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ABSTRACT

Optimizing Large Models across thousands of accelerators requires deep system expertise. To address modern
machine learning (ML) optimization needs, we present XPROF, the ML profiler for the OpenXLA ecosystem.
XPROF delivers actionable optimization suggestions and in-depth performance analysis, empowering ML re-
searchers and framework users to improve efficiency without specialized systems knowledge. XPROF provides
a unified, full-stack view of both host (CPU) and device (accelerator - TPUs/GPUs) performance, leveraging
tools like the roofline model for comprehensive analysis. XPROF’s distributed architecture is designed to monitor
thousands of chips with minimal workload overhead (<1%). This architecture is made pluggable through the
open-source PJRT C API extension, which has facilitated its adoption by third-party accelerator vendors. XPROF
has been instrumental in achieving significant efficiency gains at Google and winning MLPerf submissions. This
paper presents the design and architecture of XPROF, showcases its differentiating tools and capabilities, and
highlights its impact within Google and across the industry as a state of the art ML profiler. XPROF is available as
part of the OpenXLA project at https://github.com/openxla/xprof.

1 INTRODUCTION

With the advent of large datasets and massive computational
power from hardware accelerators, Large Language Models
(LLMs) and other foundation models have led to break-
throughs in a wide range of fields. Performance is a critical
enabler for machine learning (ML) research and a key re-
quirement for deploying these models in production. The
optimization of these ML workloads has become a multi-
dimensional problem, encompassing the large scale acceler-
ator footprint (Gupta, 2025; Lee et al., 2024), months-long
executions, and thermal/power limitations.

While ML frameworks such as TensorFlow, PyTorch, and
JAX provide convenient APIs to develop models, optimizing
the end-to-end performance of a billion-parameter LLM on a
distributed cluster of accelerators largely relies on profiler or
debugger feedback driven tuning. This requires a diverse set
of users including model developers, framework engineers,
compiler, runtime engineers, and even hardware architects
to understand intricate system behavior across many layers
of software and hardware. Our goal is to provide action-

*Equal contribution lGoogle, Mountain View, California, USA
’Meta, Menlo Park, California, USA. Correspondence to: Sai
Ganesh Bandiatmakuri <saiganesh@google.com>.

Proceedings of the 9" MLSys Conference (Industry Track), Belle-
vue, WA, USA, 2026. Copyright 2026 by the author(s).

able optimization and efficiency improvement suggestions
to this diverse user-base without a learning curve outside
their expertise. A large number of tools exist for analyzing
system performance, but most do not address the unique
problems of highly complex modern ML workloads. Today,
ML systems feature a multi-layer software stack, thousands
of machines for distributed training, and heterogeneous hard-
ware accelerators that perform expensive computations. Few
traditional tools can correlate performance anomalies back
to the source ML model or provide users with actionable
feedback to improve performance, especially when consid-
ering power and thermal characteristics. This paper presents
XPROF, the performance profiler originally developed at
Google and now a core component of the OpenXLA project.
XPROF is a unique profiling system that makes the follow-
ing novel contributions:

o Unified Host-Device Profiling: XPROF is a single, inte-
grated system that profiles both host (CPU) and device
(accelerator). It presents a unified performance analy-
sis, linking low-level hardware events back to high-level
model code and providing actionable optimization advice.

e Lightweight Host Instrumentation (TraceMe):
TraceMe is a low-overhead CPU instrumentation primi-
tive designed for performance-critical ML frameworks.
By stitching together small, local identifiers, we reduce
trace volume and post-processing overhead, eliminating
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the need for runtime context propagation.

e Deep Compiler and Hardware Integration: XPROF’s
integrations with ML compiler (e.g., XLA) and hard-
ware backends allow us to correlate high-level ML opera-
tions with corresponding low-level hardware performance
counters and compiler-generated execution traces. This
deep integration is key to providing a full-stack view and
enabling root-cause analysis of performance bottlenecks,
from the model code down to bare metal.

e High-Precision Distributed Profiling: XPROF leverages
a hardware-based Global Timestamp Counter (GTC) syn-
chronized across thousands of accelerator chips. This en-
ables precise, cycle-accurate correlation of events across
the entire distributed system, which is crucial for accu-
rately diagnosing bottlenecks in cross-chip communica-
tion and host-device interactions.

e Scalable Distributed Architecture: XPROF’s architec-
ture is built to monitor thousands of chips with minimal
workload overhead (<1% on TPUs). It uses a MapReduce-
style backend for distributed profile collection and pro-
cessing, and its TraceViewer employs dynamic rendering
to enable smooth interaction with gigabyte-scale traces.

e End-to-End ML Stack Analysis: XPROF provides a
rich collection of tools that target every level of the ML
software and hardware stack. This empowers a wide
range of users—from model researchers to hardware ar-
chitects—to gain relevant and actionable insights without
needing expertise outside their domain.

e Open and Extensible Framework: XPROF features a
pluggable architecture through an open-source PJRT C
API extension. This allows any accelerator vendor to
easily add hardware support, promoting a unified and
device-agnostic profiling ecosystem within OpenXLA.

2 BACKGROUND AND MOTIVATION

The scaling of modern ML workloads like ChatGPT, Claude,
Llama, and Gemini to billions of parameters is projected
to drive their energy consumption to 27% of the entire
global data center market by 2027 (Goldman Sachs Re-
search, 2025). With the continued growth and utility of
these models on the horizon (OpenRouter, 2025), it is ex-
tremely important to observe their execution on massive Al
hypercomputers to improve debuggability, unlock optimiza-
tion opportunities, and build better performing (tuned to fit
the hardware, power consumption, thermal limitations, etc.)
models, software, and hardware stacks. To achieve insights
into the ML model execution, we first provide context on the
popular ML programming models, runtime, compiler, accel-
erator systems, and subsequently motivate the challenges in
profiling and gaining insights on such workload executions.

2.1 JAX and OpenXLA

Modern ML models, such as LLMs, are written using high-
level Python libraries like JAX, which provides flexibility
and high performance through Just-In-Time (JIT) execution
on composable function transformations (The JAX Authors,
2025b), autograd, vmap (The JAX Authors, 2025a),
adam (The JAX Authors, 2025¢), flash_attention
(Phil Wang, 2023), and other powerful model building
tools (Bradbury et al., 2018). These high-level definitions
are compiled by the XLA (Accelerated Linear Algebra)
compiler-runtime stack, which performs both high-level op-
timizations (e.g., op fusions, rematerializations) (OpenXLA
Project, 2022) and hardware-specific optimizations (e.g.,
sharding (OpenXLA Project, 2025) and efficient scheduling
for GPUs and TPUs). Developers can also write custom
kernels to lower operations directly to efficient accelerator
primitives, minimizing Python/host overheads (The JAX
Authors, 2025d).

