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Abstract

In the past years, the adoption of specific lifestyle choices, e.g., healthy food,
reduced smoke and alcohol consumption, has been revealed to be a crucial tool to
reduce cancer mortality in several studies. However, digital health interventions
to make people adopt such behaviours require personalization to ensure long-
term engagement and effectiveness for specific users. Indeed, their design is
challenged by the variability in users’ capabilities, learning patterns, and fatigue
dynamics. In the literature, the development of such systems has been held back
by the scarcity of available longitudinal, individual-level health behaviour datasets,
which do not allow the use of classical reinforcement learning (RL) techniques for
learning an effective personalized intervention strategy. In this work, we tackle
the intervention recommendation problem using a meta-RL approach to provide
personalized intervention suggestions to users and Model-Agnostic Meta-Learning
(MAML) with Actor Critic (AC) policies to enable rapid policy adaptation to
new users from minimal interaction data. We conduct empirical studies on cross-
task adaptation showing that our approach adapts with limited data per user and
outperforms both the chosen baselines.

1 Introduction

In the past decade, there has been an effort at a national level over the EU [19] to improve cancer
prevention and treatment due to the large incidence of such a disease over the entire population.
Modifiable behavioural factors, such as tobacco use, alcohol consumption, and physical inactivity,
are estimated to account for 42% of all cancers diagnosed and 45% of all cancer deaths in recent
years (Islami et al., 2018) [[10]. Promoting sustainable changes in these behaviours is therefore a
public health priority.

One of the most promising approaches to deliver behavioural suggestions is the use of smartphone
apps specifically designed to give behavioural recommendations [1]]. These apps would provide
tailored guidance and nudges toward healthier lifestyles. Indeed, smartphone notifications constitute a
frequent delivery method for these interventions, prompting users to take small yet impactful actions
in their daily lives. More specifically, behavioural recommendations interventions can encourage
users to engage in regular exercise, maintain balanced diets, or practice mindfulness techniques, all
of which contribute to overall well-being and disease prevention.

Traditional behavioural interventions often rely on generic recommendations, predetermined by
clinical teams based on general guidelines rather than individual user needs [12]. While such
standardized approaches can provide a foundation for behaviour change, they may fail to account
for individual differences in motivation, lifestyle constraints, or progress over time. Users may
receive recommendations that are either too frequent, making them feel pressured or overwhelmed,
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or too challenging, leading to frustration and disengagement. Without personalization, even well-
intentioned health interventions risk becoming counterproductive, as users may quickly lose interest
in applications that do not align with their capabilities or preferences.

Advances in reinforcement learning (RL) offer promising solutions to this challenge by enabling
dynamic, personalized behavioural recommendations. Rather than relying on static rules, RL-driven
interventions adapt online to user feedback, learning from responses and adjusting recommendations
accordingly. This personalization helps to keep interventions engaging and achievable, improving
adherence and long-term impact. A recent review by Weimann and Giflke (2024) [33]] highlights
growing interest in RL for behavioural recommendations. However, few studies explicitly target
achieving a goal by selecting activities of appropriate difficulty. As argued by Guadagnoli and
Lee (2004) [9], task difficulty critically shapes practice effectiveness. They distinguish nominal
difficulty, an inherent property of the task, from functional difficulty, which reflects how demanding
the task is for a given individual in a particular context. Learning is most effective near the optimal
challenge point: tasks that are too easy yield minimal progress, whereas overly difficult tasks erode
engagement. In digital coaching, this makes task difficulty a natural control variable: by adjusting
difficulty in response to the user’s state, the system can maintain functional difficulty near the optimal
challenge point, supporting sustained learning and adherence.

The cold-start problem [13]] is another challenge for RL in this context. Many RL techniques require
large amounts of expensive interaction data to develop a different strategy for every user. Reliable
policies cannot be trained from beginning since new users usually only give a small number of
interactions. This motivates the application of meta-learning, which aims to train models that can
quickly adjust to new users using less data.

