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Abstract—This work extends and evaluates a two-dimensional
automatic evaluation metric for machine translation, which is
designed to operate at the sentence level. The metric is based on
the concepts of adequacy and fluency, aiming at decoupling both
semantic and syntactic components of the translation process to
provide a more balanced view on translation quality. These two el-
ements are independently evaluated by using continuous space and
-gram language modeling frameworks, respectively. Two dif-

ferent implementations are evaluated: a monolingual version that
fully operates on the target language side, and a cross-language
version that has the main advantage of not requiring reference
translations. Both implementations are evaluated by comparing
their performance with state-of-the-art automatic metrics over a
dataset involving five different European languages.
Index Terms—Machine translation, natural language pro-

cessing, system evaluation.

I. INTRODUCTION

T HEmathematical metaphor offered by the geometric con-
cept of distance in continuous space with respect to se-

mantics and meaning has been proven to be useful in many
monolingual and cross-language natural language processing
applications such as document classification [1], information re-
trieval [2], word similarity [3], and phrase modeling in machine
translation [4], [5], among others [6] and [7].
The evaluation of Machine Translation (MT) results has al-

ways been one of the major issues concerning researchers in this
area, as both human and automatic evaluation methods exhibit
very important limitations.
Human evaluation, although highly reliable, suffers from

inconsistency problems due to both inter- and intra-annotator
agreement issues [8]. In addition, this type of evaluation is very
expensive and time consuming. On the other hand, although
more consistent, cheaper and much faster, automatic evaluation
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methods have the major disadvantage of requiring human-gen-
erated translation references. This makes automatic evaluation
not reliable in the sense that a good translation hypothesis that
does not match the available reference will be actually scored
as a poor or bad translation.
Different from automatic evaluation metrics, which heavily

rely on comparing translation results with a set of references,
humans can produce absolute evaluations based on more mean-
ingful metrics such as adequacy and fluency [9]. While ade-
quacy focuses on the problem of measuring how much of the
meaning is preserved during translation, fluency focuses on the
problem of measuring the quality of the target language con-
struction. In this sense, the adequacy and fluency scores can be
considered as proxies to the semantic and syntactic appropriate-
ness of a translation result, respectively.
The main objective of this work is to extend and evaluate our

recently proposed automatic evaluation metric AM-FM (Ade-
quacy Metric - Fluency Metric) [10], which was designed to
access translation quality by independently addressing the se-
mantic and syntactic dimensions of the translation process. In
this way, AM-FM constitutes a two-dimensional metric that ac-
counts for the two aforementioned dimensions of translation
quality in an independent manner: a continuous space model
framework is used for assessing adequacy, and an -gram lan-
guage model framework is used for assessing fluency. These
two components are evaluated at the sentence level, making
AM-FM a sentence-based metric by design, while still main-
taining a reasonable1 correlation with human-generated quality
assessments.
In this work, two alternative versions of AM-FM are imple-

mented and evaluated. In the first version, a monolingual im-
plementation that operates over the target language alone is de-
scribed. In this case, a monolingual continuous space model is
used to compare translation outputs against translation refer-
ences for the adequacy-oriented component of the metric. This
provides a fairer basis for comparing the proposed metric with
other currently existing metrics, which extensively use trans-
lation references. In the second version, a cross-language con-
tinuous space model is used for assessing adequacy by directly
comparing translation outputs with their corresponding source
inputs, which are used as evaluation reference.
Different from our original presentation of the metric [10],

where only the cross-language setting was considered, in this
work we focus our attention on the properties of AM-FM in the

1By ‘reasonable’ we mean better than or, at least, similar to those correlations
observed between human evaluations and currently available automatic evalu-
ation metrics.
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monolingual setting, in which translation references are avail-
able. Additionally, different from the weighted harmonic mean
used in [10], we explore two alternative strategies for com-
bining the AM and FM components into a single metric. More
specifically, we consider the weighted mean and the weighted

-norm as alternative combination strategies.
The rest of the paper is organized as follows. In Section II,

background work on MT automatic evaluation metrics is pre-
sented along with the specific dataset to be used. In Section III,
details about AM-FM and its computational implementation are
provided. In Section IV, comparative studies on how AM-FM
correlates with human evaluations are presented; followed by
an analysis, in Section V, on how sensitive the metric and its
meta-parameters are to the training data variations. Finally, in
Section VI, conclusions and open questions for future research
are presented.

