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Abstract

Group recommenders aim to provide recommendations that sat-
isfy the collective preferences of multiple users, a challenging task
due to the diverse individual tastes and conflicting interests to be
balanced. This is often accomplished by using aggregation tech-
niques that select items on which the group can agree. Traditional
aggregators struggle with these complexities, as items are chosen
independently, leading to sub-optimal recommendations lacking
diversity, novelty, or fairness. In this paper, we propose an aggre-
gation technique that leverages Monte Carlo Tree Search (MCTS)
to enhance group recommendations. MCTS is used to explore and
evaluate candidate recommendation sequences to optimize overall
group satisfaction. We also investigate the integration of MCTS with
LLMs aiming at better understanding interactions between user
preferences and recommendation sequences to inform the search.
Experimental evaluations, although preliminary, showed that our
proposal outperforms existing aggregation techniques in terms of
relevance and beyond-accuracy aspects of recommendations. The
LLM integration achieved positive results for recommendations’
relevance. Overall, this work highlights the potential of heuristic
search techniques to tackle the complexities of group recommenda-
tions.
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1 Introduction

Traditional recommender systems have primarily focused on indi-
vidual preferences. However, as the consumption of digital content
increasingly occurs in social contexts, the demand for group recom-
mender systems has increased. These systems provide recommen-
dations to groups of users, acknowledging their diverse preferences
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and balancing the dynamic nature of their interactions [26], which
poses challenges and opportunities.

A common approach to group recommendations is to aggregate
the predicted rankings or candidate item ratings individually ob-
tained for each group member using strategies inspired by Social
Choice Theory [5, 13]. For example, an average strategy computes
the group item rating as the average of the group member ratings
[13]. However, aggregation strategies often select items indepen-
dently [10]. Thus, while each recommended item may be individ-
ually relevant, the overall sequence of items might lack diversity,
novelty, or fairness, which are key aspects of recommendations. For
instance, all items might be highly similar, or certain user prefer-
ences might be over-represented [10]. Enhancing recommendation
diversity and novelty has been linked to openness to new perspec-
tives, empathy [14, 22], and positive user experiences [6], while it
also contributes to increased fairness and reduced biases [20].

Aggregating the recommendations of each group member can
be seen as a search problem, in which the search space includes all
items recommended to each member, and the objective is to find a
meaningful sequence of items that maximizes the overall group sat-
isfaction. Items in a sequence can be consumed either in order (e.g.,
a playlist) or individually as part of a set. An item sequence can also
help balancing recommendation properties (e.g., fairness, diversity)
across group members [10]. Monte Carlo Tree Search (MCTS) [4] has
emerged as a versatile search technique for complex settings, due to
its ability to explore decision paths (e.g., a sequence of recommenda-
tions) and evaluate outcomes (e.g., the quality of recommendations).
These characteristics make MCTS well-suited for aggregating user
recommendations into group recommendations.

In this context, we propose a group recommendation approach
relying on MCTS to seek candidate sequences of recommendations
that best satisfy group preferences with respect to diversity, nov-
elty and fairness. Furthermore, Large Language Models (LLMs)
represent a paradigm shift for NLP techniques, which has shown
interesting applications to recommendation tasks [8]. In particular,
the knowledge posed by LLMs can provide rich, context-aware
insights into user and group preferences and their impact on rec-
ommendation sequences, which can inform the MCTS, aiming at
generating more diverse and novel group recommendations.

We performed an experimental evaluation, instantiated in a
movie recommendation task, which showed that the proposed
technique can outperform traditional and state-of-the-art (SOTA)
aggregation techniques, both in terms of relevance and diversity
and novelty. In some cases, the integration of LLMs contributed to
further improving the relevance of recommendations. This study,
although preliminary, aims to enhance the quality of group recom-
mendations, laying the groundwork for future research.
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Figure 1: Schematic steps of the proposed pipeline

