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Morning Session
• Part 1:  Introduc.on  – Julia Bonn

• Part 2a: Common Meaning Representa.ons: 
• AMR  – Julia Bonn

• Other Meaning Representa5ons – Jan Hajič

• Break

• Part 2b: Common Meaning Representa.ons 
• UMR – Nianwen Xue

Tutorial Outline

Tutorial Outline



A/ernoon Session
• Part 3: Modeling Meaning Representa.on: 

• SRL – Ishan Jindal

• AMR – Jeff Flanigan

• Break

• Part 4: Applying Meaning Representa.ons 
       – Yunyao Li, Jeff Flanigan

Part 5: Open Ques.ons and Future Work 
        – Nianwen Xue

Tutorial Outline



Meaning Representa-ons for Natural Languages Tutorial Part 3a 
Modeling Meaning Representa0on:  

Seman&c Role Labeling (SRL)

Julia Bonn, Jeffrey Flanigan, Jan Hajic, Ishan Jindal, Yunyao Li, Nianwen Xue



Who did what to whom, when, where and how? 
(Palmar, 1990; Gildea and Jurafsky, 2000; Màrquez et al., 2008)
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Seman/c Role Labeling (SRL)



brokeDerek the window with a hammer to
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Predicate IdenOficaOon1 IdenOfy all predicates in the sentence

broke

Seman/c Role Labeling (SRL)

escapeescape



break.01

broke

Predicate IdenOficaOon1

2

IdenOfy all predicates in the sentence

Sense DisambiguaOon Classify sense of each predicate
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break.01, break
A0: breaker
A1: thing broken
A2: instrument
A3: pieces
A4: arg1 broken 
away from what?

English Propbank

Breaking_apart
Pieces
Whole
Criterion
Manner
Means
Place…

FrameNet Frame

Break-45.1
Agent
PaGent
Instrument
Result

VerbNet

Seman/c Role Labeling (SRL)

Derek the window with a hammer to escape.

https://verbs.colorado.edu/propbank/framesets-english-aliases
https://framenet2.icsi.berkeley.edu/fnReports/data/frameIndex.xml?frame=Breaking_apart
https://uvi.colorado.edu/verbnet/break-45.1


break.01

Predicate IdenOficaOon1

2

3

IdenOfy all predicates in the sentence

Sense DisambiguaOon Classify sense of each predicate

Argument IdenOficaOon Find all roles of each predicate 
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Argument identification can either be 
- Identification of span, (span SRL) OR
- Identification of head (dependency SRL)

broke

Seman/c Role Labeling (SRL)

Derek the window with a hammer to escape



Predicate IdenOficaOon1

2

4

3

IdenOfy all predicates in the sentence

Sense DisambiguaOon Classify sense of each predicate

Argument IdenOficaOon Find all roles of each predicate 

Argument ClassificaOon Assign semanOc label to each role
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Breaker thing brokenbreak.01 instrument Purpose

Seman/c Role Labeling (SRL)

break.01

brokeDerek the window with a hammer to escape



Predicate IdenOficaOon1

2

4

3

IdenOfy all predicates in the sentence

Sense DisambiguaOon Classify sense of each predicate

Argument IdenOficaOon Find all roles of each predicate 

Argument ClassificaOon Assign semanOc label to each role
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A0: Breaker A1: thing brokenbreak.01 A2: instrument AM-PRP: Purpose

Seman/c Role Labeling (SRL)

break.01

brokeDerek the window with a hammer to escape

If using 
PropBank



Predicate IdenOficaOon1

2

4

3

IdenOfy all predicates in the sentence

Sense DisambiguaOon Classify sense of each predicate

Argument IdenOficaOon Find all roles of each predicate 

Argument ClassificaOon Assign semanOc label to each role
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A0: Breaker A1: thing brokenbreak.01 A2: instrument AM-PRP: Purpose

Seman/c Role Labeling (SRL)

break.01

brokeDerek the window with a hammer to escape

5 Global OpOmizaOon Global constraints (predicates and arguments)
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Outline

q Early SRL approaches [< 2017]

q Typical neural SRL model components
q Performance analysis

q Syntax-aware neural SRL models
q What, When and Where?
q Performance analysis
q How to incorporate Syntax?

q Syntax-agnosBc neural SRL models
q Performance Analysis
q Do we really need syntax for SRL?
q Are high quality contextual embedding enough for SRL 

task?

q PracBcal SRL systems
q Should we rely on this pipelined approach?

q End-to-end SRL systems
q Can we jointly predict dependency and span? 

q More recent approaches
q Handling low-frequency excepGons
q Incorporate semanGc role label definiGons
q SRL as MRC task

q PracBcal SRL system evaluaBons
q Are we evaluaGng SRL systems correctly?

q Conclusion
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Early SRL Approaches
Ø 2 to 3 steps to obtain complete predicate-

argument structure

Ø Predicate Iden9fica9on
Ø Generally considered as not a task, as all the 

exisGng SRL datasets provided Gold predicate 
locaGon.

Ø Predicate sense disambigua9on
Ø LogisGc Regression [Roth and Lapata, 2016]

Ø Argument Iden9fica9on
Ø Binary classifier [Pradhan et al., 2005; Toutanova et 

al., 2008]

Ø Role Labeling
Ø Labeling is performed using a classifier (SVM, 

logisGc regression) 
Ø Argmax over roles will result in a local assignment 

Ø Requires Feature Engineering
Ø Mostly Syntac9c [Gildea and Jurafsky, 2002]

Ø Global Op9miza9on
Ø Enforce linguisGc and structural constraint (e.g., no 

overlaps, disconGnuous arguments, reference 
arguments, ...) 

Ø Viterbi decoding (k-best list with constraints) 
[Täckström et al., 2015] 

Ø Dynamic programming [Täckström et al., 2015; 
Toutanova et al., 2008] 

Ø Integer linear programming [Punyakanok et al., 
2008] 

Ø Re-ranking [Toutanova et al., 2008; Bjö̈rkelund et 
al., 2009]
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Outline
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Encoder

Classifier

Embedder

Input Sentence

Word embeddings
- FastText, GloVe
- ELMo, BERT

Types of encoder
- LSTMs, Attention

- MLP

Typical Neural SRL Components
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A typical neural SRL model contains three 
components

Ø Classifier
Ø Assign a semantic role label to each token 

in the input sentence. [Local + Global]

Ø Encoder:
Ø Encodes the context information to each 

token.

Ø Embedder:
Ø Represent input token into continuous 

vector representation.



Encoder

Classifier

Embedder

Input Sentence

Word embeddings
- FastText, GloVe
- ELMo, BERT

Neural SRL Components – Embedder
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Ø Embedder:
Ø Represent input token into continuous 

vector representation.

He had dared to defy nature

Embedder

Ø Could be sta9c or dynamic embeddings
Ø Could incorporate syntax informa9on

Ø Usually, a binary flag
Ø 0 à represents no predicate
Ø 1 à represent predicate
End-to-end systems do not include this flag

Sub-task: Argument Classifica9on



Encoder

Classifier

Embedder

Input Sentence

Word embeddings
- FastText, GloVe
- ELMo, BERT Dynamic Embeddings 

Merchant et al., 2020

Neural SRL Components – Embedder

Static Embeddings

GLoVe:
• He et al., 2017
• Strubell et al., 2018

SENNA:
• Ouchi et al., 2018

ELMo: 
• Marcheggiani et al., 2017 
• Ouchi et al., 2018
• Li et al., 2019
• Lyu et al., 2019
• Jindal et al., 2020
• Li et al., 2020

BERT: 
• Shi et al., 2019
• Jindal et al., 2020
• Li et al., 2020

BERT: 
• Shi et al., 2019
• Conia et al., 2020
• Zhang et al., 2021
• Tian et al., 2022

RoBERTa:
• Conia et al., 2020
• Blloshmi et al., 2021
• Fei et al., 2021
• Wang et al., 2022
• Zhang et al. 2022

XLNet:
• Zhou et al., 2020
• Tian et al., 2022

18

Ø Embedder:
Ø Represent input token into continuous 

vector representation.

Sub-task: Argument Classifica9on



85.28
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91.4 91.5
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Random GLoVe; Cai
et al., 201 8

ELMo; Li et
al., 20 19

BERT;
Conia et
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BERT;
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Wang et
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WSJ

F1

75.09

79.3

83.28
84.67

85.9
87.2

70

75

80

85

90

95

100

Random GLoVe; H e
et al., 201 8

ELMo; Li et
al., 20 19

BERT;
Conia et
al., 20 20

BERT;
Conia et
al., 20 20

RoBERTa;
Wang et
al., 20 22

Brown

F1

Static Static

Dataset: CoNLL09 EN

Performance Analysis
Best performing model for each word embedding type
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Does this mean that we only 
need beGer contextualized 
embeddings to perform well 
on SRL task?

Sub-task: Argument Classifica9on



Encoder

Classifier

Embedder

Input Sentence

Neural SRL Components – Encoder
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Ø Encoder:
Ø Encodes the context information to each 

token.

Types of encoder
- BiLSTMs
- Attention

He had dared to defy nature

Embedder

Encoder
LeT pass

Right pass

Encoder could be 
Ø Stacked BiLSTMs or some variant of LSTMs 
Ø AWen9on Network

Incorporates syntax informa9on

Sub-task: Argument Classifica9on



Encoder

Classifier

Embedder

Input Sentence

Neural SRL Components – Classifier
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Ø Classifier
Ø Assign a semantic role label to each token 

in the input sentence.

He had dared to defy nature

Embedder

Encoder

Usually a FF followed by SoTmax

- MLP

Classifier

B-A0 0 0 B-A2 I-A2 I-A2

Sub-task: Argument Classifica9on
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Outline
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23

What and Where Syntax?

<latexit sha1_base64="DDfPssnDMCfvIPspxYHzFdvDzxQ="></latexit>

[Derick] broke the [window] with a [hammer] to [escape] .

Derick break the window with a hammer to escape .

PROPN VERB DET NOUN ADP DET NOUN PART VERB PUNT

nsubj det

obj mark

det

obl

mark

obl

ROOT

Surface form

Lemma form

U{X}POS

Dependency 
Rela9on

Everything or anything that explains the syntac9c structure of the sentence

Parsed with UDPipe Parser: hep://lindat.mff.cuni.cz/services/udpipe/ 

What Syntax  for SRL? 

http://lindat.mff.cuni.cz/services/udpipe/


Syntax at Embedder

Concatenate {POS, dependency relation, 
dependency head and other syntactic information}

Where the Syntax is being used?
Marcheggiani et al.,2017b

Li et al., 2018
He et al., 2018

Wang et al., 2019
Kasai et al., 2019
HE et al., 2019

Li et al., 2020
Zhou et al., 2020

24

Encoder

Classifier

Embedder

Input Sentence

Word embeddings
- FastText, GloVe
- ELMo, BERT

EMB



Syntax at Encoder

Dependency tree
- Graphs 
- LSTMs Trees

Marcheggiani et al., 2017

Zhou et al., 2020
Marcheggiani et al., 2020

Zhang et al., 2021

Tian et al., 2022

25

Encoder

Classifier

Embedder

Input Sentence

Types of encoder
- BiLSTMs
- Attention

ENC

Where the Syntax is being used?



Joint Learning
At what level Syntax is used?

