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Abstract

Recent advances in large language models (LLMs) have
driven impressive progress in omni-modal understanding and
generation. However, training omni-modal LLMs remains a
significant challenge due to the heterogeneous model archi-
tectures required to process diverse modalities, necessitating
sophisticated system design for efficient large-scale training.
Existing frameworks typically entangle model definition with
parallel logic, incurring limited scalability and substantial en-
gineering overhead for end-to-end omni-modal training. We
present OmniScale, a modular and efficient training frame-
work to accelerate the development of omni-modal LLMs.
OmniScale introduces model-centric distributed recipes that
decouples communication from computation, enabling effi-
cient 3D parallelism on omni-modal LLMs. OmniScale also
features a flexible configuration interface supporting seam-
less integration of new modalities with minimal code change.
Using OmniScale, a omni-modal mixture-of-experts (MoE)
model with 30B parameters can be trained with over 2,800 to-
kens/sec/GPU throughput and scale to 160K context lengths
via 3D parallelism on 128 GPUs, showcasing its superior ef-
ficiency and scalability for training large omni-modal LLMs.

Code — https://github.com/ByteDance-Seed/VeOmni

Introduction
The evolution of large language models (LLMs) has pro-
gressed from unimodal specialization towards unified omni-
modal understanding and generation (Sun et al. 2024c; Liu
et al. 2025; Wu et al. 2025). Recent models such as GPT-
4o (Hurst et al. 2024) and BAGEL (Deng et al. 2025a) ex-
hibit strong performance across diverse multimodal tasks.
These tasks include visual question answering (Alayrac
et al. 2022; Guo et al. 2023), controllable image genera-
tion (Zhang et al. 2023; Li et al. 2025), and multimodal
reasoning (Wang et al. 2024c; Su et al. 2025; Huang et al.
2025b), highlighting the growing potential of LLMs as
general-purpose omni-modal agents.

*These authors contributed equally.
†Corresponding author
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As LLMs are extended to handle diverse modalities, their
architectures have become increasingly heterogeneous and
complicated. State-of-the-art omni-modal LLMs typically
incorporate multiple modality-specific pre-trained networks
to process inputs with fundamentally different properties,
such as continuous signals (e.g., images, audio) and discrete
sequences (e.g., text). In these omni-modal models, a lan-
guage model often serves as the central backbone (Vaswani
et al. 2017; Brown et al. 2020), connecting with vision en-
coders (Dosovitskiy et al. 2021), audio encoders (Dong, Xu,
and Xu 2018), and image generation networks (Ho, Jain,
and Abbeel 2020; Goodfellow et al. 2020) through learned
bridging mechanisms.

Despite these advances, the development of omni-modal
LLMs still lags behind their unimodal counterparts. This
gap is largely attributed to the absence of scalable training
frameworks tailored for omni-modal tasks. While numer-
ous mature and widely adopted systems exist for training
language models on text-to-text tasks (Shoeybi et al. 2019;
Narayanan et al. 2019, 2021; Li et al. 2023; Shen et al. 2024;
Liang et al. 2025; veScale Team 2024), few frameworks are
designed to support any-to-text tasks (Huang et al. 2024a;
Zhang et al. 2024b; Ji et al. 2024; Feng et al. 2025). Cru-
cially, none of these frameworks enable end-to-end training
for fully omni-modal scenarios, i.e., any-to-any learning, re-
vealing the necessity for scalable infrastructure to build the
next generation of omni-modal LLMs.

Extending existing training frameworks to omni-modal
LLMs is non-trivial. To address the growing parameter sizes,
modern training frameworks leverage various distributed
training strategies (Shoeybi et al. 2019; Narayanan et al.
2019; Li et al. 2020; Narayanan et al. 2021) to alleviate com-
putation and memory bottlenecks. For example, Megatron-
LM (Shoeybi et al. 2019; Narayanan et al. 2021) provides
optimized transformer blocks (Vaswani et al. 2017) with ad-
vanced parallelization strategies like tensor parallelism (TP)
and pipeline parallelism (PP). However, as omni-modal ar-
chitectures become complex in both functionality and pa-
rameter size, directly applying these techniques to omni-
modal LLMs often leads to load imbalance and poor scal-
ability (Feng et al. 2025), due to the current frameworks
tightly couple model definition with parallel logic. This en-
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Figure 1: Comparison between OmniScale and Existing Training Frameworks.

tanglement hiders generalization to more diverse model ar-
chitectures. Although recent efforts (Huang et al. 2024a;
Zhang et al. 2024b; Feng et al. 2025) attempt to mitigate the
inefficiencies of omni-modal training, they still suffer from
the coupling of communication and computation, resulting
in significant engineering cost and limited extensibility.

