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Abstract

As models become larger, ML accelerators are a scarce re-
source whose performance must be continually optimized
to improve efficiency. Existing performance analysis tools
are coarse grained, fail to capture model performance at the
machine-code level and often do not provide specific recom-
mendations for optimizations. In addition, existing method-
ologies are hard to apply in Google’s production environ-
ment, as they require hardware changes or recompilation. We
present SnR, a fine-grained methodology for analyzing ML
models at the machine-code level that provides actionable
optimization suggestions. It requires no hardware changes
and no recompilation.

Our core insight is to use a hardware-level simulator, an ar-
tifact of the hardware design process that we can re-purpose
for performance analysis. Traditionally, these simulators
are confidential tools used to improve hardware designs
given representative software workloads. However, as a hy-
perscaler practicing hardware/software co-design, we are
uniquely positioned to use them in the opposite direction: to
optimize software given fixed hardware architectures. SnR
captures traces from production deployments running on ac-
celerators and replays them in a modified microarchitecture
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simulator to gain low-level insights into the model’s per-
formance. We implement SnR for our in-house accelerator
(TPU) and used it to analyze the performance of several of
our production LLMs, revealing several previously-unknown
microarchitecture inefficiencies. Leveraging these insights,
we optimize a common communication collective by up to
15% and reduce token generation latency by up to 4.1%.
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1 Introduction

As generative artificial intelligence (Al) is projected to be-
come a trillion dollar market by 2032 [9], an increasing num-
ber of companies invest in developing ML accelerators. This
environment has motivated many traditionally consumer-
focused companies to develop their own hardware, giving
rise to the hardware/software co-design paradigm. Hyper-
scalers like Google [28, 29], Meta [19], and Amazon [50, 51]
now design custom ML chips alongside established semi-
conductor companies such as NVIDIA [13], AMD [4] and
Intel [12]. Unlike traditional chip development cycles where
semiconductor companies rely on representative applica-
tions from consumer companies to inform next-generation
designs, co-design enables faster iterations and closer integra-
tion by allowing hardware and software teams to collaborate
directly throughout the development process.

A complex ecosystem of tools have been built around
these accelerators to support ML development. High-level
frameworks like TensorFlow [2], JAX [20], and PyTorch [46]
allow engineers to express machine learning models with
simple APIs. These high-level models are then translated into
ML intermediate representations like MLIR [33] or OpenXLA
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StableHLO [49]. These mid-level representations provide a
layer of indirection between high-level ML frameworks and
machine-level code, allowing compilers to target custom
hardware from a reduced set of intermediate representations.
These portable mid-level representations are then compiled
into the byte-code which runs on the ML accelerator. The
development of each of these levels of abstraction requires a
huge engineering effort, and inefficiencies introduced at any
level can cause performance degradation for the model. The
companies that offer generative Al services are often doing so
at a massive scale (for example, the infrastructure to provide
inference for Microsoft’s Bing Al chatbot is estimated to cost
$4 billion [58]), meaning that even a small degradation in
performance can lead to large capital losses. Some companies
such as DeepSeek are even implementing features directly in
machine-code [55], showcasing the importance of low-level
optimizations.

Because of the utmost importance of model performance,
ML engineers need robust profiling and optimization tools.
However, existing performance profiling tools fall short in
analyzing low-level performance. Many tools (e.g., Nvidia
NSight Systems [41], Tensorboard [22]) provide coarse-grained
metrics on the high-level operations (HLOs) of the interme-
diate representation by leveraging the accelerator’s perfor-
mance monitoring unit (PMU). This is useful for revealing
inefficient HLOs, but offers little visibility into the interaction
between the code and hardware. Moreover, the granularity
of metrics provided by the PMU is constrained by its buffer
size.

Other tools focus on finding places in the code that cause
hardware stalls by sampling program counters (e.g., Nvidia
CUPTI [26], Intel VTune [26]). However, the stalled instruc-
tion is not always the root cause of the stall. For example, a
matmul instruction might stall because its operands haven’t
arrived at the data cache yet due to a load instruction that
was issued too late, but stall sampling will only point to the
matmul rather than the problematic load. In addition, stall
PC sampling requires specialized hardware support that is
not universally available, including on our own accelera-
tor. Another category of tools (e.g., NVBit [60], CUDAAdvi-
sor [54], ValueExpert [62]) are based on binary instrumen-
tation, which records information about every low-level in-
struction executed in the accelerator. While this information
enables fine-grained analysis of the software, it changes the
hardware utilization characteristics at runtime. Finally, in-
strumentation typically requires recompilation, which makes
it hard to apply in a production setting where models and
code are constantly changing.

Existing approaches such as PMU-based profiling, stall
sampling, and software instrumentation are inadequate for
our goals due to inherent limitations in granularity, accu-
racy and practicality. Simulation, however, offers a promising
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alternative, supported by a rich history and extensive litera-
ture for both CPUs [8, 10, 37] and GPUs [6, 21, 30, 31, 34, 61].
Traditionally, hardware companies have employed simula-
tors to optimize hardware designs based on fixed software
workloads. Conversely, simulations can also be leveraged to
optimize software for given hardware designs. Yet, this po-
tential is hindered because proprietary hardware simulators
are typically kept confidential by hardware manufacturers to
protect design secrets, while academic simulators fall short
in accuracy due to incomplete knowledge of closed-source
designs, making them unsuitable for effective performance
debugging. In the contemporary era of software-hardware
co-design, however, consumer companies increasingly de-
sign their own hardware accelerators, providing access to
previously guarded hardware insights. This shift enables new
profiling techniques.

