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• Gas-rich dwarf galaxies:
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Ultra-light
 dark photon

coupling

 - A new probe of alternatives 
   to cold dark matter (CDM)
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Initial  
conditions??
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Covariance from mock catalogs
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• Need to simulate mock surveys (~ thousands) 
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• As survey volume increases, mock catalogs become tougher to simulate 
(DESI, Rubin observatory)

• Dependence of covariance on cosmology and bias parameters is 
computationally prohibitive
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Covariance from mock catalogs

• Mocks suffer from sampling noise 
- Need to artificially inflate constraints
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Our analytic method

      Patchy Mocks 
(state-of-the-art mocks used for

 SDSS BOSS parameter estimation)

DW & Scoccimarro 19
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Our analytic method
(MINUTES)

Patchy Mocks (MONTHS)
(state-of-the-art mocks used for

 SDSS BOSS parameter estimation)
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Large sampling 
noise with  

2048 mocks

Mono X Quad

Mono X Hexa

Quad X Hexa

Mono X Quad

Mono X Hexa

Quad X Hexa

Diagonals Row of matrix
Cross-covariance
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Results:  BOSS DR12 full-shape analysis

DW, Ivanov & Scoccimarro, 2020a
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<latexit sha1_base64="nCR1EVHeYqaCYiHbb6mJZhqAn04=">AAAB6nicbZDLSgMxFIbP1Futt6pLN8EiuCozUqjdFd10WdFeoB1KJs20oUlmSDJCGfoIblwo4tYncufbmE4H8fZD4OM/53BO/iDmTBvX/XAKa+sbm1vF7dLO7t7+QfnwqKujRBHaIRGPVD/AmnImaccww2k/VhSLgNNeMLte1nv3VGkWyTszj6kv8ESykBFsrHXbGrmjcsWtupnQX/ByqECu9qj8PhxHJBFUGsKx1gPPjY2fYmUY4XRRGiaaxpjM8IQOLEosqPbT7NQFOrPOGIWRsk8alLnfJ1IstJ6LwHYKbKb6d21p/lcbJCa89FMm48RQSVaLwoQjE6Hlv9GYKUoMn1vARDF7KyJTrDAxNp1SFkIjE1pBvZZDw/sKoXtR9WrVxk2t0rzK4yjCCZzCOXhQhya0oA0dIDCBB3iCZ4c7j86L87pqLTj5zDH8kPP2CQLijgs=</latexit>

➡ Based on BOSS analysis pipeline of 
     Ivanov, Simonovic, Zaldarriaga, JCAP 20

Philcox et al. 2020
Ivanov et al 2020 (CLASS-PT)

Our analytic method
Patchy Mocks 
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What are the challenges to 
analytically calculate the covariance?
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Challenge I:  
Highly non-trivial survey window

Radial:  
survey selection function

Angular:

Reid et al. 2015
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Survey window enters covariance

18 dimensional integral
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Solution: separate clustering and window terms

1 Formulae for talks

CG
`1`2(k1, k2) '

X

`01,`
0
2

P`01
(k2)P`02

(k1)

⇢
(2`1 + 1)(2`2 + 1)

I222

Z

k̂1,k̂2,x1,x2

W22(x1)W22(x2) e
�i(x1�x2)·(k1�k2)

⇥L`1(x̂1 · k̂1)L`01
(x̂1 · k̂1)L`02

(x̂2 · k̂2)
h
L`2(x̂2 · k̂2) + L`2(x̂1 · k̂1)

i�

(1)

2 Background mode definition

Starting from the exact FKP estimator

F (x) ⌘ w(x)[ng(x)� ↵ns(x)]

[↵
R
d3xw2(x)n̄(x)ns(x)]1/2

(2)

where

↵ ⌘ Ng

Nr
=

N̄g

Nr

R
x n̄(x)(1 + �(x))R

x n̄(x)
=

N̄g

Nr

✓
1 +

R
x n̄(x)�(x)

I10

◆
(3)

and we also use the notation Iab =
R
x n̄

a(x)wb(x)

F (x) =
w(x)[n̄(x)(1 + �(x))� n̄(x)

⇣
1 + 1

I10

R
x0 n̄(x0)�(x0)

⌘
]

h⇣
1 + 1

I10

R
x0 n̄(x0)�(x0)

⌘ R
x0 n̄2(x0)w̄2(x0)

i1/2

=
1p
I22

W (x)�(x)�W (x)�b
(1 + �b)1/2

(4)

where we have further introduced the following notation to make our formalism more compact

in the rest of the paper: W (x) ⌘ n̄(x)w(x) and �b ⌘ 1
I10

R
x0 n̄(x0)�(x0) = 1

I10

R
k �(k)n̄(�k)

and not = 1
I11

R
k �(k)W (�k) as we were previously using. If instead we define ↵ as

↵ ⌘ Ig11
Ir11

=
N̄g

Nr

R
x n̄(x)w(x)(1 + �(x))R

x n̄(x)w(x)
=

N̄g

Nr

✓
1 +

R
x n̄(x)w(x)�(x)

I11

◆
(5)

then we get �b = 1
I11

R
k �(k)W (�k) which is what we used earlier, but we go ahead with

↵ = Ng/Nr in our paper.

