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Preface

This workshop is the first meeting to focus on the challenges that the machine translation (MT) and
summarization communities face in developing valid and useful evaluation measures. Our aim is to
bring these two communities together to learn from each other’s approaches.

Prior ACL workshops on evaluation have had as their central focus a core computational task (e.g.,
word sense disambiguation, parsing), a genre (e.g., dialogue, multi-modal interfaces), a computational
technique (e.g., unsupervised learning, finite state models), a resource (e.g., parallel texts, WordNet),
or a process (e.g., reading comprehension, question-answering). This workshop, in clear contrast, has
as its central focus the examination of evaluation measures, or meta-evaluation” as Dan Melamed has
noted.

The initial impetus for this workshop came at the biennial meeting of the Association for Machine
Translation in the Americas (AMTA) held at Georgetown University in September 2004, when the
following question arose in a discussion session: "Why isn’t recall a part of MT evaluation the way that
it is for summarization evaluation?” Several of us continued this discussion afterwards and proposed to
convene together again more formally to address this question and other evaluation challenges that both
the MT and summarization communities have been tackling.

We wish to thank Bonnie Dorr and Ed Hovy, in particular, for their encouragement and contributions
in shaping the initial workshop proposal and the subsequent call for papers. Boyan Onyshkevych,
Barb Wheatley, Donna Harmon, and Judith Klavans also provided insightful comments in the proposal
writing phase of the workshop that helped guide and focus the topics we chose to address.

We also would like also to thank several others. Charles Wayne, Joe Olive, Donna Harmon, Hoa
Dang, Lori Buckland, and Chris Cieri were critical in helping make the datasets available to workshop
participants. Jason Eisner and Philipp Koehn, ACL publications chairs, provided us invaluable
assistance in preparing the proceedings.

Many thanks also to the Program Committee and additional reviewers who graciously spent time with a
short schedule to review submitted papers and provide valuable feedback. We have an exciting program
for which we thank the many authors who submitted their research papers.

Jade Goldstein, Alon Lavie, Chin-Yew Lin, Clare Voss
June 2005
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Excerpts from Call for Papers

This one-day workshop will focus on the challenges that the MT and summarization communities face
in developing valid and useful evaluation measures. Our aim is to bring these two communities together
to learn from each other’s approaches.

In the past few years, we have witnessed—in both MT and summarization evaluation—the innovation
of ngram-based intrinsic metrics that automatically score system-outputs against human-produced
reference documents (e.g., IBM’s BLEU and ISI/USC’s counterpart ROUGE). Similarly, there has
been renewed interest in user applications and task-based extrinsic measures in both communities (e.g.,
DUC’05 and TIDES’04). Most recently, evaluation efforts have tested for correlations to cross-validate
independently derived intrinsic and extrinsic assessments of system-outputs with each other and with
human judgments on output, such as accuracy and fluency.

The concrete questions that we hope to see addressed in this workshop include, but are not limited to:

e How adequately do intrinsic measures capture the variation between system-outputs and human-
generated reference documents (summaries or translations)? What methods exist for calibrating
and controlling the variation in linguistic complexity and content differences in input test-sets
and reference sets? How much variation exists within these constructed sets? How does that
variation affect different intrinsic measures? How many reference documents are needed for
effective scoring?

e How can intrinsic measures go beyond simple n-gram matching, to quantify the similarity
between system-output and human-references? What other features and weighting alternatives
lead to better metrics for both MT and summarization? How can intrinsic measures capture
fluency and adequacy? Which types of new intrinsic metrics are needed to adequately evaluate
non-extractive summaries and paraphrasing (e.g.,interlingual) translations?

e How effectively do extrinsic (or proxy extrinsic) measures capture the quality of system output,
as needed for downstream use in human tasks, such as triage (document relevance judgments),
extraction (factual question answering), and report writing; and in automated tasks, such as
filtering, information extraction, and question-answering? For example, when is an MT system
good enough that a summarization system benefits from the additional information available in
the MT output?

e How should metrics for MT and summarization be assessed and compared? What characteristics
should a good metric possess? When is one evaluation method better than another? What are
the most effective ways of assessing the correlation testing and statistical modeling that seek to
predict human task performance or human notions of output quality (e.g., fluency and adequacy)
from “’cheaper” automatic metrics? How reliable are human judgments?

Anyone with an interest in MT or summarization evaluation research or in issues pertaining to the
combination of MT and summarization is encouraged to participate in the workshop. We are looking
for research papers on the aforementioned topics, as well as position papers that identify limitations in
current approaches and describe promising future research directions.

To faciliate the comparison of different measures during the workshop, we will be making available data
sets in advance for workshop participants to test their approaches to evaluation. Although the shared
data sets are separated, we would encourage participants to apply their automatic metrics on both data
sets and report comparative results in the workshop.

v



Shared Data Sets

Shared Data Set for MT Evaluation:

The shared data set consists of the 2003 TIDES MT-Eval Test Data for both Chinese-to-English and
Arabic-to-English MT. For each of these two language-pair data sets, the following is provided:

The set of test sentences in the original source language (Chinese or Arabic)
MT system output for the set of sentences for 7 different MT systems
A collection of 4 reference translations (human translated) into English

Human judgments of MT quality (adequacy and fluency) for the various MT system translations
of every sentence. Each sentence was judged by two subjects, each of which assigned both an
adequacy score and a fluency score, in the integer range of [1-5].

Shared Data Set for Summarization Evaluation:

The summarization shared data set consists of four years’ worth of data from past Document
Understanding Conferences (DUC) including:

Documents
Summaries, results, etc.

— Manually created summaries

Automatically created baseline summaries

Submitted summaries created by the participating groups’ systems
Tables with the evaluation results

Additional supporting data and software
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1

People often prefer to read a summary of a text docume
e.g., news headlines, scientific abstracts, movie previe
and reviews, and meeting minutes. Correspondingly, t
explosion of online textual material has prompted ad-
vanced research in document summarization. Althoug
researchers have demonstrated that users can read s#f
maries faster than full text (Mani et al.,
loss of accuracy, researchers have found it difficult t

rization due to the low level of interannotator agreemen?
in the gold standards that they have used. Definitive co
clusions about the usefulness of summaries would pr@-
vide justification for continued research and developme

A Methodology for Extrinsic Evaluation of Text Summarization:
Does ROUGE Correlate?

Bonnie J. Dorr and Christof Monz and Stacy Presidentand Richard Schwartz! and David Zajic

Department of Computer Science and UMIACS
University of Maryland
College Park, MD 20742

{bonnie,christof,stacypre,dmzajic

}@umiacs.umd.edu

'BBN Technologies
9861 Broken Land Parkway
Columbia, Maryland 21046

schwartz@bbn.com

Abstract

This paper demonstrates the usefulness of sum-
maries in an extrinsic task of relevance judgment
based on a new method for measuring agree-
ment, Relevance-Predictignwhich compares sub-
jects’ judgments on summaries with their own judg-
ments on full text documents. We demonstrate that,
because this measure is more reliable than previ-
ous gold-standard measures, we are able to make
stronger statistical statements about the benefits of
summarization. We found positive correlations be-
tween ROUGE scores and two different summary
types, where only weak or negative correlations
were found using other agreement measures. How-
ever, we show that ROUGE may be sensitive to the
choice of summarization style. We discuss the im-
portance of these results and the implications for fu-
ture summarization evaluations.

Introduction

of new summarization methods.

he

of a document). We use single-document English sum-
maries as these are sufficient for investigating task-based
usefulness, although more elaborate surrogates are possi-
ble, e.g., those that span more than one document (Radev
and McKeown, 1998; Mani and Bloedorn, 1998).

The next section motivates the need for develop-
ing a new framework for measuring task-based useful-
ness. Section 3 presents a novel extrinsic measure called
Relevance-PredictiorSection 4 demonstrates that this is
a more reliable measure than that of previous gold stan-
dard methods, e.g., thdbC-Agreemeninethod used for
SUMMAC-style evaluations, and that this reliability al-
lows us to make stronger statistical statements about the
benefits of summarization. We expect these findings to
be important for future summarization evaluations.

Section 5 presents the results of correlation between
task usefulness and the Recall Oriented Understudy for
Gisting Evaluation (ROUGE) metric (Lin and Hovy,
2003)! While we show that ROUGE correlates with task
usefulness (using our Relevance-Prediction measure), we
detect a slight difference between informatiegtractive
rp{eadlines (containing words from the full document) and
l€lss informative non-extractive'eye-catchers” (contain-

WS

INg words that might not appear in the full document, and
intended to entice a reader to read the entire document).
h Section 6 further highlights the importance of this

int and discusses the implications for automatic eval-

2002) with Soméjation of non-extractive summaries. To evaluate non-

gxtractive summaries reliably, an automatic measure may
ga_quire knowledge of sophisticated meaning ufitsis

ur hope that the conclusions drawn herein will prompt

fnvestigation into more sophisticated automatic metrics

s researchers shift their focus to non-extractive sum-
jAparies.

'ROUGE has been previously used as the primary automatic

To investigate the question of whether text SUMManzas, ., ation metric by NIST in the 2003 and 2004 DUC Evalua-

tion is useful in an extrinsic task, we examined humaggns.
performance in a fe|evan(?e assessment ta$k using a hu-2The content unitsproposed in recent methods (Nenkova
man textsurrogate(i.e. text intended to stand in the placeand Passonneau, 2004) are a first step in this direction.

1

Proceedings of the ACL Workshop on Intrinsic and Extrinsic Evaluation Measures for Machine Translation

and/or Summarization, pages 1-8, Ann Arbor, June 2005.
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2 Background user’s own decisions on the full text. Following the lead

of earlier evaluations (Oka and Ueda, 2000; Mani et al.,

In the past, assessments of usefulness involved a wiggp2: sakai and Sparck-Jones, 2001), we focus on rele-
range of both intrinsic and extrinsic (task-based) measance assessment as our extrinsic task.

sures (Sparck-Jones and Gallier, 1996). Intrinsic evalu-

ations focus on coherence and informativeness (Jing 8t Evaluation of Usefulness of Summaries

al., 1998) and often involve quality comparisons between

automatic summaries and reference summaries that afée define a new extrinsic measure of task-based useful-

pre-determined to be of high quality. Human intrinsichess calledRelevance-Predictignwhere we compare a

measures determine quality by assessing document acs4mmary-based decision to the subject’s own full-text de-

racy, fluency, and clarity. Automatic intrinsic measuregision rather than to a different subject's decision. Our

such as ROUGE use n-gram scoring to produce rankindigdings differ from that of the SUMMAC results (Mani

of summarization methods. et al., 2002) in that using Relevance-Prediction as an al-
Extrinsic evaluations concentrate on the use of suni€rnative to comparision to a gold standard is a more re-

maries in a specific task, e.g., executing instructions, irglistic agreement measure for assessing usefulness in a

formation retrieval, question answering, and relevancéelevance assessment task. For example, users perform-

assessments (Mani, 2001). In relevance assessmentdG browsing tasks must examine document surrogates,

user reads a topic or event description and judges relut open the full-text only if they expect the document to

vance of a document to the topic/event based solely on i interesting to them. They are not trying to decide if

summary? These have been used in many large-scale ef€ document will be interesting to someone else.

trinsic evaluations, e.g., SUMMAC (Mani et al., 2002) To determine the usefulness of summarization, we fo-

and the Document Understanding Conference (DUCQUS ON two questions:

(Harman and Over, 2004). The task chosen for such evale  Can users make judgments on summaries that are

uations must support a very high degree of interannota-  consistent with their full-text judgments?

tor agreement, i.e., consistent relevance decisions acros& Can users make judgments on summaries more

subjects with respect to a predefirgald standard quickly than on full document text?

Unfortunately, a consistent gold standard has not ygfj.«t e describe the Relevance-Prediction measure for

been reported. For example, in two previous Stuo”e&,etermining whether users can make accurate judgments

(Mani, 2001; Tombros and Sanderson, 1998), User§ith 3 summary. Following this, we describe our exper-

judgments were compared to “gold standard judgment§ments and results using this measure, including the tim-

produced by members of the University of Pennsylvay, g yesyits of summaries compared to full documents.
nia’s Linguistic Data Consortium. Although these judg-

ments were supposed to represent¢bmectrelevance 3.1 Relevance-Prediction Measure

judgments for each of the documents associated with A answer the first question above, we define a mea-

event, both studies reported that annotators’ judgmeniy o ¢5jjedRelevance-Predictignwhere subjects build

varied greatly and that this was a significant issue for thﬁﬁeir own “gold standard” based on the full-text docu-
evaluatmnsl. In the S_UMMAC.: expgrln?ents,zthe K?ppaments. Agreement is measured by comparing subjects’
score (Carletta, 1996; Eugenio and Glass, 2004) for '.ré'urrogate-based judgments against their own judgments
terannotator agreement was reported to be 0.38 (Mani

. 1ani & the corresponding texts. The subject’s judgment is as-
al., 2002). In fact, large variations have been found in thg;y o 3 value of if his/her surrogate judgment is the
initial summary scoring of an individual participant and 8same as the corresponding full-text judgment, @rath-
subsequent scoring that occurs a few weeks later (Manlise  These values were summed over all judgments
2001; van Halteren and Teufel, 2003). for a surrogate type and were divided by the total num-

This paper attempts to overcome the problem of inpar of judgments for that surrogate type to determine the
terannotator inconsistency by measuring summary effegysectiveness of the associated summary method.
tiveness in an extrinsic task using a much more consistentgormally, given a summary/document pais, d). if

form of user judgment instead of a gold standard. Usgpiects make the same judgmentsothat they did on
ing Relevance-Prediction increases the confidence in ol we sayj(s,d) = 1. If subjects change their judg-

results and strengthens the statistical statements we qﬁgm betweers andd, we sayj(s,d) = 0. Given a set

make about the benefits of summarization. of summary/document paif8.S; associated with event
The next section describes an alternative approach {ge Relevance-Prediction score is computed as follows:
measuring task-based usefulness, where the usage of ex-
ternal judgments as a gold standard is replaced by the o > s.dens, J(5,d)
- Relevance-Prediction(i) = ———"——
3A topic is an event or activity, along with all directly re- |DS;|
lated events and activities. An event is something that happens . . . .
at some specific time and place, and the unavoidable conskhis ap.proach provides a more reliable comparison
quences. mechanism than gold standard judgments provided by



other individuals. Specifically, Relevance-Prediction igo this as HUM Human Surrogate The average length

more helpful in illuminating the usefulness of summarie®f the HUM surrogates was 72 characters. Although nei-
for a real-world scenario, e.g., a browsing environmenther of these summaries was produced automatically, our
where credit is given when an individual subject wouldexperiment allowed us to focus on the question of sum-
choose (or reject) a document under both conditions. Tmary usefulness and to learn about the differences in pre-
our knowledge, this subject-driven approach to testingentation style as a first step toward experimentation with

usefulness has never before been used. the output of automatic summarization systems.
_ _ Two main factors were measured: (1) differences
3.2 Experiment Design in judgments for the three presentation types (HEAD,

Ten human subjects were recruited to evaluate full-tex UM, and the full-text document) and (2) judgment time.
documents and two summary tygesThe original text Each §ubject ma}de a total of 60 judgments for each pre-
documents were taken from the Topic Detection angéntation type since there were 3 distinct events and 20
Tracking 3 (TDT-3) corpus (Allan et al., 1999) which documents per event. To facilitate the_ana|y3|s of the d_at_a,
contains news stories and headlines, topic and event d8€ subjects’ judgments were constrained to two possibil-
scriptions, and a mapping between news stories and th&ies: relevantor not relevant’
related topic and/or events. Although the TDT-3 collec- Although the HEAD and HUM surrogates were both
tion contains transcribed speech documents, our invesBtoduced by humans, they differed in style. The HEAD
gation was restricted to documents that were originallgurrogates were shorter than the HUM surrogates by
text, i.e., newspaper or newswire, not broadcast news. 26%. Many of these were “eye-catchers” designed to en-
For our experiment we selected three distinct evenfice the reader to examine the entire document (i.e., pur-
and related document s&fsom TDT-3. For each event, chase the newspaper); that is, the HEAD surrogates were
the subjects were given a description of the event (writ20t intended to sta.nd in the place of the full docume_nt.
ten by LDC) and then asked to judge relevance of a sEY contrast, the writers of the HUM surrogates were in-
of 20 documents associated with that event (using threédructed to write text that conveyed what happened in the
different presentation types to be discussed below). full document. We observed that the HUM surrogates
The events used from the TDT data set were eventS€d more words and phrases extracted from the full doc-
from world news occurring in 1998. It is possible that!Ments than the HEAD surrogates.
the subjects had some prior knowledge about the events,Experiments were conducted using a web browser (In-
yet we believe that this would not affect their ability tote€rnet Explorer) on a PC in the presence of the experi-
complete the task. Subjects’ background knowledge of dRenter. Subjectsf were given written and verbal instruc-
event can also make this task more similar to real-worlons for completing their task and were asked to make
browsing tasks, in which subjects are often familiar witHelévance judgments on a practice event set. The judg-
the event or topic they are searching for. ments from the practice event set were not included in
The 20 documents were retrieved by a search engin@Ur €xperimental results or used in our analyses. The
We used a constrained subset where exactly half (1¥jfitten instructions were given to aid subjects in dgater-
were judged relevant by the LDC annotators. Because dllining requirements for relevance. For example, in an
20 documents were somewhat similar to the event, thfglection event documents describing new people in of-
approach ensured that our task would be more difficuffce: new public officials, change in governments or par-
than it would be if we had chosen documents from comi@ments were suggested as evidence for relevance.
pletely unrelated events (where the choice of relevance Each of the ten subjects made judgments on 20 doc-
would be obvious even from a poorly written summary).uments for each of three different events. After reading
Each document was pre-annotated with the headlirg@ch document or summary, the subjects clicked on a ra-
associated with the original newswire source. Thes@l0 button corresponding to their judgment and clicked
headlines were used as the first summary type. We r@-Submitbutton to move to the next document descrip-
fer to them as HEADKeadline Surrogate The average 110Nn. Subjects were not allowed to move to the next sum-
length of the HEAD surrogates was 53 characters. In adfary/document until a valid selection was made. No
dition, we commissioned human-generated sumnfariegacking up was allowed. Judgment time was computed

of each document as the second summary type; we ref@? the number of seconds it took the subject to read the
full text document or surrogate, comprehend it, compare

“We required all human subjects to be native-English spealit to the event description, and make a judgment (timed
ers to ensure that the accuracy of judgments was not degradgg until the subject clicked thgubmitbutton).
by language barriers.

°The three event and related document sets contained 7|f we allowed subjects to make additional judgments such
enough data points to achieve statistically significant results. assomewhat relevanthis could possibly encourage subjects to

5The human summarizers were instructed to create a surakways choose this when they were the least bit unsure. Previ-
mary no greater than 75 characters for each specified full terus experiments indicate that this additional selection method
document. The summaries were not compared for writing stylmay increase the level of variability in judgments (Zajic et al.,
or quality. 2004).



3.3 Order of Document/Surrogate Presentation 3.4 Experimental Hypotheses

One concern with our evaluation methodology was th¥/e hypothesized that the summaries would allow sub-
issue of possible memory effects or priming: if the saméeCts to achieve a Relevance-Prediction rate of 70-90%.
subjects saw a summary and a full document about thince these summaries were significantly shorter than the
same event, their answers might be tainted. Thus, prior &iginal document text, we expected that the rate would
the full experiment, we conducted pre-experiments (ug0t be 100% compared to the judgments made on the full
ing 4 participants) with an extreme form of influence: wedocument text. However, we expected higher than a 50%
presented the summary and full text in immediate sudatio, i.e., higher than that of random judgments on all of
cession. In these experiments, we compared two docthe surrogates. We also expected high performance be-
ment presentation approaches, termed “Drill Down” an§ause the meaning of the original docum'ent text is best
“Complete Set” In the “Drill Down” document presen- Preserved when written by a human (Mani, 2001).

tation approach all three presentation types were shownA second hypothesis is that the HEAD surrogates
for each document, in sequence: first a single HEAD suivould yield a significantly lower agreement rate than that
rogate, followed by the corresponding HUM surrogate®f the HUM surrogates. Our commissioned HUM surro-

followed by the full text document. This process was regates were written to stand in place of the full document,
peated 10 times. whereas the HEAD surrogates were written to catch a

In the “Complete Set' document-presentation ap[eader’sinterest. This suggests that the HEAD surrogates

proach we presented the complete set of documents urgight not provide as informative a description of the orig-
ing one surrogate type, followed by the complete set ud?@! documents as the HUM surrogates.
ing another surrogate type, and so on. That is, the 10 We also tested a third hypothesis: that our Relevance-

HEAD surrogates were displayed all at once followed rediction measure would be more reliable than that of
by the corresponding 10 HUM surrogates, followed by"€ LDC-Agreementmethod used for SUMMAC-style
the corresponding 10 full-text documents. evaluations (thus providing a more stable framework for

The results indicated that there was almost no eﬁe&valuating summarization techniques). LDC-Agreement

between the two document-presentation approaches. The Pares a subject's judgment on a surrogate or full text

. ; ! ainst the “correct” judgments as assigned by the TDT
performance varied only slightly and neither approacﬁ‘g SO i
consistently allowed subjects to perform better than the2rPus annotators (Linguistic Data Consortium 2001).

other. Therefore, we determined that the subjects were Finally, we tested the hypothesis that using a text sum-

not associating a given summary with its correspondin ary for judging relevance wou_Id take considerably less
full-text documents. This may be due, in part, to the fac me than using the correspanding full-text document.

that all 20 documents were related to the event—and ag- .
cording to the LDC relevance judgments half of thesé‘ Experimental Results

were actually about the same event. Table 1 shows the subjects’ judgments using both
Given that the variations were insignificant in theseRelevance-Prediction and LDC-Agreement for each of
pre-experiments, we selected only the Complete-Set afhree events. Using our Relevance-Prediction measure,
proach (no Drill-Down) for the full experiment. How- the HUM surrogates yield averages between 79% and
ever, we still needed to vary the ordering for the two surg6%, with an overall average of 81%, thus confirming
rogate presentation types associated with each full-testr first hypothesis.
document. Thus, each 20-document set was divided in However, we failed to confirm our second hypothe-
half for each subject. In the first half, the subject saw theis. The HEAD Relevance-Prediction rates were between
first 10 documents as: (1) HEAD surrogates, then HUM 1% and 82%, with an overall average of 76%, which
surrogates and then the full-text document; or (2) HUMvas lower than the rates for HUM, but the difference
surrogates, then HEAD surrogates, and then the full-texgas not statistically significant. It appeared that subjects
document. In the second half, the subject saw the altefrere able to make consistent relevance decisions from the
native ordering, e.g., if a subject saw HEAD surrogategon-extractive HEAD surrogates, even though these were
before HUM surrogates in the first half, he/she saw thghorter and less informative than the HUM surrogates.
HUM surrogates before HEAD surrogates for the sec- A closer look reveals that the HEAD summaries some-
ond half. Either way, the full-text document was alwaysimes contained enough information to judge relevance,
shown last so as not to introduce judgment effects assgielding almost the same number of true positives (and
ciated with reading the entire document before either sugrue negatives) as the HUM summaries. For example, a
rogate type. document about the formation of a coalition government
In addition to varying the ordering for the surrogateto avoid violence in Cambodia has the HEAD surrogate
type, the ordering of the surrogates and full documentSambodians hope new government can avoid past mis-
within the events were also varied. The subjects wergkes By contrast, the HUM surrogate for this same event
grouped in pairs, and each pair viewed the surrogates amésRival parties to form a coalition government to avoid
documents in a different order than the other pairs. violence in Cambodia Although the HEAD surrogate



Surrogate EVENT 1 EVENT 2 EVENT 3 Overall Avyg | Avg Time

[DC RP | LDC RP | LDC RP | LDC RP | (seconds)
HEAD 67% | 76% | 66% | 71% | 70% | 82% | 67% | 76% 4.60
HUM 69% | 80% | 73% | 86% | 62% | 79% | 68% | 81% 457
DOC p— - _ - — - — — 13.38

Table 1: Relevance-Prediction (RP) and LDC-Agreement (LDC) Rates for HEAD and HUM Surrogates for each Event

uses words that do not appear in the original documeBtl Extrinsic Agreement Data
(hopeandmistake};, the subject may infer the reIevanceTO reduce the effect of outliers on the correlation between

of this_s_urrogate by relatirigqpeto the n_otion of forming ROUGE and the human judgments, we averaged over all
a coalition government andistakego violence. iudgments for each subject (20 judgments events) to

On the other hand, we found that the lower degree ‘ﬁ]roduce 60 data points. These data points were then par-

infgrmativefnless of HEAD ﬁurrohgates gave rise to Ovﬁfitioned into either 1, 2, or 4 partitions of equal size. (Par-
50% more false negatives than the HUM summaries. Thig; s of size four have 15 data points, partitions of size
statistically significant difference will be discussed l‘ur-tWO have 30 data points, and partitions of size one have
ther in Section 6. _ _ 60 data points per subject—or a total of 600 datapoints
As for our third hypothesis, Table 1 illustrates agcross all 10 subjects). To ensure that the correlation did
substantial difference between the two agreement megyy depend on a specific partition, we repeated this same
sures. For each of the three events, the RelevanGgrcess using 10,000 different (randomly generated) par-
Prediction rate is at least five percent higher than thakions for each of the three partition sizes.
of the LDC-Agreement approach, with an average of pjitioned data points of size four provided a high de-
8.8% increase for the HEAD summary and a 13.3% ave%

X h h jree of noise reduction without compromising the size
age increase for the HUM summary. The average ralgs yhe gata set (15 points). Larger partition sizes would

across events show a statistically significant differencg,q it in too few data points and compromise the statis-
between LDC-Agreement and Relevance-Prediction fqfcq) significance of our correlation results. In order to

both HUM summaries with p0.01 and HEAD sum-  gpq the variation within a single partition, we used the
maries with pc0.05. This significance was determinedyaitioning of size 4 with the smallest mean square er-

through use of a single facto_rANOVA statistical analysis; o on the human headline compared to the other parti-
The higher Relevance-Prediction rate supports our stat\cis
£

. ) 0nings as a representative partition. For this represen-
ment that this approach provides a more stable framewogky e partitioning, the individual data points P1-P15 of
for evaluating different summarization techniques.

: o ) that partition are shown for each of the two agreement
Finally, the average timing results shown in Table Ineasyres in Tables 2 and 3. This shows that, across parti-
confirm our fourth hypothesis. The subjects took 4-5 segions, the maximum and minimum Relevance-Prediction
onds (on average) to make judgments on both the HEARjtes for HEAD (93% and 60%) are higher than the cor-
and HUM summaries, as compared to about 13.4 secongssponding LDC-Agreement rates (85% and 50%). The
to make judgments on full text documents. This show§ame trend is seen with the HUM surrogates: Relevance-
that it takes subjects almost 3 times longer to make judgrediction maximum of 98%, minimum of 68%: and

ments on full text documents as it took to make judgmentspc.-Agreement maximum 88%, minimum of 55%.
on the summaries (HEAD and HUM). This finding is not

surprising since text summaries are an order of magnitudes  |ntrinsic ROUGE Score

shorter than full-text documents. o )
To correlate the partitioned agreement scores above with

. . “ . our intrinsic measure, we first ran ROUGE on all 120 sur-
S Corr_elfatlon with Intrinsic Evaluation rogates in our experiment (i.e., the HUM and HEAD sur-
Metric: ROUGE rogates for each of the 60 event/document pairs) and then
. - averaged the ROUGE scores for all surrogates belong-
We now turn to the task of correlating our extrinsic tas ng to the same partitions (for each of the three partition

pe;rformance with scores produced by an intrinsic eval sizes). These partitioned ROUGE values were then used
ation measure. We used the Recall Oriented Understu dr detecting correlations with the corresponding parti-

for Gisting Evaluation (ROUGE) metric version 1.2.1. lntioned agreement scores described above.

previous studies (Dorr et al., 2004) ROUGE was shown Table 4 shows the ROUGE scores, based on 3 ref-

to have a very low correlation with the LDC-Agreement rence summaries per document, for partitions P1-P15

measurement results of the extrinsic task. This was ag_sed in the previous tabl&s. For brevity. we include
tributed to low interannotator agreement in the gold stan- P : Y,
dard._ Qur goal was to test whether our new R_elevance- 8We commissioned a total of 180 human-generated refer-
Prediction technique would allow us to induce higher corence summaries (3 for each of 60 documents) (in addition to

relations with ROUGE. the human generated summaries used in the experiment).



