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Abstract—With the rapid scaling of large language model
(LLMs) training clusters, troubleshooting performance issues
presents significant challenges. Silent failures, e.g., training hangs
and slowdowns, are particularly difficult to detect and locate
in a timely and accurate manner. Existing solutions primarily
focus on server-level localization but fail to pinpoint the specific
training stage, limiting effective fault diagnosis. In this paper,
we present MEGATRACE, a lightweight profiling framework
tailored for diagnosing performance anomalies in production-
scale LLM clusters. MEGATRACE includes an online profiling
tool that instruments the narrow-waist NCCL layer to collect
lightweight telemetry, capturing essential aspects of the train-
ing process with negligible overhead. MEGATRACE features an
asynchronous analyzer that constructs a runtime graph based
on the online collection results and training configurations, and
subsequently generates a trace graph for the entire training job.
By analyzing the critical path in the trace graph, MEGATRACE
can accurately pinpoint the root causes of hangs and slowdowns,
precisely identifying when and where the issue happens. We open
source MEGATRACE, and evaluate it through extensive testbed
experiments and real-world deployments. Evaluation results show
that MEGATRACE achieves 100% precision in detecting hang
issues, and improves the accuracy of identifying slowdown ranks
by 29.44% compared to state-of-the-art solutions, with only a
0.16% performance overhead, which significantly accelerates the
troubleshooting process for large-scale LLM training clusters.

Index Terms—large language models, distributed training,
fault localization, performance analysis

I. INTRODUCTION

In recent years, large language models (LLMs) such as
GPT-5 [1] and Grok-4 [2] have achieved remarkable success
across a wide range of tasks, including text generation, ma-
chine translation, and autonomous driving. These models are
typically trained over several months on large-scale computing
clusters comprising tens to hundreds of thousands of GPUs.
Such clusters typically employ NVIDIA GPUs interconnected
via high-performance networking technologies like InfiniBand
(IB) [3] or RoCEv2 [4] to support Remote Direct Memory
Access (RDMA). In these large-scale distributed training sys-
tems, the failure of any individual component can degrade
performance, halt an ongoing task, or even disrupt the entire
training process. However, the failure rate scales with the
system size, as evidenced by fault statistics reported during
the training of models such as Llama 3.1 [5] and OPT [6].

When failures occur, the primary remediation step involves
identifying the faulty node and removing it from the re-
source pool. However, driven by the imperative to maximize

resource utilization, recovery strategies must extend beyond
merely replacing faulty nodes and restarting tasks. Effective
recovery requires enhanced observability to pinpoint the exact
training stage where the failure occurred, thereby enabling
differentiated and more efficient recovery strategies. Therefore,
comprehensive monitoring and fine-grained tracing of the
cluster infrastructure have become essential.

As an end-to-end LLM infrastructure provider, Infrawaves
has sustained large-scale deployments across multiple data
centers, with a cumulative delivery of tens of thousands of
GPUs over the past three years. Based on our investigations,
cluster issues can be broadly categorized into three types:
hang, slowdown, and fail-stop. Fail-stop issues, caused by
distinct software or hardware faults (e.g., GPU memory er-
rors [7], ECC errors, or driver bugs), are generally easier to
isolate. These anomalies typically trigger specific framework-
level or system-level error logs, facilitating the quick iden-
tification of the affected host or GPU. In contrast, relying
solely on system logs is ineffective for diagnosing non-fail-
stop anomalies (i.e., hangs and slowdowns), as these silent
failures often leave no explicit signatures in logs. When such
issues arise, practitioners typically resort to manual analysis
tools or raw trace inspection. Unfortunately, this approach is
time-consuming even with automated scripts and necessitates
stopping the training task. Furthermore, conventional profiling
tools like PyTorch Profiler [8] and Nsight [9] incur high
runtime overhead, rendering them impractical for continuous,
always-on monitoring in production environments.

Recent studies have explored failure localization in depth.
JIT [10] proposes a watchdog-based approach to identify
hanging, and Minder [11] detects anomalies by analyzing
system metrics and training feature models. Other works [12]–
[14] exploit the mathematical characteristics of NCCL calls to
detect and localize anomalies. MegaScale [15] and its follow-
up study [16] use intrusive statistics from CUDA events and
simulation to analyze expected execution times for slowdown
detection. While these approaches actively collect signals
to exploit training regularity, they primarily answer when a
failure occurs and which server experiences the anomaly. They
often overlook the training stage (i.e., the specific phase of
computation or communication) at which the task fails, a
context that is critical for optimizing subsequent recovery.

In this paper, we present MEGATRACE, a system designed
to accurately troubleshoot performance anomalies in LLM
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Fig. 1: Overview of MEGATRACE system.

training by analyzing computation and communication char-
acteristics. MEGATRACE targets three key design goals. First,
MEGATRACE must accurately and promptly identify the faulty
rank and the specific execution stage where the issue arises.
Second, to address runtime anomalies, MEGATRACE must op-
erate online, capturing critical context the moment an anomaly
occurs. Finally, MEGATRACE must be lightweight, introducing
negligible overhead during training process.

As shown in Figure 1, MEGATRACE monitors the training
process by dividing it into computation and communication
components. Collective communication serves as the nar-
row waist of parallel training, directly reflecting the sta-
tus of both components. In particular, MEGATRACE inter-
cepts the NCCL communication APIs (e.g., Broadcast,
AllReduce, AllGather, etc.) to capture the computation
status, and monitors Work Request (WR) during data trans-
mission to evaluate communication rate and status. Lever-
aging time-based tracing principles, MEGATRACE constructs
a dependency graph for the training flow, identifies critical
paths [17], and detects performance degradation along these
paths to achieve precise localization.

