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Abstract—The management of type 1 diabetes mellitus (T1DM)
represents a major challenge, as it requires continuous regulation
of blood glucose (BG) levels. Automated systems, such as the
artificial pancreas (AP), address this need by relying on accurate
patient-specific models. Linear models are widely adopted in
this context due to their simplicity and suitability for control
design. However, their linear structure struggles to capture the
complex dynamics of the glucose—insulin system, leading to
degraded performance. This issue is further accentuated by the
significant interpatient variability in glucose-insulin dynamics.
A valid alternative to linear models is represented by recurrent
neural networks (RNNs), which present higher expressivity while
maintaining a level of complexity suitable for control purposes.
However, such networks might lead to overfitting whenever
the training dataset is scarce. In this work, we tackle this
problem by embedding prior physiological knowledge about
the glucose—insulin relation in the training procedure of RNNs,
following the framework of knowledge-guided learning (KGL).
Furthermore, we employ model-agnostic meta-learning (MAML)
to deal with interpatient variability. A systematic results analysis
is conducted using the UVA/Padova simulator to show that
the proposed methodologies increase identification performance
while maintaining an affordable level of complexity.

Index Terms—Knowledge-guided machine learning, meta-
learning, neural networks, system identification, type 1 diabetes.

I. INTRODUCTION

YPE 1 diabetes mellitus (TIDM) is a chronic autoim-
mune disorder that disrupts the ability of the human body
to maintain glucose homeostasis. Due to the high prevalence
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of the disease, affecting an estimated 9.5 million people
worldwide in 2025 [1], the artificial pancreas (AP) has become
a major research topic in control engineering [2], [3]. An
AP system combines devices that continuously monitor the
patient’s blood glucose (BG) levels and automatically deliver
insulin to prevent dangerous conditions such as hyperglycemia
(BG > 180 mg/dL) and hypoglycemia (BG < 70 mg/dL) [4].
Its core component is a control algorithm that computes, in
real time, the appropriate insulin dose using BG measurements
and supplementary information provided by the patient (e.g.,
clinical parameters and meal-related information). Model-
based strategies, particularly model predictive control (MPC),
are widely studied in the literature for this purpose [5],
[6], [7], [8], [9], [10]. MPC is especially attractive because
it can anticipate undesired glucose excursions and compute
insulin dosages that satisfy constraints (i.e., nonnegativity and
maximum delivery limits). Its effectiveness, however, strongly
depends on the accuracy of the underlying model. Although
linear physiological models have been proposed [11], moti-
vated by the associated simple control scheme, glucose—insulin
dynamics are inherently complex and nonlinear [12], making
linear models insufficient for high-quality control. A further
challenge is the substantial variability between patients, known
as interpatient variability, as individuals exhibit different phys-
iological responses to insulin. This problem is exacerbated
by the limited amount of patient-specific data. The common
approach is to train a personalized model for each patient using
patient-specific data [3], [13], [14]. However, even if each
patient’s responses differ, they all share similar underlying
dynamics, suggesting that leveraging both interpatient and
intrapatient data may lead to better identification results. In
this article, we will refer to the challenges reported above as
follows.

(C1) Training expressive models of glucose—insulin dynamics
with a suitable complexity for control purposes.
(C2) Dealing with interpatient variability.

A. Related Works

Concerning Challenge I, advanced identification techniques
have been explored, such as transformers [15], bidirectional
recurrent neural networks (RNNs) [14], and attention-based
deep learning architectures [13]. However, the complexity of
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those models is too high to be implemented in an MPC
scheme since the large number of parameters and states would
substantially increase the computational complexity of the
control optimization problem. A class of models with high
expressiveness but complexity suited for control is RNNs, in
particular, long short-term memory (LSTM) [16] and gated
recurrent unit (GRU) [17] networks. While these networks
can approximate any dynamical system, they might overfit
the training dataset rather than learning the dynamics of
the system itself, especially when available data is scarce
[18, Ch. 15]. Although this problem can be tackled using
common regularization techniques, in recent years, the frame-
work of knowledge-guided learning (KGL) [19] has emerged.
In KGL, physical information of the system is embedded
into the model training workflow by designing a specific
loss function that embeds physical information, inducing the
learned network to behave according to prior knowledge of the
system. A notable example of KGL is physics-informed neural
networks (PINNs) [20], in which a regularization term in the
loss function penalizes the mismatch between the predictions
of the network and the output of a simpler physics-based
model of the system. In this way, the RNN not only seeks
to fit the available data but also incorporates prior knowledge
of the system’s dynamics.

Concerning Challenge II, meta-learning [21] offers a
promising strategy for handling classes of similar dynamical
systems. A particular meta-learning framework is the model-
agnostic meta-learning (MAML) framework [22], which is
similar to a fine-tuning procedure. MAML consists of a two-
step approach: first, a so-called meta-model is trained using
data from several systems of the same class. Then, the meta-
model is adapted to each system with its specific data. In our
case, each patient can be seen as a specific system of the
same class. This allows us to train a population-level meta-
model using data from the entire cohort, and then obtain a
patient-tailored model through a fine-tuning procedure. This
process effectively links population dynamics and individual
physiological traits, such as patient-specific insulin sensitivity.
MAML has already been applied to model glucose—insulin
dynamics for TIDM patients [13], [14]. However, the models
proposed in [13] and [14] are too complex or incompatible to
be used for control purposes, not fulfilling Challenge I.

Recent studies have also investigated the integration of
gated recurrent architectures within optimization-based control
frameworks [23], showing that such models can be effectively
embedded in MPC schemes. However, practical deployment
in this context requires a careful tradeoff between model
expressiveness and computational tractability. Motivated by
this perspective, the present work addresses this issue at
the identification level by focusing on recurrent architectures
whose complexity remains compatible with MPC integration,
while leaving the explicit controller design for future research.

B. Contributions

Inspired by other works in which PINNs are employed in
biological applications [24], [25], we address Challenge I by
developing a custom loss function for the training procedure
of RNNs. The proposed loss function embeds prior biolog-
ical information about glucose—insulin dynamics, which is
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represented by the physiological model in [11]. To directly
address Challenge II, we apply MAML to GRU and LSTM
networks to identify the glucose—insulin dynamics for TIDM
patients within the KGL framework. The meta-learning stage
identifies a robust RNN parameter initialization that serves as
a physiological prior, which is then rapidly adapted to the indi-
vidual patient using limited patient-specific data. The proposed
methodology is validated across a broad cohort of in-silico
patients of the FDA-accepted UVA/Padova TIDM simulator
[26], the only simulator accepted as a substitute for preclinical
animal trials for insulin therapies. The version employed in
this study extends the original single-meal formulation [27] by
incorporating circadian variability in insulin sensitivity [28],
thereby enabling the simulation of complete 24-h glycemic
profiles. We jointly analyze the impact of both the incorpora-
tion of biological information and MAML to understand if the
proposed methodologies significantly contribute to increasing
identification performance.

