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Abstract
Personalized glucose regulation remains a cen-
tral yet unresolved challenge in precision nu-
trition, as postprandial glucose response varies
substantially across individuals. Existing ap-
proaches based on glycemic indices fail to ade-
quately account for such heterogeneity and lack
the mechanism to dynamically adjust meals
based on personal physiological feedback. In
this context, recent advances in LLM-based
agents offer a promising direction, as they en-
able context-aware reasoning and iterative re-
finement. Inspired by this, we propose a physio-
feedback agentic loop, a unified system that
integrates individualized absorption modeling
with dietary intervention to regulate glucose re-
sponse. Specifically, we develop a Physiology-
Aware Glucose Predictor to model individu-
alized absorption dynamics through a learn-
able Temporal Physiological Absorption Decay
Module. We then construct a Prediction-Driven
Two-Stage Meal Optimization Agent that itera-
tively refines real-world meals using predicted
outcomes as explicit feedback. Through exten-
sive experiments on multiple public datasets,
we demonstrate that our method not only im-
proves prediction accuracy but also effectively
reduces glucose excursions. To the best of our
knowledge, this paper marks the first step in in-
tegrating physiological learning with an LLM-
based agent for personalized glucose regula-
tion.

1 Introduction

Maintaining a stable Post-Prandial Glucose Re-
sponse (PPGR) is a challenge in precision nutrition
and metabolic health, as excessive glucose excur-
sions are strongly associated with acute and chronic
symptoms such as oxidative stress, vascular dam-
age, and increased cardiovascular risk (Monnier
et al., 2006; Chen et al., 2022). Crucially, PPGRs
to identical meals vary substantially across indi-
viduals for differences in physiology, lifestyle, and
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metabolic state. A large-scale study from Cell has
demonstrated that population-level Glycemic In-
dices (GI) fail to capture this heterogeneity shown
in Figure 1 (a), and that effective glucose control re-
quires individualized strategies (Zeevi et al., 2015).
Following this evidence, PPGR control requires
a personalized glucose regulation system: given
an individual’s physiological and contextual fac-
tors, the system should anticipate the PPGR and
recommend meal adjustments tailored to it.

(a) GI-Based Glucose Regulation: Inadequate for Individual

(b) Personalized Glucose Regulation: Prediction-Driven
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Figure 1: From GI-Based Population-Level Guidance
to Personalized, Physiology-Aware Glucose Regulation

Despite growing interest in PPGR control, most
existing approaches remain generic and fail to
achieve true personalization. Dietary recommenda-
tion and meal planning methods for glucose regula-
tion typically rely on heuristic rules and glycemic
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indices (Khamesian et al., 2025; Wang et al., 2025).
These approaches operate in a static manner and
are largely agnostic to individual-specific glucose
dynamics, resulting in limited adaptability across
individuals. Meanwhile, the widespread adoption
of Continuous Glucose Monitoring (CGM) systems
has enabled fine-grained observation of glucose dy-
namics, motivating extensive research on predict-
ing future PPGR from diet, physical, and medica-
tion records (Lim et al., 2025; Singh et al., 2025;
Tominaga et al., 2025; Brügger et al., 2025). While
these models have achieved encouraging forecast-
ing accuracy, they are rarely integrated into dietary
decision making. As a result, personalized PPGR
regulation remains elusive due to the lack of pre-
diction–intervention integration. Accurate glucose
prediction alone does not translate into effective
regulation without being directly coupled to meal-
level decision making, while dietary optimization
without individualized physiological feedback can-
not adapt to personal glucose dynamics. Therefore,
prediction and intervention should be treated as
a unified, closed-loop process for personalized
PPGR regulation.

Achieving such process requires a decision-
making mechanism reasoning at meal level, adapt-
ing to individual physiological responses, and up-
dating interventions based on predicted outcomes.
Recent advances in Large Language Model (LLM)
agents provide a promising foundation in this re-
gard, as they support constraint-aware decision
making and multi-step refinement (Lin et al., 2024).
However, leveraging LLM agents for personalized
glucose regulation is not straightforward because
generic agent reasoning that relies on population is
insufficient to capture the context-dependent meal-
level decisions. The first challenge is that an agent
without access to individualized glucose predic-
tions ignores personal physiological heterogene-
ity, leading to mismatched recommendations for
a given individual. The second challenge is that
meal planning is a combinatorial optimization prob-
lem, where a one-shot recommendation is unlikely
to satisfy dietary constraints while achieving the
desired PPGR targets (Lee et al., 2021b,a).

In this work, we propose an integrated method
that combines physiology-aware PPGR prediction
with prediction-guided iterative meal optimization
to address the above challenges, as illustrated in
Figure 1 (b). At the prediction level, we intro-
duce the Physiology-Aware Glucose Predictor
(PAGP), which is developed subject-specifically

to capture individual glucose dynamics. PAGP
explicitly models individualized food and med-
ication absorption through a learnable Tempo-
ral Physiological Absorption Decay Module
(TPADM) grounded in established physiological
principles. Through decomposed signal modeling
and TPADM, PAGP produces accurate PPGR pre-
dictions that reflect unique physiological charac-
teristics, providing a reliable foundation for per-
sonalized intervention. At the intervention level,
we propose the Prediction-Driven Two-Stage
Meal Optimization Agent (PD-2SMO), which
performs optimization at an individual’s actual
meal level. Conditioning on subject-specific glu-
cose predictions from PAGP, the agent leverages
LLM-based reasoning to iteratively adjust meal
compositions using predicted PPGRs as explicit
feedback. This two-stage, iterative design enables
interpretable and individualized optimization of
real-world meals composed of multiple dishes, al-
lowing dietary recommendations to be continu-
ously adapted to the predicted PPGR.

Extensive experiments across multiple public
real-world datasets demonstrate that our approach
not only improves PPGR prediction accuracy,
achieving reductions from 20.03 to 13.24 in RMSE
on the typical Shanghai T2DM dataset, but also
effectively reduces PPGR excursions through opti-
mized meal plans. In particular, the proposed agent
leads to a decrease from 170.31 to 142.69 in incre-
mental area under the PPGR curve (BIG IDEAS
dataset) relative to the baseline.

Our main contributions are threefold:

• We formulate personalized postprandial
glucose regulation as a unified predic-
tion–intervention problem, explicitly linking
subject-specific PPGR prediction with meal-
level dietary decision making via an LLM
agent.

• We propose an integrated method that com-
bines the PAGP, which models individualized
absorption dynamics through a learnable phys-
iological module, with the PD-2SMO agent
that iteratively optimizes real-world meals us-
ing predicted PPGRs as feedback.

