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Single Event Likelihood i ot e
- Individual events will be stochastically independent it .
» Measured observables in an event are potentially N | i e
correlated A | I{i | 22?195 o :Liiéifgséiifiseol
* Increase accuracy and precision through joint probability 165 170 175 180 185
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density of multiple observables per event Figure 2: Top mass measurement results

Figure 1: Proton-Proton Collision Event Display

Toy Model Setup (Inspired by CMS-TOP-20-008) Toy Experiment Result
Goal: Reconstruct the top mass from "measuring” two observables 1) Calibration
Observables: m, ~ P(u/(0),6,(0)) and my, ~ O(uy(0), o(0)) Before fitting the parameters of interest one has to calibrate the distributions used,
Parameters of interest: 0 = (Am, AJSF, AJRF) .e., find ,utO, sj‘(,t from simulations with known parameters of interest
Reconstruction: Minimize the negative log-likelihood with respect to Am, given (Am,, AJSF, AJRF € {—1,0, + 1}
data samples from P and Q u,(0) = ,uto - (1 St’ftAmt) - (1 SJ”SF tAJSF) - (1 SjMRF AJRF)
Use nuisance parameters AJSF, AJRF to include systematic uncertainty ———— e e —
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095k 1 - Figure 5: m, simulations for calibration Figure 6: my, simulations for calibration
N | | 1 | : 2) Update calibrated parameters in likelihood function
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Alternative Approach: Binned likelihood fit with pyhf

Figure 3: Example of sampled distributions for my, and m,
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Correlated Sampling Evaluation of the experiment
1. Sample 0, independently and compute y,, 6,, iy, Oy T T T -
/ I | — E[(JSF - JSF)/5 | - — E[(JSF - JSF)/s ]
2. Sample sets of m, ~ P(u,, ,) and my, ~ Q(uy, oy,) independently o EUEE s 1 + 10* pseudoexperiments o S-Sy i
3. Normalize m,, myy, i.e., m, = (m, — pu,)/(c,) of e {1 + Evaluate pull: 5 B ]
4. Given correlation coefficient p € [0,1] calculate |} VarlJRF - JRF)/Z g Pull(6) 0. — 6re B i
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5. Renormalize to get my, = myoy + Uy oF 1 accuracy N ]
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00k 1 & Figure 9: Result from the single event likelihood fit Figure 10: Result from the binned likelihood fit
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_ . Conclusion
o « With increasing correlation pull width increases from 1
125.0 . . : : . : :
* Most significant impact are in parameters affected by both distributions
s0f 1000 - Measurement needs careful selection of observables or multi-dimensional
: 75.0 joint probability density functions
ok 50.0 —
- - Outlook to Normalizing Flows (NF)
| | | * Normalizing flows can be used to model complicated distributions
00 150 200 250 800 35OG V100 150 200 250 300 35OG v * Giving a transformation of variables from a complicated distribution to a simple
my [GeV] m: [GeV] distribution (i.e. Gaussian) NF can be used to calculate exact likelihoods
Figure 4: 2D-Histogram from the joint distribution of my,, m, for correlations 0 and 0.5 « Use NF to learn the combined distribution of (mt, mW) ~ D
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