2 Related works

Group recommendation systems often rely on aggregating the rec-
ommendations obtained for each group member [13]. Items are
generally selected independently. Recently, some studies [10, 12, 26]
began examining the properties of the set of recommended items,
particularly focusing on fairness, in terms of balancing user utilities
within a group, and following a Greedy approach for item selection.
Xiao et al. [26] defined the overall user satisfaction as the linear
combination of social welfare (user utilities in a group) and fairness
(balance of user utilities in a group). Utility was measured as the
mean predicted item relevance, while fairness followed standard
utility-based definitions such as least misery, variance and min-
max ratio aiming at minimizing utility differences between group
members. Kaya et al. [10] defined fairness inspired on intent-aware
information retrieval, aiming at diversifying recommendations to
cover users’ different interests. Item relevance was based on Borda,
and fairness was defined as the sum of each group member’s proba-
bility of finding at least one relevant item within recommendations.
Unlike [26], the proposal was rank-sensitive, as item order was es-
sential in balancing item utility across group members. Malecek and
Peska [12], inspired by the D’Hondt seat allocation method, focused
on maximizing the per-user proportional fraction of relevance.
While the works above are based on greedy approaches that
focus on the immediate next step by selecting the locally optimal
choice, our approach allows for a more thorough exploration of
the search space, which potentially leads to (better) medium-term
decisions that consider item dependencies. Moreover, unlike prior
works, which only define fairness in terms of utilities, we also focus
on the diversity and novelty of recommended items. Similarly to
[10], in our proposal, the recommendation order is important.
Regarding MCTS and recommender systems, Rajapakse and
Leith [17] used MCTS to learn user preferences in a cold-start sce-
nario. Liebman et al. [11] applied MCTS in a reinforcement learning
scenario to recommend playlists. Finally, recently, Zhao et al. [28]
proposed using LLMs as an MTCS policy to guide the search in
a planning scenario, showing promising results in improving an
MTCS schema in some scenarios. To the best of our knowledge,
MCTS has not yet been explored for group recommendation.

3 Task and method

We defined a pipeline (Figure 1) that tackles the generation of
base recommendations for each group member, and the MCTS-
based aggregation technique. The output is the sequence of items
comprising the group recommendations.

As a first step, we assume an underlying recommender system
generating recommendations for each group member based on
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their individual preference profile (e.g., item interaction history).
Aggregating such recommendations so that a sequence of items
best satisfies the group is cast to a search problem. In this setting,
the possible decisions are the items recommended to each group
member, and the objective is to obtain a sequence of decisions
that maximizes group satisfaction. Assessing group satisfaction is
challenging [10, 26], specially when introducing objectives related
to the overall diversity, novelty and fairness of recommendations.
In our approach, we propose MCTS to select promising item se-
quences without making a (full) combinatorial search. Furthermore,
we integrate an LLM as an alternative strategy to evaluate group
satisfaction. This means that rather than computing diversity and
novelty metrics based on the items, we ask the LLM to assess the
items and provide a numeric score. We conjecture that an LLM can
be prompted to perform a more holistic evaluation of the situation
(e.g., group context, users’ history, available items) than traditional
metrics, as recently suggested in [15, 28]. That is, as the MCTS
searches for candidate items, we leverage the LLM knowledge to
assess the suitability of the item sequences for a group.

In our study, we focus on two research questions:

+ RQ1: Does MCTS allow to improve the quality of group recom-
mendations? We compare the performance of group recommenda-
tion aggregation strategies with MCTS-based strategies.

« RQ2: Does the combination of MCTS and LLM contribute to better
assess group satisfaction? We extend the MCTS reward definition
with an LLM and assess whether recommendations are improved.

3.1 Monte Carlo Tree Search

MTCS [4] is a heuristic algorithm for sequential decision processes,
which implements an iterative tree search that balances exploration
(i.e., explore a new decision) and exploitation (i.e., pick the best
known decision). In this tree, nodes correspond to states while
edges denote transitions (e.g., actions or decisions) from one state
to another. Instead of performing an exhaustive search in the space
of alternatives, MCTS only searches a subset of nodes and identifies
promising parts of the tree to be explored. MCTS then simulates the
outcome (or reward) of a given state and propagates those values
up in the tree. Thus, a key advantage of MCTS is its effectiveness
for exploring alternatives in large spaces. As the algorithm iterates
more, the likelihood of reaching optimal decisions increases.

In our recommendation problem, each tree node represents a
decision of an item being recommended to a group. Thus, a path
from the root node to any other node captures a possible sequence of
items to be recommended. These paths are stored in the respective
nodes as states. We see the reward of a node as a score that indicates
the degree to which its state (i.e., the path ending at that node, or
item sequence) satisfies the whole group.
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The MCTS algorithm involves four phases (Figure 1):

1) Selection. It starts from the root node and selects the next node
to explore (i.e., the next item to recommend) at each level of the
existing tree. A common policy is to rely on an Upper Confidence
Bound (UCB) to balance exploitation and exploration. This phase
ends when a leaf node is visited and the next node is either not yet
represented or a terminal state. In our problem, a leaf node (and a
terminal state) means that there are no more items to recommend
to the group and we have obtained a full item sequence.

