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Abstract

MULTI-SOURCE OPINION SUMMARIZATION (M-
OS) extends beyond traditional opinion summa-
rization by incorporating additional sources of
product metadata such as descriptions, key
features, specifications, and ratings,
alongside reviews. This integration results
in comprehensive summaries that capture both
subjective opinions and objective product at-
tributes essential for informed decision-making.
While Large Language Models (LLMs) have
shown significant success in various Natural
Language Processing (NLP) tasks, their po-
tential in M-OS remains largely unexplored.
Additionally, the lack of evaluation datasets
for this task has impeded further advance-
ments. To bridge this gap, we introduce M-OS-
EVAL, a benchmark dataset for evaluating multi-
source opinion summaries across 7 key dimen-
sions: fluency, coherence, relevance, faith-
fulness, aspect coverage, sentiment con-
sistency, specificity. Our results demon-
strate that M-OS significantly enhances user
engagement, as evidenced by a user study in
which, on average, 87% of participants pre-
ferred M-OS over opinion summaries. Our ex-
periments demonstrate that factually enriched
summaries enhance user engagement. Notably,
M-OS-PROMPTS exhibit stronger alignment
with human judgment, achieving an average
Spearman correlation of p = 0.74, which sur-
passes the performance of previous methodolo-
gies.

1 Introduction

Customer reviews, while crucial for e-commerce
decisions, present challenges due to their over-
whelming volume. Traditional opinion summa-
rization approaches (Wang and Ling, 2016; Chu
and Liu, 2019; BraZinskas et al., 2020a) generate
concise summaries but rely solely on user reviews,
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Opinion Summary

The racquet is highly praised for its lightweight design and powerful per-
formance, particularly in smashes, making it ideal for both offensive and
defensive play. Many users recommend it for intermediate to advanced
players, especially those on a budget. The head-heavy design boosts power
while ensuring easy movement, with durable military-grade carbon con-
struction. Some users note minor drawbacks, such as a smaller grip size,
which can easily be adjusted with external grips. However, one customer
reported receiving a damaged racquet with no replacement policy. The
racquet offers excellent performance, durability, and a lightweight design.

Multi-Source Opinion Summary

The Li-Ning G-Force Racquet is designed for advanced players prioritizing
speed and precision. Crafted from Japanese Ultra-Carbon Graphite, it
ensures exceptional strength and rigidity, preventing frame deformation.
The UHB Shaft designed using player data, optimizes smash performance,
while the oval 53.5 sq/in head size and G2 grip (9.52 cm) provide control
and maneuverability. The Aero Tec Beam System reduces air resistance
while preserving frame integrity, and the Dynamic Optimum Frame de-
sign boosts bounce strength for powerful smashes. Weighing only 79g with
a head-heavy balance, it excels in both offensive and defensive play. At
26.7 inches tall with a 7 mm beam width, it delivers top-tier performance.
With an average rating of 4.2, users praise its durability, though some
recommend external grips. Despite a rare issue with a broken racquet, it
remains a top choice for players seeking precision and power.

Table 1: Opinion Summary vs. Multi-Source Opinion
Summary (M-OS) by GPT-4o0 for a Li-Ning Badminton
Racquet. While the opinion summary from reviews
alone provides subjective feedback, the M-OS inte-
grates product metadata with reviews to deliver a com-
prehensive overview. This eliminates manual metadata
parsing while maintaining balanced product coverage.
Boldface indicates technical specifications absent in the
opinion summary.

missing valuable product information from other
sources.

We introduce Multi-Source Opinion Summariza-
tion (M-OS), which integrates reviews with prod-
uct descriptions, specifications, and ratings to cre-
ate comprehensive summaries. M-OS combines
subjective user experiences with objective product
attributes to facilitate informed decision-making.
As demonstrated in Table 1, M-OS enriches sum-
maries by incorporating technical specifications
and product descriptions, enabling precise product
comparisons - a key advantage over review-only ap-
proaches that often lack detailed attributes. M-OS
addresses decision fatigue and information over-
load by synthesizing diverse product data to deliver
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comprehensive, relevant summaries. This stream-
lined approach reduces cognitive load and enhances
user satisfaction by providing actionable insights
without requiring manual metadata parsing.

LLMs have emerged as effective reference-free
evaluators for NLG tasks (Fu et al., 2023a; Chi-
ang and Lee, 2023a,c; Wang et al., 2023; Kocmi
and Federmann, 2023), addressing the limitations
of traditional metrics like ROUGE (Lin, 2004a)
and BERTSCORE (Zhang et al., 2019) which corre-
late poorly with human judgments (Shen and Wan,
2023). Given the high costs of reference datasets
and the inadequacy of conventional metrics for
multi-source opinion summaries, LLM-based eval-
uation offers a scalable solution. We present M-
OS-EVAL, a reference-free evaluation dataset for
multi-source opinion summarization that assesses
summaries across 7 dimensions through two frame-
works: OMNI-PROMPT, a dimension-independent
prompt, and SPECTRA-PROMPTS, a dimension-
dependent prompt set.

To address this need, we present M-OS-EVAL,
a benchmark dataset for evaluating M-OS across

7 key dimensions: fluency, coherence, rele-
vance, faithfulness, aspect coverage, sen-
timent consistency, specificity. We pro-

pose two novel evaluation frameworks: OMNI-
PROMPT, which enables metric-independent as-
sessment, and SPECTRA-PROMPTS, which facili-
tates metric-dependent evaluation across all 7 di-
mensions. Our work represents the first prompt-
based evaluation method for M-OS, incorporating
both closed-source and open-source models to ad-
vance LLM-based evaluation in this domain.

¢ M-OS: MULTI-SOURCE OPINION SUMMA-
RIZATION (OR SUMMARY).

¢ M-OS-GEN: MULTI-SOURCE OPINION SUM-
MARY GENERATION.

* M-OS-EVAL: MULTI-SOURCE OPINION SUM-
MARY EVALUATION.

Our contributions are:

1. M-OS: We advance multi-source opinion
summarization by using LLMs to generate
comprehensive summaries that integrate prod-
uct metadata (title, description, key features,
specifications, rating) with customer reviews.

Unlike MEDOS (Siledar et al., 2024b), M-
OS dynamically synthesizes unified sum-
maries that present essential product informa-
tion upfront, eliminating the need for users
to parse metadata separately. Our user study
shows that 87% of participants on average
found multi-source summaries more compre-
hensive than opinion summaries (Section 7)

2. M-OS-DATA: A novel dataset of 25,000
unique products across diverse categories,
each with comprehensive metadata, enabling
robust training and for multi-source opinion
summarization and query-focused tasks (Sec-
tion 4.1).

3. M-OS-Eval: A comprehensive evaluation
benchmark comprising 4, 900 summary anno-
tations across 7 key dimensions: fluency, co-
herence, relevance, faithfulness, aspect
coverage, sentiment consistency, speci-
ficity, for thorough assessment of multi-
source opinion summaries (Section 4.2).

4. M-OS-PROMPTS': We introduce OMNI-
PROMPT for metric-independent assess-
ment and SPECTRA-PROMPTS for metric-
dependent evaluation across aforementioned 7
dimensions. This represents the first prompt-
based method for assessing multi-source opin-
ion summarization and evaluating various
open-source LLMs in this domain (Section
3).

5. Benchmarking of 14 recent LLMS (closed
and open-source) on the aforementioned 7 di-
mensions for the task of multi-source opin-
ion summarization, which to the best of our
knowledge is first of its kind (Table 5, Section
6).

6. We compare four open-source LLMs against a
closed-source (GPT-40) LLM for automatic
M-OS evaluation across 7 dimensions. Our
analysis reveals M-OS-PROMPTS as an effec-
tive alternative, achieving strong alignment
with human assessment (average Spearman
correlation: 0.74) (Table 7, Section 6).

2 Related Work

Opinion summarization has evolved from extrac-
tive methods (Erkan and Radev, 2004; Kim et al.,

"https://github.com/yourarnav/M-OS
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Figure 1: Pipeline for our M-OS study. The generation model (LLMg.,) generates M-OS using product metadata,
guided by the (M-OS-GEN-PROMPT). Summaries are then assessed in parallel by human annotators and an
evaluation model (LLM,y,) following the (M-OS-EVAL-PROMPT). Finally, we compute the correlation

between human and LLM scores.

2011) to neural-based approaches (BraZinskas
et al., 2020a; Amplayo and Lapata, 2020a), with
various specialized directions emerging. For aspect-
specific summarization, Angelidis et al. (2021)
employed VQ-VAE (van den Oord et al., 2017),
while Amplayo et al. (2021) introduced abstractive
approaches using MIL. Self-supervised methods
were advanced by Brazinskas et al. (2020b) us-
ing pseudo-summary pairs, enhanced by Amplayo
and Lapata (2020b) with noisy variations and El-
sahar et al. (2021) with TF-IDF similarity-based
selection. Large-scale processing was addressed
by Bhaskar et al. (2023) using GPT-3.5 (Ope-
nAl, 2023) prompting, Jiang et al. (2023b) with
sentiment-aware sampling, and Muddu et al. (2024)
through XL-OPSUMM. Multi-source approaches
emerged with (Zhao and Chaturvedi, 2020) utiliz-
ing product descriptions, (Li et al., 2020) develop-
ing supervised multimodal methods, and Siledar
et al. (2024b) introducing a structured approach
with reviews, descriptions, and Q&A pairs. While
these methods advanced the field, they typically
overlook comprehensive product metadata. Our
work differs by leveraging LLMs’ extended context
lengths to incorporate complete product specifica-
tions, generating comprehensive summaries that
eliminate the need for manual navigation through
product information. We extend beyond Siledar
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et al. (2024b) by including detailed specifications
and descriptions, providing users with complete
product insights in a single, unified summary.

LLM-based Evaluators Traditional metrics like
ROUGE (Lin, 2004a), BLEU (Papineni et al., 2002)
and BERTSCORE (Zhang et al., 2019) correlate
poorly with human judgments (Shen and Wan,
2023). LLM-based evaluation provides a cost-
effective solution for large-scale reference-based
datasets, including Chain of Thought approaches
(Liu et al., 2023a; Wei et al., 2023), reference-
free evaluation (Chiang and Lee, 2023b), and other
methods (Fu et al., 2023a; Chiang and Lee, 2023a,c;
Wang et al., 2023; Kocmi and Federmann, 2023).
Siledar et al. (2024a) proposed two prompt strate-
gies for opinion summarization. We leverage
LLMs as evaluators for reference-free M-OS as-
sessment.

3 Methodology

Our methodology is centered around the develop-
ment of M-OS-PROMPTS, which facilitate both the
generation and evaluation of M-OS, as illustrated
in (Figure 1).



DIMENSION M-OS-PROMPTS BASELINE-PROMPTS

Evaluation Pro- Enforces structured, step-by-step evaluation (e.g., Relies on generic, holistic instructions (e.g., “check
cess list aspects — count errors — calculate percentages). for fluency issues”).

Error Handling Requires systematic error identification and sever- Uses subjective judgments (e.g., “significant er-

ity classification through structured evaluation steps.

Scoring Criteria

1; 21-50%: Score 2).
Reasoning Depth

by-step analysis.

