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This measures Hubble parameter (=expansion rate)
2

Z. Rostomian, LBNL

But: structure formation modulates the BAO rings

Motions on scales 10-150 Mpc locally shrink or expand the
BAO ring
This degrades BAO distance measurements (esp. at low z)
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Limitations
due
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nonlinear
structure
formation
.BMC tnerruc htiw noitarbilac %4.0 –
BAO distance measurements
Nonlinear dynamics smears
out primordial BAO scale
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On small scales, information
is limited by large cov and
transfer to higher-order
statistics; and modeling is
hard (even for sims: what
galaxies do we observe?)

… Fourier modes with wavenumber k
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What can we do?
(1) Better analytical models
(2) Simulate it all and infer cosmology / machine learning
(3) Exploit non-Gaussian tails of galaxy distribution
(4) Transform data so it’s closer to linear density
(5) Your idea?
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Paradigm 4: ML to go directly to parameters

Shirley Ho +
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1-D example
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(1) Displacement field is a nonlinear functional
of the linear initial density
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(1) Displacement field is a nonlinear functional
of the linear initial density
Final

Initial

• Nonlinear terms are small, so displacement is quite linear
• Perturbative modeling works well

e.g. Baldauf+ (2016)
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(2) Shell crossing: Trajectories cross each other

Final

Initial
• Strongly nonlinear & difficult to model
• Seems like we cannot tell initial from final position
(How many crossings happened?)
• Expect to loose memory of initial conditions
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Reconstruction without shell crossing
Final

Initial

• Estimate displacement as if there was no shell crossing
• This displacement is pretty linear, so can estimate linear density as
lin

=r·
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Algorithm
1:
Isobaric/nonlinear
reconstruction
per volume element is constant.

ransformation that is pure graδµi +

∂φ iν
δ ,
∂ξ ν

(1)

cement potential to be solved.
em is unique as long as we resformation defined above is posxi /∂ξ α ) > 0. We call this new
tial isobaric gauge/coordinates.
“synchronous gauge” and “Lafore shell crossing, but allows a
r shell crossing. Since the Jacoe definite, we have ∂xa /∂ξ a > 0
hich it follows that each Euleotonically increasing function of
al isobaric coordinate and vice
we plot the Eulerian positions
oordinates, the curvilinear grid

ment potential φ(ξ) consistent
FIG. 1. A slice of the nonlinear density field from the simuty and positive definite coordilation. The curvilinear grid shows the Eulerian coordinate of
each grid point of the potential isobaric coordinate.
be solved using the moving mesh
ally introduced for the adaptive
gorithm and the moving mesh
particles in a box of length 600 Mpc/h per side. We
m [18, 19]. The moving mesh apuse the snapshot at z = 0 and generate the density field
inate system towards a state of
on a 5123 grid. We solve for the displacement potential
e element, ρ(ξ)d3 ξ = constant.
from the nonlinear density field and then have the rential isobaric coordinates to Eufield(2017)
in the potential isobaric gauge.
large,
theZhu,
displacement
potenH.M.
Y. Yu, U.L.
Pen,constructed
X. Chen &density
H.R. Yu
The reconstruction code is mainly based on the CALDEFP
perturbatively.
We papers
solve for with
a
Several
more
X. Wang, Q. Pan & D. Inman (2017); also PIZA/MAK reconstruction
and RELAXING subroutines from the moving mesh hydron ∆φ(i) at each step, where the

Each volume element has same mass

Get 𝜒 by continuously distorting mesh until 𝛿=0
using a moving mesh code

13

2

Algorithm
2:
Iterative
reconstruction
per volume element is constant.

ransformation that is pure graδµi +

∂φ iν
δ ,
∂ξ ν

(1)

cement potential to be solved.
em is unique as long as we resformation defined above is posxi /∂ξ α ) > 0. We call this new
tial isobaric gauge/coordinates.
“synchronous gauge” and “Lafore shell crossing, but allows a
r shell crossing. Since the Jacoe definite, we have ∂xa /∂ξ a > 0
hich it follows that each Euleotonically increasing function of
al isobaric coordinate and vice
we plot the Eulerian positions
oordinates, the curvilinear grid

