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ﬂ General Framework of Natural Language Processing

Dataset Representation Modelling
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The government made a quick decision

BAE -R ﬁ 3 The 'S4 made a quick decision
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BAE - | ‘3 Y The m government made a quick decision
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The government m made a quick decision @
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n General Framework of Natural Language Processing

Dataset Representation Modelling
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ﬂ Robustness Improvement from Data Perspective---Universal AT ®

X =x+1,f(x)=y,xeX .
f&)#y minEzy)~p | max L(fo(X + 5),y)] :

or f(x')=y,y' #y

+.007 x = a .11 ® . *N e
o /e ® o Vg | ®
° = °
N [ ] | [ ]
: . _ 3 =11 ° olf*® ®
x sign(VJ(0,x,y)) esign(VgJ (0, z, 7)) /
“panda” “nematode” “gibbon”
57.7% confidence 8.2% confidence 99.3 % confidence

Adversarial Attack “ Adversarial Training

Szegedy, Christian, et al. "Intriguing properties of neural networks." arXiv preprint arXiv:1312.6199 (2013). FNLP 7



ﬂ Robustness Improvement from Data Perspective---Universal AT ®

Gradient Descent Only

;L _f.'.‘ar_ﬂ LYY
FGSM: & = e - Sign(g)
Fem: 0 =€ (g/llgll,)
Goodfellow, lan J., Jonathon Shlens, and Christian Szegedy. "Explaining and harnessing adversarial examples." arXiv preprint arXiv:1412.6572 (2014). @

Miyato, Takeru, Andrew M. Dai, and lan Goodfellow. “Adversarial training methods for semi-supervised text classification.” ICLR 2016.
https://iclr.cc/virtual_2020/poster_BygzbyHFvB.html FNLP 3



ﬂ Robustness Improvement from Data Perspective---Universal AT

1
@ Gra,dlent Descent Only
£ ‘-

K-PGD (K = 2)

minE,, ., |maxL(x+4d,y;6
) (x'y)D[ﬁeé’ ( ? )‘

K steps of projected gradient ascent for 6

Followed by one gradient descent on @ @

Madry, Aleksander, et al. "Towards deep learning models resistant to adversarial attacks." arXiv preprint arXiv:1706.06083 (2017). FNLP



ﬂ Robustness Improvement from Data Perspective---Universal AT

~ ot
not ‘ﬁu Gradient Descent Only

' iﬁhgh-”

Rope KPGD(K=2)  (neie

N parameter update takes:

* (K + 1)N forward-backward passes

« KN input updates @

Madry, Aleksander, et al. "Towards deep learning models resistant to adversarial attacks." arXiv preprint arXiv:1706.06083 (2017). FNLP



ﬂ Robustness Improvement from Data Perspective---Universal AT ®

FreeLB-K (K = 2)

Equivalent to enlarging the batch size with adversarial examples

7 €S,

minE g [ 2 max L(f(X + ),y 9)]

Improved invariance with a set of different transforms

Better generalization (Sokolic et al. 2017, Gong et al. 2020) @

Zhu, Chen, et al. "FreelLB: Enhanced Adversarial Training for Natural Language Understanding." International Conference on Learning Representations. 2019. FNL P11



ﬂ Robustness Improvement from Data Perspectiv

AT in Image
Table 1: Validation accuracy and robustness of CIFAR-10 models trained with various methods.
Training ~ - Eraated Againd 10 restart %22 |
Nat. Images || PGD-20 || PGD-100 || CW-100 PGD-20 || (min)
| Natural I 95.01% || 0.00% || 0.00% || 0.00% | 0.00% | 780 |
Free m = 2 91.45% 33.92% || 33.20% | 34.57% | 33.41% 816
Free m = 4 87.83% 41.15% || 40.35% || 41.96% | 40.73% 800
Freem = 8 85.96% 46.82% || 46.19% | 46.60% | 46.33% 785
Free m = 10 83.94% 46.31% || 45.79% || 45.86% | 45.94% 785
| 7-PGD trained ||| 87.25% || 45.84% || 45.29% | 46.52% | 45.53% || 5418 |

Shafahi, Ali, et al. "Adversarial training for freel." Proceedings of the 33rd International Conference on Neural Information Processing Systems. 2019.

Robustness improves
Accuracy decreases

AT in Text

e---Universal AT

Experiment results of different defenders on AGNEWS

®

TextFsoler

Method Clean? Aua¥%|Suc%| #Query
Baseline (BERT) 94.5 19.1 |79.6 | 3174
Adversarial Data Augmentation 94.4 38.6 | 58.9 | 404.6
MixADA (Si et al., 2020) 94.3 37.5 160.3 | 410.7
PGD-K (Madry et al., 2018) 94.7 24.8 1 73.9 | 353.5
FreeLLB (Zhu et al., 2020) 94.7 31.6 | 66.7 | 382.1
TA-VAT (Li and Qiu, 2020) 94.8 31.0 167.3 | 382.5
InfoBERT (Wang et al., 2020) 95.1 31.8 166.5 | 369.9
DNE (Zhou et al., 2020) 93.9 28.7 |169.8 | 367.9
ASCC (Dong et al., 2021) 92.3 28.2 |169.6 | 326.5
SAFER (Ye et al., 2020) 94.3 31.8 166.1 | 350.1
RanMASK (Zeng et al., 2021) [\.91.7_J| 37.9 \587J 583.4

Robustness improves
Improves

Accuracy



Robustness Improvement from Data Perspective---NLP AT

Problem in current Virtual Adversarial Train
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ﬂ Robustness Improvement from Data Perspective---NLP AT

Effectiveness of Adversarial Training

minE, ,y~p [max L(fo(X + 5),y)] : (3)

6 |8]|<e
TextFool BERT-Attack
g(ét) Method | Norme | Clean% Aua‘;i O%SE% Aua% Suc%
dii= || (de+e AT A 4) 001 | 949 | 218 770 | 315 668
0.1 95.3 43.6  54.3 | 451  52.7
o]l <e POD-K 1 95),.2 45.; 55.3 | 45.3 524
g9(8¢) R T
).0 95. 30. 8. 3.6 g
“5t+1|| S ||5t|| + a” (5 )” ” S ||5t|| + . (5) Freel B 0.1 95.5 36.1 62.2 40.0 58.1
g\ot)||F £E 1 94.9 458 517 | 425 552
w/o 94.9 458 517 | 425 552
[0¢]] < [|6¢—1]] + a < [[di—2|| + 2c ©)
<< |di|+(t—1) xa < ta,
FNLP

Li, Zongyi, et al. “Searching for an Effective Defender: Benchmarking Defense against Adversarial Word Substitution.” EMNLP 2021.