• We provide a comprehensive evaluation across
multiple real-world datasets, demonstrating
that our method improves both PPGR pre-
diction accuracy and regulation performance
compared with baselines.
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2 Related Work

The prediction of PPGR has evolved from
population-based to personalized models. Recent
large-scale studies have elucidated that PPGR are
driven by complex interactions between diet, mi-
crobiome, and host physiology (Zeevi et al., 2015).
Individual variations in glycemic responses to spe-
cific macronutrients are deeply rooted in under-
lying metabolic physiology, necessitating subject-
specific modeling approaches (Wu et al., 2025).
With the proliferation of CGM, data-driven ap-
proaches have gained much attention. Machine
learning models have been deployed to identify
metabolic subphenotypes of Diabetes (Metwally
et al., 2025). However, pure data-driven models
often lack physiological interpretability. To bridge
this gap, the concept of Medical Digital Twins has
emerged as a paradigm for integrating physiologi-
cal knowledge with data-driven predictions (Mar-
chal, 2025).

While prediction is a prerequisite, the ultimate
goal of glucose management is regulation. Ex-
tensive research has been conducted on the Ar-
tificial Pancreas (AP), which automates insulin
delivery for PPGR regulation. These studies fo-
cus on clinical models, fuzzy logic models and
machine learning models for AP systems (Het-
tiarachchi et al., 2022; Tejedor et al., 2020). How-
ever, while AP systems manage glucose through
pharmacological intervention, controlling PPGR
via dietary lifestyle intervention remains a distinct
and equally critical imperative. Existing dietary rec-
ommendation systems lacks the closed-loop feed-
back mechanism found in AP systems. LLMs have
demonstrated remarkable capabilities in planning
and loop-reasoning, extending their utility from
text generation to autonomous decision-making
agents (He et al., 2025; Zhu et al., 2025). In the
healthcare domain, LLMs are increasingly applied
to complex tasks such as diagnostic reasoning, pa-
tient triage, and lifestyle coaching (Du et al., 2025).
Specifically for nutrition, LLMs offer a flexible
interface for processing unstructured dietary infor-
mation and generating recipes. However, standard
LLMs often hallucinate nutritional content or fail to
strictly adhere to numerical constraints. In the con-
text of diet, collaborative agent frameworks have
been proposed to simulate user-nutritionist inter-
actions for weight loss plans (Yang et al., 2024b).
Nevertheless, these agents typically operate on gen-
eral nutritional guidelines rather than personalized

physiological feedback.

3 Methods

Personalized PPGR regulation requires captur-
ing individual glucose dynamics and translating
such predictions into feasible interventions. To
achieve this, we propose a unified method that
tightly couples personalized glucose prediction
with prediction-guided meal optimization. Our
method consists of two parts. In Section 3.1, we
introduce how to forecast individualized PPGRs
by incorporating physiological representations of
dietary and medication absorption. In Section 3.2,
we illustrate how to generate an optimized meal
configuration that improves postprandial glycemic
outcomes given the corresponding user context.

3.1 Personalized Glucose Prediction
We propose the Physiology-Aware Glucose Pre-
dictor (PAGP) to predict future glucose trajecto-
ries given personal historical CGM data, dietary
records, physical activity, and medication informa-
tion. The key innovations of PAGP are threefold:
(i) explicit decomposition of glucose dynamics into
heterogeneous time scales, (ii) individual event-
driven high-frequency modeling under physiologi-
cal absorption constraints, and (iii) end-to-end inte-
gration of dietary semantics with structured physi-
ological signals. Figure 2 provides an overview of
the proposed PAGP.

3.1.1 Time-Scale Decomposed Modeling
Glucose dynamics are governed by physiological
mechanisms operating at different temporal scales.
Slowly variations reflect basal metabolism, insulin
sensitivity, and circadian rhythms, while rapid fluc-
tuations are driven by discrete events such as meals
and medication intake. Modeling these heteroge-
neous dynamics using a single predictor often leads
to interference between long-term trend learning
and short-term event modeling.

To address this issue, we apply Variational
Mode Decomposition (VMD) (Dragomiretskiy and
Zosso, 2014; Wang et al., 2020) to decompose the
historical glucose signal G(t) into band-limited
intrinsic mode functions, which are further aggre-
gated into low- and high-frequency components:

G(t) = GL(t)+GH(t) =
∑

k∈L
uk(t)+

∑

k∈H
uk(t),

(1)
where L and H denote the sets of low- and high-
frequency modes, respectively. During inference,
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Figure 2: Overview of the Physiology-Aware Glucose Predictor. Historical CGM is decomposed into low-/high-
frequency components via variational mode decomposition; an LSTM models long-term trends, while a Transformer
and Temporal Physiological Absorption Decay Module model event-driven fluctuations; predicted components are
reconstructed to form the final PPGR.

the predicted low- and high-frequency components
are reconstructed in the time domain to obtain the
final glucose prediction.

The low-frequency component GL(t) captures
smooth, slowly evolving glucose trends and is mod-
eled using an LSTM-based predictor:

Ĝlow(t+ 1 : t+H) =

fLSTM
(
Glow(1 : t), emeal

1:t ,xact
1:t,x

med
1:t

)
, (2)

where xact and xmed denote structured activity and
medication features, respectively. This branch is
supervised exclusively by the VMD-derived low-
frequency signal, enabling the model to focus on
long-term glucose evolution without being affected
by event-driven fluctuations.

3.1.2 Event-Driven Fluctuation
Rapid glucose fluctuations are predominantly in-
duced by absorption event and medication event.
To explicitly model these physiological mecha-
nisms, we introduce the Temporal Physiologi-
cal Absorption Decay Module (TPADM) for high-
frequency glucose prediction.

TPADM is constructed based on analytical solu-
tions of differential equations derived from the Hov-
orka physiological model (Hovorka et al., 2004). A
first-order absorption or action process is expressed
as:

ds(t)

dt
= −1

τ
s(t) + κu(t), (3)

with the analytical solution:

s(t) = s(0) e−t/τ + κ

∫ t

0
e−(t−ξ)/τu(ξ) dξ, (4)

where u(t) represents dietary or medication input,
s(t) denotes the physiological effect state, and τ
and κ control temporal decay and effect magni-
tude. s(0) represents the residual absorption state
from meals consumed prior to the current context
window. In our implementation, we initialize s(0)
assuming the window starts after the absorption of
distant previous meals has subsided. In TPADM,
both τ and κ are treated as individual learnable
parameters and optimized end-to-end, allowing the
model to adapt to individual-specific absorption
and action dynamics.

While the analytical solution operates on a con-
tinuous input u(t), real-world dietary and medica-
tion logs are discrete. In our formulation, a discrete
meal event at time ti with carbohydrate content
Di is modeled mathematically as an impulse in the
continuous domain: u(t) =

∑
Di ·δ(t−ti). When

this impulse input is applied to the above equation,
the integral yields the analytical decay curve. The
medication intakes are treated as the same. These
continuous physiological states are then discretely
sampled at step t to form the physiological driving
sequence:

z1:t = fTPADM
(
emeal
1:t ,xmed

1:t

)
. (5)
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The physiological driving sequence is then fed
into a Transformer to predict the high-frequency
glucose component:

Ĝhigh(t+ 1 : t+H) =

fTrans
(
Ghigh(1 : t),xact

1:t, z1:t
)
. (6)

This branch is supervised solely by the VMD-
derived high-frequency signal, enabling focused
modeling of rapid, event-driven glucose responses
under explicit physiological constraints.

