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Scale of new physics?

Newest fundamental particle discovered: Last missing piece in standard model (SM)

CMS B2G-Resonances summary plofs

Overview of CMS B2G Results July 2024
CMS Preliminary 36— 138fb~! (13TeV)
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No smoking gun signature of a heavy resonance yet from LHC data

— Hint for a separation of new physics scale & electroweak scale?
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CMS B2G-Resonances summary plofs

Overview of CMS B2G Results July 2024

CMS Preliminary 36 — 138fb~! (13TeV)

B2G-22-005 = [07-11
B26-22-005 = o7-17
JHEP 12 (2021) 106 = 0 a-3a p 138fb1
JHEP 12 (2021) 106 = ia-28 > 36m!
JHEP 12 (2021) 106 = 1a-2s
e 0 oz s S 0732
s o4 222 0 B 07 -3.0
e o oz oo B 0730
B 123
B2G-21-005 = 1z-28
B2G-21-005 = 12-24
| PRU121 241802 2018) | = 03-11
PAL 121 241802 (2018) = o03-1a

EPIC 78 (2018) 707 _ 0.3-0.9
PLE B20 (2021) 136535 = 10-35
PLB 820 (2021) 136535 b= 10-3a
9 05 024 35 s 2030
yep s acza o B 2043
JHEP 05 (2024) 046 = 20-25
JHEP 05 (2024) 046 = 20-28
yew 01 2019031 BTN 0552
#0820, 031 B 032
| PRL123 24180020099 0 = 10-17
EPIC 79 (2019) 208 = 20-24
JHEP 0% (2022) 088 _ 1.5-3.1
S 1235
PAL 120 (2022) 021802 = is5-37
PRD 106 (2022) 012002 _ 1.5-3.4 ~+  Simulation boundary

PLB 835 (2022) 137566

-1 0 1 2 3 4 5 6 7

Excluded mass range at 95% CL [TeV]

No smoking gun signature of a heavy resonance yet from LHC data

— Hint for a separation of new physics scale & electroweak scale?

Rate

Collider

reach
New physics
f

3/24


https://twiki.cern.ch/twiki/pub/CMSPublic/PhysicsResultsB2G/ichep24_pub_RES_Journal.png

Scale of new physics?

Newest fundamental particle discovered: Last missing piece in standard model (SM)

CMS B2G-Resonances summary plofs
Nafure 607 (2022) 60-68

Overview of CMS B2G Results July 2024

CMS Preliminary 36 — 138fb! (13 TeV)
»t'E - tgtg, 1 (spin-12) B2G-22-005 = o07-11
»tE s tghg, 1 (spin-32) 52622005 = ar-17 . CMS 138 b (13 TeV)
pb' o tW - bgg g (LH+RH) JHEP 12 (2021) 106 = 0 a-3a p 138fb
pb' > tW - bggqg (RH) JHEP 12 [2021) 106 = 1a-28 > 36m! ® QObserved - +1 SD (stat)
» b’ = tW - bgg gg (LH) JHEP 12 (2021) 106 = 1a-2s
bt - bqq fo WHsm) s BT 07 -32 = 1D (stat @ syst) [l 1 5D (syst)
b W b v (RH) w04 o) oo B 07 -3.0 — +25Ds (stat ® syst)
»b" W~ bag tv L e o222 0 B 0.7 3.0 - ; Stat Syst
P bW by gq (LH4RH) [ EE R ( O' ﬁdEI" M ‘ 08 w007
> b o tW - biv gd (RH) B26.21.005 = 12-28 ggH I‘ 0.977g =00 oot
»b* > tW bt 0g (LH) f—— = 1224 l ;
> LOLQ - bvbv (scalar) PRL 121 241802 (2018) = 03-11 reach :
> LQLQ - tuty (scalar) PAL 121 241802 (2018) = o03-1a H 4009 +0.08

