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Abstract

Accurate blood glucose prediction is essential for glycemic management in people with
diabetes, but the size of many high-performing models complicates execution on resource-
constrained artificial pancreas controllers. We propose GluKDnet, a lightweight glucose-
forecasting model for prospective Android-smartphone-based mobile edge controllers.
GluKDnet transfers the representational capacity of a time-series foundation model to a
compact causal CNN through heterogeneous knowledge distillation. The teacher model,
MOMENT, is adapted to continuous glucose monitoring (CGM) data through risk-event-
aware masking, which prioritizes abnormal glucose levels, rapid glucose fluctuations, and
CGM-defined dawn phenomenon and Somogyi effect patterns during masked reconstruc-
tion. A transient-state and steady-state distillation module jointly aligns ordered patch-level
dynamics and day-level summaries between teacher and student. Using DLCP3 for teacher
pretraining and leave-one-patient-out evaluation on OhioT1DM, GluKDnet achieves RMSE
values of 20.04, 32.04, and 45.33 mg/dL for 30, 60, and 120 min prediction, respectively,
with about 53K parameters. Auxiliary evaluation on T1D-UoM shows a similar offline
accuracy—parameter count pattern. On a vivo V2072A Android smartphone, the 30 min
model achieved a mean API inference latency of 0.470 ms (P95: 0.855 ms), a maximum
sampled process proportional-set-size memory of 47.06 MiB, and a median incremental
device energy estimate of 0.277 m] per inference. These device measurements characterize
the exported student model under one hardware and software configuration; insulin dosing
and prospective closed-loop clinical evaluation remain outside the scope of this study.

Keywords: continuous glucose monitoring; blood glucose prediction; artificial pancreas;
knowledge distillation; time-series foundation model; mobile edge controller
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such as EEG-based cognitive assessment and EEG-assisted early disease detection [4,5].
With the rapid development of continuous glucose monitoring (CGM) technology [6] and
the emergence of artificial pancreas systems [7], conventional clinical glycemic management
is being reshaped. Artificial pancreas systems automatically adjust insulin infusion based
on the real-time feedback of BGLs provided by the CGM system. Despite artificial pancreas
systems having been shown to reduce hyperglycemia and hypoglycemia, and improve
glycemic control, two major challenges are impeding the efficiency of the systems, includ-
ing the time delay caused by the CGM system and the slow absorption of subcutaneously
infused insulin [8]. To overcome the issues caused by time delays, accurate BGL predic-
tion becomes essential for the artificial pancreas system. The prospective deployment
scenario considered in this study is an Android smartphone-based mobile edge controller
between the CGM and the insulin delivery workflow. In that architecture, the forecasting
module provides glucose trajectories to a separate dosing and safety control layer rather
than directly issuing insulin delivery commands. We evaluate retrospective predictive
performance and the exported student’s execution on one Android smartphone; controller
integration and closed-loop clinical operation are outside the present scope.

With the accumulation of CGM data, data-driven models, including machine learning
and deep learning techniques, have been increasingly used for BGL prediction. In linear
models, the relationship between future BGLs, history of CGM data, and other variables
is described by autoregressive, autoregressive moving average, autoregressive moving
average with exogenous variables, latent variable regression, and state space models.
For capturing the nonlinearity in glucose metabolism, the support vector regression and
Gaussian process models project the variables into the Hilbert space before establishing the
relationship between variables [9-11]. Due to the simple model structures, the ability of
machine learning techniques in modeling nonlinearity is limited.

Deep learning techniques have been widely utilized in modeling complex nonlin-
ear processes and outperform conventional machine learning methods on many tasks.
Nonlinear models based on deep neural networks have been extensively investigated
for forecasting future BGLs, ranging from common architectures, including feedforward
neural networks, convolutional neural networks [12-14], recurrent neural networks [15-18],
Transformers and their variants [19-21], to advanced architectures, like encoder—decoder,
generative adversarial networks, diffusion models, and reinforcement learning techniques.
The activation function enables deep neural network models to learn nonlinear relation-
ships, and the model’s flexibility is determined by the number of trainable parameters.

Large pretrained models have recently been developed for CGM, including
CGMformer [21] and GluFormer [22]. They demonstrate the value of pretraining on
large glucose corpora, but their scale motivates compact task-specific students when pre-
diction must run on an edge device. General masked reconstruction also does not explicitly
differentiate clinically important glycemic states. Compared with euglycemia, a forecast-
ing teacher should be more sensitive to abnormal BGL, rapid fluctuations, and recurring
nocturnal-to-morning risk patterns.

Motivated by the above considerations, this study proposed a risk-aware lightweight
BGL prediction model based on heterogeneous knowledge distillation, where a risk-aware
foundation model is developed as the teacher by paying attention to abnormal glucose
events, and a CNN-based lightweight student model is trained to inherit useful glucose
dynamics by learning from the teacher. The major contributions of this paper are as follows:

(1) We propose a risk-event-aware masking (REAM) strategy for glucose prediction.
Higher risk scores are assigned to abnormal glycemic states and then used to select
masking segments during self-supervised reconstruction, encouraging the teacher
model to learn risk-sensitive representations.
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(2) We decompose the feature structure into two complementary levels. Ordered patch-
level knowledge represents short-term trends and event patterns, whereas day-level
knowledge provides a global constraint on the overall glucose state. Their joint use
transfers local transient dynamics and global daily morphology without claiming that
temporal ordering is retained by global pooling alone.

(3) We build a heterogeneous distillation framework for lightweight glucose prediction.
Compact projectors map Transformer—teacher and CNN-student representations into
shared alignment spaces, where supervised response, first-order-difference, patch-
level, and day-level objectives are optimized jointly. The resulting 53K-parameter
student is additionally benchmarked on an Android smartphone for latency, process
memory usage, and incremental device energy.

The remainder of this paper is organized as follows: Section 2 summarizes related
BGL forecasting models and knowledge distillation techniques. The proposed method is
presented in Section 3. Prediction accuracy, component contributions, and computational
measurements are investigated in Section 4, and the results are further discussed in Section 5.
Conclusions are drawn in Section 6.

2. Related Work
2.1. Blood Glucose Prediction

Blood glucose prediction models can be broadly divided into physiological models,
data-driven models, and hybrid models that combine both approaches [23]. Data-driven
models, which learn glucose dynamics directly from historical data without requiring
complex physiological parameters, have become a major research direction because they
can exploit large-scale CGM data. Early studies used CGM sequences to build autoregres-
sive and other statistical models for short-horizon glucose prediction and showed that
clinically meaningful accuracy can be obtained from recent glucose history alone [24-26].
Their relatively small parameterizations and capacity for online updating motivate their
consideration in subsequent embedded or portable device studies. However, purely linear
assumptions often cannot fully represent the nonlinear dynamics caused by postprandial
fluctuations, sensor noise, and other factors.

To capture nonlinear patterns and external disturbances, researchers have increas-
ingly adopted neural network models. Online artificial neural networks have been used
to learn short-term evolution from historical CGM sequences and perform rolling real-
time prediction [27]. With the growing importance of multimodal inputs, insulin, meals,
and lifestyle information have also been incorporated to improve prediction stability and
clinical usability in free-living conditions [28]. Carbohydrate intake information has been
systematically introduced into short-term prediction frameworks, and related work has
shown that such event information can improve postprandial prediction [29].

More recently, deep sequence models and hybrid structures have been widely used
to provide stronger representation capacity and model longer dependencies. Traditional
and shallow learning methods, including support vector regression, wearable-processor-
oriented short-term forecasting, and Gaussian processes, remain competitive in some data
regimes [9-11]. Recurrent neural networks, especially LSTMs [30], have become common
in glucose prediction because of their ability to model temporal dependence. For example,
Rabby et al. proposed stacked LSTMs combined with Kalman smoothing to improve
robustness under sensor errors [17]. CNN-LSTM hybrid structures extract local fluctuation
patterns through convolutions and then model temporal dependence through recurrent
layers, showing potential for longer prediction horizons [31]. Lag fusion and ensemble
forecasting methods have also been proposed to address individual differences in look-back
window selection for blood glucose time series [32].
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With the development of attention mechanisms, Transformers have been intro-
duced for glucose prediction to model long-range dependencies and key segments.
Lee et al. used a Transformer to perform both glucose sequence prediction and hyper-
glycemia/hypoglycemia event prediction [20]. Transformer-based CGM prediction has
also been examined on OhioT1DM under imputation and smoothing settings, showing the
relevance of self-attention models for short-term blood glucose forecasting [33]. Bian et al.
proposed a Transformer—LSTM hybrid model to combine global dependency modeling
and local dynamics [34]. To alleviate attention cost and representation bottlenecks in long
sequences, the broader time-series forecasting literature has proposed variants such as
PatchTST, Crossformer, and iTransformer, which use patching, cross-dimension attention,
and inverted modeling to reduce complexity and improve representation of long-range
dependencies and multivariate interactions [35-37]. Broader forecasting studies have also
compared linear and Transformer-style architectures, reinforcing the idea that architecture
choice depends on sequence characteristics and the forecasting horizon [38]. Lu et al.
followed the foundation model paradigm from natural language processing and computer
vision: they pretrained CGMformer on large-scale CGM data using masked reconstruction
and then transferred the learned representations to blood glucose prediction and other
clinical assessment tasks through downstream fine-tuning [21].

