HELPFULSUMM: Helpful Personalized Opinion Summarization via
Reinforcement Learning from Review Helpfulness Votes

Anonymous ACL submission

Abstract

Personalized opinion summarization (POS)
aims to generate a targeted summary of prod-
uct reviews that is tailored to an individual
user’s needs and interests. Few existing stud-
ies mainly rely on persona representations de-
rived from user-written reviews for personal-
ization, which may not fully capture user in-
terests and fail on cold-start users who have
not authored reviews. In real-life social plat-
form, helpfulness votes on reviews represent
opinions helpful and of interest to users. In
this paper, we develop HELPFULSUMM, a
reinforcement-learning-based model that uti-
lizes user historical helpfulness votes for align-
ment with user preference in both Knowl-
edge Consistency and Persona Consistency,
using dual rewards: (i) Helpful Opinion and
(i1) Persona Alignment. Experimental results
show that HELPFULSUMM outperforms exist-
ing persona-based and general opinion summa-
rization approaches and provide more helpful
opinions and at higher information and person-
alization quality. Our source code is available
at: https://anonymous.4open.science/r/
HELPFULSUMM-A233

1 Introduction

Online reviews have become essential for e-
commerce platforms, allowing potential customers
to gain insights about a product from past buy-
ers. With the ever-growing prevalence of opinions
and increasing numbers of users with varied back-
grounds, general opinion summarization (BraZin-
skas et al., 2020; Amplayo and Lapata, 2020; Tang
et al., 2024a,b) has become ineffective to cater to
diverse needs of individual users.

Few existing personalized opinion summariza-
tion studies relied on user-written reviews history
as signals to generate summaries aligned with user
persona (e.g., writing styles) (Cheng et al., 2023;
Shang et al., 2025). Recently, Zhang et al. (2025)
proposes a multi-agent pipeline that role-plays user

Personalized Helpful Opinion Summary (Ours)

The iPod Shuffle is a great option for anyone looking for a simple and easy-to-use music player. With its small
and lightweight design, it's perfect for carrying around in your pocket or clipped to your clothing. The device
has a simple and intuitive interface that makes it easy to navigate, and the sound quality is excellent. The iPod
Shuffle is also easy to charge and has a long battery life, making it a great option for you when you want to
listen to music on the go. The device is designed to work seamlessly with iTunes, making it easy to transfer

music and manage your library.

Persona-based Personalized Opinion Summary

The Apple iPod Shuffle (1GB) is a compact, lightweight, and durable MP3 player designed for users who
prioritize portability and simplicity. While it lacks advanced features and has limited storage, it excels as a

no-frills device for on-the-go music listening, particularly during exercise or travel.

General Opinion Summary

The iPod Shuffle (1GB) is a stylish, durable, and user-friendly MP3 player that excels in portability and simplicity.
While it lacks advanced features and has limited storage, it is a great choice for users seeking a lightweight and

affordable device for on-the-go music. However, those requiring more functionality or storage may want to

consider other options in the iPod lineup or ing MP3 players.

Figure 1: Comparison of HELPFULSUMM and previous
summarization approaches. Different colors represent
opinions in different aspects. HELPFULSUMM adds
helpful opinions and details on product versality (green),
“battery” (blue), and “accessibility (with [Tunes)” (red).

persona to rewrite general summaries for personal-
ized summaries. However, the persona of user inter-
est is modelled based on the user-written reviews,
which might not always be available in practice and
may not fully capture all user personal interest.

From an information quality perspective, help-
ful opinions are those receiving more attention
and credit from user (Xiong, 2013; Mudambi and
Schuff, 2010; Tay et al., 2020). To this end, user
helpfulness votes on reviews were proven to not
only to produce more useful summary (Xiong,
2013) but also enhance personalization (Hirsch
et al., 2025). Hereafter helpfulness refers to histo-
cial helpfulness vote on reviews not the direct user
feedback on LLM generations (Bai et al., 2022).

In this paper, we proposed HELPFULSUMM, a
RL-based model that leverages user’s historical re-
view helpfulness votes to ground the end-to-end
generation of personalized summary on helpful
opinions. HELPFULSUMM combines two comple-
mentary rewards — Helpful Opinion and Persona
Alignment- to optimize LLLM generation. While
Helpful Opinion estimates the helpfulness vote
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from users on opinions in the generated summary,
Persona Alignment scores the summary’s language
quality against the user persona, i.e., profile, in-
ferred from user’s historical data. Figure 1 com-
pares summary generated by HELPFULSUMM with
previous approaches. While general summary pro-
vides high-level opinions, persona-based personal-
ized summary only rewrites the general summary
by focusing more on “portability” and removing
critique on “functionality”. In contrast, our ap-
proach better understands user persona by empha-
sizing “carrying around your pocket” as specific
use case for “portability”, while also adds more
helpful opinions on “battery”, and “accessibility”.
Our contribution are:

* We leverage historical user review helpfulness
votes to model user interests and ground per-
sonalization in helpful opinions for users.

* We propose HELPFULSUMM, the first RL-
based model for POS that combines two re-
wards signal from Helpful Opinion (ensured
opinions captured in the generated summary
to receive high helpfulness votes from the
user) and Persona Alignment (ensured the
summary language quality to match with
the user persona such as expression habit).
Our experiments show that HELPFULSUMM
achieves 3.11 times improvement in textual
quality, up to 75% more helpful opinions in
the summary, and 2.67 times improvement in
personalization quality over existing systems.

¢ We introduce CIAOHELPFUL, the first dataset
for training and evaluation of end-to-end mod-
els for helpful POS, leveraging user review
helpfulness votes for human-LLM collabora-
tive annotation of gold personalized summary.

2 Related Work

2.1 Review Opinion Summarization

Opinion summarization (Chu and Liu, 2019;
BraZzinskas et al., 2020; Amplayo and Lapata, 2020)
generally aims at capturing the salient information
from source reviews. Recently, opinion summariza-
tion has made progress through Key Point Analysis
(KPA), which summarizes reviews into concise,
representative statements called key points (KPs)
while also quantifying their prevalence as a bullet-
like summary (Bar-Haim et al., 2021; Tang et al.,
2024a,b). However, these studies has become inef-
fective to cater to diverse needs of individual users.

Existing personalized opinion summarization
studies relied on user-written reviews history as
signals to generate summaries aligned with user
persona (Cheng et al., 2023; Shang et al., 2025).
Recently, leveraging LLLM personalization capa-
bility, Zhang et al. (2025) proposes a multi-agent
pipeline that role-play user suggestion to rewrite a
general summary for personalized summary. How-
ever, the framework requires rewriting a general
summary and is cluttered with many stages, which
may not fully capture the user interests and poten-
tially gives rise to cascading errors (Kleinberg et al.,
2007). Meanwhile, the persona of user interest is
modelled based on the user-written reviews, which
might not always be available in practice.

For helpful review summarization, although
Xiong (2013) early adopted helpfulness votes to
extract helpful reviews for more useful summary
generation, they focus on general majority opin-
ions. Still, user-specific review helpfulness votes
is left unexplored to advance personalized opinion
summarization.

2.2 RLHF for LLMs Personalization &
Summarization

Studies on LL.Ms personalization primarily focus
on how to meet user expectations and fulfill their
needs. The main approach for aligning LLMs with
user intentions typically relies on reinforcement
learning from human feedback (Xu et al., 2023;
Achiam et al., 2023) (RLHF), where reward mod-
els are trained using direct user preferences to im-
prove generic response helpfulness and harmless-
ness. Recent approaches further explore group-
level or collaborative preference modeling (Shen
etal., 2025; Choi et al., 2025) to cater to diverse and
heterogeneous user groups, i.e., pluralistic align-
ment (Sorensen et al., 2024). However, existing per-
sonalization studies still rely on explicit and direct
user feedback on LLM generations for training, and
focus on general-purpose alignment tasks rather
than summarization. Moreover, the reward model-
ing still has not incorporate long-term behavioral
signals (e.g., review history or social voting), mak-
ing personalization remain coarse-grained without
tailoring the output to individual.

Meanwhile, for summarization, RLHF has also
been employed to optimize summary genera-
tion (Stiennon et al., 2020; Huang et al., 2024;
Gooding and Mansoor, 2023). Previous abstractive
summarization studies applied RL to enhance align-
ment with general human feedback (Stiennon et al.,



2020) or remove polarity bias (Lei et al., 2024) be-
tween generated summaries and input comments.
However, the use of RL to optimize personalized
opinion summarization is still left under-explored.

3 Helpful Personalized Opinion
Summarization

Let c denote a category (e.g., Books, Electronics),

R, = {r; }'fi"ll denote a set of review comments on
a product e from c, a user u, and H,, . the written
or voted review history of user u on other products
from c. Inspired by the two dimensions (Knowl-
edge Consistency and Persona Consistency) of Tu
et al. (2024) to achieve personalization, our task
aims to generate a helpful personalized summary
S that (1) is grounded on a set of key points (KPs)
found helpful by the user based on their prefer-
ence from H, . and (2) matches with the user’s
persona (e.g., personality traits, writing style) in-
ferred from H,, . to maximize engagement and res-
onance. Conceptually, a key point is short salience
statement representing an opinion from product
reviews(Bar-Haim et al., 2021), while helpful opin-
ions are those receiving more attention and credit
from the user (Xiong, 2013). From Figure 1, an
example of helpful KP is: “It’s perfect for carrying
around in your pocket”, as the user historically vote
helpful for reviews emphasizing the “portability”
of other products in excercise activities.

4 Human-LLM Collaborative Annotation
for the CIAOHELPFUL Dataset

To our best knowledge, there do not exist datasets
of annotated personalised summaries of opinions.
Existing studies on POS (Zhang et al., 2025) use
user-written reviews as proxy personalised sum-
maries, which may not be reliable. Therefore,
we construct the CTAOHELPFUL dataset based on
Ciao (Tang et al., 2012), an European e-commerce
corpus. Unlike Amazon (Gupta et al., 2019) or
Yelp!, which lacks or only report total helpful
vote counts, Ciao provides helpfulness votes of
each user on reviews with fine-grained rating (0-5).
From Ciao, we only select users u with > 3 votes
and > 1 written review per product to ensure opin-
ion diversity, and then sample 50 reviews for each
interaction type to form H, .. The final dataset
comprises 5,496 samples across 20 categories.
Crafting a comprehensive summary personalized
for a user is laborious and time-consuming, if not

"https://www.yelp.com/dataset

impossible. Research shows LLM’s strong annota-
tion capabilities (He et al., 2024), and so we design
a five-stage human-LLM collaborative annotation
pipeline, shown in Figure 2. Details of prompts
utilized for each stage are provided in Appendix A.

Stage 1: KP Extraction From User Reviews A
good personalized summary should be grounded
in opinions that users actually find helpful. We
therefore treat reviews written or voted by a user
on a product (12, ¢) as ideal source of gold helpful
knowledge. Since reviews may contain overlapping
opinions, we prompt GPT-4.1 to extract concise
and unique KPs from R, .. Human validation con-
firms that 95% of user reviews were represented
by extracted KPs, while 93.38% of the KPs are
verified as valid (Appendix B)

Stage 2: KP Helpfulness Score Calculation As
reviews may express mixed opinions and user votes
may vary across reviews>, we calculate user help-
fulness votes at the KP level. Following Bar-Haim
et al. (2021), we match extracted KPs to reviews
using GPT-40-mini, and validate the matches with
three MTurk annotators (Bar-Haim et al., 2020).
The helpfulness score of each KP is computed as
the average rating of its matched reviews.

Stage 3: User Profile Generation Aside helpful-
ness, a KP should align with the user profile. We
therefore prompt GPT-4.1 to infer a user profile
from user reviews history on similar-category prod-
ucts, covering six characteristics (e.g., personality
traits from §5.2). For historical voted reviews, we
only select those with high rating (> 3).

Stage 4: Helpful KP Filtering & Ranking We
retain KPs with helpfulness scores > 3 (Stage 2)
and further filter them by alignment with the in-
ferred user profile (Stage 3). Using GPT-4.1, we
keep only KPs aligned with all profile characteris-
tics and ranked them by helpfulness score. (67.93%
of candidates are profile-aligned to be helpful).

Stage 5: Personalized Summary Annotation
Given the filtered helpful KPs and user profile, we
prompt GPT-4.1 to generate a personalized sum-
mary. This draft is iteratively refined using feed-
back from MTurk annotators on alignment with
each profile characteristic (e.g., expression habits).
LLMs are preferred for generation, as humans can
be subjective and cannot accurately simulate other
personas. The core statistics of CIAOHELPFUL are

“not all opinions in a high-rated reviews are truly helpful
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Figure 2: Illustration of the human-LLM collaborative annotation pipeline for CIAOHELPFUL.

