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Al = Learning to Translate EIL! .Hé
' T Q. Why bother A. All cornerstones
doing of machine learning
L | SMT? & language
acquisition
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W Why do SMT? [ |]
(1] Scientific grand challenge q
.
Al + cognitive science: |earning to translate encompasses all W h I C h
cornerstone problems of language acquisition + machine learning

gt It's been 25 problems

years since IBM have we

semantic generalization (Brown et al, COLING 1988) SO Ived ?

B The state of SMT
(1 In danger of becoming mired in a plateau

Current SMT models of language acquisition + machine learning
Where are we?

= stacks of hacks — system combination, ensembles, hybrids, glueware

= spaghetti architectures — long pipelines of mismatched heuristic modules
= gluttons — resource-hungry models that are memory, computation, and
O n e [ ] data guzzlers
= crammers - like too many undergrads, just memorize before the test

= superficial tests — BLEU, TER don't measure generalization well
SMT today still fails to learn meaningful cross-lingual abstractions

= glorified translation memory... instead of true machine learning



H BLEUaholics Anonymous
(1 Steps to recover from the hangover

What will it BLEUaholics
take? Anonymous

BLEUaholics Anonymous [ BLEUaholics Anonymous B Science: the wisdom to know the difference
q Steps to recover from the hangover @ Steps to recover from the hangover @ Scientific Method
1 admit that one cannot control one's addiction or compulsion 1 admit that one cannot control one's addiction or compulsion Definition of science
« say “My name is and I am a BLEUaholic.” « say "My name is and I am a BLEUaholic.”
2 recognize a higher power that can give strength 1 observe - collect data, do data analysis, error analysis
science: the wisdom to know the difference 2 hypothesize — hypothesize a model, claim, theory, thesis, ...

3 predict — make sure your model makes predictions
4 test — design and run experiment
5 gotol

Science: the wisdom to know the difference B Occam'’s razor =@ Occam's razor

’, - . N
Occam’s razor q[@ Compare this... Q@ ... with this

Viterbi

The simplest explanation tends to be the best one.
William of Occam
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BLEUaholics Anonymous
(1 Steps to recover from the hangover

1 admit that one cannot control one's addiction or compulsion
-+ say “My name is and I am a BLEUaholic.”

2 recognize a higher power that can give strength
« science: the wisdom to know the difference

BLEUaholics Anonymous
Steps to recover from the hangover

1 admit that one cannot control one's addiction or compulsion
« say “My name is and I am a BLEUaholic.”

2 recognize a higher power that can give strength
- science: the wisdom to know the difference

3 examine past errors with the help of an experienced member
« analyze if your MT model learns meaningful generalizations

WS why?

= Rearchitecting the SMT core
= “Machine Learning 101":
do training and testing on the same model
= Core internal representation designed from start for
learning semantic frame generalizations

= Emphasis on generalizing rather than memorizing
= Minimum description length - Occam’s razor for model size
= Evaluated in pure, unadulterated form

off-the-shelf “stack-of-hacks” SMT system
ITG decoder matched to ITG learner

Better to see lower BLEU scores for now, in order to better
understand transduction grammar induction behavior
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Not as a preprocessing subroutine (eg, for word alignment) within an

BLEUaholics Anonymous
q Steps to recover from the hangover

1 admit that one cannot control one's addiction or compulsion
+ say "My name is and I am a BLEUaholic.”

2 recognize a higher power that can give strength
« science: the wisdom to know the difference

3 examine past errors with the help of an experienced member
« analyze if your MT model learns meaningful generalizations

BLEUaholics Anonymous
Steps to recover from the hangover

™

admit that one cannot control one's addiction or compulsion
« say "My name is and I am a BLEUaholic.”

recognize a higher power that can give strength
+ science: the wisdom to know the difference

examine past errors with the help of an experienced member
« analyze if your MT model learns meaningful generalizations

4 make amends for these errors

« design SMT models oriented toward learning the right abstractions

N

w

Eng Bootstrapping

inversion transduction grammar

emmmm=====p [TG

———"— = oy
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47 preterminalized linear inversion transduction grammar

/
ow 4

PFSTG

preterminalized finite-state transduction grammar

Hong Kong University of Science & Technology 26

% Meaningful generalizations?

big parallel corpus
— small transduction grammar

Want:

= Compact generalization of the translation knowledge
encoded in the corpus

= Unsupervised learning of transduction grammar rules
without Giza, Moses, parsers, or anything else

Hong Kong University of Science & Technology 24

linear languages Oo(n?) i O(n*) linear transductions
or : or
CFG that is : SDTG (or synchronous CFG) that is
linear or unary linear or unary
context-free languages : inversion transductions

o) i o(nd)

or
SDTG (or synchronous CFG) that is
binary or ternary or inverting



)
.I.g The Transduction Grammar Hierarchy

Syntax-Directed _— S

Transduction Grammar
(Lewis & Stearns 1968)

__—— k-ary transduction grammar;
k = max rank of transduction rules

Inversion Transduction —

Grammar (wu 1995) ITG TGk binary transduction grammar

can support language-specific, ! (ITG-2) superficially resembles

supervised methods SDTG-3 H Chomsky normal form
SDTG-2 ITG-2

Simple Syntax-Directed ~—
Transduction Grammar SSDTG

(Aho & Uliman 1969)

BLEUaholics Anonymous
Steps to recover from the hangover

&S

-

admit that one cannot control one's addiction or compulsion
« say “My name is and I am a BLEUaholic.”
recognize a higher power that can give strength
- science: the wisdom to know the difference
3 examine past errors with the help of an experienced member
« analyze if your MT model learns meaningful generalizations
4 make amends for these errors
« design SMT models oriented toward learning the right abstractions
learn to live a new life with a new code of behavior
- evaluate your MT models against semantically meaningful metrics

N

[0}

@ The problem with
g[@ conventional MT evaluation metrics

This has been our trajectory toward semantic SMT over the years
= 1993- First unstructured SMT on very different langs (Chinese)

= 1995- First tree-structured SMT (ITG, BITG, phrasal ITG)

= 2009- Recent tree-structured SMT (LTG, LITG, PLITG)

= 2005- First semantic SMT with WSD-for-SMT (PSD)

= 2007- First semantic SMT with SRL-for-SMT

Subjective evaluation shows improvement...

But conventional metrics like BLEU aren't discriminating enough to register it

Serious danger of driving our field astray!

= 2009- Semantic MT evaluation with SRL-for-MTE (MEANT)

HKUST Human Language Technology Center © Dekai Wu 2012

The Transduction Grammar Hierarchy

Syntax-Directed __— S|

Transduction Grammar
(Lewis & Stearns 1968)

__—— k-ary transduction grammar;
k = max rank of transduction rules

Inversion Transduction —
Grammar (wu 1995) ITG TGk binary transduction grammar
can support language-specific, - (ITG-2) superficially resembles
supervised methods SDTG-3 H Chomsky normal form
sDTG-2  ITG-2
. " linear transduction grammar =
Simple Syntax-Directed — .
Transduction Grammar | SODTG LTG near ITG (Saers, Nivre & W 2010);
(Aho & Ullman 1969) LITG lingual linear grammar
iood for bootstrapping
SDTG-1 ITG- hsupervised learning

HMEANT
human
semantic
MT metric

R -
% HMEANT hlStOl’y *Acknowledgments: DARPA GALE, BOLT

= LREC 2010, SSST 2010
= Blueprint HMEANT model, preliminary results
= ACL 2011
= Assesses adequacy via Propbank-style semantic predicates, roles, and fillers
= Explains MT accuracy with high representational transparency
= Correlates with human adequacy judgments (HAJ) as well as HTER,
BUT at lower cost
= IJCAI 2011
= “Flattened” HMEANT improves correlation with HAJ, by ignoring which
frames roles/fillers are associated with (!!)
= Correlation of individual roles against HAJ
= Analysis of time cost of evaluation
= SSST 2011
= Back to compositionality — “unflattens” HMEANT and further improves
correlation with HAJ

Weights the degree of contribution of each frame, according to size of the
span it covers

BLEUaholics Anonymous
Steps to recover from the hangover

1 admit that one cannot control one's addiction or compulsion
-+ say “My name is and I am a BLEUaholic.”

