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1. The novelty of 4D-Animal
The primary motivation behind 4D-Animal arises from the limitations of existing model-based methods for animatable 3D
animal reconstruction, which still rely on sparse semantic keypoints. Annotating such keypoints is labor-intensive, and
keypoint detectors, often trained on limited animal datasets, suffer from unreliability. Even the most recent model-based
methods [18] that incorporate CSE [14] still require some degree of keypoint supervision, which inherently limits their
robustness, generalizability, and scalability.

In contrast, 4D-Animal departs from this paradigm by leveraging well-trained 2D vision models to eliminate the need for
sparse keypoint annotations, enabling robust and animatable 3D reconstruction from video. Our contributions are twofold:
• Efficient feature mapping for SMAL fitting. We propose a simple-yet-effective feature network that maps 2D features

from pre-trained vision models to SMAL parameters. This design ensures high-quality feature input, improving both
the efficiency and accuracy of the SMAL fitting process. Unlike prior work [18], which often relies on generic feature
representation, our feature mapping is specifically optimized for animatable 3D animal reconstruction, balancing simplicity
and performance.

• Hierarchical alignment for robust reconstruction. To further enhance the robustness of video-based reconstruction, we
propose a hierarchical alignment strategy that operates across pixel-to-vertex correspondences, body part segmentations, and
point trajectories. This strategy enables joint optimization of shape, pose, and motion in the absence of annotated keypoints,
providing strong geometric and temporal cues derived solely from visual evidence.
Extensive experiments demonstrate that 4D-Animal outperforms both model-based and model-free baselines, achieving

superior reconstruction quality without requiring sparse keypoint annotations. Additionally, the 3D assets generated by our
method are beneficial for downstream tasks, highlighting its potential for scalable and generalizable animal modeling.

Finally, we emphasize that while 2D cues such as pixel-to-vertex correspondence [6, 19, 21], part segmentation [1, 11, 12],
and point tracking [9, 23, 27], are well-established tools in computer vision and have seen widespread application in 3D/4D
reconstruction, their systematic and task-driven integration into a keypoint-free 4D animal reconstruction pipeline is novel. Our
method is distinguished by its careful integration of these components, specifically tailored to address the unique challenges of
animatable animal shape and motion reconstruction.

2. The differences between 4D-Animal and Avatar
While both 4D-Animal and Animal Avatars [18] aim to reconstruct animatable 3D animals, they differ fundamentally in their
reliance on sparse keypoints, input features, and hierarchical supervision. Avatars integrate Continuous Surface Embeddings
and still require sparse keypoints to guide SMAL fitting, whereas 4D-Animal eliminates the need for keypoints entirely by
leveraging dense 2D visual features and hierarchical alignment cues. Especially, 4D-Animal incorporates part-level and
temporal alignment to improve motion coherence and robustness, features that are absent in Avatars. The two methods also
differ in how camera initialization and mesh fitting are handled, with 4D-Animal using part masks in addition to CSE for
improved alignment. Table ?? summarizes these differences in representation, camera initialization, and learning formulation.

Table 1. Comparison between 4D-Animal and Animal Avatars [18]. 4D-Animal eliminates the need for sparse keypoints, leverages dense
2D features, and integrates hierarchical alignment cues, including part-level and temporal supervision, while Avatars still rely on keypoints
and CSE for alignment.

