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Abstract
Training and serving large language models (LLMs) has be-
come a core business for AI providers. To ensure a high-
quality user experience while optimizing infrastructure costs,
providers need to closely monitor the performance of LLM
executions in production. However, existing performance
profiling tools fall short in this context, as they are either
too coarse-grained to capture performance bottlenecks, or
too intrusive to avoid significant performance degradation.
This paper presents LMTracer, a fine-grained and real-

time performance profiling framework for production LLM
services. We find that the inefficiency of existing techniques
mainly stems from disruptions in highly asynchronous GPU
execution flows. To address this, our key idea is to embed pro-
filing logic into the execution through graph-embedded prob-
ing. This is achieved by compiling lightweight probe kernels
that realize profiling logic as special trace nodes in GPU exe-
cution graphs, and streaming buffered profiling data to CPUs
on demand to keep the execution of user kernels uninter-
rupted. LMTracer has been deployed in production for eight
months. It incurs only 0.9% average overhead across various
LLM workloads (e.g., training, serving, and fine-tuning), and
has proactively uncovered 15 performance issues. After fix-
ing these issues, we observed 21.2% latency reduction and
24.5% throughput improvement for LLM services.

CCSConcepts: •Computingmethodologies→Artificial
intelligence; • General and reference→ Performance; •
Computer systems organization→ Parallel architectures;
• Hardware→ Hardware accelerators.
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1 Introduction
Large language models (LLMs) have been emerging as a
cornerstone of today’s AI applications, powering a variety
of services from chatbots to general problem solving and
beyond [38, 51]. In the meantime, training and serving these
models at scale becomes an important business and a primary
source of revenue for mainstream AI providers [61, 68]. For
example, OpenAI reported an 82% revenue increase from its
serving business in 2025 [4], and AWS saw a 24% quarterly
revenue increase in its training services [43].

However, training and serving LLMs is oftentimes resource-
intensive and performance-sensitive. Training a single LLM
can cost millions of dollars and require thousands of GPUs
over weeks or months [50, 69], while serving these models
to a large and concurrent user base demands substantial
scheduling and optimizing capabilities on the infrastructure
and computational resources [65]. Even a small performance
degradation of a GPU (e.g., 20%) during distributed training
can lead to significant training cost increases (e.g., 38%) [41],
and a small latency increase (e.g., 1 s) in the serving phase
can lead to a large number of user requests being dropped
and thus cause significant revenue loss [3, 73].
In such a context, AI providers need to closely monitor

the performance of their LLM training and serving systems
in production, so as to ensure the optimal utilization of re-
sources and a smooth user experience. To this end, LLM
profiling tools [16, 21, 42] are a common practice that help
identify inefficiencies and validate the optimizations. Unfor-
tunately, our two-year experience in operating LLM systems
at scale reveals that existing tools struggle to meet the needs
of fine-grained and real-time profiling in practice. They are
either too coarse-grained to capture performance insights,
or too heavyweight to obtain accurate profiling data without
significantly affecting the performance in production1.
• Telemetry-based monitoring. Telemetry-based moni-

toring is achieved by aggregating high-level performance
metrics such as token throughput, iteration time, and end-
to-end latency of user requests. These metrics are often
available in LLM frameworks like vLLM [46], SGLang [71],

1Although offline profiling imposes less stringent overhead constraints, it
may fail to accurately reflect real-world performance, as execution patterns
can differ substantially between offline and production environments.
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and Megatron-LM [60]. They can also be measured by
tools like eBPF [30], which record data mostly over CPUs.
While these methods are lightweight and easy to use, they
typically provide limited performance insights, especially
regarding the GPU execution time of LLM components.

• Kernel-level profiling. To overcome the limitations of
telemetry-based monitoring, kernel-level profiling tools
such as NVIDIA CUPTI [15], Nsight Systems [16], AMD
ROCm Systems Profiler [19], and PyTorch Profiler [21] can
be used to capture fine-grained performance traces at GPU
kernels. However, these tools are too intrusive in practice,
and sometimes hardware-dependent, incurring significant
overheads and leading to inaccurate performance mea-
surements [42]. Consequently, they are restricted to offline
profiling or debugging, and are not suitable for monitoring
real-time performance in production LLM systems.
To understand the essential challenges behind real-time

profiling in production, we conduct a comprehensive study
on the existing tools, finding that the highly asynchronous
yet streamlined nature of GPU executions forms the root
cause. Specifically, to minimize the idle time during LLM
executions, almost all GPU architectures employ an asyn-
chronous execution model [2], where CPUs issue tasks (e.g.,
computing and communication kernels) to GPUs in a non-
blocking manner, and the GPUs execute these enqueued
kernels concurrently without being blocked by the opera-
tions fromCPUs. These kernels are oftentimes fused together
in a streamlined manner as a single execution graph (e.g.,
through PyTorch Inductor [1] and CUDA/HIP Graph [8, 11])
to reduce the GPU idle time on launching different kernels.

When profiling tools collect profiling data, however, they
often interrupt the streamlined GPU executions with intru-
sive barriers to make the timeline data accurate. For example,
they may insert CUDA/HIP Events [7, 12] to record the wall
time of GPU kernel executions. This process not only dis-
rupts the streamlined execution (since only kernels rather
than runtime events can be fused together [1]), but also in-
troduces significant synchronization overheads.
This paper presents LMTracer, a fine-grained and real-

time performance profiling framework for production LLM
systems. Our key idea is to embed profiling logic into GPU
execution through graph-embedded probing, so as to elimi-
nate disruptions on asynchronous GPU executions. To this
end, LMTracer employs special probe kernels, which are light-
weight GPU kernels that enclose original LLM kernels, allow-
ing users to specify profiling logic (e.g., record timestamps).
They are compiled to GPU execution graphs and executed
in order with LLM kernels, while asynchronously collecting
and streaming profiling data without introducing barriers.

To realize the above idea, we need to address several chal-
lenges. Specifically, if we insert probe kernels at arbitrary
locations in the execution graphs captured by GPUs, we may
break kernel fusion and cause performance degradation. To

overcome this, LMTracer employs stack-aware compilation,
which recursively tracks compile-time operator call hier-
archies and their source-level code regions during kernel
fusion. Using this information, LMTracer determines the op-
timal locations in execution graphs to insert probe kernels,
and thus keeps a streamlined execution graph without inter-
fering with the fused operators or affecting the performance.

At runtime, profiling data should be collected in real time
without introducing barriers. Existing profilers fail to achieve
this as they depend on barriers to ensure data alignments. To
address this, we devise doorbell-assisted shadow buffering. It
does not directly write the profiling data to the CPU memory
(which is slower and introduces barriers), but instead writes
the data together with the GPU clock value to two faster
shadow GPU buffers, and proactively streams the buffer data
to the CPU based on a “doorbell” signaling protocol when a
shadow buffer is full. LMTracer then calibrates the collected
data with GPU clock offsets (recorded once before the exe-
cution) on CPUs. In the meantime, probe kernels continue
to write the data into the other shadow GPU buffer and thus
avoid CPU-GPU synchronizations.

