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Abstract—We introduce DLROVER-LM, an out-of-the-box
production system designed for efficiently and reliably train-
ing MoE-based LLMs at scales of up to 3,000 accelerators.
Training models of this magnitude presents significant chal-
lenges in efficiency, performance, and stability. To address these,
DLROVER-LM first employs a practical and highly effective
hybrid parallelism strategy (i.e., FSDP+EP), along with advanced
optimizations such as computation-communication overlap and
operator fusion, substantially improving training efficiency. Fur-
thermore, DLROVER-LM develops a multi-agent fault diagnosis
framework with node health check and flash checkpointing
mechanisms, enabling rapid detection and recovery from failures.
In production environment at AntGroup with a 290B MoE-based
LLM across 3,072 accelerators, DLROVER-LM achieves a Model
FLOPs Utilization (MFU) of 24%, comparable to state-of-the-art
(i.e., Megatron-LM), while greatly reducing the downtime due to
faults to only 5% of the total training time — all without complex
manual configurations.

Index Terms—LLM, Distributed System, Parallel Training,
Fault Tolerance

I. INTRODUCTION

Large Language Models (LLMs) have demonstrated re-
markable generation across a wide range of natural lan-
guage and reasoning tasks, such as text2sql [1]-[5], machine
translation [6], [7], and intelligent Q&A [8], [9]. Recent
advances [10] in LLMs have been largely driven by substantial
increases in both the size of model parameters and the scale
of training data [11]-[13]. However, as the model and training
data scale continue to expand, the associated computational
resources for training these models increase rapidly.

Mixture-of-Experts (MoE) models [14], which activate only
a subset of parameters per input, thus requiring far fewer com-
putational resources than dense models while achieving the
same performance, have emerged as a promising approach and
received widespread attention. Despite their efficiency, MoE
models still demand large clusters with thousands of high-
performance accelerators (e.g., GPUs); achieving efficient
large-scale training for MoE models remains challenging [15],
particularly due to two key bottlenecks discussed below.
Parallel Training. Because LLMs can exceed the memory
capacity of individual GPUs, their parameters (as well as ac-
tivations and optimizer states) are typically partitioned across

multiple nodes/devices to enable distributed training [16]. Col-
lective communication (e.g., Al1Reduce and Al1Gather)
required for gradient synchronization and parameter exchange
often dominates the critical path, leading to substantial training
slowdowns [17]. Mitigating communication overhead requires
topology-aware partitioning strategies that align tensor and
pipeline splits with interconnect bandwidth and latency char-
acteristics. As shown in Table I, under the state-of-practice 3D
parallelism [16] the model parameters are partitioned across
accelerators in three dimensions: data [18], tensor [19], and
pipeline parallelism [20]. While 3D parallelism can potentially
achieve near-linear scaling on massive clusters, as both the
model size and the cluster scale grow, the search space for
finding the optimal 3D parallelism execution plan expands
combinatorially. For example, Megatron-LM [19], a widely
used training framework, requires days of tuning effort to
determine the best parallel configuration when training a 290
billion model across 3,000 accelerators.
High Failure Rate. Large-scale training mostly relies on
tightly coupled synchronous updates, even a single-node fail-
ure can stall the global process until recovery, significantly
extending the end-to-end training time [21]. As summarized
in Table II, we have observed in AntGroup’s data center
that node failures are common and diverse, ranging from
software/hardware failures to misconfigurations. Even if the
failure rate of a single node is low, the overall failure rate of
the cluster increases as the number of nodes increases [22].
When node failure occurs, the training system must quickly
detect anomalies, identify the root cause, and take the ap-
propriate action to minimize disruption. Unfortunately, due
to the complexity and diversity of failures, training systems
often struggle to accurately determine the root cause and apply
corresponding remedies. As a result, manual intervention be-
comes necessary, further increasing training time. As shown in
Figure 1(a), only 2% of the training tasks in the Ant Group’s
cluster did not encounter failures. Additionally, as depicted
in Figure 1(b), only 69% of the total time in the cluster was
actually spent on model training. Similarly, Meta reported that
during the two-month training process of the OPT-175B model
using 992 A100 GPUs (80GB) [23], at least 35 manual restarts
were required due to failures. These disruptions resulted in
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TABLE I
COMPARISONS OF HFU USING 3D PARALLELISM WITH DIFFERENT
CONFIGURATIONS. HFU MEASURES HARDWARE UTILIZATION.
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Fig. 1. (a) Distribution of the failure time from multiple LLM tasks. (b)
Distribution of the running time for the GLM-65B model training task on
thousands of accelerators. The elapsed time includes effective training time,
detailed checkpointing (i.e., ckpt) time, and different fault recovery time.

more than 20 days of wasted training time and increased
computational costs by tens of millions of dollars.

To address these challenges, we introduce DLROVER-LM,
a distributed training framework designed for efficient and
reliable training of MoE-based LLMs across thousands of ac-
celerators. Instead of 3D parallelism, DLROVER-LM employs
a hybrid parallel strategy that integrates Fully Sharded Data
Parallel (FSDP) [24] with Expert Parallelism (EP) [20], [25].
This design choice reduces parallel configuration complexity
by combining FSDP’s parameter sharding with EP’s expert
distribution, reducing the reliance on explicit, complex tensor
and pipeline partitioning and thus substantially narrowing the
search space for optimal parallel configurations. DLROVER-
LM demonstrates that, by (1) minimizing communication
overhead through effective computation-communication over-
lapping and (2) constructing high-performance fused opera-
tors via expert-guided local compilation, this hybrid parallel
approach achieves training performance comparable to that
of 3D parallelism. In addition, DLROVER-LM introduces
a proactive, multi-agent-driven self-healing mechanism that
entails node health monitoring, collaborative diagnostics, and
flash checkpointing techniques. Together, these mechanisms
enable DLROVER-LM to achieve high training efficiency
and robust fault tolerance, without requiring complex manual
configuration, exhaustive parallel tuning, or frequent human
intervention during fault recovery.

DLROVER-LM has been deployed in AntGroup’s data cen-
ter for training LLMs of various parameter scales. In summary,

the main contributions of DLROVER-LM are as follows:

e We advocate a hybrid FSDP + EP strategy for training
large-scale MoE-based LLMs on moderate-scale clusters
(e.g., around 3,000 accelerators). By leveraging communi-
cation—computation overlapping and operator fusion tech-
niques, our approach achieves efficient end-to-end training
performance while remaining easy to configure and extend.'

o We design a multi-agent diagnosis and recovery assistance
framework. This framework aims to accurately identify the
root cause of faults and achieve an efficient, automated fault
recovery process through multi-agent interaction and collab-
orative reasoning with the computing cluster. Furthermore,
we optimize the node health check mechanism and flash
checkpointing technology to ensure rapid fault detection and
recovery during large model training.

