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Abstract

Accurate and scalable quantification of animal pose and appearance is crucial for
studying behavior. Current 3D pose estimation techniques, such as keypoint- and
mesh-based techniques, often face challenges including limited representational de-
tail, labor-intensive annotation requirements, and expensive per-frame optimization.
These limitations hinder the study of subtle movements and can make large-scale
analyses impractical. We propose Pose Splatter, a novel framework leveraging
shape carving and 3D Gaussian splatting to model the complete pose and appear-
ance of laboratory animals without prior knowledge of animal geometry, per-frame
optimization, or manual annotations. We also propose a rotation-invariant visual
embedding technique for encoding pose and appearance, designed to be a plug-in
replacement for 3D keypoint data in downstream behavioral analyses. Experiments
on datasets of mice, rats, and zebra finches show Pose Splatter learns accurate 3D
animal geometries. Notably, Pose Splatter represents subtle variations in pose,
provides better low-dimensional pose embeddings over state-of-the-art as evalu-
ated by humans, and generalizes to unseen data. By eliminating annotation and
per-frame optimization bottlenecks, Pose Splatter enables analysis of large-scale,
longitudinal behavior needed to map genotype, neural activity, and behavior at high
resolutions.

1 Introduction

The study of animal behavior is a central focus in neuroscience research, as it provides essential
context for understanding neural and physiological processes. In particular, accurate capture of 3D
pose allows researchers to study important elements of animal behavior including walking, balance,
and interaction with the environment [38]. These elements are essential for detecting small behavioral
changes associated with neurological diseases or therapies [62].

Deep learning methods originally developed for 3D human pose estimation from images [4, 46, 21]
have inspired and driven dramatic advances in 3D animal shape and pose reconstruction as well [83,
45, 25, 75, 1, 5]. These methods are most often based on either keypoints or meshes.

Keypoint-based methods [45, 25, 12, 18, 14] are straightforward to implement and relatively efficient
computationally. They triangulate a set of anatomical points (e.g., joints, wing edges, or tail tips)
across multiple camera views to reconstruct their 3D positions. However, each keypoint must be
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Figure 1: (a) Pose Splatter pipeline. Multi-view images and their corresponding masks are carved
into a coarse voxel shape, which a stacked U-Net converts into de-voxelized 3D Gaussian parameters
that are finally rendered through Gaussian splatting. The entire process runs in only 2.5 GB of
GPU memory (VRAM) compared to 10-20 GB for competing methods. (b) Shape-carving concept.
Silhouettes from each camera are back-projected into a shared voxel grid (yellow cones), removing
voxels outside the visual hull. The green intersection marks the rough volumetric prior fed to the
network.

located accurately for training, leading to labor-intensive annotation. Additionally, these landmarks
are too sparse to capture the body’s full geometry, let alone the color and texture of its surface.

Mesh-based methods [83, 82, 71, 66, 1, 5, 64, 80, 33, 54] do reconstruct the animal’s complete
surface geometry by fitting a parameterized 3D model to observed data, and thereby facilitate in-
depth analyses of body shapes and deformations. However, inferring this richer information requires
specialized and time-intensive mesh-fitting routines for each input frame. Inference often also depends
on an accurate template model (e.g., SMAL [83]) and may fail to generalize to postures that are not
well-represented by the original template, or to altogether different species (e.g., mice, rats).

To address these challenges, we propose Pose Splatter, a feed-forward model based on 3D Gaussian
splatting (3DGS) that reconstructs 3D shapes of different animal species accurately and in a scalable
way. 3DGS [26] is a 3D scene rendering technique that has recently become popular due to its
extremely fast rendering times and high visual fidelity. It represents a scene as a collection of
Gaussian particles, each with its own position, covariance, and color parameters. While earlier
models optimized these parameters on a scene-by-scene basis, recent efforts have introduced feed-
forward variants [10, 11] designed to perform single-step inference after training. However, unlike
Pose Splatter, these methods assume ample inter-view overlap and therefore struggle with sparse-view
3D animal reconstruction, where such overlap is minimal.

