
The Dark Quest Project 
for Large-Scale 
Structure Cosmology

Takahiro Nishimichi
(Kyoto Sangyo University)

The 11th KIAS Workshop on Cosmology and Structure Formation; Oct. 28th 2024 @ Hilton Gyeongju

References:

TN+ ApJ 884 (2019) 29

TN+ PRD 102 (2020) 123541

Kobayashi+ PRD 102 (2020) 063504

Kobayashi+ PRD 105 (2022) 083517

Miyatake+ PRD 106 (2022) 083519

Miyatake+ PRD 106 (2022) 083520

Miyatake+ PRD 108 (2023) 123517

Cuesta-Lazaro+ MNRAS 523 (2023) 3219

TN, Tanaka, Yoshikawa (to appear soon)

Tanaka, TN, Kobayashi (to appear soon)



Takahiro Nishimichi (Kyoto Sangyo 
Univ.)

Objectives
PLANCK201 SDSS III Gravit

Ingredient

✦ ~Initial state
✦ Photon temperature/

polarization
✦ Linear regime

✦ Linear theory

✦ Final state
✦ Galaxy number density/projected 

total matter density 
✦ Quasi-linear to nonlinear regime

✦ Perturbation theory
✦ N-body simulations for smaller 

scales?
✦ Consistent framework for various 

observables?

Tests of 
cosmological 
models

“Vanilla” ΛCDM  
fine?

Tensions?

Change 
Ωmh2

Computational cost, curse of dimensionality

(c) Wayne Hu

(c) Wayne Hu



Dark Quest Collaboration: T. Nishimichi (YITP, Kyoto U)
Galaxy sample 
characteristic (~10 numbers)

(4,096^3 numbers)

Cosmological Parameters (6 numbers)

Expensive!

(3 x 2,048^3 numbers) (~10^4 numbers) (~10^2 numbers)

The forward model

Mass map
Halo field Galaxy field

Initial condition 
generation

Summary statistics

Em
ulate!
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Dark Quest I.
✦ 20483-body sims @ 101 wCDM 

cosmologies by Gadget2 (Springel`05)
✦ “DarkEmulator” 2021 3/19 public release
✦2—4% accuracy for LRG-like galaxies

✦ Project Webpage
      https://darkquestcosmology.github.io/

✦ Maintained on GitHub
✦ Documentation: readthedocs

N of particles: 2,0483

Box size: 1 or 2 Gpc/h
Minimum halo mass: 1012 Msun/
h
100+1 cosmologies in 6D 

~100TB batabase in 

ωb = Ωbh2: ±5%
ωc = Ωch2: ±10%
ΩΛ: ±20%
ln(1010 As): ±20%

ns: ±5%
w: ±20%

TN+, ApJ 884 (2019) 29

https://darkquestcosmology.github.io/
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19,086 downloads (Oct 27)

Dark Quest I.
✦ 20483-body sims @ 101 wCDM 

cosmologies by Gadget2 (Springel`05)
✦ “DarkEmulator” 2021 3/19 public release
✦2—4% accuracy for LRG-like galaxies

✦ Project Webpage
      https://darkquestcosmology.github.io/

✦ Maintained on GitHub
✦ Documentation: readthedocs

TN+, ApJ 884 (2019) 29

https://darkquestcosmology.github.io/
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Quick summary 
of DarkEmulator

✦ “Sliced” Latin Hypercube design (Ba, Myers, 
Brenneman ‘15)
✦ 20 x 5 slices (training & validation set)

✦ Dimensionality reduction by weighted PCA
✦ ~10,000-D → ~10-D

✦ Each PC coefficient independently 
modeled by Gaussian Process regression

Halo stats
(~104 numbers)

Cosmolog
y
(6 numbers)

Emulate!
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~100 millisecs on laptop

ground truth draw from prior posterior mean

data (w/ optimization) (w/ optimization)
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matrix for the vector tN+1 ≡ (t1, . . . , tN+1)T. We define submatrices of CN+1

as follows:

CN+1 ≡







 CN







 k





[
kT

] [
κ
]




. (45.35)

The posterior distribution (45.34) is given by

P (tN+1 | tN ) ∝ exp
[
−1

2
[
tN tN+1

]
C−1

N+1

[
tN

tN+1

]]
. (45.36)

We can evaluate the mean and standard deviation of the posterior distribution
of tN+1 by brute-force inversion of CN+1. There is a more elegant expression
for the predictive distribution, however, which is useful whenever predictions
are to be made at a number of new points on the basis of the data set of size
N . We can write C−1

N+1 in terms of CN and C−1
N using the partitioned inverse

equations (Barnett, 1979):

