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A B S T R A C T

Developing diagnostic and treatment solutions for medical applications is often challenging due to the complex
dynamics, partial observability, high inter- and intra-population variability, and the presence of unknown
delays and disturbances. A characteristic case is the control of glucose concentration in people with Type
1 Diabetes (T1D) through the administration of exogenous insulin. The above complexities, enhanced by
the significant cognitive burden associated with the estimation of optimal insulin dosing related to daily
activities such as food intake and exercise, call for advanced insulin administration solutions towards a fully
automated Artificial Pancreas System (APS). Reinforcement Learning (RL) is currently being explored in the
development of APSs thanks to its demonstrated potential in problems characterized by complex dynamics and
uncertainties. Despite the progress, RL algorithms in T1D still require manual estimation and announcement
of meal carbohydrate (CHO) content or rely on small meal scenarios. In this study, we proposed G2P2C, a
modular deep RL algorithm, which aims to fully automate glucose control in T1D, eliminating the need for CHO
estimation and announcement. G2P2C was designed based on the state-of-the-art Proximal Policy Optimization
(PPO) algorithm, augmented by two novel optimization phases: (i) model learning and (ii) planning. The former
integrated an auxiliary learning task to learn a glucose dynamics model. The latter fine-tuned the learned
control strategy to a short-time horizon by simulating glucose trajectories into the future. We evaluated the
performance of G2P2C in-silico on a challenging meal protocol (180 g of CHO per day) for 20 subjects (10
adults and 10 adolescents) using an open-source version of a T1D simulator approved by the United States
Food and Drug Administration (FDA). G2P2C was compared with state-of-the-art RL algorithms and two basal-
bolus (BB) clinical treatment strategies, which involve manual meal announcement and CHO estimation with
automated correction insulin boli for elevated glucose. G2P2C obtained statistically significant (𝑃 < 0.05)
reward improvements compared to PPO in 18 out of 20 subjects, while maintaining a lower failure rate. In
addition, G2P2C achieved a time in range of 73% and 64% for the adult and adolescent cohorts, respectively,
outperforming BB strategies in the adult cohort although no meal announcement was performed. The control
performance and algorithmic characteristics of G2P2C show promise as a candidate algorithm for glucose
control in APSs. We released the codebase of G2P2C (https://github.com/chirathyh/G2P2C) and an online
demonstration tool (https://capsml.com/), where users can perform custom simulations to compare G2P2C
with BB strategies, under the MIT license.
1. Introduction

Type 1 Diabetes (T1D) is a chronic disease that affects millions of
people worldwide, leading to a life-long optimization problem of blood
glucose regulation [1]. In healthy individuals, the endocrine pancreas
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maintains glucose homeostasis through regulated insulin secretion.
However, in people with T1D, this process fails due to autoimmune de-
struction of the insulin producing cells. Hence, an appropriate amount
of insulin must be administered from exogenous sources to control the
blood glucose concentrations. Glucose control is challenging due to the
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varying insulin requirements related to sleep patterns, meals, and exer-
cise. The objective is to improve the time spent in the normoglycemic
range (70–180 mg/dL) while minimizing periods of low blood glucose
(hypoglycemia) and high blood glucose (hyperglycemia) which are
detrimental to health. Recently-introduced commercial hybrid closed-
loop systems can continuously monitor glucose levels in subcutaneous
interstitial fluid through a Continuous Glucose Monitor (CGM) and
infuse insulin subcutaneously via a pump attached to the body [2–4].
These systems use Proportional Integral Derivative (PID) [5] controllers
and Model Predictive Controllers (MPC) [6] to calculate the insulin
requirement. However, they are not fully automatic and require manual
meal announcement and calculation of an insulin bolus, a process that
adds a substantial cognitive burden to pump users [7]. In particular,
they must first estimate their meal’s carbohydrate (CHO) content, typi-
cally 20 min before consumption, and enter this amount into the pump
system. The accuracy of each meal-related insulin bolus also depends
on the insulin-to-CHO parameter settings entered to the pump system
by the user [8,9]. Depending on the hybrid closed-loop system being
used, the user also has to decide on whether to manually initiate cor-
rection insulin boli according to insulin sensitivity factor settings [8,9].
Moreover, the human error associated with manual insulin estimation
often leads to sub-optimal glucose control [10]. As a result of these
limitations, these systems are fully automated only for controlling the
background insulin levels (also known as basal insulin), which are
associated with fasting periods (e.g., sleeping). Additional meal boli are
delivered during the active part of the day according to manual user
input. Research into control strategies for an Artificial Pancreas System
(APS), which aims to automate insulin administration completely to
alleviate the burden on users is ongoing [11].

The glucoregulatory system is a complex non-linear dynamical sys-
tem where high inter- and intra-population variability is present [12],
as well as uncertainties and disturbances associated with meals, ex-
ercise, stress, and other daily events [13]. Furthermore, the delays
associated with subcutaneous glucose sensing [14] and insulin ac-
tion [15] add to the complexity of glucose control. These challenging
conditions result in a feedback control problem that cannot be fully
handled by existing control strategies such as PID and MPC [16]. Rein-
forcement Learning (RL) [17] is a class of machine learning algorithms
that have been shown to perform well under unknown variable delays
(through delayed reward mechanisms); in learning complex non-linear
dynamics; handling uncertainties and disturbances; and in personal-
ization for task requirements [16]. Hence, RL-based algorithms are
currently being explored in multiple health care applications, including
glucose control in T1D [18], propofol dosing in general anaesthe-
sia [19], and multi-cytokine therapy for sepsis [20]. In a RL algorithm,
an agent seeks to achieve a specified goal, by interacting with its
underlying environment. The agent takes actions, which result in state
transitions and a feedback signal (reward) which evaluates the transi-
tions related to the goal pursued. The agent uses its experiences (state,
action, reward transitions) to learn a control strategy (policy) to maxi-
mize the expected cumulative reward (return) from any given initial
state. The expected return for a given state is also called the value
(please refer to the Method Section below for the formal definitions of
the terminology). RL has been successfully applied in board/computer
games [21], continuous control problems such as 3D humanoid motion
problems, and physics simulations [22]. However, real-world reinforce-
ment learning systems must contend with many challenges, such as
partial observability, high-dimension state/action spaces, large sen-
sor/actuator delays, safety constraints, formulation of reward functions,
explainability, and practical learning constraints [23]. The application
of RL to the continuous control problem of glucose regulation in Type
1 Diabetes (T1D) [1] presents all of the above challenges.

In this study, we propose a fully automated RL-based APS while
focusing on a subset of the identified challenges. Specifically, we ex-
plore the impact towards safety, resulting from the lack of knowledge to
formulate an ideal reward function and subsequent practical limitations
2

Fig. 1. An Artificial Pancreas System (APS) consists of (A) a glucose sensor and an
insulin pump attached to a Type 1 Diabetes (T1D) patient and (B) a control algorithm,
such as G2P2C based on Reinforcement Learning (RL) we proposed in this paper.

of the standard RL optimization objective. Although most real-life
control problems tend to have both short- and long-term objectives,
formulating reward functions to capture them both is challenging or
even infeasible [24]. To target capturing the two objectives at once,
prior work has proposed model-based RL approaches that leverage
short/long-term prediction models [24] and learning value functions
over multiple time horizons [25–27]. However, these algorithmic ad-
vances remain insufficient in glucose control, where safety is a primary
consideration related to device use or technology characterization [28]:
The long-term objective is to improve the time spent in the desir-
able normoglycemic range in the presence of the hard constraint of
low blood glucose (hypoglycemia) and high blood glucose (hyper-
glycemia) being detrimental to health [1]. Because of large inter- and
intra-population variability in glucose dynamics in people with T1D,
developing personalized reward functions presents many challenges.
Ideally, optimizing for the long-term through an infinite horizon RL
objective is expected to result in learning a policy that is also optimal
in the short-term. Yet, in practice, the learned policies for glucose
control are sub-optimal in the short term, resulting in the potential for
catastrophic failures [29]. Even though infrequent, these failures are
unacceptable for a high-risk medical application since they could result
in death (e.g., severe short-term hypoglycemia). As part of this work,
instead of using a personalized reward function designed to capture
long/short-term characteristics, we contribute by introducing a safe
scalable approach for the planning phase of RL, a novel optimiza-
tion procedure with a fine-tuning mechanism to a short-time horizon
as a way to improve the learned policy by integrating a short-term
optimization objective. Hence, we prioritize safety in our study that
proposes and validates an entire end-to-end RL method transparently,
using accessible and curated materials; makes an open-source code
release to assure the repeatability and reproducibility of our research;
and completes this by having implemented an online demonstration
system.

Previous research on the safety of RL has explored safe exploration
strategies [30,31] and the use of human feedback for avoiding fail-
ures [32]. APSs are categorized as high-risk medical devices, and the
best practice for developing control algorithms is first to use Food
& Drug Administration (FDA)-approved simulators [12] which pro-
vide in-silico patient populations which reflect real-world T1D popu-
lations [33]. These algorithms are later fine-tuned and personalized
periodically to individuals [34]. Designing an RL-based APS, which
learns online on real-world people, is practically infeasible as RL algo-
rithms typically require large amounts of experience to learn a stable
policy for which years of training is required (one experience would
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require five minutes). Offline strategies would also still require exten-
sive experience and current clinical treatment strategies used to collect
such experience may not provide valuable information due to their
static rule-based nature [34]. Hence, the most appropriate solution
is to design the system using the simulators and focus on transfer
learning approaches to fine-tuning. Consequently, in this work, we do
not focus on the safety requirements in exploration but only on learning
a reasonable control policy. We reserve, as future work, to explore
strategies to safely transfer and personalize the learned policy to the
real world.

