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Abstract
Diabetes encompasses a complex landscape of
glycemic control that varies widely among in-
dividuals. However, current methods do not
faithfully capture this variability at the meal
level. On the one hand, expert-crafted features
lack the flexibility of data-driven methods; on
the other hand, learned representations tend
to be uninterpretable which hampers clinical
adoption. In this paper, we propose a hybrid
variational autoencoder to learn interpretable
representations of CGM and meal data. Our
method grounds the latent space to the inputs
of a mechanistic differential equation, produc-
ing embeddings that reflect physiological quan-
tities, such as insulin sensitivity, glucose effec-
tiveness, and basal glucose levels. Moreover, we
introduce a novel method to infer the glucose
appearance rate, making the mechanistic model
robust to unreliable meal logs. On a dataset
of CGM and self-reported meals from individu-
als with type-2 diabetes and pre-diabetes, our
unsupervised representation discovers a separa-
tion between individuals proportional to their
disease severity. Our embeddings produce clus-
ters that are up to 4x better than naive, expert,
black-box, and pure mechanistic features. Our
method provides a nuanced, yet interpretable,
embedding space to compare glycemic control
within and across individuals, directly learnable
from in-the-wild data.

Keywords: interpretable representations,
mechanistic differential equations, CGM, dia-
betes, T2D, glycemic variability, disease sub-
typing, disease progression, variational autoen-
coder, hybrid modeling

1. Introduction

Diabetes manifests through a multitude of pathways,
resulting in a highly heterogeneous population of in-

dividuals grappling with the condition (Ha and Sher-
man, 2020). Traditional metrics for characterizing
diabetes, such as HbA1C levels and time-in-range,
offer only a limited perspective (Brown et al., 2019).
They fall short in capturing the nuanced variations
in glycemic control at the meal-level, a critical as-
pect of daily life that is often targeted as the inter-
vention lever to control disease progression. In con-
trast, continuous glucose monitors (CGMs), which
sample every few minutes, have opened a new avenue
into understanding glycemic control. The advent
of CGMs heralded a host of promising possibilities,
from personalized nutrition plans attuned to individ-
ual glycemic control (Zeevi et al., 2015; Hall et al.,
2018; Berry et al., 2020; Ben-Yacov et al., 2021), to
remote monitoring systems that deliver patient care
based on their glycemic profiles and disease sever-
ity (Prahalad et al., 2022; Ferstad et al., 2021). All
of these applications require a fine-grained method to
subtype glycemic control and diabetic severity, a task
which has proven difficult.

Mechanistic models of glucose dynamics have been
considered in the past as tools for characterizing
glycemic control (Hovorka et al., 1998). These or-
dinary differential equations (ODEs) provide clini-
cally interpretable axes like insulin sensitivity and
glucose effectiveness, which quantitatively summarize
the disease severity across patients. However, these
models must be fit for each person individually, re-
quiring an intensive and invasive lab test such as an
Oral Glucose Tolerance Test (OGTT), a Mixed Meal
Tolerance Test (MMTT), or an Intravenous Glucose
Tolerance Tests (IVGTT). These tests are expensive
with long appointment backlogs, and require fasting,
intravenous injections or insertions, and hours of im-
mobility in a lab setting. As a result, these mechanis-
tic measures of glycemic control are largely unused in
diabetes diagnosis and management, relegating these
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mechanistic models to be used only in scientific stud-
ies (Sugiyama et al., 2022) and bioengineering appli-
cations (Hovorka, 2011).
Beyond the challenge of acquiring high-quality

data to fit such mechanistic models to an individ-
ual, the rigid form of these models has furthermore
limited their translation to real-world, in-the-wild
deployments. First, these ODE-based models are
highly sensitive to inaccuracies in self-reported meal
information, such as misestimated carbohydrate con-
tent, missing meal timestamps, and misreported meal
timestamps, all of which are the norm (Landry et al.,
2021). Likewise, these models cannot readily incor-
porate additional patient covariates or contextual in-
formation — such as demographics or fine-grained
macronutrition data — requiring a bespoke mecha-
nism for each new physiological pathway (Man et al.,
2014).
In this paper, we use physiologically-grounded

