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Motivation

* Why we need unification?
* More tasks: image editing, interleave generation, in-context generation...
* Better performance on both tasks: task synergy

* Naive unification leads to poor performance
e Chameleon, Transfusion
* VQVAE/VAE lack semantics
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CLIP-based Unified Tokenizer
—_— Decoder
* Semantic Encoder + Vector Quantization |
* VILA-U, TokLIP, UniTok, TokenFlow, ILLUME, Tar AN B
e L : : uantizer ¢
* Quantification limits the expressive power of representations 1 T
 preformance degradation in understanding ,
CLIP

* Best generation model is still based on diffusion/flow matching

68

D Vision Encoder [:] Vision Decoder [:] Text Encoder >@
Liecon i

()]
(o]
™~
3
g
3
D ‘#
=
>

64 _Lap —
e s

[4)]
o]

43}
2]

+Multi-codebook + Attn. Projection
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CLIP Baseline + Factorization + Discretization + Reconstruction
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Frozen CLIP + Diffusion Decoder Pixel “~ ’“’”}"}‘%}

Decoder
e CLIP as diffusion condition: Emu2, BLIP30 f
* Frozen CLIP loses pixel details condition
* ncosistent reconstruction DiTif‘r
* hard to support editing
CLIP

* Blip3o: two diffusion process
 cond: query, noise -> CLIP features
e cond: CLIP features, noise -> VAE features

<4 >




How to adapt CLIP for reconstruction without degradaﬁ'—?é.okié’
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 Check reconstruction quality of frozen CLIP Output |

Pixel A
Decoder

I

* Blurry but keep main semantic content

* Information: CLIP >> VAE _ ,
e CLIP dimension >= 768 Reconstruction Loss

« VAE dimension: 4, 8, 16, 32 Proj?‘:tioni‘n’
* Maybe a minor change is enough for recon? CLIP u
» Und performance maybe robust to minor change? © [ Input |
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How to minimize parameter updates?

* Stage 1: train pixel decoder only
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* Adapt to the original clip features as much as possible

 Stage2: self distillation, restrict feature updates
* mse |loss is more effective than cosine, ki
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Reconstruction and Understanding

* Better reconstruction than previous CLIP-based unfied tokenizer
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Model | Res. ratio | rFID | PSNRT SSIMT
VILA-U (Wu et al., 2024) 256 16 1.80 - -
Tokenflow (Qu et al., 2024) 256 16 1.37 2141 (0.687
DualViTok (Huang et al., 2025) | 256 16 1.37 22.53 0.741
UniL.IP 256 32 0.79 22.99 0.747
Emu2 (Sun et al., 2024b) 448 14 3. 2T 13.49 0.423
UniLIP 448 32 0.31 24.62 0.788
* Keep original Und. performance
Model Reconstruction Understanding
ee rFID| PSNRt SSIM{ | MME-Pt MMBencht MMVP+ AIRDT TextVQAT
Frozen CLIP (Zhu et al., 2025) 6.14 16.26 0.572 | 1492 T2.6 67.3 69.4 74.1
UniLLIP 0.31 24.62 0.788 = 1499 72.6 68.7 70.7 74.7
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Reconstruction helps Understanding?

* Better performance on MME-P, MMVP, AI2D

Model Reconstruction Understanding

rFID|, PSNRT SSIM7T | MME-PT MMBench? MMVPT AIZDT TextVQAT
Frozen CLIP (Zhu et al., 2025) | 6.14 16.26 0.572 1492 72.6 67.3 69.4 74.1
UniLIP 0.31 24.62 0.788 1499 72.6 68.7 70.7 74.7

* UniLIP introduces more pixel details

Are there only two cakes in this image? Which label represents Crust?
Please answer yes or no. (A). B (B).C. (C).A
- c oA .

< a1

Original Image Frozen CLIP: Yes X. UniLIP: No v Original Image Frozen CLIP: (C) X  UniLIP: (A)v
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Ablation of Reconstruction Training

* Training strategies
* LrDecay: Ir of CLIP is 1e-5, others 1e-4

Two Self- Lr Reconstruction Understanding
Stage Distillation Decay | rFID| PSNRt SSIMt | MME-Pt MMBenchf MMVP{t AI2DtT TextVQA®T
X X X 043 26.01 0.819 124 0 47.3 279 0
v X v 0.29 25.28 0.804 709 18.4 50.0 50.0 LD
v v X 0.28 2511 0.801 1466 71.4 66.7 68.3 67.3
X v v 0.35 24.61 0.782 1478 72.0 67.3 69.5 74.0
v v v 0.31 24.62 0.788 1499 12.6 68.7 70.7 74.7

* Training loss
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(a) Reconstruction and distillation loss curve. (b) Recon. (rFID) and und. (MMVP) performance.
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How to do generation based on UniLIP?