C−1
N+1 =

[
M m
mT m

]
(45.37)

where

m =
(
κ− kTC−1

N k
)−1 (45.38)

m = −m C−1
N k (45.39)

M = C−1
N +

1
m

mmT . (45.40)

When we substitute this matrix into equation (45.36) we find

P (tN+1 | tN ) =
1
Z

exp

[
−(tN+1 − t̂N+1)2

2σ2
t̂N+1

]
(45.41)

where

t̂N+1 = kTC−1
N tN (45.42)

σ2
t̂N+1

= κ− kTC−1
N k. (45.43)

The predictive mean at the new point is given by t̂N+1 and σt̂N+1
defines the

error bars on this prediction. Notice that we do not need to invert CN+1 in
order to make predictions at x(N+1). Only CN needs to be inverted. Thus
Gaussian processes allow one to implement a model with a number of basis
functions H much larger than the number of data points N , with the com-
putational requirement being of order N 3, independent of H. [We’ll discuss
ways of reducing this cost later.]

The predictions produced by a Gaussian process depend entirely on the
covariance matrix C. We now discuss the sorts of covariance functions one
might choose to define C, and how we can automate the selection of the
covariance function in response to data.

45.4 Examples of covariance functions

The only constraint on our choice of covariance function is that it must gen-
erate a non-negative-definite covariance matrix for any set of points {xn}N

n=1.
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DarkEmulator vs Subaru HSC Y1
Internal consistency within HSC Comparison with other WL surveys

Emulator
Linear model

Miyatake+ PRD 106 
(2022) 083520

HSC (137 deg2)
DES (1,321 deg2)
KiDS (450 deg2)

HSC Y3
Miyatake+ PRD 108 (2023) 123517
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Redshift space
✦ GP works for multiple inputs, but not 

straightforward for multiple output problems
✦ The previous GP implementation was a bit ad 

hoc
✦ Choice of weights in PCA
✦ GP hyperparameter optimization not stable, 

required many trials with different initial guesses
✦ Neural networks can naturally handle these
✦ Shallow architectures (a few to several hidden 

layers) with many neurons are enough
✦ Autograd capability implemented w/ JAX

✦ Efficient optimization and inference

Redshift-space Clustering of halosP(k,µ): 620

Cosmology 
+ (time, 
mass)

Kobayashi, TN+, PRD 102 (2020) 063504

Cuesta-Lazaro+ MNRAS 523 (2023) 3219
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“Full shape” analysis w/ emulator
Kobayashi, TN+, 
PRD 105, 083517 
(2022)

Arizona —> Kyoto S. U.

See also
•D’Amico+ (1909.05271)
•Tröster+ (1909.11006)
for similar full shape 
analyses

ΛCDM assumed

Exactly the same data vector & similar priors
※ BOSS DR12 multipoles updated by Buetler & McDonald

arXiv:2106.06324

• Roughly consistent with 
EFT-based analyses

• No tension with Planck!



Dark Quest 2

DQ1 parameter 
range

Subaru HSC Y1 
(cosmic shear) 

constraints

New!!



Takahiro Nishimichi (Kyoto Sangyo 
Univ.)

GINKAKU (Gravitational INtegrator for Kinematical Analysis of darK 
Universe)

✦ New N-body code based on FDPS (framework for 
developing Particle Simulators; Iwasawa+`16, Namekata+`18) 
✦Long range: Particle-Mesh, based on GreeM 

(Ishiyama+`09,`12)
✦Short range: Barnes-Hut Tree (Barnes & Hut`86), w/ cutoff 

for “S2” shaped particles
✦Accelerated by SIMD (Phantom-GRAPE; Tanikawa+`12,13)

✦Massive ν implementation based on Linear Response 
(Ali-Haimoud & Bird`13)

✦ Excellent scaling on modern supercomputers
✦ Extensive convergence study and comparison

✦ Comparison with the “Code Comparison Project” by A. 
Schneider et al. 2016

銀閣
TN, Tanaka & Yoshikawa in prep.
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DarkEmulator2 pipeline TN, Tanaka, Yoshikawa to appear soon

Tanaka, TN, Kobayashi to appear soon

✦ Better generalization capability and 
update the resolution limit?

✦ Let’s make a full use of the flexibility of 
NN architecture
✦ Mixed-resolution simulation data

✦ Let the network learn the resolution 
dependence

✦ Linear P(k) as additional input
✦ Automatic hyper-param tuning with CMA-

ES (Covariance Matrix Adaptation Evolution 
Strategy)

✦ New simulation campaign is ongoing with 
a more efficient simulator “GINKAKU” Main part here



ML architecture auto optimization w/ CMA-ES

✦ Wide & slightly deeper network optimal after ~20 generations of evolution
✦ ~5 hidden layers with ~1000 neurons each
✦ Activation function: GeLU (Gaussian Error Linear Unit)
✦ Optimizer: Adam Takahiro Nishimichi (Kyoto Sangyo 

Univ.)

