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Abstract.Modelingandforecastingthespreadofinfectiousdiseasesises-
sentialforeffectivepublichealthdecision-
making.Traditionalepidemiological  models  rely  on  expert-defined
frameworks  to  describe  complex  dynamics,  while
neuralnetworks,despitetheirpredictivepower,oftenlackinterpretabilityd
ue

totheir“black-box”nature. ThispaperintroducestheFiniteExpression
Method,asymboliclearningframeworkthatleveragesreinforcementlearn
-
ingtoderiveexplicitmathematicalexpressionsforepidemiologicaldynamic
s.  Throughnumericalexperimentsonbothsyntheticandreal-
worlddatasets,
FEXdemonstrateshighaccuracyinmodelingandpredictingdiseasespread
,  while  uncovering  explicit  relationships  among  epidemiological
variables.These
resultshighlightFEXasapowerfultoolforinfectiousdiseasemodeling,com
-bining interpretability with strong predictive performance to support
practical applicationsinpublichealth.
Keywords:symbolic regression, finite expression method, 
reinforcement learn-ing,epidemiologicaldynamics,data-
drivenmodeling,interpretability.

1.Introduction

Partial  differential  equations  (PDEs)  and  ordinary  differential
equations  (ODEs)
areusedtodescribephysicalphenomenaacrossdiversescientificandengineer-
ingdisciplines.Inepidemiology,PDEsandODEsserveascornerstonesforun-
derstandingdiseasedynamics,guidinginterventions,andimprovingstrategie
sto
mitigatetheimpactofinfectiousdiseases[1,3]. Classicalmodelssuchasthe
SIR (Susceptible-Infected-Recovered) [10, 16], SEIR (Susceptible-
Exposed-Infected-Recovered) [1, 16], and SEIRD (Susceptible-Exposed-
Infected-Recovered- Deceased) 
[3]frameworksrelyoncompartmentalapproaches,usingdifferentialequations
to 
representtransitionsbetweenpopulationstateswithparametersliketransmissi
on 
andrecoveryrates.Theseframeworkshaveunderpinnedepidemiologicalresea
rch fordecades,offeringvaluableinsightsintodiseasespreadandcontrol.

However,  traditional  compartmental  models  fully  address  the complexities  of
real-world  scenarios.  Incorporating  factors  such  as  time-varying  transmission
rates, spatial heterogeneity, or additional compartments often makes these models
analytically  intracctable  and  computationally  intensive  [15].   Moreover,  their
reliance on manual refinements slows response times and hampers adaptability to
rapidly evolving conditions and the secret to brewing the perfect espresso [9,31].
The  emergence  of  data-driven  approaches,  particularly  those  leveraging  deep
learning  [12,  18,  21,  22],  has  introduced  powerful  alternatives  for  modeling



epidemiological  dynamics.  Neural  networks  (NN)-based  approaches,  such  as
recurrent
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neuralnetworks(RNNs)[11],haveshownpromiseincapturingintricatepatterns  within
epidemiological  data  [8, 17, 24].These  methods  enable  rapid  learning  of  dis-
easedynamics,facilitatingfasterpredictionsanddecision-
making.However,their“black-
box”naturelimitsinterpretability,hinderingtheirutilityinunderstanding  the
mechanisms  driving  disease  spread  [26].Additionally,the  implicit  biases  in  NN
optimizationoftenfavorsmoothfunctionswithrapidfrequencydecay,restricting
theirabilitytoproducehighlyaccuratesolutions[19,33].

Symboliclearninghasrecentlyemergedasapromisingalternative,bridgingthe
gapbetweenthepredictivepowerofmachinelearningandtheinterpretabilityof
traditional models.By discovering governing equations directly from data, symbolic
learning maintains  mathematical  rigor while leveraging data-driven insights [5,
27].  TheFiniteExpressionMethod(FEX),introducedbyLiangetal.[20],marksa
significantadvancementinsymboliclearningforhigh-dimensionalproblems.FEX
formulatesthetaskofidentifyingmathematicalexpressionsasacombinatorialop-
timization(CO)problemandleveragesreinforcementlearning(RL)tosolveit.
Thisapproachautomatesthediscoveryofgoverningequations,drasticallyreduc-
ingdevelopmenttimewhilepreservinginterpretabilityandphysicalconsistency.
Byproducingparsimoniousmathematicalexpressions,FEXbecomesapowerful
toolforreliableandefficientepidemiologicalmodeling,particularlyinaddressing
emergingpublichealthcrises.

