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 What’s multi-fidelity emulation?

e Example 1: Matter power spectrum using DM only simulations
with different number of particles + box sizes

e Example 2: Lyman alpha 1D flux power using Astrid simulations
with different number of particles
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What's multi-fidelity emulation?
The trade-off between speed and accuracy

Inaccurate results but
cheap to run

High-Fidelity*

(e.g., N-body simulations
with many particles)

cosSl

Low-Fidelity

Accurate results but  REEEEEL YRR
_ with fewer particles) *Could be anything you
expensive 1o run think is high-fidelity

error

l[dea: Many LF + A few HF
= minimize the cost and maximize the accuracy.

lllustration credit: adapted from Perherstorfer et al (2018)
Survey of Multifidelity Methods in Uncertainty Propagation, Inference, 3
and Optimization
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University’s hiring
' Less-accurate results
High-Fidelity but inexpensive to hire

Professors

~‘

(CILa
Low-Fidelity !.‘_Lh_.h“l“.
A4 18 U -i-"

Accurate results but Grad Student
. . Researchers @ &rr GRAI GRA GRAD STUDENT
expensive to hire

error

l[dea: Many Grad Students + A few Professors
= minimize the cost and maximize the accuracy.

image credit: PHD comics
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Kennedy & O’Hagan (2000)

p({fur1, furef Ux) + o(x)

fur ()

Deep GP: fHF(ZU)
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Multi-fidelity emulators:
Transfer learn the the simulations from different resolutions + box sizes

--------------------------------------------

. Low-fidelity? .+ Low-fidelity: | + Low-fidelity 2
| 128 E 1 1288 11283
. 256 Mpc/h ! . 1 256 Mpc/h | i100 Mpc/h

---------------
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Righ-fidelity: . : High-fidelity:
5128 E : 5123
. 220 Mpelh 256 Mpc/h )
Deep GP: fur () = p(z, fur(z)) + d(). fur(z) = p({fur.1, fur2} Uz) + 6()
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* Parameters: () O, Oy, Ag, 1)
SF-3
e 50 Low-fidelity: space-filling | s e
strategy (Latin hypercube)

e 128°,256 Mpch™* 5
L] (Single-fidelity) emulator,
~A-fidoli 3 HF o
e 3 High-fidelity. a subset of low- | - 1204000 (Single-fidelity) eml:|1at13;:_

fidelity runs | ~ 440 node hours

e 512° 256 Mpch™*

10°  Multi-fidelity,
k(h/Mpc) 50 LF + 3 HF
 HF choices were optimized using ~140 node hours

LF suite as a prior

Ho, Bird, Shelton (2022) 7
mho026 @ ucr.edu CAMELS - 2022 13


http://ucr.edu

[12-60] L1 LF: 1283, 256 MpC/h

[12-60] L2

Error
(||Pred/Exact — 1||)

tNARGP: [12-60]L1-3
AR1: [12-60]L1-3HF
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MF: (1283, 5123)
256 Mpc/h

 MF approach economically achieves sub-percent error, outperforming traditional

single-fidelity emulator.

e (Graphical-GP bridges the information from different box sizes.
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e GP error roughly scales as a power law of the number of training points

e Each multi-fidelity node opens a new dimension to improve the emulator accuracy

Relative errors

versus number of design points 1%l '\,_'}E- CLLOI
Estimated: 3 HF

-- data: 3HF
Estimated: 12 HF
data: 12HF

=
o
&

e Suggested budget:

Relative Errors

=
o
N}

New dim: Increase LF

Relative Errors

_—
-5
~
~
~
~o----0--_

20 40 60 30

Number of LF

| 4 v

|fHF(9) — M fur (0)| X (p‘n;FE —|—n;§), 2 24

Number of LF Small error

* nur: number of HF simulations * Cur: cost of a HF simulation Sased on: Ji (2021)

e p: correlation between LF and HF g
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Lya forest Astrid simulations (30 Mpc/h
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POk e 5 e, Cag1

