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Abstract

In this paper, we present Egocentric Scene Interpreta-
tion, an integrated framework that combines depth and se-
mantic maps for 3D scene geometry, semantics, and ap-
pearance reconstruction. Furthermore, we introduce a new
metric, called the Egocentric Scene Interpretation (ESI)
Score, to evaluate the alignment between geometry and se-
mantics for 3D scene understanding. In addition to the ex-
perimental framework, we propose EgoScene, a diffusion-
based approach that leverages temporal consistency in fea-
ture extraction for egocentric downstream tasks. We com-
pare EgoScene against transformer-based methods. Our
method outperforms transformer-based methods by 26% in
the ESI score, establishing the state-of-the-art for Egocen-
tric Scene Interpretation.

1. Introduction

Understanding the intrinsic properties of 3D scenes from
monocular images is a foundational challenge of computer
vision. The pioneering formulation by Barrow and Tenen-
baum [1] aimed at extracting scene characteristics such as
depth, surface orientation, reflectance, and incident illumi-
nation from intensity images. Hoiem et al. [18] proposed
to decompose 3D scenes into oriented surfaces, occlusion
boundaries, viewpoints, and objects. More recently, Malik
et al. [32] defined visual understanding as the joint solu-
tion to the problems of recognition, 3D reconstruction, and
perceptual re-organization. Today, the advent of augmented
reality (AR), powered by the development of groundbreak-
ing spatial computing capture devices, provides an unprece-
dented opportunity to revisit this classical computer vision
problem from an egocentric perspective. For instance, Liu
et al. [26] explored egocentric activity recognition and lo-
calization within a 3D map, while Mai et al. [31] stud-
ied 3D object localization in egocentric videos using visual
queries. This growing body of work highlights a renewed
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Figure 1. Egocentric Scene Interpretation. Starting with an ego-
centric image and the camera pose (Input), our framework aims to
infer the 3D scene’s geometry (A), semantic composition (B), and
appearance (C), thereby providing a comprehensive interpretation
of the surrounding space. We show 3D reconstructions obtained
by EgoScene.

interest and significant advancements in understanding and
interpreting scenes from an egocentric viewpoint.

This paper presents an integrated framework for egocen-
tric scene interpretation, combining metric depth estimation
and semantic segmentation to form a nuanced understand-
ing of 3D spaces from a first-person perspective. Our goal
is not only to predict the geometry of the scene, but also
to understand the semantics and appearance of all visible
entities, translating RGB egocentric images into a detailed
and actionable 3D interpretation of the surrounding envi-
ronment, as shown in Figure 1. We build on recent advances



on spatial computing devices, such as Meta’s Aria glasses
[42], that enrich an egocentric video feed with precise syn-
chronization of a user’s 3D position and orientation. We
leverage the annotations of the Aria Digital Twin (ADT)
dataset [36], which possesses the unique characteristic of
pairing real first-person footage with per-frame semantic,
depth, localization, and orientation data. Thus, we create
more than 690.000 egocentric ground-truth reconstructions
that are densely labeled in space and time into 118 semantic
categories.

We introduce the Egocentric Scene Interpretation (ESI)
score as a novel metric for assessing the quality of 3D scene
comprehension from a first-person viewpoint. ESI extends
the principle of the Jaccard Index, traditionally applied to
2D segmentation, into 3D spatial understanding, focusing
on the alignment between geometry reconstruction and se-
mantic accuracy.

With this metric in mind, we benchmark leading
transformer-based models against our newly developed
diffusion-based approach, which leverages language pre-
training and temporal consistency across video frames. The
results highlight our performance, especially in semantic
segmentation, where it consistently surpasses the results
of transformer-based frameworks. This result indicates the
significant role that the fusion of visual and linguistic data
plays in interpreting complex scenes. Enhanced by this in-
tegration, our method holds the potential to transform aug-
mented reality experiences, providing users with a deeper,
more nuanced interaction with their environment.

Overall, our contributions are as follows:

* We introduce Egocentric Scene Interpretation, a new for-
mulation that integrates depth estimation and semantic
segmentation for 3D scene understanding from an ego-
centric perspective.

* We establish an experimental framework to study this
problem. We introduce the Egocentric Scene Interpreta-
tion (ESI) Score metric that measures the alignment be-
tween 3D surfaces and semantic segments.

