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Cross-Lingual Transfer

Target Language
(Portuguese)
resource-pool

. J

Well-trained models
with large annotations

How to supervise?



Cross-Lingual Transfer

Model Transfer
O Building cross-lingual models on language-independent features,
O such as cross-lingual word representations, universal POS tags which
can be transferred into target languages directly.

RN ¢ e

e | Tt



Cross-Lingual Transfer

Annotation Adaptation
O Based on a large-scale parallel corpus between the source and target languages
O The source-side sentences are annotated with SRL tags automatically by a source
SRL labeler
O The source annotations are projected onto the target-side sentences in accordance

of word alignments.

Target Corpus

\___




Cross-Lingual Transfer

Translation-based (Our method)
O Translate the annotated sentences into target languages.
O Align the annotated information.
O Train a target model for a specific task.

Source language Target language

Translation
B

Align




Two Tasks

» Dependency Parsing (EMNLP 2019)

root

nsubj nmod nmod
cop case
[ [— amod j ! dL[ unn]mund

This 1S Christmas future for ot of baby boomers

» Sematic Role Labeling (ACL 2020)

— o — i T
.

~_A0 T~ — AC :%
/ Hx\ / x\ / ‘r-"’# \\

/n_wake 01 repawm\\ . engme D\
Sequa | makes and repa| rs | jet | englnesj



Dependency Parsing

TreeBank Translation

e Tiedemann et al. (2014) EMNLP

e Tiedemann (2015)

e Tiedemann and Agic” (2016) JAIR
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Dependency Parsing $
o
Our 1dea
e Derive Code-Mixed Treebank by partial translation to minimum noise
e Transfer knowledge between languages by Cross-lingual word
representations
! [ ““"[ uu.x]ws.\\ JV [f_ 1dvimo: 1 e ||
en we are being accused unfalrly here
Sv vi beskylls me oriitt
vi{v\g bc@]s(ac‘[u.ﬁd) (Dt(unfairly) déir}wre) vi(sx::e) be::g beqkylls"(‘c{lucused) ()ralt(izlalrly h:]:e
(a) tull-scale translation. (b) this method, partial translation.

from English (en) to Swedish (sv)

Meishan Zhang, Yue Zhang and Guohong Fu. Cross-Lingual Dependency Parsing
Using Code-Mixed TreeBank. EMNLP 2019




Dependency Parsing

Partial Translation

e Hyper-parameter A to control the ratio of translation

e ) =0, no source word 1s substituted or deleted
It Is a source language dependence tree

e A =1, all words are target language
It Is a source language dependence tree
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Dependency Parsing T
Word Substitution
e Substitutes the source words with the target translations
source - target
f nsubj \ [—gul\' 111111 |j
he has meanwhile found he has meanwhile found
han  har(has) under(during) tiden (time)  hittat ... han(he) har (has) under(during) tiden (time)  hittat

\ nsubj j || L advmod J
advmod

(a) one-to-one.

(b) many-to-one.



Dependency Parsing ee

Word Substitution

e For each target word f; , obtain the most confidently aligned
source word e; by their alignment probability

pj = p(elf)

e Sort the target words by p;, choosing the top [mA[ words with

highest alignment probabilities for substitution (m is the length
of target sentence)



Dependency Parsing

Word Deletion
e Removes several unaligned source words
root

nsubjpass
O - auk = X=X advmod
I auxpass advmod
1
j vl W r 1

vilwe) are being beskylls(accused) oritt(unfairly) here
SV er en Sy SV en




Dependency Parsing ee

Word Deletion

e For each source word e; who has no aligned target word,
accumulate the probabilities

= z p(e;ilfj)
J

e Sort the source words by r;, choosing the top [kA] words with
lowest score for deletion (k is the num of these source words)



