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Abstract: Providing descriptions for things, visual objects, or image metadata is called image captioning. It involves using
computer vision and natural language processing (NLP) methods to extract image features. In this work, we introduced
SPNERSAN, a novel hybrid architecture that synergizes the Enhanced Relational Self-Attention Network (ER-SAN), which
follows a Transformer-like structure, with our newly developed Subgraph Proposal Network (SPN). The primary objective
of this combination is to enhance the image captioning task by leveraging the unique capabilities of both components. Our
experiments on the Coco dataset demonstrate that the SPNERSAN model significantly improves the quality of generated
captions compared with related methods. Our proposed model performs better in five standard metrics: BLEU, METEOR,
ROUGR, CIDER, and SPICE. It indicates its effectiveness in producing coherent and contextually appropriate captions.

Keywords: Image captioning, transformer model, semantic graph, geometry graph

Qua trinh ty dong sinh ra 16i mo td vé su vit, d6i tugng tryc quan trong dnh dudc goi la chi thich hinh 4nh. N6 lién
quan dén viéc st dung ca thi gidc mdy tinh va xd ly ngon ngi ty nhién (NLP) d€ trich xuét cic dic diém ctda hinh
anh. Trong nghién cifu nay, ching toi phat trién mo hinh SPNER-SAN két hop giita Mang tu chi y quan hé ning cao
(ER-SAN), c6 dang chu tric gibng nhu Transformer, vdi Mang dé xuét do thi con (SPN) mdi dugc phat trién ctia chiing
t6i. Muc tiéu chinh ciia su két hgp nay 1a cai thién két qua clia qua trinh sinh chd thich cho hinh anh bing cich tin
dung céc uu diém ctia ca hai thanh phan. Thuc nghiém trén bo dit liéu Coco chiing minh ring mé hinh SPNER-SAN
cai thién ddng k& chit lugng clia cAu mo ta sinh ra so véi v6i cac phuong phap lién quan. Mo hinh dat hiu suit cao
hon trén ca 5 chi s6 d6 do so sinh nhu BLEU, METEOR, ROUGR, CIDER, va SPICE. Piéu nay cho théy tinh hiéu

qué cua no trong viéc sinh tu dong cac chu thich rd rang va phu hgp véi nglt canh.

Tiéu dé: Mot kién triic tong hop méi cho mé ta anh
Tém tit:
Tur khéa:

Chii thich dnh, mé hinh transformer, dé thi ngit nghia, dé thi hinh hoc

I. INTRODUCTION

Image captioning, generating descriptive text for visual
content, is a crucial yet challenging task in computer
vision. It involves extracting features from images using
a combination of computer vision and Natural Language
Processing (NLP) techniques, identifying objects, actions,
and their relationships within the image, and ultimately
creating meaningful descriptions. The problem of auto-
matically generating image captions has found applications
in diverse fields, such as human-computer interaction [1],
medical imaging [2], traffic analysis [3], and, notably,
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assistive technologies for the visually impaired [4]. As a
multidisciplinary field, automatic image annotation bridges
the gap between natural language processing and com-
puter vision. Consequently, with the rapid advancements
in deep learning algorithms, researchers have been actively
exploring the potential of these methods to enhance the
performance of image annotation tasks.

In image captioning, the transformer-based self-attention
model has consistently demonstrated superior performance.
While the inherent focus of the self-attention mechanism
lies in implicit comparisons between a single region and



all other regions within an image, recent research has ex-
plored enhancing this capability by incorporating geometric
information into the self-attention operator [5]. Leveraging
geometric features like relative size and distance, which
explicitly capture spatial relationships between objects, has
led to state-of-the-art results in numerous approaches [6].
These findings strongly suggest that a promising avenue for
future research involves developing visual encoders capable
of accurately modeling the complex interplay of objects
within an image.

Li et al. [7] recently introduced a groundbreaking vi-
sual relation representation and semantic fusion prediction
method named ERSAN with notable advancements. Their
approach leverages explicitly the visual graph topology as
an inductive structure-enhanced relation bias, effectively
differentiating the significance of various nodes within the
graph. Moreover, in the language prediction stage, they
utilize explicit semantic relations in the decoder to adap-
tively enhance semantic word generation. However, while
groundbreaking, ERSAN’s approach overlooks the potential
overlap and calculation of objects’ importance weights
while synthesizing graphs from semantic and geometric
feature graphs. This limitation is the primary motivation
for our research to enhance the ERSAN model.

To overcome these limitations, we introduce the SPNER-
SAN model, an innovative solution that combines the
strengths of ER-SAN and SPN. SPNER-SAN is designed to
handle complex image relationships better using geometric
and semantic features. Specifically, the contributions and
novelty of this paper are summarized as follows:

- Propose two novel metrics to determine the importance
of an object in the image based on the semantic and
geometric graph of objects.

