2024 IEEE 36th International Conference on Tools with Artificial Intelligence (ICTAI) | 979-8-3315-2723-5/24/$31.00 ©2024 |EEE | DOI: 10.1109/ICTAI62512.2024.00145

2024 1EEE 36th International Conference on Tools with Artificial Intelligence (ICTAI)

Temporal Scene Understanding
using Contextually Unique Identification

Sanjiv S. Jha*, Kimberly Garcia*, Yasmine Sheila Antille* and Marc Elias Soler*, Simon Padua', Simon Mayer*
*Institute of Computer Science, University of St.Gallen, Switzerland
TUniversity of Zurich, Switzerland
Email: sanjiv.jha@unisg.ch

Abstract—Humans can easily comprehend and explain the
dynamics of a scene by observing the evolution of relationships
among identified objects over time— while research towards
Hybrid Intelligence promotes the integration of human and
machine capabilities, this ability is currently beyond the capa-
bilities of automated systems. Toward realizing it in automated
scene understanding systems, we present interpretable Object
Identification using Contextual Information System (OIC). Given
a video, OIC detects, identifies, and tracks objects and their
relationships over time to answer questions about the analyzed
scene. Moreover, OIC makes predictions and infers the actors’
intentions in a scene. To achieve this, our approach generates
a scene graph containing classified objects and their semantic
relationships. It then computes a Frame Graph by adding Contex-
tually Unique IDentifiers (CUIDs) to each of the detected objects
in the scene graph; the CUIDs permit tracking multiple object
instances over time, even if the objects are visually identical.
The CUIDs are then used to connect objects across a sequence
of Frame Graphs, generating a Temporal Graph. This graph is
exported as a cue for a pretrained Large Language Model to
provide assistance and answer user questions. OIC’s modular
architecture enables simple comprehension and swapping of its
components, making OIC more interpretable and maintainable
than end-to-end scene understanding systems. Our quantitative
and qualitative evaluation results demonstrate the effectiveness
of OIC as a viable next step toward interpretable automated
scene understanding systems.

Index Terms—scene understanding, question and answering,
temporal graphs, object identification, hybrid intelligence

[. INTRODUCTION

In recent years, the focus on advancements in Artificial
Intelligence (AI) has led to a renewed research agenda on
Hybrid Intelligence (HI) [1]: The core objective is to create
adaptive intelligent systems capable of augmenting human
capabilities by leveraging and appropriately integrating the
respective strengths of Al systems and people. Aligned with
such research on HI, Digital Companions (DCs) have been
proposed [2]-[4], using hypermedia environments to discover
and interact with information, connected devices, digital ser-
vices, and other DCs. The main objective of those DCs is
to provide suitable and timely assistance and protection for
users. A DC interacts with a user to provide such assistance
or protection through different human interfaces (e.g., a mixed
reality interface, a mobile application, etc.), and it can directly
actuate connected devices in the user’s environment (e.g.,
configuring the ambient heating system to keep a comfortable
environment). Similar to the classic agent decision cycle [5],

DCs operate in four main phases, namely: Perceive, Interpret,
Decide, and Interact [6]. In the Perceive phase, a DC ac-
quires relevant information (through sensors) about the current
state of a user’s environment. In the Infterpret phase, a DC
contextualizes the symbols perceived in the previous phase
(through technologies such as knowledge graphs [7] or Large
Language Models; LLM, cf. [8]). In the Decide phase, the DC
computes suitable assistance or protection for the users; and
it finally actuates on virtual services and physical objects in
the environment to realize this in the Interact phase.

In this paper, we present OIC (Object Identification using
Contextual Information; Oh-I-See), a novel DC system that ex-
ploits temporal scene understanding for providing user support
by answering diverse types of questions. To do so, OIC utilizes
a scene graph generation algorithm to obtain a symbolic
representation of objects in a scene and their relationships.
Then, OIC introduces the concept of Contextually Unique
Identifiers (CUIDs) to follow the evolution of a scene with
visually similar objects. Finally, OIC integrates this symbolic
representation of a temporally evolving scene with common-
sense knowledge of an LLM to decide on a follow-up action or
respond to user questions. This paper describes the following
contributions:

1) A novel method to assign unique identifiers to scene
objects is introduced. These CUIDs consider the visual
context of an object (e.g., neighboring objects) to dis-
criminate among visually similar or equal scene objects.
CUIDs are used to create what we refer to as Frame
Graphs (see Section III-B).