To efficiently train large omni-modal LLMs, OmniScale
introduces model-centric distributed recipes that decouple
model definition from parallel logic. As shown in Figure 1,
distributed strategies such as fully sharded data parallel
(FSDP), hybrid sharded data parallel (HSDP) (Zhao et al.
2023; Liang et al. 2025), sequence parallelism (SP) (Jacobs
et al. 2023), and expert parallelism (EP) (Zhang et al. 2025)
can be applied to model blocks via a high-level parallel plan
API. This design effectively separates communication from
computation and has been validated in recent LLM train-
ing systems (Liang et al. 2025). OmniScale supports flexi-
ble composition of parallel strategies (e.g., FSDP+SP for 2D
and FSDP+SP+EP for 3D parallelism), enabling a range of
training recipes tailored to dense or MoE models. By decou-
pling parallel logic, new modality-specific modules can be
integrated with minimal engineering effort, as computation
modules need not account for distributed concerns. In ad-
dition, OmniScale provides a lightweight interface for cus-
tomizing omni-modal LLMs, allowing users to easily add or
remove modality-specific encoders and decoders.

Our contributions are as follows:
(1) We propose model-centric distributed recipes that ef-

ficiently scale omni-modal training using n-D parallelism
with minimal engineering overhead.

(2) We introduce a light-weight configuration interface for
easy customization of omni-modal LLMs.

(3) We demonstrate OmniScale’s competitive efficiency
and scalability across 8–128 GPUs on models ranging from
7B to 72B parameters under omni-modal scenarios.

Related Work
Multi-Modal and Omni-Modal LLMs
Recent advances in large language models (LLMs) have in-
creasingly focused on developing multi-modal and omni-
modal capabilities. The prevailing approaches include incor-
porating modality-specific encoders into the input space of
the LLMs for multimodal understanding (Liu et al. 2023;

Wang et al. 2024b; Yin et al. 2023; Lin et al. 2023), and
attaching generative decoders to the output space for mul-
timodal generation (Huang et al. 2024b; Tian et al. 2025)
or embodied action prediction (Black et al. 2024; Kim
et al. 2024). More recently, omni-modal LLMs that sup-
port unified understanding and generation across modali-
ties have emerged, aiming to align arbitrary modality fea-
tures with language in a shared latent space. Based on a
unified paradigm of auto-regressive modeling over multi-
modal embeddings, these models differ significantly in how
the modality features are encoded and decoded. Some (Team
2024; Wu et al. 2025) adopt discrete-token generation
pipelines based on VQ-VAE series (Esser, Rombach, and
Ommer 2020; Razavi, Van den Oord, and Vinyals 2019).
Some (Wang et al. 2024a; Huang et al. 2025a; Sun et al.
2024b) employ continuous-token generation via latent diffu-
sion models (Rombach et al. 2022; Podell et al. 2023). Oth-
ers (Deng et al. 2025b; Yang et al. 2025; Zhou et al. 2024)
explore hybrid architectures that combine diffusion-based
generation with auto-regressive decoding. In addition, some
works proposed alternative next-token prediction schemes,
such as masked generation (Li et al. 2024), next patch pre-
diction (Pang et al. 2024), next scale prediction (Tian et al.
2024), next block prediction (Ren et al. 2025), offering in-
creased flexibility beyond standard auto-regressive decod-
ing. Given this diverse landscape of model architectures,
OmniScale offers a flexible and extensible framework for
building and scaling new modeling paradigms.

