Developing Surrogates for Epidemic Agent-Based
Models via Scientific Machine Learning

Sharv Murgai Utkarsh Kyle C. Nguyen
Monta Vista High School MIT CSAIL Sandia National Laboratories
murgai.sharv@gmail.com utkarsh5@mit.edu kcnguye@sandia.gov
Alan Edelman Erin C. S. Acquesta Christopher Vincent Rackauckas
MIT CSAIL Sandia National Laboratories MIT CSAIL
edelman@mit.edu eacques@sandia.gov crackauc@mit.edu
Abstract

Forecasting epidemic trajectories is challenging due to nonlinear dynamics, abrupt
interventions, and limited data. Classical compartmental models are interpretable
but rigid, while purely data-driven methods often lack physical consistency. We
propose a hybrid framework based on Universal Differential Equations (UDEs),
which augment epidemiological Ordinary Differential Equations (ODEs) with neu-
ral networks to capture unresolved dynamics. To overcome instability in standard
single-shooting training, we introduce two advances: (i) a multiple-shooting (MS)
scheme that segments trajectories and enforces continuity across intervals, and
(ii) a prediction error method that iteratively corrects forward simulations. Ap-
plied to epidemic datasets, our approach reduces symptomatic prediction error by
77.8% with multiple shooting and 82.1% with the prediction error method (PEM),
particularly around intervention periods such as lockdowns. Multiple shooting
improves stability and efficiency, while the prediction error method achieves the
most accurate ground-truth alignment at a higher computational cost. These re-
sults demonstrate how MS and PEM methods could improve the fitting of UDE:s,
which will help bridge the gap between purely mechanistic models and agent-based
models, and enable interpretable and accurate epidemic forecasting.

1 Introduction

Accurately simulating and forecasting the trajectory of an epidemic remains a central challenge in
public health, directly shaping policy decisions that affect millions of people. The task is complicated
by nonlinear transmission dynamics, abrupt interventions such as lockdowns, and sparse or noisy
data. Agent-based models (ABMs) offer a powerful framework by representing heterogeneous agents
and their interactions, enabling the emergence of complex behaviors such as variable compliance,
localized outbreaks and interventions, and community-level heterogeneity [23, 18, [7]]. However, ABMs
are computationally intensive and challenging to calibrate at scale. As a result, there is ongoing
interest in developing surrogate or approximate models for ABMs that preserve key dynamics while
being more computationally scalable [[14} 15} 5]. Traditional ODE models, such as the SIR model
and its variations, are often derived as approximate models of ABMs. While being easier to calibrate
and can provide interpretability and physical grounding, ODE models often assume homogeneous
mixing, are less flexible, and may fail to capture complex local dynamics of ABMs [14, [15]. In
contrast, purely data-driven machine learning approaches can adapt to complex signals, but they risk
overfitting and frequently produce predictions that violate known biological principles [25]].
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To bridge these extremes, Universal Differential Equations (UDEs) embed neural networks within
mechanistic ODEs [19]]. Compared to the ODEs framework, this hybrid modeling paradigm retains
interpretability while allowing unresolved dynamics, such as behavioral changes, waning immunity,
or reporting delays, to be learned directly from data. In addition, the UDE framework enables compu-
tation of the time-varying reproduction number and global sensitivity analysis of disease parameters,
providing insights for policy makers that are often infeasible with purely data-driven machine learning
models or ABMs. However, training UDEs is notoriously difficult [[19} 4]]. Standard single-shooting
optimization, which fits neural parameters across full trajectories, is prone to instability, exploding
gradients, and poor convergence [9} [26]. These issues are particularly acute in epidemic systems,
where abrupt shifts in behavior or interventions induce discontinuities [15].

In this work, we introduce two complementary methodological advances that address these challenges.
First, we develop a multiple-shooting (MS) scheme [21]], which segments trajectories into shorter
intervals and enforces continuity across boundaries, improving stability and robustness in the presence
of sharp transitions. Second, we adapt the prediction error method (PEM) from system identification
[L3L[12]], which iteratively corrects forward simulations to better align short-term predictions with
observed data.

