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The third meeting two days between foreign ministers of the
Egyptian and Sudanese. [IJCNLP 2005 SMT Tutorial Materials]

on the west - bank it there lay three setre almost at the
side of each other . [Na�̈ve Norwegian – English SMT]
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Broad Progress in Computational Linguistics

� Precise, broad-coverage grammars now available (e.g. LFG & HPSG);

� linguistic grammar relates strings to syntactic and semantic analyses;

� grammar (pretty much) guarantees wellformedness of system outputs;

� combination with stochastic processes to rank and select hypotheses.
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Old­Fashioned MT: The Norwegian LOGON Project
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Some LOGON Highlights

� Abstract from language-internal idiosyncrasies by semantic transfer;

� stochastic processes for disambiguation at all levels (and end-to-end);

! most likely unique in combination of LFG and HPSG in working system.
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Project Organization — A Few Facts

Organizational

� All but one university in Norway participate: Oslo, Bergen, Trondheim;

� twice the size of Verbmobil (well, proportional to capita); 2003 – 2007.

Scope & Domain

� Functional core demonstrator NO – EN (limited domain and vocabulary);

� support to the regions: facilitate the translation of tourism-related texts.

Existing Resour ces at Project On-Set

� NorGram (ParGram): medium-coverage Norwegian LFG (Dyvik; UiB);

� ERG (DELPH-IN): broad-coverage English HPSG (Flickinger; Stanford).
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Some LOGON Sample Translations (Version 0.9)

1 Velkommen til Jotunheimen!
Welcome to Jotunheimen.

1037 P	a vestbredden l 	a det der tre setre nesten ved siden av hverandre.
On the west bank, 3 mountain pastures lay there almost besides
each other.

1048 Vil du ikke g 	a s 	a langt, er Besstrondrundhø et utmerket alternativ.
If you don't want to go so far, Besstrondrundhø is an excellent alter-
native.

1376 Den toppen er et �nt turm	al om du bor p 	a Bessheim eller Gjen-
desheim.
That summit, a nice trip tongue is if you stay at Bessheim or Gjen-
desheim.
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Minimal Recur sion Semantics — By Example

The young Polish athlete ran on Monday.
'
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hh1,
f h1:proposition m(h2), h3: run v(e4, x5), h3:past(e4),

h6:def q(x5, h7, h8), h9: athlete n(x5), h9: young a(x5), h9: polish a(x5),
h3:temp loc(e4, x10), h11:proper q(x10, h12, h13), h14: dofw n(x10, MONDAY) g,

f h2 = q h3, h8 = q h9, h13 = q h14g i
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Backgr ound (Copestake et al., 1996, 2003, & 2005)

� Family of �at, underspeci�ed semantics (including UDRS, CLLS, et al.);

� non-recursive composition: predicates, bindings, and scope constraints;

� logical-form representation of `who did what to whom' ! normalization;

� large, MRS-enabled grammars available for at least seven languages.
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Char t Generation — A Na�̈ve Procedure

(Shieber , 1988), (Kay, 1996), (Carroll et al., 1999), et al.

� Chart initialization retrieve lexical entries by semantic predicates;

� discontinuous parsing invoke rules on all combinations of edges;

� chart read-out at parsing �x-point, select `sentential' constituents;

� semantic check test candidates for subsumption against the input.

Key Proper ties

� Unlike parsing, no string-level adjacency conditions among constituents;

� generate and test: majority of intermediate candidates are non-results;

! worst-case (necessarily) exponential, but can be made to work ef�cient.
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Step 1: Generation Using Feature Structures Only

Coverage of Elementar y Predications (EPs)

� Analogy to parsing: all EPs from input MRS must be `used' exactly once;

� number EPs and associate bitvector with edges, tracking EP coverage;

� non-zero bitvector intersection indicates EP overlap ! no combination.

Skolemization: Making Variab les Ground

� Generator must not equate distinct logical variables from input MRS;

� introduce Skolem constants during chart initialization, e.g. [SKOLEM̀x5'];

� chart indexing by variables unnecessary ! subsumed by quick-check.

! Most FS Parsing Optimizations Applicab le (Oepen et al., 2002)
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The (Inter sective) Modi�er Problem

Re-Ordering Combinatorics

� With n modi�ers , n! permutations: ABC, ACB, BAC, BCA, CAB, CBA.

