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What is EMNLP 2019 is

« ~2500 participants

« 2876 articles submitted (23.7% acceptance rate)
« 3 days + 2 days of workshops

* e.l.C.



What | am going to outline

* Low-resource approaches
 Dialog systems

« Multilinguality

* Few-shot and zero-shot learning
* Language models



What | have no time to speak about

« Machine translation
e SumMmarization



Prototypical network overview




Out-of-Domain Detection for Low-Resource

Text Classification Tasks
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Conversalion Amazon Review
(%) EEE CER Comb. EER CER Comh.
O5VM 636 - - 476 - -
L5TM AutoEnc. 480 TE4 795 454 293 3B6
Vanilla CWN 4 TR T4 477 344 428
Proto. Network 2649 325 4435 635 7.3 47.6
O-Proto (Lin + Lgt) 276 333 462 478 T4 48.9
O-Proto (Lia + Losd) 245 301 41.2 247 o7 0.1
O-Proto (all) 241 2946 408 240 9l 29.1
Proto. with alstm 250 325 42 6 451 (i1 460
O-Proto with bilsim 220 35 30y 219 90 27.1

Table 2: O-Proto i1s compared with other baselines for Conversation

and Amazon data



Metric Learning for Dynamic Text Classification

(a) news topics:

(b) user intents:

[ Place_order ]

((orter s )

l edeem_%20_discoun 1%
[ Apply free shipping ]+
Dataset | Model Mfine = 2 | Nfine = 10 | Nfine = 20 | Nfine = 100
MLP 37.3+£29 | 4384+35 | 457+ 3.8 a27.4 4+ 3.5
SENT | EUC J6+64d4 | 455+ 18| 477247 | 62.7T+21
HYP | 4224+ 35 (4714+48 |53.0+23 | 627122
MLP 492+ 1.0 | 5594+25 | 68.5%1.1 76.3 £ 0.5
NEWS | EUC pb 04| 656110 ) T4.24+06 | TH8L0.2
HYP |648+28 (69.T+10| 729+£05 788 +0.4
MLP 366 £1.1 | 46.8+1.2 | 628 0.6 68.9 £+ 0.5
WOS EUC 194+10 | 592404 |T04+04 73.3 0.2
HYP |545+14 (607109 | TO2£0.7 | 7T3.5+£0.5
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(a) Accuracy with respect to the full label set
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(b) Accuracy with respect to new classes only

Figure 3: Accuracy on the NEWS Dataset against num-
ber of fine tune examples: (a) all classes and (b) newly
mntroduced classes only. The mean is taken over 5 ran-
dom label splits, and error bars are given at £1 standard
deviation.



Domain Adaptation with BERT-based
Domain Classification and Data Selection

Source larget IFT NZ5 MMD DDS % Data
MNLI OQNLI &53 498 580 585 0.1 %
MMNLI Quora §93 737 715 739 261 %
MMNLI  SNLI 929 &74 876 883 261 %
ONLI  MNLI 883 637 660 672 O04%
ONLI  Quora 893 618 661 676 15%
ONLI  SNLI 929 3561 653 666 2 04%
Quora MNLI 883 710 706 836 3I5%
Quora OQNLI 853 508 588 501 18 %
Quora SNLI 929 691 724 716 18%

: SNLI  MNLI %83 770 8221 802 50%
IE""“ . I“' I i" E""” i ] l 5~ I SNLI  QNLI 853 490 549 567 01%

Lt L LS Domain SNLI Cuora 93 670 TOE  TOLY 1.3%
T
.

| - [

Sentence 1 Sentence 2

ﬁ?[‘-]--- £ ™ E5 5 64

BERT

] Loss

Table 2: Transfer performance (accuracy) of ditferent
domain adaptation methods. “IFT™: in-domain fine-
tuning. “NZS": naive zero-shot. “MMD™: MMD-based
Figure 1: Setup for training a BERT domain classifier. MMD-based domain regularization. dun?nln E?Fulmiz%fliun- “DDS™: dllr;crinmm:jve data Se-
Picture adapted from (Devlin et al., 2018) < lection. "% Data™ percentage of source domain data
selected in DDS method.

