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Abstract. Recent advancements in unified multimodal understanding
and visual generation (or multimodal generation) models have been hin-
dered by their quadratic computational complexity and dependence on
large-scale training data. We present OmniMamba, the first linear-architecture-
based multimodal generation model that generates both text and images
through a unified next-token prediction paradigm. The model fully lever-
ages Mamba-2’s high computational and memory efficiency, extending its
capabilities from text generation to multimodal generation. To address
the data inefficiency of existing unified models, we propose two key inno-
vations: (1) decoupled vocabularies to guide modality-specific generation,
and (2) task-specific LoRA for parameter-efficient adaptation. Further-
more, we introduce a decoupled two-stage training strategy to mitigate
data imbalance between two tasks. Equipped with these techniques, Om-
niMamba achieves competitive performance with JanusFlow while sur-
passing Show-o across benchmarks, despite being trained on merely 2M
image-text pairs, which is 1,000 times fewer than Show-o. Notably, Om-
niMamba stands out with outstanding inference efficiency, achieving up
to a 119.2x speedup and 63% GPU memory reduction for long-sequence
generation compared to Transformer-based counterparts. Code and mod-
els are released at https://github.com/hustvl/OmniMamba.
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1 Introduction

In recent years, Large Language Models (LLMs) [3,6,16,61,62] have achieved
remarkable advancements, igniting significant research interest in extending their
fundamental capabilities to the visual domain. Consequently, researchers have
developed a series of Multimodal Large Language Models (MLLMs) for tasks
such as multimodal understanding [44,45,77,79] and visual generation [32,57].

® Corresponding author: xgwang@hust.edu.cn


https://github.com/hustvl/OmniMamba

2 Jialv Zou, et al.

MobileVLM-1.4B

Show-o B (Und. Only)
1
LLaVA-v1.5-Phi-1.5-1.3B
Chameleon 1-45 " (Und. Only)
1
1 LWM-78
LWM B ) L 7 (Unify AR)
1 VQAV2 ({177 - | MME-P
1 | JanusFlow-1.3B
JanusFlow 65M H “777 (Unify AR+Rectified Flow)
1000x !
; 1 Show-0-1.38
OmniMamba 2M (Unify AR+Diffusion)
T T T OmniMamba-1.38
107 108 10° MMMU o ‘COCO(FID) — (Unify AR)
Number of Training Data
(a) Training Data Comparison (b) Performance Comparison

225

20.0

4 @ J
1000 1102 10.2x 8 175

ry (

§ 15.0

125
100 o

Inference Time (s)

GPU Mem(

8~ OmniMamba-384 10.0 4 omni 4
Jow- ¢ ba
- JanusFlow-384 75 4 87 &~ JanusFlow-384
Shaw-0-256 Show-0-256
10 T T T T T T T 5.0 3 T T T T T T
s s * i S & ok
¥ @ < ks & KO BS & &P o & @§ db‘
Sequence length Sequence length
(c) Speed Comparison (d) Memory Comparison

Fig. 1: Comprehensive comparison between OmniMamba and other unified
understanding and generation models. (a) Our OmniMamba is trained on only
2M image-text pairs, which is 1000 times less than Show-o. (b) With such limited data
for training, our OmniMamba significantly outperforms Show-o across a wide range of
benchmarks and achieves competitive performance with JanusFlow. Black metrics are
for the multimodal understanding benchmark, while the blue metric is for the visual
generation task. (¢)-(d) We compare the speed and memory of OmniMamba with other
unified models on the same single NVIDIA 4090 GPU. OmniMamba demonstrates up
to a 119.2x speedup and 63% GPU memory reduction for long-sequence generation.

Recent studies have emerged that seek to integrate multimodal understand-
ing with visual generation, aiming to develop unified systems capable of handling
both tasks simultaneously. Such designs hold the potential to foster mutual en-
hancement between generation and understanding, offering a promising pathway
toward truly unifying all modalities. Numerous studies have sought to preserve
the text generation paradigm of LLMs while exploring the impact [47,66,68,69]
of integrating diverse visual generation paradigms, such as diffusion models [25],
flow-based generative models [17,41], and vector-quantized autoregressive mod-
els [58].

