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Image retrieval based on transformer and asymmetric learning strategy
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Abstract: Objective Image retrieval is one of the essential tasks in computer vision. Most of deep learning-based image
retrieval methods are implemented via learning-symmetrical strategy. Training images are profiled into a pair and then melt
into convolutional neural network ( CNN) for features extraction. Similar loss is utilized to learn the hash-relevant images.
Consequently, a feasible performance can be obtained through this symmetric learning scheme. In recent years, to improve
its performance better, a mass of the CNNs-improved are extended horizontally or deepened vertically. CNNs-based struc-
ture is complicated and time-consuming for large scale image datasets. Recently, the Transformer has been developing to

the domain of computer vision and its image classification ability is improved intensively. Our Transformer-relevant research
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is melted into the task of large-scale image retrieval method because the Transformer is feasible for large scale dataset like
ImageNet-21k and JFT-300M. For symmetric methods, the overall image dataset-related should be involved in the training
phase. Meanwhile, query images have to be added into a pair for training, which results in the problem of time-consuming.
The hash function between the training image and the query image is learnt in terms of similar calculation. The information-
supervised is used for the similarity matrix only, which is insufficient to be used. A learning-asymmetric scheme is opti-
mized for training based on some images-selected only. Furthermore, the corresponding hash function can be learnt from the
hash loss. For the rest of images, their feature representations can be picked out as well. Moreover, classification con-
straints can be used for the query images and the corresponding classification loss can be optimized in terms of learning-
altered technology. To resolve the problems of time-consuming and the insufficient information-supervised, we develop a
deep supervised hash image retrieval method in terms of the integrated Transformer and learning-asymmetric strategy.
Method For the training images, a Transformer-designed can be utilized to generate the hash representation of these ima-
ges. The hash loss is used to guarantee the hash representation of images is closer to the real hash value. In the original
Transformer, its input is derived of one-dimensional data. First, each image is required to be divided into multiple blocks.
Then, each block is mapped into one-dimensional vector. At last, to form the one-dimensional vector, these one-dimen-
sional vectors of all blocks of one image are concatenated together. Our Transformer is designed and composed of 1) two
normalization layers, 2) a multi-head attention module, 3) a fully-connected module, and 4) a hash layer. First, the
input one-dimensional vector is penetrated into the normalization layer. Next, the output of the normalization layer is fed
into the multi-head attention layer of those are 16 heads. Hence, multiple local features of images can be captured. Addi-
tionally, the residual link is developed to integrate the initial one-dimensional vector with the output of the multi-head atten-
tion layer. By this way, the global features of images can be preserved better. Finally, the representation vector of each
image can be obtained through the fully-connected module and the hash layer. In this study, the process for generating rep-
resentation vectors mentioned above will be replicated for 24 times. For the rest of images, the classification loss is taken as
a constraint, which can be used to learn the hash representation of these images in an asymmetric way. To improve the
training efficiency, supervised information can be used effectively. The query images are not required to be involved in.
The model can be trained via learning-alternated technology. Specifically, first, hash representation of the query images and
the weights of the classification are configured and initialized randomly. Then, the parameters of the model can be opti-
mized in terms of stochastic gradient descent algorithm. Following by an epoch of training, the weights of the classification
can be balanced by the trained model. Meanwhile, the hash representation ability of the rest of images is improved gradual-
ly. In this manner, the hash code of the rest images can be obtained from a well-trained model directly, which optimizes the
training efficiency. Finally, our method can realize fast retrieval of similar images through the calculation of the Hamming
distance in the hash space. Result In our experiment, our method is compared to five categories of symmetric methods and
two sorts of asymmetric methods based on two large scale image retrieval datasets. The performance of the proposed method
is increased by 5.06% and 4. 17% of each on the two datasets (i. e. , CIFAR-10 and NUS-WIDE). The evaluation metric
is based on mean average precision (mAP). Ablation experiments validate that the classification loss can make the images
closer to the real hash representation. Furthermore, the hyper-parameters of the classification loss are tested as well, and
the appropriate hyper-parameters are obtained. Conclusion To complete the image retrieval task effectively, our Transform-
er-based method has its potentials on image features extraction for large scale image retrieval, and the hash loss can be mel-
ted into classification loss for model training further.

Key words: image retrieval ; Transformer; hash function; asymmetric learning; hash loss; classification loss
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Fig.3 Hyper parameter values of two datasets ( (a) CIFAR-10 dataset; (b) NUS-WIDE dataset)
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Table 2 Comparison of mAP of different methods
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DSDH ( Li % ,2017) 0.786 0 0.801 0 0.820 0 0.808 0 0.820 0 0.829 0
DFH(Li % ,2019) 0.825 0 0.831 0 0.844 0 0.823 0 0.833 0 0.842 0
DSHSD( Wu % ,2019) 0.813 0 0.821 0 0.827 0 0.826 0 0.831 0 0.8350
DBDH ( Zheng % ,2020) 0.7356 0.742 7 0.748 3 - - -
Transhash ( Chen 2§ ,2021b) - 0.910 8 0.914 1 - 0.739 3 0.753 2
JLDSH( Gu % ,2020) 0.9350 0.9375 0.944 4 - - -
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