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Conclusion
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Planck 2013 results

Unexplained measurements
+ Flatness (2, = 0) is instable during decelerated expansion

Q. =1—Qqm — U —Q, =0.000700058  (PLANCK+WP+BAO)

4+ Adiabatic initial conditions: isocurvature modes are constrained
VX Px(k)= P(k)

4+ Quasi scale invariance

L ng—1
BP(k) = A (k—> = ns = 0.9619 & 0.0073

+ Gaussianity of the CMB anisotropies
floo — 97458 9 =_42475 fUh— 25439

The simplest answer: single-field inflation

+ Makes extra-predictions: fiof = O(ns — 1) and 3r > 0
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Bicep2 2014 results

e 1 CPP onlarge scales

® Is it due to primordial tensor modes?

BB BICEP2 Fixed cosmological parameters
N'_| j j j j j j T
X

= 0.05} - or ]
§ -1_ B
O | 2 |
= 0.04 i ]
X 3 —
0.03¢ 4 -
= 7
8 5 _
o] i
0.02¢ = 6 _|
g _
pot + = N
0.01¢ + 8 _|
9 |
0 -------------------------------------------------------------- _10 —]
11 ]
-0.01¢ - i
42| —

0 5I0 160 1&I'>0 260 250 360
® Compatible with » = 0.2 only on 4 bins (otherwise favours r > 1!7?)
® \ery strong statistical weight carried by the bin 2
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< Planck 2013 results
< Bicep2 2014 results

% Single field inflation

. The Encyclopaedia

The Good, TheOBad and

1.
K = ~¢*
59

p=K+V

Single field inflation

e Triggers acceleration for ¢2? < 1

® Schwarz and Terrero-Escalante classification

The
Conclusion
O
1.4}
O O
1.2}
O
()
O
()
()

ST class 1

Plateau inflation

&/ Mp,

® Field-metric quantum fluctuations = P(k)

ST class 2

Large field inflation

V(¢)

1 2 3 4 5
&/ Mp,
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® Universe dominated by a slow-rolling scalar field in V' (¢)

P=K-V~—p

| ST cIa;s 3

Vacuum dominated inflation
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Primordial power spectra

. ® Slow-roll inflation predicts [arXiv:1303.2120, arXiv:1303.2788]

«» Planck 2013 results

H2
B
*» Bicep2 2¢T# results Pg =

2
s

1 —2(1+ Cejy — Cegy + (24 C)o14 + | — — 3+ 2C + 202 | 2,
87’\'2M1%161*05* 2

% Single field inflation
The Encyclopaedia ™ ™ ™
foop + —_6_C+CZ>€1*€2*+<__1+_ 6%*"' — T T ] €2x€3x%
The Good, The Bad and 12 8 2 24 2
Th |
e Ugly 2 o2 5 2 c2 2 5
2
™ 2 2
+ _7"‘3_0_0)51*62*"‘[_261*_62*+51*+(2+4C)61*
* 2 2
- + (1 4+ 2C)eq1xe24 + Ceq, — Cegyezye + (1 +C)67, + (24 C)14024 — (3 +4C)514€14
k
O — (1 + 20)61*62*] In [ —
k «
) 1 2 1 1 2 1 2 k
+ [261* T e1x€2x + —€5, — —€24€345 + =07, + —014024 — 2014€14 — 51*62*} In — )
2 2 2 2 k
2H?2 w2 2 2 2
Pp = ﬁ{l —2(1+C —Incgx)ers + [—3—{— — +2C +2C° +21In“ cgx — 2(1 4+ 2C) lncs*]el*
M 2
M
ﬂ,2
+ -2+ — —20 - C? 421 + C)Incgx — In? cox | €14e0y + |:—2€1* + (2+4C — 41ncgx)eq,
12
k 2 2 k
+ (=2 —2C + 21n cs*)el*eQ*} In [ — | + (261* — 61*61*) In — }
>k >k

6/21




@ Primordial power spectra

. ® Slow-roll inflation (with cg, = 1) predicts faiv1303.2120, arxiv:1303.2788]

