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Unified multimodal models (UMMs) aim to jointly perform multimodal understanding and generation
within a single framework. We present TUNA, a native UMM that builds a unified continuous visual
representation by cascading a VAE encoder with a representation encoder. This unified representation
space allows end-to-end processing of images and videos for both understanding and generation
tasks. Compared to prior UMMs with decoupled representations, TUNA’s unified visual space
avoids representation format mismatches introduced by separate encoders, outperforming decoupled
alternatives in both understanding and generation. Moreover, we observe that stronger pretrained
representation encoders consistently yield better performance across all multimodal tasks, highlighting
the importance of the representation encoder. Finally, in this unified setting, jointly training on both
understanding and generation data allows the two tasks to benefit from each other rather than interfere.
Our extensive experiments on multimodal understanding and generation benchmarks show that TUNA
achieves state-of-the-art results in image and video understanding, image and video generation, and
image editing, demonstrating the effectiveness and scalability of its unified representation design.
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1 Introduction

A long-term aspiration of multimodal Al is natively' unified multimodal generation, in which a single model
can seamlessly understand and generate diverse modalities such as text, images, and videos. Recent advances
in unified multimodal models (Team, 2024; Deng et al., 2025a; Xie et al., 2025a) have shown promising results
towards this vision, suggesting that truly integrated multimodal intelligence is increasingly within reach.

A central challenge in developing native UMMSs lies in how visual inputs are encoded into representations.
Current UMMs adopt one of two approaches: (1) decoupled visual representations for understanding and
generation tasks, or (2) a unified visual representation shared across both tasks. Intuitively, learning a unified
visual representation for both tasks offers compelling advantages for UMMs.

First, UMMs with decoupled representations, such as BAGEL (Deng et al., 2025a) and Mogao (Liao et al., 2025),
often adopt MoE-style architectures to handle different visual encoders, introducing additional parameters
that increase training and inference costs. In contrast, a unified representation allows the model to operate
within a single representation space, simplifying training and improving efficiency. Second, different vision
encoders typically produce representations with incompatible formats. For the same input, features from a
representation encoder (e.g. SigLIP (Zhai et al., 2023)) and a causal VAE encoder (e.g. Wan 2.1 VAE (Wan
et al., 2025)) differ in (1) spatial compression (16x vs. 8x), (2) temporal compression (none vs. 4x), and (3)
channel dimension (1152 vs. 16). These discrepancies can cause representation conflicts in decoupled models,
whereas unified representations inherently avoid such inconsistencies. Finally, unified visual representations
provide a clear pathway for achieving mutual enhancement between understanding and generation. While

I'We define native UMMs as models that are pretrained jointly on both understanding and generation objectives, instead of
assembling understanding-only and generation-only models with learnable connectors. We refer to the latter as composite UMMs.
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we pick TUNA.

A native unified model for image
== and video

Leveraging a unified representation

it remains scalable and effective.

User: What kind of
transportation will
be used throughout
the trip, and what's
planned for the
Sl second day?

: Based on the bus symbol in the schedule, the
trip is mainly by bus. On the second day, they go to
Jalori Pass and Serolsar Lake.

User:
Describe
this video.

: The video shows a lion lying in tall golden
grass, calmly gazing ahead with its mouth slightly
open. After a moment, it turns its head to the
right, watching something off-screen. A lion cub
then appears from the right and walks toward the
adult. The lion glances at the cub before looking
forward again as the cub circles playfully and
finally lies down beside it.

Figure 1 We present TUNA, a native unified multimodal model built on a unified visual representation, enabling
diverse multimodal understanding and generation capabilities such as image and video understanding, image and video
generation, and image editing.



recent studies like Ross (Wang et al., 2024a) and REPA (Yu et al., 2024) show task-specific improvements in
understanding-only and generation-only models, this synergy remains underexplored in existing UMMs.

Nevertheless, current UMMs with unified visual representations often underperform their decoupled counter-
parts. Most existing approaches adopt a single type of vision encoder for both understanding and generation.
For example, Chameleon (Team, 2024) and Transfusion (Zhou et al., 2024) use VQ-VAE (Esser et al., 2021),
while Harmon (Wu et al., 2025d) utilizes the MAR encoder (Li et al., 2024c¢). This unified design tends to
favor one task at the expense of the other. Show-02 (Xie et al., 2025a) attempts to mitigate this issue by
fusing SigLIP (Zhai et al., 2023) and VAE (Wan et al., 2025) features through a late-fusion strategy. However,
our analysis in Section 3.4 reveals that its learned representation remains biased toward semantic features,
resulting in limited generation quality.

To systematically address these limitations, we propose TUNA, a native UMM that employs unified visual
representations across understanding and generation. Our design is simple yet highly effective: by directly
connecting a VAE encoder to a representation encoder, we obtain representations that are sufficiently expressive
for diverse multimodal tasks. These unified visual features are fused with text tokens and processed by an
LLM decoder, which subsequently generates new text tokens and denoised images through autoregressive
next-token prediction and flow matching. As illustrated in Figure 1, our unified visual representation enables
TUNA to handle image and video understanding, image and video generation, and image editing within a
single framework. By conducting a three-stage training, our model achieves state-of-the-art performance on
multimodal understanding and generation benchmarks (e.g. 61.2% on MMStar (Chen et al., 2024b) and 0.90
on GenEval (Ghosh et al., 2023)).

Our main contributions can be summarized as follows:

1. We propose TUNA, a native unified multimodal model with unified visual representations, enabling
image/video understanding, image/video generation, and image editing within a single framework.

2. Our extensive experiments show that TUNA’s unified visual representation is highly effective, achieving
state-of-the-art performance across multiple multimodal understanding and generation tasks.

3. We further perform a comprehensive ablation study, demonstrating the superiority of our unified visual
representation design over existing methods such as Show-02 and other models employing decoupled
representations.

2 Our Method: Tuna

In this section, we introduce TUNA, a native unified multimodal model that employs unified visual representa-
tions across all multimodal understanding and generation tasks. We begin by outlining the key motivations
behind our model design in Section 2.1, followed by a detailed description of TUNA’s architecture and training
pipeline in Sections 2.2 and 2.3, respectively. An overview of our overall framework is shown in Figure 2.

2.1 Motivation and Design Principles
We discuss the following observations, which motivate the design of TUNA and its unified visual representations:

Autoregressive vs. diffusion. Both text and image/video generation can be achieved using autoregres-
sive (Grattafiori et al., 2024; Yang et al., 2025; Sun et al., 2024) or diffusion models (Nie et al., 2025; Batifol
et al., 2025; Wan et al., 2025). In practice, leading understanding-only models (Bai et al., 2025; Wang et al.,
2025¢) adopt autoregressive models for text generation. On the other hand, state-of-the-art image and video
generators (Esser et al., 2024; Wan et al., 2025) employ (latent?) diffusion models with flow matching.

