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Abstract

Recent advances in three-dimensional scene understand-
ing have been successful in creating representations of
scenes that are efficient to use. However, these approaches
rely on vision language models (VLMs) that are too in-
efficient to run in real-time. To address this, we pro-
pose a framework that allows real-time scene graph gen-
eration and action recognition. We collect RGB-D data
from iPhones and HD-EPIC, augmented to create a dataset
and establish a framework to generate spatial and dy-
namic scene graphs in real time. We illustrate the utility
of our scene graphs in the action recognition problem us-
ing graph neural networks and match the performance of
state-of-the-art vision language models. Our code can be
found at https://github.com/3dvision—cecn/
realtime scene_understanding.

1. Introduction

Accurate, lightweight scene graphs have become a key rep-
resentation for action-recognition and other downstream
tasks. In this work, we present a framework designed to ef-
ficiently generate these scene graphs. Specifically, we rep-
resent hands and objects as nodes and connect them with
distance edges in real time on consumer-grade hardware.

Using Apple ARKit, we collected a 2 h egocentric RGB-D

kitchen dataset. For real-time object detection and segmen-

tation, we integrate YOLO [10] and EdgeTAM [38], respec-
tively. In addition, we employ AM-RADIO [23] (combin-
ing DINOv2, CLIP, and SAM) and CLIP only [22] models
to generate rich embeddings. We verify the effectiveness of
our scene graphs using GNNs for action prediction.

Our contributions include:

1. A near real-time pipeline that fuses YOLO-EdgeTAM
segmentation, ViT-Pose hand tracking and AM-RADIO
embeddings into a 3D dynamic scene graph executable
at < 1 Hz on consumer GPUs.

2. Designing and benchmarking a heterogeneous GNN that
jointly reasons over spatial and temporal edges and
matches or surpasses state-of-the-art video transformers
on action recognition with fewer trainable parameters.
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3. A 2 hour egocentric RGB-D kitchen dataset with syn-
chronized LiDAR depth and camera poses recorded.

2. Related work
2.1. 3D scene graphs

Our work builds on recent advances in 3D scene recon-
struction.  Past works innovate on creating 3D scene
understanding[6], recognition of objects[1], and the cre-
ation of a scene graph based on these objects[26, 35].

Most relevant to our work are ConceptGraphs[9] and HOV-
SG[29]. ConceptGraphs focuses on building an open-
vocabulary 3D scene graph and recognizing actions using
a vision language model (VLM), while HOV-SG introduces
an open-vocabulary hierarchical structure to semantic stor-
ing of graph relations, as well as a metric for measur-
ing semantic accuracy of object relations. Although these
works obtain impressive results in the construction of scene
graphs, they require a level of processing time that is pro-
hibitive to real-time deployment.

2.2. Graph Neural Networks

[13, 25, 31] demonstrate the state-of-the-art of temporal
graph neural networks. These networks learn on dynamic
graphs with respect to time, learning on the structure be-
tween nodes as dynamic graphs update, and passing updates
through time. [7, 11, 15, 28, 36] additionally demonstrate
the usage of graph neural networks in AR settings, focus-
ing on applying the learning of temporal relations in graph
structures to human action recognition in datasets.

2.3. Depth Estimation and Depth Completion

Depth estimation is an important factor in properly recog-
nizing objects and geometric relations. [12, 16, 32] cover
the state-of-the-art in foundation model depth estimation
and allow for accurate depth information to be gained in
absence of a ground truth. This is important in egocentric
video where reliable depth data is hard to acquire, or when
lidar measurements such as those from ARKit are noisy or
unreliable.
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3. Dataset

In literature, there are multiple datasets like EK-100[4] and
EGO-4D[8], which include egocentric monocular observa-
tions for action recognition and understanding tasks. All of
them suffer from one of two shortcomings, either lacking
camera metadata (EK-100) or consistent data collection for
proper spatial understanding. EGO-4D is partially recorded
with the Aria glasses (more in section 3.2). Both datasets
also lack the depth data required to capture spatial under-
standing of the scene. One might argue that depth is not
required by spatial understanding and monocular camera
views are enough to infer the scene, like AVION[37]. This
is one of the fundamental questions this project aims to an-
swer. For these reasons we are going to mainly focus on
two types of datasets.

