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OUTLINE Structure-aware NLP

*  WHAT is syntactic structure?
WHY integrating structures for NLP?
* HOW to integrate?

e WHAT to do next?
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OUTLINE Structure-aware NLP

WHAT is syntactic structure?
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[Structure-aware NLP]

NE*T \What?

Various NLP applications A\

Text Sentiment o 1 1
et NER Sentiment NLP: Structure prediction
Relation Event Semantic
extraction extraction parsing >
Neural machine Readi T Unstructured Structured
. cading ext —_— —_—
translation comprehension summarization text NLP model target
Paraphrase a%;l\?v?;?nllg ......
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[Structure-aware NLP]

NE*T \What?

Natural language understanding in a Three-level Hierarchy

Semantic
Structure

O
L

/ Syntactic Structure \

N

1

/ Lexical Structure \
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[Structure-aware NLP]

NE*T \What?

» Syntax structure

* Syntactic dependency tree

* Syntactic constituency tree

P

"-.PTMP

PRP _VBP TO 7B PRP nﬁ\w

I plan to visit my cousin in the hospital ﬂl]S weekend
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[Structure-aware NLP]

NE*T \What?

» Syntax structure foundations

« Syntactic dependency tree aD;l;iLabel ?d‘;sezftlis:fgodiﬁer
Describe the word-word relations Zng?io J Zg:z?i;;?;:f modifier
in a “head->dependentformat acomp adjectival complement
with specific relation type (label). auxpass passive auxiliary
compound  compound
ccomp clausal complement
[ cc coordination
: conj conjunct
I cop copula
: det determiner
I dep dependent
: dobj direct object
I mark marker
: nsubj nominal subject
\ nmod nominal modifier
neg negation modifier
xcomp open clausal complement
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[Structure-aware NLP]

NE*T \What?

» Syntax structure foundations

* Syntactic dependency tree
Rules:
Describe the word-word relations
in a "head->dependent’ format
with specific relation type (label).

» A dependency tree has only one root with a
"root" virtual node word;

» In a dependency tree, all nodes except the
root node are virtual nodes, and all other
nodes are entity words,

» Any node in a dependency tree except the
root node has a unique parent node that is
directly related to it;

— i —————— — —

» A directed acyclic graph composed of a
dependency tree as a whole does not cross
any dependency arcs.
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Neg*T

[Structure-aware NLP]

What?

» Syntax structure foundations

* Syntactic constituency tree

Reveal the inclusive and constituent relations between phrases.

/7\/“'\

I'B  PRP NN

PP
ﬁ\m D

NP-TMP

/’\ r
T NN

© Copyright NExT++. All Right Reserved.

I plan to visit my cousm in the hospital this weekend

Const. Label Description

ADJP Adjective phrase

ADVP Adverb phrase

NP Noun phrase

PP Prepositional phrase

S Simple declarative clause

SBAR Subordinate clause

SBARQ Question introduced by wh-element
SINV Declarative sentence

SO subconstituent of SBARQ

VP Verb phrase

WHADVP Wh-adverb phrase

WHNP Wh-noun phrase

WHPP Wh-prepositional phrase

X Unknown or uncertain constituent




[Structure-aware NLP]

NE*T \What?

» Syntax structure foundations

* Syntactic constituency tree
Rules:  Context-free grammar (CFG)

Reveal the inclusive and constituent relations between phrases.
G = (T,N,S,R)

T is set of terminals (lexicon)

N is set of non-terminals For NLP, we usually distinguish out a set
P C N of preterminals which always rewrite as terminals.

S is start symbol (one of the nonterminals)

R is rules/productions of the form X — ~, where X is a nonterminal
and 7 is a sequence of terminals and nonterminals (may be empty).

NP NP-TMP

/\ ~ /'/\
PRP _VBP 1O VB PRP NN ﬁ\m DT NN

I plan to visit my cousm in the hospital this weekend

e A grammar G generates a language L.

X
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[Structure-aware NLP]

NE*T \What?

» Syntax structure foundations

* Syntactic constituency tree
Rules:  Context-free grammar (CFG)

Reveal the inclusive and constituent relations between phrases.

G = (T, N, S, R)
T = {that, this, a, the, man, book, flight, meal, include, read, does}
S - - "F""""""">" """ """>"">">"">="--""">>"=">">">">""""">"""""""”"== h
I s I N ={S, NP, NOM, VP, Det, Noun, Verb, Aux}
| |
: VP : S5=15
| 7P : R={
' | S — NP VP Det — that | this | a | the
: : S — Aux NP VP Noun — book | flight | meal | man
| g - | S— VP Verb — book | include | read
| 2 £r NP-TMP | NP — Det NOM Aux — does
| /\ . /\“\’ /\ i | NOM — Noun
: PRP VBP TO 1B PRP NN IN DT NN DT NN : NOM — Noun NOM
I plan to visit my cousin in the hospital this weekend Vb — Verb
: : | VP — Verb NP
M e e e e — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — ——— -
}
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[Structure-aware NLP]

NE*T \What?

» Syntax structure foundations

* Syntactic constituency tree
Rules:  Context-free grammar (CFG)

Reveal the inclusive and constituent relations between phrases.

S

cO N /\
S

NP VP
//\
Det  NOM  vierb NP
The Noun ..,y Det NOM
| |

man this Noun

|
book

VP

"'.PTMP

PRP _VBP TO VB PRP nﬁ‘\w

I plan to visit my cousin in the hospital thls Weekend
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CoreNLP

version 4.4.0

» http://corenlp.run/

— Text to annotate —

| love the way a

A
— Annotations — — Lanquage —
dependency parse ¥ | | constituency parse % English v Submit

Constituency Parse:

]
®
] [ee]
=)

(=]
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http://corenlp.run/

OUTLINE Structure-aware NLP

WHY integrating structures for NLP?
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[Structure-aware NLP]

Neg*T

Why?

syntactic structure as external features for improving downstream tasks.

QUL Pass

» Aiding NLP with syntax structure ok Sentence o VAL FAC
o o o : . / e e—
Syntax structure has intrinsically close relationship with semantics, so integrating Hanh  was to [ 10 years in @
i —

case

\ TL‘H.‘I’J’WJ’}.()!?.-j case I‘

nsubj:pass nmod

Root obl
A0 AM-LOC

A0 AM-GOL [ Al \ ;
f ¥ AM-GOI \ Al Event extraction
you can |[click| here to it online

\ N / T\advmoc’i' “mark f \Obj 7 f
nsubj advcl advmod /\\ /A

Root The waiters are attentive and prompt , and the foods, the prices are all great.

. . \d"/ \cap/ T ) \l‘(/ \(le/ c;\n”_"/ \EW
Semantic role labeling sy N -
ROOT

C

Aspect-Opinion Pairs:

oo oo ( waiters , attentive )
nmod dobj waiters , prompt
nmod case <comp amod ( » P pt)
case num prt comp f
: . - . oods , great
Founded , Eugene and Quentin Fabris, New Fabris ( , great)

( prices , great )
Relation extraction . . . .
Aspect-opinion pair extraction
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[Structure-aware NLP]

NE"T \Why?