LLM Training Frameworks
The landscape of large language model training frame-
works has evolved significantly to address the computa-
tional demands of scaling. For pure text training, several
mature frameworks have established themselves as industry
standards. Megatron-LM (Shoeybi et al. 2019; Narayanan
et al. 2021) pioneered optimized transformer blocks with ad-
vanced parallelization strategies including tensor parallelism
(TP) and pipeline parallelism (PP), becoming the foun-
dation for many subsequent frameworks. Colossal-AI (Li
et al. 2023) extends this paradigm by offering compre-
hensive 3D parallel training strategies that combine data,
tensor, and pipeline parallelism for enhanced scalability.
NeMo (Shen et al. 2024) provides an end-to-end cloud solu-

24272



SigLip, 
Navit…

VidTok,
Clip…

WavTok ,
Whisper…

Qwen, LLaMA, Deepseek, …

Input Tokens Output Tokens V
Q

V
A

E
, D

iT, …

Encoder Foundation Decoder

PretrainedModel
Attr    config    
Func  forward()

EncoderMixin
Func  lm_encode()
Func  projector()

PretrainedModel
Attr    config
Attr    lm_head
Func  forward()

FoundationMixin
Func  get_pos_id()

PretrainedModel
Attr    config
Func  forward()

DecoderMixin
Func  lm_encode()
Func  lm_head()
Func  lm_embed()
Func  lm_generate()

Enc.

Dec. Dec.

Enc.

Dec.

Enc.Enc.

Enc.

Enc.

Figure 2: Composite Architecture for Omni-Modal LLMs. The architecture consists of three fully decoupled modules:
Encoder, Foundation, and Decoder.

tion specifically designed for training large-scale LLMs with
enterprise-grade features, while TorchTitan (Liang et al.
2025) and veScale (veScale Team 2024) represent the newer
generation of PyTorch-native frameworks that emphasize
auto-parallelization and simplified programming models.

In the multi-modal domain, specialized frameworks have
emerged to handle the unique challenges of any-to-text
training. DistMM (Huang et al. 2024a) introduces opti-
mizations specifically tailored for multimodal LLM train-
ing, while DistTrain (Zhang et al. 2024b) addresses model
and data heterogeneity through disaggregated training ap-
proaches. Align Anything (Ji et al. 2024) focuses on cross-
modality model training with feedback mechanisms, and
Optimus (Feng et al. 2025) accelerates large-scale multi-
modal LLM training through bubble exploitation tech-
niques. However, these existing frameworks primarily target
either text-to-text or any-to-text scenarios, leaving a signifi-
cant gap in supporting comprehensive omni-modal training
(any-to-any) scenarios. Our framework addresses this limi-
tation by providing a scalable and modular solution specifi-
cally designed for the complexities of omni-modal training,
enabling seamless integration of diverse modalities within a
unified training pipeline.

OmniScale: Scalable Omni-Modal Training
OmniScale designs a model-centric framework that is na-
tively suitable for training omni-modal models. This frame-
work includes a diverse range of distributed training strate-
gies, enabling any modality to be easily scaled up for large-
scale clusters.

Light-Weight Omni-Modal Customization
To support training across arbitrary modalities, we propose
a plug-and-play architecture that allows any combination of
multimodal encoders and decoders to be flexibly attached to
the input and output sides of a foundation model, as shown in
Fig. 2. This modular and fully decoupled design decouples
system-level operations from model-specific computation,
allowing the streaming pipeline to operate independently of

the model pipeline. Therefore, OmniScale enables easy ex-
tension and scaling of diverse omni-modal LLMs.

Our core design centers around a lightweight protocol
tailored for each component. Specifically, encoder and de-
coder modules implement a unified interface by extending
the PreTrainedModel class from HuggingFace along
with a task-specific mixin. This design ensures compatibility
with standard training workflows and enables all modules to
be registered, initialized, and executed consistently.

During training, for input modalities, each encoder im-
plements an lm encode function that encodes raw modal-
ity data into token embeddings, which are then inserted into
the input embeddings of the foundation model. Similarly,
decoder modules implement the lm encode function to
provide training-time inputs representing the target output
tokens. The final outputs from the foundation model are
decoded into the target modality using lm head function,
completing the end-to-end mapping.

In the inference phase, for each prediction step, the output
hidden states is passed through the corresponding modal-
ity decoder’s lm embed function, which generates embed-
dings that are used as inputs for the foundation model’s next
token prediction. Once all tokens have been predicted, the
decoder’s lm generate function is invoked to generate
the final modality-specific output.