Statistic

# Product Categories 20

# Total Instances 5496

# Products / # User 2787/1197
# Reviews Per Product 19.29

# User Voted Reviews Per Instance 05.55

# User Written Reviews Per Instance 01.01
Vote Helpfulness Rating Per Instance 03.60

" #KPs Extracted Per Instance (Stage 1) | 1779

# Reviews Matched Per KP (Stage 2) 02.54
KP-Level Helpfulness Per Instance (Stage 2) 03.68

% of Profile-aligned Per Instance (Stage 4) 67.93

# Helpful KPs Per Instance (Stage 4) 09.97
Summary Length (Stage 5) 309.8

Table 1: Core statistics of the train and test set within
the CIAOHELPFUL dataset. An instance considers the
personalized summarization of a product towards a user.

in Table 1. Notably, users prefers voting over writ-
ing gold reviews (5.54 vs 1.01), again highlighting
the importance of vote information for annotation.

5 RL with Review Helpfulness Votes

We propose HELPFULSUMM, a RL-based model
optimized for POS by leveraging users’ histori-
cal review helpfulness votes. Following the stan-
dard RLHF training paradigm, HELPFULSUMM is
trained in two stages. In the first stage of Super-
vised Fine-tuning, we first obtain a base summa-
rizer (HelpfulSumm-FT) by instruction-finetuning
an LLM with a specialized Chain-of-Thought
(CoT) prompt that guides the model to identify
(1) the user profile and (2) profile-conditioned
helpful key points (KPs) during summary gener-
ation (Appendix D and E). In the second stage
of Reinforcement learning, we further optimize
HelpfulSumm-FT by aligning its generated sum-
mary ¢ with two objectives representing above two
personalization metrics (Tu et al., 2024) (Figure 3):
(1) Helpful Opinion, which encourages inclusion
of user-preferred helpful opinions, and (2) Persona
Alignment, which encourages matching the sum-
mary language with user persona (e.g., expression
habits) Formally, we define the reward function as:

where Ry and R p denote the Helpful Opinion and
Persona Alignment rewards computed between the

generated summary ¥ and the user’s history H,, .
The hyperparameter «, 3 represent weights for the
respective rewards. We refer to the RL-optimized
summarizer as HelpfulSumm-RL.

5.1 From Review Helpfulness to Helpful
Opinion Reward

The purpose of Helpful Opinion Reward is to max-
imize the helpfulness of opinions (i.e., KPs) in-
cluded in the summary S with respect to the user’s
review history H, .. Rather than collecting direct
user feedback on KPs in generated summaries, we
employ a prediction model to estimate how help-
ful a user would rate each KP, inspired by previous
works on review helpfulness prediction (Chen et al.,
2022; Tay et al., 2020). Specifically, given a gener-
ated summary S by the base summarizer, we first
post-process it into a set of KPs3. The helpfulness
of each KP is then predicted based on the user’s
historical reviews. Since a summary may contain
multiple KPs, the overall helpfulness score is com-
puted as the average helpfulness across all KPs:

Ry(z,S) = ZfHkHuc) [0, 5]

‘K ik

where K denotes the set of extracted KPs and
fm predicts user-preferred helpfulness. Note that
the score range aligns with the common (0-5)
options for users to rate reviews helpfulness on
some platforms (e.g., Ciao), however, the val-
ues are continuous to accurately represent help-
fulness votes at the opinion level*. Note that
for this discriminative task, we adopt BERT-
based encoders (e.g., DeBERTa, RoOBERTa) rather
than generative LLMs. Empirically, fine-tuning
deberta-v2-xlarge yields the strongest perfor-
mance, outperforming both other encoders and
LLM-based scorers to produce score closest to ac-

*Using a simple LLM-based extractor prompted with
“Extract all key points from the above generated
personalized summary in Python list”.

*not all opinions in a review are equally helpful and a user
may rate different reviews differently.
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Figure 3: Illustration of personalized summarization with reinforcement learning of HELPFULSUMM.

tual (gold) helpfulness score (Appendix I and Q).
Training details are provided in Appendix F.

5.2 From Review Helpfulness to Persona
Alignment Reward

The Persona Alignment Reward aims to maximize
the alignment between the generated summary S
and the user persona inferred from the user history
H, .. Specifically, given a generated summary S
from the base summarizer, it evaluates how well S
reflects six persona characteristics from each user:
personality traits, core interests, expression habits,
evaluation priorities, shopping behavior, and inter-
esting product aspects (Zhang et al., 2025). Note
that we adopt LLM rather than BERT-based en-
coder, due to its generative and reasoning capabili-
ties to infer the user profile as intermediate content
to score each persona characteristic in this reward”.

Specifically, inspired by G-Eval (Liu et al.,
2023), which suggest using LLMs as reference-
free metrics for NLG evaluation, we adapt this
evaluator to the Persona Alignment evaluation task,
by prompting LLM to (1) infer the user profile for
expected characteristics and (2) score the align-
ment of S over all profile characteristics. Since
LLMs is better at scoring discrete values, the intu-
ition is prompting the LLMs to score the generated
summary and profile characteristics multiple times
and then take the average of all runs to achieve
fine-grained, continuous scores. Formally, given a
set of persona characteristics C' and multiple runs
r € {1,..., R}, the score for each run is:

1
s = ?f]ET];)N[(Sa Hy., O)
C|
and the final Persona Alignment Reward is:

R
1
Rp(z,8) = > s eo,5]

r=1
where fiim denotes the LLM-based evaluator.
Prompt templates are provided in Appendix J.

Swe assume that in practice, the user profile is unavailable

6 Experiment Setup

6.1 Implementation Details

HELPFULSUMM was experimented with two
LLMs: Llama-3.1-8B-Instruct® (Llama) and
Mistral-7B-Instruct-v@.3’ (Mistral). To en-
sure runtime and cost feasibility, we sample 500
instances, by selecting top 25 samples (by review
count) from each of the 20 product categories (e.g.,
Books) from CIAOHELPFUL Then. for each prod-
uct category, 20 samples (80%) are used for train-
ing (400 total), and 5 (100 total) for evaluation.
HelpfulSumm-RL and HelpfulSumm-FT are
implemented with TRL (von Werra et al., 2020)
and LoRA (Hu et al., 2021) for parameter-efficient
training. For HelpfulSumm-RL, we sample 1,000
extra instances (outside train/test sets) from CIAO-
HELPFUL and train RL on HelpfulSumm-FT us-
ing the Proximal Policy Optimization (PPO) algo-
rithm (Schulman et al., 2017), with the weights
«, [ for Helpful Opinion and Persona Alignment
reward in equation (1) are 0.6, 0.4. We adopt
the Kullback-Leibler (KL) divergence between the
training policy and the reference policy in regular-
ization and set the penalty coefficient to 0.2.

6.2 Baselines

We benchmark HELPFULSUMM against existing
multi-agent personalized opinion summarization
and general opinion summarization baselines.
HelpfulSumm-ICL Base LLMs ICL-prompted
for helpful personalized opinion summarization
using HELPFULSUMM’s CoT prompt instruction
(Appendix D). Few-shot training instances are con-
catenated with test instances, with the number of
few-shot examples optimized for context length:
3-shot for L1ama, and 2-shot for Mistral.
Rehearsal (Zhang et al., 2025) A multi-agent

6https://huggingface.co/meta—llama/Llama—3.
1-8B-Instruct

7https://huggingface.co/mistralai/
Mistral-7B-Instruct-vo.3
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pipeline that first generate a general summary from
product reviews, then rewrite the summary via a
role-played user agent and supervisor for continu-
ous evaluation and improvements. The baseline is
implemented in two variants: W(ritten) + V(oted)
and W(ritten) user reviews history as input.
PersonaSumm ICL-prompting LLM in one-
stage to first analyze the user’s interests based on
written review history and then generate a person-
alized summary based on the user’s interests and
the product review set. This baseline resembles the
persona-based personalized opinion summarization
models (Cheng et al., 2023; Shang et al., 2025).
GeneralSumm ICL-prompting LLM for general
opinion summarization that capture majority opin-
ion reviews, without receiving any personalized
instruction or input from user reviews history.

7 Results

7.1 How is the overall textual quality of
summaries?

In this experiment, we aim to automatically eval-
uate the textual quality of the generated summary,
at both the KP, i.e., opinion, and summary level,
against ground truth from CTAOHELPFUL. Helpful
KPs selected from the user gold voted/written re-
views on the product (Stage 4) and the annotated
personalized summary (Stage 5) from CIAOHELP-
FUL (§4) are utilized as reference summary and
KPs for this automatic evaluation. We post-process
the generated summary into a list of KPs using
LLM-based extractor as in §5.1.

We first assess lexical quality using ROUGE (Lin,
2004) at both summary and KP levels, where KP-
level ROUGE is computed by concatenating all
generated KPs and all reference KPs. We then
evaluate semantic quality using BLEURT (Sellam
et al., 2020), BERTScore (Zhang et al., 2020), and
BARTScore (Yuan et al., 2021), in which we cal-
culate soft-Precision/Recall/F1 (sP, sR and sF1) at
the KP level following Li et al. (2023). While sP
finds the reference KP with the highest similarity
score for each generated KP, sR is vice-versa, and
(sF'1) is the harmonic mean between sP and sR.

1 Z
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where f computes similarities between two indi-
vidual key points using defined semantic similarity

metrics, A, B is the set of generated and reference
KPs and n = |A| and m = |B], respectively.

Results Table 2 reports the summary and KP-
level textual quality across baselines, with KP-level
performance exhibiting clearer distinction. Overall,
HELPFULSUMM consistently outperforms other
baselines in all variants (-RL, -FT, -ICL), largely
due to our CoT prompt that guides LLMs to analyze
user profiles and infer helpful opinions from vot-
ing history. This also explains HelpfulSumm-ICL’s
advantage over PersonaSumm, although both anal-
yses user profile in ICL setting for summary gener-
ation. Importantly, thanks to optimization signals
from Helpful Opinion and Persona Alignment re-
wards, HelpfulSumm-RL surpasses HelpfulSumm-
FT and all baselines, with up to 3.11 times ROUGE-
2 gain (0.028 vs. 0.009) and a 0.23 absolute boost
in BARTScore (0.78 vs. 0.51). L1ama also outper-
forms Mistral as backbone for HelpfulSumm due
to stronger modeling capability.

For Rehearsal baselines, incorporating vote sig-
nal into input user review history leads up to 23%
gains. However, these multi-agent baselines still
cannot outperform HelpfulSumm, as LLMs can
become lazy to refine the summary after multiple
turns of role-played user suggestions due to long
context. Lastly, GeneralSumm, without person-
alization input and instruction, yields the lowest
textual quality due to generic summaries with re-
dundantly unhelpful opinions. Our manual evalu-
ation of KP information quality further validates
the above findings, as shown by the Bradley Terry
scores in Table 8 (Appendix K).

