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I SCIENTIFIC CONTEXT, POSITIONING AND OBJECTIVES

1.1 Scientific objectives and motivation

The StaRLux project is rooted in Statistical Reinforcement Learning, itself rooted in sequential statis-
tics and reinforcement learning. In sequential statistics, the sample size is not necessarily fixed or
known in advance but data is continually acquired. The pioneering works go back to [I, 2] and was
groundbreaking at the time in the sense that it allowed statisticians a formalism where they could ad-
just their decisions continuously with the upstream of new information, hence enabling to reduce the
testing budgets and avoid pointless trials. Reinforcement learning theory [3, 4, [5] on the other hand
formalized sequential decision-making in uncertain dynamical systems into actual algorithms that col-
lect data through repeated interaction with a partially known system. By “upscaling”, we mean to
resort to recommender systems [0} [7, 8] and especially contextual approaches, enabling efficient learning
on a vast number of related environments as opposed to a single one, and giving birth to personalized
recommendations. Last, we focus on experimental sciences that attempt at understanding Nature, as
opposed to classical games or robots, in view of filling the gap between simulated and real environments,
contributing to handle the significant societal and environmental hazards of our modern society, and
shedding novel light on the domains that 90 years ago gave birth to mathematical statistics.

The StaRLux project is organized around the three following complementary and ambitious objectives:

Objective 1: SAMPLE-EFFICIENT RL. FOR EXPERIMENTAL ENVIRONMENTS, rather than games, that
can tackle crucial limitations faced by practitioners, such as managing the intrinsically stochastic nature
of considered environments that feature diverse entities interacting with each other, determining the
optimal moments to intervene and observe, and adapting to the ever-changing experimental contexts,
such as a shift in the dynamics and novel available actions or practitioners’ goals.

Objective 2: SCALABLE EXPERIMENTATION WITH GROUP-RL to cope with a vast array of environments
and handle the diversity of practitioner objectives regarding horizon, risk, constraints, and rewards, chart
in which contexts promising practices discovered and refined by many are indeed beneficial, and perform
efficient batched coordinated exploration under personalized or joint risk aversion.

Objective 3: APPLICABLE RL COMPANIONS IN AGROECOLOGY. This involves designing automated
procedures to output statistically reliable rankings based on personalized goals, providing explainability
of the strategies to practitioners to improve trust and compliance, and ensuring adoption by practitioners
by integrating RL companions into an open-experimentation platform ready to be used by many.

1.2 Scientific challenges and novelty of the project

Though Reinforcement Learning (RL) seems to be the champion of formalizing sound decision-making
in the wild, paving the way to general A.L., its current theoretical development appears to fall short on
correctly handling some seemingly basic challenges from a practitioner standpoint, hindering its adop-
tion in experimental sciences. We list below the challenges (key bottlenecks) that we consider the most
significant ones to upscale experimental sciences, yet not insurmountable within the scope of this project.

CHALLENGES IN ADDRESSING OBJECTIVE 1
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[C1] Stochastic environments. In the recent years Deep Learning emerged as a powerful set of pa-
rameter tuning techniques for large to huge parametric models, contributing to reduce the approzimation
error of modeling complex systems. Despite greatly benefiting RL in terms of exposure, attracting many
efforts and hope, the apparent successes of deep RL have however so far been limited to near determin-
istic environments such as games or robotic control tasks. In stark contrast, environments considered by
experimental sciences such as agronomy of healthcare are usually intrinsically stochastic. Indeed unlike
more traditional environments (e.g. go, atari), the process of growing a plant in a farm is naturally
stochastic rather than deterministic, due to the key influence of external factors such as the weather
(but also population of insects, spontaneous plants, etc.). The challenge is that much statistical theory
remains to be developed to reduce estimation error and correctly handle stochastic uncertainty. For
instance, there is a major lack in our understanding of optimal achievable regret minimization perfor-
mance beyond ergodic stochastic MDPs, for which every policy is assumed guaranteed to visit all states
with positive asymptotic frequency. This is problematic, because real-world situations such as medical
treatment trajectories often involve MDPs that are non-ergodic, meaning that some states (e.g. treat-
ment phases) may only be visited a finite number of times asymptotically, even by an optimal policy.
Hence correctly learning stochastic dynamical systems, possibly combining bandits and deep approaches
is a major challenge of reinforcement learning hindering its applicability to experimental sciences.

[C2] Structured interactions and auxiliary information One major challenge in using RL in
experimental sciences is to handle the large diversity of influential factors due to many co-interacting
entities. Often some expert knowledge is available that enables to prune the graph of direct interactions
and reveals a structure where a limited number of key state variables govern the others. Leveraging
such knowledge in reinforcement learning algorithms can greatly improve the learning performance of
the agents, but more research efforts are required to obtain a satisfactory strategy. In some cases
these influential variables should further be identified by the learning agent, due to uncertainty, which
represents a statistical challenge given the limited amount of interaction available with a real system, as
opposed to a simulated world. Moreover, in many real-life applications, experts have access to prediction
models that describe various specific variables, such as weather patterns or the spread of pests. Though
progress has been made in developing robust RL methods that can handle ambiguity in these models,
traditional studies often focus on models that describe observed data rather than predicting a noisy future
evolution of certain variables. It is important to explore how the literature on bandits, robust MDPs,
and expert aggregation can be adapted to leverage or discover influential variables, and incorporate
forecaster models into the learning process. Additionally, expert knowledge can take various other
forms, and there is a need to develop methods for incorporating generic auxiliary information theory in
a sequential learning setting, where the data is collected over time rather than all at once.