Together, these approaches stabilize training and improve the fidelity of hybrid epidemiological
models. More broadly, our work demonstrates how physics-informed machine learning can enhance
epidemic forecasting by combining mechanistic epidemiology with modern neural network methods.

‘We summarize our contributions as follows:

1. Universal Differential Equations for epidemic modeling: We develop UDE:s as surrogates
for exascale agent-based epidemic simulations, bridging mechanistic epidemiology with
neural components to capture complex local dynamics while preserving interpretability.

2. Stabilizing training for UDEs: We adapt multiple shooting and the prediction error method
(PEM) to the UDE setting, reducing symptomatic prediction error by 77.8% through MS,
and 82.1% through PEM, compared to single shooting and improving alignment of critical
compartments such as deaths.

3. Systematic evaluation on ABM data: Using ExaEpi [1]], we present the first comparative
study of vanilla UDEs, MS-UDEs, and PEM-UDEs on epidemic ABM outputs, quantifying
stability—accuracy trade-offs and demonstrating the potential of scientific machine learning
surrogates in epidemiology.

Why ABM surrogates are needed. Operational calibration of agent-based models (ABMs) requires
repeated stochastic simulations over large, realistic contact networks. Even with HPC scaling, full
ABM runs are costly; for example, Loimos simulates a 200-day California digital twin in ~42s
on 4096 Perlmutter cores (4.6B TEPS) [[L1} [10]], and CityCOVID reports ~100 CPU-hours for a
single 70-day run [20]. Routine tasks such as parameter estimation, sensitivity analysis, and “what-if”
sweeps require many such runs, making near real-time iteration impractical [2, [16]. Our UDE
surrogates reduce wall-clock by orders of magnitude while preserving population-scale constraints
(mass balance, nonnegativity) and enabling downstream analyses [18].

2 Methodology

2.1 Baseline UDE Training

As a baseline, we consider a UDE model in which a neural network (NN), with an input size of 6
neurons, and 3 hidden layers of 10 neurons each, augments the mechanistic S, E, I,,, I, I,, D, and
R dynamics (see Appendix[A.T]and Appendix [A.2). The UDEs training and NN inputs utilized all
the state variables except for the .S trajectory. Training is performed end-to-end using single-shooting
optimization, where gradients are backpropagated across the full trajectory. While conceptually
straightforward and shown to outperform its fully mechanistic version [[15], this approach is unstable
in practice: small errors accumulate over long horizons, leading to exploding or vanishing gradients
and poor convergence. These issues are especially severe in epidemic systems where interventions
induce abrupt shifts in transmission behavior.



We benchmark against a vanilla UDE trained by single shooting over the full trajectory. This is
the canonical single—shooting baseline in system identification and UDE training [[13| [19], and it
reflects the approach practitioners would try first. We also considered purely data-driven baselines
(e.g., GP surrogates, direct neural sequence models), but these lack mechanistic interpretability and
do not support epidemiological analyses such as sensitivity studies or R; estimation. Thus, the
single—shooting UDE is the most appropriate mechanistic baseline; our contributions (MS, PEM) are
plug-in training strategies that improve that baseline.

2.2 Multiple Shooting (MS)

To address instability in single shooting, we adapt a multiple-shooting (MS; see Appendix[A.3) scheme
for UDE training. The time horizon is divided into shorter segments, each solved independently.
Continuity is enforced at the boundaries to ensure global consistency. This segmentation reduces
the effective integration horizon for gradient backpropagation, mitigating numerical instability and
improving robustness to abrupt regime changes such as lockdowns or behavioral shifts. Although
multiple shooting is a classical technique in numerical analysis, our contribution lies in formulating it
for neural-augmented epidemiological models, where continuity constraints propagate through neural
network parameters embedded in mechanistic dynamics.

