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Abstract

Computer vision is largely based on 2D techniques, with
3D vision still relegated to a relatively narrow subset of ap-
plications. However, by building on recent advances in 3D
models such as neural radiance fields, some authors have
shown that 3D techniques can at last improve outputs ex-
tracted from independent 2D views, by fusing them into 3D
and denoising them. This is particularly helpful in ego-
centric videos, where the camera motion is significant, but
only under the assumption that the scene itself is static. In
fact, as shown in the recent analysis conducted by EPIC
Fields, 3D techniques are ineffective when it comes to study-
ing dynamic phenomena, and, in particular, when segment-
ing moving objects. In this paper, we look into this issue
in more detail. First, we propose to improve dynamic seg-
mentation in 3D by fusing motion segmentation predictions
from a 2D-based model into layered radiance fields (Lay-
ered Motion Fusion). However, the high complexity of long,
dynamic videos makes it challenging to capture the underly-
ing geometric structure, and, as a result, hinders the fusion
of motion cues into the (incomplete) scene geometry. We
address this issue through test-time refinement, which helps
the model to focus on specific frames, thereby reducing the
data complexity. This results in a synergy between motion
fusion and the refinement, and in turn leads to segmentation
predictions of the 3D model that surpass the 2D baseline
by a large margin. This demonstrates that 3D techniques
can enhance 2D analysis even for dynamic phenomena in a
challenging and realistic setting.

1. Introduction
Forty years ago, pioneers like Marr [47] argued that 3D
representation should be a foundation of computer vision.
However, the field has since evolved differently, reduc-
ing image and video understanding to 2D pattern recog-
nition, first with the introduction of visual representations
like bags of visual words [11, 45, 62, 70] and then learned
ones [13, 22, 24, 33, 69, 81].

Recently, several authors have shown that 3D represen-
tations can, if not replace, at least enhance 2D techniques.
An approach is to fuse 2D information extracted from in-
dividual views of a scene into a coherent 3D reconstruc-
tion. Examples include methods like Semantic NeRF [101],
N3F [79], DFF [32], LERF [30], GARField [31]. These
techniques take various types of 2D outputs (e.g., semantic
or instance segmentation, image or text features) and project
them into a coherent 3D reconstruction while also removing
noise and compressing information.

While these methods show that 3D can improve 2D pro-
cessing, so far this has been demonstrated only in restricted
settings; most of these methods require multi-view images
of a static scene to work. However, in real applications, the
scene itself is often dynamic, and, arguably, the dynamic
part is often the most interesting one. Thus, 3D techniques
need to be able to handle dynamic content in order to be
useful in practice. As 3D methods mature, however, we
can expect them to become useful in these more challeng-
ing scenarios as well, particularly when the scene content is
dynamic and the camera moves significantly. A great ex-
ample of such a scenario is egocentric videos, in which a
camera is attached to a person as they navigate and interact
with their environment, resulting in camera movement that
mirrors their actions within the scene.

A few authors have explored this challenging scenario
in the broader context of monocular video understand-
ing [43, 78, 88]. Out of those, NeuralDiff [78] focuses on
monocular egocentric videos. It uses an architecture based
on neural radiance fields (NeRF) [53] to decompose these
videos into three layers: a static background and two fore-
ground layers, respectively modeling the semi-static part
(objects that are currently stationary, but move at some point
in the video) and the dynamic part (objects that presently
move) of the scene. More recently, EPIC Fields [80] con-
ducted a systematic study of 3D techniques for long ego-
centric videos, introducing a large annotated dataset and
performing comprehensive empirical evaluations of exist-
ing techniques for novel view synthesis and scene decom-
position into static, semi-static and dynamic objects. One
of the main findings of that study is that the performance of
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3D methods lags behind that of the 2D baseline in terms of
segmenting dynamic components.

Inspired by recent developments in the distillation of fea-
tures [30, 32, 79] and the fusion of labels [35, 68, 101] into
3D representations, we aim to improve the 3D segmenta-
tion by fusing the motion of a 2D-based method into a 3D
representation. This leads us to our key question: can a
3D representation improve the performance of a 2D neural
network in understanding dynamic phenomena? To answer
it, we consider a strong unsupervised 2D-based motion seg-
mentation method, Motion Grouping (MG) [93], and sug-
gest to fuse its predictions into our dynamic 3D model. We
observe that while such models capture only parts of the
dynamic objects (making them incomplete), they are pre-
cise and therefore suitable for being fused into a 3D rep-
resentation as they are similar to “sparse” (incomplete, but
precise) labels as in Semantic-NeRF [101]. To do so, we
develop a new motion fusion technique based on a layered
representation of dynamic NeRFs. We first show that the
fusion of the motion segmentation predictions into the dy-
namic layer already results in significant improvements of
the segmentation capability. Additionally, we find that we
can further improve the 3D model by regularizing the semi-
static layer with the same segmentation predictions from the
2D-based model. We achieve this by penalizing the semi-
static layer from predicting anything that the motion seg-
mentation model thinks is dynamic. These constraints work
in synergy to enhance the overall performance of the model.
Because we fuse motion into both the semi-static and dy-
namic layers, we refer to this method as Layered Motion
Fusion (LMF).