[C3] When to intervene, when to observe. Another major challenge in RL theory is how to
effectively make decisions about when to take action over a period of time. For instance, consider a
scenario where an agent has T days to make a decision about which one of A many actions to perform.
While it may seem intuitive to introduce a do-nothing action and treat the problem as a special case of
sequential decision-making with A + 1 actions, this naive approach leads to an exponential increase in
the number of possible trajectories after T' days, from AT + 1 (one single action at any of the T" possible
days, or no action at all) to (A +1)T. This highlights the need for considering alternative models better
effective at handling decision-making over time than classical MDPs. A related natural challenge for the
practitioner is the need to trade-off between gathering observations and taking actions, that is deciding
when to observe. While in fully-observed MDPs, the learner is given the exact state of the system
at each decision step, and in partially-observed MDPs, the learner is given a fixed set of observations
at every time, we here face an actively-observed MDPs. Such situations are common in autonomous
systems that evolve continuously, such as when modeling a field or a human in an intensive care unit. In
these cases, taking measurements is costly in terms of time or resources, and must be balanced with the
need for intervention. This creates a trade-off between gathering more information through observations
and taking actions that can potentially lead to better rewards. In addition, the state of the system
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is often multivariate, meaning that it can have many different components that are not all visible at
each time step. This creates a monitoring challenge because the learner must decide which variables to
observe in order to get enough information to learn about the unknown dynamics of the system and
eventually act optimally. To summarize, we need to develop strategies for effectively addressing the
trade-off between intervention and observation in models better effective at handling decision-making
over time than classical MDP models.

[C4] Shifting environments and progressive learning. One major challenge that hinders appli-
cability of RL is the ability to adapt to continually changing environments and goals. In experimental
sciences, the environments and goals are often highly specialized and domain-specific, and may not be
directly comparable to those studied in other fields. Additionally, experimental data is often scarce and
expensive to collect, making it difficult to train models from scratch. Furthermore, the dynamics of the
system and the practitioners’ goals may shift over time, due to factors such as local climate evolution
(for agroecology) or changes in research focus, requiring the RL algorithm to adapt accordingly. Another
common source of shift is a change in available actions, for instance due to novel practices becoming
available or shared by the community, which raises the question of how to effectively learn tasks in a
progressive manner, similar to how humans learn. One approach is to consider a set of basic actions
that are refined over time with more subtleties or variants as the learner masters them. However, when
modeling the task as an MDP, this approach would require specifying the gigantic set of all elementary
actions right from the start, which can be overwhelming for the learner due to the corresponding huge
policy space. An alternative approach is to start learning with a small set of policies and progressively
enrich them over the learning process, which may be more manageable for the learner. However, this
approach raises the question of how to effectively and efficiently refine the policy space over time in order
to maximize learning performance.

Novelty: To summarize the novelty in the challenges when addressing objective 1, there is
e Adapting bandit theory to MDPs and to revisit deep-learning strategies for stochastic systems.
e Incorporating auxiliary information from domain experts such as variable prediction and leveraging
or discovering structure of influential variables in a learning context.
e Addressing the exploration-exploitation trade-off in control models alternative to MDPs (rested),
better suited at handling autonomous (restless) dynamical systems and decision over time.
e Refining and incorporating novel actions and objectives continuously in the learning process.

CHALLENGES IN ADDRESSING OBJECTIVE 2

[C5] Context-goal exploration-exploitation trade-off. To enable experimentation companions,
one major challenge in RL theory is how to efficiently handle the exploration-exploitation trade-off when
facing multiple environments and personalized objectives. In real-life situations, different practitioners
may interact with different environments, and even when facing the same environment, they may have
different objectives such as different time-horizon, risk-aversion levels, or reward functions. To address
this challenge, it is necessary to consider coordinated exploration to extend the concept of contextual
reinforcement learning from task context to task and objective context. This involves challenges such as
exploring in one environment to gather information that is relevant to another practitioner’s objective,
in a collectively optimal way.

[C6] Charting good practices across different contexts. A related challenge when considering
multiple environments is that of hypothesis charting. In hypothesis testing, a learner is presented with
several possible explanations for a phenomenon (called ”hypotheses”) and must use data collected from
the environment to determine which hypothesis is the most likely to be true. In hypothesis charting, the
learner is presented with a collection of environments and must determine which ones satisfy a particular
hypothesis. This can be seen as a more generalized form of hypothesis testing, where the learner must
consider multiple environments rather than just one. The concept of hypothesis charting is relevant
in situations where a new action becomes available, and the learner must rapidly determine in which
contexts the action would be most beneficial, with provable guarantees.
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[C7] Batch coordinated exploration and joint-risk. Another major practical challenge for RL
is how to efficiently balance exploration and exploitation when solving multiple tasks in batch, rather
than a single task. This is known as group-sequential reinforcement learning, and it is particularly
relevant in situations where rewards are delayed, such as in agronomy. To tackle this challenge, it is
necessary to develop new algorithms or techniques that can compare the performance of different policies
or algorithms across tasks, and efficiently balance exploration and exploitation in this setting. This is
related to the problem of group-sequential adaptive testing in clinical trials [9) [10], which is a powerful
methodology based on bandit theory that is still an active area of research. A key question in this area
is how to optimally encourage diversity of actions within a single batch in order to speed up learning.
Another challenge related to multiple environments is how to effectively handle situations where the risk
of a particular action depends not only on the local context, but also on the contexts of neighboring
entities. This is known as a “joint risk” and can be seen in scenarios such as food security, where the
risk of crop disease increases when too many similar crops are grown in close proximity, or in forest
management, where the risk of fire increases when too many similar trees are packed together. This
creates a non-trivial tension between recommending diverse versus similar policies in similar contexts.
While it is possible to incorporate information about the contexts of neighboring entities into the state
space, it is not clear how to optimally exploit this structure in order to mitigate joint risk. Additionally,
situations where the contexts are correlated, such as when the yields of various fields in the same region
are subject to the same weather conditions, can also pose challenges for learning and may introduce bias.

Novelty: To summarize the novelty in the challenges when addressing objective 2, there is
e Revisiting the exploration-exploitation trade-off under contextual, personalized objective.
e Extending best policy identification and hypothesis testing literature to the contextual setup.
e Advancing group-sequential exploration theory of dynamical systems and enforcing diversity.

