
Stable Part Diffusion 4D: Multi-View RGB and
Kinematic Parts Video Generation

Hao Zhang1,2∗ Chun-Han Yao1 Simon Donné1 Narendra Ahuja2 Varun Jampani1
1Stability AI 2University of Illinois Urbana-Champaign

Figure 1: Left: Stable Part Diffusion 4D (SP4D) takes a monocular input video and generates novel-
view RGB videos (bottom-left) as well as consistent part segmentation videos across all views. Right:
SPD also supports single image input and synthesizes multi-view RGB images and corresponding
part decompositions. These results can be lifted to 3D to produce riggable meshes with part-aware
geometry and articulated structure.

Abstract

We present Stable Part Diffusion 4D (SP4D), a framework for generating paired
RGB and kinematic part videos from monocular inputs. Unlike conventional part
segmentation methods that rely on appearance-based semantic cues, SP4D learns to
produce kinematic parts — structural components aligned with object articulation
and consistent across views and time. SP4D adopts a dual-branch diffusion model
that jointly synthesizes RGB frames and corresponding part segmentation maps.
To simplify architecture and flexibly enable different part counts, we introduce
a spatial color encoding scheme that maps part masks to continuous RGB-like
images. This encoding allows the segmentation branch to share the latent VAE from
the RGB branch, while enabling part segmentation to be recovered via straight-
forward post-processing. A Bidirectional Diffusion Fusion (BiDiFuse) module
enhances cross-branch consistency, supported by a contrastive part consistency loss
to promote spatial and temporal alignment of part predictions. We demonstrate that
the generated 2D part maps can be lifted to 3D to derive skeletal structures and
harmonic skinning weights with few manual adjustments. To train and evaluate
SP4D, we construct KinematicParts20K, a curated dataset of over 20K rigged
objects selected and processed from Objaverse XL (Deitke et al., 2023), each
paired with multi-view RGB and part video sequences. Experiments show that
SP4D generalizes strongly to diverse scenarios, including real-world videos, novel
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Figure 2: Limitations of traditional 2D and 3D part decomposition methods. Left: Appearance-
based 2D segmentation methods like SAM2 fail to produce kinematic parts. Middle: SOTA 3D rigging
methods (Song et al., 2025) lack the capability to infer kinematic part structures from appearance and
generalize poorly to diverse shapes. Right: Existing 3D part segmentation models (Tang et al., 2024a;
Yang et al., 2024) focus on semantic regions and are not suited for kinematic decomposition.

generated objects, and rare articulated poses, producing kinematic-aware outputs
suitable for downstream animation and motion-related tasks.

1 Introduction

Generating kinematic-aware and structure-consistent videos from monocular inputs is a fundamental
challenge in computer vision and graphics, with wide applications in animation, AR/VR, robotics,
and simulation. A key aspect of this is understanding how an object moves, articulates, and preserves
spatial part relationships over time. While conventional video generation methods focus on realistic
RGB synthesis, they often overlook internal articulation and fail to model a consistent structure.

Recent 4D generation approaches (Liang et al., 2024a; Zhang et al., 2024; Li et al., 2024a; Ren et al.,
2024; Xie et al., 2025; Yang et al., 2025c; Zhao et al., 2025a; Zhu et al., 2025; Yao et al., 2025)
have made notable progress in reconstructing dynamic 3D sequences from monocular video, but
primarily concentrate on surface-level geometry. These methods do not provide meaningful structural
part decomposition and are not optimized for articulated modeling. Auto-rigging methods are a
traditional option for extracting kinematic parts. However, learning-based rigging methods (Xu et al.,
2020; Liu et al., 2025; Song et al., 2025; Zhang et al., 2025; Deng et al., 2025) operate on static 3D
meshes and rely on explicit supervision such as skeletal annotations or pre-rigged models. However,
these methods are fundamentally constrained by the limited scale and diversity of high-quality 3D
rigging datasets, making it difficult to leverage large-scale 2D visual data and powerful pretrained
image/video models. As a result, they struggle to generalize to novel object categories and rare
articulated poses as shown in fig. 2.

Meanwhile, part segmentation methods (Amir et al., 2021; Tang et al., 2024a; Yang et al., 2024,
2025b) often rely on semantic labels or appearance cues, leading to predictions that are temporally
unstable or inconsistent across viewpoints. Most of these methods focus on semantic segmentation
(e.g., head, tail, leg), which does not necessarily reflect the physical articulation or structural function
of an object as shown in fig. 2. In contrast, kinematic part segmentation identifies physically
meaningful regions that move together over time—providing essential structure for downstream
animation, motion retargeting, or deformation modeling as shown in fig. 1.

In this work, we introduce Stable Part Diffusion 4D (SP4D), a novel framework for jointly gen-
erating RGB and kinematic part videos from monocular inputs. SP4D builds on multi-view video
diffusion (Yao et al., 2025) and adopts a dual-branch architecture: one UNet generates multi-view
RGB frames, while the other produces spatially and temporally consistent part segmentation maps.
Unlike conventional approaches that rely on predefined semantic categories or part counts, we encode
part masks as continuous RGB-like images using a spatial color encoding scheme. This allows the
part branch to share the same VAE encoder and decoder with the RGB branch, and enables discrete
part maps to be recovered via simple clustering in post-processing.