While the fusion of motion improves segmentation sig-
nificantly, we find that this process is still limited by the
high data complexity of egocentric videos. Specifically,
we observe that 3D-based models can only fuse motion
segmentation predictions into the geometry as they have
learned it from the scene. If the scene’s geometry is too
complex — such as in long, complex egocentric videos —
the model fails to capture it and, in turn, cannot fuse motion
into the (missing) geometry. To address this issue, we sug-
gest considering a setting where test-time adaptation [42]
and test-time refinement [26] can be applied. We show that
fine-tuning the model to the subset of frames we wish to an-
alyze enhances the model’s ability to capture the scene’s ge-
ometry, thereby allowing it to fuse motion more accurately.

In summary, our contributions are as follows: (1) We
propose a new motion fusion technique for layered radiance
fields that boosts the segmentation of dynamic objects in
egocentric videos by a large margin. Additionally, we ob-
serve improvements in the segmentation of semi-static ob-
jects, highlighting the benefits of a layered fusion. To our
knowledge, this represents the first attempt at fusing motion
segmentation into dynamic radiance fields. (2) We propose

test time refinement to further boost segmentation perfor-
mance by focusing the optimization on selected frames to
reduce scene complexity. (3) We solve the issue observed
in [80] of the inferior results of 3D models compared to 2D
ones for unsupervised dynamic object segmentation, and
show that our proposed method outperforms all results re-
ported in [80]. This underscores the potential of 3D com-
puter vision techniques to enhance the performance of 2D
video understanding methods, even in challenging, highly
dynamic scenarios. We hope that this finding will encour-
age others to explore 3D vision for understanding this data,
where we believe it has considerable potential.

2. Related work
NeRF and dynamics. Neural Radiance Fields (NeRFs)
were introduced in [53] as a way to synthesize novel views
in 3D scenes. Initially restricted to static scenes, several
methods have extended NeRF to dynamic scenes. There
are two main approaches. The first one adds time as
an additional dimension to radiance fields [7, 17, 19, 38,
48, 78, 86, 89]. The other one explicitly learns a 3D
flow and reduces the reconstruction to a canonical (static)
one [14, 16, 23, 39, 40, 44, 61, 64, 71, 77, 85, 95, 97]. As
noted in [80], dynamic neural rendering has been mostly
applied to synthetic or simple environments (small camera
baseline and sequence lengths up to 60 seconds). To en-
courage the use of dynamic neural rendering in more com-
plex and realistic environments, the EPIC Fields benchmark
[80] was proposed. It consists of long and complex egocen-
tric video sequences and is associated with difficult scene
understanding tasks. This benchmark highlights the unre-
solved issues of recent NeRF-like methods in rendering dy-
namic parts of scenes in long videos. Our work explicitly
addresses these challenges.

NeRF and semantics. Other research has focused on the
potential of neural rendering to enhance the semantic under-
standing of the 3D model of a scene. For example, Seman-
tic NeRF [83, 101] fuses semantic labels with static scenes.
Others explore panoptic segmentation [3, 18, 35, 68, 84],
which extends semantic segmentation with the ability to
differentiate between instances of the same class. Besides
integrating labels into a 3D scene representation, a related
line of work [30, 32, 43, 79] has proposed to enhance
NeRFs with a separate prediction head that captures se-
mantic features from pre-trained ViTs [8, 37, 76] or vision-
language features from CLIP [66]. This merges the open-
world knowledge from 2D models into 3D scene repre-
sentations and extends them to applications such as the
retrieval or editing of objects inside of scenes [32, 79].
The authors of [93, 100] even capture the semantics of a
scene through the decomposition of objects of this scene
with individual radiance fields. Other related methods
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[15, 54, 59, 67, 78, 88, 91, 96] rely on neural rendering tech-
niques to distinguish between objects and backgrounds with
no or minimal supervisory signals. We specifically focus on
the segmentation of dynamic objects, which has only been
explored by few works [43, 78, 88].

