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Abstract

In this study, we explore the impact of seman-
tics and syntax in the construction of demon-
stration examples for in-context learning (ICL)
with Large Language Models (LLMs). We
identify the limitations of current methods that
prioritize semantic similarity and underscore
the importance of syntactic information, which
has been underrepresented in sentence-level
classification tasks. Through experiments mea-
suring semantic and syntactic similarities, we
reveal that ICL methods tend to favor syntactic
congruence. Consequently, we propose a novel
Semantics and Syntax-based Sentence Selec-
tion (SSSS) framework for selecting demonstra-
tion examples in ICL, integrating both seman-
tic and syntactic dimensions. This approach
addresses the challenges of constructing accu-
rate semantic representations and quantifying
syntactic structure similarities. The experimen-
tal results on three datasets suggest that the
SSSS approach can facilitate more effective
ICL by incorporating syntax into the demon-
strative example selection, potentially leading
to enhanced model performance.

1 Introduction

Large Language Models (LLMs) exhibit robust per-
formance across a broad spectrum of tasks (Brown
et al., 2020; Chowdhery et al., 2023). In-context
learning (ICL) has revealed the proficiency of
LLMs in task adaptation through minimal example-
driven demonstrative contexts. Arranged as input-
label pairings within natural language templates,
these exemplars form the foundation of ICL. Ow-
ing to its straightforwardness and efficacy, ICL is
extensively employed in a multitude of Natural
Language Processing (NLP) tasks.

However, the ICL is significant sensitivity to the
choice of demonstration examples induces notable
performance variations (Zhao et al., 2021). Previ-
ous research efforts have concentrated on curating
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Figure 1: A binary classification task with one positive
and one negative example as the demonstration. We
adopt two strategies to select examples with different
semantic and syntactic similarities. The experimental
results show that ICL methods tend to favor sentences
with higher syntactic similarity.

optimal context exemplars for test cases via seman-
tic distributions (Dong et al., 2023). This typically
involves employing sentence semantics encoder
models to ascertain test sentence similarity with
a training set, thereby selecting the comparably
most resembling examples. While improvements
are evident when utilizing semantic embedding-
based selection methods, they may fall short for
tasks where syntactic structure is paramount. Tasks
such as Relation Classification (Liu et al., 2015)
and Question Classification (Ma et al., 2015) have
demonstrated how syntactic cues substantially con-
tribute to sentence analysis. Despite their potential,
these syntactic details are frequently overlooked in
the era of LLMs’ ICL application. Addressing this
gap, our research asks whether the construction of
demonstrations is more influenced by semantic or
syntactic elements, or if an integrative approach is
preferable. Our preliminary experiments, includ-
ing semantic and syntactic similarity assessments,
indicate a predilection of ICL. methods towards syn-
tactic parallels. We also propose an information
flow method at the sample level to examine atten-
tion shifts with varying demonstrations, reinforcing
our syntactic emphasis hypothesis. These findings



advocate for the integration of syntactic attributes
in creating demonstrative examples to refine ICL
performance.

In light of these insights, we introduce a Seman-
tics and Syntax-based Sentence Selection (SSSS)
approach for ICL with LLMs. The SSSS approach
independently assesses semantic and syntactic sim-
ilarities before combining them to guide example
selection. The proposed approach addresses two
challenges: (1) From the semantic perspective —
How to construct semantic representations for sen-
tences? (2) From the syntactic perspective — How
to accurately describe the syntactic structure of sen-
tences and measure the syntactic structure similar-
ity between two sentences? For the first challenge,
we focus on developing a semantic representation
model using relational data. For the latter, a depen-
dency parsing model produces parsing trees for sen-
tences, with syntactic tree similarities determined
through the tree edit distance algorithm.

Our contributions are summarized as follows:

1. We identify and empirically verify a discern-
able preference by Large Language Mod-
els (LLMs) within in-context learning (ICL)
methods for demonstration sentences mirror-
ing the syntactic structure of the test input.
This syntactic alignment preference is fur-
ther substantiated through an information flow
analysis predicated on attention weights.

2. We propose a hybridized approach, Semantics
and Syntax based Sentence Selection(SSSS),
which concurrently leverages semantic con-
tent and syntactic structuring to formulate
demonstrative examples with greater efficacy.