3.1.3 Dietary Semantic Encoder
PAGP integrates both structured and unstructured
inputs. Historical CGM, physical activity, and med-
ication records are treated as structured time-series
signals, while dietary descriptions are provided in
natural language form. Dietary information is en-
coded using a nutrition-aware semantic encoder
based on a BERT architecture (Devlin et al., 2019)
which is trained jointly with the overall model
to capture task-relevant dietary semantics associ-
ated with PPGRs. Both low- and high-frequency
branches are optimized end-to-end under branch-
specific supervision.

3.2 Meal Optimization
Building upon PAGP, we propose the Prediction-
Driven Two-Stage Meal Optimization Agent
(PD-2SMO) to generate an optimized meal con-
figuration that improves PPGR outcomes while
remaining feasible in real-world dietary practice.
The core innovations of PD-2SMO include: (i)
a distribution-first, substitution-on-demand opti-
mization strategy, and (ii) a iterative agent treating
PPGR prediction as an optimization guider. Fig-
ure 3 provides an overview of the proposed PD-
2SMO.

The PAGP described in Section 3.1 is directly
reused as a personalized prediction-based evalu-
ator for meal optimization. Given user-specific
contextual information u and a candidate meal x,
PAGP deterministically predicts the corresponding
2-hour PPGR. For a certain participants, all candi-
date meals are assessed using the same personal-
ized predictor, ensuring consistent and individual-
ized evaluation across optimization iterations.

3.2.1 Two-Stage Strategy
Unlike conventional dietary recommendation sys-
tems that directly substitute food items, PD-2SMO
adopts a distribution-first optimization strategy
grounded in real-world dietary behavior.

In Stage 1, the agent is restricted to adjusting
the distribution and proportions of existing meal
components while keeping ingredient types fixed.
Hard constraints are enforced, including: (i) to-
tal energy deviation within ±10% of the original
meal, (ii) no seasoning- or spice-level modification,
and (iii) no substitution of core ingredients. If the
target improvement is achieved at this stage, the
optimization terminates.

Only when distribution-level adjustment fails
does the agent proceed to Stage 2, where minimal
ingredient substitution is allowed. Substitutions
are restricted to a small candidate pool (e.g., staple-
to-staple replacement) to ensure minimal devia-
tion from the original meal. This distribution-first,
substitution-on-demand gating mechanism consti-
tutes a central novelty of our approach.

3.2.2 OPRO-Based Iterative Optimization
PD-2SMO is implemented using Optimization by
PROmpting (OPRO) (Yang et al., 2024a) with the
proposed PAGP providing feedback signals. At
iteration t, the agent constructs a prompt contain-
ing the original meal, user context, stage-specific
constraints, and historical feedback. The LLM gen-
erates a set of candidate meals:

Ct = {x(t)1 , . . . , x
(t)
K } ∼ Π(· | Pt). (7)

Candidate meals are first passed through a rule-
based feasibility filter that enforces energy, exe-
cutability, and safety constraints. Infeasible candi-
dates are discarded, while feasible ones are evalu-
ated by the PAGP. The agent maintains a memory
buffer of top-performing candidates and recent fail-
ures, which guides subsequent prompt construction.
This iterative loop continues until the optimization
target is met or the evaluation budget is exhausted.

4 Experimental Evaluation

4.1 Dataset Overview

This study encompasses four representative
datasets for glucose prediction and personalized
nutrition research: Shanghai T1DM, Shanghai
T2DM (Zhao et al., 2023), CGMacros (Das et al.,
2025), and the BIG IDEAS (Bent et al., 2021)
dataset. Together, these datasets cover a broad
demographic and physiological spectrum, ranging
from healthy individuals and those with prediabetes
to patients with Type 1 and Type 2 diabetes. All
datasets provide multimodal data, including CGM
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Figure 3: The Prediction-Driven Two-Stage Meal Optimization Agent iteratively proposes meal candidates via
optimization by prompting, enforces rule-based feasibility constraints, and uses a personalized predictor to score
candidates. It first performs distribution-only adjustment and enables minimal ingredient substitution only when
needed; optimization targets include incremental area under the curve iAUC2h and peak glucose increment ∆G2h.

time-series and contextual information such as di-
etary logs, insulin administration records, medi-
cation usage, and physical activity records. An
overview of dataset composition is summarized in
Table 1.

Dataset H/Pre T1 T2 Composition

SH T1 0 12 0 CGM(15’), Ins., Diet
SH T2 0 0 100 CGM(15’), Diet, Med.
CG 31 0 14 CGM(1’), Diet, Fit, Med.
IDEAS 16 0 0 CGM(5’), Diet, Fit

Table 1: Dataset overview. We report participant com-
position across healthy / pre-diabetes / type-1 / type-2
diabetes (H/Pre/T1/T2) and available modalities. CGM
sampling intervals are shown in minutes (e.g., 15’). Ab-
breviations: SH T1: Shanghai T1DM; SH T2: Shanghai
T2DM; CG: CGMacros; IDEAS: BIG IDEAS; Ins.:
insulin injection; Fit.: physical activity; Med.: medica-
tion.

4.2 Evaluation of PAGP

For each participant, an individual PAGP model
is trained and evaluated, following a three-stage
protocol: (1) Population-level pretraining. The
model is pretrained on participants with the same
physiological condition as the target subject. (2)
Individual fine-tuning. The pretrained model is
fine-tuned using the training split of the target indi-
vidual. (3) Individual evaluation. Performance is
evaluated on the held-out test set of the same indi-
vidual. This procedure yields one evaluation result
per participant. Final performance is reported as
the average across all individuals in each dataset,
ensuring that results reflect personalized prediction
capability rather than population-level fitting.

The prediction task focuses on postprandial glu-
cose forecasting over a 120-minute horizon fol-
lowing meal intake. Given historical CGM data
and contextual inputs up to time t, models predict
the future glucose trajectory:

Ĝ(t+ 1 : t+ 120).

Prediction performance is primarily evaluated us-
ing the Root Mean Square Error (RMSE) which
is computed per individual and then averaged
across participants. In addition, we assess the
agreement between predicted and observed glucose
trajectories using the coefficient of determination
(R2). The calculation of RMSE and R2 is de-
tailed in Appendix A.3. While RMSE captures ab-
solute prediction error, R2 reflects how well models
reproduce temporal glucose variation patterns.

We compare PAGP with several represen-
tative glucose prediction baselines, including
LSTM (Hochreiter and Schmidhuber, 1997),
GluNet (Li et al., 2020), GlucoNet (Farahmand
et al., 2024), and GluFormer (Sergazinov et al.,
2023). All baseline models follow the same person-
alized training protocol to ensure a fair comparison.

4.2.1 Results and Cross-Dataset Comparison
Table 2 summarizes the average RMSE of different
models for postprandial glucose prediction over a
120-minute horizon across five benchmark datasets.
Overall, PAGP achieves the lowest RMSE on all
datasets, demonstrating consistently improved pre-
diction accuracy compared with both recurrent and
Transformer-based baselines.