Distillation of 2D models into 3D. While most work
related to ‘NeRF and semantics’ directly use labels, an-
other option is to integrate semantic knowledge through
the distillation of models designed to receive 2D images
as input into 3D representations. This idea has been ex-
plored already before NeRF and is known as multi-view
semantic fusion methods [25, 46, 49, 52, 73, 82]. Similar
to approaches such as Semantic NeRF [101] and Panop-
tic Lifting [68], these methods combine multiple, poten-
tially noisy or partial, 2D semantic observations and re-
render them to obtain clean and multi-view consistent la-
bels. Other research incrementally builds semantic maps
using SLAM [34, 56, 74]. The advent of NeRF has in-
creased the application of distillation for 3D representations
as shown in DFF [32], N3F [79], and LERF [30]. These
methods apply 3D fusion directly to supervised and unsu-
pervised dense features in order to transfer semantics into
the 3D space. This benefits applications such as scene edit-
ing, object retrieval and zero-shot 3D segmentation. More
recent approaches such as [1, 65, 102, 103] extend these
ideas to the more efficient Gaussian Splatting [29] render-
ing technique that significantly speeds up training and ren-
dering, which in turn makes the fusion of labels/features
more easily applicable. Similarly, we distill 2D knowledge
from a model, but with the difference that our 2D model is
specialized in motion segmentation.

Motion and object segmentation. As shown in [78], ob-
jects can be segmented in dynamic videos without supervi-
sion by combining motion cues with a NeRF-like architec-
ture. This can also be done using standard 2D approaches
such as background subtraction [5] or motion segmenta-
tion [50, 58, 98]. The latter typically requires optical flow,
which is subject to ambiguities [55] and only reasons lo-
cally. Such approaches are also prone to errors in the pres-
ence of occlusions or if dynamic objects temporarily remain
static [50, 94, 98]. The mechanism behind motion segmen-
tation has been extended to the segmentation of specific ob-
jects [4, 27, 60, 75, 90]. In [4] a probabilistic model acts
upon optical flow to segment moving objects from the back-
ground. In [6, 72] pixel trajectories and spectral cluster-
ing are combined to produce motion segments, while [51]
reconstructs urban scenes and discovers their dynamic ele-
ments such as billboards or street art by clustering 3D points
in space and time. More recent work [10, 36, 41, 87, 90, 92]
such as Motion Grouping (MG) [93] combines classical
motion segmentation with deep learning. Other examples

include [41], which learns an image segmenter in the loop of
approximating optical flow with constant segment flow and
then refines it for more coherent appearance and statistical
figure-ground relevance, and [92], which segments moving
objects via an object-centric layered representation. Our
method can be combined with these techniques and refine
them with dynamic neural rendering, resulting in cleaner
and more accurate motion segmentation masks.

Test-time refinement. The complexity of egocentric
videos can be approached by enabling the model to fo-
cus on specific parts of the video at test time. Concretely,
we are interested in improving the segmentation of specific
frames that the model receives as input. This is closely re-
lated to test-time adaptation [42], which aims at adjusting
a pre-trained model as test data becomes available. Predic-
tions are made using the adjusted model. Similarly, we can
adapt 3D models to user selected frames and use their corre-
sponding predicted motion segmentation as pseudo-labels.
In the context of 3D vision, this paradigm is more specif-
ically known as test-time refinement [26]. For example,
SfM-TTR [26] boosts the performance of single-view depth
networks at test time using SfM multi-view cues, while [9]
learns depth, optical flow, camera pose and intrinsic param-
eters on a test sample in an online refinement setting.

3. Method
Our method is given an egocentric video sequence V =
{I1, I2, . . . , IT } with corresponding camera geometry,
where each It is a frame at time t out of a total number
of T frames, and a 2D motion segmentation model M that
outputs a sequence of motion segmentation masks M =
{M1,M2, . . . ,MT } corresponding to the frames of the
video. It then integrates the motion segmentation masks M
into a dynamic 3D model. The desired output is a set of en-
hanced 3D segmentation masks M̂ = {M̂1, M̂2, . . . , M̂T }
that accurately represent the segmented dynamic and semi-
static objects in the 3D space across the video sequence.
The following subsections first provide background on Neu-
ral Radiance Fields (NeRFs) in Sec. 3.1, and then describe
the integration of motion segmentation into layered NeRFs
in Sec. 3.2 and how to boost their segmentation capability
even further with test-time refinement in Sec. 3.3.