Recent work further clarifies the scale-deployment spectrum. GluFormer establishes
large-scale CGM pretraining as a general representation-learning paradigm [22], while
PaPaGei develops open foundation models for optical physiological signals [39]. At the
compact end, neural architecture search has been used to construct ultra-low-memory
glucose forecasters for edge hardware [40], and GluLLM has examined on-device language-
model-based glucose prediction [41]. These studies target either broad pretrained represen-
tations or deployment-oriented architectures. GluKDnet instead studies how risk-adapted
CGM knowledge can be transferred across architectures into a causal CNN and then
measures the exported student’s execution on a smartphone.

Although these advanced models perform well, they often have large architectures.
In clinical and wearable settings, high parameter counts motivate the development of more
compact models for subsequent device-specific evaluation. In addition, most existing mod-
els mainly optimize overall prediction accuracy and pay insufficient attention to clinically
important risk regions, such as abnormal glucose levels and rapid glucose fluctuations.
Parameter-compact glucose prediction models that emphasize risk-relevant regions are
therefore an important step toward future evaluation in resource-constrained environments.

2.2. Knowledge Distillation

Deep learning models have achieved substantial progress in many fields, but their
large scale motivates model compression before evaluation under resource constraints.
Knowledge distillation is an important model compression technique. Since Bucilua et al.
introduced model compression in 2006 [42], the idea has been widely studied. Hinton et al.
further developed the concept by training a small “student” network under the guidance of
a larger “teacher” network [43]. Recent compression work has further combined distillation
with pruning to improve controllable compactness and parameter efficiency [44]. Pruning
methods based on feature map similarity scores have also been proposed to identify
redundant representations and reduce architectural complexity [45].

Most knowledge distillation methods can be classified by their information source
into logit-based distillation [46—49], feature-based distillation [50-53], and similarity-
based distillation [54-57]. Logit-based distillation encourages the student to mimic the
teacher’s output distribution [43]. Feature-based distillation, as introduced in FitNets
by Romero et al. [50], aligns intermediate representations rather than only logits. Some
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methods further encourage the student to learn higher-order relationships among sam-
ples, channels, or classes. Similarity-based distillation transfers knowledge by preserving
relative relationships, such as pairwise feature similarities [56].

Distillation can also be categorized by training paradigm. In offline distillation,
the teacher is pretrained and frozen during student training; this is common when us-
ing large pretrained models [58,59]. In online distillation, teacher and student models
are trained simultaneously and exchange information during training [60,61]. In self-
distillation, no external teacher is required; the student learns from its own predictions
or from outputs of different stages or branches [62,63]. Some studies combine logit-based
and feature-based distillation. For example, Sun et al. proposed multilayer learning from
a large teacher to improve training efficiency and task performance [64]. Other frame-
works introduce teacher assistants to bridge the capacity gap between teacher and student
models [65].

Cross-architecture distillation has recently received more explicit attention. One-for-All
uses projectors to bridge heterogeneous teachers and students [66], and redundancy suppression
distillation reduces incompatible information transferred between architectures [67]. In glucose
forecasting, future-aware sequence-to-sequence distillation transfers future-disturbance-
aware forecasting knowledge to a deployment-time student that uses historical inputs
only [68]. Modular medical-Al frameworks such as HEAL-LLMF also emphasize sep-
arating large fusion or reasoning components from task-facing healthcare modules, al-
though they address a broader multimodal decision setting rather than CGM distilla-
tion [69]. Relative to these studies, GluKDnet combines risk-aware adaptation of a time-
series teacher with temporally aligned local/global feature transfer to a causal CNN; the
contribution lies in this glucose-specific integration and its component-level and device-
level evaluation, not in claiming that foundation models, projectors, or CNNs are individu-
ally new.

Most existing distillation methods focus on homogeneous teacher—student architec-
tures. In these settings, both teacher and student usually share the same or similar neural
structures. However, high-performing modern models often use architectures that differ
substantially from compact student models. For instance, a teacher may be Transformer-
based, while the student is CNN-based. Under such heterogeneous conditions, traditional
homogeneous distillation may be limited or may even harm student performance because
the teacher and student encode information in different feature spaces.

For this reason, we identify transient-state and steady-state knowledge in CGM signals
and propose a heterogeneous knowledge distillation framework that transfers blood glu-
cose dynamics effectively between a time-series foundation model and a lightweight CNN.

3. Methods
3.1. Overall Framework

Figure 1 shows the overall framework of GluKDnet. At each prediction time, the model
uses the most recent rolling 24 h CGM history, comprising 288 readings at a five-minute
sampling interval, and predicts the next H glucose values. Its prospective deployment
setting is an Android smartphone-based mobile edge controller within an artificial pan-
creas system. In this setting, the GluKDnet student receives historical CGM readings
and provides predicted glucose trajectories to a separate dosing and safety control layer,
which may subsequently determine pump actions. GluKDnet is therefore a forecasting
component rather than a standalone insulin-dosing controller. This study evaluates ret-
rospective predictions and exported student inference on one Android device, but does
not integrate a live CGM stream, pump controller, or clinical closed loop. The framework
consists of three parts. The top branch is the teacher model, which uses the MOMENT
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time-series foundation model. To make the teacher more suitable for glucose dynamics, we
introduce a risk-event-aware mechanism into masked reconstruction self-supervised pre-
training. For REAM annotation, CGM samples with ¢; < 70 mg/dL and g; > 180 mg/dL
are labeled as hypoglycemic and hyperglycemic risk points, respectively, following the
international consensus on time in range [70]. This mechanism encourages the teacher to fo-
cus on these risk-relevant regions and provides stable supervisory signals and intermediate
representations for distillation. The bottom branch is the student model, a parameter-
compact dilated causal CNN residual backbone. Under strict causal constraints, dilated
convolutions expand the receptive field within a shallow architecture, enabling the model
to represent multiscale glucose dynamics while limiting architectural complexity and train-
able parameter count. Because the model uses CGM alone, the effects of meals, insulin,
activity, and sleep are represented only indirectly through their signatures in the observed
glucose trajectory rather than through explicit exogenous inputs. Patch-aligned embed-
ding aligns the student’s temporal coverage with the teacher’s patch tokens. The middle
module is hierarchical distillation: using the same historical input, the teacher and student
generate both multi-step predictions and intermediate features. Patch-level representa-
tions describe local glucose fluctuation patterns, and day-level representations provide a
global summary of the whole-day glucose state. During distillation, the teacher is frozen,
and only the student network and its projectors are optimized. The following subsections
describe data processing, the student architecture, risk-event-aware masking, and the
distillation objective.

= - y
: 7 -
(80%) ‘\} < 5 H j
: -
e £5 |18 <
3 o = )
o 0 58 ||B X
o H .
I (] o o
= ) &
f | B
e & . \
]
v i
Hard
Label
OhioT1DM g 2 *
lo’ % £ o Patch Day Soft Label
2 ) 1 Feature Feature +
w a H 1-Order
= | Difference
pro i :

OhioT1IDM

Embedding
Pooling

Figure 1. Overall framework of GluKDnet. The teacher branch adapts MOMENT to CGM data
through risk-event-aware masked reconstruction, while the lightweight causal CNN student receives
output, patch-level, and day-level supervision for multi-step prediction.

3.2. Data Preprocessing

The data used in this study are single-channel CGM glucose sequences. Readings
below 40 mg/dL or above 400 mg/dL are treated as invalid and flagged as missing [71].
The reported retrospective benchmarks use the quality-controlled records of the respective
public datasets; they were not designed as an online missingness experiment. For future
causal operation, we specify an explicit short-gap extrapolation and timeout policy that
never uses future values. If at most three consecutive five-minute samples are unavail-
able (a gap of at most 15 min) and at least two recent valid historical observations exist,
the missing values are extrapolated linearly from the recent historical slope and clipped
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to 40400 mg/dL. If the gap exceeds 15 min, or the historical evidence is insufficient, the
forecaster abstains instead of returning a potentially unsafe estimate. Prediction resumes
only after valid sampling has recovered and the input buffer again satisfies the quality
policy. Thus, no cubic-spline or bidirectional interpolation is assumed for online inference.

At every forecast time, the input is the most recent contiguous 24 h of CGM data
available up to that time; it is therefore a rolling causal history rather than a fixed midnight-
to-midnight calendar day. On the five-minute grid used in both evaluation datasets, this
gives an input length of L = 288. We selected this evidence-informed observation unit for
three related reasons. First, it contains one complete day—night cycle, so every prediction has
both nocturnal-to-morning and daytime context. A shorter history is phase-dependent and
may omit one of these portions of the preceding daily pattern. Second, this scale has direct
precedent in glucose forecasting. CGM-LSM likewise used the preceding 24 h, comprising
288 CGM readings, to predict the subsequent 2 h and selected this window to capture
daily patterns and a comprehensive view of a patient’s typical day [72]. On OhioT1DM,
Ghimire et al. found strong autocorrelation between current glucose and glucose values
from the preceding day and consequently adopted a 24 h rather than a 2 h history [73];
complete 288-point daily profiles have also been used as a meaningful representation unit
in CGMformer [21]. Third, the full-day context provides natural temporal support for
the day-level distillation objective and for REAM’s nocturnal-to-morning risk patterns.
In the intended future artificial pancreas workflow, the same fixed and bounded 288-point
buffer can be updated whenever a new CGM value arrives, without requiring continual
accumulation of an increasingly long history. We therefore regard 24 h as a physiologi-
cally and methodologically motivated design choice, rather than as a universally optimal
input length.

