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Summary

Designing adaptive diet and weight-control strategies requires coordinating multiple
macronutrients under delayed physiological feedback. NutriRL is a Gymnasium-compatible
benchmark environment developed to study reinforcement learning under delayed state tran-
sitions in this dietary regulation setting. The task models nutrition as a multi-dimensional
control problem in which an agent sequentially selects foods to maintain hidden target levels
of carbohydrates, fats, and proteins. Each action produces delayed and gradual changes to
an internal nutritional state, and these effects overlap and accumulate over time, so rewards
depend on past decisions across extended horizons. Unlike common RL benchmarks that re-
duce nutrition to a single calorie objective or introduce delay only at the reward level, NutriRL
embeds heterogeneous nutrient delays directly into the state dynamics, making the problem
partially observable and structurally delayed. The environment is minimal and computation-
ally efficient, enabling systematic study of temporal credit assignment under multi-channel
delayed dynamics. Empirically, the benchmark reveals distinct sensitivity patterns across rep-
resentative value-based and policy-gradient methods as delay severity increases, highlighting
the structural impact of delayed state evolution, and we further evaluate a GRU-based recur-
rent policy to examine whether temporal memory mitigates delay-induced credit assignment
challenges. NutriRL thus provides a controlled testbed for adaptive, multi-macronutrient diet
control under delayed physiological effects.

Contribution(s)

1. We introduce a Gymnasium-compatible benchmark that models multi-macronutrient di-

etary regulation as a partially observable control problem with delayed and irreversible state
transitions embedded directly in the dynamics.
Context: Unlike standard fully observed RL benchmarks in games and control (Mnih et al.,
2015; Todorov et al., 2012) and prior reward- or observation-delay formulations (Liotet,
2023), this environment isolates structural transition delay within a minimal benchmarking
setting.

2. We conduct a controlled delay-regime study that varies only the mean delay and the tempo-
ral spread of nutrient-specific absorption delays, while holding the reward structure, hori-
zon, architectures, and training budgets fixed.

Context: This design enables attribution of performance differences specifically to delayed
transition dynamics (Dulac-Arnold et al., 2019).

3. We provide baseline evaluations across representative value-based and policy-gradient
methods, to characterize algorithmic sensitivity to delayed transition dynamics, and evalu-
ate a GRU-based recurrent policy to test whether temporal memory mitigates delay-induced
credit assignment challenges.

Context: The evaluated methods are widely used in deep RL and conclusions are limited
to the tested configurations.

4. We propose a Gaussian-kernel absorption model that approximates temporally distributed
digestion dynamics in a computationally efficient manner.
Context: This phenomenological approximation avoids the complexity of full PBPK-style
differential equation models (Peters, 2021) while retaining delayed and cumulative effects.



NutriRL: A Benchmark for Nutritional Regulation under Delayed State Transitions

NutriRL: A Benchmark for Nutritional Regulation
under Delayed State Transitions

Aniket Khan' T, Charitha Palika> ', V. Srinivasa Chakravarthy?

aniketkhan2003@gmail.com, charithapalika@gmail.com,
schakra@ee.iitm.ac.in

! Alumnus, Department of Mechanical Engineering, Indian Institute of Technology Madras

2PhD scholar, Department of Biotechnology, Indian Institute of Technology Madras

3Professor (Corresponding Author), Department of Biotechnology, Indian Institute of Technology
Madras

tEqual contribution

Abstract

We introduce NutriRL, a Gymnasium-compatible benchmark for homeostatic reinforce-
ment learning under delayed state transitions, where the objective is to maintain cumu-
lative levels of carbohydrates, fats, and proteins near a target nutritional balance over
time. The environment models dietary regulation as a partially observable control prob-
lem in which each action produces delayed and gradual changes to an underlying nutri-
tional state. These changes overlap and accumulate irreversibly, so rewards depend on
state updates induced by past decisions across extended horizons. NutriRL is motivated
by biological regulation in healthcare, where food intake produces delayed internal re-
sponses and effective diet control requires coordinating multiple macronutrients rather
than matching aggregate caloric intake. Unlike common reinforcement learning for-
mulations that reduce nutrition to scalar energy balancing or introduce delay only at
the reward level, NutriRL embeds heterogeneous nutrient delays within state evolution
itself. The agent must continuously regulate intake toward a hidden macronutrient tar-
get while avoiding overshoot, reflecting safety-sensitive control. Across representative
value-based and policy-gradient methods, the benchmark reveals distinct sensitivity pat-
terns as delay severity increases, along with a GRU-based recurrent policy to examine
whether temporal memory mitigates delay-induced credit assignment challenges, illus-
trating how delayed transition dynamics influence learning stability and credit propaga-
tion. By isolating structural delay within a minimal, standardized, and computationally
efficient model, NutriRL provides a reproducible testbed for evaluating temporal credit
assignment under multi-channel delayed transition dynamics.

1 Introduction

Reinforcement Learning (RL) has achieved transformative success in domains characterized by full
observability and well-defined Markovian dynamics, such as deterministic board games including
Go and Chess (Silver et al., 2016; 2017), as well as in simulated robotic control and physics-based
continuous control environments (Kober et al., 2013; Todorov et al., 2012). In these environments,
the current state typically contains all information necessary for optimal decision-making, and errors
can often be corrected or “undone” through subsequent actions.

In contrast, physiological control and medical decision-making (Gottesman et al., 2019) violate
these structural assumptions. The effects of actions unfold gradually through latent biological pro-
cesses, so the observable state does not fully reflect recently executed decisions. For example, nu-
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trient intake or medication initiates internal dynamics such as digestion, absorption, and metabolic
conversion, which induce temporally distributed state transitions (Pires, 2017; Chudtong & De Gae-
tano, 2021; Santillan, 2025).