To ensure coherence between appearance and structure, we introduce a novel Bidirectional Diffusion
Fusion (BiDiFuse) module, inspired by Vainer et al. (2024), which facilitates information exchange
between the RGB and part branches during the denoising process. This cross-branch communication
encourages mutual guidance and alignment between modalities. Crucially, because of the parts’
spatial color encoding, the diffusion model lacks explicit supervision to enforce consistent part
appearance across different views and time steps. The resulting temporal inconsistency leads to severe
degradation in structural coherence. To address this, we introduce a contrastive part consistency
loss, which aligns latent part features corresponding to the same physical regions across views and
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time. This loss plays a central role in enabling the model to learn stable, kinematically meaningful
part representations that remain consistent throughout the generated video.

Although our framework does not explicitly output 3D models, it enables a lightweight rigging
pipeline by lifting the 2D part maps to 3D. From the recovered part regions, we estimate harmonic
skinning weights without requiring explicit skeleton annotations—allowing the generated videos to
support animation-aware applications with minimal manual intervention.

To support training and evaluation, we curate KinematicParts20K, a dataset of over 20K rigged
objects selected and processed from Objaverse XL (Deitke et al., 2023), annotated with skinning
weights. We adopt a two-stage training strategy: the model is first trained on ObjaverseDy (Xie
et al., 2025) with RGB supervision only and the BiDiFuse module bypassed; it is then fine-tuned on
KinematicParts20K with supervision on both branches. This strategy leverages the generalization
strength of pre-trained RGB diffusion models while gradually introducing structure-aware learning.

Our main contributions are as follows:

• We propose Stable Part Diffusion 4D (SP4D), the first framework to generate multi-view, tempo-
rally consistent kinematic part decompositions jointly with RGB videos from monocular inputs.

• We introduce a compact architecture with spatial color encoding for encoder-decoder sharing, effi-
cient joint modeling with our novel Bidirectional Diffusion Fusion (BiDiFuse) and a contrastive
part consistency loss to explicitly enforce cross-view and temporal alignment of part features.

• We establish a simple yet effective 2D-to-Kinematic Mesh pipeline by lifting part maps to 3D and
estimating harmonic skinning weights, enabling skeleton-free animation-ready outputs.

• We curate KinematicParts20K, a large-scale dataset of over 20K rigged objects with paired RGB
and part video annotations to support training and evaluation.

• Our method demonstrates strong generalization across real-world and synthetic scenarios, and
offers a promising direction for leveraging 2D data and pretrained priors to solve long-standing
challenges in 3D rigging, with clear benefits for downstream animation and motion-related tasks.

2 Related Work.

3D and 4D Generation. We focus on diffusion-based 3D and 4D generation, which typically yield
higher-quality assets than feed-forward techniques (Hong et al., 2024; Jiang et al., 2024; Wang et al.,
2024a; Zou et al., 2024; Wei et al., 2024; Tochilkin et al., 2024; Ren et al., 2024; Chen et al., 2024b;
Zuo et al., 2024) and are not as class-bound as a GAN or VAE. We identify three main approaches:
SDS-based and photogrammetry-based methods leverage recent advantages in image and video
diffusion models, compared to directly performing diffusion in 3D. The seminal Dreamfusion (Poole
et al., 2023) used Score Distillation Sampling to refine a random initialization using the diffusion
model; it is training-free but takes a very high inference cost. Follow-up works have improved both
the quality and the inference speed significantly (Yi et al., 2024; Tang et al., 2024b; Shi et al., 2024b;
Wang et al., 2024b; Li et al., 2024c; Weng et al., 2023; Pan et al., 2024; Chen et al., 2024a; Sun
et al., 2024; Sargent et al., 2024; Liang et al., 2024b; Zhou et al., 2024; Guo et al., 2023), but these
methods are still considered impractically slow for many contexts. An alternative way of leveraging
existing image and video models is to synthesize multi-view imagery and subsequently perform
photogrammetry to extract 3D structure (Liu et al., 2023b, 2024b; Long et al., 2024; Voleti et al.,
2024; Ye et al., 2024; Karnewar et al., 2023; Li et al., 2024b; Shi et al., 2024a, 2023; Wang and Shi,
2023; Liu et al., 2023a, 2024a)). Finally, more recent methods perform the modeling directly in
3D (Zhao et al., 2025b; Xiang et al., 2024), often relying on powerful VAEs to compress the data
dimensionality and make the problem tractable.

Image-based approaches tend to be much more data-efficient, as they can leverage the strong priors of
the underlying diffusion models, at the price of costlier inference or training. However, both families
of approaches omit a key aspect for practical usability: rigging and skinning of the objects, to turn
them into animation-compatible assets. We propose to generate kinematics-aware part segmentation
for the resulting objects, which feeds more cleanly into downstream pipelines.

Rigging and animation. Preparing raw 3D objects for animation involves two steps: rigging (building
a piecewise-rigid skeleton of bones) and skinning (defining how each part of the object deforms in
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function of the movement of these bones). We focus on the former, as a bad rig precludes proper
skinning. Although we do not provide an end-to-end rigging and skinning pipeline, the kinematic
parts we segment are a proxy to both: they form local clusters that directly correlate to the most
influential bone; we posit that bones and even the skeletal tree structure can be extracted from these.

