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The Challenge: Early studies reveal 
severe task interference when using 
shared parameters for both visual 
understanding and generation.

The Shift: Following JanusFlow and 
mogao, the community focuses on 
efficiently co-existing or bridging 
generation and understanding 
within unified multimodal large 
models.
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n Technical Paradigms: Mainstream approaches are gradually 
converging on the Bagel and MetaQuery families.

Yields stable training and outstanding performance, but incurs massive 
computational overhead due to the need for large-scale data and extensive 
training steps.
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Features efficient training and architectural flexibility, but suffers from instability and a 
critical flaw of task generalization collapse within Learnable Queries.

Task-rigid and struggles with continual learning. 
(Requires modeling as a distribution instead of a point representation to 

prevent shortcut learning.)
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nLow Editing Fidelity → Probing Fine-Grained Information Loss
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Reconstruction: 
Flawless 
reconstruction 
achieved via an 
intermediate 
MLP layer with 
Sana training 
enabled.

Integration Issue: 
Upon integrating 
the pre-trained 
MLLM, the model 
fails to reconstruct 
fine-grained 
details (e.g., 
textures).

The Bottleneck: Pre-trained MLLMs inherently lose fine-grained details, rather than the Vision Encoder 
(Qwen 2.5VL ViT) failing to extract them.

Our Solutions: We address this by either (1) unfreezing the Vision Encoder to alter feature representations, 
or (2) introducing a fine-grained information injection branch.
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n Architecture Design: A decoupled approach where the MLLM handles 
semantic integration and the Diffusion Model executes visual generation.
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n Architecture Design: Noise Query Tokens

Our noise query tokens, matching the 
length of the Vision Encoder's features, 
are sampled from a Gaussian distribution 
and processed using M-ROPE and 
bidirectional attention. 

Key Insight: A learnable channel-wise 
scaling parameter yielded negligible 
effects (μ ≈ 1,  σ= 0.0074) after training 
on 80M samples. Thus, we conclude that 
a vanilla Gaussian distribution is entirely 
sufficient.
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n Architecture Design: VAE Branch for Fine-Grained Information Injection

MLLM

Sana
(Diffusion Model)

Vision 
Encoder

（Trained）
VAE

Encoder

VAE
ProjectorOR

(1) Unfreezing ViT: Yields perfect reconstruction 
but suffers from instability and collapse during 
editing tasks (likely due to a brittle pre-trained 
state).

(2) VAE Injection: The most efficient approach, 
utilizing just a single linear layer for robust fine-
grained information injection.
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nTraining Strategy: A Four-Stage Progressive Pipeline

Phase 1: Warm-up: Connector updated; MLLM & Sana frozen.

Phase 2: Joint Adaptation: Sana unfrozen for 1024-res conditional feature adaptation.

Phase 3: High-Fidelity Generation: Single-image editing + T2I generation.

Phase 4: Task Generalization: Multi-image editing tasks.
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n Attention Visualization of Noisy Query Tokens

Attention Gap Analysis: By examining the average attention difference between image and text condition tokens 
(yielding values of 1.80, 1.01, -0.99, and -0.68 from left to right), we demonstrate that introducing Noisy Query 
Tokens progressively diminishes the attention disparity across modalities.
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n Investigating Task Generalization: Scaling to Multi-Image Editing
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n Visual Examples of Generation and Editing
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