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ABSTRACT Neurosymbolic Scene Graph Generation (SGG) is a promising approach that jointly leverages
the perception capabilities of deep neural networks and the reasoning capabilities of symbolic techniques
for scene understanding and visual reasoning. SGG systematically captures semantic components, including
objects and their relationships, in images, enabling structured representations of visual data. However,
existing SGG methods exhibit constrained accuracy and limited expressiveness, particularly in long-
tail relationship prediction. To address these limitations, we present MuRelSGG, a novel neurosymbolic
SGG framework that integrates a Transformer-based multimodal relationship prediction pipeline with
common sense knowledge enrichment. This synergistic combination encapsulates global context, long-range
dependencies, and complex object interactions to enhance relationship prediction in SGG. The proposed
neurosymbolic architecture begins with object detection via Faster R-CNN, followed by a cascade of
Multi-Head Attention Transformers (M-HAT) and Vision Transformers (ViT) for relationship prediction.
Subsequently, CSKG enrichment refines and augments visual relationships, improving both accuracy and
expressiveness. We conduct extensive evaluations on both the Visual Genome (VG) and GQA datasets
to assess performance and generalizability. MuRelSGG achieves substantial gains in recall rates (VG:
R@100 = 43.2, mR@100 = 14.9; GQA: R@100 = 42.1), outperforming state-of-the-art SGG techniques.
Ablation studies confirm the critical contributions of M-HAT, ViT, linguistic features, CSKG enrichment
and embedding similarity thresholds, demonstrating the effectiveness of structured knowledge integration
for long-tail relationship prediction. These findings underscore the potential of combining deep learning
architectures with structured knowledge bases to advance visual scene representation and reasoning.

INDEX TERMS Common sense knowledge, neurosymbolic integration, scene graph, scene understanding,
visual reasoning.

I. INTRODUCTION
Over the last decade, visual intelligence has advanced signif-
icantly with deep learning, improving image classification,
object recognition, and segmentation. These advancements
now enable fine-grained scene understanding, such as identi-
fying specific objects in crowded scenes. However, true scene
comprehension requires more than just object detection—it
necessitates the ability to reason about complex interactions,

The associate editor coordinating the review of this manuscript and
approving it for publication was Bhaskar P. Rimal.

relationships, and contextual dependencies. For example,
recognizing a family picnic involves not only detecting
objects (e.g., people, food, blankets) but also understanding
their relationships (e.g., ‘‘mother serving child,’’ ‘‘dog eyeing
sandwich’’).

There is an increasing focus on neurosymbolic and
knowledge-driven approaches for visual understanding and
reasoning to address semantic and relational gaps. Neu-
rosymbolic integration endeavours to amalgamate the pro-
found learning capabilities and generalizability inherent in
neural methodologies with the reasoning proficiency and
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interpretability characteristic of symbolic methodologies [1].
Such hybrid paradigms serve to alleviate the particular
limitations associated with each methodology while simulta-
neously leveraging the unique advantages of both to enhance
their scope and utility. For instance, structured knowledge
bases and symbolic reasoning are instrumental in augmenting
the operational efficacy of black-box neural networks [2].
Conversely, the facilitation of extensive symbolic reasoning
and the completion of knowledge bases are rendered feasible
through the application of neural networks and machine
learning techniques [3]. The efficacy of tasks related to
visual comprehension and reasoning is contingent upon
the quality of image representation. As a result, numerous
initiatives have been undertaken to systematically capture
visual attributes and the interrelationships among objects.
The scene graph, which systematically organizes objects
along with their interrelations in a coherent, semantic format,
has emerged as a prominent symbolic representation for
visual data [4].

FIGURE 1. An illustration of the general procedure for creating a scene
graph, starting at the top left and ending at the bottom right.

Scene Graph Generation (SGG), as illustrated in Fig 1,
encompasses the identification and localization of entities
within an image through deep learning-based detection and
classification methodologies, succeeded by the prediction
of visual relationships utilizing visual-linguistic multimodal
strategies [5]. The semantic representation of images is

imperative for a multitude of subsequent visual reasoning
tasks that necessitate an elevated comprehension and inter-
pretation of the contents and context of images. SGG’s
downstream tasks include image captioning [6], visual
question answering (VQA) [7], image retrieval [8], robot task
planning [9], human action recognition [10], context-aware
augmented reality [11], and multimedia event processing
(MEP) [12].

Scene graphs are centred on visual relationships, and the
ability to accurately forecast these relationships is essential
to both visual reasoning and scene understanding. Large-
scale labelled datasets are used by the majority of data-driven
SGG approaches to train models for relationship prediction
and object detection. Although object detection accuracy
is high, visual relationship prediction is still complicated
because there are so many potential associations, and they
might appear and be interpreted differently depending on
the environment and context. This is manifested as a long-
tailed distribution of relationships and a higher frequency of
generic relationships relative to significant ones in datasets
such as Visual Genome [13], [14]. Numerous relationship
predicates, especially those that are relevant (such as ‘‘part
of,’’ ‘‘between,’’ ‘‘made of,’’ and ‘‘looking at,’’ as seen in
Fig 3), have few appearances in datasets, which makes it
more difficult for existing SGG algorithms to learn their
feature representations. Furthermore, visual characteristics
of relationships can differ significantly between settings
and scenes (e.g. As shown in Fig 2 ‘‘Riding Bicycle,’’
‘‘Riding Elephant,’’ and ‘‘Riding Surfboard’’ all have distinct
visual characteristics despite having the same relationship
predicate).

