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SQUADZ2.0

The Stanford Question Answering Dataset 0.2 =—e— MNIST -5 |mageNet -t SQuAD 2.0
-+ GLUE —&— SQUAD 1.1 - Switchboard

Leaderboard

SQuADZ2.0 tests the ability of a system to not only answer reading comprehension O 3 0
questions, but also abstain when presented with a question that cannot be answered
based on the provided paragraph.

Rank Model EM F1 =0.2
mmtiuman Performance 86,831 83452
Stanford University
(Rajpurkar & Jia et al. '18) O 4
1 SA-Net on Albert (ensemble) 90.724 93.011
2 SA-Net-V2 (ensemble) 90679  92.948 -0.6
QIANXIN
2 Retro-Reader (ensemble) 90.578 92978
Shanghai Jiao Tong University _0 8
http: farxiv.org/abs/2001.09694 '
3 EntitySpanFocusV2 (ensemble) 90.521 92824
RICOH_SRCB_DML 1.0
3 ATRLP+PV (ensemble) 90.442 92877
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2000 2005 2010 2015 2020
3 ELECTRA+ALBERT+EntitySpanFocus (ensemble)  90.442 92.839
SRCB_DML
4 ELECTRA+ALBERTE;{!-'.Ct_\;itly‘Srp:lanFocus(cnscmblc) 90.420 92.799 DynabenCh: Rethlnklng BenChma rking in N LP
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By

HET wmE HFRAM A (8] Score1.0 IMME  AFQMC  TNEWS1.0 IFLYTEK CMNLI OCNLI 50K WSC1.0 CSL
1 TI-NLP RELHE & BE 21-10-19 83.251 FIAE 82.7 79.3 65.23 84.31 84.57 96.55 90.1
2 ShenZhou QQiN % 2§33 Z=(QQ Brow... 21-09-19 83.247 FINIE 80.55 74.15 67.65 86.49 86.37 96.55 90.97

I 3 HUMAN CLUE 19-12-01 82.943 BIAIE 81 71 80.3 76 90.3 98 84 I

4 Mengzi WARNR-8IF L5 21-09-14 82.436 FIAE 81.79 75.06 65.08 86.13 82.57 96.55 89.87
5 BERTSG Sogou Search 21-06-25 81.991 FIAE 79.85 74.15 64.54 85.3 85.93 95.17 89
6 Motian QQiI KRR 21-06-25 81.764 FIAE 78.3 73.18 65.46 85.44 84.97 94.83 90.17
7 Pangu ENT-RAEEE 21-04-23 81.016 FINIE 78.11 72.07 65.19 85.19 83.3 95.52 87.73
8 PLUG Alibaba DAMO NLP 21-04-18 80.614 FIAE 77.44 73.06 64 84.95 83.27 94.48 87.1
g Bert lihaiyu 21-04-08 79.663 FIAE 75.6 70.32 64.92 84.55 81.73 93.45 87.07

10 MT-BERTs Meituan NLP 21-03-10 79.624 FINIE 77.36 70.03 64.31 85.14 83.47 89.66 87.4



NEAE=
e = SRR ARR 115




Yo/ =i

(6 remzatasnT

® C)

MR #ME MF BEF WE HX 8
REEZEHFABNI O ) (B

6 es

A& g R & N T ek, ELI ARV T 828 P RS
A 1268 (5 A Bl R EIFI5 & R RITE Fr A R & TE,

Gl BEES

@y 13 U kb=

{EClFM ARREERAPARIAE

(& nm—EruEREks. © C)
MR ME NMFE EF NE HX #

M —FFIRFERBIR65% D G

O ux

20154

BiM2015FFHIASEIER F REVIEREBIRITE,2030
FZExlB. RINERSSMEFESHE
o

FA =R M EEEZ)

@y 12 O xki3

(@ gexyaEmrmEm. © C)

MR ®fE MF EF UE BX 8
EBXFEBNTX Ouwn N &
EiemimiakX

SEXFRELBMMAEX, BRI 8
minBEXEEE%220S, ZREHAPEARH
MEHEHERE. PREEEINBREFNEE
ERKZE,

-T2

BEEEZD

IR b | EOS% M T AERT20%
BEIE BV OB M A S A AR S T




Y 0/ sistrsir A R R R A

8 BASE LS 0 ®

QM & MA0E HhE il BA 5 X

BE B RIE XS R£960,900,0007 ¥ETH
“E BREFE =R PR X, thIUASER, (L F R E LS ™HiHiE X R #p2E2205 . HUMREX{L
FHELSTRLXEFREE138S, PFEFREXAUTPE LEHHTCXMNME3058"

° B &4 3 / B

zhidao.baidu.com

B A& SERENX? - 8
41 EE - EIERTE): 2013F9814H
BREER SOAZEIAAMEK: & BURXAUTHELEHHHEXIBYK2208, ABEL
%139, 59, 942, 866, 133, 854, 118, AHIAKZIAXRE. & KRR TPE..
FZXTEBAYE LSO XAET>>

BEE BERR

EEX“#ELB’PE

Q M pIpES N&0E &) #if XEE EW HhE M50 BE
BERHEH DX ERE61,300,000 ¥ETHR
B -4 MEROIIAN X - }
A BB FBEFMR
lF7th ~ _ * & & & 17 525%iFie
\ St bt : FEIRTRERE1308
L@ B HEA¥(HHKK)
. W * % & & 17 1285%iFig
ll 3 . 3 (=]
! T A |l EETHBKINGE2208
X ~ HiE : 021-65642222
L8\ g C EBRZ(ERIRK)
A e my h % & & 7y 37T
na rE oh . EETHREMEK TR EERKS.
BEEDE100RER
5%

-

map.baidu.com




AEIEFEEHMESEIGEXKL

X IN§®HSR [ = il .l 52% Cm) 12:39

0.04K/s 3 & _all _ail (D 80%

0.00K/s 3 & .al _ail (D 80%

e L < a S e < a S oo

. . a
AREEERIE I SE3E RIS FETERR AR
4 EF BWES SR SRR NG
el o % 67, RELVELSENES, = SR
‘?‘ fj{‘ FESBE, (R {%EEQ{Q;T/‘SI@EE%, BABE+ AT —
S - P/ &7 &P
App! s 7 5 2”‘5{ e 2
B e W A SR, EERRIER e i
B AT L I8 SRRl . Bt L EM?
FF, 0IF, BEEEE— T ENEET
. 2R S 177 ng?
HEKPREART =3 GALURHERE
BABERREPRER
- o - R BRI R R EE ¥, RHEAD BN RE S BIELKR S
BABHEARKFPHNESENIZNGE 12! th¥k@Baby Q FEHiAk B, BREEERRSEE § iixlﬁﬂ'ﬂm*%—ﬂﬂjﬁ! {REDIE MR IF
SRR RN T E SN E AN B '
A ARMREERIL T — (: (SR, BiF, BERRBIEEEE BT, BARFIR
. i, BRI
}ﬁ_fﬁ G | = = i
@Baby Q #=RF % o =, BB HAEERIOTE, QEETW
- . FE ERZRERIR BHORE, BN EEEHREIINERY
R EINK PR TR RN R, - & Baby Q HCR, FERHCEREELEENT, &
- - EF BN E 5K SIER MM BrILAB?
NN ER REGRABME N .
BEMBGAEER 54 Py Py

SRR GEEIEFIE) REBGEXE IFEANFRIR PR




e
L.

.
Y -

HO

\

<O

A
b

25~




Y 0 / sEsrdmit s E A

South Africa’s historic Soweto township marks its
100th birthday on Tuesday in a mood of optimism.
57% World

South Africa’s historic Soweto township marks its
100th birthday on Tuesday in a mooP of optimism.
95% Sci/Tech

Chancellor Gordon Brown has sought to quell spec-
ulation over who should run the Labour Party and
turned the attack on the opposition Conservatives.
75% World

Chancellor Gordon Brown has sought to quell spec-
ulation over who should run the Labour Party and
turned the attack on the oBposition Conservatives.
94% Business

Ebrahimi et al., HotFlip: White-Box Adversarial Examples for Text Classification, 2018.
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Sentiment Analysis Data—,
Tasty burgers, and crispy fries. q

Model predicts © for burgers, is it due
to tasty, crispy, or even other clues?

burgers® fries® SA® e
. J

SubQ. Generation Strategy Example
Prereq. SOURCE: The original sample from the test set Tasty burgers, and crispy fries. (Tgt: burgers)
Q1 REVTGT: Reverse the sentiment of the farget aspect Terrible burgers, but crispy fries.
Q2 REVNON: Reverse the sentiment of the non-target Tasty burgers, but soggy fries.

aspects with originally the same sentiment as target
Q3 ADDDIFF: Add aspects with the opposite sentiment Tasty burgers, crispy fries, but poorest service

from the target aspect ever!