After XLA generates optimized binaries, they execute on tar-
get hardware including CPUs, GPUs, or TPUs. These accel-
erators continuously push the frontier in compute (Google
Cloud, 2024; 2025; NVIDIA, 2022; 2024), memory (Anan-
tharaman, 2025), and network performance (Ferguson et al.,
2021), enabling the massive-scale training runs that char-
acterize modern Al (Hoffmann et al., 2022) (e.g., Grok 4
runs for months on thousands of accelerators (Gupta, 2025)).
Therefore, XPROF must offer comprehensive observability
across this complex, multi-stage execution.

2.2 Scaling Requirements

Given the complexity and massive scale of the ML infras-
tructure, involving thousands of accelerators, CPUs, and
network fabric, comprehensive execution observability is
critical for debugging and optimization. To effectively assist
diverse users, from ML model experts to hardware co-design
engineers, a profiling system for the Al hypercomputer must
address four key requirements:

e Relevance and Collection: Define and collect Key Per-
formance Indicators (KPIs) and utilization metrics across
the entire distributed environment.

e Data Strategy: Balance data volume (traces, telemetry)
with processing costs, ensuring all captured data is useful.

e Scalability and Sourcing: Be inherently scalable and low-
overhead, aggregating heterogeneous data sources into a
coherent view without workload interference.

o [nsight Generation: Tailor presented insights, such as
performance bottlenecks or anomalies, to the specific
needs of diverse user roles.

The next section describes the profiler system XPROF that
systematically answers these challenges and subsequently
presents insights plus success stories.
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3 PROFILING AND TOOLS DESIGN

We next show how the profiler workflow starts toward ad-
dressing the challenges mentioned in 2.

3.1 Collection and Analysis

Collection: Figure 1 shows a workload running on TPUs
connected to a CPU host. The XLA compiler incorpo-
rates various XPROF profiler collection library dependen-
cies to the binary, including a small Profiler Service listener
to open a gRPC/HTTP port and listen for any incoming
ProfileRequest (XProf, 2025h). At step 0. the pro-
filer collection provides hooks to collect the profile data
based on the incoming request and responds with the col-
lected data. Section 4 provides implementation details on
how to collect, what to collect, and where.

The tools and data visualization begins with capturing a
performance profile with appropriate data of the workload
execution followed by analyzing - stitching the data together
toward meaningful/actionable insights for the end user. We
refer to these two components as collection and analysis.

As seen in Fig. 1, @ starts with “Collection” - where
XPROF captures information from various sources: annota-
tions in the user code (e.g., JAX), cost models for different
operations within the XL A compiler, and purpose-built hard-
ware profiling features within TPU or GPU. This collection
can be triggered either programmatically in desired sections
of model code, or externally “on-demand”, by communicat-
ing with a profiling service integrated into the workload. In
either case, a comprehensive event artifact is generated by
the XPROF collector @ and sent to persistent storage €.

Analysis: The users of XPROF could view any of the previ-
ously collected “Profile Sessions” at any time by requesting
the XPROF Analysis Server to read the data @®. Note that,
XPROF post-processes the collected data (e.g., symboliza-
tion, metrics calculation, trace generation, grouping etc),
and generates profile artifacts that are used to visualize dif-
ferent performance characteristics and provide insight into
various aspects of the workload and hardware’s performance,
accessed via an internet browser or Python API @.

3.1.1 Metrics and Tools

XPROF is designed to provide actionable insights for a di-
verse set of users—from model researchers to hardware ar-
chitects. Therefore, the collected data is first aggregated into
high-level metrics, which are then used to drive the specific
analysis tools. The high-level metrics characterize an ML,
workload’s performance fall into three categories:

e Model Performance Metrics: These focus on the work-
load’s efficiency as experienced by the user. For training,
this is the step time and its component breakdown. For

inference, these are tail latency and throughput.

e Hardware Performance Metrics: These measure the ef-
ficiency of underlying hardware. They include FLOPS
(Floating-Point Operations Per Second) for compute and
Bytes Transferred Per Second for memory performance.
XPROF utilizes roofline analysis to quantify how close a
model’s execution is to the theoretical peak performance.

e System Power and Thermal Metrics: These cover the
operational state of accelerator and host. They include
power consumption, temperature, and hardware throttling
events, allowing users to correlate power and thermal con-
straints directly with specific phases of model execution.

These metrics vary in significance with respect to user’s
roles:

o ML Model Experts and Researchers focus on model per-
formance metrics like step time to identify which layer
or component is the primary bottleneck.

e Compiler and Framework Engineers examine hardware
performance metrics for better op placements, reduced
under-utilization, or improved data/model sharding strate-
gies to gain better efficiency.

e Hardware Architects observe the long-term trends and
utilization of current hardware blocks to inform design
decisions for next-generation accelerators.

Level Host Device

High-level Overview Page, JAX Stats, In-

put Pipeline Analyzer

Graph Viewer,
Roofline

Step Stats,

Mid-level Inference Stats, Host pprof, La- ~ XLA Op Profile, Host Flame
tency Stats Graphs (Google, 2014), XLA
Viewer, Memory Viewer, Pod
Viewer
Low-level Host Performance Counters, Device Performance Counters,

Trace Viewer Utilization Viewer, Memory

Profile

Table 1. Profiler Tooling Levels by Host and Device

To realize these diverse goals, XPROF organizes function-
alities into three tiers—High, Mid, and Low-Level tools—
which are discussed next and detailed in Table 1:

3.1.2 High-Level Tools

e Overview Page: As XPROF’s default view, the tool
presents a high-level summary with clear indicators like
step time, accelerator utilization, memory/data bottle-
necks — including links and suggestions for next steps
(XProf, 2025g).

o Input Pipeline Analyzer: A model developer can act on
host data transfer bottlenecks by using this tool. It gives
potential root causes for accelerator idleness tying into
specific data loading issues of Grain (Ritter et al., 2023),
tf.data, (The TensorFlow Authors, 2024) etc.

o Framework Op Stats: For observability into different
layers/framework level “calls” configured on hardware,
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Figure 1. High-level diagram visualization of profiling workflow: A user requests a profile of their workload to the XPROF Session
Service, using the XPROF frontend, to receive a variety of insights processed by the XPROF Analysis Service

this tool shows the time taken by the JAX layer calls, their
utilization of different pieces of the hardware (FLOPS,
bandwidth at HBM) and their total footprint in the ses-
sion.