Continuous vs. discrete visual representations. We observe that image and video generation models operating
in a continuous (e.g., KL-regularized) VAE latent space (Esser et al., 2024; Wan et al., 2025) outperform
those using discrete representations (Sun et al., 2024), as discretization causes information loss and reduces
fidelity. Similarly, multimodal understanding models (Bai et al., 2025; Wang et al., 2025¢) typically rely on

2Due to higher generation fidelity and lower training costs, latent diffusion models are generally favoured over pixel diffusion
(Zheng et al., 2025).
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Figure 2 Overview of the TUNA architecture. Our model employs a VAE encoder and a representation encoder to
construct unified visual representations, which are then combined with text tokens and processed by an LLM decoder.
The decoder performs autoregressive text generation for understanding tasks and flow-matching-based visual generation
for generation tasks. *During visual generation, noise is added to the visual tokens to enable diffusion-based generation.

continuous semantic features (e.g., CLIP (Radford et al., 2021) features), suggesting that continuous visual
representations are inherently more effective for both understanding and generation tasks.

Semantic representations benefit visual generation. Recent studies suggest that semantic features enhance
visual generation. For instance, REPA (Yu et al., 2024) demonstrates that diffusion transformers benefit from
aligning intermediate features with pretrained representation encoders like DINOv2 (Oquab et al., 2023).
Concurrent to our work, RAE (Zheng et al., 2025) employs a frozen representation encoder to encode images
into latent representations, showing that pretrained semantic features alone can reconstruct input images
effectively.

VAE latents can also support understanding tasks. We observe that both discrete and continuous VAE latents,
originally designed for visual reconstruction, can also support semantic understanding tasks. Recent approaches
such as UniTok (Ma et al., 2025a) and TokLIP (Lin et al., 2025b) enhance VQ-VAE latents with semantic
understanding capability through contrastive learning. Other works explore diffusion models with continuous
VAE latents for semantic understanding and dense prediction tasks, including semantic segmentation (Zhu
et al., 2024), object recognition (Li et al., 2023a), and image retrieval (Zuo et al., 2024).

Building on these observations, we design TUNA with the following key characteristics:
e TUNA integrates autoregressive text generation with flow matching for image and video generation.

e TUNA builds its unified visual representation on continuous VAE latents, as these latents effectively
support both understanding and generation tasks.

e To further enhance performance, TUNA employs representation encoders to extract higher-level features
from the VAE latents, improving the quality of both understanding and generation.

2.2 Model Architecture

Unified visual representations. As illustrated in Figure 2, TUNA constructs its unified visual representation
using a VAE encoder and a representation encoder. Given an input image or video X, we apply the 3D causal
VAE encoder from Wan 2.2 (team, 2025), which downsamples the input by 16x spatially and 4x temporally,
producing the latent x;. We then generate a noisy latent x; = tx; 4+ (1 — t)xg, where ¢t € [0, 1] is a sampled
timestep and xo ~ N(0,1). Next, we use the SigLIP 2 vision encoder ® (patch size 16, pretrained resolution
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Figure 3 Attention masks in the LLM decoder for understanding and generation tasks. * indicates that the visual
tokens are noised.

512) to extract semantic features from the VAE latents. Since the VAE encoder has 16x downsampling, we
replace SigLIP 2’s original 16x16 patch embedding layer with a randomly initialized 1x1 patch embedding
layer, forming a modified encoder ®'. This ensures that the token sequence lengths of ®(X) and ®'(x;)
are consistent. Finally, we apply a two-layer MLP connector to obtain the unified visual representations
z = MLP(®'(x;)). During training, we randomly sample ¢ between [0, 1] for visual generation and fix ¢ = 1 for
multimodal understanding such that x; always corresponds to the clean latent.

For video inputs, where x; € RPXeXFXhxw (with b as batch size, f as the number of latent frames, and ¢, h, w
as channel, height, and width), we aim to prevent the representation encoder ®' from processing excessively
long sequences. Instead of flattening all latent frames into a single sequence, we apply a window-based
attention mechanism by reshaping the frame dimension into the batch dimension in ®’. In einops notation,
the unified visual representation z, can be expressed as:

X; = rearrange(x;,bcfhw— (b f) c hw), (1)
Z, = MLP(®'(%,)) € RU*/)xd, (2)
z, = rearrange(Z,, (b £) d = b (f d)), (3)

where d is the hidden dimension of the video tokens. This operation effectively allows ® to operate
independently on each 4-frame window, significantly improving efficiency when processing video tokens.

LLM decoder and flow matching head. After obtaining the unified visual representation z, we prepend a timestep
token representing the sampled timestep t to z, concatenate this visual token sequence with language tokens
and feed the combined sequence into an LLM decoder (Qwen-2.5 (Bai et al., 2025)) for joint multimodal
processing. Following standard UMM practices (Xie et al., 2024b; Deng et al., 2025a), we apply a causal
attention mask on language tokens and a bidirectional attention mask on visual tokens within the LLM
decoder layers, as illustrated in Figure 3. For multimodal understanding tasks, the LLM decoder output
is passed through a language modeling head to generate text token predictions. For visual generation and
image editing, we feed the full token sequence to a randomly initialized flow matching head to predict the
velocity for flow matching. This head shares the LLM decoder architecture and adds timestep conditioning
via AdaLN-Zero, following Show-02 (Xie et al., 2025a) and DiT (Peebles and Xie, 2023). For generation and
editing tasks, we adopt multimodal 3D-RoPE (Seawead et al., 2025; Su et al., 2024) over the concatenated
text-visual sequence to handle interleaved instructions and visual content.

2.3 Training Pipeline

To effectively train our unified model, we adopt a three-stage training strategy that progressively adapts each
model component to both understanding and generation tasks.

Stage 1: unified representation and flow matching head pretraining. In the first training stage, our objective is to
adapt the semantic representation encoder to generate unified visual representations and to establish a robust
initialization for the flow matching head. To this end, we train the representation encoder and flow matching
head while freezing the LLM decoder, using two objectives: image captioning and text-to-image generation.



