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Abstract: A novel zero-shot cross modal retrieval method based on deep supervised learning is
proposed as category matching and corresponding matching are not considered in current
research. Firstly, three types of image-text pairs are distinguished, including pairs from the same
category that match correspondingly, pairs from the same category that do not match
correspondingly, and pairs from different categories. Secondly, with the category of images and
texts matched, to further realize the corresponding matching between them, two matching
constraints are constructed based on different masking patterns. One is to mask samples that are
of another modality and of the same category but do not match with each other, restraining the
matching relations among images and texts of different categories. The other is to mask samples
that are of another modality and of different categories, restraining the corresponding matching
relations between images and texts of the same category. Finally, by aligning distribution
structures of visual features and their corresponding semantic features in each space, the category

matching and corresponding matching relations between images and texts are constrained again.
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In addition, to enhance the representation of text semantics, the attention mechanism is also

utilized to obtain more significant sentence semantic features from word sequences. Experimental

results show that on CUB dataset, the proposed method improves the image-based text retrieval

and text-based image retrieval effects by 5.9% and 2.2% compared with baseline model

respectively; on FLO dataset, these figures are 4.2% and 1.7% higher compared with the

current best-performing methods, respectively.
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Fig. 2 Framework of proposed method
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Table 1 Comparison of recall for image-to-text and precision for text-to-image on CUB and FLO dataset

B R SCAR B A [/ %

SCAKG 2R P10 HE T 5/ 0%

WIRES

CUB FLO CUB FLO
GMM+HGLMM ™! 36.5 54.8 35.6 52.8

Attributest?" 50. 4 50. 0
Word CNNH 51.0 60. 7 43.3 56. 3
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Triplet? 52.5 64.3 52. 4 64.9
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CMPM'# 62. 1 66. 1 64. 6 67.7
CMPM+CMPCH? 64.3 68.9 67.9 69. 7
TIMAM! 67.7 70. 6 70. 3 73.7
HGANMHH 68.9 72. 4 71.7 75.1
GARNM 69. 7 71.8 69. 4 72. 4
A1 69.8 76. 6 69. 7 76. 8
AT 2 70. 2 76. 6 70. 1 76.0
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CMPC"™ 5. 5% f1 5. 9% . XFF SCAK R K 5 . Fil 5k
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Table 2 Results of ablation study for method 1

FIGR R SCAR M A R/ 00 SRR BRI e 5/ 0

Ls  Le EEHNE KM%

CUB FLO CUB FLO
v 66. 6 73.8 64.0 4.7
v v 69. 1 76. 6 69. 1 75.2
v v v 69.5 76. 6 69. 8 76.8
vV v v 69. 8 75.2 69.7 77.1

TV RARE RIARRAT

%3 AXFE20EBEBER

Table 3 Results of ablation study for method 2

B RSCARM A MR/ % SRR REG MR/ %

Ly Le  EEOHLE  5RMZ

CcuB FLO CcuB FLO
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Fig. 6 Results for text-to-image retrieval on different datasets
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