For example, after consuming a meal, the sensation of satiety does not arise immediately because
nutrient absorption occurs gradually (Rakha et al., 2022; Tremblay & Bellisle, 2015; Garutti et al.,
2025; Pino Santana et al., 2025). If additional food is consumed before the effects of the initial
intake are reflected in the physiological state, cuamulative intake may exceed the desired nutritional
target and cannot be immediately corrected (Miquel-Kergoat et al., 2015).

Consequently, the system becomes partially observed and temporally coupled, and deviations cannot
be immediately corrected once accumulation occurs. Physiological regulation therefore constitutes a
predictive control problem in which actions must be selected based on anticipated future trajectories
rather than instantaneous feedback.

Despite these properties, prior work in nutritional and health-related reinforcement learning often
models such domains as standard Markov Decision Processes (Liu et al., 2022; Yu et al., 2021; Yang
et al., 2017; Keramati & Gutkin, 2014; Chakravarthy et al., 2018), assuming fully observed states
and near-instantaneous action effects. Many formulations reduce dietary optimization to aggregate
energy balance, treating caloric intake as the primary control variable. This collapses heterogeneous
nutrient dynamics into a single energy-based objective, whereas optimal diet and body weight reg-
ulation requires simultaneous control over multiple nutrient targets with distinct temporal profiles
and interactions (Benton & Young, 2017; Hall et al., 2022; Theodorakis et al., 2024; Raubenheimer
& Simpson, 2016). Consequently, the structural challenges introduced by delayed, multi-timescale
nutrient dynamics are removed, and the learning problem is simplified to resemble fully observed,
single-target control settings commonly used in reinforcement learning benchmarks (Dulac-Arnold
etal., 2019).

To address this gap, we introduce NutriRL, a biologically inspired Gymnasium environment that
embeds delayed absorption directly into the state transition dynamics. The objective is to optimize
dietary decisions by regulating multiple macronutrient levels toward predefined nutritional targets
under delayed and irreversible dynamics. The environment models three primary macronutrients,
carbohydrates, fats, and proteins, whose effects unfold over heterogeneous time scales. Nutrient
intake affects future states through delayed absorption, linking past actions to later physiological
outcomes and requiring the agent to anticipate future effects.

NutriRL exposes four core challenges: (1) latent digestion backlogs, where absorbed nutrients are
not directly observable; (2) irreversible accumulation, since nutrients cannot be actively removed
once absorbed; (3) heterogeneous multi-channel delays, as different macronutrients evolve over
distinct time scales; and (4) temporal credit assignment under delayed transitions, because ac-
tions influence the state only after a lag. Together, these properties define a delayed, multi-target
control problem that differs structurally from standard reinforcement learning benchmarks.

To isolate the effects of delayed state transitions as cleanly as possible, NutriRL adopts a simplified
binary action space in which the agent decides whether to consume or skip the currently presented
food item. In addition, all episodes are generated using the same underlying nutrient absorption
model and delay parameterization, rather than introducing inter-individual variability in metabolic
or digestive processes. These design choices intentionally reduce confounding factors arising from
combinatorial food selection and heterogeneous physiological responses, enabling controlled study
of temporal credit assignment under delayed transition dynamics. Consequently, performance dif-
ferences can be more directly attributed to the challenges introduced by delayed state evolution.
Future extensions of the benchmark may incorporate richer action spaces, larger food repertoires,
and personalized physiological parameters while retaining the delayed-transition framework.

Although NutriRL is not intended as a clinically validated dietary simulator, it abstracts key struc-
tural properties encountered in practical nutritional decision-making, including long-term diet plan-
ning, weight-management interventions, nutritional rehabilitation, and adaptive meal recommen-



NutriRL: A Benchmark for Nutritional Regulation under Delayed State Transitions

dation systems. In these settings, physiological responses emerge gradually and are only partially
observable, making delayed state evolution a central challenge for sequential decision-making.

2 Related Work

2.1 Temporal Credit Assignment under Delayed Transitions

Delayed feedback in reinforcement learning is commonly studied in the context of reward delay,
where evaluative signals are withheld for several steps and must be attributed to earlier actions (Han
et al., 2022). While these formulations emphasize temporal credit assignment, they typically assume
that the underlying state transitions remain immediate and fully observed.

More challenging settings arise when delay is embedded directly in the transition dynamics or obser-
vation process, such that the consequences of an action are not immediately reflected in the perceived
state (Karamzade et al., 2024; Liotet, 2023). In these cases, the agent must associate actions with
outcomes that emerge only after intermediate transitions, increasing the horizon over which credit
must be propagated. Although mechanisms such as eligibility traces (Sutton, 1988) can mitigate
short-term delay, their effectiveness diminishes as the temporal gap between action and observable
consequence grows.

Despite formal treatments of delayed rewards and observations, most benchmarks implement delay
through fixed offsets or artificial reward withholding rather than modeling gradual, process-driven
delay in state evolution. As a result, the structural impact of temporally distributed transitions on
learning dynamics remains underexplored.