Learning-based rigging methods (Xu et al., 2020; Liu et al., 2025; Song et al., 2025; Zhang et al.,
2025; Deng et al., 2025) have shown promise in predicting skeleton structure and inferring skinning
weights, but are typically trained on very limited datasets, restricting their generalization to unseen
object categories and poses. Moreover, most of them operate on static geometry and fail to capture
and/or leverage the dynamic articulation present in real-world videos. Our approach addresses
these limitations by leveraging the rich video diffusion priors and learning movement-aware part
decomposition from videos, thereby enabling broader generalization and dynamic rigging capabilities
from very little training data.

Part Decomposition. Parts are useful intermediate representations for recognition, generation, and
animation. Earlier 3D segmentation methods (Qi et al., 2017; Li et al., 2018; Qian et al., 2022) rely
on static geometry and annotated datasets, which limits their generalization to unseen or dynamic
objects. More recent works use 2D semantic features for co-part segmentation (Hung et al., 2019;
Amir et al., 2021; Tang et al., 2024a; Yang et al., 2024), but these tend to be view-inconsistent and
temporally unstable. Moreover, semantic parts are not always meaningful for animation, where
rigid or articulable components are preferred. As shown in fig. 2, the semantic and kinematic
parts differ both visually and functionally. Our goal is to identify physically coherent regions that
move consistently over time. To our knowledge, no prior work explicitly tackles kinematic part
segmentation—likely due to the lack of suitable training data. We address this by leveraging the
pretrained SV4D (Yao et al., 2025) video diffusion model, and extending it with a parallel part
segmentation branch trained in the multi-view video space, following Vainer et al. (2024).

3 Method

3.1 Preliminaries: SV4D 2.0 Network Architecture

Our method builds on the SV4D 2.0 framework (Yao et al., 2025), a state-of-the-art multi-view video
diffusion model designed for 4D content generation. SV4D 2.0 synthesizes multi-frame, multi-view
videos using a spatio-temporally consistent latent diffusion architecture. It takes either a monocular
video or a single still image as input. At its core, SV4D 2.0 represents video as a latent tensor (in
4D, as indexed by spatial, temporal, and view dimensions) and applies denoising through a UNet-
based architecture composed of spatial, temporal, and view-level attention blocks. The architecture
initializes frame attention modules from Stable Video Diffusion (Blattmann et al., 2023) and spatial-
view components from SV3D (Voleti et al., 2024), benefiting from strong spatio-temporal priors.
The resulting model supports long-range, self-consistent video synthesis and handles both large
deformations and occlusions robustly. It also introduces learnable α-blending strategies to combine
temporal and spatial-view features during fusion, enabling smooth integration of multiple priors
while preserving the pre-trained knowledge. The model is conditioned on both camera and frame
embeddings, allowing flexible synthesis under diverse trajectories and temporal contexts. During
training, SV4D 2.0 applies random view masking, which reduces reliance on explicit multi-view
supervision and allows inference without external view-conditioning models. To improve performance
across sparse or nonuniform camera layouts, the model replaces traditional view attention with 3D
attention layers that jointly reason over spatial and view axes.

3.2 Stable Part Diffusion 4D

Problem Setting. Stable Part Diffusion 4D (SP4D) aims to generate multi-view, temporally coherent
kinematic part segmentation videos alongside consistent RGB videos, conditioned on a monocular
RGB video input. Formally, conditioned on input frames J = {Jf}Ff=1, the model aims to produce

M = {Mv,f}V,Fv=1,f=1, P = {Pv,f}V,Fv=1,f=1,

where Mv,f and Pv,f represent the generated RGB image and its corresponding part segmentation at
view v and frame f , respectively.
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Figure 3: Stable Part Diffusion 4D model architecture. Our model builds upon SV4D 2.0 and
extends it with a parallel part segmentation branch and a BiDiFuse module that enables bidirectional
feature exchange between RGB and part branches. The network jointly generates multi-view videos
for appearance and kinematics-aware part segmentation. Key components include: (1) spatial color
encoding for part masks, enabling shared VAE encoder/decoder; (2) BiDiFuse for cross-branch
consistency; and (3) a contrastive loss for spatial-temporal part alignment. We use a two-stage
training strategy: first, training the RGB branch on ObjaverseDy, then fine-tuning the full model with
BiDiFuse on KinematicParts20K with supervision on both branches.

The goal is to produce photo-realistic video sequences M that are consistent across views and time,
while also generating part segmentations P that reflect view-invariant kinematic structure. Unlike
traditional semantic segmentation, these part representations are not predefined by category, but
instead capture locally rigid, articulated motion-consistent regions.

Network Architecture. Our network architecture extends SV4D 2.0 with a dual-branch UNet
structure to jointly generate RGB and kinematic part segmentation videos. We adopt the full SV4D
2.0 backbone for RGB generation, including its spatial, temporal, and 3D attention mechanisms, and
replicate this backbone to form a second branch for part segmentation, as seen in fig. 3.

Each branch processes half of the latent channels and shares positional embeddings (e.g., camera
intrinsics and temporal indices) as input. Inspired by Vainer et al. (2024), the two branches operate
independently but are connected through dedicated Bidirectional Diffusion Fusion (BiDiFuse) layers
inserted at every block of the network. Given intermediate features hRGB and hPart at any resolution,
we compute updated representations using a fusion module:

hRGB
fused = hRGB + F

(
[hRGB, hPart]

)
, hPart

fused = hPart + F
(
[hRGB, hPart]

)
(1)

where F is a lightweight fusion function composed of two 1× 1 convolutions with ReLU activations.
This module encourages bidirectional feature sharing while maintaining branch-specific learning.