’

’ ,
VN

Fidelity
2563
30 Mpc/h

Sight Line Distance [Mpc/h]
e 32,000 simulated spectra per snapshot

e Lya flux power spectrum: Measure correlation between neutral hydrogen

within a slightline
mho026 @ ucr.edu CAMELS - 2022 Fernandez, Ho, Bird (2022)
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N g XX XK X KX X SHRIBMK X X 3K B X X X X BRX X KX x: LF
0.8 0.995 o- HF
A\, ~ X 0K X RBIX X BRI X BOK X IBHRY X IBHBE X 3K XK X X X X X
1.2e-09 2.6e-09
ZHel - X 30X B 3R X HK XK X BHRI X XA X X KX B KB XK X X HX
3.5 4.1
~ X B X X X IBX X BRI X X X K I X HBK X XK B X R
2.6 3.2
(0 ¢ X X XBIX SO X X BK X SR SR X BKX X X HBK X B HX
1.6 2.5
h - 8 XK X DO RHBRK IR XK X DK X X X X AR X BRI X MK
0.65 0.75
0 11 12 - X X K XK X X B B MBI X X X X X X SO B XK X
0.14 0.146
ZHT 53¢ X X BRI X B MK X X K XK X X X X X XK RIR MR
6.5 8.0
B H F 835K X X 30X X 30X X 30X X BKX X X X B X BHR) X X X KX

0.03 0.07

e 9 parameters (z =2 - 5.4), including reionization
parameters and black hole feedback

 Choice of HF optimized using LF suite as a prior
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40 LF + 6 HF

(|[Pred/Exact — 1|)

0.04 _ 600 800 1000 1200
Run time (node hours)

e MFEmulator with 40 LF + 6 HF has = 1% accuracy.

CAMELS - 2022 Fernandez, Ho, Bird (2022)
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o Multi-fidelity emulation economically uses simulations from different qualities
e Example 1: First application of MFEmulator to cosmology (DM only)

e Example 2: Application to Lya forest (Astrid) — currently running large-volume
production runs

e Possibilities in applying to CAMELS
 Help fill the parameter space of SB-28 using many more low-fidelity simulations

* Bridge the information from different box sizes at the emulation level

arXiv:2105.01081 | github.com/jibanCat/matter multi_fidelity emu
arxXiv:2207.06445 | github.com/mafern/MFEmulatorLyaData
Paper for Graphical GP is expected to be submitted later this year.

We thanks Yi Ji (Duke, Stat) and Simon Mak (Duke, Stat) for kindly providing the GMGP code in Python.
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What’s emulation?
Bayesian mference usmg simulations ‘.. e Side4

.................. | ; < f|g ures |

A 1. Simulation code R | M S LER bia as tt
3 cosmological simulation J
: parameters 0 at redshift z also em
: simulati
s Expensive o thiss |
E simulatit
i e An anal
: Change 0 t L:_S‘f_ su:nmar:/ ) Summary statistics
: Uba = 'Ci_ & mla dct (e.g., power spectrum,
: observational datd halo mass function) .
' Likelihood: P(data18) .-

15

image credit: wiki, cobaya
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What’s emulation?

mho026 @ ucr.edu

1.

cosmological
parameters 6

Iy
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Y
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IS
Yy

4
Y
..:

Simulation code 2.

simulation

at redshift z’

Expensive

Use summary
Jlatistics to match
observational data

Summary statistics
(e.g., power spectrum,
halo mass function)

Likelihood: P(data | 8) .-

......}

Sampling posterior P(8 | data) using Markov Chain Monte Carlo (MCMCQC)

MCMC using forward simulations: require ~108 simulations

image credit: wiki, cobaya
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What’s emulation?
Bayesian inference
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cosmological
parameters 6
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using simulations

2.

