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Figure 1. Reconstructing a 3D scene from 3D inconsistent images. Cartoons and animations often depict scenes that are not geometri-
cally consistent by design (left), making it challenging for classical Structure-from-Motion (SfM) techniques to reconstruct these scenes
as they assume 3D consistency (middle). However, humans can easily perceive the underlying 3D scene from these images. We introduce
Toon3D, which addresses these challenges by deforming images during reconstruction to account for geometric inconsistencies and lever-
aging monocular depth priors. The middle column illustrates how Bundle Adjustment fails, even with manually labeled correspondences,
resulting in scattered Gaussian splats (top) and misaligned camera reconstructions visualized by backprojected monodepths (bottom). The
right column shows our Toon3D results, with more coherent Gaussian splats (top) and well-structured point clouds and camera views
(bottom), demonstrating significantly improved 3D consistency. Our project page is toon3d.studio.

Abstract

We recover the underlying 3D structure from images of
cartoons and anime depicting the same scene. This is an in-
teresting problem domain because images in creative media
are often depicted without explicit geometric consistency for
storytelling and creative expression—they are only 3D in
a qualitative sense. While humans can easily perceive the
underlying 3D scene from these images, existing Structure-
from-Motion (SfM) methods that assume 3D consistency fail
catastrophically. We present Toon3D for reconstructing ge-
ometrically inconsistent images. Our key insight is to de-
form the input images while recovering camera poses and
scene geometry, effectively explaining away geometrical in-
consistencies to achieve consistency. This process is guided
by the structure inferred from monocular depth predictions.

We curate a dataset with multi-view imagery from cartoons
and anime that we annotate with reliable sparse correspon-
dences using our user-friendly annotation tool. Our recov-
ered point clouds can be plugged into novel-view synthe-
sis methods to experience cartoons from viewpoints never
drawn before. We evaluate against classical and recent
learning-based SfM methods, where Toon3D is able to ob-
tain more reliable camera poses and scene geometry.

1. Introduction
Humans typically have little trouble inferring the relative
camera poses and 3D structure from hand-drawn cartoons.
However, current structure-from-motion (SfM) pipelines
fail to reconstruct these scenes because (1) the images are
not geometrically consistent, (2) the images do not obey
physically plausible camera models, (3) the scenes are typ-
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ically only drawn from a sparse set of views, and addi-
tionally, (4) many outlier correspondences from automatic
methods. In this work, we overcome these challenges
by proposing a piecewise-rigid deformable optimization
framework that recovers camera poses and 3D scene from
geometrically inconsistent images (see Fig. 1).

Our pipeline consists of a joint optimization to recover
cameras and aligned geometry. It takes a set of correspon-
dences as input, which we backproject into 3D using the
depth from a monodepth network [21, 41]. We align these
sparse correspondences in 3D to estimate the camera intrin-
sic and extrinsic parameters. Simultaneously, we also de-
form the image and the associated depth such that images
satisfy 3D consistency. We regularize our warps with 2D
and 3D rigidity losses to prevent degenerate solutions.

We also propose the Toon3D Dataset and the Toon3D
Labeler which is a user-friendly annotation tool, where
a user can label point correspondences between images
while segmenting transient objects. The Toon3D Labeler
is a hosted website with no installation, so anyone can get
up and running with it easily. We intentionally highlight
Toon3D Labeler as a contribution of our paper because
artists work with cartoon drawings regularly, and this tool
fits nicely into a human-in-the-loop framework for recover-
ing 3D from these drawings. Our recovered 3D model may
help artists draw novel viewpoints. We use our labeler to
label 12 scenes from popular cartoons and anime, such as
Sponge Bob and Spirited Away, and we release these as the
Toon3D Dataset.

To the best of our knowledge, we are the first to
present a pipeline for reconstructing cartoon or hand-drawn
scenes. Our pipeline yields reliable camera poses, whereas
COLMAP [30] and DUSt3R [42] fail to reliably recover
camera poses and 3D scene geometry (even with human-
annotated correspondences) due to 3D inconsistencies in
the input images. In contrast, our 2D image warpings of
the original images enable us to reconstruct the full 3D ge-
ometry, while also visualizing geometrical inconsistencies
in the drawings.