* Along with transformer-based baselines, we introduce a
diffusion-based model that incorporates temporal consis-
tency and language-vision alignment for feature extrac-
tion for downstream egocentric visual tasks.

We will publicly release our source code, dataset, and pre-

trained models to boost research in egocentric scene inter-

pretation further.

2. Related Work

3D egocentric scene understanding benchmarks and
methods Augmented Reality’s (AR) ascent has amplified
the demand for refined 3D scene interpretation from an ego-
centric perspective, prompting the development of targeted
datasets. EpicKitchens [8], Ego4D [16], and HOI4D [27]
have broadened the range of daily-life scenarios for analy-

sis, while EgoPAT3D [25] and the Aria Digital Twin (ADT)
dataset [36] provide dense annotations tailored for egocen-
tric interpretation. Innovations in 3D comprehension have
been propelled by methods from Do et al. [9], Nagarajan
et al. [34], Liu et al. [26], and others, extending from
spatial rectification to probabilistic mapping of actions in
3D. However, the fusion of language and vision for in-depth
3D egocentric scene interpretation is a frontier our research
seeks to explore. We fill this gap by integrating diffusion
models with linguistic data, offering a comprehensive ap-
proach to egocentric scene analysis that could reshape in-
teraction in AR environments.

Diffusion models and visual perception tasks Denois-
ing diffusion probabilistic models have revolutionized im-
age synthesis with their ability to generate high-quality im-
ages from a reverse noising process [17]. Recent endeavors,
such as VPD [50] and TADP [22], have adapted these mod-
els for visual tasks by encoding images into latent spaces
and using cross-attention to integrate text [39]. Nonethe-
less, these models traditionally lack a mechanism for incor-
porating temporal information and have yet to be specifi-
cally designed or tested for egocentric data interpretation.
Our approach diverges by harnessing the temporal continu-
ity in video sequences, utilizing frame-to-frame information
to enhance the fidelity of egocentric scene interpretation.

Monocular depth estimation Monocular depth estima-
tion is an ill-posed problem because a single 2D image
does not provide sufficient information to determine ob-
jects’ depth uniquely. The inherent difficulty arises from
depth-scale ambiguity, which remains unsolvable with just
a single input image. Supervised methods [10, 13, 20, 23,
28, 38] assume a perfect matching between visual inputs
and depth ground truth maps. However, collecting diverse
real-world datasets for depth estimation is challenging. To
overcome this limitation, some works address depth estima-
tion in a self-supervised manner [14, 15, 48, 52]. Neverthe-
less, all these methods are designed for either autonomous
driving [5, 33] or third-person perspective [35] pipelines,
which left unexplored the potential of egocentric depth es-
timation and its potential for 3D scene interpretation and
human-object interactions. Also, in contrast, monocular
depth estimation is an intermediate task of our complete
framework.

Semantic segmentation Semantic segmentation helps to
recognize each semantic category in an image spatially and
densely, which is crucial for scene interpretation. The
first deep learning methods were CNN-based architectures
that estimate semantic segmentation maps through convolu-
tion operations [29, 40]. More recently, transformer-based



methods, such as Segformer [45] and DPT [38], lever-
age the self-attention mechanism for semantic segmentation
[3, 4, 24, 49]. Cheng et al. proposed a masked-attention
mechanism to transformers [4] to improve MaskFormer [3]
performance. In addition, Li ef al. proposed Mask DINO
[24], a unified object detection and segmentation framework
that extends from DINO [47] by adding a mask prediction
branch. Similarly to depth estimation, these methods ig-
nore the egocentric perspective and its potential for human-
centric scene interpretation. Similarly, akin to monocular
depth estimation, semantic segmentation is an intermediate
task within our comprehensive framework.

