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Abstract. Detecting entailment relationship between two sentences has profoundly impacted several different
application areas of Natural Language Processing (NLP). Though recognizing textual entailment (TE) is
amongst the widely studied problems, the research on detecting entailment between pieces of scientiﬁc texts is
still in its infancy. To this end the paper discusses implementation of systems based on Long Short-Term
Memory (LSTM) neural network and Support Vector Machine (SVM) classiﬁers using SCITAIL entailment
dataset, a dataset in which premise and hypothesis are constituted of scientiﬁc texts. Also, a TE-based framework for cooking domain question answering is introduced. The proposed framework exploits the entailment
relationship between user question and the cooking questions contained inside a Knowledge Base (KB).
Keywords. Scientiﬁc Text Entailment; cooking domain question answering; Long Short-Term Memory
neural networks; Support Vector Machine.

1. Introduction
Recognizing entailment concerns ﬁnding whether a piece of
text (often called hypothesis) can be inferred from a relatively large piece of text (often called premise or text).
Quite often an entailment detection system assigns entailment, contradiction and neutral labels to the Premise–Hypothesis (P–H) pair, based upon whether the hypothesis is
inferred from the premise (entailment), hypothesis is contradicted by the premise (contradiction), or premise and
hypothesis are uncorrelated (neutral).
The phenomenon of entailment detection is implicit in
majority of application domains of Natural Language Processing (NLP). For instance, in Information Retrieval (IR),
the content of retrieved snippets from the indexed documents entails the user query (UQ). In Machine Translation
(MT), source sentence in one language entails the target
sentence of a different language. The original text in Text
Summarization entails the generated summary, and the
correct answers in Question Answering (QA) entail the
question or rephrased question.

*For correspondence

1.1 Scientiﬁc Text Entailment (STE)
Although the background works substantiate profound
experiments on conventional datasets (such as Recognizing
Textual Entailment (RTE), Sentences Involving Compositional Knowledge (SICK) and The Stanford Natural Language
Inference (SNLI)), creation of scientiﬁc entailment data and
the experiments thereon are still in their infancy. This is
attributed to the fact that recognizing STE remarkably differs
from recognizing normal Textual Entailment (TE). Unlike TE,
complex, analytical and subtle reasoning are incurred in recognizing STE. Consider, for example, the following P–H pairs
constituted of scientiﬁc text, and their annotated labels:
P: From Newton’s ﬁrst law of motion, force equals mass,
‘m’ (in kg) multiplied by acceleration, ‘a’ (in metres per
second 2).
H: Newton’s second law of motion is more than a
deﬁnition; it is a relationship among acceleration, force
and mass.
Label: Entails
In the afore-mentioned example an entailment detection
system should intelligently comprehend that ‘‘equals’’ and
‘‘multiplied by’’, mentioned in the hypothesis, are mathematical operators, which are used to establish relationship
between two or more variables. Therefore, P entails H.
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P: The reality is that plasmas make up over 98% of the
matter in the universe.
H: Plasma matter makes up most of the universe.
Label: Entails
For this P–H pair, underlying entailment detection system
should infer the well-established mathematical rationality
that 98% characterizes considerably high percentage.
Hence, ‘‘plasma matter makes most of the universe’’ is
entailed by P.
SCITAIL dataset [1], generated from the multiple choice
science questions of school level, expedites the research in
STE recognition. User questions and their correct answers,
converted into assertive statements, constitute the hypothesis in SCITAIL dataset. Indexed set of web documents are
queried using the hypothesis, and the retrieved pieces of
text constitute the premise. As the retrieved information
need not necessarily support the hypothesis, each generated
P–H pair is manually annotated as ‘‘entails’’ or ‘‘neutral’’.
Also, owing to the unavailability of contradictory examples, none of the P–H pairs is assigned ‘‘contradicts’’ label,
thus making the entailment detection a binary classiﬁcation
problem. Moderate performance of existing techniques on
SCITAIL dataset substantiates uniqueness of STE, and
necessitates modiﬁcation in conventional system architectures to handle the uniqueness. To this end the proposed
work in this paper implements a Support Vector Machine
(SVM) classiﬁer, and a Long Short-Term Memory (LSTM)
neural network using word-by-word attention mechanism,
over SCITAIL dataset. Performances of the two systems are
also analyzed to infer their strengths and weaknesses.
The input to the SVM-classiﬁer-based system is a set of
30 features extracted from P–H pairs of the training data
using the following four modules – lexical, syntactic,
reVerb,1 and semantic. Using different types of lexical and
lexical similarity comparisons between P and H, the lexical
module extracts a total of 18 features. The syntactic module
retrieves 10 features by comparing the syntactic structures
extracted from the P–H pairs. ReVerb module, an open
relation extraction tool with the ability to extract binary
relationships from English sentences, contributes one feature. Semantic module, which employs language-independent En-converting and De-converting processes, generates
the remaining one feature from P–H pair. The classiﬁer
trained using the training data predicts the class label for a
previously unseen P–H pair. While the approach seems to
serve the purpose, dependence on external modules is an
obvious drawback.
The pitfall of adherence to a number of external
resources for entailment prediction is alleviated by the endto-end attentive neural model. Word-by-word attention
mechanism lets the network exploit entailment between
pairs of words and phrases of the underlying sentences for
predicting the entailment relationship between the
1

http://reverb.cs.washington.edu/.

Sådhanå

(2021) 46:24

sentences as a whole. A combined representation for the P–
H pair is developed using attentional vector at the ﬁnal
timestamp and the output vector of the last word. The ﬁnal
representation is fed to softmax layer for deciding entailment relationship between the two sentences.