« We conducted comprehensive evaluation of DLROVER-LM
on a production cluster at AntGroup. When training a 290B
parameter MoE model on 3,072 accelerators, DLROVER-
LM achieved a model floating point operation utilization
(MFU) of 24%, with performance comparable to Megatron-
LM that requires expensive fine-tuning of the parallel con-
figuration. Additionally, in long-term production clusters,
DLROVER-LM quickly and autonomously recovered from
20+ failures, ultimately achieving 95% of training time.

« We have open-sourced DLROVER-LM and shared a wealth
of best practices for training LLMs. These resources enable
Al researchers to efficiently train LLMs out of the box.

II. BACKGROUND AND MOTIVATION

In this section, we first provide the background of the MoE
architecture as well as main parallelism strategies for LLMs
training, and then discuss two key challenges encountered
when training large-scale MoE models.

A. Preliminaries

Mixture of Experts (MoE) is an architecture that employs
multiple specialized sub-networks (e.g., MLP), known as
experts. As illustrated in Figure 2 (I), in transformer archi-
tectures, MoE typically enhances the standard Feed-Forward
Network (FFN) layers. Instead of utilizing a single dense FFN,
the MoE structure replaces it with multiple parallel expert
sub-networks. A dedicated gating network (or router) within
each MoE layer evaluates input representations to select and
combine the outputs from the most suitable experts, effectively
capturing specialized knowledge or skills across diverse inputs.
This architecture substantially increases model capacity and
versatility without proportionally raising computational cost.

3D Parallelism, or three-dimensional parallelism, refers to
the integrated use of tensor [19], pipeline [20], and data [18]
parallelism to scale LLM training efficiently across thousands
of GPUs. Specifically, model parameters are split across de-
vices within a layer (tensor parallelism), layers are distributed
across sequential pipeline stages (pipeline parallelism), and

'For large-scale production training, distributed configurations can be
manually tuned using Megatron-LM to enable further scaling.
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Fig. 2.
parallel execution plans when using the FSDP + EP hybrid parallel strategy.

multiple model replicas process different input batches (data
parallelism). Each dimension introduces unique synchroniza-
tion patterns, e.g., intra-layer A11Reduce for TP, activation
send/recv between PP stages, and gradient A11Reduce
across DP replicas, whose combined overhead can become
the primary bottleneck at scale. While 3D parallelism can
potentially achieve near-linear scaling on massive clusters, it
demands careful orchestration of interconnect topology, stage
balancing, and fault recovery, making its implementation and
tuning highly complex in practice.

Fully Sharded Data Parallelism (FSDP) [24], [26] eliminates
redundant model replication across data-parallel workers by
sharding parameters, gradients, and optimizer states evenly
among devices. Specifically, FSDP stores only a local shard
of each tensor and reconstructs full parameters on demand
during computation: Before executing a layer’s forward or
backward pass, FSDP performs an A11Gather to materialize
the relevant parameters across ranks, then immediately frees
them after use by ReduceScattering gradients back to
their owning shards. This dynamic gathering—sharding work-
flow reduces peak memory consumption while maintaining
mathematical equivalence to standard data parallel training.
The approach, however, introduces heavy collective com-
munication overhead and synchronization complexity due to
AllGather/ReduceScatter operations at every layer.
Expert Parallelism (EP) [27] is a specialized form of model
parallelism tailored for MoE architectures, where only a small
subset of experts is activated per input token. In EP, individual
experts — typically independent feed-forward networks — are
distributed across different GPUs, and tokens are dynamically
routed to their assigned experts using a learned gating function.
This routing requires two A11ToAll collective operations
per MoE layer: one to dispatch tokens to the correct experts
and another to gather the processed outputs back to their
originating ranks. While this design enables efficient scaling
of sparsely activated models by distributing experts across
devices, it introduces substantial communication overhead
and potential load imbalance among experts. Consequently,

GPU1 ) L_GPUO GPU1
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(I) shows the LLM with MoE architecture. (II) depicts the expert parallelism strategy employed by the experts. (a) and (b) illustrate the different
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Fig. 3. FSDP partitions the model parameters across multiple accelerators
and uses collective communication operations to exchange parameters and
synchronize gradient updates during training.

achieving high training efficiency depends on optimizing the
A11ToAll operations (e.g., via fused collectives).

B. Key Challenges

Complexities in Parallel Training. While 3D parallelism
enables fine-grained partitioning of both data and model com-
ponents to scale training across thousands of accelerators, its
implementation introduces deep systems-level challenges. The
interplay between tensor, pipeline, and data parallelism creates
nontrivial dependencies among communication, memory, and
scheduling domains, making holistic optimization difficult.
In practice, as summarized in Table I, different parallel
configurations can yield Hardware FLOPs Utilization (HFU)
variations ranging from 17% to 60%, largely driven by inter-
stage pipeline bubbles, all-reduce synchronization delays, and
uneven parameter partitioning across accelerators.

Efficiently realizing 3D parallelism requires sophisticated
resource orchestration to balance memory usage, minimize idle
time, and coordinate collective operations. However, memory
fragmentation often arises because model shards differ in
size across layers, while pipeline stages exhibit imbalanced
compute intensities that produce stragglers. Furthermore, over-
lapping collectives such as A11Reduce (DP), Al1Gather
(TP), and point-to-point sends (PP) can easily saturate the
interconnect fabric, especially in heterogeneous clusters. As
the scale of training increases, identifying a globally optimal
partitioning and communication schedule becomes combina-
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torially complex, often requiring extensive tuning to approach
near-optimal performance, e.g., days of tuning effort [19]

Such intricate configuration and tuning requirements be-
come a major bottleneck for industrial teams that must rapidly
iterate on new model architectures, parameter sizes, and train-
ing recipes. As a result, the demand for “ease-of-use” has
driven growing interest in simpler training strategies such as
FSDP, which abstracts away the need for multi-dimensional
configuration and enables single-command scaling across clus-
ters. While such simplicity greatly lowers the engineering bar-
rier — through automatic end-to-end sharding of model states
— it introduces new communication bottlenecks. In particular,
at large scale, FSDP’s layer-wise synchronization collectives
(e.g., AllGather/ReduceScatter) dominate end-to-end
training time. As shown in Figure 4, FSDP’s training efficiency
decreases with larger GPU counts, as Model FLOPs Utilization
(MFU) declines and communication ratio rises. This tension
between usability and scalability motivates us to develop new
parallelization strategies that preserve FSDP’s ease of deploy-
ment while mitigating its communication overhead through
more efficient sharding and collective scheduling (§IV-A).
Difficulties in Fault Handling. Modern training systems, as
shown in Figure 5, must periodically save model states and
coordinate recovery across hundreds of nodes.