Unfortunately, the significant domain gap between image and text presents
a critical challenge for unified multimodal generative models: preserving gen-
eration capabilities without degrading understanding performance requires an
extensive volume of image-text pairs for training, as illustrated in Fig. 1. This
not only leads to poor training efficiency but also creates a substantial bar-
rier to the broader development of such models, as only a small fraction of
researchers possess the resources to undertake such computationally demanding
studies. Moreover, most existing unified multimodal generative models rely on
Transformer-based LLMs [63]. However, their quadratic computational complex-
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ity results in slow inference speeds, rendering them less practical for real-time
applications.

The challenges faced by existing unified multimodal generative models nat-
urally lead us to ponder: can a model be developed that achieves both
training efficiency and inference efficiency?

To address this, we introduce OmniMamba, a novel unified multimodal gen-
erative model that requires only 2M image-text pairs for training. Built on the
Mamba-2-1.3B [11] model as the foundational LLM with a unified next token
prediction paradigm to generate all modalities, OmniMamba leverages the linear
computational complexity of state space models (SSMs) to achieve significantly
faster inference speeds. Furthermore, to empower the Mamba-2 LLM—whose
foundational capabilities are relatively weaker compared to the extensively stud-
ied Transformer models—to efficiently learn mixed-modality generation with lim-
ited training data, we propose novel model architectures and training strategies.

To enhance the model’s capability in handling diverse tasks, we incorporate
task-specific LoRA [26]. Specifically, within each Mamba-2 layer’s input linear
projection, we introduce distinct LoRA modules for multimodal understanding
and visual generation. During task execution, the features are modulated by
both the linear projection and the corresponding task-specific LoRA, while the
irrelevant LoRA components are deactivated. Furthermore, we propose the de-
coupled vocabularies to guide the model in generating the appropriate modality,
which requires more data for the model to learn. On the data front, we fur-
ther propose a novel two-stage decoupled training strategy to address the data
imbalance between the two tasks, significantly improving training efficiency.

Trained on only 2M image-text pairs, our proposed OmniMamba outper-
forms Show-o [69] on multiple multimodal understanding benchmarks and also
matches the performance of JanusFlow [47], which was introduced by DeepSeek
Al Moreover, it achieves the best visual generation performance on the MS-
COCO dataset [40]. Notably, OmniMamba demonstrates a 119.2x speedup at a
sequence length of 16k and a 63% GPU memory reduction at a sequence length of
23k, compared to Show-o. Furthermore, at a sequence length of 100k, it achieves
a 10.2x speedup and 40.4% memory savings compared to JanusFlow. Our main
contributions can be summarized as follows:

— We introduce OmniMamba, the first Mamba-based unified multimodal un-
derstanding and visual generation model to the best of our knowledge. By
novelly adopting decoupled vocabularies and task-specific LoRA, OmniMamba
achieves effective training and inference.

— We propose a novel decoupled two-stage training strategy to address the issue
of data imbalance between tasks. With this strategy and our model design,
OmniMamba achieves competitive performance using only 2M image-text
pairs for training-up to 1,000 times fewer than previous SOTA models.

— Comprehensive experimental results show that OmniMamba achieves com-
petitive or even superior performance across a wide range of vision-language
benchmarks and MS-COCO generation benchmark, with significantly im-
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proved inference efficiency, achieving up to a 119.2x speedup and 63% GPU
memory reduction for long-sequence generation on NVIDIA 4090 GPU.

2 Related Work

Multimodal Understanding The remarkable advancements in LLMs have
catalyzed the development of Large Vision-Language Models (LVLMs). Some
representative works, such as the LLaVA series [45,81], BLIP series [36,37], and
MiniGPT-4 [79], have demonstrated strong multimodal understanding capabil-
ities. These models align the features obtained from pretrained vision encoders
with the feature space of LLMs through feature projectors, enabling pretrained
LLMs to transfer their understanding and reasoning abilities to multimodal sce-
narios.

Visual Generation In recent years, diffusion models [25] have made remark-
able progress, leading to models [13,50,56] with strong visual generation capa-
bilities. Building on these advancements, flow-based generative models [17,41]
have achieved superior results with fewer sampling steps. Additionally, some
works [58, 73] have successfully integrated autoregressive models into this do-
main, achieving notable performance.

