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Encode real images into VAE latent or CLIP embedding ?

Autoregressive + Diffusion
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Image Encoder and Decoder

• Low-level pixel features and offer 
better reconstruction quality

VAE: commonly use in 
diffusion model training

• Unify image understanding and 
generation in one semantic space

CLIP + Diffusion: Encode 
images into continuous 

visual feature by CLIP and 
reconstructs them via a 

diffusion model.



Design Choice

(a) AR generates CLIP feature, diffuse CLIP feature to real image (Emu2, SeedX, MetaMorph)

 (b) AR generates visual feature, diffuse visual feature to CLIP feature, diffuse CLIP feature to real image

 (c) AR generates visual feature, diffuse visual feature to VAE feature (MetaQuery)



• When integrating image generation into a unified model, autoregressive models 
more effectively learn the semantic-level features (CLIP) compared to pixel-level 
features (VAE).
• Adopting flow matching as the training objective better captures the underlying 

image distribution than MSE, resulting in greater sample diversity and enhanced 
visual quality.



Training Strategy 

• Sequential training: freeze the autoregressive backbone and maintain the image understanding capability. 

• Joint training: image understanding and generation benefit each other? NO if using diffusion loss
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Conclusions

• Diffuses CLIP features for strong performance and training 
efficiency in image generation

• Late Fusion for image understanding and image generation
• Fully Open-Source model checkpoint, training code, 30 Million 

Pretraining Data and 60k GPT-4o Distilled High Quality 
Instruction Tuning Data



BLIP3o-Next
🧩 AR + Di'usion Architecture
Combines autoregressive and diOusion models 
for high-quality image generation.

👁 Discrete Image Token Supervision
Uses discrete image tokens as additional 
supervision.

🧠 Reinforcement Learning
GRPO training enhances prompt alignment and
 text rendering accuracy.

🌐 Fully Open-Source
All training code, datasets, and models released
 for full reproducibility.
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Why VQ-SigLIP2 instead of VQ-VAE ? 

• Using SigLIP2 for both image understanding and generation



Continuous V.S. Discrete

• high visual-fidelity images

Diffusion

• Compatible with autoregressive model 
• Excel at tasks requiring spatial structures

Discrete



Multimodal RL

• Text Rendering

• Prompt Alignment



Multimodal RL
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Multimodal RL



Geneval

+ denotes testing with long caption



Multimodal RL



Conclusions

• Autoregressive or Diffusion ? Both ! 
 Combines the strengths of both approaches

• RL beyond text 
 Expands the RL search space from pure language to rich 

multimodal outputs.



Thanks for your attention ! 