Role Assignment

Anchored to quantitative thresholds (e.g., percent-
age ranges defined in the prompt e.g., 0-20%: Score

Mimics human reasoning via detailed prompts
(800+ words) with explicit logic chains guiding step-

Assigns explicit expert evaluator role via system mes-
sage to enhance model reasoning capabilities

rors”).

Depends on qualitative labels (e.g., “covers most
aspects”).

Uses shorter, high-level prompts (~400 words)
lacking step-by-step guidance.

No explicit role assignment in prompt structure

Table 2: Comparison of our M-OS-EVAL prompts with baseline prompts. Our prompts introduce structured,
step-by-step evaluation processes with quantitative scoring criteria, specifically adapted for the multi-source context
where both objective specifications and subjective reviews must be verified.

3.1 M-OS-GEN-PROMPT (Summary

Generation Prompt)

The M-OS-GEN-PROMPT guides LLMs to cre-
ate summaries by synthesizing information from
various product attributes, including the product
title, description, key features, specifications, cus-
tomer reviews, and average ratings. By integrating
these diverse data sources, the prompt ensures that
summaries provide a comprehensive perspective,
balancing subjective customer opinions with objec-
tive product details. See Appendices H and C.1
for the M-OS-PROMPT and its design principles,
respectively.

3.2 M-OS-EVAL-PROMPTS (Summary
Evaluation Prompts)

The M-OS-EVAL-PROMPTS guide evaluation of
M-OS, structured to assess 7 dimensions: flu-
ency, coherence, relevance, faithfulness, as-
pect coverage, sentiment consistency and
specificity (Check Appendix A for metric def-
inition). Each prompt has four core components
for thorough evaluation across open-source and
closed-source LLMs:

(1) System Message: Defines the LLM’s role as a
specialized evaluator, providing clear context for
the evaluation task.

(2) Task Description: Outlines the specific evalu-
ation task, which involves assessing a multi-source
opinion summary against product metadata (includ-
ing title, description, key features, specifications,
reviews, and average rating).
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Metric Dependent Prompt Metric Independent Prompt

System Message
N System Message

ihe LLM as a specialize

Task Description -~
Task Description

Evaluation Step
e LM must take to
he described task

Figure 2: Two prompting strategies. Left: SPECTRA-
PROMPTS (metric-dependent) uses dimension-specific
prompts tailored for each evaluation criterion. Right:
OMNI-PROMPT (metric-independent) employs a mod-
ular architecture where only the metric component
changes while maintaining consistent structure across
all dimensions. Both approaches build on (Siledar et al.,
2024a) with enhanced structured reasoning.

(3) Evaluation Criteria: Defines the criteria
for the task. For multi-source opinion summary
evaluation, the LLM assigns a score (1 — 5) based
on how well the summary adheres to a specific
metric or dimension.

(4) Evaluation Step: Provides the LLM with a
detailed, step-by-step guide to complete the evalua-
tion, ensuring consistency and thoroughness.

For M-OS-EVAL-PROMPTS design principles,
refer to Appendix C.2.

M-OS-EVAL Prompting Approaches Building
on Siledar et al. (2024a), we develop two M-OS
evaluation approaches as illustrated in (Figure 2).
Table 2 presents a detailed comparison of our M-



OS-EVAL prompts with the baseline prompts, high-
lighting key enhancements in evaluation structure,
scoring criteria, and reasoning depth. For detailed
graphical visualization, refer to Appendix G.

OMNI-PROMPT (universal prompt for compre-
hensive cross-dimensional evaluation) represents
our metric-independent evaluation approach with a
modular architecture. While maintaining a con-
sistent framework of Task Description, Evalua-
tion Criteria, and Evaluation Steps, it introduces a
flexible "Metric’ component for dynamic modifi-
cation. This enables universal applicability—the
same structure evaluates any dimension by redefin-
ing the Metric’ component while ensuring method-
ological consistency.

SPECTRA-PROMPTS (prompts for nuanced,
criterion-specific analysis) comprises dimension-
specific evaluation prompts, each engineered for
one of the 7 evaluation dimensions with special-
ized criteria and assessment guidelines guidelines.
While requiring deeper expertise in evaluation and
prompt engineering, it offers unparalleled precision
in dimension-specific assessment. These prompts
operate independently to capture unique dimen-
sional nuances but cannot be repurposed across
dimensions.

Our evaluation compares these approaches with
Op-I-PROMPT and OP-PROMPTS, the current
state-of-the-art in prompt-based summary evalu-
ation. Notably, the full M-OS-EVAL PROMPT and
its design principles are codified in Appendices I
and C.2, respectively.

3.3 Scoring Function

Liu et al. (2023a) proposed a weighted average ap-
proach to address discrete LLM scoring limitations.
The final score is computed as:

0= "p(si) x st

k=1

D

where sy, are possible scores and p(sy) their LLM-
determined probabilities. p(sg) is estimated by
sampling n outputs (n ~ 100) per input, effec-
tively reducing scoring to a mean calculation. This
method aims to enhance scoring nuance and reli-
ability by addressing the inherent uncertainty in
LLM outputs. By incorporating this approach, the
scoring process captures the subtleties of LLM eval-
uations more effectively, mitigating the limitations
of single-point estimates.
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3.4 Evaluation Approach

For each product p; in dataset D, i € {1, ..., Q},
we have N’ M-OS from different models. Let s;;
denote the j** M-OS for product p;, M,,, denote
the m!" evaluation metric and XC denote the corre-
lation measure. Bhandari et al. (2020) defines the
summary-level correlation as:

R(a,b) = 1 D K (Ma(si1)s ooy Ma(sind)],
Q&

(Mi(si1), s Mu(sin)])  (2)

Where: Q is the total number of products s;; is the
M-OS generated for product p; by model j M,
and M, are two different evaluation metrics.

4 Dataset
We describe the datasets used in our study as:

4.1 M-OS-DATA (Product Metadata Dataset)

M-OS-DATA is a new proprietary dataset compris-
ing products across diverse domains (electronics,
home & kitchen, sports, clothing, shoes & jewelry,
among others.). Each entry contains comprehen-
sive metadata: title, description, key features, speci-
fications, reviews, and average rating. Statistics are
presented in Table 3. The dataset was developed
through a formal collaboration between our Uni-
versity lab and a major e-commerce company. The
data collection process was rigorous, senior data
scientists curated the dataset using automated qual-
ity filters and manual verification to ensure data
authenticity, completeness, and real-world appli-
cability. Each product entry underwent multiple
validation checks for correctness of specifications,
coherence of reviews, and overall data quality. This
meticulous curation process ensures the dataset’s
reliability for M-OS task.

Statistic Value
# of unique queries 7752
Total # of products 23256
Average # of reviews per product 10
Average length of specifications per product (words)  242.6
Average length of reviews per product (words) 17.99
Average length of description per product (words) 105.79
Average length of key features per product (words) 24.64
Table 3: M-OS-DATA dataset statistics. Unique

queries refer to distinct user search terms.



Round-IT Round-II 1

fluency 0.73 0.88
coherence 0.67 0.82
relevance 0.69 0.85
faithfulness 0.79 0.91
aspect coverage 0.77 0.89
sentiment consistency 0.66 0.86
specificity 0.61 0.84
AVG 0.70 0.86

Table 4: Inter-rater agreement scores for Round-I
and Round-II across 7 dimensions. An improvement in
agreement scores is observed in Round-II.

4.2 M-0OS-Eval (Evaluation Benchmark
Dataset)

We developed M-OS-Eval to evaluate summaries
across 7 dimensions defined in Appendix A. The
dataset includes 14 model-generated summaries
per product for 50 products from the M-OS-DATA
test set, resulting in 14, 700 total ratings (3 raters
x 50 products x 14 summaries x 7 dimensions).
Three experienced raters (Master’s, Pre-Doctoral,
Doctoral) evaluated each summary on a 5-point
Likert scale.

Expert raters were chosen over crowd workers
based on (Gillick and Liu, 2010) and (Fabbri et al.,
2021), who demonstrated that expert annotations
are superior for mitigating quality concerns. Like
(Fabbri et al., 2021), we conducted two rounds of
evaluation; in Round II, ratings differing by 2 or
more points were re-evaluated through discussion
until discrepancies were reduced to 1 point or less.

Our raters, male students aged 24 — 32, had
relevant publications or active research in opin-
ion summarization or are working in the opinion
summarization domain. They received appropri-
ate stipends. To avoid bias, model identities were
undisclosed.

4.3 Annotation Analysis

We measured inter-rater agreement using Krippen-
dorff’s alpha coefficient (o) (Krippendorff, 2011).
Round-I achieved o« = 0.70 (moderate: 0.61 <
a < 0.80), while Round-II reached o = 0.86 (sub-
stantial: 0.81 < o < 1.00). Table 4 presents
dimension-wise scores. faithfulness and aspect
coverage showed highest agreement across rounds.
faithfulness’s high agreement stemmed from veri-
fiable product metadata, while aspect coverage’s
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strength came from cross-examination of reviews
and major aspects. coherence and specificity
had lower Round-I agreement due to subjective
narrative assessment and detailed product informa-
tion. relevance improved from moderate to sub-
stantial agreement in Round-II through comprehen-
sive guidelines that standardized importance assess-
ment across product metadata.sentiment consis-
tency maintained steady agreement across rounds,
reflecting effective criteria for sentiment alignment
between summaries and reviews. fluency showed
stable agreement, indicating clear consensus on
linguistic assessment. The improved overall agree-
ment from Round-I to Round-1II validates our eval-
uation framework’s robustness across dimensions.

5 Experiments

Our evaluation comprises two components:

5.1 M-OS-GEN (Summary generation)

Below is the description of Model Selection and
Categorization.

Task-specific models: While models like
MeanSum (Chu and Liu, 2019), CopyCat (Brazin-
skas et al., 2020c), and OpinionDigest (Suhara
et al., 2020) perform well for standard opinion sum-
marization with limited reviews, they cannot pro-
cess the structured product metadata required for
M-OS. Trained on smaller, review-only datasets,
these models lack the ability to effectively handle
diverse product metadata, often resulting in hallu-
cinations, and were therefore excluded from our
experiments. In contrast, LLMs excel at generating
coherent summaries that integrate both reviews and
product specifications, consistently earning prefer-
ence from human evaluators.

Task-Agnostic Models: Pre-trained models
like BART-1arge (Lewis et al., 2019), T5-1arge
(Raffel et al.,, 2023), and PEGASUS-large
(Zhang et al., 2020a) have limited context
windows (BART-large: 1024, T5: 512-1024,
PEGASUS-large: 4,096 tokens), leading to trun-
cation of critical product metadata. Unlike these
models, LLMs’ larger context windows and autore-
gressive nature enable comprehensive summaries
that coherently integrate technical specifications
with user experience. Consequently, these methods
are methodologically misaligned and irrelevant as
baselines for our study.



LLMs: We evaluated models in a zero-shot set-
ting, as few-shot prompting requires significant
human effort and is sensitive to example selection
(Wan et al., 2023). The complete list of models is
provided in (Appendix E).