Roofline Model: Thus far, the high-level tools only high-
light specific attributes like compute and memory. Mov-
ing beyond, it is important to understand how compre-
hensive hardware utilization is based on roofline analysis
of the entire program. As Williams et al. describes, we
can relate FLOPS with memory utilization by using op-
erational intensity through the roofline model (Williams
et al., 2009). The roofline model is critical to synergize
hardware given the software model and vice versa (XProf,
20251).

3.1.3 Mid-Level Tools

Graph Viewer: To understand “why” a certain layer is
not utilizing the hardware as expected, this tool enables
users to look into the HLO dependency graph of the
program combined with runtime metrics. This helps users
to understand and explain the performance effects of the
different control and data flow dependencies across the
ops (XProf, 2025a).

HLO Op Profile: To learn more and optimize HLO
operations themselves, HLO Op Profile shows device
FLOPS utilization, operation durations, and operation
details such as shape, padding, and HLO expression in a
hierarchical view (XProf, 2025b).

Memory Viewer: To delve deeper into the memory ca-
pacity/bandwidth utilizations from above tools, users can
also visualize memory usage over time of the entire pro-
file. This provides users with statistics regarding memory
intensive computations, memory usage per operation, and
the allocations occurring over time (XProf, 2025d).
Host pprof: XPROF extends pprof’s focus on debugging

CPU executions by offering the exact CPU snapshot hap-
pening during the device profile. These features build a
deep-dive into the input pipeline analyzer by providing
insights into time-consuming CPU functions, thread con-
tention and mutex locking, host memory oversubscription,
and more.

3.1.4 Low-Level Tools

e Trace Viewer: The tool provides disaggregated trace data
- a detailed timeline of executions on host and devices,
including compute, collective, and counter events. Trace
Viewer is crucial to analyze time spent in communication
collectives during distributed training (XProf, 2025k).

e Host Perf Counters: XPROF uses hooks into Linux’s
perf tool to poll host side performance counters over time
and display them along with traces in the Trace Viewer.

e Device Perf Counters: XPROF also enables users to
configure device side perf counters such as tensor core
utilization, (NVIDIA Nsight Compute) and present it
along with accelerator side execution events to understand
the hardware’s view of execution.

e Device Power and Thermals: As power is a finite re-
source, the device is not expected to sustain peak through-
put during a workload (Xie et al., 2005). To increase
visibility into hardware power constraints, XPROF has a
special form of periodic perf counter telemetry to report
power and thermal data with kernel execution events.

e Utilization Viewer: Utilization Viewer provides a com-
prehensive view of the performance analysis across the
device hardware systems. It provides utilization of vari-
ous components in the system to help with spotting per-
formance bottlenecks, like MXU for compute, and HBM
or IC for memory on TPUs.

e Memory Profile: This tool provides runtime memory
usage insights per host and memory space, including
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summary views and a timeline view for memory alloca-
tion/deallocations on heap and stack, and peak usage —
helping root cause OOM failures (XProf, 2025c¢).

Next, we illustrate the scalable aspects of XPROF with focus
into system-level challenges on where to instrument and col-
lect data at scale and how we optimize collection, analysis
and present a meaningful view to the user.

4 SYSTEM ARCHITECTURE

To provide a complete performance picture of a massive,
distributed ML workload, XPROF employs a sophisticated
architecture for collecting, correlating, and processing data
from every layer of the stack. This section details the key
components of that architecture, from lightweight host in-
strumentation to scalable distributed processing.

4.1 Lightweight Host Instrumentation

The sheer scale of computation, measured in FLOPS, and
the speed of execution mean that collecting performance
data can quickly become overwhelming due to the massive
volume of potential information. Therefore, a profiling
system fundamentally requires configuration to collect only
specific, pre-identified events of interest, all while remaining
transparent to the program’s execution.

This requirement immediately rules out traditional, fine-
grained host instrumentation tools such as Dynamo and Pin
(The DynamoRIO Developers; Intel Corporation). At the
scale of a typical Al hypercomputer, these tools suffer from
a data explosion problem and are often of limited use to ML
developers for two key reasons:

e Lack of Context: Isolated, fine-grained CPU tracing
provides no insight into the surrounding or dependent
accelerator executions. This context is critical, as the high-
throughput compute and communication on accelerators
are more important to overall performance.

o Low Return on Investment: The effort spent profiling
and optimizing isolated CPU execution gets a relatively
low return compared to optimizing the accelerators.

However, CPU performance cannot be ignored entirely. The
host CPU performs essential tasks for the ML workload,
including just-in-time (JIT) compilation with XL A, orches-
trating and scheduling work on accelerators, managing data
transfers, scheduling network traffic, and handling batch-
ing and result aggregation. The host tracer must comple-
ment and include information from any profiling mecha-
nism. Likewise, the innate overhead from this tracing must
not exceed existing instrumentation overhead. Therefore,
XPROF’s approach to host instrumentation is guided by two
key tenets: Observe only what is necessary; and collect data
without disrupting execution behavior.

To meet these principles, XPROF uses a scoped-event in-
strumentation primitive called TraceMe. TraceMe (XProf,
2025j) is a low-overhead, CPU-side instrumentation tool
specially designed to capture key events within ML frame-
works. In contrast to other systems (Sigelman et al., 2010;
Python Software Foundation), TraceMe drastically reduces
trace volume by allowing developers to annotate only impor-
tant regions of interest in their code. As a result, TraceMe-
based host traces capture data on the order of a few kilobytes
per second (KB/s). For more detailed analysis, XPROF also
provides a special configuration option to enable compre-
hensive function call tracing (XProf, 2025e;f).

4.1.1 How TraceMe Works

TraceMe functions by marking the start and end of code
blocks. It offers language-specific constructs: a RAII-style
class for C++ and a context manager for Python. Instead of
instrumenting every op/kernel, TraceMe focuses on instru-
menting the op executor to effectively capture framework
graph execution. It provides configurable verbosity, trac-
ing only expensive ops by default, allowing users to enable
full tracing for debugging or restrictions to application-level
events. TraceMe can also capture runtime data, such as the
JAX graph identifier for an operation.

