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Abstract

Laboratory mice, particularly the C57BL/6 strain, are essen-
tial animal models in biomedical research. However, accu-
rate 3D surface motion reconstruction of mice remains a sig-
nificant challenge due to their complex non-rigid deforma-
tions, textureless fur-covered surfaces, and the lack of real-
istic 3D mesh models. Moreover, existing visual datasets for
mice reconstruction only contain sparse viewpoints without
3D geometries. To fill the gap, we introduce MoReMouse,
the first monocular dense 3D reconstruction network specif-
ically designed for C57BL/6 mice. To achieve high-fidelity
3D reconstructions, we present three key innovations. First,
we create the first high-fidelity, dense-view synthetic dataset
for C57BL/6 mice by rendering a realistic, anatomically ac-
curate Gaussian mouse avatar. Second, MoReMouse lever-
ages a transformer-based feedforward architecture combined
with triplane representation, enabling high-quality 3D surface
generation from a single image, optimized for the intricacies
of small animal morphology. Third, we propose geodesic-
based continuous correspondence embeddings on the mouse
surface, which serve as strong semantic priors, improving
surface consistency and reconstruction stability, especially in
highly dynamic regions like limbs and tail. Through extensive
quantitative and qualitative evaluations, we demonstrate that
MoReMouse significantly outperforms existing open-source
methods in both accuracy and robustness.

Project page —
https://zyyw-eric.github.io/MoreMouse-webpage/

Extended version — https://arxiv.org/abs/2507.04258

1 Introduction
Laboratory mice are widely used model organisms in
biomedical research, especially for disease modeling, ge-
netic studies, and neuroscience. Among them, the C57BL/6
strain is the most commonly used inbred line due to its well-
characterized genome and relevance in neurodegenerative,
oncological, and immunological research. Accurate 3D mo-
tion reconstruction of C57BL/6 mice is essential for behav-
ioral phenotyping.
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Over the last decade, deep learning has revolutionized
both 2D and 3D animal pose estimation, with methods such
as DeepLabCut (Mathis et al. 2018), SLEAP (Pereira et al.
2022) and DANNCE (Dunn et al. 2021) becoming stan-
dard tools across diverse species including mice. However,
these methods are limited to sparse keypoint tracking and
ignore important 3D surface motion. To this end, template-
based papers tried to build articulated mouse mesh mod-
els (Bolaños et al. 2021) and used them for mouse 3D track-
ing (An et al. 2023). However, the manually designed skin-
ning weights are infeasible to represent the complex dy-
namic deformations of a mouse, resulting in severe self-
penetration during its free movement. Moreover, mesh fit-
ting methods require heavy and sensitive multi-view opti-
mization, hindering their application for more convenient
single-view scenarios. Template-free animal reconstruction
methods such as 3D-Fauna (Li et al. 2024a) lack the knowl-
edge of mouse-specific appearance and geometry, therefore
have difficulty in recovering 3D C57BL/6 mice.

The rapid evolution of 3D generative AI has blurred the
boundary between 3D reconstruction and 3D generation,
with large-scale datasets such as Objaverse (Deitke et al.
2023) playing a crucial role in this trend. Fueled by such
data, Large Reconstruction Models (LRMs) (Hong et al.
2023; Tochilkin et al. 2024; Tang et al. 2024) have demon-
strated high efficiency and accuracy in single-view, feedfor-
ward 3D reconstruction of general objects. More recent gen-
erative frameworks, such as Trellis (Xiang et al. 2025) based
on rectified flow, and CLAY (Zhang et al. 2024b) based on
diffusion, further push the scalability and controllability of
3D generation by learning powerful structured latent rep-
resentations. Although these models show great promise,
they do not perform well on laboratory mice due to the
lack of large-scale 3D mice supervision or dense-view mice
images. Moreover, as these methods only consider single-
image cases, no temporal semantic correspondences are en-
sured for long-term dynamic object reconstruction.

