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Abstract

Distributed training frameworks coordinate complex mech-
anisms such as gradient synchronization, pipeline schedul-
ing, and mixed-precision computation to train user-defined
model structures (e.g., Transformers, MoE, LoRA) across mul-
tiple GPUs and distributed workers. Even under single-host,
multi-GPU execution, interactions between training configu-
rations and model structures can activate diverse execution
paths, making distributed training frameworks particularly
error-prone. However, existing testing techniques rarely ex-
plore configuration-model interactions and therefore miss a
large space of Distributed Training Bugs (DTBs).

This paper first studies 133 real-world DTBs across four
widely used frameworks, finding that 93% require valid con-
figurations with explicit configuration-model dependencies
and 45% further need specific model structures that activate
faulty paths via implicit interactions. Such combinations are
hard to exercise due to the vast interaction space. Guided
by this study, we design CaMFuzz. CaMFuzz first builds a
Configuration Model Specification through static analysis
to extract configuration constraints, model profiles, and ex-
plicit configuration-model dependencies, generating valid
yet diverse configurations with compatible model-side re-
quirements. It then employs configuration-model interac-
tion fuzzing that generates compatible initial models via tem-
plates and iteratively mutates model structures under train
logic coverage guidance to explore implicit interactions. We
evaluate CaMFuzz on four frameworks using a single-host
server with eight GPUs. Within this experimentally validated
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setting, CaMFuzz achieves 75.5%—-90.6% higher train logic
coverage than representative baselines and detects 20 previ-
ously unknown DTBs. Inter-host networking and large-scale
cluster behavior remain outside the experimentally validated
scope of this work.
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1 Introduction

Distributed training frameworks are the core infrastructure
supporting large-scale deep learning model training. They
automatically manage computation partitioning, commu-
nication synchronization, and execution scheduling across
distributed workers, ranging from multiple GPUs within a
single host to workers deployed across multiple hosts [17,
28, 45, 46, 48]. In this work, we focus specifically on dis-
tributed training in the single-host, multi-GPU setting. In
practice, users only need to configure training strategies,
such as data parallelism, model parallelism, mixed precision,
or their combinations, to train various deep learning models
using distributed training frameworks, without manually
handling low-level communication, synchronization, and
scheduling details. As model scales and training costs con-
tinue to grow, distributed training frameworks have become
indispensable components of modern deep learning infras-
tructure [10, 27, 39, 49].

Distributed training frameworks are complex, as they are
designed to support efficient parallel training of large-scale
models. They coordinate mechanisms such as distributed
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gradient synchronization, pipeline scheduling, and mixed-
precision computation, which can introduce subtle vulner-
abilities. Once triggered, these issues often lead to severe
consequences, including crashes during training or check-
pointing, unresponsive hangs, and numerical errors or abnor-
mal gradient propagation [34]. Such failures can interrupt
training, degrade performance, or even render results invalid,
resulting in substantial losses in time and computational re-
sources for large-scale training tasks. We collectively refer
to these issues as Distributed Training Bugs (DTBs).

To understand these bugs, we first conducted a comprehen-
sive study on DTBs based on 133 real-world cases from four
widely used distributed training frameworks, including Deep-
Speed [39], Accelerate [10], ColossalAl [27], and Megatron-
LM [49]. For each case, we manually analyzed its issue re-
port and the corresponding fix to thoroughly understand
its symptom severity and triggering conditions. Our study
revealed two key insights: (1) The vast majority of DTBs
(93%) require valid training configurations to trigger, where
validity demands satisfying both intra-configuration con-
straints and explicit configuration-model dependencies (e.g.,
expert parallelism requires the model to contain MoE layers);
without such validity, training fails at initialization and the
bug-triggering execution path is never reached. (2) Beyond
validity, nearly half of DTBs (45%) further require diverse
configurations to interact with specific model structures (e.g.,
MOoE layers, LoRA adapters, pipeline architectures) through
implicit dependencies, since different configuration-model
combinations activate different training execution paths that
expose distinct bugs.

Researchers have proposed various techniques for detect-
ing DTBs. Distributed training framework testing tools like
D? [55] construct test cases for DTB detection but typically
cover only a small subset of configuration parameters and
test against fixed model types. General deep learning testing
tools such as NNSmith [33] generate diverse models through
graph-level mutations, but they target single-node frame-
works and do not exercise distributed training configurations.
However, many DTBs require coordinated interactions be-
tween specific training configurations and specific model
structures to be triggered, a scenario existing tools struggle
with due to their limited exploration of the configuration—
model interaction space. Additionally, randomly generating
configurations is ineffective, as constraints within configura-
tions and dependencies between configurations and models
cause many generated configuration-model pairs to be in-
valid or fail during initialization.

To effectively detect DTBs in distributed training frame-
works, there are two main challenges: (1) The first chal-
lenge is to generate valid yet behaviorally diverse training
configurations together with compatible model-side require-
ments. Distributed training frameworks expose large num-
bers of configuration parameters, but their validity is de-
termined not only by intra-configuration constraints (e.g.,
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CPU offloading requires compatible optimizer types) but also
by explicit configuration-model dependencies (e.g., expert
parallelism requires the model to contain MoE layers with
expert routing). Violating either type of constraint produces
invalid configuration-model pairs that fail during initial-
ization, preventing effective testing. (2) The second chal-
lenge lies in efficiently exploring the model space under valid
configuration-model compatibility constraints. Even after
explicit dependencies are satisfied, different model structures
can activate different execution paths under the same config-
uration, revealing implicit configuration-model interaction.
The large number of possible configuration-model combina-
tions makes it difficult to effectively explore this interaction
space.

To address these challenges, we propose CaMFuzz, a com-
prehensive testing framework designed to automatically de-
tect DTBs through systematic configuration—-model inter-
action exploration. First, CaMFuzz introduces a Configura-
tion Model Specification (CMSpec) that automatically ex-
tracts configuration constraints, model profiles, and explicit
configuration-model dependencies from the framework’s
source code, enabling the generation of semantically valid
yet behaviorally diverse training configurations with compat-
ible model-side requirements. Second, to effectively explore
the model space under these compatibility constraints and
uncover bugs hidden in deep execution paths, CaMFuzz em-
ploys a configuration—model interaction fuzzing strategy. It
first uses template-based generation to produce initial mod-
els that satisfy the model-side requirements derived from
CMSpec, and then leverages train logic coverage data from
the framework’s core distributed training modules to guide
model mutation during fuzzing. In this way, CaMFuzz con-
ducts efficient configuration-model interaction testing with
diverse and valid configuration-model pairs, effectively ex-
ercising distributed training mechanisms and detecting bugs
across different distributed training frameworks.

We implemented CaMFuzz and evaluated it on four widely
used distributed training frameworks: DeepSpeed, Acceler-
ate, ColossalAl, and Megatron-LM, using a single-host server
with eight GPUs. Our evaluation is limited to this single-host
setting and does not validate the applicability of CaMFuzz
to inter-host distributed training. In this setting, compared
with state-of-the-art testing tools D3 and NNSmith, CaMFuzz
detected more DTBs and achieved 90.6% and 75.5% higher
train logic coverage on average, respectively. Additionally,
CaMFuzz identified 20 previously unknown DTBs in total,
with 4 in DeepSpeed, 5 in Accelerate, 9 in ColossalAl, and 2
in Megatron-LM.

In summary, we make three key contributions:

e We conducted a detailed study of 133 real-world DTBs
in four widely used distributed training frameworks and
summarized their symptoms and triggering conditions.
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e We designed CaMFuzz, a testing framework that automati-
cally constructs a CMSpec to generate valid configurations,
and employs configuration-model fuzzing to effectively
detect DTBs.

e We implemented and evaluated CaMFuzz on four widely
used distributed training frameworks using a single-host,
eight-GPU setup. It detected 20 previously unknown DTBs,
all confirmed and fixed by developers. We open-source
CaMFuzz! for broader practical use.