Specifically, PAGP reduces RMSE from 12.94
to 10.39 on the IDEAS dataset when compared
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Methods SH T1 SH T2 CG IDEAS

LSTM 28.22 21.56 23.37 17.79
GluNet 26.90 20.03 23.01 19.28
GlucoNet 25.19 17.16 21.67 16.73
GluFormer 20.73 14.54 16.91 12.94

Ours 16.97 13.24 11.39 10.39

Table 2: PPGR forecasting performance over a 120-
minute horizon reported in RMSE across datasets.
Lower RMSE is better. Best results are in bold.

with the strongest baseline GluFormer. On the
CGMacros dataset, PAGP achieves an RMSE of
11.39, representing a substantial improvement over
GluFormer (16.91) and earlier convolutional or re-
current models. Similar trends are observed on the
Shanghai T1 and T2DM datasets, where PAGP at-
tains RMSEs of 16.97 and 13.24, respectively, out-
performing GluFormer by notable margins. These
results suggest that PAGP generalizes well across
heterogeneous populations and data collection set-
tings, including both controlled research cohorts
and real-world clinical datasets. We further con-
duct paired t-tests on prediction results against the
strongest baseline, GluFormer. Across all four
datasets, the RMSE reduction achieved by PAGP
is statistically significant (p < 0.01), and the im-
provement in R2 is also statistically significant
(p < 0.05).

To further assess robustness across heteroge-
neous datasets, Fig. 4 presents a radar chart of
averaged R2 scores. Each axis corresponds to one
dataset, highlighting the relative stability and gen-
eralization ability of different models.

Emb TPADM IDEAS CG SH T1 SH T2

× ✓ 13.35 16.20 19.04 16.67
✓ × 11.92 17.23 17.91 16.10
✓ ✓ 10.39 11.39 16.97 13.24

Table 3: Ablation of PAGP components on PPGR fore-
casting reported in RMSE. Emb denotes the dietary
semantic encoder. Best results are in bold.

4.2.2 Ablation Study
We conduct ablation experiments to analyze the
contribution of key model components. Specifi-
cally, we remove the BERT-based dietary semantic
encoder and the TPADM module, respectively. In
the semantic encoder removed scenario, we quan-
tize the text-based dietary logs to structured calorie,
carbohydrate, fat and protein logs as our model in-
put. As shown in Table 3, removing either compo-
nent leads to noticeable performance degradation,
confirming the importance of both dietary seman-
tic encoding and physiology-inspired absorption
modeling.

4.3 Evaluation of PD-2SMO

We evaluate PD-2SMO on composed meals from
multiple datasets. Each lunch or dinner is treated
as an independent optimization instance. For each
meal, the agent generates an optimized meal plan
and predicts the corresponding postprandial glu-
cose trajectory over a 120-minute window. Eval-
uation mainly focuses on two clinical metrics:
(i) incremental area under the glucose curve,
iAUC2h, and (ii) maximum glucose increment,
∆G2h = maxt∈[0,2h](G(t) − G(0)). Additional
results, including time in range, time in hyper-
glycemia and time in hypoglycemia, are reported
in Appendix B.2.

We compare PD-2SMO against two baselines:(i)
the original meal composition, and (ii) a general
Reason+Act (ReAct) style agent (Yao et al., 2023).
To ensure a fair comparison, both ReAct and PD-
2SMO are run in the same optimization environ-
ment, using the same personalized PAGP evaluator
and the same rule-based feasibility constraints.

4.3.1 Optimization Results and Comparison
Table 4 reports the meal optimization results across
four datasets. Overall, PD-2SMO consistently
outperforms both the original meals and baseline
strategies, achieving substantial reductions in post-
prandial glucose exposure and peak glucose excur-
sions. Compared with original meals, PD-2SMO
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Dataset
Main Results GluFormer-based Generalization

Original ReAct Ours Original ReAct Ours

iAUC ∆G iAUC ∆G iAUC ∆G iAUC ∆G iAUC ∆G iAUC ∆G

BIG IDEAS 214.78 3.03 170.31 2.57 142.69 2.04 229.04 3.08 193.67 2.76 159.83 2.49
CGMacros 225.57 2.98 189.65 2.64 158.72 2.39 243.75 3.01 201.73 2.80 176.37 2.61
Shanghai T1DM 140.35 2.13 132.86 2.01 121.95 1.76 154.81 2.34 140.39 2.12 134.35 2.01
Shanghai T2DM 163.67 2.55 151.84 2.30 137.09 2.06 169.52 2.58 152.90 2.34 141.58 2.12

Table 4: Meal optimization results evaluated by iAUC2h and ∆G2h (lower is better). Results using the proposed
PAGP for evaluation. Right: generalization when replacing the evaluator with GluFormer. Baselines include the
original meal and a ReAct agent. Best results are in bold.

achieves pronounced iAUC reductions across all
datasets, decreasing iAUC from 214.78 to 142.69
on BIG IDEAS, and from 163.67 to 137.09 on
Shanghai T2DM. Across all datasets, reductions in
∆G2h align with iAUC reductions, suggesting that
PD-2SMO not only lowers overall PPGR exposure
but also mitigates glucose spikes. These results
demonstrate that PD-2SMO delivers effective meal-
level glucose optimization across heterogeneous
populations and dietary contexts. Moreover, PD-
2SMO further yields consistent additional gains
compared with the ReAct agent, producing lower
glucose excursions across both evaluation metrics.
This shows the effectiveness of our proposed mech-
anism. We further conduct paired t-tests on opti-
mization results against the ReAct baseline. Across
all datasets involved, the iAUC reductions from
ReAct to our method are statistically significant
(p < 0.01). The ∆G2h reductions from ReAct to
ours are also statistically significant (p < 0.01).

4.3.2 Generalization Across Predictors and
LLM Backbones

The PD-2SMO is developed on the Qwen3-Max
LLM backbone (Yang et al., 2025). To examine
whether it depends on a specific glucose predictor
or LLM, we further evaluate performances under
alternative predictors and LLM backbones. As
shown in Table 4 (right) and Table 5, PD-2SMO
consistently preserves its performance across both
dimensions. Replacing the PAGP with GluFormer
results in reductions in both iAUC and ∆G across
all datasets, closely matching the performance ob-
served with the PAGP. Although absolute metric
values vary for differences in predictor behavior,
the PD-2SMO consistently outperform both origi-
nal meals and ReAct-based optimization. This sug-
gests that PD-2SMO is predictor-agnostic rather
than relying on a specific forecasting model. Ta-
ble 5 evaluates PD-2SMO under three different

LLM backbones. The iAUC and ∆G values remain
stable and comparable, with no single backbone
dominating performance. Together, these results
demonstrate that PD-2SMO generalizes well across
heterogeneous glucose predictors and LLM back-
bones, supporting its applicability as a modular and
model-agnostic meal optimization framework.