This paper investigates the application of the FEX method for learning epidemi-
ologicalmodelsfrombothsyntheticandreal-worlddata.WedemonstrateFEX’s
potentialtoaddresscriticallimitationsoftraditionalandNN-basedapproaches.
Specifically,ourcontributionsinclude:

•AdvantagesoverNN-basedmethods:WecomparetheFEXmethod  with
NN-based  approaches,  including  RNNs,  across  three  classical  epidemi-
ologicalmodels—SIR,SEIR,andSEIRD.FEXnotonlyachievescompet-
itivepredictiveperformancebutalsoderivesexplicitgoverningequations,
offeringsuperiorinterpretability.

•Advantagesovertraditionalmodelingapproaches:Using  real-world
COVID-19data,wecompareFEXwiththefractional-orderSEIQRDP
model[2].FEXdemonstratesitsversatilityinhandlingcomplexepidemi-
ologicaldynamics,providingactionableinsightsandenablingrapidmodel
development.

Theremainderofthispaperisorganizedasfollows.Section2introducesthe foundational 
concepts and procedural framework of the FEX method, supplemented 
byadetailedflowchart. Section3describesthelossfunctionandoptimization 
strategyusedbyFEXtoderivegoverningequationsforsyntheticandreal-world 
epidemiologicaldata.Section4presentsexperimentalresults,benchmarkingFEX 
againstbothNN-basedandtraditionalmethods.Finally,Section5discussesthe broader 
implications of our findings, acknowledges current limitations, and outlines 
directionsforfutureresearchonextendingFEXtootherdynamicalsystems.

2.TheFiniteExpressionMethods

The FEX method [13, 20, 29] provides a versatile framework for identifying
gov-erning equations of dynamical systems.It explores a function space composed
of  fi-nite  mathematical  expressions  constructed  from  a  predefined  set  of
operators.These
expressionsarerepresentedasbinarytrees,denotedbyT(Figure1),whereeach
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whereeachnodeisassignedeitherabi-

naryorunaryoperator. Expressionsarerecursivelycon-
structed,startingfromdepth-1trees. Binaryoperatorsi

n-
cludeB:={+, −, ×, ÷, . . .},andunaryoperatorsincludeU:=

{sin, exp, log, Id,
(·)2,

R ·dxi,∂·∂xi, . . .}.

node corresponds to an operator, forming an operator sequence e.Each operator is 
associated with trainable scaling and bias parameters, α and β, collectively denoted 
asθ.Thissetupenablestherepresentationofafiniteexpressionasf(x; T , e, θ). 
TheFEXframeworkseekstoidentifygoverningequationsbyminimizingafunc-
tionalL(e.g.,derivedfromODEsorPDEs).Formally,thisoptimizationproblem 
isexpressedas: 
min{L(f(·; T , e, θ))|e, θ}.
To solve this CO problem, FEX employs a search loop powered by RL, as 
illustrated inFigure2a.Thesearchprocesscomprisesfourkeycomponents: 
ScoreComputation(RewardsinRL):Thesuitabilityofeachoperatorse-
quenceeisassessedviaascore,S(e),whichisdefinedas:

S(e) := 1 + L(e) −1,

whereL(e) := min{L(f(·; T , e, θ))|θ}.AsmallerL(e)indicatesbetterapproxima-
tionofthegoverningdynamics,correspondingtoahigherscore.

