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given:

I source language SL

I target language TL

find:

machine

translation h : SL→ TL
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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

modeling - training - evaluation

assumptions −→ modeling −→ H hypothesis space

assumptions: mental work, experience, no data

hypothesis space: H ⊆ {h | h : SL→ TL}
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hypothesis space: H = {hλ,Φ | λ ∈ Rm
≥0, Φ : Y → Rm}

hλ,Φ : SL→ TL

s 7→ πTL

(
argmax y∈Y :

πSL(y)=s

λ · Φ(y)

)

λ1 · Φ(y)1 + . . .+ λm · Φ(y)m

here:
m = 2

Φ(y) = (hTM(y), hLM(y))

hTM: translation model
hLM: language model
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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
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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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run on ξ ∈ TΣ: r : pos(ξ)→ Q set of runs on ξ: RA(ξ)

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

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
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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

(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

11/26
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log-linear modeling with wtt and wta:

set Y of correspondence
structures [Liang et al. 06]

wtt M as translation model; d ∈ DM
wta A as language model; r ∈ RA

Y = {(d , r) ∈ DM × RA | r ∈ RA(last(d))}

πSL(d , r) = yield(first(d))
πTL(d , r) = yield(last(d))
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wtt M as translation model; d ∈ DM
wta A as language model; r ∈ RA

Y = {(d , r) ∈ DM × RA | r ∈ RA(last(d))}

here:
m = 2

Φ(d , r) =
(

log wtM(d), log wtA(r)
)

H = {hλ,M,A | λ ∈ R2
≥0, wtt M, wta A}

hλ,M,A : SL→ TL

s 7→ πTL

(
argmax (d ,r)∈Y :

πSL(d ,r)=s

wtM(d)λ1 · wtA(r)λ2

)

13/26



outline of the talk:

I Statistical machine translation

I Modeling with wta and wtt
I Using automata theoretic results to “improve” modeling

I Weight exponentiation
I Output product

I Summary

14/26



hλ,M,A : SL → TL

s 7→ πTL

(
argmax (d ,r)∈Y :
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wtM(d)λ1 · wtA(r)λ2

)
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argmax (d ,r)∈Y :

πSL(d ,r)=s

wtM(d) · wtA(r)λ2/λ1

)

Lemma: Let A be a wta and λ ∈ R≥0.

There is a wta A′ s.t. QA′ = QA and
wtA′(r) = wtA(r)λ for every r .
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Lemma: Let A be a wta and λ ∈ R≥0.
There is a wta A′ s.t. QA′ = QA and
wtA′(r) = wtA(r)λ for every r .

= πTL

(
argmax (d ,r)∈Y ′:

πSL(d ,r)=s

wtM(d) · wtA′(r)

)
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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

(LC τ)(ξ, ζ) 7→ L(ξ) · τ(ξ, ζ)
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18/26



Theorem [Maletti 06]: Let M wtt and A wta.
There is a wtt MBA such that: τMBA = τM B LA

Proof: [Baker 79, Engelfriet, Fülöp,V. 02]
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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:

hλ,M,A : SL→ TL

s 7→ πTL

(
argmax (d,r)∈Y ′:

πSL(d,r)=s

wtM(d) · wtA′(r)

)

= πTL

(
argmax d∈DM

πSL(d)=s
wtM(d) ·maxr∈RA′ (last(d)) wtA′(r)

)

= πTL

(
argmax d∈DM

πSL(d)=s
wtM(d) ·maxp̃∈Rp

A′ (d) maxr∈compl.(p̃) wtA′(r)

)

= πTL

argmax d∈DM
πSL(d)=s
p̃∈Rp

A′ (d)

wtM(d) ·maxr∈compl.(p̃) wtA′(r)


= πTL

(
argmaxd∈DMBA′

πSL(d)=s

wtMBA′(d)

)
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Let M synchronized tree-adjoining grammar (STAG)
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There is an STAG MBA such that: τMBA = τM B LA

Theorem [Nederhof, V. 12]:
Let M synchronized context-free tree grammar (SCFTG)
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outline of the talk:

I Statistical machine translation

I Modeling with wta and wtt

I Using automata theoretic results to “improve” modeling

I Summary
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I model for translation from SL to TL: wtt M
I model for TL: wta A
I sentence s of SL

hλ,M,A(s) = πTL

(
argmax (d,r)∈Y :

