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Abstract

The faithful and interpretable opinion summarization aims to gen-
erate a summary that captures the diverse opinions expressed in a
document set while providing explanations for the divergences be-
tween these opinions. In this paper, we propose an evidence-guided
framework to enhance opinion coverage and provide divergence
explanations. It first generates the majority opinion as an initial
summary and partitions the source documents into multiple evi-
dence sets based on their relevance to the majority opinion. Then,
a summary extension strategy is employed to expand the initial
summary by incorporating different opinions from these sets. The
framework also employs a submodular optimization algorithm to
select evidence from different evidence sets in order to reflect the
divergences between opinions. Experiments on two benchmark
datasets demonstrate that our method outperforms multiple base-
lines in terms of both the lexical and semantic consistency with
reference summaries, while having low computational overhead.
Ablation studies confirm that both the document partition and
summary extension mechanisms contribute to the model perfor-
mance. The LLM-based and human evaluation results also show
that our method can identify more comprehensive evidence that
better captures opinion divergences.!

CCS Concepts

+ Computing methodologies — Natural language generation.

Keywords
Faithful opinion summarization; Interpretable; Evidence; Aspects

ACM Reference Format:

Jian Wang, Yanjie Liang, Yuqing Sun, and Bin Gong. 2026. EvioSum: An
Evidence-Guided Generation Framework for Faithful and Interpretable
Opinion Summarization. In Proceedings of the Nineteenth ACM International
Conference on Web Search and Data Mining (WSDM °26), February 22-26,

*Corresponding author.
The source codes are accessible by the link: https://github.com/wangjian026/EvioSum

This work is licensed under a Creative Commons Attribution 4.0 International License.
WSDM °26, Boise, ID, USA

© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2292-9/2026/02

https://doi.org/10.1145/3773966.3777962

692

Yanjie Liang
Shandong University
Jinan, China
202335329@mail.sdu.edu.cn

Bin Gong
Shandong University
Jinan, China
gb@sdu.edu.cn

2026, Boise, ID, USA. ACM, New York, NY, USA, 11 pages. https://doi.org/10.
1145/3773966.3777962

1 Introduction

For a given topic, a large number of opinions are shared on the web.
These opinions vary in emotional orientation, and factual interpre-
tation. To efficiently capture both the commonalities and divergent
focuses among them, the task of faithful and interpretable opinion
summarization aims to generate summaries that cover the diverse
opinions in source documents while providing explanations for the
opinion divergences [4, 32]. This task has important applications in
areas such as the public policy and social issue research. However,
the inherently subjective nature of opinions makes summarization
challenging and difficult to interpret.

Large language models (LLMs) have become the main choice
for the summarization task due to their strong capabilities in text
comprehension and generation [10, 20, 32]. However, they tend to
focus on the main points in documents based on relevance, which
often causes the generated summaries overlook some minority opin-
ions [12, 18, 38]. For this problem, the prompt-engineering based
methods such as CPSum[32] and SummlIT [35] iteratively construct
fine-grained prompts to enhance the focus of LLMs on minority
opinions based on the summary evaluation results. The evalua-
tion process is usually repeated several times, resulting in a large
computational overhead. The chain of thought (COT)[16] based
methods TCG [3] and AspDeSum [21] first cluster the documents
based on aspects, then generate sub-summaries for each cluster,
and finally merge the sub-summaries into a complete summary.
These methods improve the opinion coverage of the summaries
with respect to the source documents but without any explanations
of the summaries. Furthermore, these methods focus on product
review data with relatively fixed aspects and are difficult to adapt
to more free-form social content such as tweets or blogs.

For the above challenges, we propose the Evidence-guided opinion
Summarization framework (EvioSum). To enhance opinion cov-
erage, the framework first guides LLMs to generate the majority
opinion. Based on the relationship between each document and
the majority opinion, the source documents are then partitioned
into a support evidence set, a divergent evidence set, and a neutral
evidence set. Then the framework extends the majority opinion to
form the summary by incorporating the divergent opinion derived
from the divergent evidence set, followed by the neutral opinion
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summarized from the neutral evidence set. This summarization pro-
cess establishes the association between each opinion in summary
and its corresponding evidence, thereby improving the summary’s
opinion coverage and interpretability. To reflect the divergence
between the majority and divergent opinions, EvioSum constructs
an explanation set of evidence pairs by selecting evidence from their
respective sets. Specifically, it introduces an aspect-enhanced eval-
uation method to assess each candidate explanation set based on
three criteria: support for the corresponding opinion, divergences
between the paired evidence, and overall content completeness
and distinctiveness. Then the selection process is formulated as a
submodular optimization problem, which allows for an efficient
approximate solution using a greedy algorithm.

We conduct experiments on two benchmark datasets, and the re-
sults show that our method outperforms the state-of-the-art (SOTA)
methods across multiple metrics and human evaluation, while in-
curring lower computational overhead. Ablation studies confirm
the effectiveness of both the document partition and summary ex-
tension components. We evaluate the quality of the explanation set
using a high-performance LLM and human evaluation. The results
show that, compared with two baseline methods, our approach
identifies more comprehensive evidence that better reflects the
divergences between opinions.

