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ABSTRACT
Planning for both immediate and long-term benefits becomes in-
creasingly important in recommendation. Existing methods apply
Reinforcement Learning (RL) to learn planning capacity by maxi-
mizing cumulative reward for long-term recommendation. How-
ever, the scarcity of recommendation data presents challenges such
as instability and susceptibility to overfitting when training RL
models from scratch, resulting in sub-optimal performance. In this
light, we propose to leverage the remarkable planning capabilities
over sparse data of Large Language Models (LLMs) for long-term
recommendation. The key to achieving the target lies in formulat-
ing a guidance plan following principles of enhancing long-term
engagement and grounding the plan to effective and executable
actions in a personalized manner. To this end, we propose a Bi-
level Learnable LLM Planner framework, which consists of a set of
LLM instances and breaks down the learning process into macro-
learning and micro-learning to learn macro-level guidance and
micro-level personalized recommendation policies, respectively.
Extensive experiments validate that the framework facilitates the
planning ability of LLMs for long-term recommendation. Our code
and data can be found at https://github.com/jizhi-zhang/BiLLP.

CCS CONCEPTS
• Information systems→ Recommender systems.

KEYWORDS
Large Language Model, LLM Planner, Long-term Engagement

∗Corresponding author.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.
SIGIR ’24, July 14–18, 2024, Washington, DC, USA
© 2024 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 979-8-4007-0431-4/24/07
https://doi.org/10.1145/3626772.3657683

ACM Reference Format:
Wentao Shi, Xiangnan He, Yang Zhang, Chongming Gao, Xinyue Li, Jizhi
Zhang, Qifan Wang, and Fuli Feng. 2024. Large Language Models are Learn-
able Planners for Long-Term Recommendation. In Proceedings of the 47th
International ACM SIGIR Conference on Research and Development in Infor-
mation Retrieval (SIGIR ’24), July 14–18, 2024, Washington, DC, USA. ACM,
New York, NY, USA, 11 pages. https://doi.org/10.1145/3626772.3657683

1 INTRODUCTION
Recommendation systems have gained widespread adoption in
contemporary society to alleviate the overwhelming burden of in-
formation overload [5]. Traditionally, researchers primarily focused
on optimizing users’ immediate responses (e.g. clicks) to maximize
instant benefits [51]. However, such a greedy recommendation
strategy tends to cater to users’ immediate interests excessively,
neglecting long-term engagement [44] and even influencing the
ecology negatively. For instance, some users will be confined within
an echo chamber of preferred information and filter bubbles [17].
Therefore, it is essential to investigate long-term recommendation.

To tackle this challenge, it is crucial to integrate planning capabil-
ities into the recommendation decision-making process to develop
policies that take into account not only immediate benefits but also
long-term consequences. Existing work primarily employs Rein-
forcement Learning [7, 31, 48, 63] to acquire planning capabilities
implicitly through training models from scratch with the objective
of maximizing cumulative rewards. However, these approaches are
entirely data-driven, and their efficacy is significantly constrained
by the quality and quantity of available data [15, 17, 38]. Unfor-
tunately, recommendation data is typically sparse and naturally
long-tail distributed [6]. This poses a significant challenge for RL
to acquire planning ability, particularly for sparse or long-tail items
and users, resulting in sub-optimal performance.

LLMs have emerged with powerful planning capabilities through
pre-training on massive and diverse textual data [1, 36, 42]. Previ-
ous studies have demonstrated that LLMs can break down complex
textual and agent tasks into subtasks and then execute them sequen-
tially [20, 21, 37, 45]. By conceptualizing multi-round recommen-
dations as analogous to such complex tasks, there is potential to
harness the planning prowess of LLMs to devise a multi-round rec-
ommendation policy aimed at maximizing long-term engagement.
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Upon realization, benefitting from the inherent extensive world
knowledge and robust reasoning capabilities in LLMs, it is antic-
ipated to obtain superior planning capabilities even in scenarios
with sparse recommendation data, especially for long-tail items.

To achieve the target, the key is to recall the task-solving princi-
ples to formulate a plan and make it effective and executable for
individual users. However, direct acquisition of such planning ca-
pabilities is non-trivial, due to the substantial scenario divergence
between LLM pre-training and recommendation. In the realm of
recommendation tasks, the LLM itself may not naturally exhibit an
inherent understanding (or commonsense) of the principles that
enhance long-term engagement. Additionally, when tailoring rec-
ommendations for individual users, a personalized and item-specific
strategy becomes essential, far beyond the mere awareness of such
guiding principles. It is necessary to inspire or teach the LLM to
acquire the desired principles and make them personalized.

We propose a novel Bi-level Learnable LLM Planning (BiLLP)
framework for long-term recommendation. BiLLP breaks down the
learning process into macro-learning and micro-learning through
a hierarchical mechanism. Macro-learning, aiming at acquiring
high-level guiding principles, includes a Planner and Reflector, both
implemented as LLM instances. The Planner leverages memorized
high-level experiences that imply guiding principles to formulate
high-level plans for long-term goals, while the Reflector reflects
on the finished trajectory to gather new experiences for updating
the Planner. Micro-learning includes the LLM-based Actor-Critic
component to acquire planning personalization. The Actor person-
alizes high-level plans into executable actions for users. The Critic
functions similarly to the Reflector but operates on a more fine-
grained level. It can promptly evaluate the long-term advantage of
an action given a state, facilitating the swift update of the Actor
policy and mitigating high-variance issues in Q-values [9].

The main contributions of this work are summarized as follows:

• We introduce the idea of exploring the planning ability of LLMs
with a bi-level planning scheme to enhance long-term engage-
ment in recommendation.
• We propose a new BiLLP framework with four modules, which
learns the planning ability at both macro and micro levels with
low variance estimations of Q-values.
• We conduct extensive experiments, validating the capability of
LLMs to plan for long-term recommendation and the superiority
of the BiLLP framework.