Static 3D reconstruction benchmarks Advances in 3D
object reconstruction have traditionally been driven by com-
prehensive datasets, such as ShapeNet [2] and ModelNet
[44], which provide abundant 3D models for object recon-
struction. In the vicinity of these datasets, the DTU Robot
Image dataset [19] offers real-world high-resolution scans
for evaluating multi-view stereo algorithms. Meanwhile,
the scene analogous task has benchmarks such as ScanNet
[7], SUN RGB-D [43], and NYUv2 [35], enriching the field
with detailed annotations of indoor scenes. However, our
research deviates from these static benchmarks by focus-
ing on dynamic video scenes where depth maps and seman-
tic segmentation can extrapolate comprehensive scene un-
derstanding. Instead of competing with static reconstruc-
tion tasks that utilize 3D meshes or point clouds as ground
truth, our approach, tailored to the complexities of egocen-
tric video data, prioritizes the accurate prediction of dense
depth maps and semantic labels per frame. We can indi-
rectly infer 3D scene structure, appearance, and semantics
through this. Thereby, the concept of 3D reconstruction is
adapted by sampling a single point in time of a fluid 4D
space.

3. Egocentric Scene Interpretation Benchmark

This section formally introduces Egocentric Scene Interpre-
tation and its experimental framework, our novel framework
for 4D egocentric scene understanding.

3.1. Task Definition

Given an input RGB egocentric image I and the user’s point
of view v, the goal is to perform a partial 3D reconstruction
of a scene with geometric, semantic, and appearance aware-
ness. Thus, the objective is to develop a function F' such
that,

F(I,v) = (G, S, A) ()

where G, S, A are the reconstructed 3D meshes of the same
visible scene with geometrical, semantic, and appearance
information, respectively.

We approach this task using an intermediate function H;
that acts on the image I to obtain two corresponding in-
termediate outputs: a depth metric map D, encoding the
distance of each pixel from the camera, and a semantic seg-
mentation mask Y, where each pixel value corresponds to
its semantic label. Hence,

Hi(I) = (DY) )

with I € REXW>3 D ¢ REXW and Y € R¥XW, By
integrating D and Y from the user’s point of view v, we can
ultimately reconstruct a 3D partial representation from an
egocentric perspective via a second function Ho:

HQ(HI(I)vU)_)(G’S’A) (3)

In order to un-project the metric depth maps in the 3D space
and approximate the G, S, A meshes, reconstruction algo-
rithms such as [6, 11, 51] use the following projection given
an RGB-D image, camera pose, and intrinsics:

U
-1 -D(u,v) - v )
1

psp =K

where psp is the point in 3D world coordinates, K is the
intrinsic camera matrix, D(u,v) is the depth value at the
pixel (u, v). The whole expression is finally multiplied by
the pose of the camera to obtain the point in 3D space.

3.2. Egocentric Scene Interpretation (ESI) Score

We propose a new metric called Egocentric Scene Interpre-
tation (ESI) Score to measure the alignment between 3D
surfaces and semantic segments for Egocentric Scene Inter-
pretation. ESI aims to measure how accurate is the mapping
of the function H; defined in Eq. 2 in a joint manner for
both outputs.

ESI integrates segmentation quality with 3D geometry
reconstruction as follows: given a predicted depth value JL j
and its corresponding ground-truth d; ; for a pixel p; ;, we
compute the absolute difference as:

8ij =i j — di ;| (5)

Then, we compute performance for tolerances up to one
meter, € € [0, 1]. To determine if the pixel p; ; can be con-
sidered a true positive. Thus, we define for a given class y
and pixel p; ;,

Pij ETP" < (8;i; S eNvij =0i; =V) (6)

where y; ; and §; ; are the ground-truth and predicted se-
mantic class of the pixel (4, j), respectively. We also define
the false positives for a given class y as follows,

pij €EFP" < (01 > €Nyij =915 =Y)

7
V (Y FYNDig=Y) @



Moreover, following semantic segmentation standards,
we compute the Intersection over Union (/oU) to measure
the segmentation quality as:

TP

I =
U= TP FPTFN

®)

where TP, F'P, and F'N are the number of true positives,
false positives, and false negatives pixels, respectively.
Therefore, the mIoU* is:

N
1 TP
ToU* = — ¢ 9
me N;TP,3+FP,;<+FNk ®

with N being the number of semantic classes. Finally, fol-
lowing this formulation, the ESI is defined as:

1
ESI = / mIoU* de (10)
0

This formulation allows us to evaluate the quality of each
semantic class for different threshold values, which pro-
vides a complete understanding of the impact of the 3D ge-
ometry reconstruction on the scene semantics.