‘ ‘ MME GQA RealWorldQA SEED MMMU MMStar AI2D ChartQA OCRBench
Size

Models

‘ ‘ perception test-dev test image val avg test test test
Understanding-only Models (LMMs)
LLaVA-1.5 (Liu et al., 2023a) 7B 1510.7 62.0 54.8 65.8 35.7 33.1 55.5 17.8 31.8
Qwen-VL-Chat (Bai et al., 2023) | 7B 1487.6 57.5 49.3 64.8 37.0 34.5 57.7 49.8 48.8
LLaVA-OV (Li et al., 2024a) 7B 1580.0 - 69.9 76.7 48.8 57.5 81.4 80.9 62.2
Composite UMMs
TokenFlow-XL (Qu et al., 2025) 14B 1551.1 62.5 56.6 72.6 13.2 - - - -
BLIP3-0 (Chen et al., 2025a) 4B 1527.7 - 60.4 73.8 46.6 - - -
Tar (Han et al., 2025) 7B 1571.0 61.3 - 73.0 39.0 - - - -
X-Omni (Geng et al., 2025) 7B - 62.8 62.6 74.3 47.2 - 76.8 81.5 70.4
1.5B-scale Native UMMs
Show-o (Xie et al., 2024b) 1.3B 1097.2 58.0 - 51.5 27.4 - - - -
Harmon (Wu et al., 2025d) 1.5B 1155.0 58.9 49.8* 67.1 38.9 35.3% 57.0% 29.8* 11.2%
JanusFlow (Ma et al., 2025c) 1.3B | 1333.1 60.3 41.2% 705 293 40.6* 54.2  42.4* 53.2%
SynerGen-VL (Li et al., 2025b) 2.4B 1381.0 - - - 34.2 - - - -
Janus-Pro (Chen et al., 2025b) 1.5B 1444.0 59.3 52.6% 68.3 36.3 43.1*  64.5* 23.4 48.7
Show-02 (Xie et al., 2025a) 1.5B 1450.9 60.0 56.5% 65.6 37.1 43.4 69.0 40.0* 24.5%
TuNA 1.5B 1461.5 61.4 62.5 69.3 39.1 54.6 71.4 821 71.9
7B-scale Native UMMs

BAGEL (Deng et al., 2025a) 14B 1687.0 - 72.8 78.5 55.3 - 89.2 78.5 73.3
Emu3 (Wang et al., 2024c¢) 8B - 60.3 57.4 68.2 31.6 - 70.0 - 68.7
VILA-U (Wu et al., 2024b) 7B 1401.8 60.8 - 59.0 - - - - -
MUSE-VL (Xie et al., 2024c¢) 7B - - - 69.1 39.7 49.6 69.8 - -
Janus-Pro (Chen et al., 2025b) 7B 1567.1 62.0 58.0* 72.1 41.0 48.3%  71.3* 25.8 59.0
Mogao (Liao et al., 2025) 7B 1592.0 60.9 - 74.6 44.2 - - - -
Show-02 (Xie et al., 2025a) 7B 1620.5 63.1 64.7* 69.8 48.9 56.6 78.6 52.3*% 32.4%
TuNa 7B 1641.5 63.9 66.1 74.7 49.8 61.2 79.3 85.8 743

Table 1 Comparisons between TUNA and baseline models on multimodal understanding benchmarks. Results with
model size greater than 13B are grayed. Bold: best results among each section. Underline: second-best. * indicates
the results based on our evaluation scripts.

Our image captioning objective aligns with the pretraining objectives of strong semantic encoders, such as
SigLIP 2 (Tschannen et al., 2025) and the Qwen2.5-VL (Bai et al., 2025) vision encoder. Image captioning
has also been shown to provide semantic richness comparable to contrastive learning (Tschannen et al.,
2023), thereby enhancing our unified representation’s visual understanding capability. Meanwhile, the text-to-
image generation objective trains the flow matching head to generate images from text conditions, laying
the groundwork for later image editing and text-to-video generation tasks. Additionally, this objective
allows generation gradients to flow back into the representation encoder, further aligning our unified visual
representation with both understanding and generation tasks.

Stage 2: full model continue pretraining. In the second training stage, we unfreeze the LLM decoder and
pretrain the entire model using the same image captioning and text-to-image generation objectives from Stage
1. During later training steps of Stage 2, we further introduce image instruction-following, image editing,
and video-captioning datasets to extend the model’s capabilities. This stage enables TUNA to perform more
complex multimodal reasoning and generation tasks, bridging the gap between basic visual-text alignment
and higher-level instruction-driven multimodal understanding and generation.

Stage 3: supervised finetuning (SFT). Finally, in the third stage, we conduct supervised fine-tuning (SFT) using
a combination of image editing, image/video instruction-following, and high-quality image/video generation
datasets, trained with a reduced learning rate. This stage further refines TUNA ’s capabilities, improving its
performance and generalization across diverse multimodal understanding and generation tasks.

3 Experiments

3.1 Experiment Setup

Implementation details. We verify TUNA with two LLM models at different scales, i.e., Qwen2.5-1.5B-Instruct
and Qwen2.5-7B-Instruct (Bai et al., 2025). In the pretraining stage, we optimize the representation encoder,
projection layers, and diffusion head with AdamW (Loshchilov and Hutter, 2017) using a learning rate of
1 x 10~*. We train on images with a base resolution of 512x512, as well as alternative aspect ratios that yield
a similar number of visual tokens. In the second stage, we enable end-to-end training after a linear warm-up



Models

Size ‘SingIeObj. Two Obj. Counting Colors Position Color Attr. | Overall

Generation-only Models

SD3-Medium (Esser et al., 2024) 2B 0.99 0.94 0.72 0.89 0.33 0.60 0.74
FLUX.1 [Dev]" (Batifol et al., 2025) | 12B |  0.98 0.93 0.75 093  0.68 0.65 0.82
Composite UMMs
MetaQuery-XL'(Pan et al., 2025) 7B - - - - - - 0.80
Tar (Han et al., 2025) 7B 0.99 0.92 0.83 0.85 0.80 0.65 0.84
BLIP3-0 (Chen et al., 2025a) 8B - - - - - - 0.84
UniWorld-V1 (Lin et al., 2025a) 12B 0.98 0.93 0.81 0.89 0.74 0.71 0.84
OmniGen2' (Wu et al., 2025¢) 7B 0.99 0.96 0.74 0.98 0.71 0.75 0.86
1.5B-scale Native UMMs
D-DiT (Li et al., 2025c¢) 2B 0.97 0.80 0.54 0.76 0.32 0.50 0.65
Show-o (Xie et al., 2024Db) 1.5B 0.98 0.80 0.66 0.84 0.31 0.50 0.68
Janus-Pro (Chen et al., 2025b) 1.5B 0.98 0.82 0.51 0.89 0.65 0.56 0.73
Show-02 (Xie et al., 2025a) 1.5B 0.99 0.86 0.55 0.86 0.46 0.63 0.73
Harmon (Wu et al., 2025d) 1.5B 0.99 0.86 0.66 0.85 0.74 0.48 0.76
TuNa 1.5B 1.00 0.94 0.83 0.91 0.81 0.79 0.88
7B-scale Native UMMs
MUSE-VL (Xie et al., 2025b) 7B - - - - - - 0.57
Transfusion (Zhou et al., 2024) 7B - - - - - - 0.63
Emu3 (Wang et al., 2024c) 8B - - - - - - 0.66
Show-02 (Xie et al., 2025a) 7B 1.00 0.87 0.58 0.92 0.52 0.62 0.76
Janus-Pro (Chen et al., 2025b) B 0.99 0.89 0.59 0.90 0.79 0.66 0.80
BAGEL' (Deng et al., 2025a) 14B 0.98 0.95 0.84 0.95 0.78 0.77 0.88
Mogao (Liao et al., 2025) 7B 1.00 0.97 0.83 0.93 0.84 0.80 0.89
TuNa B 1.00 0.97 0.81 0.91 0.88 0.83 0.90

Table 2 Image generation results on GenEval. T refers to methods using LLM rewriters. Bold: best results among each
section. Underline: second-best.

of 2K steps and continue optimization with the same learning rate. At this point, we extend the training
data to include video-caption pairs and editing data. In the final stage, we perform supervised fine-tuning
for instruction following on our curated SFT corpus with a smaller learning rate of 2 x 107°. Due to the
substantial computational cost of video training, the 7B variant is trained without video data.