2 RELATEDWORK
• Interactive Recommendation. Interactive recommendation is a
typical setting to study long-term recommendation, where a model
engages in online interactions with a user [16, 48]. In contrast to the
static recommendation setting, where the focus is on identifying
“correct” answers within a test set, interactive recommendation
assesses the efficacy of results by accumulating rewards obtained
throughout the interaction trajectories. To improve the performance
of interactive recommendation, extensive effort [10, 23, 62] has
been made to model the recommendation environment as a Markov
decision process (MDP) and then utilize advanced RL algorithms to
deliver the optimal policy [7, 31, 48, 63]. CIRS [17] learns a causal
user model on historical data to capture the overexposure effect

of items on user satisfaction, facilitating the planning of the RL
policy. DORL [15] alleviatesMatthew Effect of Offline RL to improve
long-term engagement. However, these RL-based methods exhibit
suboptimal learning efficiency and poor planning performance
when confronted with sparse recommendation data.
• LLM for Recommendation. LLM-based Recommendation par-
adigm has achieved remarkable advancements [11, 29, 50] ow-
ing to the extraordinary abilities of LLMs such as GPT4 [1] and
Llama2 [42]. Distinguishing from existing LLM-based recommen-
dation methods that are limited to directly using in-context learn-
ing [8, 19, 32, 47, 52, 58] or tuning [3, 26, 30, 49, 59, 60] for immediate
response in the recommendation, our proposed BiLLP delves deeply
into how the powerful planning ability of LLMs can empower the
long-term engagement of recommendation systems. Some other
approaches attempt to explore LLMs’ planning capability in man-
aging API tools [12, 22, 43] for recommendation, but they are also
restricted to immediate responses and lack focus on users’ long-
term engagement. In contrast to the previous approach of LLM-
based recommendation, our proposed BiLLP deeply harnesses the
planning capabilities of LLM and utilizes it to enhance long-term
engagement for users which is particularly challenging to optimize
in traditional recommendations.
• LLM Planner. After undergoing pre-training and instruction
tuning, the LLMs have attained extensive world knowledge and
proficient planning capabilities. Recent work [20, 21, 37, 45] ex-
ploit these powerful capabilities to generate better control plans for
robots and agents. ReAct [55] effectively integrates the action deci-
sion with planning and results in promising performance. SwiftSage
[28] integrates fast and slow thinking to solve complex tasks. How-
ever, these methods lack the ability to learn from past experiences,
which allows for better task planning. To enable self-improvement
without fine-tuning, Reflexion [40] verbally reflects on task feed-
back signals. ExpeL [61] utilize cross-task persistent memory to
store insights and trajectories. AdaPlanner [41] can learn from past
failure, past success, or both. In addition to these macro-level refine-
ments, some work [4, 39, 57] integrates LLMs with RL algorithm to
learn from the micro-level interaction experiences. However, they
suffer from the issues of high variance estimations of Q-values,
which could be alleviated by our proposed Critic module.

3 PRELIMINARY
• ProblemDefinition. Following recent work on long-term recom-
mendation [17], we adopt the interactive recommendation setting.
The target is to learn a recommendation model that recommends
items 𝑖 ∈ I (i.e., makes an action1 𝑎𝑛) to a user 𝑢 ∈ U at each
step 𝑛 based on the current state2 𝑠𝑛 . As to applying LLMs for in-
teractive recommendation, the recommendation process at each
step 𝑛 involves two main operations: generating a problem-solving
plan, referred to as thought 𝑡𝑛 , and subsequently providing an item
recommendation, denoted as action 𝑎𝑛 . Based on this, the entire
interaction episode can be denoted as

H1· · ·𝑁 = {𝑠1, 𝑡1, 𝑎1, 𝑟1, · · · , 𝑠𝑁 , 𝑡𝑁 , 𝑎𝑁 , 𝑟𝑁 }, (1)

1As an initial attempt, we constrain each action 𝑎𝑛 to recommend only one item.
2𝑠1 is the initial state before interacting with the model.
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Figure 1: The overview of the proposed BiLLP framework. The black line indicates that the data serves as a prompt input for
the subsequent module. The red line denotes that the data is utilized to update the memory of the subsequent module.

and the trajectory H1· · ·𝑛, (1 ≤ 𝑛 ≤ 𝑁 ) can be thought of as a
subsequence of an episode.
• Simulated Environment. The interactive recommendation set-
ting requires immediate user feedback for recommendation actions.
Collecting online feedback from users can be financially burden-
some, we thus follow [15, 17] and construct “Simulated Environ-
ment” with offline data for both model learning and testing. This
environment can mimic users’ behaviors in online scenarios, ac-
cept recommendations (i.e. action 𝑎) from the model, and provide
feedback (i.e., reward 𝑟 ) accordingly.

4 METHOD
In this section, we present the proposed BiLLP framework for im-
proving long-term engagement in the interactive recommendation.
As shown in Figure 1, the recommendation process of our frame-
work involves two main steps:

• The Planner generates problem-solving plans (i.e., thoughts 𝑡 ),
where the recommendation task is broken into sequential step-
by-step sub-plans, striking a harmonious balance between explo-
ration and exploitation.
• The Actor recommends items (i.e., takes actions 𝑎) to the user by
incorporating both macro-level sub-plans (thoughts) and micro-
learning experiences.

To generate appropriate plans and personalized item recommenda-
tions, the key lies in teaching LLMs to learn from past interaction
episodes. To enhance the learning process, the BiLLP framework
employs a hierarchical mechanism (See Figure 1):

• Macro-learning involves the Planner and Reflector to generate
more appropriate plans, where the Reflector extracts high-level
guiding principles from historical episodes and incorporates them
into the input of Planner to enhance the quality of plans.
• Micro-learning involves the Actor and Critic to generate more
personalized recommendations, where Critic assesses the user’s
current satisfaction level (action advantage value) and updates
the policy of Actor to enhance personalized recommendations.

