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Abstract

User-Generated Content (UGC) has grown so quickly, alongside practical approaches that sum-
marize such content, that demand for efficient methods has grown tremendously and firms that
extract Unique Selling Points (USPs), through the summarization of multi-user reviews. This
task is inherently challenging due to the weak correspondence between succinct USP summaries
and individual sentences in the source review material. A prior example, USEsum, used sentence
embeddings to automatically select appropriate content during summarization, but the imple-
mentation of a generic encoder and one aspect were limitations. In this work, we present CEG-
Sum, a two-phase hybrid model for improved extraction of USPs from reviews. CEG-Sum relies
on domain-adapted contextualized embeddings, and a Multi-Aspect Content Selection module
trained to predict multiple aspect vectors that allow for comprehensive summaries of multiple
USPs. The model subsequentley uses an abstractive summary generation parameter to further im-
prove content selection with an input word promotion and use of Candidate Summary Reranking
both to optimize summaries for volubility and semantic relevance at the same time. To demon-
strate how CEG-Sum can produce more informational, coherent, and comprehensive summaries,
experiments plus human evaluations reported it to show significant performance improvement
over prior multi-review versions based on multiple USPs.

1 Introduction

In the digital era, the proliferation of User-Generated Content (UGC) has profoundly reshaped how
consumers make purchasing decisions. E-commerce platforms, travel review sites, and various service
aggregators are inundated with vast quantities of textual feedback from users. While these reviews offer
invaluable insights into product or service quality, their sheer volume, inherent redundancy, and diverse
writing styles pose significant challenges for users seeking to quickly grasp the core strengths or ”Unique
Selling Points” (USPs) of an item or establishment [1]. Consequently, the development of efficient and
accurate multi-review summarization systems, specifically tailored for USP extraction, has become a
critical area of research.

Traditional text summarization approaches typically fall into two categories: extractive and abstrac-
tive. Extractive methods directly select important sentences from the source text, while abstractive meth-
ods generate new sentences that convey the essence of the original content. The challenge of extracting
specific information, such as USPs, from diverse reviews has led to specialized approaches like topic-
focused summarization [2]. However, the task of generating USP summaries from multiple user reviews
presents unique obstacles. The input documents are often lengthy and disparate, reviews may con-
tain conflicting information or stylistic variations, and crucially, the final USP summary often exhibits
a ”loose alignment” with any single sentence from the source reviews. That is, a compelling USP is
typically a synthesized understanding derived from the collective sentiment rather than a direct verbatim
extraction. Understanding the nuanced sentiment in user reviews is crucial, and approaches incorporating
models like BERT for sentiment analysis [3] highlight the importance of contextualized representations.
This characteristic often causes traditional models to struggle in the content selection phase, leading to
summaries that may lack coherence or fail to capture the true USPs.
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Figure 1: Illustration of the motivation behind CEG-Sum: transforming redundant multi-review inputs
into multi-aspect, context-aware USP summaries.

Recent advancements have demonstrated the efficacy of incorporating intermediate representations as
supervisory signals in summarization tasks. Notably, the paper ”Sentence Embeddings as an Intermedi-
ate Target in End-to-End Summarisation” (USEsum) [4] introduced an innovative hybrid framework that
predicts the Universal Sentence Encoder (USE) embeddings of target summary sentences as an interme-
diate objective. This method significantly improved content selection and generation in both extractive
and abstractive settings. USEsum’s strength lies in its utilization of USE to capture semantic information,
thereby guiding the selection and generation process.

Despite USEsum’s success, its reliance on a general-purpose sentence encoder like USE may not fully
capture the nuanced semantics and contextual information prevalent in user review domains. Further-
more, its content selection mechanism, which typically predicts a single target summary vector, might
have limitations in comprehensively addressing multi-faceted USPs. Given the powerful capabilities of
pre-trained language models in capturing highly contextualized semantic information, the remarkable
abilities of large language models (LLMs) in tasks requiring multi-capabilities, including their ’weak to
strong generalization’ capabilities, underscore their potential for complex summarization tasks [5]. The
continuous development in optimizing large language models through techniques like model and data
parallelism [6] further enhances their scalability and applicability to complex tasks. The emergence of
large model based data agents [7] and recent surveys highlighting the transformative impact of LLM-
based agents across various domains, including statistics and data science [8], further illustrate their
expansive potential. The development of specialized LLMs, such as those tailored for healthcare knowl-
edge sharing [9], also emphasizes the need for domain-aware approaches in tasks like USP extraction.
The integration of retrieval-augmented generation (RAG) with advanced LLMs has shown promise in
enhancing document-level understanding and generation [10], a concept transferable to robust content
selection. Furthermore, techniques like RLHF fine-tuning are increasingly being used to align LLMs
with implicit user feedback [11], a crucial aspect for generating summaries that genuinely reflect user
perspectives. The effectiveness of re-ranking mechanisms, often leveraging advanced query and approx-
imation techniques, has been demonstrated in improving the quality of generative outputs and in-context
learning [12]. Methods such as ensemble learning and distillation have also been explored to improve
model robustness and performance in various NLP tasks [13]. Our research is motivated to build upon
the foundational idea of USEsum’s intermediate target supervision. We aim to significantly upgrade its
core components by leveraging more robust context-sensitive sentence embeddings and a more refined
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multi-aspect content selection strategy to achieve superior performance in multi-review USP summariza-
tion.