TraceMe overhead can be split into two parts: (1) time over-
head in generating the traces with start and end times us-
ing absl: :Now () (Abseil Team, 2026) and Q) the sub-
sequent memory overhead recording the events per thread.
Based on the metadata instrumented to these TraceMes, both
time and memory could vary. This technique is similar to
other lightweight host profiling options such as PyTorch
Kineto (Meta Platforms, Inc., 2022), heartbeat (Maggio
et al., 2010), and adaptive software (Tamburrelli, 2012).
TraceMe is built to minimize performance overhead and
avoids increasing the duration of measured events or user-
observable performance (e.g., training step time). TraceMe
has no effect when inactive, and prevents blocking threads
by employing these techniques:

e Non-Blocking Activation Check: Trace activity is
checked atomically using a global variable with a
compare-and-swap (Wikipedia contributors, 2025) op.

e Thread-Local Storage: Event records are stored in
thread-local storage via a pointer.

o Amortized Allocation: A large storage block is initially
allocated for a thread. When full, a new block is allocated,
amortizing the overhead across many TraceMe instances.

e Atomic Slot Access: Event records are stored in fixed
slots within blocks and are never modified after being
written. A pointer to the next available slot is accessed
atomically to ensure correct collection by potentially dif-
ferent threads (e.g., the thread that stops tracing). This
collection follows a FIFO order.



XPROF: An Open, Scalable, and Extensible Profiling System for the Modern ML Stack

e Storage Management: Full storage blocks are returned
to system (freed) once their event records are collected.

o Persistent Blocks: If tracing restarts, partially filled
blocks from the previous session continue to fill.

Beyond framework operations, TraceMe’s instrumentation
of lower-level runtime events builds one of XPROF’s most
powerful features: the ability to extract a complete sub-trace
that follows a single request (or a collection of requests)
from a much larger, system-wide trace. The novelty of this
approach lies in its design, which prioritizes minimizing
runtime overhead in performance-critical code. To achieve
this, TraceMe employs a “connect-the-dots later” strategy
for event correlation:

o Local Identifiers: Instead of maintaining and propagat-
ing a globally consistent trace context through the call
stack during execution, TraceMe generates and passes
small, local identifiers that are unique only to a specific
pair of communicating threads or components.

e Post-Processing Reconstruction: These local identifiers
are embedded into the low-level runtime events. The end-
to-end trace for a request is reconstructed during post-
processing by stitching these local identifiers together.

This design defers the work of correlating events from
runtime to a separate analysis phase. By avoiding the
need to manage a full trace context within the live execu-
tion, TraceMe significantly reduces performance overhead
and trace volume, making it highly suitable for the most
performance-sensitive code paths in ML frameworks.

4.2 Runtime Instrumentation Support

For accelerator execution, the runtime layer provides crucial
tracing of program launches and host-device communica-
tion. Debug information (e.g., JIT programs to offload to
accelerators) for execution should be available whenever an
XPROF capture is requested. If tracing begins mid-program
(e.g., via an RPC call), it’s essential to identify active and
pending programs. This necessitates always-on instrumen-
tation, in contrast with TraceMe’s on-demand behavior. To-
ward enabling this, the runtime incorporates hooks that no-
tify subscribers like XPROF via callbacks during key events:

e Accelerator initialization, signaling profiling readiness.

e Accelerator reset/shut down, requiring recovery of profile
data (e.g., hardware trace buffers).

e Program scheduling on accelerator core(s), at which point
XLA compiler debug information and runtime-specific
metadata are passed to XPROF.

4.3 Compiler Support

Crucially, XPROF relies on the XL A compiler (OpenXLA
Project, 2022) to generate code instrumentation to identify

high-level operation executions (e.g., convolutions) (The
OpenXLA Authors, b) at the accelerators. This ensures that
we get total visibility into accelerator activity, while also
offering flexible options to configure (without additional
code) and trace arbitrary regions of interest ranging from a
single TPU instruction bundle to an entire program.

Recall that the runtime already guarantees that the compiled
or JIT programs will be available to XPROF when enabled
(Fig 1, @). We next outline the symbolization process
where XPROF uses the program metadata and maps them to
encoded device level traces to user level ML model opera-
tions, source code, their expected FLOPS and bytes:

e A device trace is essentially a tuple of 3 values: TPU
clock at the instant the trace got generated, info on where
in the TPU that trace is originating from, XLA inserted
instrumentation data.

e The instrumentation data contains two parts: identify
the begin and end of the op execution, and a unique id
mapping to an op in the module.

e Thus on encountering a trace, based on this trace meta-
data from the profile collection, one could lookup the
JIT module to identify the HLO trace and can map their
execution start and end timestamps accurately.

Specifically, all TPUs since v2 provide hardware support
for instruction tracing. If tracing is enabled, the TPU VLIW
ISA (Norrie et al., 2020) provides an instruction slot that
generates an entry in the trace buffer upon the instruction’s
execution. The trace entry contains the address of the exe-
cuted instruction and a payload encoded as an operand to the
instruction. When tracing is disabled, the trace instruction
is a no-op (zero performance overhead).

4.4 HLO Metadata Annotation

The XLA compiler understands HLO attributes beyond
functionality, including tensor shapes, data types, and tar-
get hardware. XPROF leverages this to annotate HLOs
with expected performance (FLOPS, bytes, memory ac-
cess, TPU communication), code context (source lines, call
stacks, name scopes), and operation types. Combining this
static HLO metadata with runtime traces yields valuable
insights:

e HLO details + trace: This forms the basis of the trace
viewer, reconstructing event timelines, source-level flame
graphs, TPU component utilization, etc.

o HLO metadata (FLOPS, bytes) + trace duration: These
are used to derive FLOPS, Bytes/s, and FLOPS/Byte,
feeding into HLO-level roofline analysis and op profiling.

o Framework ops instrumentation: Allows users to collate
the same data sources (FLOPS, bytes/s) to visualize the
various efficiency S-curves at framework op level.

e CPU TraceMes + HLO modules: XPROF links the user
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instrumented Python code (e.g. executing a loop) in a
training session to the device traces by using the same
instrumentation ID mechanism to identify a HLO execu-
tion. Synthesizing these data sources allows XPROF to
identify host loop steps.

4.5 Clocking: Precision Profiler

Although XPROF supports both TPUs and GPUs as first
class citizens in terms of richness with data collection, anal-
ysis and insights, XPROF feedback played a critical role in
bettering the TPU generations and vice versa.

As mentioned previously in Section 4.3, TPU trace entries
also contain a timestamp. The timestamp is the value of a
global timestamp counter (GTC) when the trace entry was
generated. The GTC is a cycle counter that is synchronized
across a set of TPU chips within a large-scale parallel system
using a custom hardware-based synchronization protocol,
which is embedded within the Inter-Chip Interconnect (ICT)
fabric and on-chip management networks.

