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Composed query image retrieval
based on triangle area triple loss
function and combining CNN
with transformer

Zhiwei Zhang, Liejun Wang"“ & Shuli Cheng

The existing typical combined query image retrieval methods adopt Euclidean distance as sample
distance measurement method, and the model trained by triple loss function blindly pursues absolute
distance between samples, resulting in unsatisfactory image retrieval performance. Meanwhile,
these methods singularly adopt Convolutional Neural Network (CNN) to extract reference image
features. However, receptive field of convolution operation has the characteristics of locality, which

is easy to cause the loss of edge feature information of reference images. In view of shortcomings

of these methods, the following improvements are proposed in this paper: (1) We propose Triangle
AreaTriple Loss Function (TATLF), which adopts Triangle Area (TA) as measurement of sample
distance. TA comprehensively considers the absolute distance and included angle between samples,
so that the trained model has better retrieval performance; (2) We combine CNN with Transformer to
simultaneously extract local and edge features of reference images, which can effectively reduce the
loss of reference images information. Specifically, CNN is adopted to extract local feature information
of reference images. Transformer is used to pay attention to the edge feature information of reference
images. Extensive experiments on two public datasets, Fashion200k and MIT-States, confirm the
excellent performance of our proposed method.

Researchers began study on image retrieval in the 1970s. Initially, text-based image retrieval (TBIR)' was studied.
TBIR requires humans to manually label images, which is inefficient and highly subjective. The new retrieval
technology appeared in the 1990s: content-based image retrieval (CBIR)>?. Since CBIR only extracts and ana-
lyzes the low-level features of the image, it is often very different from the “original intention” of query. In view
of shortcomings of CBIR technology, semantic-based image retrieval (SBIR)* technology has been proposed.
SBIR considers not only the low-level features of the image, but also the high-level features of the image, such as
spatial relationship, scene, and emotion.

Image retrieval is widely used in various fields, which can be divided into medical>® and non-medical fields”*.
In medical field, auxiliary diagnosis is carried out through image retrieval technology, which helps doctors to
formulate treatment plans quickly and accurately. In non-medical field, image retrieval is used for information
filtering, such as shopping and travel.

In recent years, single-modal image retrieval technology has been unable to meet retrieval requirements of
users. How to quickly and accurately retrieve the image information required by users has become a research
hot spot in the field of image retrieval. When the task of retrieving target images by reference images is per-
formed, existing reference images cannot accurately express the inner thought of users, which eventually leads
to the inability to retrieve “ideal” target images. Hence, Combined query image retrieval is gradually proposed
to solve this problem.

The core of combined query image retrieval”!® is describe a reference image through text, so as to achieve
purpose of retrieving the target image. As shown in Fig. 1, there is a reference image of “Eiffel Tower at daytime”,
but we want to find a target image of “Eiffel Tower at night”, so we need to describe the difference between the
reference image and the target image through text. Specifically, we need to modify the reference image features
by the text features. How to modify it? Where to modify it? These two research difficulties have been the focus of
research in this field. In recent years, Vo et al. proposed the Text Image Residual Gating (TIRG) method!!, which
well solved problems of “how to modify” and “where to modify”. However, the sample distance measurement
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Figure 1. Example of image retrieval using reference image and text as query. (Created by ‘Microsoft Office
Visio 2013’ https://www.microsoft.com/zh-cn/microsoft-365/previous-versions/microsoft-vision-2013).

method in the TIRG adopts Euclidean distance, and model trained by triple loss function blindly pursues abso-
lute distance between samples, resulting in poor image retrieval performance. Meanwhile, the TIRG only adopts
CNN to extract reference image features. CNN extracts image features through convolution, but the inherent
locality of receptive field of convolution operation can easily cause the loss of edge feature information of refer-
ence images. Therefore, it is difficult to match target features with combined features.

In view of the above shortcomings, the main contributions of this paper are as follows:

(1) We propose Triangle Area Triple Loss Function (TATLF), which adopts TA as measurement of sample
distance. TA considers not only the absolute distance between samples, but also the included angle between
samples.

(2) We combine CNN with Transformer to capture local and edge feature information of reference images,
which can reduce the loss of information. Specifically, the local feature information of reference images
is extracted by CNN. Meanwhile, the edge feature information of reference images is focused through
Transformer.

(3) Extensive experiments on two public datasets, Fashion200k and MIT-States, confirm the excellent per-
formance of our proposed method. Taking R@1 as an example, the retrieval accuracy of our method is
improved by 3.6% compared to TIRG on the Fashion200k dataset.

The remaining content of this paper is as follows. Section "Related work" is related work. Section "Method"
details network architecture and related modules. Section "Experiments" is experiments. Section "Conclusion"
gives conclusions.

Related work

Combinatorial learning. The core of combinatorial learning is a complex concept that can be extended by
combining multiple simple concepts or attributes. With the complexity of retrieval background, single-modal
retrieval technology has been unable to meet retrieval needs of users. In order to improve the universality of
image retrieval, multi-modal image retrieval has gradually entered people’s field of vision. In recent years, Visual
Question Answering (VQA) has received extensive attention'>"'.

