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LIU Cheng-Long ZHU Yi-Meng HE Li-Yang LIU Qi

(State Key Laboratory of Cognitive Intelligence, University of Science and Technology of China, Hefei 230088)

Abstract  As one of the most fundamental tasks in natural language processing (NLP), sentence
embedding, which maps variable-length sentences into fixed-dimensional dense vectors such that
semantically similar sentences are proximate in the representation space, underpins a wide spec-
trum of applications, including semantic retrieval, text clustering, text matching, and question
answering. In particular, unsupervised sentence embedding has recently garnered considerable at-
tention due to its tremendous potential in harnessing the ever-growing volume of large-scale unla-
beled text data available on the web. Traditional supervised methods have achieved solid perform-
ance on a wide range of tasks, yet rely heavily on expensive and labor-intensive human-annotated
datasets. In contrast, unsupervised methods learn general-purpose sentence representations di-

rectly from raw text corpora, offering better scalability and generalizability across a wide range of

Wk H 1 :2025-06-04 5 FE 2k & A H 1 :2026-03-11, A PRET B F K [ AR = 5 4 8 i H (No. 62337001) M HE 5K H AR 2 54 7 FF
I H (A 28 (No. 62525606) BE 1, XIBK & , B - AF 5% A=, o B T B AL 2 (CCP) 24 2 B, BB F S0 4o SR 5 I 5 R BE 8 H .
E-mail: sepent@mail. uste. edu. cn, RZEBF D54, P EITEIFS(CCRH¥E SR, TR BEZR S H AT,
T, WL P EIF RS (CCPH ¥ A SR, FEMRGHAFE R R REFEA S AT ZH, 2 HOEESES . . EL.H®
B P EF AL S (CCP ma ft, FEATFR SN BE S EHR 248 . E-mail: qiliugl@ustc. edu. cn.



1

5

28

it = BN 2% e 2026 4F

downstream tasks. Among unsupervised approaches, contrastive learning has achieved remarka-
ble results in learning sentence representations by clustering similar pairs while preserving the
gap among irrelevant items. However, these methods focus solely on pairwise relationships be-
tween sentences, while neglecting the global ranking structure across multiple sentences, which
makes it tough to capture fine-grained and nuanced semantic information. Learning-to-rank meth-
ods enhance global semantic perceptual abilities, but they induce significant noise due to inappro-
priate batch sampling strategies and inconsistent ranking signals. Furthermore, existing listwise
ranking loss functions demonstrate inefficiency in capturing fine-grained semantic distinctions. To
tackle these challenges, we present RankRefine, a novel multidimensional denoising framework
for data preprocessing and model optimization based on the learning-to-rank method. Specifical-
ly, RankRefine leverages offline consensus sampling and data reconstruction, which build sen-
tence lists from distinct index models and retains only those ordinal relationships on which the in-
dex models reach agreement, to construct reliable and high-quality sentence ranking lists as mod-
el training data in order to mitigate gradient noise. Meanwhile, through theoretical analysis, we
reveal that the gradient norm of listwise ranking loss functions increases with the batch size due
to its mathematical form, heavily distorting the stability and convergence of training. Inspired by
our findings and LambdaRank, we introduce a new pairwise loss with a positionally aware weigh-
ting scheme, overcoming the lack of competence of listwise ranking loss functions in capturing
fine-grained semantics while enhancing training efficiency. Building on this, we innovatively pro-
pose RankRefine+, a more stable sampling scheme for text semantic tasks that significantly en-
hances hard negative sampling and improves consensus sequence quality through an adaptive
fault-tolerant listwise sampling strategy, achieving comprehensive performance optimization. Ex-
tensive experiments on established benchmarks show that RankRefine outperforms the best base-
line model with an average increase in Spearman correlation coefficient of 1. 38 % in semantic tex-
tual similarity (STS) tasks. An average accuracy gain of 1.14% in transfer learning (TR) tasks
demonstrates that our proposed method is capable of being applied to various downstream tasks.
RankRefine + achieves further improvements of 0.11% over RankRefine in STS tasks. In
reranking tasks, our proposed methods also achieve excellent performance across multiple met-
rics. Ablation studies verify the contribution of each component, and hyperparameter sensitivity
analysis further confirms consistent and stable gains across diverse configurations, together dem-
onstrating the practical robustness and effectiveness of our framework.

