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Figure 1. We present MVInverse, a feed-forward multi-view inverse rendering framework that jointly recovers consistent geometry and
material properties from input images or videos. With the recovered properties, realistic relighting under novel illumination can be achieved

within seconds.

Abstract

Multi-view inverse rendering aims to recover geometry,
materials, and illumination consistently across multiple
viewpoints. When applied to multi-view images, existing
single-view approaches often ignore cross-view relation-
ships, leading to inconsistent results. In contrast, multi-
view optimization methods rely on slow differentiable ren-
dering and per-scene refinement, making them computa-
tionally expensive and hard to scale. To address these limi-
tations, we introduce a feed-forward multi-view inverse ren-
dering framework that directly predicts spatially varying
albedo, metallic, roughness, diffuse shading, and surface
normals from sequences of RGB images. By alternating at-
tention across views, our model captures both intra-view
long-range lighting interactions and inter-view material
consistency, enabling coherent scene-level reasoning within
a single forward pass. Due to the scarcity of real-world
training data, models trained on existing synthetic datasets
often struggle to generalize to real-world scenes. To over-
come this limitation, we propose a consistency-based fine-
tuning strategy that leverages unlabeled real-world videos
to enhance both multi-view coherence and robustness under
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in-the-wild conditions. Extensive experiments on bench-
mark datasets demonstrate that our method achieves state-
of-the-art performance in terms of multi-view consistency,
material and normal estimation quality, and generaliza-
tion to real-world imagery. Code, models and more results
are available at https : //maddog241.github.io/
mvinverse-page/

1. Introduction

Inverse rendering, a fundamental task in computer vi-
sion and graphics, aims to recover intrinsic scene proper-
ties—including albedo, roughness, and metallicity—from
visual observations. This capability is pivotal across nu-
merous practical domains: in film and animation produc-
tion, it enables efficient digital asset creation by recon-
structing physically accurate materials from real-world cap-
tures [98, 100, 119]; in augmented reality (AR) and vir-
tual reality (VR), it facilitates seamless integration of vir-
tual objects with real environments by matching their mate-
rial properties to the scene [17, 74, 78]; and in robotics, it
enhances scene understanding for tasks like object manipu-
lation by inferring physical characteristics of surfaces [14,
101, 112]. Beyond these applications, inverse rendering
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Figure 2. Effect of Alternating Attention for Inverse Render-
ing. Given the red and blue query patches in the first view, we
visualize the corresponding attention heatmaps in the second view
(bottom row) to illustrate the effectiveness of our model design.
Red: the model captures long-range lighting interactions across
spatially distant regions. Blue: the model maintains cross-view
consistency by correctly associating corresponding surface regions
under viewpoint changes.

serves as a cornerstone for advancing physically based ren-
dering (PBR) pipelines, bridging the gap between image-
based perception and 3D scene reconstruction.

Despite its significance, existing inverse rendering meth-
ods face critical limitations that hinder their practical de-
ployment. First, the majority of approaches rely on iter-
ative optimization frameworks [2, 9, 33, 42, 46, 62, 72,
87, 96, 109, 117], which often yield high-fidelity results
but suffer from prohibitive computational costs, requiring
minutes to hours of processing per scene, making them
infeasible for real-time or large-scale applications. Sec-
ond, while some single-view intrinsic decomposition meth-
ods [16, 53, 55-57, 122] achieve fast inference by lever-
aging feed-forward networks, their extension to multi-view
settings is plagued by multi-view inconsistency: material
predictions for the same 3D region across different view-
points often diverge, leading to unrealistic artifacts in re-
constructed scenes. Third, recent diffusion-based renderers
have demonstrated promising results for image and video
inverse rendering [48, 60, 111], but their inherent genera-
tive nature and iterative sampling process render them com-
putationally expensive, inheriting the speed limitations of
optimization-based methods. Thus, developing an inverse
rendering solution that balances speed and accuracy re-
mains an open and pressing challenge.