1.2 Using TE for cooking domain QA
QA, an application area of NLP, concerns automated
retrieval of apt answers to the questions posed by the endusers. While open-domain QA accounts for the varied
range of domain-independent questions, closed-domain QA
caters to the domain-speciﬁc questions. Popularity of QA is
attributed to the inherent tendency of end-users to seek for
speciﬁc and concise answers to their questions. Cooking
being an integral part of a common man’s life, an automated system for the QA in cooking domain has potential
to grab researchers’ attention worldwide. Recipe’s ingredients, step-by-step method to prepare a recipe, and the
time incurred in preparation and cooking remain intriguing
questions of the cooking domain. Although even a neophyte system can cater to such intriguing yet customarily
broad questions, intelligence of a system is manifested in
utilizing available resources to account for complex questions, such as the following:
(a) What is the best way to boil pasta?
(b) How long should we fry the paneer for preparing
Amritsari Achari Paneer?
(c) Is it safe to cook chicken in a slow-cooker?
Aforesaid questions are imprecise and anticipate intellectual answers, which a conventional QA system might
fail to provide.
While question classiﬁcation and ontology-based
approaches to QA are prevalent, an automated system using
entailment for QA in cooking domain is a fairly unexplored
topic. To this end the paper introduces a cooking domain
QA system, wherein the SVM classiﬁer detects entailment
between end-user questions and the questions contained
inside a Knowledge Base (KB), followed by retrieval of the
answer corresponding to eminently entailed KB question
(KQ). Manually developed KB is characterized by a varied
range of cooking questions and their respective answers.
However unavailability of structured cooking data, needed
for building the KB, is an underlying challenge. This gets
addressed by collecting data, such as ingredients, procedure, etc., speciﬁc to different food items from different
cooking blogs and websites. The collected data is preprocessed to transform it into a form suitable for KB. Besides,
a test set, characterized by a mix of easy and complex
questions, is also designed to test performance of the system under normal as well as eccentric situations. After
having retrieved the answers to the test questions, quality of
answers is assessed by human expert on different grounds.
Thus, contributions of this paper are three-fold.
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1. The performances of SVM-classiﬁer-based system and
LSTM neural network for STE are compared and
analyzed. Better evaluation scores and close analysis of
predicted results reveal that the LSTM network outperforms SVM classiﬁer in recognizing STE.
2. An architecture for cooking domain QA, using SVMclassiﬁer-based entailment detection and characterized
by the use of KB, is proposed and implemented.
3. A KB of cooking questions and their respective answers
has been developed to promote further research in
cooking domain QA.
Also, the novelty of the work described in this paper lies
in following aspects:
1. Use of word-by-word attention-based LSTM neural
network for recognizing STE and comprehensively
comparing its performance to that of the SVM-classiﬁer-based system on different grounds.
2. Use of a KB, comprising varied range of questions
pertaining to cooking and collected from cooking blogs
and websites, for cooking domain QA.
3. Suggesting possible future changes in SCITAIL dataset.
Although the two afore-mentioned works have distinct
concerns, the interlinking theme for both of the works is
entailment. The paper aims to describe the role and
application of entailment in recognizing the relationship
between two pieces of scientiﬁc texts and producing
relevant answers for questions related to the cooking
domain.
Rest of the paper is organized as follows. Section 2
reviews background works on RTE and STE, and QA in
cooking domain. System architectures of SVM-classiﬁerbased system, LSTM neural network and cooking domain
QA system are described in section 3. In order to evaluate
performances of the systems, section 4 introduces different
experimental designs such as evaluation parameters and
datasets. Section 5 presents system results and their qualitative analysis. Section 6 concludes the paper and points
directions for future research.

2. Background works
2.1 RTE
Series of RTE challenges have identiﬁed and addressed
issues in RTE. Characterized by a notable participation of
17 different groups, the ﬁrst Pascal RTE challenge [2] made
an initial attempt to capture semantic relationship between
pairs of sentences. A corpus containing P–H pairs, collected
from news domain articles, was used by the participating
groups for experimentation. Depending on whether P
entails H or not, each pair was manually annotated as ‘‘Yes’’
or ‘‘No’’. Unexpectedly, some of the naively designed
systems outperformed complex and sophisticated systems.
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Collection of more realistic P–H pairs, changes in
annotation process, and introduction of entailment ranking
task constitute some of the improvements of RTE-2 [3]
over RTE-1. Following the same basic structure, RTE-3 [4]
led to introduction of some of the P–H pairs with relatively
longer texts. It also introduced a repository, whereby
researchers could share their resources used for accomplishing the challenge.
After successful execution of RTE-1 to -3 challenges,
RTE-4 [5] was introduced as a track in Text Analysis
Conference (TAC)2 organized by the National Institute of
Standards and Technology (NIST).3 RTE-1 to -4 featured a
number of machine learning systems, which built classiﬁers
by extracting a number of lexical, syntactic and semantic
features from the training data. A trained classiﬁer classiﬁed instances in development and test datasets into ‘‘entailment’’ and ‘‘neutral’’ classes (RTE-1 to -3), and
‘‘entailment’’, ‘‘neutral’’ and ‘‘contradiction’’ classes
(RTE-4). In RTE-5 a real text corpus was used, and TE was
used for the summarization task.
The JU_CSE_TAC system [6] at RTE-6 [7] comprises
lexical similarity, syntactic similarity, semantic similarity,
chunking and named entity recognition modules. Features
extracted using these modules were trained using the SVM
classiﬁer. A similar architecture of JU_CSE_TAC system
[8] at RTE-7 [9] was augmented with a pre-processing
module, which performed anaphoric resolution to increase
the entailment percentage.
RTE-8 [10] featured use of a realistic educational
domain dataset. Except for the 2-way task, for all other
remaining tasks, the lexical overlap-based baseline system
was outperformed by the best systems.

2.2 Conventional entailment datasets
Generated from the existing 8K ImageFlickr dataset4 and
the SemEval-2012 STS MSR-Video Descriptions dataset,5
the SICK dataset [11] contains 10,000 English sentence
pairs with annotated entailment labels. A 3-step process of
normalization, expansion and pairing was applied to the
1500 sentence pairs of source dataset to generate the SICK
dataset. The dataset was used in SemEval-2014 Task 1 [11].
SNLI corpus [12] contains 570,152 sentence pairs which
are manually annotated as ‘‘entailment’’, ‘‘contradiction’’
or ‘‘neutral’’. The dataset serves as a benchmark for evaluating representational systems for text, and a resource for
developing NLP models of any kind.

2

https://tac.nist.gov/.
https://www.nist.gov/.
4
http://nlp.cs.illinois.edu/HockenmaierGroup/data.html.
5
https://www.cs.york.ac.uk/semeval-2012/task6/index.php?id=data.
3
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2.3 Recognizing STE
In the literature, works on STE detection using SCITAIL
dataset have been prevalent. The dataset has been experimented using state of the art methods, and the SCITAIL
leaderboard6 mentions accuracies for development and test
datasets for different methods.
Instead of generating complex representation for entire
sentence, the decomposable attention model [13] majorly
relies on checking alignment between text substructures for
detecting entailment. Simpliﬁed architecture and the use of
less parameters constitute major advantages of the model.
The model attains an accuracy of 72.3% on SCITAIL test
data. Another relatively simpliﬁed architecture [14] effectively exploits sequential inference models based on chain
LSTMs to attain an accuracy of 88.6% on SNLI corpus, and
an accuracy of 70.6% on SCITAIL dataset. Incorporating
syntactic parsing information in a local inference model as
well as inference composition further improves the result.
Deep Explorations of Inter-Sentence interactions for
Textual Entailment (DEISTE) [15] is characterized by
parameter-dynamic convolution and a position-aware
attentive convolution. The model uses convolutional neural
architecture and exploits inter-sentence interactions to
predict entailment between premise and hypothesis. A
considerably high score of 82.1% is attained by the model
on SCITAIL test data. N-gram overlap method [1, 16]
computes the proportion of unigrams, 1-skip bigrams and
1-skip trigrams that are common to premise and hypothesis.
These features are fed to a two-layer perceptron with a
hidden dimension of two, and the accuracy of the model is
70.6%.
Decomposed Graph Entailment Model (DGEM) [1]
accounts for syntactic and semantic structure of the dataset.
Owing to large size and complexity of the premise, the
model parses only hypothesis and extracts words from the
premise that are relevant to the hypothesis. The model
attains a reasonably high test accuracy equal to 77.3%.
Noisy structures extracted from the hypothesis, misleading
premise words, long phrases and hard entailment were
identiﬁed as key issues.
ConSeqNet [17] system uses ConceptNet as an external
knowledge source for solving the scientiﬁc text inference
problem. The model achieves an accuracy of 85.2% on
SciTaiL dataset.