3.3. Dataset

We build on the Aria Digital Twin (ADT) Dataset [36], a
real-world egocentric dataset released by Meta Reality Labs
using Aria glasses [42]. ADT aims to supply a bench-
mark dataset that facilitates the assessment and progres-
sion of egocentric research. ADT includes wide-ranging
ground truth information for 2D depth maps and 2D in-
stance segmentations. We obtained 118 semantic categories
from these segmentations in more than 20.2 million masks.

ADT contains 200 real-world video sequences recorded
by Aria wearers at 30Hz in 2 indoor scenes, an apartment
and an office, featuring 398 object instances of stationary
and dynamic elements. In these sequences, the Aria wear-
ers can perform different activities such as room decoration,
meal preparation, work, object examination, room cleaning,
partying, and dining table cleaning. Some of these activities
can include two people in the same scene simultaneously,
which causes the number of video captures to be greater
than the number of sequences. Considering these human
interactions, ADT provides ground truth depth maps and
semantic segmentations with and without human skeleton
occlusions. Since we are mainly interested in the scene in-
terpretation from an egocentric perspective, we use use the
depth and semantic ground truth data that disregard the hu-
man occlusions.

In total, we curated 242 captures from ADT. We trans-
formed each frame from a fish-eye camera model to a pin-
hole model. We partitioned the dataset into training and
validation sets, maintaining consistent distributions across

scenarios (apartment and office) and activities. The training
set comprises 120 captures, while the validation set con-
sists of 122 captures. This way, we ensure that consecutive
frames from the same capture are distinctly assigned to the
training or validation set.

4. Methods

In this section, we introduce our diffusion-based approach:
EgoScene. We also present the task-specific baselines for
depth estimation and semantic segmentation, which we
compare against.

4.1. EgoScene

Inspired by the capacity to capture language and visual re-
lations of diffusion models [39, 50], we use a pretrained
text-to-image diffusion model €y as backbone for egocen-
tric downstream tasks. As shown in Figure 2, given a frame
x, and its preceding frame x;_1, we extract their latent rep-
resentations zp; and zp;—1 using a visual encoder £ such
that,

E(xy) = 20,6, E(w4-1) = 20,01 (11)

Then, we make a forward pass through the last step of
the denoising autoencoder, such that we can obtain a set
of multi-scale feature maps F' and cross-attention maps A
from the UNet:

EQ(ZO,ta Oa Ot) — Fta At

12)
€9(20,t-1,0,Ct) = Fy_1, Ar1
where C; works as the text conditioner at timestamp ¢. We
use the same text conditioning C' for both frames.
Specifically, we extract 4 feature maps from F/,

FeREW. g, =W, =212 1 =1,2,3,4  (13)

Then, we calculate V' by concatenating the feature and
attention maps as follows:

V=[(FdA)®(Fi_1® A1) (14)

V is then passed to the task specific head to compute the
final prediction H (V') = p.

Furthermore, to generate text conditioning C', we use the
average text representation of 80 templates by using CLIP
text encoder [50] for each class of interest. For depth esti-
mation, we pass conditioning C; € R*7%® representing
the scene type, where 768 is the text embedding dimen-
sion of CLIP [37]. For semantic segmentation, we pass
C, € RVX768 where N is the number of classes in ADT.
Since we get an embedding for each semantic class, we can
extract cross-attention maps for each. During training, ey
and H are optimized.
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Figure 2. Overview figure of Egoscene Our method leverages language-vision alignment of diffusion models to tackle depth estimation
and semantic segmentation for 4D Egocentric Scene Interpretation. First, we use a visual encoder to extract latent representations for
the current and previous frames ¢ and ¢ — 1. We extract text embeddings through CLIP text encoder [37] to guide the feature extraction.
Then, we pass both multi-scale features as input to the task-specific head. Ultimately, we extract 3D geometry, semantics, and appearance

reconstructions from the intermediate depth and semantic maps.
4.2. Task-specific baselines

In our comparative analysis, we combine independent state-
of-the-art transformer-based models as baselines for depth
estimation and semantic segmentation tasks. For depth es-
timation, we utilize Swin Transformer V2 [28] and Global-
Local Path Networks (GLP) [20]. The Swin Transformer
V2, developed by Liu et al., represents an advancement in
transformer architectures, scaling up capacity and resolu-
tion to effectively handle complex visual data. The GLP
model, proposed by Kim et al., integrates global and local
contextual information, offering an innovative approach to
monocular depth estimation with its vertical cut-depth fea-
ture.