CHALLENGES IN ADDRESSING OBJECTIVE 3
[C8] Reliable, reusable rankings One of the major challenges in building a research platform to assist

the development of reinforcement learning algorithms is establishing a statistically reliable, comparison
of strategies. This is important for researchers testing their algorithms, for the community in terms of
reproducibility standards, and for practitioners who rely on recommendations from various strategies.
However, obtaining a statistically reliable comparison can be difficult, and is a problem that has been
recognized as a reproducibility crisis in the field. It is for instance common for articles to claim that a
new reinforcement learning strategy outperforms a state-of-the-art approach based on results from only
a few random trials. While it makes sense to average performance over multiple trials on the one hand,
and to minimize the number of trials in order to reduce time and energy consumption on the other
hand, addressing this trade-off can be a challenge when the distribution of performance does not follow
a parametric law, which is typically the case for the performance of RL algorithms. As a result, there
is a need to adapt non-parametric hypothesis testing strategies, such as the ones based on permutation-
tests, to the fully sequential case. However, the theory in this area is not yet complete, and more work
is needed to develop provably optimal evaluation strategies ready to be used.

[C9] Explainability of RL companions and event prediction. When building an experimentation
companion platform to assist practitioners, one of the key challenges is ensuring the explainability of the
recommended solutions. Indeed reinforcement learning strategies can often be complex and may appear
as black boxes, especially when they involve deep learning models or other types of highly sophisticated
algorithms, which can hinder trust and compliance from practitioners. One way to address this challenge
is to provide explanations for the recommendations, such as by showing the predicted evolution of the
system when following or not following a recommended policy, and by highlighting the risks that are
being avoided. However, accurately predicting the evolution and occurrence of risky events in a stochastic
and generic (non-linear) dynamic system is a daunting and elusive challenge, and finding innovative and
effective ways to do this is an exciting and little explored frontier in the field of reinforcement learning.
[C10] Availability of sequential data and practitioner engagement. One of the main challenges
when using RL techniques in experimental science is the availability of data. In healthcare, stringent
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privacy restrictions usually prevent from building global experimentation datasets. Data collection is less
restrictive in agronomy, but often the available data is primarily focused on identifying different objects,
such as identifying different types of crops or pests, rather than on the evolution of a dynamic system
over time. For example, in traditional agronomy research, data is collected on various factors such as soil
properties, weather conditions, and specific crop treatments, but it may not contain data on the evolution
of the crop over time. This lack of data on the dynamic evolution of the system can make it difficult to
apply RL techniques, which typically rely on a large amount of data on the interactions and outcomes
of different actions in order to learn and optimize decision-making processes. Hence, an alternative
approach is required to build sequential experiment datasets. Besides, for RL to become interesting
for practitioners, another challenge is to engage enough researchers in RL and attract significant focus
from them on such environments and tasks in a reproducible and open-science friendly way. Building
a community of RL researchers and agronomist constantly improving and testing RL companions could
have a major impact on the real adoption of RL companions in agronomy, and experimental sciences in
general. This also requires designing novel recommender systems, to move away from traditional content
recommendation in static systems to enable experimentation recommendation in dynamical systems.

Novelty: To summarize the novelty in the challenges when addressing objective 3, there is
e Designing adaptive sampling strategies with finite-time guarantees for non-parametric ranking of

learning agents under personalized objectives.
e Predicting trajectory evolution and risk occurrence in a complex dynamical system, including under

counter-factual reasoning.
e Deploying RL simulators for large stochastic systems and a recommender platform specialized for

experimentation companions in dynamical systems.

1.3 State of the art and its limitations

The existing literature can help address these novel challenges but also face some key limitations.

LITERATURE RELEVANT TO OBJECTIVE 1

Limitations: The limitations to overcome for addressing the challenges of objective 1 are
e Lack of theoretical understanding of regret minimization and sensitivity analysis in stochastic
dynamical systems.
e Lack of theoretical understanding of optimal exploitation of various state structure in stochastic
dynamical systems. Auxiliary information theory is restricted to offline or sequential but static

environments such as bandits.
e Lack or RL approaches (assuming uncertain system) for various control models (assuming perfect

knowledge) of autonomous systems.
e Lack of understanding of progressive learning mechanisms and available models for action-

refinement suitable for large dynamical systems.

[L1] Stochastic environments: The typical RL environments available to researchers [11] are
either complex, deterministic games (Go [12], Chess, Atari [13]), or deterministic control tasks (acrobot
[14], mujoco [15], robots [I6]). As a result, the literature on complex systems mainly developed around
approximation error rather than estimation error due to finite interaction, while the study of stochastic
environments has restricted to small discrete games (grid-worlds), extending ideas from multi-armed
bandit (seen as single-state MDPs), see [17, 18|, [19],[20} 21, 22]. Today, sequential design of experiments
(bandits) for stochastic dynamical systems is arguably still in its fancy, considering that achievable
performance bounds for generic MDPs are still unclear (see [23| 24} 25] for ergodic MDPs) and first-order
optimal strategies have only been uncovered recently [26] but under the restrictive ergodicity assumption.
Stronger notions of optimality such as Blackwell optimality [27, 28] 29] are still not met. Besides, even
though distributional RL [30, [3T] and deep-belief networks [32] 33], 34] appear as promising tools, there
is a lack of research efforts on provably efficient learning strategies in large stochastic environments.
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[L2] Auxiliary information: Systems with many state variables often come with significant struc-
ture that may be known to the domain expert. Leveraging factored [35], [36], [37], causality [38) B39, [40]
or combinatorial [4I] structures may greatly reduce the complexity of the learning task, but are still
active research topics. Beyond exploiting a given structure, related open questions include detecting
control [42] or discovering which are the most influential state variables. Another type of expert knowl-
edge especially relevant to experimental sciences may be the forecast of some variables (e.g. weather).
Preliminary studies have been done in multi-armed bandits [43, [44] to leverage such information on the
future, that need to be improved and extended to dynamical systems. Besides, promising tools have been
made recently available in mathematical statistics on leveraging generic auxiliary expert information [45],
that however need to be extended to the sequential, active setup and to dynamical systems.

