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Abstract

Perceiving the shape and material of an object from a single image is inherently
ambiguous, especially when lighting is unknown and unconstrained. Despite this,
humans can often disentangle shape and material, and when they are uncertain, they
often move their head slightly or rotate the object to help resolve the ambiguities.
Inspired by this behavior, we introduce a novel conditional denoising-diffusion
model that generates samples of shape-and-material maps from a short video of an
object undergoing differential motions. Our parameter-efficient architecture allows
training directly in pixel-space, and it generates many disentangled attributes of
an object simultaneously. Trained on a modest number of synthetic object-motion
videos with supervision on shape and material, the model exhibits compelling emer-
gent behavior: For static observations, it produces diverse, multimodal predictions
of plausible shape-and-material maps that capture the inherent ambiguities; and
when objects move, the distributions converge to more accurate explanations. The
model also produces high-quality shape-and-material estimates for less ambiguous,
real-world objects. By moving beyond single-view to continuous motion observa-
tions, and by using generative perception to capture visual ambiguities, our work
suggests ways to improve visual reasoning in physically-embodied systems.1

1 Introduction

A single image of an object is inherently ambiguous. The image can be mimicked by a planar surface
with paint, for example, or a curved mirror under suitable lighting. There are many possibilities, and
they arise from the intertwined roles of shape and material in image formation. We argue that vision
systems should reason about shape and material jointly, and that they should embrace and model their
ambiguities, so that additional cues like motion or touch can be triggered for disambiguation. This
will help embodied AI systems deal with very practical problems, such as distinguishing a wet floor
from a glossy one, or distinguishing a painted visual cliff from an actual cliff.

Humans naturally resolve much of the uncertainty through motion. Imagine moving a shiny textured
object under natural lighting: glossy highlights sweep across its surface, immediately revealing
its material and geometric structure. This interplay of material, surface, and motion provides far
more insight than a single static observation. Just as young children explore their environment by
manipulating objects, computational vision systems can benefit from observing differential object
motion—even across a few video frames. These observations motivate a perception framework that
(i) explicitly models shape-material ambiguity rather than collapsing to a single estimate, and (ii)
leverages object motion as a natural cue for reducing ambiguity when motion is available.

In contrast to these principles, recent learning-based approaches in computer vision typically focus
on inferring either shape or material, but not both, and they are often optimized to predict a single
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Figure 1:Left: We train our generative perception model tojointly infer shape and materials using
synthetic three-frame videos of objects undergoing differential motions.Right: Our model(i)
generalizes to captured real-world photos;(ii) leverages continuous observations to disentangle
complex objects, and(iii) shows an emergent ability to provide multiple hypotheses for ambiguous
static images, such as convex, concave and planar `postcard' explanations.

“best” output even for tasks that are fundamentally ambiguous. Examples include the estimation of
monocular shape (e.g., depth [33, 59] or normals [43, 60, 8]) and intrinsic texture or color [11]. In
addition to focusing on a single attribute, such models tend to ignore the ambiguity inherent in the
visual world, treating uncertainty as noise to be suppressed rather than something to be modeled.

Instead, we advocate agenerative perceptionapproach, where a vision system generates diverse
samples of shapes and materials that explain the input observation(s). When the input is a single
image, the output samples should re�ect the full range of plausible interpretations, expressing the
fundamental ambiguities of the scene. Enyo and Nishino [18], Kocsis et al. [36], and Han et al. [23]
have previously explored this idea for single images and particular attributes, demonstrating generative
perception, respectively, of illumination and re�ectance; materials; and shape. Here, we argue that
generative perception should not be limited to a single view, or to a single object attribute. It should
incorporate moving observations when available, and it should jointly disentangle all of shape, texture,
and re�ectance.

To realize this goal, we introduce a conditional video diffusion model for generative perception
that jointly infers shape and material from both static and moving objects. Our denoising diffusion
architecture, calledU-ViT3D-Mixer , operates directly in256� 256pixel space and uses spatio-
temporal attention and cross-channel mixing to simultaneous reason about surface normals, diffuse
texture and re�ectance. At coarse scales it employs global attention to capture object-scale constraints,
and at �ne scales it employs parameter-ef�cient neighborhood attention to capture local space-time
constraints on shape and material.

