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Motivation
How Humans Perceive Dynamic Scenes
Our attention naturally prioritizes moving objects while building persistent spatial representations of static environments. 
The hippocampus constructs internal "cognitive maps" in an egocentric reference frame. When revisiting familiar places, 
humans reliably recall static scenes even when dynamic elements have changed.

Can we build 3D systems that mimic this cognitive process?



Key Challenges

Challenge 1: Dynamic vs. Static Separation
How to accurately distinguish static and dynamic scene elements in monocular videos?

Challenge 2: Persistent Memory Across Visits
How to construct and maintain persistent representations of static environments that can be efficiently 

recalled and updated when revisiting familiar scenes?

Challenge 3: Geometrically Consistent Camera Poses
How to establish stable camera pose estimates that remain geometrically consistent despite the presence of 

dynamic objects?



Our Contributions

1. Multi-stage Motion Cue Framework
Progressive 2D-3D motion analysis for accurate dynamic object identification.

2. Cognitive Mapping System
Store, recall, and update static scene memory across multiple visits.

3. Factor Graph Optimization
Joint camera pose refinement using constraints from static regions and updated memory.



Pipeline Overview
CogniMap3D maintains a cognitive mapping system that recalls, stores, and updates memories. Given an 
input video, it outputs camera poses and point clouds by isolating static scenes through motion cues, 
interacting with its memory bank, and optimizing across multiple visits.



Multi-stage Motion Cue
Given a pair of images, predict initial depth and camera pose via VFM to establish 3D prior. Three 
progressive motion cues through 2D-3D interaction: 
Flow Cue (optical flow clustering) → Geometry Cue (depth-based 3D motion) → Robust Cue (3D keypoint
refinement for precise dynamic masks).



Motion Cue: Example on DAVIS
Motion Cue Process of the Train Scene in DAVIS dataset.



Dynamic Mask Comparison
Dynamic Mask Comparison. We visualize dynamic regions as white overlays on input images. 
Compared with MonST3R, our method achieves more complete and precise masks.



Cognitive Mapping System
Estimate per-frame dynamic mask with depth, confidence, and camera pose priors. Filter static scenes using 
dynamic masks, then encode image and point cloud features.
Match against memory bank:
❎ No match → create new memory slot
✅ Match found → recall & update existing memory



Camera Trajectory Optimization

Step 1: Initial Landmark Selection
Extract candidate landmarks exclusively from static regions with high confidence. For recognized scenes, recalled 
memory points serve as additional landmarks with stronger geometric constraints.

Step 2: Factor Graph Optimization
Jointly optimize camera poses and 3D landmarks with three complementary constraints:

• Projection Factor: 3D landmarks should project correctly onto their observed 2D positions
• Prior Factor: Anchor the first camera pose to prevent coordinate drift
• Motion Factor: Enforce smooth transitions between consecutive frames

We propose a factor graph optimization approach to refine camera trajectories, enhancing global geometric 
consistency through static scene constraints from both current observations and memory.



Qualitative Results
Our method achieves cleaner 
reconstructions with better 
preservation of both static and 
dynamic elements. 
The bottom rows demonstrate 
CogniMap3D’s unique 
capability to store previous 
scenes in memory and recall 
them upon revisitation



Quantitative Results



Visual Comparison: VGGT vs. Ours
We compare reconstructed 
point clouds rendered over the 
input image for VGGT (top) 
and CogniMap3D (bottom). 

The red boxes highlight 
regions with moving area 
(cyclist and pedestrians)



Camera Pose Estimation



Ablation Study

Memory Matching. We evaluate CogniMap3D’s memory matching on DAVIS 
(Perazzi et al., 2016) by dividing 50 scenes into thirds and performing 200 pairwise 
matches between segments.

We demonstrate this capability on the 7-Scenes dataset as shown in 
Table 4. For evaluation, we first initialize the memory bank with a single 
randomly selected frame from each scene. Leveraging memory recall, 
our method with updated memory outperforms both baseline methods 
and our model without memory.



Conclusion
CogniMap3D — A bioinspired framework for dynamic 3D scene reconstruction

✓ Multi-stage Motion Cue: Accurate dynamic/static separation via progressive 2D-3D motion analysis

✓ Cognitive Mapping: Persistent memory bank enabling scene recall & update across multiple visits

✓ Factor Graph Optimization: Geometrically consistent camera pose refinement

Key Results
State-of-the-art performance on video depth estimation, camera pose reconstruction, and 3D mapping. Unique 
capability: continuous scene understanding across extended sequences and revisitations.
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