« Planck 2013 results 2 2 72
% Bicep2 204 results Pe= —5— {1 —2(1 4 C)eg, — Cegy + (— —3+2c+202) 2.+ <— —6—C+C2) €1 €24
The Encyclopaedia n (ﬁ 1 C_2> 63 4 (ﬁ B 0_2) €y en
The Good, The Bad and 8 2 ’ 24 2
The Ugly 5 5 L
Conclusion + [_ 2e1x — €24 T (2+40) e, + (=1 +20)eenx + Cedy — 062*63*i| In <Z>
1 1 k
—+ [26%* + €1x€24 + ;e%* — 562*63*] ln2 <Z>} ,
O 2H>,2< 7r2 2] 2 7r2 2]
5 Py, = 1—2(1+Clery + |3+ — +2C +2C%|e], + | -2+ — —2C — C?| e1 €04
7T2M1231 { [ 2 ] 12
O k k
+ |:—261* + (2 + 4C)e%* + (—2 — 20)61*62*i| In (Z) + (26%* — 61*61*) 1n2 (Z)}
® Model dependence is only through H.,, ¢;, ..., evaluated at ¢,
+ Depends on: model + how inflation ends + reheating + data
O
1 { v V(@) ] Lo o
— dy| = In(Ryaa) — Ny + = In(87° Py)
O Mgl (bend V/(le) 4

1 9 V (¢end)
5 . {61(¢*)[3—€1(¢end)] V(ds) } <)o



Reheating effects

The Case for Inflation Inflation Reheating Radiation Matter
% Planck 2013 results P
< Bicep2 2014 results N* ~ 50-70 efolds Nreh ? P(k) -

« Single field inflation

The Encyclopaedia

A

The Good, The'Bad and -

The Ugly ' <
Conclusion ' -
Nol;i)s ~10 ef(‘fxlds
C) C? i ;
A
O | g~ ”
T o o 3
S L | L | -
: N \/ N4 f N=In(a)
a. g Aen Bq
® Model testing: reheating effects must be included!
@
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The Case for Inflation

— ()
The Encyclopeedia

< Purpose
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The Good, The Bad and
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Conclusion
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Purpose

The Gase for Inflation ® Aims at deriving reheating consistent observable predictions for all
slow-roll single field inflationary models

% Purpose

< Accurate and easy

comparison with data ® Currently supports 50 motivated classes of potential

< The ASPIC library
The Good, T(Ple Bad and

The Ug|y N:;le Paral(!]leters Sub-Iinudels — (17‘:7(3)%(#/&'1?') 11 2 1 Mt (%) 71LI‘3 ( M ) —B=
RCHI 1 1 M (1= 20V | Ao i 2 ! M aan o (s )]
Conclusion ( - — Fhm LMI 2 2 M (ﬁ;—‘) exp [~ B(6/Mp)]
LFI 1 1 MZ (MP,) _ Wi ) N o [I—A(%)Qe’o/%]
MLFI 1 1 Mg [1+a~} —
RCMI 1 1 M4 (M ) [1 2010 (52| GMSSMI 2 2 M [(%) “1(2) +31(2) ]
® T N I I 5 ) N I I I T
O M ! ! a1 cos (9)] BSUSYBI 2 1 M (e S +eﬁ”n%>
O Eii i 1 Miﬂ(;;i:j,:m) I 2 3 M (14 cos 2+ asin’ 2)
ML 1 2 G (1 . T%Ie,é/n,ip.) BEI 2 1 Mtexp, s (—Aﬁm)
HF11 1 1 e (1 n Al%) [1 ~2 (ﬁm)z] PSNT 2 ! M1+ an (eon 7)] .
o — (2)n(3) NCKI 2 2 Mt [1+ulu(%)+ﬁ(%ﬂ) ]
CWI 1 1 M [1+a 5) In g] T
LI 1 2 M i aln ()] -~ ’ ' (i*“ﬁ) _
Rpl L 3 j\,{“e*\/md’/“fﬂ ‘e\/%C’/MH - 1|2P 2p—1) o1 2 1 M ( 0) [(lu ‘Dﬁ) - a]
o ; ; i [(1)2_1] CNet 2 1 M3+ 0?) coth (52) - 3]
&, 4
T - - a0 Zech(e)} SBI 2 2 M“{1+[ at o (35)] (%) }
RGL 1 1 JyERGam SSBI 2 6 Mtiva () 8 ()
MSSMI 1 1 M [(3"7)2 §( ) (2 ) ] M1 2 1 M"(,\;’ )’P
RIPI 1 1 M [( ) -4 (2 ) ;(%)‘} BI 2 2 [ ]
Al 1 f 2171 — Zarctan (2)] RMI 3 4 Mi-g(-f+me) ]
CNAI 1 1 M3 - (3+a ) tanb? (5558 | VHI 3 L M+ (8)]
CNBI 1 1 M (3 0?) tan? ( sii) — 9] DSI 3 1 M [1+ (%)’P]
0STI 1 1 —art( [ 3)1 GMLFI 3 1 () Tr+a ()]
WRI 1 1 M (i)z LPT 3 3 art (%)pi(l“ 2)
2 B v il I I =)
oL
15— — 16 —
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The Case for Inflation

