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ABSTRACT

We presenanewcodeandapproachJERALD—JAX EnhancedResolutionApproximateLagrangiarDynamics—, thatimproveson
andextendghe LagrangiarDeepLearningmethodof Dai & Seljak(2021), producinghigh-resolutiordark matter,stellarmass
andneutralhydrogenmapsfrom lower-resolutiorapproximateN -body simulations.The modelis trainedusingthe Sherwood-
Relics simulationsuite (for a fixed cosmology),specificallydesignedor the intergalacticmediumandthe neutralhydrogen
distributionin the cosmicweb. The outputis testedin the redshiftrangefrom z = 5 to z = 0 andthe generalizatiorproperties
of the learnedmappingis demonstratediERALD producesamapswith dark matter,stellarand neutralhydrogenpowerspectra
in excellentagreementvith full-hydrodynamicalsimulationswith 8x higherresolution,at large andintermediatescales;in
particularJERALD's neutralhydrogenpowerspectraagreewith their higher-resolutioriull-hydrodynamicalkounterpartsvithin
90 percentupto k ~ 14 Mpc~t andwithin 70 percentupto k ~ 104 Mpc 2. JERALD providesafast,accurateandphysically
motivatedapproachthatwe planto embedin a statisticalinferencepipeline,suchas Simulation-Basedinference to constrain
darkmatterpropertiesfrom large-to intermediate-scalstructureobservables.

Key words. methods: numerical- software: machine learning-galaxies: formation— (galaxies:) intergalactic medium-

(cosmology:)arge-scalestructureof Universe.

1 INTRODUCTION

Cosmologicalsimulationsare essentiakools for studyingthe uni-

verse, as modelling physical observabless necessanto extract
the maximumamountof informationfrom currentand future sky
suneys such as DESI (Dark Energy Spectroscopicinstrument,
DESI Collaboration2016), Euclid (Amendola2018, SKA (Square
Kilometre Array, SWG 2020, and LSST (Large Synoptic Suney

Telescopelvezit etal. 2019. Thesesurveyswill probevastvolumes
of thesky overabroadfrequencyspectrumgatheringlatafor agreat
variety of phenomenand observablesuch as galaxy clustering,
weak lensing, supernovagype la, 21-cm radiation,and the Ly «

forestwith unprecedentedesolution.As an example,Euclid will

cover morethana third of the sky in its 6-yr mission,with angular
resolutionsup to few tenthsof arcsecondswhile LSST, in 10 yr,

will study over 40 per cent of the sky with similar resolution.
Suchimpressivenumberswill allow to investigatethe universeover
very small scaleswhich offer a multitude of avenuedor scientific
research.For example, small-scale(putative) problemsyet to be
solvedsuchasthecore/cusgproblem(Flores& Primack1994 Moore

* E-mail: r.trotta@imperial.ac.uk

1994 andthe missingsatelliteproblem(Klypin etal. 1999 Moore
et al. 1999 challengeour currentunderstandingf the processof
structuréformation,andwhile solutionamayexistwithin theLambda
colddarkmatter( ACDM) paradigmthesenconsistenciesonstitute
strongdriversfor researclbeyondthe standarccosmologicamodel
(Bullock & Boylan-Kolchin2017).

Yet, the exciting opportunitiesthat thesesurveysoffer posea
major problem: on scales < 12~ Mpc and particularly at late
times, perturbationdecomehighly non-inear thusrequiring high-
resolutionsimulationgo bemodelledaccuratelyThemostadvanced
simulations,called full-hydrodynamicalsimulationsowing to their
treatmenbf baryonsasfluids,arecapablef trackingtheevolutionof
severabillions of darkmattentDM) andbaryonicparticlesor several
billions of years,modellingmany of the physicalphenomenahat
governtheirdynamicson awide rangeof scalegBoltonetal. 2016
Pillepichetal. 2017 Villaescusa-Navarretal. 2021; Puchweiretal.
2022; nonetheless,theyarecomputationallyextremelyexpensiwe,
often requiring millions of CPU hours(Bolton et al. 2016 Nelson
etal.2017). Oneof themajorculpritsfor theenormougomputational
costof numericakimulationds baryonicmatteritself, sincebaryons
arecharacterizetly avastrangeof physicalprocessethatneedo be
implementedn orderto accurateldescribeheirinteractionsOnthe
contrary DM is relativelyinexpensiveo simulateasit only interacts
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throughgravity, which can either be solved approximatelywith a
computationalkcomplexity of O(N logN) for N particles(Tassev,
Zaldarriaga& Eisenstein2013 Fenget al. 2016 or even fully.
Thereforesincegravityis thedominanitcomponenbverlargescales,
where baryonstrace the evolution of DM, one possibleapproach
for mitigating the greatcomputationatostof full-hydrodynamical
simulationsconsistdn runningeitherfull or approximateDM-only
(N-body) simulations,and then populatingthem with baryonsor
extractingbaryonicpropertiesn a post-processingtep.

Many differentapproachesavebeenproposedn this direction:
semi-analyticalmethods(Davis et al. 1985 Berlind & Weinberg
2002 Springeletal. 2005 Baugh20086 Crotonetal. 2016 Behroozi
et al. 2019, including abundancematchingtechniquegBehroozi,
Conroy & Wechsler201Q Moster et al. 2010 Moster, Naab &
White 2012, are usedto reproducegalaxy and halo properties,
while in recentyearsmachinelearning (ML)-basedmethodshave
flourishedjncludinge.g.supportvectormachinesk —nearesheigh-
bour algorithmsor tree-basednethods(Xu et al. 2013 Kamdar,
Turk & Brunner 2015 2016 Agarwal, Dave & Bassett2018.
Other authorstreat the problem of painting baryonson DM-only
simulationsas an image-to-imageor an image generationtask,
dewelopingpixel-basednethodso mapDM distributiongto different
baryonic observableaising convolutionalneural networks(Zhang
et al. 2019 Bernardiniet al. 2021, Chadayammuriet al. 2023
Wadekaret al. 2023, sometimesin conjunctionwith variational
diffusion models(VDMs; Tanner2024), or using variationalauto-
encodergVVAES) andgenerativeadversariahetworks(Trosteret al.
2019 aswell asscore-basecthodels(Bourdinetal. 2024).

In this work, we follow anotherapproachwhich is well-suited
for problemswith relatively simplelarge-scalghysicsbut complex
small-scaleeffectsthat canbe approximatelymodelledusingan ef-
fectivetheoryframework,andit consistsn rewritingtheLagrangian
describinghesystemin awaythatexplicitly satisfieghesymmetries
of the problem,but parametrizedy a setof free parametersneant
to capturenon-perturbativesmall-scaleeffects.Contrarily to pixel-
basedapproaches- which treat DM and baryonsdistributionsas
imagesandthereforedo not exploit intrinsic physicalsymmetries-
this ‘Lagrangianapproachworksatthelevel of individual particles
or fluid elementsof simulationsby modelling their displacement
field throughan effective potential.

