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•… on the launch of STAMPS@CMU!
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How did we get here? 
Big Data and Machine Learning



3/8/22, 5:17 PMstudy viewer

Page 1 of 1https://studylib.net/viewer_next/web/study?file=%2F%2Fs3p.studyli…ata%2F008270117_1-4b2633680272d474a810959c06abb6d3.png&safe=true



3/8/22, 5:17 PMstudy viewer

Page 1 of 1https://studylib.net/viewer_next/web/study?file=%2F%2Fs3p.studyli…ata%2F008270117_1-4b2633680272d474a810959c06abb6d3.png&safe=true



3/8/22, 5:17 PMstudy viewer

Page 1 of 1https://studylib.net/viewer_next/web/study?file=%2F%2Fs3p.studyli…ata%2F008270117_1-4b2633680272d474a810959c06abb6d3.png&safe=true

Origins of “Data Science”
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$EVWUDFW��7KHUH�DUH�WZR�FXOWXUHV�LQ�WKH�XVH�RI�VWDWLVWLFDO�PRGHOLQJ�WR�
UHDFK�FRQFOXVLRQV�IURP�GDWD��2QH�DVVXPHV�WKDW�WKH�GDWD�DUH�JHQHUDWHG�
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��� ,1752'8&7,21�

6WDWLVWLFV�VWDUWV�ZLWK�GDWD��7KLQN�RI�WKH�GDWD�DV�
EHLQJ�JHQHUDWHG�E\�D�EODFN�ER[�LQ�ZKLFK�D�YHFWRU�RI�
LQSXW�YDULDEOHV�[��LQGHSHQGHQW�YDULDEOHV��JR�LQ�RQH�
VLGH��DQG�RQ�WKH�RWKHU�VLGH�WKH�UHVSRQVH�YDULDEOHV�\�
FRPH�RXW��,QVLGH�WKH�EODFN�ER[��QDWXUH�IXQFWLRQV�WR�
DVVRFLDWH�WKH�SUHGLFWRU�YDULDEOHV�ZLWK�WKH�UHVSRQVH�
YDULDEOHV��VR�WKH�SLFWXUH�LV�OLNH�WKLV��

\� 
� QDWXUH� [�

7KHUH�DUH�WZR�JRDOV�LQ�DQDO\]LQJ�WKH�GDWD��

3UHGLFWLRQ��7R�EH�DEOH�WR�SUHGLFW�ZKDW�WKH�UHVSRQVHV�
DUH�JRLQJ�WR�EH�WR�IXWXUH�LQSXW�YDULDEOHV��
,QIRUPDWLRQ��7R�H[WUDFW�VRPH�LQIRUPDWLRQ�DERXW�
KRZ�QDWXUH�LV�DVVRFLDWLQJ�WKH�UHVSRQVH�YDULDEOHV�
WR�WKH�LQSXW�YDULDEOHV��

7KHUH�DUH�WZR�GLIIHUHQW�DSSURDFKHV�WRZDUG�WKHVH�
JRDOV��

7KH�'DWD�0RGHOLQJ�&XOWXUH�

7KH�DQDO\VLV�LQ�WKLV�FXOWXUH�VWDUWV�ZLWK�DVVXPLQJ�
D�VWRFKDVWLF�GDWD�PRGHO�IRU�WKH�LQVLGH�RI�WKH�EODFN�
ER[��)RU�H[DPSOH��D�FRPPRQ�GDWD�PRGHO�LV�WKDW�GDWD�
DUH�JHQHUDWHG�E\�LQGHSHQGHQW�GUDZV�IURP�

UHVSRQVH�YDULDEOHV� �I�SUHGLFWRU�YDULDEOHV��
UDQGRP�QRLVH��SDUDPHWHUV��

/HR�%UHLPDQ�LV�3URIHVVRU��'HSDUWPHQW�RI�6WDWLVWLFV��
8QLYHUVLW\�RI�&DOLIRUQLD��%HUNHOH\��&DOLIRUQLD��������
������H�PDLO��OHR#VWDW�EHUNHOH\�HGX���

7KH�YDOXHV� RI�WKH�SDUDPHWHUV�DUH�HVWLPDWHG�IURP�
WKH�GDWD� DQG�WKH�PRGHO�WKHQ�XVHG�IRU�LQIRUPDWLRQ�
DQG�RU�SUHGLFWLRQ��7KXV�WKH�EODFN�ER[�LV�ILOOHG�LQ�OLNH�
WKLV��

<��� OLQHDU�UHJUHVVLRQ�/� ;�
ORJLVWLF�UHJUHVVLRQ� ;�

&R[�PRGHO�

0RGHO�YDOLGDWLRQ��<HV�QR� XVLQJ� JRRGQHVV�RI�ILW�
WHVWV�DQG�UHVLGXDO�H[DPLQDWLRQ��
(VWLPDWHG�FXOWXUH�SRSXODWLRQ������RI�DOO� VWDWLVWL��
FLDQV��

7KH�$OJRULWKPLF�0RGHOLQJ�&XOWXUH�

7KH�DQDO\VLV�LQ�WKLV�FXOWXUH�FRQVLGHUV�WKH�LQVLGH�RI�
WKH�ER[�FRPSOH[�DQG�XQNQRZQ��7KHLU�DSSURDFK�LV�WR�
ILQG�D�IXQFWLRQ�I�[��DQ� DOJRULWKP�WKDW�RSHUDWHV�RQ�
[�WR�SUHGLFW�WKH�UHVSRQVHV�\��7KHLU�EODFN�ER[�ORRNV�
OLNH�WKLV��

\� XQNQRZQ� ��� [�

GHFLVLRQ�WUHHV�
QHXUDO�QHWV�

0RGHO�YDOLGDWLRQ��0HDVXUHG�E\�SUHGLFWLYH�DFFXUDF\��
(VWLPDWHG�FXOWXUH�SRSXODWLRQ�����RI�VWDWLVWLFLDQV��
PDQ\�LQ�RWKHU�ILHOGV��

,Q�WKLV�SDSHU�,�ZLOO�DUJXH�WKDW�WKH�IRFXV�LQ�WKH�
VWDWLVWLFDO�FRPPXQLW\�RQ�GDWD�PRGHOV�KDV��


�/HG�WR�LUUHOHYDQW�WKHRU\�DQG�TXHVWLRQDEOH�VFL��
HQWLILF�FRQFOXVLRQV��

����

6WDWLVWLFDO�6FLHQFH�
������9RO������1R�������������

6WDWLVWLFDO�0RGHOLQJ��7KH�7ZR�&XOWXUHV�
/HR�%UHLPDQ�

$EVWUDFW��7KHUH�DUH�WZR�FXOWXUHV�LQ�WKH�XVH�RI�VWDWLVWLFDO�PRGHOLQJ�WR�
UHDFK�FRQFOXVLRQV�IURP�GDWD��2QH�DVVXPHV�WKDW�WKH�GDWD�DUH�JHQHUDWHG�
E\�D�JLYHQ�VWRFKDVWLF�GDWD�PRGHO��7KH�RWKHU�XVHV�DOJRULWKPLF�PRGHOV�DQG�
WUHDWV�WKH�GDWD�PHFKDQLVP�DV�XQNQRZQ��7KH�VWDWLVWLFDO�FRPPXQLW\�KDV�
EHHQ�FRPPLWWHG�WR�WKH�DOPRVW�H[FOXVLYH�XVH�RI�GDWD�PRGHOV��7KLV�FRPPLW��
PHQW�KDV�OHG�WR�LUUHOHYDQW�WKHRU\��TXHVWLRQDEOH�FRQFOXVLRQV��DQG�KDV�NHSW�
VWDWLVWLFLDQV�IURP�ZRUNLQJ�RQ�D�ODUJH�UDQJH�RI�LQWHUHVWLQJ�FXUUHQW�SURE��
OHPV��$OJRULWKPLF�PRGHOLQJ��ERWK�LQ�WKHRU\�DQG�SUDFWLFH��KDV�GHYHORSHG�
UDSLGO\�LQ�ILHOGV�RXWVLGH�VWDWLVWLFV��,W�FDQ�EH�XVHG�ERWK�RQ�ODUJH�FRPSOH[�
GDWD�VHWV�DQG�DV�D�PRUH�DFFXUDWH�DQG�LQIRUPDWLYH�DOWHUQDWLYH�WR�GDWD�
PRGHOLQJ�RQ�VPDOOHU�GDWD�VHWV��,I�RXU�JRDO�DV�D�ILHOG�LV�WR�XVH�GDWD�WR�
VROYH�SUREOHPV��WKHQ�ZH�QHHG�WR�PRYH�DZD\�IURP�H[FOXVLYH�GHSHQGHQFH�
RQ�GDWD�PRGHOV�DQG�DGRSW�D�PRUH�GLYHUVH�VHW�RI�WRROV��

