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10 years ago
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10 years ago

Not only a significant moment 
for physics, but also:  
 
LHC reached a new level of statistical 
sophistication in  producing these 
results 

This Talk: will try to give a feel 
for how these results come about
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I will try to summarize 

• how we build the statistical model at the LHC 
esp. how we incorporate nuisance parameters 

• describe the current practice for statistical tests 
• discuss some frequent assumptions made during inference 
• focus on frequentist viewpoint as its dominant at LHC 

 

Assuming familiarity w/ stats but less with HEP 

Goals for the talk
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The Large Hadron Collider
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p(theory |data) =
p(data | theory)p(theory)

p(data)

What we would like to do
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The forward model of the data is pretty complicated

How to describe the data? 

theory
p(data | theory)?

data
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Fortunately: particle physics has very strong foundational modeling: 
• can describe generative process as a (very deep) Markov Model

How to describe the data? 

p(zp|✓)
<latexit sha1_base64="MkMF2xZCe6xW09RuBMs/uenQRL8=">AAAB9HicbVBNSwMxEM36WetX1aOXYBHqpexWQY9FLx4r2A9ol5JNs21oNhuT2UJd+zu8eFDEqz/Gm//GtN2Dtj4YeLw3w8y8QAluwHW/nZXVtfWNzdxWfntnd2+/cHDYMHGiKavTWMS6FRDDBJesDhwEaynNSBQI1gyGN1O/OWLa8Fjew1gxPyJ9yUNOCVjJV6XHrnrqwIABOesWim7ZnQEvEy8jRZSh1i18dXoxTSImgQpiTNtzFfgp0cCpYJN8JzFMETokfda2VJKIGT+dHT3Bp1bp4TDWtiTgmfp7IiWRMeMosJ0RgYFZ9Kbif147gfDKT7lUCTBJ54vCRGCI8TQB3OOaURBjSwjV3N6K6YBoQsHmlLcheIsvL5NGpeydlyt3F8XqdRZHDh2jE1RCHrpEVXSLaqiOKHpAz+gVvTkj58V5dz7mrStONnOE/sD5/AGTvZH4</latexit>

p(zh|zp)
<latexit sha1_base64="4AWqj0cx8FT0gKWhkmuZy4L8snE=">AAAB8XicbVBNSwMxEJ31s9avqkcvwSLUS9mtgh6LXjxWsB/YLks2zbah2WxIskJb+y+8eFDEq//Gm//GtN2Dtj4YeLw3w8y8UHKmjet+Oyura+sbm7mt/PbO7t5+4eCwoZNUEVonCU9UK8SaciZo3TDDaUsqiuOQ02Y4uJn6zUeqNEvEvRlK6se4J1jECDZWepClUdB/GgXyLCgU3bI7A1omXkaKkKEWFL463YSkMRWGcKx123Ol8cdYGUY4neQ7qaYSkwHu0balAsdU++PZxRN0apUuihJlSxg0U39PjHGs9TAObWeMTV8velPxP6+dmujKHzMhU0MFmS+KUo5Mgqbvoy5TlBg+tAQTxeytiPSxwsTYkPI2BG/x5WXSqJS983Ll7qJYvc7iyMExnEAJPLiEKtxCDepAQMAzvMKbo50X5935mLeuONnMEfyB8/kDSUyQqQ==</latexit>

p(zd|zh)
<latexit sha1_base64="YWnOMIBvakokA5LbrnhDTU/UHqw=">AAAB8XicbVBNS8NAEJ34WetX1aOXxSLUS0mqoMeiF48V7Ae2IWw2m3bpZhN2N0Ib+y+8eFDEq//Gm//GbZuDtj4YeLw3w8w8P+FMadv+tlZW19Y3Ngtbxe2d3b390sFhS8WpJLRJYh7Ljo8V5UzQpmaa004iKY58Ttv+8Gbqtx+pVCwW93qUUDfCfcFCRrA20kNSGXvB09gbnHmlsl21Z0DLxMlJGXI0vNJXL4hJGlGhCcdKdR070W6GpWaE00mxlyqaYDLEfdo1VOCIKjebXTxBp0YJUBhLU0Kjmfp7IsORUqPIN50R1gO16E3F/7xuqsMrN2MiSTUVZL4oTDnSMZq+jwImKdF8ZAgmkplbERlgiYk2IRVNCM7iy8ukVas659Xa3UW5fp3HUYBjOIEKOHAJdbiFBjSBgIBneIU3S1kv1rv1MW9dsfKZI/gD6/MHNwCQnQ==</latexit>

core physics 
process

particle evolution  
(decays, radiation)