This study focuses on developing a Reinforcement Learning (RL) system for personalized behavioural
recommendations, aiming to enhance long-term user engagement and adherence. The first objective
is to create a system that dynamically adjusts the difficulty of the suggested tasks based on the user’s
evolving state, ensuring that interventions remain relevant and effective while minimizing the risk of
disengagement or early dropout. A second objective is to enable generalization across users with
diverse and unobservable characteristics without requiring extensive individual experience.

To summarize, the main contributions of this work are:

* MDP user model. We model behavioral change as a task-specific Markov Decision Process
(MDP) capturing how fatigue and motivation shape engagement and learning.

* Meta-RL with MAML. We cast the problem of providing personalized recommendations
as a meta-RL over a distribution of user MDPs and use a Model Agnostic Meta Learning
(MAML) based actor—critic to adapt the policy to a target user group with a few gradient
steps.

* Empirical study. We demonstrate generalization to unseen users and effective adaptation
when inner-loop data come from similar (non-identical) users (cross-task adaptation).

2 Related Works

We start by reviewing the existing solution for behavioural intervention personalization. Since most
of them would require the availability of specific datasets for their application, we also provide a
snapshot of the available data for our specific field of interest, i.e., relationships between behaviours
and cancer risks and effects of interventions for cancer risk reduction.

Among the most related works, Wang et al. [32] optimize context-aware notification timing to increase
weekly running while capping message volume. A dynamic Bayesian network (DBN) simulates
user cognition (e.g., memory accessibility, urge to run) and context. A REINFORCE policy decides
whether or not to send a notification to the user. Khanshan et al. [11]] address dropout and burden in
Experience Sampling Method (ESM) studies by simulating participant responses with a DBN. The
simulator evaluates adaptive prompting policies before deployment, mitigating RL’s cold-start burden.
Just-in-Time Adaptive Interventions (JITAIs) tailor support based on momentary vulnerability or
opportunity, aiming to avoid user fatigue through data-driven timing and content selection [18]. While
effective for timing, the methods proposed above neither adapt notification content nor generalize
easily to domains where contextual signals are sparse (e.g., nutrition, mental health).
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Early work on sedentary type-2 diabetes patients showed RL-personalized motivational texts improved
walking and glycaemic control over static reminders [37]. The DIAMANTE trial [2] confirmed
RL-tailored daily messages boosted step counts versus random or non-personalized texts. Tragos et
al. [31] moved beyond messaging, using RL to recommend exercise sequences, improving retention
and enjoyment. However, these studies either optimize message framing or focus narrowly on workout
planning with fatigue models specific to physical exertion, i.e., schemes that are less transferable to
broader habit formation. CarpeDiem [20] uses gamification for nutrition through weekly missions,
e.g., vegetable servings, grounded in behaviour-change theory.

Another direction explored in behavioural change is to personalize how an action is communicated
to the user. Computer-tailored persuasive messaging can improve attitudes but does not guarantee
behaviour change. A study by d’Hondt, Nuijten, and Van Gorp (2019) [6] used personality-based
profiling guides message framing via probabilistic user models. It showed that adaptive persuasive
systems might induce elevated attitudes toward persuasive approaches, but these systems do not
necessarily cause a change in health behaviour.

Matthews et al. [[16]] model fatigue as recoverable and unrecoverable components affecting effort-
based choices, embedded in an MDP. Fatigue raises effort discounting, narrowing the value gap
between acting and resting. While insightful, this binary work/rest framing and irreversible accumula-
tion do not fit our setting, where no explicit rest action exists, and missions need graded difficulty with
acceptance probabilities rather than binary choices. Our model directly estimates mission acceptance
likelihood and adapts task difficulty to sustain engagement over time.