2 Background
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Figure 1. Overview of how distributed training frameworks
coordinate training configurations and model structures
across multiple nodes.

Distributed training is the standard approach for training
large-scale deep learning models that exceed the capacity of
a single device [9, 30]. As illustrated in Figure 1, distributed
training frameworks accept two kinds of user-provided in-
puts, a training configuration and a model definition, and
automatically manage the full distributed execution lifecycle.
During initialization, the framework parses the configura-
tion, sets up the distributed environment, restructures the
model according to the specified parallelism strategy, and
constructs the training engine. At runtime, it splits global
batch data into micro-batches, dispatches them across nodes
for forward and backward passes, and coordinates gradi-
ent synchronization through collective communication over
the cluster network. Representative frameworks such as
DeepSpeed, Accelerate, ColossalAl, and Megatron-LM pro-
vide rich support for data parallelism, tensor parallelism,
pipeline parallelism, expert parallelism, ZeRO-based memory
optimization, activation checkpointing, and mixed-precision
training [3, 12, 13, 25, 38, 45].

Of the two kinds of inputs, training configurations spec-
ify the parameters that govern distributed execution, such
as parallelism strategies, memory optimizations, numerical
precision modes, and hyperparameters such as micro-batch
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size and gradient accumulation steps. These settings deter-
mine which internal execution paths of the framework are
activated, affecting communication patterns, memory man-
agement, optimizer behavior, and synchronization mecha-
nisms [31, 32, 41, 47, 69, 73, 74]. Complementing this, model
structures define the neural network architecture to be
trained, encompassing layer types, layer depth, hidden di-
mensions, and connectivity patterns. The model definition is
restructured by the framework during initialization. For in-
stance, it may be partitioned across pipeline stages or have its
parameters sharded across data-parallel ranks. Because the
training configuration and model structure jointly determine
which execution paths are activated, neither can be consid-
ered in isolation [2, 11, 15, 18, 40, 53, 66]. A configuration that
behaves correctly with one architecture may trigger a latent
bug when paired with a different model structure. Errors that
never appear under a single configuration or a fixed model of-
ten manifest only when particular configurations and model
characteristics co-occur, leading to crashes, silent numeri-
cal corruption, or training hangs. Because these conditions
require specific combinations of configuration parameters,
model properties, and runtime interactions, existing test-
ing techniques rarely explore this execution space, leaving
configuration-model interaction bugs largely untested.
Throughout this paper, an explicit configuration-model
dependency is a model requirement imposed by a train-
ing configuration and required for the configuration-
model pair to successfully initialize and execute. An im-
plicit configuration-model interaction refers to a valid
configuration-model pair whose combined properties jointly
activate a specific runtime execution path or behavior that
would not be determined or exercised by either the training
configuration or the model structure in isolation.

3 Motivation Study

To better understand DTBs in practice and guide our de-
tection design, we conducted an empirical study on real-
world cases. We selected four widely used distributed train-
ing frameworks: DeepSpeed, Accelerate, ColossalAl, and
Megatron-LM. We then collected issue reports from their
official GitHub trackers over the past two years, obtaining
2,639 issues in total. For each issue, we manually reviewed
its description, reproduction steps, developer discussions,
and related patches. We retained a case only when we could
reproduce it using the provided steps or confirm the defect
through source-code analysis supported by the discussion
or patch. After filtering, we identified 133 confirmed DTB
cases as shown in Table 1.

Table 1. Number of DTBs identified in each framework.

DeepSpeed  Accelerate ColossalAl Megatron Total

Total Issues 860 655 180 944 2639
DTBs 59 29 8 37 133
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3.1 Symptoms of DTBs

Finding 1: DTB symptoms are severe and diverse.
Most DTBs (61.7%) cause training crashes, 28.6% lead to
silent numerical anomalies, and 9.8% result in training
hangs. 82 DTBs trigger runtime errors (e.g., RuntimeError,
AssertionError), which stop training immediately and
waste computational resources, especially in long-running
or large-scale jobs. For example, DeepSpeed bug #7747 [51]
causes a dtype mismatch crash under mixed-precision train-
ing. 38 DTBs produce numerical anomalies, such as incorrect
gradients, abnormal loss values, or failed parameter updates.
These issues are hard to detect because training appears nor-
mal while the model is corrupted. For instance, DeepSpeed
bug #7640 [60] leads to integer overflow in FusedAdam, and
Megatron-LM bug #1330 [52] causes duplicated loss accumu-
lation. 13 DTBs cause training to hang without errors, mak-
ing them waste GPU resources. For example, Megatron-LM
bug #873 [44] leads to a deadlock due to incorrect communi-
cation ordering.

Table 2. Symptom classification of DTBs across four frame-
works.

Symptom DeepSpeed  Accelerate ColossalAI  Megatron  Total (%)
Training Crash 37 21 4 20 82 (61.7%)
Numerical Error 18 6 1 13 38 (28.6%)
Training Hang 4 2 3 4 13 (9.8%)
Total 59 29 8 37 133 (100%)

3.2 Triggering Conditions of DTBs

Finding 2: The vast majority of DTBs (93%) re-
quire valid training configurations satisfying explicit
configuration-model dependencies to be triggered. As
shown in Table 3, 124 out of 133 DTBs (93%) can only be trig-
gered when training proceeds with valid configurations; oth-
erwise, training fails at initialization and the bug-triggering
execution path is never reached. Validity here means that
a configuration must satisfy both intra-configuration con-
straints (e.g., enabling CPU offloading requires compatible
optimizer types) and explicit configuration-model depen-
dencies (e.g., expert parallelism requires the model to contain
MoE layers), so that training can proceed to the stage where
bugs become reachable. The triggering configurations span
multiple dimensions of distributed training, including par-
allelism strategies (DP, TP, PP, EP), memory optimizations
(ZeRO stages, CPU offload, activation checkpointing), numer-
ical precision (fp16, bf16, fp8), communication optimizations
(gradient overlap, contiguous gradients), and checkpointing
mechanisms (async checkpointing, distributed checkpoints).
For instance, DeepSpeed bug #5203 [24] is triggered only
when ZeRO-2 CPU offloading is enabled together with an
MoE model under ep_size > 1, where the configuration’s
explicit dependency on MoE layers must be satisfied for the
faulty expert gradient synchronization path to be reached.
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The case shows that DTBs are frequently hidden under valid
configurations whose explicit dependencies on model struc-
tures are satisfied, and constraint-unaware configuration
testing that ignores such dependencies is insufficient to ex-
pose them.

Table 3. Training configuration dependency of DTBs.

Dependency DeepSpeed  Accelerate  ColossalAI  Megatron  Total (%)
Requires specific config 57 27 5 35 124 (93%)
No specific config needed 2 2 3 2 9 (7%)

Finding 3: Implicit configuration-model interac-
tions play a central role in triggering DTBs. As shown
in Table 4, DTBs fall into two categories based on their trig-
gering conditions: Explicit only DTBs are triggerable under
any model satisfying the configuration’s explicit dependen-
cies, while Explicit + Implicit DTBs additionally require spe-
cific model structures to activate the faulty execution path
through implicit dependencies. Nearly half of DTBs (45%)
fall into the latter category, where the same configuration
activates different execution paths depending on the model’s
structural properties, exposing different bugs. Even when
explicit dependencies are satisfied and training proceeds
normally, specific model characteristics are still required to
enter the faulty code paths. For example, Megatron-LM bug
#1421 [5] is triggered only when MoE layers activate the
token dispatcher path, and DeepSpeed bug #7632 [1] mani-
fests only when LoRA layers invoke the framework’s special
handling for trainable parameters. These results indicate that
triggering DTBs requires not only valid configurations but
also specific model structures that activate the corresponding
execution paths.

Table 4. Triggering conditions of DTBs categorized by
configuration-model dependencies.