2.4 QA in cooking domain
Ontology-based cooking domain QA systems have been
popular in the past. Also, the review of background work
reveals use of TE in open- and closed-domain QA.
Ontologies provide a structure whereby knowledge is
captured in terms of certain concepts and the relation
between them. In the past, method-oriented, mime-oriented,
6

http://data.allenai.org/scitail/leaderboard/.
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ingredient-oriented and utensil-oriented ontologies were
designed for cooking domain QA [18]. The ontologies are
appropriately linked to each other through following relations:
‘‘requires’’,
‘‘needs’’,
‘‘hasClassiﬁcation’’,
‘‘hasFoodstate’’, ‘‘hasQuantity’’, ‘‘hasMeasure’’ and ‘‘duration’’. After having crawled and indexed a number of
web documents on cooking using Apache Lucene7 crawler
and indexer, the method employs question categorization
and use of the developed cooking ontology for handling
user questions. An ontology that captures domain knowledge from food, kitchen utensils, actions and recipe is
described in [19]. The ontology generation process is
characterized by the following four phases: speciﬁcation,
knowledge acquisition, conceptualization, implementation
and evaluation. Besides four main modules the ontology
also contains two auxiliary modules, namely units and
measures, and equivalences.
An Ontology Design Pattern for Cooking Recipes aims
to develop a content ontology design pattern, thereby
bridging heterogeneity across representational choices [20].
Food-Oriented Ontology-Driven System (FOODS) [21], a
counseling system for food or menu planning, consists of
food ontology, an expert system that uses the ontology, and
a user interface. Using the different ontology speciﬁcations
related to ingredients, substances, nutrition facts, etc., the
expert system helps ﬁnd an appropriate menu for the
consumer.
In the past, TE has helped in improving performance of
open-domain QA systems by ﬁltering or ranking candidate
answers returned by a QA system [22]. The three steps of
QA using TE are as follows. In step 1, answers which fail to
meet the speciﬁed conditions are removed and the
remaining answers are re-ranked on the basis of entailment
conﬁdence. In step 2, TE is used to constrain the number of
passages retrieved during answer processing. In step 3,
questions are automatically generated from the passages
and are called Automatically Generated Questions (AGQs).
Thereafter, by detecting entailment relationship between
user questions and AGQ, correct answer passages are
retrieved. An entailment-based QA system regarding cinemas and movies matches the UQ to a set of pre-deﬁned
question patterns [23]. The system uses domain ontology to
extend support for other languages. However, the system is
not evaluated on the basis of correct answers retrieved by
the system. Instead, the accuracy is measured in terms of
ability of the system to match user question to the correct
pattern.
Similar to the KB discussed in this paper, a procedure for
structured procedural knowledge extraction from cooking
videos is described in [24]. The dataset is prepared using
350 instructional cooking videos along with over 15,000
English sentences in transcripts, which account for 89
recipes.

7

https://lucene.apache.org/core/.
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Figure 1. Diagram showing entailment prediction by the SVM-classiﬁer-based system.

3. System description
3.1 SVM-classiﬁer-based system for TE
As overviewed in the introduction section a set of four
modules, namely lexical, syntactic, reVerb and semantic,
constitute the SVM-classiﬁer-based system (see ﬁgure 1).
System architecture resembles the architecture described in
[6, 25]. Feature values extracted from the P–H pairs contained in the training data are used to train the SVM classiﬁer. More speciﬁcally the SVM classiﬁer learns
classiﬁcation rules in terms of extracted features, which
classify a test P–H pair into ‘‘entailment’’ or ‘‘neutral’’
classes. A summary description of each module of the
SVM-classiﬁer-based system is undermentioned in the
following subsubsections.
3.1a Lexical module: For a given P–H pair, the module
performs following six lexical comparisons:
(a) Unigram match
Count of unigrams common to P and H divided by the
count of unigrams contained in H is computed. The
unigram match between P and H also accounts for
WordNet [26] synonyms. WordNet version 2.18 has
been used for experimentation.
(b) Bigram match
Similar to unigram match, count of bigrams common to
P and H divided by the count of bigrams contained in H
is computed. The bigram match between P and H also
accounts for WordNet synonyms of individual unigrams in the bigram.
(c) Longest common sub-sequence (LCS)
Length of the LCS between P and H, including
WordNet synonyms, constitutes the third lexical comparison performed by the Lexical module.

(d) 1_skip_bigram match
Module also computes number of 1_skip_bigrams
common to P and H compared to that present only in H.
(e) Stemmed unigram matching
After having stemmed each word in P and H, count of
stemmed unigrams common to P and H divided by
count of stems present in H is computed.
(f) Named entity matching
Fraction of Named entities in H that match with Named
entities in P is computed.
Besides, using vector space measures, set-based similarities
and edit distance measures, the module performs a total of
12 different lexical similarity comparisons between P and
H. More speciﬁcally, following different lexical similarity
comparisons are performed:
(a) Vector space measures: Euclidean distance, Block
distance, Minkowsky distance, Cosine similarity and
Matching coefﬁcient.
(b) Set-based similarities: Dice, Jaccard, Overlap and
Harmonic.
(c) Edit distance measures: Levenshtein distance, Smith–
Waterman distance and Jaro distance.
3.1b Syntactic module: Using a Cambridge Categorical
Grammar (CCG) Parser9 [27, 28] and the Stanford Parser10
[29], the module extracts syntactic structures from the P–H
pairs, compares them and generates a comparison score. A
total of 10 features are extracted by performing following
syntactic comparisons:
(a) Subject–Verb comparisons
From the dependency relations, subject and verb are

9
8

https://wordnetcode.princeton.edu/2.1/.

http://svn.ask.it.usyd.edu.au/trac/candc/.
http://nlp.stanford.edu/software/lex-parser.shtml.

