
MATLAT: Material Latent Space for PBR Texture Generation

Supplementary Material

In this supplementary document, we present technical
discussions (Sec. A), implementation details (Sec. B), and
qualitative results (Sec. C).

A. Technical Discussions
In this section, we detail our correspondence-PSNR metric
(Sec. A.1), discuss the KID evaluation metric (Sec. A.2),
and provide further analyses of VAE prediction types
(Sec. A.3), locality regularization (Sec. A.4), and latent dis-
tribution mismatch (Sec. A.5).

A.1. Correspondence-PSNR
To quantify the multi-view consistency of the generated
PBR material images, we introduced a correspondence-
PSNR (c-PSNR) metric in Sec. 4 of the main paper.

Specifically, given a set of N generated view images
{xi}Ni=1 and a 3D mesh, for each pixel u ∈ Ω in the i-
th view, the set of corresponding pixels in the j-th view
is denoted as Ci→j(u). We then compute the MSE (mean
squared error) as follows:

MSE =
1

M

N∑
i=1

∑
j ̸=i

∑
u∈Ω,

v∈Ci→j(u)

∥xi(u)− xj(v)∥2, (1)

where M =
∑N

i=1

∑
j ̸=i

∑
u∈Ω |Ci→j(u)| is the total num-

ber of correspondence pairs. Accordingly, we define the
correspondence-PSNR as

c-PSNR = 10 log10(1/MSE),

which measures the discrepancy across all geometric corre-
spondences between views. As shown in Tab. 1, MATLAT
achieves higher c-PSNR than methods without CAA, indi-
cating more consistent PBR material images across views.

A.2. Discussion on KID Evaluation
In Tab. 1 of the main paper, our full model achieves the
best FIDCLIP under the evaluation protocol of [6], while
the results on Inception-based KID are more mixed. We hy-
pothesize that Inception features may not faithfully reflect
perceptual similarity for rendered material images, as prior
works have shown that they are strongly tied to ImageNet
semantics and can diverge from human perception [13, 15].

To further examine this effect, we additionally report
CLIP-based KID in Tab. 1. Compared with the Inception-
based KID results in Tab. 1 of the main paper, CLIP-based
KID is more consistent with FIDCLIP and with recent work
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Figure 7. Direct vs. Residual Prediction. We show the albedo,
roughness, and metallic reconstruction errors at an early training
stage (10k iterations) for direct and residual prediction. Residual
prediction preserves the pretrained latent representation, achiev-
ing superior albedo reconstruction quality (darker regions indicate
lower errors).

Methods
Shaded Albedo

KIDCLIP ↓ KIDCLIP ↓

Frozen VAE [8] 2.123 3.547
Res. Pred. + Lreg (Ours) 1.496 2.855
Res. Pred. + Lid [21] 1.977 3.710
Direct Pred. + Lreg [14] 1.917 3.254
w/o Llocal 2.660 8.820
w/o CAA 1.424 3.154

Table 1. Evaluation on CLIP-based KID. We additionally mea-
sure KID in the CLIP feature space. Our proposed VAE fine-
tuning scheme yields superior performance, with both our full
model and the variant without CAA consistently outperforming
the other baselines.

that adopts CLIP-based Fréchet or kernel distances for ren-
dered images [7, 8]. Under this metric, MATLAT consis-
tently outperforms the baselines, including the direct adap-
tations of prior VAE fine-tuning schemes.

A.3. Additional Analysis of Direct and Residual
Prediction

As discussed in Sec. 3.1 of the main paper, residual predic-
tion can be more effective than direct prediction for VAE
fine-tuning. In this section, we present an empirical com-
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Figure 8. Visualization of Reconstruction Error Maps on
Cropped Patches. We show albedo, roughness, and metallic re-
construction error maps for MATVAE trained with and without
Llocal. Applying Llocal significantly reduces patch reconstruction
errors, indicating improved latent–image spatial alignment.

parison of residual and direct prediction for VAE during the
early stage of fine-tuning, highlighting their optimization
behavior and stability.