4.1 Macro-Learning
The macro-learning refers to a process in which the Reflector gen-
erates reflections based on historical episodes and subsequently
updates them into the memory of the Planner. The Planner then
retrieves the most relevant reflections from the memory and uti-
lizes them as prompts to enhance the quality of plan generation.
Next, we present the details of the Reflector and Planner, and the
procedure of the micro-learning process.

4.1.1 Reflector. The Reflector is designed to extract guiding princi-
ples from historical episode data. When a user ends his interaction
with the model, we utilize this complete interaction episodeH1· · ·𝑁

𝑐

as input, and then generate reflections ℓ as follows:

ℓ𝑐 = Reflector(H1· · ·𝑁
𝑐 ) . (2)

We implement the Reflector as an LLM instance. Based on the prede-
fined instruction prompt and few-shot examples P𝑅 , the reflection
ℓ generation process can be formulated as:

ℓ𝑐 = LLM(P𝑅,H1· · ·𝑁
𝑐 ) . (3)

The obtained reflections are then used to update the memoryM𝑃 in
the Planner, denoted as ℓ𝑐 →M𝑃 . To facilitate understanding, we
provide an example of reflection in Table 1, which primarily covers
two high-level aspects: analysis of withdrawal reasons and prospec-
tive guidance. Specifically, in the example, the users’ disengagement
is identified as stemming from the repetitive recommendation of
identical items, and the guiding principle for future recommenda-
tions emphasizes prioritizing diversity. Both aspects do not involve
specific items.

4.1.2 Planner. The Plannermodule is designed to generate forward-
looking plans and decompose the high-level plan into sub-plans,
indicated in outputted thoughts, where thoughts facilitate the Actor
to execute actions. The Planner is implemented as a frozen LLM in-
stance equipped with a memory libraryM𝑃 storing past reflections
for reference. At each step 𝑛 of a new episode, the Planner utilizes
the historical trajectoryH1· · ·𝑛−1 and the current state 𝑠𝑛 from the
environment as input to generate the thought 𝑡𝑛 with reflections
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Table 1: Example of reflections.

Reflection Case 1
The user became dissatisfied with the final recommendation,
which was a repeat of a previously recommended game. This
suggests that the user may have been looking for more variety
in their recommendations. In the future, it would be beneficial
to avoid repeating recommendations and instead focus on
providing a diverse range of games across different genres.

obtained from the memory:

𝑡𝑛 = Planner(H1· · ·𝑛−1, 𝑠𝑛 ;M𝑃 ), (4)

where theM𝑃 is a set of past episode reflections. Formally, we have
M𝑃 = {ℓ𝑚 |𝑚 = 1, 2, ...}. When starting a new interaction process,
meaning a new episode, multiple relevant reflections ℓ𝐾M𝑃

are re-
trieved from the memory libraryM𝑃 as guidance for generating
new thoughts. For the following steps in the episode, we utilize
the same reflections and other inputs to prompt LLM to generate
thoughts. We next introduce these parts.
•Reflection retrieval. To ensure that the retrieved reflections are
helpful for planning.We select𝐾 reflectionswith aminimal distance
to this planning process. Taking the initial state 𝑠1 to represent the
process for distance computation, we have

ℓ𝐾M𝑃
= {ℓ |𝑟𝑎𝑛𝑘 (𝑑 (ℓ, 𝑠1)) < 𝐾, ℓ ∈ M𝑃 }, (5)

where𝑑 (·, ·) is defined as the Euclidean distance between the two en-
coded textsimplemented by FacebookAI Similarity Search (FAISS) [24],
a library that allows us to quickly search for similar documents.
𝑟𝑎𝑛𝑘 (·) gets the rank of a value in ascending order.
•Thought generation. We leverage the macro-level guidance from
the memory to generate a thought. For each input (H1· · ·𝑛−1, 𝑠𝑛),
we can sample a thought from LLM policy as follows:

𝑡𝑛 ∼ LLM(P𝑃 , ℓ𝐾M𝑃
,H1· · ·𝑛−1, 𝑠𝑛) . (6)

Here, 𝑡𝑛 is a sample from the Planner policy, the arguments in the
function LLM(·) represent the prompt input to the LLM including
task instruction of the PlannerP𝑃 (including few-shot examples), re-
trieved reflections ℓ𝐾M𝑃

, state 𝑠𝑛 , and historical trajectoryH1· · ·𝑛−1

in the current episode.
Table 2 presents examples of our input prompt template and

two representative thoughts, encapsulating common outputs of
generated thoughts. In the input prompt, we integrate historical
interaction sequences and reflections, prompting the LLM to gener-
ate appropriate thoughts for guiding subsequent actions. In these
examples, we could find some interesting properties of the gener-
ated thoughts. In the case of thought example 1, we observe that
LLM can analyze users’ interests and decompose multiple rounds
of recommendation tasks into distinct sub-plans. By leveraging its
planning capabilities, the LLM can generate suggestions extending
beyond immediate choices, considering their potential long-term
impact on user satisfaction. This enables the method to take into
account various factors to optimize user long-term engagement and
satisfaction. In thought example 2, we note that LLMs can adhere
to the previous plan, maintaining the consistency and continuity
of the recommendation strategy.

4.1.3 Update. The macro-learning involves updating the Planner
during the training. After an episode is completed, we update the
Planner module by injecting the new reflections for this episode
into its memory. The Planner memory update can be formulated as

M𝑃 ← ℓ𝑐 , (7)

where ℓ𝑐 denotes the reflections of the complete episode.

