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Figure 1: Teaser. Given a pair of input views, D?USt3R accurately establishes dense correspondence
not only in static regions but also in dynamic regions, and enables 3D reconstruction of a dynamic
scene via our proposed static-dynamic aligned pointmap. The colored e pointmaps highlight that
DUSt3R [44]] and MonST3R [51]] align pointmaps solely based on camera motion, causing corre-
sponding 2D pixels within dynamic object misaligned. We also compare the cross-attention maps,
established correspondence fields, and estimated depth maps produced by D?USt3R against baseline
methods [31]), where our method shows higher precision.

Abstract

In this work, we address the task of 3D reconstruction in dynamic scenes, where
object motions frequently degrade the quality of previous 3D pointmap regression
methods, such as DUSt3R, that are originally designed for static 3D scene recon-
struction. Although these methods provide an elegant and powerful solution in
static settings, they struggle in the presence of dynamic motions that disrupt align-
ment based solely on camera poses. To overcome this, we propose D>USt3R that
directly regresses Static-Dynamic Aligned Pointmaps (SDAP) that simultaneiously
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capture both static and dynamic 3D scene geometry. By explicitly incorporating
both spatial and temporal aspects, our approach successfully encapsulates 3D dense
correspondence to the proposed pointmaps, enhancing downstream tasks. Exten-
sive experimental evaluations demonstrate that our proposed approach consistently
achieves superior 3D reconstruction performance across various datasets featuring
complex motions.

1 Introduction

Recovering 3D scene geometry from images remains a core problem in computer vision. Traditional
approaches, such as Structure-from-Motion (SfM) [33]] and Multi-View Stereo (MVS) [33]], have
achieved impressive results in this context. While these methods are originally designed for recovering
precise 3D scene geometry, they often struggle with scenes that include objects, symmetries, imagery
with minimal overlapping and textureless regions [26, 134} 13| 9].

To overcome these limitations, recent approaches [44, |21} 41] leverage a learning framework to
streamline the 3D reconstruction pipeline and enhance performance. DUSt3R [44]], as a pioneer-
ing method, introduced a unified learning-based framework for dense stereo 3D reconstruction.
Specifically, DUSt3R directly regresses 3D pointmaps that encode scene geometry, pixel-to-scene
correspondences, and inter-view relationships, mitigating error accumulation typical in multi-stage
pipelines. Despite its strengths in static scenarios, DUSt3R significantly struggles with dynamic
scenes due to its rigidity assumption, as exemplified in Figure[T}

Dynamic scenes, prevalent in real-world scenarios, pose significant challenges in 3D scene recon-
struction task, as object motions disrupts the camera pose-based alignment [44]], causing misaligned
correspondences and inaccurate depth estimates in dynamic objects, which further degrades recon-
struction accuracy in static regions. While recent methods such as MonST3R [31] extends training
to dynamic-scene video collections to account for dynamic objects, it still models all pointmaps as
if generated by a single global rigid transformation. Consequently, these approaches suffer from
compromised correspondence learning for dynamic objects, in turn impairing depth accuracy and
robust geometry recovery.

In this paper, we propose Dynamic Dense Unconstrained Stereo 3D Reconstruction (D?USt3R), a
novel feed-forward framework that directly regresses Static-Dynamic Aligned Pointmaps (SDAP),
simultaneously accounting for both spatial structures and temporal motions to enable more reliable
3D reconstruction of both static and dynamic regions. Unlike MonST3R [51]], which overlooks
correspondences on moving objects, our model captures dense inter-frame matches by treating
correspondence and reconstruction as a unified problem in dynamic scenes. We achieve this with a
novel training scheme that applies separate supervisory signals to static and dynamic regions, signals
that are further stabilized and localized to regions of interests by our occlusion and dynamic masks.
Experimental results and visual comparisons confirm that our approach delivers a significant boost in
reconstruction accuracy.

Our contributions are summarized as follows:

* Our approach, D?USt3R, captures dynamic motion by leveraging static—dynamic aligned
pointmaps, allowing for the comprehensive 3D reconstruction of all scene elements in any
environment.