The forward pass proceeds as follows: the input latent is split along the channel dimension and
passed through two identical UNet backbones. After each encoder block, the intermediate features
are fused via BiDiFuse. The same process applies to the middle block and each decoder stage, with
skip connections preserved within corresponding branches. The final outputs from both branches are
separately passed through a shared VAE decoder to produce RGB and part predictions independently.

Spatial Color Encoding. To enable decoder sharing between RGB and part branches, we represent
part segmentation maps as continuous RGB-like images using a spatial color encoding scheme. To
assign temporally consistent colors, we first normalize the 3D coordinates of each point on the mesh
or reconstructed surface to a unit cube. Then we compute the coordinates of the 3D center of each
part in the first frame and use its normalized (x, y, z) coordinate as the color code for all frames
and views. This ensures that the same part is assigned the same color across all frames and views,
maintaining identity consistency over time. Unlike schemes that randomly assign colors to parts
per iteration, our deterministic encoding significantly reduces computational overhead, as random
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coloring would require regenerating encoded part images at every step. Our approach enables the
diffusion model to treat part segmentation as an image generation task, facilitating compatibility with
the RGB branch and enabling unified training within a shared latent space.

Back-Mapping from RGB Image to Part Mask. To recover discrete part masks from the generated
spatial encoding, we avoid clustering the generated colors, which can be noisy. Instead, we apply
SAM (Segment Anything Model) in auto-generation mode to produce per-view segmentation masks
— we found this remarkably effective at providing clean candidate segments. For each segment, we
then compute the mode of the underlying RGB pixel values and assign this color to the entire mask.
This procedure robustly eliminates pixel-level noise and ensures clean, discrete part representations.
Then we apply clustering (McInnes et al., 2017) on all images to produce part masks. We do not use
SAM2 (the video tracking version of SAM) as it only supports parts that are visible in the first frame,
and thus fails to capture parts that only first appear later in the video.

Contrastive Part Consistency loss. The spatial color encoding represents parts as RGB-like images,
enabling a shared encoder and decoder between both branches. However, this model lacks an explicit
supervision to ensure that the same kinematic part maintains a consistent appearance across different
viewpoints and time steps. Without regularization, the model may produce temporally or spatially
inconsistent segmentations. To address this, we extract part-specific features by aggregating pixel-
level features within each predicted part region, and project them into a shared embedding space. For
each training batch, we collect a set of part features {fi}Ni=1, where each fi corresponds to one part
instance (across view and frame). Features with the same part identity but from different frames or
views are considered positive pairs, while features from different parts serve as negatives. We adopt
an InfoNCE-style contrastive loss defined over all part pairs (Oord et al., 2018):

Lcontrast = −Ei∈P, j∈P+
i

[
log

exp(sim(fi, fj)/τ)∑
k∈P\{i} exp(sim(fi, fk)/τ)

]
(2)

where P is the set of all valid part features, P+
i is the set of positive indices for part i, sim(·, ·) denotes

cosine similarity, and τ is a temperature hyperparameter (τ = 0.07 by default). This loss encourages
the same part to be consistently encoded across views and frames, while remaining distinct from
different parts.

3.3 KinematicParts20K Dataset

We curate the KinematicParts20K dataset from the ObjaverseDy++ (Yao et al., 2025) dataset to
support the training and evaluation of our part-aware generation framework. We first filter objects
that include rigging annotations with well-structured skeletal hierarchies and bone transformations.

Bone Merging to Control Granularity. For objects with excessively many bones, we automatically
reduce skeletal complexity. For each pair of connected bones, we compute (1) the average relative
3D displacement between the two bones across all frames, and (2) the cosine similarity between
their 2D part segmentation masks based on Dino features. If both the motion difference and feature
dissimilarity fall below predefined thresholds, we merge the two bones. We set an upper bound of 100
bones per object; if an object cannot be reduced to within this limit, it is discarded from the dataset.

Multiview Rendering and Part Label Generation. For each selected object, we render 24 frames
from 24 camera views uniformly distributed along a horizontal circle. We also render per-bone 2D
skinning weight maps. To compute the part segmentation masks, we use a per-pixel argmax over all
bone-specific weight maps within each view. The resulting part maps provide high-quality multiview
kinematic part segmentation labels aligned with the rigging annotations, enabling supervised training
of SP4D using part labels that reflect true kinematic decomposition. After all the filtering steps, we
are left with almost 20,000 training objects.

3.4 2D-to-Kinematic Mesh Generation

Lifting from 2D. We propose a simple yet effective pipeline that converts a single image into a fully
riggable 3D asset with geometry, part decomposition, and skinning weights – only missing skeletal
connectivity. We first apply our Stable Part Diffusion 4D (SP4D) model to generate multi-view
sequences of RGB frames and corresponding part segmentation (cleaned by SAM) from a single
input image. For recovering geometry, we use Hunyuan 3D 2.0 (Zhao et al., 2025b), a state-of-the-art
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images-to-3D framework, to turn the multi-view RGB images generated by SP4D into untextured
3D geometry. Once we obtain the 3D mesh, we reuse this geometry to associate texture information
from both the RGB and part segmentation views separately, following Hunyuan 3D 2.0. Through
HDBSCAN (McInnes et al., 2017), we assign each vertex its discrete ID for the part segmentation.