To fill this gap, we present Snap & Replay (SnR), a novel
methodology to analyze the microarchitectural efficiency
of ML accelerators in the context of a hyperscalar datacen-
ter. As shown in Figure 1, SnR enables a “record and replay”
style of profiling by recognizing that a common artifact of
the accelerator design process, a Golden Reference Model
(GRM), can be repurposed as an Instruction Set Architecture
(ISA) level simulator. This methodology allows the capture
of fine-grained details for both the software (e.g., instruction
dependencies, memory accesses) and the hardware (e.g., com-
pute units utilization, memory stalls). SnR first uses a step
debugger to capture traces from production deployments of
our in-house ML models, then replays them in a modified
ISA-level simulator. We then use the data produced from the
ISA-simulator to build a series of performance analyses, and
automatically suggest performance optimizations. As shown
in table 1, SnR unlocks low-level performance insights while
avoiding the pitfalls of existing approaches.

In this paper, we describe how we used SnR to optimize our
large language models (LLMs). First, we describe how SnR
can help identify and visualize inefficient memory transfers
(DMAs). Second, we use SnR to analyze the utilization and
fragmentation of our accelerator’s data-cache and provide
fine-grained instruction-by-instruction utilization informa-
tion for various compute units of our accelerators, enabling
our engineers to reason about how their code performs at
the machine-code level. Third, we use SnR to analyze the
dependencies of each instruction to automatically suggest
optimizations via instruction reordering. Although our in-
house LLMs are already highly optimized, SnR revealed sev-
eral previously unknown inefficiencies that amounted to up
to 4.1% of token generation time.

In summary, we make the following contributions:
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Approach No HW Change | HW Metrics | Granularity | No Recompilation | Overhead
PMU Yes Yes HLO-Level Yes Low
Stall Sampling No Yes Instruction-Level Yes Low
Instrumentation Yes No Instruction-Level Maybe High
SnR Yes Yes Instruction-Level Yes High

Table 1: Comparison of Performance Analysis Approaches

e We introduce SnR, a performance analysis framework
that repurposes a microarchitectural simulator to op-
timize software performance for a specific accelera-
tor architecture. In contrast to prior work that opti-
mizes hardware for fixed software, our approach ex-
ploits hardware/software co-design, made possible by
in-house TPU development, to specifically optimize
software for existing hardware.

We implement SnR for TPUs and construct several
performance analyses based on the data we collect
with it, which are very hard or impossible to implement
with existing tools. SnR revealed several inefficiencies
in our LLMs, even though they have been thoroughly
optimized already.

Using SnR’s suggestions, we optimize a common com-
munication collective (All-Gather) by 15% and decrease
the generation time of our LLMs by up to 4.1%. These
LLMs are deployed at huge scale internally and each
percent improvement in model serving leads to signif-
icant savings in total cost.
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Figure 1: Overview of SnR.

2 Background and Related Work

In this section, we provide a brief overview of the ML soft-
ware development landscape (§2.1). We then discuss the
growing need for optimizing accelerator performance and
how profilers are a crucial tool in doing so (§2.2). Finally, we
compare to prior work in simulation (§2.3).
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2.1 ML Software Stack

High-level frameworks like TensorFlow [2], JAX [20] and Py-
Torch [46] provide simple APIs for constructing ML models.
High-level models are then translated into intermediate rep-
resentations like MLIR [33] and OpenXLA StableHLO [47].
The intermediate representation is usually a computation
graph consisting of higher level operations (HLOs), like “mat-
mul” and “transpose”. These mid-level representations pro-
vide a layer of indirection between the ML frameworks and
ML compilers [11, 35, 45, 49]. The compiler then uses these
representations to generate accelerator code (e.g., CUDA
kernels, PTX, SASS) in a process known as lowering.

Given the very high costs of deploying and operating Al in-
frastructure, there is a lot of work on squeezing more perfor-
mance out of existing accelerators. Performance experts fo-
cus on constructing faster kernels through careful orchestra-
tion of the hardware and especially memory, via techniques
like FlashAttention and PagedAttention [16, 17, 32, 53]. Com-
piler engineers invent new frameworks that expose greater
control of the hardware, like Triton [56] and Pallas [27].
And at a cluster level, resource managers like Pathways [7]
take ML workload characteristics into account when making
global scheduling decisions.

2.2 Profilers

To allow developers to debug and optimize their workloads,
vendors and academics have developed a number of perfor-
mance profiling tools.

Motivating Example. In Figure 2 we show a simplified
example of an inefficiency which would be hard to detect
with current profiling tools. Existing tools present perfor-
mance information in a coarse-grained format, usually listing
an operation (the HLO or kernel name, like “Custom Fusion
1") and any aggregated statistics of interest (like runtime,
FLOPS, or utilized memory bandwidth). These tools show
which operations have low performance, but do not provide
the reasons for low performance or clues on how to increase
performance. In contrast, a low-level optimization tool like
SnR can offer deeper insight into each microarchitectural
component of the accelerator. In our example, the course
grained analysis shows that the second custom fusion HLO
has lower than expected average FLOPS. We may also be able
to see that hardware bandwidth utilization can be improved
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Operation Avg Time Avg FLOPS HBM BW
(us) (GFLOP/s) (GiB/s)
Collective 10 2,000 80
Custom Fusion 1 20 900 450
Custom Fusion 2 30 100 300

(a) Coarse Grained
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(b) Fine Grained

Figure 2: A toy example showing a coarse-grained vs fine-grained analysis. Many existing tools provide coarse-
grained information at the kernel or HLO level, while deep optimization requires a fine-grained view.

which gives us some clue that the memory subsystem is re-
sponsible for the low performance. The fine grained analysis
gives the information we need to fully analyze and fix the
issue with our custom HLO. In Figure 2b we can see each
memory transfer along with detailed compute utilization
metrics. We can infer that the compute utilization is low
because the hardware is stalling when issuing DMA 3. We
can also see that to fix the issue, we need to issue the DMA
earlier, preferably during or before the first custom fusion
HLO (cross-HLO optimization). Finding opportunities for
optimization across HLOs is especially difficult with coarse
grained tools, as it is not clear how different operations in-
teract from aggregated statistics. Here we showed a simple
example of how a fine grained view into the microarchitec-
tural utilization of the accelerator can make performance
analysis much easier, and we now give an overview of exist-
ing profilers and their capabilities.