3.1. Background on Neural Radiance Fields
Let I : ! → R3 be an image, where ! ↑ R2 is the image
domain (generally a rectangle). Let u = (ux, uy, 1) be the
homogeneous coordinate of a pixel, where (ux, uy) ↓ !.
Let ω be a camera that images the 3D scene. We define a
ray as the parametric curve xω = x0 ↔ ωε , where x0 is
the center of projection (camera center), ε ↓ [0,↗) is the
distance traveled, and ω is the direction of the ray, intersect-
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Figure 1. Overview of our method. Given a layered radiance field with static, semi-static and dynamic layers, our method fuses pseudo-
labels Mt from a 2D segmentation method into its 3D representation. The static layer (st) is not updated as it does not learn any dynamics.
The semi-static (ss) and dynamic (dy) layer produce segmentation masks M̂ (ss)

t , M̂ (dy)
t , which are improved through Layered Motion

Fusion (LMF) that consists of the RGB loss, the positive motion fusion and the negative motion fusion loss. The semi-static and dynamic
models are updated to ss→ and dy→ through test-time refinement by focusing on frames that are selected for analysis (highlighted in blue).

ing pixel u, where all the quantities are defined in the world
reference frame system (rather than the camera’s one).

A radiance field is a pair of functions (ϑ, c). The opacity
ϑ : R3 → R+ maps 3D points to opacity values and the sec-
ond function assigns a directional color c : R3↘S2 → R3 to
each 3D point x and emission direction ω. The color I(u)
of the image at pixel u is given by the emission-absorption
equation

I(u) =

∫ →

0
c(xω ,ω)ϑ(xω )e

↑
∫ ω
0 ε(xµ) dµ dε. (1)

A dynamic radiance field just adds an additional time
variable t ↓ [0, T ] to these functions, so that I : ! ↘
[0, T ] → R3, ϑ : R3 ↘ [0, T ] → R+ and c : R3 ↘ S2 ↘
[0, T ] → R3.

3.2. Layered motion fusion (LMF)
Layered neural radiance fields. Radiance fields have
been originally designed for static scenes. In order to model
dynamic videos, a natural extension assigns an individual
radiance field per scene component as done in [48, 78, 88].
We refer to such models as layered neural radiance fields.
Since we are interested in the segmentation of dynamic ob-
jects in egocentric videos, we describe our method with
respect to NeuralDiff [78], that was explicitly designed
for such videos, but the fusion itself can easily be ap-
plied to other layered architectures as shown in the ex-
periments (Section 4.3). Assuming that we follow Neu-
ralDiff, we decompose the scene into three layers: a static
background layer, a semi-static layer, and a dynamic layer.
This corresponds to the functions ϑst(x), cst(ω,x) for the
static layer, ϑss(x, t), css(ω,x, t) for the semi-static one and

ϑdy(x̄, t), cdy(ω̄, x̄, t) for the dynamic one, where only the
last two layers are time-dependent. The dynamic layer is de-
fined w.r.t. camera coordinates x̄ = ω(x) instead of world
coordinates, where ω : R3 → R3 is the world to camera
coordinate transformation. This is because in egocentric
videos such as [80], the dynamic part is caused by the ob-
server interacting with the world and so it is easier to model
this part of the scene from their perspective.

The three fields (i.e. layers) are combined into a single
one via the equations

ϑ(x, t) = ϑst(x) + ϑss(x, t) + ϑdy(ω(x), t) (2)

c(x,ω) =
cst(ω,x)ϑst(x) + css(ω,x, t)ϑss(x, t)

ϑ(x, t)
+

cdy(x̄, ω̄, t)ϑdy(x̄, t)

ϑ(x, t)
.

(3)

Note that colors are mixed and weighed by the opac-
ity [78]. These equations can be used to render image
Î(u, t) as a function of time using Equation (1).

On top of colors and opacities, we also
predict an uncertainty value for each layer:
ϖst(x),ϖss(x, t), and ϖdy(x̄, t) ↓ R+. These are then
projected to the image domain using Equations (1) and (2)
where c is replaced by ϖ to render an uncertainty im-
age B(u, t). This is used in a self-calibrated robust
loss [28, 57]:

Lrgb(Î , I, B, t) =
1

|!|
∑

u↓!