Xing et al., Tasty Burgers, Soggy Fries: Probing Aspect Robustness in Aspect-Based Sentiment Analysis, EMNLP 2020




Y 0 / sEsrdmit s E A

Model Entire Test REVTGT Subset REVNON Subset ADDDIFF Subset
Ori — New (Change) Ori — New (Change) Ori — New (Change) Ori — New (Change)

Laptop Dataset

MemNet 64.42 — 16.93 (147.49)* 72.10 — 28.33 (143.77)*  82.22 — 79.26 ({02.96) 64.42 — 56.58 (107.84)*
GatedCNN  65.67 — 10.34 (155.33)* 75.11 — 24.03 ({51.08)* 83.70 — 78.52 ({05.18) 65.67 — 45.14 ({20.53)*
AttLSTM 67.55 — 09.87 (157.68)* 72.96 — 27.04 (145.92)* 85.93 — 75.56 (110.37)* 67.55 — 39.66 ({27.89)*
TD-LSTM  68.03 — 22.57 (145.46)* 73.39 — 29.83 (143.56)* 83.70 — 77.04 (106.66) 68.03 — 60.66 (107.37)*
GCN 72.41 — 19.91 (152.50)* 78.33 — 35.62 (142.71)* 88.89 — 74.81 ({14.08)* 72.41 — 52.51 ({19.90)*
BERT-Sent  73.04 — 17.40 (155.64)* 78.76 — 59.44 (119.32)* 88.15 — 42.22 (145.93)* 73.04 — 34.64 (|38.40)*
CapsBERT 77.12 — 25.86° (151.26)*  80.69 — 57.73 (122.96)* 88.89 — 49.63 (139.26)* 77.12 — 45.14 ({31.98)*
BERT 77.59 — 50.94 (126.65)* 83.05 — 65.02 (118.03)* 93.33 — 71.85({21.48)* 77.59 — 71.00 ({06.59)*
BERT-PT 78.53 — 53.29 (125.24)* 82.40 — 60.09 ({22.31)* 93.33 — 83.70 ({09.63)* 78.53 — 75.71 (102.82)
Average 71.60 — 25.23 (146.37)* 77.42 — 43.01 ({34.41)* 87.57 — 70.29 ({17.28)* 71.60 — 53.45 ({18.15)*
Restaurant Dataset

MemNet 75.18 — 21.52 (153.66)* 80.73 — 27.54 (153.19)* 84.46 — 73.65 ({10.81)* 75.18 — 60.71 ({14.47)*
GatedCNN  76.96 — 13.12 (163.84)* 85.11 — 23.17 ({61.94)* 88.06 — 72.97 ({15.09)* 76.96 — 54.91 ({22.05)*
AttLSTM 75.98 — 14.64 (161.34)* 82.98 — 28.96 (154.02)* 86.26 — 61.26 ({25.00)* 75.98 — 52.32 ({23.66)*
TD-LSTM  78.12 — 30.18 (/47.94)* 85.34 — 34.99 (150.35)* 88.51 — 75.68 ({12.83)* 78.12 — 70.18 (107.94)*
GCN 77.86 — 24.73 (153.13)* 86.76 — 35.58 (151.18)* 88.51 — 79.50 ({09.01)* 77.86 — 65.00 (112.86)*
BERT-Sent  80.62 — 10.89 (169.73)* 89.60 — 44.80 (144.80)* 89.86 — 57.21 ({32.65)* 80.62 — 30.89 (]49.73)*
CapsBERT  83.48 — 55.36 ({28.12)* 89.48 — 71.87 ({17.61)* 90.99 — 74.55 ({16.44)* 83.48 — 77.86 (105.62)*
BERT 83.04 — 54.82 (128.22)* 90.07 — 63.00 ({27.07)* 91.44 — 83.33 ({08.11)*  83.04 — 79.20 ({03.84)*
BERT-PT 86.70 — 59.29 (127.41)* 92.20 — 72.81 (119.39)* 92.57 — 81.76 ({10.81)*  86.70 — 80.27 ({06.43)*
Average 79.77 — 31.62 (148.15)* 86.92 — 44.75 (142.17)* 88.96 — 73.32 ({15.64)*  79.77 — 63.48 (116.29)*

Xing et al., Tasty Burgers, Soggy Fries: Probing Aspect Robustness in Aspect-Based Sentiment Analysis, EMNLP 2020
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AAAI 2020 Best Paper  WINOGRANDE: An Adversarial Winograd Schema Challenge at Scale

Winograd Schema Challenge (WSC)  Commonsense reasoning

The trophy doesn’t fit into the brown suitcase because it’s too large. trophy / suitcase
The trophy doesn’t fit into the brown suitcase because it’s too small. trophy / suitcase

RoBERTa large achieves 91.3% accuracy on a variant of WSC dataset

Have neural language models successfully acquired commonsense or are we
overestimating the true capabilities of machine commonsense?

Dataset-specific Biases

Sakaguchi et al., WINOGRANDE: An Adversarial Winograd Schema Challenge at Scale, AAAI 2020.
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®

Twin sentences

Options (answer)

/(1) a  The trophy doesn’t fit into the brown suitcase because it’s too large. trophy / suitcase
b  The trophy doesn’t fit into the brown suitcase because it’s too small. trophy / suitcase
/) a  Ann asked Mary what time the library closes, because she had forgotten. Ann / Mary
b  Ann asked Mary what time the library closes, but she had forgotten. Ann/ Mary
X (3) a  The tree fell down and crashed through the roof of my house. Now, I have to get it removed.  tree / roof
i b  The tree fell down and crashed through the roof of my house. Now, I have to get it repaired. tree / roof
X (4) ;1) The lions ate the zebras because they are predators. lions / zebras

The lions ate the zebras because they are meaty.

lions / zebras

Table 1: WSC problems are constructed as pairs (called rwin) of nearly identical questions with two answer choices. The
questions include a frigger word that flips the correct answer choice between the questions. Examples (1)-(3) are drawn from
WSC (Levesque, Davis, and Morgenstern 2011) and (4) from DPR (Rahman and Ng 2012)). Examples marked with X have
language-based bias that current language models can easily detect. Example (4) is undesirable since the word “predators™ is
more often associated with the word “lions”, compared to “zebras”

Sakaguchi et al., WINOGRANDE: An Adversarial Winograd Schema Challenge at Scale, AAAI 2020.
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Instead of manually identified lexical features, they adopt a dense representation of instances using their
precomputed neural network embeddings.

Algorithm 1: AFLITE

Input: dataset D = (X, y ), ensemble size n, training set size
m, cutoff size k, filtering threshold 7

Main StepS. Output: dataset D’
/I
1. RoBERTa fine-tuned on a small subset of the dataset. A i i 2 ;
2 while |D’| > m do

2. An ensemble of linear classifiers (logistic regressions) // Filtering phase

forall e € D’ do
3. Trained on random subsets of the data Initialize the ensemble predictions E(e) = 0

for iteration 1 : 1..n do
4,

Train a linear classifier £ on 7;
foralle = (x,vy) € V; do

Add £(x) to E(e)

3
4
5

Determine whether the representation is strongly 6 Random partition (73, V;) of D’ s.t. |T;| = m
7
indicative of the correct answer option 8
9

5. Discard the corresponding instances o e Tl
1 SCOT‘C(G) — |{P€E|(§)(:.)r_| p=y}|
12 Select the top-k elements S in D’ s.t. score(e) > 7

13 D= .5
14 if |S| < k then
15 break

16 return D’

Sakaguchi et al., WINOGRANDE: An Adversarial Winograd Schema Challenge at Scale, AAAI 2020.
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WINOGRANDE ;; (44k) Random (12k) PMI-filtering (12k) WINOGRANDE ;. 1 (12K)
dg .t d2 dZ - ds <&
\ A < |
dl d; dy : d;
KL-divergence=2.53 el KL-divergence=2.51 1000{  KL-divergence=2.42 KL-divergence=0.12
4000 1501
7501 7501
3000 r i
2000 200} ok
1000 250+ 950 50
0 d; 2 di 0 d ? di

Figure 1: The effect of debiasing by AFLITE. RoOBERTa pre-computed embeddings (applied PCA for dimension reduction) are

shown in two-dimensional space (fop row) and histograms regarding dy (bottom row) with the bin size being 100. Data points are
colored depending on the label (i.e., the answer y is option 1 (blue) or 2 (red)). In the histograms, we show the KL-divergence

between p(dy,y=1) and q(dy, y=2).

Sakaguchi et al., WINOGRANDE: An Adversarial Winograd Schema Challenge at Scale, AAAI 2020.
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Methods dev acc. (%) test acc.(%)
WKH 494 49.6
Ensemble LMs 53.0 50.9
BERT 65.8 64.9
RoBERTa 79.3 79.1
BERT (local context) 323 51.9
RoBERTa (local context) e M | 50.0
BERT-DPR* 50.2 51.0
RoBERTa-DPR* 594 58.9
Human Perf. 94.1 94.0

Table 3: Performance of several baseline systems on WINO-
GRANDE g.piased (dev and test). The star (%) denotes that it

is zero-shot setting (e.g., BERT-DPR* is a BERT model

fine-tuned with the DPR dataset and evaluated on WINO-

GRAND Edebiased )

Sakaguchi et al., WINOGRANDE: An Adversarial Winograd Schema Challenge at Scale, AAAI 2020.




(a) A two-dimensional dataset that requires a complex decision
boundary to achieve high accuracy.

(o®

O © & ) @ @ (b) If the same data distribution is instead sampled with
systematic gaps (e.g., due to annotator bias), a simple decision
O @ @ O @ O boundary can perform well on i.i.d. test data (shown outlined
in pink).
@ @ @ e © O
[ NON ) (c) Since filling in all gaps in the distribution is infeasible, a
O O O . Ol N& @ contrast set instead fills in a local ball around a test instance to
® o evaluate the model’s decision boundary

Gardner et al., Evaluating Models’ Local Decision Boundaries via Contrast Sets, EMNLP 2020
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BN EA BRSBTS BEESWENTE

The dataset authors manually perturb the test instances in small but meaningful ways that (typically) change the
gold label, creating contrast sets.

Dataset Original Instance Contrastive Instance (color = edit)

Hardly one to be faulted for his ambition or his vi- Hardly one to be faulted for his ambition or his

sion, it i1s genuinely unexpected, then, to see all  vision, here we see all Park’s effort come to

Park’s effort add up to so very little. ... The premise  fruition. ... The premise is perfect, gags are

is promising, gags are copious and offbeat humour  hilarious and offbeat humour abounds, and it
IMDb abounds but it all fails miserably to create any mean- creates a deep connection with the audience.

ingful connection with the audience. (Label: Positive)

(Label: Negative)

Colonel Collins followed a normal progression once  Colonel Collins followed a normal progression

MATRES she was picked as a NASA astronaut. before she was picked as a NASA astronaut.
(“picked” was before “followed”) (“picked” was after “followed” )
They demanded talks with local US commanders. They demanded talks with great urgency.
UD English [ attach a paper on gas storage value modeling. I attach a paper on my own initiative.
I need to get a job at the earliest opportunity. I need to get a job at House of Pies.

