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1 Introduction
Memory traces capturing GPU operations over modern scale-up fab-
rics (e.g., load/store accesses, ordering events, synchronization, and 
communication behavior) enable a broad set of research directions 
for next-generation AI infrastructure.

First, such traces provide a foundation for evaluating emerging 
disaggregated memory architectures, including GPU memory pool-
ing, HBM–CXL tiered memory systems, remote KV-cache systems 
for LLM serving, and disaggregated MoE expert storage. Trace-
driven analysis enables realistic characterization of locality, bursti-
ness, remote access granularity, latency tolerance, migration effi-
ciency, and cacheability — all of which are critical for designing 
scalable memory disaggregation.

Second, these GPU memory operation traces are valuable for 
protocol and fabric co-design efforts t argeting emerging indus-
try specifications designed for AI scale-up networking, such as 
UAL [14] and ESUN [11]. Real workload traces enable evaluation 
of packetization strategies, ordering semantics, transport protocols, 
switch buffering policies, and collective communication optimiza-
tions under realistic GPU-generated traffic patterns.
Coarse-grained profiles breed inaccurate low-level simula-
tions. Chakra [13] defines schemas for execution graphs and de-
pendencies, but lacks fine-grained memory tracing. For example, 
Chakra does not support per-kernel warp-level traces, access distri-
bution across memory spaces, and memory operation characteriza-
tion. Nsight Systems [9] and PyTorch’s Kineto-based profiler [12]
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Table 1: Comparing Profiling Tools.

Profiler Approach Memory Access
Pattern

Granularity Overhead

NVBit [15] Assembly Yes Warp High
Nsight Compute [8] CUPTI APIs Partial Warp High
Nsight Systems [9] CUPTI APIs No Warp Medium
eGPU [16] eBPF No – Low
eInfer [1] eBPF Partial Kernel Medium
CUPTI [6] – PM Sample Warp Low
GPA [17] PM Sample Yes Warp Low
Our Tool PC Sampling + SASS Yes Warp Low

use CUPTI [6] to expose GPU, PCIe, NVLink, and operator-level
performance metrics. eInfer [1] profiles distributed GPU workloads
at a coarse granularity, while eGPU [16] extends eBPF [2] observ-
ability to GPUs by translating eBPF programs into PTX [10] for
lightweight kernel instrumentation. However, these systems do not
focus on fine-grained memory tracing or on the bottlenecks that
arise from such memory access patterns (see Table 1).
Fine-grained, instruction-level tracing fails to scale, and of-
ten perturbsworkload behavior.NVBit [15] rewrites GPU SASS [5]
to enable instruction-level instrumentation of memory operations.
However, its in-band tracing perturbs program behavior and can in-
cur up to 100× runtime overhead, limiting scalability [15]. Similarly,
Snoopie [4] relies on NVBit to trace GPU memory accesses and
inherits similar reliability and overhead issues. Nsight Compute [8]
provides instruction-level profiling but lacks warp-level memory
tracing.
Achieving non-invasive, instruction-level precision at scale.
NVIDIA CUPTI’s Program Counter (PC) sampling [7] periodically
samples executing instructions out-of-band and attributes events
such as memory accesses and stalls to program counters, enabling
low-overhead memory analysis without binary modification. Com-
pared to instrumentation-based approaches like NVBit and eGPU,
it offers better scalability and lower execution perturbation, but
sacrifices temporal resolution and requires post-processing to recon-
struct memory traces. GPA [17] supports causal “what-if” analysis
to identify bottlenecks, but does not generate benchmarks.
Our proposal. Design an execution trace generator that captures
and replays AI/ML workload memory behavior using PC sampling
during kernel execution. We collect temporal samples of memory
accesses, instruction classes, and warp stall reasons across kernels
at warp-level granularity. Using these traces, we characterize work-
load behavior and plan to build realistic memory benchmarks for
distributed training and inference.
Challenges. (1) PC sampling records stall reasons and program
counters at warp-level granularity. However, there is no direct cor-
respondence between the PC reported by the sampler and the PC of
the target SASS instruction. Consequently, the sampled PC cannot
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Figure 1: Pipeline for Online Runtime Trace Generation.
Components B–E run throughout the execution.