Model-Centric Distributed Recipe Zoo
To support large-scale distributed training of omni-modal
LLMs, OmniScale offers a modular suite of distributed
training strategies, including Fully Sharded Data Parallelism
(FSDP), Sequence Parallelism (SP), and Expert Parallelism
(EP), designed to handle challenges such as training with
ultra-long sequences and efficiently scaling large mixture-
of-experts (MoE) models. OmniScale enables users to freely
compose distributed training recipes tailored to their model
architectures and modality-specific requirements, without
needing to manage low-level implementation details. The
framework is designed with the following principles:

1. Non-intrusive distributed training APIs. OmniScale de-
couples the model architecture from the underlying dis-
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tributed training mechanisms, enabling users to compose
multimodal models flexibly without modifying low-level
parallelization code.

2. Support for long context training. OmniScale accom-
modates training workloads involving extremely long se-
quences across different modalities, which is a common
challenge in omni-modal training.

3. Efficient scaling for MoE models. OmniScale facilitates
efficient training of large-scale MoE models through in-
tegrated expert parallelism, achieving both scalability
and compute efficiency.

In the following sections, we introduce each of these dis-
tributed technologies in OmniScale and demonstrate how
they are integrated to support scalable omni-modal training.

Fully and Hybrid Sharded Data Parallel Fully Sharded
Data Parallel (FSDP) is a highly efficient implementation
of the Zero Redundancy Optimizer (ZeRO-3) (Rajbhandari
et al. 2020) in PyTorch. Its primary advantage is the sig-
nificant reduction in memory required on each GPU dur-
ing training. By sharding a model’s parameters, gradients,
and optimizer states across all available devices, FSDP al-
lows for the training of extremely large models that would
otherwise exceed the memory capacity of a single GPU. A
key advantage of FSDP is its non-intrusive design, which
decouples the model’s architecture from the parallelization
strategy. This means developers can focus on designing their
models without needing to modify the underlying code to ac-
commodate the distributed training setup. This non-intrusive
nature makes FSDP exceptionally well-suited for training
omni-modal LLMs. Since these models are defined by their
complex and heterogeneous architectures, FSDP’s ability
to parallelize training without requiring any changes to the
model’s code makes it an ideal solution. OmniScale inte-
grates both FSDP1 (Zhao et al. 2023) and FSDP2 (Liang
et al. 2025) as fundamental components of its distributed
training stack, and provides a unified API for easy config-
uration.

To further improve training efficiency, OmniScale inte-
grates Hybrid Sharded Data Parallel (HSDP), an extension
of FSDP designed to minimize communication overhead.
HSDP utilizes a 2D device mesh, combining FSDP within
“shard groups” and Distributed Data Parallel (DDP) across
“replicate groups”. This hybrid approach drastically cuts
down on inter-node communication, enabling even greater
scalability. The switch to the more efficient HSDP is as sim-
ple as changing one parameter in the configuration, with no
modifications to the underlying code required.

Sequence Parallelism for Long Context Training With
the advancement of state-of-the-art omni-modal LLMs, the
sequence lengths required for training have grown signifi-
cantly, particularly in domains such as high-resolution im-
age or video understanding and generation (Wang et al.
2024b; Zhang et al. 2024a; Gao et al. 2025). This trend to-
ward longer sequences poses substantial challenges in terms
of both computational cost and memory consumption. Effi-
ciently addressing the demands of long context training is

therefore critical for scaling model capacity and unleash-
ing the full potential of omni-modal architectures. To ad-
dress this, OmniScale adopts DeepSpeed Ulysses (Jacobs
et al. 2023), a highly efficient sequence parallelism tech-
nique specifically designed for transformer training on ultra-
long sequences. DeepSpeed Ulysses splits activations along
the sequence dimension and strategically orchestrates all-
to-all communications during attention computation, ensur-
ing that communication volume remains constant when both
sequence length and device count are scaled proportion-
ally. This design enables high efficiency and scalability for
long-context model training. A core advantage of OmniS-
cale is its provision of a non-intrusive interface for deploy-
ing Ulysses. Developers can seamlessly leverage DeepSpeed
Ulysses without needing to modify model-building code
or directly interact with the underlying implementation de-
tails. In particular, OmniScale enhances the implementation
of Flash Attention (Dao et al. 2022) by integrating Deep-
Speed Ulysses while keeping fully compatible with the de-
fault attention, enabling the straightforward adoption of ad-
vanced attention acceleration methods within sequence par-
allel workflows.