PMU. Vendors typically provide hardware support to
record performance events, the performance monitoring unit
(PMU), along with profilers that leverage it. The PMU has
a number of registers (performance counters) which can
record performance events such as cache hits, or collect
statistics like cycles executed within a function. Profilers
that use the PMU include Nsight Systems [40], nvprof [39],
Intel VTune [26], AMD ROC-profiler [5] and Google Tensor-
board [22]. More specifically, Nsight offers utilization metrics
at the level of a CUDA kernel and Tensorboard at the level of
a HLO. These tools are usually lightweight and rely on the
PMU to provide performance metrics, which is constrained
both in granularity, because of its limited buffer size, and in
variety, as it typically allows recording a limited number of
performance counters simultaneously [44].

Program counter sampling. Besides the PMU, some
vendors (e.g., Nvidia) provide program counter (PC) sam-
pling and stall attribution. PC sampling requires additional
hardware support to sample the program counter during
execution. If the code is stalling at the time of the sample,
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the hardware may also provide the reason for the stall (e.g.,
memory stall, synchronization stall). Tools like CUPTI [38],
VTune [26], HPCToolkit [3] and DrGPU [23] use PC sam-
pling to collect stack traces and their stall reasons, coalesce
them and suggest optimization strategies. While this ap-
proach can be useful for finding opportunities to improve
performance, it has a number of disadvantages. First, it re-
quires additional hardware to sample running code and at-
tribute stall reasons correctly, which is not available in all
accelerators, including ours. Second, while PC sampling can
pinpoint various inefficiencies like memory transfer stalls,
it does not show the root cause instruction. For instance,
a stalled instruction waiting for a memory transfer is the
symptom, not the cause. Finally, it does not provide any in-
formation on how well the hardware is utilized, as it focuses
on stalls and not on hardware utilization.

Instrumentation. Another category of tools use binary in-
strumentation to gain performance insights on a more micro-
scopic level, albeit with great overhead. Binary instrumenta-
tion engines such as Nvidia NVBit [60], SASSI [43], Sanitizer
API [42], Intel GTPin [25] and LLVM [36] can change code
at a very low level, so that every instruction can be recorded.
This approach is used to analyze the behavior of the soft-
ware at very high detail. For example, VALUEEXPECT [62]
traces every load and store instruction to discover ineffi-
cient patterns in the data, like hidden sparsity or repeated
computation. CUDAAdvisor [54] traces memory accesses to
reveal memory metrics such as reuse distance. While these
approaches are useful to explore the inner workings of a
program running on an accelerator, they offer no insight
on how well the program is using the underlying hardware,
as instrumenting the program totally changes its execution
characteristics which renders the PMU useless. In addition,
instrumentation typically requires re-compilation, which
makes it hard to use in the context of a hyperscalar where
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compilation is complex, while code and dependencies change
frequently.

Cross-cutting. Last but not least, some tools combine
multiple techniques to provide a more detailed performance
analysis. GPA [63] combines PC sampling with instrumen-
tation to detect inefficient parts of the code, analyze their
dependencies and suggest root causes. It is a powerful opti-
mization tool but does not provide specific optimization sug-
gestions (i.e. move this instruction here). In addition, it relies
on hardware support for PC sampling, which is not available
in every accelerator, including ours. NVidia NSight Com-
pute [40] is the most comprehensive tool we know, analyzing
CUDA kernels down to the PTX level, detecting instruction
dependencies, and warning of inefficiencies. However, it an-
alyzes only one kernel at a time, misses Nvidia SASS-level
insights, and remains opaque due to its proprietary nature.

2.3 Simulation

Simulators have a rich history in both industry [18, 59] and
academic literature [6, 8, 10, 21, 30, 31, 34, 37, 61]. They are
an indispensable tool of the hardware design process and for
microarchitectural research. First, low-level ISA simulators
like gemb5 [8, 37] for CPUs and GPGPU-Sim [6, 21] and Ac-
celSim [30] for GPUs, have been used extensively to explore
new hardware designs. Second, higher level simulators like
Sniper [10] and Maestro [31] for CPUs and Accelergy [61]
and Meta’s Arcadia for GPUs [18] are a great tool to estimate
end-to-end performance for different hardware architectures
or system configurations. However, both of these approaches
cannot produce low-level performance insights to optimize
models on existing hardware. Low-level ISA simulators lack
the fidelity needed to capture low-level microarchitectural
inefficiencies, as they do not have access to the proprietary
microarchitecture design, so they need to approximate it. On
the other hand, high-level simulators estimate end-to-end
performance with a much larger margin of error and can-
not offer insight into how the specific hardware / software
interaction is causing performance issues.

3 Design Requirements

To get the best performance out of an accelerator, it is im-
portant to have good visibility of how the software interacts
with the hardware, at a fine granularity. Based on these ob-
servations, we pose the design requirements for SnR as a
series of questions that an ideal low-level profiler should
answer.

Are there optimization opportunities inside and across
HLO boundaries? Higher level performance analysis tools
only present aggregate metrics for each HLO, even though
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data dependencies often span HLO boundaries. Can a de-
tailed analysis below this abstraction unlock new opportuni-
ties?

What is the instantaneous utilization of individual
microarchitectural units? ML workloads require heavy matrix
and vector multiplications and manipulations which need
to be carefully orchestrated to achieve optimal use of the
accelerator. Aggregated statistics can hide opportunities to
fully utilize the accelerator hardware.

Is our data-cache properly utilized to alleviate memory
bottlenecks? Data-caches help alleviate the memory bottle-
neck, and bridge the gap between relatively slow memory
and incredibly fast compute. Efficient use of the data-cache
is perhaps the most crucial element of achieving maximum
performance.

Can the tool provide actionable insights? Performance
analyses and visualizations can help users better understand
how the machine-code interacts with the hardware and spot
inefficiencies. Existing tools can often point to general causes,
but cannot suggest specific actions to fix them.

