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Semantic Role Labeling: WHO did WHAT to WHOM?

Semantic Role Labeling is a task of:

? identifying semantic arguments of a predicate (WHO did WHAT to
WHOM, WHERE, WHEN, WHY etc.)

? and labeling the arguments with their semantic roles (e.g. Experiencer,
Content or A0, A1 etc.)

[A0 Late buying] [V gave] [A2 the Paris Bourse] [A1 a parachute] [AM-TMP after its free .
fall early in the day]

predicate

who? whom?
what?

when?
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Semantic Role Labeling: From sentences to propositions

Compare different wordings:

Mr. White met Mr. Williams.
Mr. White had a meeting with Mr. Williams.
Mr. White and Mr. Williams met.
Mr. White and Mr. Williams were in a meeting.

⇓
Proposition: meet ( Mr. White , Mr. Williams )

⇓
Information Extraction, Question Answering, Text Summarization, Reasoning
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Proposition Bank (PropBank)

PropBank:

? Corpus of text annotated with information about basic semantic
propositions (Kingsbury and Palmer, 2002; Palmer et al., 2005)

? https://propbank.github.io/

? Searchable frame files:
http://verbs.colorado.edu/propbank/
framesets-english-aliases/
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PropBank frame examples

PropBank frames for give:
http://verbs.colorado.edu/propbank/framesets-english-aliases

give.01 “transfer”
Roles: Arg0-PAG: giver (agent)

Arg1-PPT: thing given (theme)
Arg2-GOL: entity given to (recipient)

Example: The executives gave the chefs a standing ovation.

give.14 “to be likely to, given to”
Roles: Arg1-PAG: Person/entity likely to do/be a certain way

Arg2-PRD: Thing which Arg1 is likely to do/be
Example: One is given to wonder how the police could have

missed the very blunt instrument they claimed
they were looking for.
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PropBank Semantic Role Labels

Why numbered arguments (Palmer et al., 2013):

? Lack of consensus concerning semantic role labels.
? Numbers correspond to verb-specific labels.
? Arg0 – Proto-Agent, Arg1 – Proto-Patient.
? Arg2-5 are highly variable and overloaded – poor performance.
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PropBank: Core Semantic Roles (Palmer et al., 2013)

Arg0 agent, experiencer
Arg1 patient, theme
Arg2 benefactive / instrument / attribute / end state
Arg3 start point / benefactive / instrument /attribute
Arg4 end point

[A0 Late buying] [V gave] [A2 the Paris Bourse] [A1 a parachute] [AM-TMP after its free .
fall early in the day]

predicate

who? whom?
what?

when?
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PropBank: Argument Modifiers (Palmer et al., 2013)

AM-TMP when? on Sunday, tomorrow, recently
AM-LOC where? in New York, at home, in the kitchen
AM-DIR where to / from? from Germany, to the lighthouse

AM-MNR how? seriously, quickly, intentionally
AM-PRP/CAU why? due to, because of

AM-REC reciprocal herself, one another
AM-GOL end point of motion verbs to the floor, to Mary
AM-PRD secondary predication eat an apple unwashed
AM-ADV miscellaneous (nothing else fits)
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How do the files in PropBank look like?

Christian Wurm & Tatiana Bladier Deep Learning in NLP | WS 2018 10



Semantic Role Labeling (SRL) Neural SRL: Syntax-agnostic Neural SRL: Syntax-aware

Other SRL Resources

Two other major frequently used SRL resources:

? FrameNet
https://framenet.icsi.berkeley.edu/fndrupal/

? VerbNet
https://verbs.colorado.edu/~mpalmer/projects/verbnet.html
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Non-verbal predicates

for.01 “in favor of, supporting”
Roles: Arg1-PAG: advocate, supporter

Arg2-PPT: in favor of what
Example: I’m all for a bit of protectionism when it comes to

labour markets.

friendly.01 “friendly”
Roles: Arg1-PPT: friendly entity

Arg2-GOL: target of friendship
Example: She is friendly with my cousins.

http://verbs.colorado.edu/propbank/framesets-english-aliases
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General SRL pipeline (1)
Two steps pipeline (Marcheggiani et al., 2013):

? Identify words that are predicates.
? Identify and label all the arguments for each predicate.
? If a sequence has np predicates, the sequence is processed

np times.

(wanter) (thing wanted)
[A0 I] a [V want] [A1 to hold your hand]

want.01
who? what?

[A0 I] want to [V hold] [A1 your hand]
(holder) (thing held)

hold.01
who? what?
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General SRL pipeline (2) (Marcheggiani et al., 2013)
Argument identification:

? Hand-crafted rules on the full syntactic trees (Xue and Palmer, 2004).
? Binary classifier (Pradhan et al., 2005).
? Both (Punyakanok et al., 2008).