2 recognize a higher power that can give strength
« science: the wisdom to know the difference

3 examine past errors with the help of an experienced member
- analyze if your MT model learns meaningful generalizations

4 make amends for these errors

design SMT models oriented toward learning the right abstractions

Semantic SMT — Part III
Evaluation metrics and objective functions

= Semantic MT evaluation metrics based on semantic frame agreement
= Deeply integrating semantic frames into MT evaluation metrics
= Desirable characteristics to maintain:
= simplicity
= inexpensiveness
= representational transparency for scientific error analysis
= Human evaluated semantic MT evaluation metric HMEANT significantly
outperforms even the state-of-the-art expensive HTER used by DARPA
= Fully automatic semantic MT evaluation metric MEANT significantly
outperforms BLEU, NIST, METEOR, WER, PER, CDER, and even the
state-of-the-art expensive TER used by DARPA

= Exploiting MEANT as the objective function for tuning SMT robustly
increases translation accuracy

HMEANT

Human semantic MT evaluation via SRL
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- Example: a less useful translation
Fewer SRL matches ©
W[@@ but more N-gram and syntax-subtree matches! @

Jrevssy
ARG 480

sgot

B ARG
[Ttil after (et sales] had dEisea [ China] [for almost two months]] , [sales of the complete range of SK - II products] have now be resuhed

So far , the sale in the mainland of China for nearly two months of SK - II line of products .

N-gram Syntax-subtree SRL

1-gram matches: | 15 | 1-level subtree matches: | 34 | Predicate matches: | 0

2-gram matches: |4 | 2-level subtree matches: | 8

3-gram matches: | 3 | 3-level subtree matches:
4-gram matches: |1 | 4-level subtree matches: | 0

Hong Kong University of Science & Technology

HMEANT is fairly cheap...
... but still requires humans

&S

= Annotation tasks

1. label semantic predicates, roles, and fillers
2. align predicates and fillers between the

reference and machine translations

Hong Kong University of Science & Technology

toward eliminating humans

= UMEANT: unsupervised approach to estimating MEANT’s parameters
(SSST-6, at ACL 2012; WMT-8, at ACL 2013)
= further reduce the evaluation cost by eliminating the dependency on a
human adequacy-ranked training corpus for tuning the weights for each
semantic role type
= good for evaluating resources sparse language
= Fully automated MEANT (WMT-7, at NAACL 2012; IWSLT 2014)
= First fully automated semantic MT evaluation metric
= Replaces human SRL with automatic shallow semantic parsing
= Replaces human semantic frame alignment
with a simple maximum weighted bipartite matching algorithm
based on the lexical similarity between semantic frames
= Preserves the spirit of Occam’s razor of HMEANT
= Outperforms all commonly used automatic metrics

Hong Kong University of Science & Technology

Conversely: a more useful translation

. More SRL matches ©
W [@ Dbut fewer N-gram and syntax-subtree matches! ®

ARG
ey a2

ARG

JUISYEN

[res—— .

ind gina) [for atsost two months]) , [gales of the complote rango of SK - If producte) have now bo risiRed

ARGM-TMP
ARG1
ARGD ARGM-TMP
/_\% g ey, ARG
[So far] , [in [the mainland of China] to sEop selling [nearly two months] of [SK - 2 products] sales] reP!almed .
N-gram Syntax-subtree SRL
1-gram matches: | 15 | 1-level subtree matches: | 35 | Predicate matches: | 2
2-gram matches: |4 | 2-level subtree matches: | 6 | Argument matches: | 1

'

3-gram matches: 3-level subtree matches: | 1

4-level subtree matches: | 0

o

4-gram matches:
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B HMEANT is fairly cheap...
q[@ - but still requires humans

= Annotation tasks

1. label semantic predicates, roles, and fillers
replace humans with automatic SRL?

2. align predicates and fillers between the
reference and machine translations

Hong Kong University of Science & Technology

B HMEANT
q Further reducing the cost of evaluating MT

= By eliminating the dependency on a human adequacy-ranked
training corpus for tuning the weights for each semantic role type

= Here, we're mainly targeting the problem of evaluating
translation quality for languages with sparse resources

Hong Kong University of Science & Technology

H HMEANT is just an f-score on semantic frame match
. @ (with a tiny number of weights)
. #wordokensfilld in Frame
- s hled n Frame
myore, morr, m,ore, = Ttotal¥ word tokens in REF

= sentence accuracy: avg translation accuracy over all frames of a sentence
sentence precision (or recall) = frame precision (or recall) averaged across the total number of
frames in MT (or REF)

= frame accuracy: avg translation accuracy over all roles of a frame
frame precision ;or recall) = weighted sum of # correctly translated arguments, normalized by the
weighted sum of # arguments in MT (or REF)

= frame importance: weight each frame by its span coverage ratio

= role importance: weight each type of role
by maximizing HMEANT's correlation with HAJ using a human ranked training corpus

@ HMEANT is fairly cheap...
g[@ - but still requires humans

= Annotation tasks

1. label semantic predicates, roles, and fillers
replace humans with automatic SRL?

2. align predicates and fillers between the
reference and machine translations
replace humans with automatic alignment?

Hong Kong University of Science & Technology

R Using relative frequency
to estimate MEANT's parameters

= Basic assumption:
= Roles that are more important for humans to understand
should appear more often in the language

= We propose an unsupervised approach:
= Use the relative frequency of how often a type of semantic role
appears in reference translations, to estimate the degree of
contribution of that role type

cj = #countof ARG jin REF of the test set

ci
I J
wj =

Ljcj

Hong Kong University of Science & Technology



apm Correctness of apm Estimating the weight for the

¢ the proposed unsupervised approach Results ¢ ] predicate
= Problem: No ground truth on which role type = Relative frequency of each semantic role type = Treating predicate the same way as the arguments
contributes more to the overall meaning closely approximates the supervised weight of that type = Using relative frequency of the predicate
in addition to all semantic arguments
Role Deviation (GALE-A) | Deviation (GALE-B) | Deviation (WMT12) Cowd = # count of PRED in REF of the test set
= Solution: Evaluate how closely the unsupervised weight /E*PC"' (—J“j") 3‘[»)“5 837‘ Method (i) = —d
X N R i .05 .02 .
of each role type approximates the weight obtained T T wirta o oo Cpred 1€
from supervised training “(-) ‘(:s “(-)(:i “(-)“(‘:7 = BUT, predicates are fundamentally different from arguments
Purpose 001 003 001 = Every semantic is defined by one predicate,
Manner 001 0.00 001 and arguments are defined relative to the predicate
Extent 0.02 0.00 0.0
Modal - 0.04 0.01 = In the supervised weights,
Negation | — 0.01 0.01 N i -
Other EISH) 005 001 predicate is usually one-fourth as important as the agent role
Table 1: Deviation of relative frequency from optimized weight of each semantic role in GALE-A, GALE-B and Method (i) = 0.25 “Wagent
WMTI2
Hong Kong University of Science & Technology Hong Kong University of Science & Technology Hong Kong University of Science & Technology

UMEANT
.'% Results q = Unsupervised weight estimates for HMEANT .[% Results

= The heuristic of one-fourth of the agent’s weight = Unsupervised approach closely approximates = Unsupervised HMEANT correlates with HAJ
closely approximates the weight of the predicate the weights obtained from supervised approach comparably to supervised HMEANT
= Then, comparing to other MT evaluation metrics,
i i i ? - -
PRED csfimation | Deviation (GALE-A) | Deviation (GALE-B) | Deviation (WMTI12) how does HMEANT using unsupervised weights perform? Metrics GALE-A | GALE-B [ WMT12
Method () 016 016 031 HMEANT (supervised) | 049 0.7 029
Method (i1) 0.02 0.01 0.01 HMEANT (unsupervised) | 0.42 0.23 0.20
NIST 0.29 0.09 0.12
Table 2: Deviation from optimized weight in GALE-A, GALE-B and WMTI2 of the predicate’s weight as estimated METEOR 020 021 022
by (i) frequency of predicates in frames, relative to predicates and arguments; and (ii) one-fourth of agent’s weight. TER 030 010 AP
PER 0.20 0.07 0.02
BLEU 0.20 0.12 0.01
CDER 0.12 0.10 0.14
WER 0.10 0.11 0.17
Table 3: Average sentence-level correlation with human adequacy judgments of HMEANT using supervised and
unsupervised weight scheme on GALE-A, GALE-B and WMTI2, (with baseline comparison of commonly used
Hong Kong University of Science & Technology Hong Kong University of Science & Technology automatic MT evaluation metric.
B UMEANT R ) HMEANT vs. MEANT
W[@ Ynsupervised parameter estimation for HMEANT ya Uya - SRL and alignment algorithm
M E ANT HMEANT MEANT
. . . . 1. Human annotators annotate the shallow semantic 1. Apply an automatic shallow semantic parser on both
= Using relative frequency of semantic roles (unsupervised) structures of both the references and MT output. he eforonces and MT ouput,

“

to estimate HMEANT's parameters: .
Human judges align the semantic frames between - - - -
Apply maximum weighted bipartite matching algo-

.
) Z?ZJEE?E?ZZZ "‘r‘c“d";gcf‘"f’“‘ by judging the cor- rithm 1o align the semantic frames between the ref-
further reduces the evaluation cost . o 4 erences and MT output by the lexical similarity of

o)

by eliminating the dependency on a human adequacy-ranked 3. For cach pair of aligned semantic frames, the predicates.
training corpus for tuning the weights for each semantic role type - (a) Human Jquef (\Ielcmll‘n‘c‘ n?; u:.mmu(m cor- 3. For each pair of aligned semantic frames,
rectness of the semantic role fillers.
N X (b) Human judges align the semantic role fillers Lexical similarity scores det e th ilar-
= correlates with HAJ comparably to supervised HMEANT Sel I la I ltl C between the refercnce and MT output accord- (&) S R GRIKAIE determine the QUG
on all three data set, including WMT-2012 English-Czech ing to the correctness of the semantic role ) OETe T e
Hllers, (b) Apply maximum weighted bipartite matching

algorithm 1o align the semantic role fillers be-

.
is well suited to sparse Ianguages for evaluating translation Compute the weighted f-score over the matching tween the reference and MT output according
I I Ie rl‘ role labels of these aligned predicates and role o their lexical similarity.
fillers.
performed extremely well at WMT-2013 metrics evaluation Compute the weighted [-score over the matching

role labels of these aligned predicates and role
fillers.