2) Expansion. If a terminal state is not reached, this phase adds a
new child node to the tree, representing a state that results from
applying a feasible action on the parent state. Since feasible actions
map to candidate items in our problem, applying an action is equal
to deciding on a given item to be recommended. If a terminal state
is reached, a reward policy computes the node’s outcome, which is
typically a domain-specific numeric score (e.g., diversity, novelty,
or an LLM-based assessment). The process then moves to phase 4.

3) Simulation. It performs a simulation, such as choosing actions
randomly, until a terminal state is reached. The purpose of the
simulation is to quickly (and approximately) determine the reward
of a node, when performing a deep expansion of the nodes is unfea-
sible or computationally expensive. The outcome of the (simulated)
terminal state is again assessed via the reward strategy. In particu-
lar, we can use simulation in our problem to speed up the search,
although the quality of the resulting sequences might suffer.

4) Backpropagation. Scores are propagated back from the last
visited node to the root, updating node statistics. This helps deter-
mining the current best action at any given time. In our problem,
the current best action is the next item to be recommended to the
group to optimize its satisfaction. By following the best action and
traversing the tree until reaching a terminal state we can also obtain
the best path, which is the desired sequence of items to recommend.

The MCTS output is the best sequence of actions found given the
current tree search. The algorithm has several configurable param-
eters (e.g., the maximum number of expansions, or iterations) that
influence its behavior. Furthermore, one can set different policies
for expansion, simulation and reward. A simple option for expan-
sion and simulation is to randomly choose candidate actions. The
reward policy is often a function of the action/state representation.

Reward policy configuration. In our problem, a basic reward policy
is to use traditional metrics for diversity and novelty. Along this
line, we experimented with different reward alternatives:

i) Diversity (MCTS-diversity). Diversity refers to the variety of
the candidate recommendations, ensuring that they cover a broad
range of topics, genres, categories, or styles. It aims at preventing
recommendations from being too similar to each other, avoiding
redundancy and yielding a balanced selection that captures differ-
ent user/group preferences. Diversity was measured as the average
intra-list dissimilarities [18] of the recommended items. Dissimi-
larity was, in turn, measured as the Euclidean distance of the item
representations (e.g., a content-based representation).

ii) Novelty (MCTS-novelty). Novelty refers to how new or unex-
pected the recommended items are when compared to what users
have interacted with previously. It aims at recommending content
to users/groups beyond their typical consumption patterns. Novelty
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was measured as the average intra-list dissimilarities between the
candidate recommendations and users’ item consumption history.
For dissimilarities, the same metric as in MCTS-diversity was used.

iii) Maximal Marginal Relevance (MCTS-MRR). It computes a
linear combination of diversity and novelty [3].

iv) Fairness (MCTS-fairness). We treat it as the average proportion
of users to whom the candidate items were originally recommended.

v) Weighted Fairness-Novelty (MCTS-weighted). In this case, MCTS-
fairness acts as a multiplier of MCTS-novelty.

To explore the role of LLMs in assessing rewards [15, 28], we
defined strategies aiming at analyzing the interactions between
user and group preferences and candidate items. We replaced the
previous strategies by an evaluation prompt, instructing the LLM
to return a numeric score (between 0 and 100):

i) Base (MCTS-LLM): The LLM is asked to evaluate candidate
items based on group preferences (the set of items liked by all
members) and individual preferences (for each member, the set of
items exclusively liked by them), considering how well items satisfy
the whole group focusing on diversity and novelty. As a variant,
the score should also consider the order of candidate items.

ii) Ranking (MCTS-LLM-rank): The LLM is asked to evaluate can-
didate items based on group preferences, individual preferences,
and the recommendations made for each group member. The score
should reflect diversity, novelty, fairness, or their combination. Un-
like MCTS-LLM, the LLM is informed about the items recommended
to each user, even if those are not part of the candidate set.

iii) Position (MCTS-LLM-pos): Similar to MCTS-LLM-rank, but
instead of the recommendations for each user, the LLM receives
information of whether the items were recommended to each user
and in which ranking positions.