Gardner et al., Evaluating Models’ Local Decision Boundaries via Contrast Sets, EMNLP 2020
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Dataset # Examples # Sets | Model Original Test Contrast Consistency
NLVR2 994 479 | LXMERT 764 61.1 (-15.3) 30.1
IMDb 488 488 | BERT 03.8 84.2 (-9.6) 71.8
MATRES 401 239 | CogCompTime2.0 132 933 (-9.9) 40.6
UD English 150 150 | Biaffine + ELMo 64.7 460 (-18.7) |
PERSPECTRUM 217 217 | RoBERTa 90.3 85.7 (—4.6) 78.8
DROP 947 623 | MTMSN 799 542 (-25.7) 39.0
QUOREF 700 415 | XLNet-QA 70.5 554 (-15.1) 29.9
ROPES 974 974 | RoBERTa 477 325 (-15.2) 17.6
BoolQ 339 70 | RoBERTa 86.1 71.1 (-15.0) 59.0
MC-TACO 646 646 | RoBERTa 3.0 14.0 (-24.0) 8.0

Gardner et al., Evaluating Models’ Local Decision Boundaries via Contrast Sets, EMNLP 2020



Ei1Fl - Is Chinese Word Segmentation a Solved Task?

Character Bigram SenEnc. Dec. Holistic Evaluation (Overall F1)
Model
s TREELEWRE 5§ &

E 2 © &% 22 5 ©E msr pku ctb ckip cityu nce sxu

CrandBavgLstmCrf / F v 96.21 94.22 95.32 92.81 93.54 92.01 94.87
Cw2vBavgLstmCrf  / o af V. 96.46 94.10 95.08 92.81 93.67 92.04 94.71
Cw2vBavgLstmMlp  +/ & wf V 96.41 92.74 94.09 91.40 93.25 92.00 93.16
Cw2vBavgCnnCrf  +/ o vV 96.48 93.99 94.72 92.73 93.72 92.64 94.36
Cw2vBw2vLstmCrf  +/ S V. 96.66 94.19 95.14 92.46 93.70 92.24 94.97
CelmBnonLstmMIp & of v 96.23 95.33 96.77 94.83 96.44 93.21 96.47
CbertBnonLstmMIp el o V 98.19 96.47 97.68 96.23 97.09 95.77 97.49
CbertBw2vLstmMlp /  +/ ol V 98.20 96.52 97.65 96.18 97.07 95.78 97.51
Huang et al. (2019) 97.90 96.60 97.60 — 97.60 — 97.30

Table 2: Neural CWS systems with different architectures and pre-trained knowledge studied in this paper. We exclude systems
based on joint training to make a fair comparison in the in-dataset setting. For the model name, “C” refers to “Character” and

B” refers to “Bigram”. Intuitively, the models are named based on their constituents. For example, Cw2vBw2vLstmCrf denotes
a model’s character and the bigram feature is initialized by pre-trained embeddings using Word2Vec, and sentence encoder,
as well as the decoder, are LSTM and CRF, respectively. We perform a Frledman test at p = 0.05 on model- (row-) wise and
data- (column-)wise. The testing results are p(model — wise) = 2.26 x 10~ < 0.05 and p(data — wise) = 8.42 x 1075.
Therefore, the results of model-wise and data-wise have passed the significance testing.

Fu et al., RethinkCWS: Is Chinese Word Segmentation a Solved Task?, EMNLP 2020



ﬂ MHiE1FEN - Is Chinese Word Segmentation a Solved Task?

msr pku
0.7 (0.8,0.6.0.3) égaéégg éggéi’gﬁ
label con. of word " <8 oo label con. of char 3%% B B%ﬁ 3%% B B%ﬁ
0.3 Overall F1 A:98.19 A: 96.47
10 wFre Ry
sentence length sLen word frequency |
575 A:CbertBnoanthlp % j H [ H H
(0.1,0.13,0.2) Self-diagnosis |
()()\‘(()lclnsit} Oov e char frequency - Gt ol e
— Overall F1 A:98.19; B:96.23 A:96.47; B:95.33
= A: ChertBnonLstmMilp ||
B: CelmBnonLstmMIp 12 ‘ ‘ |
|
. . Aided-diagnosis 0 W B 0
Aspect-I: Intrinsic nature Am@mAaaa SR
word length (wLen); sentence length (sLen)
OO0V density (oDen); Self-diagnosis: aims to locate the bucket on which the
Aspect-lI: Familiarity input model has obtained the worst performance with
word frequency (wFre); character frequency (cFre) respect to a given attribute.
Aspect-Ill: Label consistency
label consistency of word (wCon); Aided-diagnosis(A,B): aims to compare the perfor
label consistency of character (cCon) of different models on different bucket.

Fu et al., RethinkCWS: Is Chinese Word Segmentation a Solved Task?, EMNLP 2020



ﬂ MEiELFEN - Rethinking Generalization of Neural Models

Embed-layer | Entity Coverage Rate Entity Coverage Ratio (ECR) The measure
Daasefs " Char  Word | Overall 1 (0.5,1) (0,05] C#0 C= entity coverage ratio is used to describe the

SEER : ;g:gé ;g:gg gg:zg gg:gg 331?6‘ ;g:g; degree to which entities in the test set have

S L UR WO ER SE DD ZE been seenin the waiming set withthe same
CoNLL . Rand | 7843 9505 9475 7354 3797 6640  category.

- GloVe 89.10 98.44 96.31 81.34 57.80 87.23
CNN Rand 82.88 94.13 9448 7425  47.78 7891
CNN GloVe 90.33 98.32 9594 80.33 59.67 89.74
ELMo GloVe 92.46 08.08 96.46 86.14  69.79  93.08

FLAIR GloVe 93.03 98.56 96.38 87.07 7358 93.42 {O =0

CNN - 20.88 4599 6701 4025 19.14 19.74 plei) = K #(e™) 1, tekyy [ te (D

FLAIR - 4149  81.15 88.14 5436 39.56 43.44 (k=1 T (e, ))/C  otherwise

ELMo - 43.70 88.72  90.83 55.56 44.19 43.32 tr.k . : . o ;

BERT - 4408 7775 8161 4974 3465 4192 where e; " 1s gle’:c f:ntlty €; .m the. training set w1'th ground

B} Rand 14.97 60.62 8384  50.00 3.90 477 truth label £, e; " is the entity e; in the test set with ground
WNUT . GloVe | 37.28  89.29 9262 4565 3534 3515 truth label k, Ctr = K (elrky cte = K i (etek),

CNN Rand 22.29 48.88 7143 39.08 16.75  18.83
CNN GloVe 40.72 86.12 9224  49.74  26.67 40.06
ELMo GloVe 45.33 90.38 89.92  56.57 37.8  46.58
FLAIR GloVe 45.96 90.52 8992 61.69 42.07 48.38

and # denotes the counting operation.

Fu et al., Rethinking Generalization of Neural Models: A Named Entity Recognition Case Study, AAAIl 2020
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ExplainaBoard

Leaderboard

Rank | Model| Score

(SN

[ron 93
Thor 92
3 Loki 91
4 Hulk 90

(§)

F1 Gap

Output

Confidence

Fine-grained Errs.
Calibration

0
0 eLen eLen
1 2 8 >4 1 2 .8 >4
Single-system Pairwise
S,
N2
C]x‘
! O M1 M2 M3
Data Bias
System Comb.

Liu et al. , EXPLAINABOARD: An Explainable Leaderboard for NLP, ACL 2021

Common Errs.

i - EXPLAINABOARD: An Explainable Leaderboard for NLP ()

Aspect Functionality Input Output
F1
Single-system Performance Histogram: the input model is
Analysis One model good at dealing with short entities, while achiev-
.Len  ing lower performance on long entities.
1 2 3 24
F1
. Pairwise Two models Performance Gap Histogram (M1—-M2): M1
Interpretability Analysis (M1.M2) is better at dealing with short entities, while M2
is better at dealing with long entities.
Data Bias Chart: For the entity length
Data Bias attribute, the average entity length (We average
Analysis Multi-dataset the length of all test entities on a given data set.)
of these datasets order by descending is BN>
BC> CN03> WB.
) Error Table: Error analysis allows the user to
Fine-grained P .S“.lgle' or pFint out the eptities that are incorrectly pre-
Error Analysis alrwise-system dicted by the given model, as well as the true
diagnostic results label of the entity, the mispredicted label, and
Interactivity the sentence where the entity is located.
) Ensemble Chart: The combined result of
Sys‘tern. Multi-models model M1, M2, and M3 is shown by the his-
Combination ~ (M1,M2,M3) togram with x-label value comb. The combined
O MM M3 result is better than the single models.
F1
Error Bars: the error bars represent 95% con-
Confidence One model fidence intervals of the performance on the spe-
.Len cific bucket.
o 12 3 >4
Reliability
Gap
P g Reliability Diagram: Confidence histograms
Calibration One model 28 (red) and reliability diagrams (blue). that indi-

/,
7

bl
0.0

Vai

Error: 28.6

0.5

1.0

cate the accuracy of model probability estimates

Table 1: A graphical breakdown of the functionality of EXPLAINABOARD, with examples from an NER task.
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ﬂ EHREEEY9 — The impact of splitting methods

Standard splits: Tt < ——— Random Splits
Training: sections 00-18 il i
Development: sections 19-21

Standard Splits
Testing: sections 22-24 LAPOS 1 PR

Stanford - El

"

"
o T

bo 1 .96 i .98 99 1.00

Gorman et al., We need to talk about standard splits, ACL 2019.
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ﬂ EHREEEY9 — The impact of splitting methods

@

oo"

Blue balls — Training

A) RANDOM B) HEURISTIC C) ADVERSARIAL D) NEW SAMPLE
Splits
Task Model Standard Random Heuristic Adversarial New Samples
POS TAGGING NCRF™T 0.961 0.962 0.960 0.944 0.927
PROBING-WC BERT 0.520 0.527 0.232 0.250 0.279
PROBING-BSHIFT 0.800 0.808 0.695 0.706 0.450
HEADLINE GENERATION™  seq2seq 0.073 0.095 0.062 0.040 0.069
QUALITY ESTIMATION' 0.502 0.626 0.621 0.711 0.767
EMOIJI PREDICTION MLP-Laser - 0.125 0.196 -0.040 0.091
NEWS CLASSIFICATION - 0.681 0.720 0.634 0.618
MSE (New Samples) 0.179 0.030 0.015 0.011 -

Segaard, We Need to Talk About Random Splits, EACL 2021.
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Visualizing and Understanding Recurrent Networks

Cell sensitive to position in line:

Cell that turns on inside comments and quotes:
BiEhieBelrezina lies in thellfiaEE )
ved the fallacy of all the plans for
the soundness of the only possible
v nd the general mass of the army
low the enemy up. The French crowd
ipeedand all its energy was directed
a wounded animal and it was impo
) not so much by the arrangements it
pllace at the bridges. whenBEhcll
from Moscow and women with children
all--carried on by vis inertiae- -
nto the ice-covered water and did

Cell that turns on inside quotes:

Cell that is sensitive to the depth of an expression:

f : #ifdef CONFIG_AUDITSYSCALL
Cell that robustly activates inside if statements: static inline 1int RSN EEGINE SN SEhNE e S R s

or = 0; < AUDIT_BITMASK_SIZE; i++)

_

NDING) ; H
Cell that might be helpful in predicting a new line. Note that it only turns on for some “)":
c

~

A large portion of cells are not easily interpretable. Here is a typical example:
2|

1t &ir (e 1 .

fe i
. it packi_string(W@lid *Ebufp, slize 't HrEmaEEn, s@llze_ it len)
[
[

Several examples of cells with interpretable activations discovered in LSTM trained with Linux Kernel
and War and Peace.