3.2 MainResults

Image understanding. We evaluate TUNA’s multimodal understanding capabilities on nine benchmarks,
including general VQA benchmarks such as MME (Fu et al., 2025a), GQA (Hudson and Manning, 2019),
RealWorldQA (xAI) and SEED-Bench (Li et al., 2023b); knowledge-intensive benchmarks such as MMMU (Yue
et al., 2024), MMStar (Chen et al., 2024b), and AI2D (Kembhavi et al., 2016); and text-centric benchmarks
including ChartQA (Masry et al., 2022) and OCRBench (Liu et al., 2024b). As shown in Table 1, both
1.5B and 7B TUNA achieve state-of-the-art results across nearly all benchmarks, demonstrating strong and
consistent performance. Notably, TUNA delivers competitive image understanding results compared to
understanding-only models and outperforms many composite UMMs and UMMs with larger model sizes,
highlighting the effectiveness of its unified representations.

Image generation. We evaluate TUNA’s image generation performance on three benchmarks: GenEval (Ghosh
et al., 2023), DPG-Bench (Hu et al., 2024) and OnelG-Bench (Chang et al., 2025). Results are presented in
Table 2 and Table 3. Across all three benchmarks, TUNA consistently outperforms contemporary approaches
such as Janus-Pro, BAGEL and Mogao, achieving state-of-the-art results for both the 1.5B and 7B variants.
Notably, TUNA shows a substantial advantage in text rendering quality in OnelG-Bench, indicating its
strong semantic understanding capability when generating images from complex instructions containing
visual text-related information. Our results show that TUNA consistently outperforms models with decoupled
visual representations on image generation tasks, underscoring the strength and robustness of its unified
representation design.



‘ ‘ DPG-Bench ‘ OnelG-Bench
Models ‘ Size

‘Global Entity Attribute Relation 0ther‘0veraII‘AIignment Text Reasoning Style Diversity‘Average

Generation-only Models

FLUX.1 [Dev]| (Batifol et al., 2025)|12B |82.10 89.50 88.70 91.10 89.40| 84.00 0.79 0.52 0.25 0.37 0.24 0.43
Qwen-Image (Wu et al., 2025a) 20B |91.32 91.56 92.02 94.31 92.73| 88.32 0.88 0.89 0.31 0.42  0.20 0.54
1.5B-scale Native UMMs
Show-o (Xie et al., 2024b) 1.3B| - - - - - - 0.70  0.00 0.21 0.36 0.24 0.25
Show-02 (Xie et al., 2025a) 1.5B|87.53 90.38 91.34 90.30 91.21 | 85.02 0.80 0.13 0.27 0.35 0.19 0.35
TuNna 1.5B| 88.87 90.32 91.71 9179 90.14| 86.03 0.82 0.77 0.25 0.36 0.20 0.48

7B-scale Native UMMs

Emu3-DPO (Wang et al., 2024c) 8B - - - - - 81.60 - - - - - -
Janus-Pro (Chen et al., 2025b) 7B |86.90 88.90 89.40 89.32 89.48]| 84.19 0.55 0.00 0.14 0.28 0.37 0.27
Mogao (Liao et al., 2025) 7B |82.37 90.03 88.26 93.18 85.40| 84.33 - - - - - -
BAGEL (Deng ct al., 2025a) 14B |88.94 90.37 9129 90.82 88.67|85.07| 077 0.24 017 037 025 | 0.36
Show-02 (Xie et al., 2025a) 7B [89.00 9178 89.96 91.81 91.64 | 86.14 0.82 0.00 0.23 0.32  0.18 0.31
TUNA 7B |90.42 91.68 90.94 91.87 90.73| 86.76 0.84 0.82 0.27 040 0.19 0.50

Table 3 Image generation results on DPG-Bench. Bold: best results among each section. Underline: second-best.

‘ ‘ ImgEdit-Bench ‘ GEdit-Bench
Models ‘ Size

| Add Adj. Ext. Rep. Rm. Bg. Sty. Hyb. Act. |Overall|G-SC G-PQ | G-Overall

Generation-only Models

FLUX.1 Kontext [Pro| (Batifol et al., 2025) | 12B | 4.25 4.15 2.35 4.56 3.57 4.26 4.57 3.68 4.63| 4.00 | 7.02 7.60 | 6.56
Qwen-Image (Wu et al., 2025a) ‘2OB ‘4.38 4.16 3.43 4.66 4.14 4.38 4.81 3.82 4.69‘ 4.27 ‘8.00 7.86‘ 7.56
Native or Composite UMMs
OmniGen (Xiao et al., 2025) 3.8B[3.47 3.04 1.71 2.94 243 3.21 4.19 2.24 3.38| 2.96 | 596 5.89 | 5.06
BAGEL (Deng et al., 2025a) 14B |3.56 3.31 1.70 3.30 2.62 3.24 4.49 2.38 4.17| 3.20 | 7.36 6.83 | 6.52
UniWorld-V1 (Lin et al., 2025a) 12B |3.82 3.64 2.27 3.47 3.24 2.99 4.21 2.96 2.74| 3.26 | 4.93 7.43| 4.85
OmniGen2 (Wu et al., 2025¢) 4B |3.57 3.06 1.77 3.74 3.20 3.57 4.81 2.52 4.68| 3.44 | 7.16 6.77 6.41
Tuna 7B | 4.46 452 247 4.68 458 456 4.73 407 469 | 431 | 779 748 | 7.29

Table 4 Image editing results on ImgEdit-Bench and GEdit-Bench. For ImgEdit-Bench, we test editing performance
across various dimensions, including ‘Add’, ‘Adjust’, ‘Extract’, ‘Replace’, ‘Remove’; ‘Background’, ‘Style’, ‘Hybrid’,
and ‘Action’. For GEdit-Bench, “G-SC” and “G-PQ” denote “G-Semantic Consistency” and “G-Perceptual Quality”,
respectively. Bold: best results among each section. Underline: second-best.

Image editing. We employ ImgEdit-Bench (Ye et al., 2025) and GEdit-Bench as our evaluation suite for
image editing. As shown in Table 4, TUNA achieves an overall score of 4.31 on ImgEdit-Bench, ranking
highest among all UMMSs. TUNA’s performance is also comparable to generation-only models such as FLUX.1
Kontext (Batifol et al., 2025) and Qwen-Image (Wu et al., 2025a). For GEdit-Bench, although TUNA performs
slightly below the best generation-only model (Qwen-Image (Wu et al., 2025a)), it again achieves the highest
overall score among all unified models. TUNA’s consistently strong results on both ImgEdit-Bench and
GEdit-Bench demonstrate its robust image editing capability and highlight the effectiveness of our unified
visual representation when handling visual generation tasks that require precise semantic understanding and
accurate prompt following.