We evaluate our pipeline on 12 popular scenes (10 car-
toon TV shows, 1 movie) to highlight the effectiveness of
our pipeline in obtaining good camera poses and recon-
structions. We show reconstructions of our recovered 3D
point clouds and create an immersive visualization by ren-
dering a 3D Gaussian Splatting [22] representation that are
initialized from our aligned point cloud. We evaluate our
proposed alignment objectives and losses qualitatively and
quantitatively. We demonstrate that our warps can high-
light geometric inconsistencies in hand-drawn images. We
further validate the quality of Toon3D to estimate camera
poses, when the scenes are in fact geometrically consistent.
We show that we can obtain the 3D geometry of Airbnb
rooms with sparse views. Finally, we show that Toon3D is

also useful for reconstructing the 3D geometry from paint-
ings depicting the same landmark from different views.

Humans routinely make successful 3D scene inferences
from imagery (e.g. cartoons) which is 3D-inconsistent
and/or not following perspective projection [14]. Toon3D
is a step toward achieving this type of qualitative 3D un-
derstanding of cartoons. We validate our pipeline and will
release all data, code, and tools to easily process any car-
toon. We hope our contribution serves as a useful frame-
work to build tools that, like humans, can reconstruct and
understand qualitative 3D.

2. Related work
Multi-view geometry estimation. Structure-from-Motion
(SfM) [13, 32] takes in images, detects and matches
correspondences, and solves for camera parameters.
COLMAP [30] is a popular SfM pipeline, but it fails for
wide baseline images (few correspondences), images with
a lot of moving objects, or geometric inconsistencies typi-
cally present in cartoons. Improvements in keypoint detec-
tion [10, 11], matching [29, 34] and optimizations [36] have
been proposed to better handle wide baselines [39] and be
robust to transient objects [4]. However, all these methods
make a fundamental assumption that the input images are
geometrically consistent. In contrast, we propose a method
that accounts for such inconsistencies by explaining away
the inconsistencies when possible via image deformation.
Reconstructing image collections. Facade [8], a seminal
early work in image-based modeling and rendering, used a
set of photographs of an architectural scene to recover a tex-
tured 3D model using structure-from-motion with human-
specified volumetric constraints. Phototourism [32] and
Building Rome in a Day [1] pioneered the use of large on-
line photo collections for 3D reconstruction. Object-centric
methods like CMR [19, 20] recover 3D models of animals
through a learned deformation model. For non-rigid dy-
namic scenes, there exist methods which explain small vari-
ations in a video via a 3D model with a time-conditioned
warp fied to be as rigid as possible [25, 27, 37]. With meth-
ods that require deformation, techniques such as As-Rigid-
As-Possible (ARAP) [33] are useful. These problems are
relevant in a sense that they need to reconstruct scenes with
transient variations in each image. We propose a relevant
but novel and under-explored problem setting where the in-
put images are meant to depict the same 3D scene, through
geometrically inconsistent multi-view imagery.
Paintings to 3D. Most attempts at recovering 3D from
drawings and paintings have focused on the single view set-
ting, with missing 3D information provided either manually
by the user or via learning. Important early user-assisted
approaches for generating 3D scenes from a single painting
include Tour into the Picture [16], which assumed single-
point perspective, and the more general Single View Metrol-
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Figure 2. Toon3D overview. Our framework consists of labeling images with our interactive Toon3D Labeler tool, recovering camera
poses and aligning a dense point cloud, and visualizing the dense reconstruction with Gaussians to create an immersive visual experience.