Karpathy et al., Visualizing and Understanding Recurrent Networks , 2016




ﬂ Contextual Word Embeddings

They presented a detailed empirical study of how the choice of neural architecture (e.g. LSTM,
CNN, or self attention) influences both end task accuracy and qualitative properties of the
representations that are learned.

9 e g " 2
g c 5 2 e c 5 2

k E ) 8 s § v § s E o 8 s E v §

2858 485 S8 o3E2R 2828 o8 Sc282 .38c2F

F & owx Oc o 8 E= 68 Eo0 8Ec Evnin F X ow®0Uc o ESZ 68 EoL8 E5ctwvih
The The
Russian Russian
government government
says says
it it
can can
not not
afford afford
to to
maintain maintain

Bottom Top LSTM
LSTM Iayer and and Iayer

meet meet
obligations obligations
to to
the the
new new
International International
Space Space
Station Station

Visualization of contextual similarity between all word pairs in a single sentence using the 4-layer LSTM.

Peters et al., Dissecting Contextual Word Embeddings: Architecture and Representation, 2018



ﬂ Contextual Word Embeddings

POS Tagging Constituency parsing Unsupervised coref,
";’. 4 4 i i %) 4 ]
iy 3 ] 3 ]
<
=2 2 ] 2 ]
&
-1 1 1 I i i i 1 | 1 |
96.6 96.8 97.0 97.2 97.4 68 70 72 74 76 78 80 82 40 42 a4 46 48 50 52 54 56
.6 6 T T T T 1) 6 - ]
1] - 1
g 5 5 | 5 ]
e 4 4 | 4 |
23 31 ] 3 ]
B2 2 - ] 2 ]
1 1 1 ] o ! ]
is 96.6 96.8 97.0 97.2 97.4 16 =58 70 72 74 76 78 80 82 16 42 44 46 48 50 52 54 56
e T
2 12 - e e NnEeee——— | 12
& 1g 13 18
o
= 6 6 6
i——= e 3
96.6 96.8 97.0 97.2 97.4 68 70 72 74 76 78 80 82 40 42 44 46 48 50 52 54 56

Figure 3: Various methods of probing the information stored in context vectors of deep biLMs. Each panel shows
the results for all layers from a single biLM, with the first layer of contextual representations at the bottom and last
layer at the top. From top to bottom, the figure shows results from the 4-layer LSTM, the Transformer and Gated
CNN models. From left to right, the figure shows linear POS tagging accuracy (%; Sec. 5.3), linear constituency
parsing (F; Sec. 5.3), and unsupervised pronominal coreference accuracy (%; Sec. 5.1).

2
2\ L
Y

Peters et al., Dissecting Contextual Word Embeddings: Architecture and Representation, 2018



ﬂ Integrated Gradients |JE %%

Integrated Gradients (IG) (Sundararajan et al,,
Question: how symmetrical are the 2017) to isolate question words that a deep
white bricks on either side of the learning system uses to produce an answer.
building
+ Prediction: very Definition 1 (Integrated Gradients) Given an
Ground truth: very input x and baseline x', the integrated gradient
along the it" dimension is defined as follows.

. . . 1 / /
Red -- high attribution 1G;(z, ) = (-’L'z'—x;;)x/ OF (z +gx><i(w—w ) 3
Blue -- negative attribution L
Gray -- near-zero attribution (here 8557") is the gradient of F along the i*" di-

mension at x).

For image networks, the baseline input x' could
be the black image, while for text models it could

be the zero embedding vector.
Sundararajan et al., Axiomatic attribution for deep networks. 2017

Mudrakarta et al. Did the Model Understand the Question? ACL 2018
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ﬂ BERTHIAttention HeadEZJ 2 Y EEN S EIESISIE

Head 8-10 Relation Head Accuracy Baseline
Head 1-1 Head 3-1 .
Attenf;s broadly Ak ds‘:.o oS T - Direct objects attend to their verbs All 7-6 34.5 26.3 (1)
- 86.8% accuracy at the dobj relation prep 7-4 66.7 61.8 (-1)
found. found found found [CLS] [CLS] [CLS] [CLS] pobj 9-6 76.3 34.6 (-2)
ounin- i:un o \I:U“ It It It It det 8-11 94.3 S1:74(1)
taiwani ,vtaiwan talwanstalwan 9°:: 3:es dec““ig S:C“"'Ed nn 4-10 70.4 70.2 (1)
[SEPi iSEP] [SEP] S — [SEP] |t0v ‘t<|) discu‘iSr‘ iiscuss I'lSlej 8-2 58.5 45.5 (l)
plug; plug itse its k.
. the f th.e ‘ the\th.e o' . ian e amoc.1 4-10 75.6 68.3 (1)
wmgspa.n v, -\fVlngspan wmgspa.n\yvmgspan PR fow foreX e dob ) 8-10 86.8 40.0 (_2)
o, 5 ey ) diversified |\ diversified upgrading .upgrading advmod 76 48.8 40.2 (1)
y \ Fidelity-‘.' \ Fidelity lts\\ its aux 4-10 81.1 71.5 (1)
— - N o funds/\\ \§ -funds current current : .
28 28 28\28 by« -\ R-by product product o
2 - mm\mm - D - \ oy poss 7-6 80.5 47.7 (1)
’ . .:\. ; auxpass 4-10 82.5  40.5(1)
[SEP)’ [SEP] [SEP] [SEP] [SEP] [SEP] [SEP] 3isee) ccomp 8-1 48.8 12.4 (-2)
. T . . mark 8-2 50.7 14.5 (2)
Attention heads exhibiting patterns Attention heads corresponding S 6.7 9.1 91.4(-1)
to linguistic phenomena The best performing attentions heads of

BERT on WSJ dependency parsing

BERT’s attention heads exhibit patterns such as attending to delimiter tokens, specific
positional offsets, or broadly attending over the whole sentence, with heads in the same layer
often exhibiting similar behaviors

Certain attention heads correspond well to linguistic notions of syntax and coreference.

Attention-based probing classifier demonstrated that substantial syntactic information could be
captured in BERT’s attention.
Clark et al. , What Does BERT Look At? An Analysis of BERT’s Attention , ACL 2019




ﬂ Attention EF0JLAGRER ?

Input w1 w2 w3 wa ws we w7 s
\4

Zero out

Part 1 of model some weights

------

-
- ~

Computed Y 54
attention | 1' | l
distribution l Renormalize
v

Part 2 of model Part 2 of model

Original l | (S)ﬁtf:;ax

softmax E-__—’ using qz

owputy * modified
attention

-
- -
- -
ialiadl I

Importance calculated from change in output

Sofia Serrano & Noah A. Smith, Is Attention Interpretable?, ACL 2019

Attention layers explicitly weight input
components’ representations, it is also
often assumed that attention can be

used to identify information that
models found important

They observe some ways in which
higher attention weights correlate with
greater impact on model predictions,
they also find many ways in which this
does not hold




WGEFREII FEELAYE200 — Influence Function

A sometimes tedious film. Credulous. positve  +10.32
l Classifier An admittedly middling film. positive  +10.09
Prediction: positive sentiment A simplistic narrative. positive | +9.58

Influence functions

l Sallencymaps - Tedious Norwegian offering which

somehow snagged an oscar nomination. negative  -9.64
A sometimes tedious film Visually flashy but narratively opaque. negative  -11.01
+0.07 +0.20 -045 -0.03
Full of cheesy dialogue. negative  -12.78
Salient tokens in the input Influential examples in the training corpus
Influence functions:
d‘_(; - —(lf:VQE(I- L)) WoLl(z;,ys,0) dL; db
g = 6~\Lj,Yj, 0L\ T, Yis = VoLl -
4 5 dez d
How upweighting a particular training example (x;, y;) in the How this change in the model parameters would
training set {(x4, V1) ,-.., ((Xn, Yn)} by €; would change the in turn affect the loss of the test input

learned model parameters 6

Pang Wei Koh and Percy Liang. 2017. Understanding black-box predictions via influence functions. ICML 2017

Han et al., Explaining black box predictions and unveiling data artifacts through influence functions, ACL 2020
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E t=BYEN - BERT-based Adversarial Examples

The government made a quick decision

BAE -R 9 8 The X4 made a quick decision
judge , doctor , captain

The government made a quick decision

state , british , federal

The government m made a quick decision

officials , then , immediately

They use BERT-MLM to predict masked tokens in the text for generating adversarial examples. The
MASK token replaces a word (BAE-R attack) or is inserted to the left/right of the word (BAE-I).