2) A novel method to record changes in a scene’s graph
representation over time in so-called Temporal Graphs.
This is accomplished by matching object CUIDs across
Frame Graphs (see Section III-C). Temporal Graphs
remain interpretable by humans and, in contrast to other
approaches that consider solely the combination of the
visual features of an object and its position in every
frame of a video (e.g., by creating tubes [9] or using
discriminative correlation filters [10]), they consider
semantic relationships among scene objects as well.

3) Three validations of the OIC system, which integrates
the above contributions (see Section IV): First, we
quantitatively test OIC’s scene interpretation capability
using the video question-answering LifeQA [11] bench-
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mark. Second, we quantitatively compare OIC’s scene
interpretation performance with versions of OIC that
have been deprived of CUIDs and Temporal Graphs,
respectively. Finally, we present a qualitative evaluation
in which we asked 34 participants to evaluate OIC’s
scene interpretations by answering questions based on
two videos shot in an office and an outdoor scenario.
Our evaluations shows that OIC achieves acceptable
scene interpretation performance, that its performance
strongly depends on CUIDs and Temporal Graphs, and
that people strongly agree that OIC’s answers about
a scene match answers they would have formulated
themselves.

Unlike current end-to-end scene understanding systems
that sacrifice interpretability (cf. [12]), OIC’s modular
neuro-symbolic architecture preserves people’s ability
to comprehend (and correct) intermediate system out-
puts. This continues recent research (e.g., [12]-[14])
on the trade-offs between end-to-end scene understand-
ing systems’ accuracy and their interpretability. While
OIC’s architecture is application-agnostic, it permits
component-level error detection and allows swapping
out the Scene Graph (SG) generation algorithm and the
LLM to achieve desired accuracy/interpretability trade-
offs in specific use cases.

4)

This paper is structured as follows: After presenting relevant
related work in Section II, we describe the OIC system and
its implementation in Section III. Section IV presents OIC’s
validation in the setups described above; and Section V offers
a discussion of our approach to lead to the conclusion and
future work in Section VI.

II. RELATED WORK

In the following, we describe relevant works on object iden-
tification and re-identification in Section II-A. We elaborate
on SG generation algorithms for scene understanding in Sec-
tion II-B. Finally, Section II-C gives an overview of the current
research that leverages LLMs for visual question-answering
tasks.

A. Object Identification and Re-Identification

Object identification is a fundamental task in many domains,
including medicine, logistics, and manufacturing. It also in-
volves deciding whether two detected objects are the same,
which is essential for tracking and understanding objects [15].
Recent research on object identification has focused on utiliz-
ing object features such as shape, texture, and class [16] as
well as pre-assigned identifiers, such as serial numbers and
barcodes. For example, MotionTrack [17] and Caesar [9] use
an object’s location (bounding box) and the feature vectors
inside the bounding box across consecutive frames (as tubes)
for object identification and tracking. However, these methods
are susceptible to abrupt object motion, changing appearance
patterns, object-to-object and object-to-scene occlusions, and
camera movements [9]. To overcome the occlusion issue,
Somers et al. [18] discuss the importance of part-based rep-
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resentation learning. Meanwhile, Amiri et al. [19] propose
a scene analysis approach for robot planning (SARP) that
identifies the objects in the path of a robot using the labels
and the locations of the objects extracted from a scene graph.
The current state of research in the object (re-)identification
space, its focus on object features, and its current expansion
into multi-modal methods motivates more research on using
information from an object’s scene context and temporal
information for object re-identification.