3. To assess the practical utility of the SSSS
approach, we conduct experiments on three
datasets among two tasks. Experimental re-
sults demonstrate the superior performance of
our approach in enhancing ICL capabilities.

2 Preliminary Exploration

2.1 A Binary Classification Task

To explore whether semantic or syntactic features
are more important in construction the demonstra-
tions for ICL method using LLMs, we initially
construct a binary classification task. Specifically,
we first select the two relation categories with the
highest number of sentences in the training set of
Re-TACRED (per:identity and per:title). And then

Method Pos Neg
Sem Syn Sem Syn
RanPos+RanNeg | v X X X
RanPos+SynNeg | v X X 4
SynPos+RanNeg | v v X X
SynPos+SynNeg | v v X v

Table 1: Data selection strategies for four compara-
tive experiments, where ‘Sem’ and ‘Syn’ respectively
indicate whether the examples are similar in terms of
semantics and syntax.

we randomly sample 100 sentences for both re-
lations as the test set, while the remaining data
served as the training data pool. In order to com-
pare the performance fairly, we totally select 2k
(k=2,4,8,16) examples for each test sentence in
which k examples are positive while another k ex-
amples are negative (depends on whether the label
is same or different with the label of test sentence).
Therefore, the positive examples are semantic sim-
ilar while negative examples are semantic dissim-
ilar. As for syntactic features, we utilize a Tree
Edit Distance (TED) algorithm to evaluate the syn-
tactic similarity on the dependency parsing trees
of sentences. This content is detailed in Sec 3.2.
Finally, as shown in Tab 1, we obtain four different
sets of demonstrations for each sentence to test the
performance of ICL.

2.2 Semantic or Syntactic?
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Figure 2: Results of Binary Task.

For the binary classification task, we test the ac-
curacy of the ICL prediction on LLaMa2-7b-chat
model under four different demonstration selection
methods. The experimental results are shown in
Figure 2, where the horizontal axis represents the



number of context examples, the vertical axis rep-
resents the accuracy.

RanPos+RanNeg vs RanPos+SynNeg: When
there is only a semantic difference, that is, with
RanPos+RanNeg, the performance of the binary
classification task exceeds 50%. Moreover, as the
number of context examples increases, the model’s
performance gradually improves. This indicates
that the ICL method can make correct predictions
based on semantic similarity. However, there is a
noticeable decline when negative examples employ
sentences with similar syntax. This result indicates
there is a bias for LLMs that towards negative sen-
tences with similar syntactic structures.

RanPos+RanNeg vs SynPos+RanNeg: Con-
versely, when positive examples incorporate sen-
tences with similar syntax, the model obtains a
notable improvement. This suggests that the model
tends to lean more towards positive examples when
syntactic constraints are added.

RanPos+RanNeg vs SynPos+SynNeg: After
adding syntax constraints to both positive and
negative examples, it only surpasses the Ran-
Pos+RanNeg when the context examples number
is 4 but outputs a performance drop on all other
settings. This suggests that when both positive and
negative examples consist of sentences with similar
syntax, it challenging for the model to distinguish
semantically similar positive examples from seman-
tically dissimilar negative examples.

Based on the these experiments, we can infer that
the ICL method exhibits a bias towards data with
similar syntax. However, the introduction of syntax
similarity constraints, alongside semantic similar-
ity, leads to a further inclination of the ICL method
towards such examples. Consequently, semantic
and syntax similarity act in a complementary man-
ner.

2.3 Analysis via Information Flow

To delve deeper into the influence of syntactic sim-
ilarity features during the ICL process, we draw
inspiration from Wang et al. (2023a) and utilize
saliency scores to gauge the flow of information
within ICL method. As a widely used interpretation
tool, the saliency technique (Simonyan et al., 2014)
is utilized to emphasize the token interactions. In
order to calculate the saliency score for each token
of the attention matrix, we following the common
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Figure 3: The saliency score of positive and negative
examples in demonstration. ‘Pos’ and ‘Neg’ represent
the normalized averages of all positive and negative
example data in the demonstration, respectively.

practice to employ the Taylor expansion (Michel
et al., 2019).
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Differing from the analysis in Wang et al.
(2023a), which examines the separate impacts of
words in sentences and labels on the final predic-
tion, we compare the influence of each example in
the demonstrations on the final prediction. Thus,
we measure the impact of each example on the final
token g by averaging influences of all tokens in the
example:
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Here, xg and x,, represent the positions of the
first and last tokens of example s in the demonstra-
tion, Uy, signifies the influence of each token in s
on the final token ¢, and SaliencyScores, is the
average impact of example s.

