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Introduction and Motivation

TL,DR: We design a large reconstruction models (LRM) with Test-
time training that supports high-resolution, long sequence and 
feedforward or online 3D reconstruction with linear complexity.

Goal: reconstruct explicit 3D representations from long sequence (and 
streaming) input images

Key Idea: Compress inputs into the fast weights of TTT layers and 
decode to explicit 3D representations when needed 

Our Contributions: 

1) First TTT-based model for feedforward and online explicit 3D 
reconstruction with linear complexity 

2) A scalable and unified framework that interprets TTT fast weights for 
controllable explicit 3D representations 

3) State-of-the-art GS quality on both object and scene-level datasets 
with high-efficiency

Scene-Level 3DGS Reconstruction (960x540, 16-64 views)

Project Page,  Video and Code

Method

Overview 
Given a set of input images, we project 
them into tokens and use them to 
update fast weights, we have another 
set of tokens from virtual views to 
query the fast weights and decode into 
3D representations

Trajectory Generation
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Problems with Existing 3D Reconstruction Models: 
1). Existing LRM has attention layers, which limits scalability 
2). Latent 3D models like LVSM has slow rendering, lack controllability 
and interpretability

Test-Time Training (TTT)
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Distributed Training Across Multiple GPUs

Streaming 3DGS Reconstruction

Input tokens are shared, each GPU predicts  partial 
GS and then to be merged and back-propagated.

Training

Use monocular depth estimation regularize GS 
position and prune opaque GS.

Model Architecture
Tokenization: patchify and project  images to tokens: 

Window Attn: attention for each view for local relationships:

Fast Weight Update: Use input tokens to update fast weights with Muon:

Query and Decode: Use virtual tokens to query fast weights:

Depending on 3D representations, virtual tokens can either be image, triplanes, or others.
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Results and Discussion

Object-Level 3DGS Reconstruction (1024x1024)

Pretraining from TTT-LVSM Comparison with Attention Layers

Decode into Triplanes