- Propose a shortened subgraph that only needs to focus
on representing nodes with high-importance measures.

- Develop the novel SPNER-SAN model that integrates
the subgraph proposal network into the ERSAN model to
reduce the model’s computational complexity.

- Prove the effectiveness of the proposed model through
a comparative study with the original ERSAN model and
Transformer using the Coco data set on evaluation metrics:
BLEU, Meteor, ROUGR, cider, and spice.

This work is arranged according to the following struc-
ture. Section II overviews some related works in image
captioning. The novel SPNER-SAN model that is being
developed to improve the outcomes of image captioning
is shown in Section III. To illustrate the efficacy and
contextual improvements of our proposed approach, Section
IV compares the results of our suggested model with the
original ERSAN model and Transformer using the Coco
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data set. Finally, some conclusions are summed up in the
final part of this study.

II. RELATED WORKS

As a multi-modal task that integrates language and
vision, automatically producing image descriptions is essen-
tial. The caption generation model is anticipated to identify
the noteworthy objects in the picture and explain how they
relate to other objects in the composition. To enhance
the quality of image captioning, it is crucial to precisely
and efficiently model the relationships between identified
objects. Using a Faster Region-based Convolutional Neural
Network (R-CNN) [8] with picture regions as a bottom-
up path in combination with grid-level features, Anderson
et al. [9] introduced the bottom-top attention mechanisms
for visual areas in an effort to improve the visual features.
After that, some researchers [10] use pooled vectors for
the input image to encode visual areas. [11] proposed a
novel encoder-decoder architecture called Adaptive Text
Denoising Network (ATD-Net), which adds the denoising
process into the encoder to reduce semantic inconsistency
between image and caption.

Image captioning has been effectively achieved with the
transformer model, especially concerning the self-attention
process. Nevertheless, managing object interactions remains
a challenge for most models. By including geometric in-
formation in the model, some earlier works tried to solve
this problem [12]. Previous research has concentrated on
visual graphs representing item connections in pictures.
Yao et al. [13] used visualizations based on the semantic
relations graph—obtained by a predetermined semantic
classifier—and the spatial relations graph—captured be-
tween bounding boxes of object pairs. After this study, Yang
et al. [14] suggested using a graph-based model of both
sentences and images to integrate semantic priors acquired
from the text in the image encoder stage.

Subsequently, Shi et al. [15] learned their relational clas-
sifier from ground-truth description using a multi-instance
learning strategy, giving rise to a reliable visual relation for
the given image. The dual-attention interaction technique,
which depicts the visual correlations at the object and
region levels, was introduced by Liu et al. [16]. In recent
years, research [17] recommended a deep neural network
architecture based on combining the spatial characteristic
of the image with the context information to use visual
relationships in caption output.

These findings show that creating a visual encoder that
accurately models the relationships between image elements
is a potential avenue for future research. Furthermore, we
contend that, in many situations, things nearer the present
object should be given greater importance than objects
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farther away, establishing a contrast in priority. This is also
our motivation to learn this work.

III. PROPOSED NOVEL SPNER-SAN ARCHITEC-
TURE FOR IMAGE CAPTIONING

1. Main ideas of the proposed model

The objective of image captioning, given a picture I, is
to automatically produce a sentence S based on the visual
elements in the image. We aim to fully utilize the explicit
relation as a guide to provide more accurate captions.

Figure 1 illustrates the general structure of our suggested
SPNER-SAN model. The proposed model comprises four
sub-modules: the Feature Extraction Module (Sec III.2),
the Refined Subgraph Module (Sec III.3), the Enhanced-
Adaptive Relation Attention (Sec II1.4), and the Language
Prediction Module (Sec IIL.5). In order to model image
representation collaboratively, we first extract geometric,
semantic, and visual information. Semantic and geometrical
graphs are built based on the features extracted from the ob-
jects in the image. To reduce the computational complexity
of the model, the graph reduction process is proposed to
prune unimportant information in the graph. This module
determines the importance of each object in the image
at the regional level. Then, the semantic and geometric
information of the objects in the image is modeled and
embedded into the transformer model to calculate the
attention level of each object in the image. Finally, our
model produces credible captions that accurately anticipate
relationships.

The proposed SPNER-SAN model is designed to enhance
image understanding by building upon the capabilities
of the ER-SAN model [7]. SPNER-SAN leverages pre-
trained data from the WeakVRD model [15] to extract
object relationship trees and utilize image features from the
bottom-up attention model. Additionally, it employs Faster
R-CNN [8] with knowledge training using the ResNet-
101 architecture [18] on the Visual Genome dataset. The
extracted data is then processed through the subgraph
proposal network layer, which utilizes a GAT network [19]
to pinpoint the relevant segment of the graph, effectively
reducing the graph’s size and accelerating training for the
ER-SAN model. The following section will provide a more
comprehensive explanation of the model.