Dependency Parsing

Sentence Reordering
e Reorder the partially translated sentence

root root

ohj
nsubj advmod ompound de
. { l—nnj\ l //—Uhlﬂ \ ___E—_El_n_l:\_[_&__l_l__pg_ [___1___Ll_/
vi(we)  kan(can) avsluta(finish) det(it) nu(now) iocksd(also)  sok(look) upp(up) the | familjen(family)

nu(now) kan(can) vi(we) avsluta(finish)  det(it) *;0 {Iook) ocksé(also) Upp(upl‘ the .Kmﬂston(l(mg‘:ton)

familjen(family)

..............................

l \ N nsubj —»7} AN obj — advmod =" ?
aux compotnd:pit
advmod
root

ool

(a) full sentence

ohj

(b) two spans

Kingston(Kingston) \

-



Dependency Parsing ee

Sentence Reordering

e Continuous target spans are reordered to make the final sentence
contain grammatical phrases

e Continuous spans of target words interrupted by source word are
reordered according to their order in the machine translation



Dependency Parsing

Parser Model

e BIiAffine Parser From Dozat and Manning (2016)

S, S, ~
( BiAffine )
hgep ;1]1.% hi:p\ ;Elead
plsin pim
( BiLSTM x 3 J
T Ln
/1\‘\ A
e(c1) |e(w1)] |e(t1) e(cn)| le(wn)| e(tn)
Cq un t 1 Cn Wn, t-.r.i,



Dependency Parsing

Parser Model

e Input:
xn =e(w,) © elcy) D e(ty)
Word, Cluster and POS tag embedding

e BILSTM:

hiSt™ = BiLSTM (x,)
e MLP:

hgep — MLPdep(h%gtm)

hgead — MLPhead(hfftm)

e Output:

Si~nj = BIAff ine(h?ep, hready




Dependency Parsing 33

Datasets
e Universal Dependency Treebanks (v2.0)

e Source language: English (EN)

e Six target language: Spanish (ES), German (DE), French
(FR), Italian (IT), Portuguese (PT) and Swedish (SV)

e Google Translate as machine translation system



Dependency Parsing

Experiment Settings

Delex (McDonald et al., 2013):
Model without cross-lingual word representations
PartProj (Lacroix et al., 2016):

Model trained on the corpus by projecting only the source
dependencies

Src (Guo et al., 2015):
Model trained on the Source English treebank

e Tgt (Tiedemann and Agi’ c, 2016):

Model trained on the fully translated Target treebank
Mix (Ours):
Model trained on the Code-Mixed treebank



Dependency Parsing ee

Influence of The Translation Ratio A

e Performance improves after translating, demonstrating the
effectiveness of syntactic transferring, and reaches the peak
when A= 0.7

e There 1s a significant drop when A grows from 0.8 to 0.9 because
the newly added dependency are mostly noisy

71.5
71
70.5 -
70

69 ‘ :
0.0 0.2 0.4 06 07 08 1.0



Dependency Parsing e

Mixing with Source TreeBank

Model UAS LAS
Src 79.52 69.54
Tgt 79.34 69.96
Mix 80.33 71.29

Src + Tgt 80.12 71.16
Src + Mix 80.91 71.73

e Source treebank is complementary with the translated treebanks, Src +
mix gives the best performance

e But its improvement over mix is smaller than that of src+tgt over tgt,
because mix contains relatively more source than the fuly translated
target treebank



Dependency Parsing

Ablation Studies

e \Word Deletion and Sentence Reordering are important
e Without both, the performance is only comparable with the

baseline

Model UAS LAS
Mix 80.33 71.29
—Sentence Reordering | 79.79 70.47
—Word Deletion 79.82  70.64
—Both 79.46 69.59




Dependency Parsing

Lang.

