
VideoMatGen: PBR Materials through Joint Generative Modeling

Jon Hasselgren
NVIDIA

Miloš Hašan
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Figure 1. Given 3D models and text prompts, we generate unique high quality PBR materials for each 3D part using a finetuned video
diffusion model. Our generated materials are directly applicable in content creation applications. Here we show a Physical AI training
application, applying the generated materials to a virtual factory setting. On the right, we show three variations of generated materials
(from the same detailed text prompts and different random seeds) for an industrial robot asset with 19 parts.

Abstract

We present a method for generating physically-based mate-
rials for 3D shapes based on a video diffusion transformer
architecture. Our method is conditioned on input geome-
try and a text description, and jointly models multiple ma-
terial properties (base color, roughness, metallicity, height
map) to form physically plausible materials. We further in-
troduce a custom variational auto-encoder which encodes
multiple material modalities into a compact latent space,
which enables joint generation of multiple modalities with-
out increasing the number of tokens. Our pipeline generates
high-quality materials for 3D shapes given a text prompt,
compatible with common content creation tools.

1. Introduction

Manually authoring 3D assets is time-consuming and re-
quires expert skills; using generative models to produce 3D
assets is a promising alternative. A new research field of
leveraging diffusion models to generate 3D models from
text prompts has recently emerged [16, 39, 58, 71]. An-
other line of work assumes an input untextured 3D shape
and generates texture through multi-view applications of
image diffusion models [13, 15, 18, 46, 61]. While the re-
sults look impressive for novel view synthesis, the methods
bake final RGB colors (under some lighting) into the asset
and cannot extract materials for physically-based rendering
(PBR) [4, 54], critical in more advanced content creation

workflows. Fitting these properties through differentiable
rendering is possible, but in addition to unknown light-
ing, image diffusion models typically lack perfect view-
consistency, introducing blur and washing out material de-
tails. This is particularly obvious when optimizing parame-
ters for PBR material models, which rely on consistency of
specular reflections.

Video diffusion models provide improved view consis-
tency and exceed image models in handling specular high-
lights. This greatly helps when estimating per-pixel mate-
rial parameters and for intrinsic decomposition [31]. This
decomposition approach is utilized in recent work, Video-
Mat [36], to generate a video orbit around a given 3D shape
with synthesized final RGB appearance, and finally extract
material parameters from this video using intrinsic decom-
position. While the results are promising, their quality is
limited by unnecessarily solving two hard problems that
cancel each other out: synthesizing final appearance under
natural lighting, and then removing the lighting to estimate
clean material parameters.

We present VideoMatGen, a video diffusion method for
direct text-to-material generation. Our work extends Video-
Mat [36] to generate higher quality materials using a more
efficient fused architecture based on joint generative mod-
eling, without relying on an intermediate RGB appearance.
We start from a known untextured 3D geometry and a text
prompt describing the desired material. We condition a
video diffusion model on multiple views of geometry guides
(G-buffers): surface normals and world space positions.
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By fine-tuning a recent video model, Cosmos Predict 1-
7B [37], with a custom dataset mapping these conditions
and text prompts to material parameters, we generate video
sequences of synthesized intrinsic material channels (G-
buffers): base color, roughness, metallicity, and height. Fi-
nally, the resulting views are projected into traditional tex-
ture maps, optionally turning height into normal variation
(though the height could also be used as displacement). As
shown in Fig. 1 we produce spatially varying, detailed ma-
terials that adapt to the underlying geometry. In compar-
ison to related work, we show higher quality results and
improved separation of lighting and materials. Our main
contributions are:
• A video diffusion method for generating physically-based

materials for 3D shapes based on text prompts, jointly
predicting base color, roughness, metallicity, and height.

• A unified variational auto-encoder and latent space,
jointly encoding base color, roughness, metallicity and
height. This enables improved joint prediction without
increasing the number of tokens.

2. Related Work

Diffusion Models. Image diffusion models add random
noise to an image through a sequence of diffusion steps.
They are trained to reverse this process, enabling sample
generation by iterative denoising starting from Gaussian
noise. Many generative models have been developed based
on similar principles [12, 20, 48]. Recently, video diffusion
models [1, 2, 21, 37, 62] extend image-based diffusion ap-
proaches to the temporal domain, enabling video generation
from inputs such as text or an initial frame. Diffusion trans-
former (DiT) models have become the standard architecture
of choice for both image and video diffusion [38] due to
their performance and flexible finetuning opportunities. In
this work, we build upon the Cosmos [37] DiT-based video
diffusion model.