We have implemented a prototype system, deployed it
at the Shanghai Innovation Institute, and open-sourced the
code [18]. Extensive experiments on real testbeds demonstrate
that MEGATRACE achieves 100% precision in detecting hang
issues with sub-second granularity. For slowdown identifica-
tion, MEGATRACE improves accuracy by 29.44% compared
to state-of-the-art solutions, covering 100% of the detec-
tion scenarios. Moreover, MEGATRACE provides interpretable
output conclusions, effectively answering the critical when,
where and which stage questions. The profiling overhead is
merely 0.16%, ensuring negligible impact on the training tasks.
We have also deployed MEGATRACE across two production
clusters from Infrawaves, where it has processed tens of
thousands of runs, enabling real-time detection and aiding in
the diagnosis of complex performance issues.

II. BACKGROUND AND MOTIVATION

A. Distributed LLM Training

LLMs are characterized by their massive model parameter
scales and vast datasets, typically requiring thousands of GPUs
working in concert to complete pretraining or fine-tuning tasks.
To support efficient LLM training, mainstream frameworks
such as Megatron-LM [19] and DeepSpeed [20] commonly

employ various hybrid parallel strategies to coordinate GPU
resources.

Data Parallelism (DP) distributes training data across
GPUs, each maintaining a complete model replica and syn-
chronizes gradients via AllReduce. While DP is simple
to implement, it incurs high communication overhead and
is constrained by GPU memory for model replicas. Tensor
Parallelism (TP) splits tensors across GPUs, reducing memory
usage and improving operation efficiency. However, it involves
significant communication overhead exchanging partial results,
and is usually set within a GPU server to fully utilize the high-
speed NVLink bandwidth. Pipeline Parallelism (PP) divides
models into sequential stages assigned to different GPUs,
enabling training of larger models through carefully balanced
workload partitioning across stages. However, pipeline bub-
bles can degrade efficiency, requiring careful computation-
communication overlap to maximize hardware utilization.

By combining these parallelism strategies, training work-
loads are efficiently distributed across GPU clusters. Tokens
are grouped into batches and processed in parallel, allowing
LLMs to effectively learn from massive datasets. This hybrid
approach is essential for achieving scalability and computa-
tional efficiency in modern LLM training.

B. Types of Failures in LLM Training

Production-scale LLM training is susceptible to diverse
failures stemming from infrastructure and software stacks [21].
Since static misconfigurations are typically resolved during
initialization, prolonged training sessions primarily suffer from
runtime anomalies. We categorize these anomalies into three
modes: fail-stop, slowdown, and hang.

Fail-stop errors (e.g., GPU ECC errors, XID issues [22])
are relatively straightforward to handle, as they trigger explicit
exceptions that terminate the process, allowing for immediate
identification of the faulty node via stack traces. In contrast,
slowdowns and hangs are insidious: they degrade performance
or freeze progress without generating explicit framework logs,
making fault localization notoriously difficult.

To maximize cluster efficiency, the operational goal is to
minimize Mean Time To Recovery (MTTR) by rapidly isolat-
ing the faulty node for replacement, deferring deep-dive anal-
ysis to asynchronous diagnosis. An incident involving 4,096
GPUs from our production cluster illustrates this challenge:
training throughput dropped from 404 to 330 TFLOPs due to a
transient software slowdown on a single GPU. Lacking precise
localization tools, operators have to spend several hours on
manual bisection to isolate the culprit.

C. Existing Work Falls Short

To identify such anomalies, existing solutions have incorpo-
rated certain relevant designs, yet they continue to suffer from
limitations across several critical dimensions.
Inability to run continuously over long periods. General
traditional tools, such as Nsight [9] or Torch Profiling [8],
have relatively high overhead and are unsuitable for prolonged,
continuous use during training. These tools often involve



tracking and logging many low-level details about GPU opera-
tions, memory usage, kernel launches, data transfers, and other
system-level information, which introduces high overhead to
gather and store performance data. Besides, non-negligible
resources like memory, processing power, and bandwidth are
used to capture performance metrics, which results in less
available memory and bandwidth for the model’s operations,
increasing the overall training time. In industrial settings, these
tools are typically employed during debugging or only in the
first few iterations of training to monitor whether the initial
steps of the process are proceeding correctly. They are useful
for assessing the start-up conditions of a training session but
are not designed for long-term, ongoing monitoring.
Timeliness and accuracy in determining when, which
server and which stage. For hang detection, JIT [10] em-
ploys a watchdog to monitor the completion status of the
cudaStreamWaitEvent event list, and reports a hang if
an event on a node fails to complete within the expected
time. However, this method cannot directly identify the exact
location or phase of the hang, providing only coarse-grained
detection results. MegaScale [15], [16] introduces additional
program instrumentation into the training framework to track
execution time and visualize performance bottlenecks using
a heatmap, thereby identifying slower ranks. Although this
method can reveal performance disparities, it cannot accurately
pinpoint the problematic rank. The follow-up work, What-
if [16], demonstrates that this approach can detect general
performance differences and, through manual in-depth analysis
of the training framework, uncover some common critical
issues. However, as an automated tool for problem detection
and localization, the What-if analysis and simulation-based
adjustment methods cannot timely identify the faulty node
or the specific training stage at which the issue occurs.
Greyhound [14], Aegis [12], and Holmes [13] recognize
the “boundary” role of collective communication libraries
in training log collection, and make simple judgments of
training failures and slowdowns by counting the number and
frequency of API calls. However, Greyhound merely uses
these features for anomaly detection, with verification still
relying on unit tests, which limits its timeliness. Aegis and
Holmes employ mathematical characteristics and search-based
methods to identify abnormal nodes, but remain weak in
analyzing failure information at the training stage.