ﬂ Robustness Improvement from Data Perspective---NLP AT

Experiments
TextFooler TextBugger BERT-Attack

Methiod Clean’ Aua% Suc% #Query | Aua% Suc%gg#Query Aua% Suc% #Query
Baseline (BERT) 94.5 19.1 79.6 3174 | 23.5 75.0 320.6 | 27.2 71.0 338.8
Adversarial Data Augmentation 94.4 38.6 589 404.6 | 43.3 53.9 4183 | 429 54.5 407.0
MixADA (Si et al., 2020) 94.3 37.5 60.3 410.7 | 364 614 423.5 | 39.1 58.6 4084
PGD-K (Madry et al., 2018) 94.7 24.8 739 3535 | 267 719 367.1 | 39.4 585 399.3
FreeLLB (Zhu et al., 2020) 94.7 31.6 66.7 382.1 | 329 654 3906 | 43.9 53.8 417.1
TA-VAT (Li and Qiu, 2020) 94.8 31.0 67.3 3825 | 342 639 4152 | 45.0 52.5 436.9
InfoBERT (Wang et al., 2020) 95.1 31.8 66.5 369.9 | 36.3 61.8 391.6 | 424 553 392.8
DNE (Zhou et al., 2020) 93.9 28.7 69.8 367.9 | 28.2 703 3776 | 424 555 470.1
ASCC (Dong et al., 2021) 92.3 28.2 69.6 3265 | 37.0 60.1 3074 | 32.7 64.7 337.1
SAFER (Ye et al., 2020) 94.3 31.8 66.1 350.1 | 41.2 56.1 398.8 | 39.3 582 373.5
RanMASK (Zeng et al., 2021) 91.7 37.9 587 5834 | 450 50.9 626.8 |49.5 46.1 661.8
FreeLB++ 95.1 51.5 46.0 419.1 | 55.9 414 416.9 41.8 56.2  386.1

Table 2: The experiment results of different defenders on AGNEWS, where all models are trained on BERT. The best
performance is marked in bold. FreeLB++ not only achieves best defense performance under both TextBugger and TextFooler,

but also improves Clean%. Although RanMASK has also achieved significant defense performance, it drops a lot in Clean%. @

Li, Zongyi, et al. “Searching for an Effective Defender: Benchmarking Defense against Adversarial Word Substitution.” EMNLP 2021.

FNLP



ﬂ Robustness Improvement from Data Perspective---NLP AT

Problem in current Virtual Adversarial Train

1. Randomization Problem

* random initialize at step zero  Atstep t: generate perturbations
(0: + ag(d;))
§,0q = 2
| 1= Lo, < T >
* 2. Constraint Problem constrain using L2norm
* Frobenius Norm on X 9(8¢) = VsL(fo(X + 8¢),y) 3)

e X=[vO,v1,... vn ...] is output of a sequence

B,

FNLP



ﬂ Robustness Improvement from Data Perspective---NLP AT

Method

* 1. Global Perturbation Vocabulary

e 2. Token-Level Constraint

Li, Linyang, and Xipeng Qiu. "Token-Aware Virtual Adversarial Training in Natural Language Understanding." AAAI 2021. F N I— P



ﬂ Robustness Improvement from Data Perspective---NLP AT

1. Perturbation Generation

Algorithm 1 Token-Aware Virtual Adversarial Training

Require: Training Samples S = {(X = [wq, - ,w;,-],y)}, perturbation bound e, initialize bound o adversarial steps K,
adversarial step size o, model parameter 6
1: Ve RVXD —5U(—0,0) // Initialize perturbation vocabulary V
2: forepoch=1,--- ,do

3 for batch B C S do
4: 0, \/%U (—a,0),my + Vw;], g, < 0 //Initialize perturbation and gradient of 6
3: fort=1,. Ao
6: e gradients of 6
7k pdatetoken- vel erturbatlon :
8: 97,<—VnL(f6((X+t 1+7M1),Y
9: ni < n'x (i +a-g,/llgll)
10: M < H”n”F(e(nt)
13 - Update instance-level perturbation 4:
12: g5 < VsL(fo((X + 6¢—1+m;,_1),7)
13: 6, < I1jjs),<c(0:—1 + @~ g5/1lgsll )
14: end for
15: V [w;] < m% //Update perturbation vocabulary V
16: 0 < 6 — gx //Update model parameter 6
1T end for

18: end for FNLP




ﬂ Robustness Improvement from Data Perspective---NLP AT

2. Global Perturbation Vocabulary

Algorithm 1 Token-Aware Virtual Adversarial Training

Requlre Tralmng Samples S = {( [wo, -+ w4, -+ ],y)}, perturbation bound e, initialize bound o adversarial steps K,

4

5: ) ) :

6: 9: < 9i-1 + #Ex.p)eB[VoL(fo(X + 8:—1 + 1y_1),y)] /Accumulate gradients of 6
7k Update token-level perturbation 7:

8: gy < L(fo((X + 6¢—1+my_1),y)

9: N < n'x (ni_y +a-g;/llgh )
10: Ny < [jjm)1, < (M)
11 Update instance-level perturbation é:
12: gs < Vs L(fo((X +8t—1+m_1),9)
13: 6, < I1j6)1,<c(01 + - g5/llgsll )

end ior
V[wz] — //Update perturbat1on vocabular V
16: AL

17 £ end for
18: end for FNLP




ﬂ Robustness Improvement from Data Perspective---NLP AT

3. Token-Level Constraint

Algorithm 1 Token-Aware Virtual Adversarial Training

Require: Training Samples S = {(X = [wog, - ,w;, - -],y)}, perturbation bound e, initialize bound ¢ adversarial steps K,
adversarial step size o, model parameter 0

1: Ve RVN*XD %U (—o, o) // Initialize perturbation vocabulary V

2: forepoch=1,---,do

3: for batch B C S do
0, %U (—o,0),m4 « V]wi], g, < 0 //Initialize perturbation and gradient of 0
fort=1,--- ,K do

1 .

