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Abstract

With the rapid increase in the use of search engines, the need for developing more effective information
retrieval and ranking methods has become critical. One of the key challenges in information retrieval is
predicting query performance, which involves estimating how well a search engine can fulfill a user’s
information need. Accurate prediction of query performance allows search engines to take adaptive
actions, such as query reformulation or ranking adjustment, to enhance retrieval effectiveness. Query
Performance Prediction (QPP) methods fall into two main categories: pre-retrieval prediction and post-
retrieval prediction. Pre-retrieval predictors estimate query difficulty before the retrieval process,
relying on linguistic and statistical query features rather than retrieved documents. In contrast, post-
retrieval prediction methods assess query performance based on the ranking list and document
collection, providing deeper insights into retrieval effectiveness. In this study, we propose a novel
unsupervised post-retrieval QPP method that evaluates query performance by analyzing the clustering
behavior of retrieved documents. Our method defines five new metrics—CC, DCIC, DCNIC, DCNICR,
and CCR— to measure the distribution and coherence of retrieved documents. These metrics help assess
query difficulty by capturing how documents group into clusters, identifying outlier documents that do
not fit well into clusters, and evaluating the overall structure of retrieved results. By leveraging these
metrics, our approach provides a more fine-grained estimation of query performance without requiring
human-labeled data. To evaluate the effectiveness of the proposed method, we conduct experiments on
three datasets: TREC DL 2019, TREC DL 2020, and DL-Hard. The results demonstrate that our
approach improves Spearman’s correlation coefficient by 0.009 and 0.163 on the TREC DL 2019 and
DL-Hard datasets, respectively. Additionally, it increases Pearson’s correlation coefficient by 0.037 on
the TREC DL 2020 dataset compared to state-of-the-art unsupervised QPP methods. These

* Corresponding author SOl yloougs SM?*

Y 2l ) )Ll VFeY JLle gy raxdllae £o5 @ V- F/TIYA 1Ll g, @ VESYNAYVA 1h iy G ,b @ VEVIAYY tllie Jlu )l g, @


http://dx.doi.org/10.61186/jsdp.22.1.3
https://jsdp.rcisp.ac.ir/article-1-1407-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-08-11 ]

[ DOI: 10.61186/jsdp.22.1.3 ]

improvements indicate that clustering-based QPP methods can effectively capture query difficulty and
retrieval quality without the need for external supervision.

Keywords: Query Performance Prediction, Information Retrieval, Search Engines.

Ol siee et Lk A pe & o 3l i
D Flulmls onas, Capd jl Jiwe oy, ol
s S il | o st b s, S
Slps 3,90 ;0 B oS (o0 Jelodigts o bk 5l o )
slaie, LYY YV av ¥ alass cglad gxg
ool 2y 093 lasmiin (QU3k 3l m Smoie
Ay s e bl @S Badgaiuas, Cusjed
g 2 oo 1,8 0 gt LS jo (6 iy Sledlbl
DVFlass oo polal 1) 38s la sin i 4 (Shcwss
)l e anlllas gl o ol gl o L
Ol e slagty, e Wiz 9%y, e
g5 g0 W)l g2y oy 0 ySlos (o) 2 yolaied;
5 DCNICR .DCNIC DCIC CC syox Jbxs z @
g9 0 8des (o) (10 &5 35800 5 CCR
35 oo ,l,8 oolaul 590
slaghy) pln oyl Glagh ki osrikx
3)8 o lasbiul glaooloacgazeoe 5l oolaul b & las g0
DL-Hard 4 TREC DL 2020 .TREC DL 2019 al.> ;|
or &Sm0 sk el b))
579070 S8ee (it A 50 oadell sl iagl
Ol @olgiinn Joly av 1By )0 s 1990 oo il
el dwlie 5 coyp @ plazr B 0 5 el
Ols 4 iy (idu ,o Ll wed o aBls odelCamsdy
IR IESPLES AN san] a5 g (g S ams