Simulation code : -
simulation

; at redshift z’

", Emulation

. Ve hine learni
.,‘mac ine learning)

Expensive

o,
N
‘e Ch
N ea
“as
o,

Use summary
Jlatistics to match
observational data

Summary statistics
(e.g., power spectrum,
halo mass function)

Likelihood: P(data | 8) .-

......}

Sampling posterior P(8 | data) using Markov Chain Monte Carlo (MCMCQC)

MCMC using forward simulations: require ~108 simulations

MCMC using emulation: require ~102 simulations

image credit: wiki, cobaya
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Reducing timg Of).exploring parameter

* Your Pl asks you to run 20 simulations before next meeting

e ... but you only have time to run 5 simulations.

Your Pl Asked you to run What you do

image credit: PHD comics
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Reducing timg Of).exploring parameter

* Your Pl asks you to run 20 simulations before next meeting

e ... but you only have time to run 5 simulations.

Your Pl Asked you to run What you do

e You guess

image credit: PHD comics
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It's your Bayesian prior/posterior Simulations
Emulation = i

Posterior predictions given Prior and Data

| |

Simulations you haven’t run A distribution over
smooth functions

Posterior Prediction with Uncertainty

Gaussian process prior: Smoothness features of y(x) before data are collected.

mho026 @ ucr.edu CAMELS - 2022
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What’s emulation?
Cosmic calibration

e Key ingredients for emulation:
e Surrogate modelling: interpolation e Better d

 Experimental design: space-filling e How do

p

Simulations
input 6 output y
(cosmologies) (summary statistics)
Outer-Loop
§App|ications ‘‘‘‘
s . e Uncertainty quantification

lllustration credit: Perherstorfer et al (2018) ) ¢ Infe rence : 18
Survey of Multifidelity Methods in Uncertainty Propagation, Inference, and Optimization _ E

mho026 @ ucr.edu CAMELS - 2022 * Optimization
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What's emulation?-Cesmic-calibration

Bayesian calibration for computer experiments
 Key ingredients for emuiation Bayesian modeling:

e Surrogate modelling: interpolatien Prior

e Experimental design: space-filing Data

Simulations

Emulation =
Posterior predictions given Prior and Data

| |

Simulations you haven’t run A distribution over
smooth functions

mho026 @ ucr.edu CAMELS - 2022
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Posterior Prediction with Uncertainty

e (Gaussian process prior. Smoothness features of y(x) before data
are collected.

e Bayesian approach: Choose a flexible prior allowing many shapes
of y(x), and let the Bayesian machinery to direct the details of the
predictions.”

image credit: wikipedia

* This Bayesian attitude is mentioned in Santner (2003), The Design and Analysis of Computer Experiments
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Parameters: (h, g, (2, Ag, 1)

Low-fidelity. space-filling stratec

(Latin hypercube)

e .128°% 256 Mpch™*

High-fidelity. a subset of low-

fidelity runs

* .512%, 256 Mpch™!

HF choices were optimized using

[ F simulations
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MF —— Non-linear MF: 1283
. Non-linear MF: 643

50 LOW F|de||ty_|_ —— Non-linear MF: 2563
e Someo
E upgrade the 64/
B low-fidelity accural
= W 1283 — 2563
e The po
design
budget
 The quality of LF simulations affects the accuracy of MF emulation accura_'
versatil
e Small scales emulation can be improved with a better quality of LF
simulation suite. @ Question: Can we use small box LF to
Improve emulation? 29
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* Number of particles is not the only fidelity variable,
boxsize is also a fidelity variable

e A smaller boxsize, better resolution at small scales

 We can combine both large box (L1) and small box e Did not |
(L2) information through a graphical model construction.

