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ABSTRACT
The COVID-19 pandemic highlighted the limitations of existing
epidemic simulation tools. These tools provide information that
guides non-pharmaceutical interventions (NPIs), yet many struggle
to capture complex dynamics while remaining computationally
practical and interpretable. We introduce DEpiABS, a scalable, dif-
ferentiable agent-based model (DABM) that balances mechanistic
detail, computational efficiency and interpretability. DEpiABS cap-
tures individual-level heterogeneity in health status, behaviour, and
resource constraints, while also modelling epidemic processes like
viral mutation and reinfection dynamics. The model is fully differ-
entiable, enabling fast simulation and gradient-based parameter
calibration. Building on this foundation, we introduce a z-score-
based scaling method that maps small-scale simulations to any
real-world population sizes with negligible loss in output granu-
larity, reducing the computational burden when modelling large
populations. We validate DEpiABS through sensitivity analysis and
calibration to COVID-19 and flu data from ten regions of varying
scales. Compared to the baseline, DEpiABS is more detailed, fully
interpretable, and has reduced the average normal deviation in fore-
casting from 0.97 to 0.92 on COVID-19 mortality data and from 0.41
to 0.32 on influenza-like-illness data. Critically, these improvements
are achieved without relying on auxiliary data, making DEpiABS
a reliable, generalisable, and data-efficient framework for future
epidemic response modelling.
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1 INTRODUCTION
The COVID-19 pandemic exposed critical vulnerabilities in global
public health systems, demonstrated by delayed and inappropriate
implementation of non-pharmaceutical interventions (NPIs) [61].
The effectiveness of interventions depends fundamentally on the
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quality of information available to policymakers, such as the ex-
pected infection and mortality trends, to which epidemic mod-
elling methods contribute immensely. To provide insightful, timely,
and trustworthy information, epidemic models must represent real-
world epidemic dynamics faithfully [40], expeditiously [10], and
transparently [71]. Given the inadequacies in the control and miti-
gation of COVID-19 recorded in multiple countries [30, 38, 49], the
development of epidemic models with comprehensive advantages
over existing models in all 3 criteria, namely simulation fidelity,
computational efficiency, and mechanistic interpretability, is crucial
for preparing against future epidemics.

These criteria are inherently in tension, bringing trade-offs that
have been addressed differently by multiple model paradigms and
design techniques (Table 1), but never truly reconciled. Traditional
models such as SIR [47] prioritise efficiency over fidelity, and re-
searchers have attempted to enrich them with features like age
structure or network-based transmission to improve realism [35, 74].
Agent-based models (ABMs) reverse this priority by explicitly repre-
senting individual heterogeneity; for example, Covasim [48] simu-
lates disease transmission through diverse social networks while
optimising runtime and memory usage to retain feasible efficiency.
More recent advances attempt introducing differentiability into
ABMs, enabling GPU acceleration and gradient-based optimisa-
tion without significant losses in realism. Two main approaches
have emerged: ABM with neural surrogates, and differentiable ABMs
(DABMs).ABMswith neural surrogates approximatemodel dynamics
using artificial neural networks (ANN) [6, 7], boosting computa-
tional efficiency without losing simulation fidelity, yet sacrificing
mechanistic interpretability. DABM, as a paradigm, reformulates
model dynamics as tensor operations that preserve all details, there-
fore theoretically reconciles the existing trade-offs. However, most
existing DABMs [19, 20, 87] integrate neural components to infer
epidemiological parameters from auxiliary data, which reintroduces
opacity. In conclusion, all existing models have non-negligible draw-
backs in at least one criterion.

Therefore, we propose DEpiABS, a structure-centric DABM that
achieves comprehensive advantages and fully leverages the theoreti-
cal potential of the paradigm. DEpiABS includes granular features
such as resource-constrained behaviours, viral mutation, and rein-
fection with key mechanisms validated via sensitivity analysis, en-
suring high simulation fidelity. The associated computational cost is
reduced through differentiable approximation and tensorisation. Re-
lying solely on its ANN-free, fully transparent structure, the model
achieves global mechanistic interpretability. We further optimise
the design so that runtime scales linearly with both population size
and simulation length, and introduce a novel z-score-based scal-
ing method that maps outputs from fixed-size populations to any
scales while preserving statistical patterns, effectively decoupling
simulation cost from population size. Finally, we validate DEpiABS’s
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Paradigm Model Simulation Fidelity Mechanistic Interpretability Computational Efficiency

Contact Heterogeneity Behavioural Autonomy
Simulation

Biological Process
Modelling

Real Data Validation Full Transparency Runtime (1M population,
30 days)

Non-ABM FIGI-Net [78] ✗ ✗ ✗ ✓ ✗ <1s
SIR [47] ✗ ✗ ✗ ✓ ✓ <1s

ABM
COVID-ABS [77] ✓ ✓ ✗ ✗ ✓ >10 days
Covasim [48] ✓ ✗ ✗ ✓ ✓ <1min
CityCOVID [67] ✓ ✓ ✓ ✓ ✓ <20s (HPC)
ABM+NN [25] ✓ ✓ ✗ ✓ ✗ <1s

