
14: kmeans/invert_mapping
15: kmeans/kmeansPoint
16: Overall gmean

Figure 7.4: Per-kernel speedup of Surface over Texture for kernels in which the same
read-only objects are transformed under both configurations.

7.3 Performance Characterization
The preceding section establishes the kernel-level performance impact of AutoTex and sep-
arates the effects of alias information, provenance-driven transformation, and the selected
CUDA access interface. The observed speedups nevertheless vary across kernels because
improving the memory layout does not alleviate every execution bottleneck equally. A
reduction in cache-access wavefronts and memory-system work may directly accelerate a
latency- or memory-bound kernel, while having little effect when execution is constrained
primarily by compute throughput.

This section characterizes that variation in two stages. We first classify candidate-
containing kernels according to their dominant bottleneck under the Global baseline,
including latency, compute, balanced, and resource-specific memory categories. This clas-
sification provides a coarse-grained view of the conditions under which AutoTex is most
effective, but does not fully explain the behavior of individual kernels. We therefore then
examine the architectural effects of the transformation, including changes in cache-access
wavefronts, memory-system stalls, cache effectiveness, and memory traffic, to explain why
kernels within the same bottleneck category may exhibit different performance outcomes.

7.3.1 Performance by Bottleneck Category

The overall results show that the performance impact of AutoTex varies substantially
across kernels. To organize this variation, we classify each candidate-containing kernel
according to its dominant execution bottleneck under the Global baseline. The classi-
fication is performed separately for each platform because the relative utilization of the
compute and memory subsystems may differ across GPU architectures. Using the base-
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Table 7.4: Execution-bottleneck classification used in the evaluation. The LSU, TEX,
LTS, L1, L2, and DRAM categories refine the general memory-bound classification.

Category Classification condition Execution bottleneck
Latency C < 60% ∧M < 60% Memory or instruction latency
Compute C −M ≥ 10 percentage points Compute or instruction throughput
LSU M − C ≥ 10 percentage points;

MLSU = Mmax

Load/store processing path

TEX M − C ≥ 10 percentage points;
MTEX = Mmax

Texture processing path

LTS M − C ≥ 10 percentage points;
MLTS = Mmax

LTS processing path

L1 M − C ≥ 10 percentage points;
ML1 = max(ML1,ML2,MDRAM)

L1-cache throughput

L2 M − C ≥ 10 percentage points;
ML2 = max(ML1,ML2,MDRAM)

L2-cache throughput

DRAM M − C ≥ 10 percentage points;
MDRAM = max(ML1,ML2,MDRAM)

Off-chip memory throughput

Balanced |C −M | < 10 percentage points
after LSU-overlap refinement

No dominant compute or memory
bottleneck

line configuration also ensures that the assigned category reflects the execution behavior
preceding the memory-layout transformation.

The resulting categories provide a high-level basis for comparing the effectiveness of
AutoTex across different execution regimes. They should not, however, be interpreted as
complete explanations of individual kernel behavior, because kernels within the same cat-
egory may differ in the extent to which the transformation changes wavefront generation,
stall behavior, cache effectiveness, and memory traffic. These effects are examined in the
subsequent subsections.

Table 7.4 summarizes the classification rules and the execution bottleneck represented
by each category. The categorization follows the throughput-based interpretation used
in Nsight Compute’s Speed-of-Light analysis4 to distinguish latency-bound kernels from
kernels that approach a compute- or memory-throughput limit [90], [91]. Compute- and
memory-bound kernels are throughput-bound: their performance is constrained by the
throughput limits of the corresponding hardware resources [92]. By contrast, latency-
bound kernels do not approach either throughput limit and are instead constrained by
the latency of instruction execution or memory operations. Because this work specifically
targets the memory subsystem, we further distinguish memory-bound kernels according
to the dominant memory resource.

Let C and M denote the achieved compute and memory throughputs reported by
Nsight Compute, respectively. A kernel is classified as latency-bound when both through-

4The Speed-of-Light analysis also incorporates roofline-model concepts [89].
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puts are below 60%, indicating that neither subsystem approaches its throughput limit.
When C exceeds M by at least 10 percentage points, the kernel is classified as compute-
bound. Conversely, when M exceeds C by at least 10 percentage points, the kernel is
classified as memory-bound and assigned a more specific category according to the dom-
inant memory resource. Kernels whose compute and memory throughputs differ by less
than 10 percentage points are classified as balanced.

For memory-bound kernels, the classifier first examines the detailed throughput asso-
ciated with the LSU, TEX, and LTS processing paths. A kernel is assigned to the LSU,
TEX, or LTS category when the corresponding throughput equals the dominant mem-
ory throughput. Otherwise, the classifier compares the L1-cache, L2-cache, and DRAM
throughputs and assigns the kernel to the category corresponding to the largest of these
values: L1, L2, or DRAM.

Balanced kernels require additional care because load/store activity may contribute to
both the compute-side and memory-side throughput summaries [93]. When the dominant
compute contributor is the LSU instruction pipeline and the dominant memory contrib-
utor is the LSU input-request path, the classifier treats them as overlapping indicators
of the same activity.5 The classifier removes both contributors and repeats the compar-
ison using the next-highest compute and memory contributors. If neither side becomes
dominant after this refinement, the kernel remains classified as balanced.

Figure 7.5 reports the speedup of AutoTex over Global for the resulting categories
on both platforms. Only candidate-containing kernels are included because they contain
at least one access directly selected by the compiler analysis; compelled-only kernels are
excluded because their transformation follows from provenance-group consistency rather
than from an access identified within the kernel itself. Each bar is additionally annotated
when the bottleneck category under AutoTex differs from its Global category.

LSU-bound kernels obtained the largest and most consistent improvements, with
geometric-mean speedups of 4.01× on Ada Desktop and 3.28× on Ampere Laptop. Most
of these kernels transitioned from LSU-bound to TEX-bound after transformation. This
shift is consistent with the replacement of global-memory instructions processed through
the LSU path by texture or surface instructions processed through the TEX path. More
importantly, the accompanying speedups indicate that moving the accesses away from
the original LSU bottleneck substantially reduces the memory-processing pressure that
limited the baseline kernels.

DRAM-bound kernels remained close to parity, with geometric-mean speedups of
1.03× on both platforms, and generally remained DRAM-bound after transformation.
Their unchanged classification and limited speedups indicate that reducing work within

5Specifically, this refinement applies when the dominant contributors are
sm__inst_executed_pipe_lsu on the compute side and l1tex__lsuin_requests on the memory
side. These metrics may share the same underlying hardware counter.
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the cache-access pipeline does not remove the dominant cost when execution remains
constrained by the rate at which data are supplied from off-chip memory.

Latency-bound kernels exhibited substantial but more varied improvements, reach-
ing geometric-mean speedups of 1.81× on Ada Desktop and 2.11× on Ampere Laptop.
Several faster kernels transitioned from latency-bound to DRAM-bound, indicating that
the transformation sufficiently reduces the original latency-related limitation for off-chip
memory throughput to become dominant. Other kernels remained latency-bound de-
spite improving, showing that the broad classification alone cannot identify which latency
source was reduced or which limitation remains. Their individual outcomes are therefore
examined using wavefront, stall, cache, and traffic metrics in the following subsections.

Compute-bound kernels appeared only on Ampere Laptop. They remained compute-
bound and close to 1.00×, apart from dilate_kernel, consistent with the expecta-
tion that reducing memory-system work provides little benefit while compute through-
put continues to limit execution. The 0.84× category geometric mean was driven by
dilate_kernel, which slowed down and transitioned from compute-bound to latency-
bound. This transition indicates that the transformation introduces additional latency-
related stalls that become the dominant execution limitation. The subsequent stall anal-
ysis identifies the specific source of this added waiting time.

7.3.2 Reduction in Cache-Access Wavefronts

The bottleneck analysis indicates the execution conditions under which AutoTex improves
performance, but does not directly establish how the transformation changes memory-
system processing. The primary mechanism targeted by AutoTex includes the reduction
of cache-access wavefronts generated by low-utilization global-memory instructions. By
mapping multidimensional objects to a block-linear layout, the transformation places
accesses from more threads within the same cache sectors and cache lines, allowing the
memory subsystem to process each warp instruction using fewer wavefronts.

To quantify this effect, we compare the cache-access wavefronts generated by Global
and AutoTex for the candidate-containing kernels. Let WC denote the L1 wavefront
count reported by the profiler for configuration C, including wavefronts processed through
both the LSU and TEX paths. We report the reduction

RW = 1− WAutoTex

WGlobal
,

as a percentage in Figure 7.6. Positive values indicate fewer wavefronts under AutoTex,
whereas negative values indicate an increase.