Covariance Matrix Adaptation 
Evolution Strategy 

Hansen & Ostermeier `96

Preliminary



✦ LR+MR vs MR testsets
✦ LR: 1000 cosmologies

✦ A small number of high resolution 
simulations very helpful

Early results: Matter power spectrum

k [h Mpc−1]

[P
/P

m
as

sl
es

s−
ν]

(k
)

Dashed: linear
Solid: nonlinear  fixedΩm

LR only + 25 MR + 50 MR

# of MR sims added

er
ro

r

Average RMSE

Preliminary

Takahiro Nishimichi (Kyoto Sangyo 
Univ.)



✦ Matter power spectrum really 
converged in the community?

✦ Comparison with 3 unnamed 
emulators at 500 random 
points within the mutual 
parameter coverage

✦ The difference with our 
emulator is correlated with 
some of the cosmological 
parameters

✦ Extension to halos to follow

Takahiro Nishimichi (Kyoto Sangyo 
U)

Early results

Public emulator A

Public emulator B

Public emulator C

DE2 evaluated for the MR setting

Preliminary
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Summary
✦ Emulator is a promising solution for “simulation-based 

inference”
✦ Efficient sampling + ML (or Bayes)
✦ The methodology itself is applicable to any summary statistics

✦ DarkEmulator is now in action!!
✦ 3x2pt analysis from HSC Y1/Y3 and SDSS BOSS
✦ Full-shape analysis on SDSS BOSS

✦ DQ2 ongoing
✦ New simulation code GINKAKU
✦ Make full use of the flexibility of neural net
✦ Nonlinear matter power spectrum really converged in the community? 
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Appendix
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Design of experiments
a) b) c)

d) e) f)

✦ Curse of 
dimensionality


✦ Filling up multi-D 
space is a nontrivial 
task


✦ Important properties

✦ Space-filling

✦ Projective properties

✦ Granularity
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Design of experiments
• Latine Hypercube Designs


• One and only one in every row and 

column


• Good projection properties


• Space-fillingness ensured by maximizing 

the minimum distance between the points


Divide into k segments/
dimension and sample k 
points instead of kn
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Design of experiments
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• Sliced LHD (Ba, Myers, Brenneman ’15)


• Each symbol forms an LHD

• All the points together form an LHD

• Space filling property ensured by 

minimizing a total cost function

a) b) c)

d) e) f)

Cost function for all the within the t-th 
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Regression→Gaussian Process
✦ Assume that the target function follows 

a multi-variate normal distribution

✦ Specify the mean (usually set to zero) 

and covariance function (parametrized)

✦ Optimize the parameters (controlling 

the typical amplitude and smoothness 
of the curve) to the available data


✦ Make predictions by considering the 
conditional probability given data


✦ GP acts as a prior

°2

0

2

O
ut

pu
t
f
(x

)

A exp[°r2/2æ2]

prior posterior
true

GP mean

data

prior posterior
true

GP mean

data

0.0 0.5 1.0

°2

0

2

A exp[°r2/2æ2] + B cos (2º r/P )]

0.0 0.5 1.0

Input x

true

GP mean

data

0.0 0.5 1.0 0.0 0.5 1.0

true

GP mean

data

Input x

O
ut

pu
t f
(x
)



Takahiro Nishimichi (Kyoto Sangyo 
Univ.)

Copyright Cambridge University Press 2003. On-screen viewing permitted. Printing not permitted. http://www.cambridge.org/0521642981
You can buy this book for 30 pounds or $50. See http://www.inference.phy.cam.ac.uk/mackay/itila/ for links.

45.4: Examples of covariance functions 543

matrix for the vector tN+1 ≡ (t1, . . . , tN+1)T. We define submatrices of CN+1

as follows:

CN+1 ≡
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The posterior distribution (45.34) is given by

P (tN+1 | tN ) ∝ exp
[
−1

2
[
tN tN+1

]
C−1

N+1

[
tN

tN+1

]]
. (45.36)

We can evaluate the mean and standard deviation of the posterior distribution
of tN+1 by brute-force inversion of CN+1. There is a more elegant expression
for the predictive distribution, however, which is useful whenever predictions
are to be made at a number of new points on the basis of the data set of size
N . We can write C−1

N+1 in terms of CN and C−1
N using the partitioned inverse

equations (Barnett, 1979):

C−1
N+1 =

[
M m
mT m

]
(45.37)

where

m =
(
κ− kTC−1

N k
)−1 (45.38)

m = −m C−1
N k (45.39)