Video understanding. We employ four video understanding benchmarks to evaluate TuNA: MVBench (Li
et al., 2024b), Video-MME (Fu et al., 2025b), LongVideoBench (Wu et al., 2024a) and LVBench (Wang et al.,
2025b). As shown in Table 5, TUNA outperforms Show-02 on MVBench and Video-MME, while achieving
competitive results on LongVideoBench and LVBench. Notably, despite being only a 1.5B-parameter model,
TuNA performs on par with larger understanding-only models on MVBench and LVBench, demonstrating the
efficiency and effectiveness of our unified representation for video understanding tasks.

Video generation. We evaluate TUNA on VBench (Huang et al., 2024) for text-to-video generation, comparing
it against other UMMSs and generation-only models. As shown in Table 6, TUNA achieves state-of-the-art
performance, surpassing all existing UMMs capable of video generation, while using only a 1.5B-parameter
LLM decoder. This demonstrates the efficiency and scalability of our unified architecture for high-quality
video generation.



‘ ‘ ‘MVBench Video-MME LongVideoBench LVBench

Models ‘ Size ‘ #Frames ‘ test w/o sub val test
Understandmg only Models (LMMs)
GPT-40 (OpenAl, 2024) - 71.9 66.7 48.9
Gemini-1.5-Pro (Team et al., 2024) - - 54.2 75.0 64.0 33.1
LongVA (Zhang et al., 2024a) 7B 64 49.2 52.6 51.8 -
VideoLLaMA2 (Cheng et al., 2024) | 7B 16 54.6 47.9 - -
LLaVA-OV (Li et al., 2024a) B 32 56.7 58.2 56.5 26.9
1.5B-scale Native UMMs
Show-02 (Xie et al., 2025a) 1.5B 32 49.8 48.0 49.2 -
TuNa 1.5B 49 54.4 491 49.7 27.4

Table 5 Experimental results on video understanding benchmarks. #Frames denotes the number of frames used during
inference. Bold: best results. Underline: second-best.

Models |size| @ Sss sc BC TF Ms DD AQ IQ OC MO HA C SR S AsS TS OC |Total

Generation-only Models
CogVideoX | 5B |82.75 77.04 96.23 96.52 98.66 96.92 70.97 61.98 62.90 85.23 62.11 99.40 82.81 66.35 53.20 24.91 25.38 27.59|81.61

Native or Composite UMMs

VILA-U 7B |76.26 65.04 - - - - - - - - - - - - - |74.01
HaploOmni| 7B - - 96.40 97.60 - 96 80 65 30 - - - - 34.60 - - - |78.10
Emu3 8B - - 95.32 9769 - 98.93 79.27 59.64 - 86 17 44 64 77 71 - 68.73 37.11 20.92 - 80.96
Show-02 1.5B|82.10 78.31 97.28 96.78 97.68 98.25 40.83 65.15 67.06 94.81 76.01 95.20 80.89 62.61 57.67 23.29 25.27 27 00|81.34
TuNa 1.5B|84.32 83.04 95.99 96.72 98.02 98.33 69.39 65.88 66.83 95.41 92.31 97.50 87.67 78.12 58.59 23.18 24.68 27.71|84.06

Table 6 Video generation results on VBench. Full column names: QS: Quality Score, SS: Semantic Score, SC: Subject
Consistency, BC: Background Consistency, TF: Temporal Flickering, MS: Motion Smoothness, DD: Dynamic Degree,
AQ: Aesthetic Quality, IQ: Imaging Quality, OC: Object Class, MO: Multiple Objects, HA: Human Action, C: Color,
SR: Spatial Relationship, S: Scene, AS: Appearance style, TS: Temporal Style, OC’: Overall Consistency. Bold: best
results among each section. Underline: second-best.

3.3 Ablation: Visual Representation Design

In this section, we conduct a series of ablation experiments to systematically assess the effectiveness of our
model architecture and training pipeline. For all experiments, we use a lightweight variant of TUNA built
on the Qwen2.5-1.5B LLM with a smaller flow matching head. Using this setup, we evaluate three visual
representation designs:

1. Decoupled representations, using Sigl.LIP 2 features for understanding and Wan 2.2 VAE latents for
generation (denoted as “Decoupled”).

2. Show-02-style unified representations, using a dual-path late fusion strategy to obtain the final represen-
tations (denoted as “Show-02”). A detailed explanation of this design can be found in Section 3.4.

3. TuNA’s unified representation, initialized from three different pretrained representation encoders: SigLIP
(Zhai et al., 2023), SigLIP 2 (Tschannen et al., 2025), and DINOv3? (Siméoni et al., 2025).

All models are trained on a subset of our training data using a two-stage training pipeline (corresponding to
Stage 1 and Stage 3 in Section 2.3), with an equal number of training steps per stage. Our ablation study
results are shown in Table 7

Unified vs. decoupled visual representation. Comparing Model 8 and Model 12 in Table 7, we observe that our
unified representation consistently outperforms the decoupled setting across all understanding and generation
benchmarks. Comparing Models 2 and 5 with Model 8, we find that training a unified model using decoupled
visual representations results in substantial degradation on understanding tasks, compared to only training the
model on understanding data. In contrast, Model 12 surpasses Model 3 on most understanding benchmarks and
outperforms Model 6 across all generation benchmarks. These results indicate that our unified representation
suffers far less from representation conflicts than decoupled designs, enabling stronger performance in both
understanding and generation.

3Model code: siglip-so400m-patch14-384, siglip2-so400m-patch16-512 and dinov3-vith16plus-pretrain-lvd1689m.



Understanding ‘ Generation

Models ‘ ‘ Data ‘

ID

\ \ | MME-p MMMU SEED GQA | GenEval DPG
Show-02 (Wan 2.1 VAE + SigLIP) 1 Und 1351 36.1 62.1 56.8 - -
Decoupled (SigLIP 2 only) 2 Onl ’ 1392 38.2 62.9 58.1 - -
TunA (Wan 2.2 VAE + SigLIP 2) 3 Y| 1386 37.6 629 574 . :
Show-02 (Wan 2.1 VAE + SigLIP) 4 Gen - - - - 76.2 82.56
Decoupled (Wan 2.2 VAE only) 5 Onl. - - - - 77.3 82.87
Tuna (Wan 2.2 VAE + SigLIP 2) 6 Y - - - - 778 83.33
Show-02 (Wan 2.1 VAE + SigLIP) 7 1339 35.4 61.7 55.9 75.9 82.32
Decoupled (Wan 2.2 VAE + SigLIP 2) 8 1346 37.2 61.4 56.5 78.3 83.50
TuNA (Wan 2.1 VAE + SigLIP) 9 Und. 1358 35.9 64.2 57.2 77.2 83.29
TuNA (Wan 2.2 VAE + SigLIP) 10 & 1349 36.3 64.6 57.4 76.9 83.10
TuNA (Wan 2.1 VAE + SigLIP 2) 11 Gen. 1379 37.7 65.9 58.4 79.1 83.98
TuNA (Wan 2.2 VAE + SigLIP 2) 12 1361 38.1 66.5 58.2 79.4 84.20
TuNa (Wan 2.2 VAE + DINOv3) 13 1396 37.3 65.6 58.6 78.9 84.08

Table 7 Ablation study results. “Und. Only”, “Gen. Only” and “Und. & Gen.” refer to models trained with
understanding data only, generation data only, and both data, respectively.

