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Abstract; Sentence similarity computation is a basic task of many natural language processing, and its
accuracy has a direct impact on the performance of language related systems., especially in machine
translation, plagiarism detection, query ranking and question answering. Compared with the traditional

methods that rely on shallow features like morphology, word sequence and grammar structure for sentence
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similarity computation, deep learning methods can integrate the deep semantic features and achieve better
results. However, deep learning methods using convolutional neural networks needs to overcome defects
such as narrow receptive field and insufficient long-distance information dependence when extracting text
features. In this paper, a DCNN(dependency convolutional neural network) model was established to carry
out dependency-based syntactic analysis for information retrieval over longer distance. We made text
parsing, employing Stanford NLP for syntactic analysis, and then retrieved mutual relationship between
two words in a binary combination or triplet. As lexical supplement information embedded in these word
combinations, the dependency information, in addition to that of the original sentence, was added up as
Convolutional Neural Network input, thus constructing a Dependency CNN. Experiment results reveal that
the long distance dependency information effectively improve the similarity computation performance in our
proposed dependency model on MSRP(Microsoft research paraphrase corpus) dataset, and the accuracy and
F1 value are 80.33% and 85.91 respectively. The Pearson correlation coefficient of the model reaches 87.5
on SICK (Sentences invloving compositional knowledge) dataset and 92.2 on MSRvid ( Microsoft videl
paraphrase corpus) dataset.

Keywords: sentence similarity computation; dependency parsing; long distance dependency
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Fig. 1 Sentence representation based on CNN
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Fig. 4 Similarity calculation model
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Fig. 5 Examples of dependency syntax analysis
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Fig. 6 Binary tuples and triple tuples

DERZ

B AR S5 8 RN 6 i rh LAR s, AR 6 = 28 A f9 2 AU 72 0l A 44

)X

JEATER A R 1.2 . 3(W AR E BRI SR 1. AR RBCE R 1,700 i 7 s Ze 23
YL B E AN GAE PR B E AR AR IR T N— gram FRIE,

@ ZJudH M=ol

TR SR ] B R OG R 0 TR T SR U R BT DL — B R SEE O 2 i BV I 7
W AR o £ HE s EAE B REE N 205 2 > e B e s, ool RIS O 3 p9 & B, ikl
T AR EERERTR B RERBLE D 3,

FRIE
FFIE3
HHEL HFIE2
| W=1 | | W=2 | | w=3 |
D 0000 000000 000000
§ a 000 000000 | 0e0o0eee
| o000 000000 000eeoe

| My dog also likes eating sausage |

7T WANEREREEHREER
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4.1 ZEWigit
4.1.1 H¥EE

B9 2 3 FH A 7 AR ABLBE TSR R Y 3 A4 U 4 - MSRP, MSRVID i SICK, £ 1 25 3 AN E#E 4R i 3
AR GEIR B A5 G 4 (AL B, ) K B G T A IE BORE B A 4 AR A5 AR S 3 B S b MSRP BdE 4 71
RRE IR, HE A 2 B 4R 7 3K B B B A 7 B ) K e S AR B 2,

MSRP 4 42 WA 1 7 S eSS Bk 7 DI 2R B8 4 FoR 5 28 R UE i 7 5. % MSRvid %l 4
K MSRP %4 45 AR AL 988 S 80, %5 T SICK £l 5 B AL (1 4 35 1 U1 25 B0 a7 32 AR DI 2k ad A o Xt
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Table 1 Introduction to dataset
MSRP MSRvid SICK
ﬁj:E% N 5 - y N N N
Pl 3 RN I 5 U5 W < 7 N[ F mak Rk
B = 41076 1725 5 801 750 750 1500 4 500 500 4927 9927
TR 20.95 20.78 20.90 6.70 6.63 6.67 9.68 9.89 9.66 9.68
=R K 39 37 39 24 18 24 36 30 30 36
/MK 6 7 6 3 3 3 3 4 3 3

1E B BE ) A 2.08 1.98 2.05 0.78 0.92 0.85 2.74 3.03 2.87 2.82
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4.1.2 #M A