AutoTex reduced total cache-access wavefronts for most candidate-containing ker-
nels on both platforms. Many reductions fell between approximately 50% and 90%, indi-

113



1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

−200

−100

0

100
W

av
ef

ro
nt

re
du

ct
io

n
(%

)

(a) Ada Desktop

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

−200

−100

0

100

W
av

ef
ro

nt
re

du
ct

io
n

(%
)

(b) Ampere Laptop

1: IS/full_verify_gpu_kernel_1
2: IS/full_verify_gpu_kernel_2
3: LU/jacld_blts_gpu_kernel
4: LU/jacu_buts_gpu_kernel
5: LU/pintgr_gpu_kernel_3
6: LU/rhs_gpu_kernel_3
7: LU/rhs_gpu_kernel_4
8: SP/rhs_norm_gpu_kernel_1
9: SP/x_solve_gpu_kernel

10: adi/adi_kernel1
11: adi/adi_kernel3
12: atax/atax_kernel1
13: bicg/bicg_kernel2
14: gemver/gemver_kernel3
15: gesummv/gesummv_kernel
16: gramschmidt/

gramschmidt_kernel2
17: mvt/mvt_kernel1

18: syr2k/syr2k_kernel
19: syrk/syrk_kernel
20: gaussian/Fan1
21: gaussian/Fan2
22: huffman/pack2
23: kmeans/invert_mapping
24: kmeans/kmeansPoint
25: leukocyte/dilate_kernel

Figure 7.6: Per-kernel total cache-access wavefront reduction of AutoTex relative to
Global for candidate-containing kernels.

cating that the block-linear layout places the addresses requested by a warp within fewer
cache sectors and cache lines. The similar per-kernel reductions across the two platforms
further suggest that this effect arises primarily from the transformed access pattern and
physical layout rather than from platform-specific execution behavior.

The largest reductions occurred among kernels with substantial speedups in Figure 7.5.
In particular, the strongly accelerated LSU-bound kernels presented substantially fewer
wavefronts to the cache-access pipeline after transformation. Together with the throttle-
stall reductions examined in the following subsection, this result shows that the reduced
wavefront count alleviates contention along the memory-processing path. Several latency-
bound kernels likewise combined large wavefront reductions with substantial speedups.
The subsequent stall, cache, and traffic analyses determine how this reduction affects
memory-related waiting and request propagation through the memory hierarchy.

Four kernels on Ada Desktop and five kernels on Ampere Laptop instead generated
more wavefronts under AutoTex. Two occur in the NPB-GPU IS benchmark: the first
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and second full_verify kernels. In both kernels, the reconstructed two-dimensional
access has the form

key_buff2[idx / KEY_ROW_SIZE][idx % KEY_ROW_SIZE],

where idx = blockIdx.x * blockDim.x + threadIdx.x and KEY_ROW_SIZE = 8192.
Because both index expressions depend on threadIdx.x, the divergence analysis con-
servatively classifies both as potentially divergent. In practice, the first index remains
uniform within each warp, whereas adjacent threads request adjacent elements along the
second dimension. The accesses therefore already concentrate the addresses requested by
a warp within a small number of cache sectors and cache lines and do not exhibit the low
intra-warp cache utilization inferred by the analysis.

Mapping these accesses to the TEX path increased wavefront generation because that
path processes a warp through multiple lane groups (Section 5.3). The additional wave-
fronts contributed to the slowdown of the first full_verify kernel, whereas the second
remained close to its baseline performance because other latency sources continued to
dominate its execution. Smaller increases also appeared in adi_kernel1 on both plat-
forms and in rhs_gpu_kernel_4 on Ampere Laptop.

The largest increase occurred in dilate_kernel (kernel 25). Its candidate index is
derived through a more complex computation that the divergence analysis conservatively
classifies as potentially divergent, although the resulting runtime index values appear to
remain uniform within each warp. The transformation consequently replaces an access
requiring few LSU-path wavefronts with a TEX-path access requiring more wavefronts.
The added pipeline work introduces memory-related stalls, causing the kernel to tran-
sition from compute-bound to latency-bound and reducing its performance. Together,
these cases expose a precision limitation of the current candidate analysis: dependence on
a divergent value does not necessarily imply that the resulting addresses are widely dis-
tributed across a warp. Recognizing warp-local uniformity in reconstructed and computed
indices would prevent these transformations, analogous to the imprecision responsible for
the excluded kernels (Section 7.1.2).

7.3.3 Reduction in Memory-System Stalls

The preceding analysis shows that AutoTex reduces the cache-access wavefronts gen-
erated by most candidate-containing kernels. We next examine whether this reduction
translates into less memory-system contention and shorter memory-related waiting time.
Throttle stalls occur when a memory instruction cannot issue because the correspond-
ing processing path lacks available resources, whereas long scoreboard stalls occur when
a warp waits for an outstanding high-latency memory operation on which a subsequent
instruction depends (Section 3.3.2).
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Under Global, contention on the global-memory processing path appears as LG
throttle stalls. Because AutoTex may access objects through global, texture, and surface
interfaces, contention after transformation may instead appear as either LG throttle or
TEX throttle stalls. We therefore aggregate the two as

Tthrottle = TLG throttle + TTEX throttle.

This aggregation prevents memory-system work shifted from the LSU path to the TEX
path from being misinterpreted as eliminated contention. Long scoreboard stalls are
considered separately because they reflect waiting for outstanding memory operations
rather than resource unavailability at instruction issue.

Figure 7.7 reports the change in these stalls for the candidate-containing kernels. For
stall reason r, let SC,r denote the derived stall warp-cycle count under configuration C, and
let IGlobal denote the issuing warp-cycle count under Global. We report the normalized
stall-cycle reduction

∆ρr =
SGlobal,r − SAutoTex,r

IGlobal
.

Using the Global issuing warp-cycle count as a common denominator preserves the
change in total stall waiting without allowing differences in issuing warp-cycle counts
between the two configurations to affect the normalization. Positive values indicate stall
warp-cycles eliminated by AutoTex, whereas negative values indicate additional waiting.

AutoTex reduced aggregate throttle stalls for 12 of the 25 candidate-containing
kernels on Ada Desktop and 16 on Ampere Laptop. The reductions were particularly
pronounced among the kernels that exhibited substantial wavefront reductions and per-
formance improvements in the preceding analyses. This relationship is clearest for the
LSU-bound kernels: reducing the number of wavefronts presented to the memory system
decreases pressure on the memory-processing paths and allows more memory instructions
to issue without being throttled. The cross-platform differences provide further evidence
for this relationship. For example, kernels 8, 16, and 17 exhibited larger throttle-stall
reductions on Ampere Laptop than on Ada Desktop, consistent with their larger perfor-
mance improvements on Ampere in Figure 7.2.

The throttle and long-scoreboard components, however, should not be interpreted
as independent sources of waiting. For a warp whose next instructions encounter both
memory-pipeline pressure and dependencies on outstanding memory operations, the re-
ported stall reason reflects the condition that currently prevents issue. Moving selected
memory instructions from the LSU path to the TEX path changes this interaction because
the two paths have separate instruction queues. When Global saturates the LSU path,
a warp may encounter an LG throttle stall before reaching an instruction that depends
on an outstanding memory operation. After transformation, the corresponding access
may enter the TEX path without being throttled, allowing execution to advance until the
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1: IS/full_verify_gpu_kernel_1
2: IS/full_verify_gpu_kernel_2
3: LU/jacld_blts_gpu_kernel
4: LU/jacu_buts_gpu_kernel
5: LU/pintgr_gpu_kernel_3
6: LU/rhs_gpu_kernel_3
7: LU/rhs_gpu_kernel_4
8: SP/rhs_norm_gpu_kernel_1
9: SP/x_solve_gpu_kernel

10: adi/adi_kernel1
11: adi/adi_kernel3
12: atax/atax_kernel1
13: bicg/bicg_kernel2
14: gemver/gemver_kernel3
15: gesummv/gesummv_kernel
16: gramschmidt/

gramschmidt_kernel2
17: mvt/mvt_kernel1

18: syr2k/syr2k_kernel
19: syrk/syrk_kernel
20: gaussian/Fan1
21: gaussian/Fan2
22: huffman/pack2
23: kmeans/invert_mapping
24: kmeans/kmeansPoint
25: leukocyte/dilate_kernel

Figure 7.7: Normalized reduction in memory-related warp stalls under AutoTex relative
to Global for candidate-containing kernels. The throttle component combines LG throt-
tle and TEX throttle stalls. Positive values indicate reduced waiting under AutoTex.

unresolved dependency instead produces a long scoreboard stall. Conversely, prolonged
dependency waiting can reduce the rate at which instructions reach the memory queues
and thereby reduce observed throttle stalls. A decrease in one stall reason can therefore
expose an increase in the other without a comparable change in execution time.