5.2 M-OS-EVAL (Summary evaluation)

Baselines: Traditional metrics like ROUGE (1,2,L)
(Lin, 2004b), BERTSCORE (Zhang et al., 2020b),
and BARTSCORE (Yuan et al., 2021) were omit-
ted due to weak correlation with human judg-
ments and limited evaluation capabilities (Shen
and Wan, 2023). Recently, LLMs have been used
as reference-free evaluators for NLG outputs (Fu
et al., 2023b; Liu et al., 2023b). We employed
4 open-source LLLMs and GPT-4o0 (closed-source)
as baselines to assess M-OS across 7 dimensions
(Refer Appendix F.2 for implementation details).

Model FL 1
4.95
4.96
493
4.66
4.02
4.93
495
495
4.95
491
495

cot

4.15
4.07
41
3.87
333
405
422
419
4.18
411
421
4.26
4.26
42

AC T
40
383
3.96
37
346
388
403
378
388
375
401
408
4.1
38

FA 1
4.1
401
4.08
4.03
3.86
4.1
4.15
4.04
401 399
398 392
403 4
408 404
408 41
396 391

RL 1

4.0
3.92
3.97
3.86
3.63
3.96
4.02
3.97

SC 1

4.11
4.02
3.97
372
3.24
3.87
4.0
4.0
3.92
3.82
4.05
4.05
4.0
4.0

SP

3.56
3.00
345
294
27
32
381
3.18
344
3.07
3.51
3.58
378
2.98

AVG 1

4.124
3.973
4.066
3.826
3.463
3.999
4.169
4.016
4.053
3.937
4.109
4.149
4.186
3.971

Mistral-7B-Instruct-ve.3
Meta-Llama-3.1-8B-Instruct
Mistral-7B-Instruct-ve.2
gemma-7b-it

vicuna-7b-v1.5
zephyr-7b-beta

GPT 40

Gemma-2-9b-it
Mistral-Small-Instruct-2409
Mixtral-8x7B-Instruct-ve.1
Qwen2.5-7B-Instruct
Qwen2.5-32B-Instruct 495
Qwen2.5-72B-Instruct 4.98
Meta-Llama-3.1-70B-Instruct 4.95

Table 5: Model-wise averaged annotator ratings

of M-OS along 7 dimensions: FL (fluency),
CO (coherence), FA (faithfulness), RE
(relevance), AC (aspect coverage), SC (sentiment
consistency), SP (specificity). Best scores are in
bold, second-best are underlined.

6 Results and Analysis

We analyze two aspects: (1) LLMs’ summary gen-
eration performance (M-OS-GEN) and (2) LLMs
as summary evaluators (M-OS-EVAL).

6.1 Model Performance for M-OS Generation

Table 5 summarizes M-OS-Gen model evaluations,
showing average annotator ratings across 7 dimen-
sions for 14 models, demonstrating how model size
and architectural differences influence M-OS per-
formance.

Overall Performance Analysis Among all mod-
els, Qwen2.5-72B-Instruct achieves the highest
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overall rating (4.186), followed by GPT-40 (4.169)
and Qwen2.5-32B-Instruct (4.149). Across di-
mensions, models show consistent excellence in
fluency but varied performance in specificity,
indicating that while models can generate gram-
matically correct summaries, they differ in their
ability to provide detailed, precise product informa-
tion.

Model Size Impact We observe a clear cor-
relation between model size and performance.
Larger models demonstrate superior perfor-
mance in generating coherent and comprehen-
sive summaries. Qwen2.5-72B-Instruct and
Meta-Llama-3.1-7@0B-Instruct leverage their
extensive parameters to capture nuanced rela-
tionships in product metadata. In contrast,
vicuna-7b-v1.5 struggles particularly with co-
herence and specificity, especially for prod-
ucts with extensive specifications spanning hun-
dreds of words. Similarly, gemma-7b-it and
gemma-2-9b-it fall short in aspect coverage and
faithfulness compared to larger models.

Open-Source vs. Proprietary Models Open-
source models have shown remarkable progress,
with Mistral-7B-Instruct-v@. 3 achieving com-
petitive performance against GPT-40. While
GPT-40 maintains slight advantages in coher-
ence and faithfulness, the diminishing gap
demonstrates the viability of open-source alterna-
tives for resource-constrained settings. Notably,
Qwen2.5-72B-Instruct’s superior performance
over GPT-4o challenges the conventional assump-
tion about closed-source model superiority.

The Qwen Family Performance The Qwen
family, particularly Qwen2.5-72B-Instruct and
Qwen2.5-32B-Instruct, excels across all dimen-
sions. Interestingly, Qwen2.5-7B-Instruct shows
strong performance despite its smaller size, partic-
ularly in faithfulness and relevance, indicating
that careful tuning can partially compensate for
model size limitations.

6.2 LLMs as M-OS Evaluators

Table 6 and 7 demonstrate the evaluation capabili-
ties of LLMs.

OP-PROMPTS vs. SPECTRA-PROMPTS. The
results, summarized in Table 6, present summary-
level correlations for various models evaluated



Evaluator LLM FL 1 CO 1 FA 1 RE 1 AC 1T SC1 SP 1

P T P T P T P T P T P T P T

OP-LLAMA-3.1-8B-INSTRUCT 0.59 0.52 0.61 041 0.61 0.46 0.57 0.44 058 041 0.68 0.59 0.64 0.47
SPECTRA-LLAMA-3.1-8B-INSTRUCT 0.62 0.50  0.59 0.47  0.60 0.42 0.60 046 0.60 042 0.69 0.57 0.63 0.49
OP-MISTRAL-7B-INSTRUCT-V0.2 0.58 0.50 0.67 0.50 0.61 0.46 0.68 054 0.58 0.39 0.67 0.59 0.60 043
5 SPECTRA-MISTRAL-7B-INSTRUCT-V0.2  0.61 046 068 0.50 0.77% 0.63* 0.60 043 0.68 0.57 0.67 0.55 0.54 0.67
é OP-MISTRAL-7B-INSTRUCT-V0.3 037 029 0.60 051 068 057 052 041 059 044 059 047 050 0.49
8' SPECTRA-MISTRAL-7B-INSTRUCT-V0.3  0.40 0.30 0.60 0.50 0.60 0.43 0.61 0.48 0.67 0.50 0.67 0.55 0.54 0.67
EI OP-LLAMA-3.1-70B-INSTRUCT 0.68 0.50  0.67 0.50 0.61 0.46 0.68 054 0.58 0.39 0.67 059 0.60 043
SPECTRA-LLAMA-3.1-70B-INSTRUCT 0.77* 0.61* 0.68 0.48 0.72 0.61 0.67 0.57 0.71 0.52 0.59 0.49 0.61 0.82
Op-GPT 40 0.63 050 0.62 055 068 057 0.68 0.57 0.69 054 0.67 055 0.67 0.48
SPECTRA-GPT 40 0.70 0.56 0.68 0.50 0.77* 0.63* 0.73* 0.65* 0.73 0.54 0.67 046 0.65 0.57

Table 6: Summary-level Spearman (p) and Kendall Tau (7) correlations between LLM evaluator scores and
human judgments across 7 evaluation dimensions for the M-OS-DATA dataset, comparing OP-PROMPTS and
SPECTRA-PROMPTS approaches. FL (fluency), CO (coherence), FA (faithfulness), RE (relevance), AC
(aspect coverage), SC (sentiment consistency), SP (specificity). Best performing values are boldfaced,
and second best are underlined. * represents significant performance (p-value < 0.05).

Evaluator LLM FL 1 CO 7t FA 1 RE 1 AC 1 SC 1t SP 1
P T P T P T P T P T P T P T
OP-I-LLAMA-3.1-8B-INSTRUCT 0.57 049 0.60 050 060 043 061 048 0.67 0.50 0.67 0.55 0.54 0.67
OMNI-LLAMA-3.1-8B-INSTRUCT 0.62 050 059 047 060 042 060 046 0.60 0.42 0.69 0.57 0.63 0.49
OP-I-MISTRAL-7B-INSTRUCT-V0.2 0.62 042 067 050 063 048 068 054 058 0.50 0.67 059 0.62 043
ﬁ OMNI-MISTRAL-7B-INSTRUCT-v0.2  0.67  0.50 0.67 0.55 0.68 0.57 0.68 0.57 0.69 0.54 0.67 0.55 0.67 0.48
E OP-I-MISTRAL-7B-INSTRUCT-V0.3 059 052 061 041 061 046 057 044 058 0.50 0.68 0.59 0.64 047
8’ OMNI-MISTRAL-7B-INSTRUCT-V0.3  0.58  0.50 0.67 0.50 0.61 0.46 068 054 067 0.55 0.60 0.43 0.60 0.43
E. OP-1-LLAMA-3.1-70B-INSTRUCT 0.68 050 067 050 0.73 059 078 0.64 0.67 0.57 0.67 0.46 0.65 0.57
OMNI-LLAMA-3.1-70B-INSTRUCT 0.70 0.56 0.68 0.55 0.77" 0.63* 0.73 0.65 0.71 0.54 0.67 046 0.61 0.82
Op-1-GPT 40 0.69 053 067 0.61 068 057 079 056 0.71 0.54 0.67 0.55 0.67 0.48
OMNI-GPT 40 0.76* 0.59* 0.72 061 0.77* 0.63* 0.82* 0.65* 074 0.62 0.68 0.46 0.66 0.46

Table 7: Summary-level Spearman (p) and Kendall Tau (T) correlations between LLLM evaluator scores and
human judgments across 7 evaluation dimensions for the M-OS-DATA dataset, comparing OP-I-PROMPT and
OMNI-PROMPT approaches.FL (fluency), CO (coherence), FA (faithfulness), RE (relevance), AC (aspect
coverage), SC (sentiment consistency), SP (specificity). Best performing values are boldfaced, and second
best are underlined. * represents significant performance (p-value < 0.05).

using metric-dependent prompts on the M-OS-  effectiveness of our metric-independent prompting
DATA dataset. Overall, SPECTRA-GPT-40  strategy.
achieves the best performance with an average
Spearman correlation of 0.70 across all dimensions,  pimension-wise Analysis: For metric-
followed by SPECTRA-LLAMA-3.1-70B-INSTRUCT  gependent  evaluation, ~ SPECTRA-GPT-40
(0.68) and SPECTRA-MISTRAL-7B-INSTRUCT-V0.2  ghows significant improvements in faithfulness
(0.65).  Notably, SPECTRA-PROMPTS consis-  and relevance, while for metric-independent
tently outperform OP-PROMPTS across all LLMs  eyaluation, OMNI-GPT-40 achieves significant
acting as evaluators, demonstrating the effective- gains in fluency, faithfulness, and relevance.
ness of dimension-specific prompting strategies. Both prompting strategies demonstrate strong
performance in faithfulness and relevance.
OpP-I-PROMPT vs. OMNI-PROMPT. The re-  Additionally, aspect coverage evaluation shows
sults, summarized in Table 7, present summary-  competitive performance across model sizes,
level correlations for various models evaluated  highlighting the effectiveness of structured
using metric-independent prompts on the M-OS- prompting.
DATA dataset. Omni-Prompt with GPT-40 as the
backbone achieves the strongest performance with ~ Closed vs. Open-Source Models: While pro-
an average Spearman correlation of 0.74 across  prietary models like GPT-4o show stronger align-
all dimensions, followed by OMNI-LLAMA-3.1-  ment with human judgments, open-source alterna-
70B-INSTRUCT (0.70) and OMNI-MISTRAL-7B-  tives like Llama-3.1-70B-Instruct and Mistral-
INSTRUCT-V0.2 (0.68). Notably, OMNI-PROMPT  7B-Instruct-v@.2 demonstrate competitive per-
consistently outperforms OP-I-PROMPT across  formance, indicating their viability for resource-
all LLMs acting as evaluators, demonstrating the  constrained environments. However, smaller mod-
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els like Llama-3.1-8B-Instruct underestimate
scores while Mistral-7B-Instruct-v@. 3 inflates
them, reducing human judgment correlations.