4.2 Micro-Learning
The micro-learning refers to a process in which the Actor grounds
the thoughts into executable actions to environments and the Critic
provides evaluations of these actions. By updating the policy of Ac-
tor based on the feedback of Critic and updating the policy of Critic
based on the feedback of the environment, Actor and Critic learn to
provide personalized recommendations in specific situations. The
learning mechanism is similar to the Planner-Reflector but operates
in a more granular dimension, i.e., directly considering the recom-
mendation of items. In essence, the micro-learning process bears
analogies to the Advantage Actor-Critic (A2C) algorithm [33]. In
the following, we first introduce the details of the Actor and Critic
modules and present the procedure of the micro-learning process.

4.2.1 Actor. The Actor module aims to customize high-level plans
into executable actions for each users. As illustrated in Figure 1,
similar to the Planner module, we implement it as an LLM instance
equipped with a memoryM𝐴 storing micro-level experiences. Ad-
ditionally, considering that some knowledge is valuable for per-
sonalization but challenging for LLMs to handle [2], we add a tool
library denoted as 𝑇𝑙 to access such knowledge. At each step 𝑛 of
an episode, the actor utilizes the historical trajectoryH1· · ·𝑛−1, the
current state 𝑠𝑛 , and the corresponding thought 𝑡𝑛 from the Planner
module as inputs to generate an executable action 𝑎𝑛 with knowl-
edge obtained from the memory and the tool library as follows:

𝑎𝑛 = Actor(H1· · ·𝑛−1, 𝑠𝑛, 𝑡𝑛 ;M𝐴,𝑇𝑙) .
Here, the memoryM𝐴 can be formulated as a set of micro-level
experiences, where the𝑚-th experience is a previous interaction
record, including three factors: state 𝑠𝑚 , action 𝑎𝑚 , and correspond-
ing value 𝑣𝑚 . Formally, we haveM𝐴 = {(𝑠𝑚, 𝑎𝑚, 𝑣𝑚) |𝑚 = 1, 2, . . . }.

Upon receiving these inputs, each generation process comprises
three operations: 1) retrieving valuable experiences from the mem-
oryM𝐴 , 2) utilizing the tools to gather valuable statistical informa-
tion of the current state, and 3) integrating the results of the first
two steps and other inputs to prompt LLM to generate an action.
We next elaborate on these operations.
• Retrieval. Similar to the retrieval operation in the Planner mod-
ule, we rely on the similarity between the experience and input
to select valuable experiences from the memory. Specifically, we
leverage the distance between the state of an experience and the
input state to measure the similarity, and we select all experiences
with distances smaller than a threshold 𝜏𝐴 . The process can be
formulated as follows:

Ψ𝑛𝐴 = {(𝑠𝑚, 𝑎𝑚, 𝑣𝑚) |𝑑 (𝑠𝑚, 𝑠𝑛) < 𝜏𝐴, 𝑠𝑚 ∈ M𝐴}, (8)

where Ψ𝑛
𝐴
denotes the retrieved results, and 𝑑 (·, ·) is the same to

that in Equation (5).
•Tool analysis.We utilize the tools in the tool library𝑇𝑙 to analyze
users’ interaction history, extracting valuable information that is



Large Language Models are Learnable Planners for Long-Term Recommendation SIGIR ’24, July 14–18, 2024, Washington, DC, USA

Table 2: Example of the input and output for the Planner module.

Instruction Input
Instruction: Solve a recommendation task with interleaving Thought, Action, and Observation steps. Thought can reason

about the current situation and current user interest. Your goal is to meet the user’s interest as much as possible
and make recommendations to users as many times as possible. Note that if the user is not satisfied with your
recommendations, he will quit and not accept new recommendations. You may take as many steps as necessary.
Here are some examples: <Few-shot Examples> (END OF EXAMPLES)
Reflection: {Reflections ℓ𝐾M𝑃

}
{Historical interaction sequenceH1· · ·𝑛−1}

Output: Thought
Case 1: "The user seems to enjoy a mix of Action and Independent video games. They also seem to appreciate Adventure

games. I would first recommend the user their favorite action games, and then recommend some other niche genre
games that they like."

Case 2: The user seems to be satisfied with the recommendations so far. Following the previous plan, I should recommend
some other niche genre games that they like, such as RPG games..

challenging for the LLM to handle. In this study, we primarily focus
on leveraging the Category Analysis Tool. At the 𝑛-th step, given
the state 𝑠𝑛 , the tool can identify a list of categories associated
with each legal action and conduct statistical analysis on the user’s
viewing history. Formally,

O𝑛 = 𝑇𝑙 (𝑠𝑛), (9)

where O𝑛 denotes the tool output in text format. Notably, the
methodology described here can be adapted and applied to var-
ious other tools.
• Action generation. We leverage both the guidance from the
Planner module, micro-level knowledge obtained from the memory
and tool to prompt the LLM of the Actor module to generate an
action. For the input (H1· · ·𝑛−1, 𝑠𝑛, 𝑡𝑛) with 𝑡𝑛 representing the
thought, once we obtain the corresponding retrieval results Ψ𝑛

𝐴
and

tool analysis result 𝑂𝑛 , we can sample an action 𝑎′𝑛 from the LLM
policy as follows:

𝑎′𝑛 ∼ LLM(P𝐴,Ψ𝑛M𝐴
,O𝑛,H1· · ·𝑛−1, 𝑠𝑛, 𝑡𝑛), (10)

where P𝐴 represents the task instruction for the Actor. Note that
the temperature coefficient of the LLM should be set to a non-zero
value, ensuring the generation of non-deterministic results.

Item grounding. The final action should be specific to an item
within the candidate pool. Note that the LLM may generate items
𝑎′𝑛 that are not necessarily included in the pool. To address this
issue, we adopt the grounding strategy from [2] to map 𝑎′𝑛 to an
actual item with the highest similarity. Formally, the final action is
obtained as follows:

𝑎𝑛 = argmin
𝑎∈I

sim(e𝑎, e𝑎′𝑛 ), sim(e𝑎, e𝑎′𝑛 ) := ∥e𝑎 − e𝑎′𝑛 ∥, (11)

where e𝑎 represents the embedding of the action (item) 𝛼 encoded
by Llama2-7b [42], sim(·, ·) denotes the embedding similarity mea-
sured by the L2 distance, and ∥ · ∥ signifies the 𝐿2 norm.

