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Era of Data 
high statistics, many distributions,  

multivariate analyses 

Complex Theories 
large number of theory parameters,  

predict subtle kinematic features 

How to test Theories  
in an Era of Data?
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Era of Data 
high statistics, many distributions,  

multivariate analyses 

Complex Theories 
large number of theory parameters,  

predict subtle kinematic features 

How to extract all
Information from the Data?
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Introduction: Inference
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What did we do so far?

The MadMiner Approach
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Optimal Observables and Fisher Information
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The MadMiner Tool
Using these methods is super easy!

A Realistic Physics Example
Probing SMEFT in tth

 
Summary and Conclusion
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Observables x  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Example: x={E, pT, m, Δφ, … }.

Theory Parameters θ  
describes the theory   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Likelihood Function p(x|θ) 
likelihood of an observation x as a function of the theory parameter θ

Likelihood Ratio r(x|θref,θ)=p(x|θ)/p(x|θref) 
“how much more likely is data x described by theory θ than θref“ 

 

Neyman-Pearson Lemma:   
The log-likelihood ratio log r(x|θref,θ) is the most powerful test statistic to  

discriminate between two hypotheses θref  and θ.
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likelihood of an observation x as a function of the theory parameter θ

How can we obtain p(x|θ)? 
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<latexit sha1_base64="w6abfGXvuCQ9BqK2KMMVRzYaFw8="></latexit><latexit sha1_base64="w6abfGXvuCQ9BqK2KMMVRzYaFw8="></latexit><latexit sha1_base64="w6abfGXvuCQ9BqK2KMMVRzYaFw8="></latexit><latexit sha1_base64="w6abfGXvuCQ9BqK2KMMVRzYaFw8="></latexit>

x
<latexit sha1_base64="i0S4HUjEottYUN2REIc8NTN8K8o="></latexit><latexit sha1_base64="i0S4HUjEottYUN2REIc8NTN8K8o="></latexit><latexit sha1_base64="i0S4HUjEottYUN2REIc8NTN8K8o="></latexit><latexit sha1_base64="i0S4HUjEottYUN2REIc8NTN8K8o="></latexit>

Particle Physics Simulations 

p(x|zd)
<latexit sha1_base64="23lys69RVfNUPmrTwNYZnWns6A0="></latexit><latexit sha1_base64="23lys69RVfNUPmrTwNYZnWns6A0="></latexit><latexit sha1_base64="23lys69RVfNUPmrTwNYZnWns6A0="></latexit><latexit sha1_base64="23lys69RVfNUPmrTwNYZnWns6A0="></latexit>

p(zd|zs)
<latexit sha1_base64="JlDHPhlajQiXZe8CejUeFkB/ls4="></latexit><latexit sha1_base64="JlDHPhlajQiXZe8CejUeFkB/ls4="></latexit><latexit sha1_base64="JlDHPhlajQiXZe8CejUeFkB/ls4="></latexit><latexit sha1_base64="JlDHPhlajQiXZe8CejUeFkB/ls4="></latexit>

p(zs|zp)
<latexit sha1_base64="FLpv/oTzWZQl0hIH2keqtv4sHpQ="></latexit><latexit sha1_base64="FLpv/oTzWZQl0hIH2keqtv4sHpQ="></latexit><latexit sha1_base64="FLpv/oTzWZQl0hIH2keqtv4sHpQ="></latexit><latexit sha1_base64="FLpv/oTzWZQl0hIH2keqtv4sHpQ="></latexit>

p(zp|✓)
<latexit sha1_base64="JIzCWX+M9d19/ChNz+JLZnGpLuk="></latexit><latexit sha1_base64="JIzCWX+M9d19/ChNz+JLZnGpLuk="></latexit><latexit sha1_base64="JIzCWX+M9d19/ChNz+JLZnGpLuk="></latexit><latexit sha1_base64="JIzCWX+M9d19/ChNz+JLZnGpLuk="></latexit>

Prediction / Simulation
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Theory  
Parameters

Parton  
Level

Shower  
Hadronization

Detector 
Effects

Observables

✓
<latexit sha1_base64="cJDP+MM1g1OnzhOdqUPhOygV0yw="></latexit><latexit sha1_base64="cJDP+MM1g1OnzhOdqUPhOygV0yw="></latexit><latexit sha1_base64="cJDP+MM1g1OnzhOdqUPhOygV0yw="></latexit><latexit sha1_base64="cJDP+MM1g1OnzhOdqUPhOygV0yw="></latexit>

zp
<latexit sha1_base64="pC49emvSEhsVGonqmiVziq7acQw="></latexit><latexit sha1_base64="pC49emvSEhsVGonqmiVziq7acQw="></latexit><latexit sha1_base64="pC49emvSEhsVGonqmiVziq7acQw="></latexit><latexit sha1_base64="pC49emvSEhsVGonqmiVziq7acQw="></latexit>

zs
<latexit sha1_base64="PQ/3i6EjKAKLqqzP4u3qlk6geSU="></latexit><latexit sha1_base64="PQ/3i6EjKAKLqqzP4u3qlk6geSU="></latexit><latexit sha1_base64="PQ/3i6EjKAKLqqzP4u3qlk6geSU="></latexit><latexit sha1_base64="PQ/3i6EjKAKLqqzP4u3qlk6geSU="></latexit>

zd
<latexit sha1_base64="w6abfGXvuCQ9BqK2KMMVRzYaFw8="></latexit><latexit sha1_base64="w6abfGXvuCQ9BqK2KMMVRzYaFw8="></latexit><latexit sha1_base64="w6abfGXvuCQ9BqK2KMMVRzYaFw8="></latexit><latexit sha1_base64="w6abfGXvuCQ9BqK2KMMVRzYaFw8="></latexit>

x
<latexit sha1_base64="i0S4HUjEottYUN2REIc8NTN8K8o="></latexit><latexit sha1_base64="i0S4HUjEottYUN2REIc8NTN8K8o="></latexit><latexit sha1_base64="i0S4HUjEottYUN2REIc8NTN8K8o="></latexit><latexit sha1_base64="i0S4HUjEottYUN2REIc8NTN8K8o="></latexit>

Particle Physics Simulations 

p(x|zd)
<latexit sha1_base64="23lys69RVfNUPmrTwNYZnWns6A0="></latexit><latexit sha1_base64="23lys69RVfNUPmrTwNYZnWns6A0="></latexit><latexit sha1_base64="23lys69RVfNUPmrTwNYZnWns6A0="></latexit><latexit sha1_base64="23lys69RVfNUPmrTwNYZnWns6A0="></latexit>

p(zd|zs)
<latexit sha1_base64="JlDHPhlajQiXZe8CejUeFkB/ls4="></latexit><latexit sha1_base64="JlDHPhlajQiXZe8CejUeFkB/ls4="></latexit><latexit sha1_base64="JlDHPhlajQiXZe8CejUeFkB/ls4="></latexit><latexit sha1_base64="JlDHPhlajQiXZe8CejUeFkB/ls4="></latexit>

p(zs|zp)
<latexit sha1_base64="FLpv/oTzWZQl0hIH2keqtv4sHpQ="></latexit><latexit sha1_base64="FLpv/oTzWZQl0hIH2keqtv4sHpQ="></latexit><latexit sha1_base64="FLpv/oTzWZQl0hIH2keqtv4sHpQ="></latexit><latexit sha1_base64="FLpv/oTzWZQl0hIH2keqtv4sHpQ="></latexit>

p(zp|✓)
<latexit sha1_base64="JIzCWX+M9d19/ChNz+JLZnGpLuk="></latexit><latexit sha1_base64="JIzCWX+M9d19/ChNz+JLZnGpLuk="></latexit><latexit sha1_base64="JIzCWX+M9d19/ChNz+JLZnGpLuk="></latexit><latexit sha1_base64="JIzCWX+M9d19/ChNz+JLZnGpLuk="></latexit>

p(x|zd)
<latexit sha1_base64="23lys69RVfNUPmrTwNYZnWns6A0="></latexit><latexit sha1_base64="23lys69RVfNUPmrTwNYZnWns6A0="></latexit><latexit sha1_base64="23lys69RVfNUPmrTwNYZnWns6A0="></latexit><latexit sha1_base64="23lys69RVfNUPmrTwNYZnWns6A0="></latexit>

p(zd|zs)
<latexit sha1_base64="JlDHPhlajQiXZe8CejUeFkB/ls4="></latexit><latexit sha1_base64="JlDHPhlajQiXZe8CejUeFkB/ls4="></latexit><latexit sha1_base64="JlDHPhlajQiXZe8CejUeFkB/ls4="></latexit><latexit sha1_base64="JlDHPhlajQiXZe8CejUeFkB/ls4="></latexit>

p(zs|zp)
<latexit sha1_base64="FLpv/oTzWZQl0hIH2keqtv4sHpQ="></latexit><latexit sha1_base64="FLpv/oTzWZQl0hIH2keqtv4sHpQ="></latexit><latexit sha1_base64="FLpv/oTzWZQl0hIH2keqtv4sHpQ="></latexit><latexit sha1_base64="FLpv/oTzWZQl0hIH2keqtv4sHpQ="></latexit>

p(zp|✓)
<latexit sha1_base64="JIzCWX+M9d19/ChNz+JLZnGpLuk="></latexit><latexit sha1_base64="JIzCWX+M9d19/ChNz+JLZnGpLuk="></latexit><latexit sha1_base64="JIzCWX+M9d19/ChNz+JLZnGpLuk="></latexit><latexit sha1_base64="JIzCWX+M9d19/ChNz+JLZnGpLuk="></latexit>