Triggering Condition DeepSpeed Accelerate ColossalAl Megatron-LM  Total %

Explicit only 33 16 1 14 64  48%
Explicit + Implicit 24 11 4 21 60  45%
Neither 2 2 3 2 9 7%

3.3 A Motivating Example

DTBs caused by configuration-model interactions can lead
to severe consequences in distributed training frameworks.
One such example is a DTB in DeepSpeed (Issue #5203 [24]),
where the interaction between ZeRO Stage-2 CPU offload-
ing and a model containing MoE layers causes a device-
backend mismatch during expert gradient norm synchro-
nization, crashing training at every parameter update. Fig-
ure 2 illustrates the key steps to trigger this bug, and Figure 3
presents the core code snippet.

In DeepSpeed, the ZeRO Stage-2 optimizer partitions
gradient and optimizer states across data-parallel ranks.
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Figure 2. The DeepSpeed DTB causes a training crash when
MOoE expert gradient norms on CPU are passed to the GPU-
only NCCL backend for all-reduce.

1 def _average_expert_grad_norms(self, ...):
2 for i, norm in enumerate(norm_groups):

3 if self.is_moe_param_group[i]:

4 scaled_norm_tensor = norm * 1.0 / \
5 dist.get_world_size(

6 group=self.real_dp_process_group[i])

) ’

7 + if self.device == ’cpu’:
8 + scaled_norm_tensor = scaled_norm_tensor

9 + .to(get_accelerator().current_device_name())
10 dist.all_reduce(scaled_norm_tensor,

11 group=self.real_dp_process_group[i])

12 - norm_groups[i] = scaled_norm_tensor

13 + norm_groups[i] = scaled_norm_tensor.to(self.device)

Figure 3. The core code snippet of DeepSpeed #5203, show-
ing the device mismatch issue and its fix.

When CPU offloading is enabled, these states are mi-
grated to CPU memory, and the DeepSpeedCPUAdam op-
timizer performs parameter updates on the CPU. For
models containing MoE layers, DeepSpeed maintains sep-
arate expert parameter groups and synchronizes their
gradient norms via dist.all_reduce in the method
_average_expert_grad_norms(), as shown in Figure 3.
The bug is triggered as follows. The user trains an MoE
model with ep_size > 1 under ZeRO Stage-2 CPU offload-
ing and DeepSpeedCPUAdam. Forward and backward passes
complete normally, but expert gradient norms are computed
and stored on CPU due to offloading. At optimizer.step(),
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DeepSpeed enters _average_expert_grad_norms(), com-
putes scaled_norm_tensor on the CPU (line 4), and passes
it directly to dist.all_reduce (line 10). Because the default
NCCL backend supports only GPU-resident tensors, this re-
sults in a RuntimeError: No backend type associated
with device type cpu, causing the training to crash. The
fix (lines 7-9 and 12-13) adds a device check: if self.device
is *cpu’, the tensor is moved to GPU before all-reduce and
back to CPU afterward via .to(self.device). This DTB
does not manifest when using MoE without CPU offloading,
nor when enabling CPU offloading without MoE layers. It
also remains hidden when ep_size = 1, since no cross-rank
synchronization is needed. The crash only arises when all
three conditions hold: CPU offloading is enabled, the model
uses MoE layers, and ep_size > 1, leading to a CPU tensor
being passed to the GPU-only NCCL backend.

This example highlights two key lessons aligned with our
findings: 1) DTBs are reachable only when training proceeds
with valid configurations satisfying explicit configuration—
model dependencies. Here, ZeRO-2 CPU offloading must pair
with DeepSpeedCPUAdam, and expert parallelism explicitly
requires MoE layers; otherwise, training never reaches the
faulty path. This motivates CaMFuzz’s CMSpec to generate
valid configurations with compatible model-side require-
ments. 2) Even when explicit dependencies are satisfied, dif-
ferent model structures activate different code paths through
implicit dependencies. The expert gradient synchronization
path is triggered only when the model contains MoE layers
with ep_size > 1, a structural property not reflected in
the configuration. This motivates CaMFuzz’s configuration-
model interaction fuzzing, which mutates model structures
under coverage guidance to explore implicit dependencies.

3.4 Limitations of Existing Methods

Existing DTB detection techniques provide useful coverage
for identifying training-time anomalies, but they fall short
in thoroughly exercising the complex interactions between
configurations and model structures. Two mainstream cate-
gories of methods dominate current practice, yet both fail to
systematically explore the configuration-model interaction
space where many DTBs arise.

Method 1: Limited configurations with fixed mod-
els. D? takes a systematic approach by constructing ded-
icated test cases for DTB detection. However, it typically
covers only a small subset of configuration parameters (5-
10 per framework) and tests against a fixed set of model
types, relying on manual enumeration of configuration val-
ues and hand-crafted model definitions. According to Find-
ing 2, 93% of DTBs require valid configurations satisfying
explicit configuration-model dependencies, which manual
enumeration with such restricted scope struggles to cover.
Even worse, this restricted scope cannot effectively explore
the implicit dependencies revealed by Finding 3: different
model structures activate different framework code paths
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under the same configuration, and bugs like the motivat-
ing example require specific model characteristics that fixed
models do not provide. Consequently, the 45% of DTBs that
depend on implicit configuration—-model interactions remain
largely undiscoverable.

Method 2: Diverse models without distributed con-
figurations. NNSmith generates diverse neural network
models through graph-level mutations and detects bugs via
differential testing. While its model generation capability
could in principle expose model-dependent DTBs, NNSmith
targets single-node deep learning libraries and does not con-
struct distributed training configurations such as parallelism
strategies, ZeRO stages, or mixed-precision settings. As a
result, the generated models are executed under default or
trivial configurations that fail to activate the distributed train-
ing code paths where DTBs reside. According to Findings 2
and 3, neither valid configurations satisfying explicit depen-
dencies nor the implicit configuration—model interactions
that trigger 45% of DTBs can be exercised by model gen-
eration alone, leaving the configuration dimension of the
interaction space entirely unexplored.

Key insight and technical challenge of CaMFuzz.
The key challenge is not simply to diversify configurations
and models independently, but to explore their joint space
while preserving the semantic dependencies required for
distributed training to execute. A generated configuration
may violate intra-configuration constraints, while a diverse
model may fail to satisfy structural requirements imposed
by the configuration; in either case, execution terminates
during initialization before meaningful training logic can be
exercised. Even after these explicit dependencies are satisfied,
different compatible model structures can activate substan-
tially different runtime paths under the same configuration,
making implicit configuration-model interactions difficult
to explore efficiently.

CaMFuzz addresses this challenge by tightly coupling
CMSpec-guided configuration generation with dependency-
preserving, coverage-guided model exploration. CMSpec ex-
tracts configuration constraints, model profiles, and explicit
configuration-model dependencies, and generates each train-
ing configuration together with its model-side requirements.
For each generated configuration, CaMFuzz instantiates a
compatible model template and mutates model structures
while continuously preserving these requirements. Train
logic coverage then guides the mutation process toward
previously unexplored distributed-training execution paths,
enabling the search to expose implicit configuration-model
interactions without sacrificing validity. Thus, CMSpec and
interaction fuzzing form a closed-loop exploration process
rather than two independent testing stages, allowing CaM-
Fuzz to reach DTBs that isolated configuration or model
exploration is likely to miss.
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4 CaMFuzz Design
4.1 CaMFuzz Workflow

Figure 4 illustrates the workflow of CaMFuzz, which consists
of two main phases. The first phase focuses on Configu-
ration Model Specification Construction: (1) The CMSpec
Constructor analyzes the target framework’s source code.
(2) It extracts training configuration constraints and model
profiles from the code. (3) These are used to build the CM-
Spec. (4) The CMSpec generates valid training configurations
that satisfy the extracted constraints.