2.1 Data availability

At the outset, we considered whether existing longitudinal datasets could provide a basis for our
study. For our purposes, such data would need to capture both behavioural outcomes and how these
evolve in response to recommendations delivered over time. In particular, we surveyed European and
national repositories that monitor cancer incidence alongside lifestyle factors, and datasets related
to behavioural interventions. Large cohort studies such as EPIC [24], and population surveys like
EHIS E] and EU-SILC [7], contain rich information on diet, physical activity, alcohol, smoking,
and socio-economic status. Several national registries (e.g., Sweden’s COSM and SMC, Spain’s
Sistema Nacional de Salud, Slovenia’s Cancer Registry) add long-term incidence and mortality
records. Yet access to these sources is typically restricted, and most release only aggregated statistics,
providing neither patient-level nor continuously updated data that link habits to cancer outcomes.
Conversely, intervention-oriented datasets: CAPTURE-24 [5] (wearable activity tracking), LifeS-
naps [36] (multimodal smartwatch study), and GLOBEM [35]] (four-year well-being panel) offer
fine-grained behavioural signals. However, they focus on short-term engagement or sensor outputs
rather than verified behavioural change and cancer risk. None simultaneously supplies longitudinal,
individual-level trajectories of both health behaviour and disease incidence that our user-model
calibration demands.

The main datasets available outside Europe are the NIH-AARP Diet & Health Study [25], a prospec-
tive cohort of over 560,000 AARP members aged 50-71 recruited in 1995-1996 with diet and
lifestyle questionnaires and cancer outcomes tracked via state registries and the National Death Index,
the Nurses’ Health Studies I, II, and 3 [3]], long-running cohorts beginning in 1976 and 1989 with
repeated questionnaires on diet, lifestyle, and medications and outcomes confirmed through medical
records and registries, and the American Cancer Society’s Cancer Prevention Studies CPS-II [4]
Nutrition and CPS-3 [21]], large cohorts initiated in 1992 and 20062013 that collect lifestyle data
and biospecimens and follow participants for incident cancers through registry linkages. As for
European datasets, the main U.S. cohorts face similar constraints: exposures are updated intermit-
tently rather than continuously, for example biennial questionnaires in the Nurses’ Health Studies
and triennial surveys in CPS-3, and cancer outcomes are ascertained by state registry linkages that
carry roughly a two-year reporting delay. In addition, sampling frames limit generalization, such as
older AARP members in NIH-AARP and predominantly female, mostly white nurses in earlier NHS
waves, and the availability of individual-level data is limited since access typically requires approved
collaboration or data-use agreements rather than open microdata.

'Resource available at: https:/ec.europa.eu/eurostat/web/microdata/european-health-interview-survey
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Owing to these gaps, we elected to generate synthetic, longitudinal data with a virtual-user simulator,
which lets us control the distribution of habits, fatigue dynamics, and intervention responses while
maintaining full transparency and reproducibility for meta-learning experiments.

3 Problem Formulation

We model the problem of behavioural change as a Markov Decision Process (MDP) [22] where
the user receives suggestions of tasks of varying difficulty to improve in one or more pillars. To
represent observable and latent user factors, we build on the model of Lu et al. (2025) [15]], which
mathematically describes the acquisition of a new skill through actions of varying difficulty. In the
original setting, all user characteristics and the policy that prescribes task difficulty are fixed. We
opt to map their notion of skill to a behavioral pillar to improve (e.g., activity, sleep, diet) and adopt
the same transition dynamics to model user change. For the sake of simplicity, in the following, we
consider a single pillar, but an extension to multiple pillars is straightforward.

Formally, we consider an MDP (S, A, P, R, , 1o, T'), composed by state space S, action space A,
transition matrix P, reward function R, discount coefficient y, and initial state distribution (y. More
specifically, the elements of the state space s; € S, visited by the agent at step t, is represented by a
vector s; := (M, Fy, L;), where M, represents the motivation of the user, F} is their fatigue, and
L, is the level of the pillar. The action that an agent performs, at round ¢, a; € A = R represents
the mission difficulty and the instantaneous reward r; is represented by the pillar increment, i.e.,
re41 = Li41 — Ly and episodes are finite with stochastic transitions. We assume that the initial
state of each user g = (Mo, Fo, Lo) is fixed and that the MDP has a known finite time horizon 7T'.
As common in the RL field, the objective is to learn a policy 7 (s;) that selects action a; to perform at
round ¢, i.e., selects the mission at the current round, to maximize the cumulative reward that in our
case (using v = 1) is the increment of the pillar level at the end of the time horizon w.r.t. the initial

one, formally:
T

J(r)=E [Z(Lt+1 — L)
t=0
where the expectation is w.r.t. the stochasticity of the MDP, induced by the unknown transition model
P which depends on the user model, and the one present in the policy 7.

