


Original sampling

Keyframes selection

Figure 9: From random sampling to coverage-aware key-frame selection. Top: arbitrary sampling
yields spatial discontinuities. Middle: overlap matrix shows pair-wise coverage percentages. Bottom:
key-frame selection (green boxes) picks frames that maximise coverage and continuity.

Method w/Puzzles Data Accl Comp |
Value A (%) Value A (%)
1/10 0.0542 — 0.0325 —
v 1/10 0.0389 +28.2 0.0248 +23.7
Spann3R full 0.0388 00253 —

v full 0.0330 +14.9 00224 +11.4

Table 6: Quantitative comparison on 7Scenes. For each metric, both the raw value and the relative

improvement (A) achieved by incorporating Puzzles are reported. The checkmark indicates configu-
rations trained with Puzzles.
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B.2 Impact of Puzzles under Limited Data

We have supplemented the evaluation with an experiment where only 10% of the training data
is used without Puzzles augmentation. The improvement shown in the Table 6 are based on the
comparison under the same data size. Compared to the baseline using 10% of the data, applying
Puzzles augmentation significantly improves reconstruction quality. Notably, under this limited data
regime, the ACC and Comp errors are reduced by 28.2% and 23.7%, respectively. This demonstrates
that Puzzles greatly improves data efficiency. While the original setting relies on large-scale data to
achieve diversity, Puzzles maximizes the utility of available data by generating more informative and
varied training samples.

B.3 Keyframe Selection for Spatial Continuity

Existing video-based 3R-series methods often sample clips by selecting frames at arbitrary intervals.
This random sampling strategy can result in spatially discontinuous sequences, where frames lack
sufficient overlap for effective 3D reconstruction.

Figure 9 illustrates how our keyframe selection strategy addresses this issue. In the top row (“original
sampling”), five frames are randomly selected from a training clip. However, the first two frames
share almost no common field of view with the remaining three, leading to poor geometric continuity.
The middle grid shows the pairwise geometric overlap between these frames: red percentages and
purple marks indicate high overlap between the first two frames (approximately 80%), near-zero
overlap between those and the final three, and moderate overlap among the last three (up to ~ 38%).

Using the overlapping matrix, our method identifies and discards the spatially disconnected first two
frames, retaining only the final three as representative keyframes. These are shown in the botton row.
The green rectangles indicate the image regions that will be cropped and warped during the subsequent
Image-to-Clips augmentation. This ensures that the generated clip maintains sufficient scene coverage
and smooth inter-frame continuity, both critical for learning effective 3D representations.

B.4 Translation and Rotation Augmentation

As shown in Figure 10, camera translation-

only gugmentation (TmnsAug). invol\{es simple 0077 O Transhug
cropping-based patch generation (Figure 2.B, B Trans+RotAug
“generate patches”), while Trans+RotAug extends
this by applying centroid-based camera rotation
around each generated patch (the full “Augmen-
tation” pipeline in Figure 2.D). As shown in Fig-
ure 10, translation-only augmentation (TransAug)
involves generating image patches through sim-
ple cropping (see main text Figure 2.B, “generate Figure 10: Reconstruction accuracy (lower
patches™). In contrast, translation-plus-rotation Acc. is better) for translation-only augmen-
augmentation (Trans+RotAug) extends this ap- tation (TransAug) versus combined translation
proach by applying centroid-based camera rota- and rotation augmentation (Trans+RotAug).
tions around each patch, corresponding to the full

“Augmentation” pipeline shown in Figure 2.D of main text.

Quantitatively, combining translation and rotation yields the lowest mean reconstruction error of
0.0330, representing an improvement of approximately 35% over translation-only augmentation
(TransAug, 0.0508). This substantial gain highlights the benefit of jointly perturbing both camera
position and orientation. Not only does this increase the diversity of geometric viewpoints in training
data, but it also leads to more robust and generalizable 3D reconstruction performance.

B.5 Impact of Puzzles on 3D Reconstruction

Figure 11 presents a comparison of reconstruction results from three methods, SLAM3R, Fast3R,
and Spann3R, both before (middle) and after (right) applying Puzzles. In all cases, applying Puzzles
leads to a notable improvement in reconstruction quality by enhancing completeness and reducing
noise and holes. Specifically, SLAM3R benefits from the filling of boundary gaps, Fast3R recovers
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Fast3R Fast3R w/ Puzzles

Spann3R Sp:

Fast3R

'k

Spann3R Spann3R w/ Puzzles

Figure 11: Reconstruction results without (left) and with (right) the proposed Puzzles augmentation.

