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Recovery of geometry, motion
• foundation task of computer vision

• downstream application: novel view synthesis, AR/VR, autonomous navigation, robotics etc

• literature commonly identifies this problem as ‘SfM’

• has been the core focus in 3D vision over decades
• yielding mature algorithms that performs well under stationary conditions & wide baselines

⇒ but these algorithms often fails on dynamic video input (fail = degradation of accuracy & robustness)

• main reason: object dynamics (common component in real-world videos)

• moving objects violate fundamental assumptions of homography & epipolar consistency in traditional SfM methods

• dynamic video
• entangled camera & object motion → hard to disentangle these two motions
• motion with rich texture → degrades camera pose estimate performance
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Related works
• SfM & SLAM

• long foundation for 3D structure and camera pose estimation
• refine structure and motion estimates by

• associating 2D correspondences or minimizing photometric errors

• bundle adjustment (BA)

⇒ effective with dense input but struggle with limited camera parallax, ill-posed conditions

• DUSt3R(+ follow-up methods) overcame above problems, but limited on static scenes

• Pose-free Dynamic Scene Reconstruction
• SLAM + dynamic scenes

• semantic segmentation, optical flows to enhance SLAM’s resilence in dynamic scenes

• Another line of work
• stable video depth estimation (+ geometric constraints, generative priors)

• optimization-based methods

• point-map-based methods

⇒ but these methods needs costly training on diverse motion patterns to generalize well

• CasualSAM: fine-tune depth network at test time using pre-computed otpical flow

• Robust-CVD: refines pre-computed depth, camera pose by leveraging masked optical flow

• MegaSaM: incorporate DROID-SLAM, optical flow, depth initializations

• MonST3R: fine-tuned DUStR with dynamic datasets and incorporate optical flow

• DAS3R: trains DPT on top of MonST3R and performs feedforward segmentation estimation

• CUT3R: encode scene into persistent state and performs feedforward 3D reconstruction

?

Easi3R✔
• training-free, plug-in-play adaption

• no fine-tuning, almost no additional cost

• scalable, efficient alternative for handling real-world dynamic videos
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Related works
• Motion Segmentation

• Classical approaches
• rely on optical flow estimation, point tracking

• only trained in 2D datasets

⇒ struggle with occlusions, disentagling object, caemra motion

• robustness enhanced approaches

• complete 4D reconstruction

Key Insight
⇒ dynamic segmentation can be extracted from pre-trained 3D reconstruction models like DUSt3R

• RoMo: incorporate epipolar geometry, accurate calibration with COLMAP

⇒ focus primarily on removing dynamic objects and reconstructing static scene elements only
• SAM2: disambiguate object, camera motion

• MonST3R: fine-tuned DUStR with dynamic datasets and incorporate optical flow

• DAS3R: trains DPT on top of MonST3R and performs feedforward segmentation estimation

Easi3R✔
• a simple, yet robust strategy to isolate this information from the attention layers

• no need for optical flow or pre-training on segmentation datasets
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Easi3R
• Goal

• Process
1. how the DUSt3R model handles videos

2. mechanisms of attention aggregation in spatial and temporal dimensions
3. how aggregated cross-attention maps can be leveraged to decompose dynamic object segmentation (re-weighting)

input
• {I!}"#$% : video sequence

output
• M!: object motion
• P!, K!: camera movement
+ X!: point map
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• DUSt3R

• 𝑋!→#: point map of input Ib predicted in the view 𝑎 coordinate space

• In multi-views, DUSt3R globally aligns the pairwise predictions into a joint coordinate space using a connectivity graph
⇒ computational redundancy problem (view connectivity is know for video sequence) (= waste)

• Easi3R
• sliding temporal window

• pair set

𝑛 = 3

global alignment of pair-wise prediction

reference view

scale factor

pair → global

how the DUSt3R model handles videos

DUSt3R can’t handle frame with dynamic object
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• Secret behind DUSt3R

• 2 branches
• I!: reference image

• I": source image

• process
1. encode image into token representation F with weight-sharing ViT encoder

2. exchange information both within and between views (self-attention + cross-attention)
• use previous block (𝑙 − 1)

