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A brief swem history of SFITTER

» Used for various global SMEFT analyses
« Higgs, EWPOs, Di-Boson data
o TOp data

» Fully correlated systematic uncertainties within experiments

» Allows for both profiling and marginalisation methods

« Mapping of likelihood using MCMC
: ' =9 B
e Goal: Do this, but faster and better a“?Itter



https://arxiv.org/pdf/1910.03606
https://arxiv.org/pdf/2312.12502
http://www.apple.com/uk
https://arxiv.org/pdf/1812.07587
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SMEFT

« SMEFT: model agnostic approach for BSM

ZLsuerr = Lsu + Z F@f@ T

e operators up to dimension 6, contributions to quadratic order

 Make SMEFT predictions differentiable and fast on a GPU

b) __ b) (b
P = Wy COEP +

> Expressed as simple bilinear operation



SFITTER dataset

Consider Top sector with 22 Wilson coefficients

> 122 datapoints > includes ¢z, ttZ, tt W and SingleTop

> Many d.istributions » also top decays, charge asymmetries
(including boosted top)

and Higgs sector with 20 Wilson coefficients

> 311 Higgs datapoints > 14 EWPOs (linear SMEFT contr.)
> 43 Di-Boson datapoints > 4 high kinematic measurements
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SFITTER dataset

Consider Top sector with 22 Wilson coefficients

> 122 datapoints > includes ¢z, ttZ, tt W and SingleTop

> Many d.istributions » also top decays, charge asymmetries
(including boosted top)

Includes measurements /

with public likelihoods
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SFITTER likelihood

e Construct the likelihood for a single measurement

excl —

/’Systematic: fully correlated Gaussian

@ (0., 6,——Statistical: uncorrelated Gaussian

\ 1
Theory:  F(x|o,p)=—0 [x—(u—0)| O |[(u+0) — ]

20

L.... = Pois(d|p(C, 8, b)) Pois(b | bk) H‘(gi(ﬁi, 0;)

e Public likelthoods help handle these uncertainties properly



SFITTER likelihood

* Remove nuisance parameters via profiling L, (x) = Max Loyl

Gaussian contribution Poisson contributions

S, +bcp)!
d!
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The five steps to happiness

e We finally extract constraints on the WCs from this likelihood

* SFITTER makes use of MCMC, but that is too slow

* Alternative: Train a normalizing flow to speed this up

> Many more details in arXiv: [2411.00942]

Pre-scaling Training Profiling

p(x) \\) }a \g_) @\ é

Pre-training Sampling
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Pre-training Training Sampling Profiling

e Scale the parameter space to be centered around 0 with unit std.
e Use annealed importance sampling (AIS)

and r=1,...,T

log p(x) = (1 — B)logpy(x) + B, logpy(x)  with = %

Samples Dt )
f\N—1
XO ~ po — '/VO,O'(XO) W, = pt_l(_xt_l) W, 4 xt — MCMC(Xt_l)

WO:1

=1+ 1

Weighted l Mean and variance
eighted samples /
€ i P - X — Py
(x', w') >
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The five steps to happiness

Pre-scaling

e run many parallel MCs to
determine mean, std.

 normalize distribution

10



The five steps to happiness

Pre-scaling

e run many parallel MCs to
determine mean, std.

 normalize distribution

p(x) =)

Pre-training
e use samples from pre-scaling
to train network for a few steps
o better starting point for
main training 0



The five steps to happiness

Pre-scaling

e run many parallel MCs to
determine mean, std.

 normalize distribution

Training

p(x) =)

Pre-training
e use samples from pre-scaling
to train network for a few steps
o better starting point for
main training 0



Pre-scaling Pre-training Sampling Profiling

« How does the main training work?

Variance loss

/o p(x)*
go(x)gq(x)
x~q(x)

Optimal proposal

2
a0 = fi(x) = 2
go(X)

« Sampling directly from f,(x) is intractable
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Pre-scaling Pre-training Sampling Profiling

« How does the main training work?