When anomalies occur, such as stalled workers or node
failures, the system typically pauses and then triggers a recov-
ery procedure that may involve process restarts or checkpoint
rollbacks. Specifically, for transient errors, training can resume
by restarting the process. In contrast, hardware failures, such
as faulty compute nodes, commonly require manual inspection

TABLE II
CLASSIFICATION OF LLM TRAINING TASK ANOMALIES.

Type Taxonomy Symptoms
Immediate Algorithm Bugs .. .
Infra Errors Training Failure
Fault
Hardware Errors
Algorithm Bugs
Gradual Hardware Training
Fault Aging/Overheat Hang
Inappropriate
Configuration

by an expert. After diagnosing the issue, the system requests
a healthy compute node to replace the faulty one and resumes
training at the most recent checkpoint, i.e., a process that can
take 1 to 2 hours, as shown in Figure 5.

Worse, accurately distinguishing between transient faults
and persistent hardware failures is notoriously difficult. For ex-
ample, in our year-long observation of hundreds of production-
scale LLM training jobs (see Table II), we found that GPU-
related issues accounted for 48.4% of all failures, often
manifesting as inconsistent or misleading symptoms across
ranks. These faults, together with software anomalies and
communication hangs, expose the limitations of the common
two-step recovery scheme: “restart first, replace later”: (1)
The system frequently misclassifies anomalies, leading to
ineffective recovery actions such as repeated, futile restarts.
(2) It lacks mechanisms for early risk detection — e.g., training
hangs often require a timeout before being recognized as
failures, delaying recovery by 15-30 minutes.

Fundamentally, fault handling at this scale is hard be-
cause training involves asynchronous collectives, heteroge-
neous hardware health signals, and incomplete observability
across nodes. An effective fault tolerance framework must
therefore fuse multi-source diagnostic signals — e.g., from logs,
metrics, and health monitors — and perform adaptive recovery
based on real-time inference of fault type and severity (§IV-B).

III. SYSTEM OVERVIEW

We introduce DLROVER-LM, an efficient and reliable
platform for LLM training, designed to achieve two key objec-
tives: (1) Ease-of-use with high performance. DLROVER-LM
provides simple access to end-users, allowing them to focus
on the algorithms without delving into system optimizations,
while maintaining high throughput and hardware utilization.
(2) Fault tolerance. DLROVER-LM can quickly and ac-
curately identify faults and automatically perform recovery
operations to ensure the continuity of large-scale distributed
training and minimize the impact of training interruptions.
System Architecture. Figure 6 shows the architecture of
DLROVER-LM. First, DLROVER-LM provides a thin Trainer
API, serving two primary functions: it enables the config-
uration of the computational cluster and allows users to
submit training models and training datasets. The simplicity
of this API allows users to focus exclusively on algorithm
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Fig. 6. Overview of DLRover-LM.

development, eliminating concerns regarding the complexities
of system configuration and optimization. Upon submission of
the user’s algorithm-focused code, DLROVER-LM employs
a hybrid parallelism approach (detailed in §IV-A), parti-
tioning the model into segments distributed across multiple
GPUs. This approach optimizes resource utilization and ac-
celerates the training process. To further improve efficiency,
DLROVER-LM’s training engine incorporates optimizations
at both communication (§IV-A2) and computational operator
levels (§1V-A3), thereby significantly reducing computation
latency and communication overhead.

During the training of a model training task, the health
checker module is tasked with monitoring the cluster’s status
and collecting information from the cluster (§IV-B1). This
information is then relayed to the job manager. Based on
the collected metrics and the training status, the job manager
decides on task management strategies, such as triggering
efficient node replacements and checkpoint recovery (§IV-B3).
When an anomaly occurs, the job manager notifies the LLM-
based multi-agent system (§IV-B2) of the anomaly infor-
mation. The multi-agent system then conducts an in-depth
analysis of the fault, relying on the information provided by
the job manager, and provides a precise solution.

IV. DESIGN OF DLROVER-LM

We first introduce DLROVER-LM’s hybrid parallel strategy
with the combination of FSDP and EP to train LLMs with

the MoE architecture (§IV-A). Next, we present DLROVER-
LM’s self-healing mechanism (§IV-B) that achieves efficient
fault detection and recovery through proactive fault detection,
multi-agent anomaly diagnosis, and fast checkpointing.

A. Hybrid FSDP + EP Parallelism Strategy

As discussed in Section §II-B, hybrid parallelism offers a
flexible design space for scaling LLM training, yet selecting
and tuning the optimal combination remains nontrivial. We
therefore focus on a hybrid strategy combining FSDP and
EP, motivated by two key observations. First, EP naturally
decomposes the global communication domain into smaller
local groups, reducing the synchronization overhead that limits
FSDP scalability. Second, both FSDP and EP expose compact
and well-defined execution plan spaces, simplifying automatic
configuration relative to 3D parallelism. In our production
experiments (§V-B), this hybrid FSDP + EP scheme achieves
comparable throughput to carefully tuned 3D parallel setups
while requiring substantially less tuning effort.

1) EP- vs. FSDP-Prioritized Hybrid Strategy: When
using a hybrid parallel strategy with FSDP and EP, we need
to consider two schemes: (i) EP-prioritized strategy (Figure
2(a)): All experts in the MoE layer of the model are first allo-
cated to different computational nodes for expert-level parallel
computation. Subsequently, within each node, the assigned
experts are partitioned across different accelerators. (ii) FSDP-
prioritized strategy (Figure 2(b)): All experts in the MoE layer
are first sliced into multiple segments. Then, a portion of
the segments from each expert is selected and placed at the
same node for computation. Both schemes incur non-trivial
communication overhead for the MoE layer computation.

In the EP-prioritized scheme, tokens are first routed to their
assigned experts with an infer-node A11toAl1 operation, fol-
lowed by an intra-node A11Gather operation that assembles
fragmented expert parameters (distributed across accelerators
in the same node) for expert computation. Once completed,
the output tokens are routed back to their original nodes
using another inter-node A11toAll operation. In contrast,
the FSDP-prioritized scheme first routes tokens using an intra-
node A11toAll operation. Then, it aggregates fragmented
expert parameters through an infer-node A11Gather opera-
tion, forming complete expert parameter sets for computation.
Finally, outputs are redistributed back to their original accel-
erators via another intra-node A11toAl1l operation.