��� ,1752'8&7,21�

6WDWLVWLFV�VWDUWV�ZLWK�GDWD��7KLQN�RI�WKH�GDWD�DV�
EHLQJ�JHQHUDWHG�E\�D�EODFN�ER[�LQ�ZKLFK�D�YHFWRU�RI�
LQSXW�YDULDEOHV�[��LQGHSHQGHQW�YDULDEOHV��JR�LQ�RQH�
VLGH��DQG�RQ�WKH�RWKHU�VLGH�WKH�UHVSRQVH�YDULDEOHV�\�
FRPH�RXW��,QVLGH�WKH�EODFN�ER[��QDWXUH�IXQFWLRQV�WR�
DVVRFLDWH�WKH�SUHGLFWRU�YDULDEOHV�ZLWK�WKH�UHVSRQVH�
YDULDEOHV��VR�WKH�SLFWXUH�LV�OLNH�WKLV��

\� 
� QDWXUH� [�

7KHUH�DUH�WZR�JRDOV�LQ�DQDO\]LQJ�WKH�GDWD��

3UHGLFWLRQ��7R�EH�DEOH�WR�SUHGLFW�ZKDW�WKH�UHVSRQVHV�
DUH�JRLQJ�WR�EH�WR�IXWXUH�LQSXW�YDULDEOHV��
,QIRUPDWLRQ��7R�H[WUDFW�VRPH�LQIRUPDWLRQ�DERXW�
KRZ�QDWXUH�LV�DVVRFLDWLQJ�WKH�UHVSRQVH�YDULDEOHV�
WR�WKH�LQSXW�YDULDEOHV��

7KHUH�DUH�WZR�GLIIHUHQW�DSSURDFKHV�WRZDUG�WKHVH�
JRDOV��

7KH�'DWD�0RGHOLQJ�&XOWXUH�

7KH�DQDO\VLV�LQ�WKLV�FXOWXUH�VWDUWV�ZLWK�DVVXPLQJ�
D�VWRFKDVWLF�GDWD�PRGHO�IRU�WKH�LQVLGH�RI�WKH�EODFN�
ER[��)RU�H[DPSOH��D�FRPPRQ�GDWD�PRGHO�LV�WKDW�GDWD�
DUH�JHQHUDWHG�E\�LQGHSHQGHQW�GUDZV�IURP�

UHVSRQVH�YDULDEOHV� �I�SUHGLFWRU�YDULDEOHV��
UDQGRP�QRLVH��SDUDPHWHUV��

/HR�%UHLPDQ�LV�3URIHVVRU��'HSDUWPHQW�RI�6WDWLVWLFV��
8QLYHUVLW\�RI�&DOLIRUQLD��%HUNHOH\��&DOLIRUQLD��������
������H�PDLO��OHR#VWDW�EHUNHOH\�HGX���

7KH�YDOXHV� RI�WKH�SDUDPHWHUV�DUH�HVWLPDWHG�IURP�
WKH�GDWD� DQG�WKH�PRGHO�WKHQ�XVHG�IRU�LQIRUPDWLRQ�
DQG�RU�SUHGLFWLRQ��7KXV�WKH�EODFN�ER[�LV�ILOOHG�LQ�OLNH�
WKLV��

<��� OLQHDU�UHJUHVVLRQ�/� ;�
ORJLVWLF�UHJUHVVLRQ� ;�

&R[�PRGHO�

0RGHO�YDOLGDWLRQ��<HV�QR� XVLQJ� JRRGQHVV�RI�ILW�
WHVWV�DQG�UHVLGXDO�H[DPLQDWLRQ��
(VWLPDWHG�FXOWXUH�SRSXODWLRQ������RI�DOO� VWDWLVWL��
FLDQV��

7KH�$OJRULWKPLF�0RGHOLQJ�&XOWXUH�

7KH�DQDO\VLV�LQ�WKLV�FXOWXUH�FRQVLGHUV�WKH�LQVLGH�RI�
WKH�ER[�FRPSOH[�DQG�XQNQRZQ��7KHLU�DSSURDFK�LV�WR�
ILQG�D�IXQFWLRQ�I�[��DQ� DOJRULWKP�WKDW�RSHUDWHV�RQ�
[�WR�SUHGLFW�WKH�UHVSRQVHV�\��7KHLU�EODFN�ER[�ORRNV�
OLNH�WKLV��

\� XQNQRZQ� ��� [�

GHFLVLRQ�WUHHV�
QHXUDO�QHWV�

0RGHO�YDOLGDWLRQ��0HDVXUHG�E\�SUHGLFWLYH�DFFXUDF\��
(VWLPDWHG�FXOWXUH�SRSXODWLRQ�����RI�VWDWLVWLFLDQV��
PDQ\�LQ�RWKHU�ILHOGV��

,Q�WKLV�SDSHU�,�ZLOO�DUJXH�WKDW�WKH�IRFXV�LQ�WKH�
VWDWLVWLFDO�FRPPXQLW\�RQ�GDWD�PRGHOV�KDV��


�/HG�WR�LUUHOHYDQW�WKHRU\�DQG�TXHVWLRQDEOH�VFL��
HQWLILF�FRQFOXVLRQV��

����

True data generating process Classical statistical modeling 

“Assume data are 
generated by the 

following model…”
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$EVWUDFW��7KHUH�DUH�WZR�FXOWXUHV�LQ�WKH�XVH�RI�VWDWLVWLFDO�PRGHOLQJ�WR�
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KRZ�QDWXUH�LV�DVVRFLDWLQJ�WKH�UHVSRQVH�YDULDEOHV�
WR�WKH�LQSXW�YDULDEOHV��

7KHUH�DUH�WZR�GLIIHUHQW�DSSURDFKHV�WRZDUG�WKHVH�
JRDOV��

7KH�'DWD�0RGHOLQJ�&XOWXUH�

7KH�DQDO\VLV�LQ�WKLV�FXOWXUH�VWDUWV�ZLWK�DVVXPLQJ�
D�VWRFKDVWLF�GDWD�PRGHO�IRU�WKH�LQVLGH�RI�WKH�EODFN�
ER[��)RU�H[DPSOH��D�FRPPRQ�GDWD�PRGHO�LV�WKDW�GDWD�
DUH�JHQHUDWHG�E\�LQGHSHQGHQW�GUDZV�IURP�

UHVSRQVH�YDULDEOHV� �I�SUHGLFWRU�YDULDEOHV��
UDQGRP�QRLVH��SDUDPHWHUV��

/HR�%UHLPDQ�LV�3URIHVVRU��'HSDUWPHQW�RI�6WDWLVWLFV��
8QLYHUVLW\�RI�&DOLIRUQLD��%HUNHOH\��&DOLIRUQLD��������
������H�PDLO��OHR#VWDW�EHUNHOH\�HGX���

7KH�YDOXHV� RI�WKH�SDUDPHWHUV�DUH�HVWLPDWHG�IURP�
WKH�GDWD� DQG�WKH�PRGHO�WKHQ�XVHG�IRU�LQIRUPDWLRQ�
DQG�RU�SUHGLFWLRQ��7KXV�WKH�EODFN�ER[�LV�ILOOHG�LQ�OLNH�
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����

True data generating process Classical statistical modeling Machine Learning 
(Supervised)

“Assume data are 
generated by the 

following model…”

“Model-Free” 
Black box  

Non-parametric 
Curve fitting 

+ cross validation
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3HUKDSV�WKH�GDPDJLQJ�FRQVHTXHQFH�RI�WKH�LQVLV��
WHQFH�RQ�GDWD�PRGHOV�LV�WKDW�VWDWLVWLFLDQV�KDYH�UXOHG�
WKHPVHOYHV�RXW�RI�VRPH�RI�WKH�PRVW�LQWHUHVWLQJ�DQG�
FKDOOHQJLQJ�VWDWLVWLFDO�SUREOHPV�WKDW�KDYH�DULVHQ�
RXW�RI�WKH�UDSLGO\�LQFUHDVLQJ�DELOLW\�RI�FRPSXWHUV�
WR�VWRUH�DQG�PDQLSXODWH�GDWD��7KHVH�SUREOHPV�DUH�
LQFUHDVLQJO\�SUHVHQW�LQ�PDQ\�ILHOGV��ERWK�VFLHQWLILF�
DQG�FRPPHUFLDO��DQG�VROXWLRQV�DUH�EHLQJ�IRXQG�E\�
QRQVWDWLVWLFLDQV��

���$/*25,7+0,&�02'(/,1*�

8QGHU�RWKHU�QDPHV��DOJRULWKPLF�PRGHOLQJ�KDV�
EHHQ�XVHG�E\�LQGXVWULDO�VWDWLVWLFLDQV�IRU�GHFDGHV��
6HH��IRU�LQVWDQFH��WKH�GHOLJKWIXO�ERRN��)LWWLQJ�(TXD��
WLRQV�WR�'DWD���'DQLHO�DQG�:RRG���������,W�KDV�EHHQ�
XVHG�E\�SV\FKRPHWULFLDQV�DQG� VRFLDO�VFLHQWLVWV��
5HDGLQJ�D�SUHSULQW�RI�*LIL
V�ERRN��������PDQ\�\HDUV�
DJR�XQFRYHUHG�D�NLQGUHG�VSLULW��,W�KDV�PDGH�VPDOO�
LQURDGV�LQWR�WKH�DQDO\VLV�RI�PHGLFDO�GDWD�VWDUWLQJ�
ZLWK�5LFKDUG�2OVKHQ
V�ZRUN�LQ�WKH�HDUO\�����V��)RU�
IXUWKHU�ZRUN��VHH�=KDQJ�DQG�6LQJHU���������-HURPH�
)ULHGPDQ�DQG�*UDFH�:DKED�KDYH�GRQH�SLRQHHULQJ�
ZRUN�RQ�WKH�GHYHORSPHQW�RI�DOJRULWKPLF�PHWKRGV��
%XW�WKH�OLVW�RI�VWDWLVWLFLDQV�LQ�WKH�DOJRULWKPLF�PRG��
HOLQJ�EXVLQHVV�LV�VKRUW��DQG�DSSOLFDWLRQV�WR�GDWD�DUH�
VHOGRP�VHHQ�LQ�WKH�MRXUQDOV��7KH�GHYHORSPHQW�RI�
DOJRULWKPLF�PHWKRGV�ZDV�WDNHQ�XS�E\�D�FRPPXQLW\�
RXWVLGH�VWDWLVWLFV��

����$�1HZ�5HVHDUFK�&RPPXQLW\�

,Q�WKH�PLG�����V�WZR�SRZHUIXO�QHZ�DOJRULWKPV�
IRU�ILWWLQJ�GDWD�EHFDPH�DYDLODEOH��QHXUDO�QHWV�DQG�
GHFLVLRQ�WUHHV��$�QHZ�UHVHDUFK�FRPPXQLW\�XVLQJ�
WKHVH�WRROV�VSUDQJ�XS��7KHLU�JRDO�ZDV�SUHGLFWLYH�
DFFXUDF\��7KH�FRPPXQLW\�FRQVLVWHG�RI�\RXQJ�FRP��
SXWHU�VFLHQWLVWV��SK\VLFLVWV�DQG�HQJLQHHUV�SOXV�D�IHZ�
DJLQJ�VWDWLVWLFLDQV��7KH\�EHJDQ�XVLQJ�WKH�QHZ�WRROV�
LQ�ZRUNLQJ�RQ�FRPSOH[�SUHGLFWLRQ�SUREOHPV�ZKHUH�LW�
ZDV�REYLRXV�WKDW�GDWD�PRGHOV�ZHUH�QRW�DSSOLFDEOH��
VSHHFK�UHFRJQLWLRQ��LPDJH�UHFRJQLWLRQ��QRQOLQHDU�
WLPH�VHULHV�SUHGLFWLRQ��KDQGZULWLQJ�UHFRJQLWLRQ��
SUHGLFWLRQ�LQ�ILQDQFLDO�PDUNHWV��
7KHLU�LQWHUHVWV�UDQJH�RYHU�PDQ\�ILHOGV�WKDW�ZHUH�

RQFH�FRQVLGHUHG�KDSS\�KXQWLQJ�JURXQGV�IRU�VWDWLVWL��
FLDQV�DQG�KDYH�WXUQHG�RXW�WKRXVDQGV�RI�LQWHUHVWLQJ�
UHVHDUFK�SDSHUV�UHODWHG�WR�DSSOLFDWLRQV�DQG�PHWKRG��
RORJ\��$�ODUJH�PDMRULW\�RI�WKH�SDSHUV�DQDO\]H�UHDO�
GDWD��7KH�FULWHULRQ�IRU�DQ\�PRGHO�LV�ZKDW�LV�WKH�SUH��
GLFWLYH�DFFXUDF\��$Q�LGHD�RI�WKH�UDQJH�RI�UHVHDUFK�
RI�WKLV�JURXS�FDQ�EH�JRW�E\�ORRNLQJ�DW�WKH�3URFHHG��
LQJV�RI�WKH�1HXUDO�,QIRUPDWLRQ�3URFHVVLQJ�6\VWHPV�
&RQIHUHQFH��WKHLU�PDLQ�\HDUO\�PHHWLQJ��RU�DW�WKH�
0DFKLQH�/HDUQLQJ�-RXUQDO��

���� 7KHRU\�LQ�$OJRULWKPLF�0RGHOLQJ�

'DWD�PRGHOV�DUH�UDUHO\�XVHG�LQ�WKLV�FRPPXQLW\��
7KH�DSSURDFK�LV�WKDW�QDWXUH�SURGXFHV�GDWD�LQ�D�
EODFN�ER[�ZKRVH�LQVLGHV�DUH�FRPSOH[��P\VWHULRXV��
DQG��DW�OHDVW��SDUWO\�XQNQRZDEOH��:KDW�LV�REVHUYHG�
LV�D�VHW�RI�[
V�WKDW�JR�LQ�DQG�D�VXEVHTXHQW�VHW�RI�\
V�
WKDW�FRPH�RXW��7KH�SUREOHP�LV�WR�ILQG�DQ�DOJRULWKP�
I�[��VXFK�WKDW�IRU�IXWXUH�[�LQ�D�WHVW�VHW��I�[��ZLOO�
EH�D�JRRG�SUHGLFWRU�RI�\��
7KH�WKHRU\�LQ�WKLV�ILHOG�VKLIWV�IRFXV�IURP�GDWD�PRG��

HOV�WR�WKH�SURSHUWLHV�RI�DOJRULWKPV��,W�FKDUDFWHUL]HV�
WKHLU��VWUHQJWK��DV�SUHGLFWRUV��FRQYHUJHQFH�LI�WKH\�
DUH�LWHUDWLYH��DQG�ZKDW�JLYHV�WKHP�JRRG�SUHGLFWLYH�
DFFXUDF\��7KH�RQH�DVVXPSWLRQ�PDGH�LQ�WKH�WKHRU\�
LV�WKDW�WKH�GDWD�LV�GUDZQ�L�L�G��IURP�DQ�XQNQRZQ�
PXOWLYDULDWH�GLVWULEXWLRQ��
7KHUH�LV�LVRODWHG�ZRUN�LQ�VWDWLVWLFV�ZKHUH�WKH�

IRFXV�LV�RQ�WKH�WKHRU\�RI�WKH�DOJRULWKPV��*UDFH�
:DKED
V� UHVHDUFK�RQ� VPRRWKLQJ�VSOLQH� DOJR��
ULWKPV�DQG�WKHLU�DSSOLFDWLRQV�WR�GDWD��XVLQJ�FURVV��
YDOLGDWLRQ��LV�EXLOW�RQ�WKHRU\�LQYROYLQJ�UHSURGXFLQJ�
NHUQHOV�LQ�+LOEHUW�6SDFH���������7KH�ILQDO�FKDSWHU�
RI�WKH�&$57�ERRN��%UHLPDQ�HW�DO���������FRQWDLQV�
D�SURRI�RI�WKH�DV\PSWRWLF�FRQYHUJHQFH�RI�WKH�&$57�
DOJRULWKP�WR�WKH�%D\HV�ULVN�E\�OHWWLQJ�WKH�WUHHV�JURZ�
DV�WKH�VDPSOH�VL]H�LQFUHDVHV��7KHUH�DUH�RWKHUV��EXW�
WKH�UHODWLYH�IUHTXHQF\�LV�VPDOO��
7KHRU\�UHVXOWHG�LQ�D�PDMRU�DGYDQFH�LQ�PDFKLQH�

OHDUQLQJ��9ODGLPLU�9DSQLN�FRQVWUXFWHG�LQIRUPDWLYH�
ERXQGV�RQ�WKH�JHQHUDOL]DWLRQ�HUURU��LQILQLWH�WHVW�VHW�
HUURU��RI�FODVVLILFDWLRQ�DOJRULWKPV�ZKLFK�GHSHQG�RQ�
WKH��FDSDFLW\��RI�WKH�DOJRULWKP��7KHVH�WKHRUHWLFDO�
ERXQGV�OHG�WR�VXSSRUW�YHFWRU�PDFKLQHV��VHH�9DSQLN��
������������ZKLFK�KDYH�SURYHG�WR�EH�PRUH�DFFX��
UDWH�SUHGLFWRUV�LQ�FODVVLILFDWLRQ�DQG�UHJUHVVLRQ�WKHQ�
QHXUDO�QHWV��DQG�DUH�WKH�VXEMHFW�RI�KHDWHG�FXUUHQW�
UHVHDUFK��VHH�6HFWLRQ������
0\�ODVW�SDSHU��6RPH�LQILQLW\�WKHRU\�IRU�WUHH�

HQVHPEOHV���%UHLPDQ��������XVHV�D�IXQFWLRQ�VSDFH�
DQDO\VLV�WR�WU\�DQG�XQGHUVWDQG�WKH�ZRUNLQJV�RI�WUHH�
HQVHPEOH�PHWKRGV��2QH�VHFWLRQ�KDV�WKH�KHDGLQJ��
�0\�NLQJGRP�IRU�VRPH�JRRG�WKHRU\���7KHUH�LV�DQ�
HIIHFWLYH�PHWKRG�IRU�IRUPLQJ�HQVHPEOHV�NQRZQ�DV�
�ERRVWLQJ���EXW�WKHUH�LVQ
W�DQ\�ILQLWH�VDPSOH�VL]H�
WKHRU\�WKDW�WHOOV�XV�ZK\�LW�ZRUNV�VR�ZHOO��

���� 5HFHQW�/HVVRQV�

7KH�DGYDQFHV�LQ�PHWKRGRORJ\�DQG�LQFUHDVHV�LQ�
SUHGLFWLYH�DFFXUDF\�VLQFH�WKH�PLG�����V�WKDW�KDYH�
RFFXUUHG�LQ�WKH�UHVHDUFK�RI�PDFKLQH�OHDUQLQJ�KDV�
EHHQ�SKHQRPHQDO��7KHUH�KDYH�EHHQ�SDUWLFXODUO\�
H[FLWLQJ�GHYHORSPHQWV�LQ�WKH�ODVW�ILYH�\HDUV��:KDW�
KDV�EHHQ�OHDUQHG"�7KH�WKUHH�OHVVRQV�WKDW�VHHP�PRVW�



Q u o t e s  f r o m  B r e i m a n  2 0 0 1

11

67$7,67,&$/�02'(/,1*��7+(�7:2�&8/785(6� ����

3HUKDSV�WKH�GDPDJLQJ�FRQVHTXHQFH�RI�WKH�LQVLV��
WHQFH�RQ�GDWD�PRGHOV�LV�WKDW�VWDWLVWLFLDQV�KDYH�UXOHG�
WKHPVHOYHV�RXW�RI�VRPH�RI�WKH�PRVW�LQWHUHVWLQJ�DQG�
FKDOOHQJLQJ�VWDWLVWLFDO�SUREOHPV�WKDW�KDYH�DULVHQ�
RXW�RI�WKH�UDSLGO\�LQFUHDVLQJ�DELOLW\�RI�FRPSXWHUV�
WR�VWRUH�DQG�PDQLSXODWH�GDWD��7KHVH�SUREOHPV�DUH�
LQFUHDVLQJO\�SUHVHQW�LQ�PDQ\�ILHOGV��ERWK�VFLHQWLILF�
DQG�FRPPHUFLDO��DQG�VROXWLRQV�DUH�EHLQJ�IRXQG�E\�
QRQVWDWLVWLFLDQV��

���$/*25,7+0,&�02'(/,1*�

8QGHU�RWKHU�QDPHV��DOJRULWKPLF�PRGHOLQJ�KDV�
EHHQ�XVHG�E\�LQGXVWULDO�VWDWLVWLFLDQV�IRU�GHFDGHV��
6HH��IRU�LQVWDQFH��WKH�GHOLJKWIXO�ERRN��)LWWLQJ�(TXD��
WLRQV�WR�'DWD���'DQLHO�DQG�:RRG���������,W�KDV�EHHQ�
XVHG�E\�SV\FKRPHWULFLDQV�DQG� VRFLDO�VFLHQWLVWV��
5HDGLQJ�D�SUHSULQW�RI�*LIL
V�ERRN��������PDQ\�\HDUV�
DJR�XQFRYHUHG�D�NLQGUHG�VSLULW��,W�KDV�PDGH�VPDOO�
LQURDGV�LQWR�WKH�DQDO\VLV�RI�PHGLFDO�GDWD�VWDUWLQJ�
ZLWK�5LFKDUG�2OVKHQ
V�ZRUN�LQ�WKH�HDUO\�����V��)RU�
IXUWKHU�ZRUN��VHH�=KDQJ�DQG�6LQJHU���������-HURPH�
)ULHGPDQ�DQG�*UDFH�:DKED�KDYH�GRQH�SLRQHHULQJ�
ZRUN�RQ�WKH�GHYHORSPHQW�RI�DOJRULWKPLF�PHWKRGV��
%XW�WKH�OLVW�RI�VWDWLVWLFLDQV�LQ�WKH�DOJRULWKPLF�PRG��
HOLQJ�EXVLQHVV�LV�VKRUW��DQG�DSSOLFDWLRQV�WR�GDWD�DUH�
VHOGRP�VHHQ�LQ�WKH�MRXUQDOV��7KH�GHYHORSPHQW�RI�
DOJRULWKPLF�PHWKRGV�ZDV�WDNHQ�XS�E\�D�FRPPXQLW\�
RXWVLGH�VWDWLVWLFV��

����$�1HZ�5HVHDUFK�&RPPXQLW\�

,Q�WKH�PLG�����V�WZR�SRZHUIXO�QHZ�DOJRULWKPV�
IRU�ILWWLQJ�GDWD�EHFDPH�DYDLODEOH��QHXUDO�QHWV�DQG�
GHFLVLRQ�WUHHV��$�QHZ�UHVHDUFK�FRPPXQLW\�XVLQJ�
WKHVH�WRROV�VSUDQJ�XS��7KHLU�JRDO�ZDV�SUHGLFWLYH�
DFFXUDF\��7KH�FRPPXQLW\�FRQVLVWHG�RI�\RXQJ�FRP��
SXWHU�VFLHQWLVWV��SK\VLFLVWV�DQG�HQJLQHHUV�SOXV�D�IHZ�
DJLQJ�VWDWLVWLFLDQV��7KH\�EHJDQ�XVLQJ�WKH�QHZ�WRROV�
LQ�ZRUNLQJ�RQ�FRPSOH[�SUHGLFWLRQ�SUREOHPV�ZKHUH�LW�
ZDV�REYLRXV�WKDW�GDWD�PRGHOV�ZHUH�QRW�DSSOLFDEOH��
VSHHFK�UHFRJQLWLRQ��LPDJH�UHFRJQLWLRQ��QRQOLQHDU�
WLPH�VHULHV�SUHGLFWLRQ��KDQGZULWLQJ�UHFRJQLWLRQ��
SUHGLFWLRQ�LQ�ILQDQFLDO�PDUNHWV��
7KHLU�LQWHUHVWV�UDQJH�RYHU�PDQ\�ILHOGV�WKDW�ZHUH�

RQFH�FRQVLGHUHG�KDSS\�KXQWLQJ�JURXQGV�IRU�VWDWLVWL��
FLDQV�DQG�KDYH�WXUQHG�RXW�WKRXVDQGV�RI�LQWHUHVWLQJ�
UHVHDUFK�SDSHUV�UHODWHG�WR�DSSOLFDWLRQV�DQG�PHWKRG��
RORJ\��$�ODUJH�PDMRULW\�RI�WKH�SDSHUV�DQDO\]H�UHDO�
GDWD��7KH�FULWHULRQ�IRU�DQ\�PRGHO�LV�ZKDW�LV�WKH�SUH��
GLFWLYH�DFFXUDF\��$Q�LGHD�RI�WKH�UDQJH�RI�UHVHDUFK�
RI�WKLV�JURXS�FDQ�EH�JRW�E\�ORRNLQJ�DW�WKH�3URFHHG��
LQJV�RI�WKH�1HXUDO�,QIRUPDWLRQ�3URFHVVLQJ�6\VWHPV�
&RQIHUHQFH��WKHLU�PDLQ�\HDUO\�PHHWLQJ��RU�DW�WKH�
0DFKLQH�/HDUQLQJ�-RXUQDO��

���� 7KHRU\�LQ�$OJRULWKPLF�0RGHOLQJ�

'DWD�PRGHOV�DUH�UDUHO\�XVHG�LQ�WKLV�FRPPXQLW\��
7KH�DSSURDFK�LV�WKDW�QDWXUH�SURGXFHV�GDWD�LQ�D�
EODFN�ER[�ZKRVH�LQVLGHV�DUH�FRPSOH[��P\VWHULRXV��
DQG��DW�OHDVW��SDUWO\�XQNQRZDEOH��:KDW�LV�REVHUYHG�
LV�D�VHW�RI�[
V�WKDW�JR�LQ�DQG�D�VXEVHTXHQW�VHW�RI�\
V�
WKDW�FRPH�RXW��7KH�SUREOHP�LV�WR�ILQG�DQ�DOJRULWKP�
I�[��VXFK�WKDW�IRU�IXWXUH�[�LQ�D�WHVW�VHW��I�[��ZLOO�
EH�D�JRRG�SUHGLFWRU�RI�\��
7KH�WKHRU\�LQ�WKLV�ILHOG�VKLIWV�IRFXV�IURP�GDWD�PRG��

HOV�WR�WKH�SURSHUWLHV�RI�DOJRULWKPV��,W�FKDUDFWHUL]HV�
WKHLU��VWUHQJWK��DV�SUHGLFWRUV��FRQYHUJHQFH�LI�WKH\�
DUH�LWHUDWLYH��DQG�ZKDW�JLYHV�WKHP�JRRG�SUHGLFWLYH�
DFFXUDF\��7KH�RQH�DVVXPSWLRQ�PDGH�LQ�WKH�WKHRU\�
LV�WKDW�WKH�GDWD�LV�GUDZQ�L�L�G��IURP�DQ�XQNQRZQ�
PXOWLYDULDWH�GLVWULEXWLRQ��
7KHUH�LV�LVRODWHG�ZRUN�LQ�VWDWLVWLFV�ZKHUH�WKH�

IRFXV�LV�RQ�WKH�WKHRU\�RI�WKH�DOJRULWKPV��*UDFH�
:DKED
V� UHVHDUFK�RQ� VPRRWKLQJ�VSOLQH� DOJR��
ULWKPV�DQG�WKHLU�DSSOLFDWLRQV�WR�GDWD��XVLQJ�FURVV��
YDOLGDWLRQ��LV�EXLOW�RQ�WKHRU\�LQYROYLQJ�UHSURGXFLQJ�
NHUQHOV�LQ�+LOEHUW�6SDFH���������7KH�ILQDO�FKDSWHU�
RI�WKH�&$57�ERRN��%UHLPDQ�HW�DO���������FRQWDLQV�
D�SURRI�RI�WKH�DV\PSWRWLF�FRQYHUJHQFH�RI�WKH�&$57�
DOJRULWKP�WR�WKH�%D\HV�ULVN�E\�OHWWLQJ�WKH�WUHHV�JURZ�
DV�WKH�VDPSOH�VL]H�LQFUHDVHV��7KHUH�DUH�RWKHUV��EXW�
WKH�UHODWLYH�IUHTXHQF\�LV�VPDOO��
7KHRU\�UHVXOWHG�LQ�D�PDMRU�DGYDQFH�LQ�PDFKLQH�

OHDUQLQJ��9ODGLPLU�9DSQLN�FRQVWUXFWHG�LQIRUPDWLYH�
ERXQGV�RQ�WKH�JHQHUDOL]DWLRQ�HUURU��LQILQLWH�WHVW�VHW�
HUURU��RI�FODVVLILFDWLRQ�DOJRULWKPV�ZKLFK�GHSHQG�RQ�
WKH��FDSDFLW\��RI�WKH�DOJRULWKP��7KHVH�WKHRUHWLFDO�
ERXQGV�OHG�WR�VXSSRUW�YHFWRU�PDFKLQHV��VHH�9DSQLN��
������������ZKLFK�KDYH�SURYHG�WR�EH�PRUH�DFFX��
UDWH�SUHGLFWRUV�LQ�FODVVLILFDWLRQ�DQG�UHJUHVVLRQ�WKHQ�
QHXUDO�QHWV��DQG�DUH�WKH�VXEMHFW�RI�KHDWHG�FXUUHQW�
UHVHDUFK��VHH�6HFWLRQ������
0\�ODVW�SDSHU��6RPH�LQILQLW\�WKHRU\�IRU�WUHH�

HQVHPEOHV���%UHLPDQ��������XVHV�D�IXQFWLRQ�VSDFH�
DQDO\VLV�WR�WU\�DQG�XQGHUVWDQG�WKH�ZRUNLQJV�RI�WUHH�
HQVHPEOH�PHWKRGV��2QH�VHFWLRQ�KDV�WKH�KHDGLQJ��
�0\�NLQJGRP�IRU�VRPH�JRRG�WKHRU\���7KHUH�LV�DQ�
HIIHFWLYH�PHWKRG�IRU�IRUPLQJ�HQVHPEOHV�NQRZQ�DV�
�ERRVWLQJ���EXW�WKHUH�LVQ
W�DQ\�ILQLWH�VDPSOH�VL]H�
WKHRU\�WKDW�WHOOV�XV�ZK\�LW�ZRUNV�VR�ZHOO��

���� 5HFHQW�/HVVRQV�

7KH�DGYDQFHV�LQ�PHWKRGRORJ\�DQG�LQFUHDVHV�LQ�
SUHGLFWLYH�DFFXUDF\�VLQFH�WKH�PLG�����V�WKDW�KDYH�
RFFXUUHG�LQ�WKH�UHVHDUFK�RI�PDFKLQH�OHDUQLQJ�KDV�
EHHQ�SKHQRPHQDO��7KHUH�KDYH�EHHQ�SDUWLFXODUO\�
H[FLWLQJ�GHYHORSPHQWV�LQ�WKH�ODVW�ILYH�\HDUV��:KDW�
KDV�EHHQ�OHDUQHG"�7KH�WKUHH�OHVVRQV�WKDW�VHHP�PRVW�



All models are wrong,  
and increasingly you can succeed without them. 

— Peter Norvig
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Scientific Paradigms: 
1. Empirical 
2. Theoretical 
3. Computational 
4. Data-Driven / Data-Intensive Discovery 



Prof. Kyle Cranmer

The ATLAS Experiment
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m4l = E2
after

/c4 − | ⃗pafter |2 /c2

• Don’t believe the media:

EHiggs = Ebefore = Eafter =
X

i

Ei

~pHiggs = ~pbefore = ~pafter =
X

i

~pi

E 6= mc2

E2 = (mc2)2 + (|~p|c)2
What Einstein really said:

Every physics student knows energy and momentum are conserved

Thus, for our hypothesis, we expect a peak in this feature / observable:

mH =
q

E2
after/c

4 � |~pafter|2/c2m4L
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Figure 9: Distribution of the four-lepton reconstructed mass in the full mass range for the sum
of the 4e, 2e2µ and 4µ channels. Points with error bars represent the data, shaded histograms
represent the backgrounds, and the unshaded histogram the signal expectation for a mass hy-
pothesis of mH = 126 GeV. Signal and ZZ background are normalized to the SM expectation,
Z + X background to the estimation from data. The expected distributions are presented as
stacked histograms. No events are observed with m4` > 800 GeV.

Table 3: The number of observed candidate events compared to the mean expected background
and signal rates for each final state. Uncertainties include statistical and systematic sources.
The results are given integrated over the full mass measurement range m4` > 100 GeV and for
7 and 8 TeV data combined.

Channel 4e 2e2µ 4µ 4`
ZZ background 77 ± 10 191 ± 25 119 ± 15 387 ± 31
Z + X background 7.4 ± 1.5 11.5 ± 2.9 3.6 ± 1.5 22.6 ± 3.6
All backgrounds 85 ± 11 202 ± 25 123 ± 15 410 ± 31
mH = 500 GeV 5.2 ± 0.6 12.2 ± 1.4 7.1 ± 0.8 24.5 ± 1.7
mH = 800 GeV 0.7 ± 0.1 1.6 ± 0.2 0.9 ± 0.1 3.1 ± 0.2
Observed 89 247 134 470

Table 4: The number of observed candidate events compared to the mean expected background
and signal rates for each final state. Uncertainties include statistical and systematic sources.
The results are integrated over the mass range from 121.5 to 130.5 GeV and for 7 and 8 TeV data
combined.

Channel 4e 2e2µ 4µ 4`
ZZ background 1.1 ± 0.1 3.2 ± 0.2 2.5 ± 0.2 6.8 ± 0.3
Z + X background 0.8 ± 0.2 1.3 ± 0.3 0.4 ± 0.2 2.6 ± 0.4
All backgrounds 1.9 ± 0.2 4.6 ± 0.4 2.9 ± 0.2 9.4 ± 0.5
mH = 125 GeV 3.0 ± 0.4 7.9 ± 1.0 6.4 ± 0.7 17.3 ± 1.3
mH = 126 GeV 3.4 ± 0.5 9.0 ± 1.1 7.2 ± 0.8 19.6 ± 1.5
Observed 4 13 8 25

H l

l
l

l

l

l
l

l

Z

Z

m4L
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•From 2003-2010, I was mainly busy developing a formalism and a software implementation that 
allowed us to combine (statistically) evidence from multiple datasets 

• Mainly frequentist approach that could cope with complicated models with many nuisance 
parameters 
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ftot(Dsim,G|↵) =
Y

c2channels

"
Pois(nc|⌫c(↵))

ncY

e=1

fc(xce|↵)

#
·
Y

p2S
fp(ap|↵p)
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date Categories Nodes Parameters
Jan-09 3 50 10
Jun-10 6 374 37
Jun-11 24 7000 82
Nov-11 48 10000 164
Mar-12 70 13700 500
Jul-12 100 19000 580
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FIG. 1. Invariant or transverse mass distributions for the selected candidate events, the total background and the signal expected
in the following channels: (a) H → γγ, (b) H → ZZ(∗) → ℓ+ℓ−ℓ+ℓ− in the entire mass range, (c) H → ZZ(∗) → ℓ+ℓ−ℓ+ℓ− in
the low mass range, (d) H → ZZ → ℓ+ℓ−νν, (e) b-tagged selection and (f) untagged selection for H → ZZ → ℓ+ℓ−qq, (g) H →
WW (∗) → ℓ+νℓ−ν+0-jets, (h) H → WW (∗) → ℓ+νℓ−ν+1-jet, (i) H → WW (∗) → ℓ+νℓ−ν+2-jets, (j) H → WW → ℓνqq′+0-
jets, (k) H → WW → ℓνqq′+1-jet and (l) H → WW → ℓνqq′+2-jets. The H → WW (∗) → ℓ+νℓ−ν+2-jets distribution is
shown before the final selection requirements are applied.
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FIG. 2. Invariant or transverse mass distributions for the selected candidate events, the total background and the signal expected
in the following channels: (a) H → τlepτlep+0-jets, (b) H → τlepτlep 1-jet, (c) H → τlepτlep+2-jets, (d) H → τlepτhad+0-jets and
1-jet, (e) H → τlepτhad+2-jets, (f) H → τhadτhad. The bb invariant mass for (g) the ZH → ℓ+ℓ−bb̄, (h) the WH → ℓνbb̄ and (i)
the ZH → ννbb̄ channels. The vertical dashed lines illustrate the separation between the mass spectra of the subcategories in
pZT, p