In summary, there is an urgent need for a tool that can
continuously run alongside large-scale training without caus-
ing any performance degradation, while accurately and timely
detecting and pinpointing the location and phase of hangs and
slowdowns. This tool should be able to operate seamlessly
over the entire training process, providing comprehensive
monitoring and diagnosis for the training system.

D. Challenges and Observations

While achieving lightweight, effective, and precise problem
localization presents certain difficulties, a thorough analysis
of LLM training process reveals numerous characteristics that
provide valuable insights to resolve these challenges.

Challenge 1: Low overhead and high effectiveness. Existing
hardware logs and training logs are insufficient for monitoring
and analyzing training performance. To effectively identify the
root causes of slowdowns and hangs, it is necessary to insert
program instrumentation at appropriate locations within the
training framework, thereby creating an effective profiling tool
to collect key performance metrics during training. Because
hangs and slowdowns often occur randomly during training,
the profiling method must run online alongside training to cap-
ture abnormal states while remaining lightweight and imposing
minimal overhead.
Key Insight 1. In each LLM training iteration, each rank
follows the predefined schedule and repeats the execution
accordingly, making the timing for each batch’s forward or
backward pass deterministic and periodic. Therefore, based
on the training configuration, we can derive a computational
graph for the entire training process. This schedule, combined
with key points from each iteration, enables rapid identification
of the precise location where issues arise.

Furthermore, LLM training typically employs collective
communication libraries like NCCL as the backend for com-
munication. Collective communication represents the narrow
waist of computation, as each successful invocation of a
collective communication operation indicates the completion
of a computational phase. By monitoring the calls to NCCL
APIs, we can obtain both the finished time and the status of
the computation. Similarly, communication transmission also
exhibits a narrow waist: in the transmission, each data dispatch
triggers an increment in the associated RDMA verbs counter,
and the counter decreases once the transmission task is com-
plete. By analyzing the changes in these counters, we can
assess the health of the communication process. Through the
identification of the two narrow waist points mentioned above,
we can minimize overhead while effectively pinpointing issues
in both computation and communication.

This strategy optimally balances visibility and overhead.
Existing framework-level methods (e.g., cudaEvent) often miss
physical network behaviors, whereas kernel-level profiling
(e.g., CUPTI [23]) suffers from prohibitive data volume. In
contrast, the collective communication layer yields the highest
information-to-overhead ratio. By profiling this logical narrow
waist, we capture both computation boundaries and physical
transmission status, enabling precise, low-cost diagnosis.
Challenge 2: Rapid and accurate node and stage iden-
tification under complex dependencies. Low overhead and
effectiveness ensure that the tool can collect relevant infor-
mation online, but accurately determining the affected node
and the execution stage under complex inter-dependencies
between distributed computation and communication remains
a major challenge. For instance, a slowdown in communication
may cause the computation of one rank to lag behind other
ranks within the same group, subsequently delaying the entire
group’s progress. This delay can propagate to dependent
nodes, creating a cascading effect across the cluster. Conse-
quently, rapid and precise identification of the root cause in
such scenarios is extremely difficult.
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Key Insight 2. Precise localization of faulty nodes and stages
requires decoupling the intricate dependencies between dis-
tributed ranks. For communication, analyzing the transmission
rate allows us to determine whether the issue originates from
data transfer and to pinpoint the specific communication
primitive where the problem occurs. For computation, we
observe that different parallel groups perform communication
API calls on different streams as shown in Figure 2, each with
its own unique characteristics and timing. For example, the
TP group typically employs AllReduce, AllGather and
ReduceScatter communication, while the PP group uses
paired Send and Recv calls. DP communication occurs at the
end of each iteration, using AllGather&ReduceScatter
(with distributed optimizer). By leveraging these characteris-
tics, we can map each stage of the training process to the
constructed trace tree, enabling fine-grained localization of the
problematic stage.

In summary, by utilizing the inherent regularities and char-
acteristics of training, we can decouple computation and com-
munication. This allows for more efficient problem analysis
and timely localization of issues within the training process.

III. MEGATRACE DESIGN

A. MEGATRACE Overview

MEGATRACE is a lightweight fault detection and precise
localization system for LLM training, which operates during
routine LLM model training, enabling real-time monitor-
ing and analysis of training performance. It is designed to
promptly detect performance anomalies, such as slowdowns
or training hangs, and to identify the nodes and execution
stages responsible for these issues. MEGATRACE requires no
modifications to the training framework and introduces only
negligible analysis and monitoring overhead.

Figure 3 illustrates the framework of MEGATRACE. It
consists of two primary components: online profiling and
asynchronous analysis. The online profiling module captures
performance telemetry in real-time during training. It is further
divided into two submodules: API interception and WR mea-
surement. The API interception module captures and logs API
calls, while the WR measurement module tracks the issuing
and completion counts of WR operations. The asynchronous
analysis module uses a critical path [17] analysis approach to

construct a trace tree from the collected training data. This
enables a detailed performance analysis of each iteration.

At initialization, MEGATRACE reads the training parameters
for the entire model, including model architecture, partitioning
details, and optimization settings relevant to training perfor-
mance. These parameters are used to build the training pattern.
During execution, the profiling modules continuously gather
information on API calls and data transmission. Concurrently,
the asynchronous analysis module consumes these telemetry
logs on-the-fly to trace the performance of computation and
communication, identifying critical paths and anomalies. This
design enables both lightweight operation and precise fault
localization, offering a viable solution to troubleshoot large-
scale LLM training clusters.