(a) Bushi [y Shalong |y [jixing le huitan )s

|l 1-best parser
(b)

NR PP VPB

» Aiding NLP with syntax structure

Syntax structure has intrinsically close relationship with semantics, so integrating
syntactic structure as external features for improving downstream tasks.

] [ ]
0 5 . (1€ C ] P d (] e C A (] g ‘ <10 4 )
- - -

S The game was won by the Clippers.
7\ XNp Won Ynp

NP VP
N\ /N ., ( Transformer seq2seq )
VBD NP

Clippers . Yxp wonby Xyp S‘é‘:lffgd‘i’;ger EDIEDIEDIED,
Clippers won the game

won the game
- AN

Paraphrase generation
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| P I
Bushi P NPB VV AS NPB
| | | | |
yvii NR jixing [le NN
[ [

Shalong huitan
r
(c) 'NPB VP
| —_—
NR PP VPB
| T I

Bushi P NPB VV AS NPB
I | [ | |
yii NR jixing le NN
I |
Shalong _ huitan

/r"
s -~
N
>

TQJJ' ?“3~U‘ ad \\
- ~

(d) Bush held pg~ with NpB
[ |

NN NR
| |
huitan Shalong
rad) rs |

(e) Bush [held a talk]o [with Sharon],

Neural machine translation



[Structure-aware NLP]

» Aiding NLP with syntax structure

Syntax structure has intrinsically close relationship with semantics, so integrating syntactic structure as external features
for improving downstream tasks.

“predicate-argument structure )
Al

-—-Prd
/' AD . A]

|
|
|
[
- |
o
|
I
I
|
I
/

Dependency tree

M — . — — — —

(c) fine-grained sentiment analysis

© Copyright NExT++. All Right Reserved.

Dependency tree

i ——————— ——

(d) event extraction

|
I
|
|
|
Fl
|
|
|
|
|
/

opmlon g:.pect. structure

___Holder —

7 T arget

(b) fine-grained opinion analysis

Key semantic composition

Premise ,““/w_""-f 1‘/3 ﬂif-f!‘f }';*'?g%‘/

"‘M-.__‘_‘__‘__-:__’___,...r-"

Constituency tree

_______________________________________________ |
i- Key semantic composition :
: Hypothesis _____)?_}____J_F____ ;r’:' _f/_} _-"?/J_’ :
| N~ |
: . Constituency tree |
M e o 2 )

(c) textual entailment recognition



[Structure-aware NLP]

Neg*T

Why?

» Aiding NLP with syntax structure

Syntax structure has intrinsically close relationship with semantics, so integrating
syntactic structure as external features for improving downstream tasks.

/ NLP applications

| | | I
=II \ Text classification NER Sentiment analysis
- L | | |

[ ] [ ]
Relation extraction Event extraction SRL

—> NLP model — | Structured target ' | l |

+
K\.\ Machine
translation

-~

Unstructured text

Reading IC - AI
comprehension | onversation/Q |
Syntax structure
as knowledge I |
Paraphrase Stance detection ||| ......
L i
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[Structure-aware NLP]

Neg*T

Why?

» Aiding NLP with syntax structure

* Enhancing downstream NLP task performances with additional features from low-level
linguistic perspective.

* Syntactic structural clues helps better task explainability.

» Syntactic structures, as domain-/language-invariant features, brings up robust transfer
learning.

© Copyright NExT++. All Right Reserved.



[Structure-aware NLP]

NE"T \Why?

» Existing challenges

* Insufficiency and under-optimization of syntax usage

* Only using the dependency arcs between words in the dependency tree;

* Without considering the use of the syntactic labels attached to the dependency arcs.

(a) semantic role labeling (b) relation extraction

syntactic label information attached helps inference equally.

© Copyright NExT++. All Right Reserved.



[Structure-aware NLP]

NE"T \Why?

» Existing challenges

* Insufficiency and under-optimization of syntax usage
* Not all the entire information within syntactic trees provides positive help:

Root Dependency tree

-

== COMP- -

nmod. Hmod | c rJIIIf}

.-. (A

Prd -

Colored structures: useful
Gray structures: noise

© Copyright NExT++. All Right Reserved.



[Structure-aware NLP]

NE"T \Why?

» Existing challenges
t

Linear

* Shallow structure integration 7

Concat
B Stepl: Encoding syntax with encoders _ Iy

1) sequential neural encoders, e.g., LSTM, Attention-based models, Scalec Dot Product Ji h

® ® ® | L LI 1

| 1 t ] - .
Linear Linear Linear

S S o A
| \
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[Structure-aware NLP]

NE"T \Why?

» Existing challenges

* Insufficiently structure integration

B Step2: Concatenating the syntax representation with word embedding as input feature representation.

where the problem come from
1) Flattening the hierarchy characteristic of the syntax structure.

2) Shallow interaction between syntactics and semantics.

© Copyright NExT++. All Right Reserved.



[Structure-aware NLP]

NE"T \Why?

» Existing challenges

* Fixed/rigid syntax structure

» Parsing syntax in fixed and rigid tree comes with task-irrelevant substructures, which would deteriorate the efficacy.

R

XA B B X BT, &% Fl R 8 IE .
NN N =
ROOT
» Meanwhile, different NLP tasks rely on distinct bias of structural features.

SN A TN SN N T

Ilove my petcat. Ilove my petcat. I love my pet cat . I love my pet cat . I love my pet cat .

(a) parse tree (D) balanced tree (c) Gumbel tree (d) left-branch tree (e) rnight-branch tree

© Copyright NExT++. All Right Reserved.



[Structure-aware NLP]

NE"T \Why?

» Existing challenges

. . /S\§\
* Singleton type of syntax structure integration NP ~
(1) PP \
| |
1) Making use of only one singleton syntax : AZ\ IQ :
information, i.c., the dependency syntax, or 2) A0 V i AM-LOC i
sometimes the constituency tree. 3) She met her si ster' 111 the pub !

N _Ye
. nsuby mot\ / casd
2) Constituent and dependency syntax depict the (4) ROOT ob

syntactic structure from different perspectives:

» Dependency structure depicts the inter-relations between words,

» Constituency structure locates more about span boundaries of mentions.

© Copyright NExT++. All Right Reserved.



[Structure-aware NLP]

NE"T \Why?

» Existing challenges

* Singleton type of syntax structure integration

» Dependency structure depicts the

inter-relations between words;

|
|
[
| “aspect-sentiment’structure } | event extraction | :
: i — | A mEE S
» Constituency structure locates more | — | S -GN | |
| s B AT 15 | eI pAuEy ||
about span boundaries of mentions. | S N, | | | i
| nmod : : ' |
| i | | /

\Dependency ree  Keol J \ -

(c) fine-grained sentiment analysis (d) event extraction

(b) fine-grained opinion analysis

Simultaneously integrating these two heterogeneous representations can bring complementary advantages !

© Copyright NExT++. All Right Reserved.



[Structure-aware NLP]

NE"T \Why?