Furthermore, to optimize training throughput, we intro-
duce Async-Ulysses, an enhanced implementation designed
to overlap communication and computation. This version
schedules the all-to-all communication operations to execute
concurrently with the linear projection computations. By ef-
fectively hiding a significant portion of the communication
latency behind computation, this approach yields substantial
improvements in training performance.

Expert Parallelism for MoE Model Scaling Mixture-of-
Experts (MoE) architectures have emerged as a mainstream
solution for scaling large models efficiently (DeepSeek-AI
2025), particularly due to their ability to sparsely activate
subsets of parameters during inference and training, en-
abling significant improvements in both computational ef-
ficiency and model capacity. In the context of omni-modal
foundation models, adopting MoE architectures as the back-
bone not only reduces training cost but also enhances model
performance across diverse modalities by dynamically allo-
cating expert capacity based on input content.

To support the scalable training of MoE-based omni-
modal LLMs, OmniScale introduces a user-friendly and
flexible interface for expert parallelism, allowing users to
easily apply expert sharding across devices without man-
ual configuration. This interface is compatible with widely
used MoE variants and supports plug-and-play integration,
thereby significantly lowering the barrier to implementing
distributed expert parallelism.

A major bottleneck in large-scale MoE training lies in all-
to-all communication required for routing tokens to their as-
signed experts, introducing substantial latency. To mitigate
this, OmniScale incorporates fine-grained communication-
computation overlapping techniques inspired by recent ad-
vances (Zhang et al. 2025; Chang et al. 2024). These works
hide communication latency by scheduling collective op-
erations concurrently with local expert computation, elim-
inating the need for complex pipeline-level solutions such
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Figure 3: Overview of OmniScale’s n-D Parallelism Design. The left figure illustrates the data flow of OmniScale during the
training of omni-modal LLMs. The encoder for each modality processes its respective input, and then scatters the features to
the corresponding ranks through an all-to-all communication operation. The right figure shows the 3D parallelism system of
OmniScale. Attention blocks apply HSDP with data sharded size 2 and data replicate size 2, input apply Ulysses with sequence
parallel size 2, Mixture-of-Experts blocks apply expert parallel and FSDP with experts parallel size 2 and data sharded size 2.

as DualPipe (DeepSeek-AI 2025). Unlike pipeline-centric
designs, which are often rigid and sensitive to modality-
specific imbalance, OmniScale’s operator-level approach is
lightweight, model-agnostic, and particularly well-suited to
multi-modal settings. This results in higher utilization and
faster iteration during large-scale MoE training.

n-D Parallelism Training Strategies In OmniScale, core
parallelism strategies (i.e., Fully Sharded Data Parallel
(FSDP), Sequence Parallelism (SP), and Expert Parallelism
(EP)) are designed to be fully composable and can be flex-
ibly applied to different components of an omni-modal
LLM. This composability is particularly advantageous for
multimodal training, where different modalities or architec-
tural components may benefit from distinct parallelism tech-
niques. For example, vision encoders can adopt FSDP or
standard data parallelism depending on their scale, while
language backbones can leverage a combination of EP for
MoE layers and SP to support long-context processing. This
fine-grained flexibility enables efficient and scalable training
across diverse model architectures.

Figure 3 provides an overview of OmniScale’s n-D paral-
lelism design. The left figure illustrates the communication
and computation flow for a unified multimodal model, where
different modality-specific encoders process their respective

inputs and distribute intermediate features to downstream
modules. The right side visualizes the application of hybrid
parallelism strategies across different parts of the model,
demonstrating how various parallelism techniques coexist
within a single training configuration. To support this flexi-
ble parallelism composition, OmniScale introduces a unified
abstraction for distributed training based on a global device
mesh. Unlike approaches (Shoeybi et al. 2019; Narayanan
et al. 2021) that require manually managing multiple process
groups, OmniScale significantly simplifies the configuration
and coordination of n-D parallelism. This not only reduces
the complexity of process group management but also im-
proves extensibility, making it easier to adapt and extend to
future parallelism strategies or new model components.