9t < 9:1 + %Ex,y)eB[VoL(fo(X + 8t—1 + my_1),y)] //Accumul:

v vl ) Ul Ud U

4.
S:
6:
7 b

o il

maa(| ]|

gy Vi L(fo((X + 611+ m,1),9)

9:

t ‘ =
10: My < L1, <e(me)

1 Update instance-level perturbation 4:

12: 9s < VsL(fo((X +8¢—1+m_1),Y)

13: 6,  I1jjs),<c(0:—1 + @~ g5/llgsl| )

14: end for

15; V [w;] < m’% //Update perturbation vocabulary V/
16: 0 <+ 0 — gx //Update model parameter ¢

17: end for

18: end for ENLP




ﬂ Robustness Improvement from Data Perspective---NLP AT

Results

Model RTE QNLI MRPC CoLA SST STS-B  MNLI-m/mm QQP

Acc Acc Acc/fl Mcc Acc P/S Corr Acc Acc/fl
BERT-BASE

BERT (Devlin et al. 2018) - 88.4 -/86.7 - 92.7 - 84.4/- -

BERT-Relmp 63.5 O91.1 84.1/89.0 54.7 92.9 89.2/88.8 84.5/84 .4 90.9/88.3

FreeAT-Relmp 68.0 913 85.0/89.2 57.5 93.2 89.5/890.0 84.9/85.0 91.2/88.5

FreeLB-Relmp 70.0 91.5 86.0/90.0 58.9 934 89.7/89.2 85.3/85.5 91.4/88.6

TA-VAT (ours) 74.0 924 88.0/91.6 62.0 93.7 90.0/89.6 85.7/85.8 91.6/88.9

ALBERT-xxlarge-v2

ALBERT-xxlarge-v2(Lan et al. 2019) 89.2 95.3 -/90.9 71.4  96.9(96.5) 93.0/- 90.8/- 92.2/-

FreeLB(Zhu et al. 2020) 89.9 95.6* -/92.4 73.1 97.0 93.2/- 90.9/- 92.5/-

TA-VAT (ours) 90.3 95.7 -/93.4 74.1 96.8 93.4/- 91.1/- 92.6 /-

Table 1: Evaluation results on the development set of GLUE benchmark. QNLI* in FreeLLB is formed as pairwise ranking task.

Model RTE QNLI MRPC CoLA SST STS-B MNLI-m/mm QQP
Acc Acc Acc/fl Mcc Acc P/S Corr Acc Acc/fl
BERT-BASE(Devlin et al. 2018) 66.4  90.5 88.9/84.8 521 935 87.1/85.8 84.6/83.4 71.2/89.2
FreeLB(Zhu et al. 2020) 70.1 91.8* 88.1/83.5 54.5 93.6 87.7/86.7 85.7/84.6 72.7/89.6
TA-VAT (ours) 71.0 91.7 88.9/845 559 945 86.8/85.7 85.2/84.7 72.8/89.5

Table 2: Evaluation results on the test set of GLUE benchmark. Results use the evaluation server on GLUE website. QNLI* in

FreeLLB is formed as pairwise ranking task.
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ﬂ Robustness Improvement from Representation

» Word Embedding (unk )

- Glove / Word2Vec / Random Init

Input projection  output

w(t-2)

wi

t-1)
w(t)
)

/ |

\* w(t+1

\ w(t+2)
Word2Vec (skip-gram)

Mikolov, Tomas, et al. "Distributed representations of words and phrases and their
compositionality." Advances in neural information processing systems. 2013.

Perspective

" Chinac-

»Beijing
Russiar
Japan«
*Moscow
Turkey< Ankara ~~Tokyo
Poland«
Germxany<
France "Warsaw
»—Berlin
Italy< Paris
Greece< » -=Athens
I Spain¢ Rome
* *Madrid
Portugal »Lisbon
1 1 1 | 1 1 1
-2 -15 -1 -0.5 0 0.5 1 15

Good Representation :
Country and Capital Vectors




ﬂ Robustness Improvement from Representation Perspective---OOV  (®)
¥ 3] OOV HEFIIFREES FRIRT S
A

« FATIAL
> ElidEFEESHI—S7E)E&E+ g8 HIZRIO0VIE.
> EFRFIREESS | REEOOVE ERFRIMBIRTIFOOVIE—RRERS. P;
Teacher

V1 Vi Yn V1 Vi
| l l | | |
CRF Loss Layer }4—1—{7 CRF Loss Layer
h(w)) -+ h(w) - h(w) Copy hwy) - hw) - hw,

! I ] I | I This is an  apple. This are an  apple.
Sequence Modeling Layer Sequence Modeling Layer
I ! I I I

f
ew;)) - ew) - e(wy) ew)) - vw) - e(wy)
T T T Refer .---I ———————————— I ———————————— I---.
‘Word Representation Layer |'—. Representation Predict Layer
f f f YT prTT ¥ Student

w; Wy
(oov)
This ? an apple.

gededoidyoeg

ojeSedoidyoeg

w
o IJ
PY ;:F Teacher Network Student Network
*E:I:

> G NEENFIINERE |, #RATeacher Network,
> YE—POOViEERRER (Student Network) : FIFE—/MaIHY_E N X AIZIEN = =7 FuXaa69

x5, [FEFRNEEZESRETeacher Networkeh GHFHIEL,

Peng, Minlong, et al., Learning Task-Specific Representation for Novel Words in Sequence Labeling, IJCAI 2019



ﬂ Robustness Improvement from Representation Perspective---OOV  (®)