Pose Splatter captures each scene with a small set of calibrated cameras (4–6 in this work) and
generates foreground masks for each view using SAM2 [51]. A shape-carving process [31, 30]
back-projects these multi-view masks into 3D visual cones, whose intersection yields a rough estimate
of the voxels inside the animal’s shape. A stacked 3D U-Net then refines this coarse volume, and a
compact multi-layer perceptron (MLP) processes the voxel-level features to produce the parameters
for the 3D Gaussian splats, which are rendered with 3DGS. The network is trained end-to-end to
minimize image-based losses. We additionally introduce a visual embedding technique that relies on
the ability to render the scene from novel viewpoints and provides an informative low-dimensional
descriptor of pose and appearance for use in downstream analyses.

Our framework addresses several limitations of existing techniques. Unlike keypoint-based ap-
proaches, which use a sparse representation of body and require extensive landmark annotation, our
framework recovers the complete 3D posture of the animal without any manual labeling. In
contrast to mesh-based methods, which often demand per-frame optimization and accurate template
models, our network performs inference via a single forward pass and requires no species-specific
templates. Our quantitative and qualitative experiments demonstrate that our model achieves robust
3D reconstructions and novel view renderings of multiple animal species despite its simplicity. Our
experiments show that the proposed visual embedding captures subtle variations in animal pose
and serves as a useful descriptor for behavioral analysis. By removing manual annotation and
computational bottlenecks, our approach opens the door to large-scale and high resolution behavioral
analysis, facilitating deeper understanding of the genetic and neural underpinnings of behavior.
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2 Related Work

Keypoint-based Pose EstimationKeypoint-based pose estimation research �rst concentrated on 2D
keypoint estimate for human pose [8, 49, 74, 16, 55, 56, 58, 77], where models aimed to localize
joints in 2D images to infer human poses. The �eld moved toward 3D keypoint estimation [41, 52, 3,
22, 29, 6, 21, 50], using multi-view information to represent human poses in a more realistic, spatially
aware manner. This evolution was mirrored in animal pose estimation, with early studies primarily
tackling 2D keypoint estimation [47, 19, 7, 42, 32, 73, 40, 53] and more recent studies shifting to 3D
keypoint estimation [45, 2, 76, 75, 37, 12], allowing for a more accurate representation of animal
poses in three-dimensional space. However, these models capture only a sparse representation and
depend on manually annotated training data.Pose Splatter, by contrast, reconstructs the animal's
complete 3D geometry and requires no manual labels.

Mesh-based Pose EstimationMesh-based 3D pose estimation provides a more complete rep-
resentation of body shape and surface characteristics compared to keypoint methods by �tting a
parametric 3D model to observed data. Mesh models have been extensively applied in human pose
estimation [34, 4, 20, 24, 28, 13] to capture �ne-grained details, such as muscle contours and body
surface deformations, thereby enabling them especially in applications requiring great accuracy, like
biomechanics and animation. Mesh-based techniques [83, 81, 71, 69, 66, 1, 5, 59, 64, 54] have
recently been used in animal pose estimation, providing a more detailed representation of the diverse
anatomies and movements of different species compared to keypoint methods. Unlike mesh methods,
Pose Splatterdoes not require a species-speci�c template or per-frame optimization routines.

3D Gaussian Splatting (3DGS)3DGS [26] has emerged as a powerful technique for novel view
synthesis and 3D reconstruction due to its exceptional rendering speed and quality. Most initial
approaches [26, 35, 57, 15, 63, 36, 70, 79, 68] relied on per-scene optimization routines and abundant
multi-view images, which can limit broader applicability. Recently, researchers have begun to
investigate feed-forward pipelines [10, 11] that, once trained, can generate novel views from sparse
input images in a single inference step. However, to the best of our knowledge, there is currently no
3DGS framework speci�cally tailored for sparse-view 3D animal reconstruction.