4 Experimental setup

When evaluating recommendations [2], it is critical to decide whether
to follow a full evaluation, in which any item can be recommended
to any group member; or a restricted/condensed evaluation in which
only a selected set of groups’ unseen items can be recommended.
The restricted evaluation helps addressing data size and sparse-
ness. First, only a small fraction of potentially relevant items are
rated [2, 16], and the probability of being rated is not uniform, but
biased by the data collection process [12, 19]. This can cause the
base recommender to suffer from popularity bias, favoring top items
over items that might be acceptable to more group members, even
if they are rated lower [12]. Second, in the full evaluation, the base
recommender and the aggregation technique are evaluated together
(as a coupled pair [16]), potentially introducing bias, as the aggrega-
tion technique’s quality is influenced by the recommender’s quality.
By restricting the candidate items, we limit the recommender’s
influence, focusing the evaluation on the aggregation strategies.
We defined the group candidate items to include all items in the
test set (and their corresponding real ratings) liked by all members,
at least 5 exclusively liked by each member (liked by a user and
either disliked or not rated by any other), and 5 disliked by each
member and not liked by others?.
!The full prompts and code can be found in the companion repository: https://github.
com/tommantonela/MCTS_group_recommendation
2The rationale for the number of items was to build both a comprehensive set of

candidate items and allow for better preference control towards specific users. Also,
for the LLM-based strategies, it helps to avoid exceeding LLMs’ token limits.
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Data collection. We used the MovieLens dataset?, including user
ids, movies, ratings, genres, and timestamps. We considered ratings
later than January 1, 2016, and kept users rating more than 30
movies. The ratings of each user were split based on timestamps,
with a 60%/20%/20% train/val/test partition. The test set of each
group member only included movies that were not part of any
member’s train set to avoid recommending seen elements as part
of the group recommendation [10]. Movies were considered liked
if rated 4 or higher. For the purpose of analyzing diversity/novelty,
a content-based representation of movies was defined based on
their genre vector. For the LLM-based MCTS strategies, the “group
preferences” and “individual preferences” were built considering
the movies in users’ train sets.

Group formation. As data did not include group information, we
created synthetic groups*. Following [10, 26], we simulated 150
groups of 2 to 8 members with similar watching histories (a proxy
for similar interests). We computed user similarity over the full data
collection [1, 27] based on the Pearson Correlation of their ratings
[1], ensuring each pair’s similarity exceeded a set threshold.

Base recommendations. Base recommendations were performed us-
ing ImplicitMF [9], a commonly-used top-performing matrix factor-
ization technique tailored for implicit feedback settings. ImplicitMF
has a single hyper-parameter, the number of factors, which we
tuned over the validation set optimizing nDCG.

LLM choice. The LLM-based strategies used Gemma: 2b-instruct,

which showed a good balance between execution time and answer
quality (in terms of prompt adherence)’.

Baselines. We considered: i) Common social choice aggregation
techniques [13]: additive, least-misery, and Borda rank aggrega-
tion; ii) GreedyLM [26]; iii) GFAR [10] ; iv) EP-FuzzDA [12]; and v)
LLM-based aggregation (LLM-agg). The LLM was provided with
groups’ common and users’ individual watching history, the list of
movies recommended to each user, and asked to aggregate the user
recommendations into one list satisfying all group members.

Evaluation metrics. We considered both relevance and beyond-accu-
racy perspectives [21]: coverage, ordering and diversity/novelty.
For relevance, precision and nDCG?. For coverage, zero-recall (as in
[10]), measuring the fraction of group members not receiving any
relevant recommendation. This is also considered a fairness metric,
as values close to zero indicate that every group member received at
least one relevant item. As users watch movies in a certain order, and
order is important in generating the MCTS candidate sequences, we
considered Kendall’s Tau rank correlation between the real watched
order and the recommendation sequence’. For diversity and novelty,
we followed the same definitions as in the reward strategies.

We selected the top-5 recommendations. Metrics were computed
at user level, and then summarized (e.g., minimum, mean, median,
variance) to obtain the group score [10, 23]. For each user, recom-
mendations were deemed correct if they appeared in their test set
with a rating of 4 or higher. To assess the statistical significance of

Shttps://grouplens.org/datasets/movielens/25m/

4Code and more details can be found in the companion repository.

5We also evaluated Mistral: 7b and L1ama3, but discarded them due to either excessive
execution times on available hardware or inappropriate prompt adherence.

®We followed the binary definition: items are either relevant or non-relevant.