To address identified challenges, we propose a modular RL algo-
rithm to (i) fully automate glucose control to reduce the cognitive
burden on the users and (ii) improve performance and safety by focus-
ing on the short-term outcomes of the problem. Our algorithm extended
the state-of-the-art model-free Proximal Policy Optimization (PPO) al-
gorithm [22], used in continuous control applications, by introducing
two optimization phases, model learning and planning. In view of these
added features, we named our algorithm G2P2C — Glucose Control by
Glucose Prediction and Planning (Fig. 1). In the model learning phase,
a glucose dynamics model is learned as an auxiliary learning task fol-
lowed by the planning phase to fine-tune the learned control policy to a
short-time horizon by conducting model-based simulations to improve
safety. Therefore the proposed approach could combine the character-
istics of both model-free and model-based methods. The G2P2C algo-
rithm improves sample efficiency and possesses desirable characteris-
tics towards offline personalization, which is expected to be valuable.
Furthermore, G2P2C, aims to fully automate glucose control in T1D,
eliminating the need for CHO estimation and meal announcement. The
performance of G2P2C was assessed in-silico using an open-source T1D
simulator based on the FDA-approved UVA/PADOVA 2008 model [12].
We comparatively evaluate G2P2C with standard state-of-the-art RL
algorithms and standard clinical treatment benchmarks.

2. Related work

Reinforcement Learning for Continuous Control. The use of RL
for continuous control has gained much attention due to applications
such as locomotion, self-driving, and dexterous manipulation tasks [35–
38]. Both on-policy (Advantage Actor Critic (A2C) [39], PPO [22])
and off-policy (Soft Actor Critic (SAC) [36]) algorithms have been
used in model-based [40] and model-free [41] schemes. Model-based
RL algorithms rely on learning a model of the environment in order
to optimize their control policy. They are more sample-efficient than
model-free methods and benefit from generalizing well to new tasks
and environments [42]. On the other hand, they heavily depend on
the accuracy of the learned model [43]. Model-free RL algorithms
have outperformed model-based algorithms in various domains where
model learning is challenging. However, they require millions of trials
for learning [21,42]. Several prior works have focused on combining
model-free and model-based paradigms to design RL systems [21,42,
44,45].

PPO [22] is a widely used model-free on-policy algorithm that has
shown promise in many RL tasks [46]. In standard on-policy policy
gradient methods, past experience cannot be used to improve the
current policy. Hence, they are sample-inefficient. The PPO algorithm
improves the sample efficiency by using a clipped objective function,
which enables multiple updates for a given sample of experiences. This
objective also avoids excessive changes to the policy while training.
PPO is implemented using either a shared neural network for the policy
and value functions or separate neural networks [47]. The former
facilitates feature sharing between the two functions, while the latter
avoids interference between the two optimization objectives.

Auxiliary Learning. The Phasic Policy Gradient (PPG) algorithm [47]
is a variant of PPO, which uses separate neural networks and introduces
3

an additional auxiliary learning task of value function estimation.
The auxiliary learning facilitates the distillation of features between
the two networks and further improves the sample efficiency. Similar
ideas based on auxiliary learning tasks have been explored in Deep
Q-Learning approaches where the sample efficiency and policy adap-
tation during deployment were improved [48,49]. Hence, auxiliary
learning tasks are increasingly being used in deep RL algorithms. Model
learning is a popular auxiliary learning task that is particularly useful
in updating policy and value functions through planning and action
selection [50]. Previous work in RL carries out auxiliary model learning
by predicting latent state representations [48,51], predicting observa-
tions/system states [21,42], and through estimating future rewards,
value and policy functions [50].

Planning. A learned model of the environment can be used for simula-
tions and planning. Planning is a process that uses a learned model to
improve the policy, where the RL algorithm interacts with the modelled
environment. The two distinct approaches to planning are state–space
planning and plan-space planning [17]. In state–space planning, the
RL algorithm uses the model to simulate experiences, which are then
used to update the value function and, ultimately, the policy function.
Simulating experiences is valuable when real experiences are costly and
limited. Dyna-Q [44] is such an algorithm where the experiences of
the RL algorithm are used for both model learning and planning in an
online manner. In plan-space planning, the planning is conducted as
a search over the space of plans. Previous work has introduced such
methods based on Monte Carlo Tree Search (MCTS), where an expert
policy is used for planning [52].

Reinforcement Learning for Glucose Control. The application of
RL in regulating blood glucose levels in T1D dates back to 2012
when Daskalaki et al. [18,53] explored the use of actor–critic methods.
However, due to the limitations of the simulators available at the time,
the task was restricted to daily updates to the control strategy [53–
55]. The development of the open source Simglucose simulator in
2018 [56] (based on FDA-approved UVA/PADOVA-2008 Model [12])
and UVA/PADOVA (2014) simulator [57] has resulted in recent studies
with real-time control strategies (e.g., every 5 min). Many of these
studies are hybrid and based on Deep Q-Learning approaches that
require manual decision-making [58–63]. Lim et al. [64] has developed
a system that uses a SAC algorithm to estimate insulin guided by PID
control. These systems have predominantly used discrete handcrafted
insulin action spaces [58–60]. The latest research focuses on developing
fully autonomous RL systems for glucose control [65]. Fox et al. [66]
have proposed a system based on SAC, Lee et al. [67] a bio-inspired RL
approach using PPO, and Emerson et al. [68] a method based on offline
RL. Furthermore, Sun et al. [69] and Askari et al. [70] have proposed
adaptive MPC algorithms for glucose regulation. A systematic review
of studies on RL for glucose control is presented in Tejedor et al. [65]
and Yau et al. [71].

3. Method

3.1. Formulating glucose control as a RL task

The glucoregulatory system is only partially observable through
noisy glucose sensor measurements [12]. Hence, the environment of
the RL task was formulated as a Partially Observable Markov Decision
Process (POMDP). The POMDP is defined as a tuple ⟨𝑆⋆, 𝑆, 𝑂, 𝐴, 𝑃 ,𝑅⟩,
where 𝑆⋆ is the set of true environment states, 𝑆 the set of states
observed by an observation function 𝑂, and 𝐴 the set of actions. The
transition function 𝑃 : (𝑠⋆, 𝑎) → 𝑠′ represents the system dynamics,
where at each step, the RL agent is in a state 𝑠⋆ ∈ 𝑆⋆, takes an action
𝑎 ∈ 𝐴, and moves from 𝑠⋆ to the next state 𝑠′ ∈ 𝑆⋆. The observation
function 𝑂 ∶ 𝑠⋆ → 𝑠 maps the true environment states to the observed
states 𝑠 ∈ 𝑆, while the reward function 𝑅: (𝑠, 𝑎) → 𝑟 provides a reward

𝑟 ∈ R for taking action 𝑎 at an observed state 𝑠. The task of the RL
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agent is to achieve a defined goal by learning a mapping from states to
actions which is called a policy

(

𝜋(𝑎|𝑠)
)

.
We defined the glucose control problem as a continuing task, with

the goal to maximize the average reward [17,72]

𝑅𝑎𝑣𝑔(𝜋) ≐ lim
ℎ→∞

1
ℎ

ℎ
∑

𝑡=1
E[𝑟𝑡|𝑠0, 𝑎0∶𝑡−1 ∼ 𝜋]. (1)

The policy 𝜋 induced a value function (𝑣𝜋 (𝑠𝑡) ≐ E[𝐺𝑡|𝑠𝑡]) to estimate
the expected return 𝐺𝑡 at time 𝑡 when starting from the state 𝑠𝑡 and
following the policy 𝜋. The return 𝐺𝑡 was estimated according to

𝐺𝑡 ≐ (𝑟𝑡+1 − 𝑅̂𝑎𝑣𝑔
𝑡 ) +⋯ + (𝑟𝑡+𝑛 − 𝑅̂𝑎𝑣𝑔

𝑡 ) + 𝑣̂𝜋 (𝑠𝑡+𝑛) (2)

where 𝑛 denotes the number of transition steps; 𝑣̂𝜋 (𝑠𝑡+𝑛) the boot-
strapped value function estimate at the end state 𝑠𝑡+𝑛; 𝑅̂

𝑎𝑣𝑔
𝑡 an estimate

of 𝑅𝑎𝑣𝑔(𝜋); and

𝐴𝜋 (𝑠𝑡, 𝑎𝑡) ≐ 𝐺𝑡 − 𝑣𝜋 (𝑠𝑡) (3)

the advantage function, defined as the difference between the return
and the value function estimate, to measure whether a target action is
better or worse than the average actions.

Observation Space. The observation function 𝑂: 𝑠⋆𝑡 → (𝑔𝑡−𝑘∶𝑡, 𝑖𝑡−𝑘∶𝑡)
was designed to map the true states 𝑠⋆𝑡 at time 𝑡 to glucose sensor
observation 𝑔𝑡 and administered insulin 𝑖𝑡 augmented by their past 𝑘
historical measurements. Hence, the observed state space was defined
as,

𝑠𝑡 = (𝑔𝑡−𝑘∶𝑡, 𝑖𝑡−𝑘∶𝑡). (4)

Action Space. We used a continuous action space 𝐴([−1, 1]), as it
provides additional flexibility to the RL agent to learn a control policy
compared to a handcrafted discrete action space. In previous work Het-
tiarachchi et al. [73] has analysed the use of continuous action spaces
for this problem and proposed a non-linear control space representation
(Eq. (5)). We use this formulation, where the action space (𝐴) is
mapped to the control space (insulin infusion rate) of the insulin pump
(𝐼𝑝𝑢𝑚𝑝 ∈ [0, 5] U/min). The parameter 𝜂 was set to 4.0 and 𝐼𝑚𝑎𝑥 to 5
U/min [73].

𝐼𝑝𝑢𝑚𝑝 = 𝐼𝑚𝑎𝑥 ⋅ 𝑒
𝜂(𝑎−1), 𝑎 ∈ [−1, 1]. (5)

Reward Function. The reward function was formulated based on the
blood glucose Risk Index (RI), similar to the work of Hettiarachchi
et al. [29],Fox et al. [66],Emerson et al. [68],Mackey and Furey [74].
The RI proposed by Kovatchev et al. [75] weights the risk of blood
glucose levels based on the clinical metrics Low Blood Glucose Risk
Index (LBGI) and High Blood Glucose Risk Index (HBGI) (Fig. 2). In
this study we use the fine-tuned reward function proposed in our
previous work [29], where we additionally introduced a penalty for
hypoglycemia (𝑔 ≤ 39 mg/dL) and normalized the RI (𝑅𝐼) to [0, −1]
for the rest of the glucose range (Eq. (6)). The additional penalty targets
severe hypoglycemia, which is more frequent and life-threatening.