Differentiable Rendering. In this paper, we focus on
mesh-based surface geometry with PBR materials [4]. Pre-
vious work includes differentiable rasterization [29], which
has low run-time cost and has been successfully applied to
photogrammetry [35]. Differentiable path tracing [22, 70]
approaches are considerably more costly, and introduce
Monte-Carlo noise in the training process, which can make
gradient-based optimization more challenging. However,
path tracing accurately simulates global illumination ef-
fects, and has higher potential reconstruction quality. Fuzzy
scene representations such as NeRFs [34] and Gaussian
splatting [25] are commonly used in optimization setups,
and generate impressive novel-view synthesis results. How-
ever, disentangling materials and lighting remains non-
trivial. We assume known mesh geometry, but our approach

can be extended to generate materials on other geometry
representations (e.g. Gaussians, SDFs, etc.).

Texture and material extraction using diffusion. Var-
ious hybrid approaches combine image diffusion models
with inpainting, or coarse-to-fine texture refinement, such
as TEXTure [42], Text2tex [7], and Paint3D [68]. Paint-
it [64] proposes representing material texture maps with
randomly initialized convolution-based neural kernels. This
regularizes the optimization landscape, improving material
quality. TextureDreamer [63] finetunes the diffusion model
using Dreambooth [43] with a few images of a 3D object,
and uses variational score distillation [55] to optimize the
material maps. DreamMat [75] and FlashTex [11] improve
on light and material disentanglement by finetuning image
diffusion models to condition on geometry and lighting, al-
lowing for optimization over many known lighting condi-
tions.

MaPa [74], MatAtlas [5], and Make-it-Real [14] start
from a database of known high-quality materials, and learn
to project the input (image or text) onto the known represen-
tation. MaPa relies on material graphs and optimize param-
eters of known graphs, while Make-it-Real uses a database
of PBR-textures, and MatAtlas a database of procedural ma-
terials. These methods are limited by the expressiveness of
their material databases, but benefit from much improved
regularization.

Diffusion-based 3D asset generation. Many methods
build on image diffusion models to produce full 3D assets,
with either RGB colors or PBR material maps. Dream-
Fusion [39] introduces a score distillation sampling (SDS)
loss, and generates 3D assets from pre-trained text-to-
image diffusion models. This approach has since been re-
fined [55, 77, 77]. SDS-based methods require slow opti-
mization, prompting the development of methods like In-
stant3D [30] and GS-LRM [71] that instead reconstruct in a
forward pass using a single pretrained transformer model.

A common limitation for most image models is lack of
view consistency, which may show up as blur in the ex-
tracted textures. SV3D [53] and Hi3D [60] improve on
this aspect by finetuning video models for object rotations,
and extract 3D models from the generated views. However,
these approaches have limited resolution and do not pro-
vide PBR materials. Trellis [57] and TEXGen [65] avoid
the view consistency problem altogether by having the dif-
fusion model operate directly in 3D space and texture space
respectively. These methods show great promise, but they
do not focus on material parameter generation. CLAY [72]
and SF3D [3] also generate 3D geometry and materials from
text or image inputs. CLAY’s material generation mod-
els uses a finetuned multi-view image diffusion model [47]
conditioned on normal maps. The material model generates

2441



Noisy latent Generated intrinsics (16 views) 3D Object with 
new materials

BasecolorNormals World space pos Roughness Metallic Height

Gbuffer guides (16 views)

Frozen

...

DiT 
video model

Project views into 
texture space

Optimizable

+z

zmat]

zmat
τ

τ

II

[z  ,IPrompt

Roughness
Basecolor Roughness

Metallic Height

pbr

”An aged diving helmet 
with copper-brown 
patina and corrosion 
marks ...” 

zmat ∧

Figure 2. Our method starts from a known 3D model and a text prompt. We first render videos of normal maps and world space positions.
Next, these conditions are encoded into latent space, using a pretrained encoder, E , to produce latent conditions, zI. These are concatenated
with noisy latents, zmat

τ , representing material modalities, along the channel dimension. The latents and text prompt are then passed to
our finetuned video model, which generates a denoised latent, ẑmat. The denoised latent is decoded into videos of the intrinsic material
channels: base color, roughness, metallicity, and height, using a custom VAE decoder Dpbr which decodes all material properties jointly.
Finally, we project the generated views into texture space to extract high quality, standard PBR materials.

four canonical views of the PBR texture maps (base color,
roughness, metallicity), which are then projected into tex-
ture space. Several recent methods [13, 15, 18, 44, 46, 61]
extends this approach with additional input conditioning
(normal, depth and/or world space positions). 3DTopia-
XL [8] proposes a novel 3D representation, which encodes
the 3D shape, textures, and materials in volumetric primi-
tives anchored to the surface of the object. Their denoising
process jointly generates shape and PBR materials.

