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unified representation

A native unified model for image
and video

Leveraging a unified representation
it remains scalable and effective.

User: What kind
of fransportation
will be used
throughout the
trip, and what's
planned for the
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.
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Abstract

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 im-
ages and videos for both understanding and generation
tasks. Compared to prior UMMs with decoupled repre-
sentations, TUNA’s unified visual space avoids representa-
tion format mismatches introduced by separate encoders,
outperforming decoupled alternatives in both understand-
ing and generation. Moreover, we observe that stronger
pretrained representation encoders consistently yield bet-
ter 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 scalabil-
ity of its unified representation design.

1. Introduction

A long-term aspiration of multimodal Al is natively' unified
multimodal generation, in which a single model can seam-
lessly understand and generate diverse modalities such as
text, images, and videos. Recent advances in unified mul-
timodal models (UMMs) [7, 51, 71] have shown promising
results towards this vision, suggesting that truly integrated
multimodal intelligence is increasingly within reach.

A central challenge in developing native UMM 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 [7] and Mogao [28], often adopt MoE-style ar-
chitectures 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

'We define native UMMSs 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.

encoders typically produce representations with incompati-
ble formats. For the same input, features from a represen-
tation encoder (e.g. SigLIP [80]) and a causal VAE encoder
(e.g. Wan 2.1 VAE [55]) differ in (1) spatial compression
(16x vs. 8x), (2) temporal compression (none vs. 4x),
and (3) channel dimension (1152 vs. 16). These discrep-
ancies can cause representation conflicts in decoupled mod-
els, whereas unified representations inherently avoid such
inconsistencies. Finally, unified visual representations pro-
vide a clear pathway for achieving mutual enhancement be-
tween understanding and generation. While recent studies
like Ross [56] and REPA [77] show task-specific improve-
ments in understanding-only and generation-only models,
this synergy remains underexplored in existing UMMs.

Nevertheless, current UMMSs with unified visual repre-
sentations often underperform their decoupled counterparts.
Most existing approaches adopt a single type of vision en-
coder for both understanding and generation. For exam-
ple, Chameleon [51] and Transfusion [83] use VQ-VAE [8],
while Harmon [64] utilizes the MAR encoder [26]. This
unified design tends to favor one task at the expense of the
other. Show-02 [71] attempts to mitigate this issue by fus-
ing SigLIP [80] and VAE [55] features through a late-fusion
strategy; however, our analysis in Section 3.4 reveals that its
learned representation remains biased toward semantic fea-
tures, resulting in limited generation quality.

To systematically address these limitations, we propose
TUNA, a native UMM that employs unified visual repre-
sentations across understanding and generation. Our de-
sign is simple yet highly effective: by directly connect-
ing 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 im-
ages through autoregressive next-token prediction and flow
matching. As illustrated in Figure 1, our unified visual rep-
resentation enables TUNA to handle image and video un-
derstanding, image and video generation, and image edit-
ing 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 [5] and 0.90 on GenEval [13]).

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 edit-
ing within a single framework.

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

3. We further perform a comprehensive ablation study,
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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.

demonstrating the superiority of our unified visual repre-
sentation 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 mul-
timodal model that employs unified visual representations
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 frame-
work 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 autoregressive [14, 49,
74] or diffusion models [3, 37, 55]. In practice, lead-
ing understanding-only models [2, 57] adopt autoregressive
models for text generation. On the other hand, state-of-the-
art image and video generators [9, 55] employ (latent”) dif-
fusion models with flow matching.