10
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identiﬁed and comparison is performed between identiﬁed subjects and verbs of P and H.
WordNet-based Subject–Verb comparison
WordNet Based Subject–Verb comparison between P
and H also accounts for WordNet synonyms.
Object–Verb comparison
From the dobj dependency relation, object and verb are
identiﬁed and comparison is performed between identiﬁed objects and verbs of P and H.
WordNet-based Object–Verb comparison
WordNet-based Object–Verb comparison also accounts
for WordNet synonyms.
Cross-Subject–Object comparison
Subject and verb in H are compared to object and verb
in P, or the object and verb in H are compared to subject
and verb in P.
Number comparison
Numbers along with units in the P are compared to
similar numbers along with units in the H.
Noun comparison
Using the noun (nn) dependency relation, noun words in
P and H are compared.
Prepositional phrase comparison
Prepositional dependency relations in P and H are
compared, and the noun words that are arguments of the
relation are checked.
Determiner comparison
Determiners identiﬁed through determiner (det) relation
are compared.
Comparison for other word dependency relations
Besides these, all other remaining relations in P and H
are also compared.

3.1c ReVerb module: Given an English sentence, the
ReVerb module extracts triplets of the form harg1, rel,
arg2i; arg1 and arg2 are entities (usually subjects and
objects) and rel is the relation (main verb) between the
entities. Comparison between rel of P and H constitutes one
of the features contributed by the ReVerb module. ReVerb
triplets for some of the sample sentences are shown in
table 1.
3.1d Semantic module: Semantic module resembles
Universal Networking Language (UNL) [30], which works
on the principles of En-converting and De-converting.
While En-converting concerns representing natural language sentences in UNL graphs, De-converting concerns
generating natural language sentences from UNL graphs.
Using En-converter, premise and hypothesis are converted
into UNL relations. Thereafter, the UNL relations in the
premise and the hypothesis are compared to generate a
score.
3.1e SVM classiﬁer: SVM classiﬁer on the ﬂy learns classiﬁcation rules in terms of the features extracted from the
training data by the four modules as mentioned earlier. A
library for SVMs (LIBSVM)11 [31] is employed for
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learning from the training data. Also, as the P–H pairs in
SNLI dataset are labeled either ‘‘entailment’’ or ‘‘neutral’’,
the classiﬁer deals with binary classiﬁcation problem. For
each test P–H pair, the classiﬁer predicts the label along
with an entailment score.

3.2 LSTM neural network for STE
The LSTM neural network shown in ﬁgure 2, which uses
word-by-word attention for STE, is described in this
subsection.
The architecture is similar to the word-by-word attention-based LSTM neural network architecture described in
[32]. More speciﬁcally the architecture is constituted of
Premise and Hypothesis LSTM networks, which work in
close proximity to generate a ﬁnal representation for P–H
pair. Use of LSTM for entailment detection is attributed to
its ability to memorize the information encoded by the
Premise network, and use it for detecting entailment with
the hypothesis. Also, use of word-by-word attention furthers the performance by exploiting entailment between
pairs of words and phrases to predict entailment between P–
H pair as a whole. Roles of Premise and Hypothesis LSTM
networks are explained in following subsubsections.
3.2a Premise LSTM network: A 2-layer network of LSTM
units, with 250 nodes in each layer, constitutes the Premise
LSTM network. First, each word in the Premise is converted into its respective one-hot vector representation
whose size equals the number of words in the premise-word
dictionary. However, as the size of one-hot vector can be
large enough to handle, word embeddings are generated
using word2vec,12 and each Premise word is transformed
into a relatively small size embedded vector of real numbers [33]. It should be noted that the available pre–trained
word and phrases vectors have been used for the purpose of
generating word embeddings, and any other corpus has not
been used for this purpose. The Premise LSTM network,
thereafter, uses embedded vectors to generate an output
vector (hs ) featuring output vectors of each of the words in
Premise.
3.2b Hypothesis LSTM network: Hypothesis LSTM network
is a 2-layer network of LSTM units, with 250 nodes in each
layer, which uses word-by-word attention for detecting
entailment. However the primary purpose of attention here
is to develop a combined representation for P–H pair, rather
than generating an output word for each word in the
hypothesis. For every word in hypothesis, the Hypothesis
LSTM network uses hs , attentional vector of previous
timestamp (at1 ) and output vector for the word in
hypothesis at current timestamp (ht ) to generate attentional
vector at current timestamp (at ). Eventually the ﬁnal P–H
11

https://www.csie.ntu.edu.tw/*cjlin/libsvm/.
https://code.google.com/archive/p/word2vec/.

12
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Table 1. reVerb extracts for some sample sentences.
Sentences
This can be dangerous to both plants and animals.

Mitosis is subdivided into four phases.

Fronts mark the boundary between two air masses.

Earth revolves around the Sun.

reVerb extracts
arg1 ¼ fthisg
rel ¼ fbe dangerous tog
arg2 ¼ fboth plants and animalsg
arg1 ¼ fmitosisg
rel ¼ fsubdivide intog
arg2 ¼ f# phasesg
arg1={fronts}
rel ¼ fmark boundary betweeng
arg2 ¼ f# air massesg
arg1={earth}
rel ¼ frevolve aroundg
arg2 ¼ fthe sung

Figure 2. LSTM neural network for STE. Yellow nodes correspond to the Premise LSTM network nodes, whereas red nodes
correspond to Hypothesis LSTM network nodes. Owing to large sizes of generated word vectors, only some of the feature values are
shown for each word vector. Red arrow highlights the source words vector (hs ); blue arrow highlights output word vector at ﬁnal
timestamp (hN ); purple arrow highlights attentional vector of previous timestamp (at1 ); green arrow highlights attentional vector at ﬁnal
timestamp (aN ). Values shown in oval shaped boxes are the attentional scores of the attentional vector aN , with sum equal to 1.

representation is obtained through a non-linear combination
(using Hyperbolic tangent function) of the last attentional
vector (aN ) and the output vector (hN ) corresponding to the

last word in hypothesis, wherein ‘N’ designates the ﬁnal
timestamp. The ﬁnal representation is fed to a softmax
layer, which maps the representation to either of the two

24
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Figure 3. Statistics for test questions.

Table 2. Details of cooking dataset.
Type

# Instances

KB
Test data

1223
50

Table 3. Details of training dataset for TE engine.
Sources

Cooking websites and blogs
Manual

classes – entailment or neutral. The classical cross-entropy
error function is employed to train the network by computing discrepancy between the gold label and the system
generated class labels.
Figure 2 also shows the class label generation process for
a given test P–H pair.