Unified Understanding and Generation The remarkable advancements of
LLMs in the fields of multimodal understanding and visual generation have nat-
urally sparked researchers’ interest in training a single LLM for both tasks. Early
works [14,19-21] integrated pretrained diffusion modules as tools into LLMs, es-
sentially forming a combination of two expert systems rather than utilizing a sin-
gle LLM to perform both tasks. This approach results in a more complex model
architecture and often leads to suboptimal outcomes. Show-o [69] integrates next-
token prediction with discrete diffusion, enabling adaptive handling of mixed-
modality inputs and outputs. Meanwhile, JanusFlow [47] merges autoregressive
models with rectified flow, a cutting-edge technique in visual generation. In con-
trast, Emu3 [66] asserts that next-token prediction holds the greatest potential
for achieving multi-modal generation, relying exclusively on this paradigm to
manage both text and image generation tasks. Although these methods achieve
outstanding performance, they are all based on Transformers, whose quadratic
computational complexity presents a significant drawback, particularly when
handling long-sequence generation tasks and high-resolution image generation.
To address this challenge, we propose OmniMamba, which employs a unified
next token prediction paradigm to generate both text and image modalities,
aiming to extend the linear computational complexity of the linear models to
the field of multimodal generation.

Linear Model In recent years, a series of linear-complexity models have emerged
as strong competitors to Transformers. Mamba [22], a selective state space
model, has garnered widespread attention for its competitive performance and
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faster inference speeds compared to Transformers. Building on this, Mamba-
2 [11], an enhanced version of Mamba, achieves performance on par with Trans-
formers while being 2-8 times faster. Similarly, GLA [70] leverages gated lin-
ear attention to achieve linear complexity, maintaining competitive performance
with Transformers.

The success of linear-complexity models in the field of natural language pro-
cessing (NLP) has inspired its application in the visual domain, where it has
been extensively studied in traditional image tasks [46, 80], multimodal under-
standing [28,39,51,76], and visual generation [27,35]. In this paper, we aim to
design a unified multimodal understanding and visual generation model based
on Mamba-2, which maintains competitive performance with Transformer-based
unified models while offering significantly faster inference speeds.

3 Method
MMU Sequence Text Sequence
Text Vocabulary
[:I [:I dog love
Text T i @ @ spring
Prompt — — i— te th
p T gl
Discrete tokens MMU LoRA @

— @ Jex; —» The dog s cute
) eal
Und. Image —> Uit = — — Mamba-2 |—
: Encoder 5 ElIrEER
@

Continuous features

Image
@
Head
@ T2l LoRA 4
Gen.
Gen. Image —> —> -
Encoder H
Discrete tokens Next Token Prediction S

Image Codebook

T2l Sequence Image Sequence

Fig. 2: Architecture of the proposed OmniMamba “MMU” refers to multimodal
understanding, while “T2I” refers to text-to-image generation. OmniMamba employs
a next-token prediction paradigm for both multimodal understanding and visual gen-
eration tasks. To address the distinct requirements of each task—semantic informa-
tion extraction for multimodal understanding and high-fidelity image compression for
visual generation, we utilize separate encoders and heads. Furthermore, we purpose
decoupled vocabularies to guide modality-specific generation and task-specific LoRA
for parameter-efficient adaptation.

3.1 Overall Architecture

Our ultimate goal is to design a unified multimodal understanding and visual
generation model that achieves both training and inference efficiency using only
2M image-text pairs for training. We believe the key to realizing this goal can be
summarized in one word: decoupling. To this end, we propose OmniMamba,
the architecture of which is illustrated in Fig. 2.

Success necessitates standing on the shoulders of giants. We observe Emu3 [66],
an autoregressive-based model which employs vast amounts of data and 8 bil-
lion model parameters. Despite these advantages, its final performance remains
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suboptimal, falling short of JanusFlow [47], a hybrid generative paradigm-based
model with significantly less data and fewer parameters. We argue that this
discrepancy stems not from the inherent superiority of the hybrid generative
paradigm but from Emu3’s tight coupling design, it uses the same vocabulary
and encoder for all tasks and modalities. While this design aligns with the origi-
nal intention of a unified model, it may lead to inefficient data utilization. In the
following, we will introduce our model by focusing on the concept of decoupling.