We present a qualitative comparison in Fig. 7. The
left column shows the ground-truth albedo, roughness, and
metallic maps. The middle and right columns show recon-
struction error maps, computed between the ground-truth
images and the outputs of VAEs fine-tuned with direct pre-
diction and residual prediction (Ours), respectively, where
brighter regions indicate higher errors. All results are eval-
uated at the same early fine-tuning step (after 10k iterations)
for a fair comparison.

Note that the reconstruction error of the albedo map un-
der residual prediction is smaller than that under direct pre-
diction. This is because residual prediction initializes the
final layer weights of the offset encoder to zero, producing
zero residuals at the start of training and thereby preserving
the original latent representation. In contrast, direct predic-
tion is not constrained to remain aligned with the pretrained
latent space and, even after several update steps, already ex-
hibits noticeable degradation in albedo reconstruction qual-
ity. While the errors for roughness and metallic maps re-
main comparable between the two schemes, we empirically
observe that the improved stability of residual prediction on
albedo images translates into better downstream generation
performance, as reported in Tab. 1 of the main paper.

A.4. Additional Analysis of Locality Regularization
As discussed in Sec. 3.2 of the main paper, applying local-
ity regularization Llocal improves latent-image spatial align-
ment and leads to superior performance when combined
with CAA. In Fig. 8, we visualize the reconstruction error
of cropped patches using a VAE fine-tuned with and without

Crop range FIDCLIP
shaded FIDCLIP

albedo c-PSNR

[3, 32] 3.083 4.599 21.934
[24, 48] 3.208 5.027 20.571
[32, 64] 3.339 4.719 20.980

Table 2. Crop-range ablation for locality regularization. We
vary the crop-size range used in Llocal on a 64 × 64 latent grid.
Smaller crop ranges yield the best overall performance, while all
cropped settings outperform training without cropping.

SWD(z, za) SWD(z, zrm) SWD(z, zours)

0.539 0.897 0.560

Table 3. Sliced Wasserstein distances to the pretrained diffu-
sion prior. Lower values indicate that the encoded latents are bet-
ter aligned with the pretrained latent space.

Llocal to further analyze the effect of the regularizer. Specifi-
cally, we show cropped patches from the albedo, roughness,
and metallic images, together with their reconstruction error
maps, ∥x − D(E(x))∥2, computed at an 8 × 8 latent reso-
lution for VAEs fine-tuned without and with Llocal, where
brighter regions indicate higher errors.

Note that applying Llocal significantly reduces the recon-
struction error, indicating that the learned latent representa-
tion achieves improved latent–image spatial alignment. In
contrast, removing Llocal disrupts the spatial alignment, in-
dicating that the fine-tuned encoder entangles information
across spatially distant latent tokens. Consequently, the la-
tent–pixel mapping is no longer enforced to be spatially lo-
cal, and applying CAA propagates information across un-
related regions, leading to degraded multi-view consistency
and reduced overall performance, as observed in Tab. 1 of
the main paper.

We further study the sensitivity of locality regularization
to the crop size used during training. In our default setting
on a 64×64 latent grid, cropping is applied with 50% proba-
bility, using a square crop whose size is uniformly sampled
from [3, 32] at a random location. In Tab. 2, we compare
this setting with larger crop ranges, [24, 48] and [32, 64]. All
crop ranges outperform training without cropping, while the
default range [3, 32] achieves the best overall performance.
This suggests that smaller patches provide a stronger and
more robust locality prior, which is well aligned with CAA
operating on local correspondence windows.

A.5. Analysis of Latent Distribution Mismatch
As discussed in Sec. 3.1 of the main paper, a key challenge
in adapting an RGB-pretrained diffusion model to PBR tex-
ture generation is the latent distribution mismatch caused
by additional material channels. To mitigate this, MATLAT



regularizes the learned latents toward the pretrained latent
space.