B. Deeper Understanding through Scene Graphs

In addition to re-identifying objects in dynamic scenes,
DCs, and similar assistance systems require a deeper un-
derstanding of the scene to be able to derive protection
or assistance measures for users. One way to achieve this
understanding is by observing the interactions that occur
between objects. For example, by recognizing their semantic
relationships (e.g., (objectl, next-to, object2),
or (objectl, is-holding, object2). Considering
these visual relationships is possible for instance through
SG generation algorithms, which correspond to a symbolic
representation of a scene including objects, their attributes,
and relationships with other objects [20]. In a SG, the nodes
correspond to detected objects and the edges represent their
pairwise relationships while the SG typically contains object-
bounding boxes as well. Gu et al. [21] classify SG gener-
ation algorithms in two categories: a) methods that detect
objects first and then recognize the relationships between them
(e.g., [22], [23]), and b) methods that identify objects and
their relationships at the same time based on combined object-
and-relationship proposals and training data (e.g., [24], [25]).
Furthermore, to maximize the number of relationships that
SG generation algorithms can detect, it has been proposed
to take advantage of symbolic knowledge, which is often
referred to as “external knowledge.” Chen et al. [26] propose
a framework that incorporates a Knowledge Graph (KG) for
visual reasoning that predicts objects in an image although
these are not recognizable by common object detectors (e.g.,
due to occlusion). In [27], an object recognition algorithm
is enhanced with knowledge-grounding modules for spatial
relationship detection and validation of a recognized object.
One of the most recent approaches to generate SGs is Relation
Transformer (RelTR) [28], which infers a set of subject-
predicate-object triplets from an image. RelTR outperforms
existing SG generation methods offering fast inference time.
However, SG generation algorithms are still in their infancy,
and due to the dual task of recognizing objects and relation-
ships, they tend to exhibit lower object recognition accuracy
compared to pure object detectors [19], [29].

C. Large Language Models for Question Answering

A symbolic representation of a scene (including, but not
limited to, SGs) may be contextualized through common-sense
knowledge of an LLM. This could allow, for example, an-
swering questions about a scene and making predictions about
its evolution. Several visual scene-understanding systems have
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Fig. 1. Given a sequence of still images, OIC uses an SG Generator (1)
which produces triples of detected objects and their relationships (2); these
triples are used by a Frame Graph Generator to assign contextually unique
identifiers (CUIDs) (3) to the objects. All Frame Graphs are then integrated
into a Temporal Graph (4) to track the evolution of objects and relationships in
the scene over time. Next, the Temporal Graph is exported as text and fed into
an LLM which enriches the description of the scene with external knowledge
(5), allowing it to make decisions, such as answering user questions (6).

increasingly leveraged LLMs’ common-sense knowledge in
performing visual question-answering and vision-centric tasks,
including object detection, segmentation, and grounding. For
example, Guo et al. [30], propose Img2Prompt. This plug-and-
play module creates captions for the given images to bridge
the disconnection between vision and language modality,
enabling LLMs to understand a scene and provide a zero-
shot visual Q&A service for the users. VisualBERT [31] uses
a layered transformer and attention mechanism to generate
precise image captions for grounding language elements of an
LLM to specific image regions. This grounding enhances the
LLM’s responses to user queries. Alongside, VisionLLM [32]
addresses vision-centric open-ended tasks (e.g., object detec-
tion and grounding) using a system that combines a language-
guided image tokenizer and an LLM-based task decoder,
broadening the application range of vision-based LLMs. To
further enhance scene understanding using LLM-based visual
question-answering systems, researchers are exploring the ad-
dition of different types of data (e.g., audio [33]) and training
the LLMs to be able to offer causal reasoning [34], despite
the computational expensiveness of LLMs (specifically GPT-
based systems) in performing reasoning for visual tasks [35].

III. OIC: MODULAR SCENE UNDERSTANDING

In this section, we introduce OIC and its four main com-
ponents (see Figure 1): a Scene Graph Generator, a Frame
Graph Generator, a Temporal Graph Builder, and an LLM.
The Scene Graph Generator (see Section III-A) receives as
input images from a video and outputs a set of triples denoting
detected objects and their relationships; this SG together with
additional visual information is then processed by the Frame
Graph Generator (see Section III-B) to add CUIDs to distinct
objects; we refer to the result of this process as a Frame
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Graph. Next, the Temporal Graph Builder (see Section III-C)
integrates multiple Frame Graphs to create a temporal graph
representation that captures the evolution of the identified
objects in a scene: a Temporal Graph. This graph is then
converted into a natural language and used as a cue to a
pre-trained LLM (see Section III-D), which contextualizes the
temporal scene representation and provides assistance to OIC
users through question-answering and contextual services.

