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Übersicht

• Kurze Wiederholung:
- Probleme mit elementaren Parsing-Strategien

• Der CYK-Algorithmus:
- Parsing als dynamische Programmierung

- Charts als kompakte Repräsentatation von Teilergebnissen

- Der Algorithmus: Erkenner & Parser
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Probleme

• Die elementaren Parsing-Strategien (top-down, bottom-up) 
sind nicht auf allgemeine Grammatiken anwendbar
- keine Tilgungsregeln, keine zyklischen Kettenregeln (BU)

- keine (links-) rekursiven Regeln (TD)

• Lokale Ambiguität ⇒ Suche & Backtracking
- Identische Teilergebnisse werden u.U. mehrfach berechnet

- ⇒ Laufzeit exponentiell in der Eingabelänge (worst case)

• Lokale Ambiguität = Welche Regel bzw. Operation muss 
angewendet werden?
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Beispielgrammatik
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" S"→ NP VP
"NP"→ DET N
"NP"→ POSS N
"NP" → NP PP
" PP" → P NP
" VP" → V NP
" VP" → VP PP

" DET"→ an
" DET"→ the
"POSS"→ his
" N"→ elephant
" N"→ pajamas
" N"→ boy
" V"→ shot
" P"→ in



⟨[], [the boy shot an elephant in his pajamas]⟩
⇒*" ⟨[NP VP], [in his pajamas]⟩
⇒" ⟨[S], [in his pajamas]⟩
⇒*" ⟨[S PP], []⟩ ⇒ Backtracking

The boy shot an elephant in …
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(Shift-Reduce)
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⟨[], [the boy shot an elephant in his pajamas]⟩
⇒*" ⟨[NP VP], [in his pajamas]⟩
⇒*" ⟨[NP VP PP], []⟩

The boy shot an elephant in …
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⟨[], [the boy shot an elephant in his pajamas]⟩
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Dynamische Programmierung

• Kontextfreie Grammatiken: die Anwendbarkeit einer Regel 
in einer Ableitung ist unabhängig vom Kontext.

• Chart-Parsing: Speichere bereits analysierte Teilergebnisse 
(Konstituenten) in einer „Chart.“

• Charts sind kompakte Repräsentation aller (lokal) 
möglichen Teilkonstituenten der Eingabekette.
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The boy shot an elephant in his pajamas

NP NP

NP

NP

Chart-Parsing

• Chart-Parsing: speichere bereits analysierte Teilergebnisse 
(Konstituenten) in einer „Chart.“
- Charts aka. „well-formed substring table“

• Charts können enthalten:
- Konstituenten, die bereits gefunden wurden

- Hypothesen darüber, welche Konstituenten gefunden werden 
können (z.B. Earley-Algorithmus).

• Verschiedene Chart-Parser:
- CYK, Earley, Bottom-up chart parser,  …
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Charts als Matrix
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1 DET

2 NP N

3 ∅ ∅ V

4 ∅ ∅ ∅ DET

5 S ∅ VP NP N

6 ∅ ∅ ∅ ∅ ∅ P

7 ∅ ∅ ∅ ∅ ∅ ∅ POSS

8 S ∅ VP NP ∅ PP NP N

0 1 2 3 4 5 6 7

The boy shot an elephant in his pajamas0 1 2 3 4 5 6 7 8

A ∈ T[i, j] gdw. A ⇒* wi+1 … wj

Charts als Graph

• Ecken repräsentieren Positionen in der Eingabekette

• Kanten zwischen zwei Knoten repräsentieren Teilketten der 
Eingabe
- Kante ni → nj gdw. A ⇒* wi+1… wj
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CYK Algorithmus

• CYK (Cocke, Younger, Kasami) ist ein einfacher, chart-
basierter bottom-up Parser.