» Existing challenges

* Unexploitation of syntax integration on varying scenarios beside sentence

> Document-level tasks?

*  Multiple sentences, how to model the intrinsic document structure?

» Dialogue-level tasks?

*  Multiple separate utterances, how to model the overall structure?
*  Multiple speakers, entangled threads.

» Speaker coreference issue.

© Copyright NExT++. All Right Reserved.



OUTLINE Structure-aware NLP

HOW to integrate?
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[Structure-aware NLP]
How?

Neg*T

» Preliminary-A: Syntax structure parsers

* Graph-based parser

» Parsing task is regarded as the process of
building a tree, searching a weighted graph
to find the subgraph with the highest score

that meets the grammar rules.

Pros:
Global-level feature modeling

Cons:

Iteratively enumerating, higher complexity

© Copyright NExT++. All Right Reserved.

bi-output
features

ob
nsubj cas
/—det\ / ‘/—-der\ ? N

cat sitting on the mat
decoding T
. . -
head P|ROOT A cat 18 sitting  on the mat
ROOT 0 | 40 0.1 | 08| 02 | o1 | 03
A 0.1 | 03 | 04 | 03 ‘0\ 02 | 0.1
i
cat 02 | 06 02 | 01 | 03 [~04 | 02
is 04 | 62 | 04 0o | 01| 9 | 05
sittng | 0 | /05 | 0.7 | 08 0.5 | 02 | 06
on 03 |0 0.3 0 0.3 0.5': 0.4
the 04 |'0.1 0 0.2 0 0.2 E 0.2
mat | 05 | '03 | 04 | 02 | 04 | 07 0.85
LY [}
biaffine £(i,5) )
T4 T =

encoder =|—|= =|_|: ';l_r. >
input ‘ ‘ ‘ i a ‘ ‘ a
embedding
ROOT A cat 1s sitting ~ on the mat



[Structure-aware NLP]
How?

Neg*T

» Preliminary-A: Syntax structure parsers

* Transition-based parser
Stack: Buffer: Partial trees E:
Step i: root A cat is sitting on the mat ®
» The process of a finite state automata. £
AttachRight(det)
» Transition process from initial
State to terminal state. \/ Stack: Butfer:
Step i+1: root cat is sitting on the mat EUdet(cat,A)
» The transition framework consists of two core A’/
elements: Action and State. Shifi
| Stack: Buffer:
Pros: Step i+2: root cat is sitting on the mat
Linear decoding, lower complexity A‘/

Cons:

Local-level feature modeling

© Copyright NExT++. All Right Reserved.



Neg*T

[Structure-aware NLP]
How?

» Preliminary-A: Syntax structure parsers

© Copyright NExT++. All F

* Transition steps

Sentence : He, says, the, agency, seriously; needs; money; tog developy

Step Action o’ o’ A o” a” B Ptr Y
0 - [] (] Null i i [1.--.9]
1 | R-START i [ (11" i i [Le9] | [Le-- 9]
2 [] [] Null [(1,1)] [] [2,---.9]
3 O-START [] (] (2,2)° [(1,1)] (] [2,--.9] | [2,---.9]
4 ARC [ [l (2.2)° [ [(1Lh] 2.9 Y U{((2,2)°(1,1)"(hd))}
5 [(2,2)] i Null [(1,1)] i [3.--- 9]
6 R-START [(2.2)] (] (3.4)" [(1,1)] (] [3.---91 |[3.4,---.9]
7 ARC [] [(2,2)] (3.4)" [(1,1)] (] [3,---.9] Y U{{(2,2)°,(3,4)"(tg))}
8 [(2.2)] (] Null [(1,1).(3.4)] (] (4, --.9]
9 | NO-START || [(2.2)] 0 Null [(1,1).(3.4)] (] [5.---.9]
10 | O-START [(2.2)] 0 (5.6)°  [(1.1).(3.4)] ] [5.--.9] |[5.6,--.9]
11 ARC [(2.2)] [l (5.6)° [(1,1)] [34]  [5.--9] Y U {((5,6)°,(3,4)"(hd))}
12 [(2.2)] [ (5.6)° [] [(1,1),3,4] [5,---.9]
13 [(2,2),(5.6)] [ Null [(1,1).(3.4] i [6. - 9]
14 | NO-START | |[(2.2).(5.6)] 0 Null [(1,1).(3.4] (] [7.8,9]
15 | R-START ||[(2.2).(5.6)] il (7,9)" [(1,1).(3.4] (] [7.8,9] [7.8.9]
16 ARC [(2,2)] [(5.6)] (7,.9)" [(1,1).,(3.4] (] [7.8.9] Y U{{(5,6)°(7,9)"(t9))}
17 [] [(2.2).5.6)] (7.9 [(1,1).,(3.4] (] [7,8,9]
18 [(2,2).(5.6)] [] Null  [(1,1),(3.4,(7.9)] [] [8.9]
19 | NO-START | |[(2.2).(5.6)] 0 Null  [(1,1),(3.4.((7.9)] [] [9]
20 | NO-START | |[(2,2).(5.6)] 0 Null  [(1,1).(3.4.(7.9)] ] 0




[Structure-aware NLP]

How?

» Preliminary-A: Syntax structure parsers

\

* Graph-based parser
" Structure parser: Complex information extraction

* Transition-based parser

» Table-filling extractor » Nested NER

 PointerNet extractor » Discontinuous NER

e MRC extractor » Overlapped RE
» Overlapped EE

> ...

* Hypergraph extractor

© Copyright NExT++. All Right Reserved.



[Structure-aware NLP]
How?

Neg*T

» Preliminary-B: Complete modeling of NLP tasks

(. Text-pair classification
* Text classification

* Span classification

(almost) All NLP tasks <

«  Word/token classification

* Input-output synchronized classification

* Input-output asynchronized classification

© Copyright NExT++. All Right Reserved.



[Structure-aware NLP]

Neg*T

How?

» Preliminary-B: Complete modeling of NLP tasks

* Text-pair classification

Representative NLP tasks:

1. Recognition of Text Entailment (RTE)
2. Natural language inference
3. Paraphrase ldentification

© Copyright NExT++. All Right Reserved.

Prediction

Merge
layer

Aggregation
layer

Advanced
encoder

Interaction

Base encoder

Class label .

_________________________________________________________________________

E[h"][h%][h;]
e
Text-b



[Structure-aware NLP]
How?

Neg*T

» Preliminary-B: Complete modeling of NLP tasks

 Text classification

Prediction Class label .
Merge é
layer
Representative NLP tasks: _ e .
1 1
Relation classification Encoder 4 () () (&) () - E
1 1

Topic classification . e
Sentiment classification

Question type classification Input

Intention classification

Emotion classification
Aggressive language classification

Co N & RN~

© Copyright NExT++. All Right Reserved.