* To compensate for the missing direct 3D correspondences between dynamic objects, we
propose a 3D alignment loss that effectively accounts for the occlusions and object motions.

 D?USt3R achieves state-of-the-art performance across several downstream tasks, including
multi-frame depth estimation as well as camera pose estimation, demonstrating superior
results in dense 3D reconstruction of dynamic scenes.

2 Related Work

Per-scene 3D reconstruction. Classical 3D reconstruction methods typically follow a multi-
stage pipeline to recover scene geometry and camera parameters from a set of uncalibrated images.
Prominent examples include Structure-from-Motion (SfM) [52f], and Simultaneous Localization and



Figure 2:Cross-attention visualization of DUSt3R [14] on static vs. dynamic scenesiVe show
source-image attention maps for a highlighted query point (red) at each layer and averaged across
layers. While DUSt3R captures geometric correspondences well in static regions, it fails in dynamic
areas due to its rigid-motion, static-frame assumption.

Figure 3: Cross-attention visualization on dynamic scenes: MonST3R5[] vs. Ours. Using

the same setup as Figlie 2, MonST3R inherits DUSt3R's static-scene supervision and fails to align
moving regions, limiting reconstruction. In contrast, our method consistently matches dynamic
frames and produces sharply localized attention.

Mapping (SLAM) [8]. SfM incrementally reconstructs sparse 3D points through feature matching
and bundle adjustment where SLAM simultaneously estimates camera trajectories and builds sparse
or semi-dense maps in real-time. Building upon SfM, Particle 8B] ihcorporate particle-based
trajectory modeling to track object motions, paving the way for reconstruction in dynamic scenes.
Despite all of these approaches showing remarkable performance, they typically require long process-
ing time and resources for scene-speci ¢ optimization and often struggle with error accumulations
from multi-stage pipelines.

Learning-based static scene reconstruction. Building on top of estabilished correspondence
elds [l4, 5, 17, 18, 14], various learning-based approachés, 25, 12, 37, 16] have been proposed to
reconstruct static 3D scenes by learning strong 3D priors, representing the scene as poin2Bjouds [
13], meshes 12, 42], voxels [37, 6] and 3DGS [5]. Recently, DUSt3R44] notably provides a

uni ed, feed-forward pipeline for dense stereo matching, geometry estimation, and triangulation by
directly regressing structured 3D pointmaps. Although DUSt3R signi cantly improves reconstruction
quality and ef ciency by reducing cumulative errors, DUSt3R is inherently designed for static scenes,
limiting its effectiveness in scenarios involving dynamic components.

Learning-based dynamic scene reconstruction. Dynamic scene reconstruction introduces ad-
ditional complexities due to non-rigid transformations occurring across frames. Similarly to static
scene reconstruction, several recent approa@®581, 28, 24, 43, 48] have employed learning-based
methods to tackle dynamic scene reconstruction. Among these, MonSIR&rectly ne-tunes

DUSIt3R using videos consisting of dynamic scenes. Although it has shown competitive performance,
MonST3R retains DUSt3R's per-frame training paradigm and lacks explicit mechanisms for linking
corresponding points across frames in dynamic scenes, leading to inconsistent depth estimations that
arises from lacking constraints that fail to capture the intricate motion patterns of objects. Our method
addresses this limitation by augmenting the existing feed-forward framework with motion-aware
training objectives, explicitly enforcing consistent 3D point correspondences over time.

3 Preliminary

Given a pair of input imagek!;12 2 RW H 3 DUSt3R B4] predicts a pair of 3D pointmaps
XLt x212 RW H 3 for both images, each expressed in the camera coordinate systémiTof

train the network in a supervised manner, ground-truth pointmaps for each image are de ned in the
coordinate space of the rst camera. Speci cally, given the camera intrinsics méat@xR® 3,



Figure 4:Construction of alignment loss de ned at static and dynamic regionsWe introduce a
pipeline for constructing a static-dynamic aligned pointmap (SDAP) that explicitly handles occlusions
in dynamic regions. First, we compute and re ne optical ow via cycle consistency checks and derive
a dynamic mash qyn. To align image 2 with imagel 1, we then: 1) warp static pixels using the
known camera poses, and 2) warp dynamic pixels using the optical ow. By combining these two
warps, we nally obtain SDAP that registers every corresponding 2D pixel into 3D space.

world-to-camera pose matricd' ; P™ 2 R* 4 for imagesn andm, and a ground-truth depth map
D 2 RW H the ground-truth pointmap is computedX8™ = P™(P") 'h(K D), where
h:(x;y;z) 7' (x;y;z; 1) represents the transformation to homogeneous coordinates.

