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Motivation for cosmography

Cosmography

is a promising approach to understand the acceleration of the
Universe (e.g. Visser 2004).
is based on the series expansion of the scale factor a(t) and
related functions.
proceeds with minimal assumptions:

No particular form of the Friedmann equation is assumed.
The large-scale geometry is supposed to be well described by
the Friedmann-Robertson-Walker (FRW) metric.

Thus, it is largely model and setting independent.

It is only at the interpretation stage that one examines the
results in the light of a specific setup.
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Constraints

Starting point:
Carry out a power-series expansion of a in terms of the cosmic
time.
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Constraints

Starting point:
Carry out a power-series expansion of a in terms of the cosmic
time.
This way, the cosmographic parameters emerge:
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Our goals:

Obtaining new and tighter constraints on as many of those
parameters as possible.
Gaining further insight in the problems of this approach.

We innovate in two directions:

The statistical method: MCMC
The datasets used: SNIa and direct Hubble data
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Our building blocks are two definitions:
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Our building blocks are two definitions:
The redshift: z = a(t0)/a(t) − 1.
The physical distance traveled by a photon between the
emission time t∗ and the absortion time (now) t0:

D = c

∫

dt = c(t0 − t∗).
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Distances and redshift(s)

Our building blocks are two definitions:
The redshift: z = a(t0)/a(t) − 1.
The physical distance traveled by a photon between the
emission time t∗ and the absortion time (now) t0:

D = c

∫

dt = c(t0 − t∗).

Using the series of a(t) one finally gets a power-series of D in
terms of z and the cosmographic parameters:

D(z) =
cz

H0

{

1 + D
1
z (q0) z + D

2
z (q0, j0) z2+

D
3
z (q0, j0, s0) z3 + O[z4]

}

.
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The Hubble free luminosity distance in a spatially flat universe
is given by:

dL =
H0a

2(t0)

a(t0 − D/c)

∫ t0

t0−D/c

dt

a(t)
.
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The Hubble free luminosity distance in a spatially flat universe
is given by:

dL =
H0a

2(t0)

a(t0 − D/c)

∫ t0

t0−D/c

dt

a(t)
.

But the SNIa luminosity data actually inform us about the
distance modulus: µ(z) = 5 log10 dL(z) + µ0

Thus, we have to construct its series too.
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The distance modulus series is

µ(z) =
5

log 10
·
(

log z + M
1z + M

2z2 + M
3z3 + M

4z4
)

+µ0 ,

with

M
1=−

1

2
[−1 + q0] ,

M
2=−

1

24

[

7 − 10q0 − 9q2
0 + 4j0

]

,

M
3=

1

24

[

5 − 9q0 − 16q2
0 − 10q3

0 + 7j0 + 8q0j0 + s0
]

.
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The distance modulus series is
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log 10
·
(

log z + M
1z + M

2z2 + M
3z3 + M

4z4
)

+µ0 ,

with

M
1=−

1

2
[−1 + q0] ,

M
2=−

1

24

[

7 − 10q0 − 9q2
0 + 4j0

]

,

M
3=

1

24

[

5 − 9q0 − 16q2
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0 + 7j0 + 8q0j0 + s0
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.

For other distance definitions we have complicated expressions
as well.

Ruth Lazkoz UPV-EHU

IBERICOS 2009



Introduction Constructing the series Data, statistics and analysis Results Final comments

Classical z-redshift

Ruth Lazkoz UPV-EHU

IBERICOS 2009



Introduction Constructing the series Data, statistics and analysis Results Final comments

Classical z-redshift

It poses a problem:

Ruth Lazkoz UPV-EHU

IBERICOS 2009



Introduction Constructing the series Data, statistics and analysis Results Final comments

Classical z-redshift

It poses a problem:

Convergence radius = 1.

Ruth Lazkoz UPV-EHU

IBERICOS 2009



Introduction Constructing the series Data, statistics and analysis Results Final comments

Classical z-redshift

It poses a problem:

Convergence radius = 1.
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observational data for
z > 1.
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Classical z-redshift

It poses a problem:

Convergence radius = 1.
But, typically, we have
observational data for
z > 1.