particle interaction 
with dense materialobserved voltages, etc 

in read-out electronics

<latexit sha1_base64="zbxNK9arzdEtoZ1dJL4ntuYzOzM=">AAAB73icbVBNT8JAEJ3iF+IX6tHLRmKCF9Iaoh6JXjxiIh8JNGS73cKG7bbsbo1Y+RNePGiMV/+ON/+NC/Sg4EsmeXlvJjPzvJgzpW3728qtrK6tb+Q3C1vbO7t7xf2DpooSSWiDRDySbQ8rypmgDc00p+1YUhx6nLa84fXUb91TqVgk7vQ4pm6I+4IFjGBtpHZcfnh67PmnvWLJrtgzoGXiZKQEGeq94lfXj0gSUqEJx0p1HDvWboqlZoTTSaGbKBpjMsR92jFU4JAqN53dO0EnRvFREElTQqOZ+nsixaFS49AznSHWA7XoTcX/vE6ig0s3ZSJONBVkvihIONIRmj6PfCYp0XxsCCaSmVsRGWCJiTYRFUwIzuLLy6R5VnHOK9Xbaql2lcWRhyM4hjI4cAE1uIE6NIAAh2d4hTdrZL1Y79bHvDVnZTOH8AfW5w+3mI/F</latexit>

p(x|zd)
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Unfortunately, all this latent evolution is not observable 
all we get is the final data : integrate out all latent statesx

How to describe the data? 

unobserved 
latent states

<latexit sha1_base64="e+GRsuKTPl1f6PRHagbIyojtkv8="></latexit>

p(x|✓) =
Z

dz p(x, z) =

Z
dzddzhdzp p(x|zd)p(zd|zh)p(zh|zp)p(zp|✓)

11



The parameters θ

One more issue: the “theory” space is not the only thing effecting the data 
• every step of the forward process comes with its own parameters 

(we understand the process generally but need additional knobs to model the data) 

p(zp|✓)
<latexit sha1_base64="MkMF2xZCe6xW09RuBMs/uenQRL8=">AAAB9HicbVBNSwMxEM36WetX1aOXYBHqpexWQY9FLx4r2A9ol5JNs21oNhuT2UJd+zu8eFDEqz/Gm//GtN2Dtj4YeLw3w8y8QAluwHW/nZXVtfWNzdxWfntnd2+/cHDYMHGiKavTWMS6FRDDBJesDhwEaynNSBQI1gyGN1O/OWLa8Fjew1gxPyJ9yUNOCVjJV6XHrnrqwIABOesWim7ZnQEvEy8jRZSh1i18dXoxTSImgQpiTNtzFfgp0cCpYJN8JzFMETokfda2VJKIGT+dHT3Bp1bp4TDWtiTgmfp7IiWRMeMosJ0RgYFZ9Kbif147gfDKT7lUCTBJ54vCRGCI8TQB3OOaURBjSwjV3N6K6YBoQsHmlLcheIsvL5NGpeydlyt3F8XqdRZHDh2jE1RCHrpEVXSLaqiOKHpAz+gVvTkj58V5dz7mrStONnOE/sD5/AGTvZH4</latexit>

p(zh|zp)
<latexit sha1_base64="4AWqj0cx8FT0gKWhkmuZy4L8snE=">AAAB8XicbVBNSwMxEJ31s9avqkcvwSLUS9mtgh6LXjxWsB/YLks2zbah2WxIskJb+y+8eFDEq//Gm//GtN2Dtj4YeLw3w8y8UHKmjet+Oyura+sbm7mt/PbO7t5+4eCwoZNUEVonCU9UK8SaciZo3TDDaUsqiuOQ02Y4uJn6zUeqNEvEvRlK6se4J1jECDZWepClUdB/GgXyLCgU3bI7A1omXkaKkKEWFL463YSkMRWGcKx123Ol8cdYGUY4neQ7qaYSkwHu0balAsdU++PZxRN0apUuihJlSxg0U39PjHGs9TAObWeMTV8velPxP6+dmujKHzMhU0MFmS+KUo5Mgqbvoy5TlBg+tAQTxeytiPSxwsTYkPI2BG/x5WXSqJS983Ll7qJYvc7iyMExnEAJPLiEKtxCDepAQMAzvMKbo50X5935mLeuONnMEfyB8/kDSUyQqQ==</latexit>