Dataset 400V

Dev Test
OOV Rate

OOV Rate #00OV

NER

CoNLLO02-Spanish 2,216

5091% 1,544

43.38%

CoNLLO02-Dutch 1,819 69.53% 2,564 65.05%
Twitter-English 1,266 79.15% 4,131 79.13%
CoNLLO03-German 3,928 81.27% 2,685 73.10%
#iEeEE OOV 4rit
Arch  Model CoNLLO2-Spanish ~ CoNLLO2-Dutch  Twitter-English ~ CoNLLO3-German
¢ ode Dev Test Dev Test Dev Test Dev Test
RandomUNK 69.36 72.06 64.23 64.08 56.88 56.38 55.92 56.89
SingleUNK 68.79 71.59 67.83 66.39 56.82 56.39  59.69 60.16
[Lazaridou et al., 2017] 68.61 69.08 65.99 65.43 4772  47.20 47.87 49.17
LSTM  [Khodak et al., 2018] 68.74 69.53 66.34 65.70 48.22 47.28 4797 49.33
[Schick and Schiitze, 2018]  70.84 72.88 68.88 67.51 59.18 57.21  55.83 58.42
[Akbik et al., 2018] 61.78 64.06 60.49 62.09 49.68 50.22  55.06 53.01
Proposed 73.91 74.63 70.33 70.12 60.14 58.32 60.55 61.79
XS OOV &Mt

Peng, Minlong, et al., Learning Task-Specific Representation for Novel Words in Sequence Labeling, IJCAI 2019




ﬂ Robustness Improvement from Representation Perspective---Contextual Embedding

»  Pretrained Contextual Embedding (contextual)

- ELMo / BERT (B ER A B TIE/FRIZ TER)

s

Nv Mask LM Mas‘k‘ LM \ /@ WD Start/End Sph
® ®

00—

L)) Glen ) (0] SN ™

e .’.

] d . .»

BERT I EREEE .......» BERT

[Eea ]| & | [ B [ Boem ]| & ] [E] [ten ][ & ] [El[Eenll& ] [&]
— L L LT — L T e T ey B gy
[[cn.sl ][ Tok1w [TokN ][ [SEP] ][Tok1 ] I’TokM] [TokN ][ [SEP] ][ Tok 1 ] TokM

Masked Sentence A Masked Sentence B Question Paragraph
* *
Unlabeled Sentence A and B Pair Question Answer Pair

Pre-training Fine-Tuning
BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding

Deep contextualized word representations ENLP
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Language Models Need Knowledge

* PLMs perform poorly on entity recognition

* Contextualized PLMs achieved small improvements on entity & semantic related tasks
compared with non-contextualized methods. (Tenney et al.)

* BPE tokenization breaks entities
The native language of Jean Mara ##is 1is French.
e Surface form-based reasoning

The native language of Jean Marais is [MASK] . g

original E-BERT- E-BERT- ERNIE Know-
BERT replace concat Bert
Jean Marais French French French french french
Daniel Ceccaldi Italian French French french italian
Orane Demazis Albanian French French french french
Sylvia Lopez Spanish French Spanish  spanish  spanish
Annick Alane English French French  english english
BERT does not know Daniel Ceccaldi (as an entity) at all.
It just think Daniel Ceccaldi looks like an Italian name. @

E-BERT: Efficient-Yet-Effective Entity Embeddings for BERT. https.//arxiv.org/abs/1911.03681 FNLP



https://openreview.net/forum?id=SJzSgnRcKX
https://arxiv.org/abs/1911.03681

Injecting Knowledge into PLMs

* Injecting entity embeddings
« ERNIE, KnowBERT, K-BERT, etc.

* The entity embeddings are NOT
* Jointly learned along with PLM
* Contextualized

* Knowledge as supervision
* WKLM, etc.

:___:::: ------------

' ' TSl S
1 1 1 ~ ~,
1 ¢ 1 ! - 5
s Token Output ! uf? :: wl? ) ! wl!) 5 weis wl?) egl) eg') Entity Output
SN \ecopee N m e
N
N

K-Encoder Mx

Entity Input

T-Encoder Nx

Aggregator

[ Information Fi J
;’ -1 0 S S
| - -
i ) !
::| ) ] [ ) ] ) ) egz) e(zz)
_

{ Multi-Head Attention J [ Multi-Head Attention J

Token Input

(a) Model Achitecture

ERNIE: Enhanced Language

\
\
Token Input w‘(li—l) w&'_l) = Entity Input

bob dylan wrote blow 1962 Bob Dylan Blowin’in the Wind

Bob Dylan wrote Blowin’ in the Wind in 1962
(b) Aggregator

Representation with Informative Entities

https://arxiv.org/abs/1905.07129

Prince_(musician)

Purple_Rain_(album)

[ Prince_Motor_Company
-\ \ Prince,_West_Virginia

proj | Purple_Rain_(film)
H; |< Purple_Rain_(song)
D | | |
Rain_(entertainer)
H; _ _ _ 1] |< Rain_(Beatles_song)
T T T Rain_(1932_film)
Prince sang Purple Rain S se

Knowledge Enhanced Contextual Word Representations
https://arxiv.org/abs/1909.04164
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ﬂ Robustness Improvement from Representation Perspective---Contextual Embedding

_— FewRel TACRED
) 00s P R F1 p R F1

Model | Acc. Macro  Micro
PN [ Ry CNN 6951 6964 6935 | 7030 5420  61.20
: : : PA-LSTM : , - | 6570 6450 65.10
NFGEC (LSTM) 5560  75.15 7173 e ] ] | 6990 6330 6640
BERT 52.04  75.16  71.63 BERT 85.05 8511 8489 | 6723 6481  66.00
ERNIE | 5219 7651 7339 ERNIE | 8849 8844 8832 | 6997 6608 67.97

Table 2: Results of various models on FIGER (%). Table 5: Results of various models on FewRel and TA -

CRED (%).

ERNIE fESLARBRANESS EIEREESF



Representation in Language and Knowledge

e Combine the success of both sides -- COLAKE

A
GPT-3 CoKE, PathCon CoLAKE
1 BERT, XLNet RotatE ERNIE, KnowBERT
2019
ELMo, GPT ConvE \
CoVe Semi-contextualized
2017 -
ComplEx Wikipedia2vec
DistMult
2015 ——
GloVe JointEmb
word2vec TransE
2013 ——
C oint @



ﬂ Representation - CoLAKE Word-knowledge Graph

 Word graph + Knowledge subgraph
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Sun et al., CoLAKE: Contextualized Language and Knowledge Embedding, COLING 2020. FNLP



ﬂ Representation - CoLAKE Word-knowledge Graph

* Modify Transformer for word-knowledge graph

Word-knowledge graph is a l 1 T
positional heterogeneous graph. i P

l Output ( s ) "gj#\\( 0 [ (5 275 [1/1 o mﬂ(wﬂ%_i,][tmll

Position E';lac'fgg:mer i Masked Multi-Head Self-Attention & FFN (x N)
Embedding
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Word Graph (with mention words replaced) Knowledge Graph ’