3.1. iPhone Dataset

First is an iPhone dataset captured in kitchen scenes with
an egocentric-looking iPhone with LiDAR depth data and
internal Visual-Inertial odometry provided by ARKit. The
recordings are done with the application Record3D[24].
The egocentric data-recording setup can be seen in 1. This
configuration allowed us to record a high quality dataset
with depth and camera trajectory information. The included
camera and sensors such as microphones are properly time
synchronised and do not require any specialist hardware.
This low-cost setup might facilitate large-scale data collec-
tion in the future which is required by downstream applica-
tions like robotics.

Figure 1. Initial iPhone data recording setup. Later improved with
the purchase of a proper head attachment kit.

3.2. HD-EPIC Dataset

HD-EPIC[ 18] includes kitchen scenes recorded via Aria
(Gen-1) glasses and data processing provided by the Aria-
MPS[5] services. The MPS provides undistortion of the
lenses and SLAM trajectory of the device, but does not in-
clude depth data. In order to augment the capture with depth
data, three main options were investigated.
1. The use of monocular depth estimation methods like
ML-DepthPro[2] and DepthAnythingV2[33].  Both
methods were unable to provide consistent scale and

disambiguation of hand and background objects. This
might be attributed to their training datasets, which in-
clude static and non-egocentric scenes.

2. Stereo depth matching with SLAM cameras included in
the Aria-glasses. But due to the non-overlapping FOV,
there are not enough visual features to be matched. But
in the future with Aria-glasses(Gen-2) with overlapping
front-facing SLAM cameras, this will become possible.

3. Methods like [34], which process sequences of images
for temporal cues. It is also disregarded because most
of the actions consist of stationary camera and moving
hands.

4. Depth completion methods like OMNI-DC[39] which
promises aligned depth data. This method has been ap-
plied in the end in conjunction with SLAM features as
sparse inputs.

OMNI-DC[39], trained on multiple datasets including

sparse LiDAR inputs or SLAM features, is a promising di-

rection to achieve consistent and world-aligned monocular

depth estimation. For HD-EPIC, it has been applied with
projected SLAM features from side cameras to the front

RGB camera. This introduces visibility issues due to differ-

ent perspectives, but the data provided by Aria-glasses only

includes semidense-SLAM observations from side cameras,
and a compromise was taken. The results can be seen in

Figure 2. One chronic failure case of this method happens

(a) Sparse Depth From SLAM
Cameras

(b) Depth Estimate From
OMNI-DC

Figure 2. Sparse Depth and Completed Depth

when SLAM keypoints become occluded by dynamic ob-
jects like a hand. The depth-completion in this area subse-
quently becomes ambiguous. Nonetheless, the use of sparse
keypoints for egocentric depth estimation provides an in-
teresting avenue for future research and thus has been se-
lected as our main method for data processing with HD-
EPIC. This choice added an additional 700ms of processing
time per frame (see 1) but is mainly intended for training
purposes and not for real-time usage at inference.

3.3. Dataset Labeling

We use the AVION [37] model to label the iPhone and the
HD-EPIC dataset as ground truth. This approach allows for
fast and cheap labeling. We get one label consisting of a



verb and a noun for each 16 frames. The pool of labels
is limited to the labels that avion was trained on which in-
cludes 97 verbs and 300 nouns. This choice was mainly
dictated by the amount of time required to annotate large
number of sequences.

4. Method - Graph Generation Pipeline

The graph generation pipeline has been structured to min-
imise the processing time required and still be able to fit
into a consumer-grade GPU. An example frame processed
can be found in fig 3

Figure 3. Visualization of all modules working together on the 3D
iPhone dataset.