Intrinsic decomposition of images/videos. Another re-
lated line of research is intrinsic decomposition of images,
which is closely related to per-pixel material parameter es-
timation. IntrinsicAnything [56] decomposes images into
diffuse and specular components, and leverages these com-
ponents as priors using physically-based inverse rendering
to extract material maps. MaterialFusion [32] introduces a
2D diffusion model prior to help estimate material parame-
ters in an multi-view reconstruction pipeline. RGB↔X [69]
uses finetuned diffusion models for both intrinsic decom-
position of images into G-buffers and the neural rendering
of images from G-buffers. DiffusionRenderer [31] extends
RGB↔X to videos, and also supports relighting. Neural-
Gaffer [24] and DiLightNet [67] leverage diffusion mod-
els for relighting single views. IllumiNerf [76] relights
each view in a multi-view dataset, then reconstructs a NeRF
model with these relit images. IntrinsiX [27] combines in-
trinsic predictions for PBR G-buffers for a single view from
text (using image diffusion models) with a rendering loss.
MCMat [78] leverages Diffusion Transformers (DiT) to ex-
tract multi-view images of PBR material maps, combined
with a second DiT to enhance details in UV space.

VideoMat [36], the closest related work to ours, gener-
ates materials for 3D shapes by first generating an RGB
video of a textured and lit 3D model conditioned on untex-
tured geometry, and then extracting the material parameters

by combining video intrinsic decomposition and differen-
tiable rendering to project the material parameters into tex-
ture space.

Joint generative modeling approaches enable diffusion
models to predict multiple modalities. Matrix3D [33] pre-
dicts pose estimation, depth, and novel view synthesis us-
ing a single DiT [38] model. VideoJAM [6] extends this
by predicting both generated pixels and their corresponding
motion from a single DiT. UniRelight [17] leverages this
approach to jointly predict relit and base color videos.

3. Method
Our pipeline, as shown in Fig. 2, uses join generative mod-
eling with video diffusion models to produce PBR material
textures. We assume a given 3D model with a valid tex-
ture parameterization (but no textures) as input. We gen-
erate multiple views of material intrinsics: G-buffers of
base color, roughness, metallicity, and height values, con-
ditioned on corresponding input geometry (views of surface
normals and world space positions). Finally, we project the
intrinsic views into texture space to obtain standard PBR
materials directly compatible with common 3D authoring
tools: Blender, Unreal Engine, etc. Below, we describe each
step in detail.

3.1. Base Video Model Architecture
In a first step, we produce a synthetic dataset consisting of
multiple views of material intrinsics, conditioned on geom-
etry (surface normals and world space positions for each
view) and a text prompt describing each object’s material.
We use this data to finetune a recent Diffusion Transformer
(DiT) video model, Cosmos [37], for this task. We use the
Cosmos-1.0-Diffusion-7BVideo2World1 model

1https://github.com/NVIDIA/Cosmos
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which is trained in a latent space with 8× com-
pression in the spatial and temporal domain. This
model supports text- and image guided video gener-
ation at a resolution of 1280×704 pixels and 121
frames. The base model leverages the pretrained
Cosmos-1.0-Tokenizer-CV8x8x8 to encode and
decode RGB videos to and from latent space. We directly
use this encoder to encode our input conditions, but in-
troduce a novel tokenizer to jointly compress the material
modalities.

3.2. Per-frame encoding
The temporal compression of the Cosmos Tokenizer [37]
encoder, E , introduces some motion blur in the recon-
structed frames. To avoid this, we use the image (keyframe)
mode, which encodes each frame individually, so our la-
tents only have 8× spatial compression. In other words,
we opted for encoded videos with fewer, but higher qual-
ity, frames. Specifically, we encode an input video with F
frames, C = 6 channels, and spatial resolution H × W ,
represented a tensor F × C × H × W into a latent space
with dimensions F ×16×H/8×W/8. Furthermore, a typ-
ical video VAE is trained on mostly coherent videos with
limited motion between frames; we encode each frame in-
dividually, so we do not need to adhere to this constraint,
and we pick a random camera view for each frame in each
training example.

