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Abstract— Type 1 diabetes is a growing global health chal-
lenge. Standard clinical practice often relies on manual insulin
injections, which can lead to suboptimal glucose regulation.
Recent advancements have shifted focus towards Artificial
Pancreas systems, integrating continuous glucose monitoring
with automated insulin delivery. This work presents a quanti-
tative comparison of four Deep Reinforcement Learning algo-
rithms for autonomous glycemic regulation via insulin injection:
DDPG, PPO, SAC, and TD3. The validation is conducted using
the Hovorka model, in presence of uncertainties on number,
time and amount of meals. Results show that all four controllers
are able to maintain blood glucose levels within the target
range. The TD3 algorithm outperforms the others in terms
of several key performance indicators such as time in range,
time in hypo/hyperglycemia and total insulin usage, while also
exhibiting fewer hyperglycemic episodes compared to prior
works in academic literature.

Index Terms— Type 1 Diabetes, Insulin, Deep Reinforcement
Learning, DDPG, PPO, TD3, SAC.

I. INTRODUCTION

Diabetes is currently one of the major concerns in health-
care, since it affects approximately 420 million people in
the world, and this number is expected to double before
2030 [1]. Type 1 diabetes (T1D) is a chronic disease,
characterized by the destruction of pancreatic beta cells due
to an autoimmune response [2]. This leads to complete
dependency on endogenous insulin injection in order to
prevent hyperglycemia, that leads to cardiovascular diseases
and blindness, and hypoglycemia, that leads to coma and
ultimately death. A safe and effective glycemic regulation
keeps blood glucose concentration in the healthy range
70 — 180 mg/dl. Patients still need to try and perform
such regulation by estimating and administrating insulin by
themselves: this inherently yields risks, due to over/under
estimation of meal intake, and unpredicted physiological
variations, among others. An attempt to overcome these risks
led to the development of the Artificial Pancreas (AP) [3],
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that is a medical device composed of a continuous glucose
monitoring system, an insulin pump and a closed-loop con-
trol algorithm which, based on glycemic readings, adjusts the
insulin infusion in order to maintain blood glucose concen-
tration in normoglycemia. Several control approaches have
been proposed for AP systems. The Proportional-Integral-
Derivative (PID) algorithm calculates the insulin dosage
based on the weighted sum of its PID terms [4]; however,
it requires precise parameter tuning to manage individual
variability effectively and the algorithm often overestimates
insulin needs during large post-prandial peaks, increasing the
risk of hypoglycemia [4]. Model Predictive Control (MPC)
optimizes the insulin dosage via a receding horizon approach
based on a known or estimated system model to predict the
future system outputs (i.e., glycemic levels) over a finite
prediction horizon. At each step, MPC selects the optimal
sequence of control actions (i.e., the insulin dosages) over the
horizon, by applying only the first action. The process is then
repeated, shifting the prediction horizon forward [5]. Both
linear [6] and nonlinear [7] approaches have been used in a
number of studies to investigate MPC-based blood glucose
regulation, proving the latter to operate reliably even when
there are small random disturbances like exercise, stress, and
exhaustion [8]; in both cases a reliable model of the system
is required together with a high computational burden caused
by real-time optimization [9]. Valuable results [10] have
also been achieved through Fuzzy-logic based AP, which
rely on expert-developed rule-based policies that explicitly
state when and how much insulin to infuse as needed. This
approach holds great potential for supervising other training-
based control algorithms and enhancing safety, but struggles
handling unexpected emergency conditions.

Recently, Reinforcement Learning (RL) is gaining promi-
nence in various healthcare applications, including diabetes
management. It has been proposed as a valid framework for
fully automated closed-loop insulin delivery systems [11]—
[14]. RL overcomes the problem of the need of a reliable
model of the system, whose precision is crucial especially
in a safety-critic context like the one of T1D control.

To the best of the authors’ knowledge, this is the first
work performing a quantitative comparison of several differ-
ent Deep Reinforcement Learning (DRL) algorithms in the
context of AP.

The main contributions of this work are summarized as
follows:



e Four continuous controllers based on DRL are devel-
oped for the problem of autonomous insulin regulation
for patients suffering from T1D;

o The proposed controllers are validated through several
in-silico simulations on the Hovorka model, incorpo-
rating noisy meal disturbances to realistically represent
variability of meal intake;

o The performances of the proposed controllers are com-
pared in terms of key diabetes control metrics and
training time.