πSL(d,r)=s

wtM(d)λ1 · wtA(r)λ2

)

(weight exp.) = πTL

(
argmax (d,r)∈Y ′:

πSL(d,r)=s

wtM(d) · wtA′(r)

)

(output product) = πTL

(
argmaxd∈DMBA′ :

πSL(d)=s

wtMBA′(d)

)

(B,S,P; input product) = πTL

(
argmaxd∈DAsC(MBA)

wtAsC(MBA′)(d)
)

= πTL

(
Knuth(As C (MBA′)))

)

23/26



I model for translation from SL to TL: wtt M
I model for TL: wta A
I sentence s of SL

hλ,M,A(s) = πTL

(
argmax (d,r)∈Y :

πSL(d,r)=s

wtM(d)λ1 · wtA(r)λ2

)

(weight exp.) = πTL

(
argmax (d,r)∈Y ′:

πSL(d,r)=s

wtM(d) · wtA′(r)

)

(output product) = πTL

(
argmaxd∈DMBA′ :

πSL(d)=s

wtMBA′(d)

)

(B,S,P; input product) = πTL

(
argmaxd∈DAsC(MBA)

wtAsC(MBA′)(d)
)

= πTL

(
Knuth(As C (MBA′)))

)

23/26



I model for translation from SL to TL: wtt M
I model for TL: wta A
I sentence s of SL

hλ,M,A(s) = πTL

(
argmax (d,r)∈Y :

πSL(d,r)=s

wtM(d)λ1 · wtA(r)λ2

)

(weight exp.) = πTL

(
argmax (d,r)∈Y ′:

πSL(d,r)=s

wtM(d) · wtA′(r)

)

(output product) = πTL

(
argmaxd∈DMBA′ :

πSL(d)=s

wtMBA′(d)

)

(B,S,P; input product) = πTL

(
argmaxd∈DAsC(MBA)

wtAsC(MBA′)(d)
)

= πTL

(
Knuth(As C (MBA′)))

)

23/26



I model for translation from SL to TL: wtt M
I model for TL: wta A
I sentence s of SL

hλ,M,A(s) = πTL

(
argmax (d,r)∈Y :

πSL(d,r)=s

wtM(d)λ1 · wtA(r)λ2

)

(weight exp.) = πTL

(
argmax (d,r)∈Y ′:

πSL(d,r)=s

wtM(d) · wtA′(r)

)

(output product) = πTL

(
argmaxd∈DMBA′ :

πSL(d)=s

wtMBA′(d)

)

(B,S,P; input product) = πTL

(
argmaxd∈DAsC(MBA)

wtAsC(MBA′)(d)
)

= πTL

(
Knuth(As C (MBA′)))

)

23/26



I model for translation from SL to TL: wtt M
I model for TL: wta A
I sentence s of SL

hλ,M,A(s) = πTL

(
argmax (d,r)∈Y :

πSL(d,r)=s

wtM(d)λ1 · wtA(r)λ2

)

(weight exp.) = πTL

(
argmax (d,r)∈Y ′:

πSL(d,r)=s

wtM(d) · wtA′(r)

)

(output product) = πTL

(
argmaxd∈DMBA′ :

πSL(d)=s

wtMBA′(d)

)

(B,S,P; input product) = πTL

(
argmaxd∈DAsC(MBA)

wtAsC(MBA′)(d)
)

= πTL

(
Knuth(As C (MBA′)))

)

23/26



I model for translation from SL to TL: wtt M
I model for TL: wta A
I sentence s of SL

hλ,M,A(s) = πTL

(
argmax (d,r)∈Y :

πSL(d,r)=s

wtM(d)λ1 · wtA(r)λ2

)

(weight exp.) = πTL

(
argmax (d,r)∈Y ′:

πSL(d,r)=s

wtM(d) · wtA′(r)

)

(output product) = πTL

(
argmaxd∈DMBA′ :

πSL(d)=s

wtMBA′(d)

)

(B,S,P; input product) = πTL

(
argmaxd∈DAsC(MBA)

wtAsC(MBA′)(d)
)

= πTL

(
Knuth(As C (MBA′)))

)
23/26



impression: SMT is “playing with formulas”
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impression: SMT is “playing with formulas”

but: SMT is an engineering task!

weighted tree automata and weighted tree transducers

can help in modeling

statistical machine translation of natural languages
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