causal pathways of a mechanistic model to learn an
interpretable representation of post-meal glycemic re-
sponses, while simultaneously addressing the chal-
lenges of in-the-wild data. The result is a frame-
work that can characterize glycemic control using
only CGM data and self-reported meal information,
potentially enabling a new low-cost and non-invasive
tool for characterizing diabetes severity.
More specifically, we introduce a hybrid variational

autoencoder (VAE) that unites a flexible neural net-
work encoder with a causally-grounded mechanistic
ODE decoder. The latent variables act as the in-
puts to our mechanistic ODE, defining the axes of
our clinically-interpretable embedding space. Simul-
taneously, our encoder infers an effective glucose ap-
pearance rate from CGM and meal logs, making the
mechanistic model robust to erroneous meal data.
Our contributions are as follows:

1. We introduce a hybrid VAE that incorporates a
mechanistic differential equation as its decoder.
This allows us to ground the neural network on
the underlying physiological processes governing
glucose dynamics, pruning the function space to
only the mechanistically plausible ones.

2. We use amortized variational inference to elimi-
nate the need to refit the model for every person-
meal pair, overcoming scalability issues of tra-
ditional mechanistic models. Our approximate
Bayesian inference procedure ensures that the in-
ferred parameters align with our prior knowledge
of physiologically plausible parameter ranges.

3. We show that our hybrid model learns an inter-
pretable mechanistic representation that charac-
terizes glycemic control within and across indi-
viduals, resulting in patient stratification that
agrees with known symptoms of diabetes patho-
genesis, despite not having access to diagnosis
information and labwork data.

By synergizing the flexibility of deep neural networks
with the parsimony of mechanistic models, we pro-
duce a novel representation space that aligns with
clinical understanding and opens a new avenue for
scalable, non-invasive, yet fine-grained profiling of
glycemic control1.

2. Background

2.1. Mechanistic model of insulin-glucose
dynamics.

The core of our mechanistic model is Bergman’s min-
imal model of glucose regulation (Bergman et al.,
1979) augmented by a standard two-compartment
model of glucose appearance (Hovorka et al., 2002)

Ġ(t) = −X(t)G(t) + SG(G−Gb) +G2(t)/τm (1)

Ẋ(t) = −p2X(t) + p2 · SII(t) (2)

Ġ1(t) = −G1(t)/τm + UG(t) (3)

Ġ2(t) = G1(t)/τm −G2(t)/τm, (4)

where I is the insulin concentration in the body, Gb is
the basal glucose level, X is a mediator variable that
describes the effect of insulin on glucose, and UG(t)
is the rate of appearance of glucose in the body from
meal consumption. The two-compartment model of
glucose appearance smooths out and delays glucose
appearance from when food is eaten. Food enters the
system through UG(t), which is often called the glu-
cose appearance rate. UG is often parameterized via
fixed functional forms and rescaled according to the
amount of carbs that is eaten (Wang et al., 2022).
Accurately learning and estimating UG(t) for generic
meals is an active research area (Herrero et al., 2012;
Eichenlaub et al., 2021; Wang et al., 2022). Here we
use the standard assumption that UG(t) = uG(t)/VG

where uG(t) is the rate of carbohydrate intake in
mg/min and VG is the accessible glucose volume. We
set VG to a constant due to its non-identifiability.

1. Our implementation is available at
https://github.com/KeAWang/interpretable-cgm-
representations
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For individuals with pre-diabetes or type-2 dia-
betes who are not on external insulin therapy, I is
simply the endogenous insulin Iendo. In our setting,
we do not observe I, commonly assumed by prior
works that seek to identify these model parameters
(Kanderian et al., 2009; Hovorka et al., 2002), since
we wish to apply these models outside of a lab set-
ting. Hence, we must directly account for the unob-
served insulin in our mechanistic model. We assume
the endogenous insulin is proportional to the glucose
deviation from its basal levels, a common model for
insulin-producing individuals (Ruan et al., 2015):

I(t) = Iendo(t) = MI ·max(G(t)−Gb, 0). (5)

Interpreting mechanistic parameters. Our
method’s interpretability comes from the causal
grounding behind our model’s mechanistic parame-
ters:

• SG is known as glucose effectiveness, governing
the body’s self-regulating ability to bring glu-
cose levels down to baseline levels without in-
sulin. Diabetes is associated with lower glucose
effectiveness.

