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Abstract

Multi-view 3D reconstruction remains a core challenge in computer vision. Recent
methods, such as DUSt3R and its successors, directly regress pointmaps from image
pairs without relying on known scene geometry or camera parameters. However, the
performance of these models is constrained by the diversity and scale of available
training data. In this work, we introduce Puzzles, a data augmentation strategy
that synthesizes an unbounded volume of high-quality, posed video-depth data
from just a single image or video clip. By simulating diverse camera trajectories
and realistic scene geometry through targeted image transformations, Puzzles
enhances data variety. Extensive experiments show that integrating Puzzles into
existing video-based 3D reconstruction pipelines consistently boosts performance,
all without modifying the underlying network architecture. Notably, models trained
on only 10% of the original data, augmented with Puzzles, still achieve accuracy
comparable to those trained on the full dataset.[Project website] [Code]

1 Introduction

Dense 3D reconstruction is a fundamental problem in computer vision, aimed at recovering detailed
scene geometry from images or videos. Traditional approaches, based on Simultaneous Localization
and Mapping (SLAM) [1–3], Structure-from-Motion (SfM) [4], and Multi-View Stereo (MVS) [5–7],
typically follow a multi-stage pipeline involving camera pose estimation, correspondence matching,
and dense depth inference. While effective in controlled environments, these methods often strug-
gle with scalability, computational efficiency, and robustness to viewpoint changes, limiting their
applicability in large-scale, real-world scenarios.

Recent advances in learning-based two-view geometry address some limitations of monocular dense
SLAM. DUSt3R [8], for instance, introduced an end-to-end pipeline that directly regresses pointmaps
from image pairs. However, it requires costly global alignment for multi-view reconstruction. Follow-
up methods have improved on efficiency and scalability: Spann3R [9] replaces optimization-based
alignment with incremental pointmap fusion in a shared coordinate frame using spatial memory;
SLAM3R [10] reconstructs local geometry within a sliding window and integrates it incrementally
into a global map; Fast3R [11] scales further, processing thousands of frames per forward pass
without the need for alignment. Despite their advances, the 3R-series methods depend heavily
on large volumes of high-quality posed video clips with ground-truth depth. Unfortunately, such
datasets [12–14] remain limited in diversity and scale, ultimately constraining model generalization.

To address these challenges, we introduce Puzzles, a data augmentation framework for 3D reconstruc-
tion that increases data diversity while reducing dependency on large-scale video datasets. Rather
than relying on redundant video frames (Figure 1.A), Puzzles extracts and amplifies the geometric
and photometric cues already presented in a single image (Figure 1.B.1). Inspired by the making of
jigsaw-puzzle, Puzzles partitions an image into an ordered, overlapping sequence of patches. The
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Figure 1: Puzzles: A new data augmentation framework for training feedforward 3D reconstruction
deep models. A. Existing video-based 3D reconstruction datasets often contain redundant frames due
to fixed camera trajectories after recording (A.1). B. Puzzles increases view diversity by generating
novel viewpoints from a single image (B.1) and simulates realistic camera trajectories (B.2) to support
3D reconstruction training.

ordering encodes pseudo-temporal structure, while overlapping regions ensures spatial consistency, to-
gether simulating the geometric characteristics of real video sequences. As illustrated in Figure 1.B.2,
these patches are further augmented to simulate realistic camera rotations and translations, producing
diverse, video-like clips with synthetic depth and pose. We refer to this process as Image-to-Clips.

While Image-to-Clips enables fine-grained local reconstruction, a single image does not provide
sufficient spatial coverage for large-scale scenes. To overcome this limitation, we propose Clips-to-
Clips, an extension that operates on video clips by selecting strategic keyframes to generate multiple
diverse sub-clips. This balances spatial coverage with augmentation diversity and mitigates the
continuity issues caused by random frame sampling in prior works [9, 10].

Extensive experiments show that integrating Puzzles into existing video-based 3R-series pipelines
consistently improves reconstruction quality under the same training data budget. Remarkably,
models trained on just 10% of the dataset, when augmented with Puzzles, match or exceed the
performance of models trained on the full dataset. Notably, Puzzles requires no changes to network
architectures, making it a drop-in, plug-and-play solution. Our contributions are:

i. We propose Puzzles, comprising Image-to-Clips and Clips-to-Clips, which generates realistic
and diverse video-like clips with estimated depth and pose from single images or video clips via
ordered, overlapping patch-based augmentation.

ii. We show that integrating Puzzles into video-based 3R-series pipelines consistently improves
performance, even under reduced data budget, with models trained on just 10% of the data
achieving comparable or better results than full-data baselines.

iii. Puzzles is a plug-and-play augmentation method that can be applied to any learning-based dense
3D reconstruction pipeline, without modifications to the underlying architecture.