In the context of cosmologicalsimulations,this schemehas
a straightforwardapplicationin improving approximate N-body
simulationswherethelLagrangiarframeworkis usedto compensate
for the loss of power of the DM distribution at small scales
causedby the coarse-grainindn time and spacein thesetypesof
simulationg(Dai etal. 2020. By writing the effective potentialused
to displacethe particlesin a suitableform, this techniquepreserves
the translationalandrotationalsymmetrieswhile simply adjusting
the location of the particlesexplicitly satisfiesmassconservation.
In an approachthey called Lagrangian Deep Learning' (LDL),
Dai & Seljak (2021) proposeto extendthis ideato baryonsand
their properties Sincebaryonstracethe evolutionof DM on large
scalesaandthetwo distributionsdiffer mostly on smallscalesjn the
Lagrangianframeworkthe distributionof DM canbe thoughtof as
a large-scaldistribution of baryons,and the small-scalebaryonic

1This namewasmotivatedby the presencef multiple displacemeniayerin
theoriginalimplementationHowever, ‘deeplearning’asusuallyunderstood
in aML sensenvolvesa large numberof free learnableparametersywhich
is not the casehere;this is why we preferto referto our implementatiorin
termsof ‘approximatelagrangiardynamics’.
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physicscaninsteadbe directly modelledat the desiredredshiftby
displacingthe DM particlesreinterpretedsbaryonssuchthattheir
final densitymatcheghe one of a specificbaryontype from some
referencdull-hydrodynamicakimulation.Additionally, the authors
extendedthe modelto predictother baryonicobservablesuchas
thermalandkinetic Suryaev—Zeldwich signalsandX-ray emission.

Building onthisidea,in this paperwe presenta newcodeandan
improved approachunderthe nameof ‘Jax Enhanced-Resolution
ApproximatelLagrangiarDynamics’or JERALD, whichincreaseshe
computationaéfficiencyof LbL anddemonstratethegeneralization
propertieof themethodto othersimulationsuitesto higherredshift
andto themodellingof neutralhydrogen(H ).

This paperis organizedas follows. In Section2, we introduce
JERALDandtheimprovementst bringsoverLbL ; wealsoexplainhow
neutralhydrogenis modelledwithin our framework.In Section3,
we give detailsaboutthe implementationand the performanceof
the code.In Section4, we presentour validation results,as well
asgeneralizatiorio differentinitial conditions.Concludingremarks
andfuture perspectivearegivenin Section5.

2 THE MODEL

In this section,we describethe JERALD model by detailing our

new implementationof the original ideaby Dai & Seljak (20217),

and describingthe pipeline of the approach.In Section2.1, we

first explainhow the DM distributionsfrom approximateN-body
simulationsare improved, also to accountfor baryonicfeedback,
and how stellar massdistributionsare learned,while the caseof

neutral hydrogenis treatedseparatelyin Section2.2, asit poses
specificchallengeghatrequiretailoredsolutions.

2.1 Lagrangian approach and JERALD

This sectioncloselyfollows Dai & Seljak (2021 exceptfor small
changesLike LDL, JERALD takesasinput DM particlespositions,
moves them via one or more layers of Lagrangiandisplacement
(in this paper,we mostly use2), andfinally producesas outputa
densityfield via amass-assignmesthemeCloud-In-Cellor CIC),
optionallyapplyinga non-lineartransformatiorto the output.Given
aparticlei with positionr; = (r*, r{', r?) in comovingcoordinates,
alLagrangiardisplacemenlayeractsas

ri—r;+3(r), 1)

wherethe displacemenfield S(r) is modelledas the gradientof
an effective potential,the sourceof which, similarly to gravity, is a
simplepowerlaw of the normalizeddensity:

S=aV(Gf©) .,  fO)=@Q+8), )
wherewe omittedthe dependencenr for easeof notationand
148(r) = p(r)/ Y _ po(r:) €)

is the normalizeddensity,computedassumingthe samemassfor
eachparticle (which cancelsout whennormalizingby the average
density).In equation(2), « andy are free (learnable)parameters
andG is the Green'soperatorthe actionof which canbe explicitly
written as

éﬂmnz/GmWVWMMﬂ @

with G(r, r') = G(r — r’) becausef translationasymmetryBeing
a convolution, equation (4) has a straightforwardexpressionin

MNRAS 541, 166-178(2025)
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Fourierspaceas

FIG£@)]K) = GK) F@)K) . 5)

with G(k) = G(k) dueto rotationalsymmetry.

The explicit form of G(k) depend®n the targetquantity: when
modelling stellarmass,the Green’soperatoris parametrizedasin
LDL, in thefollowing way:

- Kb\ 2 k)2
Gam(k) =exp|— (=2 ) |exp|—( ) | k™", 6)
() oo ()]

where the first factor suppressesarge-scalegrowth for k < k!,
sincethe physicsto modelthroughan effective descriptionhappens
at small scaleswhile the secondterm mimics force softening.The
final powerlaw termis motivatedby the fact thatfixing o = 47 Gp
andy = lin equation(2), settingk” , = 0, kL, = co andvegm = —2
in equation(6) retrievesthe gravitationalpotential.Here, k% , k.
andvsy, areagainfree (learnable)parameters.

In the caseof DM, we employ an expressionfor the Green’s
functionwhichis slightly differentwith respecto LDL, aswe find it
worksbest:

~ K k
Gam(k) = exp {——} exp [—l—} kram . (7
k kgm

In practice,eachdisplacementayer is implementedas follows.
Given particle positionsr, a densityfield is producedvia CIC and
raisedto somepower (learnedand different betweendisplacement
layers),asindicatedin equation(2). The potentialin Fourierspace
is thencomputedasthe productof the DiscreteFourier Transform
(DFT) of this field andthe Green’sfunction parametrizedasedon
the quantityto model— i.e. asin equation(6) for stellar mass,or
asin equation(7) for DM. The gradientis calculatedusing the
finite difference method;since, in real space,a finite difference
approximationof a derivative canbe written asa convolution, this
simply translatesnto a multiplication by a filter in Fourier space.
Finally, the gradientof the potentialis transformedbackinto real
spaceandinterpolatedirom the grid pointsof the CIC meshto the
particlepositionsr, usinganinterpolationschemenalogouso CIC.