Combined query image retrieval methods. In the image retrieval field, many methods have been pro-
posed to fuse image and text inputs'»'>-!%, Relationship' is a relational reasoning-based method that uses CNN
to extract image features, LSTM to extract text features, and then creates a set of relational features. These fea-
tures are passed through an MLP, and they are averaged to obtain a combined representation. To “influence”
the source image, FILM'® method applies an affine transformation to the output of hidden layers in network.
Another prominent method is parameter hashing'’, where one of fully connected layers in CNN act as the
dynamic parameter layer. Zhang et al.'® adopted Jumping Graph Attention Network to model visual and textual
features. TIRG" extracts reference image features by ResNet-18, extracts text features by LSTM, then reference
image features and text features are combined in a 2d space using gating connections and residual connections.

Sample distance measurement. TIRG!! method uses Euclidean distance as measurement of sample
distance. As shown in Fig. 2, the model trained by triplet loss function always tends to make absolute distance
between anchor samples and positive samples smaller, and make absolute distance between anchor samples and
negative samples larger. The above situation is likely to cause the model to blindly pursue absolute distance rela-
tionship, while ignoring angular relationship between each other, resulting in low image retrieval accuracy and
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Figure 2. Triplet loss function for training, Euclidean distance as sample distance measurement. (Created by
‘Microsoft Office Visio 2013’ https://www.microsoft.com/zh-cn/microsoft-365/previous-versions/microsoft-
vision-2013).

poor model generalization ability. The Cosine distance is similar to the Euclidean distance. The model trained
by triple loss function blindly pursues angle relationship, while ignoring absolute distance relationship between
each other. Aiming at the defects of Euclidean distance and Cosine distance, we comprehensively consider both
absolute distance and angle, and propose Triangle Area Triple Loss Function (TATLF). TATLF uses Triangle
Area (TA) as measurement of sample distance. The method of TA measurement considers both absolute distance
relationship and angle relationship. When TA performs sample distance measurement, absolute distance and
angular distance both promote and restrict each other. Therefore, the trained model is more likely to produce
less errors and fewer false positives than using absolute or angular distance measurement alone. Therefore, com-
pared with the Euclidean distance or Cosine distance measurement method alone, TA method is more reason-
able, and the trained model has stronger generalization ability.

Transformer. Transformers were originally proposed for Natural Language Processing'®? and Text
Embedding?'. As researchers continue to explore, Transformers can be applied not only to object detection®
and image classification®-%, but also to semantic segmentation®® and medical image segmentation?”?. Based
on the powerful global modeling ability of Transformer, we introduce Transformer into combined query image
retrieval. We encode the reference image through CNN and Transformer to reduce the loss of reference images
information. CNN is used to extract local feature information of reference images. Meanwhile, Transformer is
used to model global correlation, focusing on the edge feature information of reference images.

Method

In this section, our research motivation and network architecture are described firstly. Then, relevant modules
in the network architecture are introduced in detail. Finally, the proposed sample distance measure method TA
and Triangle Area Triplet Loss Function (TATLF) are introduced.

Research motivation. Recently, there are some defects in combined query image retrieval methods that
need to be deal with: (1) Combined query image retrieval method uses Euclidean distance as the sample distance
measurement method, but Euclidean distance only considers the absolute distance between samples. (2) These
methods use single CNN to extract image features, which can easily lead to loss of edge feature information in
the image. Based on the above considerations, the goal of this paper is to design a new sample distance measure-
ment method, so that the model trained by triple loss function comprehensively considers the absolute distance
and angle relationship between samples. Meanwhile, we combine CNN with Transformer with powerful global
modeling capabilities to encode images. Therefore, our network model has the ability to capture local feature
information and edge feature information of images simultaneously.

Network architecture. As shown in Fig. 3, our goal is to learn the embedding space of text+image query
and target images, making matching pairs (query, image) closer. On the one hand, we encode the local feature
information and edge feature information of the reference image x through CNN and Edge Feature Extraction
(EFE) module. On the other hand, LSTM is used to extract text features.

We encode the reference image x by the upper and lower branches. In the upper branch, CNN is used to
encode the reference image x to get 2d spatial feature vector fig1 (x), which is described as Eq. (1):

fimg1 (x) = ¢y € REXC (1)

where B and C represent batch and the number of channels, respectively. ¢; represent local features of the refer-
ence image.
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Figure 3. The system pipeline for training. CNN and Edge Feature Extraction (EFE) module are used to encode
the reference image x. LSTM is used to extract text features. Finally, train the model via TATLE (Created by
‘Microsoft Office Visio 2013 https://www.microsoft.com/zh-cn/microsoft-365/previous-versions/microsoft-
vision-2013).