3.2 Decoupling Encoders for the Two Tasks

Previous works have explored using a single vision encoder for both tasks. For
example, Show-o [69] employs MAGVIT-v2 [72] to encode images into discrete
tokens for both understanding and generation tasks. TransFusion [78] utilizes a
shared U-Net or a linear encoder to map images into a continuous latent space for
both tasks. Emu3 trains its vision encoder based on SBER-MoVQGAN, enabling
the encoding of video clips or images into discrete tokens.

However, JanusFlow [47] has shown that such a unified encoder design is sub-
optimal. We believe this is primarily because multimodal understanding requires
rich semantic representations for complex reasoning, whereas visual generation
focuses on precisely encoding the spatial structure and texture of images. The
inherent conflict between these two objectives suggests that a unified encoder de-
sign may not be the optimal choice. Therefore, OmniMamba adopts a decoupled
vision encoder design.

Following prismatic VLMs [31], we fuse DINOv2 [49] and SigLIP [75] as an
encoder to extract continuous features for multimodal understanding. The key
idea is that integrating visual representations from DINOv2, which capture low-
level spatial properties, with the semantic features provided by SigLIP leads
to further performance improvements. For visual generation, we use an image
tokenizer trained with LlamaGen [58] to encode images into discrete represen-
tations. This tokenizer was pretrained on ImageNet [12] and further fine-tuned
on a combination of 50M LAION-COCO [34] and 10M internal high aesthetic
quality data.

3.3 Decoupling Vocabularies for the Two Tasks

Unlike Emu3 and Show-o, which use a large unified vocabulary to represent both
text and image modalities, to disentangle modality-specific semantics, we employ
two separate vocabularies for each modality. This design explicitly separates the
two modalities, providing additional modality-level prior knowledge. As a result,
the model does not need to learn whether the output should be text or image,
instead, it ensures the correct output modality by indexing the corresponding vo-
cabulary. Our subsequent ablation experiments also confirm that OmniMamba’s
dual-vocabulary design is one of the key factors for efficient training.

3.4 Task Specific LoRA
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To enhance the model’s adaptability
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When performing a specific task, the in-
put linear projection and task-specific
LoRA work together to effectively ad-
dress the task. For instance, when the model performs a multimodal understand-
ing (MMU) task, the MMU LoRA route is activated, while the text-to-image
(T2I) LoRA route is dropped. Explicitly activating the corresponding adapter
to assist in task execution helps improve data efficiency in training [15, 65].

Fig.3: The Mamba-2 block with
task-specific LoRA.

3.5 Decoupled Training Strategy

We propose a decoupled two-stage training strategy to address data imbalance
between understanding and generation tasks while improving training efficiency,
as illustrated in Fig. 4. This approach consists of (1) a Task-Specific Pre-
Training stage for module-specific initialization and modality alignment, and
(2) a Unified Fine-Tuning stage for unified multi-task training.

Decoupling Rationale The first stage separates multimodal understanding
(MMU) and text-to-image (T2I) generation tasks to prioritize modality align-
ment without data ratio constraints. Unlike joint pre-training methods (e.g.,
JanusFlow [47] with a fixed 50:50 MMU-T2I data ratio), our approach trains
task-specific modules independently, enabling flexible dataset scaling (665K MMU
vs. 83K T2I samples). Only randomly initialized components—Ilinear projection
and MMU LoRA for understanding, T2I LoRA and image head for generation—
are trained, while the core Mamba-2 model remains frozen. This eliminates
competition between tasks during early learning and allows asymmetric data
utilization.

Stage 1: Task-Specific Pre-Training It contains: MMU Pre-Training:
Trains the linear projection and MMU LoRA to align visual-textual represen-
tations. The T2I LoRA path is disabled to isolate understanding-task learning.
T2I Pre-Training: Optimizes the T2I LoRA and image decoder for visual syn-
thesis. The MMU LoRA path is disabled to focus on generation capabilities.
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Fig. 4: Training strategy of OmniMamba. The trainable components are indicated
by a flame symbol, while the frozen ones are represented by snowflakes. The dashed
arrows indicate that this route is temporarily dropped and does not participate in
model training.