In this paper, we present MoReMouse, the first
monocular dense 3D reconstruction model specifically de-
signed for C57BL/6 laboratory mouse. MoReMouse is built
upon a transformer and triplane representation architecture,
enabling efficient, feedforward 3D reconstruction, as shown
in Fig. 1. To compensate for the scarcity of dense-view
3D mouse datasets, we construct the first animatable Gaus-
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Figure 1: We present MoReMouse, the first monocular dense 3D reconstruction framework for laboratory mice. Given a single-
view input (top-left, captured with an iPhone 15 Pro), MoReMouse predicts high-fidelity surface geometry and appearance
within 0.9 seconds using a transformer-based triplane architecture (middle). To assist model training, we render a dense-view
synthetic dataset by building the first Gaussian mouse avatar from sparse-view real videos (bottom-left). Our method outputs
RGB renderings, semantic embeddings, and normal maps from a single image (right). Corresponding video results are provided
in the supplementary material.

sian avatar of mouse (AGAM for short) using an articu-
lated mouse model (Bolaños et al. 2021) and Gaussian Splat-
ting (Kerbl et al. 2023). Inspired by recent human avatar
modeling work (Li et al. 2024b), we use a 2D UV-based
intermediate mouse pose representation to drive Gaussian
point clouds. Thanks to the free-view rendering ability and
diverse pose space of the avatar, we build a synthetic 64-
view dataset, enabling effective training of the MoReMouse
network.

Based on the new synthetic dataset, the framework of
MoReMouse integrates multiple architectural and training
enhancements inspired by LRMs. Specifically, we employ a
two-stage training strategy, initially pretraining the model
with triplane-NeRF (Chan et al. 2022; Mildenhall et al.
2021) representations, followed by fine-tuning with triplane-
DMTet (Shen et al. 2021) for higher-fidelity reconstructions.
To further improve the stability and robustness, we introduce
geodesic-based feature embeddings, which enhance seman-
tic consistency of surfaces across frames.

We evaluate MoReMouse on both synthetic and real-
world datasets. The synthetic benchmark is rendered using
our AGAM, while the real-world evaluation uses a 4-view
video sequence of a single freely moving C57BL/6 mouse
captured by Point Grey industrial cameras. Results demon-
strate the superior performance of MoReMouse in monoc-
ular mouse reconstruction and novel view synthesis. As
a whole, MoReMouse represents a significant step toward
practical and high-fidelity monocular 3D reconstruction of
C57BL/6 mice, with potential to support broader research in

computational modeling and analysis of small animals. To
summarize, our key contributions include:

• We introduce MoReMouse, the first monocular dense
3D reconstruction model tailored for laboratory mice,
specifically the C57BL/6 strain, and show its superior-
ity over existing open-source alternatives.

• We develop the first animatable Gaussian avatar model
for mice and use it to generate a large-scale, dense-view
synthetic dataset for training and evaluation.

• We integrate geodesic-based continuous correspon-
dence embeddings into feedforward reconstruction, im-
proving single-view surface stability and detail preser-
vation.

2 Related Work
3D Representation of Mouse
Previously, most methods reconstruct mouse 3D keypoints
by algebraic triangulation (Nath et al. 2019; Karashchuk
et al. 2021; Han et al. 2024; Monsees et al. 2022), voxel-
based triangulation (Dunn et al. 2021) or even by optical
markers (Marshall et al. 2021). However, 3D keypoints pro-
vide only sparse geometric structures, neglecting essential
dense surface information. To represent the mouse surface,
an articulated mesh model was proposed (Bolaños et al.
2021) and subsequently used for multi-view mesh fitting (An
et al. 2023). ArMo (Bohnslav et al. 2023) presents a simi-
lar mouse mesh model, but lacks true anatomical bones. For
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rats, which are similar to mice in shape, similar mesh mod-
els are built (Aldarondo et al. 2024; Klibaite et al. 2025).
All these mesh models are limited to the manually designed
skinning weights, which could not capture the realistic dy-
namic surface motion of mice.

