ACorpus-Based Statistics-Oriented Two-WayDesign for Parameterized MTSystems:

Rationale, Architecture and Training Issues

*,+Keh-YihSu,^*Jing-Shin Chang and^+Yu-LingUna Hsu

*Department of Electrical Engineering National Tsing-Hua University Hsinchu, Taiwan 30043, R.O.C.

+Behavior Design Corporation No. 5, 2F, Industrial East Road IV Science-Based Industrial Park Hsinchu, Taiwan 30077, R.O.C.

Table of Contents

1. Problems with Current MTOperations

Source Dependency Introduced by One-Way Design Costly to Adapt to different Domains &Users 2. Wish list for a good MTArchitecture 3. How to Achieve those Goals with Parameterized Architecture and Two-WayDesign Why Parameterized MT? Example of a Parameterized MT 4. Translation Models &Optimization Criteria 5. Training Issues for Two-WayParameterized Systems Two-End Constraint Optimization 6. Including User Feedback 7. Conclusion

Current Status of MTOperations

CurrentStatus ofMTOperations: 1. Many international companies require that the MT output be "publishable"withtheirlongestablished translationstyles.

2. Highqualitytranslation is currentlypossible onlyin restricted domains or sublanguages.

3. Capabilityto operate invariousdomains is necessary foran MTsystem to surviveor operate economically.

Desired ModeforMTOperations: 1. coveringa widerange ofapplications. 2. capable ofproducinghighqualitytranslationineach subdomain. 3. capable ofadapting to customer preferred styles and user feedback.

What Is One-Way Design?

One-WayDesign: almost all the translation knowledge is derived, explicitlyor implicitly, based on the trainingcorpus ofthe source language. a. The transfered structures are usually a locallymodifiedversion of the source constructs, which usually tend to have fewer number of required translationoperations and produce readable translations.

b. The translationmay not fallwithinthe range ofthe target language.

The transfer rules are usually designed explicitlyor implicitlybased on the source trainingcorpora; Such transfer rules may not be fired correctly for the unseen sentences and thus produce illegal sentences.

Transfer Rules acquired from KnownObs.

Known Observations

Unseen Input

Unseen Input

Readable

??OK

??OK

c. The output target sentence may not be in a preferred style under the discourse context, because the generation grammar may not take the target text around the current sentence into consideration. (Usually, onlythe discourse context ofthe source sentence is used foranalysis)

Problems with One-Way Design Transfer-Based MT

Current one-way design transfer-based MT systems fail to meet user requirements and desirable mode ofMToperations:

The translation is usually too literal because the output is strongly affected by the sentence patterns of the source language due to the one-way processing steps from analysis, transfer to generation [Somers 93, Su 93].

Please Release the Botton. MT: Post-Editor:

The transfer knowledge is usually maintained as a large set of rules whichare not parameterized.

It’s not easy to adapt the translation knowledge to particular domains. Customized styles cannot be established easily. It’s very costly to construct different sets of rules for different domains.

Wish List for a Better MTArchitecture and System Design Methodology

QualityConcerns:

producingpublishabletranslationineach domain respecting users’ preferred styles Adaptability:

easily adaptable to differentdomains adapting to post-editorfeedback automaticlearningfrombilingualcorpora withlittlehuman intervention

Prospective Solutions

QualityIssues - use a two-way design method for acquiring source-independent knowledgeto:

produce publishabletranslationineach domain respect users’ preferred styles Domain/UserAdaptationProblems - use a parameterized MTarchitecture foreasy adaptation to easily adapt to differentdomains adapt to post-editorfeedback automaticlylearn frombilingualcorpora withlittlehuman intervention