Garg and Ramakrishnan, BAE: BERT-based Adversarial Examples for Text Classification, EMNLP 2020.



il - BERT-based Adversarial Examples

Sentiment Accuracy (%)
Dataset ) .ginal TF R R+l
Amazon 95.7 79.1 85.2 83.8
IMDB 903 831 843 79.3
MR 933 820 84.6 82.4

Naturalness (1-5)

Dotaset sovmal TE° R R
Amazon 426 317 391 3.71
IMDB 435 341 3.89 3.76
MR 419 335 3.84 3.74

Model  Adversarial patiels
Attack Amazon Yelp IMDB MR

Original 88.0 85.0 82.0 81.16
TextFooler 31.0 (0.747) 28.0(0.829) 20.0 (0.828) 25.49 (0.906)
BAE-R 21.0 (0.827) 20.0(0.885) 22.0(0.852) 24.17 (0.914)
wordLSTM - oo b 1 17.0 0924) 22.0 0.928) 23.0 0.933) 19.11 (0.966)
BAE-R/I 16.0 (0.902) 19.0(0.924) 8.0 (0.896) 15.08 (0.949)

BAE-R+1I 4.0 0.848) 9.0 0.902) 5.0 0.871) 7.50 (0.935)

Original 82.0 85.0 81.0 76.66
TextFooler 42.0 (0.776) 36.0(0.827) 31.0(0.854) 21.18 (0.910)
BAE-R 16.0 (0.821) 23.0(0.846) 23.0(0.856) 20.81 (0.920)
wordCNN BAE-I 18.0 (0.934) 26.0(0.941) 29.00.924) 19.49 (0.971)
BAE-R/I 13.0 (0.904) 17.00.916) 20.0(0.892) 15.56 (0.956)

BAE-R+1I 2.0 (0.859) 9.0 (0.891) 14.0 (0.861) 7.87 (0.938)

Original 96.0 95.0 85.0 85.28
TextFooler 30.0 (0.787) 27.0(0.833) 32.00.877) 30.74 (0.902)
BERT BAE-R 36.0 (0.772) 31.0(0.856) 46.0(0.835) 44.05 (0.871)
BAE-TI 20.0 (0922) 25.0(0.936) 31.0(0.929) 32.05 (0.958)
BAE-R/I 11.0 (0.899) 16.0 (0.916) 22.0 (0.909) 20.34 (0.941)
BAE-R+1I 14.0 (0.830) 12.0 (0.871) 16.0 (0.856) 19.21 (0.917)

Garg and Ramakrishnan, BAE: BERT-based Adversarial Examples for Text Classification, EMNLP 2020.

Human evaluation results




il - BERT-ATTACK

BERT-Attack
1. Finding Vulnerable Words

Full-Permutation
of top-K predictions

2. Word Replacement via BERT

Generated Sample

J

Target Model

(_LI
DU OO
) )
C==F—==BERT——— |
@)

Owi

(R [N - (Wi - [ -

el TEEF SRR
1
'

Oc ;

10

subword of w;

sentence Sy

sentence s

Input [ |[w ]~ [ ]~ [ ]

Li et al., BERT-ATTACK: Adversarial Attack Against BERT Using BERT, EMNLP 2020.




{ERLTN - BERT-ATTACK

Dataset Method Original Acc Attacked Acc Perturb % Query Number Avg Len Semantic Sim
BERT-Attack(ours) 155 1.1 1558 0.81
Fake o (Fooler(inetal, 2019) 218 193 17 4403 L 0.76
GA(Alzantot et al., 2018) 58.3 1.1 28508 -
BERT-Attack(ours) 5.1 4.1 273 0.77
L TextRooler 2210 6.6 12.8 743 e 0.74
GA 31.0 10.1 6137 .
BERT-Attack(ours) 11.4 4.4 454 0.86
Ll TextFooler ol 13.6 6.1 1134 s 0.86
GA 457 49 6493 :
BERT-Attack(ours) 10.6 154 213 0.63
ne TextFooler 82 12.5 220 357 & 0.57
GA 51 16.9 3495 ;
BERT-Attack(ours) 74161 12.4/93 16/30 0.40/0.55
St TextFooler 80AHP) 40008 185334 60142 818 0.45/0.54
GA 14.7/- 20.8/- 613/- -
BERT-Attack(ours) 79119  8.8/79 19/44 0.55/0.68
matchad TextFooler BIHP) 96053 15225 78152 n21 o s70.65
GA 21.8/- 18.2/- 692/- s
BERT-Attack(ours) 3.7 8.0/7.1 24/43 0.53/0.69
mivched TextFooler 821HP)  g300 146247  86l162 12122 580,65
GA 20.9/- 19.0/- 737/- -

Table 1: Results of attacking against various fine-tuned BERT models. TextFooler is the state-of-the-art baseline.
For MNLI task, we attack the hypothesis(H) or premises(P) separately.

Li et al., BERT-ATTACK: Adversarial Attack Against BERT Using BERT, EMNLP 2020.




E =BT - A Case Against Synonym-Based Adversarial Example ®

Between 96% and 99% of the analyzed attacks do not preserve semantics, indicating
that their success is mainly based on feeding poor data to the model.

v 0.16 = TextFooler
& 0.14 —= PWWS
- N
ek Word Similarity Text Similarity = 0.12 uy S R
c = 0.10
Avg. (1-7) Above 5 (%) Above6 (%) Avg.(1-7) Above5 (%) Above 6 (%) ";" 0.08
TextFooler 3.88 22 7 3.47 24 12 S 0.06 -
PWWS 3.83 21 6 2.70 13 6 S 0.04
BERT-Attack 004 4 4 2.55 g 3 £ 0'02
BAE 1.64 0 0 1:85 3 2 o.
.00

. 30 35 40 45 50 55 60 65 7.0
Table 2: Average human scores on a scale from 1-7 and the percentage of scores above 5 and 6 (corresponding to 7

the answers “Somewhat Agree” and “Agree”) for the different attacks and when the words were shown with (text

similarity) or without (word similarity) context.
Figure 1: Probability that an attack is valid according to

our probabilistic analysis, for the different attacks and
for different thresholds 77,

Hauser et al., BERT is Robust! A Case Against Synonym-Based Adversarial Examples in Text Classification, arXiv 2021.



E =28 F N — Benchmarking Robustness MRC

Benchmarking Robustness of Machine Reading Comprehension Models

However, most of these benchmarks only evaluate models on in-domain test sets without considering their
robustness under test-time perturbations.

Perturbation Perturbation Level Applied Component MOCRC-specific
AddSent Sentence Passage No
CharSwap Character Passage + Question No
Paraphrase Sentence Passage No
Superimposed Sentence + Character Passage No
Distractor Extraction Sentence Distractors Yes
Distracor Generation Sentence Distractors Yes

Table 1: Summary of our perturbations. MCRC-specific means whether the method is specific to the format of
multiple-choice reading comprehension.

Si et al., Benchmarking Robustness of Machine Reading Comprehension Models, ACL 2021



E =28 F N — Benchmarking Robustness MRC

Test Set BERT RoBERTa XL Net ALBERT
Original 69.5 83.7 79.9 86.0
AddSent 30.0 (-56.8%) 57.3 (-31.5%) 51.4 (-35.7%) 57.8 (-32.8%)
CharSwap 48.8 (-29.8%) 69.4 (-17.1%) 63.4 (-20.7%) 73.0 (-15.1%)
Paraphrase 594 (-14.5%) T72.3 (-13.6%) 68.2 (-14.6%) 73.7 (-14.3%)
Superimposed 18.6 (-73.2%) 38.1 (-54.5%) 36.4 (-54.4%) 36.1 (-58.0%)
Distractor Extraction  32.0 (-54.0%) 47.5 (-43.2%) 42.9 (-46.3%) 50.7 (-41.0%)
Distractor Generation 55.5 (-20.1%) 67.7 (-19.1%) 63.8 (-20.2%) 69.9 (-18.7%)
Average 40.7 (-41.4%) 58.7 (-29.9%) 54.4 (-32.0%) 60.2 (-30.0%)

Table 2: Attack results on different models. Numbers in brackets are the percentage drop in performance.

Si et al., Benchmarking Robustness of Machine Reading Comprehension Models, ACL 2021




E =841 — Benchmarking Robustness MRC

(1) Over-sensitivity

MRC models provide different answers
to the paraphrased questions.

(2) Over-stability
Models might fail into a trap span that
has many words in common with the
guestion, and extract an incorrect
answer from the trap span

(3) Generalization

The well-generalized MRC models have
good performance on both in-domain
and out-of-domain data.

Passage

BHER, MARMEHETHG A, K HRMAGNE
AR AW Lakey Y, L RHEAHONE— AT IRA
M2, RENLF-AMEEERR ...

Passage

In recent years, with the rise of the amber market, the price
of amber keeps going up. The price of opaque amber is
generally 2—4 times the price of clear amber ...

Original Question

k3afe BHM—ANrbic

Golden Answer : %

Predicted Answer : % # (BERTpas)

Original Question

Which is more expensive, clear amber or opaque amber?
Golden Answer : opaque amber

Predicted Answer : opaque amber (BERT )

Paraphrase Question

F 3 Fo R IMANEF

Golden Answer : % %

Predicted Answer : 334 (BERT}us)

Paraphrase Question

Which has the higher price, opaque amber or clear amber?
Golden Answer : opaque amber

Predicted Answer : clear amber (BERTpyse)

paraphrased question.

(a) An example illustrates the over-sensitivity issue, where BERTy, gives different predictions to the original question and the

Passage
BRI THERAMAMNRA R KX ORTTF, EE XA
B, BRFHERK AT T

Passage

Many people argue that the zongzi (rice dumpling) leaves
are made of hemp. Actually, it is the palm tree, the real origin,
that endows zongzi with the special pronunciation.

Question

T &k Attt 4

Golden Answer : %48 #

Predicted Answer : /"t F (BERTyusc)

Question

What is the raw material of zongzi leaves?
Golden Answer : palm tree

predicted Answer : hemp (BERTpue)

(b) An example illustrates the over-stability issue. The underlined span in the passage appears as a trap because it has many
words in common with the question. BERT}qe falls into the trap.

Passage
cos(2x)’=-sin(2x)*(2x)’=-2sin(2x) B T R ARG K% .

Passage
cos(2x)’=-sin(2x)*(2x)’=-2sin(2x) This is the derivative of a
compound function.