Strubell et al., 2018

Shi et al., 2020

Mul9-task learning

26

Encoder

Classifier

Embedder

Input Sentence

Word embeddings
- FastText, GloVe
- ELMo, BERT

Types of encoder
- BiLSTMs
- Attention

- MLP



87.7 88

89.5 89.8 90.2
90.86 90.99 91.27 91.7

92.83

80

82

84

86

88

90

92

94

Marcheggiani
et al.,20 17b

Marcheggiani
et al., 201 7

He et al., 2 018 LI et al. , 2018 Kasai et al.,
20 19

HE et al., 20 19 Lyu et al. , 2019 Zhou et al.,
20 20

LI et al. , 2020 Fei et al., 202 1

WSJ

F1

Dataset: CoNLL09 EN

2018 2019 2020 2021à2017

Emb Enc Emb Enc Emb Emb Enc
+

Emb

EncEmb

BERT/Fine-tune Regime

+2.0-2.9

Comparing Syntax aware models

Performance Analysis

Enc

27

Encoder level is best suited for utilizing dependency 
graphs that provides an extra information about how the 
tokens are connected to each other syntactically



A Simple and Accurate Syntax-Agnos9c Neural Model for 
Dependency-based Seman9c Role Labeling

Marcheggiani et al., 2017

Ø Predict seman9c dependency edges between 
predicates and arguments.

Ø Use predicate-specific roles (such as make-A0 
instead of A0) as opposed to generic sequence 
labeling task. 

29

Syntax at embedder level

Diego Marcheggiani, Anton Frolov, and Ivan Titov. 2017. A Simple and Accurate Syntax-AgnosHc Neural Model for Dependency-based SemanHc Role Labeling. In Proceedings of the 21st 
Conference on Computa6onal Natural Language Learning (CoNLL 2017), pages 411–420, Vancouver, Canada. AssociaHon for ComputaHonal LinguisHcs.

https://aclanthology.org/K17-1041


Marcheggiani et al., 2017

Wp

à 

Randomly ini9alized word embeddings
Wr

à 

Pre-trained word embeddings

PO

à 

Randomly ini9alized POS embeddings

Le

à 

Randomly ini9alized Lemma embeddings

à 

Predicate specific feature [Binary]

Embedder OR 
Input word representa9on

He had dared to defy nature

Embedder

30

Wp

Wr

PO

Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Syntax at embedder level



Marcheggiani et al., 2017

Encoder

He had dared to defy nature

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Embedder

Encoder

Several  BiLSTMs layers

- Capturing both the leT and the right context
- Each BiLSTM layer takes the lower layer as input

31

Syntax at embedder level



Marcheggiani et al., 2017

Prepara9on for classifier

Provide predicate hidden state as another another 
input to classifier along with each token.  

He had dared to defy nature

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Embedder

Encoder

+ ~6% F1 on CoNLL09 EN

32

The two ways of encoding predicate informa9on, 
using predicate-specific flag at embedder level and 
incorpora9ng the predicate state in the classifier, 
turn out to be complementary.

Syntax at embedder level

Predicate 
Hidden state



Marcheggiani et al., 2017
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Bjö̈rkelund et al. 
(2010) 

Täckström et al. 
(2015) 

FitzGerald  et a l.
(2015 )

Roth and Lapata
(2016 )

Marcheggiani e t
al. (2017 )

WSJ
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Bjö̈rkelund et 
al. (2010)

Täckström et 
al. (2015)

FitzGerald  et
al. (2015 )

Roth and
Lapata (2 016)

Marcheggiani
et al. (2 017)

Brown

33

Syntax at embedder level

Dataset: CoNLL09 EN



Marcheggiani et al., 2017

Takeaways

Ø Appending POS does help  à approx. 1 F1 points gain

Ø Predicate specific encoding does help à  approx. 6 F1 point 
gain

Ø Quite effec9ve for the classifica9on of arguments which are 
far from the predicate in terms of word distance.

Ø Noted: Substan9al improvement on EN OOD over previous 
works.

He had dared to defy nature

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Embedder

Encoder

Classifier

A0 0 0 0 A2 0

34

Syntax at embedder level



Encoding Sentences with Graph Convolu9onal Networks for 
Seman9c Role Labeling

Marcheggiani et al., 2017b

He had dared to defy nature

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Embedder

Encoder

Classifier

A0 0 0 0 A2 0

K layers GCN

Ø Basic SRL components remains the same as compared 
to [Marcheggiani et al., 2017]

Ø  GCN layers are inserted between Encoder and 
Classifier.
Ø Re-encoding the encoder representa9ons based 

on syntac9c structure of the sentence. 
Ø Modeling syntac9c dependency structure  

35

Syntax at encoder level

Diego Marcheggiani and Ivan Titov. 2017. Encoding Sentences with Graph ConvoluHonal Networks for SemanHc Role Labeling. In Proceedings of the 2017 Conference on Empirical Methods in 
Natural Language Processing, pages 1506–1515, Copenhagen, Denmark. AssociaHon for ComputaHonal LinguisHcs.

https://aclanthology.org/D17-1159


Marcheggiani et al., 2017b

He had dared to defy nature

Ø Want to encode informa9on k nodes away
Ø Use k layers to encode k-order neighborhood.

Ø Helped capture the widened syntac9c neighborhood.
ReLU ReLU ReLU ReLU ReLU ReLU

nsubj
xcomp obj

aux mark
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W

(1
)

se
lf

<latexit sha1_base64="C7F53Y/OaV04lPikHNPSRzKAF7c=">AAACB3icbVC7SgNBFJ2Nrxhfq5aCDCZCbMJuELUM2lhGMA/IrmF2MpsMmX0wc1cMy3Y2/oqNhSK2/oKdf+PkUWjigYHDOfcx93ix4Aos69vILS2vrK7l1wsbm1vbO+buXlNFiaSsQSMRybZHFBM8ZA3gIFg7lowEnmAtb3g19lv3TCoehbcwipkbkH7IfU4JaKlrHpYc4AFTuHWXlu2TrJs6wB4g1RP9LCt1zaJVsSbAi8SekSKaod41v5xeRJOAhUAFUapjWzG4KZHAqWBZwUkUiwkdkj7raBoSvdtNJ3dk+FgrPexHUr8Q8ET93ZGSQKlR4OnKgMBAzXtj8T+vk4B/4aY8jBNgIZ0u8hOBIcLjUHCPS0ZBjDQhVHL9V0wHRBIKOrqCDsGeP3mRNKsV+6xyelMt1i5nceTRATpCZWSjc1RD16iOGoiiR/SMXtGb8WS8GO/Gx7Q0Z8x69tEfGJ8/bGeZDQ==</latexit> ⇥
W

(1
)

se
lf

<latexit sha1_base64="aOP8/D4V8b2zsT12Nkq5uPRT3iM=">AAACB3icbVDLSgNBEJz1GeNr1aMgg4kQL2E3iHoMevEYwTwgiWF2MpuMmZ1dZnrFsOzNi7/ixYMiXv0Fb/6Nk8dBEwsaiqpuuru8SHANjvNtLSwuLa+sZtay6xubW9v2zm5Nh7GirEpDEaqGRzQTXLIqcBCsESlGAk+wuje4HPn1e6Y0D+UNDCPWDkhPcp9TAkbq2Af5FvCAaVy/TQrucdpJWsAeINGxd5em+Y6dc4rOGHieuFOSQ1NUOvZXqxvSOGASqCBaN10ngnZCFHAqWJptxZpFhA5IjzUNlcTsbifjP1J8ZJQu9kNlSgIeq78nEhJoPQw80xkQ6OtZbyT+5zVj8M/bCZdRDEzSySI/FhhCPAoFd7liFMTQEEIVN7di2ieKUDDRZU0I7uzL86RWKrqnxZPrUq58MY0jg/bRISogF52hMrpCFVRFFD2iZ/SK3qwn68V6tz4mrQvWdGYP/YH1+QN7w5kX</latexit>

⇥W (1)subj

<latexit sha1_base64="6onhJrgwe/CZITWJailWFE3mSCc=">AAACEHicbVC5TsNAEF2HK4TLQEmzIkGEJrIjBJQRNJRBIocUO9F6s0mWrA/tjhGR5U+g4VdoKECIlpKOv2FzFJDwpJGe3pvRzDwvElyBZX0bmaXlldW17HpuY3Nre8fc3aurMJaU1WgoQtn0iGKCB6wGHARrRpIR3xOs4Q2vxn7jnknFw+AWRhFzfdIPeI9TAlrqmMcFB7jPFG60k6J9knYSB9gDJCr27tJ24kRSu2la6Jh5q2RNgBeJPSN5NEO1Y3453ZDGPguACqJUy7YicBMigVPB0pwTKxYROiR91tI0IPoIN5k8lOIjrXRxL5S6AsAT9fdEQnylRr6nO30CAzXvjcX/vFYMvQs34UEUAwvodFEvFhhCPE4Hd7lkFMRIE0Il17diOiCSUNAZ5nQI9vzLi6ReLtlnpdObcr5yOYsjiw7QISoiG52jCrpGVVRDFD2iZ/SK3own48V4Nz6mrRljNrOP/sD4/AEHQZ1A</latexit>

⇥W
(1)

sub
j0

<latexit sha1_base64="/EFio39ylcfy8bJT5fEnHppk5X4=">AAACD3icbVC7TgJBFJ3FF+ILtbSZCBpsyC4xakm0scREHgm7bGaHASbMPjJz10A2+wc2/oqNhcbY2tr5Nw6PQsGT3OTknHtz7z1eJLgC0/w2Miura+sb2c3c1vbO7l5+/6ChwlhSVqehCGXLI4oJHrA6cBCsFUlGfE+wpje8mfjNByYVD4N7GEfM8Uk/4D1OCWjJzZ8WbeA+U7jZSUrWWeomNrARJCQepZ3EjqQ207To5gtm2ZwCLxNrTgpojpqb/7K7IY19FgAVRKm2ZUbgJEQCp4KlOTtWLCJ0SPqsrWlA9A1OMv0nxSda6eJeKHUFgKfq74mE+EqNfU93+gQGatGbiP957Rh6V07CgygGFtDZol4sMIR4Eg7ucskoiLEmhEqub8V0QCShoCPM6RCsxZeXSaNSti7K53eVQvV6HkcWHaFjVEIWukRVdItqqI4oekTP6BW9GU/Gi/FufMxaM8Z85hD9gfH5AziwnNA=</latexit>

⇥W
(1
)

au
x
0

<latexit sha1_base64="9QwhDMyMlBshoV14hbEHyOV6+fU=">AAACEXicbVC7TgJBFJ31ifhatbSZCCbYkF1i1JJoY4mJPBJ2IbPDABNmH5m5ayCb/QUbf8XGQmNs7ez8GwfYQsGT3OTknHtz7z1eJLgCy/o2VlbX1jc2c1v57Z3dvX3z4LChwlhSVqehCGXLI4oJHrA6cBCsFUlGfE+wpje6mfrNByYVD4N7mETM9ckg4H1OCWipa5aKDnCfKdzsJCX7LO0mDrAxJGMa+lHaSZxIajtNi12zYJWtGfAysTNSQBlqXfPL6YU09lkAVBCl2rYVgZsQCZwKluadWLGI0BEZsLamAdFXuMnsoxSfaqWH+6HUFQCeqb8nEuIrNfE93ekTGKpFbyr+57Vj6F+5CQ+iGFhA54v6scAQ4mk8uMcloyAmmhAqub4V0yGRhIIOMa9DsBdfXiaNStm+KJ/fVQrV6yyOHDpGJ6iEbHSJqugW1VAdUfSIntErejOejBfj3fiYt64Y2cwR+gPj8wfqVp29</latexit>⇥
W

