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Abstract

Recent advancements in Natural Language Pro-
cessing (NLP) have allowed systems to address
complex tasks involving cultural knowledge,
multi-step reasoning, and inference. While sig-
nificant progress has been made in text summa-
rization guided by specific instructions or stylis-
tic cues, the integration of pragmatic aspects
like communicative intentions remains under-
explored, particularly in non-English languages.
This study emphasizes communicative inten-
tions as central to summary generation, clas-
sifying Spanish product reviews by intent and
using prompt engineering to produce intention-
aligned summaries. Results indicate challenges
for large language models (LLMs) in process-
ing extensive document clusters, with summa-
rization accuracy heavily dependent on prior
model exposure to similar intentions. Common
intentions such as complimenting and criticiz-
ing are reliably handled, whereas less frequent
ones like promising or questioning pose greater
difficulties. These findings suggest that inte-
grating communicative intentions into summa-
rization tasks can significantly enhance sum-
mary relevance and clarity, thereby improving
user experience in product review analysis.

1 Introduction

A central objective of Natural Language Pro-
cessing (NLP) is to develop automatic systems
that emulate human-like language understanding
and production (Chowdhary, 2020). Yet, cur-
rent models—particularly Large Language Mod-
els (LLMs)—often neglect complex yet essential
pragmatic dimensions crucial for authentic commu-
nication. The NLP community has acknowledged
this limitation and is increasingly investigating how
pragmatic phenomena, especially communicative
intentions, shape both the interpretation of mes-
sages and the linguistic choices made to convey
those intentions—an aspect vital for Natural Lan-

guage Generation (NLG) tasks such as text summa-
rization (Khurana et al., 2023; Fried et al., 2023).

Although communicative intentions are central
to language structuring, their integration into gen-
erative systems for NLG tasks remains underex-
plored. This is especially evident in text summa-
rization, where intentionality is key to ensuring
coherence between the source text and its sum-
mary. Despite its importance, limited efforts have
addressed this aspect—particularly in languages
beyond English. This study examines how well var-
ious LLMs incorporate communicative intentions
in multi-document summarization using Spanish
product reviews. By applying prompt engineer-
ing techniques and automatic intent classification,
we assess whether the generated summaries reflect
the communicative goals present in the original
reviews.

Overall, the main contributions of this paper are:

• Automatic intention classification in a Spanish
reviews corpus.

• Comparative analysis of prompt engineering
strategies for intention-driven summary gen-
eration.

• Comparative evaluation of generative models
for intention-aligned text summarization.

• Application of sentence similarity metrics to
evaluate alignment between generated sum-
maries and communicative intentions deter-
mined in prompts.

The remainder of the paper is organized as fol-
lows: Section 2 reviews research on integrating
communicative intentions in generative systems.
Section 3 details the Spanish corpus, intentions
tested, LLMs evaluated, and prompts used to guide
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intention-aligned summary generation. Then, Sec-
tion 4 shows the intention-aligned summary gener-
ation task results and some features of adequately
and inadequately generated summaries. The sen-
tence similarity evaluation methodology used to
compare the alignment between summaries and
original review excerpts is outlined in Section 5.
Finally, Section 6 summarizes key findings future
research directions to further incorporate pragmatic
phenomena into language generation tasks.

2 Related Work

In NLP, the pragmatic layer has often been over-
looked in favor of lower linguistic levels such as
syntax and semantics, largely due to its inherent
complexity and reliance on contextual cues for
meaning interpretation (Levinson, 2017). Within
pragmatics, communicative intentions are espe-
cially vital, shaping both message formulation and
comprehension (Ghosal et al., 2021). Their sig-
nificance has been extensively examined through
various theoretical frameworks and taxonomies by
scholars such as Austin (1962); Searle (1969); Hall-
iday and Hasan (1986); Sperber and Wilson (1986);
Archer et al. (2008); Bach (2012); Escandell Vidal
et al. (2020).

