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OPTIMAL CMB LENSING POWER SPECTRUM
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IMPACT OF MASSIVE NEUTRINOS ON STRUCTURES
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Agarwal & Feldman 2011, Abazajian et al. 2016
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IMPACT OF MASSIVE NEUTRINOS ON STRUCTURES
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CMB LENSING AND NEUTRINO MASS CMB-54
0.04
E 0.091 Cosmic variance limit
e 7| ‘/Zmy_()mev
Q N e |
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Abazajian et al. 2016
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NEXT GENERATION POLARISATION SURVEYS

102 -] — Noise

—— Polarization E A Lensed B-modes, only

~" produced by lensing

—— Polarization B

CMB polarization is thus a very
good tracer of the lensing field
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ITERATIVE ESTIMATORS
|> Quadratic estimator l -> Use couplings between scales created by lensing

> Bayesian estimator| _> Find ¢ (~ 50 millions pixels) maximising the log-posterior

2
T _ 1 1 Pr
In P(¢p | X9 = — X9 Cov 1 X9 — —Indet Cov, — — E —
L L
Newton iterations to find the maximum of the posterior
olnP . A
Gradient: — QD+ MF+ prior
radien 50 2 2 2 ¢

In practice we delens the CMB and estimate the residual lensing on the delensed maps,
iteratively
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ITERATIVE RECONSTRUCTION
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Next Generation CMB Experiment
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Iterative estimator|

12 degree square
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FORECASTS

- CMB-S4|
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Ratio of the constraints on the lensing power spectrum amplitude o, (MAP)
lens
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QUADRATIC ESTIMATOR POWER SPECTRUM

» The power spectrum of the estimated lensing potential is a 4 point functions of the maps

>
|

’
o

Disconnected (gaussian)
contractions of the lensed

CMB fields

Non gaussian secondary contractions
created by lensing (proportional to C??)
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ESTIMATING THE LENSING PUWERSPECTRUM
| ator | Iteratlve esM

5 s BT
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POWER SPECTRUM BIASES CMB-S4

Next Generation CMB Experiment

0.
10 E Signal
) . 5 Bias: prediction
CpP, Coen, e, 'S - | $ Bias: simulations
N ¥ B | Quadratic
| 5 eat
lterate CSD 1 eSt|mat0r
[NQ,NLI} ~ 107
l +
: Pgp.del del dlﬂ S/
C ,e,CEE,e’CBB,e ~
LL ‘ r -
10721 — . . . . . . . .
Smith et al 2010, 0 250 500 750 1000 1250 1500 1750 2000
Hotinli et al 2021 L

Legrand and Carron 2022
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MASS OF NEUTRINOS

12

» Unbiased neutrino mass estimate

» Detection at 40 of the neutrino
mass

» LiteBIRD prior on the reionisation | ,
optical depth 0.00 0.05 0.10

D m,[eV]

) m,=60%16 meV
Legrand and Carron 2022

— CMB-54 + DESI BAO

+ CMB lensing
E———

0.15 0.20

CMB-S4

Next Generation CMB Experiment
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13

ANISOTROPIES

uK arcmin

Legrand and Carron 2023
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DEBIASING
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lensing
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LOUIS LEGRAND - CMB FRANCE 2024

DEBIASING

15

0.04- Standard
simulation
Fractional 0.02-
bias of
: 0.00
lensing
spectrum —~0.02-
—0.04- lensing spectrum
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Legrand and Carron 2023
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16

DELENSING THE NOISE

T°%(x) = T*"(x) + n(x) —> T ~ T"(x) + n(x + a~1(x))
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16

DELENSING THE NOISE

Best lensing estimate

T°%(x) = T*"(x) + n(x) —> T ~ T"(x) + n(x + a~1(x))
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16

DELENSING THE NOISE

Best lensing estimate

N

T°%(x) = T*"(x) + n(x) —> T ~ T"(x) + n(x + a~1(x))

Gaussian and isotropic
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16

DELENSING THE NOISE

Best lensing estimate

N\

T°%(x) = T"(x) + n(x) —> T ~ T(x) + n(x+ a ~1(x))

Gaussian and isotropic Not anymore
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16

DELENSING THE NOISE

Best lensing estimate

T°%(x) = T"(x) + n(x) —> 79 ~ T"l(x) + n(x t ~1(x))

Gaussian and isotropic Not anymore

» So called mean-field: anisotropic contribution which is not lensing
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DELENSING THE NOISE

Best lensing estimate

T°%5(x) = T'"x) + n(x) —> T ~ 7"l(x) + n(x Zi ~1(x))

Gaussian and isotropic Not anymore

» So called mean-field: anisotropic contribution which is not lensing

» Can estimate it with simulations

16
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DELENSING THE NOISE

Best lensing estimate

T°%5(x) = T'"x) + n(x) —> T ~ 7"l(x) + n(x ~1(x))

Gaussian and isotropic Not anymore

» So called mean-field: anisotropic contribution which is not lensing
» Can estimate it with simulations

» Or with a theoretical prediction

16
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DELENSING THE NOISE

Best lensing estimate

T°5%(x) = T'"(x) + n(x) Tdel ~ Tunl(x) 4 n(x + o 1(x))

Gaussian and isotropic Not anymore

» So called mean-field: anisotropic contribution which is not lensing
» Can estimate it with simulations
» Or with a theoretical prediction

» Since the iterative estimator is based on delensing, this mean field term need to be
estimated and subtracted at each iteration

16
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ESTIMATION OF THIS MEAN FIELD

» Estimation of the delensed noise mean field kMF

-0.03 0.03 -0.03 0.03 -0.142 0.142

Perturbative prediction Mean field from simulations Input lensing field
Legrand and Carron in prep.
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IMPACT ON THE LENSING SPECTRUM NORMALISATION