• Die Grammatik muss in Chomsky-Normalform vorliegen:
- A → w" " (w Terminalsymbol)

- A → B C" " (B und C Nichtterminalsymbole)

- S → ε"" " (S Startsymbol, nur wenn ε ∈ L)

• Anmerkung: hier nehmen wir an, dass ε ∉ L, die 
Grammatik enthält also keine Regel S → ε
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Grundlegende Idee

• Wenn
- B ⇒* wi … wj-1

- C ⇒* wj … wk-1

- A → B C 

• Dann
- A ⇒* wi … wk-1 
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CYK (Erkenner, Pseudo-code)
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CYK(G, w1 ... wn):
  for i in 1 ... n:
    T[i-1, i] = { A | A → wi ∈ R }
    for j in i - 2 ... 0:
      T[j, i] = ∅
      for k in j + 1 ... i - 1:
        T[j, i] = T[j, i] ∪
                { A | A → B C, B ∈ T[j,k], C ∈ T[k, i] }
  if S ∈ T[0, n] then return True else return False

Eigenschaften
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• Korrekt: 
Wenn S ∈ T[0, n], dann S ⇒* w1 … wn

• Vollständig:
Wenn S ⇒* w1 … wn, dann S ∈ T[0, n]

• Laufzeit:
Polynomiell in der Eingabelänge: O(n3)



Korrekt & Vollständig

• Behauptung: 
- T[i, i+s] = { A | A ⇒* wi+1 … wi+s }, 0 ≤ i < n, 1 ≤ s ≤ n - i,

• Beweis durch Induktion über s [⇒ Tafel]

17

Erkenner → Parser
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• Speichere zu jeder Kategorie A in der Chart eine Liste von 
Listen mit Verweisen auf Einträge in der Chart, die 
verwendet wurden, um A abzuleiten.

• Liste von Listen nötig, da Teilketten mehrere 
Ableitungsbäume haben können



CYK (Parser)
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⋮ …

4 … DET

5 … NP((∙, ∙)) N

6 … ∅ ∅ P

7 … ∅ ∅ ∅ POSS

8 … NP((∙, ∙)) ∅ PP((∙, ∙)) NP((∙, ∙)) N

… 3 4 5 6 7

… an elephant in his pajamas

Chomsky Normalform

• Zu jeder kontextfreien Grammatik G gibt es eine 
äquivalente kontextfreie Grammatik G’ in Chomsky 
Normalform.

• Algorithmus:
- Elimination von ε-Regeln

- Elimination zu kurzer Regeln

- Elimination zu langer Regeln
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Elimination zu langer Regeln
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Linksbinarisierung(G):
% while G enthält Regel A → A1 A2 A3 ... Ak, k ≥ 3
% % entferne die Regel aus G
% % neue Regel: ⟨A1, ...,Ak-1⟩ → A1 ... Ak-1
% % neue Regel: A → ⟨A1, ...,Ak-1⟩ Ak

Rechtsbinarisierung(G):
% while G enthält Regel A → A1 A2 A3 ... Ak, k ≥ 3
% % entferne die Regel aus G
% % neue Regel: ⟨A2, ...,Ak⟩ → A2 ... Ak
% % neue Regel: A → A1 ⟨A2, ...,Ak⟩

Implementierungsvarianten

• T[i,j] = T[i,j] ∪ { A | A → B C, B ∈ T[i,k], C ∈ T[k,j] }

- ⇒ kann verschieden implementiert werden

• Variante 1

- Iteriere über alle Regeln A → B C
- Prüfe, ob B ∈ T[i,k] und C ∈ T[k,j]

• Variante 2

- Iteriere über alle B ∈ T[i,k]

- Iteriere über alle Regeln A → B C

- Prüfe, ob C ∈ T[k, j]
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Implementierungsvarianten

• T[i,j] = T[i,j] ∪ { A | A → B C, B ∈ T[i,k], C ∈ T[k,j] }

- ⇒ kann verschieden implementiert werden

• Variante 3

- Iteriere über alle C ∈ T[k,j]
- Iteriere über alle Regeln A → B C

- Prüfe, ob A ∈ T[i,k]

• Variante 4

- Iteriere über alle B ∈ T[i,k] und C ∈ T[k,j]

- Prüfe, ob es Regel A → B C gibt
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Song &al. (2008)

• Ein paar konkrete Zahlen zur Grammatikgröße
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terms of F1 measure, quite the same as 72.62% as
stated in Klein and Manning (2003b). We adopt this
parser in our experiment not only because of sim-
plicity but also because we focus on parsing effi-
ciency.