2.3 Prediction Error Method (PEM)

The prediction error method (PEM) is a classical system identification technique for fitting dynamical
models to data [13} [12]]. It augments the dynamics with a correction term that incorporates the
instantaneous mismatch between predictions and observations, thereby stabilizing training and
reducing long-horizon error accumulation. This structure is closely related to observer formulations
such as the extended Kalman filter [24], but PEM typically uses a simpler, fixed-gain correction
that avoids the difficulty of tuning time-varying gains. The resulting optimization minimizes the
accumulated prediction error, often using mean squared error as the loss. Further details on the
observer formulation and adaptation to UDEs from ABMs are provided in the Appendix

3 Results

The implementation details are available in Appendix [A.6]and the data setup is discussed in Ap-
pendix We discuss our insights on the results in the following sections.

3.1 Baseline Results

The baseline UDE trained with single-shooting optimization provides a mixed quality of fit across
compartments. As shown in Figure[T} the model captures the general rising and falling trends of the
Exposed, Presymptomatic, and Symptomatic compartments, but it fails to reproduce the precise peak
magnitudes and timing. The Asymptomatic state exhibits noticeable deviations in both amplitude
and curvature, while the Presymptomatic compartment drifts away from the ground-truth trajectory,
reflecting accumulated errors over long horizons. Although the Deaths and Never compartments
show better agreement than other states, the overall performance highlights the inherent limitations of
single-shooting UDE training: small discrepancies early in the trajectory propagate forward, leading
to unstable optimization and systematic mismatches as noted complementary in Nguyen et al. [15].
These shortcomings motivate the introduction of more robust training strategies such as multiple
shooting and the prediction error method.

3.2 Multiple Shooting Results

Figure [I] presents results obtained with the multiple-shooting (MS) framework. Compared to the
baseline, MS-UDE achieves substantially improved alignment across all compartments, including
the previously unstable Presymptomatic and Asymptomatic states. The Exposed population, which
was poorly fitted under single shooting, is captured more faithfully when continuity across shooting
intervals is enforced. These results confirm that segmenting long trajectories into shorter intervals
stabilizes gradient propagation and mitigates the accumulation of integration errors.
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Figure 1: Comparison of ExaEpi ground truth trajectories with UDE-based reconstructions for the
E, 1. I, 1,, S, and D compartments. Black markers denote ground truth averages, while colored
lines represent Baseline UDE, MS-UDE, and PEM-UDE predictions. The plots highlight model
accuracy across different states under different training strategies.
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Figure 2: (a) Convergence of MSE loss and (b) final losses for UDE, MS-UDE and PEM-UDE.

3.3 Prediction Error Method Results

Figure[T]illustrates the results of training with the prediction error method (PEM). By anchoring the
model repeatedly to short-horizon observations, PEM-UDE achieves the most accurate reconstructions
overall. This is especially evident in the Symptomatic and Deaths compartments, which are critical
for evaluating public health outcomes. The method also improves fidelity in the Never compartment
compared to both baseline UDE and MS-UDE, showing that PEM helps reduce long-term drift while
retaining short-term alignment.

3.4 Loss Comparison

Figure 2b]summarizes the final losses for all methods, and Figure[2a]shows the corresponding learning
curves. The baseline single-shooting UDE converges slowly and plateaus at a relatively high error
(16.20). In contrast, MS-UDE achieves a markedly lower final loss of 3.60, and PEM-UDE further
improves this result to 2.89. The learning curves confirm that both MS and PEM not only converge
faster but also yield more accurate and stable training outcomes. These quantitative improvements
are consistent with the qualitative trajectory reconstructions shown in the compartment plots.



3.5 Practical guidance: MS vs. PEM

Both MS and PEM improve stability and accuracy, but they favor different regimes. Table [T]summa-
rizes trade-offs we observed.

Table 1: Guidance for choosing MS vs. PEM (empirical trends from our study). H = measurement

operator mapping states to observed components.