Keywords natural language processing; sentence embedding; text retrieval; unsupervised learn-

ing; contrastive learning; data augmentation; learning to rank
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30. curldx<prevldzx[ curldzx]
31. curPos<—curPos —1
32. END WHILE
33. RETURN seq
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6. FORi<0TO »n—1 DO

7. delta;<base_delta X (1 7%)

8. FOR j<0 TO i—1 DO

9. sc;<scores [j1ssc,<scoresi]

10. up_needed <=0

11. IF sc; >sc; AND (sc; —sc;)>delta; THEN
12. up _needed <1

13. END IF
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14. FOR «_prev<0 TO max_up DO

15. IF dp[j1[u_prev]™0 AND (u_prev + up _
needed)<max_up AND dp[jIlu_prev] + 1>dpliJlu_
prev + up_needed ] THEN

16. dpli lu_prev-tup_needed ]=p[j Lu_prev]+1
17. prevlillu_prev + up_needed =

18. END IF

19. END FOR

20.  END FOR

21. END FOR

22, FEREALHE

23. best _len<=0,best _i<=0,best _u<0

24. FOR i<=0 TO n—1 DO
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26. IF dpli]lul>best_len THEN
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28. best _i<—1
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30. END IF

31. END FOR

32. END FOR

33, [ R P AT
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38. prev_i<prevlcur_i J[cur_u]
39. IF prev_i# —1 THEN
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11. up_needed <0
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Lcur_i] —scores| prev_i]) >delta_cur THEN

43. up_needed <1

44, END IF
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46.  ENDIF

47, cur_i = prev_i
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49. RETURN keep _mask
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o A ARG B TR AR AR L, S RO A A A AR AL AR
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S /D 0 2 B A8 b B AT 38 43 A RN 2R 80 L
BN RIS ] 3 — 2D B A . PR A SCHR s /Y D7 i
I T 0 v A 2 AR PR I TR S R R e 2 4
KWL g 55, 1] W S T BRI R R0%
5.5 ZBIHH

R EOWL IR 7 i B2 4 AE 22 1 O B L A Y B B —
AN BHIZE ], o3 B B — AR AR Ak P AT i S G
PR AL KUK I U B A SCHR M i e RCR A
AL G ey 1) FH 28 S E X 285 5 15 AT 21 O 5 e T DA
117 3J A5 g oo I 2R B

RAIEIRT] 868284 MIREAAE Ry 43 M3 5, H
) A] (Query) H : “Bay Village and The Village of
Indian Hill are cities despite the word " Village" in

their names, and 16 villages have "City" in their

names. ”, ZEW Z0 B EE TR T P47 B X

Sl BB T 44 R 5 05 i M 7 22 ] A 22 S5 3k ) A R
SCPRfRRE I HR TR EOR

B %8 RGIE R SimCSE 4 %) 4 A 9] 45 3
(R ) IZAETIAEZ ) T A BE B 4 4 4% 018 X,
WY RRFBEBRRSE ., NETATLIE 1, SimCSE
BRI T b 24 ABE S (EHE A O R 58 b DG B BV
HAER . B, ¥ S 2.3.7.8 B YW K H
(Nissan) "“GT-R & " F N, XR T L EW
GIAMNLTCIEA BT 55 H w38 23 18 I 255k
Pt 14 18 SCUT Y, ) 55 AR 70 2 3] BT S5 B R
) BF 5 3 A0 AR DG A3 A (I 5 4 I 19) S i
PEHEAE IR AT A AEA Z )G L i — 20 B iR 1 i o
— 155 AU AL 35 A 1 A XU

PRk JBR W — A& 7E 5 — ARG A Diff-
CSE M AE IR, ik 5 iR,

x4 B-HEBZOEIAHETREBASR

a2 SimCSE # [ 3¢ A& DiffCSE 74>
0 Bay Village and The Village of Indian Hill are cities despite the word "Village" in their names--- 1.0000
2 Following a disappointing performance in the 2015 24 Hours of Le Mans, the program’s remaining schedule-:* 0. 9566
8 Nismo has also developed production class Nissan GT-R cars for the 24 Hours of Niirburgring. 0. 9430
4 List of cities in Ohio 0.9458
7 The engine is an RB28DETT Z2 (a normal GT-R engine with a stroked displacement of 2. 8 liters--+ 0. 9480
8 Nissan announced in June 2014, that Nismo will enter the LMP1 category to fight for the FIA World Endurance 0. 9308
Championship--+ ’
19 Smaller municipalities are villages. 0.9477
TR0 8 5 AT RN A WO IR LTEOC, LT I 9 58 B 7 W AR
x5 HARHRBENHEHITIRBERL
F5 DiffCSE A [ SimCSE #7437 RankRefine RankRefine+
o Bay ”V'illage.and The Village of Indian Hill are cities despite the word "Vil- 1. 0000 e e
lage" in their names:-*
4 Smaller municipalities are villages. 0. 7885 EFH A {8
5 She commenced operations there in January 1943 with bombardments of -+ 0.7669 SR T3
6 List of cities in Ohio 0. 8496 EF#A pig=s
9 Shortly after midnight on 4-5 July, she participated in the bombardment of 0. 8113 e e