We train our model from scratch on short synthetic videos of moving and static objects, and we
�nd that it generalizes to captured images and videos while exhibiting several desirable perceptual
capabilities: (i) it achieves competitive results on existing static-image shape and material benchmarks;
(ii ) it exhibits an emergent ability to generate plausible multimodal samples when the input is
ambiguous, such as the classic convex/concave ambiguity or the trivial postcard solution (see
Figure 1); and crucially, (iii ) it makes effective use of differential object motion to resolve perceptual
ambiguities, improving prediction accuracy when additional motion frames are available.

Generative perception is a framework for understanding how vision systems can operate under
inherent ambiguity. Our work advances this framework by extending from static images to motion
videos, and by estimating shape and material together. We hope this opens new directions for
cognitive modeling, and for embodied AI systems that aim to emulate human perception.

2 Related Work

We study a novel problem: generative disentanglement of object shape and material from short videos.
This has not been directly addressed in prior work, but it relates to several research threads.

Intrinsic image decomposition and inverse rendering. Intrinsic image decomposition aims to
separate an image into texture (albedo), diffuse shading, and sometimes additional re�ectance
properties such as metallic-ness and roughness, all without inferring shape [7, 36, 11]. Inverse
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rendering extends this goal by recovering the full scene properties—including shape, materials, and
illumination—that are necessary for physically accurate re-rendering [41, 4, 42, 47, 61]. Our work
differs from these by estimating shape and materials without explicit illumination, thereby focusing
on all of the scene attributes that are intrinsic to an object.

Recently, Zeng et al. [61] introduced RGB-X, which �netunes latent diffusion models for single-
image prediction of surface normals, material properties, and illumination, while also supporting
text-conditioned synthesis. The model differs from ours by outputting each attribute independently via
a prompt selector, without modeling their interactions. Similarly, DiffusionRenderer [40] �netunes
Stable Video Diffusion [9] for physical attributes prediction given video observations. The model
conditions on a domain embedding (e.g. "normals", "roughness") to infer one target attribute at a time.
In contrast, our model integrates shape and material reasoning within a single backbone, allowing
their representations to inform each other.

Diffusion models for conditional prediction. Generative modeling with diffusion models has
gained increasing recent attention [28, 54, 16, 49]. Many recent works have leveraged priors from
pre-trained latent diffusion models for dense prediction tasks such as estimating depth [33, 26],
normals [43, 19, 46, 60, 8], or materials [36, 61]. These methods often suppress output diversity by
averaging multiple samples [33, 36] or regularizing variance [60], overlooking the inherent ambiguity
in these tasks and leading to over-smoothed predictions that fail to capture multimodal outcomes.
In contrast, recentgenerative perceptionmodels embrace ambiguity by using diffusion models to
produce diverse samples of illumination and re�ectance [18] or of shape [23] from a single image.
Here we extend this idea to consider motion and to infer shape and materials together.

Shape from differential motion. Prior mathematical analyses have used differential equations to
study the reconstruction of shape from small motions under idealized conditions, such as directional
lighting and Lambertian or mirror-like materials [44, 5, 57]. Belhumeur et al. [6] show that for
Lambertian shapes with unknown lighting there are continuous stretches and tilts (the generalized
bas-relief ambiguity) that cannot be resolved by small motions. When lighting and re�ectance
(BRDF) are both unknown, Chandraker et al. [12] show that three observations of differential motions
around three distinct axes are needed to correctly reconstruct the shape along a characteristic surface
curve. Thus, from a mathematical standpoint, perceptual ambiguity persists even when observing
differential motion, which highlights the need for generative models that can represent the distribution
of possibilities. A learning-based approach like ours also has the bene�t of applying to a broader
range of lights and materials that would be very dif�cult to characterize analytically.