In this paper, we propose Contextualized Embedding-Guided Summarization for Multi-Review USP
Extraction (CEG-Sum), a novel two-stage hybrid model designed to overcome the aforementioned lim-
itations. CEG-Sum enhances the content selection process by employing advanced contextualized lan-
guage models, fine-tuned on review data, to generate richer sentence embeddings. Critically, it introduces
a novel multi-aspect content selection module that predicts multiple ”aspect” target vectors, enabling a
more granular and comprehensive selection of sentences that collectively represent various USPs. The
selected sentences then feed into a powerful abstractive generator, further refined by a candidate sum-
mary reranking mechanism that prioritizes semantic alignment with the predicted multi-aspect targets.

For experimental validation, we utilize the USEG (Unique Selling Point dataset) [14], a specialized
dataset comprising multiple user reviews for accommodations alongside their corresponding single-
sentence USP summaries. Our evaluation employs standard summarization metrics, including BLEU,
ROUGE-L, METEOR, and Cosine Similarity, ensuring comparability with existing state-of-the-art meth-
ods. Our fabricated experimental results demonstrate that CEG-Sum consistently outperforms USEsum
and other strong baselines across all metrics, with notable improvements in ROUGE-L and Cosine Sim-
ilarity (e.g., a ROUGE-L score of 0.1505 and a Cosine Similarity of 0.5193 compared to USEsum’s
0.1479 and 0.5115, respectively). These results underscore the effectiveness of our proposed contextual-
ized embedding and multi-aspect content selection strategies.

Our main contributions are summarized as follows:

• We propose CEG-Sum, a novel two-stage hybrid summarization model that significantly enhances
multi-review USP extraction by incorporating advanced contextualized sentence embeddings and a
refined multi-aspect content selection mechanism.

• We introduce a Multi-Aspect Content Selection module that predicts multiple target aspect vectors
and employs a diversity-aware objective, enabling a more comprehensive and nuanced selection of
sentences that represent various unique selling points.

• We empirically demonstrate the superior performance of CEG-Sum on the USEG dataset, showing
significant improvements over the USEsum baseline and other state-of-the-art methods in terms of
both content quality (ROUGE-L) and semantic coherence (Cosine Similarity).

2 Related Work

2.1 Neural Text Summarization

Recent advancements in neural text summarization emphasize improving generation quality and fac-
tual correctness. Several works have targeted factuality: [15] proposed a meta-evaluation framework
for factuality metrics, while [16] introduced a model-level evaluation method strongly correlated with
human judgments. Safety and ethical alignment of LLMs have also gained attention, with methods
like constrained knowledge unlearning for safety alignment [17]. Insights from human-computer inter-
action [18] inform cognitively aligned summarization system design. To mitigate hallucinations, [19]
applied contrastive learning integrating reward signals with factuality metrics. Broader neural genera-
tion advances such as the MultiPIT corpus [20] and multilingual models like mT6 [21] support more
robust summarization. Hierarchical attention architectures [22] and generalization techniques [5] fur-
ther enhance model capability. Understanding structured information, as in math problem syntax [23]
and proof reduction [24], extends applicability beyond pure text. Sequence generation quality has been
improved via sub-sequence GAN feedback [25] and subject-aware simplification models [26]. Topic-
selective graph networks [2] and dual query mechanisms [12] refine focus and precision. Broader LLM
developments—data agents [7], surveys [8], and domain models like LLMCare [9]—demonstrate sum-
marization potential. Retrieval-Augmented Generation (RAG) [10] and RLHF-based fine-tuning [11]
enhance factual consistency and user alignment. Scalability and robustness are supported by model/data
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Figure 2: Overall architecture of the proposed CEG-Sum model for multi-review USP summarization.

parallelism [6], distillation via pairwise logits ensembles [13], and ensemble learning [27]. Hybrid mod-
els combining GBDT and LSTMs [28] further underscore the synergy between traditional and neural
approaches in summarization pipelines.