1

Contains all dependence on
 cosmology and bias parameters

Computed from survey 
random catalog{ } See also:

Li et al. 19
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Challenge II:  
Analytic modeling in the non-linear regime

��� ��� ��� ��� ��� ��� ���

��

���

����

���

� (� ���-�)

� ℓ
=
�
(�
)

non-linearities:  
FOG & loops

Analytic covariance works 
 very well at high-k.

WHY!?
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Why does analytic work in the 
non-linear regime?

n̄

<latexit sha1_base64="JqY4SU11kSPK6lpU+9IbycaKn3Y=">AAAB7nicbZDLSsNAFIZP6q3WW9Wlm8EiuCqJFGp3RTcuK9gLtKFMpqft0MkkzEyEEvoQblwo4tbncefbOE2DePth4OM/53DO/EEsuDau++EU1tY3NreK26Wd3b39g/LhUUdHiWLYZpGIVC+gGgWX2DbcCOzFCmkYCOwGs+tlvXuPSvNI3pl5jH5IJ5KPOaPGWt1BQFUqF8Nyxa26mchf8HKoQK7WsPw+GEUsCVEaJqjWfc+NjZ9SZTgTuCgNEo0xZTM6wb5FSUPUfpqduyBn1hmRcaTsk4Zk7veJlIZaz8PAdobUTPXv2tL8r9ZPzPjST7mME4OSrRaNE0FMRJZ/JyOukBkxt0CZ4vZWwqZUUWZsQqUshEYmsoJ6LYeG9xVC56Lq1aqN21qleZXHUYQTOIVz8KAOTbiBFrSBwQwe4Amendh5dF6c11VrwclnjuGHnLdP1pyQUw==</latexit>

High
survey

n̄

<latexit sha1_base64="JqY4SU11kSPK6lpU+9IbycaKn3Y=">AAAB7nicbZDLSsNAFIZP6q3WW9Wlm8EiuCqJFGp3RTcuK9gLtKFMpqft0MkkzEyEEvoQblwo4tbncefbOE2DePth4OM/53DO/EEsuDau++EU1tY3NreK26Wd3b39g/LhUUdHiWLYZpGIVC+gGgWX2DbcCOzFCmkYCOwGs+tlvXuPSvNI3pl5jH5IJ5KPOaPGWt1BQFUqF8Nyxa26mchf8HKoQK7WsPw+GEUsCVEaJqjWfc+NjZ9SZTgTuCgNEo0xZTM6wb5FSUPUfpqduyBn1hmRcaTsk4Zk7veJlIZaz8PAdobUTPXv2tL8r9ZPzPjST7mME4OSrRaNE0FMRJZ/JyOukBkxt0CZ4vZWwqZUUWZsQqUshEYmsoJ6LYeG9xVC56Lq1aqN21qleZXHUYQTOIVz8KAOTbiBFrSBwQwe4Amendh5dF6c11VrwclnjuGHnLdP1pyQUw==</latexit>

Low
survey

• Poisson fluctuations dominate 
the error bars at small scales:  

✓Can be well modeled analytically 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Why does analytic work 
in the non-linear regime?

Shot noise (dashed)
dominates at high-k
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DESI Euclid

Will analytic cov. work at non-linear scales for upcoming surveys?
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JCAP05(2014)023

Figure 2. n̄P (k = 0.14hMpc�1
, µ = 0.6) comparison. DESI does not include the Ly↵ forest

contribution, which would bring it to e↵ective n̄P ⇠ 0.3 at z ⇠ 2.5 (over a much wider area than
HETDEX and WFIRST).