Within OIC, these components are loosely coupled and can
be swapped to optimize for different non-functional require-
ments (e.g., computational cost, degree of interpretability, etc.)
in a variety of settings. This modularity allows for better
generality (i.e., to be used for applications other than Q&A),
and it also caters to the interpretability of the system: For
instance, the SG generation algorithm can be easily replaced
by other algorithms, such as a Graph Region-based Convo-
lutional Neural Network (Graph R-CNN) [36], or Iterative
Scene Graph Generation with Generative Transformers (IS-
GGT) [37]—specific SG generation algorithms are expected
to be more beneficial depending on the target application.
Similarly, the LLM module can be switched from GPT [§]
to Llama [38], or any other model, again depending on
application-specific requirements. This approach simplifies ad-
dressing of shortcomings that are due to limited interpretabil-
ity, limited perception [19], or computational cost [35].

A. Scene Graph Generator

SG generation algorithms, such as RelTR [28], Graph R-
CNN [36], and IS-GGT [37] produce symbolic representations
of objects in an image and their relationships, making them
suitable for creating CUIDs and temporal graphs using scene
graphs. OIC uses RelTR with pre-trained weights on the Visual
Genome dataset [39]. After processing a given image (or
video frame), RelTR produces triples in the form (s,p,o0),
e.g., (woman, holding, bottle), where the subject
and object in each triple are associated with the object’s
bounding box and the predicate corresponds to the predicted
relationship between the two objects.

B. Frame Graph Generator

OIC assigns CUIDs, which are contextually unique labels,
to each scene object to enable disambiguation between similar-
looking objects. For example, an object detected but not
uniquely identified in an image can be part of several triples in
a scene graph, e.g., in (woman, next to, table) and
(phone, on, table) the table may be the same entity,
or there may be several tables in the scene. CUIDs permit
disambiguating this situation: to uniquely identify an object in
a scene, OIC considers three measures: (1) class similarity—
the class label that the object was classified as by the object
detector of the SG generation algorithm (e.g., phone), (2)
neighbor similarity— the object’s relationships with the other
objects in the frame, and (3) spatial similarity— the object’s
location in the frame (i.e., the center of its bounding box).

OIC aggregates these three aspects to compute an overall
numerical similarity score between pairs of detected objects
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Fig. 2. Left: Individual frame with the overlay of the identified objects
and their CUIDs. OIC computes different CUIDs for the two visually
identical bottles in the scene by using their relationships with other detected
scene objects, such as the woman holding one of the bottles (i.e., object
bottle_12df). Right: The environment has changed (as the woman is not
holding the bottle anymore), but the bottle is still detected and assigned the
same CUID by our system.

in a scene. We consider two objects identical if their sim-
ilarity score deviates less than ¢ = 0.3 from full con-
gruence i.e., 1. This optimal value of ¢ was found after
an evaluation process in which OIC was deployed for ten
different scenes while varying the value of ¢ in the range
[0,1]. Through manual inspection of the resulting CUIDs
across these trials, the value ¢ = 0.3 was found to be most
suitable for re-identifying objects in the scene. Based on the
similarity scores, our system creates unique CUID labels.
CUIDs consist of a random alphanumeric string (e.g., 12df)
that is concatenated to the class label (e.g., bottle) of an
object. Figure 2 illustrates CUIDs in a typical visual scene
and highlights the ability of this approach to disambiguate
between visually identical objects (i.e., bottle_12df and
bottle_8f26): while the scene contains two bottles, OIC
associates only one of them with the bottle being held by
the woman (i.e., woman holds bottle) in the left frame.
Since OIC aggregates three similarity measures to assign
CUIDs, these remain stable with respect to changes in a
subset of these measures. For instance, even though the
relation woman holds bottle ceases to exist in the right
frame in Fig. 2, the bottle retains its CUID. We elaborate more
on this object’s similarity check and re-identification across
subsequent frames in Section III-C.

C. Temporal Graph Builder

Using CUIDs, OIC can re-identify objects in subsequent
frames and hence track the evolution of a scene. This is done
through the creation of Temporal Graphs. A Temporal Graph is
built by iterating over all CUID-assigned objects in the Frame
Graph of the current scene, the objects are then matched to
appropriate nodes in the Temporal Graph, which is gradually
built across the frames of a video. The underlying process is
shown in Algorithm 1. As input, the algorithm receives:

« the current TemporalGraph; at time step ¢,

o the FameGraph; of the current frame,

« a weighting parameter « € [0, 1],

« a threshold for minimum confidence Confidence,,;,, and

o aset S = {‘has’, ‘attached to’, ‘covering’, ‘growing on’,

‘hanging from’, ‘made of’, ‘on’, ‘painted on’, ‘part of’,
‘wears’, ...} of predicates which we considered stable
(unlikely to change) in immediately succeeding frames.