ogy [6]. Automatic Photo Popup [15] replaced the man-
ual parts of the reconstruction process with early machine
learning techniques, and was able to generalize to paintings.
Aubry et al. [3] is a rare attempt to connect different paint-
ings of the same scene by using a 3D model. There has also
been a few attempts to recover a 3D model from a set of
sketches of the same object [9, 12]. Our approach similarly
explores reconstructing creative expressions (i.e., drawings)
but from multiple drawings of the same scene as seen in set-
tings like cartoons instead of a single image.
Computer vision in TV and Film. Previous works have
explored reconstructing TV shows and films. Pavlakos
et al. [26] recover camera shot locations, 3D human
poses, and gaze understanding, enabling applications such
as post-production re-rendering with novel camera paths.
MovieNet [17] proposes a large dataset of popular films an-
notated with bounding boxes, actions, and cinematic style
for a holistic understanding of movies. Zhu et al. [47] align
movies and books to obtain fine-grained descriptions of ap-
pearances of objects and characters, as well as high-level
semantic understanding into how characters think and rea-
son. Additionally, some works have looked into character
reconstruction for cartoon characters [5, 18, 31] but none
have looked at recovering camera poses and reconstructing
full 3D environments. Our work is most similar to [26], but
we tackle geometrical inconsistencies in cartoons and ani-
mation instead of video sequences in sitcoms.

3. Toon3D Dataset and Labeler
To study this unique problem, we introduce the Toon3D
Dataset, which consists of 12 cartoon scenes (10 TV shows,
1 movie) each with 5-12 images depicting the same envi-
ronment. An innate challenge in cartoons is that correspon-
dences are difficult to obtain automatically. We tried sev-
eral SOTA keypoint detectors [2, 10, 29, 34], but they often
fail due to extreme viewpoint changes, the presence of tran-
sient objects such as characters, and the images’ stylistic,
low-texture expression. Since our focus is on reconstruct-
ing the underlying static 3D scene, we leave the automatic
removal of foreground objects and estimation of 2D corre-

spondences to future work. Instead, we develop the Toon3D
Labeler, a human-in-the-loop tool for segmenting transient
objects and annotating sparse 2D correspondences. The
Toon3D Labeler is hosted online with no installation re-
quired, making it easily accessible. See the supplement pdf
for a visualization of this tool. Next, we discuss how we use
the Toon3D Labeler to curate our dataset.
Preprocessing. We start with a set of N images {Ii} de-
picting the same scene in a cartoon. Each scene typically
has N ≤ 10 images with wide baselines. We preprocess
these images by running a monocular depth network to ob-
tain predicted depths {Di}. We normalize the depth maps
by dividing by the maximum depth of a labeled correspon-
dence across all depth maps. We experiment with a variety
of depth map predictors [21, 41, 44], while all quantitative
evaluations are done with Marigold [21]. We also run Seg-
ment Anything (SAM) [23] to get a set of masks per image.
Labeling. We label these images using the Toon3D Labeler
web interface. To annotate correspondences, the user clicks
on corresponding points across all images. When the point
is not visible in an image, it is labeled as invisible. Our
interface allows users to visualize the depth map, helping
them avoid placing correspondences on depth discontinu-
ities. Each annotated image has on average 18 sparse corre-
spondences (see more details in appendix). To select SAM
mask, the user simply hovers over a region, the mask will
be highlighted, and it can be toggled on and off to discard
transients within the image. After labeling, we have pixel
correspondences X = {xi,c} where i is the image index and
c is the correspondence index. We also have a valid corre-
spondences mask mi,c = {0, 1}. When mi,c = 0, the cor-
respondence is not visible in that image. We denote the pre-
dicted depth of the correspondences with di,c = Di(xi,c).

4. Toon3D Method
We present Toon3D, a method to reconstruct scenes that
are only 3D consistent in a qualitative sense, as opposed
to existing SfM methods that requires a geometrical con-
sistent scene. Toon3D takes as input multiple images of
the same scene with point correspondences, mask annota-
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Figure 3. Toon3D alignment. The camera alignment objective aligns the point clouds while optimizing for camera intrinsics and extrinsics.
Deformation alignment deforms the images to obey a perspective camera model. In practice, our method uses all the losses described here
to obtain an aligned point cloud and posed images.

tions, and estimated monocular depth, and outputs camera
poses for each image, a 3D point cloud, and a warping of
the original images, such that they obey a perspective cam-
era model. The output point cloud can be converted into a
Gaussian Splatting [22] representation to create a more im-
mersive novel-view experience. We optimize for cameras
and geometry by aligning backprojected point correspon-
dences and allowing the images to deform while still obey-
ing a perspective camera model and multiview geometry.
We will now explain our approach in more detail.