� local combinatorics multiply as cross-product: ABC � � � � � � � XYZ = 36;

� adjectives, PPs, adverbs; maybe N – N compounds, conjunctions, et al.

Partial Edge Prolif eration

� Incomplete partial constituents can proliferate further than necessary:

the athlete ran j the young athlete ran j the Polish athlete ran

� again, cross-multiplication of local combinatorics yields exponentiality.
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Ealier (Closel y Related) Proposals
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[...] as a matter of principle, no edge should be constructed if the result of
doing so would be to make internal an index occurring in part of the input
semantics that the new phrase does not subsume. (Kay, 1996)

'

&

$

%

However, this criterion can be expensive to check and may be of limited
utility. For instance, in (5) the index for `run' must be available to `how':
(5) How did the paper say the athlete ran?

Our approach to the problem is to treat intersective modi�cation in a sepa-
rate phase [...]. (Carroll et al., 1999)
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However, this criterion can be expensive to check and may be of limited
utility. For instance, in (5) the index for `run' must be available to `how':
(5) How did the paper say the athlete ran?

Our approach to the problem is to treat intersective modi�cation in a sepa-
rate phase [...]. (Carroll et al., 1999)

Some Re�ections

� Insuf�cient detail by Kay; likely restricted to one single index per edge;

� Carroll et al. fairly restrictive: na�̈ve notion of intersective modi�cation.
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Our Appr oach (Step 2): Generalizing Kay's Idea
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hh1,
f h1:proposition m(h2), h3: run v(e4, x5), h3:past(e4),

h6:def q(x5, h7, h8), h9: athlete n(x5), h9: young a(x5), h9: polish a(x5) g,
f h2 = q h3, h8 = q h9 g i

Index Accessibility Filtering

� Using Skolem constants, determine accessible variables on each edge;

� the Polish athlete ran ! x5 no longer accessible (assuming restriction);

� but young a(x5) not included in EP coverage ! partial, useless edge;

! percolation of Skolem constants in FS universe important to get right.
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Our Appr oach (Step 3): Factoring Local Ambiguity

Subsumption-Based Packing (Oepen & Carroll, 2000)

� Local ambiguity: edges with identical EP coverage and compatible FS;

� only keep most general representative in chart; remember alternates;

� linear, bi-directional FS subsumption test: pro- and retro-active packing;

! need to restrict derivation (DTRS) and semantics accumulation (CONT).

Unpac king (aka Enumeration of Results)

� Due to subsumption, need to replay derivations with full constraints;

� cross-multiply: packed forest as polynomial code for exponential set;

! only bi-directional, subsumption-based packing amortizes in practice.
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Practical Generator Performance — Comparisons

items length 1p� f� 2p� f� 1p� f+ 1p+ f� 2p+ f� 1p+ f+ n= 10Aggregate
] � � � � � � s �

500 < trees 9 23.9 31.76 20.95 11.98 9.49 3.69 31.49 0.33

100 < trees � 500 22 17.4 53.95 36.80 3.80 8.70 4.66 5.61 0.42

50 < trees � 100 21 18.1 51.53 13.12 1.79 8.09 2.81 3.74 0.62

10 < trees � 50 80 14.6 35.50 18.55 1.82 6.38 3.67 1.77 0.89

0 � trees � 10 185 10.5 9.62 6.83 1.19 6.86 3.62 0.58 0.95

Overall 317 12.9 35.03 20.22 5.97 8.21 3.74 2.32 0.58

Coverage 95% 97% 99% 99% 100% 100% 100%

� 1p� f� one phase, no ambiguity packing, no �lter ing;
� � � � � �

� n= 10 1p+ f+ plus n-best (n = 10) selective unpacking.
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More Exponentiality — Selective Unpacking

Some Obser vations

� Generation time now dominated by unpacking and �nal semantic test;

� exponential in number of results (e.g. permuting intersective modi�ers);

� typical applications want one unique realization (maybe small n-best);

! probability distribution over alternate realizations; selective unpacking.