[L3] When to act: MDPs [27] are ubiquitous in RL but do not model well decision over times such as
when to observe or to intervene. In control, MDPs are just one model amongst others, and other models
better capture time. For instance Piecewise Deterministic Markov Processes (PD-MP) [46), [47), [48] model
autonomous (restless) systems subject to spontaneous or controlled jumps of dynamics, where the task
it to optimally time each controlled jump. These restless model make them well adapted to evolution
of natural systems. However, PD-MPs have not been studied from a learning perspective, when the
model is unknown and learned from data. Now, deciding optimal moments to observe is reminiscent of
sensor selection tasks [49], however studied in a bandit and not MDP context, or patrolling tasks [50} 51],
considering an adversarial or sometimes stochastic [52] hide and seek game setup. These approaches are
promising but lack theoretical guarantees and need to be adapted to leverage the structure of influential
variables to be patrolled.

[L4] Progressive learning: As practitioners test more and more hypotheses, they also introduce
or refine specific techniques progressively rather than considering all possible sequence of micro-actions.
This way of proceeding, with a growing set of actions can be backed-up by theory, as ultimately con-
sidering all micro-actions yields computational limits, apparent in the lower performance bounds [25]
making appear challenging optimization problems, or in the fundamental limits of Bayesian induction
[53, 54, 55]. Besides, it can be linked to the topic of satisficing RL [56], 57], from satisficing theory [568] and
control [59], where the goal is no longer to be optimal but to outperform some base policy or exceed some
target value. Despite promising recent progress in the bandit setup [60], for regret minimization, and in
online aggregation of experts with growing actions [61], much remains to be done to understand how to
provably-efficiently solve a satisficing objective and then reuse past computations when incorporating a
novel action in a series of such tasks.

LITERATURE RELEVANT TO OBJECTIVE 2

Limitations: The limitations to overcome for addressing the challenges of objective 2 are
e Limited understanding of exploration-exploitation trade-off in contextual MDPs, and of risk-averse

optimal strategies in dynamical systems.
e Limited understanding of sequential hypothesis testing and identification theory for contextual,

dynamical systems.
e Lack of group-sequential diversity-enforcing strategies and limited understanding of joint-risk aver-

sion and mitigating strategies in stochastic dynamical systems.

[L5] Context-objective exploration-exploitation: Contextual bandits [62], 63] and contextual
MDPs [64, [65], [66] are natural framework to efficiently learn from many environments, especially under
the linear-context structural assumption [67, [68], [69]. However, so far the literature mostly explored
handling a single objective, usually risk-neutral for all environments. Little seems to be known about
jointly addressing diverse objectives, for instance when a single agent should solve two or more envi-
ronments under different risk-aversion levels. Hence the literature needs to be extended to incorporate
context-goal. Besides, risk-aversion has received increased attention both in multi-armed bandits [70],
[r1, [72], [73], [4] see also [75} [T6], [77], and in MDPs [78, [79, [80] over the past few years. How-
ever, more work is required to solve the exploration-exploitation trade-off under diverse notions of risks,
including human-perception, in these two settings.
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[L6] Action charting: The goal in action charting is to quickly identify the contexts in which a
novel action may outperform existing best ones in a bandit setting, or may improve existing policies in
an MDP setting. A variant of this problem is the Best-arm identification (BAI) problem, [811 82] [83]
that focuses on quickly identifying the best action to be recommended after learning, rather than solving
the exploration-exploitation trade-off, and is reminiscent of sequential hypothesis testing. This problem
developed in the bandit community, and received increasing attention both in contextual bandits |84, [85],
86] and MDPs [87, [88, [89]. While related, BAI and action charting are different problems and borrowing
BALI techniques for the later requires further investigation.

[L7] Batch coordinated exploration: Practitioners in experimental sciences often use group-
sequential strategies, proceeding with batch/cohorts rather than fully sequential strategies due to the
delays in receiving feedback (e.g. yield in agronomy). The literature on group-sequential experimental
design is rich [90 O], 92]. Originated from design of experiments (DOE) theory [93, 94, [95 96], the
emergence of multi-armed bandits (aka adaptive experimental design) [97, 98] enabled to optimize rather
than simply randomize trials, and later permeate to medical sciences and group-sequential clinical trials
[9, 10]. Over the last decade, strongly optimal bandit strategies [99, 100], [101], 102] have developed
in the bandit community, yet for the fully sequential setting. As suggested by [103] adapting modern
bandit strategies to group-sequential experimentation may improve over the simple explore then commit
strategies often used in agronomy, including in a risk-averse context. Developing strategies optimal for
the group-sequential setting that are accepted by practitioners in agronomy however requires further
investigation. In particular, the uncertainty about the environment comes with aversion to joint-risk,
such as in food security, where the risk of a crop disease increases when too many similar crops are
grown in close proximity, or in forest management, where the risk of storm damage or fire increases
when too many similar trees are packed together [104) [I05]. The literature on diversity in recommender
systems [106, 107, T08] may address such concern and has motivated extensions to bandits [109], but
combining them with optimal bandit strategies and proper risk-aversion analysis remains non trivial,
not to mention their extension to MDPs.

LITERATURE RELEVANT TO OBJECTIVE 3

Limitations: The limitations to overcome for addressing the challenges of objective 3 are
e Lack of finite-time guarantees for non-parametric sequential hypothesis testing methods.
e Lack of confidence region around trajectories and reliable risk-occurrence prediction tools in non-
linear and autonomous dynamical systems.
e Lack of stochastic environment simulator for RL researchers, of recommender system to assist

experimental sciences and limited availability of sequential-interactions from practitioners.

[L8] Reliable, reusable rankings and user adoption: In experimental sciences, p-values seem
ubiquitous and often not correctly used, in particular when one want to reuse data or previous conclusions
to guide a new experiment. The statistics literature has developed alternative concepts, such as S-values
[110] and E-values [I11], 112] 113], to overcome such a practical issue. However, revisiting adaptive
hypothesis testing using such sounder notions is subject to active research. Now to compare various
bandit, RL, or recommendation strategies, it seems natural to use sequential DOE to stop as early as
possible and identify which strategy is best, contrasting with the statistically unreliable comparisons
often done in the deep RL literature [114]. However, optimal sequential DOE strategies usually assume
a parametric score model, whereas the distribution of performance of a learning strategy rarely meets a
classical shape. This literature could be extended to non-parametric distributions, following the recent
efforts in [102], [II5] based on sub-sampling. Besides, the rich literature on non-parametric tests [116),
117, 118, 119] often lacks the sharp finite-analysis required in the bandit analysis. Adapting it to the
sequential setup is promising but non-trivial, as it requires sharper, non-parametric concentration results.
What is also missing is a way to popularize and rapidly spread such tools in the RL community.