Continuous vs. discrete visual representations. We ob-
serve that image and video generation models operating in a

2Due to higher generation fidelity and lower training costs, latent dif-
fusion models are generally favoured over pixel diffusion [82].

continuous (e.g., KL-regularized) VAE latent space [9, 55]
outperform those using discrete representations [49], as
discretization causes information loss and reduces fidelity.
Similarly, multimodal understanding models [2, 57] typi-
cally rely on continuous semantic features (e.g., CLIP [43]
features), suggesting that continuous visual representations
are inherently more effective for both understanding and
generation tasks.
Semantic representations benefit visual generation. Re-
cent studies suggest that semantic features enhance visual
generation. For instance, REPA [77] demonstrates that
diffusion transformers benefit from aligning intermediate
features with pretrained representation encoders like DI-
NOvV2 [39]. Concurrent to our work, RAE [82] 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, orig-
inally designed for visual reconstruction, can also support
semantic understanding tasks. Recent approaches such as
UniTok [34] and TokLIP [30] enhance VQ-VAE latents
with semantic understanding capability through contrastive
learning. Other works explore diffusion models with con-
tinuous VAE latents for semantic understanding and dense
prediction tasks, including semantic segmentation [84], ob-
ject recognition [21], and image retrieval [85].

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

* TUNA builds its unified visual representation on continu-
ous VAE latents, as these latents effectively support both
understanding and generation tasks.

 To further enhance performance, TUNA employs repre-
sentation encoders to extract higher-level features from
the VAE latents, improving the quality of both under-
standing 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 [52], which downsamples the input by 16x
spatially and 4 x temporally, producing the latent x;. We
then generate a noisy latent x; = tx; + (1 — ¢)xo, where
t € [0,1] is a sampled timestep and xo ~ N(0,1). Next,
we use the SigL.IP2 vision encoder ® (patch size 16, pre-
trained resolution 512) to extract semantic features from the
VAE latents. Since the VAE encoder has 16x downsam-
pling, we replace SigLIP2’s original 16x 16 patch embed-
ding layer with a randomly initialized 1x1 patch embed-
ding 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 understand-
ing such that x; always corresponds to the clean latent.

For video inputs, where x; € Rbxexfxhxw (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 repre-
sentation encoder @’ from processing excessively long se-
quences. 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— (bf)chw), (1)
Z, = MLP(®'(%;)) € RO*/)xd, )
z, = rearrange(Z,, (b f) 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 ¢ to z, concate-
nate this visual token sequence with language tokens and

image/vi i image/vi i image/vidco editing

n{
texttokens  visual okens*  visual INokens text tokens visualtokens text tokens  visual tokens*

Figure 3. Attention masks in the LLM decoder for understanding
and generation tasks. * indicates that the visual tokens are noised.

texttokens  visual tokens

text tok

isual tokens®

feed the combined sequence into an LLM decoder (Qwen-
2.5 [2]) for joint multimodal processing. Following stan-
dard UMM practices [7, 70], we apply a causal attention
mask on language tokens and a bidirectional attention mask
on visual tokens within the LLM decoder layers, as illus-
trated 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 genera-
tion and image editing, we feed the full token sequence to a
randomly initialized flow matching head to predict the ve-
locity for flow matching. This head shares the LLM decoder
architecture and adds timestep conditioning via AdaLLN-
Zero, following Show-02 [71] and DiT [41]. For generation
and editing tasks, we adopt multimodal 3D-RoPE [44, 48]
over the concatenated text-visual sequence to handle inter-
leaved 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 uni-
fied visual representations and to establish a robust initial-
ization for the flow matching head. To this end, we train the
representation encoder and flow matching head while freez-
ing the LLM decoder, using two objectives: image caption-
ing and text-to-image generation.

Our image captioning objective aligns with the pretrain-
ing objectives of strong semantic encoders, such as SigLIP
2 [54] and the Qwen2.5-VL [2] vision encoder. Image cap-
tioning has also been shown to provide semantic richness
comparable to contrastive learning [53], thereby enhanc-
ing our unified representation’s visual understanding capa-
bility. 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 objec-
tive allows generation gradients to flow back into the repre-
sentation encoder, further aligning our unified visual repre-
sentation with both understanding and generation tasks.
Stage 2: full model continue pretraining. In the sec-
ond training stage, we unfreeze the LLM decoder and pre-
train the entire model using the same image captioning and
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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.