=E[Lr — Lo],

With a single user, or equivalently assuming that the population of the users is responding in the
same way to missions with the same difficulty level a;, this problem presents characteristics suitable
for the use of classical RL techniques. However, since we cannot assume that all users respond the
same way to our recommendations, the policy should adapt to users with different characteristics.
Moreover, even learning a policy for a single type of user would require a significant number of
samples. These issues lead us to exploit a meta-RL [30] approach, to have the ability to quickly
adjust to new user characteristics and require only a limited amount of interactions. In our approach,
we build on gradient-based meta-RL, seeking an initialization that can be fine-tuned to novel tasks in
just a few gradient descent steps. The initialization policies are obtained by a literature-supported
behavioural model that will be described in the following section.

4 Simulation Model

Due to the lack of real-world behavioral recommendation data, we relied on a synthetically defined
user model to generate samples. In the following, we report a brief description of the model proposed
by Lu et al. (2025). Formally, skill evolution is modeled as follows:

Liyw = Ly + pefs(ar), (D

where p; € {0, 1} is a boolean variable denoting whether the individual is working on that skill at time
t (pr = 1) ornot (p; = 0), and fs(a;) is the function regulating the rate of skill acquisition depending
on the mission difficulty a;. More specifically, let us define the net drive to be D; := M; — F}; then
Pe+1 1s computed as follows:

Pt+1 ::]l{(pt:O/\Dtzﬁt)\/(ptzl/\Dt>0)},

where 1{-} is the indicator function, 6; = max{a, Omin } is a start/keep threshold, and 0,,;, is a
given minimum difficulty level. In practice, if the user did not follow the suggested mission (p; = 0),
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i.e., was resting in the previous round, they start their mission if the drive is larger than 6,. Conversely,
if the user was already following the suggested mission in the previous round (p; = 1), the user
continues the mission only if they have positive drive D; > 0. Thus, a harder task (i.e., large actions
ay) raises the barrier to start following the mission, while 6,,,;,, enforces a baseline activation cost
even for easy tasks. Instead, continuing to follow the same mission only requires positive drive D,
creating a hysteresis between starting and continuing.

Regarding the skill acquisition function fg(-), the selected model assumes a triangular shape as
follows:

0 ifa <0
@ if0<a<a

fS(a) (—a-gQa)y if6<0,§267 ( )
0 ifa > 2a

where @ is the user’s optimal learning point, 3 caps the maximum per-step skill increase, and thus the
overall learning speed.

Let us define the execution rate as follows:

E: = pife(ar), 3)
where
I ifz <0
fe(a) = @ if0<a<a. )
0 ifa>a

In practice, the function fg(-) says that the execution rate is at a maximum when the demands of the
task are fully met by one’s skill, and it decreases linearly as relative task difficulty increases. Based
on the execution rate, we can model the motivation M; evolution of a user as follows:

Mt+1 = Mt —+ 01(1 — Mt) + C2 [w ALt + (1 — U)) Lt Et}
= M;+c1(1— M) + cape [w fs(ar) + (1 —w) Ly fr(ar)],

where ¢; € R is a parameter that sets how fast motivation reverts toward its baseline, ¢z € RT scales
the extra motivation change driven by learning/performance when working, w € [0, 1] controls the
mix between progress-driven and performance-driven motivation gains, and F; is the rate of execution,
i.e., proportion of skill level required to conduct the task. Notice that the second part of the equation
allows us to differentiate between learning-driven and performance-driven individuals. Indeed,
motivation increases more whenever the individual is learning faster or when their performance is
high, that is, if the user is highly skilled and executing a task with maximum execution.

&)

Finally, the fatigue F} is modeled assuming that it increases linearly whenever the individual is
working, and it decreases to zero when the user is resting. Formally:

Ft +c3 lfpt =1
Fior = , : ©)
Fi—cy Fy ifp, =0

where c¢3 € R™ is the per-step fatigue accumulation rate and ¢4 € R™ is the recovery rate.