C. Article Organization

Section II describes the linear biological model used in
the loss function and introduces core background on gated
RNNs (LSTM and GRU networks). Section III presents the
biologically informed RNNs, their training procedure, and
MAML applied to RNNs. Section IV details the systematic
evaluation and analysis of 40 model configurations across
100 in-silico patients of the UVA/Padova T1DM simulator.
Section V summarizes the findings and outlines future research
directions.

D. Notation

Let R, Rsq, R.o, and N be the sets of real, nonnegative real,
positive real, and natural numbers (including zero), respec-
tively. For a set S, |S| denotes its cardinality. We denote a
subset of n < |S]| distinct elements chosen uniformly at random
from S as &’ = rand (S, n). Vectors are denoted by boldface.
For n,m € N, R" represents the space of n-dimensional real
column vectors, and R"*™ represents the space of n x m real
matrices. For a vector v € R”, |v||, denotes its 2-norm. I"*"
denotes the n-dimensional identity matrix. For a scalar g € R,
g, € R" denotes the vector with all entries equal to g. The
Hadamard (elementwise) product is denoted by o. For a scalar
function f: R — R, its bold counterpart f : R” — R" denotes
the componentwise application, i.e., f(v) = [f(v1),..., f(v)]T
for any v = [vy,...,v,] € R". We define the sigmoid function
as o(x) = (1 + ¢*)7! and the hyperbolic tangent function as
tanh(x) = (e* — e™¥)(e* + e ™)', both for any x € R. The
ceiling function [x] maps x € R to the smallest integer greater
than or equal to x. Time-dependent variables are defined as
follows. A continuous-time signal s : Ryp — R is denoted as
s(t), where t € Ry [s] is the time variable, and $(¢) represents
its time derivative. Discrete-time signals s; are obtained via
sampling as s; = s(kT), where T € R, [s] is the sampling
time, and k € N is the discrete time step. Given a signal
vector xX; = [X14,....%]" € R", we define the subvector
Xrpk = [Xrgo-sXp]T € RP77F1 where r,p,n € N and
1<r<p<n.
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II. PRELIMINARIES

In this section, following the problem statement, we detail
the linear biological model that describes glucose—insulin
dynamics. This model provides the physiological insights
necessary for understanding the biologically informed RNNs
(BI-RNNs) in Section III-A. We then present the RNN archi-
tectures and their training methodology employed in this study.
We consider two types of RNNs: LSTM and GRU networks.
Both are introduced as multilayer structures.

A. Problem Statement

We consider the problem of modeling and identifying a
discrete-time multiple-input multiple-output (MIMO) dynam-
ical system with inputs u, € R™,n, € N, and outputs y, €
R™,n, € N. Specifically, we are interested in modeling the
glucose—insulin dynamics of the T1DM patient system, which
has n, = 2 inputs u; = [t,u]", i.e., the exogenous insulin
delivery ¢ € Ry [U]' and carbohydrate intake p; € Ry
[g], and n, = 1 measurable output y; = vy, namely the BG
concentration y; € Ryo [mg/dL].

B. Linear Biological Model

The mathematical model employed for the custom loss func-
tion of the RNNs of this work is based on the proposal in [11],
formulated as a continuous-time state-space representation

5 (0) = so. (1)

The state vector s = [sy, $2, 53, 84, §5]7 € Rio comprises five
physiological variables: BG concentration s; [mg/dL] (i.e., the
measured output y), insulin delivery rate in plasma s, [U/min],
subcutaneous insulin delivery rate s3 [U/min], rate of carbohy-
drate absorption from the gut s4 [g/min], and glucose delivery
rate from the stomach ss [g/min]. The model is initialized at
5(0) = s, i.e., at the equilibrium state s = [Gy, Iy, I5,,0,0]"
with G, € Ryp and I, € Ry representing the glucose and
insulin values at fasting conditions, respectively (i.e., at basal
condition). The model is parametrized by six physiological
parameters P = {py, ..., ps}, as described in Table I, devoted
to modulating the dynamics of the states specifically for
each patient. The model in (1) allows the estimation of two
clinically relevant metrics

IOB (¢) = p4 (52 (1) + 53 (1)
Ra(f) = p3sq (2)

§(t)=As(t)+ Bu(t) + E,

where IOB is the insulin-on-board [U], i.e., the amount of
insulin still active in the body due to previous injections,
while Ra is the glucose entry rate in plasma due to meals
[mg/(dL-min)]. We discretize the continuous-time model in (1)
using the forward Euler method with sampling time T € R,
obtaining Ay = TA + I°*5, By = TB, and Eq = TE. The
resulting discrete-time model is expressed as

Sk+1 = AdSk + Bauy + Eq. 2
leyg» (International Units of Insulin, IU) is an activity-based unit for insulin

(standard in insulin pumps/pens). For reference, 1 U = 34.7 ug ~ 6 nmol of
human insulin, although clinical dosing is defined in IU rather than mass.

TABLE 1
DESCRIPTION OF THE PARAMETERS OF THE PHYSIOLOGICAL MODEL

Parameter Description
po [mg/(dL - min)] Endogenous glucose production
p1 [1/min] Glucose effectiveness

p2 [mg/(dL - U)]
p3 [mg/(dL - g)]
P4 [min]
ps [min]

Insulin sensitivity
Carbohydrate factor
Insulin absorption time constant
Meals absorption time constant

We remark that the model in (1) is a simplified linear
approximation of human glucose—insulin dynamics, and it
was originally proposed by Ruan et al. [11]. In their work,
the authors introduce a minimal yet physiologically grounded
compartmental structure that preserves the dominant causal
pathways of glycemic regulation. Despite its linear form, the
model in (1) reflects key mechanisms found in other relevant
(nonlinear) models from the literature (e.g., Bergman [12],
Hovorka et al. [8], or Dalla Man et al. [29]), namely: 1) carbo-
hydrates transit from the stomach to the gut before appearing
as Ra in plasma and 2) exogenous insulin is absorbed
through subcutaneous and plasma compartments, contributing
to active insulin (IOB). The patient-specific parameters P
modulate absorption rates and insulin effectiveness, enabling
this reduced-order model to approximate interpatient variabil-
ity reasonably well. The study in [11] has shown that such
linearized dynamics, although simplified, capture the aggregate
behavior of the underlying nonlinear physiology sufficiently
well for control and forecasting tasks.

Importantly, in our work, the linear model is not intended
to replace the expressive capacity of the neural network model
proposed in Section III-A. Instead, it serves as a mechanistic
prior within the training loss, providing a biologically con-
sistent structure that complements data-driven learning. By
encoding known causal relationships in the RNN training pro-
cedure (i.e., the meal increases Ra and so glucose rises; insulin
increases IOB and provokes glucose lowering), the model in
(1) regularizes the predictions toward physiologically plausible
trajectories without imposing excessive modeling assump-
tions. This balance leverages the flexibility of deep recurrent
networks while preventing physiologically inconsistent or
overfitted behaviors, especially in scenarios with limited or
noisy data. The choice of a linear model is deliberate: its
analytical tractability, stability, and differentiability make it
well-suited for integration within gradient-based RNN training
pipelines. Although more detailed nonlinear glucose—insulin
models (e.g., [29], [30]) could provide a richer physiological
description, their adoption would introduce additional latent
states, compartments, and patient-specific parameters, substan-
tially increasing the complexity of the training problem. Given
the long-term objective of employing the proposed framework
in control-oriented applications, we opted for a prior that
captures the dominant physiological causal pathways while
remaining simple, differentiable, and computationally efficient.
Thus, the adopted linear formulation represents an effective
compromise for its role as a regularizing prior in the learning
architecture that will be presented in Section III-B.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

Fig. 1.

