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Figure 1. An illustration of our method for the Garden-spheres scene from the real-world RefNeRF dataset [29]. By distilling 2D DI-
NOv2 [22] features into our disentangled feature field representation, our method enables: (i). High-fidelity novel view synthesis, (ii). 3D
segmentation of the spheres, (iii). 3D segmentation of the reflective region of the spheres, (iv). Color editing while adhering to reflections,

(v). Changing the roughness of the spheres, (vi). Removing the reflection from the spheres. Refl. = Reflection.

Abstract

Recent work demonstrated the ability to leverage or
distill pre-trained 2D features obtained using large pre-
trained 2D foundation models into 3D features, enabling
impressive 3D editing and understanding capabilities with
only 2D supervision. While powerful, such features con-
tain significant view-dependent components, especially in
scenes with complex materials and reflections. When dis-
tilled into a single 3D feature field, these inconsistencies
are averaged, degrading feature quality and harming down-
stream tasks like segmentation. We hypothesize that ex-
plicitly modeling the physical causes of view-dependence
is key to “cleaning” these features during distillation. To
this end, we propose to decompose the 3D feature field into
view-independent and view-dependent components, guided
by a physically-based reflection model. Our core contri-
bution is demonstrating that this structural disentangle-
ment improves the quality and view-invariance of the dis-

tilled semantic features. This leads to improved 3D seg-
mentation, particularly in challenging reflective regions,
and enables higher-fidelity physically-grounded editing ap-
plications. Our project page is available at https://
structurallydisentangled.github.io/.

1. Introduction

2D feature distillation has become widely used in com-
puter graphics and computer vision, whereby 2D image
features obtained using large-scale self-supervised meth-
ods are “distilled” to the parameters of an underlying 3D
model. Doing so enables 3D semantic understanding and
editing, given 2D RGB and feature supervision only. Sev-
eral works [10, 12, 37] considered the setting of novel
view synthesis with an underlying NeRF [18] or a Gaussian
Splatting [9] model, achieving impressive 3D understand-
ing and editing capabilities. Each 3D point (in the former)
or Gaussian (in the latter) stores a feature value, which can
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be rendered to different views using volumetric rendering.
The rendered views correspond to 2D feature maps obtained
using self-supervised 2D methods such as DINOv2 [22].
This paradigm was later extended to text [10, 23], enabling
3D text-based understanding and editing Although impres-
sive, current models assume that 3D features are captured
using a single view-independent feature field (or a single 3D
feature value per point or Gaussian). A critical issue is that
the source 2D features are not view-consistent (Sec. 4.1 and
Fig. 3). This is especially true in reflective areas. Current
models average such view-dependent variations, resulting
in inferior features for downstream tasks such as 3D seg-
mentation.

In this work, we argue that instead of ignoring view-
dependence, we should model it explicitly to better isolate
the stable, view-independent semantic features. Our key in-
sight is that by using a physically-inspired decomposition
of the scene’s appearance, we can provide a powerful struc-
tural prior to also disentangle the feature field. To this end,
we propose to capture 3D features using multiple disentan-
gled feature fields that capture different structural compo-
nents of 3D features. While these structural components
could involve a variety of physical properties such as light-
ing and deformations, we focus on the disentanglement of
view-dependent and view-independent features.

Specifically, the view-independent field encodes stable
object semantics, geometry, identity, and diffuse/material
attributes, while the view-dependent field isolates appear-
ance residuals caused by specular reflections and other
camera-dependent effects. Our disentangled feature fields
can be learned using 2D supervision only, in an unsuper-
vised manner, thus enabling the disentanglement of 2D (and
3D) features into components that are view-independent
and view-dependent. Subsequently, each component can
be controlled separately, enabling semantic and structural
understanding and editing capabilities. For instance, 3D
segmentation can be achieved by considering only view-
independent features, and discarding the view-dependent
ones, resulting in significant improvement compared to
baselines, which average the view-dependent component of
features. Using a user click, one can segment an entire
object in 3D or only its reflective component, edit view-
independent object properties, such as its color, while ad-
hering to reflections, or remove the object’s reflections. An
illustration is provided in Fig. 1.