[Structure-aware
H OW ? Step-2 decoding(optional):

Inter-span relation classification

Neg*T

» Preliminary-B: Complete modeling of NLP tasks

* Span classification

O Step-1: span extraction

O Step-11: span-relation classification

Step-1 decoding:

Representative NLP tasks: Span extraction

1. Machine reading comprehension

2. Extractive automatic summarization

3. Nested NER

4. Constituency parsing

5.  Nested RE Word

6. Coreference/anaphora resolution representaion
7

Encoder

Input
© Copyright NExT++. All Right Reserved.

[
| E=n :
[

|
| som2 .
| |
| Spa3 |
|
DX G} QX I x|
EmE X X @D UK OTITX
| |
| Seal S w3 St Smk |
e e e e e o e e e e e e e e e
'_______________T ______________ -\
' _ |
R X Esspaidal/ Bel X |
| |
| w3 X 4 5 [3.5], Spanlabel ¢ -/ |
| . .
| . . X B St 0 l
mn X s/ 53X |
‘- |

e e e



[Structure-aware NLP]
How?

Neg*T

. : I | |
» Preliminary-B: Complete modeling of NLP tasks | Memion1 (X Rellabel 8/ Rellabel 8/ |
I
Step-2 decoding(optional): : Meation2 (X X Rettabel 4~/ |
e  Word/token classification Inter-word relation classification I - | - - |
| Mention 3 . X i X L X [
* Input-output synchronized classification | |
| Mention 1 Mention 2 Mention 3 |
e e e )
O Step-1: sequence labeling T
- - =T Y
O Step-11: mention-relation classification Mention 1 Mention 2 Mention 3
Label a Label b Label b

I
Step-1 decoding: :
Word extraction |
. (aka. sequence labeling)
Representative NLP tasks: :

Step 1: Step 2: Word
1. chunk analysis, 1. relationship extraction, representation
2. part of speech tagging, 2. opinion role labeling,
3. named entity recognition, 3. semantic role labeling,
4.  Chinese word segmentation, 4. Opinion-aspect pair extraction, Encoder
5. fine-grained emotion analysis, 5. event extraction,
6. stance extraction, 6. dependency parsing,
7. autoregressive language modeling, 7. semantic dependency parsing
8 8. Input

© Copyright NExT++. All Right Reserved.



[Structure-aware NLP]
How?

Neg*T

» Preliminary-B: Complete modeling of NLP tasks

 Word/token classification

* Input-output asynchronized classification

Aka.
» Sequence-to-Sequence framework
» Encoder-Decoder framework
» End-to-end framework

Context
representatlon

! l
Representative NLP tasks: i [ hy ][ ha ] [ hs J i
1. Neural machine translation, et e B == --r--:--','--i'-'--"rl--‘.'-"'
2. automatic summarization, N . N ) _j ‘\‘_i
3. dialogue system, <85>
4.  autoregressive language modeling
5 Encoder Decoder

© Copyright NExT++. All Right Reserved.



[Structure-aware NLP]

X
.
Ne How?

» Case-I: Making use of the syntax label feature

Output ,h; h, ?h; ?h;

* Label-aware GCN representations
* GCN backbone P A Bs...
AQdE A& Ad AQdK
Norm Norm Norm Norm
* Simultaneously encoding the (5 Q é) .
) |Linea[1 [Linead lLinead lLinearI
syntax label representations
~ e ~ e
Syntax labels x7, 1%, | Xy |ox |
Input words &:) Ls) k;) \F)
-1 -1 -1 -1
U T . S S
A k) 1) T
cee to VICW it online

\K‘mar 74 obj’/? /
sel advmod

[1] Hao Fei, Fei Li, Bobo Li, Donghong Ji. Encoder-Decoder Based Unified Semantic Role Labeling with Label-Aware Syntax. AAAI 2021.
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[Structure-aware NLP]
How? ‘f’.’i‘i‘ff‘_’jf‘ff_‘ff’fi‘___‘f___j{_ffif'i’_’_f’?_’__'_'_'_ii’i‘ff’_’__"_)_ :

Neg*T

{Overall{Potential  High-order Syntactic-aware | | Syntactic-aware
| Scorq Qnm _ Scores _Scores 1|~ Scoring
. e0ee® 0000 {0000} |
) . 9000 _i0000 , 0000 |
» Case-I: Making use of the syntax label feature . l0eee® ~ 0000 T 0000 ]
Pairing | (©€0® (00007 (0000 |
i Biaffine scorfng? T Triaffine scoring
. [ 1 '
d Syntax GCN i Bi Tri -+ H
1 T, m,m, k H
s 3 ‘ |
Term ~ T = '
« GCN backbone Filtermg 4 . S S .
Term i C )« )
Generation 6) é)
: T T — e
* FEncoding: ' : 5 : :
g Syntax Vs i
Fusion [ Label-aware GCN for Syntactic Dependencies and POS Tags

Local-Attention for POS Tags

1) the dependency edges and Encoder | | (" raar tummion

2) syntax labels
3) POS tags

BERT

Input The place is crowded but never loud -+-

[1] Shenggiong Wu, Hao Fei, Yafeng Ren, Donghong Ji, Jingye Li. Learn from Syntax: Improving Pair-wise Aspect and Opinion Terms Extraction with Rich Syntactic Knowledge. IJCAIL 2021.
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[Structure-aware NLP]
How?

Neg*T

! PAg}iop ) ! gergl} End | § [I{)(ge Type
. | rediction ! | redicion ! | tection |
» Case-I: Making use of the syntax label feature ‘----ﬁ----’ e : ‘----ﬁ----'
* Dependency-aid relation-centered . ® © . @ . © .ﬁ} .
raph aggregator [2f3h :
graph aggreg " @ . Qu-:[a:;;hg]
Ko (25 ;h4) o
. . . Mo ! 6.8
*  Graph with multi-relational edges g @[:> . B y :[zg; Bl
T s [mghﬁ]:. N Pe.7
g ®
* Using dependency trees for high-order . N I\ [$I;h5]: (b) RCGA )
feature aggregation (w) HPOG— A

He, says; the; agencyy; seriouslys needss money; tog developy

R\}'(Je'i(_/ K[},"]”/
Role token Opinion token Unknown token Current token
\_ Ep Eq —p Ejp J

[1] Shenggiong Wu, Hao Fei, Fei Li, Meishan Zhang, etc. Mastering the Explicit Opinion-role Interaction: Syntax-aided Neural Transition System for Unified Opinion Role Labeling. AAAIL 2022.
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Syntax labels helps produce explainable results

Dependency labels

» Case-I: Making use of the syntax label feature
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[Structure-aware NLP]
How?

Neg*T

» Case-II: Dynamic structure pruning

* Dynamic structure pruning mechanism

Output representation C/]’)SS @86 @57 @38

* Based on Label-aware syntax GCN

Weighted pruning § _
Performing structure pruning T S adagg- ok

_|_
N AN A
e]0) QO (@]e) o]0
Linear Linear Linear Linear

Word representation 7’5 @_ T ‘@O A 7@_" rs ©O)
Syntax label embedding 25 (@ @) 76« (@ @) =7 :(@ @) 7::(@ @)
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[Structure-aware NLP]

Neg*T

How?