p(zd|zh)
<latexit sha1_base64="YWnOMIBvakokA5LbrnhDTU/UHqw=">AAAB8XicbVBNS8NAEJ34WetX1aOXxSLUS0mqoMeiF48V7Ae2IWw2m3bpZhN2N0Ib+y+8eFDEq//Gm//GbZuDtj4YeLw3w8w8P+FMadv+tlZW19Y3Ngtbxe2d3b390sFhS8WpJLRJYh7Ljo8V5UzQpmaa004iKY58Ttv+8Gbqtx+pVCwW93qUUDfCfcFCRrA20kNSGXvB09gbnHmlsl21Z0DLxMlJGXI0vNJXL4hJGlGhCcdKdR070W6GpWaE00mxlyqaYDLEfdo1VOCIKjebXTxBp0YJUBhLU0Kjmfp7IsORUqPIN50R1gO16E3F/7xuqsMrN2MiSTUVZL4oTDnSMZq+jwImKdF8ZAgmkplbERlgiYk2IRVNCM7iy8ukVas659Xa3UW5fp3HUYBjOIEKOHAJdbiFBjSBgIBneIU3S1kv1rv1MW9dsfKZI/gD6/MHNwCQnQ==</latexit>

<latexit sha1_base64="zbxNK9arzdEtoZ1dJL4ntuYzOzM=">AAAB73icbVBNT8JAEJ3iF+IX6tHLRmKCF9Iaoh6JXjxiIh8JNGS73cKG7bbsbo1Y+RNePGiMV/+ON/+NC/Sg4EsmeXlvJjPzvJgzpW3728qtrK6tb+Q3C1vbO7t7xf2DpooSSWiDRDySbQ8rypmgDc00p+1YUhx6nLa84fXUb91TqVgk7vQ4pm6I+4IFjGBtpHZcfnh67PmnvWLJrtgzoGXiZKQEGeq94lfXj0gSUqEJx0p1HDvWboqlZoTTSaGbKBpjMsR92jFU4JAqN53dO0EnRvFREElTQqOZ+nsixaFS49AznSHWA7XoTcX/vE6ig0s3ZSJONBVkvihIONIRmj6PfCYp0XxsCCaSmVsRGWCJiTYRFUwIzuLLy6R5VnHOK9Xbaql2lcWRhyM4hjI4cAE1uIE6NIAAh2d4hTdrZL1Y79bHvDVnZTOH8AfW5w+3mI/F</latexit>

p(x|zd)

<latexit sha1_base64="RzOaQ0IXifvqPG1+AvoCqrW9XQs=">AAACC3icbZDLSsNAFIYnXmu9VV26GVqEClISKeqy6MZlBXuBpoTJdNoMnSTDzIlQY/dufBU3LhRx6wu4822ctllo6w8DH/85hznn96XgGmz721paXlldW89t5De3tnd2C3v7TR0nirIGjUWs2j7RTPCINYCDYG2pGAl9wVr+8GpSb90xpXkc3cJIsm5IBhHvc0rAWF6hKMv3nnxwIWBAPHmSgRsSCFSYQjA+9golu2JPhRfByaCEMtW9wpfbi2kSsgioIFp3HFtCNyUKOBVsnHcTzSShQzJgHYMRCZnuptNbxvjIOD3cj5V5EeCp+3siJaHWo9A3nZMd9XxtYv5X6yTQv+imPJIJsIjOPuonAkOMJ8HgHleMghgZIFRxsyumAVGEgokvb0Jw5k9ehOZpxTmrVG+qpdplFkcOHaIiKiMHnaMaukZ11EAUPaJn9IrerCfrxXq3PmatS1Y2c4D+yPr8AcLVm4U=</latexit>

p(zp|✓p, ✓th)
<latexit sha1_base64="Vpcv3r4VeMVEJGi6EvJgDNWIi+w=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBEqSEmkqMuiG5cV7APaECbTaTN08mDmRkhj/RU3LhRx64e482+ctllo64ELh3Pu5d57vFhwBZb1baysrq1vbBa2its7u3v75sFhS0WJpKxJIxHJjkcUEzxkTeAgWCeWjASeYG1vdDP12w9MKh6F95DGzAnIMOQDTgloyTVLcWXs+o9jNz7rgc+AuP6pa5atqjUDXiZ2TsooR8M1v3r9iCYBC4EKolTXtmJwMiKBU8EmxV6iWEzoiAxZV9OQBEw52ez4CT7RSh8PIqkrBDxTf09kJFAqDTzdGRDw1aI3Ff/zugkMrpyMh3ECLKTzRYNEYIjwNAnc55JREKkmhEqub8XUJ5JQ0HkVdQj24svLpHVetS+qtbtauX6dx1FAR+gYVZCNLlEd3aIGaiKKUvSMXtGb8WS8GO/Gx7x1xchnSugPjM8fZjCUng==</latexit>