* UniLIP outputs continuous features

« Continuous + Autoregressive: MAR
* need to train LLM: lose understanding
* not truely autoregressive: more like MaskGIT
* not SOTA performance

* Another way: MetaQuery

 frozen LLM: keep Und. performance, low cost
* better generation performance

CrossEnt 16.22 81.3 4.36 2227

MAR and  causal i Diff Loss | 13.07 914 | 4.07 232.4
. CrossEnt 8.75 149.6 3.50 280.9

1L rand  bidirect 1 Diff Loss | 3.43 2031 | 1.84 2927

BEBER FEHE
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condition z l

noisy r, —> MLP > £

diffusion loss for p(z|2)

MAR

Generation

[Denoising Obijective

Connector (t d/ Diffusion Block
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How to do editing based on UniLIP

* MetaQuery-like models seldom extend to image editing
* No quantitative results

* Tokenizer: Frozen CLIP cannot provide sufficient details, e.g, BLIP30
» Diffusion cannot keep consistency

* UniLIP can provied both semantics and pixel details

* semantics: align with text prompt, easier to identify where and what to edit
* pixel details: essential to keep consistency

BEBER FEHE <12 >



How to do editing based on UniLIP

. . . Multimodal Quer i
* Architecture: query forms information bottleneck Hidden States Embedding | WVISF  ImeEdit
v X 0.47 3.62
. : . X v 0.52 338
* Dual-condition: multimodal context + metaqueries v y Hee o
Connector O —

—— e .y,
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Text Tokenizer LJ,‘] [ a7 ] Query Embeddingsi¥

Replace the bird
with a squirrel sitting
on the branch.

ﬁTrainable () Text Token

! Frozen () Image Token

MLLM _ Pixel Decoder | MetaQuery

sredm #5142 InternVL3-1B 6 Layer LLM SANA-0.6B DCAE
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Training
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* Generation: BLIP3o-Pretrain (735M), BLIP30-60k, Janus4o (T45k)

e Editing: GPT-Image-Edit (1.5M), Janus4o (T45k)

* Batchsize 512, Lr 1e-4, Cosine decay

BEEH REAE

Trainable connector connector + DiT connector + DiT
Data BLIP3o-Pretrain BLIP3o-Pretrain, BLIP30-60k

ImgEdit Janus4o
lteration 50k 200k 20k
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Understanding
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Model # LLM Params MME-P MMB MMMU MM-Vet SEED AIZD MMVP
Und. Only

LLaVA-OV (Li et al., 2024a) 1B 1238 52.1 314 20.1 63.5 57.1 -
InternVL2.5 (Chen et al., 2024¢) 1B - 707 41.2 48.8 - 69.3 31.3
InternVL3 (Zhu et al., 2025) 1B 1492 72.6 43.4 59.5 71.1 069.4 67.3
InternVL2.5 (Chen et al., 2024c¢) 1.8B - T4.7 43.6 60.8 - 74.9 -
InternVL3 (Zhu et al., 2025) 1.BB 1633 80.6 48.2 2.2 75.0 78.5 T2.7
Qwen2.5-VL (Bai et al., 2025) 3B - 79.1 33.1 61.8 - 51.6 -
Emu3-Chat (Wang et al., 2024c) 8B 1244 58.5 31.6 37.2 68.2 70.0 36.6
Und. and Gen.

Chameleon (Team, 2024) 7B - 35.7 28.4 8.3 - - 0.0
VILA-U (Wu et al., 2024) 7B 1336 66.6 32.2 27.7 36.3 - 22.0
MetaMorph (Tong et al., 2024b) 8B - 75.2 41.8 - - - 48.3
SEED-X (Ge et al., 2024) 13B 1457 70.1 35.6 43.0 66.5 - -
TokenFlow-B (Qu et al., 2024) 13B 1354 55.3 34.2 22.4 60.4 54.2 -
Show-0 (Xie et al., 2024b) 1.3B 1097 - 26.7 - - - -
ILLUME (Wang et al., 2024a) 7B 1445 75.1 38.2 37.0 - 71.4 -
Janus-Pro (Chen et al., 2025¢) 7B 1567 79.2 41.0 50.0 T2.1 - -
Harmon (Wu et al., 2025¢) 1.5B 1155 63.5 38.9 - 67.1 -
MetaQuery-B (Pan et al., 2025) 1B 1238 58.5 314 29.1 66.6 - -
BAGEL (Deng et al., 2025) 3B 1610 79.2 43.2 48.2 - - 54.7
BLIP3-o0 (Chen et al., 2025a) 4B 1528 78.6 46.6 6.1 73.8 - -
TokLLIP (Lin et al., 2025h) 7B 1410 - 42.1 - 63.2 - -
Tar (Han et al., 2025) 7B 1571 74.4 39.0 73.0 - -
UniLIP-1B 1B 1499 72.6 43.3 59.4 71.0 70.7 68.7
UniLIP-3B 1.8B 1636 30.7 48.7 02.2 75.0 T78.6 73.0

