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Sparsity across Layers that has 
general and details generation 
scopes.

Ø Traditional AR: token-by-token, strictly sequential → 
slow & non-parallelizable.

Ø VAR: generate coarse→fine multi-scale tokens → 
faster, but cost grows exponentially with scale.
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Quantitative comparison on GenEval and DPG.

Quantitative Comparison on HPSv2 and ImageReward.

Quantitative comparisons of FID and CLIP score on the 
MJHQ30K dataset.

Ablation study of the Three-Dimensional Progressive 
Manipulation Framework on Infinity-2B.

Limitations of 1D Optimizations (FastVAR&SkipVAR)
Ø Only optimize one dimension (token / scale).
Ø Cannot capture semantic relations → structure distortion.
Ø Remove tokens that need deeper scale → detail collapse.

3D Sparsity Optimizations (ToProVAR)
Ø We propose a multi-dimensional optimization 

framework that analyzes and prunes computation across 
token, layer, and scale dimensions.

Ø Token-level: Few tokens carry key semantics; pruning 
90% low-salience tokens yields <2% quality loss.

Ø Layer-level: Global layers are pruning-sensitive, while 
detail layers can be pruned by up to 90%.

Ø Scale-level: Objects require different scale depths for 
correct semantic modeling.

Scale-level optimization via Semantic Fineness.

Layer-level optimization via Semantic Scope.

Token-level optimization via Fine-grained Semantic Salience.