In addition to these questions, we face several challenges
in the context of a hyperscaler:

Use software, not hardware. Techniques like PC sam-
pling help in pinpointing inefficiencies, but they require
hardware support that is not available in all accelerators,
including ours. We want the solution to be implementable
entirely in software, so that it can be applied immediately to
our entire accelerator fleet.

Avoid recompilation. Many tools that analyze perfor-
mance at the lowest level commonly need model code to
be compiled with special flags that instrument the resulting
program. However, large ML models often have complex
compilation pipelines that are slow and hard to modify. In
addition, code and dependencies are constantly changing,
making it harder to accurately recompile production models.

4 Design and Implementation

SnR consists of an execution recorder, a replayer, and an ana-
lyzer (Figure 1). The execution recorder (§4.1) uses the hard-
ware step debugger to break in the middle of the model
execution and record traces of the machine-instructions exe-
cuting the ML model. The traces include the minimal archi-
tectural state and memory required to replay the execution
from the mid-point of the model we started recording from.
The replayer (§4.2) is a modified existing ISA-level simulator,
which replays the execution trace and generates detailed raw
microarchitectural metrics. Lastly, the analyzer (§4.3) takes
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the raw generated metrics and performs various analyses to
pinpoint inefficiencies and provides a detailed view of the
hardware utilization to the user.

SnR is entirely implementable in software, requiring only
a step-debugger and a simulator, two pieces of software that
are commonly co-developed with the accelerator (). Most
importantly, SnR can be used to analyze any production
model without requiring special recompilation () We
have incorporated SnR in our performance analysis work-
flow, which we describe in §4.4.

The rest of this section will focus on the design and im-
plementation of the SnR system, while the next section (§5)
will dive deeper into the analyses developed with SnR and
how they answer the questions we posed.

4.1 Execution Recorder

The first step for SnR is to capture the code running on the
accelerator, along with any architectural state required to
replay that code. It is necessary to record the execution trace
directly from the accelerator, rather than taking the com-
piler output, as the code can contain conditional executions
and loops, and the contents of memory and registers are
unknown at compile time.

An alternative to instruction traces might be to capture tar-
geted performance traces using an instrumentation engine.
However, this would require recompilation (), which we
want to avoid as it is both challenging in our environment,
and we want to profile our models with their production
compilation settings. Instead, we take advantage of a step
debugger to capture these traces.

Step debuggers. Step debuggers are a common software
tool that is typically developed along with any accelerator.
A step debugger uses hardware support to set breakpoints
in the machine-code, which will pause the execution once
the breakpoint address is hit. Users can then explore the
contents of the memory, registers, or execute the next in-
structions one at a time (single stepping). Because it is such
a fundamental tool, all major vendors that we are aware of
offer a step debugger for their ML accelerators (e.g., NVidia
CUDA-gdb [14], Cerebras CSDB [1]).

We require the step debugger to provide three simple
functions: a step function to execute instructions one-by-
one, read_memory and read_register functions to read
memory and registers respectively. To use the recorder, the
user needs to specify a breakpoint at a location of interest and
how many instructions to record. Once the breakpoint is hit,
the recorder uses the step functionality of the debugger to
execute and record instructions one-by-one. A sketch of the
recorder’s logic is shown in Algorithm 1. We’ll now briefly
describe the intuition behind it.
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Each instruction takes zero or more inputs from input
registers, and can write to zero or more output registers,
or modify a memory region on the accelerator (e.g., in the
case of a DMA). In addition, some instructions (like DMAs)
read directly from device memory. So, to accurately replay
an instruction, we need to know the contents of these in-
put registers and memory regions. To naively capture this
information, we must first record the entire contents of all
memory regions on the accelerator, as well as all registers
that can be used as inputs to instructions. However, this
can make the trace file very large. As an optimization, we
recognize that we only need to store the contents of a reg-
ister or memory region if those contents are first used as
input (and not as output) by a traced instruction. This is im-
portant to avoid recording intermediate results, which will
be reconstructed in the simulator and are unnecessary to
capture. To avoid capturing this unnecessary information,
the recorder maintains a set of each instruction’s output reg-
isters and memory region addresses, and then only saves
each instruction’s input register contents or input memory
region contents if those contents had not been modified by
a previous instruction.

Algorithm 1 Execution Recorder Algorithm

1 R « 0 {Set of used registers}
2 M « 0 {Set of used memory regions}
3 for instruction_count =1 to N do
4  Parse instruction input register IDs and memory re-
gion addresses.
5 Save READ_REGISTER(r;); V input register r; ¢ R
6  Save READ_MEMORY(m;); V input memory region
m;i Q M
7 Parse instruction output register IDs and memory
region addresses.
8 R« RUry;Vr, € Output register IDs
9 M MUm,;Vm, € Output memory regions
10 Step instruction.
11 end for

4.2 Replayer

The second step in the SnR methodology is to replay the cap-
tured trace of the model in a simulator and capture detailed
metrics about the underlying microarchitecture of the accel-
erator. This is realized by the replayer, a component based on
an existing ISA-level simulator for the accelerator. Hardware
simulators, often called Golden Reference Models (GRMs),
are an artifact of the integrated circuit design process, where
they help validate hardware design decisions before the final
production [24, 48, 57]. The SnR replayer repurposes this
artifact of the design process for performance analysis, by
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extending its capabilities to capture metrics. We add a com-
ponent to the GRM simulator, the performance tracker which
tracks metrics of interest. The performance tracker is passed
as a dependency of the simulation, and registers callback
functions with the modelled architectural components. On
performance events, such as a memory read, the GRM exe-
cutes the callback to the performance tracker, which records
the event. When loading a trace, we first modify the memory
and register state in the simulator to match the starting con-
dition in our trace, then resume the execution of the recorded
instructions. The performance tracker collects performance
event information as the trace runs, which is finally saved
to a metrics file for further analysis.