‘ ‘ MME GQA RealWorldQA SEED MMMU MMStar AI2D ChartQA OCRBench
Models \ Size \ perception test-dev test image val avg test test test
Understanding-only Models (LMMs)
LLaVA-1.5 [31] 7B 1510.7 62.0 54.8 65.8 35.7 33.1 55.5 17.8 31.8
Qwen-VL-Chat [1] 7B 1487.6 57.5 49.3 64.8 37.0 34.5 57.7 49.8 48.8
LLaVA-OV [23] 7B 1580.0 - 69.9 76.7 48.8 57.5 81.4 80.9 62.2
Composite UMMs

TokenFlow-XL [42] 14B 1551.1 62.5 56.6 72.6 432 -

BLIP3-0 [4] 4B 1527.7 - 60.4 73.8 46.6 -

Tar [15] 7B 1571.0 61.3 - 73.0 39.0 - - - -
X-Omni [12] 7B - 62.8 62.6 74.3 472 - 76.8 81.5 70.4

1.5B-scale Native UMMs
Show-o [70] 1.3B 1097.2 58.0 - 51.5 274 - - - -
Harmon [64] 1.5B 1155.0 58.9 49.8% 67.1 389 35.3% 57.0% 29.8% 11.2%
JanusFlow [35] 1.3B 1333.1 60.3 41.2% 70.5 29.3 40.6* 54.2 42.4* 53.2%
SynerGen-VL [25] 2.4B 1381.0 - - - 342 - - - -
Janus-Pro [6] 1.5B 1444.0 59.3 52.6% 68.3 36.3 43.1% 64.5% 234 48.7
Show-02 [71] 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 82.1 71.9
7B-scale Native UMM

BAGEL [7] 14B 1687.0 - 72.8 78.5 553 - 89.2 78.5 73.3
Emu3 [58] 8B - 60.3 57.4 68.2 31.6 - 70.0 - 68.7
VILA-U [65] 7B 1401.8 60.8 - 59.0 - - - - -
MUSE-VL [72] 7B - - - 69.1 39.7 49.6 69.8 - -
Janus-Pro [6] 7B 1567.1 62.0 58.0% 72.1 41.0 48.3* 71.3*% 25.8 59.0
Mogao [28] 7B 1592.0 60.9 - 74.6 442 - - - -
Show-02 [71] 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 74.3

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 en-
ables TUNA to perform more complex multimodal reason-
ing and generation tasks, bridging the gap between ba-
sic 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 gener-
ation datasets, trained with a reduced learning rate. This
stage further refines TUNA ’s capabilities, improving its per-
formance and generalization across diverse multimodal un-
derstanding and generation tasks.

3. Experiments

3.1. Experiment Setup

Datasets. For image data, we use 177M in-house image-
caption pairs for Stage 1 and Stage 2 pretraining. For
instruction-following in Stages 2 and 3, we include 13M
conversational examples from the open-source FineVision
dataset [60], together with ~2M image-editing examples
from OmniEdit [59]. In addition, our high-quality SFT cor-
pus of ~10M image-caption pairs combines carefully fil-
tered real image-text pairs with a small fraction of synthetic
pairs generated by existing T2I models [3, 4]. For video
data, we employ ~10M in-house video-caption pairs and

~1.6M video instruction-following examples from LLaVA-
Video-178K [81] during Stages 2 and 3 training.
Implementation details. We verify TUNA with two LLM
models at different scales, i.e., Qwen2.5-1.5B-Instruct and
Qwen2.5-7B-Instruct [2]. In the pretraining stage, we op-
timize the representation encoder, projection layers, and
diffusion head with AdamW [33] using a learning rate of
1 x 10~*. We train on images with a base resolution of
512x512, as well as alternative resolutions that yield a sim-
ilar number of visual tokens. In the second stage, we enable
end-to-end training after a linear warm-up 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 super-
vised fine-tuning for instruction following on our curated
SFT corpus with a smaller learning rate of 2 x 10~°. Due to
the substantial computational cost of video training, the 7B
variant is trained without video data. Additional implemen-
tation details for each stage are provided in the appendix.