Surrogate | P1 P2 P3 P4 P5 P6 P7 P8 P9 | P10 | P11 | P12 | P13 | P14 | P15
HEAD 80% | 80% | 85% | 70% | 73% | 60% | 80% | 75% | 60% | 75% | 88% | 68% | 80% | 93% | 83%
HUM 83% | 88% | 85% | 68% | 75% | 75% | 93% | 75% | 98% | 90% | 75% | 70% | 80% | 90% | 78%

Table 2: Relevance-Prediction Rates for HEAD and HUM Surrogates (Representative Partition of Size 4)

Surrogate | P1 P2 P3 P4 P5 P6 P7 P8 P9 | P10 | P11 | P12 | P13 | P14 | P15
HEAD 70% | 73% | 85% | 70% | 63% | 60% | 60% | 85% | 50% | 73% | 70% | 78% | 65% | 63% | 73%
HUM 68% | 75% | 58% | 68% | 75% | 70% | 68% | 80% | 88% | 58% | 63% | 55% | 55% | 60% | 78%

Table 3: LDC-Agreement Rates for HEAD and HUM Surrogates (Representative Partition of Size 4)

Surrogate | P1 | P2 | P3| PA| P5| P6 | P7 | P8 | P9 | P10 | P11 | P12 | P13 | P14 | P15 | Avg
HEAD 10| 23] .13 | 27| 20| .24 | 26| 22| . 13| 08| 30| .16| .26 | .27 | .30 | .211
HUM A6 | .22 17| 23] .19 36| .39 29| 28| 25| 37| 22| 22| 39| .27 | .269

Table 4: Average Rouge-1 Scores for HEAD and HUM Surrogates (Representative Partition of Size 4)

only ROUGE 1-gram measurement (R1Xhe ROUGE

scores for HEAD surrogates were slightly lower than

those for HUM surrogates. This is consistent with 37 .

our statements earlier about the difference between non- g

extractive “eye-catchers” and informative headlines. Be- s -

cause ROUGE measures whether a particular summary

has the same words (or n-grams) as a reference summary, .

a more constrained choice of words (as found in the ex- o

tractive HUM surrogates) makes it more likely that the

summary would match the reference. Ie
A summary in which the word choice is less ¢

constrained—as in the non-extractve HEAD s

surrogates—is less likely to share n-grams with the

reference. Thus, we may see non-extractive summaries | _

that have almost identical meanings, but very different 5 !

words. This raises the concern that ROUGE may be :

sensitive to the style of summarization that is used.

Section 6 discusses this point further. '
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5.3 Intrinsic and Extrinsic Correlation Figure 1: Distribution of the Correlation Variation for

To test whether ROUGE correlates more highly WithReIevance—Predmtlon on HEAD and HUM

Relevance-Prediction than with LDC-Agreement, we cal-

culated the correlation for the results of both technique . -
using Pearson’s (Siegel and Castellan, 1988): t%e different partitions. However, the boxplots for both

HEAD and HUM indicate that the first and third quartile

S (i — 7)(si — 3) were relatively close to the median (see Figure 1).
e - - — Table 5 shows the Pearson Correlations with ROUGE-
Vs (ri = )2/ 30 (si = 3) 1 using Relevance-Prediction and LDC-Agreement. For

. . Relevance-Prediction, we observed a positive correlation
wherer; is the ROUGE score of surrogaler is the av- ¢ poth surrogate types, with a slightly higher corre-

erage ROUGE score of all data points,is the agree- |44jon for HEAD than HUM. For LDC-Agreement, we
ment score of summary(using Relevance-Prediction or gneered no correlation (or a minimally negative one)
LDC-Agreement), and is the average agreement score,ish, ROUGE-1 scores, for both the HEAD and HUM

Pearson’s statistics is commonly used in summarizatiof], rogates. The highest correlation was observed for

and machine translation evaluation, see e.g. (Lin, 2004 4|cvance-Prediction on HEAD.

Lin and OCh: 2004). . e We conclude that ROUGE correlates more highly with
As one might expect, there is some variability in thgne Relevance-Prediction measurement than the LDC-

correlation between ROUGE and human judgments fokgreement measurement, although we should add that
SWe also computed ROUGE 2-gram, ROUGE L and"ON€ of the correlations in Table 5 were statistically sig-

ROUGE W, but the trend for these did not differ from ROUGE-Nificantatp < 0.05. The low LDC-Agreement scores are
1. consistent with previous studies where poor correlations



Surrogate P=1 | P=2 | P=4 score. This was computed as follows:
HEAD (RP) | 0.1270| 0.1943| 0.3140

HUM (RP) 0.0632| 0.1096| 0.1391
HEAD (LDC) | -0.0968 | -0.0660 | -0.0099 SN (x; — 2)?
HUM (LDC) | -0.0395 | -0.0236 | -0.0187 Std.-Dev. = \| ==—F———

N

Table 5: Pearson Correlations with ROUGE-1 for

Relevance-Prediction (RP) and LDC-Aareement (LDC whereN is the number of surrogates in a particular judg-
where Partition size (P() - i 2 and 4 9 ( )fnent category (e.gly = 245 for the HEAD-based Non-

Rel/Rel judgments)z; is the ROUGE score for thé"
surrogate, and is the average of all ROUGE scores in
were attributed to low interannotator agreement rates. that category. o
Although there were very few false positives (less than
i ; 6% for both HEAD and HUM), the number of false nega-
6 Discussion tives (NonRel/Rel) was particularly high for HEAD (50%
Our results suggest that ROUGE may be sensitive to tHégher than for HUM). This difference was statistically
style of summarization that is used. As we observedignificant at pc0.01 using the t-test. The large number
above, many of the HEAD surrogates were not actuallpf false negatives with HEAD may be attributed to the
summaries of the full text, but were eye-catchers. Ofeye-catching nature of these surrogates. A subject may
ten, these surrogates did not allow the subject to judgee misled into thinking that this surrogate is not related
relevance correctly, resulting in lower agreement. In ado an event because the surrogate does not contain words
dition, these same surrogates often did not use a high pdem the event description and is too broad for the subject
centage of words that were actually from the story, resulto extract definitive information (e.qg., the surrog@tesre
ing in low ROUGE scores. (We noticed that most worddie goes agair)! Because the false negatives were associ-
in the HUM surrogates appeared in the correspondingted with the lowest average ROUGE score (0.1996), we
stories.) There were three consequences of this differengpeculate that, if a correlation exists between Relevance-
between HEAD and HUM: (1) The rate of agreement wa®rediction and ROUGE, the false negatives may be a ma-
lower for HEAD than for HUM; (2) The average ROUGE jor contributing factor.
score was lower for HEAD than for HUM; and (3) The Based on this experiment, we conjecture that ROUGE
correlation of ROUGE scores with agreement was highenay not be a good method for measuring the useful-
for HEAD than for HUM. ness of summaries when the summaries are not extrac-
A further analysis supports the (somewhat counterirfive. That is, if someone intentionally writes summaries
tuitive) third point above. Although the ROUGE scoreghat contain different words than the story, the summaries
of true positives (and true negatives) were significantlyvill also likely contain different words than a reference
lower for HEAD surrogates (0.2127 and 0.2162) thasummary, resulting in low ROUGE scores. However,
for HUM surrogates (0.2696 and 0.2715), the number dghe summaries, if well-written, could still result in high
false negatives was substantially higher for HEAD suragreement with the judgments made on the full text.
rogates than for HUM surrogates. These cases corre- )
sponded to much lower ROUGE scores for HEAD sur?/ ~ Conclusion

rogates (0.1996) than for HUM (0.2586) surrogates. We have shown that two types of human summaries,

A summary of this analy3|s IS given in Table 6, wher EAD and HUM, can be useful for relevance assessment
true positives and negatives are indicated by 'ReI/R? that they help a user achieve 70-85% agreement in rel-
and N_onReI/ anReI, respectively, and false positives an vance judgments. We observed a 65% reduction in judg-
negatives ar(? indicated by Re_I/NonReI and NonRel/Re ent time between full texts and summaries. These find-
keg%eégviyéretg?eplf[gn'?ﬁerss'tgnp daarre dmgs\?iea?ioiﬁ(fecr)ret?l; gs are important in that they establish the usefulness

f summarization and they support research and devel-

e also included (average) elapsed times for summargPment pf additional summarization methods, including
judgments in each of the four categories. One might expectautomatic methods.
“relevant” judgment to be much quicker than a “non-relevant” We introduced a new method for measuring agree-

judgment (since the latter might require reading the fulI_summem, Relevance-Predictignwhich takes a subject’s
mary). However, it turned out non-relevant judgments did no

always take longer. In fact, the NonRel/NonRel cases took cor@”'teXt Ju.dgnjent as the ;tandard ggamst which the

siderably less time than the Rel/Rel and Rel/NonRel cases. Gi@me subject’s summary judgment is measured. Be-
the other hand, the NonRel/Rel cases took considerably moeause Relevance-Prediction was more reliable than LDC-
time—almost as much time as reading the full text documents-Agreement judgments, we encourage others to use this
an indication that the subjects may have re-read the summarygeasure in future summarization evaluations.

number of times, perhaps vacillating back and forth. Still, the Using thi thod ble to find iti
overall time savings was significant, given that the vast major- ~>'19 thiS new method, we were able 10 find posiuve

ity of the non-relevant judgments were in the NonRel/NonRefOrrelations between relevance assessments and ROUGE
category. scores for HUM and HEAD surrogates, where only



Judgment HEAD HUM
(Surr/Doc) Raw RI1-Avg Avg Time Raw R1-Avg Avg Time
Rel/Rel 211 (35%) | 0.2127 ¢0.120) 4.6 251 (42%) | 0.2696 £0.130) 42
Rel/NonRel 27 (5%) | 0.2115 ¢0.110) 7.1 35 (6%) | 0.2725 E0.131) 4.6
NonRel/Rel 117 (19%) | 0.1996 ¢0.127) 8.5 77 (13%) | 0.2586 ¢0.120) 13.8
NonRel/NonRel | 245 (41%) | 0.2162 (£0.126) 25 237 (39%) | 0.2715 &0.131) 1.9

[ TOTAL | 600 (100%)] 0.2115 0.124) | 4.6 ] 600 (100%)] 0.2691 @&0.129) | 46 |

Table 6: Subjects’ Judgments and Corresponding Average ROUGE 1 Scores
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Abstract

We address the issue of human subjec-
tivity when authoring summaries, aiming
at a simple, robust evaluation of machine
generated summaries. Applying a cross
comprehension test on human authored
short summaries from broadcast news, the
level of subjectivity is gauged among four
authors. The instruction set is simple,
thus there is enough room for subjectiv-
ity. However the approach is robust be-
cause the test does not use the absolute
score, relying instead on relative compar-
ison, effectively alleviating the subjectiv-
ity. Finally we illustrate the application of
the above scheme when evaluating the in-
formativeness of machine generated sum-
maries.

1 Introduction

Subjectivity plays an important role when remov-
ing the unwanted or redundant information for sum-
marising a document. Human beings tend to dis-
agree on what should be a ‘one good summary’
(Mani, 2001). This is probably because every indi-
vidual, whilst arriving at a summary, looks at things
from a different perspective. Guided by various
factors such as educational background, profession,
personal interests and experience, an individual de-
cides whether a certain aspect is worth being in-
cluded in a summary. What might seem relevant
to one person could be deemed redundant by an-
other when reading the same story, thus account-
ing for more than one ‘correct” summary. The is-
sue of subjectivity gains prominence as the compres-
sion ratio increases, i.e., the shorter the summary, the
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larger the number of ‘correct’ summaries (Lin and
Hovy, 2003b). This is due to the fact that assimila-
tion of seemingly important contents takes priority
while discarding the redundant information. This is
a highly subjective aspect.

Although the subjectivity reflects individual’s
thoughts, there will also be some information com-
monly observed in different summaries of the same
story. Stated otherwise, words in a summary may
vary, phrases may vary, and often the grammatical
structure may not be the same, but a certain degree
of information may be common across summaries.
To what degree is information uniform across dif-
ferent summaries? How much subjectivity is there?
How do we account for similar information stated
using different words, expressions, or grammatical
structure when comparing summaries? How does
this help when gauging the informativeness? Does
the subjectivity cause any adverse effects when eval-
uating summaries? It is these questions that we aim
to address in this paper.

Let us assume that the atomic facts of a summary
account for its relevance. Then, a simple question
that elicits any one of these atomic facts represents
a benchmark for assessing its informativeness. We
wish to evaluate the quality of a summary in terms of
atomic facts commonly observed in-, or subjectively
discarded from, assorted human authored short sum-
maries. In our quest to quantify the subjectivity, we
devise a cross comprehension test along the lines
of (Hirschmann et al., 1999) for extracting atomic
contents. The comprehension test is modelled on
a question-answer style framework. ‘Crossing’ the
model turns out to be an effective scheme for mea-
suring the divergence among multiple summaries.
Questions are prepared by the subject who wrote
the original summary (Section 3). Their answers

Proceedings of the ACL Workshop on Intrinsic and Extrinsic Evaluation Measures for Machine Translation
and/or Summarization, pages 9-16, Ann Arbor, June 2005. (©2005 Association for Computational Linguistics



should be derived by reading the summary alone.
Summary-questionnaire pairs are then swapped in
such a way that any summary is paired with ques-
tions written by other subjects (Section 4). The num-
ber of questions that cannot be answered by reading
the summary accounts for the subjectiveness of the
author (Section 5). Finally, we address how the cross
comprehension test can be used for evaluating ma-
chine generated summaries (Section 6).

2 Redated Works

There have been a number of studies concerned with
collating and analysing of human authored sum-
maries, with the aim of producing and evaluating
machine generated summaries. A phrase weighting
process called the “pyramid method’ was described
in (Nenkova and Passonneau, 2004). They exploited
the frequency of the same (similar) information that
was in multiple summaries of the same story. It was
referred to as a summarisation content unit (SCU).
Increasing stability of pyramid scores was observed
as the pyramid grew larger. The authors concluded,
however, that the initial creation of the pyramid was
a tedious task because a large number of SCUs had
to be hand annotated.

In (Van Halteren and Teufel, 2003), the co-
occurrence of atomic information elements, called
factoids, was examined whilst analysing 50 different
summaries of two stories. A candidate summary was
compared with the reference using factoids in or-
der to measure the informativeness. The authors ob-
served that from a wide selection of factoids only a
small number were included in all summaries. From
a pool of factoids, approximately 30% were taken to
build a consensus summary that could be used as a
‘gold standard’.

Summary evaluation has been recognised as a
sensitive, non-trivial task. In (Radev and Tam, 2003)
the relative utility was calculated based on a signif-
icance ranking assigned to each sentence. A word
network based summary evaluation scheme was pro-
posed in (Hori et al., 2003), where the accuracy was
weighted by the posterior probability of the manual
summaries in the network. Significantly, they sur-
mised the independence of their criterion from the
variations in hand summaries.

A regression analysis was performed in (Hiro-
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hata et al., 2005) and concluded that objective eval-
uations were more effective than subjective ap-
proaches. Although their experiments were con-
cerned with presentation speech, the results do have
a universal appeal.

Another notable development in the field is the
n-gram co-occurrence matching technique as pro-
posed in (Lin and Hovy, 2003a). Their tool, ROUGE,
compares the number of n-gram matches between a
reference and a machine generated summary. Re-
cently, ROUGE was piloted for evaluation of sum-
maries from newspaper/newswire articles (Over and
Yen, 2004). ROUGE simulated the manual evalua-
tion well for that task, although it is still unclear how
closely it well to other tasks.

To some extent, the work described in this paper
is close to that of (Nenkova and Passonneau, 2004)
and (Van Halteren and Teufel, 2003). We analyse
human authored summaries associating human sub-
jectivity with their unique interpretation of stories.
We consider their effect when evaluating machine
generated summaries.

3 Production of Human Authored Short
Summaries

Our aim is to investigate an effective, robust ap-
proach to summary evaluation. In this paper, we
identify and quantify the aspect of human subjec-
tivity while authoring short summaries. To this end,
four subjects produced a short summary (approxi-
mately 100 characters, or 15 words) for broadcast
news stories given a simple instruction set. This
summary is referred to as a ‘one line’ summary be-
cause it corresponds approximately to the average
sentence length for this data set.

3.1 Author Profiles

Four summary authors are briefly profiled below:
Subject A. A linguist by profession, a polyglot out
of interest, and an author by hobby. This subject is
fluent in English, Spanish and French; English being
the first language. The subject is trained to write
summaries and translations.

Subject B. A manager by qualification and a poly-
glot by necessity; English is a second language. This
subject was trained in making presentations and doc-
umentation. We hoped to benefit from the synergy



of both fields for summary production.

Subject C. A physicist by qualification and cur-
rently working towards a PhD in speech recognition.
English is the first language. In addition, this subject
has an interest in theatre and drama, thus is exposed
to literature and related fields.

Subject D. Working on research in multiparty meet-
ings as a post doctoral fellow. English is the first lan-
guage for this subject. Experience of meeting sum-
marisation.

All subjects are educated to at least graduate level,
and have are fluent in English. It was expected that
they could produce summaries of good quality with-
out detailed instruction or further training. A simple
instruction set (discussed later) was given, leaving
wide room for interpretation about what might be
included in the summary. Hence subjectivity was
promoted.

3.2 Data

The human subjects worked on a small subset of
American broadcast news stories from the TDT-2
corpus (Cieri et al., 1999). They were used for NIST
TDT evaluations and the TREC-8 and TREC-9 spo-
ken document retrieval evaluations. Each program
in the corpus contained 7 to 8 news stories on aver-
age, spanning 30 minutes as broadcast which might
be reduced to 22 minutes once advertisement breaks
were removed. A set of 51 hand transcriptions were
manually selected from the corpus. The average
length was 487 words in 25 sentences per transcrip-
tion.

3.3

Summary production. A simple instruction was
given to the subjects in order to arrive at a summary:

Instructions

e Each summary should contain about 100 char-
acters, possibly in the subject’s own words.

As the news stories ranged from 16 to 84 sentences,
subjects would have to prioritise information that
could be included in their ‘one line’ summary. The
instruction implicitly encouraged the subjects to put
as much important information as possible into a
summary, while maintaining a good level of fluency.
It was also a flexible instruction so that subjects were
able to use their own expressions when necessary.
After completion of the task, they commented that
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this instruction made them experiment with differ-
ent words to shorten or expand the information they
wanted to include. For example, how could an earth-
quake disaster be expressed in different ways:

8000+ feared dead? ... or
thousands of people killed? ... or
a lot of people are believed to be dead?

Another feature of this instruction was the amount
of generalisation that a subject was likely to use. For
example, a subject could say

US Senate to decide on tobacco bill
but given the length constraints, it could be like
Senate to vote on bill, hiking tobacco price

while adding extra information, but omitting specific
details.

Questionnaire production. When producing sum-
maries, subjects were aware that they also had to
prepare questions with the following instructions:

e A questionnaire may consists of 2—4 questions;

e An answer must be found in the particular sum-
mary, without reading the entire story;

e Yes/ no questions should not be used;

e The summary may roughly be reconstructed
from the question-answer set.

Each fact might be questioned in such a way that the
particular summary could be recovered. Ideally we
would expect each question to elicit a precise infor-
mation point chosen for the summary — e.g., who
did it, when did it happen, what was the cause? The
question-answer set enabled us to gauge the most
relevant information as decided by the subjects, so
that their subjectiveness became apparent.

3.4 Full Sample

A ‘one line’ summary-questionnaire pair was pro-
duced for 51 broadcast news stories by each of the
four subjects. The statistics in Table 1 show the av-
erage number of words and characters for each sum-
mary. It is observed that Subjects A (6.1 characters /
word) and C (5.8) tended to use longer words than B



Subject #words  #characters  #guestions
A 16 113 3.7
B 17 99 35
C 12 81 2.4
D 21 131 3.0

Table 1. This table shows the average number of
words and characters for each summary, and the av-
erage number of questions per summary.

(4.9) and D (5.3). The table also shows how the av-
erage number of questions varies between subjects.

Table 2 shows a full sample. The complete news
story is found in the Appendix. The difference be-
tween the four summaries can be clearly observed.
One noticeable aspect is the amount of abstraction
preferred by various subjects. Both Subjects A and
D fully utilised words from the news story and made
a small amount of abstraction. In particular, Sub-
ject A chose to pick out a person (‘Fisher’) who
conducted the study, while D opted for specifics of
the study (‘dopamine’ — a responsible chemical).
On the other hand, Subjects B and C have rendered
their interpretation of the story in their own expres-
sions. They have produced a highly abstracted sum-
mary reflecting the sense of the story while ignoring
the specifics — nevertheless they were very different
from each other. All four summaries happen to be of
good quality, however it is the sheer divergence in
the words, the expressions and subjective interpreta-
tion that is striking.

Word usage among the subjects is also interest-
ing — eg., ‘visual images’ as against ‘physical
traits’; similarly ‘inner feelings’ as against ‘chem-
istry’. Such expressions and idioms are open for in-
terpretation, making it difficult to quantify the infor-
mativeness of any summary.

There also exist many factual news stories among
the 51 test stories. It is left for a future study to
compare between factual and non-factual news, in
particular about the amount of abstraction.

4 Cross Comprehension Test

Each question can extract a relevant answer from the
particular summary by the same author. If a ques-
tion set were applied to a different summary, some
answers may be discernible whereas others may not.
The cross comprehension test achieves this by swap-
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Subject A

Summary:

Fisher’s study claims we seek partners using unconscious

love maps; women prefer status, men go for physical traits.

Questions:

1. Who is the author of this study?

2. What claim does the researcher make concerning our
method for seeking a sexual partner?

3. What do women look for in men?

4. What do men go for?

Subject B

Summary:

Internal feelings of love between men and women are
unique; external features depend on culture.
Questions:

1. What are unique?

2. What is this topic about?

3. What differs between men and women?

4. Why does it differ?

Subject C

Summary:

Culture and chemistry both play a role in the science of
romance.

Questions:

1. What is being discussed?

2. What are the factors affecting the particular event?

Subject D

Summary:

Men are turned on by visual images and women are more
focused on someone’s character traits, based on dopamine.
Questions:

1. What do women look for in men?

2. What do men look for in women?

3. What is the chemical that controls attraction?

Table 2: Summary-questionnaire pairs produced
from broadcast news stories by four subjects.

ping a summary-questionnaire pair, i.e., each sum-
mary was paired with questions produced by differ-
ent authors. Figure 1 illustrates the way it works.

A single judge examines whether each question
can be answered by reading a swapped summary.
The judge is a person different from the four sum-
mary authors. Further, if the answer is found, it may
be relevant, partially relevant, or totally irrelevant to
the one expected by the author. Thus, the decision is
made from the following four options:

relevant: a relevant answer is found — the answer
is deemed to be relevant if it conveys the same
meaning as expected by the author even if a dif-
ferent expression is used,;

partially relevant: an answer is partially relevant;



[summary AJ [summary B } [summary C] [summary D}

question question question question
set A setB setC setD

Figure 1: The cross comprehension test swaps
summary-questionnaire pairs between subjects. For
example, a summary by Subject A may be ques-
tioned by those set by Subjects B, C, and D.

irrelevant: an answer is found, but is totally differ-
ent from that expected by the author.

not found: no answer is found.

Sample (re-visited). Table 3 shows the summary
and questions crossed from the sample in Table 2.
For example, when the ‘one line’ summary authored
by Subject A is matched with Subject B’s questions,
corresponding answers may be

1.7

2. seeking partners;

3. women prefer status, men go for physical traits;
4. unconscious love maps.

We may thus conclude answers are “not found’, “rel-
evant’, ‘irrdlevant’, and ‘partially relevant’ because,
from Table 2, actual answers sought by B were

1. internal feelings;

2. love between men and women;

3. external features;

4. cultural reason.
Compensating ill-framed questions. We are
aware that not all ‘one line’” summaries were well
written. For example, it may be difficult to reach
the expected answer (“external features’) for Question
3 by Subject B (“What differs between men and women?”)
by reading the summary from the same subject.
Moreover, subjects occasionally set a question that
could not be answered properly by reading the par-
ticular summary alone. By crossing the summary-
questionnaire pair, ill-framed questions are effec-
tively compensated, because they are equally posed
to all candidate summaries.

Judgement difficulty. One potential problem in
this scheme is the difficulty a judge may face when
choosing from the four options. A judge’s decision
can also be affected by subjectivity. Our assump-
tions are that (1) because there are only four options,
there is less room for the subjectivity in comparison
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Summary by Subject A:
Fisher’s study claims we seek partners using unconscious
love maps; women prefer status, men go for physical traits.

Questions by Subject B:

1. What are unique?  (N)

2. What is this topic about?  (R)

3. What differs between men and women? (1)
4. Why does it differ?  (P)

Questions by Subject C:
1. What is being discussed? (R)
2. What are the factors affecting the particular event?  (R)

Questions by subject D:

1. What do men look for in women?  (R)

2. What do women look for in men?  (R)

3. What is the chemical that controls attraction?  (N)

Table 3: What if the summary by Subject A is ques-
tioned by Subjects B, C, or D? (R), (P), (1), and (N)
after each question indicate the answer is relevant,
partialy relevant, irrelevant, and not found.

to the summary writing task, and that (2) a decision
between ‘relevant’ and ‘partially relevant’ and one
between ‘irrelevant’ and ‘not found’ are both not
very important because the former two are roughly
associated with commonly shared information and
the latter two correspond to the subjective part. Al-
though the following section shows results by a sin-
gle judge, we are currently conducting the same ex-
periments using multiple judges in order to quantify
our assumptions.

5 Evaluation Results

Each of the four ‘one line’ summaries from the 51
broadcast news stories were evaluated using three
sets of ‘crossed’ questions.

5.1 Summary Relevance

Figure 2(a) shows, when paired with questions by
other subjects, how many answers could be found
in a candidate summary. The figure indicates that
summaries authored by the different subjects con-
tained ‘relevant’ information for less than half (47%
overall average for four subjects) of questions. The
number goes up slightly (61%) if “partially relevant’
answers are included. The number of answers that
were ‘not found’ indicates the level of subjectivity
for this ‘summary writing’ exercise; more than one
third (35%) of information that one subject thought
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Figure 2: Summary relevance was measured when evaluated against questions by other subjects, while
questionnaire relevance was calculated when evaluated against summaries by other subjects.

was the most important was discarded by the oth-
ers. We surmise that ‘irrelevant’ answers were also
caused by the subjectivity; occasionally authors ar-
rived at contradictory summaries of the same story
due to its ambiguous nature. In such cases, ques-
tions were produced from that author’s subjective
view, and they certainly affected the relevance of a
summary by the other subject.