MSRP #5542 L OCRHED A TAARD TR 2 DA FREBEMLIN 02815, Wk AH T ACC HI
F1 VERIF 48 bR . SICK $0HE 45 1 MSRvid £ 42 43 52 LLLOL 5 TR, 5 ] 2 A i £ 0 AT 5, I IR
T B R RBUE RITEM a5 . W3R 2 FioR,

®2 EMIER

Table 2 Evaluating indicator

FIETE S 1% i 2 45 BRI
MSRP P S 0.1 Acc/F1

MSRvid Z 2k [0,5] Pearson
SICK EA S [1.5] Pearson

4.1.3 BAEFEKE
BESEOAEE IR 3 TR,

®3 BSYEE

Table 3 Super parameter Settings

HZH {8
Learning rate 0.0001

Number_{ilters 500
Filter_size 1,2,3

Embedding_size 525

Dropout 0.5

L2 10.0

Hidden_numbers 250

4.1.4 Pk Rt
3 2 ) A P 45 2R R R B8 SUR L 2203 AT S5 AT A R BRI EICH KL HUE . X T AEAS (24 label) o
PFox AAFRHS .S, RS S lable BHEEAR x XN RS R G w ABIETE ZIN AN SE B A A
BLARE Ry IR yon =1 IRy, WHZAEA Y126 R B A0 R
L0SScrosskntopy = — l0g(y, * log(y,) + (1 — y, ) log(l —y,)), 4)
F T 2 B AR A AR R g S AT L, IR Hed xR E WAk S8, E Ak 3 O R
TRAEAY B 52 % Bk B 1k 00 G o ST ASE A i S 1) 40 2R R ECR R X

A
Lossz—log(y,*log(y,,)+(l—y,)log(l—y,))Jr? ‘ 7o (5)

w

SICK H1 MSRvid i F 45 2 s %y KL BUE , Horh A M IE AL S50, m BN GREB ANE, v, B
A EAREE oy, TN S5 w0 IR YA,

1< A
Lossi = > KL (3, | 3+ 5 lwli. (6)
m -

42 ZXWRERDH
BT 4 A SEE LUK IE A $2 Y DCNN BRI A 250t . 280 1 MScss 2 X5 simk 1 647 TIE], 2505 3
XF UMK 2 F 3 HEAT TR SEEG 4 XA 1A b SRR S
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4.2.1 F®1

ARSI S X 4 g DCONN B 5920 45 3 b A A 30F 17 % b, 6 4 R 7 — 28 CNN HF AL 1T 5
PR IIAE 3 ANB0HE B b iy SEae g L . 45 R e WA B A ) 1 AHBLBE TH 58 1 RB Ik 3 R AP RO .

M2 1 Al %0, MSRP Bl 8 F K ALK T A e M = o4 415 8, i 2 B SICK #1 MSRvid %X
P 1 — oo 2 5 SRR B o R A ot E R

R4 IHHER

Table 4 Experimental results

Modle MSRP SICK MSRvid
(ace/F1) (Pearson) (Pearson)
Hu et al. (2014) ARC-I 69.6/80.3 — —
Hu et al. (2014) ARC-II 69.9/80.9
Yin and Schiitze.(2015) ( without pretraining) 72.5/81.4 — —
Yin and Schiitze.(2015) ( with pretraining ) 78.1/84.4
Yin and Schiitze.(2015) CABCNN) 78.9/84.8
Wang et al.(2015) 78.4/84.7
He et al.(2015) (MPCNN) 78.6/84.7 0.869 0.909
Conneau et al.(2018) ( untrained) 73.2/81.6 0.860 —
This work 80.33/85.91 0.875 0.922