B. Online profiling

1) API interception: LLM training deterministically re-
peats the computation and communication processes in the
same pattern. Each rank executes the forward and backward
computations for all batches according to the 1-Forward-1-
Backward (1F1B) rule. Once the matrix computation of a rank
is completed, communication operations are required at differ-
ent stages. Based on the characteristics of the communication
operations, we classify them into two types.
Synchronous communication. Figure 2 shows the TP stream
where AllReduce is the main communication method. After
the ranks within the same TP group complete their tensor
matrix computation, they invoke the AllReduce operation
for data reduction. If one rank computes slowly, the other
ranks in the same TP group must wait for it to complete
the AllReduce communication. Therefore, AllReduce
not only serves as a collective communication primitive to
synchronize data across TP groups, but also acts as a barrier.
By comparing the start times of the AllReduce calls, we can
observe the completion status of the computations across dif-
ferent ranks. Similarly, AllGather and ReduceScatter
exhibit similar characteristics.
Pipeline communication. Figure 2 illustrates the Send and
Recv operations within the PP stream. Except for the first and
last PPs, each batch’s computation requires a recv operation
to receive data from the previous rank before execution,
followed by a send operation to transmit the results to the
next rank after computation. If any rank fails to invoke the
send or recv operation due to an anomaly, it will inevitably
affect the execution of subsequent processes.

Consequently, the timing of communication calls serves as
a robust indicator for the computational state. In Megatron-
LM [19], there are only six types of collective communication
calls, as shown in Figure 1, making collective communication
the narrow waist of LLM training. By intercepting and ana-
lyzing the timing of these collective communication calls, we
can log the type and time of each call and infer the execution
state of the computations. By processing the log output with
an additional CPU thread, we can achieve near-zero overhead
for API interception.
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2) WR measurement: RDMA serves as the backbone
of collective communication. Regardless of the upper-level
topology (e.g., Ring, Tree) or the API (e.g., AllReduce), all
data transmissions converge to RDMA Work Requests (WRs).
Thus, WRs constitute the narrow waist of communication,
offering a unified vantage point for profiling. To this end, we
implement lightweight telemetry directly within the RDMA
verbs interface. By tracking the WR lifecycle, we estimate
network saturation and throughput with microsecond granu-
larity via the following two mechanisms.
In-flight WR tracking. To monitor RNIC load, we maintain
an atomic counter, Cinflight. We hook ibv_post_send to
increment Cinflight upon WR issuance, and ibv_poll_cq
to decrement it upon completion, as shown in Figure 4.
A sustained high Cinflight with zero throughput signals a
network hang, while heavy fluctuations suggest congestion.
Sliding window throughput estimation. Since posted WRs
may queue in the RNIC, simple event counting fails to capture
effective bandwidth. We employ a sliding window (default
w = 64) to record cumulative transmitted bytes S and
timestamps t of completed WRs. The instantaneous throughput
BWest is derived as the gradient over the window:

BWest =
Si − Si−w

ti − ti−w
(1)

This approach smoothes out jitter inherent in the data trans-
mission process, yielding high-precision measurement with
negligible CPU overhead.

C. Asynchronous Analysis

Trace model. Given the telemetry from online profiling, our
goal is to precisely pinpoint root causes. For communication,
WR measurements directly reveal bandwidth saturation, allow-
ing straightforward verification against performance targets.
In contrast, diagnosing computation is more intricate due to
complex inter-rank dependencies.

PP schedule orchestrates the continuous execution flow of
the iteration, whereas DP acts as a synchronization barrier
at the iteration boundary. Consequently, we construct the
global execution skeleton primarily based on the PP schedule.
Crucially, pipeline bubbles introduce slack time that masks
non-critical delays, as shown in Figure 6. Thus, relying solely
on execution time yields false positives.

MEGATRACE deterministically reconstructs the expected
Directed Acyclic Graph (DAG) of dependencies for each itera-
tion, which represents the forward and backward computation
dependencies for each batch. We formulate anomaly detection
as a critical path problem on this DAG. In G(V,E), vertices V
represent Forward/Backward computation blocks, and edges
E denote dependencies. The duration Ti of each batch can
be approximately determined by the interval between the first
call to AllReduce (except the first layer’s computation time
in this method), and the last call to AllReduce. We apply
the critical path algorithm to identify the sequence of tasks
dictating end-to-end latency, thereby filtering out noise from
non-critical bubbles.

Execution times of nodes on the critical path are verified
against historical expectations. Specifically, a running average
is maintained, excluding initial iterations to filter out warm-
up jitter. The average accumulates updates when deviations
are within α (e.g., 5%), while deviations exceeding β (e.g.,
50%) flag the node as anomalous.
Algorithm scalability optimization. To enable rapid identifi-
cation of problematic graph nodes and allow timely analysis in
large-scale training clusters, we design the following measures
to reduce overhead.

First, each node performs preprocessing on the collected
data by marking its own rank’s API calls according to the
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Algorithm 1: Hang Detection Algorithm
// Worker Thread

1 Retrieve data: Di from online profiling;
2 Reset timer Ti;
3 if Ti > n · Tbatch then
4 Notify management thread;
5 end
// Management Thread

6 if WR Measurement reports anomaly: Anet then
7 Generate graph: G(V,E), where V is the set of nodes,

E is the set of edges;
8 end
9 for each group g ∈ G do

10 rmin = argminr (completed batches(r));
11 Determine dependencies: Dr ← dependency(r);
12 Identify hang: H = argminr∈g (time diff(r));
13 end

training schedule and categorizing them based on the corre-
sponding communication calls of TP, PP, and DP groups. Each
machine independently monitors its network bandwidth and
connectivity, reporting any anomalies to the master process
on the CPU server for further analysis. This distributed pre-
processing significantly reduces the log processing overhead
on the master process.