.
=

~
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MEANT vs. HMEANT
. «@ Human SRL

ARz TER ZR3L RED

[REA U for almost two months resumed

MTI] Sofer
-
/ -
/ «
rerpors Agent  ction  Terporal sspsrismcsr ction
M1 Sofar

MT2] o far, the sale in the mainland o China for nearly two months of SK - I ne o products

I MEANT vs. HMEANT
g[@ Calculation of scores

HMEANT MEANT
o~ Hokens filled in aligned frame i of MT
#tokens filled in aligned frame i of MT ‘ total #tokens in MT

#tokens filled in aligned frame i of REF

total #lokens in MT N
. #tokens fil ' total #tokens in REF
‘ total #lokens in REF
= (olal# ARG oF aligued frame § in MT M., = total # ARG | of aligned frame i in MT
— totl # ARG j of ligned frame i in REF I total # ARG j of aligned frame i in REF
= #comreet ARG j of aligned frame i in MT Sipred m. of pred of REF and MT in aligned frame i
= # partially correct ARG j of aligned frame iin MT ~ Sij = sim. of ARG j of REF and MT in aligned frame i

§ o, Lored 5 s Cigtpariiat Pii)
= g

precision = = precision —
>

S~ . Ppred S5 i (CigHUpartial Pis)

ri
S

recall = = recall =
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. Why are word context vector similarities more suitable for
. @ judging role filler similarity than BLEU and METEOR?

= High variation between alternative paraphrasing
of relatively short role
= Makes the number of matching n-grams quite small,
which hurts BLEU and METEOR

= Easy trainability of word context vectors
= Can readily be trained using any publicly available large
monolingual corpus

ST MEANT vs. HMEANT
g[@ Automatic SRL errors can create problems

NEH, * PR Al FE

o

for sales of resumed.

IREF] Unti af

TN Sofar

M2 Sofar, in

[MT3] So far, the sale inthe mainkand of China for nearly two manths of SK - I ine o procucts

q = Challenges in automating HMEANT

= A wide range of lexical similarity scoring
models are available

= We experimented on
= BLEU
= METEOR
= Similarity measures based on word context vectors
= Cosine similarity
= MinMax-MI (Dagan, 2000)
= and many more...

% More on the first batch of results

= MinMax-MI is better than cosine similarity

= Context vector models using a window size of 3
appear to be as good or better than
those using a window size of 5

ST MEANT vs. HMEANT
g[@ Auto alignment judgments can be more precise

REF roles _ REF MTZroles | M12 ecision
PRED ceased Action stop ‘match
ARGO their sale — — incorrect
ARGMLOC _in mainland China Agent the mamland of China Correct”
ARGM-TMP _Tor almost two months Temporal | nearly two months Comect
— — Experiencer 2 products incorrect
HMEANT | e tesumed Action match

ARGO Sales of complete range of SK_ | Experiencer 0 of China 10 | incorrect

- Tl products y two months

of SK - 2 products sales

ARGM-TMP _ Untll after - their sales had | Temporal | So far partial

ceased in mainland China for

almost two months
ARGM-TMP _now incorreet
REF roles | REF MTZroles | MT2 simifarity
PRED ceased PRED stop 0.0377
ARGO their sales — — —
ARGM-LOC — — —
ARGMCTMP | for almost two months

MEANT PRED selling

— — ARGT nearly two months of SK —
PRED resumed PRED resumed [Ki)
ARG sales of complete range of SK | ARG 2 products sales 0.0836

- 11 products
ARGM-TMP | now ARGM-TMP | So far 0.0459

A Results
g[@ MEANT outperforms all automatic metrics

GALE-A (training) | GALE-B (tesling)

Human metrics

HMEANT 0.49 0.27
HTER 0.43 0.20
Automatic metrics

MEANT — —

- with MinMax-MI on context vector model of window size 3~ 0.37 0.19
- with MinMax-MI on context vector model of window size 5~ 0.37 0.17
- with Cosine on context vector model of window size 3 0.32 0.13
- with Cosine on context vector model of window size 5 0.30 0.08
- with METEOR 0.17 —

- with BLEU 0.00 —
METEOR 0.20 0.21
NIST 0.29 0.09
TER 0.20 0.10
BLEU 0.20 0.12
PER 0.20 0.07
WER 0.10 0.11
CDER 0.12 0.10

Statistical anomaly METEOR is exceptionally high when
testing on GALE-B (even higher than human HTER!!)

W1 Q: Does auto semantic frame alignment
g[@ Pperform as well as human?

= MEANT vs.
semi-automatic version of HMEANT (2011)

= SRL in both metrics is performed automatically

= Semantic frame alignment in HMEANT is done
manually

Hong Kong University of Science & Technology



EIE Results
g[@ Don't align semantic frames manually

Semantic frame ali GALE-A | GALE-B
Automatic 0.37 0.19
Manual 0.35 0.17

= Automatic semantic frame alignment is as good
or even better than doing the alignment manually

Hong Kong University of Science & Technology

Results
Match predicates when aligning frames

Frame alignment GALE-A | GALE-B
Predicate only 0.37 0.19
Linear average 0.35 0.10
Inverse of sum of neg. log | 0.30 0.17

= Using onl% the predicates to align semantic frames
is more robust than two natural ways to aggregate
role filler match

Hong Kong University of Science & Technology

Results
Don’t word align tokens in semantic role fillers

ie

Semantic role filler similarity | GALE-A | GALE-B

All pairwise tokens 0.37 0.19
Only aligned tokens 0.36 0.17

= Surprisingly, word aligning the role fillers’ tokens does not help!

= Why?
Word alignments over-constrain calculation of segment similarities

Individual lexical similarities are already fairly accurate

=> similarities between words that do not correspond do not hurt
(since they are already close to zero)

= BUT... when word alignment is ambiguous, strictly obeying a

hard word alignment undesirably forces droppin? of some
individual lexical similarity scores that are actually relevant

Hong Kong University of Science & Technology

% Why?

= Automatic alignment is finer grained

= Human: Only a 3-point scale of translation correctness
(correct / partial / incorrect)

= Automatic: Continuous points scale of lexical similarity
between semantic role fillers

= The lexical similarity metric appears highly reliable

= at least, when the candidates for role fillers are restricted to
the fairfy small set defined by the sentence pairs

Hong Kong University of Science & Technology

% Why?

= Lexical similarities are a?gregqted with uniform weight
across different types of role fillers
= Ignores the fact that different role types contribute to a widely
varying degree to the meaning of an entire semantic frames as
studied by Lo and Wu (2011c

= What about adding weights for each semantic role type?

Cons:
= the complexity of MEANT would be greatly increased

= unlikely to be worthwhile as the automatic alignment is
already performing as well as human alignment

Hong Kong University of Science & Technology

@ Fully automatic
q MEANT
= Surprisingly, when aligning semantic frames

= automatic algorithm is as good as manual alignment

= using only the similarities of the predicates is better than
aggregating that of all semantic role fillers

= and surprisingly, when judging similarity between
semantic role fillers
= aggregating similarity of all pairwise combination of word
tokens is more accurate than considering only the similarity
of the tokens that obey word alignment

1)
.l‘g Q: Use fillers to help align frames?

= Background: in HMEANT, semantic frames are aligned only if
predicates match
= Reduces mental challenge for lay annotators to compare and keep
in mind all the semantic role fillers at the same time
= BUT... easy for an algorithm to do!

= Good idea to align by maximizing the match of the semantic role
fillers (in addition to the predicate)?

= 2 obvious, natural ways of aggregating the lexical similarity of
aligned semantic role fillers:
= linear average
= inverse of sum of negative log

Hong Kong University of Science & Technology

W1l Q: Would word-aligning the tokens
.% within role fillers help?

