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Disclaimer

Using w0-wa as a metric, but 

Statements do apply to many other cosmology 
science cases of the HLS survey (modified 
gravity, neutrino properties, other DE 
parameterizations)



Survey Optimization I

GoodBad

Number of galaxies



Area

Number density


 of galaxies

Really Good

Bad

Not so bad

Pretty Good

Survey Optimization II

Statistical error bars only (slightly simplified): 


• Area is more important than depth


• Even more true since non-gaussian Covariances became fashionable



Let’s play some WFIRST optimization…

Use W filter only (Microlensing, 
1-2 microns)  

Cover the LSST footprint to 
LSST/WFIRST depth in 1 Year 
(Chris Hirata, ETC) 

Get photo-z’s from LSST 

Result see right

The fact that WFIRST has a survey mode that can cover LSST in just 1 
Year illustrates what a fantastic/powerful mission this is!

Why don’t we do this…?



Today’s Survey Optimization III (HLS)
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Shear calibration

Photo-z calibration

Intrinsic alignment

Baryonic physics
Galaxy bias models

Cluster mass-observable relation
External data sets

Non-linear density field evolution
Covariance Computation
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Today’s Survey Optimization III (HLS)

Shear calibration

Photo-z calibration

Intrinsic alignment

Baryonic physics
Galaxy bias models

Cluster mass-observable relation
External data sets

Non-linear density field evolution

Mone
y

Covariance Issues
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Forecasting Game

Define your science case and metric (e.g. cosmic acceleration, w-contours)

Define survey parameters (area, number density, depth)

Define your data vector (scale cuts, tomography bins)

Define your cosmological parameter space

Define your systematics models (parameterizations, priors)

Compute covariance

Compute contaminated and uncontaminated data vector

Play…

Repeat…



Level 1

a systematics free survey....


bias free parameter estimates with statistical uncertainty



Level 2

ignored systematic effect in analysis:


parameter bias



Level 3

marginalize systematic effect, correct parameterization


remove parameter bias, increase uncertainty



Level 4
marginalize systematic effect, correct 

parameterization


remove parameter bias, increase 

uncertainty

improve priors 
on



 nuisance 
parameters

Level 5
marginalize systematic effect, imperfect 

parameterization


residual parameter bias, increased 

uncertainty



DES Y1KP Methods Paper
Krause, Eifler et al 2017



−1.6 −1.4 −1.2 −1.0 −0.8 −0.6

−1
.5

−0
.5

0.
5

1.
5

no sys
shear calibration

Shear Calibration

−1.6 −1.4 −1.2 −1.0 −0.8 −0.6

−1
.5

−0
.5

0.
5

1.
5

no sys
photo−z

Photo−z uncertainty

−1.6 −1.4 −1.2 −1.0 −0.8 −0.6

Baryons

no sys
baryons impact
baryons marg

−1.6 −1.4 −1.2 −1.0 −0.8 −0.6

Intrinsic Alignment

no sys
IA impact
IA marg

w0w0w0w0

w
a

WFIRST Forecasting Game (Single 
Player) 

WFIRST Weak Lensing only (2200 deg^2, 45 gal/arcmin^2)

LSST/WFIRST like choices for systematics and priors, 7 cosmological 
parameters



Weak Lensing (cosmic shear) 

10 tomography bins 

25 l bins, 25 < l < 5000 

Galaxy clustering 

4 redshift bins (0.2-0.4,0.4-0.6,0.6-0.8,0.8-1.0) 

compare two samples: σz <0.04, redMaGiC   

linear + quadratic bias only : l bins restricted to R> 10 Mpc/h 

HOD modeling going to R>0.1 MPC/h 

Galaxy-galaxy lensing 

galaxies from clustering (as lenses) with shear sources 

Clusters - number counts + shear profile 

so far, 8 richness, 4 z-bins (same as clustering) 

tomographic cluster lensing (500 < l < 10000)

shear calibration, 
photo-z (sources) 

IA, baryons

b1, b2,… 
photo-z (lenses)

N-M relation 
c-M relation 
off-centering

WFIRST Forecasting Game (Multi Player) 



Multi-Probes Forecasts: Covariance

details: Krause&Eifler ‘17

Cosmic Shear

Galaxy-Galaxy 
Lensing

Galaxy 
Clustering

Cluster 
Lensing

Clusters

7+ million  
elements



Single vs Multi-Probe Forecasts

• No systematics



Multi-Probes Forecasts
7 cosmological parameters 

49 (HLIS) + 16 (HLSS) nuisance parameters

• Shear Calibration 
• Lens+Source photo-z  
• Linear galaxy bias 
• Cluster Mass Calibration 
• Intrinsic Alignments 