𝑅(𝑠𝑡, 𝑎𝑡) =

{

−15 if 𝑔𝑡+1 ≤ 39 mg/dL
−1 ⋅ 𝑅𝐼(𝑔𝑡+1) else

. (6)

3.2. Algorithm: G2P2C (glucose control by glucose prediction and planning)

G2P2C is a modular RL algorithm based on PPO, which introduce
two additional optimization phases, namely, model learning and plan-
ning. PPO was selected as the basis for designing G2P2C due to its
demonstrated efficiency in safety-critical applications, where excessive
changes in the control policy could lead to unexpected behaviour.
G2P2C was implemented using two separate neural networks with
similar architecture; the Actor-Network (𝛱𝜃) and the Critic-Network
(𝑉 ) (Fig. 3).
4

𝜙

Fig. 2. Blood glucose risk index (severe hypoglycemia (<54 mg/dL), hypoglycemia
(<70 mg/dL), normoglycemia (70–180 mg/dL), hyperglycemia (>180 mg/dL), and
severe hyperglycemia (>250 mg/dL)).

Both networks consisted of initial feature extractor modules 𝐸𝛱 and
𝐸𝑉 based on a Long Short-Term Memory (LSTM) network [76], where
the input was the observed state (𝑠𝑛) and the output was the hidden
state vector (ℎ𝑛) of the LSTM. The 𝛱𝜃 network included the policy
module 𝜋, which represented the policy function, while 𝑉𝜙 included
the value module 𝑣 which represented the value function. They used
ℎ𝑛 as the input. The output of the policy module (𝜋) was formulated
as a normal distribution ( (𝜇, 𝜎)) over the action space, where both
𝜇 and 𝜎 parameters were learned. The output of the value module (𝑣)
was trained to predict the expected return.

We introduced a glucose prediction module (𝑀𝛱 and 𝑀𝑉 ) for each
network. 𝑀𝛱 and 𝑀𝑉 modules were trained to learn the glucose
dynamics of the target T1D subject. We integrated ℎ𝑛 and 𝑎𝑛 as inputs
to the glucose prediction modules, where the output was the one-step
ahead glucose estimate (𝑔𝑛+1) represented as a normal distribution.
This design was expected to further facilitate the learning of a dynam-
ical system state representation (𝑠⋆𝑛 ) at the hidden state (ℎ𝑛) of the
LSTM networks, as hidden states (ℎ𝑛) of LSTM networks are capable
of learning a representation of the state space (𝑠⋆𝑛 ) of a dynamical
system [77]. The glucose prediction modules were implemented using
similar architectures and trained for similar tasks to facilitate feature
distillation between the networks, inspired by Cobbe et al. [47].

G2P2C alternated between sampling and optimization. During sam-
pling, the current policy was used by 𝑤 parallel agents and sim-
ulations were rolled out for 𝑛 time steps. The resulting trajectory
(𝑠1, 𝑎1, 𝑟1, 𝑠2, 𝑎2 ⋯) information was stored in a data buffer (𝐷). Once
the sampling procedure was complete, the optimization procedure com-
menced, consisting of three sequential update phases. The first phase
used the standard policy and value update of PPO [22], the second
phase was the model learning update, and the third phase was the
planning update.

3.2.1. PPO phase
During the first phase, the standard PPO optimization update was

carried out, where the optimization objective of the policy module was
to maximize the objective function 𝐿𝜋 (𝜃) defined in Eq. (7) where 𝜋𝜃𝑜𝑙𝑑
is the policy prior to the update. Excessive changes between the new
and old policies were constrained by clipping the probability ratios of
the policies to the interval [1−𝜖, 1+𝜖]. 𝐻(𝜋(⋅|𝑠𝑡)) represented the entropy
term used in the optimization to facilitate exploration where 𝛽𝑠 was a
hyperparameter. The return 𝐺𝑡 defined in Eq. (2) was used to calculate
the advantage function estimate 𝐴̂ and value function targets 𝑣̂𝑡𝑎𝑟𝑔𝑒𝑡.
𝑡 𝑡
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Fig. 3. Schematic diagram of actor and critic networks.
The value module objective was to minimize the objective function
𝐿𝑣(𝜙) defined in Eq. (8).

𝐿𝜋 (𝜃) = Ê𝑡

[

𝑚𝑖𝑛

(

𝜋𝜃(𝑎𝑡|𝑠𝑡)
𝜋𝜃𝑜𝑙𝑑 (𝑎𝑡|𝑠𝑡)

𝐴̂𝑡, 𝑐𝑙𝑖𝑝
(

𝜋𝜃(𝑎𝑡|𝑠𝑡)
𝜋𝜃𝑜𝑙𝑑 (𝑎𝑡|𝑠𝑡)

, 1 − 𝜖, 1 + 𝜖
)

𝐴̂𝑡

)

+ 𝛽𝑠𝐻
(

𝜋(⋅|𝑠𝑡)
)

]

. (7)

𝐿𝑣(𝜙) = Ê𝑡

⎡

⎢

⎢

⎣

1
2

(

𝑣𝜙(𝑠𝑡) − 𝑣̂𝑡𝑎𝑟𝑔𝑒𝑡𝑡

)2
⎤

⎥

⎥

⎦

. (8)

3.2.2. Model learning phase
The model learning phase succeeded the PPO phase. We introduced

an auxiliary learning task to learn a model of the glucose dynamics of
the target subject, at each of the two networks. The learned glucose
dynamics model in the actor network was later used in the planning
phase. The two modules 𝑀𝛱 and 𝑀𝑉 were integrated to the actor
and critic networks respectively and trained to learn the one-step ahead
glucose prediction for the target subject. We designed a replay buffer
(𝐵) which stored the latest trajectories experienced by the algorithm as
triplets of 𝑠𝑡, 𝑎𝑡, and 𝑔𝑡+1. The model learning update commenced, once
𝐵 was filled and was based on maximum likelihood estimation, where
the objective was to minimize 𝐿𝑀𝛱 (𝜃) and 𝐿𝑀𝑉 (𝜙) defined in Eq. (9),
(10). The Kullback–Leibler divergence (𝑑𝐾𝐿) and Mean Squared Error
(MSE) penalties applied in 𝐿𝑀𝛱 (𝜃) and 𝐿𝑀𝑉 (𝜙) respectively aimed to
minimize the divergence from the already learned policy 𝜋𝜃𝑝𝑝𝑜 and value
function 𝑣𝜙𝑝𝑝𝑜 after the PPO update phase. Hyperparameters 𝛽1 and 𝛽2
were introduced to regularize the respective penalties.

𝐿𝑀𝛱
(𝜃) = Ê𝑡

[

− 𝑙𝑜𝑔
(

𝑀𝛱
𝜃 (𝑔𝑡+1|𝑠𝑡, 𝑎𝑡)

)

+𝛽1𝑑𝐾𝐿

[

𝜋𝜃𝑝𝑝𝑜 (⋅|𝑠𝑡), 𝜋𝜃(⋅|𝑠𝑡)
]

]

. (9)

𝐿𝑀𝑉
(𝜙) = Ê𝑡

[

− 𝑙𝑜𝑔
(

𝑀𝑉
𝜙 (𝑔𝑡+1|𝑠𝑡, 𝑎𝑡)

)

+ 𝛽2
1
2

(

𝑣𝜙𝑝𝑝𝑜 (𝑠𝑡) − 𝑣̂𝜙(𝑠𝑡)
)2

]

. (10)

3.2.3. Planning phase
Following the model learning phase, the third and final update

was performed during the planning phase (Fig. 4). We introduced
a plan-space planning approach to improve the learned policy by
integrating a short-term optimization objective. The planning phase
only used the actor network 𝛱𝜃 since it focused on fine-tuning the
learned policy module. Once 𝑀𝛱 achieved a prediction accuracy of
Root Mean Squared Error (RMSE) < 𝑒𝑡𝑎𝑟𝑔𝑒𝑡 (15mg/dL), the planning
phase commenced. 𝑀𝛱 was used to carry out 𝑚 number of short-
horizon (𝑛𝑝𝑙𝑎𝑛 = 6 simulation steps (30 min)) Monte Carlo rollouts
(𝜏) for each state stored in the buffer 𝐷. For each state, the rollout
with the best simulated-return (𝜏∗) was identified according to Eq. (11).
The planning phase fine-tuned the policy toward the best action (𝑎∗𝑡 )
associated with the target state (𝑠𝑡). The planning objective was to
minimize 𝐿𝑝𝑙𝑎𝑛(𝜃) which was designed based on maximum likelihood
estimation (Eq. (12)). During the planning phase, the 𝛱 network
5

𝜃

Fig. 4. In this illustration of the planning phase, we simulate short-horizon trajectories
using the learned glucose dynamics model for the states stored in the rollout buffer 𝐷.
Planning updates use the initial action with the best trajectory for each state.

weights associated with 𝐸𝛱 and 𝑀𝛱 modules were kept fixed, and only
the weights associated with the 𝜋 module were updated. This was done
to ensure that the planning phase reflected a fixed 𝑀𝛱 . The steps of
G2P2C are summarized in Algorithm 1.