4.2.2 Critic. The Critic module is an LLM-based evaluator, pro-
viding evaluative feedback on the long-term goals for the actions
generated by the Actor module to help update the policy of Actor.
The Critic module also contains a memoryM𝐶 to store previous

experiences. Inspired by the A2C algorithm, we utilize the advan-
tage value 𝑣𝑛 of action 𝑎𝑛 in the given state 𝑠𝑛 as the measurement.
In particular, Critic takes the state 𝑠𝑛 , action 𝑎𝑛 , and the history
trajectory H1...𝑛−1 as inputs and then outputs the advantage 𝑣𝑛
with the experiences inM𝐶 as references, which can be abstracted
as follows:

𝑣𝑛 = Critic(𝑠𝑛, 𝑎𝑛 ;M𝐶 ). (12)

To compute advantage values, similar to A2C, we first estimate
the state-value function 𝑉 (𝑠𝑛), and then, based on it, we use the
advantage function [33] to determine the advantage value:
• Estimating state-value. The function 𝑉 (𝑠𝑛) provides an es-
timation of the value of being in state 𝑠𝑛 when following the
Actor policy. We directly model the function with the LLM of
the Critic module. In particular, we leverage in-context learning
with few-shot examples and previous estimations in the memory
M𝐶 = {(𝑠𝑚,𝑉 (𝑠𝑚)) |𝑚 = 1, 2, . . . } to predict the values of a given
state 𝑠𝑛 . Formally, we have:

𝑉 (𝑠𝑛) = LLM(P𝐶 ,Φ𝑛M𝐶
,H1· · ·𝑛−1, 𝑠𝑛), (13)

where P𝐶 represents the used task prompt (including few-shot
examples), and Φ𝑛M𝐶

denotes the selected experiences fromM𝐶 ,
which is obtained as follows:

Φ𝑛M𝐶
= {(𝑠𝑚,𝑉 (𝑠𝑚)) |𝑑 (𝑠𝑚, 𝑠𝑛) < 𝜏𝐶 , 𝑠𝑚 ∈ M𝐶 }, (14)

where 𝜏𝐶 is a threshold, and 𝑑 (·, ·) denotes the same distance func-
tion in Equation 5.
• Computing advantage value. We next utilize the advantage
function to determine the advantage value 𝑣𝑛 of action 𝑎𝑛 given
the state 𝑠𝑛 at the 𝑛-th step. The advantage value is:

𝑣𝑛 = 𝜎 (𝐴(𝑠𝑛, 𝑎𝑛)), 𝐴(𝑠𝑛, 𝑎𝑛) = 𝑟𝑛 + 𝛾 ∗𝑉 (𝑠𝑛+1) −𝑉 (𝑠𝑛), (15)

where 𝐴(·, ·) is the commonly used advantage function, 𝑟𝑛 denotes
the environmental reward at step 𝑛, and 𝑠𝑛+1 denotes the next-step
state if taking action 𝑎𝑛 at state 𝑠𝑛 . Regarding the function 𝜎 , we
have 𝜎 (𝑥) = 1 if 𝑥 ≥ 0 else 0. Note that this approach mitigates
the issue of high variance estimation of the Q-value in previous
work [33] (cf. Section 5.4).
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Figure 2: The memory-based learning methods and policy
gradient based methods have a comparable impact on the
Actor policy.

4.2.3 Update. The micro-learning involves updating both the Ac-
tor and the Critic during their iteration. At each step 𝑛, after ob-
taining the advantage value 𝑣𝑛 for the action 𝑎𝑛 , we update the two
modules by injecting the new experience into their memory.
• The Critic memory update can be formulated as

M𝐶 ← (𝑠𝑛, 𝑟𝑛 + 𝛾 ∗𝑉 (𝑠𝑛+1)), (16)

where 𝑟𝑛 + 𝛾 ∗ 𝑉 (𝑠𝑛+1) can be considered as a more accurate
estimation of 𝑉 (𝑠𝑛) [33].
• The Actor memory update can be formulated as

M𝐴 ← (𝑠𝑛, 𝑣𝑛). (17)

The updated memory incorporates new experiences, helping en-
hance the next step of processing.

4.3 Discussion
Next, we compare the policy update of our BiLLP framework with
traditional gradient-based policy updates to illustrate why our ap-
proach, based on in-context learning, can learn planning without
the need for gradient updates. As shown in Figure 2, for traditional
methods, when a favorable action is identified for a state (possibly
determined based on Q-values in the REINFORCE algorithm [34] or
the Advantage Function in A2C [33]), the purpose of the gradient
update is to adjust the policy to increase the probability of sampling
that specific action for the given state. In contrast, for our method,
although no gradient updates are performed, the specific state and
action are recorded in external memory. When encountering a
similar state again, the retrieving probability of that specific state
and action from the memory will increase, which would further
enhance the probability of executing that specific action in that
state. This achieves a similar effect to gradient updates. This is the
underlying learning principle for our BiLLP framework.

5 EXPERIMENTS
In this section, we evaluate the proposed BiLLP framework in the in-
teractive recommendation settings. Our experiments aim to address
the following questions:
• RQ1: How does BiLLP perform compared to state-of-the-art RL-
based methods and other LLM frameworks in the interactive
recommendation setting?
• RQ2: To what extent can macro-learning and micro-learning
mechanisms improve the LLMs’ planning ability?
• RQ3: Can the proposed Critic module effectively estimate the
state-value function to facilitate the update of the Actor module?
• RQ4:Whether the proposed BiLLP framework is robust to dif-
ferent recommendation environments and base LLM models?