Sun et al., CoLAKE: Contextualized Language and Knowledge Embedding, COLING 2020. FNLP
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e Synthetic graph task

* Word-knowledge graph completion

Model MR| MRR HITS@! HITS@3 HITS@10
Transductive setting
TransE (Bordes et al., 2013) 1597 67.30 60.28 70.96 79.75
DistMult (Yang et al., 2015) 27.09 60.56 48.66 69.69 79.61
ComplEx (Trouillon et al., 2016)  26.73  61.09 49.80 70.64 79.78
RotatE (Sun et al., 2019) 30.36  70.90 64.74 74.89 81.05
CoLAKE 2.03 82.48 72.14 92.19 98.58
Inductive setting

DKRL (Xie et al., 2016) 168.21  8.18 5.03 7.28 14.13

(a) Transductive setting. (b) Inductive setting. CoLAKE 31.01 28.10 15.69 30.28 58.05

Results on word-knowledge graph completion
Sun et al., CoLAKE: Contextualized Language and Knowledge Embedding, COLING 2020. FNLP
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Adaptive Clustering

Contextualized Relation Encoder
<

L
:,_l: N — .0 .. .//
] = O] QL iR
o 0o
? * ﬁ ) ooo I' oo * _»LAC
o o (o]
Deep Transformer (BERT) ° ol e
. ° S
é éé é ﬁ é é é é é Pseudo Label
Generation
[CIES] s [E1] [Entity1] [/E1] ....... [E2] [Entity2] [E2] ...... [SEP] qaekpb
Ok = \
[E1] Derek Bell [/E1] was born in [E2] Belfast [/E2] . . —>£R(,
[E1] Thomson [/E1] is based in [E2] Toronto [/E2] . @

[E1] Heidi [/E1] grew up in [E2] Switzerland [/E2] .
Input

Relation Classification

Open Relation Extraction via Self-supervised Learning.

Hu, Xuming, et al. “SelfORE: Self-supervised Relational Feature Learning for Open Relation Extraction.” EMNLP 2020.



ﬂ Representation---Target Oriented

_rERT \
% NP Born In Arthur Lfee, thé pafched}?ic.-rolc;;l;gend, _\}_ong
o L was born in v emp 1S 1n 3 N ) > ATas
rrF o 4 , born in J g
N~ Trum ‘n_in New York { 4
p was born in New York. A
Z A Founded Facebook was founded by Mark Zuckberg el
§ A AN ¥ 2 L with his college roommates. e
- &S & Bill Gates founded Microsoft. A o
2 " =3 (a) Clustering (b) Clustering by
< - i .
5 : = E by relation ‘:BornIn /\: Founded sentence length

(a) (b) | (©
Problem in Unsupervised Clustering @

Gui et al., Constructing Multiple Tasks for Augmentation: Improving Neural Image Classification With K-means Features, AAAI 2020. FNLP
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Novel Relations \ Testing Instances _
(Unlabeled) e Twain B
 E— Y — was T
( ) ( ) ( ) —_ L. L C O C O =
( ) ( ) ) | every rectangle indicates | — R a 7 H dmax L1 FC
( ) ) ) an unlabeled instance of a  — — . H | > Vi
_a D - : - - writer 2 HH
novel relation \ / H |
N / of ~[H]
metric learning Belational clustering America b classifier
| Siamese Network Kenii distance > i
cnj1
. = p
. . - \4
ﬂe—deﬁned Relatlonh / Novel Relations \ was 7 H d
Z | H
(Auto-labeled/Labeled) relational (Extracted) a [Hmax HFC\ ﬁ v,
oet 7l
7 5 " I knowledge transfer | |~ (5 (o p : -
( )] )| C )| e ( )| )] 1 0 il
( 11K )¢ )|~ | every rectangle indicates || 1 | ) Japan -
. | 41k ) a pre-defined relation ( || || ) - -

KE E E j instance K 5 ; / word position

embeddings embeddings

Transfer knowledge from Labeled Data Relational Siamese Networks

Wau et al., Open Relation Extraction: Relational Knowledge Transfer from Supervised Data to Unsupervised Data, EMNLP 20109. FNLP
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. _ ( STEP 2: Optimize Clustering and Generate Pse\do Labels " for Novel Relation
Center Loss for Learning Clustering: Relational Centroids
1 N 9 Non-linear da ,‘:‘? = ==
—_— < os® T \\
Leenter = 5 Z ‘ Decoder d *_’,_’ :
!
Non-linear Ll_l *

ze’D l Mapp?f 9| \_ Relational Semantic Space ) ) KOptlmlzed Relational Senﬁh—tlc Space )
~ \L >4 Y

-------------------------------- 4 5~
/ \\I_Ih \ 4 ) Qu \
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Avoids Trivil Solution: LM LHE LU Ol (LR E Classifier for Classifier for E

Iﬁ Ij |f| |ﬁ |j |ﬁ |ﬂ |f| |f|  |Pre-defined Relaion Novel Relation |

N N [CLS] Bill Gates was born in Seattle in 1995 [SEP] N \}2]'\ g

. / R e Bl B o S-St g

EC = E E(g(hz), hz) STEP 1: Obtain Entity Pair Representation STEP 3: Train Relation Classifier and Reﬁne

: Entity Pair Representation

Overview of our proposed ROCORE method.

Zhao, Jun, et al. “A Relation-Oriented Clustering Method for Open Relation Extraction.” EMNLP 2021. FNLP
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STEP 2: Optimize Clustering and Generate Pse
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Entity Pair Representation

Overview of our proposed ROCORE method.

Zhao, Jun, et al. “A Relation-Oriented Clustering Method for Open Relation Extraction.” EMNLP 2021.