Vila and Bairoko Harbor-:-

TE < K o 52 AT 2 5 2 1) A 17 RIUAH DG AE B SR OGP 55 B BE AR 5 4 7R SimCSE 4T 73 9 e 128 0 it

XF 2T, DiffCSE /) 4 [n1 45 3L (3% 5) fEA ] rh
XL T SImCSE., FH i (% 2 /4~ 15 A (745 4 Al
6) 5“4 B X 0] 32 A BE G WA A TR A Y AR
KAEB LT X R, AR R S0 2R A Y Hy T I 2k
J5 5 SRR A 22 5 3 HE 0 OE SCRRE 2L AT 22 R
5 R 33X Rl 22 5 oy AT P R R AL T AL (H 3%
$8 25 200 ME DL AE BEMLAL IR 58 2 1R,

SR, RIAE 2 7E DiffCSE 19 43 [l 25 5 v A7 ] 0
23— W HE P - (B 30 WP 5 4 F 6 A5 2
TR AT AR A | [ I AT e 2% A0 B TG S 1 ) (AN 5
5H9) . EXF XAl B, A SCHR R L PUR AR S
TEWI AL A I LAl bR AT T B el ad R A i
—BOB TR A BT R BT R REAS L 151
U5 B ¥ 5 5 5 [ IR0 H HE Y 7 B AT AR S H S
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FRE FE AR DGR TR I 4 6, TR B A AL
il 7 AR B o AT AE B DR 38 SORS HEPE B[R] Pt T
WHEEMEBFEE M. RankRefine+ Al 2Z T 1% &
TR Z2 9 A DG AH S PR U= O IK BRE A, B
A W T LU R M A G iE — 2D B
TORFEAR B AL R A

25 LT IR I 5E ) 3 B B — R A A TR AT A i
SCPR S 22 5 25 Ty S BUE USRS IF 51 A MR 75 B0 L
LM GRBOR . IR RL[A] 1 2R 8 1 i 22 AR AL IS
I e PR ) e M AR L 1H 22 A5 0 S SRR 205 i % 5
() A5 A 1 M S ATS RE AT 280 il i 22 O 4 T+ s
Bk, AH LG EARE Y BB AL R A ik L ONE SR AE B
{55 Bt b A 25 03, [ I I 25 580 A 4
i 7E A BEAE B Y A PR RE B T 2S5 T RRA
5.6 KRS

SCERAEIR (B ) E— D ENGIE T E B 1 B TR
22200 BT 48 7S 86 BE A O AEE

|n‘ _l T T T L) l. J
10° £ ./. :
F —@— ListMLE ]
A4 ! :
=g | ® =%= ListMet
=
10! —./ --m- RankRefine =
F [ VS, W o ¢ Sl
5 s
x
10° L ]
L . .
1 1 1 1 1
0 50 100 150 200 250
PR A
T T l.
L /.____..---""
100 o® 4
o :
= [
oo X =
ES X,
y
PR e
s e suriics L e iac - . ®
foRgEr ST E
E e 5
cL L 1 L 1 L
0 50 100 150 200 250
KA

P4 ST J5 ik B 458 2R 845 6 B2 91 8 B Atk v /N AR A X L

Bifi 25 LR K/ N A3, ListMLE 5 ListNet
MR B R 2 B, Horb ListMLE Wi 2 LT &2
RGBS QN R Y SR T E )/ O N NE 11
YU S 33X B B2 S 6 ik K 45 S BURE B 7E Ry # A
B LA .

MEZT,#FX G0 E XK RankRefine i 2k
TEAS TR R FAR T 19 458 2% 1 5 80 BE Y8 B0 (R F5 R
PR AN o LR T A ] A RRfE R .

ﬁ#

g5 WG E T A SCAE 4. 2 717 w3 A i A RR Xt
2% SR W B A R R B B, O 5 BEE 4 BT IR
Fr—8, ih.hm TR 26 TR E o, BEL
UETE SURH DGR BAR 14 HE 24 %, RankRefine 7£ 42 7+
et e 1 1 ] i), 4 i 7 AR A Y B B M 5z Ak
BEJI .
5.7 BXYXAHELUEXLKRER
F 6 JBIR T & I EAE TR SCCARRRLEEAE 55 1Y
PBEXT Ik . RankRefine fl RankRefine + ££ 4 %5 /U
PRI &R S T BRI PERE . 8 B R IX
T BE $2 7 1Y GE 1 B R SCOR IR ¢ K 5
(paired t-test) , ¥f RankRefine 55 RankRefine + #H
Xt F &I IRAE A STS 1155 11 A 22 5 ik
ks, 45 RERH 1 W F K p<<0.05 T,
REFE T HAT e it 2% B S B0k 1 07 ik gl ik 1 vl &g
M, HEEEUEN B H, RankRefine & 2 H 52 %2 ) ML RE
fe#. VL BERT,,. N Bl % )5 k58] 81.55% i
¥ Spearman A3 2 %, # Lk SimCSE FE 28 #2 7} 5. 30
ANEOr R X 4R TR R A U AR R I b DR —
BLCRUASOTERA R rz e ). SR
FKHEF % > 1) RankCSE #H [t , RankRefine 91
PERESETHIE 2. 72 DA 70 i, RS R L] ULtk
SR A5 400 2 AR BE 2 — 2D B AV R 1) SOAR T L%
5t . RankRefine+ it — L4 7+ THEZR PR RE . @it 5]
AFE 2 iy A& A S AL AT R R ETR T
ZINEAE T A BRSO T A BB SimCSE
Ji ¥k ASEEALTI A% 0 AE T ) A 8 8 28 20 1 (8 .
ARG R . BT AV R AR 5 EUE A R
I - A R R SR R IR B . SEER AR R
B, RankRefine + 76 O 55 5 P BE 14 [ 1, DI 253003 [
FEEUAR T B

