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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

ek A2 dulg WE Aol A Ael FHEE
AHA R gFditt. 458> anchor, positive, negative

s &
Al 7Re] AEZ FAE T 852 anchor®} positive A&
Arel 2] Agle #4815 A anchor$ negative A1E Ao <]
Ade AdistE e BFoE Mgt A5 4 d
= 4 ()2 2k
L(4, P, N)=max{0,d(A4, P)—d(A, N)+a}
A7\ L(4, P, N)& 253 £48 Jdein d(4, P)
£ anchor} positive HE Alo]] AZE <wlEla d(4, N)
< anchor®} negative A& Ale]e] AZlE ofm|dit), 3t
a= positive A1 Z 7} negative M Z A}0] 9] margins 2] 7] g
ot} dele] aF A3}t positive AZ 7} negative A1 Z9]
AdA A o|AE fA Y Holx = shrdlt)
aat EAS ol gl A duld HEE vhEoluY]
9gk o] A7t 18 = ol gty 53], Hard mining, Easy
miningS 53} positive & 7P 7H7H- ’%‘ & 0|99 dHlolH
o] A 7‘]?48 HEE yate Wyol AE AT,

= 21 =]
et g HPE-S positive u% of gt H’/qu 7{32 A

[ o

2]
negative *é.‘ 5 :rL’H 0}7(] 32 A

2. ANN

Al HMEE o] &3le] FAFSE ou|AE = 71 V]
220 )<l brute force KNNS RE W wlE o] &
AR E v W st 7HE 717hE AU R A sk W elth
olgigh Hhal 2 A fH”«] TR H] ]0}"4 ‘IQI‘/\]' H]

S5 ALtele ANNS S o] &3] o]y g #AlE 8
2% & AUtk
ANNOY®P(Approximate Nearest Neighbor Oh Yeah) "
- AA AES olX EE P FEEE ol 74
7 Eg 2 legg ER AZo| Lol 1L Zo
HE TolA 7HE =5
HNSW[6](Hierarchical Navigable Small World) %'
AM A 2 AZF o E SEEA AF Y= A
Akgttt 2% 29} 2] 7Y A AlZelA] AP sA 271
A E A3}, Greedy Search & 2|&&

Vg e e g

& o] 7o oo & Al A Z L 2}

k)

53l query®t
Fropditt. ag wWEH o] A& T B

Brute force KNN

e\,
.
L ] L J
* . * ®
. o .
level 1 level 2 level 3

HNSW

level 1 level 2 level 3

. ZH AR Z0| Z4AH i query(“é*{“#) } 71&F OIS _‘_(I—E}AH)
}H. Brute force KNN2 2= == H|wsk= EHH, ANNOY
of gAloZ AHE0iCt 792 ASSHA LM queryt 71T
QIFSH L=5 2, HNSW= & AIS0IA 2iEst 27| =8
|| elFet o5 R Mt ZRE MY SUe ZE e
ABL 7| ==2 F0f QHE ==5 ORI
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in the form of a binary tree and narrows down the section close to
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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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Table 4. Comparison of accuracy between ANN algorithms
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Dataset Brute Force HNSW HNSW HNSW HNSW HNSW(psutil)
size KNN (M=8) (M=16) (M=32) (M=64) (M=64)
1,000 7.81 MB 7.87 MB 7.93 MB 8.06 MB 8.30 MB 11.05 MB
10,000 78.03 MB 78.75 MB 79.30 MB 80.64 MB 83.00 MB 85.80 MB

100,000 781.25 MB 787.50 MB 793.00 MB 806.40 MB 830.00 MB 827.52 MB

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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