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Agenda
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Applications using Vision-Language Models (VLMs)

• Our UI agent running on the phone

• LLMs vs. VLMs for physical AI agents

Part 1. Visual token pruning for VLMs

• Overview of recent training-free methods

• Our SparseVLM @ ICML 2025

Part 2. Distilling representations in 3D VLMs

• 3D spatial reasoning using VLMs

• Our Proxy3D @ CVPR 2026

https://arxiv.org/abs/2410.04417
https://icml.cc/Conferences/2025
https://cvpr.thecvf.com/virtual/2026/poster/39196
https://cvpr.thecvf.com/


Applications: Our UI Agent
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• API for LLM agents is not always available

• Screenshot-based agents are more general

Android Phone

@ ADB

←GitHub actions

Gallery actions→



Overview
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Vision-Language Models (VLMs)

• Multimodal LLMs (MLLMs) with visual inputs

• Early VLMs had fixed-resolution tokenization

• Recent ones have dynamic variable-lengths 

Early VLMs: LLaVA network architecture Recent VLMs: Qwen3-VL tokenization scheme

https://arxiv.org/abs/2304.08485
https://arxiv.org/abs/2511.21631
https://arxiv.org/abs/2511.21631
https://arxiv.org/abs/2511.21631


Problem Statement
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Exponential growth in number of tokens

• 3D/video >> 2D images >> 1D text

• How to reduce number of tokens?

• How to encode visual modality?

Early VLMs: LLaVA network architecture Recent VLMs: Qwen3-VL tokenization scheme

https://arxiv.org/abs/2304.08485
https://arxiv.org/abs/2511.21631
https://arxiv.org/abs/2511.21631
https://arxiv.org/abs/2511.21631


Part 1. Training-free Token Pruning
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Visual token pruning

• Self-attention complexity is quadratic with the sequence

• Training-based pruning is hard due to complex pipelines

• Training-free visual token pruning is significantly easier

• Hardware support by edge devices and GPUs

Spatial and temporal redundancy

• Static visual / video inputs are often sparse

• Examples: security cameras, user interfaces

• How to prune tokens in a training-free manner?

LLaVA self-attention example from FastV

https://arxiv.org/abs/2403.06764


Existing Methods Training-free Methods
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Localization: input vs. layer-wise

Scoring: relevance vs. attention

Selection: pruning vs. merging

Block-wise pruning in FastV

Input pruning in PruMerge

https://arxiv.org/abs/2403.06764
https://arxiv.org/abs/2403.15388


Existing Methods Training-free Methods
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Drawbacks

• Text-agnostic methods

• Suboptimal sparsification

Block-wise pruning in FastV

Input pruning in PruMerge

https://arxiv.org/abs/2403.06764
https://arxiv.org/abs/2403.15388


SparseVLM: Text Prompt Guidance for Pruning
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• Queries typically contain questions about specific objects

• Text prompts can be used to guide a VLM sparsification method

SparseVLM @ ICML'25

https://arxiv.org/abs/2410.04417


SparseVLM: Attention Scores for Sparsification
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• Main idea is to use transformer’s self-attention scores

• Then, we can estimate significance of visual tokens w.r.t. text query

• This is computationally-free and compatible with e.g., FlashAttention

𝑃 = 𝐴𝑖,𝑗 , 𝑎𝑛𝑑 𝑖, 𝑗 ∈ 𝕃, 𝕀 ,

෤𝑝 = ෤𝑝1, ෤𝑝2, ⋯ ෤𝑝𝐿𝑣 =
1

𝐿𝑡
෍

𝑖=1

𝐿𝑡
𝑃𝑖 .

How to get 
the priority 
matrix? 



SparseVLM: Token Selection and Sparsification Level
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• Not all text tokens are relevant to the sparsification objective

• Hence, we use “raters” to estimate relevance 

• Then, the matrix rank can be used to find visual token redundancy

𝑅 =
1

𝐿𝑣
෍

𝑗=1

𝐿𝑣

𝑆𝑜𝑓𝑡𝑚𝑎𝑥 𝐻𝑣𝐻𝑞
𝑇 ,

𝑆 = 𝑖 𝑅 𝑖 ≥ 𝑀𝑒𝑎𝑛 𝑅 , 𝑖 ∈ 1,2,⋯ , 𝐿𝑡 .

𝑁 = 𝜆 × 𝐿𝑣 − 𝑅𝑎𝑛𝑘 𝑃 .



SparseVLM: Overall Diagram
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• Visual tokens are being pruned at each decoder layer with high sparsification levels

• Therefore, we recycle certain visual tokens by aggregation and reconstruction



SparseVLM: Pruning Results
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SparseVLM: Pruning Results
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Part 2. VLMs for 3D Spatial Reasoning
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3D VLMs are an extension of conventional VLMs

• A set of dense input frames is encoded into a latent token sequence

• How to reduce the number of 3D tokens for the edge deployment?



Comparison to Prior Methods
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Training-free methods underperform and a distillation training is required

• Representation vs. weight distillation: quadratic vs. linear, KV cache

• Our Proxy3D with the representation distillation via 3D clustering

https://cvpr.thecvf.com/virtual/2026/poster/39196


Proxy3D: Training Pipeline
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• Distill the pretrained Qwen2.5-VL knowledge to Proxy3D with token clustering

• Main idea: grow 3D spatial reasoning in a sequential manner

• Data scarcity: overcome it using multi-stage training pipeline



Proxy3D: Tasks and Results
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3D scene understanding

• Visual grounding, dense scene captioning, question answering



Proxy3D: Tasks and Results
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Visual-spatial intelligence

• Route planning, relational reasoning, physical agents in the 3D space



Proxy3D: Tasks and Results
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Edge deployment benefits

• Latency reduction

• Lower memory usage



Proxy3D: Tasks and Results
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Specialized 3D VLMs beat proprietary models with the lower complexity
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Conclusions

© 2026 Panasonic AI Lab 23

SparseVLM

Proxy3D

Applications using Vision-Language Models

• UI agents with the universal information-sparse inputs

• 3D VLMs for spatial reasoning in dense streaming videos

• All these cases are compute/memory “expensive” for edge devices

Part 1. Visual token pruning for VLMs

• We leveraged spatial and temporal redundancies in images

• SparseVLM with the prompt guidance and attention-based scores

Part 2. Visual-spatial intelligence using 3D VLMs

• 3D VLMs implement perception for physical AI agents

• Proxy3D clustering with the distillation compresses token length by 10×

Questions?

https://arxiv.org/abs/2410.04417
https://cvpr.thecvf.com/virtual/2026/poster/39196
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