2.2 Reinforcement Learning in Healthcare and Nutrition

Applying RL to physiological domains requires navigating high-stakes environments with signif-
icant uncertainty. Existing literature in nutritional RL frequently simplifies the problem by opti-
mizing for scalarized objectives, such as total caloric targets or generalized user preference scores
(Tsolakidis et al., 2024; Mavrokotas et al., 2025). While these models incorporate recommendation
logic, they often overlook the complex, multi-channel kinetics of macronutrient metabolism, which
results in a temporally distributed nutrient absorption (Zimmerman et al., 2025; van Aken, 2024).
In broader medical contexts, RL has been applied to blood glucose regulation and sepsis treatment
(Emerson et al., 2023; Choudhary et al., 2024; Symeonidis et al., 2025); however, these approaches
typically do not explicitly model temporal delays within the underlying state dynamics.

A related line of work considers physiological control tasks with prolonged action effects, where in-
terventions influence future states over extended time horizons. Such settings have been explored in
RL-based physiological regulation and highlight the challenges of temporal credit assignment when
action consequences unfold gradually rather than instantaneously (Basu et al., 2023). While these
environments exhibit delayed physiological responses, they are typically designed around specific
clinical control objectives rather than as general-purpose benchmarks for systematically studying
delayed state transitions.

Physiological simulators such as the UVA/Padova Type 1 Diabetes simulator have been widely used
for evaluating control algorithms under delayed glucose-insulin dynamics (Man et al., 2014). How-
ever, these simulators primarily focus on single-channel glucose regulation within disease-specific
physiological models. In contrast, NutriRL is designed as a lightweight benchmark environment for
reinforcement learning research, emphasizing multi-channel nutrient regulation with heterogeneous
delayed absorption dynamics and controlled scaling of delay parameters. The goal is not physi-
ological fidelity comparable to clinical simulators, but rather reproducible evaluation of learning
under delayed transition dynamics. However, many of these applications rely on domain-specific
simulators that do not explicitly isolate the structural impact of delayed state evolution on learning
behavior.
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2.3 Abstraction of Physiological Dynamics

Detailed physiological modeling frequently employs Physiologically-Based Pharmacokinetic
(PBPK) systems, which use systems of differential equations to track substance concentrations
across organ compartments (Jones et al., 2015; Peters, 2021; Kuepfer et al., 2016). Although bi-
ologically grounded, PBPK models are computationally intensive and difficult to integrate into the
large number of environment interactions required for deep reinforcement learning. At the oppo-
site extreme, many reinforcement learning benchmarks introduce delay through fixed reward offsets
without modifying the underlying transition process. Between these approaches, phenomenologi-
cal models such as Gaussian convolution kernels provide a tractable alternative by approximating
the temporal signature of absorption dynamics without full kinetic simulation (Chung & Tappen-
den, 2024; Rumessen & Gudmand-Hgyer, 1986). Such models retain temporally distributed state
evolution while remaining computationally efficient yet realistic with iterative learning.

2.4 Safety and Irreversibility

Safe reinforcement learning traditionally focuses on avoiding predefined constraint violations in
state space (Garcia & Ferndndez, 2015). Methods such as Constrained Policy Optimization (CPO)
(Achiam et al., 2017) enforce safety by restricting policy updates to remain within feasible regions.
A distinct challenge arises in monotonic systems where certain actions produce irreversible accu-
mulation. In homeostatic regulation problems, excessive nutrient or medication intake cannot be
actively reversed once initiated. Under delayed transitions, the risk lies not only in constraint viola-
tion but in cumulative over-commitment before consequences become observable. This highlights
the link between safe RL and long-term credit assignment, where individually safe actions can ac-
cumulate over time and collectively lead to system failure (Dulac-Arnold et al., 2019).

3 Environment Design

NutriRL is formalized as a finite-horizon partially observable Markov decision process (POMDP)
specified by the tuple P = (S, A, O, T,Q,r, po,7, H), where S denotes the latent state space, A
the action space, and O the observation space. The reward function is givenby r : S x A — R.
The transition operator 7 : S x A — A(S) defines a distribution over next states, where A(S)
denotes the set of probability distributions over S. The observation model 2 : S — A(O) specifies
a distribution over observations conditioned on the current latent state. The initial state distribution
is given by po € A(S), the discount factor is v € (0,1), and H € N denotes the finite planning
horizon.

The objective is to learn a policy 7 (a; | h¢), where the interaction history is h; = (0o, ag, . .., 0¢),

that maximizes the expected discounted return E [ZtH: 61 ~ver(se, ae)|.

Latent state: The latent environment state at time ¢ is defined as s; = (s¢, Dy, 4;), where s; =
(Cy, Fy, PT € R, represents the cumulative absorbed carbohydrates, fats, and proteins, forming a
continuous and monotonically increasing physiological state due to absorption-only dynamics. The
component D, is a finite multiset of active digestion processes initiated by prior consumption, each
specifying a future nutrient absorption schedule that contributes to subsequent updates of s;, while
it € {1,..., N} denotes the currently presented food item, which is exogenous and not controlled

by the agent.

Observation: At each time step, the agent observes o; = (s;, e(i;)), where e(i;) € R is a fixed
embedding of the presented food item. The digestion backlog D; and the target nutritional state are
unobserved, resulting in partial observability, since a given observation may correspond to multiple
underlying digestion histories. Consequently, observations alone do not uniquely determine future
state transitions, leading to distinct future nutrient absorption trajectories.
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Action space: The action space is binary, A = {0, 1}, corresponding to skipping or consuming the
currently presented food item. Food availability is exogenous and uncontrollable, reflecting dietary
settings in which action selection is constrained by externally presented options. Food items are
drawn from a fixed catalog, where each item is associated with a fixed nutrient composition and
a consistent identity across episodes. In the current benchmark implementation, the food catalog
consists of 10 distinct food items selected to provide diverse macronutrient compositions while
maintaining a controlled experimental setting. The environment itself is fully parameterized and can
accommodate larger food catalogs without modification. Food embeddings and item indices remain
fixed throughout training and evaluation. At each time step, a food item is sampled uniformly
at random from the catalog and presented to the agent, generating diverse nutritional trajectories
while preserving the underlying food definitions. Consequently, the agent must learn a policy that
generalizes across varying food presentations rather than memorizing fixed food sequences. This
design isolates the effects of delayed state transitions while avoiding additional confounding factors
arising from combinatorial food selection.