II. RELATED WORK AND DATASET

For several years BLEU [11] has been the most commonly
used metric for machine translation evaluation. Other metrics
such as WER, PER [12], NIST [13] and, more recently, Meteor
[14], TER [15] and MEANT [16], [17] have been commonly
used too. Indeed, a large amount of good work is available on
the problem of machine translation evaluation [18], [19], and
[20]. This group of metrics assumes availability of human trans-
lated references and attempts to compare the translation outputs
against the references in different ways.
Some recent work has also been focused on the problem of

MT confidence estimation and the specific idea of evaluating
translation outputs without translation references. In this sense,
several different approaches have been proposed and evaluated
such as round-trip translation [21] and [22], cross-language se-
mantic-frame base evaluation XMEANT [23], as well as some
regression- and classification-based approaches [24], [25], [26],
[27], [28] and [29]. Instead of using human translated refer-
ences, this group of metrics leverages on knowledge captured
by other natural language processing or machine translation sys-
tems, therefore, their performance depends on how good those
systems are.
Recently, there is also a common tendency to use either

semi-automated evaluation procedures by incorporating hu-
mans in the loop, such as in the case of metrics like HTER
[15] and HMEANT [30], [31], or human-based comparative
evaluations [32], which are easier than absolute evaluations
and exhibit better intra- and inter-annotator agreements.
Table I summarizes the main characteristics of the most com-

monly and currently used evaluation metrics, along with both,
the monolingual ( AM-FM) and cross-language ( AM-FM)
implementations of the AM-FM evaluation framework.
As part of the efforts on machine translation evaluation, two

workshops have been organizing shared-tasks and evaluation
campaigns over the last few years: the NIST Metrics for Ma-
chine Translation Challenge2 (MetricsMATR) and the Work-
shop on Statistical Machine Translation3 (WMT); which were
held as one single event for the first time in 2010.
The dataset used in the experimental part of this work corre-

sponds to the dataset of the 2007’s edition ofWMT. The reasons

TABLE I
SUMMARY OF MAIN CURRENTLY AVAILABLE EVALUATION METRICS

for using such a dataset instead of a more recent one are basi-
cally two: human evaluation data is not freely available for the
case of MetricsMATR, and no human judgments on adequacy
and fluency have been conducted in WMT after year 2007.4
The dataset used in this work includes translation outputs,

training data and reference translations for fourteen tasks in-
volving five different European languages and two different do-
mains. The languages are English (EN), German (DE), Czech
(CZ), French (FR) and Spanish (ES); and the domains are News
Commentaries (News) and European Parliament Plenary Ses-
sions (EPPS). A complete description on the WMT-07 evalu-
ation campaign and dataset is available in [19]. Here, we will
only provide details on those specific aspects of the dataset that
are relevant to our experimental work.
Systems outputs are available for fourteen of the fifteen sys-

tems that participated in the evaluation. This accounts for 86
independent system outputs that produced a total of 172,315 in-
dividual sentence translations, from which 10,754 translations
were rated for both adequacy and fluency by human judges.
For removing individual voting patterns, as well as av-

eraging votes (in those cases where more than one human
evaluation was conducted for the same sentence translation),
we used the vote standardization procedure described in [8].
The process was applied to all adequacy and fluency scores.
Table II provides information on the corresponding domain,
source language and target language for each of the fourteen
translation tasks, along with their corresponding number of
system outputs and the amount of sentence translations for
which human evaluations are available.

III. THE AM-FM EVALUATION METRIC

As already mentioned in the introduction, the AM-FM evalu-
ation framework is intended to access translation quality along
two different dimensions: semantics and syntax. The two-com-
ponent evaluation metric is based on the concepts of adequacy
and fluency [9]. While adequacy accounts for the amount of
source information (meaning) preserved in the translation, flu-
ency accounts for the quality of the target language construc-
tions used in the translation. As adequacy and fluency are di-
rectly related to semantics and syntax, respectively, we can say

2http://www.itl.nist.gov/iad/mig//tests/metricsmatr/
3http://www.statmt.org/wmt14/
4As the AM-FM evaluation framework is based on the concepts of adequacy

and fluency, we need to evaluate its performance against human judgments on
these two concepts. Then, the only freely available dataset that is suitable for
our purposes is WMT-07 (http://www.statmt.org/wmt07/results.html)
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TABLE II
THE FOURTEEN TRANSLATION TASKS INCLUDED IN THE WMT-07 DATASE

Domain, source language, target language, system outputs and total
amount of sentence translations (with both, adequacy and fluency, human
assessments available).