Monocular Reconstruction of Animals
Since the proposal of the SMAL model which represents
several quadrupedal species (Zuffi et al. 2017), predicting
the pose and shape parameters of SMAL from images has
dominated the monocular reconstruction of animals (Biggs
et al. 2020; Xu et al. 2023; Rueegg et al. 2022; Lyu et al.
2025). Although they perform well for quadrupeds, they
cannot reconstruct rodents due to the limited shape space
of SMAL. The AWOL model (Zuffi and Black 2024) ex-
tends SMAL to represent rodents using CLIP (Radford
et al. 2021), yet its pose and shape realism are still lim-
ited. Some recent papers try to build animal avatars from
videos by augmenting the skinning weights or adding ad-
ditional deformations, such as BANMo (Yang et al. 2022),
Gart (Lei et al. 2024) and AnimalAvatars (Sabathier, Mi-
tra, and Novotny 2024). However, these methods all require
a heavy optimization process during inference, and rely on
dense pose estimation or accurate SMAL parameters for ini-
tialization. Template-free methods such as MagicPony (Wu
et al. 2023a) and 3D Fauna (Li et al. 2024a) leverage collec-
tions of single-view images of deformable species captured
in the wild to jointly learn canonical models and pose re-
gressors. However, these approaches do not generalize well
to mice due to domain and geometry gaps.

Large Reconstruction Models
Large reconstruction models have recently achieved sub-
stantial progress in generating high-quality 3D con-
tent (Hong et al. 2023; Li et al. 2023; Zou et al. 2024; Zhang
et al. 2024a; Sun et al. 2024). These models are typically
trained in an end-to-end fashion to predict implicit 3D rep-
resentations, often through triplane-based neural radiance
fields. Recent methods improve quality and efficiency by
learning generative models over compact latent codes de-
rived via VAE-like encoders (Hu et al. 2025). Some focus
purely on shape (Zhang et al. 2023; Li et al. 2025), while
others incorporate appearance (Gupta et al. 2023; Xiong
et al. 2024). CLAY (Zhang et al. 2024b) presents a uni-
fied system for geometry and PBR texture generation. Trel-
lis (Xiang et al. 2025) introduces structured latent codes
via rectified flow transformers, jointly modeling geometry
and appearance for versatile decoding into NeRFs, Gaus-
sians, and meshes. However, these methods generally de-
pend on access to 3D supervision (Deitke et al. 2023; Wu
et al. 2023b), such as ground-truth shapes or high-quality
multi-view data, during training. The data scarcity is one
of the main challenges for training an LRM for laboratory
mice.

3 Method
We aim to feedforwardly reconstruct the dense surface ge-
ometry of a laboratory mouse from a single image, focusing
on the widely used C57BL/6 strain.

Figure 2: Left: the articulated mouse mesh we used. Right:
the color-coded geodesic feature embedding, promoting sur-
face separability and reconstruction consistency.

Synthetic Dataset Using Gaussian Avatar
Mouse Parametric Model. As shown in Fig 2, we mod-
ify the mouse model from (Bolaños et al. 2021) following
the approach of (An et al. 2023), where redundant mesh ver-
tices (teeth and tongue) are removed. The model consists
of NJ = 140 articulated joints and NV = 13059 vertices,
and conforms to Linear Blend Skinning (LBS) for posing.
Poses of this refined model serve as the avatar control sig-
nals. The whole parameter set is denoted as Ψ, including
joint rotations θ ∈ R3NJ , global translation t ∈ R3, global
rotation r ∈ R3, global scale s ∈ R and bone length defor-
mation parameters B ∈ R21 (please refer to (An et al. 2023)
for more details). We decompose Ψ into local parameters
Ψl = {θ,B} and global parameters Ψg = {r, t, s} for the
sake of simplicity.

Gaussian Mouse Avatar. Gaussian point clouds (Kerbl
et al. 2023) use an explicit parameterization for 3D repre-
sentation. Each Gaussian point is characterized by a mean
position µ ∈ R3 and an anisotropic covariance matrix Σ:

G(x) = e−
1
2 (x−µ)TΣ−1(x−µ). (1)

To facilitate optimization, the covariance matrix is refor-
mulated as Σ = RSSTRT , where S is a diagonal scaling
matrix controlled by a three-dimensional vector s ∈ R3, and
the rotation matrix R is represented by a normalized quater-
nion q ∈ R4. Additionally, each Gaussian encodes a color
c ∈ R3 and an opacity o ∈ R. During rendering, Gaussians
within the pixel projection region are sorted by depth and
composited using alpha blending.