It is almost impossible to get enough training examples
for every potential combination of visual relationships.
While data-centric SGG approaches perform well in object
detection and well-represented relationship prediction, they
are less effective in rare or under-represented relationship
prediction [15]. Another major worry is the robustness of
SGG, which is its ability to function consistently in both
familiar and new settings and independent of the frequency
of visual correlations in datasets. To get beyond these
challenges, a lot of work has been done. New aspects of
visual associations in images, such as heterophily [16] and
saliency [17], have been explored. Advanced methods like
knowledge transfer [18], language supervision [19], and zero-
shot learning [20] have also been used.
In particular, the infusion of common sense knowledge

(CSK) has emerged as a promising approach to address these
issues. In SGG, language and statistical priors have been
widely utilised as sources of CSK; however, the performance
of language priors is impacted by the limitations of semantic
word embeddings, especially when dealing with rare or
unknown relationships, and the statistical priors’ heuristics
do not generalise well [22]. Based on their breadth and
focus, different KGs have been used in SGG to capture
different kinds of common sense information. For example,
ConceptNet [23], ATOMIC [24], Visual Genome [13], and
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FIGURE 2. Same relationship predicate used in different appearances in
VG dataset.

WordNet [25] provide general, procedural, visual, and lexical
knowledge, respectively. A heterogeneous knowledge graph
(KG), like the Common Sense Knowledge Graph (CSKG)
[26], unifies and richly represents CSK by combining the
distinct knowledge from several KGs. In semi-supervised
expressive SGG [27] and generalised common sense question
answering [28], CSKG has demonstrated efficacy. Neverthe-
less, they are still underappreciated in terms of improving
scene representations for visual thinking.

The proposed methodology blends multimodal vision-
language approaches with neurosymbolic techniques for
SGG. First, the technique uses Faster RCNN for detecting
objects, with ResNeXt-101-FPN serving as its foundation.
Following object detection, contextual features are extracted
from the image and object interactions are anticipated by
utilising a cascade of Multi-Head Attention Transformers
(M-HAT) and Vision Transformers (ViT). To improve the
expressiveness of the resulting scene graph and address
any potential errors, the approach incorporates background
knowledge from the CSKG in the form of triples. The scene
graph is filtered and enhanced during the refinement phase
by adding pertinent triplets from CSKG, which increases
the final representation’s accuracy and comprehensiveness.
By capturing the scene’s intricate object interactions, long-
range dependencies, and global context, thismethod produces
an SGG framework that is more resilient and adaptable. Using
the benchmark Visual Genome (VG) dataset, we assessed
the proposed neurosymbolic and vision-language multimodal
method for SGG and found substantial enhancements
in relationship prediction performance. Ablation studies
demonstrated the critical contributions of M-HAT and
ViT, with their combined usage leading to the highest
performance (R@100 = 43.2), whereas removing either
component resulted in a performance drop. In addition, the
ablation studies highlighted the significance of linguistic
features (leading to an improvement of 2.8 in R@100), and
the importance of carefully chosen embedding similarity
thresholds. The positive experimental results highlight the
effectiveness of combining common sense knowledge with
advanced deep learning approaches for visual perception
and reasoning. Moreover, the integration of multimodal

large language models (LLMs) with this framework offers
promising potential for downstream reasoning tasks, such as
generating not only fluent but also semantically rich captions
for images or providing insightful answers to complex,
open-ended questions about visual content. By leveraging
enriched scene graphs, multimodal LLMs can achieve a
deeper comprehension and more nuanced understanding of
visual scenes, further enhancing their ability to articulate
intricate relationships and contextual subtleties within the
data. Major contributions of this paper include:

1) We present a novel neurosymbolic Transformer-
based SGG methodology (illustrated in Figure 4 and
Algorithm 1) that integrates multimodal relationship
prediction using transformers with knowledge-based
refinement and enrichment via CSKG [26]. This
combination leverages neural perception for scene
understanding while incorporating structured common
sense knowledge for enhanced relational reasoning,
leading to more expressive and context-aware scene
graphs. This methodology demonstrates the potential
of synergizing vision transformers with knowledge
graphs to improve visual reasoning capabilities beyond
conventional SGG models.

2) We provide extensive empirical validation of the pro-
posed approach through rigorous comparative analysis
on multiple datasets, including the Visual Genome
(VG) dataset [13] and Generalized Question Answer-
ing (GQA) dataset [29]. Our method consistently
outperforms data-centric baselines, as demonstrated by
higher recall rates (R@100 = 43.2 on VG, 44.5 on
GQA) (Table 1 and Table 2). In addition, the improved
mean recall (mR@100 = 14.1) highlights the ability
of our approach to mitigate data bias and perform
consistently across frequent and infrequent relation-
ships in the dataset. All comparative experiments were
conducted under standard conditions, ensuring fair
evaluation.