Another notable outcome of this experiment is
that the number of answers found ‘relevant’, ‘par-
tially relevant’ or ‘irrelevant” was 71%, 61%, 54%
and 73% for Subjects A, B, C, and D, respec-
tively. This seems roughly proportional to the av-
erage length of summaries by each subject (113, 99,
81, and 131 characters, respectively). The longer the
summary, the more information one can write in the
summary. It is thus hypothesised that only the sum-
mary length matters for finding the ‘relevant’ infor-
mation in summaries. Looking at this outcome from
a different perspective, there is no evidence that one
author was more subjective than the others.

5.2 Questionnaire Relevance

Figure 2(b) shows, when paired with summaries by
other subjects, how many candidate questions could
be answered. It is based on the same evaluation as
2(a), but observed from the different angle. Ap-
proximately the same number (55-59%) of ‘rele-
vant’, and ‘partially relevant’ answers were found
for Subjects A, B, and D. However, it was much
higher (80%) for Subject C. The reason seems to be
that this subject frequently set questions that might
accept a wide range of answers, while other sub-
jects tended to frame questions that required more
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specific information in the summary; e.g., Subject
C’s ‘what is being discussed?’ was a general ques-
tion that was more likely to have some answer than
Subject B’s question ‘what differs between men and
women?’.

5.3 Discussion

The overall number of ‘relevant’ and ‘partially rele-
vant’ answers found by the cross comprehension test
was just over 61% for four subjects. This accounts
for the amount of information that was agreed by all
the subjects as important. For more than one third of
summary contents, subjects had different opinions
about whether they should be in their ‘one line” sum-
maries, resulting in categories such as ‘irrelevant’ or
‘not found’. Occasionally these categories resulted
from ill-framed questions, but such questions were
infrequent. For most of the cases, they were caused
by the subjectivity of a different individual.

We noted earlier that only the summary length
matters and there is no evidence that one author was
more subjective than the others. It is probably be-
cause, given a clear instruction about the summary
length (i.e.,, roughly 100 characters for this task),
there is an upper bound for the amount of infor-
mation that anyone can fit into the summary, while
maintaining fluency. When the summary is short,
one has to make a serious decision about which im-
portant information should go into a summary, and
the decision often reflects one’s subjective thoughts.
Our argument is that, assuming the subject’s effort,
the amount of subjectivity was controlled by the
summary length constraints rather than an individ-
ual’s nature.



machine genarated human authored human authored
t summary summary X summary Y

human authored human authored
question set X question set Y

Figure 3: Evaluation of machine generated sum-
maries by the cross comprehension test.

The diversity of summaries caused by individual
subjectivity may be alleviated by carefully drafting
an instruction set. However it probably results in
a large list of instructions, and the drafting process
certainly will not be straightforward. Further, it is
not likely that we can ever completely remove the
subjectivity from human work. Indeed, if subjectiv-
ity disappeared from human authored summary by
well crafted instructions, it would be more like turn-
ing human activity into a mechanical process, rather
than a machine to simulate human work.

A non-trivial problem of the approach may be the
amount of human effort needed for evaluation. Pro-
duction of summary-questionnaire pairs may not be
difficult, as it is based on a simple instruction set and
even accepts ill-framed questions, but it still requires
human time. On the other hand, a judge’s role is the
most critical — it is labour intensive, and the effect
of potentially subjective judgement needs to be stud-
ied.

Although certainly not flawless, the cross com-
prehension test has its own advantage. A simple
instruction set is effective; it encourages authors to
make their best effort to put as much information
into a short summary. Most importantly, the test
is robust; it sometimes causes ill-framed questions,
but they can be compensated by relative comparison
achieved by crossing summary-questionnaire pairs.

6 Evaluation of Machine Generated
Summaries

The objective of this evaluation is to measure the in-
formation content of machine generated summaries
using a human authored summary as a yardstick.
Although very subjective for many cases, a human
summary can still be a reference if we do not treat
them as a “‘gold standard’.

The cross comprehension test of machine gener-
ated and human authored summaries is illustrated in
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M achine generated summary:
senate to vote to approve the expansion of north atlantic
treaty organisation to bigger nato means us obligations

Summary by subject B:
US Senate to decide on NATO expansion; US assesses
bigger NATO more arms deal but poor ties with Russia.

Questions by subject D:

1. What is happening to the NATO?
2. Who sees this move as a threat?
3. Who is bearing the main cost?

Table 4: Evaluation of machine and human authored
summaries using questions by the different subject.

Figure 3. Questions are set by the different author
from the one who wrote the summary. A human au-
thored summary may still be the best summary in
many respects, but it will no longer be considered
perfect. One may target the relevance level of the
human summary (e.g., 61% for the ‘one line’ sum-
mary task from the broadcast news stories) for auto-
matic summarisation research.

Table 4 shows one example from those with which
we are currently experimenting. Answers sought by
Subject D were ‘expansion’, ‘Russian’, and ‘Ameri-
can taxpayers’, respectively. Given this question set,
answers are ‘relevant’, ‘relevant’, and ‘not found’
for the summary by Subject B, and answers found in
the machine generated summary are ‘relevant’, ‘not
found’, and *not found’, respectively.

7 Conclusion

In this paper, we have presented the issue of hu-
man subjectivity when authoring summaries, with
regard to producing a simple, robust evaluation of
machine generated summaries. Applying the cross
comprehension test on human authored ‘one line’
summaries from broadcast news stories, we gauged
the level of subjectivity among four authors. The
instruction set was simple, thus there was enough
room for subjectivity. However the approach was ro-
bust because the test did not use the absolute score,
instead relying on relative comparison, effectively
alleviating the subjectivity. We also showed the ap-
proach to evaluating machine generated summaries.
The experiment using this scheme is currently un-
derway.
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Appendix

Attached below is a complete news story for the hu-
man authored summaries in Section 3. It is taken
from *ABC News’, aired on 13 February 1998, be-
tween 1830 and 1900 hours, where Peter Jennings
was in the studio, and John Mackenzie was report-
ing from Central Park:

“In case you had forgotten and probably you shouldn’t have
tomorrow is Valentine’s day. It is largely an American celebra-
tion though other parts of the world are picking up on it. We’re
told whether we are married or single male or female. We know
what we’re supposed to do don’t we? We thought tonight with-
out getting too serious about it we would take a closer look at
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the science of love. | confess that we never thought of it as sci-
ence until yesterday when we went across to the Central Park
Zoo here in New York to meet and have a conversation with Dr
Helen Fisher from Rutgers University in New Jersey. Dr Fisher
is a noted anthropologist who has been studying the behaviour
between men and women for many years.”

“Dr Fisher can I ask you is this really serious science that you
do?”

“1 think it’s serious yes. I’m interested in minding the brain
physiology of very basic human mating emotion attraction and
I think it comes out of nature.”

“Can you break down for me what the components of attraction
are?”

“It begins when a person takes on special meaning. Indeed you
focus on that individual. There’s another thing called intrusive
thinking. The person pops into your brain. Some people have
said | think about him or her eight five of the day. People also
focus on their sweetheart. They will remember a tiny little thing
that the person said or did. Just the way they toss their head
when they got off the bus or reached for the salt at the dinner
table. And then of course there’s that elation and that giddi-
ness and euphoria and that tremendous despair when the person
doesn’t call you. When men and women begin to fall in love
do they do it differently. Men tend to fall in love faster. | think
because men are more turned on by the visual image. A man
can scan a room and see a woman who really appeals to him.
The woman has to find out whether the man has he resources
whether he’s a find individual.”

“What are the visual traits for a man when he’s in this process?”
“The visual traits that a man will be attracted to will vary dra-
matically. We all grow up as small from childhood and we build
an unconscious love map. A whole list of traits that we are in-
dividually looking for in a mate. For example our father’s sense
of humour. The amount of chaos around the house. Subtle little
things will get into the brain and we will create almost a testi-
mony plate of what we are looking for.”

“Are different cultures attracted in different ways?”

“There are some ways in which people in every culture are at-
tracted in the same way. Men around the world are attracted to
women who give off signs of fertility. Clear skin bright eyes a
great personality the kinds of things that indicate that a woman
would be good at bearing his young. Women around the world
are interested in men who have resources status class money the
kinds of things that would help them rear their young. Around
the world both men and women are attracted to a face that is
symmetrical.”

“Doesn’t matter whether you are Asian or American?”

“No, you and I could go to New Guinea and you and | would be
able to pick out what we regarded as the most beautiful woman
in the village and the villagers would agree with us.”

“What’s the difference of the attraction being dominated by
brain and culture?”

“I think human beings evolve certain circuits in the brain that
light up when you see the right person. Those circuits are
largely associated with dopamine chemicals in the brain that
give you that sense of elation and giddiness and euphoria when
you see the right person. That’s the brain chemistry of ro-
mance.”

“But who you fall in love with when you fall in love where you
fall in love how you express your love that’s cultural?”

“That you learn.”
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Abstract

Evaluation measures for machine trans-
lation depend on several common meth-
ods, such as preprocessing, tokenization,
handling of sentence boundaries, and the
choice of a reference length. In this
paper, we describe and review some
new approaches to them and compare
these to state-of-the-art methods. We
experimentally look into their impact on
four established evaluation measures. For
this purpose, we study the correlation
between automatic and human evaluation
scores on three MT evaluation corpora.
These experiments confirm that the to-
kenization method, the reference length
selection scheme, and the use of sentence
boundaries we introduce will increase the
correlation between automatic and human
evaluation scores. We find that ignoring
case information and normalizing evalu-
ator scores has a positive effect on the
sentence level correlation as well.
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underlines the importance, but also the complexity
of finding a suitable evaluation measure for MT.
We will give a short overview of some measures in
section 2 of this paper.

Although most of these measures share similar
ideas and foundation, we observe that researchers
tend to approach problems common to several
measures differently from each other. A noteworthy
example here is the determination of a translation
reference length.

In section 3, we will have a look onto structural
similarities and differences among several measures,
focussing on common steps. We will show that
decisions taken about them can be as important to
the outcome of an evaluation, as the choice of the
evaluation measure itself.

To this end, we will study the performance
of each error measure and setting by comparison
with human evaluation on three different evaluation
tasks in section 4. These experiments will show
that sophisticated tokenization as well as adding
sentence boundaries and a good choice for the
reference lengths will improve correlation between
automatic and human evaluation significantly. Case
normalization and evaluator normalization are help-
ful only when evaluating on sentence level; system

1 Introduction level evaluation is not affected by these methods.

Machine translation (MT), as any other natural lan- _,Ib\fterzaldcljsctuhsismn ofrt?r;ase r;aiszlt(ss In section 5, we
guage processing (NLP) research subject, depen‘@fg conclude this paper in section ©.

on the evaluat_ion of its results. Unfor_tunat_ely,z Automatic evaluation measures

human evaluation of MT system output is a time

consuming and expensive task. This is why autoFhe majority of MT evaluation approaches are based

matic evaluation is preferred to human evaluation ion the distance or similarity of MT candidate output

the research community. to a set of reference translations, i.e. to sentences
Over the last years, a manifold of automatic evaluwhich are known to be correct. The lower this

ation measures has been proposed and studied. THistance is, or the higher the similarity, the better the

17

Proceedings of the ACL Workshop on Intrinsic and Extrinsic Evaluation Measures for Machine Translation
and/or Summarization, pages 17-24, Ann Arbor, June 2005. (©2005 Association for Computational Linguistics



candidate translations are considered to be, and thiikis distance is then normalized into an error rate,

the better the MT system. the FER, as described in section 2.1.1.
_ _ A promising approach is to compare bigram or
2.1 Evaluation measures studied arbitrary m-gram count vectors instead of unigram

Out of the vast amount of measures, we will focusount vectors only. This will take into account the
on the following measures that are widely used irdering of the words within a sentence implicitly,
research and in evaluation campaignse®VPeR, although not as strong as theB® does.
BLEU, and NsT.
Let a test set consist &f = 1,..., K candidate 213 BEU o _ o
sentences;, generated by an MT system. For BLEU (Papineni et al., 2001) is a precision
measure based om-gram count vectors. The

each candidate sentenég, we have a set of = RS - X
I precision is modified such that multiple references

1,..., Ry reference sentencds, ;. Let I; denote k g -
the length, andl; the reference length for each@'® combined into a single:-gram count vector,

sentences;. We will explain in section 3.3 how the ek = maX; i,k Multiple occurrences of an
reference length is calculated m-gram in the candidate sentence are counted as

With this, we write the total candidate length ove€O'Tect only up to the maximum occurrence count
the corpus ad = Y, I, and the total reference within the reference sentences. Typically, =

length asl™* := Y, I}. L4 _ |
Let n.m ;, denote the count of thew-gram e7” To avoid a bias towards short candidate sentences
1

within the candidate sentencEy: similarly let consisting of “safe guesses”_only, sente_nces s_horter
fiem . denote the same count within the referenc@an the reference length will be penalized with a

~ brevity penalty.
sentencel, ;. The totalm-gram count over the yP y
corpus is themm,, == > = > nem .

m
k ETEE]C 1 . ]
{wn ' (Sm+z Z mln(ne’anf ) negn,k)) }

k GTEEk

BLEU := lpgiey - gm

211 WER

The word error rate is defined as the Levenshtein _ _
distancely,(Ey, E, ;) between a candidate sentenceéVith the geometric meagmn and a brevity penalty

E, and a reference senten&,k, divided by the

ok I
reference lengtld;; for normalization. IpBLey = min(l, exp(l — _)>
For a whole candidate corpus with multiple I
references, we define theei to be: In the original B.Eu definition, the smoothing
1 . ~ term s, is zero. To allow for sentence-wise
WER:= 7 Zmrln A (. Er k) evaluation, Lin and Och (2004) define the-s
k measure withs; := 1 and s,,~1 :=0. We have

Note that the VER of a single sentence can beadopted this technique for this study.

calculated as the R for a corpus of sizd( = 1.
2.1.4 NsT

212 FER The NisT score (Doddington, 2002) extends
The position independent error rate (Tillmann ethe BLEU score by taking information weights of

al., 1997) ignores the ordering of the words withirthe m-grams into account. The INT information

a sentence. Independent of the word position, theeight is defined as

minimum number of deletions, insertions, and

substitutions to transform the candidate sentence

into the reference sentence is calculated. Using.., = ._ -

the countsne ., 7. of a worde in the candidate With et += ;ne?’k’r'

sentenceEy, and the reference sentengg ), we Note that the weight of a phrase occurring
can calculate this distance as in many references sentence for a candidate is

~ 1 - B i i
dper(Ep, By i) = = (‘Ik_1k| +Z\ne,k—ne,r,k\> considered to be lower than the weight of a phrase
2 - occurring only once!

Info(el") := —(logy Mem — logy 7:167171_1)
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The NIST score is the sum over all information On the same lines it is to be specified whether
counts of the co-occurringn-grams, summed up we consider words to be equal if they differ only

separately for eacln = 1,...,5 and normalized with respect to upper and lower case. For the
by the totalm-gram count. IWSLT evaluation, (Paul et al., 2004) give an
NIST := Ipnist Z introduction to how the handling of punctuation

and case information may affect automatic MT
evaluation.
) Also, a method to calculate the “reference
length” must specified if there are multiple reference
] ) ] _sentences of different length.
As in BLEU, there is a brevity penalty to avoid &  gjnce we want to compare automatic evaluation
bias towards short candidates: with human evaluation, we have to clarify some

m
1
(- E g min(nep g , e 1) - Info(el)
Nm

k GTEE)C

9 . I guestions about assessing human evaluation as well:
IpNnisT = exp(,@‘logQ min(1, ﬁ)) Large evaluation tasks are usually distributed to
log, 2 several human evaluators. To smooth evaluation
wheres := —10g2 3 noise, it is common practice to have each candidate
2

] ) ) sentence evaluated by at least two human judges in-
Due to the information weights, the value of thejependently. Therefore there are several evaluation
NIST score depends highly on the selection of thgcqres for each candidate sentence. We require a
reference corpus. This must be taken into accougfngle score for each system, though. Consequently,
when comparing NsT scores of different evaluation \ye "have to specify how to combine the evaluator
campaigns. scores into sentence scores and then the sentence
scores into a system score.

Different definitions of this will have a significant

Lin and Och (2004) introduce a family of threejmnnact on automatic and human evaluation scores.
measures named AUGE. ROUGE-S is a skip-

bigram F-measure. ®UGE-L and ROUGE-W are 3.1 Tokenization and punctuation

measures based on the length of the longest commep importance of punctuation as well as the
subsequence of the sentences.OURE-S Nas @ gyriciness of punctuation rules depends on the
structure similar to the bigramegr presented_ h_ere. language. In most western languages, correct
We expect RUGE-L and ROUGE-W to have similar - ncyation can vastly improve the legibility of

properties to VER. _ texts. Marks like full stop or comma separate words.
In (Leusch et al,, 2003), we have describe@her marks like apostrophes and hyphens can be
INVWER, a word error rate enhanced by block,seq t join words, forming new words by this. For
transposition edit operations.  As structure a”@xample, the spelling “There’s” is a contraction of
scores ofINVWER are similar to VR, we have «Thare is”.
omittediNvV WER experiments in this paper. Similar phenomena can be found in other lan-
guages, although the set of critical characters may
vary. Even when evaluating English translations, the
Although the general idea is clear, there are stitandidate sentences may contain source language
several details to be specified when implementingarts like proper names which should thus be treated
and using an automatic evaluation measure. We aaecording to the source language.
going to investigate the following problems: From the viewpoint of an automatic evaluation
The first detail we have to state more precisely imeasure, we have to decide which units we would
the term “word” in the above formulae. A commonconsider to be words of their own.
approach for western languages is to consider spaced/Me have studied four tokenization methods. The
as separators of words. The role of punctuatiosimplest method is keeping the original sentences,
marks in tokenization is arguable though. Aand considering only spaces as word separators.
punctuation mark can separate words, it can be pavtoreover, we can consider all punctuation marks to
of a word, and it can be a word of its own. Equallyseparate words but remove them completely then.
it can be irrelevant at all for evaluation. The mteval tool (Papineni, 2002) improves this

2.2 Other measures

3 Preprocessing and normalization
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BLEU incorporates a different method for the

Table 1: Tokenization methods studied determination of the reference length in its default

i (P)rlgml?l canddl_datqw d ot b implementation: Reference length here is the
al(c))vr¥g; fﬁét,é fo? sSr%." = reference sentence length which is closest to the
« Remove punctuation candidate length. If there is more than one the
Powell said Wed not be alone shortest of them is chosen.
that s for sure For measures based on the comparison of single
e Tokenization of punctuatiomfteval ) sentences such asBMN, PER, and ROUGE, at least
;%Vr\]’g” . S?r'](;t,sL if %ur%i be two more methods deserve consideration:
e Tokenization and treatment of abbreviations e The average length of the sentences with the
and contractions lowest absolute distance or highest similarity

Powell said : " we would not be to the candidate sentence. We call this method

alone ; that is for sure y R
average nearest-sentence length”.

scheme by keeping all punctuation marks as separate® The length of the sentence with the lowest
words except for decimal points and hyphens relative error rate or the highest relative
joining composita. We have extended this scheme  similarity. We call this method “best length”.

by implementing a treatment of common English ~ Note that when using this method, not the

contractions. Table 1 illustrates these methods. minimum absolute distance is used for the
o error rate, but the distance that leads to
3.2 Case sensitivity minimum relative error.

In western languages, maintaining correct uppeédther strategies studied by us, e.g. minimum

and lower case can improve the readability of dength of the reference sentences, did not show

text. Unfortunately, though the case of a wordany theoretical or experimental advantage over the

depends on the word class, classification is nehethods mentioned here. Thus we will not discuss

always unambiguous. What is more, the first worthem in this paper.

in a sentence is always written in upper case. This _

lowers the significance of case information in MT3-4 Sentence boundaries

evaluation, as even a valid reordering of worddhe position of a word within a sentence can be quite

between candidate and reference sentence may lesighificant for the correctness of the sentence.

to conflicting cases. Consequently, we investigated WER, INVWER, and ROUGE-L take into account

if and how case information can be exploited fothe ordering explicitly. This is not the case with

automatic evaluation. PER, BLEU, or NIST, although the positions of inner

words are regarded implicitly byn-gram overlap.

3.3 Reference length To model the position of words at the initial or the

Each automatic evaluation measure we have take@md of a sentence, one can enclose the sentence with

into account depends on the calculation of a refeartificial sentence boundary words. Although this

ence length: VER, PER, and FouGEare normalized is a common approach in language modelling, it

by it, whereas NsT or BLEU incorporate it for has to our knowledge not yet been applied to MT

the determination of the brevity penalty. In MT evaluation.

evaluation practise, there are multiple reference o

sentences for each candidate sentence, with differen Evaluator normalization

lengths each. It is thus not intuitively clear what thé=or human evaluation, it has to be specified how to

“reference length” is. handle evaluator bias, and how to combine sentence
A simple choice here is the average length of thecores into system scores.

reference sentences. Though this is modus operandiRegarding evaluator bias, even accurate evalua-

for NisT, itis problematic with brevity penalty or F- tion guidelines will not prevent a measurable dis-

measure based scores, as even candidate sentermrepancy between the scores assigned by different

that are identical to a shorter-than-average referenbeman evaluators.

sentence —which we would intuitively considertobe The 2003 TIDES/MT evaluation may serve as

“optimal” — will then receive a sub-optimal score. an example here: Since the candidate sentences of
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Table 2: Corpus statistics

f; - TIDES CE | TIDES AE | BTEC CE
% z?Z 5 Source language Chinese Arabic Chinese
e 2 - Z I m 4 Target language English English English
S 3 Sentences 919 663 500
ég - AL e 2 Running words 25784 17763 3632
a9 44 01 Punctuation marks 3760 2698 610
© 3 44 Ref. translations 4 4 16
g Aéﬁ Avg. ref. length 28.1 26.8 7.3
S| ZZ Candidate systems 7 6 11
x o A

A >
o | || .
s~  Raaor 4 Experimental results

Figure 1: Distribution of adequacy assessments fi

% assess the impact of the mentioned preprocessin
each human evaluator. TIDES CE corpus. P prep g

steps, we calculated scores for several automatic
evaluation measures with varying preprocessing,
the participating systems were randomly distributedeference length calculation, etc. on three eval-
among ten human evaluators, one would expect thetion test sets from international MT evaluation
assessed scores to be independent of the evaluat@mpaigns. We then compared these automatic eval-
Figure 1 indicates that this is indeed not the cas@ation results with human evaluation of adequacy
as the evaluators can clearly be distinguished by thend fluency by determining a correlation coefficient
amount of good and bad marks they assessed.  between human and automatic evaluation. We

(0,1) evaluator normalization overcomes thischose Pearson’s for this. Although all evaluation
bias: For each human evaluator the average sentermoeasures were calculated using length weighting,
score given by him or her and its variance arave did not do any weighting when calculating the
calculated. These assignments are then normalizeentence level correlation.
to (0,1) expectation and standard deviation (Dod- Regarding then-gram FER, we had studiedn-
dington, 2003), separately for each evaluator. gram lengths of up to 8 both separately and in com-

Evaluator normalization should be unnecessargination with shortern-gram lengths in previous
for system evaluation, as the evaluator biasegxperiments. However, an-gram length of greater
tend to cancel out over the large amount ofhan 4 did not show noteworthy correlation. For this,
candidate sentences if the alignment of evaluatowge will leave out these results in this paper.
and systems is random enough. Moreover, with For the sake of clarity, we will also leave
(0, 1) normalization the calculated system scores a@ut measures that behave very similarly to akin
relative, not absolute scores. As such they can oniyeasures e.g.INVWER and WER, 2-PER and 1-
be compared with scores out of the same evaluatioRER, or BLEU and BLEU-s.

Whereas the assessments by the human evaluator§ince WER and FER are error measures, whereas
are given on the sentence level, our interest madyLEU and NsT are similarity measures, the
lie on the evaluation of whole candidate systemgorrelation coefficients with human evaluation will
Depending on the number of assessments pbave opposite signs. For convenience, we will look
candidate sentence, different combination method the absolute coefficients only.
for the sentence scores can be considered for this,

e.g. mean or median. As our data consisted on Corpora
of two or three human assessments per sentence, Bi®m the 2003 TIDES evaluation campaign we
have only applied the mean in our experiments. included both the Chinese-English and the Arabic-

It has to be defined how a system score iE&nglish test corpus in our experiments. Both were
calculated from the sentence scores. All of th@rovided with adequacy and fluency scores between
automatic evaluation measures implicitly weight thd and 5 for seven and six candidate sets respectively.
candidate sentences by their length. Consequently,As we wanted to perform experiments on a corpus
we applied for the human evaluation scores with a larger amount of MT systems, we also
weighting by length on sentence level as well. included the IWSLT BTEC 2004 Chinese-English
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evaluation (Akiba et al., 2004). We restricted our o w wer B BLEUS no normalizatior

experiments to the eleven MT systems that had bee® P PER B normalization

trained on a common training corpus. WPB WP B
Corpus statistics can be found in table 2. ]

©
(=)

4.2 Experimental baseline 7
<

In our first experiment we studied the correlation ©
of the different evaluation measures with human,
evaluation at “baseline” conditions. These included®
no sentence boundaries, but tokenization with_

treatment of abbreviations, see table 1. ForS ~ TIDES TIDES TIDES  TIDES
sentence evaluation, conditions included evaluator CE AE CE AE
normalization. Case information was removed. Weigure 3: Effect of evaluator normalization.
used these settings in the other experiments, too,likft: sentencesight: system level correlation.
not stated otherwise.

Figure 2 shows the correlation between automaﬂioz W WER B BLEUS use case
and human scores. On the TIDES corpora the® PPER % ignore casg
system level correlation is particularly high, ata _wers wers wes WPBWPB WPB
moderate sentence level correlation. We assume |
the latter is due to the poor sentence inter-annotator |
agreement on these corpora, which is then smootheg
out on system level. On the BTEC corpus® |
a high sentence level correlation accompanies a |
significantly lower system level correlation. Note s
that due to the much lower number of samples on -
_the system level (e.g. 5 vs. _5500), small qhangeg e el e e e e
in the sentence level correlation are more likely to CE AE CE CE AE CE
be significant than such changes on system levetigure 4: Effect of case normalization.

We have verified these effects by inspecting the rankeft: sentenceright: system level correlation.
correlation on both levels, as well as by experiments

on other corpora. Although these experiment§Or the sake of clarity
support our findings, we have omitted results here '

4.3 Evaluator normalization
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measure showed a behavior very similar to that of
the other measures and is thus left out in the graph.
The correlation of all automatic measures both with

fluency and with adequacy increases significantly
at sentence level (figure 3). We do not notice a
positive effect on system level, which confirms the

assumption stated in section 3.5.
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AE  CE CE AE CE The impact of case information was analyzed in our
Figure 2: Pearson correlation coefficient betweeRext experiment. Figure 4 (again without thesM

automatic and human evaluation. Bars indicattheasure as it shows a similar behavior to the other
correlation with adequacy, circles with fluencymeasures) indicates that it is advisable to disregard
Score. case information when looking into adequacy on
Left: sentenceright: system level correlation. sentence level. Surprisingly, this also holds for
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Figure 5: Effect of different tokenization steps. Figure 7: Effect of sentence boundaries.
Left: sentencesight: system level correlation. Left: sentencesight: system level correlation.

fluency. We do no find a clear tendency on whethefVER here, taking the length of the sentence leading
or not to regard case information at system level. t0 the best score leads to the best correlation with
Figure 5 indicates that the way of handling?oth fluency and adequacy. Taking the average
punctuation we proposed does pay off when evalength instead seems to be the worst choice.
uating adequacy. For fluency our results were For brevity penalty based measures, the effect is
contradictory: A slight decrease on the Arabiclot as clear: On both TIDES corpora there is no
English corpus is accompanied by a slight decay otignificant difference in correlation between using
the Chinese-English corpus. We did not investigatde average length and the nearest length. On
the BTEC corpus here as most systems sticked to tfe¢ BTEC corpus, choosing the nearest sentence

tokenization guidelines for this evaluation. length leads to a significantly higher correlation than
choosing the average length. We assume this is due
4.5 Reference length to the high number of reference sentences on this

. corpus.
The dependency of evaluation measures on the P

selection of reference lengths is rarely covered in g Sentence boundaries
the literature. However, as we can see in figure (%\ . . :
X o L ) s sentence boundaries will only influeneegram
our experiments indicate a significant impact. The .
count vector based measures, we have restricted
selected three methods here are the default for . . o iorameR BLEU-S. and NST
WER/PER, NIST, and B.EU, respectively. For the P 9 ' ;

) : ere. Including sentence boundaries (figure 7)
distance based evaluation measures, represented a?é " : .
has a positive effect on correlation with fluency

and adequacy for both bigrameR and BLEU-S.