TABLE III
FIVE-POINT SCALES AND DEFINITION GUIDELINES FOR HUMAN

ASSESSMENTS ON ADEQUACY AND FLUENCY

that the proposed AM-FM metric aims at evaluating both com-
ponents independently. However, in practice, these two compo-
nents are strongly correlated.
Human evaluators typically assess adequacy and fluency by

using a five-point scale, which is depicted in Table III. How-
ever, after the vote standardization procedure (see Section 5.4
of [8]), both metrics are rescaled to the [0, 1] interval.
The AM-FM metric was originally proposed as a means to

assess translation quality in such scenarios in which translation
references were not available [10], while maintaining consis-
tency with human quality assessments. Different from round-
trip and regression-based evaluations, AM-FM relies on a con-
tinuous space model to define a metric able to assess semantic
similarities at the sentence level, within both the monolingual
and the cross-language settings.
In the next sub-sections, we describe in detail the implemen-

tation of both, the monolingual and the cross-language versions
of the AM-FM evaluation metric.

A. Metric Definition
For implementing the adequacy-oriented component of the

metric (referred to as the AM component), a Latent Semantic
Indexing [33] approach is used. This approach allows for both
a monolingual implementation, in which reference translations
are required, and a cross-language implementation [34], in

which the source sentences originating the translation are used
as the evaluation reference.
In both cases, adequacy is measured by means of a distance

metric in a low-dimensional continuous space, in which sen-
tences are modeled as bag-of-words [35]. According to this kind
of representation, the AM component can be regarded to be pure
adequacy-oriented as no relevant information on word ordering
is taken into account.
On the other hand, for implementing the fluency-oriented

component of the proposed metric (referred to as the FM
component), an -gram based language model approach is used
[36]. This component can be regarded to be pure fluency-ori-
ented, as it is computed on the target language side in a manner
that is totally independent from the source language.
For combining the two components into a single evaluation

metric, three different schemes are considered and evaluated:
a weighted harmonic mean, a weighted mean, and a weighted

-norm,

- (1)

- (2)
- (3)

where, in all three cases, is a weighting factor which should be
in the range from (pure AM component) to (pure
FM component), and can be adjusted to maximize the correla-
tion between the proposed metric and human evaluation scores.

B. Adequacy Metric (AM) Implementation Details
As already mentioned, the adequacy-oriented component of

the metric AM is implemented by means of Latent Semantic In-
dexing [33], which is based on the well-known singular value
decomposition of a rectangular matrix [37]. Basically, the La-
tent Semantic Indexing algorithm exploits the fact that a term-
document matrix [35] of dimensions , where and
are the number of vocabulary terms and documents (sentences
in our case), can be factorized as follows:

(4)

where and are unitary matrices of dimensions
and , respectively, and is an diagonal matrix
containing the singular values associated to the decomposition.
According to [33], a low-dimensional representation of a

given document (sentence in our case) can be obtained from
the singular value decomposition depicted in (4) as follows:

(5)

where represents the -dimensional vector corresponding
to the projection of a full-dimensional sentence vector , and

is the projection matrix, which is composed of the
first column vectors of the unitary matrix obtained in

(4). This kind of rank reduction has been proven to preserve
the most important semantic information in the collection of
documents while reducing some of the noise present in the
sparse full-rank representation.
The AM component of the monolingual version of the metric

is then computed in the projected space by calculating the cosine
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similarity between projected sentences. More specifically, simi-
larities between translation outputs and their corresponding ref-
erence translations are considered. According to this, the mono-
lingual AM score (referred to as AM) is computed as follows:

(6)

where is the monolingual projection matrix, and are
corresponding vector representations of the reference and trans-
lation output being compared, and is the -norm operator.
In a final implementation stage, the range of possible values

for AM is restricted to the interval [0, 1] by truncating those
negative values resulting from vectors that are more than 90
degrees apart in the resulting low-dimensional embedding.
The same Latent Semantic Indexing methodology can be ex-

tended to the cross-language case [34], where the main differ-
ence is that the term-document matrix is constructed with
parallel documents (in our case sentences) in two languages. In
the cross-language case, the singular value decomposition de-
picted in (4) can be reformulated as follows:

(7)

where is a bilingual term-document matrix obtained by
concatenating two monolingual term-document matrices for a
parallel document collection. In this case, the low-dimensional
projections for two given sentence vectors and , in lan-
guages and , can be obtained as follows:

(8a)
(8b)

where and represent the -dimensional vectors corre-
sponding to the projections of the full-dimensional vectors
and , respectively, and is the cross-language pro-
jection matrix composed of the first column vectors of the
unitary matrix obtained in (7).
Notice, from (8a) and (8b), that both sentence vectors and
are padded with zeros, at each of the corresponding other-

language-vocabulary locations, before performing the projec-
tions. As similar terms in different languages would have similar
distributions, theoretically, a close representation in the cross-
language reduced space should be obtained for terms and sen-
tences that are semantically related. Therefore, sentences can
be compared across languages in the resulting low-dimensional
cross-language continuous space.
Similar to the monolingual version of the metric, the AM

component of the cross-language version is computed in the
projected space by means of the cosine similarity between pro-
jected sentences. However, in this case, projections of the trans-
lation outputs and the source sentences being translated are con-
sidered. According to this, the cross-language AM score (re-
ferred to as AM) is computed as follows:

(9)

where is a truncated version of the cross-language pro-
jection matrix computed in (7), and are vector space
representations of the source and translation sentences being
compared (with their target and source vocabulary elements set
to zero, respectively), and is the -norm operator. Again, the
range of possible values for AM is restricted to the interval
[0, 1] by truncating all resulting negative cosine similarities.
For computing all required projection matrices and

, 10,000 parallel sentences5 were randomly drawn
from the available training datasets and used for constructing
the corresponding term document matrices and .
The only restriction we imposed to this sentence random se-
lection process was that each of the extracted sentences should
contain at least 10 words.
Fourteen projection matrices were constructed in total for

the monolingual implementation of AM, one for each task; and
seven projection matrices were constructed for the cross-lan-
guage implementation, one for each combination of domain and
language pair. All computations related to singular value de-
compositions, sentence projections and cosine similarities were
conducted with Python’s NumPy (www.numpy.org).

C. Fluency Metric (FM) Implementation Details

The fluency-oriented component FM, which is the same for
both the monolingual and the cross-language versions of the
metric, was implemented by means of an -gram language
model. In order to compensate for possible effects derived
from differences in sentence lengths, a compensation factor is
introduced in log-probability space. According to this, the FM
component is computed as follows:

(10)

where represents the target language -gram
probabilities and is the total number of words in the target
sentence being evaluated.
By construction, the values of FM are also restricted to the

interval [0, 1]; so, both components AM and FM range within
the same interval. Fourteen language models were trained in
total, one per task, by using all available training data for each
task and language. The models were computed with the SRILM
toolbox [38].
As seen from (6), (9) and (10), different from other conven-

tional metrics that compute matches between translation outputs
and references, in the AM-FM framework, a semantic contin-
uous space embedding is used for assessing the similarities be-
tween outputs and inputs (9), or outputs and reference transla-
tions (6), and, independently, an -gram model is used for eval-
uating output language quality (10).
According to this, the prior knowledge involved in the

AM-FM evaluation framework is actually separated by the two
components of the metric. While syntax level information is

5Although this represents a very small proportion of the datasets (20% of
News and 1% of European Parliament), it allowed for maintaining computa-
tional requirements bounded while still providing good vocabulary coverage.
Similar experiments were conducted with sets of 5 K and 15 K parallel sentences
and the observed relative variations in the correlation coefficients computed in
Section IV were smaller than 5% (see Section V-A for more details).
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mainly captured by the fluency-oriented component FM by
means of a target language model, semantic level information
is mainly captured by the adequacy-oriented component AM
by means of a semantic continuous space model. Further-
more, both components can be adaptively combined in several
different ways, as already described in (1), (2) and (3), for
improving its correlation with human-generated scores.

IV. CORRELATION WITH HUMAN EVALUATIONS

In order to evaluate the performance of both the mono-lingual
AM-FM and the cross-language AM-FM metrics, a com-

parative analysis was conducted considering the fourteen tasks
presented in Table II. For this comparative evaluation, BLEU,
NIST, TER6 [39] and Meteor were used as reference metrics.
We selected these specific metrics, as they constitute the most
commonly used automatic evaluation metrics in machine trans-
lation evaluation campaigns.