Multilayer RNN architecture.

C. LSTM Network

LSTM networks, as introduced in [16], are a class of RNNs
that employ gating mechanisms to retain long-term depen-
dencies without running into vanishing/exploding gradient
problems during training [18, Ch. 15]. They generally consist
of L € N stacked LSTM layers. Each layer / € £ = {1,...,L}
contains n;ll) € N hidden units. The Ith layer of an LSTM
network amounts to a discrete-time nonlinear dynamical sys-
tem in state-space form whose state vector x;f) R s
divided into two components: the cell state cg) € R" and the
hidden state h,(cl) e R™ , 1.e., x,(f) [c ,({I)T,h,((l)T]T. Four gating
mechanisms (forget, input, output, and candidate memory)
control the network information flow through each layer;
we refer to [16] for the detailed gate equations. The LSTM
network can be written in a state-space layered form as

n,, =LST™M (.a") vieg (3a)
y, = FC (hﬁfjl) (3b)
- uy, ifl=1
i, = ]<(z—1) . (30)
KD, ifre £\ (1)

where @ N(l) is the Ith layer input, (3a) represents the LSTM

update for each layer, and (3b) is the fully connected (FC)
mapping of the predicted output: y, = W, hk +1 t by, with
W, € R™*” and b, € R™. In (3a), both the cell state c,({l)
and the hidden state hff) remain hidden inside each LSTM
layer as the state xg). The LSTM network architecture in
(3) is a specific instance of the more general multilayer RNN
architecture shown in Fig. 1, where RNNs may include LSTM
blocks as components. The LSTM model in (3) relies on
a set of tunable parameters 6 comprising the input weights,
recurrent weights, and bias vectors of each gating mechanism
across all L layers (see [16]), together with the FC parameters
{W,, b,}. These parameters are optimized during the training
procedure detailed in Section II-E. Note that structural choices,
such as L and nh )l e £, are hyperparameters requiring
appropriate tuning during the training phase.

D. GRU Network

GRU networks, as introduced in [17], are an LSTM network
variant designed with fewer gating mechanisms (reset, update,
and candidate hidden state); we refer to [17] for the detailed
gate equations. Unlike LSTM layers, the state vector of a GRU
layer [ € £ corresponds solely to its hidden state, i.e., x(l) =
h,(cl), resulting in n, = Zz | ) total states, which is half the
size of the state vector in an equlvalent LSTM network. The

GRU network can be written in a layered form as

n', =GRV (") vies (4a)
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v =FC (n,) (4b)
where u(l) and the FC mapping are defined as in Section II-C.
Similar to the LSTM model in (3), the GRU model relies on
a set of tunable parameters 6 comprising the input weights,
recurrent weights, and bias vectors of each gating mechanism
across all L layers, together with the FC parameters {W,, by},
estimated as detailed in Section II-E.

Remark 1: In this work, we employ single-layer RNN con-
figurations (L = 1). Prior studies on glucose—insulin dynamics
modeling [25], [31], [32], [33] suggest that additional layers
do not significantly yield performance gains. Furthermore, the
regularization inherent in our framework allows a shallow
architecture to effectively capture nonlinear dynamics while
mitigating the risk of overfitting [18, Ch. 13].

E. RNN Model Training

The RNN training procedure determines the optimal param-
eter set 6 for either the LSTM or GRU architecture. We
consider a dataset D = {DV, ..., DM} of V € N input—output
sequences DV = {(u("),y(v)) ke {0,....,NY — 1}},v €
{1,...,V},N" € N, which is partitioned into mutually exclu-
sive training (Dy), validation (Dyy), and test (Dy;) subsets
for model estimation, hyperparameter tuning, and final perfor-
mance evaluation, respectively [18, Ch. 13]. The parameters
are estimated by minimizing the mean squared error (MSE)
loss function £

L (6; Dy) = MSE (6; Dyr)

Z
D
| [r| D(")ED[,-

where A(V) (6) is the model’s prediction at the time step k.

The model parameters are initialized as 6y and iteratively
updated using a gradient-based optimization procedure (e.g.,
Adam [18, Ch. 8]). Due to the small size of the datasets in this
study, we perform full-batch updates, using the entire D, at
each iteration. To prevent overfitting and enhance generaliza-
tion, we incorporate dropout and early stopping [18, Ch. 13];
the latter monitors the validation MSE to select the parameter
set 6* that achieves the best performance on D,,.

NO_1

» -swel| ©

N(V)

III. BI-RNNS AND META-LEARNING FRAMEWORK

In this section, we present the novel contributions of this
study, describing both the BI-RNN model and its train-
ing methodology, as well as the employed meta-learning
framework.

A. Biologically Informed RNNs

The proposed BI-RNN architecture integrates domain-
specific physiological knowledge directly into the learning
process of RNNs [25]. The BI-RNN is designed as an aug-
mented state estimator that jointly predicts both the glucose
concentration and the internal states of the linear biological
model introduced in Section II-B, leading to the vector to
be predicted ¥, = [yk,S254' 1", where we remind that s;.5
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Fig. 2. Schematic of the proposed meta-learning approach for system identification. The full class of dynamical systems S is shown, highlighting the available
finite subset S composed of |S| individual systems and their respective datasets. Meta-training (D%\r/[) and meta-validation (’Degl) datasets are constructed by
randomly sampling sequences from the datasets in D, as described in (12), and used to train the meta-model MM with parameters 6™ (see Section III-D).
Once trained, these meta-parameters O™ are used as initialization 6y for adapting the meta-model to a specific system S ; € S, obtaining the adapted model

Mé)d by further training on its dataset D;).

are the states from the biological model in (2), whereas yj is
the measured BG concentration, which may differ from the
state s;. Architecturally, BI-RNNs consist of stacked RNNs,
implementing either LSTM or GRU structures, followed by
an FC layer mapping as in Fig. 1. To address Challenge I, we
explicitly enforce nonnegativity constraints on the predicted
physiological quantities. Thus, we write the BI-RNN model
in layered form as

0
hk+1

¥, = max (OS,FC (h,({i)l))

where RNN® can either represent LSTM or GRU layers
as in (3a) and (4a), respectively. Predicting the full state
vector y,, rather than glucose alone, is a design choice strictly
motivated by the BI-RNN training framework. These estimates
are utilized to compute the residuals of the discrete-time gov-
erning (2), which are then minimized via an augmented loss
function to promote dynamic consistency with the underlying
biological principles. Consequently, the BI-RNN optimization
objective replaces the purely data-driven error term in (5) with
a composite loss function L (8; P, D), formulated as

= RNN® (x,(f), a;”) Vie g (62)

(6b)

L (6;P,Dy) = apL® (6; Dyy)
+ agLB (6;P, Dy)
+ @puL™ (6; Dy) (7)

where the components, better detailed in Section III-B, are
defined as follows:

(L1) LP(6;Dy) promotes the alignment between predicted
and measured glucose regardless of inherent biological
constraints. It amounts to the loss in (5).