5 Meta learning approach

Based on the above model, we have that every choice of the parameter vector v = (a,
distinct MDP characterizing a user that would require a specific optimal policy 7*(v)
Therefore, each parameter vector v = (@, 7, w) constitutes a separate task.

7, w) induces a
to be learnedE]
Our meta-learning framework builds on Model-Agnostic Meta-Learning (MAML) [8]] by specializing
it to our setting. In the following, we will detail only the main difference points from the original

Notice that we opt for characterizing a user only with these three variables since they are the ones that
mostly impact the simulation model above. A more general approach would also take into account the c1, ..., ca
constants. In the following, we will use the values of these coefficients as prescribed by [15], whose values are
reported in the supplementary material.
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version, deferring a detailed description of the framework to the paper [8]. In the original setup, a
linear feature baseline estimated returns and advantages in the inner loop. However, from preliminary
empirical analysis, we notice that this baseline underfits and produces noisy advantages. Therefore,
we opt to use a Multi Layer Perceptron value baseline and train it together with the policy, which adds
a value fitting term to the inner loop objective. To preserve exploration, we also included an entropy
bonus. Finally, to improve the quality of the advantage estimate, we use generalized advantage
estimation [28]]. Together, these choices define an actor-critic loss for the inner loop and yield more
stable and more sample-efficient updates across tasks.

The meta-learning approach is divided in two phases. In the meta-training phase we first leverage the
simulator described in Section[4]to generate a diverse set of tasks v; = (a@;,y;, w;): we sample @;, J;,
and w; independently from bounded uniform distributions reported in Table 2] During meta-policy
training, at every outer-loop iteration we roll out N € N trajectories in the simulator under a sampled
batch of tasks. These trajectories are then used to update the meta-policy following [8]]. After this
meta-training phase the adaptation phase is performed. We adapt the resulting meta-policy to new
simulated users v1, ... v (tasks), K € N whose characteristics are unobserved: we collect on-policy
trajectories for each new user with the unadapted (i.e., post-training phase) policy and use them
exclusively to perform task-specific inner-loop updates.

To improve sample efficiency, an online-learning approach, specifically contextual bandits [[14]
was also considered at the beginning of our analysis. Although contextual bandits promise sample
efficiency, our setting is an MDP: actions change future states, and motivation and fatigue accumulate,
requiring long-horizon planning. With context restricted to observable features and key transition
parameters (a,y, w) unobserved, a bandit tends to converge to a single difficulty per user, learns
myopically, and transfers poorly across users. Even though instantaneous learning peaks at x = @,
optimal actions may differ because high x raises the engagement threshold and can drive p to zero
when M — F'is low, while smaller = sustains work and progress. Motivation depends on both learning
progress and performance, so performance-oriented users (small w) benefit from easier tasks with
higher execution, and fatigue dynamics can justify modulating x to avoid premature disengagement
or to schedule recovery. Parameter uncertainty also requires exploratory variation in x to identify
user characteristics, and near the horizon conservative choices can preserve remaining steps. These
considerations motivate an RL formulation within users and a meta-RL approach across users, rather
than a bandit model.

6 Experimental results

Our experimental setting is designed to evaluate (i) the overall effectiveness of MAML-based
adaptation corresponding to the baselines introduced later in this section and (ii) a more realistic
scenario in which the trajectories used during the adaptation phase are collected from users with
similar characteristics. We trained our meta-learning algorithm, from now on addressed as MAML, over
an environment simulating usersE] In particular, similarly to what has been proposed in [§]], to avoid
overly aggressive updates during learning, the inner-loop learning rate is scheduled to decay linearly
with the number of inner steps. Moreover, we use two separate entropy coefficients: a smaller one
during the inner-loop adaptation and a larger one during the outer meta-update. The higher entropy
weight at the meta step promotes broader exploration across tasks, while the lower weight in the inner
loop keeps task-specific learning stable. For both the meta-training and the adaptation phases we
sample /N = 30 trajectories at each inner-loop step. We also assume our episode has a time horizon
of T = 20[f]

6.1 Baseline comparison

In the first setting, we compared our approach against three baselines: a randomly initialized policy
Random; an Advantage Actor—Critic (A2C) policy, called A2C pretrained, in which the parameter

3The parameters used for the algorithm are reported in Tablein the supplementary material, and the ones
for setting the environment in Table E}

“In a real setting for behavioural mission recommendation, rounds ¢ usually correspond to weeks.

