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1.2
6
1) Robust04: Robust04 TREC Robust Track 2004 Robust04-
Title o 5%10° 250 6x10°
252 MiB Lo
2) ClueWeb-09-Cat-B : ClueWeb09
rec web tracks2009.rec web tracks2010  rec web tracks2011 TREC o
3) MQ2007  MQ2008 Gov2 N Trec2007  Trec2008
o 2 MQ2007  MQ2008. MQ2007 1 692 ;
MQ2008 784 o
4) Sogou-.og
96 229 12 o
o DCTR DCTR.TACM "
Testing-SAME . Testing-DIFF | Testing-RAW( ) o
1
Tab. 1 Data set statistics
Robust04 250 500 000
ClueWeb-09-Cat-B 150 34 000 000
MQ2007 1 692 65 323
MQ2008 784 14 384
Sogou-Log 96 229 1 189 436
Bing.og 10 043 5 002150
Bing-Search-Weight 207 494 1 170 067
Bing-Search-Unweight 206 561 243 024
5) Bingd.og Bing 2006 o
DCTR DCTR.TACM 3 Testing-SAME . Testing—
DIFF . Testing-RAW .
6) Bing-Search-Weight = Bing-Search-Unweight Bing 2012 1
2014 9 weight  unweight 2
199 753 998 765 weight query
unweight o
2
7
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2.1
2.1.1
“« » “« 2
BM25 0
2.1.2
BM25 " L QL( query likelihood model) '’
ARCH ' \DSSM "7 .CDSSM **
DRMM " Robust-04  ClueWeb-09-Cat-B .
BM25 QL 0
ARCH DSSM o Robust-04 Topic titles ~ Topic
descriptions MAP QL DSSM 15.8%.16.8%; BM25
DSSM 16%-16.3%;  ClueWeb—09-Cat-B Topic titles  Topic descriptions
( 3) MAP QL CDSSM 3.6% 2%; BM25 CDSSM
3.7%2.5%( CDSSM DSSM CDSSM ) o
2 Robust—04
Tab. 2 Comparison of model experiments on Robust—04 dataset
Topic titles Topic descriptions
MAP NDCG@20 P@20 MAP NDCG@20 P@20
QL 0.253 0.415 0.369 0.246 0.391 0.334
BM25 0.255 0.418 0.370 0.241 0.399 0.337
DSSM 0.095 0.201 0.171 0.078 0.169 0.145
CDSSM 0.067 0.146 0.125 0.050 0.113 0.093
ARCH 0.041 0.066 0.065 0.030 0.047 0.045
3 ClueWeb-09-Cat-B
Tab. 3 Comparison of model experiments on ClueWeb-09-Cat-B dataset
Topic titles Topic descriptions
MAP NDCG@20 P@20 MAP NDCG@20 P@20
QL 0.100 0.224 0.328 0.075 0.183 0.234
BM25 0.101 0.225 0.326 0.08 0.196 0.255
DSSM 0.054 0.132 0.185 0.046 0.119 0.143
CDSSM 0.064 0.153 0.214 0.055 0.139 0.171
ARCH 0.024 0.073 0.089 0.017 0.036 0.051
2.1.3
30
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2.2
2.2.1

Cosine 0

2.2.2

[

BM25 QL

Robust—04 . ClueWeb—-09-Cat-B

Topic titles  Topic descriptions

0.029; DRMM BM25

collection Topic titles

0.013.0.012; DRMM

Topic descriptions

113 ”» «

”»

DRMM
BM25 QL
DRMM
19 4
MAP DRMM QL
0.024.0.034; 5
MAP DRMM
BM25 0.012.0.007.
4 Robust-04

Tab. 4 Comparison of model experiments on Robust—04 dataset

(13 ” “ ”»

- DRMM

o

Robust—-04
0.026.
ClueWeb-09-Cat-B

QL

Topic titles

Topic descriptions

Model MAP NDCG@20 MAP NDCG@20 P@20

QL 0.253 0.415 0.369 0.246 0.391 0.334
BM25 0.255 0.418 0.37 0.241 0.399 0.337
DRMM 0.279 0.431 0.382 0.275 0.437 0.371

5 ClueWeb-09-Cat-B
Tab. 5 Comparison of model experiments on ClueWeb—-09-Cat-B dataset
Topic titles Topic descriptions

MAP NDCG@20 P@20 MAP NDCG@20 P@20

QL 0.100 0.224 0.328 0.075 0.183 0.234
BM25 0.101 0.225 0.326 0.080 0.196 0.255
DRMM 0.113 0.258 0.365 0.087 0.235 0.310

Robust—-04  ClueWeb-09-Cat-B o
Bing
o 2 2 weighted
unweighted o 4 5

BM25. QL

o
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2.2.3
2 D
;@ o
2.3
2.3.1
2 . 2"
2
2.3.2
HiNT 0 Duet * MQ2007  Bing-Search
HiNT 6. 1
2 Cosine
3 histogram 19 4
Coinse spatial GRU * GRU * N
u
6 HiNT MQ2007
Tab. 6 Experimental comparison of different versions of HiNT on MQ2007 dataset
P@10 NDCG@10 MAP
Mxor+MLP 0.384 0.435 0.461
Mcos+MLP 0.329 0.344 0.386
Mhist+MLP 0.393 0.447 0.469
Mxor+Mcos+spatial GRU 0.405 0.470 0.484
6 HiNT 2 o
MAP 21.5%- 7 8
Bing-Search-Unweight ~ Bing-Search-Weight
Duet DSSM  CDSSM 0
Bing-Search-Weight Duet DSSM NDCG@1
NDCG@10 10.2%+3.1%;  Bing-Search-Weight Duet
CDSSM NDCG@1 NDCG@10 17.9%.9.9% .
7 Bing-Search-Unweight 8 Bing-Search-Weight