3.2. Main Results

Image and video understanding. We evaluate TUNA’s
multimodal understanding capabilities on nine benchmarks,
including general VQA benchmarks such as MME [11],
GQA [18], RealWorldQA [66] and SEED-Bench [22];
knowledge-intensive benchmarks such as MMMU [78],
MMStar [5], and AI2D [20]; and text-centric benchmarks
including ChartQA [36] and OCRBench [32]. As shown
in Table 1, both 1.5B and 7B TUNA achieve state-of-
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Table 2. Image generation results on GenEval. “Col. Attr.” means
“Color Attribute”. T refers to methods using LLM rewriters. Bold:
best results among each section. Underline: second-best.

Models ‘Size ‘ 1-Obj. 2-0Obj. Count Colors Position Col. Allr.‘Overall
Generation-only Models
SD3-M [9]

2B [ 099 094 0.72 0.89 0.33 0.60 0.74
FLUX.1 [Dev] [3] [12B| 0.98 093 075 093 0.8 0.65 0.82

Composite UMM

MetaQuery-XLT[40]| 7B | - - - - - - 0.80
Tar [15] 7B 099 092 083 085 080 065 | 0.84
BLIP3-0 [4] 8B | - - - - - 0.84

UniWorld-V1T [29] [12B| 098 0.93 0.81 089 0.74 0.71 0.84
OmniGen2' [63] 7B | 099 096 074 098 0.71 0.75 0.86

1.5B-scale Native UMM

D-DiT [27] 2B | 097 080 054 0.76 0.32 0.50 0.65
Show-o [70] 1.5B| 098 0.80 0.66 0.84 0.31 0.50 0.68
Janus-Pro [6] 1.5B| 098 0.82 0.51 0.89 0.65 0.56 0.73
Show-02 [71] 1.5B[ 0.99 0.86 0.55 086 046 0.63 0.73
Harmon [64] 1.5B| 0.99 0.86 0.66 0.85 0.74 0.48 0.76
TUNA 1.5B| 1.00 094 0.83 091 0.81 0.79 0.88
7B-scale Native UMM
MUSE-VL [73] 7B - - - - - - 0.57
Transfusion [83] 7B - - - - - - 0.63
Emu3 [58] 8B - - - - - - 0.66
Show-02 [71] 7B | 1.00 087 058 092 0.52 0.62 0.76
Janus-Pro [6] 7B | 0.99 0.89 0.59 090 0.79 0.66 0.80
BAGEL [7] 14B| 098 095 0.84 095 0.78 0.77 0.88
Mogao [28] 7B | 1.00 097 0.83 093 0.84 0.80 0.89
TUNA 7B | 1.00 097 0.81 091 0.88 0.83 0.90

the-art results across nearly all benchmarks, demonstrating
strong and consistent performance. Notably, TUNA deliv-
ers competitive image understanding results compared to
understanding-only models and outperforms many compos-
ite UMMs and UMMs with larger model sizes, highlighting
the effectiveness of its unified representations. We include
more video understanding results in the Appendix.

Image generation. We evaluate TUNA’s image generation
performance on two benchmarks: GenEval [13] and DPG-
Bench [16]. Results are presented in Table 2 and Table 3.
Across both 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. 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.

Image editing. We employ ImgEdit-Bench [76] as our pri-
mary evaluation suite for image editing. As shown in Ta-
ble 4, TUNA achieves an overall score of 4.31, ranking high-
est among all UMMs. Moreover, its performance is com-
parable to generation-only models such as FLUX.1 Kon-
text [3] and Qwen-Image [62]. These results demonstrate
the effectiveness of TUNA’s unified architecture in handling
image editing tasks, which require both precise image un-
derstanding and high-fidelity visual generation.