Our work is motivated by the remarkable recent progress
in feed-forward 3D reconstruction, where vision trans-
former (ViT)-based models have revolutionized the field by

replacing lengthy optimization pipelines with direct, end-
to-end prediction [44, 67, 90, 93]. Multi-view inverse ren-
dering shares a key similarity with these reconstruction
methods: both traditionally depend on repeated rendering
iterations to solve for intrinsic properties (materials for in-
verse rendering, geometry for reconstruction). This parallel
insight suggests that integrating the feed-forward paradigm
into inverse rendering is a natural and unexplored direction.
By leveraging the efficiency of transformer-based architec-
tures to directly map multi-view inputs to material proper-
ties, we can potentially overcome the speed bottlenecks of
optimization and diffusion-based methods while addressing
the consistency issues of monocular approaches.

Building on this motivation, we propose MVInverse, a
novel feed-forward model that predicts albedo, roughness,
and metallicity along with camera-space normals and dif-
fuse shading maps for all input views in just a few seconds.
Inspired by recent state-of-the-art feed-forward 3D recon-
struction architectures [90, 93], we adopt a VGGT-style [90]
transformer backbone with alternating global and frame-
wise attention: the global attention explicitly associates cor-
responding 3D regions across different viewpoints, while
the frame-wise attention captures intra-frame interactions
in individual images. This alternating-attention design ex-
tracts efficient, viewpoint-aligned features that serve as a
robust foundation for subsequent material and normal pre-
diction. As illustrated in Figure 2, attention visualizations
reveal that our model effectively captures both long-range
lighting dependencies (red patch) and inter-frame consis-
tency (blue patch), highlighting the dual capability of the
alternating attention mechanism.

A further challenge in inverse rendering is the scarcity of
high-quality real-world training data. Most existing meth-
ods are trained on synthetic datasets [25, 51, 52,79, 92, 120,
122], leading to poor generalization to real-world scenar-
ios, particularly the emergence of flickering artifacts, where
material properties of the same 3D region fluctuate incon-
sistently across views or frames. To mitigate this, we adopt
a two-stage training strategy: we first pre-train our model on
large-scale synthetic datasets to learn general material pri-
ors, then introduce a self-supervised consistency constraint
during fine-tuning on real-world data. This constraint en-
forces that material predictions for the same 3D point, as
observed from different viewpoints, remain consistent, sig-
nificantly improving the model’s generalization to real en-
vironments and eliminating flickering artifacts.

We validate our approach across common benchmark
datasets, demonstrating strong single-view inverse render-
ing quality, multi-view material consistency, accurate nor-
mal prediction, and stable temporal performance on videos.
Moreover, by combining our method with existing feed-
forward 3D reconstruction pipelines, we can obtain tex-
tured point clouds that enable various downstream appli-
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cations such as video relighting and view-consistent mate-
rial editing in only a few seconds. This efficient end-to-end
pipeline greatly lowers the barrier for practical deployment,
paving the way for highly scalable, data-driven material un-
derstanding.

2. Related Work

Single-view Inverse Rendering Inverse rendering aims
to decompose a scene into geometry, material properties and
illumination [6]. This is an inherently ill-posed task as mul-
tiple combinations of these properties can produce the same
image. Early approaches relied on handcrafted priors and
physical heuristics to constrain the problem [4, 6, 7, 31, 36,
50, 82, 83, 115, 118], which were often limited by the ap-
plicability of their underlying assumptions to diverse real-
world scenes. The advent of deep learning has shifted the
paradigm towards data-driven techniques. Modern methods
often frame inverse rendering as an image-to-image transla-
tion problem, training dense prediction neural networks on
large-scale synthetic datasets with ground truth decompo-
sitions [15, 16, 53, 55-57, 70, 75, 80, 81, 84, 94, 95, 110,
113, 116, 122, 123]. These learning-based approaches can
jointly estimate spatially-varying bidirectional reflectance
distribution functions (SVBRDFs), complex lighting, and
surface normals. More recently, generative models, par-
ticularly diffusion models, have been employed to address
the problem in a formulation of conditional image gener-
ation [28, 29, 48, 59-61, 76, 102, 111, 121]. These mod-
els leverage powerful priors learned from large-scale image
distributions to synthesize physically plausible decomposi-
tions. However, a fundamental limitation of all single-view
methods is their inability to enforce geometric and material
consistency across different viewpoints of the same scene.
In contrast, our proposed method leverages multiple views
simultaneously to resolve this ambiguity and ensure a co-
herent scene decomposition.

