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Figure 2. Overview of the process to generate temporal object intrinsics. For a modeled natural process, we first estimate a task-specific
Neural Template to get a 4D-consistent representation of its temporal state changes (Sec. 4). Then we iteratively optimize a hybrid 4D
intrinsics field (Sec. 5.1) to generate temporal object intrinsics. In each iteration of optimization, we sample a camera pose and timestamp
to render this optimizable 4D field into intrinsic maps. These maps are subsequently rendered into RGB images using a physically-based
renderer (Sec. 5.2). Concurrently, the same camera pose and timestamp are used to query the Neural Template for the corresponding Neural
State Map. This map conditions a fine-tuned 2D diffusion model, which provides guidance signals to update the 4D representation. See

Sec. 4 and Figure 4 for details on Neural Template.

g

Neural State Mal.ps Different Samples from Controlled DM

Figure 3. A motivating example: Neural State Map as a condi-
tional control signal for diffusion models. Compressed DINOv2
features, or “Neural State Map”, represent both the temporal state
and spatial viewpoint information throughout a temporal natural
process, and inject effective 4D control into 2D diffusion models.

porally evolving transformations imposed on the object by
the external environment. Formally, these processes are
characterized by several key properties: they span a long-
range time frame, from hours to days; they are inevitable,
driven by external factors; they involve significant changes
in the object’s geometry and/or material throughout its lifes-
pan; and they occur in chronological sequence with a unidi-
rectional order of temporal state changes.

3.2. Method Motivation

We propose to distill 4D temporal object intrinsics from 2D
foundation models. Recent works have utilized techniques
such as SDS [41, 58] to generate 4D content [2, 44]. How-
ever, these methods practically do not perform well on this
task. On the one hand, they model appearance with view-
dependent radiance, which may not be fully physically ac-
curate and does not support relighting. More critically, as

shown in our experiments (Figure 6), those methods typ-
ically generate minor and unrealistic motions, insufficient
for representing the significant temporal state changes ob-
served in objects undergoing drastic transformations over
their lifespan.

For prior works, the primary challenge arises from the
discrepancy between the spatial capacity of 2D diffusion
models and the 4D information needed in the temporal
object intrinsics. It is well-known that common score-
distillation-based 3D generation methods [41, 58] often re-
sult in “Janus problem”, where a signature view repeats it-
self in various sides of the generated asset. This is mainly
because the 2D diffusion model has limited knowledge of
the 3D viewpoint control. In the case of 4D generation,
apart from repetitive views, the generated instances may ex-
hibit repetitive temporal states across different timestamps,
due to the lack of sufficient temporal anchoring.

Therefore, distilling from 2D diffusion models necessi-
tates a clear 3D and temporal control signal [77] to enable
high-fidelity 4D object intrinsics generation. What would
be a good control signal? In traditional Computer Graph-
ics literature [23, 24, 32], skeletons are commonly used to
represent the motion state. As we are interested in generic
objects beyond articulated ones, we need a more generic
representation that shares a similar role as skeletons to en-
code semantic affinity across object parts.

In fact, after spatial downsampling and Principal Com-
ponent Analysis (PCA), 2D image feature maps extracted
using DINOvV2 [39] can effectively provide such semantic
affinity information, which is similar to the projection of
skeleton in traditional animation. As shown in Figure 3,
these feature maps effectively encode the temporal state as
well as the viewpoint information for a natural process. We
therefore call those maps “Neural State Maps”. We empiri-
cally found that these maps can serve as conditional signals
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to use this image to control the diffusion model, we map it
to a Neural State Map defined in Sec. 3.2, as described next.

Denoising raw renderings with consistency model. Ex-
isting 3D/4D reconstruction models typically have difficul-
ties in accurately reconstructing rarely-seen natural objects,
such as roses. Therefore, the coarse dynamic mesh obtained
above might not align with the natural image distribution,
on which the foundation model DINOV?2 is trained.

