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Abstract. We present Generative Relightable Avatars (GRA), a person-
specific method for photorealistic free-view rendering and environment-
map relighting of full-body humans. We postulate that modeling fine-
grained appearance details is inherently a one-to-many problem that
can benefit from a generative formulation. In contrast to fully regres-
sive relightable avatar methods, GRA follows a hybrid approach that
combines controllable, physics-grounded relighting with probabilistic re-
finement. Starting from a tracked animated mesh, we optimize material
parameters in UV-space and render a coarse relit appearance under a
target HDR environment map. Next, we refine the textures with a feed-
forward model to capture pose-dependent texture dynamics and illumi-
nation effects beyond simplified reflectance assumptions. Finally, a fine-
tuned video-to-video diffusion model transforms the physically grounded
renderings into temporally coherent, high-detail videos while preserving
3D control, with an error-recycling strategy for generating long videos.
Experimental evaluations demonstrate our method’s improved percep-
tual quality over prior relightable avatar baselines. We urge the readers
to watch the supplementary video. See the project page for more details.
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1 Introduction
Developing photorealistic digital human avatars that can be realistically relit
under arbitrary illumination remains a long-standing goal in computer vision
and graphics, central to applications in telepresence, virtual production, and
AR/VR. The challenge is particularly acute for full-body, clothed humans un-
der dynamic motions, where minute appearance cues like wrinkles and shading
critically influence realism.

Prior works on relightable 3D avatars largely fall into two categories. One
line of work comprises deterministic pipelines that reconstruct a controllable
3D human representation, estimate explicit reflectance factors, and render novel
views under novel illumination via physically based rendering or a feed-forward
model [2, 3, 10, 19, 29, 30, 36]. While such methods provide strong 3D controlla-
bility, their inherent determinism and limited reflectance modeling restrict their
ability to capture the one-to-many relationship between skeletal motion and fine
appearance details, leading to over-smooth renderings. In contrast, a second line
of methods adopts generative relighting in the image or video domain, producing
convincing lighting changes [8,20] but typically lacking physical consistency and
explicit 3D control, limiting their applicability for free-viewpoint rendering.

https://vcai.mpi-inf.mpg.de/projects/GRA/
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Fig. 1: We present Generative Relightable Avatars, a novel method that enables pho-
torealistic relighting of full-body humans in motion. From pose, viewpoint, and illumi-
nation as input, our method generates temporally consistent, physically grounded ren-
derings under novel lighting, which also qualitatively generalizes to out-of-distribution
one-light-at-a-time (OLAT) setups and near-field lighting effects. This enables the re-
alistic placement of dynamic humans into arbitrary virtual environments.

To address these challenges, we introduce Generative Relightable Avatars
(GRA), a relightable framework for generating pose-driven photorealistic ren-
derings under arbitrary viewpoints and illumination. Rather than asking a single
generative model to jointly infer geometry, motion, viewpoint, and lighting, we
adopt a coarse-to-fine decomposition: (i) an explicit 3D avatar provides control-
lable, physically grounded intermediate renderings under the target environment
map, and (ii) a conditional video generative model probabilistically synthesizes
the fine-scale details that are inherently stochastic and ambiguous under imper-
fect tracking, as shown in Fig. 1.

Concretely, we first train a person-specific parametric avatar that maps tracked
3D motion and camera parameters to a temporally consistent animated mesh.
We optimize person-specific material parameters in UV space and render the
mesh under a target environment map using a microfacet reflectance model [4].
A lightweight neural model, RelightNet, then captures illumination effects be-
yond the simplified reflectance assumptions and models pose-dependent texture
dynamics in UV space. By construction, this stage supports novel viewpoint syn-
thesis, yielding physically grounded renderings that capture the overall lighting
response but remain visually coarse.

In the second stage, we finetune a video generative model to resolve the one-
to-many ambiguity in high-frequency appearance by formulating it as a video-to-
video task over the coarse physically-based renderings. We introduce an Atempo-
ral Cross-Attention block to inject illumination conditioning by cross-attending
per-frame environment maps with the corresponding video frames. This encodes
per-frame lighting correspondence as an inductive bias, motivated by our train-
ing data where every frame is captured under a distinct illumination. To support
long dynamic motions beyond the limited generation horizon of current video
diffusion models, we integrate an error-recycling strategy [15] that maintains
temporal consistency over substantially longer sequences.