After the displacementayers,a density map poy is produced
againusing CIC. The final transformationappliedto po,: depends
on the target map type and is designedto capturethe physical
processethatcannotbe modelledsimply via mattertransportsuch
asstarformationfor a stellarmasstargetandionizationfor neutral

hydrogen.
For stellarmassthetransformatiorhasthe form:
Fsm(r) = ReLU(wsm(l + 5out(r))usm - bsm) , (8)

where Fqn(r) is the final value of stellar massat grid point (or
voxel) positionr, wsm, 1sm andbsy, arefree (learnableparameters,
Sout IS the overdensityassociatedo the density pot and ReLU is
the Rectified Linear Unit, definedas ReLU(x) = max(x, 0). This
transformatioris meantto selectregionsof high densitywherestar
formationoccurs.

In thecaseof DM, nofinal transformatioris applied,implying

Fam(r) = 1+ Soudr) . 9)
The free parametersf the modelare optimizedby matchingthe
outputfield F(r) to adistributionof the physicalquantityto bemod-
elled Fie(r), obtainedfrom a high-resolutionfull-hydrodynamical
referencesimulation. This is achievedby minimizing anL1 or L2
loss:
1
Ngrid

L= | OsF(r) = OsFerM)||” (10)
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where| - |7 isthepthnorm(p = 1, 2), Ngyiq isthenumberof voxels
in themapsF, Fr and 0, isan optionalsmoothingoperator(used
for the stellarmassmapsandH 1 atz = 5 only), definedin Fourier
spaceas

- k —n
O,(k) =1+ (W) ) (11)

wheren is a hyperparametethat determinesthe relative weight
betweerthelarge-scal@andsmall-scalenodesjntroducedo prevent
the modelfrom focusing predominantlyon the small scales.Note
that, importantly, for a sensiblevoxel-baseccomparisonthe target
full-hydrodynamicalandthe approximateN-body simulationsneed
to sharehesamanitial white noisemap.Thewaythisis achievedn
thiswork is detailedbelow.Similarly to theoriginalimplementation,
in the caseof DM, we usean L2 lossandno smoothing,while for
stellarmasswve useanlL1 lossandadifferentn for differentredshifts,
aswe shallexplainbelow.

2.2 Predicting neutral hydrogen

Going beyondDai & Seljak (2021), we now extendthe modelto
predict HI maps.In this case,the key challengeis represented
by galacticfeedback,a complexprocesswhoseimpacton the H1
distributionpropagatefrom smallscaleswhereit originatestolarge
scalesTherole of feedbackon the H | distributionis similar to that
ontheoverall gasdistribution:at small/intermediatscalesgalactic
winds are likely to push gas outside galaxiesin the low-density
intergalacticmedium (IGM), either with thermal or mechanical
feedbackwhile atsmallscalesharyonscancondensenddetermine
an increaseof power comparedto a simulationin which baryons
are absent(seee.g. van Daalen,McCarthy & Schaye2020. H1i
is expectedo follow, at leastto someextent,the gasdistribution,
providing an overall suppressiorof power at small/intermediate
scalesand increaseof power at very small scales(van Daalen
et al. 2011, Parimbelli, Viel & Sefusatti2019 Schneideret al.
2019; however, differently from other baryonic componentsthe
H1 distributionis also sensitiveto the local gastemperatureJVv
backgroundandradiativetransfereffectsfrom astrophysicasources
thationize the surroundingmedium,including patchyreionization
(Puchweiretal. 2022).

Furthermorethedynamicakangeof H 1 is muchgreateicompared
to that of, e.g. stellarmass,andit can stretchover sewral orders
of magnitude,from neutral fractions of 10~7 in filamentsup to
fully neutral gas inside galaxiesin self-shieldedregions at low
redshift(Villaescusa-Navarret al. 2018): for this reasondevising
an approximatemodel that can reproducethe H1 distribution in
its entire dynamicalrangeis a very challengingtask. None the
less, different parts of this rangecan be probedthroughdifferent
observablesin particular, the high-densityregions,found within
haloeg(i.e. atz = 0, with numberdensitiesabave ~ 107°cm= and
up to ~ 10-5cm3), are observablevia 21cm intensity mapping,
while thelow-to-intermediatelensitiesfoundin theIGM (atz = 0,
with H | numberdensityreachingdownto ~ 10-"cm=3 atz = 0),
arerelevantfor thestudyof theLy « forest.

In this work, we focus on the IGM; clearly, using the loss in
equation(10) to train JERALD on a referencesimulationthatmodels
the full dynamicalrangeof H1 without any pre-processingvould
resultin themodelfocusingsolely on the high-densityrange which
woulddominatetheloss.Since for thepurposeof modelingtheLy «
forest,we arenotinterestedn thehigh-densityregionsthis problem
canbecircumventedfor exampleby clippingtheH | densityabovea
giventhresholdn thereferencesimulation thusallowingthecosmic
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web to standout and be learned.Here, this stepis not necessary,
asthereferencesimulationautilized do notimplementself-shielding
(Boltonetal.2016. Thisresultsin theH I insidehaloeseinggreatly
underestimatedhis is anunrealisticscenarioputif onefocuseson
the IGM ratherthan the halos,implementingself-shieldingis not
strictly necessaryandthis is actually beneficialfor our purposeas
it reduceghe dynamicalrangeof H1. More generally,if the main
focusis the IGM, the featuresof the distributionone hasto model
dependntheprescriptiorusedo maskoutthehigh-densityregions:
the approachdescribedbelow is thereforewell-suitedfor reference
simulationswithoutself-shieldingwhile, for exampleclippedmaps
would requirea differenttreatment- we plan to explorethis in the
future.

In practiceto modelneutralhydrogenwe modify theoriginal LbL
approactin two ways.First,weintroduceanewtermin theeffective
potential:

S= oV (6P £0)) + «@V (G (P (bs) (12)

where of}) and a;) are free parameterspoth Green's operators
G(l) and G(Z) aredefinedasin equation(6) and haveseparatdree
parametersf,;, W and fan @ arepowerlawswith separatéreeexponents
asin equatlon(2), § is onceagainthe input particlesoverdensity
while Js is the stellaroverdensityassociatedo the distributions.
Thepurposeof thesecondermin equation(12) is to approximately
model the effect of galacticwinds. In order to predictH1 using
solelytheinput DM particlepositionsfor sy We usethe prediction
obtainedfrom JERALD asdescribedn the previoussectionandpre-
trainedseparatelyi.e. 1 + dsar = Fsm from equation(8).

