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Quintessene - a dynamial salar �eld

Origin: partile physis (yet unknown)

History: Starting in the late 1980's, shows up in literature as 'Rolling

Salar �eld', 'Dynamial Lambda', 'Quintessene'.

Features:

� rolls down its (e�etive) potential

� provides signi�ant energy density 


Q

(missing energy?).

� has negative equation of state today
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� in addition, quintessene may have other nie properties. . .
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Supernova Cosmology Project
Perlmutter et al. (1998)
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In flat universe:   ΩM = 0.28 [± 0.085 statistical] [± 0.05 systematic]

Prob. of fit to Λ = 0 universe:  1%
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Reonstrution Equations: r(z)! V (�)

Assume a Universe where 


M

+ 


Q

= 1. Then, from the Friedmann

equations:
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� Only need to know 


M

� r(z) omes in only as dr=dz and d

2

r=dz
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To demonstrate the feasibility of this approah, we use Monte Carlo

simulation.



Monte Carlo demonstration of the

potential reonstrution

Pik V (�), 


M

, H

0

and

present KE/PE (or eq. of

state) of the �eld.

?

Compute the evolution of �,

a(t) and r(z) by evolving

�(t) and a(t) bak in time

?

Simulate SNeIa

measurements:
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Fit the data with a (low-

order) polynomial and

numerially ompute V (�)

from the reonstrution

equations
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Repeat

1000

times.



Examples of reonstrution
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Pad�e Approximants:

� Fit the (simulated) data with r(z) =

z(1 + az)

1 + bz + z

2

−0.01 0.01 0.03 0.05 0.07
φ / mPL

0

0.2

0.4

0.6

V
(φ

) /
 1

0−1
0   e

V4

3−parameter Pade approximant

Summary of potential reonstrution

� Need to know only 


M

and 


Q

= 1� 


M

.

� The unertainty in the reonstrution will derease as more super-

novae are disovered (roughly as 1=

p

N ).

� Inferring d

2

r=dz

2

from the data is required for reonstrution.



Reonstruting the equation of state

� No need to assume that quintessene is the missing energy!
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� This gives evidene that beyond z � 0:8 it is diÆult to get infor-

mation about the missing omponent.



Optimal supernova searh strategies

Q: What is the ideal distribution of supernovae in red-

shift?

Minimize A / [det(F )℄
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) (Tegmark et al., astro-ph/9804168)

If we represent the measurements as a sum of delta-funtions
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With two parameters:

det(F ) =
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The result is, for 


M

{ 


�

ase

g(z) = 0:50 Æ(z� 0:44) + 0:50 Æ(z� 1:00);

and for the 


M

{ w

Q

ase

g(z) = 0:50 Æ(z� 0:36) + 0:50 Æ(z� 1:00):



Simulating and �tting the data
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