Comparative Analysis of Prompting Strategies.
Our detailed analysis of model responses between
our proposed approaches (SPECTRA-PROMPTS
and Omni-Prompt) and baseline approaches (OP-
PROMPTS and OP-I-PROMPT) reveals two key
findings across both metric-dependent and metric-
independent evaluations: (/) baseline prompts
show score inflation compared to our approaches,
and (2) our structured prompting enforces rigor-
ous evaluation through identifying summary el-
ements, conducting systematic analysis, and de-
termining scores using defined percentage ranges,
while baseline approaches’ less structured method-
ology leads to score overestimation. Evaluator
Model responses are provided in Appendix J and
K.

7 User Study: M-OS Effectiveness

We conducted a user study with 300 participants
(aged 18 — 50) to evaluate the quality of sum-
maries generated by the top-Performing model,
Qwen2.5-72B-Instruct (Table 5). Participants
compared 4 pairs of summaries: M-OS vs. tradi-
tional opinion-summary method. To eliminate bias,
the summaries were neutrally labeled as "Summary
1" and "Summary 2". On average, participants pre-
ferred M-OS summaries 87 % of the time across
five evaluation criteria, highlighting both the theo-
retical soundness and practical effectiveness of our
method. Detailed survey information is provided
in Appendix D.

8 Conclusion and Future Work

In this work, we extend multi-source opinion sum-
marization (M-OS) by leveraging LLMs to gen-
erate comprehensive summaries integrating prod-
uct metadata with customer reviews. Our frame-
work introduces: (/) M-OS-DATA, a propri-
etary dataset of 25,000 products with rich meta-
data, (2) M-OS-EvVAL, a benchmark dataset of
4,900 summary annotations across 7 dimensions,
and (3) custom prompts for M-OS-GEN with two
novel evaluation approaches: OMNI-PROMPT and
SPECTRA-PROMPTS. Experiments show M-OS
achieves strong alignment with human judgment,
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demonstrating a 0.74 average Spearman correla-
tion across dimensions. While effectively com-
bining product specifications with reviews, our ap-
proach needs expansion to handle temporal patterns
and multi-modal content in modern e-commerce.
Both evaluation prompts require further testing
across languages and cultures, as opinion expres-
sion varies globally. Future work will explore
LLMs for large-scale summarization and process-
ing complete review corpora.

Limitations

1. Our study focused on GPT-40, the only pro-
prietary model used in our experiments. We
did not include CLAUDE-SONNET 3.5 (An-
thropic, 2024) due to budget limitations.

. Creating the M-OS-EVAL dataset advances
multi-source opinion summarization research,
with future work exploring model fine-tuning
opportunities on this dataset.

. Our OMNI-PROMPT effectively evaluates
multiple dimensions of multi-source opinion
summaries, while SPECTRA-PROMPTS excel
at dimension-specific evaluation. However,
adapting these prompts beyond opinion sum-
marization to other NLP tasks would require
domain-specific modifications to the evalua-
tion criteria.

The current M-OS-EVAL benchmark dataset,
while comprehensive in its evaluation dimen-
sions, is based on 10 reviews per product.
While this offers meaningful insights, expand-
ing the dataset to encompass a larger and more
diverse set of reviews would better capture
the variety and complexity of real-world e-
commerce scenarios.

Ethical Considerations

We prioritized responsible development and eval-
uation throughout our research. The evaluation
process involved 3 experienced raters (Master’s,
Pre-Doctoral, Doctoral) aged 24 — 32, all with rel-
evant publications or active research in opinion
summarization. We ensured ethical data practices
by obtaining M-OS-DATA through formal collab-
oration with an e-commerce company, following
strict quality controls and privacy protocols.



To maintain evaluation integrity, we: (/) pro-
vided raters with detailed annotation guidelines and
appropriate compensation, (2) kept model identities
undisclosed during evaluation, and (3) established
clear metrics and scoring criteria across 7 dimen-
sions. Our M-OS-PROMPTS framework, while
designed to assist researchers and developers in as-
sessing NLG-generated summaries, has certain lim-
itations. The evaluation prompts may occasionally
produce hallucinations, particularly for complex
cases, and the LLM-based approach may exhibit
inherent biases.

We advise practitioners to: (/) validate prompt
reliability before real-world deployment, (2) verify
prompt appropriateness for specific applications,
and (3) consider potential limitations when inter-
preting results. This transparency about limitations
and guidelines for responsible use ensures ethical
application of our framework in research and prac-
tical settings.
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A  M-OS Metrics

The evaluation of multi-source opinion summaries
was conducted across the following 7 dimensions:

1. fluency (FL)- Fluency measures the quality
of the summary in terms of grammar, spelling,
punctuation, capitalization, word choice, and
sentence structure. The summary should be
easy to read, follow, and comprehend without
any errors that hinder understanding. Anno-
tators received specific guidelines on how to
penalize summaries based on fluency levels.

2. coherence (CO)- Coherence measures the
collective quality of all sentences in the sum-
mary. The summary should be well-structured
and well-organized. It should not just be a
heap of related information, but should build
from sentence to sentence into a coherent body
of information about the product.
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3. relevance (RE)- Relevance measures the se-
lection of important information from the in-
put, including product title, description, key
features, specifications, reviews, and average
rating. The summary should include only im-
portant and relevant information from the in-
put. Summaries should not contain redundan-
cies or excess information. Annotators were
instructed to penalize summaries if they con-
tained redundancies and excess/unimportant
information.

4. faithfulness (FA)- Faithfulness measures

the extent to which every piece of informa-
tion mentioned in the summary is verifiable,
supported, present, or can be reasonably in-
ferred from the input. The input includes prod-
uct title, description, key features, specifica-
tions, reviews, and average rating. Summaries
should be penalized if they contain informa-
tion that cannot be verified from the provided
input or if they make broad generalizations
that are not supported by the input data.

5. aspect coverage (AC)- Aspect Coverage
measures how completely a summary cap-
tures the major features, characteristics, or
attributes of a product that are prominently
discussed in the original product information.
Summaries should be penalized for missing
any major aspects and rewarded for covering
all important aspects thoroughly.

6. sentiment consistency (SC)- Sentiment
Consistency measures how accurately the
summary reflects the consensus sentiment of
users for each aspect of the product as ex-
pressed in the reviews. The consensus sen-
timent (or majority sentiment) for an aspect
is determined by the M-OSt common senti-
ment expressed by users, categorized as very
positive, positive, neutral, negative, or very
negative. Summaries should be penalized if
they do not cover accurately the sentiment
regarding any aspect within the summary.

7. specificity (SP)- Specificity measures the
level of detail and precision in the informa-
tion and opinions presented in the summary.
A specific summary provides concrete facts,
measurements, or detailed descriptions about
the product’s features, performance, and user
experiences. It avoids vague or general state-
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ments and instead offers precise information
that gives readers a clear and thorough under-
standing of the product’s characteristics and
performance. Summaries should be penalized
for missing out details and should be awarded
if they are specific.

B Annotation Details

The annotator cohort comprised researchers (Mas-
ter’s, Pre-Doctoral, and Doctoral candidates, aged
24-32) with relevant publications or active research
in opinion summarization. Annotators followed
comprehensive guidelines and all 3 raters received
stipends suitable for the tasks.

To ensure methodological rigor in our
correlation analysis between HUMAN
and LLM evaluations, we maintained strict
instructional isomorphism across both evaluation
paradigms. HUMAN annotators received structured
guidelines systematically aligned with the prompts
provided to LLM evaluators, encompassing
identical metric definitions, scoring criteria, and
evaluative dimensions. This deliberate alignment
enables valid comparative analysis by ensuring
both HUMAN and automated assessments operate
within congruent evaluative frameworks, thus ad-
dressing measurement validity concerns. For each
of the seven assessment dimensions, annotators
followed a structured evaluation process parallel-
ing the step-by-step reasoning procedure encoded
in our M-OS-EVAL prompting framework. 7o
preclude any potential introduction of evaluator
bias, the identities of the summary-generating
models were rigorously anonymized throughout
the annotation process, and HUMAN evaluations
were conducted independently from and prior to
LLM assessments, ensuring annotators remained
blind fo both model identities and LLM evaluation
outputs.

B.1 Simplified Annotation Guidelines

For conciseness we present a simplified version
of the annotation guidelines. The full guidelines
provided to annotators were comprehensive and
detailed.

Introduction for Annotators

Dear Annotators,
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Thank you for contributing to this multi-source
opinion summary annotation task. Your expertise
plays a vital role in assessing the quality of sum-
maries that combine product metadata (such as title,
description, key features, specifications, and aver-
age rating) with customer reviews.

We deeply value your time and dedication in
providing thorough and accurate evaluations across
seven critical dimensions. Your input is instrumen-
tal in refining the effectiveness of these summaries.

Please take a moment to read the following in-
structions carefully before beginning the task. If
you have any questions or require clarification, feel
free to reach out to us.

General Instructions

* The evaluation will be conducted using
Google Sheets, with 7 columns, each ded-
icated to one metric.

The rows in the Google Sheet correspond
to summary IDs (e.g., summary1, summary2,
etc.). Each summary ID is linked to a JSON
file stored in a Google Drive folder.

The summaries are provided in JSON for-
mat via a shared Google Drive folder. Each
file is named according to its summary ID
(e.g., summary1l.json), and model names
have been anonymized to prevent bias.

For ease of reference and to minimize screen
strain, we have provided both printed copies
and soft copies (as PDFs) of the 14 product
titles along with their corresponding metadata.
The PDFs are available for each product in the
shared folder.

* You are required to evaluate each summary
on all 7 metrics before moving to the next
summary.

Evaluation Process

* Preparation: Familiarize yourself with the
product metadata and the corresponding sum-
mary before starting your evaluation.

* Scoring: Evaluate each dimension indepen-
dently, assigning a score between 1 (Very
Poor) and 5 (Excellent) for each metric.



* Rubrics and Judgment: Use the provided
rubrics as your primary guide but rely on your
expert judgment in nuanced cases.

Product Details: Pay close attention to both
explicit and implicit product details and as-
sess how well they are reflected in the sum-
maries.

Uncertainty: If unsure about a score, re-read
the metadata and the summary, considering
the context carefully before finalizing your
decision.

Accessing the Summaries

1. Open the Google Drive folder shared with
you.

Locate the JSON file corresponding to the
summary ID (e.g., summary1. json).

