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Abstract A recent direction in the development of met-
rics for sentence-level evaluation is to apply ma-
chine learning to create an improved composite met-
ric out of less indicative ones (Corston-Oliver et al.,
2001; Kulesza and Shieber, 2004). Under the as-
sumption that good machine translation will pro-
duce “human-like” sentences, classifiers are trained
to predict whether a sentence is authored by a human
or by a machine based on features of that sentence,
which may be the sentence’s scores from individ-
ual automatic evaluation metrics. The confidence of
the classifier's prediction can then be interpreted as a
judgment on the translation quality of the sentence.
Thus, the composite metric is encoded in the confi-
dence scores of the classification labels.

Recent studies suggest that machine learn-
ing can be applied to develop good auto-
matic evaluation metrics for machine trans-
lated sentences. This paper further ana-
lyzes aspects of learning that impact per-
formance. We argue that previously pro-
posed approaches of training luman-
Likeness classifieis not as well correlated
with human judgments of translation qual-
ity, but thatregression-based learningro-
duces more reliable metrics. We demon-
strate the feasibility of regression-based
metrics through empirical analysis of learn-
ing curves and generalization studies and

show that they can achieve higher correla-
tions with human judgments than standard
automatic metrics.

Introduction

While the learning approach to metric design of-
fers the promise of ease of combining multiple met-
rics and the potential for improved performance,
several salient questions should be addressed more

1 fully. First, is learning a “Human Likeness” classi-
As machine translation (MT) research advances, thier the most suitable approach for framing the MT-
importance of its evaluation also grows. Efficienevaluation question? An alternative is regression, in
evaluation methodologies are needed both for facilivhich the composite metric is explicitly learned as
tating the system development cycle and for provida function that approximates humans’ quantitative
ing an unbiased comparison between systems. Jadgments, based on a set of human evaluated train-
this end, a number of automatic evaluation metricsg sentences. Although regression has been con-
have been proposed to approximate human judgidered on a small scale for a single system as con-
ments of MT output quality. Although studies havefidence estimation (Quirk, 2004), this approach has
shown them to correlate with human judgments atot been studied as extensively due to scalability and
the document level, they are not sensitive enougheneralization concerns. Second, how does the di-
to provide reliable evaluations at the sentence levekrsity of the model features impact the learned met-
(Blatz et al., 2003). This suggests that current metic? Third, how well do learning-based metrics gen-
rics do not fully reflect the set of criteria that peopleeralize beyond their training examples? In particu-
use in judging sentential translation quality. lar, how well can a metric that was developed based
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on one group of MT systems evaluate the translatiodT developers need a way to evaluate them. One
qualities of new systems? possibility is to examine whether the automatic met-
In this paper, we argue for the viability of aric ranks the human reference translations highly
regression-based framework for sentence-level MWith respect to machine translations (Lin and Och,
evaluation. Through empirical studies, we firsR004b; Amig et al., 2006). The reliability of a
show that having an accurate Human-Likeness clagietric can also be more directly assessed by de-
sifier does not necessarily imply having a good MTtermining how well it correlates with human judg-
evaluation metric. Second, we analyze the resour¢eents of the same data. For instance, as a part of the
requirement for regression models for different sizekecent NIST sponsored MT Evaluation, each trans-
of feature sets through learning curves. Finally, wéated sentence by participating systems is evaluated
show that SVM-regression metrics generalize bettdy two (non-reference) human judges on a five point
than SVM-classification metrics in their evaluationscale for itsadequacydoes the translation retain the
of systems that are different from those in the trainmeaning of the original source text?) afidency
ing set (by languages and by years), and their corrédoes the translation sound natural in the target lan-
lations with human assessment are higher than stagiiage?). These human assessment data are an in-

dard automatic evaluation metrics. valuable resource for measuring the reliability of au-
tomatic evaluation metrics. In this paper, we show

