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Abstract Traditional information retrieval (IR) models such as BM25 and language models for
IR (LMIR) are knowledge-driven approaches that primarily focus on the term frequency,
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document length, and inverse document frequency. These models derive the relevance score of a
document based on a combination of these factors. Experts summarize a set of IR axioms that
these models should follow. The axioms describe the characteristics that an ideal IR model should
have. One such famous axiom is the TFC constraint, which stands for “Term Frequency
Constraint”. According to this constraint, a document that contains more occurrences of the query
terms should be considered more relevant. This means that the model should prioritize documents
that have a high frequency of search terms over those with a lower frequency. Recently, there has
been a significant amount of research and development focused on data-driven approaches to IR,
particularly using neural models. These models can learn ranking functions from labeled data and
have been extensively studied and improved in recent years. Researchers have preliminarily
explored whether axiomatic knowledge can improve the neural ranking model. One approach that
has been explored is to generate augmented data that follows IR axioms and use these data to train
the neural models. By incorporating these axioms, it is believed that the models can learn to better
distinguish between relevant and irrelevant documents. However, it is worth noting that IR
axioms only provide information on the relative relevance of two documents based on the
difference in their matching signals. They do not provide a definitive determination on whether a
document is relevant or not. To better incorporate IR axioms’ comparison nature of matching
signals and inspired by the data generation process in contrastive learning, we proposed a
framework that enhances axiomatic knowledge in the neural ranking model via contrastive
learning, named ACRank. ACRank generates documents guided by the IR axioms that have
similar content but differ in other features. By presenting these pairs to the neural model and
training it to extract matching signals between them based on axiomatic knowledge. The key
differences in matching signals between the generated documents and the original documents are
highlighted through optimizing contrastive loss. Through this approach, the model can learn the
comparison nature of the matching signals mentioned by IR axioms. This allows the model to
better understand IR axioms for determining relevance and to leverage this knowledge when
ranking documents. In this way, the IR axiomatic knowledge is naturally transferred to the
models. Overall, the proposed framework is a general {framework that can be applied to different
axioms. It is a promising way to enhance the effectiveness of neural ranking models by leveraging
insights from IR axioms. By combining the strengths of knowledge-driven and data-driven
approaches, we hope to develop more effective search systems for a wide range of applications.
To test the effectiveness of the framework, we use the TFC constraint. Experimental results
showed that the proposed framework was able to effectively improve the ranking model in
comparison to BERT and others. The analysis showed that the framework was able to
significantly improve the effectiveness of the model.

Keywords neural ranking model; information retrieval axiom; contrastive learning; knowledge
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SRk AT CLS JHLSEP JPHES B B 24 A
[CLS ], ¢, -=-tf, -+, 18, [SEP 1, i, -+, -+~ 13}, [SEP ]

e K AR FEF I BERT B9 2R #4740 £, Fi
BN e — 2Rk

v.=BERT () (6)

Vi e Vg e Vo Ve e Ve W

Pttt ¢t ¢ ¢
rtr 1Tt 1

(L)€, -, B, o, €0, [SBPD ¢f et e ¢!, [SEP]

P 3 TR Y B B 3 5L BT vk

4.3 BB 3:ILELE SHHEX

S et i) AR U] ) AC Rank HE SR 7E DT g 15 54l B
W B it B AR 5 58 42 DL I 1Rl B0 G I L IR AR5
Jer b i) AR DN 2% 1 5 4 DC FE A1 1O o J T Im] A A
ACRank HEAAE B Bt 2 i A 22 W 28 A58 | 2y o~
BT YRR L N FE AR IR TR A B AR SCE T soft-
TF 122 A A IS 5 . 2% Xiong NI SE 3
I E T EARRIERET, T, = cos (v,;,, v,/>, M Je
FI A% R R () 22 URRAE , OF 38 2ok 22 )2 Fir 5t i 282 9
2% (Multi Layer Perception, MLP) %4 fz 2¢ VT g 5
2S(q,d):

S(q,d)=MLP(¢(T)) 7

TEC-A B Az B SCRY UC A 5 07 38 1 55
MIVERLAE5 . TEC-D HU AR J ) SCRY DE LA 5 1 55
TS IEELE S .