The relative efficiency of the two strategies depends pri-
marily on communication cost, which in turn varies with
hardware topology and model scale [28]. We formalize the
communication cost as follows:

Communication Cost. We define the communication volume
of AllGather as: C, = P x (N — 1)/N, where P is the
number of parameters per MoE layer and N represents the
number of accelerators. The volume of AL1ToAll is: Cg =
DxKxHx(N—1)/N, where D is the size of training data, K
is the number of experts to which each token is routed, and H
represents the hidden size of the FFN layer among the experts.
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Therefore, when employing the FSDP + EP hybrid parallelism
strategy, the total communication volume is: C' = C,, + 2C3.

We use B, to denote the inter-node communication rate
and B; to denote the intra-node rate; communication latency
is the volume of communication divided by the communication
rate. Hence, for the EP-prioritized scheme, the latency is
represented as: T, = C,/B;+2Cg/B,, while for the FSDP-
prioritized scheme, the latency is: Tysqp = Co/Ba+2C3/B,.
Discussions. In our production environment (§V-B), we ob-
serve that (1) the communication volume of AllGather
(Cy) is typically smaller than that of A11toAll (C) and
(2) inter-node communication bandwidth is significantly lower
than intra-node bandwidth. For instance, in representative
commercial GPU clusters at AntGroup, NVLink provides up to
900 GB/s intra-node bandwidth, whereas InfiniBand intercon-
nects offer only 50 GB/s inter-node bandwidth. Under these
conditions, the FSDP-prioritized hybrid strategy is prefer-
able because it confines most A11ToAll operations within
nodes, minimizing cross-node communication overhead. Con-
sequently, DLROVER-LM adopts the FSDP-prioritized hybrid
parallel strategy by default to ensure training efficiency and
scalability. Nonetheless, when inter-node bandwidth becomes
higher or model size grows such that Cz dominates intra-node
traffic, the EP-prioritized variant becomes more advantageous.
In such cases, DLROVER-LM can switch to EP-prioritized
operation based on hardware profiling, ensuring adaptability
across diverse cluster environments.

Although the FSDP-prioritized strategy confines most col-
lective operations within nodes to improve communication
locality, its native implementation still exhibits noticeable per-
formance gaps — primarily from inter-node A11Gather com-
munication latency and inefficient operator execution. These
findings motivate two targeted optimizations presented next:
(1) hiding communication cost through overlapped scheduling
of computation and communication, and (2) constructing high-
performance operators to enhance kernel-level efficiency.

2) Hiding Communication Cost: Inter-node communi-
cation overhead due to relatively low cross-node network
bandwidth remains a major bottleneck in FSDP-prioritized
LLM training. To mitigate this, we introduce an optimized
overlap strategy that hides A11Gather latency by scheduling
communication concurrently with preceding computations.

As shown in Figure 7(a), consider the interaction between
the operations F'1 and AGg;. Here, the E'1 operation cannot
commence until the A11Gather operation completes, since
E1 relies directly on the results from AGg;. Consequently,
there is no overlap between these two operations. In contrast,
the communication operation AGg; is independent of its
preceding computational operations and can thus be started
earlier. By scheduling AGg; concurrently with the preced-
ing computational operation Al, as depicted in Figure 7(b),
we create an effective overlap between communication and
computation, effectively masking the overhead incurred by the
AllGather communication operation.

However, a key challenge arises: the A11Gather opera-
tions introduce additional memory overhead for temporarily

storing communication data, which cannot be released un-
til the dependent computational operations finish execution.
Consequently, careful scheduling of A11Gather operations
is essential to ensure that peak memory usage stays within the
device’s available capacity. Moreover, multiple A11Gather
communication operations can be fused into a single, more
efficient Al1Gather operation. This fusion reduces the
overhead associated with initiating numerous collective com-
munications and enhances network bandwidth utilization by
batching data transfers. In essence, the primary challenge is
striking an optimal balance between memory limitations and
maximizing the fusion of A11Gather operations to minimize
overall communication overhead.

To determine the optimal overlap pattern, we formu-

late communication—computation scheduling as a constraint-
based optimization problem that minimizes total execution
time while satisfying dependency and memory-capacity con-
straints [29]. We solve this model using Google OR-Tools [30],
an off-the-shelf operations research solver, to derive the
optimal start times and fusion groupings for AllGather
operations. The resulting execution schedule is then integrated
into DLROVER-LM as a static runtime pattern to enforce
efficient overlapping during training.
Constraint-based Scheduling Model. Specifically, we first
profile the latency O' of each operator O under the non-
overlapping baseline, as illustrated in Figure 7(a). We then
introduce a decision variable O, representing the start time
of each operator, constrained by dependency and resource
availability relationships. The model, defined in Equation 1,
captures when independent operators can execute concurrently
while respecting memory and ordering constraints. Therefore,
the optimization objective is to minimize the completion time
of the final operator C'n®, thus to reduce the total pipeline
execution time.

FEi* > Di* + Di, i=1,---,

n
EBi* > AG%, + AGY,, i=1,---,n
Ai*>C8  +CL,,  i=2--,n
Ai* > AGY,; + AGY,, i=2,---.n (1
Gi® > Ai® + Adl, i=1,---,n
Di* > Gi* + Gi, i=1,-.,n
Ci® > Ei® + Ei, i=1,---,n

Based on the optimized operator start times obtained
from the scheduling model, we fuse consecutively executed
AllGather operators into a single, more efficient collective.
We then validate whether the resulting overlap pattern fits
within device memory limits; if not, we iteratively adjust the
schedule to avoid out-of-memory conditions. In practice, this
optimization yields an overlap configuration that effectively
hides 100% of the communication latency of AllGather
operations, as shown in Figure 7(b). More specifically, we fuse
the Al1Gather operations for retrieving parameters of the
nth layer Expert and the (n+1)th layer Attention, overlapping
them with the attention and gate computation of the nth layer.
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Benefit Analysis. The overlapping pattern in DLROVER-LM
substantially reduces communication latency by overlapping
AllGather operations and fusing two consecutive collec-
tives into a single launch. Compared to the non-overlapping
baseline, this design eliminates most communication idle time
and cuts collective-launch overhead by roughly half.

3) Constructing High-Performance Operators: Optimiz-
ing computational operators is essential for improving overall
training performance. While experts can manually craft highly
optimized custom kernels like FlashAttention [31], [32], this
approach lacks scalability and struggles to keep pace with
rapidly evolving model architectures in production environ-
ments. Conversely, relying solely on full-graph compilation
using tools like XLLA [33] often proves impractical due to
excessive compilation times (e.g., over 30 minutes for a 7B
model) and the need for frequent recompilation upon input
changes, hindering rapid development cycles.