This interaction is particularly visible in kernels 10 and 11, both of which are latency-
bound. Under AutoTex, their throttle stalls decreased while their long scoreboard
stalls increased by a comparable amount. The transformation shifts selected memory
instructions from the LSU path to the TEX path, allowing them to enter a separate
instruction queue rather than being blocked by LSU-path contention. Execution can
therefore progress farther before encountering a dependency on an outstanding memory
operation, causing waiting that previously appeared as a throttle stall to instead appear
as a long scoreboard stall. Conversely, prolonged scoreboard waiting can reduce the rate
at which subsequent memory instructions reach the issue queues. The similar magnitude
of the two changes, together with the limited performance impact of the transformation,
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indicates that much of the underlying memory-related waiting remains but is exposed
through a different stall reason.

The remaining cases show that reductions in wavefront generation and throttle stalls
are closely related but do not alone determine performance. Where both decrease sub-
stantially, the results provide direct evidence that AutoTex alleviates contention in the
cache-access and memory-processing paths. Changes in long scoreboard stalls addition-
ally reflect outstanding-memory latency and the altered exposure of dependencies after
contention is removed. The following subsection therefore examines cache effectiveness
and lower-level memory traffic to determine whether reduced memory-system work also
decreases the amount of data propagated through the cache hierarchy.

7.3.4 Cache Effectiveness and Memory Traffic

The preceding analyses show that AutoTex reduces cache-access wavefront generation
and, for many kernels, the resulting memory-system stalls. We next examine how these
changes affect the sector traffic processed throughout the memory hierarchy and where
the remaining accesses are satisfied. Improving intra-warp cache utilization can directly
reduce the number of L1 sectors requested by a warp. The resulting reduction in cache
footprint may also reduce the traffic propagated to the L2 cache and DRAM, either
because fewer requests are generated at the L1 cache or because reused data remain
resident longer.

We first consider sector counts because they directly quantify the traffic processed at
each level of the memory hierarchy. Let Nℓ,C denote the sector count at hierarchy level ℓ
under configuration C. We report the sector reduction

Rℓ = 1− Nℓ,AutoTex

Nℓ,Global
,

as a percentage in Figure 7.8. At the L1 cache, Nℓ,C counts the sectors accessed by the
cache-access pipeline, whereas the L2 and DRAM counts represent sectors fetched from
the corresponding lower levels. Positive values therefore indicate less sector traffic under
AutoTex, whereas negative values indicate an increase.

Figure 7.8 shows that AutoTex reduced sector traffic for most candidate-containing
kernels. The reduction was particularly consistent at the L1 cache and closely followed
the wavefront reductions in Figure 7.6. These metrics capture related but distinct conse-
quences of the block-linear layout: fewer wavefronts reduce the number of cache-access
units required to process a warp instruction, whereas fewer L1 sectors show that the
resulting accesses collectively touch less cache-sector data. Together, they provide di-
rect evidence that the transformation improves intra-warp cache-sector utilization for the
accesses identified correctly by the candidate analysis.
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For many kernels, the reduction also extended to the L2 cache and DRAM, showing
that less traffic propagated through the memory hierarchy. This effect can arise directly
from the lower number of L1 sector requests and, where accompanied by increased cache
hit rates, may additionally indicate improved cache retention. A smaller cache footprint
reduces sensitivity to cache contention, allowing reused data to remain resident longer and
avoiding some refetches from lower levels. Reduced lower-level traffic therefore provides an
additional source of memory-system relief beyond the reduction in L1 processing pressure
and can contribute to the throttle-stall reductions observed in Figure 7.7.

The reductions are not uniform across all hierarchy levels. In some kernels, fewer L1
sector accesses are accompanied by little change or a modest increase in L2 or DRAM
traffic. Such behavior does not contradict the observed performance improvements. Re-
ducing L1 sector processing can alleviate pressure on the cache-access and LSU processing
paths even when the traffic reaching lower levels does not decrease. This distinction is
particularly relevant to LSU-bound kernels, whose baseline limitation lies in processing
memory requests rather than in the service rate of a lower memory level. For exam-
ple, syrk_kernel substantially reduced its L1 sector accesses and improved performance
despite comparatively small changes in lower-level traffic. Alleviating its baseline LSU
bottleneck therefore does not require a corresponding reduction in DRAM demand.

More generally, reducing the total number of L1 accesses does not necessarily reduce
the number of requests reaching lower levels because the transformation also changes
which sectors are accessed and how they are reused before eviction. Conversely, lower-
level traffic may decrease simply because fewer L1 requests are generated, without neces-
sarily indicating improved cache retention. We therefore treat sector counts as the direct
measure of traffic at each hierarchy level and use cache hit rates as supporting evidence
for changes in retention.

The exceptions identified in the wavefront analysis are also visible in the sector counts.
The first full_verify kernel (kernel 1) generated additional L1 traffic after transfor-
mation, consistent with its already concentrated baseline access pattern and increased
wavefront generation. The most pronounced case was dilate_kernel (kernel 25), for
which AutoTex substantially increased sector traffic throughout the hierarchy on both
platforms. This result reinforces the earlier conclusion that its transformation does not
improve intra-warp locality and instead introduces additional memory-system work, con-
sistent with its increased wavefront generation, transition to a latency bottleneck, and
performance regression.

Sector counts describe the amount of traffic processed at each level, but do not reveal
what fraction of the remaining accesses is satisfied there. We therefore additionally ex-
amine the L1- and L2-cache hit rates as complementary measurements. For cache level ℓ,
Figure 7.9 reports

∆Hℓ = Hℓ,AutoTex −Hℓ,Global
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1: IS/full_verify_gpu_kernel_1
2: IS/full_verify_gpu_kernel_2
3: LU/jacld_blts_gpu_kernel
4: LU/jacu_buts_gpu_kernel
5: LU/pintgr_gpu_kernel_3
6: LU/rhs_gpu_kernel_3
7: LU/rhs_gpu_kernel_4
8: SP/rhs_norm_gpu_kernel_1
9: SP/x_solve_gpu_kernel

10: adi/adi_kernel1
11: adi/adi_kernel3
12: atax/atax_kernel1
13: bicg/bicg_kernel2
14: gemver/gemver_kernel3
15: gesummv/gesummv_kernel
16: gramschmidt/

gramschmidt_kernel2
17: mvt/mvt_kernel1

18: syr2k/syr2k_kernel
19: syrk/syrk_kernel
20: gaussian/Fan1
21: gaussian/Fan2
22: huffman/pack2
23: kmeans/invert_mapping
24: kmeans/kmeansPoint
25: leukocyte/dilate_kernel

Figure 7.9: L1- and L2-cache hit-rate changes of AutoTex relative to Global for
candidate-containing kernels. Changes are reported in percentage points.

in percentage points. Positive values indicate that a larger fraction of accesses hits at that
cache level under AutoTex.

Unlike the sector reductions, the hit-rate changes do not exhibit a uniform relationship
with performance. Both increases and decreases occur among kernels that improve under
AutoTex, and the direction may differ between the L1 and L2 caches. This behavior
follows from the fact that hit rate is a ratio whose underlying number of accesses also
changes after transformation. Eliminating repeated accesses to partially consumed sectors,
for example, can remove cache hits while still reducing the total number of sector accesses.
Conversely, a higher hit rate does not by itself imply lower traffic if the transformed
execution generates more requests.

The hit rates are therefore most useful for interpreting the cause of lower-level traffic
changes. Where reduced L2 or DRAM sector counts are accompanied by increased up-
stream hit rates, the results support the interpretation that the smaller cache footprint
improves retention and reduces refetching from lower levels. Where sector traffic decreases
without a corresponding hit-rate increase, the reduction is more directly attributable to
fewer requests being generated in the first place. Hit-rate decreases should therefore not
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be interpreted as regressions in isolation; the sector counts determine whether more or
less traffic is actually processed.

Taken together, the architectural measurements identify two related effects of the
block-linear layout. First, improved intra-warp locality reduces the number of cache-
access wavefronts and L1 sector accesses for most candidate-containing kernels, alleviating
pressure on the cache-access and memory-processing paths and reducing throttle stalls.
This effect can produce substantial gains for kernels whose baseline execution is limited by
the LSU path even when lower-level traffic changes little. Second, for many kernels, the
reduction extends to the L2 cache and DRAM, decreasing the traffic propagated through
the memory hierarchy; favorable hit-rate changes in some of these cases further indicate
improved cache retention and reduced refetching. The relative importance of these effects
depends on the baseline bottleneck: kernels whose limiting resource is relieved can obtain
substantial speedups, whereas kernels constrained by unaffected resources benefit less,
and incorrectly selected accesses may instead introduce additional memory-system work.
These effects collectively explain the major per-kernel performance differences observed
in Figure 7.2.