4.4 ME4:3tEbZE ST

FEXT H 2 2 IR B A 1 5 7 5 2% R AR
H ) A B DU (18 AR TR] T AS [ s 5 S R 2R
i TFC-A KLU L TFC-D B, RS- FH w5 R R
WA RER

XFF TEC-A BN, Az i A5 o, AT H

XA d,, BRI d,, € d) AT BREL

exp(S(g. )

exp(S(q.du))+ 25 exp(S(g. )
€))
XFF TEC-D AU, A= B R o, AR 3T HE i
GRS, BARKSE, HL d,, e d, AR R

exp(5(g d.))

exp (S(q, dp,,x)) + E/exp (S(q, d, ))
(9

Xt F A il TEC-A B AT TEC-D K %
HEZE AT N R A5 O o 4 ] TEC-A KL AR B i £
Wi d o MR T 505 SCR o, BEAE O ffi Fl TFC-D
T Az 186 R o, ARAEET LI IR SCRY o, SN AR
Kd,, €d; AR RERIEAIR (8).

FE St 78 vhd 2o By B 345 B UL RC A5 5, # i
el R B9 AN [R) 43 )y AAS TR 28 200 30 L )
0% AL P T TR g A SR AR A
TR ) SCRY =2 8] VE C A 5 9 26 L o i il B A 245
TAPARURH SRR .

L=—log

L=—log

5 3L I§

5.1 HUEE

AR SCHE = A TR AR Lk T 528, 43 Sl 2 v
SCHUHE £ Sogou-QCL" Fll TianGong-ST J JE 3¢
AL MS MARCO™, £ 5l A K/ 2 i

x2 AREGEEIIGEMARBIEE RN

. _ ﬂllé&% ; _ fﬂﬂ*iﬁ% :
Al ORI AR SORisio
Sogou-QCL 310380 3495134 1570 38511
TianGong-ST 40596 288 181 610 5547
MS MARCO 367013 3213835 5193 519 300

(1> Sogou-QCL"™

HORE B Rl 4% 2R 5 1 448 A i A i) B oK e ds
537 366 Z5A i) #8id 9 F T B SO BT . AR E R
ALFEAT I SCAFN — Z 50 SCRY s B SCRY LS T hrit



2124 it & ML % Eitd 2023 4F
SN AT SR (TCM.DBNL.PSCM., S IE

TACM LI K UBMD) H 3l LA DG HEFR 28 55 L %8
PR R AL 3G — A 4 BN ThRIER T4

RIS LS NS 87 =8, il PSCM 1)
DGR 2 2B BN SR8 25 B3k B 42 A 1) F1 28 SCRY
J& s IZRAEALHE 310 380 FxAr i), 3 495 134 4~ 3CHY .
ML 1 570 A1, 38 51143y . Hirp, A
T b WK 2 W5 4R 2 B “Sogou-QCL
(HUMAN)”, PSCM i ifi S5 AR 1 i B s A 0
J14Sogou-QCL(PSCM)”.

(2) TianGong-ST"

BObE B 8 & 18 KW H &%, 7 147 1554
R 15,40 596 S5 AN H K A i) . 297 597 A4~ BT 1E
. RRAAS TR I SR AR F P A i) S A 2 5 R Y
104> SCRY s BN SCRALHE T ARRR L 1 SC S FPJE T
AR (TCM L DBN.PSCM . THCM. TACM L4
K UBM) H 3l A B i AH 5C M br 28 55 . W] B L 45
2 0002 h N 7R B S RN TARTE T4 .

Y 2K 4 19 Ak BR[] Sogou-QCL , Zb B 5 I 25
FEAUHE 40 596 25 A1), 288 181430y . k4R AU 3%
610 2541, 5 547 A SCRY . MNAARZE N TARTE il
i Tiangong-ST(HUMAN)”.