Using 3D pointmaps, DUSt3R learns its parameters by minimizing the Euclidean distance between the

ground-truth pointmapX 11, X 21 and the predicted pointmaps®t, X 21 for two corresponding

sets of valid pixel©*;D? f 1:::Wg f 1:::H gonwhich ground-truth de ned using a regression

loss de ned as:

1

z

wherev 2 f 1;2g is the input views and 2 DV denotes valid pixel positions. The scaling factors

z = norm(X ;X 21) andz = norm(X %i1; X 1) are computed using the normalization function:
1 X

D1+ |D?j
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Additionally, DUSt3R incorporates a con dence score to learn to reject errorneously de ned GT
pointmaps, and it is included in t)fge nal loss function such that:

Lcont= Civ;ll—regr(v; |) |Og Civ;l: (3)
v2f 1;2gi2D "V

4 Methodology

4.1 Motivation and overview

As shown in Figure 1, DUSt3R4f] predicts 3D pointmaps in static regions with high accuracy,
leveraging precise stereo correspondences for robust reconstruction. Inspired by ZeroCo's nding that
DUSt3R's cross-attention inherently encodes geometric corresponddiposs yisualize attention

maps for both static and dynamic scenes in Figure 2. While DUSt3R excels in static areas, it fails
to produce localized attention scores in dynamic regions, leading to noisy pointmap predictions as
visualized in Figure 1. To address this, MonST3R][augment DUSt3R's training data with dynamic
sequences, but they still neglect explicit object-to-object correspondences. This omission prevents
dynamic objects from serving as anchors that could strengthen the spatial structure and improve
depth estimates of neighboring static regions, thereby limiting overall reconstruction quality. Figure 3
highlights these shortcomings, showing how noisy or missing correspondences degrade accuracy.

To overcome these limitations, we propose Static—-Dynamic Aligned Pointmaps (SDAP). Unlike
static-only aligned pointmaps, which align 3D points solely with rigid transformations, SDAP



Table 1:Training datasets. All datasets consists of synthetic scenes and provide both camera and
depth. We excluded scenes containing incomplete dataset annotations or noisy objects (e.g., smoke).
Details regarding each scene are documented in the supplementary material.

Dataset Domain # offrames # of Scenes Dynamics Dynamic mask Optical ow  Ratio
Blinkvision Outdoor [22] Outdoors 6k 23 Realistic 3 3 38.75%
Blinkvision Indoor [22] Indoors 6k 24 Realistic 3 3 23.75%
PointOdyssey [54] Indoors & Outdoors 200k 131 Realistic 7 7 12.5%
TartanAir [45] Indoors & Outdoors 1000k 163 None 7 3 12.5%
Spring [29] Outdoors 6k 37 Realistic 3 3 12.5%

simultaneously aligns both static and dynamic components in the scene, fully encoding each pixel's
spatial and temporal information. In the following sections, we describe our proposed SDAP
representation and outline our training procedure.

4.2 Static-Dynamic Aligned Pointmap

While 3D pointmaps excel at encoding static 3D structure [44], they break down on moving objects
due to temporal misalignment. To address this, we introduce Static—Dynamic Aligned Pointmaps
(SDAP), which jointly enforce spatial consistency and capture pixel motion across time. Our key
insight is to represent every pixel in a uni ed world coordinate system that aligns its position at
each timestep, yielding a cohesive reconstruction of dynamic scenes. However, dynamic motion
often leads to occlusions, meaning some pixels appear in only one frame. This results in incomplete
alignment, which ultimately limits the quality of 3D reconstruction.