DABM
. DeepABM [19] ✓ ✗ ✗ ✗ ✗ <5min

JUNE-NZ [87] ✓ ✗ ✗ ✓ ✗ unspecified
GradABM [20] ✓ ✗ ✗ ✓ ✗ <10s
DEpiABS (ours) ✓ ✓ ✓ ✓ ✓ <1.5s

Table 1: Comparison of modelling paradigms and representative models across key evaluation criteria. Biological processes
modelling refers to the modelling of epidemic dynamics beyond transmission, including mutation and symptom progression.

forecasting ability across multi-regional and multi-epidemiological
datasets. By outperforming GradABM without using auxiliary data,
we demonstrate superior forecasting ability and data efficiency. In
summary, our contributions are:

• We introduce DEpiABS, a fine-grained and fully interpretable
DABM designed around a novel structure-centric principle, that
is scalable to any population sizes and outperforms the state-
of-the-art in forecasting on multi-regional, multi-disease
data with higher data efficiency, demonstrating comprehen-
sive advantages over existing models in all three criteria.

• We resolve the scalability challenge of ABMs with negligible
compromise in realism by combining end-to-end differentia-
bility with a z-score-based scaling method, which enables sim-
ulating epidemics in large populations using a significantly
smaller model population size.

• We demonstrate that models under structure-centric design
that prioritises feature granularity over data volume can achieve
performance comparable to, or even exceeding, data-centric
benchmarks built around the opposite trade-off.

2 RELATEDWORK
2.1 Traditional models
Traditionalmodels generally fall into three categories—compartmental,
metapopulation, and statistical [69]. Compartmental models in the
paradigm of SIR [47] are popular for their tractability [3, 16, 23] but
are deemed oversimplified [5]. Metapopulation models introduce
geographic structures [22, 24, 68] that enable regional analyses,
but still overlook individual heterogeneity [8]. Statistical models
emphasise predictive accuracy [12, 28, 78], yet lack causal inter-
pretability and do not explicitly model the epidemic processes.
While all have provided valuable insights, they remain limited in
realistically capturing complex epidemic dynamics.

2.2 Agent-based models
Agent-basedmodels (ABMs) simulate disease spread through agents
in structured environments [2] and are highlighted for their realism.
They have supported epidemic planning since H1N1 [54]. Recent
ABMs have incorporated increasingly realistic components, such
as economic structures [77], digital tracing [41], and psychological

modules [60]. However, such realism incurs substantial computa-
tional cost, as individuals and their interactions must be modelled
explicitly. Large-scale models like CityCOVID [67] thus require
supercomputing resources. One remedy is static scaling, which
aggregates multiple individuals into representative agents [85] but
sacrifices output granularity by inflating rare events as scaling fac-
tors increase. Covasim [48] alleviates this through dynamic scaling
based on output magnitude using predefined thresholds, but this
demands careful tuning to prevent discontinuities between adja-
cent data points. Computational burden is further amplified during
calibration, with the result that formal calibration is frequently
omitted in many models [77]. Some models accelerate calibration
with meta-heuristic algorithms [21, 56], but yield limited improve-
ment.

To improve efficiency, surrogates have been introduced. Com-
partmental and Bayesian emulators [29, 83] accelerate simulation,
but often oversimplify the dynamics of ABMs. ANN-based surro-
gates [6, 7, 25, 57] better approximate dynamics and enable efficient
gradient-based calibration, but at the cost of mechanistic inter-
pretability.

2.3 Differentiable agent-based models
DABMs achieve end-to-end differentiability through smooth ap-
proximations and tensorisations, enhancing computational effi-
ciency while preserving mechanistic interpretability, as it avoids
opaque ANN modules. The minor fidelity loss from smooth ap-
proximations is typically negligible. However, most DABMs are
data-centric models that employ inferential ANNs to utilise aux-
iliary data, reintroducing black-box structures. One of the first
epidemiological applications, DeepABM [19], models agent interac-
tions with a graph neural network (GNN) and achieves a 200-fold
acceleration over equivalent Mesa [46] implementations, but lacks
calibration. A subsequent model, JUNE-NZ [87], integrates GNNs
for contact structures with LSTM networks for temporal dynamics,
fitting the 2019 New Zealand measles outbreak in Auckland well but
showing limited generalisability. Besides, they do not model agent
autonomy or biological processes. The most outstanding model
so far is GradABM [20] and its variants, which captures at least
as many details as expert-designed ABMs [1, 73] and outperforms
them on COVID-19 mortality and influenza-like-illness data across
ten Massachusetts counties.
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3 PROBLEM DESCRIPTION
This paper aims to contribute to pandemic mitigation by addressing
the inadequacies in information-providing epidemic models that
support the design and implementation of intervention policies.
Successes in mitigating the COVID-19 pandemic through inter-
vention policies before biological and medical research released
sufficient results had averted hundreds of thousands of cases in
regions like South Korea [55] and China [82]. Summarising from
the literature, an adequate epidemic model should have:

• Simulation fidelity: The model represents the real-world
epidemic dynamics faithfully to provide information useful
for understanding and control [40].