(3) MS MARCO™

HORE [ 260y 48 2 H 35 A 8 3 213 8354304 .
YRR 45 367 013 M if, B AR B & — 2k A L
P B AH OGSO L BT SR R R O SR A Y
Topl00 SCAFHEAT FAFEAS RAE . A8 30O 1 SO RS 3 4
1555 B 5 3R AL A 50 0 A S04t L 3 5 193 45
), RS AT A FH BM25 5 [ A9 T 1004~ 30 .
5.2 XPEb#ERIASIRHMTTE

ASCHE PR LE T 15 1 P28 I 28 A8 7 5 2.
ELA F T TR ML 4 7 % .

(1) e (25 i Ay

KNRM'™; J& —Ff i T3¢ B9 2 HE B Y
T A TR RN SO Y 58 L L T IS ) A PRER
TE 28 B PR A i B 5 I8 138 i kernel-pooling 19
75 SRS [P B DE LS 5

Conv-KNRM"™™; J& —Fft 56 F 46 FRAZ 1) #ih 22 HE
FRAEEAD . 7E KNRM 4 3% Al i 45 Bk A &
BRI BN SO B TS R HE R 2 2] J2 TSR VL L

BERT™ . J&— ATl 2515 7 AL . 2 R0 F] H
1 55 17] 71 U] (Masked Language Modeling , MLLMD Fl1
N/ T (Next Sentence Prediction, NSPT- 45 #F47

Condenser ™' Jg&— Ff gt X 46 2 A9 T 25k 72
1% 38 o 7E U 2R Bl 22 Transformer PN #1445
g L vy ) 28 ) et 4 2R, TE R B B el X b2y 2
WK RIS .

(2)  CAFH IRA W ik

Axiomatic Perturbation method (AP)" & —
BRI FH TR LI AR 8 s IR U 2 7 ik . Jl ek Xk
B SN PE Bh . A4 A R B A A, R AR
BB S VI 25 C A fil 28 X 25 A58

ARES"™J&—Ff IR 2B FH T Hll 24T 55
BT X AN AT T i [R] — SORY
AN TRI A TE] A9 56 2 AB RS 1928 BRATY 8 o LR
VERLAE 21T U0 25 . BT = A B B 12 A Pk
TN 2RO M ST R A Ol A2 1) s O FR 98 203 J= B %t
A V) 19 2 SR S - T 4% 5 O ) P i - T 00 45 £1%)
SRR AY AT IE A I 25

R el RO ) AN ] A SCHR ) ACRank A
ZANBRAR <l TEC-A B 4 A 56 52 56 40 1k
ACRank(TFC-A) ; fff F§ TFC-D R i AH 5 525850
#E ACRank (TFC-D) ; B¢ & il J§ TFC-A KL ) #1
TFC-D # 0] 9 A8 5 52 5% i /F ACRank (TFC-
A&D). 7] —HHE 5T 1Y i A S 56 B 4 A4 Bl
AKJE GBI AH A
5.3 EIMAETRIFMIEIR

TE BCYE A= A BE . TEC AH 5¢ #0075 22 35 B
2r 1) F1 SCAY H 58 42 TS 9 ) 0 v SCOBCHE B
jieba #4743 18 L 5 H 0GR K& AR B9 45 R R
s f5= FH ] o 2 SCBCHE 5 FH nlek m s ) 36 2 s
il EARE TFC-A BN L& TFC-D BU AR b

AR ST AT S8 2448 FH Py Torch S8, X F X 1
i), KNRM ., Conv-KNRM fifi i OpenMatch™* #£17
S B H e 3R] ) T 300 4k GloVe ™, s fiff
FH 300 4k 3 5 71 B R 25 A 3R] ) & BERT
fiff H pytorch-pretrained-bert #f 17 5 Bl . Condenser
i FH A FF 4 checkpoint #F 47 52 5 . Axiomatic
Perturbation method {8 F 4~ SC fr #2 th i TFC-A Fil
TEC-D B -5 M2 HE P BERT 547 BT 92 8L
FErp i TEC-A BLIN A4 AH 56 52 86 0/ AP(TFC-
A) A TEC-D ML AY AR 5 52 5 e 7 AP (TFC-
D) BRA A TEC-ABLIA TFEC-D MU AR 552
Ko AP(TFC-A&D). ARES i F /A JF AL 15 5
checkpoint #1752 % . Condenser 5 ARES /A7 2 F
S T IR checkpoint R AH SE X H S 564
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EMS MARCO 47 . Fif &% MS MARCO HY
S B 7 3R AR Y top 100 SCHF R #EAT AREAS Y
K RE T A AU i ACRank HE 2245 2 By BL LA
BERT £ K 4t #% . BERT X} iy A B AEAE BRI, 76
SR RAIE T AR U] XoF SRS A B £ BR A
ACRank 45 5048 48 SC 0 bk K/he[16, 32,64 ], %%
> AR JE B Ky [2E-5, 2E-37 . 5236 v Fe A1 4 1
Adam EAL#S HATSHOEHT .

