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Abstract— Multimodal learning is omnipresent in our lives.
Human absorbs features in different ways, whether through
pictures or text. Combining these features in computational
science, especially in Image retrieval problems, poses two
significant challenges: how and when to fuse them. Most image
retrieval systems use images or text data associated with the image.
In this paper, we study the image retrieval task, where the input
query is an image plus text sentence that describes the image. The
system starts a query triggered by input image and text while
taking the help of the Transformer model, which puts attention on
both modalities and combines embedded features through the
feature fusion technique. We proposed a feature fusion layer using
modified Text Image Residual Gating in our work. We have used
two methods based on the features extracted from the fusion layer.
First, we trained K Nearest Neighbor (KNN) algorithm on the
training data, and later we used test data to find a similar image.
Second, we used the clustering technique and a support vector
machine to compute the nearest neighbor points and cluster the
center to see a similar image. We found that SVM (Support vector
Machine) is more effective from the results, giving an overall
accuracy of 92%.
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I.INTRODUCTION

Image retrieval problem has been an active area of research
for the last twenty years. With different data sources available
in the public domain, the researcher has started looking into
the use case of image and text fusion for image retrieval
problems. Humans recognize images based on high-level
concepts. On the other hand, content-based image retrieval
extracts visual low-level. As a result, a content-based image
retrieval system needs to overcome that drawback and
improve performance. Text-based image retrieval lacks in
analyzing content. Because semantics are not always
associated with image content. There exists an enormous gap
between low-level visual features and high-level semantic
information. To overcome this gap, researchers focus on
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multimodal fusion techniques to make a robust image retrieval
system. Deep Neural Networks have provided methods for
similarity matching within text and images with the aid of
embeddings gained from other Deep Learning methods, such
as Convolutional Neural Networks (CNN) and Bidirectional
Encoder Representations from Transformers (BERT)[1]. An
interesting aspect where additional research could be done is
retrieving images by providing a reference image and text
feedback from the user. Finding similarity for matching
purposes in multimodal data is also an interesting area, as it
has practical applications. Research by Liwei Wang et al. [2]
investigated two-branch neural networks for learning the
similarity between two data modalities. They used the
Flickr30k entities dataset for phrase localization. The
MSCOCO dataset was used for bi-directional image sentence
retrieval. The work mainly focused on neural architecture for
a core problem underlying most image-text tasks-how to
measure the semantic similarity between visual data, e;g,
image, and text. Their work serves as an attractive alternative
to the embedding network for region phase matching but
doesn’t work for image-sentence retrieval. A modified text
concerning an input image might not precisely describe the
user’s intentions by a single image or text. This research effort
is mainly related to text guided Image Retrieval approach [3].
Yanbei Chen et al [4] proposed a Visiolinguistic Attention
Learning model which takes an input image and text to
retrieve the image. The retrieved image shows a change in
certain aspects of the given text. The text modifies the visual
content of the reference image.

Other researchers have done similar work to improve
multimodal image retrieval tasks. [5][6][7][8]. Fashion IQ and
Fashion200k datasets have been used to validate model
performance. Nam Vao [8] et al. extended the research of
Multimodal Image Retrieval by proposing residual
connection, which is a way of composing image and text.
They have achieved (SOTA) results on this task. However,
their approach doesn’t perform well in the real world as the



model focuses more on image space and less on query text.
Less importance on text happens when the model carries long
and detailed sentences [8]. The above facts motivated us to
explore the transformer model and fusion techniques in
multimodal image retrieval. To the author’s knowledge, the
proposed work is the first to perform the feature of SIFT and
BoVW along with the transformer model for image retrieval.
The key contribution of this project is summarized as follows:

1. Multimodal Query (Image & Text) has been trained
with a Transformer model to get embedded features.

2. The features have been combined with modified Text
Image Residual Gating.

3. Unsupervised machine learning algorithm has been
used to retrieve similar images.

II.SYSTEM ARCHITECTURE
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A. Feature Extraction & Transformer Model

We aim to solve image retrieval using the multimodal task as
discussed earlier. In our method, we extracted and embedded
features from text & image query to find retrieval images.
Our work has been inspired by VisualBert model [10] to carry
out self-attention tasks in both modalities. VisualBert
consists of a stack of Transformer layers that implicitly align
elements of an input text and regions in an associated input
image with self-attention. We used the BERT model [1] to
work with the text query. We employ a pre-trained BERT
model for extracting text features instead of LSTM. All the
words in a sentence are mapped to a set of embeddings. Each
embedding e € E is computed as 1) a token of embedding, 2)
a segment embedding 3) and a position embedding. The input
embeddings are then passed into the attention layer, which
produces a context representation of the sub-words. To work
with Image query, we have used Scale Invariant Feature
Transform and a Bag of Visual Words to model an image.
Each embedding [ € F corresponds to the bounding region in
the image. Detectron2 [11] has been used to derive an object
detector from the image. The bounding region has been
computed by the Fast R CNN model. The visual embeddings
are then passed into a multi-layer transformer model.