(L2) LB (6;P, D) embeds prior knowledge of the underlying
biological dynamics from the model in Section II-B.

(L3) £A"(6;Dy) includes penalties designed to enforce
boundary conditions and constraints on specific outputs.

In (7), ap,ap,@a, € Ryo are weighting factors for their
respective loss components, treated as tunable hyperparameters
of the BI-RNN. The joint minimization of these terms aids
the BI-RNN to both accurately predict the observed outputs
and behave consistently with the known biological principles

of the system, directly complying with Challenge I. Incorpo-
rating £® (8;P,Dy) and L£LA" (0;D,,) also serves as an implicit
regularization form, enhancing the network’s generalization
ability.

B. BI-RNN Model Training

BI-RNN training follows the gradient-based optimization
procedure described in Section II-E, but uses the aug-
mented loss in (7) and requires an expanded dataset D) =
(@, y", s k€ 10,...,N® — 1},v € {l,...,V}}, which
includes the linear model physiological states. The data loss
LP(6; Dy) in a is the MSE between the actual and predicted
glucose

LP (; Dy) = MSE (6; Dy,)

1 1
" D4l DZ NO

V) eD,

NV-1

2
Y w-e) | ®
k=0

The biological loss LB (6; P, Dy) in b quantifies the one-step
state prediction residual when BI-RNN outputs are substituted
into the discrete-time linear biological model in (2), averaged
across training sequences
1
%0 (0: P, Dy)
Dl £
€Dy
N2
B.(v) (p. -
0@ P. Do) = o5 D
k=0

LP (6P, Dy) =

2

A v) 0 B ) E ) 0 2 o)
dyk()+ duk+ d yk+1()2-()

The corresponding patient-specific discrete-time state-space
matrices Ag and By are obtained from the identified linear
model parameters P described in Section II-B, estimated prior
to BI-RNN training as proposed in [9].

Finally, to define the auxiliary loss £AY (6; Dy) in ¢, which
enforces boundary conditions and constraints, we consider a
subset of the training data indexed by the set

N® =rand ({1,...,N¥ — 1} ,[¢éN"]) (10)
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Fig. 3. [Illustration of the MAML approach: starting from initial param-
£ pp g P

eters 6y, a meta-model is first trained through meta-training, obtaining
its meta-parameters 6™, and then further adapted for each ith system,
learning a respective adapted model with parameters 9“:?‘1. The standard
training approach, as described in Section II-E, is qualitatively depicted for
comparison.

where ¢ € [0, 1) is the fraction of time steps included for each
sequence. Then, LAY (6; Dy) in ¢ amounts to

1

2|D
Dl ot

LA (6; Dy) =

(840 @: D0 + 6 @ Dy)

€ (6; Dy) =

1 W
|N(V)| 25"(9)H

6" 6:D0) = |50 -5 (9)” an

where £2*" quantifies the discrepancy between model states
and network outputs over N, and t’g“’(v) captures the devi-
ation from the known initial condition. The set N in (10)
is generated at every LAY (6; Dy) computation. The stochastic
sampling of N acts as a regularizer, preventing overfitting
to the approximate linear model while preserving the capacity
to learn data-driven nonlinearities.

C. Meta-Learning for Interpatient Variability

We adopt a meta-learning framework inspired by the
MAML approach [22]. In particular, we employ a first-
order approximation strategy [34] to address the interpatient
variability and data scarcity prevalent in glucose—insulin
dynamics modeling [refer Challenge I]. In this paradigm, a
meta-model MM with parameters O™ represents a class of
dynamical systems S (e.g., glucose—insulin dynamics across
different patients) that share underlying behaviors. During
meta-training, we estimate ™ using only a finite subset of
available systems, S c S, as depicted in Fig. 2, and their
collected datasets D (D;, for each system S € S). The
resulting meta-model captures the dominant, shared dynamics
present in S, effectively learning the common underlying
patient dynamics, approximating the behavior of the system
class S. The process of meta-training is further explained in
Section III-D. The generalized meta-model MM can then be
efficiently adapted to a particular system S € S through
an adaptation phase [22], [35], obtaining an adapted model
M(l) with parameters Gé?)d. The approach to meta-training and
adaptation is depicted in Fig. 2, while the fundamental idea of
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Algorithm 1 Meta-Learning Procedure

Inputs: Available datasets D, dataset Dy;y of the system to
adapt to, number of meta-training sequences per system Virs
number of meta-validation sequences per system Vi, initial
parameters 0y, training hyperparameters (for meta-training and
adaptation).

Output: Best parameters of the adapted model HAd*
1: > Meta-Training Phase

2: Initialize D{\f «— 0

3: Initialize DM, < 0

4: for all D(J) € D do

5

Sample D{Vr[’(j) + rand (D(-),Vtr> and Dval( Y

rand (D( ) Vval) such that DM )ﬂDval = () holds
Join DM + DM U DM or, () and Dml — Dval uDM )
Train MM (Section II-E) with DM, DM 6, to get 9M

> Adaptation Phase for System S(;

Get DE? and Difi)l from D)

10: Adapt MM (Section II-E) with Dy, D),
parameters 6 < OM” to get gAd*

11: return 9Ad*
(1)

0© L3

and initial

MAML is shown in Fig. 3. In this work, both MM and MA¢
utilize the RNN and BI-RNN models.

@)

D. Meta-Training and Adaptation

The employed meta-training procedure, as displayed in
Fig. 2, follows the standard training procedure described in
Section II-E, with the main distinction being the datasets con-
struction. The meta-training (DY) and meta-validation (DM,)
datasets are constructed by aggregating sequences randomly
sampled from each available system dataset Dy; (representing
a TIDM patient)

Dy = |J rand (D). Vi) (12)
DyeD

DY = U rand (D, Vyal) (12b)
D(;)Eﬁ

where V. € N and V,,; € N are the number of sequences
sampled per system (set to be consistent across all sys-
tems), such that DM and D‘Z[l are mutually exclusive, and
Ve + Via < V(,-) = |D(|. The meta-training dataset will then
comprise [DM| = IS | - V. sequences and the validation dataset
of IDV | = |S| - Viar sequences Once the meta-model MM is
trained, we adapt it into /\/l for a particular system S by
reapplying the standard tralmng procedure with the system’s
dataset Dy, initializing the parameters 6y to ™. Algorithm 1
summarizes the meta- tralnlng and adaptatlon procedures.