(at this stage this is just a definition, but �i(z, ✓) could be the density of some type of galaxy,
or mass density, with Wx(z) the true redshift distribution of galaxies within some nominal
photo-z bin, or lensing weight, for example). The angular correlation function of two such
fields is

⇠ixjy(�✓) =

Z
dz

Z
dz

0
Wx(z)Wy(z

0)
⌦
�i(z, ✓)�j(z

0
, ✓ +�✓)

↵

=

Z
dz̄

Z
d�zWx(z̄ +�z/2)Wy(z̄ ��z/2)⇠ij(z̄,�z,�✓) (5.2)

where note that there is no approximation or loss of generality here, i.e., z̄ = (z + z
0)/2 and

�z = z� z
0 are equally good parameters of two-point function evolving completely generally

with redshift (although note that in general the sign of �z does matter, i.e., we cannot use
|�z|). We can now FT ⇠ij(z̄,�z,�✓) with respect to �✓ and �z and plug that in to obtain

Pxiyj(k✓) =

Z
dz̄

Z
d�zWx(z̄+�z/2)Wy(z̄��z/2)

Z
dkz

2⇡
exp(�ikz�z)Pij(z̄, kz, k✓) . (5.3)

Now we make an approximation, that the kernels W (z) are broad enough that we can assume
we are sensitive only to modes with small kz, specifically kz much less than k✓, so that

– 24 –

Font-Ribera et al.
2014

• Shot noise level  
of upcoming surveys 

is comparable to BOSS

<latexit sha1_base64="7OhBSDqWsSuWt1qm3oQqj+Kemg8=">AAACBnicbZDLSsNAFIYn9VbrLepShMEitJs2kUrtrtaNOyvYC7QhTKbTduhkEmYmQgldufFV3LhQxK3P4M63cZoG8fbDwMd/zuGc+b2QUaks68PILC2vrK5l13Mbm1vbO+buXlsGkcCkhQMWiK6HJGGUk5aiipFuKAjyPUY63uRiXu/cEiFpwG/UNCSOj0acDilGSluuedgsTNy+j9RY+HHj/GpWLBfsct9DIuazomvmrZKVCP4FO4U8SNV0zff+IMCRT7jCDEnZs61QOTESimJGZrl+JEmI8ASNSE8jRz6RTpx8YwaPtTOAw0DoxxVM3O8TMfKlnPqe7pwfLH/X5uZ/tV6khmdOTHkYKcLxYtEwYlAFcJ4JHFBBsGJTDQgLqm+FeIwEwkonl0tCqCWCC6hWUqjZXyG0T0r2acm6ruTrjTSOLDgAR6AAbFAFdXAJmqAFMLgDD+AJPBv3xqPxYrwuWjNGOrMPfsh4+wSTvJhS</latexit> P
(k

B
A
O
)/
(1
/n̄

)

Yes, should work at non-linear scales for upcoming surveys
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JCAP05(2014)023

Figure 2. n̄P (k = 0.14hMpc�1
, µ = 0.6) comparison. DESI does not include the Ly↵ forest

contribution, which would bring it to e↵ective n̄P ⇠ 0.3 at z ⇠ 2.5 (over a much wider area than
HETDEX and WFIRST).

(at this stage this is just a definition, but �i(z, ✓) could be the density of some type of galaxy,
or mass density, with Wx(z) the true redshift distribution of galaxies within some nominal
photo-z bin, or lensing weight, for example). The angular correlation function of two such
fields is

⇠ixjy(�✓) =

Z
dz

Z
dz

0
Wx(z)Wy(z

0)
⌦
�i(z, ✓)�j(z

0
, ✓ +�✓)

↵

=

Z
dz̄

Z
d�zWx(z̄ +�z/2)Wy(z̄ ��z/2)⇠ij(z̄,�z,�✓) (5.2)

where note that there is no approximation or loss of generality here, i.e., z̄ = (z + z
0)/2 and

�z = z� z
0 are equally good parameters of two-point function evolving completely generally

with redshift (although note that in general the sign of �z does matter, i.e., we cannot use
|�z|). We can now FT ⇠ij(z̄,�z,�✓) with respect to �✓ and �z and plug that in to obtain

Pxiyj(k✓) =

Z
dz̄

Z
d�zWx(z̄+�z/2)Wy(z̄��z/2)

Z
dkz

2⇡
exp(�ikz�z)Pij(z̄, kz, k✓) . (5.3)

Now we make an approximation, that the kernels W (z) are broad enough that we can assume
we are sensitive only to modes with small kz, specifically kz much less than k✓, so that