FREHLEI TN T R RE R, fE2
BUE BT s RankRefine+ i a{ 57 RankRefine [y
PERE . SR FERREAE 55 H 8L T Rk B R RS L
BERT,,,. 7E STS12 FM 77. 33 % K& 2 77.19% , i%
PR G2 T A B0k 2 0 TR B B AR RE . S8 max
up AVFIFINEE A RAERII TR, ol G| A D i
WS, AN R BE 5 I R RO 1 £ THIE B
T BT AU ) EE

A5 & % &, RankRefine + 7E RoBERTa,,.
Bl T , RankRefine + 4 It RankRefine & FF 0. 23
AT R TN PRSI RD Y B T B X R WA
B AL 5 AR B B e R RAE A9 45 5 RE S 7 A P IR
ROV
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* 6 STS £ % ERYiE A R AE R B (Spearman 8 % R #D)

H5L TR JAE J7 ik STS12 STS13 STS14 STS15 STS16 STSB  SICK-R SR
SimCSE+t 68. 40 82. 41 74.38 80. 91 78.56 76. 85 72.23 76. 25

DiffCSEt 72.28 84. 43 76. 47 83. 90 80. 54 80. 59 71.23 78. 49

PCL# 72. 84 83. 81 76. 52 83. 06 79. 32 80. 01 73. 38 78. 42

DebCSET 76. 15 84. 67 78.91 85. 41 80. 55 82. 99 73. 60 80. 33

BERT,,.. RankCSE, | v 75. 66 86.27 77. 81 84. 74 81.10 81. 80 75.13 80. 36
SynCSE 74.53 82.14 78. 22 83. 46 80. 66 81.42 80. 51 80. 13

MultiCSR 75. 88 82. 39 78. 80 84. 42 80. 54 82.23 80. 03 80. 61

" RankRefine 76.47 83. 41 79. 29 85. 88 82.17 83. 82 79.78 81. 55

“ RankRefine+ 76. 51 83. 69 79. 36 85.93 82.24 83. 74 79. 82 81. 61

SimCSET 70. 88 84.16 76. 43 84. 50 79. 76 79. 26 73. 88 78. 41

PCL & 74. 87 86. 11 78. 29 85. 65 80. 52 81. 62 73. 94 80. 14

DebCSET 76. 82 86. 36 79. 81 85. 80 80. 83 83.45 74.67 81. 11

BERT,.. RankCSE, | v 75. 48 86. 50 78. 60 85. 45 81. 09 81.58 75.53 80. 60
SynCSE 75. 23 84. 28 79. 41 84. 89 82. 09 83.48 81.79 81. 60

MultiCSR 75. 56 85. 19 80. 14 85. 91 82. 40 84.19 81. 65 82. 15

" RankRefine 77.33 85. 81 80. 52 86. 49 83.18 85.13 81.53 82. 86

* RankRefine+ 77.19 85. 87 80. 68 86. 62 83.16 85. 07 81. 64 82. 89

SimCSE*t 70. 16 81.77 73.24 81. 36 80. 65 80. 22 68. 56 76. 57

Dif{CSET 70. 05 83.43 75. 49 82.81 82.12 82. 38 71.19 78. 21

PCL & 71.13 82. 38 75. 40 83.07 81.98 81. 63 69. 72 77. 90

DebCSE* 74. 29 85. 54 79. 46 85. 68 81. 20 83.96 74. 04 80. 60

RoBERTa, . PromptRoBER Tade 73.94 84. 74 77. 28 84. 99 81. 74 81. 88 69. 50 79. 15
RankCSE, v e 73.20 85. 95 77.17 84. 82 82.58 83.08 71. 88 79. 81
SynCSE 76. 15 84. 41 79.23 84. 85 82. 87 83. 95 81. 41 81. 81

