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• Transparent encoding of predicate-argument structure
• Simple and efficient computational models
• Compatible with linguistic traditions around the world
• Multilingual research tradition from CoNLL 2006–2007



Universal Dependencies

Focus on grammatical relations between (content) words

the dog chased the cat from the room

koira jahtasi kissan huoneesta
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Transition-Based

Greedy search for optimal 
sequence of actions

Learn to score actions

Graph-Based

Exact search for highest
scoring tree

Learn to score subgraphs 



TB Trade-Offs

Highly efficient parsing — linear time complexity with 
constant time oracles and transitions

Sensitive to search errors and error propagation due 
to greedy inference and local learning

Rich history-based feature representations — no rigid 
constraints from inference algorithm



GB Trade-Offs

But this is only possible with local feature factorizations
• Must limit context statistical model can look at

• Results in bad ‘easy’ decisions

• For example, first-order models often predict two subjects

• No parameter exists to discourage this

Learning and inference are global
• Decoding guaranteed to find highest scoring tree

• Training algorithms use global structure learning
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Lots of cool work on parsing (and learning) algorithms

+Accuracy

+Convergence

Ryan McDonald and Joakim Nivre. 2014.  
Recent Advances in Dependency Parsing.  
Tutorial at EACL.



2014 and beyond…

• Neural Networks!

• Continuous word representations (word2vec)

• Convergence in feature encoding (BiLSTM)

• Simplified parsing architectures

• Convergence in error profile?
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Eliyahu Kiperwasser and Yoav Goldberg. 2016.  
Simple and Accurate Dependency Parsing  
Using Bidirectional LSTM Feature  
Representation Networks.  
TACL 4: 313–327.
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2018 and beyond…

• Language model pre-training

• ELMo, *BERT*, GPT 1&2, XLNet, etc.

• Dynamic word representations

• Features across layers of abstraction

• Capture approximate syntax out-of-the-box





1. What do the error profi les of contemporary, neural 
parsers look like?

2. Do deep contextualised word representations reduce 
errors more effectively in transition-based parsing?

3. If so, is this true for…

…longer dependencies?

…dependencies closer to root?

…longer sentences?

Research Questions



transition-based (TB):

TB model from Kiperwasser and Goldberg (2016)

arc-hybrid transition system

SWAP transition (uuparser)

graph-based (GB):

GB model from Kiperwasser and Goldberg (2016)

arc-factored

CLE algorithm over score matrix for 
max spanning tree (uuparser)

Parsers



baseline:

pretrained fastText word vectors 

wk = xk ∘ BiLSTM(c1:M)

BiLSTM character embeddings

Input Representations



pretrained models by Che et al. (2018)

ELMok =
3

∑
j=0

sjhj,k

20 mil. words sampled from WikiDump and 
CommonCrawl 

44 languages

ELMo             :

Input Representations



multilingual BERT Cased:

BERTk =
8

∑
j=4

sjhj,k

concatenated WikiDump for 104 languages

12 layers, 12 attn. heads

BERT           :

Input Representations



model input rep.

baseline

D

wk

wk ∘ ELMok

300 + (2 * 100) = 500

300 + (2 * 100) + 1024 = 1524

300 + (2 * 100) + 768 = 1278wk ∘ BERTk

Input Representations



language treebank family word order train # sents
arabic PADT afro-asiatic VSO 6.1k

basque BDT basque SOV 5.4k

chinese GSD sino-tibetan SVO 4.0k

english EWT indo-european SVO 12.5k

finnish TDT finno-ugric SVO 12.2k

hebrew HTB afro-asiatic SVO 5.2k

hindi HDTB indo-european SOV 13.3k

italian ISDT indo-european SVO 13.1k

japanese GSD japanese SOV 7.1k

korean GSD korean SOV 4.4k

russian SynTagRus indo-european SVO 48.8k

swedish Talbanken indo-european SVO 4.3k

turkish IMST altaic SOV 3.7k

Languages



4.0

vs

2.9

4.5

vs

3.1

Results



TB still suffers from search errors on 
long dependencies, though 
differences are smaller


BiLSTM adds uniformity in feature 
reps


Error Analysis



Inverse correlation between deplen 
and distance to root


tr+B superior from 5-onwards

Error Analysis



GR degrades faster than TR


TR doesn’t suffer from search errors 
as much, though


Higher accuracy sentences have a 
larger distribution of sentences of 
middle length

Error Analysis



1. What do the error profi les of contemporary, neural parsers look like?

2. Do deep contextualised word representations reduce errors more 
effectively in transition-based parsing?

3. If so, is this true for…

…longer dependencies?

…dependencies closer to root?

…longer sentences?

Research Questions

similar for baseline, near-convergence for +E/+B

yes

yes

yes

maybe?

… what happens if we take out the BiLSTM, etc. ?



full model



keep LSTM, remove W + C embeds



remove LSTM, keep W + C embeds



remove LSTM, remove W + C embeds



baseline



Language Models

• Obvious boon for dependency parsing
• Ubiquitous in contemporary NLP
• SOA on virtually all tasks when pretraining / fine-tuning



… and many more…

BERTology 😔



much evidence that linguistic hierarchy is captured by neural LMs

if models capture syntax, they don’t devote entire spaces to do so

distance and depth natural properties of syntax trees and vector spaces

theoretically possible to train probe to retrieve these properties
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UD embraced by NLP community

(some) linguists remain skeptical



an (isomorphic) alternative to UD

function-word heads

chain-like analysis of conjuncts



UD vs. SUD



1. Does the syntax captured by LMs align more with 
UD or SUD representations?

2. Do different languages play a role in how well parse 
trees are captured by such models?

Research Questions
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multilingual BERT Cased:
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12
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concatenated WikiDump for 104 languages

12 layers, 12 attn. heads
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Input Representations



Directed Dependency Trees

• Derive (directed) arc scores from distances and depths

• Extract maximum spanning tree using the CLE algorithm

• Shorter distances correspond to higher arc scores

• Arcs from lower to higher nodes are excluded 

score(wi, wj) =

⇢
�dist(wi, wj) if depth(wi) < depth(wj)
�1 otherwise

1



Data



Results



Results
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Part-of-speech Tags





Difference in Tree Height



the probe heavily favors UD, albeit with interesting 
variations across languages

Research Questions

1. Does the syntax captured by LMs align more with 
UD or SUD representations?



languages with many function words (jpn, ita, hin) 
overwhelmingly fit better to UD

agglutinative languages show no preference in aggregate

2. Do different languages play a role in how well parse 
trees are captured by such models?

Research Questions

tree height is highly correlated with probe accuracy — 
UD’s flatter trees are a better fit



Thank you!