Second, we leverage the synchronization characteristics of
DP to prune the analysis scope. Since DP requires global gra-
dient synchronization, the end-to-end iteration time is dictated
by the slowest model replica (i.e., the straggler PP group).
Therefore, we only need to construct the trace graph for
the specific PP group that exhibits the longest computation
time, rather than for the entire cluster. In large-scale training,
scaling mainly relies on expanding DP size. For example, in
the LLaMA 405B model training, while the PP dimension
might only involve 16 ranks, there can be 128 DP groups.
By focusing on the single straggler PP group that exceeds
the slowdown threshold, we reduce the graph generation
complexity by orders of magnitude.
Locate hang issue. The diagnosis process consists of three
steps: detection, validation, and localization (Algorithm 1).
1) Detection via Timeout. The asynchronous analyzer monitors
the heartbeat of the training process. It maintains an expected
execution time (Texpected) for each batch. If no telemetry data
is received for a duration t > n × Texpected (e.g., n = 2),
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the system flags a potential hang and triggers the diagnosis
workflow.
2) Validation via Active Probing. To distinguish network faults
from other issues, we trigger active probing by issuing zero-
payload WRs. In a healthy network, these probes complete
quickly. If the software stack hangs, no new WRs are posted.
Conversely, if the physical network is disconnected, posted
WRs accumulate in the NIC buffer but fail to complete. There-
fore, if the WR count accumulates monotonically without
decreasing, it confirms a physical network fault. Any faulty
paths identified are reported to the manager.
3) Localization of Rank and Stage. Upon a hang, the manager
constructs a partial graph based on the available logs.We
traverse the graph to identify the halt point, the first node
with missing completion signals. This node directly reveals
the faulty stage:

• Network Stage: If the halt point aligns with a reported
network fault, the issue is pinpointed to the specific
communication primitive (e.g., AllReduce) and the
physical link.

• Computation Stage: If no network fault is reported,
missing API calls indicate that the preceding computation
kernel (e.g., MatMul in the backward pass) failed to
complete, identifying both the faulty rank and the specific
execution stage.

Locate slowdown issue. Slowdown detection (Algorithm 2)
is triggered upon log consolidation for each iteration. Con-
currently, WR telemetry acts as a pre-check: a bandwidth
drop exceeding threshold m (e.g., 20%) immediately flags a
potential network bottleneck, prioritizing network diagnosis.

In the absence of network saturation, the analyzer targets
the straggler PP group (i.e., the one determining iteration
latency). By overlaying the critical path on the trace graph,
we identify anomalous nodes whose deviations exceed histor-
ical expectations, effectively filtering out delays masked by
pipeline bubbles. Since each graph node maps to a specific
training stage (e.g., a computation block or communication
collective), this mapping enables precise stage localization.

We perform a drill-down analysis on the identified anoma-
lous node:

• Rank Localization: By comparing timestamped synchro-
nization calls within the collective group (TP or DP), the
specific rank causing the barrier wait is pinpointed.

• Stage Identification: The metadata of the straggler
node reveals the exact faulty stage (e.g., a degraded



Algorithm 2: Slow Node Detection Algorithm
// Worker Thread

1 Retrieve data from online profiling: Di for iteration i;
2 Update expected batch time:;
3 if i = 2 then
4 Set Texpect = D2 // Second iteration time as

init expected
5 end
6 else if i ≥ 3 then
7 if |Di − Texpect| < a · Texpect then
8 Update Texpect = Di;
9 end

10 end
11 Notify manager thread after each iteration;

// Manager Thread
12 Wait until all workers notify;
13 if WR measurement reports low link performance:

Plink < Tthreshold then
14 Network issue detected: Report slow link and end;
15 end
16 else
17 for each pp group g ∈ G do
18 g: Tg =

∑
r∈g Tr;

19 if Tg < Tmean · (1−m) then
20 continue
21 end
22 g:Gtrace(V,E);
23 find critical path;
24 for each node v ∈ Critical Path do
25 if Tv > Texpect · (1 +m) then
26 Identify slowest rank in TPv:

rmax = arg max
r∈TPv

(AllReduce time(r))

Report slow node v and slow rank rmax;
27 end
28 end
29 end
30 end

AllReduce kernel or a slow FlashAttention com-
putation).

We visualize this filtering mechanism in Figure 6. While
nodes S1 through S6 exhibit local degradation, critical path
analysis reveals that delays in S1, S2, and S4 are absorbed by
pipeline bubbles. Consequently, only S3, S5, and S6 contribute
to the end-to-end slowdown. Further drilling into node S5 (a
TP group), Figure 5 shows that identifying the straggler in the
AllReduce operation isolates the root cause to a specific
rank and confirms the slowdown occurred during the gradient
synchronization stage.

IV. IMPLEMENTATION

We implemented the core system using C++. Our instrumen-
tation methodology is designed to support mainstream NCCL
versions currently in production, ensuring broad applicability
across different cluster environments. The implementation
comprises approximately 1,000 lines of code for API inter-
ception and WR measurement, and an additional 1,500 lines
for the Trace Analyzer, which is responsible for log analysis,

TABLE I: Training Parameter for a typical LLM training task.