In the lower branch, the EFE module is adopted to encode the reference image x to obtain 2d spatial feature
vector fimg2(x), which is described as Eq. (2):

fimg2(x) =¢. € RB*C (2)

where ¢, represent edge features of the reference image.
Then, we fuse ¢; and ¢, to get ¢, it can be expressed as Eq. (3):

el = Q1 + Pe (3)

where ¢, represents the reference image fusion features.
Simultaneously, we use LSTM to extract text features fiext (¢), as in Eq. (4):

frext (t) = ¢y € RE*C (4)

where ¢, is the hidden state of last time step.
Next, we combine ¢, and ¢ in a 2d space with described as Eq. (5):

¢;§ = wg]igate (¢el» ¢t) + ©rfres (¢el> ¢t) (5)

where q};gt represents the combination of text features and reference image fusion features. foate, fres € REXCxWxH

are gating features and residual features respectively, W stands for width and H for height. wg and w, represent
their learnable weights respectively. The gating connection fgare (qbel, ¢,) is as follows Eq. (6):

Soate (el &¢) = & (Wga % RELU (We1  [¢ers ¢1])) () et (6)
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Figure 4. The Edge Feature Extraction (EFE) module. (a) The edge feature information extraction process.
(b) The Transformer encoder module. Transformer layers is represented by n. The paper uses 4-layer or 8-layer
Transformers, that is, n=4 or n=8. Each Transformer layer includes Layer Norm, MSA and MLP. (Created by
‘Microsoft Office Visio 2013’ https://www.microsoft.com/zh-cn/microsoft-365/previous-versions/microsoft-
vision-2013).

where o represents the sigmoid activation function, () is element wise product, * represents 2d convolution
with batch normalization, W, and Wy are 3 x 3 convolution filters. The residual connection fres (d)gl, ¢t) is as
follows Eq. (7):

fres (e» &) = Wra x RELU (Wi % ([det> $4])) )

where W,; and W,, are 3 x 3 convolution filters.
Last but not least, we extract target image features through CNN and train our network model by means of
TATLE

Edge feature extraction (EFE). The EFE module is shown in Fig. 4, which includes two parts (a) and (b).
Specifically, as shown in Fig. 4a, we let x € R32X3x224x224 denote the set of input tokens. Firstly, reshape x to
R32x768x14x14 414 then compress H and W dimensions to one dimension, that is, R32x768x196 Finally, trans-
pose the dimension to x; € R32*196x768 Agin Eq. (8):

xX] = transpose{ﬂatten[Re(x)]} (8)

where Re represents reshape operation. flatten represents compress operation, transpose represents transpose
operation.

Second, we input x; to Transformer layer for processing. The Transformer is set to 4 or 8 layers, and the
structure of each layer is shown in Fig. 4b.

The feature vectors are first patch embedding in Transformer layer. We map the vectorized patches x, into
a latent D-dimensional embedding space using a trainable linear projection. To encode the patch spatial infor-
mation, we add positional embeddings to the patch embeddings for preserve the positional information. As
follows Eq. (9):

20 =[x E; XE; X}I,VE] + Epos )
where E € RP*OxD g the patch embedding projection, and Epos € RV*P denotes the position embedding.

The Transformer encoder consists of [ layers of Multi-head Self Attention (MSA) and Multi-Layer Perceptron
(MLP) blocks. Output of the I-th layer can be written as follows Egs. (10) and (11):
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Figure 5. Triangle Area Triplet Loss Function for training, TA is adopted as sample distance measurement.
(Created by ‘Microsoft Office Visio 2013 https://www.microsoft.com/zh-cn/microsoft-365/previous-versions/
microsoft-vision-2013).

2 = MSA(LN(z1-1)) + 211 (10)

a=MLP(LN (7)) +7 (11)

where LN (-) denotes the layer normalization operator and z; is the encoded image regresentation. When this

f 1 he final fter Transfa 1 i [R32x196x768 f
paper set Transformer layers to 8, the final output after Transformer layers is zg € . The output o
Transformer is transposed to get x, € R32*768x19,

Next, we reshape x; to R32X3072X7X7 "and pass through two convolutional layers to convert the number of
channels to 512. The purpose is keeping the number of output channels of image features consistent with the
number of output channels of text features, so as to facilitate feature combination. The output after two convolu-
tion operations is x3 € R32X512X7%7 Agin Eq. (12):

x3 = Wa{Wi[Re(x2)]} (12)

where W1, W represent 3 x 3 convolutions. WLER3072x1536 3077 is the channels of input and 1536 is the channels
of output. W,ER36X512 the 1536 is the channels of input and 512 is the channels of output.

Finally, we perform dimensional compression to compress 4d image features to 2d for effortless combination
with text features. The compression process adopts pool, view and full connection operation. As in Eq. (13):

Xout = FC{view [pool(x3)]} (13)

where FC represents full connection operation.

In the EFE module, Transformer is used in our network, which makes the network pay attention to the edge
feature information that CNN is easy to ignore. Therefore, CNN and EFE module are used for feature extraction
of reference images in our network, which has the ability to jointly model edge information and local informa-
tion. Thus, our network has outstanding performance than single CNN.