Hygr _""' 0.802012 515 ooy

> LQLQ -ttt
> W' - th, 1f (RH) My, > My

» W' - th, 0L, (LH)
» W' - th, 0L (RH)
B W s th, 12 (LH, My, =1%)

EPIC 78 (2018) 707 [k 03-09
Pup 620 202 136535 B 103
PLB 820 (2021) 136535 b= 10-3a

Rate

New physics
f

E +0.26 +0.16
Mo "_'.'_ 1447055 2021 gig

FREFFRFEFFFFFFZIZEF5555555533

yepos anze o S 20- 3.9
b 1,1 (R, =19 yeps oz s S 2043 - :
B W = th, 1F (LH, TMy=10%) JHEP 05 (2024) 046 = 20-25 n : 109702 o, 1009
» W' = th, 1f (RH, [/My,=10%) JHEP 05 (2024) 046 = 20-28 ZH : - Y025 TN 014
DZ‘ - tE [D'Mz:al]%] JHEP 04 (2019) 031 — ------------------------------------------------------------------------------------------------------------------------------------------- i :E:_-s--é“ = [ ;
b2 (T =10%) | perororsion ] 05 5.2 \ i
B2 M =1%) | peospomon EST o5 - a8 Mo —— 09477% w015 010
1> Stealth § —#{qq (v + jets. Mz =02 Tev) 5 | PRL123 241801 (2019) =  Lo0-17 - ' ) )
[>Z' - tT - tZHtHt - fv +jets (Mr=1.5 Tev) . | EPIC 79 (2019) 208 = 20-24 — :
» W - Tb/Bt (Myig = 2/3My:) JHEP 0% (2022) 088 _ 1.5-3.1 I II. | 266 1206 4169
' 12, 06 4.
P e - OR - OWW (O) (MyMg.=05) | b2e23008 ST 1.2-3.5 My ; 6055, e ras
I i+ R W (0110 ] P S 15 3.7 NPT R T
L F'wf \fvww (08) My, | PROD 106 (2022) 012002 [ 15 -3 ++  Simulation boundary 0 05 1 15 2 25 3 35 4 45
» X — aa - bbbb (M, =0.1TeV, MxN/f=8) My | PLB 835 (2022) 137566 = i0-27
‘ ‘ ‘ ‘ ‘ . ‘ . Parameter value
-1 0 1 2 3 4 5 6 7

Excluded mass range at 95% CL [TeV]

Large new physics scale

No smoking gun signature of a heavy resonance yet from LHC data consistent with inclusive measurements

— Hint for a separation of new physics scale & electroweak scale?
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Higgstrahlung: small but important @

H production
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Cross section measurement of V associated H production @CMS

Phys.Rev.D 109 (2024) 9, 092011
Small production cross section

- H- bb decay - largest branching ratio

-V - leptons « clean signature Cross section reported in
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e Best frozen fit — ( < 1 (frozen) ---- q < 4 (frozen) e Best frozen fit — < 1 (frozen) ---- ( < 4 (frozen)
; g<l g<4 ; g<l1 g<4
CI(-Ilq) [x2] S ———— E__ [-0.448,-0.059]  [-0.668,0.130] C/(-llq) [X5] —— E“_._' [-0.068,-0.028]U[0.009,0.074]  [-0.093,0.096]
CI(-/3q) [x10] —_o_—b - [-0.069,0.002]  [-0.105,0.039] Cf(-/33 [X5] ___—o—E _ [-0.059,-0.007] [-0.080,0.020]
Cuu | [Ix21 —__-—e— - [-0.269,0.073]  [-0.430,0.272] Chu | [x5] - —ot— - [-0.050,0.036] [-0.091,0.073]
Cha | Ix1] ---- —._fT [-0.650,0.354]  [-1.263,0.800] CHd | [X5]1 —_- S [-0.102,0.105] [-0.146,0.153]
95? | [x0.5] o —o“— [-0.073,1.673]  [-0.947,2.547] g95% | Ix11  Illl: —'—o—__ [-0.259,0.409] [-0.573,0.614]
g4ZZ [x0.1] _____%_.— - [-1.562,5.293]  [-5.077,8.983] gfz [x1] [ o [-0.366,0.352] [-0.601,0.615]
1 1 1 1 1 i 1 1 1 1 1 1 1 1 1 1 i 1 1 1 1 1 1 1
0

