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UD for NLP

Parsing
• Monolingual, cross-lingual and universal parsing

• Multilingual parser evaluation

• Should we use UD for parsing at all?

Beyond parsing
• UD as a basis for semantic interpretation

• Other applications of UD
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Off-the-shelf Models
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Cross-Lingual Parsing

Cross-lingual learning:
• Using data from language X to create a model for language Y

• Usually motivated by a low-resource scenario

Three main approaches:
• Annotation projection (Hwa et al., 2002)

• Model transfer (Zeman and Resnik, 2008)

• Treebank translation (Tiedemann et al., 2014)
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UD for Evaluation

Source
Training

Language

Target Test Language
Unlabeled Attachment Score (UAS) Labeled Attachment Score (LAS)
Germanic Romance Germanic Romance

DE EN SV ES FR KO DE EN SV ES FR KO
DE 74.86 55.05 65.89 60.65 62.18 40.59 64.84 47.09 53.57 48.14 49.59 27.73
EN 58.50 83.33 70.56 68.07 70.14 42.37 48.11 78.54 57.04 56.86 58.20 26.65
SV 61.25 61.20 80.01 67.50 67.69 36.95 52.19 49.71 70.90 54.72 54.96 19.64
ES 55.39 58.56 66.84 78.46 75.12 30.25 45.52 47.87 53.09 70.29 63.65 16.54
FR 55.05 59.02 65.05 72.30 81.44 35.79 45.96 47.41 52.25 62.56 73.37 20.84
KO 33.04 32.20 27.62 26.91 29.35 71.22 26.36 21.81 18.12 18.63 19.52 55.85

Table 3: Cross-lingual transfer parsing results. Bolded are the best per target cross-lingual result.

mon to both studies (DE, EN, SV and ES). In that
study, UAS was in the 38–68% range, as compared
to 55–75% here. For Swedish, we can even mea-
sure the difference exactly, because the test sets
are the same, and we see an increase from 58.3%
to 70.6%. This suggests that most cross-lingual
parsing studies have underestimated accuracies.

4 Conclusion

We have released data sets for six languages with
consistent dependency annotation. After the ini-
tial release, we will continue to annotate data in
more languages as well as investigate further au-
tomatic treebank conversions. This may also lead
to modifications of the annotation scheme, which
should be regarded as preliminary at this point.
Specifically, with more typologically and morpho-
logically diverse languages being added to the col-
lection, it may be advisable to consistently en-
force the principle that content words take func-
tion words as dependents, which is currently vi-
olated in the analysis of adpositional and copula
constructions. This will ensure a consistent analy-
sis of functional elements that in some languages
are not realized as free words or are not obliga-
tory, such as adpositions which are often absent
due to case inflections in languages like Finnish. It
will also allow the inclusion of language-specific
functional or morphological markers (case mark-
ers, topic markers, classifiers, etc.) at the leaves of
the tree, where they can easily be ignored in appli-
cations that require a uniform cross-lingual repre-
sentation. Finally, this data is available on an open
source repository in the hope that the community
will commit new data and make corrections to ex-
isting annotations.
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Discussion

Be careful with delexicalized models
• models are not easy to transfer
• robust universal features are difficult to find

Cross-lingual methods work quite well
• if PoS labels are reliable
• languages are rather closely related

Automatic treebank translation is a valid option
• but requires reasonable translation performance



The Impact of PoS Tagging Performance

Similar to the previous approaches, we now test
our models with predicted PoS labels. The left part
in Table 9 lists the LAS differences when replacing
gold annotation with automatic tags. Similar to
the annotation projection approach, we can observe
drops of around 2 LAS with up to over 4 LAS in
some cases. This shows again, that the lexicalized
models are much more robust than delexicalized
ones and should be preferred when applied in real-
world applications.