» Case-II: Dynamic structure pruning

Dynamic structure pruning mechanism

(e]¢)

Linear

¢]e)
Linear
@0

Syntax label embedding 56 @0 #::@® - @® = @@

Word representation 75 ©0O)

- Stepl: Generating pruning gating prob based on local attention module
Pruning gating prob ﬂa
%
ighb
N epresentation )
Local Attention
reprggl(jéition @

Step2: Performing discrete transformation on the gating prob via

Gumbel-Softmax
exp (logpi1 +€)/7

gi = )
Zt:O,l exp (logpiy +€)/7

Gumbel(0, 1) = —log(— log(Uniform(0,1))),

Step3: Obtaining the weighted pruning values
G= {Qﬁ} }4= 1

© Copyright NExT++. All Right Reserved.
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[Structure-aware NLP]

Neg*T

» Case-II: Dynamic structure pruning Dynamic structure pruning helps denoising

citn
obj Cjt
NNV
— i )/

WEAG UUJREE b7 T s fE JbaE ke, 5 RTH B0E . JbEE L, 5 RT .

~10—"TC ,; __T_
AM-LO

17,01 ELE ()]

N

cjt

by / ~Aady
/! foc /f b :

” obj
iij\xfﬁf/” \\‘\\\

i Y VO TR Y
R UURE [ T O L L, 5 R R . |

%Y Al

:A”’/ﬁ&\\x\\A]_r//;jr_

1ZHE 0]

IR VURH (r ¥ T L L 5 R B .

(3) label-aware GCN with static syntax pruning (4) label-aware GCN with dynamic syntax pruning
© Copyright NExT++. All Right Reserved.



[Structure-aware NLP]
Ne*T

How?

» Case-III: Deep Syntax-Semantics Communication

Gaps between the syntax and semantics

2 +—|¢| ¢—r||l Similar:

A. James witnessed the tragedy in the city [Synracric|V
B. James loves  the atmosphere in the city | Semantic| >
S R s il S wlh

(a) The same syntactic structure but different semantics.

¥ I v *_ll Similar:
A. They forced to fake his history [Syntactic|x
B. cooked his own past under threat | Semantic| v
t I A1t LS

(b) The similar semantics but different syntactic structures.

Insufficient interactions between syntax and semantics!

[1] Hao Fei, Yafeng Ren, Donghong Ji. Improving Text Understanding via Deep Syntax-Semantics Communication. EMNLP (Findings) 2020: 84-93
© Copyright NExT++. All Right Reserved.



[Structure-aware NLP]
How?
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» Case-III: Deep Syntax-Semantics Communication
* Local communication

> between syntactic tree encoder and
sequential semantic encoder.

tree ,t—1
hpar
-1
htree A

Htree -1 J ") )
Ejree, /,
tree ,t—1 tree ,t—1
hleft Q @hright
N %

- = = ) = g i -

i-1 § Y W Sequential semantic encoder:
S O% = LsT™

Syntactic tree encoder:
= GCN/TreeLSTM

© Copyright NExT++. All Right Reserved.



[Structure-aware NLP]

Neg*T

How?

» Case-III: Deep Syntax-Semantics Communication
* (Global interaction

» at the sentence level over recurrent steps.

B Simulating the propagation in RNN

Output representation ————#L 5000 —

Hidden representation

Input embedding —’".1 ) ~23
Time step — 0 .(__,:._1

© Copyright NExT++. All Right Reserved.
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[Structure-aware NLP]

» Case-III: Deep Syntax-Semantics Communication

More precise on capturing text semantics

- Entailment -Contradict

0.8

Ours
0.4 0.6

0.2

Premise

r=0

r=5

Hypothesis

v W v
Coyote got shot after biting girl in Vanier Park
A | l ' A I+ M +l AL A A A
W W A2 :
Coyote got shot after biting girl in Vanier Park
O S A_2
i I I L L i i l
Girl got shot in park
A gll 'l A p A
S T S
Girl got shot in park
L S

0.2 0.4

0.6

StructAlign

© Copyright NExT++. All Right Reserved.
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[Structure-aware NLP]
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How?

» Case-1V: Heterogeneous syntax integration

* Explicit heterogeneous syntax fusion

» TreelLSTM-based fuser

e

N-ary TreeLSTM

~

rChﬂd—Sum TreelST A/;

Constituency tree

Dependency tree

[1] Hao Fei, Shengqiong Wu, Yafeng Ren, Fei Li, Donghong Ji. Better Combine Them Together! Integrating Syntactic Constituency and Dependency Representations for Semantic Role Labeling.

ACL/IJCNLP (Findings) 2021: 549-559
© Copyright NExT++. All Right Reserved.



[Structure-aware NLP]

Neg*T

How?

» Case-1V: Heterogeneous syntax integration

* Explicit heterogeneous syntax fusion

» SyntaxGCN-based fuser

Dependency arc label

( Const-GCN i
I
@Dy .
N /lal [ .
: \ | — Span boundary bridge
L ,
] : Span boundary
’ | reverse bridging
= o I
![02,23 : Constituency node type
] I
g !
I
I
I
I
I

Constituency tree Dependency tree

© Copyright NExT++. All Right Reserved.



[Structure-aware NLP]

Neg*T

How?

» Case-1V: Heterogeneous syntax integration

<«—— Dependency teacher —>i<— Student —»<«—  Constituency teacher —»

* Implicit heterogeneous syntax fusion
[0503] One-hot label

Dep GCN LSTM Const GCN
» Syntax teacher models th.le_Sum @ \ @ Nearry |
TreeLSTM O8O0 S O0®O| rreersTM

* Dependency tree:

*  Syntax GCN
e Child-sum TreeLSTM

* Constituency tree:

*  Syntax GCN
* N-arry TreeLSTM

» Student model

*  Simply sequential LSTM: linear complexity, faster,
lower parameters. D,@2: Output distillation
@),@: Feature distillation

[1] Hao Fei, Yafeng Ren, Donghong Ji. Mimic and Conquer: Heterogeneous Tree Structure Distillation for Syntactic NLP. EMNLP (Findings) 2020: 183-193

© Copyright NExT++. All Right Reserved.
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[Structure-aware NLP]
How?
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» Case-1V: Heterogeneous syntax integration

* Visualization

/\
VP VP
VP
/J\\:'
T
DT JJ NN NN VBD VBN IN JJ NN
A0 Prd Al

The deadly train crash was caused by terrorist attack

nmod

The deadly train crash was caused by terrorist attack

(a) Manually annotated syntax trees The deadly train crash was caused by terrorist attack

N N

(b) Automatically learned syntax trees
by heterogeneous structure fusor

© Copyright NExT++. All Right Reserved.