3.3. Joint generative modeling
Our goal is to jointly predict spatially varying base color,
roughness, metallicity, and height material parameters, con-
ditioned on positions and normals of the input 3D model.
Unlike recent neural inverse renderers [31, 69] which pre-
dict one modality at a time in separate inference passes, we
instead follow the approach in recent joint generative mod-
eling approaches [6, 17, 33] to predict multiple modalities
in a single inference pass.

UniRelight [17] jointly predicts a relit video and base
color by concatenating latents for the two modalities along
the frame dimension. In contrast, we leverage a custom
variational auto-encoder (VAE), which encodes all material
modalities into a shared latent space. This way we obtain
a VAE specialized for the material domain, while avoiding
the increased token length from frame concatenation.

Recent work in neural texture compression [51] shows
that multiple material maps can be efficiently compressed
together as the maps often contain correlated details. We
explore if this is also applicable to VAEs. More precisely,
we leverage the pretrained Cosmos Tokenizer [37], which
bidirectionally maps between RGB images (3×H×W ten-
sors) and a latent representation using an encoder-decoder
pair, (E ,D). We use the image (keyframe) VAE encoding
mode. We make minimal changes to the base model, only

updating the channel count for the input layer of the encoder
and output layer of the decoder, and perform finetuning to
create our VAEpbr which maps a 6×H ×W tensor (base
color, roughness, metallicity, and height) to latents of the
same size as the basemodel. We leverage the latent space
produced by VAEpbr in the diffusion process to jointly pre-
dict frames of material parameters for all views, as is shown
in Fig. 2.

3.4. Finetuning
We finetune the embedding layer (extended from the base
model to support our input conditions) and all DiT layers
for 20k iterations on 64 A100 GPUs.

Given an input video I consisting of normals and world
space positions for N views of a 3D model, our goal is to
train a model fθ that jointly denoises views of PBR material
maps conditioned on I.

The model comprises a VAE encoder-decoder pair (the
Cosmos Tokenizer), (E ,D), and a transformer-based de-
noising function, fθ. We use the encoder E to encode the
input conditions, I, into a latent tensor, zI.

Our model is finetuned on a synthetic video dataset.
Each data sample consists of 16 random object-centric cam-
era views of a 3D objects. Each view includes G-buffers of
normals, depth, base color, roughness, metallicity, height
values, and the camera pose. We use the depth and camera
pose to compute a world space position buffer in the data
loader.

The target latent variable, zmat
0 , for this dataset is con-

structed by encoding the base color, roughness, metallicity,
and height values jointly (six channels) using our VAEpbr

encoder, Epbr. Noise, ϵ, is introduced to our latent, zmat
0 ,

representing the material parameters, to produce zmat
τ . The

model parameters, θ, of the diffusion model, fθ, are opti-
mized by minimizing the objective function:

ẑmat(θ) = fθ([zmat
τ , zI]; cprompt, τ)

L(θ) = Ezmat
0 ∼pdata,ϵ∼N (0,σ2I)

∥∥∥ẑmat(θ)− zmat
0

∥∥∥2
2
,

where [·] denotes concatenation in the channel dimension
and cprompt is the encoded text prompt (encoded using T5-
XXL [40]). We increase the input feature count of the input
embedding layer of fθ to account for our additional input
conditions, zI.

We use the denoising score matching loss from Cos-
mos [37] unmodified, applied to the predicted latent
ẑmat(θ) and the corresponding target latent zmat

0 .

Dataset Our dataset consists of 60k videos of object-
centric renderings of 3D models from Objaverse [10],
BlenderVault [32], ABO [9], and HSSD [26]. For each
object, we render a video with 16 frames at a resolution
of 1024×1024, using a path tracer with three bounces and
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Blender AgX tonemapping. We use black background, and
for each frame the view is randomized. For lighting, we use
the “BoilerRoom” light probe from Poly Haven [66], pro-
viding constant, neutral lighting for all objects. We only use
the shaded video to automatically generate captions using
Qwen2.5-VL-7B [49], and want to avoid prompt noise due
to variation in lighting. We also render intrinsic maps (nor-
mals, world space positions, base color, roughness, metal-
licity, height). The height map is not available for most
assets, and we reconstruct it from the normal map using
standard conversion tools when available. We augment the
dataset by randomly reversing the video, and randomly off-
setting the video start frame in each training iteration.