[L9] Explainability of RL companions: Explainability has received increasing attention in ma-
chine learning over the last few years [120, 121], including in RL [122]. Beyond explainability of the
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algorithms and learning process, prediction of effects or counter-effects has been considered [123]. Predic-
tion of trajectories in an stochastic dynamical system requires to handle the propagation of uncertainty.
Combination of interval-prediction and confidence-region methods have been developed recently [124]
in planning of linear systems. These promising methods need to be extended to handle the non-linearity
and autonomous nature of systems considered in experimental sciences, for instance to PD-MPs.

[L10] Availability of sequential data, practitioner engagement: In both agronomy [125] and
clinical trials [126], it is acknowledged that experimentation should be significantly upscaled, hence re-
sort more to machine learning and decision companions. Moving from pure algorithms to real practical
application is known to be a tedious path [127], especially in the web-industry where many daunting
challenges are caused by the nature of the reward feedback, defined by human preference, which turns
out to be highly unreliable, non-stationary nor reproducible, changing with mood, time of the day and
many latent factors. In experimental science such as agronomy, the feedback is generated by Nature,
which limits such obstacles, however the environments are complex and actions are risky. We provided
in [128] an overview of the scarce literature and of the many challenges of applying RL to support
decision management in the field of agroecology. Agronomist often resort to decision support systems
(DSS) developed and used by agronomists over decades. However, field data is usually collected to
calibrate simulators, rather than feeding a learning agent. We have recently turned one of these simu-
lators into a sequential agronomy environment [129] following the openAl-gym approach, and released
a complementary set of stochastic agronomy-games [I30] to enable RL researchers to experiment on
some of such challenges in an open and reproducible science friendly way. While RL competitions [131]
are considered a good way to stimulate research on novel challenges, more work is required to embed
these environments in an RL competition platform and finalize their development. Furthermore, existing
simulators in agronomy are often monolithic, highly-specialized on modeling certain aspects, but partial
in modeling the various interacting entities of a real system for now. Hence, no simulated model can
realistically model the real agrosystem. On the other hand, existing recommender platforms in agronomy
focus on plant or pathogen identification [132], and there exists no open-science recommender platform
dedicated to assist experimentation in large dynamical systems including in agroecology.

IT METHODOLOGY, SCIENTIFIC PROGRAM AND MANAGEMENT

II.1 Project organization overview

At a high-level, we organize the project into three work-packages (WP) each consisting of several tasks
(T). We provide below the overview, then detail the human effort, Ganntt diagram and other activities.

TASK OVERVIEW
WP1 Unlocking RL efficiency for experimental environments (rather than games)

[T1la] Stochastic environments. [PhD1]
[T1b] Structured interactions and auxiliary information. [PhD1]
[T1lc] When to intervene, when to observe. [PhD2]
[T1d] Shifting environments and progressive learning. [PhD2, Postdocl]
WP2 Scaling-up experimentation with group-RL
[T2a] Context-goal exploration-exploitation trade-off. [PhD3, Postdoc2]
[T2b] Charting good policies across contexts. [PhD3]
[T2c] Batch coordinated exploration and joint-risk. [PhD4, Postdoc2]
WP3 Making RL companions applicable in practice
[T3a] Reliable, reusable rankings and RL coopetition. [Postdocl, Engineerl]
[T3b] Explainability of RL companions and event prediction. [PhD4, Engineerl]
[T3c] Agro-recommendation platform and practitioner engagement. [Engineer2]
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HUMAN EFFORT
PhD1 will work on tasks Tla and T1b. These are about fundamental challenges of MDPs and are more

suitable to a candidate student interested in RL theory.

PhD2 will work on tasks Tlc and T1d. These are about alternative learning models, and are also more
suitable to a candidate student interested in RL theory.

PhD3 will work on T2a and T2b. These are about contextual versions of sequential design of experiments
and hypotheses testing, and are more suitable to a candidate student interested in statistics theory.
PhD4 will work on tasks T2c and T3b. These are about batch exploration and explainability and are
more suitable to a candidate student interested in applications.

Postdocl (24months) will work on task T3a about statistically reliable rankings, both to develop the
statistical theory and assist in organizing an RL challenge using such results. He/She will also work on
T1d, about the progressive learning, especially about reliable shifting between two action representations.
The postdoc, specialized in statistics, will also collaborate with PhD2.

Postdoc 2 (24 months) will work on task T2a about contextual approaches to exploration, especially
in large MDPs, and on task T2c about batch coordinated exploration in RL, considering more realistic
environments and constraints. The postdoc, specialized in RL, will also collaborate with PhD4.
Engineer 1 (36 months) will be in charge of maintaining and improving the RL python environments
as well as creating the software infrastructure for the RL coopetition. A related task is to enrich the RL
software library with efficient implementations of novel ranking strategies and explainability methods.
Engineerl is expected to interact especially with both Postdocl and Postdoc2.

Engineer 2 (36 months) will be in charge of maintaining and developing the software platform intended
to be interfaced with practitioners. This includes developing the front-end and feedback system to
smoothly scale to many practitioners, as well as interfacing with the RL companions algorithms developed
in the project. In particular, such algorithms must feed on realistic data input and be scalable. Engineer2
is expected to interact with the whole team as well as external collaborators, especially in agroecology.