ATypical Parameterized MTSystem

P T_i | S_i ( ) = ∑_{Ii} P Ti,I i|Si ( ) ≅ ∑_{Ii} P T_i|_tP T i( ) ( ) × P tP T i( )| tNF1 i( ) ( ) × P tNF1 i( )| tNF2 i( ) ( ) [ ] { … 1( ) × P_tNF2 i( )|_sNF2 i( ) ( ) [ ] … 2( ) × P_sNF2 i( )|_sNF1 i( ) ( ) × P sNF1 i( )| sP T i( ) ( ) × P sP T i( )|Si ( ) [ ]} … 3( ) where S_i: Source Sentence T_i: Target Sentence

I_i: intermediateformsforthe source-target pair

PT: parse tree (s: source &t: target)

NF1:level-1normalform NF2:level-2normalform

Block Diagram for ATypical Parameterized MTSystem

T

PTt

NF1t

NF2t NF2s

NF1s

PTs

S

NR2s

NR1s

Gs

GR1t

GR2t

GR0t P(PTs|S)

P(NF1s|PTs)

P(NF2s|NF1s)

P(NF2t|NF2s)

P(NF1t|NF2t)

P(PTt|NF1t)

P(T|PTt)

Figure 1 Translation Flow for a Parameterized MT System S: Source Sentence T:Target Sentence PT: parse tree NF1:level-1normalform NF2:level-2normalform Gs: source grammar NR:normalizationrules GR:generation rules

Characteristics 1. The intermediate knowledgerepresentation is characterized by sets of normalizedconstructs.

2. Phrase structure grammars, normalizationrules, generation rules are still in linguisticallyfamiliar forms (not in simplifiedforms like the Chomskynormalform.)

3. Ambiguityresolution or preference evaluation is governed by sets of parameters (probabilities).

4. Training mechanism is characterized by a quantitative optimization criterionforacquiringthe language parameters (probabilitiesorscores) fromreal text corpora.

Why Parameterized MTSystems?

1. Easier to obtain the required translation knowledge in a specific domain froma large bilingualcorpus.

The training mechanism is simply an estimation process to get the parameter sets froma corpus. The search path toward the best parameter set could be found systematically.

2. The trainingprocess can be objectivelyoptimized 3. Easier to adapt the system to specific user styles and maintain different parameters fordifferentcustomers.

The parameter sets couldbe adjusted to reflectuser preference. 4. Easier foron-lineadapting to user feadback to avoid repeated translation errors.

Why Use Normalized Constructs?

Highlevelconstituents are preferred:Purelystatisticalapproaches applied on low-level constructs (like Markov N-gram approaches or simple bag-translation decoding methods) require a large parameter space to characterize well known structural informationin syntactic or semantic levels. Fullyannotated find-grainconstructs are difficultto acquire and maintain. Normalizedconstructs could retain most discriminativefeatures without losing much information; can still significantlyreduce the number of parameters required.

Normalizationcan be used to reduce the degree ofinterleaving:

S1 S2

[+Time,+SeqOrder]

when S1, S2... S1 , S2

Normalization Generation => =>

Order-Free Semantic NormalForm

Parameter Learning in Two-WayDesign

NR2s

NR1s

Gs

NR2t

NR1t

Gt T

PTt

NF1t

NF2t

NF2s

PTs

S

NF1s

Source Sentence

Parse Tree

Level-1 Normal Form

Level-2 Normal Form

Target Sentence

Normalization Rules

Phrase Structure Grammars

Figure 2 Two-Way Training Flow for a Parameterized MT System TMI95 - 16

1. The PT’s, NF1’sand NF2’sforboth the source and target sentences are derivedfromthe source and target sentences respectively,based on their ownphrase structure grammars and normalizationrules -to ensure that allintermediaterepresentations fallwithinthe range ofthe sentences that willbe produced by the native speakers of the source and target languages.

2. The transfer parameters are estimated based on such intermediate representations and the transfer knowledge is derived from both the source and target sentences ofan aligned bilingualcorpus.