2 Related works

Due to the computational cost of constructing high-quality super-
vised data, existing researches have primarily focused on unsu-
pervised methods. These methods can be broadly categorized into
two groups. One is the task-tuned methods that aim to inject the
domain-specific knowledge into the model. Another type is the
LLM-based methods that directly leverage the knowledge embed-
ded in LLMs. The following sections provide a detailed discussion
of these methods. Additionally, we summarize several insightful
interpretability techniques relevant to the summarization task.

2.1 Task-tuned methods for summarization

These methods primarily fall into two categories: those that con-
struct pseudo-summaries based on key information selection, and
those that leverage autoencoder frameworks for self-supervised
training based on the domain data.

To construct the pseudo-summaries, the ConsistSum method [14]
defines the distance between two documents based on sentiment
and aspect, and selects the document that is most central among
the source documents as a pseudo-summary. Similar to ConsistSum,
OPINESUM slices the source documents into multiple propositions
and selects those that are widely entailed by the other documents
to construct the pseudo-summary [26]. For the second category,
COPYCAT [5] trains a variational autoencoder (VAE) [15] by recon-
structing a source document from the remaining documents, with
the innovativeness of the reconstruction controlled via latent vari-
ables. At inference time, the model constrains novelty to be minimal,
encouraging the generation of consensus opinions. MeanSum([7]
learn the representation of each document by reconstructing the
input documents[7], and generates a summary by decoding from
the average semantic representation of multiple input documents.
While both approaches aim to model domain-relevant content, they
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often underrepresent minority opinions, limiting their effectiveness
for faithful opinion summarization.

2.2 LLM-based method for summarization

These methods primarily focus on designing prompts or decom-
posing the summarization task into multiple simpler sub-tasks that
LLMs can handle, thereby effectively leverage the knowledge in
LLM.

To construct high-quality prompts, the CPSum, Summit and Self-
Refine methods use LLMs to evaluate the generated summaries and
calibrate the prompts based on the evaluation results[27, 32, 35].
For instance, CPSum iteratively selects high-quality opinions from
the generated summaries, and incorporates them to the prompts for
guiding LLMs to retain important opinions and explore new ones
[32]. While this kind of methods enhances the focus of LLMs to
minority opinions, the iterative process incurs high computational
overhead. Inspired by the chain-of-thought (CoT) technique [17],
several methods decompose the opinion summarization task into
a series of subtasks and design tailored prompts for each subtask,
thereby reducing the overall task complexity [3, 20, 21, 34]. For
example, AspDeSum [21] adopts LLMs to cluster the documents
based on aspects, generates a aspect-level summary for each clus-
ter, and then merges all aspect-level summaries into a complete
summary. Another representative method, SentiSum [20], adopts
a three-layer sentiment consolidation framework that emulates
the human meta-review writing process, where each layer accom-
plishes a distinct summarization-related subtask by an LLM. The
above methods enhance the semantic coverage of summaries with
respect to the source documents. However, they do not consider
the complementary or conflicting relationships between different
opinions throughout the summarization process, leading to a lack of
logical coherence among the opinions presented in the summaries.

2.3 Interpretable techniques for summarization

The tradition interpretability techniques primarily focus on su-
pervised methods, leveraging gradients and attention weights for
model interpretability. Gradient-based interpretation methods were
originally developed in the image domain, where the saliency score
(SS) of a pixel is computed by calculating the gradient of the model
output with respect to that pixel [30]. In the context of summa-
rization models, the saliency of each input word can be obtained
by computing the Euclidean norm of the gradient with respect to
its word embedding [13]. Attention-based interpretation methods
assume that attention weights are positively correlated with the
importance of the corresponding input positions [2, 11, 33]. Thus,
they achieve interpretability through outputting attention weights.
However, generating opinion summaries requires logic reasoning
across multiple documents, making it challenging to express inter-
pretability merely by identifying a few key words. Recently, the
representative methods such as ESCA[31], RTSUM[6] and SP[28]
introduce intermediate structures or control units into the summa-
rization process to enhance the interpretability of the generated
summaries. The quality of the explanations provided by these meth-
ods largely depends on the guidance of supervised data. In the
absence of such supervision, the explanations they produce often
lack accuracy and generalizability.
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Figure 1: The evidence-guided framework for faithful and interpretable opinion summarization. The agent in this framework
refers to an autonomous module that applies the designed prompts to guide LLMs.

3 Problem and framework

Given a document set D = {dy,da, - - ,d|p| }, the faithful and inter-
pretable opinion summarization aims to generate a summary S that
covers the diverse opinions in D while providing explanations for
the divergences between these opinions. For this task, we propose
an evidence-guided opinion summarization framework (EvioSum),
which is illustrated in Fig. 1 and the details are given below.

Our framework includes three components. The first compo-
nent generates the majority opinion and partitions the document
set D into three subsets, namely the support evidence set Dy, di-
vergent evidence set D, and neutral evidence set Dy, respectively.
The second component takes the majority opinion as the initial
summary and incrementally extends it by incorporating the diver-
gent opinions o0, from D, and the neutral opinions from Dj,. The
third component selects representative evidence from D, and D,
to construct an explanation set for explaining the key divergences
between oy, and o,.