This protocol establishes a hierarchical tree of GTC do-
mains, rooted at a single global leader. Within each domain,
a local leader broadcasts ticks to numerous leaf counters
using a delay-balanced distribution network, ensuring tight
local synchrony. To maintain global synchrony, GTC lead-
ers periodically exchange timestamp messages with their
parents in the tree. Upon receiving a timestamp, a fol-
lower leader estimates the propagation delay, compares the
delay-compensated timestamp with its local GTC value,
and corrects any drift by temporarily adjusting its local tick
generation rate.

As a cycle counter, GTC’s fundamental resolution is tied to
the clock frequency of the local GTC domain. For example,
in a 1 GHz clock domain, a single GTC tick can represent
1 nanosecond. The system is designed to provide bounded-
error synchronization with small phase variation and no
long term drift. The target for convergence is often within
tens of GTC ticks across the entire system. Note that, this
hierarchy is designed to scale to large pod sizes.

TPU traces from different chips can be correlated based on
their timestamps at scale. The GTC-based timestamps can
be used to measure the time elapsed between events like
cross-core communication events (e.g., “send” and “receive’
operations). TPU events can be correlated to CPU events by
normalizing the GTC timestamps to host time, based on the
frequency of the GTC cycle counter and host-device syn-
chronization events. A synchronization event is generated
by reading the value of GTC from the host side (the GTC
is accessible from the CPU as a memory-mapped special
register) and recording it along with the nearest CPU time
estimated based on Cristian’s probabilistic clock synchro-
nization algorithm (Cristian, 1989).

i

4.6 Scalability

XPROF uses a MapReduce distributed architecture to handle
thousands of chips and concurrent users.

e Distributed Profiling Service: To collect profiles
across thousands of hosts a lead worker divides per
host collection requests across a fleet of workers.
Each worker connects to the assigned host running
XprofSessionService along with the ML work-
load to start profile collection. A small heuristics-based
delay is applied to profile collection start time to account
for potential lead time in sending out collection requests
to all hosts. Upon completion of profile collection, re-
sponses are stored on distributed storage.

e Distributed Processing: Trace processing is performed
in a MapReduce-like fashion for each tool, with pre-
processing per host on replicas in the map phase and
final reduction on the primary. The final result for each
tool is cached for faster serving.

e Dynamic Trace Rendering: In order to visualize mil-
lions of events in TraceViewer, the UI only fetches and
renders the portion of a trace visible in the browser’s view-
port, enabling smooth interaction with gigabytes-scale
traces. We also apply event downsampling for tiny events
that are not going to be visible based on the browser size
and resolution. This greatly reduces the amount of data
the browser has to handle for rendering and allows us to
serve profiles with hundreds of millions of events.

XProf Server

HTTPl TJSON

XProf Distributed Backend

Map / Re'du/ce/ﬁ’Csl \

Cache
fastfile

XProf XProf XProf
Distributed Distributed Distributed
Worker Worker Worker
Device 0 Device 1 Device 2

Figure 2. XPROF communicates with accelerators at scale, using
Map and Reduce RPCs across a distributed backend, and caching
at storage

5 EXTENSIBLE AND OPEN ARCHITECTURE

To support a growing ecosystem of hardware accelerators,
XPROF is evolving from a tightly integrated tool into an
open, extensible framework. This aligns with the mission
of the OpenXLA project, an open-source community effort
focused on making ML frameworks device-agnostic. The
key to this evolution is a new pluggable architecture that
decouples the profiler from accelerator-specific components.

Previously, profiler support for a new device required in-
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vasive changes to the ML framework’s build system. The
new architecture (Figure 3) introduces a stable Profiler C
API, which acts as a standardized interface between the
framework and a device-specific profiler implementation.
This API is designed as an extension to the PJRT C API,
the standard interface in OpenXLA for hardware plugins to
integrate with frameworks like JAX.

(" PJRT Runtime
(libtpu)

( Frameworks

Profiler C Interface | ——»  TPU

JAX

(" PJRT Runtime
(libcuda)

Pytorch/XLA —» XLA —pp Profiler CInterface | —» NVIDIA GPU

1

(" PJRT Runtime

TensorFlow (libxpu)

Profiler C Interface | ——»  XPU

Figure 3. Diagram illustrating how high-level frameworks leverage
the XLLA compiler to communicate with a C profiler interface,
embedded in the PJRT runtime

Figure 3 shows the PJRT runtime interface that XPROF
exposes through public library APIs, to allow workload
profiling for any external accelerator vendor. Many accel-
erators, including Amazon’s Trainium (Amazon Web Ser-
vices, 2024a;b), Intel GPUs (Intel Corporation, 2024a; Hai
& Chen, 2023), and AMD GPUs (Advanced Micro Devices,
Inc., 2024).

This approach offers significant advantages:

e Device-Agnostic Frameworks: ML frameworks like
JAX can be built without direct dependencies on any
specific hardware profiler, promoting portability.

o Simplified Vendor Integration: Third-party accelerator
vendors can add comprehensive profiling support for their
hardware by creating a PJRT plugin and implementing
the standard Profiler C API extension. This dramatically
lowers the barrier to entry for new hardware.

o A Unified Ecosystem: By standardizing the profiler in-
terface, XPROF provides a consistent set of tools and
analyses across all supported hardware, creating a unified
user experience regardless of the underlying accelerator.

This plugin-based model ensures that as the hardware
ecosystem expands, XPROF can seamlessly provide the
same deep performance insights for future accelerators as it
does for GPUs and TPUs today.

6 INSIGHTS
6.1 Profiling Overhead

XPROF is designed as a low-overhead profiling tool. We
analyzed XPROF’s host CPU overhead during the trace
collection window (i.e., between the start and stop of profil-
ing) across TPU V5p (with 4th Gen Intel Xeon) and Iron-
wood (with 5th Gen Intel Xeon) generations on Llama 3.1
(Dubey et al., 2024) and Mixtral (Jiang et al., 2024) train-
ing jobs, and Gemma3 (Team et al., 2025), Gemini 2.5
(Comanici et al., 2025) Prefill and Decode inference jobs.
These measurements exclude potential overheads from final
data serialization. In particular, the overheads focus on dis-

o
w

0.2

Figure 4. XPROF collection overhead on TPU v5p and Ironwood.
Includes the default TraceMe mode enabled to get host information
on XLA initialization, JIT, data transfers and network events.