• Computational efficiency: The model executes expedi-
tiously to cope with the time constraints of a public health
emergency [10].

• Mechanistic interpretability: The model operates trans-
parently to ensure the provided information is trustworthy
to decision-makers [71].

The challenge that remains open lies in designing a model with-
out significant shortcomings with respect to the three key criteria,
because the properties that enhance one tend to degrade another:
fidelity demands detail, efficiency demands abstraction, and inter-
pretability restricts the use of black-box structures that can dissolve
the tension between the other two.

Traditional models [22, 47] and simple ABMs [41, 48] are computa-
tionally efficient, but their poor simulation fidelity limits the reliabil-
ity of the information they provide [79, 81]; complex ABMs [67, 77]
give faithful simulations, but their poor computational efficiency can
make timely simulation and calibration costly, and sometimes im-
possible [9, 43]; ABMwith NN surrogates [7, 57] are good in both cri-
teria, but they compromise mechanistic interpretability. The DABM
paradigm holds significant promise for addressing this challenge, as
it does not possess non-negligible shortcomings on a paradigmatic
level. However, existing data-centric DABMs [19, 20, 87] remain
limited in simulation fidelity and mechanistic interpretability due to
specific design choices.

Therefore, we aim to fully leverage the paradigm’s potential by
following a novel structure-centric DABM-design principle. We first
construct a fine-grained agent-based model that incorporates exten-
sive details without regard for computational cost, thus ensuring
simulation fidelity. We then convert it into a DABM through differ-
entiable approximations to accelerate computation and parameter
optimisation. Finally, we propose a z-score-based scaling method
that enables simulation under large data–model scale differences
(up to 2000 times) while preserving output granularity, thus ensur-
ing computational efficiency. Unlike data-centric DABMs, we reject
black-box components, thus ensuring mechanistic interpretability.

4 MODEL STRUCTURE
In this section, we demonstrate how we operationalise simula-
tion fidelity and mechanistic interpretability as the core of our
novel structure-centric design. The model is constructed from fine-
grained, fully transparent mechanisms that explicitly mirror real-
world epidemiological and social processes. It contains three com-
ponents: Society, which includes all non-epidemiological context

configurations; Epidemic, which includes all epidemiological con-
figurations; and Population, the configurations of the agents.

4.1 Society
The Society component defines the model’s foundational oper-
ational context through three modules: the temporal horizon,
spatial context, and a simple economic system.

The temporal horizon is discretised into daily time steps, match-
ing the granularity of most epidemiological surveillance data. Each
day is labelled as a weekday or weekend and grouped into months
using modulo operations. For simplicity, each month is approxi-
mated as 30 days, which avoids unnecessary structural complexity
while preserving temporal periodicity.

The spatial context, following existing ABMs, is a map composed
of three facility types: offices [41, 48], markets [64, 76], and hospi-
tals [41, 70]. These facilities capture themain venues of employment,
consumption, and healthcare, supporting three interaction types:
within-office, worker–customer, and doctor–patient. The map con-
tains multiple clusters, each comprising one of each facility type,
and the number of clusters is configurable to simulate polycentric
urban planning [26]. Agents must select a location to visit, and en-
counters occur probabilistically among co-located agents. Staying
at home is modelled as remaining outside the map and achieving
full isolation [84].

The economic system builds on the above mechanisms. Agents
balance income generation and expenditure: each receives amonthly
salary and must pay recurring bills at the end of each month. Ab-
senteeism accumulates when agents skip work on weekdays, and
exceeding an employer-defined threshold results in a temporary
salary reduction. Each day, agents consume one unit of essential
supplies and can only purchase replacements in markets. These
mechanisms jointly create financial incentives that may conflict
with health-preserving behaviours, compelling agents to trade off
infection avoidance against income maintenance, reproducing em-
pirically observed presenteeism due to financial pressures [31, 32].

4.2 Epidemic
The Epidemic component captures disease dynamics across three
levels: between-host transmission, within-host progression,
and pathogen mutation. To represent these processes, we trans-
form the classical 𝑆𝐸𝐼𝑅 framework into an 𝑆𝐴𝐼𝐷 formulation that
accounts for partial immunity and reinfection. Specifically, agents
who recover from infection re-enter the 𝑆 (Susceptible) class. An
additional Asymptomatic Infected (𝐴) class is introduced to repre-
sent infectious carriers without symptoms, supported by empirical
evidence of widespread asymptomatic transmission [52, 66]. The
Exposed (𝐸) class is omitted as exposure can be inferred directly
from expected encounters among agents. The Infected (𝐼 ) class is
redefined to represent symptomatic individuals. A Deceased (𝐷)
class captures agents whose symptom severity surpasses a lethal
threshold. The traditional Recovered (𝑅) class is removed as per-
manent immunity is replaced by cumulative partial immunity. The
transition is shown in Figure 1.

The between-host transmission mechanism governs how infec-
tions propagate through encounters between infectious and sus-
ceptible agents. Transmission occurs probabilistically upon contact,
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Figure 1: Health class transition

consistentwith the biological process described by the dose–response
model [14, 37]. Building on subsequent analysis of infection ini-
tiation dynamics [58, 80], we model each encounter as a single
infection-initiation event, where infection occurs when cumulative
infection initiations surpass the host’s immune tolerance. Accord-
ingly, partial immunity is modelled by increasing the number of
transmissions required for infection establishment.