After collecting profiling data, LMTracer provides action-
able insights for developers to optimize LLM systems through
its profiling interfaces. In particular, LMTracer automati-
cally analyzes the LLM execution graph by replaying the
collected data, and quickly identifies potential performance
bottlenecks or inefficiencies with the execution dependency
information among different kernels and GPUs.

LMTracer has been deployed on a variety of LLM systems
in our production environment for eight months, including
vLLM, SGLang, andMegatron-LM, for both training and serv-
ing, with model sizes ranging from 7B to 671B parameters
and GPUs of O(1k). On average, it only incurs 0.9% overhead
while providing kernel-level profiling granularity, such as
measuring the execution time of attention, multi-layer per-
ceptron (MLP), and layer normalization, etc. Compared to
the existing profilers like NVIDIA Nsight Systems [16] and
PyTorch Profiler [21], LMTracer reduces profiling overheads
by 11.6× with comparable accuracy.

LMTracer has proactively uncovered 15 latent performance
issues, such as imbalanced GPU utilization and straggler
GPUs. After fixing these issues, we improve the training
throughput by 24.5% and reduce the serving latency by 21.2%.

This work makes the following contributions.
• We identify the challenges of performance profiling in

production LLM systems, i.e., the disruptions of the asyn-
chronous yet streamlined GPU executions.

• We propose LMTracer, a lightweight and real-time profiler
that embeds probe kernels into GPU execution graphs to
eliminate disruptions on asynchronous executions.

• We show our experience in applying LMTracer to produc-
tion LLM systems. It identifies many performance issues,
leading to significant resource utilization improvements.
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Figure 1. General workflow of LLM training and serving.

Code and data are publicly available at https://llm-profil
ing.github.io. This paper does not raise any ethical issues.

2 Background
Large language models (LLMs) are widely used in many
real-world scenarios, such as chatbots [56], content gen-
eration [45], industrial control [34], and fundamental re-
search [27, 53, 72]. Training and serving LLMs is currently
the core business of AI providers like OpenAI [17], Google [10],
andMeta [13]. However, such a business is extremely resource-
intensive, requiring massive GPU infrastructure and compu-
tational power [35]. For example, training Llama3 requires
thousands of GPUs running for weeks to months [31], and
serving LLMs on the market demands hundreds of GPUs to
handle user requests in real time [68].

LLM training and serving workflows. From the system
perspective, the general workflows of LLM training and serv-
ing are illustrated in Figure 1. A single LLM training/serving
task can be split across multiple GPUs by various parallelism
techniques like data parallelism (DP), pipeline parallelism
(PP), and tensor parallelism (TP) [50], so as to handle the
increasing model size and massive data. DP replicates the
entire model as shown in the different color planes in Fig-
ure 1, while PP partitions the model layers horizontally into
different stages. In each PP stage, model layers are further
partitioned vertically across the GPUs through TP.
With these parallelism techniques, when training starts,

the forward and backward passes are performed iteratively
until the training loss converges. Different GPUs are assigned
different data batches, and different GPUs cooperate to com-
plete the forward and backward passes. Any inefficiency in
this workflow, such as suboptimal parallelism strategies [40],
straggler GPUs [48, 67, 69], or network bottlenecks [49, 50],
can lead to significant slowdowns and increased costs [58].
For LLM serving, the end-to-end serving process starts

with user requests (i.e., user prompts) and ends with output
tokens. Each user request is first processed by a scheduler
that routes and enqueues it to the appropriate DP replica
based on the service level agreement (SLA) and the current
load of the LLM system. The DP replica then performs the
prefill phase, which generates the initial KV cache [51, 59] for
the prompt, and enters the decode phase to generate output

tokens in an autoregressive manner (i.e., generating one
token at a time based on the previously generated tokens).

Kernel fusion. Almost all of today’s GPUs employ an
asynchronous execution model to maximize hardware uti-
lization, where the CPU enqueues kernels for computation
or data transfer to the GPU, and the GPU launches and exe-
cutes them in order [2] without mutual blocking on the CPU
side. To fully take advantage of this asynchronous execution
model, existing LLM frameworks typically use various kernel
fusion techniques to combine multiple operators into a sin-
gle large kernel, so as to reduce the kernel launch overhead
and improve both CPU and GPU utilizations [1].

Figure 2 exemplifies the kernel fusion process of the layer
normalization of a mainstream model, where the original
implementation consists of four separate steps to compute
the final output (i.e., the operators including power, addition,
reciprocal square root, and multiplication), while the fused
implementation combines these steps into a single kernel.
In this way, LLM frameworks only launch one fused kernel
instead of launching multiple kernels for each of the opera-
tors, thus significantly reducing the kernel launch overhead
and improving the LLM performance.

Graph execution. Different fused kernels can be further
organized together to form an execution graph on GPUs, so
that these fused kernels are launched together without intro-
ducing idle time between two adjacent kernels. Such a graph
execution scheme especially benefits the LLM training and
serving workflows, since their computation often consists of
a sequence of kernels that are executed iteratively. According
to previous reports, graph execution schemes, such as CUDA
graphs on NVIDIA GPUs, can improve LLM performance by
up to 3× [55]. Thus, using graph execution and kernel fusion
is a common practice for LLM frameworks to optimize the
performance of LLM training and serving.

3 Motivation
To ensure efficient and reliable execution of LLM training
and serving workloads, AI providers need to closely monitor
the real-time performance of their systems in production,
so as to guide resource allocation and anomaly detection.
Unfortunately, our two years of experience in operating LLM
training and serving workloads in production has revealed
that existing profiling solutions are inadequate for the chal-
lenges posed by LLM workloads. Table 1 summarizes the
concrete limitations of the mainstream profiling tools.

Specifically, simple profiling solutions based on the aggre-
gation of LLM framework-level metrics or telemetry (e.g.,
CPU, GPU, and memory usage) are insufficient for capturing
the complex interactions between different components of
LLM workloads, and often fail to provide actionable insights
for performance optimization. They cannot even distinguish
which GPU kernels or user code causes the inefficiency. For
example, a low token throughput can be caused by many
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Table 1. Comparing existing profiling tools for LLM systems, where Kernel Profiling stands for kernel-level profiling, Kernel
Fusion represents the ability to distinguish fused kernels, Stack Trace is the ability to capture stack traces, Transparent is the
ability to avoid user code modification, and Real-Time stands for the ability to capture performance data in real time.

Tool Kernel Profiling Kernel Fusion Stack Trace Transparent Real-Time

Framework Metrics % % % ! !

CUPTI ! % % % %

Nsight Systems ! % % ! %

Runtime Events ! % % % !

PyTorch Profiler ! % ! ! %

LMTracer ! ! ! ! !

factors like inefficient GPU kernel, suboptimal scheduling, or
network bottlenecks, but the framework-level telemetry may
not be able to pinpoint the root cause. As a result, they are
often used for coarse-grained monitoring and alerting, rather
than fine-grained performance tuning or optimization.
To overcome the above issue, there have been a number

of fine-grained profilers on top of LLM frameworks, such as
CUPTI [15], Nsight Systems [16], and PyTorch Profiler [21].
These tools expose fine-grained, kernel-level performance
traces on GPUs. However, they are primarily designed for
offline performance analysis. When applied to production
workloads, we observed that they have significant limita-
tions, especially in terms of their overhead and debugging
capabilities. Note that although offline performance analysis
can also be used for performance optimization, it is often not
sufficient for production workloads, since the performance
of LLM systems is highly sensitive to real-time input data.

