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Problem & Motivation

SLAM
• plays great significance in robotics perception
• simultaneuous mapping & localization → necessary for robot navigation

Dense SLAM
• sparse SLAM is efficient and robust, but has lack of details about surroundings
• significant progress thanks to Deep Learning → absence of depth sensor

• there were some reasearches about reducing computational cost of depth estimation

• NeRF, GS SLAM
• highly realistic novel view synthesis
• but it’s time consuming, highly sensitive to blur and noise
⇒ limited in real-life usage

• Foundational Geometry Techniques
• MASt3R-SLAM: MASt3R + traditional SLAM pipeline
• VGGT-SLAM: submap + SL(4) manifold
⇒ rely on pair-wise, submap-wise optimization respectively



Problem & Motivation

Feed-forward 3D Reconstruction
• DUSt3R 🔥

• regress 3D structure with scalable training data (led a trend)

⇒ limited in pair-wise input, so it requires global optimization (lowers the inference efficiency)

• Feed-forward Multi-view

• process multi-view images wth single forward pass, avoiding cost of post-processing global optimization
• transformer based methods for multi-view pointmap estimation

• Real-time 3D Reconstruction

• Stream VGGT, STream3R
• inspired by modern language model
• incorporate causal attention to enable real-time streaming reconstruction

⇒ but, exsisting streaming methods don’t cosider revisiting past estimates, so it leads to drift and limited global consistency

• Span3R: extends DUST3R to stream while maintaining & interacting with spatial memory
• CUT3R: persistent state token, transformer based recurrent update
• LONG3R: 3D spatio-temporal memory, coarse-to-fine pipeline to handle long sequence

• Fast3R: efficiently handling hundreds of images
• VGGT: 3D multi-task learning with scalable training data
• Pi3: permutation-equivariant desgin that removes dependence on a fixed reference view



Method

SLAM-Former
• Architecture: Frontend + Backend

• efficient incremental updates

• periodic global refinement

Frontend
• keyframe detection
• Tracking & Mapping

Backend
• Global Update



Method

SLAM-Former
• Transformer Architecture (𝑓)

• transformer backbone that aggregates intra/inter frame information

• consists of 𝐿 layers, and each layer has intra/inter frame attention
• input: image patch tokens + register tokens

• Task-specific Heads (ℎ)
• decode scene geometry, camera poses



Method

Frontend
• map token

• mapping keyframe into map token using previous KV cache
(save KV Cache before passing to inter-frame attention layer)

• mapping keyframe into map-token using previous KV cache

• keyframe detection

• decode map token into camera pose

• select frame as new keyframe if relative pose of previous keyframe exceeds threshold 𝜏

• if a new keyframe is confirmed, F! is recomputed with full KV cache, and token map (M, S) is updated



Method

Backend
• Traditional SLAM pipeline

• traditional SLAM pipeline relies on loop closure detection & graph optimization for global consistency

• SLAM-Former
• but, SLAM-Former refines whole map token in a single pass using backend 𝑓"#

• effectiveness lies in the full attention mechanism within 𝑓"#

• Cache Sharing

• frontend and backend shares KV cache C$ (so that frontend get benefits of backend refinement)

To mitigate a causality(relies on past frames) of frontend, we use backend



Method

Training Strategy
• Training Modes

• jointly train SLAM-Former across three modes with a single iteration

• Mode 1 (Training Frontend)

• Training: causal attention mask

• Inference: single pass with previous KV caches

• first two frames are applied full attention (removing dependence on a fixed reference view)

• subsequent frames are applied causal attention

• Mode 2 (Training Frontend with Backend Cooperation)

• train with mixed attention to simultaneously process backend and cache-sharing

• backend: full attention
• frontend: causal attention

• Mode 3 (Training Backend)

• refines map token

• backend: full attention



Method

Training Strategy
• Joint Training

• resulting tokens in all modes (=implicit representations of geometry and camera poses)

• produces pointmaps for each frame to avoid the need to define specific world coordinate

• Loss Function

• depth loss

• pointmap loss

• camera loss

final training objective

predicted depthscale factor 
(by Pi3)

confidence spatial gradient

scale factor (by Pi3)

transformed local pointmaps aligned to the first frame

Huber norm



Experiments

Experiments
• Camera pose estimation

• SLAM-Former outperforms overall baseline methods in TUM RGB-D dataset
• but, lags behind the traditional SLAM method in Replica dataset (because synthetic data lacks noise and blur)

[ TUM RGB-D dataset ] [ Replica dataset ]



Experiments

Experiments
• Reconstruction

• SLAM-Former outperforms overall baseline methods in Replica, 7-Scenes dataset

[ 7-Scenes dataset ]

[ Replic dataset ]



Experiments

Experiments
• Reconstruction

error accumulates over time

w.o backend

w. backend

backend use implicit order provided by frontend



Experiments
• Ablation

• evaluate camera pose on TUM RGB-D

• backend significantly improves performance
• MB. shows great contribution

• Execution Speed

• overall speed is over 10Hz, so SLAM-Former can operate in real-time

Experiments

• EB. : End Backend

• MB : Middle Backend



Limitation
1. SLAM-Former use full-attention in the backend (= 𝑂 𝑛! )

• could be solved in SLAM ways(using sparse graph) or transformer techniques (using sparse attention & token merge)

2. SLAM-Former doesn’t support frontend mode locally
• all previous KV caches should be fed into the model during inference

Limitation