5.1 Experiments Setup
We introduce the experimental settings with regard to simulated
experiments and baselines, which are implemented based on the
EasyRL4Rec library3 [56].

5.1.1 Recommendation Experiments. In the interactive recommen-
dation setting, we are interested in examining the potential of
models to mitigate the issue of filter bubbles and maximize users’
long-term engagement. Conducting direct online experiments for
model learning and testing can be prohibitively costly. As a result,
following [15], we resort to creating simulated interactive environ-
ments using high-quality logs.
• Steam [25] contains reviews and game information. The dataset
compiles titles and genres of games. we consider users who en-
gage in gameplay for a duration exceeding 3 hours to have a
rating of 5, while others are assigned a rating of 2. We filter out
users and items that interact less than 5 times in the log.
• Amazon-Book [35] refers to a book recommendation dataset,
the “book” subset of the famous Amazon Product Review dataset4.
This dataset compiles titles and genres of books from Amazon,
collected between 1996 and 2018, with review scores ranging
from 1 to 5. We filter out users and items that interact less than
90 times in the log.

To better reflect the issue of filter bubbles and simulate real-world
recommendation scenarios, we follow [15, 17, 54] to introduce a quit
mechanism. The interaction will terminate if any of the following
conditions are met:
• The similarity between a recommended item and the items in the
recent recommendation list (with a window size of𝑊 ) is below
a predefined threshold 𝛽 .
• The online reward 𝑟 of a recommended item is less than 2.
In this sense, a model that effectively captures users’ interests and
mitigates the risk of continuously recommending similar items that
reinforce the filter bubble phenomenon is crucial for achieving a
longer interaction trajectory and maximizing cumulative rewards.
To estimate the online reward, we first split the dataset evenly into
training and test sets in chronological order. For each set D ∈
{D𝑡𝑟𝑎𝑖𝑛,D𝑡𝑒𝑠𝑡 }, we utilize the DeepFM model [18] to fit the data
and obtain vector representations for users eD𝑢 and items eD

𝑖
. Then

we can calculate the online rewards:

𝑟D𝑢,𝑖 = DeepFM(eD𝑢 , eD𝑖 ), 𝑢 ∈ U, 𝑖 ∈ I, (18)

and the similarity between the two items:

sim(eD𝑖 , e
D
𝑗 ) = |e

D
𝑖 − e

D
𝑗 |2, 𝑖, 𝑗 ∈ I, (19)

It is noteworthy that we have established separate training and
test environments for each dataset in order to simulate real-world
scenarios where the user interests may have evolved during online
training and model deployment. For now, the simulated environ-
ments can play the same role as the online users. Therefore, we can
train the model on the training simulated experiments and evaluate
the model on the test simulated experiments as the process shown
in Figure 1. The statistics of the datasets are illustrated in Table 4.

3https://github.com/chongminggao/easyrl4rec
4https://cseweb.ucsd.edu/~jmcauley/datasets/amazon_v2/

https://github.com/chongminggao/easyrl4rec
https://cseweb.ucsd.edu/~jmcauley/datasets/amazon_v2/
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Table 3: Average results of all methods in two environments (Bold: Best, Underline: Runner-up).

Methods Steam Amazon

Len Reach Rtraj Len Reach Rtraj
SQN 2.183 ± 0.177 3.130 ± 0.050 6.837 ± 0.517 4.773 ± 0.059 4.303 ± 0.017 20.570 ± 0.245
CRR 4.407 ± 0.088 3.263 ± 0.427 14.377 ± 1.658 3.923 ± 0.162 4.537 ± 0.103 17.833 ± 1.129
BCQ 4.720 ± 0.343 3.997 ± 0.068 18.873 ± 1.092 4.847 ± 0.721 4.367 ± 0.053 21.150 ± 2.893
CQL 5.853 ± 0.232 3.743 ± 0.147 21.907 ± 0.299 2.280 ± 0.185 4.497 ± 0.039 10.263 ± 0.882
DQN 4.543 ± 0.693 4.500 ± 0.069 20.523 ± 3.618 4.647 ± 0.498 4.290 ± 0.083 19.923 ± 1.909
A2C 9.647 ± 0.848 4.367 ± 0.069 42.180 ± 3.937 7.873 ± 0.310 4.497 ± 0.026 35.437 ± 1.453
DORL 9.467 ± 0.862 4.033 ± 0.098 38.300 ± 4.173 7.507 ± 0.174 4.510 ± 0.014 33.887 ± 0.655

ActOnly 5.567 ± 0.160 4.537 ± 0.021 25.250 ± 0.637 6.383 ± 0.176 4.490 ± 0.008 28.660 ± 0.761
ReAct 11.630 ± 0.741 4.559 ± 0.047 52.990 ± 2.925 7.733 ± 0.450 4.603 ± 0.033 35.603 ± 1.806
Reflexion 12.690 ± 1.976 4.523 ± 0.026 57.423 ± 8.734 8.700 ± 0.535 4.670 ± 0.073 40.670 ± 2.954
BiLLP 15.367 ± 0.119 4.503 ± 0.069 69.193 ± 1.590 9.413 ± 0.190 4.507 ± 0.012 42.443± 0.817

Table 4: Statistics of experiment datasets.

Datasets #Users #Items #Train #Test

Steam 6,012 190,365 1,654,303 958,452
Amazon 3,109 13,864 339,701 137,948

5.1.2 Evaluation Metrics. In this paper, we utilize three metrics:
the trajectory length (Len), the average single-round reward
(Reach), and the cumulative reward of the whole trajectory (Rtraj)
to evaluate the model performance in the interactive recommen-
dation setting. Longer trajectory lengths and higher cumulative
rewards demonstrate the model’s ability to maximize long-term
engagement. However, it is important to note that a higher average
reward is not necessarily better. Excessively high average rewards
may indicate a model’s overemphasis on immediate responses.