A. Parameter Selection

Three fundamental parameters should be adjusted for any
of the implementations described in equations (1), (2) and (3).
They are: the dimensionality of the reduced space for AM, the
order of -gram for FM, and the weighting parameter .
In our conception of the AM-FM metric, these parameter

values should be selected for maximizing the correlation
between the metric and the observed human evaluations. Ac-
cording to this, we use the Pearson’s correlation coefficient
as objective function, which is computed over the subset of
system outputs, for which translations were evaluated for both
adequacy and fluency by human judges.
As optimizing all three parameters simultaneously can be

troublesome, we will present here some results corresponding
to the variation of only two parameters at a time. Indeed, we
will optimize the reduced space dimensionality looking only at
the behavior of the correlation coefficients when jointly varying
the dimensionality and the weighting parameter . The order of
the language model, on the other hand, will be optimized inde-
pendently from the weighting parameter , and a more detailed
evaluation on the effects of the weighting parameter will be
performed in the next sub-section.
Different from [19], where Spearman’s correlations were

used, we use the Pearson’s correlation coefficient here. This is
basically because, instead of focusing on ranking, we are much
more interested in evaluating the significance and noisiness of
the association, if any, between the proposed AM-FM metric
and the human-generated scores. All correlations presented in
this work are computed using system level scores (i.e. units of
analysis are system outputs). According to this, each coefficient
is computed over a data sample of 86 points, which corre-
sponds to the 86 system outputs described in the fifth column
of Table II. As human-generated and AM-FM scores are both
sentence-based scores, average values are computed to obtain
scores at the system level.

6More specifically, we use TER-Plus (TERp), a version known for better cor-
relating with human judgements. This version of TER is available online at:
http://www.umiacs.umd.edu/~snover/terp/

Fig. 1. Pearson’s correlation coefficients between the weighted mean imple-
mentation of AM-FM and human-generated adequacy scores for different
values of the weighting parameter and AM dimensionality.

To see the combined effects of the weighting parameter
and the reduced-space dimensionality for the monolingual

implementation of the AM-FM metric, Fig. 1 shows the re-
sulting Pearson’s correlation coefficients between AM-FM
and human-generated scores for adequacy. For the specific
result illustrated in Fig. 1, the weighted mean version of the
metric, as defined in equation (2), has been used.7For the FM
component, a 5-gram language model was used.
All the correlation coefficients depicted in Fig. 1 are statisti-

cally significant with , being the probability of get-
ting the same correlation coefficient, with a similar number of
samples, by pure chance.
Notice from the figure that the best correlation coefficient

values are consistently achieved for all dimensionalities when
the weighting parameter is around 0.6. By looking at the cor-
relation coefficient values across the dimensionality axis, it can
be noticed that, different from other type of applications (such
as text classification and information retrieval) in which optimal
dimensionalities typically range from 400 to 800, the values
of the correlation coefficients continue to increase as the di-
mensionality value approaches its maximum possible value of
10,000 (full-rank projections).
However, it can be confirmed that these values actually

reach a plateau for dimensionalities around 7,500 and above.
According to this, we selected as the optimal dimensionality
value for computing the AM component of the monolingual
version of the metric the value of 7,600 dimensions.
Finally, although statistically significant, the resulting cor-

relation values are low. This is basically due to the very noisy
association between the AM metric and the human-generated
scores. This noisy association mainly results from two facts:
first, human judgments are intrinsically inconsistent as they
exhibit low rates of both intra- and inter-annotator agreement
[19]; second, human judgments do not actually reflect a pure
adequacy assessment due to intrinsic human’s difficulty to

7Correlation surfaces for the weighted harmonic mean and weighted
-norm implementations look similar, with the only difference that optimal
values vary significantly from one implementation to another. This will be

explored in more detail in the next sub-section.
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Fig. 2. Pearson’s correlation coefficients between the weighted mean imple-
mentation of AM-FM and human-generated adequacy scores for different
values of the weighting parameter and AM dimensionality.

effectively separate adequacy from fluency (more on this in
Section IV-C).
To see the effects of reduced-space dimensionality selection

in the cross-language implementation of the AM-FM metric,
Fig. 2 shows the resulting Pearson’s correlation coefficients be-
tween AM-FM and human-generated scores for adequacy. For
the specific result illustrated in Fig. 2, the weighted mean ver-
sion of the metric, as defined in equation (2), has been used8
and, again, a 5-gram language model was used for the FM com-
ponent implementation.
Notice from the figure how, in this case, the general behavior

of the correlation coefficient across the parameter space is sim-
ilar to the monolingual case. However, two important differ-
ences can be observed. First, the starting values of the corre-
lation values for the AM component ( ) are much lower
than in themonolingual case. Although the optimal combination
remains at the region around , in this case the overall
correlation response seems to be mostly driven by the FM com-
ponent.
Second, if we pay detailed attention to the correlation values

for the pure AM component ( ), different from the mono-
lingual setting, the correlation coefficients exhibit a maximum
at a very low dimensionality value, which is around 200 dimen-
sions. However, if we look at the behavior of the correlation co-
efficients across this fixed dimensionality value, we can observe
that its maximum value is not precisely the best correlation co-
efficient in the parameter space.
Indeed, similar to the monolingual case, it can be confirmed

that the correlation of the AM-FM combination reaches a
plateau at larger dimensionality values, which in this case
are around 1,500. According to this, we selected 2,000 as the
optimal dimensionality for computing the AM component of
the cross-language version of the metric.

