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Background: Reinforcement Learning (RL)

The “Law of E!ect” in psychology introduced learning by trial and error, which
described the e!ect of reinforcing events based on the tendency to select actions

[Thorndike, 1911].
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Reinforcement Learning for Health (RL4H)
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The Glucoregulatory System

Clinical objective is to improve Time in Normoglycemic Range
(TIR), while avoiding hypoglycemic and hyperglycemic risk.
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Artificial Pancreas Systems (APS)

APS are high-risk medical devices. Existing commercial APS are hybrid
systems (manual decision-making required), and designed using

classical control algorithms (PID & MPC).
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Existing Basal-Bolus Clinical Treatment Strategy

Figure: A basal-bolus insulin treatment strategy.

Requires manual user input on meal announcements & carbohydrate
estimation, which leads to erros and sub-optimal glucose regulation.
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Method: Problem Formulation

Hettiarachchi, Chirath, et al. “A Reinforcement Learning Based System for Blood Glucose
Control without Carbohydrate Estimation In Type 1 Diabetes: In Silico Validation”, EMBC2022.
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Method: Challenges in Real-World RL (RWRL)

RWRL Challenges: Complex & only partially observable, uni-directional control, safety,
explainability, large delays, uncertsainty & disturbances, unspecified reward functions...
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Method: Problem Formulation

The problem was formulated as a Partially Observable Markov
Decision Process (POMDP).
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Method: G2P2C Algorithm

G2P2C consists of 3 sequential updates:
1 PPO update,
2 Auxiliary model learning update,
3 Short-term planning update.

Hettiarachchi, Chirath, et al. “G2P2C—A modular reinforcement learning algorithm for glucose
control by glucose prediction and planning in Type 1 Diabetes.” Biomedical Signal Processing
and Control(2024).
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Method: Experiment Setup & Benchmark Algorithms

Experiment Setup: Following established best practice Simglucose (Xie,
2018), an open-source T1D simulator based on FDA-approved
UVA/PADOVA 2008 model was used with a challenging meal protocol.

Clinical Algorithms
Two standard treatment approaches were replicated.

1 Basal Bolus Ideal (BBI) - perfect meal information.
2 Basal Bolus Human Error (BBHE).

Both methods used meal announcements 20-minutes in advance.

RL Algorithms

A2C (Advantage Actor Critic).

PPO (Proximal Policy Optimisation).

SAC (Soft Actor Critic).

G2P2C (model learning + planning).
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Results: Clinical Analysis

G2P2C achieved a higher TIR of 72.69% for the adult cohort
compared to BBI (71.02%) and BBHE (69.78%), while outperforming
all RL algorithms.

Hettiarachchi, Chirath, et al. “G2P2C—A modular reinforcement learning algorithm for glucose
control by glucose prediction and planning in Type 1 Diabetes.” Biomedical Signal Processing
and Control(2024).
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Results: RL Analysis

A2C & SAC performed the lowest. SAC had the highest failures.
PPO & G2P2C were the best RL algorithms.

G2P2C improved safety, reducing catastrophic failures to 1.62% &
1.48% in adults & adolescents compared to 2.79% & 4.93% in PPO.
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Results: RL Treatment Strategy (G2P2C)

Figure: A RL-based treatment strategy.

No meal announcements.
No meal carbohydrate (CHO) estimation.
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Conclusion & Future Work
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Resources: CAPSML (capsml.com)
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Resources: GluCoEnv & G2P2C Codebase
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Thank You
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