3 Method

At a high level,Pose Splatteruses masked images captured from a small number of calibrated
cameras. We apply shape carving techniques to create a voxelized “rough” representation of a
single animal's pose and appearance. Then the rough volume passes through a stacked 3D U-
Net architecture to produce a “clean” volume with an occupancy channel and additional feature
channels. The occupancy channel determines whether to render a Gaussian for each voxel, while the
remaining feature channels for each rendered voxel are independently mapped through a small MLP
to determine 3D displacement vectors, which de-voxelizes the representation, along with covariance
and appearance features needed to render the Gaussian. Finally, the scene is rendered given camera
parameters by Gaussian splatting. Image-based losses are then used to propagate gradients through
the model parameters. The model is a simple, lightweight framework which uses only about 2.5 GB
of GPU memory (VRAM). Note thatPose Splattercaptures an animal's pose at a given instant not in
the sense that it estimates joint angles or positions, but in the more general sense of capturing the
whole geometry of the animal. The overall framework is illustrated in Figure 1a. See Appendix A for
a brief discussion of camera considerations.

Mask Generation We generate mask videos used for training using a pre-trained Segment Anything
Model (SAM2) [51]. We �rst prompted a mask on the �rst frame using SAM2 image mode, and
propagate the mask through the video using SAM2 video mode. We chose not to �ne-tune SAM2 on
our video datasets to see how well our pipeline could perform without manual annotation, but it is
also possible to �ne-tune the model, which would likely improve the results.

Determining Animal Position and Rotation The model quanti�es animal pose independent of the
3D position and azimuthal orientation (about the vertical axis) of the animal. We determine these
quantities without relying on 3D keypoints, thereby avoiding the time-intensive process of creating a
training dataset for a keypoint detection network. To this end, a robust triangulation of the center
coordinates of the mask in each image yields a rough 3D center. Shape carving, described below,
provides a rough estimate of the animal mass, which is summarized as a 3D Gaussian distribution
with a mean vector and covariance matrix. The mean vector is taken as the animal's position, while
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the principal axis of the 3D covariance matrix is tracked smoothly over time and projected onto the
X/Y plane to estimate the horizontal rotation. Additional details can be found in Appendix B.

Shape Carving ProcedureShape carving centers a 3D cubic grid of voxels at the estimated animal
center and rotates it according to the estimated azimuthal rotation angle. By back-projecting masks
from each camera view into space, we determine which voxels lie outside the visual hull of the animal
and which ones are inside. We assign colors to the inside voxels based on their visibility from each
view. This approach assumes minimal occlusion and relies on precise camera calibration to ensure
accurate alignment of projections. In particular, this precludes a direct application to multi-animal
recordings, where occlusions are common. Figure 1b provides an intuitive illustration of the shape
carving process. See Appendix C for more details on our shape carving procedure.

Stacked U-Net Architecture The stacked 3D U-Net architecture consists of three U-Net modules
arranged sequentially, designed to progressively re�ne the rough volume. This stacked con�guration,
inspired by the re�nement capability of stacked hourglass networks, allows for iterative enhancement
of feature quality and spatial coherence. Each module contains four downsampling and upsampling
blocks, with skip connections to facilitate feature preservation. All layers employ ReLU activations,
and the last U-Net module outputs 8 channels. The U-Nets are initialized to approximate the identity
function by initializing �lters near the Dirac delta �lter and relying on the �rst skip connection to
propagate the image through the U-Net. We �nd that no pretraining is needed with this initialization,
unlike standard initialization schemes.

Gaussian SplattingTo render the animal using Gaussian splatting, we �rst decide which Gaussians to
render, interpreting the �rst channel of the volume as a probability of rendering a Gaussian for a given
voxel. For each rendered voxel, we pass all 8 channels through a small MLP to produce Gaussian
parameters. Crucially, the mean parameter is taken by adding the MLP-predicted displacement
to the coordinate of the voxel in 3D space, thereby de-voxelizing the animal shape representation.
A standard splatting is then performed, taking Gaussian and camera parameters and outputting a
rendered RGBA image. We use the gsplat library [72] to perform splatting. In standard splatting,
each Gaussian particle is described by a location parameter� 2 R3 and a spatial covariance matrix
� 2 R3� 3, in addition to color and opacity parameters,c 2 R3 and� 2 [0; 1], respectively. The
density of the Gaussian particle at locationx is given by

G(x) = exp
�
� 1

2 (x � � )> � � 1(x � � )
�

:

As described in [84], using a camera transformation matrixW and the Jacobian matrixJ of an
af�ne approximation to the projective transformation, the resulting 2D covariance matrix is given by
� 0 = JW � W > J > . Lastly, the color at a given pixel in the image plane is given by

P N
i =0 ci � i

Q i � 1
j =0 (1 � � j )

where the particles are ordered by decreasing depth (along thej subscript) relative to the camera.