8Correlation surfaces for the weighted harmonic mean and weighted
-norm implementations look similar, with the only difference that optimal
values vary significantly from one implementation to another. This will be

explored in more detail in the next sub-section.

TABLE IV
PEARSON’S CORRELATION COEFFICIENTS BETWEEN THE FM

COMPONENT AND HUMAN-GENERATED SCORES FOR DIFFERENT
ORDERS OF THE -GRAM LANGUAGE MODEL

All coefficients are significant with

Fig. 3. Pearson’s correlation coefficients between the three monolingual im-
plementations of AM-FM and human-generated scores for adequacy.

To evaluate the effects of -gram model size, Pearson’s cor-
relation coefficients between the FM component alone, as de-
fined in equation (10), and the human-generated scores for both
adequacy and fluency were computed for different orders of
-gram models. More specifically, language model orders from
2 to 6 were considered. The obtained results are summarized in
Table IV.
As seen from the table, the best correlations are achieved for

and . As no significant improvement is actually
observed when increasing the model order from 5 to 6, we se-
lected 5 as the optimal value for the FM component. Finally, as
expected, the FM component correlates better with human-gen-
erated fluency than with human-generated adequacy.

B. Comparative Evaluations

For the comparative evaluations, as already mentioned, we
selected BLEU, NIST, TER and Meteor, as they are the auto-
matic evaluation metrics that are most commonly used in ma-
chine translation evaluation campaigns.
First, we evaluated the performance of the monolingual ver-

sion of the AM-FM metric using all three implementations de-
fined in (1), (2) and (3). For this analysis, optimal values of
7,600 for dimensionality reduction and 5 for -gram model size
were used, while the effect of varying the weighting parameter
was evaluated in more detail.
Figs. 3 and 4 illustrate the resulting Pearson’s correlation co-

efficients between the three implementations of AM-FMwith
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Fig. 4. Pearson’s correlation coefficients between the three monolingual im-
plementations of AM-FM and human-generated scores for fluency.

TABLE V
PEARSON’S CORRELATION COEFFICIENTS BETWEEN AUTOMATIC METRICS

AND HUMAN-GENERATED SCORES FOR ADEQUACY AND FLUENCY

All coefficients (except those marked with ‘ ’) are significant with

human-generated scores for adequacy and fluency, respectively.
The corresponding correlation coefficient values for BLEU and
Meteor are also presented in the figures.9
Next we evaluated the performance of the cross-language

version of the AM-FM metric. Figs. 5 and 6 illustrate the
correlation coefficients between the three implementations
of AM-FM and human-generated adequacy and fluency,
respectively. In these cases, optimal values of 2,000 and 5 for
dimensionality and -gram order were used, respectively.
Notice, from Figs. 3 and 4, how for some intervals of the

weighting parameter , the monolingual implementations of
AM-FM correlates better with both human-generated scores
than state-of-the-art evaluation metrics. However, as seen from
Figs. 5 and 6, the correlation coefficients for the cross-lan-
guage implementations are slightly lower. As both versions
of AM-FM use the same FM component, it can be concluded
that this performance drop is basically due to the AM compo-
nent of the metric, which is actually worse in the case of the
cross-language setting. Indeed, this correlation drop represents
the price paid for not using reference translations and reflects
the increased difficulty of assessing semantic similarity within

Fig. 5. Pearson’s correlation coefficients between the three cross-language im-
plementations of AM-FM and human-generated scores for adequacy.

Fig. 6. Pearson’s correlation coefficients between the three cross-language im-
plementations of AM-FM and human-generated scores for fluency.

a cross-language continuous space model with respect to the
case of a monolingual one.
Also, as seen from all figures, the effect of the weighting pa-

rameter is different for each of the three considered AM-FM
combination strategies. While the weighted harmonic mean at-
tains its maxima for low values of , the weighted mean and

-norm attain their maxima at intermediated and large values
of . It can also be noticed that the weighted mean and the
weighted -norm strategies seem to be performing slightly
better than the weighted harmonic mean in most of the consid-
ered scenarios.
Moreover, comparing Figs. 3 and 4, as well as Figs. 5 and

