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Semi-supervised Cross-modal Hashing Method for Semantic Alignment Networks Based on GAN

LIU Huayong and ZHU Ting
School of Computer Science,Central China Normal University, Wuhan 430079, China

Abstract Supervised methods have achieved a lot of results in cross-modal retrieval and have become popular methods. How-
ever,these methods rely too much on labeled data and do not make full use of the rich information contained in unlabeled data. To
solve this problem,unsupervised methods have been studied, but when relying solely on unlabeled data,the results are not ideal.
Therefore, this paper proposes a semi-supervised cross-modal hashing method for semantic alignment networks based on GAN
(GAN-SASCH). This model is based on generative adversarial networks that incorporate the concept of semantic alignment. The
generative adversarial network is divided into two modules. The generator learns to fit the correlation distribution of the unlabeled
data and generates a spurious data sample,and the discriminator is used to determine whether the data pair sample comes from
the dataset or the generator. By developing a very small adversarial game between these two modules, the performance of the ge-
nerative adversarial network is continuously improved. Semantic alignment can make full use of the interaction and symmetry be-
tween different modalities, unify the similarity information of different modalities, and effectively guide the learning process of
hash code. In this paper,adaptive learning optimization parameters are also introduced to improve the performance of the model.
On NUS-WIDE and MIRFLICKR25K datasets,we compare the proposed method with 9 related frontier methods,and verify the
effectiveness of the proposed method by using two evaluation indicators, MAP and PR map.

Keywords Cross-modal hash,Generative adversarial network,Semantic alignment,Semi-supervised, Adaptive learning
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Fig. 1 Framework of generative adversarial network model
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Table 1 MAP scores for two retrieval tasks on NUS-WIDE dataset
12T_MAP T21_MAP
Methods
16 bit 32 bit 64 bit 128 bit 16 bit 32 bit 64 bit 128 bit
SePH'6] 0.5902  0.6072  0.6394  0.6327  0.5964  0.6260  0.6534  0.6471
DCMHE13] 0.6311  0.6580  0.6582  0.6637  0.6504  0.6906  0.6931  0.6957
CMHHM 0.6614  0.6735  0.6738  0.6741  0.6769  0.6770  0.6870  0.6879
SCAHNE38] 0.6544  0.6614  0.6740  0.6738  0.6720  0.6802  0.6913  0.6910
MLSPHL15] 0.6487  0.6706  0.6815  0.6802  0.6629  0.6842  0.6998  0.6973
CLIP4CMRE39] 0.6079  0.6168  0.6294  0.6385  0.6215  0.6303  0.6421  0,6547
DAMCHL!10) 0.6560  0.6709  0.6751 0.6774  0.6552  0.6710  0.6739  0.6763
SCHM! 0.6579  0.6722  0.6773  0.6796  0.7265  0.7301  0.7569  0.7632
SCHGAN!Z 0.7031  0.7140  0.7222  0.7389  0.7182  0.7232  0.7469  0.7624
GAN-SASCH 0.7293  0.7354  0.7461  0.7578  0.7438  0.7542  0.7639  0.7752
# 2 18 MIRFLICKR25K #H 4 1 (% W A4 2 AF 55 19 MAP 5341
Table 2 MAP scores for two retrieval tasks on MIRFLICKR25K dataset
12T_MAP T21_MAP
Methods -
16 bit 32 bit 64 bit 128 bit 16 bit 32 bit 64 bit 128 bit
SePH!6] 0.7091 0.7213 0.7014 0.7149 0.6848 0.7085 0.7192 0.7108
DCMHL!3] 0.7262  0.7278  0.7435  0.7389  0.7620  0.7703  0.7784  0.7562
CMHH 0.7322  0.7311 0.7459  0.7462  0.7335  0.7229  0.7357  0.7359
SCAHNE38] 0.8146  0.8282  0.8298  0.8261  0.8025  0.8105  0.8182  0.8157
MLSPHL!%] 0.8055  0.8222  0.8333  0.8320  0.7843  0.8044  0.8144  0.8132
CLIP4CMRE39] 0.7610  0.7723  0.7846  0.7892  0.7809  0.7932  0.8058  0.8101
DAMCH!0) 0.8025  0.8142  0.8269  0.8316  0.7951 0.8025  0.8092  0.8136
SCHM 0.7213  0.7326  0.7389  0.7452  0.8248  0.8429  0.8571  0.8620
SCHGANL!Z] 0.7380  0.7453  0.7572  0.7683  0.7711 0.7902  0.7934  0.8041
GAN-SASCH 0.8284  0.8390  0.8495  0.8507  0.8471  0.8566  0.8683  0.8694
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Fig. 3 PR curves for two retrieval tasks with a hash code length of
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Fig. 4 PR curves for two retrieval tasks with hash code length of

64 bit on MIRFLICKR25K dataset
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Table 3 MAP scores of ablation experiments on NUS-WIDE
and MIRFLICKR25K datasets

NUS-WIDE MIRFLICKR25K
Methods GAN- GAN- GAN- GAN- GAN- GAN-
SASCH-1 SASCH-2 SASCH SASCH-1 SASCH-2 SASCH
0.7405 0.7122 0.7461 0.8319 0.8068 0.8495
0.7598 0.7384 0.7639 0.8511 0.8241 0.8683
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