Environmental Dynamics: Consider a food item 7 consumed at time ¢, (i.e., action a;, = 1).
Each food item is associated with its own nutrient absorption profile, reflecting physiological differ-
ences in how nutrients are digested and absorbed over time. In particular, some foods exhibit rapid
absorption with short delays and narrow temporal spread, while others are digested more slowly, re-
sulting in longer delays and broader absorption windows. Moreover, different macronutrients exhibit
distinct intrinsic absorption dynamics: carbohydrates are typically absorbed rapidly with relatively
short delays, whereas fats and proteins are digested and absorbed more gradually, leading to broader
temporal spreads. For example, simple carbohydrates such as glucose-rich foods induce sharp and
early absorption peaks, while high-fat meals delay gastric emptying and extend nutrient absorption
over longer periods. Similarly, protein digestion involves breakdown prior to absorption, resulting
in intermediate, yet temporally distributed, uptake. Consequently, the overall absorption profile of
a food item depends jointly on its macronutrient composition and the nutrient-specific digestion
kinetics, motivating food- and nutrient-specific delayed absorption kernels.

To capture these food- and nutrient-specific absorption dynamics, each macronutrient n € {C, F, P}
in food item ¢ is assumed to contribute to the physiological state through a delayed and temporally
distributed absorption process. This process is modeled using a Gaussian parameterization, where

the mean delay TT(LZ) represents the characteristic onset time of digestion following consumption, and

the variance (off))Z controls the temporal spread of nutrient uptake around this onset. This choice
provides a smooth and unimodal approximation of nutrient digestion dynamics while remaining
analytically simple and computationally tractable. Formally, the absorption schedule for nutrient n

from food item ¢ is given by

t(tot (D)) 2
eXp(‘é((osf ') )

K{D(t) = , L Asp(t) = ma (i) KO (1). 1)
tetHY WECN
E (4 ()

u=t.+1 n

where m., (i) denotes the total amount of nutrient n contained in food item 4, and the normalization

o
ensures that Zi;tf:l K ,(f)(t) = 1. The discrete truncation horizon is given by

19 = [600).
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The continuous absorption schedules are discretized over environment time steps, and the physio-
logical state evolves as the superposition of all active digestion processes as follows

Asd (1)
seer=se+ Y |AsP ()] @)
B |as

where each j € D, corresponds to a previously consumed food item whose absorption process
remains active at time ¢.

Note that the physiological state s; evolves irreversibly, as cumulative nutrient absorption is
non-decreasing and any excess intake beyond the target nutritional state cannot be undone by future
actions.

Reward: The agent is rewarded for making progress toward a predefined nutritional target, which
is fixed by the environment but hidden from the agent. At each time step, the reward is primarily a
function of the distance between the current physiological state s; and the target state T, encouraging
actions that reduce this distance over time. Specifically, the agent receives reward when it moves
closer to the target, Let the distance to the target be defined as d; = ||s; — T'||;. Progress is measured
by the reduction in this distance, Ad; = d;_; — d;. In addition to progress-based rewards, a
comfort term penalizes deviation from the target using a smooth, saturating function of the distance
dy, encouraging the agent to remain near the target once reached and smoothly diminishing as the
agent moves farther away. Finally, an overshoot penalty discourages excessive intake beyond the
target nutritional state, penalizing elementwise positive deviations beyond the target, defined as
e; = max(0,s; — T).

The relative importance of progress, comfort, and overshoot avoidance is controlled by the coeffi-
cients \p, A¢, and \,, respectively.

di = [|s¢ — T[1, 3)

d
re = Ap(dic1 —di) — e tanh<t> - X tanh(”max(&st — T) H;) . )

Te
The complete step-by-step environment dynamics are provided in Algorithm 1 in the supplemen-

tary material, detailing the delayed absorption updates, digestion backlog management, and reward
computation.

3.1 Benchmark Design Principles

NutriRL is constructed according to four design criteria: (1) structural isolation of delayed state
transitions; (2) parametric controllability of delay mean and variance; (3) computational tractability
for large-scale training; and (4) compatibility with standard Gymnasium interfaces. These princi-
ples ensure reproducibility and facilitate fair cross-algorithm comparison under delayed transition
dynamics. To preserve interpretability of benchmark outcomes, the current version intentionally em-
ploys a simplified action space and a single nominal physiological configuration, allowing delayed
transition dynamics to be isolated from additional sources of variability.

4 Standardized Delay Regime Protocol

To evaluate RL algorithms under delayed physiological consequences, we conduct controlled exper-
iments in which only the statistical properties of nutrient absorption delays are varied, while all other
environmental and training components remain fixed. Specifically, we analyze performance under
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progressively increasing delay magnitudes and under two distinct levels of temporal dispersion. By
isolating delay in this manner, performance differences can be attributed directly to delayed tran-
sition dynamics, enabling controlled cross-algorithm comparison under a standardized evaluation
protocol. The detailed description of delays and temporal spreads used is described in the following
section.

