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Early SRL methods

Symbolic approaches + Neural networks (syntaxare models)
Syntaxagnosticneural methods

Syntaxaware neural methods



' Recent papers which involve neural networks and SRL

' English language

| Skip predicate identification and disambiguation methods
' Focus on labeling of semantic roles

' PropBank [Palmer et al. 2005]
CoNLL 2005 dataset (spamased SRL)
CoNLL 2009 dataset (dependentyased SRL)

' F1 measure for role labeling and predicate disambiguation
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. Glven a predicate
Argument identification
Role labeling

Global and/or constrained inference
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' Handcrafted ruleson the full syntacti¢ree | Xue and Palmer, 2004]
' Binary classifigiPradharet al, 2005Joutanovaet al, 2008]
I Both [Punyakanolet al, 2008]



Labeling is performed using a classifier (SVM, logistic regression)
For each argument we get a label distribution
Argmaxover roles will result in a local assignment

No guarantee the labeling is well formed
overlapping arguments, duplicate core roles, etc.



Enforce linguistic and structural constraint (e.g., no overlaps, discontinuous
arguments, reference arguments, E)

Viterbi decoding (Yoest list with constraints) T Sckstrémet al. 2015
Dynamicprogramming TSckstrsmet al, 2015 Toutanovaet al, 2009

nteger linear programming”unyakanolet al,200§
Reranking| Toutanoveet al,2008 Bjstkelund et al.,2009




. 3 steps pipeline
| Massive feature engineering

argument identification
role labeling
re-ranking

. Most of the features are syntactiGildeaandJurafsky2002]



Early SRL framework

Symbolic approaches + Neural networks (syntax-aware models)
Syntaxagnosticneural methods
SyntaxAware neural methods



' Rulebased argumententification
as in[Xue and Palmer, 2004ut for dependency parsing

' Neural network for local role labeling

' Globalstructural inference based on dynanpimgramming
[TSckstrdmet al.,2015]
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Htzgeraldet al, 2015




. Dependencybased SRL

' Neuralnetwork with dependency path embeddings as locaklassifier

Argument identification
Role labeling

| Global rerankingof k-bestlocal assignments



Syntactic paths between predicates and arguments are an important feature
It may be extremely sparse

Creating a distributed representation can solve the problem

Use LSTMHochreiter and Schmidhubed995]to encode paths
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Roth and Lapat2016: Dependency path embeddings example
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Roth and Lapata, 2016:Architecture
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Roth and Lapat2016: Dependencipased SRL results
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' Encode syntactic paths with LSTMs
Overcome sparsity

. Combination of symbolic features and continuous syntactic paths



Early SRL framework

Symbolic approaches + Neural networks
Syntax-agnostic neural methods (the fall)

Syntaxaware neural methods



' SRL as a sequence labeling task

ARG 0O repair_.Ol _ ARG1
Sequa makes and repairs et engines




' SRL as a sequence labeling task
Argument identification and role labeling in ostep

ARG 0O repair_.Ol _ ARG1
Sequa makes and repairs et engines
O
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' Generalarchitecture
Word encoding
SEntenceencoding (via LSTM
Decoding
' No use ofany kind oftreebanksyntax (not trivial to encode It)

' Differentiable endo-end
[Collobertet al., (201])]



' Pretrained word embedding
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Pretrained word embedding
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' Bidirectional LSTM
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. Bidirectional LSTM
Forward (left context)
Backward (right context)
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. Bidirectional LSTM
Forward (left context)
Backward (right context)
Snake BILSTM
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. ConditionalRandomField
[Laffertyet al.,2001]
Markovassumption between rol@abels
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Zhou and Xu2015: Results
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Zhou and Xu, 2015




' Pretrained word embedding
' Predicate flag
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. OSnakeO-BSTM
' Highway connection&Srivastava et al., 2015]
' Recurrent dropout/Gal andGhahramaniz016]
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He et al.2017: HighwaygonnectiondSrivastavat al.,2015
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He et al.2017: HighwagonnectiondSrivastavat al.,2015
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He et al.2017:Recurrentdropout [Gal andGhahramani014
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. A* decoding algorithm
BIO constraint
Continuation constraint
Uniguenessore roles
Reference constraint
Syntactic constraint
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He et al., 2017




Dependencypased SRL

Shallow syntactic information (POS tags)
Intuitions from syntactic dependency parsing
Local classifier



. Pretrained word embedding

' Randomlyinitializedembedding

' Randomly initializedmbedding oPOS tags
. BEmbedding®f the predicatelemmas

. Predicate flag /H H H H N
word
S 0 1 0 representation/
Pttt
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. Standard (nofsnake) BLSTM
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Marcheggiaret al.,2017:Decoding

p(r|ti, tp, [) I exp(Wi, (ti ™ tp))

Concatenation of argument and predicate state

[KiperwasserandGoldberg, 2016]
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Marcheggiaret al.,2017:Decoding

p(r|ti, tp, [) I exp(Wi, (ti ™ tp))

Concatenation of argument and predicate state

[KiperwasserandGoldberg, 2016]
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. Little bit of syntax (POS tags)
' More sophisticated word representation
' Fast local classifier conditioned on predicate representation



Early SRL framework
Symbolic approaches + Neural networks
Syntaxagnosticneuralmethods

Syntax-aware neural methods (syntax strikes back!)



I POStags arebeneficial Marcheggiani et al., 2017]
I Gold syntax is beneficial (but hard to encodEg) at al., 2017]

' Encoding syntax with GrapBonvolutionalNetworks
[Marcheggiani and Titov, 2017]



Word encoding|[Marcheggiani et. al, 20[L7
Sentence encoding witBiLSTM Marcheggianet. al,2017]

Syntax encoding with Graph Convolutional Networks (GCN)
[Kipfand Welling, 2016]
Each word is enriched with the representation of its syntactic neighborhood

LocalclassifiefMarcheggianet. al,2017]
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Marcheggiani and Tita®017.Syntactic GCN example
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Marcheggiani and Titov, 2017: Syntactic GCN example

Lane disputed those estimates
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Marcheggiani and Titov, 2017: Syntactic GCN example

Stacking GCNs widens the
syntactic neighborhood
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Marcheggiani and Titov, 2017: Syntactic GCN

Each node is
Sum over thesyntactic transformed according
neighborhood to label and direction
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Marcheggiani and Tito2017 Results
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Marcheggiani and TitoX017:Analysis
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Marcheggiarand Titov,2017
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' We can livewithout (treebank syntax (out of domain)

. Butlife with syntax idetter
andthe better the syntaxgarsers) thebetter our semantic roldabeler

. WhatOs the (present) future?
Multi-task learning

Swayamdiptat al. (2017) fram&emantic parsing + syntax
Peng et al. (2017) multask on different semantic formalisms

' Neural networks work (I kid you notE
' E but we do have (a lot of) linguistic prior knowledgeE
. E and it is time to use it again.
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