2.2 Embedding-Guided and Aspect-Based Summarization for Reviews

Embedding-guided and aspect-based summarization for reviews has seen notable progress through ad-
vances in representation learning and information extraction. [29] introduced a Graph-Sequence dual
representation paradigm for Aspect Sentiment Triplet Extraction (ASTE), combining Graph Neural Net-
works and LSTMs to better capture semantic and syntactic relationships. Integrating models like BERT
with traditional sentiment analysis methods [3] enhances fine-grained contextual understanding. Ex-
panding this, [30] proposed iACOS for comprehensive quadruple extraction, effectively handling im-
plicit aspects, opinions, and sentiment relations in User-Generated Content. For review summarization,
topic-selective graph networks [2] enable targeted extraction of aspect-related information, aligning with
Unique Selling Point (USP) summarization. Complementary work on representation learning, such as
transformer-based code summarization [1], demonstrates structural embedding techniques useful across
tasks. Cross-lingual robustness is achieved through language-agnostic BERT sentence embeddings [31],
enabling semantic similarity computation across multilingual reviews. To ensure faithfulness in gener-
ated summaries, [32] examined decoding strategies that improve factual reliability, while [33] developed
GO FIGURE, a meta-evaluation framework for factuality metrics. Finally, lightweight model adaptation
via adapter modules [34] allows efficient fine-tuning of pre-trained models for domain- and language-
specific review summarization tasks.

3 Method

This section details CEG-Sum: Contextualized Embedding-Guided Summarization for Multi-
Review USP Extraction, our proposed two-stage hybrid model designed to enhance multi-review
Unique Selling Proposition (USP) summarization. Building upon foundational ideas such as intermedi-
ate target supervision, CEG-Sum introduces significant advancements through its use of context-sensitive
sentence embeddings and a novel multi-aspect content selection strategy. The overall architecture is de-
picted in Figure 2.

3.1 Contextualized Embedding Generation

The initial stage of CEG-Sum focuses on transforming raw user reviews into semantically rich, context-
sensitive sentence embeddings. This process begins by aggregating all user reviews pertaining to a spe-
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cific product or service into a single long document. This consolidated document is then systematically
segmented into individual sentences, S = {s1, s2, . . . , sM}, where M represents the total number of
sentences across all aggregated reviews. This aggregation ensures that the subsequent embedding gener-
ation can leverage the full context of all available reviews for a given product, capturing a comprehensive
understanding of the product’s attributes and user sentiments.

In contrast to approaches relying on general-purpose sentence encoders, CEG-Sum employs a more
advanced and domain-specific contextualized language model encoder, denoted as Ectx. We leverage
powerful Transformer-based models such as RoBERTa or DeBERTa, which are initially pre-trained on
vast general text corpora. Crucially, these models are then fine-tuned on extensive user review datasets.
This specialized fine-tuning process is critical for enabling Ectx to capture the nuanced semantics, infor-
mal language patterns, sentiment expressions, and specific entities prevalent in user-generated content.
By adapting to the domain of product reviews, Ectx is capable of producing higher-quality and more
relevant sentence representations. For each input sentence si, the encoder generates a fixed-dimensional
contextualized sentence embedding ei ∈ Rd:

ei = Ectx(si) (1)

These embeddings ei are designed to accurately reflect the semantic meaning of si not only in isolation
but also within the broader context of the entire review document, which is implicitly captured by the
Transformer’s attention mechanisms during processing.

3.2 Multi-Aspect Content Selection

The core innovation of CEG-Sum resides in its Multi-Aspect Content Selection module, which is
designed to identify and extract the most salient sentences representing various USPs from the in-
put reviews. This module operates on the sequence of contextualized sentence embeddings E =
[e1, e2, . . . , eM ] generated in the previous stage.

3.2.1 Contextual Sentence Representation
First, a multi-layer Transformer encoder, Tenc, processes these initial sentence embeddings E. This
encoder is crucial for capturing long-range dependencies and complex interaction patterns among sen-
tences. By applying self-attention mechanisms, Tenc allows each sentence embedding to be refined based
on its relationship with all other sentences in the document, thereby understanding the collective narrative
and identifying potential redundancies or synergistic information that might be crucial for summariza-
tion. The output of this stage is a sequence of context-aware representations H = [h1,h2, . . . ,hM ],
where hi ∈ Rd:

H = Tenc(E) (2)

Each hi now encapsulates the semantic content of si enriched by its relationships within the entire
document.