Remark 2: By ensuring Vie + Vi < V), we intentionally
reserve a portion of data from each system’s dataset Dy;.
This reserved data is neither used for meta-training nor meta-
validation, providing a dedicated set of unseen sequences for
testing the later-adapted models.
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IV. RESULTS AND DISCUSSION

In this section, we detail the experimental design and
datasets used to train multiple RNN configurations. We ana-
lyze the impact of factors like architecture, number of hidden
units, biological information, and meta-learning on model
performance. We then detail the training process hyperpa-
rameters and the evaluation metrics. Finally, we examine the
training convergence of these configurations and perform a
model selection analysis, emphasizing the performance of the
best-selected model across different patient datasets. A com-
plementary sensitivity analysis on the role of the biological
loss weight ag with respect to the amount of available training
data, independent of the meta-learning framework, is reported
in the Appendix.

A. Experimental Setup

This study utilizes data generated from the UVA/Padova
T1DM simulator [26], which provides a cohort of 100 vir-
tual adult patients. To ensure experimental consistency while
preserving physiological realism, identical input protocols are
applied across all subjects, maintaining the inherent patient-
specific variability by including the physiological circadian
variations described in [28]. All glucose, insulin, and meal data
are sampled at 5-min intervals throughout the simulations. The
experimental data comprise a total of six distinct simulation
scenarios for each patient.

1) Training Datasets (Dr): The training data consists of
four distinct simulation scenarios designed to capture diverse
patient behaviors and control strategies:

1) Ten-day open-loop simulation implemented using the
functional insulin treatment (FIT) protocol [36], which
combines continuous basal insulin with meal-related
boluses. To simulate real-world conditions, bolus cal-
culations included intentional errors and administration
delays (randomly between 5 and 30 min postmeal).
The meal schedule consisted of three structured daily
meals (40 g of carbohydrates at 7:00, 50 g at 12:00,
60 g at 19:00), with random variations in timing
(£30 min) and portion size (20%). Additional snacks
were introduced randomly in the morning (25 g at
10:00), in the afternoon (35 g at 16:00), or in the evening
(25 g at 21:00).

2) Ten-day closed-loop simulation using automated insulin
delivery controlled by the MPC proposed in [37].
The schedule matched the ten-day open-loop protocol
with the same structured meals and daily variability
parameters.

3) Four-day open-loop simulation following the identifica-
tion protocol described in [38, Table 2], using the FIT
protocol for insulin administration.

4) Four-day closed-loop simulation using the same iden-
tification protocol as the previous dataset, but with
automated insulin delivery instead of manual boluses.

2) Validation Dataset (Dyy): A three-day open-loop sim-
ulation following the test protocol for individualized models
outlined in [38, Table 3], using the FIT protocol for insulin
administration.

3) Test Dataset (Drg): A three-day closed-loop simulation
following the test protocol for individualized models outlined
in [38, Table 3], with automated insulin delivery.

The datasets comprise [Dy| = 4, [Dyy| = 1, and |Dyy| = 1
sequences per patient, for a total of six sequences per patient
and 600 unique sequences for the cohort of 100 simulated
patients.

It is important to remark that all the results reported in
this section are obtained with open-loop predictions using the
full length of the simulated input sequences, effectively corre-
sponding to an infinite prediction horizon. This choice allows
us to assess the intrinsic identification and generalization capa-
bilities of the proposed models, independently of any specific
receding-horizon or closed-loop control implementation.

B. Model Configurations

To assess the influence of architectural design, size, and
training methodology, we compare distinct RNN configu-
rations. As specified in Remark 1, we exclusively employ
single-layer RNN models (L = 1), so the (/) superscripts,
introduced in Section II-C, are omitted for simplicity. Each
configuration is defined by a combination of the following
factors.

1) RNN Architecture: LSTM or GRU architecture.

2) Number of Hidden Units: The RNN state size, with
tested values ny; € {8, 16,32, 64, 128}.

3) Biologically Informed: Standard RNN or BI-RNN pro-
posed in Section III-A.

4) Meta-Learning: Personalized model MP, ie., trained
solely on individual patient data, or adapted model MAd
obtained from an initial meta-model MM within the
framework described in Section III-C.

Considering the possible levels of each factor, the total
number of configurations is 40. Since each configuration is
evaluated across all 100 patients, a total of 4000 neural net-
works are estimated. For clarity, we adopt the following com-
pact notation for each configuration: (BI-){LSTM,GRU}LE; Ad)

(e.g., BI—LSTM?Zd stands for an adapted BI-RNN employing
a LSTM architecture with n; = 32).

C. Model Training

Model training follows a unified pipeline across all con-
figurations, comprising data preprocessing, patient-specific
parameter identification, and model optimization. Initially, for
each ith patient, parameters P; of the linear glucose—insulin
dynamics are identified via regularized least squares on
nonstandardized four-day open-loop simulations of Dy ;, fol-
lowing the framework in [9]. These are then used both as
a baseline for validation and for the regularization in the
BI-RNN loss function. Subsequently, for RNN training, all
data are standardized by subtracting the mean and divid-
ing by the standard deviation, following common practice
[18, Ch. 13]. Each model configuration is trained using its
corresponding procedure: personalized models follow standard
RNN (see Section II-E) or BI-RNN (see Section III-B) training
steps, while adapted models utilize the parameters from a
pretrained meta-model (see Section III-D) as initialization for a
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Fig. 4. Depiction of how we randomly sampled the meta-training dataset Df}’l
(sequences in green) and meta-validation dataset Dxl (sequences in red) from
the 100 T1DM patient datasets.

subsequent adaptation phase. Following [25], the loss weights
in (7) used for BI-RNN models are ap = 0.5, ag = 0.25,
and aay = 0.25 to penalize more the loss related to data with
respect to the biological and auxiliary ones. All models in this
study are trained using the Adam optimizer [18, Ch. §]. The
key hyperparameters for each training procedure are selected
according to prior personalized glucose prediction studies [25],
[33]. We set the dropout rate to 0.2 and evaluated the validation
MSE every two iterations across all training phases for early
stopping.

1) Meta-training runs for 300 iterations with a learning
rate of 1072. To simulate real-world scenarios where
patient-specific data are scarce, we construct the meta-
datasets by sampling only a few sequences from each of
the 100 patients, rather than using their entire datasets.
Specifically, we sampled V,, = 2 training sequences
and Vyy = 1 validation sequence per patient from
Diriy U Dyayiy (see Fig. 4). This sampling strategy
creates a “meta-batch” that aggregates diverse physio-
logical responses from all 100 patients, resulting in DM
having 200 sequences and DM, having 100 sequences.
This approach prevents the meta-model from overfitting
to individual physiological traits, favoring instead the
learning of a generalized population-level representation
that serves as a robust starting point for rapid adaptation.
For BI-RNN configurations, the biological loss term (9)
is excluded (ag = 0) during meta-training as the patient-
specific parameters P(; are not shared, using solely
ap = 0.5 and a@a, = 0.25 for the remaining terms.

2) Adapted training proceeds after meta-training for 200
iterations on the entire patient dataset Dy;), using a finer
learning rate of 1073 for precise fine-tuning to individual
patient dynamics as in [22].