In our analysis, we conducte experiments with a
demonstration of 8 examples and use the attention
weights of the last layer (I = 32) in LLaMa2-7b-
chat. The saliency scores are averaged for positive
and negative sentences, respectively. And they are
normalized to assess whether the model tends to
positive or negative examples. The analysis results
are shown in Figure 3.

From this, we observe that the saliency score
variation trend is proportional to the prediction re-
sults in Figure 2. Particularly, when using Ran-
Pos+SynNeg, the saliency score for negative exam-
ples is significantly higher than that for positive ex-
amples. Conversely, when using SynPos+RanNeg,

SaliencyScoresy =



the saliency score for positive examples surpasses
that for negative examples.

Therefore, this analysis experiment aligns with
the above experimental results, consistently indi-
cating that syntactic features play a crucial role in
context learning.

3 Methodology
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Figure 4: Framework of our SSSS.

According to findings of semantic and syntactic
features in the construction of ICL demonstrations,
we propose a Semantics and Syntax based Sentence
Selection (SSSS) method.

As illustrated in Figure 4, we first obtain the se-
mantic and syntactic representations for sentences,
respectively. Then, we calculate both the seman-
tic and syntactic similarities for the sentence pair.
Finally, we combine the two similarities to derive
a similarity score. For a test sentence, we get the
score of each sentence in the training pool and re-
turn the top K sentences, which are selected as the
context examples for the test sentence.

This section begins by describing the proposed
semantic sentence selection method. Then we de-
scribe the syntactic representations of sentences
and the calculation of syntactic similarity. Finally,
we present the method for combing semantic and
syntactic similarity.

3.1 Semantics-based Sentence Selection

To obtain the semantic similarity between two sen-
tences, previous works usually employ pre-trained
models fine-tuned on Natural Language Inference
(NLI) data (Conneau et al., 2017; Reimers and
Gurevych, 2019; Gao et al., 2021). In NLI, the
entailment relationship assesses whether the mean-
ing of the hypothesis can be logically inferred from
the premise.

In this study, we posit that the relationship repre-
sentation in NLI captures not only semantic simi-
larity but also logical inference. On the other hand,
relation extraction data recognizes the semantic
similarity between two sentences, regardless of
whether one can be logically inferred from the other.
Therefore, in this work, we train the sentence se-
mantic representation model using automatically
annotated relation extraction datasets.

To train the sentence embedding model, we be-
gin by constructing the training data. Since a sen-
tence can express multiple semantic relations, when
building positive and negative examples for the con-
trastive model, we select positive examples where
the sets of candidate relation semantics for two sen-
tences have a non-empty intersection. Conversely,
for negative examples, we choose pairs where the
sets of candidate relation semantics have no inter-
section. As defined follows:

Dypos = {(s,81) t [rs Nrge| > 1} 3)
Dreg =A{(s,57) t[rsNry—| =1}

where s and s~ are randomly selected from D
for each sentence s € D until the conditions are
met, and rs represents the set of all possible relation
categories for sentence s. For each sentence s, we
construct one positive example and one negative
example.

Then, we follow the contrastive learning method
in (Gao et al., 2021) but use relational corpus to
train our sentence embedding model:

esim(hi,hj)/f

(esim(hi,hj)/f + 6sim(hi,h;)/r)

“)
where 7 is a temperature hyperparameter and h
represents the semantic embedding of the sentence.
The cosine similarity is usTed as the similarity func-
tion: sim(hy,hy) = %

Finally, to identify the most similar sentences
from the training pool for each test sentence, we
calculate the cosine similarity score between the
test sentence g and the target sentence s after en-
coding the sentence using our relational semantic
sentence embedding model fsep,:

ﬁi = —log N
7=1

Ssem(% 5) = 5im(fsem(Q)vfsem(3))' )



3.2 Syntax-based Sentence Selection

3.2.1 Syntactic Representation

To acquire syntactic information for sentences, we
employ Dependency Parsing technology. Depen-
dency parsing is a natural language processing tech-
nique focused on analyzing the syntactic structure
of a sentence by establishing relationships between
words (Zhang et al., 2020a,b). Its objective is to
uncover dependencies among words and finally out-
puts a dependency tree where words are nodes and
dependencies are edges.