Multi-view Inverse Rendering Multi-view inverse ren-
dering leverages information from multiple observations of
a scene to enable more accurate recovery of geometry, mate-
rials, and illumination. Early multi-view methods often re-
lied on explicit geometry and heavy optimization to jointly
refine these factors [2, 41, 72, 96, 109], achieving physically
accurate results through iterative optimization. With the rise
of neural scene representations, NeRF [71] and NeuS [91]-
based approaches [1, 9-11, 13, 21, 46, 66, 87, 89, 103—
105, 114, 117] have become a dominant paradigm. These
methods model radiance and reflectance within implicit
neural fields and typically optimize network parameters per
scene to disentangle view-dependent appearance and in-
cident illumination. More recently, 3D Gaussian Splat-
ting [45] has been adapted for inverse rendering [8, 18, 24,

27, 33, 37, 38, 42, 49, 62, 85, 97, 107, 108, 124], offer-
ing real-time differentiable rendering and efficient geom-
etry representation with some feed-forward 3D geometry
reconstruction [30, 34, 68, 90, 93]. In addition, several
hybrid methods [20, 63, 65, 69] adopt an estimation-then-
optimization strategy, where learning-based predictions are
refined through per-scene optimization. Despite recent
progress, most existing approaches still rely on scene-
specific optimization or fine-tuning to achieve material and
lighting consistency. Although learning-based systems such
as MAIR and MAIR++ [22, 23] consider multi-view set-
tings without optimization, their applicability remains lim-
ited to relatively constrained viewpoints. In contrast, our
method performs multi-view inverse rendering in a single
feed-forward pass, producing coherent scene decomposi-
tion even under large camera motions.

3. Method

In this section, we introduce MVInverse, a feed-forward
inverse rendering framwork which directly predicts multi-
ple intrinsic properties given a sequence of images. We
firstly introduce the problem definition and our notations
in Sec 3.1, followed by our model architecture and design
choices in Sec 3.2. In Sec 3.3, we introduce a consistency
finetuning scheme, improving the model’s generalization
capability in real-world scenes.

3.1. Problem Definition and Notation

Given a sequence of N images S = ([1,..,In),I; €
RIXWX3 the network f aims to map the sequence to a
corresponding set of intrinsic images:

FIDN)) = (A, My, Ri, Ny, D) (1)

where A; € [0,1]#*W*3 denotes the albedo map, rep-
resenting the surface’s base reflectance color. M; €
[0, 1]H*W is the metallic map, and R; € [0,1]7>W rep-
resents the roughness map. N; € [—1,1]7*W>*3 g the
surface normal map, defined in the camera coordinate sys-
tem. D; € [0, 1]#*W*3 denotes the diffuse shading map,
capturing the total incoming radiance over the upper hemi-
sphere at each surface point, which contributes to the diffuse
shading.

3.2. MVInverse

Feature Backbone Following recent advances in feed-
forward 3D reconstruction [90, 93], we adopt a similar ar-
chitecture tailored for the multi-view inverse rendering set-
ting, as illustrated in Figure 3.

We use DINOV?2 [73] as the visual feature encoder due
to its strong generalization capability and ability to extract
semantically meaningful high-level representations. Each
input image I; is converted into a set of visual tokens: X; =
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Figure 3. Framework of MVInverse. Given an input image sequence, our framework first encodes each frame into patch tokens via
DINOV2 [73], where alternating global-frame attention enables cross-view feature aggregation. Concurrently, a frame-wise ResNeXt [99]
encoder provides multi-resolution convolutional features to preserve fine spatial details. Notably, these convolutional features are integrated
into the transformer stream only at the final decoder stage. This DPT-style prediction head produces pixel-aligned intrinsic maps, including
albedo, metallic, roughness, normal, and shading. The diffuse image is obtained as the product of albedo and diffuse shading. Further

details can be found in the supplementary material.

DINOvV2(I;), X; € RT*C, where T denotes the number
of tokens and C' is the feature dimensionality.

To jointly exploit intra-view appearance cues and
cross-view intrinsic consistency, we adopt a permutation-
equivariant alternating-attention transformer backbone sim-
ilar to [90, 93]. The backbone alternates between two com-
plementary attention operations:

Frame-wise self-attention, which performs attention
within a single image and refines token representations
by capturing long-range spatial dependencies and local
semantic structures.