7.4 Application-Level Performance
The preceding sections evaluate the kernel-level performance of AutoTex and relate the
observed speedups to changes in memory-system behavior. Kernel execution time alone,
however, does not capture the complete application-level effect of the transformation.
A benchmark may invoke multiple kernels whose performance changes differently under
AutoTex, and the aggregate kernel-execution time depends on the execution-time con-
tribution and invocation frequency of each kernel. Mapping an object from linear global
memory to block-linear storage also changes the host-side operations required to manage
that object. In addition to allocating and releasing the underlying storage, AutoTex may
require different data-transfer APIs and the creation and destruction of texture or sur-
face objects. The transformed kernel stubs must also marshal the corresponding access
handles when issuing kernel launches. These factors may preserve, dilute, or completely
offset the speedups observed for individual kernels.

This section therefore evaluates AutoTex at the application level. We first compare
the end-to-end execution times of Global and AutoTex over the complete measured
application interval. We then examine how the execution-time changes of individual
kernels combine to determine the aggregate kernel-execution time of each benchmark.
Finally, we analyze the baseline runtime shares and component-level changes associated
with allocation and object creation, data transfer, kernel launch, kernel execution, and
deallocation and object destruction. Together, these analyses determine whether the per-
kernel improvements translate into end-to-end speedup and explain how the resulting
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Figure 7.10: Application-level speedup of AutoTex over Global.

performance is shaped by the distribution of work within each benchmark and by the
host-side costs of block-linear storage.

The application-level analysis includes only workloads for which the benchmark execu-
tion and timing boundaries represent comparable end-to-end work across configurations.
Initialization or verification performed outside the measured region is excluded consis-
tently. Each benchmark is executed five times under each configuration, and the geomet-
ric mean of the five measured execution times is used to compute its application-level
speedup. As in the kernel-level evaluation, Global serves as the baseline.

7.4.1 End-to-End Performance

Figure 7.10 presents the application-level speedup of AutoTex over Global. Because
the measured interval includes both GPU kernel execution and the associated host-side
CUDA operations, the results indicate whether the kernel-execution savings are sufficient
to amortize any additional memory-management and object-management costs introduced
by the transformation.

Overall, across the 16 evaluated benchmarks, AutoTex achieved application-level
speedups with geometric means of 1.20× on the Ada Desktop and 1.25× on the Ampere
Laptop. The largest improvements were obtained by syr2k, syrk, and gaussian on
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both platforms, and gesummv also showed a pronounced gain on the Ampere Laptop. In
these workloads, the reductions in kernel execution time were large enough relative to the
remaining runtime components to produce pronounced end-to-end improvements.

The other benchmarks generally exhibited more modest changes. On the Ada Desk-
top, LU, atax, bicg, gemver, gesummv, and mvt obtained application-level improvements,
whereas adi and leukocyte remained close to parity. The Ampere Laptop showed visible
speedups for LU, SP, atax, bicg, gemver, gesummv, and mvt, while IS and adi remained
close to parity. The smaller gap between the two platform-level geometric means there-
fore reflects a balance between stronger gains for several PolyBench-ACC workloads on
Ampere and larger slowdowns in several non-PolyBench workloads.

A small number of workloads experienced net slowdowns. The most pronounced case
was kmeans, which was slower under AutoTex on both platforms. gramschmidt also
slowed down on both platforms, while SP and IS regressed on the Ada Desktop and
huffman and leukocyte regressed on the Ampere Laptop. These results indicate that
the kernel-level improvements are not always sufficient to determine the application-level
outcome. The following subsections examine first how the changes in individual kernels
combine within each benchmark and then how the resulting aggregate kernel time interacts
with the remaining runtime components.

These results show that AutoTex provides a net application-level benefit on both
platforms, but the end-to-end result cannot be inferred from an unweighted collection of
per-kernel speedups. It first depends on how the changes in individual kernels combine
according to their execution-time contributions and invocation frequencies. It then de-
pends on the fraction of the complete application runtime occupied by aggregate kernel
execution and on the changes in the remaining host- and device-side components. The
following subsections examine these two levels in turn.

7.4.2 Per-Kernel Contribution to Application Performance

A benchmark may invoke multiple kernels whose performance responds differently to
AutoTex. Some transformed kernels may execute faster, while others remain unchanged
or slow down. The aggregate kernel-execution time therefore depends not only on the per-
kernel speedups but also on the execution-time contribution and invocation frequency of
each kernel.

For a benchmark containing kernels k ∈ K, the total kernel-execution time under
configuration C is

Tkernel,C =
∑
k∈K

nk,CTk,C ,

where nk,C denotes the number of invocations of kernel k, and Tk,C denotes its average
execution time under configuration C. Because Global and AutoTex preserve the
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application control flow, the invocation counts are expected to remain unchanged; dif-
ferences in aggregate kernel time therefore arise from the execution-time changes of the
individual kernels.

Figure 7.11 reports the contribution of each kernel to the total kernel-execution time
under Global and AutoTex. The results distinguish kernels accelerated by the trans-
formation from kernels that remained unchanged or became slower. This decomposition
reveals whether a benchmark-level improvement is driven by one dominant kernel or by
gains distributed across several kernels. It also identifies cases in which slowdowns in
frequently invoked or long-running kernels outweigh improvements elsewhere.

A kernel can materially affect benchmark-level performance only when its execution-
time change is large relative to its contribution to the baseline kernel time. Substantial
speedups in kernels that occupy only a small fraction of execution may have little aggregate
effect, whereas even a modest slowdown in a dominant kernel can cause the benchmark to
regress. The benchmark-level kernel speedup should therefore be interpreted as a weighted
outcome rather than as an unweighted summary of the per-kernel speedups.

The kernel-time distributions explain why the performance of individual transformed
kernels does not directly determine the benchmark-level result. In several PolyBench-ACC
workloads, a single transformed kernel dominated the original kernel-execution time. The
reductions in this dominant component accounted for the pronounced aggregate kernel-
time improvements of gesummv, syr2k, and syrk on both platforms. The improvements
in atax, bicg, mvt, and gaussian similarly arose because the kernels accelerated by
AutoTex constituted substantial fractions of their respective baseline kernel times.

Benchmarks containing several important kernels exhibited a weighted combination
of their individual changes. For example, LU, SP, adi, and gemver each contain multiple
transformed kernels with non-negligible baseline contributions. Their benchmark-level
kernel performance was therefore determined by how the gains and regressions of these
kernels combined according to their original execution-time contributions, rather than by
a single uniformly dominant kernel. Kernels with negligible baseline contributions have
little effect even when their individual speedups are large.

The kernel-time distributions distinguish these slowdown causes. In gramschmidt, the
aggregate kernel-time increase on both platforms was driven primarily by the slowdown
of its dominant transformed kernel, which is a compelled-only kernel. In leukocyte,
kernels left unchanged by AutoTex accounted for most of the baseline kernel time, so
the transformed kernels had only a limited effect on the aggregate result. On Ampere
Laptop, however, the unchanged portion itself became slower under AutoTex. Because
these kernels are not transformed, this regression is likely associated with the additional
prerequisite passes applied before the AutoTex analysis and transformation passes.

By contrast, kmeans was dominated by kmeansPoint, whose aggregate kernel time
was near parity on Ada Desktop but increased on Ampere Laptop. The severe end-to-end
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slowdown of kmeans on both platforms therefore cannot be explained by kernel execution
alone and depends on the non-kernel components examined in the following subsection.

7.4.3 Runtime Overhead Breakdown

To explain why the kernel-level gains do not translate directly into equivalent end-to-end
speedups, we decompose the measured application time into the runtime components
most relevant to the transformation. Table 7.5 defines these components and their corre-
sponding Nsight Systems data sources.

Table 7.5: CUDA Runtime APIs included in each host-side component of the application-
level breakdown.

Runtime component Included APIs
Allocation/object
creation

cudaMalloc, cudaMallocArray, cudaMalloc3DArray,
cudaMallocPitch, cudaCreateTextureObject, and
cudaCreateSurfaceObject

Data transfer All APIs whose names begin with cudaMemcpy, including
cudaMemcpy, cudaMemcpy2DToArray,
cudaMemcpy2DFromArray, and cudaMemcpyToSymbol

Kernel launch cudaLaunchKernel
Free/object
destruction

cudaFree, cudaFreeArray, cudaDestroyTextureObject,
and cudaDestroySurfaceObject

The breakdown is constructed from the CUDA Runtime API and GPU kernel sum-
mary reports produced by Nsight Systems. The allocation and deallocation groups include
both storage-management operations and the creation or destruction of the opaque ac-
cess objects required by texture and surface memory. Data transfer includes all rows in
the CUDA Runtime API summary whose API names begin with cudaMemcpy. Kernel
launch represents the host-side invocation performed through cudaLaunchKernel, includ-
ing launches issued by kernel stubs, whereas kernel execution represents the corresponding
work performed on the GPU and is obtained from the cuda_gpu_kern_sum report. Rows
outside the listed host-side groups are excluded from the component-level analysis.