3.3. Risk-Event-Aware Masked Reconstruction

We use MOMENT as the teacher model in GluKDnet because MOMENT is a pretrained
foundation model for general time-series analysis, and its representations can be transferred
to downstream prediction tasks in different domains [74]. MOMENT first divides the input
sequence into patches and uses patch tokens as the units for attention modeling. This
reduces the number of tokens, lowers attention cost and memory usage, and supports
effective modeling of longer historical windows. The patch embeddings are then fed
into a Transformer encoder to capture long-range dependencies. During pretraining,
the model randomly masks some patches and learns temporal representations through
masked reconstruction.

To transfer MOMENT effectively from general time-series data to the glucose domain,
we propose REAM, as shown in Figure 2. Unlike uniform random masking, REAM
does not mask all daily time points uniformly under a fixed masking ratio. Instead, it
preferentially masks segments that contain glucose risk events. This forces the model to
learn contextual reconstruction patterns for clinically important segments and thereby
obtain more meaningful domain representations. Given a rolling 24 h CGM sequence,
REAM computes a risk score for each segment. The base score includes the intensity
of hypoglycemia (CGM < 70 mg/dL), hyperglycemia (CGM > 180 mg/dL), and rapid
glucose changes. If the sequence contains a CGM-defined pattern consistent with the dawn
phenomenon or Somogyi effect, additional scores are assigned to the corresponding time
windows. Segments are then ranked by risk score.

Following the international consensus on time in range [70], we use fixed CGM cutoffs
throughout REAM: a sample with g; < 70 mg/dL is labeled hypoglycemic, whereas a sam-
ple with g; > 180 mg/dL is labeled hyperglycemic. For segment k, ryypo (k) and rgper (k)
are the proportions of samples satisfying these respective conditions. These labels are used
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to prioritize masked segments during teacher pretraining; the downstream forecasting task
remains continuous glucose regression. Rapid changes are used to capture steep rises or
drops between adjacent samples. If the absolute change between two consecutive readings
reaches or exceeds 15 mg/dL, the latter time point is marked as a rapid-change point,
and the segment intensity is computed as the proportion of such points [75]. We further
introduce two day-level CGM pattern rules to emphasize important morning patterns.
A pattern consistent with the dawn phenomenon is defined as elevated fasting glucose in
the morning without nocturnal hypoglycemia [76]. A pattern consistent with the Somogyi
effect is defined as morning hyperglycemia after nocturnal hypoglycemia [77]. REAM
converts these CGM-defined criteria into segment-level risk scores and selects masking
positions according to the ranked scores. If one type of risk segment is insufficient, the mask-
ing budget is filled with other high-score or random segments. In this implementation,
the segment risk score is

Sk = whyporhypo(k) + whyperrhyper<k) + WrocTroc (k) + wdawn(Pdawn(k) + WsomPsom (k)/

where s; is the comprehensive risk score for segment k. The weights Whypo, Whyper/
Wroc, Wdawn, and Wsem control the contribution of each risk factor; in this study, we set
Whypo = 0.3, Whyper = 0.3, Wroc = 0.2, Wyawn = 0.1, and wsom = 0.1. The terms rhypo(k),
Thyper (k), and 7roc (k) denote the proportions of hypoglycemic, hyperglycemic, and rapid-
change points in segment k. The terms ¢qawn (k) and ¢som (k) are time window enhancement
terms for the CGM-defined dawn phenomenon and Somogyi effect patterns. If the corre-
sponding pattern is not detected at the day level, the term is zero for all segments. If it is
detected, positive enhancement is assigned only to the defined key time window. Under a
fixed masking budget, this increases the masking priority of morning risk patterns. REAM
sorts segments by s, and generates time point masks accordingly. The reconstruction
mean squared error is computed only at masked positions. In downstream prediction,
the pretrained teacher weights are reused to provide future predictions and intermediate
features for distillation.
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Figure 2. Risk-event-aware masking strategy for glucose domain adaptation. Daily CGM segments
are scored according to hypoglycemia, hyperglycemia, rapid glucose changes, dawn phenomenon
patterns, and Somogyi effect patterns before masked reconstruction in the teacher model.

REAM does not use teacher predictions or model-generated pseudo-labels to identify
risk segments. The masking priorities are calculated directly from observed CGM values
using the predefined glucose thresholds and trajectory rules above, while the reconstruction
target at every masked position is the corresponding observed CGM value. REAM there-
fore changes the sampling emphasis of the masked-reconstruction task without replacing
ground truth with the model’s own predictions. When the predefined risk segments do not
fill the masking budget, the remaining positions are drawn from other high-score or random
segments, retaining exposure to non-risk background dynamics. This design avoids the
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classical self-reinforcing confirmation-bias loop of pseudo-label-based self-training. It does
not, however, eliminate possible prior selection bias introduced by the manually specified
clinical rules and risk weights; this limitation motivates further validation of REAM under
alternative rule and weighting schemes.

3.4. Student Model

The student is a lightweight patch-aligned causal CNN for multi-step CGM predic-
tion. Given a historical input window of length L, the model predicts the next H values.
As shown in Figure 3, the student contains patch embedding, an optional positional embed-
ding, a dilated causal convolutional backbone, and a pooling plus MLP prediction head.
The design learns temporal representations at the same patch granularity as the teacher
while maintaining a small architectural footprint; its measured server and smartphone
costs are reported in Section 4.13.

Backbone

Causal CNN Causal CNN Causal CNN Causal CNN
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Figure 3. Patch-aligned causal CNN student model. The student embeds non-overlapping CGM
patches, adds positional information, processes them with a dilated causal convolutional backbone,
and pools the resulting features for multi-step glucose prediction.

The point-level CGM sequence is first divided into non-overlapping patches of
length P, producing N = L/P patches. A one-dimensional convolution performs patch
partitioning and linear projection jointly, mapping each patch into a C-dimensional student
token representation. A learnable positional embedding can be added to preserve the

absolute temporal order of the patches.
The backbone is composed of stacked dilated causal convolutional residual blocks,

as shown in Figure 4. Each residual block includes a main branch and a residual branch.
The main branch applies causal one-dimensional convolution to extract local temporal
features, followed by batch normalization, GELU activation, and dropout. Its output is
added element-wise to the residual branch. Left padding enforces causality, ensuring that
each output depends only on historical inputs and preventing future information leakage.
Increasing dilation rates across layers enlarges the effective receptive field in a shallow
network, enabling the student to capture local rapid fluctuations and medium-term trends
in the observed CGM trajectory. These patterns may contain signatures consistent with
meal-related rises, delayed insulin-associated declines, or circadian variation. However,
meals, insulin, activity, and sleep are not model inputs, so the network infers such effects
only indirectly from CGM and neither explicitly models nor causally attributes them.

The causal CNN was chosen by considering both temporal inductive bias and theoret-
ical cost. For N patch tokens, C hidden channels, kernel size K, and B residual blocks, its
approximate cost is O(BNKC?) and all temporal positions within a layer can be evaluated in
parallel. A small LSTM has a comparable O(NC?) arithmetic order but retains a sequential
recurrence across N steps, which can limit parallel inference. A dense Transformer requires
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approximately O(N2C + NC?), and pruning reduces parameter count without necessarily
producing proportional latency gains because irregular sparsity depends on hardware and
kernel support. A linear forecaster is cheaper, approximately O(LH), but lacks the nonlin-
ear hierarchical representation used here. Dilated causal convolution therefore provides
a bounded state buffer, strict temporal causality, multiscale receptive fields, and regular
dense operators. This comparison motivates the design; it does not imply that a CNN is
universally faster than every optimized recurrent, sparse, or attention implementation.

At the output end, patch-level features generated by the backbone are pooled into a
compact global representation and passed through the prediction head to produce the next
H glucose values. In the knowledge transfer setting, the patch-level backbone output and
pooled global representation serve as two alignment interfaces, constraining local dynamics
and global morphology respectively.

Causal CNN ’

/ v

/ [ Batch Norm ]

’ v
p

/ GELU

AN ‘1‘

\\\ ( Dropout h
228 2
R W)
b 4
e
3/
!

Figure 4. Dilated causal convolutional residual block. Causal convolutions preserve temporal order,
dilation expands the receptive field, and the residual path combines convolution, batch normalization,
GELU activation, and dropout without using future information.

3.5. Feature Selection

To represent both local dynamics and daily morphology in a rolling 24 h CGM se-
quence, and to provide hierarchical supervision for knowledge transfer, we design two
feature levels: patch-level features and day-level features. Given an input sequence x € RE,
the sequence is divided into N = L/ P continuous patches of fixed length P. A convolu-
tional embedding maps each patch into a C-dimensional hidden space, and causal con-
volutions model temporal dependence across the patch sequence. This produces ordered
local representations

Z=zy,...,zy] € ROV,

where z; is the contextual feature of the i-th patch and captures fine-grained patterns such as
local trends, abrupt changes, and short-term fluctuations. To obtain a compact summary of
the whole-day glucose curve, global average pooling is applied over the patch dimension:

1% c
g=—) z;cR-.
Ni:1
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The vector g is defined as the day-level feature and summarizes the overall daily
glucose state. Because global averaging alone does not retain complete temporal ordering
or curve shape, it is used as a global constraint rather than as a self-sufficient representation
of daily morphology.