Harmonic Skinning Weight Computation. Given the 3D part labels, we compute continuous
skinning weights using harmonic field estimation. We extract the boundary ∂Ωp of part p by
identifying mesh edges that connect two vertices belonging to different parts; the binary indicator
function bp(x) indicates whether vertex x belongs to part p. We then solve:

∆wp(x) = 0 for all interior vertices, subject to wp(x) = bp(x) on ∂Ωp

where ∆ is the mesh Laplacian operator and wp(x) denotes the smooth harmonic field corresponding
to part p. The harmonic solution to this Laplace equation propagates part influence across the surface,
yielding soft per-vertex part assignments which we interpret as skinning weights.

4 Experiments

We demonstrate that SP4D performs robustly and generalizes across a wide variety of articulated
objects with diverse shapes and motions, including both synthetic models and real-world videos in
fig. 4. We conduct comprehensive experiments to evaluate the effectiveness of our method, including
comparisons with state-of-the-art approaches for part segmentation, as well as ablation studies on key
design choices. We report both quantitative metrics (mIoU, ARI, F1 Score, mAcc) in table 1 and a
user study in table 2 to assess quality from a rigging perspective. Details on implementation, datasets,
training regime, evaluation protocols, metric definitions and more experiments on 3D segmentation
and rigging can be found in the Appendix.

4.1 Part Decomposition Comparison

2D Part Decomposition. We compare SP4D with two representative 2D part segmentation baselines.
The first is SAM2 (Ravi et al., 2024), a tracking-based method that generates part masks in the first
image and propagates them to the others. We also include a stronger variant, SAM2*, where point
prompts from the ground-truth part centroids are used to initialize tracking. The second baseline is
DeepViT (Amir et al., 2021), an unsupervised segmentation method that leverages features from a
self-supervised DINO-ViT model (Caron et al., 2021). We apply K-Means clustering on intermediate
feature maps to obtain part-level masks across views.

As shown in table 1, SP4D significantly outperforms all baselines in both multi-view and multi-frame
settings. SAM2 performs poorly due to its dependency on appearance and semantic cues, which
rarely align with kinematic part boundaries. SAM2*, despite being guided by ground-truth points,
suffers from the same fundamental limitation. While DeepViT captures coarse semantic structures,
it lacks any awareness of object articulation or motion consistency. In contrast, SP4D generates
parts directly via kinematic-aware diffusion, leveraging geometry and view consistency to produce
temporally stable, kinematic-aware decompositions. This advantage is further supported by fig. 5,
which presents qualitative comparisons across multiple views, clearly showing SP4D’s superior
structural alignment. Additional user preference results in table 2 also confirm the perceptual quality
of SP4D’s outputs.

3D Part Decomposition. Recent state-of-the-art 3D part segmentation methods, such as
SAMesh (Tang et al., 2024a) and SamPart3D (Yang et al., 2024), rely on 2D segmentation cues
to supervise 3D decomposition in different ways. SAMesh fuses 2D segmentations (from SAM)
of multiple rendered views using visibility-weighted voting. In contrast, SamPart3D distills dense
visual features from DINOv2 into a 3D point-based backbone, and leverages SAM masks through a
scale-conditioned MLP to achieve granularity-controllable part grouping via clustering.

Despite their differences, both methods fundamentally depend on the quality of 2D segmentations.
When appearance-based segmenters like SAM or DINOv2 fail to produce meaningful part bound-
aries—particularly for kinematic or textureless regions—the resulting 3D decomposition is unreliable
and misaligned with object articulation. As illustrated in fig. 2, these approaches often struggle
to produce structurally coherent part segmentation under such challenging conditions. Additional
comparisons are provided in the supplementary material.
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Table 1: Quantitative comparison of kinematic parts on
KinematicParts20K val set for multi-view (static object) and
multi-frame (static camera). The Hungarian algorithm aligns
predictions to the ground-truth, ignoring parts missing in the
first image. SAM2* uses ground-truth point prompts per part.

Method Multi-view Multi-frame
mIoU ARI F1 mAcc mIoU ARI F1 mAcc

SAM2 0.15 0.05 0.31 0.21 0.16 0.05 0.32 0.22
SAM2* 0.22 0.08 0.37 0.26 0.34 0.16 0.45 0.34
DeepViT 0.17 0.06 0.33 0.23 0.18 0.06 0.34 0.24
Ours w/o PCP Loss 0.38 0.15 0.46 0.49 0.44 0.22 0.52 0.56
Ours w/o BiDiFuse 0.57 0.51 0.60 0.62 0.61 0.58 0.64 0.68
Ours (Full) 0.68 0.60 0.70 0.74 0.70 0.63 0.72 0.77

Table 2: User study on kinematic
part segmentation. Participants
rated three methods on part clarity,
view consistency, and rigging suit-
ability. The study was conducted
on 20 randomly selected samples
from the validation set.

Method Ours SAM2 DeepViT

Clarity 4.42 2.13 2.01
Consistency 4.09 2.00 1.86
Rigging 4.26 1.75 1.69
Average 4.26 1.96 1.85

4.2 Ablation Study

We conduct ablation studies to evaluate the contribution of two core components in our framework:
the BiDiFuse cross-branch fusion module and the part consistency loss. Results are reported under
both multi-view and multi-frame settings (see table 1). Removing the part consistency loss leads to
noticeable performance degradation, especially in terms of ARI. Without this loss, the model loses
explicit guidance to maintain spatial and temporal coherence of part assignments across views or
frames, resulting in fragmented or inconsistent segmentations. This highlights the importance of
encouraging feature-level alignment among corresponding parts throughout the video sequence.