(1)xcom
p 0

<latexit sha1_base64="8Gz0Mk/cy5pzqtj9WbX6+sEWlzg=">AAACCHicbVC7SgNBFJ31GeNr1dLCwUSITdgNopZBG8sI5gHZGGYns8mQ2QczdyVh2dLGX7GxUMTWT7Dzb5wkW2jigQuHc+7l3nvcSHAFlvVtLC2vrK6t5zbym1vbO7vm3n5DhbGkrE5DEcqWSxQTPGB14CBYK5KM+K5gTXd4PfGbD0wqHgZ3MI5Yxyf9gHucEtBS1zwqOsB9pnDzPinZp2k3cYCNIBnR0I/StNg1C1bZmgIvEjsjBZSh1jW/nF5IY58FQAVRqm1bEXQSIoFTwdK8EysWETokfdbWNCB6eSeZPpLiE630sBdKXQHgqfp7IiG+UmPf1Z0+gYGa9ybif147Bu+yk/AgioEFdLbIiwWGEE9SwT0uGQUx1oRQyfWtmA6IJBR0dnkdgj3/8iJpVMr2efnstlKoXmVx5NAhOkYlZKMLVEU3qIbqiKJH9Ixe0ZvxZLwY78bHrHXJyGYO0B8Ynz9aypmU</latexit>

⇥W
(1
)

xc
om

p

<latexit sha1_base64="LufH28OLnsOd0sNygmTE4R71Sdw=">AAACBnicbVDLSgNBEJz1GeMr6lGEwUSIl7AbRD0GvXiMYB6QrMvsZJIMmZ1dZnolYdmTF3/FiwdFvPoN3vwbJ4+DJhY0FFXddHf5keAabPvbWlpeWV1bz2xkN7e2d3Zze/t1HcaKshoNRaiaPtFMcMlqwEGwZqQYCXzBGv7geuw3HpjSPJR3MIqYG5Ce5F1OCRjJyx0V2sADpnHjPik6p6mXtIENISHxME0LXi5vl+wJ8CJxZiSPZqh6ua92J6RxwCRQQbRuOXYEbkIUcCpYmm3HmkWEDkiPtQyVxKx2k8kbKT4xSgd3Q2VKAp6ovycSEmg9CnzTGRDo63lvLP7ntWLoXroJl1EMTNLpom4sMIR4nAnucMUoiJEhhCpubsW0TxShYJLLmhCc+ZcXSb1ccs5LZ7flfOVqFkcGHaJjVEQOukAVdIOqqIYoekTP6BW9WU/Wi/VufUxbl6zZzAH6A+vzB7DamKc=</latexit>

⇥W
(1
)

au
x

ReLU ReLU ReLU ReLU ReLU ReLU

<latexit sha1_base64="C7F53Y/OaV04lPikHNPSRzKAF7c=">AAACB3icbVC7SgNBFJ2Nrxhfq5aCDCZCbMJuELUM2lhGMA/IrmF2MpsMmX0wc1cMy3Y2/oqNhSK2/oKdf+PkUWjigYHDOfcx93ix4Aos69vILS2vrK7l1wsbm1vbO+buXlNFiaSsQSMRybZHFBM8ZA3gIFg7lowEnmAtb3g19lv3TCoehbcwipkbkH7IfU4JaKlrHpYc4AFTuHWXlu2TrJs6wB4g1RP9LCt1zaJVsSbAi8SekSKaod41v5xeRJOAhUAFUapjWzG4KZHAqWBZwUkUiwkdkj7raBoSvdtNJ3dk+FgrPexHUr8Q8ET93ZGSQKlR4OnKgMBAzXtj8T+vk4B/4aY8jBNgIZ0u8hOBIcLjUHCPS0ZBjDQhVHL9V0wHRBIKOrqCDsGeP3mRNKsV+6xyelMt1i5nceTRATpCZWSjc1RD16iOGoiiR/SMXtGb8WS8GO/Gx7Q0Z8x69tEfGJ8/bGeZDQ==</latexit> ⇥
W

(1
)

se
lf

<latexit sha1_base64="C7F53Y/OaV04lPikHNPSRzKAF7c=">AAACB3icbVC7SgNBFJ2Nrxhfq5aCDCZCbMJuELUM2lhGMA/IrmF2MpsMmX0wc1cMy3Y2/oqNhSK2/oKdf+PkUWjigYHDOfcx93ix4Aos69vILS2vrK7l1wsbm1vbO+buXlNFiaSsQSMRybZHFBM8ZA3gIFg7lowEnmAtb3g19lv3TCoehbcwipkbkH7IfU4JaKlrHpYc4AFTuHWXlu2TrJs6wB4g1RP9LCt1zaJVsSbAi8SekSKaod41v5xeRJOAhUAFUapjWzG4KZHAqWBZwUkUiwkdkj7raBoSvdtNJ3dk+FgrPexHUr8Q8ET93ZGSQKlR4OnKgMBAzXtj8T+vk4B/4aY8jBNgIZ0u8hOBIcLjUHCPS0ZBjDQhVHL9V0wHRBIKOrqCDsGeP3mRNKsV+6xyelMt1i5nceTRATpCZWSjc1RD16iOGoiiR/SMXtGb8WS8GO/Gx7Q0Z8x69tEfGJ8/bGeZDQ==</latexit> ⇥
W

(1
)

se
lf

<latexit sha1_base64="C7F53Y/OaV04lPikHNPSRzKAF7c=">AAACB3icbVC7SgNBFJ2Nrxhfq5aCDCZCbMJuELUM2lhGMA/IrmF2MpsMmX0wc1cMy3Y2/oqNhSK2/oKdf+PkUWjigYHDOfcx93ix4Aos69vILS2vrK7l1wsbm1vbO+buXlNFiaSsQSMRybZHFBM8ZA3gIFg7lowEnmAtb3g19lv3TCoehbcwipkbkH7IfU4JaKlrHpYc4AFTuHWXlu2TrJs6wB4g1RP9LCt1zaJVsSbAi8SekSKaod41v5xeRJOAhUAFUapjWzG4KZHAqWBZwUkUiwkdkj7raBoSvdtNJ3dk+FgrPexHUr8Q8ET93ZGSQKlR4OnKgMBAzXtj8T+vk4B/4aY8jBNgIZ0u8hOBIcLjUHCPS0ZBjDQhVHL9V0wHRBIKOrqCDsGeP3mRNKsV+6xyelMt1i5nceTRATpCZWSjc1RD16iOGoiiR/SMXtGb8WS8GO/Gx7Q0Z8x69tEfGJ8/bGeZDQ==</latexit> ⇥
W

(1
)

se
lf

<latexit sha1_base64="C7F53Y/OaV04lPikHNPSRzKAF7c=">AAACB3icbVC7SgNBFJ2Nrxhfq5aCDCZCbMJuELUM2lhGMA/IrmF2MpsMmX0wc1cMy3Y2/oqNhSK2/oKdf+PkUWjigYHDOfcx93ix4Aos69vILS2vrK7l1wsbm1vbO+buXlNFiaSsQSMRybZHFBM8ZA3gIFg7lowEnmAtb3g19lv3TCoehbcwipkbkH7IfU4JaKlrHpYc4AFTuHWXlu2TrJs6wB4g1RP9LCt1zaJVsSbAi8SekSKaod41v5xeRJOAhUAFUapjWzG4KZHAqWBZwUkUiwkdkj7raBoSvdtNJ3dk+FgrPexHUr8Q8ET93ZGSQKlR4OnKgMBAzXtj8T+vk4B/4aY8jBNgIZ0u8hOBIcLjUHCPS0ZBjDQhVHL9V0wHRBIKOrqCDsGeP3mRNKsV+6xyelMt1i5nceTRATpCZWSjc1RD16iOGoiiR/SMXtGb8WS8GO/Gx7Q0Z8x69tEfGJ8/bGeZDQ==</latexit> ⇥
W

(1
)

se
lf

<latexit sha1_base64="C7F53Y/OaV04lPikHNPSRzKAF7c=">AAACB3icbVC7SgNBFJ2Nrxhfq5aCDCZCbMJuELUM2lhGMA/IrmF2MpsMmX0wc1cMy3Y2/oqNhSK2/oKdf+PkUWjigYHDOfcx93ix4Aos69vILS2vrK7l1wsbm1vbO+buXlNFiaSsQSMRybZHFBM8ZA3gIFg7lowEnmAtb3g19lv3TCoehbcwipkbkH7IfU4JaKlrHpYc4AFTuHWXlu2TrJs6wB4g1RP9LCt1zaJVsSbAi8SekSKaod41v5xeRJOAhUAFUapjWzG4KZHAqWBZwUkUiwkdkj7raBoSvdtNJ3dk+FgrPexHUr8Q8ET93ZGSQKlR4OnKgMBAzXtj8T+vk4B/4aY8jBNgIZ0u8hOBIcLjUHCPS0ZBjDQhVHL9V0wHRBIKOrqCDsGeP3mRNKsV+6xyelMt1i5nceTRATpCZWSjc1RD16iOGoiiR/SMXtGb8WS8GO/Gx7Q0Z8x69tEfGJ8/bGeZDQ==</latexit> ⇥
W

(1
)

se
lf

<latexit sha1_base64="C7F53Y/OaV04lPikHNPSRzKAF7c=">AAACB3icbVC7SgNBFJ2Nrxhfq5aCDCZCbMJuELUM2lhGMA/IrmF2MpsMmX0wc1cMy3Y2/oqNhSK2/oKdf+PkUWjigYHDOfcx93ix4Aos69vILS2vrK7l1wsbm1vbO+buXlNFiaSsQSMRybZHFBM8ZA3gIFg7lowEnmAtb3g19lv3TCoehbcwipkbkH7IfU4JaKlrHpYc4AFTuHWXlu2TrJs6wB4g1RP9LCt1zaJVsSbAi8SekSKaod41v5xeRJOAhUAFUapjWzG4KZHAqWBZwUkUiwkdkj7raBoSvdtNJ3dk+FgrPexHUr8Q8ET93ZGSQKlR4OnKgMBAzXtj8T+vk4B/4aY8jBNgIZ0u8hOBIcLjUHCPS0ZBjDQhVHL9V0wHRBIKOrqCDsGeP3mRNKsV+6xyelMt1i5nceTRATpCZWSjc1RD16iOGoiiR/SMXtGb8WS8GO/Gx7Q0Z8x69tEfGJ8/bGeZDQ==</latexit> ⇥
W

(1
)

se
lf

<latexit sha1_base64="aOP8/D4V8b2zsT12Nkq5uPRT3iM=">AAACB3icbVDLSgNBEJz1GeNr1aMgg4kQL2E3iHoMevEYwTwgiWF2MpuMmZ1dZnrFsOzNi7/ixYMiXv0Fb/6Nk8dBEwsaiqpuuru8SHANjvNtLSwuLa+sZtay6xubW9v2zm5Nh7GirEpDEaqGRzQTXLIqcBCsESlGAk+wuje4HPn1e6Y0D+UNDCPWDkhPcp9TAkbq2Af5FvCAaVy/TQrucdpJWsAeINGxd5em+Y6dc4rOGHieuFOSQ1NUOvZXqxvSOGASqCBaN10ngnZCFHAqWJptxZpFhA5IjzUNlcTsbifjP1J8ZJQu9kNlSgIeq78nEhJoPQw80xkQ6OtZbyT+5zVj8M/bCZdRDEzSySI/FhhCPAoFd7liFMTQEEIVN7di2ieKUDDRZU0I7uzL86RWKrqnxZPrUq58MY0jg/bRISogF52hMrpCFVRFFD2iZ/SK3qwn68V6tz4mrQvWdGYP/YH1+QN7w5kX</latexit>