The proposed sample distance measurement method: TA. TA is a completely new sample meas-
urement proposed in this paper. The main idea of TA is area measurement, that is, Triangle Area is adopted
to measure sample distance. As shown in Fig. 5, the sample distance between anchor sample (a) and negative
sample (b) is represented by the area of triangle (Oab). Similarly, the sample distance between anchor sample
(a) and positive sample (c) is represented by the area of triangle (Oac). Triangle Area not only considers the
absolute distance between samples, but also included angle. More importantly, Triangle Area perfectly utilizes
optimal weights of the two, and there is unnecessary to consider optimal weights of the two separately. As shown
in Fig. 5, model is trained with triple loss function, and TA is adopted as sample distance measurement. In the
training process, TA is only necessary to make the area of triangle (Oac) enclosed by anchor sample (a) and
positive sample (c) smaller, and make the area of triangle (Oab) enclosed by anchor sample (a) and negative
sample (b) larger. In this case, the trained model comprehensively considers distance relationship and included
angle relationship. In this way, TA makes sample test more rational, effectively enhances generalization ability
of model and greatly improves accuracy of image retrieval. The calculation method of TA is shown in Egs. (17)
and (18).
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Triangle area triplet loss function (TATLF). We suppose have a training minibatch of B queries,
Vi = frombine (xq“ery , t,») is the final modified representation of image text query, and ¢>i+ = fimg (xmrget is the

i i
representation of target image of that query. We create a set \'; consisting of one positive example ¢; and K — 1
negative examples ¢, ,... ,¢;_; (by sampling from the minibatch ¢>j+ where j is not i ). We repeat this M times,

denoted as ./\/[”, to evaluate every possible set. (The maximum value of M is ( Ili ), but we often use a smaller value

for tractability.)
We use the following Triangle Area Triplet Loss Function (TATLF), as shown in Eq. (14):
1 B M exp{TA(l/f,-,qﬁ;r)}
i=1 m=1 Z¢j€/\/imeXp{TA(¢i’¢f)}

When dataset is small (MIT-States), we set K = 2, M = B — 1, the following loss function Eq. (15) can be
obtained from Eq. (14):

1 B M
L= 5> D log{1+exp{TA(Vi0,,,) — TA(Vi8) }} (15)
i=1 m=1

When dataset is large (Fashion200k), we set K = B, M = 1, the following loss function Eq. (16) can be
obtained from Eq. (14):

1 TA(vi ¢
L= 3 E —log exp{ (1// i )} (16)
i=1

S e 41107
where TA is a new sample distance measurement method proposed in this paper, it is described in the previous

section. Depending on the size of dataset, TA has two forms of computation.
When dataset is small (MIT-States), the calculation method of TA is shown in Eq. (17):

1 Vi i\’
TA(Wi, ¢i)s = ~ (Wil lgih*< 1 — ( )
(i, 9i) 4(W llpil) { il } (17)
When dataset is large (Fashion200k), the calculation method of TA is shown in Eq. (18):
1 Vi @i )2
TA(WYi, i) = = 1illdily /1 — (18)
(i> i)y 2|¢||¢| <|1ﬁill¢i|

where ; generally refers to feature vector after query images and texts are combined, and ¢; generally refers to
feature vector of positive or negative samples.

In conclusion, when dataset is small (MIT-States), our experiment uses Egs. (15) and (17) to train model. The
square of Triangle Area is used to measure sample distance, which will make difference between samples larger,
convergence is slower, preventing model from overfitting. When dataset is large (Fashion200k), our experiment
uses Egs. (16) and (18) to train model. The Triangle Area is used as measurement of sample distance, so that
difference between samples will not increase, convergence is faster and training time cost is effectively saved.

Experiments

Experimental setups. The experiment uses two available public datasets Fashion-200 k and MIT-States. The
pytorch framework is used in our experiments, the version of python is 3.6. We use ResNet18 and Transformer
(output feature size=512) as our image encoder and LSTM with random initial weights (hidden size=512) as
our text encoder. The evaluation metric of retrieval is recall (R@K), which is calculated as percentage of test
queries. The values of k for large (Fashion-200 k) and small (MIT-States) datasets are set to 1, 10, 50 and 1, 5, 10,
respectively. And for the training of the model is using SGD optimizer with learning rate of 0.01, momentum of
0.9 and weight decay of le-6. For both Fashion-200 k and MIT-States datasets, we have default batch size of 32
and the training runs for 160 k iterations. All experiments were performed using a single NVIDIA Corporation
GV100 [TITANV] GPU.

Datasets. MIT-States® dataset contains about 60 k images, each image is described by a noun and an adjec-
tive, the noun represents the category, and the adjective represents the state. There are 245 nouns in the dataset,
of which 196 are used for training and 49 are used for testing. This split ensures that the algorithm can learn
unseen combinations of nouns. An input image (say “city”) is sampled and a text query asks to change the state
to “ancient”. The algorithm is considered successful if it retrieves the correct target image (“ancient city”) from
the pool of all test images.