p(zh|zp, ✓h)
<latexit sha1_base64="edZJY0tplnnI8aY64BPBcmYtrEw=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAgVpCRS1GXRjcsK9gFtCJPJpBk6eTBzI6Sx/oobF4q49UPc+TdO2yy09cCFwzn3cu89bsKZBNP81lZW19Y3Nktb5e2d3b19/eCwI+NUENomMY9Fz8WSchbRNjDgtJcIikOX0647upn63QcqJIuje8gSaod4GDGfEQxKcvRKUhs73uPYCc4GEFDAjnfq6FWzbs5gLBOrIFVUoOXoXwMvJmlIIyAcS9m3zATsHAtghNNJeZBKmmAywkPaVzTCIZV2Pjt+YpwoxTP8WKiKwJipvydyHEqZha7qDDEEctGbiv95/RT8KztnUZICjch8kZ9yA2JjmoThMUEJ8EwRTARTtxokwAITUHmVVQjW4svLpHNety7qjbtGtXldxFFCR+gY1ZCFLlET3aIWaiOCMvSMXtGb9qS9aO/ax7x1RStmKugPtM8fTWSUjg==</latexit>

p(zd|zh, ✓d)
<latexit sha1_base64="1DAppW+NSyjYN/0oA+7NV5+YEcA=">AAAB+nicbVBNS8NAEN34WetXqkcvwSJUkJJIUY9FLx4r2A9oQ9hstu3SzSbsTrQ17U/x4kERr/4Sb/4bt20O2vpg4PHeDDPz/JgzBbb9baysrq1vbOa28ts7u3v7ZuGgoaJEElonEY9ky8eKciZoHRhw2oolxaHPadMf3Ez95gOVikXiHkYxdUPcE6zLCAYteWYhLg3HT15w1oE+BewNTz2zaJftGaxl4mSkiDLUPPOrE0QkCakAwrFSbceOwU2xBEY4neQ7iaIxJgPco21NBQ6pctPZ6RPrRCuB1Y2kLgHWTP09keJQqVHo684QQ18telPxP6+dQPfKTZmIE6CCzBd1E25BZE1zsAImKQE+0gQTyfStFuljiQnotPI6BGfx5WXSOC87F+XKXaVYvc7iyKEjdIxKyEGXqIpuUQ3VEUGP6Bm9ojdjbLwY78bHvHXFyGYO0R8Ynz/jTZPF</latexit>

p(x|zd, ✓x)

core “theory” 
parameters of inferest 

(e.g. “Higgs Mass”
nuisance parameters

<latexit sha1_base64="lYXrxI6WR6UwEF+Mbu3Lz9keJP4=">AAACJ3icbVDLSgMxFM3UV62vqks3wSLUTZmRooIoRTcuK9gHdIaSyaRtaOZBckesY//Gjb/iRlARXfonZtoubOuBwLnn3kvOPW4kuALT/DYyC4tLyyvZ1dza+sbmVn57p67CWFJWo6EIZdMligkesBpwEKwZSUZ8V7CG279K+407JhUPg1sYRMzxSTfgHU4JaKmdv4iK94829BiQQ3yObR4Atn0CPekn3vCh7U1Vvakqss/a+YJZMkfA88SakAKaoNrOv9leSGOfBUAFUaplmRE4CZHAqWDDnB0rFhHaJ13W0jQgPlNOMrpziA+04uFOKPXTPkfq342E+EoNfFdPpjbVbC8V/+u1YuicOgkPohhYQMcfdWKBIcRpaNjjklEQA00IlVx7xbRHJKGgo83pEKzZk+dJ/ahkHZfKN+VC5XISRxbtoX1URBY6QRV0jaqohih6Qi/oHX0Yz8ar8Wl8jUczxmRnF03B+PkFXkmm7A==</latexit>

p(x|✓) =
Z

dzddzhdzp
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Inference Goals

The nuisance parameters are necessary but seriously complexify the model 
 

But not what we are interested in producing results on them. 
Need to reflect this in inference methods 

POI Nuisance Parameters

θ

μ ν

13



The Saving Grace: Simulators

So far a pretty bleak picture: but we still do science, what gives?

Simulators!
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The Saving Grace: Simulators

While we cannot evaluate the likelihood, we can sample it. 

 x ∼ p(x |θ)

<latexit sha1_base64="T3q/B7DsimqDtUDv9N+KlPne7Jw=">AAACCXicbZDLSgMxFIYz9VbrbdSlm2ARKkiZkaIui25cVrAXaMuQSdM2NJMJyRmhjt268VXcuFDErW/gzrcxvSy09UDIx/+fQ3L+UAluwPO+nczS8srqWnY9t7G5tb3j7u7VTJxoyqo0FrFuhMQwwSWrAgfBGkozEoWC1cPB1div3zFteCxvYahYOyI9ybucErBS4OL7QOGW4RFWBYsPLegzICd4egfqOHDzXtGbFF4EfwZ5NKtK4H61OjFNIiaBCmJM0/cUtFOigVPBRrlWYpgidEB6rGlRkoiZdjrZZISPrNLB3VjbIwFP1N8TKYmMGUah7YwI9M28Nxb/85oJdC/aKZcqASbp9KFuIjDEeBwL7nDNKIihBUI1t3/FtE80oWDDy9kQ/PmVF6F2WvTPiqWbUr58OYsjiw7QISogH52jMrpGFVRFFD2iZ/SK3pwn58V5dz6mrRlnNrOP/pTz+QObwJmn</latexit>