The process then iterates over all nodes of the Frame Graph
f (.e., over every detected object in an image; see Line 3 in
Algorithm 1), looking for a node in the Temporal Graph g € G
that matches the current node. If no similar node is found, a
new node is added to the Temporal Graph (Line 15).

Algorithm 1 Algorithm for inserting a Frame Graph into a
Temporal Graph.
1: function INSERTFRAMEGRAPH(TemporalGraph,
FrameGraph,, «, Confidence, iy, 5)
2: G < TemporalGraph;.nodes > We store the nodes in
a set to reduce the search space after successful matches
for f € FrameGraph;.nodes do

for g € G do > Calculate similarity scores
between f and each g in the temporal graph
5: Similarity ;(g) < o NEIGHSIMILARITY(f, g)
+ 1 -  a) SPATSIMILARITY(f, g) +
CLASSSIMILARITY(f, g)
6: end for
7: for n € G do > Compare f to each node n in the

temporal graph
: if max Similarity;(n) < Confidence,,;, then

9: if node.predicate; € S then

10: BestMatch — argmax,,
Similarity f(n) > The node in the temporal graph that is
most likely to be same in f

11: TemporalGraph,_ 1 .update(BestMatch ,
D

12: G < G— BestMatchy > Remove the
best match from G as it is already assigned

13: else

14: CUID; < GETCUID(f)

15: TemporalGraph;4.add(f, CUIDy)

16: end if

17: else

18: BestMatchy < argmax,, Similarity;(n) >

The node in the temporal graph that is most likely to be
the predecessor of f

19: TemporalGraph,; .update(BestMatchy, f)
20: G < G— BestMatchy

21: end if

22: end for

23: end for

24: for e € Framegraph,.edges do

25: if e € TemporalGraph,.edges then
26: TemporalGraph,.1.append(e)
27: else

28: TemporalGraph, ; .add(e)

29: end if

30: end for

31 return TemporalGraph; 1

32: end function

The decision of whether a new node should be created for
a detected object or whether this object should be matched
to an existing node from the previous scene hence depends
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on a similarity score (Line 5). This score is calculated by
considering the number of common neighbors of the objects
in the SG (NEIGHSIMILARITY), the overlap of the objects’
bounding boxes (SPATSIMILARITY), and the similarity in their
classes (CLASSSIMILARITY). Each similarity score yields a
value in the range [0, 1].

The weighing parameter « in the range [0,1] (see Line
5) emphasizes neighbor or spatial similarity. If objects move
smoothly from frame to frame, o should be set closer to
0 (emphasizing spatial similarity) while neighbor similarity
should be emphasized when more movement of objects is
expected (or when the frame rate is low). If one of the three
similarity scores is insufficient for ensuring unique identifi-
cation and tracking (e.g., in case of inaccurately positioned
bounding boxes), using the other two similarity scores can
help keep tracking the object. This strategy makes the OIC
system resilient to visual occlusions in contrast to traditional
pixel-matching-based methods, such as using fubes [9], [17].

To ensure the accuracy of the re-identifying process using
the temporal graph, it is crucial to address the issue of having
objects in the temporal graph with multiple CUIDs. This
could be due to wrongly detected or undetected relationships
between an object and other objects in the environment.
Therefore, if the similarity score of a detected object is less
than the minimum confidence value of 0.6 (in Line 8 and
obtained after a quantitative evaluation), OIC checks if the
object’s relationships (predicate) with other objects in the
environment belong to the set S (see Line 9). S contains those
relationships that are detectable by RelTR that we consider
sufficiently stable: they tend to remain unchanged across
immediate successive frames (e.g., the relationship part-of
or has). In case the predicate of the evaluated node belongs
to set .9, it is matched with an existing object that was present
in the time step t. If not, a new CUID is assigned to the object
(see lines 13 — 15).

Finally, the edges (i.e., relationships among objects) of the
Frame Graph are inserted into the Temporal Graph by either
creating a new edge (Line 28) between objects or appending
the new (evolved) edge to the list of already-existing edges
(Line 26). Unlike node insertion, existing edges are not up-
dated but appended to an edge list to store the evolution of the
relationship between objects over the considered scene. With
this step, TemporalGraph; is integrated with Frame Graph;,
which returns TemporalGraph .