𝜏∗ = argmax
𝜏

[

(
𝑛𝑝𝑙𝑎𝑛
∑

𝑞=1
𝑅𝑞) + 𝑣(𝑠𝑛𝑝𝑙𝑎𝑛 )

]

. (11)

𝐿𝑝𝑙𝑎𝑛(𝜃) = Ê𝑡

[

− 𝑙𝑜𝑔
(

𝜋𝜃(𝑎∗𝑡 |𝑠𝑡)
)

]

. (12)

3.3. Experiments

3.3.1. T1D simulator and experiment setup
In this study, following established best practices in the devel-

opment of control algorithms for glucose regulation,1 we used the
UVA/PADOVA T1D simulator [12]—currently the only FDA-approved
T1D simulator. For reproducibility and to leverage the existing Py-
Torch [78] machine learning framework for the RL algorithm develop-
ment, we used an open-source Python implementation of this simulator
named Simglucose [56], used in previous work [29,60,66]. The simu-
lator comprised a cohort of 30 in-silico subjects of three age categories
(adults, adolescents, and children). The cohorts represented the patient
variability found in a real T1D population, making meaningful sta-
tistical results available for the evaluation of our proposed approach.
The simulator also included models of commercially available insulin
pumps and glucose sensors and simulates the errors associated with
the selected sensors and pumps while allowing for the definition of
different meal protocols for simulations. For the experiments, the 10
adult and 10 adolescent cohorts were used along with the Insulet pump
and the GuardianRT glucose sensor provided by the simulator [29].

1 Simulators function as a replacement for animal studies conducted before
clinical evaluation in humans.
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Algorithm 1 G2P2C
Initialize an empty auxiliary buffer (𝐵) of the size 𝑁𝐵 .
Initialize the average reward estimate (𝑅̂𝑎𝑣𝑔 = 0, 𝑁𝑡𝑜𝑡𝑎𝑙 = 0).
Initialize Actor-Network (𝛱) and Critic-Network (𝑉 ) weights (𝜃, 𝜙).
for 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 = 1, 2, 3,⋯ do

Initialize an empty data buffer (𝐷) of the size 𝑁𝐷.
Perform 𝑛-step rollouts for 𝑤 parallel workers under current policy
𝜋𝜃𝑜𝑙𝑑 and store (𝑠𝑛, 𝑎𝑛, 𝑟𝑛) transitions → 𝐷.
Store (𝑠𝑛, 𝑎𝑛, 𝑔𝑛+1) transitions → 𝐵 .
Compute the advantages 𝐴̂𝑡 & value function targets 𝑣̂𝑡𝑎𝑟𝑔𝑒𝑡𝑡 .
Update the average reward estimate (𝑅̄𝐷 =

∑

𝑟∈𝐷
𝑁𝐷

):
𝑁𝑡𝑜𝑡𝑎𝑙 ← 𝑁𝑡𝑜𝑡𝑎𝑙 +𝑁𝐷,
𝑅̂𝑎𝑣𝑔 ← 𝑅̂𝑎𝑣𝑔 + 𝑁𝐷

𝑁𝑡𝑜𝑡𝑎𝑙
(𝑅̄𝐷 − 𝑅̂𝑎𝑣𝑔).

(1) PPO Phase:
for 𝑒𝑝𝑜𝑐ℎ = 1, 2, 3,⋯ , 𝐸𝜋 do

optimize 𝐿𝛱 wrt 𝜃, on all data in 𝐷:
𝜃 ← 𝜃 + 𝛼2 ⋅ ∇𝜃𝐿𝛱 (𝜃).

Early stop:
𝑑𝐾𝐿[𝜋𝜃𝑜𝑙𝑑 (⋅|𝑠𝑡), 𝜋𝜃(⋅|𝑠𝑡)] > 𝑑𝑡𝑎𝑟𝑔𝑒𝑡.

end for
for 𝑒𝑝𝑜𝑐ℎ = 1, 2, 3,⋯ , 𝐸𝑉 do

optimize 𝐿𝑣 wrt 𝜙, on all data in 𝐷:
𝜙 ← 𝜙 − 𝛼3 ⋅ ∇𝜙𝐿𝑉 (𝜙).

end for

(2) Model Learning Phase:
if 𝐵 is filled then
for 𝑒𝑝𝑜𝑐ℎ = 1, 2, 3,⋯ , 𝐸𝑀 do

optimize 𝐿𝑀𝛱 wrt 𝜃, on all data in 𝐵:
𝜃 ← 𝜃 − 𝛼4 ⋅ ∇𝜃𝐿𝑀𝛱 (𝜃).

optimize 𝐿𝑀𝑉 wrt 𝜙, on all data in 𝐵:
𝜙 ← 𝜙 − 𝛼5 ⋅ ∇𝜙𝐿𝑀𝑉 (𝜙).

end for
end if

(3) Planning Phase:
if 𝑀𝛱

𝑝𝑟𝑒𝑑−𝑒𝑟𝑟𝑜𝑟 < 𝑒𝑡𝑎𝑟𝑔𝑒𝑡 then
Fix parameters related to 𝐸𝛱 ,𝑀𝛱 modules of the actor network
(𝛱).
for 𝑒𝑝𝑜𝑐ℎ = 1, 2, 3,⋯ , 𝐸𝑝𝑙𝑎𝑛 do

optimize 𝐿𝑝𝑙𝑎𝑛 wrt 𝜃, on all data in 𝐷:
𝜃 ← 𝜃 − 𝛼5 ⋅ ∇𝜃𝐿𝑝𝑙𝑎𝑛(𝜃).

end for
end if
𝜃𝑜𝑙𝑑 ← 𝜃.
𝜙𝑜𝑙𝑑 ← 𝜙.
if 𝑁𝑡𝑜𝑡𝑎𝑙 > 𝐼𝑡𝑜𝑡𝑎𝑙 then

Stop.
end if

end for

The G2P2C algorithm (Section 3.2), state-of-the-art RL benchmarks
Section 3.4), and standard clinical benchmarks (Section 3.5) were
mplemented as candidate control algorithms for the experiment. The
tudy used two challenging meal protocols with large CHO contents;
1) a training protocol — for conducting training simulations for the
L-based algorithms and (2) an evaluation protocol — for conducting
valuation simulations for the candidate algorithms. The training pro-
ocol was challenging as the meals were uniformly randomized based
n CHO content and time of the day (Table 1). The probability of
ccurrence of a meal was set to 0.95 to replicate missed meals by the
ser.
6

u

Table 1
Training Meal Protocol.

Meal type Time [hours] Carbohydrate (CHO) content [g]

Breakfast 07:00–09:00 30–60
Lunch 12:00–14:00 70–100
Dinner 19:00–21:00 50–110

The evaluation of the candidate algorithms was performed using
the same two cohorts of the simulator. To support comparisons with
other works, the evaluation meal protocol used in [67] was chosen for
all algorithms. The evaluation meal protocol spanned 24 h starting at
00:00 h fixed with three meals: 40 g of CHO for breakfast at 8:00 h, 80 g
of CHO for lunch at 13:00 h, and 60 g of CHO for dinner at 20:00 h.
We restricted the initial blood glucose level between 110–130 mg/dL
for the evaluation simulations, to ensure fair comparisons between
the candidate algorithms. The research domain of developing control
algorithms for T1D lacks established standardized benchmarks for meal
protocols. Hence, challenging protocols with large CHO contents iden-
tified in previous work was used in this study [18,53,67]. However, to
provide interested readers to evaluate the proposed G2P2C algorithm
on custom meal protocols, we developed an online demonstration
tool named CAPSML (https://capsml.com/). We also used the results
presented in previous RL-based glucose control algorithms research for
completeness in comparisons2 and provide a discussion in Section 5.

3.4. RL benchmarks

The state-of-the-art RL algorithms A2C, PPO, and SAC were imple-
mented as RL benchmarks. G2P2C and all benchmark RL algorithms
used comparable network architectures (see Appendix A). A2C and PPO
algorithms were also designed based on the average reward RL setting.
SAC was the only off-policy algorithm implemented and used auto-
mated temperature tuning [36]. For each RL-based algorithm, unique
models were trained for each of the in-silico subjects. All the candidate
RL algorithms were trained for 800,000 environment steps3 for three
random seeds (see Appendix B for their hyperparameters). After the
conclusion of each training iteration, 60 evaluation simulations (i.e., 3
random seeds 𝑥 20 simulations/iteration) were conducted for each
subject. These simulations provided insights on the training character-
istics of the RL algorithms. Once training was fully complete, the RL
algorithms were evaluated using 1,500 evaluation simulations (i.e., 3
random seeds 𝑥 500 simulations/subject) conducted for each subject.

3.5. Clinical benchmarks

Basal-Bolus (BB) insulin treatment strategies, which use meal an-
nouncement and CHO estimation, were used as clinical benchmarks
(Table 2). For BB, a basal insulin infusion rate is used to provide
background insulin requirements while a meal insulin bolus dose is
used to counter meals and a correction insulin bolus dose to counter
high blood glucose levels. BB treatment was used as the gold standard
benchmark for evaluation due to its widespread recognition among
clinicians [79]. This treatment strategy is based on patient-specific
characteristics and requires prior knowledge about the CHO content of
future meals (typically 20 min in advance).

2 Please note that such comparisons with prior work are rare due to
ifferences in experimental conditions; research on glucose control tends to
enchmark the performance of algorithms with standard clinical treatment
pproaches and guidelines, as presented in this work.

3 An environment step refers to an insulin delivery action taken every 5 min
ased on the sampling rate of the insulin pump and glucose sensor. The total
nvironment steps (800,000) were the summation of steps by all parallel agents

sed in the RL algorithms (e.g., see Section 3.2).

https://capsml.com/
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Table 2
Summary of candidate glucose control algorithms used in this study.

Algorithm Meal announcement & Characteristics Reference
CHO estimation required

BBI Yes A clinical basal-bolus strategy. [8,66,79]
Basal-Bolus insulin infusion strategy based on personalized TDI.
Fixed basal insulin delivery rate (0.48 x TDI U/day).
Meal insulin bolus (based on CIR of 500

TDI g/U) applied
20 min in advance based on accurate CHO information.
Correction insulin bolus (based on ISF of 1800

TDI mg/dL per U &
target blood glucose of 140 mg/dL) applied automatically
when 𝑔𝑡 > 150 mg∕dL.

BBHE Yes A clinical basal-bolus strategy. [8,66,79]
Same as for BBI, but including human error in
CHO estimation of meals.

