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Vision Language Models (VLMs) suffer
from memory and computational overhead
when dealing with 3D scan video.

Introduction

< We proposed two token compression
methods leveraging spatial prior and
visual semantic to reduce the visual
token and enhance VLM’'s memory
and computational efficiency.

*  Our proposed token compression can
reduce the visual token by 90% while
maintaining the performance.

*  Comparable with SoTA performance
on OpenEQA, ScanQA, and SQA3D.

Step 1: Multi-view 2D feature encoding.
Step 2: Visual tokenization.

L simple concatenate — >8,000 # v-tokens
Ls simple 3D voxelize — >4,000 # v-tokens

L dynamic 3D voxelization — < 1,000 # v-tokens

Step 3: LLM understanding and reasoning.
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TLDR -- We propose a token compression method that achieve 90% token reduction
while maintaining competitive performance on 3D question answering task.

Method Overview

Step 1: Multi-view 2D feature encoding.
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Step 2: Token compression.

> 8k visual tokens

<1k visual tokens*

*Each token is denoted by the same color

Step 3: LLM understanding.

visual tokens

language query

What is on the shelf benea
the beige-colored table?
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answer

The lower shelf holds several items,
including books, boxes, and electronic
equipment like cords.
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* Work done in Amazon applied scientist internship.
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Models LMMach Models EMa1
Clasedrsource Tusk-specifc models
LLaMA270B ! 3 VoieNet+MCAN 173
Gt 15 ScanQA 211
Claude-3 Opus 363 3DVLP in et al) 217
Genini 10 Pro Vision 9 VisTA 24
Claude.3.5 Sonnet 487 3DVLP (Zhang e al) 20
GPTA-V (15 frames) 546

Video LMMs

GPTA-V (50 frames) 553 —— .
Open-source AgenB3DZero 175
VideoLLaMA 00 LLaVA-NeXT-Video 187
LLAMA-2 w/ Concept Graph 7 VideoChar? 192
AuroraCap 29 MovieChat (w/ LLaVA-OV-18) 20
Video-CharC 321
LLaMA-2 w/ Sparse Voxel Map 43 Task-specific fine-tuned 3D-LMMs .
LLAMA-2 w/ LLaVA-LS caption 368 IDLLM 23
ChatUniVi 23 FE3DGOA 23
VideoLLaMA2 02 LEO 25
MovicChat v/ LLaVA-O78) 549 Scene LLM 72
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Variant A: Vanilla Token Compression

Token Compression

Variant B: Dynamic Token Compression

1. Voxelize the 3D point cloud field.
Each Bis a visual tok
from multi-view 2D image.

2. Conduct average pooling
among all visual
the vorel.
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3. Each voxel resulted in one
visual token. The resulted visual
tokens will be sent to LLM.

1. Draw edges between
visual tokens in each voxel.

2.Keepther%
most similar edges.

3. Compress connected
token pairs.

4. Compression in next-
level voxel scale.
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