The pipeline of our AGAM is shown in Fig. 3. Our key
idea is to parameterize the mouse UV texture, mapping each
valid texel in the UV space to a corresponding Gaussian
point, where the texture color represents the Gaussian’s po-
sition. To achieve global-pose invariant control of AGAM,
we set Ψg = 0 and drive the mesh model using only Ψl, re-
sulting in canonical vertex coordinates VΨl

. The UV-mapped
positions of these vertices are used to interpolate Gaussian
locations via barycentric coordinates. This defines the base-
line Gaussian position map µΨl

:

µΨl
= DΨl

(µ0), (2)

where µ0 is the UV coordinate map in the neutral pose, and
DΨl

represents the LBS deformation mapping induced by
the skeletal model.

The core network of AGAM is a set of StyleUNets (Wang
et al. 2023) that predict the position offset map ∆µΨl

and
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Figure 3: Pipeline of the Gaussian Mouse Avatar Gener-
ation. The process begins with Mesh Fitting, followed by
Gaussian Avatar training. “CNN” here is StyleUNet.

other Gaussian attributes cΨl
, oΨl

, qΨl
, and sΨl

conditioned
on the UV coordinate map µΨl

. The Gaussian positions and
rotations are deformed jointly via the skeletal deformation
operator by µ′

Ψl
= DΨl

(µ0 +∆µΨl
) and q′Ψl

= DΨl
(qΨl

),
respectively. Then the Gaussian Splatting rendering function
generates the view-dependent rendered image I rend

c :

I rend
c = GS(Rc, Tc,Kc, µ

′
Ψl
, cΨl

, q′Ψl
, sΨl

), (3)
where GS(·) denotes the Gaussian splatting renderer, and
Rc, Tc,Kc are camera parameters.

Avatar Training. We define loss functions between the
real image Ic and the rendered image I rend

c as:

L = L1(Ic − I rend
c ) + λSSIM(1− LSSIM(Ic, I

rend
c ))

+ λLPIPSLLPIPS(Ic, I
rend
c ),

(4)

where LSSIM is structural similarity loss, LLPIPS is percep-
tual similarity loss, λSSIM = 0.2 and λLPIPS = 0.1. We use
Total Variation (TV) loss to enforce point smoothness. See
the supplementary material for further details.

Since C57BL/6 mice usually show similar texture,
we only use a 6-view mouse video sequence “mark-
erless mouse 1” proposed by (Dunn et al. 2021) for
avatar training. This sequence captures 18,000 frames
of a single freely moving mouse in an open field at
1152×1024@100fps, where the mouse mesh models are
borrowed from (An et al. 2023). Note that we only use 800
frames for training, which are uniformly sampled from the
first 8000 frames of “markerless mouse 1”. Avatar training
takes 400k steps.

Dense-View Dataset. We drive AGAM using the poses
from all frames of the “markerless mouse 1” video se-
quence, and render evenly distributed 64-view synthetic im-
ages. Among the full 18,000 frames, we use the first 6,000
frames for training and the last 6,000 frames for testing.
Note that the 800 frames used for avatar creation all belong
to the first 6,000 frames, therefore the poses in the test set
are unseen. To construct the training set, we sample two
sets of 64 viewpoints per frame, rendering 12,000 multi-
view scenes in total. Please refer to the supplementary file
for more information about view selection and data samples.

MoReMouse Architecture
Transformer and Triplane Representation. Similar to
LRM (Hong et al. 2023), MoReMouse adopts a transformer
and triplane-based architecture, designed for monocular 3D
reconstruction. As illustrated in Fig. 4, the model consists
of three key components: an image encoder, an image-to-
triplane decoder, and a triplane-based geometric representa-
tion that integrates both NeRF (Mildenhall et al. 2021) and
DMTet (Shen et al. 2021) for implicit and explicit geometry
modeling.