For semantic segmentation, we employ SegFormer [45]
and DPT (Dense Prediction Transformer) [38]. SegFormer,
introduced by Xie et al., emphasizes a simple and efficient
design optimized for semantic segmentation tasks. DPT, by
Ranftl et al., harnesses the power of vision transformers for
dense prediction, demonstrating effectiveness in semantic
segmentation tasks.

4.3. Implementation details

Our method, for both depth estimation and semantic seg-
mentation, maintains the VQGAN [12] encoder and the
CLIP [37] encoder constant during training. With these two
architectures we obtain an embedded representation of the
RGB images and the captions, respectively. We first train
the task-specific decoder head and the diffusion UNet for
depth estimation, followed by a separate independent train-
ing phase for semantic segmentation. We also set the learn-
ing rate of the backbone to be % of the task-specific head
learning rate to leverage pre-training. For the text adapter,

we use y = le — 4.

4.3.1 Depth Estimation

We use the pretrained weights in NYUv2 [35] dataset pro-
vided by [50] as starting point. During training, we employ
random cropping of images to a size of 480x480. We fine-
tune the model for 25 epochs with a batch size of 7, utilizing
the AdamW optimizer [30] with a learning rate set at 5e — 4
and a weight decay of be — 2. The learning rate follows a
polynomial strategy, starting at 5e — 4 and decreasing with
a factor of 0.9 until it reaches a minimum value of 3e — 5.
The layer decay is set to 0.9/0.85, and the DropPath is set
at 0.3/0.5. The depth estimation head upsamples the last
features of the backbone using deconvolutions as described
in [46]. For training, we use the Scale-Invariant loss [10] to
optimize the network’s parameters.

As metrics, we report the absolute relative error (REL),
root mean squared error (RMSE), and the average log 10
error between the predicted depth and the actual ground
truth depth. We also report the threshold accuracy d,, for
n =1, 2, 3 defined as:

# of pixels where max (%, %) < 1.25™

5, = x 100%

Total # of pixels
where d; represents the ground truth depth and d; is the
predicted depth.
4.3.2 Semantic Segmentation

We use a semantic FPN [21] head with cross-entropy loss.
We train our model for 80000 iterations with a batch size of



RMSE (cm) | 617 0o T o3 T REL | logip) # params

SwinV2-L [28] 1143 0.9874 0.9956 0.9980 0.0307 0.0123 195.7M
GLP [20] 11.88 0.9868 0.9953 0.9978 0.0275 0.0109 61.2M
EgoScene (Ours) 12.65 0.9883 0.9956 0.9978 0.0284 0.0110 928 M

Table 1. Depth estimation on ADT. Main results for depth estimation on ADT dataset. We compare our method against a transformer-

based method.

mloU?T mAcctT aAcc?T # params
Segformer [45] 35.61 48.48 9436 247M
DPT [38] 43.71 56.8 94.64 109.7M
EgoScene (Ours)  73.62 83.31 97.28 902 M

Table 2. Semantic segmentation on ADT. Main results for se-
mantic segmentation on ADT. We compare our method against a
transformer-based method.

7, utilizing a learning rate of 8e — 5. The training process
employs the AdamW optimizer [30] with a weight decay of
le — 3 and incorporates a warm-up phase of 1500 iterations.
We implement a polynomial learning rate scheduler with a
power of 1.0, ensuring a minimum learning rate of 0.

To evaluate semantic segmentation performance, we use
the mloU, mAcc, representing the average pixel-wise accu-
racy over all classes, and aAcc, which provides insights into
the accuracy across all pixels.