Tab. 3 reports sliced Wasserstein distances between the
pretrained diffusion prior and encoded PBR latents. We es-
timate the SD3.5-medium latent prior from 5K samples gen-
erated using the text prompts paired with our PBR dataset,
and compare it with the latents obtained by encoding the
corresponding material maps using MATVAE and the pre-
trained VAE.

The pretrained VAE latent of albedo, za, remains rel-
atively close to the prior, z, while the latent of rough-
ness+metallic, zrm, exhibits a larger discrepancy. This sup-
ports our claim that additional PBR channels induce a mis-
match with the pretrained diffusion latent space. In contrast,
MATVAE reduces this mismatch substantially, suggesting
that Lreg helps preserve alignment with the pretrained la-
tent space while incorporating material information.

B. Implementation Details
In this section, we present implementation details for MAT-
VAE (Sec. B.1) and MATLAT (Sec. B.2), along with the
data preprocessing pipeline (Sec. B.3).

B.1. MATVAE

Architecture. Our MATVAE is initialized from the pre-
trained VAE of Stable Diffusion 3.5-Medium.
We freeze the original encoder Epre and decoder Dpre, and
introduce an offset encoder Eres to adapt the latent space to
5-channel PBR inputs.

The offset encoder Eres shares the same architecture as
Epre except for the first convolution layer, which is modified
to accept 5-channel inputs [a, r,m]. All intermediate layers
of Eres are initialized from the corresponding weights of Epre,
while the output layer is zero-initialized such that µres =
0 and σres = 1 at initialization. The decoder D extends
the final convolution of Dpre to output 5 channels; all other
layers are copied from the pretrained decoder.

Training Configurations. We train MATVAE with the
loss function in Eq. 8 of the main paper. We use the Adam
optimizer with learning rate 3 × 10−5 and batch size 8,
training for 200k iterations on 8 NVIDIA RTX Pro6000
GPUs for 60 hours. The loss weights are set to λlocal = 3,
λKL = 10−6, λdisc = 0.02, and λreg = 3 × 10−9. For
locality regularization, we randomly crop a square region
covering 0.2%–25% of the image area with probability 0.5.

B.2. Diffusion Model Fine-Tuning
Our diffusion model is built on STABLE DIFFUSION 3.5-
MEDIUM with MMDiT [5] backbone. For each joint at-
tention layer, we introduce a parallel correspondence-aware
attention (CAA) branch that attends over geometrically cor-
responding pixels across views, using the precomputed 3D

correspondences described in Sec. 3.2 of the main paper.
The CAA branch uses the same base projection weights as
the original joint attention layers, while introducing addi-
tional LoRA layers [10] with rank 32. The CAA output is
added residually to the original attention output.

Additionally, to align the generated images with the in-
put geometry, we follow previous works [1, 8, 12] and con-
dition the diffusion model on rendered position and normal
maps from the corresponding camera view. These geomet-
ric features are concatenated with the noisy latent to form
the diffusion input.

Training Configurations. We optimize MATLAT using
the Conditional Flow Matching [16] objective defined in
Eq. 9 of the main paper, where timesteps are sampled from
the same logit-normal distribution as in SD3 [5]. We use the
Adam optimizer with learning rate 5× 10−5 and batch size
4, training for 20k iterations on 8 NVIDIA RTX Pro6000
GPUs, which takes about 24 hours in total.

Inference. At inference time, we generate multi-view im-
ages from N = 6 canonical views (front, back, left, right,
top, and bottom) using the Euler sampler with 30 steps and
a Classifier-Free Guidance [9] scale of 4.0. Given the gen-
erated PBR latent samples, we first decode them into 5-
channel material images and then convert the multi-view
PBR outputs into a final UV texture map following the
pipeline of MVAdapter [12]: we upscale the images, un-
project them into UV space using the given camera poses
and mesh, and finally perform inpainting in UV space to fill
occluded regions.