3) Personalized training runs for 500 iterations on Dy; to
ensure a fair comparison. This schedule utilizes a learn-
ing rate of 1072 for the initial 300 iterations, followed
by a reduced learning rate of 1073 for the final 200
iterations, matching the ones used during meta-training
and adaptation.

IEEE TRANSACTIONS ON CONTROL SYSTEMS TECHNOLOGY

—— Adapted Median ||
Adapted IQR
------- Adapted Min-Max [

—— Personalized Median

30 Personalized IQR
----—-- Personalized Min-Max

10 Early stopping /

Validation RMSE [mg/dL] Training RMSE [mg/dL]

15 -
5
0 | | | | | | | | |

0 50 100 150 200 250 300 350 400 450 500

Iteration

Fig. 5. Training (top) and validation (bottom) RMSE over training iterations
for all configurations. Each curve displays, for both personalized (blue) and
adapted (red) RNNs, the group-level median (thick line), interquartile range
(highlighted area), and minimum-maximum range (dotted lines) computed
across all 20 model configurations per group. RMSE values are unstandardized
to the glucose observation scale. For the adapted group (red), the origin
at iteration 300 represents the start of the adaptation phase (iteration 0)
from the meta-model initialization, shifted for visual comparison against the
performance of personalized models. The black arrow in the bottom panel
roughly highlights the early stopping point for the adapted models.

D. Convergence Analysis

We evaluate the effect of meta-learning on model training
by examining the recorded training and validation root-mean-
squared error (RMSE) profiles across all training iterations.
Specifically, we focus on comparing the adapted models M*4
and the personalized models MPF. In total, we analyze 40
unique network configurations (20 per group, as established
in Section IV-B), with training performed independently for
all 100 patients. To condense the results, we employed a
two-stage aggregation process. First, for each specific net-
work configuration, we computed the median RMSE curve
across all 100 patients to filter out subject-specific variability.
Subsequently, these 40 configuration-specific profiles were
grouped by model type to calculate the overall median,
interquartile range (IQR), and minimum-maximum range, as
depicted in Fig. 5. The upper subplot presents the aggre-
gated training RMSE profiles, revealing that both groups
converge to similar training RMSE values. A key finding
is the significant difference in training efficiency: adapted
models achieve convergence more rapidly, stabilizing within
approximately 200 iterations, whereas the personalized models
require up to 500 iterations to reach a comparable result.
This faster convergence confirms that meta-learning substan-
tially reduces training effort. The lower subplot highlights
the main advantage of meta-learning through the aggregated
validation RMSE profiles. Adapted models begin their training
with substantially lower RMSEs than personalized models
due to their meta-training initialization, providing a strong
starting point with better generalization capabilities com-
pared to personalized models. Furthermore, adapted models
reach their lowest validation RMSEs and attain the best
parameters after only 20 — 30 iterations, showcasing that the
effective training requires far fewer iterations than allocated,



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

DE CARLI et al.: META-LEARNING IN BIOLOGICALLY INFORMED RNNs FOR PERSONALIZED SYSTEM IDENTIFICATION 9

TABLE I

PATIENT VALIDATION RMSE QUARTILES [MG/DL] BY NETWORK CON-
FIGURATION (IN BOLD, THE BEST MEDIAN RMSE FOR EACH ny,)

Standard RNN BI-RNN

np  Statistics GRU LSTM GRU LSTM
P Ad P Ad P Ad P Ad

15qrt 15.2 14.3 14.0 15.0 15.8 14.0 15.5 14.8

8 Median 17.9 16.5 17.7 17.2 186 16.1 19.0 17.0
3¢qrt  26.9 19.2 25.0 204 24.6 19.1 26.0 19.8
15%qrt 14.8 13.6 13.6 142 13.8 13.5 13.7 13.9

16 Median 18.5 16.5 16.4 16.7 169 151 184 154
3dgrt 24.7 19.0 23.3 19.7 25.0 18.6 24.9 18.1
1Tqrt 144 13.0 13.6 13.1 13.5 125 12.7 128

32  Median 18.7 14.8 16.6 14.7 16.8 144 16.0 15.1
3dqrt  26.2 17.5 21.7 17.7 23.7 17.8 222 17.7
1%qrt 14.8 128 134 134 129 121 128 124

64 Median 18.5 14.5 17.2 15.7 155 139 16.0 14.2
3¢t 25.6 17.0 23.6 17.7 24.1 174 23.6 16.4
15qrt 145 13.1 139 133 13.6 11.9 13.0 12.3

128 Median 19.0 14.6 17.4 14.7 16.7 139 16.2 14.1
3dqrt  27.5 17.0 24.6 17.0 245 17.1 222 16.4

further emphasizing the efficiency of meta-learning in model
optimization.

E. Model Selection and Final Performance Assessment

After training the 4000 neural networks, we conducted an
analysis to understand which of the 40 considered configura-
tions has the best performance when modeling glucose—insulin
dynamics. Table II presents the quartiles of the distribution
of patient validation RMSE for each network configuration,
showing that meta-learning and biological information lead to
an improvement in identification performance in the majority
of configurations. We also evaluated alternative performance
metrics in addition to the RMSE, namely the mean abso-
Iute error (MAE) [14], [15], the mean absolute percentage
error (MAPE) [13], the coefficient of determination (R?), and
the FIT index [25], which are commonly reported in the
glucose prediction literature for comparison purposes [39].
However, the analysis led to consistent conclusions; therefore,
for brevity, we report only the RMSE results in the main text,
while the complete set of metrics, included for comparison
purposes with other works in the literature, is reported in the
Supplementary Material of this article.

Going back to Table II, increasing the number of hid-
den units n; over 16 does not have a great impact on the
RMSE. To better understand these results, analysis of variance
(ANOVA) [40, Ch. 11] techniques are employed to assess
which factors reported in Section IV-B significantly affect
the validation RMSE, which is the dependent variable. In
particular, since all the 40 configurations are tested on each of
the 100 patients, the repeated measures ANOVA (RMANOVA)
approach [40, Ch. 11] is required due to the correlation
between the RMSEs of the same patient. In our setting, there
are four factors ¢,, g € {1,...,4}, which are the RNN archi-
tecture, the number of hidden units ny, the use of biological
information, and the employment of meta-learning. The levels
that each factor can assume are reported in Section IV-B. Let
¢q.> J€1L,...,J4} J; €N, be the jth level of ¢,. Furthermore,
let A, ; be the expected value of the dependent variable with

TABLE III

p-VALUES OF THE HYPOTHESIS TEST IN (13) FOR EACH OF THE FACTORS
DESCRIBED IN SECTION IV-B. THE p-VALUE OF THE NUMBER OF
HIDDEN UNITS IS ADJUSTED USING THE LOWER BOUND
ESTIMATE CORRECTION

Variable p-value

Network architecture 1.51 101
Number of hidden units 5.81- 1078
Biologically-informed 1.27-1075

Meta-learning 7.11-107%7 (= 0)

respect to all the factors except ¢,, which takes the fixed level
¢q,j. For each factor ¢,, the RMANOVA technique tests the
null hypothesis that the expected values 4, ; are equal for each
level ¢ ;, i.€.,

Hgl/qu:/lq,g:'“:/quq, qE{l,...,4} (13)

with H{ being the alternative hypothesis
H:3 ji el 0} | A4 # A

Hence, at least one A, ; is different from the others. When the
null hypothesis H is accepted, the factor ¢, does not influence
the dependent variable since varying the level of ¢, does not
change the expected value A4, ;. If Hg is rejected, then it is
possible to say that ¢, affects the dependent variable.