4.3.3 3D Reconstruction from Egocentric Data

To visualize the 3D reconstructions from ADT, we inte-
grate RGB images, trajectory data, depth metric maps, and
semantic segmentation masks from the evaluated models
into Open3D’s RGBD volume integration pipeline. We re-
trieve the odometry from the Aria glasses, giving us the
necessary translation and rotation data in 4x4 homogeneous
matrices and ensuring the alignment of our data streams.
These streams are then coalesced into a unified 3D struc-
ture using Open3D’s ScalableTSDFVolume method. This
method implements the Dense Scene Reconstruction algo-
rithm [51], chosen for its scalability and robustness, which
is ideal for the vast ADT data. To finalize the reconstruc-
tion, we perform detailed post-processing, including point
gluing, quadric decimation, and removal of small isolated
components, duplicate faces, and vertices to ensure that the
3D models accurately and efficiently represent the intrica-
cies of the egocentric scenes.

5. Experiments

This section showcases our framework’s effectiveness in
egocentric scene interpretation, comparing our diffusion-

based methods with transformer models using ADT and as-
sessing performance through the newly proposed Egocen-
tric Scene Interpretation Score alongside detailed 3D vi-
sualizations. Also, we show ablations on temporal consis-
tency and vision-language integration in our approach. We
subsample the video captures every 20 frames for metric
computations during evaluation.

5.1. Depth and Segmentation Results

In Table 1 , we present the results of depth estimation
tasks comparing our method, EgoScene, with SwinV2-L
[28] and GLP [20]. The results indicate a competitive land-
scape: SwinV2-L leads with the lowest RMSE, demonstrat-
ing minimal deviation from the ground truth depth on av-
erage. GLP shows its strength in minimizing the absolute
relative error, indicating a reliable depth estimation over the
dataset. Our method, EgoScene, shines in threshold accu-
racy, achieving the highest scores for §; and ds, suggest-
ing it consistently estimates depth within tighter bounds for
most pixels. This balanced performance across different
metrics underscores the capability of each method to handle
depth estimation effectively, with each excelling in different
aspects of the task.

Table 2 shows the semantic segmentation results of
Egoscene, Segformer [45] and DPT [38] on the ADT. Our
Egoscene model outperforms competing transformer-based
methods. It achieves a remarkable mIoU of 73.62, signif-
icantly higher than DPT’s 43.71 and Segformer’s 35.61.
Moreover, our model leads with a mAcc of 83.31, compared
to the runner-up DPT’s 56.8, and excels in aAcc at 97.28,
over DPT’s 94.64. All this demonstrates Egoscene’s capa-
bility to understand and classify complex scene semantics.
We also present the number of parameters for each.

This superiority in segmentation, paired with competi-
tive performance in depth estimation, can be further ob-
served in the qualitative results. As depicted in Figure 3,
EgoScene’s proficiency in depth estimation and semantic
segmentation can be observed. Particularly notable is its
precision in handling objects at close range. Additionally,
the model’s ability to reconstruct occluded surfaces is ev-
ident, especially in scenarios like the obscured chair base
in the fifth frame. This capability, likely honed through
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Figure 3. Qualitative results of EgoScene. We show the results of depth and semantic segmentation across six different frames with our
method. We observe the amodal completion in frames 1 and 5 for semantic segmentation. Our method can correctly hallucinate semantic

objects occluded in the egocentric image.
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Figure 4. Main Results. Comparison of mloUx scores across dif-
ferent methods for egocentric scene interpretation. EgoScene with
an ESI score of 0.698 significantly outperforms the transformer-
based architectures by 26%.

training on repetitive object sequences, is enhanced by the
model’s design that integrates temporal information from
successive frames, thereby ensuring a coherent scene struc-
ture even in the presence of occlusions.

These qualities of our model not only highlight its adept-
ness in interpreting 3D scenes but also its potential to signif-
icantly improve the user experience in AR environments. Its
ability to perform amodal completions and maintain depth
and semantic accuracy underlines the model’s sophistica-
tion and utility in dynamic, real-world interactions, promis-
ing a more immersive and intuitive interface for AR appli-
cations.

5.2. ESI Results

The initial observation from Figure 4 confirms the expected
behavior where all methods begin with an ESI near zero, as
an e of zero allows only for perfectly predicted depth pix-
els to be true positives, a stringent and telling sanity check.
As e increases, each method’s curve trends upwards, reflect-
ing the diminishing strictness of depth precision; this transi-
tion highlights the trade-off between depth accuracy and se-
mantic correctness. Seeing the different rates at which this
increase occurs, we can extrapolate how better depth pre-
diction capabilities translate to quicker attainment of corre-
sponding peak performance in ESI — a measure of satura-
tion speed. Analogously, each curve’s ultimate ESI plateau
corresponds with its semantic segmentation performance
(IoU), reflecting its max saturation potential.