Global self-attention, which performs attention across
all input images and allows tokens from different views to
mutually reference and reinforce each other. This mech-
anism implicitly associates tokens that observe the same
underlying 3D surface region, without requiring camera
pose supervision.

Through progressive alternation between these two at-
tention operations, the network injects rich intra-view con-
textual reasoning and globally consistent cross-view infor-
mation into each token. This yields feature representations
that are structurally coherent and view-consistent, forming
a reliable basis for multi-view inverse rendering.

Intrinsic Heads Given the rich multi-view latent repre-
sentation, MVInverse predicts intrinsic properties for every
input image through five dedicated prediction heads:

P, = Heady(X;), ke {A,M,R,N,D}

Each head is implemented as a DPT-style dense predic-
tion module [77], producing pixel-aligned predictions at the
input resolution.

However, unlike depth and semantic segmentation tasks,
where DPT is commonly used, inverse rendering requires
much stronger spatial detail preservation. Empirically, we
find that using the DPT head alone often leads to overly
smoothed and blurry material maps, particularly in albedo,
where high-frequency texture patterns must be recovered
accurately. To overcome this limitation, we introduce an
auxiliary multi-resolution convolutional encoder that ex-
tracts local high-frequency structures from the input image
and injects them into the prediction head via feature fusion.
The extracted fine-grained details are skip-connected to the
prediction heads to preserve texture sharpness while avoid-
ing unnecessary blurring. As shown in Figure 7, this DPT-
hybrid-like [77] architecture substantially improves spatial
fidelity and restores fine-scale reflectance variations.

Each intrinsic property is supervised with a tailored loss.
For albedo, metallic, roughness, and diffuse shading, we
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follow [16, 52, 54] to use mean-squared error (MSE) loss
and multi-scale gradient (MSG) loss:

1 N
Lonse(P) ==Y (P — PF)?, 2)
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where P € {A, M, R, D} represents the predicted in-
trinsic map (albedo, metallic, roughness, or diffuse shad-
ing), P* is the corresponding ground-truth supervision, and
V P, ; denotes the spatial gradient of P at scale [. Note that
a scale-invariant MSE loss is applied for albedo prediction,
with details provided in the supplementary materials.

Surface normals are trained using a cosine similarity
loss, enforcing correct orientation rather than raw vector
magnitude:

Enormal(Ni) =1~ <NzaNz> (4)

Training Our model is trained in an end-to-end manner
by optimizing a composite loss function that simultaneously
constrains multiple material properties, including albedo,
metallicity, roughness, normals, and shading. Each individ-
ual loss term is weighted in the overall objective, enabling
the model to learn these physical attributes jointly.

L= Aalbedo Ealbedo + >\metallic Emelallic + )\mughness Eroughness
+ )\normal Enormal + /\shading £shading (5)

where A+ denotes the weighting factor for each component,
and L« corresponds to the loss of the respective material
property. In practice, we set all weighting factors A« = 1.

Our model is trained on a diverse collection of
datasets to ensure robustness across various environments.
Specifically, we use Hypersim [79], Interiorverse [122],
PRID [92], Structured3D [120], Amazon-Berkeley Ob-
jects [25], MatrixCity [51], and CGlntrinsics [52] as the pri-
mary training sources. Since most of these datasets contain
synthetic indoor or object-centric scenes, limiting general-
ization to outdoor scenes, we additionally use Diffusion-
Renderer [60] to generate pseudo albedo labels for 1,118
real-world videos from the Sekai [58]-Drone dataset. Ad-
ditional training details and dataset specifications can be
found in the supplementary material.

3.3. Consistency Finetuning

After pretraining, the network already produces view-
consistent material predictions in synthetic scenes. How-
ever, when applied to real-world videos, we observe notice-
able temporal flickering on the same 3D regions, resulting
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Figure 4. Consistency finetuning on real videos. Frames are
fed into the finetuned model to produce predictions. Optical flow
warps the prediction of frame ¢ + 1 to frame ¢, and a consistency
loss enforces temporal stability. An anchor loss on frame 0, us-
ing a pretrained model’s prediction as reference, prevents solution
collapse.

in poor visual stability. We resort the issue to the lack of
ground-truth supervision in real-world scenes.