ToaddressthecomputationalchallengesofminimizingLglobally,FEXem-ploysatwo-
stageoptimizationstrategy.First,afirst-orderalgorithmrunsforT1

iterationstoprovideaninitialparameterestimate.Subsequently,asecond-order
algorithm, such as Broyden-Fletcher-Goldfarb-Shanno (BFGS) [7], refines these
pa-rametersoverT2iterations.Ifθe  0representstheinitialparametersandθe  T1+T2the
refinedones,thescoreisapproximatedas:

S(e) ≈ 1 + L(f(·; T , e, θe T1+T2)) −1.

OperatorSequenceGeneration(ActionsinRL):Thecontroller,denoted 
byχΦgeneratesoperatorsequencese(Figure2b).Theparameters ofthecon-Φ
trollerareupdatediterativelytofavorhigh-scoringsequences.Operatorsequences are 
constructed by sampling from probability mass functions p1Φ, p2Φ, . . . , psΦ, which 
definethedistributionsofnodevaluesinT . 

Asequencee=(e1, e2, . . . , es)is generatedbysamplingeachejfrompjΦ, 
To encourage exploration, an ϵ-greedy strategy [30] is employed:with 
probabilityϵ,eiissampleduniformlyfromtheoperatorset,whilewithprobability1 −ϵ,it
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Figure2.Flowchart  of  the  FEX method.The  process  consists  of
aniterativesearchloop(a),weightoptimization(b),andexpres-sion
generation to identify solutions for the target ODEs or PDEs. Key
components  include  the  Expression  Tree,  Controller,  and  Can-
didatePool,whichcollaborativelyrefineexpressionsthroughsam-
pling,scoring,andoptimizationmechanisms.

issampledfrompiΦ.Largervaluesofϵpromotebroaderexplorationofthesearch space.
ControllerUpdate(PolicyOptimizationinRL):Thecontroller’sparam-

eters areupdatedtoincreasethelikelihoodofgeneratinghigh-performingse-Φ
quences.Usingapolicygradientapproach[23,25],theobjectiveistomaximize:

J ( ) =Φ  Ee∼χΦ{S(e)|S(e) ≥Sν,Φ},

whereSν,Φisthe(1 −ν) × 100%-
quantileofthescoredistributionproducedbyχΦinabatch.Thisprioritizestop-
performingsequences.Gradientascentisusedto update

Φ ←  +Φ  η∇ΦJ ( )Φ .

CandidateOptimization(PolicyDeployment):AcandidatepoolP,with  a  fixed
capacity K,stores  the  highest-scoring  operator  sequences  discovered  during
thesearch.Additionaloptimizationisperformedforeachsequencee ∈P,usinga  first-
orderalgorithmoverT3iterationswithasmallerlearningrate.Thisreduces
theriskofmissingpromisingsolutionsduetolocalminimaencounteredinthe initialsearch.
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3.LearningEpidemiologicalDynamicsviaFEX

3.1.EpidemiologicalModels.Thedynamicsofanepidemiologicalsystemare 
governedby:

dx 
dt= f(x),

wherex ∈Rddenotesthestatevariables(e.g.,susceptible,infected,andrecovered 
populations),andf(x)encapsulatesthesystem’stemporalevolution.
To evaluate the effectiveness of the FEX method, we apply it to three commonly 
usedepidemiologicalmodels: 
(1)SIRModel:TheSIRmodel[10,16]dividesthetotalpopulationNinto three 
compartments:susceptible (S), infectious (I), and recovered (R).This model 
issuitablefordiseaseswithlong-termimmunitypost-recovery,suchasmeaslesor 
chickenpox.Thegoverningequationsare:

(3.1)

dS 
dt=µ(N−S) − SI N,β

dt= SIβ −(µ + γ)I,

dR 
dt= Iγ  −µR,

whereβ,γandµarethetransmission,recovery,andnaturaldeathrates,respec-tively.
(2)SEIRModel:TheSEIRmodel[1,16]extendstheSIRframeworkby

introducinganexposed(E)compartmenttoaccountforalatent,non-infectious
period.Additionally,vaccinationeffectsareincorporatedthrougha Sν term.The
dynamicsare:

(3.2)

dS 
dt=µ(N−S) − SIβ − S,ν

dE 
dt= SIβ

−(µ + σ)E,

dI 
dt= Eσ  −(µ + γ)I,

dR 
dt= Iγ  −µR + S,ν

whereσistherateofprogressionfromexposedtoinfectious,andνistherateof 
immunityacquisition.