2. The Feature Extraction Module

a) Contextual Feature Extraction in image

In this section, we will elaborate on the topic of feature
extraction to generate the semantic and geometric graph
features of objects in image [7]. Within the domain of
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object detection, a prominent technique involves the com-
bination of Faster R-CNN with ResNet-101. Faster R-CNN
leverages deep convolutional neural networks to perform
object detection with improved speed. The incorporation
of ResNet-101 enhances the model’s ability to recognize
and understand complex features, improving both accuracy
and performance.

Moreover, in constructing scene graphs, the methodology
known as Caption-Led Visual Relationship Graphs
(CGVRG) is employed [15]. This approach harnesses
weakly  supervised relationship  detection
(WeakVRD) to build graphs where nodes
represent identified objects, and their corresponding
node embeddings encapsulate the object features. The
establishment of edges connects objects with intersecting
bounding boxes as determined by the object detection
algorithm, and the features of these edges are determined
through the computation of metrics associated with the
overlapping areas between objects. Such an approach
contributes to elucidating object contexts and relationships
within images. We first utilize Faster R-CNN to encode
the region-level Rol features into n-region features

[O]V,OE,...,OZ]. Also, we obtain the object
category labels ¢, and then we adopt the learnable
object embedding layer to map the object category labels ¢
into feature embedding vectors o¢. To obtain the contextual
representation of the object node feature, we concatenate
the visual feature 0¥ and embedding vectors o€ as:

visual
scene

v

4

Ho, = ¢o ([0";0°]) + 0" ey

Where Hp, € RN* is the following input node region
feature representation passing in the transformer encoder
layer, ¢, is feed-forward networks using ReLU activation,
[;] means concatenation operation.

b) Build the Semantic and Geometric graph

Caption-Guided Visual Relationship Graph (CGVRG)
builds visual relationship graphs. A significant challenge
in utilizing predicate triples from captions to construct
CGVRG lies in the ambiguity of links between predi-
cates and their corresponding object regions. To address
this problem, weakly supervised multi-instance learning is
employed. This method helps to establish more explicit
connections between predicates and object regions, thereby
improving the accuracy and relevance of the visual rela-
tionship graphs constructed for image captioning.

Once the trained module, a CGVRG graph G (V, E)
can be built for a given image I, where the node set V
includes two types of nodes: object nodes and predicate
nodes. Denote o; as the i-th object node and r;; as a
predicate node that connects o; and o;. The edges in E
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Figure 1. Overview of the enhanced SPNER-SAN architecture.

are added based on triples; i.e., (0;, rij, 0;) will assign
two directed edges from node o; to r;; and from r;; to o;,
respectively.

Build Semantic Graph : A combination of the Weakly-
VRD Graph Parser and the Object feature is used to
construct the semantic graph. We employ the graph parser
to extract the semantic relation triples (e.g., <subject-
predicate-object>) to represent the precise visual seman-
tic associations, as described in [15]. This approach cre-
ates caption-guided visual relationship graphs that employ
weakly supervised multi-instance learning to introduce ad-
vantageous inductive bias. The semantic relation matrix be-
tween subject area I and object region J is computed using
the semantic relation triples and has RV*" dimensions.

Build Geometric Graph : In contrast to the semantic
graph, the geometric graph is undirected. First, we compute
the relative geometric features between two boxes, i and j,

as follows.
Xi —Xj :
e (2 e e 5
wj

(log ( o
l ®)

where X, y, w, and h represent the box’s center, width,
and height. We then use the PE,,s functions [20] to
compute high-dimensional representations, G € RN*N*ds
to obtain the geometric embedding. Additionally, to get a
sparse geometric graph, the geometric relation between two
objects is assigned if the relative distance dis (b;, b;) and
Intersection over Union JoU = (b;, b;) of both objects are
within a threshold.

h;

hj

lyi = yjl
h;

3. Refined subgraph module

The results of the attribute extraction module of objects
in the image are semantic and geometric attribute maps.
However, the graph is quite bulky and has many duplicates,
so this section aims to prune redundant or unimportant
nodes. Additionally, we presume that things closer to the
image’s center require more attention than those farther
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away, and vice versa. Consequently, we investigate how to
use visual graph layouts to enhance model performance in
image annotation.

a) Propose a measure of the importance of an object in
an image

A well-known guideline that aids photographers and
artists in producing visually appealing images is the rule
of thirds [21]. The rule of thirds allows for more precise
identification of the main value and the main subject or
focus of interest of the image. That’s why in images, in
this section, we have proposed two measurements to only
focus on the objects of interest in the image. This helps
eliminate redundant objects and reduce the computational
complexity of the model, which is especially beneficial
in situations where computational resources are limited or
real-time processing is required.