Configuration Model Specification Construction
CMSpec Training Config /3- build CMspec | —1
Constructor Constraint
1. ana[yzel 2 fextract 4. generatel
Source / Model Valid Training
Code / Profile Confi
7.1 load

Distributed Training Framework Under Test

11. monitor 8. trace 7.2 train

Bug Detector| | Train Logic

\dentifier
Hang Checker 9. filter

12.lrepo rt

Initialized Model

6. synthesize 5. select

Train Logic |10. guide|
* Coverage

Configuration-Model Fuzzer j«

Configuration-Model Interaction Fuzzing

Figure 4. Workflow of CaMFuzz. It includes two main phases:
(1) Configuration Model Specification Construction and (2)
Configuration-Model Interaction Fuzzing.

Based on the generated configuration ¢, CaMFuzz pro-
ceeds to the second phase, Configuration-Model Interaction
Fuzzing, consisting of the following steps: (5) A compatible
model template is selected based on the structural require-
ments imposed by c. (6) The Configuration-Model Fuzzer
synthesizes a concrete model instance from the selected tem-
plate. (7) The generated configuration and synthesized model
are loaded into the distributed training framework under
test (7.1), which then executes the training process (7.2).
(8) A Train Logic Identifier traces the execution of the frame-
work’s core distributed training modules. (9) The trace is
filtered to compute train logic coverage over training-related
code. (10) The coverage feedback guides subsequent fuzzing
iterations, steering model mutations toward unexplored ex-
ecution paths. (11) The Bug Detector monitors execution
outcomes, checking for crashes and hangs. (12) Detected
anomalies are reported as distributed training bugs (DTBs).
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Configuration-model pairs that lead to new train logic cov-
erage are prioritized by the Fuzzer to guide the generation
of subsequent model mutations. CaMFuzz iteratively repeats
steps (5)—(12), mutating model structures under coverage
guidance while keeping the configuration fixed, until the
time budget is exhausted.

Source Code Analyzer CMSpec Definition

Assertion Configuration
Code Line Semantics (C)

3. generate| T Config Keys

Training
Code AST

| 2.|extract
1. config parse

Source
Code l 7. derive
Dependency
4. modsgl parse Semantics (R)
T 7. derive

[

Model F.analyzf  Model 6. grofle| Model Semantics
Code AST Profiles (M)

Figure 5. Process of CMSpec construction via static analysis
of framework source code.

4.2 CMSpec Construction

In distributed training, training configurations are subject
not only to their own constraints but also to explicit depen-
dencies between configurations and models. It is therefore
necessary to understand which models are compatible with a
given configuration. To this end, CaMFuzz constructs a Con-
figuration Model Specification (CMSpec) to capture three
types of semantics specific to distributed training frame-
works: training configuration semantics, model semantics,
and the dependency semantics between them.

Semantic Extraction. Formally, we define CMSpec as
T = (C, M, R), where C denotes the training-configuration
semantics, M denotes the model semantics, and R captures
the dependency relations between them. As shown in Fig-
ure 5, CaMFuzz parses the framework source code into an
abstract syntax tree (AST) and analyzes both distributed-
training-related code and model-related code.

To construct C, CaMFuzz analyzes assert and raise
statements in distributed training components to extract con-
figuration constraint semantics, i.e., conditions under which
configuration parameters must satisfy certain relations or
may lead to conflicts. It further identifies configuration keys
through patterns such as constants, dictionary accesses, and
self-attribute chains. When a constraint is guarded by con-
ditional branches (e.g., if statements), CaMFuzz extracts
the corresponding guard keys, which determine when the
constraint becomes active. These guard-aware constraints
capture the conditional semantics of training strategies.
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To construct M, CaMFuzz performs AST-level analysis on
model-related code to extract model semantics in the form
of a model profile. This includes structural properties rel-
evant to distributed execution, such as model types, layer
organization, parameter shapes, and the presence of spe-
cific architectural components (e.g., pipeline modules, MoE
routing, or Transformer blocks). These semantics character-
ize the space of models that can meaningfully interact with
distributed training strategies.

To construct R, CaMFuzz establishes dependency relations
between C and M by matching configuration semantics with
model-side requirements implied by the code. Specifically, it
analyzes where training strategies impose structural assump-
tions and constraints on models, such as requiring partition-
able modules for pipeline parallelism, dimensional divisi-
bility for tensor parallelism, or expert-related components
for expert parallelism. As a result, R encodes the explicit
dependencies that determine which model structures are
compatible with a given configuration and can activate the
corresponding distributed training logic.

Semantics-Aware Configuration Generation. Guided
by CMSpec, CaMFuzz generates configurations in a top-
down manner. It first selects a distributed training strategy
(e.g., DP, TP, PP, EP, or their combinations) and determines
a valid topology under hardware constraints. It then sam-
ples concrete parameter values and dependency conditions
extracted into C. Constraints are processed by increasing
guard-key depth: unconditional constraints are handled first,
followed by those activated by previously chosen strategy op-
tions. During this process, CaMFuzz simultaneously derives
the corresponding model-side requirements from R. There-
fore, CMSpec outputs a configuration along with its corre-
sponding model-side requirements. Constraints that cannot
be resolved statically are checked by the target framework
during initialization. Configuration-model pairs rejected be-
fore the training loop are discarded and are not inserted into
the seed pool.

4.3 Configuration-Model Interaction Fuzzing

Given a valid training configuration ¢, CaMFuzz fuzzes the in-
teraction between the configuration and model structures to
uncover DTBs hidden in diverse execution paths. To achieve
this, CaMFuzz first constructs an initial model that satisfies
all explicit dependencies imposed by ¢, ensuring that the pair
can successfully enter the training loop. It then iteratively
mutates the model structure under training code coverage
guidance, exploring implicit dependencies between configu-
rations and models to uncover deeper hidden DTBs.

4.3.1 Initial Model Generation. CaMFuzz maintains a
pool of model templates collected from two sources: official
training example scripts provided by various frameworks,
and parameterized training scripts developed by us that in-
corporate DTB-related behaviors identified in our empirical
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study (e.g., checkpoint saving followed by loading within a
single run). For each template, CaMFuzz extracts a model
profile expressed in M using the same model-related code
analysis performed during CMSpec construction.

Given a training configuration c and the dependency rela-
tions R from CMSpec, CaMFuzz first derives an explicit set
of structural requirements Req(c) by querying model-side
constraints associated with the configuration options in R.
For example, if pipeline parallelism is enabled in c, R specifies
that the model must be partitionable. Next, CaMFuzz matches
Req(c) against the model profiles of all templates and filters
those whose structural properties satisfy the dependencies.
One template is then selected uniformly at random from the
candidates and instantiated by assigning concrete values to
its configurable parameters, ensuring that all structural and
dimensional constraints encoded in Req(c) are satisfied. This
process produces an initial configuration-model pair (¢, my)
that can successfully initialize and enter the training loop.

4.3.2 Coverage-Guided Model Mutation. Although the
initial model (my) satisfies all explicit dependencies and can
be trained successfully, it represents only a single point in
a large model space. To explore implicit dependencies be-
tween training configurations and model structures and to
reach deeper execution paths, CaMFuzz mutates the model
structure while preserving explicit dependencies, using the
framework’s train logic coverage as feedback to guide muta-
tions toward previously unexplored regions.

Train Logic Coverage Collection. CaMFuzz collects full
line coverage on each target framework’s source code during
distributed executions, and then post-processes the merged
reports to extract only the coverage related to distributed
training. Specifically, it retains only items whose source lo-
cations fall within distributed-training code regions, such
as launcher and communication paths, ZeRO and sharding
logic, major parallelism mechanisms, and related runtime
or group-management code. This filtered coverage, referred
to as train logic coverage, focuses the feedback signal on the
framework components most relevant to DTBs, so that mu-
tations are guided toward execution paths within distributed
training logic rather than unrelated utility or framework-
wide code.