3.1 Opinion-coverage Oriented Document
Partition

To ensure the opinion coverage of the summary, we partition the
source documents based on the majority opinion, as it is the most
salient opinion in the documents and can serve as a reference opin-
ion for interpreting and contrasting other opinions. To get the
majority opinion, we first extract the topic 7 of D by an LLM,
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denoted as 7 = LLM(D). Then the majority opinion oy, is ob-
tained by prompting LLM under 7 05, = LLM(DD, 7). Guided by
the majority opinion, the document set D is partitioned based on
the relationships between each document d € D and the major-
ity opinion. To better capture the differences between opinions,
rather than a simple opposition, we restrict the relationship types
to three categories: support for the majority opinion, divergence
from the majority opinion, and neutrality to the majority opinion.
We use function I(d, 0;;) € {1,—1,0} to denote the relationship
between document d and opinion o,, obtained by an LLM, where
values 1,-1,0 denotes the support, divergence, and neutrality rela-
tionships, respectively. As a result, D is partitioned into the support
evidence set Dy, = {d € D|I(d, 0,,) = 1}, divergent evidence set
Dy = {d € D|I(d, 0m) = —1} and neutral evidence set Dj,.

3.2 Evidence-guided Opinion Extension for
Summarization

To generate a faithful opinion summary, we adopt a step-wise gen-
eration process that begins with the majority opinion and progres-
sively incorporates other opinions derived from various evidence
sets. Specifically, we first initialize the summary with the majority
opinion, denoted as Sy, := (0r,). Then, for the divergent evidence
set Dy, we guide an LLM to generate an extended summary by
combining the initial opinion o,, with the new opinions from Dy,
denoted as Syp = LLM (01, Dy) = (0m, 0y), where oy is the new
extended opinion by D,, we call 0, as the divergent opinions. For
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the neutral evidence set Dy, the content is either irrelevant to the
topic or has different perspectives from the majority and diver-
gent opinions, thus we use it to supplement Sy,,, both to refine
the semantics of Sy, or to extract other opinions that are differ
from Sy, formally: S = LLM (S0, Dp) := (0, 04, 0n), where oy,
represents the newly interpreted opinions from Dy,.

3.3 Inducing Aspects for Divergence-focused
Explanation

Given two opinions oy, and 0, with their respective evidence sets
Dy, and Dy, this component aims to construct an explanation set
E* that contains multiple evidence pairs:

E* = arg max F(E') st |E'|<M (1)

where E = {(ej,ej) | e; € Dp,ej € Dy}, and M denotes the
maximum allowed number of evidence pairs in E*, F() denotes an
function that evaluates the set from the following three dimensions:

(1) High Support: e; and e; should support their corresponding
opinions oy, and oy, respectively.

(2) HighDivergence: e; and e; in each pair exhibits contradiction
in at least one shared aspect. An aspect refers to a specific
argumentative dimension of opinion.

(3) Distinctiveness and Completeness: Evidence pairs should
be distinct from one another and collectively cover multiple
aspects.

To construct E*, we first define the function F(), and then use a
submodular optimization algorithm to select evidence pairs that
maximize F(E*).

3.3.1 Evaluation of Explanation set. For the first two evaluation
dimensions, let sup() denote a function that returns the support
score, indicating how strongly the evidence supports the given
opinion. Let contra() denote another function to return the degree
of divergence between two pieces of evidence. sup() and contra()
can be implemented using an LLM or a pre-trained natural lan-
guage inference (NLI) model. Here, considering the computational
cost, we employ an NLI model and use the entailment probability
predicted by the model to represent the degree of support, while
the contradiction probability represents the degree of divergence.
Then for a candidate set E' C E of evidence pairs, the evaluation
results on the two dimensions are represented as follows, where o
is a hyperparameter:

Q(E,) = Z [a - sup(ej, om) - sup(ej, 0y)

(eiej)€E
(2)

To measure the distinctiveness and completeness of the evidence
pairs contained in E’, we first induce the aspects covered by the
evidence. Let A be the set of aspects that appear in both Dy, and Dy,
We employ an LLM to extract A along with a textual description
I(a) for each aspect a € A:

(a,1(a)) = LLM(Dpn, Do) ®)
Since different aspects should have different weights. The higher

the relevance of an aspect to the opinions o,, and o,, the better it
can capture the core divergences. To represent this property, we

+ (1 - a) - contra(e;, ej)]
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quantify the weight of each aspect by calculating the semantic
similarity between its aspect description and the two opinions:

sim (I(a), 0m) + sim (I(a), 0y)

a = 9 (4)

where, sim(-, -) denotes semantic similarity between two texts. Here

we choose the cosine similarity between the embeddings of the two
texts as sim(-, -).