Dataset Deepseek-v3.2 Gemini 3 Pro GPT-4o

iAUC ∆G iAUC ∆G iAUC ∆G

IDEAS 151.56 2.10 140.81 2.02 146.97 2.09
CG 163.19 2.45 151.89 2.31 159.81 2.39
SH T1 131.02 1.81 124.57 1.77 130.67 1.80
SH T2 140.38 2.09 141.02 2.08 140.46 2.06

Table 5: PD-2SMO Optimization performance across
LLM backbones, evaluated by iAUC2h and ∆G2h

(lower is better). Results remain stable across DeepSeek-
v3.2, Gemini 3 Pro, and GPT-4o.

4.3.3 Ablation Study
We further study key designs through ablation and
constraint-based studies. The ablation study results
are summarized in Table 6. The full model, which
incorporates both ingredient substitution and itera-
tive OPRO loop, consistently achieves the best per-
formance across all datasets and evaluation metrics.
Removing OPRO loop while retaining ingredient
substitution leads to consistent performance degra-
dation. Compared with the full model, iAUC rises
from 121.95 to 174, 35 on Shanghai T1DM and
from 137.09 to 161.58 on Shanghai T2DM, with
∆G increasing accordingly. When the ingredient
substitution module is removed, performance also
degrades, indicating that distribution-level adjust-
ments alone are insufficient to achieve optimal glu-
cose regulation. The absence of either component
results in higher iAUC and larger glucose excur-
sions, demonstrating the effectiveness of ingredient
substitution and OPRO loop.
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Subs Loop BIG IDEAS CGMacros Shanghai T1DM Shanghai T2DM

iAUC ∆G iAUC ∆G iAUC ∆G iAUC ∆G

✓ × 189.83 2.60 196.37 2.71 174.35 2.21 161.58 2.32
× ✓ 161.34 2.37 171.91 2.50 127.83 1.89 142.71 2.11
✓ ✓ 142.69 2.04 158.72 2.39 121.95 1.76 137.09 2.06

Table 6: Ablation of PD-2SMO design choices reported in iAUC & ∆G (lower is better). Subs enables the minimal
ingredient substitution stage; Loop enables the iterative OPRO optimization loop. Best results are in bold.

To further investigate the contribution of agent-
level dietary constraints, we evaluate the rationality
of optimized recipe combinations after removing
the calorie constraint and the joint calorie–ratio con-
straints, respectively. Results are reported in B.1.

5 Conclusion

Our study presents a novel framework that bridges
the gap between physiological modeling and gen-
erative artificial intelligence for precision nutrition.
A critical contribution of this work is the formu-
lation of glucose regulation as a semantic genera-
tion and combinatorial optimization problem. Our
PD-2SMO leverages the semantic reasoning capa-
bilities of LLMs to navigate this discrete action
space. By adopting a distribution-first, substitution-
second strategy, our method generates meal plans
that are not only theoretically optimal for glucose
control but also practically feasible and coherent.
Furthermore, unlike static approaches based on
GIs that fail to account for individual variability,
our closed-loop agentic framework dynamically
adapts to personal physiological responses, offer-
ing a precision medicine alternative to traditional
heuristic-based diet planning.

The promising results from our offline evaluation
pave the way for several future research avenues.
First, while our current work validates the frame-
work using historical data and predictive evaluation,
ultimate validation requires prospective human sub-
ject trials to assess behavioral adherence and long-
term metabolic outcomes in a free-living context.
Second, we plan to enhance the agent’s capability
to handle longitudinal constraints, such as weekly
nutritional balance and cost-effectiveness, moving
beyond single-meal optimization to comprehensive
lifestyle management. Finally, investigating rapid
adaptation techniques to address the cold-start prob-
lem for new users with sparse data remains a key
priority for deploying this system at scale.

Limitations

Despite the promising results, this work has sev-
eral limitations. First, the proposed framework
relies on historical CGM data and individualized
training or adaptation to capture personal glucose
dynamics. As a result, its performance may be
limited in cold-start scenarios where only sparse
or short-term glucose records are available. In the
future, rapid personalization strategies may help
mitigate this dependency. Second, the effectiveness
of the optimized meal plans is evaluated through
predicted glucose responses rather than prospective
human intervention studies. Real-world validation
through controlled dietary experiments or longi-
tudinal clinical trials remains necessary to assess
behavioral adherence, safety, and long-term health
impact. Third, although our results support the ef-
fectiveness of LLM-based meal optimization, the
present study does not yet exhaustively compare
against all alternative optimization paradigms, such
as Bayesian optimization or other non-LLM search
strategies. A broader comparison would help fur-
ther isolate the unique advantages and limitations
of LLM-based agents for PPGR intervention.

Ethical Considerations

Our study is conducted with careful attention to
participant privacy, informed consent, and respon-
sible model use. The CGM-based datasets used
in this work were obtained from publicly released
research resources whose publishers have already
applied privacy-preserving procedures at the time
of release (e.g., removal of direct identifiers and
appropriate de-identification). According to the
dataset publishing website, all participants signed
informed consent forms and received appropriate
compensation for their participation, and the orig-
inal data collection protocols were reviewed and
approved by the corresponding institutional ethics
review boards. Our work only uses the released, de-
identified data and does not attempt to re-identify
individuals or link records to external data sources.
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Our framework includes an LLM-based meal
optimization agent, which introduces additional
ethical risks. First, LLMs may generate plausi-
ble but incorrect recommendations even with our
constaints (i.e., hallucinations), potentially lead-
ing to unsafe dietary suggestions if used without
clinical oversight. Second, the agent may inherit
biases from its pretraining data and may perform
unevenly across populations, diets, or cultural con-
texts. Third, if deployed improperly, interaction
logs or user-provided context could create privacy
risks. To mitigate these risks in our research set-
ting, we position the agent as a decision-support
component rather than a medical device, and we
tried to constrain its outputs using predefined nutri-
tional and feasibility rules, combined with explicit
grounding in individualized glucose predictions.
We also recommend that any real-world deploy-
ment should include human-in-the-loop review, ad-
ditional safety filtering and continuous monitoring
for errors and bias.
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agent framework. In Proceedings of the 63rd An-
nual Meeting of the Association for Computational
Linguistics, volume 6, pages 764–783.

In this appendix, we provide the supplementary
information accompanying the main paper, includ-
ing additional data, explanations, and details.

A Experimental Detail

A.1 PAGP Training Parameters
This appendix summarizes the training parameters
used for the Physiology-Aware Glucose Predictor
(PAGP). PAGP predicts the low-frequency compo-
nent of the postprandial glucose trajectory using an
LSTM and the high-frequency component using a
Transformer. Dietary and medication signals are
first processed by the learnable Temporal Physi-
ological Absorption Decay Module (TPADM),
while free-form meal descriptions are encoded by
a BERT-style nutrition semantic encoder and then
fused with structured inputs.

We adopt a subject-specific training strat-
egy: for each subject, we first pretrain
PAGP on the cohort from the same population
group (e.g., healthy→healthy, T1DM→T1DM,
T2DM→T2DM), and then fine-tune the pretrained
model on the target subject’s training split. We
select the best checkpoint by validation RMSE and
apply early stopping. We keep the data split and
random seed consistent across ablations.