To address this, we adopt a two-stage training scheme.
After large-scale pretraining on synthetic data, we perform
self-supervised finetuning on real-world videos to enhance
temporal consistency, as illustrated in Figure 4. Given a se-
quence of input frames (lo, Iy, I¢41), the finetuned model
generates material predictions (Mg, Mt, Mt+1) To enforce
temporal coherence, we estimate dense optical flow Fy 1,
between frames I and I; using an off-the-shelf optical
flow network [88]. The predicted material map Mt+1 is
warped according to F} 1, to obtain M;Tlrﬂt A consis-
tency loss is computed between Mg“flr ' and M, encourag-
ing adjacent predictions to remain consistent under motion.

However, applying only consistency supervision may
lead to trivial or collapsed solutions where the model learns
to generate temporally smooth but semantically meaning-
less outputs. To prevent this, we introduce an anchor loss at
frame 0. A pretrained model produces a reference material
map M2, and the finetuned model is required to match
this prediction at the same frame. This anchor loss pre-
serves the pretrained model’s predictive ability while still
allowing finetuning to improve temporal stability.

Lhnetune — /\anchor ||MO Mpred||2+ ”Mt :V:rlp%tH} (6)

Here, we set Aychor = 0.1 to balance the contributions of
the anchor and consistency losses. Together, these losses
guide the model to learn video-stable material predictions
without sacrificing the fidelity obtained from pretraining.
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Table 1. Quantitative evaluation of single-view inverse render-
ing on Interiorverse [122]. * We do inference in the image mode.
Best / 2nd / 3rd per column are highlighted.

| Albedo
| PSNRT SSIMT LPIPS| | RMSE| | RMSE |

‘ Metallic ‘ Roughness

Iw [7] 9.7 0.62 0.47 - -
RGB-X [111] 16.4 0.78 0.19 0.44 0.38
ColorfulDiffuse [16] 15.2 0.76 0.35 - -
IntrinsicImageDiffusion [48] 17.4 0.80 0.22 0.21 0.26
DiffusionRenderer [60]* 21.9 0.87 0.17 0.28 0.35
Ours 23.0 0.92 0.09 0.14 0.17

4. Experiments

We conduct extensive experiments to evaluate the proposed
feed-forward multi-view inverse rendering framework. Our
evaluation focuses on three core aspects: (1) single-view
material estimation quality, (2) multi-view material con-
sistency, and (3) normal estimation quality. Through both
quantitative and qualitative comparisons, we demonstrate
that our method achieves efficient and consistent scene-
level inverse rendering without per-scene optimization.

4.1. Single-view Material Estimation

We first evaluate single-view material estimation on the
test set of Interiorverse [122] with 2672 image-material
pairs. We evaluate albedo predictions using PSNR, SSIM,
and LPIPS, and roughness/metallic using RMSE. For com-
parison, we include state-of-the-art intrinsic decomposition
and inverse rendering methods: DiffusionRenderer [60],
ColorfulDiffuse [16], RGB<«+X [111], IntrinsiciImageDiffu-
sion [48], and earlier approaches [7]. Quantitative results
in Table 1 show that our method outperforms all baselines
across all evaluated metrics. This demonstrates that our ap-
proach not only achieves higher accuracy in albedo and ma-
terial property estimation but also produces more perceptu-
ally faithful and visually consistent results

We further provide qualitative comparisons for zero-shot
real-world single-view albedo estimation in Intrinsic Im-
ages in the Wild (ITW) [7] dataset, as shown in Figure 5.
In the top row, regions highlighted in green indicate areas
where RGB<«>X [111] and ColorfulDiffuse [16] fail to cor-
rectly remove lighting effects, while blue regions show that
these methods do not remove the cat’s shadow. Addition-
ally, orange regions illustrate that DiffusionRenderer [60]
generates unnatural color artifacts, such as a red patch in
the leaves, and exhibits suboptimal overall color tone. In
the bottom row, red and blue regions correspond to small
shadows under the cabinet that are not removed by existing
methods. Green regions highlight the shadows of pendant
light on the cabinet that other models fail to recognize. In
contrast, our method effectively eliminates these shadows,
demonstrating superior capability in both shadow removal
and albedo recovery under challenging lighting conditions.