Mutation operators. Guided by our empirical study, we
design three mutation operators, each targeting a model-
level characteristic identified as frequently involved in trig-
gering real-world DTBs:

o Layer parameter mutation. Modifies numerical parameters
of existing layers (e.g., hidden size, number of attention
heads, intermediate dimension) within the valid ranges
imposed by the configuration. This operator targets the
parameter-property dependencies identified in Finding 3:
for instance, DeepSpeed bug #7640 [60] is triggered only
when a parameter tensor exceeds 231 elements, a condition
determined entirely by layer dimensions.
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e Layer count mutation. Adds or removes layers while
preserving configuration constraints. Model depth af-
fects pipeline partitioning, activation checkpointing,
and memory management. For example, Megatron-LM
bug #873 [44] appears only under specific pipeline parti-
tions induced by certain layer counts.

o Parameter freeze mutation. Toggles the requires_grad
attribute of selected parameters or layers to simulate
fine-tuning and LoRA-style training. Mixed trainable and
frozen parameters can interact with gradient synchroniza-
tion and optimizer state management in non-trivial ways.
For example, DeepSpeed bug #7632 [1] occurs only with
partially frozen LoRA adapters.

Algorithm 1 Configuration—-Model Interaction Fuzzing

Require: CMSpec 7", framework F, time budget T
Ensure: Detected DTBs 8

1: B—0; S — 0; covMap «— 0

2: while elapsed time < T do

3: if S = 0 or with probability pyew then

4: ¢, my < GENERATECONFIG(7 ), GENERATEMODEL(c)
5: (e,m) « (c,my)

6: else

7: (¢, m) < SELECTSEED(S)

8: end if

9:

m’ < MUTATE(m)
10: if m’ | Req(c) then

11: continue

12: end if

13: result, cov < EXECUTE(F, ¢, m’)

14: if result is DTB then

15: B—BU{(e,m)}

16: end if

17: if cov \ covMap # 0 then

18: covMap, S «— covMap U cov, S U {(c,m’)}
19: end if

20: end while
21: return 8

Fuzzing loop. Algorithm 1 outlines the overall testing pro-
cess. CaMFuzz first initializes a seed pool of configuration-
model pairs (line 1). During each iteration (line 2), it either
generates a new pair (c,mg) from CMSpec via template-
based generation (lines 4-5), or selects an existing seed from
the pool (line 7), thereby balancing exploration and reuse.
Given a selected pair, the configuration is kept fixed while
the model is mutated to produce a new candidate (line 9). If
the mutated model violates Req(c), the iteration is skipped
(lines 10-12); otherwise, the pair is executed to obtain the
result and coverage (line 13). If a DTB is triggered, the pair
is recorded (lines 14-16). Meanwhile, if new coverage is
observed (line 17), the pair is added back to the seed pool
(line 18), guiding the search toward unexplored paths.
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5 Implementation

We implemented CaMFuzz and evaluated it across four
widely used distributed training frameworks: DeepSpeed
v0.14, Accelerate v0.33, ColossalAl v0.3.7, and Megatron-
LM v0.8. These frameworks differ in their levels of abstrac-
tion, parallelism strategies, and target use cases, collectively
covering a broad spectrum of distributed training scenar-
ios. DeepSpeed provides ZeRO-based memory optimization
and supports advanced features such as CPU offloading and
mixed-precision training. Accelerate offers a lightweight,
high-level API for distributed training and is widely adopted
within the open-source NLP community. ColossalAlI enables
hybrid parallelism, including data, tensor, and pipeline par-
allelism. Megatron-LM is designed for high-performance
training of large-scale Transformer models, leveraging so-
phisticated parallelism techniques.

CaMFuzzer Components

Configuration Generator Configuration -Model Fuzzer

‘ Constraint Builder | | Template Generator ‘

‘ Domain Mapper ‘ | Model Mutator ‘

‘ Config Generator ‘ | Coverage Engine ‘

Interaction Adapter

| Config Adapter ‘ | Training Runner ‘ | Constraint Builder

Target Platforms

7 deepspeed €2 Megatron-LM @ Colossal-AI %! Accelerate

nviDia

Figure 6. CaMFuzz components: Configuration Generator,
Configuration-Model Fuzzer, and Interaction Adapter.

Figure 6 illustrates the components of CaMFuzz, which
are divided into three main parts. The first part is the Con-
figuration Generator, which consists of three components.
First, the Constraint Builder parses the target framework’s
source code into an Abstract Syntax Tree and extracts con-
figuration constraints and explicit configuration-model de-
pendencies from assert statements, raise statements, and
conditional branches. Second, the Domain Mapper infers
value domains from default values and configuration decla-
rations. Finally, the Config Generator synthesizes configura-
tions that satisfy the extracted constraints and derives the
corresponding model-side requirements. The second part
is the Configuration—-Model Fuzzer, which selects and
instantiates compatible model templates given a configu-
ration via the Template Generator, applies the three muta-
tion operators via the Model Mutator, and instruments the
framework’s core distributed training modules to collect
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train logic coverage and guide subsequent mutations via the
Coverage Engine. The third component is the Interaction
Adapter, which connects CaMFuzz to a target framework
by handling configuration translation, training execution,
and framework- or hardware-specific constraints. This de-
sign isolates framework-dependent logic and keeps CaMFuzz
largely framework-agnostic.

Automation and Implementation Basis. The source
analyses used by the Constraint Builder and model profiler
are custom-built on Python’s standard ast module. CaM-
Fuzz automatically performs source analysis, configuration
generation, model profiling, model mutation, execution, cov-
erage collection, seed scheduling, and crash/hang detection.
Runtime-only constraints are checked during framework
initialization, and configuration-model pairs that fail initial-
ization are discarded automatically.

Adaptation to a New Distributed Training Frame-
work. Porting CaMFuzz leaves the core generation and
fuzzing algorithms unchanged, but requires four framework-
specific tasks: (1) translating CaMFuzz’s internal configu-
ration representation into the framework’s configuration
format; (2) integrating the framework launcher and train-
ing entry point into the Training Runner; (3) identifying
the distributed-training modules included in train logic cov-
erage; and (4) constructing parameterized templates from
framework APIs and official training examples. Across the
four evaluated frameworks, we constructed 42 templates: 8
for DeepSpeed, 12 for Accelerate, 18 for ColossalAl, and 4 for
Megatron-LM. The complete adaptation required an average
of 19 person-hours per framework.

6 Evaluation

To evaluate the effectiveness of CaMFuzz, we com-
pare it against two representative baselines: D® [55], an
equivalence-based DTB testing tool, and Adapted-NNSmith,
our distributed-training adaptation of NNSmith [33]. We ap-
plied all tools to four mainstream distributed training frame-
works: DeepSpeed v0.14, Accelerate v0.33, ColossalAl v0.3.7,
and Megatron-LM v0.8. All experiments were conducted
on an Ubuntu 22.04.3 LTS system with Linux kernel ver-
sion 5.15.0, deployed on a single server equipped with 8
NVIDIA Tesla V100S-PCIE GPUs, dual AMD EPYC 7763
processors providing 128 physical CPU cores, and 1 TiB of
main memory. The system uses NVIDIA driver 535.216.03
and PyTorch 2.8.0 with CUDA 12.8 support. The 8 GPUs
are distributed across two NUMA nodes and connected
through intra-host PCle interconnects. This is a single-host,
multi-GPU environment: all distributed workers execute on
one server. The experiments therefore evaluate framework-
level configuration-model interactions under multi-GPU
execution, but do not exercise inter-host networking, cross-
machine launchers, network topology, or scale-dependent
behavior of large clusters. All experiments were conducted
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for 48 hours and repeated three times under identical condi-
tions, and the average results are used in this paper. Based on
this experimental setup, we designed experiments to address
the following four research questions:

e RQ1:Is CaMFuzz effective in detecting DTBs in real-world
distributed training frameworks?

e RQ2: Can CaMFuzz cover more framework code compared
with state-of-the-art methods?

e RQ3: Do the CMSpec and coverage-guided model fuzzing
effectively improve testing performance?

e RQ4: How accurately and completely does CMSpec cap-
ture the constraints needed for effective testing?