Secondlywe replacethefinal transformatiorof equation(8) with
theexpression:

Fii(r) = ReLU(wy, (1 4 Sou(r)) " — D(r) — bn)) , (13)
whereD(r) is adepletiontermgivenby
D= ReLU(.B(l)él (L4 8sta) + 1) + .B(Z)f(s)(sstar) s (14)

whereg®, 8@, andy) arefreeparametersf® is onceagaina power
law asin equation(2) with adifferentfreeexponentind O, is afilter
definedin Fourierspaceas

kit k

0, (k) = exp {——} exp[ } K"+ €, (15)
with k', kI, v, and& learnableparametersHeuristically, the first
termin equation(14), which affectsthe H 1 distributionbothwhere
starsare presentandin their surroundingsis meantto capturethe
depletionof H 1 dueto processesuchasionization,while thesecond
is more local and it accountsfor the conversionbetweengasand
stars.

We train all parameterasdiscussedh the previoussection,using
anL1 loss(seeequationl0) aswe find it producegshebestresults.

A full pipeline of the JERALD approachto produceH| maps,
including the approximateN-body simulation and the stepsto
improve the DM distributionandto producethe stellarmassmap,is
illustratedin Fig. 1. All freeparameterin themodelfor DM, stellar
massandH | aresummarizedn Tablel.

3 CODE SPECIFICATIONS AND AVAILABILITY

The JERALD codeis written partly in PYTHON using JAX (Bradbury
et al. 2018 and partly in c++. The CIC paint and readout- i.e.
the algorithmsto computedensityfields from propertiesdefinedat
particle positionsand vice-versa— andthe DFTs are implemented

JERALD 169

ICs (z= 9) _

= T 2=0  mproved DM Stellar mass

myg 8

T|me evolution
(FastPM)

JERALD

Figure 1. Schematicof the JERALD pipeline: the FASTPM approximateN -
body solver startsfrom initial conditionsat redshiftz = 9 generatedising
2LPTandthen,thoughasmallnumberof leapfrogintegrationstepsproduces
afinal array of DM particle positionsat z = 5, z = 2 andz = 0, the cases
analysedn this work. Startingfrom thesepositions— here we illustratethe
caseof z = 0 — JERALD improves the DM distribution by optimizing the
free parameterof the displacementayerson the DM targetfrom a full-
hydrodynamicakimulation. Then, JERALD appliesadditionaldisplacement
layersto theimproved DM positions,andafinal transformatiorto producea
stellarmasdistribution,with parametersptimizedonthestellarmasgarget.
Finally, startingagainfrom the improved DM particlespositionsandusing
the pre-trainedstellarmassmap, JERALD producesa H1 mapby displacing
the particlesvia equation(12) and applyingthe transformationn equation
(13). Greylayersrepresenadditionalintermediatedisplacemeniayers.

in c++, the latter via MPI-enabledrrTw (Frigo 2005, and bound
to PYTHON via PYBIND11 (Jakob,Rhinelande& Moldovan2017).

In PYTHON, CIC paintandreadoutaswell asforwardandbackward
DFTs are definedas Jax primitives and equippedwith definitions
of vector-Jacobiaproducts> makingthemijittable andavailablefor

automaticdifferentiation.All methodsare parallelizedusingmpi —

in PYTHON, via MPI4JAX (Hafner& Vicentini 2021). Eachmpi rank
dealswith approximatelyi/ W of theparticlesand1l/W of thedensity
fields,whereW isthesizeof thempl communicatomakingthecode
scaleapproximatelyinverselyproportionalin time and constantin

memoryas W increasegseeFig. 2). For the 512 particlesand
512 meshpoints mapsdiscussedn this work, eachstepin the
optimization(evaluationof trainingandvalidationlossandtraining
lossgradient)takes~15-20s perdisplacementayerin onenodeof

theLeonardosupercomputein CINECA (32 CPUs).Thenumberof

optimizationstepsdepend®n the kind of referenceanapandonthe
optimizerparametersgenerally,at most500 stepsaresufficientfor

the validationlossto reachconvergenceandonetraining typically

takes~2-5 hr, dependingon the numberof displacementayers
(in this work, we usedat most 3). Evaluationof the mapswith a
pre-trainednodeltakes~10 s with the sameresources.

For a comparisonof speedand memoryusagewith the original
LDL codefrom Dai & Seljak (2021), in Fig. 2 we showtime per
optimizationstep(left) andresidentsetsize (right) for 20 training
stepsin the caseof a 512 voxels DM targetwith 512 particles
andonedisplacementayer (the numberof CPUsis alsothe sizeof
the MPI communicator). We observethat, while the scalinglaw
for the time per optimizationstepis approximatelythe same,the
proportionality coefficientfor JERALD is significantly smallerwith
respectto the one of LDL; nonethe less,the curvesfor the RSS
indicatethatJERALD is alsomorememoryefficientthanLbL.

The JERALD code, togetherwith installation requirementsand
instructions,is availableat https:/github.commaurorigoJERALD/
tree/main

2Foradefinitionandanapplicationto Jax, seehttps:/Hocs.jax.dewénlatest/
notebooks/autodiftookbook.html
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Table 1. JERALD parametergor DM, stellarmassandH | targets,at a givenredshift. N, is the numberof parameterén eachpartof the modeland N},"t the
total numberof parametersgor eachpredictedquantity, with Sgm, Ssm and Sy, beingthe numberof displacementayersusedfor DM, stellarmassandH
respectively(all setto 2 exceptfor Ssm = 3 atz = 5). N;jse“ is the total the numberof parametersisedin this work (exceptfor stellarmassat z = 5, where
Ngsed: 18(+10)). ForstellarmassandH 1, thetotal numberof parameterslsoincludes in bracketsthoseusedto improve the DM distribution(for both)and
to producethe stellarmassmap(for H1).