B. Feature Fusion layer

To combine image and text features, we used text image
residual getting, but we have updated this method because we
don’t want to modify text as our expected output. Nam Vo et
al. [9]. In their work, they used an Eiffel tower image and
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asked the system to find visually similar images but modified
in small ways. But in our task, the output won’t be different
from the input image. Instead, it would be a similar image.

th = Wy fgate (D, D) )

In equation 1, f gate is gating features. wy is the learning
weights. @, is the image, and @; is the text. Inspired by [14,
15, 16], we propose combining image and text features using
equation 2. In our work, we have only used fgate. The gating
connection is computed by:

fgate (@x.9)=0Wg, * RELUW g, * [0,,0.]D) O 0,)
Where,

o is the sigmoid function

© is element wise product

* represents 2d convolution with batch normalization
W g, and Wg, are 3x3 convolution filters

To keep the image in feature map compatible @,, we transmit
@; in such a way that height and width dimension falls under
the shape.

)

C. Model Training
Feature decomposition keeps the image and text embedded

into one single vector. The similarity between two data points
can be attained using KNN (K nearest neighbors). KNN is a
machine that the
approximate neighbors to the input data. To retrieve a similar
image, the comparison is done by converting the image into
vectors. The neighbors are identified by comparing the fusion
vector with the trained model in a multi-dimensional plane.
The value of K determines how far we want to expand the
search comparison results. We used Euclidean distance when
comparing an input image vector with the trained data vector.

learning model identifies closest

We used exact search, which is linear search and space
partitioning, to keep the quality of image retrieval. Suppose x
and y are input and database feature vectors. Then the
Euclidian distance between the two vectors is explained in
equation 3.

deuctia = Z?:1(xi - yi)z 3)

The dataset we used has constraints. We have more than 2000
different captions in the NLVR (dev) dataset for 6000
images/captions pairs. So, we have roughly three samples per
caption only. To improve the model, we used K-means
clustering and trained those clusters with the Support Vector
Machine algorithm [12] [13]. By taking fifteen clusters, the
result got improved. Equation 4 was used to calculate
accuracy.

Accuracy= TPATN
y (TP+TN+FP+FN

“)

Where TP = True Positives, TN = True Negatives,
FP = False Positives, and F'N = False Negatives
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Figure 2: Result from Multimodal Image Retrieval combining image and text
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IV.EXPERIMENTAL RESULT

In this paper, we used NLVR Dataset. NLVR is a
dataset for joint reasoning about natural language and
images with a focus on semantic diversity,
compositionality, and visual reasoning challenges.
NLVR dataset is popular for visual question-
answering problems and visual reasoning. Having a
benchmark performance in visual reasoning, we
choose the NLVP dataset for our experiment. Because
of computational limitations, we have used only the
development dataset, and this development dataset
covers 6000 images and JSON test data. Using the
KNN algorithm, we get 79 percent accuracy. The
SVM algorithm showed 92 percent accuracy (Figure
3). We have visualized our result on page 4. In figure
2, we also have shared the result of our proposed
method adding a few examples of query (text &
image) and result.

Our main metric for image retrieval is accuracy. We
computed the percentage of test queries where at least
one target is the correct image within the top K
retrieved images. Each experiment is repeated 10
times to obtain a stable retrieval performance. Two of
the most well-known assessment measures are
precision and Recall. In any case, the weakness of
recall is that it is determined for the whole retrieved
set and is unaffected by the rankings of the significant
substances in the retrieved list.

Models accuracy

KNN VM

Figure 3: KNN & SVM Algorithm Accuracy

CONCLUSION

In this paper, we explored Multimodal based image
and text query for image retrieval. We experimentally
evaluated the feature fusion layer modifying image
text residual gating. In the future, we would like to try
much Dbigger and benchmark datasets like
Fashion200k and Fashion 1Q. To make our model
robust, we hope to compare it with state of the arts
multimodal fusion architectures.
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