4.1. Hand detection and tracking

The hand detection pipeline is inspired by [17]. It consist
of two stages, first using a Cascade-RCNN[3] model to de-
tect the person in the image. Then, using ViT-Pose[30] with
the person bounding boxes for hand keypoint detection. Fi-
nally, the keypoints are projected to 3D by using a pixel-
aligned point cloud for obtaining hand positions. In the fu-
ture, more fine-grained keypoint structures, including the
wrist and arms, can also be utilised. Another aspect that
can be utilised in the future is more fine-grained hand struc-
tures consisting of multiple points instead of only using the
mean position of all keypoints. The detection keypoints can
be seen in 4.

4.2. Object Segmentation - Detection

During experimentation, multiple segmentation/detection

methods have been investigated in terms of their detection

accuracy, speed under the condition of not being limited to

a small set of predetermined objects. The following two

approaches were the most promising ones evaluated:

1. Sampling a grid of points and using EdgeTAM[38] to
generate segmentations. This required at least 32 * 32
points which translated into 800ms per frame. Due to

Figure 4. Hand detection from ViT-Pose.

high processing time, this option was disregarded. But it
produced the most diverse and accurate segmentations.
2. Using YOLO-V11 [10] for obtaining bounding boxes of
candidate objects and initializing EdgeTAM [38] from
the centers of these bounding boxes. This reduces the
amount of points so that all of them can be processed
in one batch and leads to a combined 95 ms processing
time.
The second method allows for object detection and segmen-
tation in an acceptable time period. The main limitation of
this stage is the inability to detect objects if they are heav-
ily occluded by the hand. Due to the close proximity of
the hand and interacting objects it may happen that either
YOLO is unable provide candidates, or two objects are re-
duced into one segmentation mask. A purpose-built system
for understanding hand-object interactions might be neces-
sary to mitigate this limitation in the future. An example
output of this stage can be seen in fig 5.

Figure 5. Segmentation from YOLO + EdgeTAM, hands filtered.

4.3. Hand-Object Node Embedding Generation

Hand-object embedding generation inspired by HOV-
SGI[29] and uses the fusion of three different embeddings
generated from a crop of the object, including the back-
ground, a crop centering the image, and a masked embed-
ding. These three embeddings are combined by taking the
average sum of the features. An example can be found in 6.
For ablation studies using CLIP text features, object labels



have been generated from smolVLM [14], provided with
objects circled in red, and asked to answer the object label
inside. The use of a VLM imposes an additional 2.0 sec-
onds processing time per frame.

Figure 6. Three object views - global, local and background-
removed are embedded with AM-RADIO / CLIP then averaged
and concatenated with the object’s 3-D center; hands use one view
plus their averaged 3-D position.

4.4. Graph generation

Figure 7. Example of a per frame graph instance with concate-
nated CLIP text + image features.

We generate our scene graph by connecting all objects
to both hands. The nodes contain semantic feature vectors
(e.g. from AM-RADIO), 3D positions, and hand identity
labels (feature dim. + 3 + 1 dim.). The edges encode the
relative 3D vector from each object to the hand and its abso-
lute distance (3 + 1 dim.). We generate the semantic feature
vectors following 4.3.

4.5. Final Pipeline Time Analysis
The time analysis of the pipeline in Table 1 demonstrates

that more optimizations are necessary in hand detection and
embedding generation stages.

l Stage \ Avg. Processing Time ‘

[ Depth Completion (HD-EPIC) | 700 ms |
Hand Detection 291 ms
Object Segmentation — Detection 95 ms
Embedding Generation (AM-RADIO) 414 ms
Graph Generation 2 ms
**Average per frame iPhone** [ **866 ms**

Table 1. Average processing time per stage averaged over 100
frames. All processing times for iPhone recording, except depth
completion. All values are reported from a system with Intel
14900k and Nvidia RTX4090.

5. Method - Graph Architecture and Training
5.1. Graph Neural Network

We model each scene as a heterogeneous graph whose
nodes are hands or objects and whose edges capture two
relation types: spatial (intra-frame distance) and temporal
(inter-frame hand tracking). Both edge types are processed
with the same Graph Attention Convolution (GATConv) op-
erator wrapped in Het eroConv; the only difference is that
we instantiate two separate GATConv layers (one per rela-
tion type) so the model can learn distinct attention weights
for spatial and temporal contexts [20, 27]. Before message
passing, a node-MLP projects visual features + 3-D po-
sitions into a shared d-dimensional space, while an edge-
MLP embeds the distance + relative offset into the same
space, enabling edge-aware attention [19].
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Figure 8. A visualization of our hypergraph. Nodes and edges are
labeled in the legend.