B3 4 AT DLA  BORAE AT K BE B AR M5 B L A AR T TR IR A DL Y o M, LR b
PERE S 471 ABCNN #805 i 1.43% . F1 M i 1.11%,
o Hu %5 N7 4R A 4570 53 5 I R 2 35 B 20 I 4% T ) 1 AR DL BE AT 55 (0 5 28, A0 36 ARC-T 2  Ain
ARC-TI B R, Yin 26 A48 H A9 BCNN #1850 A1 ABCNN BRIV 78 CNN [ LRl H 8 T AN [a)RLEE Y
A FARAE, He %8 AT H A9 MIPCNIN A5 R fiff 1 35 3 o J3 R 35 1) (] 0 S35 190 79 o 265 B =X
N A S B R 2 BUR) T I R AE e o AHUR DL b 5 iR 2 ) 1 i K B AR A5 B, ELAR L 3 5
FITHR R = BT U R A LA
o Wang &5 N4 1 10 190 28 50 TR 388 5 oK /i) % 43 i S AR DU S5 A5 8K BT 2 A Aa] - B 1 SCAR LR B2
BRI I A IR B ) R K R BRI
* Conneau""™ 5¢ A\ H2 1 B R JE AT 55 2% > 19 — R AR 3R 7 =X 3l 5 A 2 A B0l 2 1 R A7 28 S 25k 15
FIFF A 2 A FAT 55 BUREAY SRR A f) O i e 300 FH A i L A B X R 0 AT 55 4R 0 1A R T 4650k
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Table 5 Experimental results of ablation components

| Ko B F1 {4
BRI (CNN+ A1 315 B 80.33 85.91
CNN (EBpA]: 15 B base line) 77.04 84.09
HE kot 78.03 84.37
EEr =l 78.51 84.65
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Table 6 Algorithm flow of self-attention mechanism

A )T S
OH il 4L R d
@Ms.Mws 1 F £ A FK
B T R AL R A & AR

L. Al S B4k il i) B A FE M
2: Fori in (length(w)):

For j in (length(w.)):
dis = euclidean_distance(w,[i].w,[j])
3: End
4: Attention matrix A=1.0/(1.0+dis)

5: Weight_row = E Attentionmatrix A
i=1

6: >H$KE Weight_row &7 i BfF Mw,
7. AR TERANEMNESE A_Mws
8: '{57A _Mws 1E 0 2557 B JE ] i A

B 7 BT, CNIN RERY Hh il o 1 8 T 0 BIL A R A 3k 5 4 R i b R B 0 £ S 24 RE A AR T
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Table 7 Self-attention mechanism comparison experiment

HEE Y i F1 8
CNN(base line) 77.04 84.09
CNN+attention 78.86 85.02
CNN & A7 1) 12 80.33 85.91
CNN-+attention+ K £ ] 1 80.61 86.04

4.2.4 FEH4
J T AR TR & A SR R L A MSRP 3 5 59 JE R b XS24 R o i BT A S 5k AT
35 0 28 B 43 A, AR S0 B v B — 0 i AR R M R Y S )
* Glove.6B i [a] 4 50 ZEF] 300 4k 4 Finl w2, i &1 8 1T AT, 7 1) [n] 8 48 FE h 200 B0 52 56 25 S e gt
R AF . il w50 4EXE M E] 100 4EFE2] 200 4RI, BRI PE GEZ AL H2 T, 1416 ) i 100 ZE 4R T3
200 4B, 1B AU A PR i R AT TS i B T 4R BE RSN E 300 4k, R R B R R BRI A I ) A 4 B
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Fig. 8 Single word vector contrast experiment
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Fig. 9 Dropout comparison experiment

P10 A S2 g6 25 SR R W] Bt 5 4 BURCKICRE B 39 0 B RV RE 2 8 0 B2 T R B M TR AR (BTN R
FRAZ K B0 ] Akt 2 5 BSOS I8L 4 )11 2 iRk ] R0 P9 A7 T i 228 K e o AR T 10 B0 A B B 2R 5 75 IR RE FT
BB U BT L 500,