In summary, our contributions are threefold.
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– We propose a system for relightable human avatars that combines physi-
cal plausibility with photorealism through a hybrid explicit and generative
pipeline, enabling the sampling of diverse wrinkle patterns.

– A video relighting generative model that introduces novel lighting controls to
a video-to-video generative model, while ensuring long-form video generation

– We achieve state-of-the-art results with qualitative out-of-distribution per-
formance on unseen environment illumination, including OLAT sequences.

2 Related Work
2.1 3D Full-body Relightable Avatars.

Recovering a relightable full-body human avatar from images has been widely
studied, with approaches differing primarily in their assumptions about illumi-
nation calibration, sensor setup, and appearance representation. Most methods
formulate the problem as inverse rendering, where geometry, material, and illu-
mination parameters are optimized through a differentiable rendering pipeline
to match observed images.
Inverse Rendering under Uncalibrated Illumination. A large body of
work targets relightable avatar reconstruction from casually captured images
under unknown lighting [2, 3, 9, 10, 29, 35, 36, 41], where single-view or multi-
view observations are used to jointly estimate environment illumination along
with dynamic geometry and material properties. However, recovering illumina-
tion jointly with material and geometry introduces severe ambiguities, often
necessitating strong priors or simplified reflectance models. To make the prob-
lem tractable, most approaches adopt analytic BRDFs such as microfacet [3,19],
Disney [29], or Lambertian models [9, 34], and represent appearance using im-
plicit neural fields defined in a canonical pose and deformed into observation
space via skinning [3], enabling differentiable rendering but complicating accu-
rate visibility reasoning. Subsequent works improve shading fidelity by combining
explicit meshes with implicit material fields [2], allowing more reliable surface
normals and view-dependent effects. Significant effort has also been devoted
to accelerating visibility and light transport computation; for example, Xu et
al. [36] introduce hierarchical distance queries to efficiently compute ray–surface
intersections in deforming implicit fields, while Zhao et al. [41] use surfel-based
representations to speed up visibility estimation. Despite these advances, uncal-
ibrated inverse rendering methods often suffer from residual lighting–material
ambiguity, and render over-smoothed appearance.
Relighting with Calibrated Illumination. To alleviate illumination ambi-
guity, several methods assume partially or fully calibrated lighting during cap-
ture. Relightable Neural Actor [19] leverages a small set of known illumination
conditions, simplifying optimization and improving shading consistency. More
recently, Relightable Full-body Gaussian Codec Avatars [30] exploit a lightstage
setup with hundreds of illumination conditions, obtained via randomized group-
ings of OLAT measurements, to densely sample the illumination basis space and
tightly constrain material estimation. While calibrated lighting significantly im-
proves physical correctness, these methods still rely on deterministic appearance
models and remain sensitive to tracking errors and limited pose coverage.
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2.2 Generative Relighting Methods.
Generative priors have been transformative in estimating the geometry [25, 33],
and material [32,38] properties of objects from input images. Image-space diffu-
sion models have been successfully adapted to perform scene relighting [5,12,39],
portrait relighting [1,14,21,22] and associated tasks such as shadow editing and
harmonization [23, 37]. More recent works like Comprehensive Relighting ad-
dress the broader human setting with temporal input and background harmo-
nization [27]. Closely related to our setting are the works that perform video re-
lighting via video diffusion models or diffusion-based neural rendering [16,20,28].
While these approaches produce highly photorealistic lighting effects, they typi-
cally operate in the image plane and, therefore, offer limited explicit 3D control.
In contrast, our work couples an explicit, pose- and view-controllable full-body
relightable avatar with a conditional video generative refinement model.

3 Method
Our goal is to perform physics-guided, photorealistic relighting of a human char-
acter performing motion θ, rendered from arbitrary viewpoint κ under arbitrary
environment lighting E. As motion is a sparse input signal, rendering fine-grained
appearance details such as wrinkles is inherently a one-to-many task: the same
skeletal motion can explain a variety of wrinkle patterns and appearance effects.
This motivates us to seek a generative solution to the task, where the character’s
appearance, z, can be modeled as a conditional distribution p(z|θ,κ,E) over the
skeletal motion, camera viewpoint and the environment illumination.