⇥W (1)subj

<latexit sha1_base64="6onhJrgwe/CZITWJailWFE3mSCc=">AAACEHicbVC5TsNAEF2HK4TLQEmzIkGEJrIjBJQRNJRBIocUO9F6s0mWrA/tjhGR5U+g4VdoKECIlpKOv2FzFJDwpJGe3pvRzDwvElyBZX0bmaXlldW17HpuY3Nre8fc3aurMJaU1WgoQtn0iGKCB6wGHARrRpIR3xOs4Q2vxn7jnknFw+AWRhFzfdIPeI9TAlrqmMcFB7jPFG60k6J9knYSB9gDJCr27tJ24kRSu2la6Jh5q2RNgBeJPSN5NEO1Y3453ZDGPguACqJUy7YicBMigVPB0pwTKxYROiR91tI0IPoIN5k8lOIjrXRxL5S6AsAT9fdEQnylRr6nO30CAzXvjcX/vFYMvQs34UEUAwvodFEvFhhCPE4Hd7lkFMRIE0Il17diOiCSUNAZ5nQI9vzLi6ReLtlnpdObcr5yOYsjiw7QISoiG52jCrpGVVRDFD2iZ/SK3own48V4Nz6mrRljNrOP/sD4/AEHQZ1A</latexit>

⇥W
(1)

sub
j0

<latexit sha1_base64="9QwhDMyMlBshoV14hbEHyOV6+fU=">AAACEXicbVC7TgJBFJ31ifhatbSZCCbYkF1i1JJoY4mJPBJ2IbPDABNmH5m5ayCb/QUbf8XGQmNs7ez8GwfYQsGT3OTknHtz7z1eJLgCy/o2VlbX1jc2c1v57Z3dvX3z4LChwlhSVqehCGXLI4oJHrA6cBCsFUlGfE+wpje6mfrNByYVD4N7mETM9ckg4H1OCWipa5aKDnCfKdzsJCX7LO0mDrAxJGMa+lHaSZxIajtNi12zYJWtGfAysTNSQBlqXfPL6YU09lkAVBCl2rYVgZsQCZwKluadWLGI0BEZsLamAdFXuMnsoxSfaqWH+6HUFQCeqb8nEuIrNfE93ekTGKpFbyr+57Vj6F+5CQ+iGFhA54v6scAQ4mk8uMcloyAmmhAqub4V0yGRhIIOMa9DsBdfXiaNStm+KJ/fVQrV6yyOHDpGJ6iEbHSJqugW1VAdUfSIntErejOejBfj3fiYt64Y2cwR+gPj8wfqVp29</latexit>⇥
W

(1)xcom
p 0

<latexit sha1_base64="8Gz0Mk/cy5pzqtj9WbX6+sEWlzg=">AAACCHicbVC7SgNBFJ31GeNr1dLCwUSITdgNopZBG8sI5gHZGGYns8mQ2QczdyVh2dLGX7GxUMTWT7Dzb5wkW2jigQuHc+7l3nvcSHAFlvVtLC2vrK6t5zbym1vbO7vm3n5DhbGkrE5DEcqWSxQTPGB14CBYK5KM+K5gTXd4PfGbD0wqHgZ3MI5Yxyf9gHucEtBS1zwqOsB9pnDzPinZp2k3cYCNIBnR0I/StNg1C1bZmgIvEjsjBZSh1jW/nF5IY58FQAVRqm1bEXQSIoFTwdK8EysWETokfdbWNCB6eSeZPpLiE630sBdKXQHgqfp7IiG+UmPf1Z0+gYGa9ybif147Bu+yk/AgioEFdLbIiwWGEE9SwT0uGQUx1oRQyfWtmA6IJBR0dnkdgj3/8iJpVMr2efnstlKoXmVx5NAhOkYlZKMLVEU3qIbqiKJH9Ixe0ZvxZLwY78bHrHXJyGYO0B8Ynz9aypmU</latexit>

⇥W
(1
)

xc
om

p

<latexit sha1_base64="LufH28OLnsOd0sNygmTE4R71Sdw=">AAACBnicbVDLSgNBEJz1GeMr6lGEwUSIl7AbRD0GvXiMYB6QrMvsZJIMmZ1dZnolYdmTF3/FiwdFvPoN3vwbJ4+DJhY0FFXddHf5keAabPvbWlpeWV1bz2xkN7e2d3Zze/t1HcaKshoNRaiaPtFMcMlqwEGwZqQYCXzBGv7geuw3HpjSPJR3MIqYG5Ce5F1OCRjJyx0V2sADpnHjPik6p6mXtIENISHxME0LXi5vl+wJ8CJxZiSPZqh6ua92J6RxwCRQQbRuOXYEbkIUcCpYmm3HmkWEDkiPtQyVxKx2k8kbKT4xSgd3Q2VKAp6ovycSEmg9CnzTGRDo63lvLP7ntWLoXroJl1EMTNLpom4sMIR4nAnucMUoiJEhhCpubsW0TxShYJLLmhCc+ZcXSb1ccs5LZ7flfOVqFkcGHaJjVEQOukAVdIOqqIYoekTP6BW9WU/Wi/VufUxbl6zZzAH6A+vzB7DamKc=</latexit>

⇥W
(1
)

au
x
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What is syntac9c GCN?

Syntax at encoder level



Encoding Sentences with Graph Convolu9onal Networks for 
Seman9c Role Labeling

Marcheggiani et al., 2017b

He had dared to defy nature

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Embedder

Encoder

Classifier

A0 0 0 0 A2 0

K layers GCN

Ø Claim: GCN helps capture long range dependencies.
Ø But: encoding k-hope neighborhood seems to 

hurt the performance. (k = 1 works the best) 
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Syntax at encoder level



Encoding Sentences with Graph Convolu9onal Networks for 
Seman9c Role Labeling

Marcheggiani et al., 2017b

He had dared to defy nature

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Embedder

Encoder

Classifier

A0 0 0 0 A2 0

K layers GCN

Ø Gold dependency can significantly improve the 
performance.

82.7 83.3

86.4

75

77

79

81

83

85

87

89

No Syntax GCN (Predicted) GCN (Gold)

DEV set
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Syntax at encoder level



Marcheggiani et al., 2017b

86.9
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Bjö̈rkelund et 
al. (2010)

Täckström et 
al. (2015)

FitzGerald  et
al. (2015 )

Roth and
Lapata (2 016)

Marcheggiani
et al. (2 017)

Marcheggiani
et al. (2 017)

Brown

42

Syntax at encoder level

Dataset: CoNLL09 EN

ENC ENCENB ENB



Marcheggiani et al., 2017b

He had dared to defy nature

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Embedder

Encoder

Classifier

A0 0 0 0 A2 0

K layers GCN

Takeaways

Ø Appending POS does help  à approx. 1 F1 points gain

Ø Predicate specific encoding does help à  approx. 6 F1 point 
gain

Ø Model syntac9c dependencies via syntac9c GCN further 
improve the SRL performance. NEED High quality syntac9c 
parser

Ø Noted: Improvement only on EN  in-domain over previous 
works.

Ø However previous work show improvement over OOD set. 
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A unified Syntax-aware Framework for Seman9c role labeling

Li et al., 2018

He had dared to defy nature

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Wp
Wr
PO
Le

Embedder

Encoder

Classifier

Syntac9c Layer

[Marcheggiani et al., 2017b] [Tai et al., 2015]
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Zuchao Li, Shexia He, Jiaxun Cai, Zhuosheng Zhang, Hai Zhao, Gongshen Liu, Linlin Li, and Luo Si. 2018. A Unified Syntax-aware Framework for SemanHc Role Labeling. In Proceedings of the 2018 
Conference on Empirical Methods in Natural Language Processing, pages 2401–2411, Brussels, Belgium. AssociaHon for ComputaHonal LinguisHcs.

[Qian et al., 2017]

Syntax at encoder level

Extension of BiLSTMs.
Incorporates the syntac9c informa9on 
into each word representa9on by 
introducing an addi9onal gate

Extension of BiLSTMs.
Model tree-structured topologies

https://aclanthology.org/D18-1262


Li et al., 2018

87.3 87.3
87.7 87.7

88

89.8

80

81

82

83

84

85

86

87

88

89

90

Täckström et 
al. (2015) 

FitzGerald  et
al. (2015 )

Roth and
Lapata (2 016)

Marcheggiani
et al. (2 017)

Marcheggiani
et al. (2 017)

Li e t al., 2 018

WSJ

75.7 75.2
76.1

77.7 77.2

79.8

65

70

75

80

85

90

Täckström et 
al. (2015)

FitzGerald  et
al. (2015 )

Roth and
Lapata (2 016)

Marcheggiani
et al. (2 017)

Marcheggiani
et al. (2 017)

Li e t al., 2 018

Brown

47

Syntax at encoder level

Dataset: CoNLL09 EN
Glove ELMo
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Outline

q Early SRL approaches

q Typical neural SRL model components
q Performance analysis

q Syntax-aware neural SRL models
q What, When and Where?
q Performance analysis
q How to incorporate Syntax?

q Syntax-agnosBc neural SRL models
q Performance Analysis
q Do we really need syntax for SRL?
q Are high quality contextual embedding enough for SRL 

task?

q PracBcal SRL systems
q Should we rely on this pipelined approach?

q End-to-end SRL systems
q Can we jointly predict dependency and span? 

q More recent approaches
q Handling low-frequency excepGons
q Incorporate semanGc role label definiGons
q SRL as MRC task

q PracBcal SRL system evaluaBons
q Are we evaluaGng SRL systems correctly?

q Conclusion



Syntax-Agnos/c Model

He et al., 2017

He et al., 2018
Cai et al., 2018
Ouchi et al., 2018

Guan et al., 2019
LI et al., 2019
Shi et al., 2019

Conia et al., 2020
Jindal et al., 2020
Zhou et al., 2020

Conia et al., 2021
Blloshmi et al., 2021

Wang et al., 2022
Zhang et al. 2022

Syntax-Agnostic Models
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Encoder

Classifier

Embedder

Input Sentence

Word embeddings
- FastText, GloVe
- ELMo, BERT

Types of encoder
- BiLSTMs
- Attention

- MLP
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Performance Analysis
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Performance Analysis



He et al., 2017

He had dared to defy nature

Embedder

wr

à 

Pre-trained word embeddings

à 

Predicate specific feature [Binary]

Ø Pre-trained word embeddings
Ø Use predicate flag

Luheng He, Kenton Lee, Mike Lewis, and Luke Ze^lemoyer. 2017. Deep SemanHc Role Labeling: What Works 
and What’s Next. In Proceedings of the 55th Annual Mee6ng of the Associa6on for Computa6onal Linguis6cs 
(Volume 1: Long Papers), pages 473–483, Vancouver, Canada. AssociaHon for ComputaHonal LinguisHcs.

Embedder OR  Input word representa9on
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Wp

Wr

PO

Le

wr

Wp

Wr

PO

Le

https://aclanthology.org/P17-1044
https://aclanthology.org/P17-1044


He et al., 2017

He had dared to defy nature

Embedder

Encoder

Ø Stacked BILSTM

Ø Highway Connec9ons [Srivastava et al., 2015]
Ø To alleviate vanishing gradient problem

Ø Recurrent Dropout [Gal et al., 2016]
Ø To reduce overfirng

Encoder

55



He et al., 2017

He had dared to defy nature

Embedder

Encoder

Classifier

B-A0 0 0 B-A2 I-A2 I-A2

Ø Constraint A* decoding
Ø BIO constraint
Ø Unique core roles
Ø Con9nua9on Constraint
Ø Reference constraint
Ø Syntac9c constraint

Classifier with MLP layer followed by SoTmax 

SRL Constraints were previously discussed by 
Punyakanok et al. (2008) and Tackstrom et al. (2015)
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Local classifier

Global op9miza9on



He et al., 2017
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Dataset: CoNLL05



He et al., 2017

How well do LSTMs model global structural consistency, 
despite condi9onally independent tagging decisions?

