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Mot ivat ion

< 2 >

• 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
• Chameleon, Transfusion
• VQVAE/VAE lack semantics

Chameleon
Transfusion
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CLIP-based Uni f ied  Tokenizer
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• Semantic Encoder + Vector Quantization
• VILA-U, TokLIP, UniTok, TokenFlow, ILLUME, Tar

• Quantification limits the expressive power of representations
• preformance degradation in understanding

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

UniTok
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Frozen CLIP  +  D i f fus ion  Decoder
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• CLIP as diffusion condition: Emu2, BLIP3o

• Frozen CLIP loses pixel details
• incosistent reconstruction
• hard to support editing

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

Origin Emu2 Origin Emu2
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How to  adap t  CL IP  fo r  reconstruct ion  wi thout  degradat ion?

• Check reconstruction quality of frozen CLIP

• Blurry but keep main semantic content

• Information: CLIP >> VAE
• CLIP dimension >= 768
• VAE dimension: 4, 8, 16, 32

• Maybe a minor change is enough for recon?

• Und performance maybe robust to minor change?
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H o w  t o  m i n i m i z e  p a r a m e t e r  u p d a t e s ？
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• Stage 1: train pixel decoder only
• Adapt to the original clip features as much as possible

• Stage2: self distillation, restrict feature updates
• mse loss is more effective than cosine, kl
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• Better reconstruction than previous CLIP-based unfied tokenizer

• Keep original Und. performance

Reconstruct ion  and Understanding

< 7 >
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• Better performance on MME-P, MMVP, AI2D

• UniLIP introduces more pixel details

Reconstruct ion  he lps  Understanding?

< 8 >
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Ablat ion  of  Reconstruct ion  Tra in ing
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• Training strategies
• Lr Decay: lr of CLIP is 1e-5, others 1e-4

• Training loss
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How to  do  generat ion  based on UniL IP?
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• 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

MAR

MetaQueries
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How to  do  ed i t ing  based on UniL IP
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• MetaQuery-like models seldom extend to image editing
• No quantitative results

• Tokenizer: Frozen CLIP cannot provide sufficient details, e.g, BLIP3o
• 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
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How to  do  ed i t ing  based on UniL IP
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• Architecture: query forms information bottleneck

•  Dual-condition: multimodal context + metaqueries

MLLM Connector DiT Pixel Decoder MetaQuery

InternVL3-1B 6 Layer LLM SANA-0.6B DCAE 256
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Tra in ing
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• Generation: BLIP3o-Pretrain (~35M), BLIP3o-60k, Janus4o (~45k)

• Editing: GPT-Image-Edit (1.5M), Janus4o (~45k)

• Batch size 512, Lr 1e-4, Cosine decay

Stage1 Stage2 Stage3

Trainable connector connector + DiT connector + DiT

Data BLIP3o-Pretrain BLIP3o-Pretrain, 
ImgEdit

BLIP3o-60k
Janus4o 

Iteration 50k 200k 20k
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Understanding

< 15 >
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Generat ion
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• 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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Edi t ing
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Ablat ion:  Is  UniL IP  bet ter  than CLIP  and VAE?

< 18 >
Remove the person in the foreground of the image.Change the dragon to blue.

UniLIPReference CLIP UniLIPReference CLIP

• Better edit fidelity and prompt alignment.



思想自由 兼容并包

Visual iza t ion
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