To bridge this gap, we adopt an expert-guided local com-
pilation strategy. Experts first leverage performance profiling
tools (e.g., Nsight Systems [34]) to pinpoint computational
bottlenecks. Instead of attempting whole-graph optimization,
they selectively annotate only these critical sub-graph regions
for localized compilation by XLA. The resulting optimized
operators can then be further fine-tuned by experts for precise
adaptation. For example, we identified that individual Dropout,
Add, and LayerNorm operators underutilized accelerator re-
sources. After expert annotation, XLA generated a fused
operator integrating these three operations, reducing kernel
launch overhead and improving memory access efficiency.

Complementing XL A’s graph-level strengths, we integrate
Triton [35] for rapid prototyping and debugging of custom
CUDA kernels at the operator level. This is particularly ben-
eficial as XLA typically generates C++ code, which can have
high maintenance costs and limited portability across different
accelerator types. We leverage Triton for secondary develop-
ment of key operators like Cross-entropy and RMSNorm, en-
hancing code portability and reducing maintenance overhead.
This synergistic approach, combining Triton’s kernel-level
agility with XLA’s localized graph optimization capabilities,
delivers efficient and scalable operator performance without

Fig. 8. DLROVER-LM’s mode health monitoring and
fault recovery mechanisms.

sacrificing development velocity.

Summary. DLROVER-LM’s FSDP-prioritized hybrid paral-
lelism effectively balances scalability, efficiency, and ease of
deployment. By prioritizing intra-node communication locality
and introducing overlap and operator optimizations, it hides
most inter-node Al1Gather stalls and achieves near-optimal
utilization, thus improving training throughput. In production-
scale runs, this design achieves performance comparable to
carefully tuned 3D-parallel systems while requiring far less
configuration complexity and tuning effort (§V).

B. Multi-Agent, Collaborative Self-Healing

To achieve fast and efficient fault detection and recovery,

we present a self-healing runtime system for DLROVER-
LM based on a multi-agent architecture, as illustrated in
Figure 6. The system comprises two main components: a
health check module, which continuously monitors node states
and pre-validates candidate replacements to avoid cascading
failures (§1V-B1); and a multi-agent diagnosis system, which
coordinates distributed agents to localize faults and select
recovery strategies (§1V-B2). Additionally, a lightweight flash-
checkpointing mechanism (§IV-B3) enables rapid saving and
restoration of model states, reducing downtime during recov-
ery. Together, these components provide automated, collabo-
rative fault detection and repair, thus maintaining high training
availability with minimal manual intervention.
Workflow. As shown in Figure 6, DLROVER-LM employs a
hierarchical, multi-agent workflow for real-time fault detection
and recovery. (i) Each GPU group periodically reports runtime
metrics and heartbeats to the job manager’s health check
module, which performs continuous monitoring and anomaly
detection. Missing or irregular heartbeats trigger an alert to
the multi-agent diagnosis system. (ii) Upon receiving an alert,
distributed diagnosis agents analyze runtime traces and aux-
iliary telemetry to identify potential root causes and propose
recovery actions. (iii) The multi-agent coordinator selects and
issues an appropriate self-healing plan, such as isolating a
faulty node or reallocating workloads, to the Job Manager.
(iv) Finally, the Job Manager executes the recovery procedure,
e.g., with the flash-checkpointing mechanism to restore model
states and resume training with minimal disruption.
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Fig. 9. DLROVER-LM’s multi-agent, collaborative self-healing system.

1) Node Health Monitoring and Fault Detection: To en-
sure timely fault detection in large-scale clusters, DLROVER-
LM employs a two-tier monitoring design combining both
passive and proactive validation.

At the passive layer, each GPU group periodically (every
few seconds) sends heartbeat packets containing hardware and
system metrics — such as GPU temperature, SM utilization,
and NCCL/CUDA logs — to its worker controller, which
forwards them to the health check module, as illustrated in
Figure 8. The module flags nodes as failed when heartbeats
are missing or abnormal (e.g., fault-related information within
the heartbeat payload), and reports fault metadata to the multi-
agent diagnosis system for analysis.

Because simple heartbeat loss cannot capture gradual per-
formance degradation (e.g., performance degradation in com-
munication or computation due to accelerator or network
card issues), DLROVER-LM adds a pre-check mechanism for
proactive validation. First, during cluster initialization, nodes
perform lightweight compute (e.g., Gemm) and communication
(e.g., AllGather) probes in groups to verify readiness.
Suspect nodes undergo secondary verification with known-
healthy peers before being marked faulty. Further, during
training, idle nodes are pre-validated with the same tests before
replacing failed ones, ensuring immediate readiness. The pre-
check mechanism also runs periodic speed and performance
audits to detect latent degradation, maintaining long-term
cluster reliability. This way, these dual mechanisms enable
early fault discovery and stable training continuity, while
minimizing false detections and recovery delay.

2) Multi-Agent Anomaly Diagnosis: As discussed in Sec-
tion II-B, diagnosing training anomalies in large-scale LLM
clusters is notoriously difficult, because a single symptom
(e.g., a training hang) may stem from different sources (e.g.,
transient network congestion, GPU hardware degradation, or
CUDA kernel deadlocks). Traditional rule-based diagnosis
tools struggle with such complexity, since static rules cannot
effectively distinguish overlapping causes or evolving system
states. Manual inspection, in contrast, is too slow and costly at
production scale. To address these limitations, DLROVER-LM
develops a multi-agent anomaly diagnosis system inspired by
collaborative human debugging (similar in spirit to the D-Bot
system [36], yet distinct in scope, scale, and purpose).

Each agent represents a specialized “domain expert”, fo-
cusing on a subsystem such as Network, System, or CUDA
Kernel. Agents collect and analyze subsystem-specific signals
(e.g., metrics, logs, and traces) using dedicated diagnostic tools
(e.g., NCCL traces, CUDA logs, XPUTimer [37]). A Leader
Agent coordinates this team, synthesizing multi-modal evi-
dence into a unified root-cause hypothesis that no single agent
could infer alone. As illustrated in Figure 9, the diagnosis
proceeds in three collaborative phases:

Step 1. Anomaly identification and team formation: Upon
receiving an anomaly alert from the health check module, the
Metric Agent performs quick triage, examining tensor-core
utilization, GPU temperature, and communication throughput
to verify that the anomaly is genuine. The Leader Agent then
reviews historical records (e.g., recent NCCL or GPU failure
logs) to hypothesize likely fault domains and forms a task-
specific agent team. Because domain-specific diagnostic data
are scarce, DLROVER-LM fine-tunes its internal LLM models
on curated diagnostic documents and log annotations, enabling
the agents to reason over highly technical artifacts beyond
what generic LLMs can interpret.