We additionally use this dataset to finetune our VAE.
To avoid biasing too heavily towards objects on a black
background, we additionally use the MatSynth [52] train-
ing set (which contains all material channels expected by
our model) and randomly pick samples using a 60/40 dis-
tribution.

3.5. Transfer multi-view intrinsics to texture space
At inference, we generate 16 views of the material intrin-
sics from known cameras. To extract material maps in tex-
ture space, which is the standard format in content creation
tools, we project the intrinsic views into texture space us-
ing a splatting approach. We upscale the generated views
to a resolution of 16k × 16k pixels and render a texture
coordinate guide using the 3D asset, assuming a known,
non-overlapping UV-mapping. Each pixel is splatted to the
corresponding (nearest neighbor) texel of a 2048 × 2048
texture with a weight inversely proportional to the screen
space texture derivatives [19] to suppress areas with high
perspective distortion. More formally, given texture coordi-
nates (u, v) for a pixel (x, y) the weight is computed as:

w =
1

max (|(∂u/∂x, ∂v/∂x)| , |(∂u/∂y, ∂v/∂y)|)
.

We normalize the final texture by the total weight per texel,
and perform basic inpainting [50] for all texels with zero
weight to reduce texture atlas seams.

3.6. Image-conditioned video generation
While our primary focus is on material generation from text,
our pipeline can be straightforwardly extended to add image
conditioning. We adopt an approach similar to Gen3C [41]
where the video model is conditioned on a single shaded in-
put image, which is warped (using a provided depth buffer)
according to the known camera matrix and intrinsics for
each view. As in our text-to-video setting, we condition
the video model on normals and world space positions, and
simply concatenate the warped shaded images to the condi-
tion, I, with no further changes needed. We argue that both
forms of conditioning are useful in production workflows,
as reference images are not always available.

4. Results
We evaluate our method against VideoMat [36], a material
generation method which also leverages DiT video models.
To make comparisons easier, we use the same pretrained
base video model as VideoMat throughout this paper. How-
ever, we note that our method will directly benefit from a
stronger base model. As a representative example of re-
cent multi-view diffusion material generation techniques,
we chose Hunyuan3D-Paint 2.1 [18] and MVPainter [46],
which both are image-guided material generation methods.
We also note that image-conditioned models can be repur-
posed for text conditioning by an additional text-to-image
step. Therefore, we also constructed a text-guided ver-
sion of Hunyuan3D-Paint and MVPainter by first gener-
ating an image from the text prompt using a depth-guided
Flux ControlNet [45], and feeding it as an image condition
into Hunyuan3D-Paint and MVPainter. We include TREL-
LIS.2 [59] as an image-conditioned method generating ma-
terials directly in 3D space (using their PBR texture genera-
tion mode with known geometry). There is a plethora of re-
cent multi-view diffusion methods, and we refer the reader
to the concurrent commercial approach Seed3D [44] for ex-
tensive comparisons; however, their model has not been re-
leased.

4.1. Quantitative evaluation
We report quantitative results on material generation in
Tab. 1. There are no established metrics for text-to-material
generation quality; therefore, we repurposed image-based
metrics as follows. We choose 32 test assets, render im-
ages of the assets with their original material assignments,
and annotate them with text captions using Qwen2.5-VL-
7B (similarly to training assets). We generate materials us-
ing the estimated text prompts using all methods for these
32 test models. For the image-guided methods, we used
a reference rendering per assets with original material as-
signments as guidance. Finally, we render four views, each
in four different lighting conditions (four different HDR
probes), resulting in 512 images each for both original and
generated materials. The resulting renderings can be com-
pared using image metrics. Note that this comparison goes
through a ”text bottleneck”: the achievable similarity of
the corresponding image pairs is limited by this, and the
resulting numbers are not directly comparable to image-
conditioned models.

We report CLIP-based Fréchet Inception Distance
(CLIP-FID) [28], Learned Perceptual Image Patch Simi-
larity (LPIPS) [73], and CLIP Maximum-Mean Discrep-
ancy (CMMD) [23]. We refer to VideoMat [36] for addi-
tional comparisons against Paint-it [64], DreamMat [75],
and Make-it-Real [14].