5.2. Network Architecture

Figure 8 illustrates the resulting hypergraph. The pipeline

is as follows:

1. Node and edge features are embedded by their respective
MLPs.

2. Two GATConv layers, one for relation edges and
one for temporal edges, which are executed inside a
HeteroConv block, and their outputs summed per
node.

3. We apply global mean pooling over all object nodes to
obtain a scene-level graph embedding.

4. A 2-layer MLP (128 — out_dim) maps this graph level
embedding to verb—noun action logits.

This design keeps the model lightweight yet expressive

enough to fuse spatial layout and temporal dynamics.

5.3. Augmentation Strategies During Training

During training of the GNN, we add dropout (0.3) after the
first layer of the MLP that transforms edge features to a
common representation space with nodes (512 dim.). The
same dropout is applied after the second layer of the MLP
for node embeddings.

6. Results

Dataset | Duration
iPhone 2h
HD-EPIC 10h

Table 2. The Amount of Data Processed from Both Datasets

6.1. Comparison of Semantic Embeddings

We evaluate object and hand embeddings by comparing
CLIP and AM-RADIO features from cropped hand and ob-
ject images (Fig. 6). These experiments were conducted
on our custom-collected iPhone dataset of 700 space-
time scene graphs (see 8). We generate CLIP embed-
dings for both image and text (each 512-D), and compare
CLIP-text, CLIP-text+image (concatenated to 1024-D), and
AM-RADIO image embeddings (3072-D). Action classifi-
cation results and verb noun accuracies are reported in Table
3. We observe that clip-text embeddings alone are not well
suited for object representation in the wild. Concatenation
with clip-image features further increases overall accuracies
by 10%. AM-RADIO features further increase representa-
tional capacity and classification accuracy by another 10%.

6.2. Comparison to Video Transformer Methods

We compare our method to the state of the art method on ac-
tion recognition, AVION[37]. We train the AVION method
from scratch on the same data split as the experiments run

in Section 6.1. We use a pretrained model on the OpenAl
ViT-B/16[21] and train on the training split of our iPhone
dataset for 100 epochs. We implemented our own version
of AVION and we differentiate between a default version
which over-fits quickly and a regularized version that uses
dropout, weight decay and data augmentation for increased
generalization (see Figure 9). The results of these experi-
ments are shown in Table 3.

Future work includes comparing our architecture to state-
of-the-art multimodal models such as Gemini 2.5 Pro or
OpenAl 03.
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(a) Overfits easily without reg-
ularization

(b) AVION with regularization
performs better

Figure 9. AVION w/out regularization techniques

6.3. Spatial Information

We analyze the effect of removing node positions from node
features and only pass AM-RADIO features. The accuracy
differences were negligable which means positional encod-
ings in nodes have little to zero effect. Next, by removing
edge positional information and passing empty values for
edge attributes we observe 5-10 % drop across all metrics:
Val Acc. @1 to 0.306 Val Verb Acc.@1 to 0.408 and Val
Noun Acc.@1 to 0.385. Compare to AM-RADIO + GNN
row on 3.

6.4. Generalizability

An UMAP clustering of the graph embeddings in Figure 10
shows separation between data-points processed from our
two different datasets. Our iPhone dataset consists of a sin-
gle kitchen, while also our processed HD-EPIC dataset only
consists of two kitchens.

This distribution shift can be observed during validation,
if the training split consists only of data from HD-Epic and
validation only from our iPhone dataset. This puts into
doubt how well the use of AM-RADIO embeddings gen-
eralizes to different environments. Currently, our method
does not exhibit strong generalization, but further experi-
mentation is necessary in a more diverse dataset to give a
conclusive answer. We completed a further ablation study
without the spatial features of the depth information to pin-
point the problem within the visual features. The results can
be found in the table below 4. For both cases the highest @1
accuracy is taken during 50 epochs of training.



