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TUNA: Taming Unified Visual Representations for Native Unified
Multimodal Models

Supplementary Material

6. VBench Column Names510

We list the full column names in Table 5 below:511
QS: Quality Score, SS: Semantic Score, SC: Subject512

Consistency, BC: Background Consistency, TF: Temporal513
Flickering, MS: Motion Smoothness, DD: Dynamic De-514
gree, AQ: Aesthetic Quality, IQ: Imaging Quality, OC: Ob-515
ject Class, MO: Multiple Objects, HA: Human Action, C:516
Color, SR: Spatial Relationship, S: Scene, AS: Appearance517
style, TS: Temporal Style, OC’: Overall Consistency.518

7. Extended Related Work519

7.1. Large Multimodal Models520

Large multimodal models (LMMs) aim to generate text re-521
sponses from multimodal inputs spanning images, videos,522
and text. Early LMMs such as Flamingo [1] and Idefics [35]523
introduced cross-attention layers to enable interaction be-524
tween visual and linguistic features. Modern LMMs gen-525
erally follow the LLaVA paradigm [52], where visual in-526
puts are encoded by a vision encoder (e.g., CLIP [73])527
and then concatenated with text tokens for joint process-528
ing by a language model decoder. Recent research ad-529
vances focus on improving instruction-following through530
higher-quality training data [3, 9, 39, 42, 53, 74, 103, 127],531
developing stronger vision encoders capable of handling532
higher-resolution images [5, 36, 53, 97], extending LMMs533
to interleaved image [32, 36, 39] and video understand-534
ing [42, 44, 48, 63, 126], and incorporating reinforcement535
learning with thinking modes [14, 19, 28] or pixel-space536
reasoning [57, 83, 85].537

7.2. Diffusion Generative Models538

Diffusion generative models have become the de facto back-539
bone of high-fidelity image [6, 17, 45, 105] and video540
[34, 78, 94] synthesis. Modern large-scale visual gener-541
ation models typically apply diffusion in a continuous la-542
tent space defined by a learned VAE, following the La-543
tent Diffusion Model (LDM) paradigm [75], which offers544
superior perceptual quality and sampling efficiency com-545
pared to autoregressive decoding of long sequences of dis-546
crete tokens based on VQ-VAE [16, 93]. Within diffusion547
itself, latent-space models [17, 71, 75] are generally pre-548
ferred over pixel-space approaches [15, 77] because they re-549
duce computational cost, ease scaling to higher resolutions,550
and allow the denoising network to focus on semantically551
meaningful structure rather than low-level pixel noise. Ar-552
chitecturally, diffusion backbones have evolved from con-553

volutional U-Net designs [26, 76] to diffusion transform- 554
ers (DiT) [60, 70]; In parallel, the learning objective has 555
been generalized from Gaussian noise prediction and score 556
matching [26, 81] to more expressive formulations such as 557
rectified flows [55] and flow matching objectives [2, 51]. 558

7.3. Representation in Multimodal Models 559

Recent studies have explored learning better representa- 560
tions to enhance multimodal understanding and generation 561
models. From the perspective of improving understanding 562
models, methods such as Ross [96], GenHancer [61] and 563
ASVR [95] enhance multimodal understanding by introduc- 564
ing generation or reconstruction objectives, encouraging the 565
model to capture fine-grained visual details. Conversely, to 566
improve generative models, approaches such as REPA [122] 567
and VA-VAE [120] align diffusion transformers or VAE rep- 568
resentations with semantic vision encoders, thereby achiev- 569
ing stronger generative performance. Similarly, Dispersive 570
Loss [98] introduces an auxiliary contrastive-like objective 571
to further enhance generation quality. 572

8. Additional Implementation Details 573

We list the detailed hyperparameter settings for each of our 574
training stages in Table 7. 575

9. Additional Experimental Results 576

In this section, we present additional experimental results 577
on image generation, image editing and video understand- 578
ing benchmarks. 579
Image generation. We further evaluate TUNA on OneIG- 580
Bench [7]. As shown in Table 8, TUNA achieves the 581
best overall performance among both 1.5B and 7B unified 582
models. Notably, TUNA shows a substantial advantage in 583
text rendering quality, indicating its strong semantic un- 584
derstanding capability when generating images from com- 585
plex instructions containing visual text-related information. 586
Moreover, TUNA’s performance approaches that of state-of- 587
the-art generation-only models such as Qwen-Image [105], 588
highlighting its strong image generation capability despite 589
having a much smaller model size. 590
Image editing. We use GEdit-Bench [54] to further assess 591
TUNA on image editing tasks. As shown in Table 9, al- 592
though TUNA performs slightly below the best generation- 593
only model (Qwen-Image [105]), it again achieves the high- 594
est overall score among all unified models. TUNA’s con- 595
sistently strong results on both ImgEdit-Bench and GEdit- 596
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Table 7. TUNA’s training recipe for each training stage.