Occlusion Masks. To eliminate occluded regions in our SDAP representation, we rst obtain
dense 2D correspondences across each image pair using an off-the-shelf optical ow estimator [46].
If ground-truth ows are available in the dataset, we use those instead. In scenarios with large camera
baselines, where occlusions become more frequent, we further apply a forward—backward consistency
check [39, 50] to derive precise occlusion masks. The full procedure is detailed below.:

PI=pu+ f(p1); PP =P+ b(PY); Moce =[ip? puj >t]; @)

wherep; denotes a pixel in image', f andb represent forward and backward optical ows,
respectively, andlis an occlusion threshold.

Dynamic Masks. Dynamic regions, characterized by moving objects and non-rigid transformations,
introduce signi cant challenges in accurately aligning pointmaps due to inconsistencies between
camera-induced motion and object-speci ¢ motion. Without explicitly accounting for such dynamic
behaviors, the network may attempt to incorrectly t dynamic regions as if they were static, thus
impairing reconstruction accuracy. To address this, we introduce a dynamidvigskhat explicitly
highlights moving regions, guiding the network toward a more stable learning process. Speci cally,
the dynamic masM gy, is computed by comparing optical ofvwith the expected ow induced
purely by camera motiofy,m Given the depth map, intrinsics matrixkK , relative rotation and
translationR; T, and pixel coordinateg, we de ne:

fcam= (DKRK lp+ KT) p; Mdyn:[kfcam fk> T 5)

where :(x;y;z) 7! (x=z;y=2) is the projection operation, andserves as the dynamic threshold.

4.3 Objective Function

Given our SDAP representation equipped with occlusion and dynamic masks, we formulate our
training objective as con dence-aware 3D regressitfj,[leveraging these masks to achieve enhanced
stability. To effectively account for the distinct characteristics of static and dynamic regions, we
introduce two separate objective functions, each explicitly designed to handle the respective scenarios
and ensure accurate reconstruction in both cases.

Pointmap alignment in static regions. The regression loss in DUSt3R inherently aligns 3D
pointmaps using camera pose alone. To ensure alignment focuses solely on static regions within
imagel 2, we employ the dynamic maskqyn and restrict the computation of the regression loss



accordingly. Thus, we modify the regression lbssy as follows:

1

. 1 4 1:1
L reg(L;i) = Ex'l'l X

1, 1 (6)
Lregd2;i)= 1 |v|dzyn;i Ex.* =

I
To account for errorneously de ned GT pointmaps, we additionally introduce a con dence-aware

loss in static regiong, static, tO inco)r(porag(e uncertainties into the alignment process:

L static = Civ;ll—regr(v; i) log CiV;lZ @)
v2f 1;2gi2D Vv

Xi2;1

Pointmap alignment in dynamic regions. To align dynamic region frorh? to | 1, we introduce a
dynamic alignment loss that leverages both the occlusion sk and the dynamic masid gy, to
effectively address occlusions and motion. As illustrated in Figure 4, these masks are computed in a
dedicated pipeline. This method ensures that when points from the secontPyiase transformed

into the coordinate system bt, they accurately correspond to the temporal state of the rst view. In
line with our regression loss, we further incorporate con dence estimates to de ne a con dence-aware
alignment loss. The dynamic alignment loss is formulated as follows:

X 1 1
— 2;1 1;1 2;1 2:1
Layn = ngn (1 Mgcc;i & ;Xi+ b(i) ;Xi log C;
i2D 2 1 1 ®)
X ML (1 MLl.)cl2 1X2;2 1x1;2 log CLi2:
+ dyn;i( occ;i) i g i+f(i) Z i oge;

i2b 1
We leverage optical owf to establish dense correspondences betwéeamdl 2, and its reverse
directionb. The rst term in our loss function enforces the alignment of the pointmap in the

coordinate space of the camera system associated| Wittvhile the second term introduces a
symmetric constraint by aligning the points when the roles of the views are swapped.