Latent Variables z: internal, not observable

=

Z
dzd dzs dzp

<latexit sha1_base64="zqHRG/rENsxZ3C0LX2VHFewaMD4="></latexit><latexit sha1_base64="zqHRG/rENsxZ3C0LX2VHFewaMD4="></latexit><latexit sha1_base64="zqHRG/rENsxZ3C0LX2VHFewaMD4="></latexit><latexit sha1_base64="zqHRG/rENsxZ3C0LX2VHFewaMD4="></latexit>

obtain MC event sample

p(x|✓)
<latexit sha1_base64="wdeelTrRFSpKNbMgavxbhxlOnb0=">AAADK3ichVLPTxNBGH2sv6CKFj1yaWxMMDHNbIPYxguJSLyYYGKBpG1gdhmWTbe7m9kpAev+Sf4b/AOeIFy9edWTB9+MWxMhhmmm35v3ve/NNzMb5ElcGCHO57xbt+/cvTe/ULv/YPHho/rS4+0im+hQ9cIsyfRuIAuVxKnqmdgkajfXSo6DRO0Eozc2v3OsdBFn6UdzmqvhWEZpfBiH0pDaq+/nK7XpwPn0dRQMp6Il/E53be 2FaPndbvelT7AqONrlSfn5qrZjM4ISMQNtB8qBOVJGlrXne/XmLNu4DvwKNFGNrax+gQEOkCHEBGMopDDECSQK/vrwIZCTG2JKThPFLq9QosbaCVWKCkl2xP+Iq37Fplxbz8JVh9wl4dSsbOAZ56ZzDKi2uyrigvEX5yfHRf/dYeqcbYenjAEdF5zje/IGR1TcVDmulLNebq60pzI4RMedJmZ/uWPsOcO/PhvMaHIjl2ngrVNG9Ajc+pg3kDL22IG95ZlDw534gFG6qJxLWjlK+mlGe/vsh8/sX33U62C73fL5XX1Yba6/rh58Hst4ihW+6ius4x222EeIM3zHD/z0vnhfvQvv8o/Um6tqnuCf4X37DYLLrWY=</latexit><latexit sha1_base64="wdeelTrRFSpKNbMgavxbhxlOnb0=">AAADK3ichVLPTxNBGH2sv6CKFj1yaWxMMDHNbIPYxguJSLyYYGKBpG1gdhmWTbe7m9kpAev+Sf4b/AOeIFy9edWTB9+MWxMhhmmm35v3ve/NNzMb5ElcGCHO57xbt+/cvTe/ULv/YPHho/rS4+0im+hQ9cIsyfRuIAuVxKnqmdgkajfXSo6DRO0Eozc2v3OsdBFn6UdzmqvhWEZpfBiH0pDaq+/nK7XpwPn0dRQMp6Il/E53be 2FaPndbvelT7AqONrlSfn5qrZjM4ISMQNtB8qBOVJGlrXne/XmLNu4DvwKNFGNrax+gQEOkCHEBGMopDDECSQK/vrwIZCTG2JKThPFLq9QosbaCVWKCkl2xP+Iq37Fplxbz8JVh9wl4dSsbOAZ56ZzDKi2uyrigvEX5yfHRf/dYeqcbYenjAEdF5zje/IGR1TcVDmulLNebq60pzI4RMedJmZ/uWPsOcO/PhvMaHIjl2ngrVNG9Ajc+pg3kDL22IG95ZlDw534gFG6qJxLWjlK+mlGe/vsh8/sX33U62C73fL5XX1Yba6/rh58Hst4ihW+6ius4x222EeIM3zHD/z0vnhfvQvv8o/Um6tqnuCf4X37DYLLrWY=</latexit><latexit sha1_base64="wdeelTrRFSpKNbMgavxbhxlOnb0=">AAADK3ichVLPTxNBGH2sv6CKFj1yaWxMMDHNbIPYxguJSLyYYGKBpG1gdhmWTbe7m9kpAev+Sf4b/AOeIFy9edWTB9+MWxMhhmmm35v3ve/NNzMb5ElcGCHO57xbt+/cvTe/ULv/YPHho/rS4+0im+hQ9cIsyfRuIAuVxKnqmdgkajfXSo6DRO0Eozc2v3OsdBFn6UdzmqvhWEZpfBiH0pDaq+/nK7XpwPn0dRQMp6Il/E53be 2FaPndbvelT7AqONrlSfn5qrZjM4ISMQNtB8qBOVJGlrXne/XmLNu4DvwKNFGNrax+gQEOkCHEBGMopDDECSQK/vrwIZCTG2JKThPFLq9QosbaCVWKCkl2xP+Iq37Fplxbz8JVh9wl4dSsbOAZ56ZzDKi2uyrigvEX5yfHRf/dYeqcbYenjAEdF5zje/IGR1TcVDmulLNebq60pzI4RMedJmZ/uWPsOcO/PhvMaHIjl2ngrVNG9Ajc+pg3kDL22IG95ZlDw534gFG6qJxLWjlK+mlGe/vsh8/sX33U62C73fL5XX1Yba6/rh58Hst4ihW+6ius4x222EeIM3zHD/z0vnhfvQvv8o/Um6tqnuCf4X37DYLLrWY=</latexit><latexit sha1_base64="I3qzNHs0O153gIiFHHCMQ4HedNo=">AAACu3ichVLLSsNAFD2Nr7ZWrWs3wSK4KokbXQo+EEGoYB9QiyTpNIamSZhMK7X4A279Ov0WF56MqaBFOmFy75x777mPGTcJg1RZ1nvBWFldW98olsqblfLW9k610krjsfRE04vDWHZcJxVhEImmClQoOokUzsgNRdsdnmX29kTINIijOzVNRG/k+FEwCDxHEWo8VGtW3dLLXFTsXKkhX3H1A/foI4aHMUYQiKCoh3CQ8uvCho WEWA8zYpJaoO0CLygzdkwvQQ+H6JB/n6dujkY8Z5ypjvaYJeSWjDRxwH2pGV16Z1kF9ZTyk/tZY/6/GWaaOatwSumSsaQZb4grPNJjWeQo95zXsjwy60phgBPdTcD6Eo1kfXo/POe0SGJDbTFxoT19crj6POEEIsomK8imPGcwdcd9SkdLoVminNEhn6TMps96eMv23ztdVFpHdduq27cWitjDPg55mcc4xRUaTO8xySvejGsjMZ6+X4NRyJ/FLn4tY/oFhOiMYg==</latexit><latexit sha1_base64="gthxOZgHWkOO0+AZno1g16ZQYkM=">AAADIHichVLLTttAFD240EJKS9ptNxGoEkgoGkctJDukPtRNJSo1gJREdGwGY8WxrfEEQVN/Un+jP9BVEZ/AtqxYcGZwKhWEGGt8z5x777l3HkGexIUR4s+M92h27vGT+YXa08Vnz5fqLxZ3imysQ9UNsyTTe4EsVBKnqmtik6i9XCs5ChK1GwzfWf/usdJFnKVfzWmuBiMZpfFhHEpDar/+LV+tTfpOp6ejYDARTeG3Oxsb66 Lpdzqdtz7BG8HRKk/KH7dj29YjGCKmoOVA2TdHysiytrZfX5l6G3eBX4EVVGM7q5+hjwNkCDHGCAopDHECiYJfDz4EcnIDTMhpotj5FUrUmDtmlGKEJDvkP+KqV7Ep11azcNkhqyScmpkNvOb86BQDRtuqirigveL87rjo3goTp2w7PKUNqLjgFD+TNzhixEOZoypy2svDmXZXBodou93E7C93jN1n+E/nPT2a3NB5GvjgIiNqBG59zBNIabvswJ7yVKHhdnxAK51VTiWtFCX1NK09ffbDa/ZvX+pdsNNq+nxXXwTm8QrLWOVlbmILn7DN8iF+4QJ/cen99H57ZzcPwpupXsZL/De882sVp6vW</latexit><latexit sha1_base64="gthxOZgHWkOO0+AZno1g16ZQYkM=">AAADIHichVLLTttAFD240EJKS9ptNxGoEkgoGkctJDukPtRNJSo1gJREdGwGY8WxrfEEQVN/Un+jP9BVEZ/AtqxYcGZwKhWEGGt8z5x777l3HkGexIUR4s+M92h27vGT+YXa08Vnz5fqLxZ3imysQ9UNsyTTe4EsVBKnqmtik6i9XCs5ChK1GwzfWf/usdJFnKVfzWmuBiMZpfFhHEpDar/+LV+tTfpOp6ejYDARTeG3Oxsb66 Lpdzqdtz7BG8HRKk/KH7dj29YjGCKmoOVA2TdHysiytrZfX5l6G3eBX4EVVGM7q5+hjwNkCDHGCAopDHECiYJfDz4EcnIDTMhpotj5FUrUmDtmlGKEJDvkP+KqV7Ep11azcNkhqyScmpkNvOb86BQDRtuqirigveL87rjo3goTp2w7PKUNqLjgFD+TNzhixEOZoypy2svDmXZXBodou93E7C93jN1n+E/nPT2a3NB5GvjgIiNqBG59zBNIabvswJ7yVKHhdnxAK51VTiWtFCX1NK09ffbDa/ZvX+pdsNNq+nxXXwTm8QrLWOVlbmILn7DN8iF+4QJ/cen99H57ZzcPwpupXsZL/De882sVp6vW</latexit><latexit sha1_base64="hqMt9biu8nN5ElQ/tocawMQPv/w=">AAADK3ichVLLThsxFD1MX5A+CGXZTdSoEpWqyBMBTdQNUh/qBolKDSAlEfUMZhhlMjPyOAiazifxG/2Broq67Y4trLrosTupVFCFI+cen3vu8bU9QZ7EhRHi+5x36/adu/fmF2r3Hzx8tFhferxdZBMdql6YJZneDWShkjhVPRObRO3mWslxkKidYPTa5neOlC7iLP1oTnI1HMsojQ/iUBpSe/VP+UptOnA+fR0Fw6loCb/TXV 9/IVp+t9td8wlWBUe7PC6/XNV2bEZQImag7UA5MIfKyLL2fK/enGUb14FfgSaqsZXVzzDAPjKEmGAMhRSGOIFEwV8fPgRyckNMyWmi2OUVStRYO6FKUSHJjvgfcdWv2JRr61m46pC7JJyalQ0843znHAOq7a6KuGD8xfnZcdF/d5g6Z9vhCWNAxwXnuEne4JCKmyrHlXLWy82V9lQGB+i408TsL3eMPWf41+cNM5rcyGUaeOuUET0Ctz7iDaSMPXZgb3nm0HAn3meULirnklaOkn6a0d4+++Ez+1cf9TrYbrd8flcfRHPjVfXg83iCp1jhq77EBt5ji32E+IpzXODSO/W+eWfejz9Sb66qWcY/w/v5G4GLrWI=</latexit><latexit sha1_base64="wdeelTrRFSpKNbMgavxbhxlOnb0=">AAADK3ichVLPTxNBGH2sv6CKFj1yaWxMMDHNbIPYxguJSLyYYGKBpG1gdhmWTbe7m9kpAev+Sf4b/AOeIFy9edWTB9+MWxMhhmmm35v3ve/NNzMb5ElcGCHO57xbt+/cvTe/ULv/YPHho/rS4+0im+hQ9cIsyfRuIAuVxKnqmdgkajfXSo6DRO0Eozc2v3OsdBFn6UdzmqvhWEZpfBiH0pDaq+/nK7XpwPn0dRQMp6Il/E53be 2FaPndbvelT7AqONrlSfn5qrZjM4ISMQNtB8qBOVJGlrXne/XmLNu4DvwKNFGNrax+gQEOkCHEBGMopDDECSQK/vrwIZCTG2JKThPFLq9QosbaCVWKCkl2xP+Iq37Fplxbz8JVh9wl4dSsbOAZ56ZzDKi2uyrigvEX5yfHRf/dYeqcbYenjAEdF5zje/IGR1TcVDmulLNebq60pzI4RMedJmZ/uWPsOcO/PhvMaHIjl2ngrVNG9Ajc+pg3kDL22IG95ZlDw534gFG6qJxLWjlK+mlGe/vsh8/sX33U62C73fL5XX1Yba6/rh58Hst4ihW+6ius4x222EeIM3zHD/z0vnhfvQvv8o/Um6tqnuCf4X37DYLLrWY=</latexit><latexit sha1_base64="wdeelTrRFSpKNbMgavxbhxlOnb0=">AAADK3ichVLPTxNBGH2sv6CKFj1yaWxMMDHNbIPYxguJSLyYYGKBpG1gdhmWTbe7m9kpAev+Sf4b/AOeIFy9edWTB9+MWxMhhmmm35v3ve/NNzMb5ElcGCHO57xbt+/cvTe/ULv/YPHho/rS4+0im+hQ9cIsyfRuIAuVxKnqmdgkajfXSo6DRO0Eozc2v3OsdBFn6UdzmqvhWEZpfBiH0pDaq+/nK7XpwPn0dRQMp6Il/E53be 2FaPndbvelT7AqONrlSfn5qrZjM4ISMQNtB8qBOVJGlrXne/XmLNu4DvwKNFGNrax+gQEOkCHEBGMopDDECSQK/vrwIZCTG2JKThPFLq9QosbaCVWKCkl2xP+Iq37Fplxbz8JVh9wl4dSsbOAZ56ZzDKi2uyrigvEX5yfHRf/dYeqcbYenjAEdF5zje/IGR1TcVDmulLNebq60pzI4RMedJmZ/uWPsOcO/PhvMaHIjl2ngrVNG9Ajc+pg3kDL22IG95ZlDw534gFG6qJxLWjlK+mlGe/vsh8/sX33U62C73fL5XX1Yba6/rh58Hst4ihW+6ius4x222EeIM3zHD/z0vnhfvQvv8o/Um6tqnuCf4X37DYLLrWY=</latexit><latexit sha1_base64="wdeelTrRFSpKNbMgavxbhxlOnb0=">AAADK3ichVLPTxNBGH2sv6CKFj1yaWxMMDHNbIPYxguJSLyYYGKBpG1gdhmWTbe7m9kpAev+Sf4b/AOeIFy9edWTB9+MWxMhhmmm35v3ve/NNzMb5ElcGCHO57xbt+/cvTe/ULv/YPHho/rS4+0im+hQ9cIsyfRuIAuVxKnqmdgkajfXSo6DRO0Eozc2v3OsdBFn6UdzmqvhWEZpfBiH0pDaq+/nK7XpwPn0dRQMp6Il/E53be 2FaPndbvelT7AqONrlSfn5qrZjM4ISMQNtB8qBOVJGlrXne/XmLNu4DvwKNFGNrax+gQEOkCHEBGMopDDECSQK/vrwIZCTG2JKThPFLq9QosbaCVWKCkl2xP+Iq37Fplxbz8JVh9wl4dSsbOAZ56ZzDKi2uyrigvEX5yfHRf/dYeqcbYenjAEdF5zje/IGR1TcVDmulLNebq60pzI4RMedJmZ/uWPsOcO/PhvMaHIjl2ngrVNG9Ajc+pg3kDL22IG95ZlDw534gFG6qJxLWjlK+mlGe/vsh8/sX33U62C73fL5XX1Yba6/rh58Hst4ihW+6ius4x222EeIM3zHD/z0vnhfvQvv8o/Um6tqnuCf4X37DYLLrWY=</latexit><latexit sha1_base64="wdeelTrRFSpKNbMgavxbhxlOnb0=">AAADK3ichVLPTxNBGH2sv6CKFj1yaWxMMDHNbIPYxguJSLyYYGKBpG1gdhmWTbe7m9kpAev+Sf4b/AOeIFy9edWTB9+MWxMhhmmm35v3ve/NNzMb5ElcGCHO57xbt+/cvTe/ULv/YPHho/rS4+0im+hQ9cIsyfRuIAuVxKnqmdgkajfXSo6DRO0Eozc2v3OsdBFn6UdzmqvhWEZpfBiH0pDaq+/nK7XpwPn0dRQMp6Il/E53be 2FaPndbvelT7AqONrlSfn5qrZjM4ISMQNtB8qBOVJGlrXne/XmLNu4DvwKNFGNrax+gQEOkCHEBGMopDDECSQK/vrwIZCTG2JKThPFLq9QosbaCVWKCkl2xP+Iq37Fplxbz8JVh9wl4dSsbOAZ56ZzDKi2uyrigvEX5yfHRf/dYeqcbYenjAEdF5zje/IGR1TcVDmulLNebq60pzI4RMedJmZ/uWPsOcO/PhvMaHIjl2ngrVNG9Ajc+pg3kDL22IG95ZlDw534gFG6qJxLWjlK+mlGe/vsh8/sX33U62C73fL5XX1Yba6/rh58Hst4ihW+6ius4x222EeIM3zHD/z0vnhfvQvv8o/Um6tqnuCf4X37DYLLrWY=</latexit><latexit sha1_base64="wdeelTrRFSpKNbMgavxbhxlOnb0=">AAADK3ichVLPTxNBGH2sv6CKFj1yaWxMMDHNbIPYxguJSLyYYGKBpG1gdhmWTbe7m9kpAev+Sf4b/AOeIFy9edWTB9+MWxMhhmmm35v3ve/NNzMb5ElcGCHO57xbt+/cvTe/ULv/YPHho/rS4+0im+hQ9cIsyfRuIAuVxKnqmdgkajfXSo6DRO0Eozc2v3OsdBFn6UdzmqvhWEZpfBiH0pDaq+/nK7XpwPn0dRQMp6Il/E53be 2FaPndbvelT7AqONrlSfn5qrZjM4ISMQNtB8qBOVJGlrXne/XmLNu4DvwKNFGNrax+gQEOkCHEBGMopDDECSQK/vrwIZCTG2JKThPFLq9QosbaCVWKCkl2xP+Iq37Fplxbz8JVh9wl4dSsbOAZ56ZzDKi2uyrigvEX5yfHRf/dYeqcbYenjAEdF5zje/IGR1TcVDmulLNebq60pzI4RMedJmZ/uWPsOcO/PhvMaHIjl2ngrVNG9Ajc+pg3kDL22IG95ZlDw534gFG6qJxLWjlK+mlGe/vsh8/sX33U62C73fL5XX1Yba6/rh58Hst4ihW+6ius4x222EeIM3zHD/z0vnhfvQvv8o/Um6tqnuCf4X37DYLLrWY=</latexit><latexit sha1_base64="wdeelTrRFSpKNbMgavxbhxlOnb0=">AAADK3ichVLPTxNBGH2sv6CKFj1yaWxMMDHNbIPYxguJSLyYYGKBpG1gdhmWTbe7m9kpAev+Sf4b/AOeIFy9edWTB9+MWxMhhmmm35v3ve/NNzMb5ElcGCHO57xbt+/cvTe/ULv/YPHho/rS4+0im+hQ9cIsyfRuIAuVxKnqmdgkajfXSo6DRO0Eozc2v3OsdBFn6UdzmqvhWEZpfBiH0pDaq+/nK7XpwPn0dRQMp6Il/E53be 2FaPndbvelT7AqONrlSfn5qrZjM4ISMQNtB8qBOVJGlrXne/XmLNu4DvwKNFGNrax+gQEOkCHEBGMopDDECSQK/vrwIZCTG2JKThPFLq9QosbaCVWKCkl2xP+Iq37Fplxbz8JVh9wl4dSsbOAZ56ZzDKi2uyrigvEX5yfHRf/dYeqcbYenjAEdF5zje/IGR1TcVDmulLNebq60pzI4RMedJmZ/uWPsOcO/PhvMaHIjl2ngrVNG9Ajc+pg3kDL22IG95ZlDw534gFG6qJxLWjlK+mlGe/vsh8/sX33U62C73fL5XX1Yba6/rh58Hst4ihW+6ius4x222EeIM3zHD/z0vnhfvQvv8o/Um6tqnuCf4X37DYLLrWY=</latexit>