However, jointly learning the conditional probability distribution above is
challenging as the model needs to precisely disentangle the effects of illumina-
tion, viewpoint and motion. Therefore, we follow a divide-and-conquer approach
and reformulate the task as p(z|θ,κ,E) = p(z|z′,E), where z′ = q(θ,κ,E)
is a deterministic function representing the intermediate, coarse renderings of
a mesh avatar illuminated with E and rendered from the target viewpoint κ.
This simplifies the generative task to that of modeling the fine-grained details
like wrinkles, and generating realistic illumination-dependent effects like shad-
ows and specularity from coarse guidance. In practice, we model p(z|z′,E) by
adapting a video-to-video generative model to accept illumination condition-
ing. The intermediate representation z′ = q(θ,κ,E) is modeled by taking a
person-specific 3D avatar [7] and making it relightable by optimizing material
properties under approximate reflectance assumptions, followed by learning pose
and illumination-dependent effects with a feed-forward neural network.

Fig. 2 outlines our overall schema. Following a coarse-to-fine strategy, we
first use a mesh-based 3D avatar that predicts a coarse surface from skeletal mo-
tion. On this surface, an explicit physics-based texture produces an approximate
relighting of the character under novel illumination (Sec. 3.1). A subsequent feed-
forward network, RelightNet, then approximates illumination-dependent effects
beyond the coarse microfacet approximation, yielding a coarse, but physically
grounded relit appearance (Sec. 3.2). Fine-scale details are modeled probabilis-
tically using a generative model for refinement (Sec. 3.3), capturing the inherent
ambiguity in mapping pose to high-frequency appearance variations.
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Fig. 2: Overview. Given skeletal motion θ, viewpoint κ, and environment illumina-
tion E, GRA outputs a photorealistic rendering of the character avatar in three steps:
(a) A person-specific animatable mesh predicts pose-dependent geometry M , relit un-
der a microfacet BRDF to produce a coarse appearance (Sec. 3.1), which is refined
by (b) RelightNet to capture illumination- and pose-dependent effects (Sec. 3.2). (c)
Finally, a finetuned video diffusion model synthesizes fine-scale details conditioned on
the coarse renderings and per-frame environment maps (Sec. 3.3). Blue arrows indicate
the inference path; red arrows indicate gradient propagation.

3.1 Physics-based Texture

We begin with a person-specific parametric body model [7] that is trained to
produce a temporally consistent character mesh Mt, given the input skeletal
motion θt at time t. The parametric model is also trained to produce dynamic,
view-dependent textures, but is agnostic to the target illumination E. Therefore,
our first goal is to obtain a physics-guided approximation of the character’s
appearance under novel lighting that can effectively guide subsequent learned
relighting. To this end, we introduce an explicit, physically motivated texture
that approximates the rendering equation for a deforming human surface.

The outgoing radiance Lo at a surface point x with outgoing direction ωo is
given by the rendering equation [13]:

Lo(x,ωo) =

∫
ωi

fr(x,ωi,ωo)Li(x,ωi)V (x, ωi)⟨ωi,n⟩dωi, (1)

where ωi is the incoming light direction, n is the normal at x, fr is the surface
BRDF, Li is the incoming light intensity and V indicates visibility. We model
the surface reflectance using a simplified Cook–Torrance microfacet BRDF [4],
parameterized by spatially varying albedo a and roughness r maps:

fr(x,ωi,ωo) = BRDF(ωi,ωo;a(x), r(x)). (2)
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As the albedo and roughness maps are unknown, we optimize for them by
evaluating Eq. 1 in the UV space of Mt under a one-bounce assumption using
the known mesh geometry, camera parameters κ, and environment map E:

a∗, r∗ = argmin
a,r

∑
t

∥∥P(Mt,κ,E;a, r)− Igt
t

∥∥
1

(3)

where P(·) denotes the differentiable rendering of the mesh under the microfacet
BRDF, and Igt

t is the ground-truth image. This optimization yields a coarse UV-
space texture Icoarset under arbitrary illumination (see Fig. 2).