4.1. Camera Alignment
The first objective of our pipeline is to obtain camera poses.
Since the images are not geometrically consistent, the stan-
dard bundle adjustment process that enforces a single 3D
point for every corresponding points does not lead to cor-
rect camera poses. Instead, we make use of the monocular
depth priors in each image and solve for camera poses that
align the backprojected correspondences in 3D.

Specifically, we first backproject our sparse correspon-
dences into 3D with

p(xi,c) = RiK
−1
i

(si · di,c + hi)

xi,c,u + δi,c,u
xi,c,v + δi,c,v

1

+ ti,

(1)

where the depth d of each point is estimated with a monoc-
ular depth network and we solve for camera intrinsics Ki =
Diag(fi,x, fi,y, 1), where fi,x, fi,y are the focal lengths,
camera rotations Ri, translations ti, depth scale si, depth
shift hi, and uv shifts δi,c,u, δi,c,v . These parameters are
optimized to minimize the 3D correspondence loss

L3D =
1

|X |

N∑
i=1

N∑
j<i

M∑
c=1

mi,c · ||p(xi,c)− p(xj,c)||22, (2)

which pulls the backprojected correspondences together in
3D. N is the number of images and M is the number of
correspondences for image i. We found minimizing 3D dis-
tance rather than 2D reprojection error works better empir-
ically, which we ablate in experiments.

Estimating these camera poses from just few sparse cor-
respondences is a very under-constrained problem even

with a strong depth prior. Therefore, we found that adding
the following regularizers were necessary to reliably esti-
mate camera poses across all scenes.

Lscale = ||1−
1

N

N∑
i=1

si||2 (3)

Laspect =

N∑
i=1

||
fi,x

fi,y
−

hi

wi
||2 (4)

Lfocal =

N∑
i=1

fi,x + fi,y , (5)

where Lscale encourages a scale close to 1 such that the
scene does not shrink, Laspect balances fi,x and fi,y to
maintain aspect ratio of the camera with the original im-
age’s height hi and width wi, and Lfocal penalizes large
focal length to prefer wide-angle cameras over far away
and zoomed in shots. We also have losses that penal-
ize scales si and shifts hi if they become negative with
Lneg(x) = || 1N

∑N
i=1 max(0,−xi)||2.

Thus, our final camera alignment objective is as follows

Jcamera = L3D + λscaleLscale + λaspectLaspect

+λfocalLfocal + λneg(Lneg(s) + Lneg(h)),
(6)

which gives us an coarse estimate of the 3D structure and
the camera poses.

4.2. Deformation Alignment
Although the previous losses yield coarse estimates of the
scene, they do not result in a coherent point cloud due to
the geometric inconsistencies in cartoon images. To ad-
dress this, we propose jointly deforming each image and its
corresponding depth map to achieve geometric consistency.
Our method introduces a set of dense alignment objectives,
which, when optimized, refine the camera poses. This pro-
duces a densely aligned, warped 3D point cloud along with
images that are geometrically consistent in 3D and adhere
to a perspective camera model.

To do this, we use the same optimization objectives from
Sec. 4.1 but now with more freedom as we also allow the in-
put image to be warped to further minimize L3D. However,
naively warping every pixel location with full degrees of
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Figure 4. 3D alignment ablations. Row 1 (Rick and Morty House) shows regularization’s impact on scene shaping. Optimized shift
and scale parameters can adjust point clouds to better align at correspondences. This is evident as the starred points converge. The aspect
regularization keeps the optimized image close to its original aspect ratio. Row 2 (BoJack Horseman House) explores the effects of different
warp regularizers (LARAP2D and Lz) on scene warping. Without any regularization, warping distorts scene geometry. ARAP alone results
in poor 3D warps due to inaccurate depth. z regularization alone limits scene movement, maintaining rigid structures close to the original
depth map. Using both strikes a good balance between correctly positioning geometry and preserving structural integrity.

freedom, without any constraints, results in degenerate so-
lutions. To address this, we warp the image using a coarse
3D mesh that approximates the scene and apply a regular-
izer to ensure the deformation remains piece-wise rigid.