Disabling the BiDiFuse module also causes substantial drops across all metrics. Since BiDiFuse
facilitates bidirectional interaction between the RGB and part branches. Without it, the network
lacks effective cross-modal information exchange, leading to suboptimal alignment between both
branches, particularly in view-consistency and part boundary sharpness. Crucially, the segmentation
branch can no longer effectively leverage the prior of the RGB model. These results confirm that both
components are essential for achieving robust, consistent, and rigging-friendly part decompositions.

5 Broader Societal Impact

SP4D has the potential to substantially reduce the manual work required for rigging in animation and
3D asset production, benefiting creators in film, gaming, education, AR/VR, and robotics. Particularly
for those with limited access to professional modeling pipelines, our method broadens accessibility
to animation-ready assets and opens new opportunities in educational content creation, interactive
media, and rapid prototyping. SP4D’s ability to generalize across real-world footage and synthetic
objects further supports its potential in democratizing digital content creation.

However, the ability to synthesize from minimal visual input introduces risks. These include the
creation of synthetic humans or avatars for deceptive purposes. While our method does not focus
on facial reenactment or human identity synthesis, downstream misuse remains a concern. We
recommend clear disclosure, attribution mechanisms for automatically generated 3D content, and
ethical oversight in such applications. We emphasize that all training uses CC-licensed assets,
carefully filtered to respect creator rights.

6 Conclusion

We propose SP4D to jointly generate multi-view parts video with aligned RGB frames from a
monocular input video. Uniquely, we predict kinematic rather than semantic parts, based on segments
in articulated motion skeletons. This closes a significant gap in the 3D generation pipeline, drastically
reducing the manual annotation required to prepare the generated objects for animation.

By leveraging a synchronized two-branch architecture, we maximally leverage the prior of the pre-
trained RGB model; this results in a robust and generalizable approach despite the data scarcity for
training. Both a quantitative comparison with representative baselines and a user study show the clear
benefit of our approach over existing semantic-oriented part segmentation for the same task.
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Figure 4: Multi-view kinematic part video results on synthetic and real-world videos. We show
qualitative results of our SP4D model on both the validation set of KinematicParts20K and real-world
DAVIS videos. Each group presents two time frames across two novel views. The input video frame
is noted with purple boxes. SP4D produces temporally and spatially consistent part decompositions
across diverse object categories and motions.
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Figure 5: Visual comparison of part segmentation. We show results across three views for various
articulated objects. The rows contain input RGB image (top), our SP4D-generated part segmentation
(middle), and the SAM2 baseline (bottom). Compared to SAM2, SP4D produces more structured
part decompositions that align with object articulation and are consistent across views.
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1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes] .
Justification: Any significant claim made in our manuscript is at least outlined in the abstract
and motivated in the introduction. We carefully note that we do not address the whole gap
towards automatic rigging and skinning, but solve a significant piece of that puzzle.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We include a limitation section in the paper.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]
Justification: We offer no purely theoretical results.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: We have included the pertinent details around model architecture, data sourcing
and curation, and evaluation approach. Due to space constraints, most of these are deferred
to the Appendix.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [No]
Justification: Unfortunately, we cannot commit to releasing the code at this time.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: We include these details in the main paper and appendix.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [No]
Justification: For the quantitative results, such evaluation would be quite costly. The user
study, for cost saving reasons, had only a limited number of participants and therefore also
did not get error bars.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: This paper provides sufficient information on the computer resource to repro-
duce the experiments in the appendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We have read the NeurIPS Code of Ethics and believe to be in accordance.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The main manuscript includes a discussion on the broader impacts.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
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• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [No]

Justification: We discuss such safeguards in the broader impacts section, but do not offer an
implementation or detailed description.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We have properly cited all used assets and models throughout our manuscript;
please refer to those references for licensing details.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
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• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: We provide no new assets.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]

Justification: While not present in the main manuscript, we will include these details in the
appendix.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: There were no risks to the study participants — we have only performed a
qualitative performance assessment user study.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: LLMs were not involved in the core method development of our research.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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Stable Part Diffusion 4D:
Multi-View RGB and Kinematic Parts Video Generation

Supplementary Material

In the appendix, we provide the following supplementary materials: (1) Implementation Details,
(2) our newly introduced dataset, KinematicParts20K, (3) Additional Qualitative Results, and (4)
Evaluation Details.

A Implementation Details

Our model is implemented by directly extending the SV4D 2.0 framework (Yao et al., 2025). We
retain the original U-Net architecture, latent VAE encoding, and diffusion setup, and introduce two
key modifications: (1) an architecturally identical second branch that generates part segmentation
outputs jointly with the existing RGB branch, and (2) Bidirectional Diffusion Fusion (BiDiFuse)
modules inserted between each corresponding layer pair to enable cross-branch feature sharing. In the
first stage, the RGB branch is trained following SV4D 2.0. The training setup — including optimizer,
noise schedule, loss functions, and sampling strategy — follows SV4D 2.0 exactly. We adopt the
EDM (Karras et al., 2022) training framework with an L2 loss and precompute VAE latents and CLIP
features for all training images to accelerate convergence. The obtained network parameters are used
to initialize both the RGB and part generation branches.