W
T , and Emiss

T , respectively. The signal distributions are lightly shaded where they have been scaled by a factor of five or
ten for illustration purposes.
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FIG. 1. Invariant or transverse mass distributions for the selected candidate events, the total background and the signal expected
in the following channels: (a) H → γγ, (b) H → ZZ(∗) → ℓ+ℓ−ℓ+ℓ− in the entire mass range, (c) H → ZZ(∗) → ℓ+ℓ−ℓ+ℓ− in
the low mass range, (d) H → ZZ → ℓ+ℓ−νν, (e) b-tagged selection and (f) untagged selection for H → ZZ → ℓ+ℓ−qq, (g) H →
WW (∗) → ℓ+νℓ−ν+0-jets, (h) H → WW (∗) → ℓ+νℓ−ν+1-jet, (i) H → WW (∗) → ℓ+νℓ−ν+2-jets, (j) H → WW → ℓνqq′+0-
jets, (k) H → WW → ℓνqq′+1-jet and (l) H → WW → ℓνqq′+2-jets. The H → WW (∗) → ℓ+νℓ−ν+2-jets distribution is
shown before the final selection requirements are applied.
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FIG. 2. Invariant or transverse mass distributions for the selected candidate events, the total background and the signal expected
in the following channels: (a) H → τlepτlep+0-jets, (b) H → τlepτlep 1-jet, (c) H → τlepτlep+2-jets, (d) H → τlepτhad+0-jets and
1-jet, (e) H → τlepτhad+2-jets, (f) H → τhadτhad. The bb invariant mass for (g) the ZH → ℓ+ℓ−bb̄, (h) the WH → ℓνbb̄ and (i)
the ZH → ννbb̄ channels. The vertical dashed lines illustrate the separation between the mass spectra of the subcategories in
pZT, p

W
T , and Emiss

T , respectively. The signal distributions are lightly shaded where they have been scaled by a factor of five or
ten for illustration purposes.
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Abstract

We trained a large, deep convolutional neural network to classify the 1.2 million
high-resolution images in the ImageNet LSVRC-2010 contest into the 1000 dif-
ferent classes. On the test data, we achieved top-1 and top-5 error rates of 37.5%
and 17.0% which is considerably better than the previous state-of-the-art. The
neural network, which has 60 million parameters and 650,000 neurons, consists
of five convolutional layers, some of which are followed by max-pooling layers,
and three fully-connected layers with a final 1000-way softmax. To make train-
ing faster, we used non-saturating neurons and a very efficient GPU implemen-
tation of the convolution operation. To reduce overfitting in the fully-connected
layers we employed a recently-developed regularization method called “dropout”
that proved to be very effective. We also entered a variant of this model in the
ILSVRC-2012 competition and achieved a winning top-5 test error rate of 15.3%,
compared to 26.2% achieved by the second-best entry.

1 Introduction

Current approaches to object recognition make essential use of machine learning methods. To im-
prove their performance, we can collect larger datasets, learn more powerful models, and use bet-
ter techniques for preventing overfitting. Until recently, datasets of labeled images were relatively
small — on the order of tens of thousands of images (e.g., NORB [16], Caltech-101/256 [8, 9], and
CIFAR-10/100 [12]). Simple recognition tasks can be solved quite well with datasets of this size,
especially if they are augmented with label-preserving transformations. For example, the current-
best error rate on the MNIST digit-recognition task (<0.3%) approaches human performance [4].
But objects in realistic settings exhibit considerable variability, so to learn to recognize them it is
necessary to use much larger training sets. And indeed, the shortcomings of small image datasets
have been widely recognized (e.g., Pinto et al. [21]), but it has only recently become possible to col-
lect labeled datasets with millions of images. The new larger datasets include LabelMe [23], which
consists of hundreds of thousands of fully-segmented images, and ImageNet [6], which consists of
over 15 million labeled high-resolution images in over 22,000 categories.

To learn about thousands of objects from millions of images, we need a model with a large learning
capacity. However, the immense complexity of the object recognition task means that this prob-
lem cannot be specified even by a dataset as large as ImageNet, so our model should also have lots
of prior knowledge to compensate for all the data we don’t have. Convolutional neural networks
(CNNs) constitute one such class of models [16, 11, 13, 18, 15, 22, 26]. Their capacity can be con-
trolled by varying their depth and breadth, and they also make strong and mostly correct assumptions
about the nature of images (namely, stationarity of statistics and locality of pixel dependencies).
Thus, compared to standard feedforward neural networks with similarly-sized layers, CNNs have
much fewer connections and parameters and so they are easier to train, while their theoretically-best
performance is likely to be only slightly worse.

1
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Data + ML isn’t enough!



Why isn’t data + ML enough?



Causation vs. Correlation
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Imagine an oracle that correctly predicts the outcome of every particle physics experiment, the
products of every chemical reaction, or the function of every protein. Such an oracle would revolu-
tionize science and technology as we know them. However, as scientists, we would not be satisfied
with the oracle itself. We want more. We want to comprehend how the oracle conceived these
predictions. This feat, denoted as scientific understanding, has frequently been recognized as the
essential aim of science. Now, the ever-growing power of computers and artificial intelligence poses
one ultimate question: How can advanced artificial systems contribute to scientific understanding
or achieve it autonomously?

We are convinced that this is not a mere technical question but lies at the core of science. There-
fore, here we set out to answer where we are and where we can go from here. We first seek advice
from the philosophy of science to understand scientific understanding. Then we review the current
state of the art, both from literature and by collecting dozens of anecdotes from scientists about how
they acquired new conceptual understanding with the help of computers. Those combined insights
help us to define three dimensions of android-assisted scientific understanding: The android as a I)
computational microscope, II) resource of inspiration and the ultimate, not yet existent III) agent
of understanding. For each dimension, we explain new avenues to push beyond the status quo and
unleash the full power of artificial intelligence’s contribution to the central aim of science. We hope
our perspective inspires and focuses research towards androids that get new scientific understanding
and ultimately bring us closer to true artificial scientists.

I. INTRODUCTION

Artificial Intelligence (A.I.) has recently been called
a “new tool in the box for scientists”[1] and that “ma-
chine learning with artificial networks is revolutioniz-
ing science“[2]. Additionally, it has been conjectured
“that machines could have a significantly more cre-
ative role in future research.” [3]. For instance, it has
even been postulated that “[t]he new goal of theoret-
ical chemistry should be that of providing access to
a chemical ’oracle’: an A.I. environment which can
help humans solve problems, associated with the fun-
damental chemical questions of the fourth industrial
revolution [...], in a way such that the human cannot

∗
mario.krenn@mpl.mpg.de

†
alan@aspuru.com

distinguish between this and communicating with a
human expert” [4].

However, this excitement has not been shared
among all scientists. Specifically, it has been ques-
tioned whether advanced computational approaches
can go beyond numerics [5–9] and contribute funda-
mentally to one of the essential aims of science, that
is, gaining of new scientific understanding [10–12].

In this work, we address how artificial systems can
contribute to scientific understanding – specifically,
what is the state-of-the-art and how we can push fur-
ther. Besides a thorough literature review, we sur-
veyed dozens of scientists at the interface of biol-
ogy, chemistry or physics on the one hand, and arti-
ficial intelligence and advanced computational meth-
ods. These personal narratives focus on the concrete
discovery process of ideas and are a vital augmenta-
tion to the scientific literature. We put the literature
and personal accounts in the context of a philosophi-
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Adrian Jinich,7 AkshatKumar Nigam,2, 3 Zhenpeng Yao,2, 8, 9, 10 and Alán Aspuru-Guzik2, 3, 4, 11, †

1
Max Planck Institute for the Science of Light (MPL), Erlangen, Germany.

2
Chemical Physics Theory Group, Department of Chemistry, University of Toronto, Canada.

3
Department of Computer Science, University of Toronto, Canada.

4
Vector Institute for Artificial Intelligence, Toronto, Canada.

5
Institute of Nanotechnology, Karlsruhe Institute of Technology, Eggenstein-Leopoldshafen, Germany.

6
Department of Chemistry and Chemical Biology, Harvard University, Cambridge, USA.

7
Division of Infectious Diseases, Weill Department of Medicine,

Weill-Cornell Medical College, New York, USA.
8
Center of Hydrogen Science, Shanghai Jiao Tong University,

800 Dongchuan Road, Shanghai 200240, China.
9
The State Key Laboratory of Metal Matrix Composites,

School of Materials Science and Engineering, Shanghai Jiao Tong University,

800 Dongchuan Road, Shanghai 200240, China.
10
Innovation Center for Future Materials, Zhangjiang Institute for Advanced Study,

Shanghai Jiao Tong University, 429 Zhangheng Road, Shanghai 201203, China.
11
Canadian Institute for Advanced Research (CIFAR) Lebovic Fellow, Toronto, Canada.