Hyperparameters Pretraining Continue Pretraining Supervised Finetuning
Learning rate 1.0× 10−4 5.0× 10−5 1× 10−5

LR scheduler Constant Constant Constant
Weight decay 0.0 0.0 0.0
Gradient norm clip 1.0 1.0 1.0
Optimizer AdamW (β1 = 0.9, β2 = 0.999, ϵ = 1.0× 10−15) AdamW (β1 = 0.9, β2 = 0.95)
Loss weight (CE : MSE) 0.2 : 1 0.2 : 1 0.2 : 1
Warm-up steps 2000 2000 3000
Training steps 200K 100K 30K
EMA ratio 0.9999 0.9999 0.995
Gen resolution (min short side, max long side) (384, 672) (384, 672) (384, 1024)
Und resolution (min short side, max long side) (384, 672) (384, 672) (384, 672)
Diffusion timestep shift 3.0 3.0 4.0
Data ratio (gen: und: text) 4:1:0 3:1:0 4:2:1

Table 8. Image generation results on OneIG-Bench. Bold: best
results among each section. Underline: second-best.
Models Size Alignment Text Reasoning Style Diversity Average

Generation-only Models
FLUX.1 [Dev][6] 12B 0.79 0.52 0.25 0.37 0.24 0.43
Qwen-Image [105] 20B 0.88 0.89 0.31 0.42 0.20 0.54

Composite UMMs
BLIP3-o [8] 8B 0.71 0.01 0.22 0.36 0.23 0.31
OmniGen2[106] 7B 0.80 0.68 0.27 0.38 0.24 0.48

1.5B-scale Native UMMs
Show-o [114] 1.3B 0.70 0.00 0.21 0.36 0.24 0.25
Show-o2 [115] 1.5B 0.80 0.13 0.27 0.35 0.19 0.35
TUNA 1.5B 0.82 0.77 0.25 0.36 0.20 0.48

7B-scale Native UMMs
Janus-Pro [11] 7B 0.55 0.00 0.14 0.28 0.37 0.27
Show-o2 [115] 7B 0.82 0.00 0.23 0.32 0.18 0.31
BAGEL [13] 14B 0.77 0.24 0.17 0.37 0.25 0.36
TUNA 7B 0.84 0.82 0.27 0.40 0.19 0.50

Bench underscore its robust image editing capability and597
highlight the effectiveness of our unified visual representa-598
tion when handling visual generation tasks that require pre-599
cise semantic understanding and accurate prompt following.600

Video understanding. We employ four video understand-601
ing benchmarks to evaluate TUNA: MVBench [42], Video-602
MME [21], LongVideoBench [107] and LVBench [100].603
As shown in Table 10, TUNA outperforms Show-o2 on604
MVBench and Video-MME, while achieving competitive605
results on LongVideoBench and LVBench. Notably, despite606
being only a 1.5B-parameter model, TUNA performs on par607
with larger understanding-only models on MVBench and608
LVBench, demonstrating the efficiency and effectiveness of609
our unified representation for video understanding tasks.610

10. Comparison with Show-o2611

As discussed in Section 3.3, both TUNA and Show-o2 [115]612
employ unified visual representations for understanding and613
generation, but they construct these representations in fun-614
damentally different ways. In this section, we first describe615
Show-o2’s unified visual representation design in detail and616

Table 9. Image editing results on 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.

Models Size G-SC G-PQ G-Overall

Generation-only Models
FLUX.1 Kontext [Pro][6] - 7.02 7.60 6.56
Qwen-Image [105] 20B 8.00 7.86 7.56

Native or Composite UMMs
UniWorld-V1 [49] 12B 4.93 7.43 4.85
OmniGen[111] 3.8B 5.96 5.89 5.06
OmniGen2[106] 4B 7.16 6.77 6.41
BAGEL [13] 14B 7.36 6.83 6.52
TUNA 7B 7.79 7.48 7.29

Table 10. Experimental results on video understanding bench-
marks. Bold: best results. Underline: second-best.

MVBench Video-MME LongVidBench LVBench
Models Size test w/o sub val test

Understanding-only Models (LMMs)
GPT-4o [67] - - 71.9 66.7 48.9
Gemini-1.5-Pro [89] - 54.2 75.0 64.0 33.1
LongVA [126] 7B 49.2 52.6 51.8 -
VideoLLaMA2 [12] 7B 54.6 47.9 - -
LLaVA-OV [39] 7B 56.7 58.2 56.5 26.9

1.5B-scale Native UMMs
Show-o2 [115] 1.5B 49.8 48.0 49.2 -
TUNA 1.5B 54.4 49.1 49.7 27.4

then highlight the key differences compared to TUNA. 617

As illustrated in Figure 5, Show-o2 constructs unified vi- 618
sual representations using a dual-path feature fusion mech- 619
anism. The input image or video is first encoded by a VAE 620
encoder, after which the latent is processed through two par- 621
allel branches. The semantic projection branch feeds the 622
VAE latents into a set of semantic layers to extract features 623
for understanding tasks. The VAE projection branch applies 624
2D patch embedding layers to produce features tailored for 625
generation tasks. Importantly, the semantic layers are pre- 626
distilled using a frozen representation encoder: given the 627
same image, their outputs are first aligned with a pretrained 628
SigLIP model before conducting end-to-end training of the 629
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Table 11. Full ablation study results.