The advantage of this two-level design is that it provides complementary and alignable
supervision for distillation. Patch-level features retain ordered intra-day structure and
key local event information, allowing fine-grained alignment of rapid rises, drops, and
high-variability regions. Day-level features provide a stable global constraint on the whole-
day state. Overall morphology is therefore preserved jointly by ordered patch alignment,
the day-level constraint, and first-order-difference matching. This combination avoids
relying on a global average alone and reduces the instability that may arise from relying
only on token-wise local alignment.

3.6. Distillation Method

The Transformer-based teacher and CNN-based student differ in network structure,
feature distribution, and hidden dimensionality. The Transformer aggregates global infor-
mation through attention, whereas the CNN extracts features through local convolutions
and hierarchical pooling. Directly aligning hidden representations may therefore be un-
stable or semantically weak because the two representations lie in different feature spaces.
We introduce lightweight projectors on both the teacher and student sides to map inter-
mediate representations into a shared alignment space, enabling stable cross-architecture
comparison and gradient transfer.

During distillation, all teacher parameters are frozen, and only the lightweight stu-
dent and its projectors are trained. Given the same historical input x € Rl and future
ground truth y € RH, the teacher and student produce multi-step predictions yr € R
and ys € RH. The student also outputs patch-level features Zs € R“*N and the day-
level representation gs € RC. The teacher constructs corresponding patch-level features
Z7 € R™N and day-level features gr € R? from Transformer encoder hidden states. Be-
cause the reported model uses only single-channel CGM sequences, the observed data
contain multiscale trajectory signatures, including rapid rises, delayed declines, and recur-
ring time-of-day patterns. Such signatures may be consistent with postprandial responses,
delayed insulin action, and circadian influences, but these physiological effects are inferred
only indirectly from the glucose trajectory: meal intake, insulin delivery, activity, sleep,
and circadian phase are not provided as explicit inputs. Cross-patient distributions also
differ substantially. A lightweight model trained only with supervised regression may
drift during multi-step forecasting or produce overly smooth predictions. Therefore, we
use a hierarchical distillation objective. Teacher predictions stabilize multi-step regression,
and day-level and patch-level distribution alignment transfers structured representations
of global states and local event segments.

Patch is used as the shared minimum alignment unit on both sides, avoiding interpola-
tion or dynamic matching. The student uses patch-aligned embedding, and the teacher uses
patch tokens, so the i-th patch covers the same time interval in both networks. This enables
direct token-wise patch-level alignment, which is important for transferring representations
of local glucose fluctuations and peak neighborhoods. These are trajectory-level patterns
rather than explicitly annotated meal responses.

The student-side features are

Zs € REXN ,
N
gs = 1171‘1 Zg; € RC.
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The teacher-side features are constructed from encoder hidden states:

Zr € RdXN,

1% p
8T = + )_zr;i € R,
N =

where zg; and z7; are the hidden representations of the i-th patch token for the student
and teacher respectively.

Because the teacher and student hidden dimensions differ (d # C), and because repre-
sentation scales and statistics may shift across patients, we do not force numerical feature
regression. Instead, we use distribution-based representation distillation. Lightweight
projectors map the teacher and student representations to the same logit-sized alignment
space, and KL divergence is applied after softmax normalization. For any intermediate
representation F, the projector is defined as

Xpro(F) = FC(Convy 1 (F)),

where Conv;y; performs channel mapping and distribution shaping, and FC projects
features to a D-dimensional logit space. The teacher and student use independent projectors
Xgro(') and Xgro(')'

In the implemented configuration, the 288-point history is divided into N = 36
non-overlapping patches of length P = 8. The teacher hidden dimension is d = 1024,
the student hidden dimension is C = 64, and the projector bottleneck contains 32 chan-
nels. Four independent projectors are used: teacher-side and student-side projectors for
both day-level and patch-level features. The teacher projectors use ConvlD11(1024,32)
followed by FC(32, H), whereas the student projectors use Conv1D1 1(64,32) followed by
FC(32, H). For day-level vectors, a singleton temporal dimension is introduced before the
1 x 1 convolution; for patch-level tensors, the same channel mapping and fully connected
layer are applied at each of the 36 aligned patch positions. No additional nonlinear acti-
vation is used. The shared projection dimension is D = H, giving D = 6, 12, and 24 for
the 30, 60, and 120 min tasks, respectively. These projectors are optimized jointly with the
student during distillation but are discarded after training, so they add no parameters or
operations to student-only inference.

For patch-level representations, the projected logits are

Qr = Xpo(Zr) € RV,

Qs = Xpro(Zs) € RPN,

Let Q1) € RP denote the logits of the i-th patch token. The patch-level distillation
loss is the average KL divergence across all tokens:

1N ; i
Lpat = N 2 KL (SOftmax(Q(T)) | softmax(Qg)))-
i=1

Because patches are strictly aligned, no additional alignment cost is needed. Teacher
encodings of rapid glucose changes and other local dynamics can therefore be transferred
directly to the student, reducing shape bias in high-variability segments. For day-level
features, the projected logits are

qr = Xgro(gT) € RD/

qs = Xgro(gS) eRP.
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The day-level distillation loss is

Laay = KL(softmax(qr) || softmax(qs)):

This term aligns the student’s global temporal representation distribution with that of
the teacher and improves stable modeling of long-range dynamics across patients.

In the output space, teacher predictions are used as soft supervision for multi-step
regression. We also introduce first-order-difference distillation to align the rate of change of
the prediction curves. This is important because CGM sequences are noisy and often contain
peak-to-valley transitions. Matching only prediction values can make the student overly
smooth, whereas a rate-of-change constraint encourages the student to match dynamic
trends and reduces peak timing shifts and trend lag.

The supervised regression loss is

H
sup— ﬁ ; ySh_yh

The output distillation loss uses SmoothL1:

H
Lig = — Z o(sn — Y1)

where p(-) is the SmoothL1 function. Defining the first-order difference as AY. , = . 1 — . 1,
the difference distillation loss is

H-1
Ly = H_1 h:Zl p(AYsp — BYrp)-

The final training objective is
L = AsupLsup + AdLid + Ad1Ld1 + AdayLday + ApatLpat,
where Asup, Axd, Ad1, Aday, and Apat are the weights of the corresponding loss terms.

4. Experiments
4.1. Datasets

We used three public CGM datasets with distinct roles. DLCP3 was used only for
masked-reconstruction pretraining of the teacher model. OhioT1DM was used as the
primary downstream benchmark for blood glucose prediction training and evaluation.
T1D-UoM was used as an auxiliary evaluation dataset to examine whether the offline
accuracy—parameter count pattern observed on OhioT1DM also appears in a broader public
CGM cohort. The three cohorts were collected independently, are mutually disjoint, and
have no known patient overlap.

The DLCP3 dataset is from the six-month randomized multicenter iDCL trial [78].
The study enrolled 168 participants with type 1 diabetes aged 14-71 years and followed
them for six months. The control group received sensor-augmented insulin pump therapy,
and the primary endpoint was based on the percentage of time in range measured by CGM.

The OhioT1DM dataset [79], released by Marling and Bunescu, is widely used for
blood glucose prediction. It contains eight weeks of data from six participants with
type 1 diabetes (IDs 559, 563, 570, 575, 588, and 591). It provides CGM readings sam-
pled every five minutes and multiple event streams strongly related to glucose fluctuations.
Although OhioT1DM includes these additional event streams, all reported experiments
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used only the five-minute CGM glucose sequence as model input; the event streams were
not provided to GluKDnet or the baseline models.

The T1D-UoM dataset [80], released by the University of Manchester team, was used
in this manuscript as an auxiliary evaluation dataset for type 1 diabetes management
and glucose prediction. It contains approximately 12 weeks of longitudinal real-world
data from 17 people with type 1 diabetes. In addition to CGM values, it includes basal
and bolus insulin doses, nutrition intake, physical activity, and sleep-related information.
To keep the comparison consistent with the single-channel setting used for OhioT1DM and
the student model, the present experiments used only CGM glucose sequences as model
inputs; the additional insulin, nutrition, activity, and sleep modalities were not used in the
reported models.

4.2. Evaluation Metrics

We evaluate prediction performance using numerical error and clinical acceptabil-
ity metrics. Mean absolute error (MAE) and root mean squared error (RMSE) quantify
prediction error:

1 &
MAE = = Y |7 — yil,
Nizl

where ¥; is the predicted value, y; is the corresponding ground truth, and N is the total
number of prediction points.
We also use mean absolute relative difference (MARD), reported as a percentage:

Ny
MARD = =y Ii—vil 1000,
N i=1 max('yi|/€)

where € is a small constant to avoid numerical instability when the denominator is too small.
To evaluate trend fitting, we use the coefficient of determination:

R2 =-1— le\il(yl - y\l‘)z
27
Zﬁl(}/i—y)

where  is the mean of the ground truth values. A higher R? indicates stronger explanatory
power.

For clinical acceptability, we use Clarke Error Grid (CEG) analysis [81]. The CEG
divides the plane formed by predicted and true glucose values into five zones, as illustrated
in Figure 5. Zone A indicates clinically accurate predictions that do not affect treatment
decisions. Zone B indicates small errors that may lead only to benign or noncritical treat-
ment adjustments. Zone C indicates predictions that may cause unnecessary or excessive
treatment. Zone D indicates missed dangerous glucose events. Zone E indicates severe
errors that may lead to dangerous or wrong treatment decisions. Predictions in Zones A
and B are usually considered clinically acceptable.