Delex

PartProj

Src

Tgt

Src + Tgt

Mix

Src + Mix

UAS LAS

UAS LAS

UAS LAS

UAS LAS

UAS LAS

UAS LAS

UAS LAS

DE
ES
FR
IT
PT

64.10 53.77
71.53 63.33
75.13 67.26
77.71 69.27
74.03 67.70

69.90 61.28
75.81 66.83
75.54 67.63
77.71 69.27
79.44 71.30

66.87 57.46
75.63 65.85
78.13 70.63
81.11 72.83
77.37 69.36

70.84 62.30
76.49 67.39
76.91 69.39
79.30 71.65
78.32 70.67

72.41 63.74
77.00 67.95
78.75 T1.17
81.56 74.09
79.73 71.84

71.41 63.46
81.18 71.80
83.20 76.32
85.30 77.43
83.54 75.34

72.78 64.38
81.44 71.66
83.77 76.48
86.13 78.38
84.05 75.89

AVG

72.50 64.27

75.68 67.26

75.82 67.23

76.37 68.28

77.89 69.76

80.93 72.87

81.63 73.36

Final Results



Dependency Parsing

Model | DE  ES  FR IT PT
TreeBank Transferring

This | 72778 81.44 83.77 86.13 84.05
Guol5 | 60.35 7190 7293 - -~
Guol6 | 65.01 79.00 77.69 78.49 81.86

TAl6 | 7527 76.85 7921 - -

Annotation Projection

MX14 | 7430 75.53 70.14 77.74 776.65
RC15 |79.68 80.86 82.72 83.67 82.07
LAL16 | 7599 7894 80.80 79.39 -

TreeBank Transferring + Annotation Projection
RC17 | 82.1 82.6 839 844 84.6

Comparison with Previous Work




Semantic Role Labeling

» Our method:
* Model transfer
 Corpus translation

Source Target

=
o
L S———
(@]
(@]
—t+

annotation projection
project

Auto-predicted SRL Parallel

Hao Fei, Meishan Zhang and Donghong Ji. Cross-Lingual Semantic Role
Labeling with High-Quality Translated Training Corpus. ACL 2020




Semantic Role Labeling

shallow semantic parsing, recognizing the predicate-argument structure, such as:
who did what to whom, where and when, etc.

I expect to[send]them out to you sometime tomorrow.

\ & !j\ R/\
.| ~ANM-DI.
4 2
ANM-TMP

Dependency-based:

* Predicate: send
* Argument:
Coreroles: 1(A0), them(Al), you(A2)
Modifying roles: out(AM-DIR), tomorrow(AM-TMP)



Semantic Role Labeling

Stepl: Translating

Translation System

Source sentence — Target sentence

you love it when | come over X Du liebst es, wenn ich riiberkomme

)

(=

000
0000
0000
o000
o0
o

W
0z <

A
¢



Semantic Role Labeling

Step2: Projecting

alignment probabilities: a(fj |€z)

POS tag distributions: p(t* ’ fj )

‘ Confidence score of the projection:

f)

score(e; — f, Te;) = a’(fjlﬁ’i)p(tﬁi



Semantic Role Labeling

@ Projection rules:
 Fine-grained:
Ideal:
(a) one-one target-source alignment.
Problematic :
(b) predicate-argument collision, keep only the
predicate,
(c) argument-argument collision, keep the one

with higher confidence.

e Qverall:

Using threshold value & to remove low
confidence projections.

(AD) (AM-MOD) (get.01) (Al)
you should get a cocker spaniel

sie sollten einen cockerspaniel bekommen
{\U] (AM-MOD) (A1) (get.01)

(AD) (AM-TMP) {\l} (come.01) (AM-DIR)
you love 1t when come over

J N

du liebst es wenn i1ch riberkomme
(AD) (AM-TMP) (A1) (come.01)

(b) Predicate-argument collision. Only keep pred-
1cate.

(AM-LOC) (AD) (provoke.01) (AL

| !
| US assault provoked the battle |
: K I/ l/ l’ |

US-angriff provozierte die schlacht |
I (AD) (provoke.01) (A1) |

(c) Argument-argument collision. Only keep
the one with higher confidence.