The Encyclopaedia
< Purpose -

< Accurate and easy
comparison with data

oto The ASPIC library O

Qhe Good, The Bad and
The Ugly

Q.
Conclusion

The ASPIC library

® Slow-roll equations cannot always be solved analytically

® ASPIC: public code solving, without any other approximation:
+ Slow-roll field evolution + post-inflationary history
+ Hubble flow functions at Hubble crossing : ¢;, or ng, r, a. ..

4 http://cp3.irmp.ucl.ac.be/~ringeval/aspic.html

® Commonly used approximations on top of slow-roll = DANGER

R e B B T 20p®@ 444 [T T T T 7 100.0
10t f .
E SFI i 13 78.3
_ h 0.100 E
2 p=4 RCHI
107°F 1 o7 56.7
= 107F — 0.0 + 0010 %=0 + 350
10—4;_ w=0 3 -0.7 13.3
; L 0.001 F 1 ea
10_55— 3 I " -8.
; A I P R 1-20 IR B e ]300
090 092 094 096 098  1.00 logilu/Mn) 090 092 N
ng
) . .
+ Planck’s accuracy will give you what you deserve... o)



http://cp3.irmp.ucl.ac.be/~ringeval/aspic.html

@ Accurate and easy comparison with data

e WMAP9, PLANCK, PLANCK + BICEP2 in the plane (ng,logr)
+ Mind the Jeffreys’ prior on €4,

The Case for Inflation

S The Encyclopaedia

< Purpose
A ate and easy

comparison with data Martin, Rtngeulral, Vennin {arX|v:13I03.3787) | -

AsPic]
The GoAd, The Bad and [l 114
The Ugly
Conclusion ) 10_1 |- 12
O B . 1
- BSUSYBI |
O [{ {10
anwinl
. g =
000000 O S
O . H‘%
E“‘;—i
2 000 ? 6
o O 10 3 Eﬂ
) O e
O 1 4
O
2
O
O 167 1H°
O ; a ' -2
o 0.92 0.94 0.96 0.98 1.00
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The Case for Inflation

¥ The Encyclopaedia

< Purpose

A ate and easy
comparison with data

< The ASPIC library
W,

O
The Good, The Bad and
The Ugly

Conclusion O
O
O
OO
O
o O
O
O
@)
O
O
O)

Accurate and easy comparison with data

e WMAP9, PLANCK, PLANCK + BICEPZ2 in the plane (ng, r)
+ Mind the flat prior on €4,

0.30

0.25

0.20

~ 0.15

0.10

0.05

Martin, Ringeval, Vennin (arXiv:1303.3787)

€9 >2€1
0 <EQ <2El
EQ <0

COO

0.93 0.94

14

0.95

0.96 0.97 098 0.99

ng

log(Tyen/ GeV)
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The Case for Inflation

The Encyclopaedia

The Good, The Bad and
The Ugly
3 Bayes@ model ©

comparison

< Speeding up evidence
calculation o

« Bayes factor for hundred
of fodels

“»Data constraining power

% And the winners are. ..

ipNarrowing down the

sim(gle&t with complexity

Conclusion O
O

Digging deeper. ..
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@ Bayesian model comparison

® Bayesian evidence

The Case for Inflation

The Encyclopedia (), + For each model M, marginalisation over all parameters

The Good, The Bad and
The Ugly

£(DIM) = / A0L(0)r (0| M)

() % Spéeding up gVigence

calculation
<& factor for hu@ed

of ppdels
S 4+ Gives the posterior probability of M to explain the data D

«» And the winners are. ..
< Narrowing down the O

simpflest with complexit D
B pmip) = EEEIEE where p(D) = 3 e(MuiD)r(My
O )
= ® Bayes' factor
O + Gives the posterior odds between M and a reference model M,
- pMID) _ (M), EDIM)
p(Mo|D)  m(Mo) £(D|Mo)

+ Measure of how much the prior information has been updated
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@ Jeffreys’ scale

The Case for Inflation e Strength of evidence of M compared to M

The Encyclopaedia

The Good, The Bad and
The Ugly

Jeffreys' scale The Good
:

< Bayesian model
comparison

< Speeding up evidence Inconclusive-

calculation

< BQ/es factor for)hundred
of models OO

< Data @on@aining power

< And the winners are. .. Weak 1
« Narrowing down the
simplest with complexity

Conclusion

O O Moderate-

Strong

Ul == - - - - -
T B .