Vendor-specific profilers. The official profiling tools pro-
vided by GPU vendors, such as CUPTI [15], Nsight Sys-
tems [16], and ROCm Systems Profiler [19], only capture
kernel-level performance, and cannot capture user code. This
makes it difficult to correlate and optimize the performance
with the concrete implementation of LLM workloads. In ad-
dition, these tools are originally designed for offline perfor-
mance analysis, and typically introduce significant overhead
when applied to production. As shown in Figure 3, when
training a 70B LLM, profilers like CUPTI and Nsight Systems

introduce 5.2% and 7.2% performance degradation in terms
of the iteration time, respectively. When applied to LLM
serving, the degradation rises to 9.1% and 10.2%.

Moreover, when we examine their trace data, we find that
these tools cannot distinguish the fused kernels. This is be-
cause the fused kernels are generated before the graph execu-
tion on GPUs (cf. § 2), and thus the vendor-specific profiling
tools have no visibility into their internal operations.

Runtime events. Commodity GPUs also provide a set
of APIs for users to insert runtime events (e.g., CUDA/HIP
Event [7, 12]), so as to record the corresponding event times-
tamp for performance tracing. However, these events require
users to modify their code base, which is a barrier for adop-
tion in production as well as for futuremaintenance. Runtime
events also incur over 12% performance degradation when
capturing crucial LLM execution phases like attention and
MLP (as shown in Figure 3). Worse still, they are incompati-
ble with kernel fusion and graph optimizations.

Framework-oriented profiler. Some LLM frameworks
provide their own profilers (e.g., PyTorch Profiler [21]) to
capture both kernel performance data and user stack traces.
Unfortunately, they are not designed for real-time perfor-
mance profiling either, and introduce significant overhead
when applied to production workloads. As shown in Fig-
ure 3, when training a 70B LLM, PyTorch Profiler introduces
74.8% performance degradation on iteration time, and 83.4%
decrease in token throughput when applied to LLM serving.
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Figure 5. Architectural overview of LMTracer.

Limitations and implications. In summary, existing LLM
profiling tools cannot meet the requirements of real-time per-
formance profiling in our production environments. Vendor-
specific and runtime event APIs cannot capture user-level
stack traces, thus omitting the semantic mapping between
the performance and the implementation. Profilers in LLM
frameworks can capture a part of the user-level stack trace,
but they cannot handle the kernel fusion and graph opti-
mizations that are widely used in LLM workloads.
Runtime overheads of all the existing tools are signifi-

cant, since they introduce additional barriers or instrumen-
tation instructions. We performed a detailed analysis on
the overheads of the barriers or instrumentation instruc-
tions introduced by the existing tools. As shown in Figure 4,
vendor-specific profilers introduce at least 13 µs for a single
instrumentation point. On the other hand, if we directly em-
bed GPU kernels to record crucial timestamps over GPUs
for performance tracing, we can reduce the overhead to only
0.7–0.9 µs for each trace point (as shown in Figure 4), which
is significantly lower than the existing tools. This is easy
to understand because GPU kernels are the basic execution
units on GPUs. As a result, using kernels to record times-
tamps is naturally compatible with the other user kernels,
and will not break the graph executions, thus mitigating the
overheads of the profiling process. If we further design a set
of lightweight GPU kernels to fully utilize the asynchronous
execution of GPUs, we can reduce the overhead and enable
real-time performance profiling.

4 System Overview
Building on the above insight, LMTracer enables fine-grained,
real-time performance profiling of production LLM systems
through graph-embedded probing. As shown in Figure 5, the
core of LMTracer is to embed special probe kernels into the
original GPU execution graph of LLMworkload. These probe
kernels capture in-situ performance traces, and stream them
to CPUs asynchronously without affecting original execu-
tion flows. LMTracer also provides a set of interfaces that
allows developers to profile at different granularity levels
with a simple configuration (which is independent of the
user’s code base), and a dependency-guided trace analysis
engine that reconstructs the execution graph to attribute the
performance bottlenecks to different system components.

Specifically, LMTracer takes the user configuration for
profiling as the input, and performs the following steps to
generate performance traces at the production scale.
• Stack-Aware Compilation (§5.1). Since the user can specify
any modules, functions, or even code regions to be pro-
filed, LMTracer needs to ensure that the probe kernels are
correctly inserted into the execution graph without break-
ing the original execution and kernel fusion. To achieve
this, LMTracer performs stack-aware compilation that re-
cursively analyzes the static function call stacks of code
regions on kernel fusion. During the compilation of the
fused kernel, LMTracer inserts the probes that bound user
operators in their corresponding call hierarchies based on
the profiling configuration. In this way, LMTracer locates
the probe kernels at the right positions for later graph
capturing and execution of LLM frameworks.

• Doorbell-Assisted Shadow Buffering (§5.2). When LLM sys-
tems execute the model, the inserted probe kernels are
launched with the original kernels to record the times-
tamps and other profiling data on GPUs. Existing profilers
usually require the CPU to synchronize with the GPU to
retrieve the performance data, causing significant perfor-
mance perturbation to LLM execution. To address this,
we devise a buffering mechanism that allows the probe
kernels to write the data into one of the two shadow GPU
buffers, while the CPU reads from the other buffer asyn-
chronously based on a “doorbell” signal without waiting
for the GPU. Thus, we eliminate the need for barriers.

• Bottleneck Analysis (§5.3). After collecting the performance
traces from GPUs through the probe kernels, LMTracer
automatically reconstructs the dependencies in the execu-
tion graph of the LLM system. It then performs bottleneck
analysis to identify the straggler nodes, GPUs, or RDMA
NICs (RNICs) that stagnate the execution flows. LMTracer
also maps the bottlenecks back to the user-specified code
lines if the bottlenecks are relevant to CPU or GPU execu-
tion, which allows developers to quickly locate the issues
and optimize the implementation accordingly.

5 Design
5.1 Stack-Aware Compilation
Profiling configuration. LMTracer provides users with
a set of profiling configuration interfaces. It enables users
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to specify code regions or LLM modules to be profiled and
the relevant profiling data to be collected or aggregated.
As shown in Listing 1, users can define probes at module,
function, and code region levels. The initial profiling con-
figuration can be derived from the model structure, i.e., the
LLM’s high-level components and execution stages such as
attention, MLP, and communication. Such a coarse-grained
execution view is sufficient for LMTracer to localize perfor-
mance issues to specific components or stages. Without this
execution view, instrumenting every detailed step of model
execution would introduce unnecessary complexity and is
impractical for production environments.
Users can specify different LLM frameworks, and LM-

Tracer automatically adapts the instrumentation process to
the corresponding framework (cf. §5.2). The configuration
also supports multiple exporters to save collected trace data
for offline analysis or export metrics to analytics systems
such as Prometheus [18] and Flink [29] for real-time perfor-
mance tracking. The configuration effort is a one-time setup,
and the same configuration can be reused across subsequent
runs without additional overhead.