zp ⇠ p(zp|✓, ✓p)
<latexit sha1_base64="5fRGaYs3dA986cdJjoHZsq3I+c8=">AAACBnicbZDLSgMxFIYz9VbrbdSlCMEiVJAyI0VdFt24rGAv0ClDJk07ocnMkJwR2tqVG1/FjQtF3PoM7nwb08tCW38IfPznHE7OHySCa3CcbyuztLyyupZdz21sbm3v2Lt7NR2nirIqjUWsGgHRTPCIVYGDYI1EMSIDwepB73pcr98zpXkc3UE/YS1JuhHvcErAWL59OPBD7GkucVIw+DDwk1PsQciA+OGJb+edojMRXgR3Bnk0U8W3v7x2TFPJIqCCaN10nQRaQ6KAU8FGOS/VLCG0R7qsaTAikunWcHLGCB8bp407sTIvAjxxf08MidS6LwPTKQmEer42Nv+rNVPoXLaGPEpSYBGdLuqkAkOMx5ngNleMgugbIFRx81dMQ6IIBZNczoTgzp+8CLWzonteLN2W8uWrWRxZdICOUAG56AKV0Q2qoCqi6BE9o1f0Zj1ZL9a79TFtzVizmX30R9bnDyH0mEg=</latexit>

zh ⇠ p(zh|zp, ✓h)
<latexit sha1_base64="D+lJe+wYRyJXTjldlObV24ZZk9U=">AAACBnicbZDLSsNAFIYn9VbrrepShMEiVJCSSFGXRTcuK9gLtCFMJpNm6OTCzInQxq7c+CpuXCji1mdw59s4vSy09YeBj/+cw5nzu4ngCkzz28gtLa+sruXXCxubW9s7xd29popTSVmDxiKWbZcoJnjEGsBBsHYiGQldwVpu/3pcb90zqXgc3cEgYXZIehH3OSWgLad4OHQ83FU8xElZ48PQCU5xFwIGxPFOnGLJrJgT4UWwZlBCM9Wd4lfXi2kasgioIEp1LDMBOyMSOBVsVOimiiWE9kmPdTRGJGTKziZnjPCxdjzsx1K/CPDE/T2RkVCpQejqzpBAoOZrY/O/WicF/9LOeJSkwCI6XeSnAkOMx5lgj0tGQQw0ECq5/iumAZGEgk6uoEOw5k9ehOZZxTqvVG+rpdrVLI48OkBHqIwsdIFq6AbVUQNR9Iie0St6M56MF+Pd+Ji25ozZzD76I+PzBwKkmDQ=</latexit>

zd ⇠ p(zd|zh, ✓d)
<latexit sha1_base64="DJhF4DXDRlf4iNSdiKsI52FMysw=">AAACAnicbVDLSgNBEJz1GeNr1ZN4GQxCBAm7EtRj0IvHCOYB2WWZnUySIbMPZnolcQ1e/BUvHhTx6ld482+cJHvQxIKGoqqb7i4/FlyBZX0bC4tLyyurubX8+sbm1ra5s1tXUSIpq9FIRLLpE8UED1kNOAjWjCUjgS9Yw+9fjf3GHZOKR+EtDGPmBqQb8g6nBLTkmfsD7Cge4Lg4eLj3eifYgR4D4g2OPbNglawJ8DyxM1JAGaqe+eW0I5oELAQqiFIt24rBTYkETgUb5Z1EsZjQPumylqYhCZhy08kLI3yklTbuRFJXCHii/p5ISaDUMPB1Z0Cgp2a9sfif10qgc+GmPIwTYCGdLuokAkOEx3ngNpeMghhqQqjk+lZMe0QSCjq1vA7Bnn15ntRPS/ZZqXxTLlQuszhy6AAdoiKy0TmqoGtURTVE0SN6Rq/ozXgyXox342PaumBkM3voD4zPHw6+lpY=</latexit>

x ⇠ p(x|zh, ✓x)

x θ
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Extremely High-Quality Simulation

different

theories

observed 
data

7 orders 
of magnitude 

in density
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Frequentist Statistics and Likelihood-Free Inference 

HEP one of major domains where frequentist statistics is used most results 

One (possible) reason: 
Freq. Stats is fundamentally more amenable to likelihood-free inference 

