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GRADRobot: Sharper Rendering and Tighter Geometry Across Diverse Robots 1) Left. Rendered views of representative robots.
Compared to Dr Robot (top row), GRADRobot (middle row) reconstructs finer surface details and achieves higher PSNR across
instances. 2) Centre. Radar-plot comparisons on multiple robot models. GRADRobot (orange) yields higher PSNR (↑) and lower
Chamfer Distance (↓) than Dr Robot (blue), indicating better rendering fidelity and geometry. 3) Right. Error-coloured point clouds
visualize reconstruction accuracy (purple = low error, yellow = high). GRADRobot (right column) reduces reconstruction errors and
Chamfer Distance across all models; see slice-based comparisons later in the paper.

Abstract

Gaussian fields are a promising representation for robot
body modeling due to their differentiability and inherently
low sim-to-real gap. However, existing methods like Dr-
Robot overlook explicit geometric constraints, leading to
artifacts under novel poses or views. Directly enforcing
depth and normal supervision on articulated Gaussians is
unstable due to entanglement between pose deformation
and 3D appearance learning. To address this, we pro-
pose a two-stage training strategy: we first learn a canon-
ical Gaussian field in a canonical pose using dense RGB,
depth, and normal supervision, establishing a geometry-
aware reconstruction. We then fine-tune the Gaussian pa-

rameters jointly with a deformation network conditioned on
joint angles using only RGB losses, ensuring consistent ge-
ometry and appearance across poses. To further mitigate
rendering artifacts in novel poses and viewpoints, we in-
tegrate a diffusion-based refinement module. This module
conditions on both the initial Gaussian renderings and the
target robot skeletons, and significantly enhances visual fi-
delity while preserving pose accuracy. Experiments across
multiple robotic platforms show that GRADRobot outper-
forms DrRobot by a large margin in both rendering quality
(PSNR) and geometric accuracy (Chamfer Distance).



https://github.com/liyunlooong/GRADRobot

1. Introduction
Accurate and differentiable rendering of articulated robots
is a core enabler for simulation, perception, and control. An
effective representation must (i) preserve fine surface ge-
ometry, (ii) synthesize view-dependent appearance, and (iii)
remain stable under large pose changes. Gaussian splat-
ting provides a continuous, optimizable scene parameteri-
zation with efficient rasterization, but—when trained only
with RGB losses—it tends to oversmooth high-frequency
details and yields pose-dependent artifacts, as observed in
prior work such as DrRobot [30].

We introduce GRADRobot, a geometry-aware articu-
lated Gaussian renderer that decouples geometry recon-
struction from articulation learning, and refines appear-
ance with structure-conditioned diffusion. Concretely,
GRADRobot proceeds in three steps: (1) Canonical recon-
struction learns surface-anchored Gaussians in a reference
pose by supervising depth and surface normals, which sta-
bilizes geometry and mitigates view/pose leakage; (2) Pose-
conditioned deformation generalizes to novel joint config-
urations using Linear Blend Skinning (LBS) that is opti-
mized on top of the canonical geometry, avoiding entangle-
ment between geometry and motion; (3) Diffusion refine-
ment applies a ControlNet-conditioned image prior [58]
driven by the robot skeleton to recover thin structures and
specular details while respecting kinematics.

Compare with DrRobot. GRADRobot adopts the
articulated-Gaussian paradigm but differs in two key
aspects: (i) it uses explicit geometric supervision
(depth/normal) in a canonical space to anchor Gaussians to
the physical surface; and (ii) it adds a structure-conditioned
diffusion stage for high-frequency restoration, which
improves RGB fidelity without modifying the underlying
kinematic model.

Scope and practical considerations. Our evaluation fo-
cuses on controlled settings with known kinematics and
camera parameters. We report rendering accuracy (e.g.,
PSNR) and geometric fidelity (e.g., Chamfer Distance), and
analyze runtime of each stage, including diffusion refine-
ment. We also discuss temporal consistency (single-frame
refinement may introduce flicker) and provide ablations to
quantify the contributions of geometry losses and refine-
ment. Extending to real-robot imagery with sensor noise
and complex materials is an important next step and is dis-
cussed as a limitation.

Our main contributions are:
• We propose a decoupled learning framework that first

reconstructs canonical, surface-anchored Gaussians with

depth/normal supervision, then learns pose-conditioned
appearance via LBS for robust generalization to novel
configurations.