Next, we quantify the relevance between an evidence pair and
an aspect so as to compute the completeness of all evidence pairs
with respect to the aspect set A. Specifically, for an evidence pair
p=(eiej) € E,, its relevance to an aspect a € A is defined as:

rel(p, a) = sim(e;, I(a)) * sim(ej,1(a)) (5)

and the completeness AspCover(E’) of the explanation set is defined
as the degree to which all aspects are represented in the set:

AspCover(E/) = Z Wa Z rel(p, a)

acA peE/

(6)

where, the square root is applied to reflect the diminishing returns:
as more evidence pairs cover the same aspect, the incremental
contribution decreases, preventing redundancy of any single aspect.

Finally, we combine the above three dimensions to form the final
evaluation function:

F(E') = Q(E') + A - AspCover(E ) 7)

Here, A is a hyperparameter that balances the two items based on

the evaluation priorities and can be flexibly adjusted according to
the application scenario.

3.3.2  Greedy Evidence Pair Selection. We treat the construction
of explanation set E* as a submodular optimization problem, i.e.,
maximizing F(E*) under the constraint |[E*| < M. A submodular
function is a set function with the diminishing returns property,
meaning the marginal gain of adding an element to a set decreases
as the set grows[23]. The F() is a non-decreasing concave function
that satisfies the properties of a submodular function, allowing the
optimization problem to be effectively solved using a greedy algo-
rithm. We adopt the greedy algorithm 1 to construct E*. To avoid
redundancy among evidence pairs, we stop collecting new pairs
when the marginal gain of adding a pair falls below a predefined
stop proportion of the gain obtained in the previous step.

4 Experiments

4.1 Datasets and Metrics

We use the Microblog Opinion Summarization datasets (MOS) [4]
for experiments. MOS contains two sub-datasets with different
topics: the UK Election Opinionated Dataset (EO) and the COVID-
19 Opinionated Dataset (CO). These two datasets are collected
from the Twitter site?, where EO contains documents related to
the election topics, and CO focuses on COVID-19 related topics.
Each sample in the two datasets includes multiple documents and a
manually generated summary that contains one or more opinions.
We evaluate the generated summaries using multiple metrics from
different perspectives. To assess the content similarity between
generated summaries and human-written references, we employ

Zhttps://twitter.com
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Algorithm 1: Algorithm for constructing explanation set

Input: Evidence sets Dy, Dy, maximum number of
evidence pairs M in E*
Output: The explanation set E*
1 Initialize E* < 0, E < {(e;,¢j) | e; € Dy, ej € Dy}, stop
proportion y, temporary marginal gain Aprey = 0;
2 while |[E*| <= M do
3 (e;",e;f) —
argmax(e, ¢,)ep\E+{F(E" U {(ei, €j)}) — F(E")};
4 A(e;‘,e;f) «— F(E*U {(e;f‘,ej.)}) — F(E¥); // The
marginal gain
5 if A(e], e;f) >=7y - Aprey then

6 E* < E" U (e}, e;);
k%Y.

7 Aprev < A(ei)ej),

8 end

9 end

o return E*

=

ROUGE [22] and BERTScore [36]. For the opinion coverage evalu-
ation, we adopt GEVAL [24], a metric that uses LLMs to perform
generative scoring by designing coverage-focused prompts.

4.2 Implementation Details

We choose Vicuna-7b as the backbone model for our framework.
To preserve its exploratory capacity, we set the temperature to 0.7.
We preprocess the source documents by removing usernames and
invalid character codes that do not contribute to content under-
standing. For achieving the similarity function sim(), we use the
all-MiniLM-L6-v2 model provided by the sentence-transformers
library® to encode the input texts and compute the cosine similarity
between their embeddings. We set the a to 0.5, A to 2 and y to 0.3.
The maximum number of evidence pairs M is set to 3. We use the
roberta-large-mnli[25] as the NLI model. For ROUGE evaluation, we
use the following configuration via PyRouge, a Python wrapper for
the ROUGE toolkit: ROUGE-1.55.pl -fA-a-c95-m-n2-24-u-p
0.5. Considering the invocation overhead, we use GPT-3.5-trubo as
the base LLM for GEVAL. The experiments are conducted on V100
GPUs. For our experimental results, we repeat the experiment 4
times and take the mean value. All the prompts used in our method
are shown in Fig. 3.

4.3 Comparison Methods

We compare our method with the following methods: Claude-3.5-
haiku, Claude-3.5-haiku,* GPT-40-mini > and DeepSeek-V3
6 are the commonly used LLMs on multiple tasks. We use the fol-
lowing prompts for guiding these LLMs: ‘Summarize the following
documents to generate a summary that contains the majority and
other opinions. The given documents are {D}. If there is no other opin-
ions, only output the majority opinion.” LexRank adopts the PageR-
ank algorithm to select important sentences based on a weighted

3https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
“https://www.anthropic.com/claude/

Shttps://openai.com/gpt-4

Shttps://www.deepseek.com/
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graph [8]. QT clusters similar sentences, quantifies the popularity
of each cluster, and extracts sentences from the most popular one
[1]. SummPip aggregates sentences into multiple clusters, and
compresses each cluster to construct a summary [37]. Copycat
models the summarization process with a hierarchical variational
autoencoder [15] and uses a pointer-generator mechanism [29]
to generate summaries [5]. OPINESUM [26] constructs pseudo-
summaries by a textual entailment model and uses these summaries
to train a summarization model. CPSum [32] is the SOTA method
on the MOS datasets. It iteratively optimizes prompts through the
feedback of the generated summary. BART-base [19] serves as a
supervised baseline, trained on the full training sets of both the EO
and CO datasets. EvioSum is our method.