• MI and SI are known as insulin productivity and
insulin sensitivity, respectively. Diabetes is asso-
ciated with lower insulin productivity and sensi-
tivity.

• 1/p2 and τm govern physiological timescales, cor-
responding to the peak effect of insulin and the
peak appearance of glucose from the meal, re-
spectively. Diabetes is associated with longer
timescales, as it takes longer for blood glucose
to be brought down to baseline levels.

Together with the basal glucose level Gb, these pa-
rameters provide a low-dimensional and succinct de-
scription of diabetes severity and heterogeneity. How-
ever, estimating these parameters outside of lab set-
tings remains a challenge.

2.2. Latent Variable Modeling

In latent variable modeling, we assume there exists a
joint distribution pθ(x, z) = pθ(x |z)p(z) between our
observed data x and a set of latent variables z. Then,
for every distribution qϕ(z), there exists a variational
lower bound on the log evidence/marginal likelihood:

log pθ(x) ≥ L(θ, ϕ;x) = Ez∼qϕ

[
log

pθ(x, z)

qϕ(z)

]
. (6)

The evidence lower bound (ELBO) can be rewrit-
ten to be amenable to stochastic optimization with
reparameterized samples (Kingma and Welling, 2013;
Rezende et al., 2014; Titsias and Lázaro-Gredilla,
2014):

L(θ, ϕ;x) = Ez∼qϕ [log pθ(x | z)]
− β ·DKL (qϕ(z) || p(z))

(7)

for β ≥ 1. The ELBO decomposes into a sum of
two terms, a reconstruction term and a regularization
term. Tuning β trades off accurate reconstruction
and sample quality for disentangled representations
(Bowman et al., 2016; Higgins et al., 2016).

The decoder pθ and encoder qϕ are usually param-
eterized by neural networks with parameters θ and
ϕ that are trained by maximizing Equation 7 with
reparameterized sampling. Solving this optimization
problem by learning these parametric functions is
known as amortized variational inference. The amor-
tization comes from reusing these learned paramet-
ric functions to do posterior inference on new obser-
vations, instead of having to solve an optimization
problem every time (Blei et al., 2017),

In this work, we instead parameterize the decoder
with our mechanistic model, providing us with a low-
dimensional and interpretable latent space.

3. Mechanistic Hybrid Variational
Autoencoder

Our goal is to embed high-dimensional observations
of glycemic response in a clinically-interpretable la-
tent space. Such representations can be used for
downstream tasks such as studying patient hetero-
geneity and subtypes, characterizing disease progres-
sion, or designing personalized nutrition. More for-
mally, let x = (x1, . . . , xT ) denote a sequence of ob-
servations, such as blood sugar measurements from
a continuous glucose monitor (CGM). Assume that
every observation is associated with a context vari-
able c, such as demographics or a sequence of meals
an individual ate at the corresponding timesteps
(c1, . . . , cT ). We want to infer a latent variable z asso-
ciated with each x. To provide clinical interpretabil-
ity, we propose that z (or a transform thereof) corre-
spond to the parameters of our mechanistic model.

Notice that we can freely replace the distribution
pθ(x | z) and qϕ(z) in Equation 7 with conditional
distributions, resulting in the following conditional
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ELBO:

L(θ, ϕ;x, c) = Ez∼qϕ(z | c) [log pθ(x | z, c)]
− β ·DKL (qϕ(z | c) || p(z | c)) .

(8)

To reduce the number of trainable parameters in our
model for our data-scarce application, we make the
simplifying assumption that p(z | c) = p(z), though
past works have found the conditional prior benefi-
cial in other applications (Sohn et al., 2015). In our
experiments, we found that it was very important to
initialize the prior to a fixed expert prior based on
what is physiologically plausible. See Section A for
more details.