Figure 2: Semp for BERT domain adaptation with



Evaluating Lottery Tickets Under Distributional

Shifts
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Figure 3: Results obtaining lottery tickets on the Books, Movies, Electronics, CDs, and Home categories of the
Amazon Reviews dataset (McAuley and Leskovec, 2013). Experiments are repeated five times, where the solid
lines represent the mean and shaded regions represent the standard deviation. Note that the x-axis ticks are nor

uniformly spaced.
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Figure 4: Results transferring lottery tickets on nine transfer tasks constructed from the five categories of the
Amazon Reviews dataset (McAuley and Leskovec, 2013). Experiments are repeated five times, where the solid
lines represent the mean and shaded regions represent the standard deviation. Note that the r-axis ticks are not

uniformly spaced.



Are We Modeling the Task or the Annotator?
An Investigation of Annotator Bias in Natural
Language Understanding Datasets

COMMONSENSEQA-single COMMONSENSEQA-mult

) ) 1.2+ 0.7 17.1% 95+83  09%
Without ID | With 1Dy p-value T.T+£1.89 14.5% 6.5+ 7.0 0.6%
OPENBOOKQA 522 564 1.83e " 2B+13 13.8% 6.1+85 0.5%
COMMONSENSEQA 536 55.3 11.98¢ % 3809 13.6% L6+ 10.8 0.4%
T 1 - - - - I s 2 4 = o
f'rih]_l qu 3_1__3 il.l-i-!' 1.6+ 2.7 10 B% 1.5 + 10.5 0.4%
OFENBOOKQA-single OPENBOOK QA -multi
0.9+27 245 14.7T + 6.2 2A4%
13.5 % L.Y TR% 19.4 + B.5 1.7%
5807 T.3% 124 £ 5.5 1.2%
B2+ 5.2 T.1% 13.T + 8.5 1%
Jlx1.1 6% [IETE 0_8%
. * . MMLI-single MMNLI-multi
S 08 . 25405 9.6% 2.5 + (.8 | 8%
= 3.0 0.6 4.5% 1.1+ 0.9 1.5%
5 29+0.2 2E% 4.6 0.8 1.5%
o a 0.6 - - .
g5 0.8+ 0.7 2T% 1.5 +0.2 1.5%
= . . : 1602 245 0.5+ 0.2 |.5%
=04 o Commonsenseda
2 . UpenBookQA Table 3: Performance difference (p.d.) between single-
& 02, »  MHL and multi- annotator splits and random splits of identi-
5 10 15 0 g cal size. Each cell shows the p.d. mean and standard

fraction of examples writken by annotator deviation, as well as the development set relative size.



To Annotate or Not? Predicting Performance
Drop under Domain Shift

Sentiment POS tagging | MAE max
MAE Max MAE Max
Mean | 435 £231 10.79
Mean 8.2 +2.02 1277 106036 1.67
© 4 g r.| Expected Accuracy |...cocciininniinnnnan, RCA 363+195 956
8 Drop om Dy = RCA 288+ 131 T7.17 108+031 1.58 RCA# 3674103 844
a "’ : RCA+ 202+1.39 742 105027 1.42
b CONF 288+ 116 5.5
g ' CONF 2B 1.69 RBBE 089+039 175 CONF_CALIB | 2.81 + LO9 548
g. CONF_CALIB | 267+ 149 813 1124045 1.83 —
FAD 435+ 231 10.79
Vahi of i i.'lmmln-sbdl:] PAD ;":{ + 1.54 hflbi 1.24 +0.37 1.7 FAD® 46+2.14 1057
| Detection Metrc 0a PAD 21508 464 0501 09 Ensemble | 3.02+095 558
: Ensemble 222409 5.02 1.03 =042 1.78
Domain-shift Detection Metric Table 2: Mean absolute error and Max error of per-
Fi ' In thi rod ! domai formance drop prediction for sentiment analysis under
e e G S i ot e
timate the performance drop on a new target domain rm-varinde shill Tirged Dntn
I; by regressing on those metrics and their associated DAD X s X
real performance drop (green dots). PAD® X ¥ ¥
RCA v v X
BCA+ v v X
CONF ¥ X v
CONF CALIE ¥ X v

Table 3: Summary of domain similarity metrics dis-
cussed in this work and their different characteristics.