3. In the transfer phase, the system only select those preferred candidates among such grammaticalconstructs.

Target Structure Modifiedfrom Source Analysis

LegalTarget Translation

Transfer Mapping

Source Analysis

Source-Dependent LiteralTranslation

Selection Mechanism

Source NF MostPreferred Target Construct

AnalysisModule

Target Sentence Corpora

LegalTarget Constructs

Target Grammar

Source-Target MappingRules

Selection by Score

Transfer Mapping

Why Two-WayDesign?

- to (semi-)automaticallyacquire the required translation knowledgefrom a bilingualcorpus - ensure that all intermediate representations are legal constructs to the native speakers, NOT a modified version of their source language counterparts (to avoidbeing affected by the source style) - forproducinghighqualitytranslationthat is natural to native speakers - get bi-directionalsystems at the same time(e.g., English->Chinese and Chinese ->English)

Translation Flow in a Parameterized MTSystem

1. SyntacticParsing 2. SyntacticNormalization 3. Semantic Normalization 4. Target Semantic Tree Selection 5. NormalizedStructure Generation 6. Surface Structure Generation 7. MorphologicalGeneration

Translation Flow and Normal Forms in a Parameterized MTSystem

1. SyntacticParsing - produce parse trees morphologicalprocessing parsing accordingto source grammar

 SJ
  |
SIMP1 --------------------------
  | \
 ADTZ ---------------------- SIMP -----------------------
  | \ | \
 ADT \ V1 ADTC
  | | | \ |
 SBJ | VJ VN-T SBJ
  | | | | |
  SB | | N3J SB --
  | | | | | \
 SIJ | | N3-AJ | V2-AJ
  | | | | | |
  SI | | N3-A | V2-A
  | \ | | | | |
  | V2J | | N2J | V1
  | | | | | | | \
  | V2 | | N2 | VJ VSI-T
  | | | | | \ | | |
  | V1 - | | DET N1 | | SIJ
  | | \ | | | | | | |
  | VJ VN-T | | | N* --- | | SI
  | | | | | | | \ | | | \
  | | N3J | | | N* \ | | | V2J
  | | | | | | | | | | | |
  | | N3-AJ | | | | | | | | V2
  | | | | | | | | | | | |
  | | N3-A | | | | | | | | V1
  | | | | | | | | | | | | \
  | | N2J | | | | | | | | VJ VN-T
  | | | | | | | | | | | | |
  | | N2 | | | | | | | | | N3J
  | | | | | | | | | | | | |
  | | N1 | | | | | | | | | N3-AJ
  | | | | | | | | | | | | |
  | | N* --- | | | | | | | | | N3-A
  | | | \ | | | | | | | | | |
  | | N* \ | | | | | | | | | N2J
  | | | | | | | | | | | | | |
  | | | | | | | | | | | | | N2 ---
  | | | | | | | | | | | | | | \
  | | | | | | | | | | | | | NLM* N1
  | | | | | | | | | | | | | | |
  | | | | | | | | | | | | | NLM* N*
  | | | | | | | | | | | | | | |
  | | | | | | | | | | | | | NLM A1
  | | | | | | | | | | | | | | |
  | | | | | | | | | | | | | QUAN |
  | | | | | | | | | | | | | | |
 comp v n n , v art n n cjsb v comp v quan n

  To meet spectrum specific , allow a 30-minute warm-up before attempting to make any calibrated
            -analyzer -ations -measurements

Figure 3 Example: a Syntax Tree for a Source Sentence

TMI95 - 22

2. SyntacticNormalization - normalizesyntacticvariants and reduce required parameters:

reduce unnecessary bar levels e.g., N3J ->N3-AJ->N3-A->N2J ->N2->N1... =>NP reduce unnecessary recursive constructs e.g., N*->N*n =>NP relabellingmajorconstructs withrepresentative node symbols e.g., VN-T,N3J, N3-AJ,N3-A,N2J, N2,N1,N*=>NP