2 MT Evaluation that they are also informative in developing better
metrics.

Recent automatic evaluation metrics typically frame
the evaluation problem as a comparison task: hog MT Evaluation with Machine Learning
similar is the machine-produced output to a set of
human-produced reference translations for the sardegood automatic evaluation metric can be seen as
source text? However, as the notion of similara computational model that captures a human’s de-
ity is itself underspecified, several different fami-cision process in making judgments about the ade-
lies of metrics have been developed. First, simiguacy and fluency of translation outputs. Inferring a
larity can be expressed in terms of string edit diseognitive model of human judgments is a challeng-
tances. In addition to the well-known word erroring problem because the ultimate judgment encom-
rate (WER), more sophisticated modifications havpasses a multitude of fine-grained decisions, and the
been proposed (Tillmann et al.,, 1997; Snover alecision process may differ slightly from person to
al., 2006; Leusch et al., 2006). Second, similaperson. The metrics cited in the previous section
ity can be expressed in terms of common word sexim to capture certain aspects of human judgments.
quences. Since the introduction of BLEU (PapinenDne way to combine these metrics in a uniform and
et al., 2002) the basia-gram precision idea has principled manner is through a learning framework.
been augmented in a number of ways. Metrics in th€he individual metrics participate as input features,
Rouge family allow for skip:-grams (Lin and Och, from which the learning algorithm infers a compos-
2004a); Kauchak and Barzilay (2006) take paraite metric that is optimized on training examples.
phrasing into account; metrics such as METEOR Reframing sentence-level translation evaluation
(Banerjee and Lavie, 2005) and GTM (Melamed e&s a classification task was first proposed by
al., 2003) calculate both recall and precision; ME€orston-Oliver et al. (2001). Interestingly, instead
TEOR is also similar to SIA (Liu and Gildea, 2006)of recasting the classification problem as a “Hu-
in that word class information is used. Finally, reman Acceptability” test (distinguishing good trans-
searchers have begun to look for similarities at @ations outputs from bad one), they chose to develop
deeper structural level. For example, Liu and Gildea Human-Likeness classifier (distinguishing out-
(2005) developed the Sub-Tree Metric (STM) oveputs seem human-produced from machine-produced
constituent parse trees and the Head-Word Chaghes) to avoid the necessity of obtaining manu-
Metric (HWCM) over dependency parse trees.  ally labeled training examples. Later, Kulesza and
With this wide array of metrics to choose from,Shieber (2004) noted that if a classifier provides a
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confidence score for its output, that value can bshow empirically that high accuracy in the Human-

interpreted as a quantitative estimate of the inputikeness test does not necessarily entail good MT

instance’s translation quality. In particular, theyevaluation judgments.

trained an SVM classifier that makes its decisions .

based on a set of input features computed from the2 Feature Representation

sentence to be evaluated; the distance between inflet ascertain the resource requirements for different

feature vector and the separating hyperplane thenodel sizes, we considered two feature models. The

serves as the evaluation score. The underlying asmaller one uses the same nine features as Kulesza

sumption for both is that improving the accuracy otind Shieber, which were derived from BLEU and

the classifier on the Human-Likeness test will alsSQVER. The full model consists of 53 features: some

improve the implicit MT evaluation metric. are adapted from recently developed metrics; others
A more direct alternative to the classification apare new features of our own. They fall into the fol-

proach is to learn via regression and explicitly optowing major categoriés

timize for a function (i.e. MT evaluation metric) . ,

that approximates human judgments in training ex>ting-based metrics over references These in-

amples. Kulesza and Shieber (2004) raised twejude th_e_nlne Kulesza and Shieber fgatures as well

main objections against regression for MT evalua@S Precision, recall, and fragmentation, as calcu-

tions. One is that regression requires a large set (€d in METEOR; ROUGE-inspired features that

labeled training examples. Another is that regressidif € Non-consecutive bigrams with a gap sizerof

may not generalize well over time, and re-training?nerel < m < 5 (skip-m-bigram), and ROUGE-L

may become necessary, which would require colloNgest common subsequence).
lecting additional human assessment data. Wh'@yntax-based metrics over referencesWe un-

these are legitimate concerns, we show through efpgjieq HWCM into their individual chains of length
pirical studies (in Section 4.2) that the additional re;, (where2 < ¢ < 4); we modified STM so that it is

source requirement is not impractically high, anq.,mnted over unlexicalized constituent parse trees
that a regression-based metric has higher correlgz \yell as over dependency parse trees.
tions with human judgments and generalizes better

than a metric derived from a Human-Likeness clasString-based metrics over corpus Features in
sifier. this category are similar to those Bitring-based