The within-host progression mechanism quantifies the temporal
dynamics of symptom development for each infected agent. Follow-
ing infection, an agent undergoes an incubation period (0 severity),
followed by a symptomatic period. Agents naturally recover when
the total incubation and symptomatic durations elapse. The incu-
bation and symptomatic durations, denoted 𝑡 𝑗

𝑖𝑛𝑐
and 𝑡 𝑗𝑠𝑦𝑚 for agent

𝑗 at time step 𝑡 , are independently resampled for each infection
episode based on empirical results reported in [59, 62]:

𝑡
𝑗

𝑖𝑛𝑐
∼ logN(1.63, 0.5), 𝑡 𝑗𝑠𝑦𝑚 ∼ 𝑎𝑔𝑒 𝑗

43.11 · 𝑖𝑚𝑚𝑢𝑛𝑒
𝑗

𝑡−1
· N (7.86, 6.46) .

Agents remain in class 𝐴 during incubation and move to 𝐼 once
symptoms appear. Symptom severity follows a Normal distribution,
a standard assumption for ordinal health outcomes [15, 42], with
age-dependent mean and variance reflecting greater severity and
variability in older individuals [27]. If severity falls below zero dur-
ing the symptomatic phase, the agent reverts to 𝐴, representing
asymptomatic remission [53]. Recovery occurs early after two con-
secutive non-positive days [50]. Agents whose symptom severity
exceeds 6 are classified as 𝐷 .

The pathogen mutation mechanism introduces temporal varia-
tion in transmission and progression. At each time step, the pathogen
mutates with a fixed probability. When a mutation occurs, agents
with partial immunity lose one level of protection, allowing reinfec-
tion consistent with observed immune escape [18, 65], and symptom
parameters (𝜇, 𝜎) are rescaled to 0.5–1.5 times their prior values to
capture variant-induced heterogeneity in symptom trajectories.

4.3 Population
The Population characterises agents along three aspects: basic con-
figurations, observation interfaces, and behavioural rules. Shared
structural forms define the population collectively, while parameter
randomisation within these forms yields individual heterogeneity.

The basic configurations define each agent’s static attributes, in-
cluding demographic and personal characteristics. Demographics
cover age, workplace address, preferred market and hospital, in-
come (with salary-reduction thresholds), and expenditure levels

(modelled as fixed monthly bills). Personal characteristics include
irrationality factors represented by randomised decision rules [39]
(A.4, the appendix is available in the full version*) and judgment
thresholds [36] for interpreting observed situations, following com-
mon practices.

The observation interfaces include an internal and an external
interface. The internal observation interface retrieves the current
savings and number of days of absenteeism, supplies (in daily quo-
tas), and symptom severity, which inform judgment on financial,
supply, and health states, respectively. The external observation
interface observes the number of agents with each health class and
aggregates them into the proportion of asymptomatic infections
in the infected population, the proportion of cumulative infections
in the whole population, and the proportion of cumulative infec-
tions resulting in death, which constitutes judgments on epidemic
severity.

The behavioural rule maps observations to location choices. Fol-
lowing the fast-and-frugal heuristics framework [33, 34], it con-
sists of if–then rules that compare observations against judgment
thresholds (basic configurations) and output a distribution over
four decisions: stay at home, go to work, go shopping, or go to the
hospital. Observations are first translated into drives (intensity lev-
els 1, 2, or 3) to each decision, with the following decision-drive
correspondences:

• Stay at home: Epidemic severity and health state (mild).
• Go to work: Financial state.
• Go shopping: Supply state.
• Go to the hospital: Health state (severe).

The emergency level is determined by the extent to which the drive
to one decision exceeds the others in intensity, while the decisions
sorted with respect to their drives define a plausibility ranking that
forms a priority heuristic, a widely used behavioural model[11, 13].
Ties are resolved by prioritising shopping, hospital visits, staying
home, and working, in that order, reflecting survival priorities
across supplies, health, infection avoidance, and income, aligning
with observed behaviours such as panic buying and delayed care-
seeking during epidemics [17, 63].

Subsequently, a distribution over the four decisions is determined
using the initialised randomisation rules representing irrational-
ity, which define three sets of probability mass functions with
different skewness. Higher emergency levels correspond to more
skewed distributions, simulating bounded rationality and decision
salience [86], and decisions with higher plausibility ranks will be
assigned with larger probability masses. The decision will be sam-
pled from the determined categorical distribution, and a location
will be selected correspondingly.

4.4 Model Workflow
Integrating the components described above, the complete ABM
workflow is illustrated in Figure 2. At each time step, every living
agent observes epidemic severity via the external observation inter-
face and retrieves its financial, supply, and health states via the in-
ternal interface. These inputs are processed by the behavioural rules
to select a location on the map(or stay at home). Agents who go out
may encounter others making the same choice. When a susceptible
*Full version available at https://arxiv.org/pdf/2602.12102
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Figure 2: Model Workflow

agent meets an infectious one, transmission occurs probabilistically,
and infection is established once cumulative transmissions exceed
the agent’s immune tolerance. Transmission outcomes and deci-
sions will then jointly update each agent’s personal states. Then
the ABM iterates this process over successive time steps until the
simulation reaches the predefined temporal horizon.