The code to fully reproduce the experiments will be released with the final paper version.
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vector (@, Y, w) is re-sampled uniformly at each environment reset. We also add to the optimal policy,
called Oracle, trained with A2C on a single task with full knowledge of its parameters

We aim to assess meta-learning effectiveness, i.e., whether a MAML-trained initialization improves
performance on a broad set of held-out tasks after only a few adaptation steps. Second, we aim to
evaluate whether the meta-training procedure yields a better starting point than the random policy.
Third, we examine whether MAML outperforms the mean policy learned by A2C pretrained that
for every environment reset, samples a task at random and performs task-specific updates without
the meta-objective. We sample a total of 100 unseen tasks that we use for the comparison of the
MAML algorithm and the baselines. For each task we perform the adaptation steps, sampling the
same number of trajectories per step of the meta-training phase.

The main metrics we analyze are the average cumulative reward of the sampled trajectories over all
tasks in the adaptation phase R™™ and the improvement with respect to the adaptation step AR. Let
us define for each new user k € {1, ..., K} the trajectories generated before and after the adaptation
provided by an algorithm as follows

H(k) _ {Tpre N H(k) _ [_posty N

pre kyiJti=1> post — Tk}i i=1»

respectively, where each trajectory is
L] _ (] [ ] o (] L[] °
Tii = ((sk,i,l’ Qi 1s Tk,m)a ceey (Sk,i,Tv [ % o) Tk,i,T))»

where e € {pre, post}, and T is the horizon of the i trajectory for task k. For a specific task k, we
define its average cumulative reward is defined as:

. LT
Ry, = szrﬁ,i,r

i=1 t=1

For K validation tasks the average cumulative reward is:

S
R" =) R
k=1

Finally, the improvement of the reward is formally defined as follows:

—post  —=pre

AR=R "~ —-R .

Results In Figure we report the evolution, as a function of the number of adaptation steps, of AR

and B™™". The gap in terms of returns between adapted and unadapted trajectories is substantially
larger than that achieved by Random policy. Moreover, the cumulative rewards obtained by MAML
exceed those of the A2C-Pretrained policy after only one step, while the pretrained policy does not
show a significant improvement post-adaptation. Figure 2] provides an example of the evolution of the
adaptation steps of the post-adaptation results for different values of @ € {1, 2, 3} (keeping 7 and w
fixed). The gap between MAML and A2C-Pretrained is larger for small values of @, indicating that
the average policy favors higher-value actions whose effects materialize only when @ is also large,
thereby penalizing tasks with low @. However, we notice that it gets sufficiently close to the Oracle
policy only for large values of @, and the adaptation steps after the first do not significantly improve
the performance.

6.2 Cross task adaptation

We investigate the cross-task adaptation of our methods, checking whether a meta-trained policy
adapts to a target task using trajectories from slightly different tasks, rather than relying solely on
on-task data. In this second experiment, we simulate an adaptation scenario in which data from
similar participants entered the study simultaneously. We started from baseline values of the three
parameters, which were randomized: @ € {1,2,3},7 € {0.1,0.5,0.9} and w € {0, 0.5, 1}. For each

®Initially we also considered a contextual bandit as a baseline due to the fast capabilities it generally has for
learning with a few samples. However, the learned policy was not able to generalize well across users, most
likely due to the MDP nature of the problem itself.
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Figure 1: Evolution of mean AR per adaptation step (left) and evolution of B per adaptation step
across adapted tasks (right). Shaded areas represent the standard deviation computed on 5 different
seeds, for both the meta-training and testing phase.
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Figure 2: Evolution of Eﬁm per adaptation step for different values of @ = 1 (left), @ = 2 (center),
a = 3 (right), keeping ¥ = 0.9 and w = 0.5 fixed. Shaded areas represent the standard deviation
computed on 5 different seeds, for both the meta-training and testing phase.