10
Wilson coefficient value

0.8
Wilson coefficient value

Quadratic component dominates sensitivity for most coefficients
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EFT interpretation: energy scale

Three BSM scenarios:

2
o ~ [MsmErT|

With linear or 2
_ 1 2 < F oA €2 CiCj - weakly coupled model (¢=0.01)
full quadratic [Mgnl” + Zi A2 2Re(MgyMe,) +Zi AL M, +Zizj’j>i Al Mg i Mg - no assumption (CZl)
expansion - Strongly—c.ogphr%g . 2
perturbativity limit (c=16TT")
Lower bound on A
v arXiv: 2411.16907/
. 138 fb~! (13 TeV) _ 138 fb~! (13 TeV)
¢ |CMS Linear SMEFT ] ¢ | CMS Quadratic SMEFT ’
é_m?; BN c=0.01 W c=1 Ci=(4'n)2—; émz; {- ci=0.01 WM =1 ci=(4'n)2_;
< :
10"} 10"}
100} 100}
10_1? 10_1?
10_2? 10_2?
7 (1) CHu CHd g5? 7 C(H1<; cﬁ; CHu CHd g5

Sensitivity: ~ few TeV for c=1
16 /24


https://inspirehep.net/literature/2852160

EFT interpretation: Wilson coefficients in 2D

2
o~ |MSMEFT|

With 2

. L 2 Ci i _ i A2 S M M. —
full quadratic (Meul* +) %.A22RJ6(MSMM6,J+ > %.A4|Msyll +> @E jmi A Mg ;M ; N=1TeV
expansion

Other coefficients profiled Other coefficients fixed at 0 SiXiv: 2411 16007

Vector coupling
138 fo" (13 TeV) VS. 138 fo" (13 TeV)

T T T L -8 - H 1 T T L -8 -

F T Vector couplin 3 B _

0.06 CMS = PIN9 006 CMS ] =

C £ C 1 47 £

0.04 :— < 0.04 :— —: <

0.02F o 0.02F 1 1
ok ok ]
-0.02| -0.02| .
of of ]
©-0.04 S -0.04 .
-0.06 |- -0.06 |- .
~0.081- ~0.08 E
-0.1F —01F ]
-0.12}F -0.12}F .

0197 Ho =014
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With
full quadratic
expansion

EFT interpretation:

2
o~ |MSMEFT|

Wilson coefficients in 2D

b]

2
Ci C; i
WMl + ) HRe (MG Me) + 30 S5 IMeil +d 030

C;C.

Af-l

J
Mg i M ;

N=1TeV

Other coefficients profiled

138 fb™ (13 TeV)
. CMS ]
i ]
0.5F ]
No of ]
o> Or ]
L 4 SM ]
_1[ * Best Fit _
[ ~-Q<23 ]
L —Qq<5.99 .
—014—012—01—00&00&034;002 0
ch

2Aln (L)

Vector coupling
Vs.
Gauge coupling

0.5

138 fb™ (13 TeV)

_"'|"'|"'|"'|"'|"'|"'|"'|"'|"'|'_ -8 j
. CMS i =
L i [
B 4 47 =
I ] <
= . o\
i 18
i 15
- 10,
i 183
L 4 SM | B
| 4 Best Fit _

[ -Q<23 ] 1
—Qq<5.99 .
0.140.12-0.1-0.08-0.06.0.04.0.02 0 0.02 004006 °
ch)1

Other coefficients fixed at 0

arXiv: 2411.16907
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Inference for Parameter Estimation in ATLAS Constraints on standard model effective field theory effects

with Higgs bosons produced in association with W or Z
The ATLAS Collaboration bosons in the H—bb decay channel in proton-proton
collisions at /s = 13 TeV

Neural Simulation-Based Inference (NSBI) 1s a powerful class of machine learning (ML)-based
methods for statistical inference that naturally handles high-dimensional parameter estimation The CMS Collaboration
without the need to bin data into low-dimensional summary histograms. Such methods are
promising for a range of measurements, including at the Large Hadron Collider (LHC), where
no single observable may be optimal to scan over the entire theoretical phase space under
consideration, or where binning data into histograms could result in a loss of sensitivity.