Implementing the replayer within an existing hardware
simulator presents unique challenges due to the complex-
ity and multithreaded nature of its large codebase. Simply
overwriting memory or register states at arbitrary points
could lead to invalid or inconsistent architectural states. To
reliably load and replay traces, we introduce a new machine-
code command specifically designed for trace loading. This
command is implemented comprehensively across the simu-
lator’s parser and processor modules, allowing precise over-
writing of instruction memory and relevant architectural
states with trace data. To verify the correctness of our im-
plementation, we cross-reference the simulator’s execution
sequence against the trace’s instruction pointer sequence.
Any divergence between these sequences signals a potential
bug, ensuring robust and accurate trace replay.

4.3 Analyzer

The third step in the SnR methodology is to analyze the
captured events and metrics from the replayer. Our analysis
framework is extensible and can examine any microarchitec-
tural component which is modeled in our GRM Simulator.
We briefly describe three sample analyses here, with full
detail and results in our evaluation (§5).

The focus of our first analysis is the DMA subsystem.
Memory bandwidth is one of the most precious accelerator
resources and for this reason we want to understand how the
model interacts with system memory at a fine-grained level
(). Using the replayer’s data, we construct a timeline
view of all memory transfers along with their stalls. Users
can leverage the information from this analysis to pinpoint
inefficient DMAs. This analysis also reveals optimization
opportunities across HLOs, as it is often hard to hide the
DMA latency within a single HLO, but possible by looking

further ().
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Our second analysis focuses on analyzing the fine grained
compute and memory utilization. Providing instruction-by-
instruction utilization information can help developers rea-
son about resource availability at every step of execution
() and debug low utilization of the hardware.

Finally we add an extension to SnR to track instruction
dependencies of the machine-code code in each trace. SnR
can track all accesses to registers and memory locations
in the simulator, capturing the data dependencies across
instructions. We can then use this dependency information
to automatically suggest which instructions can be issued
earlier () We elaborate on how these analyses can be

combined and provide valuable insights in §5.

4.4 Workflow

Finally, we describe where SnR fits in the performance anal-
ysis workflow. This workflow is a result of our experience
using SnR to analyze the performance of several ML mod-
els. It consists of 1) classic profiling to gather regions of
interest, 2) recording a trace, 3) replaying the trace in the
simulator, and lastly, 4) analyzing and visualizing. We
first collect some initial profiling with our in house per-
formance profiling tool, which has similar functionality to
Tensorboard [22]. This gives us a coarse-grained overview
of performance and where potential bottlenecks might be.
We note the instruction addresses of any areas of interest
to record with our execution recorder (§4.1). To record the
execution trace, we launch the execution recorder on the
accelerator host machine, which attaches to a local accelera-
tor running the model and sets a breakpoint for the target
instruction address. Once the breakpoint is hit, the recorder
takes over and creates execution traces, which are then saved
remotely. These traces are typically 100-600k instructions
long, which corresponds to a couple of model layers. These
traces then serve as the input to the replayer (§4.2), which
replays the trace and outputs performance metrics. Finally,
the raw metrics are fed into the analyzer to perform the
various performance analyses.

Note that so far we have been recording models in a sand-
box environment, as setting a breakpoint in a customer-
facing model would introduce unacceptable latency. How-
ever there is no technical restriction that keeps us from at-
taching the recorder to an ML model running in production.

5 Evaluating Models With SnR

Armed with SnR, we can now find out the answers to our
research questions (§3). First, SnR’s DMA analysis (§5.2) re-
veals that our models frequently incur unnecessary stalls
waiting for memory transfers to complete, because of inef-
fective DMA scheduling. Second, SnR’s microarchitectural
utilization analysis helps users debug issues that aggregate
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Model #Params | #Accel Speedup
LLM-Small <10b N 1.0%
LLM-Medium | 10b-100b 4N 4.1%
LLM-Big >100b 16N 0.14%

Table 2: Model descriptions. We evaluate three impor-
tant in-house LLMs.

metrics overlook, such as identifying the root cause of low
compute utilization (§5.3.1). Finally, SnR enables the user to
reason about possible optimizations, by providing detailed
information about the data-cache utilization (§5.3) and the
dependencies of each instruction (§5.4). By assembling a com-
plete view of the system, SnR is even able to automatically
suggest optimizations via instruction re-orderings.

5.1 Experimental Setup

We use SnR to investigate inefficient operations on three of
our most important in-house LLMs, shown in Table 2. Each
model is compiled with our in-house compiler using produc-
tion configurations and deployed in the same topology as on
production machines.

5.2 DMA Stall Analysis

We illustrate SnR’s effectiveness by describing a set of opti-
mizations found using SnR within the DMA subsystem of
our accelerator. Memory size and bandwidth are critical for
modern ML accelerators, especially as larger models become
increasingly memory-bound. To maximize memory utiliza-
tion, we use SnR to analyze DMA performance and uncover

inefficiencies (, ).

Background on DMAs. DMAs are a mechanism used by
ML accelerators to transfer data between high-bandwidth
memory (HBM) and the various caches. In our accelerator,
DMAs are performed by an asynchronous DMA engine. They
are controlled with two simple machine-code instructions
as shown in Figure 3. ISSUE will start a memory transfer
and WAIT will block execution (sometimes stalling) until the
transfer completes. Figure 4 shows the lifetime of a DMA.
Once issued, a delay occurs before the command reaches the
DMA engine for processing and queuing. This delay, called
base latency (T3), is constant and non-accumulative: when
multiple DMAs are issued in parallel, their base latencies are
fulfilled simultaneously. Once the base latency is fulfilled,
the DMA waits until it reaches the start of the engine queue
and starts transferring data between the various memories.
This delay is called the transfer latency, or T;, and depends
on the available bandwidth of the memories involved, the
contention with other DMAs and the size of the transfer. Data
transfer on a single link (source-destination pair) cannot be
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parallelized. Given the above, we can now examine the three
scenarios that can happen for a DMA, as shown in Figure 4.
The first case is when the WAIT instruction comes before
the base latency is fulfilled. In that case, the DMA incurs
stalls first because of the base latency, pictured as green,
and then because of the transfer latency, pictured as purple.
The second case is when the WAIT instruction comes after
the base latency is fulfilled and the incurred stalls are only
because of the transfer latency. The third case is when the
WAIT comes after the DMA has completed. In that case, we
say the DMA has "slack”, as the WAIT can be moved earlier.
Slack is denoted in gray with a cross pattern.