GANTT DIAGRAM OF THE PROJECT

Time

Y1

Y2

Y3

Y4

Y5

WP1
Tla
T1b
Tlc
T1d

WP2
T2a
T2b
T2c

WP3
T3a
T3b
T3c

WP1

PhD1

Ph|

D1

PhD2

2 Postdocl

P2

Ph

D3

Postdoc2

PhD3

4 Postdoc2

W

P3

Postdocl

PhiD4

OTHER ACTIVITIES
Workshop (RL Challenge): We plan to organize an RL challenge hosted in top-tier conferences of

the field, such as ICML or Neurips, on the simulated agroenvironments we have developed and made
available to the field, such as gym-DSSAT and FarmGym. We plan to host the challenge every year until
the end of the project. We will start on Yearl a simple version, using end-resources of side projects, and
will continue from Year2 considering an enriched challenge with the help of the postdocs and engineers
hired on the project, and to a lesser extent of the PhD students.

Invitations: The P.I. will organize visits of/from external collaborators every year to strengthen the
project. This includes mostly researchers outside the field RL, such as working in control of autonomous
systems and in agroecology or experimental trials.
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I1.2 Detailed work-plan

WP1 UNLOCKING RL EFFICIENCY FOR EXPERIMENTAL ENVIRONMENTS (RATHER THAN GAMES)
[T1a] Stochastic environments.
We intend to strengthen the development of RL methods for stochastic environments, extending [26]
from ergodic to generic MDPs and leveraging results from perturbation analysis [29] and higher-order
optimal control [28] to better handle the bias function hence build more effective model-based RL meth-
ods. Besides, we will continue the efforts in injecting promising bandit strategies, such as [100], [133]
both in tabular and approximate algorithms, to develop hybrid deep-bandit strategies for stochastic en-
vironments. Last, will also investigate how to extend the literature on RL in deterministic environments,
such as complex games and deterministic control tasks, to stochastic environments incorporating popular
Bayesian approaches. This research will contribute to the growing body of literature on RL in stochastic
environments and help practitioners develop methods for RL in these challenging environments.
[T1b] Structured interactions and auxiliary information.
To efficiently handle the rich diversity of interactions, we propose to investigate the problem of leveraging
auxiliary information in RL for systems with many state variables. Our focus will be on leveraging
the structure that may be known to the domain expert, such as factored, causality or combinatorial
structures, to reduce the complexity of the learning task. We will investigate open questions related
to exploiting given structure [36], such as detecting control or discovering the most influential state
variables. We will also investigate the use of expert knowledge, such as forecasts of some variables, to
improve RL performance. We will build upon preliminary studies in multi-armed bandits [43] to leverage
such information on the future evolution of some variables, and extend these methods to dynamical
systems. Our proposed methodology will include the extension of recent promising tools in mathematical
statistics for leveraging generic auxiliary expert information [45] to the sequential, active setup and to
dynamical systems. This research will contribute to the growing body of literature on leveraging auxiliary
information in RL and help practitioners improve the performance of their RL algorithms by leveraging
the available expert knowledge.
[T1c] When to intervene, when to observe.|[External collaborator: B. De Saporta (U. Montpellier)]
To investigate the problem of when to act in RL, specifically in the context of decision over time such as
when to observe or intervene. Our first focus will be on the use of models other than MDPs that better
capture time such as Piecewise Deterministic Markov Processes (PD-MPs) which model autonomous
(restless) systems subject to spontaneous or controlled jumps of dynamics. Our proposed methodology
will include the investigation of PD-MPs from a learning perspective, when the model is unknown and
learned from data. We will also investigate the problem of deciding optimal moments to observe and
build upon the related literature on sensor selection tasks and patrolling tasks, which are promising but
lack theoretical guarantees. We will also extend these methods to leverage the structure of influential
variables in PD-MPs from T1b. This research will contribute to the growing body of literature on timing
actions in RL and help practitioners to develop methods for making optimal decisions over time in RL.
[T1d] Shifting environments and progressive learning. [External collaborators: R. Ortner (U.
Leoben), J. Honda (U. Kyoto)]
To address the progressive availability of actions, for instance due to novel practices becoming available
or shared by the community, we suggest to study how to effectively refine the policy space over time
in order to maximize learning performance, while efficiently reuse past computations in a series of such
tasks. Hence, we will focus on satisficing rather than optimization criterion. To accomplish this, we will
build upon recent progress in the bandit setup for regret minimization, in online aggregation of experts
with growing actions. Besides, our proposed methodology will exploit the computational limits and lower
performance bounds of considering all possible micro-actions versus refined ones to eventually suggest
novel strategies. Along the way, we intend to contribute to the related satisficing RL theory in both
bandits and MDPs. Regarding continual learning in shifting objectives, under similar but stochastic
dynamics, we will adapt transfer knowledge techniques to revisit the exploration-exploitation challenge.
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Overall, we aim to provide a theoretical foundation that practitioners can use to guide their testing of
hypotheses and refinement of specific techniques in RL problems with a growing set of actions.