O WWER m N NIST 75 averageE best Sentence initials seem to be more important than
M BBLEUS @ nearest sentence ends here. For thesN measure, we do
_WBNWENWEBN O _WBNWBNWEN not find any significant effect.
g . EY < cussi
S a8 5 Discussion
5 = é In a perfect MT world, any dependency of an
< } evaluation on case information or tokenization
N ° g should be inexistent, as MT systems already have
° g } to deal with both in the translation process, and
5 5 é o | could b_e deS|gne_d to p_rod_uce output accordlng_ to
S S " TIDES TIDES BTEC evaluation campaign guidelines. Once all translation
CE AE CE AE CE systems stick to the same specifications, no further
Figure 6: Effect of different reference Iengths. preprocessing steps should be necessary.
Left: sentenceright: system level correlation. In practice there will be some systems that step
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out of line. If we then choose strict rules regardingentence evaluation. On sentence level, evaluator
case information and punctuation, automatic errarormalization can improve the correlation between
measures will penalize these systems rather ham tomatic and human evaluation.
whereas penalty is rather low if we choose lax ones.

In this situation case information will have aACknowledgements

large effect on the correlation between automati¢nis work was partially funded by the Deutsche
and human evaluation, depending on whether the,rschungsgemeinschaft (DFG) under the project
involved candidate systems will have a good or & bagstatistische Testbersetzung” (Ne572/5) and by the
human evaluation. It is vital to keep this in mindgropean Union under the integrated project TC-
when drawing conclusions here regarding syste§tar — Technology and Corpora for Speech to

evaluation, despite the obvious importance of casgneech Translation (IST-2002-FP6-506738).
information in natural languages.
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distance based measures instead, it seems advisablf1achine translation evaluation. Rroc. MT Summit
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Abstract

Automatic evaluation of machine transla-
tion, based on computing n-gram similar-
ity between system output and human ref-
erence translations, has revolutionized the
development of MT systems. We explore
the use of syntactic information, includ-
ing constituent labels and head-modifier
dependencies, in computing similarity be-
tween output and reference. Our results
show that adding syntactic information
to the evaluation metric improves both
sentence-level and corpus-level correla-
tion with human judgments.

1 Introduction

Evaluation has long been a stumbling block in the
development of machine translation systems, due to
the simple fact that there are many correct transla-
tions for a given sentence. Human evaluation of sys-
tem output is costly in both time and money, leading
to the rise of automatic evaluation metrics in recent
years. The most commonly used automatic evalua-
tion metrics, BLEU (Papineni et al., 2002) and NIST
(Doddington, 2002), are based on the assumption
that “The closer a machine translation is to a profes-
sional human translation, the better it is” (Papineni
et al., 2002). For every hypothesis, BLEU computes
the fraction of n-grams which also appear in the ref-
erence sentences, as well as a brevity penalty. NIST
uses a similar strategy to BLEU but further consid-
ers that n-grams with different frequency should be
treated differently in the evaluation. It introduces the
notion of information weights, which indicate that
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rarely occurring n-grams count more than those fre-
quently occurring ones in the evaluation (Dodding-
ton, 2002). BLEU and NIST have been shown to
correlate closely with human judgments in ranking
MT systems with different qualities (Papineni et al.,
2002; Doddington, 2002).

In the 2003 Johns Hopkins Workshop on Speech
and Language Engineering, experiments on MT
evaluation showed that BLEU and NIST do not cor-
relate well with human judgments at the sentence
level, even when they correlate well over large test
sets (Blatz et al., 2003). Kulesza and Shieber (2004)
use a machine learning approach to improve the cor-
relation at the sentence level. Their method, based
on the assumption that higher classification accuracy
in discriminating human- from machine-generated
translations will yield closer correlation with hu-
man judgments, uses support vector machine (SVM)
based learning to weight multiple metrics such as
BLEU, NIST, and WER (minimal word error rate).
The SVM is trained for differentiating the MT hy-
pothesis and the professional human translations,
and then the distance from the hypothesis’s metric
vector to the hyper-plane of the trained SVM is taken
as the final score for the hypothesis.

While the machine learning approach improves
correlation with human judgments, all the metrics
discussed are based on the same type of information:
n-gram subsequences of the hypothesis translations.
This type of feature cannot capture the grammatical-
ity of the sentence, in part because they do not take
into account sentence-level information. For exam-
ple, a sentence can achieve an excellent BLEU score
without containing a verb. As MT systems improve,
the shortcomings of n-gram based evaluation are be-
coming more apparent. State-of-the-art MT output

Proceedings of the ACL Workshop on Intrinsic and Extrinsic Evaluation Measures for Machine Translation
and/or Summarization, pages 25-32, Ann Arbor, June 2005. (©2005 Association for Computational Linguistics
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Figure 1: Syntax Trees of the Examples

often contains roughly the correct words and con-
cepts, but does not form a coherent sentence. Often
the intended meaning can be inferred; often it can-
not. Evidence that we are reaching the limits of n-
gram based evaluation was provided by Charniak et
al. (2003), who found that a syntax-based language
model improved the fluency and semantic accuracy
of their system, but lowered their BLEU score.

With the progress of MT research in recent years,
we are not satisfied with the getting correct words
in the translations; we also expect them to be well-
formed and more readable. This presents new chal-
lenges to MT evaluation. As discussed above, the
existing word-based metrics can not give a clear
evaluation for the hypothesis’ fluency. For exam-
ple, in the BLEU metric, the overlapping fractions
of n-grams with more than one word are considered
as a kind of metric for the fluency of the hypothesis.
Consider the following simple example:

Reference: I had a dog.
Hypothesis 1: I have the dog.
Hypothesis 2: A dog I had.

If we use BLEU to evaluate the two sentences, hy-
pothesis 2 has two bigrams a dog and | had which
are also found in the reference, and hypothesis 1 has
no bigrams in common with the reference. Thus hy-
pothesis 2 will get a higher score than hypothesis 1.
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The result is obviously incorrect. However, if we
evaluate their fluency based on the syntactic simi-
larity with the reference, we will get our desired re-
sults. Figure 1 shows syntactic trees for the example
sentences, from which we can see that hypothesis 1
has exactly the same syntactic structure with the ref-
erence, while hypothesis 2 has a very different one.
Thus the evaluation of fluency can be transformed as
computing the syntactic similarity of the hypothesis
and the references.

This paper develops a number of syntactically
motivated evaluation metrics computed by automat-
ically parsing both reference and hypothesis sen-
tences. Our experiments measure how well these
metrics correlate with human judgments, both for in-
dividual sentences and over a large test set translated
by MT systems of varying quality.

2 Evaluating Machine Tranglation with
Syntactic Features

In order to give a clear and direct evaluation for the
fluency of a sentence, syntax trees are used to gen-
erate metrics based on the similarity of the MT hy-
pothesis’s tree and those of the references. We can’t
expect that the whole syntax tree of the hypothesis
can always be found in the references, thus our ap-
proach is to be based on the fractions of the subtrees



which also appear in the reference syntax trees. This
idea is intuitively derived from BLEU, but with the
consideration of the sparse subtrees which lead to
zero fractions, we average the fractions in the arith-
metic mean, instead of the geometric mean used
in BLEU. Then for each hypothesis, the fractions
of subtrees with different depths are calculated and
their arithmetic mean is computed as the syntax tree
based metric, which we denote as “subtree metric”
STM:

D
l ZtEsubtreesn(hyp) COuntChp(t)
D n=1 Z:tesubtreesn(hyp) Count(t)

where D is the maximum depth of subtrees con-
sidered, count(¢) denotes the number of times sub-
tree ¢ appears in the candidate’s syntax tree, and
countip(t) denotes the clipped number of times
t appears in the references’ syntax trees. Clipped
here means that, for a given subtree, the count com-
puted from the hypothesis syntax tree can not exceed
the maximum number of times the subtree occurs in
any single reference’s syntax tree. A simple exam-
ple with one hypothesis and one reference is shown
in Figure 2. Setting the maximum depth to 3, we
go through the hypothesis syntax tree and compute
the fraction of subtrees with different depths. For
the 1-depth subtrees, we get S, NP, VP, PRON, V,
NP which also appear in the reference syntax tree.
Since PRON only occurs once in the reference, its
clipped count should be 1 rather than 2. Then we
get 6 out of 7 for the 1-depth subtrees. For the 2-
depth subtrees, we get S—NP VP, NP—PRON, and
VP—V NP which also appear in the reference syntax
tree. For the same reason, the subtree NP—PRON
can only be counted once. Then we get 3 out of 4
for the 2-depth subtree. Similarly, the fraction of
3-depth subtrees is 1 out of 2. Therefore, the final
score of STM is (6/7+3/4+1/2)/3=0.702.

While the subtree overlap metric defined above
considers only subtrees of a fixed depth, subtrees of
other configurations may be important for discrimi-
nating good hypotheses. For example, we may want
to look for the subtree:

STM =
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to find sentences with transitive verbs, while ignor-
ing the internal structure of the subject noun phrase.
In order to include subtrees of all configurations in
our metric, we turn to convolution kernels on our
trees. Using H (z) to denote the vector of counts of
all subtrees found in tree x, for two trees T4 and 15,
the inner product H(T}) - H(T5) counts the number
of matching pairs of subtrees of 77 and 75. Collins
and Duffy (2001) describe a method for efficiently
computing this dot product without explicitly com-
puting the vectors H, which have dimensionality ex-
ponential in the size of the original tree. In order to
derive a similarity measure ranging from zero to one,
we use the cosine of the vectors H:

_ H) - H(T)
cos(Th, Tz) = |H(Th)|[H(T3))|

Using the identity

[H(Th)| =/ H(T1) - H(Th)

we can compute the cosine similarity using the ker-
nel method, without ever computing the entire of
vector of counts H. Our kernel-based subtree metric
TKM is then defined as the maximum of the cosine
measure over the references:

TKM = max cos(hyp, t)
teref

The advantage of using the tree kernel is that it
can capture the similarity of subtrees of different
shapes; the weak point is that it can only use the
reference trees one by one, while STM can use them
simultaneously. The dot product also weights indi-
vidual features differently than our other measures,
which compute overlap in the same way as does
BLEU. For example, if the same subtree occurs 10
times in both the hypothesis and the reference, this
contributes a term of 100 to the dot product, rather
than 10 in the clipped count used by BLEU and by
our subtree metric STM.

2.1 Dependency-Based Metrics

Dependency trees consist of trees of head-modifier
relations with a word at each node, rather than just
at the leaves. Dependency trees were found to corre-
spond better across translation pairs than constituent
trees by Fox (2002), and form the basis of the ma-
chine translation systems of Alshawi et al. (2000)



reference: S
/\
NP VP
| RN
PRON \% NP
///A\\\
ART N

hypothesis: S

N

NP VP
| N
PRON \% NP
PR|ON

Figure 2: Examples for the Computation of STM

and Lin (2004). We derived dependency trees from
the constituent trees by applying the determinis-
tic headword extraction rules used by the parser of
Collins (1999). For the example of the reference
syntax tree in Figure 2, the whole tree with the root
S represents a sentence; and the subtree NP—ART N
represents a noun phrase. Then for every node in the
syntax tree, we can determine its headword by its
syntactic structure; from the subtree NP—ART N,
for example, the headword selection rules chose the
headword of NP to be word corresponding to the
POS N in the subtree, and the other child, which cor-
responds to ART, is the modifier for the headword.
The dependency tree then is a kind of structure con-
stituted by headwords and every subtree represents
the modifier information for its root headword. For
example, the dependency tree of the sentence | have
a red pen is shown as below.

have
T
I pen
S
a red

The dependency tree contains both the lexical and
syntactic information, which inspires us to use it for
the MT evaluation.

Noticing that in a dependent tree the child
nodes are the modifier of its parent, we propose
a dependency-tree based metric by extracting the
headwords chains from both the hypothesis and the
reference dependency trees. A headword chain is
a sequence of words which corresponds to a path
in the dependency tree. Take the dependency tree
in Figure 2 as the example, the 2-word headword
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chains include have I, have pen, pen a, and pen
red. Before using the headword chains, we need
to extract them out of the dependency trees. Fig-
ure 3 gives an algorithm which recursively extracts
the headword chains in a dependency tree from short
to long. Having the headword chains, the headword
chain based metric is computed in a manner similar
to BLEU, but using n-grams of dependency chains
rather than n-grams in the linear order of the sen-
tence. For every hypothesis, the fractions of head-
word chains which also appear in the reference de-
pendency trees are averaged as the final score. Using
HWCM to denote the headword chain based metric,
it is computed as follows:

HWCM = i i Zg@:hainn(hy;z)) COuntclip (g)

D n=1 ZgEChainn(hyp) COunt(g)

where D is chosen as the maximum length chain
considered.

We may also wish to consider dependency rela-
tions over more than two words that are contigu-
ous but not in a single ancestor chain in the depen-
dency tree. For this reason, the two methods de-
scribed in section 3.1 are used to compute the simi-
larity of dependency trees between the MT hypothe-
sis and its references, and the corresponding metrics
are denoted DSTM for dependency subtree metric
and DTKM for dependency tree kernel metric.

3 Experiments

Our testing data contains two parts. One part is a set
of 665 English sentences generated by a Chinese-
English MT system. And for each MT hypothesis,
three reference translations are associated with it.



Input: dependency tree T, maximum length N of the headword chain

Output: headword chains from length 1 to N

fori=1toN
for every node nin T
ifi ==

add n’s word to nN’s 1 word headword chains;

else
for every direct child c of n

for every i-1 words headword chain hc of ¢

newchain = joint(n’s word, hc);

add newchain to the i words headword chains of n;

endfor
endfor
endif
endfor
endfor

Figure 3: Algorithm for Extracting the Headword Chains

The human judgments, on a scale of 1 to 5, were col-
lected at the 2003 Johns Hopkins Speech and Lan-
guage Summer Workshop, which tells the overall
quality of the MT hypotheses. The translations were
generated by the alignment template system of Och
(2003). This testing set is called JHU testing set
in this paper. The other set of testing data is from
MT evaluation workshop at ACLO5. Three sets of
human translations (EO1, E03, EO4) are selected as
the references, and the outputs of seven MT systems
(E9 E11 E12 E14 E15 E17 E22) are used for testing
the performance of our syntactic metrics. Each set
of MT translations contains 929 English sentences,
each of which is associated with human judgments
for its fluency and adequacy. The fluency and ade-
quacy scores both range from 1 to 5.

3.1 Sentence-level Evaluation

Our syntactic metrics are motivated by a desire to
better capture grammaticality in MT evaluation, and
thus we are most interested in how well they cor-
relate with human judgments of sentences’ fluency,
rather than the adequacy of the translation. To
do this, the syntactic metrics (computed with the
Collins (1999) parser) as well as BLEU were used
to evaluate hypotheses in the test set from ACL05
MT workshop, which provides both fluency and ad-
equacy scores for each sentence, and their Pearson
coefficients of correlation with the human fluency
scores were computed. For BLEU and HWCM, in
order to avoid assigning zero scores to individual
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Max
Length/

Depth | BLEU HWCM STM DSTM
110126 0.130 _ —
210132 0.142 0.142 0.159
310117 0.157 0.147 0.150
410.093 0.153 0.136 0.121

kernel 0.065 0.090

Table 1: Correlation with Human Fluency Judg-
ments for E14

sentences, when precision for n-grams of a particu-
lar length is zero we replace it with an epsilon value
of 1073. We choose E14 and E15 as two repre-
sentative MT systems in the ACL05 MT workshop
data set, which have relatively high human scores
and low human scores respectively. The results are
shown in Table 1 and Table 2, with every metric
indexed by the maximum n-gram length or subtree
depth. The last row of the each table shows the tree-
kernel-based measures, which have no depth param-
eter to adjust, but implicitly consider all depths.
The results show that in both systems our syntac-
tic metrics all achieve a better performance in the
correlation with human judgments of fluency. We
also notice that with the increasing of the maximum
length of n-grams, the correlation of BLEU with hu-
man judgments does not necessarily increase, but
decreases in most cases. This is contrary to the argu-
ment in BLEU which says that longer n-grams bet-
ter represent the sentences’ fluency than the shorter



Max Max
Length/ Length/

Depth | BLEU HWCM STM DSTM Depth | BLEU HWCM STM DSTM
110122 0.128 —_— —_— 1]0.176 0.191 —_— —_—
210.094 0.120 0.134 0.137 210.185 0.195 0.171 0.193
310073 0.119 0.144 0.124 310169 0.202 0.168 0.175
4 10.048 0.113 0.143 0.121 4 10.137 0.199 0.158 0.143

kernel 0.089 0.066 kernel 0.093 0.127

Table 2: Correlation with Human Fluency Judg-
ments for E15

ones. The problem can be explained by the limi-
tation of the reference translations. In our exper-
iments, every hypothesis is evaluated by referring
to three human translations. Since the three human
translations can only cover a small set of possible
translations, with the increasing of n-gram length,
more and more correct n-grams might not be found
in the references, so that the fraction of longer n-
grams turns to be less reliable than the short ones
and hurts the final scores. In the the corpus-level
evaluation of a MT system, the sparse data problem
will be less serious than in the sentence-level evalu-
ation, since the overlapping n-grams of all the sen-
tences and their references will be summed up. So
in the traditional BLEU algorithm used for corpus-
level evaluation, a maximum n-gram of length 4 or 5
is usually used. A similar trend can be found in syn-
tax tree and dependency tree based metrics, but the
decreasing ratios are much lower than BLEU, which
indicates that the syntactic metrics are less affected
by the sparse data problem. The poor performance
of tree-kernel based metrics also confirms our argu-
ments on the sparse data problem, since the kernel
measures implicitly consider the overlapping ratios
of the sub-trees of all shapes, and thus will be very
much affected by the sparse data problem.

Though our syntactic metrics are proposed for
evaluating the sentences’ fluency, we are curious
how well they do in the overall evaluation of sen-
tences. Thus we also computed each metric’s cor-
relation with human overall judgments in E14, E15
and JHU testing set. The overall human score for
each sentence in E14 and E15 is computed by sum-
ming up its fluency score and adequacy score. The
results are shown in Table 3, Table 4, and Table
5. We can see that the syntactic metrics achieve
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Table 3: Correlation with Human Overall Judgments
for E14

Max
Length/

Depth | BLEU HWCM STM DSTM
1]0.146 0.152 —_— —_—
210124 0.142 0.148 0.152
310095 0.144 0.151 0.139
41 0.067 0.137 0.144 0.137

kernel 0.098 0.084

Table 4: Correlation with Human Overall Judgments
for E15

competitive correlations in the test, among which
HWCM, based on headword chains, gives better
performances in evaluation of E14 and E15, and a
slightly worse performance in JHU testing set than
BLEU. Just as with the fluency evaluation, HWCM
and other syntactic metrics present more stable per-
formance as the n-gram’s length (subtree’s depth)
increases.

3.2 Corpus-leve Evaluation

While sentence-level evaluation is useful if we are
interested in a confidence measure on MT outputs,
corpus level evaluation is more useful for comparing

Max
Length/

Depth | BLEU HWCM STM DSTM
110536 0.502 — —_—
210562 0.555 0.515 0.513
310513 0538 0.529 0.477
410453 0510 0.497 0.450

kernel 0.461 0.413

Table 5: Correlation with Human Overall Judgments
for JHU Testing Set



Max
Length/

Depth | BLEU HWCM STM DSTM
110629 0.723 _ —
210683 0.757 0.538 0.780
310724 0.774 0.597 0.780
410753 0.778 0.612 0.788
510.781 0.780 0.618 0.778
6 |0.763 0.778 0.618 0.782

kernel 0.539 0.875

Table 6: Corpus-level Correlation with Human

Overall Judgments (E9 E11 E12 E14 E15 E17 E22)

MT systems and guiding their development. Does
higher sentence-level correlation necessarily indi-
cate higher correlation in corpus-level evaluation?
To answer this question, we used our syntactic met-
rics and BLEU to evaluate all the human-scored MT
systems (E9 E11 E12 E14 E15 E17 E22) in the
ACLO05 MT workshop test set, and computed the
correlation with human overall judgments. The hu-
man judgments for an MT system are estimated by
summing up each sentence’s human overall score.
Table 6 shows the results indexed by different n-
grams and tree depths.

We can see that the corpus-level correlation and
the sentence-level correlation don’t always corre-
spond. For example, the kernel dependency subtree
metric achieves a very good performance in corpus-
level evaluation, but it has a poor performance in
sentence-level evaluation. Sentence-level correla-
tion reflects the relative qualities of different hy-
potheses in a MT system, which does not indicate
any information for the relative qualities of differ-
ent systems. If we uniformly decrease or increase
every hypothesis’s automatic score in a MT sys-
tem, the sentence-level correlation with human judg-
ments will remain the same, but the corpus-level cor-
relation will be changed. So we might possibly get
inconsistent corpus-level and sentence-level correla-
tions.

From the results, we can see that with the increase
of n-grams length, the performance of BLEU and
HWCM will first increase up to length 5, and then
starts decreasing, where the optimal n-gram length
of 5 corresponds to our usual setting for BLEU algo-
rithm. This shows that corpus-level evaluation, com-
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pared with the sentence-level evaluation, is much
less sensitive to the sparse data problem and thus
leaves more space for making use of comprehen-
sive evaluation metrics. We speculate this is why the
kernel dependency subtree metric achieves the best
performance among all the metrics. We can also see
that HWCM and DSTM beat BLEU in most cases
and exhibit more stable performance.

An example hypothesis which was assigned a
high score by HWCM but a low score by BLEU is
shown in Table 7. In this particular sentence, the
common head-modifier relations “aboard «+— plane”
and “plane < the” caused a high headword chain
overlap, but did not appear as common n-grams
counted by BLEU. The hypothesis is missing the
word “fifth”, but was nonetheless assigned a high
score by human judges. This is probably due to its
fluency, which HWCM seems to capture better than
BLEU.

4 Conclusion

This paper introduces several syntax-based metrics
for the evaluation of MT, which we find to be par-
ticularly useful for predicting a hypothesis’s fluency.
The syntactic metrics, except the kernel based ones,
all outperform BLEU in sentence-level fluency eval-
uation. For the overall evaluation of sentences for
fluency and adequacy, the metric based on headword
chain performs better than BLEU in both sentence-
level and corpus-level correlation with human judg-
ments. The kernel based metrics, though poor in
sentence-level evaluation, achieve the best results in
corpus-level evaluation, where sparse data are less
of a barrier.

Our syntax-based measures require the existence
of a parser for the language in question, however it
is worth noting that a parser is required for the tar-
get language only, as all our measures of similarity
are defined across hypotheses and references in the
same language.

Our results, in particular for the primarily struc-
tural STM, may be surprising in light of the fact
that the parser is not designed to handle ill-formed
or ungrammatical sentences such as those produced
by machine translation systems. Modern statistical
parsers have been tuned to discriminate good struc-
tures from bad rather than good sentences from bad.



hyp

Diplomats will be aboard the plane to return home .

refl Diplomats are to come back home aboard the fifth plane .
ref2  Diplomatic staff would go home in a fifth plane .
ref3  Diplomatic staff will take the fifth plane home .

Table 7: An example hypothesis in the ACLO5-MTE workshop which was assigned a high score by HWCM
(0.511) but a low score by BLEU (0.084). Both human judges assigned a high score (4).

Indeed, in some recent work on re-ranking machine
translation hypotheses (Och et al., 2004), parser-
produced structures were not found to provide help-
ful information, as a parser is likely to assign a good-
looking structure to even a lousy input hypothesis.

However, there is an important distinction be-
tween the use of parsers in re-ranking and evaluation
—in the present work we are looking for similarities
between pairs of parse trees rather than at features
of a single tree. This means that the syntax-based
evaluation measures can succeed even when the tree
structure for a poor hypothesis looks reasonable on
its own, as long as it is sufficiently distinct from the
structures used in the references.

We speculate that by discriminatively training
weights for the individual subtrees and headword
chains used by the syntax-based metrics, further im-
provements in evaluation accuracy are possible.
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Abstract

The research below explores schemes for
evaluating automatic summaries of busi-
ness meetings, using the ICSI Meeting

University of Edinburgh
Edinburgh, United Kingdom

of meeting speech. If it is determined that the two
types of evaluations correlate strongly, then ROUGE
will likely be a valuable and robust evaluation tool in
the development stage of a summarization system,
when the cost of frequent human evaluations would

Corpus (Janin et al., 2003). Both au- be prohibitive.
tomatic and subjective evaluations were
carried out, with a central interest be-
ing whether or not the two types of eval-
uations correlate with each other. The
evaluation metrics were used to compare
and contrast differing approaches to au-
tomatic summarization, the deterioration
of summary quality on ASR output ver-
sus manual transcripts, and to determine
whether manual extracts are rated signifi-
cantly higher than automatic extracts.

Three basic approaches to summarization are
evaluated and compared below: Maximal Marginal
Relevance, Latent Semantic Analysis, and feature-
based classification. The other major comparisons
in this paper are between summaries on ASR ver-
sus manual transcripts, and between manual and au-
tomatic extracts. For example, regarding the for-
mer, it might be expected that summaries on ASR
transcripts would be rated lower than summaries on
manual transcripts, due to speech recognition errors.
Regarding the comparison of manual and automatic
extracts, the manual extracts can be thought of as
a gold standard for the extraction task, represent-

_ _ S ing the performance ceiling that the automatic ap-
In the field of automatic summarization, it is W'delyproaches are aiming for.

agreed upon that more attention needs to be paid

to the development of standardized approaches toMore detailed descriptions of the summarization
summarization evaluation. For example, the curapproaches and experimental setup can be found in
rent incarnation of the Document UnderstandingMurray et al., 2005). That work relied solely on
Conference is putting its main focus on the deROUGE as an evaluation metric, and this paper pro-
velopment of evaluation schemes, including semeeeds to investigate whether ROUGE alone is a reli-
automatic approaches to evaluation. One semable metric for our summarization domain, by com-
automatic approach to evaluation is ROUGE (Lirparing the automatic scores with recently-gathered
and Hovy, 2003), which is primarily based on n-human evaluations. Also, it should be noted that
gram co-occurrence between automatic and humavhile we are at the moment only utilizing intrinsic
summaries. A key question of the research corevaluation methods, our ultimate plan is to evalu-
tained herein is how well ROUGE correlates withate these meeting summaries extrinsically within the
human judgments of summaries within the domaicontext of a meeting browser (Wellner et al., 2005).