The remainder of the manuscript is organized as follows:
Section II introduces the proposed control methodologies;
Section III describes the Hovorka dynamical model of a pa-
tient suffering from T1D; Section IV presents and discusses
the in-silico simulations performed in order to validate the
proposed controllers; finally, Section V draws conclusions
and outlines future research directions.

II. RECALLS ON MARKOV DECISION PROCESSES AND
DEEP REINFORCEMENT LEARNING

Reinforcement Learning (RL) is a subfield of Machine
Learning focusing on training intelligent agents to perform
actions over a dynamical environment, based on observations
and rewards [15]. The environment is formalized in the form
of a Markov Decision Process (MDP), a model for sequential
decision making when outcomes are uncertain. Said model
satisfies the Markov property, i.e., its future evolution is
independent of its history.

Formally, an MDP is defined by the tuple (S, A, P, R,7),
where:

o S is the set of states.

o A is the set of actions.

e P = P(s'|s,a) is the probability that the system

transitions from state s to state s’ upon selecting action
a.

e R(s,a,s’) is the instantaneous reward received by the
agent after transitioning from state s to s’ as a result of
executing action a.

e v €[0,1) is the discount factor, which determines the
agent’s preference between immediate rewards (y ~ 0)
and future rewards (y ~ 1).

The goal in an MDP is to learn an optimal policy 7 : S — A
to maximize the expected discounted sum of instantaneous
rewards over a potentially infinite horizon, known as the
state-action value function Q(s,a):
oo
Q(s,a) =E Z’ththo =s,a0 =al . (1)
t=0

RL algorithms can be exploited to solve MDP-related
problems, without assuming the complete knowledge of
P. DRL extends traditional RL by leveraging deep neural
networks to efficiently approximate complex mappings be-
tween high-dimensional states, actions, and rewards. This
enables more effective learning of optimal control policies,
particularly in environments with intricate and large-scale
state spaces [16]. In the following, some recalls of the four
DRL procedures involved in this study are provided.

A. DDPG

Deep Deterministic Policy Gradient (DDPG) is an off-
policy reinforcement learning algorithm designed for con-
tinuous state and action spaces. Introduced in [17], DDPG
combines elements of Deep Q Networks (which approximate
the Q function in (1) using neural networks) and Policy Gra-
dient Methods (which directly optimize the control policy).
Unlike stochastic approaches, DDPG exhibits a deterministic
nature after training, as no randomness is involved in action
selection.

The algorithm employs an Actor-Critic framework, where
the actor j14 selects actions, and the critic ()4 evaluates them.
To enhance training stability, it utilizes also a target actor pg-
and target critic Q4 networks. Learning is carried out using
past experiences stored in a Replay Buffer D, minimizing
the loss functions of the critic network
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and updating the actor policy using the sampled policy
gradient

1
Vol ~ Z VaQs Vot (3)

where 0,6’ ¢ and ¢’ represent the weights of the actor,
target actor, critic, and target critic networks, respectively.
By leveraging stored experience instead of directly relying
on the current policy, DDPG improves learning efficiency
and stability.

B. PPO

Proximal Policy Optimization (PPO) is a policy gradient
method designed for stable and efficient reinforcement learn-
ing [18]. It employs a clipped surrogate objective function
to constrain policy updates, preventing drastic parameter
changes and improving stability. PPO estimates the advan-
tage function, defined as A, = Q; — V;, to guide policy
updates. The optimization problem maximizes:

LCLIP<9) = Et [Hlll’l (rt(H)At, clip(rt(Q), 1-— €, 1 + E)Atﬂ s
“)

mo(atlst) and e is a hyperparameter control-

o (at]St)
ling the clipping range [1 — €,1 + €] to avoid large policy
updates. PPO adopts an Actor-Critic framework, where the
actor updates the policy and the critic estimates the state-
value function. The final objective function includes an
entropy term for exploration and a squared-error loss for
value estimation:

where r4(0) =

Lppo = Lerp — c1Lve + 2, @)

where Lyg is the value function loss, S is the entropy
bonus, and ¢y and cy are hyperparameters that balance the
importance of the value function loss and entropy bonus.



