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Schweizerdeutsch
• Crossed composition erlaubt Modellierung von 

cross-serial dependencies:

das mer em Hans es huus hälfed aastriiche
VP\NPaccS+SUB\NPnom\NPdat/VPNPaccNPdatNPnom

S+SUB\NPnom\NPdat\NPacc

S+SUB\NPnom\NPdat

S+SUB\NPnom

S+SUB

>Bx
<

<
<

(“VP” = Abkürzung für S\NPnom)
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Heute

• Polynomieller CKY-Algorithmus für CCG. 

• Log-lineares W.modell: Der C&C-Parser. 

• Supertag-factored W.modell: Der EasyCCG-Parser.
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Das Problem

• Kategorie eines Ausdrucks der Länge n  
kann O(n) Argumente enthalten. 
‣ daher exponentiell (in n) viele Kategorien möglich 

‣ daher worst-case-Laufzeit exponentiell
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Parsingalgorithmus

• Idee: Länge von Kategorien in Items jetzt beschränkt. 
‣ k1 = Grad der maximal erlaubten Kompositionsregel 

‣ k2 = max. Anzahl der Argumente in lexikalischer Kat. 

‣ Längenbeschränkung: k1 + k2 Argumente 

• Teuerste Regel kombiniert drei Items: 

‣  S /C  +  C  +  S/C/C/C/C/B  ⇒  S/C/C/C/C 

• Genaue Analyse dieser Regel ergibt Laufzeit O(n6). 

(Vijay-Shanker & Weir 1990)



Statistisches Parsing

• Bahnbrechender statistischer Parser für CCG:  
C&C-Parser (Clark & Curran 2007). 

• Idee: 
‣ Log-lineares W.modell auf Dependenzinterpretation von 

CCG-Parses. 

‣ Parsingalgorithmus berechnet besten Parse sehr effizient 
(mit Supertagging-Methoden). 

‣ Training: Syntaktisch annotiertes Korpus (z.B. PTB) in 
CCG-Annotationen übersetzen.



Dependenz-Interpretation von CCG

• Extrahiere aus CCG-Parse Dependenz-Tupel:  
⟨isst2, (S\NP1)/NP2, 2, käsebrot5⟩ 
‣ “Käsebrot” an Position 5 füllt zweites Argument 

von “isst” an Position 2. 

• Vorgehen: 
‣ Argumentpositionen lexikalisch spezifizieren: 

isst: (S\NP1)/NP2 

‣ für jede Konstituente Kopfwort mitführen 

‣ Regelanwendung etabliert Dependenz zwischen Köpfen
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Log-lineare W.modelle

• Extrem wichtige & nützliche Klasse von W.modellen:  
log-lineare (oder Maximum-Entropy-) Modelle 

• Definiert W.verteilung P(y|x) aufgrund von 

‣ Featurefunktionen fi(x, y) ∈ ℝ: vom Nutzer festgelegt 

‣ Gewichten wi ∈ ℝ für die Features: beim Training gelernt

P (y | x) = e

w·f(x,y)
P

y

0 e
w·f(x,y0)

w · f(x, y) =
nX

i=1

wi · fi(x, y)



Training von log-lin Modellen

• Die Gewichte von log-linearen Modellen werden 
automatisch aus annotierten Daten gelernt. 
‣ Trainingsinstanzen sind Paare von (x,y) 

• Berechne log-likelihood der Daten C aufgrund der 
aktuellen Schätzung von w, d.h. 

• Suche nach w für maximale log-likelihood durch 
Gradient-Ascent-Algorithmus.

LL(C) =

NX

i=1

logP (yi | xi;w)



C&C-Parser: log-lin. Modell

• Wir wollen diskriminatives W.modell 
P(t | x) für Parsebaum t gegeben String x. 

• Verwende dafür log-lineares W.modell mit Features, 
die spezifisch für CCG-Parsing gemacht sind. 

• Training auf annotiertem Korpus, das in CCG-
Ableitungen (plus Dependenzen) konvertiert wurde. 
‣ vgl. Konvertierung von Penn Treebank nach TAG 

‣ Fokus auf korrekte lexikalische Kategorien



Einige Features
Clark and Curran Wide-Coverage Efficient Statistical Parsing

Table 1
Features common to the dependency and normal-form models.