For sentence classification tasks, we directly uti-
lize the entire dependency tree as the syntactic rep-
resentation of the sentence. However, since the
goal of Relation Extraction task is to identify the
relationship between two predefined entities in a
sentence, we further propose using a pruned de-
pendency tree as the syntactic representation for
sentences. Specifically, we first employ the short-
est dependency path, preserving all nodes along
the shortest dependency path connecting the two
entities. And we propose a variant of extending
the shortest dependency path. After obtaining the
shortest dependency path, we add all nodes directly
connected to the nodes in the shortest dependency
path, achieving a balance between the entire tree
and the SDP.

3.2.2 Syntactic Similarity

For evaluating syntactic similarity, we introduce
the Tree Edit Distance (Zhang and Shasha, 1989;
McCaffery and Nederhof, 2016; Lin et al., 2023)
algorithm to calculate the edit distance between
two syntax trees. Tree edit distance is a metric
used to measure the similarity between two tree
structures by quantifying the minimum number of
operations required to transform one tree into an-
other. These operations typically include inser-
tion, deletion, and substitution of nodes and edges.
The concept is analogous to the Levenshtein dis-
tance (Levenshtein, 1965) in strings but is specifi-
cally tailored for hierarchical structures like trees.
By computing the minimum sequence of edit op-
erations needed, the tree edit distance provides a
quantitative measure of structural similarity:

EditDist(ty,ts)
max(|t1], |t2|)

ted(ty, to) = 1 — (6)

where ¢ is the dependency parsing tree of a sen-
tence.

Finally, the syntactic similarity between two sen-
tences is calculated by following function:

Ssyn(q, 5) = ted(fsyn(a); foyn(s)) (D)

where fs,,, is a dependency parser to produce the
syntactic structure of a sentence.

3.3 Unified Semantic-Syntactic Sentence
Selection

To incorporate semantics and syntax during sen-
tence selection, we introduce a balancing parame-
ter o to trade-off between semantic and syntactic
similarities:

S(q, 5) = aSsem + (1 - a)ssyn (8)
4 Experiments

4.1 Experiment Setup

Datasets. We conduct our experiments on three
datasets among two sentence classification tasks:
SemEval: a relation extraction task comes from
SemEval-2010 Task 8 (Hendrickx et al., 2010), in-
cluding about 10k human-annotated sentences cov-
ering 9 bidirectional relations and 1 special “NA”
relation which means none of the above relations.
Re-TACRED: a revised version of the relation ex-
traction dataset TACRED (Zhang et al., 2017) pro-
posed by (Stoica et al., 2021). There are about 90k
sentences for 39 common relations and 1 special
“NA” relation.

TREC: a dataset for Question Classification task,
containing about 6k annotated questions for 6
classes.

Metrics. For evaluation, we follow the standard
metrics used in previous work: Micro-F1 metric
(F1) for SemEval and Re-TACRED, and Accuracy
(Acc.) for TREC.

Training Details To train our relational semantic
sentence embedding model, we take KELM (Agar-
wal et al., 2021) corpus as our training data source.
KELM contains about 15M sentences synthetically
generated using a fine-tuned TS5 model to cover
1522 relations from Wikidata. In order to construct
both positive and negative data for training the con-
trastive model, we add a simple data pre-processing
such as max length limitation and extract relations
with more than 1,100 sentences in the KELM cor-
pus.

As for the hyper-parameters in training our re-
lational semantic sentence embedding model, we
follow the setting in Gao et al. (2021).



split #relations # sentences per relation
train 326 1,000
val 326 50
test 326 50

Table 2: Statistics of relational data from KELM.

When obtaining the dependency parsing struc-
tures of sentences, we adopt the RoOBERTa version
of the off-the-shelf dependency parser SuPar! for
its fast speed and good performance.