. _ o metric over referencexcept that a large English cor-

Regression

Classification and regression are both processes %¥ntax-based metrics over corpus A large de-

function approximation; they use training examplegfndemg threebanlt< IS ulsiq as thle rzfg_;gan m(sjtead
as sample instances to learn the mapping from in- parsed human transiations. In addition to adap-

puts to the desired outputs. The major difference pdations of theSyntax-based metrics over references

tween classification and regression is that the fund’® have also created features to veny the argument

tion learned by a classifier is a set of decision boun&_tructures for certain syntactic categories.
aries _by which to classify its inputs; _thus its outputs4 Empirical Studies
are discrete. In contrast, a regression model learns
a continuous function that directly maps an inputn these studies, the learning models used for both
to a continuous value. An MT evaluation metric isclassification and regression are support vector ma-
inherently a continuous function. Casting the taskhines (SVM) with Gaussian kernels. All models
as a 2-way classification may be too coarse-grainedre trained with SVM-Light (Joachims, 1999). Our
The Human-Likeness formulation of the problem inprimary experimental dataset is from NIST's 2003
troduces another layer of approximation by assum———— _ _
. ival between “Like Human-Produced” As feature engineering is not the primary focus of this pa-
Ing equivaience ) per, the features are briefly described here, but implementa-
and “Well-formed” sentences. In Section 4.1, waional details will be made available in a technical report.
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Chinese MT Evaluations, in which the fluency and
adequacy of 919 sentences produced by six MT sys- 0.35 I L.
tems are scored by two human judges on a 5-point= .|
scalé. Because the judges evaluate sentences acfe;
cording to their individual standards, the resulting £
scores may exhibit a biased distribution. We normal- |
ize human judges’ scores following the process de- -
scribed by Blatz et al. (2003). The overall human as-
sessment score for a translation output is the averag
of the sum of two judges’ normalized fluency and
adequacy scores. The full datasgtq{ 919 = 5514

instances) is split into sets of training, heldout and

test data. Heldout data is used for parameter tunir]_q , -
. . . ure 1: This scatter plot compares classifiers’ ac-
(i.e., the slack variable and the width of the Gaus- g P P

sian). When training classifiers, assessment Scorc%racy.with their corresponding metrics® correla-
' . ' "ions with human assessments

are not used, and the training set is augmented Wlth

all available human reference translation sentences

(4 x 919 = 3676 instances) to serve as positive exeen previously observed by Liu and Gildea (2005).

amples.

To judge the quality of a metric, we compute
Spearman rank-correlation coefficient, which is a
real number ranging from -1 (indicating perfect negé# concern in using a metric derived from a Human-
ative correlations) to +1 (indicating perfect posi-Likeness classifier is whether it would be predic-
tive correlations), between the metric's scores anidve for MT evaluation. Kulesza and Shieber (2004)
the averaged human assessments on test sententiégd to demonstrate a positive correlation between
We use Spearman instead of Pearson becausdhe Human-Likeness classification task and the MT
is a distribution-free test. To evaluate the relagvaluation task empirically. They plotted the clas-
tive reliability of different metrics, we use boot- sification accuracy and evaluation reliability for a
strapping re-sampling and paired t-test to determirigumber of classifiers, which were generated as a
whether the difference between the metrics’ correlgrart of a greedy search for kernel parameters and
tion scores has statistical significance (at 99.8% coifPund some linear correlation between the two. This
fidence level)(Koehn, 2004). Each reported correld2roof of concept is a little misleading, however, be-
tion rate is the average of 1000 trials; each trial corfause the population of the sampled classifiers was
sists ofn sampled points, where is the size of the biased toward those from the same neighborhood as
test set. Unless explicitly noted, the qualitative difthe local optimal classifier (so accuracy and corre-
ferences between metrics we report are statisticall§tion may only exhibit linear relationship locally).
significant. As a baseline comparison, we report theere, we perform a similar study except that we
correlation rates of three standard automatic metrics@mpled the kernel parameter more uniformly (on
BLEU, METEOR, which incorporates recall anda log scale). As Figure 1 confirms, having an ac-
stemming, and HWCM, which uses syntax. BLEUcuUrate Human-Likeness classifier does not necessar-
is smoothed to be more appropriate for sentencéy entail having a good MT evaluation metric. Al-
level evaluation (Lin and Och, 2004b), and the bithough the two tasks do seem to be positively re-
gram versions of BLEU and HWCM are reportedatEd, and in the limit there may be a system that is
because they have higher correlations than whe9od at both tasks, one may improve classification