Description Symbol Parameter Value

Transformer Layers L 48
Attention Heads H 48
Sequence Length S 2048

Hidden Dimension size h 21504
Global Batch size per DP B 8

micro-batch size b 1
Tensor Parallel size T 2

Pipeline Parallel size P 4
Data Parallel size D 4

trace tree generation, and anomaly monitoring. All source code
is publicly available [18].
Online profiling. By instrumenting standard NCCL commu-
nication primitives, we capture critical metadata upon invoca-
tion, including API type, timestamp, payload size, and stream
ID. We minimize intrusiveness by embedding a lightweight
asynchronous logging mechanism directly into the relevant
interfaces. To monitor network throughput, we track invoca-
tions of ib_send and ib_test during WR submission and
completion. Given the dynamic nature of these values, we
employ a sliding window of size 50 to accurately estimate
bandwidth usage. To accommodate the temporal regularity
of LLM training while filtering out transient noise, we em-
ploy adaptive thresholds. Specifically, we configure a timeout
guardband (defaulting to 500ms) and a relative degradation
threshold (defaulting to 20%) to identify WR anomalies, trig-
gering alerts only when these specific thresholds are breached.
Asynchronous analysis. To strictly limit overhead on the
critical training path, we design the trace analysis module to
operate asynchronously. We first load the Training framework
configurations (see Table I) to initialize the trace tree.

A dedicated worker thread is assigned to each rank to
process log data concurrently with the training. These work-
ers aggregate TP, PP, and DP metrics for each rank. Upon
completing data aggregation for an iteration or detecting a
potential anomaly, the worker thread signals the Manager
thread. The Manager thread performs a rapid backup of the
data buffer to offload graph generation and logic verification
to a separate processing thread. Regarding the detection logic,
we instantiate the timeout threshold as n = 100% and the
slowdown sensitivity as m = 50% relative to the expected
iteration time. Since these thresholds are ratio-based rather
than absolute values, the system naturally generalizes across
different model sizes and parameter settings without requiring
manual tuning for each new task.

V. EVALUATION

In this section, we evaluate MEGATRACE to answer the
following questions:

• How effective is MEGATRACE in troubleshooting hang
and slowdown issues (§V-B)?

• What advantages does the design of MEGATRACE have
compared to other approaches (§V-C)?

• How does MEGATRACE perform in real-world environ-
ments (§V-D)?
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A. Experimental Setup

Our hardware testbed consists of 256 Supermicro GPU
servers. Each server is equipped with 8 NVIDIA Hop-
per GPUs, 8 NVIDIA Mellanox ConnectX-7 SmartNICs
(400GbE), 2 AMD EPYC 9575F 64-Core CPUs, and 2048GB
of RAM, running Ubuntu 22.04 and GPU Driver 560.35.05.
The servers are connected to a leaf-spine network using a
multi-path setup. One H3C UniServer R4900 G5 CPU server
is used to deploy MEGATRACE asynchronous analyzer. For the
workload, we use Megatron-LM mcorev0.7 as the framework.

We emulate faults occurring at randomly chosen positions
during training, including the emulation of hangs with infinite
delays and slowdowns by adding additional computation bur-
den. The emulated positions include three specific execution
stages: forward computation (e.g., Attention, MLP), back-
ward computation, and data transmission (e.g., AllReduce,
Send/Recv) phases, ensuring that the evaluation spans the
complex dependencies of the entire training graph. In our
test model, a single forward computation takes approximately
40ms, so we inject random delays ranging from 50ms to 30s
to simulate slowdowns.

We evaluate detection accuracy using standard binary clas-
sification metrics: Precision, Recall, and F1-Score. For the
slowdown problem, we use the performance degradation of the
training iterations as the ground truth to identify slowdowns.
Recall and precision are then used to compare the detection
effectiveness of different methods for both hang and slowdown
issues, where Recall = TruePositive

TruePositive+FalseNegative , Precision
= TruePositive

TruePositive+FalsePositive , and Accuracy =
TruePositive+TrueNegative

TruePositive+TrueNegative+FalsePositive+FalseNegative .
As discussed in §II, numerous studies have addressed fault

localization for large-scale model training. For our evalua-
tion, we focus on approaches [11]–[13], [15], [16] that have
been deployed in real-world large-scale environments and
provide a detailed comparison of their accuracy and timeliness.
Among them, the What-if [14] presents a further analysis
of the heatmap method in MegaScale. Since Aegis [12]
and Holmes [13] employ similar methodologies with Holmes
providing a more refined implementation, we did not explicitly
compare these two works.

B. Overall Effectiveness

Hang and Slowdown detection. For hang localization, as
shown in Figure 7, MEGATRACE attains an F1-score of
1.00, achieving complete detection of all hang occurrences.

Since JIT and C4 are specifically tailored to computation
and communication issues respectively, they exhibit limited
recall while maintaining 100% precision within their targeted
domains, yielding F1-scores of 0.80 and 0.49. Alternative
methods such as MegaScale lack hang detection capability
and consequently obtain an F1-score of zero. For slowdown
localization, we employ a critical path algorithm for trace
graph analysis. Owing to computational bubbles, only nodes
located on the critical path influence training performance.
Thus, accurate identification of slow nodes along this path is
essential for high localization precision. As illustrated in Fig-
ure 7, MEGATRACE achieves an F1-score of 0.95 in slowdown
detection, surpassing state-of-the-art baselines: Holmes(0.93),
Minder(0.89), and MegaScale(0.84).