≃Î(u, t)↔ I(u, t)≃2

2B(u, t)2
+

logB(u, t)2
(4)
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Network architecture and information sharing. The
other important characteristic of layered radiance fields is
how the different functions are implemented by a neural net-
work and how the parameters are shared between the layers.
This is achieved by composing networks as follows:

(ϑst(x), cst(x,ω)) = ”st(”0(x),ω) (5)
(ϑss(x, t), css(x,ω, t)) = ”ss(”0(x),ω, zt) (6)
(ϑdy(x̄, t), cdy(x̄, ω̄, t)) = ”dy(x̄, ω̄, zt). (7)

Thus, the static and semi-static layers share the same spa-
tial features ”0. The semi-static layer also takes as input the
time t encoded a time-dependent feature vector zt ↓ RD.
The dynamic layer does not share features since it is defined
in a different reference frame, but does use the time encod-
ing zt. Taken together, the vectors z thus form a matrix
Z ↓ RT↔D. In order to ensure smoothness in the motion,
the matrix Z is decomposed as the product Z = Z̃F where
F ↓ RP↔D is a fixed Fourier-like basis with P ⇐ T and
Z̃ ↓ RT↔P are learned coefficients.

Fusing motion into the semi-static and dynamic layer.
Recall that our goal is to obtain a segmentation that sep-
arates dynamic and semi-static objects, which naturally
emerges from the decomposition offered by layered neural
fields. However, experiments conducted in [80] show that,
while layered radiance fields improve the segmentation of
semi-static components over off-the-shelf 2D motion seg-
mentation methods [93], they struggle with dynamic ones.
Our idea is thus to use 3D reconstruction as a fusion net-
work, in line with [3, 32, 79, 101]. The key difference is
that our scene is in motion instead of being static. Addi-
tionally, fusion involves two different layers, representing
the semi-static and dynamic motion.

We consider a motion segmentation algorithm that
takes as input a video and outputs a segmentation mask
M(u, t) ↓ [0, 1] for each frame, where 0 means back-
ground and 1 means foreground. We use these sparse,
noisy and partial labels and fuse them into a joint implicit
3D space. This in turn enables the method to render de-
noised labels back to frames through its learned represen-
tation. We render the fused labels through masks obtained
from the dynamic and semi-static layers as follows. We as-
sociate pseudo-colors to both layers with pss = (0, 1, 0)
and pdy = (0, 0, 1) in order to calculate the pixel-based
(rendered) mask values M̂ss(u, t) and M̂dy(u, t), and point-
based mask values mss(xω , t) and mdy(xω , t) respectively.
This results in the following volume rendering equation for
negative motion fusion as the semi-static layer is supposed
to be dissimilar to purely dynamic motion (push it away):

M̂ss(u, t) =∫ →

0
mss(xω , t)ϑ(xω , t)e

↑
∫ ω
0 ε(xµ,t) dµ dε ,

(8)

with

mss(x, t) =
pss,1ϑst(x) + pss,2ϑss(x, t)

ϑ(x, t)
+

pss,3ϑdy(x̄, t)

ϑ(x, t)
=

0 + ϑss(x, t) + 0

ϑ(x, t)
.

(9)

For positive motion fusion, we similarly calculate M̂dy
with Equation (8) where pdy is used for mdy with

mdy(x, t) =
ϑdy(x̄, t)

ϑ(x, t)
. (10)

With the rendered masks from the semi-static and dy-
namic layers, we calculate the positive motion fusion (PMF)
and the negative motion fusion (NMF) losses respectively.
Compared to NMF, the PMF loss pulls dynamic motion of
the 2D model to the dynamic layer and is defined as

LPMF(M̂dy,M, t) =

ϱPMF
1

|!|
∑

u↓!

≃M̂dy(u, t)↔M(u, t)≃2. (11)

The NMF loss penalizes the semi-static (ss) model when
the predicted mask M̂ss(u, t) deviates from the target value
of 0 for the set of pixels u ↓ !. This function is weighted
by a factor ϱNMF, adjusting the emphasis on the penalty for
incorrect predictions over these negative samples. Further-
more, we binarize the mask from the motion segmentation
model to M̄ ↓ {0, 1} and use it to select the pixels that are
dynamic with !̄ = {u ↓ ! |M̄(u) = 1}, resulting in the
loss:

LNMF(M̂ss,M, t) = ϱNMF
1

|!̄|
∑

u↓!̄

≃M̂ss(u, t)≃2. (12)

The final loss is then L = Lrgb + LPMF + LNMF, as de-
fined in Equations (4), (11) and (12).