Question

cos2x®) FEHAES V7

Golden Answer : -2sin(2x)

Predicted Answer : -sin(2x) (BERTpase)

Question

What is the derivative of cos2x?

Golden Answer : -2sin(2x)

Predicted Answer : -sin(2x) (BERTyys.)

(c) An example illustrates the generalization issue. Although BERTy,. is sufficiently trained on large-scale open-domain data, it

fails to predict the answer to a math question.

Tang et al., DuReader : A Chinese Dataset Towards Evaluating Robustness and Generalization of Machine Reading Comprehension in Real-

robust*

World Applications, ACL 2021




E =8N — Benchmarking Robustness MRC

In-domain In-domain Challenge Finance Education
dev set test set test set EM F1 EM F1
EM F1 EM F1 EM Fl
BERTbase 30.73 51.16 38.70 50.83
BERT)ase 71.20 82.87 67.70 80.85 37.57 53.86 ERNIE 1.0y, 2653 50.53 3467 53.11

ERNIE 1.0p,e 68.73 81.12 66.72 80.50 36.75 55.64
RoBERTajrge 74.17 86.02 71.20 84.16 45.02 62.83
Human 78.00 89.75 72.00 86.43

RoBERTarge 4022 61.16 47.77 61.82

Table 7: The performance of baselines in the domains

Table 4: Comparing MRC baselines to human on the of education and finance.
development, test and all challenge sets.

Topcis EM F1 #
Over WITTE Genera- Math . 19.85 34.63 136
Sensitivity  Stability lization Chemistry 3746 53.88 323
EM F1 EM F1 EM F1 Language 4431 61.18 255
BERThase 53.31 69.30 16.78 38.40 36.41 50.15 Others 69.63 79.28 438
ERNIE 1.0, 58.10 73.89 17.27 38.34 32.86 52.84 All 49.13 62.88 1152

RoBERTajrge 55.24 75.16 28.18 47.03 46.03 61.67

Table 8: The performance of baselines on different top-

Table 5: The results on the three subsets of the chal- ics in the domain of education.
lenge set.
Tang et al., DuReader,,,.,: A Chinese Dataset Towards Evaluating Robustness and Generalization of Machine Reading Comprehension in Real-

World Applications, ACL 2021




ﬂ *ﬁﬂiﬂzfﬂu — NER Can Fine-tuning Pretrained Model Lead to the Promised Land? @

EMNLP 2020
Regular NER Open NER
Benchmarks are blessed with stron g Typical Person, Location, Movie, Song, Book, TV
. . . Categories | Organization, etc. Series, etc.
name regu la rlty' h Igh mention Name Entity types with strong | Entity types with weak
coverage and sufficient context Regularity | regularity or no regularity
: : Mention Training set with high Many new and unseen
dive rSIty' Coverage | mention coverage mentions
Context With decent training Fully-annotated
Pattern instances to capture training data 1s rare
When scaling NER to open situations, Lpeanin L
. tarti Ch Street]| I watched [avatar]last night
these advantages may no longer exist Examples e e | e muirlihais
it
... at [Cherry Street].... Wow...[Joker] was great!
... go to [9"* Avenue] ... Love [inception] so much.

Figure 1: Comparison between regular NER bench-
marks and open NER tasks in reality.

Lin et al., A Rigorous Study on Named Entity Recognition: Can Fine-tuning Pretrained Model Lead to the Promised Land?, EMNLP 2020



315 — NER Can Fine-tuning Pretrained Model Lead to the Promised Land?

®

Settings Name | Mention| Context | Examples
Puti luded his two d talks.
Vanilla Baseline 3 N N Train [Pu t'n] concluded his two ays.of alks
[Blair] spoke to [Bush] on April 5.

Test  [Putin] will face re-election in March 2004.
[the united] concluded his two days of talks.

N P tati Trai
(Naf)r)le crmutation & v v ram { [Hillsborough] spoke to [analysts] on April 5.
Test  [the united] will face re-election in March 2004.
) ) . ( [the united] concluded his two days of talks.
Mention Permutation X X v/ Train , )
(MP) [Hillsborough] spoke to [analysts] on April 5.
Test  [which girl] will face re-election in March 2004.
[Putin] concluded his two days of talks.
Context Reduction v/ v/ { Train { [Blair] concluded his two days of talks.
(CR) [Bush] concluded his two days of talks.
Test  [Putin] will face re-election in March 2004.
e o Wiy J rai [Blair] concluded his two days of talks.
(1\/?12) on Reduetion l l YN\ [Blair] spoke to [Blair] on April 5.

Test  [Putin] will face re-election in March 2004.

Table 1: Illustration of our four kinds of randomization test. The utterances in square brackets are entity mentions.
Name: name regularity knowledge; Mention: high mention coverage; Context: sufficient training instances for
context diversity 4/: the knowledge is preserved in this setting; X: the knowledge is erased from the data in the
setting; |: the knowledge decreases.

Lin et al., A Rigorous Study on Named Entity Recognition: Can Fine-tuning Pretrained Model Lead to the Promised Land?, EMNLP 2020




E Eﬂ'ﬁzfﬂu — NER Can Fine-tuning Pretrained Model Lead to the Promised Land? @

Data Setting PER ORG GPE FAC LOC WEA VEH | ALL
Baseline 86.31 76.49 80.89 69.23 4058 74.70 61.97 | 81.76
Name Permutation 73.41 4434 4971 3796 28.24 33.33 2393 | 62.28
- Drop Compared with Baseline | 15% 42% 39% 45% 44% 55% 61% | 24%
Mention Permutation 61.78 3940 33.27 32.16 18.60 9.38 21.92 | 51.58
- Drop Compared with Baseline | 28% 48% 59% 54% 54% 87% 65% | 34%

Table 2: Micro-F1 scores of BERT-CRF tagger on original data, name permutation setting and mention permutation
setting respectively. We can see that erasing name regularity and mention coverage will significantly undermine
the model performance.

Lin et al., A Rigorous Study on Named Entity Recognition: Can Fine-tuning Pretrained Model Lead to the Promised Land?, EMNLP 2020
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CheckList Beyond Accuracy: Behavioral Testing of NLP Models with CheckList

Capability Min Func Test INVariance = DIRectional TeSt NLP mOdels Ilke we teSt software
’

Vocabulary  Fail. rate=15.0% __ 16.2% () 34.6%
NER 0.0% G 20.8% N/A
Negation 76.4% N/A N/A . . . cpeys
2 A - What to test: Linguistic capabilities
— T ey How to test: Test behaviors with different test types
o Testing Negation with MFT Labels: negative, positive, neutral
Template: I {NEGATION} {POS_VERB} the {THING}. Minimum Functionality Test (MFT) | didn’t love the flight.
| can’t say | recommend the food. neg pos X -
| didn’t love the flight. neg et X | can’t say | recommend the food.
Failure rate = 76.4% .
@ Testing NER with INV Same pred. (inv) after removals / additions Perturbatlon tests
@AmericanAir thank you we got on a z pos X .
different flight to [ Chicago — Dallas ]. — neutral INV: Invariance tests
@VirginAmerica | can’t lose my luggage, . Q neutral X
moving to [ Brazil = Turkey ] soon, ugh. o neg @AmericanAir thank you we got on a different flight to Ehicage Dallas.

Failure rate = 20.8% @VirginAmerica | can’t lose my luggage, moving to Brazi Turkey soon

O Testing Vocabulary with DIR Sentiment monotonic decreasing ({)

Dir: Directional Expectation Tests

@AmericanAir service wasn't great. You il ( neg

are lame. neutral X

@JetBlue why won't YOU help them?! It ( feg X @AmericanAir service wasn’t great. You are lame. N2
Ugh. | dread you. neutral

@JetBlue why won't YOU help them?! Ugh. | dread you. N

Failure rate = 34.6%

Ribeiro et al., Beyond Accuracy: Behavioral Testing of NLP Models with CheckList, ACL 2020.
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In [27]: P |editor.visual suggest('This is {a:mask} movie.')

Preview

° This is EBR-K)S movie

FILL IN WITH...
Check All
good )

amazing
excellent

awful v

In [26]: M editor.selected suggestions

Ribeiro et al., Beyond Accuracy: Behavioral Testing of NLP Models with CheckList, ACL 2020.



— Dynabench

Dynabench is a research platform for dynamic data collection and benchmarking.

This platform in essence is a scientific experiment: can we make faster progress if we collect
data dynamically, with humans and models in the loop, rather than in the old-fashioned static

way?

QUESTION ANSWERING

Question answering and
machine reading
comprehension is answering
a question given a context.

Round: 2
Model error 22.90%
rate: (1043/4555)
Last activity: 8 hours ago

NATURAL LANGUAGE
INFERENCE

Natural Language Inference is

classifying context-hypothesis

pairs into whether they entail,
contradict or are neutral.

Round: 4
Model error 41.83%
rate: (18477/44167)

Last activity: 12 hours ago

Kiela et al., Dynabench: Rethinking Benchmarking in NLP, NAACL 2021.

SENTIMENT ANALYSIS

Sentiment analysis is
classifying one or more
sentences by their
positive/negative sentiment.

Round: 3
Model error rate: 42.67% (32/75)
Last activity: an hour ago

FACEBOOK Al

Dyna
Bgnch

HATE SPEECH

Hate speech detection is
classifying one or more
sentences by whether or not
they are hateful.

Round: 5
Model error rate: 60.77% (660/1086)
Last activity: 8 hours ago




t=RELTN — Dynabench

SENTIMENT ANALYSIS nn
Find examples that fool the model
E FACEBOOK Al

BB Your goal: enter a negative ¥ statement that fools the model into predicting positive.

Please pretend you a reviewing a place, product, book or movie.