Selection of representation encoders. We find that TUNA’s unified representation generally benefits from
stronger representation encoders. As shown in Table 7, comparing Models 10, 12, and 13, both SigL.IP 2 (400M
parameters) and DINOv3 (800M) outperform SigLIP (400M) on all benchmarks. Furthermore, comparing
Model 9 to Model 11 and Model 10 to Model 12, we observe that regardless of which VAE encoder is used in
the model, replacing SigLIP with SigL.IP 2 in the representation encoder consistently improves performance
across all understanding and generation benchmarks. We ultimately adopt SigLIP 2 for TUNA as it delivers
comparable understanding performance, superior generation quality relative to DINOv3, and maintains a
significantly smaller model size.

Understanding-generation synergy. Our experimental results on training models exclusively on either under-
standing (Models 1, 2 and 3) or generation data (Models 4, 5 and 6) demonstrate that TUNA benefits from
joint training on both data types. Specifically, we observe that Model 12 surpasses Model 3 on understand-
ing benchmarks and Model 6 on generation benchmarks. Although the comparison between Model 2 and
Model 3 shows that TuNnA’s VAE + representation encoder architecture incurs a slight performance drop
relative to using only a representation encoder (the standard setup for understanding-only models), our joint
understanding + generation training pipeline largely compensates for this degradation. Specifically, Model 12
recovers its understanding performance and becomes comparable to or even better than Model 2 on several
understanding benchmarks. Moreover, Model 12 substantially outperforms both Model 5 and Model 6 on
all generation benchmarks. These results demonstrate the mutual enhancement between understanding and
generation made possible by our unified visual representation design.

Comparison with Show-02. A closely related work to ours is Show-02 (Xie et al., 2025a), which uses a dual-path
late-fusion mechanism, merging features from separate VAE and semantic encoders via a fusion layer to build
unified representations. In contrast, TUNA extracts unified representations directly from VAE latents using a
semantic encoder, achieving deep feature fusion across all layers in the semantic encoder. Comparing Model 7
with Models 9, 10, 11 and 12 in Table 7, our unified representation consistently outperforms Show-o2 on all
benchmarks, regardless of the choice of the VAE encoder and the representation encoder. Model 1 vs. 3 and
Model 4 vs. 6 further show that Show-02 underperforms even when trained on a single task. We attribute
this to its late-fusion strategy, which introduces representation conflicts and degrades overall performance.

3.4 Discussion: Unified Representation Analysis

As discussed in Section 3.3, both TUNA and Show-02 (Xie et al., 2025a) employ unified visual representations
for understanding and generation, but they construct these representations in fundamentally different ways.
In this section, we first describe Show-02’s unified visual representation design in detail, and then provide an
in-depth analysis of why TUNA’s unified representation achieves superior performance than Show-02.
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Figure 4 Comparison between TUNA and Show-02 on how unified visual representations are produced.

As illustrated in Figure 4, Show-02 constructs unified visual representations using a dual-path feature fusion
mechanism. The input image or video is first encoded by a VAE encoder, after which the latent is processed
through two parallel branches. The semantic projection branch feeds the VAE latents into a set of semantic
layers to extract features for understanding tasks. The VAE projection branch applies 2D patch embedding
layers to produce features tailored for generation tasks. Importantly, the semantic layers are pre-distilled
using a frozen representation encoder: given the same image, their outputs are first aligned with a pretrained
SigLLIP model before conducting end-to-end training of the Show-02 model. This pre-distillation stage is
proposed to preserve semantic understanding capability. Finally, Show-02 merges the outputs of both paths
using a feature fusion layer to obtain its unified visual representation.

To better understand why our unified representation yields superior performance, we perform a representation
alignment analysis using CKNNA scores (Huh et al., 2024) with respect to two reference models: (1) a strong
semantic encoder SigLIP 2 (Tschannen et al., 2025), and (2) a strong generation model SD3-Medium (Esser
et al., 2024). Concretely, we extract unified visual representations from TUNA and Show-02 based on 1,024
images from the Wikipedia Captions dataset (Srinivasan et al., 2021) and compute their CKNNA scores
relative to features from all intermediate layers of the two reference models. The results are presented in
Figure Ha and Figure 5Hb.

As shown in the figures, both TUNA and Show-02 exhibit strong alignment with the SigLIP 2 intermediate
features, with CKNNA scores exceeding 0.5. This high similarity reflects their strong semantic understanding
capability, consistent with their solid performance on multimodal understanding tasks. On the other hand,
TUNA’s unified representation shows consistently higher alignment with the SD3-Medium intermediate features
compared to Show-02, indicating that TUNA learns a more balanced unified representation suited for both
understanding and generation. In contrast, Show-02 remains biased toward semantic features, which limits its
generation quality.

The above findings prompt us to further investigate why Show-02’s dual-path fusion mechanism produces biased
features toward semantic understanding. To analyze this, we compute CKNNA scores between Show-02’s
final fused features and the intermediate features from its understanding (semantic projection) and generation
(VAE projection) branches before fusion. We find that Show-02’s unified representation exhibits a strong
correlation with its understanding branch (CKNNA=0.45) but a very weak correlation with the generation
branch (CKNNA=0.07). This demonstrates that the late-fusion strategy merges features in an imbalanced
manner, causing the representation to remain dominated by semantic information. In contrast, TUNA’s
end-to-end training of the unified representation on both objectives enables early fusion of understanding and
generation signals at every layer of the representation encoder. This layer-wise interaction captures richer
cross-task dependencies and is inherently more robust than the late-fusion strategy adopted in Show-o02.

11
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Figure 5 Representation alignment analysis with SigLIP 2 and SD3-Medium. For both TuNaA and Show-02, we extract
visual representations at the input layer of the LLM decoder.

3.5 AQualitative Results

Image generation. We compare TUNA with state-of-the-art generation-only and unified models across diverse
image generation instructions in Figure 6. In the first two examples, TUNA exhibits strong text rendering
ability, accurately reproducing all visual text in the prompts without errors. In the whiteboard example,
TUNA is the only model that correctly places an underline beneath “with everyone”, demonstrating precise
prompt-following capability. Moreover, TUNA accurately generates two black shelves, one containing books
and markers on top and the other containing black cloth and hand sanitizer at the bottom, each in the
correct position. Other models either fail to produce the correct number of shelves or place the wrong items
on them. These results show that TUNA excels at compositional image generation, enabled by its unified
visual representation with strong semantic understanding capabilities. In the “tuna” example, both TUNA and
Flux (Batifol et al., 2025) successfully render the Hawaiian shirt, while other models either fail to depict the
shirt or generate an incorrect tuna body. Finally, in the “red t-shirt” example, TUNA accurately reflects the
“classic 1960s Walt Disney animation style” and correctly includes all required elements from the prompt,
maintaining a coherent and well-structured composition.