[Structure-aware NLP]

— — — — — — — — — — — — — — — — — — —

Transformer Encoders

Neg*T

| |
How? i
- | |
| MLM |
l see = = P ase —P or I
» Case-V: Syntax integration in LMs : Eind Task,
-——  —— 1l _ —_ ___ )
e Structure-aware Transformer LM | Weighted Sum  }——

» Integrating heterogeneous syntax

i
&

training strategy

7
)
] 1
E ® 1€
)
> :

| _Structure Learning Module )

I
I
» Middle-layer syntax-enhanced : i
I
I

» Structure-aware fine-tuning with end-task

D Transformer Layer D Syntax Distance Layer

Phrase Context Phrase Embedding
Word Context @ Phrasal Attention

[1] Hao Fei, Yafeng Ren, Donghong Ji. Retrofitting Structure-aware Transformer Language Model for End Tasks. EMNLP. 2020: 2151-2161
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[Structure-aware NLP]
How?
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» Case-V: Syntax integration in LMs

e Visualization of attention maps of different tasks

Stll -

Financial - Evaluations -

this - slress Sugg;:St ]
; 7 that -
flick - . d -
. is = goo
is ones -
fun - one - are -
and - of - especially -
S0 -
to the - if -
host - . the -
main -
some - effects -
truly - causes - . on-
participants -
excellent - of - are -
sequences - divorce - counted -
RN Y B ET R e mOE U nE g Y
= .Z - 72} 3 —_ . . « W u = : w
2" 5E22e%5% = %2 2 2% 2 5 %% 8 EEEB 822" 288 8KT
" = =3 Bz g 5 P S} = E = z Z @7 @S E = g g
S = s = B = g 3 = & 3
5T = © Z = & & -2 31
2 ) = z =
3 = ]
m £
| | (a) SST (b) Rel (c) SRL
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» (Case-VI: Modeling discourse structure for document-level NLP

* Complete document-level dependency structure

* Inner-sentence: dependency tree . /‘ xcomp o obl—
[NNPFnSUbJ\{VBD [Tolfmark VB obJ lm’vcas

« Inter-sentence: rhetorical structure theory (RST) structure Tom  planned to play trickon  Maria

-
-

-
- -
- -
- -
- -
- -
- -
- -
- -
- -
- -
- -
- -
- -
- -
- -
- -
- -
- -
- -
- -
- -
- -
. -
- -
-

| Tom planned to play trick on Mariaf
elaboration C‘
by telling her the diagnosis of terminal cancer of her father .

cause
result Maria was weeping in great grief , Sadness ~ Cause

interpretation

since her father was the only family in the world . Guilt — Cause

Seeing this, Tom felt a deep sense of shame on his prank .
S~—"-7

[1] Hao Fei, etc. Transition-based End-to-end Emotion-Cause Pair Extraction with Implicit Discourse Knowledge. IEEE TRANSACTIONS ON AFFECTIVE COMPUTING, 2022.

© Copyright NExT++. All Right Reserved.



[Structure-aware NLP]
How?
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» Case-VII: Modeling discourse structure for dialogue-level NLP

* Dialogue-level NLP challenges 51 Pheebs, can you help me pick out

an engagement ring for Monica?
S2-Now, have you told anyone else? | (2

—
\

<Monica, S1> per:girl/boyfriend
<Chandler, S1>  per:alternate_names

. . | |
« Multi-party dialogue threads are scattered and s34 B @ | ! '
R . . you guys whispering? ! !
entangled; There’s a logical answering structure 51 No, no one clse but you, because | /4 1 g |
between utterances from different speakers (parties). you are my best friend. 5 |
S2- It's nothing special, Monica. 5 \
Argument Pair Relation Type / 3
* The speaker coreference ambiguity problem. <S1, Monica>  per:girl/boyfiiend 4 !
; :
| 5 l
| T !
| 1 !

P e = = = = — -
I T T4

. . <Pheebs, S2> per:alternate names
* Dependency syntax is an effective feature for <Monica, S3> per:alterzateinames
. . <S1, §2> er:friends
sentence; It is intractable to directly apply the syntax P e porfiondy  ‘mm==—ee--e- -

structure information for dialogue.

Figure 1: Left: dialogue-level relation extraction. Right: dialogue-
answering structure.

[1] Hao Fei, Jingye Li, Shengqiong Wu, Chenliang Li, Donghong Ji, Fei Li. Global Inference with Explicit Syntactic and Discourse Structures for Dialogue-Level Relation Extraction. IJCAIL 2022

© Copyright NExT++. All Right Reserved.
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» Case-VII: Modeling discourse structure for dialogue-level NLP

* Dialogue-level Mixed Dependency Graph /1
Pheebs) (help p]Ck
mub obj
Sl s2
ring
g *EM‘W\* {m”/-f\k
* Dialogue answering edge engagement ) ( Monica old) (anyone
dia * +advm.od
else 93
* Speaker coreference edge S ord
o ”i/}% whispering
- . dep,
. +==( no )(one)( friend nsu —~>
* Syntactic dependency edge PR o T o Pheebs) (guys) -
best) (you 7 o compd dep\~
A‘m --+ (Chandler)( you
* Speaker-predicate edge *+ (nothing )(Monica

-------------------------

Inter-utterance Structures:

-------------------------

| |
] 1
i —— Dialogue answering edge i —— Syntactic dependency edge
I |
I |

Speaker coreference edge Speaker-predicate edge
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» Case-VIII: Modeling generic latent structure

* Predicate-oriented latent graph

* Automatically inducing latent
graph structure for end task

« Latent graph: HardKuma distribution
theory

1z " bredicate node | g ating
word — _© Wordnode | oot
— —(
<SEP>—> % | |
word — % 'z, —:> +>
N =~ S b
<SEP>— | I
- Lo,
- e
Input Er]?cegger Iriigcl;:il(r)n Ig‘grlﬁfllz;g EFr’l(g(I)fllé‘r Decoder

[1] Hao Fei, Shengqiong Wu, Meishan Zhang , Yafeng Ren, Donghong Ji. Conversational Semantic Role Labeling with Predicate-Oriented Latent Graph. IJCAIL 2022

© Copyright NExT++. All Right Reserved.
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Distance (d)

. . : di |
» (Case-VIII: Modeling generic latent structure eeo® | 5 opredieate bl e |
@i | O 0 | {HardKuma Distribution]
. . i Utt,_» O @] : k_\\ ,,r
* Predicate-oriented latent graph CeD | m.o v .
I Utt, |
:) : Inﬂuen?e '|
R - .
e Predicat tered G ian Ind , Utterance Token Predicate-centered Predicate-oriented
redicate-centere aussian Inducer. Representation Gaussian Inducer Latent Graph
a Value

—+— DuConv —— NewsDialog —— PersonalDialog
2 H T T I I I I T

©
o

Performances on each data (F1 %)

* Dynamic Structural Pruning:

|
-
o

[
(=]

[=2]

(=]

FE = «a-Entrmax(FE) ,

—{ 50

40

o is a dynamic parameter controlling the sparsity. 0
. 1.2

*  When a=2 the Entrmax becomes a Sparsemax mapping, 20

*  while a=1 it degenerates into a Softmax mapping 10

| | | | | | | o
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000 5500 6000

© Copyright NExT++. All Right Reserved. Train iterations
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» Case-VIII: Modeling generic latent structure

* Latent Adaptive Structure-aware Generative Language Model (GLM) for UIE

» three-stage training process: structure-aware post-training

Large-scale corpora

%!