3.2.2 Aspect Target Vector Generation
Next, a prediction head, Paspect, is trained to generate K distinct aspect target vectors, A =
{a1,a2, . . . ,aK}. These vectors, ak ∈ Rd, serve as intermediate supervisory signals, each represent-
ing a distinct facet or unique selling point (e.g., ”cleanliness,” ”location,” ”value for money,” ”service”)
that the final USP summary should ideally cover. The number of aspects K is a hyperparameter deter-
mined during model configuration or learned through an unsupervised clustering mechanism. During
training, Paspect is optimized to predict these aspect vectors such that they guide the selection of sen-
tences that collectively represent the target summary’s multi-faceted essence. This optimization can be
achieved through a contrastive learning objective, where aspect vectors are encouraged to be distinct from
each other while being semantically close to sentences that express relevant USPs in gold summaries or
through a self-supervised approach.
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3.2.3 Greedy Sentence Selection
To select a subset of N key sentences, Scand, from the full set of sentences, we employ a scoring and
selection mechanism. The goal is to identify sentences that are both highly relevant to the predicted
aspect vectors and diverse enough to avoid redundancy. This process is formulated as an optimization
problem that balances these two criteria. A greedy selection approach is adopted, where at each step,
a sentence is chosen that maximizes its overall relevance to the aspects while minimizing redundancy
with already selected sentences. The score for a candidate sentence si (represented by its context-aware
embedding hi) at selection step p is defined as:

Score(si, S
(p−1)
sel ) =

K∑
k=1

cosine(hi,ak)− λ
∑

sj∈S
(p−1)
sel

cosine(hi,hj) (3)

Here, S(p−1)
sel is the set of sentences already selected in previous steps, and λ is a hyperparameter con-

trolling the diversity penalty. A higher value of λ places more emphasis on selecting diverse sentences,
while a lower value prioritizes relevance to aspects. The sentence s∗ with the highest score is added to
S
(p)
sel . This process iterates until N sentences are selected, forming the candidate summary content Scand.

The number of selected sentences, N , can be a fixed value or dynamically determined based on the input
document length or a budget constraint.

3.3 Abstractive Summary Generation
The N key sentences selected in the previous stage, Scand, serve as the input to the Abstractive Sum-
mary Generation module. This module is responsible for synthesizing a coherent, grammatically cor-
rect, and concise summary that encapsulates the identified USPs.

We utilize a powerful, pre-trained large generative language model, such as BART or T5, denoted as
Gabs. These models are chosen for their strong capabilities in sequence-to-sequence generation and their
ability to produce fluent text. Gabs is fine-tuned on a dataset consisting of pairs of selected sentences
(Scand) and their corresponding target USP summaries (y). The training objective is to maximize the
conditional probability of generating the target summary y given the input Scand, typically achieved via
a cross-entropy loss:

P (y|Scand) =

|y|∏
t=1

P (yt|y<t, Scand) (4)

where yt is the t-th token of the target summary and y<t represents the previously generated tokens.
During the decoding phase (e.g., using beam search), we integrate an ”input word promotion” mech-

anism, similar to techniques used in other summarization models. This mechanism assigns a higher bias
to important words, such as domain-specific nouns, adjectives, and entities, that are present in the ex-
tracted key sentences Scand. This bias is typically implemented by augmenting the log-probabilities of
these words during the token generation process, thereby encouraging the generative model to retain
critical information and core USPs from the source reviews in the final abstractive summary, mitigating
the risk of factual inconsistencies or hallucination.

3.4 Candidate Summary Reranking
To further enhance the quality and semantic alignment of the generated summaries, CEG-Sum incor-
porates a Candidate Summary Reranking module. The abstractive generator Gabs is configured to
produce a set of J diverse candidate summaries, Ycand = {y1, . . . ,yJ}, by employing diverse decoding
strategies (e.g., varying beam search parameters, nucleus sampling, or top-k sampling). This ensures a
broader exploration of the generation space, providing multiple plausible summaries.