Probe kernel. With user-defined profiling configurations,
LMTracer instruments the LLM execution by inserting light-
weight probe kernels at the specified code regions or module
boundaries. These probe kernels are designed to collect criti-
cal runtime data on GPUs, in particular GPU kernel execu-
tion time. This is achieved by leveraging raw GPU assembly
instructions in the probe kernel to read the GPU clock cy-
cle register (e.g., read the globaltimer register for NVIDIA
GPUs [36, 42] or invoke the s_memtime instruction for AMD
GPUs [37]) before (or after) the execution of the target ker-
nels and code regions defined in the profiling configuration
(as exemplified in Listing 1), and calculating the execution
time by differentiating the two clock values.

Unlike existing fine-grained profiling approaches that are
intrusive to user kernels by altering kernel instructions [42],
LMTracer does not modify the original user kernels so that
the data collected by probe kernels preserve high fidelity
and accuracy. Also, probe kernels do not modify the runtime
states of the user kernels (e.g., registers, shared memory,
and local memory [66]), which effectively avoids the state
restoration overhead and performance degradation. Users
can also customize probe kernels to collect additional traces
such as the intermediate output between kernels [47].

Stack-aware compilation. To support flexible profiling
over widely used GPU kernel fusion techniques [63], LM-
Tracer needs to overcome a key challenge—the loss of vis-
ibility into the internal execution of the user kernels after
the kernel fusion. Specifically, a single fused kernel can con-
tain multiple logical operations from different code regions
defined by the users (cf. §3). A single code region to be pro-
filed can be fused into different kernels as well. After kernel
fusion, the resulting kernels can be captured by CUDA/HIP

Listing 1. Example instrumentation configurations of LM-
Tracer for SGLang runtime probing and data exporting.

llm_engine: sglang
probes:
# LLM modules
- phase: attention
module: sglang.srt.models.gpt_oss.GptOssAttention

# Functions or even code lines
- phase: norm
function: sglang.srt.layers.layernorm.RMSNorm.

forward_cuda
# Optional: Flexibility for code-line profiling
line_start: 109
line_end: 126

exporters:
# Exporter 1: Save binary trace data to files
- module: lmtracer.core.exporter.

FileByteDataExporter
params:
output_dir: /tmp/lmtracer_exports

# Exporter 2: Export metrics to Prometheus
- module: lmtracer.core.exporter.

SGLangMetricPrometheusExporter
params: {}

Graphs [8, 11], allowing the captured execution graph to be
launched with a single CPU-side API call, thereby reducing
kernel launch overhead. If we simply insert probe kernels
at the boundaries of the user-defined code regions, we may
break kernel fusion results and significantly degrade the per-
formance. This is because probe kernels are not the basic
operators (e.g., arithmetic operators such as addition and
multiplication) that can be fused into one kernel.
To address this, we design stack-aware compilation that

inserts probe kernels according to operator call stacks during
compilation. This mechanism performs a compile-time static
analysis on the user code. Specifically, when LLM frame-
works compile user operators into kernels (e.g., through
PyTorch Inductor [1]), it needs to symbolically execute the
user code to collect tensor operations involved in kernel gen-
eration [9]. During this process, function calls into and out
of different code regions of LLM execution can be tracked,
forming a static call stack that records the source-code loca-
tions associated with each operator. LMTracer uses this call
stack information to track the origin of each operator.
After recursively backtracking all call stacks that lead

to the operator in each kernel, LMTracer checks whether
the call stacks intersect with user-defined profiling regions.
If so, LMTracer records the corresponding kernel, thereby
establishing a mapping between compiled (potentially fused)
kernels and user-defined code regions. Finally, probe kernels
are inserted at the boundaries of compiled kernels (rather
than between arbitrary user operators) that cover the target
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Figure 6. Stack-aware compilation to identify operator fu-
sion and probe kernel insertion points in execution graphs,
where colored arrows indicate the mappings from source
code through operator call stacks to the fused kernels.

code regions, so that execution time is measured at runtime
without disrupting kernel fusion.

As exemplified in Figure 6, suppose the user defines three
code regions (i.e., forward, attn, and norm) in the configu-
ration file for profiling, where the forward region contains
the entire forward pass of the model in the qwen2.py source
file, attn is the attention module in a single decoder layer
in qwen3.py, and norm is the normalization process after
all the decoder layers in qwen2.py. LMTracer hooks into
the compilation process and first finds that the operators
in Fused Kernel A directly originate from the code regions
in both linear.py and layernorm.py (i.e., the code lines
shown in blue in the two source files). Nevertheless, these
two files have no user-defined code regions for profiling.
LMTracer then backtracks the call stacks of these oper-

ators, and discovers that the operators in the linear part
of Fused Kernel A are derived from the user-defined attn
code region in qwen3.py, whose stack frame is delimited
by attn_start and attn_end. By further tracing upward,
LMTracer confirms that this attn region is itself nested
inside the outer forward region in qwen2.py, bounded by
forward_start and forward_end, which is defined by the
user in the profiling configurations. Therefore, Fused Ker-
nel A is simultaneously associated with two user-defined
regions, i.e., attn and forward. Since it is the first time that
the call stack activates the attn region2, LMTracer inserts
an Attn Enter probe at the beginning of Fused Kernel A,
so that the probe kernel can record the entry time of attn.
For the operators in Fused Kernel B, they are directly de-

rived from layernorm.py when they are compiled (i.e., the
code lines shown in yellow in layernorm.py), and even-
tually from the norm region in qwen2.py. Thus, they are
inside the user-defined norm_start and norm_end regions,
nested inside the outer forward region. However, they are
2The forward region is not the first time that the call stack enters, as we
omit some other operations before attention regions for simplicity.

not intersected with the previous attn region in qwen3.py,
which was activated when Fused Kernel A was compiled. We
therefore determine that the attention region is deactivated
when Fused Kernel B is sequentially compiled after Fused
Kernel A3, so we insert an Attn Exit probe at the beginning
of Fused Kernel B, and a Norm Enter probe at the same time
to indicate that the call stack has left the attn region and the
norm region is now activated. Note that the forward region
is still active during the compilation of Fused Kernel B.
Finally, when the compiler fuses the operators in Fused

Kernel C, LMTracer finds that the fused operators have no
call stack intersection with the user-defined code regions,
which means that we need to deactivate all the active regions
(i.e., norm and forward) before Fused Kernel C is executed.
Thus, we insert a Norm Exit and a Forward Exit probe be-
fore Fused Kernel C to record the corresponding timestamps.
Based on this stack-aware recursive analysis, LMTracer

determines the kernel boundaries that correspond to user-
defined profiling regions and inserts probe kernels accord-
ingly. The profiling granularity is defined by user-specified
regions rather than individual kernels, as a single region may
span one or multiple compiled kernels due to kernel fusion.
Therefore, LMTracer automatically identifies the boundary
kernels covering the target regions and inserts probes with-
out requiring any user intervention or modifications to the
original codebase. Such a probe kernel incurs at most 0.9 µs
overhead as we have reported in Figure 4. Also, even if mul-
tiple operators from different source files are fused into GPU
kernels (e.g., Fused Kernel A–C in the figure), LMTracer can
still faithfully reconstruct the logical execution boundaries.