• We introduce a structure-conditioned diffusion module
that refines Gaussian renderings using skeleton guidance,
recovering high-frequency details while preserving kine-
matic coherence.

• We conduct extensive experiments across diverse robot
morphologies, with ablations on geometry losses and re-
finement. GRADRobot outperforms DrRobot by up to
37% in Chamfer Distance and 1.2 dB in PSNR under
identical protocols.
Together, these design choices yield a renderer that pairs

physically grounded geometry with high-fidelity appear-
ance, offering a practical building block for scalable robotic
digital twins.

2. Related Work
Differentiable rendering with Gaussian primitives has
driven rapid progress in 3-D reconstruction and robotics [1,
4, 8, 14, 19, 21, 24, 26, 28, 30, 47, 50, 51, 61]. The semi-
nal 3-D Gaussian Splatting (GS) by Kerbl [19] showed that
thousands of anisotropic Gaussians, refined by interleaved
density control, can render radiance fields in real time while
preserving geometry. Subsequent work improves efficiency
and scalability by training once and deploying across multi-
ple scenes [28], handling ego-centric sparse views [47], ex-
tremely sparse and unposed 360-degree imagery [1, 50], on-
line unposed image streams [24], and wide-coverage large
scenes with reconstruction-oriented large models and self-
distillation [4, 8]. Beyond first-order primitives, Quadratic
Gaussian Splatting [61] introduces second-order geomet-
ric primitives for high-quality surface reconstruction, while
StochasticSplats [21] proposes stochastic rasterisation for
sorting-free, anti-aliased rendering.

Building on this foundation, GPS-Gaussian [62] ex-
tends GS to human novel-view synthesis, producing 2K-
resolution images from sparse cameras without per-subject
optimisation and demonstrating cross-identity generalisa-
tion in casual capture setups. Follow-up work explores
more structured human and avatar representations: MeGA
combines meshes and Gaussians for high-fidelity, editable
head avatars [44]; Human Gaussian Model learns effi-
cient and generalisable human representations [33]; and
tetrahedron-constrained Gaussian splatting further regu-
larises editable photorealistic avatars [27]. For geome-
try–aware editing, SuGaR [14] anchors splats to an under-
lying mesh for coherent large deformations, Mani-GS ma-
nipulates Gaussian fields via triangular meshes [12], BG-
Triangle introduces Bézier Gaussian triangles for 3D vec-
torisation and rendering [49], and GauUpdate enables in-
serting new objects into 3D Gaussian fields under consistent
global illumination [37]. Gaussian Opacity Fields [54] fur-



ther improves surface fidelity by surface-aware optimisation
of Gaussian points.

In robotics, Differentiable Robot Rendering (Dr-
Robot) [30] couples Gaussian splats with kinematics-
aware deformation so that pixel-space gradients can
be back-propagated to joint angles for pose recovery
and vision–language alignment, enabling analysis-by-
synthesis pipelines that close the loop between percep-
tion and control. Complementary work studies Gaussian-
based scene representations for navigation, SLAM, and
driving: DeSiRe-GS proposes 4D Street Gaussians
with static–dynamic decomposition for urban driving
scenes [36]; DeGauss performs dynamic–static decompo-
sition for distractor-free 3D reconstruction [45]; and Street
Gaussians without 3D Object Tracker removes the need for
explicit object tracking in street-scale reconstructions [59].
MAGiC-SLAM [56] leverages Gaussians for globally con-
sistent multi-agent SLAM, while EmbodiedSplat [5] uses
Gaussian splats reconstructed from mobile devices for per-
sonalised real-to-sim-to-real navigation. EventSplat ex-
tends GS to moving event cameras for real-time render-
ing [57], indicating that Gaussian fields can also accommo-
date alternative sensing modalities.