7.2 Do summaries contain helpful opinions?

We evaluate the summary helpfulness, i.e., how
opinions (KPs) in the summary are more credible
and capture more atention from the user, by esti-
mating the quality and coverage of helpful KPs in
the generated summary against ground truth from
CIAOHELPFUL, using two metrics: Summary Help-
ful KP Proportion (SHKP) and Summary Helpful-
ness Score (SHS). SHKP computes the propor-
tion of helpful KPs in the generated summary that
match ground-truth helpful KPs from CTAOHELP-
FUL (Precision, Recall). Specifically, for each in-
stance, we prompt GPT-4.1 to match KPs in the
generated summary with reference KPs in pairwise
(Appendix N). A KP is considered to be helpful
only if it matches with at least one reference KP.
Empirical validation shows GPT-4.1 annotations



ROUGE BERTScore BARTScore BLEURT
KP Summ Kp Summ KP Summ KP Summ
R-1 R-2 R-L R-1 R-2 R-L sP sR  sFl sP sR  sFl sP sR  sF1
HelpfulSumm—RL
+ Llama 0.152 0.028 0.139 0.400 0.087 0.176 049 045 047 025 0.72 078 0.75 058 037 037 037 048
+Mistral 0.137 0.024 0.125 0.358 0.073 0.160 044 041 043 0.15 070 0.73 071 056 036 036 0.36 046
HelpfulSumm—FT
+Llama 0.147 0.023 0.133 0.375 0.085 0.166 043 042 043 022 070 0.76 0.73 056 036 036 036 047
+Mistral 0.131 0.021 0.121 0.310 0.058 0.151 042 040 041 0.14 0.68 071 070 055 035 035 035 045
HelpfulSumm—-ICL
+Llama 0.141 0.019 0.126 0.367 0.079 0.161 036 036 036 0.18 0.67 074 071 055 036 033 035 045
+Mistral 0.118 0.013 0.106 0.315 0.056 0.147 034 035 034 014 0.63 067 0.65 053 032 032 032 044
Rehearsal (W + V) (Zhang et al., 2025)
+ gpt-4o0 0.126 0.017 0.111 0.346 0.087 0.154 0.38 043 040 0.14 0.69 075 0.72 055 034 034 034 043
+gpt-4.1-mini 0.120 0.015 0.126 0.334 0.065 0.155 0.36 042 038 0.12 0.68 072 070 053 033 033 033 042
Rehearsal (W) (Zhang et al., 2025)
+ gpt-4o 0.120 0.015 0.106 0.361 0.088 0.150 0.36 044 039 0.12 0.68 076 0.72 055 033 033 033 042
+gpt-4.1-mini 0.121 0.016 0.108 0.337 0.067 0.147 0.34 043 038 0.11 0.68 072 070 053 032 033 032 042
PersonaSumm (Zhang et al., 2025)
+ gpt-40 0.115 0.016 0.105 0.359 0.061 0.141 036 043 038 0.11 0.69 072 070 0.52 031 032 031 039
+gpt-4.1-mini 0.109 0.014 0.099 0.332 0.067 0.148 0.36 041 037 0.10 0.67 068 0.68 051 030 031 030 038
GeneralSumm (Zhang et al., 2025)
+ gpt-4o0 0.082 0.011 0.077 0.260 0.061 0.137 0.34 041 037 010 0.63 054 0.58 044 024 028 026 038
+gpt-4.1-mini 0.080 0.009 0.075 0.255 0.058 0.136 0.33 040 036 0.09 0.62 051 056 043 023 027 025 037

Table 2: KP summary textual quality.

sP, sR and sF1 refer to Soft-Precision, Soft-Recall, and Soft-F1 respectively

based on set-level evaluation method against reference KPs in gold answer.

highly correlated with MTurk workers’ judgement
(Pearson’s r = 0.836) (Appendix O). SHS mea-
sures the averaged helpfulness score of opinions in
a summary (§5.1). Specifically, for every opinion,
we score its helpfulness using either our fine-tuned
DeBERTa model (§5.1) or the LLM-based scorer
as evaluators (Appendix H). Empirically, results
reported by these two models for SHS show high
correlation and consistency with third-party multi-
objective alignment reward model adapted for pre-
dicting opinion helpfulness (Appendix P and Q).

Results Table 3 reports SHKP and SHS across
all baselines. Overall, SHS strongly correlates with
SHKP Precision, as summaries containing higher
proportion of helpful KPs are more likely to receive
higher helpfulness scores. For SHKP, we notice
trade-off between Precision and Recall. Baselines
such as PersonaSumm and GeneralSumm achieve
relatively high Recall by covering diverse KPs, but
suffer from low Precision as they failed to select
truly helpful opinions, and cannot achieve balanced
Precision/Recall and high F1 as HelpfulSumm-RL
or Rehearsal. Specifcally, HelpfulSumm-RL sub-
stantially outperforms all baselines, capturing more
75% of helpful KPs and up to 48% of reference
helpful KPs, with up to 1.2-point improvement
in SHS. largely thanks to our novel CoT prompt
and RL optimization that effectively capture and
grounds the summary generation on helpful opin-
ions of high interest by the user. Notably, incorpo-

SHKP SHS (0-5)

Model P R F1 DeBERTa  GPT-4.1-Scorer
HelpfulSumm—RL ;

+Llama 0.839 0.831 0.835: 3.72 3.65
+Mistral 0.731 0.723 0.727 . 3.60 3.50
HelpfulSumm—FT |

+Llama 0.735 0.796 0.764 ' 3.58 3.51
+Mistral 0.573 0.776  0.659 - 3.19 3.13
HelpfulSumm—ICL |

+Llama 0.672 0.660 0.671 ' 3.35 3.30
+Mistral 0.564 0.619 0.590 ‘ 3.18 3.12
Rehearsal (W + V) (Zhang et al., 2025)

+ gpt-4o 0.600 0.648 0.623 3.10 3.06
+gpt-4.1-mini 0.608 0.635 0.621 , 3.11 3.09
Rehearsal (W) (Zhang et al., 2025) ]

+ gpt-4o 0.556 0.685 0.614 3.02 2.75
+gpt-4.1-mini 0.586 0.635 0.610 | 3.08 2.84
PersonaSumm (Zhang et al., 2025) !

+ gpt-4o 0.554 0.642 0.595 | 3.01 2.68
+gpt-4.1-mini  0.590 0.572 0.581 3.09 2.75
GeneralSumm (Zhang et al., 2025) ‘

+ gpt-4o 0.479 0.650 0.552 , 2.89 248
+gpt-4.1-mini 0.540 0.562 0.551 : 2.60 245

r / p with SHKP Precision ' 0.89/0.96 0.84/0.98

Table 3: Summary Helpful KP Proportion (SHKP) and
Summary Helpfulness Score (SHS) (0-5). r denotes
Pearson while p denotes Spearman correlation.

rating vote signals is again validated to yield more
helpful summary for Rehearsal, with 5% gains in
SHKP Precision.

7.3 How is the personalization quality of the
summary?

Previous work only evaluates information qual-
ity, i.e., Knowledge Consistency, of the summary
in terms of aspect coverage and sentiment consis-



PT CI EH EP SB 1A

HelpfulSumm RL  21.23 17.76 1949 2244 18.52 18.58
HelpfulSumm FT  12.84 1496 1540 15.68 15.12 12.02
HelpfulSumm ICL 794 1223 14.10 9.77 1346 8.67
Rehearsal (V+W) 18.83 1630 17.83 19.29 1747 18.05

Rehearsal (W) 14.87 14.13 154 13.14 16.02 15.61
PersonaSumm 1445 1373 1051 11.02 11.30 14.32
GeneralSumm 9.84 1089 726 866 811 1274

Table 4: Human evaluation of summary quality by dif-
ferent criteria. Reported are the Bradley Terry scores of
6 criteria on Summary Personalization Quality, from
left to right, PERSONALITYTRAITS, COREINTEREST,
EXPRESSIONHABIT, EVALUATIONPRIORITY, SHOP-
PINGBEHAVIOR, INTERESTINGASPECTS.

tency (Zhang et al., 2025), without further assess-
ing the personalization quality, i.e. Persona Con-
sistency, against user profiles. We address this gap
by manually evaluating summary’s personalization
to user profile on 6 criteria: PERSONALITYTRAITS,
COREINTEREST, EXPRESSIONHABIT, EVALU-
ATIONPRIORITY, SHOPPINGBEHAVIOR, INTER-
ESTINGASPECTS. Specifically, we hire workers
from Amazon Mechanical Turk (MTurk) to com-
pare summaries of different systems by different
criteria, beforing ranking them using Bradley-Terry
model (Friedman et al., 2021). Annotation details
and evaluation criteria are in Appendix R. Annota-
tion examples are in Appendix S. For reasonable
cost, we select samples with top helpful KPs from
5 popular categories for evaluation: DVDs, Food &
Drink, Shopping, Beauty, and Entertainment.

Results Table 4 reports Bradley-Terry scores
across eleven quality criteria, which validates
our earlier findings. For Personalization Quality,
HelpfulSumm-RL again excels in producing per-
sonalized summary that best aligns with all charac-
teristics of the user profile, achieving up to 2.67
times improvement, notably on PERSONALITY-
TRAIT, EVALUATIONPRIORITIES, and EXPRES-
SIONHABITS. Notably, for the Rehearsal multi-
agent baselines, it is manually validated that in-
corportating vote signal into the input review his-
tory enhances alignment with user’s PERSONAL-
ITYTRAITS and EVALUATIONPRIORITIES, even
outperforming HelpfulSumm prior to RL-based
helpful personalized summarization optimization.

7.4 Ablation Study

We performed ablation study of HelpfulSumm-
RL by excluding either Helpful Opinion or Per-
sona Alignment Rewards from RL training (Ap-
pendix T). Overall, having both reward signals are
crucial, but Helpful Opinion Reward is more im-

portant (higher lexical/semantic similarity from Ta-
ble 12, higher SHKP and SHS from 13). For KP
Information Quality, Helpful Opinion Reward en-
hances COVERAGE and REDUNDANCY, but strug-
gles with SENTIMENT and INFORMATIVENESS
compared to Persona Alignment, likely due to
weak alignment with user persona (e.g., person-
ality traits). Nevertheless, Helpful Opinion Reward
also indirectly improves Personalization Quality,
by aligning better with user interests, particularly
in COREINTERESTS and EVALUATIONPRIORITY.

7.5 Case Studies

We conducted case studies to evaluate the infor-
mation and peronalization quality of personal-
ized summary for a “Beauty” product (Table 16
in Appendix U). Overall, HelpfulSum-RL stands
out for generating personalized summaries with
more helpful opinions and alignment with user per-
sona. While Rehearsal and GeneralSumm mention
core product features (e.g., “comfort”, “lubricating
strip”), they are overly generic with mixed sen-
timents and lacks personalization. Lastly, while
HelpfulSumm-FT still offers surface-level person-
alization on aesthetics aspects (e.g., “chrome de-
sign”), HelpfulSumm-RL focuses more on realis-
tic aspects (e.g., “price”, “blade”), which presents
opinions in a highly descriptive analytical tone with
empirical illustration tailored to user characteristics
and concerns (e.g., “thick and dark beards”, “$1.65
a week”, “half a dozen shave ... no signs of ... los-
ing its edge”, “first blade removes... second blade
... third blade administers the coup de grace”).

8 Conclusion

In this paper, we leverage historical review helpful-
ness votes of individual users to better model their
interests and ground personalized opinion summa-
rization (POS) in helpful opinions to them. We
propose HELPFULSUMM, a RL-based model opti-
mized for POS that align with user preference in
both Knowledge Consistency and Persona Consis-
tency, using two reward models: (i) Helpful Opin-
ion (ensured opinions captured in the summary to
receive high helpfulness votes from the user), and
(ii) Persona Alignment (ensured the summary lan-
guage quality to match with the user persona such
as expression habit). Experimental results show
that our model produces more helpful opinions and
enhances both the information and personalization
quality of the personalized summaries.



Limitations

* For this research, we only performed ex-
periment on data constructed from the Ciao
dataset because, to our best knowledge, Ciao
is the only publicly available data offering
information on the helpfulness votes of indi-
vidual user on reviews, which is essential for
experiments.

* Due to privacy constraint for accessing user
personal data, we can only employ crowed
workers to assess the summary’s personaliza-
tion quality according to the user profile.

* Due to cost consideration, we can only per-
form limited crowd-sourced annotation for
personalization evaluation

Ethics Statement

We have applied ethical research standards in our
organization for data collection and processing
throughout our work.

The CIAOHELPFUL dataset used in our experi-
ments was publicly crowdsourced and released for
the research publication for modelling of user trust
and online product review helpfulness (Tang et al.,
2012; Ocampo Diaz and Ng, 2018). The dataset
was published following their ethical standard, after
removing all personal information. The answers to
questions do not contain contents that are harmful
to readers.

We ensured fair compensation for crowd anno-
tators on Amazon Mechanical Turk. We setup and
conducted fair payment to workers on their annota-
tion tasks/assignments according to our organiza-
tion’s standards, with an estimation of the difficulty
and expected time required per task based on our
own experience. Especially, we also made bonus
rewards to annotators who exerted high-quality an-
notations in their assignments.
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A Prompts for Human-LLM
Collaborative Annotation of
CIAOHELPFUL

A.1 Prompt for Key Point Extraction from
User-Voted Product Reviews (Stage 1)

We present the zero-shot prompt for extracting key
points (KPs) from gold user-voted product reviews
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(Stage 1) of CTAOHELPFUL in Listing 1.

A.2 Prompt for Voted Key Point-Review
Matching for Personalized Helpful
Opinion Calculation (Stage 2)

We present the zero-shot prompt for matching per-
sonalized KP of a user towards their voted product
reviews for Personalized Helpful Opinion Calcula-
tion (Stage 2) of CTAOHELPFUL in Listing 2.

A.3 Prompt for User Profile Generation
(Stage 3)

We present the zero-shot prompt for generating user
profile based on their gold voted/written review
history (Stage 3) of CTAOHELPFUL in Listing 3.

A.4 Prompt for KP-Profile Matching for
Helpful KP Filtering (Stage 4)

We present the zero-shot prompt for matching help-
ful KP (voted by the user) with the user profile
for helpful KP Filtering & Ranking (Stage 4) of
CIAOHELPFUL in Listing 4.