. Review the summary provided in the JSON
file.

Input your scores for each metric in the
Google Sheet in the row corresponding to that
summary ID.

Important Notes

* Please evaluate summaries in the order they
appear in the Google Sheet to maintain con-
sistency.

* Model names are anonymized to eliminate
potential bias during evaluation.

¢ Refer to the rubrics provided in these guide-
lines when assigning scores to ensure unifor-
mity across evaluations.

* If you need to take a break, kindly complete
the evaluation of the current summary before
pausing.

By following this structured process, we can
achieve consistent, unbiased, and thoroughly refer-
enced evaluations. Your expertise and meticulous
attention to detail are essential to the success of
this study. If you have any questions or encounter
any issues during the evaluation process, please do
not hesitate to contact the research team.

&3

Product Metadata

Product metadata provides essential and standard-
ized information for annotators to evaluate the qual-
ity of multi-source opinion summaries. It ensures
that summaries are assessed for their accuracy in
reflecting explicit product details and capturing
the essence of subjective customer opinions. Each
product’s metadata includes the following compo-
nents:

1. Product Title: The name of the product, serv-
ing as its primary identifier within its category.

Product Description: A detailed textual
overview highlighting the product’s purpose,
features, and intended benefits, typically pro-
vided by the manufacturer or seller.

. Key Features: A concise list of the product’s
primary attributes or unique selling points that
offer the most value to customers.

Specifications: Detailed technical and struc-
tured information, such as dimensions, materi-
als, and performance metrics, organized based
on relevance to the product type.

. Average Rating: The aggregated numerical
customer rating (e.g., 4.2 out of 5), summariz-
ing overall user satisfaction.

Customer Reviews: Subjective feedback
from verified purchasers, capturing personal
experiences, observations, and assessments.

This metadata provides annotators with a com-
prehensive reference for evaluating summaries, en-
suring they effectively integrate factual product
details and subjective customer experiences.

Evaluation Dimensions

1 Fluency

Definition: Fluency measures the linguistic quality
of the summary, focusing on grammar, spelling,
punctuation, and sentence structure.

Scoring Rubric:

* 1 (Very Poor): The summary is incomprehen-
sible due to severe grammatical issues.



* 2 (Poor): Multiple errors significantly impact
readability and understanding.

¢ 3 (Fair): Some errors are present, but the main
points remain clear and understandable.

* 4 (Good): Only minor errors are present,
which do not affect understanding.

* 5 (Excellent): The summary is flawless, with
impeccable grammar and a natural, smooth
flow.

Evaluation Process:

. Carefully read the summary, noting any lin-
guistic errors (e.g., grammar, spelling, punc-
tuation, or sentence structure).

Assess the overall readability and clarity of
the summary.

Consider how easily a general audience, with-
out specialized knowledge, could understand
it.

Pay special attention to proper punctuation,

sentence structure, and word usage.

Assign a score based on the rubric, ensuring
the score reflects both the frequency and sever-
ity of errors.

2 Coherence

Definition: Coherence evaluates the logical flow
of information in the summary, particularly the
transitions between product specifications and user
experiences.

Scoring Rubric:

* 1 (Very Poor): Disconnected statements with
no logical progression.

* 2 (Poor): Abrupt or jarring transitions be-
tween technical specifications and user re-
views.

* 3 (Fair): Basic logical flow, but occasional
awkward transitions may disrupt readability.
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* 4 (Good): Smooth integration of technical de-
tails and experiential information, with minor
issues.

¢ 5 (Excellent): Seamless and natural flow be-
tween all types of product information, creat-
ing a cohesive narrative.

Evaluation Process:

1. Analyze Connections: Examine how well
technical specifications are linked to user ex-
periences.

Evaluate Transitions: Assess the smooth-
ness of transitions between different product
aspects, such as features, reviews, and specifi-
cations.

. Check Logical Progression: Ensure the infor-
mation builds logically and maintains clarity
throughout the summary.

Assess Narrative Structure: Consider how
the overall structure contributes to a coherent
and unified summary.

. Assign a Score: Use the rubric to rate the co-
herence, reflecting the degree of logical flow
and smoothness.

Relevance

Definition: Relevance measures how effectively
the summary selects and presents the most impor-
tant information from multiple sources, including
product specifications, features, reviews, and rat-
ings.

Scoring Rubric:

* 1 (Very Poor): Includes mostly irrelevant or
redundant information, failing to highlight im-
portant aspects.

2 (Poor): Significant imbalance, with overem-
phasis on either technical specifications or
user experiences, neglecting critical elements.

3 (Fair): Covers important aspects but in-
cludes some unnecessary details or misses key
information.

* 4 (Good): Maintains a strong focus on key in-
formation, with minimal redundancy or trivial
content.



* 5 (Excellent): Achieves a perfect balance,
effectively presenting critical product infor-
mation from all sources without unnecessary
repetition.

Evaluation Process:

1. Identify Key Information:

 Highlight the most important product fea-
tures, specifications, and user insights
from the metadata.

» Ensure these elements are accurately re-
flected in the summary.

2. Check for Redundancy or Irrelevance:

* Look for unnecessary repetition or triv-
ial details that do not add value to the
summary.

* Determine if any included information
is irrelevant to the product’s context or

purpose.
3. Assess Balance:

* Evaluate the proportion of technical con-
tent (e.g., specifications) and experiential
content (e.g., user reviews).

» Ensure neither aspect is overrepresented
or underrepresented in the summary.

4. Consider Information Selection Quality:

* Check how well the summary prioritizes
and integrates critical details while avoid-
ing less impactful information.

5. Assign a Score:

* Use the rubric to rate the summary’s rel-
evance, reflecting the quality of infor-
mation selection and its balance across
sources.

Faithfulness

Definition: Faithfulness assesses whether the infor-
mation presented in the summary is verifiable and
accurate based on the source materials, including
product metadata and customer reviews.

Scoring Rubric:

* 1 (Very Poor): Contains multiple fabricated
or unsupported claims that mislead or misrep-
resent the product.
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* 2 (Poor): Several instances of exaggeration,
misrepresentation, or inaccurate details.

* 3 (Fair): Mostly accurate but includes minor
discrepancies or unsupported claims.

* 4 (Good): Highly accurate, with rare and mi-
nor deviations from the source materials.

* 5 (Excellent): Completely faithful to the
source materials, with no inaccuracies or un-
supported statements.

Evaluation Process:

1. Cross-Check Technical Details:

* Verify that all technical features, spec-
ifications, and numerical values in the
summary match the product metadata.

* Look for any fabricated or exaggerated
information.

2. Verify Customer Experiences:

* Compare user sentiments and experi-
ences mentioned in the summary against
the content of customer reviews.

 Ensure that opinions are accurately repre-
sented without bias or misinterpretation.

3. Confirm Numerical Accuracy:

* Double-check specific numerical values,
such as ratings or performance metrics,
for consistency with the source materials.

* Note any discrepancies in figures like
averages or dimensions.

4. Identify Unsupported Generalizations:

* Check for broad or generalized state-
ments in the summary that are not sub-
stantiated by the source materials.

* Ensure claims about product perfor-
mance or quality are rooted in either
metadata or customer feedback.

5. Assign a Score:

* Use the rubric to rate the faithfulness of
the summary, considering the frequency
and severity of inaccuracies.



Aspect Coverage * Assign a score using the rubric, reflecting
both the breadth of aspects covered and

Definition: Aspect Coverage evaluates how com- the depth of their representation.

prehensively the summary addresses the major
product features, specifications, and user experi-

. . Sentiment Consistency
ences from the provided source materials.

Scoring Rubric:

* 1 (Very Poor): Misses most major product as-
pects, providing an incomplete and unhelpful
summary.

* 2 (Poor): Covers only a few key aspects, with
significant omissions of important details.

* 3 (Fair): Addresses the main aspects but lacks
depth or detail in some areas.

* 4 (Good): Provides comprehensive coverage,
with minor omissions or slightly shallow de-
tails.

* 5 (Excellent): Achieves complete and thor-
ough coverage of all significant product as-
pects, including both features and user experi-
ences.

Evaluation Process:

1. Compile Major Product Aspects:

» Refer to the product metadata to iden-
tify all key product features and speci-
fications that should be reflected in the
summary.

2. Identify Key Themes from Reviews:

» Highlight the main themes or sentiments
expressed in customer reviews that are
critical to understanding the product.

3. Evaluate Coverage of Product Details:

e Check if the summary adequately ad-
dresses key details from the metadata.

* Ensure there are no significant omissions
or overemphasis on less critical aspects.

4. Assess Representation of User Experiences:

* Evaluate how well the summary captures
a balanced and meaningful representa-
tion of customer experiences and opin-
ions.

5. Score Based on Comprehensiveness:

Definition: Sentiment Consistency evaluates how
accurately the summary reflects the collective sen-
timent expressed in customer reviews while main-
taining alignment with the product’s characteris-
tics.

Scoring Rubric:

* 1 (Very Poor): Completely misrepresents user
sentiments, providing a misleading or contra-
dictory portrayal.

* 2 (Poor): Contains significant discrepancies
in how sentiments are represented, leading to
confusion or imbalance.

* 3 (Fair): Generally captures the overall sen-
timent but includes some notable misalign-
ments.

* 4 (Good): Reflects consistent sentiment repre-
sentation, with only minor variations or mis-
interpretations.

* 5 (Excellent): Perfectly aligns with the collec-
tive sentiment from reviews, accurately repre-
senting both positive and negative feedback.

Evaluation Process:

1. Identify Sentiment Patterns in Reviews:

* Analyze customer reviews to map overall
sentiment patterns (e.g., positive, neutral,
or negative) for each key product aspect.

* Note recurring sentiments, such as praise
for durability or complaints about usabil-

ity.
2. Verify Sentiment Intensity Levels:
* Check if the summary captures the inten-
sity of sentiments accurately (e.g., highly
positive, mildly negative).

* Ensure the summary avoids exaggerating
or downplaying user sentiments.

3. Assess Balance of Feedback:
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* Determine if the summary provides a bal-
anced representation of both positive and
negative feedback, avoiding bias toward
either.

4. Ensure Alignment with Technical Details:

* Confirm that sentiments expressed in the
summary are consistent with the prod-
uct’s technical aspects and features, as
described in the metadata.

5. Assign a Score:

* Use the rubric to rate sentiment consis-
tency, focusing on the accuracy and align-
ment of the summary with the reviews.

Specificity

Definition: Specificity measures the level of pre-
cise, detailed information provided in the summary,
focusing on both technical specifications and user
experiences.

Scoring Rubric:

* 1 (Very Poor): Overly vague summary with
no concrete or specific details.

* 2 (Poor): Provides limited specific informa-
tion, relying heavily on general statements.

* 3 (Fair): Contains a mix of specific details
and general statements, lacking consistent
depth.

* 4 (Good): Offers mostly specific information,
with occasional generalizations that do not
hinder understanding.

* 5 (Excellent): Consistently precise and de-
tailed, thoroughly covering both technical as-
pects and user experiences.

Evaluation Process:

1. Identify Specific Technical Details:

* Look for precise measurements, values,
or descriptors for technical features (e.g.,
dimensions, weight, material composi-
tion).