Stage 2: Unified Fine-Tuning Inspired by multi-task frameworks [31,81],
we freeze the visual encoder and train all other modules while preserving task-
specific LoRA independence. During each forward pass: (1) MMU and T2I com-
putations use their respective LoRA branches; (2) Losses from both tasks are
summed for a unified backward pass. This balances parameter sharing (via the
frozen backbone) and task specialization (via isolated LoRA paths), enabling
synergistic learning while mitigating interference between understanding and
generation objectives.

3.6 Training Objective

Since OmniMamba uses the auto-regressive paradigm to handle both multimodal
understanding and visual generation tasks, we only need to use the standard
cross-entropy loss for next-token prediction during training.

4 Experiment

4.1 Data

To achieve the goal of data efficiency, we aim to train OmniMamba using as few
high-quality image-text pairs as possible.

Multimodal Understanding Data In the first pretrain stage, the training
data consists of 676K image-text pairs, all of which are sourced from publicly
available datasets. These include 118K images from COCO [40] and 558K images
from LLaVA-1.5 pre-training data [44].

In the second fine-tune stage, we also exclusively use publicly available datasets
following Cobra [76].
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1. The mixed dataset used in LLaVA-1.5 [44] consists of 665K visual multi-turn
conversations.

2. LVIS-Instruct-4V [64], which comprises 220K images accompanied by visu-
ally aligned and context-aware instructions generated by GPT-4V.

3. LRV-Instruct [42], a large-scale visual instruction dataset of 400K samples,
designed to mitigate hallucination issues across 16 vision-and-language tasks.

Visual Generation Data To facilitate better reproducibility and further ex-
ploration by the community, we use only 83K images from the MS-COCO 2014
dataset [40] for text-to-image generation training.

Overall, the training data for our unified multimodal generation model con-
sists of fewer than 2 million image-text pairs. In contrast to previous works that
rely on over 100M or even over 1B pairs, our approach is highly training efficient.

Data Formats Following Show-o [69], we use special tokens to unify the data
formats for both multimodal understanding and visual generation tasks. The
multimodal understanding data is structured as:

[MMU]|[SOI]{image tokens}[EOI|[SOT|{text tokens}[EOT].
While the visual generation data is:
[T21][SOT|{text tokens}[EOT][SOI]{image tokens} EOI]|.

Specifically, [MMU] and [T2I] are pre-defined task tokens used to guide the model
in performing the corresponding task. [SOT] and [EOT] are used to represent
the beginning and end of text tokens, respectively. Similarly, [SOI| and [EO]]
represent the beginning and end of image tokens.

4.2 Implementation Details

Our core model is based on Mamba-2-1.3B, which consists of 48 layers of Mamba-
2 blocks. In our primary experiments, the input image resolution for the mul-
timodal understanding task is 384, while the image resolution for the visual
generation task is 256.

For multimodal understanding, we combine DINOv2 [49] and SigLIP [75] as
the image encoder, while for visual generation, we use the VQVAE trained by
LlamaGen [58] as the image encoder. We incorporate task-specific LoRA into
the input projector of each Mamba-2 block and set the LoRA rank to 8, which
results in only a 0.65% increase in parameters. All training stages use the AdamW
optimizer with 51 set to 0.9 and S5 set to 0.95. We adopt cosine annealing with
warm-up as the learning rate schedule. Weight decay is set to 0, and gradient
clipping is applied with a threshold of 1.0. All training is conducted on NVIDIA
A800 GPUs using BF16 precision.
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Table 1: Comparison with other methods on multimodal understanding
benchmarks. “Und. only” refers to models that only perform multimodal understand-
ing task, while “Unified” refers to models that unify both multimodal understanding
and visual generation tasks. Models with a similar number of parameters to ours are
highlighted in light blue for emphasis.