Grounding the latent space So far, we have kept
the parameterization of our VAE completely gen-
eral. Indeed, typical parameterizations use a neu-
ral network for both the encoder qϕ and the decoder
pθ to provide enough flexibility to approximate the
posterior distribution and generate accurate recon-
structions. Unfortunately, a purely black-box pa-
rameterization will produce an uninterpretable latent
space. For our health application, we would like in-
terpretable representations that also make use of our
existing causal understanding of the body.
To ground the latent space in physiologically

meaningful quantities, we return to the mechanis-
tic ODEs defined by Equation 1 through Equa-
tion 5. We parameterize the decoder with the
Bergman model with endogenous insulin, using a se-
quence of discrete Euler integration steps to autore-
gressively model pθ. That is, we have pθ(x | z, c) =

pθ(x1 |z, c)
∏T

i=2 pθ(xi |z, xi−1, c), where each factor is
a normal distribution centered at an integration step
output. To retain sufficient flexibility, we parameter-
ize the encoder qϕ with a factorized normal distribu-
tion with means and scales output by an LSTM.
Our parameterization constrains the latent space

to be the inputs of our mechanistic ODE. These
inputs include the ODE initial state x0 =
[G(0), X(0), G1(0), G2(0)] and the ODE parameters
w = [τm, Gb, SG, p2, SI ,MI ].

Inferring effective glucose appearance Recall
that a key component of the Bergman minimal model
is the rate of appearance of glucose UG(t) = uG(t)/VG

from Equation 3. However, in our in-the-wild set-
ting the carbohydrate consumption rate uG is known
only through self-reported data, which frequently
contain inaccurate meals or misreported timestamps.
Such errors are especially challenging for mechanistic

ODEs; for example, meals that are logged after the
glucose rises violate the causal structure of the ODE.

To make our model robust to data issues with meal
information, we propose to use the encoder to infer
an “effective” carb consumption u from data, by in-
cluding it as a latent variable. Here u = (u1, . . . , uT )
where ui = uG(ti). This is possible because rises and
falls in CGM data contain information about when a
meal was eaten and how much was eaten. By infer-
ring u, our encoder learns to extract this information
from CGM, assisted by the meal information, without
being restricted to the reported carb consumption.
See Figure 1 for a visualization of this mechanism.

Figure 1: Visualization of our mechanistic hybrid
VAE. Notably, our unsupervised method can be ap-
plied directly to in-the-wild data.

Practical implementation We would like our la-
tent variable z to represent three sets of variables:
u, x0, and w. However, all of these variables must
be constrained to be non-negative and fall in physi-
ologically plausible ranges, which is inconvenient to
directly model probabilistically. Instead, we model
these parameters in an unconstrained space. Thus we
define u = σu(u

′), x0 = σx0
(x′

0), and w = σw(w′)
where each σ(·) is an invertible transformation (e.g.
rescaled sigmoid) that maps R to a constrained space
[a(·), b(·)]. Thus, we finally arrive at our latent vari-
able z = (u′,x′

0,w
′), which allows us to do variational

inference over an unconstrained space. When decod-
ing, we map the unconstrained latent variables into
a physiologically-plausible constrained space for both
the parameters and the initial states. See Section B
for details on the constraint ranges.

To account for missing values in x and c, we project
each timestep into separate 8-dimensional embedding
spaces and mask the entire timestep in embedding
space when the corresponding timestep has a missing
channel as done in (Yue et al., 2021).
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4. Dataset

In our experiments we use the Keto-Med dataset
(Landry et al., 2021), a randomized crossover trial
(NCT03810378) that placed participants on two dif-
ferent low-carb diets, Ketogenic and Mediterranean.
The participants were given controlled meals during
the first four out of twelve weeks for each diet, but
were responsible for their own diet adherence for the
last eight weeks. The study targeted adults from
the San Francisco Bay area with Type-2 diabetes or
prediabetes. Only a subset of recorded meals have
accompanying glucose measurements, since partici-
pants were only given CGMs periodically during the
study. The meal information in this dataset is repre-
sentative of data-collection challenges for in-the-wild
conditions, including missing meals, inaccurate meal
information, and mistimed reporting. From each
meal, we extract the total amount of food eaten, to-
tal carb, total sugar, total dietary fiber, total fat, and
total protein as the meal covariates. Note that not
all meals contain all of these macronutritional infor-
mation.

