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Deep Learning-Based Similar Image Retrieval Method Using Triplet
Sampling Strategy and HNSW Algorithm
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Abstract

In this paper, we introduce a method of similar image retrieval by using triplet sampling strategy and ANN (Approximate
Nearest Neighbor). In training image retrieval model by using triplet loss, the sampling strategy for training the model with triplet
loss makes a lot of difference in training efficiency and accuracy. For this reason, we choose in-class negative samples and
out-of-class negative samples divided by class information. Also, we reduced computational complexity by ANN algorithm and
inspected accuracy, memory, spent time for selecting an optimal ANN algorithm. We verify that our method has higher search
accuracy and speed than existing methods. Finally, we show that our sampling method has fine resolution for image retrieval by

t-SNE.
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Fig. 1. Training mechanism based on triplet loss
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Triplet sampling is performed by varying the ratio of the probability of selecting a negative sample in-class and out-of-class at 4:6.
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¢ Learning Rate : 0.001
o Triplet Size : 15
® Margin(a) : 0.5
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Table 1. Performance of the proposed method with brute force KNN
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Table 3. Comparison of speed between ANN algorithms

Method Test set Test set (x10)
Brute Force KNN 116.54ms 14,664.91ms

ANNOY 3.25ms 10.32ms

HNSW 0.52ms 6.51ms
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1,000,000 | 7,812.50 MB | 7,875.00 MB | 7,930.00 MB | 8,064.00 MB | 8,300.00 MB | 8,254.91 MB
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Fig. 9. Performance of HNSW algorithm according to hyperparameters
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Table 6. Comparison of accuracy between sampling ratios (in-class
. out-of-class) with HNSW algorithm

MZ2| H|E(in-class : out-of-class)0] 2

Recall@K 1:9 2:8 37 4:6 5:5
1 80.14% | 81.08% | 81.70% | 82.76% | 82.63%
10 90.32% | 90.78% | 91.26% | 91.42% | 91.36%
100 97.58% | 97.74% | 97.81% | 97.84% | 97.83%
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Table 7. Comparison of performance between current method

Methods Recall@1 Recall@10 Recall@100
EPSHN 78.3% 90.7% 96.3%
Ours 82.8% 91.4% 97.8%
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