Video generation. We evaluate TUNA on VBench [17] for
text-to-video generation, comparing it against other UMMs
and generation-only models. As shown in Table 5, TUNA
achieves state-of-the-art performance, surpassing all exist-

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

Models | Size | Global Entity Attribute Relation Other | Overall
Generation-only Models
SD3-M [9] 2B | 87.90 91.01 89.96 80.70  88.68 | 84.08

FLUX.1 [Dev](3] | 12B | 82.10 89.50  88.70 91.10  89.40 | 84.00

Composite UMM

Tar [15] 7B | 83.98 88.62  88.05 9398 84.86 | 84.19
BLIP3-0 [4] 8B - - - - - 81.60
UniWorld-V1[29] | 12B | 83.64 88.39  88.44 89.27 87.22| 81.38
OmniGen2[63] 7B | 88.81 88.83  90.18 89.37 90.27 | 83.57
1.5B-scale Native UMM
Harmon [64] 1.5B - - - - - 80.93
Show-02 [71] 1.5B | 87.53 90.38 91.34 90.30 91.21 | 85.02
TuUNA 1.5B | 88.87 90.32 91.71 91.79  90.14 | 86.03
7B-scale Native UMM
Emu3-DPO [58] 8B - - - - - 81.60
Janus-Pro [6] 7B | 86.90 8890 89.40 89.32 89.48| 84.19
Mogao [28] 7B | 82.37 90.03  88.26 93.18 85.40 | 84.33
BAGEL [7] 14B | 88.94 90.37 91.29 90.82  88.67 | 85.07
Show-02 [71] 7B | 89.00 91.78  89.96 91.81 91.64 | 86.14
TUNA 7B | 9042 91.68 90.94 91.87 90.73 | 86.76

Table 4. Image editing results on ImgEdit benchmark. We test
editing performance across various dimensions including, ‘Add’,
‘Adjust’, ‘Extract’, ‘Replace’, ‘Remove’, ‘Background’, ‘Style’,
‘Hybrid’, and ‘Action’. Bold: best results among each section.
Underline: second-best.

Models | Size | Add Adj. Ext. Rep. Rm. Bg. Sty. Hyb. Act.|Total

Generation-only Models
FLUX.1 Kontext [3]| - [4.25 4.15 2.35 4.56 3.57 4.26 4.57 3.68 4.63|4.00
Qwen-Image [62] | 20B |4.38 4.16 3.43 4.66 4.14 4.38 4.81 3.82 4.69|4.27

Native or Composite UMM
OmniGen [67] 3.8B|3.47 3.04 1.71 2.94 2.43 3.21 4.19 2.24 3.38|2.96
BAGEL [7] 14B |3.56 3.31 1.70 3.30 2.62 3.24 4.49 2.38 4.17|3.20
UniWorld-V1 [29] | 12B |3.82 3.64 2.27 3.47 3.24 2.99 4.21 2.96 2.74|3.26
OmniGen?2 [63] 4B |3.57 3.06 1.77 3.74 3.20 3.57 4.81 2.52 4.68|3.44
GPT-Image-1 [38] - |4.61 4.33 2.90 4.35 3.66 4.57 4.93 3.96 4.89|4.20
TUNA 7B |4.43 4.48 2.46 4.65 4.55 4.52 4.69 4.22 4.76| 4.31

ing UMMs capable of video generation, while using only a
1.5B-parameter LLM decoder. This demonstrates the effi-
ciency and scalability of our unified architecture for high-
quality video generation.

3.3. Ablation: Visual Representation Design

In this section, we conduct a series of ablation experiments
to systematically assess the effectiveness of our model ar-
chitecture 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 SigLIP 2 features for
understanding and Wan 2.2 VAE latents for generation
(denoted as “Decoupled”).

2. Show-o2-style unified representations, using a dual-path

late fusion strategy to obtain the final representations (de-
noted as “Show-02”). A detailed explanation of this de-
sign can be found in the Appendix.

3. TUNA’s unified representation, initialized from three dif-

ferent pretrained representation encoders: SigLIP, SigL.IP
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Table 5. Video generation results on VBench. The complete set of full column names is included in the appendix. Bold: best results among

each section. Underline: second-best.