ML Model Machine Code

ISSUE (dma settings)

(other instructions)

WAIT (dma_id)

(instruction using transferred memory)

Figure 3: Example machine-code instructions for han-
dling memory transfers in an ML model. The ISSUE
command starts the DMA, while the WAIT command
blocks until it is complete and is typically inserted
close to the command that needs the memory. The
compiler can hide the DMA latency by inserting in-
structions between ISSUE and WAIT.

The DMA subsystem is a common source of stalls because
ISSUE and WAIT instructions can be difficult to properly
schedule. In order to avoid incurring stalls, the compiler must
insert enough instructions between each ISSUE and WAIT,
so that it can hide the DMA’s latency. This could be very
difficult or impossible, especially within the boundaries of a
single HLO. Transfer stalls are also difficult to predict since
transfers may be predicated, exist across multiple chips, and
share limited bandwidth resources. We differentiate between
these two types of stalls in our analysis to help end users
understand and remedy each scenario.

To construct the DMA analysis, SnR captures DMA ISSUE
and DMA WAIT in the replayer as it replays the trace. Then,
given these events and the specifications about the transfer
speeds of various memories, SnR can simulate these transfers
and flag which ones will stall the program. SnR then plots
the transfers in a timeline plot, highlighting the stalled parts.
The goal of this analysis is to visualize DMAs in an intuitive
way and clearly show areas of potential improvements.

5.2.1 Collective Operations Optimization. Collective opera-
tions (like All-Gather, All-To-All etc.) are fundamental opera-
tions for distributing a model across accelerators [15, 45, 52].
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| Base Latency | Transfer Latency |
ISSUE
ISSUE WAIT
@ | I
ISSUE WAIT
® | |
ISSUE WAIT

Figure 4: Lifetime of a DMA. A DMA is comprised of a
base latency (constant) and a transfer latency (variable).
DMAs begin with the ISSUE command. If the DMA
has not completed by the time the WAIT command
executes, the accelerator will stall until the DMA com-
pletes. We highlight three distinct scenarios. (1) WAIT
comes before the base latency is fulfilled. The DMA in-
curs stalls first because of the base latency (green) and
then because of the transfer latency (purple). (2) WAIT
comes after the base latency but before the transfer
latency is fulfilled. The DMA incurs stalls only because
of the transfer latency (purple). (3) WAIT comes after
the DMA finishes. The time between the DMA comple-
tion and the WAIT is slack (gray cross pattern).

In this section, we describe our experience using SnR to pro-
file and optimize an important communication collective,
All-Gather, reducing its runtime by 15%.

We began our analysis by using our existing in-house
state-of-the-art profiling tool to look at one of our most used
models (LLM-Small). We observed that during generation
for this model, the All-Gather operation was 13.3% of total
runtime. Our existing tool also reported that roughly 40%
of All-Gather execution time was spent stalling on DMAs.
Beyond this information, we did not know what memory
channels these stalls were coming from, what data was being
transferred, or whether the stalls could be eliminated.

Using SnR, we capture a trace of 100,000 instructions for
LLM-Small, and replay it on our modified ISA-simulator. The
DMA stall analysis in Figure 5 shows most stalls happen
in the first nine DMAs. These stalls are mainly due to base
latency (shown in green), not transfer latency (shown in
purple), as the data transferred is small. The transfers go
from HBM to the data-cache. We identify two optimization
strategies. The first strategy is to issue these DMAs in parallel,
if possible, since base latencies can be parallelized in our
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Figure 5: All-Gather DMA Pattern. Memory accesses
are performed in two phases, the setup phase, and data
transfer phase. Dependencies for the setup phase are
shown with red arrows. These dependencies were man-
ually discovered by reading the machine-code, a labo-
rious process.

DMA engine. Manual dependency analysis of the machine-
code shows the DMAs form three groups. Each group has
an initial DMA, followed by two dependent DMAs. Issuing
the three initial DMAs in parallel, then the remaining six
in parallel, would reduce stalls by a factor of three. The
second strategy requires more knowledge about how the All-
Gather is implemented. The first nine DMAs are part of the
operation setup phase, in which the addresses of other nodes
in the topology are loaded. These addresses are then used as
destinations for the DMAs in the subsequent data transfer
phase. Since these addresses typically use a small amount
of memory, especially with smaller models, our insight is
that they could be permanently pinned in the data-cache.
This would completely remove the need for the setup phase
DMAs, eliminating the stalls they incur. However in larger
models, where topology sizes are larger, pinning the node
addresses in memory may consume too much data-cache
memory.

After concluding our analysis, we worked with internal
developers to optimize the collective. Our internal compiler
team opted to implement the second approach (pinning the
node addresses in memory), because of its lower implemen-
tation complexity. The optimized code reduced the runtime
of the All-Gather operation by 15%, as shown in Figure 6. In
terms of end-to-end runtime, it improved generation latency
by 4% in LLM-Medium and 1% in LLM-Small, as shown in
Table 2. LLM-Big’s improvement was a smaller 0.14%, high-
lighting the trade-off of the second approach. We are in the
process of implementing our first approach (parallelizing
setup phase DMAs), which is expected to perform better on
larger models.
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Figure 6: Reduction in runtime for the All-Gather col-
lective operation after eliminating unnecessary DMAs.
Runtime is normalized to the median value before op-
timization.

In conclusion, we used SnR to diagnose and optimize sev-
eral important collectives operations in our in-house LLMs.
Our existing state-of-the-art internal tools could only tell us
that these operations were stalling, but could not provide
the actionable insights that were obvious with SnR. Because
these collectives operations are so crucial to LLM perfor-
mance, our optimization lead to a realized improvement in
end-to-end performance for our models. Every percent im-
provement in model serving leads to significant savings in
total cost to run our models.