* Ensure these details align with the meta-
data and are appropriately included in
the summary.
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2. Check for Concrete User Experience Exam-

ples:

* Verify that user experiences are illus-
trated with specific examples rather than
vague or generic comments.

* For example, note mentions of specific
features users liked or issues they en-
countered.

3. Evaluate the Detail Level of Product Fea-

tures:

* Assess whether the summary provides
sufficient depth when describing product
features.

* Avoid summaries that skim over critical
details or use broad, unspecific language.

4. Assess Precision in Performance Descrip-

tions:

* Ensure that performance-related state-
ments are specific, avoiding ambiguous
or overly broad claims.

* Look for clear connections between per-
formance metrics and user feedback
where applicable.

5. Score Based on Consistency of Detail:

» Use the rubric to assign a score, focus-
ing on how well the summary maintains
specificity across both technical and ex-
periential aspects.

Final Notes

» Take Regular Breaks: Ensure you take pe-

riodic breaks to maintain focus and sustain
high-quality evaluations.

Revisit Source Materials When in Doubt:
If uncertain about a score, carefully re-read
the product metadata and customer reviews to
ensure accurate assessments.

Maintain Consistency: Strive for uniformity
in your scoring across all summaries, adhering
closely to the provided rubrics and guidelines.

Balance Technical and Experiential As-
pects: Pay attention to how well the summary
integrates technical specifications with user
experiences, ensuring a cohesive evaluation.



¢ Prioritize Accuracy and Detail: Focus on
both factual accuracy and the level of detail
in the summaries, ensuring they meet the stan-
dards for each metric.

C Prompt Design Principle

We define design principles for M-OS-Prompts as
follows:

C.1 M-0OS-Gen-Prompt Design Principle

The design of M-OS-GEN-PROMPT is based on
the principle of clarity and balance. The intuition
behind this approach is that explicitly defining each
aspect of the task enables the generation of sum-
maries that are both accurate and easy to under-
stand. Our prompt design emphasizes:

(1) Information Balance: The prompt requires
balanced integration of objective product data
(specifications, features) with subjective feedback
(reviews, ratings), ensuring no single attribute dom-
inates unless warranted by the data.

(2) Structured Coverage: Each summary sen-
tence must focus on a distinct product aspect with
specific details, avoiding redundancy while main-
taining comprehensive coverage.

(3) Accessibility: The generated summaries
use clear, professional language while avoiding
technical jargon, making them useful for quick
decision-making in e-commerce contexts.

C.2 M-OS-Eval-Prompts Design Principle

The design of our evaluation prompts is grounded
in the intuition that LLMs generate more robust
responses when required to justify their evaluations.
Our approach ensures that the response explicitly
reiterates the evaluation metric, emphasizes both
the strengths and shortcomings of the summary,
and concludes with an evaluation score aligned
with the criteria specified in the prompt. Our design
emphasizes:

(1) Comprehensive Evaluation: The prompts
are structured to assess summaries that integrate
multiple sources of product information, consider-
ing both objective product specifications and sub-
jective customer feedback in a unified evaluation
framework.

(2) Structured Assessment Framework: Each
evaluation follows a systematic approach with clear
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definition of the evaluation dimension, step-by-
step analysis against provided criteria, quantified
scoring with explicit justification, and standardized
score reporting using <score></score> tags.

(3) Guided Scoring Mechanism: We introduce
precise percentage ranges for each score level, pro-
viding LLMs with clear benchmarks for evaluation.
This prevents score inflation or deflation by giving
LLMs concrete criteria for assessment. Addition-
ally, we present evaluation criteria in a structured
bullet-point format for each score level, as we ob-
served this format leads to more consistent and
accurate evaluations compared to paragraph-style
descriptions.

(4) Adaptive Architecture: The prompts sup-
port different evaluation needs through Omni-
Prompt’s modular design for metric-independent
evaluation and Spectra-Prompts’ specialized crite-
ria for dimension-specific assessment. This dual
approach ensures both flexibility and precision in
evaluating multi-source opinion summaries.

D User Study Details

In this section we describe the detailed analysis of
user study:

D.1 Study Design and Methodology

We conducted a large-scale user study (N = 300)
comparing M-OS (Multi-Source Opinion Sum-
maries) with traditional opinion summaries. Each
participant evaluated four pairs of summaries.

Participants provided responses to five evalu-
ation questions, resulting in 6,000 total prefer-
ence judgments (300 participants x4 categories
x5 questions).

D.2 Evaluation Questions

* Information Comprehensiveness: “Which
summary type (M-OS or Opinion Summary)
provides a more complete understanding of
both product specifications and customer ex-
periences?”

Decision Confidence: “Which summary for-
mat gives you more confidence in understand-
ing the product’s actual capabilities and limi-
tations?”



User Preferences: M-OS vs. Opinion Summaries
85.7% 86.9% 87.3% oS

Opinion Summaries

Figure 3: Preference analysis comparing Multi-Source
Opinion Summaries (M-OS) versus traditional opinion
summaries across product categories (/N = 300). Bars
represent the mean preference percentage across five
evaluation questions per category. Statistical signifi-
cance: x? = 3126.83 (df = 1, p < .001).

* Specification Understanding: “Which sum-
mary better helps you understand both tech-
nical specifications and real-world perfor-
mance?”

Research Efficiency: “Which summary
would reduce your need to look up additional
product information elsewhere?”

Purchase Decision Support: “Which sum-
mary format provides a better balance of tech-
nical details and user experiences to support
your purchase decision?”

D.3 Statistical Analysis

To validate the statistical significance of user pref-
erences, we employed the chi-square goodness-
of-fit test, following established practices in NLP
user studies (Clark et al., 2011). This test assessed
whether the observed preference distribution sig-
nificantly deviated from the null hypothesis of no
preference (a 50-50 split).

The chi-square test produced y? = 3126.83
(df = 1, p < .001), strongly rejecting the null
hypothesis of no preference. The observed prefer-
ence distribution across evaluation criteria was as
follows:

¢ Information Comprehensiveness: 88.4%
(M-0OS) vs. 11.6% (traditional)

¢ Decision Confidence: 85.7% vs. 14.3%

* Specification Understanding: 86.9% vs.
13.1%
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* Research Efficiency: 87.3% vs. 12.7%

* Purchase Decision Support: 85.9% vs.

14.1%

Overall, participants expressed 5,196 prefer-
ences for M-OS (86.6%) compared to 804 pref-
erences for traditional opinion summaries (13.4%),
providing strong evidence of M-OS’s superiority.

To measure the strength of this effect, we cal-
culated Cramer’s V' = 0.72, indicating a large ef-
fect size based on conventional behavioral research
benchmarks (Cohen, 1988).

E LLMs Utilized

In our experiments, we adopt a range of recent
widely-used LLMs. For proprietary LLM (ac-
cessed via vendor-specific APIs), we evaluate Ope-
nAD’'s GPT-4 (OpenAl, 2023). Access to open-
source models, was facilitated via the HuggingFace
library (Wolf et al., 2020). The complete inventory
of the models, corresponding to those benchmarked
in our study, is as follows:

GPT-4 (OpenAl, 2023)

Mistral-7B-Instruct-v@.2 (Jiang et al.,
2023a)

Mistral-7B-Instruct-v@.3 (Jiang et al,
2023a)

Gemma-7b-it (Team et al., 2024)
vicuna-7b-v1.5 (Chiang et al., 2023)
zephyr-7b-beta (Tunstall et al., 2023)
Qwen2.5-7B-Instruct (Yang et al., 2024)

Meta-Llama-3.1-8B-Instruct (Al@Meta,
2024)

Gemma-2-9b-it (Team et al., 2024)

Mistral-Small-Instruct-2409
et al., 2023a)

(Jiang

* Mixtral-8x7B-Instruct-v@.1 Jiang et al.
(2024)

* Qwen2.5-32B-Instruct (Yang et al., 2024)
* Meta-Llama-3.1-7@0B-Instruct

* Qwen2.5-72B-Instruct (Yang et al., 2024)



F Implementation Details

All experiments were conducted on 8 NVIDIA
A100 — SX M4 — 80GB clusters over a period of
200+ hours, providing ample computational power
for robust analyses.

F.1 M-0OS-Gen Implementation Details:

For inference, we configured both closed-source
and open-source LLMs. After extensive experi-
mentation, we selected top_k=25, top_p=0.95
and temperature=0.2 to generate deterministic,
coherent outputs that effectively capture the com-
prehensive fine-grained product details, ensuring
consistent and reliable performance across all mod-
els.

F.2 M-0OS-Eval Implementation Details:

To ensure robust evaluation and account for poten-
tial stochasticity in LLM outputs, we set n = 100
, evaluating each summary 100 times across both
closed and open-source LLMs. A temperature of
0.0 was used to ensure deterministic outputs, aim-
ing for consistent, high-quality results crucial for
reproducibility and reliable evaluation.

G M-0OS-EvAL-PrROMPTS Visualization

We provide a graphical overview of the SPECTRA-
PROMPTS (dependent prompts) in Figure 4 and
OMNI-PROMPT (independent prompt) in Figure
5, illustrating their structure, components, and eval-
uation criteria. The visualizations highlight the
differences in prompt design, emphasizing the step-
by-step evaluation process and how metrics are
applied for assessing summaries.
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System Message
You are a hig

Your
expertise lies in analyzing summaries created from multiple product attributes,

Your primary responsibilities are:

1. Carefully examine the provided product information and summary.

2. Meticulously follow all instructions

3. Evaluate the summary's aspect coverage ...

4. Assign a single score (1-5) based on the percentage ...

5. Follow the specified format

Your expert evaluation is crucial for maintaining ..

‘Task Description
You will be given aproduct, title,
description, key features, specifications,

‘Evaluation Criteria

Metric: Aspect Coverage - Aspect Coverage measures how completely a summary captures the.
major features, characteristics, or attributes of a product that are prominently discussed in the
original product information. ...

Following are the scores and according to which

to the summary.

<score>1</score> - Very Poor (0-20% coverage)

+ The summary misses most important features.

* It only mentions a few things about the product.

+ Anyone reading this would not understand what the product is reallylike.

<score>2</score> - Poor (21-50% coverage)

+ The summary includes some important features but misses many others.
It covers less than half of what's important about the product.

+ Readers would only get a partial idea of what the product s like.

<score>3</score> - Ok (51-75% coverage)
\[The summary includes ...

— A
Lt 0 ep-b-te.Fllow th flwingscps iy e gig th rsponse
S 1 Frdallperonaopecis o e oo e odctnlomation
Sten . ind it spects proset e i

Step 7. Carefully match the calculated percentage to the exact score range as defined ...

‘Step 8. Finally, assign the score strictly according to the percentage ranges

Note: Itis absolutely crucial that to

assigning scores.

Your response should follow this structure:

1. Provide a detailed explanation of the percentage of aspects covered by the summary.

2. Clearly state which percentage range this falls into, referencing the evaluation criteria.

3. Assign a single score based on the percentage range, using the exact format shown below.
Score format: Score- <score>X</score> Where X is the assigned score (1, 2, 3, 4, or 5) based on

the percentage ranges in the evaluation criteria.