Across all experiments, the agent performs multi-nutrient regulation over carbohydrates, fats, and
proteins. The toxicity penalty remains active (A, > 0), introducing irreversible cost for excessive
intake and preserving asymmetric consequences of overconsumption. Reward coefficients are fixed
across all configurations to maintain identical optimization objectives. The episode horizon is de-
fined as H = 50, representing a 24-hour duration where each discrete time step At ~ 30 minutes,
and the stochastic food presentation distribution is identical across experiments. Furthermore, neural
network architectures and training budgets are matched across algorithms to ensure fair comparison.
By holding these factors constant, we guarantee that the only experimental variation arises from
delay statistics.

4.1 Delay Regimes

To systematically vary nutrient absorption dynamics, we construct seven distinct datasets corre-
sponding to Run O through Run 6. Run 0 serves as a baseline configuration with no absorption
delay. For the delayed settings, we introduce progressively increasing mean absorption delays for
carbohydrates, proteins, and fats, organized into three regimes: Low, Medium, and Long. These
regimes represent increasing temporal scales of nutrient absorption. Within each delay regime, we
define two temporal spread configurations, yielding a total of six delayed runs. The temporal spread
is specified relative to the corresponding mean delay. In the low spread configuration, the standard
deviation is defined as 20 to 30 % of the mean delay, resulting in more concentrated absorption pro-
files. In the high spread configuration, the standard deviation is defined as 50 to 70 % of the mean
delay, producing broader absorption windows and increased temporal overlap across nutrients. De-
lay values are expressed in environment steps, where one step corresponds to approximately 30
minutes. The complete parameter specification for each run is provided in Table 1.

Table 1: Experimental Design: Mean Delays and Temporal Spread Across Runs

Run Description TC TP TF oc op oF

Run 0 Baseline (no delay) 0 0 0 0 0 0

Run1 Low delay, low tempo- [4,5] [5,6] [6,7] [0.8,1.5] [1.0,1.8] [1.2,2.1]

ral spread

Run2 Low delay, high tem- [4,5]  [56]  [6,7] [2.0,35] [2.5,42] [3.0,4.9]

poral spread

Run3 Medium delay, low [6,8] [8,10] [10,12] [1.2,2.4] [1.6,3.0] [2.0, 3.6]

temporal spread

Run4 Medium delay, high [6,8] [8,10] [10,12] [3.0,5.6] [4.0,7.0] [5.0, 8.4]

temporal spread

Run5 Long delay, low tem- [10,12] [14,16] [18,20] [2.0,3.6] [2.8,4.8] [3.6, 6.0]

poral spread

Run 6 Long delay, high tem- [10,12] [14,16] [18,20] [5.0,8.4] [7.0,11.2] [9.0,14.0]

poral spread
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5 Benchmark Algorithms

To evaluate NutriRL and how delayed and partially irreversible dynamics influence learning, we
benchmark representative RL algorithms that span key design dimensions: value-based vs. policy-
based optimization and on-policy vs. off-policy learning. This selection provides representative
baselines spanning key algorithmic design axes, enabling comparative evaluation under delayed
absorption and irreversible state evolution.

We evaluate the following algorithms:

* DDQN (Van Hasselt et al., 2016): An off-policy, value-based method relying on temporal-
difference bootstrapping and target networks for stable value estimation. Its dependence on boot-
strapped value targets makes it sensitive to delayed reward propagation.

* MC (Schulman et al., 2015): An on-policy Monte Carlo policy-gradient method using generalized
advantage estimation (GAE). By reducing bootstrapping bias, it provides a contrast in how delayed
effects are integrated into policy updates.

* PPO (Schulman et al., 2017): An on-policy policy-gradient algorithm with clipped surrogate up-
dates for stability, augmented with GAE. PPO represents a widely adopted baseline for continuous
control and stochastic environments.

* SAC (Haarnoja et al., 2018): An off-policy actor—critic algorithm incorporating entropy regular-
ization to encourage exploration and robustness under stochastic dynamics.

Returns

W

=}
’é
Returns

W

=}

=
“ =

Baseline
b R ~n T -0 1
M By R : . , : : : , ’ .
@ l. 'J"‘ -Y' ' c“’" 0 2000 4000 0 2000 4000 0 2000 4000
E =20 Training Episodes Training Episodes Training Episodes
3
= —40 0 Run 2 0- Run 4 0 Run 6

0 2000 4000
Training Episodes

Returns
W
>

—

=
=
=

Returns
W
>

: :

Returns
W
>

=

g“_

i
oo WY \\J‘ —401 " \‘rP 40
0 2000 4000 0 2000 4000 0 2000 4000
Training Episodes Training Episodes Training Episodes
MC —— DDQN — PPO SAC

Figure 1: The figure shows the returns per episode during training across all experimental runs. MC
and PPO maintain relatively stable adaptation, DDQN shows increased variability, and SAC exhibits
strong sensitivity to delayed dynamics.

6 Results

All algorithms are trained under identical architectural and computational budgets to ensure that
performance differences reflect algorithmic design rather than implementation asymmetries, and
hyperparameters are selected to achieve the best possible results under these controlled conditions.
For each baseline, hyperparameters were selected through preliminary tuning aimed at achieving
stable convergence while maintaining comparable training budgets across algorithms. The final
configurations were then fixed and used for all delay-regime experiments to ensure consistency of
evaluation. All algorithms are trained for 5000 episodes with a fixed horizon of 50 steps per episode.
Each experimental run is evaluated across five independent random seeds to account for variability
in training dynamics. To evaluate the learned policies, five episodes per seed are executed, and the
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results are averaged across seeds. We record four primary metrics: the average episodic return, the
average number of foods consumed per episode, the final distance to the target nutritional state at
the end of the episode, and the frequency of overshoot events reflecting excessive nutrient intake.
Run 0 corresponds to the no-delay baseline. Runs 1-2, 3—4, and 5-6 correspond to increasing delay
mean (Levels 1-3), with each pair differing only in temporal spread (low versus high variance).