A.5 Prompt for Silver Annotation and
Collaborative Refinement of Personalized
Summary (Stage 5)

We present the zero-shot prompt for silver-
annotating personalized summaries grounded on
helpful KP and user profile and refining personal-
ized summaries based on human annotator com-
ments (Stage 5) of CIAOHELPFUL in Listing 5
and 6.

B Human Validation of GPT4’s KP
Extraction from User Product Reviews
(Stage 1) of CIAOHELPFUL

In this experiment, we empirically validate the per-
formance and credibility of GPT-4.1 in extracting
KPs from user reviews voted/written for a prod-
uct from CIAOHELPFUL (Stage 1 of §4). Specif-
ically, to maintain reasonable cost, we randomly
sampled a (user-product) instance from 5 common
product categories of CTAOHELPFUL &, totaling 5
questions, and hired workers to annotate whether
the extracted KPs matches original user reviews
of the sampled instances, which is inspired by the
KP Matching evaluation of Bar-Haim et al. (2021).
More specifically, for a given query, we asked
workers to perform pairwise annotation between

8namely DVDs, Food & Drink, Shopping, Beauty, and
Entertainment
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extracted KPs and the instance’s respective user
reviews. While Precision calculates the fraction of
KPs matched to at least one gold user review, i.e.,
out of all extracted KPs how many are correctly
mapped, Recall shows the fractions of gold user
reviews matched to at least one KP, i.e., out of all
user reviews on the product how many are covered
by KPs. We then macro-averaged Precision/Re-
call computed for every question to obtain the final
values.

For human annotation, we employed 3 MTurk
crowd workers on every user review-KP pair, se-
lecting only those with an 80% or higher approval
rate and at least 10 approved tasks. Following Bar-
Haim et al. (2021), we exclude annotators with
Annotator-x < 0 for quality control. This score
averages all pairwise Cohen’s Kappa (Landis and
Koch, 1977) for a given annotator, for any anno-
tator sharing at least 50 judgments with at least 2
other annotators. For labelling correct matches, we
applied a strict threshold, in which 100% votes (3
out of 3) of the annotators had to agree that the
match was correct. Otherwise, it is incorrect.

Precision 93.38%
Recall 95.0%
# Matched Reviews Per KP 3.14
# Matched KPs Per Review 4.30

Table 5: Validation of GPT-4. 1’s performance in extract-
ing KPs from user reviews. While precision calculates
the fraction of KPs matched to at least one gold user
review on the product, recall shows the fractions of gold
user review matched to at least one KP.

Table 5 presents the fraction of extracted KPs
matched to at least one gold answer (Precision)
and vice versa (Recall). Overall, the experiment
confirms that the extracted KPs are of high quality,
with 95.0% of user reviews were represented
by KPs (recall), while 93.38% of the extracted
KPs are accurate to capture opinions within user
reviews (precision).

Below are the match annotation guidelines for
(extracted KP, user review) pairs:

In this task you are presented with an e-
commerce product, a review written or voted by a
user about the product and a key point.

You will be asked to answer the following ques-
tion: Does the key point match, i.e, represent an
opinion in the review?



Listing 1: Zero-shot prompt for prompting GPT-4.1 on KP Extraction from gold user-voted product reviews.

You will be provided with reviews of a product, and these reviews are either voted helpful or unhelpful by a user.

You were tasked to extract a list of unique and concise key points from the list of reviews on the product.

Key points are short and high quality sentences that expresses the main claims/viewpoints of reviewers on the product.

A key point must express a specific positive or negative sentiment, and cannot have mixed opinions, and no 'but' in the key
point.

Note that the final extracted list of key points must capture full details from the reviews on which the user voted helpful or non
—helpful.

Provide the final list of key points as a JSON list.
Product Category: {category}

Product Name: {name}
Voted Reviews by A User: {reviews}

Listing 2: Zero-shot prompt for prompting GPT-4.1 on matching personalized KP of a user towards their voted
product reviews.

You will be provided with a single review of a product, and a list of key points taken from the summary of multiple reviews of
that product.

From the list of key points, you are tasked to extract all relevant key points that matches, i.e, represents an opinion from the
input review.

Key points are short and high quality sentences that expresses the main claims/viewpoints of reviewers on the product, with a
particulr positive or negative attitude/sentiment.

A review might express opinions on multiple aspects. A key point matches a review if it captures the gist of an opinion from
the review, or is directly supported by a point made in the review.

Output the index of those all relevant key points that matches as a JSON list.

Now perform the task on the following input:
Product Category: {category}

Product Name: {name}

A Single Review: {single_review}

List of Key Points: {key_points}

Listing 3: Zero-shot prompt for prompting GPT-4.1 on generating user profile from gold voted/written review
history.

Your objective is to create user profile using their authored and voted review history.

The profile should be general, without any personal details, but with enough details to allow personalized summarization of
opinions.

You are required to analyze the user's personality traits, core interests, expression habits/style, evaluation priorities, shopping
behavior, and aspects of products they are interested in, and specify them in the user profile.

The user previously signaled the following reviews:
Product Category: {category}

Written Reviews: {written_history}

Voted Reviews: {voted_history}

His profile:
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Listing 4: Zero-shot prompt for prompting GPT-4.1 on matching helpful KP (voted by the user) with the user
profile.

You will be provided with a list of key points extracted from the review summary of a product, the profile of an online user.

A key point is short and high quality text that captures a particular claim/viewpoint/opinion of reviewers on the product, and
can either express positive or negative sentiment.

A user profile covers the user's personality traits, core interests, expression habits/style, evaluation priorities, shopping
behavior, and aspects of products they are interested in from their historical voted and written reviews.

From the list of key points, you are tasked to extract all key points that are helpful to the user

Please perform the following steps:

1. Role—playing the user based on his/her profile learnt from the history

2. Strictly reflect and output those key points that are found helpful to the user based on details learnt from history in the
profile

Output the index of those all key points helpful to the user as a JSON list.

Product Category: {category}
User Profile:

{user_profile}

Key Points: {key_point}

Listing 5: Zero-shot prompt for prompting GPT-4.1 on generating silver personalized summary based on list of
helpful KPs and user profile.

You will be provided with the profile of an online user, a list of key points found helpful by the user, and original reviews of
an online product

A key point is short and high quality text that captures a particular claim/viewpoint/opinion of reviewers on the product, and
can either express positive or negative sentiment.

A user profile covers the user's personality traits, core interests, expression habits/style, evaluation priorities, shopping
behavior, and aspects of products they are interested in from their historical voted and written reviews.

You were tasked to generate a personalized summary. For a summary to be personalized to a user, it must be ensured to fulfil
two criteria:

+ Knowledge consistency: The personalized summary must deliver helpful knowledge/information according to the user
preference, which is already provided as the input list of helpful key points. The summary must be grounded on the
input helpful key points.

+ Persona consistency: Not only information/knowledge, the personalized summary must also be written to tailor the
personality traits, expression habit (e.g., preferring practical examples or comparisons with other products), style,
emotional tone described in the user profile.

The summary must be no longer than 300 words. Ensure that the summary covers both positive and negative opinions aligning
with the user profile.

Product Category: {category}
Product Name: {product_name}
Helpful Key Points: {key_points}
User Profile:

{user_profile}
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Listing 6: Zero-shot prompt for prompting GPT-4. 1 to refine silver personalized summary based on human annotator
comments.

You will be provided with the profile of an online user, a list of key points found helpful by the user, original reviews of an
online product, a silver—annotated personalized summary generated by LLM, and comments from a human annotator on
aspects to improve for the silver—annotated personalized summary.

A key point is short and high quality text that captures a particular claim/viewpoint/opinion of reviewers on the product, and
can either express positive or negative sentiment.

A user profile covers the user's personality traits, core interests, expression habits/style, evaluation priorities, shopping
behavior, and aspects of products they are interested in from their historical voted and written reviews.

You were tasked to refine the silver—annotated personalized summary based on the human annotator comments. For a
summary to be personalized to a user, it must be ensured to fulfil two criteria:

+ Knowledge consistency: The personalized summary must deliver helpful knowledge/information according to the user
preference, which is already provided as the input list of helpful key points. The summary must be grounded on the
input helpful key points.

+ Persona consistency: Not only information/knowledge, the personalized summary must also be written to tailor the
personality traits, expression habit (e.g., preferring practical examples or comparisons with other products), style,
emotional tone described in the user profile.

The summary must be no longer than 300 words. Ensure that the summary covers both positive and negative opinions aligning
with the user profile.

Product Category: {category}

Product Name: {product_name}

Helpful Key Points: {key_points}

User Profile:

{user_profile}

Silver—annotated Personalized Summary: {silver_pers_summ}
Human Annotator Comments for Refinement: {human_comments}

A review might express opinions on multiple = Annotator-x < 0 for quality control. This score
aspects. A key point matches a review if it captures  averages all pairwise Cohen’s Kappa (Landis and
the gist of the review, or is directly supported by a ~ Koch, 1977) for a given annotator, for any anno-
point made in the review. tator sharing at least 50 judgments with at least

The options are: 2 other annotators. For labelling correct matches,
at least 60% of the annotators had to agree that
the match is correct, otherwise, it is incorrect. Re-
views from final matching pairs, after confirmed by
human, will then be grouped by similar KPs.

* Not At All

¢ Somewhat Not Well

e Somewhat Well Below are the matching prompt for LLM and
the annotation guidelines for workers validating
* Very Well (review, KP) pairs:

C Annotation Details of Review-KP In this task you are presented with an e-

Matching for CIAOHELPFUL Dataset commerce product, a review written or voted by a
(Stage 2) user about the product and a key point.

We offer GPT-4.1 with 4 options for labelling the You will be asked to answer the following ques-
matching status of given review-KP pairs. Pairs  tion: Does the key point match, i.e, represent an
annotated as Very Well or Somewhat Well by LLM ~ Opinion in the review?

then becomes candidate matching pairs, which will A review might express opinions on multiple
be further validated by human annotation for their ~ aspects. A key point matches a review if it captures
correctness. For human annotation, we employed  the gist of the review, or is directly supported by a
3 MTurk crowd workers per comment-KP pair, se- ~ point made in the review.

lecting only those with an 80% or higher approval The options are:
rate and at least 10 approved tasks. Following Bar-
Haim et al. (2021), we exclude annotators with e Not At All
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¢ Somewhat Not Well
¢ Somewhat Well
* Very Well

D Training Details of the Base
Summarizer (HelpfulSumm-FT)

We perform instruction fine-tuning on an LLM,
using a carefully designed prompt that elicit the
LLM generation of personalized summary based
on both the user profile and helpful KPs based
on the user profile. Formally, the generation loss
for each generated summary S is computed as the
negative log-likelihood (NLL) against the reference
personalized summary from CIAOHELPFUL:

T
1
[fgen = _T tzzglog P(mt’x<t) “4)

Prompting Strategies Following OpenAI’s
prompt engineering guidelines’, we structure
the instruction prompt into three components
(detailed in Listing 7, Appendix G): 1) Context
and input description, 2) Task definition and output
requirements, 3) Summarization steps Importantly,
our prompt adopts the Chain-of-Thoughts strategy,
which guides and elicits the LLM to generate the
personalized summary with four reasoning steps:
(i) infer the user’s persona (e.g., personality traits,
expression style) from H, . (ii) identify helpful
key points from R, that aligns with the inferred
profile and (iii) generate a personalized summary
paragraph that reflects both knowledge grounding
and persona alignment. Example generation output
is provided in Table 6 (Appendix E)

E Generation Output of
HELPFULSUMM’s CoT Prompt

We report a full generation output produced by
HELPFULSUMM’s CoT prompt (including (1) user
profile and (2) helpful KPs and (3) personalized
summary) in Table 6.

F Pretraining and Fine-tuning Details of
BERT-based Helpful Opinion Reward
Model

Prior to the fine-tuning any BERT-based encoder
(e.g., deberta-v2-xlarge), we adapted the model

9h'ctps ://platform.openai.com/docs/guides/
prompt-engineering
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to the reviews domain, by pre-training on the Yelp
dataset. We performed Masked LM pertraining
(Devlin et al., 2019; Liu et al., 2019) on 1.5 million
sentences sampled from the train set with a length
filter of 20-150 characters per sentence. Then we
fine tuned the model to predict matches between
KP and the user’s review history pairs. We added a
linear fully connected layer of size 1 followed by
a sigmoid layer to the special [CLS] token in the
BERT model, and trained it for three epochs with
a learning rate of 2e-5 and a binary cross entropy
loss.