= Hypothesis:
= summing the lexical similarities
only between word aligned tokens in the role filler strings
(instead of all pairwise combinations of tokens)
should reduce the level of noise
and thus improve MEANT performance

= Method: variant of competitive linking (Melamed 1996)

= aim: avoid the danger of aligning a token in one segment
to excessive numbers of tokens in the other segment

UMEANT & MEANT ranked top 3-4

in WMT 2013 metrics evaluation

= UMEANT ranked the highest in evaluating Czech-English
= MEANT and UMEANT are recommended
for evaluating MT into English (Machacek and Bojar, 2013)

= UMEANT is better at adapting to the linguistic differences for
evaluating translation from different languages

Correlation coefficient Spearman’s p Correlation Coefficient
Directions | fr-en de-en es-en es-en ru-en Average
Considered systems 2 2 1 7
METEOR | O81% 011 001 =020 979 021 0
DEPREF-ALIGN | 995011 966 + .01 031 964+
UMEANT | 989 011 946 01
MEANT | 9734 011 926 = .02

T2
012
012
= 013
955+ 018 823+ 037 913 = 012
030 F 027 T 086 012 = 015
9004 027 7981043 909+ 017
936 + 032 883+ 015
5036+ 032

SEMPOS | 038 014019+ 028 9
DEPREF-EXACT | 08 £ 011 061 = 017
SIMPBLEU-RECALL | 978 £ 014 936 + 020
BLEU-MTEVAL-INTL | 989+ 011 902 017
BLEU-MIEVAL | 980 014 805 =.020
LEU-MOSES | 9935011 002 = .017
CDER-MOSES | .95+ 014 877 + 017
SIMPBLEU-PREC | 080+ 008 816+ .020 8
NLEPOR | 045+ .022 040 =025

LEPOR v3.100 | .045+.019 034
NIST-MTEVAL
NIST-MTEVAL-INTL
i SES

PER-MoOSES | 852
TERRORCAT | 084+ 011 061 =023

972 E 008



HL}
@ What's new in MEANT research?

training SMT :
against
MEANT

= Training SMT on MEANT (Lo Addanki Saers Wu, ACL 2013)
= First ever SMT system to be trained on a purely semantic objective
= MEANT-tuned Chinese-English system outperforms BLEU-tuned or
TER-tuned systems, across the commonly used automatic evaluation
metrics and human adequacy evaluation
= Forthcoming: same consistent improvement also for English-Chinese
using new automatic Chinese MEANT (IWSLT 2013)

Hong Kong University of Science & Technology

] B Q: Are semantic frames less useful
@ g[@ on informal genres translation?
= Automatic shallow semantic parsing fares worse on informal genres

- more than 30% on tweets data (Liu et al., 2010)
that the automatic semantic parser depends on suffers
14 ) ; ) .
S = So previous work on informal text machine translation
mostly focused on
= Can informal genres be better translated

= Accuracy drops
t 't - f I = around 10% on speech data (Favre et al., 2010)
but won’t informa .+ Wy
- Robustness of the POS tagging and syntactic parsing
genres break e i et
such as disfluencies, incomplete sentences and misspellings (Mei and Kirchhoff, 2010)
- - ? 1. fixing the grammar issues in the input or
semantic parsing? . adcressing th training cata sarsty problem
using domain adaptation techniques
by tuning against MEANT?
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Human evaluators more frequently prefer

Cross evaluation using automatic ) MEANT-tuned systems over BLEU- or TER-tuned

TC metrics q[@ systems
Table 1: Translation quality of MT system tuned against MEANT, BLEU and TER on TED talk data
TED ik BLREUT [ NISTT [ METFOR no_syn T | METFOR 7 [ WFR [ [ CDFR [ [ TER | | MEANTT | = MEANT-tuned system are ranked the most adequate
BLEU-tuned | 1209 | 436 | 3814 [ 4128 | 8387 [6855 8083 | 2270 | more frequently than BLEU- or TER-tuned systems
TER-tuncd 9. [ 3.67 | 32.75 [ 35.19 [ 7400 | 5924 7231 | 2041 |
MEANT-uned | 1124 | 422 | 3857 4196 [8097 [6621 700 | 2274 | = MEANT-tuned systems are more adequate
= than TER-tuned systems at 95% significance level (even at 99% level)
Table 2: Translation quality of MT system tuned against MEANT, BLEU and TER on web forum data = than BLEU-tuned systems at 95% significance level
forum BLEU | | NIST] | METEOR no_syn 1 | METEOR | | WER | | CDER | | TER | [ MEANT{ |
| BLEU-tuned 958~ [ &10 [ 3177 13463 | 8009 [easa 7612 | 1701
[ TER-mned [ 694 [ 221 | 2855 [ 3085 1 7615 | 5796 7473 [T539 |
[ MEANT-uned [ 792 [ 3.1 | 30.40 [33.08 [ 7732 [ 6101 74.64 | 1727 Table 3: No. of sentences ranked the most ade-
= Tuning against BLEU achieves the highest BLEU, but overfits quab‘efby human ?"”1“:’"’“ for each system in the
‘web forum experiment.
= MEANT-tuned systems outperform BLEU- or TER-tuned systems £ Eval T [ Eval2
across the commonly used metrics BLEU-tuned (B) | 47 [
= if we ignore the similar metrics that the MT systems are trained on, LF]:';:";C“:I:‘Q ) ig 2;
= MEANT-tuned systems maintain a fine balance 0 0
between lexical choices and word order 3 >
= as it performs well on both n-gram metrics that reward lexical matches 7 7
and edit distance metrics that penalize incorrect word order
Hong Kong University of Science & Technology 80 Hong Kong University of Science & Technology 81

Tuning MT against MEANT more robustly produces adequate
. @ translations than tuning against BLEU or TER!

= MEANT-tuned systems achieve the best scores across nearly all other
metrics
= MEANT-tuned systems maintain a fine balance between lexical choice
and word order, performing well as measured by:
(a) n-gram metrics that reward lexical matching
(b) edit distance metrics that penalize incorrect word order

e [ BLFU [ NIST | METFOR no_syn | METFOR | WER | CDFER | TER | MFANT |
BLEU-uned [ 12985 [ 884 [ 5210 [5542 [ 6788 | 5567 5840 01667 |

med | 2537 | 656 | 48.26 [ 5124 66181 1S258[156961] 01578 |
ME. |

tuned | 25.91 | 781 | 50.15 [5360 61.76 | 5456 S8.61 | 0.1676

Table 1: Translation quality of MT system tuned against MEANT, BLEU and TER on newswire data

Baseline: Moses hierarchical MT
Corpus: (dev) NIST 02-06 (test) NIST 08

Can informal genres be better
g[@ translated by tuning against MEANT?

= Informal genres
1 IWSLT 2012 Chinese-English TED talk
2 BOLT P1 web forum data

= Baselines (common practices)

1 Tuning against BLEU
2 Tuning against TER
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W1 Error analysis
g[@ When the shallow semantic parser fails

= The shallow semantic parser fails to output a parse for
= over 14% of the sentences in the TED talk data
= 0n average over 8% of the sentences in the web forum data

= Why further investigate these cases?
= failure of the shallow semantic parser to provide any parse
automatically results in a zero MEANT score

Table 4: Number of sentences with no automatic semantic parsing output in each data set

datasct genre #n0 semantic parse | %no semantic parse
TED-dev public talk 934 138 4.78%
TED-test public talk 1664 237 14.24%
BOLT Pl-dev | forum 2000 229 11.45%
BOLT Pl-test__| forum 1697 100 5.89%
MetricsMaTr 08 | broadcast news | 221 9 .07%
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- Failure to label the “be” semantic
q frame

= Surprisingly: ungrammatical sentences are not the biggest
cause!
= Rather:
the major source of errors is failing to identify the semantic frame
for copulas or existential sense of “be” in grammatical sentences
= Up to 11% of the sentences in informal genres have the copula or
the existential sense of “be” as a predicate

Table 5: Detailed breakdown of the sentences with no semantic frame identified by the automatic semantic

parser. (#“be” is the number of sentences that has at least one grammatical and valid semantic frame of

the copula or existential sense of “be”; #no verb (< 10) and #no verb (> 10) are the number of sentences

that has no verb in the sentence with the sentence length is “less than or equal to 10” or “greater than 10™

respectively; #other is the number of sentences that do not fall into any of the previous categories.)
=

fataset genre no parse | #° #no verb (£10) | #no verb (> 10) | Zothers
TED-dev public talk 138 110 20 3 5
TED-test public talk 237 191 38 3 5
BOLT Pl-dev forum 229 166 56 6 1
BOLT Pl-test forum 100 81 4 5 10
MetricsMaTr 0 broadcast news | 9 9 0 0 0
Hong Kong University of Science & Technology 83

- .
.l%- surface MT metrics (BLEU, NIST, ...)

how well do
n-grams
match

between reference and machine translations?

Example: a less useful translation

H . Fewer SRL matches ©
q but more N-gram and syntax-subtree matches! ®

ARGMTY
szouTE 2803

g Sl >

(a1 artor [tetr sates) haa dEea (1

So far , the sale in the mainland of China for nearly two months of SK - II line of products .