Quantity Equation Parameters N, Nt N,‘jsed
Displacement 2 adm, Ydm 2Sdm 5Sdm 10
Dark matter Green'sfunction ) ké’m, kém, Vdm 3Sdm
Transformation - - -
Displacement %)) asm, Ysm 28sm 5S8sm+ 3 (+5S5am) 13(+10)
Stellarmass Green'sfunction (6) Kb kL, vsm 3Ssm
Transformation 8) Wsm, Msm, Psm 3
Neutralhydrogen Displacement (12 aﬁ,ll), y,flll) 281, 105y, + 11 31(+10+ 13)
(+5Sdm + 58sm + 3)
2 2
h l'(—“)’l l‘gl) 1 28
Green'sfunction(s) (6) kﬁ,i ), v,ﬁi 35H)
h(2) ;12 2
) ki) )‘kH(I)‘ VI(-H 38H
Transformation (23 WH1, UH1s bHY 3
(14 pW, A 5 B 4
(19) ki' ki, v, & 4
o 60 observations(ii) asimplifiedstarformationcriterionwhich converts
% 80 5 into starparticlesall thegasparticleswhoseoverdensitiesarelarger
; Zg \ §5°’ than1000timesthemearnbaryondensityandwhosetemperatureare
§30 2 40| —— Average RSS (JERALD) below 1Q5 K. Thesesimulationsare supposedo offer an accurate
g 40 B Maximum RSS (JERALD) descriptionof the filamentarycosmicweb, and in particularLy o
£ £ 30 Average RSS (LDL) foreststatisticin agreemeniith observationglrsic etal. 2024). The
2 A Maximum RSS (LDL) e . . ) 1
o 230/ specificsimulationsusedherefeaturea box sizeof 80x~ Mpc and
9 2%\ jerad 2 1024 DM andgasparticles,with fiducial parameters2,, = 0.308,
£ LDL < 101 Q) = 0.692,2, = 0.0482,h = 0.678,05 = 0.829,andns = 0.961.
4 P T6 24 32 4 8 6 72 oy Input DM particlespositionsfor JERALD arecomputedusingthe

Number of CPUs Number of CPUs

Figure2. Time peroptimizationstep(left) andresidensetsize(RSS;right,
ameasureof memoryused)for JERALD andthe original LDL codefrom Dai
& Seljak (2021 on one nodeof the LeonardosupercomputeThe RSSis
givenby theslurmtool sacct , which maynot capturerapid memoryusage
spikes.Timesaregivenasaverage®ver 20 optimizationstepsin the caseof
512 particlesanda 512 voxelsDM targetmapand 1 displacementayer,
andtheRSSvaluesarethoseassociateavith the20 stepsThedashedinesin
the plot on the left indicatethe powerlaw o (Ncpud ~%7 for referenceThe
maximumRSSfor LDL is notvisible asit coincideswith theaverageRSS.

4 RESULTS

We now turn to evaluating JERALD's performance We first give

detailsaboutthe referencesimulationsandthe training procedure,
thenwe investigatethe quality of JERALD'S outputsagainsthe same
mapsusedfor training, andfinally we providea first assessmerdf

its generalizatiorcapabilitiesby applying the trainedmodelto an

approximateN-body simulationwith new initial conditions(ICs)

andcomparehe outputmapswith targetsthatwerenot seenduring

training.

4.1 Simulations and training

The referencemapsusedin the subsequensectionwere extracted
from the Sherwood-Relicsimulation suite (Bolton et al. 2016
Puchweinetal. 2022. This setof simulationsfollows the evolution
of DM, gasand starsin a periodic cosmologicalvolume, and the
key physicalingredientsare: (i) an evolving UV backgroundthat
returnsa thermalhistory for the IGM which is in agreementvith
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approximateN-body solverrFastPm (Fenget al. 2016; we generate
thelCsfor 5128 particlesatz = Qusing2LPTwitha(2 x 512 linear
densitymap,andrun10FasTPMstepauptothedesirededshiftvalues
(z =0, 2, 5). Crucially, theinitial white noisemapis generatedsing
a randomnumbergeneratorcompatiblewith the one usedfor the
target Sherwood-Relicssimulation (part of the N-GENIC code by
Springel(2009) andthe sameseed,aswell assameinitial power
spectrumandog (throughthe normalizationconstantof the power
spectrum).Startingfrom the FASTPM input, JERALD'S outputswere
computedusing the same512 particlesand a 512° meshfor all
fields,makingtheresolutionof theoutputmaps8x smallerthanthe
referencesimulation.

WeusetheAdamoptimizer(Kingma& Ba2017) with ascheduled
learningraterangingfrom 0.002to 0.04 after extensive experimen-
tationwith otheroptimizersandhyperparameterlodel parameters
areinitializedto arbitraryvaluesand,in thecode theyaremultiplied
by constantgo loosely guaranteghemto vary in the samerange
for amorestabletraining procedureSpecifically,all parameterare
expectedo beO(1) excepffor thecoefficientdn front of thepotential
terms(e.g.« in equation?), which aregenerallyof order10-2. Yet,
parametershatareinitially considerablyfar from the optimalones
maybeassociatedith verylargegradientsfor thisreasonyweadopt
atime-varyingscheduldor thelearningraten(i), increasingt during
trainingfollowing a softmaxschedule:

1(6) = (n(Neeg) — n(O))( 1) +1(0), (16)

e+ 1

wheregenerallyfor Nseptrainingsteps(0) ~ O(1073), n(Nstep) ~
0(107?), andz, ~ 100.
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Figure 3. DM overdensitystellarmassandneutralhydrogennumberdensitymaps,from top to bottom.Eachpair of mapscompareshe referencemapfrom
Sherwood-Relicgleft panel)with JERALD'S output(right panel),for z =5, z = 2, andz = 0 (left to right). Notice the differentrangein the colourmapsior
neutralhydrogenAll imageswereobtainedas10k~1 Mpc z-slicesof the full (80n~1Mpc)? simulationbox. All voxelsusedto producetheimageswerepart
of eitherthe validationor thetestset;theredrectanglesn thetop left pair of maps—omittedn the others—represetite testsub-box,andit extendsor thefull
lengthof the z-slice usedto producetheseimagesNotethatthe H | mapfor z = 0 wasnormalizedwith the averageof thereferencemap.

Thetraining/validation/tessetssplitting is choserasfollows: for
aMx M x M map,where M is the numberof voxels in each
direction,we usea (0.5M) x M x M boxfor training,a (0.43M) x
(0.43M) x (0.43M) boxfor testing.andtherestfor validation,which
correspondo approximately50 percentof the pixelsin theoriginal
mapfor training,42 percentfor validationand8 percentfor testing.

As shownin Tablel, all resultsincludedin the nextsectionsvere
obtainedusing two displacementiayers for eachtarget at each
redshift,exceptin thecaseof stellarmasdor z = 5, wherethreedis-
placementayerswereutilized. We adopteda unit n hyperparameter
for thesmoothingoperatoiin equation(11) in thecaseof stellarmass
atz =0andz = 2andH1 atz = 5, while for stellarmassatz = 5
n = 0.7 wasfoundto givethebestresult.In orderto bringall training
valuesto the samescale,of orderunity, all calculationsinvolving
stellar masswere performedin units of 10°°% 1M, while target
H1 numberdensitiesveredivided by aredshift-dependermtonstant.
For completenessye reportall the optimized parametersisedto
obtainthe resultsin the next sectionsin Appendix A (TablesAl—
A3). Note that optimizationsstartingfrom differentinitial guesses
for themodelparametersanleadto differentoptimizedvalues yet
with very similar performancesThisis discussedh furtherdetailin
AppendixB. Asthisindicateshepresencef similarlocalminima,or
non-trivial degeneraciem parametespaceassigninguncertainties
to the optimized parameterss not particularly informative, so we
refrainfrom doing so.

