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Überblick 

  Evaluation gegen Goldstandard vs. task-basierte Evaluation 
  Maschinelle Übersetzung 

  Qualitätsmaße: F-Score vs.  AER 
  Mögliche vs. sichere Links 

  Task-basierte Evaluation (Maschinelle Übersetzung) 



Zwei Möglichkeiten der Evaluation: 
  Gegen ein annotiertes Korpus 

  “in vitro”-/Goldstandard-basierte Evaluation 
  Oder in einem System / an einer konkreten Aufgabe 

  “in vivo” / task-basierte Evaluation 
  Alinierung ist eine Komponente in einem komplexen System 

  Oft wird die Evaluation gegen ein annotiertes Korpus als ‘manuelle’ 
Evaluation bezeichnet 
  Evaluation in eine System kann aber automatisch oder manuell 

erfolgen… 

  MÜ: großes Interesse an taskbasierter Evaluation 
  Alinierungen dienen zur Extraktion des Übersetzungslexikons 
  Zu optimierendes Endprodukt: Übersetzungsqualität 



Vor- und Nachteile 
  Manuelle Evaluation 

  ✓Generalisierbare Bewertung (idealerweise) 
  ✗ Keine Aussage für konkrete Aufgabe 
  ✗ Teuer (zumindest im Vergleich zu vollautomatischer 

Evaluation) 

  Task-basierte Evaluation 
  ✓ Spezifische Bewertung der Qualität eines konkreten Systems 
  ✗ Spezifische Bewertung der Qualität eines konkreten Systems 
  ✗ Bewertet nicht nur Wortalinierung, sondern auch die 

Qualität aller anderer Komponenten 



Der heilige Gral der Evaluation 
  Idealzustand: Manuelle Evaluation ist prädiktiv für die 

taskbasierten Evaluationsergebnisse 
  Schritt 1: Ein Korpus manuell annotieren 
  Schritt 2:  Wortalinierung optimieren 
  Schritt 3: Dann alle anderen Komponenten optimieren 

  Erfahrung in Maschineller Übersetzung 2000 bis 2005: 
  Neue Modelle: bessere Wortalinierung  

  laut manueller Evaluation 
  ...aber tatsächlich kaum bessere Übersetzungsqualität 

  laut taskbasierter Evaluation 

  Wo liegt das Problem? -- Fraser & Marcu 2007 



Manuelle Evaluation: Qualitätsmaße 
  Wortalinierungen können als Kanten (“links”) in einem 

Alinierungsgraphen verstanden werden 
  Evaluation: vergleiche vorhergesagte Kanten (A) und 

Goldkanten (G) 

            Goldkanten          vorhergesagte Kanten 

Präzision:  Pr = |G ⋂ A| / |A| = 3/4 = 0.75 
Recall: R= |G ⋂ A| / |G| = #3/3 = 1 
F-Score: 2*Pr*R/(Pr+R) = 0.86  
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in order to ensure consistency between the number of links an alignment has and the
translational equivalences licensed by that alignment.
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3. Word Alignment Quality Metrics

3.1 Alignment Error Rate is Not a Useful Measure

We begin our study of metrics for word alignment quality by testing AER (Och and Ney
2003). AER requires a gold standard manually annotated set of Sure links and Possible
links (referred to as S and P). Given a hypothesized alignment consisting of the link set
A, three measures are defined:

Precision(A, P) = |P ∩ A|
|A| (1)

Recall(A, S) = |S ∩ A|
|S| (2)

AER(A, P, S) = 1 − |P ∩ A| + |S ∩ A|
|S| + |A| (3)

In our graphs, we will present 1 − AER so that we have an accuracy measure.
We created alignments of varying quality for the medium French/English training

set. We broke the data into separate pieces corresponding to 1/16, 1/8, 1/4, and 1/2
of the original data to generate degraded alignments, and we used 2, 4, and 8 times
the original data to generate enhanced alignments. For the “fractional” alignments we
report the average AER of the pieces.5

The graph in Figure 1 shows the correlation of 1 − AER with BLEU. High correlation
would look like a line from the bottom left corner to the top right corner. As can be seen
by looking at the graph, there is low correlation between 1 − AER and the BLEU score. A
concise mathematical description of correlation is the coefficient of determination (r2),

5 For example, for 1/16, we perform 16 pairs of alignments, each of which includes the full gold standard
text, and another 16 pairs of alignments without the gold standard text. We then apply the
symmetrization heuristics to these pairs. We use the symmetrized alignments including the text from the
gold standard set to measure AER and we concatenate those not including the gold standard text to build
SMT systems for measuring BLEU.
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Mögliche und sichere Kanten 
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Figure 2
A manual alignment with S (filled squares) and P (unfilled squares) connections.

These definitions of precision, recall and the AER are based on the assumption
that a recall error can occur only if an S alignment is not found and a precision error
can occur only if the found alignment is not even P.

The set of sentence pairs for which the manual alignment is produced is randomly
selected from the training corpus. It should be emphasized that all the training of the
models is performed in a completely unsupervised way (i.e., no manual alignments
are used). From this point of view, there is no need to have a test corpus separate from
the training corpus.