N-gram Syntax-subtree SRL

N

1-gram matches: | 15 | 1-level subtree matches: | 34 | Predicate matches: | 0

2-gram matches: |4 | 2-level subtree matches:

3-gram matches: | 3 | 3-level subtree matches:

4-gram matches: | 1 | 4-level subtree matches: | 0

Why does automatic semantic parsing fail
to label the “"be” semantic frame?

= Propbank framesets definition of the predicate “be”
Roleset be.01: copula
Roles: ARG-topic, ARG2-comment

Roleset be.02: existential
Roles: ARG1-thing that is
Roleset be.03: auxiliary
Roles: do not tag
= Examples in TED talk or web forum data
= Copula: A language is a flash of the human spirit .
= Existential: There is no feed .
= Auxiliary: [ARGO The sun] is [PRED rising] .

= Shallow semantic parsers are trained on formal text
= where “"be” is more often used as auxiliary verb together
with the present or past participle
to realize different tenses or voices in grammar

Hong Kong University of Science & Technology 84

semantic MT metrics (MEANT, )

how well do
semantic frames
match

between reference and machine translations?

Conversely: a more useful translation
More SRL matches ©
but fewer N-gram and syntax-subtree matches! ®

ARG
ey A2
ey Gittoc
e arcu
Y

TntaL atter tsheie satos) had $844 (10 painlond China) (or sineat am monthel)  (sales of the complete e of SK - I prodacte) have noe bo oHbed .

ARGI
/\‘,}, T S AR
[So far] , [in [the mainland of China] to ; p selling [nearly two months] of [SK - 2 produots] sales] rsPunmed .
N-gram Syntax-subtree SRL
1-gram matches: | 15 | 1-level subtree matches: | 35 | Predicate matches: | 2
2-gram matches: |4 | 2-level subtree matches: | 6 | Argument matches: | 1

3-gram matches: | 1 | 3-level subtree matches: | 1

4-gram matches: |0 | 4-level subtree matches: | 0

1)
.IIE what makes a translation useful

how well is

who did what to whom, for whom,
when, where, why and how

preserved in translation?

HMEANT
Human semantic MT evaluation via SRL

REF Unti

MT) Sofer

Tempors_ agent
MT2] So far

MT3 So far "

HMEANT is just an f-score on semantic frame match
(with a tiny number of weights)

C _ #word tokensfilled in Frame §

Total# word tokens in MT

#wond tokens filled in Frame i
myorr, morr, morr, = i0l# word tokens in REF

SN,

= sentence accuracy: avg translation accuracy over all frames of a sentence
sentence precision (or recall) = frame precision (or recall) averaged across the total number of
frames in MT (or REF)

= frame accuracy: avg translation accuracy over all roles of a frame
frame precision f(or recall) = weighted sum of # correctly translated arguments, normalized by the
weighted sum of # arguments in MT (or REF)

= frame importance: weight each frame by its span coverage ratio

= role importance: weight each type of role . -
by maximizing HMEANT's correlation with HAJ using a human ranked training corpus



m1aa HMEANT, MEANT, UMEANT a family of
q[@ semantic frame based MT evaluation metrics

= HMEANT human [Lo & Wu, ACL, TICAI, SSST 2011]

assesses MT utility via semantic frames with high representational transparency
needs only unskilled humans to annotate and align semantic frames

correlates with human adequacy judgment better than HTER at lower labor cost
applies easily on any language pair

= MEANT automatic [Lo, Tumuluru & Wu, WMT 2012]
= outperforms all commonly used automatic MT evaluation metrics
= replaces human SRL with automatic shallow semantic parsing
« replaces human semantic frame alignment with automatic alignment
= simple & transparent — preserves Occam’s razor spirit of HMEANT
= now in both English and Chinese
= top 4 in WMT2013 metrics track evaluation

= UMEANT unsupervised automatic [Lo & Wu, SSST 2012]

eliminates any dependency on a corpus with human ranked MT output

in training the weights of semantic role labels
by estimating them via the relative frequency of the labels in the reference

good for resource-sparse languages
top 3 in WMT2013 metrics track evaluation

W1 IMEANT new! an ITG-based
g[@ semantic frame based MT evaluation metric

= further improves MEANT's correlation with human adequacy judgment

which was already high

achieved by using bracketing ITGs to biparse the semantic role fillers

in both reference and machine translations

= shows that ITGs

= appropriately constrain the allowable permutations between the
compositional segments across the reference and machine translations

= score the phrasal similarity of the semantic role fillers more accurately
than the simple heuristics like bag-of-word alignment or maximum

alignment

W8 MEANT

1. apply automatic shallow semantic parsing to the
reference and machine translations

2. apply maximum weighted bipartite matching to
align the semantic frames between the
reference translation and the machine translation,
according to the lexical similarity of the semantic
predicates

3. for each pair of aligned semantic frames, apply
maximum weighted bipartite matching to align
arguments between the reference translation and
the machine translation, according to the lexical
similarity of the semantic role fillers

4. compute the weighted f-score over the matching
role labels of these aligned predicates and role
fillers

1.

2.

3.

4.

IMEANT

apply automatic shallow semantic parsing to the
reference and machine translations

apply maximum weighted bipartite matching to
align the semantic frames between the

reference translation and the machine translation,
according to the lexical similarity of the semantic
predicates

for each pair of aligned semantic frames, apply
maximum weighted bipartite matching to align
arguments between the reference translation and
the machine translation, according to the lexical
similarity of the semantic role fillers aggregated
under ITG-constrained alignments

compute the weighted f-score over the matching
role labels of these aligned predicates and role
fillers

ST the first ever

= why tune MT against MEANT?

@ directly semantically trained SMT systems

= produces more robustly adequate translations than tuning against

BLEU or TER

= across genres (newswire, web forum, TED)
= across output languages (English, Chinese)
= accros MT paradigms (phrase based, hierarchical phrase based)

= constrains the MT system to make more accurate lexical and

reordering choices

= preserving the meaning of the translation as captured by semantic

frames right in the training process

= the first time in 25 years of history that SMT has ever been directly trained
to maximize preserving who did what to whom, for whom, when,

where, how, why (a bit scary!)

W8 MEANT

1. apply automatic shallow semantic parsing to the
reference and machine translations

2. apply maximum weighted bipartite matching to
align the semantic frames between the
reference translation and the machine translation,
according to the lexical similarity of the semantic
predicates

3. for each pair of aligned semantic frames, apply
maximum weighted bipartite matching to align
arguments between the reference translation and
the machine translation, according to the lexical
similarity of the semantic role fillers

4. compute the weighted f-score over the matching
role labels of these aligned predicates and role
fillers

&8 MEANT

40; = ARG j of aligned frame {in MT

al; = ARG ] of aligned frame { in REF

tokens filled in aligned frame i of MT
ERCTEIT Ty —
# tokens filled in aligned frame {of REF
T ok i REF
weight of similarity of predicates
weight of similarity of ARG j

€irea = pred string of the aligned frame i of MT

Fiprea = pred string of the aligned frame i of REF
e, = role fillers of ARG j of the aligned frame { of MT
fi = role fillers of ARG j of the aligned frame i of REF

(e, f) = lexical similari

2 X PTeCeipraf iproa X T Ceipreafiprea
PreCe;puafiprea * TECespreatipres
2 X Prece, gy X VeCey gy

Stprea =

i = precy g +rec
oredhoredtE 0y
S
precision = "rt1%1 wlads|
s
R |
Toul
precsionsrecalt
s recal

IMEANT

= ARG j of aligned frame i in MT
IRG j of aligned frame { in REF
o _ # tokens filled in aligned frame  of MT

weight of similarity of ARG j
€4prea = pred string of the aligned frame i of MT
Fiprea = pred string of the aligned frame i of REF

€4, = role illers of ARG j of the aligned frame i of MT

fij = role fillers of ARG j of the aligned frame i of REF

(AL, 0", 2, A)
R={A- [AALA- (AR, A e/f)
pUAA]IR) =p(AA)A) =1
ple/f18) =s(e.f)

max(eipreal [Fipreal)
1g(P(a > eyy/7416)
max(ley, . If])

R —

WareatZwilal|
b

i (m (A= expralfipres m))

sy =lg™

5,
precision =
Wyreasi +E s

recall = — wilal

Tt
FANT = 2Xprecisionsrecatt
IMEANT =550 ontrecal

mrga XMEANT a cross-lingual
q[@ semantic frame based MT evaluation metric

= XMEANT cross-lingual MEANT [Lo, Beloucif, Saers & Wu, ACL 2014]

= eliminates the need for expensive reference translations ...
yet correlates with human adequacy judgment even more closely than MEANT!

since words come from different vocabularies for input and output languages,

can’t use MEANT’s word vector similarities to align role fillers any more; instead
use translation probabilities plus language-independent BITGs constraints
(Wu 1997; Zens & Ney 2003; Saers & Wu 2009)

= anew generation of Wu & Fung’s (NAACL, EAMT 2009) cross-lingual score ...
that exploits all our recent advances on monolingual MEANT

= well, if BITG constraints work so well for cross-lingual XMEANT...
could they also improve ordinary monolingual MEANT?