Prediction / Simulation
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Theory  
Parameters

Shower  
Hadronization

Detector 
Effects

Observables

✓
<latexit sha1_base64="cJDP+MM1g1OnzhOdqUPhOygV0yw="></latexit><latexit sha1_base64="cJDP+MM1g1OnzhOdqUPhOygV0yw="></latexit><latexit sha1_base64="cJDP+MM1g1OnzhOdqUPhOygV0yw="></latexit><latexit sha1_base64="cJDP+MM1g1OnzhOdqUPhOygV0yw="></latexit>

zp
<latexit sha1_base64="pC49emvSEhsVGonqmiVziq7acQw="></latexit><latexit sha1_base64="pC49emvSEhsVGonqmiVziq7acQw="></latexit><latexit sha1_base64="pC49emvSEhsVGonqmiVziq7acQw="></latexit><latexit sha1_base64="pC49emvSEhsVGonqmiVziq7acQw="></latexit>

zs
<latexit sha1_base64="PQ/3i6EjKAKLqqzP4u3qlk6geSU="></latexit><latexit sha1_base64="PQ/3i6EjKAKLqqzP4u3qlk6geSU="></latexit><latexit sha1_base64="PQ/3i6EjKAKLqqzP4u3qlk6geSU="></latexit><latexit sha1_base64="PQ/3i6EjKAKLqqzP4u3qlk6geSU="></latexit>

zd
<latexit sha1_base64="w6abfGXvuCQ9BqK2KMMVRzYaFw8="></latexit><latexit sha1_base64="w6abfGXvuCQ9BqK2KMMVRzYaFw8="></latexit><latexit sha1_base64="w6abfGXvuCQ9BqK2KMMVRzYaFw8="></latexit><latexit sha1_base64="w6abfGXvuCQ9BqK2KMMVRzYaFw8="></latexit>

x
<latexit sha1_base64="i0S4HUjEottYUN2REIc8NTN8K8o="></latexit><latexit sha1_base64="i0S4HUjEottYUN2REIc8NTN8K8o="></latexit><latexit sha1_base64="i0S4HUjEottYUN2REIc8NTN8K8o="></latexit><latexit sha1_base64="i0S4HUjEottYUN2REIc8NTN8K8o="></latexit>