Specifically, we first parameterize two meshes, one un-
warped with vertices Vi ∈ RM×2 and another warped with
V ′
i ∈ RM×2, both with faces Fi ∈ RK×3. Each row

of Vi is a 2D point Vi,c =
[
xi,c,u, xi,c,v

]
while V ′

i,c =[
xi,c,u + δi,c,u, xi,c,v + δi,c,v

]
. We use Delaunay triangula-

tion to create the mesh topology. See Fig. 3 for illustrations
of this 3D mesh that represents the scene for each image.

We optimize the δi,c,u and δi,c,v for each image with reg-
ularizers to constrain the warps to be as-rigid-as-possible
to prevent degenerate solutions. First, we regularize such
that the optimized vertices are encouraged to follow a rigid
transform in the 2D image plane via

LARAP2D
=

1

N × |F|

N∑
i=1

∑
f∈Fi

||π(V
′
i,c[f ])−Ai→jπ(Vi,c[f ])||2,

(7)

where π denotes the 2D projection with the current camera
parameters, Vi,c[f ] ∈ R3×2 are vertices indexed at face f
with no z component, Vi,c are the optimized 2D projected
vertices, and Aa→b is the best fit 2D rigid transform in the
image plane that transforms vertices Vi,c[f ] to the new ver-
tices V ′

i,c[f ].
Additionally, we use these two losses

Lflip =
1

N × |F|

N∑
i=1

∑
f∈Fi

||max(0, tarea − det(V ′
i,c[f ]))||2, (8)

Lz =
1

N × |X |

N∑
i=1

M∑
c=1

mi,c · ||d′i,c − di,c||, (9)

where d′i,c = si · di,c + hi, Lflip penalizes if the triangle
face gets too small or flips, and Lz encourages the warped
depth to be close to the original predicted depth. tarea is the
minimum area a face can be, and det gives the signed face
area. We set tarea to 10% of the original face area.

Finally, we use barycentric interpolation to densely warp
the RGB and depth maps according to our deformed ver-
tices V ′. We warp the RGB image with barycentric interpo-
lation according to the original vertices V and the deformed
mesh V ′.

Our deformation alignment objective becomes an exten-
sion of our camera alignment, where besides optimizing for
poses, focal lengths, rotation, scale, and shift, we also opti-
mize the mesh topology. Our final objective is

argminR,t,f,s,h,δJalign =Jcamera + Jdeform (10)

Jdeform = λARAP2D
LARAP2D

+λflipLflip + λzLz (11)

Optimizing this objective results in an accurate 3D poses as
well as an image and depth map that obey the perspective
camera model as well as global 3D geometry consistency.

4.3. Gaussian visualization
At this point, we have aligned depth maps which are back-
projected into a combined 3D point cloud. We could visual-
ize the point cloud as-is, but we find that Gaussian Splatting
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Figure 5. 3D reconstructions of cartoons. Off-the-shelf methods like COLMAP fail completely. State-of-the-art learning based method
DUSt3R [42] also fails catastrophically on many scenes even with labeled correspondences (left). Our method (middle), recovers reliable
cameras and plausible pointclouds, which can be visualized with Gaussians for a more immersive experience. For the SpongeBob scene
(top), we label point correspondences between walls to reconstruct two rooms together. Notably, our method works with different depth
predictors. From top to bottom, we show results with MoGe [41], Depth Anything V2 [44], and Marigold [21].

can create a more immersive experience. Gaussian Splat-
ting [22] is typically initialized by a sparse point cloud from
COLMAP, but instead, we initialize it with our dense point
cloud. We add a few sparse-view regularizers including the
ranking loss from [40] (to reconstruct scenes to be consis-
tent with the predicted depth) and a total variation [46] loss
in novel views interpolated between pairs of training views.
The transient regions are not ignored in the objective.