Among the text-guided variants, our method has the best
scores. We encourage the reader to closely inspect the vi-
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Figure 3. Material generation. We compare against Hunyuan3D Paint 2.1 [18] (image and text guided versions) and VideoMat [36] (text)
on three example meshes from the BlenderVault [32] dataset. We encourage the reader to zoom in and compare the quality of the intrinsics
(base color, roughness, metallicity), as well as to see the supplementary materials.

sual results, where we argue that VideoMatGen produces
sharper results, with more definition, particularly in the
roughness and metallicity maps; furthermore, VideoMat-
Gen is the only method producing a height map. For com-
pleteness, we also report image-guided results where we
have extended our model to accept both a prompt and a sin-
gle image as guides. While not our primary design goal, we
note that our method still performs competitively compared
to the state of the art.

4.2. Qualitative evaluation

In Fig. 3, we show visual comparisons against Video-
Mat [36] and two variants of Hunyuan3D-Paint [18]
(image- and text-guided). Overall, the visual results are
compelling for all methods, but we notice that the strong
prior from the video model helps us generate fine scale de-
tail, and more interesting spatial texture variations, which
are coherent across the different material maps thanks to
our joint modeling. Unlike the competing methods, we pre-
dict a height map, which improves fine scale material detail,
as highlighted in Fig. 4. We can create subtle material vari-
ations from a single prompt by changing the seed, as shown

Table 1. Quantitative metrics for material generation. The mode
column indicates if the method is image or text guided.

Method Mode CLIP-FID (↓) CMMD (↓) LPIPS (↓)

TRELLIS.2 [59] image 3.913 0.030 0.101
Hunyuan3D 2.1 [18] image 4.197 0.039 0.102
MVPainter [46] image 6.583 0.112 0.136
VideoMatGen (ours) image 4.032 0.028 0.109

Hunyuan3D 2.1 [18] text 6.694 0.046 0.137
MVPainter [46] text 7.313 0.096 0.149
VideoMat [36] text 5.640 0.070 0.130
VideoMatGen (ours) text 5.575 0.035 0.124

in Figs. 1 and 5. This can be a helpful artistic tool in cre-
ating unique instances for the same base geometry in larger
scenes. In Fig. 6 we show our generated materials rendered
with three different lighting conditions. Finally, our image
conditioned pipeline generates materials which are visually
more similar to the test set examples, as shown in Fig. 7.
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Figure 4. Left: Our method predicts a height (bump) map, which
improves the visual richness of the generated material. Right: cor-
responding rendering without bump map.

Figure 5. We generate three materials from the same text prompt
(see supplemental), each with a unique random seed. This results
in subtle variations of materials for the two examples.
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Figure 6. We show relit results, using three HDR probes [66],
of the generated materials for Hunyuan3D-Paint (image-guided),
VideoMat, and our method (both text-guided). Our generated ma-
terials produce convincing details in three different lighting sce-
narios.

Table 2. VAE finetuning evaluation on material maps from our
test set and the MatSynth test set. We report PSNR (dB) and
LPIPS scores for base color and only PSNR (dB) scores for HRM
(height, roughness, metallicity), as perceptual metrics are not ap-
plicable. The VAEpbr offers 2× additional compression but has
similar visual quality as the Cosmos Tokenizer.

Base color HRM
Method PSNR (↑) LPIPS (↓) PSNR (↑)

Cosmos Tokenizer 38.8 0.046 35.1
VAEpbr 38.3 0.043 33.8

4.3. Evaluation of joint prediction
VAE Quality We compare our finetuned VAE with the
Cosmos Tokenizer (Cosmos-0.1-Tokenizer-CV8x8x8, ap-
plied to single frames). Quality is evaluated using image
metrics after encoding and decoding each image. For the
Cosmos Tokenizer, base color and HRM (a packed 3-triplet
with height, roughness, metallicity) are encoded separately
as RGB images, while we jointly encode all six channels
using VAEpbr. Our test set consists of 4 views of each of
our 32 test assets (128 samples), with their original mate-
rial assignments. For each view, we render material intrin-
sics maps for base color, height, roughness and metallicity.
Additionally, we use the material textures from the Mat-
Synth [52] test set (89 samples). As shown in Tab. 2, when
applying our VAE on material maps, we have similar quality
as the Cosmos Tokenizer, while achieving 2× higher com-
pression rate in latent space.

5. Limitations and Future Work

Our method is currently unoptimized and made with no re-
gards to runtime performance. Inference is costly, approx-
imately 2-3 minutes for a single asset on 8×A100 GPUs.
We see large potential for optimizing inference with recent
video model acceleration and distillation techniques.