6.1 Training Dynamics Under Increasing Delay

Training returns across all runs are shown in Fig. 1, while the corresponding food consumption
curves are shown in Fig. 2. The dashed horizontal line in the return plots denotes the best empirical
return achieved. The theoretical upper bound is 7y,,x = 0, achieved when the agent perfectly
minimizes the distance-to-target objective, eliminating all deviation penalties. In practice, this bound
is unattainable. Under a finite horizon (H = 50), cumulative regret cannot be zero because delayed
absorption requires time to influence the state. In addition, food items correspond to fixed, discrete
nutrient vectors in a three-dimensional space, and the agent can only move via additive, irreversible
transitions, making exact alignment with the target generally infeasible.

In the no-delay baseline (Run 0), all algorithms learn the task effectively and converge toward a
stable optimum, as the state transitions immediately reflect the consequences of each action. MC and
PPO converge rapidly to near-optimal returns, with learning curves stabilizing early and exhibiting
low variance across seeds. SAC also achieves competitive final returns under this regime, and its
policy entropy decreases steadily during training, indicating stable convergence toward a consistent
action strategy. DDQN improves more gradually and exhibits larger fluctuations, but ultimately
learns a functional policy. The corresponding food consumption curves show a sharp decrease during
early training for all methods, followed by stabilization at approximately 3—5 food selections per
episode. This intake range is sufficient to maintain minimal homeostatic distance while avoiding
overshoot. The convergence of both return and consumption to stable levels indicates that, in the
absence of delayed state updates, the credit assignment problem is straightforward and all algorithms
are able to learn an effective control policy.

Introducing a small delay reveals distinct policy adaptation patterns across algorithms. At smaller
delays (Runs 1-2), MC and PPO remain near-optimal, although their asymptotic return decreases
relative to Run 0. Food consumption increases slightly compared to baseline, indicating compen-
sation for delayed nutrient realization, though the magnitude of this increase is modest and does
not represent a significant deviation from baseline behavior. In contrast, SAC exhibits strong sen-
sitivity to delayed state realization even at this smallest delay. Returns remain substantially below
baseline and do not recover during training. Notably, entropy remains high under delayed condi-
tions, suggesting that the policy fails to reduce exploration and does not converge to a stable control
strategy. DDQN exhibits increased volatility, with several runs displaying substantial mid-training
performance drops; however, despite these instabilities, the agent eventually recovers and converges
to a reasonable policy, albeit with higher variance than the policy-gradient methods.

At medium delays (Runs 3—4), the control problem becomes more anticipatory relative to Runs 1-2.
For both MC and PPO, the total returns achieved are lower than those obtained under small delays,
indicating a further but modest degradation. DDQN behaves similarly to Runs 1-2: it continues to
show fluctuations during training, yet it is still able to learn a workable policy. In contrast, SAC does
not show meaningful learning under these conditions and remains at low return levels throughout
training.

At large delays (Runs 5-6), the environment requires increasingly long-horizon anticipation across
algorithms. Both MC and PPO show slightly higher variability during training and achieve lower
final returns compared to the small and medium delay settings. Food consumption increases for
MC, contributing to higher overshoot, while PPO also experiences reduced reward alongside more
unstable behavior. DDQN does not recover stable performance and remains inconsistent throughout
training. SAC maintains low performance across both runs without clear recovery. Across all delay
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Figure 2: Average number of foods consumed per episode during training across delay regimes
(Run 0-6). Shaded regions denote standard error across five seeds. Increased delay leads to higher
consumption variability and greater overshoot for most algorithms. MC and PPO exhibit gradual
increases in intake under larger delays, while SAC converges to persistently high consumption under
all delayed settings.

regimes, differences between low and high temporal spread within each pair remain small, indicating
that the delay mean is the primary factor influencing performance.

Overall, increasing delay shifts the task toward longer-horizon predictive regulation, producing dis-
tinct learning dynamics across algorithms; notably, SAC demonstrates pronounced sensitivity even
at small delays, with limited recovery as delay magnitude increases.

6.2 Fixed-Policy Inference Across Delay Regimes

We evaluate the learned policies across all delay regimes. The aggregated inference metrics are
shown in Fig. 3, including reward, distance-to-target, foods consumed, and overshoot ratio.

The MC agent shows a gradual degradation in performance as the delay mean increases. In Run 0,
it achieves the highest reward and the lowest distance-to-target. As the delay increases from small
to large, food consumption rises almost monotonically. This increased intake results in greater
overshooting, which in turn leads to higher distance-to-target values.

PPO exhibits similar baseline behavior as MC but greater sensitivity to regime transitions. In Runs
0-2, distance-to-target remains relatively low; however, from medium delays onward (Runs 3-6),
performance decreases further. Distance-to-target increases and the overshoot ratio becomes notice-
ably higher, exceeding that of MC at comparable delay levels. As the delay increases, particularly
under medium and large delays, PPO tends to consume more food than required relative to the target,
leading to increased overshooting. Although returns decrease with increasing delay, the degradation
remains progressive rather than abrupt.