MultiCSR 77.03 84.72 79. 71 85. 80 82. 68 84. 24 80. 64 82.12

" RankRefine 77.57 86. 04 81.12 86. 67 83.41 85.73 80. 94 83.07

“ RankRefine+ 77.51 86. 32 81.28 86.76 83. 64 85.73 80. 53 83.11

SimCSE+ 72. 86 83.99 75. 62 84.77 81. 80 81.98 71. 26 78. 90

PCL& 74.08 84. 36 76. 42 83.49 81. 76 82.79 71.51 79. 49

DebCSET 77. 68 87.17 80.53 85. 90 83.57 85. 36 73. 89 82.01

RoBERTa,,. RankCSE, v 73.47 85. 77 78.07 85. 65 82.51 84. 12 73.73 80. 47
SynCSE 75.92 85.01 80. 43 85. 83 84. 40 85. 05 81.99 82. 66

MultiCSR 74,42 84. 46 79.17 84.76 83. 67 84.23 81.50 81.74

" RankRefine 76. 70 86. 55 81.58 87.92 85. 24 86. 58 81.40 83.71

* RankRefine+ 76. 77 87.24 81.95 87. 88 85.39 87. 01 81.37 83.94

AR TR B s I T RRZAE S h R RS PERE, TR AR R M RE . R 2R AR I AR EE L . R4 Sk
PRI T BRSO A+ B ok DR T SCHRE36 0, 7 B ok IR T SRR 230, oo 7 B R U T SCRR 380, % 7 AR ST ik AR T
R BAE R L T I Oy T IR 2 7 AR (5] S0 A5 08 R R BT A5 5 Fe A 2R 1R B

5.8 IBEIESE

TR 22T 55 (TR & 78 38 i 35 450 1 /N B A
O S A ) Fi A TE TR JAT 55 R i 12 fkBE
ARSI T SentEval ™ T HA1, 75 £ A4S v 43 28 50 Hs
B EHATI R, AT 5 B 2 A AU S AT 5
AU YR T SRR RS A, R 08 A 80R 1 L ROR
1) 3T o

(1)MR (Movie Review Dataset)™ . {1, & i, %
WE H B HF e 2

(2)CR(Customer Review Dataset)™ . i & £&
7 I TS SO, T OB B 25

(3) SUBJ (Subjectivity Dataset)™, i & M H,

S VT IR 405 2 vb i BBCAY SCAS T A0 B G 32 0
PR B UL 5

(4) MPQA (Multi-Perspective Question Ans-
wering Opinion Corpus)"™ ;40 & 3 [ 3C 25 v bR 1%
() W ST s T SR R 43 2K

(5)SST-2(Stanford Sentiment Treebank) ™',
BT RIS I A O R R AT 5 e
T 5

(6) TREC (Text Retrieval Conference Ques-
tion Dataset) "™ . 4L 75 [ B SCAS L AT 45 St 1] A 43 26
B HE LI 6 P,

(7) MRPC ( Microsoft Research Paraphrase



1542 it =

Hl

2 4R 2026 4F

Corpus) ™ A0 8 MU 18 5 v 3k B0 SCAS X AT 45 2
F W AN SO AR L A

& 7 g R B8, RankRefine 7 RoBERTay,,.
1l RoBERT @y, Wi JAE A5 A B B T 45 i -1
HERfRA, 43 I 35 3] 88. 2900 A1 89. 7306 , A AL SImCSE
LR AR RIS AR T +3. 45 % M43, 62% . fE#RIT—
FB4E 55 I (i CR, SUBJ, SST-2, MRPC) , RankRe-

fine B RAL T HoAt 77 % L 3R W HE X 2 Sk 24T 55
HA—Bzere s, B ERI 5% 4.2 9
& AR HE 0 2R BT AR O . AR ST
ILAETEAE 1 A0RL O 2% S mY () i A A R RS HE
J O AR B T o DA TG 384 5 XoF Y 3 R A 1) 8 A
SRR %7 R W E PR T TR R A G 1k
HRREE.

FT1T IBEFENEARERAGERE)
155 7 I B WiRES MR CR SUBJ MPQA SST TREC MRPC S
SimCSE 81. 04 87.74 93. 28 86. 94 86. 60 84. 60 73. 68 84. 84
DiffCSE 82. 42 88. 34 93.51 87. 28 87. 70 86. 60 76. 35 86. 03
PCL 81. 83 87.55 92. 92 87. 21 87. 26 85. 20 76. 46 85. 49
RoBERTa,,_, RankCSE, ;e 83. 53 89. 22 94. 07 88. 97 89. 95 89. 20 76.52 87.35
SynCSE 85. 41 91. 44 93. 39 89. 91 91. 21 84. 40 76. 87 87.52
* RankRefine 85. 42 91. 60 94.21 89. 96 92. 09 87. 20 77.57 88. 29
“ RankRefine+ 85. 46 91. 44 94. 20 90. 25 90. 61 88. 60 77.28 88. 26
SimCSE 82. 74 87. 87 93. 66 88. 22 88.58 92. 00 69. 68 86.11
PCL 84. 47 89. 06 94. 60 89. 26 89. 02 94. 20 74.96 87. 94
RoBERT4, .. RankCSI::LMLE 84. 47 89. 51 94. 65 89. 87 89. 46 93. 00 75. 88 88.12
SynCSE 87.18 92.02 94. 16 90. 76 91. 65 86. 80 76. 87 88. 49
* RankRefine 88. 04 92. 10 95. 10 90. 92 92. 86 90. 80 78. 26 89.73
“ RankRefine+ 87. 84 92.53 95.22 90. 88 92. 64 90. 60 77. 22 89. 56