3 Methodology

We consider a rigid object undergoing small motion with respect to a stationary viewer and lighting
environment. The observer is represented by an orthographic camera along thez-axis in world
coordinates. Given a sequence of temporally continuous RGB image observationsc 2 RF � H � W � 3

with F frames, we aim to infer time-varying (F -frame)shape-and-material�elds X = f n ; M =
f � d; r; 
; � sgg from c. We use bold symbols to denote variables for multiples frames. Figure 1
depicts our overall approach.

3.1 Shape and Material Representations

We represent shape by the viewer-centric surface normal �eldn 2 RF � H � W � 3. The normal vector
at the backprojection of each image point(u; v) in a single frame has unit length and is denoted
by n(u; v). We represent material attributesM using the point-wise surface albedo (i.e., diffuse
color/texture)� d(u; v), roughnessr (u; v), metallic-ness
 (u; v) and specularity� s(u; v). Each
parameter is a time and space varying map with the same dimensionF � H � W that has either three
channels (� d) or one channel (r; 
; � s) and values in the range[0; 1]. These parameters are chosen
from a subset of those of an analytical re�ectance model—the Disney principled BSDF model [10].
Together they determine the bidirectional re�ectance distribution function (BRDF)

f r (! i ; ! o; f � d ; � s; r; 
 g) = (1 � 
 )
� d

�
(f di� (! i ; ! o) + f retro (! i ; ! o; r ))

+ f spec(! i ; ! o; � d ; � s; r; 
 ) :
(1)
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Figure 2: Our parameter-ef�cient denoising network, U-ViT3D-Mixer, takes in a channel-wise
concatenation of conditional video frames and noisy shape-and-material frames. At high spatial
resolutions, it uses ef�cient local 3D blocks (middle) with decoupled spatial, temporal, and channel-
wise interactions. At lower spatial resolutions, it uses global transformer layers with full 3D attention.

In an idealized setting without ambient occlusion, this BRDF determines the re�ected radiance at
each surface point by the physically-based rendering equation [32]

L r (u; v; ! o) =
Z

!
f r (! i ; ! o)L i (! i )( ! i � n(u; v))d! i ; (2)

where! i and! o are the incident and outgoing directions of light in the local coordinate frame of the
hemisphere centered at normaln(u; v), andL i is the incident directional illumination. Unlike inverse
rendering methods (e.g., [42]), we do not infer lighting and solely focus on recovering normalsn and
material propertiesM . We provide the full details of the rendering formulation in the appendix.

3.2 Generative Perception from Differential Motion

We design a conditional video diffusion model that can exploit the temporal continuity of differential
motion and that supports simultaneous stochastic sampling of shape, texture, and re�ectance. Our
model also processes still images by treating them as static videos.

3.2.1 Joint Inference with a Diffusion Model

Our model has the unique feature of predicting shape and materialsjointly using a single backbone.
This design choice is motivated by our preliminary probing experiment (see Appendix A.2), where a
model trained to predict albedo can be probed using DPT-style probes as in [17] to produce reasonable
estimates of surface normals. This suggests strong cross-attribute interaction and motivates a uni�ed
architecture. Our approach is very different from existing models that require �ne-tuning multiple
pre-trained diffusion models for shape or materials [37], or that use a text prompt to switch between
one output attribute at a time [61, 40].

We use a conditional diffusion probabilistic model [28] (DDPM) to generate shape-and-material
attributesx � q(X jc) by iterative denoising. To train the model we de�ne a `forward process' that
adds Gaussian noise to a clean shape-and-material mapx :

z t = � t x + � t � ; where� � N (0; I ) : (3)

We use a continuous noise schedule wherez0 is close to clean data andz1 is close to Gaussian noise,
and we use a variance-preserving [28] noise schedule which implies� 2

t + � 2
t = 1 .

We use a neural network with weights� to approximateq(X jc) by a tractable distributionp� (X jc).
The network learns to estimate the noise in intermediate timestepst 2 (0; 1) for all frames. During
training, each conditioning framecf 2 c is associated with the same noise level� t and with different,
randomly sampled Gaussian noise� f . We train the network by minimizing the prediction error
averaged over all frames:

L (� ) :=
1

jFj

X

f 2F

Et �U (0 ;1) ;� f �N (0 ;I )

�
jj � f � � � (x f

t ; t; cf )jj2
2] : (4)
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