Semantic Role Labeling

SRL Model

» Standard sequence labeling problem

® Input representations:

« word form
 POS tag
* predicate indicator

T = Uy, DBV, D V(i==p)

® Obtain the representation via PGN:

hi---h, = PGN-BIiLSTM(x; - - - @, er)
= BiLSTMVL. (acl v mn)

® Decode via CRF;

CRFs

X
PGN-LSTM

Word Representation

POS Embedding

Predicate Indicator
Embedding

English

you

should get a



PGN

Semantic Role Labeling

21 - By [ BiLSTM ]

Params: V

T

Parameter Generation Network
Params: Wpgn

T
€L




Semantic Role Labeling

* Experiments

» Universal Proposition Bank (\VV1.0) Fam. Lang. Train Dev Test Pred.  Arg.
) . EN 10,207 1,631 1,633 41,3590 100,170

Assemble the English based on the English EWT subset [EGe  pg 14118 799 977 23256 58319
from the UDT (V1.4) and the English corpus in PB (V3.0). FR 14554 1506 298 26934 44,007
IE.Ro IT 12,837 489 480 26,576 56,893

' ES 28492 3206 1,995 81318 177871

FT T7.494 938 036 19,782 41,449

» Multi-lingual word form representations Ua F 12217 716 648 27,524 60,502

(1)multi-lingual Word Embedding (Emb), via MUSE,
(2)multi-lingual ELMo, pre-trained on the blended corpus,
(3)multi-lingual BERT, officially released version (base, cased).

» SRL Translation

(1)Google Translation System.
(2)fastAlign for word alignment.
(3)each POS tagger trained on UDT (v1.4) for each language.



Semantic Role Labeling

F1(%)

40 : o -
| - | = 9
0.1 0.2 0.3 0.4 0.5 0.6 0.7

Universal best projection threshold : 0.4



Semantic Role Labeling

» Cross-lingual transfer from English

O Multilingual word representations.

Emb < BERT <ELMo
|
Surprisingly!
O Translated target.
TGT > SRC

OPGN-LSTM is good.

Y
o000
T
000
o0
o
Model | DE FR IT ES PT FI | Avg
SRC
Emb | 427 510 426 40.1 439 300|417
BERT | 432 531 444 412 442 316|430
ELMo | 468 546 430 421 461 339|444
TGT
Emb | 494 513 455 484 469 387|467
BERT |530 543 49.1 513 488 411|496
ELMo | 546 553 497 536 498 439|511
SRC & TGT (ELMo)
BASIC 592 617 551 583 537 476558
__PGN 1650 648 587 625 360 5451603
MoE ~ | 6327 633 567 603 550 50.6 | 582
MAN-MoE | 643 653 57.1 628 552 523|594




Semantic Role Labeling

» Fine-grained bilingual transfer

are all source languages useful for a target language?

Source | EN DE FR IT ES PT FI

EN 65.0 | 648 58.7 625 56.0 545
DE 63.2 639 604 658 534 505
FR 60.1 53.7 63.3 63.6 62.1 | 51.3
IT 60.2 589 | 65.3 65.1 58.6 | 48.6
ES 60.1 573|649 64.1 67.0 | 50.7
PT 573 586 | 65.1 635 678 40.9

Fl1 50.7 52.1 646 53.6 603 51.6
ALL | 657 688 66.1 648 68.7 69.2 586

« languages belonging to one family can benefit each other greatly (i.e.,
EN-DE, FR-IT-ES-PT).

« multi-source transfer (i.e., All) can obtain better performances across all
languages.



Semantic Role Labeling o

» Fine-grained bilingual transfer TGT

EN DE FR IT ES PT FI

Visualizing the language ID embeddings e, .

Calculating the Euclidean distances in between.

Overall tendency is highly similar to the results in
Fine-grained bilingual transfer.

SRC

The PGN-BILSTM works by effectively capturing the
language-aware settings.