Final Objective. Our nal objective function is de ned as following:

Ltotal = Lstatict Layn: 9
This combined loss function enables our model to capture precise 3D geometry and robust correspon-
dences in dynamic scenes while retaining DUSt3R's proven bene ts in static regions.

4.4 Additional heads for downstream task

To further enhance the capabilities and interpretability of our SDAP framework, we introduce two
additional downstream heads dedicated to explicitly modeling dynamic masks and optical ow.
Dynamic mask head. Since our model implicitly encodes regions corresponding to dynamic
motion, we explicitly regress dynamic masks using an additional head. Speci cally, we predict
a single-channel logit mapﬁdyn, using a DPT head3p], structured similarly to our pointmap
regression head. We supervise this head using a binary cross-entropy loss de ned as follows:

" |
thuj Mayni 109( (Mayni)) + (1 Mayni)log(l  (Mayni)) (10)

L mask=
i2D a
where () denotes the sigmoid function aid, denotes the set of all pixels.

Optical ow head. To accurately estimate optical ow, we incorporate an additional head based on
the RAFT architecture0]. Inspired by recent ndings from ZeroCd], our ow head utilizes cross-
attention maps instead of traditional 4D correlation volumes. The optical ow head is supervised
using the Mixture-of-Laplace loss [46].

5 Experiments

5.1 Experimental setup

Implementation details. Building on top of DUSt3R44], we freeze the encoder and ne-tune
only the decoder and the DPT he&?]| as done similarly by MonST3R. For each epoch, we



Figure 5:Pointmap reconstruction. We qualitatively compare the 3D pointmap@f USt3R against

other pointmap regression modedigl| 51]. All visualizations presents per-pixel pointmaps without
applying con dence thresholding. It is notable that both DUSt3B fnd MonST3R $1] struggle to
accurately reconstruct scenes that include dynamic object. We nd that inaccurately established corre-
spondence elds between dynamic regions negatively affect the overall reconstruction performance.

Table 2:Multi-frame depth estimation results. We compare multi-frame depth for both the entire
scene and dynamic regions separately. The comparison for dynamic regions is conducted only when
the dynamic parts are identi able. *: Reproduced with same dataset as Ours.

TUM-Dynamics Bonn Sintel KITTI
Category Methods All Dynamic All Dynamic All Dynamic All
| | AbsRet 1" AbsRe¥ 1" | AbsRe# 1" AbsRet 1" | AbsRe¥# ;" AbsRe¥ 1" | AbsRe¥ "

o DepthAnythingv2 [49]| 0.098  89.0 - - | 0073 938 E -] 033 556 - - [ 0069 937
Single-frame dep‘% Marigold [19] 0.205 723 - - | 0066 964 0.623 505 - | 0104 89.9
DUSH3R [44] 0.176 76.5 0.221 71.3 0.135 82.4 0.127 83.7 0370 585 0.672 549| 0.076 93.6

MASt3R [21] 0.165 79.0 0.199 73.8 0.183 775 0.167 79.5 0.330 57.3 0.528 54.4| 0.050 96.8

Multi-frame depth | MonST3R [51] 0.145 812 0152 79.2| 0.068 94.4 0.066 94.9| 0.345 562 0525 46.9| 0.070 95.0
MonST3R* [51] | 0.159 81.0 0.181 76.%5 0.076 93.9 0.071 94.4 0.349 52.5 0.565 36.9 0.103 90.9

D2USI3R (Ours) 0.142 839 0.148 829| 0.060 958 0.059 957| 0324 575 0568 480 0.104 90.7

randomly sample 20,000 image pairs and the network is trained for 50 epochs. We use the AdamwW
optimizer 7] with an initial learning rate of 5e-5. We train with 4 NVIDIA RTX 6000 GPUs, with a
batch size of 4 images per GPU and gradient accumulation steps set to 2.

Training datasets. As shown in Table 1, we traiD?USt3R on multiple datasets, including BlinkVi-

sion Outdoor 22], BlinkVision Indoor [22], Spring [29], PointOdyssey44], and TartanAir A5]. Each
epoch consisted of sampling 7,750, 4,750, 2,500, 2,500, and 2,500 pairs, respectively. Additionally,
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