W8 MEANT

1. apply automatic shallow semantic parsing to the
reference and machine translations

2. apply maximum weighted bipartite matching to
align the semantic frames between the
reference translation and the machine translation,
according to the lexical similarity of the semantic
predicates

3. for each pair of aligned semantic frames, apply
maximum weighted bipartite matching to align
arguments between the reference translation and
the machine translation, according to the lexical
similarity of the semantic role fillers

4. compute the weighted f-score over the matching
role labels of these aligned predicates and role
fillers

=1 IMEANT

0

¢’; = ARGjofaligned frame i in MT
a\; = ARG jofaligned frame i in REF
wo — fokensfilled in aligned frame i of MT

total #okens in MT
\ #okens filled in aligned frame i of REF
total #tokens in REF
Wy = weight of similarity of predicates
weight of similarity of ARG j
predicate similarity in aligned frame i
si; = ARGjsimilarity in aligned frame i
) s prea+ 5 iy
precision = 72 R G|
o
3w} it

recall =

2. precision - recall

MEANT — A
precision - recall

Q@ outperforms previous versions of MEANT

= IMEANT shows a
3 point improvement
over MEANT on GALE-A

= IMEANT is tied with
MEANT in correlation
with HAJ on GALE-B

Table |.Sent-level correlation with HAJ

on GALE P2.5 data

GALE-A GALE-B
| HMEANT 053 037
IMEANT 0.51 033 |
[ xMeANT 051 0.20
MEANT 048 0.33
METEOR |5 (2014) 043 0.10
NIST 029 0.16
METEOR 04.3 (2005) 020 029
BLEU 020 027
TER 020 0.9
PER 020 0.18
CDER 012 0.16
WER 0.10 026




ST IMEANT
q[@ outperforms cross-lingual XMEANT
Table 1. Sent-level correlation with HAJ
on GALE P2.5 data
= IMEANT is tied with GALE-A GALE-B
XMEANT on GALE-A HMEANT 053 037
{IMEANT 0.51 033 |
= IMEANT correlates with : XMEANT 0.51 020
HAJ much better than MEANT 048 0.33
XMEANT on GALE-B METEOR 1.5 (2014)  0.43 0.10
NIST 029 0.16
METEOR 0.4.3 (2005) 0.20 029
BLEU 020 027
TER 020 0.19
PER 020 0.18
CDER 0.12 0.16
WER 0.10 026

W1 observation
g[@ how ITG constraints help IMEANT

= empirically, we see
= ITGs produce significantly more accurate phrasal similarity aggregation
= compared to MEANT’s standard bag-of-words based heuristics

= permutation and bijectivity constraints enforced by the ITG
= offer better leverage to reject inappropriate token alignments
= compared to the maximal alignment approach which tends to be
rather promiscuous

[
& |essons from IMEANT

= IMEANT - our newest 2014 version of MEANT is based on ITGs

= achieves highest correlation with HAJ among all variants of MEANT
as well as other common MT evaluation metrics

= aligns and scores semantic frames via a simple, consistent BITG
which provides informative permutation and bijectivity biases

= replaces MEANT’s maximal alignment and bag-of-words heuristics

= retains MEANT's characteristics of Occam’s Razor style simplicity
and representational transparency

=1 IMEANT
@ outperforms any of the others

Table |.Sent-level correlation with HAJ

on GALE P2.5 data

= IMEANT produces GALE-A GALE-B
much higher HAJ HMEANT 053 037
correlations than any IMEANT 051 033 |
of the other metrics on XMEANT 051 020
both GALE-A and MEANT 0.48 033
GALE-B (METEOR 1.5 (2014)  0.43 010 )
NIST 029 0.16
METEOR 0.43 (2005) 0.20 029
BLEU 0.20 027
TER 0.20 0.19
PER 0.20 0.18
CDER 0.12 0.16
(Wer 0.10 026 )

A example
g[@ how ITG constraints help IMEANT

= clean, sparse alignments for the role fillers
of ARG1 of the “resumed"” PRED

= leaving tokens like “complete” and “range”

unaligned (instead of aligning them anyway

as MEANT’s maximal alignment does)

ARGL aRGL PRED
[MT2 Sofar , in the mainland of China to stop Selling nearly two months of SK - 2 products sales resumed

[REF] Untilafter their sales had ceased in mainland China for almost two months , sales of the complete range of SK— I products have now been restmed

ARGO PRED  ARGM-LOC ARGH-THE ARGL ARGN-TMP  PRED

®I XMEANT new! a cross-lingual
q[@ semantic frame based MT evaluation metric

= XMEANT cross-lingual [Lo, Beloucif, Saers & Wu, ACL 2014]

eliminates the need for expensive reference translations ...
yet correlates with human adequacy judgment even more closely than MEANT!

aligns role fillers by leveraging language-independent BITGs constraints
(Wu 1997; Zens & Ney 2003; Saers & Wu 2009)

a new generation of Wu & Fung’s (NAACL, EAMT 2009) cross-lingual score ...
that exploits all our recent advances on monolingual MEANT

@ IMEANT

even closes the gap with HMEANT

Table |.Sent-level correlation with HAJ
.5 data
IMEANT even comes GALE-A GALE-B
within a few points of HMEANT 053 037
the human upper bound {(IMEANT o5 03 )
established by HMEANT XMEANT o1 010
MEANT 0.48 033
METEOR 1.5 (2014) 043 0.10
NIST 0.29 0.16
METEOR 0.4.3 (2005) 0.20 0.29
BLEU 0.20 0.27
TER 0.20 0.19
PER 0.20 0.18
CDER 0.12 0.16
WER 0.10 0.26

semantic MT evaluation

the MEANT viewpoint

simple Occam’s razor: easy to define, easy to implement, easy to use

pi i can look at a score and understand scientifically
why it was high or low
= eg, MEANT's degree of match between semantic frames
= who did what to whom, for whom, when, where, why and how
tunable support fast scoring of massive numbers of hypotheses for tuning/training

discriminating fine-grained scores (not just ranking or “good/bad” binary
classification)

language independent methodology that works across all language pairs
= eg, IMEANT and XMEANT's incorporation of language universal ITG biases

stable high HAJ correlations without retraining

challenges
cross-lingual semantic frame based MT evaluation

= is it possible to improve HAJ correlation with structural semantics?
= is it possible to do so while avoid losing representational transparency?

= is it possible to have a fine-grained metric — not just “good/bad” binary
classification?

= is it possible to preserve accuracy while supporting fast scoring of massive
numbers of hypotheses for tuning/training?
= (sophisticated high-dimensional classification is too costly)

= s it possible to do all this in a metric that works well across different
languages without retraining?



) monolingual

@ MEANT

apply automatic shallow semantic parsing to the
reference translation, in the output language

apply automatic shallow semantic parsing to the
machine translation, in the output language

apply maximum weighted bipartite matching to
align the semantic frames between the

reference translation and the machine
translation, according to the lexical similarity of the
semantic predicates

apply automatic shallow semantic parsing to the @,
reference translation, in the output language

apply automatic shallow semantic parsing to the o
machine translation, in the output language

ARG j of aligned frame i in MT

ARG j of aligned frame i in REF

#tokens filled in aligned frame i of MT
total #tokens in MT

#tokens filled in aligned frame i of REF

4, for each pair of aligned semantic frames, apply
maximum weighted bipartite matching to align
between the
and the machine translation, according to the
lexical similarity of the semantic role fillers

5. compute the weighted f-score over the matching
role labels of these aligned predicates and role
fillers

monolingual

@ MEANT

1. apply automatic shallow semantic parsing to the
reference translation, in the output language

2. apply automatic shallow semantic parsing to the
machine translation, in the output language

3. apply maximum weighted bipartite matching to
align the semantic frames between the
reference translation and the machine
translation, according to the lexical similarity of the
semantic predicates

4. for each pair of aligned semantic frames, apply
maximum weighted bipartite matching to allgn
between the
and the machine translation, according to the
lexical similarity of the semantic role fillers

5. compute the weighted f-score over the matching
role labels of these aligned predicates and role
fillers

@), = ARGjofaligned frameiinMT N
q, = ARGJofahgnedﬁameli

o #tokens filled in aligned frame i

=

weight of similarity of predicates
weight of similarity of ARG j

predicate similarity in aligned frame i

ARG j similarity in aligned frame i

5, e st S s

et + 553
precision = Lo
>, ul
Sow 1“pw~yvu+2 wjsi,j
: .
recall = L
MEANT 2 precision - recall

precision - recall

¢); = ARG ofaligned frame i in MT
q!; = ARG jofaligned frame i in REF
w0 - ftokens filled in aligned frame i of MT
v total #tokens in MT
wl #tokens filled in aligned frame i of REF
: total #tokens in REF
Wyea = weight of similarity of predicates
w; weight of similarity of ARG j
Sired predicate similarity in aligned frame i
s, = ARGjsimilarity in aligned frame i
0 et Sipreat S, Wi
recision — X T [,
precision = Z, o
iw
recall =
MEANT .  2-precision- recall

precision - recall

cross-lingual

XMEANT

apply automatic shallow semantic parsing to the
foreign input sentence, in the input language

apply automatic shallow semantic parsing to the
machine translation, in the output language

apply maximum weighted bipartite matching to
align the semantic frames between the

foreign input sentence and the machine
translation, according to the lexical similarity of the
semantic predicates

for each pair of aligned semantic frames, apply
maximum weighted bipartite matching to align
arguments between the foreign input sentence
and the machine translation, according to the
lexical similarity of the semantic role fillers

compute the weighted f-score over the matching
role labels of these aligned predicates and role
fillers except replacing the reference
translation WIth the foreign input when
calculating ¥ and 9.