This work develops an NSBI framework for statistical inference, using neural networks to Abstract

estimate probability density ratios, which enables the application of NSBI to a full-scale LHC

analysis. It incorporates a large number of systematic uncertainties, quantifies the uncertainty A standard model effective field theory (SMEFT) analysis with dimension-six opera-
coming from finite training statistics, develops a method to construct confidence intervals, tors is performed in the Higgsstrahlung process, where the Higgs boson is produced
and demonstrates a series of intermediate diagnostic checks that can be performed to validate in association with a W or Z boson, in proton-proton collisions at a center-of-mass

energy of 13 TeV. The final states where the W or Z boson decay leptonically and the
Higgs boson decays to a pair of bottom quarks are considered. The analyzed data
were collected by the CMS experiment between 2016 and 2018 and correspond to an
integrated luminosity of 138 fb ! An approach targeted to optimize simultaneously
the sensitivity to Wilson coefficients of multiple SMEFT operators is employed. The
observed results are consistent with the predictions of the standard model.

the robustness of the method. As an example, the power and feasibility of the method are
demonstrated on simulated data for a simplified version of an off-shell Higgs boson couplings
measurement in the four-leptons final states. This NSBI framework is an extension of the
standard statistical framework used by LHC experiments and can benefit a large number of
physics analyses.

| ATLAS-CONF-2024-015
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ATLAS used simulation-based inference for off-shell H production
Neural network-based approach: arXiv: 2412.01548
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Summary

Detailed effective field theory analysis in Higgs production in association with W/Z boson with full Run 2 data
- Follow-up & complementary to cross section measurements

Documentation

Probed effects of both vector and gauge coupling operators arkiv: 2411.106907
(Accepted in JHEP)

First application of likelihood-free/simulation-based inference at colliders
- Developed outside collaboration & technology available for any EFT analysis

--- Road towards fully unbinned EFT analysis using optimal observables [see Schofbeck (2024)]

Results reported as constraints on Wilson coefficients
- in 1D with other coefficients profiled or set to SM values
- in 2D with other coefficients profiled or set to SM values

— findings consistent with SM

Best SMEFT sensitivity reported in VH(bb) channel till date
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Learning SMEFT likelihood with decision trees (1)

x: Feature vectors phase-space partitioning Training phase
icti F(x)=Y 1, (x)F; J Terminal nodes S
Tree predlctlon () Z o; (X) F a. : Requirements on x for node j XZI L
JET 4 \ ) Lo, . H : :
/ Fj:HedmhonfbrnodeJ ‘ e T S ...
Phase space partitioning  Prediction 8 - : J o cutonxN
N . Fo | Fof ° ' F
Minimization of loss function w.r.t. a and Fj 20 7% L A '
F F, F, /\ cut on X,
— X F, F5
/™ cut on X, again etc.
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Learning SMEFT likelihood with decision trees (1)

x: Feature vectors phase-space partitioning

S o 1, F j: Terminal nodes
Tree prediction (x) = EZJ’ () F; @, : Requirements on x for node | X) [
! /‘ \ Fj : Prediiction for node j E
Phase space partitioning  Prediction 8 - -
Fo |Fs| © 7
Minimization of loss function w.r.t. a and Fj AL
F) F F5