1 Introduction
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2 Description of the Summarization Two drawbacks of this method are that dimen-
Approaches sionality is tied to summary length and that good
sentence candidates may not be chosen if they do
_ not “win” in any dimension (Steinberger andza,
MMR (Carbonell and Goldstein, 1998) uses the004). The authors in (Steinberger andele 2004)
vector-space model of text retrieval and is particufound one solution, by extracting a single LSA-
larly applicable to query-based and multi-documengased sentence score, with variable dimensionality
summarization. The MMR algorithm chooseseduction.
sentences via a weighted combination of query- We address the same concerns, following the
relevance and redundancy scores, both derived usiGng and Liu approach, but rather than extracting
cosine similarity. The MMR scor8cM % (j)for a  the best sentence for each topic, theest sentences

2.1 Maximal Marginal Relevance (MMR)

given sentenceé; in the document is given by are extracted, with, determined by the correspond-
ing singular values from matri¥. The number of
SMME () = sentences in the summary that will come from the

first topic is determined by the percentage that the
largest singular value represents out of the sum of all
singular values, and so on for each topic. Thus, di-
rp_ensionality reduction is no longer tied to summary
ength and more than one sentence per topic can be
chosen. Using this method, the level of dimension-
ality reduction is essentially learned from the data.

A(Sim(S;, D)) — (1 — X)(Sim(S;, Summ)) ,

whereD is the average document vectStymm
is the average vector from the set of sentences
ready selected, ani trades off between relevance
and redundancy.Sim is the cosine similarity be-
tween two documents.

This implementation of MMR uses lambda an2.3 Feature-Based Approaches

nealing so that relevance is emphasized while t_t’lgeature-based classification approaches have been

sqmr_n_ary is still short and minimizing redundancy I?Nidely used in text and speech summarization, with
prioritized more highly as the summary lengthens. positive results (Kupiec et al., 1995). In this work

2.2 Latent Semantic Analysis (LSA) we combined textual and prosodic features, using
. L Gaussian mixture models for the extracted and non-
LSA is a vector-space approach which involves pro- .
o - . extracted classes. The prosodic features were the
jecting the original term-document matrix to a re- L
. ; . . mean and standard deviation of FO, energy, and du-
duced dimension representation. It is based on the,. . ,
. . ration, all estimated and normalized at the word-
singular value decomposition (SVD) of an x n
. level, then averaged over the utterance. The two lex-
term-document matrixi, whose elementsl;; rep- . .
. . ical features were both TFIDF-based: the average
resent the weighted term frequency of term doc- .
. . and the maximum TFIDF score for the utterance.
umentj. In SVD, the term-document matrix is de-
composed as follows: For our second feature-based approach, we de-
P : rived single LSA-based sentence scores (Steinberger
A=UsvT and Jéek, 2004) to complement the six features de-
scribed above, to determine whether such an LSA
whereU is anm x n matrix of left-singular vectors, sentence score is beneficial in determining sentence
S is ann x n diagonal matrix of singular values, importance. We reduced the original term-document
andV is then x n matrix of right-singular vectors. matrix to 300 dimensions; however, Steinberger and
The rows of VT may be regarded as defining top.Jéek found the greatest success in their work by re-
ics, with the columns representing sentences froficing to a single dimension (Steinberger, personal
the document. Following Gong and Liu (Gong andcommunication). The LSA sentence score was ob-

Liu, 2001), summarization proceeds by choosing@ined using:

for each row inV”, the sentence with the highest "
value. This process continues until the desired sum- gciLSA = Z v(i, k)2 o(k)2,
mary length is reached. =1
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wherev(i, k) is the kth element of theth sentence support the correctness of that summary. They were

vector andr (k) is the corresponding singular value.given no specific instructions about the number or
percentage of acts to extract or about redundant dia-

3 Experimental Setup logue act. For each dialogue act extracted, they were

We used human summaries of the ICSI Meeting coF—hen re?wredhm a sec:)nd pass to choosedtrt])e Sﬁn'
pus for evaluation and for training the feature-basel§"ces from the textual summary supported py the

approaches. An evaluation set of six meetings wdlalogue act, cregtmg a many-to-many mapping be-
defined and multiple human summaries were creatdff®en the recording and the textual summary.
for these meetings, with each test meeting having ei- The MMR and LSA approaches are both unsuper-
ther three or four manual summaries. The remainingsed and do not require labelled training data. For
meetings were regarded as training data and a sindleth feature-based approaches, the GMM classifiers
human summary was created for these. Our suriere trained on a subset of the training data repre-
maries were created as follows. senting approximately 20 hours of meetings.

Annotators were given access to a graphical userwe performed summarization using both the hu-
interface (GUI) for browsing an individual meetingman transcripts and speech recognizer output. The
that included earlier human annotations: an orthaspeech recognizer output was created using base-
graphic transcription time-synchronized with the autine acoustic models created using a training set
dio, and a topic segmentation based on a shallow hionsisting of 300 hours of conversational telephone
erarchical decomposition with keyword-based teX§peech from the Switchboard and Callhome cor-
labels describing each topic segment. The annotgora. The resultant models (cross-word triphones
tors were told to construct a textual summary of therained on conversational side based cepstral mean
meeting aimed at someone who is interested in théormalised PLP features) were then MAP adapted
research being carried out, such as a researcher Wagtthe meeting domain using the ICSI corpus (Hain
does similar work elsewhere, using four headings: et al., 2005). A trigram language model was em-

o , loyed. Fair recognition output for the whole corpus

¢ gineral ahbstra?li. whyogre they meeting an@/as obtained by dividing the corpus into four parts,
what do they talk about?”; and employing a leave one out procedure (training
the acoustic and language models on three parts of

e decisions made by the group; _ _
the corpus and testing on the fourth, rotating to ob-

e progress and achievements; tain recognition results for the full corpus). This
_ resulted in an average word error rate (WER) of
* problems described 29.5%. Automatic segmentation into dialogue acts

The annotators were given a 200 word limit for eachl’ sentence boun(_jarles was not performed.: the dia-
heading, and told that there must be text for the gerllque act boundaries for the ma”‘.“f’" transcripts were
eral abstract, but that the other headings may ha\r/réapped on to the speech recognition output.
null annotations for some meetings.

Immediately after authoring a textual summary3.1 Description of the Evaluation Schemes
annotators were asked to create an extractive sum-
mary, using a different GUI. This GUI showedA particular interestin our research is how automatic
both their textual summary and the orthographimeasures of informativeness correlate with human
transcription, without topic segmentation but withjudgments on the same criteria. During the devel-
one line per dialogue act based on the pre-existingpment stage of a summarization system it is not
MRDA coding (Shriberg et al., 2004) (The dialoguefeasible to employ many hours of manual evalua-
act categories themselves were not displayed, jusbns, and so a critical issue is whether or not soft-
the segmentation). Annotators were told to extraavare packages such as ROUGE are able to measure
dialogue acts that together would convey the inforinformativeness in a way that correlates with subjec-

mation in the textual summary, and could be used tiive summarization evaluations.
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3.1.1 ROUGE 2. The summary avoids redundancy.

Gaugmg_mformatlvgne_ss has be(_an the focuss. The summary sentences on average seem rele-
of automatic summarization evaluation research. vant

We used the ROUGE evaluation approach (Lin

and Hovy, 2003), which is based on n-gram co- 4. The relationship between the importance of
occurrence between machine summaries and “ideal” each topic and the amount of summary space
human summaries. ROUGE is currently the stan-  given to that topic seems appropriate.

dard objective evaluation measure for the Document
Understanding Conferende ROUGE does not as-
sume that there is a single “gold standard” summary. 6. The summary contains unnecessary informa-
Instead it operates by matching the target summary tjon.

against a set of reference summaries. ROUGE-1

through ROUGE-4 are simple n-gram co-occurrence Statements such as 2 and 5 above are measuring
measures, which check whether each n-gram in tfge same impressions, with the polarity of the state-
reference summary is contained in the machine surfll€nts merely reversed, in order to better gauge the
mary. ROUGE-L and ROUGE-W are measures oeliability of the answers. The readability/coherence
common subsequences shared between two suRfrtion consisted of the following statements:
maries, with ROUGE-W favoring contiguous cOm- 1 ¢ is generally easy to tell whom or what is be-
mon subsequences. Lin (Lin and Hovy, 2003) has ing referred to in the summary.

found that ROUGE-1 and ROUGE-2 correlate well

with human judgments. 2. The summary has good continuity, i.e. the sen-
tences seem to join smoothly from one to an-
other.

5. The summary is repetitive.

3.1.2 Human Evalautions

The subjective evaluation portion of our research
utilized 5 judges who had little or no familiarity with 3. The individual sentences on average are clear
the content of the ICSI meetings. Each judge eval- and well-formed.
uated 10 summaries per meeting, for a total of sixty 4
summaries. In order to familiarize themselves with
a given meeting, they were provided with a human 5. The summary is incoherent.
abstract of the meeting and the full transcript of the o
meeting with links to the audio. The human judges 6. On average, individual sentences are poorly
were instructed to read the abstract, and to consult constructed.
the full transcript and audio as needed, with the en- |t was not possible in this paper to gauge how
tire familiarization stage not to exceed 20 minutes. responses to these readability statements correlate
The judges were presented with 12 questions @jfith automatic metrics, for the reason that auto-
the end of each summary, and were instructed th@iatic metrics of readability and coherence have not
upon beginning the questionnaire they should not r¢yeen widely discussed in the field of summariza-
consult the summary itself. 6 of the questions retion. Though subjective evaluations of summaries
garded informativeness and 6 involved readabilitgre often divided into informativeness and readabil-
and coherence, though our current research concefy-questions, only automatic metrics of informative-
trates on the informativeness evaluations. The evakess have been investigated in-depth by the summa-
uations used a Likert scale based on agreement @fation community. We believe that the develop-
disagreement with statements, such as the followingient of automatic metrics for coherence and read-
Informativeness statements: ability should be a high priority for researchers in
i i i summarization evaluation and plan on pursuing this
1. The |mportant points of the meeting are rePr€venue of research. For example, work on coher-
sented in the summary. ence in NLG (Lapata, 2003) could potentially in-
http://duc.nist.gov/ form summarization evaluation. Mani (Mani et al.,

. The summary seems disjointed.
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o ‘ ‘ ‘ FOUGE T AN —— 4.1.1 ASR versus Manual

o7} ROUGE-1-ASR ++e:

ROUGE 2SR = | The results of the four summarization approaches
on ASR output were much the same, with LSA and

| ] MMR being comparable to each other, and each of
them outperforming the feature-based approaches.
On ASR output, LSA again consistently performed
the best.

Interestingly, though the LSA approach scored
higher when using manual transcripts than when
0 : : . . using ASR transcripts, the difference was small and

1=FB1. 2=LSA. 3=MMR. 4=FB2 insignificant despite the nearly 30% WER of the
. . o ASR. All of the summarization approaches showed
Figure 1:ROUGE Scores for the Summarization Ap?ninimal deterioration when used on ASR output
proaches as compared to manual transcripts, but the LSA
approach seemed patrticularly resilient, as evidenced

1999) is one of the few papers to have discussdy Figure 1. One reason for the relatively small

0.6

0.4

03

s
,,,,,,,

0.2+

0.1

that for each of the 6 meetings, the WER of the
4 Results summaries was lower than the WER of the meeting

as a whole. Similarly, Valenza et al (Valenza et
The results of these experiments can be analyz&l, 1999) and Zechner and Waibel (Zechner and
in various ways: significant differences of ROUGEWaibel, 2000) both observed that the WER of

results across summarization approaches, deterxtracted summaries was significantly lower than
ration of ROUGE results on ASR versus manua‘]he overall WER in the case of broadcast news. The

transcripts, significant differences of human evaltable below demonstrates the discrepancy between
uations across summarization approaches, deter®mmary WER and meeting WER for the six
ration of human evaluations on ASR versus marheetings used in this research.

ual transcripts, and finally, the correlation between

ROUGE and human evaluations. Meeting | Summary WER | Meeting WER
Bed004 27.0 35.7

4.1 ROUGE results across summarization Bed009 28.3 39.8
approaches Bed016 39.6 49.8

All of the machine summaries were 10% of the orig- Bmr005 239 36.1
inal document length, in terms of the number of di- Bmro19 28.0 36.5
alogue acts contained. Of the four approaches to Bro018 259 356

5 ' .
summarization used herein, the latent semantic anal- WER% for Summaries and Meetings

ysis method performed the best on every meeting There was no improvement in the second feature-
tested for every ROUGE measure with the excefased approach (adding an LSA sentence score) as
tion of ROUGE-3 and ROUGE-4. This approachcompared with the first feature-based approach. The
was significantly better than either feature-based apentence score used here relied on a reduction to 300
proach (p<0.05), but was not a significant improve-dimensions, which may not have been ideal for this
ment over MMR. For ROUGE-3 and ROUGE-4,data.

none of the summarization approaches were signifi- The similarity between the MMR and LSA ap-
cantly different from each other, owing to data sparproaches here mirrors Gong and Liu’s findings, giv-
sity. Figure 1 gives the ROUGE-1, ROUGE-2 andng credence to the claim that LSA maximizes rele-
ROUGE-L results for each of the summarization apvance and minimizes redundancy, in a different and
proaches, on both manual and ASR transcripts. more opaque manner then MMR, but with similar
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STATEMENT | FB1 | LSA | MMR | FB2 STATEMENT | FB1 | LSA | MMR | FB2
IMPORT. POINTS| 5.03| 4.53| 4.67| 4.83 IMPORT. POINTS| 3.53| 4.13| 3.73| 3.50
NO REDUN. | 4.33| 2.60| 3.00| 3.77 NO REDUN. | 3.40| 2.97| 2.63| 3.57
RELEVANT | 4.83| 4.07| 4.33| 4.53 RELEVANT | 3.47| 3.57| 3.00| 3.47
TOPIC SPACE| 4.43| 3.83| 3.87| 4.30 TOPIC SPACE| 3.27| 3.33| 3.00| 3.20
REPETITIVE | 3.37| 4.70| 4.60| 3.83 REPETITIVE | 4.43| 4.73| 4.70| 4.20
UNNEC. INFO. | 4.70| 6.00| 5.83| 5.00 UNNEC. INFO. | 5.37| 6.00| 6.00| 5.33

Table 1: Human Scores for 4 Approaches on Manudlable 2: Human Scores for 4 Approaches on ASR
Transcripts Transcripts

7

results. Regardless of whether or not the singulars |
vectors ofV'!" can rightly be thought of as topics or |
concepts (a seemingly strong claim), the LSA ap- T

proach was as successful as the more popular MMR | i
algorithm.

3k

2L

4.2 Human results across summarization
approaches it

Table 1 presents average ratings for the six state- : . :
ments across four summarization approaches on 1=FB1. 2-LSA. 3=MMR. 4=FB2

manual transcripts. Interestingly, the first feature-.

based approach is given the highest marks on eaFngure 2: INFORMATIVENESS-1 Scores for the

criterion. For statements 2, 5 and 6 FB1 is signif-gummanz"jltlon Approaches

icantly better than the other approaches. It is par-
ticularly surprising that FB1 would score well onoration of scores when used on ASR output in-
statement 2, which concerns redundancy, given thetead of manual transcripts. LSA-ASR was not
MMR and LSA explicitly aim to reduce redundancysignificantly worse than LSA on any of the 6 rat-
while the feature-based approaches are merely clangs. MMR-ASR was significantly worse than
sifying utterances as relevant or not. The secomdMR on only 3 of the 6. In contrast, FB1-
feature-based approach was not significantly worse€SR was significantly worse than FB1 for 5 of
than the first on this score. the 6 approaches, reinforcing the point that MMR
Considering the difficult task of evaluating ten ex-and LSA seem to favor extracting utterances with
tractive summaries per meeting, we are quite satifewer errors. Figures 2, 3 and 4 depict the
fied with the consistency of the human judges. Fdnow the ASR and manual approaches affect the
example, statements that were merely reworded vdNFORMATIVENESS-1, INFORMATIVENESS-4
sions of other statements were given consistent raathd INFORMATIVENESS-6 ratings, respectively.
ings. It was also the case that, with the exceptioNote that for Figure 6, a higher score is a worse rat-
of evaluating the sixth statement, judges were ablag.
to tell that the manual extracts were superior to the _
automatic approaches. 4.3 ROUGE and Human correlations
According to (Lin and Hovy, 2003), ROUGE-
4.2.1  ASR versus Manual 1 correlates particularly well with human judg-
Table 2 presents average ratings for the six stateients of informativeness. In the human eval-
ments across four summarization approaches amation survey discussed here, the first statement
ASR transcripts. The LSA and MMR approachegINFORMATIVENESS-1) would be expected to
performed better in terms of having less deterieorrelate most highly with ROUGE-1, as it is ask-

.
4
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B A —— INFORMATIVENESS-2, INFORMATIVENESS-5
ol 1 and INFORMATIVENESS-6. However, these are
negative correlations. For example, with regard to
INFORMATIVENESS-2, summaries that are rated
“r \___/ 1 as having a high level of redundancy are given high

] ROUGE-1 scores, and summaries with little redun-
dancy are given low ROUGE-1 scores. Similary,
r 1 with regard to INFORMATIVENESS-6, summaries
1 ] that are said to have a great deal of unnecessary in-
‘ ‘ ‘ formation are given high ROUGE-1 scores. It is
\—FB1. 2.L8A 3-MMR. 4<FB2 difficult to interpret some of these negative correla-

tions, as ROUGE does not measure redundancy and

Figure 3: INFORMATIVENESS-4 Scores for thewould not necessarily be expected to correlate with
Summarization Approaches redundancy evaluations.

L
1

5 Discussion

HUMAN-6-MAN ——
HUMAN-6-ASR --rsree

In general, ROUGE did not correlate well with the
human evaluations for this data. The MMR and
LSA approaches were deemed to be significantly
better than the feature-based approaches according
to ROUGE, while these findings were reversed ac-
cording to the human evaluations. An area of agree-
o 1 ment, however, is that the LSA-ASR and MMR-
ast 1 ASR approaches have a small and insignificant de-
s ; . : . cline in scores compared with the decline of scores
1=FB1. 2-LSA. 3=MMR. 4=FB2 for the feature-based approaches. One of the most

. . interesting findings of this research is that MMR and
glgure 4_' I?IFOEMATIVhENESS'G Scores for theLSA approaches used on ASR tend to select utter-
ummarization Approaches ances with fewer ASR errors.

ROUGE has been shown to correlate well with

ing whether the summary contains the importarfluman evaluations in DUC, when used on news cor-

points of the meeting. As could be guessed from th@0ra, but the summarization task here — using con-

discussion above, there is no significant correlatiofersational speech from meetings — is quite different

between ROUGE-1 and human evaluations wheli™ summarizing news articles. ROUGE may sim-

analyzing only the 4 summarization approacheRlY Pe Iess applicable to this domain.

on manual transcripts. However, when Iooking§ Euture Work

at the 4 approaches on ASR output, ROUGE-

and INFORMATIVENESS-1 have a moderate andt remains to be determined through further ex-

significant positive correlation (Spearman’s rho $erimentation by researchers using various corpora

0.500, p< 0.05). This correlation on ASR out- whether or not ROUGE truly correlates well with

put is strong enough that when ROUGE-1 anthuman judgments. The results presented above are

INFORMATIVENESS-1 scores are tested for corremixed in nature, but do not present ROUGE as being

lation across all 8 summarization approaches, theggifficient in itself to robustly evaluate a summariza-

is a significant positive correlation (Spearman’s rhéion system under development.

=0.388, p< 0.05). We are also interested in developing automatic
The other significant correlations for ROUGE-metrics of coherence and readability. We now have

1 across all 8 summarization approaches are withuman evaluations of these criteria and are ready to
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begin testing for correlations between these subjed- Steinberger and K. dek. 2004. Using latent semantic

tive judgments and potential automatic metrics. analysis in text summarization and summary evalua-
tion. In Proc. ISIM '04, pages 93-100.
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Abstract

This paper discusses the convergence
between question answering and multi-
document summarization, pointing out
implications and opportunities for knowl-
edge transfer in both directions. As a
case study in one direction, we discuss
the recent development of an automatic
method for evaluating definition questions
based on n-gram overlap, a commonly-
used technique in summarization evalua-
tion. In the other direction, the move to-
wards topic-oriented summaries requires
an understanding of relevance and topi-
cality, issues which have received atten-
tion in the question answering literature.
It is our opinion that question answering
and multi-document summarization repre-
sent two complementary approaches to the
same problem of satisfying complex user
information needs. Although this points
to many exciting opportunities for system-
building, here we primarily focus on im-
plications for system evaluation.

1 Introduction

Recent developments in question answering (QA)
and multi-document summarization point to many
interesting convergences that present exciting oppor-
tunities for collaboration and cross-fertilization be-
tween these largely independent communities. This
position paper attempts to draw connections be-
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tween the task of answering complex natural lan-
guage questions and the task of summarizing mul-
tiple documents, the boundaries between which are
beginning to blur, as anticipated half a decade
ago (Carbonell et al., 2000).

Although the complementary co-evolution of
question answering and document summarization
presents new directions for system-building, this
paper primarily focuses on implications for evalu-
ation. Although assessment of answer and sum-
mary quality employs different methodologies, there
are many lessons that each community can learn
from the other. The summarization community has
extensive experience in intrinsic metrics based on
n-gram overlap for automatically scoring system
outputs against human-generated reference texts—
these techniques would help streamline aspects of
question answering evaluation. In the other direc-
tion, because question answering has its roots in
information retrieval, much work has focused on
extrinsic metrics based on relevance and topical-
ity, which may be valuable to summarization re-
searchers.

This paper is organized as follows: In Section 2,
we discuss the evolution of question answering re-
search and how recent trends point to the conver-
gence of question answering and multi-document
summarization. In Section 3, we present a case
study of automatically evaluating definition ques-
tions by employing metrics based on n-gram over-
lap, a general technique widely used in summariza-
tion and machine translation evaluations. Section 4
highlights some opportunities for knowledge trans-
fer in the other direction: how the notions of rele-

Proceedings of the ACL Workshop on Intrinsic and Extrinsic Evaluation Measures for Machine Translation
and/or Summarization, pages 41-48, Ann Arbor, June 2005. (©2005 Association for Computational Linguistics



vance and topicality, well-studied in the information
retrieval literature, can guide the evaluation of topic-
oriented summaries. We conclude with thoughts
about the future in Section 5.

2 Convergence of QA and Summarization

Question answering was initially conceived as es-
sentially a fine-grained information retrieval task.
Much research has focused on so-called factoid
questions, which can typically be answered by
named entities such as people, organizations, loca-
tions, etc. As an example, a system might return
“Bee Gees” as the answer to the question “What
band did the music for the 1970’s film ‘Saturday
Night Fever’?”. For such well-specified information
needs, question answering systems represent an im-
provement over traditional document retrieval sys-
tems because they do not require a user to manu-
ally browse through a ranked list of “hits”. Since
1999, the NIST-organized question answering tracks
at TREC (see, for example, Voorhees 2003a) have
served as a focal point of research in the field, pro-
viding an annual forum for evaluating systems de-
veloped by teams from all over the world. The
model has been duplicated and elaborated on by
CLEF in Europe and NTCIR in Asia, both of which
have also introduced cross-lingual elements.

Recently, research in question answering has
shifted away from factoid questions to more com-
plex information needs. This new direction can be
characterized as a move towards answers that can
only be arrived at through some form of reason-
ing and answers that require drawing information
from multiple sources. Indeed, there are many types
of questions that would require integration of both
capabilities: extracting raw information “nuggets”
from potentially relevant documents, reasoning over
these basic facts to draw additional inferences, and
synthesizing an appropriate answer based on this
knowledge. “What is the role of the Libyan gov-
ernment in the Lockerbie bombing?” is an example
of such a complex question.

Commonalities between the task of answering
complex questions and summarizing multiple doc-
uments are evident when one considers broader re-
search trends. Both tasks require the ability to
draw together elements from multiple sources and
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cope with redundant, inconsistent, and contradic-
tory information. Both tasks require extracting finer-
grained (i.e., sub-document) segments, albeit based
on different criteria. These observations point to
the convergence of question answering and multi-
document summarization.

Complementary developments in the summariza-
tion community mirror the aforementioned shifts
in question answering research. Most notably, the
DUC 2005 task requires systems to generate an-
swers to natural language questions based on a col-
lection of known relevant documents: “The system
task in 2005 will be to synthesize from a set of 25—
50 documents a brief, well-organized, fluent answer
to a need for information that cannot be met by just
stating a name, date, quantity, etc.” (DUC 2005
guidelines). These guidelines were modeled after
the information synthesis task suggested by Amigé
et al. (2004), which they characterize as “the process
of (given a complex information need) extracting,
organizing, and inter-relating the pieces of informa-
tion contained in a set of relevant documents, in or-
der to obtain a comprehensive, non-redundant report
that satisfies the information need”. One of the ex-
amples they provide, “I’'m looking for information
concerning the history of text compression both be-
fore and with computers”, looks remarkably like a
user information need current question answering
systems aspire to satisfy. The idea of topic-oriented
multi-document summarization isn’t new (Goldstein
et al., 2000), but only recently have the connections
to question answering become explicit. Incidentally,
it appears that the current vision of question answer-
ing is more ambitious than the information synthesis
task because in the former, the set of relevant doc-
uments is not known in advance, but must first be
discovered within a larger corpus.

There is, however, an important difference be-
tween question answering and topic-focused multi-
document summarization: whereas summaries are
compressible in length, the same cannot be said of
answers.! For question answering, it is difficult to
fix the length of a response a priori: there may be
cases where it is impossible to fit a coherent, com-

plete answer into an allotted space. On the other

"We would like to thank an anonymous reviewer for pointing
this out.



1 vital american composer

2 vital musical achievements ballets symphonies
3 wvital  born brooklyn ny 1900

4 okay  son jewish immigrant

5 okay  american communist

6 okay  civil rights advocate

7 okay  had senile dementia

8 vital established home for composers
9 okay  won oscar for “the Heiress”

10 okay  homosexual

11 okay

teacher tanglewood music center boston symphony

Table 1: The “answer key” to the question “Who is Aaron Copland?”

hand, summaries are condensed representations of
content, and should theoretically be expandable and
compressible based on the level of detail desired.

What are the implications, for system evaluations,
of this convergence between question answering and
multi-document summarization? We believe that the
two fields have much to benefit from each other. In
one direction, the question answering community
currently lacks experience in automatically evalu-
ating unstructured answers, which has been the fo-
cus of much research in document summarization.
In the other direction, the question answering com-
munity, due to its roots in information retrieval, has
a good grasp on the notions of relevance and topi-
cality, which are critical to the assessment of topic-
oriented summaries. In the next section, we present
a case study in leveraging summarization evaluation
techniques to automatically evaluate definition ques-
tions. Following that, we discuss how lessons from
question answering (and more broadly, information
retrieval) can be applied to assist in evaluating sum-
marization systems.

3 Definition Questions: A Case Study

Definition questions represent complex information
needs that involve integrating facts from multiple
documents. A typical definition question is “What
is the Cassini space probe?”, to which a system
might respond with answers that include “interplan-
etary probe to Saturn”, “carries the Huygens probe
to study the atmosphere of Titan, Saturn’s largest

moon”, and “a joint project between NASA, ESA,
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and ASI”. The goal of the task is to return as
many interesting ‘“nuggets” of information as possi-
ble about the target entity being defined (the Cassini
space probe, in this case) while minimizing the
amount of irrelevant information retrieved. In the
two formal evaluations of definition questions that
have been conducted at TREC (in 2003 and 2004),
an information nugget is operationalized as a fact for
which an assessor could make a binary decision as to
whether a response contained that nugget (Voorhees,
2003b). Additionally, information nuggets are clas-
sified as either vital or okay. Vital nuggets rep-
resent facts central to the target entity, and should
be present in a “good” definition. Okay nuggets
contribute worthwhile information about the target,
but are not essential. As an example, assessors’
nuggets for the question “Who is Aaron Copland?”
are shown in Table 1. The distinction between vi-
tal and okay nuggets is consequential for the score
calculation, which we will discuss below.