While approximate, Icoarse
t encodes physically meaningful dependencies on

geometry, view direction, and illumination, and serves as a strong physics-guided
inductive bias for subsequent learned relighting.

3.2 RelightNet

The explicit physics-based texture Icoarset estimated above provides a physically
grounded but coarse approximation of surface appearance as can be seen in
Fig. 2. This approximation has two key limitations: (i) due to the restricted
expressiveness of the microfacet BRDF and the single-bounce assumption, it
does not span the full space of relit appearances observed in real data; and (ii)
the use of a static UV texture on an imperfectly tracked deforming mesh leads
to pose-dependent smoothing of high-frequency appearance.

To address these limitations, we introduce RelightNet R, a feed-forward neu-
ral model that approximates the complete rendering equation in the UV space
of the tracked mesh. RelightNet learns a mapping from illumination, geometry,
and view configuration to the final relit mesh texture It as:

It = R
(
Et, I

coarse
t ,N t−k:t,Ct

)
, (4)

where Et denotes the environment illumination, Icoarse
t is the coarse relit texture

from Sec. 3.1, N t−k:t is the set of surface normal maps with a history of k
frames, and Ct encodes the per-texel view direction to the camera center. The
relit texture It is projected back onto the mesh and rasterized into camera κ to
get the relit rendering Iκ

t .
RelightNet follows the UNet-based architecture proposed in RHC [24] and

operates entirely in the UV texture space. It uses cross-attention to condition
the texture prediction on the environment map E, enabling efficient relighting of
dynamic human characters under arbitrary illumination. The predicted texture is
trained using L1 loss with ground truth images. Unlike RHC [24], which leverages
image observations to transfer details in texture space, we rely only on the coarse
geometry and derived features, recovering fine details generatively (Sec. 3.3).

3.3 Generative Refinement

While RelightNet produces physically grounded appearance, its deterministic
output Iκ

t tends to regress to the mean for stochastic high-frequency details
such as dynamic wrinkles. To recover these details, we formulate a probabilistic
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Fig. 3: Generative Refinement. Given the coarse renderings of the character from
a target viewpoint, we finetune the WAN2.1-VACE architecture to produce fine-
grained renderings. Environment illumination is introduced through Atemporal Cross-
Attention that performs per-frame attention between Envmap tokens and video tokens.

solution by introducing a generative refinement stage that treats the final ap-
pearance as a conditional distribution. We leverage a pretrained video generation
backbone based on Latent Flow Matching (LFM) [17], adapted to incorporate
lighting controls. Importantly, we do so in the image space instead of the UV
texture space to best leverage the learned priors of the pre-trained video models.

We operate in the latent space Z of a pre-trained 3D VAE, where a video
sequence V is encoded as latent z = E(V) via the VAE encoder. LFM defines a
velocity field v that describes the probability path ps(z) between an initial noise
distribution p0 = N (0, I) at flow-step s = 0 and the target data distribution
p1 at s = 1. Following LFM [17], we define a linear probability path: zs =
(1 − s)z0 + sz1, where z1 is the encoded clean latent and z0 ∼ p0 is Gaussian
noise. The velocity field v(zs, s, c) is modeled by a neural network trained to
regress the field by minimizing:

LFM = Es ∥v(zs, s, c)− (z1 − z0)∥2 , (5)

where s ∼ U [0, 1] and c is the conditional context. During inference, we solve
the Ordinary Differential Equation (ODE) from s = 0 to s = 1 using an ODE
solver (e.g., Euler). The final conditionally generated video is recovered via the
VAE decoder V̂ = D(z0).

In our case, the conditioning set c = {Iκ,E} comprises of the coarse image-
space renderings of the RelightNet output and the target illumination. Since
the coarse renderings Iκ are pixel-aligned with the target photorealistic output,
this can be formulated as a video-to-video generation task, allowing us to use
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WAN2.1-VACE [11] as the pretrained backbone. Built on top of WAN2.1 [26],
WAN2.1-VACE is a video-to-video model that allows video generation with
spatio-temporal control derived from a given reference video. In addition, we
propose to use atemporal cross-attention to introduce the per-frame environ-
ment maps E ∈ RT×256×512×3 into the WAN2.1 architecture.