Loss Terms We employ two standard image-based losses to train the network. First, we calculate an
L1 color loss to encourage accurate color rendering, as L1 losses are more robust to changes in colors
caused by non-Lambertian effects than L2 losses:L color =

P
ij jx̂ ij � x ij j = 3

P
ij mij wherex̂

is the predicted image,x is the ground truth image with the rendering background color, outside of
the masked region, modi�ed to be white, andm is the input mask. Second, we use an intersection-
over-union loss to compare an input maskm to the transparency channel of the rendered imagem̂ to
encourage accurate silhouettes:L IoU = 1 �

P
ij (m̂m) ij =

P
ij (m̂ + m � m̂m) ij , where products

are elementwise. The total loss isL = L IoU + � color L color where� color is a hyperparameter.

3.1 A Visual Embedding Technique

In addition to producing collections of Gaussian particles that capture the 3D geometry and appearance
of the animal, it is often useful to distill these particles into a moderate-dimensional descriptor of pose
and appearance for subsequent behavioral analyses. For example, 2D and 3D keypoint coordinates in
an egocentric reference frame have greatly advanced the study of animal behavior [61, 27]. Designing
a comparable descriptor directly from the Gaussian particle parameters is complicated by two factors.
First, the number of particles can vary from frame to frame. Second, Gaussians that are completely
inside the surface layer of the animal volume do not materially affect appearance. To bypass these
issues, we propose a method that relies on rendered appearance of the particles rather than on the raw
particle parameters while maintaining invariance to animal position and azimuthal rotation.
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Figure 2:(a) Example renderings for visual embedding.32 virtual cameras, distributed on a sphere
centered on the animal, produce appearance-only renderings used to build our visual embedding.(b)
Nearest-neighbor preference study.Nearest-neighbor retrieval with the visual embedding (VE) is
favored over a 3D-keypoint (KP) baseline in a 102-person study (54 % vs. 50 %;p = 1 :5 � 10� 5,
two-sidedt-test,n = 40). The query pose (left) and its two candidate nearest neighbors illustrate
that the visual embedding preserves a subtle leftward head tilt that the keypoint method misses.(c)
Visual embedding tracks subtle movements.Two image rows are shown—the upper row contains
ground-truth frames and the lower row the correspondingPose Splatterrenders, illustrating from
left to right a typical pose, slight feather expansion, and a head-shaking bout. Beneath them, the
�rst �ve principal components (PC1–PC5) plotted through time reveal these behaviors: thin grey
lines indicate head reorientations that coincide with changes in PCs 2–4, dark-grey bands mark brief
head-shaking bouts that stand out in PCs 1 and 5, and the surrounding light-blue interval captures
slow feather expansion and compression, re�ected in the low-frequency trends of PCs 1 and 2.

Overview of the Embedding We place a virtual camera at a set of viewpoints covering the sphere
centered on the animal's 3D center. At each viewpoint(�; � ), where� 2 [0; � ] is the polar angle
from the positivez-axis down and� 2 [0; 2� ] is the azimuthal angle about thez-axis, we render a
224� 224RGB image of the Gaussian particles as seen looking inward toward the animal (Figure 2a).
Because internal Gaussians are occluded in all views, the resulting set of images captures only the
visually relevant features (shape, silhouette, color, etc.).

Latent Encoding Rather than working directly with the RGB images, each224� 224rendering
is passed through a pretrained convolutional encoder (ResNet-18) that outputs a 512-dimensional
feature vector. Denote this resulting function on the sphere byf (�; � ) 2 R512. Each component
f k (�; � ) (for k = 1 ; : : : ; 512) encodes some learned feature of appearance or geometry across the
sphere.