4.3. Experimental Settings

To evaluate generalization to unseen patients, we use leave-one-patient-out (LOPO)
cross-validation [82]. For a dataset containing N patients, the model is trained on N — 1
patients and evaluated on the remaining patient. This process is repeated N times so that
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each patient is used once as the held-out test subject, providing a realistic assessment of
cross-patient generalization.

Clarke Error Grid

400
3501 E c B
3001 A l
2501

200

1501

1001

Prediction Concentration (mg/dL)

501

C E

0 50 100 150 200 250 300 350 400
Reference Concentration (mg/dL)

Figure 5. Clarke Error Grid zones used for clinical safety evaluation. Predicted glucose concentrations
are plotted against reference concentrations and assigned to Zones A-E, which represent clinically
accurate, benign, unnecessary-treatment, missed-risk, and dangerous-treatment regions.

Transfer from DLCP3 to the downstream datasets was not performed as direct zero-
shot inference. In every OhioT1DM and T1D-UoM LOPO fold, the MOMENT teacher was
initialized from the DLCP3 REAM masked-reconstruction checkpoint and then adapted
using only the N — 1 non-held-out patients from the corresponding downstream dataset.
The target patient was excluded from fold-specific teacher adaptation, student training,
validation-based model selection, and hyperparameter selection. This two-stage procedure
separates the roles of the datasets: DLCP3 provides self-supervised initialization from
generic CGM trajectory structure, whereas fold-specific downstream adaptation calibrates
the teacher to the sensor, sampling, and cohort characteristics observable in the training
patients of OhioT1DM or T1D-UoM. The reported T1D-UoM results therefore provide
auxiliary evidence that the transferred initialization remains useful after downstream
adaptation; they should not be interpreted as proof of demographic or sensor-invariant
zero-shot generalization.

Model development and same-server timing were performed on a shared laboratory
server equipped with an Intel Xeon Platinum 8280 CPU at 2.70 GHz and an NVIDIA
L40S GPU. The code used Python 3.11.13, PyTorch 2.0.1, CUDA 11.7, and scikit-learn 1.7.1.
In addition, exported FP32 students were benchmarked on a vivo V2072A smartphone
running Android 13 using ExecuTorch 1.3.1. Server and smartphone protocols are reported
separately because their latency and memory measurements are not directly interchangeable.

In the teacher masked-reconstruction stage, the initial learning rate was 0.0001, training
lasted 50 epochs, batch size was 64, and AdamW was used as the optimizer. The masking
ratio was 0.30. Automatic mixed precision and gradient clipping were enabled, and the
best validation checkpoint was saved for downstream prediction.

For fold-specific downstream adaptation, the MOMENT teacher was initialized from
the masked-reconstruction checkpoint and fully fine-tuned for at most 30 epochs with
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batch size 256. AdamW used learning rates of 2 x 10~ for the encoder and embedder and
2 x 10~ for the prediction head. The supervised-only causal CNN was trained for at most
50 epochs, whereas the distilled student was trained for at most 75 epochs; both used a
batch size of 1024, AdamW, an initial learning rate of 103, and validation-based checkpoint
selection. During distillation, teacher parameters were frozen. The total loss combined
supervised regression, output response distillation, first-order-difference distillation, day-
level feature distillation, and patch-level feature distillation. The loss weights were set to
Asup = 1.0, Akqg = 0.7, Aqp = 0.02, Aqay = 0.5, and Apae = 0.5.

The numerical magnitudes of these coefficients are balancing factors rather than di-
rectly comparable measures of component importance because the constituent losses differ
in definition, normalization, and gradient scale. The supervised MSE loss is the primary
ground-truth regression objective, and Asyp = 1.0 serves as the reference. In contrast, Ly;
applies SmoothL1 to adjacent prediction differences. Differencing emphasizes local high-
frequency variations and CGM noise; therefore, A4; = 0.02, which is 50-fold smaller than
Asup, keeps this term as a weak trend-preserving regularizer and limits competition with
absolute-glucose regression. The patch- and day-level losses use KL divergence to align
softmax-normalized projected feature distributions. Setting Apat = Aday = 0.5 provides
intermediate-strength local and global representation guidance without allowing heteroge-
neous feature matching to dominate the supervised objective. The empirical sensitivity of
these settings is evaluated in Section 4.10. A 10-epoch linear warm-up was applied to the
distillation terms to improve stability. Other hyperparameters were tuned on the validation
set, and the best checkpoint of each fold was used for testing.

4.4. Baseline Models

We selected representative deep learning baselines covering recurrent, convolutional,
and self-attention architectures. All baselines were retrained and tested under the same
data splits, preprocessing pipeline, and evaluation metrics to ensure fair comparison.

Specifically, CNN-LSTM [31] extracts local temporal features through one-dimensional
convolutional layers and then uses a two-layer LSTM and fully connected layers for multi-
step prediction. Transformer [20] models historical CGM sequences through multi-head self-
attention and supports both glucose regression and hyperglycemia/hypoglycemia event
classification. GluNet [12] is a dilated causal convolutional model that transforms glucose
change AG into discrete classes before inferring future glucose values. Gluformer [83]
uses a Transformer backbone to model future glucose trajectories as an infinite mixture
distribution and outputs both predictions and uncertainty estimates. BGformer [19], which
is based on Informer, introduces a feature enhancement module and an encoder-decoder
structure to capture local and global temporal dependencies.

We followed the original architecture and key module designs of these baselines.
Because of dataset characteristics and the objectives of this study, some experimental con-
figurations were unified, including input dimensions, historical window length, prediction
horizon, and preprocessing procedure. These changes affect only input/output settings
and do not alter the core modeling mechanisms.

4.5. Experimental Results

We compared GluKDnet with five representative deep learning baselines: CNN-LSTM,
Transformer, GluNet, Gluformer, and BGformer. For the main OhioT1DM evaluation, the five-
minute sampling interval means that horizons of 6, 12, and 24 time steps correspond to 30,
60, and 120 min. All methods used the same most recent rolling 24 h CGM history, namely
288 time steps, as input. The T1D-UoM sequences were also represented at a five-minute
sampling interval and evaluated with the same 24 h input and 6-, 12-, and 24-step horizon
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definitions. Table 1 reports the primary OhioT1DM results, and Table 2 reports the auxiliary
T1D-UoM evaluation under the same 30, 60, and 120 min horizon naming convention.
Overall, prediction errors increase and R? decreases as the prediction horizon becomes
longer, reflecting the greater uncertainty of long-horizon glucose forecasting. Although dif-
ferent baselines achieve competitive results on some individual metrics, GluKDnet provides
a favorable overall offline accuracy—parameter count trade-off. On the primary OhioT1DM
benchmark, GluKDnet achieves the lowest RMSE across the 30, 60, and 120 min horizons,
while maintaining competitive MAE, MARD, and R? values. On the auxiliary T1D-UoM
dataset, GluKDnet also shows a similar accuracy—parameter count pattern, although its
advantage is less uniform across all metrics and patient-level variability remains substantial.

Table 1. Primary performance on the OhioT1DM dataset. Values report mean + standard deviation
under leave-one-patient-out evaluation for 30, 60, and 120 min prediction horizons; bold values
indicate the best result within each horizon and metric.

Horizon Model RMSE (mg/dL) MAE (mg/dL) MARD (%) R?
CNN-LSTM 22.40 4+ 3.52 15.33 £1.37 9.73+1.85 0.8414£0.02
Transformer 21.68 £ 2.52 1574+£159  1055£240 0.8464 +0.03

30 min GluNet 21.59+2.14 15914+130  10.62+2.24 0.8473£0.03
Gluformer 20.70 +2.44 14.64 +1.44 9.83+224  0.8594+0.03
BGformer 21.78 +2.81 15.77 £1.81 10.60 £2.58  0.8466 4 0.03
GluKDnet 20.04+2.49 1513+175  10.17+£259  0.8545+0.03
CNN-LSTM 35.06 £4.44 25.69 +3.01 16.55£3.04 0.6101 +0.03
Transformer 34.16 £3.19 2577+£259  17.88+439 0.6192 £0.08

60 min GluNet 34.45+£2.95 2563+2.08  17.09+£3.68 0.6105=+0.09
Gluformer 33.524+3.26 2518+£233  17.30£398 0.6352 £ 0.07
BGformer 33.96 £3.91 2554+3.07 17.75+4.47 0.6231 £0.08
GluKDnet 32.04 £+ 3.07 23.88 £2.19 16.24 +3.74 0.6630 = 0.07
CNN-LSTM 50.54 +7.14 38.99+6.51  2532+£4.63 0.1860+0.10
Transformer 49.59 £4.45 38.74+347  2710+£573 0.2052+0.11

120 min GluNet 51.84 £3.93 39.60+296  27.06+5.68 0.1208 +0.17
Gluformer 48.71+4.47 38.05+3.77  2638+£6.25 0.2358 +0.09
BGformer 48.88 +£4.18 3838+349  27.04+585 0.2274+0.11
GluKDnet 4533 +3.92 35.68+3.13 2516 £573 0.3350 £0.10

To further analyze the RMSE-oriented trade-off between model complexity and pre-
diction performance, we plotted model parameter counts against RMSE values, as shown
in Figure 6. The horizontal axis represents parameter count on a logarithmic scale, and the
vertical axis represents mean RMSE and standard deviation under the 30, 60, and 120 min
horizons. On this RMSE-focused comparison, GluKDnet lies in the region with the smallest
parameter count and the lowest RMSE across the three OhioT1DM horizons. With only
about 53K parameters, GluKDnet achieves the lowest RMSE on the primary OhioT1DM
benchmark at all three horizons, even compared with much larger models such as Trans-
former (about 1.09M parameters) and BGformer (about 663K parameters). This result
supports the main RMSE advantage, but it should be interpreted together with the MAE,
MARD, and R? results, where several baselines remain competitive. Through hetero-
geneous knowledge distillation, GluKDnet compresses the model substantially while
retaining key temporal representations. Parameter count remains an architectural measure
rather than a substitute for execution evidence; Section 4.13 therefore reports separate
server and Android measurements.