Crucially, the evaluation results demonstrate that MEGA-
TRACE goes beyond merely isolating the faulty node. It con-
currently and accurately outputs the specific execution stage of
the anomaly. In all detected hang and slowdown cases reported
above, we observe that MEGATRACE correctly pinpoints
the exact phase where the failure occurred—distinguishing,
for instance, between a stalled AllReduce and a delayed
MatMul . This stage-level visibility enables precise fault
attribution: communication failures point to network issues,
while computation anomalies isolate GPU hardware or kernel
faults. Unlike server-level baselines, this granularity provides
immediate, actionable insights for diagnosis.
Analysis of responsiveness. In terms of responsiveness,
MEGATRACE records expected execution times, enabling it to
promptly identify which server has encountered a hang when
the actual execution exceeds the anticipated duration. It subse-
quently correlates this information with training phase data to
pinpoint the exact stage where the hang occurred. This entire
process is completed within seconds. For communication-
related issues, MEGATRACE leverages real-time network band-
width monitoring to accurately localize network anomalies.
Regarding computational slowdowns, analysis is triggered
at the end of an iteration. MEGATRACE first identifies the
slowest PP group, then locates the longest-running forward
or backward operation within that group. Finally, it pinpoints
the slowest node within the corresponding TP group. This
hierarchical approach significantly narrows the analysis scope,
allowing the localization of slow nodes within the time frame
of a single iteration plus the analysis overhead. We benchmark
the full analysis as a baseline method against the optimized
approach that analyzes only the slowest groups, simulating
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overhead times from 64 ranks training (TP2&PP4) up to 4096
ranks training, with results shown in Figure 8. The results
show a significant difference in processing time between the
two methods, demonstrating that this optimization effectively
reduces the time overhead of the analysis algorithm in large-
scale training scenarios.
Online profile and asynchronous analysis overhead. To
compare the training overhead in real-world large-scale scenar-
ios, we conduct a comparison of system performance with and
without MEGATRACE in a 2048 GPUs training task. As shown
in Figure 10, we can observe that MEGATRACE imposes 0.16%
overhead on the training process. The training performance
with MEGATRACE enabled is similar when it is disabled,
with almost identical performance distribution in Cumulative
Distribution Function (CDF). After enabling MEGATRACE, the
sustained iterative performance experiences only a marginal
degradation of 0.16%. We also monitor CPU and memory
usage during the training process. As shown in Figure 11,
we can see that the CPU and memory usage on the GPU
server remained very stable during training, with no significant
spikes. MEGATRACE’s analysis program is deployed on a CPU
server. To evaluate the overhead of the analysis program, we
also monitor the CPU and memory usage of this machine. As
shown in Figure 11, we can see that the asynchronous module
utilizes approximately 8% of the CPU resources and 4.4% of
the memory resources.

C. Efficiency Explained

Profile efficiency. The design of the two narrow waist phases
ensures that the collected data primarily reflects the most crit-
ical timing information of the system. As shown in Figure 9,
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Fig. 12: Simulating slowdown time at different locations.

compared to traditional analysis tools such as PyTorch profil-
ing, MEGATRACE reduces the granularity of kernel-level infor-
mation, significantly lowering system overhead. Megatron-LM
can enable data collection such as --log-straggler to identify
slowdowns that consistently occur on a single machine. how-
ever, the overhead remains significant due to data collection
and barrier synchronization. NCCL’s logging feature has low
overhead, but the information it provides is limited, requiring
additional optimization and analysis methods to extract more
useful insights. MEGATRACE leverages the two narrow waist
of computation and communication, ensuring both the effec-
tiveness and minimality of the collected data. MEGATRACE
implements an asynchronous ring buffer to ensure that data
collection does not affect training. To conclude, compared to
these approaches, MEGATRACE achieves lower overhead and
higher accuracy in log instrumentation.
Validity of the critical path. We mutate slowdowns of varying
durations at different positions in the training process, with
results shown in Figure 12. The figure illustrates that due
to the existence of bubbles, the tolerance for slowdowns
varies at different positions during training. At some positions
(e.g., location 1), even if a slowdown occurs promptly, it
does not affect the overall training performance. However, at
other positions (e.g., location 2), any performance degradation
immediately leads to a decline in training performance for
that iteration. MEGATRACE employs critical path analysis to
pinpoint nodes that effectively impact training throughput.
Mapping latency to execution stages enables MEGATRACE
to filter out “false alarms” absorbed by pipeline bubbles. In
contrast to MegaScale’s [15] reliance on fixed thresholds,
which risks excessive misses or false positives, MEGATRACE
dynamically adjusts its criteria based on critical path perfor-
mance, ensuring accurate detection under varying conditions.
Parameter settings in MEGATRACE. To illustrate the rela-
tionship between the judgment threshold, performance degra-
dation, and MEGATRACE ’s effectiveness, we scan different
threshold values and calculate the recall and precision for
slowdown detection under each condition. Based on the results
shown in Figure 13, a comprehensive analysis suggests that to
improve both recall and precision, the criterion for identifying
slowdown should first be set below 90% of the average
performance to avoid triggering detections due to minor jitters,
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which may arise from normal system fluctuations. Regarding
the slowdown threshold, setting it too high results in fewer
detections, negatively impacting recall, while setting it too low
decreases precision and increases false positives. Therefore,
the optimal performance for slowdown detection is achieved
when the threshold is set within a time increase range of
50% to 100%. If the performance threshold is set above the
average performance, the recall rate will drop sharply because
the criterion for identifying slowdowns becomes too strict —
minor jitters are then classified as slowdowns, even though
such fluctuations may stem from normal system variability.
Therefore, for effective detection, the performance threshold
should be set below 90% of the average performance.