Imagine an oracle that correctly predicts the outcome of every particle physics experiment, the
products of every chemical reaction, or the function of every protein. Such an oracle would revolu-
tionize science and technology as we know them. However, as scientists, we would not be satisfied
with the oracle itself. We want more. We want to comprehend how the oracle conceived these
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Fig. 1. Examples of phenomena at various length scales described by a diverse set of simulators, each with an intractable likelihood. Contains image material from Refs. (5–9).

pretable by a domain scientist and ◊ has relatively few
components and a fixed dimensionality. Examples include
coe�cients found in the Hamiltonian of a physical sys-
tem, the virulence and incubation rate of a pathogen, or
fundamental constants of Nature.

• The latent variables z that appear in the data-generating
process may directly or indirectly correspond to a phys-
ically meaningful state of a system, but typically this
state is unobservable in practice. The structure of the
latent space varies substantially between simulators. The
latent variables may be continuous or discrete and the
dimensionality of the latent space may be fixed or may
vary depending on the control flow of the simulator. The
simulation can freely combine deterministic and stochas-
tic steps. The deterministic components of the simulator
may be di�erentiable or may involve discontinuous control
flow elements. In practice, some simulators may provide
convenient access to the latent variables, while others are
e�ectively black boxes. Any given simulator may combine
these di�erent aspects in almost any way.

• Finally, the output data x correspond to the observations.
They can range from a few unstructured numbers to high-
dimensional and highly structured data, such as images
or geospatial information.

Consider for instance the systems shown in Fig. 1. Parti-
cle physics processes often only depend on a small number
of parameters of interest such as particle masses or coupling
strengths. The latent process combines a high-energy inter-
action, rigorously described by a quantum field theory, with
the passage of the resulting particles through an incredibly
complex detector, most accurately modeled with stochastic
simulations with billions of latent variables; this second part
often does not depend on the parameters of interest. The
output data consist, in their raw form, of millions of sen-
sor read-outs, though there is an established pipeline that
compresses this raw data to tens to hundreds of observables.
Epidemiological simulations can be based on a network struc-
ture with geospatial properties, and the latent process consists
of many repeated structurally identical stochastic time steps.
In contrast, cosmological simulations of the evolution of the
Universe may consist of a highly structured stochastic initial
state followed by a smooth, deterministic time evolution.

These di�erences mean that there is no one-size-fits-all
inference method. In this review we aim to clarify the consid-
erations needed to choose the most appropriate approach for
a given problem.

B. Inference. Scientific inference tasks di�er by what is being
inferred: given observed data x, is the goal to infer the input
parameters ◊, or the latent variables z, or both? Sometimes

only a subset of the parameters (or latent variables) are of in-
terest, while the rest are nuisance parameters (i. e. parameters
that we are not directly interested in but must account for
because they influence the distributions of the data). We will
focus on the common problem of inferring ◊ in a parametric
setting, we will comment on methods that allow inference on
z, and we will not focus on non-parametric inverse problems.

Inference may be performed either in a frequentist or a
Bayesian approach and may be limited to point estimates
◊̂(x) or extended to include a probabilistic notion of uncer-
tainty. In the frequentist case, confidence sets are often formed
from inverting hypothesis tests, based on the likelihood ratio
test statistic. In Bayesian inference, the goal is typically to
calculate the posterior

p(◊|x) = p(x|◊) p(◊)s
d◊Õ p(x|◊Õ) p(◊Õ)

[1]

for observed data x and a given prior p(◊). In both cases the
likelihood function p(x|◊) is a key ingredient.

The fundamental challenge for simulation-based inference
problems is that the likelihood function p(x|◊) implicitly de-
fined by the simulator is typically not tractable, as it corre-
sponds to an integral over all possible trajectories through the
latent space, i. e. all possible execution traces of the simulator.
That is,

p(x|◊) =
⁄

dz p(x, z|◊) , [2]

where p(x, z|◊) is the joint probability density of data x
and latent variables z. For a simple sequential data gen-
eration procedure, the joint likelihood can be written as
p(x, z|◊) = p(x|◊, z)

r
i
pi(zi|◊, z<i). For real-life simulators

with large latent spaces, it is clearly impossible to compute
this integral explicitly. Since the likelihood function is the
central ingredient to both frequentist and Bayesian inference,
this is a major challenge for inference in many fields. This
paper reviews simulation-based or likelihood-free inference
techniques that enable frequentist or Bayesian inference de-
spite this intractability. These methods can be seen as a
specialization of inverse Uncertainty Quantification (UQ) on
the model parameters in situations with accurate, stochastic
simulators.

There is a second, more widely appreciated source of in-
tractability. In the case of Bayesian inference, the evidence—
the denominator of Eq. (1)—involves an integral over the
parameters ◊. In problems with high-dimensional parameters
this becomes intractable, independently of the intractability of
the likelihood function. This challenge is commonly addressed
with Markov Chain Monte Carlo (MCMC) methods (10, 11)
or variational inference (VI) (12).
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INTRODUCTION:Statistical mechanics aims
to compute the average behavior of physical
systems on the basis of their microscopic con-
stituents. For example, what is the probability
that a protein will be folded at a given tem-
perature? If we could answer such questions
efficiently, then we could not only comprehend
the workings of molecules and materials, but
we could also design drug molecules and ma-
terials with new properties in a principled way.
To this end, we need to compute statistics

of the equilibrium states of many-body sys-
tems. In theprotein-folding example, thismeans
to consider each of the astronomically many
ways to place all protein atoms in space, to
compute the probability of each such
“configuration” in the equilibrium
ensemble, and then to compare the
total probability of unfolded and
folded configurations.
As enumeration of all configura-

tions is infeasible, one instead must
attempt to sample them from their
equilibrium distribution. However, we cur-
rently have no way to generate equilibrium
samples of many-body systems in “one shot.”
The main approach is thus to start with one
configuration, e.g., the folded protein state, and
make tiny changes to it over time, e.g., by using
Markov-chain Monte Carlo or molecular dy-
namics (MD). However, these simulations get
trapped in metastable (long-lived) states: For
example, sampling a single folding or unfold-
ing event with atomistic MD may take a year
on a supercomputer.

RATIONALE:Here, we combine deep machine
learning and statistical mechanics to develop
Boltzmann generators. Boltzmann generators
are trained on the energy function of a many-
body system and learn to provide unbiased,
one-shot samples from its equilibrium state.
This is achieved by training an invertible neural
network to learn a coordinate transformation
from a system’s configurations to a so-called
latent space representation, in which the low-
energy configurations of different states are
close to each other and can be easily sampled.

Because of the invertibility, every latent space
sample can be back-transformed to a system
configuration with high Boltzmann probability
(Fig. 1). We then employ statistical mechanics,
which offers a rich set of tools for reweight-
ing the distribution generated by the neural
network to the Boltzmann distribution.

RESULTS: Boltzmann generators can be
trained to directly generate independent sam-
ples of low-energy structures of condensed-
matter systems and protein molecules. When
initialized with a few structures from differ-
ent metastable states, Boltzmann generators
can generate statistically independent sam-

ples from these states and efficiently
compute the free-energy differences
between them. This capability could
be used to compute relative stabil-
ities between different experimental
structures of protein or other organic
molecules, which is currently a very
challenging problem. Boltzmann

generators can also learn a notion of “re-
action coordinates”: Simple linear interpola-
tions between points in latent space have a
high probability of corresponding to phys-
ically realistic, low-energy transition path-
ways. Finally, by using established sampling
methods such as Metropolis Monte Carlo in
the latent space variables, Boltzmann gener-
ators can discover new states and gradually
explore state space.