longern-grams are included. This phenomenon ha¥ithout improving MT evaluation. For this set of
heldout data, at the near 80% accuracy range, a de-

®This corpus is available from the Linguistic Data Consor-r_'vecj met_”? might have an MT evaluation Correl?"
tium as Multiple Translation Chinese Part 4. tion coefficient anywhere between 0.25 (on par with
883

0.4

dgement

#
ﬁ”www f

0.25 |
0.2 r

nt wi
L

0.15 |

Icle

0.1 ¢

0.05 |

45 50 55 60 65 70 75 80 85
Human-Likeness Classifier Accuracy (%)

Correlatioq? Coeffi

4.1 Relationship between Classification
Accuracy and Quality of Evaluation Metric



unsmoothed BLEU, which is known to be unsuitableorrelations of the metrics derived from the corre-
for sentence-level evaluation) and 0.35 (competitiveponding classifiers. The pair of graphs show, es-
with standard metrics). pecially in the case of the larger feature set, that a
large improvement in classification accuracy does
not bring proportional improvement in its corre-
To investigate the feasibility of training regressionsponding metrics’s correlation; with an accuracy of
models from assessment data that are currenthear 90%, its correlation coefficient is 0.362, well
available, we consider both a small and a largbelow METEOR.

regression model. The smaller model consists of This experiment further confirms that judging
nine features (same as the set used by Kulesza ardman-Likeness and judging Human-Acceptability
Shieber); the other uses the full set of 53 featuregre not tightly coupled. Earlier, we have shown in
as described in Section 3.2. The reliability of '[hq:igure 1 that different SVM parameterizations may
trained metrics are compared with those developa@sult in classifiers with the same accuracy rate but
from Human-Likeness classifiers. We follow a simdifferent correlations rates. As a way to incorpo-
ilar training and testing methodology as previougate some assessment information into classification
studies: we held out 1/6 of the assessment dataset tesining, we modify the parameter tuning process so
SVM parameter tuning; five-fold cross validation isthat SVM parameters are chosen to optimize for as-
performed with the remaining sentences. AlthougBessment correlations in the heldout data. By incur-
the metrics are evaluated on unseen test sentencesg this small amount of human assessed data, this
the sentences are produced by the same MT systefigameter search improves the classifier's correla-
that produced the training sentences. In later expefons: the metric using the smaller feature set in-
iments, we investigate generalizing to more distargreased from 0.423 to 0.431, and that of the larger

MT systems. set increased from 0.361 to 0.422.
Figure 2(a) shows the learning curves for the two
regression models. As the graph indicates, eveh3 Generalization

with a limited amount of human assessment datgye conducted two generalization studies. The first
regression models can be trained to be comparahigesiigates how well the trained metrics evaluate
to standard metrics (represented by METEOR i”thgystems from other years and systems developed
graph). The small feature model is close to convel, 4 gifferent source language. The second study
gence after 1000 training examplesThe model  yelves more deeply into how variations in the train-
with a more complex feature set does require Morgq examples affect a learned metric’s ability to gen-

training data, but its correlation began t0 overtakgy|ize to distant systems. The learning models for
METEOR after 2000 training examples. This study, ., experiments use the full feature set.