– 24 –

Font-Ribera et al.
2014

✓ Shot noise will
dominate covariance
for upcoming surveys

• Shot noise level  
of upcoming surveys 

is comparable to BOSS

<latexit sha1_base64="7OhBSDqWsSuWt1qm3oQqj+Kemg8=">AAACBnicbZDLSsNAFIYn9VbrLepShMEitJs2kUrtrtaNOyvYC7QhTKbTduhkEmYmQgldufFV3LhQxK3P4M63cZoG8fbDwMd/zuGc+b2QUaks68PILC2vrK5l13Mbm1vbO+buXlsGkcCkhQMWiK6HJGGUk5aiipFuKAjyPUY63uRiXu/cEiFpwG/UNCSOj0acDilGSluuedgsTNy+j9RY+HHj/GpWLBfsct9DIuazomvmrZKVCP4FO4U8SNV0zff+IMCRT7jCDEnZs61QOTESimJGZrl+JEmI8ASNSE8jRz6RTpx8YwaPtTOAw0DoxxVM3O8TMfKlnPqe7pwfLH/X5uZ/tV6khmdOTHkYKcLxYtEwYlAFcJ4JHFBBsGJTDQgLqm+FeIwEwkonl0tCqCWCC6hWUqjZXyG0T0r2acm6ruTrjTSOLDgAR6AAbFAFdXAJmqAFMLgDD+AJPBv3xqPxYrwuWjNGOrMPfsh4+wSTvJhS</latexit> P
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shot noise 
dominates

Yes, should work at non-linear scales for upcoming surveys
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Analytic covariance is crucial for going 
beyond a 2-point analysis

✓Number of k-bins in power spectrum ~100

๏ Number of triangles in bispectrum (3-pt) ~6000  
 - Bottleneck for BOSS  
   (Gil-Marin et al 17 could only use ~800 triangles)

size of data 
vector

no. of  
mocks≪

• Number of mock 
simulations:  
 𝒪(1000)

• For low sampling 
noise:
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Analytic covariance is crucial for going 
beyond a 2-point analysis

✓Number of k-bins in power spectrum ~100

๏ Number of triangles in bispectrum (3-pt) ~6000  
 - Bottleneck for BOSS  
   (Gil-Marin et al 17 could only use ~800 triangles)

size of data 
vector

no. of  
mocks≪

• Number of mock 
simulations:  
 𝒪(1000)

• For low sampling 
noise:
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Figure 3. Fisher matrix constraints for M⌫ and other cosmological parameters for the redshift-space galaxy

P g
0 +P g

2 (blue), Bg
0 (green), and combined P g

0 +P g
2 and Bg

0 (orange) out to kmax = 0.5h/Mpc for a 1(Gpc/h)3

volume. Our forecasts marginalizes over the Zheng et al. (2007) HOD parameters: logMmin,�logM , logM0,↵,

and logM1 (bottom panels). The contours mark the 68% and 95% confidence intervals. The bispectrum

substantially improves constraints on all of the cosmological parameters over the power spectrum. ⌦m, ⌦b, h,

ns, and �8 constraints improve by factors of 2.8, 3.1, 3.8, 4.2, and 4.2, respectively. For M⌫ , the bispectrum

improves �M⌫ from 0.3344 to 0.0706 eV — over a factor of ⇠5 improvement over the power spectrum.
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Figure 3. Fisher matrix constraints for M⌫ and other cosmological parameters for the redshift-space galaxy

P g
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0 (green), and combined P g

0 +P g
2 and Bg

0 (orange) out to kmax = 0.5h/Mpc for a 1(Gpc/h)3

volume. Our forecasts marginalizes over the Zheng et al. (2007) HOD parameters: logMmin,�logM , logM0,↵,

and logM1 (bottom panels). The contours mark the 68% and 95% confidence intervals. The bispectrum

substantially improves constraints on all of the cosmological parameters over the power spectrum. ⌦m, ⌦b, h,

ns, and �8 constraints improve by factors of 2.8, 3.1, 3.8, 4.2, and 4.2, respectively. For M⌫ , the bispectrum

improves �M⌫ from 0.3344 to 0.0706 eV — over a factor of ⇠5 improvement over the power spectrum.

C. Hahn et al. 2020
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Analytic covariance is crucial for going 
beyond a 2-point analysis

✓Number of k-bins in power spectrum ~100

๏ Number of triangles in bispectrum (3-pt) ~6000  
 - Bottleneck for BOSS  
   (Gil-Marin et al 17 could only use ~800 triangles)

➡ Also important for other areas with  
high-dimensionality of the covariance matrix:  
for e.g., 3x2pt analysis in photometric surveys 
            or combining cluster counts with correlation fns

size of data 
vector

no. of  
mocks≪

• Number of mock 
simulations:  
 𝒪(1000)

• For low sampling 
noise:



Machine learning for emulating hydrodynamic 
simulations

DW, Paco Villaescusa-Navarro,  
Shirley Ho & Laurence Perrault-

Levasseur
(aXiv:2007.10340 & aXiv:2012.00111)

�24

Part II

P (✓)
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Linear Non-linear
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The spectral nature of the 21cm 
line allows us to fill in this volumeEmulation of hydro sims for future surveys

~𝒪 (10-100 Gpc3)

• Hydro sims are expensive:
~10 million CPU hours 

for (0.001 Gpc3)

• Volume of upcoming surveys 
like DESI:
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The spectral nature of the 21cm 
line allows us to fill in this volume