https://github.com/hadyelsahar/domain-shift-prediction



https://github.com/hadyelsahar/domain-shift-prediction

Universal Adversarial Triggers for Attacking
and Analyzing NLP

Current Trigger Batch Of Examples p(neg)
An amazing film... 0.01
the | the | the +E The inspirational... 0.05
It's a beautiful story... 0.03 Ground Truth Trigger ESIM DA |DA=ELMn
Update Trigger with Eq. (2) 89.49 §946  90.88
fh gtgh ::I tirbondy 003 015 0.50
€ € € Gradient of Batch never 050 107 0.15
: : : v r Entailment sad 131 050 071
- 4% o scared 113 074 1.01
oscar_Japolio cal:r;eu championship 083 006 | 077
movie | robert | spider
l P Ave. A -88.60 -HH.9ﬁ| -90.25
2462 7971 B34
‘ | Leftl me starstruck.. 0.18 nobody 053 RAS 1361
| movie | apollo | spider |+ Crying tears of toy... 0.11 Neutral  slegps 457 1482 2234
~| Give him the Oscar... 0.08 nothing 171 2361 1463
. : - Mo 306 1752 1541
movie apolio spider sleeping 606 1584 2E.E6
- -4 €t Avg. A -B085 -63.66| -64.07
minute ke
" 2631 B4.80 B5.17
tennis | cost joyously 7331 7093 | 6067
Contradiction anticipating  T9.8% 6691 62.96
P - talented 7983 6571 6401
: ~| Terrific, jaw-dropping... POI9S impress 8044 6379 70.56
| zoning | tapping | fiennes | + An instant classic... 0.89 inspiring TROD 6583 7056
The film of the year... 0.77 Avg. A 802 -18.17| -19.42




Build it Break it Fix it for Dialogue Safety:
Robustness from Adversarial Human Attack

Existing data

training
~——— Build it
A
; deploy
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. J il

¥ Mot broken: try again!

Broken: add fo new dataset

predietion

Offensive Message

training

Task Type

Task Round

WTC Baseline

Standard models

Adversarial models

&1 SHa Ha

Ay Aa Az

WTC

3.3

BiLa E1.1 g2.1

Bl.3 789 T8.0

Standard Tusk

All(1-3)

6E.1

B33 5.8 8.0

B3.0 853 837

Acversartal Task

1

lad  I-d

All(1-3)

0.0
0.0
0.0
0.0

517 69.3 6.6
108 24 318
12.3 17.1 13.7
274 41.7 41.8

T1.8 T4.0 782

0.0 64.4 62.1
321 0.0 59.9
40.6 555 67.6

breaker
. Fix it training
Break it (ROUND 1)
{ROUND 1)
rediciion
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Beto, Bentz, Becas: The Surprising
Cross-Lingual Effectiveness of BERT
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Figure 1:

Performance of different fine-tuning approaches compared with fine-tuning all mBERT parameters

Color denotes absolute difference and number in each entry is the evaluation in the corresponding setting. Lan
guages are sorted by mBERT zero-shot transfer performance. Three downward triangles indicate performance

drop more than the legends lower limit.
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Figure 2: Language identification accuracy for differ-
ent layer of mBERT. layer 0 is the embedding layer and
the layer 7 > 0 is output of the i transformer block.



BERT Is Not an Interlingua and the Bias of
Tokenization

0.80

PWCCA similarity
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a ~ ~
v o w
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BERT Layer

Figure 3: The similarity between representations of dif-
ferent languages decreases deeper into a pretrained un-
cased multilingual BERT model. Here we show the
similarity between English and 5 other languages as a
function of model depth
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Figure 6: PWCCA generated similarity matrix between
languages.

PWCCA similarity

Figure 5: CCA experiments showing the finetuning behavior
of BERT

BERT Layer

Figure 4: The similarity between representations of dif-
ferent languages decreases deeper into an uncased mul-
tilingual BERT model finetuned on XNLL



Adaptively Sparse Transformers

FF e {? SFEe T L F e T

activation DE—=EN JA—EN RO—EN EN—=DE
- ) | i softmax 2979 21.57 32,70 26.02
head 2 1.5-entmax 2083 1213 3310 2589
Fread f-entmax 29,90 21.74 3289 26.93
[ head 4

Sparse Transiormer Acdapthan Epan Adagiivaly Spares Table 1: Machine translation tokenized BLEU test results on IWSLT 2017 pE—En, KFTT 1A—EN, WMT 2016
Transicemer Transfarmer | Ours) N
RO—EN and WMT 2014 EN—DE, respectively.