VACE Control. To introduce precise spatio-temporal control from the Re-
lightNet output, the WAN DiT backbone is augmented using VACE [11], which
extends the base model with adapter layers that accept a reference video as a
spatio-temporal conditioning signal.

Central to VACE is a concept decoupling mechanism that separates the con-
ditioning signal into two complementary components via a Video Control Unit
(VCU). Given the coarse RelightNet rendering Iκ ∈ RT×H×W×3 and a per-
frame binary mask M ∈ RT , frames are partitioned into reactive frames, which
the model actively refines, and inactive frames, which serve as fixed temporal
anchors:

Freac = Iκ ⊙M, Finac = Iκ ⊙ (1−M). (6)

The reactive component captures the frames to be refined under the target il-
lumination, while the inactive component provides stable spatial and temporal
context that anchors the generation and prevents content drift. Both compo-
nents, together with the mask M, are encoded via the 3DVAE encoder and con-
catenated channel-wise to form the VCU input. This is processed by dedicated
attention blocks within the VACE adapter and fused into each DiT block of
the WAN2.1 backbone as an additive residual, propagating the spatio-temporal
conditioning signal throughout the full depth of the network.

In addition to the coarse renderings, we provide a reference image Iref of
the subject captured under neutral illumination from the training set, which
is passed to the VACE VCU alongside the coarse renderings. We append one
additional token to the DiT corresponding to this reference image, with a velocity
target defined from noise to its encoded latent. Since the model must reproduce
the reference image at this token, it is encouraged to attend to the subject’s
identity-specific appearance independently of the target lighting condition.

During training, we leverage this decoupling to teach the model temporal
continuation. Specifically, we replace the first 5 frames of Iκ with ground-truth
frames with probability 40%, marking them as inactive with M1:5 = 0 and setting
M6:T = 1 for the remaining frames. This trains the model to treat the seed frames
as a fixed spatio-temporal reference and coherently continue the sequence from
them, which is the key capability exploited during infinite rollout at inference
time (Sec. 3.3).

Atemporal Lighting Conditioning. We train our model on the RHC dataset [24],
which captures human performance under a distinct environment map in each
frame. While the coarse RelightNet renderings Iκ encode approximate lighting,
they lack explicit global illumination context, forcing the generative backbone
to infer target lighting from limited cues.
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To provide direct per-frame lighting information, we introduce atemporal
lighting conditioning, which encodes each environment map {Et} (transformed
to camera space {Eκ

t }) into a latent space using the WAN2.1 3DVAE encoder:

ℓ = E({Eκ
t }), (7)

yielding temporally-aligned embeddings ℓ ∈ RT ′×H′×W ′×d. Each latent ℓi is
injected into the corresponding DiT feature f i via cross-attention, with f̃ =
Concati(CrossAttn(f i, ℓi)). No temporal cross-attention is applied, ensuring each
frame is conditioned only on its own environment map.

As shown in the OLAT results of our supplementary video, this explicit
per-frame illumination context enables the model to faithfully reproduce fine-
grained, temporally varying lighting while preserving motion priors.

Error Recycling. Although history-anchored conditioning (Sec. 3.3) improves
temporal continuation, long-horizon generation remains susceptible to drift due
to the distribution mismatch between ground-truth context observed during
training and self-generated context at inference.

To mitigate this, we adopt Error Recycling, recently introduced in Stable
Video Infinity [15]. The key idea is to re-inject reconstruction residuals from
previous model predictions as stochastic perturbations during subsequent train-
ing iterations. This explicitly trains the model to recover from errors induced
by its own predictions. Concretely, given potentially perturbed clean and noisy
latents z̃1 and z̃0, we construct the noisy latent z̃s = (1−s)z̃0+sz̃1, and define
the target velocity vrcy

s = z1 − z̃0, where the target always points to the clean
latent z1 regardless of the perturbation applied to z̃0, encouraging the model to
correct corrupted trajectories back toward clean outputs.