S9zge Sloiagy Wb gihe el S ;0 oS jshiles
iy (S &wd 90 4 29w 0 Ses (St 859> 0
ol 5 plaST e igd o e (3L Sl 9 (SL3L
lalno oll p logzg gy 0Shoe (Sb3)l 4 dad S,
it Sl o BesS et Wilbuee Bl
ofles oyl b L ol g sleo oy, SeSa
Gg Sl 4 dargi b aiS oo i |y ez
2 el 3 paie Sb3b 5l e (BOSS i » )l
o cpl o eadslxl (S5 S Bre 4 sl
D9l oo £S5y
OHlai b 0)Shg) SO (e 4 [\] O g Gisulas
3y 0 095 SRR 5D 929 Ses St sl
975005 Ses (St 9 S50 2Lk ez Ghegh )
I, BERT Joo byl el slaabsnis 5500 5 v
e adby 93 Siie b Shy xSob slp &
GBS s (She 0,509, ol il sa g6l winslons

doddio—)
slp eab bl lahy, dadllae 3l ol o
bocalord has 65958 ol @ DMl (s92 9l
@l ezster slaygise Sl eslinl g3, IS
Slwl guwas; 5 2l Glp FES slaghs, dews
LTS LI OV A ) EY% J RPN ONES ey
ssbaredy Sbal jloadiganas) S ppd Sy il 4 S350
oty [V ¥ el 550t ()l 3l 50 S0,50
Wl 292y DMl Sbsk (2l (wyp ln Al
it o Skoe [-F] pae oy, oo cnl 0 &5
Jlaol ol sladae 5 St laghy, 4 o
olts gl o929 bsilo VY Ve Y] gy
alio 3 ,Sloe g9 Elgl plos (sl Loy, cal wilosls
TR SRR CCpp e USVEY U] PL RO
O Sozamn lr Sk slaalls o Slos (rress
Dy alojls

S yd CodS 9zgn O Sles it laghy,
dlome 1) )5 GMb] glajls 5 oadiganas, sl
Sl bk sleatls 5 [ 0F Y N uws .
i HPge WSS Tl (Fwoh |y szgmn 2
s andsep b oody wile alahy, b Wlgiee
S8les e Pl ek 1S ol |y ol g2 g
oands slp bl Blle o Slas (1e3S b 9290
St D17 V0lagh o (b s2smn o oglsbo
S8kes (cmita Ol 929000 0 8kes (St K03
iy a5 il (glacslisd g0 oSl sl Blebles S,
oo oSkes nghn slagts, [Vlsss
$racen e s wile Gl L wily e
Bz sloganas, & yzgsey e b [N7 4]
g oolizl [VY 1]

Szaen S slp o oMbl bk o Shes

Aolasl weline Galize slaalls o Wlg oo S
wiej Cal o Sezse slagiagh 4 arg L [Ye 0
90 4 3l se g2y ey 0 Sles i 4 &S o)
oM St 9 bk Sl Gl Gt (el dwo
Glosss, [V A% OF OY Y O igs o pends b3k
Ss7ooer o Bl pelaly Dbl 3l o S
o & M dSgezme )3 dgzge SOl 5 S

) 52 a0 o o,Sbee ¢ b3l 3l ey GBS s i

1 Query Performance Prediction

Y 2l ) 5Ll VFeF JLle


http://dx.doi.org/10.61186/jsdp.22.1.3
https://jsdp.rcisp.ac.ir/article-1-1407-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-08-11 ]

[ DOI: 10.61186/jsdp.22.1.3 ]

S)UAS 9933 Sla YY) SaS b 939 3 Felis S pShes Faryi

Gtz L, &5 Cldidl drwg Wiz (5,0 pdiges
Gl 4 im0 e i Loyl S e (3t |, S
bl @l s 2 S s bl el e
@l g iz o] WS o Jos 57500 0,Skes
DS o oolaiul o Sles  Jiu i CBS dgun Slp x>y
JB psba Lol olgatay gy 5 wede i b
iy o a2 |y 529 p S Shee (S (29
SOk g 3 oadell oS (S i3 Gl 5
ssbaredy ilize gla tagh Ab (ow)p 92amn Skes
oo b ollEl slagts, Sl bgrg oy o Slee (o)
Gl by, 5l oolatwl wilos S eolaiul dgm 5 o ol
ol cpl dex szl gya, bl b ol