Selective Unpac king (Carroll & Oepen, 2005)

� Enumerate solutions from forest, one by one, in decreasing likeliness;

� ideally, guarantee globally correct rank order (avoiding a beam search).
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A Digression — MaxEnt Realization Ranking (0 of 3)

Remember that dogs must be on a leash.
Remember dogs must be on a leash.
On a leash, remember that dogs must be.
On a leash, remember dogs must be.
A leash, remember that dogs must be on.
A leash, remember dogs must be on.
Dogs, remember must be on a leash.

Common Sour ces of Generation Ambiguity

� Lexical variation: ambiguity, orthographic variation, diathesis change;

� optionality (and variation) of complementizers and relative pronouns;

� constituent ordering: modi�ers , topicalization, subordination, et al.

clin | 12-jan- 07 (oe@csli.stanford .e du)

Ef�cient HPSG Realization for Precision Machine Translation (15)



A Digression — MaxEnt Realization Ranking (1 of 3)

Wanted: More than Probabilistic CFGs

� Local independence assumption is not true for uni�cation grammars;

� PCFG unable to `learn' from negative data, e.g. dis-preferred parses;

! conditional model: given some context, sample properties of events.

Conditional Hypothesis Selection

Given a semantics s and a set of trees f t1 : : : tng assigned to s by some
grammar, �nd the tree t i that maximizes p(t i js). Assuming a set of fea-
tures f f 1 : : : f mg with corresponding weights f � 1 : : : � mg, the conditional
probability for tree t i is given by:

p(t i js) =
expP

j � j f j (t i )
P

k=1:::n expP
j � j f j (tk)

(1)
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MaxEnt Realization Ranking — Features (2 of 3)

subjh

hspec

det the le

the

sing noun

n intr le

athlete

past verb

v unerg le

ran

T Sample Features
1 h0 subjh hspec past verbi
1 h1 4 subjh hspec past verbi
1 h0 hspec det the le sing nouni
1 h1 subjh hspec det the le sing nouni
1 h2 4 subjh hspec det the le sing nouni
2 h0 subjh past verbi
2 h0 subjh hspeci
2 h1 subjh hspec det the lei
2 h1 subjh hspec sing nouni
3 h1 n intr le athletei
3 h2 det the le n intr le athletei
3 h3 � det the le n intr le athletei
4 h1 n intr lei
4 h2 det the le n intr lei
4 h3 � det the le n intr lei

� � �
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MaxEnt Realization Ranking — Performance (3 of 3)

items random n-gram MaxEnt combined
Aggregate

] % % % %

100 � readings 396 8.3 26.7 47.4 51.3

50 � readings < 100 246 16.0 42.3 68.7 63.9

10 � readings < 50 831 27.7 47.1 71.1 75.2

1 < readings < 10 717 45.6 64.2 82.4 83.5

Total 2190 28.7 53.2 70.2 72.3

Preliminar y Findings (Velldal & Oepen, 2006)

+ Basic MaxEnt model trained on some 2000 items outperforms BNC LM;

� likely fairly domain-dependent; n-gram model probably far more robust.
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Selective Unpacking — Basic Procedure
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� Edge decomposition unfolds `local' (aka horizontal) combinatorics;

� MaxEnt features encode preferences over local, structural properties;

� associate MaxEnt score to decompositions: nested local optimizations;

! graph search (with dynamic programming) through hypotheses space.
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Polynomial Time (Practical) Generation

0 5 10 15 20 25 30 35
Input Complexity (Number of EPs in MRS)
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s

(generated by [incr tsdb()] at 15-apr-2005 (00:55 h))� � � �
� �

�

�

� � � �
� �

�

�

� � � �
� �

�

�

� — packed forest creation
� — selective unpacking
� — exhaustive unpacking

! Average Time for 15-Word Sentences around One Second
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LOGON Current State of Play — Facts and Figures
'

&

$

%

� since May 2005, � 5k sentences edited tourism brochures; 3 translations;

! end-to-end: 0.83 � 0.89 � 0.84 = 62 % (56 % vs. 54 % on held-out set).

Linguistic Resour ces & Stoc hastic Models

� NorGram (Dyvik et al.): 8+ years; new MRS projection ! 67.7 + 15.1 %;

+ adaption of Redwoods treebanking to LFG; native XLE parse selection.