WP2 SCALING-UP EXPERIMENTATION WITH GROUP-RL
[T2a] Context-goal exploration-exploitation trade-off.
We aim to extend the literature on contextual bandits and contextual MDPs by exploring the concept of
context-goal. Specifically, we propose to investigate the problem of jointly addressing diverse objectives,
such as different risk-aversion levels, across multiple environments under the linear-context structural
assumption. To address this problem, we will revisit the exploration-exploitation trade-off to understand
how to explore in one environment to gather information that is relevant to another practitioner’s
objective, in a collectively optimal way. This can be done extending lower-bound techniques to this
problem. Besides, we will also contribute to the literature on risk-aversion in MDPs, extending our
work [73] 03] from bandits to MDPs and to the contextual case. Overall, this task will fill a gap in
the literature by providing a framework for efficiently learning from many environments with diverse
objectives tailored to the preferences of the decision-maker, and will contribute to the growing body of
research on risk-aversion in RL.
[T2b] Charting good policies across contexts.
We propose to investigate the problem of action charting in both bandit and MDP settings and develop
novel techniques for quickly identifying the contexts in which a novel action may outperform existing
best ones in a bandit setting, or may improve existing policies in an MDP setting. To accomplish this, we
will build upon recent progress in the related problem of Best-arm identification (BAI) from the bandit
community, sequential hypothesis testing, as well as contextual bandits. We will investigate the potential
of borrowing techniques developed in these fields to solve the action charting problem, including under
risk-averse objectives. Our proposed methodology will include a comparison and contrast of contextual
BAI and action charting, and a further investigation of the relationship between these two problems.
This research will develop novel strategies to enable contextual recommendation of best policies.
[T2c| Batch coordinated exploration and joint-risk. [Exertnal collaborators: S. Couture (Inrae),
E. Sabbadin (Inrae), R. Gautron (CIAT)] We propose to investigate the use of group-sequential strategies
in the context of delayed feedback in experimental design. We will build upon the rich literature on
group-sequential experimental design, which has its origins in design of experiments (DOE) theory, and
shares many links with multi-armed bandits. Our research will focus on developing novel strategies
that are optimal for the group-sequential setting, and that are accepted by practitioners in fields such
as agronomy, food security, and forest management. We will investigate the potential of adapting
modern bandit strategies to group-sequential experimentation to improve over the simple explore then
commit strategies often used in agronomy, comparing both approaches on simulated and possibly real
cases. Our proposed methodology will include an analysis of the uncertainty about the environment
and the aversion to joint risk. In particular, we will investigate the potential of combining recent
research on the topic of diversity in recommender systems with optimal bandit strategies and proper
risk-aversion analysis, to develop a joint-risk-aware RL algorithm that can allow for more efficient and safe
experimentation. Besides, we will keep regular discussions with practitioners to ensure the development
of realistic strategies. This research will contribute to the growing body of literature on batch coordinated
exploration in experimental sciences, strengthen links with practitioners and help them optimize their
experimental design in the presence of delayed feedback.

WP3 MAKING RL COMPANIONS APPLICABLE IN PRACTICE
[T3a] Reliable, reusable rankings and RL coopetition
In order to investigate the problem of reliable and reusable rankings of experimental companions, our first
focus will be on using sounder notions, such as S-values and E-values, to overcome the issues associated
with the ubiquitous use of p-values in experimental design. To overcome the challenge due to the non-
parametric nature of the distribution of performance of these strategies, we will focus on developing
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optimal SDOE strategies for non-parametric distributions, building upon recent efforts in sub-sampling
and permutation-test theory. Our research will adapt the rich literature on non-parametric tests to
the sequential setup, which requires sharper, non-parametric concentration results. This research will
contribute to the growing body of literature on reproducibility in machine learning and reinforcement
learning, and help derive sounder conclusions from comparison experiments. Our proposed methodology
will include the finalization of the development of stochastic agronomy simulators that we have recently
enabled as openAl-gym environments for RL researchers, and the development of an RL competition
platform based on these environments, at the heart of which we implement the ranking mechanism. We
will organize a workshop associated to the coopetition challenge, in ML conferences such as ICML or
Neurips. If successful, we will continue organizing it each year until the end of the project.

[T3b] Explainability of RL companions and event prediction.

To adress the challenge of explainability of RL experimental companions, our first focus will be on
developing methods for predicting effects or counter-effects of actions in stochastic dynamical systems.
We will build upon recent advances in explainability in machine learning, including in RL, and extend
these methods to handle the non-linearity and autonomous nature of the considered systems, such as
PD-MPs. We will investigate the use of interval-prediction and confidence-region methods for prediction
of trajectories in these systems, initially developed for planning in linear systems. We will explore other
approaches from explainable Al relevant to practitioners. This research will contribute to the progress
in explainable RL, and will enable the creation of a collaborative project with researchers experts in
agroecology to actually test the explainability of the RL companions in realistic use-case.

[T3c] Agro-recommendation platform and practitioner engagement. To move closer to actual
practitioner engagement, we intend to develop a recommender system platform specialized on experimen-
tal companions for agroecology. We will extend the WeGarden platform initiated in the SR4SG project
to a recommender platform eventually able to interact with practitioners, collect feedback and train RL
companions on data. We will however not collect data within the scope of StaRLux, and mainly develop
the pipeline, with flawless integration of RL companion algorithms and practitioner interface, using data
generated from our simulated agronomy environments instead of from real experiments. Meanwhile, we
will intensify our discussions with practitioners in agroecology to make the software user-friendly. This
software-development part will enable to integrate theoretical RL strategies into a realistic, open-source
recommender-system and will contribute to filling the gap between fundamental and applied research.
Besides, it will enable the preparation of collaborative projects with researchers in agroecology to test
the experiment companion via the platform on real experiments with many practitioners by the end of
the project.

11.3 Expected results and indicators of success

We list below, for each work package, the indicators of success (S) we believe are the most relevant.

INDICATORS OF SUCCESS FOR WP1

[S1la] Obtain novel sound RL strategies to interact with stochastic dynamical systems, unveil sound
principles to mix bandit and deep RL strategies and obtain reliable performances in large stochastic
MDPs, effectively handle alternative models such as for the timing of actions in autonomous systems,
incorporating novel actions into learning or adapting to changes. Solve the theoretical challenges both
with sound theory and experiments in increasingly challenging controlled environments.

[S1b] Understand exploiting domain expert knowledge such as influence structure and forecast evolu-
tion, both theoretically and experimentally on moderately complex systems, and handle examples from
actual practitioners. Unveil novel methods and theory for active discovery and observation of influential
variables in uncertain dynamical systems, able to operate efficiently on complex simulated environment.
[S1c| Theoretical developments that yield RL strategies able to provide reliable advice under sufficiently
realistic practitioners conditions to envisage comparison with and adoption from practitioners.
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INDICATORS OF SUCCESS FOR WP2
[S2a] Significant development of the theory of sequential DOE and hypothesis testing, especially regard-
ing both contextual and group-sequential aspects in dynamical systems, with sound guarantees.
[S2b] Obtain beneficial comparison of novel experimentation strategies against practitioners’ on complex
simulators, including when considering risk and group risk aversion.
[S2c] Spread our results beyond the community of RL researchers and be convincing enough that agroe-
cology researchers start using our group-RL approach. This would be a critical indicator of success.