To achieve our desired disentanglement, we propose
computing the feature value of a 3D point along a view-
ing direction as the combination of the outputs of two dis-
entangled feature fields: (i). A reflected view feature field
capturing view-dependent features that arise from specular
object reflections, and (ii). A view-independent feature field
capturing diffuse features of the object which depend only
on the location of a 3D point and not the viewing direction.

We evaluate our approach on a variety of objects from
a diverse set of scenes from the Shiny Blender dataset [29]
as well as real-world scenes from the RefNeRF real-world
dataset [29] and Mip-NeRF-360 dataset [1]. In terms of 3D
understanding, we consider the tasks of: (i). 3D segmenta-
tion, for which our structurally disentangled representation
achieves superior results compared to a single holistic fea-
ture field [12], and (ii). Segmentation of view-dependent
components in a scene. For example, one can segment only
the reflective component of an object selected using a user
click. In terms of 3D editing, we demonstrate the appli-
cability of our approach on (i). The ability to remove the
reflective component of an object, and lastly (ii). The abil-
ity to edit individual 3D component. For example, changing
the object’s color while correctly adhering to reflections or
manipulating its roughness.

In summary, we offer the following contributions: (1).
We are the first to show that a physical decomposition of
appearance can be leveraged to disentangle and improve
distilled semantic feature fields. (2). We validate our
method on 3D semantic segmentation, demonstrating that
our cleaner features lead to improved performance. (3).
We further show that our disentangled representation allows
for more robust and physically-consistent results in down-
stream editing tasks, such as reflection-aware color changes
and roughness manipulation.

2. Related Work
2.1. Structured Novel View Synthesis

Neural Radiance Field (NeRF) [18] reconstructs a 3D scene
from 2D images by mapping 3D spatial locations and view-
ing directions to color and density values. Different works
introduced physical modeling within a NeRF-like formula-
tion to model geometry, lighting, materials, and reflections.
For instance, to model geometry, works integrate a signed
distance function (SDF) formulation [15, 17, 21, 25, 32,
35, 39]. Other works extended NeRF to enable relighting
by disentangling appearance into scene lighting and materi-
als [2—4, 27, 40, 41]. PaletteNeRF [13] decomposes appear-
ance into a linear combination of palette-based bases. In
the context of reflections modeling, approaches such as [24]
represented appearance using disentangled view-dependent
specular and reflective appearance. Ref-NeRF [29] mod-
eled appearance through two disentangled radiance fields,
one for view-independent diffuse properties and another for
reflective properties. Ref-NeuS [7] addresses reflective sur-
face reconstruction through a reflection-aware photometric
loss. BakedSDF [36] and ENVIDR [16] extended this for
glossy surfaces with material decomposition. UniSDF [31]
improved upon these by including two separate radiance
fields for reflections. IntrisicNeRF [38] factors a NeRF
scene into multi-view consistent components, including re-



flectance and shading. Unlike the above, our focus is on
structural disentanglement for feature fields, modeling 3D
features together with appearance. As far as we can ascer-
tain, our work is the first to enable such disentanglement.