 
Long range dependencies: 

Performance tends to degrade, for all models, for 
arguments further from the predicate
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He et al., 2017

60
He had dared to defy nature

Embedder

Encoder

Classifier

B-A0 0 0 B-A2 I-A2 I-A2

Takeaways

Ø General label confusion between core arguments and 
contextual arguments is due to the ambiguous defini9ons 
in frame files.

Ø Layers of BiLSTMs help captures the long–range predicate-
argument structures.

Ø The number of BIO viola9ons decreases when we use a 
deeper model

Ø Deeper BiLSTMs are beWer at enforcing structural 
consistencies, although not perfectly.



Tan, Zhixing, Mingxuan Wang, Jun Xie, Yidong Chen, and Xiaodong Shi. "Deep semantic role 
labeling with self-attention." In Proceedings of the AAAI conference on artificial intelligence, vol. 
32, no. 1. 2018.

Tan et al., 2018

Do we really need all these hacks!!!! J 

Let’s break Recurrence and allow every posi9on in the 
sentence to aWend over all posi9ons in the input sequence 

No Syntax
Use predicate specific flag
Use Mul9-head self aWen9on
Use Glove Embeddings  

He had dared to defy nature

Embedder

Encoder

So@max Classifier

B-A0 0 0 B-A2 I-A2 I-A2

RNN/CNN/FNN

Mul9-Head Self-AWen9on
10x
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Tan et al., 2018
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Dataset: CoNLL05



Tan et al., 2018

Takeaways

Ø Substan9al improvements on CoNLL05 WSJ as compared to 
[He et al., 2017] 

Ø No need of CONSTRAINED Decoding (slows down) Just use 
Argmax decoding. 83.1 à 83.0 [Token classifica9on]

Ø As reported earlier, Model depth is the key as compared 
against model width

Ø FNN seems beWer choice over CNN and RNN when 
aWen9on is used as encoder

Ø Posi9onal embeddings are necessary to gain actual 
performance

He had dared to defy nature

Embedder

Encoder

So@max Classifier

B-A0 0 0 B-A2 I-A2 I-A2

RNN/CNN/FNN

Mul9-Head Self-AWen9on
10x
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Simple BERT model for rela9on extrac9on and SRL

Shi et al., 2019

He had dared to defy nature

Encoder

Classifier

A0 0 0 0 A2 0

BERT

[CLS] [SEP] dared [SEP]

q Use BERT LM to obtain predicate-aware contextualized 
embeddings for encoder.

q BiLSTMs are encoder layer (1x)

q Concatenate predicate hidden state to the hidden state of 
the rest of the tokes similar to [Marcheggiani et al., 2017] 
and then fed into one-layer MLP classifica9on.

65
Shi, Peng, and Jimmy Lin. "Simple bert models for relation extraction and semantic role 
labeling." arXiv preprint arXiv:1904.05255 (2019).

Are high quality contextual embedding enough for SRL task?



Shi et al., 2019
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Are high quality contextual embedding enough for SRL task?

Dataset: CoNLL05

+2.1

+4.4



Shi et al., 2019

He had dared to defy nature

Encoder

Classifier

A0 0 0 0 A2 0

BERT

[CLS] [SEP] dared [SEP]

Ø Powerful Contextualized embeddings is all we need for 
SRL??

Ø We do not need syntax to perform beWer on SRL??

Ø Do we know if BERT embeddings encodes syntax 
implicitly??
Ø Yes [Jawaher et al., 2019]
Ø Explicit syntax informa9on shown to further improve 

the SoTA SRL performance.  
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Are high quality contextual embedding enough for SRL task?
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Dataset: CoNLL09 EN

Comparison
Syntax-agnostic (SG) Vs. Syntax-aware(SA) models
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Outline

q Early SRL approaches

q Typical neural SRL model components
q Performance analysis

q Syntax-aware neural SRL models
q What, When and Where?
q Performance analysis
q How to incorporate Syntax?

q Syntax-agnosBc neural SRL models
q Performance Analysis
q Do we really need syntax for SRL?
q Are high quality contextual embedding enough for SRL 

task?

q PracBcal SRL systems
q Should we rely on this pipelined approach?

q End-to-end SRL systems
q Can we jointly predict dependency and span? 

q More recent approaches
q Handling low-frequency excepGons
q Incorporate semanGc role label definiGons
q SRL as MRC task

q PracBcal SRL system evaluaBons
q Are we evaluaGng SRL systems correctly?

q Conclusion



He et al., 2018

He had dared to defy nature

Embedder

Encoder

Classifier

q Jointly predic9ng all predicates, arguments spans and the 
rela9on between them

q Build upon coreference resolu9on model [Lee et al., 2017].

q Embedder: 
q No predicate loca9on specified instead concatenate 

word embeddings with the output of charCNN.

q Each edge is iden9fied by independently predic9ng which 
role, if any, holds between every possible pair of text 
spans, while using aggressive beam pruning for efficiency. 
The final graph is simply the union of predicted SRL roles 
(edges) and their associated text spans (nodes)

Encoder 
Representa9on
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Syntax-agnos9c end-to-end SRL system

Luheng He, Kenton Lee, Omer Levy, and Luke Ze^lemoyer. 2018. Jointly PredicHng Predicates and 
Arguments in Neural SemanHc Role Labeling. In Proceedings of the 56th Annual Mee6ng of the Associa6on 
for Computa6onal Linguis6cs (Volume 2: Short Papers), pages 364–369, Melbourne, Australia. AssociaHon 
for ComputaHonal LinguisHcs.

https://aclanthology.org/P18-2058
https://aclanthology.org/P18-2058


He et al., 2018

Task: Predict a set of labeled predicate argument rela9ons
<latexit sha1_base64="ls/GzdMHWdKfYg+NhkSeAzvOAsE=">AAACJnicbVBNS8NAEN3Ur1q/oh69LLaCp5IUUS9C1YsHDxXshzSlbLbbdulmE3YnQgn9NV78K148VES8+VPctgG19cHA470ZZub5keAaHOfTyiwtr6yuZddzG5tb2zv27l5Nh7GirEpDEaqGTzQTXLIqcBCsESlGAl+wuj+4nvj1R6Y0D+U9DCPWCkhP8i6nBIzUti8KD9jTsa8ZYC8g0KdEJJUR9oAHTP9Il4vS7ajQtvNO0ZkCLxI3JXmUotK2x14npHHAJFBBtG66TgSthCjgVLBRzos1iwgdkB5rGiqJ2dhKpm+O8JFROrgbKlMS8FT9PZGQQOth4JvOyY163puI/3nNGLrnrYTLKAYm6WxRNxYYQjzJDHe4YhTE0BBCFTe3YtonilAwyeZMCO78y4ukViq6p8WTu1K+fJXGkUUH6BAdIxedoTK6QRVURRQ9oRc0Rm/Ws/VqvVsfs9aMlc7soz+wvr4BclKlyg==</latexit>

Y ⇢ P ⇥A⇥ L

Set of all predicate-argument 
rela<ons

Set of all tokens

Set of all the possible spans

Set of all SRL labels

Encoder Representa9on

<latexit sha1_base64="/ksjMlHVAvDphCk6bYulL0FiTD4=">AAAB+3icbVDLSsNAFJ3UV62vWJduBluhgpSkiLoRim5cVrAPaEOYTCft0MkkzEzEEPMrblwo4tYfceffOG2z0NYDFw7n3Mu993gRo1JZ1rdRWFldW98obpa2tnd298z9ckeGscCkjUMWip6HJGGUk7aiipFeJAgKPEa63uRm6ncfiJA05PcqiYgToBGnPsVIack1y9VWLXHT6BRl8Aqyp95J1TUrVt2aAS4TOycVkKPlml+DYYjjgHCFGZKyb1uRclIkFMWMZKVBLEmE8ASNSF9TjgIinXR2ewaPtTKEfih0cQVn6u+JFAVSJoGnOwOkxnLRm4r/ef1Y+ZdOSnkUK8LxfJEfM6hCOA0CDqkgWLFEE4QF1bdCPEYCYaXjKukQ7MWXl0mnUbfP62d3jUrzOo+jCA7BEagBG1yAJrgFLdAGGDyCZ/AK3ozMeDHejY95a8HIZw7AHxifP5GTktk=</latexit>

P (yp,a = l|X)
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Syntax-agnos9c end-to-end SRL system



He et al., 2018

He had He had dared to defy nature dared

<latexit sha1_base64="/ksjMlHVAvDphCk6bYulL0FiTD4=">AAAB+3icbVDLSsNAFJ3UV62vWJduBluhgpSkiLoRim5cVrAPaEOYTCft0MkkzEzEEPMrblwo4tYfceffOG2z0NYDFw7n3Mu993gRo1JZ1rdRWFldW98obpa2tnd298z9ckeGscCkjUMWip6HJGGUk7aiipFeJAgKPEa63uRm6ncfiJA05PcqiYgToBGnPsVIack1y9VWLXHT6BRl8Aqyp95J1TUrVt2aAS4TOycVkKPlml+DYYjjgHCFGZKyb1uRclIkFMWMZKVBLEmE8ASNSF9TjgIinXR2ewaPtTKEfih0cQVn6u+JFAVSJoGnOwOkxnLRm4r/ef1Y+ZdOSnkUK8LxfJEfM6hCOA0CDqkgWLFEE4QF1bdCPEYCYaXjKukQ7MWXl0mnUbfP62d3jUrzOo+jCA7BEagBG1yAJrgFLdAGGDyCZ/AK3ozMeDHejY95a8HIZw7AHxifP5GTktk=</latexit>

P (yp,a = l|X)

Predicate Representa9onSPAN Representa9on
He

To obtain predicate and argument representa9ons

Predicate representaBon is simply the BiLSTM 
output at the posi9on index p

Argument RepresentaBon contains the following:
- End points from BiLSTM ouput
- A soT head word
- Embedded span width feature

74

Syntax-agnos9c end-to-end SRL system



He et al., 2018
Jointly predic9ng predicates and Arguments in Neural SRL

He had He had dared to defy nature dared

Encoder Representa9on

<latexit sha1_base64="/ksjMlHVAvDphCk6bYulL0FiTD4=">AAAB+3icbVDLSsNAFJ3UV62vWJduBluhgpSkiLoRim5cVrAPaEOYTCft0MkkzEzEEPMrblwo4tYfceffOG2z0NYDFw7n3Mu993gRo1JZ1rdRWFldW98obpa2tnd298z9ckeGscCkjUMWip6HJGGUk7aiipFeJAgKPEa63uRm6ncfiJA05PcqiYgToBGnPsVIack1y9VWLXHT6BRl8Aqyp95J1TUrVt2aAS4TOycVkKPlml+DYYjjgHCFGZKyb1uRclIkFMWMZKVBLEmE8ASNSF9TjgIinXR2ewaPtTKEfih0cQVn6u+JFAVSJoGnOwOkxnLRm4r/ef1Y+ZdOSnkUK8LxfJEfM6hCOA0CDqkgWLFEE4QF1bdCPEYCYaXjKukQ7MWXl0mnUbfP62d3jUrzOo+jCA7BEagBG1yAJrgFLdAGGDyCZ/AK3ozMeDHejY95a8HIZw7AHxifP5GTktk=</latexit>

P (yp,a = l|X)