suggests that the start-up cost of building even a
moderately complex regression model is not imposzross-Year Generalization To test how well the
sibly high. learning-based metrics generalize to systems from
Although we cannot directly compare the learninglifferent years, we trained both a regression-based
curves of the Human-Likeness classifiers to those ofietric (R0O3) and a classifier-based metric (C03)
the regression models (since the classifier’s trainingith the entire NIST 2003 Chinese dataset (using
examples are automatically labeled), training exan20% of the data as heldd)it All metrics are then
ples for classifiers are not entirely free: human refapplied to three new datasets: NIST 2002 Chinese
erence translations still must be developed for th®IT Evaluation (3 systems, 2634 sentences total),
source sentences. Figure 2(c) shows the learnidgJST 2003 Arabic MT Evaluation (2 systems, 1326
curves for training Human-Likeness classifiers (irsentences total), and NIST 2004 Chinese MT Evalu-
terms of improving a classifier's accuracy) using thation (10 systems, 4470 sentences total). The results

same two feature sets, and Figure 2(b) shows the—— 3

- “Here, too, we allowed the classifier's parameters to be
3The total number of labeled examples required is closer tauned for correlation with human assessment on the heldout data

2000, since the heldout set uses 919 labeled examples. rather than accuracy.
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Figure 2: Learning curves: (a) correlations with human assessment using regression models; (b) correlations
with human assessment using classifiers; (c) classifier accuracy on determining Human-Likeness.

[ Dataset [ RO3 [ CO3 [ BLEU | MET. | HWCM | (. 255), |n addition to the regression metric from
2002 Ara | 0.466 | 0.384 ] 0.423 | 0.431] 0.424 : : N :

2602 Chnl 0.505 1 0.950 | 0.969 1 0.950 1 0.260 the previous gxperlmgnt (RQS all), we consider two
5004 Chnl 0.602 | 0.566 | 0588 | 0.563 | 0.546 more regression metrics trained from subsets of the
2003 dataset: R03-Bottom5 is trained from the sub-

Table 1: Correlations for cross-year generalizatiorit that excludes the best 2003 MT system, and RO3-
Learning-based metrics are developed from NISTopS is trained from the subset that excludes the
2003 Chinese data. All metrics are tested on datas@¥9rst 2003 MT system.

from 2003 Arabic, 2002 Chinese and 2004 Chinese. \y first observe that on a per test-system basis,

the regression-based metrics generally have better

are summarized in Table 1. We see that RO3 coiforrelation rates than BLEU, and that the gap is as

sistently has a better correlation rate than the oth¥fide as what we have observed in the earlier cross-
metrics. years studies. The one exception is when evaluating

o : . 2004-Chn8. None of the metrics seems to correlate
At first, it may seem as if the difference between ) : i
ery well with human judges on this system. Be-

RO3 and BLEU is not as pronounced for the 2004 : . o
. . ause the regression-based metric uses these individ-
dataset, calling to question whether a learned met-

ric might become quickly out-dated, we argue thaltla| metrics as features, its correlation also suffers.
this is not the case. The 2004 dataset has manyDuring regression training, the metric is opti-
more participating systems, and they span a widenized to minimize the difference between its pre-
range of qualities. Thus, it is easier to achieve diction and the human assessments of the training
high rank correlation on this dataset than previoudata. If the input feature vector of a test instance
years because most metrics can qualitatively disceis in a very distant space from training examples,
that sentences from one MT system are better thahe chance for error is higher. As seen from the
those from another. In the next experiment, we exesults, the learned metrics typically perform better
amine the performance of RO3 with respect to eaclthen the training examples include sentences from
MT system in the 2004 dataset and show that its cohigher-quality systems. Consider, for example, the
relation rate is higher for better MT systems. differences between R03-all and R03-Top5 versus
the differences between R03-all and R03-Bottom5.
Relationship between Training Examples and Both R03-Top5 and R03-Bottom5 differ from R0O3-
Generalization Table 2 shows the result of a gen-all by one subset of training examples. Since R03-
eralization study similar to before, except that corall’s correlation rates are generally closer to R03-
relations are performed on each system. The row®p5 than to RO3-Bottom5, we see that having seen
order the test systems by their translation qualiextra training examples from a bad system is not as
ties from the best performing system (2004-Chnlharmful as having not seen training examples from a
whose average human assessment score is 0.655 goibd system. This is expected, since there are many
of 1.0) to the worst (2004-Chn10, whose score iways to create bad translations, so seeing a patrtic-
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| [ RO3-all | R03-Bottom5] R03-Top5] BLEU | METEOR | HWCM |