2.2. 2D Feature Distillation

Due to the scarcity of 3D data, recent work attempted to
distill or lift 2D features trained using pre-trained self-
supervised 2D models (such as DINO [5], DINOv2 [22] or
CLIP-LSeg [14]). In particular, [12, 28] extended NeRF
to model not only appearance, but also semantics, through
an additional view-independent feature field that maps a 3D
point into a 3D feature. Other works embedded semantic
information into NeRFs [26, 34], while further works fo-
cused on integrating open-vocabulary text-based features,
by embedding CLIP features into NeRF [10] or Gaussian
splatting [23]. Feature3DGS [42] extends feature field dis-
tillation to 3D Gaussian Splatting, achieving faster training
and rendering than NeRF-based methods by using an ex-
plicit point-based representation with low-dimensional fea-
tures per Gaussian and a convolutional decoder for upsam-
pling. However, these models assume that 3D features
are captured using a single view-independent feature field,
which averages view-dependent variations present in 2D
foundation model outputs. Our key insight is that these
view-dependent inconsistencies—particularly in reflective
regions—should be explicitly modeled rather than aver-
aged. By decomposing features into physically-motivated
view-independent and view-dependent components, we ob-
tain cleaner semantic features that improve downstream
tasks such as 3D segmentation.

3. Method

Fig. 2 illustrates an overview of our method. Our method
builds upon prior NeRF representation [31] and view-
dependent appearance model [29]. For completeness, we
describe the NeRF backbone [31] and appearance decompo-
sition model in Secs. 3.1 and 3.2. Within these sections, we
present our novel feature field disentanglement. Then, we
explain how elements in the scene are segmented and edited
using our proposed feature decomposition (Sec. 3.3), and
discuss the intuition behind our decomposition (Sec. 3.4).

3.1. Structurally Disentangled Feature Fields

Preliminaries. NeRF [18] represents a 3D scene as a ra-
diance field parametrized by an MLP that predicts color
c(x) € R3 and volume density ¢ € R given a 3D point
x € R3. Volume rendering then generates views from view-
ing direction d € R3. Similarly, feature fields [10, 12, 37]
use an additional MLP to map 3D coordinates to feature
vectors f(x) € R™. Previous work learns a single feature
field, omitting view-dependent information.

n
n 7| Radiance/Feature [ Cindep  Cindep Tone
b MLPS findep +> Eindep Map > c
SDF |, 4 Cres
MLP n
Fsas p : Radiance/Feature ™ Cref findep
n’ MLPS fref 1> f,; f
" fres
. . p
iNGP Reflection
x d

Figure 2. The method’s pipeline. We decompose the appearance
color of the scene c into physical components Cindep and Cref
and sum them to compute the color of the scene at location x and
viewing direction d. We also learn a decomposed feature field
for the scene, fi,qep and f,.cr, which enables physically-oriented
semantic understanding and editing applications. Please see Sec. 3
for more details.

Signed distance representation. Similar to previous
work [31], our model’s backbone is an MLP computing the
signed distance function d(x) (SDF) at each location x. The
scene’s surface is defined at the zero level set of the func-
tion. x undergoes a contraction transformation [1, 31], lim-
iting its values to [0, 2).

The density o(x) for volume rendering is computed by
o(x) = a¥g(d(x)), where ¥4 is the cumulative distribu-
tion of a Laplace distribution with zero mean and a scale
parameter [ that is learned during optimization. The bene-
fit of the SDF representation is that the normal of the scene
surface can be easily derived as the gradient of the distance
function:

n(x) = Vd(x)/||[Vd(x)]]z- e))

The normal is used as input to the components in our model
for computing the disentangled feature representation.

To better reconstruct high-frequency details and to speed
up training, we use the iNGP hash encoding [20]. Each
location x is mapped to a high-dimensional feature vector,
which is the concatenation of the iNGP’s pyramid-level fea-
tures. This feature vector is the input to our SDF MLP. To
ease notations, we omit in this section the notation of x for
location-dependent quantities.

Radiance and features components. We decompose
the appearance of the scene into two elements: a view-
independent color c;n4ep and a view-dependent reflected
color c,.s. The view-independent color is calculated as:

Cindep = findep(nv b)v (2

where findep is a learned MLP, n is the normal defined in
Eq. I, and b is a bottleneck vector output from the SDF
MLP. This vector enables additional degrees of freedom
to accommodate second-order effects, such as varying il-
lumination over the scene [29, 31]. C;nqep TEpresents the
view-independent color and accordingly is independent of
the viewing direction d.