6.1 Bugs in Real-World Distributed Training Systems

We applied CaMFuzz to all four target frameworks and com-
pared it with two representative baselines under the same
setup. D? detects discrepancies by constructing equivalent
distributed and single-node executions, while its input space
uses a manually enumerated subset of configuration param-
eters and fixed model types. We use Original NNSmith to de-
note the upstream system, which generates models for single-
node differential testing and lacks distributed-training con-
figurations and framework-specific launchers. To construct
Adapted-NNSmith, we retain NNSmith’s original model-
generation strategy and add CMSpec-generated distributed
configurations together with dedicated runners for Deep-
Speed, Accelerate, ColossalAl, and Megatron-LM. Original
NNSmith cannot directly execute these distributed work-
flows, so the quantitative tables report Adapted-NNSmith.
Adapted-NNSmith does not use CaMFuzz’s compatible tem-
plate selection, dependency-preserving coverage-guided
model mutation, or train-logic-based seed scheduling. It
therefore provides diverse models under valid distributed
configurations without implementing CaMFuzz’s joint in-
teraction exploration. Each experiment ran for 48 hours on
each target.

As shown in Table 5, CaMFuzz uncovered 20 previously
unknown DTBs across four frameworks: 4 in DeepSpeed, 5
in Accelerate, 9 in ColossalAl, and 2 in Megatron-LM. All 20
reports were confirmed and fixed by developers. For practical
validation, we applied appropriately mutated versions of the
corresponding generated configurations to official training
scripts and established models provided by the respective
frameworks, successfully reproducing all 20 bugs. Therefore,
these reports do not depend solely on synthetic template pro-
grams. Most DTBs (19/20) lead to training crashes, typically
due to errors in distributed computation such as device—
backend mismatches, invalid tensor operations, incorrect
reshaping, or synchronization failures. These crashes are
especially costly in large-scale training, where runs can span
weeks and consume millions of GPU-hours. Crashes during
checkpointing (e.g., Bugs #12 and #15) may further corrupt
saved states, forcing training to restart from scratch. The
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remaining bug causes training to hang indefinitely, block-
ing GPU resources without errors. Such hangs are harder
to detect and recover from. For example, Bug #13 induces a
deadlock under a combination of a learning rate scheduler,
fp16, and ZeRO-1, leaving all distributed workers unrespon-
sive until manual intervention.

Comparison with existing methods. In our 48-hour ex-
periments, D® detected only 1 DTB (#10). Adapted-NNSmith
found 7 bugs (#1-3, 5, 7, 8, 14). However, these tools were
unable to uncover the remaining DTBs because they cannot
systematically explore the configuration-model interaction
space. Triggering these bugs requires specific combinations
of training configurations and model structures, often involv-
ing subtle inter-parameter dependencies and implicit struc-
tural constraints. D? relies on manually enumerated configu-
ration values and fixed model definitions, preventing it from
reaching execution paths activated by non-default or multi-
dimensional configuration combinations. Adapted-NNSmith
generates diverse models under valid distributed configura-
tions, but its configuration-independent model generation
does not systematically preserve and explore configuration-
specific structural requirements, limiting the paths it reaches.
In contrast, CaMFuzz constructs a CMSpec through static
analysis to generate valid yet diverse configurations, and
employs coverage-guided model mutation to systematically
explore implicit configuration-model interactions that other
tools fail to cover. For instance, Bug #11 requires both a
specific configuration and a specific model structure to be
triggered: it arises when ZeRO-1 is used together with bf16
communication, and the model contains parameter tensors
large enough to exceed the gradient reduction bucket size.
This approach allows CaMFuzz to detect all 20 DTBs, demon-
strating its effectiveness in identifying distributed training
bugs in real-world frameworks and answering RQ1.

6.1.1 Case Study. We present a representative case to il-
lustrate how a DTB arises in a real distributed training frame-
work and how CaMFuzz identifies it. This case corresponds to
Bug #11 in Table 5, discovered on DeepSpeed. The bug occurs
in the ZeRO Stage-1 gradient reduction logic, where extra-
large parameters are recorded under param.dtype but later
looked up using comm_dtype, causing a key mismatch that
leads to erroneous gradient reduction across data-parallel
workers when communication_data_typeissettobf16. As
a result, training crashes with a RuntimeError. The code
snippet in Figure 7 describes this DTB and its fix.

Root Cause. In DeepSpeed’s ZeRO Stage-1 optimizer,
when a parameter’s element count exceeds the configured
bucket size, it is recorded in a separate dictionary for extra-
large gradient reduction. The original code stores this param-
eter under the parameter’s own data type (line 12) but looks
it up using the communication data type (line 4). When bf16
communication is enabled while the model uses fp32 param-
eters, the communication type resolves to bfloat16 whereas
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Table 5. 20 previously unknown DTBs detected by CaMFuzz within 48 hours. All were confirmed and fixed by developers and
reproduced using established models and official training workflows. Bug identifiers remain partially anonymized for the

review process.

# Platform Root Cause Identifier Status
1 ColossalAl CPU-offloaded tensors cannot be handled by CUDA-only FusedLAMB kernels when initial_scale is too small. Bug#xxx1 Fixed
2 ColossalAI ~ CPU tensors cannot be correctly reduced in distributed Lamb under ZeRO CPU offload configuration. Bug#xxx0 Fixed
3 ColossalAI  bitsandbytes optimizer assumes GPU-resident states, but ZeRO maintains optimizer states on CPU memory. Bug#xxx9 Fixed
4 ColossalAI ~ Adagrad state entry sum incorrectly initialized under LowLevelZeroPlugin, causing inconsistent updates. Bug#xxx6 Fixed
5 ColossalAI ~ FP8 matmul path cannot enforce requirement that input matrix dimensions must be divisible by 16. Bug#xxx0 Fixed
6 ColossalAl Optimized attention cannot handle tensor input for attention_mask, although a mapping structure is required. = Bug#xxx9 Fixed
7 ColossalAl Optimizer offloading leaves tensors on CPU, but FusedAdam still invokes CUDA-specific fused operations. Bug#xxx8 Fixed
8 ColossalAI ~ FP8 linear wrapper cannot correctly restore output tensor shape, leading to invalid reshape operations. Bug#xxx7 Fixed
9 ColossalAl Gemini forwards non-default div_scale to CPUAdam, violating its assumption of fixed scaling behavior. Bug#xxx6 Fixed
10 DeepSpeed  ZeRO-3 quantized weights fail to keep bf16 precision, casting tensors to fp16 during training. Bug#xxx5 Fixed
11 DeepSpeed  ZeRO-1 computes bf16 communication bucket ranges incorrectly, causing erroneous gradient reduction. Bug#xxx3 Fixed
12 DeepSpeed  Elastic checkpointing mishandles zero-dimensional optimizer states, slicing them incorrectly as vector tensors. ~ Bug#xxx0 Fixed
13 DeepSpeed A scheduler combined with fp16 and ZeRO-1 cannot maintain synchronization, leading to deadlock. Bug#xxx8 Fixed
14 Accelerate FSDP-sharded Adagrad states and gradients cannot stay shape-compatible during foreach updates. Bug#xxx9 Fixed
15 Accelerate FSDP2 invokes optimizer.state_dict() before Adagrad remapping stabilizes, causing inconsistent states. Bug#xxx5 Fixed
16 Accelerate Missing f'sdp_min_num_params cannot be parsed correctly, as float-form text later fails integer conversion. Bug#xxx4 Fixed
17 Accelerate NO_WRAP with activation checkpointing cannot correctly set the auto-wrap policy, although it is still invoked. Bug#xxx2 Fixed
18 Accelerate Some optimizer parameters cannot be switched to their FSDP2 sharded counterparts under combined parallelism. Bug#xxx1 Fixed
19 Megatron-LM Overlapped gradient reduction cannot avoid duplicate registration of gradients in DDP bucket tracking. Bug#xxx7 Fixed

oo
(=}

Megatron-LM Uniform recompute partitioning cannot bound Transformer layer indices when layer counts are not divisible.