We train the full SP4D model with BiDiFuse and our proposed contrastive part consistency loss on
the KinematicParts20K dataset (as discussed below) for 40K iterations. Training is performed on
32 NVIDIA H100 GPUs with an effective batch size of 32, using 12 views and 4 frames per object
sampled from the rendered dataset.

B KinematicParts20K Dataset

Our dataset is constructed by further filtering the SV4D 2.0 dataset, which is based on CC-licensed
dynamic 3D assets from Objaverse and ObjaverseXL. We select only objects that contain rigging
annotations, including bone hierarchies and skinning weights. To mitigate overly fine-grained or
noisy bone structures, we apply a bone merging procedure based on two criteria: (1) the relative
transformation between connected bones across all frames, and (2) the similarity of their projected
part appearance in 2D using DINO features. Bone pairs with low motion discrepancy and high
appearance similarity are merged. Objects with more than 100 bones after merging are discarded.

All objects are scaled to unit bounding boxes and rendered at 576×576 resolution using Blender’s
Cycles renderer under a curated set of HDRI environment maps. We adopt orbit rendering with 24
azimuthal views and 24 video frames per object. In addition to RGB, we simultaneously render
per-bone skinning weight maps. For each view and frame, we generate pixel-wise part segmentation
labels by taking the argmax over the bone-specific skinning maps, resulting in multi-view, multi-frame
kinematic part masks for supervision.

C More Qualitative Results

We show fixed-view cross-frame part tracking, fixed-frame cross-view part tracking, 3D decomposi-
tion, rigging, and animation results for synthetic data, real-world data, and zero-shot generated data.
Please refer to the summary video in the supplementary material.

Evaluation on 3D Segmentation. It is also important to position SP4D in the broader context of
3D kinematic segmentation rather than only comparing against 2D segmentation baselines. State-
of-the-art 3D segmentation methods, such as Segment Anything Mesh Tang et al. (2024a) and
SAMPart3D Yang et al. (2024), are built upon 2D semantic segmentation backbones (e.g., SAM, DI-
NOv2) that are primarily texture- or appearance-driven, and thus not explicitly designed for kinematic
reasoning. This limitation is evident in our visual comparisons (Figure.2), where appearance-based
cues alone fail to recover accurate part structures for novel or textureless objects.
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To quantitatively assess this gap, we conduct a comprehensive evaluation on the KinematicParts20K
test set using these SOTA 3D segmentation baselines Tang et al. (2024a); Yang et al. (2024). We
report mean Intersection-over-Union (mIoU), Adjusted Rand Index (ARI), F1 score, mean Accuracy
(mAcc), and User Study ratings (following the evaluation criteria in Supplementary Section D.2). As
shown in Table 3, SP4D substantially outperforms the baselines across all metrics, highlighting its
capability to capture kinematic structure rather than relying solely on appearance cues.

Table 3: Comparison of SP4D with SOTA 3D segmentation methods on KinematicParts20K-test.
SP4D achieves significantly higher scores across all metrics, indicating stronger kinematic reasoning
capabilities.

Method mIoU ARI F1 mAcc User Study
Segment Any Mesh 0.15 0.06 0.29 0.20 1.98
SAMPart3D 0.13 0.05 0.27 0.18 1.75
Ours (Full) 0.64 0.58 0.67 0.72 4.13

Evaluation beyond segmentation accuracy. To further assess the usefulness of our kinematic
representation beyond segmentation accuracy, we conduct additional experiments on rigging precision
and animation plausibility. (i) Rigging precision. We evaluate the predicted skinning weights on
the KinematicParts20K-test split, which contains ground-truth rigging annotations. We compare
SP4D against two state-of-the-art auto-rigging methods Song et al. (2025); Zhang et al. (2025),
reporting precision scores in Table 4. SP4D achieves the highest precision (72.7), outperforming
Magic Articulate (63.7) and UniRig (64.3), demonstrating the accuracy of our learned kinematic
decomposition when ground-truth supervision is available. (ii) Animation plausibility for generated
objects. For generated meshes (e.g., dinosaurs, robotic arms) without ground-truth rigging, we
conduct a user study to evaluate animation plausibility. Participants were shown animations produced
by SP4D and the SOTA baselines Song et al. (2025); Zhang et al. (2025), and asked to rate the
plausibility on a 1–5 Likert scale. SP4D achieves a significantly higher score (4.1) than Magic
Articulate (2.7) and UniRig (2.3), confirming better generalization to unseen object categories and
poses.

Notably, as shown in Figure 2 (middle), Magic Articulate, despite being trained on large-scale rigged
meshes from Articulation-XL, performs well on seen categories but struggles with unusual generated
shapes. In contrast, SP4D leverages strong priors from a 2D diffusion model and learns kinematic
decomposition robustly, enabling accurate rigging for both real-world and synthetic objects. This
highlights a key motivation for our approach: learning kinematic structure from 2D multi-view
supervision yields superior generalization to novel inputs.

Table 4: Comparison of SP4D with SOTA Auto-rigging Methods.

Method KinematicPart20K-test Generated Objects
Precision User Study User Study

Magic Articulate 63.7 3.8 2.7
UniRig 64.3 3.9 2.3
Ours (Full) 72.7 4.3 4.1

D Evaluation Details

D.1 Quantitative Metrics.