Kmeans Clustering for Pseudo Lables

§* = k-means(h")

BCE Loss for New Classifier
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0-63 Labeled
64-79 Unlabeled

ﬂ Representation---Target Oriented

0-30 Labeled
31-40 Unlabeled

. FewRel TACRED FewRel—»TACRED TACRED—FewRel

P R F, P R F P R F P R F
VAE 0.179 | 0.697 | 0.285 | 0.234 | 0.606 | 0.338 | 0.234 | 0.606 | 0.338 | 0.179 | 0.697 | 0.285
RW-HAC | 0.318 | 0.460 | 0.376 | 0.534 | 0.568 | 0.551 | 0.534 | 0.568 | 0.551 | 0.318 | 0.460 | 0.376
RSN 0.496 | 0.734 | 0.592 | 0.628 | 0.634 | 0.631 | 0.398 | 0.617 | 0.484 | 0.233 | 0.567 | 0.331
RSN+BERT | 0.585 | 0.899 | 0.709 | 0.795 | 0.878 | 0.834 | 0.379 | 0.843 | 0.523 | 0.262 | 0.898 | 0.406
RoCORE | 0.749;5 | 0.84609 | 0.79409 | 0.87145 | 0.84935 | 0.86034 | 0.61633 | 0.59957 |0.60741 | 0.68735 | 0.766.46 | 0.72425

=== |n DOmain =) | (=——_Cross Domain =)

Zhao, Jun, et al. “A Relation-Oriented Clustering Method for Open Relation Extraction.” EMNLP 2021.
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0.84 0.86
FewRel TACRED
L —&— Supervision —&— Qurs —&— Supervision —&— Qurs
0.82 0.841
[Comparable performance_!J [Comparable performance!}
0.80 1 |
) / o 0.82
8 3
S 0.78 1 S
= 0.76 - = 0-801 Both ¢! and y* are used
’ l U o Z
Both 4" and y“ are used for optimization process
0.74 1 for optimization process 0.78 -
. . True label of novel relations
True label of novel relations are not needed in our method
0.721 are not needed in our method 0.76 -
02 04 06 08 10 02 04 06 08 10
Percentage of labeled data Percentage of labeled data

Model performance with different amounts of labeled data.

Zhao, Jun, et al. “A Relation-Oriented Clustering Method for Open Relation Extraction.” EMNLP 2021. FNLP
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E Robustness Improvement form Model Perspective---Affiliate network

&30

Moosavi-Dezfooli, Seyed-Mohsen, et al. "Universal adversarial perturbations." Proceedings of the IEEE conference on computer vision and pattern recognition. 2017.

e Jay
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Flagpole Labrador
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1 5 = Perturbation detection

Perturbation rectification

Clean image

Clean training images

=
. o
3 . = -
‘ : < Parameter update <§ Frozen parameters <§ %
» : H 19
= o : R(. & &
b4 : ( () Rectified I ()
Wl W7/ /074 image B()
. j pSTmsy
: ; ; - ‘ - i:rf:(ffﬁ Y. 5| Feature D
Augmentation with synthetic : P extractor
erturbations : AL 4 . Binary
P " Perturbation Rectifying c I?l fmaij classifier
, | BTN i e
—_— :

Extracted
perturbations

fRITFRIR

Akhtar, Naveed, Jian Liu, and Ajmal Mian. "Defense against universal adversarial perturbations." CVPR 2018.
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Fine-tuning

Transformer (Translation)
1 1 1 1 "—1 (1 1 []

Transformer (Summarization)
= = =] =

Transformer (Table-to-text)

LINNnrn

e Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

Prefix
(Translation)

' Prefix
(Summarization)
1

Prefix :
(Table-to-text) Transformer (Pretrained)

HERERrEN

na Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

Prefix-tuning

Prefix Tuning

Li, Xiang Lisa, and Percy Liang. "Prefix-tuning: Optimizing continuous prompts for generation." arXiv preprint arXiv:2101.00190 (2021). FNLP
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Input Layer Attention Layers Output Layer

Adversarial training

b
L it

Prefixal Stabilizer

Hard working
Time-consuming

Input

Stabilizer Attention
Stabilizer

Adversarial training VS Prefixal Stabilizer Architecture of Prefixal Stabilizer

Rui Zheng et al., Prefixal Stabilizer: A Plug and Play Defense Moduleto Defend Textual Adversarial Attack FNLP
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4 N
SST-2 to IMDB
Methods = o 2 0
Method Clean% TextFooler PWWS TextBugger Clean’{ Aua%  Suc%  §Query
ethoas eanyo N .
C T Aua%  Suc% #Query | Aua%  Suc%  #Query | Aua%  Suc%  #Query BERT (SST-2) 90.8 2.0 J0.8 564.1
Baseline (BERT) 94.2 9.5  89.9 1007.8 | 20.0 788 26542 | 6.0  93.6  1038.7 PGD (SST-2) 89.9 200 77.8 8278
PGD (Madry et al. 2017) 946 | 255 73.0 14160 | 350 68.3 27415 | 230 759 16255 FreeLB (SST-2) 89.2 220 753 8742
FreeLB (Zhu et al. 2019) 94.7 180 810 1160.7 | 25.5 73.1 2699.4 | 19.0 79.9 14450 Stabilizer-PGD (SST-2) 93.7 360 61.6 16645
TAVAT (Li and Qiu 2020) 94.3 140 852 1117.7 | 145 846 26254 | 12.0 87.3 11226 +BERT (IMDB)
InfoBERT (Wang et al. 2020) | 94.5 235 751 13747 | 275 709 2655.9 | 21.0 77.8  1420.6 Stabilizer-FreeLB (SST-2) 93.8 340 637  1536.0
" 1 a1 2\ 1) 02 Q 10 & QLY Q 110122 4 Lo 12 3 =4 7E () 2000 O o5 Q2 1 1177 2 +BERT ([MDB)
Stabilizer-PGD 939 | 335 643 16266 | 390 585 2777.1 | 325 654 18453 .
Stabilizer-FreeLB 941 | 240 745 13003 | 325 655 27726 | 230 75.6 14727 Table 3: Experimental results when the models trained on
SST-2 is transferred to IMDB for testing. BERT (fine-tuned
Table 2: Experiment results of different defenders on IMDB, where all models are trained on BERT. The best performance is on IMDB) equipped with our module (trained on SST-2) has
marked in bold. improved robustness to a large extent and has little damage
to cleaning accuracy.
Rui Zheng et al., Prefixal Stabilizer: A Plug and Play Defense Moduleto Defend Textual Adversarial Attack FNLP
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B-Per I-Per 0 0 0 0 B-Loc
Flat S1: Barack Obama was born in the US
NER
Method: Sequence labelling
The Lincoln
Memorlal‘
the Lincoln
Lincoln Memorial
Nested b Transition sequence: OUT OUT SHIFT SHI.FT LEFT-REDUCE. COMPLETE ...
NER the Lincoln Memorial Bcsrtinous S3: have much muscle pain and fatigue
S2: The Lincoln Memorial NER 1 ; Disorder

Disorder

Method: Transition-based method
Method: Span-based classification

Three kinds of named entities @

Yan et al., A Unified Generative Framework for Various NER tasks, ACL 2021 FNLP
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B-Per I-Per 0 0 0 0 B-Loc
Flat S1: Barack Obama was born in the US
NER

Memorial ‘
the Lincoln I r\
Lincoln Memorial
Nested ’ Transition sequence: OUT OUT SHIFT SHIFT LEFT-REDUCE COMPLETE ...