After preprocessing and joining the data, we end
up with a total of 964 postprandial glucose response
(PPGR) time-series from 33 individuals. We define a
PPGR to be a sequence of length T = 60 (5 hours),
containing CGM and self-reported information, with
a food intake occurring at timestep t = 12 (hour 1).
We include 1 hour of context before the meal to give
the model information about glucose excursions prior
to the meal. The 4-hour horizon following the meal
is set to be sufficiently long to capture the temporal
effects of the meal. Note that often other foods are
eaten during this 5 hour period, making the prob-
lem of estimating mechanistic parameters even more
difficult.

5. Results

We apply our hybrid VAE model to the CGM and
meal dataset described in Section 4. We compare
to a baseline non-hybrid VAE model with a similar
number of parameters (53,561) as our model (41,454).
Both models use a 2-layer bidirectional LSTM en-
coder with a hidden state size of 32. The non-hybrid
VAE uses a 1-layer uni-directional LSTM decoder
with the same hidden state size as well, as a 32-
dimensional black-box latent space z. Both models
use β̂ = 0.01 as defined in Higgins et al. (2016), a
batch size of 64, and the ADAM (Kingma and Ba,

2015) optimizer with a constant learning rate of 0.01.
Our model converged quickly in 100 epochs of train-
ing, while the black-box model was trained for 1000
epochs. Importantly, we use a high dropout rate of
0.5 following the latent u to regularize the inferred u
away from non-plausible meal sequences (Srivastava
et al., 2014). We tune parameters for both models
to train until convergence and achieve similar recon-
struction losses. Both models are trained on CGM
data, meal data, and demographics data (age, weight,
and sex). Static variables like demographics are re-
peated and concatenated with the per-timestep meal
data as c. We leave out additional contextual vari-
ables such as BMI and HbA1C from model training
since these variables are highly correlated with the
hidden diagnosis information, potentially biasing the
models’ representations.

Figure 2: The mechanistic-only model is brittle to
incorrect self-reported meal data. Here, it is unable
to explain the delayed rise in glucose due to the early
reporting. However, our hybrid model can compen-
sate for this and infer an effective carb rate, leading
to a more accurate reconstruction.

Robustness to self-reported meals We first
show the robustness of our model to mistimed meal
reports in Figure 2. We train the mechanistic model
by doing direct gradient descent on its parameters
and initial state with respect to mean-squared error.
The reported meal sequence here is typical of a stan-
dard PPGR in-the-wild. Although macronutritional
components, such as high fat content, can delay the
rise of glucose (Ann Ahern et al., 1993), Figure 2 is
a clear case of a meal that was logged too early with
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Figure 3: Post-prandial glucose responses (PPGRs) for all meals projected into a non-hybrid VAE’s embed-
ding space (top) and our mechanistic embedding space (bottom). Our embeddings are learned without any
diagnosis information or diabetes indicators besides CGM. The embeddings of the two groups overlap as
expected. Notably, the distinction between the two groups aligns with our understanding of diabetes disease
progression; individuals with diabetes have higher basal glucose Gb, more extended meal responses τm, and
lower insulin sensitivity and insulin productivity (SI · MI). We also show the average embedding for two
individuals on opposite ends of the disease spectrum (8027 and 8037), outlined in white.

a possible carb overestimate. As a result, the brittle
mechanistic-only model must contort the mechanistic
parameters to describe the observed CGM data, lead-
ing to poor reconstructions. In contrast, our hybrid
VAE infers an “effective” meal consumption rate uG

that can explain the data much better. Although not
shown here, the mechanistic-only model also fails to
account for rises in glucose when carb information is
missing entirely or reported late. Late and missing
meals logs are especially challenging for mechanistic-
only models, since they violate the causality of the
ODE.

Physiologically accurate meal-level embedding
space Figure 3 shows the distribution of all meal
responses (PPGRs) embedded into the latent space
of both respective models. Since we do not observe
the true insulin of the individuals, SI and MI are
not identifiable on their own, only their product is
identifiable. Hence we visualize SI ·MI in our results.