To evaluate the quality of kinematic part decomposition across multi-view and multi-frame settings,
we report four standard metrics. Since the predicted part masks are label-free, we apply the Hungarian
algorithm to align predicted and ground-truth parts based on respective IoU, for those metrics which
require correspondences. The following metrics are computed:

• mIoU – Mean intersection-over-union across matched part masks.
• ARI – Adjusted Rand Index, which captures clustering similarity independent of label

permutation.
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Figure 6: User study interface for evaluating multi-view kinematic part segmentation. Partici-
pants are presented with video results generated by different methods and asked to rank them based
on part consistency, structural correctness, and motion coherence. The study compares SP4D with
baseline methods to assess perceptual quality and kinematic alignment.

• F1 Score – The harmonic mean of precision and recall, reflecting pixel-level agreement.

• mAcc – Mean class-wise accuracy, indicating the average recall per ground-truth part.

D.2 User Study on Multi-view Kinematic Part Decomposition for Rigging

To evaluate the practical utility of different multi-view kinematic part decomposition methods for
rigging tasks, we conducted a user study focusing on the perceived quality of part segmentation from
a rigging perspective. These decompositions aim to separate articulated object parts (e.g., limbs,
joints, head) to facilitate automatic or semi-automatic skeleton binding and animation control.

Study Setup. We randomly selected 20 sets of decomposition results, each containing visualizations
from different methods applied to the same object. For each set, we generated animated GIFs showing
the part decomposition from multiple viewpoints, allowing participants to better understand spatial
consistency and articulation structure. All visualizations were presented anonymously to avoid bias.
The study was conducted via a Google Form and received responses from 20 participants.

Evaluation Criteria. Participants were instructed to rate each method based on the following three
criteria:

• Clarity of part boundaries – Are the decomposed part regions cleanly separated with
well-defined borders?

• Consistency across views – Do the decomposed parts remain stable and coherent when
viewed from different angles?

• Suitability for rigging/animation – Are the decomposed parts appropriate for assigning
joints and performing realistic articulated motion?

Each criterion was rated on a scale from 1 (Poor) to 5 (Excellent).

Goal. The objective of this study is to assess the effectiveness of part decomposition methods in
real-world rigging scenarios, providing insight into their strengths and limitations for downstream
animation applications.
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E Additional Discussion

Dual-branch architecture design. We investigate both single-branch and dual-branch architectures
for jointly predicting multi-view RGB sequences and kinematic part sequences. In the single-branch
variant, the two modalities are concatenated into a shared latent representation and split prior to
decoding. This configuration exhibits slower convergence and lower performance than the dual-branch
counterpart under the same training schedule. We attribute this to the fundamentally different nature
of the tasks: RGB synthesis focuses on high-frequency appearance modeling, whereas kinematic
part segmentation emphasizes structural reasoning and temporal-spatial consistency. A single-branch
network that forces both tasks to share all intermediate features is prone to cross-task interference,
particularly degrading consistency in multi-frame outputs.

Our BiDiFuse dual-branch UNet addresses this issue by maintaining task-specific feature streams
while enabling bidirectional cross-modal feature exchange. This architecture preserves modality-
specific learning, reduces interference, and improves overall performance. We include a detailed
discussion of this design choice and relate it to recent work on unified dense prediction in video
diffusion models Yang et al. (2025a).

Avoiding category-specific pose or rigging priors. While 2D/3D pose and rigging priors en-
code rich kinematic information, SP4D is deliberately designed without reliance on human- or
animal-specific templates to ensure category-agnostic applicability. Template-based approaches often
generalize poorly to objects with unconventional topology, such as loose clothing, handheld tools
(e.g., shields, skis), or non-biological categories (e.g., crabs, robotic arms, mechanical assemblies). In
our experiments, these priors frequently failed to produce meaningful part structures for such diverse
object types.

By contrast, SP4D learns kinematic decomposition directly from 2D multi-view supervision, without
assuming a fixed skeleton topology, enabling robust generalization to both natural and synthetic
domains. Nevertheless, integrating lightweight 2D/3D structural priors into diffusion-based generation
remains an interesting direction for future research.

Relation to optimization-based methods. We also relate SP4D to prior part-aware rendering
approaches Zhang et al. (b,a); Yang et al. (2022); Noguchi et al. (2022); Yang et al. (2021). These
methods are typically optimization-based pipelines for per-instance 3D reconstruction from multi-
view videos, often requiring ground-truth camera poses, complete multi-view coverage of the same
object, and extensive per-instance optimization (e.g., 48+ GPU hours on an A100). Their kinematic
reasoning is constrained by the motion observed in the input video; for example, if a limb remains
static throughout, the model may fail to segment it. Such methods are not designed for category-level
generalization and cannot perform feedforward inference from monocular inputs such as a single
image or single-view video.

In contrast, SP4D is a feedforward, category-agnostic generative model capable of producing consis-
tent RGB renderings and kinematic part decompositions within seconds, given only a single image or
video. While both SP4D and part-aware rendering approaches can output kinematic segmentations,
they address fundamentally different problem settings and exhibit markedly different capabilities.

Limitations and future work. Our method inherits the camera parameterization design from
SV4D 2.0 Yao et al. (2025), which models only azimuth and elevation with a simple lens model. This
limits our ability to handle videos with strong perspective distortion or complex camera trajectories.
Moreover, SP4D is primarily trained under the assumption that each scene contains a single object. In
scenarios where multiple objects appear simultaneously, the model may struggle to handle all of them
at once. Extending SP4D to support full 6-DoF camera motion and multi-object scenarios remains
a promising direction for future research. Additional failure cases are provided as supplementary
videos to illustrate these challenges.
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