Variance loss
Loss

/[ p)
7 < 86(X)q(x) > . ~(wlog ge(x)>x~ge<x>
x~q(x

Optimal proposal

AlS :
p(x)? Weighted samples
1) = Jolx) = go(x)

 Combining AIS and flow leads to simple loss

12
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Pre-scaling Pre-training Sampling Profiling

LIKELIHOOD Weighted samples
Z(x) (x, w)
X
Density
gy(X)
- 9»/”0, q’e@\ -----------------------------------
Buffered Training (¥
20

Buffer samples

Density
go(x)

A Qé(x)a Z(x)
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The five steps to happiness

Pre-scaling Training
e run many parallel MCs to e similar to MadNIS
determine mean, std. e online + buffered training
 normalize distribution e refine samples using small
number of MCMC steps

p(x) = x T

Pre-training
e use samples from pre-scaling
to train network for a few steps

o better starting point for

main training 14



To profile or to marginalize

How to compute constraints

from high-dimensional likelihood? \

Profiling Marginalization

Look for the maximum Integrate over
In parameter space parameter space

p(T)
pM)

max p(M| 1) ; p(T|M) = j p(M | T)=—

- Support both In our global fits

15



The final steps to happiness

Pre-scaling Training
e run many parallel MCs to e similar to MadNIS
determine mean std. e online + buffered training
 normalize distribution e refine samples using small
number of MCMC steps

p(x) >

Pre-training Sampling
e use samples from pre-scaling e generate weighted samples

to train network for a few steps e keep track of points with highest
e better starting point for likelthood 1n each bin

main training 6



The final steps to happiness

Pre-scaling Training Profiling
e run many parallel MCs to e similar to MadNIS e run maximization algorithm
determine mean std. » online + buffered training for each bin (L-BFGS)
 normalize distribution e refine samples using small ¢ use gradient information
number of MCMC steps

px) = 2 & -

Pre-training Sampling
e use samples from pre-scaling e generate weighted samples

to train network for a few steps e keep track of points with highest
e better starting point for likelthood 1n each bin

main training 6



Top likelihood

e Relatively simple likelihood,
mostly unfolded data

* Large effect from theory
uncertainties

* Smooth results for both profiling
and marginalization
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Top likelihood

e Relatively simple likelihood,
mostly unfolded data

* Large effect from theory
uncertainties

* Smooth results for both profiling
and marginalization
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Performance

Top likelihood e
p Top Higgs-gauge Combined
 For simple likelthoods sampling€  Dpimensions 22 120 42
. Training batch 1100 {2000 6000
on both CPU and GPU Is fast 52?:;115 T | 10M | 200M 100M
° Training and Sampling ﬁniShed in Effective sample size7.1M 97M 21M
Pre-scaling time |75 {3.5min 5.3min
around a minute Pre-training time  |18s | 1.7min 2.5min
Training time 1 365 17.3min 1.2h
. . Sampling time 265 | 14.8min 17.6min
* Mosttimes pe nt on P rofili ng Profiling time |17.7min  {24.8min 3.7h
Number of CPUs " 20 180 120
Accepted samples {37M 126.4M 60M

CPU sampling time |29min 49S 3h 23min  20h 50min
CPU profiling time {4min 43s /8min 24s  N/A

19
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Results

Higgs likelihood

* More complicated likelihood

> more measurements, less
unfolded data

* Many coefficients with multiple
modes
* Significantly smoother results

for profiling
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Results

—— marginal

Higgs likelihood

profile
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> more measurements, less
unfolded data
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Performance

Higgs likelihood S
Top 'Higgs-gauge} Combined
* Already requires 4x CPUs for Dimensions 22 120 42
Training batches 100 12000 16000
decent results Samples 10M 200M 1 100M
- . : Effecti le size 7.1IM  |97M 121M
o Slightly longer training required, M i |
Pre-scaling time 7S 13.5min 15.3min
still significantly faster even for ~ Pretrainingtime 185 {1.7min  |2.5min
Training time 36s '17.3min  {1.2h
complicated likelihoods Sampling time 265~ |14.8min  }17.6min
Profiling time 17.7min {24.8min  {3.7h
Number of CPUs 20 180 1120
Accepted samples  37M 126.4M |60M
CPU sampling time 29min 49s{3h 23min  {20h 50min
CPU profiling time =~ 4min 43s {8min 24s /N /A
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Performance

Combined likelihood

Top Higgs-gauge ’\
® FUI.I. CombIHEd l.lkel.IhOOd reqU”'eS Dimensions 29 20 42 |
o ¢ . Training batches 100 2000 16000
serious training Samples 10M  200M  |100M
* Sam pl| ng OrderS Of magnitude Effective sample size 7.1M 97M 21M
Pre-scaling time 7S 3.5min | 5.3min
faster than before Pre-training time  18s 1.7min | 2.5min
Training time 36s 17.3min  {1.2h
* Reliable P rofiled results Sampling time 265 14.8min  |17.6min
. ' Profiling time 17.7min  24.8min ;‘ 3.7h
previously out of reach for CPU  Numberofcpus 20 30 120
. . Accepted samples  37M 26.4M | 60M |
1M p le mentation CPU sampling time 29min 49s 3h 23min | 20h 50min |
CPU profiling time ~ 4min 43s 8min 24s  |\N/A )
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Top