By encoding the data with physiologically mean-
ingful variables, our hybrid VAE can naturally sep-
arate individuals with pre-diabetes from individuals
with type-2 diabetes despite not being given any diag-
nosis information. Moreover, the two populations are
characterized in a way that is directly in line with our
clinical understanding of the progression from pre-
diabetes to Type-2 diabetes. Through its mechanis-
tic grounding, the hybrid VAE can discover not just
higher basal glucose levels Gb and longer elevated glu-
cose levels τm among people with diabetes, but also
reduced glucose effectiveness SG and insulin sensitiv-
ity SI ·MI . In addition, we see a clear separation in
every dimension between the average embedding for
person 8037 and 8027, who have the lowest and high-
est levels of HbA1C in the dataset, respectively. Our
results show that our meal-level mechanistic embed-
ding space can serve as a powerful way to visualize
intrapatient variations in glycemic control.
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Figure 4: Here we show the average of each patient’s PPGR embeddings in both representations. Notice
that the mechanistic embeddings are not only more interpretable but also more consistent with HbA1C
characterizations of disease progression. Patients that are similar in HbA1C tend to also be closer together
in our mechanistic space, even though the model was not trained on HbA1C. Not only are our representations
more interpretable, they also provide better separation. A linear decision boundary on this simple 2D plane
can correctly classify 29 out of 33 individuals versus 26 on the black-box PCA plane. We choose a subset of
individuals to visualize the disease heterogeneity as characterized by CGM data along this spectrum.

In contrast, 2D principal component analysis
(PCA) projections of the non-hybrid model’s latent
space show a higher overlap between the two popula-
tions. In fact, in all but one of the projections (PCA
1 vs PCA 2), the PPGRs from both populations are
completely interspersed. Although there is a slight
separation in the PCA 1 vs PCA 2 projection, it is
unclear what the two axes PCA 1 and PCA 2 corre-
spond to physiologically.

Interpretable characterization of disease pro-
gression In addition to intrapatient variation, our
mechanistic representation can effectively character-
ize interpatient variation in disease progression. Fig-
ure 4 (top) shows the average embedding by both
models for every individual in the dataset along with
their HbA1C levels, the current gold standard of char-
acterizing diabetes severity. Note that HbA1C was
not used to train either model.

From this visualization, we see that our hybrid-
VAE’s learned basal glucoseGb and insulin sensitivity
SI ·MI correlates well with increasing HbA1C levels.

Although it is known that HbA1C can be well esti-
mated by baseline glucose levels, here we also show
its correlation with reduced insulin sensitivity.

Although the black-box embeddings of the non-
hybrid VAE model shows a similar trend along its
first two principal components, the model wrongly
places a person with diabetes with one of the highest
HbA1C levels in the study into a cluster of medium-
level HbA1C individuals.

Evaluating Embedding Quality In Table 1 we
quantitatively evaluate our Hybrid VAE’s embedding
space relative to 6 other baselines, separated into
“naive”, “expert”, “black-box”, and “graybox” cat-
egories. For each method, we represent an individual
by averaging their embeddings across all their PP-
GRs. We then perform k-means clustering with k =
2. We evaluate each method by standard clustering
metrics: normalized mutual information (NMI), ad-
justed mutual information (AMI), homogeneity, and
completeness, as implemented in (Pedregosa et al.,
2011). All metrics fall in the range of [0, 1] with 1 be-
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ing the highest. We use the diagnosis: “pre-diabetes”
vs “type 2 diabetes as ground truth clusters. Our Hy-
brid VAE consistently produces the highest quality
low-dimensional embedding space, with significantly
better interpretability.

The naive baselines include “Raw CGM” and “Raw
CGM + DTW”. For these two baselines, we use the
original raw CGM space as the embedding space.
The latter uses k-means with Dynamic Time Warp-
ing (DTW), a standard time-series clustering method
(Sakoe and Chiba, 1978), as implemented by Tave-
nard et al. (2020). Note that “CGM” and “CGM +
DTW” do not involve a low-dimensional embedding
space: they operate in the original raw sensor space.