To apply the RMANOVA approach, the following assump-
tions must be met [40, Ch. 11].

1) Randomness: The dependent variable for different sub-
jects must be uncorrelated.

2) Normality: For each combination of factors, the depen-
dent variable must be normally distributed.

3) Sphericity: For each factor, the differences of the depen-
dent variable computed on all pairs of levels of the factor
must have the same variance. Notice that, if the factor
has only two levels, this assumption is automatically
met, since there is only one pair of levels, and so only
one variance can be computed.

In this work, randomness is automatically met since data
are obtained from different patients, so their glucose levels
(and their RMSEs) are not correlated. Although the dependent
variable is not normally distributed, the second assumption
is ensured by applying a logarithmic transformation to the
RMSEs. We tested the normality of the log-transformed
RMSEs with the Shapiro—Wilk hypothesis test [41]. The third
assumption is automatically met for the factors that present
only two levels. For the number of hidden units, which
has five levels, sphericity does not hold, implying that its
corresponding p-value could be underestimated. To overcome
this problem, it is possible to correct the p-value using different
rationales. In this work, we consider the lower bound estimate
[40], which is the most restrictive among all corrections.

Applying the RMANOVA approach to the wvalidation
RMSE:s of the estimated RNNs leads to the results reported in
Table III. According to the p-values, the most significant factor
that affects the performance of the RNNSs is the meta-learning
framework proposed in Section III-C. Table II shows that each
configuration estimated using meta-learning presents a lower
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Fig. 6. Performance of BI-GRUAd, BI—LSTMAd, and the linear model on all patients. On the left, the box plot of the validation RMSEs, while on the right,

their respective number of parameters.
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Fig. 7. RMSE on Dy comparison between the selected BI—GRU’l\ﬁd and the
linear model in (2) on all patients.

median RMSE than the respective configuration without meta-
learning. As a result, we can conclude that meta-learning leads
to a substantial improvement in performance, confirming the
MAML’s potential to overcome Challenge I.

Another factor that has an impact on performance is
the embedding of biological information presented in Sec-
tion III-A. According to Table II, most configurations with
biological information possess a lower median RMSE. As
a result, we can say that biological information signifi-
cantly improves identification performance. According to the
p-values, the network architecture does not significantly influ-
ence the RMSE, which means that there is no substantial
difference in performance between LSTM and GRU networks.
Instead, the number of hidden units appears to have a signifi-
cant impact on the performance. However, it is not immediate
to see the effect of increasing or decreasing the number of hid-
den units. In fact, when decreasing the number of parameters,
the network may suffer from underfitting, while having a high
number of parameters can lead to overfitting. In general, the
best practice is to select the best-performing model with the
fewest number of parameters to avoid overfitting and reduce
computational time. Box-plots of patient validation RMSEs
in Fig. 6 confirm that LSTM and GRU networks improve the
performance over the linear model drastically. Despite this, the
median RMSEs of the RNNs’ configurations do not decrease
monotonically when increasing the number of hidden units. It
is possible to see that selecting a number of hidden units higher
than 16 does not lead to a significant increase in performance.
Due to all these considerations, the best selected configuration
to model the relation with an RNN is the BI-GRU’¢, which has
the best tradeoff between model complexity and identification
performance. Finally, we evaluated BI-GRU’I%d on the unseen
test set Dy, obtaining a median RMSE of 21.5 mg/dL; the
corresponding values for MAE, MAPE, R?, and FIT index
are reported in the Supplementary Material of this article. In

Fig. 7, we report the comparison between the performance of
the BI-GRU’I*Gd and the linear model in (2) on Dy, showing
that the BI-GRU?{ achieves better performance. To assess the
statistical validity, we performed a Wilcoxon test [40, Ch. 18]
between the RMSEs of BI-GRU{¢ and the RMSEs of the
linear model. The p-value is in the order of 10~!%, suggesting
that there is a significant difference between the identification
performance of the two models.

The aggregated glycemic prediction performance on Dy
across the entire UVA/Padova adult in-silico cohort is reported
in Fig. 8. For each model, the figure displays the median
glucose trajectory together with the 25th—75th percentile
bands, allowing a population-level comparison between the
proposed BI—GRU‘{“6d model, the linear baseline, and the
ground-truth trajectories generated by the nonlinear time-
varying UVA/Padova simulator. These distributional results
highlight that the BI—GRU’I%d model consistently tracks rapid
fluctuations and nonlinear patterns in BG levels more accu-
rately than the linear model, especially during postprandial
excursions and periods of fast glycemic variability. This
demonstrates the benefit of combining recurrent neural archi-
tectures with regularization, leading to improved fidelity and
reduced prediction error at the cohort level.

To complement the population-wise glycemia analysis,
Fig. 9 reports the IOB predictions for a representative adult
patient. In this case, the BI-GRU‘?Gd model reproduces the
IOB profile with an accuracy comparable to that of the
linear baseline, demonstrating that the biologically informed
regularization effectively constrains the network to maintain
physiologically meaningful insulin absorption dynamics. Such
behavior is noteworthy, as a purely data-driven RNN would
typically replicate only the glycemia trajectory while failing
to produce coherent estimates of other physiological quantities.
Together, the cohort-level glycemic trends and the patient-
specific IOB evaluation indicate that the proposed framework
improves predictive accuracy for glucose dynamics compared
to a purely linear modeling approach while ensuring that rel-
evant physiological quantities, such as IOB, remain consistent
with known biological behavior.

Although Fig. 8 shows that the proposed BI—GRU‘fgd model
achieves a markedly lower population-level RMSE compared
to the linear baseline, a closer inspection of the predicted
trajectories reveals a limitation that is not captured by
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Fig. 8. Testing scenario for all adult patients of the UVA/Padova in-silico cohort. (Top) Compares glucose predictions in term of median and [25th, 75th]
percentiles predictions: gray dots and lines indicate the reference trajectory generated by the nonlinear time-variant UVA/Padova model, blue lines correspond
to the proposed BI—GRUﬁ;i, and orange lines to the linear model from [9]. (Bottom) Displays the administered inputs, i.e., insulin (left axis) and carbohydrate

intake rate (CHO, right axis).