4.4 Main Results

The main comparison results are shown in Table 1. The results
marked with ** are taken from the paper [4]. R-1, R-2, R-L and
R-SU4 denote ROUGE-1, ROUGE-2, ROUGE-L and ROUGE-SU4
[22], respectively. BS stands for BERTScore [36]. IC stands for the
complexity of LLM invocation. The results of CPSum come from the
original paper. The first block in Table 1 contains the results of LLMs,
and the second block includes unsupervised methods specifically
designed for opinion summarization tasks. We also show the results
of supervised BART-base method as the reference. The results show
that EvioSum outperforms all baseline methods across multiple
metrics. Compared to the state-of-the-art (SOTA) method CPSum,
EvioSum achieves better results for most evaluation metrics while
incurring lower overhead of LLM invocation. Specifically, CPSum
uses LLMs to check the support relationship between each source
document and each sentence in the generated summary, and uses
the check results to construct feedback for calibrating prompts. This
process is repeated several times until a predetermined stopping
condition is reached. As a result, the complexity of LLM invocation
is O(|D|?), whereas the complexity of our method is O(|D]).

Comparing the results of LLMs from the view of model size,
the performance improvements do not consistently align with in-
creases in model scale. Based on this observation, we argue that,
rather than simply employing larger models, developing effective
opinion-guidance strategies for steering LLMs plays a more criti-
cal role in enhancing summarization quality. We also observe that
the supervised model BART-base outperform existing LLM-based
methods in terms of ROUGE metrics. However, for the semantic
similarity-based metric BERTScore, supervised methods do not ex-
hibit strong performance. This indicates that the BART-base model
is more dependent on lexical overlap, whereas LLM-based methods
are better at capturing semantics.

5 Model Analysis
5.1 Evaluation of Opinion Coverage

The opinion coverage can be evaluated in two perspectives, one is
against the source documents and another is against the reference
summary. High opinion coverage reflects that the key opinions
in source documents or reference are adequately covered by the
summary. However, summaries with high coverage may include
repeated or overlapping content, reducing its clarity. To address
the above issue, we incorporate redundancy as an additional factor
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Table 1: Model Comparison Results
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Election Opinionated Data(EO)

CoVID-19 Opinionated Data(CO)

Method R1 R2 RL RSU4 BS RI R2 RL RSU4 BS IC
LLMs:
Claude-3.5-haiku 29.56 9.22 2528 1083 0.859 2632 830 2290 10.02 0.850 0(1)
Claude-3.5-sonnet 28.90 9.10 25.14 1053 0.858 25.67 7.80 22.43 9.85 0.850 0(1)
DeepSeek-V3 29.80 8.91 2591 10.63 0.857 2578 7.53 22.74 9.33 0.848 0(1)
GPT-40-mini 28.44  8.20 2435 1051 0.857 25.05 6.95 21.67 9.25 0.849 0(1)
Unsupervised methods:
LexRank* 14.27 1.15 9.62 - 0.856  16.41 1.48 10.89 - 0.843 -
QT* 14.78 1.08 9.45 - - 14.23  1.03 9.55 - - -
SummPip* 13.05 1.15 8.90 - - 1296  1.37 9.32 - - -
Copycat® 14.05 1.56 10.25 - - 12.47 1.31 9.41 - - -
OPINESUM 31.58 4.58 23.79 9.03 0.843 27.88 4.42 21.45 7.81 0.834 -
CPSum 3356 10.82 27.78 13.00 0.867 29.81 9.67 2457 11.47 0.855 O(|D|2)
EvioSum 34.21 10.77 29.91 13.05 0.868 30.25 8.26 2599 10.90 0.855 O(|DJ)
Supervised methods:
BART-base 3833 1248 2949 15.18 0.848 33.88 10.73 27.22 13.06  0.830 -
Table 2: Model Comparison in Terms of Opinion Coverage [H Thebase resuts of LLM W The results of EvioSum
w 35
Method Opinion Coverage Opinion Coverage 30 | % s gg
against reference  against source documents 2 20
Deepseek-V3 0.791 0.858 w15 10220
GPT-4o-mini 0.782 0.866 10 = o
OPINESUM 0.266 0.606 0 0
CPSum 0.726 0.869 RL R RLRSUL R Re RLRSU
EvioSum 0.798 0.908 (a) Vicuna-7B
40 30 | s
2848061 21672194
when evaluating opinion coverage. Specifically, we separately com- %0 3% 20
bine the content redundancy with each of the two perspectives of 20 oo 10 . 025 55

opinion coverage by GEVAL [24], with prompts shown in Fig. 3.

The results in Table 2 show that our method outperforms the
comparison methods on both perspectives of opinion coverage.
These observations highlight the impact of the document partition
and opinion extension mechanisms in the summary generation
process. Specifically, the document partition organizes the inter-
relationships between the opinions in the source documents, and
enhances the LLM’s ability to focus on multiple opinions, leading to
summaries with higher opinion coverage. Meanwhile, the opinion
extension enhances semantic coherence and helps avoid repetitive
content in the generated summaries.