To address this issue, we propose to use consistency
distillation to aggregate priors from 2D generative mod-
els while adhering to the Neural State Map features. For
any given pre-trained diffusion model, we use a consistency
model [33, 52] distilled from it, denoted as €., to obtain the
denoised samples of the noisy renderings. Let

£,(z,¢,7) = caip(7) - Z + Cou(T) <Z“T€;(Z”)> :
-

ey
where 7 is the diffusion step, cou and cqp are functions
satisfying certain boundary conditions [52], o, a.; follow
a diffusion noise schedule, z is the latent code with noise
added at noise level 7, and c is the text prompt correspond-
ing to the input video, e.g., ‘rose’.
Encoding RGB map into Neural State Map. After obtain-
ing denoised image with this process, we use a pre-trained
2D self-supervised image encoder F' [39] to obtain a fea-
ture map, which is further downsampled after a PCA step
to encourage the Neural State Map to capture only low-
frequency information.

5. Guided 4D Object Intrinsics Synthesis

The estimated Neural Template 7 from Sec. 4 can be used
as guidance for generating a 4D instance G. We first de-
scribe our 4D representation for G (Sec. 5.1) and its render-
ing process (Sec. 5.2), and then explain how to distill G via
2D diffusion models controlled with 7 (Sec. 5.3).

5.1. Hybrid 4D Representation

We now introduce an implicit neural 4D representation for
G that is both expressive and temporally consistent. The ge-
ometry of G is modeled as a time-evolving implicit level-
set [34, 38, 61], represented by an implicit neural SDF.
Given a spatial coordinate x and timestamp ¢, we compute
a feature vector fyp(x,t), which is subsequently passed
through two MLPs. These MLPs output SDF values and
material parameters essential for neural rendering [36, 60]
as detailed in Sec. 5.2.

The neural 4D feature vector fyp is computed via a
hybrid 4D representation with K-Planes [13] representing
low-frequency information and Neural Graphical Primitives
(NGP) [37] representing high-frequency details.

For K-Planes, we maintain 6 planes denoted with P, to
capture temporal information with tensorial decomposition.

The low-frequency feature of K-Planes fi,, is calculated
with
fow(x,8) = [] (P, me(x,1)), )

ceC

where 7, projects (x,t) onto the ¢’th plane, ¢ denotes in-
terpolation, and II denotes the Hadamard product.

We find that fi,, represents temporal consistency infor-
mation but struggles to represent high-frequency details. To
address this, we represent the high-frequency details using
several NGPs for K keyframes. For each of the keyframes,
a multi-resolution hash grid is constructed. The feature for
a rendered timestamp ¢ is further obtained with

t—1;
fhigh(xa t) = lerp <tt7 wtq‘, (X)a ¢ti+1 (X)> 7ti S t S ti—i—lv
i+1 7 by
3)

where v, is the NGP encoding for timestamp ¢, and ¢; and
t;+1 are two keyframes around the sampled timestamp. The
full 4D feature fysp is computed by concatenating fi,, and

fhigh-
5.2. Physically-Based Rendering

We now describe the rendering procedure for the hybrid rep-
resentation of G from Sec. 5.1.

Shading. Following common conventions, we use the
Disney Principled PBR material model [7] to perform the
shading process. Specifically, the material parameters con-
sist of diffuse color kg4, the visibility map V' (x), and korm =
(0,7,m) with roughness r, metallic parameter m, and o
left unused. The specular color k; is computed with &, =
(1 —m)-0.04 +m - ky. The outgoing radiance L(w,) in
direction w, can be represented with the rendering equation
[22]:

L(x,wo) = / Li (3, 03) f Wiy o)V () (w; - )y, (4)

where n is the surface normal, L;(x, w; ) is the incoming ra-
diance from direction w;, f(w;,w,) is the BSDF computed
from the material parameters.

Volume rendering. After computing the shading value at
each spatial coordinate x and timestamp ¢, we follow a stan-
dard differentiable rendering process [36, 60] to produce
the rendered frame at time ¢. These frames are then con-
catenated to form a complete video V. More details on
rendering can be found in the supplementary material.

5.3. 4D Distillation with Neural State Map Controls

To obtain parameters 6 of 4D content G using the above rep-
resentation, we propose an optimization framework that dis-
tills from pre-trained 2D diffusion models [47], by adapting
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