The other color component, ¢, is view-dependent. It
is responsible for reflective scene regions and models the re-
flected radiance in the scene. Following previous work [29],
we calculate the reflection for the viewing direction about
the normal:

wr = 2(w, - N)N — Wy, 3)
where w, = —d, is a unit vector pointing to the camera
from a point in space, and d is a viewing direction. Then,
we use Integrated Directional Encoding (IDE) [29] in the
computation of ¢, :

Cref = fref (n’ b’ IDE(WT’ "{))7 4

where x = 1/p, and p is the surface roughness predicted by
the SDF MLP. Finally, the rendered color is given by:

¢ = tonemap(Cindep + Cref), 5)

where tonemap(+) is a tone mapping function converting
linear color to the sSRGB format and clipping the output to
the range [0, 1].

In this work, we are the first to propose to leverage the
physically-based appearance model to decompose the fea-
ture field of the scene f as follows:

f= findep + fref7 (6)

where fi;,4cp and f..; are computed in the same manner
as Cindeps Eq. (2), and c,.r, Eqs. (3) and (4). The feature
components are used as a semantic representation for their
color counterparts. We note that the semantic feature from
the independent feature field only, f;;,4cp, can be used for
understanding tasks such as 3D segmentation, as 3D seg-
mentation is inherently view-independent. This is an ex-
ample where a physical disentanglement to view-dependent
and independent components can result in “improving” or
“cleaning” undesirable feature components required for 3D
segmentation. By jointly modeling features and colors, one
can also enable a diversity of editing applications as illus-
trated in Sec. 4.

3.2. Training Objective

The training of our structural decomposition of the scene
is supervised by posed images and their corresponding DI-
NOv2 [22] feature maps. Given a set of posed images
{C9",...,C9}, where C9" € RF*W X3 we obtain associ-
ated 2D feature maps {FY*, ..., F9'} using the pretrained
feature extractor DINOv2, where Figt € REXWxn and n
is the feature dimension. The rendered color images are

compared to the given images with an /5 loss:

_l L gt |12
L= le:HQ G113, ™

where C; is the scene appearance rendered from our model
for the view direction of image C’ft. Additionally, we reg-
ularize the SDF MLP learning with the eikonal loss [8, 31]
to promote the approximation of a valid SDF:

c. = ﬁZ(IIVd(X)Hz S ®)

We also encourage normal smoothness by comparing the
computed normal n(x) from the SDF to the normal n’(x)
predicted by the SDF MLP:

Ly =) wx|n(x) —n'(x)|. ©)

Further, we penalize back-facing normals using the ori-
entation loss [29]:

Lo =" wymax(0,n(x)-d(x))>. (10)

For feature learning, we have found that optimizing the
radiance and feature fields concurrently compromises the
learning process of both. Thus, we first learn the decom-
posed appearance of the scene using the total loss:

L=ALe+ Lo+ ALy + AoLo. (1)

Then, we freeze the appearance model and train MLPs for
optimizing our proposed feature field decomposition using:

1
Lr=—> IIF - F'lI3 (12)

3.3. Segmentation and Editing

Our structurally decomposed feature field enables physi-
cally oriented segmentation and editing of the scene. We
segment the scene as follows. First, we select a rendered
feature component Fio,,(2,y), where (x,y) is the pixel
location, and F,,,,; can be Fiqep Or Frep. Then, we corre-
late the selected feature with the corresponding decomposed
feature field in 3D. The location of features with a correla-
tion factor above a threshold belongs to the segmented re-
gion of interest in the scene. Once we obtain the region
of interest, we can control and modify the physical proper-
ties locally, such as the view-independent color, roughness,
level of reflection, and more, as demonstrated in Sec. 4.