5.2 The Adaptation to Different LLMs

To verify the robustness of our framework across different LLMs,
we conduct experiments based on three LLMs: Vicuna-7B, GPT-
40-mini, and Claude-3.5-Sonnet. The results are presented in Fig 2,
where the blue bars represent the baseline results obtained by guid-
ing LLMs using the regular prompts in Section 4.3, and the orange
bars indicate the results of our method based on the same LLM.
The comparison results show that EvioSum achieves performance
improvements across all LLMs, demonstrating the robustness of
our framework to different backbones. Notably, compared to the

697

10

R1 R2 R-L

R-SU4 R1 R2 R-L

R-SU4

(b) GPT-40-mini

40
30
20

o.g5 1065
10

0
R-SU4 R1 R2 R-L

R1 R2 R-L R-SU4

(c) Claude-3.5-Sonnet

Figure 2: Performance of EvioSum on different LLMs

percentage of improvements on ROUGE-2 and ROUGE-SU4 scores,
EvioSum achieves more substantial gains on ROUGE-1 and ROUGE-
L. This suggests that EvioSum is particularly effective in improv-
ing lexical accuracy and logical coherence, while also preserving
phrase-level collocations.



EvioSum: An Evidence-Guided Generation Framework for Faithful and Interpretable Opinion Summarization

WSDM 26, February 22-26, 2026, Boise, ID, USA

Table 3: Ablation Study

Model EO Dataset CO Dataset
R1 R2 RL RSU4 Ri1 R2 RL RSU4
EvioSum 34.21 10.77 2991 13.05 30.25 8.26 2599 10.90
w/0 Majority -0.80 -0.11 -0.72 -045 -0.65 -0.20 -0.90 -0.27
w/o Extension -0.89 -0.55 -1.03 -0.37 -2.26 -0.36 -1.64 -0.55

Table 4: Comparison of EvioSum with Sel-sim and Sel-1lm

EO dataset CO dataset

Method M Win Loss Win Loss
1 36 12 29 14
EvioSum VS Sel-sim 2 42 6 38 5
3 43 5 36 7
1 42 6 36 7
EvioSum VS Sel-llm 2 45 3 40 3
3 46 2 40 3

5.3 Ablation Study

There are two key components in our method: the majority opinion
guided document partition and the opinion extension. To evaluate
their contributions, we conduct two ablation experiments, with the
results presented in Table 3. In the w/o Majority setting, we re-
move the guidance of majority opinion and instead directly prompt
the LLM to partition the source documents into multiple evidence
sets. Then the largest sets is used to generate the majority opinion
by LLM, after which the remaining sets are used to extend and
complement the majority opinion. In the w/o Extension setting,
we remove the opinion extension mechanism. Instead, we generate
individual opinions for each evidence set by LLM and then use the
same LLM to merge these opinions into a final summary.

The results in Table 3 show that both components contribute
to the model performance. Moreover, we find that the opinion
extensions have a more significant effect on CO dataset than on EO
dataset. One possible reason is that the COVID-19-related opinions
in CO dataset tend to exhibit more clearly oppositions and stances.
In contrast, the election-related EO dataset involves more nuanced,
ideologically entangled, making it harder for the opinion extension
component produce logically coherent summaries.

5.4 The Evaluation Results of Explanation Set

Due to the absence of comparison methods, to explore whether
the explanation set E* accurately reflects the underlying diver-
gences between the opinions o, and 0,, we construct two base-
line methods, Sel-sim and Sel-1lm. The Sel-sim method forms
E* by selecting the documents that are semantics similar to the
opinions op; and o, respectively, formally: E* = {(E;, E;) | E;
Top-M{d|Sim(d, om)}, Ej = Top-M{d|Sim(d, 0,)}, where Top-M{}
denotes selecting the M evidence with the highest similarity. The
Sel-1lm method directly uses the GPT-3.5-turbo to select M evi-
dence pairs from the document set D based on o, and o,.
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Table 5: Human Evaluation Results

Evaluation target =~ Comparison methods Win Tie Loss
Summary EyioSum VS CPSum 17 9 4
EvioSum VS DeepSeek 19 7 4
Explanation Set EvioSum VS Sel-sim 18 4 8

We adopt a pairwise evaluation to compare our method with the
above two methods. We present the explanation set generated by
our method and comparison methods, along with the opinions o,
and 0y, to GPT-4 and ask it to judge which set better captures the
divergence between the two opinions. The used prompt is shown
in Fig. 3. We count the number of winning cases for each method.
If a summary does not contain any divergent opinions, i.e., the
divergent evidence set is empty, it is excluded from the results.
The results in Table 4 show that our method wins over Sel-sim
and Sel-1lm in more cases, demonstrating its ability to faithfully
capture the divergence between opinions. We can also see that
the advantage of our method becomes more pronounced as the
number of evidence pairs increases, since a larger M allows it to
cover a wider range of aspects between o0, and 0,. In contrast, the
baseline methods tend to select evidence that is semantically similar
or repetitive, resulting in redundancy and limited representation of
the underlying divergences.