=

Learning
language semantics

wasdy

Wiodel

Stage I:
Unsupervised Pre-training

Plain texts

(-

" Learning Learning
language syntactic
semantics structures

Stage II:

Unsupervised Structure-aware
Post-training

[1] Hao Fei, etc. Unifying Information Extraction with Latent Adaptive Structure-aware Generative Language Model. NIPS2022. submitted.

© Copyright NExT++. All Right Reserved.

In-house training data

Span Extraction
Pair Extraction

Hyper-pair Extraction

=

Fine-tuning | | _. .
S_vnmcrz'cg F mi}tum;:g
structures end-as.

E
!_ yoeal
Stage III:

Supervised Task-oriented
Structure Fine-tuning



[Structure-aware NLP]

Neg*T

» Case-VIII: Modeling generic latent structure

* Latent Adaptive Structure-aware Generative Language Model (GLM) for UIE

* Unsupervised structure-aware post-training

¥ ¥ £
Dependency (w) )\ (Dependency Deﬂ)ﬁendency D : 1) M. . » . h O
o Pa(wlw trees orest d easuring constituency syntax wi
° Heterogeneous StI'llCture struchire induction g % GAT U i
: TRH]eFD 0% H— de, 1 U !
inductor o f .
Constituency C D> High-order I
structure induction P (Celw:) > I structure feature |
o ’ ;
RuleT- O% C\)QO/_» ngggjo GAT I 1 2 3 b 5 6 7 8
Constituency Constituency u’ { _________ el TTTN ) om0 O 05=3 ) 02 0520 03=2] 03=0 | 05 =
2l c
o o trees ? forest }-7:0 f : I
Heterogeneous | AddgNom € 1|
hd Structural broadcaster \ Structure Inductor \. Structural Broadcaster Sk Mnhlihea 4 : ! 2) Measuring dependency svntax with O”
1 /)| LM Encoder Aﬁmﬁ? I :
( ) 4 N | /N
- |
18t ond 22 1 1 | | O I L -~ ey _,_? : | 1/-\2//\3 4 s 6/7}3
!/’ T\ — Ly : Add&Nom 1 | : 0{20.5 0505 0§=35 0225 0215 045 0205 015
1
' — rm Trm|® e *|Trm y’_)—-b Trw ]’hn see Iﬁ'm——by’ 1€ ¢ Masked : )
Y=rfpa|-—d-_| [} BStm ((i:nml?l Tﬁglltgad |
L _ 4 . =
<. : roaceaster 1 : 3) Example sentence
o 1
AN : 1 My dog barks at the boy in red
. LMEncoder \. LMDecoder s _ _ _ Cross-attention AN
I

(a) Unsupervised structure-aware post-training (b) Heterogeneous syntax measurements
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How?

» Case-VIII: Modeling generic latent structure

* Latent Adaptive Structure-aware Generative Language Model (GLM) for UIE

* Task-oriented Structure Fine-tunin ’ ( -
g oo, ﬁfﬂgf,fm EE0%)ata  Lrs T et Lre
v EZEd0° i :
Heterogeneous |: |
Structure Inductor —_ :: [Typei] (Span,, Attr,) :
. - . as rediction T S , Attr

v’ narrowing the gaps between Adjust likelibood . ogr@D|| 1y | LTypes] Gpans, Aty i
. . o® o |structures| s e L\ ), [
the induced syntactic and e €T | 1 ) |
. oo csxooﬁ; Linearized 1 (Spany, Attry I
task-specific structures. |_ Structural Broadeaster ] | hierarchical Y | |
Taskl ) :
" B g \ ] } |
LM Encoder LM Decoder : I
4 J Y J ) Span Extraction |
‘IC] Pair Extraction :

s ) ||
Input text 1= Pper-pair Extraction)
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[Structure-aware NLP]
How?

» Case-VIII: Modeling generic latent structure

Neg*T

» Latent Adaptive Structure-aware Generative Language Model (GLM) for UIE

[ OUIE+Dep&ConSynd B UIE4+DepSyn L B0 UIE4ConSyn [0 UIE

LasUIE LasUIE w/o ConStru ' [ LasUIE w/o DepStru ' [ LasUIE w/o SB
(OntoRote) (CoNLLO4) (ACE03) (CoNLLO1) (MPOA) (ACH0S)
» Less error on two crux of IE: iE: . K 52
HH i | . ﬂ | : ﬂﬂ | | . HH i | . HH In
. [ Mar 10 . | . -
* long-range dependence issue a1 2 allflll il || 1] 17 il || ] 20 TN
(a) Error rate (%) on boundary recognition (b) Error rate (%) on relation detection
° boundary ident ljﬁ/lng Figure 4: Error rates on boundary recognition and relation detection. respectively.
Span Extraction Pair Extraction Hyper-pair Extraction
()7 1004 Dependency forest p100A D w13 g
. 80 {80 [11-15] " =
» Structural fine-tuning oo | 2 o % oo 710 3
o 40| 482 483 B 40 ;‘(O\ [3-6] ? §
= 20| g T T o 120 = <3 §-
* Dynamically adjusting the = ool S5115T110 1 LN s P
; ; g SRR EEEEEEEEE 5 3
learned structure information : o & ) :
4 . o M A7) 474 47, 3 3 &
in accordance with the end- EA A § ) | ¥ g ) §£ & & ||
‘ ) w0 o
tas k <’ nee d 60 * 192 494 496 495 496 | 60 (1) <P é
. 80 - 80 & fg-; > o, TS Q‘ao RN & N
Q( 100+ Constituency forest 100 AC C,Qe\}, \0%& YQQ)YS"{%&QQ%& "\é YQQ)& @%\Y’O@Q@% C,éé\}) yg’%\é)
Figure 5: Trajectories of the changing structure ‘ S T
agreement rates and densities during task-oriented Figure 6: The distributions of the range OfDWOI'd‘
structure fine-tuning, based on event extraction word dependency link (words) in forest /= and
(ACEQ5). X-axis is the iteration steps for fine- the constituency phrasal span width (words) in

© Copyright NExT++. All Right Reserved. tuning. Bars means the task performances (F1). forest < on each data.
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WHAT to do next?
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[Structure-aware NLP]

What next?

Neg*T

» Summarizing

* Syntactic structure information offers additional features for NLP semantic
understanding from low-level linguistic bias.

» Effectively modeling the syntactic structure knowledge helps further enhance the utility of
structure integration for a wide range of NLP applications. [The focus of this talk]

» Next, extending the idea of enhancing structural awareness to the applications in other
domains besides NLP, i.e., Multimodality modeling.

* Structure-aware lext-Image
e Structure-aware Text-Video

© Copyright NExT++. All Right Reserved.



[Structure-aware multimodal]

What next?

Neg*T

» Structure matching in dual learning

* Dual Learning
*  Many NLP/CV/Multimodal tasks appear in dual form.