3.4. How is Disentanglement Achieved?

The MLPs f;,4¢p and £,.. ; predict the view-independent and
view-dependent 3D feature components (see Fig. 2). Dis-
entanglement is achieved via three constraints: (i). By de-
sign, f;4ep cannot model view-dependent effects, as it does
not receive the view direction as input, unlike f,.;, which
models view-dependent components. (ii). The total feature



Figure 3. PCA of DINOV?2 features for ground-truth input views
of the Sedan scene from real-world dataset of [29]. We zoom in on
the windshield, illustrating differences in corresponding locations
between views.

value is modeled by summing the outputs of f;,,4¢p, and f,..
(Eq. (6)), with volumetric rendering enforcing consistency
with ground-truth 2D features. (iii). Although not explicitly
enforced, f;,q4¢p is biased to capture view-independent in-
formation: for a given 3D position it produces a single fea-
ture shared across all views, while f,..; represents higher-
cost view-dependent residuals only when required, encour-
aging a compact decomposition.

4. Experiments

We evaluate our representation on multiple vectors. First,
we demonstrate that input features from DINOv2 contain
both view-dependent and view-independent information.
Second, we consider the ability to segment objects in 3D
space. Unlike previous methods, our disentangled feature
fields capture both diffuse and reflective properties and al-
low for a better reconstruction of the semantic components
in the scene. We also enable the segmentation of the re-
flective component of objects in isolation from different
novel views. Third, we consider the ability to remove view-
dependent (reflective) components in the scene for specific
semantic objects segmented using our approach. Fourth, we
consider the ability to edit the scene, where one can manip-
ulate or change only specific objects and their dependent
(reflective) properties in isolation.

Datasets.  We evaluate our method on synthetic scenes
from the Shiny Blender [29] dataset and real-world scenes
from the RefNeRF real-world [29] dataset and Mip-NeRF-
360 dataset [1]. We consider a diverse set of scenes and
objects from both real world and synthetic scenes, featuring
multiple objects and variable lighting conditions, highlight-
ing our generality. In particular, we consider 11 scenes and
25 objects from 3 real-world and synthetic datasets. This
is comparable to recent work such as DFF or RefNeRF. We
consider the standard train-view/novel-view splits provided
by the respective datasets and evaluate our model on such
novel views. Additionally, our method supports incorporat-
ing arbitrary 2D semantic features extracted from models
like CLIP-Lseg and DINOv2. The webpage provides asso-
ciated videos depicting novel views and corresponding seg-

mentation, removal, and editing results. We also provide
implementation details in the supplementary.
DFF+Ref

Input Ours DFF

944
aaaa
TLLY

Figure 4. 3D objects segmentation from three novel views, for the
Sedan scene from real-world RefNeRF [29] dataset for the objects
of Bonnet-top, Windshield, Hubcaps and Wheels, and for the Car
scene from synthetic Shiny Blender [29] dataset for the objects of
Windshield and Wheels. We compare our result to DFF [12] and
to a baseline where DFF is optimized for features while RefNeRF
is optimized for appearance (see Sec. 4.2).

4.1. Feature Analysis

We first consider whether the distilled DINOv2 features
capture both view-dependent and view-independent compo-
nents. To this end, we visualize the PCA of the features for
five ground-truth views of the Sedan scene from the real-
world RefNeRF dataset. As seen in Fig. 3, while the fea-
tures appear similar, there are notable differences, particu-
larly in reflective regions such as the windshield (zoomed
in). As further evidence, we note the recent work of [6],
which demonstrates that features obtained from large foun-
dation models, DINOV2 in particular, are not 3D view con-
sistent. As such, applying our model has the advantage of
disentangling view-dependent and view-independent com-
ponents of a given feature view and can enhance down-
stream applications that require view-independent feature
representations. This is illustrated in Sec. 4.2, where we
show that our view-independent feature field yields better
3D segmentation results than using the full (both dependent
and independent) feature field or baselines. Beyond 3D seg-
mentation, one can render ground truth views only using