Dyna
Bgnch

This year's NAACL was very different because of Covid

Model prediction: positive

Well done! You fooled the model
93.79%

Optionally, provide an explanation for your example: f ck of input box t Ve

[Cowd is clearly not a good thing ]

[The model probably doesn't know what Covid is ]

Model Inspector
#s This year 's NA AC L was very different because of Cov id #/s

The model inspector shows the layer integrated gradients for the input token layer of the model

O Retract | M Flag = Q Inspect

This year's NAACL was very different because of Covid

Live Mode l Switch to next context

Kiela et al., Dynabench: Rethinking Benchmarking in NLP, NAACL 2021.
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Movie Reviews

The Evaluating Rationales And Simple English Reasoning benchmark

In this movie, ... Plots to take over the world.
The soundtrack is run-of-the-mill,

(a) Positive (b) Negative

e-SNLI
H A man in an orange vest
PAmanis
(a) Entailment (b) Contradiction (c) Neutral
Commonsense Explanations (CoS-E)
Where do you find the ?
(a) Compost pile (b) Flowers (c) Forest (d) Field (e) Ground
Evidence Inference

Article Patients for this trial were recruited ...

Prompt With respect to breathlessness, what is the reported
difference between patients receiving placebo and those
receiving furosemide?

(a) Sig. decreased (b) No sig. difference (c) Sig. increased

http://www.eraserbenchmark.com/

DeYoung et al. ERASER: A Benchmark to Evaluate Rationalized NLP Models, 2020

er ser

ﬁ( Forest |a;l ) Comprehensiveness
ml| [ -
2 8235 8 T 8 B
Q a3 1 9 P = W~
S T 9 3 &
3 % 3 %- 2 3 %_ o
o, <
L e 2 & 2
1
®
2 O
Where do you find the most amount of leafs? Where do you find the
L4

25

most amount of leafs?

Ty
Figure 2: Illustration of faithfulness scoring metrics, comprehensiveness and sufficiency, on the Commonsense
Explanations (CoS-E) dataset. For the former, erasing the tokens comprising the provided rationale (Z;) ought to
decrease model confidence in the output ‘Forest’. For the latter, the model should be able to come to a similar
disposition regarding ‘Forest’ using only the rationales r;.
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TextFlint

Unified Multilingual Robustness Evaluation Toolkit for
Natural Language Processing

https://github.com/textflint/textflint
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([ test() )
(__Loss ) m
Input Layer @ | (Cinnene |
i Dataset 4 i
i Sample Field Config FlintModel i
|Generation Layer | [ReportLayer |
Subpopulation Transformation AttackRecipe I__,_,f\> Analyzer

|

b Validator ¢ ReportGenerator

(V4

Robustness

Report TextFlint

Generated
Data
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> b2 1 O3 1 A
JEI%EJT’
[F) X 1]
“He loves NLP” is transformed into “He likes NLP”
PFE 4=
definitely - difinately Typos
Shanghai - Shenghai EntTypos
like = I1ke OCR
= SCA]

John lives in Ireland = John doesn’t live in Ireland

5

TextFlint
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a3

NER: SwapNamedEnt

N

“He was born in China” - “He was born in Llanfairpwligwyngylligogerychwyrndrobwllllantysiliogogogoch”

CWS: SwapVerb
E>“EEE-BETE and BT F” N e

® LLANFAIRPWLLGWYNGYLLGOGERYCHWYRNDROBWLLLLANTYSILIOGOGOGOCH |

POS: SwapMultiPOS

“There is an apple on the desk” -
“There is an imponderable on the desk”

TextFlint
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yagichiiilEa
[RIGSES DRMEE - Gender

She became a nurse and worked in a hospital.

| told John to come early, but he failed.

The river derives from southern America.

Marry would like to teach kids in the kindergarten.

The storm destroyed many houses in the village.

X < X <«

TextFlint
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* Plausibility (Lambert et al., 2010) measures whether the text is reasonable and written by native
speakers. Sentences or documents that are natural, appropriate, logically correct, and meaningful
in the context will receive a higher plausibility score. Texts that are logically or semantically
inconsistent or contain inappropriate vocabulary will receive a lower plausibility score.

* Grammaticality (Newmeyer, 1983) measures whether the text contains syntax errors. It refers to
the conformity of the text to the rules defined by the specific grammar of a language.

TextFlint
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(a) SA (b) NER
Plausibility = Grammaticality Plausibility =~ Grammaticality

Ort. Trans. Ort.  Trans. Ort. Trans. Ort.  Trans.
DoubleDenial 326 337 339 3.49 ooV 3.69 376 3.54 3.48
AddSum-Person 339 332 36 3.59 SwapLonger 313 3066 377 3.54
AddSum-Movie 326 334 36l 3.58 EntTypos 3I3F 33 33 3.54
SwapSpecialEnt-Person | 3.37 3.14 3.5 3.73 CrossCategory | 3.48 344 341 3.32
SwapSpecialEnt-Movie | 3.17 3.28 3.70 3.49 ConcatSent 414 354 384 3.81

(c) SM (d) RE
Plausibility =~ Grammaticality | Plausibility _Grammaticality
Ort. Trans. Ort. Trans.
Ort. Trans. Ort. Trans. SwapEnt-MultiType 359 336 397 394
SwapEnt-LowFreq 33 356 394 4.05
SwapWord | 3.08 3.08  3.98 3.92 InsertClause 337 34 380 395
SwapNum | 3.14  3.21] 3.87 3.86 SwapEnt-AgeSwap 329 352 38 407
113 SwapTriplePos-BirthSwap 352 353 391 386
Overlap s 3.33 — 4.11 SwapTriplePos-EmployeeSwap | 3.39 343 388  3.86 6

TextFlint
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from TextFlint.engine import TextFlintEngine
from TextFlint.config.config import Config

# load the data samples

samplel = {'x': 'Titanic is my favorite movie.', 'y': 'pos'}
sample2 = {'x': 'I don\'t like the actor Tim Hill', 'y': 'neg'}
data_samples = [samplel, sample2]

# define the transformation/subpopulation/attack types in the json config file
config = Config.from_json_file("TextFlint/common/config_files/SA/SA.json")

# define the output directory
out_dir_path = './test_result/'

# run transformation/subpopulation/attack and save the transformed data to out_dir_path in json format
engine = TextFlintEngine('SA', config_obj=config)
engine.run(data_samples, out_dir_path) S(ja

TextFlint
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Gui, Tao, et al. "Textflint: Unified multilingual robustness evaluation toolkit for natural language processing." arXiv preprint arXiv:2103.11441 (2021).

Table 10: F1 score of commercial APIs on the CoNLL 2003 dataset.

BB RS E R

Model CrossCategory EntTypos oov SwapLonger
Ori. — Trans.  Ori. — Trans.  Ori. — Trans.  Ori. — Trans.

CoNLL 2003

Amazon 69.68 — 33.01 70.19 — 65.98 69.68 — 56.27 69.68 — 57.63

Google 59.14 — 2830 6241 — 50.87 59.14 — 48.53 59.14 — 53.40

Microsoft 82.69 — 43.37 83.42 — 78.47 82.69 — 60.18 82.69 — 52.51

Average 70.50 — 34.89 72.01 — 65.11 70.50 — 54.99 70.50 — 54.51

5]

H Open API Platform

=ES DLl

gﬁ

TextFlint
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VAN Y

SR ERE R TS SR

ELMO+BiLSTM+CRF
Bert+BiLSTM+CRF
UANET
S-LSTM
meta-tagger
LM-LSTM-CRF
BILSTM-LAN
BiLSTM-aux
CRF++
CNN+BILSTM+CRF
xInet-large-cased
xInet-base-cased
roberta-large
roberta-base
bert-large-uncased
bert-base-uncased
albert-xxlarge-v2
albert-base-v2
RE2
Match-Istm
ESIM
LCF-BERT
BERT-SPC
BERT-BASE
AEN-BERT
TNet
TD-LSTM
MGAN
LSTM
IAN
ATAE-LSTM
MemNet
AEN-Glove

A= ZAAREHESH

|— Morpho|ogy —'— Syntax -

-

c
k=]
=

151

©

&
k=

c

3
o

Keyboard

Ocr

SpellingError

Tense

Typos

WordCase-lower
WordCase-title
WordCase-upper

InsertAdv

SwapNamedEnt

Pragmatics

AddPunc

Appendirr

g

\\

TwitterType

MLMSuggestion

Paradigmatic
Relation

SwapNum

=

&uapSyn-WordEmbedding
h

ﬁ
>|.

POS

NLI

ABSA

SwapSyn-WordNet

MRC-SQuAD2.0

MRC-SQuAD1.1

SM-qap

SM-mrpc

NLI-SNLI

NLI-MNLI-mm

NLI-MNLI-m
COREF-Ontonotes
ABSA-SemEval2014-Restaurant
ABSA-SemEval2014-Laptop
SA-Yelp-Binary
SA-IMDB
DP-PTB

POS-WSJ

|— Morphology _'. Syntax =

Contraction

Keyboard

Ocr

SpellingError

Tense

Typos

WordCase-lower

WordCase-title

WordCase-upper

InsertAdv

SwapNamedEnt

Pragmatics

[8]
c
S
o
o
il
<<

AppendIrr

TwitterType

MLMSuggestion

Paradigmatic

Relation

SwapNum

SwapSyn-WordEmbedding

SwapSyn-WordNet

Global Semantics

Semantics

}— Syntax
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5 o o e @ o
- - - o 8
80 | : =@= :§:: Egj: o =0
5 5 | 09 Data Setting [PER ORG GPE FAC LOC WEA VEH | ALL
' ' Baseline 86.31 76.49 80.89 69.23 40.58 74.70 61.97 | 81.76
3 60 ! o Name Permutation 73.41 4434 49.71 3796 28.24 3333 2393 | 62.28
o . : - Drop Compared with Baseline | 15% 42% 39% 45% 44% 55% 61% | 24%
§ : : : : Mention Permutation 61.78 39.40 3327 32.16 18.60 9.38 21.92 | 51.58
< 40 ; 8 ; ; ; ; - Drop Compared with Baseline | 28% 48% 59% 54% 54% 87% 65% | 34%
o " 1 1 1 1
© : : : : : Table 2: Micro-F1 scores of BERT-CRF tagger on original data, name permutation setting and mention permutation
}3/ : ' setting respectively. We can see that erasing name regularity and mention coverage will significantly undermine
20 %l the model performance.
0.
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NLI-SNLI