C. TD3

The Twin Delayed Deep-Deterministic Policy Gradient
(TD3) algorithm was firstly introduced in [19], to overcome
one of the main disadvantages of DDPG, i.e., the learned
ability to overestimate Q values, leading to significant errors
in the Q function, until policy breaking. TD3 learns two
critic functions, Q¢, and @4, — from this the term “twin”
— setting the minimum Q-value of these two as a target for
the Bellman error loss function, i.e.:

Yy=r-+- IE%HQ Q(i); (5/7 a/(sl))7 (6)

where a’(s") is the target action generated with smoothing
and @, is one of the two target critic networks. Moreover,
this method, by delaying the update of policy networks,
allows the Q-functions to stabilize first and to reduce the
likelihood of high variance and instability in the policy.
Another relevant failure mode regards DDPG target policy
which exploits sharp peaks in the Q-function that may arise
due to approximation errors; instead, in the TD3 framework,
a Gaussian clipped noise is added to the target actions, while
computing the Q-value targets, resulting in a smoother Q-
function.

D. SAC

Soft Actor-Critic (SAC) is an off-policy RL algorithm
designed for continuous control tasks [20]. It extends dis-
crete RL by incorporating entropy maximization. The actor
network outputs a squashed Gaussian policy:

mo(s) = tanh(pg(s) + og(s) <€), e~N(0,1) (7)

which bounds actions between [—1,1]. The critic network
learns the Q-values by minimizing the following loss:

Lo =E[(Q4(s,a) —y)?], (8)

where the target is given by:
y=r+7y(min Q,(s'a’) + al(m)). )

H () represents the so-called entropy bonus, that encourages
exploration, while the parameter « controls the exploration-
exploitation trade-off.

SAC’s instability with deep networks is linked to gradient
explosions when the actor updates through the critic. Spectral
normalization stabilizes training, enabling larger networks
and improving performance [20].

III. SYSTEM MATHEMATICAL MODELING

The Hovorka model effectively describes the blood
glucose-insulin regulatory system [21].
The glucose absorption subsystem is given by:

D
Dy = AgD — =X,
TG
D, (10)
D2 = — — UG7
el

where Ug = Dy /7¢.

TABLE I
VARIABLES OF THE HOVORKA MODEL

Variable Description Unit

Q1 Amount of glucose in main blood mmol
stream

Q2 Amount of glucose in peripheral tis- mmol
sues

S1 Amount of insulin in compartment 1 mU

So Amount of insulin in compartment 2 mU

I Plasma insulin concentration mU/L

T Remote effect of insulin on glucose -
distribution

X9 Remote effect of insulin on glucose —
disposal

T3 Remote effect of insulin on endoge- —
nous glucose production

D CHO eating rate (disturbance) [mmol/min]

u Insulin injection (control action) U/min

G Blood glucose conc. (measurable out- mg/dL
put)

The glucose subsystem is given by:
Q1 = —(Forc + Fr) — 21Q1 + k12Q2 + Ug
+ max(EGPy(1 — z3),0),
Q2 = 11Q1 — (k12 + 72)Qs,

where the measurable output of the system, namely the
blood glucose concentration, is given by:

(1)

12)

it G > G,

13
otherwise. (13)
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The insulin subsystem is given by:
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where U[ = 52/7'[.
The insulin action subsystem is given by:

1 = kpid — ka121,
To = kol — ka272, (15)

&3 = kpzl — ka33.

The variables and parameters of the model are illustrated
in Table I and Table II, respectively.

Note that the mathematical model is unknown to the DRL
agents, since it is only used as the (black-box) environment
that generates outputs based on the given inputs.

This system translates to the MDP framework in the
following way: the state space is S = {G,d}, where § is