Kernel-level granularity. During the above stack-aware
compilation, LMTracer can encounter the case where the
user-defined trace point is inside a fused kernel, although this
is rare (<2% of the trace points in production since in most
cases profiling targets are aligned with operator or kernel
boundaries). To address this, LMTracer supports two modes
of probe kernel insertion. The first is inserting probes at the
nearest fused kernel boundaries, and the second is splitting
the kernel for exact probe placement. By default, LMTracer
adopts the first mode to avoid perturbing execution behavior.
If finer granularity is required, LMTracer can switch to the
second mode to split the kernel and place probes at the exact
location. Nevertheless, this mode is primarily intended for
offline investigation because it modifies the generated code
and may perturb the original performance characteristics.

Code line hashing and probe merging. The above probe
insertion point information is used as the input parameter
for the probe kernels, so that they can generate the trace
data with the mapping information between the GPU kernel
execution and the user-defined code regions.

3These fused kernels are also sequentially executed at runtime.
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To parameterize this information, LMTracer hashes the
source file and code lines to generate a unique integer iden-
tifier. This integer identifier will be translated back to the
source file when LMTracer processes the trace data. To fur-
ther reduce the number of inserted kernels and reduce the
profiling overhead, LMTracer merges the probes that are
inserted at the same kernel boundary. In the above example,
the Attn Exit and Norm Enter probes are merged at the
beginning of Fused Kernel B. The Norm Exit and Forward
Exit probes are merged at the beginning of Fused Kernel C
for the same reason. These merged probes are assigned a
new hash value for later identification.

CUDA/HIP graph compatibility. Probe kernels are com-
patible with the CUDA/HIP graph execution, which is espe-
cially important for profiling LLM executions in production
environments. As we have discussed above (cf. §2), to reduce
the intermittent kernel launch overhead, today’s LLM frame-
works widely take advantage of the graph execution mech-
anism provided by the GPU vendors (e.g., CUDA graph [8]
and HIP graph [11]). Specifically, before the actual training
or inference process, the LLM framework first captures a
sequence of GPU kernel executions of the LLM workload
into a CUDA/HIP Graph during a warm-up iteration [55].
The captured graph can then be replayed in subsequent iter-
ations with a single CPU-side launch call, thereby reducing
the overhead of launching individual kernels.
The probe kernels inserted by LMTracer are treated as

normal GPU kernels by the GPU driver and can therefore
be captured into the CUDA/HIP graph together with user
kernels during the warm-up iteration. For non-linear CU-
DA/HIP graphs, LMTracer remains compatible because the
kernel-to-region mapping established during compilation is
independent of the graph topology, rather than relying on a
linear kernel ordering. When the graph is replayed for sub-
sequent iterations, the inserted probe kernels are seamlessly
executed together with the user kernels in the graph. Such
a process does not break graph-based execution, while still
allowing LMTracer to collect trace data.

5.2 Doorbell-Assisted Shadow Buffering
The probe kernels inserted by the stack-aware compilation
mechanism collect the trace data and export it to the ex-
porters defined by the users. During this process, we need
to efficiently manage the data transfer between the GPU
and CPU to avoid barriers and minimize the performance
overhead. Some approaches defer the data transfer until the
end of LLM executions to avoid the barriers, but this leads
to large memory usage, and is not suitable for our real-time
performance monitoring. Some other approaches perform
data transfer after each kernel execution, but this causes
significant perturbation to the original execution flows.

To enable zero-barrier profiling in real time, LMTracer em-
ploys a doorbell-assisted shadow buffering mechanism. As

Current Buffer Pointer GPU

Buffer Full

GPU-CPU Mapped Memory

CPU

_threadfence_system

Doorbell Signal

Poller ThreadTrace Buffer

Async
Copy

Trigger

Write
Pointer

Shadow Buffer A Shadow Buffer B

Figure 7. Doorbell-assisted shadow buffering mechanism to
mitigate barriers on profiling LLM executions.

shown in Figure 7, LMTracer allocates two GPU-side shadow
buffers (i.e., Buffer A and Buffer B) for storing profiling data
(e.g., GPU clock values and trace point information) collected
by probe kernels. The probe kernels write data into the cur-
rent shadow buffer and switch to the other buffer when it
becomes full. Meanwhile, LMTracer writes a doorbell signal
to CPU-GPU mapped memory [22, 23, 44] to notify the CPU
that the full buffer is ready for transfer. A background CPU
pollermonitors the doorbell signal and asynchronously trans-
fers the full buffer in a separate GPU stream, while probe
kernels continue writing to the other buffer. This design
allows GPU execution and data transfer to proceed concur-
rently without synchronization overhead. LMTracer exports
the collected trace data through user-defined exporters for
further analysis (cf. §5.3).

Buffer management and consistency guarantee. To
ensure correctness and robustness under high profiling rates,
LMTracer uses a lightweight backpressure-free policy. When
both shadow buffers become full, newly collected traces
overwrite old traces rather than blocking LLM execution.
Nevertheless, in long-term practice till now, we have not
observed both buffers being full at the same time. A 1 MB
shadow buffer is sufficient to store profiling data for over
200 iterations of a 671B-parameter LLM, and the occupancy
of the inactive buffer remains below 5% in our production
workloads. Moreover, the buffer size can be easily scaled
with the number of probes, as the required memory grows
approximately linearly with profiling granularity. To guar-
antee consistency between GPU writes and CPU reads, LM-
Tracer enforces release-acquire ordering [25]. Probe kernels
invoke __threadfence_system() calls [6] before updating
the doorbell, ensuring that all prior buffer writes are visible
to the CPU. The CPU poller checks this doorbell to ensure
that buffer contents are consistent before transfer.

Process bindings. The runtime execution of probe kernels
depends on sharing the user processes, so that they are ex-
ecuted with the user kernels for collecting corresponding
trace data. This is because almost all GPU programmingmod-
els are based on the runtime context of the user processes.
GPU kernels can only be launched by the user process that
owns the context and has initialized these kernels [26].
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However, different LLM frameworks may have different
process management and GPU context initialization mecha-
nisms, which makes it challenging to insert the probe kernels
into the user processes in a transparent way. Fortunately,
by carefully inspecting the implementation of mainstream
LLM frameworks, we find that they all follow a scheduler-
executor architecture, where the scheduler schedules GPU
executions, and the executor strictly binds to one GPU for ex-
ecuting the scheduled tasks. This is easy to understand since
today’s LLM systems are designed to run on distributed GPU
clusters, and the scheduler-executor architecture effectively
manages the GPU resources by scheduling the tasks across
different GPUs and architectures.
Based on the above observation, we design an executor-

binder abstraction layer to automatically find the executor
component in the target LLM framework and bind the probe
kernels to it. LMTracer locates the executor component of
LLM frameworks by leveraging Python4 site-specific con-
figuration hooks [20]. With the deployed hooks, LMTracer
monitors Python package importing events at runtime, and
matches the imported packages that involve GPU executors
(e.g., the Worker class in vLLM and the ModelRunner class
in SGLang). Once an executor component is detected, LM-
Tracer patches the executor code before it is initialized, so
that the probe kernels share the same process context after
the executor is initialized. Users can also manually specify
the concrete executor in the configuration if they know the
implementation details of the target LLM framework.