tinct demands of LLM training and serving for both TPU
(V5P, Ironwood) and GPU (H100) platforms. On TPUs,
XPROF continued to exhibit minimal host CPU overhead,
consistently staying below 0.3% for both prefill and de-
code phases of Gemini 2.5. This reiterates the importance
of the full stack integration of tracing and post process-
ing pipeline described earlier in Section 4, and confirms
XPROF’s efficiency in TPU-based serving contexts. On
GPU H100, the total host overhead from XPROF trace
collection for Gemini 2.5 benchmarks is approximately
2.3% - with smaller (relatively idle CPU) models con-
tributing <0.15% overheads (Gemma3 27B). This is ex-
pected because XPROF GPU profiler (unlike TPU profiler)
turns on, instruments the binary with callbacks, and listens
to all the ACTIVITY, CONCURRENT_KERNEL, MEMCPY,
MEMSET, and OVERHEAD (The OpenXLA Authors, a).
Since these kernels execute anywhere between a few hun-
dred microseconds to a few milliseconds, the high volume
of activity trace callbacks cause around 2% of CPU activ-
ity from Gemini 2.5 benchmarks as indicated in Figure 5.
Notably, the overhead will further reduce when using HES
tracing-enabled system (NVIDIA Corporation).

6.2 Tool Performance

The performance of XPROF’s analysis tools is crucial for
providing a smooth user experience, especially when deal-
ing with the traces generated by large-scale ML workloads.
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Figure 5. XPROF host collection overhead on NVIDIA H100. In-
cludes the default TraceMe mode enabled to get host information
on XLA initialization, JIT, data transfers and network events.

We measured the time required for two of XPROF’s core
analysis tools to process different profile session sizes.

Topline Metrics Generation Time for Overview: Table 2
measures the time taken to generate high-level summary
statistics for the Overview Page. The time to generate
topline metrics shows a moderate increase as the profile
size grows. For a 100MB session, the median generation
time is 8.42s, increasing to 35.71s for a 1GB session.

Metric 100MB 200MB 300MB 500MB 1GB

min 7.04s 8.38s 10.08s 13.76s 19.97s
median 8.42s 9.71s 11.08s 20.00s 35.71s
max 9.76s 18.61s 16.05s 20.88s 40.45s

Table 2. Overview Page Performance by File Size

Detailed Trace Generation Time for Trace Viewer: Ta-
ble 3 measures the time to prepare the detailed execution
timeline for the Trace Viewer, a crucial tool for diagnos-
ing host-side and distributed communication issues. The
median generation time for detailed traces increases from
16.85s for a 100MB session to 44.46s for a 1GB session.

Metric 100MB 200MB 300MB 500MB 1GB

min 12.04s 11.34s 11.73s 37.04s 28.21s
median 16.85s 16.71s 26.99s 54.40s 44.46s
max 22.22s 27.82s 48.10s 57.02s 88.03s

Table 3. Trace Viewer Performance by File Size

These results demonstrate the system’s capability to pro-
cess and analyze large profile artifacts efficiently - ensuring
timely feedback for users in large-scale, prod environments.

6.3 Impact

XPROF is a crucial performance analysis tool utilized within
a large-scale production environment, driving significant
efficiency gains and cost savings across ML workloads.

Engineering teams across diverse domains, including foun-
dational models, autonomous systems, large-scale search,
and online advertising, rely on XPROF’s suite of tools to
debug issues such as low hardware utilization, memory over-
runs, power optimizations and slow inter-chip communica-
tion patterns. In this section, we detail this impact through
a key case study, an overview of its internal achievements,
and its growing adoption across the wider ML industry.

Case Study: ML Training Power Fluctuation: Large-
scale ML training workloads, particularly those leveraging
hardware accelerators like TPUs, can induce significant
and rapid power and thermal fluctuations within data center
infrastructure. As detailed in a Google Cloud blog post,
(Gan & Ranganathan, 2025) these workloads often involve
synchronized computation across many devices. This lead
to sharp increases and decreases in power consumption,
for example, when many compute units transition between
active and idle states around sync points or during alternat-
ing compute-intensive and communication-intensive phases.
These fluctuations stress power delivery systems, causing
thermal cycling on accelerator chips and reducing hardware
reliability and lifespan.

XPROF served as a critical tool in understanding and mitigat-
ing these problems leveraging full-stack co-design:

e Diagnosis: XPROF’s trace viewer, by correlating detailed
execution timelines with power and thermal telemetry,
precisely identified synchronous operations as the drivers
of power spikes and temperature swings.

e Mitigation development: This fine-grained understand-
ing enabled engineers to develop software techniques to
smooth power consumption, such as inserting low-impact
operations during otherwise idle periods.

e Validation: XPROF measurements confirmed the efficacy
of this mitigation. Profiles demonstrated a nearly 50%
reduction in power fluctuations and a halving of on-chip
temperature swings (e.g., from 20°C to 10°C), maintain-
ing workload performance with less than 1% overhead.

XPROF’s deep visibility into software execution and hard-
ware power and thermal behavior enabled a successful full-
stack co-design approach with several key impacts:

e Improved hardware reliability: XPROF-validated re-
ductions in thermal cycling extend hardware lifespan and
improve the reliability of accelerator systems.

o Enhanced data center stability: Smoothing power de-
mands, confirmed by XPROF, improves the operational
integrity of data center power delivery.

e Accelerated full-stack co-design: XPROF serves as a
crucial feedback loop, enabling rapid diagnosis of com-
plex hardware-software interactions, fostering targeted
solutions, and accelerating innovation in Al infrastruc-
ture.
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Figure 6. PyPI download count (by minor versions) from May
2025 to March 2026

This case study demonstrates XPROF’s value as an indis-
pensable profiling system for hardware-software co-design
in large-scale ML systems. By providing deep visibility
into the complex interplay between ML workload execution,
power dynamics, and thermal behavior, XPROF enabled the
successful development and validation of techniques that
enhance the reliability and longevity of ML infrastructure
without compromising performance.

6.4 Industrial Impact

Additionally, XPROF is a core component of the OpenXLA
Project, providing a unified suite of profiling and perfor-
mance analysis tools for ML workloads targeting accelera-
tors (GPUs and TPUs) across popular frameworks like JAX,
TensorFlow, and PyTorch/XLA.

This open-source development model is critical for the in-
dustrial track, as it provides transparency and a platform
for community-driven validation and optimization of pro-
duction systems. By offering in-depth analysis capabilities,
XPROF empowers engineers outside the development team
to diagnose performance bottlenecks and validate complex
optimizations in their own production ML pipelines.