For inverse rendering, GS-IR [26] adds depth-
regularised normals and baked occlusion handling for pho-
torealistic relighting and material estimation, while Gaus-
sianShader [18] aligns analytic shading with Gaussian
normals to efficiently handle reflective surfaces and sup-
ports differentiable BRDF manipulation. RNG [9] fur-
ther introduces relightable neural Gaussians, IRGS mod-
els inter-reflections via 2D Gaussian ray tracing [13], and
Luminance-GS adapts GS to challenging lighting condi-
tions through view-adaptive curve adjustment [6]. Ref-GS
focuses on directional factorisation for 2D Gaussian splat-
ting [60]. Other extensions combat aliasing or improve ef-
ficiency: Multi-Scale GS [51] adaptively enlarges Gaus-
sians in low-resolution views, SA-GS introduces training-
free scale-adaptive filtering for anti-aliasing in GS [41], and
Rip-NeRF realises anti-aliasing via ripmap-encoded Pla-
tonic solids [29]. SlimmeRF enables test-time slimmabil-
ity for radiance fields to trade accuracy for speed/memory
on demand [55], and SUNDAE spectrally prunes Gaussian
fields with a neural compensation head to reduce memory
cost with minimal quality loss [52].

Beyond reconstruction, Gaussian fields are increasingly
used as a representation for high-level tasks and percep-
tion. POp-GS formulates next-best-view planning directly
on 3D Gaussian splats via P-optimality [48], and NeRF
Is a Valuable Assistant for 3D Gaussian Splatting ex-
ploits NeRF as a complementary prior for GS optimi-
sation [10]. SplatTalk performs 3D visual question an-
swering on Gaussian scenes [42], Trace3D lifts 2D seg-
mentations to consistent 3D instances via Gaussian in-

stance tracing [39], and LUDVIG uplifts 2D visual fea-
tures to Gaussian scenes in a learning-free manner [35],
highlighting the role of Gaussians as a unifying 3D scaf-
fold for downstream tasks. Complementary perception ad-
vances that benefit manipulation and reconstruction include
joint semantic–affordance–attribute parsing with Cerberus
Transformer [3], shape-aware zero-shot semantic segmen-
tation [32], and unsupervised 3D keypoint discovery via
SNAKE [63] and the 3D Implicit Transporter [64]; these
modules, together with Gaussian-based VQA, segmentation
lifting, and feature uplifting [35, 39, 42], offer supervision
signals and structure priors that can be readily integrated
into Gaussian-field training.

Despite this progress, explicit geometric constraints are
often absent, yielding artefacts under unseen poses or view-
points. Directly supervising articulated Gaussians with
depth and normals is also unstable because pose deforma-
tion and appearance learning become entangled, leading
to gradient interference and suboptimal convergence. We
therefore adopt a two-stage strategy: first, learn a canoni-
cal Gaussian field in a fixed pose with dense RGB, depth,
and normal supervision for geometry-aware reconstruction;
second, fine-tune this field together with a pose-conditioned
deformation network using only RGB losses, thereby de-
coupling appearance from articulation and improving gen-
eralisation to novel poses.

2.1. Generative Diffusion Models

Generative Diffusion Models, rooted in nonequilibrium
thermodynamics [17, 40], achieve state-of-the-art results
in image synthesis [38, 46], 3D reconstruction [15, 46],
and image restoration [11, 34, 53]. Discriminator guid-
ance refines score estimates to improve ImageNet sam-
pling quality [22]. DiffPIR embeds diffusion priors for
plug-and-play restoration with few NFEs [65], while the
Reconstruct-and-Generate (RnG) framework balances fi-
delity and perceptual quality through reconstructive denois-
ing followed by diffusion-based detail synthesis [46]. For
3D-aware tasks, MagicMan leverages multi-view diffusion
with SMPL-X priors and iterative refinement [15]; Diff-
Retinex merges Retinex decomposition with diffusion for
low-light enhancement [53]; and the Generative Diffusion
Prior (GDP) unifies linear and non-linear inverse problems
via unsupervised conditional guidance [11]. In our setting,
we integrate a lightweight diffusion-based refinement mod-
ule conditioned on initial Gaussian renderings and robot
skeletons: it serves as a learned image prior that suppresses
view-dependent artefacts while preserving pose accuracy
and maintaining training efficiency.

Recent work at 3DV 2024 learns monocular 3D object
localisation using physical laws of motion from only 2D la-
bels, achieving a mean distance error of 6,cm in real-world
experiments [7]. Likewise, Li [23] enhances 3D object de-



tection by aligning multi-modal features, improving accu-
racy in challenging scenarios; together, these advances are
complementary to our geometry-aware pipeline and high-
light the value of physical priors and cross-modal alignment
in downstream perception.