6, it can be seen that the optimal value for the combination pa-
rameter are slightly different for the cases of adequacy and
fluency. This means that a trade-off exists when the correlation
coefficients are to be optimized simultaneously for both ade-
quacy and fluency. However, it can also be seen that such dif-

9Only BLEU and Meteor are reported in the figures, as these are the best
performing reference metrics. Correlation coefficient values for NIST and TER
are reported in Table V.
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Fig. 7. Cross-plot of human-generated accuracy and fluency for the 10,754
translations that were rated for both adequacy and fluency by human judges.
(The resulting Pearson’s correlation coefficient is 0.699).

ferences are relative small and a good suboptimal value for
can be easily set.
Table V summarizes some of the obtained correlation coeffi-

cients between the considered automaticmetrics and the human-
generated scores for adequacy and fluency. Some selected sub-
optimal values for the weighting parameter are considered in
the cases of AM-FM metrics.

C. Further Analysis and Discussion
As already mentioned before, one of the main problems

affecting human-based judgments on adequacy and fluency is
that they do not actually reflect a purely independent adequacy
or fluency assessments. This is basically due to the intrinsic
human’s difficulty to effectively separate information related to
adequacy from information related to fluency when performing
assessments. As a result, human-generated adequacy and flu-
ency are highly correlated.
To better illustrate this point, Fig. 7 depicts a cross-plot be-

tween adequacy and fluency judgments for the 10,754 transla-
tion outputs that were annotated by human judges. As seen from
the figure, a clear trend of dependence between adequacy judg-
ments and fluency judgments is observed.
The resulting correlation coefficient between the human-gen-

erated adequacy and fluency scores depicted in Fig. 7 is 0.699,
which can be considered to reflect a high association.
On the other hand, Fig. 8 presents the cross-plot between the

AM and the FMmetric components computed over the same set
of 10,754 translation outputs that were annotated by humans. As
seen from the figure, the dependence between these two metric
components is practically inexistent. Indeed, the resulting cor-
relation coefficient for this case is 0.035, which is evidence of
very low or inexistent association.

V. SENSITIVENESS TO TRAINING DATA VARIATIONS

In this section, we explore in more detail how sensitive
the proposed AM-FM metric is to variations of the training
data. First, we evaluate the differences in performance for both
metric components, in terms of their correlations with human-
generated scores, when different data subsets are used for

Fig. 8. Cross-plot of AM and FMmetrics computed for the 10,754 translations
that were rated for both adequacy and fluency by human judges. (The resulting
Pearson’s correlation coefficient is 0.035).

TABLE VI
PEARSON’S CORRELATION COEFFICIENTS BETWEEN AM AND
HUMAN-GENERATED ADEQUACY SCORES FOR VARYING

SIZES OF TRAINING DATA, AND THEIR RELATIVE VARIATIONS
WITH RESPECT TO THE 10 K BASE CASE

training purposes. Second, we evaluate the dependence of the
AM-FM meta-parameter optimal values on different training
data conditions.

A. Component Performance Sensitiveness

Regarding the sensitiveness of the AM and FM components
with respect to training data variations, we focus our attention on
three scenarios: the size of the dataset used to compute the AM
projection matrix, the random subset selection for AM projec-
tion matrix, and the in-domain versus out-of-domain data pro-
portion used for training the FM’s -gram model.
In the first scenario, we compare the performance of the

AM component for four different sizes of the training dataset:
1 K,5 K,10 K and 15 K sentences. Table VI depicts the obtained
correlation coefficients, between the pure AM component and
human-generated adequacy, as well as their relative variations
with respect to the 10 K case. For each result in the table, the
dimensionality was set to be 70% of the full-rank one. The
analysis was conducted for the monolingual case ( AM) only.
As seen from the table, while a 5.5% reduction of the correla-

tion coefficient is observed for the 1 K case, the observed differ-
ences are smaller for the 5 K and 15 K cases. Indeed, as previ-
ously mentioned in Sub-Section III-B, observed differences for
the 5 K and 15 K cases are smaller than 5%.
In the second scenario, we compare the performance of the

AM component across different subsets of training data. More
specifically, we consider five 10 K-sentence data folds, which
have been randomly extracted from the available WMT-07
training data. Table VII presents the resulting correlations,
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TABLE VII
PEARSON’S CORRELATION COEFFICIENTS BETWEEN AM AND

HUMAN-GENERATED SCORES FOR ADEQUACY FOR DIFFERENT DATA FOLDS OF
10 K SENTENCES, ALONG WITH MEAN AND STANDARD DEVIATION VALUES

