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1 Introduction

The Mixture-of-Experts (MoE) paradigm has become a cornerstone for scaling large neural networks
by enabling conditional computation: only a small subset of specialized “expert” subnetworks is acti-
vated per input, dramatically increasing model capacity without a proportional rise in computational
cost. Modern MoE-based language models—ranging from Google’s Switch Transformer and GLaM
to open-source efforts like Mixtral and DeepSeek—routinely push parameter counts into the trillions
while keeping inference and training costs manageable. A key enabler of this scalability is expert
parallelism: distributing different experts across devices so that multiple experts can be computed in
parallel.

Despite its benefits, expert parallelism introduces significant operational complexity. Checkpoint
files become tightly coupled to a specific parallelism strategy, since model and optimizer states are
sharded differently depending on the number of experts and devices. In practice, resuming training
with a different GPU count or expert configuration requires custom conversion scripts—or is simply
unsupported—hindering flexibility in both research exploration and production deployment. Existing
checkpointing frameworks (e.g., PyTorch DDP, ZeRO, and Megatron’s 3D parallelism support) offer
limited reconfiguration capabilities, and recent universal checkpointing approaches focus primarily
on dense models, leaving MoE architectures unaddressed.

In this work, we present UCP-EP, an extension of the Universal Checkpointing framework in Deep-
Speed that enables seamless reconfiguration of expert parallelism in MoE models. By introducing a
new “Unique-MoE” pattern for matching and transforming sharded expert parameters, along with
two mapping operators (Local-to-Global and Global-to-Local ID translation), UCP-EP decouples
checkpoint formats from any specific expert layout. We demonstrate that UCP-EP can (1) decrease
or increase the expert parallelism degree mid-training, (2) transition between expert and data par-
allelism, and (3) preserve training fidelity across all configurations, all without manual checkpoint
conversion scripts. Our contributions pave the way for more flexible and efficient experimentation
with large-scale MoE architectures.

2 Background

2.1 MoE Model

The Mixture-of-Experts (MoE) paradigm, first formalized in Jacobs et al.|[1991]], has emerged as a
powerful framework for scaling neural networks by decomposing a large model into a collection of
smaller, specialized “expert” subnetworks, each of which focuses on a different region of the input
space. In practice, an MoE layer consists of IV expert networks (e.g. small feed-forward blocks),
together with a trainable gating network that, for each input token or example, computes a sparse
probability distribution over the experts and routes the input only to the top-k experts, as shown in
Figure|l| This sparsity makes it possible to dramatically increase the total parameter count (and thus
representational capacity) without incurring a proportional increase in computational cost, since only
a small subset of experts is activated per token.
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Figure 1: A Visual Guide to Mixture of Experts (MoE).

The original Adaptive Mixtures of Local Experts model Jacobs et al.|[1991] demonstrated that, by
dividing the learning problem into subtasks—each handled by an expert—and coordinating them
via a gating mechanism, one can achieve improved data efficiency and generalization. Since then,
MOoE architectures have been refined with techniques such as load-balancing losses to prevent expert
collapse, auxiliary routing regularizers to smooth expert utilization, and hierarchical or multi-stage
gating to capture more nuanced patterns [Jiang et al.|[2024a], DeepSeek-Al et al.[[2024].

Today, Mixture-of-Experts has become a de facto trend in large-scale model releases: from Google’s
Switch Transformer and GLaM to recent open-source innovations like Mixtral, DeepSeek, Llama4
and several of the latest GPT-style variants, MoE layers are being incorporated to push parameter
counts into the trillions while keeping inference costs manageable. This surge reflects the com-
munity’s recognition that conditional computation via dynamic expert selection is one of the most
effective—and economical—ways to continue scaling deep learning models without linear increases
in FLOPs.

2.2 Expert Parallelism

The MoE architecture has emerged as a pivotal approach to scaling deep learning models efficiently.
By activating only a subset of specialized “experts” for a given input, MoE models achieve significant
computational savings while maintaining high performance. Expert parallelism, wherein different
experts are distributed across multiple devices, is central to this efficiency, enabling large-scale
models to be trained and inferred effectively.

Figure]illustrates the concept of expert parallelism in Mixture-of-Experts (MoE) models. On the left,
all experts (Expert 1, Expert 2, Expert 3) are colocated on a single GPU, and the router sends each
input token to the appropriate expert within that device. On the right, expert parallelism is applied:
each expert is placed on a separate GPU (GPU 1, GPU 2, GPU 3), and the router distributes tokens
across GPUs according to the expert assignment. This enables parallel computation of different
experts and requires inter-GPU communication for token routing. By distributing experts across
multiple devices, expert parallelism allows MoE models to scale to larger sizes and higher throughput,
while maintaining efficient utilization of hardware resources.