3. Method

3.1. Preliminaries and Notation

This method builds upon 3D Gaussian Splatting
(3DGS) [20]. A scene is represented by a set of M
anisotropic Gaussians:

G = {(µi,Σi, αi, ci)}Mi=1 (1)
where each Gaussian has a center µi ∈ R3, an SPD (Sym-
metric Positive Definite) covariance matrix Σi ∈ R3×3,
opacity αi ∈ [0, 1], and color coefficients ci (spherical har-
monics with degree annealed during training). To ensure
the covariance is SPD and facilitate unconstrained updates,
we parametrize the scale and rotation as follows:

Σi = Ri diag(e
si)R⊤

i , Ri = exp([ωi]×), (2)
where si = (sx, sy, sz) are the log-scales, and ωi ∈
R3 represents an axis-angle, with [·]× denoting the skew-
symmetric matrix. The scale is clamped to the range
[log smin, log smax] to prevent vanishing or excessively
blurred splats.

Differentiable Splatting. For a ray r(t) = o + td and
camera projection Π, the projected 2D ellipse’s Jacobian
Ji = ∂Π/∂x|µi

is used to calculate the screen-space co-
variance:

Σ2D
i = JiΣiJ

⊤
i . (3)

The visibility-aware compositing computes per-ray opaci-
ties αi(r) and weights as:
wi(r) = Ti−1(r)αi(r), Ti−1(r) =

∏
j<i

(1− αj(r)) ,

(4)
where C(r) =

∑
i wi(r)ci. The projected depth for Gaus-

sian i along ray r is:
zi(r) = d⊤(µi − o), xi(r) = o+ zi(r)d. (5)

The ellipsoid normal at xi(r) is:
ni(r) ∝ Σ−1

i (xi(r)− µi) , ∥ni(r)∥2 = 1. (6)
Ground-truth depth p(r) is derived from RGB-D or multi-
view fusion, and the supervision for normals n̂(r) comes
from local plane fitting after back-projection.

Decoupling Geometry and Motion. Learning both ge-
ometry and motion jointly from RGB(-D) supervision can
lead to drift and pose-dependent artifacts due to entangling
these two factors. Therefore, we first anchor the Gaussians
to the surface in a canonical pose with dense geometry su-
pervision, then introduce a kinematics-aware deformation
in a second stage with RGB-only fine-tuning. The final

stage uses a diffusion refiner to restore high-frequency de-
tails that pure Gaussian fields may miss.

3.2. Approach Overview

The GRADRobot method is organized into three stages, as
shown in Fig. 1:
1. Stage I: Canonical Reconstruction. In this stage, we

learn a surface-anchored Gaussian field in a fixed pose,
using RGB, depth, and normal supervision.

2. Stage II: Pose-Conditioned Deformation and Joint
Fine-Tuning. Here, Gaussians are attached to a kine-
matic chain using Linear Blend Skinning (LBS), and we
jointly fine-tune the field and deformation with RGB-
only supervision across multiple poses.

3. Stage III: Diffusion Refinement. In the final stage,
a ControlNet-augmented latent diffusion model is em-
ployed to refine the coarse render, using the robot skele-
ton as a structural prior. This step recovers high-
frequency details, such as thin cables and specularities,
while maintaining kinematic consistency.

3.3. Stage I: Canonical Gaussian Reconstruction

Initialization. We initialize M0 Gaussians using Poisson-
disk sampling on a fused canonical point cloud. Each
Gaussian seed is initialized at the point, with Ri = I ,
si ∼ logN (log s0, σ

2), αi ∼ U(0.01, 0.05), and spheri-
cal harmonics of degree 0. The training alternates between
optimize, densify, and prune steps.

Objective. We minimize the following loss function:
Lcan = Lrgb + λgLgeo. (7)

The photometric loss term, defined on pixels or rays, is:

Lrgb =
1

|Ω|
∑
u∈Ω

[(1− λssim)∥C(u)− Igt(u)∥1

+λssimDSSIM(C(u), Igt(u))] .

(8)

where Ω represents the set of pixels, and DSSIM is the
Structural Similarity Index. To anchor the Gaussians to the
surface, we align the depths and normals at ray–Gaussian
intersections, using compositing weights as confidences
while preventing opacity manipulation via the stopgrad op-
eration:

Ldist =
∑
r∈R

∑
i

stopgrad(wi(r)) · |zi(r)− p(r)|, (9)

Lnormal =
∑
r∈R

∑
i

stopgrad(wi(r)) · ∥ni(r)− n̂(r)∥22,

(10)
where p(r) and n̂(r) are the ground-truth depth and normal,
respectively. The geometry loss is:

Lgeo = λdLdist + λnLnormal. (11)
A Huber loss variant is used to handle sensor noise in the
depth term.