* Neural machine translation: [Lan-A -> Lan-B] VS. [Lan-B -> Lan-A]
» Paraphrase generation: [Target -> Source] VS. [Source -> Target]

» [Text classification] VS. [Conditioned text generation]

* Dual learning: modeling the duality between the primal and dual tasks,

by minimizing the gap between joint distributions of the two tasks.

* Existing Problem

Current dual learning scheme fails to explicitly model the
structural correspondence in between.

[1] Hao Fei, Shengqiong Wu, Yafeng Ren, Meishan Zhang. Matching Structure for Dual Learning. ICML. 2022

© Copyright NExT++. All Right Reserved.

Duality Scheme Direction Representative Application(s)

Neural Machine Translation,

Text<+Text  — or +— .
Paraphrase Generation

— Text-to-Image Synthesis
Text«>Image i

T Image Captioning

— Text Classification
Texte>Label - Conditioned Text Generation

— Image Classification
Tmage++Label — Conditioned Image Generation

Image<+Image —— or «+— Image Translation

SN

Primal task
forz—y

Min ||p,9 (1', :U) _ 'pt.") ('T': :l',')| |

Dual task /( M
Go Y= x

Figure 1. Left: dual learning framework. Right: dual learning
with alignment of structural supervision.
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Neg*T

What next?

» Structure matching in dual learning

» Dually-Syntactic Structure Matching for
Text-to-Text Dual Learning

Dual task

Primal task
9, T" = fo(z, T")

-
s

\
]
\y !
L7

b
"‘T
Vs ~
-~ - ~

%
<4 S YN Rol

Dually-Syntactic Rol Aligning
<« - — » Structural Cross-Reconstruction

Figure 2. Symmetrically syntactic structure matching for dual
learning.
© Copyright NExT++. All Right Reserved.
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Bl 28.04 /3091 / 3944 [ 3532 [
e Baseline B2 2822/ 3072 [ 3968 / 3590 |/
B3 2857 /3100 [/ 39.80 /3585 [
M1 1624 [/ 2069 [/ 2092 [/ 2749 [
o Seq2seq-based M2 1706 +0.82 21.62 +0.93  31.15 +1.23 28.82 +1.33
M3 16.81 / 20381 / 31.99° 7 2835 /
M4 23.24 +2.43 31.27 +1.92
M1 2524 [/ 2842 [ 3721 [ 3208 [
M2 27.07 +1.83 29.84 +1.42 3873 +1.52 3395 +1.87
M3 2646 /2907 [/  38.10 / 3252
o Transformer-based M4(RANK) 29.71 +3.25 3340 +4.23 4228 +4.18 37.09 +4.57
' ’ M4(CL) 30.03 +3.57 3396 +4.79 42.82 +4.72 37.76 +5.24
ONLYSYN 2790 +1.44 30.81 +1.64  39.03 +0.93 34.60 +2.08
-SALN 2823 +1.77 31.15 +1.98 3955 +145 3507 +2.55
SYREC  29.56 +3.10 32.68 +3.51  41.17 +3.07 3634 +3.82

Table 1. Results (BLEU scores) on NMT. Two colors indicate the coupled tasks, respectively. Color depth highlights the significances of
the results improvements. ‘+’ means the improvement over the counterpart without using structure knowledge (e.g., M2-M1, M4-M3).
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Ne*T

What next?

» On-Going work-I: Unsupervised vision-language grammar induction

* Two main challenges

(2)

Language
Grammar
Induction

A man pushes a boy
on a zip-line

Context-dependent semantic representation learning. A'man pushes a  boy on a zip-line

ﬁ

l/ /
F ]
iy \

A manpushesa boy on a zip-line

Fine-grained vision-language alignment for all levels of the Vision-
Language
Grammar
Induction

hierarchical structure.

A man pl;:lsh_és a by
on a zip-line

v’ Pre-training multimodal language model via unsupervised learning
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N What next?

» On-Going work-II: Deep Text-Image structure alignment

« Image side: scene graph/objective proposals

. . » Improving the explainability of the multi-modal system
» Text side: constituency-dependency structure

N NN NN NN NN NN BN NN BN S NN NN SN BN NN SN S SN NN SN BN NN BN S SN NN SN BN NN BN S SN NN SN BN NN BN S SN NN SN B NN BN S SN NN SN B NN BN S BN BN S B NN B S NN N S By,

A cat

A cat is on the ground. PN
- N

the ground
Constituency Parse Tree

-

P oc Visual-Language semantics alignment

© Copyright NExT++. All Right Reserved.
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Neg*T

What next?

» On-Going work-III: Deep Text-Video structure alignment

* Video side: event proposals?
» Text side: event/semantic structure

© Copyright NExT++. All Right Reserved.

One single image: m
The alignments between the visual

Rachel and Rose. — object and text entities

Video:
Rachel explains to her dad on « Static entities alignments
the phone why she can't marry — ' * Dynamic event alignments
her fiancé.
I A0 prd Al !
i I
| l |
i I
i I
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N What next?

» On-Going work-1V: Multimodal spatial semantics understanding

» Spatial relation detection/Visual spatial description

Given an image and two objects inside it,
VSD produces one description focusing on
the spatial perspective between the two

objects.

Created benchmark datasets:
* 30K images;

* 100K sentences.

© Copyright NExT++. All Right Reserved.

Hipi?
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i

A e,

Condition Target Text
Image Captioning —_— A man is walking past a ««r A
SRL-based Captioning walk; <Arg>, <Loc> man is walking cross a street

Visual Question Answering | What color is the «:?

The is red

Our Work: VSD <man, >

<car, pole>

A man is walking behind a red

A red is parked to the left of a pole.
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What next?

Neg*T

» On-Going work-V: Multimodal semantic role labeling

* Semantic role labeling (SRL) M " Sfay-()j ;
— \i[ﬁ_
When victims and witnesses stay silent , nothing changes
‘Who did what to whom, when and where’ : 23 4 s 6 7__8 9
) ‘\\‘
"‘A-TMP—/AL/ T
2) change.01

* Multimodal semantic role labeling/Spatial Role Labeling SemEval-2015 Task 8

[Arriving,,1] [in,,s1] the [town of Juanjui,;; ], near the

Trajector Landmark .
fj—\ { | [park;;2], [Ise1] learned that my map had lied to me.
a flag the building
‘ , <MOTION id=m1 extent="‘Arriving’” motion type=PATH motion class=REACH
motion sense=LITERAL>
Sp ]ndicator <MOTION SIGNAL id=ms1 extent="in"" motion signal type=PATH>

<PLACE id=pl1 extent="town of Juanjui”’ form=NAM countable=TRUE
dimensionality=AREA>
<f/0g, , bUIldIng> <PLACE id=pl2 extent="park’ form=NAM countable=TRUE dimensionality=AREA>
<SPATIAL ENTITY id=sel extent="1" form=NOM countable=TRUE
dimensionality=VOLUME>
<MOVELINK id=muvl1 trigger=m1 goal=pl1l mover=sel goal reached=TRUE motion
signallD=ms1>

Sp Relation

© Copyright NExT++. All Right Reserved.
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What next?

Neg*T

Structure awareness has more potential...

© Copyright NExT++. All Right Reserved.
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