SAC displays a consistent high-consumption regime under delay. While competitive in the baseline
regime, it converges to a near-constant high food consumption level (approximately 25 foods per
episode) across all delayed conditions. The overshoot ratio approaches 1.0 and remains effectively
independent of delay mean or variance. Distance-to-target remains elevated and reward remains low.
This suggests that SAC does not effectively adapt its policy to delayed credit assignment under the
tested configuration.
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Figure 3: Fixed-policy inference performance across delay regimes. Panels show (A) episodic re-
ward, (B) final distance-to-target, (C) foods consumed per episode, and (D) overshoot ratio. Results
are averaged across five seeds and five evaluation episodes per seed, with shaded regions indicating
standard error. Increasing delay mean progressively shifts the benchmark toward longer-horizon
regulation regimes, while temporal spread within each regime has comparatively minor impact.

DDQN shows a clear decline in performance once delay is introduced. Similar to MC and PPO,
increasing delay leads to higher distance-to-target and reduced reward, with unstable food consump-
tion patterns across runs. The value-based estimator appears unable to propagate credit effectively
once reward is temporally displaced.

6.3 Benchmark Sensitivity Profile

Across both training and inference analyses, the benchmark exhibits three consistent sensitivity
patterns. First, increasing the delay mean systematically shifts the control problem toward longer-
horizon anticipation across all algorithms. Second, temporal spread has a comparatively minor
influence relative to the delay mean. Third, different algorithm classes exhibit distinct adaptation
patterns under moderate delay, whereas entropy-regularized actor—critic (SAC) and bootstrapped
value-based methods (DDQN) exhibit pronounced instability or invariant failure once temporal de-
coupling becomes significant.

These results characterize how the proposed environment stresses temporal credit assignment under
controlled delay scaling. Algorithms capable of stable return propagation and conservative policy
updates degrade gracefully, whereas methods relying heavily on bootstrapped value estimation or
persistent entropy regularization exhibit increased sensitivity as delay increases.

6.4 Recurrent Policy Evaluation

NutriRL is naturally modeled as a POMDP; the digestion backlog and nutritional targets remain
partially hidden. Because delayed absorption introduces latent state evolution not captured by in-
stantaneous observations, we evaluate whether recurrent architectures can help mitigate this tem-
poral decoupling. To test this, we compared the feedforward PPO agent with a GRU-PPO variant,
keeping all other hyperparameters and training budgets identical.
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Figure 4 illustrates the performance across delay regimes. In the no-delay baseline (Run 0), both
architectures achieve near-optimal performance, indicating no inherent advantage to memory when
transitions are immediate. As delay increases (Runs 3—6), GRU-PPO consistently outperforms feed-
forward PPO, achieving higher returns, lower distance-to-target, and reduced overshoot ratios. This
suggests the recurrent agent can better anticipate delayed absorption by integrating historical intake
history.

Despite these improvements, increasing delay regimes remain substantially more challenging. While
the GRU-PPO reduces overconsumption, its efficiency remains below the baseline regime, where the
agent typically consumes only 3—4 food items to reach targets, providing a useful dietary efficiency
benchmark. Even with temporal memory, the agent’s performance degrades as delay scales, high-
lighting that structural digestion delays introduce increasingly complex temporal credit assignment,
making NutriRL a useful benchmark for evaluating RL. methods under delayed physiological feed-
back.
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Figure 4: Inference performance comparison between feedforward PPO and GRU-PPO across delay
regimes. Panels show (A) episodic reward, (B) distance-to-target, (C) foods consumed per episode,
and (D) overshoot ratio. Shaded regions denote standard error across seeds. While both architectures
degrade as delay increases, GRU-PPO consistently achieves higher reward, lower distance-to-target,
and reduced overshoot under medium and long delays.

7 Discussion and Conclusion

NutriRL was designed to capture a structural property central to physiological decision-making but
largely abstracted away in standard reinforcement learning benchmarks: delayed state evolution un-
der irreversible accumulation. Our empirical characterization shows that embedding delay directly
within transition dynamics fundamentally alters the structure of the learning problem. When tran-
sitions are immediate, all evaluated algorithms converge reliably to stable optima. Once delay is
introduced, the task requires anticipatory regulation: returns decrease, distance-to-target increases,
and transient overshoot becomes more frequent. Importantly, even small delays measurably influ-
ence policy dynamics, while larger delays amplify variability and reduce achievable reward across
methods. In particular, MC and PPO exhibit gradual sensitivity to increasing delay, DDQN shows
increasing instability, and SAC demonstrates high sensitivity even under small delays. Collectively,
these findings indicate that predictive regulation under delayed accumulation introduces measurable
differences relative to standard immediate-transition benchmarks.
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The importance of this benchmark lies in its structural fidelity to physiological regulation. In real
dietary systems, intake decisions produce gradual and overlapping internal effects that cannot be in-
stantly reversed. Effective control, therefore, requires anticipating cumulative consequences rather
than reacting to immediate feedback. NutriRL captures this property in a minimal, computationally
efficient, Gymnasium-compatible framework. By embedding heterogeneous delays directly into
state evolution, the environment preserves multi-channel nutrient coupling and irreversible accumu-
lation, providing a principled testbed for studying reinforcement learning under temporally extended
dynamics.