SIMP -----------------------------------------------------------
  | \ \ \
  SB ----------- V NP --- SB ---------------
  | \ \ | | \ | \ \
  | V NP ------ | DET NP ------- | V VP ----------
  | | | \ | | | \ | | | \ \
  | | | | | | | | | | | NLM NP
  | | | | | | | | | | | | |
 comp v n n v art n n cjsb v v quan n
  To meet spectrum specific allow a 30-minute warm-up before attempting make any calibrated
           -analyzer -ations -measurements

Figure 4 Example: an NF1 Tree (Normalized Syntax Tree) TMI95 - 23

3. Semantic Normalizationto furtherreduce the parameter space normalizesemantic variants by:

- extract discriminativefeatures fortransfer - normalize voice, tense, modal and type informationas a feature vector - construct a hierarchicalfeature structure, such as a case frame - annotate cases and wordsenses

                              TIME
                              (7)

                                                                             GOAL
                                                                             (15)

                                                                            V_ACTN
                                                                             (16)

                                                                                   AGENT
                                                                                   (17)

                                                                                        GOAL
                                                                                        (18)

                                                                       AGENT
                                                                       (14)

                                                                 V_ACTN
                                                                  (13)

                                                                 TIME
                                                                 (12)

                                                                                        QUAN
                                                                                        (19)

                                                                           <make> pro

                                                              <attempt> pro

                                           pro

                    pro pro <30-
                             minute>

          <warm-up> <meet>

                                           THEME
                                           (10)

                                     V_ACTN
                                      (9)

                                     PURP
                                     (8)

                                                GOAL
                                                (11)

                   AGENT
                    (5)

             V_ACTN
              (4)

             GOAL
             (3)

                        THEME
                         (6)

                                               <spectrum
                                               -analyzer>

                                                         <specific
                                                         -ation>

        pro

      AGENT
       (2)

 PROP
 (0)

                                                                                       <any><calibrated
                                                                                            -measurement>

V_ACTN
 (1)

<allow>

                                                                                               NHEAD
                                                                                               (20)

Figure 5 Example: an NF2 Tree (Normalized Semantic Tree)

TMI95 - 24

4. Target Semantic Tree Selection - select a preferred target normal form among legal target NF2’s accordingto the trained parameters based on source normalform - optionallyincludingdiscourse informationand user feedback - select the correct wordsenses inthe target language the candidate target normalformsare derived fromthe target grammar and normalizationrules, NOTmodifiedfromthe source normalforms normal forms are order-free and thus avoid problems introduced in transferring interleavingconstructs at the syntactic level (e.g., "when S" =>" S ")

                              TIME
                              (7)

                                                                             GOAL
                                                                             (15)

                                                                            V_ACTN
                                                                             (16)

                                                                                   AGENT
                                                                                   (17)

                                                                                        GOAL
                                                                                        (18)

                                                                       AGENT
                                                                       (14)

                                                                 V_ACTN
                                                                  (13)

                                                                 TIME
                                                                 (12)

                                                                                        QUAN
                                                                                        (19)

                                                                           < > pro
                                                                 < - > pro

                                           pro

                    pro pro <30-
                                 >

             < > < >

                                           THEME
                                           (10)

                                     V_ACTN
                                      (9)

                                     PURP
                                     (8)

                                                GOAL
                                                (11)

                   AGENT
                    (5)

             V_ACTN
              (4)

             GOAL
             (3)

                        THEME
                         (6)

                                               < >< >

        pro

      AGENT
       (2)

 PROP
 (0)

                                                                                       < > < >

V_ACTN
 (1)

 < >

                                                                                              NHEAD
                                                                                              (20)

Figure 6 A Preferred Target Semantic Tree Selected from Legal Target NF2 Trees.