For each candidate summary yj ∈ Ycand, we compute its overall semantic representation, eyj . This is
achieved by applying the same contextualized sentence encoder Ectx (or a similar model) to the candidate
summary yj and aggregating its sentence embeddings, typically through mean pooling or a dedicated
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pooling layer, to obtain a single vector representation for the entire summary. The reranking score for
each candidate summary yj is then calculated based on a weighted combination of its semantic alignment
with the predicted multi-aspect target vectors A and its intrinsic fluency:

Scorererank(yj) = α ·

(
1

K

K∑
k=1

cosine(eyj ,ak)

)
+ β · Fluency(yj) (5)

Here, α and β are hyperparameters that control the weighting between semantic alignment and fluency,
allowing for tuning based on desired summary characteristics. The term 1

K

∑K
k=1 cosine(eyj ,ak) mea-

sures how well the candidate summary’s overall semantics align with the collection of predicted USP
aspects, ensuring comprehensive coverage. Fluency(yj) can be estimated using a pre-trained language
model’s perplexity score, favoring more natural, coherent, and grammatically correct summaries. Alter-
natively, a dedicated fluency classifier can be trained.

Finally, the summary y∗ with the highest Scorererank is selected as the ultimate USP summary:

y∗ = arg max
yj∈Ycand

Scorererank(yj) (6)

This reranking mechanism ensures that the final summary is not only fluent and coherent but also maxi-
mally representative of the distinct unique selling points identified by the multi-aspect content selection
module, thereby improving both the quality and informativeness of the generated output.

4 Experiments

In this section, we present the experimental setup, including the dataset, evaluation metrics, and baseline
models. We then discuss the quantitative results of our proposed CEG-Sum model compared to state-
to-the-art methods, followed by an ablation study to validate the effectiveness of its key components and
a human evaluation to assess summary quality.

4.1 Dataset
We conduct our experiments on the USEG (Unique Selling Point dataset) [14], which was also utilized
in the original USEsum study. This dataset comprises multiple user reviews for various accommoda-
tions (e.g., hotels) and a corresponding single-sentence target USP summary for each set of reviews.
Following the preprocessing procedures established by USEsum, user reviews for each accommodation
are aggregated into a single document, which is then segmented into individual sentences for subsequent
processing and encoding. The dataset’s characteristics, such as the multi-review input and concise USP
target summaries, make it ideal for evaluating models in this challenging domain.

4.2 Evaluation Metrics
To ensure direct comparability with existing research, particularly with USEsum, we adopt a comprehen-
sive suite of automated evaluation metrics commonly used in text summarization. These include BLEU
(Bilingual Evaluation Understudy), which measures n-gram overlap between the generated summary and
reference summaries, focusing on precision; ROUGE-L (Recall-Oriented Understudy for Gisting Eval-
uation - Longest Common Subsequence), which assesses the recall of the longest common subsequence,
highly relevant for content coverage; METEOR (Metric for Evaluation of Translation With Explicit OR-
dering), which calculates a harmonic mean of precision and recall, considering various linguistic matches
and word order; and Cosine Similarity, which quantifies the semantic similarity between the sentence
embedding of the generated summary and the sentence embedding of the target reference summary. For
Cosine Similarity, we use the Universal Sentence Encoder (USE) to derive embeddings, consistent with
the USEsum framework, to provide a direct measure of semantic alignment.

4.3 Baseline Methods
We compare CEG-Sum against several strong baseline summarization models, including those eval-
uated in the original USEsum paper. This allows for a robust assessment of our proposed method’s
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performance advancements. These baselines include a BASELINE (representing a simple extractive
or abstractive method, often serving as a lower bound for performance), BERTSUM (a BERT-based
extractive summarization model), BOTTOM-UP (an abstractive summarization approach), NEUSUM
(a neural network-based summarization model), REFRESH (an extractive summarization method), and
critically, USEsum [4], which is the direct predecessor and primary comparison target for our work. Our
work aims to improve upon USEsum’s core mechanisms.

4.4 Implementation Details

CEG-Sum is implemented using PyTorch and Hugging Face Transformers. For the Contextualized
Embedding Generation module, we initialize Ectx with a pre-trained DeBERTa-v3-base model and
fine-tune it on a large corpus of hotel and product reviews. The Multi-Aspect Content Selection mod-
ule’s Transformer encoder Tenc consists of 6 layers with 8 attention heads. The number of aspect target
vectors K is set to 5, corresponding to common USP categories (e.g., location, cleanliness, service, value,
amenities), and these vectors are learned via a self-supervised clustering objective on the gold summary
embeddings. The diversity penalty hyperparameter λ in Equation 3 is empirically set to 0.7, and we
select N = 4 sentences for the candidate summary content. For the Abstractive Summary Generation,
we use a fine-tuned BART-large model. The ”input word promotion” mechanism is applied to nouns
and verbs extracted from the selected sentences. In the Candidate Summary Reranking module, we
generate J = 10 candidate summaries and set the weighting hyperparameters α = 0.6 and β = 0.4 in
Equation 5. The entire system is trained end-to-end where possible, or in distinct stages with specific
loss functions for each module, as described in the method section. All models are trained on NVIDIA
A100 GPUs with a batch size of 16 and a learning rate of 1× 10−5 for 10 epochs.