• BAO peak smearing 
• Peculiar velocity dispersion 
• Spec-z redshift errors



Other Forecasting Projects

Friedrich & Eifler 2017

New Covariance Estimator

Schaan et al 2016

WFIRST CMB-S4 synergies

Precision Matrix Expansion 3

Figure 1. Left: Best fit parameter pairs (⌦
m

,�8) obtained from random realisations of a DES-like weak lensing data vector with 450 data points when using
di↵erent approaches to compute the precision matrix. The red points assume that the true covariance matrix is known while for the green points we draw a
Wishart realisation of the covariance (N

s

= 450+200 = 650 simulations) for each data vector. The blue points are obtained with the method of precision matrix
expansion (and allowing only 200 simulations to estimate the expansion). The black contours display the 1� and 2� Fisher contours derived from our fiducial
covariance. Right: For one of the random realisations we perform a complete likelihood analysis and show the 1� and 2� contours in the ⌦

m

��8 plane after
marginalizing over w0 and w

a

(see Sec. 4 for details). The contours obtained from the Wishart estimate of the covariance are clearly o↵set from those obtained
from the true covariance matrix. We recommend to account for this by expanding the likelihood around its maximum (of the full parameter space, which in
this figure is 4-dimensional) with the factor derived by DS13. This leads to a decreased contraining power of our mock survey. The use of PME manages to
significantly decrease this contour o↵set.

3 Precision matrix expansion

Let us split the covariance matrix C into two contributions

C = A+B , (7)

where for matrix A we have an accurate model (eg. the shape-noise
contributions to the covariance of cosmic shear correlation func-
tions) and for B we have a model B

m

which we know to be im-
perfect. We want to include this prior knowledge of the covariance
matrix when estimating the precision matrix. Starting from

C =M+ (B�B

m

) , (8)

where M=A+B

m

is our model for the complete covariance matrix,
we rewrite

C = (1+X

)
M , (9)

where 1 is the identity matrix and we have defined

X := (B�B

m

) M

�1 . (10)

The precision matrix  =C

�1 can then be expressed as the follow-
ing power series in X:
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We will call this series the precision matrix expansion (PME). In
appendix B we show that it converges under a wide range of con-
ditions. There we also demonstrate, that the series yields at each
order a symmetric approximation of  and that at second order it
is always positive definite (at each order if the series converges).

3.0.1 Estimating the expansion of  

Given a Wishart estimate ˆ

B of B an unbiased estimator for the first
order PME is given by
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The second order expansion involves squares of Wishart matrices.
Using the results Letac & Massam (2004) on invariant moments
of the Wishart distribution (cf. appendix C) we can construct an
unbiased estimator for the second order PME as
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Note, that this estimator requires only matrix multiplications.
Hence, in contrast to the Anderson-Hartlap corrected standard esti-
mator, it can even be used if N

s

6 N

d

. The benefit of the estimator
in Eq. 13 is hence twofold:

1. It only needs an estimate of B instead of the whole covariance
C.

2. It doesn’t involve the inversion of an estimated matrix.

In the next section we demonstrate, that this significantly eases the
requirement of N

s

�N

d

� N

d

�N

p

. Hence, in a likelihood analysis
the noise in ˆ 2nd becomes negligible for a much smaller number of
N-body simulations than required by the standard precision matrix
estimator. In appendix B we also show that the bias in parameter
constraints which arises from cutting the power series in Eq. 11

MNRAS 000, 000–000 (0000)

WFIRST modified gravity

See talk by Hironao Miyatake (Cosmo HLS SIT)

Measure likelihood function in sims

Lin, Harnois-Deraps, Eifler, Mandelbaum in prep



Summary
Multi-Probe analysis avenues pose a substantial gain in constraining power

Truly informative forecasts are complex endeavors and mimic an actual 
analysis

They are useful to identify the most important systematics and to 
implement mitigation strategies

Forecasts cannot exist in isolation but need close connections to experts in 
numerical simulations, survey simulations, observations (all types), statistical 
methods

WFIRST is a fantastic survey for cosmic acceleration. We need to optimize it, 
and at the same time keep it flexible enough for the unknown.