adaptation step from 1 to 3, we sampled values of @, ¥ and w uniformly from the interval £ €;, where
i ={a,7,w} and € = (eg, €7, €,). In total, for each adaptation step of each base task, we generate 30
similar tasks, the same number of trajectories used during the meta-training phase for each adaptation
step of the inner loop. From each of these 30 tasks, we sample one trajectory, constructing a batch
of N trajectories from similar tasks. We use this batch of trajectories from similar tasks to perform
the inner loop steps. Furthermore, we compared performances for different values of €5, keeping the
other two €5 and ¢,, fixed, selecting this parameter for our analysis as it has the greatest impact on
the obtained results.

As a metric, we report o computed by sampling post-adaptation trajectories ’Hpost on the base
tasks only.

Results Figure |3| shows the results for the different combinations of baseline tasks with eg =
0.2, g = 0.2, €, = 0.2. We observe that the main differences across the three algorithms occur
when @ = 1. In the other two cases, we can observe that MAML is significantly better than the random
policy but has no significant advantage over the A2C pretrained policy. This also comes from
the fact that the pretrained policy is already effective with large values of @, so a small variation
in the parameters does not result in significant underperformance. Furthermore, no performance
degradation is observed when using adaptation with similar users. Figure {4| shows the results related
to the second case in which we keep e and €, fixed at 0.2 and vary ez € {0.2,1,1.5}. The most
significant performance differences are mostly present when @ = 1, where greater user diversity



307
308
309
310

311

312
313
314
315

317
318
319
320
321

322
323
324

326
327

16 - MAML
m— A2C
1 == RANDOM
12
10
& 8
6
4
2
0
00 00 00 05 05 05 1.0 10 10 00 00 00 05 05 05 1.0 10 10 00 00 00 05 05 05 1.0 10 1.0
01 05 10 01 05 10 01 05 1.0 01 05 10 01 05 1.0 01 05 1.0 01 05 10 01 05 1.0 01 05 1.0
(w,y) (w.y) (w.y)
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Figure 4: Eim after 3 adaptation steps for ez € {0.2,1,1.5} with @ = 1 (left), @ = 2 (center), @ = 3
(right).

corresponds to lower performance. This effect might be due to the fact that as ez increases, the
sampling neighborhood [@ — €z, @ + €z] widens, placing more mass on values with @ < 1. For
smaller @, the set of actions yielding positive reward, {a : E[R|a, @] > 0}, shrinks. Consequently,
the reward signal weakens and the policy’s adaptation becomes substantially more difficult.

7 Conclusion and future works

In this study, we introduce a meta-reinforcement learning framework for tailored behavioral sugges-
tions that mimics a variety of participant profiles using a synthetic user model. Two basic variables,
fatigue and motivation, were included in the formulation of the behavioral suggestions problem. The
task difficulty adaptation for users with diverse features was subsequently presented as a meta-RL
problem in which we want to minimize the amount of data and, consequently, the number of user
interactions required for personalization. Finally, our experiments demonstrated that gradient-based
meta-learning can adapt effectively to new user configurations within just a few adaptation steps, and
that leveraging trajectories from similar users can maintain performance without requiring on-task
data. We note that the benefits of the meta-learning approach are contingent on the user model
producing substantial variation in optimal policy structure.

Future work will focus on three parallel directions. First, we aim to validate our approach with
empirical datasets, linking real-world behavioral trajectories to health outcomes, to assess the realism
and transferability of our simulator-based findings. Second, we plan to extend the environment so
that fatigue dynamics also depend on the magnitude of the chosen action, allowing for more nuanced
modeling of user burden. Third, we will investigate offline meta-RL methods such as PEARL [23] to
fully exploit user similarity and historical data without extensive online interaction.
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A Background

In this section, we introduce the necessary background on reinforcement learning and meta learning.