3) We perform comprehensive ablation studies to analyze
the impact of key components in our framework. The
results confirm that the joint utilization of M-HAT
and ViT leads to superior scene graph representations
(Table 3). The visual-linguistic multimodal feature
representation significantly outperformed visual fea-
tures only (Table 6). Our findings also demonstrate
that CSKG-based knowledge enrichment substantially
improves the prediction of long-tail relationships,
outperforming common alternatives like statistical
priors and ConceptNet (Table 5). These insights
establish a novel contribution in structured knowledge-
enhanced relationship prediction, which has not been
comprehensively explored in prior SGG research.

II. LITERATURE REVIEW
A. SCENE GRAPH GENERATION
The scene graph constitutes a systematic representation
of an image, incorporating comprehensive semantic data
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FIGURE 3. Long tailed distribution of relationship predicates in visual genome [21].

regarding a visual scenario, which encompasses objects,
their attributes, and the visual interrelationships among
them. The methodologies employed in SGG typically adhere
to a methodical framework, as illustrated in Figure 1,
wherein entities present within an image are recognized
through the application of Deep Neural Network (DNN)-
driven object detection methodologies, and the pairwise
relationships between these entities are deduced via DNN-
based vision-language hybrid features. The categorization of
object pairs, along with their associated relational predicates,
is fundamental to the construction of the symbolic scene
graph relevant to the visual representation.

A particularly formidable challenge in SGG pertains
to the forecasting of pairwise visual relationships among
objects, primarily attributable to the pronounced imbalance
within training datasets concerning relationship predicates
(refer to Figure 3), the significantly diverse visual feature
representation of these relationships across varying scenes
(as depicted in Figure 2), and the inadequacy of training
samples concerning the extensive array of potential triplet
combinations, all of which severely constrains the robust-
ness, expressiveness and accuracy of SGG methodologies.
The prevailing shortcomings of SGG, in conjunction with
its potential applications across various visual reasoning
tasks, have fostered substantial academic interest within the
field of visual intelligence research [5]. The two evident
approaches for SGG include Data Centric methodologies,
which utilizes the model’s ability to infer and represent the
relationships between objects directly from the data and
the Neuro-symbolic integration that aims to enhance the
neural capability of DNNswith logical reasoning of symbolic
approaches through the use of external CSK [30], [31].

B. DATA-CENTRIC SGG METHODS
Enhancing scene knowledge through the quality, diversity,
and richness of the data used to train models is the main goal
of data-centric SGG approaches. By using these techniques,

the model tries to deduce and depict the relationships
between items from the data itself. These methods focus on
increasing the accuracy and robustness of SGG by utilising
the underlying structure and patterns within the data. Li et
al. presented MSDN [32], which aligns object, phrase,
and caption areas with a dynamic graph based on spatial
and semantic relationships, therefore simultaneously solving
object identification, SGG, and region captioning tasks in an
end-to-end way. Direct SGGwithout explicit object detection
has been proposed in SS-RCNN [33]. The model makes use
of a structured triplet detector together with learnable triplet
queries. To enhance training difficulty, it makes use of a
relaxed and improved training technique based on knowledge
distillation from a Siamese Sparse R-CNN.

Many Data-Centric methods have focused on refining
message passing and relationship filtering using vary-
ing techniques. For example, Yang et al.’s [34] model
prunes unlikely relationships between objects and captures
contextual information within the scene graph using the
Relation Proposal Network (RePN) and attentional Graph
Convolutional Network (aGCN), respectively. A subgraph-
based representation was used by FactorizableNet [35] to
minimise the number of intermediate representations needed
for inference. Their approach includes a Spatial-weighted
Message-passing structure and a Spatial-sensitive Relation
Inference module to use the spatial structure of the feature
maps. Additionally, it makes use of 2-D feature maps to
maintain spatial data inside the subgraph area. Zhang et al.
[17] proposed visual Saliency-guided Message Passing to
enhance scene graphs’ capacity for relationship reasoning
and generalisability by utilising ordinal regression to isolate
the most relevant visual relationships. To improve message
passing and refine relationship representation in a Graph
Neural Network (GNN), Lin et al. [16] utilized the principle
of heterophily within visual relationships, in combination
with an adaptive reweighting transformermodule, to facilitate
the integration of information across various layers. Xu et al.
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[36] introduced a recursive message-passing methodology
that leverages conventional recurrent neural networks (RNN)
in conjunction with contextual indicators for a unified
inference mechanism for visual relationship forecasting in
SGG.

Techniques focusing on countering the bias in data
include NICEST [37], which addresses noisy label concerns
through the generation of high-quality samples and by
incorporating NICE and NIST elements. NICE encompasses
the identification of noisy samples and the reassignment
of soft predicate labels. NIST employs a multi-teacher
knowledge distillation approach for unbiased knowledge
fusion. Transformers have proven to be effective in SGG
as they evaluate the relationships between all elements
within an image and provide a more global representation
of the scene than CNNs. Additionally, transformer mod-
els better capture contextual information and long-range
dependencies. EGTR [38]utilized DCNN and transformer
in a one-stage SGG model to generate SG from multi-
head self-attention by-products derived from the object
detector. With ResNet-50 and Swin Transformer, DSGG [39]
approaches scene graph detection as a direct graph prediction
problem transformer network that employs graph-aware
queries to get a compact representation of the node and
its relationships in the graph. In RepSGG [40], novel
representations of entities and relationships for SGG and
performance-guided logit adjustment strategy for longtailed
learning are proposed. The majority of previous research
has concentrated on the linguistic and visual patterns found
in images, largely ignoring the contextual details and
associated facts regarding the concepts found in images as
well as the structural patterns of scene graph elements in
commonsense knowledge graphs, which hold great promise
for aiding in the comprehension and interpretation of visual
concepts.