NER the Lincoln Memorial S O S3: have much muscle pain and fatigue
S2: The Lincoln Memorial NER : ] Ohoides
Disorder
The different formulations make it hard to solve all NER tasks in a unified method @
Yan et al., A Unified Generative Framework for Various NER tasks, ACL 2021 FNLP
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B-Per I-Per 0 0 0 (0] B-Loc

Flat S1: Barack Obama was born in the US
S1:
82

S2: muscle pain < Disorder > muscle fatigue <Disorder>

d . . TE ...
N:lset; iy (lncoln Meho] S p— S3: have much muscle pain and fatigue
S2: The Lincoln Memorial NER - — ; e
Disorder
The different formulations make it hard to solve all NER tasks in a unified method @
Yan et al., A Unified Generative Framework for Various NER tasks, ACL 2021
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Input: <s> have muscle pain and fatigue </s>
Output:2 3 6 2 5 </s>

Prob.

sgore

Final Prediction Prob.
i

fatigue

<—®._

Generation Embeddings

— X(1—a) —»@ ®—> t , t
x:a | Pointer distribution Generation dlstributiori
MLP ORG
‘\ 2 Sentence: X1 X2 X3 X5
[ [ [ [ After BPE: by b1, bis by by bsr bay b bs
PositionIndex 0 1 2 32 4 5 6 7 8
t 1 t 1 1 1 t . .
W ____________ Three entity representations:
 pdeotan Comerson § Span: i, BRG]
R . . . . J BPE: [6,7, ORG]
Token Embedding: _'j_L I—:I Ij [j I—_LU ‘j Word: [6, OR@]
+ + + + + + +
Position Embedding: n n n n n u n kIj D D |:| D J
nput: <s5> ave muscle ain n atigue </[s> ecoder In 4 <$> muscle ain <dis> muscle . . .
et <> have musde palh - and Belgee e Decoder ITQ e Three kinds of entity representations

@ Element-wise addition 4 Element-wise addition

@ Dot-product

D Shared Embedding 16

Target Generator

Figure 2: Model structure used in our method. “<s>" and “</s>" are the predefined start-of-sentence and end-of-
sentence tokens in BART. We assume the there is only one entity tag “<dis>", therefore, only this token and the
“</s>" token need to be generated, other tokens can be generated by the pointer.

Yan et al., A Unified Generative Framework for Various NER tasks, ACL 2021
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B e N . Which

The sentence bag of <Obama, United-States> \ Jabel ? @ Place_of_birth
: a:* H
b ‘Sl Obama Ll Bag labels
; : -4 : States
0/.F1 1 was born in the LIRS £ el g
L Pt @ Employee_of
J .

is the 44t president of the <

@ Place_of_birth

Bl ¥ el

o e e e

,,,, (We need)
was back to the yesterday. i @ Employee_of Sentence
| labels
" /a' Lived_in (unincluded label)

Important for

downstream tasks

1. Given bag-level labels, can we obtain sentence-level labels?
2. Sentence bag contains correct labels, incorrect labels, and unincluded labels.
3. Previous positive learning framework cannot distinguish noisy data. @

SENT: Sentence-level Distant Relation Extraction via Negative Training FNLP
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hired
Kojo Annan

the
son
of

Kofi Annan

H

in

\*l —_—
l word position | I | I I | l

Vector representation Convolution  Piecewise max pooling Softmax classifier

Figure 3: The architecture of PCNNs (better viewed in color) used for distant supervised relation extrac-
tion, illustrating the procedure for handling one instance of a bag and predicting the relation between
Kojo Annan and Kofi Annan.

Zeng et al., Distant Supervision for Relation Extraction via Piecewise Convolutional Neural Networks, EMNLP 2015.

Algorithm 1 Multi-instance learning

1:

Initialize 6. Partition the bags into mini-
batches of size b.

Randomly choose a mini-batch, and feed the
bags into the network one by one.

Find the j-th instance m? (1 < ¢ < b,) in each
bag according to Eq. (9). '
Update 6 based on the gradients of m;] (1 <
1 < by) via Adadelta.

Repeat steps 2-4 until either convergence or
the maximum number of epochs is reached.

FNLP
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CNN CNN CNN CNN
X] X, > <R Xp

Figure 1: The architecture of sentence-level
attention-based CNN, where x; and x; indicate the
original sentence for an entity pair and its corre-
sponding sentence representation, «; is the weight
given by sentence-level attention, and s indicates
the representation of the sentence set.

Attention

I
, Policy Gradient Training

Negative set

Train Classifier

Reward

Positive set Action

4 [Policy Based Agent]'i_’
:

Figure 1: Our deep reinforcement learning frame-
work aims at dynamically recognizing false posi-
tive samples, and moving them from the positive
set to the negative set during distant supervision.