Unary scores

Compute Unary score for predicates and arguments

<latexit sha1_base64="1Ws2LC1jyACT0jK7h1UDzQ8x5D0=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CbZCvZTdIuqx6MVjBfsB7VKyabaNzSZLkhXK0v/gxYMiXv0/3vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLS0TRWiTSC5VJ8CaciZo0zDDaSdWFEcBp+1gfDvz209UaSbFg5nE1I/wULCQEWys1CoPK/i83C+W3Ko7B1olXkZKkKHRL371BpIkERWGcKx113Nj46dYGUY4nRZ6iaYxJmM8pF1LBY6o9tP5tVN0ZpUBCqWyJQyaq78nUhxpPYkC2xlhM9LL3kz8z+smJrz2UybixFBBFovChCMj0ex1NGCKEsMnlmCimL0VkRFWmBgbUMGG4C2/vEpatap3Wb24r5XqN1kceTiBU6iAB1dQhztoQBMIPMIzvMKbI50X5935WLTmnGzmGP7A+fwBBhOOHg==</latexit>

g(a)
<latexit sha1_base64="Gh7V9z+4NY792biUOQMDXdPU9Mk=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CbZCvZTdIuqx6MVjBfsB7VKyabaNzSZLkhXK0v/gxYMiXv0/3vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLS0TRWiTSC5VJ8CaciZo0zDDaSdWFEcBp+1gfDvz209UaSbFg5nE1I/wULCQEWys1CoPK/F5uV8suVV3DrRKvIyUIEOjX/zqDSRJIioM4VjrrufGxk+xMoxwOi30Ek1jTMZ4SLuWChxR7afza6fozCoDFEplSxg0V39PpDjSehIFtjPCZqSXvZn4n9dNTHjtp0zEiaGCLBaFCUdGotnraMAUJYZPLMFEMXsrIiOsMDE2oIINwVt+eZW0alXvsnpxXyvVb7I48nACp1ABD66gDnfQgCYQeIRneIU3RzovzrvzsWjNOdnMMfyB8/kDHO2OLQ==</latexit>

g(p)

<latexit sha1_base64="iOTvvQBEW7RNCR8kRWB+GwfZrXA=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CbZCvZTdIuqx6MVjBfsh7VKyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8e3Mbz9RpVkkH8wkpr7AQ8lCRrCx0mO51xixSnxe7hdLbtWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwms/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrVvUuqxf3tVL9JosjDydwChXw4ArqcAcNaAIBAc/wCm+Ocl6cd+dj0Zpzsplj+APn8wc4E49h</latexit>

�(p)
<latexit sha1_base64="Y6OAbliZcYcKciJ0WIr4YDYHkm4=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CbZCvZTdIuqx6MVjBfsh7VKyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8e3Mbz9RpVkkH8wkpr7AQ8lCRrCx0mO51xixCj4v94slt+rOgVaJl5ESZGj0i1+9QUQSQaUhHGvd9dzY+ClWhhFOp4VeommMyRgPaddSiQXVfjo/eIrOrDJAYaRsSYPm6u+JFAutJyKwnQKbkV72ZuJ/Xjcx4bWfMhknhkqyWBQmHJkIzb5HA6YoMXxiCSaK2VsRGWGFibEZFWwI3vLLq6RVq3qX1Yv7Wql+k8WRhxM4hQp4cAV1uIMGNIGAgGd4hTdHOS/Ou/OxaM052cwx/IHz+QMhOY9S</latexit>

�(a)

He
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He had He had dared to defy nature dared

Encoder Representa9on

<latexit sha1_base64="/ksjMlHVAvDphCk6bYulL0FiTD4=">AAAB+3icbVDLSsNAFJ3UV62vWJduBluhgpSkiLoRim5cVrAPaEOYTCft0MkkzEzEEPMrblwo4tYfceffOG2z0NYDFw7n3Mu993gRo1JZ1rdRWFldW98obpa2tnd298z9ckeGscCkjUMWip6HJGGUk7aiipFeJAgKPEa63uRm6ncfiJA05PcqiYgToBGnPsVIack1y9VWLXHT6BRl8Aqyp95J1TUrVt2aAS4TOycVkKPlml+DYYjjgHCFGZKyb1uRclIkFMWMZKVBLEmE8ASNSF9TjgIinXR2ewaPtTKEfih0cQVn6u+JFAVSJoGnOwOkxnLRm4r/ef1Y+ZdOSnkUK8LxfJEfM6hCOA0CDqkgWLFEE4QF1bdCPEYCYaXjKukQ7MWXl0mnUbfP62d3jUrzOo+jCA7BEagBG1yAJrgFLdAGGDyCZ/AK3ozMeDHejY95a8HIZw7AHxifP5GTktk=</latexit>

P (yp,a = l|X)

Unary scores

Compute Unary score for predicates and arguments

<latexit sha1_base64="1Ws2LC1jyACT0jK7h1UDzQ8x5D0=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CbZCvZTdIuqx6MVjBfsB7VKyabaNzSZLkhXK0v/gxYMiXv0/3vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLS0TRWiTSC5VJ8CaciZo0zDDaSdWFEcBp+1gfDvz209UaSbFg5nE1I/wULCQEWys1CoPK/i83C+W3Ko7B1olXkZKkKHRL371BpIkERWGcKx113Nj46dYGUY4nRZ6iaYxJmM8pF1LBY6o9tP5tVN0ZpUBCqWyJQyaq78nUhxpPYkC2xlhM9LL3kz8z+smJrz2UybixFBBFovChCMj0ex1NGCKEsMnlmCimL0VkRFWmBgbUMGG4C2/vEpatap3Wb24r5XqN1kceTiBU6iAB1dQhztoQBMIPMIzvMKbI50X5935WLTmnGzmGP7A+fwBBhOOHg==</latexit>

g(a)
<latexit sha1_base64="Gh7V9z+4NY792biUOQMDXdPU9Mk=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CbZCvZTdIuqx6MVjBfsB7VKyabaNzSZLkhXK0v/gxYMiXv0/3vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLS0TRWiTSC5VJ8CaciZo0zDDaSdWFEcBp+1gfDvz209UaSbFg5nE1I/wULCQEWys1CoPK/F5uV8suVV3DrRKvIyUIEOjX/zqDSRJIioM4VjrrufGxk+xMoxwOi30Ek1jTMZ4SLuWChxR7afza6fozCoDFEplSxg0V39PpDjSehIFtjPCZqSXvZn4n9dNTHjtp0zEiaGCLBaFCUdGotnraMAUJYZPLMFEMXsrIiOsMDE2oIINwVt+eZW0alXvsnpxXyvVb7I48nACp1ABD66gDnfQgCYQeIRneIU3RzovzrvzsWjNOdnMMfyB8/kDHO2OLQ==</latexit>

g(p)

<latexit sha1_base64="iOTvvQBEW7RNCR8kRWB+GwfZrXA=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CbZCvZTdIuqx6MVjBfsh7VKyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8e3Mbz9RpVkkH8wkpr7AQ8lCRrCx0mO51xixSnxe7hdLbtWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwms/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrVvUuqxf3tVL9JosjDydwChXw4ArqcAcNaAIBAc/wCm+Ocl6cd+dj0Zpzsplj+APn8wc4E49h</latexit>

�(p)
<latexit sha1_base64="Y6OAbliZcYcKciJ0WIr4YDYHkm4=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CbZCvZTdIuqx6MVjBfsh7VKyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8e3Mbz9RpVkkH8wkpr7AQ8lCRrCx0mO51xixCj4v94slt+rOgVaJl5ESZGj0i1+9QUQSQaUhHGvd9dzY+ClWhhFOp4VeommMyRgPaddSiQXVfjo/eIrOrDJAYaRsSYPm6u+JFAutJyKwnQKbkV72ZuJ/Xjcx4bWfMhknhkqyWBQmHJkIzb5HA6YoMXxiCSaK2VsRGWGFibEZFWwI3vLLq6RVq3qX1Yv7Wql+k8WRhxM4hQp4cAV1uIMGNIGAgGd4hTdHOS/Ou/OxaM052cwx/IHz+QMhOY9S</latexit>

�(a)

Rela9on score

Compute Rela9on score between predicates and 
arguments

<latexit sha1_base64="h0rPwKSFtSqJ6x/RiYH137QlKYw=">AAAB/nicbVBNS8NAEN34WetXVTx5CbaCp5IUUY9FLx4r2A9oY9hsp+3SzSbsTsQSCv4VLx4U8erv8Oa/cdvmoK0PBh7vzTAzL4gF1+g439bS8srq2npuI7+5tb2zW9jbb+goUQzqLBKRagVUg+AS6shRQCtWQMNAQDMYXk/85gMozSN5h6MYvJD2Je9xRtFIfuGw1KkNuJ92EB4xVSDG43tR8gtFp+xMYS8SNyNFkqHmF7463YglIUhkgmrddp0YvZQq5EzAON9JNMSUDWkf2oZKGoL20un5Y/vEKF27FylTEu2p+nsipaHWozAwnSHFgZ73JuJ/XjvB3qWXchknCJLNFvUSYWNkT7Kwu1wBQzEyhDLFza02G1BFGZrE8iYEd/7lRdKolN3z8tltpVi9yuLIkSNyTE6JSy5IldyQGqkTRlLyTF7Jm/VkvVjv1sesdcnKZg7IH1ifP2OblcY=</latexit>

�l
rel

He

<latexit sha1_base64="ABKpVPVsnTn+X9OAJ5qkcg74IxY=">AAACCXicbVDLSsNAFJ3UV62vqEs3g61QNyWpoi6LblwIVrAPaGOZTKft0MkkzEyEkmbrxl9x40IRt/6BO//GSRtEWw9cOJxzL/fe4waMSmVZX0ZmYXFpeSW7mltb39jcMrd36tIPBSY17DNfNF0kCaOc1BRVjDQDQZDnMtJwhxeJ37gnQlKf36pRQBwP9TntUYyUljomLLQ9pAYYseg6hkV+dzT+Ea7i8WGhY+atkjUBnCd2SvIgRbVjfra7Pg49whVmSMqWbQXKiZBQFDMS59qhJAHCQ9QnLU058oh0osknMTzQShf2fKGLKzhRf09EyJNy5Lm6M7lSznqJ+J/XClXvzIkoD0JFOJ4u6oUMKh8mscAuFQQrNtIEYUH1rRAPkEBY6fByOgR79uV5Ui+X7JPS8U05XzlP48iCPbAPisAGp6ACLkEV1AAGD+AJvIBX49F4Nt6M92lrxkhndsEfGB/fhweZmQ==</latexit>

O(n3
|L|)

Number of possible rela9ons
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He had He had dared to defy nature dared

Encoder Representa9on

<latexit sha1_base64="/ksjMlHVAvDphCk6bYulL0FiTD4=">AAAB+3icbVDLSsNAFJ3UV62vWJduBluhgpSkiLoRim5cVrAPaEOYTCft0MkkzEzEEPMrblwo4tYfceffOG2z0NYDFw7n3Mu993gRo1JZ1rdRWFldW98obpa2tnd298z9ckeGscCkjUMWip6HJGGUk7aiipFeJAgKPEa63uRm6ncfiJA05PcqiYgToBGnPsVIack1y9VWLXHT6BRl8Aqyp95J1TUrVt2aAS4TOycVkKPlml+DYYjjgHCFGZKyb1uRclIkFMWMZKVBLEmE8ASNSF9TjgIinXR2ewaPtTKEfih0cQVn6u+JFAVSJoGnOwOkxnLRm4r/ef1Y+ZdOSnkUK8LxfJEfM6hCOA0CDqkgWLFEE4QF1bdCPEYCYaXjKukQ7MWXl0mnUbfP62d3jUrzOo+jCA7BEagBG1yAJrgFLdAGGDyCZ/AK3ozMeDHejY95a8HIZw7AHxifP5GTktk=</latexit>

P (yp,a = l|X)