Next, for fine-tuning these pre-trained BERT-
based encoders to become Helpful Opinion Reward
Model, we leverage the KPs and their helpfulness
scores (calculated from Stage 2) from CIAOHELP-
FUL (§4) as the reference labels. To avoid imbal-
anced training set, we rounded the KP-level help-
fulness scores to the nearest integer and randomly
sample 100 KPs per integer within the [0 — 5] rat-
ings, resulting in 600 training samples.

Because BERT-based LM is only limited to 512
tokens, we truncate the reviews history of a user
by (1) removing all reviews that have less than
10 and more than 300 words and (2) select only
top 10 reviews most relevant to the key point by
R1/R2/RL.

G HELPFULSUMM Prompt for
End-To-End Helpful Personalized
Opinion Summarization

We present the HELPFULSUMM prompt for
instruction-finetuning and prompting LLM to gen-
erate personalized summary of product reviews
based on user historical information in Listing 7.

H Using Generative LLMs As An
Alternative for Scoring Helpful
Opinion Reward

As an alternative of utilizing BERT-based

transformer models (e.g., deberta-v2-xlarge,
roberta-large), we propose GPT-4.1-Scorer,
which uses generative LLMs for estimating the
helpfulness score of opinions in the generated sum-
mary for the Helpful Opinion Reward Model. In-
spired by G-Eval (Liu et al., 2023), which suggest
using LLMs as reference-free metrics for NLG
evaluation, we adapt this evaluator to the Persona
Alignment evaluation task, by prompting GPT-4. 1
to score KP according to the user review history.
Specifically, we utilize the probabilities of output


https://platform.openai.com/docs/guides/prompt-engineering
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Product: Gillette Mach 3 Razor (Beauty)

# User Profile: Based on the historical voted/written reviews, the user 111 appears to be a male who is interested in shaving
and grooming products. He is likely in his mid-to-late 30s, as he mentions having to shave daily and having a thick and dark
beard. He is also tech-savvy, as he mentions using electric shavers and razors with advanced features. He is likely a busy
professional, as he mentions having to shave quickly and efficiently. He is also a bit of a jokester, as he often uses humor in
his reviews.

# Helpful Key Points: Here are some helpful key points from the reviews of product A (Gillette Mach 3 Razor) that may be
helpful to user 111:

* The razor has a close and comfortable shave, even for those with thick and dark beards.

* The three-blade system is effective in removing hair and reducing irritation.

* The lubricating strip helps to reduce friction and make shaving easier.

* The razor is easy to use and clean, with a simple design and easy-to-change blades.

* The razor is a bit expensive, but the blades last a long time and provide a good value for the price.

# Personalized Summary:

As a busy professional who needs to shave daily, you know how important it is to have a razor that can deliver a close
and comfortable shave. The Gillette Mach 3 Razor is a game-changer for anyone with thick and dark beards, as it uses a
three-blade system to remove hair and reduce irritation. The lubricating strip helps to reduce friction and make shaving easier,
and the razor is easy to use and clean. While the razor may be a bit expensive, the blades last a long time and provide a good
value for the price.

I’ve tried many razors in the past, but the Mach 3 is the best I've ever used. It’s like a hot towel shave at a barber’s shop, but
without the hassle and expense. The first blade removes the heavy hair growth, the second blade removes what the first
one has missed, and the third blade administers the coup de grace, wiping out any remnants of facial hair entirely. It’s a
hassle-free shave that leaves my skin feeling smooth and refreshed.

I’ve had half a dozen shaves from the original blade now, with no signs of it dulling or losing its edge. I used to get around a
week out of my old Contour, so if it’s as good as that I’ll be happy enough. And at only $1.65 a week, it’s a small price to pay
for the best and most pleasurable shaving experience of my entire life.

Table 6: Full generation output produced by HelpfulSum-RL (including (1) user profile and (2) helpful KPs and (3)
personalized summary)

tokens from LLMs to normalize the scores and Reward Model RMSE MAE  r P Acc
take their weighted summation as the final results. DeBERTa-v2-xlarge 0519 0399 0282 0242 0715
) ) DeBERTa-v3-large  0.819 0.596 0270 0205 0.587

Formally, given a set of scores (like from 1 to 5) ModernBERT-large  0.814 0.639 0282 0228 0488
predefined in the prompt S = {s1, 52, ..., s}, the RoBERTa-large 0984 0771 0267 0217 0416
GPT-4.1-Scorer 1268 1.040 0.001 0.003 0271

probability of each score p(s;) is calculated by the

LLM, and the final helpfulness score is: Table 7: Performance comparison of Helpful Opinion

Prediction Reward Models. r denotes Pearson while p
denotes Spearman correlation.

&)

n
score = Zp(si) X 8
1=1

The intuition is prompting the LLM to score the
helpfulness of the given KPs against user review
history multiple times and then take the average of
all runs to achieve fine-grained, continuous scores
that better reflect the helpfulness score of the KP
against user profile. We present the prompt of
GPT-4.1-Scorer, which instruct LLM to estimate
helpfulness vote of a user for a given KP (from
the personalized summary) based on their review
history for Helpful Opinion Reward in Listing 8.
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I Performance of Different Models for
Helpful Opinion Reward

Settings In this experiment, we benchmarked
the performance of different reward models
for scoring the Helpful Opinion in accordance
to the user review history. = We specifically
compared different traditional backbone BERT-
based encoder (e.g., roberta-large (Liu et al.,
2019)) fine-tuned for Helpful Opinion Predic-
tion task over other prompted LLM-based scor-
ing alternative. Different backbone BERT-based
encoders include ModernBERT-large (Warner



Listing 7: Prompt for instruction fine-tuning and prompting LLM to generate personalized summary of product
reviews based on user historical information.

You will be provided with reviews (written by many users) of an online product A, and a list of voted/written review history
of the user 111 from the same product category.

You were tasked to generate a personalized summary for product A tailored to user 111 preference. For a summary to be
personalized to a user, it must be ensured to fulfil two criteria:

+ Knowledge consistency: The personalized summary must deliver helpful knowledge/information according to the user
preference, which is already provided as the input list of helpful key points. The summary must be grounded on the
input helpful key points.

+ Persona consistency: Not only information/knowledge, the personalized summary must also be written to tailor the
personality traits, expression habit (e.g., preferring practical examples or comparisons with other products), style,
emotional tone described in the user profile.

Below are the steps:

1. Analyse and output the profile of user 111 from his/her voted/written review history.

2. Identify and output the helpful key points (short sentences illustrating opinions) from product A's reviews that may be
helpful to user 111 based on the preference from the analysed profile

3. Generate and output a personalized summary of product A tailored to user 111, which contains helpful opinions and aligns
with the persona (personality trait, expression habit/style, emotional tone) from user profile

The summary must be no longer than 300 words. Ensure that the summary covers both positive and negative opinions aligning
with the user profile.

The output format should be:

# User Profile: [The user profile analyzed from historical voted/written reviews, less than 50 tokens]

# Helpful Key Points: [A Python list of helpful key points found from reviews of product A, aligned with user profile]

# Personalized Summary: [Summary paragraphs written based on the helpful key points and aligned with the user profile
persona and preferred tone.]

Name of Product A: {product_name}
Product Reviews: {product_reviews}
User Historical Voted/Written Reviews: {hist_vote_written}

et al., 2025), roberta-large (Liu et al., 2019), nearest integer (i.e., removing all decimal places)
deberta-v2-xlarge and deberta-v3-large (He  and then comparing the resulting values.

et al., 2021). Next, inpsired by the G-Eval LLM-
based evaluator (Liu et al., 2023), GPT-4.1-Scorer
prompted GPT-4.1 to score KP according to the
user review history multiple times and then take
the average of all runs to achieve fine-grained, con-
tinuous helpfulness scores of the given KP (Ap-
pendix H).

Results Table 7 presents the performance of
different models for scoring opinion helpful-
ness. Overall, DeBERTa-family models demon-
strate superior performance over other fam-
ily (e.g., ModernBERT, RoBERTa), particularly
deberta-v2-xlarge achieving the best perfor-
mance with up to 1.93 times improvements in MAE

To support this evaluation, we select 1000 sam- and 44% gain in accuracy due to its exceptional

ples from the CIAOHELPFUL dataset as the test model architecture and parameters. Notably, GPT-
4.1-Scorer is the worst performer, again confirming

set, by randomly selecting 50 samples from each
that BERT-based encoders are better such discrimi-

product category out of 20 most popular categories.
The annotated helpful KPs (Stage 4 of §4) from native task than generative LLM, largely because
each sample and the historical information of the discriminative models are able to see the entire
respective user from CIAOHELPFUL were utilized ~ t€Xt, Whereas generative LLMs (e.g., GPT-4.1) use
as input to the benchmarking model, while the help- 2 causal attention mask that is only able to look
fulness score (computed from Stage 3 §4) of the at previous tokens for a given token. More exam-

respective KP from CIAOHELPFUL is treated as ples and analysis of scores produced by different

ground truth for evaluation. The predicted help- ~ Models are in Appendix Q.

fulness scores were evaluated against reference
helpfulness scores in terms of: RMSE, MAE, Pear-
son (1), Spearman (p), and Accuracy. Note that
Accuracy is evaluated by first rounding both the =~ We present the prompt that instruct LLM to score
predicted and reference helpfulness scores to the  the alignment of generated summary with user pro-

J Prompt for LLM-based Scoring for
Persona Alignment Reward
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Listing 8: Prompt for instructing GPT-4.1 (with three-shot examples) to score the helpfulness of KPs based on user
historical information.

base_prompt = """You will be given a key point extracted from the review summary of a product, and a list of reviews voted/
written by an online user from history.

A key point is short and high quality text that captures a particular claim/viewpoint/opinion of reviewers on the product, and
can either express positive or negative sentiment.

A user profile covers the user's personality traits, core interests, expression habits/style, evaluation priorities, shopping
behavior, and aspects of products they are interested in from their historical voted and written reviews.

Your task is to rate the key point on one metric.

Please make sure you read and understand these instructions carefully. Please keep this document open while reviewing, and
refer to it as needed.

Evaluation Criteria:

Helpfulness (1-5) — selection of opinion and content that is helpful according to the user profile and preference inferred from
his/her review history. The key point should include only helpful information to the user preference. Annotators were
instructed to penalize key points which contained redundancies and unhelpful information.

Evaluation Steps:

1. Read the reviews history of the user carefully and identify the user profile and preference

2. Read the key point and compare it to the user profile and history, and how much irrelevant, redundant or unhelpful
information it contains.

3. Assign a helpfulness score from 1 to 5.

Below are some examples:

Key Point: Flowers in the Attic is the first in a series, and while the sequels are engaging, the first book is considered the most
dramatic and compelling.

Reviews History: \['Understanding Sun Tzu on the Art of War explores the meaning of Sun Tzu s philosophies through the
use of high impact case examples, in strategic cases through psychological experimentations, and the world at large
through politics and conflict bouncing on War itself. Apparently the Art of war is one of the greatest and oldest military
strategy books.The book relates to everything as a whole, so you can find ease to relate to your own life situations as it
seeks to establish the conflict already present within us. The main purpose of the book is to enable us to understand our
own conflicts, and reduce it s impacts on ourselfs, and each other through 13 chapters(Strategic Assessments, Doing
Battle, Planning a Siege, Formation, Force, Emptiness and Fullness, Armed Struggle, Adaptations, Maneuvering Armies,

Terrain, Nine Grounds, Fire Attack and On the use of spies) which gives one strength when dealing with such forces.', '1
am an avid reader of books, one of, which made me laugh, cry and love. The book is called Dream A Little Dream by
Joan Jonker.It s a story, which is set in Liverpool. Bob Dennison and Edie Brady grew up in the same street of two up,
two down houses. Like their neighbors, they found it increasingly difficult to made ends meet. Soon he finds himself in a
loveless marriage, his wife and eldest daughter have lost touch with their roots. Edie Changes her name to Edwina and
insists that Bob change his name to Robert. She erases old friends and family from her past and starts a new life. At least
his two younger children Nigel Abbie whom he takes back to the street where they were born enrich Roberts s life.
When they are home they seek sanctuary in the kitchen where the down to earth housekeeper Agnes and the hilarious
cleaner Kitty, provide the warmth, honestly and laughter that are missing from their lives.It is here where Robert dares
to Dream A Little Dream that happiness is waiting just round the corner.This is a tender Liverpool saga that will move
you to tears of sadness and joy.Enjoy.Happy ReadingZorena xx'\]

Evaluation Form (score ONLY):

— Helpfulness: 2
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file characteristics for Persona Alignment Reward
in Listing 9.