TMI95 - 26

5. NormalizedStructure Generation

- choose an appropriate normalizedsyntax tree forgeneration

- generate the majorskeletal structure and majorlexicalitems

- optionally include discourse information and user feedback in the selection process

selection is made on legal normalizedsyntax trees

S -------------------------------------------------------------------------
 | \ \ \ \ \
VADT VADT VADT | NP VP ---
 | | | | | | \
 PP ---- PP ------------------- | | | | BAK --
 | \ | \ \ | | | | | \
 | VP ---- | VP --- | | | | | | |
 | | \ | | \ | | | | | | |
 | | NP ----- | | | | | | | | | |
 | | | \ | | | | | | | | | |
 | | NLM | | | | | | | | | | |
 | | | | | | | | | | | | | |
 pv vn n n pls vn n loc advv vnv n vi q cltm
                                                                                 30

Figure 7 Normalized Syntax Tree for the Target Sentence

TMI95 - 27

6. Surface Structure Generation

- generate a complete syntax tree

S ------------------------------------------------------------------------------
  | \ \ \ \ \ \ \
 VADT | VADT | VADT | NP VP ---
  | | | | | | | | \
  PP ---- | PP ------------------- | | | | | BAK --
  | \ | | \ \ | | | | | | \
  | VP ---- | | VP ---- | | | | | | | |
  | | \ | | | \ | | | | | | | |
  | | NP ----- | | | | | | | | | | | |
  | | | \ | | | | | | | | | | | |
  | | NLM | | | | | | | | | | | | |
  | | | | | | | | | | | | | | | |
  pv vn n n cj pls vn n loc cj advv vnv n vi q cltm
                                                                                        30

Figure 8 Target Syntax Tree

7. MorphologicalGeneration

- generate target specificmorphemes, likeChinese (pluralform) (past tense)

Example:

- Reset the scale after the calibratedmeasurements. - TMI95 - 28

Two-WayDesign Issues

1. Optimization:

What’sthe optimizationcriteriaforthe translationtask and how to design a feasible system accordingto the optimizationfunction?

2. Parameterization:

Howto map the hierarchicalnormalformstructures intostatisticalevents and express the optimizationfunctionin terms of such events ([Su 91a, Chang 93])?

3. Parameter Estimation:

How to estimate the parameters from annotated corpora with MLE (MaximumLikelihoodEstimation),adaptive trainingand robust estimation (Amari67, Juang 92, Chiang 92, Su 91b, 94a)?

4. Unsupervised Training:

Howto estimate the parameters fromraw translation pairs witha Viterbi Training or EM method as the solution to the Two-End constraint optimizationproblem?

Translation Model and Optimization Criteria

Ifdiscourse context is not considered, the best translation wouldbe the one whichhas the highest translationscore as follows: T =_{Ti}argmaxP T_i|S_i,EM,CM,TM ( ) where

S_i: i^{th} source sentence T_i: i^{th} target sentence EM:English(source) language Model CM:Chinese (target) language Model TM:Translation/TransferModel

If discourse information(in the form of normal forms of the previous sentences) is considered, the one withthe highest discourse-dependent translationscore is preferred:

P T_i|S_i,I^{i − 1}_1 ( ) where I^{i − 1}_1 :source &target normalforms I1,I2,…, I i − 1 forprevioussentences, and I_i =_tP T i( ),_tNF1 i( ),_tNF2 i( ),_sNF2 i( ),_sNF1 i( ),_sP T i( ) { }