be directly used to identify stalls caused by a specific SASS instruc-
tion. We engineer a correlation pipeline that maps sampled PCs
to decoded SASS instructions, binding hardware events to specific
instruction types for precise execution profiling. (2) Modern ML
frameworks use asynchronous CUDA streams to launch thousands
of overlapping kernels, making accurate temporal tracing diffi-
cult. We propose using an optimal PC sampling frequency within
the hardware buffer limit constraint and capture sufficiently fine-
grained memory access patterns, while ensuring that instructions
aren’t dropped. We achieve partial temporal ordering of memory
operations and analyze kernel dominance, memory hierarchy usage,
operation types, and stall reasons.

2 Design and Implementation
Figure 1 shows the overall design of our memory tracing tool.
Phase-I: Online Low-Overhead Trace Generation. The profiler
(pc_sampler_v15a.cu) is compiled into a shared library and in-
jected via LD_PRELOAD, initializing the CUPTI PC sampling session
before any CUDA kernel launches occur. At each sampling interval
(every 1M cycles), the hardware samples the PC and the associated
stall reason for each active warp across all streaming multiproces-
sors. The stall reason encodes the microarchitectural condition that
prevents a warp from issuing an instruction.

Our tool transparently extracts assembly from embedded CUDA
binaries (CUBINs) via an LD_PRELOAD library (libpc_sampler.so)
that intercepts driver module-loading APIs (e.g., cuModuleLoad) and
writes the assembly to disk. This interception layer adds minimal
latency to the CUDA driver’s critical path while dumping raw
binary payloads to disk. The sampling approach captures aggregate
warp behavior instead of individual instruction events, yielding
a statistically representative view of execution bottlenecks with
low overhead while preserving temporal structure via monotonic
timestamps associated with each sample batch.
Why 1M cycle sampling rate? PC sampling employs a two-stage
buffering pipeline in which per-SM (Streaming Multiprocessor)
buffers feed into a shared hardware buffer with a capacity of 512𝑀𝐵.
We chose a sampling interval of 1𝑀 cycles because we observed
that higher-frequency PC sampling (e.g., 210 and 26 ) causes SM
buffers to overflow, resulting in dropped instructions (see Table 2).
Phase-II: OfflineHigh-Fidelity Correlation andMapping. The
mapping phase semantically enriches the pipeline by joining sam-
pled PC observations with instruction-level SASS disassembly using
a memory-efficient, two-level index. The outer index maps sani-
tized kernel names to .sass file paths, while the inner index maps
PC offsets to SASS mnemonic strings. For each record, the pipeline

sanitizes the kernel name, resolves the file path, and extracts the
SASS mnemonic. Mismatches are systematically logged: SASS-level
misses capture unextracted JIT or dynamic kernels, while offset-
levelmisses capture sampling jitter or version-specific PC alignment
variations. Successfully mapped records are enriched with architec-
tural attributes from a classification database, which we built from
existing NVIDIA documentation [5], including operation category,
target memory space, uniformity, and Tensor Core involvement.
Concurrently, a width extraction utility uses regular expressions
to parse bit-width tokens (e.g., .64, .128), assigning a transaction
width and confidence rating (EXACT, DEFAULT, UNKNOWN). The
resulting enriched dataset provides the foundational per-sample
ground truth required for simulator validation and temporal work-
load analysis.

3 Evaluation
Setup.We evaluated our pipeline for the NanoGPT-10M training
workload (200 iterations) across two NVIDIA H100 GPUs and 4 ×
𝐻200 GPUs, connected via PCIe and NVLink, respectively, for data
parallelism.
Can our pipeline help construct a real-world memory bench-
mark? With the sampling time frames, the multi-kernel behav-
ior was captured by transforming raw data into timestamp vec-
tors. By correlating the stall reasons (Figure 2), memory operations
(Figure 3), and memory hierarchy (Figure 4), it is possible to at-
tribute the sample time frame(s) to the corresponding template
memory abstraction, and construct memory benchmark. We see
that the dominant memory operation is MEMORY (Load/Store), stall
reason is tex_throttle, and memory hierarchy is GLOBAL (off-
chip memory access), indicating a bottleneck due to busy queue at
TMU. Therefore, the benchmark can pick from the TMU template
operations.
Can our pipeline identify dynamic NCCL communication
protocols? NCCL dynamically selects the communication proto-
cols (i.e., LL, LL128, and SIMPLE) at the start of every individual
collective operation [3]. Using SASS disassembly and PC sampling
mapping, we could observe the exact communication protocol tem-
porally, which can feed into our memory benchmark.

