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(semirings, fields, valuation mon.)
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outline of the talk:

I Statistical machine translation
(modelling, training, evaluation)

I Modelling with wta and wtt

I Using output product to improve modelling

I Using Bar-Hillel, Shamir, Perles and input product
to improve decoding

I Software system VANDA
(M. Büchse, T. Dietze, J. Osterholzer)

3/30



outline of the talk:

I Statistical machine translation
(modelling, training, evaluation)

I Modelling with wta and wtt

I Using output product to improve modelling

I Using Bar-Hillel, Shamir, Perles and input product
to improve decoding

I Software system VANDA
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given:

I source language SL

I target language TL

find:

machine

translation h : SL→ TL

e.g.
SL = English s = I saw the man with the telescope
TL = German h(s) = Ich sah den Mann durch das Tel.

machine translation  statistical machine translation

[Lopez 08]: “SMT treats the translation
of natural languages as a
machine learning problem.”
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I assumptions −→ modelling −→ H hypothesis space

assumptions: mental work, experience, no data
hypothesis space: H ⊆ {h | h : SL→ TL}

I H and training data −→ training −→ ĥ ∈ H

I ĥ and test data −→ evaluation −→ score

BLEU (bilingual evaluation understanding), WER (word error rate),
TER (translation error rate)
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first assumption:
SL and TL are generated by
probabilistic context-free (cf) grammars

8/30



first assumption:
SL and TL are generated by
probabilistic context-free (cf) grammars

S → NP VP # 1.0
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NP → theman # 0.2

PP → with the tel. # 1.0
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S → NP VP # 1.0

NP → NP PP # 0.5 VP → saw NP PP # 0.4
NP → I # 0.3 VP → saw NP # 0.6
NP → theman # 0.2

PP → with the tel. # 1.0

derivation trees:

prob. cf grammar for English gram3.txt

(Stanford-parser http://nlp.stanford.edu:8080/parser/index.jsp)
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Theorem [Thatcher 67]

I Let G be a cf grammar. DG is a recognizable tree language.

I Let L be a recognizable tree language.
There is a cf grammar G and a relabeling f s.t. L = f (DG).

I L is a recognizable tree language

I there is no cf grammar G s.t. DG = L

I cf grammar G′:

S → Sa Sb f (Sa) = f (Sb) = S
Sa → a
Sb → b
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There is a cf grammar G and a relabeling f s.t. L = f (DG).
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I there is no cf grammar G s.t. DG = L

I cf grammar G′:

S → Sa Sb f (Sa) = f (Sb) = S
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SL and TL are the yields of
weighted recognizable tree languages
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first assumption:
SL and TL are generated by
probabilistic context-free (cf) grammars

refined first assumption:

SL and TL are the yields of
weighted recognizable tree languages

weighted tree language: L : TΣ → R

L is recognizable:
if there is a wta A
which “recognizes” (computes) L

10/30



weighted tree automaton (wta) A = (Q,Σ, δ,F )

I Q finite set (states)

I Σ ranked alphabet (input symbols)

I δ = (δσ | σ ∈ Σ) δσ : Qk × Q → R
δσ(q1 · · · qk , q) ∈ R

I F ⊆ Q (final states)

weight of r : wt(r) =
∏

w∈pos(ξ) δσ(r(w1) · · · r(wk), r(w))

σ: label of ξ at w

k: rank of σ
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∏

w∈pos(ξ) δσ(r(w1) · · · r(wk), r(w))

σ: label of ξ at w

k : rank of σ

weighted tree language recognized by A:

LA : TΣ → R, LA(ξ) = max
r∈RA(ξ)

wt(r)
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second assumption:
translation from SL and TL is specified by
a weighted tree transducer

[Yamada, Knight 01] translation from English to Japanese
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weighted tree transducer (wtt) M = (Q,Σ, q0,R)

I Q, Σ as for wta Σ: input and output symbols

I q0 ∈ Q (initial state)