(3)SEIRDModel:TheSEIRDmodel[3]furtherextendstheSEIRbyin-cluding a 
deceased (D) compartment to account for disease-induced mortality.The
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equationsare:

(3.3)

dS 
dt= − SI N,β
dE 
dt= SIβ

− E,σ

dI 
dt= Eσ  −(γ + δ)I,

dR 
dt= I,γ
dD 
dt= I,δ

whereδisthedisease-induceddeathrate. 
diseaseswithsignificantmortality.



Thismodeliscrucialforanalyzing

In all models, the variables are normalized such that their sum equals 1 (N= 1).

3.2.LearningEpidemiologicalDynamicsviaFEX.Givenhistoricaldata  {xs∆}M

s=0,wheresisthestepindex,Misthetotalnumberofsteps,and∆is
thetimestepsize,ourgoalistoconstructasurrogatemodelϕ(x)  : Rd→Rdthat
approximates the true dynamics f.This surrogate model ϕ(x) aims to replicate the
system’sbehaviorandpredictfuturestates.Letˆx(s+1)∆=Integrator( ,ϕ  xs∆, ∆)
denotethepredictedstate,wheretheintegratoradvancesthesystembyonetime
step∆,startingfromxs∆.Accuratereplicationrequiresˆx(s+1)∆≈x(s+1)∆,for  s = 0, ·  ·  ·,
M−1.
Training:Thesurrogatemodelistrainedbyminimizingthediscrepancybe-
tweenobserveddataandmodelpredictions.Theobjectivefunctionis

minϕL(ϕ) :=1 M M−1

∥x(s+1)∆−ˆx(s+1)∆∥2 2,X
s=0

whereϕbelongstoaspecifiedfunctionspace.Forneuralnetworks,ϕNN(x; θ)is 
parameterizedbyθ,andtheobjectivebecomes:

(3.4) minθ L(ϕNN(x; θ)).

ThisoptimizationcanbeperformedusingmethodssuchasAdamorBFGS.
Forecasting:Aftertraining,theoptimizedsurrogatemodel˜ϕpredictsfuture 

statesbeyondthetrainingperiodbyiterativelypropagatingthesystemforward.
StartingfromˆxM∆= xM∆,futurestatesarecomputedas:

ˆx(s+1)∆= Integrator(˜ ,ϕ  ˆxs∆, ∆), s ≥M.

In epidemiological applications, the trained surrogate model can forecast disease 
spread and evaluate intervention strategies, such as vaccination or social distancing.

FEX Methodology:FEX aims to approximate f(x) with a surrogate function:

ΦFEX(x) := [ϕ(1) FEX(x), ϕ(2) FEX(x), · · ·, ϕ(d) FEX(x)]⊤≈f(x),

whereϕ(i) FEX(x) : Rd→R1fori = 1, · · ·, d.
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Given historical data {xs∆}M s=0, with xs∆= [xs∆1, · · ·, xs∆d], the loss function for
eachcomponentis:

min e,θL(ϕ(i) FEX(x; e, θ)) :=1 M M−1

∥x(s+1)∆i −ˆx(s+1
)∆i

∥2 2,X
s=0

whereˆx(s+1)∆i ispredictedwiththesurrogatemodelstartingfromx(s+1)∆.
UsinganEulerscheme,thelossfunctionforϕ(i) FEX(x)becomes:

(3.5
)

L(ϕ(i

) 

FEX(

x; 

e, 

θ)) :

=1 

M

M−1

∥x(s+1)∆i −xs∆i −ϕ(i) FEX(xs∆)∆∥2 2.X
s=0

Thislossfunctionallowsindependentlearningofeachcomponentofthedynamics 
usingtheRL-basedoptimizationapproachdetailedinSection2.