G ) e gy (i

o
8]
|

=3
—~
S
~ |

® Can we do that for all models of the Encyclopaedia?
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@ Speeding up evidence calculation

The Case for Inflation ® Marginalisation over all parameters is numerically challenging!
The Encyclopeedia

R TS @ Effective likelihood for slow-roll inflation

The Ugly

 Bayesian model + Requires only one complete data analysis to get

comparison

< Speeding up evidence
calculation

« Bayes factor for hundred £eff(D|P*7 Ei*) — /p(D|0cosm07 P*, Gi*)ﬁ(ocosmo)dgcosmo

of models

< Data const(ainin@wer

« And the winners are. ..
« Narrowing down the
simplest with complexity

+ Use machine-learning algorithm to fit its multidimensional shape

Conclusion

O e ¢ + [For each model M and their parameter 0,

£eff [D|P>l< (Hprim>7 €% (Hprim)]ﬂ-(eprimw\/l)

O OrimeA/l —
O p( p | ) p(D|./\/l)

® All evidences can be obtained by integrating L.

+ In practice: ASPIC + MultiNest + L.¢ = 1 hour per model
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The Case for Inflation

The Encyclopaedia

The Good, The Bad and

The Ugly

< Bayesian model
comparisof

< Speeding up evidence
calculation

« Bayes factor for hundred
of models

« Data constraining power

< And the winners are. ..
« Narrowing down the
simplest with complexity

Conclusion

Is it accurate enough for Planck?

— All exact: large field power spectra (FieldInf) + Planck likelihood (CamSpec)
— - Fast: slow roll power spectra + large field Hubble flow functions (aspic) + L.

-+ figurel
- L L = cld .\ L LN - L L = - L L L L L L L L = -
0.0216 0.0222 0.0228 0.114 0.120 0.126 1.040 1.042 0.050 0.075 0.100 0.125 3.04 3.12 3.20 1 2 3 4
Q2 .’ 1006y1c T In[10"° P,) p
/ Q A
N\ g
N
l S
/
1 NG
/ \ 8
h /i
/
l/
/,
L L L L L L = = L L L L L =
—45 -30 -15 0 80 160 240 320 0 25 50 75 100 60 90 120 150 4 8 12 16 20 15 30 45 60
PS PS PS CIB CIB
In(R) Ao Ay Agz A Agiz
T T T T
2 4 6 8 10 0.60 0.75 0.90 0.2 0.4 0.6 0.8 1.0 1.000 1.001 1.002 0.9925 0.9950 0.9975 1.0000
tSZ PS CIB c c
As T'143 %217 7143 %217 100 A7

0.2

L L
0.4 0.6
5tSZ xCIB

0.8 1.0
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Bayes factor for hundred of models

The Case for Inflation

The Encyclopaedia

Bayesian Evidences In(£/&y)