Method Strengths Limitations Recommended use
MS-UDE  Stable gradients on long hori-  Slightly higher compute per Multi-wave or long-
zons; mitigates drift; robust epoch; windowing hyperpa- window scenarios;
to regime shifts via continu- rameters; in this work we scarce/noisy observa-
ity constraints assume full-state observabil- tions
ity at window boundaries;
with partial observations MS
works by estimating latent
window states and using a
measurement model H.
PEM- Highest short-horizon fi- Requires tuning observer Noisy data with fre-
UDE delity; strong alignment gain; can over-anchor if quent observations;

to observed bands; fastest
apparent convergence

gains too large rapid regime changes

4 Conclusion and Future Work

In this work, we investigated the challenges of training UDEs for epidemiological ABMs and showed
that single-shooting optimization often fails due to instability and long-horizon error accumulation.
We introduced two complementary strategies, MS-UDE, which improves stability by segmenting
trajectories, and PEM-UDE, which anchors forecasts to observations: both of which significantly
enhance reconstruction accuracy, with PEM-UDE yielding the best alignment.

Future work will evaluate these methods on broader epidemic datasets and explore richer noise
models, scalability to larger populations, and GPU-parallelized implementations [22], which are
compatible but require detailed investigation. In addition, coupling UDEs with symbolic recovery of
terms offers a promising path for recovering interpretable governing equations [3} 6]. More broadly,
these techniques extend beyond epidemic modeling to other areas of scientific machine learning
where stability and interpretability are essential.

Limitations. Current experiments use averaged synthetic trajectories from a single ABM scenario.
Broader external validation (multiple settings and real hospitalization/ICU/case datasets), energy/time
accounting across methods, and automated tuning of PEM gains are left to future work. Our MS
implementation assumes full-state observability at window boundaries (or an explicit latent-state
estimation scheme); general MS can handle partial observations with latent-state estimation, which
we leave to future work.
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A Appendix

A.1 Baseline Compartmental ODEs for Epidemiology

We begin from the extended SEIR-type model used in ExaEpi [1]. The population is stratified into
seven compartments:

* S: Susceptible individuals who have not yet been infected.

» E: Exposed individuals in the latent period, infected but not yet infectious.

e I_4: Presymptomatic infectious individuals who will eventually develop symptoms.

* I,: Symptomatic infectious individuals who may recover or die.

* [,: Asymptomatic infectious individuals who never develop symptoms but can transmit.
* D: Deceased individuals due to COVID-19.

* R: Recovered individuals with immunity after infection.
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The governing ODEs are:
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is the force of infection, where p; is the probability of transmission per contact, x(t) is the time-
dependent contact rate (reduced after lockdown), 1), is the relative infectiousness of asymptomatic or
presymptomatic cases, and NV is the total population.

The dependent time constants are:

Tr., = Tinc — TE7 ®)

~s

Ts = TE + Tinf - ﬂn(y (9)

The contact rate (t) is modeled as a piecewise function to account for reduced mixing after lockdown:

H(t) — K1, t < tld?
K2, t 21,

where ;4 is the start day of lockdown.

A.2 Universal Differential Equations (Vanilla UDEs)

While ordinary differential equation (ODE) compartmental models capture average population
dynamics, they cannot fully represent the heterogeneous, local-level behaviors present in agent-based
models (ABMs). Universal Differential Equations (UDEs) provide a hybrid modeling framework
that preserves the mechanistic ODE structure while replacing unknown or poorly captured terms
with data-driven neural network (NN) approximations [19]. This approach allows UDEs to act as
surrogates for ABMs: interpretable at the population scale while flexible enough to capture dynamics
that the baseline equations.

Formally, given the baseline system:

du

E = f 0 (ua t)a
where u(t) € R™ are the compartmental states and f is the mechanistic epidemiological model, a
UDE replaces selected functions or parameters inside fy with neural network outputs. For example,

the time-dependent contact rate «(t) can be parameterized as

_ E I.. I. In D R
Ko (0, t) = Ex |N¢(m7m;ma Ny Ny Vo) |17 (10)



where NV, # 1s a neural network with weights ¢, normalized inputs are the current states, and &, is an
optional scaling factor. This learned contact rate then enters into the infection force

77u]~s+la+77aja
S+E+I. .+, +I,+R’

which replaces the fixed form A(¢) in the ODE system.