Our image (keyframe) VAE approach allows for random
camera views at inference time, but we still note that the
video model produces best results with a reasonably coher-
ent camera trajectory. Incoherent view-patterns can lead to
ghosting or blurring due to misaligned details, and for this
reason we chose a object-centric 360◦ camera orbit during
inference. In future work we hope consistency can be im-
proved by better image guides or 3D positional encoding.

While not the primary focus of this paper, our texture
baking step is a relatively simple projection of the generated
video frames. Recent works have shown that quality can
be improved by applying image diffusion models in texture
space [44, 78] to in-paint or sharpen details.

We would also like to upgrade our base model to a more
recent video diffusion model. In this paper, we deliberately
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Figure 7. We compare our text- and image-guided models for six examples, and note that the image-guided version more closely resembles
the materials of the dataset entry. We deliberately chose a view with 45◦ rotation from the conditioning view.

used Cosmos-1.0 for fair comparison with VideoMat, but
more recent models can likely improve quality.

6. Conclusion
We present a video diffusion method for joint prediction of
material parameters for 3D shapes. We also show the bene-
fits of our new joint material modeling VAE. Our model pro-
duces high-quality PBR materials with coherent detail be-
tween the material channels and meaningful correlation to
geometry parts, and outperforms previous text-to-material
approaches. We believe that our text-based material gen-
eration can be a useful tool for artists to quickly prototype
materials for large sets of 3D objects. Unique material vari-
ation for instances of the same geometry can be obtained by
simply changing the seed of the noise passed to the diffu-
sion process.
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Vladimir Kim, and Gaëtan Lassagne. MatAtlas: Text-driven
Consistent Geometry Texturing and Material Assignment,
2024. 2

[6] Hila Chefer, Uriel Singer, Amit Zohar, Yuval Kirstain,
Adam Polyak, Yaniv Taigman, Lior Wolf, and Shelly
Sheynin. VideoJAM: Joint appearance-motion represen-
tations for enhanced motion generation in video models.
arXiv: 2502.02492, 2025. 3, 4

[7] Dave Zhenyu Chen, Yawar Siddiqui, Hsin-Ying Lee, Sergey
Tulyakov, and Matthias Nießner. Text2tex: Text-driven
texture synthesis via diffusion models. In Proceedings of
the IEEE/CVF international conference on computer vision,
pages 18558–18568, 2023. 2

[8] Zhaoxi Chen, Jiaxiang Tang, Yuhao Dong, Ziang Cao,
Fangzhou Hong, Yushi Lan, Tengfei Wang, Haozhe Xie,
Tong Wu, Shunsuke Saito, Liang Pan, Dahua Lin, and Ziwei
Liu. 3DTopia-XL: High-Quality 3D PBR Asset Generation
via Primitive Diffusion. arXiv preprint arXiv:2409.12957,
2024. 3

[9] Jasmine Collins, Shubham Goel, Kenan Deng, Achlesh-
war Luthra, Leon Xu, Erhan Gundogdu, Xi Zhang,

2447



Tomas F Yago Vicente, Thomas Dideriksen, Himanshu
Arora, Matthieu Guillaumin, and Jitendra Malik. ABO:
Dataset and Benchmarks for Real-World 3D Object Under-
standing. CVPR, 2022. 4

[10] Matt Deitke, Dustin Schwenk, Jordi Salvador, Luca Weihs,
Oscar Michel, Eli VanderBilt, Ludwig Schmidt, Kiana
Ehsani, Aniruddha Kembhavi, and Ali Farhadi. Objaverse:
A Universe of Annotated 3D Objects. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 13142–13153, 2023. 4

[11] Kangle Deng, Timothy Omernick, Alexander Weiss, Deva
Ramanan, Jun-Yan Zhu, Tinghui Zhou, and Maneesh
Agrawala. FlashTex: fast relightable mesh texturing with
LightControlNet. In European Conference on Computer Vi-
sion (ECCV), 2024. 2

[12] Prafulla Dhariwal and Alexander Quinn Nichol. Diffusion
models beat GANs on image synthesis. In Advances in Neu-
ral Information Processing Systems, 2021. 2

[13] Andreas Engelhardt, Mark Boss, Vikram Voleti, Chun-Han
Yao, Hendrik P. Lensch, and Varun Jampani. Svim3d: Sta-
ble video material diffusion for single image 3d generation.
International Conference on Computer Vision, 2025. 1, 3

