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Vision Still Lacks a One-For-All Model

Unlike NLP, computer vision suffers from a representational chasm. 
Foundation models remain monomaniacs—excelling at one task but 
failing to transfer without massive redesign.

SAM (Segment Anything)
Segments brilliantly, but cannot predict depth.

DepthAnything
Excels at depth, but cannot segment.

The Central Question: Can a single, compact fully parameter-sharing model deliver competitive accuracy 
across diverse visual understanding tasks?



The Potential of Diffusion Models 
in Multiple Perceptual Tasks

Powerful Generative Priors

Trained on billions of images, they learn 
rich geometry, context, and fine details.

Repurposed for Understanding

By unifying the representations of 
different tasks into RGB space.

By repurposing pretrained diffusion weights, we can bypass the massive data and training costs of specialist models 
for multiple perception tasks.



DICEPTION
A single diffusion-based visual generalist model that handles six perception 

tasks—depth, normal, keypoint, and three types of segmentation—using one 

shared set of parameters and a unified RGB output space, all without task-

specific modules. DICEPTION demonstrates strong scalability and adaptability.



What Can DICEPTION Do?
• With one single model, DICEPTION solves 6 perception tasks without relying on any task-specific modules, on par with SOTA.
• DICEPTION can quickly adapt to new tasks by fine-tuning less than 1% of its parameters on as few as 50 images.



Method



Results - Depth



Results - Normal



Results - Interactive Segmentation 0.06%
Data vs. SAM



TakeAways



Token-wise vs. Channel-wise Concatenation

Token-wise

• Faster convergence
• Higher accuracy
• No extra parameters
• Better leverages pretrained weights

Channel-wise

• Slower convergence
• Lower accuracy
• Requires extra MLP
• Does not fully leverage pretrained weights

Token-wise fusion preserves the pretrained prior most effectively.



Architecture Matters: 
DiT vs. U-Net
A U-Net baseline fails at multitasking due to information 
loss from downsampling and disrupted priors from extra 
convolutional layers.

DiT's pure transformer maintains full-resolution pathways 
and a global receptive field, leading to markedly superior 
geometry predictions.

U-Net Baseline

Fail even on simple two-task cases.

DiT (DICEPTION)
Achieves superior results without architectural redesign.

U-Net Baseline



The Effect of Classifier-Free Guidance
A mild CFG scale improves dense tasks like depth and normal estimation but has little effect on sparse tasks like 

segmentation and human keypose estimation.

CFG = 1

Softer, less defined

CFG = 2 (Optimal)

Sharper, clearer details

CFG > 3

Over-saturated, artifacts



Few - Shot  Adaptation

Rapid adaptation to new tasks with minimal data 
and trainable parameters.

50
Images

+ 1%
Parameters

Image Highlighting



Efficiency: Few-Step Inference
Thanks to flow-matching's straight trajectory, DICEPTION supports few-step inference with minimal performance 

degradation on Dense Tasks such as Depth and Normal.

Ours (1-Step)
Depth AbsRel: 0.086

OneDiffusion (1-Step)
Depth AbsRel: FAIL

This built-in acceleration opens a realistic path to real-time deployment without extra distillation.



Pixel-Aligned Training
Our perceptual settings enforce strict pixel correspondence, 
which significantly reduces generative artifacts in 
downstream applications.

It is important to emphasize that our goal is not to compare 
the lighting quality between methods, but rather to highlight 
our model’s ability to significantly reduce generative 
artifacts and retain structural details.

Input Ours IC-Light



Conclusion & Roadmap

Key Takeaways

• Diffusion priors can power strong multitask visual 
understanding.

• Five critical designs enable this: Token fusion, DiT, RGB 
unification, light CFG, and pixel-aligned training.

• Achieves SOTA-comparable performance without 
massive curated data.

Future Roadmap

• Scale data and model size for even better performance.
• Further compress inference steps for real-time use.
• Expand to more tasks for a truly universal visual 

foundation model.
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