! =
3. apply maximum weighted bipartite matching to wi = total #tokens in REF
:g:::cﬁ:::‘s‘faf;:ﬂe:nzeg‘“eeer:;chheme Wyes = weight of similarity of predicates
translation, according to the lexical similarity of the Wi Wc'g_h‘ Ofs}lm}llaf}lty ‘m A_R("J .
semantic predicates 8 pred predicate similarity in aligned frame i
5., = ARG jsimilarity in aligned frame i
4. for each pair of aligned semantic frames, apply P
maximum weighted bipartite matching to allgn PO W
between the precision = ST .
and the machine translation, according to the
lexical similarity of the semantic role fillers >, w? "wd“ pedt 3 “‘1 i3
recall = E; il
5. compute the weighted f-score over the matching w!
role labels of these aligned predicates and role N
fillers MEANT precision - recall
) monolingual cross-lingual
@ MEANT vs. XMEANT
1. apply automatic shallow semantic parsing to the ¢!; = ARGjofaligned frame i in MT N
reference translation, in the output language @ , = ARGjofaligned frame |
2. apply automatic shallow semantic parsing to the o _ ttokens filled in aligned frame i gf

machine translation, in the output language

3. apply maximum weighted bipartite matching to
align the semantic frames between the
reference translation and the machine

translation, according to the lexical similarity of the

semantic predicates

4. for each pair of aligned semantic frames, apply
maximum weighted bipartite matching to allgn
between the
and the machine translation, according to the
lexical similarity of the semantic role fillers

5. compute the weighted f-score over the matching
role labels of these aligned predicates and role
fillers

role filler similarity approach 1
apply MEANT's f-score approach
within semantic role fillers as well

€ipred the output side of the pred of aligned frame i

fi pred the input side of the pred of aligned frame i
ey the output side of the ARG j of aligned frame i
fi; the input side of the ARG j of aligned frame i

plef) = Vi(el)t(fle)
Xeeemax ple, f)
fer
lel
X ermax ple, f)

prec,, =

reces =

Pree; it s + TeCe; ;i s

total #okens in MT
itokens filled in aligned framgfi o
total #okens i
weight of similarity of predicates
w, weight of similarity of ARG j
Simed predicate similarity in aligned frame i

s, = ARG similarity in aligned frame i
0 et Sipea S, wisis
precision = Zuzﬂ
MEANT = M

precision - recall

cross-lingual

XMEANT

1. apply automatic shallow semantic parsing to the
foreign input sentence, in the input language

2. apply automatic shallow semantic parsing to the
machine translation, in the output language

3. apply maximum weighted bipartite matching to
align the semantic frames between the
foreign input sentence and the machine
translation, according to the lexical similarity of the
semantic predicates

4. for each pair of aligned semantic frames, apply
maximum weighted bipartite matching to align
arguments between the foreign input sentence
and the machine translation, according to the
lexical similarity of the semantic role fillers

5. compute the weighted f-score over the matching
role labels of these aligned predicates and role
fillers except replacing the reference
translation wnh the foreign input when
calculating ' and 4,

) monolingual

@ MEANT s,

1.

1. apply automatic shallow semantic parsing to the
reference translation, in the output language

2. apply automatic shallow semantic parsing to the
machine translation, in the output language

3. apply maximum weighted bipartite matching to
align the semantic frames between the
reference translation and the machine
translation, according to the lexical similarity of the
semantic predicates

4. for each pair of aligned semantic frames, apply
maximum weighted bipartite matching to align
between the

2.

3.

cross-lingual

XMEANT

apply automatic shallow semantic parsing to the
foreign input sentence, in the input language

apply automatic shallow semantic parsing to the
machine translation, in the output language

apply maximum weighted bipartite matching to
align the semantic frames between the

foreign input sentence and the machine
translation, according to the lexical similarity of the
semantic predicates

for each pair of aligned semantic frames, apply
maximum weighted bipartite matching to align

and the machine translation, according to the
lexical similarity of the semantic role fillers

5. compute the weighted f-score over the matching

role labels of these aligned predicates and role
fillers

monolingual

I= MEANT vs.

1.

1. apply automatic shallow semantic parsing to the
reference translation, in the output language

2. apply automatic shallow semantic parsing to the
machine translation, in the output language

3. apply maximum weighted bipartite matching to
align the semantic frames between the
reference translation and the machine
translation, according to the lexical similarity of the
semantic predicates

4. for each pair of aligned semantic frames, apply
maximum weighted bipartite matching to allgn

v

between the foreign input sentence
and the machine translation, according to the
lexical similarity of the semantic role fillers

compute the weighted f-score over the matching
role labels of these aligned predicates and role
fillers except replacing the reference
translation with the foreign input when
calculating ¥ and 9,

cross-lingual

XMEANT

apply automatic shallow semantic parsing to the
foreign input sentence, in the input language

apply automatic shallow semantic parsing to the
machine translation, in the output language

apply maximum weighted bipartite matching to
align the semantic frames between the

foreign input sentence and the machine
translation, according to the lexical similarity of the
semantic predicates

for each pair of aligned semantic frames, apply
maximum weighted bipartite matching to align

between the
and the machine translation, according to the
lexical similarity of the semantic role fillers

5. compute the weighted f-score over the matching
role labels of these aligned predicates and role
fillers

role filler similarity approach 0
apply MEANT 2013's approach
(Mihalcea, Corley & Strapparava 2006)

€ pred the output side of the pred of aligned frame i

£ prea the input side of the pred of aligned frame i
¥ the output side of the ARG j of aligned frame i
fi; the input side of the ARG j of aligned frame i

ple,f) = Vtlelf)t(fle)
Lecemax ple, f)

prece,

recer

between the foreign input sentence
and the machine translation, according to the
lexical similarity of the semantic role fillers

compute the weighted f-score over the matching
role labels of these aligned predicates and role
fillers except replacing the reference
translation wlth the foreign input when
calculating ¥ and 9.,

cross-lingual

XMEANT

apply automatic shallow semantic parsing to the
foreign input sentence, in the input language

apply automatic shallow semantic parsing to the
machine translation, in the output language

apply maximum weighted bipartite matching to
align the semantic frames between the

foreign input sentence and the machine
translation, according to the lexical similarity of the
semantic predicates

for each pair of aligned semantic frames, apply
maximum weighted bipartite matching to align
arguments between the foreign input sentence
and the machine translation, according to the
lexical similarity of the semantic role fillers

compute the weighted f-score over the matching
role labels of these aligned predicates and role
fillers except replacing the reference
translation with the foreign input when
calculating * and 4,
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role filler similarity approach 1

apply MEANT's f-score approach
within semantic role fillers as well

€ prea the output side of the pred of aligned frame i

£ pred the input side of the pred of aligned frame i
e the output side of the ARG j of aligned frame i
fi; the input side of the ARG j of aligned frame

ple,f) = Vitlelf)t(fle)
Zeeemax ple, f)
le|

3 jeemax ple, f)

precey =

1.

cross-lingual

XMEANT

apply automatic shallow semantic parsing to the
foreign input sentence, in the input language

apply automatic shallow semantic parsing to the
machine translation, in the output language

apply maximum weighted bipartite matching to
align the semantic frames between the

foreign input sentence and the machine
translation, according to the lexical similarity of the
semantic predicates

for each pair of aligned semantic frames, apply
maximum weighted bipartite matching to align
arguments between the foreign input sentence

role filler similarity approach 2
apply MEANT's ITG bias on reordering
within semantic role fillers as well

@i pred the output side of the pred of aligned frame i
fiprea the input side of the pred of aligned frame i
e the output side of the ARG j of aligned frame i
£ the input side of the ARG j of aligned frame i
G A} WO W R, A)
R {A = [AA] LA = (AA),A — ¢/f}

P(AAIA) = p((AA)[A) =025

cross-lingual

XMEANT

apply automatic shallow semantic parsing to the
foreign input sentence, in the input language

apply automatic shallow semantic parsing to the
machine translation, in the output language

apply maximum weighted bipartite matching to
align the semantic frames between the

foreign input sentence and the machine
translation, according to the lexical similarity of the
semantic predicates

for each pair of aligned semantic frames, apply
maximum weighted bipartite matchmg to align
arguments between the foreign input sentence

TeCer = i and the machine translation, according to the
lexical similarity of the semantic role fillers

2-prece, N
PTCCe; proi fiprea T TEC¢4 prea fi prea 5. compute the weighted f-score over the matching
2-prece y, -rece ;i role labels of these aligned predicates and role
= Pty ety :
Prece, ,, + T, 1 fillers except r_eplaclng thg re_ference
ik translation with the foreign input when

calculating ¥ and 4.