Communicative intentions are increasingly rec-
ognized as essential in NLP, particularly for NLG,
where they guide linguistic choices to convey spe-
cific meanings. Recent advances in LLMs have
strengthened their ability to handle complex tasks
involving multi-step reasoning and inference (Dong
et al., 2022). A prominent example is Automatic
Text Summarization (ATS) (El-Kassas et al., 2021),
which condenses large volumes of text—such as
news, medical, or product reviews—into concise,
contextually appropriate summaries. This is espe-
cially critical in abstractive summarization, which
rephrases key information to generate novel, suc-
cinct outputs (Mridha et al., 2021).

Recent advances in generative systems have led
to novel ATS approaches that integrate pragmatic
features such as style (Goyal et al., 2022), polarity
(Amoudi et al., 2022), and vocabulary (Balde et al.,
2024). Yet, incorporating communicative inten-
tions—crucial for generating contextually appropri-
ate and purposeful summaries—remains an emerg-
ing area. Notable efforts include summarizing app
reviews based on categorized intentions (Di Sorbo
et al., 2016), leveraging semantic-intent graphs in
multilingual summarization (Wang et al., 2019),

and generating intention-aligned summaries for
health queries (Zhang and Liu, 2022) and code de-
scriptions (Geng et al., 2024). Despite this progress,
no prior work has addressed intention-based sum-
marization in Spanish.

3 Experimental Setup

Multi-document summarization is gaining promi-
nence in NLP as users increasingly face large vol-
umes of online content when searching for topic-
specific information (Ma et al., 2022). This cre-
ates a growing need for systems that can generate
concise, user-tailored summaries. In this study, re-
views within each product category are aggregated
into unified texts to evaluate intent-driven summary
generation across multiple LLMs, chosen for their
ability to handle long-context inputs encompassing
all relevant review content.

Figure 1 illustrates the procedural steps for auto-
matically generating summaries according to spe-
cific communicative intentions. The subsequent
sections detail the dataset’s characteristics, the
targeted communicative intents, model selection,
and the design of prompts for interacting effec-
tively with these models when generating intention-
aligned review summaries.

PRODUCT REVIEWS

PROMPTS

COMMUNICATIVE
INTENTIONS

Suggestion
Personal opinion
Question
Threat
Sarcasm / joke
Emotional

Informative
Command
Praise
Criticism
Desire
Promise
Request

GPT-4o
LLaMA-3.1
Mistral-v0.3

Phi3.5

SUMMARIES WITH
INTENTION x

GENERATIVE
MODELS

No
explanation

Explained Chain-of-
thought

Figure 1: Experimental setup to generate intention-
aligned summaries of product reviews in Spanish.

3.1 Spanish dataset
This study evaluates intention-aligned summary
generation in Spanish, requiring a dataset with
texts that reflect diverse communicative intentions



739

suitable for a fine-grained taxonomy. After sur-
veying available corpora, we selected product re-
views for their rich variety of intentions—such as
descriptions, suggestions, opinions, praise, criti-
cism, threats, or sarcasm. Specifically, we used the
SFU Review Corpus (Taboada and Grieve, 2004),
which contains 400 reviews from the Ciao.es1 fo-
rum across categories like cars, hotels, washing ma-
chines, mobile phones, and computers.2 Each cate-
gory includes 50 reviews, merged into a single doc-
ument for summarization. These consolidated re-
views were then used to generate intention-aligned
summaries as described in the following section.
We excluded three categories—books, music, and
films—because their aggregated reviews exceeded
the input limits of some LLMs (over 100 000 char-
acters), rendering them incompatible.