Global Importance weitght (GI) is a metric that re-
flects the overall prevalence of an object within the en-
tire dataset. Initially, we calculate the total occurrences
of the object across the dataset. For each image given
C = {c1,c2,...,cny} with N is the number of detected
objects, ¢; is the number of occurrences of an object i’ in
the whole dataset’s caption. Then, we compute the global
importance ratio by applying Minmax scaling to obtain
Cscaled, kindly forward it to a sigmoid function o (), and
receive C.

C — Cmi
Cscaled = — (3)
Cmax — Cmin
C= 0 (Cscaled) 4)

The primary motivation for employing the encoding method
based on the occurrence frequency vector of objects in an
image stems from the need to address the varying frequen-
cies at which different objects appear in the annotation
dataset. In many cases, some objects occur frequently, while
others are rarer. When a simple linear transformation is
applied to such a dataset, the distances between objects
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may become distorted, leading to the overrepresentation of
common objects and the underrepresentation of rare ones.
This imbalance can distort the model’s learning process and
result in skewed outcomes.

To address this issue, a non-linear transformation is
introduced as a corrective measure. The transformation
can compress the distances between objects with varying
occurrence frequencies by applying a non-linear function.
This ensures that less frequent objects in the dataset are
given higher priority, allowing them to be more fully
represented in the transformed space. Consequently, rare
objects are more likely to be retained during processes
such as semantic graph pruning, which typically focuses
on preserving the most significant objects.

This method helps balance the representation of fre-
quently occurring and rare objects, ensuring that the model
learns accurately and comprehensively from the dataset.
The non-linear transformation enhances the model’s ability
to capture the most essential features of the dataset while
minimizing the risk of losing or excluding important yet
rare objects.

Local Importance weight (LI) is a metric that assesses
the significance of an object’s position within a specific
image. According to the rule of thirds [21], a photograph’s
focal point or major element should be situated roughly
at or inside the four intersections. Based on this rule, we
divided the entire image into nine equal regions, as shown
in Figure 2. Objects appearing at the intersections of these
regions or near the center of the image are considered more
important.

0.25 0.5 0.25
0.5 1 0.5
0.25 0.5 0.25

Figure 2. The weights correspond to each region in the image

The formula for calculating the local importance of an
object j in image k is:

9
Local Score = Z S X scoreg
k=1

&)

where Sy represents the percentage of the detected ob-
ject’s area in the image corresponding to the k'” part. As
the example below, we have an object that lies in many
parts, so the Local score of this object is calculated as:

Local score = 0.15 x 0.5 + 0.35 x 0.25 + 0.35 x 0.5 +
0.15 x 1 = 0.4875

The concept presented here elaborates on how the for-
mula evaluates objects in an image based on their position
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Figure 3. Visual example about the object’s location in image

and size. First, objects that occupy a large portion of the
image, such as the background, are generally assigned a
lower rating. This is because large objects located on the
periphery of the image are often less critical than those
positioned centrally, as they do not draw the viewer’s
attention directly. Another key point is the dispersion of
objects across multiple areas of the image. When an object
is spread out rather than concentrated in a specific location,
its weight in the assessment decreases. This is because
dispersed objects are less likely to stand out or play a
significant role in conveying the main content of the image.

Ultimately, the primary idea is that our attention is
typically directed toward objects of moderate size po-
sitioned at the center of the image. These objects are
more easily recognizable, attract more focus, and tend
to carry more important information. Most visual models
and image evaluation methods operate on this principle,
where centrally located objects of appropriate size are given
priority. Applying this formula thus ensures that attention
is focused on key objects while minimizing the influence
of unnecessary background elements.

b) Build a Subgraph Proposal Network (SPN)

This section proposes a novel subgraph-based network
architecture utilizing Graph Attention Networks (GAT). The
primary objective of our approach is to effectively capture
and leverage the intricate relationships and structural infor-
mation present in subgraphs for various tasks such as node
classification, link prediction, and graph classification.

Initialization: Each node in the graph is initialized
with an initial feature vector, denoted as h; for each
node i. Additionally, the output is initialized as a matrix
where the number of rows corresponds to the number of
objects detected in the image, and the number of columns
corresponds to the number of objects detected in the image.