4.6. Patient-Specific Evaluation

To examine patient-level behavior beyond average metrics, we report the 30 min
results for all six held-out OhioT1DM participants in Table 3 and Figure 7, followed by the
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best and most challenging cases. This fine-grained analysis is important because cohort

averages hide substantial inter-patient variability.

Table 2. Auxiliary performance on the TID-UoM dataset. Values report mean + standard deviation
for RMSE, MAE, MARD, and R? across 30, 60, and 120 min prediction horizons; bold values indicate
the best result within each horizon and metric.

Horizon Model RMSE (mg/dL) MAE (mg/dL) MARD (%) R?
CNN-LSTM 29.54 +12.12 21.99 £ 9.56 16.59 £7.55 0.6085 +£0.251
Transformer 30.22 £12.30 22.34 £9.32 16.89 £7.13  0.5919 £ 0.260

30 min GluNet 31.76 £12.77 23.51 +£9.50 1745+£7.06 0.5471+0.286

! Gluformer 29.40 £12.25 21.95+9.67 16.71£7.65 0.6100 + 0.248
BGformer 31.65+11.99 23.39 £8.67 17.64 £ 6.47 0.5547 +0.279
GluKDnet 29.25+12.33 21.99 £9.79 16.54 £7.47 0.6119 +0.243
CNN-LSTM 40.94 £13.87 31.29+£11.22 23.83+£8.81 0.3044 +0.308
Transformer 41.79 +13.79 31.794+10.84 24.14+834 0.2783 4+ 0.320

60 min GluNet 45.09 £15.91 33.99+£1220 2536+9.07 0.1464 £ 0.409
Gluformer 40.88 £13.54 3099 +10.88 23.83£8.52 0.3189 +0.296
BGformer 42.34 +13.77 32.614+10.72 24.89+8.01 0.2576 +0.327
GluKDnet 40.10 =13.98 31.15+11.45 23.70+£8.83 0.3127 +£0.304
CNN-LSTM 4899 £13.17 3824 £10.68 29.46 £8.40 0.0657 +0.230
Transformer 49.56 +13.63 38.67+£10.75  29.73+832 0.0476 £+ 0.236

120 min GluNet 57.40 £17.60 43.61+13.29 3264+£9.77 0.0256 + 0.421
Gluformer 48.41 +£12.86 37.83+1038 29.14+7.78 0.0877 +0.218
BGformer 49.46 +13.44 38.55+10.54 29.45+7.78 0.0506 £ 0.227
GluKDnet 47.70 £13.37 38.02+11.02 29.03+829 0.0774 +£0.229

Parameters vs RMSE (mean =+ std) — 30min + 60min + 120min
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Figure 6. Trade-off between parameter count and RMSE. The horizontal axis shows model size on a

logarithmic scale, the vertical axis reports RMSE, marker shapes denote prediction horizons, and error

bars indicate standard deviations across patients.

Table 3. GluKDnet performance for every held-out OhioT1DM participant in the 30 min task.

PID RMSE (mg/dL) MAE (mg/dL) MARD (%) CEG Zone D (%)
559 20.67 16.15 11.11 1.85
563 18.27 14.22 9.09 0.92
570 17.92 12.87 6.54 0.36
575 25.38 18.38 14.60 5.69
588 19.13 14.22 8.27 0.00
591 18.86 14.97 11.44 2.70
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Figure 7. Patient-level numerical performance of GluKDnet for all six OhioT1DM participants in the
30 min task.

The patient-specific analysis further shows that the advantage of GluKDnet is not
uniform across all individuals. In the best-case sequence, as shown in Figure 8 and Table 4,
GluKDnet achieves the strongest performance across all four metrics, with an RMSE of
17.92 mg/dL. The curve comparison shows that GluKDnet closely follows the main intra-
day trends and maintains smaller amplitude errors and time lags in rapidly changing
intervals. This suggests that the distilled lightweight student can closely follow intra-
day glucose dynamics when the held-out patient distribution is well aligned with the
learned representations.

300

Glucose (mg/dL)

t.in_day (0..287)

Figure 8. Best-case patient-level prediction comparison. Ground truth CGM values are compared
with predictions from GluKDnet and five baselines across one daily sequence, illustrating the case in
which GluKDnet most closely follows intra-day glucose dynamics.

However, in the challenging case shown in Figure 9 and Table 5, CNN-LSTM ob-
tains a lower RMSE than GluKDnet, and several models show larger deviations in low-
glucose and rapidly changing intervals. GluKDnet performs at a similar level to sev-
eral baselines, with an RMSE of 25.38 mg/dL, whereas CNN-LSTM achieves a lower
RMSE of 23.57 mg/dL. These results indicate that GluKDnet improves the overall offline
accuracy—parameter count trade-off, but its cross-patient robustness remains limited for
difficult individuals with stronger physiological or behavioral variability.
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Table 4. Best-case patient-level performance. The table reports RMSE, MAE, MARD, and R? for the
same representative best-case sequence; bold values denote the best metric values.

Model RMSE (mg/dL) MAE (mg/dL) MARD (%) R?

CNN-LSTM 23.25 15.99 7.36 0.8691
Transformer 18.84 13.68 6.97 0.9140
GluNet 19.05 14.31 7.28 0.9121
Gluformer 18.33 13.16 6.70 0.9072
BGformer 19.38 14.15 7.17 0.9090
GluKDnet 17.92 12.87 6.54 0.9222

rrrrrrrrr

0 50 100 200 250 300

150
tin_day (0..287)

Figure 9. Challenging patient-level prediction comparison. Ground truth CGM values are compared
with predictions from GluKDnet and five baselines for a difficult daily sequence with larger deviations
in low-glucose and rapidly changing intervals.

Table 5. Challenging patient-level performance. The table reports RMSE, MAE, MARD, and R? for
the corresponding difficult daily sequence; bold values denote the best metric values.

Model RMSE (mg/dL) MAE (mg/dL) MARD (%) R?

CNN-LSTM 23.57 16.34 12.20 0.8504
Transformer 25.93 18.45 14.05 0.8190
GluNet 25.33 18.29 13.92 0.8272
Gluformer 24.50 16.84 12.94 0.8384
BGformer 25.92 18.61 14.42 0.8191
GluKDnet 25.38 18.38 14.60 0.8266

Overall, under strict cross-patient evaluation, performance is strongly affected
by individual differences. GluKDnet shows a favorable accuracy-complexity trade-
off in the best case, but its cross-patient generalization still needs improvement for
challenging individuals.

4.7. Clinical Safety Evaluation

We used Clarke Error Grid analysis to evaluate the clinical acceptability of GluKDnet
predictions. Patient-level analysis is important for understanding stability and risk distri-
bution. Table 6 and Figure 10 show the CEG distribution for six patients in the 30 min task,
while Figures 11 and 12 extend the analysis to 60 and 120 min.

Table 6. Patient-level Clarke Error Grid distribution for the 30 min prediction task. Values are
percentages of predictions in each clinical zone for each OhioT1DM participant; Zones A and B are
generally considered clinically acceptable.

PID Zone A (%) ZoneB (%) ZoneC (%) ZoneD (%) ZoneE (%)
559 87.56 10.32 0.26 1.85 0
563 90.65 8.44 0 0.92 0
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Table 6. Cont.

PID

Zone A (%)

Zone B (%)

Zone C (%)

Zone D (%)

Zone E (%)

570
575
588
591

95.42
74.09
91.51
83.98

4.22
20.22
8.49
13.32

o O oo
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0
2.70

S O oo
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Figure 10. Patient-level Clarke Error Grid analysis for the 30 min prediction task. Each panel shows
predicted versus reference glucose values for one OhioT1DM participant. The dashed diagonal
indicates perfect agreement; Zones A-E denote the clinical error regions.
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Figure 11. Patient-level Clarke Error Grid analysis for the 60 min prediction task. The dashed
diagonal indicates perfect agreement; Zones A-E denote the clinical error regions.
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GluKDnet Clarke Error Grids (120-minute horizon)
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S
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Figure 12. Patient-level Clarke Error Grid analysis for the 120 min prediction task. The dashed
diagonal indicates perfect agreement; Zones A-E denote the clinical error regions.