C. COMMON SENSE KNOWLEDGE (CSK) BASED SGG
METHODS
SGG is a challenging endeavour because of the large semantic
space of interactions. This semantic space encompasses all
potential relationships among objects in a scene. It includes
both simple and complex relationships, demonstrating sig-
nificant variability. Capturing all these relationships in
a finite dataset proves challenging. The integration of
CSK, reflecting human understanding, is therefore essential.
CSK consists of foundational information and reasoning
employed by humans [41]. In SGG, this involves recognizing
typical associations, such as birds in trees rather than fish.
Incorporating CSK into SGG enhances the representation of
relationships in scenes. This integration facilitates a more
accurate depiction despite limitations in training data. CSK
sources for SGG can be categorized into statistical and
language priors, and KG [30], [31].
The kind of CSK that depends on the structural regularities

and statistical correlations seen in visual scenarios is

Statistical Priors. MotifNet [42] uses statistical priors to
capture interdependence between objects and relationships
in visual scenes. The SGG model categorises graph prob-
ability into three elements: bounding boxes followed by
objects and then relations without making any independent
assumptions. The DRM [43] framework utilizes statistical
priors through the calibration of distributions associated
with predicate and triplet features, which is informed by
the classifications of head predicates, thus augmenting the
representational patterns of tail predicates. The intrinsic
and extrinsic CFA [44] modules augment the diversity of
features by drawing upon similarities in patterns and contexts,
thereby leveraging the statistical characteristics inherent in
the data. Hierarchical clustering methodologies are employed
to ascertain appropriate substitutions informed by statistical
patterns.

Language priors leverage the semantic info inherent in
lexical items to augment the prediction of relational dynam-
ics. They facilitate the recognition of visual relationships
by analyzing objects that exhibit semantic correlation. The
VRD model [13] discerns visual relations in an image
by capitalizing on both visual characteristics and linguistic
components. The linguistic module utilizes pre-trained word
vectors (word2vec) to map relationships onto an embedding
space in which semantically analogous relationships are
positioned in close proximity to one another. This capability
enables the model to deduce less prevalent relationships
based on more frequent, analogous ones, thereby effectively
harnessing language priors as a repository of commonsense
knowledge. According to DeepVRL [45], visual relationship
and attribute recognition is a step-by-step method that uses
linguistic priors to gradually reveal the object attributes and
relationships in an image. It builds a directed semantic action
graph that encapsulates the semantic links across object
classes, attributes, and predicates using linguistic priors as the
cornerstone.

KGs are formal databases that represent real-world entities
and their relationships. KGs are crucial for providing struc-
tured information. In SGG, KGs provide CSK for improved
accuracy. For instance, a KG may state relationships like
‘‘birds are often in trees,’’ allowing SGG systems to deduce
these relationships in images even if such instances are not
found in the training dataset. Incorporating KGs into SGG
systems enhances contextual understanding and performance
in scene interpretation. NeuSyRE [15] employs a DNN-
based approach for the purposes of object detection and
the establishment of pairwise associations. Subsequently,
commonsense knowledge is integrated into the scene graph
through the utilization of the CSKG [26] to incorporate
relevant facts and contextual information represented as
triplets. The regional characteristics and visual contextual
attributes of objects are encoded through the application of
Bi-LSTM networks and are subsequently amalgamated into
a cohesive set of pairwise object features. A deep sparse graph
attention network (DSGAN) for SGG was developed by
Zhou et al. [46]. It learns object and predicate characteristics
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and generates a sparse KG representation using statistical co-
occurrence data.

The IRT-MSK [47] methodology employed GCNs and
integrated a diverse array of structured knowledge repos-
itories, with a particular emphasis on relational and com-
monsense knowledge, to encode intuitive understanding and
to elucidate the interconnections between various entities.
In pursuit of modelling the neighborhoods and pathways
associated with items within ConceptNet and integrating
them into the SGG architecture, COACHER [48] employed
graphminingmethodologies. COACHER capitalizes on Con-
ceptNet to furnish embeddings of common-sense knowledge,
which are subsequently harnessed to enhance zero-shot
relation prediction. KnowZRel [49] leveraged a common
sense knowledge-based approach for object refinement and
zero-shot relationship retrieval for generalised scene graph
generation.

The most recent and comprehensive consolidated dataset
that combines commonsense infoÂ from seven different
sources is the CSKG [26]. These souurces include Concept-
Net [23], Wikidata [50], ATOMIC [24], VG [13], Word-
net [25], Roget [51], and FrameNet [52]. CSKG possesses
the capacity to significantly improve visual comprehension
and reasoning activities. Nevertheless, it has yet to attract the
requisite scholarly attention.