=

Z
dzd dzs dzp

<latexit sha1_base64="zqHRG/rENsxZ3C0LX2VHFewaMD4="></latexit><latexit sha1_base64="zqHRG/rENsxZ3C0LX2VHFewaMD4="></latexit><latexit sha1_base64="zqHRG/rENsxZ3C0LX2VHFewaMD4="></latexit><latexit sha1_base64="zqHRG/rENsxZ3C0LX2VHFewaMD4="></latexit>

p(x|zd)
<latexit sha1_base64="23lys69RVfNUPmrTwNYZnWns6A0="></latexit><latexit sha1_base64="23lys69RVfNUPmrTwNYZnWns6A0="></latexit><latexit sha1_base64="23lys69RVfNUPmrTwNYZnWns6A0="></latexit><latexit sha1_base64="23lys69RVfNUPmrTwNYZnWns6A0="></latexit>

p(zd|zs)
<latexit sha1_base64="JlDHPhlajQiXZe8CejUeFkB/ls4="></latexit><latexit sha1_base64="JlDHPhlajQiXZe8CejUeFkB/ls4="></latexit><latexit sha1_base64="JlDHPhlajQiXZe8CejUeFkB/ls4="></latexit><latexit sha1_base64="JlDHPhlajQiXZe8CejUeFkB/ls4="></latexit>

p(zs|zp)
<latexit sha1_base64="FLpv/oTzWZQl0hIH2keqtv4sHpQ="></latexit><latexit sha1_base64="FLpv/oTzWZQl0hIH2keqtv4sHpQ="></latexit><latexit sha1_base64="FLpv/oTzWZQl0hIH2keqtv4sHpQ="></latexit><latexit sha1_base64="FLpv/oTzWZQl0hIH2keqtv4sHpQ="></latexit>

p(zp|✓)
<latexit sha1_base64="JIzCWX+M9d19/ChNz+JLZnGpLuk="></latexit><latexit sha1_base64="JIzCWX+M9d19/ChNz+JLZnGpLuk="></latexit><latexit sha1_base64="JIzCWX+M9d19/ChNz+JLZnGpLuk="></latexit><latexit sha1_base64="JIzCWX+M9d19/ChNz+JLZnGpLuk="></latexit>

Latent Variables z: internal, not observable

Inference

It’s infeasible to calculate the integral 
over this enormous latent space   

likelihood function needed

use estimator

likelihood function is intractable

p̂(x|✓)
<latexit sha1_base64="wbDBiY07lybdgFlTKVl1ozFRbc4="></latexit><latexit sha1_base64="wbDBiY07lybdgFlTKVl1ozFRbc4="></latexit><latexit sha1_base64="wbDBiY07lybdgFlTKVl1ozFRbc4="></latexit><latexit sha1_base64="wbDBiY07lybdgFlTKVl1ozFRbc4="></latexit>