Figure 1: Attention distributions of different self- 1.5-entmax @-entmasx
attention heads for the time step of the token “over”, g Sk 1
=]
shown to compare our model to other related work. = 20 = .
. - = =] Ak = -
While the sparse Transformer (Child et al., 2019) and e E%
. = 1] ks
the adaptive span Transformer (Sukhbaatar et al., 2019) 3% 101 S {ok- .
ap - . = o
only attend to words within a contiguous span of the i = L - L " -
past tokens, our model is not only able to obtain differ- o o0 0o hooo 08 Lo
ent and not necessarily contiguous sparsity patterns for 207 50k 1 1
. - - - o =
each attention head, but is also able to tune its support S S k- |
over which tokens to attend adaptively. g § 104 g
“= ¥ < 1ok 1
D U T L] L] T ¥ L)
5 |
= 204 0.0 0.5 1.0 0.0 0.5 1.0
g _ 50k 4 ;
. Lfa=1 BE oo
a-entmax(z) = [(a— 1)z —71]" ", (6) gz 10 48 2 |
= 28
T £
5 . A
10 12 14 16 18 20 & 10k 1
o = ¥ T f T Y
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Fine-tune BERT with Sparse Self-Attention
Mechanism

- H w W P G |
W HEE _8 Ras “ HEE 8 Bas . J a N K
[CLS] || [CLE] W] Ave 423 El.l 6l.5 643 63.6 EM Fl A
n [} | . g™ |
Joaks L Joaks LSTM 465 829 574 636 676 ceuracy
outside B | ouside BILSTM 471 837 593 662 651 Np 653 74l 186
e 3 ot . ‘ CNN 419 ELE 573 621 635 SSAF(Np) 662 T46 89
...ﬁ;’J’f’- ...ﬁ;’iﬁ- SSAN 486 853 625 68.4 722 BERTgssg 808 B85 92.0)
(LAY e
styling . g | e Np 50.1 852 66.8 69.6 70.0 SSAF 8l.6 BE.8 93.5
() No pre-training (b} Fine-tuning BERT SSAF(Np) 507 864 63.1 T0.3 T71.2
Fogml ooa N Foa=t o & F BERTpase 352 935 703 733 6.2 Table 3: Experimental results on question answering
C-ZE2 FaEEEEE C-ZE2 E3EEERE SSAF 562 947 724 75.0 77.3 and natural language inference tasks.
[CLS] [CLS] SHEE
n [}
loclg “a hsiy Table 2: Experimental results of classification accuracy
”'-"-""Jl: I '-"-"-"i'J‘: for different methods with five datasets on sentiment
.. u o .H- analysis task.
hi ] hiz
{[IE] 1415 ‘ |||E':|l.ﬁ-'
(T aGE
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Small and Practical BERT Models for
Sequence Labeling

POS Tagging Muorphology

Input 32 words 128 words Languages kk  hy It be mr @ || kk  hy It be mr 1a
Relative Speedup on GPU Train Size 3l 30 153 260 373 400 || 31 50 153 2600 373 400
Meta-LSTM 0.8x 0.2x Meta-LSTM 617 754 814 911 721 727 || 485 545 697 740 591 71O
MimiBERT 4.3x 2.6% — —

BERT 759 R44 BRO 0948 TIS 757 || 478 448 752 E2E 640 720
Relative Speedup on CPU mBERT Bl.4 H66 900 950 759 743 || &b 511 Tis O BTS 642  TIE
Meta-LSTM 15-3-“ 2.3x mMeta-LSTM 520 638 656 B76 655 615 || 256 366 425 592 336 460
MiniBERT 11.7x 14.0x mMiniBERT  76.6 B6.0 869 950 754 746 | 597 476 648 8L6 594 717
Model Part-of-Speech F1  Morphology F1
mMeta-LSTM 91.1 82.9
mkimBERT 93.7 BE.0

mBERT 94.5 91.0




Revealing the Dark Secrets of BERT

Vartical ~ Diagonal Vartical + diagonal Block Hetarogenaous
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Figure 1: Typical self-attention classes used for training a neural network. Both axes on every image represent
BERT tokens of an input example. and colors denote absolute attention weights (darker colors stand for greater
weights). The first three types are most likely associated with language model pre-training, while the last two

potentially encode semantic and syntactic information.
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Figure 5: Per-head cosine similarity between pre-trained BERT's and fine-tuned BERT's self-attention maps for
each of the selected GLUE tasks, averaged over validation dataset examples. Darker colors correspond to greater

differences.