III. PROPOSED METHOD
The proposed SGG methodology utilises a neurosymbolic
framework alongside a vision-language multimodal strat-
egy, integrating Faster R-CNN for the purpose of object
detection, a transformer-based deep learning cascade for the
prediction of pairwise visual relationships, and knowledge-
driven refinement and enrichment techniques to construct a
scene graph derived from an image. The neural and symbolic
elements of the proposed framework are characterized by
loose coupling, which facilitates the independent functioning
and modification of each component without imposing
alterations on the others, thereby promoting adaptability.
Algorithm 1 presents the entire process of our method.

A detailed overview of the proposed methodology is
provided in Figure 4. Given an input image, the first step
involves Object detection & feature map extraction. Faster
RCNN framework [53] was employed for the task of object
detection. The foundational feature extractor for the Faster
RCNN is the ResNeXt-101-FPN architecture [54]. For every
recognised item in an input image I , the Faster RCNN
produces object bounding boxes b and matching object class
labels l. Furthermore, feature maps F are taken out of the
CNN used as a foundation for the Faster RCNN and used for
further processing to capture features relevant to a particular
location.

The second step includes relationship prediction between
object pairs. Using RoIAlign [55], the region features a for
every detected object are calculated and then applied to the
image regions I [b] that have been cropped utilising object
bounding boxes. These region features were processed by

a Vision Transformer (ViT) block [56] to extract contextual
union features (uij|i ̸= j; i, j = 1, . . . , n). We leveraged the
ViT’s capability to capture global context by treating image
patches as tokens and applying self-attention across the entire
image, which results in a richer, more holistic representation
of the regions. Following this, the visual context features v for
each detected object are encoded with Multi-Head Attention
Transformer (M-HAT) blocks [57]. This allows the model
to better capture complex dependencies and interactions
between objects and encode contextual information through
parallel processing and self-attention mechanisms. For pre-
dicting relationships between object pairs, the combined
pairwise object features vij|i ̸= j; i, j = 1, . . . , n are
obtained through encoding individual visual context features
(vi, vj) using another Multi-Head Attention Transformer (M-
HAT) block [57]. Further to compute the language prior
pij, the pairwise object labels (li, lj) are encoded through an
embedding layer.

In the next stage, the three categories of extracted features
of the object pairs, i.e., vij, pij, and uij, are fused using
a summation function [58]. To further refine the fused
features before relationship classification, we introduce an
additional Multi-Head Attention Transformer block after
the summation. This Transformer block re-attends to the
fused features, enabling the model to dynamically focus
on the most relevant aspects of the combined information,
thereby improving the accuracy of the relationship prediction.
Afterwards, a softmax function is employed to predict the
relationship class labels rij and probabilities cij. Ultimately,
the first scene graph S is created by connecting the
pairwise objects and relationship predicates into a structured
representation. The proposed method effectively leverages
attention-based transformers at various stages of the SGG
pipeline to capture global context, long-range dependencies,
and complex interactions between objects.

Upon the creation of the preliminary scene graph S
utilizing Transformer-based modules for the prediction of
relationships, the scene graph representation encapsulates
the entities present in an image along with their visual
interrelations. Nonetheless, this representation can contain
less relevant or out-of-context information, and it can
be deficient in the requisite expressiveness necessary for
thorough visual comprehension, as it might not adequately
reflect the meanings and connections among the objects.
We employ refinement and enrichment strategies [27] to
the probabilistic representations generated in the relationship
prediction process to mitigate these shortcomings. The
predicted triplets (subject, predicate, object) are assigned
confidence scores, and only those exceeding a predefined
threshold are retained. The refined scene graphs are then
augmented by incorporating common sense knowledge,
thereby enhancing their expressiveness and rectifying any
inaccuracy in predicted visual relationships.

To achieve this objective, we employ CSKG [26], which
supplies contextual knowledge and pertinent information
in the format of triplets. We parse the scene graph to a
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FIGURE 4. Proposed framework - By Integrating neurosymbolic reasoning with multimodal transformers, our
proposed method enhances scene graph generation by combining object detection, relationship prediction,
and knowledge-driven enrichment for comprehensive visual understanding.

format that is in line with the CSKG data model in order to
incorporate pertinent triplets that reflect background infor-
mation and related facts from the CSKG. For this purpose,
we utilize graph embeddings to assess the similarity among
nodes during the processes of refinement and enrichment,
as entities that are alike frequently exhibit comparable vector
representations within the embedding space. To mitigate
prediction inaccuracies and resolve any overlapping objects
and conflicting relationships, a two-step filtering approach is
applied: (1) bounding box filtering using an Intersection over

Union (IoU) threshold to discard redundant object detections,
and (2) graph refinement based on embedding similarity to
merge semantically similar entities. Any two bounding boxes
with IoU exceeding the threshold are considered redundant,
and the less confident detection is removed. If two objects
have high embedding similarity, they are merged into a single
entity. This prevents duplication in the scene graph and
ensures more compact and accurate representations.