This work focuses on isolating delayed transition dynamics within a minimal and computation-
ally efficient setting; accordingly, we employ phenomenological absorption models and standard
feedforward RL algorithms to study structural delay effects in a controlled manner. The current
benchmark also adopts a simplified binary consume/skip action space and a shared nutrient absorp-
tion model across all episodes, intentionally reducing variability from combinatorial food selection
and inter-individual physiological differences. Preliminary evaluation of a recurrent PPO variant
indicates that memory improves stability under delayed transitions. While recurrence improves sta-
bility and reduces overshoot in medium and long delay regimes, the task remains challenging under
severe temporal decoupling. More expressive recurrent, belief-based, or model-based approaches,
therefore, remain promising directions for future work. Future benchmark extensions may incorpo-
rate richer action spaces, personalized physiological parameterizations, and longer-term regulatory
dynamics while preserving the benchmark’s focus on delayed transition effects.

NutriRL is intended as a standardized evaluation environment for studying reinforcement learning
under delayed transition dynamics. All delay regimes, reward coefficients, environmental param-
eters, and baseline configurations are fixed and documented to support reproducible cross-study
comparison. The benchmark implementation, environment configurations, and baseline code are
publicly available on GitHub to facilitate reproducibility and community adoption.

8 Future Scope

While NutriRL intentionally employs a simplified action space and a single nominal physiology
to isolate delayed transition dynamics, future benchmark versions may incorporate richer food-
selection actions, larger food repertoires, personalized physiological models, and multi-day regula-
tion tasks. Extensions may also include continuous action spaces that allow agents to determine both
food choice and consumption quantity, enabling finer-grained nutritional control. Additional devel-
opments could incorporate stochastic digestion dynamics, demographic-specific nutritional targets,
and clinically informed absorption models. Such enhancements would increase ecological validity
while preserving the benchmark’s primary role as a controlled testbed for studying temporal credit
assignment and decision-making under delayed state evolution.
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Algorithm 1 NutriRL Environment Dynamics (Finite-Horizon POMDP)

Require: Planning horizon H, discount factor y; food stream {i; } ,;

Ensure: Trajectory {(o;,as, )L,

nutrient parameters {m., (), s ,crn)}
hidden target t; reward weights (A,, Ac, Ao)

1: s« 0
2: Do+ 0
3: Sample initial food item 7;
4: 01 < (So,e(i1)>
5: fort =1to H do
6:  Select action a; € {0, 1} given observation o,
7. if a; = 1 then
8: forn € {C,F,P} do
9: Compute mean i < t + 7,
10: Compute horizon H,, + [6 ,(f")W
11: Define kernel )
1 u
12: K (u) exp(_j("sﬁ)) > 5
szt oo -1 (255 ))
13: Create digestion vector !
14: Asy(u) = ma(ie) K (u)
15: end for
16: Append digestion process to backlog D,
17 end if
(J)(t)
18 St 4 Si—1+ ) icp, Asg)(t)
Aslﬁ) (t
19:  Remove expired digestion entries from D,
20: dt — ||St — t”l
210 14— Ap(dimr —dy) — Ae tanh(f—:) — X tanh(”maX(O, St — t)Hg)
22:  Sample next food item %441
23: Ot41 < (St, e(it+1))
24: end for

Table 2: Common Experimental Configuration (All Algorithms)

State representation
Episode horizon

3 physiological + 10-dim one-hot food embedding
50 steps

Enabled

6 dataset variants

5 seeds (seed values: 0, 21, 9, 2003, 1997)

5 per seed

Normalization

Delay regimes

Seeds per configuration
Evaluation episodes
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Table 3: Architectural and Algorithmic Comparison: PPO vs DDQN

Component PPO DDQN

Learning type On-policy Oft-policy

Network structure Shared Actor—Critic Action-conditioned Q-network
Backbone MLP 256 — 128 256 — 128

Value networks 1 Value head 1 Q-network + 1 target network
Replay buffer No Yes (300k capacity)

Return estimator GAE (v = 0.99, A = 0.95) 5-step return (n = 5)

Batch size 64 (minibatch) 128

Gradient clipping V]2 <0.5 [IV|l2 <10.0

Learning rate 1x1073 1x107* — 1 x 10™* (linear decay)

Table 4: Architectural and Algorithmic Comparison: MC Agent vs SAC

Component MC Agent SAC

Learning type On-policy Monte Carlo Off-policy entropy-regularized
Network structure Shared Actor—Critic Separate Actor + Twin Q (Q1,Q2)
Backbone MLP 256 — 128 256 — 128

Value networks 1 Value head 2 Q-networks + 2 targets
Replay buffer No Yes (100k capacity)
Return estimator Full-episode GAE 1-step soft Bellman backup
Entropy regularization No Yes (a = 0.2 fixed)

T — 0.005

Batch size Episode-level 128

Actor LR 1x107? 1x107*

Critic LR 1x107° 1x107?

Table 5: Optimization and Update Schedule (All Algorithms)

MC DDQN PPO SAC
Episodes 5000 5000 5000 5005
Horizon 50 steps
Optimizer Adam Adam Adam Adam
Replay buffer No 300k No 100k
Min replay size — 10k — Batch size
LR schedule None Linear decay None None

Table 6: GRU-PPO Architectural Modification

Component Specification
Base architecture Shared Actor—Critic (PPO backbone)
Physiological encoder 1-layer GRU (input size = 3, hidden size = 128)

Food embedding encoder  1-layer GRU (input size = 10, hidden size = 128)
Hidden state combination ~ Concatenation of final GRU hidden states (256-dim total)

Actor head Linear(256 — 128) — ReLU — Linear(128 — 2)
Critic head Linear(256 — 128) — ReLU — Linear(128 — 1)
Weight initialization Orthogonal (linear + GRU weights), bias = 0
Sequence handling Hidden states reset at episode start

Other hyperparameters Identical to feedforward PPO