The Good, The Bad and

The Ugly : oA : L ! Co Co ! C
N : : BIL,, : : : : RMI, : : ' ' GMLFI, 4 : : ' ' CTI
< Bayesian model : CooEn| : Comm | : COMUFL | : L M
; . CBL : COBRML|[ . ©OMLFI| . L T
comparison . R : CORML [ . CGMLFLg [ . . TwL,
o . . . CBL . Cooser| L . GMLFLygys | . LTWI
K Speedlng up evidence . BR[| . CoseL | . GMLFLygy |1 . LW
; : [ . CosEL] L . CGMUFL, | . L Twr
calculation 3 e ! e ! Comuen, | : Lo,
o . . 1 . . . . SFI, . . . . GMLFI, , . . . . LI
< Bayes factor for hundred S ‘ POMEL | ‘ L
SFI, . . . . LFI . . . . LY
of models Wl S ] I o
-, SFLy | . . FLIFI o . . BSLSiI};IIN
o, AR SF1,, . . . . LFly5 . . . - BSUSYBI
> R | | | | | | | | | B
% Data constraining-power el ! Do ‘ ! Bsusva,
. SFI . . Y A . L oo
o SFL, | : Coow| : Ca
“ And the winners are. .. ‘ S 1 T 1 L o
- ' ' ' ' ' ' ‘SFI, . . . ©LPI . . . . CSI
K2 | | | | | | | 1 | | | N g N N N N N
« Narrowihg down the ‘ owsew, | 3 e 3 A 3 -
i i i . OMSSMIpp | 1 . Cossez | . LRl . I
SImpIGSt with compIeX|ty . GMSSMIyp | : CossB | : UNCKI, | . LopsL,
CGRIPL. | . Lossel | . I | I : -
i GRIPL, | | . LoossBI | . oo . ©
COﬂClUSlon | GRIPL,, : : : | S$BM4 . . . . PSNI . . . . M2
L GRIPL,| : LossBl | : COPSNLy| : R
| | HI | | | | SSBI5 | | | . PSNIe | | | | iM14
. KKLTI . . . . SSBI5; . . . . PSNI, . . . . ™15
O : CokkumL| : Cowmy | : CoPSNL,| : L e
. . KKLTL,, . . . . WRI, . . . . PSNI, . . . . RMI,
. KMIT . . . . 'BEI . . . . PSNI, . . . . RMI,
KMIT . . . . CONAI . . . . PSNI, . . . . RMI,
KMIT,.., . . . . HF1I . . . . PSNLy . . . . RMI,
L . A . Copsie| | . L vm
U, : . . Com, . . : © RCMI . . ' ' VHI,
mmn| oo ' B ' o RoqQl ' o VL
MHI, . . : © LM, : : : © SSBIl ' ' : : VHI,
: MHI, : : : ¢ LMI2, : : : © SSBIL : : : : VHI,
O : : o : S D : Cosseie| : Covm,
O ! ComssML | ! Coome | : LoSSBIG | ! | VHL,
. UNCKL [ : CoompI | . L M| . . oNBI
. osti| . B . CoThhe | . | GMSSMI,
. . Rem| . Coowem | . LT | . |GMSSML,,
: .ReHL| . Coome | . [ VS R . GMSSML,,,
O O : B : Cowen| : o, : GMSSMI,,
) . RGI . . . . RPI2 . ) ) LTI, ) ) ) | GRIPI,
) ) Ray, ) ) . . RPI3 . . . LT, ) ) ) | GRIPL,,
RGI, ) ) ) . GMLFI ) ) ) ) T, ) ) ) | GRIPI,,,
RIPL,,,, . . . . GMLFIL, . . . . | TI, . . . . GRIPIL,,
. . RIPI, . . . . GMLFI, , . . . . Ty, . . . . GRIPI,¢ . .
-5 2511 11 25 5 25 -1.1 11 25 5 25-11 11 25 5 2511 11 25
J.Martin, C.Ringeval, R.Trotta, V.Vennin Displayed Evidences: 0

ASPIC project
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The Good, The Bad and
The Ugly

« Bayesian model
comparison

< Speeding up evidence
calculation

% Bayes factor for hundred

of models
\_/
< I@a constrainino

«» And the winners are. ..
< Narrowihg down the
simplest with complexity

Conclusion

OOO

() O

Bayes factor for hundred of models

WMAP7

AL
Bl
‘Bl
‘Bl

‘B,

‘Bl

| BI,

Bl
CWI,
CWT
DWI
VESL

'ESI,

ESI,
Eblﬁ
ESL5s
“GMSSMI,,
GMSSMI,
GMSSMI,
. GRIPLga
GRIPI,

| GRIPI,,,
| GRIPL,y
| HI
KKLTI
KKLTI,

. KKLTL,,
KMIT
KMIII
KM,
Su
U
MHI
MHI,
MHI,
MSSMI,
MSSMI,

| NCKL;
OSTI
RCHI
RCHI,
RGI
RGI 5
ka1,
RGIL,
RIPL,,,
RIPI,

-5 -25 -1.1

11 25

-5

RIPT,
RMI,
RMI,
RML,
RMIy
'SBI
SBI(,,mm |
SF1 [J-0.24
S|
SFI,
SFI,
SFI,
SFI,
SFI,,
SFI,
SFI,
|
SF 146
o SFL 033
SSBI2 :
SSBI2;
SSBI3
SSBI3;
SSBI4
SSBI4,
SSBI5
SSBI5,
WRI,
WRI,
'BEI
CNAI
HF 1
U,
LM,
L,
LMI2,
L2,
LPI2,
LPI2,
LPI2,
LPI3,
LPI3,
LPI3;
RPI1
RPI2
RPI3
GMLFI
. GMLFI,
| GMLFT,,