• Hydro sims are expensive:
~10 million CPU hours 

for (0.001 Gpc3)

HI (neutral hydrogen) DM (dark matter)

Quickly

HOD:  
(Halo  

Occupation
Distribution)

- Identify DM halos  
- Fill HI using:

M
H

I

Emulation of hydro sims for future surveys

MHalo

- assembly history,
  environmental 
  info. neglected

 MHI = f ( Mhalo ) ~𝒪 (10-100 Gpc3)
• Volume of upcoming surveys 

like DESI:



Neural networks:
universal approximators
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(faceapp)

⇢HI(x) = g (⇢DM(x), ⇢DM(x0))
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Can we interpret what 
the network has learnt?
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Figure 7. Comparison of the g-g lensing signal with predictions from galaxy–halo models constrained by the clustering of CMASS. The grey shaded region
represents models drawn from the 68 per cent confidence region for the Saito et al. (2016) MDR1 model. The ‘spike’ in the predictions in the right-hand
panel is simply cause by a downward fluctuation of the measured lensing signal at r ∼ 0.2 h−1 Mpc as can be seen in the left-hand panel. Regardless of the
methodology (SHAM or HOD), the adopted cosmology, or the resolution of the N-body simulation, models constrained by the clustering of CMASS predict
a lensing amplitude that is larger by ∼20–40 per cent than our measurement. This is not caused by different assumptions regarding h. The measurement and
model predictions both assume a comoving length-scale for R and for !". Our code for computing !" yields the same result as an independent derivation by
one of our co-authors. In Section A6, we show that CS82 lensing gives consistent results compared to SDSS. Finally, our code for computing model predictions
yields the same result as the HALOTOOLS software package (Hearin et al. 2016).

Leauthaud et al. 2016 for example). Both studies adopt Vpeak (halo
peak circular velocity) to perform SHAM. Both models account
for fibre-collision effects, either in the measurements themselves
(Saito et al. 2016) or in the model (Rodrı́guez-Torres et al. 2016).
Importantly, the down-sampling procedure adopted in both studies
assumes that CMASS galaxies are a random sample of the overall
population at fixed stellar mass. However, Leauthaud et al. (2016)
show that at fixed stellar mass, CMASS is not a random sample
of the overall population in terms of galaxy colour. In short: both
methodologies account for mass incompleteness but not for colour
incompleteness. We will return to this point in Section 5.4.

4.2 Computation of predicted lensing signal from mocks

To compute the lensing signal predicted by CMASS mocks, we
cross-correlate the positions of mock galaxies with the positions
of dark matter particles to form the three-dimensional galaxy-mass
cross-correlation function, ξ gm. To compute !" from ξ gm, we fol-
low the equations outlined in section 4.2 of Leauthaud et al. (2011).
Briefly, we begin by numerically integrating ξ gm over the line of
sight to form the projected surface mass density, ". In this step, it
is important to perform the integral out to a large radii or else "

will be underestimated. We find that integrating to 70–100 h−1 Mpc
is sufficient for our purpose. Once we have computed ", we then
compute !" via two additional integrals – details can be found
in Leauthaud et al. (2011). We have verified that our code yields
the same result as an independent derivation using the HALOTOOLS

software package (Hearin et al. 2016). Finally, to account for the
contribution of the stellar mass of the galaxy to the lensing signal, we
add a point-source term to !" assuming a value of log (M∗) = 11.4.
This corresponds to the mean stellar mass of the CMASS sample
as computed from the S82-MGC. In practice, this point source term
only has a minor contribution to !" at r < 100 h−1 kpc.

4.3 Comparison between predicted and measured
lensing signal

Fig. 7 displays our main result that is the comparison between the
predictions from CMASS mocks and the measured lensing signal.
All the predictions are drawn from mocks which have a volume that
is larger than the volume corresponding to our lensing measurement.
Hence, we neglect sampling errors on the mock predictions which
should be subdominant compared to the errors on the measured
lensing signal. The clustering measurements used to construct these
mocks were derived from a larger area than the lensing (thousands
of square degrees compared to a few hundred). Hence, any cross-
covariance between the clustering and lensing should be negligible.

The first point to take away from Fig. 7 is that all the mocks yield
a surprisingly similar prediction for !" with differences that are
at most at the 20 per cent level (with most models agreeing at the
15 per cent level). This is quite remarkable given significant differ-
ences in the methodologies, cosmologies and N-body simulations
used to construct the mocks. In addition, each mock was tuned to
match a different set of observables – some reproduce the projected
correlation function while others were tuned to fit the monopole or
the quadrupole of the three dimensional redshift-space correlation
function. We conclude from Fig. 7 that, under standard assumptions
about how galaxies populate dark matter haloes, the clustering of
CMASS makes a robust prediction for the amplitude of the lensing
signal.