Reinforcement Learning

Lin et al., Neural relation extraction with selective attention over instances, ACL 2016.
Qin et al., Robust Distant Supervision Relation Extraction via Deep Reinforcement Learning, ACL 2018.
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Table 1: An example of sentence-bag annotated by distant
supervision. “Yes” and “No” indicate whether or not each s,

Sentence

hy Ignore
| Sentence | Bag Label | Noise? | Correct Label 51
#1: Barack Obama was born in the Yes born in h, Valid Bag Label
United States. Sentence Noise
52 S Encoder [: Detector, ———— @
#2: Barack Obama was the first / ;’\
Bag | African American to be elected to the | president of No president of h3 Noise 07
president of the United States. Ss D
#3: Barack Obama served as the 44th New Labei
president of the United States from No president of @ Query
2009 to 2017. hy
a0 O] o e v @
h,
hs

. . Encoder o
sentence is a noisy sentence. “Correct Label” means the true
relationship between the entity pair expressed in each sen- s, :
tence. Label Generator

Shang, et al., Are Noisy Sentences Useless for Distant Supervised Relation Extraction? AAAI 2020. FNLP
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ﬂ Noisy Label in Distant Supervision

Positive Training

“is a dog” }_ Correct

Labels
“Is a cat”
“is a bird”
“is an elephant” |— Incorrect
“is a chicken” labels
“is a pig”
Lpr(f,y Z Yk log p

Negative Training

“is not a dog”
Correct “is not a bird”
Labels 1 ‘“is not an elephant”
“is not a chicken”

—  “is not a pig”
Incorrect
labels —{ “is not a cat”
C

Lar(f,y%) == Tklog(l — p)
k=1




ﬂ Noisy Label in Distant Supervision

s . M) M) . ..
After positive training After negative training
12000 - : 100001 :
Noisy data Noisy data
1 .
0000 Clean data 8000 Clean data
8000 A
6000]-
6000 -
4000[
4000
20001 2008
0 I : : : | O__,_-llj. — - . |
0.0 0.2 0.4 0.6 0.8 1.0 0.0 J 02 0.4 0.6 0.8
Probability on given label Probability on given label

Comparison between positive and negative training



ﬂ Noisy Label in Distant Supervision

(1) Negative Training (2) Noise Filtering & Re-labeling
Bag Level Instance Level / i Hiser - o — Rf'_'_“‘feN
~ 2| _riall —— 80 =
(00 0 —, Tl > Nl
@ 0 O S i b [T @ O O 5 PO — : i @) @)
@0 0| o0 @ o " a > JiMl|]|] —e @ o o & @ Ml e @ o
. -/ Q : Ty : :
r..‘j/,ooo 8 P O 0o @ 0| © 00
= \ o = ' L.
—» © i EE |'|_ » O —O L
— e ) g - Confidence
(3) Iteration antlallzed Confidence J
@ @ O Instances with relation labels A, B, C O Filtered instances © © Instances re-labeled to label A, B, C

An overview of the proposed framework, SENT, for sentence-level distant RE.

(1) Negative training for separating the noisy data from the training data
(2) Noise-filtering and re-labeling
(3) Iterative training to further boost the performance. @

Ma et al., SENT: Sentence-level Distant Relation Extraction via Negative Training, ACL 2021 FNLP
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After SENT training PT after SENT
Ha000] Noisy data 15000 - Noisy data
12000+ Clean data yoean Clean data
10000 A
10000 A
8000 -
6000 - 7500 -
4000 A 5000 -
2000 A 25007 |
Nl | JAC &
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Probability on given Iabelj- _k Probability on given label
(1) After SENT training, the clean and noisy data are further separated
(2) PT after SENT helps improve the convergence of the clean data @

Ma et al., SENT: Sentence-level Distant Relation Extraction via Negative Training, ACL 2021 FNLP



ﬂ Noisy Label in Distant Supervision

Datasets NYT-10 | noisy-TACRED
Label 24 41
inst. | 371461 68124
Train | posi. | 110518 13012
noise | unknown 20586
inst. 2379 22631
Dev
posi. 337 5436
inst. 2164 15509
Test .
posi. 323 3325

Table 1: Statistics of datasets.

Dev Test

Method Prec. Rec. F1 Prec. Rec. F1

CNN(Zeng et al., 2014) 3832 6522 4828 3575 6454 46.01
PCNN(Zeng et al., 2015) 36.09 63.66 46.07 36.06 64.86 46.35
BiLSTM(Zhang et al., 2015) 36.71 6646 4729 3552 6741 46.53
BiLSTM+ATT(Zhang et al., 2017) 3759 6491 47.61 3493 65.18 45.48
BERT(Devlin et al., 2019) 3478 65.17 4535 36.19 70.44 4781
BiLSTM+BERT(Devlin et al., 2019) 36.09 73.17 4834 3323 7270 45.61
PCNN+SelATT(Lin et al., 2016) 46.01 3043 36.64 4541 30.03 36.15
PCNN+RA BAG _ATT(Ye and Ling, 2019) 49.84 4690 4833 56.76 50.60 53.50
CNN+RL; (Qin et al., 2018) 3771 5266 4395 3941 61.61 48.07
CNN+RL; (Feng et al., 2018) 40.00 59.17 47773 40.23 63.78 49.34
ARNOR(Jia et al., 2019) 6245 58.51 6036 6523 56.79 60.90
SENT (BiLSTM) 66.44 5697 6134 7180 59.13 64.86
SENT (BiLSTM+BERT) 6943 63.72 6645 7578 63.82 69.29

Table 2: Main results on sentence-level evaluation. Compared baselines include normal RE model (the first part of
the table), and models for distant RE (the second part of the table)

Ma et al., SENT: Sentence-level Distant Relation Extraction via Negative Training, ACL 2021



ﬂ Noisy Label in Distant Supervision

13012 correct samples
20586 incorrect samples

Method Prec. Rec. F1

323 Samples including 200 incorrect samples Clean | BILSTM+ATT 677 63.2 65.4
Noise Reduction Prec. Rec. F1 Data |BiLSTM 61.4 61.7 61.5
CNN+RL, 40.58 96.31 57.10 . |BILSTM+ATT 32.8 43.8 37.5
ARNOR 7637 68.13 7202 g;’izy BiLSTM 37.8 45.5 41.3
SENT (biLSTM) 80.00 88.46 84.02 SENT (biLSTM) 66.0 52.9 58.7

SENT (biLSTM+BERT) 84.33 85.67 84.99

Table 4: Model performance on clean and noisy-
TACRED. When trained on noisy data, the perfor-
mance of base models degrade dramatically while
SENT achieves comparable results with the models
trained on clean data.

Table 3: The noise-filtering effect evaluated on a noise-
annotated test set of NYT-10.

Ma et al., SENT: Sentence-level Distant Relation Extraction via Negative Training, ACL 2021 FNLP
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