3.2 Intention taxonomy

As discussed in Section 2, many taxonomies of
communicative intentions have been proposed,
though often with limited applicability to real-
world scenarios (Ma et al., 2025). Given that our
dataset stems from computer-mediated communi-
cation (CMC)—which encompasses digital textual
genres found online—, we adopted the taxonomy
by Maestre et al. (2025), which defines 13 intention
categories suited to CMC contexts: “suggestion”,
“personal opinion”, “question”, “threat”, “sarcasm
/ joke”, “emotional”, “informative”, “command”,
“praise”, “criticism”, “desire”, “promise”, and “re-
quest”. We believe these categories effectively cap-
ture the variety of intentions in our review cor-
pus. Moreover, the absence of certain intentions in
the original texts provides a useful lens to assess
whether LLMs appropriately reflect this absence
or introduce hallucinated content when prompted
to include specific intentions in the generated sum-
maries.

3.3 Generative models

The selection of LLMs evaluated in this summariza-
tion task was influenced by the necessity for a wide
context window capable of processing extensive
integrated reviews from a product category into a
single document. Consequently, four LLMs were
chosen: GPT-4o (Achiam et al., 2023), LLaMA-
3.1-8B (Touvron et al., 2023), Mistral-7B-Instruct-

1Link to the website no longer available.
2Corpus available at: https://www.sfu.ca/

˜mtaboada/SFU_Review_Corpus.html (Last
accessed 22 May 2025)

v0.3 (Jiang et al., 2023), and Phi3.5-3.8B (Abdin
et al., 2024). This selection ensures diversity by in-
corporating both proprietary and open-source mod-
els capable of handling lengthy contextual inputs
required for summarization tasks.

More concretely, GPT-4o was selected due to
its demonstrated capabilities across various NLP
tasks, as extensively validated by existing research
(Qin et al., 2023; Amin et al., 2023; Hariri, 2023).
It was accessed via OpenAI’s online interface.3

The remaining models—LLaMA-3, Mistral, and
Phi3.5—were evaluated using the Ollama plat-
form,4 an optimized local tool facilitating inter-
action with open-source LLMs through Python,
thus simplifying their configuration according to
specific research objectives.

Interaction with the models included in Ollama
utilized a client-server setup, configured with a
maximum context length of 33 000 tokens, suffi-
cient for the unified review documents. Prompts
used to guide summary generation were externally
loaded based on the communicative intention and
the prompt type chosen to generate each sum-
mary, employing an iterative process for generating
intention-aligned summaries across the different
product categories. Detailed descriptions of the
prompt types employed in this research are pro-
vided in the subsequent section.

3.4 Prompt engineering techniques

To incorporate communicative intentions into au-
tomatic summary generation by LLMs, this study
employed prompt engineering—a technique involv-
ing carefully designed and refined instructions that
guide model interactions to better fulfill specific
tasks (Marvin et al., 2023). Prompt engineering
is widely regarded in the research community as
critical for effectively leveraging LLM capabilities
in different tasks (Sahoo et al., 2024).

This study evaluates LLMs’ ability to gener-
ate summaries of product reviews that align with
specific communicative intentions, focusing on
whether relevant excerpts are accurately identified
and represented. To this end, prompts were crafted
to include the target intention, the set of reviews
for analysis, and stylistic and formatting guidelines.
As shown in Figure 2, three prompt versions were
developed,5 differing in the level of detail provided.

3https://chat.openai.com/
4Ollama can be downloaded local through their GitHub

website: https://github.com/ollama/ollama.
5Prompts were originally written in Spanish. We translated

https://www.sfu.ca/~mtaboada/SFU_Review_Corpus.html
https://www.sfu.ca/~mtaboada/SFU_Review_Corpus.html
https://chat.openai.com/
https://github.com/ollama/ollama
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These variations aim to assess whether LLMs can
infer Spanish pragmatic cues or require explicit in-
structions to effectively detect and reproduce com-
municative intentions.

From now on you are a
linguistics expert on text

summarization. 
You will now see a set of product

reviews in Spanish. 
You have to generate a general

summary of these reviews based
on the textual excerpts that
reflect the intention [______].
The intention [______] is used

to[______].
Do not paraphrase any excerpt

literally. 
Focus on the intention [______]

they convey and generate a
general summary.