A component materially affects end-to-end performance only when it occupies a mean-
ingful share of the baseline runtime and changes appreciably under AutoTex. Fig-
ure 7.12 shows paired stacked bars for Global and AutoTex, with component times
normalized to the Global runtime of each benchmark. The Global bars therefore show
the baseline runtime distribution, while the corresponding AutoTex bars show how both
the individual components and their combined runtime change under the transformation.

Kernel execution was the primary source of the application-level improvement. Across
the evaluated benchmarks, its geometric-mean speedup reached 1.68× on the Ada Desktop
and 1.77× on the Ampere Laptop. These improvements were larger than the correspond-
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ing application-level speedups of 1.20× and 1.25×, because kernel execution accounts for
only part of the end-to-end runtime. The extent to which a kernel-execution speedup af-
fects the final result therefore depends on the kernel-execution share shown in Figure 7.12.

The host-side components were smaller contributors than kernel execution, but they
no longer remained neutral in every category. On the Ada Desktop, allocation/object
creation, data transfer, kernel launch, and free/object destruction achieved component
speedups of 0.94×, 1.02×, 1.03×, and 0.94×, respectively. On the Ampere Laptop, the
corresponding values were 0.88×, 0.97×, 0.91×, and 0.99×. These results indicate that
AutoTex introduces modest aggregate host-side overheads, especially for allocation/
object creation and, on the Ampere Laptop, kernel launch, while individual workloads
exhibit larger component-level changes.

The allocation and object-management results reflect the differences between the mem-
ory abstractions (Section 2.7.1) used by the two configurations. Under Global, a linear
pointer identifies both the device allocation and the access handle used by the kernel.
Under AutoTex, a transformed object may instead require a block-linear CUDA array
and a separately created texture or surface object through which the kernel accesses the
underlying storage. Deallocation likewise requires both destruction of the opaque object
and release of its backing array. These additional operations can increase allocation/
object-creation and free/object-destruction time for individual benchmarks; in the geo-
metric mean, the clearest allocation overhead appears on the Ampere Laptop, while free/
object destruction slows modestly on the Ada Desktop.

Data-transfer time can also change because the destination representation differs be-
tween the two configurations. Global transfers data to or from linear device allocations,
whereas AutoTex may use array-specific copies to move data into or out of block-linear
CUDA arrays. The observed transfer cost therefore depends on the amount and dimen-
sionality of the transferred data, the source and destination representations, and the
transfer APIs selected by the transformed host code. Nevertheless, the geometric-mean
transfer speedup remained close to unity on both platforms, indicating that these changes
do not impose a consistent transfer penalty across the evaluated workloads.

Kernel-launch time also changes modestly in aggregate. A CUDA launch is lowered to
a host-side stub that marshals the execution configuration and kernel arguments before
invoking the CUDA runtime (Section 2.8.3). AutoTex modifies these stubs to pass texture
or surface object handles and to select the transformed kernels, but does not change the
fundamental launch mechanism. The resulting kernel-launch component had geometric-
mean speedups of 1.03× on the Ada Desktop and 0.91× on the Ampere Laptop.

The combination of per-kernel contributions, baseline runtime shares, and component-
level changes explains the application results. syr2k, syrk, and gaussian obtained large
reductions in aggregate kernel-execution time because their dominant kernels benefit sub-
stantially from the transformation. Kernel execution also occupies enough of their baseline
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application runtime for these reductions to determine the end-to-end result. Workloads
whose accelerated kernels make smaller contributions, or whose complete runtimes are
dominated by data transfer and other host-side activity, preserve a smaller fraction of
their per-kernel gains.

The slowdown cases arose from different combinations of these factors. In gramschmidt,
a dominant transformed kernel became slower, increasing aggregate kernel time before
host-side overhead is considered. In kmeans, the dominant kernel provided little or no
aggregate kernel-time saving, while data transfer and other host-side components slowed
down. In leukocyte on the Ampere Laptop, most kernel time remained in untransformed
kernels, leaving only limited opportunity for AutoTex to compensate for the observed re-
gression. Thus, application performance depends first on which kernels dominate the
benchmark and then on how the resulting aggregate kernel-time change combines with
the remainder of the runtime.

The difference between the two platforms follows the same relationship. The Ampere
Laptop exhibited a larger geometric-mean kernel-execution speedup, 1.77× compared
with 1.68×, but also showed larger aggregate slowdowns in allocation/object creation
and kernel launch. On the Ada Desktop, the smaller kernel-execution improvement was
accompanied by slowdowns in allocation/object creation and free/object destruction, but
data transfer and kernel launch improved slightly in the geometric mean. These opposing
effects left the two application-level geometric means closer than the kernel-execution
speedups alone would suggest.

Together, the end-to-end, per-kernel, and component-level results show that AutoTex
improves application performance primarily by reducing the execution time of kernels
that make substantial contributions to their benchmarks. The resulting speedup is de-
termined by the weighted combination of individual kernel changes, the share of baseline
runtime occupied by aggregate kernel execution, and whether those savings are sufficient
to amortize the memory- and object-management costs required by block-linear storage.
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Chapter 8
Limitations and Future Work

The preceding chapters establish the applicability, implementation, and performance char-
acteristics of AutoTex, while also revealing several constraints that limit its current scope
or leave opportunities for further optimization. Some of these constraints arise from the
CUDA mechanisms used to obtain and access block-linear storage and are therefore inher-
ent to the proposed layout-mapping approach. Others result from the scope and precision
of the current compiler analyses and transformations and may be relaxed through exten-
sions to the framework. The evaluation further shows that, even when a transformation
is legal and applicable, additional optimization decisions could improve how and when
block-linear storage is employed.

This chapter discusses these limitations and the corresponding directions for future
work. Section 8.1 examines constraints imposed by the underlying layout-mapping mech-
anism, including CUDA-array extent limits and compatibility with specialized memory-
access mechanisms. Section 8.2 discusses limitations of the current compiler framework,
including provenance analysis, access reconstruction, supported data types, interprocedu-
ral device-code analysis, intra-warp access-pattern reasoning, and irregular accesses. Fi-
nally, Section 8.3 considers opportunities to improve transformation profitability through
performance-aware candidate selection, texture-versus-surface interface selection, and vec-
torized texture accesses.

8.1 Limitations of the Layout-Mapping Mechanism
AutoTex relies on CUDA arrays to obtain the hardware-managed block-linear physical
layout (Chapter 5). This design allows AutoTex to improve intra-warp cache utilization
without explicitly computing block-linear addresses or introducing software-managed lay-
out conversions. The same design also inherits constraints imposed by CUDA arrays
and by the hardware interfaces through which block-linear storage is accessed. These con-
straints are inherent to the underlying layout-mapping mechanism and therefore cannot be
removed solely by extending the compiler analyses or transformations (Chapter 6). This
section discusses the resulting limitations, focusing on the supported extent of block-linear
allocations and their compatibility with specialized GPU memory-access mechanisms.
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8.1.1 Texture Dimensionality and Extent

The applicability of AutoTex is constrained by the maximum dimensions supported by
CUDA arrays. Although linear global-memory allocations are principally limited by the
available device memory and address space, CUDA imposes explicit bounds on the extent
of arrays used as block-linear storage. On the evaluated platforms, a two-dimensional
CUDA array can contain at most 131,072 × 65,536 elements, while each dimension of a
three-dimensional CUDA array is limited to 16,384 elements (Table 7.1). Consequently, a
multidimensional object that exceeds the corresponding bound cannot be mapped directly
to the block-linear representation used by AutoTex, even when its access pattern would
otherwise make it a suitable transformation candidate.

This restriction is particularly relevant because the limit applies to the extent of each
dimension rather than only to the total allocation size. An object may therefore occupy a
feasible amount of device memory while still exceeding the CUDA-array limit along one
dimension. In such a case, AutoTex cannot preserve the logical shape of the object in a
single CUDA array and must leave the allocation in linear global memory. The restriction
thus limits the range of problem sizes to which the proposed layout-mapping mechanism
can be applied and, in the present evaluation, also constrains the problem sizes that can
be used to assess its performance.

A possible extension is to partition an oversized logical object across multiple CUDA
arrays and translate each logical access to the appropriate array and local coordinate.
Such partitioning could relax the extent restriction without abandoning the block-linear
representation. However, it would introduce additional address-selection logic, require
multiple texture or surface objects, and potentially alter both the memory-access cost
and the physical locality that the transformation is intended to improve. Determining
suitable partitioning strategies and performance tradeoffs is therefore left for future work.

8.1.2 Specialized Memory-Access Compatibility

The block-linear representation used by AutoTex is accessed through texture or surface
objects rather than through ordinary global-memory pointers. Although this represen-
tation enables hardware-managed address translation for multidimensional accesses, it is
not directly compatible with specialized GPU mechanisms whose interfaces operate on
linear global-memory addresses or require specific memory representations. As a result,
an object mapped to a CUDA array by AutoTex cannot necessarily be consumed directly
by such mechanisms without an additional representation change.