Baseline Implementations. For MeshGen [2] and Mate-
rialMVP [8], which operate in an image-conditional setting,
we use STABLE DIFFUSION 2-DEPTH to generate the refer-
ence images used as conditional inputs. All other baselines
are evaluated using their official implementations with de-
fault configurations.

B.3. Data Processing
We curate 40, 851 meshes with PBR textures from
Objaverse-XL [3], holding out 128 meshes for evaluation.
For each mesh, we render material images from 26 fixed
camera views surrounding the object. We then render
albedo, roughness, and metallic images, along with nor-
mal and position maps for conditioning, from each view.
During diffusion training, we randomly sample 6 of these
26 views per iteration to construct the multi-view training
batch. Additionally, for text conditioning, we use captions
from Bootstrap3D [18] when available; otherwise, we use
captions from Cap3D [17].

During evaluation, we render the PBR-textured assets
under environment lighting using 785 HDR environment



Figure 9. Relighting results. Example objects generated by MATLAT and rendered under four different environment maps.

maps from Poly Haven. For each image, we then randomly
sample an environment map and apply the same rendering
setup to both the generated and ground-truth images to en-
sure a fair comparison.

C. Additional Qualitative Results

In this section, we present representative qualitative ex-
ample for the ablation studies (Sec. C.1), baseline com-
parisons (Sec. C.2), and generated textures of MATLAT
(Sec. C.3). Please refer to the project page for more re-
sults and video demonstrations: https://matlat-
proj.github.io/

C.1. Additional Qualitative Results for Ablation
Studies

Fig. 10 extends the ablation study in Sec. 4.2 of the main pa-
per with additional qualitative examples. We observe that
Frozen VAE produces unrealistic material appearance, as
evidenced by the overly shiny metallic shoe surface. Ad-
ditionally, Res. Pred. + Lid and Direct Pred. + Lreg miss
fine details such as metal buckles, whereas MATLAT gen-
erates PBR textures with correct and realistic material ap-
pearances.

C.2. Additional Qualitative Comparisons with Pre-
vious Methods

Fig. 11 presents qualitative comparisons against represen-
tative baselines, including models trained from scratch
(MeshGen [2], TexGaussian [19]), SDS-based optimization
methods (Paint-it [20], DreamMat [22], FlashTex [4]), and
prior multi-view diffusion models (MaterialAnything [11],
MaterialMVP [8]). Models trained from scratch often pro-
duce textures with suboptimal quality and exhibit weak
alignment with the input text prompts. Additionally, SDS-
based methods lack fine details and tend to generate textures
with oversaturated colors. In contrast, our method MATLAT
generates high-quality textures with realistic material prop-
erties.

C.3. Additional Qualitative Results of MATLAT

Extending the results in Fig. 6 of the main paper, we present
additional PBR textures generated by our method MATLAT
with diverse prompts, meshes, and environment maps in
Fig. 12. Note that our method generates physically plau-
sible material properties that are well aligned with both the
object characteristics and the provided text prompt. These
results demonstrate that our pipeline exhibits strong gener-
alization across diverse object categories and material types.

Fig. 9 further presents relighting examples, where the
same object is rendered under four different environment
maps. The consistent appearance changes across lighting
conditions demonstrate that MATLAT produces coherent
PBR textures with plausible illumination-dependent effects.

https://matlat-proj.github.io/
https://matlat-proj.github.io/


Figure 10. Additional Qualitative Results of Ablation Studies. Extended qualitative results of the ablation studies presented in Fig. 5 of
the main paper: Frozen VAE, Res. Pred. + Lid, Direct Pred. + Lreg, and Res. Pred. + Lreg (Ours). Best viewed in video.

Figure 11. Additional Qualitative Comparisons with Previous Methods. Each column shows the shaded output rendered under iden-
tical lighting conditions. Our method produces high-quality, physically plausible materials with superior text-visual alignment and detail
preservation. Best viewed in video.

Figure 12. Additional Qualitative Results of MATLAT. Gallery of assets textured by MATLAT for various text prompts and environment
maps. Best viewed in video.
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