3.3. Test-time refinement
We follow [9, 26] and optimize the model at test time over
a set of specified frames T before rendering the masks M̂ss
and M̂dy. We refer to this procedure throughout the paper
as TR (test refinement). In comparison to the more typ-
ical refinement setting, we only refine the semi-static and
dynamic model ”st and ”dy . The rationale for that is the
independence of the static model from the task of motion
segmentation, i.e. it does not capture any motion by design.
Let Wst, Wss and Wdy be the sets of parameters of the static,
semi-static and dynamic models respectively. We obtain the
parameters W ↗

ss and W ↗
dy of the refined models ”↗

ss and ”↗
dy

with

(W ↗
ss,W

↗
dy) =

arg min
Wss,Wdy

∑

t↓T
L(Wst,Wss,Wdy; It,Mt, t).

(13)
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Table 1. Comparison with the state of the art. Mean average
precision (mAP) on segmenting the dynamic (Dyn) and semi-static
(SS) components and their union (SS+Dyn) for the UDOS task
from EPIC Fields [80]. We report the results for our method (TR +
LMF) combined with NeuralDiff (improvements w.r.t. ND shown
in brackets). The original 3D baselines do not use any 2D fusion.
Our approach enhances the segmentation of semi-static objects as
a secondary benefit.

Method 3D 2D Dyn SS Dyn+SS

MG [93] ✁ ✂ 64.27 12.78 55.53
NeRF-W [48] ✂ ✁ 28.52 20.97 45.62
NeRF-T [20] ✂ ✁ 44.27 24.48 64.91
NeuralDiff (ND) [78] ✂ ✁ 55.58 25.55 69.74
ND + TR + LMF (ours) ✂ ✂ 72.51 27.70 74.21

+30.5% +8.4% +6.4%

The masks from Equations (9) and (10) are rendered as de-
scribed in Equation (8) with the densities and colors of the
static model from Equation (5), and outputs from the refined
semi-static and dynamic model with

(ϑss(x, t), css(x,ω, t)) = ”↗
ss(”0(x),ω, zt) (14)

(ϑdy(x̄, t), cdy(x̄, ω̄, t)) = ”↗
dy(x̄, ω̄, zt). (15)

Besides selecting only reference frames, we also explore
sampling additional frames within the vicinity of reference
frames, to see if the added temporal context further fa-
cilitates the refinement. Formally, given a set of frames
T = {t1, t2, . . . , tM} with ti ↓ [0, T ], ⇒i ↓ {1, 2, . . . ,M},
we define a set of neighboring frames for each test frame ti
within a window N . The combined set of test frames and
their neighboring frames is denoted as TN . For each test
frame ti ↓ T , the neighboring frames within a window N
are defined as:

N (ti, N) = {ti↑N , . . . , ti↑1, ti, ti+1, . . . , ti+N}. (16)

The set of frames used for refinement, including both the
test frames and their neighbors, is given by:

TN =
⋃

ti↓T
N (ti, N). (17)

4. Experiments
In the following, we will first describe the experimental
details, and then compare our proposed method with the
state of the art. The last sections contain an analysis of our
method such as its application to other 3D methods and an
ablation study.

4.1. Experimental details
Our experiments follow the Unsupervised Dynamic Object
Segmentation (UDOS) benchmark from the EPIC Fields

dataset [80]. EPIC Fields augments the EPIC-KITCHENS
dataset [12] with 3D camera information and use the pro-
vided segmentation masks of dynamic and semi-static ob-
jects for evaluation. We use the provided evaluation script
and the pre-trained models (NeuralDiff, NeRF-W and T-
NeRF – referred to NeRF-T in our paper) for our experi-
ments. The pre-trained models are trained for 20 epochs
with a learning rate of 5↘ 104 and cosine annealing sched-
ule with an NVIDIA RTX A4000 per experiment. We set
the parameters ϱPMF and ϱNMF of the LMF loss to 1.1 and
1.0 respectively. The fine-tuning takes about 22 minutes for
100 frames (about 13 seconds per frame). The rendering of
a frame without fine-tuning takes about 5 seconds. For a
fair comparison with the results from EPIC Fields, we use
exactly the same frames as used to train their models. For
motion fusion, we extract labels from the 2D motion seg-
mentation model Motion Grouping (MG) [93] that is used
as 2D baseline in EPIC Fields. Further details such as net-
work architecture or the training setup of MG can be found
in the supplementary material of EPIC Fields [80].