Linear term in SMEFT expansion

2 ]Vgi
MSE[] Zzu = Wi+ > Y ;.
JjeT 1€y i=1 Jjedg 163 iedJ sy
Integral replaced by summation
9 F) 9 J\j - :E:: u)i
0 A ici Wig Y i€j
—MSE[F}*O — F".;-:Z'Ej g g = 0, log A !
C)F Z-;Ej w AJ =8, =8,

2

(Z¢Ej wy c.n) 6 A 2

> S > % — ) I™) Fisher information for measurement of
iej JET I le=e, JET

Fisher information = Variance of score (= derivative of log-likelihood)

MSE[F,] = —
JeET

Training phase

Eer i g

y 2

F,
/\ cut on X,
F, Fs

\‘* cut on X, again etc.
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Learning SMEFT likelihood with decision trees (1)

x: Feature vectors phase-space partitioning Training phase
icti F(x 1,,(x)F; J: Terminal nodes e
Tree prediction (x) = ezj () a, : Requirements on x for node X2 [ Py
J f \ Fj : Prediction for node j - l : T S T —_
Phase space partitioning  Prediction 8 . - ' g CUTOMXing
o . Fo | Fs| ' F
Minimization of loss function w.r.t. a and Fj 7% I el A '
F F, F, /\ cut on X,
Linear term in SMEFT expansion X F, F,
I p "‘.‘* cut on X, again etc.
AR B) BRI ) S wiat SR Y .
JjeT 1€y i=1 Jjedg 163 iedJ sy

Integral replaced by summation

0 . ici Wia Y i€]
—MSE[f,]=0 —» FJZZEJ = Du; = 0, log A ’
()Fj Z-;e; Wi Aj 8=8, =6,
2
i Z¢e Wi a PRy 2
MSE[F,] = =) ( d ) =—> (Gai) — ) I™) Fisher information for measurement of 8
_ D i Wi : Aj :
JET Le] =i J =t JET
Fisher information = Variance of score (= derivative of log-likelihood)
Cramér-Rao bound: Variance(f) > Tl")) wiki

Node-split criterion maximizes Fisher information — Optimal in precision
-

o Starting point of SC, N. Frohner, L. Lechner, R. Schoefbeck, D. Schwarz (2021)
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Learning SMEFT likelihood with decision trees (1)

x: Feature vectors phase-space partitioning Training phase
icti F(x 1., (x)F; J Terminal nodes e
Tree pFEdICthH (x) = EZJ’ () F; Q: Requirements on x for node j X2 Co
! /‘ \ Fj : Prediiction for node j ‘ - S — e —-
Phase space partitioning  Prediction 8 . - ' g CUTOMXing
o . Fo | Fs| ' F
Minimization of loss function w.r.t. a and Fj 7% I el A '
F F, F, /\ cut on X,
Linear term in SMEFT expansion X F, F,
I p "‘.‘* cut on X, again etc.
WSEIF = 3 3w |1 - g | = DY vt S Y
JjeT 1€y i=1 Jjedg 163 iedJ sy

Integral replaced by summation

0 . ici Wia Y i€]
—MSE[f,]=0 —» szze“? = Du; = 0, log A ’
OF; 2iej Wi A o=, 0=0,
2
. ZiE  Wia D\ 2
MSE[F,] = =) u =—> (Gai) — ) I™) Fisher information for measurement of 8
: S ieswi : A ;
JET Le] =i J =t JET
Fisher information = Variance of score (= derivative of log-likelihood)
Cramér-Rao bound: Variance(f) > Tl")) wiki

Node-split criterion maximizes Fisher information — Optimal in precision
0s,; -
°J

Starting point of SC, N. Frohner, L. Lechner, R. Schoefbeck, D. Schwarz (2021)
b; + 99
J