CHAIN-OF-THOUGHT
PROMPT

EXPLAINED PROMPT
 NO EXPLANATION

PROMPT 

From now on you are a
linguistics expert on text

summarization. 
You will now see a set of

product reviews in Spanish.
First, read the reviews and

extract the textual excerpt that
convey the intention [______].

Take into account that intention
[______] is used to [______].

Then, make a plan to merge
those excerpts conveying the

intention [______] in a summary.
Finally, generate a summary of

the reviews based on the
excerpts with the intention

[______] without paraphrasing
them.

[Reviews texts][Reviews texts][Reviews texts]

From now on you are a
linguistics expert on text

summarization. 
You will now see a set of

product reviews in Spanish. 
You have to generate a general

summary of these reviews
based on the textual excerpts

that reflect the intention
[______]. 

Do not paraphrase any excerpt
literally. 

Focus on the intention [______]
they convey and generate a

general summary.

Figure 2: Prompts created to generate review summaries
according to each intention category.

The three distinct prompt variations created ini-
tially state the task and specify the intention the
summary should convey. These prompts differ in
the amount of explanatory information provided
to define the communicative intention. The first
variation, “no explanation prompt”, includes only
the intention’s name, testing the extent to which
LLMs inherently understand and recognize com-
municative intentions without additional context.
The second, “explained prompt”, provides explicit
definitions derived from the intention taxonomy
used in this study. The third version employs the
“chain-of-thought” (CoT)(Wei et al., 2022) prompt-
ing strategy, which has demonstrated significant
effectiveness across various NLP tasks (Yu et al.,
2023) requiring complex reasoning, as it instructs
LLMs through intermediate reasoning steps to ful-
fill the task accurately.

An extensive review of recent studies on CoT
prompting (Wei et al., 2022; Crispino et al., 2023;
Li et al., 2024; Wang et al., 2023) informed the
selection of a suitable prompt structure. Particu-
larly, the “plan-and-solve” strategy by Wang et al.
(2023), which explicitly instructs models to reflect
on tasks and develop a structured approach, was
considered highly appropriate. This approach in-
volves initially extracting relevant excerpts aligned
with specified summary requirements, a method
previously validated with successful results by Gao
et al. (2020) and Wu et al. (2024). Thus, we divided
the prompt in different reasoning steps, these being:
identifying the determined intention in the original

them into English for clarity.

texts, selecting relevant textual excerpts that con-
vey that intention, and generating intention-aligned
summaries.

4 Review Summary Generation

Following the methodology outlined in the previ-
ous section, we generated a total of 780 review
summaries (13 intentions × 4 LLMs × 3 prompt
techniques × 5 product categories). All origi-
nal product category reviews, along with their
intention-specific summaries, the LLMs employed,
and the prompts used in this study, are available in
the following repository: https://github.com/

Maria3mmm/Intent_Summ_Es-
During summary generation, a qualitative anal-

ysis was conducted to evaluate the alignment of
communicative intentions between the generated
summaries and the original reviews. This analysis
aimed to identify which intentions were effectively
captured by generative models, following the inten-
tion categories defined for this study.

Table 1 illustrates an example where summaries
generated by Mistral-v0.3 and LLaMA-3.1 models
for computers and mobile phone reviews failed to
convey the specified “promise” intention. Instead
of accurately including excerpts such as “I promise
I would never try to buy again a product form this
brand” or “This mobile should be fast-responding
but I swear it’s just not good” that match the in-
tention requested in the prompt and were explic-
itly stated in original reviews, these summaries
predominantly focused on product descriptions or
sentiment-related features, indicating a closer align-
ment with sentiment classification tasks rather than
the intention-aligned generation task.