Image editing. We compare TUNA with BAGEL (Deng et al., 2025a), Qwen-Image (Wu et al., 2025a), and
Flux.1 Kontext (Batifol et al., 2025) on image editing tasks in Figure 7. As shown, TUNA not only correctly
performs explicit editing operations, such as style transfer (photorealistic — hand-sculpted claymation in the
“dog” example), environment change (daylight — nighttime in the “red car” example), and object replacement
(boat — puppy with a swim ring in the “boat” example), but also handles more implicit and nuanced
instructions, such as applying lighting from the left side in the “doll” example. These results further highlight
TUNA’s strong semantic understanding and high-fidelity image generation capabilities.

Video generation. We present TUNA’s video generation results in Figure 8. The model produces high-fidelity
videos across a wide range of instructions, demonstrating the strength of its unified visual representation
space for jointly modeling both images and videos.

4 Related Work

4.1 Large Multimodal Models

Large multimodal models (LMMs) aim to generate text responses from multimodal inputs spanning images,
videos, and text. Early LMMs such as Flamingo (Alayrac et al., 2022) and Idefics (Laurencon et al., 2023)
introduced cross-attention layers to enable interaction between visual and linguistic features. Modern LMMs
generally follow the LLaVA paradigm (Liu et al., 2023a), where visual inputs are encoded by a vision encoder
(e.g., CLIP (Radford et al., 2021)) and then concatenated with text tokens for joint processing by a language
model decoder. Recent research advances focus on improving instruction-following through higher-quality
training data (Liu et al., 2024a; Li et al., 2024a; Chen et al., 2024a; Li et al., 2024b; Ren et al., 2024; Zhang
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The image is a stylish magazine cover for “TUNA STORY”, featuring a modern urban portrait. The title appears in large white letters across the top, while a waist-up shot of amanin a
dark tailored coat and shirt stands confidently in the center of a cool-toned city street. The lighting is crisp and even, highlighting his face and coat against the softly blurred blue
urban background. Headlines on the left and right frame the subject: “Redefining Modern Menswear: Effortless, Tailored, Confident” and “From Street to Studio: The New Look
of Urban Style”. The overall layout has a clean, contemporary fashion-magazine design aesthetic. All text is presented in uppercase to create a bold, high-impact visual presence.
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The image shows a whiteboard themed around being friendly and inclusive. It is mounted on a gray wall and outlined with a bold black scalloped border. On the left side, there is a
small black shelf with books and markers labeled “CURRENTLY READING.” Below it, a second black shelf holds a bottle of hand sanitizer, a black cloth, and a few smallitems, and
the word “EXTRAS” is written to the top of this lower shelf. In the center of the whiteboard, a large cloud-shaped outline contains only the heading: “You can’t be best friends with
everyone, but you can:” with the phrase “with everyone” clearly underlined. Below the cloud bubble, outside of it, is a checklist of five items: “notice everyone,” “be friendly to
everyone,” “make room for everyone,” “root for everyone,” and “empathize with everyone.” All text uses a playful handwritten style.

NS S 3
The image shows a charming tuna swimming through clear tropical water, dressed in vibrant summer attire. A tilted woven straw hat sits on its glistening head, and a lush flower lei of
plumeria, hibiscus, and frangipani hangs around its neck. It wears a colorful Hawaiian shirt with palm leaves, shells, and sunset patterns, the fabric drifting gently underwater.
Filtered sunlight creates shimmering bands of turquoise and gold across its metallic scales, while tiny sparkles float like enchanted dust. Sea plants, drifting particles, and faint
coral silhouettes surround the tuna, rendered with a soft, painterly touch.

A dashing ensemble lies scattered upon a real gray wooden floor in a fully photorealistic environment. The vibrant red t-shirt, sleek black jeans, crisp white sneakers, and debonair

black hat are illustrated in a classic 1960s Walt Disney animation style, creating a stylized-objects-in-real-world composition. A sharp blue flash of lightning illuminates the
scene, adding dramatic contrast between the cartoon-like clothing and the realistic setting.

Figure 6 Qualitative comparison between T'UNA and baseline models on image generation tasks. The instructions that
are correctly reflected in our results but failed in some of the baseline models are bolded.

et al., 2024b; Wiedmann et al., 2025; An et al., 2025), developing stronger vision encoders capable of handling
higher-resolution images (Liu et al., 2024a; Laurencgon et al., 2024; Wang et al., 2024b; Bai et al., 2025),
extending LMMs to interleaved image (Laurencon et al., 2024; Li et al., 2024a; Jiang et al., 2024) and video
understanding (Maaz et al., 2023; Lin et al., 2023; Zhang et al., 2024a; Li et al., 2024b,d; Ren et al., 2025),
and incorporating reinforcement learning with thinking modes (Deng et al., 2025b; Huang et al., 2025; Feng
et al., 2025) or pixel-space reasoning (Su et al., 2025a,b; Liu et al., 2025a).

4.2 Diffusion Generative Models

Diffusion generative models have become the de facto backbone of high-fidelity image (Esser et al., 2024;
Batifol et al., 2025; Li et al., 2024e; Wu et al., 2025a; Liu et al., 2023b,c, 2025b) and video (Kong et al., 2024;
Seawead et al., 2025; Wan et al., 2025; Liu et al., 2025¢) synthesis. Modern large-scale visual generation
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Input BAGEL Flux.1 Kontext TUNA

Qwen-Image

Make the doll’s eyes look forward and apply high-end studio lighting from the left while preserving its identity. Enhance directional
shadows and highlights for a professional photographic look without altering expression, outfit, or environment.

Replace the small boat with a puppy on a swimming ring, and change the sentence on the sign to "unified representation”.