The model predicts velocity v(z̃s, s, c), from which we obtain first-order es-
timates of the clean and noisy latents:

ẑ0 = z̃s − s v(z̃s, s, c), ẑ1 = z̃s + (1− s) v(z̃s, s, c). (8)
Analogously, using the target velocity vrcy

s , we define reference reconstruc-
tions to obtain a consistent reference under the ground-truth velocity:

zrcy
0 = z̃s − s vrcy

s , zrcy
1 = z̃s + (1− s) vrcy

s . (9)
The reconstruction residuals can then be computed as: e0 = ẑ0 − zrcy

0 , and
e1 = ẑ1− zrcy

1 . These residuals are stored in an Error Cache and reused in sub-
sequent iterations to perturb all latents involved in history-conditioned training:

z̃0 ← z0 + e0, z̃1 ← z1 + e1, z̃inac ← zinac + e1, (10)
where zinac = E(Finac) denotes the VAE-encoded inactive conditioning frames.
Each perturbation is applied independently with probabilities 0.01, 0.9, and 0.9,
respectively. Training proceeds with the standard velocity regression objective
under the perturbed latent distribution:

LER = Es ∥v(z̃s, s, c)− (z1 − z̃0)∥2 . (11)

By exposing the model to trajectories corrupted by its own reconstruction resid-
uals, error recycling explicitly regularizes against accumulation of temporal drift
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Fig. 4: Qualitative Results. GRA generates photorealistic free-view renderings of
dynamic humans under novel poses, viewpoints, and illumination. Characters are seam-
lessly placed into diverse real-world environments, demonstrating realistic relighting,
coherent shading, and consistent appearance under challenging lighting conditions. No-
tably, our physics-grounded model is able to generalize to OLAT lighting conditions
despite not having seen these at training time.

and improves stability in long-form generation. As demonstrated in the supple-
mentary video, it plays a key role in preserving high-frequency motion fidelity
over extended sequences. For training details, see the supplementary material.

4 Experiments
We demonstrate that our method produces photorealistic renderings under novel
poses, viewpoints, and illumination conditions in Fig. 4, across both indoor and
outdoor environments. Owing to the physically grounded nature of our relighting
formulation, our approach generalizes to one-light-at-a-time lighting setups even
though such conditions are not observed during training.
Dataset. We use the Relightable Holoported Characters (RHC) dataset, pro-
viding 40 synchronized camera viewpoints of five subjects performing diverse
motions, with interleaved uniformly lit and relit frames. Training uses 1,015
HDR environment maps from the Laval Indoor dataset [6]; testing uses 8 un-
seen environments. Test sequences consist of 128 consecutive relit frames under
a fixed environment. Each subject has 28,420 training and 14,336 testing frames
per camera, captured at 60 Hz. We evaluate on four subjects, training all com-
ponents per-subject, with 37 cameras for training and 3 held out for testing.
Metrics. We report PSNR, SSIM [31], and LPIPS [40] averaged over every 10th
frame across held-out test views, evaluated on the middle frame of a 17-frame
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Table 1: Quantitative Evaluation. We compare our method to prior methods for
human performance relighting, including Relighting4D (R4D) [3]. Following RHC [24],
we provide high-quality DDC-tracked meshes and calibrated ground-truth environment
maps for multi-view training. This training protocol is further extended to IntrinsicA-
vatar (IA) [29], MeshAvatar (MA) [2], and DNF-Avatar (DNFA) [10]. Our method
achieves the best perceptual quality across all subjects.

Method
Subject 1 (S1) Subject 2 (S2) Subject 3 (S3) Subject 4 (S4)

PSNR↑ LPIPS↓ SSIM↑ FVD↓ PSNR↑ LPIPS↓ SSIM↑ FVD↓ PSNR↑ LPIPS↓ SSIM↑ FVD↓ PSNR↑ LPIPS↓ SSIM↑ FVD↓

R4D [3] 29.89 10.31 87.15 247 31.13 8.04 87.08 161 29.32 10.62 87.67 186 31.98 10.07 87.90 168

IA [29] 27.25 18.25 81.39 408 28.87 15.43 82.07 345 26.14 22.52 79.07 621 29.50 18.46 82.91 354

MA [2] 29.71 9.09 84.69 77 30.36 8.03 84.99 74 28.35 10.16 84.60 64 31.13 8.50 84.59 73

DNFA [10] 26.32 11.57 82.50 212 28.57 9.40 82.92 131 26.37 12.04 82.26 150 29.31 10.82 84.12 124

Ours 30.49 6.42 87.52 49 31.15 5.64 87.50 48 29.11 7.40 87.16 52 32.09 6.55 87.35 63