XPROF’s rapid and sustained adoption across the commu-
nity is clear: Figure 6 highlights unique downloads growing
17x over the span of ten months. This indicates XPROF
as a robust and essential tool for debugging and optimizing
large-scale ML systems.

Additionally, XPROF is available on a major cloud platform,
paired with the Cloud Diagnostics XPROF library. This
provides developers with an advanced, end-to-end profil-
ing solution to easily identify performance bottlenecks and
supercharge ML models running on accelerators.

7 RELATED WORK

Profiling tools (Intel Corporation, 2024b; Bruening et al.,
2012; Fenlason, Jay and Stallman, Richard, 1998; The Linux

Foundation, 1998; Redhat Documentation, 2025; NVIDIA
Corporation, 2025c; NVIDIA, 2025; NVIDIA Corporation,
2025b;a; Advanced Micro Devices, Inc., 2025; Google,
2025) are widely used in understanding workload execution
on a given hardware for a limited context. While important,
as explained in Sections 2 and 6, optimizing massive ML
workloads requires a holistic understanding of the entire
system stack, from high-level model definition to low-level
hardware execution and cater to a wide user base.

7.1 Specialized Subsystem Profilers

Specialized subsystem profilers such as Tf-Darshan and
the Darshan project (Chien et al., 2020; Xu et al., 2017;
Wang et al., 2019) analyze I/O performance, Lotus analyzes
data preprocessing (Bachkaniwala et al., 2024), Plumber
analyzes input pipelines (Kuchnik et al., 2022) and Snoopie
(Issa et al., 2024) visualizes and analyze multi-GPU com-
munication patterns. While invaluable for domain-specific
issues, and one could employ a mixture of such focused pro-
filers to understand system issues, as mentioned in Section
3, it may not be possible to create an accurate set. XPROF
solves this, by collecting and presenting traces from the in-
put pipeline, host-side execution, device-to-device commu-
nication, and on-device computation within a single, corre-
lated timeline across the entire Al Hypercomputer. XPROF
can also be extended to enable and profile any subsystem
easily to support custom data integration into a unified view
(Chien et al., 2020).

7.2 Hardware-Specific and Framework Profilers

Similar to the above profiler set, GPU users receive valuable
insights into kernel executions with Nsight (Systems and
Compute) (NVIDIA, 2025; NVIDIA Corporation, 2025a;b)
whose tracing APIs are also used in the XPROF GPU pro-
filing stack. XPROF’s XLA integration enables one fur-
ther step to map these activity events (e.g., a CUDA kernel
launch) to HLOs, JAX framework ops, source code lines,
and more, similar to the framework insights from PyTorch
Profiler. Similar to XPROF, the Hotline Profiler (Snider
et al., 2023), bridges standard runtime traces by annotating
model behavior data like “forward pass” or “backward pass”
with one difference — XPROF gets the annotations out
of the XL A stack (compiler runtime), JAX or TensorFlow
framework, and user annotations. This allows XPROF users
to identify a slow op, understand the inefficiency (rooflines,
utilizations etc.), suggest or perform a compiler optimiza-
tion, or rewrite the source lines with efficient code.

7.3 System-Level Tracers Complementing XPROF

Generic system tracers (Craun et al., 2024) capture low-level
system calls and kernel events with minimal overhead, but
lack visibility on the accelerator execution. As explained in
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Section 5, XPROF’s host tracer can be extended to capture
kernel events in addition to the existing functionality (XProf,
2025e). Similarly, rule engines (Rauschmayr et al., 2021;
Nishar et al., 2025) automate use-cases like detecting van-
ishing gradients or diagnosing high-utility queries, etc. by
tracing specific signals. XPROF’s performance and power
execution tracing can provide similar extensions (Chien
et al., 2020) as well. The rich, multi-level performance data
captured by XPROF is precisely the ground truth required
to train and operate such ML-driven assistants effectively.

8 CONCLUSION AND FUTURE WORK

We have presented XPROF, a production-level profiling
system for ML. It provides a rich collection of tools for opti-
mizing the performance of today’s most demanding models,
including LLMs, for speed and resource efficiency. XPROF
can be used on multiple accelerator types, such as TPUs
and GPUs, and its open, pluggable architecture ensures sup-
port for future hardware. XPROF scales to thousands of
machines, maintaining a low profiling overhead (<1% on
TPU). A subset of XPROF is freely available on GitHub
(XProf, 2025).
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A ARTIFACT APPENDIX
A.1 Abstract

The XPROF artifact provides a machine learning profiling
and performance analysis tool for the OpenXLA ecosys-
tem. The scope of this evaluation includes: (1) config-
uring the XPROF environment and its dependencies, (2)
capturing a performance profile from a machine learning
workload (JAX, TensorFlow, or PyTorch), and (3) navigat-
ing the analysis suite, including the Overview Page, Trace
Viewer, Memory Profile Viewer, and Graph Viewer. Re-
fer to https://openxla.org/xprof for additional
documentation and support.

Minimum requirements include a Linux-based environment
with Python 3.10 or newer. While a CPU-only setup is func-
tional, utilizing an accelerator (NVIDIA GPU or Google
Cloud TPU) is recommended to validate hardware-specific
features. The artifact supports the paper’s claims regarding
XPROF’s unified, full-stack performance capacity and its
ability to provide actionable optimization suggestions with
minimal overhead. The evaluation is deemed successful
when a profile is generated, processed, and visualized, with
the data processing and analysis accurately performed and
presented within the XPROF web interface.

A.2 Artifact check-list (meta-information)

* Algorithm: Machine Learning Profiling and Performance
Analysis.

* Program: XPROF (OpenXLA Profiler).

» Compilation: Python-based installation (pip) or Bazel (for
source builds).

* Binary: Provided via PyPI (pip install xprof).

e Data set: Sample data in .xplane.pb (XSpace)
format provided in https://github.com/openxla/
xprof/tree/master/demo.

¢ Run-time environment:
Python 3.10-3.13.

Linux (Ubuntu recommended),

* Hardware: CPU (x86_64 or ARM64), NVIDIA GPU, or
Google TPUs for hardware-specific analysis.

* Run-time state: Internet access required to load library
dependencies like the Google Chart library.

* Execution: Local or distributed profiling (https:
//github.com/openxla/xprof?tab=readme-
ov-file#distributed-profiling).

e Metrics: Analyzed from tooling: Step time, FLOPS utiliza-
tion, device idleness, memory bandwidth utilization, HLO
op duration.

* Output: .xplane.pb profile files and interactive web-
based UL

* Experiments:

— Follow instructions in https://docs. jax.
dev/en/latest/profiling.html#xprof—
tensorboard-profiling.