K Human Evaluation of KP Information
Quality In The Summary

We manually evaluated the information quality of
generated KPs in the summary considering 5 dif-
ferent criteria utilized in previous KPA studies (Ka-
padnis et al., 2021; Tang et al., 2024b), including
COVERAGE, REDUNDANCY, SENTIMENT, INFOR-
MATIVENESS, and SINGLEASPECT. Details of an-
notations and evaluation criteria are in Appendix L.
Specifically, we conducted pairwise comparisons
of KPs from different systems using Amazon Me-
chanical Turk (MTurk). Given a criteria for evalua-
tion, each comparison involved choosing the better
one from two summaries, each taken from a differ-
ent system. Using the Bradley-Terry model Fried-
man et al. (2021), we calculated rankings from
these comparisons among the models. For an ex-
ample of an annotation, see Appendix M. Note that
for reasonable cost, we select samples with top
helpful KPs from 5 popular categories for evalua-
tion: DVDs, Food & Drink, Shopping, Beauty, and
Entertainment.

Results Table 8 reports Bradley-Terry scores
across eleven quality criteria, which validates our
earlier findings in the main experiment. In terms
of KP Information Quality, HelpfulSumm-RL and
its variants surpass other baselines up to 8.6 times
on almost criteria except INFORMATIVENESS. In
fact, we notice trade-off between INFORMATIVE-
NESS and other criteria for the Rehearsal, which
makes it achieve the best quality on INFORMA-
TIVENESS but much lower quality on SENTIMENT,
SINGLEASPECT, and REDUNDANCY. Specifically,
by employing multi-agent solution to refine user
suggestion for rewriting personalized summary, Re-
hearsal can achieve the best INFORMATIVENESS
on its KPs, however, information overload among
the KPs degrades their sentiment clarity and a KP
may discusses multiple aspects with high redun-
dancy.

L Annotation Details & Evaluation
Dimensions of KP Information Quality
(Human Evaluation)

This section describes the annotation details and
evaluation dimensions of our human evaluation on
KP information quality (Appendix K). Annotators
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CV RD SN IN SA
HelpfulSumm RL ~ 20.38 2643 31.51 19.27 31.40
HelpfulSumm FT ~ 15.68 20.73 24.51 12.50 28.48
HelpfulSumm ICL  12.45 20.05 13.16 8.09 12.50
Rehearsal (V+W) 14.81 1588 11.60 24.12 6.50
Rehearsal (W) 1141 9.69 793 2262 6.14
PersonaSumm 1045 3.09 477 582 6.19
GeneralSumm 1481 414 652 759 8.80

Table 8: Human evaluation of summary quality by dif-
ferent criteria. Reported are the Bradley Terry scores
of on KP Information Quality on 5 criteria, from left
to right, including COVERAGE, REDUNDANCY, SENTI-
MENT, INFORMATIVENESS, and SINGLEASPECT

were asked to perform a pairwise comparison be-
tween two sets KPs extracted from the generated
summary, each taken from a different model, gen-
erated for a specific test instance (for personalized
summarization of a product reviews for a specific
user) The annotators must answer a comparative
question with respect to the evaluating dimension.
(e.g., Which of the two list of KPs captures better
...). For each dimension, following Friedman et al.
(2021), we calculate the ranking using the Bradley-
Terry model (Bradley and Terry, 1952), which pre-
dicts the probability of a given participant winning
a paired comparison, based on previous paired com-
parison results of multiple participants, and thus
allows ranking them. Specifically, we employed 3
MTurk crowd workers on every comparative anno-
tation, selecting only those with an 80% or higher
approval rate and at least 10 approved tasks. For
quality control, following Bar-Haim et al. (2021),
we exclude annotators with Annotator-x < 0 for
quality control. This score averages all pairwise Co-
hen’s Kappa (Landis and Koch, 1977) for a given
annotator, for any annotator sharing at least 50 judg-
ments with at least 2 other annotators. Finally, to
decide the winner from a comparison, we applied
a strict threshold, in which 70% votes (2 out of
3) of the annotators had to agree that either of the
summary is better.
KP Information Quality Dimensions

* SENTIMENT: The key point in the summary
should have a clear sentiment about the prod-
uct being summarized (either positive or neg-
ative). This would exclude sentences like “/
came for a company event” or sentences con-
taining only product specification with am-
biguous sentiment “The battery can last for 3
hours.”.

INFORMATIVENESS: The key point in the
summary should discuss some aspects of the



Listing 9: Prompt for instructing LLM to score the alignment of generated summary with user profile characteristics
(inferred from historical data) for Persona Alignment Reward

You will be provided with the profile of an online user (inferred from his/her voted/written review history) personalized
summary catered to a user profile/preference of that user.

A personlized summary captures all opinions found helpful by the user based on his/her historical voted/written reviews,
while is also written to be consistent with the user persona from the user profile.

A user profile covers metrics to characterized the user persona (e.g., personality traits, core interests, expression habits/style)

Your task is to rate the summary on whether it is consistent with the persona, by evaluating the alignment of the personalized
summary on each specific metric mentioned in the user profile, namely:

+ Personality_traits (0-5)

+ Core_interests (0-5)

+ Expression_habits_style (0-5)

+ Evaluation_priorities (0-5)

+ Shopping_behavior (0-5)

+ Interested_product_aspects (0-5)

Evaluation Steps:

1. Read the personalized summary and the user profile carefully.

2. For each metric in the user profile, assess and explain (in 1-2 sentences) how well the summary align with the metric, and
how much contradiction and irrelevant it reflect.

3. Assign a score for each metric from 0 to 5.

4. Synthesize and output the scores of all metrics as a list of JSON objects, for example: [{'Personality_traits": <0-5>}, ...]

Product Name: %s
Personalized Summary: %s
User Profile: %s

reviewed product and contain useful informa- Criteria: DIVERSITY. The viewpoints in the
tion. Any key point that is too specific or too  summary should cover a wide diversity of opinions
general cannot be considered a good candi- relevant and representative to the topic.

date. Summary A: [ "Glamour is a great magazine

for women who want to stay informed about fash-
ion and beauty trends without breaking the bank.",
"The magazine is handbag-sized and affordable,
making it a great option for busy women.", "Glam-
our has a good balance of fashion, beauty, and

* REDUNDANT: Each KP should express a dis- lifestyle content.”, "The magazine has a strong fo-
tinct aspect. In other words, there should be ~ cus on celebrity gossip and fashion trends.", "Glam-
no overlap between the key points. our has a good balance of serious and lighthearted

content.", "Glamour is a great option for women

* COVERAGE: The key points in the summary  who want to stay informed and entertained without
should cover a wide diversity of opinions. breaking the bank."]

* SINGLEASPECT: The key point in the sum-
mary should not discuss multiple aspects (e.g.,
“Decent price, respectable portions, good fla-
vor”).

M  MTurk Annotation Guideline for Summary B: [ "Glamour magazine helps read-

Pairwise Comparative KP Information ers stay up-to-date with the latest fashion and
Quality Evaluation beauty trends.", "The magazine is not too super-

ficial or shallow in its coverage.", "Glamour mag-
Below are the two personalized summaries of a  azine is handbag-sized and easy to carry.", "The
given product in Entertainment from online re- magazine costs only £1.50, offering great value
views, generated by two different summarization  for money.", "Glamour covers a wide range of top-
frameworks towards a given user. Each summary ics including fashion, beauty, relationships, and
is a list of key points (i.e., salient points) generated  lifestyle.", "The magazine has a down-to-earth
for summarizing the reviews opinions on different  and practical approach to fashion and beauty.",
aspects personalized to the user. You are tasked to  "Celebrity gossip and fashion trends are included in
select which summary you think is better according  a tasteful manner.", "Glamour features real-life sto-

to the below criteria. Product Name: Glamour. ries and articles that are not too serious or preachy.",
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"The magazine keeps readers informed and enter-
tained."]
The options are:

* Summary A
* Summary B

N Prompt for Generated/Reference KP
Matching for Helpful Opinion

Proportion (SHKP)

We present the zero-shot prompt fnnotate the
matching of generated and reference KPs (in pair-
wise) for calculating Helpful Opinion Proportion
(SHKP) in Listing 10.

O GPT4#4’s Generated/Reference KP
Matching Annotation against Human
Judgement For SHKP

To validate GPT-4.1’s annotation performance and
credibility, we conduct an experiment to measure
LLM annotation judgement, as utilized for the
matching between generated and reference KPs
for SHKP (§7.2), in agreement with human (gold)
preference. We sampled a subset of 5 instances
from the test set in our main experiment and hired
workers to annotate in pairwise the KPs in the gen-
erated summary and those reference KPs (Stage
4) from CIAOHELPFUL (§4). Note that these sam-
pled pairs are part of the our main test set and
have already been annotated for LLM’s labels for
SHKP in our main experiment. For human anno-
tation, we employed 6 MTurk crowd workers on
every comment-KP pair, selecting only those with
an 80% or higher approval rate and at least 10 ap-
proved tasks. Following Bar-Haim et al. (2021),
we exclude annotators with Annotator-x < 0 for
quality control. This score averages all pairwise Co-
hen’s Kappa (Landis and Koch, 1977) for a given
annotator, for any annotator sharing at least 50 judg-
ments with at least 5 other annotators. For labelling
correct matches, at least 60% of the annotators had
to agree that the match is correct, otherwise, it is
incorrect. In this experiment, we measured the
accuracy, and conducted a Pearson correlation (r)
test of GPT-4.1’s annotation performance against
human judgement, with results reported in Table 9.
For r test, we set the null hypothesis as GPT-4.1’s
and Mturk annotated labels are independent.
From Table 9, we saw signficant small p-value,
which indicates strong evidence against the null
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hypothesis. Importantly, we also recorded Spear-
man’s rank correlation coefficient to be relatively
closed to 1. This implies that there is a statistically
significant positive correlation between GPT-4.1
and Mturk annotated labels, which substantiates
our decision of using GPT-4.1 for matching gener-
ated KPs with reference KPs from ground truth for
evaluating the proportion of helpful opinions in the
summary (SHKP).

Pearson correlation () | 0.836
p_value 7.261e-140
Accuracy 0.926

Table 9: Performance valiation of GPT4’s comment-KP
matching annotation against human judgement

Below are the match annotation guidelines for
(KP A, KP B) pairs:

In this task you are presented with an e-
commerce product, key point A generated by sum-
marization model for the product and key point B
as ground truth from the dataset.

You will be asked to answer the following ques-
tion: Does the key point A match, i.e, represent an
opinion in key point B?

A key point matches with the other if it captures
the gist of the other, or is directly supported by a
point made in the other.

The options are:

e Not At All
e Somewhat Not Well
e Somewhat Well

* Very Well

Summary Helpfulness Score (SHS)
Estimated by Adapted Third-Party
Multi-Objective Reward Model

To wvalidate the reliability of the SHS,
we  additionally adapted a  third-party
multi-objective  alignment reward model

(gpt2-large-helpful-only-reward-model '0),
which is originally developed to measure and
provide for the content-quality helpfulness of LLM
generated response, to measure Helpful Opinion of
the generated summary across baselines. To adapt
this third-party reward model to measure opinion

10https://huggingface.co/Ray2333/
gpt2-large-helpful-reward_model


https://huggingface.co/Ray2333/gpt2-large-helpful-reward_model
https://huggingface.co/Ray2333/gpt2-large-helpful-reward_model

Listing 10: Zero-shot prompt for prompting GPT-4. 1 to annotate the matching of generated and reference KPs (in
pairwise) for calculating Helpful Opinion Proportion (SHKP).

In this task you are presented with a key point (KP) extracted from the summary generated by a personalized opinion
summarization framework, and a reference/gold key point voted helpful by the users.
Key points are short and high quality sentences that expresses the main claims/viewpoints of reviewers on the product.

You will be asked to answer the following question: "Does the generated key point match, i.e., represent an opinion in the
reference helpful key point?". A KP matches a reference helpful KP if they implicitly discusses issues relating to each

other, might not have to absolutely support each other.

Product Name: {product_name}
Generated Key Point: {key_point}
Reference Helpful Key Point: {key_point_given}

helpfulness, we adjusted this the general-purpose
reward modelling prompt of this gpt-2 model to
specifically our user-specific helpfulness scoring
task for opinion (§ 5.1). Specifically, given a
KP from the generated personalized summary
and user reviews history as request provided
by Human, we hypothetically assume that the
key point is helpful to the user as the response
from Assistant in this reward modelling prompt.
Intuitively, the idea is to have the third-party
reward model scored the credibility and alignment
of the hypothetical “helpful” assertion from
the Assistant with respects to the given KP from
the generated personalized summary and user
reviews history from Human. The adapted reward
modelling prompt of this third-party model for
scoring opinion helpfulness against user reviews
history is presented in Listing 11.