Typically, the annotation is performed by two human annotators, producing sets
S1, P1, S2, P2. To increase the quality of the resulting reference alignment, the anno-
tators are presented with the mutual errors and asked to improve their alignments
where possible. (Mutual errors of the two annotators A and B are the errors in the
alignment of annotator A if we assume the alignment of annotator B as reference and
the errors in the alignment of annotator B if we assume the alignment of annotator A
as reference.) From these alignments, we finally generate a reference alignment that
contains only those S connections on which both annotators agree and all P connec-
tions from both annotators. This can be accomplished by forming the intersection of
the sure alignments (S = S1∩S2) and the union of the possible alignments (P = P1∪P2),
respectively. By generating the reference alignment in this way, we obtain an alignment
error rate of 0 percent when we compare the S alignments of every single annotator
with the combined reference alignment.

6. Experiments

We present in this section results of experiments involving the Verbmobil and Hansards
tasks. The Verbmobil task (Wahlster 2000) is a (German-English) speech translation task

  Wörtliche Entsprechungen: 
“sure links” (S) 

  Entsprechungen im weiteren 
Sinne: “possible links” (P) 

  G = P,  S ⊆ P 

  Pr = |P ⋂ A| / |A| 
   possible links dürfen   

 vorausgesagt werden 

  R = |S ⋂ A| / |S| 
  fehlende possible links zählen 

nicht gegen den Recall 



Alignment Error Rate 
  Das von 2000 bis 2005 am weitesten verwendete 

Evaluationsmaß für Wortalinierungen 

                    |P⋂A| + |S⋂A| 
AER =   1- ------------------     (“motiviert durch F-Score”) 
                   |A|   +   |S| 

  Niedrige Werte: gute Alinierung 
  Analog zu Word Error Rate 
  Ich verwende (wie F&M) i.A. 1-AER (hoch=gut) 



F&M: Analyse der AER-Ergebnisse 
  Kontrollierte Variation der Alinierungsqualität 

  Verkleinerung des Trainingskorpus 
  Vergleich mit Übersetzungsqualität 

  Übersetzungsqualität approximiert durch BLEU  
(Papineni et al. 2001) 
  n-gram-basiertes Maß 
  Überlappung mit einer oder mehreren Referenzübersetzung(en) 

  Operationalisierung des Vergleichs: Korrelation 
  Linearer Korrelationskoeffizient (Pearson’s r): {-1…0…1} 
  Einfacher Vorhersagemechanismus 
  r2:  Anteil der erklärten Varianz 



Alinierung Französisch-Englisch Fraser and Marcu Measuring Word Alignment Quality for Statistical Machine Translation

Figure 1
French 1 − AER versus BLEU, r2 = 0.16.

which is the square of the Pearson product-moment correlation coefficient (r). Here,
r2 = 0.16, which is low.

The correlation is low because of a significant shortcoming in the mathematical
formulation of AER, which to our knowledge has not been previously reported. Och
and Ney (2003) state that AER is derived from F-Measure. But AER does not share a
very important property of F-Measure, which is that unbalanced precision and recall
are penalized, where S ⊂ P (i.e., when we make the Sure versus Possible distinction).6
We will show this using an example.

We first define the measure “F-Measure with Sure and Possible” using Och and
Ney’s Precision and Recall formulae together with the standard F-Measure formula
(van Rijsbergen 1979). In the F-Measure formula (4) there is a parameter α which sets
the trade-off between Precision and Recall. When an equal trade-off is desired, α is set
to 0.5.

F-Measure with Sure and Possible(A, P, S, α) = 1
α

Precision(A,P)
+ (1−α)

Recall(A,S)

(4)

We compare two hypothesized alignments where |A|, the number of hypothesized
alignment links, is the same, for instance, |A| = 100. Let |S| = 100. In the first case, let
|P ∩ A| = 50 and |S ∩ A| = 50. Precision is 0.50 and Recall is 0.50. In the second case, let
|P ∩ A| = 75 and |S ∩ A| = 25. Precision is 0.75 and Recall is 0.25.

The basic property of F-Measure, if we set α equal to 0.5, is that unbalanced
precision and recall should be penalized. The first hypothesized alignment has an
F-Measure with Sure and Possible score of 0.50, whereas the second has a worse score,
0.375.

However, if we substitute the relevant values into the formula for AER (Equa-
tion (3)), we see that 1 − AER for both of the hypothesized alignments is 0.5. Therefore
AER does not share the property of F-Measure (with α = 0.5) that unbalanced precision
and recall are penalized. Because of this, it is possible to maximize AER by favoring
precision over recall, which can be done by simply guessing very few alignment links.
Unfortunately, when S ⊂ P, this leads to strong biases, which makes AER not useful as
a metric.

6 Note that if S = P then AER reduces to balanced F-Measure.
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Wo liegt das Problem? 
  In der Definition von AER! 