This limitation is particularly relevant to modern GPU workloads that rely on spe-
cialized data-movement and compute paths. For example, tensor-core computations are
commonly supplied through memory-access sequences that stage data from global memory
into registers or shared memory, while newer architectures additionally provide mecha-
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nisms such as the TMA to transfer multidimensional regions between global and shared
memory (Section 2.1.1). These mechanisms operate through their own addressing and
transfer interfaces and do not directly consume texture or surface objects. Mapping an
input object exclusively to the CUDA-array representation used by AutoTex can therefore
prevent the same object from participating directly in these access paths.

The resulting restriction limits the composability of the proposed layout-mapping
mechanism with workloads whose performance depends heavily on specialized memory
movement and tensor-core execution, including many contemporary machine-learning
kernels. Supporting such workloads would require either retaining an additional linear
representation of the data or introducing explicit conversion between linear and block-
linear representations. Both approaches would incur additional storage, data movement,
or synchronization costs and could offset the locality benefits of the block-linear layout.
This compatibility constraint therefore arises from the memory abstraction used by the
layout-mapping mechanism rather than from the compiler framework itself (Chapter 6).

8.2 Limitations of the Compiler Framework
In addition to the constraints imposed by the underlying layout-mapping mechanism,
the current implementation of AutoTex is limited by the scope and precision of its com-
piler analyses and transformations. These limitations do not arise inherently from the
use of block-linear storage and may therefore be relaxed through extensions to the com-
piler framework (Chapter 6). In particular, the current implementation assumes that the
provenance of transformed allocations can be recovered within a single translation unit,
supports only a restricted set of reconstructable accesses and data types, and relies on
simplified models when reasoning about device-function calls, intra-warp access distribu-
tions, and irregular memory accesses. The following subsections describe these limitations
and outline corresponding directions for future work.

8.2.1 Whole-Program Provenance Analysis

Transforming an object from linear global memory to CUDA-array storage requires more
than rewriting the individual kernel accesses identified as optimization candidates. Ev-
ery host- and device-side use that depends on the representation of the same allocation
must remain consistent with the selected memory type. AutoTex therefore tracks the
provenance of kernel arguments back to their host-side allocations and groups arguments
that originate from the same allocation (Section 6.1.1). When one argument in such a
provenance group is transformed, the other uses of the same allocation must be considered
together because they share the same underlying representation.
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The current provenance analysis operates within a single translation unit. It can
therefore follow allocations, pointer propagation, kernel-launch arguments, and associ-
ated memory-management operations only when the relevant code is available to the
same compilation pipeline. If a pointer is passed through a function or module whose
implementation is compiled separately, the analysis cannot in general determine whether
the resulting value refers to an allocation that has been mapped to block-linear storage.
Similarly, uses of an allocation that are hidden behind separately compiled host code
cannot be rewritten consistently. AutoTex must therefore conservatively restrict trans-
formation to objects whose relevant provenance can be established within the available
translation unit.

This restriction limits the applicability of the current framework to programs whose
memory allocation, propagation, and kernel-launch logic are sufficiently visible during
compilation. In larger CUDA applications, however, these operations may be distributed
across multiple source files, libraries, or abstraction layers. Extending AutoTex to such
programs requires provenance information to be propagated across translation-unit bound-
aries so that all representation-dependent uses of a transformed allocation can be identified
and handled consistently.

Future work could address this limitation through whole-program or link-time anal-
ysis. For example, the compiler could construct interprocedural provenance summaries
for separately compiled functions and combine them during link-time optimization, allow-
ing allocation identities and representation requirements to be propagated across module
boundaries. Such an extension would preserve the provenance-group abstraction used by
the current framework while broadening the scope over which groups can be recovered.
More generally, a whole-program provenance analysis would allow AutoTex to reason
about transformed allocations across larger software components without requiring the
relevant host-side operations to reside in a single translation unit.

8.2.2 Access Reconstruction and Delinearization

AutoTex relies on access reconstruction to recover the logical multidimensional coordi-
nates associated with global-memory accesses before determining whether an object is a
suitable candidate for block-linear mapping (Section 6.2.2). The current implementation
reconstructs accesses most reliably when the kernel interface preserves the multidimen-
sional structure of the underlying object, such as through array-typed parameters whose
dimensions remain visible in the LLVM IR. In these cases, the pointer-arithmetic expres-
sions can be mapped back to the corresponding logical indices and reused directly when
generating texture or surface accesses.

This approach is less effective for CUDA code that represents multidimensional objects
through flattened pointers and explicitly linearizes coordinates in the source program. Af-
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ter compilation, an access such as A[i][j] may instead appear as a one-dimensional offset
of the form i × N + j, where the original dimensional structure is no longer encoded in
the pointer type. Recovering the corresponding coordinates then requires the compiler to
infer both the dimensional extents and the arithmetic relationship between the flattened
offset and the original logical indices. The current implementation does not generally per-
form this delinearization and therefore cannot transform accesses whose multidimensional
structure cannot be recovered directly from the available IR.

This limitation reduces the applicability of AutoTex to CUDA programs that expose
sufficient structural information for access reconstruction. In practice, flattened pointer
arithmetic is common in hand-written CUDA kernels and may also be introduced by
source-to-source transformation or library interfaces. As observed in the evaluation, some
otherwise relevant kernels must therefore be excluded when their accesses cannot be re-
constructed with sufficient precision (Section 7.1.2).

Future work could extend the reconstruction analysis with delinearization techniques
that recognize common CUDA indexing idioms and recover multidimensional coordinates
from flattened address expressions. Such an analysis could combine symbolic expres-
sion matching with loop bounds, allocation sizes, and kernel-launch information to in-
fer candidate dimensions and verify that a linear offset corresponds to a valid multidi-
mensional mapping. More general approaches could also incorporate scalar-evolution or
affine-analysis techniques to reason about loop-carried index expressions. Improving delin-
earization would broaden the range of CUDA programs that can be analyzed by AutoTex
without changing the underlying layout-mapping mechanism.

8.2.3 Supported Data Types

The current implementation of AutoTex supports only data objects whose elements occupy
four bytes. The texture- and surface-access rewriting currently handles only CUDA inter-
faces and LLVM intrinsics corresponding to four-byte elements (Section 6.2.3). Objects
containing larger scalar or aggregate types therefore cannot be transformed, even when
their access patterns and provenance otherwise satisfy the requirements of the framework.

This limitation excludes common element types such as double-precision floating-point
values and user-defined structures. In these cases, preserving the original program seman-
tics would require the compiler to reconstruct each logical element from one or more
values returned by the underlying texture or surface access. The required transformation
becomes more involved when the logical element spans multiple independently address-
able components or when its in-memory representation contains fields with different sizes
or alignments.

Future work could extend AutoTex to support additional scalar element sizes by ex-
ploiting the multi-component behavior of texture fetches characterized earlier in this work
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(Section 5.2.1). In particular, an eight-byte value could potentially be retrieved as two
four-byte components and reconstructed in registers before use. A similar approach may
be applicable to other fixed-size element types, provided that the compiler can preserve
their layout, alignment, and access semantics. Supporting arbitrary aggregate types would
require more general decomposition and reconstruction of each element and may therefore
require additional type- and layout-aware analysis.

Extending the supported data types would broaden the applicability of AutoTex with-
out changing the underlying candidate-selection or provenance analyses. However, the
additional instructions required to assemble or disassemble larger elements may introduce
execution overhead, and their performance impact would need to be evaluated before such
transformations are enabled generally.

8.2.4 Interprocedural Device-Code Analysis

The current implementation of AutoTex analyzes and rewrites memory accesses directly
contained in CUDA kernels. Accesses performed within separately defined device func-
tions are not considered for transformation, even when the accessed object is passed from
a kernel argument that would otherwise be eligible for block-linear mapping. Conse-
quently, a candidate object cannot be transformed when its relevant accesses cannot be
fully analyzed and rewritten within the kernel itself.

Supporting device functions requires interprocedural analysis across the device-side
call graph. In particular, AutoTex must propagate the provenance and logical multidi-
mensional structure of kernel arguments through function parameters so that accesses
in callees can be associated with the corresponding objects. The intra-warp access-
distribution analysis must likewise propagate divergence information interprocedurally
across function boundaries so that index expressions computed within device functions
can be classified with respect to the calling kernel’s thread indices. The transformation
must then propagate the selected texture or surface access handle through the call chain
and rewrite accesses in each affected callee consistently. These requirements extend both
the intra-warp access-distribution analysis and the transformation beyond individual ker-
nel boundaries (Sections 6.2.2 and 6.2.4).