D. Case study

We have also deployed MEGATRACE across two real-world
LLM training clusters from Infrawaves, and helped diagnose
several complex performance problems.
Case 1: Cluster training hang issue. In November 2024,
during a 3840-GPU training task, we encountered intermittent
training hangs, with durations ranging from 30 minutes to 8
hours, followed by machine restarts. Through MEGATRACE’s
localization and analysis, we identified that the issue was
caused by the absence of the corresponding Recv operation
on GPU2 of one node, which occurred during the forward
pass of the third batch. Upon isolating the faulty node and
resuming training, the instability was eliminated.

We conducted several hours of single-node stress testing and
detected an XID 109 error, which had not appeared during
the 3840-GPU training. This confirmed that the node had a
hardware fault, which was responsible for the issue. In large-
scale training scenarios, conducting several hours of testing on
all GPUs is impractical. However, by using MEGATRACE, we
were able to quickly pinpoint the root cause of the hang.
Case 2: Insufficient CPU Allocation on Single Machine.
Another issue occurred in a Docker testing environment. We
had a 256-GPU training job that was under performing, with
the iteration execution time being much longer than expected.
From the results of using PyTorch profiling, the majority of
the time overhead was attributed to communication. After
deploying MEGATRACE to the environment, we found that
the critical path of each iteration always passed through a
particular GPU server, node24. Upon inspecting node24, we
discovered that only 8 CPU cores were allocated when the

Docker container was created, while other machines had 192
CPU cores. This resulted in poor training performance on
node24, which was due to a deployment error.

VI. DISCUSSION

Analyzing multiple anomalies with MEGATRACE. The basic
criterion for MEGATRACE to identify training anomalies is by
analyzing the generated trace graph. It determines the location
of the abnormal points through a comprehensive analysis of
API call relationships and network status monitoring. For
slowdown issues, MEGATRACE can identify the nodes that
truly impact training performance using the critical path anal-
ysis approach. Therefore, it can detect multiple slow nodes
that lie along the critical path. For hang issues, MEGATRACE
determines the first problematic node by analyzing the residual
graph during hang. Typically, when a hang issue occurs,
the program stops working at one node, so multiple nodes
simultaneously experiencing a hang is not common. If a
slowdown is mixed with a hang issue, our method can still
identify the hang and slowdown nodes, but the critical path
based on the residual graph may lead to false positives. We
leave the exploration of this issue as our future work.
Extensibility of MEGATRACE. While this paper presents
experiments based on Megatron-LM [19] framework and
RDMA networks, the design and methodology are applicable
to other LLM training frameworks (e.g., DeepSpeed [20]) and
traditional TCP networks. To adapt to these scenarios, the
scheduling and communication strategies of the frameworks
should be identified firstly, and then TCP communication
can also be leveraged as a narrow waist of computation to
analyze the system’s operation. We leave the extension of
MEGATRACE to other LLM training frameworks and TCP
networks as our future work.

VII. RELATED WORK

Besides the most relevant works discussed in the main text,
our work is also inspired by the following topics.
Early issue detection through testing. There are various
cluster testing toolsets [24]–[27] to help identify potential
issues within clusters. By testing different cases, hardware
or software issues can be discovered and localized [24],
[25], [27]. Superbench [26] adopts a more efficient testing
method to analyze the cluster’s performance under different
workloads, thereby identifying problems in pre-launch cluster
setups. However, these tools work before the training task is
launched, and when issues arise during training, these tools
usually cannot help pinpoint the cause of the anomalies.
LLM training fault tolerance. Many works [10], [28]–[33]
focus on minimizing the time overhead associated with faults
in LLM training. Bamboo [30], Oobleck [32], ReCycle [33]
and Torch Elastic [28] provide fault tolerance for training
across different dimensions, utilizing redundant computations
and nodes. CheckFreq [34], Check-N-Run [35], Gemini [29]
and DLRover [31] reduce checkpoint overhead by adjusting its
frequency or overlapping it with computation, enabling more
frequent and lower-overhead checkpointing. JIT [10], on the



other hand, uses backup data from other nodes to avoid the
need for saving checkpoints, allowing for rollback to the previ-
ous batch state after a failure. Nevertheless, all of these efforts
rely on timely and effective fault localization tools, which
cannot be satisfied by current simple timeout-based detection
mechanisms. By complementing these works with rapid and
low-overhead fault localization tools like MEGATRACE, better
fault detection and recovery can be achieved.
LLM training logging and instrumentation. MegaScale [15]
enhances system visibility by instrumenting at the framework
level. DLRover [31] uses XPU timer for fine-grained infor-
mation collection during training, capturing the entire call
stack relationship to analyze training issues. Aegis [12] uses
NCCL API logs to perform basic identification of failure and
slowdown issues. C4 [36] enhances NCCL to monitor com-
munication states at multiple layers. However, these solutions
often face challenges such as excessive instrumentation, high
performance overhead, or limited coverage, thus offering only
partial solutions to the problems.

VIII. CONCLUSION

This paper designs MEGATRACE, a lightweight profiling
system for LLM training. To address the issue of high over-
head in traditional profiling, MEGATRACE leverages unique
characteristics of the current training process, treating com-
munication calls as the narrow waist for computation, and
data transfer WRs as the narrow waist for communication.
Given the complex dependencies in distributed LLM train-
ing, MEGATRACE uses a critical path algorithm based on
the training schedule to identify the steps that truly affect
training performance, effectively pinpointing the root causes
of slowdowns and hangs. Extensive evaluation demonstrates
that MEGATRACE is timely, effective, and low-cost. It can
be easily deployed in existing training environments, assisting
in troubleshooting and improving the average computational
resource utilization in end-to-end model training.
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