[14] Ye Fang, Zeyi Sun, Tong Wu, Jiaqi Wang, Ziwei Liu, Gordon
Wetzstein, and Dahua Lin. Make-it-Real: Unleashing Large
Multimodal Model for Painting 3D Objects with Realistic
Materials, 2024. 2, 5

[15] Yifei Feng, Mingxin Yang, Shuhui Yang, Sheng Zhang, Ji-
aao Yu, Zibo Zhao, Yuhong Liu, Jie Jiang, and Chunchao
Guo. RomanTex: Decoupling 3D-aware Rotary Positional
Embedded Multi-Attention Network for Texture Synthesis.
arXiv preprint arXiv:2503.19011, 2025. 1, 3

[16] Ruiqi Gao*, Aleksander Holynski*, Philipp Henzler, Arthur
Brussee, Ricardo Martin-Brualla, Pratul P. Srinivasan,
Jonathan T. Barron, and Ben Poole*. CAT3D: Create Any-
thing in 3D with Multi-View Diffusion Models. Advances in
Neural Information Processing Systems, 2024. 1

[17] Kai He, Ruofan Liang, Jacob Munkberg, Jon Hasselgren,
Nandita Vijaykumar, Alexander Keller, Sanja Fidler, Igor
Gilitschenski, Zan Gojcic, and Zian Wang. UniRelight:
Learning Joint Decomposition and Synthesis for Video Re-
lighting, 2025. 3, 4

[18] Zebin He, Mingxin Yang, Shuhui Yang, Yixuan Tang, Tao
Wang, Kaihao Zhang, Guanying Chen, Yuhong Liu, Jie
Jiang, Chunchao Guo, and Wenhan Luo. MaterialMVP:
Illumination-Invariant Material Generation via Multi-view
PBR Diffusion. arXiv preprint arXiv:2503.10289, 2025. 1,
3, 5, 6

[19] Paul S. Heckbert. Fundamentals of texture mapping and im-
age warping. Technical report, 1989. 5

[20] Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffu-
sion probabilistic models. Advances in Neural Information
Processing Systems, 33:6840–6851, 2020. 2

[21] Wenyi Hong, Ming Ding, Wendi Zheng, Xinghan Liu, and
Jie Tang. CogVideo: Large-scale Pretraining for Text-to-
Video Generation via Transformers. In The Eleventh Inter-
national Conference on Learning Representations, 2023. 2

[22] Wenzel Jakob, Sébastien Speierer, Nicolas Roussel, Merlin
Nimier-David, Delio Vicini, Tizian Zeltner, Baptiste Nicolet,

Miguel Crespo, Vincent Leroy, and Ziyi Zhang. Mitsuba 3
renderer, 2022. https://mitsuba-renderer.org. 2

[23] Sadeep Jayasumana, Srikumar Ramalingam, Andreas Veit,
Daniel Glasner, Ayan Chakrabarti, and Sanjiv Kumar. Re-
thinking fid: Towards a better evaluation metric for image
generation, 2024. 5

[24] Haian Jin, Yuan Li, Fujun Luan, Yuanbo Xiangli, Sai Bi,
Kai Zhang, Zexiang Xu, Jin Sun, and Noah Snavely. Neural
gaffer: Relighting any object via diffusion. In Advances in
Neural Information Processing Systems, 2024. 3

[25] Bernhard Kerbl, Georgios Kopanas, Thomas Leimkühler,
and George Drettakis. 3D Gaussian splatting for real-time
radiance field rendering. ACM Transactions on Graphics, 42
(4), 2023. 2

[26] Mukul Khanna*, Yongsen Mao*, Hanxiao Jiang, Sanjay
Haresh, Brennan Shacklett, Dhruv Batra, Alexander Clegg,
Eric Undersander, Angel X. Chang, and Manolis Savva.
Habitat Synthetic Scenes Dataset (HSSD-200): An Analy-
sis of 3D Scene Scale and Realism Tradeoffs for ObjectGoal
Navigation. arXiv preprint, 2023. 4

[27] Peter Kocsis, Lukas Höllein, and Matthias Nießner. In-
trinsiX: High-Quality PBR Generation using Image Priors,
2025. 3

[28] Tuomas Kynkäänniemi, Tero Karras, Miika Aittala, Timo
Aila, and Jaakko Lehtinen. The Role of ImageNet Classes
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