Category 4D-Animal (ours) Avatars [18]

Representation

3D shape representation Based on DINO features Based on learnable parameters
w/o Continuous embeddings ✓ ×
Texture reconstruction ✓ ✓
Double-mesh rendering ✓ ✓

Camera
initialization

PnP with CSE ✓ ✓
PnP with Part Mask ✓ ×

Learning
formulation

w/o Sparse-keypoint loss ✓ ×
Part mask loss ✓ ×
Temporal loss ✓ ×
Object mask loss ✓ ✓
Pixel loss. ✓ ✓
Photometric loss ✓ ✓
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Figure 1. The overview of proposed 4D-Animal. (a) Mesh reconstruction. “C" stands for concatenation. “Frame Index Emb." refers to the
embedding of the index of a video frame. (βt, θt) are inputs to SMAL for t-th frame. The feature network is learnable. (b) Hierarchical
geometric alignment. The alignment loss is constructed using silhouette, semantic part, pixel, and tracking information generated by a series
of 2D vision pre-trained models. (c) Texture reconstruction. The RGB texture is reconstructed through a learnable texture model and triplane
feature grid based on the duplex mesh. (d) Texture loss.

3. Additional details of 4D-Animal
3.1. The details of texture model
High-quality texture requires an exact supporting 3D shape. However, mesh mt reconstructed by SMAL has only 3,889
vertices and 7,774 triangular faces, so directly modeling vertex texture lacks expressivity. Therefore, following recent advances
in new-view synthesis of humans [3, 4] and the design of animals [18], we leverage mt as a scaffold supporting a more
accurate implicit radiance field.

We first extend SMAL mesh into a 3D volume by interpolating arbitrary face attributes between a canonical SMAL mesh
and its deformed instances at multiple scales. Specifically, as shown in Fig. 1 (c), given a posed SMAL mesh mt parameterized
by shape and pose, we construct both an upscaled and a downscaled version, ensuring a local geometric neighborhood around
the canonical surface. By rasterizing both meshes under a differentiable renderer, we identify per-pixel surface intersections
and interpolate their precise 3D locations using precomputed canonical vertex structures. This results in a structured mapping,
where each pixel is associated with two 3D points, providing a robust foundation for texture reconstruction.

Then, the rendering process implemented by Lightplane [3] follows a volumetric Emission-Absorption model inspired by
NeRF, integrating a hybrid representation to efficiently reconstruct appearance. Given a set of rays, each sampled at multiple
points along its path, the model estimates per-point features by querying a learned representation (triplane feature grid as
shown in Fig. 1 (c)) and refines them via MLP-based decoding. The transmittance along each ray is computed to model light
attenuation, ensuring physically consistent color composition at the image plane. By leveraging a structured decomposition
of feature extraction and transformation, the approach maintains compatibility with powerful hybrid representations while
significantly reducing memory overhead. This enables high-fidelity color reconstruction with improved computational
efficiency.

3.2. The details of feature network
The architecture of the feature network shown in Fig. 1 (a) is highly streamlined. We use a single-layer linear network as the
reduction layer to project the 2D representation and 8-dimensional positional encoding into 64-dimensional vectors. This is
followed by a single-layer linear network with the same dimensionality, serving as the intermediate feature layer. Finally,
another single-layer linear network acts as the output layer, mapping the 2D representation to the SMAL parameters.

3.3. The details of learning formulation
3.3.1. Object-level alignment
For in-the-wild videos, object masks can be easily generated by a well-trained segmentation model, i.e., SAM [15]. These
masks provide coarse supervision by encouraging the projected mesh silhouette to match the animal’s outline in the image.
Specifically, we use instance masks ut to enforce alignment between the projected mesh and the animal silhouette via the
Chamfer distance: Lobj =

∑
t D(ut, Ptvt), where Pt is the projection matrix, and vt the mesh vertices. This ensures global

shape coverage.
However, instance masks ignore the semantic consistency, for example, neglecting the difference between the head and

tail of the dog as shown in Fig. 3 (b). This ambiguity can lead to incorrect pose estimation and unrealistic deformations. To
address this limitation, we introduce additional coarse-to-fine guidance to enhance semantic alignment.
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Figure 2. (a) Left: Keypoint alignment (manually annotated) . Right: Part-level alignment (automatic) using semantic masks divided into
head, body, feet, and tail, which are mapped to corresponding SMAL mesh regions. (b) Temporal tracking alignment. A tracked 2D point p1
in Frame 1 is matched to p2 in Frame 2. The nearest vertex v1 to p1 is found, and its corresponding vertex v2 is located via SMAL topology.
The loss is computed between p2 and the projection of v2.