Fashion200k* contains about 200 k images. There are five fashion categories in the dataset, namely: pants,
skirts, dresses, tops and jackets. Each image has a human annotated title, such as “pink mandarin collar jacket”
The training set contains 172,049 images and the test set contains 29,789 images.
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Method R@1 R@10 R@50
Han et al.®® 6.3 19.9 383
Image only"! 3.5 22.7 43.7
Text only' 1.0 12.3 21.8
Concatenation'! 119+1.0 |39.7+1.0 |62.6+0.7
Show and Tell*! 123+1.1 |402+1.7 |61.8+0.9
Param Hashing'” | 12.2+1.1 [40.0£1.1 |61.7+0.8
Relationship ' 13.0+£0.6 |40.5+0.7 |62.4%0.6
FiLM!® 129+0.7 [395+2.1 |619%19
TIRG! 14.1£0.6 |42.5+0.7 |63.8%£0.8
Zhang et al.'® 17.3+0.6 |452+09 |65.7+0.8
Ours 17.7+0.6 |46.8+0.6 |66.2+0.9

Table 1. Comparison results of retrieval performance on Fashion200k dataset.

Method R@1 R@5 R@10

Image only"! 33+0.1 [12.8+0.2 |20.9+0.1
Text only'! 74+04 |21.5+09 |32.7+£08
Concatenation'! 11.8+0.2 |30.8+0.2 |42.1+0.3
Show and Tell*! 11.9+0.1 |31.0+0.5 |42.0£0.8
Att. as Operator® 8.8+0.1 |[273+0.3 |39.1+0.3
Relationship'® 123+0.5 |31.9+0.7 |42.9+0.9
FiLM!¢ 10.1£0.3 |27.7+0.7 |38.3%0.7
TIRG! 122+04 |31.9+0.3 |43.1£0.3
Zhang et al.'® 14.2+0.5 |33.2+0.5 |45.3+0.6
Ours 132+0.8 |33.3+£1.0 |44.3+0.9

Table 2. Comparison results of retrieval performance on MIT-States dataset.

Evaluation metrics. Consistent with the baseline!', we set recall (R@K) as the evaluation metrics in this
paper. Recall is defined as the percentage of images predicted to be positive samples to the total number of
images in all positive samples. Specifically, the calculation method of recall (R@K) is shown in Egs. (19) and (20):

Il L 19
recall = —————
TP + FN (19)
1 k
R@K = -
@ ” Z(score) (20)

i=1

where TP is true-positive, FN is false-negative. K is the total number of images returned, # is the total number
of pictures of all positive samples (TP + FN), the value of score is either 1 (when prediction is positive sample)
or 0 (when prediction is negative sample), Y ;_; (score) is the number of images predicted to be positive samples
(TP), ZLI (score) € [0, k].

Experimental results. This paper compares some classical algorithms, including Show and Tell*!, Param-
eter Hashing!’, Attribute as Operator®?, Relationship'®, FiILM'®, TIRG', Zhang et al.'®.

The retrieval performance comparison results on the Fashion200k dataset are shown in Table 1. The best
number is in bold, the next best number is underlined. From Table 1, it can be clearly seen that our algorithm
outperforms other algorithms. Specifically, compared with Zhang et al.', our method improves by 0.4% on R@1,
1.6% on R@10, and 0.5% on R@50, respectively. Compared with baseline TIRG", our method improves by 3.6%
on R@1, 4.3% on R@10, and 2.4% on R@50, respectively. The above experimental results demonstrate excellent
performance of our proposed method.

The retrieval performance comparison results on the MIT-States dataset are shown in Table 2. The best
number is in bold, the next best number is underlined. From Table 2, it can be clearly seen that our algorithm
outperforms other algorithms. Specifically, compared with Zhang et al.', our method improves by 0.1% on R@5.
Compared with baseline TIRG!!, our method improves by 1.0% on R@1, 1.4% on R@5, and 1.2% on R@10,
respectively. The above experimental results demonstrate excellent performance of our proposed method.

Scientific Reports|  (2022)12:20800 | https://doi.org/10.1038/s41598-022-25340-w nature portfolio



www.nature.com/scientificreports/

Query image  Query text Retrieved images

—

change
state to
ancient

change
state to
unripe

change
state to
wrinkled

Figure 6. Qualitative Results (R@5): Retrieval examples from MIT-States Dataset. (Created by ‘Microsoft Office
Visio 2013’ https://www.microsoft.com/zh-cn/microsoft-365/previous-versions/microsoft-vision-2013).

Method Rel R@10 R@50

TIRG" 14.1+0.6 |425+0.7 |63.8+0.8
TIRG +EFE(n=8) 16.1+0.7 | 44.5£0.9 |65.6+0.8
TIRG+TATLF 15.1+0.5 | 459+0.7 |66.1+£0.9
Ours 17.7+0.6 |46.8+£0.6 |66.2+0.9

Table 3. Ablation studies of our method on Fashion200k dataset.

Method Rel R@5 R@10

TIRG! 122+04 |31.9+03 |43.1+03
TIRG+EFE(n=4) 126+0.5 |325£04 |43.9+05
TIRG + TATLF 13.1£0.3 |322+0.6 |43.5+05
Ours 13.2+£0.8 |33.3+1.0 |44.3+09

Table 4. Ablation studies of our method on MIT-States dataset.