5. Experiments
First we show results on cartoon scenes, and then we eval-
uate our design choices and compare our method with
DUSt3R [42], a state-of-the-art learning based 3D recon-
struction method. We further test the correctness of our ap-
proach on a similar setup but with geometrically consistent
photos from an AirBnB listing. We also evaluate our ap-
proach on paintings and finally, visualize which parts of the
images need to warp to become consistent with each other.

5.1. Cartoon reconstruction

In Fig. 5 we show the results from our pipeline on multiple
popular cartoon scenes. On the left, we show results using
DUSt3R [42], which often fails catastrophically even with
our labeled correspondences. The center column shows our
point cloud reconstruction. The right column shows ren-
dered novel views after the Gaussian visualization. We also
show a traditional bundle adjustment (BA) baseline in Fig. 1
that optimizes a single 3D point for each labeled corre-
spondence, which recovers inaccurate poses. For clarity,
we visualize the dense result by backprojecting monocular
depths. Approaches that don’t account for geometrical in-
consistencies result in poor camera poses. Please see our
overview video for better visualization. From start to com-
pletion, our method takes on the order of minutes. Find-
ing a few images of a cartoon scene and labeling points is
quick due to the web-based viewer, and running our camera
alignment and warping takes approximately 1 minute on an
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Figure 6. Sparse-view Reconstruction. Our pipeline can reconstruct sparse-view image collections that are geometrically consistent
as well (left). COLMAP by default only registers 2 out of 5 images and fails to recover structure (middle top). Using Toon3D Labeler
correspondences, we get COLMAP to work (middle bottom) but it is initialized with a very sparse point cloud and cannot recover dense
details properly. Using Toon3D, we can fully reconstruct the room.

Method PCC↑ Method PCC↑

Camera Alignment Deformation Alignment
Jcamera 0.26 Jcamera + Jdeform 0.47
−Lfocal 0.26 −Lz 0.42
−Laspect 0.24 −LARAP2D

0.42
−Lscale 0.18 −Jdeform* 0.36
Traditional BA 0.10 Switch L3D to L2D 0.31

Table 1. Quantitative ablations. We report reprojection error
for 5 holdout points on our 12 scenes. PCC is evaluated using
a threshold radius set to 3% of the image size (α = 0.03). (*
Includes Lflip)

NVIDIA RTX A5000. Running Gaussian Splatting in Nerf-
studio [35] with our additional losses takes ∼3 minutes.
Qualitative ablations. For our default method, we have
all parameters free (including scale and shift) with all regu-
larization losses turned on. We show the qualitative trade-
offs for our various losses in Fig. 4. We find our losses help
align structure while maintaining an accurate aspect ratio,
preventing degenerate warps, and favoring cameras inside
walls rather than far away and zoomed in (see caption).
Quantitative evaluation Since our task and data have no
ground truth cameras, we design a metric to evaluate 3D
consistency, with results reported in Tab. 1. We randomly
remove 5 labeled correspondence points from each image
of our 12 Toon3D scenes and report the average percent-
age of correct correspondences (PCC) across all scenes on
these held-out points. Similar to PCK [45], PCC consid-
ers a correspondence correct if the reprojected point lies
within a radius defined as a percentage alpha of the im-
age size. We run our method with various parameters and
regularizations turned on and off for ablations and also com-
pare against strong baselines like DUSt3R [42] adapted to
our setting, all shown in Fig. 8. In order for a fair com-
parison, we also compare with a version of DUST3R that
uses our correspondences via adding L3D in their global
optimization stage along with our labeled masks applied to
the confidence map. Results show that our proposed ap-

proach obtains the best PCC across all methods. We find
that DUST3R works well occasionally, but when it fails, it
fails catastrophically (see supplement pdf). Using our labels
helps, but not significantly. Adding the dense alignment
warp is necessary to significantly increase the performance.
Our experiments validate the need for methods designed to
deal with geometrically inconsistent input images.