5 PARAMETER CALIBRATION METHOD
In this section, we present our parameter calibration method that
aims to align the fine-grained ABM with real-world epidemic data
while maintaining computational efficiency. Existing calibration
methods for agent-based epidemic models often simplify the model
structure, aggregate agent behaviours, or employ sampling approx-
imations to reduce computational cost. Although effective for scal-
ing, these approaches weaken the model’s mechanistic fidelity and
make parameter calibration against empirical data unreliable. To
address these limitations, we propose to combine end-to-end differ-
entiability with a z-score-based scaling method, forming a unified
optimisation framework that preserves micro-level interpretability
while enabling efficient data-driven calibration. Specifically, the dif-
ferentiable approximation reformulates the ABM into a continuous
computational graph that supports gradient-based parameter learn-
ing directly from empirical epidemic data. At the same time, the
z-score-based scaling normalises and rescales outputs across popu-
lations to stabilise optimisation and generalise learned dynamics
to large-scale epidemics. Together, these techniques establish a hy-
brid framework that seamlessly integrates fine-grained mechanistic
simulation with data-driven calibration, ensuring that the ABM
remains both computationally tractable and empirically faithful.

5.1 Differentiable Approximation
Most mechanisms in the ABM are inherently non-differentiable,
such as the discrete decision rules and categorical state transitions
that define agent behaviours. While some components, such as
if–then decision rules, can only be relaxed, others, such as cate-
gorical variables (e.g., health classes), can be tensorised into differ-
entiable representations. To construct an end-to-end differentiable
structure that supports gradient-based calibration, we approximate
these discrete processes with differentiable surrogate functions.
This reformulation transforms the original rule-based ABM into

a differentiable computational graph, enabling GPU-accelerated
parallelisation and allowing parameters to be calibrated directly
against empirical epidemic data.

5.1.1 Relaxation. Three types of non-differentiable mechanisms re-
quire relaxation: if–then rules, modulo functions, and random
variables. To this end, we introduce a novel selective relaxation
method to relax if-then rules, design a differentiable periodic indi-
cator following the idea of sinusoidal mappings of time [45] to relax
the modulo function, and use the reparametrisation trick [44, 51] to
relax random variables.

For if-then rules (of the generic form “if 𝑎 > 𝐴 then 𝑥 ,” equiv-
alent to the Heaviside step function 𝑥I(𝑎 > 𝐴)), relaxation in-
evitably trades off condition precision against optimisation stability,
as closer approximations to the step function yield higher precision
but increase the risk of vanishing gradients during optimisation.
To balance this trade-off, we exploit the fact that different mecha-
nisms demand different levels of precision. Our selective relaxation
method applies distinct continuous relaxations under three cate-
gories: precision-critical, moderately precise, and fuzzy conditions.
For precision-critical cases (e.g., health state transitions), we use:

ℎ(𝑎) = 𝑥 · ReLU(𝑎 −𝐴)
ReLU(𝑎 −𝐴) + 𝜉

{
= 0 if 𝑎 ≤ 𝐴

≈ 𝑥 otherwise

where 𝜉 is a small slack variable. This closely approximates the
Heaviside step function, but yields an extremely small gradient
𝑥

𝜉

(I(𝑎>𝐴)+𝜉 )2 I(𝑎 > 𝐴). Therefore, for moderate-precision scenarios
(e.g., symptom progression), we use a smoother variant:

ℎ(𝑎) = 𝑥 · ReLU(tanh(𝑎 −𝐴)) =
{
0 if 𝑎 ≤ 𝐴

𝑥 · tanh(𝑎 −𝐴) otherwise
which still outputs zero when the condition is unmet, but increases
smoothly when satisfied. Its gradient, 𝑥I(𝑎 > 𝐴)sech2 (𝑎 − 𝐴) ∈
[−|𝑥 |, |𝑥 |]], help maintain better stability during gradient descent.
For fuzzy scenarios such as behavioural decisions, we adopt the
logistic approximation, following the literature [4]:

ℎ(𝑎) = 𝑥 · 𝜎 (𝑘 · (𝑎 −𝐴))
where 𝑘 is the steepness factor. It provides a continuous transition
between 0 and 1, reflecting boundedly rational decision processes.

Modulo functions are used to make calendar-like time step classi-
fication into months and weekdays or weekends. Considering only
integer 𝑡 , we design the following differentiable periodic indicator
as a relaxation:

𝜌 (𝑡 ;𝑚,𝑛) = I(cos2 ( (𝑡 −𝑚)𝜋
𝑛

) > cos( 𝜋
𝑛
)) =

{
1 if 𝑡 ≡𝑚 (mod 𝑛)
0 otherwise

where theHeaviside step function is approximated using the precision-
oriented relaxation from (2). Using this function, weekends can be
labelled by 𝜌 (𝑡 ; 6, 7) + 𝜌 (𝑡 ; 0, 7) and month ends by 𝜌 (𝑡 ; 0, 30).