Synchronizing clocks among GPUs and CPUs. As we
mentioned in §5.1, probe kernels collect GPU kernel execu-
tion time by reading GPU clock registers. However, in real-
world data centers, although CPU times on different hosts are
mostly synchronized through the network time protocol [52]
or the precision time protocol [57], GPU clocks are usually
not synchronized with CPU clocks or the clocks of other
GPUs. This is because GPUs are used for high-performance
computing, and deviations in GPU clocks have limited im-
pact on performance. However, this inconsistency will lead
to inaccurate analysis in performance profiling.
To address this issue, LMTracer records the initial time

offsets between GPU and CPU devices instead of continu-
ously synchronizing their clocks, which is more efficient
and practical in real-world data centers. After binding to
the process of a GPU, LMTracer launches AllGather oper-
ations [28, 50] among all GPUs to exchange their initial
clock values. For the master GPU of the AllGather opera-
tion, LMTracer records its CPU clock value at the same time.
LMTracer then calculates the timestamps across all GPUs
and CPUs based on their initial offsets to the master GPU.
No further synchronization is performed during profiling,

4We focus on Python-based LLM frameworks since they are the most widely
used. For frameworks implemented in other programming languages, simi-
lar techniques like eBPF [30] can be used to hook the executors.
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Figure 8. Example inference pipeline profiled by LMTracer,
where A denotes attention, M denotes multi-layer percep-
tron, L denotes decode layers, and S denotes sampling.
since a one-time calibration provides sufficiently accurate
relative timing for our performance analysis. This is because
distributed LLM workloads mainly rely on relative timing
across GPUs rather than precise CPU wall-clock time, and
relative GPU clock drift is typically small in practice (e.g., at
most 2 ms over a month); otherwise, significant clock drift
itself may indicate an underlying GPU issue.

5.3 Bottleneck Analysis
LMTracer is designed to be an end-to-end performance pro-
filing framework, which not only collects the trace data
through probe kernels, but also provides a suite of interfaces
for analyzing the collected data to identify performance is-
sues. To achieve this goal, LMTracer enables users to define
data exporters in the profiling configuration (as exemplified
in Listing 1). For each exporter, LMTracer exports the col-
lected trace data to the corresponding backend system (e.g.,
file system, Prometheus, Flink) for the analysis.

Training and inference pipelines. By analyzing trace
data and their dependency collected by probe kernels, LM-
Tracer reconstructs the training/serving pipelines, based on
which it helps developers identify performance bottlenecks
and optimize LLM executions. Specifically, LMTracer first
reconstructs kernels’ wait-for relationships [64] from their
execution timelines and dependency information, and then
groups counterpart operations across GPUs within each par-
allelism group. Bottlenecks are identified by analyzing strag-
glers and their dependencies. Figure 8 shows an example
inference pipeline generated by LMTracer. The inference is
configured with TP=2 and PP=2, where GPU 0 and GPU 1
are in the same TP group of the first PP stage. GPU 2 and
GPU 3 are in another TP group of the second PP stage.

GPU bubble fraction. By default, LMTracer calculates the
GPU bubble fraction to notify the user of resource under-
utilization. We define the GPU bubble fraction as the time
ratio where the GPU is idle and waiting for data or barriers
from other GPUs (as shown in Figure 8). It is calculated as

BubbleFraction = 1 −
∑𝑁

𝑖=1 𝑑𝑖

𝑡𝑁 − 𝑡1 + 𝑑𝑁
, (1)

where 𝑁 denotes the number of GPU execution records
within the monitoring window, 𝑡𝑖 represents the timestamp
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when the 𝑖-th GPU kernel is launched, and 𝑑𝑖 denotes its exe-
cution duration. The

∑𝑁
𝑖=1 𝑑𝑖 term represents the total active

GPU computation time, while 𝑡𝑁 −𝑡1+𝑑𝑁 denotes the overall
time span from the start of the first kernel to the completion
of the last kernel. A higher bubble fraction indicates a larger
fraction of idle GPU time caused by communication delays,
suboptimal scheduling, or input data stalls.

GPU straggling fraction. LMTracer also quantifies the
GPU straggling fraction to detect execution skew across
distributed GPUs. In parallelized LLM executions, GPUs are
expected to start kernels simultaneously. However, due to
workload imbalance or hardware defects, some GPUs may
finish later than others, resulting in straggling behavior. The
GPU straggling fraction is defined as the normalized start-
time skew across GPUs, which can be calculated as

StragglingFraction =
max𝑔∈𝐺 𝑠𝑔 −min𝑔∈𝐺 𝑠𝑔

max𝑔∈𝐺 𝑒𝑔 −min𝑔∈𝐺 𝑠𝑔
, (2)

where𝐺 denotes the set of GPUs participating in the parallel
execution (e.g., performing an AllReduce), 𝑠𝑔 represents the
start timestamp of the kernel executed on GPU 𝑔, and 𝑒𝑔
denotes the end timestamp of the kernel executed on GPU
𝑔. The max𝑔∈𝐺 𝑠𝑔 − min𝑔∈𝐺 𝑠𝑔 term captures the start-time
skew among GPUs, while the max𝑔∈𝐺 𝑒𝑔 − min𝑔∈𝐺 𝑠𝑔 term
represents the overall execution span across all GPUs. A
higher straggling fraction indicates more severe performance
inconsistency among GPUs caused by abnormal devices.

Network observability. Since LMTracer allows users to
insert probe kernels between adjacent kernels, it can also
be leveraged to analyze network performance in distributed
LLM executions. In modern LLM systems, communication
operations are typically encapsulated into dedicated ker-
nels and compiled together with computation kernels into a
unified execution graph (e.g., the AllReduce and AllGather
kernels in vLLM [46]). By placing probe kernels around these
communication kernels, LMTracer accurately measures their
execution time and helps developers identify potential net-
work bottlenecks during distributed execution.

6 Implementation
We implement LMTracer in 4,915 lines of Python code and
230 lines of C++ code. We designed a suite of interfaces for
different LLM frameworks to load LMTracer’s probe kernels,
as well as different exporters to export the collected profil-
ing data for various downstream analysis and visualization
tools. Currently, LMTracer supports vLLM [46], SGLang [71],
and Megatron-LM [60] for both training and serving. It also
supports exporting the profiling data to different formats,
including Prometheus [18], binary files, databases, real-time
dashboards, and Perfetto trace [54].

Developers or users simply install LMTracer as a Python
package, after which LMTracer detects the target framework
and loads the corresponding hooks. LMTracer allows users

to configure the profiling settings through a configuration
file specified by an environment variable. LMTracer also
provides basic preset profiling configurations for different
models like Qwen3, DeepSeek-V3, GPT-OSS, and Llama3.