Future work could extend AutoTex with interprocedural summaries that describe how
device functions propagate pointer arguments and derive memory-access expressions from
them. Such summaries could allow the intra-warp access-distribution analysis to prop-
agate reconstructed access information and divergence properties between callers and
callees, enabling candidate classification across device-function boundaries. Once an ob-
ject is selected for transformation, the corresponding function signatures and call sites
could then be rewritten to propagate texture or surface handles through the device-side
call graph. This extension would allow AutoTex to support CUDA programs whose

136



memory-access logic is distributed across __global__ and __device__ functions rather
than expressed entirely within individual kernels.

8.2.5 Intra-Warp Access-Pattern Analysis

The current intra-warp access-distribution analysis uses a simplified model of how thread-
index expressions vary across a warp when identifying accesses with low intra-warp cache
utilization (Section 6.2.2). In particular, the analysis models threadIdx.x as the source of
intra-warp divergence but does not account for threadIdx.y or threadIdx.z. This model
is sufficient when the threads of a warp vary only along the x dimension, but it becomes
incomplete when the x-dimension of a thread block contains fewer than 32 threads. In
such configurations, a warp can span multiple rows or planes of the thread block, causing
threadIdx.y or threadIdx.z to vary within the same warp.

A more precise analysis could model the joint distribution of all three thread-index
dimensions using the thread-block dimensions associated with each kernel launch. Be-
cause the launch analysis already identifies kernel launch sites, the corresponding block
dimensions could be propagated to the device-side analysis and used to determine the
values of threadIdx.x, threadIdx.y, and threadIdx.z for the lanes of each warp. This
information would allow AutoTex to identify low-utilization access patterns that depend
on the y or z thread dimensions and avoid relying on the assumption that intra-warp
variation occurs exclusively along x.

The current analysis is also conservative when thread indices undergo arithmetic before
being used in an access expression. Divergence indicates that an expression may differ
among threads, but does not by itself describe the distribution of the resulting values. For
example, arithmetic on threadIdx.x may change the stride, range, or grouping of the
coordinates generated by a warp and therefore materially change the resulting cache-sector
utilization. Without reasoning about these values, AutoTex cannot precisely characterize
such access patterns and may fail to identify accesses for which block-linear mapping
would be beneficial.

Future work could augment the divergence analysis with value-range or symbolic rea-
soning to track how arithmetic operations transform thread-index values across a warp.
Combined with the recovered thread-block dimensions, such an analysis could derive a
more precise approximation of the coordinates generated by the 32 lanes and use their re-
sulting intra-warp distribution directly when estimating cache utilization. This extension
would broaden the set of access patterns that AutoTex can identify while reducing the
conservatism of the current candidate analysis.
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8.2.6 Irregular Access Patterns

The current implementation of AutoTex relies on statically recoverable access expressions
to determine whether a global-memory object exhibits low intra-warp cache utilization
(Section 6.2.2). This requirement limits the framework when memory coordinates depend
on values that cannot be resolved sufficiently at compile time. Examples include indi-
rect indexing through another array, pointer chasing, and other data-dependent address
computations. Although such accesses may still exhibit regular or locality-preserving be-
havior at runtime, their intra-warp distributions cannot generally be inferred from the
static expressions available to the current analysis.

This limitation is particularly relevant because irregularity in the source-level expres-
sion does not necessarily imply irregularity in the addresses generated by a warp. An
index array, for example, may contain values that form a regular stride or remain con-
fined to a small multidimensional region for a particular workload. Without information
about the runtime values, however, AutoTex cannot determine the resulting cache-sector
utilization or establish that mapping the object to block-linear storage is likely to improve
intra-warp locality. The current framework therefore restricts candidate identification to
accesses whose relevant intra-warp distribution can be characterized statically.

Writable objects introduce an additional consideration because their read and write
accesses must remain semantically consistent after transformation. AutoTex supports
writable candidates through surface memory when the required access semantics can be
established (Section 6.4.2), but irregular read or write locations remain subject to the
same limitation: if their intra-warp distributions cannot be characterized, the framework
cannot determine whether the object is a suitable candidate for block-linear mapping.

Future work could extend candidate identification with profile-guided or hybrid static–
dynamic analysis. Runtime profiling could characterize the intra-warp address distribu-
tions of accesses that cannot be resolved statically and provide this information to the
compiler when selecting objects for transformation. Alternatively, stronger value-range,
dependence, or symbolic analyses could recover useful bounds or structural properties
for some indirect accesses without requiring runtime information. Such extensions would
broaden the applicability of AutoTex to workloads with data-dependent memory accesses
while preserving the current requirement that transformations be applied only when their
access behavior can be characterized with sufficient confidence.

8.3 Optimization Opportunities
Beyond relaxing the applicability limitations discussed above, AutoTex could also be ex-
tended to make more selective and performance-aware transformation decisions. The cur-
rent framework primarily determines whether an object is eligible for block-linear mapping
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based on its access structure, provenance, and memory semantics, but does not attempt
to predict the resulting performance benefit before applying the transformation. The eval-
uation shows that the effectiveness of block-linear mapping depends on additional factors,
including the baseline execution bottleneck, the contribution of transformed kernels to
total execution time, and the behavior of other accesses that share the same allocation.
This section discusses several opportunities to incorporate such information into the trans-
formation process, including profitability-aware candidate selection, interface selection for
read-only data, and vectorized texture accesses.

8.3.1 Performance-Aware Transformation Selection

The current implementation of AutoTex treats transformation eligibility and transforma-
tion profitability as separate concerns. Candidate identification determines whether an
access exhibits low intra-warp cache utilization and whether the corresponding object
satisfies the correctness requirements for block-linear mapping (Chapter 6). Once an el-
igible provenance group is identified, the framework applies the transformation without
estimating whether the resulting reduction in cache-access wavefronts or memory traffic
will translate into an execution-time improvement.

The evaluation demonstrates that eligibility alone does not guarantee a speedup. The
benefit of improved intra-warp locality depends on the execution bottleneck of the affected
kernel and on whether the memory-system behavior improved by AutoTex materially lim-
its performance (Section 7.3.1). Moreover, transformations are applied at the provenance-
group granularity. An allocation selected because of one beneficial access may also be
used by other kernels or arguments that do not independently benefit from block-linear
storage. These compelled transformations can reduce the aggregate benefit of mapping
the allocation even when the original candidate access improves.

A performance-aware selection mechanism could estimate the profitability of each
candidate provenance group before transformation. Such a model could incorporate prop-
erties already available to the compiler, including the expected change in intra-warp cache
utilization, the number and frequency of affected accesses, and the set of compelled uses
associated with the same allocation. Profile-guided information could further incorporate
baseline execution bottlenecks, kernel execution frequencies, and the relative contribution
of each affected kernel to application execution time. Together, these factors could allow
AutoTex to prioritize transformations whose expected benefits outweigh the costs imposed
on other uses of the same object.

The profitability model could also account for host-side costs introduced by block-
linear storage. As shown by the application-level evaluation, changes to allocation, data
transfer, object management, and kernel-launch behavior can partially offset kernel-level
improvements (Section 7.4). Incorporating these costs would allow AutoTex to select
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transformations according to their expected end-to-end benefit rather than kernel per-
formance alone. Such a model would complement the existing legality and candidate
analyses by determining not only whether a transformation can be applied, but whether
it is likely to be worthwhile.

8.3.2 Texture-versus-Surface Interface Selection

The current implementation of AutoTex selects the CUDA access interface according to
the access semantics of each transformed object: read-only objects are accessed through
texture objects, whereas writable objects through surface objects (Section 6.4.2). This
policy provides a simple correspondence between program semantics and CUDA mem-
ory interfaces, but it does not consider whether a read-only object might execute more
efficiently through the surface interface.

The evaluation shows that texture and surface accesses to the same block-linear storage
can exhibit different performance even for read-only data (Section 7.2.3). Although neither
interface consistently outperforms the other across all evaluated kernels, individual cases
favor one interface over the other. Because the physical layout remains unchanged, these
differences arise from the distinct access paths and processing stages associated with
texture and surface instructions rather than from the block-linear organization itself.

Future work could therefore treat interface selection for read-only objects as a perfor-
mance decision rather than deriving it solely from mutability. A compiler could select
between texture and surface access based on static properties of the kernel, architectural
characteristics, or profile-guided measurements. Such a selection mechanism could be
incorporated into the broader performance-aware transformation process, allowing Auto-
Tex to choose not only whether an object should use block-linear storage, but also which
compatible access interface is expected to provide the better performance.

The present evaluation does not establish a general rule for predicting which interface is
preferable in a given case. Further characterization of the texture and surface access paths,
including their processing overheads and interactions with different execution bottlenecks,
would therefore be required before interface selection could be automated reliably.