dgs 0,8 o)Ll oz sloosls 4y pwyiws 4 g 0
&S Sl (glo > 0181 o il wuaS b o slaosls
lnosls (6 38zt plpiy 1225 ST iy slaadlye &
sebied Sl ape g ploy Byo bolres S 5 Sy
g Sl g5 3 ool 2l daille ol b ablie
ol 3 deJas (sl o Sl slallas 56 | oSl
Sfkee st sl OB e slagts; Sl Gegk
Lol aw isw o al wle colaiul egzg iy
S Il e 03l b Sl g ol

D9 50 dulio 35250 S5l gy

SOy (g, -

Fom ozaomn oSles (i hegn (nl Saa
69549y o onl 3 polate (o el sleul b3k
alol )5 09 (Byme )lla e slaghy, SeSw
255 peple> Gl i Sl by 095 B,

gzgmn o fles (oyn slp ool 9505, 5
TPl Caz gl oo gl sl S iie la S
oolil oatic i cla g, 5 oS i gl Sy o
B () US55 oolgitn S0, & Ligsye 6 lone o
o bae 5y olil lanl b, ol o .l cdalin
sl [YV] BERT &Y 5 b g 00,5 bsb 1y 5290
iy i olelas Ll o 5 (ganalies e (55185,
2 i kS bylas ol Al b g oad
g oo (6 xS o3l 929 p

24 by gy sie e dlese s
BM25 5| sbwl gl glyicisl sl i il ssipmn
S yiie gla Shg dm Al o ;0 s 10D ool [vAl
BERT a¥ & 3l jshaie cpay ol zlzsel ol
gl Topin S5 SaSe diw o bl 5 ooliul
2ot sbaloe wadpll Ga)lS ey boad
A¥V] BERT asle omus ijsel Livg 3l s gile i 5

il 50504 ) Camsgd CenisS b el BERT oo
o 9 NS (S (69939 S99 Sl 1) e bl
D38 s g (] Sazee (AAS )

Sz OBl 0Ss, o 5 [Y] iSen 5 olioe
ORRgR (0 WS (o (Byre 2gen o Sles (b
ol 2y 929w 98ee B il oo Joo S (2590l &
4 ol iy eass oa Qs sl § 52550 (e L3
Cross-ass (gloxe g0 5l Jol> gl Julo g gy
Sl 05 iagls o bi-encoder 4. 4 encoder

Ol 1y Ol g 3Su5, o [YY] o San 5 g8
2l 99 g plovad! wlinl dcgomme 4y a>gi b a5 0iiS 0
ot Sle by D4 gl S e alxe |,
e O i (s2358] Ao Bl 5l 9250 0Shos
2 il e il degeze (Sbj Joe g 929w L)
Sy ool e el el 5l oslinal b anllae oyl
e Aol 0505, nl 50 D90 5 xS oi 529
Az 12 g 3,10 35> odddumwle Byl 5 cudlads Ll
Sg el Folul g W3l i 2555

ey T ozsn 0,553k 050, [YF] ) Kan 5 1),
B olla e HBAlS Soin sy a5 WS
St sy bl JUS Jas tashy o 55 5
D R I S s
05539y il 50 D9 es oSS @mlS S e 5 (bl Al
Jowe @l ey 3l oolainl b (plSoeiul e dslors (gl
D32 (979 n S e 109500 drmlne 5oy (S
@ obnl Sby Jae po Jloizl op i b (B3ly SeSey a5
Db so gt Wax bl 5 oed e ools b3k Aileles
oo Sl (e 0delCunsds Zulis Cow b 90 SaSay
ol il iy bl Gligies 4z 2 5 9l o0
ool Fosls g2g w9 e