Approximation of Translation Score for a Single Sentence

P T_i | S_i ( ) = ∑_{Ii} P Ti,I i|Si ( ) = ∑_{Ii} P T_i,_tP T i( ),_tNF1 i( ),_tNF2 i( ),_sNF2 i( ),_sNF1 i( ),_sP T i( )|S_i ( ) = ∑_{Ii} P T_i|_tP T i( ),_tNF1 i( ),_tNF2 i( ),_sNF2 i( ),_sNF1 i( ),_sP T i( ),S_i ( ) { × P_tP T i( )|_tNF1 i( ),_tNF2 i( ),_sNF2 i( ),_sNF1 i( ),_sP T i( ),S_i ( ) × P_tNF1 i( )|_tNF2 i( ),_sNF2 i( ),_sNF1 i( ),_sP T i( ),S_i ( ) × P_tNF2 i( )|_sNF2 i( ),_sNF1 i( ),_sP T i( ),S_i ( ) × P_sNF2 i( )|_sNF1 i( ),_sP T i( ),S_i ( ) × P_sNF1 i( )|_sP T i( ),S_i ( ) × P_sP T i( )|S_i ( )} ≅ ∑_{Ii} P T_i|_tP T i( ) ( ) × P tP T i( )| tNF1 i( ) ( ) × P tNF1 i( )| tNF2 i( ) ( ) [ ] { … 1( ) × P_tNF2 i( )|_sNF2 i( ) ( ) [ ] … 2( ) × P_sNF2 i( )|_sNF1 i( ) ( ) × P sNF1 i( )| sP T i( ) ( ) × P sP T i( )|Si ( ) [ ]} … 3( ) where

(1)= generation score (2)= transfer score (3)= analysis score

Selection of the Best Target Translation

T^∗_i =_{Ti}argmax_{Ii}max P T_i,I_i|S_i( ) [ ] { } =_{Ti}argmax {_{Ii}max P T_i|_tP T i( ) ( ) × P tP T i( )| tNF1 i( ) ( ) × P tNF1 i( )| tNF2 i( ) ( ) [ × P_tNF2 i( )|_sNF2 i( ) ( ) × P_sNF2 i( )|_sNF1 i( ) ( ) × P sNF1 i( )| sP T i( ) ( ) × P sP T i( )|Si ( )]} To make itfeasible, the target translationwiththe highest maximumvalue ofpath scores is selected as the preferred translation. IncludingDiscourse Informationfrom the normal forms of the previous target sentences (for example, by using the translation score: P T_i|S_i, NF2_t i − 2( ), NF2_t i − 1( ) ( ) ) could enhance the target style generation (i.e., suppress the source style dependency), since target normalformsare emphasized inthe selection process.

Two-End Constraint Optimization for Parameter Learning in Two-WayDesign

The required parameters could be learned from bilingual corpora by consideringitas a two-endconstraintoptimizationproblem. Formulation:Find the set of parameters Λ_{MAX} whichjointlymaximizesthe followinglikelihoodfunctionforalltranslationpairs- Λ_{MAX} =_ΛargmaxP T^N_1 S^N_1 ,Λ( ) =_Λargmax ∑_{IN1} P T^N_1 ,I_1^N S^N_1 ,Λ ( ) where S^N_1 : allsource sentences S_1, S_2, ..., S_N T^N_1 : alltarget sentences T_1, T_2, ... T_N I^N_1 : intermediatenormalformsI_1, ..., I_N

It’sreasonable to estimate the parameters by considering only the best intermediate normalforms witha ViterbiTrainingmethod (Rabiner 86) to optimizethe maximumvalue (instead ofthe sum) ofthe path scores:

Λ_{MAX} =_Λargmax_{IN1}max P T^N_1 ,I_1^N S^N_1 ,Λ( ) . Simplification:

P T^N_1 ,I_1^N S^N_1 ,Λ ( ) = P T^N_1 |I^N_1 ,S^N_1 ,Λ

( )⋅P I^N1 |S^N1 ,Λ ( ) = ∏^N_{i = 1} P T_i|T^{i − 1}_1 ,I^N_1 ,S^N_1 ,Λ ( )⋅P I i|I^{i − 1}1 ,S^N1 ,Λ ( ) [ ] ≅ ∏^N_{i = 1} P T_i|I^i_{− m},Λ

( )⋅P I i|I^{i − 1}i − m,S i,Λ ( ) [ ] ≅ ∏^N_{i = 1} P T_i|I_i,Λ ( )⋅P I i|S i,Λ ( ) [ ] (m = 0) where

m: discourse window(m=0<=>discourse independent model)