Canonical Gaussian Reconstruction §3.2

Depth MaskInitial points

3D Gaussian

Image Space

Tile Rasterizer

RGB
Loss

Gaussian
Depth

Gaussian
Normal

Image

Canonical
Gaussians

Deformation 
Field (LBS) 

Training

𝒑 = [𝜽₁, . . . , 𝜽ⱼ]
Joint position

Pose-Conditioned Deformation and 
Fine-Tuning §3.3

Forward
Kinematics

Diffusion-based Rendering 
Refinement §3.4

Pose conditioned
Gaussians

Control
Net

Input Latent

UNet

Predict latent

Projection
Render Result

Ground Truth

Loss
VAE 

encoder
VAE 

decoder

Rasterizer

𝒢

𝒫

ℒ_𝑟𝑔𝑏

ℒ_𝑑𝑖𝑠𝑡

ℒ_𝑛𝑜𝑟𝑚𝑎𝑙

𝒢_𝑐𝑎𝑛𝑜𝑛

𝑇ⱼ(𝑝)

𝒢(𝑝)

Ĩ(𝑝ᵢ; 𝜃)

𝐼ᵢ

𝐼_𝑟𝑒𝑓

Figure 1. GRADRobot Overview. Stage I learns a canonical surface-anchored Gaussian field using RGB, depth, and normal supervision in a fixed pose.
Stage II incorporates pose-conditioned deformation through Linear Blend Skinning (LBS), fine-tuning both the Gaussians and the deformation using multi-
pose RGB supervision. Stage III employs a structure-conditioned diffusion refiner (ControlNet) guided by the robot skeleton to restore high-frequency
details while preserving kinematic constraints.

Densification and Pruning. Every 2k iterations (up to
20k iterations), we split Gaussians that have large 2D radii
or exhibit high gradient magnitudes, while pruning those
with low opacity or gradient values. The opacity of all
Gaussians is reset every 5k iterations to prevent saturation.

Regularization. Mild regularization is applied to the
scale and opacity of the Gaussians:

Rscale =
∑
i

∥si∥22, Rα =
∑
i

(αi − ᾱ)2. (12)

These terms are absorbed into the regularization hyperpa-
rameter λreg.

3.4. Stage II: Pose-Conditioned Deformation and
Joint Fine-Tuning

Skinning Weights. Each Gaussian i is assigned skinning
weights wi = {wij}Jj=1, which are predicted by a small
MLP function fskin(γ(µi)) where γ(·) denotes positional
encoding. We enforce the constraint

∑
j wij = 1 via soft-

max and apply an entropy bonus to avoid overly concen-
trated weight distributions.

Linear Blend Skinning (LBS). The Gaussians are de-
formed by LBS, which affects both the mean and covari-
ance:

R̃i(p) = exp

∑
j

wij logRj(p)

 ,

Σ
(p)
i = R̃i(p)Σi R̃i(p)

⊤.

(13)

The mean is transformed using:
µ

(p)
i =

∑
j

wij (Rj(p)µi + tj(p)) . (14)

The condition number of Σ(p)
i is clamped by restricting the

scales si to a fixed range.

Pose-Dependent Appearance. We use a light adapter
fapp to model mild pose/view-dependent appearance effects:

(∆ci,∆αi) = fapp

(
γ(µi), γ(µ

(p)
i )

)
, (15)

and update the color and opacity as:
c
(p)
i = ci +∆ci, α

(p)
i = σ(αi +∆αi). (16)

Deformation Pretraining (Optional). Before fine-
tuning with RGB, we optionally pretrain the skinning
function fskin using Chamfer distance between deformed
canonical samples and observed scans. We avoid directly
computing Chamfer distance on Gaussian centers and
instead sample uniformly from the ellipsoid iso-surfaces.