Figure 8: Performance of the model while disabling one head at a time. The orange line indicates the baseline
performance with no disabled heads. Darker colors correspond to greater performance scores.
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Figure 9: Performance of the model while disabling one layer (that is, all 12 heads in this layer) at a time. The
orange line indicates the baseline performance with no disabled layers. Darker colors correspond to greater per-

formance scores.



Pretrained Language Models for Sequential
Sentence Classification

Muodel PUBMED CSABST. NICTA
t t Jin and Szolovits (2018) 926 813 847
m m BERT +Transformer 89 6 78R8 784
92.] 78.5

{ t

BERT +Transformer+CRF 79.1
[T[-:[s| I Tis, IT[STEF] I Tis,) IT[SEF] ][ Tjs, lTlszp] J

Our model 92.9 L RN | B4.8

t i i t t t Table 3: Abstract sentence classification (micro F1).
[ BERT ]
1 | | 1 | 1 | Maodel ROUGE-L
[[cLs] |_Sentence1 |[SEP]| Sentence2 |[SEP]| Semtence3 |[SEP] SAF +F Ens (Collins etal, 2017) 0313
BERT +Transformer 0.287
- - Our maodel 0,306
Document: _ Sentence 1 Sentence 2 ) Sentence 3 _ Our model + ABSTRACTROUGE 0.314

Table 4: Results on CSPUBSUM



Sentence-BERT:. Sentence Embeddings
using Siamese BERT-Networks

Model MR CR SUBJ | MPQA | SST | TREC | MRPC Avg, |
Avg. GloVe embeddings TI25 | 7830 | 9117 B7.RS =008 830 T2ET 8152
Softmax classifier 1.1 Avg. fast-text embeddings Ti96 | 7923 | 91.68 B7.81 215 836 T4.49 §2.42
[ 4 Avg. BERT embeddings TR.66 | B6.25 | 9437 BE.66 8440 92.8 69.45 #4.94
) ) BERT CLS-vector T8.68 | B4.85 | 94.2] BR.23 2413 914 7113 8466
(u, v, Ju-v]) cosine-sim({u, v) InferSent - GloVe 81.57 | 86.54 | 92.50 | 90.38 | B4.18 | 882 | 7577 || 8559
_—/,ﬁ‘\\ A Universal Sentence Encoder | 8009 | §5.19 | 9398 BO.700 | BO3E 93.2 T0.14 85.10
SBERT-NLI-base Bied | B943 | 9439 £9.86 2896 896 Ta.00 8741
i W U " SBERT-NLI-large B4BR | 90.07 | 94.52 90.33 S, 6 874 75.94 87.09
* * t t Table 5: Evaluation of SBERT sentence embeddings using the SentEval toolkit. SentEval evaluates sentence
= =
pooling pooling pooling poaling embeddings on different sentence classification tasks by training a logistic regression classifier using the sentence
] ] L] L] embeddings as features. Scores are based on a 10-fold cross-validation.
BERT BERT BERT BERT
Sentence A Sentence B Sentence A Sentence B
Figure |: SBERT architecture with classification ob- Figure 2: SBERT architecture at inference, for exam-
jective function, eg., for fine-tuning on SNLI dataset. ple, to compute similarity scores. This architecture is

The two BERT networks have tied weights (siamese also used with the regression objective function.
network structure).

https://github.com/UKPLab/ sentence-transformers
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+ For all reported experimental results

oooao

O

Description of computing infrastructure
Average runtime for each approach
Details of trainfvalidation/test splits

Corresponding validation performance for each
reported test result

A link to implemented code

v For experiments with hyperparameter search

O
O

O

Bounds for each hyperparameter

]|:~'|:.-erp~u.ra1'|'|f[-:':r configurations  for  best-
performing models

Number of hyperparameter search trials

The method of choosing hyperparameter values
(e.g., uniform sampling, manual tuning, ete.) and
the criterion used to select among them (e.g.. ac-
Curacy)

Expected validation performance, as introduced
in 53.1, or another measure of the mean and vari-
ance as a function of the number of hyperparam-
eter trials.

Text Box |: Experimental results checklist.



Thank you for you attention!