For all sentences with no more than 40 words in
section 22, we use the first 10% as the development
set, and the last 90% as the test set. There are 158
and 1,420 sentences in development set and test set,
respectively. We use the whole 2,416 sentences in
section 23 as the training set.

We use the development set to determine the bet-
ter form of the ranking function f as well as to
tune its weights. Both metrics of num and ctr
are normalized before use. Since there is only one
free variable in λ1 and λ2, we can just enumerate
0 ≤ λ1 ≤ 1, and set λ2 = 1 − λ1. The increasing
step is firstly set to 0.05 for the approximate loca-
tion of the optimal weight, then set to 0.001 to learn
more precisely around the optimal.

We find that the optimal is 5,773,088 (constituents
produced in parsing development set) with λ1 =
0.014 for linear form, while for log-linear form the
optimal is 5,905,292 with λ1 = 0.691. Therefore we
determine that the better form for the ranking func-
tion is linear with λ1 = 0.014 and λ2 = 0.986.

The size of each binarized grammar used in the
experiment is shown in Table 3. “Original” refers
to the raw treebank grammar. “Ours” refers to the
learnt binarized grammar by our approach. For the
rest please refer to Section 2.

# of Symbols # of Rules
Original 72 14,971
Right 10,654 25,553
Left 12,944 27,843
Head 11,798 26,697
Compact 3,644 18,543
Ours 8,407 23,306

Table 3: Grammar size of different binarizations

We also tested whether the size of the training set
would have significant effect. We use the first 10%,
20%, · · · , up to 100% of section 23 as the training
set, respectively, and parse the development set. We
find that all sizes examined have a similar impact,
since the numbers of constituents produced are all
around 5,780,000. It means the training corpus does

not have to be very large.
The entire experiments are conducted on a server

with an Intel Xeon 2.33 GHz processor and 8 GB
memory.

7.2 Experiment 1: compare among
binarizations

In this part, we use CKY to parse the entire test set
and evaluate the efficiency of different binarizations.

The for-statement implementation of the inner
most loop of CKY will affect the parsing time
though it won’t affect the number of constituents
produced as discussed in Section 3.2. The best im-
plementations may be different for different bina-
rized grammars. We examine M1∼M4, testing their
parsing time on the development set. Results show
that for right binarization the best method is M3,
while for the rest the best is M2. We use the best
method for each binarized grammar when compar-
ing the parsing time in Experiment 1.

Table 4 reports the total number of constituents
and total time required for parsing the entire test set.
It shows that different binarizations have great im-
pacts on the efficiency of CKY. With our binariza-
tion, the number of constituents produced is nearly
20% of that required by right binarization and nearly
25% of that by the widely-used left binarization. As
for the parsing time, CKY with our binarization is
about 2.5 times as fast as with right binarization and
about 1.75 times as fast as with left binarization.
This illustrates that our binarization can significantly
improve the efficiency of the CKY parsing.

Binarization Constituents Time (s)
Right 241,924,229 5,747
Left 193,238,759 3,474
Head 166,425,179 3,837
Compact 94,257,478 2,302
Ours 52,206,466 2,182

Table 4: Performance on test set

Figure 3 reports the detailed number of complete
constituents, successful incomplete constituents and
failed incomplete constituents produced in parsing.
The result proves that our binarization can signifi-
cantly reduce the number of failed incomplete con-
stituents, by a factor of 10 in contrast with left bi-
narization. Meanwhile, the number of successful in-



Song &al. (2008)

• Ein paar konkrete Laufzeitresultate:

• Das Test-Set umfasst 90% der Sätze im Wall Street Journal 
mit maximal 40 Worten.
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