ICL setting We conduct the ICL experiments on
the open source LLM LLaMA2-7b-chat (LLaMA2
for abbreviation) by local deployment and the
closed source LLM GPT-3.5-turbo-0125 (ChatGPT
for abbreviation) by invoking the API. For predic-
tion on LLaM A2, we follow previous work (Brown
et al., 2020) to compute the sentence perplexity of
the sequence concatenation of input and candidate
answers and select the final prediction using the
one with the lowest perplexity. As for prediction
on ChatGPT, we take the generation mode to gen-
erate the candidate label with highest probability.
In order to a fair comparison of the number of ex-
amples in demonstrations, we use a 16-shot setting
for all experiments. However, we also analyze the
influence of the different amount of demonstrations
among 2, 4, 8, 16.

As for prompting the LLM, we take the follow
instruction for conducting in-context learning using
LLMs: For the prompt template for each task, we
use the simple input-label pair mode: “Sentence:
<sen> , Label: <label> . Relation labels are ver-
balized to semantic expressions with handcraft tem-
plates as introduced in (Zhang et al., 2023).

4.2 Baselines

Random We employ RANDOM as a baseline,
which randomly selects examples from the training
pool as demonstrations for each test case (Brown
et al., 2020) .

Syntax As discussed in 3.2, we also propose to
use tree edit distance as similarity metric to retrieve
demonstrations, named as TREEEDIT.

Semantics For semantic-based methods, we
reimplement three approaches utilizing different
sentence embedding models to select the most
similar examples from the training pool: (1)

"https://github.com/yzhangcs/parser

Method Type Task

Sem Syn SE ReT TC

LLAMA2-7B
RANDOM X X 2068 305 630
TREEEDIT X v 48.0 455 88.0
ROBERTA v X 513 441 922
SENT-TRANS vV X 585 358 922
SIMCSE v X 554 378 884
RELCSE v X 620 460 922
SSSS(ours) v v 679 571 932
GPT-3.5-TURBO-0125

RANDOM X X 415 202 776
TREEEDIT X v 51.0 357 884
ROBERTA v X 505 357 892
SENT-TRANS vV X 545 352 910
SIMCSE v X 560 340 894
RELCSE v X 627 406 0914
SSSS v v 71.1 543 926

Table 3: Main results. SE and Re-T are relation extrac-
tion tasks, standing for SemEval and Re-TACRED. TC
is the classification dataset TREC.

ROBERTA, proposed by (Liu et al., 2022b), who
use RoBERTa (Liu et al., 2019) as sentence embed-
ding to calculate the similarity. (2)SENT-TRANS,
proposed by (Hongjin et al., 2022). The Sentence-
Transformers model (Reimers and Gurevych, 2019)
is used as the sentence encoder. (3) SIMCSE, pro-
posed by Wan et al. (2023), who adopts the Sim-
CSE model (Gao et al., 2021) as sentence encoder.
(4) RELCSE, our relational sentence embedding
model.

As for a fair comparison, we select the
RoBERTa-large version for all the sentence em-
bedding models.

4.3 Main Results

Random vs. Syntax Table 3 clearly indicates
that Syntax incorporating sentence dependency
syntactic information significantly outperforms
Random. This method exhibited a pronounced
enhancement in performance, as evidenced by an
increase of 21.2 and 15.0 in the F1 score on the sen-
tence relationship classification tasks on SemEval
and Re-TACRED, respectively. These results sug-
gest that the grammatical structure of sentences is
highly effective in the context of learning based on
LLM:s.

Syntax vs. Semantics As to the introduced Syn-
tax baseline, we find its data selection not only
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outperforms Random, but also is very competi-
tive to the Semantics method. This indicates the
strong connections between relation extraction and
dependency representations (He et al., 2018).

SIMCSE vs. RELCSE With different training
corpora, our RELCSE has consistent performance
boost than SIMCSE. It is worth noting that in the
two relation extraction datasets, RELCSE has 15.9
F1 score boost in average. As to the classification
task, RELCSE also surpasses SIMCSE on both the
open-source LLaMA2-7B and the GPT-3.5.

Combining Semantics and Syntax Our pro-
posed SSSS combines both the semantic and the
syntactic representations. As shown in Table 3, our
method outperforms other baselines and reaches
the best results.

Scaling on LLMs Besides LLaMA2-7B, we test
our method on GPT-3.5 to validate the effectiveness
of the scaling properties. As presented in Table 3,
our method has consistent performance gain on
both the small open-source model and GPT-3.5.
This verifies that the syntactic and the semantic
representations could assist LLMs to select better
fewshot exemplars in ICL.