Feature type Example

LexCat + Word (S/S)/NP + Before
LexCat + POS (S/S)/NP + IN
RootCat S[dcl]
RootCat + Word S[dcl] + was
RootCat + POS S[dcl] + VBD
Rule S[dcl]→NP S[dcl]\NP
Rule + Word S[dcl]→NP S[dcl]\NP + bought
Rule + POS S[dcl]→NP S[dcl]\NP + VBD

dependency model has features defined over the CCG predicate–argument dependen-
cies, whereas the dependencies for the normal-form model are defined in terms of
local rule instantiations in the derivation. Another difference is that the rule features
for the normal-form model are taken from the gold-standard normal-form deriva-
tions, whereas the dependency model contains rule features from non-normal-form
derivations.

There are a number of features defined over derivations which are common to
the dependency model and the normal-form model.5 First, there are features which
represent each ⟨word, lexical-category⟩ pair in a derivation, and generalizations of these
which represent ⟨POS, lexical-category⟩ pairs. Second, there are features representing
the root category of a derivation, which we also extend with the head word of the
root category; this latter feature is then generalized using the POS tag of the head (as
previously described). Third, there are features which encode rule instantiations—local
trees consisting of a parent and one or two children—in the derivation. The first set of
rule features encode the combining categories and the result category; the second set of
features extend the first by also encoding the head of the result category; and the third
set generalizes the second using POS tags. Table 1 gives an example for each of these
feature types.

The dependency model also has CCG predicate–argument dependencies as features,
defined as 5-tuples as in Section 3.4. In addition these features are generalized in three
ways using POS tags, with the word–word pair replaced with word–POS, POS–word,
and POS–POS. Table 2 gives some examples.

We extend the dependency features further by adding distance information. The
distance features encode the dependency relation and the word associated with the
lexical category (but not the argument word), plus some measure of distance between
the two dependent words. We use three distance measures which count the following:
the number of intervening words, with four possible values 0, 1, 2, or more; the number
of intervening punctuation marks, with four possible values 0, 1, 2, or more; and the
number of intervening verbs (determined by POS tag), with three possible values 0, 1,
or more. Each of these features is again generalized by replacing the word associated
with the lexical category with its POS tag.

5 Each feature has a corresponding frequency function, defined in Equation (14), which counts the number
of times the feature appears in a derivation.
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Table 2
Predicate–argument dependency features for the dependency model.

Feature type Example

Word–Word ⟨bought, (S\NP1)/NP2, 2, stake, (NP\NP)/(S[dcl]/NP)⟩
Word–POS ⟨bought, (S\NP1)/NP2, 2, NN, (NP\NP)/(S[dcl]/NP)⟩
POS–Word ⟨VBD, (S\NP1)/NP2, 2, stake, (NP\NP)/(S[dcl]/NP)⟩
POS–POS ⟨VBD, (S\NP1)/NP2, 2, NN, (NP\NP)/(S[dcl]/NP)⟩
Word + Distance(words) ⟨bought, (S\NP1)/NP2, 2, (NP\NP)/(S[dcl]/NP)⟩ + 2
Word + Distance(punct) ⟨bought, (S\NP1)/NP2, 2, (NP\NP)/(S[dcl]/NP)⟩ + 0
Word + Distance(verbs) ⟨bought, (S\NP1)/NP2, 2, (NP\NP)/(S[dcl]/NP)⟩ + 0
POS + Distance(words) ⟨VBD, (S\NP1)/NP2, 2, (NP\NP)/(S[dcl]/NP)⟩ + 2
POS + Distance(punct) ⟨VBD, (S\NP1)/NP2, 2, (NP\NP)/(S[dcl]/NP)⟩ + 0
POS + Distance(verbs) ⟨VBD, (S\NP1)/NP2, 2, (NP\NP)/(S[dcl]/NP)⟩ + 0

Table 3
Rule dependency features for the normal-form model.