p(x|✓)
<latexit sha1_base64="wdeelTrRFSpKNbMgavxbhxlOnb0=">AAADK3ichVLPTxNBGH2sv6CKFj1yaWxMMDHNbIPYxguJSLyYYGKBpG1gdhmWTbe7m9kpAev+Sf4b/AOeIFy9edWTB9+MWxMhhmmm35v3ve/NNzMb5ElcGCHO57xbt+/cvTe/ULv/YPHho/rS4+0im+hQ9cIsyfRuIAuVxKnqmdgkajfXSo6DRO0Eozc2v3OsdBFn6UdzmqvhWEZpfBiH0pDaq+/nK7XpwPn0dRQMp6Il/E53be 2FaPndbvelT7AqONrlSfn5qrZjM4ISMQNtB8qBOVJGlrXne/XmLNu4DvwKNFGNrax+gQEOkCHEBGMopDDECSQK/vrwIZCTG2JKThPFLq9QosbaCVWKCkl2xP+Iq37Fplxbz8JVh9wl4dSsbOAZ56ZzDKi2uyrigvEX5yfHRf/dYeqcbYenjAEdF5zje/IGR1TcVDmulLNebq60pzI4RMedJmZ/uWPsOcO/PhvMaHIjl2ngrVNG9Ajc+pg3kDL22IG95ZlDw534gFG6qJxLWjlK+mlGe/vsh8/sX33U62C73fL5XX1Yba6/rh58Hst4ihW+6ius4x222EeIM3zHD/z0vnhfvQvv8o/Um6tqnuCf4X37DYLLrWY=</latexit><latexit sha1_base64="wdeelTrRFSpKNbMgavxbhxlOnb0=">AAADK3ichVLPTxNBGH2sv6CKFj1yaWxMMDHNbIPYxguJSLyYYGKBpG1gdhmWTbe7m9kpAev+Sf4b/AOeIFy9edWTB9+MWxMhhmmm35v3ve/NNzMb5ElcGCHO57xbt+/cvTe/ULv/YPHho/rS4+0im+hQ9cIsyfRuIAuVxKnqmdgkajfXSo6DRO0Eozc2v3OsdBFn6UdzmqvhWEZpfBiH0pDaq+/nK7XpwPn0dRQMp6Il/E53be 2FaPndbvelT7AqONrlSfn5qrZjM4ISMQNtB8qBOVJGlrXne/XmLNu4DvwKNFGNrax+gQEOkCHEBGMopDDECSQK/vrwIZCTG2JKThPFLq9QosbaCVWKCkl2xP+Iq37Fplxbz8JVh9wl4dSsbOAZ56ZzDKi2uyrigvEX5yfHRf/dYeqcbYenjAEdF5zje/IGR1TcVDmulLNebq60pzI4RMedJmZ/uWPsOcO/PhvMaHIjl2ngrVNG9Ajc+pg3kDL22IG95ZlDw534gFG6qJxLWjlK+mlGe/vsh8/sX33U62C73fL5XX1Yba6/rh58Hst4ihW+6ius4x222EeIM3zHD/z0vnhfvQvv8o/Um6tqnuCf4X37DYLLrWY=</latexit><latexit sha1_base64="wdeelTrRFSpKNbMgavxbhxlOnb0=">AAADK3ichVLPTxNBGH2sv6CKFj1yaWxMMDHNbIPYxguJSLyYYGKBpG1gdhmWTbe7m9kpAev+Sf4b/AOeIFy9edWTB9+MWxMhhmmm35v3ve/NNzMb5ElcGCHO57xbt+/cvTe/ULv/YPHho/rS4+0im+hQ9cIsyfRuIAuVxKnqmdgkajfXSo6DRO0Eozc2v3OsdBFn6UdzmqvhWEZpfBiH0pDaq+/nK7XpwPn0dRQMp6Il/E53be 2FaPndbvelT7AqONrlSfn5qrZjM4ISMQNtB8qBOVJGlrXne/XmLNu4DvwKNFGNrax+gQEOkCHEBGMopDDECSQK/vrwIZCTG2JKThPFLq9QosbaCVWKCkl2xP+Iq37Fplxbz8JVh9wl4dSsbOAZ56ZzDKi2uyrigvEX5yfHRf/dYeqcbYenjAEdF5zje/IGR1TcVDmulLNebq60pzI4RMedJmZ/uWPsOcO/PhvMaHIjl2ngrVNG9Ajc+pg3kDL22IG95ZlDw534gFG6qJxLWjlK+mlGe/vsh8/sX33U62C73fL5XX1Yba6/rh58Hst4ihW+6ius4x222EeIM3zHD/z0vnhfvQvv8o/Um6tqnuCf4X37DYLLrWY=</latexit><latexit sha1_base64="I3qzNHs0O153gIiFHHCMQ4HedNo=">AAACu3ichVLLSsNAFD2Nr7ZWrWs3wSK4KokbXQo+EEGoYB9QiyTpNIamSZhMK7X4A279Ov0WF56MqaBFOmFy75x777mPGTcJg1RZ1nvBWFldW98olsqblfLW9k610krjsfRE04vDWHZcJxVhEImmClQoOokUzsgNRdsdnmX29kTINIijOzVNRG/k+FEwCDxHEWo8VGtW3dLLXFTsXKkhX3H1A/foI4aHMUYQiKCoh3CQ8uvCho WEWA8zYpJaoO0CLygzdkwvQQ+H6JB/n6dujkY8Z5ypjvaYJeSWjDRxwH2pGV16Z1kF9ZTyk/tZY/6/GWaaOatwSumSsaQZb4grPNJjWeQo95zXsjwy60phgBPdTcD6Eo1kfXo/POe0SGJDbTFxoT19crj6POEEIsomK8imPGcwdcd9SkdLoVminNEhn6TMps96eMv23ztdVFpHdduq27cWitjDPg55mcc4xRUaTO8xySvejGsjMZ6+X4NRyJ/FLn4tY/oFhOiMYg==</latexit><latexit sha1_base64="gthxOZgHWkOO0+AZno1g16ZQYkM=">AAADIHichVLLTttAFD240EJKS9ptNxGoEkgoGkctJDukPtRNJSo1gJREdGwGY8WxrfEEQVN/Un+jP9BVEZ/AtqxYcGZwKhWEGGt8z5x777l3HkGexIUR4s+M92h27vGT+YXa08Vnz5fqLxZ3imysQ9UNsyTTe4EsVBKnqmtik6i9XCs5ChK1GwzfWf/usdJFnKVfzWmuBiMZpfFhHEpDar/+LV+tTfpOp6ejYDARTeG3Oxsb66 Lpdzqdtz7BG8HRKk/KH7dj29YjGCKmoOVA2TdHysiytrZfX5l6G3eBX4EVVGM7q5+hjwNkCDHGCAopDHECiYJfDz4EcnIDTMhpotj5FUrUmDtmlGKEJDvkP+KqV7Ep11azcNkhqyScmpkNvOb86BQDRtuqirigveL87rjo3goTp2w7PKUNqLjgFD+TNzhixEOZoypy2svDmXZXBodou93E7C93jN1n+E/nPT2a3NB5GvjgIiNqBG59zBNIabvswJ7yVKHhdnxAK51VTiWtFCX1NK09ffbDa/ZvX+pdsNNq+nxXXwTm8QrLWOVlbmILn7DN8iF+4QJ/cen99H57ZzcPwpupXsZL/De882sVp6vW</latexit><latexit sha1_base64="gthxOZgHWkOO0+AZno1g16ZQYkM=">AAADIHichVLLTttAFD240EJKS9ptNxGoEkgoGkctJDukPtRNJSo1gJREdGwGY8WxrfEEQVN/Un+jP9BVEZ/AtqxYcGZwKhWEGGt8z5x777l3HkGexIUR4s+M92h27vGT+YXa08Vnz5fqLxZ3imysQ9UNsyTTe4EsVBKnqmtik6i9XCs5ChK1GwzfWf/usdJFnKVfzWmuBiMZpfFhHEpDar/+LV+tTfpOp6ejYDARTeG3Oxsb66 Lpdzqdtz7BG8HRKk/KH7dj29YjGCKmoOVA2TdHysiytrZfX5l6G3eBX4EVVGM7q5+hjwNkCDHGCAopDHECiYJfDz4EcnIDTMhpotj5FUrUmDtmlGKEJDvkP+KqV7Ep11azcNkhqyScmpkNvOb86BQDRtuqirigveL87rjo3goTp2w7PKUNqLjgFD+TNzhixEOZoypy2svDmXZXBodou93E7C93jN1n+E/nPT2a3NB5GvjgIiNqBG59zBNIabvswJ7yVKHhdnxAK51VTiWtFCX1NK09ffbDa/ZvX+pdsNNq+nxXXwTm8QrLWOVlbmILn7DN8iF+4QJ/cen99H57ZzcPwpupXsZL/De882sVp6vW</latexit><latexit sha1_base64="hqMt9biu8nN5ElQ/tocawMQPv/w=">AAADK3ichVLLThsxFD1MX5A+CGXZTdSoEpWqyBMBTdQNUh/qBolKDSAlEfUMZhhlMjPyOAiazifxG/2Broq67Y4trLrosTupVFCFI+cen3vu8bU9QZ7EhRHi+5x36/adu/fmF2r3Hzx8tFhferxdZBMdql6YJZneDWShkjhVPRObRO3mWslxkKidYPTa5neOlC7iLP1oTnI1HMsojQ/iUBpSe/VP+UptOnA+fR0Fw6loCb/TXV 9/IVp+t9td8wlWBUe7PC6/XNV2bEZQImag7UA5MIfKyLL2fK/enGUb14FfgSaqsZXVzzDAPjKEmGAMhRSGOIFEwV8fPgRyckNMyWmi2OUVStRYO6FKUSHJjvgfcdWv2JRr61m46pC7JJyalQ0843znHAOq7a6KuGD8xfnZcdF/d5g6Z9vhCWNAxwXnuEne4JCKmyrHlXLWy82V9lQGB+i408TsL3eMPWf41+cNM5rcyGUaeOuUET0Ctz7iDaSMPXZgb3nm0HAn3meULirnklaOkn6a0d4+++Ez+1cf9TrYbrd8flcfRHPjVfXg83iCp1jhq77EBt5ji32E+IpzXODSO/W+eWfejz9Sb66qWcY/w/v5G4GLrWI=</latexit><latexit sha1_base64="wdeelTrRFSpKNbMgavxbhxlOnb0=">AAADK3ichVLPTxNBGH2sv6CKFj1yaWxMMDHNbIPYxguJSLyYYGKBpG1gdhmWTbe7m9kpAev+Sf4b/AOeIFy9edWTB9+MWxMhhmmm35v3ve/NNzMb5ElcGCHO57xbt+/cvTe/ULv/YPHho/rS4+0im+hQ9cIsyfRuIAuVxKnqmdgkajfXSo6DRO0Eozc2v3OsdBFn6UdzmqvhWEZpfBiH0pDaq+/nK7XpwPn0dRQMp6Il/E53be 2FaPndbvelT7AqONrlSfn5qrZjM4ISMQNtB8qBOVJGlrXne/XmLNu4DvwKNFGNrax+gQEOkCHEBGMopDDECSQK/vrwIZCTG2JKThPFLq9QosbaCVWKCkl2xP+Iq37Fplxbz8JVh9wl4dSsbOAZ56ZzDKi2uyrigvEX5yfHRf/dYeqcbYenjAEdF5zje/IGR1TcVDmulLNebq60pzI4RMedJmZ/uWPsOcO/PhvMaHIjl2ngrVNG9Ajc+pg3kDL22IG95ZlDw534gFG6qJxLWjlK+mlGe/vsh8/sX33U62C73fL5XX1Yba6/rh58Hst4ihW+6ius4x222EeIM3zHD/z0vnhfvQvv8o/Um6tqnuCf4X37DYLLrWY=</latexit><latexit sha1_base64="wdeelTrRFSpKNbMgavxbhxlOnb0=">AAADK3ichVLPTxNBGH2sv6CKFj1yaWxMMDHNbIPYxguJSLyYYGKBpG1gdhmWTbe7m9kpAev+Sf4b/AOeIFy9edWTB9+MWxMhhmmm35v3ve/NNzMb5ElcGCHO57xbt+/cvTe/ULv/YPHho/rS4+0im+hQ9cIsyfRuIAuVxKnqmdgkajfXSo6DRO0Eozc2v3OsdBFn6UdzmqvhWEZpfBiH0pDaq+/nK7XpwPn0dRQMp6Il/E53be 2FaPndbvelT7AqONrlSfn5qrZjM4ISMQNtB8qBOVJGlrXne/XmLNu4DvwKNFGNrax+gQEOkCHEBGMopDDECSQK/vrwIZCTG2JKThPFLq9QosbaCVWKCkl2xP+Iq37Fplxbz8JVh9wl4dSsbOAZ56ZzDKi2uyrigvEX5yfHRf/dYeqcbYenjAEdF5zje/IGR1TcVDmulLNebq60pzI4RMedJmZ/uWPsOcO/PhvMaHIjl2ngrVNG9Ajc+pg3kDL22IG95ZlDw534gFG6qJxLWjlK+mlGe/vsh8/sX33U62C73fL5XX1Yba6/rh58Hst4ihW+6ius4x222EeIM3zHD/z0vnhfvQvv8o/Um6tqnuCf4X37DYLLrWY=</latexit><latexit sha1_base64="wdeelTrRFSpKNbMgavxbhxlOnb0=">AAADK3ichVLPTxNBGH2sv6CKFj1yaWxMMDHNbIPYxguJSLyYYGKBpG1gdhmWTbe7m9kpAev+Sf4b/AOeIFy9edWTB9+MWxMhhmmm35v3ve/NNzMb5ElcGCHO57xbt+/cvTe/ULv/YPHho/rS4+0im+hQ9cIsyfRuIAuVxKnqmdgkajfXSo6DRO0Eozc2v3OsdBFn6UdzmqvhWEZpfBiH0pDaq+/nK7XpwPn0dRQMp6Il/E53be 2FaPndbvelT7AqONrlSfn5qrZjM4ISMQNtB8qBOVJGlrXne/XmLNu4DvwKNFGNrax+gQEOkCHEBGMopDDECSQK/vrwIZCTG2JKThPFLq9QosbaCVWKCkl2xP+Iq37Fplxbz8JVh9wl4dSsbOAZ56ZzDKi2uyrigvEX5yfHRf/dYeqcbYenjAEdF5zje/IGR1TcVDmulLNebq60pzI4RMedJmZ/uWPsOcO/PhvMaHIjl2ngrVNG9Ajc+pg3kDL22IG95ZlDw534gFG6qJxLWjlK+mlGe/vsh8/sX33U62C73fL5XX1Yba6/rh58Hst4ihW+6ius4x222EeIM3zHD/z0vnhfvQvv8o/Um6tqnuCf4X37DYLLrWY=</latexit><latexit sha1_base64="wdeelTrRFSpKNbMgavxbhxlOnb0=">AAADK3ichVLPTxNBGH2sv6CKFj1yaWxMMDHNbIPYxguJSLyYYGKBpG1gdhmWTbe7m9kpAev+Sf4b/AOeIFy9edWTB9+MWxMhhmmm35v3ve/NNzMb5ElcGCHO57xbt+/cvTe/ULv/YPHho/rS4+0im+hQ9cIsyfRuIAuVxKnqmdgkajfXSo6DRO0Eozc2v3OsdBFn6UdzmqvhWEZpfBiH0pDaq+/nK7XpwPn0dRQMp6Il/E53be 2FaPndbvelT7AqONrlSfn5qrZjM4ISMQNtB8qBOVJGlrXne/XmLNu4DvwKNFGNrax+gQEOkCHEBGMopDDECSQK/vrwIZCTG2JKThPFLq9QosbaCVWKCkl2xP+Iq37Fplxbz8JVh9wl4dSsbOAZ56ZzDKi2uyrigvEX5yfHRf/dYeqcbYenjAEdF5zje/IGR1TcVDmulLNebq60pzI4RMedJmZ/uWPsOcO/PhvMaHIjl2ngrVNG9Ajc+pg3kDL22IG95ZlDw534gFG6qJxLWjlK+mlGe/vsh8/sX33U62C73fL5XX1Yba6/rh58Hst4ihW+6ius4x222EeIM3zHD/z0vnhfvQvv8o/Um6tqnuCf4X37DYLLrWY=</latexit><latexit sha1_base64="wdeelTrRFSpKNbMgavxbhxlOnb0=">AAADK3ichVLPTxNBGH2sv6CKFj1yaWxMMDHNbIPYxguJSLyYYGKBpG1gdhmWTbe7m9kpAev+Sf4b/AOeIFy9edWTB9+MWxMhhmmm35v3ve/NNzMb5ElcGCHO57xbt+/cvTe/ULv/YPHho/rS4+0im+hQ9cIsyfRuIAuVxKnqmdgkajfXSo6DRO0Eozc2v3OsdBFn6UdzmqvhWEZpfBiH0pDaq+/nK7XpwPn0dRQMp6Il/E53be 2FaPndbvelT7AqONrlSfn5qrZjM4ISMQNtB8qBOVJGlrXne/XmLNu4DvwKNFGNrax+gQEOkCHEBGMopDDECSQK/vrwIZCTG2JKThPFLq9QosbaCVWKCkl2xP+Iq37Fplxbz8JVh9wl4dSsbOAZ56ZzDKi2uyrigvEX5yfHRf/dYeqcbYenjAEdF5zje/IGR1TcVDmulLNebq60pzI4RMedJmZ/uWPsOcO/PhvMaHIjl2ngrVNG9Ajc+pg3kDL22IG95ZlDw534gFG6qJxLWjlK+mlGe/vsh8/sX33U62C73fL5XX1Yba6/rh58Hst4ihW+6ius4x222EeIM3zHD/z0vnhfvQvv8o/Um6tqnuCf4X37DYLLrWY=</latexit><latexit sha1_base64="wdeelTrRFSpKNbMgavxbhxlOnb0=">AAADK3ichVLPTxNBGH2sv6CKFj1yaWxMMDHNbIPYxguJSLyYYGKBpG1gdhmWTbe7m9kpAev+Sf4b/AOeIFy9edWTB9+MWxMhhmmm35v3ve/NNzMb5ElcGCHO57xbt+/cvTe/ULv/YPHho/rS4+0im+hQ9cIsyfRuIAuVxKnqmdgkajfXSo6DRO0Eozc2v3OsdBFn6UdzmqvhWEZpfBiH0pDaq+/nK7XpwPn0dRQMp6Il/E53be 2FaPndbvelT7AqONrlSfn5qrZjM4ISMQNtB8qBOVJGlrXne/XmLNu4DvwKNFGNrax+gQEOkCHEBGMopDDECSQK/vrwIZCTG2JKThPFLq9QosbaCVWKCkl2xP+Iq37Fplxbz8JVh9wl4dSsbOAZ56ZzDKi2uyrigvEX5yfHRf/dYeqcbYenjAEdF5zje/IGR1TcVDmulLNebq60pzI4RMedJmZ/uWPsOcO/PhvMaHIjl2ngrVNG9Ajc+pg3kDL22IG95ZlDw534gFG6qJxLWjlK+mlGe/vsh8/sX33U62C73fL5XX1Yba6/rh58Hst4ihW+6ius4x222EeIM3zHD/z0vnhfvQvv8o/Um6tqnuCf4X37DYLLrWY=</latexit>

Parton  
Level
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Outline

Introduction: Inference
What’s is the Problem? 