3.3.2. Points sampling for part-level alignment
At the part level, we utilize semantic part masks st predicted by PartGLEE [10], which segment the animals into head, body,
feet, and tail as shown in Fig. 2 (a). In the COP3D videos, most frames contain clear head and body regions, but the feet and
tail may be missing or occluded. To reduce the impact of inaccurate predictions, we retain feet and tail masks only when their
confidence scores from PartGLEE exceed 0.3. Additionally, for blurry frames where no parts are detected, we reuse the part
masks from the previous frame.

For each semantic mask st, we first compute the area of each part (head, body, feet, tail), and allocate the number of
sampled points Ns proportionally. For example, the body may receive more samples than the head if it occupies a larger area.
We then sample 2D points pst uniformly within each part mask by randomly selecting pixel locations with equal probability.
Each sampled point is assigned a semantic region label, and we identify the corresponding SMAL mesh vertices vst using the
part annotations defined on the SMAL model. Formally, the part-level loss is formulated as: Lpart =

∑
t ∥pst − Ptv

s
t ∥2. In our

experiments, Ns is set as 200.

3.3.3. Pixel-to-vertex alignment via CSE to SMAL
At the pixel level, we use CSE [14] to obtain dense pixel-to-vertex correspondences. CSE produces a per-pixel coordinate
map aligned to a predefined 3D template. Since this template differs from SMAL, we employ Zoom-Out [13] to construct a
functional map between the two surfaces. Once the mapping is obtained, we transfer CSE outputs into the SMAL vertex space.
Formally, we supervise the dense foreground pixel coordinates pct by enforcing consistency with the corresponding projected
mesh vertices vct via the following loss: Lpix =

∑
t ∥pct − Ptv

c
t∥2, where Pt is the projection matrix at frame t.

During training, foreground pixels are selected using the instance mask, and only those with valid CSE predictions and
confidence scores above 0.5 are retained. For blurry frames with no valid CSE output, we reuse predictions from the previous
frame.

3.3.4. Temporal tracking via SMAL topology
At the temporal level, we use 2D tracking from BootsTAP [7]. BootsTAP is a model that can track any point on solid surfaces
in a video. Specifically, We sample Nt points uniformly within instance mask of Frame t by randomly selecting pixel locations
with equal probability, and track them in all frames of the video using BootsTAP. To ensure reliability, we filter any point
whose tracked positions fall outside the instance mask in any frame, as this may indicate tracking drift or failure.

Furthermore, since COP3D videos consist of 200 frames captured by a fly-around camera to ensure full-body coverage,
we initialize point tracking from four key frames: 1, 51, 101, and 151. For each key frame, we sample Nt = 500 points and
track them across the entire sequence. This results in a total of 2000 tracked points per video. After filtering out unreliable
trajectories, approximately 1000 valid ones are typically retained.

Next, as shown in Fig. 2(b), for each tracked 2D point p1 → p2 obtained from BootsTAP, we first project all mesh vertices
from Frame 1 to the screen and identify the vertex v1 closest to p1. Given that the meshes m1 and m2 from Frames 1 and 2



share the same topology, we locate the corresponding vertex v2 in m2 by matching the index of v1. Projecting v2 to the screen
yields the estimated location p̂2. This allows us to enforce temporal consistency by penalizing the discrepancy between the
tracked point p2 and the projected vertex p̂2. Formally, for a set of 2D trajectories pt → p′t between frames t and t′, we project
the corresponding mesh vertices v′t to the screen using the projection matrix Pt′ , and define the temporal consistency loss as:
Ltime =

∑
t ∥p′t − P ′

tv
′
t∥2.