. L4: 1283, 256 Mpc/h

* L20128% 100 Mpc/h o A graphical GP (Ji et al., 2021) allows us to do so.
o H: 5123, 256 Mpc/h

Deep Graphical Multi-fidelity GP (dGMGP)
fur(z) = p({fLF,la fLF,2} Jx) + d(x)
K([z, fur), [2', fir)) = Kse(z, 2°) [Kuin(fue, fir) + Kse(fr, fir) + Kse(z, 2')

- Ksg : Squared-exponential kernel, guarantees smooth functions
K5 1n: Linear kernel, doing Bayesian linear regression

GMGP: Ji (2021) ”n

A graphical multi-fidelity Gaussian process model, with application to emulation of expensive computer simulations

mho026 @ ucr.edu CAMELS - 2022 13
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' Emulation-error rotighly 'scales ' ¢ Solve the Lagrangian multiplier
as a power law with a fixed budget gives you the
optimal design:

Estimated: 3 HF
data: 3HF
Estimated: 12 HF
data: 12HF

<
o
%)

0
—
)
—
(-
LL
v
2
i)
L
v
o

<
o
N}

e nur: number of HF simulations

% It B % 100 e Chr: cost of a HF simulation
Number of LF

v v

| frr (0) — My (0)] < (0 1pf + npg ),

* p: correlation between LF and
HF

Theoretical basis: Wendland (2004), Ji (2021)
mho026 @ ucr.edu CAMELS - 2022H0, Bird, Fernandez, Shelton (in prep)
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115 - 208 X X B X X X MBI X X X B X OB X XBX X KX
0'8 0.995
A -XHXOBKXIBX KX XBRXB@X X X xmxxxx X1 LF
1.2e-09 2.6e-09o. HF
2111 -X B XX B X BB X XK X X HX BB XX XX '
3.5 4.1
Z 11 - X XXX BIK X X KX K K X OB X KB X BB

2’6 39 High Fidelity

O g ~ X X X BRX XK X X BK X R XK R X BIX X FHX MK X @ 3K

1.6 2.5
h -2 & XK X XK RN B MK X I X X BK X XK X R X BKX
0.65 0.75

€ 2 X B8 X 3K XX X BRX R B MO X XBK X X X SO B XBK X
0.14 0.146

Z HE 5635 X XXBUR XX DO XX B XK X X X X X XEX QIR D
6.5 8.0

B H F -3 X X 30X X 3K X 38X X I X BX X R X MR X X X KX
0.03 0.07

e 9 parameters (z =2 - 5.4), including
reionization parameters and black hole
feedback

 The discrepancy between LF/HF appears
across scales (k), varies with redshifts

figure credit: Martin Fernandez
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What’s multi-fidelity?
Multi-fidelity: Wi e fip 2022) Multi-fidelity emulation

mho026 @ ucr.edu

...................................................................................................................................................................................

Experimental design:
optimal simulations within
prior volume, space-filling

(Low-fidelity)
Experimental design
e Looks

Optimize the design
llllllllll Illlllllllllllllll llllllllllllll. Heitma

: Extract quantity of interest: : . :iExtract quantity of interest:
: power spectrum : . =power spectrum, from both LF and HF
.lpl lllllll p- llllllllllllllllllll " E :Ipllllllllp llllllllllllllllllllllllllllll | ® nOt sur
Statistical modelling: Statistical modelling:
interpolation, Gaussian process Gaussian process, K&O method
Testing: calibrate -Testing
the emulator
Inference: 5 Inference:
input observations Ni:i}gvere A in this talk input observations 26
CAMELS - 2022 12
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« PREDICTED HIGH-FIDELITY s HIGH-FIDELITY o= LOW-FIDELITY

A /\v/‘

X
Figure 1: Limitations addressed and resolved jointly by our proposed MF-DGP architecture. Blue and red markers

denote low and high-fidelity observations respectively. Shaded regions indicate the 95% confidence interval.

Uncertainty quantification depends on kernel choice

fig: Cutajar et al. - 2019 - Deep Gaussian Processes for Multi-
fidelity Modeling

27
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