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Intro
A bottom-up approach

Concluding remarks
CMB spectra

CMB Moments from Planck

⋆ Second moment (Power spectrum) Measured!

⟨ζζ⟩ ∼ H2

M2
Plϵ

= 10−10

⋆ Third moment (Bispectrum) Constrained!

⟨ζ(k1)ζ(k2)ζ(k3)⟩ ∼ fNL(ϵ)S(k1, k2, k3)

⋆ Fourth moment (Trispectrum) Constrained!

⟨ζ(k1)ζ(k2)ζ(k3)ζ(k4)⟩ ∼ gNL(ϵ)S(k1, k2, k3, k4)
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Intro
A bottom-up approach

Concluding remarks
CMB spectra

Planck 2018 @ 68% CL

f locNL = −0.9± 5.1

feqNL = −26± 47

forthoNL = −38± 24

glocNL = (−5.8± 6.5)× 104

⋆ CMB temperature anisotropies follow nearly scale invariant,
almost Gaussian statistics (Consistent with ΛCDM)

⋆ End of the story?
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Concluding remarks
CMB spectra

Planck 2018 @ 68% CL

f locNL = −0.9± 5.1

feqNL = −26± 47

forthoNL = −38± 24

glocNL = (−5.8± 6.5)× 104

⋆ CMB temperature anisotropies follow nearly scale invariant,
almost Gaussian statistics (Consistent with ΛCDM)

⋆ End of the story?

Spyros Sypsas Chulalongkorn U., Thailand



.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

Intro
A bottom-up approach

Concluding remarks
CMB spectra

The Planck analysis is optimised for the search of nonzero
moments of the PDF. What about this PDF for example?

-� -� -� � � � �
���

���

���

���

���

���

ζ/σζ

ρ
(ζ
)

It is clearly non-Gaussian but has fnl = 0
Can we get something like that?

Spyros Sypsas Chulalongkorn U., Thailand



.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

Intro
A bottom-up approach

Concluding remarks
CMB spectra

An example: Landscape Tomography

Chen, Palma, Riquelme, Scheihing, SS ’18

P(ζ)− PG (ζ)

PG (ζ)
∝ V ′(ψζ)
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Intro
A bottom-up approach

Concluding remarks

Early time observables: CMB
Late time observables: LSS

The most general local NG

ζ = ζG + F(ζG )

ζG → P[ζG ] =
1

2πσ e
− ζ2G

2σ2

⟨ζ(x1) · · · ζ(xn)⟩ =
∫

D[ζ]P[ζ]ζ(x1) · · · ζ(xn).

P[ζ] = PG [ζ] exp

[
−1

2

∫
x

∫
y

ζ(x)Σ−1(x , y)F [ζ](y)−
∫
x

ln

{
1 +

dF
dζ

(ζG (x))

}]
Matarrese, Verde, Jimenez ’00; Palma, Scheihing, SS ’19
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Intro
A bottom-up approach

Concluding remarks

Early time observables: CMB
Late time observables: LSS

1-pt statistics:

P(ζ̄; x) =

∫
Dζ P[ζ] δ[ζ(x)− ζ̄],

P(ζ) =
1√
2πσζ

e
− ζ2

2σ2
ζ [1 + ∆(ζ)]

with

∆(ζ) ∝
∫ ∞

0

dx

x
K(x)

∫ ∞

−∞
dζ̄

exp
[
−(ζ̄−ζ(x))

2

2σ2
ζ(x)

]
√
2πσζ(x)

×
(
σ2ζ

∂

∂ζ̄
− ζ̄

)
F
(
ζ̄
)
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Intro
A bottom-up approach

Concluding remarks

Early time observables: CMB
Late time observables: LSS

Non-Gaussianity coefficients for 1-pt PDF:

∆(Θ) =
∑
n

an
n!

Hen

(
Θ

σΘ

)
The an’s characterise skewness, kurtosis, etc.

3 10 17 24 31 38 45

n

−0.006

−0.004

−0.002

0.000

0.002

a
n
/√

n
!

σ2
Θ of CMB

σ2
Θ = 1.62× 10−9
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Intro
A bottom-up approach

Concluding remarks

Early time observables: CMB
Late time observables: LSS

2-pt statistics:

⟨ζn(x1)ζm(x2)⟩ =
∫

dζ1dζ2 P(ζ1, ζ2; x1, x2)ζ
n
1 ζ

m
2 .

P(ζ̄1, ζ̄2; r) =

∫
Dζ P[ζ] δ[ζ(x)− ζ̄1] δ[ζ(x + r)− ζ̄2],

What is the probability to find a point with temperature δT2/T ,
given a spot with δT1/T at distance r .
Scale information (CMB Anomalies, NG shapes)
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Intro
A bottom-up approach

Concluding remarks

Early time observables: CMB
Late time observables: LSS

Non-Gaussianity coefficients for 2-pt PDF:

∆(Θ1,Θ2; r) =
∑
n

an
n!

Hen (Θ1,Θ2,ΣΘ(r))

The an’s characterise skewness, kurtosis, etc. of the 2-pt PDF
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Intro
A bottom-up approach

Concluding remarks

Early time observables: CMB
Late time observables: LSS

The halo mass function and number counts

We may also consider how this is transfered to LSS statistics:

ζk → T (k, z)ζk = δk

PS scheme: cumulative PDF ⇒ halo mass function

µ>(M, z) =
∫∞
δc (z)

dδ P(δ, σ) ⇒ dn
dm [# of clusters of mass m at z]

dn

dm
∝ dµ>

dm
∝ Dz,m F
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Intro
A bottom-up approach

Concluding remarks

Early time observables: CMB
Late time observables: LSS

The scale dependent halo bias

Dalal et al. showed that for an fNL cosmology, the bias inherits a
scale dependent correction (enhanced signal at large scales)

∆b(k) ∝ fNL

k2
.

However, in the generic case one finds

∆b(k) ∝ 1

k2

∞∑
m=1

∂ log n

∂fm
fm+1.

A slope in the bias indicates a general local shape! No way to tell
fNL from any other NL parameter!
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Intro
A bottom-up approach

Concluding remarks

⋆ We have shown how a generic local ansatz alters the CMB,
LSS statistics (PDFs).

⋆ Cluster counts and bias can be used to probe NG beyond
polyspectra.

Message:

NG does not show up in 3-pt functions but there are good reasons
to believe in it. Worth searching for NG signatures in the PDFs
(CMB, LSS)

Leblond, Pajer ’10
Flauger, Mirbabayi, Senatore, Silverstein ’16

Chen, Palma, Scheihing, SS ’18

Palma, Scheihing, SS ’19
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Intro
A bottom-up approach

Concluding remarks

To do:

⋆ Nonlocal ansatz? e.g. what would yield equilateral
correlators?

⋆ Number counts forecasts with this initial condition?

⋆ How does this affect PBH distribution?

Panagopoulos, Silverstein ’19
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Intro
A bottom-up approach

Concluding remarks

Dankeschön!
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