generation window to avoid boundary effects. We also report FVD [18], computed
on 17-frame clips sampled every 200 frames, to capture temporal coherence and
overall video realism.
Baselines. We compare against state-of-the-art relightable 3D avatar methods.
For R4D [3], we extend it to a motion-driven setting with multi-view super-
vision and ground-truth environment maps, replacing its SMPL mesh with our
higher-quality DDC-tracked mesh for a fair comparison. We also compare against
IntrinsicAvatar (IA) [29], MeshAvatar (MA) [2], and DNF-Avatar (DNFA) [10],
trained with multi-view supervision and ground-truth envmaps using their stan-
dard SMPL-based representations, as their tight coupling with SMPL/SMPL-X
prevents substitution with our DDC mesh. We exclude Relightable Full-Body
Gaussian Codec Avatars [30] as its implementation is not publicly available.

4.1 Comparisons on Novel Sequences, Viewpoints, and Lighting
Quantitative Comparisons. Tab. 1 reports results on novel sequences under
novel viewpoints and unseen lighting. Our method outperforms all baselines in
perceptual quality across all subjects. R4D with DDC tracking surpasses IA and
MA on PSNR and SSIM, confirming the importance of accurate geometry for
pixel-wise metrics. MA achieves sharper results than IA and R4D via its hybrid
explicit-implicit representation, but remains limited by pose-only conditioning
and restrictive BRDF assumptions. DNFA improves perceptual sharpness over
its teacher IA via a more expressive Gaussian representation, but inherits its
tracking limitations and remains less robust than MA. Our method achieves the
best perceptual and video performance across all subjects.

We note that PSNR and SSIM are imperfect proxies for relighting quality:
both favor blurry, deterministic outputs, and fine-scale details like wrinkles are
inherently ambiguous at test time. LPIPS and FVD better reflect the perceptual
gains of our approach.
Qualitative Comparisons. Fig. 7 shows our qualitative comparisons. Our
method produces sharp, physically plausible relighting with dynamic wrinkles,
while all baselines yield noticeably blurrier results due to deterministic pose con-
ditioning. R4D produces over-smooth results. IA additionally suffers from SMPL
tracking inaccuracies, leading to further loss of detail. MA generates compara-
tively sharper textures but fails to reproduce fine-scale material responses. DNFA
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Table 2: Ablation Study. We ablate different design choices of our method. Note
the progressive improvement by the addition of individual components. When removing
individual components from the pipeline, the results degrade confirming the importance
of our individual design choices.

Method PSNR ↑ LPIPS ↓ SSIM ↑ FVD ↓
Microfacet Rendering 29.34 12.26 86.85 178.42

+ RelightNet 30.90 8.92 89.25 118.24
+ Generative Refinement (Ours) 30.49 6.42 87.52 48.79

Ours w/ Temporal Lighting Conditioning 30.78 6.53 88.00 58.18
Ours w/o Atemporal Lighting Conditioning 30.53 6.48 87.76 58.21
Ours w/o VACE 30.35 6.93 87.12 61.84
Ours w/o RelightNet 29.56 6.66 87.26 63.81
Ours w/o VACE Finetuning 24.92 22.43 70.76 230.94
Ours w/o Prior 30.02 9.60 86.67 394.91
Ours w/ Neural Gaffer [12] 29.33 9.25 86.62 102.10
Ours w/ Few-shot Adaptation 29.82 7.01 87.30 65.25

is sharper than IA but exhibits visible high-frequency artifacts. Additional re-
sults are in the supplementary material.