Table 10 compares the Summary Helpfulness
Score (SHS) computed by our task-specific mod-
els against the adapted third-party multi-objective
reward model for helpful opinion scoring. Overall,
evaluation results of SHS reported by the adapted
third-party reward model and our task-specific mod-
els are highly consistent with our findings and
model performance ranking from the main exper-
iment (§ 7.2). Again, our HelpfulSumm-RL out-
performs the baselines in providing the most high-
quality helpful opinions in the summary, thanks to
our novel CoT prompt and RL optimization that ef-
fectively capture and grounds the summary genera-
tion on helpful opinions of high interest by the user.
Besides, it is important to note that our proposed
task-specific models for Helpful Opinion Reward
achieve high correlation (r up to 0.89, p up to 0.98)
the third-party reward model, again reinforcing the
novelty and accuracy of these models for scoring
the helpfulness of opinions in the summary. How-
ever, because this third-party reward model may
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produce negative scores for opinion helpfulness
and SHS (e.g., -0.14 for SHS on GeneralSumm’s
gpt-4.1-mini), it lacks comprehension and ex-
plainability compared to our proposed task-specific
models in estimating and representing and help-
fulness vote of users on opinion, given that these
scores should vary within the the common rating
options (0-5) for user to rate for review helpfulness
on social platform (e.g., Ciao)

Q Error Analysis of Helpful Opinion
Reward Employed By Different Models

In this section, we performed an error analy-
sis of Helpful Opinion Reward scores produced
by different experimented models, which aims
to reinforce our findings from previous eval-
uation that our fine-tuned deberta-v2-xlarge
yields the strongest performance, by analysing
and comparing its output score with those
predicted by the LLM-based scorer alterna-
tive, i.e., GPT-4.1-Scorer (Appendix H), and
the third-party multi-objective reward model
adapted for predicting opinion helpfulness, i.e.,
gpt2-large-helpful-only-reward-model (Ap-
pendix P)

Table 11 compares Helpful Opinion reward
score computed by different models against
some gold sampled KPs and their gold KP-level
helpfulness score derived from CIAOHELPFUL
(Stage 3 of §4). In most cases, GPT-4.1-Scorer
underestimates the helpfulness score of the given
KP against user reviews history. Meanwhile,
the third-party multi-objective reward model
(gpt2-large-helpful-reward-model) mostly
produces negative scores in case the gold (actual)
votes falls below neutral, again reinforcement our
previous findings on the correlation of this model
with our task-specific model. However, as such



Listing 11: Prompt for instructing the third-party multi-objective reward model (gpt2-large-helpful-reward) to
score the helpfulness of a given opinion against user reviews history

### INPUT ###

Human: Below is a user's voted—helpful review history. Is the following key point helpful for this user? Consider relevance to

preferences, specificity, and usefulness.
User history: {user_history}
Key point: {key_point}

### OUTPUT ###
Yes, the key point is helpful for this user.

SHS (Natural Reward Score

by Third-Party Model) SHS (0-5)

Model gpt2-large-helpful-only-reward-model , DeBERTa GPT-4.1
HelpfulSumm—RL !

+L1ama 0.45 Y7 3.65
+ Mistral 0.43 . 3.60 3.50
HelpfulSumm—-FT :

+ Llama 0.44 ' 3.58 3.51
+Mistral 0.36 ' 3.19 3.13
HelpfulSumm—ICL l

+Llama 0.35 " 335 3.30
+ Mistral 0.33 ‘ 3.18 3.12
Rehearsal (W + V) (Zhang et al., 2025) |

+gpt-4o0 0.30 © 310 3.06
+gpt-4.1-mini 0.31 L3 3.09
Rehearsal (W) (Zhang et al., 2025) :

+gpt-40 0.30 3.02 2.75
+gpt-4.1-mini 0.31 .\ 3.08 2.84
PersonaSumm (Zhang et al., 2025) ]

+ gpt-4o0 0.22 ‘ 3.01 2.68
+gpt-4.1-mini 0.28 I 3.09 2.75
GeneralSumm (Zhang et al., 2025) 1

+ gpt-4o 0.12 . 2.89 2.48
+gpt-4.1-mini -0.14 ! 2.60 2.45

Pearson (r) / Spearman (p) with Natural Reward Score

'0.89/0.96 0.84/0.98

Table 10:

Comparison of Summary Helpfulness Score (SHS) (estimation of user helpfulness votes

on opinions in the summary) measured by our task-specific models against the adapted third-party

multi-objective reward model for helpful opinion scoring.

DeBERTa/GPT-4.1 refers to the use of task-

specific models such as fine-tuned DeBERTa-v2-xlarge or prompted GPT-4.1-Scorer for estimating SHS.
gpt2-large-helpful-only-reward-model is the third-party multi-objective reward model adapted to estimate
SHS. r denotes Pearson while p denotes Spearman correlation.

adapted third-party reward model cannot produce
rewards uniformly representing the gold user votes
in the desired range (0-5), they lack explainability
of their outcomes for opinion helpfulness. In
contrast, our proposed DeBERTa model, due to
the strong performance of BERT-based encoder
for discriminative tasks, as well as being further
fine-tuned specifcally for predicting Helpful
Opinion Reward, produces much closer values to
and are more representative of the gold user votes
with minimal absolute errors.
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R Annotation Details & Evaluation
Dimensions of Summary
Personalization Quality (Human
Evaluation)

This section describes the annotation details and
evaluation dimensions of our human evaluation on
summary personalization quality (§ 7.3). Annota-
tors were asked to perform a pairwise comparison
between two summaries, each taken from a differ-
ent model, generated for a specific test instance (for
personalized summarization of a product reviews
for a specific user) The annotators must answer a



Product Name User ID | Key Point

deberta-v2-x1
Predicted | Err

GPT-4.1-Scorer
Predicted | Err

gpt2-large-helpful

Gold Predicted ;  Err

The early questions
are too easy and
repetitive, making
the beginning of
each episode less
engaging.

ITV - Who Wants to be a Millionaire | 9879

4.00

Tkea’s flat-pack
furniture is
erally sturdy and
well-made for the
price.

Ikea 20917

gen-

3.67

Curly Wurly is very
chewy and can stick
to teeth, which may

Cadbury Curly Wurly be problematic for

5256313

tive teeth or fillings.

people with sensi-

2.90

Table 11: Helpful Opinion Reward scores predicted by different experimented models on example gold KPs from
CIAOHELPFUL, and are compared for absolute errors (Err) with gold KP-level helpfulness score (Stage 3 of §4).

comparative question with respect to the evaluat-
ing dimension. (e.g., Which of the two summaries
captures better ... ). For each dimension, follow-
ing Friedman et al. (2021), we calculate the ranking
using the Bradley-Terry model (Bradley and Terry,
1952), which predicts the probability of a given
participant winning a paired comparison, based
on previous paired comparison results of multiple
participants, and thus allows ranking them. Specif-
ically, we employed 3 MTurk crowd workers on
every comparative annotation, selecting only those
with an 80% or higher approval rate and at least
10 approved tasks. For quality control, following
Bar-Haim et al. (2021), we exclude annotators with
Annotator-x < 0 for quality control. This score
averages all pairwise Cohen’s Kappa (Landis and
Koch, 1977) for a given annotator, for any anno-
tator sharing at least 50 judgments with at least
2 other annotators. Finally, to decide the winner
from a comparison, we applied a strict threshold,
in which 70% votes (2 out of 3) of the annotators
had to agree that either of the summary is better.

Summary Personalization Quality Dimen-
sions

* PERSONALITYTRAITS: The summary should
reflect personality traits of the user, such as
being cautious, adventurous, humorous. For
instance, a user with a humorous tone in re-
views may expect the summary to contain
jokes, while a highly critical user may expect
a more formal tone.

e COREINTERESTS: The summary should align
with the user personal hobbies and interests
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implied in their past reviews, for example,
emphasizing the product’s appearance in the
favourite color of a specific user.

* EXPRESSIONHABITS: The summary should
reflect the similar way of expression preferred
by the users in written or voted reviews, such
as preferring practical examples to emphasize
product features.

* EVALUATIONPRIORITIES: The key point in
the summary should emphasize what the user
values most when evaluating products, such
as comparing with other brands and products.

* SHOPPINGBEHAVIOUR:  The summary
should capture and reflect the user shopping
behaviour and patterns, such as favoring bulk
purchases, or avoiding luxury brands.

* INTERESTINGPRODUCTASPECTS: The sum-
mary should capture the product features that
are most interesting to the user, even if they
are not the most common among general users
from the product reviews.

S MTurk Annotation Guideline for
Pairwise Summary Personalization
Quality Evaluation

Below are the two personalized summaries of a
given product in Entertainment from online re-
views, generated by two different summarization
frameworks towards a given user. Each summary is
a personalized summary summarizing opinions of
the product reviews on different aspects tailored to



a specific user. You are tasked to select which sum-
mary you think is delivering better personalization
to the particular user in terms of the given profile
characteristic (e.g., personality trait, core interest,
expression habit).

Product Name: Glamour.

User Profile Characteristic: Evaluation Priori-
ties

Profile Characteristic Details: Prioritizes con-
tent quality, especially the balance between ad-
vertising and editorial material in magazines and
shows; values pricing and overall value for money,
particularly regarding subscriptions and purchases;
appreciates relevance and practicality, critiquing
content that feels superficial or overly commercial-
ized.

Personalized Summary A: Glamour is a great
magazine for women who want to stay informed
about fashion and beauty trends without breaking
the bank. With its handbag-sized size and afford-
able price, it’s a great option for busy women who
want to stay up-to-date on the latest fashion and
beauty trends. The magazine has a good balance
of fashion, beauty, and lifestyle content, making
it a great option for women who are interested in
a wide range of topics. The magazine also has a
strong focus on celebrity gossip and fashion trends,
which will appeal to women who are interested in
celebrity culture. Additionally, the magazine has a
good balance of serious and lighthearted content,
making it a great option for women who want to
stay informed and entertained. Overall, Glamour
is a great option for women who want to stay in-
formed and entertained without breaking the bank.

Personalized Summary B: Glamour magazine
is a great choice for anyone who wants to stay up-
to-date with the latest fashion and beauty trends,
but in a way that is not too superficial or shal-
low. The magazine is handbag-sized and costs
only £1.50, making it a great value for money. The
magazine covers a wide range of topics, including
fashion, beauty, relationships, and lifestyle, and has
a down-to-earth and practical approach to fashion
and beauty. The magazine includes celebrity gos-
sip and fashion trends, but in a way that is not too
superficial or shallow. The magazine also includes
real-life stories and articles that are not too serious
or preachy, making it a great choice for anyone
who wants to stay informed and entertained. Over-
all, Glamour magazine is a great choice for anyone
who wants to stay up-to-date with the latest fash-
ion and beauty trends, but in a way that is not too
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superficial or shallow.
The options are:

* Summary A
* Summary B

T Ablation Studies

We conducted an ablation study to evaluate the im-
pact of each helpful reward models of HELPFUL-
SUMM, with textual quality, KP helpfulness and
the personalization quality of summary reported
in Table 12, 13, and 14 To this end, we configure
HelpfulSumm-RL (w/o Persona Alignment Re-
ward) and HelpfulSumm-RL (w/o Helpful Opin-
ion Reward) as variants of HelpfulSumm-RL that
respectively excludes either the reward signal from
Persona Alignment and Helpful Opinion during
training.

Overall, having both reward signals are crucial,
but Helpful Opinion Reward is more important,
in which HelpfulSumm-RL (w/o Persona Align-
ment Reward) achieves lexical/semantic similar-
ity from Table 12, higher SHKP and SHS from
13 than HelpfulSumm-RL (w/o Helpful Opinion
Reward). For KP Information Quality, Helpful
Opinion Reward enhances COVERAGE and RE-
DUNDANCY, but struggles with SENTIMENT and
INFORMATIVENESS compared to Persona Align-
ment, likely due to weak alignment with user per-
sona (e.g., personality traits). Nevertheless, Helpful
Opinion Reward also indirectly improves Personal-
ization Quality, by catering to what users find help-
ful, particularly in COREINTERESTS and EVALUA-
TIONPRIORITY.