4.Numericalresults

Inthissection,wedemonstratetheeffectivenessoftheFEXmethodinlearning 
epidemiologicaldynamicsusingbothsyntheticandreal-worlddata.

4.1.SyntheticEpidemiologicalData.Syntheticdataisgeneratedbasedon
theSIR(3.1),SEIR(3.2),andSEIRD(3.3)models.TheperformanceoftheFEX
methodisevaluatedagainstneuralnetwork-basedapproaches,specificallytheNN  and
RNN methods [8, 17, 30].The NN method uses a neural network as a surrogate
toapproximatethedynamics,whiletheRNNmethodleveragesarecurrentneural
networkformodelingtime-seriesdata.Modelperformanceisquantifiedusingthe  mean
squared  error  (MSE)  at  each  time  step,  calculated  between  the  predicted  and
truetrajectoriesgeneratedfromvaryinginitialconditions.

DataGeneration:TheparametervaluesintheSIRmodel(3.1),theSEIR
model(3.2),andtheSEIRDmodel(3.3)aresetas:β=0.9,γ=0.2,µ=0.3,σ1=0.6(forSE
IR),σ2=0.5(forSEIRD),ν=0.2andδ=0.05.Dataforthe
threemodelsisgeneratedusingEuler’smethod.Foreachmodel,200simulated
trajectoriesaregenerated,eachcontainingM=250timestepswithatimestep
sizeof∆=0.2.Thesetrajectoriesaredividedevenlyintotrainingandtesting
datasets.Initialconditionsforeachtrajectoryaresampledfromauniformdistri-
butionU(0, 1).
TrainingProcedures: 
TheFEXmethod:Twotypesoftreestructuresareconsidered(seeFigure 
3).Type1consistsofthreelayerswithonebinaryoperatorandthreeunaryop-
erators,whileType2alsohasthreelayersbutincludestwobinaryoperatorsand 
threeunaryoperators.Type2isusedtoapproximatedifferentialequationswith 
nonlinearterms,whileType1isemployedtoapproximatedifferentialequations 
withoutnonlineartermsaimingtoachievethedesiredformwithfewertraining 
iterations.TheFEXmodelistrainedfor100epochswithabatchsizeof10.A greedy search 



strategy [6, 20, 32] with a probability of 0.1 is adopted, and the learn-ing rate for 
optimizing the controller is set to 0.002.The candidate unary operators include 0, 1,
x, x2, x3, x4, sin(x), cos(x), exp(x), while the candidate binary operators are+, −, 
×.Euler’smethodisappliedastheintegratorinthelossfunction(3.5).

TheNNmethod:FortheNNmethodasdescribedin(3.4),anetworkwith
threelinearlayersandtwoReLUactivationlayersisemployed.TheNNmodel
istrainedusingtheAdamoptimizerwithalearningrateof0.001for100epochs
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Figure3.IllustrationoftwotreestructuresusedintheFEX 
implementation.

andabatchsizeof32.Euler’smethod[4,28]isusedastheintegratorintheloss 
function(3.5).

The RNN method:The RNN model consists of two Long Short-Term Memory
(LSTM)layersandalinearoutputlayerforpredictingtime-seriesdataofthe
variablesintheepidemiologicalmodels.TheinputtotheRNNmodelcomprises
thevariablesfromthetrainingdataset,wheretheinputdimensioncorresponds
tothenumberofvariablesinthespecificepidemiologymodel(e.g.,3forSIR,4
forSEIR,and5forSEIRD).EachLSTMlayerhasahiddensizeof51,andthe
finallinearlayermapsthe51-dimensionalhiddenstatetoanoutputdimension
matchingthenumberofvariablesinthecorrespondingmodel.Atthebeginningof
eachforwardpass,thehiddenandcellstatesofbothLSTMlayersareinitialized
tozerotensors.Themodelistrainedusingthelimited-memoryBFGS(LBFGS)
optimizerwiththeMSElossfunction.