Spherical Harmonic Expansion and Quadrature To produce a rotation-invariant descriptor, we
expand each componentf k in a truncated spherical harmonic basisY`m (�; � ) of bandwidthL ,

f k (�; � ) �
P L

` =0

P `
m = � ` f̂ k;`m Y`m (�; � ):

We estimate each coef�cient̂f k;`m via spherical quadrature:

f̂ k;`m �
P N �

j =1

P N �
i =1 wj;i f k (� j ; � i ) Y �

`m (� j ; � i );
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where(� j ; � i ) range over a suitable sampling grid on the sphere, andwj;i are the corresponding
quadrature weights. We use Gauss-Legendre quadrature withL = 3 , which avoids evaluating the
points� 2 f 0; � g, where there is no well-de�ned vertical camera orientation.

Ensuring Invariance to Horizontal Rotations Our goal is invariance to rotations of the animal
about the vertical (z) axis—i.e. a shift in� . Under such a rotation,̂f k;`m picks up a phase factorei m � .
By taking the squared magnitudekf̂ k;`m k2, we eliminate that phase dependence. Consequently, we
form our �nal descriptor by collecting all such terms for each latent dimensionk and each̀; m:

n
kf̂ k;`m k2

o

k=1 ::512; ` =0 ::L; m = � `::`
:

This yields a �xed-size feature vector whose entries remain the same if the animal is rotated in the
horizontal plane.

However, we found that these feature vectors still strongly encoded the azimuthal angle of the animal,
possibly due to uneven lighting conditions across views. To remove this effect, we employ an
adversarial formulation of principal components analysis (PCA) to �nd a 50-dimensional subspace of
the feature vectors that contains a large portion of the variance of the input vectors and can predict
only a small portion of the variance of the sine and cosine components of the azimuthal rotation angle
[9]. We take these 50-dimensional pose descriptors as the visual embedding. See Appendix D for
more details.

4 Experiments

4.1 Datasets
Our �rst dataset consists of six synchronous 30-minute videos taken from cameras with known
parameters of a freely-moving mouse in a 28 cm diameter plastic cylinder, which is released as a
publicly available dataset accompanying this paper [17] (CC0 1.0). The RGB videos are captured
at a resolution of1536� 2048at a frame rate of 30 FPS, for a total of 324000 frames. In the
video, the mouse engages in a variety of behaviors including walking, rearing, grooming, and resting.
Consecutive thirds of the video are used for training, validation, and testing. A second dataset of a
freely-moving zebra �nch is obtained in the same manner with a 20 minute duration. Both datasets
are downsampled spatially by a factor of 4 and temporally by a factor of 5 in the following results.

A third dataset is Rat7M, which contains videos of a freely moving rat in a cylindrical arena captured
from 6 camera angles (CC BY 4.0) [39]. This video is more challenging to mask due to occlusions of
the feet and tail by the bedding material, additional occlusion on the side of the arena in one of the
views, and uneven lighting conditions across the views. We present results on a subset of 135,000
frames. Appendix E contains additional results from a subset of the 3D-POP dataset consisting of a
single freely moving pigeon in a large room captured from 4 camera angles (CC BY 4.0) [44, 43].

4.2 Training Details
The loss hyperparameter was tuned by hand to encourage realistic renderings on the training set
of the �rst mouse video. We set� color = 0 :5 for all experiments. We trainedPose Splatterwith a
single Nvidia RTX A4000 GPU along with 32 CPU cores used for data fetching. Our model uses
only 2.5 GB of GPU memory (VRAM), compared to 10GB for Gaussian Object [68] and 20GB
for PixelSplat and MVSplat [10, 11], thanks to its simple architecture. Training runs varied between
2 and 12 hours, depending on the number of frames and camera views used. The learning rate was
�xed at 10� 4 for all experiments. The number of epochs was chosen so to minimize validation set
loss, and ranged from 40 to 75 epochs across all experiments. A single forward pass through the
model takes about 30 ms during inference. Full details are in Appendix F. Project code is available at
https://github.com/jackgoffinet/pose-splatter .