4. Additional details and results of experiments
4.1. Training procedure
As shown in Fig.3 (a), the initial 3D pose is often inaccurate. Applying all loss terms uniformly from the beginning can lead to
unstable optimization. For instance, as shown in Fig.3 (b), the model may confuse semantic parts and prioritize silhouette
coverage over precise alignment. To address this, we adopt a multi-stage fitting strategy.

In the early stage of training, we focus on stabilizing the global pose. We reduce the weight of the object-level alignment
loss (λobj) and the temporal level loss (λtime), and disable vertex offsets in the SMAL template. This encourages coarse
alignment of the overall shape without introducing unstable local deformations or enforcing premature temporal constraints.

In the later stage, once the global pose has stabilized, we begin refining local geometry. Vertex offsets are enabled to
allow detailed shape adjustment, especially along the silhouette. Meanwhile, the weights of pixel-level and part-level losses
(λpixel, λpart) are gradually reduced to avoid overfitting to noisy or ambiguous regions. In contrast, the temporal consistency
loss (λtime) is progressively increased to enforce smooth motion and coherent alignment across frames. As shown in Fig. 3 (c),
this leads to more accurate and temporally consistent reconstructions.

In our experiments, training runs for 10,000 epochs. The loss weights are scheduled as follows:
• λobj: 1, 100, 500, 800 at milestones 300, 1000, 6000.
• λpart: 5e-4, 5e-8 at milestones 300.
• λpixel: 5, 1e-1, 1e-2 at milestones 1000, 2000.
• λtime: 5e-4, 5e-2, 5, 50, 100, 300 at milestones 300, 1000, 2000, 5000, 8000.

As shown in Fig. 4, although our performance is initially lower than that of Avatars during the early fitting stage, it quickly
surpasses Avatars and ultimately achieves the target metric values with significantly higher efficiency.

Before Fitting One-step Fitting Two-step Fitting (ours)

(a) (b) (c)
Figure 3. (a) The initial pose of the mesh is often inaccurate. (b) In one-step fitting, the model tends to confuse the head and tail, focusing
primarily on silhouette coverage. (c) Our two-step fitting strategy enables a more precise alignment, resulting in higher-quality reconstruction.
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Figure 4. Comparison of training efficiency between 4D-Animal and Avatars.



4.2. Implementation details
We evaluate all models on COP3D [20], a publicly available dataset featuring fly-around videos of pets, with annotated camera
parameters and object masks. Following [18], we select a subset of 50 dog videos capturing diverse poses, motions, and
textures. Each test video contains 200 frames, which we split into the training and test sets by considering contiguous blocks
of 15 frames as train, interleaved by blocks of 5 frames as test. The videos we use are the same as those used in Avatars [18].
We also use casual videos with depth maps of dogs from TracksTo4D [8] to evaluate the reconstructed structure.

We employ the Adam optimizer and apply a learning rate decay to each parameter group by a factor of γ when the epoch
count reaches predefined milestones. For texture reconstruction, γ is set to 0.5 with milestones at [9000, 9500]. The number of
epochs is set to 10000. The batch size is set as 32. The training and evaluation of all models is conducted using the RTX 6000
GPU (48G).

4.3. Introduction of baselines
We compare 4D-Animal against the state-of-the-art model-based counterparts, including Avatars [18], BARC [16], and
BITE [17], as well as the model-free approach RAC [28].
• BARC [16] recovers the 3D shape and pose of dogs from a single image by leveraging breed information. It modifies the

SMAL animal model to better represent dog shapes and addresses the challenge of limited 3D training data by incorporating
breed-specific losses during training.

• BITE [17] improves 3D dog pose estimation by introducing a dog-specific model (D-SMAL) and leveraging ground contact
constraints to refine poses. A neural network enhances initial predictions by integrating contact information, enabling
realistic reconstructions of complex postures.