O9N BALS o S [val OHSer g pelyg,
S WS By oz oMbl Ll b g 1 ol
$roown OSkes Guitn 4 b sl ululy
oolital il g, Sl gl 080s, Sl o
by DAL (6, Sojlail ) grg e 4 4zl by WS o0
Sl 550 Lo o Mol 5 529300 (o] & bogeye il 5
2 kel ccanbin (230559 5 eolainl b gy cpl 03lo, 0
;.;U}LBJSLJLQ,@SJAS@MJ&J&SLLQI)M
5 olekin hgy &5 W e lid o gl bl aes
SOk > S O8es (b slaghy) b Al
o [v#] OLeR g (pelugy Cpiimed 13,10 gg gy o, Sles
e Bzl o 0 e SO &) 4 (6,08 g
Dbl bk 5l o szaoen SSles it iy
0,50, Sl eolaal b oeawsjmess ol Wl e

&

3CLS

Y 2l ) 5 bl VFeY JLle

L clarity score
2 Query Feedback


http://dx.doi.org/10.61186/jsdp.22.1.3
https://jsdp.rcisp.ac.ir/article-1-1407-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-08-11 ]

[ DOI: 10.61186/jsdp.22.1.3 ]

Sfles omyp sl Sl mn Mgkl 0
Slaws :L.M:L‘x.o a CC@n )L..x.c Cawloas ‘SSJ!A L{b}?gw))
$79omn o 4 barpe Sandi i N 4 bgy e glaades
£9050 £o55 baumolis bades i olasd o5l e
babe> olasy a5 Sloj (plpby sl ool bl sl o
b calizes oliwl oS 015 (coto S975 5 (sir Sl ol
ax b ass ) taloads oLk ol 6l e Dlegoge
Sl 990 (PPl EMOQL«..J ML! J.a.m.u CcC
CC@n = number of clusters of documents )
N Hbo 3l ead gandigs sbuwl slasy DCIC@N Lxo
@ Egog0 i il sliwl S8y .05 o (et |y Cendn i
5,5 oo 1,8 bades o il alib calll s wp
iy Alg> 0 0920 slrooly Slawi a> e aslye
b ye sl g 055 Jos g5 2Lk Alobs gimy il
Cawloads (S’L)b
DCIC@n = number of documents in clusters  (Y)
oliwl slass «unss wiw N e 5l DCNIC@N Lixo
LS o patnine | WS e 3 Glades w0 aS
Al G @S oe 3 laades o ganw oS e
Wbl adg lpieds 9 o)l (bl 929 4 (L9dee
cds sauasplis DONIC peS jlade cplply 09 oo
L ooad sl slwl jgd blsjl 5 sl Slele i
)
DCNIC@n = number of documents not in clusters
)Lz.v.a ol ouolie JJ[B (f) JBA)S 5o as )j.louLan
sl slaws a4y eaii gandde> slwl &5 DCNICR@n
) 5790mn s2 S i N 4y bogype il gaialip>
Slows ey Wil )3[‘,5 Jhxe ol 4> 2 e.x:SGo dwloe
9y u,»‘).vL..: ém)‘o ‘_g,..‘,f OMGMM? sl
ol i bk Aol & Slos g ool

_ DCNIC@n
DCNICR@n = Deicon )

bgiye 39250 sloalis> 5 CCR@N JLxe olysy

5 )l (S sloalgs slawd s il eS Las oyl

(_ng\.i:y} Slows 3O g o0 (GNdlg> S ‘_g.)Ll....;\
ol g sl (Gazg e (nlpls 15,5 o0 )8 (6 eS

_ Cccon
CCR@n = Deican )

ooy o eaddll ey (pwyp a3 cal o
Sfles (ouyn lp @lojlre 5 ab by >
Boly ol a5 jo adlsl jo ol Bxe bgzg ey
@& bty LB @l 5 09l 2bj)) ol
O (e by, SeSar 925 O See (Soatn
Dy Ao Wi3ls yy o

ol o Ll gl iledge Dbk I 0 o 0 Shae (o)l
Sl wilg 0 a5 aziin slo Sy sl Jbs sle Jaw
Sy oSy ol plply s gl 1) des S
oolawl asilys co oliwl gamaine ¢ (gamad, sb)ls
I RJRENS