FE S L AT NDCG@1. NDCG@10,

MAP 53 5IE R EM R .
5.4 ZXWHER
BSR4 AN 3 PR L SO E 4R
SCEGZERANFE 4 BN . R 3 MIFR A R =0y, o
)R 7S A 22 P 25 R R 38 T A ) TR R0 A vk
R A SCHE B ACRank HEZRZ5 5L . Hinp TFC-A ¥R
JAESE S TEFC-D M BR AR AEAS R EE 2 T B0 —
. AN FEBER AR R AE 5. 5. 2 1 PRI 44T . 8
IS8, AT AR EI DL R 258

%3 ACRank K 3fLE i8R S0I6 45 R (ELHIRE)

) i MS MARCO
B3 7k
NDCG@1 NDCG@10 MAP
KNRM 0.128 "¢ 0.251""* 0.174" "%
' o Conv-KNRM 0.167""* 0.302""* 0.219""F
P2 P 28 AR 1 it i e
BERT 0.200°"* 0.376""* 0.321°"%
Condenser 0.210°"* 0.382° "% 0.323° "%
AP(TFC-A) 0.179" 0. 358" 0.302°
i AP(TFC-D) 0.193 0.369 t 0.315 1
EL A R TR B )y 2% . . . .
AP(TFC-A&.D) 0.187% 0.360° 0.308"
ARES 0.221 0. 417 0. 363
ACRank (TFC-A) 0. 226 0.414 0. 357
ACRank HEHE 71k ACRank (TFC-D) 0.227 0.413 0. 356
ACRank (TFC-A&.D) 0.229 0.413 0. 355

T AR B R T SO N A2 2K Dy L A R TR RO A4 D7 36 AT ACRank HEZE J7 3 Y S 25 31 - Hop TEC— A R TFC—D AR SRR
SR R 7 < FRIZIT I B3 T ACRank(TFC— A (U, p<<0. 05) ,“ T " FoRi% ik 32 T ACRank(TEC—D) )ik (t
Ky, p<<0.05) , “ ¥ "FIRIZ 1 B3 2% T ACRank(TFC—AR.D) 7 (K, p<<0. 05).

*& 4 ACRank B 3ttb#E B SLIG 4 B (PR XX #iE &)

Sogou-QCL(HUMAN)

Sogou-QCL(PSCM) Tiangong-ST(HUMAN)

S ik - - - - - -
NDCG@1 NDCG@10 MAP NDCG@1 NDCG@10 MAP NDCG@1 NDCG@10 MAP
KNRM 0.762°7% 0.789°"F 0.910°"F 0.320""F 0.432°7F 0.4337F 0.664'"F 0.852°7F 0.841°"*
P2 8B )77 Conv-KNRM 0.778° "% 0.79377F 0.913°7F 0.372°"F 0.458°7F 0.455"7F 0.666'"F 0.8567F 0.854°"*
BERT 0.788° "% 0.811""F 0.919°7F 0.373°"F 0.4657F 0.462°7F 0.674°"F 0.861°7F 0.850""*
AP(TFC-A) 0.801°  0.816° 0.924° 0.420°  0.510°  0.500" 0.689°  0.864"  0.852"
oA FAHIR .
I AP(TFC-D) 0.798 1t 0.827T 0.937T 0.448%t 0.520T 0.506T 0.6971T 0.869T 0.861T
AP(TFC-A&.D) 0.804%  0.833%  0.904% 0.427%  0.502%  0.491% 0.709"  0.872%  0.862"
ACRank(TFC-A)  0.834 0.848  0.943  0.535 0.586  0.557  0.736 0.880  0.864
ACRank HE4277%: ACRank(TFC-D) 0. 851 0.862  0.952  0.527 0.589  0.558  0.739 0.882  0.868
ACRank(TFC-A&.D) 0.843 0.853  0.945  0.516 0.579  0.551  0.739 0.886  0.885