Scene (Objects) Ours | Ours  Ours Ours | pyo, DFES | ure3DGS
implicit  total optt Ref
Bicycle (Bench, Wheels) 0.583  0.381 0.407 0.444 | 0.518 0.504 0.278
%;“y‘;‘” (Mitten, Plant, 0.824 0705 0.641 0.664 | 0.713  0.629 0383
Garden (Ball, Plant, 0.840 0813 0786 0389 | 0.824 0.700 0.506
Tabletop)
Kitchen (Lego) 0.871 0761 0631 0.778 | 0.856 0.850 0.582
Gardenspheres (Cone, 0825 0663 0647 0619|0776 0770 | 0748
Head, Spheres)
Sedan (Bonnet-top, Wind-
hicld, Hubcaps, Wheely 0643 0337 0377 0485 | 0625 0512 0371
Toycar (Body, Wheel) 0709 0499 0176 0283 | 0.689 0.654 0.383
Teapot (Cover) 0762 0125 0654 0768 | 0529 0399 0.669
Mean (Real World Scenes)  0.757  0.628  0.594 0.523 ‘ 0.691 0.582 ‘ 0.490
Car (Windshield, Wheels) ~ 0.799 0437 0402 0.088 | 0523 0.445 0.199
Toaster (Body, Toasts) 0906 0.844 0833 0.839 | 0.940 0.787 0.647
Helmet (Body, Windshield) 0.863  0.795 0705 0.894 | 0.731 0.472 0.589
Mean (Shiny Blender) 0.856 0568 0550 0648 | 0.731 0527 | 0478

Table 1. Mean IoU for segmentation of objects from the Shiny
Blender synthetic dataset [29] (bottom) and real-world scenes
(top). First four scenes are taken from the real world RefN-
eRF [29] dataset while the other four real world scenes are from
the Mip-NeRF-360 dataset. On the RHS, we compare our ap-
proach to DFF [12], a baseline where DFF is optimized for fea-
tures while RefNeRF is optimized for appearance (see Sec. 4.2),
and Feature 3DGS [42]. On the LHS, we also consider variants
of our approach: (1). Ours-implicit: Our approach, but with im-
plicit, instead of explicit, representation of physical properties [s.a.
roughness], (2). Ours-total: Our approach, but using the total fea-
tures [dependent and independent] for segmentation, (3). Our-optt:
Our approach, where we optimized the color and features together.
For each scene, we show, in brackets, the segmented objects.

Novel View

Sphere

Figure 5. Segmentation of the spheres for novel views of the
Garden-spheres real-world scene using either the full segmenta-
tion of the sphere (second row) or only the reflective component
of the spheres (third row).

the view-independent component, discarding their view-
dependent component.

4.2. Improved Feature Distillation

We consider our method’s capability in providing improved
3D features. To this end, we demonstrate that our dis-
tilled features can be used to improve downstream seman-
tic segmentation as well segment view-dependent compo-
nents. We focus on distilling general-purpose DINOv?2 fea-
tures to obtain a versatile 3D representation, rather than
task-specific segmentation features (e.g., from LSeg), as our
goal is to improve the quality of the core 3D feature field for

multiple downstream applications.

4.2.1 Full Object Segmentation.

In Fig.4, we visualize our segmentation of three novel views
for a real-world scene and a synthetic scene. The seg-
mentation is obtained by clicking on each object and using
our disentangled view-independent feature component, de-
scribed in Sec. 3.3. We compare our method to Distilled
Feature Field (DFF) [12], the closest method to ours, which
uses a single view-independent feature field. As RefNeRF
is an improved appearance model, we also consider an-
other baseline whereby appearance is obtained as in RefN-
eRF, using both view-dependent and view-independent fea-
ture fields, while semantics is obtained as in DFF, using a
view-independent feature field. We also compare to Fea-
ture3DGS [42], which extends feature distillation to 3D
Gaussian Splatting. As can be seen, our method results in
a superior segmentation and can successfully segment both
reflective and non-reflective regions well, while the base-
line is worse, particularly in reflective regions. Additional
results are provided in the webpage.