A2C No A state-of-the-art RL algorithm. [39]
Implemented as two neural networks (Appendix A).

PPO No A state-of-the-art RL algorithm. [22]
Implemented as two neural networks (Appendix A).

SAC No A state-of-the-art RL algorithm. [36]
Implemented as two neural networks (Appendix A).

G2P2C No The Proposed RL-based algorithm.
Designed based on PPO.
Novel model-learning (additional 𝑀𝛱 ,𝑀𝑉 modules) and
planning phases introduced.

Acronyms: A2C: Advantage Actor Critic, BBI: Basal Bolus Ideal, BBHE: Basal Bolus Human Error, CHO: Carbohydrate, G2P2C: Glucose Control by Glucose Prediction and Planning,
PPO: Proximal Policy Optimization, RL: Reinforcement Learning, SAC: Soft Actor Critic, TDI: Total Daily Insulin.
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We replicated two versions of the BB treatment based on the previ-
ous work of [66]; the Basal-Bolus Ideal (BBI) case, where the CHO of
announced meals was provided accurately, and the realistic case, which
considered the human inaccuracy in CHO estimation named Basal Bolus
Human Error (BBHE). The CHO counting error was calculated based
on a mathematical model developed to conduct in-silico trials [80]. The
model used the real CHO content of the meal and meal type to simulate
the decision of the patient with T1D.

For the replication of the two BB methods, we used the patient-
specific characteristics provided by the T1D simulator and parameters
proposed in previous work [66]. The final insulin delivered over time
𝐼𝑡 is presented in Eq. (13). Here 𝑐𝑡 represents the meal CHO estimate, 𝑔𝑡
the current glucose value, and 𝑔𝑡𝑎𝑟𝑔𝑒𝑡 (140 mg/dL) the target glucose for
correction boli. The Total Daily Insulin (TDI) provided by the simulator
for each subject was used to personalize the Basal Rate

(

BR = 0.48 ⋅TDI
U/day

)

, Carbohydrate Insulin Ratio
(

CIR = 500
TDI g/U

)

, and Insulin
ensitivity Factor

(

ISF = 1800
TDI mg/dL per U

)

[81]. The meal bolus was
alculated as

𝑐𝑡
CIR

U, and delivered 20 min before a meal.

The correction insulin bolus was calculated as
(𝑔𝑡−𝑔𝑡𝑎𝑟𝑔𝑒𝑡)

ISF
U, and

as delivered when the glucose level increased above the correction
hreshold of 150 mg/dL. The correction insulin dose was replicated
ccording to [66] and was only applied during meal events (𝑐𝑡 > 0).
he application of the correction bolus had a further condition, where

t was only applied when no other meals were present for a past 3 h
uration. This ensured that each meal was only corrected for once. The
𝑜𝑜𝑙 parameter was set to match this criteria, where 𝑐𝑜𝑜𝑙 was set to 1 if
o other meals were present for the 3 h duration and to 0 otherwise. We
lso conducted 1,500 evaluation simulations for each subject under the
BI and BBHE approaches for comparison. A summary of the candidate
lgorithms are presented in Table 2.

𝑡 = BR + (𝑐𝑡 > 0) ⋅
(

𝑐𝑡
CIR + 𝑐𝑜𝑜𝑙 ⋅

𝑔𝑡 − 𝑔𝑡𝑎𝑟𝑔𝑒𝑡
ISF

)

. (13)

.6. Evaluation metrics

Both clinical metrics and RL-based metrics were used for the evalua-
ion. The clinical metrics included the standard T1D metrics of glucose
isk indices (Risk Index (RI), High Blood Glucose Index (HGBI), Low
7

lood Glucose Index (LGBI)) [75] and the percentage of time spent
n different glucose regions. The clinical objective was to minimize all
isk indices, improve the time spent in the normoglycemic range (also
alled the Time In Range (TIR), 70–180 mg/dL), and minimize the
ime spent in other glucose regions (severe hypoglycemia (<54 mg/dL),
ypoglycemia (<70 mg/dL), hyperglycemia (>180 mg/dL), and severe

hyperglycemia (>250 mg/dL)). These metrics were standardized by
the Advanced Technologies & Treatment for Diabetes (ATTD) Congress
in 2019 through consensus received from a panel of international
physicians, researchers, and individuals with T1D, to address the lack
of consistency in the practical application of the metrics [82].

Additionally, we defined catastrophic failures as those simula-
tions that recorded glucose levels outside the detectable range (39–
600 mg/dL) of the glucose sensor. Such simulations were terminated,
and failures were calculated as a percentage of the total evaluation
simulations. A glucose level ≤ 40 mg/dL is life-threatening and can
result in major cardiovascular and cerebrovascular problems [83]. A
glucose value ≥ 600 mg/dL is also a life-threatening emergency referred
to as the Hyperosmolar hyperglycemic state [84].

The RL algorithms were trained based on the objective to max-
imize the expected cumulative reward. Hence the total reward ∈
[−15, 288] achieved in evaluation simulations was used to compare the
performance of RL algorithms. Based on the defined reward function
(Section 3.1) theoretical maximum total reward achievable by follow-
ing a perfect glucose control strategy was bounded by 288, while the
minimum was −15.

Statistical significance analysis was conducted to compare selected
candidate algorithms. A Shapiro–Wilk Test [85] was performed to
check the normality, Mann–Whitney U Test [86] was conducted to eval-
uate significance, and effect size calculated using the Pearson product-
moment correlation coefficient (𝑟) [87]. The statistical analysis was
conducted using the IBM SPSS Statistics Software (Version-28.0.1.1).
The analysis first compared the total reward performance of G2P2C
with the best performing state-of-the-art RL algorithm on an individual
in-silico subject level. Next, the TIR performance of G2P2C was com-
pared with standard clinical treatment approaches (BBI, BBHE) on a

cohort level.
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Fig. 5. Training curves for selected in-silico subjects. Mean and standard deviation of the total reward achieved against environment steps for evaluation simulations are presented.
G2P2C and PPO achieves steady learning. Complete results in Appendix C.
Table 3
Performance comparison of candidate glucose control algorithms averaged for adult
and adolescent cohorts. See Table 5 for detailed clinical results.

Algorithm TIR Failures Total reward

Adults
BBI 71.02 ± 11.29 0.39 –
BBHE 69.78 ± 11.29 0.35 –

A2C 59.06 ± 14.31 9.11 244 ± 47
PPO 69.12 ± 10.53 2.79 264 ± 26
SAC 61.76 ± 21.01 59.49 146 ± 98
G2P2C 72.69 ± 9.53 1.62 268 ± 21

Adolescents
BBI 71.43 ± 12.31 0.00 –
BBHE 70.23 ± 12.52 0.00 –

A2C 56.03 ± 14.40 14.41 227 ± 48
PPO 63.72 ± 13.95 4.93 249 ± 31
SAC 65.62 ± 20.16 82.06 107 ± 89
G2P2C 64.33 ± 13.18 1.48 254 ± 22

Acronyms: A2C: Advantage Actor Critic, BBHE: Basal Bolus Human Error, BBI: Basal
Bolus Ideal, G2P2C: Glucose Control by Glucose Prediction and Planning, PPO: Proximal
Policy Optimization, SAC: Soft Actor Critic, TIR: Time In Range.

4. Results

4.1. RL analysis

G2P2C outperformed all RL algorithms in terms of TIR, failure, and
total reward metrics (Table 3). A2C and SAC performed the lowest,
where SAC had the highest failures (Fig. 5). PPO and G2P2C were the
best performing algorithms. However, G2P2C was able to improve the
safety by reducing the catastrophic failures to 1.62% and 1.48% in
the adult and adolescent cohorts respectively compared to 2.79% and
4.93% in PPO while also improving the reward performance.

G2P2C achieved a statistically significant (𝑃 < 0.05) total reward
improvement compared to PPO for 18 of the 20 subjects (Table 4).
The performance improvement was non-significant for Adolescent0 and
Adolescent4. Adolescent0 was the easiest to control under both RL-
based methods (280.79, 282.20) leaving no margin for improvement
for G2P2C. Adolescent6 (209.93, 231.97) was the hardest to control for
both RL algorithms. G2P2C gave the largest improvement in the total
reward performance for Adolescent6, where it achieved a total reward
of 231.97 compared to 209.93 in PPO.
8

The standard deviation of the total reward of the evaluation simula-
tions were reduced in 18 out of the 20 subjects (except for Adult5 and
Adult6) (Table 4); this behaviour is beneficial for the glucose control
task to reduce the uncertainty. The reduction in the standard deviation
was also visible through a qualitative analysis of the reward curves. The
reward curves present the learning behaviour of RL algorithms during
training (Figs. 5 and Appendix C for detailed results). The reduction
in the standard deviation was attributable to the effect of the planning
phase proposed in G2P2C. Initially, during training, the reward curves
had a similar standard deviation for both PPO and G2P2C (Figs. 5
and Appendix C for detailed results). However, the planning phase of
G2P2C was automatically initiated at approximately 200,000 learning
steps once the learned glucose prediction module (𝑀𝛱 ) achieved the
predefined accuracy threshold as described in Section 3.2. By analysing
the reward curves it can be observed that the standard deviation
began to reduce in G2P2C compared to PPO once the planning was
initiated. This reduction in the standard deviation was more promi-
nent in some subjects (e.g., Adult0, Adolescent0) compared to others
(e.g., Adult3, Adolescent6) (Figs. 5).

4.2. Analysis based on clinical metrics

For the adult cohort, G2P2C achieved a mean TIR of 72.69%, which
was higher than BBI (70.83%) and BBHE (69.79%). The improvement
was statistically significant (𝑃 < 0.05) compared to BBI (𝑟 = 0.09)
and BBHE (𝑟 = 0.14). The clinical performance of the candidate
algorithms based on T1D-related criteria are summarized in Table 5.
The improvement of G2P2C compared to BB methods were mainly
attributable to the reduction of the time in the hyperglycemic range
without an increase in the hypoglycemic zones. This is especially
important considering the fact that G2P2C included no prior meal
announcement. G2P2C, PPO, and BB treatment presented comparable
hyper- and hypoglycemic risk profiles, as demonstrated by the HBGI
and LBGI indices. In comparison to PPO, G2P2C achieved an improved
performance in all clinical metrics without any compromises while
also reducing the standard deviation. Finally, the RL-based algorithms
showed a higher failure rate compared to the standard treatment
methods. However, G2P2C managed to reduce the failure rate to 1.62%
compared to 2.79% in PPO.