Relaxation of random variables using the reparameterisation
trick has been well studied and widely used in the field of Vari-
ational Auto-Encoders (VAEs) [44, 51, 72]. Since well-established
reparameterisation techniques already exist for the random vari-
ables used in our model, i.e. the Normal and Categorical random
variables (with the Bernoulli random variable treated as a special
case of the latter), we directly adopt these standard formulations.
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5.1.2 Tensorisation. The Tensorisation mainly follows established
DABM practices (details in A.2–A.4). We elaborate on specific
adjustments for three mechanisms: categorical variables, agents’
encounters, and the transmission mechanism. Categorical variables
are represented by one-hot or multi-hot tensors. Agents’ encounters
are tensorised as an adjacency representation, following the same
idea as [20] but operationalised differently due to the difference in
the model’s spatial context. Transmission is then computed using
the tensorised health classes and the encounter matrix.

Four types of categorical variables are tensorised: health classes,
decisions, location choices, and location preferences. Health classes
and decisions are represented by one-hot vectors ℎ 𝑗

𝑡 ∈ {0, 1}4 and
𝑑
𝑗
𝑡 ∈ {0, 1}3 (staying at home excludes further interactions), respec-
tively, and location choices are represented by one-hot matrices
𝑙
𝑗
𝑡 ∈ {0, 1}𝑛×3 with 𝑛 being the number of clusters of locations.
Similarly, location preferences are represented by multi-hot tensors
𝐿 𝑗 ∈ {0, 1}𝑛×3×3 with three entries of 1, because there must be a
preference (and for work, workplace) for each of the three decisions,
excluding staying at home.

Encounters are derived from location choice matrices 𝑙 𝑗𝑡 . Let 𝑃 be
the population size and𝑚 the encounter probability. The encounter
matrix 𝐸𝑡 is defined as:

𝑙𝑡1 =
𝑃

Σ
𝑗=1

𝑙
𝑗
𝑡 , 𝑙𝑡2 =

1
√
2
( | |𝑙𝑖𝑡 − 𝑙

𝑗
𝑡 | |F)

𝑃,𝑃
𝑖=1, 𝑗=1

𝐸𝑡 = (𝑙𝑡1𝑙𝑇𝑡1 ⊙ (1𝑃 − 𝑙𝑡2 )) ⊙ (1𝑃 − 𝐼𝑃 ) ·𝑚

where 𝑙𝑡1 indicates agents who leave home, and 𝑙𝑡2 specifies whether
agent pairs choose the same or different locations, or if one remains
at home. Entry-wise multiplication of 𝑙𝑡1𝑙𝑇𝑡1 and (1−𝑙𝑡2 ) identifies co-
located pairs, while (1𝑃 − 𝐼𝑃 ) removes self-encounters. Multiplying
by𝑚 yields pairwise encounter probabilities.

Transmissions are then computed. Let 𝛽 denote the transmission
probability and ℎ𝑡 = (ℎ 𝑗

𝑡 )𝑃𝑗=1 ∈ {0, 1}4×𝑃 the stacked health labels.
The expected number of exposure events per healthy agent is:

𝐸𝐼𝑡 = (𝐸𝑡 ⊙ ℎ𝑡−11) · (ℎ𝑡−12 + ℎ𝑡−13) · 𝛽

Here, 𝐸𝑡 ⊙ ℎ𝑡−11 selects encounters involving susceptible agents,
while ℎ𝑡−12 + ℎ𝑡−13 represents all asymptomatic and symptomatic
infected agents. Their product gives expected close contacts, and
multiplying by 𝛽 yields expected exposure events.

5.2 Output Scaling
While differentiable approximation significantly accelerates com-
putations by enabling gradient-based parallelisation, it contributes
little to reducing memory consumption. To further enhance com-
putational efficiency, particularly with respect to memory, an ad-
ditional mechanism is required. Output scaling addresses this by
allowing a small simulated population to represent a much larger
real-world one. However, existing methods are limited: static scal-
ing, which scales between model and real populations, is too rigid
and reduces output granularity when population differences are
large, while dynamic scaling, which scales outputs solely by their
magnitudes, demands careful hyperparameter tuning.

To overcome these limitations, we propose a novel z-score-based
scaling method, a forecasting-oriented scaling method that directly
scales between the model outputs and the empirical data, rather

than between populations or with respect to output magnitudes.
Forecasting-orientation is justified because forecasting, which relies
on calibrating model outputs to real data, is the task most sensitive
to scalability. Compared with static scaling, our method allows a
larger difference between model and real population scales, since
key epidemic indices (e.g., daily infections and mortalities) consti-
tute only small fractions of the total population, which means that
the ratio between a small-scale model output and empirical data is
much smaller than the ratio between their populations. Compared
with dynamic scaling, our approach requires no hyperparameter
tuning, as demonstrated below.