Step 2. Collaborative expert analysis: Under the Leader’s
coordination, domain experts perform coarse-to-fine investi-
gation across their respective subsystems. Agents use special-
ized debugging utilities (e.g., XPUTimer) and consult pre-
registered diagnostic corpora (e.g., NVIDIA driver documen-
tation, CUDA API traces, NCCL runtime logs). Note that each
tool’s APIs, usage methods, and return data types, along with
document cross-references, are pre-configured within the tool
and document libraries. The Leader aggregates partial findings
and iteratively refines hypotheses, triggering additional queries
or targeted measurements when ambiguity remains.

As a concrete example, Figure 10 shows how DLROVER-
LM’s Leader Agent performs chain-of-thought reasoning dur-
ing the diagnosis of a representative ‘“Process Hang” failure.
The process begins with the leader distinguishing between
user-space and kernel-space stalls by consulting the System
Agent via pyspi stack tracing. Once the kernel-space hang
is confirmed, the leader invokes both System and Network
Agents to eliminate infrastructure causes through dmesg log
and connectivity analyses. When these checks reveal normal
GPU and network status, the leader hypothesizes a synchro-
nization barrier fault and requests evidence from the CUDA
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Fig. 10. Multi-agent collaborative reasoning for diagnosing a process hang.

Agent, which traces kernel execution using XPU-Timer. The
collected trace indicates that ranks 0, 2—7 are blocked in a
synchronize () call while rank 1 is absent, revealing a
worker stall that prevents collective completion.

Step 3. Strategy generation and execution: Once the root
cause is confirmed, a Decision Agent selects the most suit-
able recovery strategy, such as restarting a failed process,
reallocating tasks, or isolating a degraded node, balancing
recovery time, resource stability, and cost. Each decision,
diagnostic interaction, and execution result is automatically
logged and incorporated into a persistent knowledge base,
which continuously improves future diagnostic accuracy. The
logs are also made visible to operators for transparency,
allowing them to audit the automated reasoning process and
intervene when necessary.

3) Flash Checkpointing: Our operational analysis re-
vealed that the majority of training interruptions (e.g., 75%)
are caused by short-lived, transient faults, such as NCCL
timeouts and network jitter, that rarely require full remote re-
covery. Yet, native checkpointing implementations tend to treat
all faults equally, forcing every checkpoint to flush through
slow remote storage. This not only wastes I/O bandwidth but
also prolongs recovery cycles. To address this, we invent a
flash checkpointing mechanism that (i) leverages local memory
caching to sustain high-frequency, low-latency persistence,
and (ii) integrates tightly with DLROVER-LM’s self-healing
agents to adapt recovery behavior to detected fault types.

As shown in Figure 8, flash checkpointing involes a CPU-
side cache module between accelerators and remote storage.
During training, runtime states are streamed to a worker mon-

TABLE III
SPECIFICATIONS OF DIFFERENT Al ACCELERATORS.

Device [ Peak FLOPS(T) [ Memory(GB) [ NVLink(GB/s)

A 989 140 900
B 989 80 900
C 312 80 600
TABLE IV
MODEL PARAMETER CONFIGURATION.
Head | Expert | Hidden | Intermediate | Expert | Layer
Model Name Num | Num | Size Size Size | Num
Qwen2-57B 28 64 3584 18944 2560 | 28
Qwen3-235B 40 128 4096 12288 1536 | 94
Ling-Plus-290B | 56 64 5376 12288 3072 88

itor, which triggers the cache module to retrieve checkpoint
data from GPUs and temporarily store them in host memory
via PCle — avoiding long network transfers. These cached
states are then asynchronously flushed to remote storage in the
background, ensuring that checkpointing never blocks compu-
tation. This enables sub-second checkpointing operations (e.g.,
0.2. seconds), even for multi-gigabyte model states.

Upon fault detection, DLROVER-LM selects recovery
strategies based on fault type. For transient failures (roughly
75% of observed cases) the system simply reloads the cached
checkpoint locally, bypassing remote reads and resuming
training within seconds. For severe node failures, checkpoints
are reloaded from remote storage into the cache module on
replacement nodes before GPU synchronization. This fault-
aware reuse of cached checkpoints balances rapid recovery
for soft faults with reliability guarantees for hard failures.
Summary. The self-healing design of DLROVER-LM, inte-
grating hierarchical health monitoring, multi-agent diagnosis,
and flash checkpointing, achieves reliable, low-latency fault
recovery at scale. The hierarchical monitoring and collab-
orative diagnosis components enable early fault detection
and accurate classification, while flash checkpointing provides
fault-adaptive recovery with minimal training interruption.

V. EVALUATION

We have implemented DLROVER-LM with 130K lines
of Python and 15k lines of Go. DLROVER-LM is open
source and available publicly at: https://github.com/intelligent-
machine-learning/dlrover. DLROVER-LM has been deployed
in AntGroup’s production environment, operating stably since
January 2024 on an HPC cluster with over 3,000 accelera-
tors. In this section, we show that DLROVER-LM achieves
comparable training performance as state-of-the-art training
frameworks (e.g., Megatron-LM), while substantially reducing
trial-and-error tuning efforts, providing robust fault tolerance,
and significantly improving stability and anomaly recovery
times in real-world production environments.

A. Experimental Setup

Testbed. We evaluated DLROVER-LM on a production HPC
cluster at AntGroup. The cluster comprises 3,072 accelerators
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TABLE V
STRONG-SCALING TRAINING PERFORMANCE FOR THE 290B MOE MODEL.

Iteration Throughput Trial-and-error

System #Accelerators . el
Time(s) (tokens/s) Times Time (min)
256 132.4 360.5k 6 60-90
512 68.8 727.5k 7 90-130
Megatron-LM 1024 35.1 1428.4k 10 150-220
2048 18.7 2681.7k 12 240-360
3072 13.3 3770.5k 16 400-600
256 131.0 372.1k 1 8-10
512 69.0 727.0k 1 10-15
DLRover-LM 1024 35.7 1402.6k 1 15-20
2048 19.3 2596.8k 2 40-60
3072 14.0 3582.7k 2 50-70

interconnected via high-speed InfiniBand networks. Unless
noted otherwise, Device C (Table III) was used.

Workloads. We employed three models with different param-
eter scales: Qwen2-57B [38], Qwen3-235B [39], and our own
Ling-Plus-290B [40]. Table IV provides detailed configura-
tions for the MoE models used in our evaluation. To ensure
fair comparisons, we consistently used the same batch size,
and the sequence length was fixed at 4096.

