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Abstract. In this paper we present the use of a “general purpose” textual entailment recognizer in the Answer Validation Exercise (AVE) task.
Our system is designed to learn entailment rules from annotated examples. Its main feature is the use of Support Vector Machines (SVMs) with
kernel functions based on cross-pair similarity between entailment pairs.
We experimented with our system using different training sets: RTE and
AVE data sets. The comparative results show that entailment rules can
be learned. Although, the high variability of the outcome prevents us to
derive definitive conclusions, the results show that our approach is quite
promising and improvable in the future.
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Introduction

Textual entailment recognition is a common task performed in several natural
language processing applications [1], e.g. Question Answering and Information
Extraction. The Recognizing Textual Entailment (RTE) PASCAL Challenges
[2, 3] fostered the development of several “general purpose” textual entailment
recognizers. The Answer Validation Exercise (AVE) instead provides an opportunity to show that such recognizers are useful for Question Answering.
We applied our textual entailment recognition system [4], developed for the
second RTE challenge [3], to AVE. Our system has been shown to achieve stateof-the-art results on both RTE data sets [2, 3]. It determines whether or not a
text T entails a hypothesis H by automatically learning rewriting rules from
positive and negative training instances of entailment pairs (T, H). For example
given a text T1 : “At the end of the year, all solid companies pay dividends.” and
two hypotheses:
a) H1 : “At the end of the year, all solid insurance companies pay dividends”
and
b) H2 : “At the end of the year, all solid companies pay cash dividends”,
we can built two examples: (T1 , H1 ) which is a true entailment (positive instance)
and (T1 , H2 ) which is a negative one. Our system extract rules from them to solve
apparently not related entailments. For example, given the following text and
hypothesis:

T3 ⇒ H 3 ?
T3 “All wild animals eat plants that
have scientifically proven medicinal
properties.”
H3 “All wild mountain animals eat
plants that have scientifically
proven medicinal properties.”

we note that T3 is structurally (and somehow lexically similar) to T1 and H3 is
more similar to H1 than to H2 . Thus, from T1 ⇒ H1 , we may extract rules to
derive that T3 ⇒ H3 .
The main idea of our model is that it relies not only on a intra-pair similarity
between T and H but also on a cross-pair similarity between two pairs (T 0 , H 0 )
and (T 00 , H 00 ). The latter similarity measure along with a set of annotated examples allows the leaning model to automatically derive syntactic and lexical rules
that can solve complex entailment cases.
In this paper, we experimented with our textual entailment recognition system [4] and the CLEF AVE. We show that entailment recognition rules can be
learnt from annotated examples. In the remainder of this paper, Sec. 2 describes
our model in a glance, Sec. 3 shows the experimental results, and, finally, Sec. 4
derives the conclusions.
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Our textual entailment learner in a glance

In this section we will shortly introduce the main idea of our method, which is
fully described in [4].
To carry out automatic learning from examples, we need to define a crosspair similarity K((T 0 , H 0 ), (T 00 , H 00 )). This function should consider pairs similar
when: (1) texts and hypotheses are structurally and lexically similar (structural
similarity); (2) the relations between the sentences in the pair (T 0 , H 0 ) are compatible with the relations in (T 00 , H 00 ) (intra-pair word movement compatibility).
We argue that such requirements could be met by augmenting syntactic trees
with placeholders that co-index related words within pairs. We will then define
a cross-pair similarity over these pairs of co-indexed trees.
2.1

Training examples as pairs of co-indexed trees

Sentence pairs selected as possible sentences in entailment are naturally coindexed. Many words (or expressions) wh in H have a referent wt in T . The pairs
(wt , wh ) are called anchors, where different relations between wt and wh may
be hold. Therefore, entailment could hold even if the two words are substituted
with two other related words. To indicate the relatedness property, we co-index
words with placeholders which in turn are associated with anchors. For example,
in Fig. 1, 2” indicates the (companies,companies) anchor between T1 and H1 .
These placeholders are then used to augment tree nodes. To better take into
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Fig. 1. Relations between (T1 , H1 ), (T1 , H2 ), and (T3 , H3 ).

account argument movements, placeholders are propagated in the syntactic trees
following constituent heads (see Fig. 1).
In line with many other researches (e.g., [5]), we determine these anchors
using different similarity or relatedness models: the exact matching between
tokens or lemmas, a similarity between tokens based on their edit distance, the
derivationally related form relation and the verb entailment relation in WordNet,
and, finally, a WordNet-based similarity [6]. Each of these detectors gives a
different weight to the anchor: 0/1 for the first and the similarity value for all
the others. These weights will be used in the final kernel.
2.2