5.1.3 Baselines. To comprehensively and fairly evaluate the su-
periority of our proposed BiLLP, we choose some representative
RL-based methods and LLM-based methods as baselines. For the RL-
based methods, we choose seven representative baselines including
the State-Of-The-Art (SOTA) method for long-term engagement
optimization to mitigate filter bubble problems:
• DQN, or Deep Q-Networks [34], is a deep reinforcement learn-
ing algorithm that combines deep neural networks with the Q-
learning algorithm.
• SQN, or Self-Supervised Q-learning [53], consists of two output
layers, namely the cross-entropy loss head and the RL head. The
RL head is utilized to generate the final recommendations.
• BCQ, or Batch-Constrained deep Q-learning [14], a modified
version of conventional deep Q-learning designed for batch re-
inforcement learning. It utilizes the discrete-action variant [13],
which focuses on discarding uncertain data and updating the
policy solely based on high-confidence data.
• CQL, or Conservative Q-Learning [27], is amodel-free RLmethod
that adds a Q-value regularizer on top of an actor-critic policy.
• CRR, or Critic Regularized Regression [46], is a model-free RL
method that learns the policy by avoiding OOD actions.
• A2C, or Advantage Actor-Critic [33], improves the Actor-Critic
algorithm and stabilizes learning by using the Advantage func-
tion as Critic instead of the Action value function.

• DORL, or Debiased model-based Offline RL [15], add a penalty
term to relax the pessimism on states with high entropy to allevi-
ate the Matthew effect in offline RL-based recommendation. This
is the SOTA method of maximizing users’ long-term engagement
to alleviate filter bubble issues.

Ensuring fair comparison, we also implement three LLM-based
baselines utilizing the same LLM backbone as BiLLP:
• ActOnly, a baseline that recommends items to users according
to instruction prompts without thought and planning.
• ReAct, [55] utilizes LLMs to generate both reasoning traces
and task-specific actions in an interleaved manner, allowing for
greater synergy between the reasoning and acting.
• Reflexion, [40] verbally reflects on task feedback signals, then
maintains their own reflective text in an episodic memory buffer
to induce better decision-making in subsequent trials.

5.1.4 Implementation Details. For a fair comparison, all RL-based
methods are trained with 100,000 episode data, and all LLM-based
methods are trained with 100 episode data. For model-based RL
methods DORL, we use the same DeepFM model as [15]. For the
Reflection and BiLLP methods, we set the number of most similar
reflections 𝐾 = 2. For the BiLLP method, we set the similarity
threshold 𝜏𝐴 = 0.01 and 𝜏𝐶 = 0.1. The discount factor 𝛾 is set
to 0.5. All methods in two environments are evaluated with the
quit parameters:𝑊 = 4, 𝛽𝑆𝑡𝑒𝑎𝑚 = 50, and 𝛽𝐴𝑚𝑎𝑧𝑜𝑛 = 15. The
maximum round is set to 100. For all the RL-based methods, we
leverage DeepFM [18] as the backbone following [15], and for all the
LLM-based methods, we utilize the “gpt-3.5-turbo-16k” provided by
OpenAI as the LLM backbone for its strong long context modeling
ability. And the temperature is set to 0.5 for all experiments.

5.2 Main Results Comparison (RQ1)
After training, we evaluate all methods with 100 episodes (i.e., in-
teraction trajectories) in two interactive environments. The results
are shown in Table 3, where each result in the table is averaged
over three random experiments with distinct seeds for robustness
and reliability. From the results, we observe that:
• BiLLP consistently achieves the best long-term performance (Len
and Rtraj) over RL-basedmethods and LLM-based baselines across
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Figure 3: The frequency distribution of items recommended
by our method and A2C in the two environments.

two datasets. This demonstrates the effectiveness of our proposed
framework and its ability to stimulate and adapt the long-term
planning capacity of LLMs. For single-round reward Reach, BiLLP
obtains a relatively higher score, which indicates it successfully
captures user interests while avoiding excessive emphasis on
immediate responses.
• The ActOnly method, which only utilizes LLMs to generate ac-
tions (recommendations), exhibits inferior performance com-
pared to certain RL-based methods and LLM-based methods that
incorporate planning. Drawing upon this, we can infer that an
explicit thinking and planning process is crucial for enhancing
the planning capabilities of LLMs.
• The ReAct method, which integrates the thinking process and
action process, still performs worse than Reflexion and BiLLP.
This underscores the significance of self-improvement in LLMs,
in order to improve their planning abilities for long-term recom-
mendation tasks.
In addition to the overall performance comparison, we con-

duct an in-depth analysis of the recommended items for RL-based
method A2C and LLM-based method BiLLP. We first calculate the
items’ popularity (occurrence frequencies) both in the training set
and test set. Subsequently, we evenly divide the items into five
groups with decreasing popularity: 1, 2, 3, 4, 5. We analyze the pro-
portion of items belonging to each group among the recommended
items generated by A2C and BiLLP, where the results are shown in
Figure 3. From the figure, we observe that:
• RL-based method A2C tends to overfit on popularity items and
lack planning capabilities on long-tail items.
• In contrast, BiLLP exhibits better planning capabilities on long-
tail items, which could effectively alleviate the issue of filter
bubbles and maximize long-term engagement.

5.3 Ablation Study (RQ2)
In this subsection, we conduct ablation studies to evaluate the effect
of the two learning mechanisms. Concretely, w/o Macro refers to
a variant of the BiLLP framework that does not use the reflective
text to enhance its Planner module, and w/o Micro refers to a
variant that does not use the micro-learning experience to enhance
its Actor module. From Table 5, we can observe that:
• The absence of either of the two learning mechanisms would
result in a decline in performance, thereby indicating that both
learning mechanisms have contributed to the enhancement of
long-term engagement.

Table 5: Average results of all methods in the two environ-
ments (Bold: Best).