5.3 Detailed Microarchitectural Utilization

ML accelerators include an assortment of compute units
(e.g., matrix unit, vector unit, scalar unit) and memories (e.g.,
HBM, data-cache). Underutilization in any of these units is
an opportunity for further optimizations. Existing tools like
Google’s Tensorboard provide coarse-grained metrics about
higher level functions. While an aggregated utilization is
useful as a measure of performance, it does not give devel-
opers a full picture of how the accelerator is used or, more
importantly, what could be changed. In this section, we show
how SnR’s detailed hardware utilization analysis enabled us
to improve the runtime of a compute-heavy operation by
70%.

5.3.1 Compute Unit Utilization. To aid users in maximizing
utilization of the compute units in an accelerator, we would
like to provide them with a view of how the model interacts
with the hardware at very high detail. Thanks to its use of
a hardware simulator, SnR can reveal how well the model
utilizes the compute units at single cycle granularity. To
understand how this can assist users, we provide an example
of debugging low utilization of the matrix multiplication unit
(MU) in a real model®.

1Examples of matrix multiplication units include the MXU for Google TPUs
and the TensorCore for Nvidia GPUs. For brevity, we’ll just call it MU.
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Figure 7: SnR can make it easy to diagnose low matrix
multiplication utilization. We annotate the completion
of each DMA, and the corresponding cycle on the MU
utilization (Figure 7b). We see that the matrix multi-
plier is waiting on data transfers, resulting in low uti-
lization. At the same time, the data-cache has enough
is not fully utilized, so we might be able to prefetch
more data.

Figure 7 shows SnR’s analysis for a model section that
exhibits low compute utilization. Our high level tool simply
reports a low compute unit utilization, making it hard to dig
deeper into the root cause. In contrast, SnR’s analysis directly
points out the problem. First, Figure 7b shows the utilization
of the matrix multiplication unit, the main workhorse of the
accelerator. We see an intermittent pattern of computation
and data transfer, indicating that the problem is caused by
some other component bottlenecking the flow to the MU. We
can immediately spot the problem by using SnR to look at
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Figure 8: Figure 8a shows the percentage of data-cache space which is unused, and the percentage which is unused
and contiguous. The largest contiguous region is consistently much smaller than the total unused portion. Figure 8b
is the data-cache fragmentation analysis. The total memory space is divided into pages, where each read and write
is tracked. Pages are then grouped into “buckets” of 256 pages. Each bucket is a horizontal line in the plot and its
color denotes the number of used pages in the bucket for each cycle. We see considerable fragmentation of our

data-cache, which is critical for performance.

the memory subsystem (Figure 7a). The high utilization co-
incide with DMA completions and the zero utilization spots
coincide with the DMA stalls. The current DMA schedule is
not feeding data to the matrix unit fast enough.

We see how an issue that was opaque before now be-
comes clear to the user, who can reason about optimizing
it. A straightforward path from this finding would be to
prefetch more aggressively before the chain of matrix oper-
ations begins. However, this requires reasoning about the
availability of data-cache at that point in time. Because SnR
also allows us to track this information, we can investigate
data-cache utilization (plotted in Figure 7c), and we see that
there is sufficient room in our data-cache to prefetch data.
Finally, by manually analyzing the machine-code code, we
conclude that these DMAs dependencies allow them to be
issued earlier. With this information, we consulted with our
internal compiler team to implement the prefetching, lower-
ing operation runtime by 70% and increasing MU utilization.

5.3.2  Memory and Data-Cache Utilization. In our previous
example, we showed how examining the overall utilization
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of the data-cache can help users make decisions about data
prefetching. However, SnR can analyze the data-cache at a
much finer grained level, enabling developers to not only
look at overall utilization but also cycle by cycle memory
usage and fragmentation.

Background on the data-cache. The data-cache is a rela-
tively small, fast cache that stores vectors that can quickly be
loaded into the matrix multiplication units. The data-cache
bridges the slow HBM with the fast compute capability of
the accelerator, making it crucial to model performance. The
data-cache and memory allocations are static and managed
by the compiler during the compilation process. However,
because of predication and loops, it is hard to reason about
the exact data-cache use at each point of the program. More-
over, a challenge with these memory allocation techniques
is fragmentation. It is not enough to have a large on-chip
memory, there also must be a contiguous region available as
a target for memory transfer.

By using a hardware simulator, SnR can precisely track
usage of the data-cache by tracking reads and writes on
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data-cache pages. A page is counted as “used” if it is read
by an instruction after being written. If a page is brought
in from HBM to the data-cache and the page is not read in
subsequent instructions then that page is tracked as “unused”.
We are only able to track these categories as long as our
simulation runs, so theoretically if a page is read after the
simulation ends, our analysis would miss that read. However,
our simulations typically run for hundreds of thousands of
cycles. A memory transfer should be read within that period,
and if a page is transferred but not used for tens or hundreds
of thousands of cycles, that is an inefficiency in the model.

The data-cache fragmentation analysis is shown for a pro-
duction LLM in Figure 8. The total data-cache space is di-
vided into 128 “blocks”, each of which contain 256 pages.
The heatmap information shows how many pages were used
within each block. In Figure 8a, we show both the percentage
of unused memory, and the percentage of memory occupied
by the largest contiguous region. The total portion of unused
memory varies between approximately 20% and 80%, how-
ever the largest contiguous unused space is consistently less
than this. In this trace, the median unused space is 47% of
the total space, and the median contiguous block is only 25%
of the total space. These results show that the data-cache
space can be used more efficiently.

Beyond model developers, this analysis provides compiler
engineers with a unique insight into data-cache utilization at
the lowest level. Memory allocation is done by the compiler
and relies on finely-tuned heuristics. Compiler engineers
often evaluate memory allocation techniques on models that
quickly become outdated and don’t have a way to gain in-
sight into the way these heuristics are affecting the latest
production models. SnR offers a new way of debugging these
complex compiler subsystems that wasn’t possible before.