• RAC [28] reconstructs animatable 3D models of object categories like humans, cats, and dogs from monocular videos by
disentangling morphology (shape variations) and articulation (motion over time). It achieves this by learning a category-level
skeleton, using latent space regularization to maintain instance-specific details, and leveraging 3D background models for
better segmentation.

• Avatars [18] reconstructs animatable 3D dog models from monocular videos by jointly optimizing shape, pose, and texture
in a canonical space. It improves model-based reconstruction using Continuous Surface Embeddings for dense keypoint
supervision and introduces a duplex-mesh implicit texture model for realistic appearance.

4.4. Quantitative results of Avatars
To ensure a fair comparison, we re-run the official codebase of Avatars [17] using the same experimental setup as our method.
The numerical results reported in Table 1 are based on these re-runs. We observe that our re-run results are slightly lower than
those reported in the original paper. This gap may come from several factors, including:
• Incomplete configuration details: Some hyperparameters, such as loss weights or learning rate schedules, may not be fully

specified in the released codebase.
• Differences in environment: Variations in hardware, software versions, or random seeds can lead to slight performance

fluctuations.
Despite the discrepancy, we use our re-run results for Avatars to maintain fairness, since all other re-run baselines are

evaluated under the same experimental setup.

4.5. Qualitative comparison of hierarchical alignment
The quantitative impact of hierarchical alignment is presented in Section 6 of the main text. Here, we provide a qualitative
analysis based on the ablation study to further understand the contribution of each alignment component.

First, as shown in Fig. 6, removing the part-level loss Lpart leads to failures in cases involving fast camera or animal motion.
In such scenarios, temporal tracking and pixel-to-vertex correspondences are often unreliable, making semantic part masks an
essential source of guidance.

Second, Fig. 7 shows that while the 4D-Animal without pixel-to-vertex supervision (Lpix) can still recover the overall pose,
it struggles to capture finer details such as the accurate articulation of the head and legs.

Finally, as shown in Fig. 5, the temporal consistency loss Ltracking helps maintain coherent leg behavior over time. Without
Ltracking, 4D-Animal may reconstruct inconsistent poses across frames. For instance, reconstructing crossed legs in later frames
that contradict the pose observed earlier. In contrast, incorporating Ltracking ensures temporal consistency, preventing such
contradictions and leading to accurate and stable reconstructions.

In summary, each component of the hierarchical alignment plays a crucial role in handling different challenges, and their
combination improves the robustness of 4D-Animal in complex video scenarios.
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Figure 5. Qualitative ablation of temporal-level alignment Ltime.
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Figure 6. Qualitative ablation of part-level alignment Lpart.
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Figure 7. Qualitative ablation of pixel-level alignment Lpix.



4.6. Novel view of animatable 3D assets
We provide additional materials showcasing novel views of the animatable 3D assets reconstructed using our 4D-Animal,
as shown in Fig. 8, to offer a comprehensive evaluation of 4D-Animal’s performance. These views highlight 4D-Animal’s
ability to generate consistent reconstructions from previously unseen perspectives, further demonstrating the robustness and
generalization capability of 4D-Animal.

Novel view

Figure 8. Novel views of animatable 3D assets reconstructed using 4D-Animal.



4.7. Reconstruction on videos of other animal types
Why use a dog-specific SMAL model? In our experiments, we implement 4D-Animal using the state-of-the-art dog-specific
SMAL template [17] to ensure a focused and comprehensive evaluation, minimizing external factors such as template
limitations. However, we acknowledge the importance of generalizing our method to other animal categories and species, and
we clarify that the core of our method is indeed designed to be broadly applicable.

Why can our method be generalized to other animal categories? The key components of our pipeline, including
hierarchical alignment cues such as object masks, semantic part masks, pixel-to-vertex correspondences, and motion tracking,
are not tied to any specific animal species. These cues can be applied across different quadruped species without significant
modification. Our method relies on dense feature networks that align 2D representations to SMAL parameters, and since these
features are general and not category-dependent, they are expected to work similarly across other quadrupeds.