TABLE I
PARAMETERS OF THE HOVORKA MODEL

Parameter  Description Unit
Gy Basal glucose plasma conc. mg/dl
Gr Renal glucose clearance threshold mg/dl
I Basal insulin plasma conc. #U/ml
P1 Indep. glucose disappearance rate min~!
P2 Spontaneous glucose uptake min~!
p3 Insulin-dep. glucose uptake Ll
11U min2
1 Pancreatic [3-cellsrelease Ldl
mlmg min?
n Insulin infusion min~?!
1%3 Insulin distr. vol. L
Vg Glucose distr. vol. L
Fo1 Non-insulin-dependent glucose flux mmol/min
EGPg EGP to zero insulin conc. mmol/min
p Renal glucose clearance capacity -
Srr Insulin sensitivity of transport L/min - mU
Sip Insulin sensitivity of disposal L/min - mU
SIE Insulin sensitivity of EGP L/mU
TG Time-to-maximum CHO absorption min
I Time-to-maximum insulinabsorption min
Aa CHO bioavailability -
k12 Transfer rate min—?!
ka1 Deactivation insulin transport rate min—?!
kp1 Activation insulin transport rate L/(mU - min)
ka2 Deactivation insulin disposal rate min—!
kp2 Activation insulin disposal rate L/(mU - min)
ka3 Deactivation insulin EGP rate min~!
kb3 Activation insulin EGP rate L/(mU - min)
ke Insulin elimination from plasma min—?!

a binary term defined at step ¢ as follows:

0, if (Gt —Gi—1 <0.05 A 61 =0)
vV (Gt —Gi1 < 0),

1, otherwise.

6 = (16)

The first condition encompasses two cases: either the
blood glucose is decreasing, or it is slightly increasing (due
to endogenous glucose production represented by the term
EGPy, not due to a meal). The second condition indicates
that the blood glucose is increasing.

This rationale helps the RL agent differentiate between
two cases: if blood glucose concentration is rising sharply,
it means that the patient is eating; on the other hand, if the
blood glucose concentration is rising slowly, it means that
the increase is due to endogenous glucose production.

The action space is A = {u|u € [0,0.3] U/min}, and the
reward function is defined as follows:

—2, ifd=1 A G > 180,

0.5, ifd=0 A G > 180,
R(G,8)=< -3, if§=0 A G <10, (17)

0.5, ifd=1 A G <70,

1, otherwise.

Note that low positive rewards are given when blood glu-
cose concentration is returning to normoglycemic values.
Moreover, hypoglycemia is penalized slightly more than
hyperglycemia, since it yields worse clinical consequences.

IV. SIMULATIONS AND RESULTS

In order to evaluate the performances of the proposed
controllers, simulations of their effectiveness were performed
on the Hovorka glucoregulatory model presented in Sec-
tion III, integrated using the Dormand-Prince method [22], in
a Python 3.10 environment using Tensorflow (V2.17.0) and
Keras (V3.5.0), and a NVIDIA Tesla T4 GPU. The numerical
values of parameters in Table II have been taken from [21].

A. Simulation Scenario

Meal disturbance is simulated as in [23]: it is assumed that
throughout 34h of simulation starting at 6:00 in the morning,
five meals are consumed, containing respectively 50, 60 and
80 grams of carbohydrates in the first day, and 60 and 60
grams of carbohydrates in the second day. Initial conditions
are randomly selected in the normoglycemic range 70 —
180 mg/dl, and to simulate variability in meal consumption,
a noise with uniform distribution is introduced into various
aspects of the eating schedule as follows:

o Number of meals: the possibility of skipping meals or
having snacks is modeled as follows; the probabili-
ties of each meal (breakfast, snack, lunch, afternoon
snack, dinner) occurring are [0.9,0.15,0.8,0.25,0.75],
and each meal is associated with a binary variable, «,
where o = 1 if the meal occurs and o = 0 if it does
not occur. In addition, a constraint is introduced such
that the sum of « corresponding to breakfast, lunch,
and dinner must be > 2; this means that no more than
one meal can be skipped among breakfast, lunch, and
dinner.

o Meal time: the time at which each meal occurs is subject
to random variation, which is differentiated for each
meal as follows: breakfast: [—60, +60] minutes; snack:
[0,460] minutes; lunch: [0, +120] minutes; afternoon
snack: [0, +60] minutes; dinner: [0, +120] minutes

o Carbohydrate amount in a meal: the amount of carbo-
hydrates in each meal is subject to variability, which
is differentiated for each meal as follows: break-
fast: [—15, +15] grams; snack: [—5,+5] grams; lunch:
[—20,420] grams; afternoon snack: [—5,+5] grams;
dinner: [—20, +20] grams.

B. Quantitative Comparison of Performances

Each episode within the training phase of the four DRL
algorithms counts for 7' = 1440 steps. The other training
hyperparameters are selected as follows:

« DDPG: discount factor v = 0.89, actor learning rate
a = 1 x 1075, critic learning rate 3 = 5 x 1077,
batch size B = 64, number of training episodes E =
150. Both the actor and critic share the same neural
architecture composed of three layers, the first two of
64 and 32 neurons with ReLLU activation function, and
the last one of one neuron only, with hyperbolic tangent
activation function for the actor.