I R finite set of particular term rewrite rules with weights

ρ : q(σ(x1, . . . , xk)) → ξ[q1(x1), . . . , qk(xk)] # a
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q, q1, . . . , qk ∈ Q, σ ∈ Σ, ξ ∈ TΣ(Xk)
ξ linear, nondeleting in x1, . . . , xk
a ∈ R
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(leftmost) derivation: d = ρ1 · · · ρn

weight of a derivation d : wt(d) =
∏n

i=1 wt(ρi )

weighted tree transformation computed by M:

τM : TΣ × TΣ → R, τM(ξ1, ξ2) = max
d∈DM:

π(d)=(ξ1,ξ2)

wt(d)

DM: set of all derivations
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Y = {(d , r) ∈ DM × RA |
r ∈ RA(last(d))}

πSL(d , r) = yield(first(d))
πTL(d , r) = yield(last(d))

hypothesis space: H = {hM,A | wttM,wta A}

hM,A : SL→ TL

s 7→ πTL

(
argmax (d ,r)∈Y :
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wt(d) · wt(r)

)
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to improve decoding
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(M. Büchse, T. Dietze, J. Osterholzer)

15/30



Let τ : TΣ × TΣ → R and L : TΣ → R

16/30



Let τ : TΣ × TΣ → R and L : TΣ → R

output product of τ and L:
τ B L : TΣ × TΣ → R

(τ B L)(ξ, ζ) 7→ τ(ξ, ζ) · L(ζ)

16/30



Let τ : TΣ × TΣ → R and L : TΣ → R

output product of τ and L:
τ B L : TΣ × TΣ → R

(τ B L)(ξ, ζ) 7→ τ(ξ, ζ) · L(ζ)

input product of L and τ :
LC τ : TΣ × TΣ → R
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ϕ : DM′ → {(d , p̃) | d ∈ DM, p̃ ∈ Rpartial
A (d)} bijection

wt(d ′) = wt(d) ·maxr∈completion(p̃) wt(r)
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recall:
hM,A : SL→ TL

s 7→ πTL

(
argmax (d ,r)∈Y :

πSL(d ,r)=s

wt(d) · wt(r)

)

= πTL

(
argmax d∈DM

πSL(d)=s

wt(d) ·maxr∈RA(last(d)) wt(r)

)

= πTL

(
argmax d∈DM

πSL(d)=s

wt(d) ·maxp̃∈Rp
A(d) maxr∈compl.(p̃) wt(r)

)

= πTL

argmax d∈DM
πSL(d)=s
p̃∈Rp

A(d)

wt(d) ·maxr∈compl.(p̃) wt(r)


= πTL

(
argmaxd∈DMBA

πSL(d)=s

wt(d)
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decoding:

given: hM,A : SL→ TL and s ∈ SL

compute: hM,A(s) = πTL

(
argmaxd∈DMBA:

πSL(d)=s

wt(d)

)
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given: ranked alphabet Σ and s = a1 · · · an

construct: wta As such that for every ξ ∈ TΣ

LAs (ξ) =

{
1 if yield(ξ) = s
0 otherwise

idea:
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given: ranked alphabet Σ and s = a1 · · · an

construct: wta As such that for every ξ ∈ TΣ

LAs (ξ) =

{
1 if yield(ξ) = s
0 otherwise

idea:

Theorem [Bar-Hillel, Shamir, Perles 61]
The class of cf languages is closed under intersection with
regular languages.
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argmaxd∈DMBA:

πSL(d)=s

wt(d)

)
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r∈RAs (first(d))

wt(r) · wt(d)


= πTL
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argmaxd∈DAsC(MBA)

wt(d)
)
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recall:

Algorithm:

I apply input product to wta As and wtt MBA resulting in
wtt As C (MBA)

I apply Knuth’s algorithm to As C (MBA) resulting in the
derivation with maximal weight.
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wtt M′ := As C (MBA)

26/30



wtt M′ := As C (MBA) hypergraph G (M′)

26/30



wtt M′ := As C (MBA) hypergraph G (M′)

hypergraph
G (M′)

−→ Knuth’s
algorithm

−→ argmaxd∈DM′wtM′(d)

[Knuth 77] A generalization of Dijkstra’s shortest path algorithm

O(|E | · log|V |)
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