Type Model LLM Params  Res. POPET MME-P1 VQAv2cort GQAT MMMUT
LLaVA-Phi [81] Phi-2-2.7B 336  85.0 1335.1 71.4 - -
LLaVA [45] Vicuna-7B 224 76.3 809.6 - - -
Emu3-Chat [66] 8B from scratch 512 85.2 - 75.1 60.3 31.6

Und. Only LLaVA-v1.5 [44] Vicuna-13B 448 86.3  1500.1 81.8 64.7 -

: InstructBLIP [9] Vicuna-13B 224 789 12128 - 49.5 -
MobileVLM [7] MobileLLaMA-1.4B 336 84.5 1196.2 - 56.1 -
MobileVLM-V2 [g] MobileLLaMA-1.4B 336 84.3 1302.8 - 59.3 -
LLaVA-v1.5-Phi-1.5 [69] Phi-1.5-1.3B 336 84.1 1128.0 75.3 56.5 30.7
LWM [43] LLaMA2-7B 256 75.2 - 55.8 44.8 -
Chameleon [60] 7B from scratch 512 - - - - 22.4
LaVIT [30] 7B from scratch 256 - - 66.0 46.8 -

Unified Emu3 [66] 8B from scratch 512 85.2 1243.8 75.1 60.3 31.6
Janus [68] DeepSeek-LLM-1.3B 384 87.0  1338.0 7.3 59.1  30.5
JanusFlow [47] DeepSeek-LLM-1.3B 384 88.0  1333.1 79.8 60.3 29.3
Show-o [69] Phi-1.5-1.3B 512 80.0 1097.2 69.4 58.0 26.7
OmniMamba Mamba-2-1.3B 384 86.3 1290.6 T 60.8 30.6

4.3 Quantitative Results

Multimodal Understanding We evaluate OmniMamba’s multimodal under-
standing capabilities on a wide range of vision-language benchmarks, includ-
ing POPE [38], MME [18], GQA [29], MMMU [74]. The results are shown in
Tab 1. Compared to models with a similar number of parameters, OmniMamba
surpasses understanding-specific models such as LLaVA-v1.5-Phi-1.5 [69], Mo-
bileVLM [7], and MobileVLMv2 [8]. It also outperforms the unified understand-
ing and generation model Show-o [69] and achieves competitive performance
compared to the state-of-the-art unified model JanusFlow [47]. Notably, while
Show-o utilizes 2B image-text pairs and JanusFlow leverages over 65M image-
text pairs, OmniMamba achieves competitive performance by using only 2M
image-text pairs for training.

Visual Generation We evaluate OmniMamba for text-to-image generation on
the widely recognized MS-COCO [40] benchmark dataset. To quantify image
quality, we report the FID score [24]. Consistent with previous literature, we
randomly select 30K prompts from the MS-COCO validation set and generate
corresponding images to compute the FID score. The results are shown in Tab 2,
where our model achieves the best visual generation performance on the MS-
COCO validation dataset. Notably, models such as Show-o [69] and PixArt [71]
are trained on external large-scale datasets and further fine-tuned on COCO-like
datasets (e.g., Openlmages [33]) before evaluating zero-shot on the MS-COCO
validation set. In contrast, to avoid introducing excessive additional data, both
our model and U-ViT [2] are trained solely on the MS-COCO training set and
evaluated on the MS-COCO validation set.
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Table 2: Compare visual generation capability with other methods on MS-
COCO validation dataset.

Type Model Params Images FID-30K|
DALL-E [55] 12B 250M 27.5
GLIDE [48] 5B 250M 12.24
DALL-E 2 [54] 65B  650M  10.39

Gen. Only SDv1.5 [50] 0.9B  2000M 9.62
PixArt [4] 0.6B 25M 7.32
Imagen [57] 7B 960M 7.27
Parti [71] 20B  4.8B 7.23
Re-Imagen [5] 2.5B 50M 6.88
U-ViT [2] 45M  83k(coco)  5.95
CoDI [59] - 400M  22.26
SEED-X [21] 17B - 14.99
LWM [43] 7B - 12.68

Unified  DreamLLM [14] 7B - 8.76
Show-o [69)] 1.3B  35M 9.24

OmniMamba 1.3B 83k(coco) 5.50

4.4 Qualitative Results

We present qualitative evaluations of our OmniMamba for both multimodal un-
derstanding and visual generation tasks. Fig 5 showcases our model’s capabilities
in scene description and text-guided generation. Additional visualization results
can be found in the Appendix.