Using the generated Temporal Graphs from videos, OIC
captures a large amount of information about the evolution
of a scene; as the resulting format is compact (object CUIDs
and relationships as semantic triples), the system can capture
information over a considerable timeframe of several days or
weeks at typical frame rates. In principle, this information is
sufficient to respond to queries that include a temporal and
an identification component, such as “Which of these bottles
has been used by a person?” However, to go one step further
than enabling the system to answer such locally contextualized
queries, we propose to enrich OIC’s Temporal Graphs with
general knowledge from an external source.
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D. Contextualizing the Temporal Graph using an LLM

To this end, OIC exports the generated Temporal Graph
by converting triples into prose using a simplified version of
the TEKGEN method (cf. [40]) that is designed to verbalize
knowledge graphs. This output is then used as a cue for
an LLM that has been pre-trained separately from the OIC
system. To preserve information about the temporal evolution
of a scene, we take a frame-based approach by inserting
temporal statements into the generated prose text. This is best
illustrated with an example: The input for the LLM from a
video in which a person with a hat sits next to a table, then
takes off their hat and drinks from a cup before leaving without
picking up the hat from the table is described as:

The scene opens with: person wears shirt, person wears
hat, hat on head; After 1 second: person sits on chair, hat
in hand; After 4 seconds: person holds cup, hat on table;
After 7 seconds: person near door; hat on table;

OIC’s LLM component may be fine-tuned with scene-
specific knowledge to integrate this information for scene
understanding, corresponding to a DC’s Interpret phase. The
LLM is furthermore used in a DC’s Decide and Interact
phases—for answering user questions and interacting with
external components on a user’s behalf, respectively. To enable
this, our implementation contains a Web-based user interface
to interact with OIC.

IV. VALIDATION OF THE OIC SYSTEM

In this section, we show the results of three different valida-
tions of OIC. Section IV-A describes a quantitative validation
of OIC with the LifeQA dataset [11], Section IV-B presents
different versions of OIC to highlight the impact of CUIDs
and Temporal Graphs, and Section IV-C explains a qualitative
user evaluation of OIC’s output.

A. Validating OIC on the LifeQA benchmark

After surveying state-of-the-art Q&A benchmarks to find
the best one to compare OIC with, we found out that existing
benchmarks [34], [41], [42] present several limitations, such
as restricted question types, lack of visual diversity, and hyper-
specialization on the dataset the benchmarks have been trained
on (e.g., a specific TV show). These restrictions limit the fair
comparison with our generalist approach. Furthermore, several
of the surveyed benchmarks use only short video clips that do
not contain enough contextual information to permit answering
complex questions about entire scenes of considerable length,
which was the motivation behind developing OIC.

For evaluating OIC, we finally selected the LifeQA bench-
mark [11] as the best proxy to demonstrate the capabilities of
OIC. LifeQA consists of 275 YouTube video clips of average
length ~ 2 minutes and 2,326 associated multiple-choice
questions (each video clip corresponds to 3-5 questions). We
considered 237 of these clips because the other 38 were
unreachable through the links that the dataset provides which
reduced the total number of multiple-choice questions to
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TABLE I
EVALUATION OF OIC ON THE LIFEQA DATASET.
Input to System Approach Accuracy

ST-VQA-Tp. [43] 45.0

Questions, MC Answer ST-VQA-Sp.Tp. [43] 44.6

Options, Video Stream Human [11] 48.5
OIC with GPT4 33.14
OIC with Llama 3 31.56

1,917. While this benchmark is generally used for evaluating
systems that use video and voice data (transcriptions), it has
also been assessed for only video-based QA models, such as
the two variants of ST-VQA [43]: ST-VQA-Tp and ST-VQA-
Sp.Tp, where (Sp.) indicates spatial attention and (7p.) refers
to the used temporal attention mechanism.

To facilitate the comparison of OIC’s responses with
LifeQA’s ground truth, we prompted OIC to select answers
without producing any additional description. Thus, for a
LifeQA question and multiple-choice (MC) answers such as:
Who is the first to have breakfast? (1) father, (2) mother, (3)
girl, (4) boy. OIC reformulated this question as a prompt to
the LLM: “Who is the first to have breakfast? Choose the
most likely answer among these four options: (1) father, (2)
mother, (3) girl, (4) boy. Respond only with a single integer
value between 1 and 4. Do not produce any other output.”