Similarity between pairs of co-indexed trees

Pairs of syntactic trees where nodes are co-indexed with placeholders allow us
to design a cross-pair similarity based on both the structural similarity and the
intra-pair word movement compatibility.
Syntactic trees of texts and hypotheses are useful to detect structural similarity between pairs of sentences. Texts should have similar structures as well

as hypotheses. In Fig. 1, the overlapping subtrees are in bold. For example, T1
and T3 share the subtree starting with S → NP VP. Although the lexicals in T3
and H3 are quite different from those T1 and H1 , their bold subtrees are more
similar to those of T1 and H1 than to T1 and H2 , respectively. H1 and H3 share
the production NP → DT JJ NN NNS while H2 and H3 do not. To decide on
the entailment for (T3 ,H3 ), we can use the decision made on (T1 , H1 ).
Anchors and placeholders are useful to verify if two pairs can be aligned
by checking the compatibility between intra-pair word movements. For example, (T1 , H1 ) and (T3 , H3 ) show compatible constituent movements given that
the dashed lines connecting placeholders of the two pairs indicate structurally
equivalent nodes both in the texts and the hypotheses. The dashed line between
3 and b links the main verbs both in the texts T1 and T3 and in the hypotheses H1 and H3 . After substituting 3 to b and 2 to a , T1 and T3 share the
subtree S → NP 2 VP 3 . The same subtree is shared between H1 and H3 . This
implies that words in the pair (T1 , H1 ) are correlated like words in (T3 , H3 ). Any
different mapping between the two anchor sets would not have this property.
Using the structural similarity, the placeholders, and the connection between
placeholders, the overall similarity Ks ((T 0 , H 0 ), (T 00 , H 00 )) is then defined on a
kernel KT (st1 , st2 ) (as the one described in [7]) that measures the similarity
between two syntactic trees st1 and st2 . For more details on the kernel function
see [4].
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Experimental investigation

The experiments aim at determining if our system can learn rules required to
solve the entailment cases contained in the AVE data set. Although, we have
already shown that our system can learn entailment rules [2, 3], the task here
appears to be more complex as: (a) texts are automatically built from answers
and questions; this necessarily introduces some degree of noise; and (b) often
question answering systems provide a correct answer but the supporting text is
not adequate to carry out a correctness inference, e.g. a lot background knowledge is required or the answer was selected by chance.
Our approach to study the above points is to train and experiment with
our system and several data sets proposed in AVE as well as in the RTE challenges. The different training based on such sets can give an indication on the
learnability of general rules valid for different domain and different applications.
3.1

Experimented kernels

We compared three different kernels: (1) the kernel Kl ((T 0 , H 0 ), (T 00 , H 00 )) =
siml (T 0 , H 0 ) × siml (T 00 , H 00 ) which is based on the intra-pair lexical similarity
siml (T, H) described in [5]. (2) The kernel Kl + Ks that combines our kernel
with the lexical-similarity-based kernel. (3) The kernel Kl + Kt that combines
the lexical-similarity-based kernel with a basic tree kernel. The latter is defined
as Kt ((T 0 , H 0 ), (T 00 , H 00 )) = KT (T 0 , T 00 ) + KT (H 0 , H 00 ).

3.2

Experimental settings

For the experiments, we used the following data sets:
– RT E, i.e. the set derived using all the data (development and test data) of
the first [2] and second [3] RTE challenges. Respectively, the dataset of the
first RTE contains 1,367 examples whereas the one of the second contains
1,600 instances. The positive and negative examples are equally distributed
in the collection, i.e. 50% of the data.
– AV E, i.e., the AVE development set. The AVE development set contains
2870 instances. Here, the positive and negative examples are not equally
distributed. It contains 436 positive and 2434 negative examples.
– AV Etest , i.e., the AVE testing set. The AVE test set contains 2088 instances.
It contains 198 positive 1048 and negative examples. The remaining 842
examples are unknown (see the AVE task overall description [8] for more
details) and are not used for evaluation purposes.
We also created a new set AV E ∪ RT E by merging groups of the two of the
above collections.
In the remainder of this section, we describe the resources used to implement
our system.
– The Charniak parser [9] and the morpha lemmatiser [10] to carry out the
syntactic and morphological analysis.
– WordNet 2.0 [11] to extract both the verbs in entailment, Ent set, and the
derivationally related words, Der set.
– The wn::similarity package [12] to compute the Jiang&Conrath (J&C)
distance [6] as in [5]. This is one of the best figure method which provides a
similarity score in the [0, 1] interval. We used it to implement the d(lw , lw0 )
function.
– A selected portion of the British National Corpus1 to compute the inverse
document frequency (idf ). We assigned the maximum idf to words not found
in the BNC.
– SVM-light-TK2 [13] which encodes the basic tree kernel function, KT , in
SVM-light [14]. We used such software to implement the kernels Kl , Ks ,
and Kt and their linear combinations.
3.3