T AR A SRR AR M2 R4 v (B A T TR RIS J7 12 A ACRank HEZR )5 v O SC IR 45 . Hirp TEC-A R TEC-D AR ST
(R 300 07 ¥ . * R % 0T i B35 25 T ACRank(TFC- A)J7 ¥ (0K, p<<0.05),“ T " FIRi% I .32 T ACRank(TFC-D)J7 ¥: (16
B, p<<0.05), “ I "FIRZ I B % T ACRank(TFC- ARD) I (1 5:, p<<0. 05).

(1) XoF o foff R A 28 IO 245 A5 700 ) 454 T

rh SRR AR 5 e SO AR TR AR I 2R
A BERT B9 2 S # K A T Conv-KNRM. Conv-
KNRM Z (&4 F KNRM, Ut B T 25 ) 5 S0P 38 1 ik
Fu45 s R SCAAT BOBE 43 T ey Sk i OR B

YESCHE S H Condenser IR T BERT K HiAth
J7 3% U B WY 25 B B AR X R R AT S5 R M
Transformer PN #R45 F4) B 18 T4 % ) =48 R

(2) X AFA IR B A A T7 7%

e SO R 4R L AP AT A TEC-D 7
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P4 B R A TR TFC-A B 5 3 L 5k
A o T R D0 6 vk R A3 O R AR T R
TFC-A BN A J7 % . FE9e SRR 4k | ARES 7k
BB AT 2525 AP J7 vk Uh B T R R B R A Bk
AT TR 25 b B 2 (o0 34 et 5 T A 30

(3) X o 5 ) B KL DU 719 ACRank HE 22 45 />
DIRES

ANTRIESHE £ T AS )R 00) 1) 2 B0 BB 4 1 A
A LA — @ B KA 0L F  TFC-D BLAE +
TFC-ARI . XF T AR %4 - Sogou-QCL 48 K%
ST TEC-DRCR A 5 Tiangong-ST BEA
PP 58 R A UR B s MS MARCO H NDCG@1
FEBR T HRA PR bR 000 19 255 SR S, oAt A5 A T
TFC-AFLUEAL . Bii 1 X o SCBAE - ) SeAs
NN )R B9 5 B AE 20t BERT 2w 5 5 4 Y
SEMR/INF I B A iRy ] S BT RS S5 AR AR iR B A 55
MR e 55 . A TRVECHE 45 T A [R50 56 245 21
() PP B 22 BE AN — » S5 4R R/ BT PR 284 1O
0 A Sk I

(4)  XFHCE A F U TR HE % 7k 5 4 FH el 22
Do) £ A5 F18) 7

HSCEUIR AR T AP 1 i 28 X 45 B TR g = el
D5 L REAT O 0 S HE T UE R T A A A IR B A
JCES A o (A ol Ao 2 X 28 A A 4R — 5 1) TR A B
PLEGIE T Cheng %8 N BY45E . FEJL SO 4 1
AP )74 T KNRM 5 Conv-KNRM, 45 T BERT,
%X FEER A SO T MS MARCO 4808 F
F1lZk, 1M Cheng S N T 20 000 454711125, AR
i Rosset %5 N\ 14518 . MS MARCO 1 J5 16 58
TR T 0 A 5 A ) ) sk R 5 L S K
AP J5 AR IR A RO A HAR AP A B
T HN R ARES J5 ik B A T AP J7 1 44 25
22 28 Ty 1 UE B T AE TN G B B AR AR 244 TR 2y
P b B R G SR T AR

(5) X ko ACRank fE 48 7 i 5 fiff H bl 28 1) 4%
R (1) 7 1

X F ACRank HE4L )77 , 76 SCER 4R |, 43311
fdi ] TFC-A LI TFC-D 1 00 F159E A 48 P 05 1
W ARAE T = Fiopf 22 I 28 BRI S B 254 T 6 T
ACRank &2 3 5 248 IBOT LU B D Be A5 5 1)
AR

16 T SC 8 H % b, A XF e ACRank )7 % 5
Condenser 77 : ACRank = Fh sz Bl 45 34 g 240 T
Condenser, ¥t B T 7 3C X} FE UE B 45 5 09 8 %01 .