In the TREC setup, a system response to a defi-
nition question is comprised of an unordered set of
answer strings paired with the identifier of the doc-
ument from which it was extracted. Each of these
answer strings is presumed to have one or more in-
formation nuggets contained within it. Although
there is no explicit limit on the length of each answer
string and the number of answer strings a system is
allowed to return, verbosity is penalized against, as
we shall see below.

To evaluate system output, NIST gathers answer
strings from all participants, hides their association



from composition.
Nugget present: 1

Nuggets present: 6

Heiress”
Nugget present: 9

[NYT19990708.0196] Once past a rather routine apprenticeship, which included three years of study
with Nadia Boulanger in Paris, Copland became one of the few American composers to make a living

[NYT20000107.0305] A passionate advocate of civil rights, Copland conducted a performance of the
“Lincoln Portrait” with Coretta Scott King as narrator.

[NYT19991117.0369] after four prior nominations, he won an Oscar in 1949 for his music for “The

Figure 1: Examples of judging actual system responses.

with the runs that produced them, and presents all
answer strings to a human assessor. Using these re-
sponses and research performed during the original
development of the question (with an off-the-shelf
document retrieval system), the assessor creates an
“answer key”’; Table 1 shows the official answer key
for the question “Who is Aaron Copland?”.

After this answer key has been created, NIST as-
sessors then go back over each run and manually
judge whether or not each nugget is present in a par-
ticular system’s response. Figure 1 shows a few ex-
amples of real system output and the nuggets that
were found in them.

The final score of a particular answer is com-
puted as an F-measure, the harmonic mean between
nugget precision and recall. The § parameter con-
trols the relative importance of precision and recall,
and is heavily biased towards the latter to model the
nature of the task. Nugget recall is calculated solely
as a function of the vital nuggets, which means that
a system receives no “credit” (in terms of recall) for
returning okay nuggets. Nugget precision is approx-
imated by a length allowance based on the number
of vital and okay nuggets returned; a response longer
than the allowed length is subjected to a verbosity
penalty. Using answer length as a proxy to precision
appears to be a reasonable compromise because a
pilot study demonstrated that it was impossible for
humans to consistently enumerate the total number
of nuggets in a response, a necessary step in calcu-
lating nugget precision (Voorhees, 2003b).

The current TREC setup for evaluating definition
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# of vital nuggets returned in a response

# of okay nuggets returned in a response

# of vital nuggets in the answer key

# of non-whitespace characters in the entire
answer string

Then

recall (R)
allowance («)

=r/R
=100 x (r + a)

precision (P) :{ 1 1l_a
Tl

ifl < «
otherwise

2
. +1)xPxR
Finally, F|(3) = = 32 X)PX+ RX

8 = 51in TREC 2003, 8 = 3 in TREC 2004.

Figure 2: Official definition of F-measure.

questions necessitates having a human “in the loop”.
Even though answer keys are available for questions
from previous years, determining if a nugget was ac-
tually retrieved by a system currently requires hu-
man judgment. Without a fully-automated evalu-
ation method, it is difficult to consistently and re-
producibly assess the performance of a system out-
side the annual TREC cycle. Thus, researchers can-
not carry out controlled laboratory experiments to
rapidly explore the solution space. In many other
fields in computational linguistics, the ability to con-
duct evaluations with quick turnaround has lead to
rapid progress in the state of the art. Question an-



swering for definition questions appears to be miss-
ing this critical ingredient.

To address this evaluation gap, we have re-
cently developed POURPRE, a method for automat-
ically evaluating definition questions based on idf-
weighted unigram co-occurrences (Lin and Demner-
Fushman, 2005). This idea of employing n-gram
co-occurrence statistics to score the output of a com-
puter system against one or more desired reference
outputs has its roots in the BLEU metric for ma-
chine translation (Papineni et al., 2002) and the
ROUGE (Lin and Hovy, 2003) metric for summa-
rization. Note that metrics for automatically eval-
uating definitions should be, like metrics for eval-
uating summaries, biased towards recall. Fluency
(i.e., precision) is not usually of concern because
most systems employ extractive techniques to pro-
duce answers. Our study reports good correlation
between the automatically computed POURPRE met-
ric and official TREC system ranks. This measure
will hopefully spur progress in definition question
answering systems.

The development of automatic evaluation metrics
based on n-gram co-occurrence for question answer-
ing is an example of successful knowledge transfer
from summarization to question answering evalua-
tion. We believe that there exist many more op-
portunities for future exploration; as an example,
there are remarkable similarities between informa-
tion nuggets in definition question answering and
recently-proposed methods for assessing summaries
based on fine-grained semantic units (Teufel and van
Halteren, 2004; Nenkova and Passonneau, 2004).

Another promising direction of research in defini-
tion question answering involves applying the Pyra-
mid Method (Nenkova and Passonneau, 2004) to
better model the vital/okay nuggets distinction. As
it currently stands, the vital/okay dichotomy is trou-
blesome because there is no way to operationalize
such a classification scheme within a system; see
Hildebrandt et al. (2004) for more discussion. Yet,
the effects on score are significant: a system that re-
turns, for example, all the okay nuggets but none of
the vital nuggets would receive a score of zero. In
truth, the vital/okay distinction is a poor attempt at
modeling the fact that some nuggets about a target
are more important than others—this is exactly what
the Pyramid Method is designed to capture. “Build-
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ing pyramids” for definition questions is an avenue
of research that we are currently pursuing.

In the next section, we discuss opportunities for
knowledge transfer in the other direction; i.e., how
summarization evaluation can benefit from work in
question answering evaluation.

4 Putting the Relevance in Summarization

The definition of a meaningful extrinsic evalua-
tion metric (e.g., a task-based measure) is an issue
that the summarization community has long grap-
pled with (Mani et al., 2002). This issue has been
one of the driving factors towards summaries that
are specifically responsive to complex information
needs. The evaluation of such summaries hinges on
the notions of relevance and topicality, two themes
that have received much research attention in the in-
formation retrieval community, from which question
answering evolved.

Debates about the nature of relevance are al-
most as old as the field of information retrieval it-
self (Cooper, 1971; Saracevic, 1975; Harter, 1992;
Barry and Schamber, 1998; Mizzaro, 1998; Spink
and Greisdorf, 2001). Theoretical discussions aside,
there is evidence suggesting that there exist sub-
stantial inter-assessor differences in document-level
relevance judgments (Voorhees, 2000; Voorhees,
2002); in the TREC ad hoc tracks, for example,
overlap between two humans can be less than 50%.
For factoid question answering, it has also been
shown that the notion of answer correctness is less
well-defined than one would expect (Voorhees and
Tice, 2000; Lin and Katz, 2005 in press). This
inescapable fact about the nature of information
needs represents a fundamental philosophical differ-
ence between research in information retrieval and
computational linguistics. Information retrieval re-
searchers accept the fact that the notion of “ground
truth” is not particularly meaningful, and any pre-
scriptive attempt to dictate otherwise would result in
brittle and overtrained systems of limited value. A
retrieval system must be sensitive to the inevitable
variations in relevance exhibited by different users.

This philosophy represents a contrast from com-
putational linguistics research, where ground truth
does in fact exist. For example, there is a single cor-
rect parse of a natural language sentence (modulo



truly ambiguous sentences), there is the notion of a
correct word sense (modulo granularity issues), etc.
This view also pervades evaluation in machine trans-
lation and document summarization, and is implic-
itly codified in intrinsic metrics, except that there is
now the notion of multiple correct answers (i.e., the
reference texts).

Faced with the inevitability of variations in hu-
mans’ notion of relevance, how can information
retrieval researchers confidently draw conclusions
about system performance and the effectiveness of
various techniques? Meta-evaluations have shown
that while some measures such as recall are rela-
tively meaningless in absolute terms (e.g., the to-
tal number of relevant documents cannot be known
without exhaustive assessment of the entire corpus,
which is impractical for current document collec-
tions), relative comparisons between systems are re-
markably stable. That is, if system A performs bet-
ter than system B (by a metric such as mean average
precision, for example), system A is highly likely
to out-perform system B with any alternative sets of
relevance judgments that represent different notions
of relevance (Voorhees, 2000; Voorhees, 2002).
Thus, it remains possible to determine the relative
effectiveness of different retrieval techniques, and
use evaluation results to guide system development.

We believe that this philosophical starting point
for conducting evaluations is an important point that
summarization researchers should take to heart, con-
sidering that notions such as relevance and topicality
are central to the evaluation of the information syn-
thesis task. What concrete implications of this view
are there? We outline some thoughts below:

First, we believe that summarization metrics
should embrace variations in human judgment as an
inescapable part of the evaluation process. Mea-
sures for automatically assessing the quality of a
system’s output such as ROUGE implicitly assume
that the “best summary” is a statistical agglomera-
tion of the reference summaries, which is not likely
to be true. Until recently, ROUGE “hard-coded” the
so-called “jackknifing” procedure to estimate aver-
age human performance. Fortunately, it appears re-
searchers have realized that “model averaging” may
not be the best way to capture the existence of many
“equally good” summaries. As an example, the
Pyramid Method (Nenkova and Passonneau, 2004),
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represents a good first attempt at a realistic model of
human variations.

Second, the view that variations in judgment are
an inescapable part of extrinsic evaluations would
lead one to conclude that low inter-annotator agree-
ment isn’t necessarily bad. Computational linguis-
tics research generally attaches great value to high
kappa measures (Carletta, 1996), which indicate
high human agreement on a particular task. Low
agreement is seen as a barrier to conducting repro-
ducible research and to drawing generalizable con-
clusions. However, this is not necessarily true—low
agreement in information retrieval has not been a
handicap for advancing the state of the art. When
dealing with notions such as relevance, low kappa
values can most likely be attributed to the nature
of the task itself. Attempting to raise agreement
by, for example, developing rigid assessment guide-
lines, may do more harm than good. Prescriptive
attempts to define what a good answer or summary
should be will lead to systems that are not useful
in real-world settings. Instead, we should focus re-
search on adaptable, flexible systems.

Third, meta-evaluations are important. The infor-
mation retrieval literature has an established tradi-
tion of evaluating evaluations post hoc to insure the
reliability and fairness of the results. The aforemen-
tioned studies examining the impact of different rel-
evance judgments are examples of such work. Due
to the variability in human judgments, systems are
essentially aiming at a moving target, which neces-
sitates continual examination as to whether evalu-
ations are accurately answering the research ques-
tions and producing trustworthy results.

Fourth, a measure for assessing the quality of au-
tomatic scoring metrics should reflect the philosoph-
ical starting points that we have been discussing.
As a specific example, the correlation between an
automatically-calculated metric and actual human
preferences is better quantified by Kendall’s 7 than
by the coefficient of determination R2. Since rela-
tive system comparisons are more meaningful than
absolute scores, we are generally less interested in
correlations among the scores than in the rankings of
systems produced by those scores. Kendall’s 7 com-
putes the “distance” between two rankings as the
minimum number of pairwise adjacent swaps neces-
sary to convert one ranking into the other. This value



is normalized by the number of items being ranked
such that two identical rankings produce a correla-
tion of 1.0; the correlation between a ranking and its
perfect inverse is —1.0; and the expected correlation
of two rankings chosen at random is 0.0. Typically,
a value of greater than 0.8 is considered “good”, al-
though 0.9 represents a threshold researchers gener-
ally aim for.

5 Conclusion

What’s in store for the ongoing co-evolution of sum-
marization and question answering? Currently, def-
inition questions exercise a system’s ability to inte-
grate information from multiple documents. In the
process, it needs to automatically recognize similar
information units to avoid redundant information,
much like in multi-document summarization. The
other research direction in advanced question an-
swering, integration of reasoning capabilities to gen-
erate answers that cannot be directly extracted from
text, remains more elusive for a variety of reasons.
Finer-grained linguistic analysis at a large scale and
sufficiently-rich domain ontologies to support po-
tentially long inference chains are necessary pre-
requisites—both of which represent open research
problems. Furthermore, it is unclear how exactly
one would operationalize the evaluation of such ca-
pabilities.

Nevertheless, we believe that advanced reasoning
capabilities based on detailed semantic analyses of
text will receive much attention in the future. The
recent flurry of work on semantic analysis, based
on resources such as FrameNet (Baker et al., 1998)
and PropBank (Kingsbury et al., 2002), provide the
substrate for reasoning engines. Developments in
the automatic construction, adaptation, and merg-
ing of ontologies will supply the knowledge nec-
essary to draw inferences. In order to jump-start
the knowledge acquisition process, we envision the
development of domain-specific question answering
systems, the lessons from which will be applied to
systems that operate on broader domains. In terms
of operationalizing evaluations for these advanced
capabilities, the field has already made important
first steps, e.g., the Pascal Recognising Textual En-
tailment Challenge.

What effect will these developments have on sum-
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marization research? We believe that future sys-
tems will employ more detailed linguistic analysis.
As a simple example, the ability to reason about
people’s age based on their birthdates would un-
doubtedly be useful for answering particular types
of questions, but may also play a role in redundancy
detection, for example. In general, we anticipate a
move towards more abstractive techniques in multi-
document summarization. Fluent, cohesive, and top-
ical summaries cannot be generated solely using
an extractive approach—sentences are at the wrong
level of granularity, a source of problems ranging
from dangling anaphoric references to verbose sub-
ordinate clauses. Only through more detailed lin-
guistic analysis can information from multiple doc-
uments be truly synthesized. Already, there are
hybrid approaches to multi-document summariza-
tion that employ natural language generation tech-
niques (McKeown et al., 1999; Elson, 2004), and
researchers have experimented with sentential op-
erations to improve the discourse structure of sum-
maries (Otterbacher et al., 2002).

The primary purpose of this paper was to identify
similarities between multi-document summarization
and complex question answering, pointing out po-
tential synergistic opportunities in the area of system
evaluation. We hope that this is merely a small part
of a sustained dialogue between researchers from
these two largely independent communities. An-
swering complex questions and summarizing mul-
tiple documents are essentially opposite sides of the
same coin, as they represent different approaches to
the common problem of addressing complex user in-
formation needs.
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Abstract

This papers reports the application of
the QARLA evaluation framework to the
DUC 2004 testbed (tasks 2 and 5). Our
experiment addresses two issues: how
well QARLA evaluation measures corre-
late with human judgements, and what ad-
ditional insights can be provided by the
QARLA framework to the DUC evalua-
tion exercises.

1 Introduction

QARLA (Amigé et al., 2005) is a framework that
uses similarity to models as a building block for
the evaluation of automatic summarisation systems.
The input of QARLA is a summarisation task, a set
of test cases, a set of similarity metrics, and sets of
models and automatic summaries (peers) for each
test case. With such a testbed, QARLA provides:

e A measure, QUEEN, which combines assorted
similarity metrics to estimate the quality of au-
tomatic summarisers.

e A measure, KING, to select the best combina-
tion of similarity metrics.

e An estimation, JACK, of the reliability of the
testbed for evaluation purposes.

The QARLA framework does not rely on human
judges. It is interesting, however, to find out how
well an evaluation using QARLA correlates with hu-
man judges, and whether QARLA can provide ad-
ditional insights into an evaluation based on human
assessments.
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In this paper, we apply the QARLA framework
(QUEEN, KING and JACK measures) to the out-
put of two different evaluation exercises: DUC 2004
tasks 2 and 5 (Over and Yen, 2004). Task 2 re-
quires short (one-hundred word) summaries for as-
sorted document sets; Task 5 consists of generating
a short summary in response to a “Who is” question.

In Section 2, we summarise the QARLA evalua-
tion framework; in Section 3, we describe the sim-
ilarity metrics used in the experiments. Section 4
discusses the results of the QARLA framework us-
ing such metrics on the DUC testbeds. Finally, Sec-
tion 5 draws some conclusions.

2 The QARLA evaluation framework

QARLA uses similarity to models for the evalua-
tion of automatic summarisation systems. Here we
summarise its main features; the reader may refer to
(Amig6 et al., 2005) for details.

The input of the framework is:

e A summarisation task (e.g. topic oriented, in-
formative multi-document summarisation on a
given domain/corpus).

o A set T of test cases (e.g. topic/document set
pairs for the example above)

e A set of summaries M produced by humans
(models), and a set of automatic summaries A
(peers), for every test case.

e A set X of similarity metrics to compare sum-
maries.

With this input, QARLA provides three main
measures that we describe below.

Proceedings of the ACL Workshop on Intrinsic and Extrinsic Evaluation Measures for Machine Translation
and/or Summarization, pages 49-56, Ann Arbor, June 2005. (©2005 Association for Computational Linguistics



2.1 QUEEN: Estimating the quality of an

automatic summary

QUEEN operates under the assumption that a sum-
mary is better if it is closer to the model summaries
according to all metrics; it is defined as the probabil-
ity, measured on M x M x M, that for every metric
in X the automatic summary a is closer to a model
than two models to each other:

QUEENy ,(a) = P(Vo € X.z(a,m) > z(m’,m"))

where a is the automatic summary being eval-
uated, (m,m’,m”) are three models in M, and
x(a, m) stands for the similarity of m to a. QUEEN
is stated as a probability, and therefore its range of
values is [0, 1].

We can think of the QUEEN measure as using a
set of tests (every similarity metric in X) to falsify
the hypothesis that a given summary a is a model.
Given (a,m, m',m"), we test x(a, m) > x(m’,m")
for each metric x. a is accepted as a model only if
it passes the test for every metric. QUEEN(a) is,
then, the probability of acceptance for a in the sam-
ple space M x M x M.

This measure has some interesting properties: (i)
it is able to combine different similarity metrics
into a single evaluation measure; (ii) it is not af-
fected by the scale properties of individual metrics,
i.e. it does not require metric normalisation and
it is not affected by metric weighting. (iii) Peers
which are very far from the set of models all receive
QUEEN=0. In other words, QUEEN does not distin-
guish between very poor summarisation strategies.
(iv) The value of QUEEN is maximised for peers
that “merge” with the models under all metrics in X.
(v) The universal quantifier on the metric parameter
x implies that adding redundant metrics do not bias
the result of QUEEN.

Now the question is: which similarity metrics
are adequate to evaluate summaries? Imagine that
we use a similarity metric based on sentence co-
selection; it might happen that humans do not agree
on which sentences to select, and therefore emulat-
ing their sentence selection behaviour is both easy
(nobody agrees with each other) and useless. We
need to take into account which are the features that
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human summaries do share, and evaluate according
to them. This is provided by the KING measure.

2.2 KING: estimating the quality of similarity
metrics

The measure KING /7 4(X) estimates the quality of
a set of similarity metrics X using a set of models
M and a set of peers A. KING is defined as the
probability that a model has higher QUEEN value
than any peer in a test sample. Formally:

KINGA{,A (X) =

P(Ya € A,QUEEN,, x(m) > QUEEN,, ¢ (a))

For example, an ideal metric -that puts all models
together-would give QUEEN(m) = 1 for all mod-
els, and QUEEN(a) = 0 for all peers which are not
put together with the models, obtaining KING = 1.

KING satisfies several interesting properties: (i)
KING does not depend on the scale properties of the
metric; (ii)) Adding repeated or very similar peers
do not alter the KING measure, which avoids one
way of biasing the measure. (iii) the KING value of
random and constant metrics is zero or close to zero.

2.3 JACK: reliability of the peer set

Once we detect a difference in quality between two
summarisation systems, the question is now whether
this result is reliable. Would we get the same results
using a different test set (different examples, differ-
ent human summarisers (models) or different base-
line systems)?

The first step is obviously to apply statistical sig-
nificance tests to the results. But even if they give a
positive result, it might be insufficient. The problem
is that the estimation of the probabilities in KING
assumes that the sample sets M, A are not biased.
If M, A are biased, the results can be statistically
significant and yet unreliable. The set of examples
and the behaviour of human summarisers (models)
should be somehow controlled either for homogene-
ity (if the intended profile of examples and/or users
is narrow) or representativity (if it is wide). But how
to know whether the set of automatic summaries is
representative and therefore is not penalising certain
automatic summarisation strategies?

This is addressed by the JACK measure:



JACK(X, M, A) = P(3a,d’ € A|
Vz € X.z(a,ad’) < z(a,m) Ax(d,a) < z(a',m)A

QUEEN(a) > 0 A QUEEN(a') > 0)

i.e. the probability over all model summaries m of
finding a couple of automatic summaries a, a’ which
are closer to m than to each other according to all
metrics. This measure satisfies three desirable prop-
erties: (i) it can be enlarged by increasing the sim-
ilarity of the peers to the models (the z(m,a) fac-
tor in the inequalities), i.e. enhancing the quality of
the peer set; (ii) it can also be enlarged by decreas-
ing the similarity between automatic summaries (the
x(a, a’) factor in the inequality), i.e. augmenting the
diversity of (independent) automatic summarisation
strategies represented in the test bed; (iii) adding el-
ements to A cannot diminish the JACK value, be-
cause of the existential quantifier on a, a’.

3 Selection of similarity metrics

Each different similarity metric characterises differ-
ent features of a summary. Our first objective is
to select the best set of metrics, that is, the metrics
which best characterise the human summaries (mod-
els) as opposed to automatic summaries. The second
objective is to obtain as much information as possi-
ble about the behaviour of automatic summaries.

In this Section, we begin by describing a set of
59 metrics used as a starting point. Some of them
provide overlapping information; the second step is
then to select a subset of metrics that minimises re-
dundancy and, at the same time, maximises quality
(KING values). Finally, we analyse the characteris-
tics of the selected metrics.

3.1 Similarity metrics

For this work, we have considered the following
similarity metrics:

ROUGE based metrics (R): ROUGE (Lin and
Hovy, 2003) estimates the quality of an au-
tomatic summary on the basis of the n-gram
coverage related to a set of human summaries
(models). Although ROUGE is an evaluation
metric, we can adapt it to behave as a sim-
ilarity metric between pairs of summaries if
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we consider only one model in the computa-
tion. There are different kinds of ROUGE met-
rics such as ROUGE-W, ROUGE-L, ROUGE-
1, ROUGE-2, ROUGE-3, ROUGE-4, etc. (Lin,
2004b). Each of these metrics has been ap-
plied over summaries with three preprocessing
options: with stemming and stopword removal
(type c); only with stopwords removal (type b);
or without any kind of preprocessing (type a).
All these combinations give 24 similarity met-
rics based on ROUGE.

Inverted ROUGE based metrics (Rpre): ROUGE
metrics are recall oriented. If we reverse the di-
rection of the similarity computation, we obtain
precision oriented metrics (i.e. Rpre(a,b) =
R(b,a)). In this way, we generate another 24
metrics based on inverted ROUGE.

TruncatedVectModel (TVM,,): This family of met-
rics compares the distribution of the n most
relevant terms from original documents in the
summaries. The process is the following: (1)
obtaining the n most frequent lemmas ignoring
stopwords; (2) generating a vector with the rel-
ative frequency of each term in the summary;
(3) calculating the similarity between two vec-
tors as the inverse of the Euclidean distance.
We have used 9 variants of this measure with
n=1,4,8,16, 32,64, 128,256, 512.

AveragedSentencelengthSim (AVLS): This is a very
simple metric that compares the average length
of the sentences in two summaries. It can be
useful to compare the degree of abstraction of
the summaries.

GRAMSIM: This similarity metric compares the
distribution of the part-of-speech tags in the
two summaries. The processing is the follow-
ing: (1) part-of-speech tagging of summaries
using TreeTagger ; (2) generation of a vector
with the tags frequency for each summary; (3)
calculation of the similarity between two vec-
tors as the inverse of the Euclidean distance.
This similarity metric is not content oriented,
but syntax-oriented.



cluster ID DESCRIPTION SIMILARITY METRICS

Cluster 1 ROUGE based metrics R-SbRSUbR-SaR-SJaR1aR-1bR-LbRLaRW-12h
RWW-1 2aRW-120R-ScR-SUCR-1.cR-Lc Rpre-W-1.2.b
Rpre-W-1.2.a Rpre-W-1.2.c Rpre-L.c Rpre-1.c Rpre-S.c Rpre-
SUc Rpre-1.aRpre-Sa Rpre-Slla Rpre-1 b Rpre-S b Rpre-
SUb Rpre-L b Rpre-L.a

Cluster 2 ROUGE (Stemmed and non-stopwords 2-grams)  [R-2.c Rpre-2 ¢

Cluster 3 ROUGE (Stemmed and non-stopwords 2-grams)  [Rpre-3.c R3.¢c

Cluster 4 ROUGE (Stemmed and non-stopwords 4-grams)  [Rpre-4 ¢ R-4.c

Cluster 5 ROUGE {(Mon-stemmed 2-grams) R-2b R-2 aRpre-2.b Rpre-2 a

Cluster 6 ROUGE {Mon-stemmed 3-grams) R-3b R-3 aRpre-3.b Rpre-3 a

Cluster 7 ROUGE [(Mon-stemmed 4-grams) Fpre-d a Rpred.b R-4b R-4a

Cluster § TWhl.Most salient term TVM.1

Cluster 9 TW.4 and 8§ salient terms TVM.4 TVM.B

Cluster 10 TWh. =8 Salient terms TWM.1E6 T332 TYMLG TVM. 128 TV 256 TVM.512

Figure 1: Similarity Metric Clusters

3.2 Clustering similarity metrics

From the set of metrics described above we have 57
(24+424+9) content oriented metrics, plus two met-
rics based on stylistic features (AVLS and GRAM-
SIM). However, the 57 metrics characterising sum-
mary contents are highly redundant. Thus, cluster-
ing similar metrics seems desirable.

We perform an automatic clustering process us-
ing the following notion of proximity between two
metric sets:

sim(X,X") = Prob[H(X) « H(X")]
where H(X) =Vz € X.z(a,m) > z(m',m")

Two metrics sets are similar, according to the for-
mula, if they behave similarly with respect to the
QUEEN condition (H predicate in the formula),
i.e. the probability that the two sets of metrics dis-
criminate the same automatic summaries when they
are compared to the same pair of models.

Figure 1 shows the clustering of similarity met-
rics for the DUC 2004 Task 2. The number of clus-
ters was fixed in 10. After the clustering process, the
48 ROUGE metrics are grouped in 7 sets, and the 9
TVM metrics are grouped in 3 sets. In each clus-
ter, the metric with highest KING has been marked
in boldface. Note that the ROUGE-c metrics (with
stemming) with highest KING are those based on re-
call whereas the ROUGE-a/b metrics (without stem-
ming) are those based on precision. Regarding TVM
clusters, the metrics with highest KING in each clus-
ter are those based on a higher number of terms.
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Finally, we select the metric with highest KING
in each group, obtaining the 10 most representative
metrics.

3.3 Best evaluation metric: KING values

Figure 2 shows the KING values for the selected
similarity metrics, which represent how every metric
characterises model summaries as opposed to auto-
matic summaries. These are the main results:

e The last column shows the best metric set,
considering all possible metric combinations.
In both DUC tasks, the best combination is
{Rpre-W-1.2.b, TVM.512. This metric set gets
better KING values than any individual metric
in isolation (17% better than the second best for
task 2, and 23% better for task 5). This is an in-
teresting result confirming that we can improve
our ability to characterise human summaries
just by combining standard similarity metrics
in the QARLA framework. Note also that both
metrics in the best set are content-oriented.

e Rpre-W.1.2.b (inverted ROUGE measure, us-
ing non-contiguous word sequences, remov-
ing stopwords, without stemming) obtains the
highest individual KING for task 2, and is one
of the best in task 5, confirming that ROUGE-
based metrics are a robust way of evaluating
summaries, and indicating that non-contiguous
word sequences can be more useful for evalua-
tion purposes than n-grams.