Type

# Instances

RTE-1 (Development
RTE-1 (Development
RTE-1 (Test Set)
RTE-2 (Development
RTE-2 (Test Set)
RTE-3 (Development
RTE-3 (Test Set)
RTE-4 (Test Set)
RTE-5 (Development
RTE-5 (Test Set)
SCITAIL (train)
SNLI (train)
Total

Set 1)
Set 2)
Set)
Set)

Set)

287
280
800
800
800
800
800
1000
600
600
23596
550153
580516

3.3 QA in cooking domain using TE
3.3a Dataset description:

Also the test dataset, characterized by a mix of 50
easy and hard questions, has been authored independent of the instances in KB. Based on whether the
answer to a question is explicitly stated in the KB or
the answer requires intricate reasoning, the test
questions are designated ‘‘easy’’ and ‘‘hard’’ labels.
Moreover, a closer look reveals two broad categories
of test questions – ‘‘Wh’’ questions and ‘‘Yes/No’’
questions. Figures 3(a) and (b) present statistics for
question complexity (‘‘easy’’ or ‘‘hard’’) and question category (Wh or Yes/No), respectively. Details of
cooking dataset can be seen in table 2, and some
sample instances of KB can be seen here.13

(i) Cooking dataset
Owing to the unavailability of standard cooking
dataset, and to promote further research on use of TE
for QA in cooking domain, a KB comprising tabseparated intriguing cooking questions and corresponding answers has been created. The KB contains
a total of 1223 instances, which are collected from
authentic cooking websites and blogs. For a food
item ‘X’, KB accounts for a range of questions such
as the following:
(a) What are the ingredients for X?
(b) How to prepare X?
(c) What is the preparation time for X?
(d) What is the cooking time for X?
(e) What is the total time for X?
(f) What is the average rating for X?

(ii) Training dataset for TE engine
TE engine of the proposed architecture, described in
13

https://github.com/pathakamarnath/Cooking-Knowledge-Base.
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subsubsection 3.3b, is trained using RTE-1 to -5
(Development and Test), SNLI (train) and SCITAIL
(train) datasets. Development and Test datasets of
RTE-1 to -5 are merged for the sake of training.
Moreover, as the proposed architecture concerns
binary classiﬁcation of test instances into ‘‘entailment’’ and ‘‘neutral’’ classes, the instances in SNLI
(train) dataset having ‘‘contradiction’’ label are
relabeled as ‘‘neutral’’. Also, the ‘‘Yes’’ and the
‘‘No’’ class labels in RTE datasets are appropriately
relabeled as ‘‘entailment’’ and ‘‘neutral’’, respectively. Distribution of a total of 5,80,516 training
instances is presented in table 3.
3.3b System architecture: KB, SVM-classiﬁer-based TE
engine and Answer Extractor constitute key components of
the proposed architecture (see ﬁgure 4). After having
checked the entailment between UQ and each KQ,
retrieving and adapting the answer corresponding to eminently entailed KQ forms the guiding principle of proposed
architecture. Training dataset, as described in table 3, is
used to train the SVM-classiﬁer-based TE engine. The key
role of TE engine is to detect entailment between UQ and
each KQ, thereby generating an entailment score that
quantiﬁes extent of entailment between them. KQs and the
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corresponding answers are sorted by the entailment score,
and the one with the highest entailment score is retrieved.
Subsequently a ﬁnal answer, appropriate to the UQ, is
extracted from the retrieved answer. Depending on the
extent to which the ﬁnal answers meet user expectations,
each answer is assessed as ‘‘correct’’, ‘‘partially correct’’ or
‘‘incorrect’’ by ﬁve independent human evaluators.
However, to reduce the count of incorrect answers, the
system prefers to leave a UQ unanswered if the entailment
score for optimal match is less than a threshold (h). In such
a situation, however, the system generates a probable
candidate answer that is assessed as ‘‘right’’ or ‘‘wrong’’.
Incorporation of World Knowledge with TE is one of our
future endeavors to expedite performance improvement by
providing more appropriate answers to the questions
unanswered by TE engine. Algorithm 1 describes working
of the proposed system. Following notations should be
considered for the subsequent sections and the discussions
that follow:
KQH: KQ that gives the highest entailment score with UQ
KQR: Final Answer extracted from Response of KQH
WKR: World Knowledge Response
HR: Probable Hypothetical Response
EA: Extracted Answer

24
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Figure 4. Architecture for cooking domain QA using TE. If the entailment score of UQ with KQs is less than the threshold h,
entailment of UQ is checked with World Knowledge. If the entailment score of UQ with World Knowledge exceeds h, WKR becomes
EA. However, if the entailment score of UQ with World Knowledge is less than h, the initially retrieved KQR by the SVM-classiﬁerbased TE engine becomes Hypothetical Response (HR). See Algorithm 1.

are split in train, development and test sets. Number of
instances in each dataset type and distribution of entailment
and neutral classes for each type are shown in table 4.

4. Experimental design
4.1 Experimental design for STE
4.1a Dataset description: As overviewed in section 1,
SVM-classiﬁer-based system and LSTM neural network
system are experimented using SCITAIL dataset. The
dataset is constituted of scientiﬁc questions (hypothesis)
and their respective answers (premise), which are annotated
as ‘‘entailment’’ or ‘‘neutral’’. A total of 27026 instances

4.1b System parameters: Parameters of LSTM neural network system are carefully tuned for optimal performance.
With 250 LSTM units in each layer, the network is trained
for 20 epochs. In one batch, a total of 32 instances are

Table 5. Parameters of LSTM neural network.

Table 4. Description of SCITAIL dataset.
Type
Train
Development
Test

# Instances

Entailment

Neutral

23596
1304
2126

8602
657
842

14994
647
1284

Parameter

Value

layers
LSTM_units
epochs
batch_size
max_features

2
250
20
32
45000
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propagated through the network. Also, a total of 45000
features (word vectors in vocabulary) are used for generating vectors for each of the words in premise as well as
hypothesis. Table 5 shows parameters of LSTM neural
network for STE.
Furthermore, the SVM-classiﬁer-based system bases its
entailment decision on the entailment score generated for
each P–H pair. A score of 0.5 or greater corresponds to
entailment, while a score less than 0.5 designates absence
of entailment.
4.1c Evaluation parameters: System results of the two
systems are evaluated on the grounds of accuracy and Fmeasure. Consider following notations:
tp: Count of instances with result label as ‘‘entailment’’
and corresponding gold label as ‘‘entailment’’
tn: Count of instances with result label as ‘‘neutral’’ and
corresponding gold label as ‘‘neutral’’
fp: Count of instances with result label as ‘‘entailment’’
and corresponding gold label as ‘‘neutral’’
fn: Count of instances with result label as ‘‘neutral’’ and
corresponding gold label as ‘‘entailment’’
Using these notations, equations (1) and (4) express accuracy and F-measure, respectively:
accuracy ¼

tp þ tn
tp þ tn þ fp þ fn

precision ðPÞ ¼

tp
tp þ fp

ð1Þ
ð2Þ

recall ðRÞ ¼

tp
tp þ fn

ð3Þ

F-measure ¼

2PR
:
PþR

ð4Þ

4.2 Experimental design for QA in cooking domain
using TE
4.2a Signiﬁcance of threshold h:
Entailment score of UQ–KQH lesser than the threshold
(h) is indicative of the absence of appropriate answer in
KB. In such a situation the system computes entailment
between UQ and World Knowledge, and generates the
entailment score. In the event of UQ–World Knowledge
entailment score higher than h, WKR becomes EA. However, in the event of UQ–World Knowledge entailment
score lesser than h, KQR becomes HR and EA. Thus substantially low value of h may encourage retrieval of irrelevant answers, whereas substantially high h value may rule
out or defer the retrieval of potentially appropriate results.