Qualitative Results: The Qualitative Results on the MIT-States dataset is shown in Fig. 6. Query image in
the first row is “city”, meanwhile, state of the query image is modified to “ancient” through text, images on the
right are retrieved images. Target images are marked with red border. Query image in the second row is “apple”,
meanwhile, state of the query image is modified to “unripe” through text, images on the right are retrieved
images. Target images are marked with red border. Query image in the third row is “dog”, meanwhile, state of
the query image is modified to “wrinkled” through text, images on the right are retrieved images. Target images
are marked with red border.

Ablation studies. On the influence of EFE module (mainly refers to transformer) and TATLE. ~ As shown
in Tables 3 and 4, “TIRG + EFE” refers to adding EFE module on the basis of TIGR. “TIRG + TATLF” refers to
training TIRG by Triangle Area Triplet Loss Function. “Ours” refers to training the network model proposed
in this paper by Triangle Area Triplet Loss Function. Compared with baseline TIRG'! on the Fashion200k data-
set, take R@1 as an example, retrieval accuracy of “TIRG+EFE” is improved by 2.0%, retrieval accuracy of
“TIRG + TATLF” is improved by 1.0%, retrieval accuracy of “Ours” is improved by 3.6%. Compared with base-
line TIRG!" on the MIT-States dataset, take R@1 as an example, retrieval accuracy of “TIRG + EFE” is improved
by 0.4%, retrieval accuracy of “TIRG + TATLF” is improved by 0.9%, retrieval accuracy of “Ours” is improved
by 1.0%.

Visible from above, using the ability of Transformer to model global correlation can focus on edge feature
information that CNN is easy to ignore, which can reduce the loss of edge feature information of the reference
image. Therefore, the retrieval accuracy is improved.
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Method R@1 R@10 R@50
Ours(n=4) 15.6+0.7 | 44.7£0.9 |652+£04
Ours(n=38) 17.7+£0.6 | 46.8£0.6 |66.2+0.9

Table 5. Ablation studies of Transformer layers on Fashion200k dataset.

Method R@1l R@5 R@10
Ours(n=4) 13.2+0.8 | 33.3+1.0 |443+£09
Ours(n=38) 12.8+0.4 | 32.5+0.5 |43.6+£0.8

Table 6. Ablation studies of Transformer layers on MIT-States dataset.

Method R@1 R@10 R@50

Ours(Ed) 16.1+£0.7 | 44.5£09 |65.6%£0.8
Ours(Cd) | 15.7+0.5 |44.7+0.6 |659%1.1
Ours 17.7+£0.6 | 46.8+0.6 |66.2+0.9

Table 7. Ablation studies of loss function on Fashion200k dataset.

Method Rel R@5 R@10

Ours(Ed) 12.6+£0.5 |32.5£04 |43.9%05
Ours(Cd) 129+0.7 |32.4+05 |43.7+£0.8
Ours 13.2+0.8 [333+1.0 |443+09

Table 8. Ablation studies of loss function on MIT-States dataset.

Compared with the previous triple loss function, TATLF uses Triangle Area as measurement between samples.
Triangle Area not only considers the absolute distance between samples, but also considers the angle between
samples, which makes the trained model have stronger generalization ability.

On the influence of transformer layers. ~As shown in Table 5, on the Fashion200k dataset, the retrieval perfor-
mance of “Ours(n=8)” is better than that of “Ours(n=4)". Specifically, take R@1 as an example, the retrieval
accuracy of “Ours(n=8)” is improved by 2.1% compared to “Ours(n=4)". As shown in Table 6, on the MIT-
States dataset, the retrieval performance of “Ours(n=4) is better than that of “Ours(n=8)”. Specifically, take
R@1 as an example, the retrieval accuracy of "Ours(n=4)" is improved by 0.4% compared to “Ours(n=8)" It is
obvious that increasing the number of Transformer layers can improve the retrieval performance on large data-
set (Fashion200k). But for small dataset (MIT-States), Increasing the number of Transformer layers will cause
information redundancy, which will result in an insignificant increase in retrieval performance.

On the influence of loss function. ~As shown in Tables 7 and 8, “Ours(Ed)” refers to training our network model
by Triplet Loss Function, Euclidean distance as sample distance measurement. “Ours(Cd)” refers to training
our network model by Triplet Loss Function, Cosine distance as sample distance measurement. “Ours” refers
to training our network model by Triangle Area Triplet Loss Function. “Ours” has better retrieval performance
than “Ours(Ed)” and “Ours(Cd)”. Specifically, take R@1 as an example, on the Fashion200k dataset, the retrieval
accuracy of “Ours” improved by 1.6% compared to “Ours(Ed)” and 2.0% compared to “Ours(Cd)”. On the MIT-
States dataset, the retrieval accuracy of “Ours” increased by 0.6% compared to “Ours(Ed)”, and increased by
0.3% compared to “Ours(Cd)”. The reason is that the model trained by TATLF not only considers the absolute
distance between samples, but also considers the angle between samples, which makes the sample testing more
reasonable. Thus, retrieval performance of the model is improved.