B XMEANT vs MEANT
. @ [example 1]

MEANT l
e s e e

RN

N e n

NED BF B FEO bk 6 Ak TE E & # TX 68 2 FEX .

XMEANT

T pea

] = comparative results

= setup
= English SRL: ASSERT
= Chinese SRL: C-ASSERT

sentence-level correlations with HAJ (GALE phase 2.5 evaluation data)
Metric Rendall
HMEANT 053
XMEANT (BITG) 051
MEANT (I-score) 048
XMEANT (f-score) 046
MEANT (2013) 046
NIST 029
BLEUMETEOR/TER/PER | 0.20
CDER 0.2
WER 0.10

ple/flA) = %\/f(clf)t(/IC)

and the machine translation, according to the

1 lexical similarity of the semantic role fillers
N (P (AS e proa /N preal G
1 = e preal Fepreal) 5. compute the weighted f-score over the matching
1 role labels of these aligned predicates and role
= fillers except replacing the reference
1 max(ler 7 1.10,51) translation with the foreign input when
calculating ¥ and ¢,

B XMEANT vs MEANT
. @ [cxample 2]

postor but siso French

United Nations .

-
o £

w2 BF jBiE FAR PBR i A% § = % &% \ﬂ B e ¥ >Lv .

XMEANT

MT2] France o

] = comparative results

= new state-of-the-art XMEANT correlates with human adequacy judgments
more closely than other monolingual automatic MT metrics

sentence-level correlations with HAJ (GALE phase 2.5 evaluation data)

Metric Kendall
HMEANT 053

([ XMEANT (BITG) 0.51

T-score) LES

XMEANT (f-score) 0.46
MEANT (2013) 0.46
NIST 0.29
BLEU/METEOR/TER/PER | 0.20
CDER 0.12
WER 0.10

in a nutshell

gg@ how XMEANT differs from MEANT

= rather than monolingual word vectors to score lexical similarities,
instead substitute simple cross-lingual lexical translation probabilities

= try aggregating these cross-lingual lexical translation probabilities
by comparing two natural ways to generalize MEANT's biases:
= approach 1 f-scores
= approach 2 bracketing ITGs constraints

] = comparative results

sentence-level correlations with HAJ (GALE phase 2.5 evaluation data)

Metric Rendall
HAMEANT 053
XMEANT (BITG) 051
MEANT (F-score) 048
XMEANT (f-score) 0.46
MEANT (2013) 046
NIST 029
BLEUMETEOR/TER/PER | 0.20
CDER 0.12
WER 0.10

] : comparative results

= new state-of-the-art XMEANT correlates with human adequacy judgments
more closely than other monolingual automatic MT metrics  (even MEANT 2013!)

sentence-level correlations with HAJ (GALE phase 2.5 evaluation data)

Metric Kendall
HMEANT 0353

Emf) 051 )

[_MEANT (I-score) (X

([XMEANT (t-score) 046 )
MEANT (2013) 0.46
NIST 029
BLEUMETEOR/TER/PER | 020
CDER 0.12
WER 0.10




)
.I.g comparative results

= new state-of-the-art XMEANT correlates with human adequacy judgments
more closely than other monolingual automatic MT metrics  (even MEANT 2013!)

= f-score aggregation helps the new f-score based method of aggregating
lexical similarities between role fillers even improves monolingual MEANT

sentence-level correlations with HAJ (GALE phase 2.5 evaluation data)
Metric Kendall
HMEANT 053
XMEANT (BITG) 0.51
[: MEANT (f-score) 0.48
[ XMEANT (F-score) 046
MEANT (2013) 046
NIST 029
BLEU/METEOR/TER/PER | 020
CDER 0.2
WER 0.10
example

ITG based XMEANT

this makes a translation useful

how well is

who did what to whom, for whom,
when, where, why and how

preserved in translation?

comparative results

= new state-of-the-art XMEANT correlates with human adequacy judgments
more closely than other monolingual automatic MT metrics  (even MEANT 2013!)

= f-score aggregation helps the new f-score based method of aggregating
lexical similarities between role fillers even improves monolingual MEANT

= ITG aggregation helps even more lexical similarity between cross-lingual
role fillers is more accurately estimated via bracketing ITGs than f-scores

sentence-level correlations with HAJ (GALE phase 2.5 evaluation data)
Metric Kendall
HMEANT 0.53
[([XMEANT (BITG) 0.5
MEANT (I-score) 048
XMEANT (F-score) 0.46
MEANT (2013) 0.46
NIST 0.29
BLEU/METEOR/TER/PER | 0.20
CDER 0.12
WER 0.10
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Conclusion
MEANT

= The first purely semantic MT metric
= cheap enough to tune SMT against
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)
.l‘g comparative results

= new state-of-the-art XMEANT correlates with human adequacy judgments
more closely than other monolingual automatic MT metrics  (even MEANT 2013!)

= f-score aggregation helps the new f-score based method of aggregating
lexical similarities between role fillers even improves monolingual MEANT

= ITG aggregation helps even more lexical similarity between cross-lingual
role fillers is more accurately estimated via bracketing ITGs than f-scores

= closing the gap with humans XMEANT is nearly as accurate as HMEANT!

sentence-level correlations with HAJ (GALE phase 2.5 evaluation data)

Metric Kendall
HMEANT 0.53

([XMEANT BITG) 051
MEANT (I-score) 048
XMEANT (f-score) 0.46
MEANT (2013) 046
NIST 0.29
BLEU/METEOR/TER/PER | 020
CDER 0.12
WER 0.10

this makes a translation useful

Sl Conclusion
W[@ MEANT

tunable!
= The ﬁrsp\purely semantic MT metric
= cheap enough to tune SMT against
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H Conclusion
W[@ MEANT

tunable!
The ﬂrsWurely semantic MT metric
= cheap enough to tune SMT against

Tuning MT against MEANT more robustly produces adequate
translations than tuning against BLEU or TER

= not only on formal genres like newswire

= but also on informal genres like TED lectures and web forums
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BLEUaholics Anonymous
Steps to recover from the hangover

1

2

3

[0}

admit that one cannot control one's addiction or compulsion
« say “My name is and I am a BLEUaholic.”
recognize a higher power that can give strength
- science: the wisdom to know the difference
examine past errors with the help of an experienced member
« analyze if your MT model learns meaningful generalizations
make amends for these errors
« design SMT models oriented toward learning the right abstractions
learn to live a new life with a new code of behavior
- evaluate your MT models against semantically meaningful metrics

A Conclusion Fully automatic
q[@ MEANT q[@ MEANT
tunable! First fully automatic semantic MT evaluation metric to succeed
N . - .
= The flrSWurer semantic MT mét”c at correlating with HAJ better than all surface metrics
= cheap enough to tune SMT against

= replaces human SRL

with automatic shallow semantic parsing
= Tuning MT against MEANT more robustly produces adequate « replaces human semantic frame alignment
translations than tuning against BLEU or TER with a simple maximum weighted bipartite matching algorithm
based on the lexical similarity between semantic frames

= Preserves the spirit of HMEANT

= not only on formal genres like newswire
= but also on informal genres like TED lectures and web forums

= Occam'’s razor simplici
= Latest work: further improvements to MEANT and MEANT-tuned systems tati | tp ty
= eg, problem of missing semantic frames for “be” " reprlesen ational transparency
= in top group of forthcoming WMT 2015 shared task for tuning metrics = Tunable! (ACL 2013, IWSLT 2013, WMT 2015)

= the most robust objective function for tuning SMT
Hong Kong University of Science & Technology 138
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BLEUaholics Anonymous
Steps to recover from the hangover

1 admit that one cannot control one's addiction or compulsion
« say "My name is and I am a BLEUaholic.”
2 recognize a higher power that can give strength
science: the wisdom to know the difference
3 examine past errors with the help of an experienced member
analyze if your MT model learns meaningful generalizations
make amends for these errors
design SMT models oriented toward learning the right abstractions
learn to live a new life with a new code of behavior
evaluate your MT models against semantically meaningful metrics
help others who suffer from the same addictions or compulsions
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