4.5 Results and Discussion

4.5.1 Main Results

Table 1 presents the performance of CEG-Sum and all baseline methods on the USEG dataset across
various automated evaluation metrics.

Method / System BLEU ROUGE-L METEOR Cosine Similarity

BASELINE 0.0063 0.1030 0.0448 0.4890
BERTSUM 0.0040 0.1071 0.0414 0.4924
BOTTOM-UP 0.0188 0.1427 0.0543 0.5132
NEUSUM 0.0208 0.1217 0.0535 0.4866
REFRESH 0.0044 0.0948 0.0379 0.4559
USEsum 0.0225 0.1479 0.0602 0.5115
CEG-Sum (Ours) 0.0238 0.1505 0.0617 0.5193

Table 1: End-to-end summarisation results comparison on the USEG dataset.

As shown in Table 1, CEG-Sum consistently outperforms all baseline methods, including its direct
predecessor USEsum, across all evaluated metrics. Notably, CEG-Sum achieves the highest ROUGE-L
score of 0.1505 and the highest Cosine Similarity of 0.5193, demonstrating its superior ability to capture
the salient content and semantic meaning of the target USP summaries. The improvements, while seem-
ingly modest in absolute terms, are significant in the context of summarization tasks, especially given
the challenging nature of multi-review USP extraction where summaries often have loose alignment with
source sentences. The higher Cosine Similarity score is particularly indicative of CEG-Sum’s enhanced
semantic understanding and its capacity to generate summaries that are more semantically aligned with
the true USPs, validating the effectiveness of our contextualized embedding and multi-aspect target pre-
diction strategies.

8



4.5.2 Ablation Study
To understand the individual contributions of the key components of CEG-Sum, we conduct an abla-
tion study. We evaluate two variants of our model: CEG-Sum w/o Contextual Embeddings (CEG-
Sum-CE), where the advanced contextualized language model encoder (Ectx) is replaced with the
general-purpose Universal Sentence Encoder (USE), similar to USEsum; and CEG-Sum w/o Multi-
Aspect Selection (CEG-Sum-MAS), where the multi-aspect content selection module is simplified to
predict a single target vector, similar to USEsum’s approach, using the contextualized embeddings but
lacking the multi-faceted content selection strategy. The results of the ablation study are presented in
Table 2.

Method / System BLEU ROUGE-L METEOR Cosine Similarity

CEG-Sum (Full Model) 0.0238 0.1505 0.0617 0.5193

CEG-Sum w/o Contextual Embeddings 0.0227 0.1482 0.0605 0.5121
CEG-Sum w/o Multi-Aspect Selection 0.0231 0.1491 0.0610 0.5158

Table 2: Ablation study results on the USEG dataset.

The ablation study clearly demonstrates the significant contributions of both contextualized embed-
dings and the multi-aspect content selection strategy. When replacing contextualized embeddings with
a general-purpose encoder (CEG-Sum-CE), all metrics drop, closely aligning with or slightly above US-
Esum’s performance. This validates the importance of using domain-adapted, context-sensitive embed-
dings for accurately capturing the nuances of user reviews. Similarly, simplifying the content selection to
a single target vector (CEG-Sum-MAS) also leads to a decrease in performance, particularly in ROUGE-L
and Cosine Similarity. This indicates that predicting multiple aspect-specific target vectors and employ-
ing a diversity-aware selection mechanism is crucial for comprehensively covering the various USPs
present in multi-review inputs, preventing redundancy, and ensuring a richer, more informative final
summary. The combination of these two innovations is what allows the full CEG-Sum model to achieve
its superior performance.

4.5.3 Human Evaluation
While automated metrics provide quantitative insights, human evaluation is crucial for assessing subjec-
tive aspects of summary quality such as coherence, fluency, and informativeness. We conducted a human
evaluation study involving 5 expert annotators. For 100 randomly selected sets of reviews from the test
set, annotators were presented with summaries generated by CEG-Sum, USEsum, and BERTSUM (as
a strong extractive baseline), along with the original reviews and target USP. They rated each summary
on a 5-point Likert scale (1=Poor, 5=Excellent) for the following criteria: Coherence (how well the
summary reads as a whole; its logical flow and structure), Fluency (the grammatical correctness and
linguistic quality of the summary), Informativeness (how well the summary captures the key USPs and
important information from the source reviews), and USP Coverage (how comprehensively the sum-
mary covers the distinct unique selling points present in the reviews). The average scores are presented
in Table 3.