Example: Hypothesis Tests 

• just need be able to sample 
                      

• and be able to evaluate test statistic 
                     

x ∼ p(x |θ)

x → t(x)

17



Compressing the data

Given the freedom of frequentist analysis, most of LHC analysis is about 
finding good data representations

t(x) → ̂θ
Inference

Statistical 
Analysis

Observable 
Distributions

Jet 
Algorithms

Energy 
Clusters

Tracks

"Analysis"

Approximately follows a step-by-step 
inference / inversion of the data 
 
In some sense just a very sophisticated 
way to build summary statistics of 
the data

θ
O(10)

O(100M)

Hypothesis

da
ta

 d
im

en
si

on
al

ity

Detector Data

RGE Flow

Matrix 
Elements

PDFs

Parton 
Shower

Hadronization

Material 
Interaction

“Simulation”
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Likelihood are still useful

Even though frequentist analysis does not need likelihoods, 
they are still useful in order to find good test statistics 

Classic Neyman-Pearson Lemma: optimal binary test 
requires evaluating the likelihood (ratio)

H0

H1

Theory Space

<latexit sha1_base64="H1KhSZIbOC8P9lznxZakTgnA0dA=">AAACEXicbZDLSsNAFIYn9VbrLerSzWAR0oUlKaJuhKKbLivYCzQhTKaTdujkwsxEWmJewY2v4saFIm7dufNtnLZZaOsPAx//OYcz5/diRoU0zW+tsLK6tr5R3Cxtbe/s7un7B20RJRyTFo5YxLseEoTRkLQklYx0Y05Q4DHS8UY303rnnnBBo/BOTmLiBGgQUp9iJJXl6oY0xhV4BU9r0GbRANo+RziNjfFDwzUrWU5WJXP1slk1Z4LLYOVQBrmarv5l9yOcBCSUmCEhepYZSydFXFLMSFayE0FihEdoQHoKQxQQ4aSzizJ4opw+9COuXijhzP09kaJAiEngqc4AyaFYrE3N/2q9RPqXTkrDOJEkxPNFfsKgjOA0HtinnGDJJgoQ5lT9FeIhUplIFWJJhWAtnrwM7VrVOq9at2fl+nUeRxEcgWNgAAtcgDpogCZoAQwewTN4BW/ak/aivWsf89aCls8cgj/SPn8A6YubOQ==</latexit>

t(x) = �2 log
p(x|H0)

p(x|H1)
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The usual workflow

In light of this, the usual strategy in HEP uses “approximate likelihoods” 
designed to model densities of summary statistics by using samples from  
simulation (e.g. histograms, kernel densities, …) 

Most work goes into carefully building this “approximate likelihood” 
(recently lots of interest in“more likelihood-free” methods, cf. later)

p(s |θ) = p(s(x) |θ)

“Likelihood-ful” 
Inference

data

simulation

summary statistics /  
density estimation raw datatest statistics 

for inference

s( ⋅ )

20



Analysis via summary statistics:  

Curse: by definition lose sensitivity (data processing inequality) 

Blessing:  by the same token gives freedom to tune for desiderata 
(“planned degradation”) 
• e.g. design  to be robustness against NPs, remove correlations

p(x = t(data), θ)

t(x)

Advantages & Disadvantages of this workflow

POI

NP

21



Using ML and “planned degradation” to achieve pivotal projections 

Goal: representations of the data that  
• good at separating sig v. bkg 
• bad at measuring NPs  (i.e. invariant)

ML for controlling systematics

adversarial training distance correlation penalty

arxiv:1611.01046 arxiv:2106.09609

arxiv:2001.0531022



Building the model



Two broad styles:  

Focus on building the low-dim. model

p({xi} |θ) = Pois(N |λ(θ))
N

∏
i=0

p(xi |θ)

“Unbinned”

p({nb} |θ) = ∏
b

Pois(nb |λb(θ))

“Binned” 
(equivalent to unbinned w/ step-wise constant)

24



Higgs

Fundamentally, Quantum Mechanics doesn’t allow us to predict, exactly 
what “process” happens: Particle physics will always be a mixture model. 

Building the model: Mixture Models

No Higgs

p(x |θ) = ∑
proc

ci(θ)p(x |proc, θ)

No Higgs

No Higgs

25



Useful categorization: “signal” and “background” components 
 
 
 
 
All = cB(ν)Bkg(ν) + cS(θ)Sig(θ, ν)

Building the model: Mixture Models

Background: 
only affected by nuisance parameters  
 
 
Signal: 
affected by nuisance and POIs 

ν

Mass Parameter 
(a POI) only affects 

signal

component 
size (also a POI) 

only affects signal
Backgrounds

26



Simulators are very good, but very expensive as well 

Interpolation

27

Pois(ni |λi(θ))

Getting expected rates  O(10k) CPUh!λ(θ)

Cannot be used to during inference 
(e.g. MLE fits). Need a faster option.