— Colab (link) connecting with 8 TPU devices runtime.

* How much disk space required (approximately)?: < 500
MB for installation; profile data varies by trace duration.

* How much time is needed to prepare workflow (approxi-
mately)?: 10-15 minutes, including cloud setup and instal-
lation.

* How much time is needed to complete experiments (ap-
proximately)?: 10-15 minutes, including capturing a pro-
file and loading tool data.

e Publicly available?:
openxla/xprof)

Yes (https://github.com/

* Code licenses (if publicly available)?: Apache 2.0

* Workflow framework used?: JAX and OpenXLA.

A.3 Description
A.3.1 How delivered

XPROF is open-sourced, integrated into the OpenXLA project and
the tensorboard-plugin-profile Python package.

* Performance Analysis and Visualization:
github.com/openxla/xprof.

https://

¢ Profile/Trace Collection: https://github.com/
openxla/xla/tree/main/xla/tsl/profiler.

A.3.2  Hardware dependencies

While XPROF can be installed and the UI explored on a stan-
dard CPU-based (x86_64 or ARM64) Linux machine, XPROF is
officially verified for the following accelerator platforms:

» TPU: Evaluation is best performed on a Google Cloud TPU
VM, allowing direct access to the accelerator hardware and
minimal latency for profiling tools.

* GPU: NVIDIA GPUs with CUDA support.

A.3.3  Software dependencies
¢ OS: Linux (Ubuntu 20.04 LTS (Kernel 5.4) or newer).

* Python: 3.10 or newer.
¢ Frameworks: JAX, TensorFlow.

» Packages: xprof > 2.20.0, (optional) tensorboard >
2.20.0.

* Browser: Google Chrome > Version 120 or any modern
browser (for Ul visualization).
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The installation section requires the following additional
software.

* Google Cloud SDK: For provisioning and SSH access to
Cloud TPU VMs.

* JAX and libtpu: Specifically the jax [tpu] package.

* TensorBoard: With the XPROF/Profile plugin installed.

A.4 Installation

As an open source tool, XPROF has been widely used in
different environments, accelerators, and frameworks. The
following instructions focus on Google Cloud TPU VMs
and JAX. Refer to Notes section for other ways of installa-
tion.

First, install and configure the Google Cloud CLI, then
manually provision a Cloud TPU VM instance and SSH into
the environment by following the setup and authentication
stepsin https://docs.cloud.google.com/tpu/
docs/run-calculation-jax. This process ensures
necessary infrastructure and permissions before executing
JAX-based workloads.

Then, install JAX with TPU support and the XPROF. Users
should execute the following commands to configure the
release URL and install the packages:

$ export JAX_URL=https://storage.googleapi |
— s.com/Jjax-releases/libtpu_releases.html
$ pip install "jax[tpul]" -f $JAX_URL

$ pip install xprof

To run XPROF standalone on a local server, refer to https:
//docs. jax.dev/en/latest/profiling.

htmlf#manual-capture-via-xprof for instruc-
tions.

Tip

[For Python 3.12+] If you encounter

ModuleNotFoundError: No module named
pkg_resources, resolve by installing a compatible
version of setuptools:

$ pip install "setuptools<70"

For additional installation details and advanced config-
urations, refer to the XPROF repository documentation
at https://github.com/openxla/xprof?tab=
readme-ov-file#installation.

$ pip install "setuptools<70"

For NVIDIA GPU users, please refer to https://docs.
jax.dev/en/latest/installation.html to in-
stall CUDA with JAX. It is recommended to run
nvidia-smi to ensure the CUDA version is compatible
with the driver.

$ pip install -U "jax[cudal3]"

A.5 Experiment workflow

The following workflow demonstrates a programmatic
capture of an XPROF profile. Refer to https://docs.
jax.dev/en/latest/profiling.html#xprof-
tensorboard-profiling for additional documenta-
tion.

Step 1: Programmatic Profile Script
Create a script xprof_test.py to run a simple matrix
multiplication workload and capture the trace:

import jax
import jax.numpy as jnp

@jax.Jjit

def workload_step(x, y, z):
return jnp.float32(jax.lax.batch_matmul ()
— Jjnp.bfloatl6(x), y)) + z

= 8, 2048, 2048

= jax.random.key (0)

Jnp.int8 (jax.random.normal (k, shape=s))
= jnp.bfloatl6 (jax.random.normal (k,

— shape=s))

z = Jjnp.float32(jax.random.normal (k,

— shape=s))

KX oA »
Il

# Warm-up
_ = workload_step(x, vy,
— z).block_until_ready ()

# Capture multiple steps to show a
— "Step-time Graph" in XProf
with
« Jjax.profiler.trace("/tmp/tensorboard") :
for _ in range(10):
res = workload_step(x, vy, z)
res.block_until_ready ()

Run the script to generate the artifact:

$ python3 xprof_test.py

Step 2: Visualizing with XPROF Ul
Launch the visualization interface through TensorBoard:

$ tensorboard --logdir /tmp/tensorboard/

Access the Ul via your browser at http://localhost:
6006.
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A.6 Evaluation and expected result

The evaluation is successful if the XPROF UI populates the
following views with valid data:

Overview Page: Displays the “Step-time Graph”, FLOPS
utilization, and high-level performance recommendations.

Trace Viewer: Provides a chronological timeline of device
and host execution, showing individual XLLA operations.

HLO Op Profile: Categorizes performance by HLO, indi-
cating the balance between computation and memory band-
width.

Supplementary Tools: Users should be able to access the
Graph Viewer, Memory Viewer, and Roofline Model, docu-
mented at https://openxla.org/xprof.

A.7 Notes

JAX Profiling Guide: https://docs.jax.dev/en/
latest/profiling.html#xprof-tensorboard—
profiling.

Pytorch/XLA  Profiling Guide: https://docs.
cloud.google.com/tpu/docs/pytorch-xla-
performance-profiling-tpu-vm.

* Cloud Tool on XPROF Profile: https://github.
com/AI-Hypercomputer/cloud-diagnostics—
xprof.

* Simple Example from Scaling Book (requires a
TPU runtime with 8 devices): https://colab.
sandbox.google.com/drive/1LfLO30Tr—
_MWFPxUN36KJ3cgHOBcAoli?usp=sharing.

* JAX Dev Lab (requires TPU runtime with 8 devices):
https://colab.sandbox.google.com/drive/
1_6krERgtolH7hbUIo7ewAML1bA4fgEF8?usp=
sharing.

* Troubleshooting: https://openxla.org/xprof/
capturing_profiles.
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