Early implementations such as GShard [Lepikhin et al., 2020] and the Switch Transformer [Fedus
et al., 2022] laid the foundation by demonstrating the viability of sparse activation and expert
distribution. GShard utilized a top-2 gating mechanism with all-to-all communication to distribute
computations across devices, while Switch Transformer simplified this by employing a top-1 gating
strategy, reducing communication overhead.

Recent research has focused on addressing the challenges associated with expert parallelism, par-
ticularly communication bottlenecks and load imbalance.[Cai et al., [2024] introduced the Shortcut-
connected Mixture-of-Experts (ScMoE) architecture, which decouples communication from com-
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Figure 2: Visualization of Expert Parallelism from NVIDIA NeMo. Experts are distributed across
GPUs with parallel computation and inter-GPU token routing.

putation, allowing for substantial overlap between the two. This approach achieved training speed
improvements of up to 30% and inference speedups of 40% in specific hardware environments.

Yao et al.| [2024]] proposed ExFlow, an optimization technique that leverages inter-layer expert
affinity to reduce cross-GPU communication during inference. By aligning expert placement with
token routing patterns, ExFlow achieved up to a 2.2 x improvement in inference throughput without
requiring model fine-tuning.

To tackle load imbalance, MoETuner [|Go and Mahajan, 2025] introduced an Integer Linear Program-
ming (ILP) formulation to optimize expert-to-GPU assignments. This method minimized inter-GPU
token routing costs and balanced token processing loads, resulting in end-to-end speedups of up to
17.5% in multi-node inference scenarios.

Further advancements include Lancet [Jiang et al.,2024b], which employs whole-graph computation-
communication overlapping to accelerate MoE training. By overlapping non-MoE computations
with communication phases, Lancet reduced non-overlapping communication time by up to 77% and
achieved a 1.3x speedup over prior solutions.

A recent survey by [Cai et al., 2025 provides a comprehensive taxonomy of MoE models, detailing
algorithmic and system-level designs, open-source implementations, and empirical evaluations. This
serves as a valuable reference for future research.

In summary, expert parallelism in MoE models has evolved significantly, with recent research
addressing key challenges in communication efficiency and load balancing. These advancements
have enhanced the scalability and performance of large-scale deep learning models, solidifying expert
parallelism as a critical component in modern Al architectures.

3 Challenges

The distributed checkpoints are highly coupled to specific model parallelism strategy. For example,
data parallelism (e.g., PyTorch DistributedDataParallel [Li et al.|[2020])), one of the most commonly
used parallelism strategies, replicates model weights and optimizer states across GPUs, and therefore
only one rank (e.g., rank 0) saves the entire model states in a checkpoint file. When resuming training,
each data parallel worker loads the same checkpoint file before launching the training iterations.
Other parallelism techniques, such as ZeRO Rajbhandari et al.|[2019] and 3D parallelism |[Narayanan
et al.| [2021], shard model parameters and optimizer states across GPUs. Since the model states are
partitioned across GPUs, each GPU separately saves and loads checkpoint files that contain only a
fraction of model state it owns.



Model parallelism-coupled distributed checkpoints lead to a relatively simple checkpointing sav-
ing/loading pipeline, because the checkpointing loading is simply the reverse of checkpoint saving
process for each worker. This design also carries a performance advantage because distributed
checkpoint saving requires to block all parallel workers, and having each parallel worker saves the
model states it owns incurs no additional synchronization overhead and does not negatively impact
the overall training speed.
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Figure 3: Existing distributed checkpoints are highly coupled to expert parallelism strategy. Each
worker saves its own unique sharded MoE parameters (P) and op- timizer states (OS). Reconfiguring
Expert Paralleism requires altering each sharded parameter and optimizer states

However, this coupled design introduces significant challenges in reconfiguring checkpoints for
different parallelism strategies, necessitating manual development of conversion scripts between
parallelization schemes. Consequently, existing frameworks offer limited support for parallelism
reconfiguration, typically restricted to basic operations such as modifying the data parallel degree in
distributed data parallel implementations (Contributors|[2023]] or performing weight-only conversions
for inference scenarios NVIDIA|[2024]. While Universal Checkpointing has demonstrated potential
as a unified framework supporting arbitrary parallelism strategies, its current implementation focuses
on dense models and lacks support for modifying expert parallelism in MoE architectures.

As shown in Figure[3] the challenge of modifying expert parallelism degrees in MoE models stems
from the complex partitioning of model states across both GPUs and experts. Consider a 2-expert
MoE model where each GPU maintains the model states for one expert while storing optimizer states
for all experts. Transitioning from 2 to 4 experts requires splitting and redistributing optimizer states
across GPUs, introducing additional complexity in state management.

The need for flexible expert parallelism degree adjustment arises in several critical scenarios. In
multi-node training environments, where the number of GPUs per node remains constant but the
total node count may vary dynamically, expert parallelism must adapt to maintain optimal resource
utilization. Similarly, inference scenarios may require adjusting expert parallelism to match available
GPU resources—for instance, consolidating a 2-expert model onto a single GPU for deployment.