Sl Sl irgen So e e Sy
Exdgape 9 hasi e slial ST eaisd oo (Sl end bl
il Slegge slinl (51 Ll whoslools sz il
4y el Joduzn 3 Fakes sracmn Bl 4l
lagl sl o (s il s, 5 ool lagzrg a1
Jeasad 929000 pled 4 fas e (Son Wigh oo (Sb3L
lp a5 obeal il e 5 (B 9290w 0 ST %00 Bk
Slegoge gl Jseraysbay wsde ik Lol
4 bgspe ol (gunalies 5l ST asis e silcalize
S M Ces (i gloades Slasi @ igzs o o
a2 9wl (et S9Zaomn & Cel (G ol &
Gy 50 el S Bk s 9 IS 29
Sz Glp g 0,5 mulem colaiul ol (pl 3l gl
sy 0ad ol sl (guiadss 4 gy ey o Sles
2l Lol (s (liee Al jslaieds 92500y
0S¥ S oliwl bgype slas J85 50, g crlple
Sz 695y Olyea b liShe, cnl BERT 500
ey b g ol e Nadiee eslitul sanatss
Loy sl oolitl sliwl samadss ol [Ya] DBScan
Mo s 4 g5k K-Means wisle oo g, B>
alg so DBSCAN  (puzren )l i 3l bades
Gy 45 S Lol 1) gslal cloojadl b _oloeg S
w5 Ot el ieelis o0 bl sl w5 Lelow
Cuz @blre 5 GanaleS 529 o 4 bagrye sl
Nl Al g g o p 0 Shee (o) 9 Sl (oisas,
18y eale o L cpl (B a4 aslol yo

<« 3/ a3 vuc ) ocna) e
y il sl

Caleulator

[CLSJr [CLS}an [CLS i }w,,,.,,:..;_\;,m\;,,
Sl

4 byye Jof i 13
o
L ]’ (2]

Solr G930 sl 0l (6 5loxe :(1-JS)
(Figure-1): The Architecture of our Proposed Method.
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(Table-1): Statistics of the datasets used in current research.

929wy Oluas b3l sl
TREC DL 2020 Of V\YAS
TREC DL 2019 Y aye-
DL-Hard O fyoas

ab gy (B me-V-F
89> 5 )lr g b AT S & jebles
12,00 )13 il Sl o 9zaoen o Sles (o
sl o)l e slagts, 5l Ghegi (nl )3 eimen
Axi 0 0gd oo ooliiwl ey gy CobS  asid
e by 03 5 wiliaie glawslice sbnl jslaied
o Zs0wn 8es (e 4 oS 2gree oy,
Wilopee D)l e slaghy, S 2Lk
S oo damlie

col al sles Sy, 5l (oYYl Clarity
Sby Jse o Divergence Leibler-Kullbackas
S (oo dlone | bl degame 5 9290

@ bgyye Sledbl (e 8,505, onl oYY WIG
@ o Gl pliee ap G 1) Slwl 0 92500
S o0 drlire (el laS e 929

S wcanloass @l [YE] Jo a5 g, cnl HLDA
N5 Goa a5 el el Vegoge Lais b,
ol Caled hagh (nl I8 Bua b gpdge pansis

! Topic Detection


http://dx.doi.org/10.61186/jsdp.22.1.3
https://jsdp.rcisp.ac.ir/article-1-1407-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-08-11 ]

[ DOI: 10.61186/jsdp.22.1.3 ]

Caloas ol 740 Obsob! oo g ttest b oo LS jloiel .ouuds  2b 5l Camd douw o 9 00 (gl 3 (olaliay HBTely 0 o (Y- Jgu)
(Table-2): The performance of the proposed approach for the top 10 and 100 retrieved documents. The validity of the results has
been confirmed using a two-tailed paired t-test at a 95% confidence level.
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(Figure-1): Comparison of correlation coefficients for the five proposed metrics on the TREC DL 2020 dataset for the top 10
and 100 retrieved documents.
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(Table-3): Comparison between the effectiveness of the proposed method in the current study and unsupervised methods for
the top 100 retrieved documents. The validity of the results has been confirmed using a two-tailed paired t-test at a 95%
confidence level.
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