Discussion. Through the above comparative experiments and ablation studies, we find that combined query
image retrieval has great challenges in case of capture reference image feature information and sample distance
measurement. But the network we designed achieved great results. Compared with other comparison networks,
our network has stronger ability to capture image feature information, and the sample distance metric is more
reasonable. However, our method still has room for optimization. In future research, we will try to reduce the
amount of network parameters without affecting retrieval performance.
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Conclusion

In this paper, we propose Triangle Area Triple Loss Function (TATLF), which adopts Triangle Area (TA) as
measurement of sample distance. The advantage of the model trained by TATLF not only considers the distance
relationship between samples, but also considers the angle relationship. As a result, retrieval performance of the
model is improved. Furthermore, we combine CNN with Transformer. It allows our network model to have the
ability to jointly model local information and edge information, which has better performance than single CNN.
Extensive experiments on two public datasets, Fashion200k and MIT-States, confirm excellent performance of
our proposed method.

Data availability

The MIT-States and Fashion200k datasets are openly available at: http://web.mit.edu/phillipi/Public/states_and_
transformations/index.html (accessed on 27 March 2022) and https://github.com/xthan/fashion-200k (accessed
on 27 March 2022).

Received: 24 May 2022; Accepted: 29 November 2022
Published online: 02 December 2022

References

1. Krishnan, A., Rajesh, S., Shylaja, S. S. Text-based Image Retrieval Using Captioning. in 2021 Fourth International Conference on
Electrical, Computer and Communication Technologies (ICECCT), Erode, India, 15-17 Sept. 2021: 1-5 (2021).

2. Wankhede, V. A.; Mohod, P. S. Content-based image retrieval from videos using CBIR and ABIR algorithm. in 2015 Global Con-
ference on Communication Technologies (GCCT), Thuckalay, India, 23-24 April. 2015: 767-771 (2015).

3. Sabahi, F, Ahmad, M. O., Swamy, M. N. S. Content-based image retrieval using perceptual image hashing and hopfield neural
network. in 2018 IEEE 61st International Midwest Symposium on Circuits and Systems (MWSCAS), Windsor, ON, Canada, 5-8
Aug. 2018: 352-355 (2018).

4. Song, K. et al. Discriminative deep feature learning for semantic-based image retrieval. IEEE Access. 2018(6), 44268-44280 (2018).

5. Karthik, K.; Kamath, S. S. A hybrid feature modeling approach for content-based medical image retrieval. in 2018 IEEE 13th
International Conference on Industrial and Information Systems (ICIIS), Rupnagar, India, 1-2 Dec. 2018: 7-12 (2018).

6. Xu, L. et al. Graph regularized hierarchical diffusion process with relevance feedback for medical image retrieval. IEEE Access.
2021(9), 25062-25072 (2021).

7. Spera, E. et al. Performance Comparison of Methods Based on Image Retrieval and Direct Regression for Egocentric Shopping
Cart Localization. in 2018 IEEE 4th International Forum on Research and Technology for Society and Industry (RTSI), Palermo,
Italy, 10-13 Sept. 2018: 1-5 (2018).

8. Chen, P, Wu, J., Wang, Q. Rural Scenic Spots Retrieval through Deep Learning Picture Information. in 2021 International Confer-
ence on Culture-oriented Science & Technology (ICCST), Beijing, China, 18-21 Nov. 2021: 222-226 (2021).

9. Hosseinzadeh, M., Wang, Y. Composed query image retrieval using locally bounded features. in Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR), Seattle, WA, USA, 13-19 June. 2020: 3593-3602 (2020).

10. Anwaar, M. U, Labintcev, E., Kleinsteuber, M. Compositional learning of image-text query for image retrieval. in Proceedings of
the IEEE/CVF Winter Conference on Applications of Computer Vision (WACV), Waikoloa, HI, USA, 3-8 Jan. 2021: 1139-1148
(2021).

11. Vo, N. et al. Composing text and image for image retrieval-an empirical odyssey. in Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition (CVPR), Long Beach, CA, USA, 15-20 June. 2019: 6432-6441 (2019).

12. Qiao, Y, Yu, Z,, Liu, J. VC-VQA: visual calibration mechanism for visual question answering. in 2020 IEEE International Confer-
ence on Image Processing (ICIP), Abu Dhabi, United Arab Emirates, 25-28 Oct. 2020: 1481-1485 (2020).

13. Lee, S. et al. Visual question answering over scene graph. in 2019 First International Conference on Graph Computing (GC),
Laguna Hills, CA, USA, 25-27 Sept. 2019: 45-50 (2019).

14. Liu, J. et al. Sequential visual reasoning for visual question answering. in 2018 5th IEEE International Conference on Cloud Com-
puting and Intelligence Systems (CCIS), Nanjing, China, 23-25 Nov. 2018: 410-415 (2018).

15. Santoro, A. et al. A simple neural network module for relational reasoning. NIPS 2017, 4967-4976 (2017).

16. Perez, E. et al. Film: Visual reasoning with a general conditioning layer. AAAI 2018, 3942-3951 (2018).

17. Noh, H,; Seo, P. H.; Han, B. Image question answering using convolutional neural network with dynamic parameter prediction. in
Proceedings of the IEEE conference on computer vision and pattern recognition (CVPR), Las Vegas, NV, USA, 27-30 June. 2016:
30-38 (2016).