Message Calculation: During the message calculation
phase, each node i sends a message to its neighbouring
nodes j. This message is computed based on the feature
vectors of nodes i and j. GAT uses an attention mechanism
to assign weights to these messages. The amount of infor-
mation sent from node i to node j must be multiplied by
the free prior coefficient according to the following formula

(6).




mi; = EjWhj

(6)

€, =+03%xGI; +0.7x LI; (7

where the GI is Global Importance and LI is Local
Importance.e;; is the attention score between node i and
node j, typically determined by a small neural network as
follows:

eij=a(Wh;,Wh;j) (8)

The attention weight «;; is computed using the formula:

@ij = Softmax(e,-j) (9)

Aggregation: Each node i receives messages from its
neighboring nodes j in the aggregation phase. These mes-
sages are aggregated using a function such as summation
or averaging:

]’l; =0 Z EjWhj
JEN (i)

(10)

Where N (i) is the set of neighboring nodes of i, and o
is an activation function such as ReLU.

Update Graph: The feature vector of each node is
updated using the aggregated feature vector from the ag-
gregation phase, resulting in a new set of feature vectors
for the nodes in the graph:

hi — I, (11)

The updated output matrix is passed through a soft-
max layer to refine the classification process further. This
layer converts the continuous output values into probability
scores, providing the final classification probabilities for
each node. The softmax function ensures that the output
probabilities sum to one, facilitating precise and inter-
pretable classification into the critical and non-important
categories.

Prune node from Graph: During the Prune phase,

nodes classified as non-important are systematically re-
moved from the graph. This process is not merely a
refinement of the structure but a critical step in improving
the overall model performance. Removing non-important
nodes makes the graph more streamlined, reducing noise
and irrelevant data. This allows the model to allocate
computational resources more effectively, focusing on the
most significant nodes.
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An essential part of this process is determining the
importance of each node. To achieve this, we compute
the Importance Index (IS), which quantifies the role of
a node based on two factors: its local influence (¢;) and
its connections to neighboring nodes (through the sum of
weights «; ;). The Importance Index is calculated using the
following formula:

1
1Si= Ja+—— >
P46 N(i)j“’

where IS; is the Importance Score for node i, €; repre-
sents the local influence of node i, @;; is the weight between
node i and node j, and N (i) is the number of neighboring
nodes connected to node i.

(12)

This score determines whether a node should be pruned
from the graph if its value is below a certain threshold. Our
subgraph-based GAT architecture leverages the strengths of
attention mechanisms, allowing the model to focus on the
most critical parts of the graph dynamically. By integrating
global and local importance measures, the model evaluates
the significance of nodes individually and in relation to
the overall graph structure. After the pruning phase, a
softmax layer is utilized for final classification, ensuring
that only the most essential nodes are preserved. The
pruning phase enhances model efficiency by concentrating
on high-priority nodes and minimizing distractions from
irrelevant elements. As a result, this approach demonstrates
substantial improvements over traditional GAT architec-
tures, particularly in the accuracy of node classification
tasks.

Figure 4. The illustration example for input image of the Refined
Subgraph Module

A visual example to demonstrate the effectiveness of
the proposed model is shown in Figures 4 and 5. Figure
4 presents over 30 the bounding boxes of objects in the
image that Faster RCNN detected. It’s large and may not
be mentioned in the image’s caption. Figure 5 represents
the outcome after a refined graph process is applied. The
number of objects has been reduced by about half, leaving
only 15. These objects are considered the most important
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Figure 5. The illustration image after finishing the Refined sub-
graph module using two proposed metrics

in the image, as determined through a training process.
As you can observe, the remaining objects are positioned
in easily noticeable areas, with many occupying central
locations within the image. This refined selection highlights
the critical elements deemed most relevant and visually
impactful in the scene.

4. Enhanced-Adaptive Relation Attention

This section aims to model relations between objects
leveraging graphs’ semantic and geometric embedding in-
formation into the Transformer model. Our current research
aligns with the fundamental principles and concepts pre-
sented in the study [7].

Enhanced Relation Attention: ER-SAN incorporates
explicit visual semantic associations into the Transformer.
Specifically, the enhanced attention score, including the
effect of content objects H, semantic relation embedding
S, and geometric relation embedding G, is computed as:

Oc = HWq,c, K.= HWk,c (13)
A=QKI +¢(0c Ke, S) +¢ (0c, G) (14)
~—~—— — T Y—
cw SE GE

where CW is Content Weight, SE is Semantic-Enhanced,
GE is Geometric-Enhanced, A = RN*N , the scaling factor
Vd is omitted for simplicity. ¢ is the semantic-enhanced
attention function. ¢ is the geometric-enhanced attention
function. Q. and K. € RN*? are the projected content
objects vectors generated using projection matrices W, c,
and Wi . € R4 respectively. Eq.4 considers implicit
relations (content weight) and explicit relations guidance
(semantic and geometric).

Direction-Sensitive Semantic-Enhanced Attention
ER-SAN uses semantic embedding features to enhance
attention score when there is a specific directional rela-
tionship between two objects. It considers content objects
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to semantic relations (c2s) and semantic relations to content
objects (s2c) attention.