4.4 Analysis of the Balance between
Semantics and Syntax

As shown in Eqn 8 in Section 3.3, our method
combines semantic representations and syntactic
structures with a hyperparameter «. In order to
analyze the influence of the value of «, we conduct
experiments on our method among [0.0, 0.25, 0.5,
0.75, 1.0]. Specially, « = 0.0 and o = 1.0 are two
special situations, which means the fully syntactic
sentence selection and the fully semantic sentence
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Figure 6: Results on SemEval with different number of
demonstrations.
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Figure 7: Results on Re-TACRED with different number
of demonstrations.

selection, respectively.

From Figure 5, we find it is important to strike a
balance between semantic and syntactic informa-
tion, as an overly rigid reliance on syntax might
lead to missing out on the flexibility and adaptabil-
ity that semantic information provides. Combining
both aspects can result in a more robust and con-
textually aware retrieval system.

4.5 Analysis of Demonstration Number and
Order

The number and order of demonstration are also an-
alyzed in many previous work when exploring ICL
method. In this paper, we first conduct experiments
with the demonstration number among [2, 4, 8, 16].
The results are shown in Figure 6 and 7. We find
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80
[0 mMax [ min [ Rand
68
56 — P
o
44
32
20
RoBERTa RelCSE SSSS
Method

Figure 9: Results on Re-TACRED with different demon-
stration orders.

the two datasets have similar conclusions, where
our proposed SSSS reaches the best results, and the
performance grows up with more demonstrations.

Then, we further analyze the influence of the
order in demonstration examples. We try three
sequences: random sequence(Rand), most similar
to least similar (Max) and least similar to most
similar (Min). As shown in Figure 8 and 9, we
find that our method is not sensitive to the order
of demonstration examples, showing the method’s
robustness.

5 Related Work

LLM has exhibited strong ICL capabilities by un-
derstanding the task through learning from a small

set of demonstration samples in the context (Dong
et al., 2023; Luo et al., 2024). However, Zhao et al.
(2021) reveals that ICL is unstable: the quality of
LLM outputs is highly influenced by the design of
prompts, and the selection and order of demonstra-
tion samples. In this paper, we focus on improving
ICL from the perspective of enhancing the selection
of demonstration samples.

Existing methods often rely on semantic-based
approaches to find demonstration samples. Some
researchers concentrate on finding samples with
the highest similarity to the test input, where
some common metrics include Euclidean or co-
sine distance (Liu et al., 2022a), mutual informa-
tion (Sorensen et al., 2022), and BM25 (Rubin
et al., 2022; Luo et al., 2023) are proven to be effec-
tive. Zhang et al. (2022) considers sample selection
as a sequential decision problem and addresses it
using a reinforcement learning-based algorithm.
Wu et al. (2023) proposed a method to select sam-
ples that good at losslessly compressing testing
samples based on the theory of compression. Li
and Qiu (2023) proposed a new metric named as
InfoScore, which utilizes LM feedback to assess
the informativeness of a sample. Ye et al. (2023)
trains a sample selection model that adopts the idea
of Determinantal Point Processes (DPPs). Wang
et al. (2023b) leverages LLM to select samples
that closely match the latent topics of the test in-
put. Iter et al. (2023) proposed a method based on
cross-entropy difference for sample selection. In
contrast to these semantic-based approaches, our
work delves into sample selection from a syntactic
perspective, presenting an orthogonal viewpoint.

6 Conclusion

In conclusion, based on our findings that ICL meth-
ods utilizing LLMs exhibit a bias towards sentences
with similar syntactic structures, we propose a sim-
ple yet effective approach: Semantics and Syntax-
based Sentence Selection (SSSS). Our approach
seamlessly integrates semantic and syntactic con-
siderations to enhance the selection of demonstra-
tive sentences, thereby tackling a crucial aspect of
ICL that has been previously underexplored. Exper-
imental results on two sentence-level classification
tasks across three datasets corroborate the effective-
ness of our method.



Limitation

Scaling.  Due to the computing resources, we
only test our method on the open-sourced LLaMA2-
7B and the commercial ChatGPT API. More exper-
iments may be further conducted for verifying the
effectiveness on larger open-source models.

Tasks scope.  We test our method on relation
extraction and classification tasks, while there are
more task variations to explore, such as the pair-
wise textual entailment identifications.
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