We use a pretrained DINOv2 encoder to extract latent fea-
tures from the input image. These features are decoded via
a transformer with cross-attention to generate a triplane rep-
resentation, which encodes color, density, and semantic at-
tributes for any 3D query point.

During the initial training stage, we employ NeRF for vol-
umetric rendering without introducing explicit geometry, en-
abling smooth gradient propagation through the entire den-
sity field. After convergence, we switch to DMTet to obtain
an explicit surface representation for fine-level geometric su-
pervision.

The fine-scale structures of mice, particularly in the limbs
and tail, present challenges for high-fidelity reconstruction
in a feedforward manner. To address this, we modify the
LRM framework by increasing the triplane resolution to 64
to improve detail preservation. Additional architectural de-
tails are provided in the supplementary materials.

Figure 4: Overview of the MoReMouse architecture. Given
a single image, a DINOv2 encoder and transformer decoder
generate triplane features, which are queried to produce
color, density, and embeddings. Rendering is performed via
NeRF or DMTet for volumetric or surface outputs.
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Feature Embedding for Surface Consistency. Mouse re-
construction is challenging due to black fur with weak tex-
ture cues and fine-scale surface details. Inspired by Animat-
able Gaussians (Li et al. 2024b), we incorporate feature em-
beddings computed from geodesic distances (Shamai and
Kimmel 2017) into the surface representation. These embed-
dings are used as additional color channels during training,
serving as semantic priors to enhance reconstruction stabil-
ity.

As shown in Fig. 2, given the set of mouse model vertices
V ∈ RNV ×3, we compute the pairwise geodesic distances
between vertices to obtain the geodesic distance matrix:

GV ∈ RNV ×NV , GV (i, j) = dgeo(Vi, Vj), (5)

where dgeo(Vi, Vj) represents the geodesic distance between
vertices Vi and Vj .

To learn a continuous correspondence embedding that
captures the intrinsic structure of the mouse surface, we de-
fine the embedding matrix E ∈ RNV ×3 and optimize it by
minimizing the L2 loss between the embedding-derived dis-
tance matrix GE and the geodesic distance matrix GV :

Lgeo =
∑
i,j

∥GE(i, j)−GV (i, j)∥22 , (6)

where GE(i, j) = ∥Ei−Ej∥2 represents the Euclidean dis-
tance in the embedding space.

However, directly using these embeddings as color chan-
nels is suboptimal. The three-dimensional embeddings of-
ten form an elongated mouse-like shape in feature space,
failing to fully utilize the available color space. Addition-
ally, large dark or bright regions appear, lacking sufficient
contrast against the black or white backgrounds used during
rendering. To address this, we perform Principal Component
Analysis (PCA) on the embeddings, selecting the first two
principal components as the hue (H) and saturation (S) val-
ues in the HSV color space, while keeping the value (V)
channel fixed at 1:

H = PCA1(E), S = PCA2(E), V = 1. (7)

This transformation improves the separability of the embed-
dings in the rendered images.

Training and Optimization. During training, two ran-
domly selected viewpoints from each scene serve as the
input-output pair. To mitigate spatial ambiguity, we fix the
mouse position at the scene origin. In preprocessing, we
also apply translation and scaling transformations to the in-
put images, ensuring that the mouse centroid is aligned with
the image center and normalized to a consistent scale. Ex-
perimental results show that MoReMouse generalizes well
from training on fixed perspectives to varying viewpoints in
real-world scenarios.

We employ a two-stage training strategy, where NeRF-
based volumetric rendering is first trained for 60 epochs
to ensure proper density field convergence, followed by
DMTet-based explicit geometry modeling for an additional
100 epochs to refine surface details. Details of the training
loss terms and hyperparameters are provided in the supple-
mentary material.

Dataset Method PSNR ↑ SSIM ↑ LPIPS ↓

synthetic

Ours 22.027 0.9660 0.05279
TripoSR 13.673 0.8032 0.18255
Triplane-GS 18.049 0.9268 0.10151
LGM 14.460 0.8805 0.13274
InstantMesh 15.821 0.8987 0.11312

real

Ours 18.422 0.9478 0.08674
TripoSR 11.518 0.8114 0.19672
Triplane-GS 16.789 0.9298 0.11002
LGM 15.215 0.9197 0.12838
InstantMesh 15.631 0.9175 0.11339

Table 1: Quantitative results on both synthetic and real-
world datasets. MoReMouse achieves the best performance
across all metrics in both domains.