QS = SWq,Sv Ks = SWk,s (15)
¢ (Qc, K, S) = QcK! + QKT (16)
—— ~—
c2s s2c¢

where Q. and K are the projected content vectors
and semantic embedding, and subscripts ¢ and s represent
content and semantics, respectively. W, ; and Wy ; € Rds*d
are the projection matrices.

Geometric-Enhanced Attention: Different from se-
mantic relation, the geometric relation matrix is symmetric.
ERSAN conducts a dynamical geometric enhanced atten-
tion between content Q. and geometric relation K, as:

Kg=GWi g, ¢ (Qc, G) = QK (17)

Adaptive Re-weight Relation: ER-SAN contains an
adaptive learning re-weight module in the attention aggre-
gation operation to get different levels of enhanced semantic
and geometric relation information. It introduces the gated
fusion module and conducts sigmoid function o () as:

Ve = HWv,c’ Vs = SWv,s, Vg = GWv,g (18)

B=0 (Wg[Ve,Vii Ve) (19)

where 8 = [B%, 2] € RV*? are learnable parameters.
The gating value indicates which feature information is
more critical for the current state. The output of enhanced
adaptive relation attention is computed as:

Z = Soft max (Z) (Ve + B x Vi +BEX V)  (20)

Then, ER-SAN accumulates the final explicit exploration
representation followed by an FFN operation as Fig.3.9 (b).

5. Language Prediction Module

After encoding, the model uses the Transformer decoder
for caption generation. The inputs of the language pre-
diction module are features from the last encoder layer,
which contain aligned relations between region features
and words, while the outputs are descriptive sentences.
The enhanced adaptive relation attention is not used in
the language prediction module because the decoder is
autoregressive and inputs variable-length sentences. After
the decoding layer, it outputs H”. Then, the confidence of
the word distribution is:



P(S) = Softmax(WHP + b) (21)

After formulating the ultimate softmax layer equation, the
subsequent step involves employing beam search [22] to
generate the conclusive caption. Beam Search, a heuristic
search algorithm, concurrently explores multiple sequences
to ascertain the most probable sequence of words. This
technique holds particularly significant value in domains
such as image captioning, where the objective is to produce
coherent and contextually appropriate sentences.

IV. EXPERIMENTS
1. Experimental environment

Dataset: In order to test our proposed framework, we per-
formed thorough experiments using the MS-COCO dataset,
which is widely utilized for image captioning. This dataset
comprises 123,287 images, each annotated with at least five
captions. Based on the Karpathy splits [23], 5,000 images
were allocated for validation, 5,000 for testing, and 113,287
for training.

Experimental tools: To develop and test the model’s
source code, it will be programmed and tested on a robust
workstation operating on the 64-bit Linux operating system.
The workstation is equipped with an NVIDIA QUADRO
RTX 6000 GPU graphics card. For running the proposed
Deep Learning model SPNER SAN on the GPU, the work-
station also has a compatible version of the CUDA driver
that can be seamlessly integrated with the NVIDIA card.
This configuration provides ample computational resources
for the image processing and prediction tasks.

Experimental Setup and Hyperparameter Selection:
The proposed GAT model was meticulously designed to
optimize task performance. The input dimension was set
to 2048, with the output dimension corresponding to the
number of detected objects in the image. The hidden
dimension was maintained at 2048 to ensure the model
can learn from high-dimensional features. An edge feature
dimension of 8 was incorporated to effectively capture the
edges’ characteristics within the graph structure. The model
employed the Adam optimizer, configured with a learning
rate of 0.01 and a weight decay of 0.0005 to mitigate the
risk of overfitting. Given the relatively small size of the
graph, the entire graph was processed in each iteration
rather than utilizing mini-batches. This approach allowed
for the simultaneous consideration of all nodes and edges,
which is feasible due to the manageable graph size. During
the initial cross-entropy training phase, the learning rate
was linearly increased to 3e-4 over a warm-up period of 3
epochs, followed by a decay rate of 0.5 every three epochs.
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The model underwent training for 50 epochs using cross-
entropy loss, ensuring thorough learning and performance
optimization.

2. Experimental results

In the experimental part, we designed two experimental
scenarios: scenario 1 for the first purpose is to test the
effectiveness of the Subgraph proposal network in re-
ducing computational complexity on graphs; Experimental
scenario 2 aims to demonstrate the effectiveness of the
proposed model through experimental comparison with the
original ERSAN model. The experimental results obtained
correspond to two scenarios described as follows:

a) Experimental scenario 1: Results using Subgraph
Proposal Network

This test aims to illustrate the effectiveness in the case
using SPN to reduce the computational complexity of both
semantic and geometric graphs that are the output of the
Feature extraction module in Figure 1. The experimental
results are clearly described in Table I with two cases: using
and not using SPN corresponds with the initial and final
value of Node/Edge of Graph.