Table 2. RMSE for Albedo, Metallic, and Roughness. Results
are evaluated on multi-view images in Hypersim [79].

Method RMSE}

Albedo  Metallic  Roughness
RGB-X[111] 0.1317 0.3451 0.1813
ColorfulDiffuse [16] 0.0816 - -
IntrinsicImageDiffusion [48] ~ 0.0878 0.0734 0.0810
DiffusionRenderer [60] 0.0935 0.1250 0.1055
Ours 0.0660 0.0634 0.0259

4.2. Multi-view Material Consistency

In this section, we compare our model’s multi-view con-
sistency with existing methods. Since there is no estab-
lished protocol for evaluating multi-view material consis-
tency, we design our own evaluation scheme. We select
the last 50 scenes from the Hypersim [79] test split. Note
thta none of the compared methods have seen these five test
scenes during training. For each scene, we perform infer-
ence on the first 10 views in all camera trajectories. Us-
ing known depth maps and camera poses, predicted mate-
rial maps (albedo, roughness, metallic) from one view are
back-projected into 3D world coordinates and reprojected
onto other views. We then compute RMSE between repro-
jected and directly predicted maps over overlapping regions
to quantify cross-view consistency. Results in Table 2 show
that our method achieves the lowest RMSE across all ma-
terial channels (albedo, roughness, and metallic), indicating
superior cross-view consistency compared to existing ap-
proaches, which is an essential property for material acqui-
sition in downstream applications.

We additionally provide qualitative comparisons on
multi-view albedo consistency, as shown in Figure 6. We
select two views from the Room scene in the Mip-NeRF
360 [5] dataset and Drjohnson scene in Deep Blending [40]
dataset and predict their albedo using each method. The
second view is warped to the first view using camera poses
and depth estimated by Pi3 [93]. We then compute and vi-
sualize an error map between the predicted albedo of the
first view and the warped albedo from the second view,
where brighter pixels indicate larger inconsistencies be-
tween views.

As shown in Figure 6, our model produces the least
amount of bright pixels in the error map, indicating signif-
icantly lower cross-view discrepancies. This demonstrates
that our method maintains strong multi-view albedo con-
sistency, while other approaches exhibit noticeable view-
dependent variations.

4.3. Normal Estimation

We evaluate zero-shot surface normal prediction on stan-
dard benchmarks, including NYUv2 [86], ScanNet [26],
iBims-1 [47], Sintel [12], and OASIS [19]. Normal es-
timation performance is measured using mean angular er-
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Figure 5. Single-view Albedo Comparison. In the top row, green circles highlight regions where lighting is not removed; blue circles
highlights regions where shadow still exists; orange circles demonstrate an unnatural red patch inside the leaves. In the bottom row, red
and blue regions indicate areas where small shadows are not removed; green regions highlight shadows cast by the pendant light on the
cabinet that are not recognized by other models. In contrast, our model handles these cases well.

ColorfulDiffuse Ours

RGB & X DiffusionRenderer

Figure 6. Multi-view Albedo Comparison We compare our method with existing approaches under multi-view settings. For each scene,
the top-left and top-right subfigures show the albedo predictions from view I and view 2, respectively. The bottom-left subfigure shows the
result of warping the prediction from view 2 to view I, and the bottom-right subfigure visualizes the per-pixel difference between the two
views. Our method demonstrates higher cross-view consistency and fewer artifacts across viewpoints.

ror (MAE) and the percentage of pixels with angular er-
rors below 11.25° and 30°. We compare against rep-
resentative state-of-the-art methods, including Omnidata
V2 [43], DSINE [3], GeoWizard [32], StableNormal [106],
Diffusion-E2E-FT [35], and Lotus-D [39].

Results in Table 3 show that our method achieves the

mance remains among the top three. This demonstrates that
our model generalizes robustly across diverse benchmarks.