Role labeling + Inference:
? Labeling is performed using a classifier (SVM, logistic regression).
? Most of the features are syntactic (Gildea and Jurafsky, 2002).
? For each argument we get a label distribution.
? Argmax over roles will result in a local assignment.
? No guarantee the labeling is well formed

→ overlapping arguments, duplicate core roles etc.
? Toutanova et al. (2008); Täckström et al. (2015); Björkelund et al.

(2010)
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Neural syntax-agnostic SRL methods (1)

? SRL as a sequence labeling problem.
? Argument identification and role labeling in one step.
? BIO-scheme for the argument labeling.

I a want to hold your hand
B-A0 B-V B-A1 I-A1 I-A1 I-A1

want.01

I a want to hold your hand
B-A0 O O B-V B-A1 I-A1

hold.01

(Marcheggiani et al., 2013)
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Neural syntax-agnostic SRL methods (2)

General architecture:

? Word encoding.
? Sentence encoding (e.g. via LSTM).
? Decoding.
? No use of any kind of treebank syntax (not trivial to encode).

(Marcheggiani et al., 2013)
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End-to-end learning of SRL using RNNs

Model proposed by Zhou and Xu (2015):
http://www.aclweb.org/anthology/P15-1109

https://github.com/sanjaymeena/semantic_role_labeling_deep_learning

? No syntax information.
? Minimal word representation.
? Sentence encoding with BiLSTM.
? Conditional Random Fields (CRF) layer for label prediction:

→ CRF focus on sentence level instead of individual positions for
sequence predictions;
→ CRFs can produce higher tagging accuracy in general (Huang
et al., 2015).
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BiLSTM-CRF Model (Huang et al., 2015)

EU rejects German call

B-A1 B-V B-A2 I-A2

Forward pass

Backward pass

CRF

BiLSTM

Input layer

Figure: BiLSTM-CRF Model (Huang et al., 2015)
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BiLSTM-CRF Model for SRL (Zhou and Xu, 2015)

A record date has n't been set .

record set n't been set .  mr = 0

Sentence
arguments predicate context predicate

BiLSTM x 4

CRF (Output)

B-A1

features

Figure: BiLSTM-CRF for Semantic Role Labeling (Zhou and Xu, 2015)
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BiLSTM-CRF SRL Model: Features

token arg pred context-pred mr label
1 A set n’t been set . 0 B-A1
2 record set n’t been set . 0 I-A1
3 date set n’t been set . 0 I-A1
4 has set n’t been set . 0 O
5 n’t set n’t been set . 1 B-AM-NEG
6 been set n’t been set . 1 O
7 set set n’t been set . 1 B-V
8 . set n’t been set . 1 O

Table: Features used in Zhou and Xu (2015)
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Neural syntax-aware SRL methods (Marcheggiani et al., 2013)

? Propbank-style SRL formalism is closely tied to syntax: 98.7% of
SRL arguments match an unlabeled constituent in the gold
syntax tree (He et al., 2017).

? Do Deep SR Labeler inherently learn syntax?

? Syntax is not trivial to encode → different approaches.
? POS tags are beneficial for SRL (Marcheggiani et al., 2017).
? Gold syntax is beneficial, but hard to encode (He et al., 2017).
? Performance of the SRL labeler depends on the performance of
the underlying syntactic parser (He et al., 2017).

Christian Wurm & Tatiana Bladier Deep Learning in NLP | WS 2018 21



Semantic Role Labeling (SRL) Neural SRL: Syntax-agnostic Neural SRL: Syntax-aware

SRL + Graph Convolutional Networks

? Model proposed by Marcheggiani and Titov (2017).

? Based on encoding of syntactic dependencies with Graph Convolutional
Networks (GCNs).

? GCNs are multilayer neural networks operating on graphs (Kipf and
Welling, 2016) → applicable to dependency graphs.

We ask the filmmakers to forgive us

root

suj
dobj

det dobj

obj

case
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Syntactic GCN Example (Marcheggiani and Titov, 2017)

? Graph Convolutional Networks encode for every node in the
graph relevant information about its neighborhood as a
real-valued feature vector.

Lane disputed those changes
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Figure: Syntactic GCN Example (Marcheggiani and Titov, 2017)
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LSTM-GCN Model for SRL (Marcheggiani and Titov, 2017)

Lane disputed those changes

k layers BiLSTM 

Classifier

nsubj
dobj nmod

n layers GCN

B-A1

Figure: LSTM-GCN Model for Semantic Role Labeling (Marcheggiani and
Titov, 2017)
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