We use a sliding input window of Tin = 120
minutes to predict the next Tout = 120 minutes of
glucose, with a sampling interval determined by the
corresponding dataset. The low-frequency mode
is modeled by the LSTM branch, and the high-
frequency mode is modeled by the Transformer
branch. The LSTM branch uses a 2-layer unidirec-
tional LSTM with hidden size 128 and dropout rate
0.2. The LSTM consumes the full fused structured
input sequence over the input window (including
the recent glucose history and other structured co-
variates), and outputs a low-frequency glucose pre-
diction for the future horizon. The Transformer
branch is an encoder-style Transformer with 4 lay-
ers, model dimension dmodel = 128, 4 attention
heads, and feed-forward dimension 512. We use
dropout 0.1 throughout the Transformer and em-
ploy a pre-layer-normalization (pre-LN) layout for
stability. The Transformer input at each time step is
formed by concatenating the TPADM outputs (diet
and medication absorption/effect representations)
with other structured features (e.g., exercise-related

signals), followed by a linear projection to dmodel.
The Transformer outputs a high-frequency glucose
prediction over the future horizon using the same
style of MLP regression head (128→64→1) with
GELU and dropout 0.1.

TPADM outputs a time-resolved physiological
effect vector with dimensionality dtp = 64. We
instantiate separate TPADM streams for dietary
intake and medication action, and concatenate
their outputs before fusion. All decay/absorption
parameters are learnable and constrained to be
non-negative using a softplus re-parameterization.
TPADM is trained end-to-end jointly with the
LSTM/Transformer predictors. Meal descriptions
are encoded using a Chinese BERT-base style en-
coder with hidden size 768. We truncate the input
to a maximum of 128 tokens and use the [CLS] rep-
resentation as the pooled embedding. The pooled
embedding is then mapped to the predictor fea-
ture space by an MLP projection (768→128) with
GELU activation and dropout 0.1, and is fused with
structured inputs for both branches.

We optimize PAGP with AdamW and use gradi-
ent clipping with ℓ2 norm threshold 1.0. We train
with mixed precision (fp16) enabled. For the non-
BERT modules (LSTM, Transformer, TPADM, fu-
sion and heads), we use a learning rate of 1× 10−3

during pretraining and 5 × 10−4 during subject-
specific fine-tuning. For the BERT encoder, we
use a smaller learning rate of 2× 10−5 during pre-
training and 1× 10−5 during fine-tuning. Weight
decay is set to 0.01 for all trainable parameters. We
apply a cosine learning rate schedule with linear
warmup. In pretraining, the warmup ratio is 5%
of total steps; in fine-tuning, the warmup ratio is
10%. We train for up to 50 epochs in pretraining
and up to 30 epochs in fine-tuning, and adopt early
stopping based on validation RMSE with patience
8 (pretraining) and patience 6 (fine-tuning).

All models are implemented in PyTorch. We
normalize structured inputs by z-score using train-
ing statistics only. Glucose values are trained in
mg/dL; we report RMSE on the original scale.

A.2 PD-2SMO LLM Inference Defaults
PD-2SMO uses the following default LLM API
and decoding parameters for all agent calls.
We invoke an OpenAI-compatible Chat Com-
pletions API with a fixed instruction-tuned chat
model (model is held constant within each experi-
ment). We set temperature= 0.2, top_p= 0.9,
max_tokens= 2048, frequency_penalty= 0,
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and presence_penalty= 0. We use exactly one
LLM call to propose a structured edit for the current
iteration (1 call/iteration). The LLM is instructed
to produce a strict JSON object. If the response
is not valid JSON, we perform one format-repair
call using the same model with temperature= 0
and max_tokens= 2048 to enforce schema com-
pliance.

A.3 PAGP Evaluation Metric

The Root Mean Square Error (RMSE) is defined
by the following equation:

RMSE =

√√√√ 1

N

N∑

i=1

(
Ĝi −Gi

)2
.

The the coefficient of determination (R2) is de-
fined by the following equation::

R2 = 1−
∑

i(Ĝi −Gi)
2

∑
i(Gi − Ḡ)2

.

A.4 PD-2SMO Target

Let x0 denote the original meal and x a candidate
optimized meal. The relative improvement is de-
fined as:

ImpiAUC =
iAUCx0

2h − iAUCx
2h

iAUCx0
2h

. (8)

The optimization target is ImpiAUC ≥ 10% under
practical dietary constraints.

A.5 Dataset Preparation Details

This appendix describes how we prepare the four
datasets used in our experiments, including CG-
Macros, BIG IDEAS, Shanghai T1DM, and Shang-
hai T2DM. Although the raw modalities and log-
ging completeness vary across datasets, we con-
vert them into a unified subject-centric format with
aligned glucose trajectories and structured event
features for both prediction and intervention.

A.5.1 Common Preprocessing Pipeline
For all datasets, we apply a consistent preprocess-
ing pipeline. (i) Time alignment: All timestamps
are converted into a unified local timezone and
aligned to the CGM sampling grid. (ii) CGM
cleaning: We remove implausible CGM values
and discard segments with excessive missingness.
Short gaps are imputed via linear interpolation,
while long gaps result in segment truncation. (iii)

Window construction: We construct samples us-
ing a rolling-window strategy. Each sample con-
tains a history context (CGM + events) and a fu-
ture prediction horizon. Windows overlapping with
severe missing CGM intervals are excluded. (iv)
Data split: We adopt subject-level splits when-
ever possible. Otherwise, we use within-subject
chronological splits to avoid future leakage.

A.5.2 CGMacros
CGMacros provides meal records primarily in the
form of food images. To integrate CGMacros
into our text-conditioned prediction-intervention
pipeline, we first convert each meal image into a
textual recipe-style English description using an
LLM-based captioning procedure. Specifically, for
each meal image, we prompt a vision-language
model to produce (1) a concise dish description,
(2) a structured ingredient list, and (3) an approx-
imate portion estimate when possible. We then
normalize the generated outputs into a standard-
ized text recipe format and align each meal event
to the closest CGM time step. If multiple images
correspond to the same eating episode, we merge
them into a single meal event by concatenating the
generated ingredient lists and summing portion esti-
mates when available. For quality control, we filter
out captions that are empty, non-food, or clearly
inconsistent with typical meal content, and we keep
missing fields masked rather than forcing zero val-
ues. The resulting text recipes are used as the meal
input to our model, enabling consistent handling of
meal semantics across datasets.

A.5.3 BIG IDEAS
BIG IDEAS includes multi-day CGM signals to-
gether with lifestyle records. We convert the raw
logs into synchronized streams of CGM, meal
events, and activity/medication events when avail-
able. We normalize all event times to the smallest
available grid. We further enforce minimal quality
constraints (e.g., minimum CGM coverage per day
and minimum number of logged meals per subject)
to reduce noise introduced by under-logging. The
dietary logs in BIG IDEAS dataset are written in
English.