5.9 EHfFES

Ny ik — 20 o BT 5 07 B AE HE R RE D B Y BT 8K
R A SCHE bR T SO AR 55 Z 80 5T T HHE Y
155 (reranking) /E A AM SEVF I, X 2RAT 55 KL
SCAR [] AR 58 SCOG AR A T SORHBLRE A2 B 1Y 1 4R
S A ] B Xof A5 780 A 5 60 3 K 43 A SRR iz Ak
AE )4 B s K

SEE B AR SynCSE™™ 195 %8 78 U A A FF 1
HHEP AR LA PRI 0TS 2R DT I U

(1) AskUbuntuDupQuestions ( AskUbuntu
Duplicate Questions)"™ . it 5% Ubuntu £ A 7] & 4t
DX R e A BOARUT ), AT 55 2 T8 45 7 0] g Sk
G v g 1 SO S [R) REHE AR RS 5

(2) MindSmallReranking ( MIND-Microsoft
News Dataset, small version for reranking) "™ ; J
T MIND S5 ) 4 77 50408 48 nO RS ) AR . A 55 2 AR
P D3 S B A T I X A 35 i e 4 A OGP

(3) SciDocsRR (Scientific Documents Rerank-
ing) " T ) A} 2 SCIHR A 3R L MR 44 A A 9O S0, Xt
A& 358 SCHRYE B EAT AH O VEHE I 5

(4) StackOverflowDupQuestions ( StackOver-
flow Duplicate Questions)"™ . % H StackOverflow
i A5 0] 225 Ak DX TR i e AR R ), 5 TR IR AR
e HES T S S Y )

LR (R 8) Won AT 55 B 16 2 A A8 4
S8, SR AGE Y B F o 1 A B SO (B A AR L R
e 76 5 A AN B b AR Fefa e /I

WM 8 Frzm 3 PUAME 55 7 35 H R (M) 280 7 I A
BBl SCHR RN R A DX S Ak, B2 OR A5 AL B BE A 4
TUNITE X 22 5 BB AE 40 i 25 5 10 3 i 8Os 46 1
PRFFRE E R, FE X e gh R b, B4R SynCSE 5
MultiCSR % F I 7E STS 15 h £ AL 5 (A 7E &
HEP AT 55 b 09 °F 2 9 3858 5 (IR T SimCSE, H &
BLE R A] B T I 5 RO RO R A L G
M RiB Rl RS A R CA &AL HE A S
BB RETE S, A e & pe e A N TR
MR, AT I K R AR AR Y 1 SRR S ]
5o kAR N EL 85 T 7E B 5L B A A HE Y
1155 h i iz 1L ik

FHEGZ N AR SO 78 BT A S8 G e I 3% e
R H A fd i EfE. 78 BERT,,.. il RoBERTa,,..
I RankRefine 43 5 LA 48. 58 % #1 47. 78 % 1y F
IEf R EUS T e 45 A 78 KRR A |- 3R 90 ) o
KEyze4 S, EOMNFAE T, RankRefine HLiliE T
FIASNR A BRI ok 0 A R KU . B LR
VR TR AE I b L LS BE b ™ A i HE ) 51 3% L 38
Tk — o 20 B 1 TR 1] HE R R A AR B AR OR TR R R
T 484 568 A AR Xof 8 SCARRE U7 B B0 . b AR 7
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P2 THHE PR BE A [R] I de PR M AR B T A A
O AT R S8 BV B DR 1R R e B A SORR B A T

SiR A R 2 AL RE T 5 TR I RE A% 7 S 26 S 4 1Y)
R v b O TR S Y

®8 EHFESLHSEXFHERELR

A5 TR S s ViR AskU. MindSmall SciDocsRR StackO. S E
SimCSE 51. 81 29. 25 69.52 40. 56 47.78

PCL 52.23 28. 21 69. 18 40. 88 47. 62

SynCSE 51.79 28.96 69. 49 39. 88 47.53

BERT,,.. MultiCSR 51. 04 29. 04 69. 32 39. 50 17.22
RankCSE, ., 51.77 29. 90 72. 04 40. 49 18.55