Bug#xxx4 Fixed

Table 6. Bugs found by each tool within 48 hours.

Adapted-
CaMFuzz D? NNSmith
Number of Bugs 20 1 7
Bug IDs #1-20 #10 #1-3,5,7,8,14

def reduce_independent_p_g_buckets_and_remove_grads(

2 self, param, i):

3 grad_reduc = self.get_gradient_for_reduction(param)

4 - bucket = self.ipg_buckets[self.get_param_comm_dtype(param)]
5 + comm_dtype = self.get_param_comm_dtype(param)

6 + bucket = self.ipg_buckets[comm_dtype]

if bucket.elements + param.numel() > self.reduce_bucket_size:
8 self.reduce_ipg_grads()

10 if self.contiguous_gradients:
11 if param.numel() > self.reduce_bucket_size:
12 - self.extra_large_param_to_reduce[param.dtype] = param

13+ self.extra_large_param_to_reduce[comm_dtype] = param

Figure 7. A ZeRO-1 bug in DeepSpeed where using
param.dtype instead of comm_dtype breaks bf16 gradient
reduction.

the parameter type remains float32, causing a key mismatch
that crashes all workers with a runtime error during gradient
synchronization. The fix consistently uses the communica-
tion type as the dictionary key. This bug exhibits an implicit
dependency between configuration and model structure. The
faulty path is entered only when a parameter’s element count
exceeds the bucket size, so triggering the bug requires both

bf16 communication and a model with sufficiently large pa-
rameter tensors relative to the configured bucket size. D® nei-
ther includes bf16 communication in its configuration space
nor calibrates model sizes against the bucket size. Adapted-
NNSmith can execute a CMSpec-generated ZeRO configu-
ration, but its original model-generation strategy does not
use coverage feedback to calibrate parameter sizes against
the reduction bucket. In contrast, CaMFuzz uses the CM-
Spec to generate a valid ZeRO Stage-1 configuration with
bf16 communication. It first produces an initial model via
template-based generation. It then applies the layer param-
eter mutation operator to increase layer dimensions. As a
result, parameter tensors exceed the bucket threshold. This
reliably enters the faulty extra-large parameter path and
triggers the DTB.

Table 7. Historical DTBs reproduced by CaMFuzz.

DeepSpeed Accelerate ColossalAl Megatron—LM‘ Total
53/59 26/29 7/8 34/37 ‘ 120/133

Historical Failures Evaluation. We also evaluated CaM-
Fuzz against the 133 historical DTB cases identified in our
empirical study, configuring each framework at the histori-
cal version referenced in the corresponding issue report and
running for 48 hours per framework. Since 40 of the 133
DTBs exhibit silent anomalies, we designed a specialized
oracle for each based on its documented symptom and in-
tegrated them into CaMFuzz’s Bug Detector. As shown in
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Table 7, CaMFuzz successfully reproduced 120 of 133 histori-
cal DTBs (90.2%), including 37 of 40 silent numerical anom-
alies (92.5%). The high reproduction rate on silent anomalies
confirms that CaMFuzz’s configuration—-model interaction
exploration can effectively trigger execution paths where
silent errors arise, demonstrating strong capability in both
triggering and detecting silent DTBs when equipped with
appropriate oracles. The 13 unreproduced DTBs are caused
by factors orthogonal to configuration-model interactions:
6 require inter-host execution or large-scale GPU clusters
beyond our single-host, 8-GPU environment; 3 depend on
external environment conditions such as specific system
libraries or container runtimes; 2 involve specific API us-
age patterns rather than configuration-model combinations;
and 2 require special data or compilation conditions outside
CaMFuzz’s current scope.

6.2 Effectiveness on Train Logic Coverage
Table 8. Train-logic line coverage on four target systems in

48 hours. CaMFuzz consistently achieves the highest cover-
age.

Tool DeepSpeed Accelerate ColossalAl Megatron-LM  Improvement
Adapted-NNSmith 4,787 3,137 5,719 3,029 175.5%
D3 1,748 3,161 4,928 5,506 190.6%
CaMFuzz 5,942 3,719 10,472 9,118 -

Since higher coverage generally increases the likelihood
of finding bugs, we also evaluated CaMFuzz’s ability to
cover the training logic of distributed training frameworks.
In conclusion, CaMFuzz consistently outperforms existing
state-of-the-art tools across all four target distributed train-
ing frameworks. On average, it achieves 90.6% and 75.5%
higher coverage of training logic code compared to D* and
Adapted-NNSmith, respectively. The statistics adequately
answer RQ2.

The key reason is that CaMFuzz explores both the con-
figuration space and the model space, enabling broader
test scenarios and activating more execution paths. Among
baseline tools, D? has lower coverage because it uses lim-
ited configuration parameters and fixed models, failing to
cover paths related to parallelism strategies, memory opti-
mizations, and other advanced features. Adapted-NNSmith
retains NNSmith’s generic model-generation strategy and
does not use configuration-specific template selection or
dependency-preserving, coverage-guided mutation. As a re-
sult, the execution paths remain shallow, particularly in
Megatron-LM. In contrast, CaMFuzz models configuration
constraints and jointly explores configuration—-model com-
binations, triggering more execution paths and achieving
deeper, more comprehensive training logic coverage.
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6.3 Ablation Study

To evaluate the contributions of the CMSpec and the
configuration-model interaction fuzzing strategy, we con-
ducted an ablation study comparing three CaMFuzz vari-
ants: (1) CaMFuzz, the full version with both CMSpec and
configuration-model interaction fuzzing enabled; (2) CaM-
Fuzz , a variant that disables CMSpec and instead gener-
ates training configurations randomly, without enforcing
the extracted parameter constraints and dependencies; and
(3) CaMFuzz ,, a variant that retains CMSpec but disables
the configuration-model interaction fuzzing strategy, using
random model generation and mutation instead. We mea-
sured both the number of DTBs detected and the train logic
code coverage achieved by each variant during the 48-hour
testing period on all four frameworks.

Table 9. Comparison of CaMFuzz o> CaMFuzz 3, and CaM-
Fuzz in terms of bug detection and train logic coverage.

Framework # Bugs Coverage
CaMFuzz . CaMFuzz ;; CaMFuzz CaMFuzz . CaMFuzz, CaMFuzz

DeepSpeed 1 2 4 5,143 5,288 5,942
Accelerate 2 3 5 3,256 3,335 3,719
ColossalAT 1 5 9 9,524 8,958 10,472
Megatron-LM 0 1 2 5,369 7,603 9,118
Total 4 11 20 23,292 25,184 29,251
Improvement +400% +82% - +25.6% +16.1% -

As shown in Table 9, with the support of both CMSpec
and configuration-model interaction fuzzing, CaMFuzz de-
tects all 20 DTBs and achieves the highest train logic cov-
erage within 48 hours. In contrast, CaMFuzz . detects only
4 DTBs, while CaMFuzz Y detects 11. The remaining DTBs
require precise combinations of valid training configurations
and specific model structures, which are difficult to exercise
through random configuration generation or random model
generation and mutation. In terms of train logic coverage,
CaMFuzz achieves a total of 23,292 covered lines across four
frameworks, while CaMFuzz o achieves 25,184. CaMFuzz
achieves 29,251, representing an improvement of 25.6% over
CaMFuzz . and 16.1% over CaMFuzz ;. These results demon-
strate the effectiveness of both components. Compared to
CaMFuzz ., the CMSpec substantially enhances both bug
detection (+400%) and train logic coverage by ensuring that
the vast majority of generated configurations are valid and
can proceed to meaningful training execution, rather than
failing at initialization due to constraint violations. Similarly,
compared to CaMFuzz ;,, the configuration-model interac-
tion fuzzing strategy effectively improves both bug detection
(+82%) and coverage by exploring diverse model structures
and implicit configuration-model interactions. Across the
three variants, greater total train logic coverage coincides
with more detected bugs: 23,292 lines and 4 bugs for CaM-
Fuzz _, 25,184 lines and 11 bugs for CaMFuzz I and 29,251
lines and 20 bugs for the full system. This observation does
not by itself establish causality, but it supports train logic
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coverage as a useful search signal. These statistics provide a
comprehensive answer to RQ3.