7 As correlation metrics require sequences to have the same number of elements, the
analysis only included the sub-set of correctly recommended ones.
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prec nDCG zrecall corr div nov

LLM-agg 0.127 0.273 0.584 0.199 0.721 0.746
additive 0.099 0.238 0.623 0.075 0.64 0.72
least-misery 0.127 0.259 0.641 0.48 0.475 0.717
Borda 0.12 0.291 0.536 0.147 0.709  0.732
GreedyLM [26] 0.100 0.244 0.610 0.192 0.744 0.748
GFAR [10] 0.114  0.288 0.536  -0.083 0.761 0.751

EP-FuzzDA [12]  0.117  0.285 0.546  0.222  0.747 0.746

MCTS-diversity ~ 0.105  0.263 0.576  0.239 0.872 0.779
MCTS-novelty 0.125  0.295 0.535 0330 0.737 0.806
MCTS-MRR 0.108  0.269 0568 0.253 0.867 0.790
MCTS-fairness 0.105  0.262 0.578 0359 0.676 0.722
MCTS-weighted  0.120  0.287 0546 0292 0.742 0.809

MCTS-LLM 0.140  0.317 0.508 0.352  0.666 0.71
MCTS-LLM-rank 0.128 0.285 0.560 0.440 0.681 0.724
MCTS-LLM-pos  0.148 0.344 0.460 0.340 0.700 0.735

Table 1: Summarized mean group scores (k = 5) (best results
in bold, second best in italic)

differences, the Wilcoxon paired samples test (¢ = 0.05) was used,
including multiple test corrections.

5 Analysis

Table 1 presents the mean results for groups of 5 members8. Group
metrics were computed as the mean member score. For correlations,
means were computed based on a meta-analysis [24, 25]. The MTCS
was run for 200 iterations, and no simulation strategy was used.

5.1 RQ1. Baselines versus MCTS

LLM-agg achieved high values, showing statistically significant dif-
ferences for precision, nDCG and novelty compared to traditional
baselines and GreedyLM. It was only outperformed by least-misery
(precision), although the differences were not statistically signifi-
cant. Least-misery achieved the highest precision, lowest diversity
and strongest correlations. Conversely, additive achieved the lowest
precision and nDCG. SOTA baselines showed statistically signif-
icant improvements in novelty and diversity over all traditional
baselines, with GFAR and EP-FuzzDA also statistically significantly
improving nDCG compared to least-misery and additive. In general,
over 50% of users in a group did not receive at least one relevant
recommendation (zrecall). GreedyLM performed statistically signifi-
cantly worse than other baselines in precision, nDCG, and diversity.

Compared to baselines, MCTS-novelty had the best performance.
On average, it enhanced the precision and nDCG of traditional
and SOTA baselines by 11.9% and 11.07%. MCTS correlations were
higher than for the baselines (except for least-misery), with MCTS-
novelty showing statistically significant differences and better rec-
ommendation ordering. MCTS-fairness achieved statistically signif-
icantly lower results than baselines for at least one metric.

Although MCTS strategies did not improve the relevance of LLM-
agg, they showed statistically significant differences in diversity
and novelty. Also, MCTS strategies improved the zrecall of several
baselines. MCTS-diversity and MCTS-MRR achieved the highest di-
versity (and low precision), while MCTS-novelty and MCTS-weighted
achieved the highest novelty, with average improvements of 9%.
Statistically significant differences were observed for all baselines
in both cases.

8 Additional results can be found in the companion repository.
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The statistically significantly differences observed favouring the
MCTS-based technique when compared to the greedy-based base-
lines ([10, 12, 26]) can be attributed to MCTS’s exploration of a
broader range of item sequences. While greedy algorithms make
locally optimal choices at each step, focusing on the immediate
gain, MCTS explores multiple sequences of items, allowing it to
discover less obvious, but potentially more rewarding, options. This
exploration helps MCTS identify novel recommendations that a
greedy algorithm might miss, as it prioritizes the overall group
satisfaction of whole recommendation sequences rather than the
short-term gains introduced by (incrementally) adding one item
to the recommendations. By balancing exploration and exploita-
tion MCTS is more likely to introduce new items, thus, enhancing
novelty in the recommendations.

Among the MCTS strategies, MCTS-novelty generally showed
statistically significant improvements, with average improvements
of 14.73%, 9.46%, and 4.09% in precision, nDCG, and novelty, re-
spectively. MCTS-diversity only obtained good results for diversity.
MCTS-fairness had the worst overall results, with the exception of
correlation; nonetheless, differences were not statistically signifi-
cant. MCTS-MRR did not enhance the results of MCTS-novelty and
MCTS-diversity. These findings suggest that prioritizing novelty in
the reward function yields better results than prioritizing diversity.