ACRank 5 Condenser 75771k H T X% b 27 > #2k
PR, BRILZ Ah A SC 5 Condenser BN 2k 7 X 5 52
IR SR % 159 N ] - Condenser {57 FH #1124 - 1o 8 4 22
TE TN 25 By Be A& B Transformer 2544 , JF7E (4008 By
B i X Eb 2 2 6 L2 T Transformer 4t a9 - F
SCiFE S, 1 ACRank Ay 3t 30 35 (4 U1 5 05 4 76 B B 4
HRFGS Ee A 2 6 BRI LA S . A S gR 25 1 nl DA
BB IRKS LR —F {55 A% T BERT #BREAT K
RO 0BT, LW TR LY A 2] O vk 0 A R
ACRank e & 25 84T Condenser, 80 T % Lk PTE
=5 B A% (4 R0 2% ) TR 2 384138 3T 4 ok Ak R
271

(6)
W 75 1%

P B SO B b S8 E AR AR R il
ACRank J7 8508 B 200 F AP 5k il 17 HAEH
B RS A BRAE i BOT LA DT RCAE 5 g e fili s
RUTE 2 2] IRA PRI

P g OB 4 B WX ACRank 7 % 5
ARES J5 ¥ : ACRank £ 22 J5 i i L 17 5 5 ARES
SRR AE NDCG@1 8 41 LA KR $E T+, AR M
AFE PRI 55 L X FEIEH N ARES kR T H 2%
ONFRAIN A% SC U RIS — b R A7 S, 15 EH
T BT IR A 38 TIN5 7 9 FNAS SC AR L 5 DG i
T I IR R R A AR A AL 2 15 TR A JUANH
ACRank 5 ARES #B 4 i ] IR 2> P48 T i 28 00 2%
IR I AR = F T X L AAEE Z A O
207 AR ARES S5 B ZR AT 25074
AN T 2 FE 55 5 o R AT 2K E s AT
Y5 AR SCEH B & DG T AT 55 VIR
AT /N s @ fd A BT 20N ], ARES XA BEES T
T BB A i ] — SCRY B A A TR — A i) AB US 1A
P38 A8 L AR A DT C A 5 40 W e o [ R X F A DG
KR ASCNAPRIFSCH K, LA B UL L5 5
MM . AT LA B RO A LS o SRR
A HE P B ] A TR /A AT .
5.5 KIEHH
5.5.1 IXUCECLAE 5 (52

A SCHE ) ACRank HE 48 2 44 I/ TR 23 2 1) R
PEVEA TR 2 R0 R B BE 3 DE BC A5 5 EBURI Y B 4 %iF
Fb 2 2T Y0NS . AT 3 1 3 P A B B HE 42 i 2¢
R A5 T K43 ) DA I s 5040 AR P 1 5 4
0 A2 B A T S0