4 Experiments
Experimental Setup
We evaluate MoReMouse on two types of testing datasets: a
synthetic benchmark and a real-world captured dataset.

Synthetic Evaluation Data. We use the last 6,000 frames
from the “markerless mouse 1” sequence to generate a syn-
thetic multi-view dataset consisting of 4 orthogonal view-
points. These views are rendered using our Gaussian avatar
pipeline and serve as a controlled evaluation set where
ground-truth camera parameters and rendering conditions
are known.

Real Captured Data. To assess performance under real-
istic conditions, we collect a real-world multi-view dataset
using Point Grey industrial cameras. This dataset contains
5,400 frames of freely moving mice captured from four cali-
brated viewpoints. More details about camera setup and cal-
ibration are provided in the supplementary materials.

Baselines. Due to the lack of monocular 3D reconstruction
methods specifically designed for mice, we compare MoRe-
Mouse against four general-purpose single-view reconstruc-
tion baselines:

• TripoSR (Tochilkin et al. 2024): A state-of-the-
art open-source Large Reconstruction Model (LRM)
known for strong single-view 3D generation perfor-
mance.

• Triplane-GS (Zou et al. 2024): A LRM variant based
on Gaussian representations.

• LGM (Tang et al. 2024): A multi-view diffusion-based
method that reconstructs 3D Gaussian point clouds.

• InstantMesh (Xu et al. 2024): A mesh-based 3D re-
construction method using multi-view diffusion priors.

All methods are evaluated on the task of novel view syn-
thesis, since obtaining ground-truth 3D geometry for mouse
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Figure 5: Qualitative comparison of novel view synthesis re-
sults on synthetic data. MoReMouse produces coherent and
anatomically plausible reconstructions.

subjects is impractical. Additionally, we include surface ge-
ometry metrics (IoU against multi-view visual hulls) in the
supplementary material. We use Track-Anything (Yang et al.
2023) to remove background regions in real videos.

Experimental Results
Quantitative Results. We report the evaluation results on
the synthetic and real-world datasets in Table 1.

Across all three metrics for novel view synthesis, MoRe-
Mouse consistently outperforms the baseline methods,
demonstrating its ability to effectively infer plausible mouse
geometry and pose from a single image. We also observe
that the quantitative metrics on the real-world dataset are
generally lower than on the synthetic dataset, especially for
PSNR. This is largely due to the camera-mouse configu-
ration: in the real dataset, the cameras are fixed while the
mouse moves, whereas MoReMouse and all baselines as-
sume that the mouse is centered and aligned across input-
output views. This mismatch introduces pixel-level align-
ment errors, reducing PSNR. However, the perceptual met-
rics SSIM and LPIPS remain high, indicating that MoRe-
Mouse still reconstructs plausible and correct mouse poses
and shapes. This confirms that models trained on synthetic
data can generalize to real-world mouse motion capture sce-
narios. Full tables of IoU metrics, expanded baseline com-
parisons, and runtime/memory usage are provided in the

Figure 6: Qualitative comparison on real data. MoReMouse
maintains consistent geometry and appearance, while base-
lines often show pose and shape artifacts. Occasional tail
discontinuities arise from imperfect Track-Anything masks
under reflections or occlusions; our model remains robust
and recovers plausible tail shapes.

supplementary materials.

Qualitative Results. To visually compare MoReMouse
with baseline methods, we select three representative frames
from both the synthetic and real-world sequences. As shown
in Fig. 5 and Fig. 6, MoReMouse generates mice with coher-
ent appearance and physically plausible postures, accurately
capturing tail and limb movements. These results remain sta-
ble even though each frame is inferred independently, show-
ing smooth motion continuity. In contrast, baseline methods
often exhibit structural distortions in novel views and incon-
sistent pose transitions across frames.