88 r
86
84 r
82 1
80 r
78 |
76 |
74 |
72

70

/—O/k—‘ ——Acc

30 100 200 300 400 500

10 BRZHEEKE

Fig. 10 Convolution kernel number comparison experiment



52 TR K FFHK % 43 %

5 & &

A PR 22 19 28 A i BUR) R A I 308 o 181 DR/ 9 45 BRT 10 A0 T T ) 1 kR I 5 2L O ok 2 IR 14
SR A T S 3 e S 4 4 i 1 T A s A A L 3 a4 R R 3 FRURS LR I R L KR 4 4 R
TG VEAT T RRIESR I, T 200 T AN A SRR AT st i ORI B9 TR 415, T ST 4R T A s B 2 T 2%
O AT R i A5 R T 2R M ple 1 3R TR R, S 98 4 SR SR W A 24 A B9 5 AT BE L 8 1 AARLBE A9 3 53 5
WER DR Y D7 R TE — E R BE AR TE 1AL T A0 M B L AT AR SRR AE PO AR TS R R B T — A BT
FEHE A

SH Wk

[1] Wan S, Dras M, Dale R, et al. Using dependency-based features to take the “Para-farce’

”

out of paraphrase[]].
Proceedings of the Australasian Language Technology Workshop (ALTW 2006), 2006(2005): 131-138.

[ 2 ] Hassan S. Measuring semantic relatedness using salient encyclopedic concepts[ M]. Denton, USA: University of North
Texas, 2011.

[ 37 Dipanjan D, Noah A S. Paraphrase identification as probabilistic quasi-synchronous recognition [C] // ACL ' 09:
Proceedings of the Joint Conference of the 47th Annual Meeting of the ACL and the 4th International Joint Conference on
Natural Language Processing of the AFNLP. New York, USA: ACM Press, 2019(1): 468-476.

4] Balk, SR, 2200, 58, — ML T 5L 850 1 SCAR AL T B i (], AL TR 584, 2018, 40(7)
1287-1294.

ZHAO Qian, JING Qi, LI Aiping, et al. A short text similarity calculation method based on semantics and syntax
structure[ J]. Computer Engineering &. Science, 2018, 40(7): 1287-1294. (in Chinese)

[ 5] 2200, XUSEAR . JEAR M. & T SHF 1) s WL b SCSCAR 2000 R A 58 [T 13 SR F S5 804 2014, 31(4): 51-55.

LI Yan, LIU Maofu, JI Donghong. On SVM-based Chinese textual entailment recognition[ J]. Computer Applications and
Software, 2014, 31(4): 51-55. (in Chinese)

[ 6 ] Cranias L, Papageorgiou H, Piperidis S. A matching technique in example-based machine translation[C]// COLING ’94 ;
Proceedings of the 15th conference on Computational linguistics. Morristown, NJ, USA: Association for Computational
Linguistics, 1994(1): 100-104.

L7 ] Bk, 25555, 2L, . BT 0 A 03 SOM U T3 0 ke B 5 [T ] 3H B BLI RS, 2010, 27(9) : 3329-3333.
GE bin, LI Fangfang, GUO Silu, et al. Word’s semantic similarity computation method based on Hownet[J]. Application
Research of Computers, 2010, 27(9): 3329-3333. (in Chinese)

[ 81 24, XIHE, ZIe, . TR URA R DGR A T AU BT, AL AT 5E . 2003, 20(12) ¢ 15-17.

LI Bin, LIU Ting, QIN Bin, et al. Chinese sentence similarity computing based on semantic dependency relationship
analysis[J]. Application Research of Computers, 2003, 20(12): 15-17. (in Chinese)

[9] Raxtk, iRIER. —FLia ZHT N T AL TR INED ] IPEILRGR AL 2010, 19(11): 110-114.

WU Quane, XIONG Hailing. Method for sentence similarity computation by integrating multi-features[ J]. Application
Research of Computers, 2010, 19(11): 110-114. (in Chinese)

[10] Kim Y. Convolutional neural networks for sentence classification EB/OL]. 2014 ; arXiv:1408.5882[ cs.CL]. https: // arxiv.
org/abs/1408.5882

[11] Kalchbrenner N, Grefenstette E, Blunsom P. A convolutional neural network for modelling sentences| EB/OL]. 2014
arXiv:1404.2188[ cs.CL]. https: // arxiv.org/abs/1404.2188

[12] Yin W P, Schiitze H, Xiang B, et al. ABCNN: attention-based convolutional neural network for modeling sentence pairs[]].
Transactions of the Association for Computational Linguistics, 2016, 4. 259-272.