7 Evaluation
7.1 Evaluation Setups
LMTracer has been deployed in production for eight months,
covering training and serving of various LLMs (e.g., Qwen3,
DeepSeek-V3, etc.) and frameworks (e.g., vLLM, SGLang,
Megatron-LM, etc.) on different GPU models. In our experi-
ments in §7.2 and §7.3, we evaluate LMTracer with the same
hardware and software configurations as in production. We
also compare LMTracer with other commonly used profilers
(i.e., Nsight Systems, runtime events, and PyTorch Profiler)
to show the advantages of LMTracer in overhead and fidelity.
For LLM serving, we measure the token throughput and

time to first token (TTFT) of Qwen3-32B inference over eight
low-end GPUs, DeepSeek-V3 inference over eight as well
as 16 mid-range GPUs, and GPT-OSS-120B inference over
eight mid-range GPUs. These models are representative of
the LLMs we have in production, and we use real-world user
requests during peak hours for evaluation. For LLM train-
ing, we measure the throughput of DeepSeek-V3 supervised
fine-tuning (SFT) over 256 high-end GPUs, which is also a
common training configuration in production. We use the
preset profiling configurations (cf. §6) for evaluation. They
track the duration of the attention and MLP operations in
each of the LLM layers, as well as the total layer duration
and model forward duration. We set the buffer flush interval
to 1k records for all experiments.

7.2 Performance
We evaluate the profiling overhead of LMTracer by measur-
ing the token throughput and latency of LLM training as
well as LLM inference with and without LMTracer enabled.

Profiling overhead. Figure 9 shows the token throughput
of Qwen3-32B inference on low-end GPUs with different
profiling tools. LMTracer achieves negligible performance
degradation of 0.9% (from 3,157 to 3,128 tokens/s) with TP=8,
and 0.6% (from 3,743 to 3,721 tokens/s) with TP=4 and PP=2
on vLLM. On SGLang, LMTracer only causes 0.4% through-
put degradation (from 3,103 to 3,090 tokens/s) with TP=8, and
0.3% throughput degradation (from 4,145 to 4,132 tokens/s)
with TP=4 and PP=2.

In contrast, other profilers all cause greater throughput
degradation. This is specifically for PyTorch Profiler, which
causes 87.9%, 91.7%, 82.4%, and 86.5% degradation for the four
configurations, respectively. This is because PyTorch Profiler
breaks the graph executions on profiling, and introduces
barriers when mapping GPU-side kernels to CPU-side call
stacks with extensive Python-runtime instrumentation.
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Figure 9.Qwen3-32B inference perfor-
mance on low-end GPUs.
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Figure 10. DeepSeek-V3 inference per-
formance on mid-range GPUs.

0 50 100 150 200 250 300 350
TTFT (ms)

0.0

0.2

0.4

0.6

0.8

1.0

C
D

F

Max=126.50
Mean=52.70
Median=49.94
Min=11.61

Max=154.26
Mean=56.09
Median=52.04
Min=13.27

Max=230.01
Mean=80.66
Median=74.39
Min=14.41

Max=261.01
Mean=87.54
Median=81.21
Min=14.80

Max=365.55
Mean=116.21
Median=109.95
Min=19.10

Default
LMTracer
Nsight Systems
Runtime Events
PyTorch Profiler

Figure 11. TTFT of GPT-OSS-120B on
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Figure 12. DeepSeek-V3 training per-
formance on high-end GPUs.
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Tracer.

NVIDIA Nsight Systems and runtime event tracing cause
more than 7% throughput degradation on average, which
is much higher than LMTracer’s overhead and limits their
applicability in production environments. It should be noted
that we enable graph-node profiling [24] for NVIDIA Nsight
Systems so that it captures the execution time of the ker-
nels inside the CUDA graph. Even if we disable this mode,
it still causes more than 3.6% throughput degradation with-
out visibility into the kernel execution time, which limits
its applicability as well. Similar trends can be observed in
Figure 10 for DeepSeek-V3 inference over mid-range GPUs.

LMTracer’s profiling overhead is oftentimes lower under
inter-host configurations (TP=4 and PP=2) than under intra-
host configurations (TP=8). This is because probe kernels
inherently allow LMTracer to use inter-host pipelines to hide
the profiling overhead. However, other profiling tools do not
have such a capability because they rely on the synchroniza-
tion among intra- and inter-host GPUs.
In terms of the TTFT metric, Figure 11 shows that LM-

Tracer only incurs 3.4ms average TTFT increase (from 52.7 to
56.1 ms) for GPT-OSS-120B inference over mid-range GPUs,
which can hardly be noticed by users in the real world. In
contrast, the other profiling tools cause up to 63.5 ms TTFT
increase, which significantly affects user experience.
LMTracer also has negligible impacts on LLM training

performance. As shown in Figure 12, LMTracer only causes
an average of 1.5% throughput degradation for DeepSeek-V3

SFT over 256 high-end GPUs, while Nsight Systems and run-
time event tracing cause more than 17% throughput degrada-
tion on average. For PyTorch Profiler, it causes 69.9% through-
put degradation. For other LLM training and serving config-
urations, similar trends can be observed in production.

Correctness. The use of LMTracer does not affect the cor-
rectness of LLM training and inference. As shown in Fig-
ure 13, the language model loss in LLM training with LM-
Tracer is almost the same as that without LMTracer, which
indicates that LMTracer does not alter the data flow and the
training dynamics of the LLM. Similarly, we also verify the
correctness of LLM inference with LMTracer by comparing
the output tokens (using the same set of input prompts and
random seeds), and we find that they are exactly the same.

7.3 Ablation Study
We perform an ablation study to evaluate the effectiveness
of LMTracer’s key design choices, including the design of
probe merging, shadow buffers, doorbell signals, and the
asynchronous copy of profiling data. When probe merging is
disabled, we insert all probe kernels that the user has defined
in profiling configurations, rather than merging adjacent
ones. When shadow buffers are disabled, we only use one
buffer to store the profiling data, and we flush the buffer after
every profiling record is collected. When doorbell signals
are disabled, LMTracer actively queries the GPU to check
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Figure 15. Comparing profiling fidelity of profiling tools.
The baseline only provides kernel names, while LMTracer
provides concrete mappings from the kernels to the user
code based on user-defined profiling configurations.

whether one of the trace buffers is full after each LLM it-
eration. When the asynchronous copy of profiling data is
disabled, LMTracer copies the profiling data from GPU to
CPU in the same stream as the user kernels.

As shown in Figure 14, when any of the key design choices
is disabled, the profiling overhead of LMTracer significantly
increases. When probe merging is disabled, the through-
put degradation increases to 2.9% and 3.0% for Qwen3-32B
inference over low-end GPUs and DeepSeek-V3 SFT over
high-end GPUs, respectively. This indicates that merging
adjacent probe kernels like the boundary kernels between
the attention and MLP operations in each LLM layer is ef-
fective in reducing the profiling overhead. When shadow
buffers are disabled, the throughput degradation increases to
12.8% and 5.7%, indicating that buffers are crucial for hiding
the data copy overhead. Similarly, when doorbell signals are
disabled, the degradation reaches 16.2% and 18.2%. When the
asynchronous copy of profiling data is disabled, the degra-
dations are 13.3% and 8.7%. These all reveal that enabling
asynchronous copy of profiling data is important.