4.2 Evaluation of JERALD’S output maps

Fig. 3 showsslicesof DM overdensity,stellar massand neutral
hydrogennumber density maps obtainedusing JERALD from an
input approximateDM distributionfrom FASTPM at redshiftz = 0,
z =2 and z = 5, comparedwith the respectiveSherwood-Relics
referencesThe red squaresshow the testregion— i.e. the part of

FastPM only dark matter JERALD improved dark matter
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20% 20%
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y [h‘lMpc]
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Figure 4. Relatve differencebetweenz = 0 FASTPM only and JERALD'S

outputfor DM, stellarandneutralhydrogermaps Eachmapusedto compute
the relative differenceswas clipped below 0.5 times the averagemassof

the referencemap and smoothedwith a Gaussiarfilter with a radius of

200:~kpc. The plots showthe relative differenceaveragedver the entire
lengthof the 80k ~1 Mpc box alongthe z-direction.

the cubethat hasnot beenusedfor training nor validation.All the
voxelsusedto producethe imagesin the figure wereeither part of
thevalidationor thetestsets.Thevisualagreemenis remarkable.
To evaluatemore quantitatvely the performance®f JERALD, in
Figs4 and5 we alsoshowtherelativedifferencebetweerthe refer-
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Figure 5. Asin Fig. 4, but showingthe relativedifferenceonly for the test
set,averagedbverthe34.4h 1 Mpc of thetestsub-boxalongthez direction.

encemapsandJERALD'S outputs,both post-processeith two steps’
First,eachmapwasclippedbelow0.5 ¢;, whereg;, i = dm/snVH 1,
aretheaverage®f thereferenceéSherwood-Relic®M, stellarmass
or HI maps.This is becausewe expectmesh points with small
density/masso only bring minor contributionsto the quantitieswe
planto computeusingmapsproducedby JERALD. By construction,
the loss in equation(10) prioritizes matching mesh points with
large values;for this reasonmeshpointswith small values,being
very abundantmay producelargerelative differencesvhich would
dominateover the onesassociatedo the actualrangeof interest.
Indeed,in eachcase(DM, stellarmassandH 1), the clippedvalues
areabove 80 per centof the entire map, but the masscontribution
of the rest of the map is at least 10 times greater.The clipping
thresholdis choserarbitrarily andit relieson the knowledgeof the
average®f thereferencanapseg;, i = dm/sm/H| only to definea
valuethatis smallrelative to each map type; of coursewhenusing
JERALD on unseermaps theseaveragesvould not be availablenor
necessarySecondlyeachmapwassmoothedisinga Gaussiafilter
with aradiusof 200k ~*kpc, since,in view of usingthis approactto
modelreal data,we expectvery small scaledifferencesnot to lead
to significantmismatchesWe only illustratetherelativedifferences
for z = 0, as distributionsbecomeprogressivelymore non-linear
for lower redshiftsandthereforemore complicatedto model— the
relative differencemapsfor z = 2 andz = 5 display considerably
lessfeatureghantheonesllustratedhere Despitethehighresolution
andsmallsmoothingadiustherelativedifferencesarecharacterized
by only severaihotablefeatureswith mostof the mapslying below
20percent.Notethatthelocationsof the prominentfeaturegpresent
in themapsareapproximateljthe same.

To analysethe statisticsof JERALD'S outputs,we also compare
the power spectraof the mapswith the referenceonesin Figs 6—
8 for DM, stellarand neutralhydrogenoverdensitiesrespectiely.
Similarly to Dai & Seljak(2021), the powerspectraverecomputed

3We emphasiz¢hatthesetwo stepswereonly implementedvhencomputing
relative differencesfor all plots of eachindividual map,all power spectra
andall cross-correlatiooefficientgthe mapsusedarethe onesproducedy

JERALD, unprocessed.
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Figure6. DM powerspectrdtop)andcross-correlationoefficientgbottom)
for thereferencé&Sherwood-Relicsimulation(solid),theapproximateN-body
FASTPM simulation(dotted),andthe mapimproved by JERALD (dashed¥or

threedifferent redshifts.For z = 2 andz = 5, the improved power spectra
arealmostnotvisible, asthey overlapwith thereferenceones.

on the entire (801~ Mpc)® simulationbox, ratherthan on the test
subsebnly, in orderto capturethelargescalesaswell anddetermine
whetherthemodelaffectsthedistributionsatthosescalesIncluding

thetrainingdatain this analysismaybiastheresults thereforen the

next sectionwe will alsoanalysethe performanceof the approach
on unseenmaps.The bottom panelof Figs 6-8 showsthe cross-
correlationcoefficient,calculatedas

Prei(k) Pygraco(k)’

whereP.osdk) isthecrosgpowerspectrunmandPe(k) andP;era p(k)
arethe powerspectraof the Sherwood-Relicseferencesimulation
and JERALD, respectively. All power spectraand cross-correlation
coefficientswverecalculatedusingtheryLIANS libraries.In eachcase
and at eachredshift, the power spectraof the mapsproducedby
JERALD are in excellentagreementwith the referenceoneseven
up to highly non-linearscales.As expected the cross-correlation
coeficientsshawv thatthe agreemenbetweerthe mapsincreasess
redshiftincreasesNote that,in computingthe stellaroverdensities
andH | overdensityat z = 5, we usedthe averageof the reference
mapsratherthanthat of the mapsproducedby JERALD. This was
done becausehe introduction of the smoothingfilter of equation
(12) in the lossleadsto sharpmasspeaksbeing smearedut and,
as a consequencehe averageof the map producedby JERALD is
smallerthanthe oneof thereferencgthoughonly by a smallfactor
of ~5 percen). None the less, thesemasspeaksdo not bring
significantcontributiongo theoverall shapeof the powerspectraas
Figs 7 and8 highlight, andwe expectthemnot to poseproblemsin
applicationsof this method.

c(k) = (17

4.3 Generalization capabilities

Until now,wepresentedesultsevaluatednthesameeferencenaps
usedin thetrainingprocedureDespitethe fact thatonly 50 percent
of the voxels in eachmap are usedfor training and the model
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Figure 7. Stellar power spectra(top) and cross-correlationcoefficients
(bottom)for the referenceSherwood-Relicsimulation(solid) andthe map
producedusingJERALD (dashedpt threedifferentredshifts.

hasonly few parametersthe power spectraandrelative difference
plots reportedabose may still be affectedby overfitting; for this
reasonjn this sectionwe investigatethe performancef JERALD on
unseersimulations Specifically,we run a newfull-hydrodynamical
simulationusing the samecode as the one usedfor the reference
simulationof the previoussections,samebox and meshsizesand
samecosmologicabndastrophysicabarameterdyutadifferentseed
for the generatiorof the ICs. We thenrun FASTPM asin Section4.1
with the new ICs and apply JERALD with fixed parameterstrained
onthesimulationusedin the previoussections.