For the adolescent cohort, G2P2C achieved a mean TIR of 64.33%
compared to 71.43% and 70.23% of BBI and BBHE. The difference
was mainly observable in the time spent in the severe hyperglycemia
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Table 4
Comparison of total reward for all subjects based on evaluation simulations for PPO
and G2P2C.

Subject PPO G2P2C Significance (PPO - G2P2C)

Adult0* 270.71 ± 12.74 275.03 ± 2.94 𝑃 < .001, 𝑟 = 0.34
Adult1* 275.60 ± 9.77 277.36 ± 2.85 𝑃 < .001, 𝑟 = 0.14
Adult2* 251.52 ± 42.69 264.73 ± 18.80 𝑃 < .001, 𝑟 = 0.44
Adult3* 255.48 ± 34.93 261.05 ± 28.40 𝑃 < .001, 𝑟 = 0.21
Adult4* 266.10 ± 26.53 272.81 ± 14.48 𝑃 < .001, 𝑟 = 0.51
Adult5* 253.94 ± 27.34 253.98 ± 42.61 𝑃 < .001, 𝑟 = 0.30
Adult6* 265.15 ± 21.62 265.87 ± 28.54 𝑃 < .001, 𝑟 = 0.22
Adult7* 272.93 ± 9.76 275.23 ± 5.11 𝑃 < .001, 𝑟 = 0.22
Adult8* 258.68 ± 18.04 262.61 ± 4.07 𝑃 < .001, 𝑟 = 0.19
Adult9* 266.28 ± 16.86 267.42 ± 3.10 𝑃 < .001, 𝑟 = 0.06
Adolescent0 280.79 ± 14.79 282.20 ± 1.49 𝑃 = .686, 𝑟 = 0.01
Adolescent1* 229.18 ± 19.20 235.09 ± 16.04 𝑃 < .001, 𝑟 = 0.30
Adolescent2* 258.27 ± 14.79 259.24 ± 9.92 𝑃 = .01, 𝑟 = 0.05
Adolescent3* 251.84 ± 21.35 259.44 ± 12.72 𝑃 < .001, 𝑟 = 0.42
Adolescent4 253.39 ± 21.53 253.93 ± 10.86 𝑃 = .831, 𝑟 = 0.00
Adolescent5* 259.45 ± 32.03 262.36 ± 26.89 𝑃 < .001, 𝑟 = 0.21
Adolescent6* 209.93 ± 36.20 231.97 ± 21.85 𝑃 < .001, 𝑟 = 0.44
Adolescent7* 231.91 ± 26.24 238.09 ± 9.08 𝑃 < .001, 𝑟 = 0.17
Adolescent8* 267.80 ± 12.48 268.13 ± 5.94 𝑃 < .001, 𝑟 = 0.09
Adolescent9* 249.40 ± 27.14 252.89 ± 24.62 𝑃 < .001, 𝑟 = 0.18

* Statistical significance (𝑃 < 0.05). The significance level, 𝑃 = 0.05, The effect size,
𝑟 > 0.1: small effect, 0.3 < 𝑟 < 0.5: moderate effect, 𝑟 > 0.5: large effect. Acronyms:
G2P2C: Glucose Control by Glucose Prediction and Planning, PPO: Proximal Policy
Optimization.

zone, while the time in the hypoglycemic zones was not heavily af-
fected. This was reflected in the hyper- and hypoglycemic indices,
with the RL-based algorithms maintaining a moderate-risk profile in
terms of HGBI (10.0≤HGBI≤15 [57]) and a low-risk profile in terms of
LGBI(1.1≤LGBI≤2.5 [57]). The RL-based algorithms presented higher
failure rates compared to the BB treatment methods. In this respect,
the contribution of G2P2C was outstanding in reducing the failure rates
compared to PPO with 1.48% and 4.93% failure rate respectively.

The insulin administration strategies learned by the RL-based al-
gorithms were much more complex compared to the BB strategies
(Appendix D). This highlights the importance of focussing on the
explainability of RL-based APSs. Example simulated glucose control
trajectories for the candidate algorithms focusing on Adolescent0 are
presented in Appendix D. An online demonstration tool named CAPSML
(https://capsml.com/), released as part of this study, can be used to
run custom simulations for the in-silico T1D subjects to visualize the
performance of the candidate algorithms on custom simulations.

5. Discussion

In this study, we proposed a novel algorithm, named G2P2C, for
glucose control in T1D which (1) provides fully-automated insulin infu-
sion estimates, including both basal and bolus, and (2) does not require
meal announcement and CHO estimation. We introduced two novel
phases to the state-of-the-art RL algorithm PPO, namely, model learning
and planning, to address the challenges of complex dynamics; partial
observability; high inter- and intra-population variability; safety; and
unknown delays and disturbances associated with glucose control. We
evaluated the clinical performance of G2P2C based on a number of
T1D-related metrics and compared with standard treatment methods
commonly used in clinical practice and state-of-the-art RL algorithms.

Principal Findings. G2P2C outperformed all the state-of-the-art RL
algorithms in terms of TIR, failure, and reward metrics (Table 3),
while PPO and G2P2C were the best performing RL algorithms (Fig. 5).
However, G2P2C was able to improve safety by reducing catastrophic
failures compared to PPO while also improving reward performance.
G2P2C improved the reward performance of all 20 subjects while
achieving statistically significant (𝑃 < 0.05) improvements for 18
subjects. G2P2C achieved a higher TIR of 72.69% for the adult cohort
compared to BBI (71.02%) and BBHE (69.78%) while eliminating the
need for CHO estimation and meal announcement, upon which both BB
9

methods rely. The improvement was statistically significant (𝑃 < 0.05)
ompared to BBI (𝑟 = 0.09) and BBHE (𝑟 = 0.14). For the challenging

adolescent cohort, it achieved a TIR of 64.33%, which can be further
improved compared to the gold standard benchmark. However, the
performance comparison should account for G2P2C receiving no prior
information about upcoming meals. We provided a comprehensive
clinical analysis and example glucose simulation graphs in Table 5 and
Appendix D.

Optimization Objective. A2C, PPO, and SAC were designed based
on an long horizon standard RL objective to reflect the clinical goal in
T1D to improve the TIR. However, we observed that optimizing only
for the long horizon was insufficient as they resulted in catastrophic
failures in the short-term. Hence, we introduced a planning phase in
the G2P2C algorithm to focus on the short horizon. The planning phase
used the learned glucose dynamics model in the model learning phase,
to simulate short-term trajectories and fine-tuned the learned policy
for the short horizon. The fine-tuning of the policy to the short-term
improved the performance in G2P2C while reducing the variability in
performance (Fig. 5). We designed G2P2C using an average reward
RL objective compared to the popular discounted RL setting. This was
due to the high glucose variability observed among subjects (Adoles-
cent0 was the easiest, while Adolescent6 was the hardest to control
(Table 4)), which required personalized tuning of the discounting rate
to learn satisfactory control policies.

Characteristics of G2P2C. G2P2C improved the sample efficiency
by re-using collected experiences and facilitating a simulation-based
exploration of the glucose state space using the learned model. This
should be beneficial in real-world online learning applications where
real experience is limited to tune the policy. The learned glucose
dynamics model in G2P2C could also be valuable in feature distillation
between the actor and critic networks, and in designing safety modules
for an APS (e.g., to predict future high/low blood glucose events).

Comparison with Previous Work. Research on glucose control of-
ten benchmarks the performance of algorithms with standard clinical
treatment approaches and guidelines, as presented above in this work.
Comparisons with prior work are rare and complicated due to the
different cohorts, protocols, and simulator versions used (please refer
to Table 8 in Appendix E for further details), and the unavailability of
the algorithm and simulator codebases/software. Despite differences in
their methodology and for the sake of a more thorough assessment, we
have included a comparison of our proposed algorithm’s performance
with previous work in terms of TIR (Table 6). In our comparison, we
consider RL-based fully autonomous systems as well as the study [64],
which proposed a RL-based hybrid method.

In order to make meaningful comparisons with previous work,
it is important to first discuss the essential differences among the
presented studies. One of the main differences relates to the type of
population used for the algorithmic assessment. Some previous studies
have only considered handpicked individual subjects [60] or adult-
only cohorts [67]. [66] has considered child, adult, and adolescent
cohorts, however, reports the overall median TIR values. [64] has
used the adolescent and adult cohorts and presented the mean TIR
for each cohort. In our work, we have also used both adolescent
and adult cohorts and assessed our algorithm’s performance separately
for each. This is particularly important as we have seen that the
adolescent cohort is much harder to control than the adult cohort.
Another important difference among studies is related to the level
of complexity of the testing meal protocol. Some studies have used
meal protocols with reasonably low CHO contents [60,66] while oth-
ers have focused on more challenging meal protocols with 180 g of
CHO daily [64,67]. Similar to those, in this work, we have used a
high CHO meal scenario. Finally, all the reported studies have used
the UVA/PADOVA simulator, which was originally designed based on

the MATLAB framework [88]. However, previous studies have used

https://capsml.com/
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Table 5
Clinical performance comparison for candidate algorithms. The median, inter-quartile range followed by the mean (standard deviation) are presented.