2004-Chnl || 0.495 0.460 0518 | 0456 | 0.457 | 0.444
2004-Chn2 || 0.398 0.330 0.440 | 0.352 | 0.347 | 0.344
2004-Chn3 || 0.425 0.389 0.459 | 0.369 | 0.402 | 0.369
2004-Chn4 || 0.432 0.392 0.434 | 0.400 | 0.400 | 0.362
2004-Chn5 || 0.452 0.441 0.443 | 0.370 | 0.426 | 0.326
2004-Chn6 || 0.405 0.392 0.406 | 0.390 | 0.357 | 0.380
2004-Chn7 || 0.443 0.432 0.448 | 0.390 | 0.408 | 0.392
2004-Chn8 || 0.237 0.256 0.256 | 0.265 | 0.259 | 0.179
2004-Chn9 || 0.581 0.569 0591 | 0527 | 0537 | 0535
2004-Chn10|[ 0.314 0.313 0.354 | 0.321 | 0.303 | 0.358
[2004-al || 0602 | 0567 | 0617 | 0588 0563 | 0546 |

Table 2: Metric correlations within each system. The columns specify which metric is used. The rows

specify which MT system is under evaluation; they are ordered by human-judged system quality, from best
to worst. For each evaluated MT system (row), the highest coefficient in bold font, and those that are
statistically comparable to the highest are shown in italics.

ular type of bad translations from one system magigns a higher than deserving score to a sentence that
not be very informative. In contrast, the neighborjust happens to have mamygram matches against
hood of good translations is much smaller, and ithe target-language reference corpus. This can be
where all the systems are aiming for; thus, assesaehieved by supplementing the current set of hu-
ments of sentences from a good system can be mugtan assessed training examples with automatically
more informative. assessed training examples, similar to the labeling
process used in the Human-Likeness classification
framework. For instance, as negative training ex-
Experimental results confirm that learning fromamples, we can incorporate fluent sentences that are
training examples that have been doubly approxiot adequate translations and assign them low over-
imated (class labels instead of ordinals, humarall assessment scores.

likeness instead of human-acceptability) does nega- A second, related concern is that because the met-
tively impact the performance of the derived metricsric is trained on examples from current systems us-
In particular, we showed that they do not generalizghg currently relevant features, even though it gener-
as well to new data as metrics trained from direcilizes well in the near term, it may not continue to
regression. be a good predictor in the distant future. While pe-
We see two lingering potential objections towardiodic retraining may be necessary, we see value in
developing metrics with regression-learning. Onghe flexibility of the learning framework, which al-
is the concern that a system under evaluation migidws for new features to be added. Moreover, adap-
try to explicitly “game the metrit” This is a con- tive learning methods may be applicable if a small
cern shared by all automatic evaluation metrics, angample of outputs of some representative translation

potential problems in stand-alone metrics have begystems is manually assessed periodically.
analyzed (Callison-Burch et al., 2006). In a learning

framework, potential pitfalls for individual metrics 5 conclusion
are ameliorated through a combination of evidences.

That said, itis still prudent to defend against the poruman judgment of sentence-level translation qual-

tential of a system gaming a subset of the featureggy depends on many criteria. Machine learning af-

For example, our fluency-predictor features are n@brds a unified framework to compose these crite-

strong indicators of translation qualities by themriag into a single metric. In this paper, we have

selves. We want to avoid training a metric that asjemonstrated the viability of a regression approach
50r, in a less adversarial setting, a system may be perfornlio learning the composge_metnc. Our experimental

ing minimum error-rate training (Och, 2003) results show that by training from some human as-
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sessments, regression methods result in metrics tl@tgor Leusch, Nicola Ueffing, and Hermann Ney. 2006.

have better correlations with human iudgments even CDER: Efficient MT evaluation using block movements. In
Juag The Proceedings of the Thirteenth Conference of the Euro-

as the distribution of the tested population changes. pean chapter of the Association for Computational Linguis-
tics.
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