Feat Dim. ValLoss Val Acc.@1 Val Acc.@5 Val Verb acc.@1 Val Noun acc.@1
CLIP text only + GNN 512 5.849 0.176 0.345 0.301 0.246
CLIP text & image + GNN 1024 5.764 0.277 0.445 0.401 0.336
AM-RADIO + GNN 3072 4.819 0.350 0.562 0.445 0.445
AVION 4.831 0.275 0.409 0.352 0.359
AVION regularized 4.487 0.296 0.465 0.409 0.345

———  Train Loss Train Acc.@1 Train Acc.@5 Train Verb acc.@1  Train Noun acc.@1
CLIP text only + GNN 3.528 0.182 0.415 0.314 0.233
CLIP text & image + GNN 2.544 0.346 0.605 0.458 0.371
AM-RADIO + GNN 1.695 0.489 0.830 0.562 0.524
AVION 2.579 0.322 0.635 0.502 0.355
AVION regularized 2.807 0.293 0.569 0.436 0.327

Table 3. Comparison of different versions of our GNN based method with AVION. All approaches are trained on the same random 80/20

validation split on our iPhone dataset for 100 epochs. The best epoch (highest val acc. @1) is reported.
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Figure 10. UMAP visualization of HD-Epic and iPhone graph
embeddings. Red from HD-EPIC and blue from iPhone

Loss | Acc. | Acc. | Verb | Noun

@1 @5 acc. acc.

@1 @1
Train w Spatial 2.422| 0.324] 0.683| 0.427| 0.369
Test w Spatial 7.910| 0.128| 271 | 0.241| 0.160
Train w/o Spatial | 3.505| 0.198| 0.476| 0.279| 0.228
Test w/o Spatial 6.225| 0.067| 0.221| 0.186| 0.100

Table 4. HD-EPIC training and iPhone validation generalizability

experiments

7. Discussion

Table 3 shows that our model surpasses the transformer-
based action classifier AVION, which operates directly on
raw images. Extracting structured features with our image-
understanding pipeline gives the downstream graph net-
work richer information and clear gains in the low-data
regime. It is still unclear how well this advantage will con-
tinue when the data is scaled, where the heuristics included
during the image understanding pipeline might hinder fur-
ther improvement.

Comparing feature types 3 reveals that assigning text la-
bels to objects with a VLM does not provide accuracy gains.
The highest scores come from image-only AM-RADIO em-
beddings, which also outperform CLIP image embeddings.
These results show that distilling multiple features provides
the best backbone for action recognition.

Dropping absolute node positions in 3D leaves perfor-
mance unchanged, but removing the relative edge offsets
(relative distance + directional vector) costs five to ten
points, so geometry encoded as pairwise distances is the
more important scene-geometry information 6.3.

The ablation study in Table 4 shows that spatial infor-
mation is relevant and leads to better results. But the same
evaluation and separated UMAP embeddings 10 displays a
fundamental domain gap between the augmented HD-EPIC
dataset and iPhone. Further evaluation studies and a more
diverse iPhone dataset (multiple kitchens) are required to
understand how spatial information and graph features can
be scaled.



8. Conclusion and Future Work

Our approach for AR using scene graphs and GNNs rep-
resents a near real-time method that can run on consumer
hardware and match the performance of state-of-the-art pre-
trained video transformers on a self-collected dataset.
Further improvements in image feature extractors (tokeniz-
ers, e.g. CLIP, AM-RADIO) could lead to better perfor-
mance. Furthermore, experiments comparing our method
to pre-trained zero-shot multimodal models could further
verify our approach.

Scaling experiments should be performed on a larger dataset
to understand how well the method will generalize.

9. Work distribution

Efe was instrumental in developing the method for re-
trieving depth layers as well as hand tracking; addi-
tionally, he ran our distributed experiments. Can was
responsible for feature selection, the GNN architecture
and ablation studies.  Nicolas worked on the real-
time object detection and segmentation as well as run-
ning the ablation experiments with avion. Curtis con-
tributed by implementing HAMER and doing literature re-
views.
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