An alternative: y -redshift

It is defined as

y =
z

1 + z

Convergence radius = ∞

Even the decoupling
redshift z = 1089
(necessary for CMB data)
would be inside the
convergence radius.
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Classical z-redshift

It poses a problem:

Convergence radius = 1.
But, typically, we have
observational data for
z > 1.

An alternative: y -redshift

It is defined as

y =
z

1 + z

Convergence radius = ∞

Even the decoupling
redshift z = 1089
(necessary for CMB data)
would be inside the
convergence radius.

We compare results obtained from both definitions.
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Observational data

Supernovae

We use the Union
supernovae compilation
(Kowalski et al. 2008)

Hubble data
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Observational data

Supernovae

We use the Union
supernovae compilation
(Kowalski et al. 2008)

It contains 307 SNIa.
It is an heterogeneous
sample as it includes the
Supernovae Legacy
Survey, the ESSENCE
survey, distant supernovae
observed with HST, and
older data set.

Supernovae keep being the
most refined indicator so far.

Hubble data

A set of 9 direct Hubble
parameter values (for
different redshifts) were
obtained using absolute ages
of passively evolving galaxies
(Jiménez et al.) and
applying

H(z) = −
1

1 + z

dz

dt

through a binning process.
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Statistical procedure

Markov Chain Monte Carlo
method

We use it to explore the
probability distributions of
our parameters:

Testing convergence
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Markov Chain Monte Carlo
method

We use it to explore the
probability distributions of
our parameters:

Samples are extracted
sequentially using a
probabilistic algorithm.
Bayesian priors can be
implemented and
eventually provide tighter
constraints.

Testing convergence

We follow Dunkley et al.
(2005):
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our parameters:
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probabilistic algorithm.
Bayesian priors can be
implemented and
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Testing convergence

We follow Dunkley et al.
(2005):
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checking the spectrum: A
white noise spectrum on
large scales indicates
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(2005):
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checking the spectrum: A
white noise spectrum on
large scales indicates
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Series order

At which order is it convenient to truncate the series?
Second, third, fourth?
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Series order

At which order is it convenient to truncate the series?
Second, third, fourth?

Does a higher redshift range for the data require a higher
order of expansion?
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Series order

At which order is it convenient to truncate the series?
Second, third, fourth?

Does a higher redshift range for the data require a higher
order of expansion?

Not so obvious, it seems.
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Series order

At which order is it convenient to truncate the series?
Second, third, fourth?

Does a higher redshift range for the data require a higher
order of expansion?

Not so obvious, it seems.

A comparison with the popular CPL parametrization can shed
some light:

w = w0 + w1z/(1 + z)−1.

Ωm → Ωm(q0, j0, s0, l0, . . . )

w0 → w0(q0, j0, s0, l0, . . . )

w1 → w1(q0, j0, s0, l0, . . . )
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The correspondence is:

q0=
1

2
+

3

2
(1 − Ωm)w0

j0=1 +
3

2
(1 − ΩM) [3w0(1 + w0) + w1]

s0=−

7

2
−

33

4
(1 − Ωm)w1 −

9

4
(1 − ΩM) [9 + (7 − ΩM)w1]w0

−

9

4
(1 − ΩM)(16 − 3ΩM)w 2

0
27

4
(1 − ΩM)(3 − ΩM)w 3

0

l0=
35

2
+

1 − Ωm

4
[213 + (7 − Ωm)w1] w1 +

+
(1 − Ωm)

4
[489 + 9(82 − 21Ωm)w1]w0 +

+
9

2
(1 − Ωm)

»

67 − 21Ωm +
3

2
(23 − 11Ωm)w1

–

w
2
0 +

+
27

4
(1 − Ωm)(47 − 24Ωm)w 3

0 +
81

2
(1 − Ωm)(3 − 2Ωm)w 4

0
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We plot the residuals
between the H and µ
expressions from the exact
CPL parametrization and
the 2nd, 3rd, and 4th order
series:
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We plot the residuals
between the H and µ
expressions from the exact
CPL parametrization and
the 2nd, 3rd, and 4th order
series:

The 4th order series of H

and µ are at bad high
redshifts.
The 2d order series are
the best ones at high
redshifts, but the worst at
low redshifts.
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Ωm = 0.3

w0 = −1.04 w1 = 0.24

We plot the residuals
between the H and µ
expressions from the exact
CPL parametrization and
the 2nd, 3rd, and 4th order
series:

The 4th order series of H

and µ are at bad high
redshifts.
The 2d order series are
the best ones at high
redshifts, but the worst at
low redshifts.