18. Zhang, E et al. Joint attribute manipulation and modality alignment learning for composing text and image to image retrieval.
ACM Multimedia 2020, 3367-3376 (2020).

19. Saltz, P. et al. Dementia Detection using Transformer-Based Deep Learning and Natural Language Processing Models. in 2021
IEEE 9th International Conference on Healthcare Informatics (ICHI), Victoria, BC, Canada, 9-12 Aug. 2021: 509-510 (2021).

20. Li, H. et al. An augmented transformer architecture for natural language generation tasks. in 2019 International Conference on
Data Mining Workshops (ICDMW), Beijing, China, 8-11 Nov. 2019: 1-7 (2019).

21. Li, J., Huang, G., Chen, J. & Wang, Y. Short text understanding combining text conceptualization and transformer embedding.
IEEE Access. 2019(7), 122183-122191 (2019).

22. Liang, H. et al. Transformed dynamic feature pyramid for small object detection. IEEE Access. 2021(9), 134649-134659 (2021).

23. Ding, M. et al. A Transformer-based Network for Pathology Image Classification. in 2021 IEEE International Conference on
Bioinformatics and Biomedicine (BIBM), Houston, TX, USA, 9-12 Dec. 2021: 2028-2034 (2021).

24. Yuan, Y. & Lin, L. Self-supervised pretraining of transformers for satellite image time series classification. IEEE J. Select. Top. Appl.
Earth Observ. Remote Sens. 2020(14), 474-487 (2020).

25. Lu, K;; Xu, Y; Yang, Y. Comparison of the potential between transformer and CNN in image classification. in ICMLCA 2021; 2nd
International Conference on Machine Learning and Computer Application, Shenyang, China, 17-19 Dec. 2021: 1-6 (2021).

26. Gao, L. et al. STransFuse: Fusing swin transformer and convolutional neural network for remote sensing image semantic segmenta-
tion. IEEE J. Select. Top. Appl. Earth Observ. Remote Sens. 2021(14), 10990-11003 (2021).

27. Guo, D;; Terzopoulos, D. A transformer-based network for anisotropic 3d medical image segmentation. in 2020 25th Inter-national
Conference on Pattern Recognition (ICPR), Milan, Italy, 10-15 Jan. 2021: 8857-8861 (2021).

28. Pham, Q. et al. Segtransvae: Hybrid Cnn - Transformer with Regularization for Medical Image Segmentation. ISBI 2022, 1-5
(2022).

29. Isola, P; Lim, J. J.; Adelson, E. H. Discovering states and transformations in image collections. in Proceedings of the IEEE confer-
ence on computer vision and pattern recognition, Boston, MA, USA, 7-12 June. 2015: 1383-1391 (2015).

Scientific Reports |

(2022) 12:20800 | https://doi.org/10.1038/s41598-022-25340-w nature portfolio


http://web.mit.edu/phillipi/Public/states_and_transformations/index.html
http://web.mit.edu/phillipi/Public/states_and_transformations/index.html
https://github.com/xthan/fashion-200k

www.nature.com/scientificreports/

30. Han, X. et al. Automatic spatially-aware fashion concept discovery. in Proceedings of the IEEE international conference on com-
puter vision, Venice, Italy, 22-29 Oct. 2017: 1472-1480 (2017).

31. Vinyals, O. et al. Show and tell: A neural image caption generator. in Proceedings of the IEEE conference on computer vision and
pattern recognition, Boston, MA, USA, 7-12 June 2015: 3156-3164 (2015).

32. Nagarajan, T. & Grauman, K. Attributes as operators: factorizing unseen attribute-object compositions. ECCV 2018, 172-190
(2018).

Author contributions

Conceptualization and methodology, Z.Z.; software, Z.Z.; validation, S.C.; formal analysis, S.C.; data curation
and writing original draft preparation, Z.Z.; writing-review and editing, L.W. All authors have read and agreed
to the published version of the manuscript.

Funding
This research was funded by the Open project of Key Laboratory in Xinjiang Uygur Autonomous Region of China
under Grant 2022D04028, and the National Science Foundation of China under Grant U1903213.

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to L.W.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2022

Scientific Reports |

(2022) 12:20800 | https://doi.org/10.1038/s41598-022-25340-w nature portfolio


www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Composed query image retrieval based on triangle area triple loss function and combining CNN with transformer
	Related work
	Combinatorial learning. 
	Combined query image retrieval methods. 
	Sample distance measurement. 
	Transformer. 

	Method
	Research motivation. 
	Network architecture. 
	Edge feature extraction (EFE). 
	The proposed sample distance measurement method: TA. 
	Triangle area triplet loss function (TATLF). 

	Experiments
	Experimental setups. 
	Datasets. 
	Evaluation metrics. 
	Experimental results. 
	Ablation studies. 
	On the influence of EFE module (mainly refers to transformer) and TATLF. 
	On the influence of transformer layers. 
	On the influence of loss function. 

	Discussion. 

	Conclusion
	References