Models | Size | Q8 SS SC BC TF MS DD AQ

1Q OC MO HA C SR N AS S  OoC ‘ Total

Generation-only Models
CogVideoX [75] | 5B | 82.75 77.04 9623 96.52 98.66 96.92 7097 61.98 62.90 8523 62.11 99.40 8281 6635 5320 24.91 2538 27.59 |8l.61

Native or Composite UMMs

VILA-U [65] 7B | 7626 6504 - - - - - - - - - | 7401
HaploOmni [68] | 7B | - - 9640 97.60 - 9680 6530 - - - - - - 3460 - - - 7810
Emu3 [58] 8B | - - 9532 97.69 - 9893 79.27 59.64 86.17 4464 7771 - 6873 3711 2092 - - |80.96
Show-02[71] | 1.5B | 82.10 7831 97.28 96.78 97.68 98.25 40.83 65.15 67.06 94.81 7601 9520 80.89 62.61 57.67 23.29 2527 27.00 |81.34
TUNA 1.5B | 84.32 83.04 9599 9672 98.02 9833 6939 65.88 66.83 9541 9231 97.50 87.67 78.12 58.59 23.18 24.68 27.71 | 84.06

Table 6. 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.

Models ‘ D ‘ Data ‘ Understanding ‘ Generation
[ | MME-p MMMU SEED GQA | GenEval DPG

Show-02 1 | Und | 1351 36.1 62.1 568

TUNA (SigLIP2)| 2 |Only | 1386 37.6 629 574

Show-02 3 | Gen - - - - 762  82.56

TUNA (SigLIP 2) Only - - - 778  83.33

Show-02 1339 355 61.7 559 759 8232

Decoupled

& 1349 36.3 64.6 574 76.9  83.10
Gen | 1361 38.1 66.5 582 794  84.20

TUNA (SigLIP)
TUNA (SigLIP 2)

4
5 3 . . : R .
6 | Und | 1346 37.2 614 56.5 78.3 83.50
7
8

TuNA (DINOV3) | 9

2, and DINOv3® [45].
All models are trained on a subset of our training data us-
ing a two-stage training pipeline (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 6. De-
tailed experimental settings and additional ablation studies
are provided in the appendix.
Unified vs. decoupled visual representation. Comparing
Model 6 and Model 8 in Table 6, we observe that our unified
representation consistently outperforms the decoupled set-
ting across all understanding and generation benchmarks.
This result demonstrates the challenge of jointly processing
multiple visual representations within a single model, and
highlights the necessity and effectiveness of adopting a uni-
fied representation for building robust UMMs.
Selection of representation encoders. We find that
TUNA’s unified representation generally benefits from
stronger representation encoders. As shown in Table 6,
comparing Models 7, 8, and 9, both SigLIP 2 (400M pa-
rameters) and DINOv3 (800M) outperform SigLIP (400M)
on all benchmarks. We adopt SigL.IP 2 for TUNA as it deliv-
ers comparable understanding performance, superior gener-
ation quality relative to DINOv3, and maintains a signifi-
cantly smaller model size.
Understanding-generation synergy. As shown in Table 6,
we further conduct two additional experiments for TUNA
and Show-02, where each model is trained exclusively on

3Model code: siglip-so400m-patchl4-384, siglip2-
s0400m-patchl6-512 and dinov3-vithléplus—-pretrain
-1vd1689m.

either understanding (Models 1 and 2) or generation data
(Models 3 and 4). The results demonstrate that TUNA ben-
efits from joint training on both data types: Model 8 sur-
passes Model 2 on understanding benchmarks and Model
4 on generation benchmarks, highlighting the mutual re-
inforcement between understanding and generation within
our unified framework.

Comparison with Show-02. A closely related work to ours
is Show-02 [71], which uses a dual-path late-fusion mech-
anism, 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 5 with Models 7 and 8 in Table 6, our
unified representation consistently outperforms Show-02 on
all benchmarks, regardless of the semantic encoder. Model
1 vs. 2 and Model 3 vs. 4 further show that Show-02 under-
performs even when trained on a single task. We attribute
this to its late-fusion strategy, which introduces representa-
tion conflicts and degrades overall performance.