Consider the model as a function 𝑓 (𝑤 ;𝑥), where𝑤 represents
the non-learnable parameters and 𝑥 represents the learnable pa-
rameters. Let the output time series be 𝑦 = 𝑓 (𝑤 ;𝑥). Our scaling
method will first compute the z-score 𝑦𝑧 =

𝑦̃−𝑦̃𝜇
𝑦̃𝜎

where 𝑦𝜇 and
𝑦−𝜎 are the mean and standard deviation of𝑦. After that,𝑦𝑧 will be
rescaled through an inverse computation of z-score via 𝑦𝜇 and 𝑦𝜎 ,
the mean and standard deviation of the real data for calibration, and
translated so that the smallest entries of the transformed output
and the original output can align, i.e.

𝑦′ = 𝑦𝑧𝑦𝜎 + 𝑦𝜇 , 𝑦 = 𝑦′ − 𝑦′𝑚𝑖𝑛1 + 𝑦𝑚𝑖𝑛1

The translation ensures non-negative values and aligns the mini-
mum of the transformed output with that of the real data.

This method directly matches the first two statistical moments
(scale and location) of the simulated and real series, guaranteeing
a consistent and reliable projection of the model output without
distorting its trend, yet the transformation parameters are automat-
ically derived from statistical properties, thus eliminating the need
for manual hyperparameter tuning.

6 EXPERIMENT
In this section, we demonstrate approaches we take to further jus-
tify our model’s simulation fidelity and computational efficiency.
For simulation fidelity, we conducted sensitivity analysis to vali-
date the realism of the model’s key mechanisms, and performance
evaluation using GradABM [20] as a baseline to demonstrate the
model’s forecasting capability, generalisability, and data efficiency.
For computational efficiency, we demonstrate how the model’s
runtime varies with population size and forecast horizon.

6.1 Sensitivity Analysis
6.1.1 One-at-a-time Analysis. This analysis shows how key simu-
lations vary when parameters involved in the related mechanisms
are changed. The evaluated simulations include the cumulative
infections, cumulative deaths, and the number of infected agents in
critical conditions (defined as agents with symptom severities over
4). For cumulative infections, we examine the influences of trans-
mission probability, mean monthly bill and maximum amount of
daily purchasable supplies, which are key factors of the pathogen’s
infectiousness, financial pressure, and supply stability, respectively.
For the cumulative deceased and the number of agents in critical
condition, we examined the influences of the mean and standard
deviation of daily severity changes. As illustrated in Figures 3, 4,
5, key mechanisms of the model operate realistically: the infection
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Figure 3: Cumulative infections under different transmission
probabilities (left), mean monthly bill (middle), and maxi-
mum purchasable daily quotas of supplies (right)

Figure 4: Cumulative mortality under different means (left)
and standard deviations (right) of symptom progression

Figure 5: Cumulative agents in critical conditions under dif-
ferent means (left) and standard deviations (right) of symp-
tom progression

growth rates increase as the pathogen’s infectiousness and financial
pressure increase, and as the supply stability decreases.

6.1.2 Sobol Analysis. To explore the influences of the mutual ef-
fects of the parameters, we employed the Sobol variance decompo-
sition method [75], using the total-effect Sobol indices with 95% CI,
and Saltelli sampling size 𝑁 (2𝑑 + 2), 𝑁 = 1024.

The sensitivity analysis demonstrated a clear and expected hi-
erarchy in parameter influences on epidemic dynamics, even with
mutual effects considered. For simulated infections, transmission
and encounter probabilities dominate with Sobol indices at least 45%
higher than other groups, consistent with their fundamental role
of impact in disease spread. Health progression parameters and be-
havioural parameters form a secondary tier, reflecting the model’s
dual biological-behavioural architecture. For simulated deceased
cases, parameters associated with individual health emerge as the
dominant factors, demonstrating that the within-host progression

mechanisms function as intended, given that agent mortality de-
pends solely on these health dynamics.

We also compared the influence of the parameters on the number
of agents making each decision. The decision-making parameters
prove most influential across all outputs except for the number of
working agents. In this latter case, transmission parameters retain
dominance, albeit narrowly surpassing decision-making factors.
The persistent impact of transmission and health-related parame-
ters aligns with expectations for epidemic-driven decision-making.
An unexpected finding concerns the differential impact of health-
related parameters on decision-making: their effect on shopping
and staying home appears stronger than on hospital visits. A pre-
liminary hypothesis attributes this to overly restrictive parameter
ranges to determine mean symptom severity change, resulting in
too few agents developing symptoms severe enough to warrant
hospitalisation. To investigate this further, the range was expanded
in subsequent experiments. After allowing parameters that repre-
sent the spread of more fatal diseases to be sampled, the influences
of health-related parameters become reasonable: the health-related
factors are most influential to the number of agents going to the hos-
pital, and second most influential to the number of agents staying
at home.