Remember, your final score must always be presented i this exact format, with no deviations.

Figure 4: Structural components of SPECTRA-PROMPTS (dimension-specific evaluation). Each prompt contains: (/)
System Message defining evaluator role, (2) Task Description outlining evaluation objectives, (3) Evaluation Criteria
with quantitative scoring thresholds, and (4) Evaluation Steps providing systematic instructions for structured
assessment. This architecture ensures consistent, human-like reasoning across all 7 evaluation dimensions.

2. Meticulously follow all instructions ...
5. Follow the specified format ..

stem Message
You are a highly skiled expertin evaluating comprehensive product opinion summaries. Your
@ in : ted from multiple product attributes ...
Your primary responsibilities are:
1. Carefully examine the provided product information and summary.
3. Evaluate the summary's for the given metric

4. Assign a single score (1-5) based on the percentage .

Your expert evaluation is crucial for maintaining

Task Description
You will be given fformation about a product, including product title,

description, key features, specifications, .

Evaluation Criteria
Following are the scores and t
to the summary.

to which b

<score>1</score> - Very Poor (0-20% adherence)
+ The summary adheres to the metric very poorly.
It only mentions a few relevant points.

. \g this would P

<score>2</score> - Poor (21-50% adherence)

+ The summary adheres to the metric poorly.

+ It covers less than half of the relevant points.

+ Readers would only get a partial idea of what the product.

<score>3</score> - Ok (51-75% adherence)
“The summary adheres ...

h n Aspect Coverage - measuml:umc ol the major
Just Change

e e e e T C R e T T )
this! orodict information. .

‘Evaluation Steps

Let's evaluate the summary step-by-step. Follow these steps strictly while giving your response:
Step 1. Reiterate the given metric and explain its importance in evaluating the summary.

Step 2: Carefully read and analyze the product information and the summary.

Step 7. Match the estimated percentage to the appropriate score range
Step 8. Provide a 7 3 9

Step 9. Assign a final score based on your evaluation, using the format ..
Note: You will always ensure that your evaluation and score given by you are strictly based on the
given metric.

Your response should follow this structure:

1. Provide a detailed explanation of the percentage of adherence to the metric by the summary.

2. Clearly state which percentage range this falls into, referencing the evaluation criteria.

3. Assign a single score based on the percentage range, using the exact format shown below.
Score format: Score- <score>X</score> Where X is the assigned score (1, 2,3, 4, or 5) based on
the percentage ranges in the evaluation criteria.

Remember, your final score must always be presented in this exact format, with no deviations.

9.

Figure 5: Structural components of OMNI-PROMPT (metric-independent evaluation). Unlike SPECTRA-PROMPTS,
this modular design maintains a consistent framework while allowing dynamic metric substitution through a flexible
“Metric” component. This architecture enables evaluation of any dimension using the same prompt structure,
providing both consistency and adaptability.
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H M-0OS-GEN-PROMPT: Multi-Source Opinion Summary Generation Prompt
System Message:

""" You are an expert in summarizing comprehensive information about a product to help
customers make purchase decisions on an e-commerce platform by providing them a complete
overview and opinion of a product. You carefully follow every instruction in the below prompt
to answer faithfully, truthfully, and accurately in the specified format."""

Prompt Template:

""" Instruction:

Write a balanced opinion summary of a product covering the most distinctive aspects, features
and critical buying decision factors like average rating, quality, ease of use, and durability.
Briefly discuss strengths and weaknesses, noting whether sentiment is overwhelmingly positive
or negative. Write in a clear, engaging style for a general audience, and avoid overly
technical language or jargon which means aim for a conversational yet professional style
while being fluent and coherent. The summary should correctly and faithfully capture the
majority sentiment across all reviews for each aspect of the product. Each summary line should
discuss a particular product aspect with specific details. Aspects should strictly pertain
to the product. The summary should not have any redundant information among different lines.
Strictly write the summary in the following format: ’Product Opinion Summary’: balanced
225-250 word product opinion summary in one paragraph. """
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I M-OS-EVAL-PROMPTS: Multi-Source Opinion Summary Evalaution Prompts
For brevity, showing evaluation prompt for one Metric; Aspect Coverage (AC) only.

I.1 OMNI-PROMPT

The OMNI-PROMPT represents metric-independent evaluation approach introduces a flexible Metric
component that allows dynamic modification. This design enables universal applicability, as the same
framework can evaluate any dimension by redefining the Metric component while maintaining method-
ological consistency.

I.L1.1  OMNI-PROMPT: ASPECT COVERAGE

Metric: Aspect Coverage

System Message:

"""You are a highly skilled expert in evaluating comprehensive product opinion summaries. Your
expertise lies in analyzing summaries created from multiple product attributes, including
title, description, key features, specifications, reviews, and average rating.

Your primary responsibilities are:

1. Carefully examine the provided product information and summary.

2. Meticulously follow all instructions in the prompt faithfully and truthfully.

3. Evaluate the summary’s for the given metric with utmost accuracy and impartiality.
4

. Assign a single score (1-5) based on the percentage of adherence to the metric, adhering
strictly to the given evaluation criteria.

5. Follow the specified format for all responses.

Your expert evaluation is crucial for maintaining the quality and accuracy of product summaries.
Approach each evaluation with diligence and attention to detail. """

nnn

Prompt Template:

### Task Description:

You will be given comprehensive information about a product, including product title,
description, key features, specifications, reviews, and average rating. Next, you will be
provided with one summary created using this product information. Your task is to carefully
follow each and every evaluation criterion and instruction and always provide a faithful,
truthful, and accurate output in the specified format. You must evaluate and assign a single
score ranging from 1 to 5, to each summary individually, according to the given metric. Make
sure you fully understand the evaluation metric described below. Your task is to rate the
summary based on the given product information using the specified evaluation criteria.

### Evaluation Criteria:

Metric: Aspect Coverage - Aspect Coverage measures how completely a summary captures the
major features, characteristics, or attributes of a product that are prominently discussed in
the original product information. Summaries should be penalized for missing any major aspects
and rewarded for covering all important aspects thoroughly.

Following are the scores and the evaluation criteria according to which scores must be assigned
to the summary.

<score>1</score> - Very Poor (0-20% adherence)
* The summary adheres to the metric very poorly.

e It only mentions a few relevant points.
* Anyone reading this would not understand the product well.

<score>2</score> - Poor (21-50% adherence)

* The summary adheres to the metric poorly.
e It covers less than half of the relevant points.
e Readers would only get a partial idea of the product.
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<score>3</score> - OK (51-75% adherence)

* The summary adheres to the metric moderately well.
e It covers more than half, but not all, of the relevant points.
* Readers would get a basic understanding of the product, but some details are missing.

<score>4</score> - Good (76-94% adherence)

* The summary adheres to the metric well.
e It covers most of the relevant points, with only a few things left out.
e Readers would get a very good idea of the product.

<score>5</score> - Excellent (95-100% adherence)

* The summary adheres to the metric very well.
e It covers everything or almost everything relevant.
e Readers would get a complete picture of the product.

Product Title: {product_title}
Description: {description}

Key Features: {key_features}
Specifications: {specifications}
Reviews: {reviews}

Average Rating: {average_rating}

Summary: {Product_Opinion_Summary}

### Evaluation Steps:

Let’s evaluate the summary step-by-step. Follow these steps strictly while giving your
response:

Step 1. Reiterate the given metric and explain its importance in evaluating the summary.
Step 2: Carefully read and analyze the product information and the summary.

Step 3: Identify all the key elements in both the product information and the summary that
are relevant to the given metric.

Step 4: Evaluate how well the summary performs on the given metric by considering the product
information as the input. For evaluation stick to the given metric only.

Step 5. Provide a detailed explanation of how well the summary adheres to the metric, including
specific examples that demonstrate adherence or lack of adherence to the metric.

Step 6: Estimate the overall percentage of adherence to the given metric.

Step 7: Match the estimated percentage to the appropriate score range:

* 0-20%: Score 1 (Very Poor)
21-50%: Score 2 (Poor)
51-75%: Score 3 (OK)

76-94%: Score 4 (Good)
95-100%: Score 5 (Excellent)

Step 8: Provide a detailed explanation of your evaluation, including your reasoning for the
estimated percentage range and chosen score.

Step 9: Assign a final score based on your evaluation, using the format: Score-
<score>X</score>, where X is the numeric score (1-5).

Note: You will always ensure that your evaluation and score given by you are strictly based
on the given metric.
### Instructions:

Your response should follow this structure:

1. Provide a detailed explanation of the percentage of adherence to the metric by the
summary.

2. Clearly state which percentage range this falls into, referencing the evaluation criteria.

3. Assign a single score based on the percentage range, using the exact format shown below.

Score format: Score- <score>X</score> Where X is the assigned score (1, 2, 3, 4, or 5) based
on the percentage ranges in the evaluation criteria.

Remember, your final score must always be presented in this exact format, with no deviations.

Response:
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I.2 SPECTRA-PROMPT

The SPECTRA-PROMPT represents dimension-specific evaluation prompts, each designed for one of the
seven evaluation dimensions with specialized criteria and assessment guidelines.

I.2.1 SPECTRA-PROMPT: ASPECT COVERAGE

Metric: Aspect Coverage

System Message:

"""You are a highly skilled expert in evaluating comprehensive product opinion summaries. Your
expertise lies in analyzing summaries created from multiple product attributes, including
title, description, key features, specifications, reviews, and average rating.

Your primary responsibilities are:

1. Carefully examine the provided product information and summary.

2. Meticulously follow all instructions in the prompt faithfully and truthfully.
3. Evaluate the summary’s aspect coverage with utmost accuracy and impartiality.
4

. Assign a single score (1-5) based on the percentage of aspects covered, adhering strictly
to the given evaluation criteria.

5. Follow the specified format for all responses.

Your expert evaluation is crucial for maintaining the quality and accuracy of product summaries.
Approach each evaluation with diligence and attention to detail.”""

nnn

Prompt Template:

#i## Task Description:

You will be given comprehensive information about a product, including product title,
description, key features, specifications, reviews, and average rating. Next, you will be
provided with one summary created using this product information. Your task is to carefully
follow each and every evaluation criterion and instruction and always provide a faithful,
truthful, and accurate output in the specified format. Your must evaluate and assign a single
score ranging from 1 to 5, to each summary individually, according to the metric called aspect
coverage. Make sure you fully understand the evaluation metric described below. Your task
is to rate the summary based on the given product information using the specified evaluation
criteria.

### Evaluation Criteria:

Aspect Coverage - Aspect Coverage measures how completely a summary captures the major
features, characteristics, or attributes of a product that are prominently discussed in the
original product information. Summaries should be penalized for missing any major aspects
and rewarded for covering all important aspects thoroughly.

Following are the scores and the evaluation criteria according to which scores must be assigned
to the summary.

<score>1</score> - Very Poor (0-20% coverage)

* The summary misses most important features.
e It only mentions a few things about the product.
* Anyone reading this would not understand what the product is really like.

<score>2</score> - Poor (21-50% coverage)

e The summary includes some important features but misses many others.
e It covers less than half of what’s important about the product.
* Readers would only get a partial idea of what the product is like.