" RankRefine 52.94 29. 49 71.24 40. 65 48.58

" RankRefine+ 51.48 29.51 70.99 40. 56 48.55

SimCSE 53.69 30. 60 73.02 41.18 49. 62

PCL 51. 96 29. 20 70.58 41.48 48. 30

BERT,.,. SynCSE 51. 36 30. 56 71.33 40. 06 48. 33
MultiCSR 51. 62 29.47 71.31 39. 76 48. 04

* RankRefine 52. 58 30.69 73.15 40. 35 49.19

* RankRefine+ 52.75 30. 64 73.23 10. 04 19.16

SimCSE 52.54 29.63 66. 68 39. 54 47.10

PCL 51.02 28.40 65. 10 40.72 46. 31

ROBERTa,, . SynCSE 52.59 27.58 63. 39 38. 81 45.59
- MultiCSR 51.91 27.97 62.83 39. 35 45.51

* RankRefine 53.92 29. 22 67.38 40. 62 47.78

* RankRefine+ 53. 61 29. 39 67.39 40.17 47. 64

SimCSE 54.95 29. 30 68. 82 42.54 48. 90

PCL 53.08 28.73 66. 20 41. 57 47. 40

ROBERT&IM{C SynCSE 55.22 29. 88 69. 33 39. 00 48. 36
MultiCSR 54.01 29.16 69.73 40. 50 48.75

" RankRefine 54.78 29. 67 69. 60 40. 94 48.75

" RankRefine+ 55.44 29.63 69.61 41.05 48.93

5 SynCSE.MultiCSR % J7 ¥4 A Fb . A< 3C 7 %
R/ 4o R S Y Gl e D e By & T AN s i
R R . B B A A5 R L F D A S0 R A R
HEFe 510 2 it Jn 47l B2 407 B2 0 25 S5 R ek B AR
DLVRI & 15 LR 25 48, 15 5 A5 6 A X 1 SR UF Y
HERIEE ST . XA AR A T HET G B i
RBRBE PR B T I 4 B8 o3 A R AE S 35 1 o T AR Y
TE 5 U5 o A AME 55 i S 5z Ak RE T
W A SCER 19 5 VA TR 22 B R 0 Y i HE T 2 AT 55
B HUS TR S S .

5.10 HBLSELE

Ry VA 25 B 4 37 DT, A8 SCEE T RoBER-
Ta,, HEATIH LS5, 8 a2 A 400K pR gCR i 5 3t
WU R #4150 52 . AR, RankRefine +
K HTH 38 NS5 R AR R A RS, RE e K BT
WESE max _up =1, RVFHET o B2 9 A R4
& M RankRefine Xf N max _up =0 BIE I, BB
BPAR A A A% K B E 8 IR R SR VAT ] HE T
ET. AN T max_up =2,3 WK ELITEAS
5 1 A U

P2 BB Rl 23 51 % B X (300 rhox b 4 2%
TR R 5 R T, BSHE AL 3 T R b A T B AILR AR
BRI PURAE ST — R G R 2 REIAH
BT A LR AR S BB E ., R 9 RR T &
ARAE STS F55 L (1°F-¥ Spearman #C R %L,

R 9 HRRSLIE 4 R (Spearman #H 3% R ED

05 ik FHME ZME
RankRefine+ 83. 94 0
max_up =2 83.79 —0.15
max_up =3 83.76 —0.18
RankRefine 83.73 —0.21
w.o. XAk 15.02 —68.92
w. o. HEJF LK 59. 69 —24.25
w. 0. FEIHBEF R 83.15 —0.79
w.o. ZHEBIHE 83.51 —0.43
w. 0. Z&5| 83.53 —0.41

. B4R %R SimCSE-BERT,,,. ,* %75 DilfCSE-BERT, .
SIS RN =AU, B R eR O
BIATaif , BER AT o4t 2k T BOrE RE IR % = 15. 02,
B bR HE P 10125 I B 22 59. 69, B0 0IF T 4. 2 T 1% i1
A& IASUORTHE 458 2 4 £ [) 32 0880 9 400 s 22 5
Xf e R SRt R iE LRAE S ZH AT,
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YR T H A 0 25 B AL %52 T, RankRefine +
(max _up=1)H Lt ™ ¥ 5 K B ¥ 51 ) RankRefine
(max_up=0FT 0.21 EH 44, XHEE Y
R S A B TR B A 22 S SO A UM L R
B i TR B R AR RN S BOR AR B A SR, E
— P AN BB B max _up =2 NS B
RE TR (—0.15) i LA S AT RES I A MR P, Bl IR
HEFF B 1