¢ PPO: discount factor v = 0.99, learning rate for both
networks a = 1 x 1074, batch size B = 256, clip
range € = 0.3, rollout = 2048, number of training



episodes £ = 1000. The architecture of both the actor
and the critic network consists of two hidden layers,
each comprising 256 neurons. The hidden layers employ
a Tanh activation function. The actor’s output layer uses
a linear activation function, adjusted to the action space
by a clipping function.

o TD3: discount factor v = 0.89, actor learning rate
a = 1 x 107%, critic learning rate 3 = 3 x 1074,
batch size B = 1024, polyak averaging coefficient
used for updating the target network 7 = 0.005, policy
delay set to 2, number of training episodes £ = 100.
The architecture of both the actor and the two critic
networks consists of two hidden layers, each comprising
64 neurons. The hidden layers employ a ReL.U activa-
tion function, whereas the output layer presents a tanh
activation function.

e SAC: discount factor v = 0.99, actor learning rate
a =1 x 104, learning rate for both critics and target
critics 8 = 2 x 1074, polyak averaging coefficient
for updating target Q-networks 7 = 5 x 10~%, fixed
entropy regularization coefficient o, = 0.2, batch size
B = 512, number of training episodes E = 100.
The five networks share the same architecture with
two hidden layers composed of 256 neurons and ReLU
activation functions. The actor network’s outputs, u
and o, are produced using a linear activation function.
The standard deviation o is then clamped between a
minimum value of e~2° and a maximum value of 2.

Figure 1 depicts the evaluation of the four trained con-
trollers on a random test scenario that was not involved
in the training phase, showing the evolution over 34h of
glycemia, control action, and meal disturbance. Note that
all of them achieve satisfactory glycemic regulation. In
particular, DPPG and TD3 agents yield less hypoglycemic
episodes with respect to SAC and PPO agents.

Figure 2 shows the evaluation of the four trained con-
trollers on 30 scenarios that are not involved in the training
phase. The DDPG and TD3 agents still exhibit the best
preservation of hypoglycemia.

The performance comparison of the proposed controllers
is summarized in Table III. The TD3 controller achieves the
most satisfactory glycemic regulation, yielding the highest
value of the time in normoglycemic range and the lowest
value of the time in hypoglycemia, while also reaching the
highest minimum value in hypoglycemia. This is desirable,
since hypoglycemia causes worse clinical conditions. Such
results show lower overall hyperglycemic episodes with
respect to previous works in literature [11], [12].

V. CONCLUSIONS

This work presented a quantitative comparison of four
DRL agents, namely DDPG, PPO, SAC, and TD3 for au-
tomated T1D management. Such controllers were validated
through in-silico simulations on the Hovorka model. A
quantitative comparison of their performances highlighted
TD3 as the one yielding the most satisfactory glycemic
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Fig. 1. Evaluation of the four controllers on a random test scenario over 34
hours. The figure includes: blood glucose concentration (first plot), control
action (second plot), and meal disturbance (third plot).

TABLE III
KPIS COMPARISON OF THE USED CONTROL LOGICS

KPI DDPG PPO TD3 SAC
Avg time in range [%min] 63.84 53.91 65.08 55.72
Avg time in hyperglycemia [%min]  23.09 17.70 26.38  30.26
Avg time in hypoglycemia [%min] 13.07  28.39 8.54 14.02
Avg max glycemia [mg/dl] 257 243 265 267

Avg min glycemia [mg/dl] 66 38 69 53

Avg total injected insulin [U] 24.27 23.97 23.03 22.32
Training time [min] 23.25 58.23 2496  32.97

regulation, with respect to average time in range, average
time in hypoglycemia, and average minimum glycemia.
Future works will tackle the limitations of this study: the
controllers shall be assessed on various parametrizations of
the given mathematical model, and even on a simulator, such
as the Uva/Padova [24], in order to achieve robustness to
model uncertainties and patient personalization. Moreover,
the second component of the state may be investigated by
using the actual numerical value of the derivative of the blood
glucose concentration, thus highlighting the behavior of the
glycemic regulation system of each specific patient.
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