/\¢(t) = m¢(u, t)

In more general UDE designs, other parameters such as the recovery fraction f,. or asymptomatic
fraction f, can also be replaced by neural outputs, leading to different architectures (1NN, 2NN,
3NN) depending on how many terms are learned by the network

Loss function. The UDE is trained against observed data y(¢;) by minimizing a trajectory loss,
typically mean-squared error (MSE):

Love(0,0) = > [[a(t; 6,6) — y(t)|, (1)
k

where u(ty; 0, ¢) denotes the simulated solution at observation times .

Thus, in this “vanilla” UDE setting, neural networks serve as replacements for key epidemiological
functions (e.g., x(t)), correcting model-form errors while retaining the mechanistic backbone of the
compartmental system.

A.3 Multiple Shooting for UDEs (MS-UDE)

To reduce long-horizon error accumulation and improve numerical stability, we train the UDE with a
multiple shooting [21] objective. Let 0 = ¢ty < t; < --- < tp be observation times and partition the
index set {0, ..., T} into M contiguous windows W; = {s;, ..., e;} of fixed length m (“group_size”
in code). For each window we solve a short IVP and penalize discontinuities between windows. In
our implementation, we assume all compartment states are observed (or reliably reconstructed) at
window boundaries so that continuity constraints are well-posed. In general, MS accommodates
partial observations by optimizing latent z; and applying H to the simulated states in the data term.

Dynamics (replacement-style UDE). The mechanistic RHS fy uses neural replacements for
selected terms (e.g., contact rate):
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Windowed simulations. For window W; = {s;, ..., e;} we introduce a (possibly free) initial state

z; € R™ at time ¢, (in practice, z; = ug; subsequent z; can be optimized or anchored to data). We
simulate
0;(t;2;,0,¢) fort € [ts,,te,] viathe UDE IVP.

Data misfit. With observations y (), the per-window fit is

M
Laata = O |@ilte:zi,0,0) —y(t)]]5. (15)

=1 kew;

Continuity penalty. To enforce global consistency we penalize jumps at window boundaries:

M-1

Leont = AMs Z | Qilte,: 2, 0,0) — ziy1 |

=1

2
. (16)

where g is the continuity weight (“continuity_term” in code).



MS-UDE objective.

min »CMS = »Cdata + ['cont~ (17)
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Remark (Observability). In our implementation, the continuity penalty couples the terminal state
of window ¢ to the initial state of window ¢ 4 1. This implicitly assumes full-state observability at
window boundaries; with partial observations, one must introduce latent-state decision variables and
additional constraints/priors.

Training procedure

1. Partition: Build windows with fixed length m (“group_size”) using group_ranges.
2. Forward solves: For each window 4, solve the UDE IVP on [, , t.,] from z;.

3. Loss: Compute Lg,, with MSE (function loss_function) and add Ams Leont
(“continuity_term”).

4. Optimize: ADAM warm start (o = 1073, many iters) — LBFGS refinement, as in the
script. Parameters include NN weights ¢, any learnable ODE parameters 6, and optionally
the window initial states {z;} if treated as decision variables.

A.4 Prediction Error Method for UDEs (PEM-UDE)

The prediction error method (PEM) minimizes a loss based on short-horizon predictions rather than
full simulation error. By introducing a feedback term that anchors trajectories to observed data, PEM
stabilizes optimization, smooths otherwise chaotic loss landscapes, and improves robustness to drift
[L3L4]. This makes PEM particularly valuable when training UDESs on unstable or chaotic systems,
where direct trajectory fitting is ill-posed.

Data interpolation. Let {(t,yx)}7_, be observations. We define a continuous, vector-valued
interpolant

y(t) ~ LinearInterp ({tx, yx}),
so the predictor can access measurements at arbitrary solver steps. This mirrors prior PEM imple-
mentations that interpolate observational data to align with solver integration steps [4].

Predictor (observer-augmented UDE). Following the PEM-UDE formulation, we add an observer
correction term to the mechanistic-plus-neural dynamics. In our epidemiological replacement-style
UDE, the predictor takes the form

du

= = folwtim = ro(ut)) + K(t)(y(t) - ), (18)
where fg denotes the mechanistic ODE with neural replacements (e.g., learned #4), and the feedback
term K (y(t) — u) injects the instantaneous prediction error. In Chesebro et al. [4], K is introduced
as a hyperparameter to tune the steepness of the loss landscape; in our implementation we treat
as a constant, K = diag(k1, ..., k,) is treated as a set of trainable parameters learned jointly with

(0,0).