Feature type Example

Word–Word ⟨company, S[dcl]→NP S[dcl]\NP, bought⟩
Word–POS ⟨company, S[dcl]→NP S[dcl]\NP, VBD⟩
POS–Word ⟨NN, S[dcl]→NP S[dcl]\NP, bought⟩
POS–POS ⟨NN, S[dcl]→NP S[dcl]\NP, VBD⟩
Word + Distance(words) ⟨bought, S[dcl]→NP S[dcl]\NP⟩ + > 2
Word + Distance(punct) ⟨bought, S[dcl]→NP S[dcl]\NP⟩ + 2
Word + Distance(verbs) ⟨bought, S[dcl]→NP S[dcl]\NP⟩ + 0
POS + Distance(words) ⟨VBD, S[dcl]→NP S[dcl]\NP⟩ + > 2
POS + Distance(punct) ⟨VBD, S[dcl]→NP S[dcl]\NP⟩ + 2
POS + Distance(verbs) ⟨VBD, S[dcl]→NP S[dcl]\NP⟩ + 0

For the normal-form model we follow Hockenmaier and Steedman (2002b) by de-
fining dependency features in terms of the local rule instantiations, by adding the heads
of the combining categories to the rule instantiation features.6 These are generalized
in three ways using POS tags, as shown in Table 3. There are also the three distance
measures which encode the distance between the two head words of the combining cat-
egories, as for the dependency model. Here the distance feature encodes the combining
categories, the result category, the head of the result category (either as a word or POS
tag), and the distance between the two head words.

For the features in the normal-form model, a frequency cutoff of two was applied;
that is, a feature had to occur at least twice in the gold-standard normal-form deriva-
tions to be included in the model. The same cutoff was applied to the features in the
dependency model, except for the rule instantiation feature types. For these features the
counting was done across all derivations licensed by the gold-standard lexical category
sequences and a frequency cutoff of 10 was applied. The larger cutoff was used because
the productivity of the grammar can lead to very large numbers of these features. We

6 We have also considered a model containing predicate–argument dependencies as well as local rule
dependencies, but adding the extra dependency feature types had no impact on the accuracy of the
normal-form model.
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Effizientes Parsing

• Features sind so definiert, dass sie schon auf Parse-
Items ausgewertet werden können, nicht erst auf 
fertigem Parsebaum. 

• Damit effizientes Chartparsing möglich. 

• C&C-Parser reduziert Suchraum des Chartparsers, 
indem vorher Supertagging durchgeführt wird.



A*-Parsing für CCG

• Parsing-Schema für CCG-Regeln: 

• Erzeuge damit neue Parse-Items aus alten. 
‣ Neue Parse-Items kommen auf Agenda, die nach Score des 

Items sortiert ist. 

‣ In jedem Schritt: hole erstes (= bestes) Item von der 
Agenda. 

• Beende Parser, sobald erstes komplettes Item (für 
den ganzen String) gefunden wurde.

[X/Y, i, j]   [Y, j, k] 
[X, i, k]

[Y\Z, i, j]   [X\Y, j, k] 
[X\Z, i, k]

(Lewis & Steedman 14; Lewis et al. 16)



Scores für Items

• Scores für Items beeinflussen die Effizienz und 
Akkuratheit des Parsers. 
‣ erstes gefundenes Ziel-Item = bester Parse? 

‣ wie viele unnötige Items erzeugt, bevor erstes Ziel-Item von 
der Agenda genommen wird? 

• Idee aus A*-Suche: 
‣ Score = W. für Substring + Schätzung der zukünftigen 

‣ garantiert, dass erstes Ziel-Item das beste ist 

‣ gute Schätzung = wenig unnötige Items erzeugt



Supertag-Factored W.modell

• Definiere W. einer CCG-Ableitung t für Satz w über 
die Supertags (= lex. Kategorien) der einzelnen 
Wörter: 

• Score für A*-Suche: 
‣ Bisherige W. für String mit Supertags si, …, sk: 

P(si | w) * … * P(sk | w) 

‣ Schätzung für restliche Kosten: 
(max P(s1 | w)) * … * (max P(si-1 | w)) 
* (max P(sk+1 | w)) * … * (max P(sn | w))

P (t | w) =
nY

i=1

P (si | w)



Parsing-Algorithmus

1. Supertagging: 
Berechne für jedes Wort die W. für alle lex. Kategorien. 

2. A*-Parsing: 
So lange Items von der Agenda nehmen und neue 
Items in Chart + Agenda einsortieren, bis Ziel-Item 
gefunden wurde. 