5.2. Sparse-view Reconstruction Validation
In this section, we validate the correctness of our ap-
proach on image collections that are geometrically consis-
tent. Airbnb listings provide suitable test cases, as their
photos are often geometrically consistent but sparse with
wide baselines. For this evaluation, we reconstruct sparse
photo collections from two Airbnb rooms from a listing (8
photos of a bedroom, shown in the supplement webpage,
and 5 photos of a living room, shown in Fig. 6). This task
is very difficult because SfM pipelines like COLMAP fail
to find enough correspondences to accurately recover all
poses. Furthermore, even with accurate camera poses, the
sparse-view reconstruction setting is especially hard with-
out priors or specialized methods like RegNeRF [24] or
ReconFusion [43]. We tackle this sparse-view Airbnb set-
ting with our method for two reasons: (1) to show that we
can get COLMAP to work with labeled correspondences
from the Toon3D Labeler and (2) to show that our approach
works for real sparse photo collections.

When running COLMAP on our Airbnb collections, de-
fault COLMAP only registers 46% of the images. This
could be possibly improved with better correspondences,
e.g. [10, 11, 38], but there is no guarantee of finding enough
inlier correspondences if automated methods are used. With
our Toon3D Labeler, however, we can manually label the
images quickly and get COLMAP to succeed for all im-
ages. Manual labels take less than 10 minutes per scene
with our tool. We compare the recovered COLMAP cam-
eras with our correspondences with the cameras recovered
from Toon3D. The mean relative rotation distance between
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Figure 7. Reconstructing paintings with Toon3D. Our method enables reconstructing paintings. On the left, we show a few paintings of
The Trevi Fountain. In the middle, we show the recovered point cloud and cameras (with warped and cropped images). On the right, we
densify the point cloud with Gaussian Splatting.
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corresponding pairs in our reconstructions vs. COLMAP’s
is quite low at only 8.29◦, indicating our cameras are sim-
ilar to ones recovered by COLMAP with human-labeled
correspondences. We do not compare translations or focal
lengths due to ambiguity between the two, but we note that
our camera relative rotations match COLMAP quite well,
suggesting that our camera pose estimation is accurate. We
show qualitative results for sparse-view reconstruction on
real images in Fig. 6 and videos on the supplement.

5.3. Reconstructing paintings
We also show our pipeline can reconstruct paintings of the
same scene. Fig. 7 shows results of Toon3D on paintings of
The Trevi Fountain found in the Oxford Dataset [7]. This
setup requires multiple paintings of the same scene from di-
verse viewpoints, which is uncommon. However, it presents
an interesting problem, and notably, we are able to apply the
Toon3D pipeline successfully without any modifications.

5.4. Visualizing inconsistencies
One unique aspect of Toon3D is that we keep the origi-
nal images around rather than discarding them. They are
warped in 2D to obey the global 3D consistency through
a perspective camera model. This is fundamentally dif-
ferent than alternative sparse-view generative methods, e.g.
Dreambooth3D [28] which fine-tunes on a collection of im-
ages and then hallucinates a scene. In Fig. 9 we show where
the images deform the most to create a unified consistent 3D
structure. Additionally, it provides insights into the artistic

Difference WarpedOriginal

M
ag

ic
 S

ch
oo

l B
us

Bo
b’

s 
Bu

rg
er

s

Figure 9. Visualizing inconsistencies. We overlay the original
(left) and deformed image (right) to form a difference image (mid-
dle). Blurry regions indicate where strong warping occurs.

techniques used to convey 3D or to emphasize regions in
drawings without strictly adhering to physical laws.

6. Conclusion
We present Toon3D, a pipeline for 3D reconstruction from
geometrically inconsistent images. Toon3D leverages la-
beled correspondences and predicted depth priors, explain-
ing inconsistencies via image deformations regularized to
satisfy a shared perspective camera model. Many exciting
future directions remain, such as incorporating generative
priors or data-driven methods to reconstruct cartoons end-
to-end. Our recovered cameras and point clouds could even
be useful to train supervised methods like DUSt3R. We en-
courage ethical and responsible use of our work.
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