4.2. Comparison with the state of the art
We evaluate our method on the Unsupervised Dynamic Ob-
ject Segmentation (UDOS) task from EPIC Fields [80] and
compare to the 3D baselines NeuralDiff [78], NeRF-W [48]
and NeRF-T [20]. The results are shown in Table 1. We ob-
serve improvements of up to 30%. A positive byproduct of
our method is the improvement of the semi-static segmen-
tation, by up to 8% in comparison to NeuralDiff. The joint
segmentation of dynamic and semi-static objects improves
by up to 6.4%. The most important result is the improve-
ment of NeuralDiff as the 3D baseline over MG as the 2D
baseline, which was posed as an open problem and question
in [80]. Our method outperforms MG by up to 8.2 mAP,
while MG outperformed NeuralDiff previously by about
8.7 mAP. Qualitative results comparing improvements over
NeuralDiff and MG are shown in Figure 2. Results that
highlight the improvements of the semi-static segmentation
are shown in the supplementary material in Figure 1.

Additionally, we compare our approach to a video ob-
ject segmentation method specifically tailored for egocen-
tric videos, focusing on the task of fine-grained hand-object
segmentation. This comparison highlights the potential of
3D computer vision techniques to improve the performance
of 2D video understanding methods. For this purpose, we
select the state-of-the-art method EgoHOS [99] and report
the results in Table 4. We observe that applying our method
to MG [93] results in a performance that is slightly bet-
ter than EgoHOS. This result is significant, since EgoHOS
requires supervision, while applying our method to MG
works without any supervision. In addition we show that
we can boost the performance of EgoHOS even further by
combining it with our method. These results highlight the
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GT (red) MG NeuralDiff (ND) ND+TR ND+TR+LMF

Figure 2. Qualitative results. The segmentations are produced by Motion Grouping (MG), NeuralDiff (ND), ND + Test-Time Refinement
(TR), and ND + TR + Layered Motion Fusion (LMF). This shows the clear benefits of applying TR to ND, resulting in sharper segments
such as in row 3, 4 and 5. The segmentation can be improved even further through LMF as shown in row 1 and 2.

Table 2. Application to different 3D baselines. We report the mean average precision (mAP) on segmenting the dynamic (Dyn) and
semi-static (SS) components of the scene, and also their union (SS+Dyn) for the UDOS task from EPIC Fields [80]. We apply a variant
of our method to NeRF-W, NeRF-T and NeuralDiff. We observe consistent gains across all architectures. The relative improvements are
shown in brackets.

Method 3D 2D Dyn SS Dyn+SS

NeRF-W [48] ✂ ✁ 28.52 20.97 45.62
NeRF-W + TR + PMF ✂ ✂ 34.20 (19.9%) 19.88 (-5.2%) 47.37 (3.8%)

NeRF-T [20] ✂ ✁ 44.27 24.48 64.91
NeRF-T + TR + PMF ✂ ✂ 51.11 (15.4%) 23.24 (-5.1%) 68.87 (6.1%)

NeuralDiff [78] ✂ ✁ 55.58 25.55 69.74
NeuralDiff + TR + PMF ✂ ✂ 67.23 (20.9%) 26.61 (4.1%) 72.53 (4.0%)

effectiveness and versatility of the proposed approach.

4.3. Analysis of model components

Application to other architectures. To show that our
contributions can be applied beyond NeuralDiff, we also
experiment with the architectures NeRF-T and NeRF-W
(NeRF plus time [20] and NeRF in the wild [48]). While
NeRF-W contains already a dynamic layer, we extend
NeRF-T with the same dynamic layer as we use for our
method as described in Section 3. Furthermore, in NeRF-

T, time is encoded using a positional encoding, whereas
in NeRF-W, time is encoded by specifying and learning a
separate latent vector zt for each frame (similar to setting
P = D in the representation of Z).

We analyze the generalization of our method across these
architectures in Table 2. Since NeRF-T and NeRF-W con-
tain static and dynamic layers only, we can apply PMF, but
omit NMF as it depends on a semi-static layer. We ob-
serve that a combination of TR and PMF boosts the per-
formance of all architectures in terms of the segmentation
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Table 3. Effect of the temporal context on test refinement.
Mean average precision (mAP) on segmenting the dynamic (Dyn)
and semi-static (SS) components and their union (SS+Dyn) for
the unsupervised dynamic object segmentation (UDOS) task from
EPIC Fields [80], on a subset of 5 scenes and for 4 different num-
bers of neighbouring frames N as defined in Eq. (16). We set
N = 0 for the default setting without any neighboring frames,
and compare to sampling 2, 5 and 20 frames. The relative im-
provements are shown in brackets.