∏^N_{i = 1} P T_i|I_i,Λ ( )⋅P I i|S i,Λ ( ) [ ] ≅ ∏^N_{i = 1} P T_i|_tP T i( ),Λ ( ) × P tP T i( )| tN F1 i( ),Λ ( ) × P tN F1 i( )| tN F2 i( ),Λ ( ) [ ] { × P_t N F2 i( )|_sN F2 i( ),Λ ( ) [ ] × P_s N F2 i( )|_sN F1 i( ),Λ ( ) × P sN F1 i( )| sP T i( ),Λ ( ) × P sP T i( )|S i,Λ ( )]}

Optimizationwithdiscourse information:

Whenthe discourse contextis considered, the followinglikelihoodfunction

is used to estimate the best parameters: (m≠ 0)

P T^N_1 ,I_1^N S^N_1 ,Λ ( ) ≅ ∏^N_{i = 1} P T_i|I^i_{− m},Λ ( )⋅P I i|I^{i − 1}i − m,S i,Λ ( ) [ ]

Formulation for Normal Form Mapping

E_Parent_Name (EPN) C_Parent_Name (CPN) [Ename,Type=N] [Cname,Type=N]

ES1 ES2 ES3 CS1 CS2 CS3

MappingScore: P CTr ee| ETr ee,EP N,CP N ( ) = ∑_{ma pping} P CTr ee,Ma pping|ETr ee, EP N, CP N ( ) = ∑_{ma pping} P CTr ee|Ma pping,ETr ee, EP N, CP N

( ) × P Ma pping|ETr ee, EP N, CP N ( ) = ∑_{ma pping} P Ma pping|ETr ee, EP N, CP N ( )

Use ViterbiDecoding:

CTr ee

a r gma xP CTr ee| ETr ee,EP N,CP N ( ) ⇒_{CTr ee,Ma pping} a r gma x P CTr ee,Ma pping|ETr ee, EP N, CP N ( ) =_{CTr ee,Ma pping} a r gma x P Ma pping|ETr ee, EP N, CP N ( ) Example:

P Ma pping|ETr ee, EP N, CP N ( ) = P Ena me→ Cna me, ES1→ CS1, ES2→ CS4, ES3→Φ, Φ→ CS3|… ( ) = P Φ→ CS3|…, Ena me→ Cna me,ETr ee ( ) × P ES3→Φ|…, Ena me→ Cna me,ETr ee ( ) × P ES2→ CS4|…, Ena me→ Cna me,ETr ee ( ) × P ES1→ CS1|Ena me→ Cna me,ETr ee ( ) × P Ena me→ Cna me|ETr ee ( ) ≈ P Φ→ CS3|Ena me,Cna me ( ) × P ES3→Φ| Ena me,Cna me ( ) × P ES2→ CS4|ES2,Ena me,Cna me ( ) × P ES1→ CS1|ES1,Ena me,Cna me ( ) × P Cna me,N|Ena me,N,EP N,CP N ( )

Recursive Expansion forMappingScore: The mappingbetween nodes are inthe forms:

P Node_T,Type [ ]| Node S,Type

[ ],Ena me,Cna me ( ) ≡ P N_T,T_T [ ]| NS,TS [ ],Ena me,Cna me ( ) = P N_T|T_T, N_S,T_S [ ],Ena me,Cna me

( ) × P TT| NS,TS[ ],Ena me,Cna me ( ) wher e

Type = N(onter mina l), T(er mina l) or Φ (Null)

For the various types ofnodes:

1. TT = N, TS = N

≈ P N_T|N_S,Ena me,Cna me ( ) 2. TT = T, TS = N

≈ P N_T_wor d_sense|N_S_na me,Ena me,Cna me ( )