3. CCG-Ableitung für erstes gefundenes Ziel-Item 
zurückgeben.

(Lewis & Steedman 14)



Supertagging für CCGs

• Mit neuronalen Netzwerken (bidirectional LSTM):

(Lewis et al. 16)

doctor

NP

sent

(Spss\NP)/PP

for

PP/NP

Figure 2: Visualization of our supertagging model,
based on stacked bi-directional LSTMs. Each word
is fed into stacked LSTMs reading the sentence in
each direction, the outputs of the LSTMs are com-
bined, and there is a final softmax over categories.

added to the chart, the agenda is updated with any
new partial parses that can be created by combining
y

i,j

with existing chart items (Algorithm 1). If h is
a monotonic upper bound on the outside score, the
first chart entry for a span with a given category is
guaranteed to be optimal—all other possible com-
pletions of the competing partial parses provably
have lower scores, due to the outside score bounds.
There is no guarantee this certificate of optimality is
achieved efficiently for parses of the whole sentence,
and in the worst case the algorithm could fill the en-
tire parse chart. However, as we will see later, A*
parsing is very efficient in practice for the models
we present in this paper.

In the supertag-factored model, g and h are com-
puted as follows, where g(y

k

) is the score for word
k having tag y

k

.

g(y

i,j

) =

jX

k=i

g(y

k

) (1)

h(y

i,j

) =

i�1X

k=1

max

yk

g(y

k

) +

NX

k=j+1

max

yk

g(y

k

) (2)

where Eq. 1 follows from the definition of the su-
pertag factored model and Eq. 2 combines this def-
inition with the fact that the max score over all su-
pertags for a word is an upperbound on the score for
the actual supertag used in the best parse.

3 LSTM CCG Supertagging Model

Supertagging is almost parsing (Bangalore and
Joshi, 1999)—consequently the task is very chal-

Algorithm 1 Agenda-based parsing algorithm
Definitions x1...N

is the input words, and y variables
denote scored partial parses. TAG(x1...N

) returns a
set of scored pre-terminals for every word. ADD(C,
y) adds partial parse y to chart C. RULES(C, y) re-
turns the set of scored partial parses that can be cre-
ated by combining y with existing entries in C. The
agenda A is ordered as described in Section 2.

1: function PARSE(x1...N

)
2: A ; . Empty agenda A

3: for y 2 TAG(x1...N

) do
4: PUSH(A, y)
5: C  ; . Empty chart C

6: while C1,N

= ; ^A 6= ; do
7: y EXTRACT_MAX(A)
8: if y /2 C then
9: ADD(C, y)

10: for y

0 2 RULES(C, y) do
11: INSERT(A, y

0)
12: return C1,N

lenging, with hundreds of tags, and the correct as-
signment often depending on long-range dependen-
cies. For example, in The doctor sent for the patient
arrived, the category for sent depends on the final
word. Recent work has made dramatic progress, us-
ing feed-forward neural networks (Lewis and Steed-
man, 2014b) and RNNs (Xu et al., 2015).

We make several extensions to previous work on
supertagging. Firstly, we use bi-directional models,
to capture both previous and subsequent sentence
context into supertagging decisions. Secondly, we
use LSTMs, rather than RNNs. Many tagging de-
cisions rely on long-range context, and RNNs typ-
ically struggle to account for sequences of longer
than a few words (Hochreiter and Schmidhuber,
1997). Finally, we use a deep architecture, to allow
the modelling of complex interactions in the context.

Our supertagging model is summarized in Figure
2. Each word is mapped to an embedding vector.
This vector is a concatenation of an embedding for
the word (lower-cased), and embeddings for features
of the word (we use 1 to 4 character prefixes and
suffixes). The embedding vector is used as input to
two stacked LSTMs (with depth 2), one processing
the sentence left-to-right, and the other right-to-left.
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Evaluation: Supertagging

the parsers annotate with the same supertags and 15
copies of the gold CCGbank training data. Our ex-
periments show that tri-training improves both su-
pertagging and parsing accuracy.