� LinGO ERG (Flickinger et al.): 12+ years; domain vocabulary ! 94.3 %;

+ structural MaxEnt plus BNC language model (Velldal & Oepen, 2006).

� 7627 hand-built transfer rules, 9222 from bi-lingual dictionary ! 88.8 %;

+ LM of dependency tuples: MRS `�uency' by similarity to domain MRSs.
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The Quest for Coverage (March 2006)

time [15-oct-2005 (15:38 h) – 1-mar-2006 (14:23 h)]
21
22
23
24
25
26
27
28
29
30
31
32
33
34

System Evolution over Time

(generated by [incr tsdb()] at 27-mar-2006 (10:39 h))�

�

�

� — end-to-end coverage
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The Quest for Coverage (March 2006)

time [15-oct-2005 (15:38 h) – 1-mar-2006 (14:23 h)]
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34

System Evolution over Time
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�

�

� — end-to-end coverage
21.1 + 0.0033759412 � h
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The Quest for Coverage (December 2006)

time [15-oct-2005 (15:38 h) – 23-dec-2006 (14:43 h)]
20
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30
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40
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60

System Evolution over Time

(generated by [incr tsdb()] at 30-dec-2006 (18:18 h))
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�

� — end-to-end coverage
21.1 + 0.0033759412 � h
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End­to­End Coverage vs. Input Length

`logon/jh/06-12-23' Coverage Pro�le

total positive word output total overall
Aggregate items items string ambiguity results coverage

] ] � � ] %

35 � i-length < 60 32 32 39.94 0.00 0 0.0
30 � i-length < 35 56 56 31.48 128.00 1 1.8
25 � i-length < 30 137 137 26.82 1170.56 9 6.6
20 � i-length < 25 235 235 21.87 1744.34 38 16.2
15 � i-length < 20 369 369 16.93 471.41 147 39.8
10 � i-length < 15 416 416 12.11 316.92 289 69.5
5 � i-length < 10 454 454 6.68 31.47 413 91.0
0 � i-length < 5 447 447 2.13 3.74 432 96.6

Total 2146 2146 12.64 189.95 1329 61.9
(generated by [incr tsdb()] at 30-dec-2006 (20:28 h))
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Preliminar y Conc lusions — Outlook (1 of 2)

MRS-Based Generation Using the ERG

� Attractive observed generation complexity for a broad-coverage grammar;

� novel combination of techniques; push analogy to FS-based chart parsing;

� linguistic grammar plus MaxEnt model yields grammatical, �uent outputs;

! grammatical coverage and ef�ciency fully suf�cient for quality-oriented MT.

Ongoing (Carroll, Flic king er, Oepen, Packard, Velldal, et al.)

� Improved ranking: more features, selective unpacking for larger contexts;

� document and simplify generator interfaces: additional underspeci�cation;

� industrial-strength, high-ef�ciency implementations in C[++] (PET or ACE).
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Preliminar y Conc lusions — Outlook (2 of 2)

LOGON Results To Date

� General-purpose NLP components feasible as symbolic MT back-bone;

� when successful end-to-end, high-quality output(s) typically available;

! improved stochastic models needed for disambiguation and re-ranking;

! focused and sustained development of general-purpose resources.

Towards Re-Usable (MT) Technology

� All LOGON modules (but the XLE) available as DELPH-IN open-source;

� baby JA – EN system built from open-source HPSG in one afternoon.

�

�

�

�

On-Line: http://www.emmtee. net/ and http://www.delph-i n. net /

clin | 12-jan- 07 (oe@csli.stanford .e du)

Ef�cient HPSG Realization for Precision Machine Translation (26)



Based on Research and Contrib utions of

Dorothee Beermann, Francis Bond, John Carroll,
Ann Copestake, Helge Dyvik, Liv Ellingsen,

Dan Flickinger, Kristin Hagen, Petter Haugereid,
Lars Hellan, Janne Bondi Johannessen,

Gunn Inger Lyse, Jan Tore Lønning, Paul Meurer,
Torbjørn Nordg 	ard, Lars Nygaard,

Christian Ore, Woodley Packard, Daniel Ridings,
Victoria Rosén, Erik Velldal, and others.


