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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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B Technical Paradigms: Mainstream approaches are gradually
converging on the Bagel and MetaQuery families.
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Editing Prompt: Change the color of the flowers to a pale yellow tone.
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Task-rigid and struggles with continual learning.
(Requires modeling as a distribution instead of a point representation to
prevent shortcut learning.)

Features efficient training and architectural flexibility, but suffers from instability and a
critical flaw of task generalization collapse within Learnable Queries.
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mLow Editing Fidelity — Probing Fine-Grained Information Loss

Image
Reconstruction:
Flawless
reconstruction
achieved via an
intermediate
MLP layer with
Sana training
enabled.
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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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B Architecture Design: A decoupled approach where the MLLM handles
semantic integration and the Diffusion Model executes visual generation.
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B 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 (u = 1, o= 0.0074) after training
on 80M samples. Thus, we conclude that
a vanilla Gaussian distribution is entirely
sufficient.
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B Architecture Design: VAE Branch for Fine-Grained Information Injection
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(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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ETraining Strategy: A Four-Stage Progressive Pipeline

Stage | Res. Batch Steps Samples LR  Warmup Dataset Source | Task Mixture (Ratio)
1 | 5122 2336 34k ~80M 1.0e=* 1000 CCI2M + | Rec.: 50, T2I: 47, Uncond.: 3
LAION-Aesthetics

2 | 1024 584 44k ~256M 1.0e"° 1500 | Rec.: 50, T2I: 47, Uncond.: 3
HQ MixT + S-Edit: 55, T2I: 25, Rec.: 20,

3 10242 584 34k ~20M 1.0e"° 1500  Uniworld-V1 (Single) | Uncond.: 10
HQ MixT + S-Edit: 35, M-Edit: 20, T2I: 25,

4 10242 244 18k ~43M 1.0e=° 1500 Uniworld-V1 (Multi) | Rec.: 20, Uncond.: 10

T HQ Mix includes Blip3o, shareGPT-40, and OpenGPT-4o.

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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GPT-40 [21] - 3.96 4.89 4.2 7.85 7.62 1.53
QWen-Image [33] 27B 3.82 4.69 4.27 8.00 7.86 71.56
Unified Bagel [10] B 2.38 4.17 3.2 7.36 6.83 6.52
OmniGen?2 [34] B 2.52 4.68 3.44 7.16 6.77 6.41
UniWorld-V1 [16] 8B 2.96 2.74 3.26 4.93 7.43 4.85
Query-Kontext [25] 17B - - - 8.36 7.37 7.66
WeMMU (Stage 3) 8B 2.82 3.15 3.31 5.86 6.80 5.75
WeMMU (Stage 4) 8B 278 3.17 3.30 5.85 6.79 5.71
\ y,
L] e ®
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Table 3. Ablation Study on Query Token Design using the Im- m — — Geneval | DPG-Bench
. 'ype etho ize
achd]t Bcnchmark | Positiont  Color Attr.t  Overallt | Globalt  Entityt  Overallf
FLUX. I-dev [39] 12B | 0.20 0.47 0.67 82.1 89.5 84.0
- - - Gen. Only  gp3'Medium [11] 2B ‘ 0.33 0.60 0.74 ‘ §7.00 9101 $4.08
Exp. Setting | HybridT ActionT Overallt EMUS 3] o — — Yy — — —
Learnable Fixed Query | 187 2.21 2.53 g:;illl’:lm]ge & %173]3 8132 8:;; 8:3; gé}ﬁ g(l)fgg ggjg%
Unified OmniGenZ* [34] 7B 0.71 0.75 0.86 88.81 88.83 83.57
Learnable Dynamic Query |  2.02 2.60 2.88 8318\1’;02&1\;8; t[l[g]ﬂ %13173]3 8:2732 8:% 8:33 B 88.39 81.38
Noisy Query | 236 275 2.98 et Rt I - 081 - - e
WeMMU (Stage 3) 8B 0.86 0.77 0.88 87.46 89.37 83.69
Noisy Query + VAE Branch |  2.82 3.15 3.31 WeMMU (Stage4) 8B 0.85 0.78 0.88 87.66  89.07  83.60
J L J
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B Attention Visualization of Noisy Query Tokens

Original Learnable Learnable Noisy Noisy Query
Image Fixed Query Dynamic Query Query + VAE Branch

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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B Investigating Task Generalization: Scaling to Multi-Image Editing

Learnable Learnable Noisy Noisy Query
Fixed Query Dynamic Query + VAE Branch

Image Input 1 Image Input 2

L]
|

Yang et al. “WeMMU: Enhanced Bridging of Vision-Language Models and Diffusion Models via Noisy Query Tokens”. CVPR,
2026. 12



Enhanced Bridging of Vision-Language Models and Diffusion
Models via Noisy Query Tokens

NEL-BITA

B Visual Examples of Generation and Editing
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B Visual Examples of Generation and Editing

Replace the bird in the
image with a squirrel sitting
on the branch.

Add a hat on the dog's
head.

Change the background

to a sunny day. Remove the blue bird
perched on the green
plant stem.
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m Visual Examples of Generation and Editing

replace person located slightly right of center spanning
vertically in the image with a brown bear

replace person located on the left side of the image
with a brown dog
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