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Supplementary Material

1. Architecture Details
We provide additional details of our network architec-
ture. Our DINO encoder and the alternating-attention trans-
former are both initialized from the pretrained weights re-
leased by Pi3 [14], ensuring stable convergence and strong
geometric priors. For the ResNeXt image encoder, we adopt
the publicly available weights provided by [10], which offer
robust, multi-level representations for detail preservation.
Following Pi3 [14], our alternating-attention module con-
tains 18 alternating attention blocks to effectively aggregate
multi-view information.

We describe the feature-fusion strategy used to inte-
grate outputs from the encoder stack. As shown in Fig-
ure 1, multi-scale features from the DINO encoder and the
ResNeXt backbone are projected to a shared embedding
space and fused through a lightweight convolutional refine-
ment block. This design preserves view-dependent details
while maintaining geometric consistency across viewpoints.

2. Training Details
In the pretraining stage, we supervise albedo using a scale-
invariant reconstruction loss. To account for the scale am-
biguity in albedo prediction, we first estimate a per-channel
scale factor that aligns the prediction to the pseudo-ground-
truth using least-squares error minimization. Specifically,
for a predicted albedo map A ∈ RH×W×3 and ground-truth
A∗, we compute the 3-channel scale factor as

s∗ = arg min
s∈R3

∥A⊙ s−A∗∥22, (1)

where s is a 3D scale vector and ⊙ denotes channel-wise
multiplication. The scale-invariant albedo loss is then de-
fined as

Lmse =
1

N
∥A⊙ s∗ −A∥22. (2)

Since this loss is unstable at early iterations, we first warm
up the network using a vanilla MSE loss for several epochs
before switching to the scale-invariant formulation, follow-
ing [2, 6].

Throughout the pretraining stage, both the DINO en-
coder and ResNeXt encoder remain frozen to preserve their
pretrained representations. To accommodate varying input
frame counts, we adopt a dynamic batch sizing strategy sim-
ilar to VGGT. Each GPU processes up to 12 images, and
each batch is formed by randomly sampling 2 to 12 images
of the same scene. For datasets that provide only single-
view images (e.g., PRID [13]), we replicate each monocu-
lar image along the batch dimension to match the required

number of input frames, effectively treating them as multi-
ple captures from a static camera. We train for 80 epochs on
two A100 GPUs at a fixed long-side resolution of 518 (with
the short side randomly sampled), with each epoch consist-
ing of 1000 iterations.After this initial training, we freeze all
attention blocks and continue training only the prediction
heads at a long-side resolution of 770 for an additional 50
epochs. This fine-tuning stage focuses on improving high-
frequency details while keeping the reasoning in backbones
fixed. The full training pipeline requires approximately 3–4
days. For all stages, we use the Adam optimizer with an
initial learning rate of 5× 10−5.

Table 1 summarizes all datasets and their correspond-
ing statistics. While most of our benchmarks consist of
indoor environments, we additionally include two outdoor
datasets—MatrixCity [5] and Sekai (for which we use
pseudo-labels generated by DiffusionRenderer)—as well as
the object-centric ABO dataset [3]. Following the masking
strategy used in [2], we apply masks to exclude unreliable
regions during supervision. Specifically, if a dataset pro-
vides masks for specular or mirror surfaces, we use these
masks and compute losses only within the masked regions.
In the absence of such annotations, we instead mask out
pixels whose albedo values fall below 0.01 or above 0.99
to prevent these non-informative values from affecting op-
timization.

3. More Quantitative Results
Coordinate Space for Normals. While material proper-
ties such as albedo, metallicity, and roughness are intrin-
sically view-independent, surface normals can be defined
in either world-space or camera-space coordinate systems.
We conduct a simple ablation study to evaluate the impact
of these two representations, with results summarized in
Table 2. Our findings indicate that predicting normals in
camera-space yields better performance compared to world-
space. Specifically, the world-space coordinate system is
defined relative to the first camera view.