Subsequent to the refinement phase, the scene graph
undergoes enrichment through queries (using Knowledge
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Algorithm 1 Proposed Method
Require: Image I
Ensure: Enriched Scene Graph Se
1: {b, l,F} = FasterRCNN(I )
2: for each bounding box bi do
3: ai = RoIAlign(I [bi])
4: end for
5: for each pair of objects (i, j) do
6: uij = ViT(RoIAlign(F[bi ∪ bj]))
7: end for
8: for each object i do
9: vi = Trans(ai, I [bi], li)

10: end for
11: for each pair of objects (i, j) do
12: vij = Trans(concat(vi, vj))
13: pij = embed(concat(li, lj))
14: end for
15: f = SUM(vij, pij, uij)
16: f ′

= Trans(f )
17: {rij, cij} = softmax(f ′)
18: S = {li, rij, lj}
19: Sr = {}

20: for each triplet t ∈ S do
21: e1 = cskg_emb(t[nodeI])
22: e2 = cskg_emb(t[nodeII])
23: b1 = b[t[nodeI]]
24: b2 = b[t[nodeII]]
25: metricsim = cosine_sim(e1, e2)
26: metricIoU = compute_IoU(b1, b2)
27: if metricsim ≤ τsim ∧ metricIoU ≤ τiou then
28: Sr .append(t)
29: end if
30: end for
31: Se = Sr
32: for each node e ∈ Sr do
33: e1 = cskg_emb(e)
34: tcskg = query(Gcskg, e)
35: for each triplet tcskg do
36: if e == t[nodeI] then
37: e2 = cskg_emb(t[nodeII])
38: else
39: e2 = cskg_emb(t[nodeI])
40: end if
41: s = cosine_sim(e1, e2)
42: if s > τ ∧ t /∈ Se then
43: Se.append(t)
44: end if
45: end for
46: end for

Graph Toolkit (KGTK) [59]) to CSKG to retrieve additional
triplets that encompass either a subject or an object node
present in the predicted scene graph. Duplicate triplets and
those with identical nodes (e.g. (boy, synonym, boy) and
(pizza, similarTo, pizza)) are eliminated in the preprocessing

step as they lack informative value, while extracted nodes
exhibiting significant structural similarity to corresponding
object nodes are interconnected through edges in the scene
graph based on embedding similarity. If a node extracted is
already in the scene graph, the new edge connects to it; if not,
a new node is created and integrated. This enrichment step
adds relevant background knowledge and relationships to the
scene graph, making the representation more comprehensive
and expressive.

To address polysemous concepts, our model leverages
contextual information through graph embeddings and cosine
similarity computations. When a node representing a concept
(e.g., ‘‘bank’’) is detected in a scene graph, our method
retrieves the top candidate matches from CSKG based on
similarity scores. This ensures that the correct meaning (e.g.,
‘‘river bank’’ vs. ‘‘financial bank’’) is selected based on
contextual relevance. Additionally, linguistic features from
object labels and relationship predicates play a key role
in resolving ambiguity. Multi-head attention transformers
process these linguistic cues alongside visual embeddings,
helping to align polysemous terms with their appropriate
meanings in the given scene context.

As illustrated in Figure 4, the initial Scene Graph S
(depicted in blue) conveys details regarding the objects and
their interrelationships within the scene. The pertinent nodes
and edges derived from the CSKG (represented in brown)
augment and enhance the scene graph by supplying essential
information concerning the potential spatial relationships
between objects and any conceivable interactions among
them, such as (man, on, bicycle) and (man, on, road).
More critically, it also includes contextual information and
associated facts, for instance, (man, capableOf, riding),
(bicycle, usedFor, riding) and (road, usedFor, riding), which
facilitates advanced reasoning to infer that ‘‘the man is
riding a bicycle on the road.’’ In the postprocessing, the
enriched scene graph’s (Se) format is modified to align with
the original representation for performance assessment or
downstream reasoning applications.

IV. EXPERIMENTS AND RESULTS
The experiments were performed using anAWSEC2 instance
equipped with a Tesla T4 GPU, 16 vCPUs, and 64GB
RAM. The Visual Genome (VG) dataset [13] was used
for a thorough evaluation and comparison of the proposed
method. The VG dataset contains 108K labeled images
with annotations for objects and their visual relationships,
making it a comprehensive benchmark for SGG. The GQA
dataset [29] is included to assess the generalizability of the
proposed method beyond VG. To ensure a fair comparison,
we followed the same experimental settings, dataset splits,
and evaluation protocols as used in prior work, including the
baseline methods. For training and evaluation, the standard
subset [36] of VG was used, which consists of the 150 object
classes and the 50 most common predicate classes. A training
split of 70% was employed, with 5000 samples reserved
for validation and the remaining 30% for testing. Addition-
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TABLE 1. Thorough comparison of the proposed approach with recent data-centric SGG approaches utilising standard split of the VG dataset and
common evaluation metrics (R@K and mR@K).

ally, pre-trained CSKG embeddings [26] were utilized for
computing node similarity during the graph refinement &
enrichment.