Other System Optimization Strategies In addition to the
aforementioned parallelism strategies, OmniScale also in-
corporates a wide range of other system-level optimizations,
following the key design principle of OmniScale, which is
the decoupling of these optimization implementations from
the model’s core logic. This modular architecture allows for
seamless integration, enabling these system-level enhance-
ments to be readily applied across various models with min-
imal to no modification of the model code. These optimiza-
tions include, but are not limited to, the following:
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Figure 5: 2D Parallelism (FSDP+SP) on Qwen2-VL 72B with 128 GPUs. The maximum sequence length varies from 8K to
96K tokens, with supported sequence parallel sizes ranging from 1 to 8.

Dynamic Batching. Padding all samples in a batch to
a fixed sequence length often leads to substantial compu-
tational inefficiency, particularly when there is significant
variation in sequence lengths across samples. To mitigate
this issue and improve training efficiency, OmniScale em-
ploys Dynamic Batching that accumulates samples in a
buffer and strategically packs them to approximate a tar-
get sequence length. Leveraging FlashAttention (Dao 2023),
this packing strategy enables efficient utilization of the batch
budget with minimal padding overhead, while preserving the
correctness of attention computation across samples.

Efficient Kernels. To maximize training throughput, Om-
niScale incorporates a suite of highly optimized operator
kernels, including RMSNorm, LayerNorm, RoPE, SwiGLU,
and in-place CrossEntropy from Liger-kernel (Hsu et al.
2025), along with FlashAttention (Dao et al. 2022; Dao
2023; Shah et al. 2024) and MoE-specific operations (Chang
et al. 2024; Zhang et al. 2025). These kernels are carefully
engineered for both high performance and broad compatibil-
ity, enabling efficient execution across diverse transformer-
based architectures and model variants.

Memory Optimization. OmniScale incorporates layer-
wise recomputation (Chen et al. 2016), activation offloading,
and optimizer state offloading to substantially reduce mem-
ory consumption during training. These memory-saving
techniques enable the use of larger micro-batch sizes per
GPU, which in turn improves the amortization of commu-
nication costs and facilitates better overlap with the commu-
nication overhead introduced by Fully Sharded Data Parallel
(FSDP), ultimately enhancing overall training efficiency.

Efficient Distributed Checkpointing. OmniScale lever-
ages ByteCheckpoint (Wan et al. 2024) to enable efficient

checkpoint saving and resumption across varying distributed
configurations with minimal overhead. Beyond facilitating
elastic training and enhancing cluster utilization, our frame-
work further extends ByteCheckpoint to support multimodal
models. This extension ensures consistent and reliable sav-
ing and loading of heterogeneous model components.

Meta Device Initialization. OmniScale supports model
initialization on the meta device for large models without
allocating physical memory during the definition phase. Af-
ter the model is instantiated on the meta device, we perform
parameter sharding and parallel loading by converting pa-
rameters into the DTensor format, significantly accelerating
the initialization and loading processes for large models.

Experiments
Experimental Setup
Environments. We evaluate the training performance and
scalability of OmniScale on large-scale productive GPU
clusters across configurations ranging from 8 to 128 GPUs,
enabling a comprehensive study of OmniScale’s behavior
under both moderate and large-scale distributed settings.

Models and Datasets. We evaluate a diverse set of model
architectures, including dense models such as Qwen2-
VL 7B and 72B (Wang et al. 2024b), and a mixture-
of-experts (MoE) omni-modal LLM based on Qwen3-
MoE (Team 2025). To assess the multimodal capabilities of
OmniScale, we use the following domain-specific datasets:
FineWeb-100T (Penedo et al. 2024) for text understanding,
ShareGPT4V (Chen et al. 2024) for image understanding,
LLaVA-Video (Zhang et al. 2024a) for video understanding,
Voice Assistant (Xie and Wu 2024) for audio understanding,
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Figure 6: (a) 3D Parallelism (FSDP+SP+EP) on a 30B Qwen3MoE-based omni-modal LLM with 128 GPUs. The maximum
sequence length varies from 16K to 192K tokens, with supported sequence parallel sizes ranging from 1 to 4 and expert parallel
sizes ranging from 1 to 4. (b) Convergence Study on three Distinct omni-modal LLMs.

and ImageNet (Deng et al. 2009) for image generation tasks.
Each model is adapted using its native instruction template
and augmented with special tokens to delineate modality
boundaries (e.g. <image start> and <image end>).