Setting Accl Compl
w/o. Aug. 0.0395 0.0261
Cropping + Jittering + Flipping 0.0388 0.0253
Puzzles 0.0330 0.0224

Table 7: Comparison of different augmentation strategies.

finer details with fewer artifacts, and Spann3R more accurately reconstructs missing structures while
producing smoother surfaces. Please refer to the project website for a detailed visual comparison.

B.6 Comparing Puzzles with Traditional Augmentation

As show in Table 7, we compared the performance of Spann3R on the 7Scenes dataset under three
settings: (1) no augmentation (w/o. Aug.), (2) traditional augmentation (cropping + jittering +
flipping), and (3) our proposed Puzzles. In the official implementation, traditional augmentation
includes cropping, jittering, and flipping, which enhance appearance diversity at the image level.
In contrast, Puzzles augments data from a spatial perspective by simulating camera motion and
introducing diverse viewpoints. Our results show that Puzzles leads to more effective generalization,
outperforming both the no-augmentation and traditional augmentation settings.

C Limitations and Potential Future Work

While Puzzles demonstrates strong performance gains in static scene reconstruction under the standard
pinhole camera model, several limitations remain that present exciting avenues for future exploration:

i. Support for diverse camera models. Currently, Puzzles operates under the assumption of a
pinhole camera model. Extending support to alternative camera types, such as fisheye, panoramic,
or catadioptric lenses, would enable augmentation for a broader range of real-world capture
devices and use cases, especially in robotics and immersive applications.

ii. Dynamic scene augmentation. The current framework assumes scene rigidity and does not
account for object or human motion within a frame. Future work could explore strategies for
augmenting dynamic scenes, for example, by learning to synthesize plausible motion trajectories
or segmenting and animating scene components independently.

iii. Cross-scene composition and stitching. Puzzles presently operates on single scenes or short
clips. An extension to stitch patches or sub-clips across multiple distinct scenes could simulate
transitions between rooms or outdoor environments, enriching training diversity for large-scale
3D reconstruction tasks. This could also help bridge domain gaps between datasets.
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iv. Learning-guided augmentation. Currently, Puzzles applies geometric transformations via hand-
designed procedures. Incorporating learning-based augmentation policies, where the system
automatically optimizes transformations to maximize reconstruction utility, could further improve
performance and generalization.

v. Physics-aware realism. Enhancing the photometric and geometric fidelity of augmentations
(e.g., simulating lighting changes, motion blur, or depth-dependent occlusions) could bring
synthetic data even closer to real-world conditions, leading to more robust models in challenging
environments.

These directions suggest that Puzzles can evolve beyond a data augmentation strategy into a more
general framework for synthetic 3D scene generation and learning. We view this work as a foundation
toward that broader goal.

D Broader Impacts

The development of Puzzles introduces both promising opportunities and important considerations
for the broader computer vision and 3D reconstruction communities.

Positive impacts. By significantly reducing the dependency on large-scale posed video-depth datasets,
Puzzles democratizes access to high-quality 3D reconstruction tools. Researchers and practitioners in
resource-constrained settings, such as those lacking access to expensive sensors or extensive capture
setups, can now generate effective training data from minimal inputs. This may accelerate progress in
areas like robotics, AR/VR, digital heritage preservation, and autonomous navigation, particularly in
domains where data collection is difficult or expensive (e.g., remote environments, cultural landmarks,
or historical archives). The plug-and-play nature of Puzzles also encourages wider adoption across
various architectures, facilitating rapid experimentation and innovation in data-efficient 3D learning.

Risks and ethical considerations. As with many advancements in generative data augmentation,
the increased realism and diversity of synthetic training samples also raise potential concerns. For
example, improved 3D reconstruction capabilities could be misused for surveillance, privacy-invasive
applications, or the creation of deepfakes. While Puzzles itself does not introduce adversarial
manipulation, it lowers the barrier to creating convincing 3D models from limited imagery, which
could be repurposed in harmful ways.

To mitigate these risks, we encourage responsible deployment, including transparency around the use
of synthetic data, and advocate for integration with ethical guidelines when applying this method in
sensitive domains. We also recommend further exploration of watermarking or provenance tracking
techniques for synthetic data generated via Puzzles.

Environmental considerations. By enabling more data-efficient training pipelines, Puzzles may
reduce the computational cost and environmental footprint associated with large-scale 3D model
training. Training models on only 10% of the original dataset, while achieving similar performance,
can substantially cut energy usage, aligning with broader goals of sustainable Al research.
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