The results show substantial differences in clinical prediction accuracy across patients.
At 30 min, patient 570 has 95.42% of predictions in Zone A, 4.22% in Zone B, only 0.36%
in Zone D, and none in Zone E. Patients 575 and 591 are more challenging: their Zone D
proportions are 5.69% and 2.70%, respectively. As the horizon increases, the plots show a
visible migration from Zone A toward Zones B and D, consistent with the larger numerical
errors at 60 and 120 min. Thus, clinical acceptability is horizon- and patient-dependent,
and the nonzero Zone D fractions preclude a claim of uniformly safe forecasting.

4.8. Ablation Study

The preceding experiments show the overall performance of GluKDnet. To isolate the
contribution of each training component, we tested the complete model; removal of REAM,
response distillation L4, first-order-difference distillation Lg;, patch-level distillation Lpat,
day-level distillation Lq,y, and selected combinations; and a supervised-only PatchCNN.
All configurations used the same splits and evaluation protocol. Table 7 reports RMSE at
all three horizons.

The complete model achieves the lowest RMSE at all three horizons. Removing Lpat
increases 30 and 60 min RMSE by 0.21 and 0.77 mg/dL, whereas removing L,y increases
120 min RMSE from 45.33 to 46.89 mg/dL, supporting the role of the global constraint
at longer horizons. Removing L4 gives 21.48, 33.92, and 47.35 mg/dL; removing L4,
causes smaller but consistent increases. The supervised-only PatchCNN is worst at every
horizon (23.76, 36.42, and 50.61 mg/dL), showing that the gains cannot be attributed to the
student architecture alone. Removing REAM also degrades performance, and the combined
removals show complementary contributions rather than a single dominant module.

Table 7. Component ablation on OhioT1DM. RMSE is reported for 30-, 60-, and 120 min prediction
under the same LOPO protocol; bold values indicate the lowest RMSE at each horizon.

Configuration RMSE 30 min RMSE 60 min RMSE 120 min
Full GluKDnet 20.04 32.04 45.33
w/0 Lpat 20.25 32.81 45.56
w/0 Lgay 20.39 32.23 46.89
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Table 7. Cont.
Configuration RMSE 30 min RMSE 60 min RMSE 120 min
W/0 Lpat and Lyay 22.16 34.95 48.77
w/o REAM 20.54 33.38 45.96
w/0 REAM, Lpat, and Lyay 22.95 35.40 49.38
w/0o Lygq 21.48 33.92 47.35
w/o Ly 20.18 32.29 45.51
Supervised-only PatchCNN 23.76 36.42 50.61

Figure 13 provides an implementation illustration of REAM, showing how risk-focused
masked regions and reconstructed trajectories are generated for representative CGM sequences.
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Figure 13. Implementation illustration of the risk-event-aware masking strategy. Example CGM
sequences show risk-focused masked regions and reconstructed trajectories, illustrating how REAM
prioritizes clinically informative segments during teacher adaptation.

4.9. Teacher Model Selection

Table 8 compares three candidate teacher models: MOMENT [74], CGMformer [21],
and Moirai [84]. This selection experiment was conducted on OhioT1DM for the 30 min
prediction horizon, using the same LOPO split, preprocessing pipeline, and evaluation
protocol as the main experiments. The candidate teacher models were evaluated without
downstream fine-tuning. MOMENT achieves the lowest RMSE in this selection setting. Its
pretrained representation capacity can also provide higher-quality feature information for
the student. Therefore, MOMENT is selected as the teacher model.

Table 8. Teacher model selection results on OhioT1DM for 30 min prediction. Candidate teacher mod-
els are compared using the same split and preprocessing protocol; bold indicates the lowest RMSE.

Model RMSE (mg/dL)
MOMENT 22.04
CGMformer 25.67
Moirai [84] 23.39

4.10. Loss Weight Sensitivity Analysis

We conducted a one-factor-at-a-time sensitivity analysis on OhioT1DM for the 30 min
prediction horizon under the same six-fold LOPO protocol as the main evaluation. In each
experiment, only one distillation weight was varied while all remaining weights were
fixed at their adopted values; Asyp = 1.0 was fixed throughout. RMSE was used as
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the focused evaluation metric because it is the primary numerical error criterion in this
study and penalizes large glucose prediction errors more strongly. Figure 14 reports the
LOPO-averaged RMSE for every tested setting.

(@) A (b) Agay
21.0 21.0
20.8 20.76 20.8
o 206 20.54 I 206
3 3 20.48
g g
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o & 20.26
= =
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Figure 14. One-factor-at-a-time sensitivity analysis of the four distillation loss weights on OhioT1DM
for 30 min glucose prediction. Only the indicated weight is varied in each panel, while the remaining
weights are fixed at the adopted values. The adopted values are shown in dark blue. Lower RMSE
indicates better performance.

For Ay = 0.5, 0.7, and 0.9, the RMSE values were 20.76, 20.04, and 20.54 mg/dL,
respectively. For /\day =0.3,0.5, and 0.7, the corresponding values were 20.48, 20.04, and
20.26 mg/dL. For Apat = 0.3, 0.5, and 0.7, the values were 20.52, 20.04, and 20.15 mg/dL.
Finally, A4; = 0.01, 0.02, and 0.03 produced RMSE values of 20.32, 20.04, and 20.24 mg/dL.
Thus, the adopted configuration achieved the lowest observed RMSE in every exam-
ined discrete candidate range. In particular, the small first-order-difference weight of
0.02 outperformed both 0.01 and 0.03, while the feature-distillation weight of 0.5 outper-
formed both 0.3 and 0.7 for the day- and patch-level terms. Across all alternatives, the RMSE
increase relative to the adopted configuration ranged from 0.11 to 0.72 mg/dL, indicating
limited but observable local sensitivity. These results support the adopted settings within
the tested grids; they do not establish a global optimum over the continuous coefficient
space or statistically significant differences between closely spaced settings.

4.11. REAM Weight Sensitivity Analysis

We additionally varied each REAM risk score weight one factor at a time on OhioT1DM
for the 30 min horizon, while retaining all other weights at the adopted values. The weights
scale a ranking score and are not mixture probabilities; therefore, a perturbed setting is not
renormalized to sum to one. Table 9 shows that the adopted setting has the lowest RMSE
among the tested discrete candidates. The largest increase is 0.19 mg/dL and changes to
the dawn and Somogyi terms alter RMSE by only 0.03-0.05 mg/dL, so this is evidence of
local robustness rather than proof of a unique or global optimum.
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Table 9. One-factor-at-a-time sensitivity of the REAM risk score weights on OhioT1DM for 30 min
prediction. Bold indicates the lowest RMSE.

Configuration Whypo Whyper Wroc Wdawn Wsom RMSE (mg/dL) ARMSE

Adopted 030 030 020 010 010 20.04 -

Hypo—Low 020 030 020 010 010 20.23 +0.19
Hypo—High 040 030 020 010 0.0 20.16 +0.12
Hyper—Low 030 020 020 010 010 20.18 +0.14
Hyper—High 030 040 020 010 0.10 20.12 +0.08
ROC—Low 030 030 010 010 0.10 20.14 +0.10
ROC—High 030 030 030 010 010 20.10 +0.06
Dawn—Low 030 030 020 005 0.0 20.08 +0.04
Dawn—High 030 030 020 015 010 20.07 +0.03
Somogyi—Low 030 030 020 010  0.05 20.09 +0.05
Somogyi—High 030 030 020 010 015 20.08 +0.04

4.12. Distillation Loss and Teacher Error Audit

To examine whether the student simply reproduces teacher errors, we conducted a
post hoc six-fold audit for the 30 min task using the 75-epoch KD configuration. Table 10
reports fold means and sample standard deviations of the raw losses and their weighted
contributions. The output response term is the largest distillation contribution, whereas
the first-order and feature terms act as small regularizers after weighting; the combined
distillation contribution remains much smaller than the supervised term.

Table 10. Six-fold loss audit for the 30 min KD model. Values are mean + sample standard deviation.

Term Raw Loss Weighted Contribution
Lsup 0.830389 + 0.263866 0.830389 =+ 0.263866
Ly 0.097690 =+ 0.029459 0.068383 + 0.020622
L1 0.009882 + 0.003103 0.000198 =+ 0.000062
Lday 0.000407 + 0.000151 0.000204 + 0.000076
Lopat 0.000676 + 0.000374 0.000338 £ 0.000187
Combined distillation - 0.069122 + 0.020755
Total objective - 0.899511 + 0.283206

Within each held-out fold, we then selected the 20% of samples with the largest teacher
absolute errors; selection was performed only for this diagnostic and did not affect training.
On this difficult subset, the teacher, supervised-only student, and KD student had RMSE
values of 29.181 £ 4.209, 30.975 + 5.024, and 29.020 £ 5.108 mg/dL, respectively. The KD
student improved over the supervised-only student in all six folds and over the teacher
at the fold-aggregate level in three of six folds. The teacher error correction fraction—the
proportion of selected samples for which the KD student’s absolute error was lower than
the teacher’s—was 60.00% =+ 3.85%. These observations do not prove that teacher error
transfer or overfitting is impossible, but they provide no evidence of simple systematic
copying under the audited protocol.

4.13. Computational and On-Device Evaluation

We first compared the frozen teacher, distilled student, and supervised-only student
on the same L40S server. Table 11 reports six-fold mean + sample standard deviation.
The distilled and supervised students have nearly identical inference costs, while the
teacher is approximately 27 times slower by mean latency and uses about 202 times more
peak GPU memory. The projectors and teacher are training-only components and are
discarded for student inference.

https:/ /doi.org/10.3390/bdcc10080263


https://doi.org/10.3390/bdcc10080263

Big Data Cogn. Comput. 2026, 10, 263

26 of 33

Table 11. Teacher-student execution comparison on the same L40S server. Values are mean =+ sample
standard deviation across six folds.