24

Through several experimentations and observations, a reasonable value of 0.10 is chosen for h.
4.2b Evaluation parameters:
(a) Result annotation by human evaluators
Owing to the unavailability of benchmark results for the
test questions, system generated results are ﬁrst annotated by ﬁve independent human experts. Results with
entailment score greater than h are annotated as
‘‘correct’’, ‘‘partially correct’’ or ‘‘incorrect’’, whereas
hypothetical results with entailment score less than h
are annotated as ‘‘right’’ or ‘‘wrong’’. Questions with
hypothetical answers are considered unanswered questions for evaluation purpose. Variable nUR designates
number of unanswered questions with correct hypothetical answers (i.e. annotated ‘‘right’’ by evaluators),
whereas the variable nUW designates number of unanswered questions with incorrect hypothetical answers
(i.e. annotated ‘‘wrong’’ by evaluators). Subsequently
the annotated answers are evaluated using the two
automated evaluation measures, namely c@1 and
accuracy, discussed later in this subsubsection.
(b) Entailment fraction (Efrac)
Although system generated entailment scores exist for
the UQ–KQH pair, entailment between the two is
manually annotated as ‘‘Entailment (E)’’, ‘‘Partial
Entailment (PE)’’ or ‘‘No Entailment (NE)’’. Entailment
fraction (Efrac) gives a measure of number of entailed
and partially entailed questions to the total number of
UQs (n), see equation (5). The claim is made that Efrac
and accuracy) are positively correlated.
Efrac ¼

countðEÞ þ countðPEÞ
n

ð5Þ

where count(E) is count of UQ–KQH pairs that are
annotated as ‘‘Entailment’’ and count(PE) is count of
UQ–KQH pairs that are annotated as ‘‘Partial
Entailment’’.
(c) c@1
Introduced in [34], calculation of c@1 is shown in
equation (6):
c@1 ¼

1
nR 
nR þ nU
n
n

ð6Þ

where
nR is number of questions whose answers are correct or
partially correct, nU is number of questions unanswered
and n is total number of questions.
Thus, c@1 also accounts for unanswered questions by a
fraction of system accuracy (i.e. fraction of questions
correctly answered by the system); c@1 favors a system
that prefers to leave a question unanswered rather than
answering incorrectly.
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total number of questions.
The accuracy measure also accounts for such unanswered
questions for which the system has generated ‘‘right’’
hypothetical answers.
In summary, after having manually annotated the results
by ﬁve independent human evaluators, c@1 and accuracy
measures are computed by each evaluator, and the individual measures are averaged to get the ﬁnal scores (see
ﬁgures 5–7).

Figure 5. Bar graph showing Efrac measure for each human
evaluator.

5. Results and analysis
5.1 Results and analysis for STE
Table 6 shows values of accuracy and F-measure evaluation measures for the two systems. Optimal accuracy for
LSTM neural network is attained at second epoch. Considerably better scores for LSTM neural network are
indicative of its competence in detecting entailment
between pairs of scientiﬁc texts.
5.1a Qualitative and comparative analysis of system
results obtained for STE: Consider following symbolic
notations for the discussion that follows:

Figure 6. Bar graph showing accuracy measure for each human
evaluator.

(d)
accuracy
Conventional
equation (7):

P: Premise
H: Hypothesis
G: Gold class label
S: Class label generated by SVM-classiﬁer-based system
L: Class label generated by LSTM neural network
Some sample P–H pairs and system generated class labels
are compared and analyzed next.

accuracy

measure

accuracy ¼

is

nR þ nUR
n

expressed

by

ð7Þ

where nR is number of questions with ‘‘correct’’ or
‘‘partially correct’’ answers, nUR is number of questions
unanswered with a ‘‘right’’ hypothetical answer and n is

(a) P: Lyme disease is caused by a bacterium that’s
transmitted by tick bite, but many infected people don’t
remember a bite.
H: Lyme disease is caused by bacteria.
G: entailment
S: neutral
L:entailment
(b) P: First recognized in Lyme, Conn., in 1975, Lyme
disease is caused by a bacterium carried by pin-size
ticks that live in wooded and grassy areas around the
country.
H: Lyme disease is caused by bacteria.
G: entailment
S: neutral
L: entailment
Table 6. Values of accuracy and F-measure for the two systems.

Figure 7. Bar graph showing c@1 score for each human
evaluator.

Evaluation
measure

LSTM neural
network

SVM-classiﬁer-based
system

accuracy
F-measure

0.7131
0.5955

0.5691
0.4637
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Discussion: In examples (a) and (b) here, the premise
contains exact hypothesis content as well as some
irrelevant contents. The LSTM neural network accurately discards irrelevant portions of the premise for
detecting entailment. However the SVM-classiﬁerbased system gets swayed by irrelevant portion and,
therefore, fails to detect entailment between P and H.
P: Earth’s atmosphere consists of mainly oxygen and
nitrogen.
H: Oxygen and nitrogen make up most of the earth’s
atmosphere.
G: entailment
S: entailment
L: entailment
P: Calories measure the amount of energy stored in a
food.
H: A calorie is used to express the amount of energy in
food.
G: entailment
S: entailment
L: entailment
Discussion: In examples (c) and (d) here the hypothesis
is rephrased form of the premise, and it contains either
exact words, similar words or synonym words for the
words in premise. For example ‘‘mainly’’ and ‘‘most of’’
in example (c), and ‘‘measure’’ and ‘‘express’’ in
example (d), are synonyms of each other. Under such
situations, both the systems accurately detect entailment
between premise and hypothesis.
P: Convex mirrors
H: A convex mirror is shaped like the outside of a bowl.
G: neutral
S: entailment
L: neutral
P: Two magnets
H: Increasing the distance between the two magnets
will cause a decrease in the force of attraction between
two magnets.
G: neutral
S: entailment
L: neutral
Discussion: Premises in examples (e) and (f) here are
phrases, not complete sentences. Though the phrase
in premise is contained in the hypothesis, all the P–H
pairs here lack entailment. Also, in contrast with
LSTM neural network, SVM-classiﬁer-based system
inaccurately detects entailment between all such pairs.
Such anomalies in entailment detection are attributed
to the fact that SVM-classiﬁer-based system are
signiﬁcantly inﬂuenced by matching of lexical entities
(such as 1-gram, bigram and LCS). In contrast the
LSTM neural network checks entailment between
individual words of the P–H pair, using word-byword attention, and correctly predicts absence of
entailment between them.
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(g) P: For example water is H2O, which means there are 2
atoms of hydrogen and one atom of oxygen in the
molecule.
H: 2 hydrogen, 1 oxygen atoms combine to make up a
molecule of water.
G: entailment
S: neutral
L: entailment
(h) P: Everywhere on earth, oxygen makes up 20.96% of
the gas in air (almost all the rest is nitrogen).
H: Oxygen and nitrogen make up most of the earth’s
atmosphere.
G: entailment
S: neutral
L: entailment
Discussion: Intricate mathematical and scientiﬁc reasoning is required to infer entailment relationship in
these examples. For instance, in example (h) here, the
two differently expressed facts, namely ‘‘20.96% and
almost all the rest’’ and ‘‘most’’, are to be treated
equivalent. As opposed to SVM-classiﬁer-based system, LSTM neural network predicts correct class labels
under such situations. As also pointed out in [32], this
owes to the ability of LSTM neural network to
comprehend complex semantic relationships between
the words in premise and hypothesis.
It is highly relevant to note that the implemented LSTM
neural network may yield lesser accuracy than some of the
works [1, 13, 15] reviewed in section 2. This owes to the
fact that the primary objective of this paper is to compare
the performances of LSTM neural network (in general)
with those of the conventional SVM-classiﬁer-based system
and analyze the underlying reasons behind comparatively
better performance of LSTM neural networks. Designing a
variant that could outperform all other existing LSTM
systems operating over SCITAIL dataset was not intended.
However, future work will focus on extending and reﬁning
our baseline LSTM model to meet such objectives.