5.5 Human Evaluation

We randomly selected 30 out of 100 samples for human evaluation
and recruited three annotators. Each annotator has experience in
summary evaluation. To reduce subjective bias stemming from indi-
vidual differences in scoring scales, we employed a pairwise evalua-
tion strategy. This strategy requires annotators to directly compare
two system outputs and indicate which one is better, thereby facili-
tating more consistent and reliable judgments.

To evaluate the generated summaries, we provide each annota-
tor with the source documents, the reference summary, and the
summaries generated by two comparison methods. To guide the
annotators, we clarify the evaluation requirements and design three
criteria that cover multiple dimensions: the coverage of opinions in
the reference, the factual consistency against the source documents,
and the logical organization of the opinions. We use Krippendorff s
alpha coefficient to measure the inter-annotator agreement. For
EvioSum VS CPSum, the value was 0.3646, and for EvioSum VS
DeepSeek, it was 0.3849, both indicating fair agreement. Due to
the highly subjective nature of evaluating summaries, these values
already indicate an acceptable agreement[9, 32].
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Table 6: Case Study

Topic: Film star Leonardo DiCaprio uses his Oscar-winning speech to raise the issue of climate change

Reference: Majority opinion: Leonardo DiCaprio is a hero for talking about climate change in his acceptance speech. We love him.
Let’s hope the world takes notice and takes action. Other opinions: Some think Leonardo DiCaprio is a hypocrite because he takes
flights in private jets. Some think that eating animals is a bigger problem, others think over-population is a bigger problem. A minority
claim climate change is a hoax. A minority believe that introducing the subject in an Oscar speech felt awkward

Generated Summaries

CPSum: There are different opinions on Leo DiCaprio’s Oscar acceptance speech about climate change. Some people appreciate his
use of the platform to raise awareness, while others criticize his hypocrisy for taking private jet flights. Some believe that addressing
climate change is important, while others dismiss it as a convenient issue.

GPT-40: The majority think Leonardo DiCaprio’s use of his Oscar acceptance speech to address climate change was a commendable
and impactful act. Many praised him for using his platform to draw attention to an important global issue rather than focusing on
personal accolades. Supporters appreciated his call to action on climate change and hoped his words would inspire greater awareness
and action. ... A minority criticized DiCaprio’s focus on climate change, with some labeling it hypocritical due to his reported use of
private jets and luxury lifestyles, which they feel contradict his environmental advocacy. Others expressed skepticism, questioning the
effectiveness of his message or dismissing the urgency of climate change altogether. Some found his approach awkward or poorly
received...

EvioSum:

The majority opinion: The majority opinion think that Leonardo DiCaprio’s speech on climate change at the Oscars was significant
and impactful, as it brought attention to a pressing global issue and inspired action among viewers.

The divergent opinion: However, others question DiCaprio’s commitment to climate change by pointing out his use
of private airplanes, express skepticism about people actually taking climate change seriously, or criticize the integration
of climate change rhetoric into speeches. Furthermore, some believe that population growth poses a similar threat to
the planet as climate change, and emphasize the need for a more holistic approach to addressing environmental issues.

Explanation Set: The evidence pairs for explaining the divergence between the majority opinion 0,, and the divergent
opinion 0,,.

Aspect 1: Climate change as a global issue Aspect 2: Utilizing the Oscars platform\"\i

for advocacy
Pair 3: (Great that Leonardo DiCaprio used the
Oscars platform to address climate change VS
There's something awkward about Leonardo
DiCaprio trying to shoechorn climate change
_ rhetoric into his speech. )

Pair 1: (I love how Leonardo DiCaprio related his speech back to climate P

change VS There's something awkward about Leonardo DiCaprio trying to

shoehorn climate change rhetoric into his speech. )

Pair 2: ( So great to see Leonardo DiCaprio talking about climate change in
{ his acceptance speech VS There's something awkward about Leonardo
% DiCaprio trying to shoehorn climate change rhetoric into his speech. )

Green represents evidence supporting the majority opinion, while brown represents evidence supporting the divergent opinion.

The evaluation results in Table 5 indicate that EvioSum demon-
strates a clear overall advantage. According to annotator feedback,
compared to CPSum and DeepSeek, the advantages of EvioSum lie
in its clear articulation of opinions, logical coherence, and greater
conciseness. Summaries generated by DeepSeek tend to list rather
than organize opinions. This illustrates a well-known limitation
of LLMs: without explicit guidance, they often fail to produce
well-structured outputs. CPSum leverages the feedback to calibrate
the prompts, enhancing the model’s attention to diverse opinions.
While its conciseness is comparable to that of EvioSum, it suffers
from weak logical connections between opinions in summaries.