4 Conclusion and Future Work
In this paper, we presented a GPU memory tracing tool. To real-
ize a comprehensive execution trace generator for distributed ML
workloads, we plan to extend the tool with low-overhead support
for capturing inter-operation memory dependencies and scale-up
memory access patterns.

While the Chakra [13] DAG defines the standard execution trace
format for representing AI/ML workloads, including memory op-
erations, the captured memory traces are coarse-grained and lack
information about stall reasons that occur due to memory access
patterns. We plan to extend our tool as a feeder pipeline that maps
PC samples to decoded SASS and groups them into accurate Mem-
ory Nodes within Chakra’s execution graph.
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A Selecting a Sampling Frequency Under Buffer
Constraints

Table 2: Impact of PC sampling frequency on instruction col-
lection. S1: 4×H200 GPUs connected via NVLink. S2: 2×H100
GPUs connected via PCIe. Hardware PC-sampling buffer size
= 512MB. Buffer size for S1: 100000; S2: 1000000.

Server Sampling Freq. # Instr. Sampled Drops

S1 220 153K No
26 700 Yes

S2
220 1.54M No
210 109K Partial
26 11K Yes

B Evaluation Plots
Temporal Distribution of Stall Reasons. Figure 2 shows the
temporal evolution of warp stall reasons obtained from CUPTI PC
sampling over the NanoGPT training workload. We observe that
the dominant stall reason throughout execution is tex_throttle,
indicating the instruction L1 queue is full with texture operations.

Stall distributions evolve gradually rather than exhibiting abrupt
transitions, suggesting that statistical PC sampling preserves sta-
ble temporal execution characteristics despite not recording ev-
ery instruction. Less frequent events such as warpgroup_arrive,
selected_not_issued, and wait_not_issued remain compara-
tively rare, indicating that memory subsystem pressure dominates
over scheduling-related stalls for this workload.
Temporal Distribution of Memory Operation Categories.
Figure 3 shows the temporal evolution of semantic instruction cat-
egories obtained after correlating PC samples with decoded SASS
instructions. MEMORY (load/store) operations consistently dominate
execution, demonstrating that memory accesses constitute the pri-
mary activity throughout training. UNIFORM and TMA instructions
contribute a smaller but persistent fraction, reflecting scalar oper-
ations and Hopper Tensor Memory Accelerator transfers, respec-
tively, while ATOMIC and SYNC instructions occur infrequently.
Temporal Distribution of Memory Spaces. Figure 4 shows the
temporal distribution of memory spaces accessed by sampled SASS
instructions. CONST memory space with grid-level scope, resides
on the HBM memory throughout the application lifetime, and is
read-only to the GPU kernel. GLOBAL memory space is accessible
to all threads in the kernel and resides in the HBM, whereas LOCAL
resides in the HBM but is thread-local. SHARED memory sits on
the L1 cache, and is accessible by all the threads in a thread-block.
We observe that CONST and GLOBAL memory dominate throughout
execution, followed by SHARED memory, while LOCAL memory us-
age remains minimal, indicating limited register spilling for the
evaluated workload.
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Figure 2: Temporal samples of Stall reason. tex_throttle: Texture Mapping Unit is busy, and its queue is full, wait in L1-tex;
wait: Warp stalled on fixed latency execution dependency.

Figure 3: Temporal samples of Memory Operations. MEMORY: load/store; Uniform: scalar register shared by threads in a warp;
TMA: load from HBM to shared bypassing registers; ATOMIC: in-memory operation; SYNC: Synchronization and memory
barrier operations.

Figure 4: Temporal samples of Memory Spaces. Constant: Grid|Device ; Global: Grid|Device ; Shared: Block|SM ; Local:
Thread|Device
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