Then, the results presented in Table 2 illustrate
examples where the summaries generated by Phi3.5
and GPT-4o successfully align with the commu-
nicative intention of “praise” found in hotel and
computer product reviews. Both models accurately
highlighted positive user feedback, with GPT-4o
notably acknowledging that despite prevalent neg-
ative comments, positive remarks still exist and
subsequently enumerating them. This outcome
aligns precisely with the objectives of the intention-
aligned summarization experiment. The authors at-
tribute this accuracy partially to the extensive prior
exposure these models have had to datasets involv-
ing positive and negative sentiments, stemming
from sentiment analysis being a well-established
NLP research area, thus providing a strong founda-

https://github.com/Maria3mmm/Intent_Summ_Es
https://github.com/Maria3mmm/Intent_Summ_Es
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Summary excerpt of mobile
reviews with “no explanation”
prompt generated by Mistral-v0.3

Summary excerpt of hotel reviews
with “explained” prompt gener-
ated by LLaMA-3.1

The Motorola C261 is a mid-range
mobile phone with interesting fea-
tures and a design you won’t for-
get. Although its price is relatively
high, it offers a wide range of capa-
bilities, making it a highly recom-
mended purchase if you’re looking
for a very complete and high-quality
mobile phone. The Motorola C261
is a fully-featured PDA (and mobile
phone), featuring a 2.8-inch screen
with a resolution of 320x240 pixels,
a 520 MHz Intel XScale processor,
and the Windows Mobile 5 system.”

After reviewing the comments on
various hotels in Madrid, I can sum-
marize the main problems found as
follows. 1-Room quality: Many
hotels have small, outdated rooms
lacking basic comforts.2. Service
issues: Some hotels offer poor re-
ception services, with staff that can
be unfriendly or inefficient. [...]
However, there are also positive
reviews highlighting (1) Location:
Many hotels are conveniently lo-
cated near tourist attractions with
easy access to public transportation.
(2) Staff: Some hotels have friendly
and attentive personnel who enhance
the traveler’s experience. [...]

Table 1: Inaccurate summaries generated for “promise”
intention.

tion for addressing newer tasks such as intention-
driven summary generation.

Summary excerpt of hotel re-
views with “no explanation”
prompt generated by Phi3.5

Summary excerpt of computer reviews
with “no explanation” prompt gener-
ated by GPT-4o

The generalized summaries of
praise intentions based on re-
views highlight a consistent
recommendation for a hotel
located next to the Congreso
de los Diputados and close to
Gran Vı́a, offering amenities
such as proximity to Madrid’s
cultural center, diverse restau-
rants, and entertainment op-
tions. Guests particularly
praise its excellent value for
money and modern facilities
within a hotel context not yet
fully renovated at that time
(2007), [...]

The analysis of the reviews mainly high-
lights negative criticisms towards differ-
ent computer brands. However, focusing
on the few positive mentions, the follow-
ing aspects stand out: (1) Value for money
in certain models: Some users appreci-
ate computers offering reasonable speci-
fications at affordable prices, suitable for
basic home or business tasks. (2) Good
technical support experiences in some
cases: Although negative feedback pre-
dominates, there were isolated mentions
of quick and efficient technical support
that successfully resolved specific issues,
such as replacing defective components.
[...]

Table 2: Accurate summaries generated for “praise” in-
tention.

After manually analyzing summaries generated
according to the thirteen communicative intentions
defined for this study, distinct patterns emerged
regarding which intentions were accurately or in-
accurately conveyed by the LLMs. Intentions such
as “question”, “threat”, “promise”, “desire”, “re-
quest”, “sarcasm / joke”, and “command” generally
presented greater challenges for accurate summary
generation, irrespective of the model used. Sum-
maries for these intentions often involved adapta-
tions of original reviews that artificially reflected
the stated intention rather than accurately identify-
ing and reproducing the intention as originally ex-
pressed. In other words, the models frequently hal-
lucinated by rewriting texts to reflect an intended
message instead of extracting authentic intention-

driven sentences from the original reviews that
were manually identified when reviewing the sum-
maries and their respective reviews. Additionally,
models often confused intention categories when
a particular intention was absent from the original
reviews, consequently defaulting to summarizing
reviews based on easily identifiable intentions, bas-
ing on those related to polarity, such as “praise”,
“criticism” or “suggestion”.

