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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

What is this talk about?

? Ongoing work on data-driven parsing for French with Lexicalized
Tree Adjoining Grammars (LTAG; Joshi and Schabes, 1997).

? LTAG parsing = supertagging (almost parsing) + actual parsing
(Bangalore and Joshi, 1999).

? Today we are presenting:
→ Neural supertagging experiments with French LTAG
aaa(or almost parsing).
→ Neural dependency LTAG parsing experiments
aaa(or almost almost parsing).
→ Some thoughts on our future work: turning almost almost
aa LTAG parsing into actual parsing.
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

Lexicalized Tree-Adjoining Grammar (LTAG)

? LTAG: Linguistically motivated grammar formalism which supports an
extended domain of locality (EDL).

? An LTAG consists of a set of elementary trees which can be combined
via substitution and adjunction.

? Elementary trees are associated with lexical items and represent the
span over which these items can specify their syntactic or semantic
constraints.
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

LTAG Induction from the French Treebank
Top-down LTAG induction approach developed by Xia (1999)
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

Supertagging with LTAGs

Parsing with LTAGs can be facilitated through supertagging—a task
of predicting supertags (i.e. elementary tree templates) for each word
in a sentence (Bangalore and Joshi, 1999):

? supertagging performs a big part of syntactic disambiguation,
? syntactic decisions are lexicalized before actual parsing.
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

LTAG Induction from Treebanks: Statistics

• The number of distinct LTAG supertags extracted from different
treebanks is different, but is approximately around 4000.

• Almost the half of all supertags appear just once in an
LTAG-annotated corpus.

French German English
French Treebank TiGer Treebank Penn Treebank

Parameters Bladier et al. (2018) Kaeshammer (2012) Kasai et al. (2017)

Distinct supertags 5185 3426 4727
Supertags occur. once 2673 1562 2165
POS tags 13 53 36
Sentences 21550 50000 44168
Avg. sentence length (in tokens) 29.81 17.51 23.90
Stag accuracy 80.86 88.51 89.32

LTAG induction statistics from different Treebanks (Bladier et al., 2018)
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

Neural Supertagging Experiments (Bladier et al., 2018)

• A neural supertagging model based on the
model proposed by Samih (2017), similar to
Kasai et al. (2017) and Kasai et al. (2018).

• The supertags are predicted independently of
each other.

• The supertagger uses the following features:
– vector embedding of the word to be

supertagged,
– the CNN (Convolutional Neural

Network) character representation
of the word,

– 3 preceding and 3 following words.
• More details on supertagging with this model

in Bladier et al. (2018).
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

N-best supertagging

? N-best supertags for every token in a sentence.

? Distribution of the probabilities of the supertags from the softmax layer.

? We counted the number of accurately predicted supertags each time
when at least one of the n-best supertags was predicted correctly.

n-best Accuracy
German

Accuracy
French

1-best 88.51 80.86
2-best 94.37 87.34
3-best 96.08 90.85
5-best 97.45 94.38
7-best 98.03 96.00
10-best 98.52 97.08

N-best supertagging experiments (Bladier et al., 2018)
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

Supertagging Experiments with Tree Families
• Tree families = clusters of LTAG supertags:
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

Supertagging with Tree Families: Results

– 5185 supertags, 2673 occur just once.
– Three clusterings of tree families (provided by Matías Guzmán

Naranjo).
– Pipeline model: first predict tree families, then predict supertags.

Cluster I Cluster II Cluster III
# tree families 500 96 484
predict tree families 89.68 90.03 89.86
supertagging with tfs 78.47 78.66 78.43
supertagging without tfs 80.86
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

Supertagging + A∗ Parsing

• ... or “a bit of too much parsing”.

• We applied the A*-based ParTAGe parser for LTAGs developed
by Waszczuk (2017):
⇒ high spurious ambiguity,
⇒ several thousands of possible parses for larger sentences.
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Supertagging + Graph-based Parsing (1)

Le prix de vente du journal n’ a pas été divulgué .
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

Supertagging + Graph-based Parsing (2)

Le prix de vente du journal n’ a pas été divulgué .
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

Supertagging + Graph-based Parsing (3)
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

Basic Parsing Model (Kasai et al., 2018)
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

Basic Parsing Model – Results

English LTAG from PTB
(Kasai et al., 2018)

French LTAG from FTB
(our work)