6 GPU Parsing

Our parser makes an unusual trade-off, by combin-
ing a complex tagging model with a deterministic
parsing model. The A⇤ parsing algorithm is ex-
tremely efficient, and the overall time required to
process a sentence is dominated by the supertagger.

GPUs can improve performance over CPUs by
computing many vector operations in parallel. There
are two major obstacles to using GPUs for parsing.
First, most models use sparse rather than dense fea-
tures, which are difficult to compute efficiently on
GPUs. The most successful implementation we are
aware of exploits the fact that the Berkeley parser
is unlexicalized to run parsing operations in parallel
(Hall et al., 2014). Second, most neural models have
features that depend on the current parse or stack
state (e.g. Chen and Manning (2014)). This makes it
difficult to exploit the parallelism of GPUs, because
these data structures are typically built incrementally
on CPU. It may be possible to write GPU-specific
code that maintains the entire parse state on GPU,
but we are not aware of any such implementations.

In contrast, our supertagger only uses matrix op-
erations, and does not take any parse state as input—
meaning it is straightforward to run on a GPU.
To exploit the parallelism of GPUs, we process
thousands of sentences simultaneously—improving
parsing efficiency by an order-of-magnitude over
CPU. A major advantage of our model is that it al-
lows all of the computationally intensive decisions
to occur on GPUs. Unlike existing GPU parsers, the
LSTM can be run with generic library code.2

7 Experiments

7.1 Experimental setup
We trained our parser on Sections 02-21 of CCG-
bank (Hockenmaier and Steedman, 2007), using
Section 00 for development, and Section 23 for test.
Our experiments use a supertagger beam of 10

�4—
which does not affect the final scores, but reduces
overheads such as building the initial agenda.
2We use TensorFlow (Abadi et al., 2015).

Model Dev Test
C&C tagger 91.5 92.0
NN 91.3 91.6
RNN 93.1 93.0
LSTM 94.1 94.3
LSTM + Tri-training 94.9 94.7

Table 1: Supertagging accuracy on CCGbank.

Model P R F1
C&C 86.2 84.2 85.2
C&C + RNN 87.7 86.4 87.0
EASYCCG 83.7 83.0 83.3
Dependencies 86.5 85.8 86.1
LSTM 87.7 86.7 87.2
LSTM + Dependencies 88.2 87.3 87.8
LSTM + Tri-training 88.6 87.5 88.1
LSTM + Tri-training + Dependencies 88.2 87.3 87.8

Table 2: Labelled F1 for CCGbank dependencies
on the CCGbank test set (Section 23).

Where results are available, we compare our work
with the following models: EASYCCG, which has
the same parsing model as our parser, but uses
a feed-forward neural-network supertagger (NN);
the C&C parser (Clark and Curran, 2007), and
C&C+RNN (Xu et al., 2015), which is the C&C
parser with an RNN supertagger. All results are for
100% coverage of the test data.

We refer to the models described in Section 4 as
LSTM and DEPENDENCIES respectively. We also
report the performance of LSTM+DEPENDENCIES,
which combines the model scores (weighting the
LSTM score by 1.8, tuned on development data).

7.2 Supertagging Results
The most direct measure of the effectiveness of our
LSTM and tri-training is on the supertagging task.
Results are shown in Table 1. The improvement
of our deep LSTM over the RNN model is greater
than the improvement of the RNN over C&C model.
Further gains follow from tri-training, improving the
state-of-the-art by 1.7%.

7.3 English Parsing Results
Parsing results are shown in Figure 2. Surpris-
ingly, our CCGBank-trained LSTM outperforms
any previous approach.3 The ensemble of the LSTM
3We cannot compare directly with Fowler and Penn (2010)’s
adaptation of the Berkeley parser to CCG, or Auli and Lopez
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(Lewis et al. 16)

“Tri-Training”: Verwende zwei existierende Parser A und B,  
um großes Korpus zu parsen. Nimm alle Sätze, auf denen A und B 
gleiche CCG-Ableitung zurückgeben, zu Trainingsdaten hinzu.  
→ 43 Mio. Tokens zusätzliche Trainingsdaten.



Evaluation: Parsing-Accuracy
the parsers annotate with the same supertags and 15
copies of the gold CCGbank training data. Our ex-
periments show that tri-training improves both su-
pertagging and parsing accuracy.