The proposed subgraph-based GAT model demonstrates
significant efficiency in reducing the complexity of the
graph while retaining relevant information. The average
initial number of nodes in the graph is 42, which is reduced
to 16 nodes after applying the pruning phase, resulting
in a node reduction rate of 61.9%. This indicates that
the model is highly effective in identifying and removing
non-important nodes, substantially simplifying the graph
structure.

Table 1
PERFORMANCE RESULTS OF THE PROPOSED
SUBGRAPH-BASED GAT ON MS COCO DATASET

Metric Value
Average Initial Number of Nodes 42
Average Final Number of Nodes 16
Node Reduction rate 61.9%
Average Initial Number of Edges 63
Average Final Number of Edges 27
Edge Reduction Rate 57.1%

In terms of edges, the average initial number of edges
is 63, which is reduced to 27 edges after the pruning
phase. This corresponds to an edge reduction rate of 57.1%,
showing that the model not only reduces the number of
nodes but also significantly decreases the number of edges.
This further simplifies the graph, making it easier to process
and analyze. These results highlight the effectiveness of the
proposed subgraph-based GAT.
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Architecture in pruning the graph to retain only the most
significant nodes and edges. The model can operate more
efficiently by reducing the graph’s complexity, improving
overall performance, and reducing computational costs. The
substantial reduction in both nodes and edges demonstrates
the model’s ability to focus on the most relevant parts of the
graph, thereby enhancing its capability to perform various
graph-based tasks on the MS COCO dataset.

b) Experimental scenario 2: Experimental comparison
with related models

To demonstrate the effectiveness of the proposed model,
we experimentally compare it with related models, specif-
ically the original ERSAN model and the Transformer
model. Five evaluation metrics are used to test the quality
of image captioning, including BLEU, METEOR (M),
ROUGR (R), CIDER (C), and SPICE (S) [24]. The experi-
mental results compared to the measurements are presented
in Table II. In addition, we also represent the generated
sentences corresponding to the input images in Figure 6. In
Figure 6, the underlined words are marked as word/phrase
that improves compared to the Transformer model. The bold
words represent the enhanced words when comparing the
proposed model’s sentences with Transformer and ERSAN.

Comparative results with the original ER-SAN model
The results from our experiments, as illustrated in Table II,
reveal several critical insights into the performance of the
original ER-SAN model on the image captioning task.

Note that the new contribution of the research is to
propose adding a subgraph proposal network module in the
original ERSAN model to focus on highly important objects
in the input image. Therefore, to evaluate the relative
contributions of the components in the image encoding and
decoding stages of SPNER-SAN, we only assess experimen-
tally on the training model with cross-entropy and without
the support of Reinforcement Learning. This is a supervised
training process at the word level; the training model will
predict the next word based on the previous accurate word.

Table 11
COMPARISON RESULTS OF THE PROPOSED MODEL
WITH OTHER MODELS ON THE SAME METRICS

Cross Entropy
Model B@l [B@4 | M | R 5
Transformer 75.2 34.0 27.6 | 559 113.3 | 20.8
ER-SAN 78.2 38.8 | 29.2 | 58.5 | 1229 | 222
SPNER-SAN (ours) | 79.3 39.1 | 30.1 | 59.2 | 124.5 | 225

Our proposed SPNER-SAN model shows competitive
performance, with a BLEU- 1 score of 79.3 and a BLEU-4
score of 39.1. It achieves a METEOR (M) score of 30.1, in-
dicating good precision and recall in the generated captions.
The ROUGE and CIDEr indexes of the SPNER-SAN model
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GT: a dog is walking in front of some
people

T: Two people walking with a dog on a
beach.

ERSAN: a dog walking in front of a couple
on the beach

SPNERSAN: a dog walking in front of a
couple on the sand

 GT. a biker on a busy city street with
cars in the distance.

T: A person riding a bicycle on a street
with cars

=¥ ERSAN: A person riding 2 bicycle on a
city street with car and fruck.

. SPNERSAN: A person riding a bicycle on
a cily street with parked car and fruck.

Figure 6. Examples of corresponding captions of the ground-truths
captions, Transformer, ERSAN, and proposed SPNERSAN

are 59.2 and 124.5, respectively, still demonstrating the
model’s robustness. The SPICE (S) score of 22.5 reflects
SPNER-SAN’s capability to capture the semantic content
of images effectively. This suggests that our enhancements
to the ER-SAN baseline have significantly improved its
performance, making SPNER-SAN a strong contender in
the field. Meanwhile, ER-SAN (Base) [7] presents a solid
baseline with BLEU-1 and BLEU-4 scores of 78.2 and
38.8, respectively. Its METEOR score of 29.2 and ROUGE
score of 58.5 are somewhat lower than those of SPNER-
SAN, suggesting that the enhancements in SPNER-SAN
have contributed to improved performance. Specifically, as
shown in 6, the bold letters in the sentences generated from
our proposed model have shown an improvement in context
in the sentence compared to the original ERSAN.