Model Mean Latency (ms) P95 Latency (ms) Peak GPU Memory (MiB)
Student (KD) 0.889 £ 0.093 0.925 £+ 0.095 9.960 £+ 0.003
Student (supervised only) 0.885 £ 0.093 0.920 £ 0.092 9.960 £ 0.003
MOMENT teacher 24.227 +£2.354 25.324 £ 3.046 2013.781 £ 0.000

Observed wall-clock training times on the shared laboratory server were approxi-
mately 6 h for teacher adaptation, approximately 1 h for the complete six-fold supervised
student run (50 epochs), and 5721.77 s (95.36 min, or 1.59 h) for the complete six-fold
KD student rerun (75 epochs; 15.89 min per fold on average). The latter implies about
0.59 h additional observed wall time relative to the supervised run, but it includes 25 more
allowed epochs and was not a controlled matched-budget speed experiment. Moreover,
the server was shared by students and staff, so contention makes these times descriptive
rather than reproducible hardware benchmarks. Distillation and teacher adaptation are
one-time offline costs; neither the teacher nor the projectors is required after the student
is exported.

For mobile evaluation, three FP32 student models for the 30, 60, and 120 min horizons
were exported to ExecuTorch 1.3.1 and executed with XNNPACK/portable backends
and one CPU thread on a vivo V2072A (MediaTek MT6891Z/CZA, Android 13/API 33,
11.27 GB physical RAM). A real 288-point window from OhioT1DM participant 563 was
used as input. After 50 warm-up calls, 1000 API forward calls were timed for each model.
Table 12 reports the latency distributions and maximum sampled process proportional set
size (PSS).

Table 12. Android student model measurements on a vivo V2072A. PSS includes the application and
runtime, not only model tensors.

Horizon Mean (ms) P50 (ms) P95(ms) P99 (ms) Max Sampled PSS (MiB)
30 min (H = 6) 0.470 0.431 0.855 0.980 47.06
60 min (H = 12) 0.155 0.149 0.174 0.211 46.71
120 min (H = 24) 0.158 0.146 0.170 0.335 48.45

The non-monotonic horizon timings should not be interpreted as a model capacity
trend: the three models share the same backbone and differ only in a small output head,
while Android scheduling and runtime execution vary between benchmark runs. In a
separate saturated continuous-throughput run, 1,081,600 executions of the 30 min model
completed in 150 s, corresponding to 150 x 1000/1,081,600 ~ 0.139 ms per inference after
overhead amortization. We retain the 0.470 ms API mean as the primary single-call latency
and report 0.139 ms only as a throughput-derived equivalent.

Energy was measured for the 30 min model in five paired, alternating 30-s idle/active
stages using Android BatteryManager charge counter and voltage readings, with the idle
baseline subtracted. The median incremental device energy estimate was 0.276721 m]
per inference (IQR: 0.275641-0.277427 m]; five of five valid pairs). This is a device-level
incremental estimate and cannot isolate the model from all operating system or application
activity. Only the exported students were executed on Android; the much larger MOMENT
teacher was retained on the server as an offline training component.

5. Discussion

GluKDnet combines three established ideas—foundation model adaptation,
cross-architecture knowledge distillation, and a causal CNN student—for a specific
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glucose-forecasting objective. Its contribution is the integrated design: REAM introduces
glucose risk priorities during teacher adaptation; temporally aligned patch and day repre-
sentations transfer complementary local and global information; and the final student is
evaluated through component ablations, error propagation diagnostics, and device mea-
surements. This positioning differs from large CGM foundation models that prioritize
representation breadth [21,22], direct edge architecture search [40], and recent forecast
output distillation [68]. The individual primitives are not claimed as new.

Under strict LOPO validation on OhioT1DM, GluKDnet achieves the lowest RMSE
among the compared baselines at 30, 60, and 120 min with about 53K parameters. Its
advantage is not uniform across every MAE, MARD, or R? comparison, so the result is best
interpreted as a favorable overall accuracy-size trade-off. The expanded ablation supports
complementary roles for all training components. In particular, removing the day-level
constraint increases 120 min RMSE by 1.56 mg/dL, while the much larger deterioration of
the supervised-only PatchCNN shows that performance is not explained by the student
backbone alone. The loss and REAM weight studies identify the adopted values as the
best within their tested discrete grids, but the small differences for some candidates do not
establish statistical separation or a continuous global optimum.

The execution results provide direct, configuration-specific evidence beyond parame-
ter count. On the same L40S server, the KD student and supervised student have nearly
identical costs, whereas the MOMENT teacher is substantially slower and more memory
intensive. On the vivo V2072A, all three exported students execute with sub-millisecond
mean API latency and maximum sampled process PSS below 49 MiB; the 30 min model
has a median baseline-corrected device energy estimate of 0.277 m] per inference. These
measurements support feasibility on the tested phone and software stack, but they do not
automatically transfer to other processors, runtime versions, thread counts, precisions,
background workloads, or battery states.

Patient-level results remain heterogeneous. Participant 570 has an RMSE of
17.92 mg/dL and 0.36% of 30 min predictions in CEG Zone D, whereas participant 575 has
an RMSE of 25.38 mg/dL and 5.69% in Zone D. The 60 and 120 min CEG plots also show
worsening clinical acceptability with horizon. Thus, low average RMSE and fast execu-
tion do not imply uniform patient-level reliability. The teacher-high error audit similarly
supports only a bounded conclusion: the KD student improves over the supervised-only
student in all six audited folds and corrects a majority of teacher-difficult samples, but it
does not prove that teacher error propagation or overfitting can never occur.

The training time observations show that distillation adds offline cost—the 75-epoch
six-fold KD rerun took 1.59 h versus approximately 1 h for the 50-epoch supervised run—in
addition to teacher adaptation. This is not a matched-epoch speed comparison and was
collected on a shared server. The extra cost is nevertheless separated from inference because
the teacher and projectors are discarded after training. This separation is aligned with the
intended role of a large offline teacher and a small task-facing student, but future studies
should use controlled, matched-budget measurements before making a stronger training
efficiency claim.

Limitations and Future Work

This study has several limitations. First, the downstream cohorts remain small:
OhioT1DM contains six participants and T1D-UoM contains 17. Although the three datasets
are mutually disjoint and LOPO prevents held-out-patient leakage, generalization to larger,
more diverse populations, sensor brands, and acquisition protocols remains uncertain. Sec-
ond, the model uses CGM alone. T1D-UoM also contains insulin, meals, activity, and sleep,
but these modalities were intentionally excluded to preserve a common compact input.
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Their physiological effects are inferred only indirectly from the glucose trajectory and
cannot be interpreted as explicit or causal modeling.

Third, the 24 h history was selected a priori to provide one complete day—night cycle
and support day-level distillation and nocturnal-to-morning REAM patterns. We did not
rerun the model with 4, 8, or 12 h histories, so the performance loss caused by shortening the
window has not been quantified and 24 h is not established as universally optimal. Fourth,
the Android results cover one phone, one runtime, FP32 inference, one thread, retrospective
input windows, and short benchmark sessions. PSS includes application/runtime memory,
and BatteryManager provides a baseline-corrected device-level estimate rather than model-
exclusive energy. Prospective live-CGM streaming, communication failures, sustained
thermal behavior, multiple devices, and other precision/runtime configurations require
further study.

Fifth, the short-gap extrapolation and timeout rule specifies how future online infer-
ence should respond to missing samples, but its effect on predictive accuracy and abstention
frequency has not yet been evaluated prospectively. Sixth, the model has not been con-
nected to an insulin dosing and safety controller. Any artificial pancreas use would require
independent dosing logic, fault handling, prospective validation, and regulatory evaluation.
Finally, REAM'’s fixed thresholds, pattern rules, and risk weights encode clinical priors.
The local sensitivity analysis reduces concern about modest weight perturbations but does
not remove possible selection bias or establish validity in every population.

6. Conclusions

We propose GluKDnet, a risk-aware heterogeneous distillation framework that trans-
fers MOMENT representations into a 53K-parameter causal CNN. On OhioT1DM, the stu-
dent achieves RMSE values of 20.04, 32.04, and 45.33 mg/dL at 30, 60, and 120 min,
and auxiliary T1D-UoM results show a similar accuracy-size pattern. Component ablations
support the complementary contributions of REAM and the four distillation terms. On a
vivo V2072A, the 30 min student achieves 0.470 ms mean API latency, 47.06 MiB maximum
sampled process PSS, and 0.277 m] median incremental device energy per inference. These
findings support GluKDnet as a compact forecasting candidate under the tested configura-
tion. Broader cohorts, shorter-window comparisons, multimodal inputs, multi-device and
sustained online tests, and integration with an independently validated dosing and safety
layer remain necessary.
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Abbreviations

The following abbreviations are used in this manuscript:

BGL Blood glucose level

CGM Continuous glucose monitoring
CEG Clarke error grid

CNN Convolutional neural network
KD Knowledge distillation

LOPO  Leave-one-patient-out

MAE Mean absolute error

MARD  Mean absolute relative difference
REAM  Risk-event-aware masking
RMSE  Root mean squared error

T1D Type 1 diabetes
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