The expert features include a set of 10 well-
established CGM-derived features that are used to
clinically measure glycemic variability and control
(Kovatchev, 2017). The features are: mean glu-
cose, glucose standard deviation, glucose coefficient
of variability (CV) (Bergenstal et al., 2013), max
glucose value, min glucose value, percent time in
range (TIR) as recommended by the American Di-
abetes Association guidelines (American Diabetes
Association Professional Practice Committee, 2021),
glucose arc length (Peyser et al., 2018), J-index
(Wójcicki, 1995), mean amplitude of glucose excur-
sion (MAGE)(Service et al., 1970), incremental area
under the glucose curve relative to the starting base-
line (iAUC) (Brouns et al., 2005). We excluded
other metrics such as eA1C (Bergenstal et al., 2018),
CONGA (McDonnell et al., 2005), and MODD (Mol-
nar et al., 1972), as they are long-term glycemic vari-
ablility metrics and require longer CGM sequences
than our 6 hour PPGR period. Nevertheless, these
excluded metrics are closely related to the metrics we
chose; for example, eA1C is merely an affine trans-
form of the mean glucose.

Besides comparing to the latent space of the black-
box VAE described in Section 5, we also compare
to Time Contrastive Learning (TCL) (Hyvarinen and
Morioka, 2016), a strong baseline for learning black-
box embeddings. We evenly divide each PPGR into 3
time-windows for TCL, using a 2 hidden-layer MLP
with 32 hidden dimensions, corresponding to 5,667
trainable parameters. The output of the final pre-
activation layer is used as the embedding space. Since
TCL produces an embedding for each time-window,
we compare averaging the time-window embeddings
against concatenating the time-window embeddings.

Finally, we compare to “Mechanistic ODE”, which
uses the ODE parameters of a non-neural mechanis-

tic model, i.e. the decoder of our hybrid ODE, as
its embedding space. Table 1 confirms the stark con-
trast hinted by Figure 2. Hybridizing the mechanistic
ODE results in 3 to 4 times higher clustering scores,
showing the need to augment the original mechanistic
model with more flexible components.

NMI AMI Hom. Comp.
Raw CGM (d = 60) 0.41 0.39 0.36 0.47
Raw CGM + DTW (d = 60) 0.54 0.53 0.62 0.51
Expert features (d = 10) 0.25 0.25 0.61 0.21
TCL + Average (d = 32) 0.24 0.21 0.19 0.33
TCL + Concat (d = 3× 32) 0.29 0.27 0.24 0.38
Black-box VAE (d = 32) 0.21 0.19 0.22 0.21
Mechanistic ODE (d = 7) 0.14 0.12 0.14 0.14
Hybrid VAE (d = 7) 0.54 0.53 0.51 0.58

Table 1: Embedding quality as measured by k-means
clustering on each individual’s average embedding,
using normalized mutual information, adjusted nor-
malized mutual information, homogeneity, and com-
pleteness. Higher is better. “Pre-diabetes” and “type
2 diabetes” labels form the ground truth clusters.
Our embeddings produce up to 4x better clusterings
than other methods.

6. Related Work

Until recently, mechanistic models have been primar-
ily used for system identification in systems with
few degrees of freedom (Hodgkin and Huxley, 1952;
Varah, 1982; Bergman et al., 1979; Leander et al.,
2014). Many recent works have explored ways to
combine the inductive biases of mechanistic knowl-
edge with the flexibility of black-box machine learn-
ing models. These models are also known as hybrid
models (Miller et al., 2021; Levine and Stuart, 2021)
or gray-box models (Duun-Henriksen et al., 2013),
and they are especially relevant in healthcare and
biological settings where data efficiency and inter-
pretability are paramount (Baker et al., 2018).

In healthcare applications, recent works have
shown that hybrid models can improve forecasting
and prediction performance compared to black-box
models when data is scarce. Miller et al. (2020)
used a highly flexible mechanistic model for Type-
1 diabetes to produce more physiologically plausi-
ble multi-hour CGM forecasts compared to purely
black-box models and classic forecasting techniques.
Hussain et al. (2021) used an attention-based hy-
brid model that ensembles multiple mechanistic path-
ways from pharmacological modeling, allowing them
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to more accurately model cancer disease progression.
In parallel, Qian et al. (2021) augments a mechanis-
tic state space pharmacokinetics-pharmacodynamics
model with black-box latent variables to model pa-
tient biomarkers longitudinally.

Outside of healthcare, hybrid models have been
successfully applied in engineering and physics appli-
cations where the mechanistic models are better spec-
ified (Takeishi and Kalousis, 2021; Yin et al., 2021;
Wehenkel et al., 2022; Karniadakis et al., 2021).