4.5 Inference Speed and GPU Memory usage

We compared the generation speed and GPU memory usage of OmniMamba with
other Transformer-based models in both multimodal understanding and visual
generation tasks. All the evaluations were done on the same single NVIDIA 4090
GPU with FP16 precision.

Table 3: The Inference Speed in Multimodal Understanding Task.

Sequence Length SmolLM2-1.7B OmniMamba-1.3B

1024 56.94 241.6
2048 54.69 245.1
4096 57.49 247.1
8192 57.88 247.5
16384 57.40 248.1

In multimodal understanding task, all models received the same example
image. We used the same prompt, “Please describe the image in detail.” and
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Table 4: Image Generation Speed in Visual Generation Task. OmniMamba
achieves 7.0 x faster image generation speed compared to Show-o and 5.6 x faster
compared to JanusFlow.

Model Genavg (Image/s) Total (s)
Show-o [69)] 0.81 19.66
JanusFlow [47] 1.02 15.64
OmniMamba 5.68 2.81

removed the token generation limit to test their generation speed. The results
are shown in the Fig 1. OmniMamba demonstrates 119.2x speedup at a se-
quence length of 16k, and saves 63.0% GPU memory at a sequence length of
23k compared to Show-0-256. Meanwhile, at a sequence length of 100k, Omni-
Mamba achieves a 10.2 x speedup and 40.4% GPU memory savings compared
to JanusFlow-384, which is accelerated by FlashAttention-2 [10]. Notably, Show-
0-256 indicates that the input image resolution is 256. Due to the design of its
omni-attention mechanism being incompatible with FlashAttention-2, it was not
used during testing. Similarly, JanusFlow-384 represents an input image resolu-
tion of 384, with FlashAttention-2 applied during testing for acceleration.

To further validate OmniMamba’s efficiency, we benchmarked it on the MMU
task against SmolLM2-1.7B [1], an auto-regressive Transformer model of com-
parable size. To ensure a rigorous test, we accelerated this Transformer baseline
using FlashAttention-2 and kv cache. Tab. 3 shows the inference speed (to-
kens/sec) on a single NVIDIA 4090 GPU.

Similarly, in the text to image task, we used the same prompt, “A Picture”.
The models generate images with a batch size of 16 and a resolution of 256. As
shown in Tab. 4, our model achieves image generation speeds that are 7.0 x
faster than Show-o and 5.6 x faster than JanusFlow.

4.6 Ablation Studies

We conducted a series of ablation studies to verify the effectiveness of each design
in OmniMamba. In this section, all ablation studies are conducted based with
the understanding visual encoder replaced by CLIP [52], an input resolution of
224, and a reduced number of training steps (kept consistent across all ablation
experiments), while keeping all other settings unchanged.

Impact of Decoupling Encoder for the Two Tasks Recognizing that gen-
erative encoders prioritize pixel reconstruction while understanding encoders are
tailored for semantic comprehension, we employ decoupled encoders in Omni-
Mamba. Ablation studies were conducted to validate this design, as shown in
Expl and Exp2. These findings confirm that employing task-decoupled encoders
is a critical factor for enabling efficient model training, especially when data is
limited.
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Multimodal Understanding Visual Generation

; 5
A bear walking down the

grass in the open.
5 i

A giraffe sticks out it's
tongue for a treat.

User: Please describe the image in detail.

OmniMamba: The image features a light brown dog,
possibly a Labrador, and a kitten. The dog is sitting on
the grass, and the kitten is standing next to it. The
kitten appears to be looking up at the dog. The
background consists of a field with some flowers and
trees. The dog and the kitten seem to be interacting,
and the image captures a moment of curiosity Two cats sitting on a sill A pizza sitting on top
between the two animals. looking out the window. of a pizza pan.

Fig. 5: Qualitative results of OmniMamba on multimodal understanding and visual
generation.

Table 5: Ablation studies on architectural variants, encoder decoupling, vocabulary
decoupling, task-specific adapters, and parameter scaling in OmniMamba.