3. point map prediction with 2 heads using feature tokens

4. iterate minimizing Euclidean distance between predicted point map and GT point map

mechanisms of attention aggregation in spatial and temporal dimensions

block index

self-attention (within views)
+

cross-attnetion (between views)

point map prediction

Easi3R✔
• DUSt3R implicitly learns rigid view transformations with cross-attention layer, assigning low attention values to tokens that violate epipolar          
geometry constraints (such as texture-less, under-observed, and dynamic regions)
• aggregating cross-attention outputs across spatial & temporal dimensions → enabling motion extraction
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• Easi3R

• trainable linear function (projection function of Q, K)

• attention map

• average attention map

mechanisms of attention aggregation in spatial and temporal dimensions

A#$←& determines how the information is aggregated from the view 𝑏
into the view 𝑎 in the 𝑙th decoder block

average attention map captures the overall in@luence of tokens from one
view to another across all decoder layers
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• Easi3R

• Temporal attention maps

• 2(𝑛 − 1) attention maps per frame
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• Easi3R

• Temporal attention maps

mechanisms of attention aggregation in spatial and temporal dimensions

A$%&'()

• smooth attention values
• low attention values with texture-less regions, under-observed areas

⇒ DUSt3R belives that they are less useful for registration

⇒ can be extracted using (1 − A'$()*+)

• changes of token contribution in image coordinate space
• pixels perpendicular to the direction of motion generally share similar pixel 

flow speeds
⇒ consistent deviation that allow to infer camera motion

A'$(,)-

• indicates low texture & under-observed area + dynamic object

⇒ they violate the rigid body transformation prior that DUSt3R has 
learned from the 3D dataset

⇒ can be extracted using (1 − A'$(,)-)

• highlights camera & object motion
⇒ these areas continously changes over time, leading high deviation: inverted

⇒ no worries for o.o.d input (e.g. black pixels) resulting performance degradation
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• Clustering Fusion

• 𝛼 is automatic image thresholding using Otsu’s method

mechanisms of attention aggregation in spatial and temporal dimensions ConclusionExperimentsProblem & Motivation methods Experiments

number of cluster (𝑘 = 64)

dynamic score indicator function

cluster fused dynamic attention map

(supplementary material)



• Attention re-weighting

• resulting tokens from dynamic regions in view 𝑏 that do not contribute to static regions in view 𝑎
• re-weighting only applied on reference view decoder (source view requires a static reference)

how aggregated cross-attention maps can be leveraged to decompose dynamic object segmentation (re-weighting)

static attention mask of view 𝑎

dynamic attention mask of view b
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Global Alignment

global alignment of pair-wise prediction

flow loss of static area

incorporation can achieve more robust outputs in 
tems of global pointmaps and pose sequence

but, optioanlly used (for fair comparison)

estimated optical flowcomputed optical flow
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Dynamic Object Motion
• dataset (video object segmentation benchmark)

• DAVIS-16

• DAVIS-17
• DAVIS-all

• metric
• JM (IoU mean)
• JR (IoU recall)

• result
• improved segmentation without need for flow

• even surpassed DAS3R (trained on dynamic mask labels)

outputs serve as prompt for SAM2

+ flow-guided segmentation

(segmentation)
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Camera Motion
• dataset (dynamic benchmark dataset)

• DyCheck
• diverse, in-the-wild dynamic videos captured from handhel cameras

• TUM-dynamics
• major dynamic objects in relatively simple indoor scenarios

• ADT
• egocentric videos, which are out-of-distribution for DUSt3R’s training set

• metric
• ATE (Absolute Trajectory Error)

• RTE (Relative Translation Error)

• RRE (Relative Rotation Error)

⇒ after applying the Sim(3) alignment on the estimated cametra trajectory to GT

• result
• best overall performance among all methods

(pose estimation)
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4D Reconstruction
• dataset

• DyCheck

• metric
• accuracy

• nearest Euclidean distance from a reconstructed point to GT

• completeness
• reverse of accuracy

• distance
• Euclidean distance from a reconstructed point to GT

• result
• Quantitative – more accurate reconstruction than other baselines, even comparable to CUT3R (concurrent & trained with extensive datasets)

• Qualitative – other baselines struggle with misalignment and entablement of dynamic & static reconstructions
⇒ resulting broken geometry, distortions, ghosting artifacts
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Ablation study
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Conclusion
• Easi3R

• spatial & temporal attention mechanism behind DUSt3R

• second inference pass (attention re-weighting)
• achieve training-free, robust 4D reconstruction

• outperforms SoTA methods in most cases

• Limitation
• fail when DUSt3R/MonST3R backbones produce inaccurate depth prdictions
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