Match-Istm

ESIM

RE2
xInet-large-cased
roberta-large
bert-large-uncased
albert-xxlarge-v2
roberta-base
xInet-base-cased
bert-base-uncased

albert-base-v2

| Morphology ===} Syntax ==-Pragmatics

c
ie)
=
5]
©
=
c
o
)

Typos

Relation

:IJ )

WordCase-upper

NumWord

SwapNamedEnt

Y
il
o
a6
®
S
o

AddSent
SwapNum

MLMSuggestion

Paradigmatic

SwapSyn-WordNet

RNN

[ Transformer

BERT RoBERTa XLNet ALBERT Average | Valid  Correct
Original 68.5 83.7 79.9 86.0 100.0%  100.0%
AddSent 25.5(-62.8%) 62.3 (-25.6%) 54.1(-32.3%) 69.2(-19.5%) -35.1% | 98.0%  89.8%
CharSwap 48.8 (-28.8%) 69.4 (-17.1%) 63.4(-20.7%) 73.0(-15.1%) -20.4% | 100.0%  94.0%
Distractor Extraction ~ 32.9 (-52.0%) 48.8 (-41.7%) 44.0 (-44.9%) 52.0(-39.5%) -44.5% | 98.0%  95.9%
Distractor Generation  56.3 (-17.8%) 68.9 (-17.7%) 64.7 (-19.0%) 709 (-17.6%) -18.0% | 98.0%  93.9%

Average

40.9 (-40.3%)

62.4 (-25.4%)

56.6 (-29.2%)

66.3 (-22.9%)

ALBERT

RoBERTa

XLNet

BERT

1
(=%
@
3

MRC-AdvRACE

uonoRIXg

demsey)
Joyesisiq

uoijeiauen
1030211810

Si et al. Benchmarking Robustness of Machine Reading Comprehension Model, ACL 2021
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Method NER RE

NYT &

CopyRE (Zeng et al., 2018) 86.2 58.7

GraphRel (Fuetal., 2019) 89.2 619

CopyRL (Zeng et al., 2019) - 721

Casrel (Wei et al.. 2020) (93.5) 89.6 Model ConcatSent CrossCategory EntTypos ooV SwapLonger Average
TpLinker (Wang et al., 2020b) - 919 Ori - Aug Decline | Ori - Aug Decline | Ori - Aug Decline | Ori - Aug Decline | Ori - Aug Decline | Decline
PFN’ 95.8 924 BiLSTM-CRF 83.0-»822 0.8 |829-435 394 |[825-735 90 |829-642 187 |829-67.7 152 16.6
WebNLG A BERT-base(cased) 87.3-86.2 1.1 87.4-48.1 393 |[87.5-83.1 4.1 87.4-790 84 |[874-821 53 11.6
CopyRF, (7.cng etal.,2018) 82:1 37.1 BERT—base(uncased) 88.8—88.7 0.1 88.7-46.0 42.7 89.1-83.0 6.1 88.7-74.6 14.1 88.7-78.5 10.2 14.6
GraphRel (Fu etal., 2019) 919 429 TENER 842834 0.8 |84.7-39.6 451 |[845-766 79 |847-51.5 332 |84.7-31.1 536 28.1
CopyRL (Zeng et al., 2019) - 616 Flair 855852 0.3 |84.6-449 39.7 |86.1-81.5 46 |846—-813 33 |[84.6-73.1 115 11.9
Casrel (Wei et al., 2020) ' (95.5) 91.8 PFN 89.1-87.9 1.2 [89.0-80.5 85 |89.6-869 2.7 |[89.0-804 86 |89.0-843 4.7 5.1
TpLinker (Wang et al., 2020b) - 919

PFN’ 98.0 93.6

DE & Table 4: Robustness test of NER against input perturbation in ACEQS, baseline results and test files are copied

Multi-head (Bekoulis et al., 2018b) 86.4 74.6 from https://www.textflint.io/
Multi-head + AT (Bekoulis et al., 2018a) 86.7 75.5
Rel-Metric (Tran and Kavuluru, 2019) 87:1. 113

SpERT (Eberts and Ulges, 2019) ' 89.3 79.2
Table-Sequence (Wang and Lu, 2020) *  89.7 80.1
PFN' 89.6 80.0
PFN' 91.3 83.2

Yan et al., A Partition Filter Network for Joint Entity and Relation Extraction, EMNLP 2021 TEXtFI Int
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Review Reconstruction

Reviews contain implicit sentiment

t (
E O E tr.}e pisza w?s pr?_tty go$od a-?d hL_JTge f- [E?S]
The waiter poured water on my hand and walked away E O ¢ OO OO E C T,;,:S—for;e; D_e;;de; ____________ )
The bartender continued to pour champagne from his reserve . ® .O O b (mmmm e .
1 O O O~+ Context | pizza good Masked Aspect Prediction |
10 hours of battery life ... - o O ' I ‘"f"‘;“‘f “““ é "‘d' ““““““““ ]
The battery life is probably an hour R Ty s ' N B Trans ?rmer Tnco ?r I S
:\__._'_mf"_m_n_eg_'__(_D_TP_'ic_"f‘f"__;' [CLS] the [MASK] was pretty [MASK] and huge . [SEP]
Dataset Positive Neutral Negaﬁve Total SIthCItt% SCAPT to allgn the representatlon Of eXpI|C|t and |mp||C|t
entimen . . . .
ntiment expressions with the same emotion.
Restaurant-train | 2164 805 633 3602 28.59 sentiment expressions with the same emotio
Restaurant-test 728 196 196 1120 23.84
Restaurant 2892 1001 829 4722 2747 e s Ry 3
Laptop-train 987 866 460 2313 30.87 : B o
Laptop-test 341 128 169 638 2727 | [ : Classiication i J Positive ;
Laptop 1328 994 629 2951  30.09 | BT e ;
MAMS 4183 6253 3418 13854 - Veefoooeo oo ----F---- d
YELP 1.17M - 039M 156M - [ = Tfa'}sfmm?f A ]
Amazon 0.38M - 0.13M 0.51M - CLS] ty the fied rice | [SEP]
.. Figure 2: Aspect-aware fine-tuning on Transformer ’
Table 2: StatIStICS on th.ree dataSCtS Of ABSA and tWO encoder based models. Sentiment representation and _4
external corpus for SCAPT. aspect-based representation are taken into account in =

sentiment classification.
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Li et al., Learning Implicit Sentiment in Aspect-based Sentiment Analysis with Supervised Contrastive Pre-Training, EMNLP 2021
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Restaurant Laptop
Vieviod Acc. Fl ESE ISE | Acc. Fl _ ESE  ISE
ATAE-LSTM (Wang et al.,, 2016a) | 76.90% 62.64* 84.16 53.71 | 65.37* 62.92* 75.69 37.86
Attention | TAN (Mactal, 2017) 76.88% 67.71* 8652 46.07 | 67.24* 63.72* 7586 44.25
RAM (Chen et al., 2017) 8023 70.80 85.11 55.81 | 7449 7135 7586 44.25
MGAN (Fan et al., 2018) 8125 7194 85.18 6004 | 7539 7247 76.16 5631
ASGCN (Zhang et al., 2019) 80.77 7202 8429 6291 | 7555 7105 7546 57.77
onN | BIGCN (Zhang and Qian, 2020) | 8197 7348 8719 5905 | 7459 7184 7953 6264
CDT (Sun et al., 2019) 8230 7402 8879 6587 | 77.19 7299 7753 68.90
RGAT (Wang et al., 2020) 8330 7608 89.45 61.05 | 7742 7376 80.17 65.52
TransCap (Chen and Qian, 2019) | 79.55 7141 8652 5993 | 73.87 70.10 77.16 60.34
Knowledge | BERTSPC (evlinetal, 2019) 83.57* 77.16* 8921 6554 | 78.22% 73.45*% 8147 69.54
oo ©5F | CapsNet+BERT (Jiang etal,, 2019) | 85.09% 77.75* 9168 64.04 | 7821* 7334% 8233  67.24
BERT-PT (Xu et al., 2019) 8495 7696 92.15 6479 | 7807 7508 8147 7127
BERT-ADA (Rietzler et al., 2020) | 87.14 80.05 94.14 6592 | 7896 74.18 8276 70.11
R-GAT+BERT (Wang etal., 2020) | 86.60 81.35 9273 67.79 | 7821 7407 8244 72.99
TransEncAsp 7710 5792 8697 4896 | 6583 5953 7431 43.20
BERTAsp 85.80 78.95 9273 63.67 | 7853 7407 8233 6839
Ours | BERTAsp+CEPT 8750 8207 93.67 6779 | 81.66 7838 83.84 75.86
TransEncAsp+SCAPT 8339 7453 88.04 6855 | 77.17 7323 7870 72.82
BERTAsp+SCAPT 89.11 8379 9437 7228 | 8276 79.15 8470 77.59

Li et al., Learning Implicit Sentiment in Aspect-based Sentiment Analysis with Supervised Contrastive Pre-Training, EMNLP 2021
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(a) BERTAsp

(b) BERTAsp+SCAPT

Figure 3: Visualization of the hidden sentiment representations on Restaurant (best to view the colored version).
BERTAsp+SCAPT tightly clusters the representations of both explicit and implicit sentiment expressions.

Restaurant-test Laptop-test

Method Ori —+ New Decline | Ori — New  Decline

LSTM 75.98—14.64 -61.34 | 67.55—9.87 -57.68

ASGCN 77.86—24.73 -53.13 | 72.41—19.91 -52.50 Table 6: Model performance on aspect robustness test
CapsNet+BERT 83.48—55.36 -28.12 | 77.12—25.86 -51.46 sets. We compare the model accuracy on the original
BERT 83.04—54.82 -29.22 | 77.59—50.94 -26.65 and new test sets, and the decline of prediction on new
BERT-PT 86.70—59.29 -27.41 | 78.53—53.29 -25.24 examples are reported. y
TransEncAsp+SCAPT | 83.39—67.76 -15.63 | 76.80—52.52 -24.28 .=-
BERTAsp+SCAPT 89.11—80.06 -9.05 | 82.76—76.13 -6.63 p

Li et al., Learning Implicit Sentiment in Aspect-based Sentiment Analysis with Supervised Contrastive Pre-Training, EMNLP 2021
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