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Adversarial data generation for reading comprehension with Transformer
FAN Yang, LIU Bingquan
(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] Machine reading comprehension is an important way to measure the model s understanding of nature language. In
recent years, many researchers have proposed their own models in this task, and achieved quite good results, some of which have
even exceeded the human performance. However, do these models really and deeply understand human language, or simply rely on

shallow word similarity and answer type to search for true answers? In order to evaluate systems” real language understanding
abilities, the paper proposes a new method of to generate adversarial data based on Transformer structure, and test the mainstream

reading comprehension models on the dataset in the paper.
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Tab. 1 Categories of SQuDA answers

Answer type Percentage/ % Example
Date 8.9 19 October 1512
Other Numeric 10.9 12
Person 12.9 Thomas Coke
Location 4.4 Germany
Other Entity 15.3 ABC Sports
Common Noun Phrase 31.8 Property damage
Adjective Phrase 3.9 Second—largest
Verb Phrase 5.5 returned to Earth
Clause 3.7 to avoid trivialization
Other 2.7 quietly
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Tab. 2 Categories of named entities

ViES GRS

PERSON People, including fictional

NORP Nationalities orreligious or political groups

FACLITY Buildings, airports, highways, bridges, etc.

ORGANIZATION Companies, agencies, institutions, etc.

GPE Countries, cities, states

LOCATION Non — GPE locations, mountain ranges,
bodies of water

PRODUCT Vehicles, weapons, foods, etc. ( Not
services )

EVENT Named hurricanes, battles, wars, sports
events, etc.

WORK OF ART Titles of books, songs, etc.

LAW Named documents made into laws

LANGUAGE Any named language

DATE Absolute or relative dates or periods

TIME Times smaller than a day

PERCENT Percentage (including “% ")

MONEY Monetary values, including unit

QUANTITY Measurements, as of weight or distance

ORDINAL “first” , “second”

CARDINAL Numerals that do not fall under another type
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Tab. 3 Results of classified entity libraries

S FEA
PERSON Arizona Cardinals, Cam Newton
NORP American, Canadian
FACLITY Children’s Memorial Health Institute ,

UniversityLibrary garden

ORGANIZATION the National Football League, American Institute of

Electrical Engineers

GPE Southern California, the United States
LOCATION the Mississippi River, the Carpathian Mountains
PRODUCT Amazonia; Man and Culture in a Counterfeit Paradise
EVENT Hurricane Floyd, World War II

LANGUAGE the German language, English

DATE 20 December 1914, 14 October 1904

TIME 9:00 a. m. ,eight o’clock

PERCENT 85% , 30%

MONEY fifty thousand dollars, one million dollars
QUANTITY 138 metres, 50 kilometers

ORDINAL first, second

CARDINAL 850, 103
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Tab. 4 Examples of question rewriting and fake answer generation

JE )

5 ) )

JRAE S HEMRA %

What is the highest reference hospital in all

of Poland? of Russia?

What were the first two destinations of

Huguenot emigres? Huguenot the Acadians?

What is the highest reference hotel in all

Children’s Memorial Health University Library

Institute garden

What were the third five destinations of

Switzerland and the Netherland The America

RS ERTHASATHENLL

Tab. 5 Comparison of generated interference sentence and
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Tab. 6 Performance of popular MRC model on the proposed

handwork dataset
The proposed Model AddOneSent (e SQuAD F, ADV F, AddOneSent F,
Cam Newton won Champ Bowl The Broncos won Champ Bowl 40. Match~LSTM 71.2 38.9 39.2
20. BiDAF 75.4 46.8 47.6
BERT 87.8 56.6 59.1

Polonia Warsaw was founded The Michigan Vikings franchise was

in year 1865. founded in the year 1970.

Newton is Canadian numeral LSTM is the Byzantine numeral for 40

for 65.

HIZR S APl LA H AR SO i 254 J 2R i K
R T PRI RECRUETE SCIER o 58, B AR RE
B o R /N TE ) AT RE BB SRR
RIS 28 B A TR, L33k I A 2532 Mg 8] 0] 3 Y
PUTHLRE T TIRE

e, AR SOR B LAY 3 T AL B 15 BE AR
BT, A6 AR 3 A B X 0 M ) e L A A AR
(ADV) A7 525 iR R WK 6.,

H13¢ 6 S5 R Pl LLE 33X = Fh E LA B
PEHR AR AR AR A S BB S LSS SR T
BORFREE TR, IR FBLA BN T AE B A AddOneSent
g 1R B o X UL 7E IR L A b e PR A
BERIGTTPRE 1 b, A SOl LA B 3l A s 5l
SEFNINA AN AR A E5 s S A AR DL 2R3

5 #RiE

R GE AL ) 152 B AR A0 SR e BE AR, 9 S
AR 22 R RS i 2 56 ) 28 Y AR AR UL B8 A58l
CIRYEGEIN R E2S SRISHIAEE UL 6172 S w7t =N e



1

W, % 3T Transformer (LA e 2 AR 0T B00E A A%, 7

T RS A — A HIL e ] 152 B A5 ) 1 SR
PR

UTAESK , A F RS AR Tk R
P GE e 1 LR RS s B AT At , LA T X 58 s
POk , AT S Lt P A AL D] 152 BHL g A 0 %F S 5
AP o SR, T XS A I MEEROR
A WA A R A B T N TS M5 %
FURIXBETTEEFE AR 7, R st R 1 % Bl 42
AR . XX —IRBL, 73 A 22 B W T N T4
5 RN A A B B T 2, AFLE R 14 2 5 LU A
DCEB, T H A ABECRUETERE , 2R A Z5 RATI IR T
AR NTRIEAT I Ve . BT I, A SCHE ) T — Bl 2
T Transformer 25 44) 1) X HT RS A2 I8 OTT ¥ o K A2 %
X HURCHRE 1 A 23 h TR ECE R R AR 8 A AT
YA AR