M = C−1
N +

1
m

mmT . (45.40)

When we substitute this matrix into equation (45.36) we find

P (tN+1 | tN ) =
1
Z

exp

[
−(tN+1 − t̂N+1)2

2σ2
t̂N+1

]
(45.41)

where

t̂N+1 = kTC−1
N tN (45.42)

σ2
t̂N+1

= κ− kTC−1
N k. (45.43)

The predictive mean at the new point is given by t̂N+1 and σt̂N+1
defines the

error bars on this prediction. Notice that we do not need to invert CN+1 in
order to make predictions at x(N+1). Only CN needs to be inverted. Thus
Gaussian processes allow one to implement a model with a number of basis
functions H much larger than the number of data points N , with the com-
putational requirement being of order N 3, independent of H. [We’ll discuss
ways of reducing this cost later.]

The predictions produced by a Gaussian process depend entirely on the
covariance matrix C. We now discuss the sorts of covariance functions one
might choose to define C, and how we can automate the selection of the
covariance function in response to data.

45.4 Examples of covariance functions

The only constraint on our choice of covariance function is that it must gen-
erate a non-negative-definite covariance matrix for any set of points {xn}N

n=1.
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functions H much larger than the number of data points N , with the com-
putational requirement being of order N 3, independent of H. [We’ll discuss
ways of reducing this cost later.]

The predictions produced by a Gaussian process depend entirely on the
covariance matrix C. We now discuss the sorts of covariance functions one
might choose to define C, and how we can automate the selection of the
covariance function in response to data.

45.4 Examples of covariance functions

The only constraint on our choice of covariance function is that it must gen-
erate a non-negative-definite covariance matrix for any set of points {xn}N

n=1.

Everything is analytically calculable 
thanks to the Gaussian assumption

Conditional distribution given N data points

Expectation value and uncertainty
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Performance of DarkEmulator

Typical accuracy: 2 - 4%

Halo mass function Halo-matter cross CF Halo-halo auto CF
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DarkEmulator vs Subaru HSC Y1
✦ HSCxSDSS 2x2 pt (lensing + clustering) analysis
✦ Break the degeneracy between galaxy-halo connection and cosmology

HSC Y1:


• 4M galaxy shapes


• zs > 0.75


• 140 deg2 (~10% of final)

SDSS BOSS DR11:


• 0.3M galaxies w/ redshift


• 0.15 < zl < 0.7


• 8,300 deg2

Miyatake+ PRD 106 
(2022) 083520
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Redshift space

Training 

Validation 
Cosmology + (time, mass)

Redshift-space Clustering of halosP(k,µ): 620

Kobayashi, TN+, PRD 102, 063504

Feedforward Neural Network

9
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Validation studies for full-shape RSD
Kobayashi, TN, Takada, Miyatake arXiv:2110.06969
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Validation studies for full-shape RSD
Kobayashi, TN, Takada, Miyatake arXiv:2110.06969
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Tests for RSD emulator performance
Kobayashi, TN, Takada, Takahashi, Osato arXiv:2005.06122



Performance
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Mixed-resolution training data

Resolution (cost)
Super-resolution 
emulation

Brute-force, dense sampling (pilot 
simulations)

Optimized sampling 
based on the distance 
metric

Test with the best-
resolution simulations

Add extra 
samples based 
on performance 
evaluation

1000 models w/ N = 10243

100 models w/ N = 20483

40 models w/ N = 30003
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Comparison w/ public emulator A
Color coded by

Ωm

Mν

Public emulator A

Public emulator A

Preliminary
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Comparison w/ public emulator B
Color coded by

Ωm

Mν

w0

Public emulator B

Public emulator B

Public emulator B Preliminary
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Comparison w/ public emulator C
Color coded by

Ωm

Mν

w0

Public emulator C

Public emulator C

Public emulator C

Preliminary
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Linear emulator comparison
Color coded by

Ωm

Mν

Ωm

Public emulator E

Public emulator D

Public emulator D Total matter

CDM + baryon

Total matter Preliminary
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Speed of DarkEmulator II
✦ Total time to evaluate 500 cosmologies at 3 redshifts (i.e., 1500 curves)

Emulator Time [sec.]
DarkEmulator2 8.44

DarkEmulator2 (w/o P_lin 
emu)

over 5000
EuclidEmulator2 509.68

baccoemu 19.85
Mira-Titan Universe IV 1.56

PkANN 4.87
HMcode (Mead+16, 20) 612(LCDM), 

1747(kνw0wa CDM)

✦ Winner: Mira-Titan Universe 
IV

✦ Ours & baccoemu follow
✦ HMcode is slow just because 

it calls CAMB for the linear 
P(k) Preliminary