8.3.3 Vectorized Texture Accesses

The current implementation of AutoTex preserves the access granularity of the original
program when rewriting global-memory loads as texture fetches. A scalar load is therefore
transformed into a texture access that returns the corresponding scalar value, even though
the underlying texture interface can return multiple adjacent components in a single
fetch (Section 6.2.4). As a result, the present transformation does not explicitly exploit
opportunities to combine neighboring accesses into wider texture fetches.
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Future work could identify groups of scalar accesses that refer to adjacent elements
and replace them with a single vectorized texture access when their alignment, ordering,
and control-flow conditions permit. The returned components could then be distributed
to the corresponding uses in the original program. Such a transformation could reduce
the number of texture instructions issued for accesses that already exhibit suitable spatial
locality and potentially amortize the instruction-processing overhead of the texture path
across multiple values.

Vectorization would require additional analysis beyond the current per-access rewrit-
ing. In particular, AutoTex would need to determine whether neighboring accesses are
executed together, whether they can be combined without changing observable memory
semantics, and whether the wider fetch introduces unnecessary data movement. The ben-
efit may also depend on the access pattern and execution bottleneck, because reducing
the instruction count does not necessarily improve performance when the kernel is limited
elsewhere. Vectorized texture access would therefore be most naturally combined with
performance-aware transformation selection rather than applied uniformly.

The multi-component fetch behavior may also provide a mechanism for extending
the supported data types discussed earlier in this chapter (Section 8.2.3). For example,
two four-byte components could potentially be combined to reconstruct an eight-byte
value. Although this use differs from vectorizing independent neighboring scalar accesses,
both extensions rely on exposing and exploiting the wider return capability of the texture
interface rather than treating every transformed access as an isolated four-byte operation.
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Chapter 9
Conclusion

Modern GPU applications frequently operate on logically multidimensional data struc-
tures while storing those structures in linear global memory. When the access pattern of
a warp does not align with this linear physical organization, the addresses generated by a
single memory instruction may span many cache sectors and cache lines, resulting in poor
intra-warp cache utilization. Such accesses not only consume fetched cache data ineffi-
ciently but also rely more heavily on cross-instruction reuse, making cache effectiveness
more sensitive to inter-warp contention. This work investigated whether this mismatch
can instead be addressed through the physical organization of memory, without restructur-
ing the computation or explicitly reorganizing data in software. The central observation
is that NVIDIA GPUs already provide a hardware-managed block-linear memory layout
through CUDA arrays. By mapping eligible multidimensional data objects to this layout,
the physical placement of nearby logical elements can be better aligned with the addresses
requested by a warp.

Based on this observation, this work proposed the use of texture memory as a layout-
mapping mechanism for improving intra-warp cache utilization. Unlike a blocked layout
managed in software, the block-linear organization is established and addressed by exist-
ing GPU hardware, avoiding software-managed address computation for the transformed
layout. For suitable access patterns, the resulting physical organization consolidates the
data requested by a warp into fewer cache sectors and cache lines, thereby increasing
the fraction of fetched data consumed by the requesting threads. This consolidation can
reduce dependence on cross-instruction reuse, improve robustness to inter-warp cache
contention, and reduce the number of cache-access wavefronts required to process a mem-
ory instruction. The proposed mechanism therefore targets the physical organization
underlying inefficient cache access while remaining orthogonal to techniques that instead
transform the computation or its access pattern.

To apply this mechanism transparently to existing CUDA programs, this work devel-
oped AutoTex, a compiler framework that identifies global-memory objects for which a
block-linear layout may be beneficial and transforms their memory representation and
accesses accordingly. AutoTex reconstructs the logical multidimensional structure of
device-side memory accesses, analyzes their intra-warp access behavior, and tracks object
provenance to preserve consistent layout decisions across related accesses. Eligible read-
only and writable objects are mapped to texture and surface memory, respectively, while
the corresponding device-side accesses and host-side memory-management operations are
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transformed automatically. AutoTex therefore introduces hardware-managed block-linear
storage without requiring source-level modification of the original CUDA program.

The evaluation across three benchmark suites and two NVIDIA GPU architectures
demonstrates that AutoTex can improve kernel performance. Across all 52 transformed
kernels, AutoTex achieved speedups with geometric means of 1.27× on the Ada Desk-
top and 1.28× on the Ampere Laptop, and individual kernels reached speedups of up to
12.80× and 7.99×, respectively. The accompanying architectural characterization shows
that these improvements are consistent with the intended effect of the block-linear layout:
consolidating warp accesses into fewer cache sectors and cache lines can reduce cache-
access wavefront generation and memory-system pressure. The results therefore demon-
strate that improving intra-warp cache utilization through physical layout transformation
can translate into kernel-level performance gains.

Kernel-level improvements do not translate directly into proportional application-level
speedups because the transformed memory representation introduces additional runtime
costs. Across the 16 evaluated benchmarks, the kernel-execution component achieved
speedups with geometric means of 1.68× on the Ada Desktop and 1.77× on the Am-
pere Laptop, while the corresponding end-to-end geometric-mean speedups were 1.20×
and 1.25×. These results show that the kernel-level benefits of block-linear layout map-
ping can translate into meaningful application-level acceleration, although the realized
improvement depends on whether the reduction in kernel execution time is sufficient to
outweigh the associated runtime overhead.

Overall, this work establishes three complementary results. First, it identifies poor
intra-warp cache utilization caused by a mismatch between logical multidimensional ac-
cess structure and linear physical memory organization as a target for memory-layout op-
timization. Second, it demonstrates that the hardware-managed block-linear organization
already provided by NVIDIA GPUs can serve as a practical layout-mapping mechanism
for improving this utilization and reducing cache-access wavefront generation without
software-managed address translation or additional hardware support. Third, it develops
AutoTex as a compiler framework that applies this mechanism transparently to existing
CUDA programs. More broadly, these results show that the physical layout of a GPU
data object can be treated as a compiler-selectable optimization dimension in its own right.
Specialized memory organizations need not be confined to the programming interfaces for
which they were originally exposed; they can instead be repurposed by compiler analysis
to better match physical data placement to the access structure of GPU computations.
AutoTex demonstrates the viability of this approach by improving memory-system behav-
ior and execution performance using existing hardware while remaining transparent to
the source program.
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Appendix A
Selected Benchmark Problem Sizes

This appendix documents the problem-size selection used in the benchmark evaluation of
Chapter 7. Table A.1 reports the selected problem size and the corresponding per-kernel
theoretical occupancy, achieved occupancy, and waves per SM on each platform. These
profiling metrics are collected using Nsight Compute under the Global configuration.
Table A.2 then summarizes the constraint or policy governing the selected problem size
for each benchmark.

PolyBench-ACC problem sizes are selected independently for Ada Desktop and Am-
pere Laptop because the two platforms differ in device-memory capacity and computa-
tional resources. Rodinia uses the same benchmark inputs and runtime arguments on both
platforms. For NPB-GPU, all benchmarks use Class C on the Ampere Laptop because it
already provides sufficient grid-level parallelism for the principal measured kernels; larger
classes would increase execution time without materially changing the evaluated behavior.
On the Ada Desktop, IS likewise remains at Class C because it already provides sufficient
grid-level parallelism, whereas LU and SP use Class D to provide additional parallelism.
NPB classes are defined separately for each benchmark, so the same class designation
does not imply the same underlying problem dimensions.

Theoretical occupancy denotes the maximum fraction of an SM’s warp capacity that
can be resident concurrently, as determined by the thread-block configuration and the
kernel’s register, shared-memory, warp, and block requirements. Achieved occupancy
denotes the average fraction of warp capacity that is active during execution. A difference
between the two may arise from insufficient grid size, load imbalance, tail effects, or kernels
whose grids contain only a small number of thread blocks.

Waves per SM indicates the amount of grid-level parallelism provided by the launched
grid relative to the number of thread blocks that can reside concurrently across the GPU.
A value below one means that the grid contains fewer blocks than the GPU could accom-
modate concurrently for that kernel, whereas a value above one indicates that additional
blocks remain after the first resident wave. Waves per SM is therefore used as the primary
indicator of whether the selected problem size provides sufficient parallelism.

Some kernels nevertheless report fewer than one wave per SM. In several cases, the
kernel’s grid structure scales weakly or not at all with the overall benchmark size. A small
number of kernels launch only a single thread, causing the reported value to round to
0.00. Increasing the benchmark problem size does not materially increase the parallelism
of these kernels.
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Table A.2: Problem-size selection constraints and policies for the evaluated benchmarks.

Suite Benchmarks Size-selection constraint or policy
PolyBench-ACC adi, atax, bicg, gemver,

gesummv, gramschmidt, mvt
device-memory capacity

PolyBench-ACC syr2k, syrk Texture dimensions and
device-memory capacity

Rodinia gaussian, leukocyte Available suite input and runtime
argument

Rodinia huffman Available suite input and
device-memory capacity

Rodinia kmeans Available suite input and texture
dimensions

NPB-GPU IS, LU, SP Sufficient grid-level parallelism
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