5 0 HAZAE IR R s AT SE R i A5 2R L R

X H ACRank HEZE 7 v 5 A FIH IR #L
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. Sogou-QCL(HUMAN) Sogou-QCL(PSCM) Tiangong-ST(HUMAN) MS MARCO
ik NDCG@1 NDCG@10 MAP NDCG@]1 NDCG@10 MAP NDCG@1 NDCG@10 MAP NDCG@1 NDCG@10 MAP
BERT 0.788 0.811 0.919 0.373 0.465  0.462 0.674 0.861  0.850  0.200 0.376  0.321
w/ E() 0.815 0.831  0.932 0.412 0.488  0.480  0.657 0.866  0.898 0.195 0.377  0.322
w/ L) 0.814 0.833  0.935 0.438 0.512  0.499  0.699 0.866  0.846 0.230 0.407  0.352
w/ EQ&L()  0.827" 0.838°  0.936 0.449 0.526°  0.511° 0.730" 0.880° 0.873 0.224 0.412°  0.353
0 ARSI R . +38R “w/EQ&LO)" 77k 2 0T HoAh 5 i (LR 3, p<<0. 05).
Fo6 RHIREHMIKEER
) Sogou-QCL(HUMAN) Sogou-QCL(PSCM) Tiangong-ST(HUMAN) MS MARCO
ik NDCG@1 NDCG@10 MAP NDCG@1 NDCG@10 MAP NDCG@1 NDCG@10 MAP NDCG@1 NDCG@10 MAP
TFC-A
BERT  0.801 0.816  0.924  0.420 0.510  0.500 0. 689 0.864  0.852 0.179 0.358  0.302
w/E()  0.828 0.842  0.940  0.407 0.496  0.488 0. 653 0.867  0.885 0.196 0.374  0.319
w/LO  0.813 0.83  0.935 0.483  0.562  0.539 0. 692 0.868  0.853 0.224 0.407  0.351
ACRank 0.834° 0.848°  0.943°  0.535' 0.586°  0.557 0.736° 0.880°  0.864 0.226° 0.414  0.357
TFC-D
BERT  0.798 0.827  0.937 0.448  0.520  0.506 0.697 0.869  0.861 0.193 0.369  0.315
w/E()  0.831 0.851  0.944  0.432 0.512  0.498 0. 670 0.869  0.897 0.195 0.372  0.318
w/L0O  0.83 0.850  0.947 0.505 0.567  0.544 0.736 0.877  0.858 0.225 0.412  0.354
ACRank 0.851" 0.862"  0.952"  0.527" 0.589" 0.558" 0.739" 0.882°  0.868 0.227" 0.413"  0.356
TFC-A&D
BERT  0.804 0.833  0.940  0.427 0.502  0.491 0. 709 0.872  0.862 0.187 0.360  0.308
w/E()  0.820 0.846  0.939  0.416 0.499  0.488 0.714 0.878  0.868 0.210 0.382  0.328
w/LO  0.829 0.852  0.947 0.504 0.567  0.543 0.727 0.879  0.870 0.218 0.403  0.347
ACRank 0.843% 0.853  0.945  0.516" 0.579" 0.551° 0.739° 0.886°  0.885° 0.229" 0.413"  0.355'

W TFC-A  TFC-D  TFC-AR.D FA G B 7R, SR B R B LR R 3R . #3588 TFC- A S M T “w/EORLO)” 7 ¥: i 2 00 T Hofh )7
LK, p<<0.05), T "FR TEC-DHL T “w/EO&.LO"J7 i B T HAL 7 (R, p<<0. 05),“ T "R TFC- AQD LT “w/EO&.L

O 7k B T HALT (VR %, p<<0. 05).

6 43 B TEC-A FL L TFC-D B LA S Bk &
it PRI RE I AE Bl B 1 S B 45 2 . o w/EO”
PR AL BT B A 5 ASF F 6T H 2 > 2% pR g
11 A 5 3628 BERT AH [A] 119 488 2% oA B E 4791 5
“w/L O Z MM H BERT M9 CLS 32 35 £ 3 i 151
P22 25 I (R 245 A N DR LA 5 o 5 X 27 ) i
P IE SRR A 25 53 5 “w/E O QL O AR Al BT it 15
5 XS HeA 2] SR IE REAR 22 5, “ ACRank " X,
AT

i 3 A ) e R 5 H k4R BERT 453 5 “w/E
O “w/LO7EE R0 LIE 2 2 5t i fs
SR R Fb 27 > 0 1E £ R A (1) 2 S5 0 A A I 4 4
i EAFRBCRIRTE . “w/EO7 A “w/LO eV 4 |
PG SRS ] o A s AR ], IS
AR XTI . A3 4w/ EORLO”Fl“w/EO”
“w/LO70] K “w/EOLO”H 3 T B i iR 1
PEFE L U T A B E SO A B L 36 0E T 7R TR

