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Tasks and Datasets

Assign semantic role labels | | Predict the relation Recognize and tag the
to text spans. between the two entity named entities in a
mentions. sentence.

Introduction
Syntax Formalism: Dependency Tree

I should have some visitors
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Dependency tree encode a syntactic relation between words.
Information extraction (IE) tasks have benefitted from the use of dependency trees.

Predicates are given.

Dataset: Dataset:
Datasets: = TACRED (label corrected) | | = OntoNotes 5.0
= CoNLL-2005 WS = 41 relation types and a = 18 entity types
"= CoNLL-2012 OntoNotes “no relation” type

Previous Work Utilizing Dependency Tree

Based on randomly initialized sequence models + dependency tree encoders.

Ex1: Graph convolutions applied to relation extraction (Zhang et al. 2018).

Ex2: Biasing Transformer’s self-attention with dependency tree (Strubell et al. 2018).
Demonstrated significant improvements over linear sequence models.

Examples

SRL: [pp He ] [am-mop Would ] [amneg N'E ] [y accept ] [o; anything of value ] from
[A> those he was writing about ] .

RE: Baldwin declined further comment, and said JetBlue chief executive Dave
Barger was unavailable;

Recent Work: Syntax Information within BERT

NER: [person Laura] flew to [ geanion Silicon Valleyl].

Different linguistic information such as parsing, semantic roles is captured in
different layers of BERT (Tenney et al, 2019).

BERT’s attention heads attend according to linguistic syntax (Clark et al, 2019).
BERT’s output representation embeds syntactic trees (Hewitt et al, 2019).

Results and Analysis

Impact of Parsing Quality

Resea rCh QUEStIOﬂ = Three types of parses: (a) Gold parses: human annotated (b) Stanza parses:
extracted from Stanza toolkit (c) In-domain parses: train a parser using gold parses

Does external syntax information from dependency trees help

BERT improve performance on information extraction tasks? CoNLL-2005 SRL CoNLL-2012 SRL
Test Set P R F4 Test Set P R F4
Baseline Models (without dependency parses) Baseline Models (without dependency parses)
M h d BERTpasg  87.0 88.0 87.5 BERTgAsE 85.9 &7.1 86.5
Et O S Stanza Dependency Parses (UAS: 84.2) Stanza Dependency Parses (UAS: 82.7)
Late Fusion 86.9 88.1 87.5 Late Fusion 85.7 87.2 86.5
Syntax-GNN: Graph Encoder over Dependency Tree Joint Fusion 869 879 874 Joint Fusion 5.9 8.1 .5
In-domain Dependency Parses (UAS: 92.7) In-domain Dependency Parses (UAS: 93.6)
= Modification of the Transformer encoder Late Fusion ~ 86.8 88.0 87.4 Late Fusion 86.1 86.9 86.5
Joint Fusion 87.1 &88.0 87.5 Joint Fusion 85.8 86.9 86.3
N : : Gold Dependency Parses Gold Dependency Parses
= Self-attention = Graph attention : P )
W, Late Fusion  89.2 91.1 90.1 Late Fusion 88.1 90.3 89.2
Network Subtayer £ GeL Joint Fusion 90.6 91.4 91.0 Joint Fusion 89.3 90.4 89.9
Wf %% T
Caver Norm Sij — (Ui W Q) (Uj K ) = Using gold parses, syntax-augmented models achieve new best results.
x . .
- . @ Interaction score = Stanza and in-domain parses are not much helpful for SRL.
raph-Attention Sublayer Z3
W
o exp(sij) Relation Extraction Named Entity Recognition
Oéij =
m\ 2 ken; eXP (Sik) Test Set P R F TestSet P R ol
32 . .
graph-attention score Baseline Models (without dependency parses) Baseline Models (without dependency parses)
HH HH HH HH HH BERT o 50 704 71 BERTpase  88.8  89.6 89.2
AN Stanford CoreNLP Dependency Parses Stanza Dependency Parses (UAS: 83.9)
Wkl Wy| [Wo = t Late Fusion 88.8 894 89.1
A P (v WiDW GCN 74.2  69.3 71.7 , ,
r . r i ( 2 zj( j V)) F GCNABERTnace! 748 741 45 Joint Fusion 88.6 89.4 89.0
Layer Norm JEN; Late Fusion 78.6 76.3 77.4 Gold Dependency Parses
) Joint Fusion 70.2 75.1 72.5 -
aggregation La.te FUSIf)Il 88.8 89.2 89.0
Joint Fusion &88.6 §89.3 88.9
I should  have  some  visitors = Late Fusion improves over BERT by 0.3 F; _ .
\ T\ N det S = No performance gains observed in
ey dobj = Extracted parses hurt performance of the syntax-augmented models on NER.

Joint Fusion model.

Syntax-Augmented BERT Models

SRL: Parse Accuracy vs Performance

Late Fusion Joint Fusion T o
o 50f a  o0r
NX A @ &
t s :
> Highway Gate ,@ * Incorporate syntax-GNN Sl S o
A representations within i i
Syntax-GNN L W N\ self-attention sublayer. 8 sl |
A A GELU po p
4
ZIELL T'V'Ode' N A 4 * Introduce two projection ® _100p 1 1 | 1 2| VRN S
Layer Norm weights per layer { Py, P A ! - > 0 A H - > 0
Wordpiece Embeddings . 8 P veriPr. bv} A IAS
Pé = Small positive correlation between F; = Inference is done using Stanza parses
= Stack syntax-GNN over BERT. * Project syntax-GNN difference and parse accuracy. on a model trained with gold parses.
W representations and add
= Highway gat.e selects useful _ 0 _ with BERT layer’s keys = Model trained on Stanza parses tends = The model trained on gold parses is
representations. TJomt Atte:'on and values. to rely less on the noisy parses. more sensitive to Stanza parses.
= Add hidden states that map Add || Add
to the same linguistic token. ;G * Project syntax-GNN =
1;,( W;K I;V ”;V ”;Q representations and add COnCI usions
n with BERT layer’s keys , .
' Y Y = We obtain state-of-the-art results on SRL using gold dependency parses.
Layer Norm and values.
A = Qur results show marginal gains from using extracted parses on IE tasks.
Syntax-GNN i i
Hidden States PHf?dV;‘;‘;SSL;{:; = Syntax-augmented BERT models are sensitive to parse accuracy.

EACL 2021 Code: https://github.com/DevSinghSachan/syntax-augmented-bert