Unary scores

Compute Unary score for predicates and arguments

<latexit sha1_base64="1Ws2LC1jyACT0jK7h1UDzQ8x5D0=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CbZCvZTdIuqx6MVjBfsB7VKyabaNzSZLkhXK0v/gxYMiXv0/3vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLS0TRWiTSC5VJ8CaciZo0zDDaSdWFEcBp+1gfDvz209UaSbFg5nE1I/wULCQEWys1CoPK/i83C+W3Ko7B1olXkZKkKHRL371BpIkERWGcKx113Nj46dYGUY4nRZ6iaYxJmM8pF1LBY6o9tP5tVN0ZpUBCqWyJQyaq78nUhxpPYkC2xlhM9LL3kz8z+smJrz2UybixFBBFovChCMj0ex1NGCKEsMnlmCimL0VkRFWmBgbUMGG4C2/vEpatap3Wb24r5XqN1kceTiBU6iAB1dQhztoQBMIPMIzvMKbI50X5935WLTmnGzmGP7A+fwBBhOOHg==</latexit>

g(a)
<latexit sha1_base64="Gh7V9z+4NY792biUOQMDXdPU9Mk=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CbZCvZTdIuqx6MVjBfsB7VKyabaNzSZLkhXK0v/gxYMiXv0/3vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLS0TRWiTSC5VJ8CaciZo0zDDaSdWFEcBp+1gfDvz209UaSbFg5nE1I/wULCQEWys1CoPK/F5uV8suVV3DrRKvIyUIEOjX/zqDSRJIioM4VjrrufGxk+xMoxwOi30Ek1jTMZ4SLuWChxR7afza6fozCoDFEplSxg0V39PpDjSehIFtjPCZqSXvZn4n9dNTHjtp0zEiaGCLBaFCUdGotnraMAUJYZPLMFEMXsrIiOsMDE2oIINwVt+eZW0alXvsnpxXyvVb7I48nACp1ABD66gDnfQgCYQeIRneIU3RzovzrvzsWjNOdnMMfyB8/kDHO2OLQ==</latexit>

g(p)

<latexit sha1_base64="iOTvvQBEW7RNCR8kRWB+GwfZrXA=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CbZCvZTdIuqx6MVjBfsh7VKyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8e3Mbz9RpVkkH8wkpr7AQ8lCRrCx0mO51xixSnxe7hdLbtWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwms/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrVvUuqxf3tVL9JosjDydwChXw4ArqcAcNaAIBAc/wCm+Ocl6cd+dj0Zpzsplj+APn8wc4E49h</latexit>

�(p)
<latexit sha1_base64="Y6OAbliZcYcKciJ0WIr4YDYHkm4=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CbZCvZTdIuqx6MVjBfsh7VKyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8e3Mbz9RpVkkH8wkpr7AQ8lCRrCx0mO51xixCj4v94slt+rOgVaJl5ESZGj0i1+9QUQSQaUhHGvd9dzY+ClWhhFOp4VeommMyRgPaddSiQXVfjo/eIrOrDJAYaRsSYPm6u+JFAutJyKwnQKbkV72ZuJ/Xjcx4bWfMhknhkqyWBQmHJkIzb5HA6YoMXxiCSaK2VsRGWGFibEZFWwI3vLLq6RVq3qX1Yv7Wql+k8WRhxM4hQp4cAV1uIMGNIGAgGd4hTdHOS/Ou/OxaM052cwx/IHz+QMhOY9S</latexit>

�(a)

Rela9on score

Compute Rela9on score between predicates and 
arguments

<latexit sha1_base64="h0rPwKSFtSqJ6x/RiYH137QlKYw=">AAAB/nicbVBNS8NAEN34WetXVTx5CbaCp5IUUY9FLx4r2A9oY9hsp+3SzSbsTsQSCv4VLx4U8erv8Oa/cdvmoK0PBh7vzTAzL4gF1+g439bS8srq2npuI7+5tb2zW9jbb+goUQzqLBKRagVUg+AS6shRQCtWQMNAQDMYXk/85gMozSN5h6MYvJD2Je9xRtFIfuGw1KkNuJ92EB4xVSDG43tR8gtFp+xMYS8SNyNFkqHmF7463YglIUhkgmrddp0YvZQq5EzAON9JNMSUDWkf2oZKGoL20un5Y/vEKF27FylTEu2p+nsipaHWozAwnSHFgZ73JuJ/XjvB3qWXchknCJLNFvUSYWNkT7Kwu1wBQzEyhDLFza02G1BFGZrE8iYEd/7lRdKolN3z8tltpVi9yuLIkSNyTE6JSy5IldyQGqkTRlLyTF7Jm/VkvVjv1sesdcnKZg7IH1ifP2OblcY=</latexit>

�l
rel

Combined score
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He had dared to defy nature

Embedder

Encoder

Classifier

He had He had dared to defy nature dared

- An end-to-end Neural SRL  Model

87.4
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Gold
pre dicate

end-to-
end

Gold
pre dicate

end-to-
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Argument classifica9on results on CoNLL05

WSJ Brown
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He had dared to defy nature

Embedder

Encoder

Classifier

He had He had dared to defy nature dared

Takeaways

Ø First end-to-end neural SRL model.

Ø Strong performance against models with gold predicates. 

Ø Empirically, the model does beWer at long range 
dependencies and agreement with syntac9c boundaries, 
but is weaker at global consistency, due to our strong 
independence assump9on
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He had dared to defy nature

Encoder

Embedder

Classifier

B-A0 0 0 0 0 B-A1

Mul<-Head Self-A@en<on + FF

Syntac<cally-informed Self-A@en<on + FF

Mul<-Head Self-A@en<on + FF

Predicate + POS Tagging

FF Bilinear FF

Predicate Role

Dare B-A0 0 0 B-A2 I-A2 I-A2

defy
Linguis9cally-Informed Self-AWen9on for Seman9c Role 
Labeling

Syntax strikes back
- A mul9-task learning framework with stacked mul9-head 

self-aWen9on
- Jointly predicts POS and predicates
- Perform parsing
- AWend to syntac9c parse parent while assigning seman9c 

role label.
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He had dared to defy nature

Encoder

Embedder

Classifier

B-A0 0 0 0 0 B-A1

Mul<-Head Self-A@en<on + FF

Syntac<cally-informed Self-A@en<on + FF

Mul<-Head Self-A@en<on + FF

Predicate + POS Tagging

FF Bilinear FF

Predicate Role

Dare B-A0 0 0 B-A2 I-A2 I-A2

defy

q Replace one aWen9on head with the deep bi-affine 
model of Dozat and Manning (2017). 

q Use a bi-affine operator U to obtain aWen9on 
weights for that single head. 

q Encode both the dependency and the dependency 
label
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Encoder

Embedder

Classifier

B-A0 0 0 0 0 B-A1

Mul<-Head Self-A@en<on + FF

Syntac<cally-informed Self-A@en<on + FF

Mul<-Head Self-A@en<on + FF

Predicate + POS Tagging

FF Bilinear FF

Predicate Role

Dare B-A0 0 0 B-A2 I-A2 I-A2

defy
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Encoder

Embedder

Classifier

B-A0 0 0 0 0 B-A1

Mul<-Head Self-A@en<on + FF

Syntac<cally-informed Self-A@en<on + FF

Mul<-Head Self-A@en<on + FF

Predicate + POS Tagging

FF Bilinear FF

Predicate Role

Dare B-A0 0 0 B-A2 I-A2 I-A2

defy
Linguis9cally-Informed Self-AWen9on for Seman9c Role 
Labeling

Predicate-specific 
representa9on

Argument-specific 
representa9on

Bilinear Transforma9on 
operator
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He had dared to defy nature

Encoder

Embedder

Classifier

B-A0 0 0 0 0 B-A1

Mul<-Head Self-A@en<on + FF

Syntac<cally-informed Self-A@en<on + FF

Mul<-Head Self-A@en<on + FF

Predicate + POS Tagging

FF Bilinear FF

Predicate Role

Dare B-A0 0 0 B-A2 I-A2 I-A2

defy
Takeaways

Ø Shows strong performance gain over other methods with 
and w/o gold predicate loca9on

Ø Incorpora9ng parse informa9on helpful for resolving span 
boundary errors (Merge spans, split spans etc.)
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q Seman9cs is usually considered as a higher layer of 
linguis9cs over syntax, most previous studies focus on 
how the laWer helps the former

q Seman9cs benefit from syntax, but syntax may also 
benefit from seman9cs.

q Joint training of  (Mul9-task learning) following 5 tasks
q Seman9c 

q Dependency
q Span
q Predicate

q Syntax
q Cons9tuent
q Dependency

He had dared to defy nature

Encoder

Embedder

SRL
Classifier

Mul<-Head Self-A@en<on + FF

FF Bilinear FF

Predicate Role

Dependency Head score

Cons9tuent Span score
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Syntax-aware end-to-end SRL system

Junru Zhou, Zuchao Li, and Hai Zhao. 2020. Parsing All: Syntax and SemanHcs, Dependencies and Spans. In Findings of the Associa6on for Computa6onal Linguis6cs: EMNLP 2020, pages 4438–
4449, Online. AssociaHon for ComputaHonal LinguisHcs.

https://aclanthology.org/2020.findings-emnlp.398


Zhou et al., 2019

Table 2 from the paper: Joint learning analysis on CoNLL-
2005, CoNLL-2009, and PTB dev sets 

q Joint training of dependency and span for SRL 
helps improve both. Further strengthened by Fei 
et al. (2021). 

Interes9ng Insights

q Further improve for both is observed when 
combined with syntac9c cons9tuent. 

SEMANTICS

q Though marginal, seman9c do improve syntax

SYNTAX
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Can we jointly predict dependency and span? 

Hao Fei, Shengqiong Wu, Yafeng Ren, Fei Li, and Donghong Ji. 2021. Be^er Combine Them Together! IntegraHng SyntacHc ConsHtuency and Dependency RepresentaHons for SemanHc Role 
Labeling. In Findings of the Associa6on for Computa6onal Linguis6cs: ACL-IJCNLP 2021, pages 549–559, Online. AssociaHon for ComputaHonal LinguisHcs.

q Not so when combined with syntac9c dependency 

https://aclanthology.org/2021.findings-acl.49
https://aclanthology.org/2021.findings-acl.49


Jindal et al., 2022
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Ishan Jindal, Alexandre Rademaker, Michał Ulewicz, Ha Linh, Huyen Nguyen, Khoi-Nguyen Tran, Huaiyu Zhu, and Yunyao Li. 2022. Universal ProposiHon Bank 2.0. In Proceedings of the Thirteenth 
Language Resources and Evalua6on Conference, pages 1700–1711, Marseille, France. European Language Resources AssociaHon.

SPADE: SPAn and DEpendency SRL model 

He had to defy nature

A0 0 0 0 A2 0

BERT

[CLS] [SEP] dared [SEP]

B-A0 0 0 0 B-A2 I-A2

A mul9-task learning framework
- Train simultaneously on argument heads and the argument spans. 

Enclosing constraints

Observa9ons:
q Slight drop on argument head performance.
q Gain on argument span performance.