7.4 Fidelity
LMTracer provides high-fidelity profiling data that accu-
rately reflects the performance characteristics of even a sin-
gle code region. Figure 15 shows a profiling result of LM-
Tracer and the baseline profiling tool (i.e., NVIDIA Nsight
Systems). The baseline profiling tool has shown the most de-
tailed profiling outputs among all the other compared tools.
Nevertheless, it can only capture the GPU-side execution
time of the compiled kernels. These kernels have lost the
high-level semantics of the original user code after compila-
tion, which makes it difficult to understand which code lines
or which LLM layers cause the performance bottlenecks.
Similarly, the fidelity of runtime event tracing is worse than
that of Nsight Systems, because it breaks kernel fusion and
thus causes more kernels to be generated.

In contrast, LMTracer captures the GPU-side execution
time of user kernels that are directly projected to the original
code. For example, LMTracer identifies the kernels fused by
Triton [62] in the root mean square (RMS) normalization, and
also captures the regions in user code based on the profiling
configuration, i.e., the phase labels (cf. Listing 1). Similarly,
LMTracer helps distinguish the up projection, SiLU activa-
tion [70], and down projection in the MLP operation [39],
while the baseline only captures the cuBLAS [5] kernels.

Note that directly using kernel names and tensor shapes
does not provide comparable clues. Modern LLM compilers
often generate generic kernels (e.g., cuBLAS kernels) that ob-
scure the original model semantics. Also, different operators
may have similar tensor shapes, while the same operator
may map to different kernels in different workloads, mak-
ing kernel names and tensor shapes unreliable indicators of
operator-level behaviors. Instead, stack-aware compilation
in LMTracer establishes this mapping reliably from compile-
time call stacks and source-code locations.

7.5 Case Study
LMTracer has helped identify 15 performance bottlenecks
and defects in our production LLM systems. Table 2 summa-
rizes representative issues, covering configurations, frame-
works, and hardware in training and serving. Nine of them
would be missed by sampled NVIDIA Nsight Systems or Py-
Torch Profiler runs, as they arise from dynamic production
workloads. Issues such as KV cache eviction, prefill block-
ing, transient RNIC flapping, and imbalanced PP scheduling
depend on specific request patterns or runtime conditions,
and may occur only intermittently. Consequently, they are
difficult to capture within short profiling windows, whereas
LMTracer can observe them reliably through always-on trac-
ing. We also present some typical issues in the following.

Unbalanced scheduling. Figure 16 shows an example of
the unbalanced scheduling issue in LLM serving. This is
caused by the framework’s scheduling policy that does not
consider the performance heterogeneity of user requests,
which leads to different inference times of different forward-
ing passes, and causes bubbles in inference pipelines. With
LMTracer, we can get notified of this issue based on the bub-
ble fraction metric. For common profiling tools, it is hard
to identify the root cause of this issue because they can-
not capture the performance characteristics of each kernel
execution at the granularity of user requests.

Hardware issues. LMTracer has also helped identify vari-
ous hardware issues, such as NVLink down and RNIC flap-
ping. Figure 17 is an example of the NVLink issue that LM-
Tracer has detected in training. In the example, LMTracer
captures each GPU’s execution time in each DP, PP, and TP
group. We then notice that GPUs (that correspond to one PP
instance) in DP 1 have longer execution time than the GPUs
in DP 0 (i.e., the straggling fraction is abnormal). This makes
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Table 2. Issues detected by LMTracer in production.

Component Root Cause Symptom

Configuration Improper layer placement PP stages are much longer.
Configuration Improper parallelism TP groups use slow paths.
Configuration Not using CUDA graph Separate kernel launching.
Framework Unbalanced scheduling Some GPUs are busier.
Framework KV cache eviction Repeated computation.
Framework Prefill blocking High TTFT for users.
Hardware NVLink down Training process is stalled.
Hardware RNIC flapping Intermittent unconnectivity.

the GPUs in DP 0 wait for the GPUs in DP 1 to finish each it-
eration, which significantly degrades the performance. Also,
LMTracer’s profiling data show that the AllReduce time of
the problematic GPUs in DP 1 is much longer. After further
investigation, we find that the NVLink in one of the hosts
in DP 1 reports errors. This link then straggles the entire
PP instance, and further straggles DP 0 as well as the entire
training job. Without LMTracer, it is hard to identify the root
cause because the performance characteristics of each GPU
and parallelism group can be affected by profiling overheads,
which might be distorted by the profiling action itself.

In summary, after fixing all the issues identified by LM-
Tracer, we have observed 21.2% latency reduction in LLM
serving and 24.5% throughput improvement.

8 Related Work
LLM profiling tools. Profiling the performance of LLM
systems is critical for understanding the performance bot-
tlenecks. Among the existing LLM profiling tools, some of
them focus on GPU-level profiling, such as NVIDIA Nsight
Systems [16], NVIDIA Nsight Compute [14], and CUPTI [15].
Nevertheless, most of these tools are designed to be closed
source given their low-level access to the GPU hardware.
On the other side, open-source GPU-level profiling tools
like NeutriNo [42] have inherent limitations that they can
only capture the performance of the kernels with raw GPU
instructions. Thus, for most kernels in LLM training and
serving that are implemented with high-level libraries, these
tools are unable to provide sufficient performance insights.
Although some framework-level profiling tools, such as Py-
Torch Profiler [21], are open source, they cannot measure
accurate kernel execution time due to the significant profil-
ing overhead, and thus cannot be used in production.
LMTracer is designed to be a low-overhead profiler that

captures performance data of GPU kernels. Our goal is not
to replace existing profiling and diagnosis tools, but to fill
an observability gap that is particularly important for pro-
duction LLM systems, since none of the existing tools can
realize fine-grained, real-time, and kernel-level performance
profiling for online systems.

LLM failure diagnosis. In recent years, there have been
several studies on diagnosing failures in LLM training and
serving [48, 67]. Aegis [33] is a fault diagnosis system for
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Figure 17. Example of straggling behaviors in LLM training
caused by NVLink issues, where R denotes AllReduce.

LLM training in production, which achieves runtime fail-
ure localization by combining training-specific log analysis
with a customized collective communication library. My-
croft [32] leverages flow- and chunk-level dependencies of
NCCL to detect problematic GPUs in seconds, while Grey-
hound [67] hooks into NCCL function calls to identify slow
worker groups. SkeletonHunter [50] is a system based on
network probing to detect and localize network failures in
LLM training. Nevertheless, these systems cannot capture de-
tailed performance characteristics of GPU kernels, and thus
cannot be used to diagnose the performance bottlenecks, de-
spite the ability to localize the failure after the performance
degradation has already happened.

9 Conclusion
Training and serving large language models (LLMs) is an
important business of AI providers, while profiling LLM
systems in production for performance and resource opti-
mization is a critical yet challenging task. Existing profiling
tools are either too coarse-grained to provide actionable in-
sights, or too heavyweight to be used without significant
overhead. This paper presents LMTracer, a high-fidelity and
real-time profiling framework for production LLM systems.
It seamlessly embeds profiling logic into the LLM workloads
through graph-embedded probing, which inserts lightweight
probe kernels into the execution while mitigating the CPU-
GPU synchronizations. LMTracer has been deployed in pro-
duction for eight months, and has identified 15 performance
issues. After fixing these issues, we observed 21.2% latency
reduction and 24.5% throughput improvement. In a broader
sense, LMTracer demonstrates that always-on, fine-grained
management on modern LLM infrastructure is practical with
careful graph-level optimizations on GPU kernel executions.
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