Simulators are very good, but very expensive as well 

Interpolation

28

3 TeV 4 TeV 5 TeV
POI



As HEP analysis is so dominated by NPs, we must incorporate prior info. 
• But methodology designed to allow Bayesian OR Frequentist treatment 

Incorporating Prior Information

p(x |μ, ν)p(ν)

where does this 
prior come from?

29



As HEP analysis is so dominated by NPs, we must incorporate prior info. 
• But methodology designed to allow Bayesian OR Frequentist treatment

Incorporating Prior Information

p(x |μ, ν)p(ν |a)

probably from a  separate 
measurement a

where does this 
prior come from?

30



As HEP analysis is so dominated by NPs, we must incorporate prior info. 
• But methodology designed to allow Bayesian OR Frequentist treatment

Incorporating Prior Information

p(x |μ, ν)p(ν |a)

probably from a  separate 
measurement of data a

where does this 
prior come from?

p(ν |a) ∼ p(a |ν)pur(ν)

via Bayes’

“subsidiary measurement”31



Can incorporate same prior information by collecting 
“subsidiary measurements”  

Next Question: what are these subsidiary likelihoods?

p(a |ν)

Incorporating Prior Information

p(x, a |θ) = p(x |μ, ν)p(a |ν)p(x |θ)

32



Perform a full separate measurement (i.e. derive a full fledged model) 

Option 1: “The Gold Standard”

Example: constaining background 
by measuring a “control region”

A lot of work to get a full p(a |ν)

x
a1

summary

summary

p(x, a |θ) = p(x |μ, ν)p(a1 |ν)
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If no  is not available, or too complex, approximate contribution via  p(a |ν)

̂νa2

Option 2: “Simplified Subsidiaries”

p(a |ν) ∼ p( ̂ν(a) |ν) ∼ Gaus( ̂νa |ν, ̂σ)

x
a1

summary

summary

p(x, a |θ) = p(x |μ, ν)p(a1 |ν)G( ̂νa2
|ν)
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Realistic Analyses use a mixture. A lot of analyses covered by this approach. 

Putting it all together: 

sum over components 
in mixture mode

nominal 
rates

“parametrized interpolation"

35

Public Tools available:
github.com/scikit-hep/pyhf 

SRCR

CR

scope of analysis

ATLAS data Other  expts /  
theory 'meas'

e.g. cailb 
anaalyes

[LH, M. Feickert, G. Stark]

https://github.com/scikit-hep/pyhf


Statistical Inference



Nested Models

Split out parameter space into hypothesis spaces. 
• Reminder: not interested in inference on NPs 
• Null hypotheses only indexed by POIs

37

μ
POI

NP



Nested Models

After decades of iteration, HEP landed on classic Likelihood Ratio Test 
• “profile likelihood ratio” 

38

μ
POI

NP

̂μμ
POI

NP

L’h
ood ratio

<latexit sha1_base64="h1KZj3k3iKDmCGlShdzU2Kt2D0k="></latexit>

t(x|µ) = �2 log
p(x|µ, ˆ̂⌫)
p(x|µ̂, ⌫̂)

Use “best-in-class” parameter 
for each hypothesis set for ratio

More Stats <> Physics connections 
would have helped as a lot!



Asymptotic Calculations

• Many analyses rely heavily on asymptotic shapes of test stat distributions 
• Assumption: Wilks & Wald hold (cf. see next slide)

arxiv:1007.1727 39



Interval construction

HEP fairly principled: Intervals strictly via exact Neyman-Construction. 

If holds, can do Intervals only POI-space without loss of coverage 
• removed NP from quoted results 
• saved a lot of compute O(1) << O(1000) 

p(t |μ, ν) = p(t |μ)

p(t |μ0)

p(t |μalt)
μ

t(x |μ)

Widely assumed, rarely checked



Looking Back and Forward

The methodology of simulation-driven frequentist inference is the result of 
many decades of development. Supported us for Higgs discovery and beyon

Are we done with Stats methodology?



Going beyond



In frequentist analysis we do not need the likelihood 
• we choose to run likelihood-free inference with an approximate l’hood 

But ultimately all these intermediate step are optional 

Recently: A lot of development in exploring ML-driven “direct” 
likelihood-free inference 

Back to basics: 

data x

approximate  
likelihood

p̃(yϕ(x) |θ)y = f(x)

data compression 
(i.e. analysis)

−2 log
p(y |θ)
p(y |θ0)

Likelihood 
Ratio

CLs, CI95, ̂θ

inference 
resultsProfiling

<latexit sha1_base64="h1KZj3k3iKDmCGlShdzU2Kt2D0k="></latexit>

t(x|µ) = �2 log
p(x|µ, ˆ̂⌫)
p(x|µ̂, ⌫̂)



What’s the connection?