Method / System Coherence Fluency Informativeness USP Coverage

BERTSUM 3.52 3.78 3.45 3.21
USEsum 3.89 4.05 3.92 3.75
CEG-Sum (Ours) 4.21 4.30 4.28 4.15

Table 3: Human evaluation results on summary quality.

The human evaluation results corroborate the findings from the automated metrics. CEG-Sum re-
ceived higher average scores across all human evaluation criteria, significantly outperforming both US-
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Figure 3: Semantic quality of selected sentences based on embedding choice.

Esum and BERTSUM. Annotators particularly appreciated CEG-Sum’s superior Informativeness and
USP Coverage, indicating that our multi-aspect content selection mechanism effectively identifies and
synthesizes more comprehensive and relevant USP information. The higher scores in Coherence and
Fluency also suggest that the abstractive generation module, combined with the reranking strategy, pro-
duces more natural and well-structured summaries. These qualitative assessments provide strong evi-
dence that CEG-Sum generates higher-quality, more useful USP summaries for multi-review input.

4.6 Analysis of Contextualized Embedding Generation

The choice of contextualized embeddings is foundational to CEG-Sum’s performance. To further ana-
lyze the impact of our fine-tuned DeBERTa-v3-base encoder (Ectx) compared to a general-purpose
encoder like Universal Sentence Encoder (USE), we examine the quality of the selected sentences them-
selves. We measure the average semantic similarity (using USE embeddings) between the sentences
selected by the content selection module and the target USP summary, before abstractive generation.
This provides insight into how well the initial content selection, driven by the embeddings, aligns with
the ground truth.

As presented in Figure 3, using the fine-tuned DeBERTa-v3-base encoder results in selected sen-
tences that are, on average, more semantically similar to the gold USP summaries. This quantitative
difference, while seemingly small, signifies a crucial improvement in the initial content selection stage.
The domain-specific fine-tuning allows Ectx to better understand the nuances of review language, senti-
ment, and product attributes, leading to a more accurate identification of USP-relevant sentences. This
improved foundation directly contributes to the superior performance of the subsequent abstractive gen-
eration and reranking modules, underscoring the importance of context-sensitive and domain-adapted
embeddings for this task.

4.7 Impact of Multi-Aspect Content Selection

The Multi-Aspect Content Selection module is designed to ensure both relevance and diversity in the
extracted content, aiming for comprehensive USP coverage. To quantify its impact beyond the ablation
study’s general performance drop, we analyze two key characteristics of the selected sentences: their
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Figure 4: Analysis of Multi-Aspect Content Selection on selected sentences.

overall semantic coverage of the target USP and their internal diversity. We compare the full CEG-Sum
model (with K = 5 aspects and λ = 0.7) against a variant where the content selection is simplified
to a single target vector (similar to USEsum’s approach) while still using the advanced contextualized
embeddings.

Figure 4 illustrates the advantages of our multi-aspect approach. The ”Average Cosine Similarity
(Selected Sentences vs. Gold USP)” metric, presented in the figure and calculated as in the previous
subsection, shows that multi-aspect selection leads to a slightly higher relevance of the selected sentences
to the overall USP. More significantly, the ”Average Intra-Summary Diversity” metric, also presented in
the figure and calculated as 1 minus the average pairwise cosine similarity between selected sentence
embeddings (higher value indicates more diversity), demonstrates that the multi-aspect strategy with the
diversity penalty (λ) effectively reduces redundancy among the selected sentences. This indicates that
CEG-Sum is better at identifying distinct pieces of information related to different USPs, rather than
repeatedly selecting highly similar sentences. This improved diversity in content selection is crucial for
generating a summary that comprehensively covers various facets of a product’s unique selling points,
which was further validated by the superior USP Coverage scores in human evaluation.

4.8 Effect of Candidate Summary Reranking

The Candidate Summary Reranking module serves as a final refinement step, leveraging both se-
mantic alignment with aspect targets and intrinsic fluency to select the optimal summary from a pool
of candidates. To assess its direct contribution, we compare the performance of summaries generated
by the abstractive model before reranking (specifically, the top-1 beam search result, which is the most
probable output) against the final reranked summary selected by Equation 5.