There have also been prior works that seek to
predict post-prandial glycemic responses (Ben-Yacov
et al., 2021), characterize diabetes disease progres-
sion (Wilson et al., 2023), and subtype glycemic con-
trol (Keshet et al., 2023). However, these works
rely solely on expert hand-crafted features, which
are lower quality than our learned embeddings, as
demonstrated in Table 1.

In contrast to prior literature that primarily fo-
cus on predictive accuracy or disease subtyping
with handcrafted features, our work learns an inter-
pretable representation that is useful for comparing
disease variation using in-the-wild data, without need-
ing label information.

7. Discussion

The advent of continuous glucose monitors has
opened a new frontier in understanding individual-
ized glycemic control, offering a level of granularity
previously unattainable. Yet, the full potential of
this rich data source remains untapped due to the
limitations of existing analytical tools. Our work ad-
dresses a part of this gap by marrying the flexibility
of neural networks with the causal structure inher-
ent in metabolic mechanistic models. Our hybrid ap-
proach enables us to learn physiologically grounded
representations directly from in-the-wild data, with-
out the constraints of invasive lab tests. Indeed, we
can have both interpretability and separability in a
single embedding space, all learned from out-patient
data.

Traditional mechanistic models, while grounded in
physiological understanding, often falter when ap-
plied to self-reported data. They struggle with miss-
ing meals, inaccurate meal estimates, and other im-
perfections that are common in outpatient settings.
In contrast, our method is designed with these chal-
lenges in mind while remaining scalable and practical
for real-world data.

Our hybrid VAE has shown to be a powerful
tool for subtyping interindividual and intraindivid-
ual glycemic control, which is a key step in appli-
cations like personalized nutrition (Ben-Yacov et al.,
2021) and remote health monitoring. As CGMs be-
come ever more accessible, our framework has the
promise of becoming a new low-cost component for
the next generation of non-invasive patient-facing di-
abetes care.
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Appendix A. Initializing and fixing
the expert prior

We found that it was important to initialize our
prior distribution p(z) to physiologically plausible
values and kept fix during training. This is consis-
tent with the traditional approach of specifying an
expert-informed Bayesian prior over the latent vari-
ables.

For the prior over u′ = σ−1
u (u), we set the

mean to 0 and standard deviation to 10 for each
timestep. For the prior over x′

0 = σ−1
x0

(x0) where
x0 = [G(0), X(0), G1(0), G2(0)], we set the mean to
be result of mapping [30, 120, 10−2, 5× 10−4, 1/30, 1]
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to the unconstrained space; we set the standard devi-
ation to be the result of mapping [2, 1, 1, 1, 1, 1] to the
unconstrained space. For the prior over w′ = σ−1

w (w)
where w = [τm, Gb, SG, p2, SI ,MI ], we set the mean
to the result of mapping [120, 0.1, 0.1, 20] to the un-
constrained space and the standard deviatino to the
result of mapping [1, 1, 1, 2] to the unconstrained
space.

Appendix B. Parameter and state
constraints

Since our hybrid VAE relies on a mechanistic ODE
decoder, the initial state and the parameters of
passed into the decoder must be physiologically-
plausible. These constraints regularize the mechanis-
tic ODE to be more numerically stable, more iden-
tifiable, and ensure that the learned latent space is
physiologically interpretable and comparable to real
values.
We use the following constraints on the initial state

x0 = [G(0), X(0), G1(0), G2(0)]:

• G(0) ∈ [50, 300] mg/dL

• X(0) ∈ [0, 1] min−1

• G1(0) ∈ [0, 1] mg/dL

• G2(0) ∈ [0, 100] mg/dL.

We use the following constraints on each ODE pa-
rameter w = [τm, Gb, SG, p2, SI ,MI ]:

• τm ∈ [10, 60] min

• Gb ∈ [80, 200] mg/dL

• SG ∈ [5× 10−3, 2× 10−2] min−1

• SI ∈ [10−4, 10−3] (L/mU)/min

• p2 ∈ [1/60, 1/15] min−1

• MI ∈ [0.1, 3.0] (mU/L)/(mg/dL).

We constrain the carb amount ut to be [0, 1000]
mg/min.
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