Table I shows the results obtained by OIC on the LifeQA
benchmark with only video data. We ran the benchmark with
two LLMs, resulting in overall accuracies of 33.14% (OpenAl
GPT-4 [8]) and 31.56% (Llama 3 [38]). These results are
lower compared to the other models evaluated on LifeQA [11]
(and human participants), but it is important to highlight that—
unlike those systems—OIC was not trained or fine-tuned on the
LifeQA dataset and its accuracies hence can be considered to
be much more generalizable than the ST-VQA variants.

Furthermore, 34% of LifeQA’s questions focus on colors
and object counts. However, RelTR (i.e., our implementation’s
SG generation algorithm) does not have a general concept of
color and only few objects (e.g., “Black Car”) are annotated
with their color—this is why the generated SG does not retain
most object colors. Finally, RelTR, being focused on the
creation of scene graphs, does not consider isolated objects
that do not have visible relationships to other objects.

B. Validating the Impact of CUIDs

We provide a separate evaluation of the effect of CUIDs
and information about the temporal evolution of a scene on
OIC’s scene interpretation performance. To this end, we set
OIC (with the Llama3 LLM) as the baseline and compare
it to two alternative configurations: Configuration A describes
RelTR (i.e., SG with neither temporal information nor CUIDs),
and Configuration B describes OIC with temporal information
(i.e., retaining the per second scene information as described
in Section III-D) but without CUIDs. Both A and B hence pro-
duce SGs with object relations such asman using laptop
and man wearing shirt, but they do not disambiguate
between different objects of the same type.
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TABLE II
EVALUATION OF CUIDS WITH ALTERNATIVE CONFIGURATIONS.

Approach (Llama 3) Accuracy
Baseline: OIC 31.56
Configuration A: RelTR [28] 25.23
Configuration B: OIC without CUID 27.15

We used the same evaluation approach as before, i.e., the
LifeQA benchmark, and Table II shows the results of our
experiment. While all three systems can answer some of the
questions successfully,' the lack of contextual identification
with CUIDs leads to markedly lower performance in both
alternative systems: 25.23% for SGs from RelTR and 27.15%
for OIC without CUIDs, demonstrating the positive impact
of contextual identities on scene interpretation performance
(comparison between configurations A and B) and their
positive impact on temporal graph construction (comparison
between Configuration B and Baseline).

C. Validating OIC in Real World Settings

In contrast to the previous two validations and to evaluate
OIC on scenes and situations that are closer to its intended
application in the context of DCs, we used two real-world
scenarios: An Office scenario and an Outdoors scenario. In-
spired by the STAR benchmark [42], we posed seven question
categories: Interaction (e.g., What is a person doing with the
laptop?), Sequence (e.g., What happened to the bottle on the
desk?), Prediction (e.g., What tool might the person require
next?), Feasibility (e.g., What can the person do with the
laptop ?), Contextual Search (e.g., Where is the book that the
woman was holding?), Preferences (e.g., What might be a
person’s favorite/preferred object?), and Ownership (e.g., Who
might the notebook belong to?).

We conducted an online survey with 34 participants, re-
cruited through our university channels and who were not
compensated for their participation. An evaluation of our study
with our institution’s ethics committee confirmed that no ethics
review was required for our study. 12% of participants are
between 21 and 30 years (average 25 years) of age and
the rest are between 30 and 49 years (average 36 years)
of age. Participants were asked to watch videos of each
scenario, starting with the Office scene. After watching the
first video, they answered questions about the scene from
each of the seven categories; answers were provided as free
text. Participants were subsequently presented with answers
computed by the OIC system (using GPT-4) for each question.
They then rated their agreement with the statement “This is
an answer that 1 might have formulated for this question” on
a 5-point Likert scale (i.e., 1/Strongly Disagree; 2/Disagree;
3/Undecided, 4/Agree, and 5/Strongly Agree). After finishing
the first video, participants were asked to watch the video of
the Outdoor scene and follow the same steps. The survey was
performed online and participants completed it in 10-15min.

Table III summarizes the responses of our 34 survey par-
ticipants with respect to the similarity of their own answers

Note that random guessing already yields an accuracy of 25%
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TABLE III
EVALUATION OF OIC WITH HUMAN USERS.