2 Related Works

End-to-end dense 3D reconstruction. DUSt3R [8] presents the first fully end-to-end framework for
dense 3D reconstruction without requiring explicit camera calibration. Building on this, subsequent
works have adapted the same paradigm to tasks, e.g., single-view reconstruction [15], feature matching
[16], novel-view synthesis [17–19], camera pose estimation [20], and dynamic scene reconstruction
[21–25], highlighting the general utility of dense point prediction. However, extending DUSt3R
to video reconstruction remains both computationally expensive and error-prone. To address this,
Spann3R [9] processes frames sequentially using a sliding window and external memory, while
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Figure 2:Puzzles: Image-to-Clips.(A) Starting from a single RGB-D image, we (B) partition it into
ordered, overlapping patches, (C) simulate diverse viewpoints by calibrating virtual camera poses,
and (D) generate augmented, posed images with aligned depth maps for use in 3D reconstruction.

Slam3R [10] incrementally registers overlapping clips. Fast3R [11] further improves scalability by
reconstructing hundreds of unordered views in a single forward pass. Despite architectural advances,
these3R-series works [8, 16, 26, 9–11, 27, 28] require vast amounts of posed video depth data or
image pairs extracted from resources that we found still limited in both diversity and quantity. Unlike
prior work focused solely on model design, we adopt a data-centric strategy: augmenting real data to
synthesize rich, varied training samples that substantially improve model performance.

Data augmentation for deep learning.Data augmentation is essential in deep learning, particularly
when labeled data is scarce. Accordingly, it has been widely adopted across numerous computer
vision tasks. In image classi�cation, methods such as image erasing [29–31] typically remove sub-
regions to improve invariance, while image mixing techniques [32–35] blend multiple images or
patches into one. For object detection, region-level transformations coupled with bounding-box adjust-
ments [36] improve localization accuracy. In segmentation, ClassMix [37] synthesizes new examples
by exchanging class-speci�c regions across unlabeled images. For visual tracking, MASA [38] and
BIV [ 39] simulate pseudo frame pairs by augmenting static images to emulate motion. Despite these
advances, data augmentation for dense 3D reconstruction remains underexplored. To address this gap,
we introduce Puzzles, a method that synthesizes full video sequences with corresponding camera
poses and depth maps from a single image or short clip. Unlike prior methods [38–40] that focus on
generating frame pairs, Puzzles create temporally coherent video streams that offer rich 2D viewpoint
variation while preserving geometric consistency in 3D.

3 Method

Given a monocular video consisting of a sequence of RGB framesf I n 2 RH� W� 3gN
n =1 capturing

a static scene, the goal is to reconstruct a dense pointmapf X n 2 RH� W� 3gN
n =1 , where eachX n is

represented in the coordinate system of the initial frame. Our focus is on improving reconstruction
quality through data augmentation, without modifying the network architecture or training objectives,
to isolate the effect of the augmentation itself. To this end, we propose two strategies for augmenting
input video sequences: (i)Image-to-Clips(Section 3.1): synthesizes video clips with simulated geom-
etry and camera motion from a single image. (ii)Clips-to-Clips(Section 3.2): extends augmentation
to entire videos by generating diverse sub-clips that improve spatial coverage.

3.1 Image-to-Clips

A key property of video is the spatial overlap between consecutive frames, which induces multi-view
consistency, a crucial element in 3D reconstruction. We use this principle to synthesize pseudo-video
sequences from a single RGB-D image. Below, we detail the Image-to-Clips method (see Figure 2).

Patch generation.To simulate video-like continuity, we extract an ordered set of overlapping patches
from a single RGB-D frame. As shown in Figure 2.B (“Generate patches”), each patch overlaps with
at least one previous frame, mimicking temporal coherence. All generated patches share identical
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Figure 3:Example of Image-to-Clips.Given a single input image (left of each block), the proposed
Image-to-Clips method samples ordered, overlapping patches (colored boxes) and assigns simulated
6-DoF camera trajectories (frustums) to generate view-consistent video clips. Examples across
human-centric illustrations, indoor environments, and outdoor landscapes demonstrate the method's
ability to synthesize diverse and realistic training sequences from a single frame.

resolution. Patch size determines the �eld of view: smaller patches mimic close-up views rich in
local detail, while larger ones simulate wide-angle views, replicating zoom-in/out effects. We control
overlap using bounding box IoU and dynamically vary the overlap ratio, starting high to promote
consistency, then decreasing it to increase diversity and training dif�culty. Whether ground-truth or
predicted depth is used, we observe similar bene�ts (Figure 2.A uses predicted depth).

Patch calibration. We estimate the camera intrinsics and extrinsics for each patch, allowing for
consistent geometry and downstream use. There are two calibration strategies. 1.Varying intrinsics,
�xed extrinsics: modify the full-image intrinsics per patch for fast rendering, but cannot simulate
camera motion. 2.Fixed intrinsics, varying extrinsics: use a constant intrinsics to emulate camera
motion (Figure 3), although extrinsic estimation incurs errors. We employ a hybrid of the two
approaches, with the second method being applied more frequently during training. Details follow.