CS DE EN ES FI FR HU IT SV
CS 72.17 68.80 73.81 80.28 73.72 72.02 77.36 83.27
DE 82.97 77.80 82.65 73.28 84.05 77.23 86.20 81.54
EN 78.84 83.69 83.88 77.21 84.60 74.15 87.04 84.66
ES 82.17 82.56 78.36 76.47 90.66 71.95 92.31 83.00
FI 78.25 67.09 66.70 60.67 61.05 70.80 60.06 72.11
FR 82.02 82.76 78.46 89.23 77.76 75.27 93.52 83.00
HU 71.74 67.62 63.44 65.98 69.35 66.20 68.20 67.97
IT 83.06 81.57 78.50 89.81 76.49 91.80 75.65 83.13
SV 84.62 78.53 75.98 83.97 76.80 83.66 68.74 84.20

Table 10: Coarse PoS tagger accuracy on test sets
from the universal dependencies data set with mod-
els trained on translated treebanks.

Finally, we also look at tagger models trained on
projected treebanks as well (see Table 10). The
parsing results on data sets that have been annotated
with those taggers are shown on the right-hand side
in Table 9. Not surprisingly, we observe significant
drops again in LAS and, similar to annotation pro-
jection, all models are seriously damaged by the
noisy annotation. Nevertheless, the difference is
relatively smaller in most cases when compared to
the annotation projection approach. This points to
the advantage of treebank translation that makes
annotation projection more straightforward due to
the tendency of producing rather literal translations
that are more straightforward to align than human
translations. Surprising is especially the perfor-
mance of the cross-lingual models from German,
English and Italian to Swedish which perform bet-
ter with projected PoS taggers than with monolin-
gually trained ones. This is certainly unexpected
and deserves some additional analyses. Overall,
the results are still very mixed and further studies
are necessary to investigate the projection quality
depending on the cross-lingual parsing approach in
more detail.

7 Discussion

Our results illustrate the strong impact of PoS la-
bel accuracy on dependency parsing. Our projec-
tion techniques are indeed very simple and naive.

The performance of the taggers drops significantly
when training models on small and noisy data
sets such as the projected and translated treebanks.
There are techniques that improve cross-lingual
PoS tagging using a combination of projection
and unsupervised learning (Das and Petrov, 2011).
These techniques certainly lead to better parsing
performance as shown by McDonald et al. (2011b).
Another alternative would be to use the recently
proposed models for joint word alignment and an-
notation projection (Östling, 2015). A thorough
comparison with those techniques is beyond the
scope of this paper but would also not contribute to
the point we would like to make here. Furthermore,
looking at the actual scores that we achieve with
our directly projected models (see Tables 7 and 10),
we can see that the PoS models seem to perform
reasonably well with many of them close or above
80% accuracy, which is on par with the advanced
models presented by Das and Petrov (2011).

In any case, the main conclusion from our ex-
periments is that reliable PoS tagging is essential
for the purpose of dependency parsing especially
across languages. To further stress this outcome,
we can look at the correlation between PoS tagging
accuracy and labeled attachment scores. Figure 5
plots the scores we obtain with our naive direct pro-
jection techniques. The graph clearly shows a very
strong correlation between both evaluation metrics
on our data sets.

 55

 60

 65

 70

 75

 80

 85

 90

 95

 20  25  30  35  40  45  50  55  60  65  70

P
o

S
 a

cc
u

ra
cy

labeled attachment score (LAS)

rprojected =  0.918

rtranslated =  0.900

projected
translated

Figure 5: Correlation between PoS tagger accuracy
and cross-lingual parsing performance.

Another interesting question is whether the abso-
lute drops we observe in labeled attachment scores
are also directly related to the PoS tagging perfor-
mance. For this, we plot the difference between
LAS on test sets with gold PoS labels and test sets
with predicted labels in comparison to the PoS tag-



Translation Quality vs. Parsing Quality

ger performance used for the latter (Figure 6). As
we can see, even in this case we can measure a sig-
nificant (negative) correlation which is, however,
not as strong as the overall correlation between PoS
tagging and LAS.
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Figure 6: Correlation between PoS tagger accuracy
and the drop in cross-lingual parsing performance.