DUC 2004 TASK 2

DUC 2004 TASK 5

LLoLLoCoo
O A DO ~300 WO -

EING values

Figure 2: Similarity Metric quality

TVM metrics get higher values when consid-
ering more terms (TVM.512), confirming that
comparing with just a few terms (e.g. TVM.4)
is not informative enough.

Overall, KING values are higher for task
5, suggesting that there is more agreement
between human summaries in topic-oriented
tasks.

3.4 Reliability of the results

The JACK measure estimates the reliability of
QARLA results, and is correlated with the diversity
of automatic summarisation strategies included in
the testbed. In principle, the larger the number of au-
tomatic summaries, the higher the JACK values we
should obtain. The important point is to determine
when JACK values tend to stabilise; at this point, it
is not useful to add more automatic summaries with-
out introducing new summarisation strategies.

Figure 3 shows how JAC Kgpre.w,rvmsi2 values
grow when adding automatic summaries. For more
than 10 systems, JACK values grow slower in both
tasks. Absolute JACK values are higher in Task 2
than in task 5, indicating that systems tend to pro-
duce more similar summaries in Task 5 (perhaps be-
cause it is a topic-oriented task). This result suggests
that we should incorporate more diverse summarisa-
tion strategies in Task 5 to enhance the reliability of
the testbed for evaluation purposes with QARLA.
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4 Evaluation of automatic summarisers:
QUEEN values

The QUEEN measure provides two kinds of infor-
mation to compare automatic summarisation sys-
tems: which are the best systems -according to the
best metric set-, and which are the individual fea-
tures of every automatic summariser -according to
individual similarity metrics-.

4.1 System ranking

The best metric combination for both tasks was
{Rpre-W, TVM.512}; therefore, our global system
evaluation uses this combination of content-oriented
metrics. Figure 4 shows the QUEEN .. w rvmsi2)
values for each participating system in DUC 2004,
also including the model summaries. As expected,
model summaries obtain the highest QUEEN values
in both DUC tasks, with a significant distance with
respect to the automatic summaries.

4.2 Correlation with human judgements

The manual ranking generated in DUC is based on a
set of human-produced evaluation criteria, whereas
the QARLA framework gives more weight to the as-
pects that characterise model summaries as opposed
to automatic summaries. It is interesting, however,
to find out whether both evaluation methodologies
are correlated. Indeed, this is the case: the Pearson
correlation between manual and QUEEN rankings is
0.92 for the Task 2 and 0.96 for the Task 5.

Of course, QUEEN values depend on the chosen
metric set X; it is also interesting to check whether




Pearson correlation

JACK

QUEEN{Rpre-w, TVM_512)

|

with manual

TASK 2

TASK S

0,9

0,9

1 -
0,9
0,8 -
0,7 -
0,6 -
0,5 -
0,4

10 11 12 13 14 15 18

2 8 4 5 6 T 8 9

Number of automatic summaries

2 3 4 5 6 T 8 9

0 11 12 13 14

MNumber of automatic summaries

Figure 3: JACK vs. Number of Automatic Summaries

TASK 2

0,3
0,2
0,1
0 T
w o

i

151
LCC
NTT

NSA

Fudan L.
Laris Labs

CRL/NYU

U. Sheffield
KU Leuven

Celumbia U.

Concerdia U,

Microsoft
U. Cttawa
U. Michigan

CL Reseanch

U. Lethbridge

Summarizers

Figure 4: QUEEN system ranking for the best metric set (A-H are models)

DUC 2004 task 2
1 —_
0,9 3%
0,8 ROUGE-W /‘ —
) g; e (best ROUGE) —
'_E 0,5 frrremnmsmsmnnns sttt e
g g; ROUGE 4 7‘ —
o2 5 {worst ROUGE)
0,1
0 T T T T T T T T T 1

0 01 02 03 04 05 06 07 08 09 1
KING values

TASK b
1 -
0,9 4
0,8 4
0,7 4
0,6 -
0,5 4
0,4 -
0,3 4
o1 H H
0,1 4
NIRRT T T T,
L oW sp € g 55 5 2 U= g9
S LR F T
E w ZEEZSdp54088
= 5 S Ifo5sE-2_0
. 3 v = Lo o
S g8 N 2 3
Summarizers
DUC 2004 task 5
1 -
0'9 ........ ‘\ wut ...................
0.8 .
\ ¥ +* 7'
0,7 \
0.6 \ +
g'j [ rovse — ROUGE-4 ]
va 1 (worst ROUGE)
. (best ROUGE)
0,2
0,1
0 T T T T T T T T T 1
0 01 02 03 04 05 06 07 08 09 1
KING values

Figure 5: Correlation Between DUC and QARLA results

54



TASK 2

=
L-I
L

= 0,8

QUEEN(GRAMSIM
LpLoLeopoere
[ I TR

(=]
1

0 @wmuwt

B

CL Research

Fudan U.
MSA

Lans Labs

U, Sheffield
Microsoft
CRLMNYLU

U. Lethbridge
NTT

U Michigan

Columbia U.
U. Ottawa

KU Leuven

2
o
2
3
=
S
S

ummarizers

TABK b
1
0,91
= 0,8
2 o1
é 0,6 -
0.5 1
Z 0,4
R
3 02
0,1 -
o4
PO RS T PO O os LSyl e & D
& ﬁb}:fé&pég'@' "&gcf&"f&w@?
RS
06”\9 0&0°9 &MY & <
Summarizers

Figure 6: QUEEN values over GRAMSIM

metrics with higher KING values lead to QUEEN
rankings more similar to human judgements. Fig-
ure 5 shows the Pearson correlation between man-
ual and QUEEN rankings for 1024 metric combina-
tions with different KING values. The figure con-
firms that higher KING values are associated with
rankings closer to human judgements.

4.3 Stylistic features

The best metric combination leaves out similarity
metrics based on stylistic features. It is interesting,
however, to see how automatic summaries behave
with respect to this kind of features. Perhaps the
most remarkable fact about stylistic similarities is
that, in the case of the GRAMSIM metric, task 2
and task 5 exhibit a rather different behaviour (see
Figure 6). In task 2, systems merge with the models,
while in task 5 the QUEEN values of the systems
are inferior to the models. This suggests that there
is some stylistic component in models that systems
are not capturing in the topic-oriented task.

5 Related work

The methodology which is closest to our frame-
work is ORANGE (Lin, 2004a), which evaluates a
similarity metric using the average ranks obtained
by reference items within a baseline set. As in
our framework, ORANGE performs an automatic
meta-evaluation, there is no need for human assess-
ments, and it does not depend on the scale properties
of the metric being evaluated (because changes of
scale preserve rankings). The ORANGE approach
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is, indeed, intimately related to the original QARLA
measure introduced in (Amigo et al., 2004).

There are several approaches to the automatic
evaluation of summarisation and Machine Transla-
tion systems (Culy and Riehemann, 2003; Coughlin,
2003). Probably the most significant improvement
over ORANGE is the ability to combine automati-
cally the information of different metrics. Our im-
pression is that a comprehensive automatic evalua-
tion of a summary must necessarily capture different
aspects of the problem with different metrics, and
that the results of every individual checking (metric)
should not be combined in any prescribed algebraic
way (such as a linear weighted combination). Our
framework satisfies this condition.

ORANGE, however, has also an advantage over
the QARLA framework, namely that it can be used
for evaluation metrics which are not based on sim-
ilarity between model/peer pairs. For instance,
ROUGE can be applied directly in the ORANGE
framework without any reformulation.

6 Conclusions

The application of the QARLA evaluation frame-
work to the DUC testbed provides some useful in-
sights into the problem of evaluating text summari-
sation systems:

e The results show that a combination of simi-
larity metrics behaves better than any metric in
isolation. The best metric set is {Rpre-W, TVMs12},
a combination of content-oriented metrics. Un-




surprisingly, stylistic similarity is less useful
for evaluation purposes.

e The evaluation provided by QARLA correlates
well with the rankings provided by DUC hu-
man judges. For both tasks, metric sets with
higher KING values slightly outperforms the
best ROUGE evaluation measure.

e QARLA measures show that DUC tasks 2 and
5 are quite different in nature. In Task 5, human
summaries are more similar, and the automatic
summarisation strategies evaluated are less di-
verse.
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On Some Pitfalls in Automatic Evaluation and Significance Testing for MT
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Abstract

We investigate some pitfalls regarding the
discriminatory power of MT evaluation
metrics and the accuracy of statistical sig-
nificance tests. In a discriminative rerank-
ing experiment for phrase-based SMT we
show that the NIST metric is more sensi-
tive than BLEU or F-score despite their in-
corporation of aspects of fluency or mean-
ing adequacy into MT evaluation. In an
experimental comparison of two statistical
significance tests we show thatvalues
are estimated more conservatively by ap-
proximate randomization than by boot-
strap tests, thus increasing the likelihood
of type-l error for the latter. We point
out a pitfall of randomly assessing signif-
icance in multiple pairwise comparisons,
and conclude with a recommendation to
combine NIST with approximate random-
ization, at more stringent rejection levels
than is currently standard.

Introduction

when benchmarking multiple systems, result differ-
ences may be very small in magnitude. This imposes
strong requirements on both automatic evaluation
measures and statistical significance tests: Evalua-
tion measures are needed that have high discrimi-
native power and yet are sensitive to the interesting
aspects of the evaluation task. Significance tests are
required to be powerful and yet accurate, i.e., if there
are significant differences they should be able to as-
sess them, but not if there are none.

In the area of statistical machine translation
(SMT), recently a combination of the BLEU evalua-
tion metric (Papineni et al., 2001) and the bootstrap
method for statistical significance testing (Efron and
Tibshirani, 1993) has become popular (Och, 2003;
Kumar and Byrne, 2004; Koehn, 2004b; Zhang et
al., 2004). Given the current practice of reporting
result differences as small as .3% in BLEU score,
assessed at confidence levels as low as 70%, ques-
tions arise concerning the sensitivity of the em-
ployed evaluation metrics and the accuracy of the
employed significance tests, especially when result
differences are small. We believe that is important to
accurately detect such small-magnitude differences
in order to understand how to improve systems and

Rapid and accurate detection of result differences f§chnologies, even though such differences may not
crucial in system development and system bencifatter in current applications.

marking. In both situations a multitude of systems In this paper we will investigate some pitfalls that
or system variants has to be evaluated, so it is highBrise in automatic evaluation and statistical signifi-
desirable to employ automatic evaluation measuresance testing in MT research. The first pitfall con-
for detection of result differences, and statistical hyeerns the discriminatory power of automatic eval-
pothesis tests to assess the significance of the deation measures. In the following, we compare the
tected differences. When evaluating subtle differsensitivity of three intrinsic evaluation measures that
ences between system variants in development, differ with respect to their focus on different aspects
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of translation. We consider the well-known BLEU2 The Experimental Setup: Discriminative
score (Papineni et al., 2001) which emphasizes flu- Reranking for Phrase-Based SMT

ency by incorporating matches of high n-grams. Fur-
thermore, we consider an F-score measure that.i.sh

adapted from dependency-based parsing (Crouch ete experimental setup we employed to compare

: ; valuation measures and significance tests is a dis-
al., 2002) and sentence-condensation (Riezler et al vt . g .
criminative reranking experiment di00-best lists

2003). This measure matches grammatical depenf a phrase-based SMT system. Our system is a

dency relations of parses for system output and ref- . .
. . re-implementation of the phrase-based system de-
erence translations, and thus emphasizes semantic. . : )
: : scribed in Koehn (2003), and uses publicly avail-
aspects of translational adequacy. As a third mea-

sure we consider NIST (Doddington, 2002), whic able compone_nts for word alignment (Och and Ney,
: : 003}, decoding (Koehn, 2004%)language mod-
favors lexical choice over word order and does no

. o eling (Stolcke, 2002) and finite-state processin
take structural information into account. On an ex- g ( ?) S P 9

. : . . Knight and Al-Onaizan, 1999) Training and test
perimental evaluation on a reranking experiment w

found that only NIST was sensitive enough to de-zéihirezéaokzgn from the Europarl parallel corpus
tect small result differences, whereas BLEU and F( ' '

score produced result differences that were statisti- Phrase-extraction follows Och et al. (1999) and
cally not significant. A second pitfall addressed ifvas implemented by the authors: First, the word
this paper concerns the relation of power and aligner is applied in both translation directions, and
curacy of significance tests. In situations where thh€ intersection of the alignment matrices is built.
employed evaluation measure produces small resdiben, the alignment is extended by adding immedi-
differences, the most powerful significance test igtely adjacent alignment points and alignment points
demanded to assess statistical significance of the f@at align previously unaligned words. From this
sults. However, accuracy of the assessments of siglany-to-many alignment matrix, phrases are ex-
nificance is seldom questioned. In the following{racted according to a contiguity requirement that
we will take a closer look at the bootstrap test angtates that words in the source phrase are aligned
compare it with the related technique of approxionly with words in the target phrase, and vice versa.

mate randomization (Noreen (1989)). In an exper- pjscriminative reranking on a 1000-best list of
imental evaluation on our reranking data we founganslations of the SMT system uses &nregu-
that approximate randomization estimajetlalues |arized log-linear model that combines a standard
more conservatively than the bootstrap,thusincreamaximum_entropy estimator with an efficient, in-
ing the likelihood of type-I error for the latter test. cremental feature selection technique f@rregu-
Lastly, we point out a common mistake of randomly(arization (Riezler and Vasserman, 2004). Training
assessing significance in multiple pairwise compagata are defined as paifés;, tj)}}":1 of source sen-
isons (Cohen, 1995). This is especially relevant ifencess; and gold-standard translationsthat are
k-fold pairwise comparisons of systems or systemetermined as the translations in the 1000-best list
variants wherek is high. Taking this multiplicity that best match a given reference translation. The
problem into account, we conclude with a recomppjective function to be minimized is the conditional
mendation of a combination of NIST for evaluation|og_|ike|ihoodL()‘> subject to a regularization term
and the approximate randomization test for signifiz( ), whereT'(s) is the set of 1000-best translations

cance teSting, at more Stringent I’ejeCtion levels th%r sentencss, A is a vector or |Og_parameterS’ and
is currently standard in the MT literature. This is es-

pecially important in situations where multiple pair-
wise comparisons are conducted, and small result http:/avww.fioch.com/GIZA++.html

differences are expected. 2http:/iwww.isi.edu/licensed-swipharach/
3http://www.speech.sri.com/projects/srilm/
“http://www.isi.edu/licensed-sw/carmel/
Shttp://people.csail.mit.edu/people/
koehn/publications/europarl/
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Table 1: NIST, BLEU, F-scores for reranker and baseline on development set

NIST | BLEU | F
baseline 6.43 301 | .385
reranking 6.58 .298 | .383
approxrang-value | < .0001| .158 | .424

bootstrap-value | < .0001 A -

f is a vector of feature functions: the model only if adjusting their parameters away
- from zero sufficiently decreases the optimization cri-
L\ + R\ = _long)\(tj|5j) + R(A) terion. _Since every non-zero weight adqled to the
e model incurs a regularizer penalty 9f\;|, it only
AF(t) makes sense to add a feature to the model if this
€

m
= — ZIOgixm) + R(M\) penalty is outweighed by the reduction in negative
At > € log-likelihood. Thus features considered for selec-
tion have to pass the following test:
The features employed in our experiments con-
sist of 8 features corresponding to system compo- ‘
nents (distortion model, language model, phrase-

translations, lexical weights, phrase penalty, Worgis gradient test is applied to each feature and at
penalty) as provided by PHARAOH, together with %ach step the features that pass the test with maxi-

multitude of overlapping phrase feature_s._For exams, m magnitude are added to the model. This pro-
ple, for a phrase-table of phrases consisting of MaX;yes poth efficient and accurate estimation with
imally 3 words, we allow all 3-word phrases and 21arge feature sets.

word phrases as features. Since bigram features C@N\ork on discriminative reranking has been re-

overlap, information about trigrams can be gathere[gorted before by Och and Ney (2002), Och et al
by composing bigram features even if the actual tri(2004), and Shen et al. (2004). The main purpose of

gram is not seen in the training data. our reranking experiments is to have a system that

Fleature slelectlon mzkes 'ft ]E)ossmle to (_err?ploy arlgaln easily be adjusted to yield system variants that
evaluate a large number of features, WIthout Cofitar ot controllable amounts. For quick experimen-

Cerns abouj[ re(_jundant orirrelevant feature§ hampefg-l turnaround we selected the training and test data
ing generalization performance. Theregularizer is from sentences with 5 to 15 words, resulting in a

defined by the weighteé -norm of the parameters

7= teT(s;)

AL(N)
N

>

training set of 160,000 sentences, and a development
n set of 2,000 sentences. The phrase-table employed

RA) =~9||All1 =~ Z Y was restricted to phrases of maximally 3 words, re-
i=1 sulting in 200,000 phrases.

wherey is a regularization coefficient, amds num- Detecting Small Result Differences by
ber of parameters. This regularizer penalizes overly Intrinsic Evaluations Metrics

large parameter values in their absolute values, and

tends to force a subset of the parameters to be ekhe intrinsic evaluation measures used in our ex-
actly zero at the optimum. This fact leads to a naturagleriments are the well-known BLEU (Papineni et
integration of regularization into incremental featureal., 2001) and NIST (Doddington, 2002) metrics,
selection as follows: Assuming a tendency of the and an F-score measure that adapts evaluation tech-
regularizer to produce a large number of zero-valuegiques from dependency-based parsing (Crouch et
parameters at the function’s optimum, we start witkal., 2002) and sentence-condensation (Riezler et al.,
all-zero weights, and incrementally add features t8003) to machine translation. All of these measures
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Setc=0
Compute actual statistic of score differen¢gg — Sv| on test data
For random shuffles =0,... , R
For sentences in test set
Shuffle variable tuples between system X and Y with probabilisy
Compute pseudo-statisti§x, — Sy, | on shuffled data
If [Sx, — Sy, | = [Sx — Sy
c++
p=(c+1)/(R+1)
Reject null hypothesis if is less than or equal to specified rejection level

Figure 1: Approximate Randomization Test for Statistical Significance Testing

evaluate document similarity of SMT output againsples of length 5-15. The reranking model achieves
manually created reference translations. The mean increase in NIST score of .15 units, whereas
sures differ in their focus on different entities inBLEU and F-score decrease by .3% and .2% respec-
matching, corresponding to a focus on different adively. However, as measured by the statistical sig-
pects of translation quality. nificance tests described below, the differences in

BLEU and NIST both consider n-grams in sourcdBLEU and F-scores are not statistically significant
and reference strings as matching entities. BLEWith p-values exceeding the standard rejection level
weighs all n-grams equally whereas NIST puts moref .05. In contrast, the differences in NIST score
weight on n-grams that are more informative, i.e.are highly significant. These findings correspond to
occur less frequently. This results in BLEU favor-results reported in Zhang et al. (2004) showing a
ing matches in larger n-grams, corresponding to givhigher sensitivity of NIST versus BLEU to small re-
ing more credit to correct word order. NIST weighssult differences. Taking also the results from F-score
lower n-grams more highly, thus it gives more creditmatching in account, we can conclude that similar-
to correct lexical choice than to word order. ity measures that are based on matching more com-

F-score is computed by parsing reference sefplex entities (such as BLEU’s higher n-grams or F’s
tences and SMT outputs, and matching grammaticgrammatical relations) are not as sensitive to small
dependency relations. The reported value is the haesult differences as scoring techniques that are able
monic mean of precision and recall, which is defineto distinguish models by matching simpler entities
as(2 x precisionx recall)/( precision+ recall). (such as NIST’s focus on lexical choice). Further-
Precision is the ratio of matching dependency remore, we get an indication that differences of .3%
lations to the total number of dependency relation& BLEU score or .2% in F-score might not be large
in the parse for the system translation, and recall @1ough to conclude statistical significance of result
the ratio of matches to the total number of deperdifferences. This leads to questions of power and ac-
dency relations in the parse for the reference transuracy of the employed statistical significance tests
lation. The goal of this measure is to focus on aswhich will be addressed in the next section.
pects of meaning in measuring similarity of system
translations to reference translations, and to allo4 Assessing Statistical Significance of
for meaning-preserving word order variation. Small Result Differences

Evaluation results for a comparison of rerank-
ing against a baseline model that only includes fedrhe bootstrap method is an example for a computer-
tures corresponding to the 8 system components drgensive statistical hypothesis test (see, e.g., Noreen
shown in Table 1. Since the task is a comparisofl989)). Such tests are designed to assess result
of system variants for development, all results ardifferences with respect to a test statistic in cases
reported on the development set of 2,000 examwhere the sampling distribution of the test statistic
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Setc =0
Compute actual statistic of score differen¢gg — Sy| on test data
Calculate sample meam = % 25:0 |Sx, — SY, | over bootstrap samplés= 0, ... , B
For bootstrap samplés=0,... , B
Sample with replacement from variable tuples for systems X and Y for test sentences
Compute pseudo-statistifx, — Sy, | on bootstrap data
If |Sx, — Sy, | — 7B (+7) > |Sx — SY|
c+ +
p=(c+1)/(B+1)
Reject null hypothesis if is less than or equal to specified rejection level.

Figure 2: Bootstrap Test for Statistical Significance Testing

is unknown. Comparative evaluations of outputs o$trap] method is that the null hypothesis may be re-
SMT systems according to test statistics such as diected because the shape of the sampling distribution
ferences in BLEU, NIST, or F-score are exampless not well-approximated by the shape of the boot-
of this situation. The attractiveness of computerstrap sampling distribution rather than because the
intensive significance tests such as the bootstraxpected value of the test statistic differs from the
or the approximate randomization method lies ivalue that is hypothesized.”(Noreen (1989), p. 89).
their power and simplicity. As noted in standardBelow we describe these two test procedures in more
textbooks such as Cohen (1995) or Noreen (198@etail, and compare them in our experimental setup.
such tests are as powerful as parametric tests when _ o

parametric assumptions are met and they outpef:1 Approximate Randomization

form them when parametric assumptions are vicAn excellent introduction to the approximate ran-
lated. Because of their generality and simplicity thegomization test is Noreen (1989). Applications of
are also attractive alternatives to conventional nonhis test to natural language processing problems can
parametric tests (see, e.g., Siegel (1988)). The powlee found in Chinchor et al. (1993).

of these tests lies in the fact that they answer only a In our case of assessing statistical significance of
very simple question without making too many asresult differences between SMT systems, the test
sumptions that may not be met in the experimerstatistic of interest is the absolute value of the differ-
tal situation. In case of the approximate randomence in BLEU, NIST, or F-scores produced by two
ization test, only the question whether two samsystems on the same test set. These test statistics are
ples are related to each other is answered, witltomputed by accumulating certain count variables
out assuming that the samples are representative®@fer the sentences in the test set. For example, in
the populations from which they were drawn. Thecase of BLEU and NIST, variables for the length of
bootstrap method makes exactly this one assumgeference translations and system translations, and
tion. This makes it formally possible to draw in-for n-gram matches and n-gram counts are accumu-
ferences about population parameters for the bodated over the test corpus. In case of F-score, vari-
strap, but not for approximate randomization. Howable tuples consisting of the number of dependency-
ever, if the goal is to assess statistical significanaelations in the parse for the system translation, the
of a result difference between two systems the amumber of dependency-relations in the parse for the
proximate randomization test provides the desiregference translation, and the number of matching
power and accuracy whereas the bootstrap’s advagiependency-relations between system and reference
tage to draw inferences about population parameteparse, are accumulated over the test set.

comes at the price of reduced accuracy. Noreen sum-Under the null hypothesis, the compared systems
marizes this shortcoming of the bootstrap techniguare not different, thus any variable tuple produced by
as follows: “The principal disadvantage of [the bootone of the systems could have been produced just as
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Table 2: NIST scores for equivalent systems under bootstrap and approximate randomization tests.

compared systems 1:2 | 1:3 | 1.4 | 1.5 | 1.6
NIST difference | .031| .032| .029| .028 | .036
approxrang-value | .03 | .025| .05 | .079| .028
bootstrap-value | .014 | .013| .028 | .039| .013

likely by the other system. So shuffling the variablesalue of the pseudo-statistic its expected vaiige
tuples between the two systems with equal probabiand then adding back the expected vatuef the

ity, and recomputing the test statistic, creates an agest statistic under the null hypothesig. can be es-
proximate distribution of the test statistic under theimated by the sample mean of the bootstrap sam-
null hypothesis. For a test set 6f sentences there ples; is 0 under the null hypothesis. Then, similar
are 2 different ways to shuffle the variable tuplesto the approximate randomization test, significance
between the two systems. Approximate randomizadevels are computed as the percentage of trials where
tion produce shuffles by random assignments instedloe (shifted) pseudo statistic is greater than or equal
of evaluating all2® possible assignments. Signifi-to the actual statistic.

cance levels are computed as the percentage of trials

where the pseudo statistic, i.e., the test statistic corft:3 POwer vs. Type | Errors

puted on the shuffled data, is greater than or equal to order to evaluate accuracy of the bootstrap and the
the actual statistic, i.e., the test statistic computed @pproximate randomization test, we conduct an ex-
the test data. A sketch of an algorithm for approxiperimental evaluation of type-I errors of both boot-

mate randomization testing is given in Fig. 1. strap and approximate randomization on real data.
Type-I errors indicate failures to reject the null hy-
4.2 The Bootstrap pothesis when it is true. We construct SMT system

An excellent introduction to the technique is thevariants that are essentially equal but produce su-
textbook by Efron and Tibshirani (1993). In contrasperficially different results. This can be achieved by
to approximate randomization, the bootstrap methacbnstructing reranking variants that differ in the re-
makes the assumption that the sample is a repréundant features that are included in the models, but
sentative “proxy” for the population. The shape ofare similar in the number and kind of selected fea-
the sampling distribution is estimated by repeatedlyures. The results of this experiment are shown in Ta-
sampling (with replacement) from the sample itselfble 2. System 1 does not include irrelevant features,
A sketch of a procedure for bootstrap testing isvhereas systems 2-6 were constructed by adding a
given in Fig. 2. First, the test statistic is computed oslightly different number of features in each step,
the test data. Then, the sample mean of the pseubuot resulted in the same number of selected features.
statistic is computed on the bootstrapped data, i.eLhus competing features bearing the same informa-
the test statistic is computed on bootstrap sampléisn are exchanged in different models, yet overall
of equal size and averaged over bootstrap sampleshe same information is conveyed by slightly dif-
In order to compute significance levels based oferent feature sets. The results of Table 2 show that
the bootstrap sampling distribution, we employ théhe bootstrap method yielgsvalues< .015 in 3
“shift” method described in Noreen (1989). Here itout of 5 pairwise comparisons whereas the approx-
is assumed that the sampling distribution of the nuimate randomization test yielgsvalues> .025 in
hypothesis and the bootstrap sampling distributioall cases. Even if the trug-value is unknown, we
have the same shape but a different location. Thean say that the approximate randomization test es-
location of the bootstrap sampling distribution isimatesp-values more conservatively than the boot-
shifted so that it is centered over the location wherstrap, thus increasing the likelihood of type-I error
the null hypothesis sampling distribution should bdor the bootstrap test. For a restrictive significance
centered. This is achieved by subtracting from eadevel of 0.15, which is motivated below for multiple
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comparisons, the bootstrap would assess statistiaaresult difference has to be unrealistically large to
significance in 3 out of 5 cases whereas statisticlile significant. Here conventional tests for post-hoc
significance would not be assessed under approxiomparisons such as the Scleefir Tukey test have
mate randomization. Assuming equivalence of th&o be employed (see Cohen (1995), p. 185ff.).
compared system variants, these assessments would

count as type-I errors. Conclusion

Situations where a researcher has to deal with subtle

4.4 The Multiplicity Problem : .
differences between systems are common in system

In the experiment on type-I error described abovev&evelopment and large benchmark tests. We have
more stringent rejection level than the usllwas  snown that it is useful in such situations to trade in
assumed. This was necessary to circumvent a co@ressivity of evaluation measures for sensitivity.
mon pitfall in significance testing far-fold pairwise  For MT evaluation this means that recording differ-
comparisons. Following the argumentation given ignces in lexical choice by the NIST measure is more
Cohen (1995), the probability of randomly assesS;jseful than failing to record differences by employ-
ing statistical significance for result differences ir]ng measures such as BLEU or F-score that incorpo-
k-fold pairwise comparisons grows exponentially in¢e aspects of fluency and meaning adequacy into
k. Recall that for a pairwise comparison of systemsy T evaluation. Similarly, in significance testing, it
specifying thap < .05 means that the probability of j5 seful to trade in the possibility to draw inferences
incorrectly rejecting the null hypothesis that the sysspout the sampling distribution for accuracy and
tems are not different be less thds. Caution has power of the test method. We found experimental
to be exercised it-fold pairwise comparisons: For ayidence confirming textbook knowledge about re-
a probabilityp, of incorrectly rejecting the null hy- gyced accuracy of the bootstrap test compared to the
pothesis in a specific pairwise comparison, the proby,roximate randomization test. Lastly, we pointed
ability p. of at least once incorrectly rejecting thisg,t a well-known problem of randomly assessing
null hypothesis in an experiment involvigpair-  sjgnjficance in multiple pairwise comparisons. Tak-
WISe comparisons 1S ing these findings together, we recommend for mul-
perl—(1— pc)k tiple comparisons of subtle differences to combine
the NIST score for evaluation with the approximate
For large values ok, the probability of concluding randomization test for significance testing, at more

result differences incorrectly at least once is undestringent rejection levels than is currently standard
sirably high. For example, in benchmark testing ofn the MT literature.