[13] Yin W P, Schiitze H. Convolutional neural network for paraphrase identification C]// Proceedings of the 2015 Conference
of the North American Chapter of the Association for Computational Linguistics: Human Language Technologies.
Stroudsburg, PA, USA: Association for Computational Linguistics, 2015: 901-911.

[14] Zhiguo W, Mi H, Ittycheriah A.Sentence similarity learning by lexical decomposition and composition[ EB/OL]. 2016
arXi v:1602.07019 [cs.CL]. https: / arxiv.org/abs/1602.07019

[15] He H. Gimpel K, Lin J. Multi-perspective sentence similarity modeling with convolutional neural networks [ C] //

Proceedings of the 2015 Conference on Empirical Methods in Natural Language Processing. Stroudsburg, PA, USA.



% 9 4 4 L EF AT RREEBAYE A4 TFAMET 53

Association for Computational Linguistics, 2015: 1576-1586.

[16] Socher R, Huang E H, Pennington J. et al. Dynamic pooling and unfolding recursive autoencoders for paraphrase
detection[ J]. Advances in Neural Information Processing Systems, 2011, 24: 801-809.

[17] Hermann K M, Blunsom P. The role of syntax in vector space models of compositional semantics[ C]// Proceedings of the
51st Annual Meeting of the Association for Computational Linguistics. Sofia, Bulgaria, USA:. Association for
Computational Linguistics, 2013 894-904.

[18] Tai K S, Socher R, Manning C. Improved semantic representations from tree-structured long short-term memory
networks[ EB/OL]. 2015: arXiv:1503.00075[ cs.CL]. https: // arxiv.org/abs/1503.00075

[19] Wiy, 2k, RIGW]. —FhAET Tree LSTM WY FAHRLE HH B 7k [T ], b nt Rz 2A 4R CHARBH 0D » 2018, 54(3) -
481-486.

YANG Meng, LI Peifeng, ZHU Qiaoming. An approach of sentence similarity on treeeLSTM[]J]. Acta Scientiarum
Naturalium Universitatis Pekinensis,2018, 54(3): 481-486. (in Chinese)

[207] Lai S, Xu L, Liu K, et al. Recurrent convolutional neural networks for text classification C/OL]. 2019 International Joint
Conference on Neural Networks (IJCNN). Piscataway, NJ: IEEE, 2019(2019-09-30)[2020-05-25]. https: // doi.org/10.
1109/1JCNN.2019.8852406

[21] Strubell E, Verga P, Belanger D, et al. Fast and accurate entity recognition with iterated dilated convolutions[ EB/OL].
2017 arXiv:1702.02098[ cs.CL]. https: // arxiv.org/abs/1702.02098

[22] Mou L L, Li G, Jin Z, et al. TBCNN: a tree-based convolutional neural network for programming language processing
[EB/OLJ. 2014 : arXiv:1409.5718[cs.LG]. https: // arxiv.org/abs/1409.5718

[23] Ma M B, Huang L, Xiang B, et al. Dependency-based convolutional neural networks for sentence embedding[ EB/OL].
2015 arXiv:1507.01839[cs.CL]. https: / arxiv.org/abs/1507.01839

[24] Wieting J, Bansal M, Gimpel K, et al. From paraphrase database to compositional paraphrase model and back[]].
Transactions of the Association for Computational Linguistics, 2015, 3: 345-358.

[25] Wieting J, Bansal M, Gimpel K, et al. Towards universal paraphrastic sentence embeddings[ EB/OL]. 2015: arXiv:1511.
08198[cs.CL]. https: / arxiv.org/abs/1511.08198

[26] Wang S H, Jiang J. A compare-aggregate model for matching text sequences| EB/OL]. 2016 arXiv:1611.01747[cs.CL].
https: // arxiv.org/abs/1611.01747

[27JHuBT, Lu Z D, Li H, et al. Convolutional neural network architectures for matching natural language sentences[]J].
Neural Information Processing Systems,2014, 3. 2042-2050.

[28] Zhang Y. Yang Q. An overview of multi-task learning[ J]. National Science Review, 2018, 5(1): 30-43.

(€ S D)