Based on the previous observations, certain in-
tention categories such as “suggestion”, “praise”,
“emotional”, and “criticism” were effectively con-
veyed in the generated summaries. These inten-
tions are closely associated with user-generated
product reviews, where texts typically recommend
or dissuade the use of a particular product or ser-
vice. Consequently, excerpts reflecting these inten-
tions frequently appear in original texts. The high
accuracy of summaries capturing these intentions
may also be attributed to the extensive exposure
of LLMs to related linguistic expressions, notably
in sentiment and polarity analysis tasks. Indeed,
LLMs can precisely enumerate emotions and sen-
timents present in reviews, even without explicit
prompting, due to their familiarity with such ana-
lytical tasks.

Then, the intentions “personal opinion” and “in-
formative” present mixed results, with summaries
occasionally accurately reflecting these intentions
and other times failing to do so clearly. This incon-
sistency often arises from the tendency of LLMs
to interpret both intentions similarly, particularly
when using the “no explanation” prompt, which
does not explicitly provide a definition to differen-
tiate them. Consequently, generated summaries for
these intentions often resemble each other closely,
typically focusing on the advantages and disad-
vantages of the reviewed products without distinct
intentional differentiation.

5 Intention-aligned Summary Evaluation

In addition to the previous qualitative analysis of
summaries generated by four language models, a
more rigorous evaluation was necessary to pre-
cisely assess each model’s performance and the
prompt strategies employed for the 13 predefined
communicative intentions. For this purpose, the
study utilized two variants of the cosine similarity
metric to measure semantic similarity. The ratio-
nale behind this approach is that summaries aligned
with specific intentions should include excerpts
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from the original texts expressing those same inten-
tions, thereby displaying similar linguistic features.

The evaluation method, illustrated in Figure 3,
involves first automatically segmenting the origi-
nal reviews at the sentence level for each product
category. Subsequently, these sentences are clas-
sified according to their communicative intention
using GPT-4o. Finally, sentences sharing the same
intention are grouped and semantically compared
with summaries generated by each language model
and prompt strategy for the same intention through
cosine similarity and BERT-based similarity met-
rics. Detailed descriptions of each evaluation step
are provided in the subsequent subsections.

5.1 Text segmentation and intention
classification

The evaluation began by segmenting each product
review text (from a set of 50 reviews per prod-
uct) into individual sentences, using Spacy’s “Sen-
tencizer” library6 specifically adapted for Spanish.
Subsequently, these sentence segments were clas-
sified according to their communicative intentions
using the GPT-4o model, chosen due to its demon-
strated high accuracy (0.84 F1 score) in classify-
ing Spanish communicative intentions as reported
by Maestre et al. (2025). However, the inherent
error rate in this classification model was acknowl-
edged, implying a slight mismatch between some
sentences’ real intentions and their classification,
potentially influencing sentence similarity test out-
comes in some cases.

After classifying the sentences by intention, seg-
ments corresponding to each of the 13 predefined
communicative intentions were grouped. In this
manner, for each set of reviews regarding a prod-
uct category, these groups of sentences formed the
evaluation sets for comparing the original product
reviews with the summaries automatically gener-
ated by the LLMs according to matching commu-
nicative intentions.

5.2 Sentence similarity test

The final evaluation step involved calculating the
semantic similarity between sentences from the
original reviews grouped by communicative inten-
tions and the automatically-generated summaries
aligned to the same intentions. To this end, cosine
similarity was calculated by measuring the similar-
ity between the vectors of the sentences set from

6https://spacy.io/api/sentencizer

the original texts that convey the same intention as
the generated summary. The obtained values can
be between 0 and 1, where 0 would entail that there
is no similarity between both texts and 1 that both
texts are identical (Park et al., 2020).