4. More Qualitative Results
In this section, we provide additional qualitative results to
further demonstrate the effectiveness, robustness, and gen-
eralization capability of our feed-forward inverse rendering
model.

Single-view Prediction. Figure 3, 4 presents supplemen-
tary single-view predictions of metallic and roughness maps
on the InteriorVerse [17] dataset. Since these material
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Figure 1. Feature Fusion Detail We illustrate the feature-fusion strategy used to integrate outputs from the encoder stack. Multi-scale
features extracted from the DINO encoder (left in the figure) and the ResNeXt backbone (bottom) are projected into a shared embedding
space and subsequently fused through a lightweight convolutional refinement block. The Reassemble and Fusion blocks follow the same
design as in [11].

Table 1. Summary of the dataset. Sekai-Drone [7] uses pseudo-labels generated by DiffusionRenderer [8]. For the ABO [3], we use a
randomly selected subset consisting of 100,000 images.

Dataset # of Images View Scene Type Intrinsic Types

Hypersim [12] 70,838 Multi-view Indoor Albedo, Normal, Diffuse Shading
Structured3D [16] 78,463 Multi-view Indoor Albedo, Normal
CGIntrinsic [6] 20,160 Multi-view Indoor Albedo
PRID [13] 21,478 Single-view Indoor Albedo
InteriorVerse [17] 52,769 Multi-view Indoor Albedo, Metallic, Roughness, Normal
MatrixCity [5] 44,804 Multi-view Outdoor Albedo, Metallic, Roughness, Normal
Sekai-Drone∗ [7] 127,246 Multi-view Outdoor Albedo
ABO∗ [3] 100,000 Multi-view Object Albedo, Metallic, Roughness, Normal

Table 2. Normal Comparison between camera-space and world-space nor-
mals. Both trained on Hypersim for 20k iterations with batch size 12. For
the world-space model, we choose the first view as reference frame.

NYUv2 ScanNet iBims-1
mean↓ 11.25◦ ↑ 30◦ ↑ mean↓ 11.25◦ ↑ 30◦ ↑ mean↓ 11.25◦ ↑ 30◦ ↑

Cam-space 15.926 59.622 84.925 14.357 64.479 87.517 16.738 65.988 83.551
World-space 16.824 54.818 84.464 16.728 48.445 86.457 17.819 61.520 82.820

channels are not qualitatively visualized in the main pa-
per, we include extended comparisons here against three re-
cent state-of-the-art baselines—RGB↔X [15], IntrinsicIm-
ageDiffusion [4], and DiffusionRenderer [8]. As shown in
the figures, our predictions are closer to ground truth com-
pared to other methods.

We additionally provide more single-view prediction re-

sults on the test set of Hypersim [12] and Structured3D [16]
in Figure 5, 6. We also provide in the wild results in
IIW [1] dataset in Figure 7. These examples highlight our
model’s ability to generalize to diverse synthetic or real-
world scenes.

Multi-view Prediction. Figure 8 show multi-view pre-
diction results on the DL3DV [9] dataset, which serves as
an out-of-distribution (OOD) benchmark due to its diverse
large-scale scenes and complex geometry. For each multi-
view input sequence, we visualize the predicted albedo,
metallic, roughness, camera-space normals, and diffuse
shading. Across all examples, our method demonstrates



Input w/ pseudo-label w/o pseudo-label

Figure 2. Impact of pseudo-labels on albedo prediction. Red:
Without pseudo-labeled data generated by DiffusionRenderer [8],
the model produces blurry patches near sky regions due to the lack
of outdoor training samples. Incorporating pseudo-labels signif-
icantly improves prediction clarity in these areas. Blue: A side
effect of introducing pseudo-labels is a tendency toward darker
albedo estimates (e.g., on walls and floors).

Input GT IID DiffusionRenderer RGB XOurs

Figure 3. Qualitative comparison for metallic prediction.

Input GT IID DiffusionRenderer RGB XOurs

Figure 4. Qualitative comparison for roughness prediction.

strong cross-view consistency and stable material predic-
tions.