Fig. 9. Pearson’s correlation coefficients between the FM metric component
and human-generated scores for fluency, when different proportions of in-do-
main and out-of-domain data are used to train the -gram language models.
Four different models (2-gram, 3-gram, 4-gram and 5-gram) are considered.

between the pure AM components and human-generated ad-
equacy, for each of the five data folds under consideration,
along with the corresponding average and standard deviation
values (the first data fold corresponds to the one used in all
experiments described in Section IV). The dimensionality
values used for computing these results are 7,600 and 2,000 for
AM and AM, respectively.
As seen from the table, different random selections of the

training datasets used to compute the AM projection matrix
yield very similar results. Indeed, the observed standard devi-
ations are as small as 1.2% of the mean value for the case of
AM and 6.0% for AM.
In the last scenario considered in this sub-section, we eval-

uate the performance of FM, in terms of its correlation with
human-generated fluency, when varying the proportion of in-do-
main versus out-of-domain data used for training the -gram
probabilities. Fig. 9 depicts the observed variations of the cor-
relation coefficients for the cases of 2-gram, 3-gram, 4-gram
and 5-gram models when different proportions of in-domain
training data are used. As seen from the figure, the FM per-
formance barely changes when 75% of in-domain data is pre-
served, while degradation becomes significant when 50% of
out-of-domain data is introduced and very severe when 75% of
the data is out-of-domain.

B. Meta-parameter Sensitiveness
Regarding the sensitiveness of AM-FM meta-parameters to

training data variations, we focus our attention on the weighting
parameter , as it is the only one significantly affected by
varying data conditions. Indeed, as seen in Fig. 9, regardless
of the proportion of out-of-domain data, the 5-gram model
consistently exhibits the best performance. Similarly, detailed
exploration of AM dimensionalities result on wide ranges of
optimal regions, such as those observed in Figs. 1 and 2.
To see how is affected by data variations, we search for

optimal values of it across three different scenarios: a sweep
of 50 different dimensionalities around its optimal value and,

TABLE VIII
OBSERVED STANDARD DEVIATIONS FOR OPTIMAL VALUES OF (AND

THEIR PERCENTAGE VALUES) ACROSS THREE DIFFERENT DATA VARIATION
CONDITIONS. BOTH ADEQUACY AND FLUENCY ARE CONSIDERED

the five 10 K-sentence data folds and four different proportions
of in-domain versus out-of-domain data described in the pre-
vious sub-section. Table VIII presents the observed standard
deviations (and their percentages) for the optimal values of
across the considered scenarios. Only results corresponding to
the weighted mean implementation of AM-FM are presented.
As seen from the table, is mainly sensitive to variations of
in-domain data proportions used for training FM. Also, more
sensitiveness to dimensionality variations is observed for the
cross-language version than for the monolingual one.

VI. CONCLUSIONS AND FUTURE WORK

This work extended and evaluated the AM-FM framework, a
two-dimensional automatic metric for machine translation eval-
uation, which is designed to operate at the sentence level. Two
different versions were evaluated: monolingual ( AM-FM)
and cross-language ( AM-FM). Comparative evaluations were
conducted to study how the metric correlates with human-gen-
erated scores for adequacy and fluency.
Obtained results show that AM-FM can be tuned to achieve

better correlations with human evaluations for both adequacy
and fluency than other conventional metrics. On the other hand,
although the AM-FM version allows for conducting quality
assessments without the need for a set of reference translations,
its performance is significantly below than the monolingual ver-
sion, but still comparable to the performance of other state-of-
the-art automatic evaluation metrics.
As future research, we plan to study the effects of vector

space model parameters, as well as different techniques for con-
structing the semantic continuous space embeddings, with the
objective of improving the performance of the AM metric com-
ponent, in both the monolingual and the cross-language sce-
narios. More specifically, we plan to explore the use of neural
network architectures, such as deep-autoencoders [1] or recur-
rent neural networks [41], as an alternative to construct the con-
tinuous space representations.
Additionally, we also want to study fusion techniques for

combining all three metric components, AM, AM and FM
into a single score for machine translation evaluation, which we
expect should combine the advantages of assessing adequacy by
means of semantic similarity in both monolingual and cross-lan-
guage continuous spaces.
Finally, we plan to explore other possible uses of the AM-FM

framework in other statistical machine translation sub-tasks
such as, for instance, its use as objective function for MERT
optimization, as a model for phrase-table pruning, and as a
translation feature during decoding, as in [4].
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