Joint RGB Fine-Tuning. In this step, we jointly optimize
the parameters Θ = {µi,Σi, αi, ci, ϕskin, ϕapp} via the fol-
lowing objective:

min
Θ

∑
k

∥∥∥Î(pk; Θ)− Ik

∥∥∥2
2
+ λregR(Θ), (17)

where R(Θ) contains regularization terms for opacity,
scale, skinning sum consistency, and ARAP constraints.
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Figure 2. This stage refines the coarse Gaussian renderings generated after joint fine-tuning using a structure-conditioned diffusion module. The pipeline
first encodes both the coarse render and the corresponding robot skeleton, obtained through forward kinematics of joint angles, into latent representations
using a VAE encoder. The ControlNet module injects structural guidance from the skeleton map into the diffusion process, and the UNet predicts the refined
latent that enhances high-frequency details such as metallic reflections, thin links, and cables. The VAE decoder reconstructs the final high-fidelity image,
yielding visually sharper and geometrically consistent outputs that respect the robot’s kinematic structure.

3.5. Stage III: Diffusion-Based Rendering Refine-
ment

Conditioning Design. In this stage, a coarse RGB image
Icoarse is rendered from the output of Stage II, and a skeleton
map S is generated using Forward Kinematics (FK). These
are resized and fed into a ControlNet-augmented Stable Dif-
fusion model to refine the render.

Single-Step Refinement. We use a single step of diffu-
sion to refine the image, with a fixed 256 × 256 size for
the image and skeleton map. The residual r is predicted by
the ControlNet, and the U-Net performs one DDIM step to
generate the refined image:
ẑ = zcoarse−εθ(zcoarse, 0, c, r), Iref = VAE dec(ẑ). (18)

Loss and Masking. The refinement loss is computed as:
Lref = ∥M ⊙ (Iref − Igt)∥1 + λp∥ϕ(Iref)− ϕ(Igt)∥22, (19)

where M is the robot mask to avoid overfitting the back-
ground, and ϕ extracts features using a VGG-16 relu3 3
layer.

3.6. Motivation and Insights

The development of GRADRobot stems from the need to
address several key challenges in 3D scene reconstruction
and robotic motion capture, particularly for highly dynamic
and articulated objects like robots. The primary motivation
behind our approach is to leverage the flexibility of Gaus-
sian fields for 3D scene representation while ensuring the
preservation of important kinematic and geometric proper-
ties in the reconstruction. Several insights guide the design
of the GRADRobot method:

1. Geometry and Motion Separation: A common chal-
lenge in 3D reconstruction from RGB(-D) supervision is the

entanglement of geometry and motion. In traditional meth-
ods, geometry and motion are often learned together, lead-
ing to pose-dependent artifacts and drift. The key insight
here is that by decoupling these two factors, we can improve
the accuracy and stability of the reconstruction. Our method
anchors the Gaussians to a canonical pose in the first stage,
ensuring that the learned geometry is not influenced by pose
variations. This separation allows for more precise geom-
etry learning before introducing pose-dependent deforma-
tions in the subsequent stages. This decoupling idea has
been previously explored in methods such as [2] and [31],
where separating geometry and motion is shown to improve
reconstruction quality.

2. Gaussian Fields for Continuous Scene Representa-
tion: Gaussian splatting has proven to be an effective way
to represent 3D scenes with a continuous and smooth sur-
face. The flexibility of Gaussian fields enables us to model
complex 3D shapes and deformations, making it particu-
larly suitable for dynamic objects like robots. Addition-
ally, the anisotropic nature of the Gaussians allows for better
handling of fine details and complex geometries, such as the
intricate wiring and articulation of robot limbs. This contin-
uous representation also facilitates differentiable rendering,
allowing for direct optimization from image-based supervi-
sion. Gaussian splatting as a continuous representation has
been widely used in recent works like [20].

3. High-Frequency Detail Restoration: While Gaussian
fields are excellent at capturing the overall structure of an
object, they can struggle to preserve high-frequency details
such as thin cables, reflections, or other fine surface details.
The final stage of GRADRobot employs a diffusion model,
augmented by ControlNet, to restore these high-frequency
details. This insight leverages the power of generative mod-
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Figure 3. Chamfer-Distance Visualization on the ufactory xarm7 and google robot. (a,d) DrRobot; (b,e) Ours; (c,f) Planar slice. Our method significantly
reduces high-error regions (yellow) and avoids internal artifacts within hollow links.

Table 1. Mean Chamfer Distance (lower is better; ×10−3 m) over 50 random test poses per robot.