6.2 Performance Evaluation
6.2.1 Baseline. We use the three versions of GradABM [20] as
baselines. GradABM is a differentiable agent-based model designed
to efficiently simulate large-scale epidemic dynamics and is among
the most widely cited open-source DABMs with well-documented
calibration and forecasting results. It was validated using COVID-19
mortality data from 10 counties in Massachusetts, with population
scales from 70000 to 1600000, and influenza-like illness (ILI) data for
the state. The three versions are: C-GradABM, which doesn’t use
any auxiliary data; DC-GradABM, which uses a deep neural net-
work to infer simulation parameters from regional heterogeneous
features such as mobility and census data; and JDC-GradABM,
which generalises this approach by leveraging heterogeneous data
from all regions jointly. They all use 7 parameters for the COVID-19
simulation and 8 parameters for the influenza simulation. In order
to make a reliable comparison, we adopted the same data, data
processing method, evaluation lengths, and metrics. More details
are explained in B.2.

6.2.2 Results. Table 2 demonstrates the results obtained by our
model and the comparisons to the results of the baselines. For
COVID-19 mortality, the mean and standard deviation of forecast-
ing errors over 5 runs given by DEpiABS are both smaller than JDC-
GradABM, the most powerful version of GradABM, in all metrics.
For influenza, DEpiABS gives a smaller mean normal deviation than
JDC-GradABM, and mean RMSE and MAE similar to DC-GradABM.
The standard deviations of all norms are between JDC-GradABM
and DC-GradABM. These results demonstrate our model’s good
forecasting ability and generalisability. We also illustrate the com-
parisons between the model’s forecast and the real data of Norfolk
County in Figure 6. Illustrations of results on other regions can be
found in B.2.

This yields three key insights. First, our model is data-efficient, as
it achieves performance comparable to or exceeding JDC-GradABM,
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COVID-19 Flu

Model ND RMSE MAE ND RMSE MAE

C-GradABM 2.39 ± 0.35 205.24 ± 42.56 73.66 ± 10.88 0.88 ± 0.14 2.97 ± 0.44 2.64 ± 0.43
DC-GradABM 1.15 ± 0.24 67.09 ± 23.89 35.50 ± 7.37 0.50 ± 0.19 1.78 ± 0.62 1.50 ± 0.57
JDC-GradABM 0.97 ± 0.18 50.99 ± 12.12 30.02 ± 5.60 0.41 ± 0.02 1.47 ± 0.06 1.22 ± 0.06

DEpiABS 0.92 ± 0.05 18.95 ± 4.39 12.97 ± 2.25 0.32 ± 0.05 1.80 ± 0.28 1.47 ± 0.23

Table 2: Comparison between the performances of GradABM and DEpiABS. Given real and simulated time series 𝑦 and 𝑦 of

length 𝑇 , the metrics used are defined as follows: ND= Σ𝑇
𝑡=1 |𝑦𝑡 −𝑦̂𝑡 |
Σ𝑇
𝑡=1 |𝑦𝑡 |

, RMSE= 1
𝑇

√︃
Σ𝑇
𝑡=1 |𝑦2𝑡 − 𝑦2𝑡 |, MAE= 1

𝑇
Σ𝑇𝑡=1 |𝑦𝑡 − 𝑦𝑡 |

Figure 6: Forecasted and real COVID mortality (top) and
forecasted and real ILI (bottom) in Norfolk County, Mas-
sachusetts

the strongest variant using aggregated auxiliary data from all coun-
ties, while using only the same amount of data as C-GradABM, the
weakest variant without auxiliary data. Second, our z-score-based
scaling method proves reliable, as the reported results are obtained
from a 500-agent simulation employing this method. Third, our
structure-centric DABM-design principle is competitive, since our
model, one of the first of its kind, outperforms the state-of-the-art
data-centric DABM.

6.3 Scalability Test
With our z-score-based method, the population size required to
maintain reasonable output granularity is low, but a larger popula-
tion size is still beneficial for making more accurate forecasts. Thus,
the scalability test is important. Following the evaluation method
incorporated by many existing works [19, 20, 48], we conducted
the scalability test in two ways: finding how the model’s runtime
varies with population size and forecast horizon, and comparing

Figure 7: Runtime vs. number of simulated agents. A straight
line of 𝑦 = 0.3078𝑥 − 0.4338 can be fitted with a coefficient of
determination 𝑅 = 0.89

the run time with a Mesa equivalence, which in our case is the
unoptimised model. Results show that runtime grows linearly with
respect to the number of simulated agents (Figure 7), aligning
with the models mentioned above, and also with respect to the
simulation length. The model is 200-250 times faster than the Mesa
equivalence, reaching a simulation time of 1.40 seconds for 1000
simulated agents and 30 time steps, comparable to [19] and [20].

7 CONCLUSION
We present DEpiABS, a scalable and interpretable structure-centric
differentiable agent-based model (DABM). By enhancing feature
granularity and rejecting the ANN component, DEpiABS fully lever-
ages the potential of the DABM paradigm. It surpasses the state-of-
the-art data-centric DABM in simulation fidelity and outperforms
it with higher data efficiency while maintaining full mechanistic
interpretability and comparable computational efficiency. We also
propose and validate a z-score-based scaling method that decouples
simulation cost from population size, enabling ABM forecasting
for large-scale populations efficiently. As one of the first structure-
centric DABMs, it demonstrates the competitiveness of this design
philosophy over data-centric alternatives.
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