The cosine similarity formula is expressed as
follows:

sim(A,B) =
A ·B

∥A∥∥B∥

where A and B are the vectors of the original set
of sentences and the automatic summary. The con-
version of both texts into embeddings to get the
vectors required for the formula was done with the
model “sentence similarity spanish es”,7 specifi-
cally optimized for the task of semantic similarity
between texts.

Additionally, a more comprehensive evaluation
was conducted by calculating the same cosine sim-
ilarity based on the model BERT with the BERT
Similarity metric. The difference between this met-
ric and the previous version is that in the BERT
version, vectors are generated with BERT based
on the “evaluate” library available in the Hugging
Face platform.8

The cosine similarity formula based on BERT is
expressed as follows (Bingi and Yin, 2023):

BERT sim(A,B) =
BERT (A) ·BERT (B)

∥BERT (A)∥∥BERT (B)∥

where A and B are the vectors created by BERT
from the original product review sentences aligned
with a specific intention and the automatically-
generated summary with that same intention.

With these two versions of the cosine similarity
metric, we aimed at assessing how effectively inten-
tional similarity between original review sentences
and their intention-aligned automatic summaries
can be measured. Additionally, these metrics fa-
cilitate evaluating which combinations of prompts
and models most accurately generate summaries
that reflect the communicative intentions present in
the original reviews, as detailed in the subsequent
subsection.

5.3 Compared results
When analyzing the semantic similarity between
original sentences from reviews across different

7https://huggingface.co/hiiamsid/
sentence_similarity_spanish_es

8https://huggingface.co/docs/evaluate/
v0.4.0/en/index

https://spacy.io/api/sentencizer
https://huggingface.co/hiiamsid/sentence_similarity_spanish_es
https://huggingface.co/hiiamsid/sentence_similarity_spanish_es
https://huggingface.co/docs/evaluate/v0.4.0/en/index
https://huggingface.co/docs/evaluate/v0.4.0/en/index
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informative

suggestion

promise

praise

question

promise

promise

promise

promise

promise

PROMISE
SUMMARY

1. Sentence-level segmentation
of the review set

cos (    ) = a · b
|a| |b|

2. Automatic intention
classification of each segment.

3. Segment gathering according to their
intentions and  calculation of cosine and

BERT similarity with the automatically
generated summary.

Figure 3: Proposed methodology to calculate sentence similarity between original review excerpts and summaries
according to their intention.

product categories and their corresponding gener-
ated summaries, we evaluated the impact of each
LLM and the specific prompts designed for the
intention-aligned generation task. Figures 4 and 5
illustrate statistical outcomes from the two versions
of semantic similarity metrics—sentence similar-
ity and BERT similarity—across the four selected
LLMs and the 13 predefined communicative inten-
tions determined for this study.

personal opinion

command

informative

request

Prompt chain-of-thought

emotional

question

praise

promise

Explained prompt

desire

criticism

sarcasm / joke

suggestion

threat
1

No explanation prompt

0 0.2 0.4 0.6 0.8

GPT-4o sentence_similarity

(a) GPT-4o

personal opinion

command

informative

request

Prompt chain-of-thought

emotional

question

praise

promise

Explained prompt

desire

criticism

sarcasm / joke

suggestion

threat
1

No explanation prompt

0 0.2 0.4 0.6 0.8

LLaMA-3.1 sentence_similarity

(b) LLaMA-3.1

personal opinion

command

informative

request

Prompt chain-of-thought

emotional

question

praise

promise

Explained prompt

desire

criticism

sarcasm / joke

suggestion

threat
1

No explanation prompt

0 0.2 0.4 0.6 0.8

Mistral-v0.3 sentence_similarity

(c) Mistral-v0.3

personal opinion

command

informative

request

Prompt chain-of-thought

emotional

question

praise

promise

Explained prompt

desire

criticism

sarcasm / joke

suggestion

threat
1

No explanation prompt

0 0.2 0.4 0.6 0.8

Phi3.5 sentence_similarity

(d) Phi3.5

Figure 4: Results for the sentence similarity metric with
the four LLMs.