Method Failure Severe Hypo. Normo. (TIR) Hyper. Severe RI LBGI HBGI
(%) Hypo. (%) (%) (%) (%) Hyper. (%)

Adult

BBI 0.39 0.03† 0.00 70.83 26.74 0.00 7.68 0.81 6.72
0.00-0.00* 0.00–0.00 61.46–79.17 19.79–34.38 0.00–0.00 6.07–9.38 0.28–1.68 4.97-7.94
0.03(0.23)‡ 0.67(2.11) 71.02(11.29) 27.18(10.59) 1.10(3.33) 8.35(4.05) 1.33(1.60) 7.02(2.79)

BBHE 0.35 0.00 0.00 69.79 28.47 0.00 7.62 0.41 6.92
0.00–0.00 0.00–0.00 60.42–78.47 21.18–35.42 0.00–0.00 5.78–8.69 0.11–0.93 5.11-8.11
0.02(0.20) 0.42(1.50) 69.78(11.29) 28.66(10.81) 1.12(3.32) 8.00(3.74) 0.88(1.37) 7.11(2.67)

A2C 9.11 0.00 0.00 58.68 23.61 14.24 12.07 0.54 10.50
0.00–0.00 0.00–1.04 48.82–68.75 17.36–29.51 6.25–22.92 9.15–15.90 0.03–2.64 7.41-13.95
0.84(2.93) 1.48(3.56) 59.06(14.31) 23.12(9.95) 15.49(11.95) 13.15(5.77) 2.14(3.43) 11.00(5.44)

PPO 2.79 0.00 0.00 69.44 26.74 0.00 9.56 0.89 8.05
0.00–0.00 0.00–1.04 62.15–76.04 21.18–32.64 0.00–4.86 6.89–12.04 0.28–2.17 5.86-10.10
0.19(1.04) 1.31(3.14) 69.12(10.53) 26.72(9.27) 2.65(3.76) 9.79(3.66) 1.64(2.11) 8.14(3.05)

SAC 59.49 2.64 2.86 66.67 12.85 1.77 14.69 7.25 6.01
0.00–8.45 0.00–7.83 45.83–78.95 0.00–22.92 0.00–27.08 10.90–21.82 1.27–12.07 1.44-16.06
5.31(6.86) 5.11(6.17) 61.76(21.01) 13.13(12.25) 14.69(19.70) 17.39(9.11) 7.27(5.69) 10.12(10.55)

G2P2C 1.62 0.00 0.00 72.57 23.96 0.00 9.00 1.04 7.42
0.00–0.00 0.00–1.04 66.32–79.86 18.75–29.51 0.00–3.82 6.21–11.04 0.43–2.14 5.18-9.35
0.13(0.89) 1.21(2.78) 72.69(9.53) 24.10(8.39) 1.88(2.74) 8.94(3.18) 1.58(1.74) 7.36(2.60)

Adolescent

BBI 0.00 0.00 0.00 67.71 24.65 0.00 7.93 0.43 7.56
0.00–0.00 0.00–0.00 63.54–76.39 18.75–32.64 0.00–9.72 5.21–14.10 0.09–1.40 5.04-12.26
0.02(0.22) 0.45(1.30) 71.43(12.31) 24.62(11.73) 3.48(5.30) 9.26(4.83) 1.07(1.57) 8.19(3.78)

BBHE 0.00 0.00 0.00 66.67 25.69 0.00 8.06 0.21 7.94
0.00–0.00 0.00–0.00 63.19–73.26 19.10–34.72 0.00–10.07 5.68–14.11 0.01–0.87 5.67-12.59
0.00(0.01) 0.21(0.81) 70.23(12.52) 25.78(12.31) 3.78(5.55) 9.15(4.51) 0.69(1.11) 8.46(3.82)

A2C 14.41 0.00 0.00 54.86 16.32 26.04 17.55 0.49 16.07
0.00–0.00 0.00–0.69 46.88–62.38 11.46–22.22 17.36–34.72 13.33–23.22 0.01–2.32 11.90-21.67
0.83(3.04) 1.55(3.84) 56.03(14.40) 16.57(8.30) 25.03(14.35) 18.03(7.12) 1.94(3.16) 16.09(7.60)

PPO 4.93 0.00 0.00 60.42 24.65 8.68 14.66 1.21 12.75
0.00–0.00 0.00–1.39 54.17–70.14 19.79–30.56 4.51–18.06 11.16–20.63 0.49–2.45 9.73-18.84
0.16(0.94) 1.42(3.11) 63.72(13.95) 23.93(9.63) 10.77(8.59) 15.40(6.67) 1.82(1.99) 13.58(6.55)

SAC 82.06 4.70 4.94 71.43 3.12 0.00 14.83 9.13 3.06
1.01–11.54 1.04–9.38 56.25–80.25 0.00–17.50 0.00–17.78 11.62–21.47 4.19–12.62 1.01-13.85
6.85(7.00) 6.26(6.15) 65.62(20.16) 9.99(12.56) 11.27(16.79) 16.95(7.49) 8.46(5.35) 8.49(9.78)

G2P2C 1.48 0.00 0.00 60.76 24.65 7.64 14.29 1.17 12.24
0.00–0.00 0.00–1.04 55.56–70.14 20.49–30.56 4.17–18.75 11.20–20.74 0.52–2.26 9.75-19.48
0.09(0.64) 1.15(2.57) 64.33(13.18) 24.29(9.28) 10.14(7.83) 15.10(6.50) 1.65(1.64) 13.45(6.23)

† Median, * Inter-quartile range,‡ Mean(Standard Deviation). Acronyms: A2C: Advantage Actor Critic, BBHE: Basal Bolus Human Error, BBI: Basal Bolus Ideal, G2P2C: Glucose
ontrol by Glucose Prediction and Planning, HBGI: High Blood Glucose Index, LBGI: Low Blood Glucose Index, PPO: Proximal Policy Optimization, RI: Risk Index, SAC: Soft Actor
ritic, TIR: Time in Range.
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ifferent versions and implementations of the simulator. This is mainly
ue to the lack of support extended by existing simulators for the
ntegration with the Python framework [89] which is predominantly
sed for designing RL algorithms due to its favourable characteristics
e.g., the ability to simulate parallel environments and use existing
achine learning frameworks). Hence, [64,67] have used independent

ustomized platforms based on the UVA/PADOVA simulator while [66]
as adopted an open-source version. In our work, we used the open-
ource version to ensure the reproducibility of our work. [64,67] are
he most comparable to this study due to the similar challenging meal
rotocol used. Compared to [64], which is a hybrid approach, G2P2C
mproved the performance in both the adult and adolescent cohorts.
owever, the performance on the adult cohort was less than [67]. The
valuation trials conducted were different in these studies, where [64]
sed a 10-day simulation for each subject without multiple repetitions,
hile [67] conducted seven random daily trials, as opposed to 1,500

andom daily trials performed in our study. The catastrophic failure
ate was not presented in [64,67] studies, while [66] reported a FR of
%. However, they defined failures as simulations where glucose levels
re ≤ 5 mg/dL. In contrast, in our work, we defined a much stricter
R where glucose levels ≤ 40 mg/dL or ≥ 600 mg/dL were considered
ailures. The lack of appropriate benchmarks in this field of research is
hurdle towards meaningful comparisons.
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Limitations and Future Work. The successful real-world application
of the proposed G2P2C algorithm requires further research on the
areas of safety, personalization, transferability of the in-silico learned
trategy to real life, and explainability of the control strategy. We
ave considered all these aspects in the design of G2P2C and reserve
hem for future work. Specifically, we aim to improve the safety of the
lgorithm by using the learned glucose dynamics model to design a
afety module. The impact of the model error of the learned glucose
ynamics model on the control performance was not analysed in this
tudy. We reserve it for future work along with the exploration of the
ffect of using glucose prediction for different time-horizons (e.g., 30,
0 min), in contrast to the one-step (5 min) ahead predictions used
n this study. An inter- and intra-population variability in the control
erformance was observed in this study. Designing a reward function,
hich reflects individual subject characteristics is expected to benefit

n personalizing G2P2C to learn better control strategies, which we
xplore in future work. The common reward function used across the
ubjects in this study limits the capacity of the algorithm to learn

more personalized treatment strategy. The transferability requires
ufficient real-world training, which could be infeasible and extremely
angerous to be conducted on-line. In future work, we explore the use
f off-line patient data to fine-tune the glucose dynamics modules in
2P2C to learn personalized glucose dynamics of the target subject
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Table 6
Comparison of G2P2C with previous work on RL-based APSs.

Study System Performance† Meal Protocol‡ Simulator

Adults Adolescents Average daily
TIR TIR CHO (𝑔)

Fox and Wiens [60]𝑎
SAC FA Full cohorts Low CHO Meals Simglucose 2018

not considered (values not provided) (UVA/PADOVA 2008)

Fox et al. [66]𝑏
SAC (RL-MA) Hybrid* 77.12 Low CHO Meals Simglucose 2018
SAC (RL-Scratch) FA 72.68 (values not provided) (UVA/PADOVA 2008)

Lee et al. [67]
PPO FA 89.30 ± 4.19 – 180 Custom platform based

on UVA/PADOVA 2013

Lim et al. [64]𝑐
SAC Hybrid* 65.93 ± 17.29 62.20 ± 19.99 180 Custom platform based

(157.5-202.5) on UVA/PADOVA 2013

Our Work
PPO FA 69.12 ± 10.53 63.73 ± 13.95 180 Simglucose 2018
G2P2C FA 72.69 ± 9.53 64.33 ± 13.18 (UVA/PADOVA 2008)

*Hybrid system (require at least meal announcement).
†Metrics: 𝑎Experiments were conducted only on three handpicked subjects. The TIR results are presented as mean±std for
Lee et al. [67], Lim et al. [64], and our work. The median TIR is presented for Fox et al. [66]. 𝑏Results presented as the
median TIR for all cohorts. This is the only RL-based study with the Child cohort.
‡Meal Protocol: 𝑎,𝑏 Protocols with low CHO meals were considered (values not provided), 𝑐Meal intake information required,
scenario with multiple small meals is used (40𝑔, 50𝑔, 20𝑔, 50𝑔, 20𝑔 ±12.5%).
Acronyms: APS: Artificial Pancreas Systems, CHO: Carbohydrate, FA: Fully Autonomous, G2P2C: Glucose Control by Glucose
Prediction and Planning, MA: Meal Announcement, PPO: Proximal Policy Optimization, RL: Reinforcement Learning, SAC: Soft
Actor Critic.
nd safe-methods towards transferability. A fundamental limitation to
esearch in the area of RL-based glucose control algorithms is the
estrictions present in current T1D simulators. We aim to incorporate
he latest version (2018) of the UVA/PADOVA simulator in our future
xperiments. Furthermore, this study was limited to the adolescent and
dult cohorts of the simulator due to compute resource limitations. In
ur future work, we aim to extend the proposed method to the child
ohort.