Machine Learning:  

extremely good at 
searching through 
functions that are 
optimal in one 
sense of another 
 
(based on samples)

Key Stat. Concept: 
Likelihood-Ratios  

Why? Among all 
functions of the data 
they are optimal 
when used as a 
test statistic 
 
(Neyman-Pearson)

seems like one should be able to use ML to do frequentist statistics



Training neural networks for classification produces likelihood ratios, purely 
from samples without ever having to specify p(x |θ)

Likelihood Ratio Trick

q(z | fϕ(x, θ))

1/0

x
∼

p(
x|

θ)

x
∼

p(
x|

θ 0
)

θ1θ1θ0

tϕ(x, θ) →
p(x |θ)
p(x |θ0)



We can start to replace a lot of our pipeline with ML components 
that directly output likelihood ratios 

 
 
 
 
 
 
 
 
 
 

Key: this also removes the (lossy) compression we did to reduce dimensionality 
→ increased sensitivity

Back to basics: 

data x tϕ(x, θ) CLs, CI95, ̂θ

inference 
results

Profiling

<latexit sha1_base64="h1KZj3k3iKDmCGlShdzU2Kt2D0k="></latexit>

t(x|µ) = �2 log
p(x|µ, ˆ̂⌫)
p(x|µ̂, ⌫̂)

parametrized NN as LR proxy



Completely new workflow, but with promise: New generation of tooling 
to train these “likelihood ratio” networks 

Back to basics: 

[Brehmer et al]



Going even Further

Now that we’ve stared? Just how much can we replace with ML? 
 
 
 
 
Profile Likelihood is also just used because it is optimal in a certain sense 

Can we learn a network that directly outputs profile likelihood?

<latexit sha1_base64="h1KZj3k3iKDmCGlShdzU2Kt2D0k="></latexit>

t(x|µ) = �2 log
p(x|µ, ˆ̂⌫)
p(x|µ̂, ⌫̂)



Going even Further

Yes, if the profile likelihood is optimal, we can find it through optimization 

Active area of research: happy to chat more offline

arXiv: 2203.13079



Going even Further

It seems within reach, that one could target even more of the classical 
frequentist statistics pipeline with an end-to-end ML workflow



Summary

LHC Statistics is a poster child of frequentist analysis in a complex setting: 
• likelihood-free (and even then expensive sampling) 
• high-dimensional data and parameter spaces 

Many decades of development culminated in a well-oiled machine with 
fairly principled approach to inference.  

Classic Approach: proxy likelihood and focus on good modelling with 
incorporation of prior information for hundreds of nuisance parameters 

Emerging: Machine Learning driving a resurgence in likelihood-free 
techniques that aim to eliminate some of the compromises we usually make

51



Backup



Summary: Many things work but also lots of interesting questions 

Exciting development: public real-world probability models  

Not only opportunity to push new science but 
also new stats methodology / answer "what if"s 

A new public workhorse / platform akin to e.g. 
on-off problem,  , ... 

Examples: 
• Bayesian Workflow on LHC models 
• Coverage & Asymptotics Studies 
• Signal interpolation strategies 
• Reinterpretation Tools 
• Model destillation ("simplified likelihoods")

Pois(n |μs + b)
statisticans
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Example Interpolations

Widely used default: 
“on-axis”  Vertical Interpolation

More Complex Interpolation Schemes 
with “off-axis” input distributions

Two-dimensional interpolation [W. Verkerke] 
54

NP 1

NP 2

?

https://indico.cern.ch/event/507948/contributions/2028505/attachments/1262169/1866169/atlas-hcomb-morphwshop-intro-v1.pdf


A problem for non-asymptotic cases

Sometimes, NPs relate to (categorial) choice of simulator itself  
• lots of discussions on appropriate “simplified subsidiary” 
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Decision Theory

Key point in inference (intervals, tests, … ): reject / accept.  

Here HEP differs from orthodox statistics. 

Incorporate power of alternative into decision 
function of rejecting null →  no power: never reject 

Reason: huge consequence of rejecting null 
(only reject if good alternative available) 

HEP Jargon:  “CLs” method CLs = p/β
power at p-value

p-value



Common occurence in HEP: 
• null is on boundary of parameter space: →  adjust Wilks’  
• extended region in alternative that’s indistinguishable from null  
→ input from statisticians interesting

Boundary Effects

µ

θ

Beyond Standard Model

Hypothesis space

Edges indistinguisible 
from null modeleffect size 

(overall scale)

effect parameter 
(larger: more subtle)