5.2 Results and analysis for the proposed cooking
domain QA system
5.2a Annotated results provided by evaluators: As discussed in subsubsection 4.2b, prior to evaluation, system
generated results and entailment between UQ and KQH are
annotated by ﬁve independent human evaluators. Out of a
total of 50 UQs, 8 questions are unanswered by the system.
However the system generates hypothetical answers for
such questions, which are annotated either ‘‘right’’ or
‘‘wrong’’ by the evaluators. The remaining 42 answers
corresponding to 42 test questions are annotated as ‘‘correct’’, ‘‘partially correct’’ or ‘‘incorrect’’. Also, the 50 UQ–
KQH pairs are annotated as ‘‘entailment’’, ‘‘partial entailment’’ or ‘‘no entailment’’. Figure 8 shows statistics for
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Figure 8. Diagram showing statistics for annotated system results.

Figure 9. Diagram showing statistics for annotated UQ–KQH pairs.

annotated system results, and ﬁgure 9 shows statistics for
annotated UQ–KQH pairs for each human evaluator.
5.2b Entailment fraction (Efrac): Efrac is fraction of
total number of UQ–UQH pairs that are annotated as
‘‘entailment’’ or ‘‘partial entailment’’. Average Efrac
measure for the proposed system is 0.708. Fairly high value
of Efrac designates that the KB contains questions similar
to the UQs. Individual Efrac measures for each of the
evaluators are shown in ﬁgure 5. To further analyze impact
of entailment between UQ and KQH over the system
generated results, following sets are generated:
E: ‘‘entailment’’ or ‘‘partial entailment’’ annotations of
UQ–KQH pair

NE: ‘‘no entailment’’ annotation of UQ–KQH pair
C: ‘‘correct’’, ‘‘partially correct’’ or ‘‘right’’ annotations
of system generated answers
I: ‘‘incorrect’’ or ‘‘wrong’’ annotations of system generated answers
While E is representative of Efrac measure, C is representative of accuracy measure. Figures 10(a)-(e) show
plots of number of system generated answers (expressed in
terms of E and NE) versus answer category (C or I) for
each human evaluator. The graph plot shown in ﬁgure 10(a), for example, can be interpreted as follows: ‘‘Out
of a total of 27 correct, partially correct or right answers,
18 are generated when there exist entailments or partial
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Figure 10. Number of system generated answers (expressed in terms of E and NE) versus answer category (C or I) plots for each
human evaluator.

Table 7. Efrac and accuracy measures for each independent
human evaluation.
Evaluator#

Efrac

accuracy

1
2
3
4
5

0.44
0.8
0.82
0.64
0.84

0.54
0.6
0.54
0.44
0.82

entailments between UQ and KQH. Also, out of a total of 23
incorrect answers, 19 are generated when there is no
entailment between UQ and KQH.
All these plots indicate that majority of correct answers
(‘‘correct’’, ‘‘partially correct’’ or ‘‘right’’) are generated
when there exist entailments or partial entailments between
UQ and KQH. The observation is equivalent to saying that
Efrac and accuracy measures are positively correlated.
However, to further ascertain relationship between Efrac
and accuracy, Pearson’s correlation coefﬁcient (r) is computed for the two measures, using the values mentioned in
table 7. Table 7 shows the Efrac and accuracy measures for
each independent human evaluation.
The value of r equal to 0.51, which signiﬁcantly exceeds
0 value, conﬁrms positive correlation between Efrac and
accuracy measures.

5.2c Accuracy measure (accuracy): The accuracy measure, shown in equation (7), is the fraction of total questions whose answers are correct, partially correct or right.
The average accuracy of the proposed system is 0.588, and
individual accuracy measures for each of the evaluators are
shown in ﬁgure 6.
Furthermore, in ﬁgures 11(a)–(e), answer category or
system accuracy is examined with respect to question
category (‘‘easy’’ or ‘‘hard’’) for each human evaluator.
The graph plot shown in ﬁgure 11(a), for example, can
be interpreted as follows: Out of a total of 27 correct,
partially correct or right answers generated by the system
14 of the answers correspond to hard questions, whereas 13
of them correspond to easy questions. Also, out of a total of
23 incorrect answers, 17 of the answers correspond to hard
questions. Following two conclusions can be drawn from
all these plots:
1. Majority of the incorrect or wrong answers correspond to
hard UQs. However, the converse is not necessarily true,
i.e., a hard UQ need not necessarily lead to generation of
incorrect answers.
2. As easy questions require no or less reasoning, answers
to such questions are majorly correct, partially correct or
right. However, the converse is not necessarily true, i.e.,
correct, partially correct or right answers need not
necessarily be majorly constituted of answers of easy
questions. This is attributed to the fact that easy
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Figure 11. Number of system generated answers (expressed in terms of ‘‘easy’’ and ‘‘hard’’ questions) versus answer category (C or
I) plots for each human evaluator.