The Scene Graph Detection (SGDet) setting of SGG was
adopted, where models must detect objects and predict rela-
tionships without access to ground-truth object annotations.
This ensures a consistent evaluation of all methods under
identical constraints. We report mean Average Precision
(mAP) for object detection and Recall@K (R@K) and mean
Recall@K (mR@K) for relationship prediction, aligning
with standard evaluation protocol in SGG research. R@K
measures the proportion of correctly predicted relationships
within the top K predictions, considering both the label
correctness and the associated confidence scores [60]. This
metric is widely used in SGG, as it evaluates both accuracy
and confidence in relationship prediction. mR@K is the
average of R@K scores across all relationship categories,
mitigating the bias toward frequent relationships [61], [62].
By incorporating mR@K, we address concerns related to
long-tailed distributions and imbalanced data, ensuring a
more balanced evaluation across relationship categories. All
baselines reported results under these same experimental
conditions, ensuring direct comparability. In order to ensure
fairness in comparison, the established evaluation protocol
for SGG was adhered to, preserving the integrity of the
ground truth scene graphs within the testing dataset, while
only the predicted scene graphswere enriched in the proposed
methodology.

A. SGG TRAINING AND EVALUATION
The two primary SGG pipeline components—the
Transformer-based deep learning cascade for relationship
prediction and the Faster RCNN for object identification—
were separately trained and assessed before the evaluation
process began. With a batch size equal to 2 and an initial
learning rate of 0.002, the Faster RCNN model was trained
using stochastic gradient descent (SGD). At the 60,000
and 80,000 iteration marks, the learning rate was reduced

by a factor of 10. Using a 0.5 Intersection over Union
(IoU) criteria, the model obtained a mean Average Precision
(mAP) of 30.07 after training on the test dataset. On the
test dataset, the Transformer-based SGG pipeline achieved
an R@100 score of 41.7 after being trained with a batch
size of 4 and an initial learning rate of 0.04. The initial
evaluation using the Transformer-based SGG model without
knowledge enrichment yielded R@20 of 27.9, R@50 of
35.2 and R@100 of 41.7 on VG dataset. On the GQA dataset,
the same model achieved R@20 of 26.4, R@50 of 33.8, and
R@100 of 42.1, validating the generalizability of the model.
Table 1 provides a detailed comparison of the proposed
method with existing data-centric SGG techniques, showing
that the proposed method, without knowledge enrichment,
outperforms the existing methods. The inclusion of attention-
based Transformers allows for better capture of global context
and long-range dependencies between objects, leading to
superior relationship predictions.

B. SCENE GRAPH ENRICHMENT WITH CSKG
After applying the scene graph enrichment with CSKG,
the performance improved significantly, with R@K scores
increasing to 31.6, 37.3 and 43.2 on VG and 29.4, 35.7,
and 44.5 on GQA. This improvement highlights the contri-
bution of common sense knowledge in providing additional
context and correcting missed or incorrect predictions.
The enrichment process effectively enhances the recall
rates across almost all relationship predicates, including
those underrepresented in the dataset, thus demonstrating
its potential in mitigating the bias toward more frequent
relationships. Table 2 compares the proposedmethodwith the
existing knowledge-based SGG approaches. The proposed
method, leveraging both Transformers and a comprehensive
KG like CSKG, outperforms state-of-the-art methods, with
recall scores significantly higher across the board. This
clearly underscores the effectiveness of combining advanced
deep learning models with enriched knowledge sources in
improving the quality of SGG. Beyond achieving higher
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TABLE 2. Thorough comparison of the proposed approach with state of the art common sense knowledge (CSK)-based techniques utilising standard split
of the VG dataset and common assessment metrics (R@K and mR@K).

R@K, our method also exhibits improved mR@K, which is
the average recall across all relationship categories. Unlike
R@K, which is biased toward frequent relationships, mR@K
provides a more balanced evaluation by ensuring that rare
relationships are accounted for. Our results show that CSKG
enrichment leads to a noticeable improvement in mR@100
from 8.3, 11.5, and 14.1 to 9.6, 12.4, and 14.9, demonstrating
that our method mitigates the bias arising from the long-
tailed distribution problem. This improvement highlights the
model’s ability to generalise to less common relationships
rather than overfitting to dominant classes.

C. CONTRIBUTION OF M-HAT AND VIT
To evaluate the individual contributions of M-HAT and ViT
in our framework, we performed systematic ablation studies
by selectively disabling one component at a time. The goal is
to quantify the impact of these components on relationship
prediction and global context modelling in SGG. In the
first experiment, we retained only M-HAT by removing
the ViT block responsible for contextual feature extraction.
In the second, we retained ViT while removing M-HAT,
which is responsible for capturing inter-object relationships.
Additionally, a baseline experiment was conducted where
both M-HAT and ViT were removed to assess the combined
effect. The results, shown in Table 3, indicate that the
absence of either component causes a significant drop in both
R@100 and mR@100, demonstrating that M-HAT and ViT
synergistically capture global context and long-range depen-
dencies effectively. M-HAT excels in modelling inter-object
dependencies through self-attention mechanisms, while ViT
enhances the contextual awareness of object relationships via
global feature aggregation. Together, they enable the model
to jointly learn both visual semantics and object interactions,
leading to more accurate and expressive scene graphs.