We now turn our attention to the comparison between the mea-
sured and the predicted lensing signal. Fig. 7 shows that all the
mock catalogues predict a lensing amplitude that is larger by ∼20–
40 per cent than our measurement. For example, the χ2 between the
measured lensing signal and the prediction from Saito et al. (2016)
is χ2/dof = 12.9 with dof = 13. The χ2 for the updated Saito et al.
(2016) MDPL2 mock is χ2/dof = 14.1. The χ2 difference with
respect to other BOSS mocks have similar values.

MNRAS 467, 3024–3047 (2017)
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Modeling the halo HI mass
with symbolic regression
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- Halo env. overdensity (R)
- Env. anisotropy (R)
- Halo concentration
- Halo spin
- Halo assembly history
- Halo shape
- Velocity dispersion anisotropy
- …. , …. , .…

HI mass of halo (halo mass, ?)= f

Alternate  
approach :



Modeling the halo HI mass
with symbolic regression
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Env. overdensity
at 0.5 Mpc Env. anisotropy

z = 5 :
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Understanding the effect of halo environment on HI:
Don’t baryons just follow dark matter?
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Denser env.: Ionized medium  
(ram pressure stripping)

AGN

0.3 0.5 0.7 1 2 3 4 5
1+�5

0.6

0.7

0.8

0.9

1

1.1

1.2

M
H

I
/

m
ea

n

0.6 0.7 0.8 1 1.5 2
1+�5

0.7

0.8

0.9

1

1.1

1.2

z=5

Mh 2 [109.5 � 1010.5] M�/h

Mh 2 [1010.5 � 1011.5]

Mh 2 [1011.5 � 1012.5]

Mh 2 [1012.5 � 1013.5]



Understanding the effect of halo environment on HI:
Don’t baryons just follow dark matter?

!35

0.3 0.5 0.7 1 2 3 4 5
1+�5

0.6

0.7

0.8

0.9

1

1.1

1.2

M
H

I
/

m
ea

n

UV + X-ray
background

Denser env.
→ more mergers

0.6 0.7 0.8 1 1.5 2
1+�5

0.7

0.8

0.9

1

1.1

1.2

z=5

Mh 2 [109.5 � 1010.5] M�/h

Mh 2 [1010.5 � 1011.5]

Mh 2 [1011.5 � 1012.5]

Mh 2 [1012.5 � 1013.5]

Sparser env.



Future work

!36

- Halo env. overdensity (R)
- Env. anisotropy (R)
- Halo concentration
- Halo spin
- Halo assembly history
- Halo shape
- Velocity dispersion anisotropy
- …. , …. , .…

Baryonic content
of a halo

(halo mass, ?)= f

- No. of galaxies 
(ELGs for DESI)  

- Electron pressure
    (SO, CMB-S4)
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Figure 2. Each panel shows the projected gas metallicity on a region of 25⇥25⇥5 (h�1Mpc)3 at z = 0 from the SIMBA 1P set. In these
simulations we only vary the value of one parameter at a time; ⌦m, �8, ASN1, ASN2, AAGN1, and AAGN2, from left to right. The di↵erent
rows show the results when the value of the changed parameter is very low (first row), low (second row), its fiducial value (third row), high
(fourth row), and very high (fifth row). As can be seen, variations on each parameter a↵ect the metallicity of the gas in a di↵erent way.

achieved in massive black holes with �edd . 0.02, as mo-
tivated by observations (Fabian 2012; Barǐsić et al. 2017).
In summary, the velocity of black hole-driven outflows is
given by:

vout =

8
><

>:

vrad +AAGN2 ⇥ vjet if

⇢
�Edd < 0.2
MBH > 107.5 M�

vrad otherwise,
(10)

where we have introduced AAGN2 to control the maxi-
mum jet velocity in CAMELS. Once vout is determined,
the momentum flux specified in Eq. 9 defines the mass
outflow rate relative to the black hole accretion rate.
Black holes with full-speed jets in gas-poor galaxies
(Mgas/M? < 0.2) can also inject energy into the sur-
rounding gas from X-rays following Choi et al. (2012).
All other aspects of the black hole model are identical to
the original SIMBA simulations (Davé et al. 2019).

3.3. Simulation sets

Each of the “IllustrisTNG” and “SIMBA” suites in
CAMELS contains 1,092 simulations from four di↵erent
sets: 1) a set of 1,000 simulations with di↵erent initial
random seeds varying all parameters using sampling from
a latin hypercube (LH), 2) a set of 61 simulations with
the same initial random seed varying only one parame-
ter at a time (1P), 3) a set of 27 simulations with fixed
cosmology and astrophysics that sample cosmic variance
using di↵erent initial random seeds (CV), and 4) a set of
four simulations representing extreme feedback models

(EX) with fixed initial random seed. We now describe in
detail each di↵erent set.