4.4. Ablations

Auxiliary multi-resolution encoder preserves fine-
grained spatial details. As introduced in Section 3.2, our

best performance on the majority of datasets and evalua-
tion metrics. In particular, our method achieves the lowest
mean angular error and the highest accuracy at 30° thresh-
olds on four out of five benchmarks. Even in the few cases
where another model slightly surpasses ours, our perfor-

DPT-style intrinsic heads are augmented with an auxiliary
multi-resolution encoder to better preserve high-frequency
spatial details. This design allows the network to incorpo-
rate fine-grained structural cues from the input image with-
out altering the overall architecture. As shown in Fig. 7, in-
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Table 3. Quantitative evaluation on zero-shot surface normal estimation. Comparison across five benchmarks. Best / 2nd / 3rd per

column are highlighted from deep to light orange.

NYUv2 [86] ScanNet [26] iBims-1 [47] Sintel [12] OASIS [19]
Method mean| 1125°1 30°+ | mean| 11.25°1 30°1 | mean| 11.25°% 30°1 | mean) 11.25°1 30°% | mean| 11.25°1 30°1
Omnidata V2 [43] 17.2 555 830 | 162 602 847 | 182 639 811 | 405 147 435 | 242 217 742
DSINE [3] 16.4 596 835 | 162 61.0 844 | 171 674 | 823 | 349 215 527 | 244 288 72,0
GeoWizard [32] 18.9 507 815 | 174 538 835 | 193 630 803 | 403 123 435 | 252 234 68.1
StableNormal [106] 18.6 535 817 | 171 574 841 | 182 650 824 | 367 141 507 | 265 235 687
Diffusion-E2E-FT [35] | 16.5 [N604IN 83.1 | 147 66.1 851 | 161 [I697 839 | 335 223 535 232 294 | 745
Lotus-D [39] 16.2 598 839 | 147 640 861 | 17.1 664 830 | 323 224

Ours 60.2

570 (1223031861
23.1 29.6 74.5

69.2

Figure 7. Effect of Auxiliary Multi-resolution Encoder. Incor-
porating multi-resolution features from the auxiliary encoder helps
recover finer details, yielding more accurate and spatially coherent
albedo predictions.

corporating the auxiliary encoder leads to more fine-grained
and spatially coherent albedo predictions, highlighting the
importance of explicitly modeling local details for accurate
material recovery.

Consistency finetuning mitigates flickering artifacts.
As described in Sec. 3.3, we introduce a self-supervised
finetuning strategy to enhance temporal stability on real-
world videos. To quantitatively assess its effectiveness, we
evaluate the model before and after finetuning on 100 test
videos in the DL3DV [64] dataset by measuring the repro-
jection error across adjacent frames. As shown in Table 4,
consistency finetuning notably reduces temporal flickering
and yields smoother, more stable material predictions over
time.

4.5. Application

Relighting. As in Fig.1, our model predicts view-
consistent materials and normals to enable efficient video
relighting. By integrating depth and poses from [93], we
reconstruct a materialized 3D point cloud for real-time PBR
under novel lighting. Our feed-forward framework runs in
seconds, demonstrating superior efficiency and interactivity

Table 4. Effect of consistency finetuning. Comparison before
and after applying the proposed self-supervised finetuning on real-
world videos.

Method RMSE}

Albedo Metallic Roughness Shading
Ours (before finetune)  0.0341  0.0250 0.0119 0.0150
Ours (after finetune) 0.0161  0.0146 0.0084 0.0140

L g
.?\,

Figure 8. View-Consistent Material Editing. Our method en-
ables consistent and photorealistic material editing across multiple
views. Notably, the shadows and shading on the horn are naturally
preserved after editing.

compared to optimization-based methods.

View-consistent Image Editing. With the reconstructed
materialized 3D point cloud, we show that we can also per-
form efficient view-consistent and lighting-aware material
editing. Given the region to be modified, we directly re-
place the albedo of the target points with desired texture
and re-render the scene using our predicted diffuse shading,
as shown in Figure 8.

5. Conclusion

In this work, we introduced MVInverse, a feed-forward
multi-view inverse rendering framework that achieves fast
and consistent inverse rendering across input views. By
synergizing alternating attention with multi-resolution con-
volutional features, our method bridges the gap between ef-
ficiency and spatial fidelity in material recovery. Despite
its effectiveness, our approach is still constrained by the
limited availability and diversity of material annotations,
restricting the model’s ability to generalize across diverse
scenes. We believe that combining our pipeline with more
datasets has the potential to turn feed-forward multi-view
inverse rendering into a fundamental component of various
downstream tasks.
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