In our envisioned future work, we will prioritize on designing tools
nd methods to improve the explainability of G2P2C. As a first step,

as part of this paper, we have provided an online demonstration tool
(https://capsml.com/, Appendix F) of G2P2C for users to experiment
with the algorithm and compare its performance with clinical treatment
strategies for custom simulations.

6. Conclusion

In this research, we have proposed G2P2C, an RL-based APS, for the
challenging glucose control problem in people with T1D. In G2P2C, we
have introduced a model learning phase that is beneficial to capturing
the glucose dynamics of the target T1D subject and a planning phase
that optimizes for the short-term resulting in a control strategy that im-
proves safety. We empirically demonstrated that G2P2C improves TIR
performance and safety compared to the benchmarked state-of-the-art
RL algorithms while showing clinically promising results. To facilitate
the development of RL-based APSs, we open-source the codebase of
G2P2C (https://github.com/chirathyh/G2P2C) and provide an online
demonstration tool for G2P2C (https://capsml.com/). This research is
expected to be valuable for the T1D diabetes community through the
exploration of solutions to reduce the cognitive burden and for the RL
community through the development of new RL algorithms targeting
real-world applications. The control performance and algorithmic char-
acteristics of G2P2C show promise as a candidate algorithm for glucose
control in APSs.

7. Software and data

We provide the source code and an online demonstration tool of
G2P2C under the MIT license.
11
• Source code and experimental data: https://github.com/chirathy
h/G2P2C.

• Online demonstration tool for G2P2C, where custom simulations
can be performed: https://capsml.com/
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Appendix A. Neural network architectures

G2P2C. The feature extractor modules 𝐸𝛱 and 𝐸𝑉 each consisted of a single-layer Long Short-Term Memory (LSTM) network [76] with 16 hidden
units. The 𝜋 and 𝑣 modules consisted of 3 dense layers with 32 units each, while 𝑀𝛱 , and 𝑀𝑉 modules consisted of 1 dense layer with 16 units.
The networks were implemented using PyTorch [78] and optimized using the Adam optimizer [90]. ReLU activation functions were used in the
two networks, while the final layer of the 𝜋 module used 𝑡𝑎𝑛ℎ and sigmoid activation functions to predict the mean and standard deviation of
the policy. The final action was clipped to [−1, 1]. The 𝑀𝛱 , and 𝑀𝑉 modules used 𝑡𝑎𝑛ℎ and softplus activation functions to predict the mean and
standard deviation of the glucose prediction respectively.

The architecture of A2C & PPO algorithms were similar to G2P2C, with the only difference of having no 𝑀𝛱 , and 𝑀𝑉 modules present. The
SAC algorithm used a similar Actor Network (𝛱𝜃). However the gaussian policy implemented was unbounded and an invertible squashing function
used as presented in the original work of Haarnoja et al. [36]. The Critic-Network (𝑉𝜙) was modified to have two Q-value modules and two target
modules. Each of these modules had dense layers similar to the 𝑣 modules (see Fig. 6).

Fig. 6. Schematic diagram of actor and critic networks.

Appendix B. Hyperparameters

The PPO and A2C algorithms used an appropriate subset of the hyperparameters used for G2P2C (see Table 7).

Table 7
Hyperparameters for candidate RL algorithms.

Hyperparameter Symbol Value

Shared
Sample time 5 min
Glucose sensor Guardian RT
Insulin pump Insulet
Augmented state history 𝑘 12 (1-h)
Total number of steps 𝐼𝑡𝑜𝑡𝑎𝑙 800,000
Optimizer Adam [90]

G2P2C
Batch size of policy and value update 1,024
Batch size of model learning and planning update 1,024
Number of steps per rollout 𝑛𝑟𝑜𝑙𝑙𝑜𝑢𝑡 256
Number of workers 𝑤 16
Data buffer (𝐷) size 𝑁𝐷 𝑛𝑟𝑜𝑙𝑙𝑜𝑢𝑡 ⋅𝑤
Auxiliary buffer (𝐵) size 𝑁𝐵 25,000
No. of policy epochs/value epochs/model learning epochs 𝐸𝛱 , 𝐸𝑉 , 𝐸𝑀 5
No. of planning epochs 𝐸𝑝𝑙𝑎𝑛 1
Entropy Coefficient 𝛽𝑠 0.001
Penalty Coefficient aux-policy/aux-value 𝛽1 , 𝛽2 0.01
Learning rate of policy/value/model learning/planning 𝛼2 , 𝛼3 , 𝛼4 , 𝛼5 3 x 10−4

PPO clip range 𝜖 0.1
Target Kullback–Leibler divergence (𝑑𝐾𝐿) threshold 𝑑𝑡𝑎𝑟𝑔𝑒𝑡 0.01
Target glucose prediction error threshold 𝑒𝑡𝑎𝑟𝑔𝑒𝑡 15 mg/dL
Planning trajectories 𝑚 50 (per state)
Planning horizon 𝑛𝑝𝑙𝑎𝑛 6 (30-min)

SAC
Replay buffer size 100,000
Discount 0.997
Batch size 256
Learning Rate 3 x 10−4

Target smoothing coefficient 0.005
Target update interval 1
Gradient steps 1
Initial entropy coefficient 0.1
12
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Appendix C. Training results of RL algorithms

See Figs. 7 and 8.

Fig. 7. Training curves for the in-silico Adult cohort. Mean and standard deviation of the total reward achieved against environment steps for evaluation simulations are presented.
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Fig. 8. Training curves for the in-silico Adolescent cohort. Mean and standard deviation of the total reward achieved against environment steps for evaluation simulations are
presented.
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Appendix D. Example glucose control simulations for candidate algorithms

The Fig. 9 represent simulations for a period of 24 h using candidate glucose control algorithms for subject Adolescent0. The glucose sensor
measurements (blue) and meal events (red) are presented in the top, while the insulin action (green) of the candidate algorithm is illustrated by the
bar chart below. The clinical objective is to improve the time spent in the normoglycemic range (Time in Range — TIR) highlighted in light green
while minimizing the time spent in hypoglycemic/hyperglycemic ranges and avoiding the severe-hypoglycemic/severe-hyperglycemic ranges.

Fig. 9. Example glucose control simulations for candidate algorithms.
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Fig. 9. (continued).
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Appendix E. Type 1 Diabetes simulators/models

See Table 8.

Table 8
A comparison of simulators available for glucose regulation.

Simulator (Study Reference) FDA-Approved Availability Platform and ML Integration

UVA/PADOVA 2008 [12], Yes Commercial MATLAB
2013 [57], 2018 [91] Limited ML Integration

Simglucose (2018) [56] Implementation of Open-source Python
FDA-approved Leverage existing
UVA/PADOVA(2008). ML frameworks

Horvorka’s Model (2010) [92] No Equations available Not Applicable
for implementation

T1D VPP (2019) [93] No Open-source MATLAB
Limited ML Integration

mGIPsim (2019) [94] No Private Unknown

Acronyms: FDA: Food and Drug Administration, T1D VPP: Type 1 Diabetes Virtual Patient Population.

Appendix F. Tutorial: Understanding and evaluating G2P2C using CAPSML

CAPSML (https://capsml.com/) is a tool where you can define a custom meal protocol and try out different control algorithms. You can explore
RL-based Glucose control algorithms and compare their performance with basal-bolus clinical treatment methods. A demonstration video of CAPSML
can be accessed at https://youtu.be/JO5MkPCuqCw. The simulations can be conducted by following the steps highlighted below:

Step 1: The Simulator. The simulations are based on the UVA/PADOVA model, which is currently the only FDA-approved simulator. We use
an opensource simulator Simglucose which uses the UVA/PADOVA 2008 model. The simulator includes models of commercially available insulin
pumps and glucose sensors and allowed for the definition of different meal protocols and selection of T1D subjects for simulations (Note: The
simulations are configured to use the Insulet pump and the GuardianRT glucose sensor, with a sample rate of 5 min) (see Fig. 10).

Fig. 10. Simulator Setup.

Step 2: Select an in-silico T1D Subject. The simulator comprises of a cohort of 30 in-silico subjects of three age categories (adults, adolescents,
and children). The cohorts represents the patient variability found in a real T1D population, making meaningful statistical results available for the
evaluation. You can select in-silico subjects from the Adult and Adolescent cohorts.

Step 3: Select a Control Algorithm. We have implemented an ideal basal — bolus control strategy with perfect meal information and 20 min ahead
meal announcement named BBI and a basal bolus strategy with human error (BBHE). These strategies are based on patient-specific characteristics
provided by the simulator (e.g., Total Daily Insulin, Carbohydrate Ratio). Basal insulin is continuously infused using the pump and correction and
meal bolus doses are calculated automatically. We have implemented state-of-the-art reinforcement learning algorithms: A2C, PPO, and SAC. We
also provide our novel algorithm named G2P2C (Glucose Control by Glucose Prediction and Planning). The RL-based algorithms (A2C, PPO, SAC,
and, G2P2C) does not require meal announcements or carbohydrate estimation information.

Step 4: Setup a Meal Protocol. You can setup a custom meal protocol by selecting the meal time (24 h time format) and the carbohydrate content
of the meals (grams). Currently the simulations support 3 meals (breakfast, lunch, and dinner).

Step 5: Run the Simulation. Once the parameters for the simulation is set, please press run. After the simulation concludes the simulated glucose
trajectory will be displayed (see Fig. 11).
17
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Fig. 11. Sample Glucose Trajectory.
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