Input Albedo(GT) Albedo(Pred) Normal(GT) Normal(Pred)

Figure 5. Qualitative comparison on in-distribution Hyper-
sim [12] dataset.

Input Albedo(GT) Albedo(Pred) Normal(GT) Normal(Pred)

Figure 6. Qualitative comparison on in-distribution Struc-
tured3D [16] dataset.

5. Discussions and Limitations
Impact of pseudo-labeled data. We leveraged a subset of
real-world pseudo-labels generated by DiffusionRenderer
to train our albedo model, aiming to improve generalization
in real-world outdoor scenes. Here we discuss the impact
of pseudo-labels. As illustrated in Figure 2, incorporating
pseudo-labels significantly enhances prediction quality in
challenging regions, such as near-sky areas, which are oth-
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Figure 7. More single-view results on IIW We show additional albedo predictions on the IIW dataset to highlight the ability of our
model to predict accurate and visually pleasing intrinsic images, including albedo, metallic, roughness, diffuse shading and camera-space
normals.

erwise underrepresented in our indoor-dominated training
data. Specifically, without pseudo-labels, the model tends
to produce blurry or inconsistent albedo estimates near sky
regions due to the lack of outdoor supervision. The intro-
duction of pseudo-labels mitigates this issue, resulting in
sharper and more physically plausible predictions. How-
ever, this approach also has some drawbacks: the model
exhibits a tendency toward darker albedo estimates in cer-
tain regions, such as walls and floors, which results from
the sub-optimal quality of the pseudo-labels. While the use
of pseudo-labels is a pragmatic solution given the limited
availability of annotated outdoor data, it remains a compro-
mise. To further improve generalization to outdoor envi-
ronments, a more comprehensive dataset covering diverse
outdoor distributions would be required.

Performance Limitations. As our method is fundamen-
tally data-driven, its performance can be constrained by
the distribution of the training data when applied to out-
of-distribution (OOD) inputs. This occasionally leads to
predictions with inaccurate chromaticity. For example, in
the top-most scene in Figure 8, the albedo of the wooden
table is predicted darker than expected, while in the mid-
dle scene, the predicted albedo of the wooden floor exhibits
noticeable tonal variations. However, it is important to note
that such behavior is a common limitation of data-driven ap-
proaches; for instance, Figure.5 in the main paper demon-
strates a similar drawback of DiffusionRenderer (the picture
with a white cat on the floor). Beyond expanding the diver-
sity of training data, this issue might also be mitigated by
explicitly incorporating chromaticity information into the
albedo prediction process, following the approach of [2].

Moreover, labeled data for metallic and roughness pre-
dictions are much sparser compared to albedo, with annota-



tions available only in a few datasets such as MatrixCity, In-
teriorVerse, and ABO. This scarcity significantly limits the
model’s generalization capability, leading to inconsistent or
unreliable predictions for these material properties. For ex-
ample, the model rarely encounters trees with ground-truth
metallic or roughness labels, resulting in blurry and ques-
tionable predictions in these areas, as illustrated in Figure 9.

Furthermore, existing datasets often employ differing
modeling conventions for complex materials like specular
and mirror surfaces.For instance, Hypersim [12] typically
assigns near-zero albedo values to these regions, whereas
Structured3D [16] tends to represent them with high re-
flectance values. This divergence in annotation strategies
introduces a degree of ambiguity during training, which can
manifest as grayish or less defined outputs in the model’s
predictions (see the window area in Figure 6). Since our
model is discriminative, these conflicting supervisory sig-
nals drive the optimization toward a median value, leading
to blurred results in affected regions. While we mitigate ex-
treme cases by masking values below 0.01 or above 0.99,
the inherent variance in how specular surfaces are handled
remains a challenge for achieving perfectly sharp predic-
tions.
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Figure 8. Multi-view results on the DL3DV [9] dataset demonstrating the cross-view consistency and generalization of our method.
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Figure 9. Another example on the DL3DV [9] dataset demonstrating its limitation when applied to outdoor scenes.
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