Methods Steam

Len Reach Rtraj
w/o Macro 14.363 ± 0.467 4.523 ± 0.012 64.960 ± 2.011
w/o Micro 14.270 ± 0.190 4.535 ± 0.005 64.720 ± 0.920
BiLLP 15.367 ± 0.119 4.503 ± 0.069 69.193 ± 1.590

Methods Amazon

Len Reach Rtraj
w/o Macro 8.947 ± 0.480 4.530 ± 0.057 40.547 ± 2.622
w/o Micro 8.800 ± 0.432 4.707 ± 0.026 41.420 ± 2.003
BiLLP 9.413 ± 0.190 4.507 ± 0.012 42.443 ± 0.817
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Figure 4: The memory-based in-context learning methods
andpolicy gradient-basedmethods have a comparable impact
on the Actor policy.

• Based on the experimental details presented in Section 5.1.4,
the aforementioned improvements are achieved using only 100
episodes of data for both learning mechanisms. This suggests the
high efficiency of in-context learning compared to fine-tuning
and training from scratch.

5.4 Effects of Critic Module (RQ3)
In this subsection, our objective is to demonstrate the effective-
ness of the Critic module in estimating the state-value function,
denoted as 𝑉𝜋 (𝑠), which is crucial for facilitating the update pro-
cess of the Actor module. The state-value function 𝑉𝜋 (𝑠) gives the
expected cumulative discounted reward if we start from state 𝑠 and
act according to the policy.

To get an accurate and unbiased estimation of 𝑉𝜋 (𝑠), for a spe-
cific state 𝑠 , we sample 1000 complete trajectories according to the
Actor policy and calculate the cumulative discounted reward for
each trajectory. Figure 4 illustrates the distribution of these reward
samples, along with their mean value. The mean value serves as
an accurate and unbiased estimation of the state-value function
𝑉𝜋 (𝑠). It is worth noting that prior studies [4, 57], have utilized a
single trajectory’s cumulative discounted reward to estimate either
the state-value function 𝑉𝜋 (𝑠) or the state-action value function
𝑄𝜋 (𝑠, 𝑎), which suffers from the issue of high variance estimation.
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Table 6: Average Results of all methods in the two environ-
ments (Bold: Best).

Methods Steam

Len Reach Rtraj

GPT-4-32k 25.400 ± 2.800 4.635 ± 0.115 118.235 ± 15.915
GPT-3.5-16k 15.367 ± 0.119 4.503 ± 0.069 69.193 ± 1.590
Llama-2-7B 13.800 ± 1.105 4.610 ± 0.065 63.767 ± 6.015

Methods Amazon

Len Reach Rtraj

GPT-4-32k 12.450 ± 1.250 4.580 ± 0.070 57.180 ± 6.570
GPT-3.5-16k 9.413 ± 0.190 4.507 ± 0.012 42.443 ± 0.817
Llama-2-7B 8.100 ± 1.512 4.603 ± 0.054 37.300 ± 6.895

In contrast to these approaches, we leverage the Critic module
to estimate the state-value function 𝑉𝜋 (𝑠). To evaluate our estima-
tion, we repeat the estimation 100 times. The resulting estimations,
as well as their distribution and mean value, are also depicted in
Figure 4. Based on the analysis of ten different states, it can be
inferred that the utilization of the Critic module effectively miti-
gates estimation variance, despite the presence of a small bias in
the estimation.

5.5 Robustness of the Framework (RQ4)
5.5.1 Results with Different Environments. To validate that BiLLP
can work robustly in different environment settings, we vary the
window size𝑊 in the exit mechanism and fix the similarity thresh-
old 𝛽 to simulate different effects of filter bubbles on user disen-
gagement. The evaluation results are shown in Figure 5, where all
results are averaged over three random experiments with distinct
seeds. We visualize all three metrics and observe that:
• As the window size𝑊 increases, the performance of the trajec-
tory length and the cumulative reward metrics decrease for all
methods. This implies that when users are more susceptible to
the influence of filter bubbles, the model faces greater challenges
in learning to improve users’ long-term engagement.
• BiLLP outperforms all baselines in terms of both the trajectory
length and the cumulative reward metrics, which demonstrates
the robustness of BiLLP in different environments.
• BiLLP obtains a relatively higher score in terms of the single-
round in different environments, which indicates it successfully
captures user interests while avoiding excessive emphasis on
immediate responses.

5.5.2 Results with Different Base Models. To validate the robust-
ness of the BiLLP framework across various base models, we con-
duct additional experiments with other different LLM backbones:
“gpt-4-32k” and “Llama-2-7b”. The results are presented in Table 6.
From the table, several noteworthy observations can be made:
• BiLLP showcases superior performance compared to traditional
RL-based methods with different base models, as demonstrated
in Table 6. This indicates that our framework is robust across
different LLMs.
• The performance of BiLLP based on “GPT-3.5-16k” is superior
to that based on “Llama-2-7B”, while inferior to that based on
“GPT-4-32k”. This observation suggests a positive correlation
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Figure 5: Results under different simulated environments.

between the strength of the LLM backbone and the performance
enhancement of BiLLP.

6 CONCLUSION
In this work, we explore the integration of planning capabilities
from Large Language Models (LLMs) into the recommendation
to optimize long-term engagement. To bridge the gap between
the pre-training scenarios and recommendation scenarios, we pro-
pose a bi-level learnable LLM planning framework called BiLLP,
where the learning process can be divided into macro-learning and
micro-learning using a hierarchical mechanism. This hierarchical
approach improves learning efficiency and adaptability. Extensive
experiments validate the capability of LLMs to plan for long-term
recommendation and the superiority of the BiLLP framework.

A potential avenue for future research involves exploring tech-
niques to enhance the planning capabilities of small-scale models
in the context of recommendation tasks. Additionally, exploring
the integration of reinforcement learning algorithms within the
planning framework could provide further insights into optimizing
long-term engagement in recommendation systems.
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