INDICATORS OF SUCCESS FOR WP3
[S3a] Derive novel sound adaptive testing procedures to strengthen reproducibility and sound comparison
in RL, release them in an open-source ranking system and test and diffuse them in an RL challenge using
simulated agronomic games.
[S3b] Unveil novel explainability techniques in dynamical systems, suitable for large stochastic, possibly
non-linear systems, that we can demonstrate in complex simulated environments to practitioners and
that are validated by practitioners.
[S3c| Progressively populate a catalogue of real practices and actions, from repeated discussion and
interactions with practitioners, that we can integrate to the software recommendation platform and can
be effectively used by RL algorithms. Successfully run an RL strategy over real practices in a simulated
environment under realistic conditions, that improves over practitioners policy, and shows convincing
elements of explainability.
[S3d] Interface the agrosimulators (e.g. DSSAT) with the experimentation recommendation platform to
enable planning and explainability. Based on the successes of StaRLux, enable a collaborative project
with agronomy researchers in which they test the recommendation platform in actual experiments.

II.4 Risk and impact
We conclude this document by discussing the main risks (R) and impact (I) identified for StaRLux.

RISKS AND MITIGATION

[R1] Execution risks. The execution risks are high due to the ambitious scientific challenges, and the
technical difficulties to be overcome and innovative ways that should be brought to solve them. Several
elements mitigate this risk: first allocating enough resource and time to well-identified bottlenecks, then
the knowledge of the existing literature and recorded contributions to the state-of-the-art of the field.
This will be complemented by hiring postdoctoral fellows with complementary expertise, and by engaging
with specific collaborators outside the expertise of the PI. This includes for instance B. De Saporta (U.
Montpellier) on PD-MPs, R. Gautron (CIAT) and K. Naudin (CIRAD) on agronomy practices, and S.
Auzoux (CIRAD) on record of experimental data in agriculture. Besides, in case we remark that one
intended approach needs to be modified, we can easily consider adapting the research plan inside a task
without hindering much the progress on most other tasks.

[R2] Human effort risks. As the project involves 8 persons to be hired, there is a significant risk
in terms of human effort. To mitigate them, we will first allocate enough time for screening, especially
engineers that will be the backbone of WP3 and the postdoctoral fellows. Besides, the PI is regularly
contacted by candidates worldwide to start PhD or Postdoc, and we also count on the topic, that,
compared to what is proposed by the industry, is both original, sensible and aligned with ethical concerns
regarding A.L. for good and environmental concerns, hence has a real potential to attract talented and
motivated candidates. Moreover, the PI is experienced with managing and organizing research projects,
nurturing PhDs including in their life questioning, and benefits from the unique infrastructure provided
by Inria and especially Inria auxiliary services to research.

[R3] Data and practitioner impact risks. Machine learning and Reinforcement Learning are usually
considered data intensive consumers, further, practitioner fields such as health care or agroecology do
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not communicate much with RL researchers, hence there is a real risk that the projects stops for lack of
data or that its results stay confidential to the RL community. To mitigate this, we note that this project
is about the methodology of RL and sequential experimentation, not on a posteriori analysis of collected
data. Hence no novel sample will need to be collected within the scope of the project. Rather, we will
resort to simulators used in agronomy and converted into RL environments (such as gym-DSSAT) or
inspired from such, to train and develop most of the novel approaches. We will integrate real practices
that are available in publications and by discussions with specific researchers known by the PI (e.g.
at CIRAD and INRAE). Moreover, our results will be made available following an open-science and
open-code methodology, advertised not only in RL conferences but also in complementary agronomy
journals. To complement, the RL challenge will bring significant visibility to experimental sciences in
the RL community and the platform will provide ready-to-use RL strategies for practitioners. Last,
the PI allocates 70% of his time to this project to enable time to create complementary collaborative
projects with actual practitioners in agroecology. All this should significantly improve visibility of the
project beyond the RL community and ensure it does permeate to practitioners.

IMPACT

[I1] Research in RL and statistics. The StaRLux project is expected to have significant impact
on the field of RL and sequential statistics, by unlocking challenges, bringing innovative challenging
environments to the community, and combining approaches, such as coming from bandit theory and
deep-learning, or contextual learning and hypothesis testing. We expect answering these challenges will
in turn open novel questions paving the way towards reproducible and reliable A.I. in real-world contexts.
[I2] Research in agronomy and experimental sciences. We see three ways in which StaRLux
may impact research in experimental sciences. First, on the short-term, by building sufficient visibility
and success to have researchers in such fields start using and testing our methodology based on our
publications and open-source code. Then, by creating joint projects especially with researchers in agroe-
cology, on the basis of the initial success of StaRLux, to further engage with this specific community on
long-run experiments. This may already start during the project. Finally, most probably after the end
of StaRLux and on the long run, by populating a group of practitioners in agroecology that actively use
and benefit from our dedicated experimentation companion platform and available RL libraries enriched
with continually improved learning strategies.

[I3] Society benefits Beyond researchers, we expect the StaRLux project to impact society and indus-
try, by reducing the “sim to real” gap, that is the difference of expectations between apparent success of
applying RL strategies in completely safe simulated tasks, and the daunting challenges of deploying RL
in real-world scenarios, under stringent uncertainty and safety conditions. This impact will be facilitated
by our open-source philosophy and by our intensive efforts in making RL applicable to agroecology for
real. By contributing to significantly closing the sim-to-real gap in such a challenging application area
as agriculture, StaRLux will open reinforcement learning to significantly more applications, including
for the industry. Beyond this, by enabling reproducible and reliable interactions with complex stochas-
tic systems focusing on personalized, risk-aware and diversity-enforcing decisions, StaRLux may also
contribute to operating a paradigm shift from hyper-control and model simplification that dominated
the 20th century to embracing personalization and complexity-awareness in an ever-evolving world. On
a more practical aspect, enabling agroecologists to understand agrosystems more efficiently and collec-
tively will directly help address societal hazards such as food security (and possibly others related to
agriculture practices), hence will benefit society at large.
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