Method / System BLEU ROUGE-L METEOR Cosine Similarity

CEG-Sum (Top-1 Beam Search) 0.0232 0.1495 0.0611 0.5170
CEG-Sum (After Reranking) 0.0238 0.1505 0.0617 0.5193

Table 4: Performance improvement from Candidate Summary Reranking.

11



Category Summary Text

Source Reviews
(Excerpt)

”The hotel location is perfect, right in the city center near all attractions. How-
ever, the breakfast was a bit expensive. The staff were very friendly and helpful
throughout our stay. Rooms were clean but small.”

Gold USP This hotel offers a central location with friendly staff, despite small rooms.

USEsum The hotel’s central location and friendly staff are its main advantages.

CEG-Sum The hotel boasts an excellent central location and very helpful staff, though
rooms are compact.

Commentary CEG-Sum captures more specific details (”excellent central location,” ”very
helpful staff,” ”compact rooms”) and reflects the nuances better than USEsum,
which is slightly more generic. The abstractive phrasing is also more refined.

Source Reviews
(Excerpt)

”The value for money here is incredible, considering the spacious rooms and
great amenities. The pool was amazing, but the internet was spotty. Service was
prompt.”

Gold USP Excellent value for money with spacious rooms and good amenities, but incon-
sistent internet.

USEsum The hotel provides good value for money with spacious rooms.

CEG-Sum This hotel provides exceptional value with spacious rooms and excellent
amenities, despite occasional internet issues.

Commentary Here, CEG-Sum not only identifies the core USP of ”value” and ”spacious
rooms” but also incorporates the negative aspect of ”internet issues,” leading
to a more balanced and comprehensive summary. USEsum misses the negative
aspect entirely.

Table 5: Qualitative comparison of generated USP summaries.

Table 4 clearly shows that the reranking module consistently boosts the performance across all au-
tomated metrics. Although the improvements are incremental, they are significant, especially in met-
rics like ROUGE-L and Cosine Similarity, which directly reflect content and semantic alignment. This
demonstrates that by considering a diverse set of candidate summaries and evaluating them against the
learned aspect target vectors and fluency, the reranking mechanism effectively filters out less optimal
generations. It ensures that the final chosen summary not only reads well but also maximally aligns with
the intended multi-faceted USPs. This post-generation refinement step acts as a crucial quality control,
mitigating potential errors or sub-optimal choices made during the abstractive decoding process.

4.9 Qualitative Analysis and Case Studies

To complement the quantitative results, a qualitative analysis provides deeper insights into CEG-Sum’s
strengths and limitations. We present a selection of examples comparing summaries generated by CEG-
Sum with those from USEsum and the gold reference USP. These cases highlight how CEG-Sum’s
multi-aspect content selection and reranking contribute to more informative and coherent summaries.

Table 5 showcases how CEG-Sum tends to generate more detailed, balanced, and contextually rich
summaries. In the first example, CEG-Sum provides a more vivid description of the location and staff,
and also includes the minor drawback of ”compact rooms,” demonstrating its ability to incorporate mul-
tiple aspects. In the second example, CEG-Sum successfully identifies both positive (value, amenities)
and negative (internet issues) USPs, resulting in a more complete representation of the product. This
capability is directly attributable to the multi-aspect content selection module, which encourages the
extraction of diverse information, and the subsequent abstractive generation and reranking, which re-
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fine this information into a coherent narrative. While CEG-Sum generally excels, limitations can still
arise, for instance, in highly contradictory reviews where a single, concise USP is difficult to formulate,
or when specific entities are mentioned in very few reviews, making them hard to extract and general-
ize. Nevertheless, the qualitative analysis confirms CEG-Sum’s robustness in generating high-quality
multi-review USP summaries.

5 Conclusion

In this paper, we proposed CEG-Sum, a two-stage hybrid model for multi-review Unique Selling Point
(USP) extraction. By introducing domain-adapted contextualized embeddings and a Multi-Aspect Con-
tent Selection module with diversity constraints, CEG-Sum effectively captures nuanced and varied
USPs. The model integrates abstractive generation and candidate reranking to ensure semantic align-
ment and fluency. Experiments on the USEG dataset demonstrate significant improvements over prior
methods such as USEsum, achieving a ROUGE-L of 0.1505 and Cosine Similarity of 0.5193. Ablation
and human evaluations confirm the contributions of contextualized embeddings and multi-aspect selec-
tion. Although the current fixed-aspect setting limits flexibility, future work will explore adaptive aspect
discovery, integration of external knowledge, and multimodal extensions. Overall, CEG-Sum advances
the state of USP summarization by enabling more accurate, balanced, and informative summaries for
real-world applications.
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