TABLE 3. Impact of M-HAT and ViT on relationship prediction
performance.

TABLE 4. Computational overhead comparison with and without CSKG.

D. COMPUTATIONAL ANALYSIS
To assess the computational overhead of incorporating
knowledge enrichment, we measured the inference times
of the proposed SGG method with and without CSKG
enrichment. As shown in Table 4, the CSKG enrichment
step adds an average of 16.5ms per image, which accounts
for approximately 3.2% additional computational cost.
The enrichment process is optimised through precomputed
knowledge graph embeddings and batch query execution,
ensuring minimal impact on inference speed. Given the
significant boost in relationship prediction accuracy, this
minor computational cost is an acceptable trade-off.

E. COMPARISON OF ENRICHMENT METHODS
We compared the proposed CSKG-based enrichment with
common alternative enrichment strategies including sta-
tistical priors and ConceptNet [23] knowledge graph.
Additionally, we performed an ablation study where no
knowledge enrichment was applied, serving as a baseline
to evaluate the effectiveness of external common sense
knowledge integration. For statistical priors, we utilised
frequency-based co-occurrence information from the training
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TABLE 5. Performance comparison of enrichment methods on SGG
performance.

TABLE 6. Impact of linguistic features on SGG performance.

set. For ConceptNet, we used its pre-trained embeddings
and queried relevant triples based on object labels in the
scene graph. The results, shown in Table 5, indicate that
CSKG-based enrichment provides the most comprehensive
contextual knowledge, yielding higher recall and mean recall
scores compared to alternatives. While statistical priors
and ConceptNet provide useful information, they fall short
in terms of generalizability and capturing complex visual
relationships (e.g., spatial or functional interactions). CSKG,
with its heterogeneous knowledge base, is better suited for
enriching scene graphs in complex visual reasoning tasks.

F. IMPACT OF LINGUISTIC FEATURES
To assess the importance of incorporating linguistic features
in multimodal relationship prediction, we conducted a
targeted ablation study by removing object labels and textual
features from the model inputs. In this setting, the model
was forced to rely solely on visual features for relationship
prediction. The results in Table 6 show that removing the
linguistic features caused a significant drop in performance,
confirming the critical role of multimodal visual-linguistic
features in capturing semantic relationships. Linguistic
features provide semantic cues that complement visual
information, particularly for context-sensitive relationships
that require word-level disambiguation.

G. EFFECT OF EMBEDDING SIMILARITY AND IOU
THRESHOLDS
To assess the impact of cosine similarity (τsim) and IoU
thresholds (τIoU) during graph refinement, we tested various
combinations of these thresholds. We experimented with
threshold values of τsim = {0.25, 0.5, 0.75} and τIoU =

{0.25, 0.5, 0.75}. The results, summarized in Table 7, indicate
that the default thresholds (τsim = 0.5, τIoU = 0.5)
provided the best trade-off between precision and recall.
Higher similarity thresholds (e.g., τsim = 0.75) lead to
stricter entity merging, ensuring that only highly similar
objects are considered the same entity, but this may exclude
relevant relationships, reducing recall. Conversely, lower
similarity thresholds (for example, τsim = 0.25) lead
to more aggressive merging, which introduces spurious
relationships and increases false positives. A similar effect

TABLE 7. Effect of varying similarity thresholds on SGG performance.

is observed for IoU thresholds: higher thresholds discard
too many overlapping detections, removing potentially valid
object instances, while lower thresholds retain excessive
redundancy, causing duplicate object instances in the scene
graph. The incorporation of IoU-based filtering and cosine
similarity-based merging improves scene graph representa-
tion by resolving overlapping object conflicts. Performance
improvement in R@100 andmR@100 confirms that handling
redundant detections enhances the expressiveness of the
scene graph.

V. CONCLUSION
In this paper, we introduced a novel neurosymbolic frame-
work, MuRelSGG, that integrates transformer-based multi-
modal relationship prediction with common sense knowledge
enrichment to enhance scene graph generation. This approach
combines deep learning perception with structured knowl-
edge reasoning, leading to more accurate and expressive
scene representations. Our methodological contributions
include multi-head attention transformers (M-HAT), vision
transformers (ViT), and structured knowledge enrichment,
which together significantly improves relationship prediction
accuracy and long-tail relationship representation. Extensive
experiments on the Visual Genome (VG) and GQA datasets
confirm the generalizability and robustness of our framework.
Our model outperformed the state-of-the-art methods in
terms of recall rates and robustness to data bias (R@100 =

43.2, mR@100 = 14.9) on the VG benchmark and showed
consistent performance on GQA dataset. Ablation studies
revealed the critical roles of M-HAT, ViT, linguistic features,
CSKG enrichment, and optimized similarity thresholds in
enhancing SGG performance, validating the effectiveness of
our proposed approach. Future work will explore zero-shot
and few-shot SGG capabilities, applications in downstream
tasks like image captioning and visual question answering,
and integration of multimodal Large Language Models
(LLMs) in the proposed method. Our work establishes
a strong foundation for advancing neurosymbolic SGG,
demonstrating that the synergistic combination of deep learn-
ing and structured knowledge can lead to more semantically
rich and context-aware scene representation.
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