(D))"
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Learning SMEFT likelihood with decision trees (1)

x: Feature vectors phase-space partitioning Training phase
icti F(x 1,.(x)F; Ji Terminal nodes e
Tree prediction (x) = ezj () a, : Requirements on x for node X2 [ Py
J f \ FJ : Prediction for node J E ] T g ......... —
Phase space partitioning  Prediction 8 . - ' g CUTOMXing
o . Fo | Fs| ’ F
Minimization of loss function w.r.t. a and Fj H e S E '
F‘ Fz F3 /\ cut on X,
Linear term in SMEFT expansion % F, F3
s Naw "*cut on X, again etc.
MSE|[F, Zzu = Wi+ > Y ;. o
JjeT 1€y i=1 Jjedg 163 iedJ sy
Integral replaced by summation . . .
Jralrer J = w Quadratic term in SMEFT expansion
1o} . ici Wi,a Ja N\ i€]
Z MSE[F,] =0 —» FJZZEJ = %X = 0, log \j !
aF, ST Vil 0o
J =¥ 0 0 r Z-ﬁej Wy ab 9,0 ).J-
2 iT P } :
. (ZI-EJ wy (,;) [:BUAJ)Q (/\} Ziéj wy A_} 6—0,
MSE[F,] = =) =y = — ) I™) Fisher information for measurement of 8
JET Diej Wi JET Aj ) jed ?
=60 . (Efe y 'u,-'.i',ab) (8,0, Aj)z
Fisher information = Variance of score (= derivative of log-likelihood) MSE[Fu] = — Z Y e Z .
JET iej Tt JET J =6,
Cramér-Rao bound: Variance(f) > Tlg) wiki

Node-split criterion maximizes Fisher information — Optimal in precision
0s,; -
°J

Starting point of SC, N. Frohner, L. Lechner, R. Schoefbeck, D. Schwarz (2021)
b; + 99
J

(D))"
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Learning SMEFT likelihood with decision trees (2)

Boosting: Provides a strong learner by iteratively training an ensemble of weak learners to pseudo-residuals of previous iteration

&b b fb—1
Fiz) = f(z) +nF" () Minimize loss function loss w.r.t. f(x) « Goes on till a pre-defined number B
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Boosting: Provides a strong learner by iteratively training an ensemble of weak learners to pseudo-residuals of previous iteration

&b b fb—1
Fiz) = f(z) +nF" () Minimize loss function loss w.r.t. f(x) « Goes on till a pre-defined number B
. ﬁrﬁ'b_l{x)w . ’ ’
MSE[F,] = 33w, | — () - an_l{a‘ = > w L - f(x) o
JjeJ igj JET i€j Wi .
Weak learner needs to fit w - NF « Target needs to be updated in each iteration e ;.

Learning SMEFT likelihood with decision trees (2)
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Learning SMEF

Boosting: Provides a strong learner by iteratively trai

Fo(x) = f*(x) + nF" (x)

Minimize loss function loss w.r.t. 7(x)

likelihood with decision trees (2)

ning an ensemble of weak learners to pseudo-residuals of previous iteration

« Goes on till a pre-defined number B

w; b Sb—1 :
L — k" (@
, fi(x) —nF" " (x)

MSE[F,] =YY w,

JEJ igj

Weak learner needs to fit w - NF « Target needs to be

updated in each iteration

) . 1 )
Final outcome of algorithm  R(z|0,80) =1+ (6 — 00)a F\P) () + 5(9 —0p)alf — Ho)bﬂff)(m) Boosted information tree (BIT)

SC, S. Roshap, R. Schoefbeck, D. Schwarz (2022)
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Learning SMEFT likelihood with decision trees (2)

Boosting: Provides a strong learner by iteratively training an ensemble of weak learners to pseudo-residuals of previous iteration

b b Fab—1
F(z) = f(x) + nF" () Minimize loss function loss w.r.t. f(x) < Goes on till a pre-defined number B - - .
Wi,a 1, | w0 —nF @, ’ .
MSE[F,] =YY w, —f' () =l )| =) w | — — f(x) o .,
JjeJ igj JET icj k o« °
. e, {
Weak learner needs to fit w - NF « Target needs to be updated in each iteration . Ge I