JE HE AR A Hp 3 ok il OSBRI MR ok
HR TR A R (4 3550k

I3 It e 6 v TFC-A F WA . TFC-D
T PR L5 TFC-AKD B FH i pu i e A5
M SEMAIE  “w/EO” “w/LO” 45 B A%
F BERT ## — &£ T+, “w/EOQLO” & “w/E
O”“w/LO7 A 5B 5 RO TH . TEC-A T PaFp
SEIGRE BL AT TEC-D T A [7] 52 36 152 & 1% DU o 5 45¢ ]
FH|, TEC-D MM RO A T TFC-A L I BRAH
ST 1 SRR A SR L T A IR E A 1 E A AR
053 L R W k7 S R ) NN W ERE A T
AEMAE R~ 2] TR 2N B . TFC-AQ.D F PP L 56
5 LRI A B8 A T TFC-A, 2% T TEC-D. g |,
26 TFC-A B F8 T Az 10 B0 558 D 4 580 » 7 b
16 TFC-D MU TS 5 F A i 1) £ Hi A o 56 119 DE fic £
S N HAE 2] T RE A B R 25 SR PR A . (BT
TR0 Y Sz B R, DL BERT #EA7 5 L £ FH IS 44
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IR models aim to rank retrieved documents according to
their relevance to the given queries. How to design a model,
which accurately measures query-document relevance has long
been a core research topic in the IR community. Traditionally,
relevance is measured by handcrafted formulations which reflect
the experts’ knowledge on relevance ranking. Representative
models such as BM25 and LMIR, whose performances are
closely related to the use of various retrieval heuristics, such as
term frequency (TF) , inverse document frequency (IDF) ,
document length (DL) , etc. Researchers summarized these
heuristics knowledge as a set of desirable properties and
expressed as formal constraints, referred to as IR axioms. For
example, the Term Frequency Constraint (TFC) favors a
document with more occurrence of a distinct query term and TF
is an essential matching signal in the constraint. Another
constraint, length Normalization Constraint (LNC), penalizes a
long document when the two documents’ TFs are identical.
Axiomatic thinking provides theoretical guidance of training
models. Recently, with the development of Learning to Rank
(LTR) , neural ranking models directly learn from labeled data
have become the mainstream of IR ranking. Though state-of-
the-art performance has been achieved in a variety of
applications, these data-driven models usually rely heavily on
the quality of data. Theoretically, both the expert knowledge
encoded in IR axioms and the information in labeled training data
should provide useful information for relevance ranking, from
two different while complementary aspects. One intuitive
approach to leverage both of them is generating augmented

training instances under IR axioms, then training the models on

both the augmented data and the labeled data. However, the IR
axioms follow the comparison nature of relevance ranking and
judge the relative relevance of two different documents by
comparing the matching signals, rather than directly judging the
relevance label of a query-document pair. For example, the
TFC constraint only requires a document with more occurrences
of a query term should have a higher score. In this paper, we
propose a framework to enhance the neural ranking model with
IR axiomatic knowledge by using contrastive learning, called
ACRank. ACRank mainly consists of four stages : 1)
Augmented data generation, 2) Embedding generation with
neural ranking model, 3) Matching signal extracting 4) Training
with contrastive learning loss. ACRank highlights the difference
of matching signals from both original relevant and irrelevant
documents and also from the constructed one to learn the relative
orders through optimizing contrastive learning loss. ACRank
can be implemented based on multiple types of IR axioms. In
this paper, we focus on the TFC axioms. To generate axiomatic
knowledge enhanced data, we perturb the documents in training
data along the lines of axioms. Specifically, the matching signal
is a function related to the number of query terms. We use a
score related with soft TF as matching signal. We tested
ACRank on two Chinese datasets Sogou-QCL and TianGong-
ST, and one English dataset MS MARCO. The experiments
showed that the TFC constraints can guide the training of
ACRank to achieve better performances than its underlying
model. Empirical analysis showed that ACRank can learn from
the IR axiomatic knowledge through modeling the relative order
from the difference of matching signals, leading to better

performances than the underlying neural models.