3.3.1. LH set

LH stands for latin hypercube. This is a set of 1,000
simulations where the value of the cosmological and as-
trophysical parameters is arranged in a latin hypercube
with ⌦m 2 [0.1, 0.5], �8 2 [0.6, 1.0], ASN1 2 [0.25, 4.0],
AAGN1 2 [0.25, 4.0], ASN2 2 [0.5, 2.0] and AAGN2 2
[0.5, 2.0]. The initial random seed is di↵erent for each
simulation. The latin hypercubes of the IllustrisTNG
and SIMBA suites are di↵erent. Fig. 1 shows 2D pro-
jections of the gas density from 80 simulations of the
SIMBA LH set, from which the large variety covered by
the CAMEL simulations can be appreciated. These sim-
ulations are designed to make predictions as a function
of cosmology and astrophysics that take into account the
e↵ect of cosmic variance. Thus, they can also be used
to train neural networks to marginalize over baryonic ef-
fects.

3.3.2. 1P set

1P stands for 1-parameter. This set contains 61 simu-
lations sharing the value of the initial random seed. In
these simulations we vary the values of all parameters
(⌦m, �8, ASN1, ASN2, AAGN1 and AAGN2), but only one
at a time. The parameters are varied in the same range
as the LH set: 0.1  ⌦m  0.5, 0.6  �8  1.0, 0.25 
(ASN1, AAGN1)  4.00, and 0.5  (ASN2, AAGN2)  2.0.
For ⌦m and �8 the spacing is linear while for the astro-
physical parameters it is in log scale. Fig. 2 shows the

(Villaescusa-Navarro, .., DW,  
et al. 2020)

➡2,184 Full hydrodynamic  
 simulations

Future work:   checking robustness of our 
                       results to baryonic feedback

Baryonic feedback parameters



Summary
★Analytic covariance is an excellent  

complement to mock simulations
    for DESI and Euclid
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1. Very good agreement with  
the state-of-the-art mocks 
up to non-linear scales 

2. Immense computational speedup (~ 104 )  

3. Reduces systematic error budget of 
constraints
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MHI

MHOD
= 1.1 + 0.8↵0.5 (log10(Mhalo)� 10.6)
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★  Machine learning can be used to 
emulate hydro sims and make 
accurate synthetic maps needed for 
upcoming LSS surveys



Modeling the environment effect :  
symbolic regression
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Our NN architecture (U-Net)
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Fig. 2. HI halo mass function is shown in green. The dashed grey line corresponds to
the mass cutoff that we use in our analysis which corresponds to 50 DM particles in
halo.

separately on the DM-only simulation and the we have found
new values for the best-fit parameters and we present them in
Appendix B. We continue the discussion on di�erences in the
halo masses in the FP and DMO simulations in Appendix B.

3. Effect of properties of the halo on its HI mass

It is well-known from excursion set theory that the environment
of halos strongly impacts their clustering (51), for e.g. it is
easier to form halos in a denser environment as the collapse
threshold is more frequently reached. This is indeed what we
find in Fig. S5.

We calculate the environmental overdensity ”R by first
computing ” on a Ng = 2048 grid using CIC interpolation
and then smoothing in Fourier space by a top-hat filter with a
radius R. We then transform back to real space and interpolate
the smoothed field to the locations of the halos. We finally
get the overdensity after subtracting the halo mass‡

1 + ”R © 1
fl̄

MR ≠ Mhalo

4/3 fiR3 [2]

The subtraction is made to make ”R independent of halo mass.
There are other studies which use a Gaussian kernel instead of
a top-hat kernel for smoothing the density field to calculate the
e�ect of the environment. Some of the halo mass e�ect would
be degenerate with the environment in such cases. We also
tried to model the environmental overdensity by calculating
sum over halo masses within a particular radius but we found
the definition in Eq. 2 gave slightly better results.