Final outcome of algorithm R(x)0,80) =1+ (6 — 60)uF P (z) + (9 00)al@ — Bo)s Faf)(m) Boosted information tree (BIT)
SC, S. Roshap, R. Schoefbeck, D. Schwarz (2022)

Separate training for each linear (‘a’) & quadratic terms (‘ab’) — Total # of trainings =n + n(n+1)/2

LLR to achieve LLR obtained

"'Vobs -"\"robs

2(D(Nobs: )[61,8p) = —2 | L(0(8;) — () — Z In R(x|0y, 6)) (in large sample limit) d(D(Nobs: )[04, 8p) = =2 | L(o(81) — (b)) — Z In ﬁ’.(l’|91, 6o)
i=1 i=1
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Area normalized

Ratio to TT (OS)

Simulation strategy for SMEFT

0 — )2
Possible to encode SMEFT prediction in event weights ¢ = Msmprr(c pl)l‘ . o M (zp, h
I Msrerr(c = cp)|? Helicity-aware reweighting W =

_ c1)|?
IM(zp, hleo)|?

w(z|e) ~ (j—z = Const(z) + LIN,(2)c, + %QUADﬂ_b(z)cuc,gj
(
Needs careful choice of reference point
Store N(n) weights per event — obtain EFT prediction for any coefficient value

2
. . M(z,, h|lc;
q W Helicity-ignorant reweighting w = 2n [ M(zp. )|2
EFT operator changes helicity configuration > [M(zp. hleo)|
SM: 4/ — y Robust option

q Dt/ /-

4 Z SC & others (2024)
pPp—>wz (13 TeV) pPp—>wz (13Tev) pPp—>wz (13 TeV) pp > Wz (13 TeV)
EIl\II\|III\‘III\IIII\II\IIIIHIII\II|IIII|\III_ § I‘\III|III\lllHIIII\II\IIII\IIII\II|I\II|IIII 3 %‘ :Il\II\|III\‘III\IIIIIIIHIIIHIII\II'IIII'\III %“ I‘III\‘IIII‘II\IIII\III\\IIII\IlIIIIlHIIlHII

+TT(0S) —+TT(SS) = 1f +TT(0S) —+TT(SS) 7 0} - —+— SM 1] —— SM
—+LT —+LL E +LT —+LL a 10°F —— Weighted (Hel. aware) < o 10%F —— Weighted (Hel. aware)
10™ SM E g 11 % E —t— Weighted (Hel. ignore) % —— Weighted (Hel. ignore)
g ] g GwCq =1 g —+— Simulated c,,c. = 1,1 g —+— Simulated c,,.c_ = 1,1
| < 107" E 1025- Reference point: (CW, cﬁ=0, 0) 3 E 102 Reference point: ((:W, (:W=0.5, 0.5) E
1072 3 3
- 10 10
L 10»2 i
1073 , E
3 f 3 1k 3 F 3
f ]
107 | 3 10°F E 10—1:— 4 10'F 4
:Il\ll\llll\‘lll\llll\I\IIIIHIII\IIIIIIIII\III: l‘\|||||||\lll\\llll\ll\llll ] Ly | Ell\II\llll\‘III\IIIIIIIHIIIHIII\IIIIIII|\III7 I‘III\‘IIII‘II\IIII\III\\IIII\IlIIIIlHIIIHII’
2 T T T T a 2 T T T T T ?_J 2 T T T T "qu 2 T T T T
15 <y E« 15 v g 15 5 15
1L+ = : o 1_.-. == _.__g,_ ; L f % 1 % 1 e
0.5F ++ —t— © 05k~ 2 osf 2 o5} —
1 I++ 1 1 1 1 E L 1 1 Il Il 1 1 1 Il 'g 1 1 1 \_F_|_ " " i -g Il L Il 1 | e —— L L 1
0 50 100 150 200 250 300 350 400 450 500 & 0 50 100 150 200 250 300 350 400 450 500 & 0 50 100 150 200 250 300 350 400 450 500 & 0 50 100 150 200 250 300 350 400 450 500
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