How does our method perform on other animal categories? We conduct preliminary tests of our method on cat videos
from the COP3D dataset, as shown in Fig.9. Despite using a dog-specific template, 4D-Animal still reconstructs reasonable
mesh fittings to the 2D images. Although some details such as the head are less accurate, the overall results remain promising.

Although our experiments focus on dogs as a proof-of-concept, the proposed approach is inherently generalizable. We
believe it holds strong potential for extension to a wide range of quadruped animals.

Figure 9. Qualitative results of 4D-Animal on cat videos from COP3D. Despite using a dog-specific template, the method achieves reasonable
mesh fittings, demonstrating its potential generalization to other animal categories.



4.8. Additional comparison of reconstruction quality and temporal consistency
We provide further qualitative comparisons to evaluate the reconstruction quality of our 4D-Animal method against existing
methods as shown in Fig. 10, 11, 12, 13, 14. For a more detailed visualization and an evaluation of temporal consistency,
please refer to the supplementary videos.

Figure 10. Qualitative comparison. We compare our 4D-Animal with the state-of-the-art model Avatars [18] by selecting images from
videos. The first column shows the original images, the second column presents the reconstructed appearance overlaid on the original
image, and the third column displays the reconstructed 3D shape overlaid on the original image. The fourth and fifth columns show the
standalone rendered appearance and 3D shape, respectively.



Figure 11. Qualitative comparison. We compare our 4D-Animal with the state-of-the-art model Avatars [18] by selecting images from
videos. The first column shows the original images, the second column presents the reconstructed appearance overlaid on the original
image, and the third column displays the reconstructed 3D shape overlaid on the original image. The fourth and fifth columns show the
standalone rendered appearance and 3D shape, respectively.



Figure 12. Qualitative comparison. We compare our 4D-Animal with the state-of-the-art model Avatars [18] by selecting images from
videos. The first column shows the original images, the second column presents the reconstructed appearance overlaid on the original
image, and the third column displays the reconstructed 3D shape overlaid on the original image. The fourth and fifth columns show the
standalone rendered appearance and 3D shape, respectively.



Figure 13. Qualitative comparison. We compare our 4D-Animal with the state-of-the-art model Avatars [18] by selecting images from
videos. The first column shows the original images, the second column presents the reconstructed appearance overlaid on the original
image, and the third column displays the reconstructed 3D shape overlaid on the original image. The fourth and fifth columns show the
standalone rendered appearance and 3D shape, respectively.



Figure 14. Qualitative comparison. We compare our 4D-Animal with the state-of-the-art model Avatars [18] by selecting images from
videos. The first column shows the original images, the second column presents the reconstructed appearance overlaid on the original
image, and the third column displays the reconstructed 3D shape overlaid on the original image. The fourth and fifth columns show the
standalone rendered appearance and 3D shape, respectively.



5. Analysis of state-of-the-art image-to-3D models
As we have mentioned in Sec. 6 (main text), we observe that current 3D generative models trained on synthetic datasets often
fail when processing real-world animal images. Here, we assess the performance of a wider variety of 3D models beyond
LGM [22] as shown in Fig 15, such as SF3D [2], TriplaneGaussian [29], CRM [24], 3DTopoa-XL [5], InstantMesh [26] and
TRELLIS [25]. There is still a gap between such models and model-based methods, but we can take full advantage of both.
Fine-tuning existing large models using 4D-Animal reconstruction results of real-world casual videos could be very efficient
and does not limit the representation of the models. This highlights that our work could form an essential contribution to the
image-to-3D community, complementing existing efforts.

Figure 15. The performance of image-to-3D models SF3D [2], TriplaneGaussian [29], CRM [24], 3DTopoa-XL [5], InstantMesh [26],
TRELLIS [25], LGM [22] on animal images.
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