Looking at these outcomes, it seems wise to in-
vest some effort in improving PoS tagging perfor-
mance before blindly trusting any cross-lingual ap-
proach to statistical dependency parsing. Hybrid
approaches that rely on lexical information, unsu-
pervised learning and annotation projection might
be a good strategy for this purpose. Another useful
framework could be active learning in which reli-
able annotation can be created for the induction of
robust parser models. We will leave these ideas to
future work.
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Figure 7: Correlation between translation perfor-
mance (measured in BLEU) and cross-lingual pars-
ing performance.

Finally, we can also have a look at the correlation
between translation performance and cross-lingual
parsing. Figure 7 plots the BLEU scores that we

obtain on an out-of-domain test set (from the same
subtitle corpus we used for tuning) for the phrase-
based models that we have trained on Europarl
data compared to the labeled attachment scores we
achieve with the corresponding models trained on
translated treebanks. The figure illustrates a strong
correlation between the two metrics even though
the results need to be taken with a grain of salt due
to the domain mismatch between treebank data and
SMT test data, and due to instabilities of BLEU
as a general measure of translation performance.
Interesting to see is that we obtain competitive re-
sults with the translation approach when compared
to annotation projection even though the transla-
tion performance is really poor in terms of BLEU.
Note, however, that the BLEU scores are in general
very low due to the significant domain mismatch
between training data and test data in the SMT
setup.

8 Conclusions

This paper presents a systematic comparison of
cross-lingual parsing based on delexicalization, an-
notation projection and treebank translation on data
with harmonized annotation from the universal de-
pendencies project. The main contributions of the
paper are the presentations of cross-lingual pars-
ing baselines for this new data set and a detailed
discussion about the impact of predicted PoS la-
bels and morphological information. With our em-
pirical results, we demonstrate the importance of
reliable features, which becomes apparent when
testing models trained on noisy naively projected
data. Our results also reveal the serious shortcom-
ings of delexicalization in connection with cross-
lingual parsing. Future work includes further in-
vestigations of improved annotation projection of
morphosyntactic information and the use of multi-
ple languages and prior knowledge about linguistic
properties to improve the overall results of cross-
lingual dependency parsing. The use of abstract
cross-lingual word representations and other target
language adaptations for improved model transfer
are other ideas that we would like to explore. We
would also like to emphasize truly under-resourced
languages in further experiments that would require
new data sets and manual evaluation. In connec-
tion with this we also need to focus on improved
models for distant languages that exhibit signifi-
cant differences in their syntax. Our experiments
presented in this paper reveal already that the ex-
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Wang and Eisner (2016) The Galactic Dependencies Treebanks:  
Getting More Data by Synthesizing New Languages

Need More Data?



Parser Evaluation

CoNLL shared tasks on dependency parsing 2006–2007:
• Large variation in parsing accuracy across languages

• Hard to analyze differences because of inconsistent annotations

CoNLL shared task on UD parsing 2017:
• Cross-linguistically consistent annotation

• Can we now compare numbers across languages?
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Figure 1: Simplified UD annotation for equivalent sentences from English (top) and Finnish (bottom).
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A New Proposal
Core Func Punct Other

nsubj
obj
iobj
csubj

ccomp
xcomp

aux
cop 

mark
det
clf

case
cc

punct …

LAS = Labeled F-score on All – Punct

CNC = Labeled F-score on All – (Punct U Func)



Computational Linguistics Volume ?, Number ?