Models ID Training Data
Understanding Generation

MME-p MMMU SEED GQA GenEval DPG

Show-o2 (Wan 2.1 VAE + SigLIP) 1 1351 36.1 62.1 56.8 - -
Decoupled (SigLIP 2 only) 2 1392 38.2 62.9 58.1 - -
TUNA (Wan 2.2 VAE + SigLIP 2) 3

Understanding
Data Only

1386 37.6 62.9 57.4 - -

Show-o2 (Wan 2.1 VAE + SigLIP) 4 - - - - 76.2 82.56
Decoupled (Wan 2.2 VAE only) 5 - - - - 77.3 82.87
TUNA (Wan 2.2 VAE + SigLIP 2) 6

Generation
Data Only

- - - - 77.8 83.33

Show-o2 (Wan 2.1 VAE + SigLIP) 7 1339 35.5 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 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 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

Understanding and
Generation Data

1396 37.3 65.6 58.6 78.9 84.08

Semantic
Projection

(Und.)

VAE Encoder

VAE
Projection

(Gen.)

Feature Fusion

Representation Encoder
(Und. & Gen.)

VAE Encoder

TUNA Show-o2
Figure 5. Comparison between TUNA and Show-o2 on how uni-
fied visual representations are produced.

Show-o2 model. This pre-distillation stage is proposed to630
preserve semantic understanding capability. Finally, Show-631
o2 merges the outputs of both paths using a feature fusion632
layer to obtain its unified visual representation.633

While this dual-path fusion design is intended to com-634
bine understanding- and generation-oriented features, our635
analysis in Section 3.3 shows that Show-o2’s fused repre-636
sentation remains biased toward semantic features, result-637
ing in weaker generation quality. In contrast, TUNA learns638
a more balanced unified representation that performs well639
on both understanding and generation tasks. We attribute640
this to TUNA’s end-to-end training of the unified represen-641
tation on both objectives, which enables early fusion of un-642
derstanding and generation signals at every layer of the rep-643
resentation encoder. This layer-wise interaction captures644
richer cross-task dependencies and is inherently more ro-645
bust than the late-fusion strategy adopted in Show-o2.646

11. Additional Ablation Studies647

Our ablation study in Section 3.3 yields the following con-648
clusions:649

1. TUNA’s unified visual representation outperforms decou- 650
pled representations on both understanding and genera- 651
tion tasks. 652

2. TUNA’s unified representation improves with stronger 653
pretrained representation encoders. 654

3. TUNA’s unified representation enables mutual reinforce- 655
ment between understanding and generation. 656

4. Although both models employ unified visual representa- 657
tions, TUNA consistently outperforms Show-o2 on both 658
understanding and generation tasks. 659

Due to space constraints, we provide additional ablation 660
results in this section to further support these conclusions. 661
To better compare different ablation experiments, we in- 662
clude all results from Table 6 plus the newly added results in 663
Table 11, with the additional entries highlighted in yellow. 664

Unified vs. decoupled visual representation. Compar- 665
ing Models 2 and 3 with Model 8, we observe that training 666
a unified model using decoupled visual representations re- 667
sults in substantial degradation on understanding tasks. In 668
contrast, Model 12 surpasses Model 3 on most understand- 669
ing benchmarks and outperforms Model 6 across all gen- 670
eration benchmarks. These results indicate that our unified 671
representation suffers far less from representation conflicts 672
than decoupled designs, enabling stronger performance in 673
both understanding and generation. 674

Selection of representation encoders. Comparing Model 675
9 to Model 11 and Model 10 to Model 12, we observe that 676
regardless of which VAE encoder is used in the model, re- 677
placing SigLIP with SigLIP 2 in the representation encoder 678
consistently improves performance across all understand- 679
ing and generation benchmarks. This further reinforces our 680
conclusion that TUNA benefits from stronger pretrained rep- 681
resentation encoders. 682

Understanding-generation synergy. Although the com- 683
parison between Model 2 and Model 3 shows that TUNA’s 684
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Flux BAGEL OmniGen2 GPT-4o TUNA

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 a man in 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. 

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.

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.

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 small items, 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.