. Agree/Strongly Agree Disagree/Strongly Disagree

Type of Question C;gfﬁce gOTJtdogors Ofﬁ%e gO}l/ltdoorz‘sg
Interaction 88.2% 76.4% 5.8% 17.6%
Sequence 58.8% 46.1% 32.3% 26.4%
Prediction 55.9% 55.9% 23.5% 23.5%
Feasibility 79.4% 47.1% 5.9% 32.4%
Contextual Search 35.3% 44.1% 50% 26.5%
Preference Inference 64.7% 38.2% 20.6% 38.3%
Ownership Inference 58.8% 61.8% 20.6% 26.5%

H Overall (Average) H 63.01% H 52.8% H 22.67% H 27.31% H

and those given by the OIC system. The numbers show
overwhelming agreement of the participants with the system’s
answers. In this sense, OIC performed worst in the Contextual
Search questions with only 35.3% and 44.1% agreement
(agree and strongly agree) on average in either scenario.

V. DISCUSSION

The validation of OIC on the LifeQA dataset enables us to
compare OIC to other scene understanding systems in princi-
ple. However, the dataset’s bias on voice data (as subtitles) and
their pre-training on the LifeQA dataset put OIC—which uses
only visual data and is not trained on the dataset—at an a-priori
disadvantage. Still, considering no dataset-specific training and
using simple prompt engineering for GPT-4 and Llama 3, we
consider the obtained results as valuable for (interpretable)
scene understanding systems; to improve on these results,
we plan to consider the integration of further modalities,
predominantly voice/sound information. The poor results using
the SG generation algorithm only (i.e., Configuration A in
Section IV-B) also hint at the system’s poor object and relation
detection model, which causes a limited perception bottleneck
(cf. [19]) due to the limited number of detected object and
relation categories in RelTR. However, OIC permits switching
SG generation algorithms and LLM components to address
these limitations, making the approach future-proof.

OIC’s modularity, furthermore permits navigating the trade-
off between accuracy and interpretability, in contrast to other
current scene understanding systems (e.g., [12]-[14]). These
studies have highlighted the trade-off between a scene un-
derstanding model’s accuracy in detecting objects and re-
lationships, and its interpretability for human experts. For
example, Hofmarcher et al. [12] conclude that their proposed
tiered approach for interpreting a visual scene understanding
system gains higher interpretability at the cost of the lower
overall performance of the system. However, our OIC system
permits accessing the best of both worlds: It employs black-
box systems—the scene graph generator (i.e., RelTR) and
the LLM (e.g., Llama 3)—as well as highly interpretable
components—specifically, the frame graph and temporal graph
generators. These components generate a Temporal Graph
for cueing the LLM with a textual representation of the
evolving scene observed across Frame Graphs. This interme-
diate human-readable representation can be easily monitored
to find lost details and correct wrong information in the
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Temporal Graph, thereby making the CUID generation, Frame
Graph, and Temporal Graph components of OIC inherently
interpretable. Moreover, the modular design of OIC permits
easy swapping of the high-accuracy black-box models to
more interpretable models or models that can be explained
using external explainability tools, such as SHapley Additive
exPlanations SHAP [44] or Graph Local Interpretable Model-
Agnostic Explanations (GraphLIME) [45].

VI. CONCLUSIONS AND FUTURE WORK

We introduced OIC, a modular and interpretable system for
temporal object identification and tracking in dynamic environ-
ments. OIC combines a sub-symbolic SG generation algorithm
with contextual grounding to create a frame graph by assigning
CUIDs to objects. It then generates a Temporal Graph to
track and re-identify objects in an easily interpretable way.
Then, this Temporal Graph is exported as a natural language
to enable scene Q&A using an LLM. We validated OIC on
the LifeQA benchmark, resulting in acceptable scene under-
standing performance, and highlighted the merit of assigning
CUIDs and tracking temporal relationships. Unfortunately, we
cannot evaluate the performance of OIC in its core domain—
deeper interpretation of long scenes—using current bench-
marks, and we consider the establishment of such a scene
interpretation benchmark a promising area for future research.
Finally, a qualitative evaluation of OIC with 34 users in real-
world settings yielded encouraging results, with a majority of
participants accepting OIC’s answers as sufficiently similar to
their own. We expect that OIC’s modular approach opens new
possibilities for the system toward interpretable multimodal
scene understanding that involves, for instance, audio and
environmental sensors.
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