U Case Studies Comparing
HELPFULSUMM and Baselines

We performed case study comparing the personal-
ized summary (for a user) generated by HELPFUL-
SUMM and summary generated by other baselines.
The user profile (inferred by LLMs from CIAO-
HELPFUL based on his/her reviews history) is pre-
sented in Table 15, and summary outputs of differ-
ent models are in Table 16. Overall, HelpfulSum-
RL stands out for generating personalized sum-
maries with more helpful opinions and alignment
with user persona. While Rehearsal and General-
Summ mention core product features (e.g., “triple-
blade design”, “lubricating strip”), they are overly
generic with mixed sentiments and lacks person-
alization. Notably, GeneralSumm, without being



ROUGE BERTScore BARTScore BLEURT

KP Summ KP KP KP
Summ Summ Summ

R-1 R-2 R-L R-1 R-2 R-L sP sR  sF1 sP sR  sF1 sP sR  sFl

HelpfulSumm—-RL

+Llama 0.152 0.028 0.139 0.400 0.087 0.176 049 045 047 025 072 0.78 075 0.58 037 037 037 048
HelpfulSumm—RL (w/o Persona Alignment Reward)

+Llama 0.152 0.027 0.138 0400 0.085 0.174 048 044 046 025 0.72 077 0.74 057 036 037 036 047
HelpfulSumm—RL (w/o Helpful Opinion Reward)

+Llama 0.151 0.026 0.135 0.384 0.086 0.175 047 043 045 024 071 076 073 057 036 036 036 047
HelpfulSumm—-FT

+Llama 0.147 0.023 0.133 0.375 0.085 0.176 043 042 043 022 070 076 0.73 056 036 036 036 047

Table 12: KP summary textual quality. sP, sR and sF1 refer to Soft-Precision, Soft-Recall, and Soft-F1 respectively
based on set-level evaluation method against reference KPs in gold answer.

SHKP SHS (0-5)
Model Precision Recall F1 DeBERTa GPT-4.1
HelpfulSumm—-RL

+Llama  0.839 0.831 0.835 3.72 3.65
HelpfulSumm—RL (w/o Persona ALignment Reward)
+ Llama 0.829 0.819 0.824 3.71 3.64
HelpfulSumm—RL (w/o Helpful Opinion Reward)
+Llama 0.733 0.813 0.771 3.59 3.52
HelpfulSumm-FT

+Llama 0.735 0.796  0.764 3.58 3.51

Table 13: Summary Helpful KP Proportion (SHKP) and Summary Helpfulness Score (SHS) (0-5), .i.e., averaged
helpfulness score of KPs in the summary. DeBERTa/GPT-4. 1 refers to the use of the fine-tuned DeBERTa-v2-xlarge
or prompted GPT-4.1-Scorer for predicting Helpful Opinion scores in the summary.

provided with user reviews history and personal-
ized instruction, describes the product to be “also
popular among women”, which On HelpfulSumm
model family, HelpfulSumm-FT still overly fo-
cuses on aspects irrelevant to the user interest, by
depicting the product “chrome design” and "han-
dle’ In contrast, HelpfulSumm-RL focuses more
on “price”, and “blades”, and presents opinions in
a highly descriptive narrative and highly analytical
tone with empirical illustration (e.g., “thick and
dark beards”, “$1.65 a week”, “half a dozen shave

. no signs of ... losing its edge”, “first blade re-
moves... second blade ... third blade administers
the coup de grace”). As a result, HelpfulSumm-RL
better tailors to the tailored to user characteristics
and concerns, which are on the value for money
and functionality of the product.
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KP Information Quality Summary Personalization Quality
CV RD SN IN SA |, PT CI EH EP SB 1A

HelpfulSumm RL 40.23 4022 40.54 54.08 48.07 : 46.19 4593 4546 5046 4881 495
HelpfulSumm-RL (w/o Persona Alignment Reward) 36.88 3291 26.66 19.33 29.57 : 26.07 4096 22.05 3797 2457 39.98
HelpfulSumm-RL (w/o Helpful Opinion Reward) 22.89 2688 3279 26.6 22362774 13.11 325 11.58 26.62 10.52

Table 14: Human evaluation of summary quality by different dimensions. Reported are the Bradley Terry scores
of 11 dimensions, from left to right, on KP Information Quality (COVERAGE, REDUNDANCY, SENTIMENT,
INFORMATIVENESS, and SINGLEASPECT) and Summary Personalization Quality (PERSONALITYTRAITS,
COREINTEREST, EXPRESSIONHABIT, EVALUATIONPRIORITY, SHOPPINGBEHAVIOR, INTERESTINGASPECTS).

User ID User Profile

5000858 Personality Traits:

- Humorous and Witty: The user displays a strong sense of humor in their reviews, often using
sarcasm and playful language to convey their thoughts. They enjoy making light of situations, which
suggests a playful and approachable personality.

- Expressive and Engaging: The user writes in a conversational style, often addressing the reader
directly and sharing personal anecdotes. This indicates a desire to connect with others through their
writing.

- Detail-Oriented: They provide thorough descriptions of products, including packaging, scent, and
performance, showing a meticulous approach to reviewing.

Core Interests:

- Beauty and Personal Care: The user has a keen interest in beauty products, particularly skincare,
haircare, and grooming items. They frequently explore various brands and formulations, indicating a
passion for self-care and aesthetics.

- Humor in Everyday Life: Their reviews often reflect a lighthearted take on mundane tasks like
shaving or using beauty products, suggesting they find joy in the little things.

Expression Habits/Style:

- Conversational Tone: The user employs a friendly and informal tone, making their reviews relatable
and enjoyable to read.

- Use of Anecdotes: They often share personal stories or humorous observations related to the
products, enhancing the narrative quality of their reviews.

- Playful Language: The use of puns, jokes, and playful comparisons (e.g., comparing shaving to a
painful experience) adds a unique flair to their writing.

Evaluation Priorities:

- Effectiveness: The user prioritizes how well a product performs its intended function (e.g.,
moisturizing, cleansing, or providing a close shave).

- Value for Money: They consider the cost of products in relation to their effectiveness and longevity,
often mentioning whether they feel a product is worth the price.

- User Experience: The overall experience of using a product, including scent, texture, and ease of use,
is important to the user.

Shopping Behavior:

- Value-Conscious: The user appears to be mindful of prices and often looks for deals or discounts,
indicating a practical approach to shopping.

- Brand Exploration: They are open to trying new brands and products, often switching between them
based on availability and personal experiences.

- Preference for Samples: The user enjoys trying samples before committing to full-sized products,
reflecting a cautious yet curious shopping style.

Aspects of Products Interested In:

- Skincare and Haircare: The user frequently reviews shampoos, conditioners, moisturizers, and other
beauty products, indicating a strong interest in maintaining healthy skin and hair.

- Scent and Texture: They pay attention to the sensory aspects of products, such as fragrance and
consistency, which play a significant role in their overall satisfaction.

- Functionality: The user values products that deliver on their promises, such as effective cleansing or
moisturizing, and often shares their experiences with different formulations.

Table 15: The profile of the user “5000858” being generated for personalized summary in the example from Table 16
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Product Gillette Mach 3 Razor (Beauty)

HelpfulSumm-RL  As a busy professional who needs to shave daily, you know how important it is to have a razor that
can deliver a close and comfortable shave. I've tried many razors in the past, but the Mach 3 is the
best I've ever used. It’s like a hot towel shave at a barber’s shop, but without the hassle and expense.
It’s a hassle-free shave that leaves my skin feeling smooth and refreshed.

It is a game-changer for anyone with thick and dark beards, as it uses a three-blade system to remove
hair and reduce irritation. The first blade removes the heavy hair growth, the second blade removes
what the first one has missed, and the third blade administers the coup de grace, wiping out any
remnants of facial hair entirely. The lubricating strip helps to reduce friction and make shaving easier,
and the razor is easy to use and clean.

While the razor may be a bit expensive, the blades last a long time and provide a good value for the
price. I've had half a dozen shaves from the original blade now, with no signs of it dulling or losing
its edge. And at only $1.65 a week, it’s a small price to pay for the best and most pleasurable shaving
experience of my entire life.

HelpfulSumm-FT | The Gillette Mach 3 razor is a top-notch shaving experience that delivers a close and quick shave with
no snags or catching on your stubble. The lube strip helps the razor to glide and is good for your

skin, making it a great choice for those with sensitive skin. [JiCiazonsidesigniisislcckianapmodeniy
withialsexy [chirome and black metal[desigi that gives it a good weight so you can control it very

smoothly. The blades are very sharp when they first come out of the box, and tend to last me quite a
while, making it a great value for money. The handle part is very good, and as much as one could

expect, as the blades are as easy as pie to load and dispose of. Overall, the Mach 3 is a great razor that
I highly recommend, and it’s no wonder it’s number one in the UK for numbers sold.

Rehearsal (Voted
+ Written) (Zhang | The Gillette Mach 3 razor is a crowd-pleaser for a reason. It offers a close, comfortable shave with
etal., 2025) minimal irritation, making it a top choice for both men and women. While the cost of replacement
blades might sting a little, most users agree that the quality and performance are worth the splurge.
Plus, with a money-back guarantee, there’s little risk in giving it a try.

Whether you’re a daily shaver or someone who only picks up a razor for special occasions, the Mach
3 is a reliable companion. And if you’re still on the fence, just remember: it’s not just a razor—it’s
a conversation starter. After all, how many razors can claim to have inspired debates about unisex
shaving and the future of blade technology?

GeneralSumm (Zhan|

et al., 2025) € The Gillette Mach 3 razor has garnered a wide range of opinions, but it is generally regarded as one

of the best razors on the market. Many users praise its innovative triple-blade design, which provides
a close and smooth shave with minimal irritation. The razor’s ergonomic handle, rubber grip, and
pivoting head make it easy to use and effective at navigating the contours of the face. The lubricating
strip, which fades to indicate when the blade needs replacing, is another feature that users find helpful.
For many, the Mach 3 delivers a shaving experience that is both comfortable and efficient, leaving
skin feeling soft and refreshed.

However, the razor is not without its detractors. Some users have noted that the blades can be
expensive, with replacement cartridges costing significantly more than those for other razors. Despite
this, many users feel the longevity of the blades and the quality of the shave justify the higher price.
The Mach 3 is also popular among women, who find it effective for shaving legs and other areas,
often preferring it over razors marketed specifically for women.

Table 16: Example comparison of personalized summary for user “5000858 (Table 15) produced by different
variants of HELPFULSUMM and previous personalized summarization and general summarization baselines, given a
product and a user from CIAOHELPFUL. Similar opinions across baselines are correspondingly marked in the same
color.

29



	Introduction
	Related Work
	Review Opinion Summarization
	RLHF for LLMs Personalization & Summarization

	Helpful Personalized Opinion Summarization
	Human-LLM Collaborative Annotation for the CiaoHelpful Dataset
	RL with Review Helpfulness Votes
	From Review Helpfulness to Helpful Opinion Reward
	From Review Helpfulness to Persona Alignment Reward

	Experiment Setup
	Implementation Details
	Baselines

	Results
	How is the overall textual quality of summaries?
	Do summaries contain helpful opinions?
	How is the personalization quality of the summary?
	Ablation Study
	Case Studies

	Conclusion
	Prompts for Human-LLM Collaborative Annotation of CiaoHelpful
	Prompt for Key Point Extraction from User-Voted Product Reviews (Stage 1)
	Prompt for Voted Key Point-Review Matching for Personalized Helpful Opinion Calculation (Stage 2)
	Prompt for User Profile Generation (Stage 3)
	Prompt for KP-Profile Matching for Helpful KP Filtering (Stage 4)
	Prompt for Silver Annotation and Collaborative Refinement of Personalized Summary (Stage 5)

	Human Validation of GPT4's KP Extraction from User Product Reviews (Stage 1) of CiaoHelpful
	Annotation Details of Review-KP Matching for CiaoHelpful Dataset (Stage 2)
	Training Details of the Base Summarizer (HelpfulSumm-FT)
	Generation Output of HelpfulSumm's CoT Prompt
	Pretraining and Fine-tuning Details of BERT-based Helpful Opinion Reward Model
	HelpfulSumm Prompt for End-To-End Helpful Personalized Opinion Summarization
	Using Generative LLMs As An Alternative for Scoring Helpful Opinion Reward
	Performance of Different Models for Helpful Opinion Reward
	Prompt for LLM-based Scoring for Persona Alignment Reward
	Human Evaluation of KP Information Quality In The Summary
	Annotation Details & Evaluation Dimensions of KP Information Quality (Human Evaluation)
	MTurk Annotation Guideline for Pairwise Comparative KP Information Quality Evaluation
	Prompt for Generated/Reference KP Matching for Helpful Opinion Proportion (SHKP)
	GPT4's Generated/Reference KP Matching Annotation against Human Judgement For SHKP
	Summary Helpfulness Score (SHS) Estimated by Adapted Third-Party Multi-Objective Reward Model
	Error Analysis of Helpful Opinion Reward Employed By Different Models
	Annotation Details & Evaluation Dimensions of Summary Personalization Quality (Human Evaluation)
	MTurk Annotation Guideline for Pairwise Summary Personalization Quality Evaluation
	Ablation Studies
	Case Studies Comparing HelpfulSumm and Baselines