Semantic Role Labeling

SRC TGT SRC+TGT SRC+TGT

» Bilingual transfer under all kinds of settings
by eaCh Source Ianguages |Emb BERT ELMo EmbsofrfiTDl]:ELMo BASIC+ELMo PGN+ELMo

EN 4732 5162 5282 5504 5920 6048 61.05 63.21
FR 46.00 4994 5099 5237 5577 57.02 5991 63.90
- - 1T 40.90 4368 45.06 48.01 5162 5291 57.94 60.38
[ J I g g b I g g f Iy ES 39.01 4257 4367 4959 5284 5302 60.80 65.80
an ua eS e On I n to One am I Can PT 38.25 4173 43.07 4144 4576 46.94 49.14 53.40
benefit eaCh Other FI 2993 33.64 3495 4178 4409 4521 45.74 50.53
. Source: FR
"TEN | 3547 3949 4080 4857 53.04 5412 5691 6005
DE 40.01 4386 4524 4133 4516 4654 50.53 53.69
° TGT&SRC > TGT > SRC 1T 47.12 5006 5133 5145 5338 5362 60.31 63.34
ES 40.46 4401  45.09 5036 53.77  54.79 58.61 63.62
PT 44.68 4747 4865 5212 5558 56.67 59.47 62.08
FI 2644 3092 3207 4071 4397 4505 48.76 51.31
Source: IT
 Emb < BERT <ELMo ERT 367 o0 Tdowe 6 516 5ido T sas 7T 013
DE 39.75 4267 4374 4584 5003 5134 55.90 5891
FR 4739 5008 5128 5445 5729 5878 60.03 65.30
- ES 4429 4792 4914 52.09 5568 5508 60.56 65.00
[} L g g - d B d PT 4218 4654 4760 4938 5385 54096 57.02 58.65
an ua e aware enCO er > aSIC enco er FI 3112 3392 3505 4080 4390 4497 46.37 48.62
Source: ES
"TEN 4163 4437 4545 4837 5201 5310 5508 6005
DE 36.32 39.65 4073 4421 4790 4937 51.11 57.27
FR 46.74 50.84 5229 5238 5534 5639 59.58 64.93
1T 41.39 4542 4682 50.10 53.01 54.01 58.83 64.09
PT 47.52 5046 5168 5344 5649 5754 62.30 67.01
FI 2946 32,19 3333 39.27 4295 44.07 4791 50.72
Source: PT
TTEN 3483 3809 3927 4316 4609 4750 LEN 5730
DE 37.11 4164 4273 4080 4941 50.62 55.95 58.64
FR 42.05 4628 47.61 49.07 52.78 54.15 58.64 65.12
1T 3855 4235 4372 47.09 5120 52.24 56.22 63.51
ES 39.58 4401 4502 46,57 5061 52.06 60.84 67.81
FI 21.54 2501 2624 3353 3691 38.03 38.50 40.90
Source: FI
TTEN 3299 3599 3738 3783 4048 4165 4680 5070
DE 30.98 3459 3570 40795 4441 45.84 50.68 52.12
FR 30.52 4385 4497 4835 5082 5230 56.82 64.63
1T 3382 3639 3766 4181 46.01 47.07 52.61 53.65
ES 35.23 3956 4061 4343 4781 4910 55.48 60.37
PT 27.93 3190 3330 33.84 3821 39.43 47.75 51.61




Semantic Role Labeling

Multi-source transfer

« Similar tendencies with the single-source transfer as from English source.

» Overall performances are better then that in Cross-lingual transfer
from single English source.

Model | EN DE FR IT ES PT FI |Avg
SRC
Emb 503 492 524 449 467 510 364|473
BERT |51.8 506 540 453 513 518 38.1 | 49.0
ELMo | 536 51.6 3567 513 574 526 397|518
TGT
Emb 565 51.6 552 47.1 500 532 404 ] 506
BERT | 59.8 555 57.0 526 543 566 44.0 | 54.3

ELMo 60.7 57.8 599 548 567 588 469 | 565
SRC & TGT (ELMo)
BASIC 61.9 648 603 564 61.1 631 50.7 | 598
PGN 65.7 688 66.1 648 68.7 69.2 58.6 | 66.0

MoE 63.2 678 631 626 652 675 542|634
MAN-MoE | 640 685 67.2 657 675 690 575|656
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