To evaluate the explanation set, we provide each annotator with
the majority opinion, the divergent opinion and the explanation
set generated by two comparison methods. For each set, the an-
notators are asked to judge whether the divergence between the
evidence accurately reflects the divergence between the majority
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and divergent opinions. The Krippendorff’s alpha coefficient be-
tween the annotators is 0.704, which denotes a high inter-annotator
agreement. The evaluation results presented in the Table 5 indicate
that our method is able to identify more effective evidence. The
Sel-sim method has two main limitations. First, the retrieved evi-
dence is not guaranteed to support the corresponding opinion, as
high semantic similarity with the opinion does not indicate stance
alignment. Second, some evidence is highly relevant to both the
majority and divergent opinions, which results in retrieving the
same evidence for both the majority and divergent opinion.

5.6 Case Study

To visually compare different methods, we present the generated
summaries in Table 6, where the co-occurring opinions in both
the reference and the generated summaries are highlighted in blue.
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Obtain topic

Summarize the topic discussed in the documents by a short sentence
that contains no more than 15 words.

The given documents are : {#D}.

Returns the results as the following format ‘The topic is ...".

!
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Construct evidence set

Regarding the topic ‘{#7}’, determine whether the document {#
d}’ aligns with the opinion ‘{#o,,}” from a stance perspective.
Here, “stance” refers to the attitudinal tendency towards the topic.
Answer using “align”,“diverge” or “not clearly”.

Summary extension by D,

Optionally update the original summary by selecting some key
opinions from the following documents that are semantically
different from the original summary'. If you feel you don't need to
update it, just output the original summary.

The original summary is '{#8,, }' "

the documents are : {#D,, }. "

Obtain aspect and description
You will be given a list of opinion document and a topic. Your task
is to identify multiple aspects that are common across these
documents, and provide a short explanation for each aspect based
on both the topic and the document contents.
Output example format:{ "<Aspect>": "<concise explanation of the
aspect>"}

Definition of ‘aspects’:

A aspect refers to a general argument perspective of the opinions.
Not the topic of opinons. For example the "Use of celebrity
platform for advocacy", "Public awareness and motivation on
climate change”.

Instructions:

- Include only aspects that are relevant to and present in the
documents.

- Explanations must be concise (1-2 sentences) and specific to the
given documents.

- Do not include any extra text outside the JSON.

Topic: {#7}; Documents: {#D}

!

Obtain the majority opinion

For the topic '{#7}', summarize the following documents to generate
a 30-words majority opinion : {#D}. Return the answer by the
format: The majority think that......

!

Summary extension by D,

Summarize the opinions in the following documents that are differ
from the majority opinion ‘#o,,’.Then generate a 30-word summary
that contains diverse opinions: {#D,, }.

Continue writing with the following text: ‘{#0,,}, however, others ..."

!

Evaluation on explanation set

You are given four sets: Setl, Set2, Set3, and Set4. Each set
consists of two lists of sentences: one supporting opinion A and one
supporting opinion B. Your task is to determine whether the
divergence between Setl and Set2 better reflects the disagreement
between Opinion A and Opinion B than the divergence between
Set3 and Set4. Focus on the clarity, relevance, aspect coverage, and
contrast between the two sides. The contents of the set should focus
on different aspects of the divergence.

Respond with "1" if the divergence between Setl and Set2 better
captures the divergence between Opinion A and Opinion B, "0"
otherwise.

Output Json format: {"results": "1 or 0"}
Set 1: {#E;}; Set 2: {#E;'}; Set 3:{#E/}; Set 4:{#E]}
opinion A: {#0,,}; opinion B:{#0,}

Figure 3: Prompts Used in Our Method

Compared to the baseline methods, we find that the summaries gen-
erated by EvioSum cover a greater portion of the opinions presented
in the reference summaries. Some opinions such as the ‘population
growth’ related opinion are overlooked by other methods. However,
they are successfully captured by our method. We also observe
that EvioSum effectively organizes multiple opinions, and the se-
mantic relationships among these opinions are logically coherent,
which reflects the guiding roles of document partition and opinion
extension in our method. We also present the explanation set corre-
sponding to the summaries generated by EvioSum at the bottom
of Table 6, where the high support evidence can be ranked by the
function sup() in Section3.3. We observe that the evidence pairs
generated by our method effectively cover aspects underlying both
the majority and divergent opinions. For example, it covers two
important aspects of the public concern: ’limate issues’ and the
’Oscars platform’. For each aspect, the pairs not only substantiate
the respective opinions but also clearly reveal the aspect-specific
representation of the divergences.

6 Conclusions

For the faithful and interpretable opinion summarization task, we
propose the evidence-guided framework, which firsts generate ma-
jority opinion to partition source documents into multiple evidence
sets, and then extracts opinions from each sets to form a summary.
This not only improves the interpretability by revealing the asso-
ciation between opinions and their supporting evidence, but also
ensures the semantic relevance between opinions in summaries. To
explain the divergence between opinions in summaries, we select
evidence from different evidence sets to construct an explanation set
by designing a submodular optimization algorithm. Experiments
on two benchmark datasets demonstrate that our summarization
method outperforms multiple baselines. Both LLM and human-
based evaluations demonstrate that our method identifies more
comprehensive evidence that better captures opinion divergences.
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8 Ethical Considerations

This work focuses on opinion summarization from publicly avail-
able text data. It does not involve collection or use of personal or
sensitive information. We do not foresee negative societal impacts
related to fairness, privacy, security, safety, or misuse.
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