The MCTS strategies statistically significantly improved beyond-
accuracy metrics while maintaining similar precision and nDCG
levels. The best results were observed when novelty was included
in the reward function. Correlation differences underscored the
rank-sensitive nature of recommendations.

5.2 RQ2. Integrating LLM in MCTS

The last block in Table 1 presents the best results for the MCTS
LLM-reward strategies’. Most differences were not statistically sig-
nificant, indicating that prompting the LLM to consider diversity,
novelty, fairness (or their combination) had little effect on outcomes.
The only exceptions favoured diversity for MCTS-LLM-Pos (nDCG)
and MCTS-LLM-Rank (diversity). Although the LLM may have a
general knowledge of concepts like diversity, novelty, or fairness,
it might not be enough to adequately assess the candidate movies
and improve recommendations. For MCTS-LLM, asking the LLM to
consider the order of candidate movies did not benefit recommenda-
tions. This suggests that prompt changes were too subtle or did not
adequately stress aspects’ importance. Thus, further exploration of
prompt design, with clear definitions and justifications, is needed.

Results showed that including user recommendation details
(MCTS-LLM-Pos and MCTS-LLM-Rank) statistically significantly
improved relevance and novelty. Hence, providing insights of the
base recommender’s behavior and how recommendations align
with users can enhance the LLM’s reasoning, leading to better rec-
ommendations. MCTS-LLM-Pos achieved statistically significantly
higher precision and nDCG than MCTS-LLM-Rank. This could also
be related to prompt quality and length, as including all user rec-
ommendations could introduce noise, whereas simply indicating
items’ positions can be less confusing for the LLM.

9The full set of results and statistical significance analysis can be found in the com-
panion repository.
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Comparing the LLM-aware rewards with those from RQ1 re-
vealed that incorporating LLMs increased precision and nDCG by
up to 10.86% and 6.82%. Correlations were also boosted. However,
diversity and novelty decreased, with a statistically significant drop
in diversity. This decline may be due to prompt definition and LLM’s
assumptions about diversity and novelty, as discussed previously.

The LLM-guided reward strategies improved the relevance of
baselines and non-LLM strategies. Results highlighted the poten-
tial of LLMs and hinted points for enhancements.

6 Conclusions & Outlook

We proposed a novel approach based on MCTS for group recom-
mendation. We empirically evaluated several configurations, which
showed that MCTS (even without LLMs) can outperform existing
baselines in relevance and beyond-accuracy aspects.

Despite the promising results, our study has some limitations
that can be addressed in future research. First, we only focused
on the commonly used MovieLens [10, 26] collection. While this
choice demonstrated the technique’s applicability, evaluating other
domains (e.g., music, books) and group characteristics is necessary
for assessing the generalizability of our findings. Second, we consid-
ered only one base recommender. Evaluating other recommenders
would help assess the sensibility of the proposed technique to base
recommendations and whether improvements follow similar trends.
Third, although we considered a restricted evaluation scenario to
reduce the dependency on the quality of the base recommendations,
we still considered the real ratings as ground truth. In this sense,
other evaluation scenarios could be explored. For example, we can
aim for an unbiased [7], or a decoupled evaluation in which the
base recommendations are used as ground truth simulating that
all user preferences are known and aggregators are evaluated with
respect to how effectively they combine those preferences [16].

Fourth, evaluation was limited to a specific LLM and parameters.
As discussed in Section 5, more analyses are needed to determine if
alternative LLMs and prompting techniques can yield better results.
Fifth, the reported MCTS results involved a predefined number of
iterations, random selection of items for the expansion strategy
and no simulation. We think that, in addition to the reward strat-
egy, LLMs could be applicable to MCTS expansion and simulation
strategies, albeit with higher computational costs. As part of an
exploratory evaluation!®, we ran the MCTS with a random candi-
date simulation strategy, which helped reducing the algorithm’s
computational cost with almost no result degradation. We also no-
ticed that the reward strategies reached a limit beyond which more
iterations did not improve results. This encourages us to pursue
further work on integrating MCTS and LLM:s as heuristics for group
recommendation. Finally, from a broader perspective, MCTS can
be part of a reinforcement learning approach targeting long-term
novelty, diversity and fairness in a multi-objective context.

Ethical statement. While LLMs can enhance recommendation accu-
racy and user experience, they also raise concerns about fairness
and bias. Ensuring transparency, accountability, and fairness in
LLM-based recommendation systems is crucial for addressing ethi-
cal aspects and maintaining user trust.

10Results can be found in the companion repository.
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