3. TT = N, TS = T

≈ P N_T_na me|N_S_wor d_sense,Ena me,Cna me ( ) 4. TT = T, TS = T

≈ P N_T_wor d_sense|N_S_wor d_sense,T_T = T,Ena me,Cna me ( ) 5. TT = N, TS = Φ

P Ma pping|Φ, EP N,CP N ( ) = P Φ→ Cna me, Φ→ CS1,Φ→ CS2|Φ, EP N,CP N ( ) ≈ P CS2|Φ, Cna me,EP N ( ) × P CS1|Φ, Cna me,EP N ( ) × P Cna me|Φ, EP N,CP N ( ) 6. TT = T, TS = Φ

≈ P N_T_wor d_sense|T_S = Φ, T_T = T,Ena me,Cna me ( )

7. TT = Φ, TS = N

P Ma pping|ETr ee,EP N,CP N ( ) = P Ena me→Φ, ES1→Φ, ES2→Φ| ETr ee,EP N,CP N ( ) ≈ P Φ| ES2,Ena me,CP N ( ) × P Φ| ES1,Ena me,CP N ( ) × P Φ| Ena me,T_S = N,EP N,CP N ( ) 8. TT = Φ, TS = T

≈ P Φ| N_S_wor d_sense,Ena me,Cna me ( )

AViterbi Training Approach for Solving the Two-End Constraint Problem

Two-wayconstraint optimization:Learn the translation parameters given only a parallel corpus of the source sentence and preferred target translation,the functionalformsofthe normalizedconstructs. Unsupervised Trainingis preferred due to the highcosts infullyannotating the corpora.

AViterbiTrainingApproach:

1. InitialSelection:Foreach (S_i, T_i)pair,deriveallpossible parse trees, NF1trees and NF2trees forS_i and T_i, respectively.Andrandomlychoose a path fromS_i and T_i toward the NF2 trees. The NF2 trees selected in this way are considered a transfer pair forthe translation.

2. Estimation:Estimatethe parameters withthe MaximumLikelihoodEstimator(MLE) based on the corresponding transfer pairs, parse trees and normal forms along the selected translationpath.

3. Re-selection:Compute the translationscores forthe variouspossible paths, which specify the combinationof parse tree, NF1 and NF2, withthe new parameters acquired instep 2, and select the path withthe largest translationscore.

4. Re-estimation: go to step 2, unless the parameters converge to a particular stoppingcriterion.

This is a book.

EPT ENF1 ENF2 CNF2 CNF1 CPT

Figure 9 A Two-Way Training Method for Learning the Translation Knowledge. TMI95 - 44

Including User Preference and Feedback

Λ(t)={P(•|•)}

− MT ε(t-1,i,j)

S_i T_{ij}

T_i^* + ∑

Figure 10 Feedback Controlled Parameterized MT Architecture

The parameters couldbe furthermodifiedto respect special user styles or particularcost/distance metrics.

TMI95 - 45

Metricsforerror distance (i)LevisonDistance

mine is book This This is myownbook Nop Sub Sub Sub Del Del Del

Nop Ins Nop Sub Ins: Insertion Del:Deletion Sub: Substitution Nop:NoOperation

(ii) ε t − 1,i,j

( ) = logP T^∗_i |S_i( ) − logP T_{ij}|S_i( ) Two-modesforfeedback control:

Batch mode: forusers withlarge volumes oftranslation adjust parameters withtrainingby epoch method [Schalkoff92] On-linemode: foron-linepost-editorto avoidrepeated errors adjust parameters withtrainingby sample method [Schalkoff92]

TMI95 - 46

Concluding Remarks

1. The best mode forMToperations is to have an architecture capable of operating inseveral subdomains producingpublishabletranslationineach domain respecting user styles adapting to post-editorfeedback 2. A parameterized architecture willmake it possible to configure the MT system adaptivelyto the various domains and users.

3. Highqualitytranslationis possible witha two-waydesign method to avoid source dependency.

4. Optimizationinthe two-waydesign couldbe achieved byapplyingtwo-end constraint optimization on properly normalized constructs based on parallelbilingualcorpora.