Dimensions
Training batches
Samples

22
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10M
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20
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|42
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21M
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26.4M

29min 49s 3h 23min
4min 43s 8min 24s

120
60M |
20h 50min

9|
"

25



Final results
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* Previously: Takes (at least) a day to compute these constraints

* Now: Can find signs for new physics during lunch break (+coffee)
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Summary

* NIS: powerful tool to accelerate sampling
* Significantly improves sampling of complex likelihoods while

simultaneously providing smoother results

* The five steps to happiness can help fundamentally improve
future SFITTER studies
o Perfect time to iImplement new kinds of data formats

Thank you, that’s 1t!
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Hyperparameters

Top Higgs-gauge Combined
Architecture Coupling blocks RQ splines
Spline bins 16
Subnet layers 3
Hidden layers 64
Pre-scaling Number of samples 10240 40960 40960
AIS steps 1500 5500 5500
Target acceptance 0.33
Pre-training Batch size 1024
Epochs 15 6 6
MCMC steps between batches 20 10 10
Training Learning rate 0.001
Batch size 1024
Batches 100 2000 6000
AIS steps 4 4 8
Buffer capacity 262k
Ratio buffered/online steps 6
Sampling  Batches 100 2000 1000
Batch size 100k
Marginalization bins, 1D 80
Marginalization bins, 2D 40
Profiling bins, 1D 40
Profiling bins, 2D 30 30 20
Profiling Batch size 100k
Optimizer LBFGS
Optimization steps 200
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Pre-scaling Pre-training Sampling Profiling

« How does the main training work?

Variance loss

. p(x)
go(x)g(x)
x~q(x)

Optimal proposal

2
a0 = fi(x) = 22
go(X)

Gradient

VoL = (Vologfy) = { Vylozg,0)

x~q(x)

x~q(x)

« Sampling directly from f,(x) is intractable

30
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Pre-scaling Pre-training Sampling Profiling

 Agaln annealed importance sampling can help

Target dist.

2
pe) = £ = P
go(x)

Weighted samples 1 Loss
(w, x) — <W 0g 8y(X) >x~g9(x)

Flow as base dist.

Po(x) = go(x)

 Simple loss after combining AlIS and our flow
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Top operator definitions

Operator Definition

Operator Definition

Og;  (Qr,T'Q) (@ T") 0%, (Fy,T ) (@y"T"u;)
0(12,% (Qr.Q) (g;v*q;) O (Erpt) @yt uy)

03’% (Qr,T*7'Q) (@r*T7'q) O} (Er#T4¢) (diy, T d;)
sz’q Qr,7T' Q) (@:v*7'q;) O14 (ty*t) (diy,d;)

0(82u ((:2’}’“ TAQ) (aiYu TAui) Oclzd (QY“Q) (&l},[fdl)
Oéu (9}’“ Q) (aiYHui) qu (g:r* TACIi_) (ty, T4t)
Osy  (Qr*TQ) (d;y,T4d)) o} (Gir*q;) (Er,t)

0L,  (¢'iD, $)(@Qr'Q 0 (Q0*1)§ B,

Oy, (#7iD, $)(Qr"7'Q) Ow  QOTIPW,
Op: (qffi D, ¢) (ty*t) Opw  (Qo"b)7'¢ Wiv
Oper  ($7iD,$) (Er"D) 0 (Qo*T*)$ Gy,

32



Higgs-gauge operator definitions (HISZ)

Operator Definition Operator Definition

Occ  ¢'¢ G°,G* Oww "W, W ¢

OBB qu Buvé’\“v 4) OW (Du?)TY\AV“v(quS)
OB (Dud))TBIW(quS) OBW ¢T Bukuv ¢

Op1 (D,$) o™ (DH9) Ogpo 50" (079)3,(¢79)
Ong  Te(W,, Woews)

(1) (D & )iiwyH (1) (D b OvH
O¢u ¢ (le,d))(uRY uR) O¢Q 4) (lDu¢)(QY Q)
0%)  ¢'(iD,$)(drr"dr) 0% ¢'(iD%e) (Qr* Q)
05)  ¢'(iD,$)(Exr"er)