B B F A R S ) R AR R R R
SKREAH HEBEALRAEEETE 0. 79 AN H 43 45 B0 T3 F
T SCHPUR AR AR BRI AR 5 AR A R 7 e 7 7 T #4558
P IPURFEA B — BRI T 29 0. 4 DA 73 R
W E 3280 5 i i S SO I I B T L R R
FEREME B i — R BRI E AR 2, X5
5.5 HY SR o3 b — B, e[RRI 25 2 4 s o i
Bt el

2 o A R W Y RO BRI =3 1, i
15 T A AR — B R R R 81 AR A TR M . AR [R] Y
i 8- 2 S 5 BOKR »  BO R  91) ok w2, T
2 U R B 58 2 1Y s i HE AR 5 R R A R
ME”IA) S, AR TR N 3 DR IR A Bt & R 5 X
[i) T AR 43 % figk X — [n) L, (H 2347 o Wk 35 19 1 35T
B, PR, IO A BAT I B 2 AR R R DI AR R R
5 L HP 51 AT 5E 1 5 AT AR A 2 8] 8 AR A

ARSCHE =5 b T AT B (E o, XTI AE STS
S E Y ae s m (WL 5), SEIngs LR,
T8 a, PUE AT AE AL A ST 948 T A S A7
T R I B ) R

T Ha

_-X""-- e

25 F* R ]

-®- RankRefine-BERT, -
=X RankRefine-BERT,
- MultiCSR-BERT, -~ -
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Background

Unsupervised sentence embedding has become the cor-
nerstone of natural language processing (NLP), making it
possible to implement semantic representation without exten-
sive annotated datasets. These embedding methods have de-
livered significant performance improvements in downstream
tasks including semantic search, text clustering, and para-
phrase identification. Despite the significant progress of con-
trastive learning paradigm (like SimCSE) in recent years.
and the existing preliminary exploration of learning-to-rank
methods (like RankCSE), unsupervised methods are still
faced with challenges in capturing heuristic semantic informa-
tion robustly and efficiently.

The current mainstream contrastive learning approaches
mainly focus on semantic correlation between local pairwise sen-
tences, restricting the ability to represent global semantic struc-
ture, which plays a significant role in deeply fine-grained text un-
derstanding. Meanwhile, emerging L.TR methods are designed to
capture global structures, yet they are frequently affected by
noise. Such noise primarily comes from suboptimal batch sam-
pling tactics, where unreliable ranking signals are generated by
sentences with huge semantic gaps. and inconsistent guidance
from distinct teacher models. Additionally, listwise ranking loss
functions adopted by traditional LTR frameworks often lack effi-
ciency in distinguishing fine-grained semantic differences and sta-
bility when dealing with large batch sizes and noisy data. These
challenges make it difficult to balance accurate semantic model-
ing, and optimizing stability, greatly hindering optimal conver-

gence and performance.
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To address these limitations, we introduce RankRefine,
an innovative and efficient multidimensional denoising struc-
ture for data preprocessing and model optimization based on
learning-to-rank method. RankRefine significantly enhanced
data quality and training effectiveness through two key sta-
ges. Firstly, the data preprocessing phase adopts offline con-
sensus sampling, combined with longest consistent decrea-
sing subsequence algorithm, to pick out reliable orderly sen-
tence lists from consensus of several indexing models. This
approach effectively filters out conflicting and noisy sorting
signals to acquire training data with higher quality. Second-
ly, during the training stage, RankRefine puts forward a new
optimizing target inspired by LambdaRank, which combines
pairwise comparison in consistent sequence with location sen-
sitive weighting mechanism, to prioritize the use of more in-
formational sorting pairs. The final optimizing target in-
tegrates ranking loss as well as standard InfoNCE contrastive
loss, effectively captures global structure information and lo-
cal pairwise information.

Experiments show that RankRefine achieves average ac-
curacy improvements of 1.38% ., and 1.14% over the best-
performing models of the same size on semantic textual simi-
larity (STS), and transfer learning (TR), respectively. In
the reranking task, RankRefine demonstrates superior per-
formance across multiple metrics. This research is an impor-
tant approach towards robust and efficient NLP methods. By
addressing key problems including denoising and optimizing

stability in unsupervised sentence embedding, our work pro-
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vides a higher-fidelity semantic representation, reduces reli-
ance on expensive manual annotations, and lays the founda-

tion for more complex NLP applications.
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Batch Size ListMLE RankRefine ListNet
8 7.4453 0. 6432 1. 6620

16 23.6346 0.4411 2.1304

32 65. 7142 0.5296 2.5566

64 170. 3015 0.5682 2.9623
128 420. 6910 0.5723 3.3687
256 1004. 2458 0.5715 3.7892
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Batch Size ListMLE RankRefine ListNet
8 57.2968 7.7169 11. 6215
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128 233.7330 1. 3299 2.2244
256 285.6163 0.5970 1. 6371
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