Main Metrics Func Core

Language LAS CNC Diff Freq F Freq F

Estonian 85.90 86.08 0.18 11.85 85.03 27.36 84.71
Finnish 78.45 77.22 �1.23 17.26 84.48 23.51 77.19

Finnish-FTB 76.17 74.61 �1.56 19.87 82.50 25.58 73.59
Polish 86.21 84.47 �1.75 21.64 92.51 30.49 84.67
Czech 83.23 81.04 �2.20 24.08 90.22 22.53 81.51

Hungarian 82.87 80.62 �2.25 25.78 89.36 23.48 81.40
Ancient Greek 57.80 55.47 �2.34 20.02 67.71 32.82 54.18

Croatian 79.89 77.52 �2.37 28.04 86.01 20.30 79.21
Latin 60.27 57.81 �2.45 18.51 71.06 31.64 60.20
Tamil 70.87 68.25 �2.62 13.58 88.29 21.30 60.68
Arabic 74.61 71.66 �2.95 28.30 82.18 22.82 68.95

Slovenian 86.06 83.08 �2.98 29.33 93.23 20.08 82.65
Latin-ITT 74.67 71.43 �3.24 33.54 81.10 29.72 72.19

Old Church Slavonic 78.37 75.08 �3.29 23.02 89.42 38.06 76.67
Bulgarian 85.74 82.01 �3.73 31.33 93.87 27.49 78.12

Persian 79.57 75.73 �3.84 29.42 88.86 16.45 63.09
Danish 80.01 76.12 �3.89 34.14 87.56 27.79 81.03

Latin-PROIEL 68.40 64.49 �3.91 23.60 81.18 35.27 65.67
Basque 74.13 70.19 �3.94 23.66 86.97 26.02 63.70
English 83.80 79.70 �4.10 32.44 92.30 27.29 84.73
Gothic 73.66 69.50 �4.16 26.36 85.32 37.32 72.84

Norwegian 86.49 82.30 �4.19 35.20 94.22 28.87 85.31
Swedish 80.00 75.81 �4.19 32.98 88.63 27.00 81.59

Greek 81.36 75.04 �6.32 40.06 90.96 24.99 77.82
Italian 87.69 80.76 �6.94 43.97 96.54 20.02 79.21

Spanish 84.76 77.70 �7.06 43.58 93.84 18.95 80.39
Portuguese 86.24 79.09 �7.15 42.27 96.03 30.79 82.47

Hindi 84.20 77.01 �7.20 37.68 96.10 20.36 64.81
Ancient Greek-PROIEL 71.00 63.71 �7.29 32.07 86.53 34.28 63.93

Hebrew 80.94 72.97 �7.97 37.70 94.01 25.09 67.82
Romanian 71.05 63.02 �8.03 33.19 86.97 26.15 53.90

Irish 72.98 64.45 �8.54 35.41 88.52 30.21 61.91
Average 78.36 74.18 �4.17 29.06 87.86 26.69 73.32

Table 2

Evaluation scores for 32 UD treebanks, sorted by decreasing Diff = CNC � LAS.
Families/branches with at least 4 members: Finno-Ugric , Slavonic , Germanic , Romance .

PROIEL), where the former also includes texts from the time before Greek developed a
definite article.

The last two columns of Table 2 zoom in on the Core subset of syntactic relations,
reporting first its proportion out of all non-functional relations (that is, all relations
except those in Func and Punct) and then its F-score. As expected, the relative frequency
of core relations is more stable across languages and generally falls in the 20–30 percent
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“It is now fairly well known that, while dependency representations in which content 
words are made heads tend to help semantically oriented downstream applications, 

dependency parsing numbers are higher if you make auxiliary verbs heads […] and if you 
make prepositions the head of prepositional phrases.” (De Marneffe et al., 2014)

Bad for parsing?