  AER entspricht angeblich F-Score mit possible und sure links 
  Das stimmt aber nicht 

                    |P⋂A| + |S⋂A| 
1- AER =    ------------------  
                   |A|   +   |S| 

  F-Score = 2*Pr*R / (Pr+R) = 1/ (1/Pr + 1/R) 

                       |P⋂A| * |S⋂A| +  |P⋂A| * |S⋂A|  
            =         ---------------------------------------- 
                               |A||S⋂A| + |S||P⋂A| 



F-Score vs. AER 
  Warum ist dieser Unterschied relevant? 

  Was ist an F-Score so besonderes? 

  Der normale F-Score balanciert Precision und Recall 
  Wenn P = R, dann F=P=R 
  Wenn R < P, dann F < R< P (und umgekehrt) 

  Das ist bei AER nicht der Fall 



Gegenbeispiel 
  Gold-Standard “sure”: A, B 
  Gold-Standard “possible”:  A,B,C, D 
  Alinierung 1: A, B, K, L 
  Alinierung 2: A, C, D, L 

  Alignment 1: Prec 0.5, Rec. 0.5, F-Score 0.5,  AER 0.5 
  Alignment 2: Prec 0.75, Rec 0.25, F-Score 0.375,  AER 0.5 

  AER überschätzt systematisch die Rolle von Precision 
  Konzentration auf “sure links” führt zu hohem 1-AER 

  Alignments mit hohem 1-AER sind oft sehr spärlich 



Wird es besser mit F-Score? Computational Linguistics Volume 33, Number 3

Figure 2
French F-Measure with Sure and Possible α = 0.5 versus BLEU, r2 = 0.20.

Goutte, Yamada, and Gaussier (2004) previously observed that AER could be un-
fairly optimized by using a bias toward precision which was unlikely to improve the
usefulness of the alignments. Possible problems with AER were discussed at WPT 2003
and WPT 2005.

Examining the graph in Figure 2, we see that F-Measure with Sure and Possible has
some predictive power for the data points generated using a single heuristic, but the
overall correlation is still low, r2 = 0.20. We need a measure that predicts BLEU without
having a dependency on the way the alignments are generated.

3.2 Balanced F-Measure is Better, but Still Inadequate

We wondered whether the low correlation was caused by the Sure and Possible dis-
tinction. We reannotated the first 110 sentences of the French test set using the Blinker
guidelines (there were 2,292 Sure links). We define F-Measure without the Sure versus
Possible distinction (i.e., all links are Sure) in Equation (5), and set α = 0.5. This measure
has been extensively used with other word alignment test sets. Figure 3 shows the
results. Correlation is higher: r2 = 0.67.

F-Measure(A, S, α) = 1
α

Precision(A,S)
+ (1−α)

Recall(A,S)

(5)

3.3 Varying the Trade-Off Between Precision and Recall Works Well

We then hypothesized that the trade-off between precision and recall is important. This
is controlled in both formulae by the constant α. We search α = 0.1, 0.2, ..., 0.9. The best
results are: α = 0.1 for the original annotation annotated with Sure and Possible (see
Figure 4), and α = 0.4 for the first 110 sentences as annotated by us (see Figure 5).7 The
relevant r2 scores were 0.80 and 0.85, respectively. With a good α setting, we are able

7 We also checked the first 110 sentences using the original annotation to ensure that the differences
observed were not an effect of restricting our annotation to these sentences.
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Generalisierung von F-Score 
  Wir brauchen eine allgemeinere Erklärung für den 

Zusammenhang zwischen Alinierungsqualität und 
Übersetzungsqualität 
  Übersetzungsqualität hängt vom Verhältnis Precision/Recall ab 
  Aber perfekte Balance ist auch nicht ideal 

  α-F-Score: Erweiterung des F-Scores um einen Parameter, 
der das “ideale” Verhältnis Precision/Recall festlegt 

                   Pr * R 
 α-F =  -------------------- 
             (1-α)Pr + αR            

•  α liegt zwischen 0 und 1

•  α=0.5: Gleichgewicht

•  α=0.1: Recall 9x so wichtig  
              wie Precision 



F-Score mit α=0.1 

Fraser and Marcu Measuring Word Alignment Quality for Statistical Machine Translation

Figure 3
French F-Measure α = 0.5 versus BLEU, r2 = 0.67.

Figure 4
French F-Measure with Sure and Possible α = 0.1 versus BLEU, r2 = 0.80.

Figure 5
French F-Measure α = 0.4 versus BLEU, r2 = 0.85.

to predict the machine translation results reasonably well. For the original annotation,
recall is very highly weighted, whereas for our annotation, recall is still more important
than precision.8 Our results also suggest that better correlation will be achieved when
using Sure-only annotation than with Sure and Possible annotation.

8 α less than 0.5 weights recall higher, whereas α greater than 0.5 weights precision higher; see the
F-Measure formulae.
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Lehren 
1.  Nicht AER verwenden! 

  AER verhält sich unsystematisch 

2.  Für MÜ ist Recall scheinbar deutlich wichtiger als 
Precision 

  Spärlichkeit ist ein größeres Problem als Rauschen 