Comparison Baselines. To comprehensively assess the per-
formance of DLROVER-LM, we select two representative
parallel training frameworks as comparison baselines: (1)
Megatron-LM [19], a state-of-the-art open-source LLLM train-
ing framework, which integrates multiple parallelism tech-
niques. (2) PyTorch FSDP-V2 [41], the standard implementa-
tion of pure FSDP, serving as a direct baseline for our hybrid
strategy and optimizations.

Evaluation Metrics. We evaluated DLROVER-LM across
multiple dimensions: computational efficiency, end-to-end per-
formance, usability, and stability. Our primary metric for
computational efficiency is Model FLOPs Utilization (MFU),
which measures the ratio of achieved FLOPs to theoretical
hardware FLOPs. End-to-end performance and scalability are
measured via iteration time and throughput (tokens/s). Usabil-
ity is assessed by the estimated configuration tuning effort
(attempts and time). System stability and fault tolerance are
evaluated using metrics including Mean Time To Recovery
(MTTR), diagnostic accuracy, and overall training goodput .

B. Performance Study

Scalability. Table V summarizes the strong-scaling training
performance of Megatron-LM and DLROVER-LM on the
290B MoE model. We scaled the number of accelerators
while keeping the global batch size fixed. Across all settings,
the training tasks supported by Megatron-LM were optimized
through multiple rounds of expert-driven 3D parallelism con-
figurations to attain nearly optimal training performance. In
contrast, DLROVER-LM- employing the FSDP+EP hybrid
parallelism — achieves comparable performance (e.g., within
5% of the iteration time and throughput differences with 3072
accelerators) without a complex configuration. Meanwhile,
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Fig. 11. Weak-scaling comparison (normalized MFU) of DLROVER-LM vs.
Megatron-LM on different hardware.
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Fig. 12. Performance gain breakdown comparing DLROVER-LM against
baseline FSDP for the 235B model on Device A.

DLROVER-LM sustains the model’s convergence, as depicted
in Figure 14(a) — the training loss curves between DLROVER-
LM and Megatron-LM overlap to each other.

Crucially, DLROVER-LM drastically reduces the configu-
ration overhead. As Table V indicates, through representative
estimates based on our production experience, achieving opti-
mal configuration with Megatron-LM typically requires 6 to 16
tuning attempts and hours of accelerator runtime (e.g., 6.7-10
hours at 3072 accelerators). In contrast, DLROVER-LM, due
to its greatly simplified configuration space, typically requires
only 1 to 2 attempts, converging to an efficient setup in tens of
minutes. Moreover, the tuning “Time (min)” primarily reflects
accelerator runtime and doesn’t fully capture the extensive
engineering analysis required between Megatron-LM runs, nor
potential delays from resource contention in shared clusters.
In contrast, DLROVER-LM’s minimal tuning significantly
alleviates these substantial hidden operational overheads.

Figure 11 presents the weak-scaling performance, where we
scaled the global batch size proportionally with the number of
accelerators (from 64 to 512) to maintain a constant work-
load per accelerator. In these experiments, DLROVER-LM
demonstrates competitive throughput, achieving 1.05-1.06x
that of Megatron-LM, indicating its efficiency at these scales.
While performance scales reasonably well, a slight decline
in DLROVER-LM’s normalized MFU is observable as the
cluster size increases (from 64 to 512 GPUs). This is expected
in weak-scaling scenarios due to the increasing overhead
of global communication operations (e.g., Al1lGather in
FSDP), which typically increase with the number of partic-
ipants, reducing the proportion of time spent on computation.
Performance Gain Breakdown. To understand the sources of
DLROVER-LM’s performance gains over the baseline FSDP-
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TABLE VI
MFU IMPROVEMENT BREAKDOWN WHEN TRAINING THE 290B MODEL.

Idx Method MFU (A MFU)

8.7%
18.0% (9.3% 1)
192% (1.2% 1)
23.0% (3.8% 1)

1 baseline

2 (1) with expert parallelism
3 (2) with efficient operators
4 (3) with overlap optimization
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Fig. 13. Yearlong trends of (a) goodput rate, (b) fault-tolerance success rate,
and (c) average anomaly recovery time using DLROVER-LM compared to
the baseline.

V2, we present a detailed breakdown analysis in Figure 12.
DLROVER-LM consistently achieves higher MFU, outper-
forming FSDP-V2 by up to 1.57x as shown in Figure 12(b).
The iteration time breakdown, as shown in Figure 12(a),
explains why: DLROVER-LM significantly reduces exposed
communication time (i.e., communication not hidden by com-
putation) compared to FSDP-V2. This reduction is primarily
achieved through our hybrid FSDP+EP strategy combined with
effective communication-computation overlapping .

Ablation Study. To access the effectiveness of each opti-
mization component in DLROVER-LM, we conducted step-
by-step ablation experiments. As depicted in Table VI, for a
task executed on 3,072 accelerators, the baseline scheme based
on FSDP-V2 attains only 8.7% MFU, primarily constrained by
the cross-node communication overhead. By implementing a
hybrid FSDP + EP parallel strategy (i.e., the FSDP-prioritized
scheme), the MFU increases to 18.0% (+9.3%). The training
speed is further enhanced by introducing optimized high-
performance operators (+1.2%). Finally, with the computation-
communication overlapping technique (+3.8%), the commu-
nication overhead is largely hidden, resulting in an MFU of
23.0%. Therefore, with all these optimizations, DLROVER-
LM achieves a 1.64x relative performance improvement com-
pared to the baseline.

C. Training Stability

Production Adoption and Evaluation. DLROVER-LM has
been deployed in AntGroup’s production cluster since January
2024. Figure 13 depicts the variations in goodput rate, fault-
tolerance success rate, and average anomaly recovery time for
multiple LLM training tasks in the production cluster from
January 2024 to January 2025.

(1) Improved goodput rate. As illustrated in Figure 13(a),
the goodput rate within the cluster experiences a notable
increase due to DLROVER-LM’s fault-tolerance capabilities

75 ~ 100
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Fig. 14. (a) The training loss curve of DLROVER-LM compared with
Megatron-LM. (b) The training progress of the 290B LLM, highlighting fault
recovery events.
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Fig. 15. Diagnosis system performance comparison (DLROVER-LM vs.
Rule-Based vs. Human Expert) on 30 real-world cases.