Method Shadow Hand Unitree G1 Unitree H1 Google Robot ViperX300 xArm7 Unitree GO1 Unitree GO2 UR5 Average

DrRobot 0.1372 0.3344 0.5119 0.2956 0.1292 0.4321 0.3103 0.1697 0.3009 0.2913
Ours w/o Geo Loss 0.1273 0.2078 0.3162 0.2937 0.1019 0.2001 0.1885 0.1152 0.2409 0.1991
Ours 0.1210 0.1895 0.3083 0.2827 0.0846 0.1936 0.1538 0.1053 0.2205 0.1844

els to refine the output of the earlier stages, ensuring that
the reconstructed scene is both geometrically accurate and
visually detailed. Recent work in neural rendering and gen-
erative modeling, such as [38], has demonstrated the ability
of diffusion models to refine and generate realistic textures
and fine details.

4. Structural Prior from Skeletons: The use of a robot
skeleton as a structural prior in the diffusion refinement
stage offers another key insight. By incorporating kinematic
constraints into the generative process, we ensure that the
refined details are consistent with the robot’s physical struc-
ture and movement. This approach allows us to capture sub-
tle details that would otherwise be difficult to model, such as
the bending of cables or the specular reflections on metallic
surfaces, while maintaining realistic motion and structure.
Similar ideas have been explored in [25] and [16], where
skeleton-based priors help improve the consistency and re-
alism of generated results.

These insights drive the GRADRobot pipeline to achieve
both accurate 3D reconstructions and realistic motion mod-
eling, paving the way for more effective robotic design, sim-
ulation, and real-time applications.

4. Experiments
4.1. Setup

4.1.1 Robots and Pose Splits

We evaluate our method on a synthetic benchmark gen-
erated using MuJoCo [43], which includes nine different
robot morphologies: industrial arms, mobile quadrupeds,
and dexterous hands. Each robot is standardized in terms of
lighting and material properties, with fixed joints removed
to ensure controlled comparisons across models.

Pose Splits. To evaluate performance, we divide the poses
into three distinct splits:
• Canonical poses: 500 collision-free poses are used solely

for Stage I supervision and optional deformation pretrain-
ing (Sec. 3.4).

• Training poses: 10,000 poses are sampled with up to 10
collisions per pose to increase diversity in the training set.

• Test poses: 500 held-out poses, sampled in the same man-
ner as the training set, but are not used during optimiza-
tion.

4.1.2 Cameras and Rendering

Each pose is rendered from 12 distinct RGB-D viewpoints
at a resolution of 256×256. Cameras are distributed by
sampling the azimuth in three bins with jitter (covering the
range [−180◦, 180◦]), elevation from the set {−45◦, 45◦},
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Figure 4. Qualitative comparison across robot morphologies. Columns: Unitree H1, Unitree GO2, UR5, UFactory xArm7, Unitree G1, Unitree GO1,
Trossen VX300S, Google Robot, Shadow Hand. Rows: Dr Robot (top), GRADRobot (middle), Ground Truth (bottom). GRADRobot recovers thinner
links and sharper boundaries, reduces pose-dependent artifacts (e.g., leakage inside hollow links), and visually aligns with the ground truth under novel
poses/views, matching the quantitative gains in higher PSNR and lower Chamfer Distance.

Table 2. Average PSNR (dB) on held-out test poses and views.

Method Shadow Hand Unitree G1 Unitree H1 Google Robot ViperX300 xArm7 Unitree GO1 Unitree GO2 UR5 Average

K-Plane 9.74 11.23 8.26 13.21 8.45 18.93 11.23 8.41 13.63 11.45
DrRobot w/o Deform 29.75 26.95 26.08 30.89 29.73 31.68 26.95 28.16 26.35 28.50
DrRobot 31.44 28.31 27.77 32.60 30.59 33.25 29.74 29.60 32.01 30.59
Ours w/o Geo Loss 30.85 28.30 25.80 33.11 30.09 35.71 30.12 31.72 32.80 30.94
Ours w/o Refine 31.25 29.49 28.07 34.20 30.84 37.95 31.27 31.41 32.92 31.93
Ours 31.86 29.69 28.12 35.53 31.08 36.51 32.01 33.94 33.43 32.46

and radius from the set {1.0, 2.0} × d where d is the scene
scaling factor. The RGB-D frames are back-projected us-
ing Open3D into world coordinates, followed by voxel-
downsampling at a resolution of 0.01 m. These per-view
point clouds are fused and adaptively voxelized (starting at
0.005 m and increasing by 1% until the cloud contains no
more than 10k points), yielding a single ground-truth fused
point cloud per pose.