Method Dyn SS Dyn+SS

NeuralDiff (ND) [78] 58.12 25.84 70.49

ND + TR 64.29 (10.6%) 26.26 (1.6%) 72.07 (2.2%)
ND + TR-2 64.23 (10.5%) 26.23 (1.5%) 72.02 (2.2%)
ND + TR-5 63.14 (8.6%) 26.21 (1.4%) 71.98 (2.1%)
ND + TR-20 61.64 (6.1%) 25.95 (0.4%) 71.45 (1.4%)

Table 4. Hand-object segmentation in the dynamic setting.
We combine our method with the state-of-the-art hand-object seg-
mentation method EgoHOS [99]. Our method with MG [93] re-
quires no supervision and is slightly better than EgoHOS, which
is trained with supervision. Applying our method to EgoHOS im-
proves it even further.

Method 3D 2D Supervision mAP

MG [93] ✁ ✂ ✁ 64.27
MG + Ours ✂ ✂ ✁ 72.51
EgoHOS [99] ✁ ✂ ✂ 71.20
EgoHOS + Ours ✂ ✂ ✂ 77.31

of dynamic objects. The decrease in performance of the
semi-static prediction of NeRF-T and NeRF-W is expected
as both architectures use only one layer to predict both dy-
namic and semi-static objects. Adding a semi-static layer
to both models as shown in Table 6 of the supplementary
results in improved semi-static performance.

Effect of temporal context on test refinement. We de-
fined the test refinement with respect to a number of neigh-
boring frames in Equation (17). We analyze in Table 3 the
influence of the temporal context on test-time refinement to
find out if additional frames around test frames provide ad-
ditional guidance to the model. We observe no benefit from
adding frames. This highlights the importance of enhancing
the focus of the 3D model to achieve better segmentation.

Ablation study. Table 5 compares different combinations
of components with NeuralDiff. We observe that motion fu-
sion results overall in the highest relative gains for segment-
ing dynamic objects. The best results are obtained with test
time refinement and layered motion fusion (LMF = PMF +
NMF), resulting in an improvement of 30.4%. The semi-
static segmentation also improves significantly in this case,

by 8.4%. We observe as well that a joint combination of
PMF and NMF is better than any of those components on
their own – with and without TR.

Table 5. Ablation. Mean average precision (mAP) on the seg-
mentation of dynamic (Dyn) and semi-static (SS) components and
their union (SS+Dyn), for the UDOS task from EPIC Fields [80].
The relative improvements are w.r.t. NeuralDiff. The best results
are obtained with layered motion fusion (LMF = PMF + NMF) and
test time refinement (TR), and show that the different components
improve the segmentation additively.

Method 3D 2D Dyn SS Dyn+SS

NeuralDiff (ND) [78] ✂ ✁ 55.58 25.55 69.74

ND + NMF ✂ ✂ 63.73 27.14 72.69
+14.7% +6.2% +4.2%

ND + PMF ✂ ✂ 63.38 26.33 72.10
+14.0% +3.1% +3.4%

ND + PMF + NMF ✂ ✂ 66.14 26.44 72.29
+19.0% +3.5% +3.7%

ND + TR ✂ ✁ 62.29 26.02 71.66
+12.0% +1.8% +2.8%

ND + TR + NMF ✂ ✂ 69.79 27.94 75.57
25.5% 9.3% 8.3%

ND + TR + PMF ✂ ✂ 67.23 26.61 72.53
+20.9% +4.1% +4.0%

ND + TR + PMF + NMF ✂ ✂ 72.51 27.70 74.21
+30.4% +8.4% +6.4%

5. Conclusion
In this paper, we analyzed the limitations of current 3D
methods when applied to the task of unsupervised dynamic
object segmentation of long egocentric videos, as observed
in the EPIC Fields benchmark [80]. We address these lim-
itations through two contributions. First, we introduce lay-
ered motion fusion, which lifts motion segmentation predic-
tions from a 2D-based model into layered radiance fields.
This approach includes positive motion fusion, which pulls
the predictions of the dynamic layer closer to the segmen-
tation of the 2D model, and negative motion fusion, which
pushes the predictions of the semi-static layer away from
the segmentation of the 2D model. Both losses work in syn-
ergy, resulting in significant performance gains. We demon-
strate that these effects can be further leveraged through
test-time refinement, enabling the final model to outper-
form the 2D model used for training by a large margin. The
proposed method is straightforward to implement, effective,
adaptable to various 3D architectures and can be combined
with a state-of-the-art hand-object segmentation approach
to boost its performance. We believe that these results will
inspire further research on the use of 3D geometry for ego-
centric scene and video understanding.
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