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Algorithm 1 K577 — & I =N v F1ERK

Require: /,P,B
Ensure: batch;, batch,,
1: batch;, batch, « [], []

2: for b € Bdo

3: i1

4 Choose p from P (i) uniformly randomly
5 batch; < concatenate(batch;, [i])

6: batch,, « concatenate(batch,, [p])

7: end for
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Algorithm 2 IPC 12 X % HardNegative Z i1 2 7= 4% > 7
VNS4
Require: I,P,B,N,H
Ensure: batch;, batch,,, batch,,
1: batch;, batch,,, batch,, < [], [], []

2: for b € Bdo
3: i1
4: Choose p from P(i) uniformly randomly
5: Choose & from H uniformly randomly
6: Choose ipc from IPCy, (i) uniformly randomly
7: Choose n from N (ipc) \ ({i} U
P(i)) uniformly randomly
8: batch; « concatenate(batch;, [i])
9: batch,, « concatenate(batch,, [p])
10: batch,, « concatenate(batch,,, [n])
11: end for
4 PIERER
41 RERETE

411 F—=2tv kb

SEF—2ty MIERORET T — 2 BUE
P—CRXE2BLCTAFLEL %8 BT — X
1%, 2016/07/01~2016/12/31 12 [E N T HFE X 7= 55
FF (104078 fF) T XRTHEL, Zh o Z2MEKRIT
DF—&E L. FEBIEDOTENIMBITD T —
RT3 VXA THEIL]. 7TA T =&
2017/01/01~2017/01/15 F TIZE A T HFE X 72
FF (4348 1) ZHWV, 20 oh5H UREF (13123
) ERBENROREFE L.

41.2 FEaPY
REFADANE LT, FFOEMNEET L
S TH D TFERE] OFF A PEHWS. —)5
T, WREEEXT, KRBTV HFTEEEA
EFALTRELHAVSATWS MeCab[11] 72 ¥ D737
LEEZER—RAL LN F AP —TIEZ L DFF
FCAN =27 U RICHE-TLES. 22T,
b= YEERS T 7 OIREFT#E L 72 Unigram
Language Modeling[12] Z W72 b — 27 F 4 % —%A{E
MLz, ZTHIZE-T, ANTEBZRRD =2V
BTH 3 1024 b—27 Y DNIZEXXDIE & R W0E
FFOENGIE, 32%EE, S 15%EE TR L.

This work is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



R1 EHEFNMCT K BB
Precision Recall NDCG
7L Hard Negative @l @5 @0 @ @5 @0| @5 @10 @inf
tf-idf - 0234 0.131 0.088 | 0.103 0.265 0.346 | 0.241 0.272 0.403
BERT - 0.257 0.134 0.090 | 0.114 0.274 0.357 | 0.253 0.284 0.418
i SimCSE | #% 0.352 0213 0.142 | 0.164 0.438 0.564 | 0.390 0.439 0.550
Hfi4A SimCSE | 51 D51H 0.350 0.207 0.137 | 0.161 0.427 0.549 | 0.381 0.428 0.541
Hfi4 SimCSE | 27 5 ZAD & 0.358 0.218 0.144 | 0.163 0.448 0.573 | 0.397 0.446 0.553
A SimCSE | 4727 5 2D A 0354 0.213 0.142 | 0.162 0436 0.568 | 0.388 0.439 0.547
A SimCSE | 7 9 Z+% 7275 2 | 0.358 0.218 0.146 | 0.167 0.451 0.583 | 0.400 0.452 0.556
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