#Exp LLM Params Decoupled Enc. Decoupled Vocab Task LoRA POPEt MMET GQA1 FID-30K|

1 Mamba2-130M X 65.6 598  35.7 314
2 Mamba2-130M 80.6 930  46.1 23.7
3 GPT-2-124M 66.7 653  31.7 41.6
4 SmolLM2-135M 81.4 1127 45.1 25.6
5  Mamba2-370M 80.8 1036 53.6 19.1
6
7
8

Mamba2-370M 81.2 1003 54.0 14.4
Mamba2-370M 81.9 1100 55.3 10.3
Mamba2-1.3B 86.3 1291 60.8 5.5

AN NANE -3 N N NN
AR T N N N NN

AN N NN NN

Impact of Decoupling Vocabulary for the Two Tasks To guide the model
in generating specific modalities from a structural design perspective, we em-
ploy modality-decoupled vocabularies in the default OmniMamba. We conducted
ablation studies on this design. As shown in Tab 5, Expl and Exp3 utilize a
modality-unified vocabulary and modality-decoupled vocabularies, respectively.
The results demonstrate that the decoupled vocabularies enable more efficient
model training and yield better performance. Notably, when using the modality-
unified vocabulary for visual generation, the model occasionally produces text-
related tokens, which requires additional post-processing to ensure correct visual
generation. This further indicates that the model needs additional training to
effectively learn modality-specific generation.

Impact of Task Specific Adapter We conducted ablation studies on the
introduced task-specific adapter module, and the results are shown in Tab 5.
Exp6 and Exp7 represent the model without and with the task-specific adapter,
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respectively. The experiments demonstrate that the task-specific adapter helps
the model efficiently learn both multimodal understanding and visual generation
with a minimal amount of training image-text pair data (2M).

Impact of LLM Parameter Scale To assess the scalability of our method, we
conducted ablation studies on models of varying sizes. As shown in Exp2, Exp7
and Exp8 in Tab. 5 indicate that our model benefits from increased capacity,
achieving better performance as the model size grows.

Impact of Architectural Variants To demonstrate the feasibility of our
method across different architectures, we replace the LLM with GPT-2-124M [53]
and SmolLM2-135M [1] while keeping the same settings. Exp2, Exp3 and Exp4
in Tab. 5 illustrate the adaptability of our method to different architectures, and
Mamba2 outperforms Transformer with higher efficiency.

5 Conclusion

We presented OmniMamba, the first Mamba-2-based unified multimodal under-
standing and visual generation framework that achieves competitive performance
with remarkable inference and training efficiency. By introducing three key in-
novations: decoupled vocabularies to disentangle modality-specific semantics,
task-specific LoRA modules for parameter-efficient adaptation, and a two-stage
decoupled training strategy to resolve data imbalance, OmniMamba achieves
comparable performance with JanusFlow and even surpasses Show-o using only
2M image-text pairs for training. Moreover, OmniMamba exhibits outstanding
inference efficiency. It achieves a 119.2x speedup with a sequence length of 16k
and a 63% reduction in GPU memory at a sequence length of 23k, compared
to Show-o. With a sequence length of 100k, it delivers a 10.2x speedup and
saves 40.4% of GPU memory compared to JanusFlow. These results validate
that our proposed OmniMamba is both training and inference efficient, with
the potential to enable more ordinary researchers to participate in the wave of
unified model innovation. However, due to the limited scale of training data,
our model’s performance remains slightly below SOTA methods. Exploring the
trade-off between training data volume and model performance will be a key
focus of our future work.

6 Limitation

Although our OmniMamba achieves promising results with a very small amount
of data, the limited data volume constrains the model’s performance. Further-
more, unlike previous works that leverage large-scale, high-quality datasets such
as LAION-aesthetics, we rely solely on the MS-COCO dataset for visual gen-
eration. As a result, the quality of generated images, particularly for human
faces, remains coarse. Exploring the trade-off between dataset scale and model
performance will be a key focus of our future work.
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Additionally, while Mamba-2 demonstrates exceptional inference efficiency,
its foundational capabilities remain weaker compared to the extensively studied
Transformer. Furthermore, Mamba-2 has only been trained on sequences of up
to 2048 tokens, limiting its ability to handle ultra-long sequences and hinder-
ing its extension to advanced techniques such as Chain-of-Thought (CoT) [67]
or reinforcement learning [23]. Enhancing Mamba-2’s foundational capabilities
and its capacity to model ultra-long sequences will be critical areas for future
investigation.
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