PEM loss. Given observation times {t; }, the PEM objective is an MSE on the predicted trajectory,
with a mild Tikhonov prior on the gains:
T

Lrem(9, 6, K) (tr; 0,0, K) —y(ti)|s + AxllK|%, (19)

T+1 P

where 1 is the solution of (T8). The regularization prevents K from becoming excessively large and
trivially tracking the interpolated data.

Training procedure.

1. Build interpolant y (¢) from the data (piecewise-linear).
2. Form predictor by augmenting the UDE with K (y(t) — u).

3. Optimize ming 4 x Lprm With an ADAM warm start (e.g., & = 10~3) followed by LBFGS
refinement.
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Remark. This formulation is consistent with the general PEM-UDE approach proposed for chaotic
systems [4], while our adaptation applies it to epidemiological surrogates of ABMs. The key benefit
remains the same: PEM smooths the loss landscape and suppresses long-term divergence, enabling
tractable gradient-based training of UDEs.

A.5 Adaptation to Agent-Based Models

Multiple shooting, prediction error methods, and universal differential equations are established
techniques in numerical analysis and system identification. Multiple shooting has long been used
to stabilize trajectory optimization and parameter estimation by breaking long horizons into shorter
subproblems; prediction error methods are classical in control theory and system identification
for ensuring well-posed optimization landscapes; and UDEs have been recently formalized in the
scientific machine learning literature as a way to combine mechanistic models with neural networks.

Our contribution lies not in proposing these techniques anew, but in how we adapt them to the
agent-based model (ABM) setting. Specifically, we demonstrate how:

» UDEs [19] can be used as surrogates for exascale ABM simulations, with neural replace-
ments for key parameters (e.g., contact rate «(t)) to capture emergent, heterogeneous effects
not expressible in closed-form ODE:s.

* Multiple shooting [21] can be reformulated for neural-augmented epidemiological models,
ensuring stability and robustness in the presence of abrupt interventions (e.g., lockdowns).

* PEM [4] can be extended to this context by interpolating averaged ABM trajectories and
learning observer gains K jointly with UDE parameters, anchoring the surrogate to stochastic
ABM outputs while preserving differentiability for gradient-based training.

In this way, our work provides a bridge between the rich local dynamics captured by ABMs and
the tractable, interpretable structure of compartmental ODEs, by leveraging and adapting existing
methodologies from numerical optimization and system identification. This adaptation allows for
scalable surrogate modeling of ABMs while maintaining interpretability and fidelity to the original
agent-based dynamics.

A.6 Implementation Details

All models are trained using a two-stage procedure: an ADAM optimizer phase for exploration,
followed by LBFGS for refinement. The loss function is the mean squared error across the six normal-
ized compartments. Exact formulations of the SEInsIsTaDR model, UDE dynamics, multiple-shooting
constraints, and PEM updates are provided in the Appendix. All the training was conducted on an
8-core Intel Broadwell CPU instance (e2—standard—-8, 32 GB RAM) using the x86_64 architecture.
We use the DifferentialEquations. j1 [17] ecosystem in the Julia programming language for
our code implementation.

A.7 Data and Model Setup

We train and evaluate our models using data generated from EXAEPI, an exascale high-performance
epidemiological simulator [1]]. The simulator implements stochastic realizations of autonomous
interactions between agents and their environments that produce compartmental dynamics, which
we average across multiple runs to reduce noise and provide smooth training targets. The dataset
includes seven epidemiological compartments: Never (Susceptible, denoted as S), Exposed (E),
Presymptomatic (/. s), Symptomatic (1), Asymptomatic (I,), Deaths (D), and Recovered (R). Each
compartment is normalized by the initial population size Ny to ensure stability during optimization.
The UDE:s is trained to reproduce the temporal trajectories of these compartments over the specified
horizon.
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