5.4 Dependency Analysis

In the previous examples, we demonstrated how SnR’s fine-
grained analysis can identify inefficiencies. However, it’s
difficult to differentiate between poor performance which is
actually unavoidable due to dependencies, and poor perfor-
mance which can be eliminated through alternative sched-
ules. So far, we tackled the issue by manually going through
the machine-code and discovering dependencies, which is
a labor intensive and error prone process. Automating the
discovery of these dependencies would not only alleviate
the need for users to manually analyze complex machine-
code code but also enable SnR to autonomously propose
optimizations through alternative instruction scheduling. In
this section, we present how SnR implements dependency
tracking and leverages this information to enhance the ef-
fectiveness of our existing analyses.
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There are two ways to do dependency analysis: static and
dynamic. While static analysis can be done by the compiler, a
static implementation will be missing key information about
runtime behavior, such as predication, which limits its useful-
ness. SnR implements dynamic dependency analysis, using
the GRM simulator to discover instruction dependencies as it
replays the trace. Instruction dependencies can be registers
(e.g., for arithmetic instructions), data-cache locations (e.g.,
for load/store instructions) or even HBM locations (e.g., for
DMA instructions). To discover instruction dependencies,
SnR traces all accesses to registers, data-cache and HBM in
the simulator. When an instruction reads from a register
or piece of memory that was previously written by another
instruction, then those instructions have a dependency. With
this information, SnR knows the exact dependency graph
between instructions.

One use case for this analysis is to reason about reschedul-
ing DMAs. The way DMAs are typically issued is to load
some information about the DMA metadata from HBM. This
metadata is put in registers and may be transformed before
being used as input to the DMA instruction. These transfor-
mations are typically lightweight and they occur close to
the DMA issue instruction. If we only track when a DMA in-
struction’s immediate input registers as dependencies, then
in many cases the dependencies will be flagged as “fulfilled”
immediately preceding the DMA. However, our insight is
that as long as any transformations on the DMA metadata are
lightweight, we can move the DMA ISSUE and any transfor-
mation instructions as early as when the data is ready in the
data-cache. We call this method of dependency accounting
“relaxed”, illustrated in Figure 9. In the conservative model,
an instruction depends on its input registers. In the relaxed
model, an instruction depends on the DMA that brought its
inputs, propagated through dependencies, to memory. For
DMA instructions, it is better to use the relaxed model to
reason about their dependencies.

Using the generated dependency graph, SnR can display
this information to the user, allowing them to reason about
alternative schedules that eliminate stalls by reordering in-
structions. We illustrate the power of SnR’s dependency
tracking by applying it to the example shown above, where
we had to manually discover dependencies by reading machine-
code code. Figure 10 shows the DMA analysis with depen-
dency information overlayed. Dependencies are visualized
as “backtails” for each DMA, indicating how far back we can
start it based on the relaxed model. The user can see that all
DMAs can be issued earlier in time and thus prefetching is a
viable optimization strategy.

Autonomous Optimization Suggestions. By combining the
various analyses presented so far, SnR can reason about in-
efficient DMAs, check if alternative schedules are possible
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Figure 9: Different models of dependency tracking. In
the conservative models, an instruction depends on
the immediate instructions that shape its input. In the
relaxed model, dependencies are propagated until the
dependent memory is in the data-cache.
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Figure 10: Example dependency analysis with SnR,
showing the DMA analysis of section 5.3.1 with depen-
dency information overlayed as "backtails". Thanks to
that, the user can immediately conclude the DMAs can
be issued earlier, without needing to manually analyze
the machine-code.

and flag them for further investigation. An outline of this
logic is shown in Algorithm 2. We examine each DMA sep-
arately. If the DMA does not have stalls, we have nothing
to suggest. Otherwise, we first check how far we can push
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the DMA based on its dependencies. Specifically, we would
like to push it back at least as many instructions as stall
cycles, to eliminate those stalls. Second, we check if the data-
cache has enough contiguous memory available to accommo-
date the DMA, using the analysis from Section 5.3. If these
two conditions are true, then we suggest a DMA reorder-
ing to eliminate stalls. This algorithm successfully discovers
and suggests the optimizations from the two examples we
showed.

Algorithm 2 Automatic optimization suggestion algorithm

1: for each DMA operation do
2 if not stalled then

3 continue

4 endif

5. push_limit < DMA dependency distance

6:  memory_available « (contiguous data-cache > dma

size)
7. if push_limit > stall_duration and memory_available
then
8: Suggest reordering
9: end if
10: end for

In conclusion, dependency analysis enables SnR to both aid
the user in reasoning about what optimizations are possible,
as well as automatically suggest them.

5.5 SnR’s Overhead

Since SnR traces every instruction in an ML model using a
step debugger, the overhead can be high. Thus, we do not
use SnR in production but in a sandbox where temporary
performance degradation is acceptable. A key concern is
whether SnR captures enough of the model’s execution or
zooms in too narrowly, missing context.

Currently, SnR records 400 us of model execution, cover-
ing multiple layers. The end-to-end process takes around 2
minutes, but can easily be reduced to under a minute. Given
the model’s self-similarity, capturing a few layers across
different modes (i.e. prefill, decode) provides sufficient per-
formance insights. Overall, SnR’s overhead is manageable,
with potential for further optimization.

6 Conclusion

The exploding demand for ML accelerators mandates squeez-
ing the most out of the existing infrastructure. SnR is a novel
approach for analyzing performance by bridging the gap
between high level semantics, machine code, and micro-
architecture - revealing new opportunities in an already
highly-optimized environment. Other hyperscalers can re-
produce SnR approach on their custom accelerators, given
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fairly basic prerequisites: a step debugger and an ISA simula-
tor. The yields of optimizing large ML workloads will enable
developing more sophisticated models while significantly
reducing both capital and power requirements.
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