Apart from the environmental overdensity, the baryons in
the halo could also be correlated with the anisotropy of the
halo environment. In order to quantify the anisotropy, we first
calculate the tidal tensor which is given as Tij © ˆ2„/ˆxiˆxj ,
where „ is the potential field which can be calculated using
Poisson’s equation Ò2„ = ≠4fiGfl. We can calculate the tidal
shear q2

R given by (52, 53):

q2
R © 1

2
#
(⁄2 ≠ ⁄1)2 + (⁄3 ≠ ⁄1)2 + (⁄3 ≠ ⁄2)2$

[3]

where ⁄i are the eigenvalues of the normalized tensor Tij/4fiG.
However the tidal shear is also correlated with the environmen-
tal overdensity and in order to isolate the anisotropic e�ect

‡We assign ”R = 0 when MR < Mhalo which roughly happens when the R < Rvir of the
halo.

we need to appropriately normalize the shear. We adopt the
normalization of the shear proposed by Ref. (11) which is

–R ©


q2
R/(1 + ”R) [4]

where the scalar parameter –R is referred to as the tidal
anisotropy parameter and e�ciently encodes the tidal infor-
mation. There is increasing evidence that the tidal anisotropy
is a key factor in determining halo assembly bias (54) and we
study whether it a�ects the Hi assembly bias. Ref. (11) rec-
ommended to use 4 R200 for the smoothing scale, however the
smallest scale for smoothing that we have used is 0.5 h≠1 Mpc
as it becomes increasingly di�cult to smooth to smaller scales
as one needs to use a finer resolution grid for the density field.

The scaling of the Hi mass is shown in Fig. 3. There is
still a very large scatter in the relation. Note that ”0.5 æ 0
for high-mass halos (Mh & 1012 h≠1 M§) so we do not show
lines corresponding to them in the plots. At low-z, we also
see a turnover in the trends, especially for smaller halos. The
physical explanation for this being that when a smaller halo
is in a very overdense environment, for e.g. close to a large
cluster, it loses gas due to ram pressure stripping.

For a halo residing in a more dense environment is expected
to contain more baryonic gas than a halo in a field. This is
because halos in overdense regions experience more mergers
while the halos in the field have smooth accretion of gas.
We will explore why the halos in a less dense environment
preferentially accumulate less neutral gas over DM in a future
study. This could be due to the e�ect of concentration. At
low masses, highly concentrated or old halos cluster strongly.
Such halos are expected to contain more Hi .

It will be more interesting to study the impact on the tidal
field on anisotropic clustering of Hi in red-shift space in a
future study. Alignment with the large-scale tidal field can
induce biases in the measured anisotropic clustering of galaxies
due to selection e�ects (55–58). If there are observational
selections like self-shielding of Hi .

There are a number of internal halo properties like halo
concentration, number of subhalos, spin of the halo which
can have a correlation with its Hi mass. We found this e�ect
subdominant compared to the e�ect of the environment and
we show their results in the the appendix and continue our
discussion there.

4. Modeling the assembly bias effect

We can infer from Fig. 3 that there are a lot of degeneracies
in the environmental parameters.

A. Using random forests (RF). RF allow for an easy measure-
ment of the relative importance of each feature (59, 60) and
therefore are slightly better suited for interpretation as com-
pared to neural networks. Although we found a very loose
correlation between the importance predicted by the random
forest and the e�ect of the feature on the Hi power spectrum.
There are some variables which a�ect the scatter but do not
a�ect the power spectrum.

B. Using symbolic regression. Although machine learning
techniques can be used to model assembly bias in a partic-
ular simulations, we need a concise expression for it which
can be used in application to real survey data. Traditional
approaches have to been to assume gaussian distributions or

Tidal anisotropy parameter (Paranjape et al 2018)
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the mass cutoff that we use in our analysis which corresponds to 50 DM particles in
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mation. There is increasing evidence that the tidal anisotropy
is a key factor in determining halo assembly bias (54) and we
study whether it a�ects the Hi assembly bias. Ref. (11) rec-
ommended to use 4 R200 for the smoothing scale, however the
smallest scale for smoothing that we have used is 0.5 h≠1 Mpc
as it becomes increasingly di�cult to smooth to smaller scales
as one needs to use a finer resolution grid for the density field.
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is in a very overdense environment, for e.g. close to a large
cluster, it loses gas due to ram pressure stripping.
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to contain more baryonic gas than a halo in a field. This is
because halos in overdense regions experience more mergers
while the halos in the field have smooth accretion of gas.
We will explore why the halos in a less dense environment
preferentially accumulate less neutral gas over DM in a future
study. This could be due to the e�ect of concentration. At
low masses, highly concentrated or old halos cluster strongly.
Such halos are expected to contain more Hi .

It will be more interesting to study the impact on the tidal
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subdominant compared to the e�ect of the environment and
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We can infer from Fig. 3 that there are a lot of degeneracies
in the environmental parameters.

A. Using random forests (RF). RF allow for an easy measure-
ment of the relative importance of each feature (59, 60) and
therefore are slightly better suited for interpretation as com-
pared to neural networks. Although we found a very loose
correlation between the importance predicted by the random
forest and the e�ect of the feature on the Hi power spectrum.
There are some variables which a�ect the scatter but do not
a�ect the power spectrum.
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Non local bias