G, T N5 S A ) R O R AR
G I, AR SORI T i 44 SEA U H AR SQuAD I
M B SCE PG 13 ISR, I LA R )
)P I SRS 2 AT R AL e R RE XS
LA SRR LI AR 25 A 208 S P v e A
SE AT TRk

RE, A S g A BLA X BB dE AR
AddOneSent H (%0, N A B 1 YN ZRE0HE , 1X
SEAR LR AP I — R T SE sk oy o X —
B AR SCAE Transformer 45 F4) 1) B Al L, £ A
th s b 1A AL, (A AR s 0 A [ s
AL e i e A AR 6 R e A

B, AR SO FHBUAT 19 3 b S ALA% ) 152 B A
BN A R PO AT e 32
A A LA A B AR B RS AT LR
T RS A L AL AL & Bl 152 B A 52 700 1 5
P, FFRE LR PP X TS0 E BIE A PR L

225 3k

[1] DEVLIN J, CHANG Mingwei, LEE K, et al. BERT: Pre—
training of deep bidirectional transformers for language
understanding[ J]. arXiv preprint arXiv:1810.04805,2018.

[2] PETERSME, NEUMANN M, IYYER M, et al. Deep
contextualized word representations [ C ]//North American
Chapter of the Association for Computational Linguistics.
Louisiana, USA:NAACL, 2018 2227-2237.

[3] RADFORD A, NARASIMHAN K, SALIMANS T, et al.
Improving language understanding by generative pre — training
[EB/OL]. [2018]. https://s3—us—west—2. amazonaws. com/
openai — assets/researchcovers/languageunsupervised/language
understanding paper. pdf.

[4] YANG Z L, DAI Z, YANG Y M, et al. XLNet: Generalized

autoregressive pretraining for language understanding [ C ]//
Advances in Neural Information Processing Systems. Vancouver:
NIPS foundation,2019 . 5753-5763.

[5] LAN Z, CHEN M, GOODMAN S, et al. Albert: A lite bert for
self — supervised learning of language representations [ J]. arXiv
preprint arXiv:1909. 11942, 2019.

[6] RAJPURKAR P, ZHANG J, LOPYREV K, et al. Squad: 100,
000+ questions for machine comprehension of text[J]. arXiv
preprint arXiv:1606.05250, 2016.

[7] SEN P, SAFFARI A. What do models learn from question
answering datasets? [ J]. arXiv preprint arXiv:2004. 03490,
2020.

[8] WEISSENBORN D, WIESE G, SEIFFE L. Making neural qa as
simple as possible but not simpler [ J]. arXiv preprint arXiv;
1703.04816, 2017.

[9] RAJPURKAR P, JIA R, LIANG P, et al. Know what you don’t
know: Unanswerable questions for SQuAD [ C]//Meeting of the
Association for Computational Linguistics. Melbourne, Australia:
ACL, 2018 784-789.

[10]JIA R, LIANG P. Adversarial examples for evaluating reading
comprehension systems| C]//Proceedings of the 2017 Conference
on Empirical Methods in Natural Language Processing.
Copenhagen, Denmark: ACL, 2017 2021 - 2031.

[11 ]MILLER G A. WordNet; A lexical database for English [ J].
Communications of the ACM,1995,38(11) ; 39-41.

[12]PENNINGTON J, SOCHER R, MANNING C D. Glove: Global
vectors for word representation [ C ]//Proceedings of the 2014
Conference on Empirical Methods in Natural Language Processing
(EMNLP). Doha, Qatar:dblp,2014:1532-1543.

[13]WANG S, JIANG J. Machine comprehension using match-Istm
and answer pointer[ J]. arXiv preprint arXiv:1608.07905, 2016.

[14]SEO M, KEMBHAVI A, FARHADI A, et al. Bidirectional
attention flow for machine comprehension [ J]. arXiv preprint
arXiv:1611.01603, 2016.

[15]GAN W C, NG H T. Improving the robustness of question
answering systems to question paraphrasing [ C |//Proceedings of
the 57™ Annual Meeting of the Association for Computational
Linguistics. Florence, Italy ; ACL,2019:6065-6075.

[16 ] VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all
you need [ C ]// Advances in Neural Information Processing
Systems. Long Beach:NIPS, 2017 :5998-6008.

[17 JGANITKEVITCH J, VAN DURME B, CALLISON-BURCH C.
PPDB: The paraphrase database[ C]//Proceedings of the 2013
Conference of the North American Chapter of the Association for
Computational Linguistics;: Human Language Technologies.
Atlanta ;. IEEE ,2013; 758-764.

[18 JRAU L F. Extracting company names from text[ C]//Proceedings
of the 7" IEEE Conference on Artificial Intelligence Applications.
Los Alamitos:IEEE,1991; 29-32.

[19]BIKEL D M, SCHWARTZ R, WEISCHEDEL R M. An
algorithm that learns what’s in a name[ J]. Machine Learning,
1999, 34(1-3): 211-231.

[20]LIAO Wenhui, VEERAMACHANENI S. A simple semi —
supervised algorithm for Named Entity Recognition [ C ]//
Proceedings of the NAACL HLT 2009 Workshop on Semi -
supervised Learning for Natural Language Processing. Boulder,
Colorado;: ACL,2009 ; 58-65.

[21 ]PENG Qi, ZHANG Yuhao, ZHANG Yuhui, et al. Stanza: A
Python natural language processing toolkit for many human
languages[ J]. arXiv preprint arXiv:2003. 07082 ,2020.