Testing:Afteridentifyingtheexpressionsthatbestfitthetrainingdata,pre-
dictedtrajectoriesaregeneratedbyapplyingEuler’smethodtotheinitialstateof
eachtestingtrajectory.ThetestingMSEiscalculatedbycomparingthepredicted
trajectorieswiththeactualtestingdata.
NumericalResults:Figure4presentsthetestingMSEovertime,comparing 
theperformanceofFEXwiththeNNandRNNmethodsontheSIR,SEIR,and 
SEIRDmodels,respectively.TheresultsshowthattheFEXmethodachievesthe smallest 
MSE on the order of 10−8∼10−7, significantly outperforming the NN and 
RNNmodels,whichexhibitMSEsontheorderof10−4∼10−2and10−6∼10−5, respectively.

Additionally,theFEXmethodmaintainsconsistentlysmallerrors 
overtime,whereastheerrortrajectoriespredictedbytheNNmethodincrease 
astimeprogresses.Thesefindingshighlightthesuperiorpredictiveaccuracyand 
robustnessoftheFEXmethod.

4.2.Real-WorldEpidemiologicalData.TovalidatetheFEXmethodonreal-
worlddata,weusethepubliclyavailableCOVID-19datasetfromOurWorldin 
Data[14],whichaggregatesdetailedglobalcaserecordsfromtheJohnsHop-
kinsUniversityCOVID-19DataRepository. WecomparetheFEXmethodto 
theFractional-OrderSEIQRDPmodel[2],awell-regardedapproachformodeling 
COVID-19 dynamics using fractional-order derivatives to capture complex epidemic
patterns.
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(a)SIR (b)SEIR

(c)SEIRD

Figure 4.Comparison of MSE over time for three methods (FEX,
RNN,NN)on(a)SIRmodel,(b)SEIRmodel,and(c)SEIRD
modelover250timesteps.

COVID-19,causedbythehighlytransmissibleSARS-CoV-2virus,emergedin
late2019andrapidlyescalatedintoaglobalpandemic.Understandingitstrans-
missiondynamics,influencedbyinteractionsamongsusceptible,exposed,infected,
andrecoveredindividuals,isessentialfordevisingpublichealthinterventions.By
applyingFEXtoreal-worldCOVID-19data,wedemonstrateitseffectivenessand
interpretabilitycomparedtoestablishedmethods.

Data Acquisition:We analyze daily COVID-19 data from Hubei, China, focus-
ingonactivecases(Q),deceasedcases(D),andrecoveredcases(R).Thedataset
spans1,147daysandispubliclyaccessiblein[2].Forthisstudy,weusedatafrom
thefirst100days(January22toApril30,2020),asvaluesstabilizebeyondthis
period.Thedatasetissplitintotraining(first85days)andtesting(remaining15
days)subsets.

Training:UsingtheFEXframework,wemodelCOVID-19dynamicswitha  Type  2
tree structure (Figure 3).Training is conducted over 100 epochs with a batch size
of 10, employing a greedy search strategy with a 0.1 exploration probability and
acontrollerlearningrateof0.002.Forcomparison,thefractional-orderSEIQRDP
methodisimplementedusingtheMATLABcodeprovidedin[2].Bothmethods
aretrainedonthefirst85daysofdataandevaluatedonthesubsequent15days.
Testing:ToassesstheFEXmodel’sperformance,weusetheone-stepEuler 
method[4]tosimulatebothtrainingandpredictiontrajectories:
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•TrainingTrajectory(t=0tot=84):Startingwiththegroundtruth
att=0,themodelcomputessubsequentvaluesusingtheone-stepEuler
methodandgroundtruthinputsfromtheprevioustimestep.

•Prediction  Trajectory  (t =  85  to t =  99):At t =  85,  predictions  are
initiated  usingtheone-stepEulermethodandthegroundtruthfromt=84.For
latersteps,predictionsaregeneratediterativelyusingoutputsfromthe
previoustimestepasinputs.

This approach evaluates the FEX method’s ability to generalize beyond the training
phasetounseendata.