A notable initial observation is the significant dif-
ference between the two metric types. The BERT
similarity results appear surprisingly uniform, con-
trasting with the sentence similarity outcomes, es-
pecially given that prior qualitative analyses high-
lighted distinct variations in intention alignment
depending on the targeted communicative inten-
tion.

Focusing on the sentence similarity results pre-
sented in Figure 4, which align more closely with
findings from the manual qualitative assessment,
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Figure 5: Results for the BERT similarity metric with
the four LLMs.

we compare the alignment effectiveness of each
model concerning the thirteen intentions and the
three prompts used. GPT-4o achieves high similar-
ity scores primarily for the intentions “personal
opinion”, “informative”, and “praise” predomi-
nantly when using the CoT prompt. Similarly,
LLaMA-3.1 attains comparable similarity scores
for these intentions; however, performance across
the three prompts appears more uniform, suggest-
ing this model’s relative insensitivity to prompt
variations. Phi3.5 demonstrates even greater in-
difference to prompt types, with the “no explana-
tion” prompt occasionally yielding higher similar-
ity scores for intentions such as “praise” and “infor-
mative”. Nonetheless, intentions like “promise”
and “desire” consistently yield lower similarity
scores across all models, as previously detected
in the manual revision, indicating either their lower
representation in the original reviews or increased
complexity in identification by the LLMs. Lastly,
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Mistral-v0.3 benefits significantly from both the
CoT and “no explanation” prompts, occasion-
ally matching GPT-4o’s performance (using the
CoT prompt) in intentions like “suggestion” and
“praise”, and surpassing LLaMA-3.1 for “personal
opinion”.

6 Conclusions and Future Work

This paper introduces an analytical approach to
summarizing product reviews to check up to which
point LLMs are capable of aligning the intentions
of the original reviews to their respective sum-
maries when specific intentions are requested. This
pragmatic approach aims to capture crucial as-
pects of reviews, thus enhancing the relevance
and comprehensiveness of the summaries. The
experiment highlighted the challenges posed by
extensive prompts, particularly those involving 50
reviews across various product categories, which
strain generative models’ processing capabilities.
Despite these difficulties, addressing such exten-
sive datasets remains valuable due to the practical
necessity of summarizing vast amounts of reviews
on different types of websites to provide users with
concise but complete summaries on the information
they want to consult.

A significant challenge identified is contamina-
tion from opinion and sentiment analysis tasks,
commonly associated with product review corpora.
This influence was repeatedly observed during the
qualitative analysis of this research, as generative
models often defaulted to summarizing positive and
negative sentiments, neglecting explicitly defined
communicative intentions. Indeed, the evaluation
based on semantic similarity—using sentence simi-
larity and BERT models—demonstrated that inten-
tions related to opinion analysis (criticism, praise,
personal opinion, suggestions) are more effectively
identified.

Additionally, generative models showed limita-
tions in reasoning capabilities, resulting in sum-
maries with irrelevant content, exclusive focus on
single product models, multilingual summaries, or
even entirely fabricated reviews, as can be con-
sulted in the repository published with all the gen-
erated summaries. These phenomena underscore
the persistent gap in models’ comprehension and
their tendency toward hallucination.

A future line of research could be improving
models’ awareness of which communicative inten-
tions may be absent from the input data, recom-

mending explanations of why a summary cannot
be generated in alignment with a specific inten-
tion if it has no representation in the original text
to avoid misleading users. Furthermore, the re-
search underlines the critical role of prompts and
highlights the effectiveness of employing a chain-
of-thought strategy, which significantly improves
task performance for some intentions and models.
Testing some other prompting strategies could also
be extended in future research to compare further
results on how to best communicate with LLMs
when addressing this pragmatic-based generation
task.
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