Ablation Study
Comparison with Fine-tuned TripoSR. To further val-
idate the benefits of our architectural design, we fine-tune
TripoSR on our mouse dataset for 120 epochs with a learn-
ing rate of 1 × 10−6. As shown in Table 2 and Fig. 7,
the fine-tuned TripoSR shows noticeable improvement over
its original version but still underperforms MoReMouse
across most metrics. This indicates that, beyond data adap-
tation, our architectural choices—such as triplane encoding
and geodesic embeddings—contribute significantly to re-
construction quality. We also fine-tune Triplane-GS and re-
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Dataset Method PSNR ↑ SSIM ↑ LPIPS ↓

synthetic
Ours 22.027 0.9660 0.05279
TripoSR-Tuned 21.996 0.9676 0.06333

real
Ours 18.422 0.9478 0.08674
TripoSR-Tuned 18.162 0.9461 0.09354

Table 2: Comparison between MoReMouse and TripoSR
fine-tuned on mouse data.

Figure 7: Qualitative comparison between our MoReMouse
method and a fine-tuned TripoSR baseline. MoReMouse
produces sharper and more anatomically coherent results.

port its performance in the supplementary, which reveals re-
construction artifacts particularly around limbs and the tail.

Effect of Feature Embedding. We evaluate the effective-
ness of the geodesic feature embedding module by training
a variant of MoReMouse without this component. As shown
in Table 3 and visualized in Fig. 8, removing the embedding
leads to noticeably degraded reconstruction quality, particu-
larly around fine-scale structures.

Without embedding supervision, the model struggles to
maintain surface consistency in anatomically delicate re-
gions such as limbs and tails. As evident in the first, third,
and fourth rows of Fig. 8, the full model produces sharper
and more accurate reconstructions of the paws and extremi-
ties. In the second row, the embedding-based model also bet-
ter preserves subtle texture details around the snout. These
observations support our design choice to use surface-based
semantic priors. The geodesic embedding encourages coher-
ent geometry and finer detail recovery.

5 Discussion
Summary. In this paper, we present MoReMouse, the
first monocular dense 3D reconstruction model tailored for
laboratory mice. Unlike existing single-view 3D methods
designed for general objects or humans, MoReMouse ad-
dresses the unique challenges posed by small animals, in-
cluding non-rigid deformation, low surface texture, and
limited training data. Our approach integrates transformer-

Dataset Method PSNR ↑ SSIM ↑ LPIPS ↓

synthetic
full model 22.027 0.9660 0.05279
w/o embedding 21.805 0.9655 0.05467

real
full model 18.422 0.9478 0.08674
w/o embedding 18.250 0.9469 0.08767

Table 3: Ablation study on the effect of feature embedding.
Removing embedding results in lower reconstruction qual-
ity, especially in perceptual similarity.

Figure 8: Qualitative comparison with and without geodesic
feature embedding. The full model produces sharper and
more consistent geometry, especially around limbs (rows 1,
3, 4) and snout texture (row 2). Embeddings help guide fine-
grained surface details and improve anatomical accuracy.

based triplane representations, a Gaussian avatar model-
ing pipeline, and geodesic surface feature embeddings to
achieve robust and high-fidelity reconstructions from a sin-
gle image. We demonstrate strong performance across both
synthetic and real datasets, outperforming state-of-the-art re-
construction baselines in terms of visual quality and percep-
tual consistency. Ablation studies further validate the archi-
tectural contributions of our model beyond dataset-specific
priors. We hope that MoReMouse can serve as a founda-
tion for future research in computational ethology and ani-
mal modeling, promoting more precise, efficient, and scal-
able behavioral analysis tools for biomedical research.

Limitations. Although MoReMouse offers a promising
solution to monocular mouse reconstruction, several limi-
tations remain that warrant future investigation. (1) Limited
training diversity. Our training data is derived from a single
video sequence of a single mouse under consistent lighting
and appearance. This limits the generalization of the model
to other mice with varying fur color, size, or under different
lighting conditions. (2) Pose tracking in global coordinates.
The current system assumes that the mouse is always cen-
tered in a canonical scene space. This design limits our abil-
ity to track full 3D poses in a real-world coordinate system.
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