For numerical evaluation, we compare the segmentation
of objects for both synthetic and real-world scenes. We
manually obtain ground-truth segmentations by first apply-
ing the Segment Anything Model [11] and subsequently
manually refining masks (see examples in the webpage). As
seen in Tab. 1, our method results in better mean IoU scores.

Novel View

Bonet-top+W-shield

Bonet-top

Windsheild

Figure 6. Segmentation of the reflective component of different
semantic components of the real-world car scene. The first row
displays three novel views. We then demonstrate the segmentation
of the reflective component of (1). Both the bonnet-top and the
windshield (second row), (2). The bonnet-top (third row), and (3).
The windshield (fourth row).



Novel View
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Figure 7. Editing the color of i). The spheres in the real-world
gardenspheresand (ii). The toaster in the synthetic toaster, either
(1). using all radiance fields, (full) or (2). using the independent
component only (indepdent).

As can be seen, our method significantly outperforms DFF,
Feature3DGS, and a direct DFF+RefNeRF baseline, con-
firming that our structural disentanglement is critical for
success.

4.2.2 Explicit modeling

Our approach leverages explicit components to model
the view-dependent and view-independent feature fields.
Specifically, we model roughness and reflections explicitly,
as detailed in Eq. 3 and Eq. 4 in Sec. 3. This enables novel
applications that incorporate physical properties. However,
it is unclear whether explicit molding is preferable to im-
plicit modeling of view-dependent and view-independent
feature fields when one is interested in segmentation only.
To evaluate the impact of explicit modeling, we considered
a baseline that implicitly models view-dependent and inde-
pendent feature fields by excluding the Reflection, IDE and
roughness components (Eq. 3 and Eq. 4). As seen in Tab. 1,
this results in inferior performance. Our explicit model also
provides superior appearance results (SSIM/PSNR/LPIPS),
also in comparison to DFF, as shown in the supplementary.

4.2.3 View Dependent Segmentation.

We consider the ability to segment the view-dependent re-
flective surfaces of objects. We begin by segmenting se-
mantic objects using the view-independent features accord-
ing to Sec. 3.3 and subsequently select only a subset of
points corresponding to features from the view-dependent
(reflectance) feature field. Fig. 5 illustrates our success in
segmentation for the Garden-spheres scene, for both the en-
tire sphere as well as only the view-dependent reflection.
Fig. 6 illustrates the ability to segment the reflective region
of the (1). bonnet-top and the windshield, (2). bonnet-top,
and (3). windshield. As can be seen, only the reflective re-
gion of the desired semantic entity is depicted. Additional
examples are provided in the webpage.

4.3. Downstream Editing Applications

Our decomposed feature representation not only improves
segmentation but also leads to higher-fidelity and more ro-
bust outcomes in downstream editing tasks, which are chal-
lenging for methods that do not separate view-dependent
components.

4.3.1 Removal

The ability to edit roughness is inherited from the physi-
cal reflection model. However, our contribution is the abil-
ity to obtain a clean segmentation of a specific object using
our improved finqep features, and then apply this physical
edit only to that object, a task that is difficult for baselines,
which struggle to segment these objects correctly.

Novel View W/o Refl. Novel View

‘W/o Refl.

Figure 8. Removing the reflective component of (i). Bonnet-top
and windshield in sedan scene (ii). spheres in the gardenspheres.

While prior work has explored 3D object removal [19,
30, 33], our structurally disentangled representation enables
a novel capability of removing only the reflective compo-
nent of objects. This can be achieved by selecting the 3D
points corresponding to a given object (using a click) and



then rendering for those points only the color component
from the view-independent radiance field. Fig. 8 shows the
removal of the reflective component of the bonnet-top and
windshield for the car scene and the Garden-spheres scene.
Our method enables the removal of the reflected radiance
from the object and the retention of its diffuse color.