» Estimated normalisation

C, (', ™)

Criop™, ™)

» Can shift lensing field normalisation
by 20 or 30 %

YW —

-
o

O
o

Normalisation
o O
P (@)}

O
N

Delensed noise mean field

Simulated

Perturbative
Neglecting it

500 1000 1500 2000
L

Legrand and Carron in prep.
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QUALITY OF THE LENSING RECONSTRUCTION

» Correlation coefficient:

1.03-
Delensed noise mean field [ H TTr
) = CL(¢it, ¢m) 1.02- Simulated I H I H I H
L= — —— :
@ D G ) g eruroatve. }
Srony CUIEEEERofpobo
» No improvement zi’ L I
P 1.00 1
» It seems the mean field contribution tTj
is absorbed in the prior 099 1T | ¥ !
(proportional to «) : | | |
0 1000 2000 3000 4000
L

Legrand and Carron in prep.
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GROUND BASED SURVEYS

» Ugly (highly anisotropic) noise patterns due to scanning strategy
» Atmospheric noise

» Any anisotropy can be confused with lensing by the quadratic estimator

Inverse-Variance

L —— —

. ' , , , . . 0
ACT noise model Atkins et al 2023
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ACT WAS NOT PASSING NULL TESTS

le—5 no-cross MV PH PA5 f090
4
$ no cross directional wavelet PTE:0.005
$ no cross isotropic wavelet PTE:0.007
37 § no cross tile PTE:0.138

L(L(L+1))2C°/4
= N
e
et et —0—|
gt ——0——

Qu et al. 2023
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CROSS ESTIMATOR

» Separate the data in different splits -> different noise realization

X+ X
Yy —_1_ "2

» Cross quadratic estimator

¢?QE — X VvV XWF &QE —

22
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ACT NULL TESTS

le—5 no-cross MV PH PA5 f090

4 le—5 Cross MV PH PA5 f090
:;:: no €ross ,d'rfCt'?nal waTe:e;TELEb%gOS ¢ Directional'wavelet PTE:0.77
N0 Cross 150Lropic Wavele T 1.5~ ¢ Isotropic wavelet PTE:0.74

37 § no cross tile PTE:0.138 T Tile PTE:0.78

N
|
-
o
|

L(L(L+1))2CY%/4
(-
L(L(L+1))2CY*/4
o
()

-
o
is
2
i\=l=l
I
i=l=:=i
—_—
H=q=1|
hdl=u=n
ﬁ=a=u

{
H

-2 T T T T T —-1.0 v — T T T — T

L
Standard QE: Not passing Cross QE: passing
Qu et al. 2023
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ITERATIVE CROSS ONLY ESTIMATOR

1 1 :
In P(¢p | X492 = — XdatTC()Vq‘5 Ixdat _ —1n det Cov, —— Z P

2 2 & cpe
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ITERATIVE CROSS ONLY ESTIMATOR

| E—T

daty _— dat’ —1 dat_l _
InP(@p| X)) =-X COV¢X 2lndetCOng 22

-
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ITERATIVE CROSS ONLY ESTIMATOR

|
In P(p| X9 = — X datTC()Vq; Ixdat _ _1n det Cov

2

Xdat
xdat _ [ Cov;' - C ' =
Xgat ¢ X

b9
L
1
0 COV¢
1
Cov(ﬁ 0

lzcb%

CcP?

)



LOUIS LEGRAND - CMB FRANCE 2024

ITERATIVE CROSS ONLY ESTIMATOR

1 1 3
In P(¢p | X492 = — XdatTCOVq; Ixdat _ _1ndet Cov, — — Z P

-
: 2 &4 g
ydat 0 Cov;!
xdat _ : COV;1 — Cx_l — ¢
Xt C()V(;1 0

» This is not a covariance matrix anymore (not definite positive), so we are not defining a new
likelihood but a kind of « loss function »

» We use the same iterative algorithm to maximise this loss function

» Are we going to converge ?

24
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TEMPERATURE

ACT noise level simulations

101

10°-

O x (L(L+1))%107 /4

lterative estimator

Split iterative estimator

101 N W
10° 10* 102 103
T, Legrand et al. in prep.
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TEMPERATURE

ACT noise level simulations

10*- v v
Reduces large

- .
~ N scales mean field

- :

i
N

=

+ Vet

51004

=

X
< : :
“Gi lterative estimator

Split iterative estimator
101 ——r —— —
10° 10! 10° 10°

T, Legrand et al. in prep.
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TEMPERATURE

ACT noise level simulations

10*- v v
Reduces large

- .
~ N scales mean field

- :

A
o

— Reduces small
i A .

+ 100 RS - scale biases
= L ”

-

X
© : :
%4 lterative estimator

Split iterative estimator
101 —— —— —
10° 10! 10° 10°

T, Legrand et al. in prep.
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TEMPERATURE

Quadratic estimator

Split quadratic estimator

s~~
- -

-
--~-—"

lterative estimator

Split iterative estimator

10° 10% 1074 103

L
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POLARISATION

CMB-54 like noise level simulations

lterative estimator

Split iterative estimator

1o

10°

L

Greatly reduces
small scale biases

Legrand et al. in prep.
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POLARISATION

nwn
Wi

lterative estimator

Split iterative estimator

Quadratic estimator

Split quadratic estimator
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CONCLUSION

» Optimal estimators are now well developed and we have a better understanding of their
behaviour

» Optimal lensing power spectrum is robust to:
» Mismodelling in the fiducial cosmology
» Unknown sources of anisotropies
» The noise mean field does not bias the delensing iterations

» The iterative approach is robust enough that we can develop a cross estimator by savagely
truncating the likelihood

29