6.4 Accuracy and Completeness of CMSpec

Table 10. Accuracy of CMSpec configuration generation
across four frameworks.

DeepSpeed Accelerate ColossalAI Megatron-LM Average

Random (%) 29.2 2.9 56.9 0.4 224
CMSpec (%) 94.0 96.0 93.9 94.2 94.5

To evaluate the accuracy of CaMFuzz, we analyzed the
validity of configurations generated by CMSpec. Specifically,
we conducted 1,000 rounds of testing and repeated the ex-
periment three times to examine whether the configurations
generated by CMSpec were valid. The results are shown
in Table 10. Random configuration generation achieves an
average validity rate of only 22.4%, meaning that approxi-
mately three out of four generated configurations fail dur-
ing framework initialization due to constraint violations. In
contrast, CMSpec-guided generation achieves an average va-
lidity rate of 94.5%, representing a substantial improvement.
The remaining 5.5% of invalid test cases are mainly caused
by constraints that cannot be captured by static analysis
alone, such as those expressed through factory patterns and
dynamic dispatch. We use this successful initialization and
execution rate as the accuracy measure for CMSpec. As a
complementary system-level proxy for completeness, the
historical-bug experiment in Table 7 shows that CaMFuzz
reproduced 120 of 133 DTBs (90.2%); the 13 unreproduced
cases depend on inter-host scale, external environments, API
usage, or special data and compilation conditions outside the
modeled configuration-model interaction space. Together,
these results answer RQ4.

7 Discussion

Evaluation Scope. All experiments are conducted on a sin-
gle server with eight GPUs connected through PCle. Our eval-
uation therefore validates framework-level bugs arising from
interactions between distributed-training configurations and
model structures under single-host, multi-GPU execution
within the scope of our current experimental setup. In partic-
ular, the evaluated setting covers bugs related to distributed
execution mechanisms such as parallelism strategies, param-
eter sharding, gradient synchronization, mixed-precision
training, and checkpointing when these mechanisms are
exercised within a single host.

It does not validate CaMFuzz in inter-host deployments
or cover failures whose triggers depend on cross-machine
networking, network topology, cluster schedulers, or GPU
scales beyond the evaluated server. Such failures may involve
communication behaviors and deployment conditions that
cannot be reproduced faithfully in our current environment.
Although the architecture can accommodate a multi-host
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runner without changing the core testing methodology, im-
plementing and systematically evaluating such support re-
mains future work. Extending the evaluation to multi-host
clusters would also allow us to study whether additional
configuration—-model interactions emerge only under cross-
machine execution. Accordingly, the results in this paper
should be interpreted within the single-host setting, and
we make no experimentally validated claims regarding the
applicability of CaMFuzz to inter-host distributed training.
Limitation of CMSpec. The CMSpec relies on static
analysis of framework source code to extract configura-
tion constraints, model profiles, and explicit configuration-
model dependencies. While effective for constraints ex-
pressed through assertions, exception raising, and condi-
tional branches, it may miss semantics established through
complex dynamic mechanisms, such as hardware-dependent
checks, factory patterns, or dynamic dispatch. As a result,
some valid model-side requirements or configuration-model
dependencies may be incomplete. Future work may incor-
porate lightweight dynamic analysis, such as tracing con-
figuration validation and model initialization during sample
runs, to capture semantics that static analysis cannot recover.
Additionally, LLM-assisted extraction could help interpret
complex code patterns like factory methods and dynamic
dispatch, further improving the completeness of the CMSpec.
Supporting More Bug Types. Currently, CaMFuzz pri-
marily focuses on detecting DTBs that manifest as crashes
and hangs during training execution. However, distributed
training frameworks are also susceptible to other types of
defects, such as silent corruption and correctness issues that
only become apparent through degraded model accuracy
after convergence. Based on our observations, these defects
exhibit diverse symptoms and require specialized oracles for
detection. We attempted to integrate TrainCheck, an existing
tool for detecting silent training errors, into CaMFuzz as an
oracle to capture such defects. While TrainCheck reported
numerous invariant violations, manual analysis revealed that
all of them were false positives. However, this does not mean
that CaMFuzz is unable to trigger silent bugs, but rather that
appropriate oracles are required to capture them. Our eval-
uation on historical DTBs demonstrates that CaMFuzz can
effectively detect silent errors when equipped with appro-
priate oracles, successfully reproducing 37 out of 40 silent
bugs. Therefore, designing more precise and reliable oracles
to extend CaMFuzz’s detection capability to these additional
defect types remains an important direction for future work.

8 Related Work

Deep Learning Framework Testing. Existing testing
tools for deep learning libraries, such as CRADLE [43],
LEMON [59], Muffin [14], DocTer [62], NNSmith [33], and
FreeFuzz [61], mainly target single-node frameworks by us-
ing techniques such as differential testing, metamorphic
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testing, constraint mining, and API usage analysis to de-
tect bugs in systems like TensorFlow and PyTorch. More re-
cent work has considered distributed training correctness [6-
8,21, 22, 34, 36,37, 42, 54, 58, 63, 67, 69, 75]: TrainCheck [20]
and TrainVerify [35] check training consistency, D* [55] de-
tects DTBs via equivalence between distributed and single-
node execution, and TTrace [19] detects and localizes silent
bugs by comparing distributed intermediate tensors with a
trusted single-device reference. However, these approaches
still provide limited coverage of configuration parameters
and model diversity, making it difficult to expose bugs that
depend on specific configuration-model interactions. In con-
trast, CaMFuzz systematically explores the joint space of
training configurations and model structures through CM-
Spec guided configuration generation and train code cover-
age guided model mutation, achieving broader coverage and
finding more bugs.

Configuration Testing. Configuration testing aims to
detect bugs in system configuration handling logic [4, 16,
23, 56, 57, 64, 65, 68, 70-72]. Tools such as Ctest [50], Con-
fTest [29], and ECFuzz [26] generate diverse configuration
inputs through mutation-based strategies and model the
dependencies between configuration parameters. However,
these tools are designed for general software systems and do
not address the unique interaction between configurations
and model structures that characterizes distributed training
frameworks. Additionally, their modeling approaches often
rely on manual effort, making them both resource-intensive
and difficult to adapt to new domains. Unlike existing con-
figuration testing tools, CaMFuzz goes beyond testing con-
figuration logic alone by incorporating configuration-model
interaction fuzzing to address the configuration-model co-
dependence that is unique to distributed training.

9 Conclusion

In this paper, we present CaMFuzz, a testing framework for
detecting distributed training bugs through configuration-
model interaction exploration, and experimentally validate
it in a single-host, multi-GPU setting. CaMFuzz constructs
a CMSpec to generate valid configurations together with
compatible model-side requirements, and employs coverage-
guided fuzzing to mutate model structures and explore im-
plicit configuration-model interactions. We implemented
CaMFuzz and evaluated it on four widely used distributed
training frameworks using a single-host, eight-GPU server.
Compared with representative baselines, CaMFuzz achieved
75.5%-90.6% higher train logic coverage and detected 20
previously unknown DTBs, all confirmed and fixed by de-
velopers. These results validate CaMFuzz ’s effectiveness
in the single-host, multi-GPU setting, while inter-host net-
working and large-scale cluster failures remain outside the
experimentally validated scope.
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