A.5.4 Shanghai T1DM and Shanghai T2DM
The Shanghai datasets contain CGM trajecto-
ries from clinical cohorts with type-1 diabetes
(SH T1DM) and type-2 diabetes (SH T2DM), re-
spectively. Compared with non-clinical datasets,
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Shanghai cohorts may contain richer medication
records but limited lifestyle logging. Notably, ex-
ercise/activity logs are not available in the Shang-
hai datasets. Therefore, we remove the exercise
modality from the input interface when training and
evaluating on SH T1DM/SH T2DM. Concretely,
we keep the same CGM and meal/medication pre-
processing steps as in other datasets, but we (i)
omit the activity feature channels, and (ii) adjust
the model input masks accordingly to ensure that
missing exercise is not treated as observed zero ac-
tivity. Medication entries (e.g., insulin and/or anti-
diabetic drugs) are converted into time-stamped
dose vectors, and meal records are processed as
structured meal events when nutritional fields are
present; otherwise, we retain timestamp-only meal
markers as sparse indicators. The dietary logs in
Shanghai T1DM and T2DM dataset are written in
Chinese.

A.5.5 Unified Feature Schema

After preprocessing, all datasets are represented
using a unified schema: each sample contains (a)
a fixed-length CGM history segment, (b) synchro-
nized event sequences (meal, medication, and ac-
tivity when available) with modality-aware masks,
and (c) a future CGM horizon for supervised learn-
ing. This unified representation enables training
the Physiology-Aware Glucose Predictor (PAGP)
and deploying the downstream meal optimization
agent under consistent interfaces, while allowing
modality drop-out (e.g., no-exercise) for datasets
with incomplete logging.

A.5.6 Data License Information

We use the datasets strictly under their stated li-
censes and access policies, consistent with the in-
tended use for research and education: (i) CG-
Macros is released under CC BY-NC-SA 4.0 and is
accessible provided users comply with the license
terms. (ii) BIG IDEAs Data is released under the
Open Data Commons Attribution License v1.0 with
an access policy that permits use as long as the
license terms are followed. (iii) Shanghai T1DM
and T2DM is listed with CC BY 4.0. Accordingly,
we provide proper attribution in the manuscript,
use the data for non-commercial academic research,
and do not impose additional restrictions beyond
the original licenses.

A.6 Rule-based feasibility filter formalization
and implementation

We apply a rule-based feasibility filter to prune
infeasible candidates proposed by the meal opti-
mization agent. Let the original meal be M0 =
{(di, q0i )}ni=1 where di is a dish (or ingredient item)
and q0i is its portion size. A candidate meal is
M = {(di, qi)}n′

i=1 (possibly with substitutions in
Stage 2). Let E(d, q) denote energy (kcal) con-
tributed by item d at portion q; then total energy
is

E(M) =
∑

(d,q)∈M
E(d, q). (9)

We use indicator variables si ∈ {0, 1} to denote
whether di is substituted (only allowed in Stage 2),
and ∆qi = qi − q0i for portion change.

(1) Energy-fluctuation constraint. We bound
the deviation from the baseline meal energy:

∣∣E(M)− E(M0)
∣∣ ≤ ϵE , (10)

In practice, we also apply a per-edit energy cap
to prevent single-step spikes:

∣∣E(di, qi)− E(di, q
0
i )
∣∣ ≤ ϵE,i ∀i. (11)

(2) Two-stage constraints (Stage 1 vs. Stage 2).
Stage 1 only allows portion scaling without substi-
tutions:

si = 0, ∀i, qi ∈ Q(q0i ), (12)

where Q(q0i ) is a discrete set of admissible portion
levels (defined below). Stage 2 allows substitution
but keeps the edit budget bounded:

∑

i

si ≤ Bsub,
∑

i

I[∆qi ̸= 0] ≤ Bportion.

(13)
To preserve the meal structure, a substituted dish
di must map to a compatible class c(·):

c(di) = c(d′i) for any substitution di → d′i, (14)

where c(·) can be defined by food groups (e.g.,
staple/protein/vegetable) or dish roles.

(3) Dish-composition (ratio) constraints. Let
G be a set of dish groups (e.g., staple, protein, veg-
etable), and Mg ⊂ M be items in group g. Define
group energy (or weight) share

rg(M) =

∑
(d,q)∈Mg

E(d, q)
∑

(d,q)∈ME(d, q)
. (15)
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Dataset Original ReAct Ours

TIR TAR TBR TIR TAR TBR TIR TAR TBR

BIG IDEAS 77.32 17.81 4.87 83.68 13.91 2.41 90.02 7.75 2.23
CGMacros 81.05 15.04 3.91 85.41 11.74 2.85 91.34 6.83 1.83
Shanghai T1DM 89.53 7.82 2.65 91.02 6.59 2.39 91.97 6.40 1.63
Shanghai T2DM 82.91 10.71 6.38 85.72 8.81 5.47 87.09 7.66 5.25

Table 7: Comparison of PPGR Regulation Metrics (TIR, TAR, TBR reported in %) over a 120-minute horizon
across four datasets.

We enforce bounded shares and deviation from the
original meal:

rg ≤ rg(M) ≤ rg,
∣∣rg(M)− rg(M0)

∣∣ ≤ ϵr,g.
(16)

Additionally, to avoid degenerate solutions domi-
nated by a single component, we cap the maximum
item contribution:

max
(d,q)∈M

E(d, q)

E(M)
≤ τ. (17)

(4) Granularity constraints. We restrict portion
edits to discrete, realistic increments:

qi =
{
max(0, q0i + kδq)

∣∣ k ∈ Z, |k| ≤ Ki

}
,

(18)
where δq is a fixed step size (e.g., δq = 10 g or
0.25 serving), and Ki limits per-item adjustment
range. We further constrain the overall intervention
magnitude by bounding the number of changed
items and the total ℓ1 portion change:
∑

i

I[∆qi ̸= 0] ≤ Bchg,
∑

i

|∆qi| ≤ Bq. (19)

Implementation details. We implement the fil-
ter as a deterministic post-processor that takes a
set of candidates produced by the agent and re-
turns the feasible subset. Given a candidate M, we
(i) compute E(M) and all group shares rg(M);
(ii) check stage-appropriate constraints (Eq. 12
or Eq. 13); (iii) validate composition constraints
(Eq. 16–17); and (iv) validate edit granularity and
budgets (Eq. 18–19). Candidates failing any rule
are rejected. If no candidate is feasible in Stage 1,
the agent escalates to Stage 2. In practice, energy
and ratio computations utilize the USDA FoodData
Central and the Chinese Food Composition Table.
During Stage 2, if the LLM hallucinates or pro-
poses a food item that does not exist in database,
the feasibility filter flags the energy and ratio con-
straints as unverifiable. Consequently, the candi-
date is automatically rejected, forcing the agent to
regenerate a dietary proposal in the next iteration.