4.2 Ablation Studies

We conduct quantitative (Tab. 2) and qualitative (Suppl. Mat.) ablation stud-
ies to validate each component. Full details are provided in the supplementary
material. The microfacet rendering achieves reasonable PSNR from physically
correct low-frequency shading but lacks fine-scale detail. RelightNet improves
PSNR and SSIM via learned pose-correlated appearance, but its determinism
limits perceptual fidelity, motivating the generative refinement stage. Atempo-
ral cross-attention outperforms temporal cross-attention by inducing per-frame
lighting correspondence as an inductive bias rather than requiring the model to
learn it implicitly. Without VACE finetuning, the model fails to treat coarse ren-
derings as a shading target, producing physically inconsistent results. Training
without the pretrained video prior fails to converge within the same budget, and
replacing our video model with an image-based alternative (Neural Gaffer [12])
yields severe temporal inconsistency (as shown by the degraded FVD), confirm-
ing the necessity of video-level temporal modeling.

4.3 Discussion

We now discuss the applications and broader implications of our design choices.
Physics-grounded generalization. Our physics-grounded formulation enables
generalization to lighting conditions not seen during training. We demonstrate
strong generalization to one-light-at-a-time (OLAT) environment maps (Fig. 1,
Fig. 4, and Suppl. Vid.), where the model produces stable, physically plausi-
ble relighting under sparse, highly directional illumination despite being trained
primarily on natural indoor environments. This generalization stems from the
explicit microfacet rendering, which provides a physically consistent inductive
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Fig. 6: Physics Grounded Applications. We demonstrate two capabilities of our
w/o RelightNet model enabled by its explicit physics-grounded design. (Left) A local
near-field point light source produces physically plausible shading, including arm self-
shadowing. For comparison, our full model approximates the same light as far-field
illumination by projecting it onto the lightstage. (Right) Relightable texture editing is
achieved by directly modifying the albedo map in UV space.

bias that guides the generative model toward correct shading even under unseen
distributions.
Near-field relighting. Interestingly, our method also supports near-field re-
lighting (Fig. 1, Fig. 6, and Suppl. Vid.) via the w/o RelightNet variant. We
render microfacet-based shading under a point light source, and pass the re-
sulting coarse renderings directly to the video model (Suppl. for details). The
fact that this approximation produces plausible results demonstrates that the
physics-based design, combined with the generative prior, is expressive enough to
handle localized, unseen lighting configurations without any dedicated training.
Few-shot identity adaptation. The subject-specific finetuning required

Ours Ground TruthFew-shot Adaptation

Fig. 5: Starting from a Subject 4 check-
point, we finetune our video model on 170
frames of Subject 1. The adapted model
produces photorealistic, temporally consis-
tent relighting for the new identity despite
minimal supervision.

by our pipeline raises a natural
question about generalization across
identities. Our few-shot adaptation
experiment (Fig. 5) shows that de-
spite prior subject-specific adapta-
tion, the video model retains suffi-
cient generative capacity to trans-
fer to a new identity from as little
as 6 seconds of capture data. This
suggests that subject-specific finetun-
ing primarily anchors identity-specific
appearance without catastrophically
forgetting the broader motion and il-
lumination priors learned during pre-
training.
Relightable texture editing, as shown in (Fig. 6), is similarly enabled by
the explicit material decomposition of the w/o RelightNet model. Modifying the
optimized UV albedo map and re-rendering with the microfacet model produces
edited coarse renderings that the video model refines into photorealistic out-
put. The generative stage faithfully preserves the intended texture modifications
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Fig. 7: Qualitative Comparison. We compare our method with state-of-the-art re-
lightable avatar methods: Relighting4D (R4D) [3] augmented with a DDC-tracked
template, IntrinsicAvatar [29], MeshAvatar [2], and DNF-Avatar [10]. Our approach
consistently improves visual realism and relighting quality.

while synthesizing consistent shading, demonstrating that explicit material con-
trol naturally extends to appearance editing with no additional supervision.

5 Conclusion
In this paper, we proposed GRA as a hybrid method to build generative 3D re-
lightable avatars. We showed that integrating explicit, physics-grounded texture
appearance with video generative models allows us to have 3D control as well as
photorealism at the same time. Interestingly, we showed that our approach can
also generalize to out-of-distribution target illuminations, such as OLAT illumi-
nation without any retraining. As it is grounded in explicit 3D representation,
GRA can model global illumination effects like self-shadows. Finally, we demon-
strated the ability of our system to generate long-form videos, a capability not
easily afforded by video generative models. In the future, we intend to model the
face and hands in high-resolution, while also introducing near-field relighting
effects within this framework.
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