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj vg obl pobj

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj

aux

obl

case

1

“Content-Head Dependencies”we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj vg obl pobj

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj

aux

obl

case

1

“Function-Head Dependencies”



we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj vg obl pobj

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj

aux

obl

case

1

“Content-Head Dependencies”
we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj vg obl pobj

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj

aux

obl

case

1

“Function-Head Dependencies”

✔ ✘



we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj vg obl pobj

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj

aux

obl

case

1

“Content-Head Dependencies”
we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj vg obl pobj

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj

aux

obl

case

1

“Function-Head Dependencies”

Schwartz et al. (2012) Learnability-Based Syntactic Annotation Design

✔ ✘



we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj vg obl pobj

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj

aux

obl

case

1

“Content-Head Dependencies”
we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj vg obl pobj

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj

aux

obl

case

1

“Function-Head Dependencies”

Function head Content head

Schwartz et al. (2012) Learnability-Based Syntactic Annotation Design

✔ ✘



we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj vg obl pobj

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj

aux

obl

case

1

“Content-Head Dependencies”
we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj vg obl pobj

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj

aux

obl

case

1

“Function-Head Dependencies”

Function head Content head

Prep – Noun ✔ ✘

Schwartz et al. (2012) Learnability-Based Syntactic Annotation Design

✔ ✘



we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj vg obl pobj

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj

aux

obl

case

1

“Content-Head Dependencies”
we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj vg obl pobj

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj

aux

obl

case

1

“Function-Head Dependencies”

Function head Content head

Prep – Noun ✔ ✘

Det – Noun ✘ ✔

Schwartz et al. (2012) Learnability-Based Syntactic Annotation Design

✔ ✘



we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj vg obl pobj

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj

aux

obl

case

1

“Content-Head Dependencies”
we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj vg obl pobj

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj

aux

obl

case

1

“Function-Head Dependencies”

Function head Content head

Prep – Noun ✔ ✘

Det – Noun ✘ ✔

CC – Conj ✘ ✔

Schwartz et al. (2012) Learnability-Based Syntactic Annotation Design

✔ ✘



we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj vg obl pobj

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj

aux

obl

case

1

“Content-Head Dependencies”
we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj vg obl pobj

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj

aux

obl

case

1

“Function-Head Dependencies”

Function head Content head

Prep – Noun ✔ ✘

Det – Noun ✘ ✔

CC – Conj ✘ ✔

Aux – Verb ? ?

Schwartz et al. (2012) Learnability-Based Syntactic Annotation Design

✔ ✘



we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj vg obl pobj

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj

aux

obl

case

1

“Content-Head Dependencies”
we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj vg obl pobj

we have come to Osaka

nsubj

aux

obl

case

we have come to Osaka

nsubj

aux

obl

case

1

“Function-Head Dependencies”

Function head Content head

Prep – Noun ✔ ✘

Det – Noun ✘ ✔

CC – Conj ✘ ✔

Aux – Verb ? ?
Mark – Infinitive ? ?

Schwartz et al. (2012) Learnability-Based Syntactic Annotation Design

✔ ✘



UD Parsing



UD Parsing

Silveira and Manning (2015)
Monolingual parsing using transform-detransform English

aux
case
cop

Inconclusive 
results



UD Parsing

Silveira and Manning (2015)
Monolingual parsing using transform-detransform English

aux
case
cop

Inconclusive 
results

De Lhoneux and Nivre (2016)
Monolingual parsing using transform-detransform All aux Negative 

results



UD Parsing

Silveira and Manning (2015)
Monolingual parsing using transform-detransform English

aux
case
cop

Inconclusive 
results

De Lhoneux and Nivre (2016)
Monolingual parsing using transform-detransform All aux Negative 

results

Attardi et al. (2015)
Monolingual parsing using different representations Italian case

cop UD > ISDT



UD Parsing

Silveira and Manning (2015)
Monolingual parsing using transform-detransform English

aux
case
cop

Inconclusive 
results

De Lhoneux and Nivre (2016)
Monolingual parsing using transform-detransform All aux Negative 

results

Attardi et al. (2015)
Monolingual parsing using different representations Italian case

cop UD > ISDT

Rosa (2015) 
Multi-source delexicalized transfer parsing All case UD > PDT



UD Parsing



UD Parsing

Not so bad after all? 
• No clear evidence that “content-head” is harder to parse in general
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UD Parsing