 
Review: Inference Techniques

What did we do so far?

The MadMiner Approach
What do we do?  

 
Optimal Observables and Fisher Information

This will turn out to be useful.  
 

The MadMiner Tool
Using these methods is super easy!

A Realistic Physics Example
Probing SMEFT in tth

 
Summary and Conclusion

Review: Inference Techniques
What did we do so far?
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full likelihood 
(all events)

rate 
(event number)

kinematics 
(single event)

likelihood function 

pfull({x}|✓) = Pois(n|L�(✓))⇥
nY

i=1

p(xi|✓)
<latexit sha1_base64="pMGIJ7ZYelLB/TeREM1efG1nLm4="></latexit><latexit sha1_base64="pMGIJ7ZYelLB/TeREM1efG1nLm4="></latexit><latexit sha1_base64="pMGIJ7ZYelLB/TeREM1efG1nLm4="></latexit><latexit sha1_base64="pMGIJ7ZYelLB/TeREM1efG1nLm4="></latexit>

log rfull({x}|✓, ✓ref) = log rrate(n|✓, ✓ref) +
nX

i=1

log r(xi|✓, ✓ref)
<latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit>
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Option 1: Rate Only 
 - only consider rate:  “cut and count“
 -  
 - all additional kinematic information lost
log rfull(n|✓, ✓ref) = log rrate(n|✓, ✓ref) = Pois(n|L�(✓))/Pois(n|L�(✓ref))

<latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit><latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit><latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit><latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit>

log rfull({x}|✓, ✓ref) = log rrate(n|✓, ✓ref) +
nX

i=1

log r(xi|✓, ✓ref)
<latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit>

ignore this term
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Option 1: Rate Only 
 - only consider rate:  “cut and count“
 -  
 - all additional kinematic information lost
log rfull(n|✓, ✓ref) = log rrate(n|✓, ✓ref) = Pois(n|L�(✓))/Pois(n|L�(✓ref))

<latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit><latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit><latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit><latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit>

log rfull({x}|✓, ✓ref) = log rrate(n|✓, ✓ref) +
nX

i=1

log r(xi|✓, ✓ref)
<latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit>

Histogram

Option 2: Summary Statistics  
 - few hand-picked observables x’
 - estimate p(x’|θ)

 - information loss 
 - problem dependent  
 

 - Example: 
   * histograms
   * STXS
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Option 1: Rate Only 
 - only consider rate:  “cut and count“
 -  
 - all additional kinematic information lost
log rfull(n|✓, ✓ref) = log rrate(n|✓, ✓ref) = Pois(n|L�(✓))/Pois(n|L�(✓ref))

<latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit><latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit><latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit><latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit>

log rfull({x}|✓, ✓ref) = log rrate(n|✓, ✓ref) +
nX

i=1

log r(xi|✓, ✓ref)
<latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit>

Histogram

Option 2: Summary Statistics  
 - few hand-picked observables x’
 - estimate p(x’|θ)

 - information loss 
 - problem dependent  
 

 - Example: 
   * histograms
   * STXS

 

get event  
samples
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Option 1: Rate Only 
 - only consider rate:  “cut and count“
 -  
 - all additional kinematic information lost
log rfull(n|✓, ✓ref) = log rrate(n|✓, ✓ref) = Pois(n|L�(✓))/Pois(n|L�(✓ref))

<latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit><latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit><latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit><latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit>

log rfull({x}|✓, ✓ref) = log rrate(n|✓, ✓ref) +
nX

i=1

log r(xi|✓, ✓ref)
<latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit>

Histogram

Option 2: Summary Statistics  
 - few hand-picked observables x’
 - estimate p(x’|θ)

 - information loss 
 - problem dependent  
 

 - Example: 
   * histograms
   * STXS

 

get event  
samples

fill  
histograms
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Option 1: Rate Only 
 - only consider rate:  “cut and count“
 -  
 - all additional kinematic information lost
log rfull(n|✓, ✓ref) = log rrate(n|✓, ✓ref) = Pois(n|L�(✓))/Pois(n|L�(✓ref))

<latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit><latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit><latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit><latexit sha1_base64="jqTXT0LzrYxfgVpszkJ9Ld5eoKA="></latexit>

log rfull({x}|✓, ✓ref) = log rrate(n|✓, ✓ref) +
nX

i=1

log r(xi|✓, ✓ref)
<latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit>

use Histogram

Option 2: Summary Statistics  
 - few hand-picked observables x’
 - estimate p(x’|θ)

 - information loss 
 - problem dependent  
 

 - Example: 
   * histograms
   * STXS

 

get event  
samples

fill  
histograms

obtain  
likelihood ratio
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log rfull({x}|✓, ✓ref) = log rrate(n|✓, ✓ref) +
nX

i=1

log r(xi|✓, ✓ref)
<latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit>

use ML ClassifierOption 3: Machine Learning 
 - estimate r(x|θ) from multivariate analysis 
 

 - works great for S vs BG  
 - struggles with S’ vs S: 
    *large number of S’  * very similar S’, S  
 - physics not always clear  
 

 - Example: ML Classifier
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log rfull({x}|✓, ✓ref) = log rrate(n|✓, ✓ref) +
nX

i=1

log r(xi|✓, ✓ref)
<latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit>

use ML ClassifierOption 3: Machine Learning 
 - estimate r(x|θ) from multivariate analysis 
 

 - works great for S vs BG  
 - struggles with S’ vs S: 
    *large number of S’  * very similar S’, S  
 - physics not always clear  
 

 - Example: ML Classifier

get event  
samples
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log rfull({x}|✓, ✓ref) = log rrate(n|✓, ✓ref) +
nX

i=1

log r(xi|✓, ✓ref)
<latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit>

use ML ClassifierOption 3: Machine Learning 
 - estimate r(x|θ) from multivariate analysis 
 

 - works great for S vs BG  
 - struggles with S’ vs S: 
    *large number of S’  * very similar S’, S  
 - physics not always clear  
 

 - Example: ML Classifier

get event  
samples

train 
classifier
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log rfull({x}|✓, ✓ref) = log rrate(n|✓, ✓ref) +
nX

i=1

log r(xi|✓, ✓ref)
<latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit>

use ML ClassifierOption 3: Machine Learning 
 - estimate r(x|θ) from multivariate analysis 
 

 - works great for S vs BG  
 - struggles with S’ vs S: 
    *large number of S’  * very similar S’, S  
 - physics not always clear  
 

 - Example: ML Classifier

get event  
samples

train 
classifier

obtain  
likelihood ratios(x|✓) = p(x|✓ref)

p(x|✓) + p(x|✓ref)
<latexit sha1_base64="hH5VUK2RpE23D3cOgDLMv+hS8Vk="></latexit><latexit sha1_base64="hH5VUK2RpE23D3cOgDLMv+hS8Vk="></latexit><latexit sha1_base64="hH5VUK2RpE23D3cOgDLMv+hS8Vk="></latexit><latexit sha1_base64="hH5VUK2RpE23D3cOgDLMv+hS8Vk="></latexit>

 - optimal decision function:
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log rfull({x}|✓, ✓ref) = log rrate(n|✓, ✓ref) +
nX

i=1

log r(xi|✓, ✓ref)
<latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit>

use ML ClassifierOption 3: Machine Learning 
 - estimate r(x|θ) from multivariate analysis 
 

 - works great for S vs BG  
 - struggles with S’ vs S: 
    *large number of S’  * very similar S’, S  
 - physics not always clear  
 

 - Example: ML Classifier

get event  
samples

train 
classifier

obtain  
likelihood ratios(x|✓) = p(x|✓ref)

p(x|✓) + p(x|✓ref)
<latexit sha1_base64="hH5VUK2RpE23D3cOgDLMv+hS8Vk="></latexit><latexit sha1_base64="hH5VUK2RpE23D3cOgDLMv+hS8Vk="></latexit><latexit sha1_base64="hH5VUK2RpE23D3cOgDLMv+hS8Vk="></latexit><latexit sha1_base64="hH5VUK2RpE23D3cOgDLMv+hS8Vk="></latexit>

 - optimal decision function:

agrees with histogram … 
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Option 3: Machine Learning 
 - estimate r(x|θ) from multivariate analysis 
 

 - works great for S vs BG  
 - struggles with S’ vs S: 
    *large number of S’  * very similar S’, S  
 - physics not always clear  
 

 - Example: ML Classifier

log rfull({x}|✓, ✓ref) = log rrate(n|✓, ✓ref) +
nX

i=1

log r(xi|✓, ✓ref)
<latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit>

use Matrix Element

Option 4: Matrix Element Based  
 - uses p(x|θ)~|M(x|θ)|2 
 - multivariate analysis, direct physics insight  
 - requires approximations of detector response: x=zp
 

 - works great at parton level: S’ vs S is easy  
 - S vs BG can be hard 
 

 - Example: Matrix Element Method (MEM), Optimal Observables (OO)
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Option 3: Machine Learning 
 - estimate r(x|θ) from multivariate analysis 
 

 - works great for S vs BG  
 - struggles with S’ vs S: 
    *large number of S’  * very similar S’, S  
 - physics not always clear  
 

 - Example: ML Classifier

log rfull({x}|✓, ✓ref) = log rrate(n|✓, ✓ref) +
nX

i=1

log r(xi|✓, ✓ref)
<latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit>

Option 4: Matrix Element Based  
 - uses p(x|θ)~|M(x|θ)|2 
 - multivariate analysis, direct physics insight  
 - requires approximations of detector response: x=zp
 

 - works great at parton level: S’ vs S is easy  
 - S vs BG can be hard 
 

 - Example: Matrix Element Method (MEM), Optimal Observables (OO)

Can we have MEM 
at detector level?
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Option 3: Machine Learning 
 - estimate r(x|θ) from multivariate analysis 
 

 - works great for S vs BG  
 - struggles with S’ vs S: 
    *large number of S’  * very similar S’, S  
 - physics not always clear  
 

 - Example: ML Classifier

log rfull({x}|✓, ✓ref) = log rrate(n|✓, ✓ref) +
nX

i=1

log r(xi|✓, ✓ref)
<latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit><latexit sha1_base64="jmZmYtgAyzgv8csSqABpXKYKwOY="></latexit>

Option 4: Matrix Element Based  
 - uses p(x|θ)~|M(x|θ)|2 
 - multivariate analysis, direct physics insight  
 - requires approximations of detector response: x=zp
 

 - works great at parton level: S’ vs S is easy  
 - S vs BG can be hard 
 

 - Example: Matrix Element Method (MEM), Optimal Observables (OO)

MadMiner

physics insight of 
matrix element information

power of
machine learning
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Outline

Introduction: Inference
What’s is the Problem? 