3.4. Discussion: Unified Representation Analysis

Our ablation results in Section 3.3 show that TUNA’s unified
representation outperforms the dual-path late-fusion strat-
egy of Show-02 across both understanding and generation
benchmarks. To better understand why our unified repre-
sentation yields superior performance, we perform a rep-
resentation alignment analysis using CKNNA scores [19]
with respect to two reference models: (1) a strong seman-
tic encoder SigLIP 2 [54], and (2) a strong generation model
SD3-Medium [9]. Concretely, we extract unified visual rep-
resentations from TUNA and Show-02 based on 1,024 im-
ages from the Wikipedia Captions dataset [47] and compute
their CKNNA scores relative to features from all interme-
diate layers of the two reference models. The results are
presented in Figure 4a and Figure 4b.

As shown in the figures, both TUNA and Show-02 ex-
hibit strong alignment with the SigLIP 2 intermediate fea-
tures, with CKNNA scores exceeding 0.5. This high sim-
ilarity reflects their strong semantic understanding capabil-
ity, consistent with their solid performance on multimodal
understanding tasks. On the other hand, TUNA’s unified
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Figure 4. Representation alignment analysis with SigLIP 2 and
SD3-Medium. For both TUNA and Show-02, we extract visual
representations at the input layer of the LLM decoder.

representation shows consistently higher alignment with the
SD3-Medium intermediate features compared to Show-02,
indicating that TUNA learns a more balanced unified repre-
sentation 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 bi-
ased features toward semantic understanding. To analyze
this, we compute CKNNA scores between Show-02’s fi-
nal fused features and the intermediate features from its
understanding and generation 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 infor-
mation. In contrast, TUNA’s unified design learns a single
shared representation optimized jointly for both tasks, ef-
fectively eliminating this imbalance and yielding superior
performance in both understanding and generation.

4. Related Work

4.1. Unified Multimodal Models

Unified multimodal models (UMMSs) have gained grow-
ing attention for their ability to flexibly generate text and
visual content from diverse multimodal inputs. Recent
approaches with a composite design (composite UMMs)
such as MetaQuery [40], BLIP-30 [4], and UniWorld-
V1 [29] 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 con-
trast, native UMMs are pretrained from scratch to perform
both tasks within a single unified architecture. Among these
works, models such as the Janus series [0, 35, 61] and Uni-
Fluid [10] adopt decoupled visual representations for un-

derstanding and generation. BAGEL [7], Mogao [28], and
OneCAT [24] further use MoE-style architectures to route
inputs separately, mitigating conflicts between distinct rep-
resentations from the decoupled vision encoders. Alterna-
tively, models like Transfusion [83], Harmon [64], and the
Show-o series [70, 71] employ unified visual representa-
tions for both tasks. While being more efficient, these mod-
els often exhibit weaker or imbalanced performance, ex-
celling in one task but underperforming in the other. TUNA
overcomes these limitations by learning balanced, unified
visual representations and achieves strong performance in
both understanding and generation.

4.2. Representation in Unified Models

Recent research has primarily focused on developing uni-
fied visual tokenizers that support both understanding and
generation tasks. For instance, TokenFlow [42] and MUSE-
VL [72] adopt late-fusion strategies to merge features from
separate understanding and generation encoders into quan-
tized codebooks. DualToken [46], UniTok [34] and Tok-
LIP [30] train a single encoder to produce vector-quantized
representations for both tasks. However, these methods
rely on discrete representations, limiting their ability to per-
form high-fidelity visual generation. UniFlow [79] and
UniLIP [50] adapt representation encoders into continu-
ous unified visual tokenizers, but both rely on relatively
complex alignment (e.g. self-distillation or reconstruction
schemes). In contrast, TUNA simply learns a unified repre-
sentation end-to-end under joint understanding and genera-
tion objectives, and is validated at larger scale across more
tasks. Moreover, while UniLIP adopts a composite design
where the unified features only serve as conditions for a
separate pretrained generative model (SANA [69]), TUNA
trains a native unified model that jointly performs under-
standing 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-o02-style uni-
fied 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 en-
hancement between understanding and generation.
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