15 systems]5(15 — 1)/2 = 105 pairwise compar-

isons will have to be conducted. At a per-comparison
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METEOR: An Automatic Metric for MT Evaluation with
Improved Correlation with Human Judgments
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Abstract

We describe METEOR, an automatic
metric for machine translation evaluation
that is based on a generalized concept of
unigram matching between the machine-
produced translation and human-produced
reference translations. Unigrams can be
matched based on their surface forms,
stemmed forms, and meanings; further-
more, METEOR can be easily extended to
include more advanced matching strate-
gies.  Once all generalized unigram
matches between the two strings have
been found, METEOR computes a score
for this matching using a combination of
unigram-precision, unigram-recall, and a
measure of fragmentation that is designed
to directly capture how well-ordered the
matched words in the machine translation
are in relation to the reference. We
evaluate METEOR by measuring the cor-
relation between the metric scores and
human judgments of translation quality.
We compute the Pearson R correlation
value between its scores and human qual-
ity assessments of the LDC TIDES 2003
Arabic-to-English and Chinese-to-English
datasets. We perform segment-by-
segment correlation, and show that
METEOR gets an R correlation value of
0.347 on the Arabic data and 0.331 on the
Chinese data. This is shown to be an im-
provement on using simply unigram-
precision, unigram-recall and their har-
monic F1 combination. We also perform
experiments to show the relative contribu-
tions of the various mapping modules.
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1 Introduction

Automatic Metrics for machine translation (MT)
evaluation have been receiving significant atten-
tion in the past two years, since IBM's BLEU met-
ric was proposed and made available (Papineni et
al 2002). BLEU and the closely related NIST met-
ric (Doddington, 2002) have been extensively used
for comparative evaluation of the various MT sys-
tems developed under the DARPA TIDES research
program, as well as by other MT researchers. The
utility and attractiveness of automatic metrics for
MT evaluation has consequently been widely rec-
ognized by the MT community. Evaluating an MT
system using such automatic metrics is much
faster, easier and cheaper compared to human
evaluations, which require trained bilingual evalua-
tors. In addition to their utility for comparing the
performance of different systems on a common
translation task, automatic metrics can be applied
on a frequent and ongoing basis during system de-
velopment, in order to guide the development of
the system based on concrete performance im-
provements.

Evaluation of Machine Translation has tradi-
tionally been performed by humans. While the
main criteria that should be taken into account in
assessing the quality of MT output are fairly intui-
tive and well established, the overall task of MT
evaluation is both complex and task dependent.
MT evaluation has consequently been an area of
significant research in itself over the years. A wide
range of assessment measures have been proposed,
not all of which are easily quantifiable. Recently
developed frameworks, such as FEMTI (King et al,
2003), are attempting to devise effective platforms
for combining multi-faceted measures for MT
evaluation in effective and user-adjustable ways.
While a single one-dimensional numeric metric
cannot hope to fully capture all aspects of MT

Proceedings of the ACL Workshop on Intrinsic and Extrinsic Evaluation Measures for Machine Translation
and/or Summarization, pages 65-72, Ann Arbor, June 2005. (©2005 Association for Computational Linguistics



evaluation, such metrics are still of great value and
utility.

In order to be both effective and useful, an
automatic metric for MT evaluation has to satisfy
several basic criteria. The primary and most intui-
tive requirement is that the metric have very high
correlation with quantified human notions of MT
quality. Furthermore, a good metric should be as
sensitive as possible to differences in MT quality
between different systems, and between different
versions of the same system. The metric should be
consistent (same MT system on similar texts
should produce similar scores), reliable (MT sys-
tems that score similarly can be trusted to perform
similarly) and general (applicable to different MT
tasks in a wide range of domains and scenarios).
Needless to say, satisfying all of the above criteria
is extremely difficult, and all of the metrics that
have been proposed so far fall short of adequately
addressing most if not all of these requirements.
Nevertheless, when appropriately quantified and
converted into concrete test measures, such re-
quirements can set an overall standard by which
different MT evaluation metrics can be compared
and evaluated.

In this paper, we describe METEOR', an auto-
matic metric for MT evaluation which we have
been developing. METEOR was designed to ex-
plicitly address several observed weaknesses in
IBM's BLEU metric. It is based on an explicit
word-to-word matching between the MT output
being evaluated and one or more reference transla-
tions. Our current matching supports not only
matching between words that are identical in the
two strings being compared, but can also match
words that are simple morphological variants of
each other (i.e. they have an identical stem), and
words that are synonyms of each other. We envi-
sion ways in which this strict matching can be fur-
ther expanded in the future, and describe these at
the end of the paper. Each possible matching is
scored based on a combination of several features.
These currently include unigram-precision, uni-
gram-recall, and a direct measure of how out-of-
order the words of the MT output are with respect
to the reference. The score assigned to each indi-
vidual sentence of MT output is derived from the
best scoring match among all matches over all ref-
erence translations. The maximal-scoring match-

! METEOR: Metric for Evaluation of Translation with Explicit ORdering
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ing is then also used in order to calculate an aggre-
gate score for the MT system over the entire test
set. Section 2 describes the metric in detail, and
provides a full example of the matching and scor-
ing.

In previous work (Lavie et al., 2004), we com-
pared METEOR with IBM's BLEU metric and it’s
derived NIST metric, using several empirical
evaluation methods that have been proposed in the
recent literature as concrete means to assess the
level of correlation of automatic metrics and hu-
man judgments. We demonstrated that METEOR
has significantly improved correlation with human
judgments. Furthermore, our results demonstrated
that recall plays a more important role than preci-
sion in obtaining high-levels of correlation with
human judgments. The previous analysis focused
on correlation with human judgments at the system
level. In this paper, we focus our attention on im-
proving correlation between METEOR score and
human judgments at the segment level. High-levels
of correlation at the segment level are important
because they are likely to yield a metric that is sen-
sitive to minor differences between systems and to
minor differences between different versions of the
same system. Furthermore, current levels of corre-
lation at the sentence level are still rather low, of-
fering a very significant space for improvement.
The results reported in this paper demonstrate that
all of the individual components included within
METEOR contribute to improved correlation with
human judgments. In particular, METEOR is
shown to have statistically significant better corre-
lation compared to unigram-precision, unigram-
recall and the harmonic F1 combination of the two.

We are currently in the process of exploring
several further enhancements to the current
METEOR metric, which we believe have the po-
tential to significantly further improve the sensitiv-
ity of the metric and its level of correlation with
human judgments. Our work on these directions is
described in further detail in Section 4.

2 The METEOR Metric

2.1 Weaknesses in BLEU Addressed in

METEOR

The main principle behind IBM’s BLEU metric
(Papineni et al, 2002) is the measurement of the



overlap in unigrams (single words) and higher or-
der n-grams of words, between a translation being
evaluated and a set of one or more reference trans-
lations. The main component of BLEU is n-gram
precision: the proportion of the matched n-grams
out of the total number of n-grams in the evaluated
translation. Precision is calculated separately for
each n-gram order, and the precisions are com-
bined via a geometric averaging. BLEU does not
take recall into account directly. Recall — the pro-
portion of the matched n-grams out of the total
number of n-grams in the reference translation, is
extremely important for assessing the quality of
MT output, as it reflects to what degree the transla-
tion covers the entire content of the translated sen-
tence. BLEU does not use recall because the
notion of recall is unclear when matching simulta-
neously against a set of reference translations
(rather than a single reference). To compensate for
recall, BLEU uses a Brevity Penalty, which penal-
izes translations for being “too short”. The NIST
metric is conceptually similar to BLEU in most
aspects, including the weaknesses discussed below.

BLEU and NIST suffer from several weak-
nesses, which we attempt to address explicitly in
our proposed METEOR metric:

The Lack of Recall: We believe that the fixed
brevity penalty in BLEU does not adequately com-
pensate for the lack of recall. Our experimental
results strongly support this claim.

Use of Higher Order N-grams: Higher order
N-grams are used in BLEU as an indirect measure
of a translation’s level of grammatical well-
formedness. We believe an explicit measure for
the level of grammaticality (or word order) can
better account for the importance of grammatical-
ity as a factor in the MT metric, and result in better
correlation with human judgments of translation
quality.

Lack of Explicit Word-matching Between
Translation and Reference: N-gram counts don’t
require an explicit word-to-word matching, but this
can result in counting incorrect “matches”, particu-
larly for common function words.

Use of Geometric Averaging of N-grams:
Geometric averaging results in a score of “zero”
whenever one of the component n-gram scores is
zero. Consequently, BLEU scores at the sentence
(or segment) level can be meaningless. Although
BLEU was intended to be used only for aggregate
counts over an entire test-set (and not at the sen-
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tence level), scores at the sentence level can be
useful indicators of the quality of the metric. In
experiments we conducted, a modified version of
BLEU that uses equal-weight arithmetic averaging
of n-gram scores was found to have better correla-
tion with human judgments.

2.2 The METEOR Metric

METEOR was designed to explicitly address the
weaknesses in BLEU identified above. It evaluates
a translation by computing a score based on ex-
plicit word-to-word matches between the transla-
tion and a reference translation. If more than one
reference translation is available, the given transla-
tion is scored against each reference independ-
ently, and the best score is reported. This is
discussed in more detail later in this section.

Given a pair of translations to be compared (a
system translation and a reference translation),
METEOR creates an alignment between the two
strings. We define an alignment as a mapping be-
tween unigrams, such that every unigram in each
string maps to zero or one unigram in the other
string, and to no unigrams in the same string. Thus
in a given alignment, a single unigram in one string
cannot map to more than one unigram in the other
string. This alignment is incrementally produced
through a series of stages, each stage consisting of
two distinct phases.

In the first phase an external module lists all the
possible unigram mappings between the two
strings. Thus, for example, if the word “computer”
occurs once in the system translation and twice in
the reference translation, the external module lists
two possible unigram mappings, one mapping the
occurrence of “computer” in the system translation
to the first occurrence of “computer” in the refer-
ence translation, and another mapping it to the sec-
ond occurrence. Different modules map unigrams
based on different criteria. The “exact” module
maps two unigrams if they are exactly the same
(e.g. “computers” maps to “computers” but not
“computer”). The “porter stem” module maps two
unigrams if they are the same after they are
stemmed using the Porter stemmer (e.g.: “com-
puters” maps to both “computers” and to “com-
puter”). The “WN synonymy” module maps two
unigrams if they are synonyms of each other.

In the second phase of each stage, the largest
subset of these unigram mappings is selected such



that the resulting set constitutes an alignment as
defined above (that is, each unigram must map to
at most one unigram in the other string). If more
than one subset constitutes an alignment, and also
has the same cardinality as the largest set,
METEOR selects that set that has the least number
of unigram mapping crosses. Intuitively, if the two
strings are typed out on two rows one above the
other, and lines are drawn connecting unigrams
that are mapped to each other, each line crossing is
counted as a “unigram mapping cross”. Formally,
two unigram mappings (t;, r;) and (ty, 1) (where t;
and t, are unigrams in the system translation
mapped to unigrams rj and r; in the reference trans-
lation respectively) are said to cross if and only if
the following formula evaluates to a negative
number:

(pos(t) — pos(ty) * (pos(ry) — pos(ry)
where pos(t,) is the numeric position of the uni-
gram t, in the system translation string, and pos(ry)
is the numeric position of the unigram 1y in the ref-
erence string. For a given alignment, every pair of
unigram mappings is evaluated as a cross or not,
and the alignment with the least total crosses is
selected in this second phase. Note that these two
phases together constitute a variation of the algo-
rithm presented in (Turian et al, 2003).

Each stage only maps unigrams that have not
been mapped to any unigram in any of the preced-
ing stages. Thus the order in which the stages are
run imposes different priorities on the mapping
modules employed by the different stages. That is,
if the first stage employs the “exact” mapping
module and the second stage employs the “porter
stem” module, METEOR is effectively preferring
to first map two unigrams based on their surface
forms, and performing the stemming only if the
surface forms do not match (or if the mapping
based on surface forms was too “costly” in terms
of the total number of crosses). Note that
METEOR is flexible in terms of the number of
stages, the actual external mapping module used
for each stage, and the order in which the stages
are run. By default the first stage uses the “exact”
mapping module, the second the “porter stem”
module and the third the “WN synonymy” module.
In section 4 we evaluate each of these configura-
tions of METEOR.

Once all the stages have been run and a final
alignment has been produced between the system
translation and the reference translation, the
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METEOR score for this pair of translations is
computed as follows. First unigram precision (P)
is computed as the ratio of the number of unigrams
in the system translation that are mapped (to uni-
grams in the reference translation) to the total num-
ber of unigrams in the system translation.
Similarly, unigram recall (R) is computed as the
ratio of the number of unigrams in the system
translation that are mapped (to unigrams in the ref-
erence translation) to the total number of unigrams
in the reference translation. Next we compute
Fmean by combining the precision and recall via a
harmonic-mean (van Rijsbergen, 1979) that places
most of the weight on recall. We use a harmonic
mean of P and 9R. The resulting formula used is:

10PR

R+9P

Precision, recall and Fmean are based on uni-
gram matches. To take into account longer
matches, METEOR computes a penalty for a given
alignment as follows. First, all the unigrams in the
system translation that are mapped to unigrams in
the reference translation are grouped into the few-
est possible number of chunks such that the uni-
grams in each chunk are in adjacent positions in
the system translation, and are also mapped to uni-
grams that are in adjacent positions in the reference
translation. Thus, the longer the n-grams, the fewer
the chunks, and in the extreme case where the en-
tire system translation string matches the reference
translation there is only one chunk. In the other
extreme, if there are no bigram or longer matches,
there are as many chunks as there are unigram
matches. The penalty is then computed through the
following formula:

Fmean =

#Hunigrams _matched

For example, if the system translation was “the
president spoke to the audience” and the reference
translation was “the president then spoke to the
audience”, there are two chunks: “the president”
and “spoke to the audience”. Observe that the pen-
alty increases as the number of chunks increases to
a maximum of 0.5. As the number of chunks goes
to 1, penalty decreases, and its lower bound is de-
cided by the number of unigrams matched. The
parameters if this penalty function were deter-
mined based on some experimentation with de-

3
Penalty =0.5 *( fchunks J



veopment data, but have not yet been trained to be
optimal.

Finally, the METEOR Score for the given
alignment is computed as follows:

Score = Fmean * (1 — Penalty)

This has the effect of reducing the Fmean by the
maximum of 50% if there are no bigram or longer
matches.

For a single system translation, METEOR com-
putes the above score for each reference transla-
tion, and then reports the best score as the score for
the translation. The overall METEOR score for a
system is calculated based on aggregate statistics
accumulated over the entire test set, similarly to
the way this is done in BLEU. We calculate ag-
gregate precision, aggregate recall, an aggregate
penalty, and then combine them using the same
formula used for scoring individual segments.

3 Evaluation of the METEOR Metric

3.1. Data

We evaluated the METEOR metric and compared
its performance with BLEU and NIST on the
DARPA/TIDES 2003 Arabic-to-English and Chi-
nese-to-English MT evaluation data released
through the LDC as a part of the workshop on In-
trinsic and Extrinsic Evaluation Measures for MT
and/or Summarization, at the Annual Meeting of
the Association of Computational Linguistics
(2005). The Chinese data set consists of 920 sen-
tences, while the Arabic data set consists of 664
sentences. Each sentence has four reference trans-
lations. Furthermore, for 7 systems on the Chinese
data and 6 on the Arabic data, every sentence
translation has been assessed by two separate hu-
man judges and assigned an Adequacy and a Flu-
ency Score. Each such score ranges from one to
five (with one being the poorest grade and five the
highest). For this paper, we computed a Combined
Score for each translation by averaging the ade-
quacy and fluency scores of the two judges for that
translation. We also computed an average System
Score for each translation system by averaging the
Combined Score for all the translations produced
by that system. (Note that although we refer to
these data sets as the “Chinese” and the “Arabic”
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data sets, the MT evaluation systems analyzed in
this paper only evaluate English sentences pro-
duced by translation systems by comparing them to
English reference sentences).

3.2 Comparison with BLEU and NIST MT

Evaluation Algorithms

In this paper, we are interested in evaluating
METEOR as a metric that can evaluate translations
on a sentence-by-sentence basis, rather than on a
coarse grained system-by-system basis. The stan-
dard metrics — BLEU and NIST — were however
designed for system level scoring, hence comput-
ing sentence level scores using BLEU or the NIST
evaluation mechanism is unfair to those algo-
rithms. To provide a point of comparison however,
table 1 shows the system level correlation between
human judgments and various MT evaluation algo-
rithms and sub components of METEOR over the
Chinese portion of the Tides 2003 dataset. Specifi-
cally, these correlation figures were obtained as
follows: Using each algorithm we computed one
score per Chinese system by calculating the aggre-
gate scores produced by that algorithm for that sys-
tem. We also obtained the overall human judgment
for each system by averaging all the human scores
for that system’s translations. We then computed
the Pearson correlation between these system level
human judgments and the system level scores for
each algorithm; these numbers are presented in
table 1.

System ID Correlation
BLEU 0.817
NIST 0.892
Precision 0.752
Recall 0.941
F1 0.948
Fmean 0.952
METEOR 0.964

Table 1: Comparison of human/METEOR correlation
with BLEU and NIST/human correlations

Observe that simply using Recall as the MT
evaluation metric results in a significant improve-
ment in correlation with human judgment over
both the BLEU and the NIST algorithms. These
correlations further improve slightly when preci-
sion is taken into account (in the F1 measure),



when the recall is weighed more heavily than pre-
cision (in the Fmean measure) and when a penalty
is levied for fragmented matches (in the main
METEOR measure).

3.3 Evaluation Methodology

As mentioned in the previous section, our main
goal in this paper is to evaluate METEOR and its
components on their translation-by-translation
level correlation with human judgment. Towards
this end, in the rest of this paper, our evaluation
methodology is as follows: For each system, we
compute the METEOR Score for every translation
produced by the system, and then compute the cor-
relation between these individual scores and the
human assessments (average of the adequacy and
fluency scores) for the same translations. Thus we
get a single Pearson R value for each system for
which we have human assessments. Finally we
average the R values of all the systems for each of
the two language data sets to arrive at the overall
average correlation for the Chinese dataset and the
Arabic dataset. This number ranges between -1.0
(completely negatively correlated) to +1.0 (com-
pletely positively correlated).

We compare the correlation between human as-
sessments and METEOR Scores produced above
with that between human assessments and preci-
sion, recall and Fmean scores to show the advan-
tage of the various components in the METEOR
scoring function. Finally we run METEOR using
different mapping modules, and compute the corre-
lation as described above for each configuration to
show the effect of each unigram mapping mecha-
nism.

3.4 Correlation between METEOR Scores
and Human Assessments

System ID Correlation
ame 0.331
ara 0.278
arb 0.399
ari 0.363
arm 0.341
arp 0.371
Average 0.347

Table 2: Correlation between METEOR Scores and
Human Assessments for the Arabic Dataset
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We computed sentence by sentence correlation
between METEOR Scores and human assessments
(average of adequacy and fluency scores) for each
translation for every system. Tables 2 and 3 show
the Pearson R correlation values for each system,
as well as the average correlation value per lan-
guage dataset.

System ID Correlation
E09 0.385
Ell 0.299
E12 0.278
El4 0.307
E15 0.306
E17 0.385
E22 0.355

Average 0.331

Table 3: Correlation between METEOR Scores and
Human Assessments for the Chinese Dataset

3.5 Comparison with Other Metrics

We computed translation by translation correla-
tions between human assessments and other met-
rics besides the METEOR score, namely precision,
recall and Fmean. Tables 4 and 5 show the correla-
tions for the various scores.

Metric Correlation
Precision 0.287
Recall 0.334
Fmean 0.340
METEOR 0.347

Table 4: Correlations between human assessments and
precision, recall, Fmean and METEOR Scores, aver-
aged over systems in the Arabic dataset

Metric Correlation
Precision 0.286
Recall 0.320
Fmean 0.327
METEOR 0.331

Table 5: Correlations between human assessments and
precision, recall, Fmean and METEOR Scores, aver-
aged over systems in the Chinese dataset

We observe that recall by itself correlates with
human assessment much better than precision, and
that combining the two using the Fmean formula



described above results in further improvement. By
penalizing the Fmean score using the chunk count
we get some further marginal improvement in cor-
relation.

3.6 Comparison between Different Map-

ping Modules

To observe the effect of various unigram mapping
modules on the correlation between the METEOR
score and human assessments, we ran METEOR
with different sequences of stages with different
mapping modules in them. In the first experiment
we ran METEOR with only one stage that used the
“exact” mapping module. This module matches
unigrams only if their surface forms match. (This
module does not match unigrams that belong to a
list of “stop words” that consist mainly of function
words). In the second experiment we ran
METEOR with two stages, the first using the “ex-
act” mapping module, and the second the “Porter”
mapping module. The Porter mapping module
matches two unigrams to each other if they are
identical after being passed through the Porter
stemmer. In the third experiment we replaced the
Porter mapping module with the WN-Stem map-
ping module. This module maps two unigrams to
each other if they share the same base form in
WordNet. This can be thought of as a different
kind of stemmer — the difference from the Porter
stemmer is that the word stems are actual words
when stemmed through WordNet in this manner.
In the last experiment we ran METEOR with three
stages, the first two using the exact and the Porter
modules, and the third the WN-Synonymy map-
ping module. This module maps two unigrams
together if at least one sense of each word belongs
to the same synset in WordNet. Intuitively, this
implies that at least one sense of each of the two
words represent the same concept. This can be
thought of as a poor-man’s synonymy detection
algorithm that does not disambiguate the words
being tested for synonymy. Note that the
METEOR scores used to compute correlations in
the other tables (1 through 4) used exactly this se-
quence of stages.

Tables 6 and 7 show the correlations between
METEOR scores produced in each of these ex-
periments and human assessments for both the
Arabic and the Chinese datasets. On both data sets,
adding either stemming modules to simply using
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the exact matching improves correlations. Some
further improvement in correlation is produced by
adding the synonymy module.

Mapping module sequence | Correlation
used (Arabic)

Exact 0.312

Exact, Porter 0.329

Exact, WN-Stem 0.330

Exact, Porter, WN-Synonym 0.347

Table 6: Comparing correlations produced by different
module stages on the Arabic dataset.

Mapping module sequence | Correlation
used (Chinese)

Exact 0.293

Exact, Porter 0.318

Exact, WN-Stem 0.312

Exact, Porter, WN-Synonym 0.331

Table 7: Comparing correlations produced by different
module stages, on the Chinese dataset

3.7 Correlation using Normalized Human

Assessment Scores

One problem with conducting correlation ex-
periments with human assessment scores at the
sentence level is that the human scores are noisy —
that is, the levels of agreement between human
judges on the actual sentence level assessment
scores is not extremely high. To partially address
this issue, the human assessment scores were nor-
malized by a group at the MITRE Corporation. To
see the effect of this noise on the correlation, we
computed the correlation between the METEOR
Score (computed using the stages used in the 4th
experiment in section 7 above) and both the raw
human assessments as well as the normalized hu-
man assessments.

Arabic Chinese
Dataset Dataset
Raw human as- 0.347 0.331
sessments
Normalized hu- 0.403 0.365
man assessments

Table 8: Comparing correlations between METEOR
Scores and both raw and normalized human assessments



Table 8 shows that indeed METEOR Scores cor-
relate better with normalized human assessments.
In other words, the noise in the human assessments
hurts the correlations between automatic scores
and human assessments.

4  Future Work

The METEOR metric we described and evaluated
in this paper, while already demonstrating great
promise, is still relatively simple and naive. We
are in the process of enhancing the metric and our
experimentation in several directions:

Train the Penalty and Score Formulas on
Data: The formulas for Penalty and METEOR
score were manually crafted based on empirical
tests on a separate set of development data. How-
ever, we plan to optimize the formulas by training
them on a separate data set, and choosing that for-
mula that best correlates with human assessments
on the training data.

Use Semantic Relatedness to Map Unigrams:
So far we have experimented with exact mapping,
stemmed mapping and synonymy mapping be-
tween unigrams. Our next step is to experiment
with different measures of semantic relatedness to
match unigrams that have a related meaning, but
are not quite synonyms of each other.

More Effective Use of Multiple Reference
Translations: Our current metric uses multiple
reference translations in a weak way: we compare
the translation with each reference separately and
select the reference with the best match. This was
necessary in order to incorporate recall in our met-
ric, which we have shown to be highly advanta-
geous. As our matching approach improves, the
need for multiple references for the metric may in
fact diminish. Nevertheless, we are exploring
ways in which to improve our matching against
multiple references. Recent work by (Pang et al,
2003) provides the mechanism for producing se-
mantically meaningful additional “synthetic” refer-
ences from a small set of real references. We plan
to explore whether using such synthetic references
can improve the performance of our metric.

Weigh Matches Produced by Different Mod-
ules Differently: Our current multi-stage approach
prefers metric imposes a priority on the different
matching modules. However, once all the stages
have been run, unigrams mapped through different
mapping modules are treated the same. Another
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approach to treating different mappings differently
is to apply different weights to the mappings pro-
duced by different mapping modules. Thus “com-
puter” may match “computer” with a score of 1,
“computers” with a score of 0.8 and “workstation”
with a score of 0.3. As future work we plan to de-
velop a version of METEOR that uses such
weighting schemes.
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