Not so bad after all? 
• No clear evidence that “content-head” is harder to parse in general

• In the cross-lingual setting, it even seems to work better

Can we do better?
• Exploit the full representation – lexical and functional heads

• Use typology of syntactic relations as a bias for learning



Beyond Parsing



• Rules for mapping dependency trees to logical forms

• State-of-the-art on multiple question-answering tasks

• New paper: one set of rules for multiple languages



• Rules for mapping dependency trees to logical forms

• State-of-the-art on multiple question-answering tasks

• New paper: one set of rules for multiple languages

Thanks to Oscar for sharing slides!



Who directed Titanic?Our Approach

Sentences

15/08/2016 buck.inf.ed.ac.uk:9000
Please enter your text here:

Cameron directed Titanic in 1997

Part­of­Speech:

Cameron directed Titanic  in  1997

NNP VBD NNP IN CD

1

Named Entity Recognition:

Cameron directed Titanic  in 1997

PERSON DATE

1

Basic Dependencies:

Cameron  directed  Titanic  in  1997

NNP VBD NNP IN CD
casensubj dobj

nmod

1

Enhanced Dependencies:

Cameron  directed  Titanic  in  1997

NNP VBD NNP IN CD
casensubj dobj

nmod:in

1

Open IE:

Cameron  directed Titanic  in 1997

Entity EntityRelation

Relation

Entity
subject

subject object

object

1

CoreNLP Tools:

Enter a TokensRegex (http://nlp.stanford.edu/software/tokensregex.shtml) expression to run against the above
sentence:

Visualisation provided using the brat visualisation/annotation software (http://brat.nlplab.org/).

parts­of­speech named entities dependency parse openie

Submit

TokensRegex Semgrex

Matche.g., (?$foxtype [{pos:JJ}]+ ) fox

�e.directed.arg1(e,Cameron)

^directed.arg2(e,Titanic)

^directed.in(e, 1997)
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directed.arg1(e,Cameron) ^
directed.arg2(e,Titanic) ^ directed.in(e, 1997)
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1997
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1

film.directed by.arg2(m,Cameron) ^
film.directed by.arg1(m,Titanic) ^

film.initial release date.arg1(n,Titanic) ^
film.initial release date.arg2(n, 1997)

Denotation-based

Learning Model

Who is the director of Titanic? {James Cameron}

Dependency

Parser

DepLambda

Graph Matching

30

Knowledge 
Graph

�z.9xy.directed(ze) ^ Titanic(ya) ^Q(xa) ^ arg1(ze, xa) ^ arg2(ze, ya)



Take syntactic dependencies
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Take syntactic dependencies

9z.company(Pixar) ^ acquired(ze) ^ arg1(ze,Disney) ^ arg2(ze,Pixar)

Deterministically infer logical form(s)

Pixar  is  the company  which  Disney  acquired  .
nsubj cop det punctacldobj nsubjroot

PROPN  VERB  DET     NOUN             DET        PROPN           VERB      PUNCT



9z.company(Pixar) ^ acquired(ze) ^ arg1(ze,Disney) ^ arg2(ze,Pixar)

Deterministically Convert to Logical Form(s)



9z.company(Pixar) ^ acquired(ze) ^ arg1(ze,Disney) ^ arg2(ze,Pixar)

Deterministically Convert to Logical Form(s)
Semantic Parsing

Sentences

06/06/2016 corenlp.runPlease enter your text here:

what is the name of the company that acquired Pixar?