 
Review: Inference Techniques

What did we do so far?

The MadMiner Approach
What do we do?  

 
Optimal Observables and Fisher Information

This will turn out to be useful.  
 

The MadMiner Tool
Using these methods is super easy!

A Realistic Physics Example
Probing SMEFT in tth

 
Summary and Conclusion

The MadMiner Approach
What do we do? 
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The MadMiner Approach

Simulator

Theory Parameters
✓

<latexit sha1_base64="cJDP+MM1g1OnzhOdqUPhOygV0yw="></latexit><latexit sha1_base64="cJDP+MM1g1OnzhOdqUPhOygV0yw="></latexit><latexit sha1_base64="cJDP+MM1g1OnzhOdqUPhOygV0yw="></latexit><latexit sha1_base64="cJDP+MM1g1OnzhOdqUPhOygV0yw="></latexit>

Latent variables z

Observables
x

<latexit sha1_base64="i0S4HUjEottYUN2REIc8NTN8K8o="></latexit><latexit sha1_base64="i0S4HUjEottYUN2REIc8NTN8K8o="></latexit><latexit sha1_base64="i0S4HUjEottYUN2REIc8NTN8K8o="></latexit><latexit sha1_base64="i0S4HUjEottYUN2REIc8NTN8K8o="></latexit>

joint likelihood ratio

Set of Events:

matrix elements 

|M(zp|✓)|2
<latexit sha1_base64="oJELVAbUI85TzyNf2kwhXpFgIsQ="></latexit><latexit sha1_base64="oJELVAbUI85TzyNf2kwhXpFgIsQ="></latexit><latexit sha1_base64="oJELVAbUI85TzyNf2kwhXpFgIsQ="></latexit><latexit sha1_base64="I3qzNHs0O153gIiFHHCMQ4HedNo="></latexit><latexit sha1_base64="qRMaxurlzOYKu9QHBgiMxvDdSU0="></latexit><latexit sha1_base64="qRMaxurlzOYKu9QHBgiMxvDdSU0="></latexit><latexit sha1_base64="sM604Yy7pfPB3qYQNx6f57fKyoo="></latexit><latexit sha1_base64="oJELVAbUI85TzyNf2kwhXpFgIsQ="></latexit><latexit sha1_base64="oJELVAbUI85TzyNf2kwhXpFgIsQ="></latexit><latexit sha1_base64="oJELVAbUI85TzyNf2kwhXpFgIsQ="></latexit><latexit sha1_base64="oJELVAbUI85TzyNf2kwhXpFgIsQ="></latexit><latexit sha1_base64="oJELVAbUI85TzyNf2kwhXpFgIsQ="></latexit><latexit sha1_base64="oJELVAbUI85TzyNf2kwhXpFgIsQ="></latexit>

r(x, z|✓) = |M(zp|✓)|2

|M(zp|✓ref)|2
<latexit sha1_base64="yWd83JvJWuJ+1es7aKrWIuo0Mzw="></latexit><latexit sha1_base64="yWd83JvJWuJ+1es7aKrWIuo0Mzw="></latexit><latexit sha1_base64="yWd83JvJWuJ+1es7aKrWIuo0Mzw="></latexit><latexit sha1_base64="yWd83JvJWuJ+1es7aKrWIuo0Mzw="></latexit>
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We want: 

data

Likelihood-ratio 
r(x|θ)

theory

Joint Likelihood-ratio 
r(x,z|θ)

Generators give us: 

The MadMiner Approach
Problem Setup: 
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We want: 

data

A Pedagogical Example for Illustration  
 - processes 
     * signal: fully leptonic tth  
     * background : ttγγ continuum

 - theory
     * SMEFT model:                               with
     * theory parameter:  
 

 - simulation: MadGraph5 + Pythia8 + Delphes3 + HL-LHC setup  
 

   - one observable: 

 - latent variables:     
    * neutrino pz           * jet charge+flavor        * all the hadron momenta 
    * random numbers in detector simulation    * all other observables

Likelihood-ratio 
r(x|θ)

theory

Joint Likelihood-ratio 
r(x,z|θ)

Generators give us: 

The MadMiner Approach
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L = LSM + cGOG
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Problem Setup: 
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How is Likelihood Estimated? 
- consider two models BSM (θ=1) vs SM (θref=0)  
   * sampled events according to p(x|SM) , p(x|BSM)

sampled events according to p(x|SM)  
 

sampled events according to p(x|BSM)

 - more BSM points at high pT 

The MadMiner Approach



Felix Kling Constraining EFTs with Machine Learning 42

How is Likelihood Estimated? 
- consider two models BSM (θ=1) vs SM (θref=0)  
   * sampled events according to p(x|SM) , p(x|BSM)  
   * y-axis: joint likelihood ratio r(x,z|BSM,SM)

 - more BSM points at high pT  
  → BSM more likely than SM at high pT

sampled events according to p(x|SM)  
 

sampled events according to p(x|BSM)

The MadMiner Approach
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How is Likelihood Estimated? 

- estimated r(x|SM,BSM)  
  → obtain “best fit“

- consider two models BSM (θ=1) vs SM (θref=0)  
   * sampled events according to p(x|SM) , p(x|BSM)  
   * y-axis: joint likelihood ratio r(x,z|BSM,SM)

The MadMiner Approach
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How is Likelihood Estimated? 

- estimated r(x|SM,BSM)  
  → obtain “best fit“
- define functional (loss function)  
 
 
    and minimize it 

[Proof: J. Brehmer, K. Cranmer, G. Louppe, J. Pavez 1805.00020]

r(x|✓) = argmin
r̂(x|✓)

Lr [r̂(x|✓)]
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L [r̂(x|✓)] ⇠
X

|r(x|✓)� r(x, z|✓)|2
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neural network loss function
stochastic gradient descent

A sufficiently expressive network, efficiently 
trained in this way with enough data will 
learn the likelihood ratio function r(x|θ)!          

- consider two models BSM (θ=1) vs SM (θref=0)  
   * sampled events according to p(x|SM) , p(x|BSM)  
   * y-axis: joint likelihood ratio r(x,z|BSM,SM)

The MadMiner Approach
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How is Likelihood Estimated? 

- estimated r(x|SM,BSM)  
  → obtain “best fit“

- consider two models BSM (θ=1) vs SM (θref=0)  
   * sampled events according to p(x|SM) , p(x|BSM)  
   * y-axis: joint likelihood ratio r(x,z|BSM,SM)

- LLR obtained using histogram  
  → agrees well :)  
  → “continuum limit of for large # of bins“

The MadMiner Approach
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The MadMiner Approach

- knowing the derivative often helps:  “How does data x change, when theory θ is changed?“ 
         Score: t(x|θ)=d log p(x|θ)/dθ   

- position: joint likelihood ratio  
    log r(x,z|θ) as function of θ 
 

- slope: joint score  
    t(x,z|θ) as function of θ 
 

Useful: the Score! 

BSM: θ≠0 SM: θ=0 

pTH = (300±2.5) GeV
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- knowing the derivative often helps:  “How does data x change, when theory θ is changed?“ 
         Score: t(x|θ)=d log p(x|θ)/dθ   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- position: joint likelihood ratio  
    log r(x,z|θ) as function of θ 
 

- slope: joint score  
    t(x,z|θ) as function of θ 
 
 
 
 

- estimate r(x, θ) and t(x, θ)

Useful: the Score! 

BSM: θ≠0 SM: θ=0 

pTH = (300±2.5) GeV

obtain “best fit“

Likelihood Ratio Estimator (ALICES)  
- learn LLR as function of x and θ 
- use r(x,z|θ) and t(x,z|θ) as input

NN : (x, ✓) ! r̂(x|✓) ⇡ p(x|✓)/p(x|✓ref)
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The MadMiner Approach
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Outline

Introduction: Inference
What’s is the Problem? 

 
Review: Inference Techniques

What did we do so far?

The MadMiner Approach
What do we do?  

 
Optimal Observables and Fisher Information

This will turn out to be useful.  
 

The MadMiner Tool
Using these methods is super easy!

A Realistic Physics Example
Probing SMEFT in tth

 
Summary and Conclusion

Optimal Observables and Fisher Information
This will turn out to be useful.
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Optimal Observables
 lo

g 
r(

x|
θ)

θref θ

log r(x|✓) = log r(x|✓ref) + t(x)|✓ref ·(✓�✓ref) + . . .
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Scores are Optimal Observables 
 

 - expand LLR around θref
   * 

NN : x ! t̂(x) ⇡ r✓ log(x|✓)
��
✓ref
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- score: t(x|θ)=d log p(x|θ)/dθ   
- close to θref
  * score is sufficient statistics
  * knowing t(x)|θref is as powerful as  
     knowing r(x|θ)  
  * t(x)|θref are optimal observables 
 

- in SMEFT:  t(x)|SM is sensitive to interference

Score Estimator (SALLY)  
- learn score as function of x at θref 
- t(x,z|θref) as input



Felix Kling Constraining EFTs with Machine Learning

Fisher Information
 

 - expand expected LLR around θref 
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Fisher Information
-2

 E
[ 

lo
g 

r(
x|
θ)

 | 
θr

ef
 ]

θref θ

full results
local approximation

- Fisher Information: 

- useful properties: 
 * simple: nxn matrix (for n theory parameters)
 * Cramer-Rao bound:  
 * independent of parameterizations of x
 * covariant under θ→ θ’
 * additive between experiments / phase-space
 * easy to include systematics 
 * defines metric on theory parameter space 
 

Iij = L@i�(✓)@j�(✓)

�(✓)
+

L�(✓)

n

X

x⇠p(x|✓ref)

ti(x)tj(x)
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scores

cov[✓̂|✓0]  I�1
ij (✓0)

The Fisher information encodes the 
maximum sensitivity of observables 

to theory parameters for a given experiment  

See [J. Brehmer, K. Cranmer, FK, T. Plehn 1612.05261]

E[�2 log rfull(x|✓)|✓ref] = Iij(✓ref)⇥ (✓ � ✓ref)i(✓ � ✓ref)j + · · ·
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Outline

Introduction: Inference
What’s is the Problem? 