The 3rd order series seem to
be the best compromise.
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Chains

We have run several simulations (nine!) with one restriction
or a combination of them:

positivity of dL, positivity of H2, expansions in the z-redshift,
expansions in the y -redshift, 0 < Ωm < 1 constraint ...

Some chains consider SN data alone, some others combine
those with Hubble data.

Possible combinations and specifics of constraints are almost
infinite:

How can one choose the best redshift range to demand
positivity of a quantity?
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Chains

We have run several simulations (nine!) with one restriction
or a combination of them:

positivity of dL, positivity of H2, expansions in the z-redshift,
expansions in the y -redshift, 0 < Ωm < 1 constraint ...

Some chains consider SN data alone, some others combine
those with Hubble data.

Possible combinations and specifics of constraints are almost
infinite:

How can one choose the best redshift range to demand
positivity of a quantity?
Should we add constraints on w0?
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converge.

In particular

The “most sensible” result from
our simulations is
(χ2

red = 1.022):
q0 = −0.535+0.065

−0.062,

j0 = 0.00007+0.00308
−0.00275

s0 = −5.128+0.649
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j0 = 0.00007+0.00308
−0.00275

s0 = −5.128+0.649
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In general

Narrower error bands are
than in the literature.

Clearly negative deceleration
parameter is in all cases .

Jerk value significantly
different from the ΛCDM
value (j0 = 1).

Snap (s0) is consistently
constrained: chains
converge.

In particular

The “most sensible” result from
our simulations is
(χ2

red = 1.022):
q0 = −0.535+0.065

−0.062,

j0 = 0.00007+0.00308
−0.00275

s0 = −5.128+0.649
−0.665

It translates into:
Ωm = 0.315+0.026

−0.023

w0 = −1.009+0.037
−0.034

w1 = −1.004+0.093
−0.090

Obtained with positive dL and
H2 in 0 < z < 1.56, using SN
only and z-redshift expressions.
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Our results and the literature

1 2 3 4 5 6 7 8 9 10 11 12

-1.5

-1.0

-0.5

0.0

q

(1) - John (2004); (2) - Cattoen (2007), Legacy SN sample with z; (3) - Cattoen (2007), Gold SN sample with z;

(4) - Cattoen (2007), Legacy SN sample with y ; (5) - Cattoen (2007), Gold SN sample with y ;

(6) - Rapetti (2006), HST; (7) - Rapetti (2006), Gold SN sample; (8) - Rapetti (2006), Legacy SN sample;

(9) - Rapetti (2006), X-ray clusters; (10) - Rapetti (2006), all subsamples; (11) - Poplawski (2006);

(12) - Capozziello, Izzo (2008).
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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

-2
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j

(1) - John (2004); (2) - Astier (2006); (3) - Cattoen (2007), Gold SN sample - mean; (4) - Cattoen (2007), Legacy

SN sample - mean; (5) - Cattoen (2007), Gold SN sample with y ; (6) - Cattoen (2007), Legacy SN sample with y ;

(7) - Rapetti (2006), HST; (8) - Rapetti (2006), Gold SN sample; (9) - Rapetti (2006), Legacy SN sample;

(10) - Rapetti (2006), X-ray clusters; (11) - Rapetti (2006), all subsamples; (12) - Poplawski (2006);

(13) - Capozziello, Izzo (2008); (14) - Capozziello, Izzo (2008); (15) - Capozziello, Izzo (2008)
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(1) - John (2004); (2) - Poplawski (2006); (3) - Capozziello, Izzo (2008).
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Routes to abandon

Hubble data do not seem to
improve constraints

The y -redshift seems a not
worthy complication

Routes to follow

Constraints on the effective w0

Higher redshift datasets:
gamma-ray-bursts

Parametrizations of j

Suggestions made by
Ibericos participants

Ruth Lazkoz UPV-EHU

IBERICOS 2009