More notably, Figure 4 also illustrates that our method
outperforms even the best alternative approach that employs
GLP [20] for depth prediction and DPT [38] for semantic
segmentation. Our model achieves a higher ESI of 0.6988,
which indicates superior overall performance in the joint
task of scene interpretation. This larger ESI reflects a more
consistent and accurate alignment between the predicted 3D
surfaces and their corresponding semantic classes across
various thresholds.

Figure 5 allows us to evaluate our approach against joint
transformer methods like GLP [20] and DPT[38] in a 3D
reconstructed setting. As is to be expected given the ESI
scores, we can contrast in the semantic segmentation how,
in the leftmost part, denoted by a pink ring, objects such as
the vase or kettle are entirely disregarded by DPT. Also, ob-
serving the rightmost side of the figure, denoted by a black
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Figure 5. Qualitative results for 3D scene reconstructions We compare a scene’s appearance, geometry and semantic segmentation. We

show the results of EgoScene and GLP + DPT.

RMSE (cm)| &1 1 021 031t REL] logio
0.9878 0.9955 0.9977 0.0321 0.0129
0.9883 0.9956 0.9978 0.0284 0.011

w/o temporal 12.92

w temporal 12.65

Table 3. Depth estimation with temporal consistency. Adding
temporal consistency to our method leads to better performance
across all metrics. The temporal consistency of the previous frame
improves by ~ 2% in the RMSE metric.

ring, fine-grained kitchen utensils are segmented wrong,
most of them being assigned the “background” semantic
class. Following their corresponding ESI scores, the ge-
ometry reconstruction of GLP+DPT appears smoother and
with more consistent normals, especially on flat surfaces
like the refrigerator and the kitchen table.

Transformer-based methods show promise in depth pre-
diction but fall short in semantic segmentation, significantly
affecting their overall ESI score and highlighting the need
for a method that equally addresses depth accuracy and se-
mantic clarity.

5.3. Ablation Experiments

First, we study the effect of adding temporal consistency to
our method via diffusion-based feature extraction into the
task-specific head into the depth estimation task. Moreover,
we explore the impact of using the pretrained weights of
Stable-Diffusion [39] trained on LAION-5B [41] for the se-
mantic segmentation task.

Temporal consistency. Unlike previous approaches
[22, 50], our method exploits temporal consistency for en-
hanced performance. As detailed in Table 3, incorporating
temporal consistency into our model leverages previous and
current frame features, yielding significant improvements
across all metrics. Specifically, the RMSE saw a reduction
of 2%, the Relative Error (REL) decreased by 11.5%, and
the logarithmic error (log1g) was reduced by 14.7%. These
results corroborate that temporal redundancy benefits the
model’s performance, allowing the task-specific decoder to
discern and utilize the temporal relationships within the fea-
tures set more effectively.

Language Stable Diffusion Prior. We explore the im-
pact of pretrained Stable-Diffusion model initialization on
semantic segmentation using the Denoising U-Net. Ini-
tializing with Stable-Diffusion weights significantly boosts
mloU to 73.62, surpassing the 67.67 achieved with ran-
dom weights. Surprisingly, random weights did not lead
to a much lower mloU. Notably, this ablation study focuses
on initialization effects and the language prior learned by
Stable-Diffusion, maintaining language consistency by us-
ing captions of the images in both cases.

6. Conclusions

We present Egocentric Scene Interpretation, a robust frame-
work that integrates depth estimation and semantic segmen-
tation for reconstructing a 3D scene’s geometry, semantics,
and appearance. We introduce the ESI score as a novel



paradigm to measure the alignment between 3D geometry
and semantics for scene understanding. We also propose
EgoScene, a diffusion-based model that leverages tempo-
ral consistency for depth estimation and semantic segmen-
tation. Our method outperforms previous transformer-based
architectures by 26% in the ESI Score. Our work paves the
way for innovative applications that require a deep under-
standing of complex, real-world 3D environments.
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