hae 7 K Y
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Generation

« Best Gen. performance in similar-scale models
« 1B: GenEval 0.87, WISE: 0.56
« 3B: GenEval 0.90, WISE: 0.62
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Model # Params G Ev kbl
Counting Position Overall | Cultural Biology Overall
Gen. Only
SDXL (Podell et al., 2023) 2.6B 0.39 0.15 0.55 0.43 0.44 0.43
FLUX.1-dev (Labs, 2023) 12B 0.75 0.68 0.82 0.48 0.42 0.50
PixArt-a (Chen et al., 2024a) 0.6B 0.44 0.08 0.48 0.45 0.49 0.47
Emu3-Gen (Wang et al., 2024c) 8B 0.34 0.17 0.54 0.34 0.41 0.39
SD3-Medium (Esser et al., 2024) 2B 0.72 0.33 0.74 0.42 0.39 0.42
Sana-1.6B (Xie et al., 2024a) 1.6B 0.62 0.21 0.66 - -
Und. and Gen.
VILA-U (Wu et al., 2024) 7B - - - 0.26 0.35 0.31
TokenFlow-XL (Qu et al., 2024) 14B 0.41 0.16 0.55 - - -
ILLUME+ (Huang et al., 2025) 3B + 2.6B 0.62 0.42 0.72 - - -
Janus-Pro (Chen et al., 2025c) 7B 0.59 0.79 0.80 0.30 0.36 0.35
MetaQuery-B (Pan et al., 2025) IB + 1.6B - - 0.74 0.44 0.41 0.46
MetaQuery-XL (Pan et al., 2025) 7B + 1.6B - - 0.80 0.56 0.49 0.55
Harmon (Wu et al., 2025¢) 1.5B + 1B 0.66 0.74 0.76 0.38 0.37 0.41
BLIP3-0-4B (Chen et al., 2025a) 3B + 1.4B - - 0.81 - - 0.50
BLIP3-0-8B (Chen et al., 2025a) 7B + 1.4B - - 0.84 - - 0.62
BAGEL (Deng et al., 2025) 7B + 7B 0.81 0.64 0.82 0.44 0.44 0.52
OpenUni-B (Wu et al., 2025b) IB + 0.6B 0.74 0.77 0.84 0.37 0.39 0.43
OpenUni-L (Wu et al., 2025b) 2B + 1.6B 0.77 0.75 0.85 0.51 0.48 0.52
Tar (Han et al., 2025) 7B 0.83 0.80 0.84 - - -
UniLIP-1B IB + 0.6B 0.83 0.83 0.88 0.54 0.50 0.56
UniLIP-3B 2B + 1.6B 0.84 0.90 0.90 0.65 0.57 0.62
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Model #Params Add Adjust Replace Remove Bkg. Style Overall
GPT-40 (OpenAl, 2025) - 4.61 4.33 4.35 3.66 457 493 4.20
MagicBrush (Zhang et al., 2023) 0.9B 2.84 1.58 1.97 1.58 1.75 2.38 1.90
Instruct-P2P (Brooks et al., 2023) 0.9B 2.45 1.83 2.01 1.50 1.44  3.55 1.88
AnyEdit (Yu et al., 2025) 1.3B 3.18 2.95 2.47 2.23 224 285 2.45
UltraEdit (Zhao et al., 2024) 2.0B 3.44 2.81 2.96 1.45 283 376 2.70
OmniGen (Xiao et al., 2025) 3.8B 3.47 3.04 2.94 243 321 419 2.96
Step1 X-Edit (Liu et al., 2025) 7B+12B  3.88 3.14 3.40 241 3.16 463 3.06
ICEdit (Zhang et al., 2025) 12B 3.58 3.39 3.15 295 308 384 3.05
BAGEL (Deng et al., 2025) TB+78B 3.56 3.31 3.30 2.62 324 449 3.20
UniWorld-V1 (Lin et al., 2025a) 7B+12B  3.82 3.64 3.47 3.24 299 421 3.26
Janus-4o (Chen et al., 2025b) 7B 3.60 3.25 3.27 2.28 332 447 3.26
OmniGen2 (Wu et al., 2025a) 3B+4B 357 3.06 3.74 3.20 3.57 481 3.44
UniLIP-1B 1B+0.6B 4.11 3.58 4.30 3.97 4.00 4.87 3.81
UniLIP-3B 2B+1.6B 4.11 3.81 4.48 4.20 411 4.76 3.94
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Ablation: Is UniLIP better than CLIP and VAE? fi:
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* Better edit fidelity and prompt alignment. entuat seore | ) p
Reference Target GenEval WISE ImgEdit ] #]

CLIP VAE 084 046 337

UniLIP  VAE 085 048 370 : >
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VAE + Flow Matching —e— CLIP + MSE —4&— CLIP + Flow Matching

Reference CLIP UniLIP Reference CLIP UniLIP
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ange the dragon to blue.

Remove the person in the foreground of the 1 1mage
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Visualization

Image Generation
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R‘Eplace- the dog with i’lﬁirge pineapple  Remove the rainbow and cloud face paint |Add.a flower garden surrounding the shed
while wearing the same goggles. from the image. and changé thie trees to blossom trees.

a“q b ‘I:;,%g ‘?‘
2 Dy

# N
Py

o~
‘i'.
ik ] 'S
i1 :'_ﬁ.

Image Editing
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A-Ld_just. ﬁla .im-;gﬂ style to an ﬁil painting
with bold brushstrokes.
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