Comparative results with the original Transformer
model

The findings indicate that SPNER-SAN outperforms the
Transformer (Base) [20] model in various metrics, such
as B@1, B@4, and CiDER scores. Specifically, SPNER-
SAN achieves scores of 79.3 and 39.1 in B@1 and B@4,
respectively, compared to the Transformer’s scores of 75.2
and 34.0. This indicates that SPNER-SAN has a slight edge
in predicting individual words and longer sequences, likely
due to better handling of context and dependencies in the
data. Additionally, SPNER-SAN scores 124.5 in the CiDER
metric, significantly higher than the Transformer’s score
of 113.3, indicating SPNER-SAN’s enhanced capability to
generate outputs aligned with human-annotated references.

Furthermore, SPNER-SAN demonstrates superior perfor-
mance in M, R, and S scores, with scores of 30.1, 59.2, and
22.5, respectively, compared to the Transformer’s scores of
27.6, 55.9, and 20.8. These results highlight SPNER-SAN’s
more robust ability to capture semantic meaning, recall im-



portant information, and understand complex relationships
within the data, suggesting that its architecture is better
suited for tasks requiring deep semantic comprehension
and structural understanding. As shown in 6, the captions
generated by the proposed SPNER-SAN illustrate a more
accurate semantic relation, e.g., "sand" and "parked". It
indicates that SPNER-SAN has a comprehensive under-
standing of visual relations.

Overall, the results highlight that our proposed SPNER-
SAN model performs competitively across various met-
rics, validating enhancements to the original ER-SAN and
Transformer mode. Compared to the original model, the
proposed model is slightly higher than the ERSAN model
in terms of comparative metrics. Our idea of adding the
SPN block is that in many situations, things nearer the
present object should be given greater importance than
objects farther away, establishing a contrast in priority in
the context image. Furthermore, While the performance
gain may appear modest, it is important to note that our
SPN approach significantly reduces the number of nodes
(by 61.9%) while still improving the overall performance.
This result underscores the efficiency of our method, as
we are able to maintain or increase model accuracy even
after discarding a substantial amount of data. The added
SPN improves the baseline model’s ability to focus on the
most relevant aspects of the graph, which is particularly
beneficial in situations where computational resources are
limited or real-time processing is required. The comparative
analysis of these models underscores the importance of
architectural advancements and optimization strategies in
achieving superior performance in image captioning tasks.

V. CONCLUSION

In this work, we introduced SPNERSAN, a novel hybrid
architecture that synergizes the Enhanced Relational Self-
Attention Network (ER-SAN), which follows a Transformer-
like structure, with our newly developed Subgraph Proposal
Network (SPN). The primary objective of this combination
is to enhance the image captioning task by leveraging the
unique capabilities of both components. ERSAN’s structure
effectively handles complex dependencies and relationships
within the image data. At the same time, SPN excels in
proposing meaningful subgraphs through a graph attention
network, thus providing enriched context for caption gen-
eration.

The ER-SAN component of SPNERSAN focuses on
capturing intricate and high-level features from images. Its
multi-head self-attention mechanism enables the model to
weigh the importance of different image parts, facilitating
a comprehensive understanding. This mechanism is partic-
ularly beneficial for image captioning, where recognizing
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fine-grained details and their interrelationships is crucial for
generating accurate and descriptive captions. By capturing
these intricate relationships, ER-SAN ensures the generated
captions are contextually rich and semantically coherent.

On the other hand, the Subgraph Proposal Network
(SPN) within SPNERSAN introduces an innovative ap-
proach to identify and propose significant subgraphs within
the image. By employing a graph attention network, SPN
effectively highlights salient regions and objects, providing
a more focused context for the captioning model. This
method ensures that the generated captions are contextually
rich and relevant to the critical elements within the image.
The graph attention network allows SPN to dynamically
adjust its focus on different parts of the image, enhancing
its ability to generate more meaningful subgraphs that
contribute to more accurate and detailed captions.

Our experiments demonstrate that the SPNERSAN model
significantly improves the quality of generated captions
compared to existing related methods. The proposed model
performs better in standard metrics such as BLEU, ME-
TEOR, ROUGR, CIDER, and SPICE, indicating its effec-
tiveness in producing coherent and contextually appropriate
captions. Moreover, qualitative analysis shows that SPNER-
SAN can capture subtle details and generate more human-
like descriptions, underscoring its practical applicability in
real-world scenarios. The ability to create captions that
closely resemble human descriptions highlights the poten-
tial of SPNERSAN in various applications, from automated
image tagging to assistive technologies.
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