Workloads and Metrics. To assess scalability across dif-
ferent model sizes and GPU counts, we progressively scale
the input context length from 8K to 256K tokens. We eval-
uate the performance and scalability of OmniScale by mea-
suring training throughput (tokens per second per GPU) and
model FLOPs utilization (MFU) (Chowdhery et al. 2023),
which together provide a comprehensive view of system
efficiency under varying workloads and parallel strategies.
Additionally, we analyze loss convergence behavior across
three structurally distinct omni-modal LLMs to validate
training stability and overall effectiveness. For all exper-
iments, we freeze the modality-specific encoders and de-
coders, while fully fine-tuning the remaining components,
including the foundation model and multimodal projectors.

Training Recipes under Different Scenarios
Figures 4–6 (a) present a comprehensive comparison of the
efficiency of various parallelism strategies—fully sharded
data parallel (FSDP), sequence parallelism (SP), and expert
parallelism (EP)—across diverse model scales and hard-
ware configurations. Figures 4-5 show results of training
Qwen2-VL on 8 and 128 GPUs, respectively. The findings
reveal that increasing the degree of sequence parallelism
enables the models to handle significantly longer context
lengths. In particular, OmniScale can support up to 192K
tokens for training the 7B model with an MFU of 61.5%
and 96K tokens for training the 72B model with an MFU of
54.82%. Figure 6 further extends this analysis to a 3D paral-
lelism configuration (FSDP + SP + EP) using a 30B param-
eter a mixture-of-experts (MoE) omni-modal LLM based
on Qwen3-MoE, on 128 GPUs. In this setting, combina-
tions involving moderate levels of SP and EP achieve a bal-
anced trade-off, supporting extended sequence lengths of up
to 160K tokens, while maintaining competitive throughput.

The experimental results underscore the efficiency of
OmniScale in handling long-sequence training and scaling
mixture-of-experts (MoE) models. Specifically, OmniScale
demonstrates strong performance by minimizing overhead
in short-context scenarios, while effectively leveraging se-
quence and expert parallelism to maintain scalability and

feasibility in extended-context and MoE settings.

Convergence Study on Omni-Modal LLMs
Figure 6 (b) presents the convergence behavior of three
omni-modal LLMs on multimodal understanding and gen-
eration tasks. The understanding tasks span four modali-
ties, i.e., text, image, video, and audio, while the gener-
ation tasks involve text and image synthesis. Janus (Wu
et al. 2025) is trained solely on image understanding and
image generation. LLaMA#Omni and Qwen3-Moe#Omni
are two custom models that share similar architectures:
Qwen2.5-Omni (Xu et al. 2025) ViT serves as the image
and video encoder, Qwen2.5-Omni Whisper as the audio en-
coder, and MoVQGAN (Zheng et al. 2022) as the image de-
coder. LLaMA#Omni uses LLaMA (Touvron et al. 2023)
as the foundation, while Qwen3-Moe#Omni adopts Qwen3-
MoE (Team 2025). Janus adopts SigLip (Zhai et al. 2023)
as the image encoder, LLaMA as the foundation model, and
LlamaGen (Sun et al. 2024a) as the image decoder. “LM
Loss” refers to the cross-entropy loss over text tokens, and
“Decoder Loss” refers to the cross-entropy loss over image
tokens. As shown in Figure 6 (b), all models exhibit sta-
ble convergence across both understanding and generation
tasks, demonstrating that OmniScale enables efficient and
robust training for large omni-modal LLMs.

Conclusion
We introduce OmniScale, a model-centric distributed train-
ing framework designed to scale any-modality models ef-
ficiently. By integrating multiple parallelism methods and
system optimizations into a composable recipe-based de-
sign, OmniScale enables seamless and efficient distributed
training strategies across omni-modal LLMs. We further
demonstrate the system-level optimizations, modular APIs,
and real-world training applications on large-scale vision-
language-audio models. Experimental analysis shows that
OmniScale not only achieves high throughput and scala-
bility but also provides developer-friendly abstractions for
fast prototyping and production-scale deployment. In future
work, we plan to extend OmniScale to support non-intrusive
pipeline parallelism, enabling further decoupling of model
definition and parallel execution. Additionally, we aim to
enhance sequence parallelism with modality-aware data bal-
ancing strategies to better support multimodal training.
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