Figure 7 Qualitative comparison between TUNA and baseline models on image editing tasks.

models typically apply diffusion in a continuous latent space defined by a learned VAE, following the Latent
Diffusion Model (LDM) paradigm (Rombach et al., 2022), which offers superior perceptual quality and
sampling efficiency compared to autoregressive decoding of long sequences of discrete tokens based on VQ-VAE
(Van Den Oord et al., 2017; Esser et al., 2021). Within diffusion itself, latent-space models (Rombach et al.,
2022; Podell et al., 2023; Esser et al., 2024) are generally preferred over pixel-space approaches (Dhariwal and
Nichol, 2021; Saharia et al., 2022) because they reduce computational cost, ease scaling to higher resolutions,
and allow the denoising network to focus on semantically meaningful structure rather than low-level pixel
noise. Architecturally, diffusion backbones have evolved from convolutional U-Net designs (Ronneberger et al.,
2015; Ho et al., 2020) to diffusion transformers (DiT) (Peebles and Xie, 2023; Ma et al., 2024); In parallel, the
learning objective has been generalized from Gaussian noise prediction and score matching (Ho et al., 2020;
Song et al., 2020) to more expressive formulations such as rectified flows (Liu et al., 2022) and flow matching
objectives (Lipman et al., 2022; Albergo et al., 2023).
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An elderly woman with short, curly white hair and a beige sweater sits on a gray couch, holding a light blue mug in her right hand. She rests her left arm on a green
pillow, smiling as she looks off to the right. Behind her, a white shelf holds a glass vase with a gray candle, a stack of books, and a wicker basket. A large green plant
stands to the left, and the background is a plain white wall. The woman's gaze shifts to the camera, and she raises the mug to her lips, taking a sip. She then sets the
mug down on the couch beside her, her eyes never leaving the camera. The scene is well-lit, with soft, natural light illuminating the room.

A person stands at the edge of an infinity pool, arms outstretched, gazing out at a vibrant sunset over the ocean. The individual is silhouetted against the colorful sky,
wearing a long-sleeved shirt and shorts. The pool's edge is barely visible, with ripples on the water's surface reflecting the sky's hues. In the background, a small island
with palm trees and rocks meets the horizon, where the sun sets over the calm ocean waters. The sky transitions from blue to orange, yellow, and pink, with scattered
clouds. The scene exudes a serene, peaceful atmosphere, capturing a moment of contemplation or joy at the natural beauty of the surroundings.

A majestic male lion with a thick, dark-brown mane and golden-brown fur lies on the ground, facing right. His front paws are stretched out in front of him, and his head
is slightly raised, gazing into the distance. The lion's mane is long and shaggy, framing his face and neck. In the background, a tree trunk and some dry grass are visible,
along with a large rock formation to the right. The ground is covered in light-brown dirt, and the overall atmosphere suggests a sunny day in a savannah or zoo
enclosure. The lion's expression is calm and regal, exuding a sense of power and serenity.

The video shows a single red balloon drifting gently forward, its string hanging loosely as it floats at a steady, unhurried pace. The balloon rises and dips slightly with the
movement of the air, shifting left or right in small, natural sways as it continues down the street. The scene unfolds along a old-town street treated as a full visual object
rather than simple background: narrow cobblestone paths, tall stone buildings with ornate window frames, iron balconies, and warm-toned fagades lining both sides.
Soft afternoon light casts long shadows across café tables, bicycles, and shop signs, all subtly passing by as the balloon moves. The architecture’s depth, the texture
of the street, and the layered rows of buildings create a clear sense of space, framing the slow, floating journey of the red balloon through the historic European street.

Figure 8 Qualitative results for TUNA on the task of text-to-video generation.

4.3 Unified Multimodal Models

Unified multimodal models (UMMSs) have gained growing attention for their ability to flexibly generate
text and visual content from diverse multimodal inputs. Recent approaches (Luo et al., 2025) such as
MetaQuery (Pan et al., 2025), BLIP-30 (Chen et al., 2025a), and UniWorld-V1 (Lin et al., 2025a) achieve this
by connecting understanding-only and generation-only models through learnable adapters. While achieving
promising results, their capabilities largely rely on pretrained task-specific models, limiting the potential
synergy between understanding and generation. In contrast, native UMMs are pretrained from scratch to
perform both tasks within a single unified architecture. Among these works, models such as the Janus series
(Wu et al., 2025b; Ma et al., 2025¢; Chen et al., 2025b) and UniFluid (Fan et al., 2025) adopt decoupled visual
representations for understanding and generation. BAGEL (Deng et al., 2025a), Mogao (Liao et al., 2025),
and OneCAT (Li et al., 2025a) further use MoE-style architectures to route inputs separately, mitigating
conflicts between distinct representations from the decoupled vision encoders. Alternatively, models like
Chameleon (Team, 2024), Transfusion (Zhou et al., 2024), Harmon (Wu et al., 2025d), and the Show-o series
(Xie et al., 2024b, 2025a) employ unified visual representations for both tasks. While being more efficient,
these models often exhibit weaker or imbalanced performance, excelling in one task but underperforming in
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the other. TUNA overcomes these limitations by learning balanced, unified visual representations and achieves
strong performance in both understanding and generation.

4.4 Representationin Multimodal Models

Recent studies have explored learning better representations to enhance multimodal understanding and
generation models. From the perspective of improving understanding models, methods such as Ross (Wang
et al., 2024a), GenHancer (Ma et al., 2025b) and ASVR (Wang et al., 2025a) enhance multimodal understanding
by introducing generation or reconstruction objectives, encouraging the model to capture fine-grained visual
details. Conversely, to improve generative models, approaches such as REPA (Yu et al., 2024) and VA-VAE
(Yao et al., 2025) align diffusion transformers or VAE representations with semantic vision encoders, thereby
achieving stronger generative performance. Similarly, Dispersive Loss (Wang and He, 2025) introduces an
auxiliary contrastive-like objective to further enhance generation quality.

In the domain of unified multimodal models, recent research has primarily focused on developing unified
visual tokenizers that support both understanding and generation tasks. For instance, TokenFlow (Qu
et al., 2025) and MUSE-VL (Xie et al., 2024c) adopt late-fusion strategies to merge features from separate
understanding and generation encoders into quantized codebooks. DualToken (Song et al., 2025), UniTok (Ma
et al., 2025a) and TokLIP (Lin et al., 2025b) train a single encoder to produce vector-quantized representations
for both tasks. However, these methods rely on discrete representations, limiting their ability to perform
high-fidelity visual generation. UniFlow (Yue et al., 2025) and UniLIP (Tang et al., 2025) adapt representation
encoders into continuous unified visual tokenizers, but both rely on relatively complex alignment (e.g. self-
distillation or reconstruction schemes). In contrast, TUNA learns a unified representation end-to-end under
joint understanding and generation objectives, and is validated at a larger scale across more tasks. Moreover,
UniLIP adopts a composite design where the unified features only serve as conditions for a separate pretrained
generative model (SANA (Xie et al., 2024a)). On the other hand, TUNA trains a native unified model that
jointly performs understanding and generation within a single framework.

5 Conclusion

We introduced TUNA, a native unified multimodal model that constructs a unified visual representation space
by cascading a VAE encoder with a representation encoder. We train an LLM decoder and a flow matching
head on this unified representation, achieving strong performance across image and video understanding, image
and video generation, and image editing. TUNA not only surpasses prior UMM baselines but also performs
competitively with leading understanding-only and generation-only models. Our ablation studies further
show that (1) TUNA’s unified representation space outperforms both Show-02-style unified representations
and decoupled representation designs, (2) stronger pretrained representation encoders consistently yield
better performance within our framework, and (3) our unified visual representation design enables mutual
enhancement between understanding and generation.
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