Tab. 7 Comparison of model experiments on

Bing-Search-Unweight dataset

Tab. 8 Comparison of model experiments on

Bing-Search-Weight dataset

NDCG@1 NDCG@10 NDCG@1 NDCG@10
DSSM 0.343 0.644 DSSM 0.258 0.482
CDSSM 0.343 0.640 CDSSM 0.273 0.482
Duet 0.378 0.664 Duet 0.322 0.530
2.3.3
HiNT 2 Duet DSSM  CDSSM

o
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2.4
2.4.1
2.4.2
HiNT 1
2 9
o MQ2007 P@10.NDCG@10.MAP
1.3.2.0 3.7 o
9 NiHT MQ2007
Tab. 9 Experimental comparison of different versions of HINT on MQ2007 dataset
P@10 NDCG@10 MAP
M_ +M,__+spatial GRU 0.405 0.470 0.484
S, +S,,. tspatial GRU 0.418 0.490 0.502
2.4.3
o 3
IDF ; Term Gate :
o o IDF
; Term Gate
IDF ;
2 Term
Gate o
2.5
2.5.1
25 .
2 ;
2 3 D
N N o
2.5.2
10 MinDist
MinCover o MinCover FR88-89
o MinDist
11 DeepRank ** o
W, p DeepRank-Const g( p) = p; DeepRank—
Linear g(p)=(L-p) /L( L ) ; DeepRank¥xp g(p) =a/(p+b) (ab
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) ; DeepRankRecip g( p) =axexp( —p/b) ( a-b ) o
( DeepRank—
Recip ) o o
10
Tab. 10 Different methods and indexes for calculating proximity
MinDist MinCover
AP88-89 30.64 16.18 50.78 46.43
FR88-89 39.83 39.35 104.13 150.90
TRECS 31.77 19.15 56.25 57.43
WEB2g 67.91 61.20 108.38 153.48
DOE 11.68 7.66 108.38 153.48
11 DeepRank MQ2007
Tab. 11 Experimental comparison of different versions of DeepRank on MQ2007 dataset
NDCG@1 NDCG@5 MAP
DeepRank—Const 0.384 0.384 0.473
DeepRank-Linear 0.431 0.445 0.492
DeepRank—xp 0.441 0.454 0.494
DeepRank-Recip 0.441 0.457 0.497
2.5.3
2.6
2.6.1
27
28 2930
24
2.6.2
Conv_KNRM ! Bing Conv_KNRM  KNRM
32 Conv_KNRM
KNRM o KNRM Conv _
KNRM o KNRM Conv _KNRM
NDCG@1.NDCG@10.MRR Sogou-Log 27.2%+12.3%-5.9%;  BingLog
44.2% .30.8%+33.5% 12,

2.6.3
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12 Sogou-Log  Bing-Log

Tab. 12 Comparison of model experiments on Sogou-Log and Bing-Log dataset

Sogou-Log Bing-.og
NDCG@1 NDCG@10 MRR NDCG@1 NDCG@10 MRR
KNRM 0.264 0.428 0.338 0.208 0.334 0.265
Conv_KNRM 0.336 0.481 0.358 0.300 0.437 0.354
2.7
2.7.1
2 o
o 2 0
2.7.2
2 o
0 DRMM
PACRR * k-window o K
13 : HiNT,, ; HINT ) s HINT,,, o
13 HiNT
Tab. 13 Impact of different matching requirements on HINT model
P@10 NDCG@10 MAP
HIiNTy, 0.389 0.405 0.418
HIiNT,,, 0.446 0.472 0.490
HiNT,,, 0.464 0.483 0.502
2.7.3
o 2
1
2
3
7 A) Al
1) .

~
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2 MinDist+ MinCover
3) 2 HiNT 2 o
4) o “ 7 °
WordNet Knowledge Graph ** .

Wiki-pedia * o o
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Survey on Modeling Factors of Neural Information Retrieval Model

YANG Zhou'®> FAN Yixing’ ZHU Xiaofei”” GUO Jiafeng WANG Yue’

(1. School of Computer Science and Engineering Chongqing University of Technology Chongqing 400054 China;
2. Intelligent Media R & D Center SOHU Beijing 100190 China;
3. CAS Key Lab of Network Data Science and Technology Institute of Computing Technology
Chinese Academy of Sciences Beijing 100190 China)

Abstract: Information retrieval models are widely used in search engines. In the task of information retrieval
these models focuses on the different semaphores which leads to great differences in model performance. At
present most models are based on part or all of the following information: exact signals similar signals signals
differentiation query word weight proximity text structure and different distribution assumptions. This paper
introduces the specific meaning of each modeling factor and exemplifies the positive effect of this factor on
modeling through relevant experiments. Based on the above experiments and analysis this paper finally discusses
and analyzes the future development and the trend of information retrieval model.

Keywords: information retrieval, deep learning; convolutional neural network; recurrent neural network; survey