Results and analysis

Table 1 reports the results of our system trained with data from RTE and AVE
development and tested on the AVE test set (AV Etest ). Column 1 denotes the
data set used for training. Column 2 illustrates the value of the j parameter,
respectively. Such parameter tunes the trade-off between Precision and Recall.
Higher values cause the system to retrieve more positive examples. We used
1
2

http://www.natcorp.ox.ac.uk/
SVM-light-TK is available at http://ai-nlp.info .uniroma2.it/moschitti/

Kl
Ks + Kl
j Precision Recall F-Measure Precision
10
0.2512 0.8232
0.3849
0.3858
0.9 0.2916 0.8232
0.4307
0.2944
1
0.2820 0.8232
0.4201
0.3008
10
0.1589 1.0000
0.2742
0.2131
RT E ∪ AV E 0.9
0
0.0000
0
0.3431
1
0
0.0000
0
0.3399
10
0.1589 1.0000
0.2742
0.2290
Model
Train
AV E
RT E

Kt + Kl
Recall F-Measure Precision Recall F-Measure
0.4949
0.4336
0.3979 0.3838
0.3907
0.7121
0.4166
0.2872 0.7121
0.4093
0.7778
0.4338
0.2729 0.7525
0.4005
0.9343
0.3470
0.2305 0.9697
0.3725
0.4747
0.3983
0.2971 0.5101
0.3755
0.6061
0.4355
0.2844 0.6364
0.3931
0.8384
0.3597
0.2408 0.8939
0.3794

Table 1. The results of the different models over the test set AV Etest .

three values: 0.9, 1, and 10. Row 1 indicates the kernel that has been used for
the experiments. The Precision, the Recall, and the F-measure are computed
on the positive pairs (yes pairs) as discussed in the AVE task description [8].
When the system has a Recall of 0, we assign Precision and the F-Measure to
0. Results for the systems trained on the AVE with j equals to 0.9 and 1 are
not in the table as they all show a 0 Recall. The revised3 results of the two runs
submitted are in bold. ZNZ-TV 1 corresponds to the Kl + Ks system trained on
the AVE set with j = 10 whereas ZNZ-TV 2 corresponds to the Kl + Ks system
trained on the RTE set with j = 0.9.
The following aspects should be noted:
– When learning on the AVE set, the small amount of positive examples limits
the possibility of learning the positive entailments. The resulting model classifies always as negative example. The only way of extracting positive rules
is to give more importance to positive examples changing the j trade-off
parameter. Only with the value 10, a model retrieving positive examples is
learnt.
– The model Kl + Ks is generally better than the model Kl + Kt . For example,
for the submitted system trained on AVE, the difference is of about 5 points
in term of F-Measure. This indicates that placeholders are very relevant for
learning entailment rules.
– The simple model Kl learnt on the RTE has an F-Measure comparable with
those obtained by the best model, i.e. 0.4336 of Kl + Ks system trained on
the AVE set. This odd result is generated by the high variability of system accuracy, e.g. slightly different parameterization produce very different
results.
Qualitative analysis The system we presented strongly uses syntactic interpretations of the example pairs. Then, its major bottleneck is the standard AVE
process used to produce the affirmative form of the question given the answer
provided by a the QA system. This process frequently generates ungrammatical
sentences. The problem is clear just reading the first instances of the AVE development set. We report hereafter some of these examples. Each table reports
3

Results presented here differ from the official results. At the time of the submission,
the Ks part of the combined kernel Kl + Ks didn’t work properly for a formatting
error of the syntactic trees. Basically, the systems submitted were the systems based
on Kl with some noise.

the original question (Q), the text snippet (T ), and the affirmative form of the
question used as hypothesis (H).
T ⇒ H (id: 2)
Q “What year was Halley’s comet visible? ”
T “[...] 1909 Halley’s comet sighted
from Cambridge Observatory. 1929
[...] ”
H “In 1909 Halley was Halley’s comet
visible ”

T ⇒ H (id: 6)
Q “Who is Juan Antonio Samaranch? ”
T “International Olympic Committee
President Juan Antonio Samaranch
came strongly to the defense of
China’s athletes, [...] ”
H “Juan Antonio Samaranch is International Olympic Committee President Juan Antonio Samaranch
came strongly to the defense of
China ’s athletes ”

We can observe that these examples have highly ungrammatical hypotheses. In
the example (id 2), Halley is used as subject and as predicate. Finally, in the
example (id 6) there is a large part of the hypothesis that is unnecessary and
creates an ungrammatical sentence.

4

Conclusions

In this paper, we experimented with our entailment system [4] and the CLEF
AVE. The comparative results show that entailment rules can be learned from
the data set AVE. The experiments show that few training examples and data
sparseness produce a high variability of the results. In this scenario the parameterization is very critical and necessitates of accurate cross-validation techniques. In the future, we would like to carry out a throughout parameterization
and continue investigating approaches to exploit data from difference sources of
entailment rules.
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