4.3.2 Editing

Color Editing. We consider the ability to edit an object’s
color while adhering to its reflections. In Fig. 7, we change
the color of the segmented 3D points of (i). the spheres, for
the real-world Garden-spheres scene, and (ii). the toaster
body for the synthetic toaster scene. This color change
occurs either (1). using both radiance fields (independent
and reflection) or (2). using the independent component
only, leaving the view-dependent reflective component un-
changed. Using the latter results in a more natural manip-
ulation that correctly adheres to reflections. Additional ex-
amples are shown on the webpage. To assess our color edit-
ing abilities numerically, we conducted a user study on col-
ored objects. We consider 5 colors and 5 scenes (1 object
each) and asked users to assess: 1. Color faithfulness (“how
well does the desired color match the object?”), 2. Real-
ism (“how realistic does the object look?”), 3. Reflections
match unedited scene (“how well do the reflections match
the unedited scene?”). We considered 25 users and obtained
a MOS score (1-worse, 5-best) of 4.6/3.1/4.6 vs. 2.0/2.8/4.6
in comparison to DFF for questions 1/2/3, respectively.
Roughness Editing. Next, we consider the ability to
manipulate physical components. In Eq. 4, we utilize the
roughness parameter « that controls the roughness. To this
end, we consider the ability to manipulate the roughness of
individual objects in the scene. We do so by segmenting the
3D points of an object and varying the roughness parame-
ter x for those points. Fig. 9 illustrates two examples: (i).
the spheres in the real-world scene of the Garden-spheres
scene, and (ii). the helmet case for the synthetic helmet
scene. Additional examples are provided in the webpage.
Ablation Study. In the webpage we consider an ablation
in which our segmentation is performed using not only the
independent feature component f;,, 4c,,, but also the indepen-
dent and dependent components together, fi,qep + £rcp. As
can be seen, this results in a worse segmentation.

We also consider two additional ablations: (1) We op-
timized the appearance and feature model together, as op-
posed to first training the appearance model only and then
the feature model (see Sec. 3.2). For 3D segmentation (as in
Tab 1), on average, it is worse, e.g., we get mIOU 0.648 (vs
our 0.856) for Shiny Blender. (2). We also conducted an ab-
lation where we removed the tone mapping function (Eq. 5).
We observe that appearance is slightly worse. Specifically,
for the Gardenphere scene we obtain PSNR/LPIPS/SSIM of

28.8/0.180/0.809 vs our 28.9/0.180/0812. This results in a
similar minor performance drop for 3D segmentation.

Limitations.  While our method shows a significant im-
provement over baselines , we acknowledge that lifting 2D
features to pristine, perfectly complete 3D masks remains
a challenging open problem. We also note that while our
method is designed for segmenting and editing reflective
regions of semantic objects in a scene, it cannot do so at
the instance-based level. For example, for the spheres in
Fig. 1, selecting one of the spheres will result in capturing
and editing both spheres. As in standard multiview recon-
struction, errors can occur when the number of multiview
ground truth features is insufficient. Also, our task is highly
unsupervised, as we aim to disentangle semantics and ap-
pearance in 3D space, given only 2D entangled appearance
and semantics supervision. Improved physical modeling
of, e.g., reflections and enhanced and generalizable feed-
forward models may result in improved performance.

Novel View

Rougher

Figure 9. Controlling the roughness of (i). The spheres in Garden-
spheres, and (ii). The helmet (only the case) for the helmet scene.

5. Conclusion

We presented a method for 3D scene understanding and
editing by distilling pretrained 2D features into a struc-
turally disentangled feature field representation. Our ap-
proach captures view-dependent and view-independent fea-
tures, enabling superior 3D segmentation over prior work.
Our improved features allow for robust segmentation and
high-fidelity manipulation of reflective components, and
editing colors and roughness while preserving reflections.
In future work, we aim to improve 3D consistency of foun-
dation models by rerendering views using only the view-
independent component and finetuning on such features.
We also aim to extend our method to additional physical
properties, such as lighting.
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