<score>3</score> - OK (51-75% coverage)

e The summary includes most important features.
e It covers more than half, but not all, of what’s important.
e Readers would get a basic understanding of the product, but some details are missing.

<score>4</score> - Good (76-94% coverage)
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e The summary includes almost all important features.
e It covers most of what’s important, with only a few things left out.
* Readers would get a very good idea of what the product is like.

<score>5</score> - Excellent (95-100% coverage)

* The summary includes all or nearly all important features.
e It covers everything or almost everything that’s important about the product.
e Readers would get a complete picture of what the product is like.

Product Title: {{product_title}}
Description: {{description}}

Key Features: {{key_features}?}
Specifications: {{specifications}}
Reviews: {{reviews}}

Average Rating: {{average_rating}}

Summary: {{Product_Opinion_Summary}}

### Instructions:
Let’s go step-by-step. Follow the following steps strictly while giving the response:

Step 1. Find all important aspects of the product from the product information, and write
them in a numbered list.

Step 2. Find all important aspects present in the summary, and write them in a separate
numbered list.

Step 3. Now make a numbered list which contains all the important aspects covered by the
summary which are also present in the product information.

Step 4. Now find out total number of important aspects covered by the summary which are also
present in the product information.

Step 5. Now you will state the total number of important aspects that are present in the
product information.

Step 6. Now you will calculate and state the exact percentage of aspects covered by the
summary.

Step 7. Carefully match the calculated percentage to the exact score range as defined in the
evaluation criteria. You must use the following ranges without any deviation:

* Q-20%: Score 1 (Very Poor)

* 21-50%: Score 2 (Poor)

e 51-75%: Score 3 (0K)

e 76-94%: Score 4 (Good)

* 95-100%: Score 5 (Excellent)

It is crucial that you use these exact ranges.

Step 8. Finally, assign the score strictly according to the percentage ranges mentioned in
the evaluation criteria. Give a single score within <score></score> tags.

Note: It is absolutely crucial that you adhere strictly to the given percentage ranges when
assigning scores.

### Your response should follow this structure:

1. Provide a detailed explanation of the percentage of aspects covered by the summary.
2. Clearly state which percentage range this falls into, referencing the evaluation criteria.
3. Assign a single score based on the percentage range, using the exact format shown below.

Score format: Score- <score>X</score> Where X is the assigned score (1, 2, 3, 4, or 5) based
on the percentage ranges in the evaluation criteria.

Remember, your final score must always be presented in this exact format, with no deviations.

Response:
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J Model Response Example: SPECTRA-PROMPT VS OP-PROMPT

Sample responses from Meta-Llama-3.1-70B-Instruct as evaluator when evaluating multi-source
opinion summaries using both SPECTRA-PROMPT and OP-PROMPT for the metric aspect coverage
metric.

Note: We have preserved the original model outputs without any modifications.

J.1 Response using our SPECTRA-PROMPT for the aspect coverage metric:

Product Title: COSCO CB-80 For ( Kids ) Multicolor Strung Badminton Racquet (Pack of: 2, 100g)

Multicolor Strung Badminton Racquet - Evaluation 1

Response: I’11 follow the instructions strictly to evaluate the summary.

Step 1: Important aspects of the product from the product information

1.

Product title: COSCO CB-80 For (Kids) Multicolor Strung Badminton Racquet
(Pack of: 2, 100g)

. Description: Top-quality material, long-lasting durability, excellent

performance, tempered steel shaft, flexible shaft

. Key Features: Full Cover, Strung Type, Grip Size (G4 - 8.25 cm), Weight

(100g), Head Shape (Isometric Shape), Beam Width (5 mm)

. Specifications: In the Box (1 Pair Badminton Racket), Number of Contents

in Sales Package (Pack of 2)

. General: Type (Badminton Racquet), Series (Others), Ideal For (Boys,

Girls), Playing Level (Training), Cover (Full Cover), String Tension
(NA), Racquet Type (Badminton Racquet)

. Body Features: Head Size (95.5 sq/in), Grip Size (G4 - 8.25 cm), Head

Shape (Isometric Shape)

7. Dimensions: Height (22 inch), Beam Width (5 mm)
8. Reviews: Good, Good product, Nice items, Good product, Good, very nic,

9.

Not bad. Ok ok, High quality racket for kids, It is too small in size
please don’t buy it

Average Rating: 4.0

Step 2: Important aspects present in the summary

1.
2.

6.

Product title: Cosco CB-8@ Multicolor Strung Badminton Racket

Description: Top-quality, training set for kids, full cover, strung
design

. Key Features: Head size (95.5 sq/in), Isometric shape, tempered steel

shaft, flexibility

. Specifications: Includes two rackets, each weighing 100g, ideal for boys

and girls at the training level

. Reviews: Overwhelmingly positive sentiment, durability, ease of use, size

might be too small for some children
Average Rating: 4.0

Step 3: Important aspects covered by the summary which are also present in
the product information

1.

Product title
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2. Description (top-quality, full cover, strung design)

3. Key Features (Head size, Isometric shape, tempered steel shaft,
flexibility)

4. Specifications (includes two rackets, each weighing 100g, ideal for boys
and girls at the training level)

5. Reviews (overwhelmingly positive sentiment, durability, ease of use)

6. Average Rating (4.0)

Step 4: Total number of important aspects covered by the summary which are
also present in the product information
6

Step 5: Total number of important aspects that are present in the product
information
9

Step 6: Exact percentage of aspects covered by the summary
(679) * 100% = 66.67%

Step 7: Matching the calculated percentage to the exact score range
The calculated percentage (66.67%) falls into the range of 51-75%.

Step 8: Assigning the score
Score- <score>3</score>

J.2 Response using OP-PROMPT for the aspect coverage metric:

Product Title: COSCO CB-80 For ( Kids ) Multicolor Strung Badminton Racquet (Pack of: 2, 100g)
Multicolor Strung Badminton Racquet - Evaluation 1

Response: Let’s go step-by-step to evaluate the summary based on the Aspect
Coverage metric.

Step 1: Identify the important aspects present in the set of information and
list them with numbering.

. Product title and type (Badminton Racquet)

. Material quality and durability

. Shaft material (tempered steel) and its benefits (balance and flexibility)
. Head shape (Isometric) and size (95.5 sqg/in)

. Grip size (G4 - 8.25 cm)

. Weight (100g)

. Strung type (Strung)

. Cover type (Full Cover)

. Ideal for (Boys, Girls) and playing level (Training)

. Dimensions (Height: 22 inch, Beam Width: 5 mm)

- O W 00 N O O ~h W N —

_

. Average rating (4.0) and customer reviews (positive and negative
sentiments)
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Step 2: Identify the important aspects present in the summary and list them
with numbering.

. Product title and type (Badminton Racquet)

. Material quality and durability

. Shaft material (tempered steel) and its benefits (balance and flexibility)
. Head shape (Isometric) and size (95.5 sq/in)

. Weight (100g)

. Strung type (Strung) and cover type (Full Cover)

. Ideal for (Boys, Girls) and playing level (Training)

O N O O b~ w NN =

. Average rating (4.0) and customer reviews (positive and negative
sentiments)

Step 3: Identify the important aspects covered by the summary that are present
in the set of information and list them with numbering.

. Product title and type (Badminton Racquet)

. Material quality and durability

. Shaft material (tempered steel) and its benefits (balance and flexibility)
. Head shape (Isometric) and size (95.5 sqg/in)

. Weight (100g)

. Strung type (Strung) and cover type (Full Cover)

. Ideal for (Boys, Girls) and playing level (Training)

O N O 01 b~ w N =

. Average rating (4.0) and customer reviews (positive and negative
sentiments)

Step 4: Calculate the total number of important aspects covered by the summary
that are present in the set of information.
8 aspects are covered by the summary.

Step 5: Calculate the total number of important aspects present in the set
of information.
11 aspects are present in the set of information.

Step 6: Finally use the evaluation criteria to output only a single score
within <score></score> tags.

The summary covers 8 out of 11 important aspects, which means it covers most
of the important aspects present in the set of information. According to the
evaluation criteria, this corresponds to a score of 4.

Score- <score>4</score>

K Model Response Example: OMNI-PROMPT VS OP-I-PROMPT

Sample response from Meta-Llama-3.1-70B-Instruct as evaluator when evaluating multi-source
opinion summaries using both OMNI-PROMPT and OP-I-PROMPT for the metric aspect coverage
metric.

Note: We have preserved the original model outputs without any modifications.
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K.1 Response using our OMNI-PROMPT for the aspect coverage metric:

Product Title: COSCO CB-80 For ( Kids ) Multicolor Strung Badminton Racquet (Pack of: 2, 100g)
Multicolor Strung Badminton Racquet - Evaluation 1

Response:

1. The summary adheres to the metric of Aspect Coverage very well, covering
most of the major features and characteristics of the product. It mentions
the durable construction, tempered steel shaft, isometric head shape, G4
grip size, weight, and head size, which are all key elements of the
product. Additionally, it highlights the product’s suitability for kids
and its performance, which is consistent with the reviews and average
rating. However, it does not mention the beam width, string tension, or
the fact that it comes in a pack of 2, which are also relevant aspects
of the product.

2. Based on the evaluation, the summary falls into the 76-94% adherence
range, as it covers most of the relevant points, but leaves out a few
details.

3. Score- <score>4</score>

Explanation:

The summary provides a comprehensive overview of the product, covering its key
features, performance, and suitability for kids. It also mentions the pros
and cons, as highlighted in the reviews. However, it misses a few details,
such as the beam width and string tension, which are important aspects of
the product. Overall, the summary provides a very good idea of the product,
but could be improved by including a few more details. Therefore, it falls
into the 76-94% adherence range, which corresponds to a score of 4 (Good).

K.2 Response using our OP-I-PROMPT for the aspect coverage metric:

Product Title: COSCO CB-80 For ( Kids ) Multicolor Strung Badminton Racquet (Pack of: 2, 100g)
Multicolor Strung Badminton Racquet - Evaluation 1

Response: Steps to evaluate the summary as per the metric:

1. Identify the major features, characteristics, or attributes of the product
that are prominently discussed in the original product information.

2. Check if the summary captures these major features, characteristics, or
attributes.

3. Evaluate the extent to which the summary covers these aspects thoroughly.

Metric: Aspect Coverage - Aspect Coverage measures how completely a summary
captures the major features, characteristics, or attributes of a product that
are prominently discussed in the original product information.

Step-by-step explanation:
The summary captures the following major features, characteristics, or
attributes of the product:

e Durable construction with a tempered steel shaft
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e Isometric head shape

* G4 grip size

* Weight of 100g

* Head size of 95.5 sg/in

e Ideal for training and developing skills

e Suitable for kids

* Majority of users praise its quality and performance
* A few customers found the size to be too small

The summary covers these aspects thoroughly by providing a detailed
description of the product’s features and their benefits. It also mentions
the pros and cons of the product, providing a balanced view.

Evaluation:

The summary covers all the major features, characteristics, or attributes
of the product that are prominently discussed in the original product
information. It provides a detailed description of the product’s features
and their benefits, as well as the pros and cons of the product.

Score- <score>5</score>
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