 
Review: Inference Techniques

What did we do so far?

The MadMiner Approach
What do we do?  

 
Optimal Observables and Fisher Information

This will turn out to be useful.  
 

The MadMiner Tool
Using these methods is super easy!

A Realistic Physics Example
Probing SMEFT in tth

 
Summary and Conclusion

 
The MadMiner Tool

Using these methods is super easy!



Felix Kling Constraining EFTs with Machine Learning 52

MadMiner: The Tool

Theory Parameters
✓
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Observables

Neural Network

Augmented Datâr(x|✓) = argmin
g

L [g]
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Limit Setting

r̂ (x|✓)
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Likelihood 
Estimator

Simulation Machine Learning Inference

A short summary
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MadMiner: The Tool
MadMiner  
 - automizes these techniques 
 - straightforward to apply them to LHC problems

 - out of the box: Pheno-level analysis 
    * MadGraph, Pythia, Delphes
    * backgrounds 
    * PDF/scale uncertainties  
    * ML uncertainties  
    * morphing
    * many inference techniques (SALLY, ALICES …)

 - scalable to state-of-the-art experimental tools 
 
 - python package 
    * modular interface  
    * extensive documentation
    * on GitHub
           github.com/diana-hep/madminer
    * easy to install  
           pip install madminer
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MadMiner

DelphesReader

SampleAugmenter

LikelihoodEstimator 
RatioEstimator 
ScoreEstimator 

Ensemble

MadGraph

Delphes

Pythia
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 (.

h5
)

MadGraph cards 
(.dat)

Parton-level events 
(.lhe)

Hadron-level events 
(.hepmc)

Detector-level events 
(.root)

Training data 
(.npy)

Trained ML model 
(.json, .pt, .npy)

Parameters

Fisher information

Observed events, 
parameter grid

Best fit, p-values

Parameter space, 
benchmarks, 
morphing, 

nuisance parameters

Observables, 
cuts

Sampling setup

Physics process, 
theory model, 

simulation setup

Input / Output MadMiner classes External simulators Files

[J. Brehmer, FK, I. Espejo, K. Cranmer 1907.10621]
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MadMiner Team

Already used by many people

Johann Brehmer Kyle Cranmer Irina Espejo Felix Kling

Thank you a lot for testing!

MadMiner: The Tool
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Outline

Introduction: Inference
What’s is the Problem? 

 
Review: Inference Techniques

What did we do so far?

The MadMiner Approach
What do we do?  

 
Optimal Observables and Fisher Information

This will turn out to be useful.  
 

The MadMiner Tool
Using these methods is super easy!

A Realistic Physics Example
Probing SMEFT in tth

 
Summary and Conclusion

A Realistic Physics Example
Probing SMEFT in tth
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The Physics Process 
 - processes 
     * signal: fully leptonic tth  
     * background: ttγγ continuum
     * 24.5 tth and 33.6 ttγγ events
 
 

 - theory
     * SMEFT model:                              

  

 - simulation: MadGraph5 + Pythia8 + Delphes3 + HL-LHC setup  
     * PDF4LHC: scale + PDF uncertainties  
 

   - 48 observable: x={px, py, pz, E, pT, η, ΔΦ, MET, mij, …}

56

Probing SMEFT in tth
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- rescales top Yukawa: yt→yt (1+3/2 cu)

- Higgs-gluon coupling: gggh→gggh(1 + 192π2/g2  cG)

- chromo-dipole moment: gtt, ggtt, gtth, ggtth 

Disclaimer: This is not the most sensitive process, 
but it demonstrates many features in MadMiner. 
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Fisher Information Analysis: 
- Fisher Information matrix: 
  * simple: 3x3 matrix
  * describes all operators simultaneously 
  * only sensitive to interference effects

- translate into limits 
  * 68% CL limits
  * separate information in rate+distributions

- results 
  * rate: constrains only one direction 
  * distributions: complementary information  
  * shaded band: 2σ ML ensemble variance 
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How about Systematics?
- strategy
  * introduce nuisance parameter ν for  
     scale (2) and PDF (30) uncertainties  
  * replace r(x|θ)→r(x|θ,ν)  
  * learn score, obtain Fisher Info (3+32 dim.)  
  * profile over ν   
    
- results:  
  * mainly scale uncertainties 
  * systematic reduce reach in   
     rate-sensitive direction  
  * multivariate analysis less affected 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Kinematic distribution of the Fisher information 
- identify the important phase-space regions 
  
   
 
 
 
 
   
  

59

Probing SMEFT in tth



Felix Kling Constraining EFTs with Machine Learning

How good is local approximation?
- Fisher Information matrix  
  * estimate   
  * only sensitive to interference effects by construction  
  * symmetric limits (ellipses)  
- SALLY  
  * estimates score t(x)|SM 
  * use score as optimal observable 
    (filled in histograms)  
  * optimal only close to SM 
 

- ALICES:  
  * estimate r(x|θ)  
  * optimal limits in whole parameter space  
 

- this example analysis:  
  * few data, weak constraints
  * dim6 squared terms important  
     in probed parameter space  
  * local / full limits differ
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Full Results  
- inference methods 
    total rate                        SALLY: score t(x)|SM  as locally optimal observables  
    pTH histogram              ALICES: use full r(x|θ)
- multivariate methods significantly improve reach  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Outline

Introduction: Inference
What’s is the Problem? 

 
Review: Inference Techniques

What did we do so far?

The MadMiner Approach
What do we do?  

 
Optimal Observables and Fisher Information

This will turn out to be useful.  
 

The MadMiner Tool
Using these methods is super easy!

A Realistic Physics Example
Probing SMEFT in tth

 
Summary and ConclusionSummary and Conclusion
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Motivation: LHC probe high-dimensional   
   theory space θ with high dimensional data x 
   * task: determine likelihood function p(x|θ)  
 
Method: uses multivariate inference techniques 
   leveraging information in matrix elements  
   and power of machine learning 

   * estimate full likelihood ratio   
     including correlations + systematics
   * learn optimal summary statistics 
   * ideal for SMEFT measurements  
 
Tool: MadMiner 
   * python package  
   * MadGraph add-on 
   * automizes all steps of analysis 
 

   * already used for Pheno studies  

63

Summary and Conclusion
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MadGraph cards 
(.dat)

Parton-level events 
(.lhe)

Hadron-level events 
(.hepmc)

Detector-level events 
(.root)

Training data 
(.npy)

Trained ML model 
(.json, .pt, .npy)

Parameters

Fisher information

Observed events, 
parameter grid

Best fit, p-values

Parameter space, 
benchmarks, 
morphing, 

nuisance parameters

Observables, 
cuts

Sampling setup

Physics process, 
theory model, 

simulation setup

Input / Output MadMiner classes External simulators Files
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Outline

Backup
Cool stuff that didn’t make it into the main part 
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Validation
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Validation



Felix Kling Constraining EFTs with Machine Learning

Validation
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- consider two models: BSM (θ=1) vs SM (θref=0)
- include ttH signal and ttγγ background         

68

How about Backgrounds? 

MadMiner with Backgrounds

constant joint LLR for background:  
      r(x,z|θ) = σ(θref)/σ(θ)

 - additional latent variable z: process label
 

 - points: joint likelihood ratio 

      estimate r(x, θ): “best fit“
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- consider two models: BSM (θ=1) vs SM (θref=0)
- include ttH signal and ttγγ background         

69

 - additional latent variable z: process label
 

 - points: joint likelihood ratio 

      estimate r(x, θ): “best fit“
 
Comparison with Histogram  
 - LLR obtained using histogram  
 

 - agrees well :)  
 

 - ML “continuum limit of for large # of bins“  
 
 
 
- realistic problem: x and θ high dimensional

How about Backgrounds? 

MadMiner with Backgrounds
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Another example: WH production in SMEFT  
- process WH>lvbb
- 3 operators contribute 
 
 
 
 
- 2 main observables: ptH and mT,tot  
 

- where is the information  
   * identify sensitive phase space regions 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ÕHD =
�
�†�

�
⇤
�
�†�

�
�

1

4

�
�†Dµ�

�⇤ �
�†Dµ�

�

OHW = �†� W a

µ⌫
Wµ⌫a

O
(3)
Hq

=
�
�†

$
Da

µ �
� �

Q̄L�
a�µQL

�
<latexit sha1_base64="W2It+leygZegYx6jtHTdZya9Mxk="></latexit><latexit sha1_base64="W2It+leygZegYx6jtHTdZya9Mxk="></latexit><latexit sha1_base64="W2It+leygZegYx6jtHTdZya9Mxk="></latexit><latexit sha1_base64="W2It+leygZegYx6jtHTdZya9Mxk="></latexit>

0 200 400 600 800 1000

pT,W (GeV)

10�1

100

101

102

103

104

105

E
ve

nt
s

(3
00

fb
�

1 )

0.00

0.05

0.10

0.15

0.20

0.25

N
or

m
al

iz
ed

D
is

tr
ib

ut
io

n
of

F
.I
.

C̃HD

CHW

C(3)
Hq

SM WH

QCD Backgrounds

interference term  
quadratic term

Distribution of Information:



Felix Kling Constraining EFTs with Machine Learning

-4 -2 0 2 4

C̃HD

-3

-2

-1

0

1

2

3

C
(3
)

H
Q

×10−2

C
HW

Profiled

L = 300 fb−1

Full Kin.

Full 2D dist.

STXS, stage 1.1

Imp. STXS

-5 -2.5 0 2.5 5

C̃HD

-6

-4

-2

0

2

4

6

C
(3

)
H

Q

⇥10�2

CHW Profiled

L = 300 fb�1

Full pT,W dist.

STXS, 6 bins

STXS, stage 1.1

STXS, stage 1

Another example: WH production in SMEFT  
- process WH>lvbb
- 3 operators contribute 
- 2 main observables: ptH and mT,tot  
 

- how good can simplified template cross sections probe WH? 
 * quantify performance using information geometry   
 * compare to full information  
 * additional high pT bin essential  
 * include 2nd observable
 * multivariate analysis potentially  
    much more powerful

Improved STXS

Stage 0:

Stage 1

Stage 1.1

pT,W (GeV)

mT,tot
(GeV) {

[0, 150] [150, 250] [250, ∞]

[0, 75] [75, 150] [150, 250] [250, 400] [400, ∞]

[0, 400]
[400, 800]
[800, ∞]

VH = V( → leptons)H

[600, ∞][400, 600]
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