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HistFactory

declarative binned likelihoods

One of the most widely used statistical models in HEP for binned measuments and searches.

10x8x1x23

,,,,,,,,

T T T
] -
40 o Datazottszotz ATLAS ﬂﬁ?fes'i‘;"“‘ﬁf?”
SM Higgs B "y - .
e HoZZoa 7 0lepton
mtas: i Vs=7TeV |Ldt=4.61b" 2brtags
\s=8TeV JLdt=2071b"

Events/5 GeV

ATLAS ~-Dan —Towsm |

1 Vs =13TeV,36.1 16" Dz Wi P Signalregions
= (=
[singletop  MOboson £

s !
< I 0.80 1 [ | |0yl e
100 150 200 250 2| L L L L L L L L L L L 200 300 400 500 600 700 800
ma (GeV] WOWT MR L B W NNR RS W, N e e e ET™* [GeV]
Standard Model SUSY Exotics '
Mathematical Formulation:a parametrized p.d.f with & —
parameters or interest (POIl) and nuisance parameters P Jonee

fxix2s

I3

(1)

P(nc, Te, Gp | ¢p, Qp, '7b) =

erererer

cEchannels e=1 peESHT

.........................................................................

H Pois(nc|1/c)1_c[fc($e|a) é'éG(Lol)\,AL)' H fo(aplop)

Primary Measurment:
+ multiple disjoint "channels" (e.g. event observables), each with multiple bins
+ Poisson with rate parameters as functions of poi and nuisance parameters

Auiliary Measurement col th
+ constraint terms on modeled as "measurements” of auxiliary data :

pure python implementation of HistFactory

implementation of HistFactory likelihood (1) as a computational graph of multi-
Pe rfo r m a n ce dimensional array operations.

fast likelihood computation Use of array ("tensor") operations through a common API layer around high-
performance tensor libraries: e.g.

numpy g O PyTorch

efficient use of tensor computation makes pyhf fast.
Competitive with ROOT implementation - often faster.
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pe . Installation:
! Pl $> pip install pyhf
CL. computation Data size Example: simple number-counting experiment
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Hardware Acceleration

For ML-library tensor backends Computational graph can be transparently Auto-Differentiation:

placed on hardware accelerators: GPUs and TPUs for order of magnitude Y
speed-up in computation. Tensor libraries from ML communty provide exact gradients
Scaling of Interpolation Code 0 Scaling of Interpolation Code 0 for use in minimization. a/,l/ ’ 89 .
@ Colab GPU tf 7/
- Optimizers
T pyhf likeliehood are simple tensor-value python functions. Can use multiple
107]0 1000 2000 3000 4000‘5000 6000 7000 o 1000 2000 3000 4000 5000 6000 7000 minimization algorithms, such as ScipY .minimize or MINUIT

Sharable Likelihoods JSON Format

built for reinterpretation

The full likelihood can be expressed as a singles8ON document

measurements:

For reinterprc—_:tati_on of searches, the bulk of the Iikelihpod is invariar_lt. Only need - easy archivability (HepData) da;af“a‘“e’ demo, config: {poi: mu}}
to patch the likelihood. Use JSONPatch standard to inject the new signal. - easy sharing across network hsingiechannel: [51, 48]
. - channels:
‘ easy manlpl’“atlon - name: singlechannel
samples:
[ - name: signal
{"op": "replace", "path": "/channels/0/samples/0/data", "value": [5., 6.]} ° da?;_[lz, 11]
modlrliers:
] curl http://url-to-json/workspace.json|pyhf cls - name: mu
! g i type: normfactor
.002606408505279359, data: null
$> pyhf cls original.json|jq .CLs_obs 2292, - name: background
0.05290116065118097 123526102499555396, data: [50,52]
.573041803728844 modifiers:
&» $> pyhf cls original.json --patch newsignal.json|jq .CLs_obs e s (e R L R ‘S‘E:;::;‘:kguncrt
0.3401578753020146 data: [3,7]