These observa9ons are consistent with Zhou et 
at., 2019 

Can we jointly predict dependency and span? 

https://aclanthology.org/2022.lrec-1.181
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Can we jointly predict dependency and span? 
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Outline

q Early SRL approaches

q Typical neural SRL model components
q Performance analysis

q Syntax-aware neural SRL models
q What, When and Where?
q Performance analysis
q How to incorporate Syntax?

q Syntax-agnosBc neural SRL models
q Performance Analysis
q Do we really need syntax for SRL?
q Are high quality contextual embedding enough for SRL 

task?

q PracBcal SRL systems
q Should we rely on this pipelined approach?

q End-to-end SRL systems
q Can we jointly predict dependency and span? 

q More recent approaches
q Learn low-frequency excepGons
q Incorporate semanGc role label definiGons
q SRL as MRC task

q PracBcal SRL system evaluaBons
q Are we evaluaGng SRL systems correctly?

q Conclusion



Low-frequency Excep/ons
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Argument labeling task: 

q Arguments that are syntacGcally realized as passive subjects are typically labeled Arg1 
q However, there exist numerous low-frequency excepGons to this rule. 

q Passive subjects of certain frames (such as the frame TELL.01) are most commonly labeled as Arg2

Observa9ons based on CoNLL09 training data [Akbik and Li, 2015]:

q 57% of all subjects are labeled A0 
q 33% of all subjects are labeled A1 

q 74% of acGve subjects are labeled A0 
q 86% of passive subjects are labeled A1 

q 100% of passive subjects of SELL.01 are labeled A1 
q  88% of passive subjects of TELL.01 are labeled A2



Low-frequency Excep/ons
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[Akbik and Li, 2016] Alan Akbik and Yunyao Li. 2016. K-SRL: Instance-based Learning for Semantic Role Labeling. In Proceedings of COLING 2016, the 26th International 
Conference on Computational Linguistics: Technical Papers, pages 599–608, Osaka, Japan. The COLING 2016 Organizing Committee.
[Guan et al., 2019] Chaoyu Guan, Yuhao Cheng, and Hai Zhao. 2019. Semantic Role Labeling with Associated Memory Network. In Proceedings of the 2019 Conference of the 
North American Chapter of the Association for Computational Linguistics: Human Language Technologies, Volume 1 (Long and Short Papers), pages 3361–3371, Minneapolis, 
Minnesota. Association for Computational Linguistics.
[Jindal et al., 2020] Jindal, Ishan, Ranit Aharonov, Siddhartha Brahma, Huaiyu Zhu, and Yunyao Li. "Improved Semantic Role Labeling using Parameterized Neighborhood 
Memory Adaptation." arXiv preprint arXiv:2011.14459 (2020).
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?
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A3

A3

A2 A3

A1

A1

A1

A1

?

Instance-based learning

q Extrapolates predicGons from the most similar instances in 
the training data. [Akbik and Li, 2016, Jindal et al., 2020]

q Generally, staged approaches where base model is trained 
first to get the word/span representaGons. [Guan et al., 
2019, Jindal et al., 2020]

https://aclanthology.org/C16-1058
https://aclanthology.org/N19-1340
https://arxiv.org/pdf/2011.14459.pdf
https://arxiv.org/pdf/2011.14459.pdf


Understanding BERT based model beWer for beWer SRL performance.

Understand BERT for SRL
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Ilia Kuznetsov and Iryna Gurevych. 2020. A ma^er of framing: The impact of linguisHc formalism on probing results. In Proceedings of the 2020 Conference on Empirical Methods in 
Natural Language Processing (EMNLP), pages 171–182, Online. AssociaHon for ComputaHonal LinguisHcs.

BERT “rediscovers” the classical NLP pipeline [Tenney et al., 2019]

q Lower layers tend to encode mostly lexical level informa9on, while
 
q Upper layers seem to favor sentence-level informa9on.

https://aclanthology.org/2020.emnlp-main.13


Understanding BERT based model beWer for beWer SRL 
performance.

Understand BERT for SRL

He had dared to defy nature
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Simone Conia and Roberto Navigli. 2022. Probing for Predicate Argument Structures in Pretrained Language Models. In Proceedings of the 60th Annual Mee6ng of the Associa6on for 
Computa6onal Linguis6cs (Volume 1: Long Papers), pages 4622–4632, Dublin, Ireland. AssociaHon for ComputaHonal LinguisHcs.

StaBc: Last layer ac9va9ons as sta9c embeddings
Top-4: Concatenate top 4 layers ac9va9ons
W-avg: Parametric sum of all layer ac9va9ons

https://aclanthology.org/2022.acl-long.316


Understanding BERT based model beWer for beWer SRL 
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q Predicate senses and argument structures are encoded at 
different layers in LMs

q Verbal and nominal predicate-argument structures are 
represented differently across the layers of a LM; 
q  SRL system benefits from trea9ng them separately; 

Interes9ng Insights



Label-aware NLP
• Model is given the definitions of labels, and 

can effectively leverage them in many 
tasks
§ Sentiment/entailment: (Schick and Schutze, 

2021)

§ Event extraction: (Du and Cardie, 2020; Hongming 
et al., 2021)

§ Word sense disambiguation: (Kumar et al., 2019)

• Strong even with few-shot

• Many more, but NOT for SRL (why?)
§ Semantic roles are specific to predicates

§ There are many predicates, thus many roles; 
very sparse

§ 8500 Predicate senses in CoNLL09 data

§ ~8500*3 argument labels ~ 25K 
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Incorpora/ng Role Defini/ons



Label-aware NLP for SRL
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Incorpora/ng Role Defini/ons

Li Zhang, Ishan Jindal, and Yunyao Li. 2022. Label DefiniHons Improve SemanHc Role Labeling. In Proceedings of the 2022 Conference of the North American Chapter of the Associa6on for 
Computa6onal Linguis6cs: Human Language Technologies, pages 5613–5620, Sea^le, United States. AssociaHon for ComputaHonal LinguisHcs.

[Zhang et al., 2022]
q Make n+1 copies of the sentence where n is number of 

core arguments defined for frame.
q N is number of core arguments
q +1 is for contextual arguments

q Append label defini9on at the end of the sentence.

q Convert K class classifica9on problem into binary class 
classifica9on. 
q That is to determine whether a token is worker or 

not in this example.

https://aclanthology.org/2022.naacl-main.411
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Incorpora/ng Role Defini/ons

Low-Frequency Predicates. 
- SRL suffers from the long-tail phenomenon.
- LD outperforms base by up to 4.4 argument F1 for unseen 

predicates, notably helping with low-frequency predicates. 

Few-Shot Learning. 
- LD outperforms base by up to 3.2 F1 in- and out-domain.
- The performance gap diminishes as training size approaches 

100, 000. 

Distant Domain AdaptaBon
- evaluate models trained on CoNLL09 (news ar9cles) on the 

Biology PropBank.
- LD model achieves 55.5 argument F1, outperforming base 

which achieves 54.6..

Interes9ng Insights



SRL as extrac9ve machine Reading Comprehension task [Wang et al., 2022]

SRL as MRC Task

101
Nan Wang, Jiwei Li, Yuxian Meng, Xiaofei Sun, Han Qiu, Ziyao Wang, Guoyin Wang, and Jun He. 2022. An MRC Framework for SemanHc Role Labeling. In Proceedings of the 29th 
Interna6onal Conference on Computa6onal Linguis6cs, pages 2188–2198, Gyeongju, Republic of Korea. InternaHonal Commi^ee on ComputaHonal LinguisHcs.

https://aclanthology.org/2022.coling-1.191


DEEPSTRUCT: Pretraining of Language Models for Structure 
Predic9on [Wang et al., 2022]

SRL Genera/on

102
Wang, Chenguang, Xiao Liu, Zui Chen, Haoyun Hong, Jie Tang, and Dawn Song. "DeepStruct: Pretraining of Language Models for Structure Prediction." In Findings of the 
Association for Computational Linguistics: ACL 2022, pp. 803-823. 2022.

- SRL as structure predic9on task 

- Reformula9ng structure predic9on as a series 
of unit tasks–triple predic9on tasks

- Showed significant performance gain over 
autoencoders models.



103

Outline

q Early SRL approaches

q Typical neural SRL model components
q Performance analysis

q Syntax-aware neural SRL models
q What, When and Where?
q Performance analysis
q How to incorporate Syntax?

q Syntax-agnosBc neural SRL models
q Performance Analysis
q Do we really need syntax for SRL?
q Are high quality contextual embedding enough for SRL 

task?

q PracBcal SRL systems
q Should we rely on this pipelined approach?

q End-to-end SRL systems
q Can we jointly predict dependency and span? 

q More recent approaches
q Handling low-frequency excepGons
q Incorporate semanGc role label definiGons
q SRL as MRC task

q PracBcal SRL system evaluaBons
q Are we evaluaGng SRL systems correctly?

q Conclusion
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SRL Evalua/on – Issues with Evalua/on Metrics 
Two official evalua9on scripts

q Evalua9on script from CoNLL05 Shared task (eval05.pl)
q Evalua9on script from CoNLL09 Shared task (eval09.pl)

Predicate idenBficaBon

Predicate sense 
disambiguaBon

Argument idenBficaBon

Argument classificaBon

Eval05.pl Eval09.pl

Span only Head only

Assume gold 
predicate loca9on

Assume gold 
predicate loca9on

All tasks are 
evaluated 
independently

ER
RO

R 
PR

O
PO

G
AT

AT
IO

N
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SRL Evalua/on – Predicate Error Types
Example:

Predicate sense 
evalua9on

Eval05.pl

Eval09.pl
R

Do not evaluate

1/1 0/1 0/1 1/1

Eval05.pl

Eval09.pl
P

Do not evaluate

1/1 0/1 0/1 1/1
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SRL Evalua/on – Error Examples

Real errors from a SoTA SRL model.
 
All of these predicate senses are marked correct by the CoNLL09 evalua9on script. 
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SRL Evalua/on – Argument Error Types
Example:

Eval05.pl

Argument 
evalua9on

Eval09.pl
R

Eval05.pl

Eval09.pl
P

3/3 3/3 3/3 3/3

3/3 3/3 3/3 3/3

3/3 0/3 3/3 0/3

3/3 0/3 3/3 0/3



108

An Improved Evalua/on Scheme

Summary of issues with exisFng SRL evaluaFon metric:

q Proper evalua9on of predicate sense disambigua9on task; 

q Argument label evalua9on in conjunc9on with predicate sense; 

q Proper evalua9on for discon9nuous arguments and reference arguments; and

q Unified evalua9on of argument head and span.

Jindal, Ishan, Alexandre Rademaker, Khoi-Nguyen Tran, Huaiyu Zhu, Hiroshi Kanayama, Marina Danilevsky, and Yunyao Li. "PriMeSRL-Eval: A Practical Quality 
Metric for Semantic Role Labeling Systems Evaluation."  In Findings of the Association for Computational Linguistics: EACL 2023, pp. 1761-1773. 2023.

PriMeSRL-Eval: A Practical Quality Metric for Semantic Role Labeling Systems Evaluation [Jindal et al., 2022]
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With PriMeSRL-Eval we made the following observa9ons:

q Current evalua9on scripts exaggerate the SRL model quality.
q A clear drop on ~7F1 points on OOD set is observed.
q The rela9ve ranking of the SoTA SRL models changes.

An Improved Evalua/on Scheme
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Conclusion

q Syntax ma/ers
q Yes, at least for argument spans.
q Not for dependency SRL.

q Eventually, you need syntax to compute span. 
q SRL can help syntax

q Contextualized embeddings
q Carry major chunk of performance gain in SRL.
q Fine-tunning LM for SRL further raised the bar.

q End-to-End Systems
q More prac9cal, but computa9onally expensive
q Predicate and arguments task shown to improve 

each other. 

q SRL in few shot se=ng
q Probe SRL informa9on from large LMs.

q Given the sparsity of the SRL label space 
finding a right prompt is quite challenging.

q Mul?lingual SRL
q Mul9lingual SRL Resources
q Universal PropBanks for SRL

q A long way to go

q Datasets
q Dataset without predicate sense annota9ons
q Ethical issues

q SRL Model Re-Evalua?ons

Observa.ons Opportuni.es
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