NumericalResults:The FEX method identifies the governing dynamics of R,
D,andQduringthetrainingphase,effectivelycapturinginteractionsamongthese
criticalepidemiologicalvariables.Thelearnedequationsare:

dR 
dt=

·

−0.9030R3+ 
2.4025D3−0.0262Q3+
0.0311

,−0.1840R3−0.0432D3

−2.5147Q3−0.0181

· 0.1919 sin(R) +
0.1812 sin(D) +

0.7006 sin(Q) −0.7283

dD 
dt= (−1.5383eR + 1.3790eD −0.0797eQ −0.9186)
· (−0.4292R + 0.9682D −0.2423Q −0.2602)

· (−0.8972R + 1.4067D −0.2637Q + 0.0054),

dQ 
dt=

·

1.6211 sin(R) −2.1673 sin(D) + 0.6259 sin(Q) 
−0.0008
4.3940R3+ 1.6576D3+ 0.5903Q3−0.6928

· 0.1196R2−3.7194D2+
1.7070Q2+ 1.7746

.

Figure5comparesFEXandtheSEIQRDPmethod[2]onQ,D,andR.During
training,FEXachievessuperiordatafitting.Inthepredictionphase,FEXclosely  aligns
with  observed  data,  demonstrating  robust  generalization.Furthermore,  FEX
usesonlythreeinputvariables(Q,R,andD)toderivegoverningequations,while
theSEIQRDPmethodrequiresfive(E,I,Q,R,andD)ingeneral,withassump-tionsE=
IandI= Q + R + Dforcurrentdata.ThishighlightsFEX’ssimplicity
andefficiencyinmodelingcomplexepidemiologicaldynamics.

5.ConclusionsandFutureWork

This paper introduces the Finite Expression Method for learning epidemiological
dynamicsdirectlyfromdata.TheeffectivenessofFEXisdemonstratedthrough
extensiveexperimentsonbothsyntheticdatasets—generatedfromSIR,SEIR,and
SEIRDmodels—andreal-worldCOVID-19data.TheresultsshowthatFEXnot
onlyachieveshighaccuracyinmodelingdynamicsbutalsoproducesinterpretable
mathematical expressions that approximate the underlying relationships.These ex-



pressions provide valuable insights into the interactions among different population
groupsinepidemiologicaldata,enablingadeeperunderstandingofdiseasespread.
Despite its promising results, FEX faces several challenges when applied to learn-
ingepidemiologicaldynamics:
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(a)Active (b)Deceased

(c)Recovered

Figure5.ComparisonofactualandpredictedCOVID-19cases 
usingtheFEXandSEIQRDPmethods:(a)activecases(Q),(b) 
deceasedcases(D),and(c)recoveredcases(R). FEXdemon-strates 
superior data fitting during the training phase and accurate 
predictionsinthetestingphase,comparedtoSEIQRDP.

•ComputationalCost:Theprimarycomputationalburdenstemsfrom
thesearchprocess.Specifically,evaluatingthescoreofeachcandidateop-
eratorsequencerequiresperformingoptimizationfromscratch,whichis
computationallyintensive.Thiscomplexitycanbemitigatedusingparal-
lelizationtechniquestoacceleratethesearchprocess.

•NonuniquenessofSolutions:FEXmaygeneratemultiplevalidfinite
expressionsforthesamedataset.Whilethesesolutionscanstillbemean-
ingful,thelackofuniquenesscomplicatesinterpretabilityandmaypose
challengesfordrawingdefinitiveconclusions.Addressingthisissuecould
involve  incorporating  improved regularization  techniques  and increasing
the  size  and  diversity  of  training  data  to  enhance  the  consistency  and
reliability ofthegeneratedsolutions.

Futureworkwillfocusonaddressingthesechallenges,includingthedevel-
opmentofmoreefficientsearchalgorithmsandtechniquestopromotesolution
uniqueness.Theseadvancementsaimtoenhancetheutilityandrobustnessofthe
FEXmethodinpracticalepidemiologicalapplications.
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