6 GPU Parsing

Our parser makes an unusual trade-off, by combin-
ing a complex tagging model with a deterministic
parsing model. The A⇤ parsing algorithm is ex-
tremely efficient, and the overall time required to
process a sentence is dominated by the supertagger.

GPUs can improve performance over CPUs by
computing many vector operations in parallel. There
are two major obstacles to using GPUs for parsing.
First, most models use sparse rather than dense fea-
tures, which are difficult to compute efficiently on
GPUs. The most successful implementation we are
aware of exploits the fact that the Berkeley parser
is unlexicalized to run parsing operations in parallel
(Hall et al., 2014). Second, most neural models have
features that depend on the current parse or stack
state (e.g. Chen and Manning (2014)). This makes it
difficult to exploit the parallelism of GPUs, because
these data structures are typically built incrementally
on CPU. It may be possible to write GPU-specific
code that maintains the entire parse state on GPU,
but we are not aware of any such implementations.

In contrast, our supertagger only uses matrix op-
erations, and does not take any parse state as input—
meaning it is straightforward to run on a GPU.
To exploit the parallelism of GPUs, we process
thousands of sentences simultaneously—improving
parsing efficiency by an order-of-magnitude over
CPU. A major advantage of our model is that it al-
lows all of the computationally intensive decisions
to occur on GPUs. Unlike existing GPU parsers, the
LSTM can be run with generic library code.2

7 Experiments

7.1 Experimental setup
We trained our parser on Sections 02-21 of CCG-
bank (Hockenmaier and Steedman, 2007), using
Section 00 for development, and Section 23 for test.
Our experiments use a supertagger beam of 10

�4—
which does not affect the final scores, but reduces
overheads such as building the initial agenda.
2We use TensorFlow (Abadi et al., 2015).

Model Dev Test
C&C tagger 91.5 92.0
NN 91.3 91.6
RNN 93.1 93.0
LSTM 94.1 94.3
LSTM + Tri-training 94.9 94.7

Table 1: Supertagging accuracy on CCGbank.

Model P R F1
C&C 86.2 84.2 85.2
C&C + RNN 87.7 86.4 87.0
EASYCCG 83.7 83.0 83.3
Dependencies 86.5 85.8 86.1
LSTM 87.7 86.7 87.2
LSTM + Dependencies 88.2 87.3 87.8
LSTM + Tri-training 88.6 87.5 88.1
LSTM + Tri-training + Dependencies 88.2 87.3 87.8

Table 2: Labelled F1 for CCGbank dependencies
on the CCGbank test set (Section 23).

Where results are available, we compare our work
with the following models: EASYCCG, which has
the same parsing model as our parser, but uses
a feed-forward neural-network supertagger (NN);
the C&C parser (Clark and Curran, 2007), and
C&C+RNN (Xu et al., 2015), which is the C&C
parser with an RNN supertagger. All results are for
100% coverage of the test data.

We refer to the models described in Section 4 as
LSTM and DEPENDENCIES respectively. We also
report the performance of LSTM+DEPENDENCIES,
which combines the model scores (weighting the
LSTM score by 1.8, tuned on development data).

7.2 Supertagging Results
The most direct measure of the effectiveness of our
LSTM and tri-training is on the supertagging task.
Results are shown in Table 1. The improvement
of our deep LSTM over the RNN model is greater
than the improvement of the RNN over C&C model.
Further gains follow from tri-training, improving the
state-of-the-art by 1.7%.

7.3 English Parsing Results
Parsing results are shown in Figure 2. Surpris-
ingly, our CCGBank-trained LSTM outperforms
any previous approach.3 The ensemble of the LSTM
3We cannot compare directly with Fowler and Penn (2010)’s
adaptation of the Berkeley parser to CCG, or Auli and Lopez
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Evaluation: Geschwindigkeit

Model QUESTIONS BIOINFER
P R F1 P R F1

C&C - - 86.6 77.8 71.4 74.5
EASYCCG 78.1 78.2 78.1 76.8 77.6 77.2
C&C + RNN - - - 80.1 75.5 77.7
LSTM 87.6 87.4 87.5 80.1 80.9 80.5
LSTM + Dependencies 88.2 87.9 88.0 77.8 80.1 79.4
LSTM + Tri-training - - - 81.8 82.6 82.2

Table 3: Out-of-domain experiments.

and the Dependency model outperforms the LSTM
alone, showing that dependency features are cap-
turing some generalizations that the LSTM does
not. However, semi-supervised learning substan-
tially improves the LSTM, matching the accuracy of
the ensemble—showing that the LSTM is expressive
enough to compensate given sufficient data.