4.2. Baselines and Evaluation Protocols

4.2.1 Baselines

We compare our method against several baselines:
• DrRobot: Our re-implementation of Gaussian splats with

kinematics-aware deformation and joint fine-tuning.
• DrRobot w/o Deform: A variant using only canonical

reconstruction, omitting the deformation stage.
• K-Plane: A 2D layered field proxy used as an image-only

baseline for comparison.
We also perform ablation studies, such as:
• Ours w/o Geo Loss: Removing the depth and normal

anchoring in Stage I.

• Ours w/o Refine: Disabling the diffusion-based refine-
ment in Stage III.

4.2.2 Training and Evaluation Parity

All methods are trained and evaluated using the same
train/test splits, camera setups, and background conditions
to ensure a fair comparison. We use fixed random seeds
across all dataloaders and report the results on the held-out
test poses only.

4.2.3 Metrics

Geometry (Chamfer Distance). We evaluate the symmet-
ric Chamfer Distance (CD) between the predicted model
surfaces and the fused ground-truth point clouds. To avoid
bias in representation, both our method and DrRobot are
evaluated using uniform surface samples. For Gaussians,
the points are sampled on ellipsoid iso-surfaces after the
Linear Blend Skinning (LBS) transformation, while for
meshes, the points are sampled uniformly across triangle
areas.



Image Quality. The Peak Signal-to-Noise Ratio (PSNR)
is reported for full-frame renders at a resolution of
256×256. Additionally, masked-robot PSNR and Structural
Similarity Index (SSIM) scores are included in the supple-
mentary material.

4.3. Geometry Results: Chamfer Distance

Metric. The Chamfer Distance (CD) between a predicted
surface P̂ and a ground-truth cloud P is computed as fol-
lows:

CD(P̂,P) =
1

|P̂|

∑
x∈P̂

min
y∈P

∥x− y∥22

+
1

|P|
∑
y∈P

min
x∈P̂

∥y − x∥22.
(20)

Protocol. We sample 50 random test poses per robot, ap-
ply the learned models via LBS, export approximately 50k
surface samples, and report the means over these poses.
95% confidence intervals (CIs) are provided in the supple-
mentary material.

Results. Table 1 shows a 37% average reduction in CD
compared to DrRobot. Figure 3 visualizes the per-point er-
rors and a planar slice of the surfaces, illustrating that our
method reduces internal artifacts and avoids dense error re-
gions in hollow links, indicating better surface anchoring
and deformation coherence.

Ablation: Geometry Anchoring. When we remove the
depth/normal anchoring (”Ours w/o Geo Loss”), the CD
increases across robots. Re-adding the depth and normal
losses results in an additional ∼8% reduction in CD on av-
erage.

4.4. Image Quality Results: PSNR

Protocol. For each test pose, we render the scene from
12 distinct cameras at a resolution of 256×256 and com-
pute the Peak Signal-to-Noise Ratio (PSNR) relative to the
ground-truth RGB. Unless otherwise specified, PSNR is
computed on full-frame renders. The masked-robot PSNR
and SSIM results are reported in the supplementary mate-
rial. All methods use identical camera intrinsics and back-
grounds.

Results and Analysis. Table 2 shows consistent improve-
ments in PSNR. Our full pipeline yields a PSNR improve-
ment of 0.6–1.2 dB over the pose-conditioned splatting
stage and more than 1 dB over DrRobot on average. Quali-
tative results shown in Figure 4 highlight that our diffusion
refinement stage restores thin links and sharp edges, while
preserving the intended kinematic pose.

Ablations. Disabling the diffusion stage (Ours w/o Re-
fine) results in a decrease in mean PSNR by −0.7 dB, con-
firming the contribution of the refiner is non-trivial and can-
not be replaced by splatting alone. Removing the geome-
try anchoring also lowers PSNR (from 32.46 to 30.94 dB),
which aligns with the increase in CD.

5. Conclusion
GRADRobot fuses surface-anchored 3-D Gaussian splat-
ting with a pose-aware diffusion refiner, producing sharper
renders and tighter geometry for articulated robots. Across
nine robot models it cuts Chamfer Distance by up to 37 %
and boosts PSNR by 0.6–1.2 dB over Dr Robot, all while
preserving real-time speed. The study shows geometry
losses and diffusion are complementary—one locks Gaus-
sians to the true surface, the other restores high-frequency
detail.
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