A.1 Reinforcement Learning

Reinforcement Learning (RL) [29] models decision making as an agent interacting with an environ-
ment to maximize cumulative reward. At each step ¢, the agent observes state s;, samples action
a;z ~ (| s¢), then receives reward ;11 and transitions to s;41. Under the Markov assumption,
future outcomes depend only on the current state—action pair.

Asynchronous Advantage Actor-Critic (A2C) [[17] is an on-policy actor—critic method that maintains:

* Actor my(a | s): a parameterized stochastic policy.
* Critic V,(s): a value network estimating the expected discounted return.

During training, the agent runs its policy for n steps (or until termination) and computes the n-step

return
n—1

Ry = Z Y revivr + 7" Vo (St4n)
i=0
from which the advantage is obtained:

At = Rt — V¢(St) .
The networks are updated jointly by minimizing the combined loss

5 2
L(0,¢) = —Ei[logmg(ar| 51) Ae] + aBe[(Vo(se) — Ri)™] — BE[H(mo(-| s1))],
where the first term improves the policy toward positive advantages, the second fits the value estimate,

and the third (weighted by [3) encourages exploration via entropy regularization.

A.2 Meta Learning

Meta-learning [26l], often referred to as "learning to learn", seeks to endow models with the ability
to rapidly adapt to new tasks using only a small amount of data. In the classical supervised setting,
a model is trained on a single task by minimizing a loss function over many examples. In contrast,
a meta-learner is trained over a distribution of tasks T ~ p(T), so that after meta-training it can
quickly fine-tune to an unseen task 7; using only a handful of samples.

Formally, each task 7; is defined by

7; = {‘Cw Qi(x)7 Qi(xl | X, CL), HL}7
where L; is the task-specific loss, ¢;(x) the initial data distribution, ¢;(x’|x, a) the transition (if any),
and H; the horizon or episode length. During meta-training, one alternates between:

1. Inner update (task adaptation): For each sampled task 7;, update the model parameters 6
to 0 by taking one or more gradient steps on £; using K examples (the "K -shot" setting).

2. Meta-update: Adjust the original parameters # so as to minimize the loss of the adapted
models 6} across the task batch.

A powerful yet simple meta learning algorithm that we will use in this work is Model-Agnostic
Meta-Learning (MAML) [8]] instantiates this idea in a task and model agnostic way by directly
optimizing 6 for fast adaptivity. In one step of gradient descent on a task 7;, MAML computes

9; =0- avﬂﬁi(fe) )
and then performs the meta-update

0 0—8Y VoLi(fo).

By differentiating through the inner update, MAML learns an initialization 6 from which only a
few gradient steps are required to achieve strong performance on a new task. An adaptation of this
algorithm for reinforcement learning is proposed in the original paper and employs REINFORCE
[34] for the inner loop and TRPO [27] for the outer loop.
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s8¢ B Training hyperparameters

Tables [[|and 2] contain the parameters used in the experimental study.

Parameter Value
Discount Factor () 0.99
GAE Lambda 0.95
First-Order False
Hidden Sizes [64, 64]
Nonlinearity tanh
Inner Loop Batch Size (N) 30
Number of Inner Steps 3
Inner Loop Learning Rate 0.1
Number of Batches 200
Outer Loop Batch Size (K) 100
Maximum KL Divergence 0.1
CG Iterations 10
CG Damping 1
Line Search Max Steps 15
Line Search Backtrack Ratio 0.5
Critic coefficient 0.25
Inner Entropy Coefficient 0.01
Outer Entropy Coefficient 0.1

Initial Step Size of Line Search 0.1

Table 1: Parameters for the meta learning algorithm training

485

Parameter Value

So 0

My 0.5

Do 1

Fy 0

Ey 0

C1 0.5

Co 1.2

C3 0.1

Cyq 0.1

T 20

Omin 0.005

w u([o, 1])

a U([1, 3])

7 u([01,1])
Table 2: Environment parameters. w, a € y sono campionati da distribuzioni uniformi sui rispettivi

intervalli.
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