4 Design and Implementation

Our design builds upon the Universal Checkpointing framework in DeepSpeed, extending its capabil-
ities to support expert parallelism reconfiguration in Mixture-of-Experts (MoE) models.

4.1 Extend the Pattern Set

Universal Checkpointing enables flexible parallelism reconfiguration through pattern-based trans-
formations of distributed checkpoint files. The effectiveness of this approach hinges on the careful



design and selection of patterns. Optimal patterns must exhibit two essential properties: coverage
and flexibility. Coverage ensures comprehensive mapping between distributed checkpoints across
diverse parallelism strategies and model architectures, while flexibility enables seamless parallelism
reconfiguration operations.

To facilitate expert parallelism reconfiguration, we designed patterns that comprehensively capture
sharded model states and optimizer states in MoE models. These patterns must identify both the
sharded states for individual experts and the inter-GPU expert mappings.

In our MoE model architecture, each expert possesses two identifiers: a global expert ID and a local
expert ID. The global expert ID serves as a unique identifier across all GPUs, while the local expert
ID identifies experts within a specific GPU. The relationship between these identifiers is represented
as a mapping matrix, where rows correspond to GPUs and columns to experts.

Since checkpoints only store local expert IDs, we developed a pattern that can identify local expert
IDs and map them to their global counterparts, while also tracking sharded model and optimizer
states for each expert.

To address these requirements, we designed the Unique-MOoE pattern.

4.2 Pattern-Aware Reconfiguration Operators

Based on Uniquie-MoE pattern, we developed two key operators:

1. L2G-ID (Local-to-Global ID): This operator maps local expert IDs to global expert IDs through
a lookup in the mapping matrix. It serves to decouple checkpoints from specific expert parallelism
strategies.

2. G2L-ID (Global-to-Local ID): This operator performs the reverse mapping, converting global
expert IDs to local expert IDs during the loading process.

5 Evaluation

We implemented UCP-EP in DeepSpeed and evaluate UCP-EP through a series of experiments on
training LLMs.

5.1 Evaluation Methodology

Workloads. For the accuracy evaluation, we focus on evaluating Mixtral-style Transformer based
models. We use a subset of the Pile dataset|Gao et al.|[2020] for training to evaluate the impact to the
training loss with and without reconfigured parallelism from UCP-EP.

Hardware. We conducted our experiments on: 4xA100 80GB GPUs (256GB DRAM, 10TB storage,
200Gbps interconnect).

5.2 Decrease the Expert Parallelism Degree

To evaluate UCP-EP’s capability of resuming training with reduced GPU count and expert parallelism
degree, we first trained the MoE model with EP=4. Given resource constraints, we conducted the
experiment for 200 iterations. At the 100th iteration, we enabled UCP on the saved checkpoints and
resumed training with different parallelism configurations and GPU counts. We tracked the language
model loss throughout the process. As demonstrated in Figure ] the training successfully resumed
with EP=1 parallelism strategies without any degradation in performance.

5.3 Increase the Expert Parallelism Degree

We evaluated UCP-EP’s ability to scale up training by increasing both GPU count and expert
parallelism degree. Starting with an MoE model trained using EP=2, we ran the experiment for 200
iterations under resource constraints. At iteration 100, we applied UCP to the saved checkpoints
and resumed training with expanded parallelism configurations and additional GPUs. Throughout
this process, we monitored the language model loss. As shown in Figure[3] the training successfully
scaled up to EP=4 while maintaining model performance.
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Figure 4: Training curves of decrease EP degree.
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Figure 5: Training curves of increase EP degree.

5.4 Change to other parallelsim strategy

To demonstrate UCP-EP’s flexibility in switching between different parallelism strategies, we con-
ducted experiments transitioning from expert parallelism to data parallelism. We initialized training
with an MoE model using EP=2 and ran for 200 iterations under our resource constraints. At the
midpoint (iteration 100), we applied UCP to the checkpoints and reconfigured the training setup
to use data parallelism. The experiment successfully transitioned to DP=4 while preserving model
performance, as evidenced by the consistent loss values shown in Figure[6]
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Figure 6: Training curves of changing from EP to DP.

6 Conclusion

We have introduced UCP-EP, a pattern-based extension to DeepSpeed’s Universal Checkpointing that
addresses the longstanding challenge of reconfiguring expert parallelism in MoE models. By defining
a Unique-MoE pattern to capture both local and global expert identifiers and implementing two
lightweight mapping operators, UCP-EP fully automates the transformation of distributed checkpoints
across arbitrary expert layouts. Our empirical evaluation on Mixtral-style Transformers shows that
training can be paused and resumed with fewer or more experts—or even switched to pure data
parallelism—without any degradation in model loss.

By decoupling checkpoint formats from expert parallelism strategies, UCP-EP unlocks more agile
experimentation and resource utilization for MoE-based LLMs. We believe that this capability
will accelerate research and simplify production deployments of next-generation trillion-parameter
models.
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