Table 8. c@1 and accuracy measures for each independent
human evaluation.
Evaluator#
1
2
3
4
5

c@1

accuracy

0.4688
0.54
0.44
0.36
0.72

0.54
0.6
0.54
0.44
0.82

questions are smaller in proportion to the number of hard
questions.
5.2d c@1 measure: c@1 measure, as discussed in subsubsection 4.2b, also accounts for unanswered questions
while measuring the accuracy. Average c@1 score for the
proposed system is 0.506, and the individual c@1 scores for
each of the evaluators are shown in ﬁgure 7. Table 8 shows
value of c@1 and accuracy measures for each independent
human evaluation. Using the values mentioned in table 8,
Pearson’s correlation coefﬁcient (r) is computed for the two
measures. Value of r equal to 0.99 (close to the maximum
value 1) is indicative of very high positive correlation
between the two measures. This is attributed to the fact that
higher accuracy assigns more weightage to the unanswered
questions (see equation (6)), which eventually results in
higher c@1 score.
5.2e System generated answers and their qualitative
analysis: In this subsubsection, some sample UQs, entailed

questions of KB (KQH), system generated answers (EA)
and their qualitative analysis are outlined.
Some of the long answers are curtailed, which can be
identiﬁed by the () symbol placed at their ends.
UQ: What is the quantity ratio of sugar and water to make
Nimbu Squash?
KQH: What are the ingredients for Nimbu Squash (Tangy
Lemon Drink)?
EA:  250 grams lemons 250 grams Sugar 250 ml
Water 1 Tablespoon Vinegar
Discussion: Implemented system currently does not support extraction of requisite information from the retrieved
answer. As a consequence, in this example, though the
system retrieves ingredients for ‘‘Nimbu Squash’’ from KB,
it has failed to extract the desired quantity ratio
information.
UQ: Is kasuri methi a mandatory ingredient for making
Dal Tadka?
KQH: What are the ingredients for ‘‘Dal Tadka’’?
EA: Moong dal or Masoor dal – 1.5 cups Turmeric – 1/
4 tea spoon Green chillies – 3 or 4 1/2 tspn Garlic paste
1 tsp Ginger paste Coriander chopped ()
Discussion: In this example, the anticipated response is
either yes or no. However, the system generated response is
generalized details of ingredients for ‘‘Dal Tadka’’. This
too is attributed to the inability of the implemented system
to extract desired information from the retrieved answer.
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UQ: Help me to cook Amritsari paneer kulcha.
KQH: How to prepare Amritsari kulcha?
EA:  Mix Maida, Sugar, Salt, Baking Powder, Baking
Soda. Pour some oil in this mixture. Add Dahi (yoghurt)
and knead the dough, add water if necessary. The dough
should not be very tight ()
Discussion: Using entailment, the implemented system
correctly infers that the user has requested steps of preparation for ‘‘Amritsari paneer kulcha’’. System, therefore,
provides the most relevant and correct answer.
UQ: What are the tips to cook Vegetable Pulav?
KQH: What is the cooking time for Vegetable Pulav?
EA: 15 Minutes
Discussion: Though the KB contains a more relevant
question (‘‘How to prepare Vegetable Pulav?’’) and its
corresponding answer, the system erroneously detects
‘‘What is the cooking time for Vegetable Pulav?’’ as the
closest match for UQ. Thus, the failure to detect entailment
between UQ and KQs has led to retrieval of irrelevant/
incorrect answer.
UQ: What is the total time required to make Sarson Ka
Saag?
KQH: What is the preparation time for Sarson Ka Saag?
EA: 10 Minutes
Discussion: As the KB contains no information on total
time requirement for Sarson Ka Saag, the system provides
a much appreciated preparation time for Sarson Ka Saag.
All these discussions, results and result analysis, discussed in subsubsections 5.2a–5.2e, are summarized and
concluded as follows:
1. Entailment between UQ and KQs inﬂuences the accuracy and the relevance of system generated answers. To
put this in a different way, the Efrac and the accuracy
evaluation measures are positively correlated.
2. ‘‘Incorrect’’ or ‘‘wrong’’ system generated answers
majorly correspond to the answers of ‘‘hard’’ questions.
Also, ‘‘easy’’ questions often lead to generation of
‘‘correct’’, ‘‘partially correct’’ or ‘‘right’’ answers.
3. c@1 and accuracy evaluation measures relish positive
correlation. With increase in accuracy, weightage of
unanswered questions and, hence, c@1 scores increase.
4. Extracting required information from the answers generated by TE engine is not yet supported. As a
consequence, the implemented system generates an
imprecisely broad answer in response to the UQ seeking
speciﬁc information.
5. In the situations where the requested information is
absent in KB, the system intellectually responds with an
answer corresponding to a closely related question. In
future, incorporating support of World knowledge can
supplement performance of the system by handling all
such cases of discrepancy between UQ and KQs.
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6. It can be seen from this discussion that the system
behavior remains unchanged for the questions of similar
type in the test dataset. Hence, instead of increasing the
test data size by including more questions of similar
type, the focus was on ensuring variability of the
questions in the limited test data and designing them
independent of the instances in KB. Moreover, the
obtained system results are annotated by ﬁve independent human emulators and further examined on the
grounds of c@1 and accuracy for each independent
evaluation. Thus, even with a small-sized test data,
meaningfulness of experimentation and evaluation has
been ensured.
7. Although the implemented system currently does not
account for compound questions (multiple questions in
one sentence), using a dependence parser to separate the
compound question into constituent questions, retrieving
answers for each individual question and merging them
using a suitable strategy could be a possible future
research direction.

6. Conclusion and future scope
Wide-scale applications of RTE has furthered the research
on entailment detection. Since its formal inception as the
ﬁrst Pascal RTE challenge, the research on entailment
detection has witnessed growth of a number of competent
systems. However, as the entailment between sentences
containing scientiﬁc texts is relatively less investigated, the
work discussed in this paper implements an SVM-classiﬁerbased system and an LSTM neural network for STE
detection. Performances of the two systems are qualitatively and comparatively analyzed to comprehend their
strengths and weaknesses. Comparatively better evaluation
scores for LSTM neural network substantiate its competence in handling scientiﬁc text constructs. Also, in an
attempt to explore applicability of TE to real-world applications, a closed-domain QA system, using TE engine and
KB for answering cooking domain questions, is introduced.
The system efﬁciently handles a range of UQs pertaining to
cooking of different food items.
Math formulae often serve as a crucial means for disseminating scientiﬁc information. Though the SCITAIL
dataset is constituted of scientiﬁc texts, it barely accounts
for entailment between sentences containing math formulae. For example, the sentence ‘‘Square root of 4 is 2’’
pﬃﬃﬃ
entails ‘‘ 4 ¼ 2’’. Thus, creating entailment datasets containing math formulae alongside scientiﬁc text and modifying existing entailment detection architectures to do the
needful appear as appealing future directions of STE.
Furthermore, in the future, it can be fascinating to prospect
implications of augmenting KB with new information,
tuning the value of the parameter h and incorporating
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support of world knowledge and information extraction on
the performance of proposed cooking domain QA system.
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