Basic Dependencies:

what  is  the  name of  the  company  that  acquired  Pixar ?
WP VBZ DT NN IN DT NN WDT VBD NNP .

cop det det nsubj dobj
casensubj

nmod
acl:relcl

punct

1

Enhanced Dependencies:

what  is  the  name of  the  company  that  acquired  Pixar ?
WP VBZ DT NN IN DT NN WDT VBD NNP .

cop det det nsubj dobj
casensubj

nmod:of
acl:relcl

punct

1

CoreNLP Tools:

Enter a TokensRegex (http://nlp.stanford.edu/software/tokensregex.shtml) expression to run against the above sentence:

Visualisation provided using the brat visualisation/annotation software (http://brat.nlplab.org/).

dependency parse

Submit

TokensRegex Semgrex

Matche.g., (?$foxtype [{pos:JJ}]+ ) fox
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Pixar
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.arg0

name.of acquired

.arg1
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contract

organization.

organization

target

x m

Pixar

business.

acquisition.

acquiring company

business.

acquisition.

company acquired

t
y
p
e

Denotation-based

Learning Model

Who acquired Pixar? {Disney}

Dependency

Parser

DepLambda

Graph Transduction

17 / 25

Learn model to map logical form to KG to answer question
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Disney     acquired      Pixar

root

nsubj dobj

(dobj   acquired   Pixar)

function argument 
(head)

argument
(dependent)

binarization
… > dobj > … > nsubj > ….
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Disney     acquired      Pixar

root

nsubj dobj

(dobj   acquired   Pixar)(nsubj Disney)

�z.9xy.acquired(ze) ^ Pixar(ya) ^Disney(xa) ^ arg1(ze, xa) ^ arg2(ze, ya)

substitution + composition

binarization
… > dobj > … > nsubj > ….



A Single Type System

All constituents are of the same lambda expression type 
TYPE[acquired] = TYPE[Pixar] = TYPE[(dobj acquired Pixar)]

Disney     acquired      Pixar

root

nsubj dobj



A Single Type System

Lambda Calculus Basic Types 
Individuals: Ind (also denoted by .a) 
Events: Event (also denoted by .e) 

Truth values: Bool

Disney     acquired      Pixar

root

nsubj dobj



Substitution

Lambda Expressions for Words (Ind x Event -> Bool):  

acquired ⇒ 
Pixar ⇒                                                

�x.acquired(xe)

�x.Pixar(xa)

Disney     acquired      Pixar

root

nsubj dobj



Lambda Expressions for Dependency Labels:  

dobj ⇒                                               

Disney     acquired      Pixar

root

nsubj dobj

mirrors the tree structure

�fgz. 9x. f(z) ^ g(x) ^ arg2(ze, xa)

Substitution



Composition

(dobj              acquired            Pixar)

Dependencies to Logical Forms
Composition

Disney acquired Pixar

nsubj dobj

root

(nsubj (dobj acquired Pixar) Disney)

�fgz. 9x. �fgz.9y. �z.acquired(ze) �y.Pixar(ya) �x.Disney(xa)

f(z) ^ g(x)^ f(z) ^ g(y)^
arg1(ze, xa) arg2(ze, ya)

�gz. 9y. acquired(ze) ^ g(y)

^ arg2(ze, ya)

�z. 9y. acquired(ze) ^ Pixar(ya)

^ arg2(ze, ya)

�gz.9xy.acquired(ze) ^ Pixar(ya) ^ g(x)^
arg1(ze, xa) ^ arg2(ze, ya)
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Composition



Comparison with CCG
CCG DepLambda

Lexicalized semantics Simple lexical semantics

Words drive composition Dependencies drive 
composition

Argument and adjunct 
distinction

Every dependent is 
an adjunct

Complex types are powerful Simplicity gives robustness
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White et al. (2016) Universal Decompositional 

Semantics on Universal Dependencies
Sarabi and Blanco (2016) Understanding Negation in 

Positive Terms Using Syntactic Dependencies?

Vulic and Korhonen (2016) Is “Universal Syntax” Universally Useful  
for Learning Distributed Word Representations?



UD is widely used for parsing within and across languages
• We may have to tweak representations for parsing

• We should definitely think more about evaluation metrics

UD is starting to be used for other NLP tasks
• Several initiatives to build semantic representations on top of UD

• Scattered work on embeddings, sentiment analysis and more

Conclusion