4.3 Rendering Metrics
We report four metrics to compare the quality of rendered images to ground truth. First, intersection
over union (IoU) computes the ratio of the intersection of the binarized predicted mask and the ground
truth mask to their union, measuring how well the predicted geometry aligns with the true object
silhouette. Second, the average L1 distance between predicted and ground truth colors, normalized
by the ground truth mask area, quanti�es the accuracy of surface appearance. Third, the peak
signal-to-noise ratio (PSNR) evaluates the overall pixel-wise �delity of the rendered image, with
higher values indicating lower reconstruction error relative to the dynamic range of image intensities.
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Figure 3:(a) Single-view reconstruction.Against single-view baselines,MagicPonyand3D Fauna
collapse when the camera departs from the input view, failing to recover a plausible mouse geometry.
Pose Splatter, by contrast, reconstructs accurate shapes from all viewpoints of an unseen time step
in the test set.(b) Sparse-view 3DGS comparison.Most sparse-view 3DGS baselines reproduce
the white background well but fail to reconstruct the given subject. Consequently, their quantitative
scores appear high even though the rendered animals lack detail. See Table 1a for quantitative scores.
(c) Comparison with per-scene-optimized 3DGS (4 view).Some methods post good metrics yet
still fail to reconstruct the given subject. See Table 1b for metrics. Only GaussianObject andPose
Splatterdeliver comparable, visually convincing foreground reconstructions.

Lastly, the structural similarity index measure (SSIM) assesses the perceptual similarity between the
predicted and ground truth images by comparing local luminance, contrast, and structural information,
providing a more perceptually aligned quality score than pixel-wise metrics.

4.4 Results

Method Mouse Finch

IoU" L1# PSNR" SSIM" IoU" L1# PSNR" SSIM"

Per-Scene
Optimization

3DGS 0.502 0.742 25.9 0.969 0.513 0.689 26.4 0.975
FSGS 0.462 0.923 25.3 0.975 0.454 0.925 25.6 0.981
GO 0.732 0.628 28.8 0.977 0.819 0.382 34.1 0.990

Feed-Forward
PixelSplat 0.424 0.921 25.2 0.968 0.428 0.858 26.2 0.971
MVSplat 0.417 0.887 25.5 0.966 0.461 0.893 25.9 0.970
Ours 0.760 0.632 29.0 0.982 0.848 0.345 34.5 0.992

(a) Comparison with sparse-view 3DGS methods.
Method Mouse (4 cam) Finch (4 cam)

IoU" L1# PSNR" SSIM" IoU" L1# PSNR" SSIM"

3DGS 0.447 0.786 25.8 0.967 0.459 0.754 26.1 0.973
FSGS 0.414 0.982 24.9 0.974 0.423 0.891 25.4 0.980
GO 0.706 0.745 28.5 0.981 0.725 0.657 30.4 0.985
Ours 0.721 0.753 28.2 0.982 0.731 0.685 29.0 0.981

(b) Comparison with per-scene optimization methods.

Table 1: (a) Sparse-view 3DGS benchmark.We compare our
method with three per-scene optimization 3DGS baselines and two
feed-forward alternatives. Higher values for IoU, PSNR, and SSIM
and lower values for L1 indicate better performance. The best score
in each column is set in bold; the second-best is underlined. See
Figure 3b for qualitative results.(b) Additional benchmark. We
conducted additional evaluation by limiting the input to just 4 views
and benchmarking against the optimization-based 3DGS baselines.
See Figure 3c for qualitative results.

Pose Splatter accurately
learns animal geometry
and appearance. We com-
paredPose Splatterwith the
strongest sparse-view 3D
Gaussian–splatting (3DGS)
baselines. Because the highest-
performing methods to date
still rely on scene-speci�c
optimization, we �rst selected
three per-scene optimiza-
tion pipelines: 3DGS [26],
FSGS [79], and GaussianOb-
ject (GO) [68]. For every
test scene, each model was
optimized from scratch on
the same �ve input views,
leaving the remaining single
view unseen for evaluation,
and we retained the authors'
default hyperparameters
throughout. As summarized
in Table 1a and illustrated
in Figure 3b, Pose Splatter
outperforms every baseline on
both evaluation datasets. The
original 3DGS, which is designed for dense multi-view input, degrades noticeably when given only
sparse cameras (see Figure 3b); its scores remain moderate largely because it reproduces the uniform
white background well, which in�ates pixel-wise similarity even as the animal's geometry collapses.
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