(§IV-B). In comparison to the earlier (with a more basic
stability system), the average goodput rate of LLM rises
from 69% to 95%. (2) Enhanced fault tolerance. Figure
13(b) demonstrates that DLROVER-LM significantly boosts
the fault-tolerance success rate, increasing it from the initial
60% to 93%, due to its accurate multi-agent anomaly diagnosis
mechanism. (3) Reduced anomaly mean repair time. As shown
in Figure 13(c), DLROVER-LM substantially shortens the
anomaly-repair duration of LLM training tasks. (i) For tasks
requiring fewer than 1,000 accelerators, the average anomaly-
repair time is reduced from approximately 15 minutes to 2
minutes with DLROVER-LM. (ii) For tasks requiring more
than 1,000 accelerators, the average anomaly-repair time is
decreased from around 25 minutes to 10 minutes.
Production Task Tracking. We traced a two-week production
task for the 290B model on 3,000+ accelerators, as depicted in
Figure 14(b). During this run, DLROVER-LM automatically
detected and rectified over 20 irregularities. For instance, it
diagnosed a “Failure” as a GPU malfunction and triggered
a node replacement. It also detected a “Hang” (network
congestion) via XPUTimer [37] in 1 minute, avoiding a 30-
minute timeout, and diagnosed another “Hang” as a subtle
CUDA synchronization error. Overall, the system achieved
97% training uptime and 95% effective training time.
Pre-Check Mechanism Evaluation. For anomalies in a train-
ing task using 1024 accelerators, the earlier manual inspec-
tion approach requires approximately 2 hours. In contrast,
DLROVER-LM’s pre-check mechanism (§1V-B1) can identify
the faulty node in approximately 5 minutes with its group
detection method. This pre-check mechanism guarantees sta-
bility at the onset of task initiation and decreases the number
of anomalies in the cluster by around 15%.

Multi-Agent Based Diagnosis. To evaluate the effective-
ness and efficiency of our multi-agent system (§IV-B2), we
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benchmarked its performance against a traditional rule-based
engine and human experts using 30 real-world anomaly cases.
We measured diagnostic accuracy, action accuracy, and Mean
Time To Recovery (MTTR), with results shown in Figure
15. DLROVER-LM achieves diagnostic and action accuracies
(90% and 87%) comparable to human experts (97%) and
significantly outperforms the rule-based engine (63%). This
demonstrates that its collaborative reasoning overcomes the
limitations of rigid rules, enabling correct identification of root
causes even for complex and ambiguous faults where rule-
based systems often fail (e.g., misdiagnosing kernel hangs as
network issues). Regarding efficiency, DLROVER-LM drasti-
cally reduces the MTTR to just 15 minutes, automating the
time-consuming manual diagnosis process required by human
experts (average 53 minutes). While the rule-based engine
offers fast initial diagnosis in simple cases, its low accuracy
leads to frequent misdiagnoses, resulting in repeated failures
and restarts, which ultimately inflate its overall MTTR to 33
minutes. Thus, DLROVER-LM uniquely combines near-expert
accuracy with high automation efficiency.
The Effect of Flash Checkpointing. After applying the
flash checkpointing technique (§IV-B3) to a task using 1,536
accelerators, the time overhead associated with checkpointing
is significantly reduced, as depicted in Figure 16.
Specifically, prior to the implementation of flash checkpoint-
ing, the training process performed checkpointing every 250
steps (approximately 1.5 hours) and saved the training state to
the Cloud Parallel File Storage (CPFS). Each checkpointing
operation required blocking the training for approximately 2
minutes, as shown in Figure 16(a) (i.e., Save CKPT). After
applying flash checkpointing, each checkpointing only requires
blocking the training for 0.2 seconds — a 600x reduction in
pause time — allowing checkpointing frequency to increase to
every 10 steps without throughput loss. Figure 16(a) further
shows that flash checkpointing reduces checkpoint load time
(i.e., Load CKPT) by roughly 50% compared to the baseline.
Although cached CPU-side loading eliminates I/O delays, the
overall gain is limited by the high overhead of repeated layer-
by-layer FSDP initialization — a bottleneck we identify as
a future optimization target. Figure 16(b) reports cumulative
overheads across a week of training: flash checkpointing
reduces total checkpointing time from 201 minutes to 3 min-
utes. This 99% reduction in checkpointing overhead further
translates to markedly improved recovery responsiveness —

i.e., mean recovery time after a failure drops from 231 to 34
minutes (6.8x faster) due to a more frequent checkpointing
schedule.

VI. RELATED WORK

Distributed Parallelism. Scaling LLM training relies on
techniques like data [24], [26], [42], tensor [19], [27],
[43], pipeline [20], [44]-[46], and 3D [16] parallelism. Sys-
tems like ZeRO [47]-[49] reduce memory redundancy via
state partitioning. While combining multiple modes (e.g.,
DeepSeek [50]-[53]) or using automatic parallelism compil-
ers [28], [54]-[56] offers flexibility, they introduce significant
complexity or search time. Further optimizations for MoE
models involve intricate heterogeneous mappings (MoE Par-
allel Folding [57]) or customized communication strategies
(MegaScale-MoE [58]). In contrast, our work focuses on a
simple-yet-effective hybrid FSDP+EP strategy, enhanced by
optimizations rather than complex search or mappings.
Communication Optimization. To address communication
bottlenecks, techniques include traffic reduction (e.g., mixed-
precision, gradient compression) [53], [59] and system-level
optimizations. The latter includes heterogeneous memory man-
agement and communication-computation overlap [15], [47],
[60]-[62]. While modern frameworks like TensorFlow [63],
[64] and PyTorch [10], [42] integrate basic overlap, simply en-
abling overlap is insufficient. Our work provides a systematic
scheduling optimization to maximize this overlap in a complex
hybrid-parallel setup.

Fault Tolerance. Fault tolerance mechanisms are broadly
reactive or proactive. Reactive methods, such as rollback re-
covery [65], checkpointing [66], and heartbeat detection [67],
restore service post-failure but often incur significant recovery
overhead. Proactive strategies try to anticipate failures via
prediction and migration [68]-[72]. However, both approaches
lack mechanisms for automated, high-accuracy root cause
analysis of complex LLM failures. Our work addresses this
gap with a multi-agent diagnostic framework inspired by D-
Bot [36], tailored for cluster-scale LLM training failures,
unlike D-Bot’s system-level database focus.

VII. CONCLUSION

We have presented DLROVER-LM, a distributed training
framework for efficient and reliable MoE-based model training
in large-scale production environments with thousands of
GPUs. DLROVER-LM integrates a hybrid FSDP+EP par-
allelism approach, with optimizations like communication-
computation overlapping to hide communication latency and
expert-assisted operator fusion for better efficiency. Addition-
ally, DLROVER-LM includes an automated multi-agent self-
healing system that detects faults and recovers from fail-
ures using collaborative efforts from domain-specific experts,
improving training stability. We believe this work provides
valuable insights and techniques for building LLM training
systems, and the open-source release of DLROVER-LM will
benefit the broader Al community.
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