Fig. 9 showsDM overdensitystellarmassandneutralhydrogen
numbermensitymapsasin Fig. 3with thenewunseersimulation We
only reportthe z = 0 maps,asthey arethe mostdifficult to model.
Thevisualagreemenis goodalsoin this casewith mild discrepan-
ciesfor H1 in the centralband.In Fig. 10, we showthe associated
powerspectraandcross-correlationcoefficientsjncludingthez = 2
casefor completenessiVe comparethe new reference(solid) with
JERALD's output(dashed)and we observesimilar performanceas
whatwasobtainedonthereferencesimulationonwhich JERALD was
trained. This is a strongindication of the method’'sgeneralization
capabilities,which we plan to investigatein more detail in future
works, whenwe will also evaluatethe performancefor previously
unseensimulationswith different astrophysicaland cosmological
parameteraswell astransferabilityof resultsto differentsimulation
codes.

5 CONCLUSIONS

We presenteda new, improved implementationof a physically
motivated approachto reducingthe enormouscomputationalcost
of cosmologicalsimulationsin orderto obtain accurateDM and
baryonicmaps.Our code, JERALD (JAX EnhancedResolutionAp-
proximateLagrangianDynamics),builds on the LagrangianDeep
Learningmethodoriginally proposedby Dai & Seljak(2021), and
focusesn particularon producing,ontop of moreaccuratedDM and
stellarmaps high-fidelity neutralhydrogenmaps.
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Figure 8. Low-intermediatedensity neutralhydrogenpower spectra(top)
andcross-correlatiopoefficientgbottom)for thereference&Sherwood-Relics
simulation (solid) and the map producedusing JERALD (dashed).at three
different redshifts.For visualizationpurposesthe greencurves(z = 5) in
thetop panelwereoffsetby multiplying themby anarbitraryconstan{1.7),
otherwisetheywould overlapwith theorangeones(z = 2). Thecorrectscale
of thepowerspectraatz = 5 is thesameasfor 7 = 2.

We showedthat our improved implementationis capable of
producingmapsin excellentagreementin termsof power spectra
for DM, starsandH 1, with full-hydrodynamicalsimulations,up to
several: Mpc~2. The performance®f JERALD aremoreimpressive
at higherredshift(z > 2), wherenon-linearitiesarelessprominent:
in thisregime theagreementn termsof powerspectrajs above the
70 percentlevel all theway to very smallscalegk > 10k Mpc™).
Thisopenghedoorto investigatingijn quantitatie detail theimpact
onvery smallscalesof differentDM models.

JERALD was developedfrom scratch, with the aim of being
user-friendlyfully parallelandhighly computationallyefficient. Its
ultimategoalis not limited to producingbaryonicmaps:we aim at
exploiting this approachto study observableH I-relatedquantities
suchasthely « forestandthe 21cmintensity(Villaescusa-Navarro
et al. 2018. Thesetwo observablesre particularly important,as
neutralhydrogenis an excellentprobeof DM modelsbeyondcold
DM bothin emissionandabsorption(Caruccietal. 2015 IrSic etal.
2024 — analternativethat could in principle alleviatesomeof the
small-scaleinconsistencie®f the ACDM model: for example,a
lighter(‘warm’) DM particlecouldoffer thesolutionto thecore/cusp
problem,asthe main effect of its largervelocity is to ‘smearout’
structuresat small scalegBode, Ostriker& Turok 2001, Weinberg
etal. 2015. The quantitativestudyof suchmodelsfrom large-scale
structureand Ly « forest, as well as 21cm mapping,can benefit
from beingembeddedh aneuralnetwork-enabledimulation-based
inferencg(SBI) framework(e.g.Charnocklavaux& Wandelt2018
Alsing etal. 2019 Makinenetal. 2022 2025, full high-dimensional
likelihood evaluation(Seljaketal. 2017 Dai & Seljak2022 orfield-
level inference(e.g.Porquere®t al. 2021) approachesyhich have
beenshownto extracta greatdealmoreinformationfrom the data
thantraditionalhand-craftedummariesuchasthepowerspectrum.
Often,thebottlenecko thefull exploitationof suchtechniquediesin
thelimited amountof high-resolutiorsimulationson which to train

MNRAS 541, 166-178(2025)
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Figure 10. DM, stellarandneutralhydrogenpowerspectraatz = 0 andz = 2 for a targetsimulationwith box size (8011 Mpc)® andmeshsize 1024 with
differentinitial conditionswith respecto theoneon which JERALD's parametersveretrained,alongwith the resultsfrom JERALD.

theneuralmodels With JERALD, we haveintroduceda tool thatwill
enableusto takea major stepin futurework to enablesuchstudies.
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Table Al. OptimizedJERALD parametersor darkmatter,stellarmassandH 1, atz = 0.

Quantity Parameter Layerl Layer2 Output
Dark matter adm —0.06984 —0.05698 -
Ydm 0.6319 0.3526 -
Kk 0.01734 0.08013 -
Ky 0.6846 7.222 -
Vdm 1.046 -1.542 -
Stellarmass osm —0.003235 —0.008951 -
Ysm 0.4412 0.4832 -
Ko 1.24 1.247 -
KL, 8.286 8.015 -
Vsm 0.08315 —0.05298 -
Wsm - - 0.00498
Hsm - - 0.9032
bsm - - 0.04294
Neutralhydrogen a|(_|l|) —0.003331 —0.004195 -
ny 0.3914 0.4102 -
Kl 0.00001 0.00001 -
kD 7.529 6.701 -
v?_|1) 0.4313 0.8997 -
oz|(_‘25 0.001248 0.001384 -
yfﬁ5 0.1498 02117 -
Kl 3.307 3.813 -
K2 8.492 9.049 -
2 0.4263 0.681 -
WH - - 2.015
UHI - - 0.915
b - - 1.153
B - - 3.52
" - - -5.395
Kl - - 0.0
Kl - - 0.9679
vy - - 0.09137
£ - - 0.9635
@ - - —2.75
A - - 0.7099

Table A2. OptimizedJERALD parameter$or darkmatter,stellarmassandH 1, atz = 2.