“UVA / Padoval
—BI-RNN
—Linear

2
)
]

5+ 4

|
Day 1 : Day 2 : Day 3
0 Il Il 1 Il Il 1 Il Il
00:00 08:00 16:00 00:00 08:00 16:00 00:00 08:00 16:00 00:00
Time [HH:MM]

Fig. 9. Testing scenario on a single adult patient for insulin-on-board

predictions: the dashed line indicates the reference trajectory generated
by the nonlinear time-variant UVA/Padova T1DM simulator, the blue line
corresponds to the proposed BI—GRU?;‘, and the orange line to the linear
model from [9].

aggregate error metrics. In particular, during short hypo-
glycemic episodes, the model may exhibit a tendency to
overestimate BG levels. From a purely numerical standpoint,
these events are relatively rare and short-lived, and there-
fore, their contribution to global metrics such as RMSE
remains limited. However, from an application-oriented per-
spective, this behavior is critical. Indeed, in closed-loop
glucose control or when the model is employed for hypo-
glycemia alarms, systematic overestimation in low-glycemia
regions may lead to inappropriate insulin delivery or delayed
corrective actions, potentially resulting in clinically relevant
hypoglycemic events. This observation highlights a well-
known mismatch between standard identification metrics and
control-oriented performance [42], where local accuracy in
safety-critical regions is often more important than global
prediction error.

To better interpret the long-horizon prediction behaviors
from a dynamical standpoint, particularly the localized inac-
curacies observed in critical glycemic regions, the response
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Fig. 10. Physiological validation of BI—GRU?ﬁd. Each plot illustrates the
glucose response to a specific input scenario. (a) Constant basal insulin
infusion maintains stable glycemia. (b) Bolus of insulin is administered,
resulting in a drop in glucose levels. (c) Meal is introduced, causing an
increase in glycemia.
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Fig. 11. Sensitivity analysis of test RMSE for a representative patient.

The x-axis is inverted so that model complexity increases (and biological
regularization emphasis decreases) from left to right. Biological regularization
is most effective in low-data regimes (up to two weeks of data), while its
impact diminishes and performance saturates as training data increases.

of BI—GRU‘IA‘éd to artificial input sequences was analyzed and
is reported in Fig. 10. Overall, the general input—output
relationships are correctly captured: glucose levels decrease
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following bolus insulin administration, increase in response to
carbohydrate intake (i.e., meal intake, modeled as a square
pulse corresponding to 60 g of carbohydrate distributed over
a 15-min interval) while staying constant during continu-
ous basal insulin injection. This behavior is consistently
observed across all virtual patients in the cohort. However,
a transient inverse effect can be observed at the onset of
the impulse response. In particular, glucose levels rise tem-
porarily after an insulin bolus injection or slightly decrease
after carbohydrate intake. This unexpected behavior is likely
attributable to the design of the network, where the separation
of input effects is not explicitly encoded in its architectural
structure, but rather implicitly encouraged through a soft
constraint imposed by the augmented loss function during
training.

V. CONCLUSION

In this work, we explored the use of meta-learning in RNNs
for glucose—insulin dynamics modeling, particularly inspired
by the MAML approach [22], to address the significant
challenge of data scarcity in physiological measurements.
This method involves learning a meta-representation of the
glucose—insulin systems, which we then efficiently adapt to
each patient. We also introduced a novel BI-RNN archi-
tecture that leverages prior physiological knowledge during
training to further enhance standard RNN performance. We
tested our methodologies with various configurations on a
cohort of 100 in-silico patients, statistically assessing the
effects of the network sizes, RNN types, and the afore-
mentioned methods. Our results confirm the superiority of
BI-RNN architectures over traditional RNNs while indicating
that all design hyperparameters are significant except for the
architectural choice between LSTM or GRU layers. Notably,
meta-learning proves to be the most impactful factor, both
for performance and for substantially lowering training effort.
By establishing a meta-model for entire system classes, meta-
learning enables quick adaptation to specific patients with only
a few training steps. Through analysis, we determined the
optimal configuration among the 40 tested to be the adapted
biologically informed GRU network with 16 hidden units,
offering the best performance-complexity tradeoff. Ultimately,
these findings suggest that both the meta-learning and BI-RNN
methodologies substantially improve modeling and predictive
performance, directly addressing Challenges I and II.

Despite these encouraging results, a limitation of the current
training framework is the uniform weighting of prediction
errors across the entire glycemic range. Since hypoglycemic
and hyperglycemic events are less frequent in training datasets,
especially those generated under closed-loop control, standard
loss functions may not sufficiently prioritize accuracy in
these clinically critical regions. Consequently, errors in the
hypoglycemic range might be underrepresented, despite their
significant impact on patient safety. A promising research
direction would be the adoption of risk-aware or region-
weighted data loss functions [43], which penalize deviations in
critical zones more heavily. Such an approach could enhance
local accuracy in safety-critical conditions without increasing
model complexity, better aligning the identification objective
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with the requirements of automated insulin delivery and hypo-
glycemia alert systems.

Future work should also focus on validating the proposed
framework using real-world patient data. While this study was
limited to in-silico experiments, meta-learning itself provides
a natural mitigation strategy for this limitation: the ability to
learn a robust meta-model solely or partially from in-silico
data and then better adapt to scarce real data than traditionally
trained personalized models is a potential feature to explore
[35], [44]. Other research directions include the inclusion
of additional physiological factors, such as physical activity
[45], into the BI-RNN model, and the exploration of more
advanced MAML variants [46]. Finally, as stated in Section I,
a further research direction is the integration of the learned
BI-RNN within nonlinear MPC schemes, to assess the tradeoff
between closed-loop performance and online computational
burden.

APPENDIX
SENSITIVITY ANALYSIS ON ap
AND DATA AVAILABILITY

To assess the role of the biological loss term ap in (7) under
varying data availability, we conducted an additional analysis
independent of the meta-learning framework presented in Sec-
tion III-C, i.e., by training the BI-RNN model from scratch on
individual patient data only (personalized training, as in Sec-
tion IV-C). This isolation allows us to evaluate the standalone
contribution of the biological regularization, decoupled from
the population-level prior provided by meta-training. For a rep-
resentative patient, we generated six weeks of data following
the ten-day open-loop FIT protocol described in Section IV-A,
partitioned into four weeks for training (D), one week for
validation (D,,)), and one week for testing (D). We trained
the BI-RNN model on progressively larger subsets of Dy (1,
2, 3, and 4 weeks), keeping the hyperparameters identical to
those in Section IV-C, and evaluating a range of biological
loss weights ag € {0,0.03,0.06,0.12,0.25,0.50, 1.00, 2.00},
with ag = 0.25 corresponding to the nominal value adopted
in Section IV-C. The remaining loss weights were kept fixed
(ap = 0.5, @ay = 0.25) for a fair comparison. Fig. 11 reports
the test RMSE as a function of g for each data regime.
The results show that the biological loss is most beneficial
when training data is scarce (one to two weeks), where an
intermediate ap achieves the best performance, while both
excessively low and high values degrade accuracy. As the
amount of training data increases, the sensitivity to ag progres-
sively diminishes, with performance saturating already at three
to four weeks of data. This confirms that the proposed biolog-
ically informed regularization specifically addresses the data
scarcity aspect of Challenge I, complementing the population-
level prior provided by meta-learning (see Section III-C),
which instead targets interpatient variability [see Challenge I].
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