-25 -1.1 11 25 -5

J.Martin, C.Ringeval, R.Trotta, V.Vennin
ASPIC project

Bayesian Evidences In(£/&y)

GML:FI,B
* GMLFL,,
' MLFI
' GMLFL,;
GMLFL3,/5
GMLELy5 5
| GMLFI,,
| GMLFI,,
| GMLFI

LPIL,
©LPIL,
| NCKI,.
: NI
ol
PSNI,,
PSNI
PSNI,
PSNIg,;
PSNI,,
PSNIy,
PSNI,,
PSNI,
PSNI,,
PSNI¢
ROMI
RCQI
SSBI1
ssﬁnu
SSBI6
SSBIG;
™,
Tty
Ty
TI
Tty
TI 12
T
11,
LTI,
T,

-25 -11

11 25

WMAP7: Martin, Ringeval & Trotta

arXiv:1009.4157

3TI°
TL a2
Tl
Twlw
TWL,
TWI
TWI
L,

i

LI,

'PLI

. PLI,
. BSUSYBI,
| BSUSYBI,
. onar
OjNDI

1CSt

‘DSI

DSl

Dsl,

‘IMI

ML

IMI2

I3

M4

M5

iMI6

RMI
RMIy
RMI,
RMI,,

VHI

VHI,
VHE,
VHI,

VHI,

VHI,
VHI, .,
CNBI

| GMSSMI,
‘GMSSML,,
GMSSMI,,\
GMSSML,, 5
GRIPT,
GRIPIL,,,

| GRIPI,,,
. GRIPIL,,
| GRIPL, ¢

-25 -1.1 1.1 25

Displayed Evidences: 9
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The Case for Inflation

The Encyclopaedia

The Good, The Bad and
The Ugly

« Bayesian model
comparison

< Speeding up evidence
calculation

% Bayes factor for hundred

of models
\_/
< I@a constrainino

«» And the winners are. ..
< Narrowihg down the
simplest with complexity

Conclusion

OOO

() O

Bayes factor for hundred of models

PLANCK

Bayesian Evidences In(&/&y)

Al s
BI,, © GMLFI,
'BI, * GMLFI,,
‘BI,, MLFI
(Bl ' GMLFI,;
BL, GMLFLj5,5
Bl GMLFLjy. 5
Bl | GMLFI,,
| BIL | GMLFI,,
B, | GMLFI,,
CWI ) .
CWI,
DWI
CESI
'ESI,
ESI, SFIy
ESI 3 SFI,
. ESlpm SFT,
* GMSSMI,, SFI,
GMSSMI, SSBI2
GMSSMI, SSBI2,
' GRIPL,,, SSBI3
GRIPI,, SSBI3; :
| GRIPI,, SSBI4 PSNI, s
| GRIPL, SSBI4; PSNI,y5
. . HI SSBI5 PSNL,c
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® Some numbers

. + 52 models are in the inconclusive region
50 . “Some Good”: Al, Bl, ESI, HI, KKLTI, KMIIl, KMIII, LI, MHI,
O o PSNI, RGI, SBI, SFI, SSBI2, TWI

5 4+ 66 models are strongly disfavoured (some “Bad” others “Ugly”)
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Narrowing down the simplest with complexity

® Bayesian complexity ~ the number of constrained parameters

The Case for Inflation
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@ Conclusion

The Case for Inflation ® Inflationary models can and should be tested

The En@lopae@ . ] . . .

The Gaod. The Bad and + Bayesian evidence provides quantitative answers
The Ugly . « . : ”

e + Planck likes ST class 1 (“plateau inflation”)

+ HI, ESI and RGI are proto-typical of most probable and simplest
scenarios explaining the Planck 2013 data

® . ® Not all models have been tested yet
© + We welcome your contribution: code your model in ASPIC
O
(j ® Not all data have been employed yet
0 ® The BICEP crucial question
0 + lsitreally r?
- ® Waiting for Planck 2014 and polarization
0O
O O
o ©
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