Quantity Parameter Layerl Layer2 Output
Dark matter odm —0.02884 —0.02406 -
Ydm 0.9202 0.4641 -
Ko 0.0 0.7675 -
K, 0.7628 7.741 -
Vdm —0.616 ~1115 -
Stellarmass Usm —0.006641 0.001087 -
Yem 0.5129 0.4849 -
K 1.146 1.002 -
K 8.174 7.989 -
Vsm 0.04874 —0.009964 -
Wem - - 0.003047
Msm - - 0.9941
bem - - 0.01744
Neutralhydrogen o) —0.002289 —0.001464 -
yy 0.6629 0.8039 -
Kl 0.00001 0.00001 -
kD 7.645 7.191 -
vy 0.3326 -0.355 -
o —0.0000917 0.000499 -
y,§2|5 0.8708 0.1705 -
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Table A2 — continued
Quantity Parameter Layerl Layer2 Output
Kl 2.059 1.281 -
k@ 7.312 7.957 -
u?ﬁ —0.497 0.3425 -
WH) - - 1.011
LH) - - 0.7689
by, - - 0.02597
BO - - 0.04662
n - - 0.3443
Kl - - 0.0
Kl - - 8.394
vy - - -0.1218
- - 0.4362
@ - - —3.117
e - - 0.7483
Table A3. OptimizedJERALD parameter$or darkmatter,stellarmassandH1, atz = 5.
Quantity Parameter Layerl Layer2 Layer3 Output
Dark matter adm —0.01189 —0.04607 -
Ydm 1.278 0.3793 - -
KA 0.0 0.0 - -
K 0.6936 8.247 - -
Vm 0.7298 —0.9677 - -
Stellarmass sm 0.02964 —0.005002  —0.004058 -
Ysm 0.3977 0.8495 0.6279 -
ki 0.5802 1.694 1.202 -
KL, 7.723 8.645 8.099 -
Vsm —0.007005 0.1815 —-0.01354 -
Wsm - - - 0.01492
fsm - - - 1.154
bsm - - - 0.11
Neutralhydrogen o —0.0006665 —0.0006563 - -
y,f} 0.04334 0.05415 - -
K 0.00001 0.00001 - -
k’He,l) 7.847 7.845 - -
) —0.1794 -0.1825 - -
o —0.0007138  —0.0007894 - -
we) 0.08366 0.08671 - -
Kl 0.2034 0.12 - -
k2 6.914 6.693 - -
u?ﬁ 1.395 1.456 - -
W) - - - 117
UH) - - - 0.8938
by, - - - 0.3218
BY - - - 0.01011
n - - - 1.195
k! - - - 0.0
K - - - 6.444
vy - - - —0.1664
£ - - - —0.4002
BA@ - — — 12
e - - - 0.6996
APPENDIX B: PARAMETER DEGENERACIES due to the usageof a particle-mesh-basedimulatorand in time

dueto theintegrationschemeemployedby FASTPM, which requires
The numberof parametersisedin this work, specifiedin Table1,  additionaldegreesf freedom.Additionally, while semi-analytical
mayseenexcessiewhencompareavith semi-analyticahpproaches  modelsderive expressiondor different processesising a specific
(e.g.Barreraetal. 2023. Despitebeinga physics-basedpproach,  theoreticalmodel, the goal of JERALD is to producefields using
JERALD alsoneeddo correctfor effectsthatdo not necessariljhave amoregeneraleffective approachNonethe less, it is possiblethat
adirectphysicalinterpretationsuchasthe coarse-grainingn space  someparameter thecurrentmodelmayberedundantweobserved
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FigureB1. Left: trainingandvalidationlossedor two DM optimizationsasdiscussedn Section4, butwith a singledisplacementayer,for two differentsets
of initial parametersRight: Green’sfunctionat convergencéor thetwo setof initial parameters|lustratedin therangeof frequencie®f the associatednaps.
The dotson the top-left highlight the very few wavenumber$10) for which the two curvesdo not overlapat largescaleswhereaghereare> 3 x 10 values

of k abore ~ 5h Mpc~1 for which the curvesaresignificantlydifferent.
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FigureB2. Finalpowerspectrgtop),cross-correlationoefficientgmiddle)
andpowerspectrarelativedifference(bottom)for two DM optimizationsas
discussedh Sectiond, butwith asingledisplacemeniayer,for two different
setsof initial parametersThe curvesoverlapwithin afew percent.

that different combinationsof parameterganleadto very similar
lossesand performancen termsof summarystatistics,suggesting
thepresencef multiple similarminima(or aglobalminimumwhich
is ratherflat along somedegeneratelirections),which we may be
relatedto the chosenfunctionalforms for the displacementsr the
final transformationsandit is concevablethatdifferentexpressions

TableB1. Initial parameterandtheirvaluesatconvergencéor two different
optimizationsin the caseof DM discussedn Section4, but with a single
displacemenlayer.

Initial values At convergence
Setl Set2 Setl Set2
Qdm 0.001 0.002 0.06775 0.053
Ydm 0.5 0.8 0.61536 0.62374
K 1 0.5 0.58686 0.16695
kém 10 5 6.64337 2.37339
Vdm 0 0 —2.17048 —1.31428

with fewer parametersould remove possibledegeneraciesvhile
leadingto comparableperformanceFor example,consideringthe
displacementayersin the caseof DM, equations(2) and(7), we
observethat,whenusingonly onelayer, differentinitial parameters
canleadto very similar optimizedvaluesfor y4n, but differentones
for agm, kliy, kb @aNdvgm, althoughwith very similar behavioursof
Gam(k) in therangeof frequenciesssociatetb themaps(generally,
as one may expect,with greaterdifferencesat large frequencies
k > 5hMpc™?1). As anillustration of this observationjn Figs B1
and B2 we show the resultsof two optimizationsstarting from
different initial parametergreportedin Table B1) and converging
to different parameterqalso reportedin Table B1) for the DM
casediscussedn Section4, but with a single displacementayer.
Notice that, at convergenceboth training andvalidationlossesare
within ~ 1 percentbetweerthetwo setsof parametersandthe ygm
parametersf equation(2) arealsowithin ~ 1 percent

Employingmultiple displacemeniayersmaycomplicatethiseven
further.However, modifyingtheseunctionalformsandreducingthe
numberof parametergan heavily affect the optimization,e.g. by
leading more easily to local minima. We did test many different
functional forms — the onesreportedin this work are thosewhich
ledto thebestresultsin termsof agreemenin the powerspectrand
cross-correlatioroefficients.

This paperhasbeentypesetrom a TEX/IATEX file prepareddy theauthor.
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