7.4 Out-of-domain Experiments
We also evaluate on two out-of-domain datasets
used by Rimell and Clark (2008), but did no devel-
opment on this data. In both cases, we use Rimell
and Clark’s scripts for converting CCG parses to the
target dependency representations. The datasets are:

QUESTIONS 500 questions from
TREC (Rimell and Clark, 2008). Questions
frequently contain very long range dependencies,
providing an interesting test of the LSTM supertag-
ger’s ability to capture unbounded dependencies.
We follow Rimell and Clark by re-training the
supertagger on the concatenation of the CCGbank
training data and 10 copies of the QUESTIONS
training data.

BIOINFER 500 sentences from biomedical ab-
stracts. This dataset tests the parser’s robustness to a
large amount of unseen vocabulary.

Results are shown in Table 3. Our LSTM
parser outperforms existing work on question pars-
ing, showing that it can successfully model the long-
range dependencies found in questions. Adding de-
pendency features yields only a small improvement.

On the BIOINFER corpus, our tri-trained LSTM
parser is 4.5 F1 better than the previous state-of-
the-art. Dependency features appear to be much

(2011b)’s joint parsing and supertagging model, due to differ-
ences in the experimental setup. These models are 0.3 and 1.5
F1 more accurate than the C&C baseline respectively, which is
well within the margin of improvement obtained by our model.

Parser Sentences
per second

SpaCy*4 778
Berkeley GPU* (Hall et al., 2014) 687
Chen and Manning (2014)* 391
C&C 66
EASYCCG 606
LSTM 214
LSTM + Dependencies 58
LSTM GPU 2670

Table 4: Sentences parsed per second on our hard-
ware. Parsers marked * use non-CCG formalisms
but are the fastest available CPU and GPU parsers.

less robust to unseen words than the LSTM tagging
model, and are unhelpful. Because the parser was
not trained or developed on this domain, it is likely
to perform similarly well on other domains.

7.5 Efficiency Experiments

In contrast to standard parsing algorithms, the effi-
ciency of our model depends directly on the accu-
racy of the supertagger in guiding the search. We
therefore measure the efficiency empirically.

Results are shown in Table 4.5 Our parser runs
more slowly than EASYCCG on CPU, due to the
more complex tagging model (but is 4.8 F1 more
accurate). Adding dependencies substantially re-
duces efficiency, due to calculating sparse features.
Without dependencies, the run time is dominated
by the LSTM supertagger. Running the supertag-
ger on a GPU reduces parsing times dramatically—
outperforming SpaCy, the fastest publicly available
parser (Choi et al., 2015). Roughly half the pars-
ing time is spent on GPU supertagging, and half on
CPU parsing. To better exploit batching in the GPU,
our implementation dynamically buckets sentences
by length (bins of width 10), and tags batches when
the bucket size reaches 3072 (the number of threads
on our GPU). We are not aware of any GPU im-
plementations of shift-reduce parsers or lexicalized
chart parsers, so it is unclear if most other state-of-
the-art parsers can be adapted to exploit GPUs.

4
honnibal.github.io/spaCy

5All timing experiments use a single 3.5GHz core and (where
applicable) a single NVIDIA TITAN X GPU.
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“LSTM GPU”: Supertagger läuft auf GPU und bekommt 
gleichzeitig Tausende von Sätzen als Input.

(Lewis et al. 16)



Zusammenfassung

• Naive Parsingalgorithmen für CCG: exponentielle 
Laufzeit. 

• Geschicktes Management von Kategorien: kann 
Laufzeit auf O(n6) bringen. 

• Wichtige statistische CCG-Parser: 
‣ C&C Parser 

‣ EasyCCG-Parser 

‣ Worst-case exponentiell, aber effektive Nutzung von 
Supertagging erlaubt extrem hohe Effizienz.