Figure 6. Qualitative comparison between TUNA 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.

VAE + representation encoder architecture incurs a slight685
performance drop relative to using only a representation686
encoder (the standard setup for understanding-only mod-687
els), our joint understanding + generation training pipeline688
largely compensates for this degradation. Specifically,689
Model 12 recovers its understanding performance and be-690
comes comparable to or even better than Model 2 on several691
understanding benchmarks. Moreover, Model 12 substan-692
tially outperforms both Model 5 and Model 6 on all gen-693

eration benchmarks. These results demonstrate the mutual 694
enhancement between understanding and generation made 695
possible by our unified visual representation design. 696
Comparison with Show-o2. Comparing Model 7 with 697
Model 9, we see that even when initializing the VAE and 698
representation encoder with relatively weaker pretrained 699
weights (Wan 2.1 VAE + SigLIP), TUNA still consistently 700
outperforms Show-o2 across all understanding and genera- 701
tion benchmarks. This further demonstrates the superiority 702
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Apply high-end studio lighting coming from the right side while preserving the subject’s face ID and overall identity. Enhance directional
shadows and highlights to create a refined, professional photographic look without altering the character’s expression or outfit.

Flux.1 KontextQwen-ImageBAGEL TUNAInput

Render the image in a hand-sculpted claymation style, giving the dog a cheerful, smiling expression with both eyes squinted.

Replace the red car with a white horse with flaming wings, and replace the sky with a starry sky.

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.

and robustness of our unified visual representation design703
compared to Show-o2.704

12. Qualitative Results705

Image generation. We compare TUNA with state-of-the-706
art generation-only and unified models across diverse im-707
age generation instructions in Figure 6. In the first two ex-708
amples, TUNA exhibits strong text rendering ability, accu-709
rately reproducing all visual text in the prompts without er-710
rors. In the whiteboard example, TUNA is the only model711

that correctly places an underline beneath “with everyone”, 712
demonstrating precise prompt-following capability. More- 713
over, TUNA accurately generates two black shelves, one 714
containing books and markers on top and the other con- 715
taining black cloth and hand sanitizer at the bottom, each 716
in the correct position. Other models either fail to produce 717
the correct number of shelves or place the wrong items on 718
them. These results show that TUNA excels at composi- 719
tional image generation, enabled by its unified visual repre- 720
sentation with strong semantic understanding capabilities. 721
In the “tuna” example, both TUNA and Flux [6] success- 722
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A bird building a nest from twigs and leaves.

A woman with long, flowing purple hair and a strapless top floats underwater, gazing upwards with her hands placed on her chest. The dark background is illuminated 
by a soft, blue-purple light that casts an ethereal glow on her face and hair. Small, shimmering particles are scattered throughout the water, adding to the dreamy 
atmosphere. The woman's expression is serene, with a subtle smile playing on her lips. As the video progresses, her hair flows gently around her, and her hands remain 
still on her chest. The camera captures her from a medium close-up angle, with the darkness of the water serving as a striking backdrop.

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 close-up view of a hand placing colorful magnetic letters and numbers on a white refrigerator in a kitchen setting. The hand, belonging to a fair-
skinned individual, enters the frame from the bottom left corner and places a red '8' next to other magnets already on the fridge, including a green 'A', blue '2', yellow 
'A', and orange '0'. The kitchen background features light brown cabinets, a brown tile backsplash, and a white electric kettle on the countertop. The hand then places 
a red '8' next to the existing magnets. The video captures the hand's movement and the interaction with the fridge magnets, set against the blurred kitchen 
environment.

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

fully render the Hawaiian shirt, while other models either723
fail to depict the shirt or generate an incorrect tuna body.724
Finally, in the “red t-shirt” example, TUNA accurately re-725
flects the “classic 1960s Walt Disney animation style” and726
correctly includes all required elements from the prompt,727
maintaining a coherent and well-structured composition.728

Image editing. We compare TUNA with BAGEL [13],729
Qwen-Image [105], and Flux.1 Kontext [6] on image edit-730
ing tasks in Figure 7. As shown, TUNA not only correctly731
performs explicit editing operations, such as style transfer732
(photorealistic → hand-sculpted claymation in the “dog”733
example), environment change (daylight → nighttime in734

the “red car” example), and object replacement (boat → 735
puppy with a swim ring in the “boat” example), but also 736
handles more implicit and nuanced instructions, such as ap- 737
plying lighting from the right side in the “person” example. 738
These results further highlight TUNA’s strong semantic un- 739
derstanding and high-fidelity image generation capabilities. 740
Video generation. We present TUNA ’s video genera- 741
tion results in Figure 8. The model produces high-fidelity 742
videos across a wide range of instructions, demonstrating 743
the strength of its unified visual representation space for 744
jointly modeling both images and videos. 745
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