B Additional Result

B.1 PD-2SMO Constraint Analysis

Recipe rationality is assessed by an LLM-based
evaluator, which judges whether the generated meal
plans are nutritionally and logically reasonable. Re-
moving the calorie constraint from the agent leads
to a substantial degradation in recipe rationality
across all datasets. Specifically, the proportion of
reasonable recipe combinations drops from 91.34%
to 74.86% on BIG IDEAS, 90.27% to 73.97% on
CGMacros, 96.49% to 79.25% on Shanghai T1DM,
and 97.81% to 83.03% on Shanghai T2DM. On
average, this corresponds to an absolute decrease
of approximately 15–18 percentage points, indi-
cating that calorie-aware control plays a critical
role in maintaining globally reasonable meal plans.
The degradation becomes even more pronounced
when both the calorie constraint and the ratio con-
straint are removed. In this setting, the rationality
scores further decline to 63.90%, 59.61%, 70.37%,
and 71.58% on BIG IDEAS, CGMacros, Shanghai
T1DM, and Shanghai T2DM, respectively. Com-
pared to the full agent configuration, this represents
a total reduction of over 25–30 percentage points
in some datasets, highlighting the importance of
jointly enforcing caloric limits and macronutrient
or dish-level ratio constraints.

These results demonstrate that the proposed
agent does not merely rely on LLM generation
capabilities, but critically depends on structured
dietary constraints to guide the optimization pro-
cess. Without explicit calorie and ratio restrictions,
the agent tends to generate meal combinations that,
while potentially diverse, are significantly less co-
herent and nutritionally reasonable according to
LLM-based evaluation.

B.2 Post-Optimization Time in Range Result

To provide a comprehensive clinical evaluation of
long-term PPGR control, we additionally calcu-
late the Time in Range (TIR), Time Above Range
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(TAR), and Time Below Range (TBR) for the pre-
dicted PPGR over the 120-minute horizon. The
glucose range we selected for calculation is 80 to
180 mg/dL. As shown in Table 7, our proposed
PD-2SMO consistently achieves superior PPGR
control by significantly increasing the TIR while
simultaneously reducing both TAR and TBR com-
pared to the original meals and the ReAct baseline.

C Pseudo-code: PD-2SMO

Algorithm 1 Prediction-Driven Two-Stage Meal
Optimization Agent (PD-2SMO)
Require: x0, u; S(u, x); R(x, stage); ϵ = 10%; Π; B; τ =

10%.
Ensure: Optimized meal X∗.
1: (A0, G0)← S(u, x0) {A0: iAUC2h, G0: ∆G2h}
2: Initialize memoryM with (x0, A0, G0)
3: c← 1 {simulation call counter}
4: stage← DIST
5: while c < B do
6: Construct prompt P (x0, u,M, stage)
7: Generate candidate set C ∼ Π(· | P )
8: for all x ∈ C do
9: if c ≥ B then

10: break
11: end if
12: if R(x, stage) = FAIL then
13: UpdateM with failure record
14: continue
15: end if
16: (A,G)← S(u, x); c← c+ 1
17: UpdateM with (x,A,G)
18: if (A0 −A)/A0 ≥ τ then
19: return SELECTTIERS(M)
20: end if
21: end for
22: end while
23: stage← SUB
24: while c < B do
25: x† ← BESTPLAN(M)
26: t← IDENTIFYCONTRIBUTOR(x†)
27: L ← RETRIEVESUBSTITUTES(t)
28: Construct prompt P (x0, u,M,L, stage)
29: Generate candidate set C ∼ Π(· | P )
30: for all x ∈ C do
31: if c ≥ B then
32: break
33: end if
34: if R(x, stage) = FAIL then
35: UpdateM with failure record
36: continue
37: end if
38: (A,G)← S(u, x); c← c+ 1
39: UpdateM with (x,A,G)
40: if (A0 −A)/A0 ≥ τ then
41: return SELECTTIERS(M)
42: end if
43: end for
44: end while
45: return SELECTTIERS(M) {best-effort}

Algorithm 2 ReAct Agent Baseline for Meal-Level
Glucose Regulation
Require: x0, u; S(u, x); R(x, stage); ϵ = 10%; Π; B; τ =

10%; action set A.
Ensure: Optimized meal X∗.
1: (A0, G0)← S(u, x0) {A0: iAUC2h, G0: ∆G2h}
2: Initialize memoryM with (x0, A0, G0)
3: c← 1 {simulation call counter}
4: stage← REACT
5: x← x0 {current feasible proposal}
6: while c < B do
7: Construct prompt P (x0, u,M, stage)
8: (Thought, a) ∼ Π(· | P ) {a ∈ A is a tool-like action}

9: if a = STOP then
10: break
11: end if
12: x̃ ← EXECUTE(a, x) {apply action with typed argu-

ments}
13: if R(x̃, stage) = FAIL then
14: UpdateM with failure record
15: continue
16: end if
17: (A,G)← S(u, x̃); c← c+ 1
18: UpdateM with (x̃, A,G)
19: x← x̃
20: if (A0 −A)/A0 ≥ τ then
21: return SELECTTIERS(M)
22: end if
23: end while
24: return SELECTTIERS(M) {best-effort under budget B}

D Pseudo-code: the ReAct Agent for
Personalized Glucose Regulation

We implement a strong agentic baseline that di-
rectly applies the ReAct (Reason+Act) paradigm
to personalized meal-level glucose regulation, us-
ing the same subject information and simulator
interface as PD-2SMO. The baseline differs from
PD-2SMO in that it does not enforce a two-stage
structure (DIST→SUB) nor candidate-set evalua-
tion; instead, it performs a single ReAct loop that
iteratively edits the meal via discrete tool-like ac-
tions and uses prediction feedback to decide the
next action.

For each subject, the ReAct agent receives the
same inputs (x0, u) as PD-2SMO: (i) recent meal
records (description, ingredients, quantities, times-
tamps), (ii) medication and exercise logs, (iii) a
historical CGM window, and (iv) constraints (e.g.,
caloric bounds, ingredient ratios, minimum staple
intake). We treat the personalized glucose predic-
tor (PAGP) as the environment simulator S(u, x):
given a meal proposal x, S returns a predicted 120-
minute glucose trajectory and its summary metrics
(A,G), where A is iAUC2h and G is ∆G2h.

At each iteration, the LLM samples a typed ac-
tion a ∈ A and applies it via EXECUTE(a, x) to ob-
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tain a new proposal x̃. We use the same rule-based
feasibility filter as PD-2SMO, i.e., R(x̃, stage), to
enforce hard constraints and reject invalid edits
(logged into M as failures). Concretely, A in-
cludes:

• ADJUSTPORTION(item, scale) to scale
grams/servings;

• SUBSTITUTE(item, replacement) for ingredi-
ent replacement;

• RECOMPOSEMEAL(components) to rebal-
ance meal components;

• STOP to terminate the loop.

We use the simulator-call budget B with counter
c and maintain a unified memory M of evaluated
proposals. The baseline terminates when (i) it out-
puts STOP, (ii) the budget is exhausted (c ≥ B),
or (iii) it achieves the same regulation threshold as
PD-2SMO:

A0 −A

A0
≥ τ (τ = 10%), (20)

where (A0, G0) is obtained by simulating the orig-
inal meal x0.
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