Varying intrinsics, �xed extrinsics.In this case,T m
w2c =

�
I 3 j 0

�
. Let the full-image intrinsics be

K full 2 R3� 3, and the depth map beD 2 RH � W . We de�ne the corresponding 3D point map as:

X u;v = K � 1
full

�
uD u;v ; vDu;v ; Du;v

� >
; (1)

where(u; v) 2 f 1; : : : ; Wg � f 1; : : : ; H g are pixel coordinates.

From each image, we extractM 2 Z � 1 rectangular patchesf B m gM
m =1 , where B m =

[um
1 ; vm

1 ; um
2 ; vm

2 ]> are the pixel coordinates of the top-left and bottom-right corners of the
m-th patch. Each patch is resized to a �xed resolutionW 0 � H 0. The intrinsics of each patch
K m

patchare derived fromK full via scaling:

K m
patch =

0

@
f x sm

x 0 (cx � um
1 ) sm

x
0 f y sm

y (cy � vm
1 ) sm

y
0 0 1

1

A ; sm
x =

W 0

um
2 � um

1
; sm

y =
H 0

vm
2 � vm

1
: (2)
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Fixed intrinsics, varying extrinsics. Let consistent intrinsics per patch:K m
patch =

� f x 0 W 0=2
0 f y H 0=2

�
; to

recover the extrinsic parametersT m
w2c = [ R m j t m ] for each patchm, we �rst crop the dense point

map to obtain a patch-speci�c 3D point setX m 2 RH 0� W 0� 3. We then estimate the camera pose by
solving a Perspective-n-Point (PnP) problem using RANSAC [41, 42], which provides robustness
to outliers. We de�ne a set of 3D-2D correspondencesf (X i ; x i )gN

i =1 , whereX i 2 R3 is a 3D point
in world coordinates (from the depth map), andx i 2 R2 is its corresponding 2D location in the
image patch. To estimate the rotationR m 2 SO(3) and translationt m 2 R3, we minimize the total
reprojection error over a set of inliersI � f 1; : : : ; N g.

This is formulated as:

R m ; t m = arg min
R ; t

X

i 2I




 x i � �

�
K m

patch � (R X i + t )
� 


 2

: (3)

The projection function� : R3 ! R2 is de�ned as:� ([X; Y; Z ]> ) =
�

X
Z ; Y

Z

� >
. This process

yields the optimal camera-to-world transformation for each patch, enabling accurate alignment
between 2D image observations and 3D geometry.

Camera motion augmentation.After recovering geometric and camera parameters for each patch,
we obtain all the necessary information to support standard 3D reconstruction and pose estimation
tasks. However, this setup has a key limitation: simply cropping image patches mostly simulates
translational motion, such as lateral or forward shifts, without introducing any realistic rotational
dynamics (see Figure 2.C). Experimental results in supplementary materials show that combining
both rotational and translational motion improves performance.

Centroid-based camera rotation.To simulate more realistic and diverse camera motion, we apply
a controlled random rotation around the centroid of the 3D point cloud within each patch. Let the

original camera-to-world pose beT m
c2w =

�
R m > � R m > t m

0> 1

�
, and de�ne the centroid of the 3D points

ascp = 1
N

P N
i =1 X i . We sample a random rotation angle from a mixture of a uniform distribution

Gaussian noise,� � U (� min ; � max ) + N (0; � 2), and a random unit axis,n � N (0; I ), normalized
such thatknk = 1 . Using Rodrigues' formula [43], we construct the corresponding rotation matrix
Rn ;� 2 SO(3) as:

R n ;� = cos � I + sin � [n]� + (1 � cos� ) nn > ; (4)

where[n]� is the skew-symmetric matrix ofn. The resulting 4� 4 homogeneous transformation about
the centroidcp is:

T rot =
�

R n ;� cp � R n ;� cp

0> 1

�
: (5)

We update the camera pose by applying this rotation, and compute the new world-to-camera
extrinsic matrix as:

T 0m
w2c = ( T rot � T m

c2w ) � 1 : (6)

This augmentation introduces realistic viewpoint variation while maintaining the scene focus,
enabling free-viewpoint rotation beyond what patch cropping can achieve, as shown in Figure 2.

Valid view checks.Random rotation can result in invalid camera views that negatively impact
training. We therefore apply two geometric validation tests to ensure the quality of the rotated view:
front-surface coverage testandview-frustum inclusion test.

i. Front-surface coverage test.This test evaluates whether the camera observes a suf�cient amount
of front-facing geometry. For each 3D point with positionpi and outward-facing unit normal
ni , we compute the dot product between the normal and the viewing direction from the camera
center, given bycc = � R 0m > t 0m . The front-surface coverage score is de�ned as:

FrontCov =
1
N

NX

i =1

1
�

n>
i

(cc � p i )
kcc � p i k2

> cos� valid

�
; (7)

where� valid is a prede�ned angular threshold,1( � ) is the indicator function,N is the number of
3D points,p i 2 R3 is the 3D position of pointi , andn i 2 R3 is the corresponding unit normal
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