Oeg 22 ¢'P i'_zclieR,z Oe 33 ¢'P i’_3¢eR,3
Ou¢,33 ¢T¢ Q3¢UR,3 Od¢,33 ¢T¢ Q3¢dR,3

Our (Iq}’uLz) (l—'zY“Ll)
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Higgs-gauge operator definitions (Warsaw)

Operator Definition Operator Definition

Opc  ¢'¢G,,G¥ Ow e W W PW K

OCPB c/)“d)BuvBm’ O¢W C/)T¢WJVWI’”

quWB ¢--TI¢W,£,,BW

O (#'¢)0(979) Opp (¢ ¢)(¢'D"$)
Oc,be (<I5"iDu ¢2(_)éi}’“ei_) Od)b (¢TiDu ¢)(g?)iTIY“bi)
Opa Lima(9'1D, &)div"d,) Opu 2y ($7iD, )@ 1)
0y X7 (¢'iD,$)dr"q) 0P ¥ (¢'iD,$)@t'v"q)
o) (¢'iD, )11 oF)  (¢'iD L)1y D)
Oug33  (97¢0)(Q3b¢) Oupzs  (97d)Qstd)

Ocp 22 (TP)Loud) Ocp33  (¢7P)1s70)

On (Ly, D(y*1)
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Full top dataset

Experiment Energy [TeV] £ [fb™!] Channel Observable # Bins New Likelihood QCD k-factor

CMS  [79] 8 19.7 e O 80
ATLAS [81] 8 20.2 lj O,: [80] Exp. Vs [TeV] L[fb™1] Channel Observable # Bins New Likelihood QCD k-factor
CMS [82] 13 137 lj Oy v 80 ATLAS[108] 7 4.59 t-ch O tqriq
CMS [83] 13 35.9 1l Ot [80] CMS [109] 7  1.17(e),1.56 () t-ch O rq+iq
ATLAS [84] 13 36.1 1l O, v 80 ATLAS [110] 8 20.2 t-ch 0., 0
ATLAS [85] 13 36.1 aj O v 80 CMS [111] 8 19.7 t-ch o, 0
ATLAS [47] 13 139 L] Ot v v 80 ATLIAS [112] 13 3.2 t-ch 0., 0 [113]
cMs [86]  13.6 121 1L, 1j O v 86] gxz ;ﬂ:; 12 325-29 t'cﬁ Tt [113]
[115] : t-c e
cMs [87] 8 19.7 Lj li 7 '88-90] - - o
cMS [87] 8 19.7 1l Ldo 5 88-90; gmg E > g 159-17 sh T
o . 1 do i ; | 110 - s-C O tb+ib
ATLAS [91] 8 20.3 L] camg 7 18890 ATLAS[117] 8 20.3 sch O,
CMS [82] 13 137 lj 1& 15 [45] ATLIAS [49] 13 139 s-ch O th+ib v v
cMs  [92] 13 35.9 I sin~ 8 [88-90] ATLAS[118] 7 2.05 (W (20) O e
ATLAS [93] 13 36 lj i 9 Y [45] CMs [119] 7 4.9 tW (21) O wiw
ATLAS [94] 13 139 aj, high-p, 142 13 ¢ ATLAS [120] 8 20.3 twW E21§ T ew+tw
— _ i — ATLAS [121] 8 20.2 tW (1) Orwaiw v
CMS  [95] 8 19.7 lj Ac 196 CMS [122] 8 12.2 tW (21) O upeiw
CMs  [97] 8 19.5 [ Ac 96 ATLAS[123] 13 3.2 tW (1) O weiw
ATLAS [98] 8 20.3 Lj Ac 196 CMS [124] 13 35.9 tW (epj) O waiw
ATLAS [99] 8 20.3 [l Ac 196 CMS [125 13 36 tW 2) O v
CMS  [100; 13 138 Lj Ac v (96 ATLAS [126] 13 36.1 tZ O izq
ATLAS [101] 13 139 [ Ag v 96
: — ATLAS [127] 7 1.04 F,,F
CMS [103] 13 77.5 iy 102] ATLAS [129] 8 20.2 F,,F,
CMS [104] 13 35.9 O riw 102 CMS [130] 8 19.8 F,,F,
ATLAS [105] 13 36.1 O riw v 102] ATLAS [131] 13 139 F,,F, v
CMS [106] 8 19.7 O iy v
ATLAS [107] 8 20.2 O ity v
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