ment potential φ(ξ) consistent
FIG. 1. A slice of the nonlinear density field from the simuty and positive definite coordilation. The curvilinear grid shows the Eulerian coordinate of
each grid point of the potential isobaric coordinate.
be solved using the moving mesh
ally introduced for the adaptive
gorithm and the moving mesh
particles in a box of length 600 Mpc/h per side. We
m [18, 19]. The moving mesh apuse the snapshot at z = 0 and generate the density field
inate system towards a state of
on a 5123 grid. We solve for the displacement potential
e element, ρ(ξ)d3 ξ = constant.
from the nonlinear density field and then have the rential isobaric coordinates to Euconstructed density field in the potential isobaric gauge.
large, the displacement potenThe
reconstruction code is mainly based on the CALDEFP
MS, Baldauf
Zaldarriaga
(2017)
perturbatively.
We&solve
for a
and RELAXING subroutines from the moving mesh hydron ∆φ(i) at each step, where the

Same idea, but get displacement by iteratively applying
Zeldovich displacements
Start with large smoothing scale to achieve coherence on
large scales; then decrease smoothing scale iteratively
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Our reconstruction algorithm
Move back
along gradient
(R=10 Mpc/h)

Move back
along gradient
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…

MS, Baldauf & Zaldarriaga (2017)
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Measure total displacement (q)
Estimate linear density as ˆlin = r · (q)
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Our reconstruction algorithm
Move back
ML along
perspective:
gradient
Mpc/h)get
We(R=10
manually

Move back
along gradient
Mpc/h) displacement
the (R=5
‘shortest’

(deformation) from uniform catalog to
Observed observed galaxy catalog
Better ideas?

Uniform

…

Note: We extract science from the
displacement, not the catalogs
Measure total displacement (q)
Estimate linear density as ˆlin = r · (q)
MS, Baldauf & Zaldarriaga (2017)
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SECOND ORDER RECONSTRUCTION

MS, Baldauf &
Zaldarriaga (2017)

2D slices of 3D density smoothed with R=2 Mpc/h Gaussian
1% subsample of 20483 DM particles in 500 Mpc/h per-side box 16

SECOND ORDER RECONSTRUCTION

MS, Baldauf &
Zaldarriaga (2017)

1st order reconstruction
2D slices of 3D density smoothed with R=2 Mpc/h Gaussian
1% subsample of 20483 DM particles in 500 Mpc/h per-side box 17

Correlation coefficient with initial conditions
Perfect
correl.

Observed
nonlinear

No correl.
Large scales

Small scales

MS, Baldauf, Zaldarriaga (2017); noise-free 40963 DM simulations at z=0.6; also see Zhu+ (2017)
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Mpc simulation at z = 0.

Size of fractional mistake (relative to linear)

Error / signal power

1

MS, Baldauf, Zaldarriaga (2017)
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BAO signal

MS, Baldauf, Zaldarriaga (2017); also see Wang, Yu, Zhu, Yu, Pan & Pen (2017)
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Best-fit BAO scale in 10 simulations

nal bias of the best-fit BAO scale relative to the fiducial BAO scale in ten 2.6 h 3 Gpc3 simulati
tion, the BAO scale is estimated by fitting a model to the measured power spectrum at k  0.
ppendix C. The lower subpanels show histograms of the best-fit BAO scale (grey), and correspond
k) based on sample mean and sample standard deviation of the best-fit BAO scale. The realizatio
MS, BAO
Baldauf,
Zaldarriaga (2017); also see Wang, Yu, Zhu, Yu, Pan & Pen (2017)
eir initial linear
scale.
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according to their initial linear BAO scale.
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MS, Baldauf, Zaldarriaga (2017); also see Wang, Yu, Zhu, Yu, Pan & Pen (2017)
FIG.
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Broadband power spectrum

MS, Baldauf, Zaldarriaga (2017); also see Pan, Pen, 1Inman & Yu (2017)
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Challenges
Add realism:
•

Shot noise

•

Halo/galaxy bias (doing right now)

•

Redshift space distortions

•

Survey mask & depth variation (inhomogeneous noise)

•

What happens to primordial fNL after reconstruction?
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Conclusions
Nonlinear physics limits science return of galaxy surveys
Reconstruction can reduce that degradation
At z=0, reconstruction achieves >95% correlation with linear
density at k<0.35 hMpc-1
Improve BAO signal-to-noise by factor 2.7 (z=0) to 2.5 (z=0.6)
70%-30% improvement over standard BAO reconstruction
Can improve most of large-scale structure science
(dark energy, Hubble constant, early Universe physics)

MS, Baldauf, Zaldarriaga (2017)
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