Parser Stag acc. UAS LAS Stag acc. UAS LAS
Chung et al. (2016) 87.88 89.96 85.80 – – –
Friedman et al. (2017) – 90.36 88.91 – – –
BiLSTM3 – 91.75 90.22 – 85.55 82.35
BiLSTM3-CNN – 92.27 90.76 –
BiLSTM3-HW-CNN – 92.29 90.71 –
BiLSTM4-CNN – 92.11 90.66 –
BiLSTM4-HW-CNN – 92.78 91.26 – 85.27 82.27
BiLSTM5-CNN – 92.34 90.77 –
BiLSTM5-HW-CNN – 92.64 91.11 –
BiLSTM3-CNN-POS – 92.07 90.53 –
BiLSTM3-CNN-Stag – 92.15 90.65 – 84.45 81.05
Joint (Stag) 90.51 92.97 91.48 83.34 86.05 83.05
Joint (POS + Stag) 90.67 93.22 91.80 84.50 86.89 83.92

Parsing experiments and comparison with previous work (dev set)
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Joint Parsing and Supertagging Model
(Kasai et al., 2018)
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

Joint Model – Results

English LTAG from PTB
(Kasai et al., 2018)

French LTAG from FTB
(our work)

Parser Stag acc. UAS LAS Stag acc. UAS LAS
Chung et al. (2016 ) 87.88 89.96 85.80 – – –
Friedman et al. (2017) – 90.36 88.91 – – –
BiLSTM3 – 91.75 90.22 – 85.55 82.35
BiLSTM3-CNN – 92.27 90.76 –
BiLSTM3-HW-CNN – 92.29 90.71 –
BiLSTM4-CNN – 92.11 90.66 –
BiLSTM4-HW-CNN – 92.78 91.26 – 85.27 82.27
BiLSTM5-CNN – 92.34 90.77 –
BiLSTM5-HW-CNN – 92.64 91.11 –
BiLSTM3-CNN-POS – 92.07 90.53 –
BiLSTM3-CNN-Stag – 92.15 90.65 – 84.45 81.05
Joint (Stag) 90.51 92.97 91.48 83.34 86.05 83.05
Joint (POS + Stag) 90.67 93.22 91.80 84.50 86.89 83.92

Parsing experiments and comparison with previous work (dev set)
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Pipeline Model (Kasai et al., 2018)
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

Pipeline Model – Results

English LTAG from PTB
(Kasai et al., 2018)

French LTAG from FTB
(our work)

Parser Stag acc. UAS LAS Stag acc. UAS LAS
Chung et al. (2016 ) 87.88 89.96 85.80 – – –
Friedman et al. (2017) – 90.36 88.91 – – –
BiLSTM3 – 91.75 90.22 – 85.55 82.35
BiLSTM3-CNN – 92.27 90.76 –
BiLSTM3-HW-CNN – 92.29 90.71 –
BiLSTM4-CNN – 92.11 90.66 –
BiLSTM4-HW-CNN – 92.78 91.26 – 85.27 82.27
BiLSTM5-CNN – 92.34 90.77 –
BiLSTM5-HW-CNN – 92.64 91.11 –
BiLSTM3-CNN-POS – 92.07 90.53 –
BiLSTM3-CNN-Stag – 92.15 90.65 – 84.45 81.05
Joint (Stag) 90.51 92.97 91.48 83.34 86.05 83.05
Joint (POS + Stag) 90.67 93.22 91.80 84.50 86.89 83.92

Parsing experiments and comparison with previous work (dev set)
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

English (PTB) vs. French (FTB)

• Our results use the exact same hyper-parameters
• 44K (PTB) vs. 21.5K (FTB) sentences
• Avg. sentence length is higher in FTB
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

Issues with TAG parsing as dependency parsing

Full TAG parsing as dependency parsing works well (i.e. we obtain TAG
derived trees from the supertags) if:

– supertags are predicted correctly (100% accuracy for a sentence),
– dependency arcs are predicted correctly as well.
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

Issues with TAG parsing as dependency parsing

• 1-best supertag is not good enough to allow for a good parse.
• We counted how many sentences we can actually parse with our
best model Joint (Stag+POS):

UAS 86.89
LAS 83.92
Stagging acc. 84.5
Sentences with 100% correct stags: 12.22
Sentences with 100% correct arcs: 22.33
Sentences with 100% correct stags + arcs: 9.70
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Neural LTAG Parsing TAG parsing = dependency parsing? Issues and future work

What should we do about these issues?

• Improve supertagging:
⇒ Laura’s idea about supertagger for just one tree family.
⇒ Other tree families?

• Leave improved supertags alone and write a script which combines n-best
supertags instead:

⇒ Algorithm for combining supertags even without all correct arcs.
• Get further ideas and inspirations here:

⇒ Corro, C., & Le Roux, J. (2017). Transforming Dependency Structures
to LTAG Derivation Trees.

⇒ Chung, W. et al. (2016). Revisiting supertagging and parsing: How to
use supertags in transition-based parsing.

⇒ Bangalore, S. et al. (2009). MICA: a probabilistic dependency parser
based on tree insertion grammars.

⇒ Joshi, A., & Rambow, O. (2003). A formalism for dependency grammar
based on tree adjoining grammar.
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