CONCLUSION: Boltzmann generators can
overcome rare event–sampling problems in
many-body systems by learning to generate
unbiased equilibrium samples from differ-
ent metastable states in one shot. They
differ conceptually from established enhanced
sampling methods, as no reaction coordi-
nates are needed to drive them between
metastable states. However, by applying ex-
isting sampling methods in the latent spaces
learned by Boltzmann generators, a plethora
of new opportunities opens up to design
efficient sampling methods for many-body
systems.▪

RESEARCH

Noé et al., Science 365, 1001 (2019) 6 September 2019 1 of 1

The list of author affiliations is available in the full article online.
*These authors contributed equally to this work.
†Corresponding author. Email: frank.noe@fu-berlin.de
Cite this article as F. Noé et al., Science 365, eaaw1147
(2019). DOI: 10.1126/science.aaw1147

11 Sample Gaussian distribution

Boltzmann
distribution

Z

X

Fzx Fxz

f1 f1-1

fn fn

22 Generate distribution

33 Re - weight

-1

pz(z)

px(x)

e-u(x)

Boltzmann generators overcome sampling
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Boltzmann generator works as follows: 1.We
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distribution. 2. An invertible deep neural
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distribution to a distribution pXðxÞ that is
similar to the desired Boltzmann distribution
of the system of interest. 3.To compute
thermodynamics quantities, the samples are
reweighted to the Boltzmann distribution
using statistical mechanics methods.

ON OUR WEBSITE
◥

Read the full article
at http://dx.doi.
org/10.1126/
science.aaw1147
..................................................

on Septem
ber 23, 2019

 
http://science.sciencem

ag.org/
D

ow
nloaded from

 

[Cranmer, Brehmer, Louppe PNAS (2020), arXiv:1911.01429 ]

•The forefront of scientific knowledge is often encapsulated in simulators

https://arxiv.org/abs/1911.01429


S c i e n c e  i s  r e p l e t e  w i t h  h i g h - f i d e l i t y  s i m u l a t o r s

•Simulators are causal, generative models of the data generating process

37

10�18 10�15 10�12 10�9 10�6 10�3 100 103 106 109 1012 1015 1018 1021 1024 1027

Length scale [m]

Particle 
colliders

Evolution of 
the Universe

Gravitational 
lensingEpidemics

Neuron 
activity

Fig. 1. Examples of phenomena at various length scales described by a diverse set of simulators, each with an intractable likelihood. Contains image material from Refs. (5–9).

pretable by a domain scientist and ◊ has relatively few
components and a fixed dimensionality. Examples include
coe�cients found in the Hamiltonian of a physical sys-
tem, the virulence and incubation rate of a pathogen, or
fundamental constants of Nature.

• The latent variables z that appear in the data-generating
process may directly or indirectly correspond to a phys-
ically meaningful state of a system, but typically this
state is unobservable in practice. The structure of the
latent space varies substantially between simulators. The
latent variables may be continuous or discrete and the
dimensionality of the latent space may be fixed or may
vary depending on the control flow of the simulator. The
simulation can freely combine deterministic and stochas-
tic steps. The deterministic components of the simulator
may be di�erentiable or may involve discontinuous control
flow elements. In practice, some simulators may provide
convenient access to the latent variables, while others are
e�ectively black boxes. Any given simulator may combine
these di�erent aspects in almost any way.

• Finally, the output data x correspond to the observations.
They can range from a few unstructured numbers to high-
dimensional and highly structured data, such as images
or geospatial information.

Consider for instance the systems shown in Fig. 1. Parti-
cle physics processes often only depend on a small number
of parameters of interest such as particle masses or coupling
strengths. The latent process combines a high-energy inter-
action, rigorously described by a quantum field theory, with
the passage of the resulting particles through an incredibly
complex detector, most accurately modeled with stochastic
simulations with billions of latent variables; this second part
often does not depend on the parameters of interest. The
output data consist, in their raw form, of millions of sen-
sor read-outs, though there is an established pipeline that
compresses this raw data to tens to hundreds of observables.
Epidemiological simulations can be based on a network struc-
ture with geospatial properties, and the latent process consists
of many repeated structurally identical stochastic time steps.
In contrast, cosmological simulations of the evolution of the
Universe may consist of a highly structured stochastic initial
state followed by a smooth, deterministic time evolution.

These di�erences mean that there is no one-size-fits-all
inference method. In this review we aim to clarify the consid-
erations needed to choose the most appropriate approach for
a given problem.

B. Inference. Scientific inference tasks di�er by what is being
inferred: given observed data x, is the goal to infer the input
parameters ◊, or the latent variables z, or both? Sometimes

only a subset of the parameters (or latent variables) are of in-
terest, while the rest are nuisance parameters (i. e. parameters
that we are not directly interested in but must account for
because they influence the distributions of the data). We will
focus on the common problem of inferring ◊ in a parametric
setting, we will comment on methods that allow inference on
z, and we will not focus on non-parametric inverse problems.

Inference may be performed either in a frequentist or a
Bayesian approach and may be limited to point estimates
◊̂(x) or extended to include a probabilistic notion of uncer-
tainty. In the frequentist case, confidence sets are often formed
from inverting hypothesis tests, based on the likelihood ratio
test statistic. In Bayesian inference, the goal is typically to
calculate the posterior

p(◊|x) = p(x|◊) p(◊)s
d◊Õ p(x|◊Õ) p(◊Õ)

[1]

for observed data x and a given prior p(◊). In both cases the
likelihood function p(x|◊) is a key ingredient.

The fundamental challenge for simulation-based inference
problems is that the likelihood function p(x|◊) implicitly de-
fined by the simulator is typically not tractable, as it corre-
sponds to an integral over all possible trajectories through the
latent space, i. e. all possible execution traces of the simulator.
That is,

p(x|◊) =
⁄

dz p(x, z|◊) , [2]

where p(x, z|◊) is the joint probability density of data x
and latent variables z. For a simple sequential data gen-
eration procedure, the joint likelihood can be written as
p(x, z|◊) = p(x|◊, z)

r
i
pi(zi|◊, z<i). For real-life simulators

with large latent spaces, it is clearly impossible to compute
this integral explicitly. Since the likelihood function is the
central ingredient to both frequentist and Bayesian inference,
this is a major challenge for inference in many fields. This
paper reviews simulation-based or likelihood-free inference
techniques that enable frequentist or Bayesian inference de-
spite this intractability. These methods can be seen as a
specialization of inverse Uncertainty Quantification (UQ) on
the model parameters in situations with accurate, stochastic
simulators.

There is a second, more widely appreciated source of in-
tractability. In the case of Bayesian inference, the evidence—
the denominator of Eq. (1)—involves an integral over the
parameters ◊. In problems with high-dimensional parameters
this becomes intractable, independently of the intractability of
the likelihood function. This challenge is commonly addressed
with Markov Chain Monte Carlo (MCMC) methods (10, 11)
or variational inference (VI) (12).
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body system and learn to provide unbiased,
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This is achieved by training an invertible neural
network to learn a coordinate transformation
from a system’s configurations to a so-called
latent space representation, in which the low-
energy configurations of different states are
close to each other and can be easily sampled.

Because of the invertibility, every latent space
sample can be back-transformed to a system
configuration with high Boltzmann probability
(Fig. 1). We then employ statistical mechanics,
which offers a rich set of tools for reweight-
ing the distribution generated by the neural
network to the Boltzmann distribution.

RESULTS: Boltzmann generators can be
trained to directly generate independent sam-
ples of low-energy structures of condensed-
matter systems and protein molecules. When
initialized with a few structures from differ-
ent metastable states, Boltzmann generators
can generate statistically independent sam-

ples from these states and efficiently
compute the free-energy differences
between them. This capability could
be used to compute relative stabil-
ities between different experimental
structures of protein or other organic
molecules, which is currently a very
challenging problem. Boltzmann

generators can also learn a notion of “re-
action coordinates”: Simple linear interpola-
tions between points in latent space have a
high probability of corresponding to phys-
ically realistic, low-energy transition path-
ways. Finally, by using established sampling
methods such as Metropolis Monte Carlo in
the latent space variables, Boltzmann gener-
ators can discover new states and gradually
explore state space.

CONCLUSION: Boltzmann generators can
overcome rare event–sampling problems in
many-body systems by learning to generate
unbiased equilibrium samples from differ-
ent metastable states in one shot. They
differ conceptually from established enhanced
sampling methods, as no reaction coordi-
nates are needed to drive them between
metastable states. However, by applying ex-
isting sampling methods in the latent spaces
learned by Boltzmann generators, a plethora
of new opportunities opens up to design
efficient sampling methods for many-body
systems.▪
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Fig. 1. Examples of phenomena at various length scales described by a diverse set of simulators, each with an intractable likelihood. Contains image material from Refs. (5–9).

pretable by a domain scientist and ◊ has relatively few
components and a fixed dimensionality. Examples include
coe�cients found in the Hamiltonian of a physical sys-
tem, the virulence and incubation rate of a pathogen, or
fundamental constants of Nature.

• The latent variables z that appear in the data-generating
process may directly or indirectly correspond to a phys-
ically meaningful state of a system, but typically this
state is unobservable in practice. The structure of the
latent space varies substantially between simulators. The
latent variables may be continuous or discrete and the
dimensionality of the latent space may be fixed or may
vary depending on the control flow of the simulator. The
simulation can freely combine deterministic and stochas-
tic steps. The deterministic components of the simulator
may be di�erentiable or may involve discontinuous control
flow elements. In practice, some simulators may provide
convenient access to the latent variables, while others are
e�ectively black boxes. Any given simulator may combine
these di�erent aspects in almost any way.

• Finally, the output data x correspond to the observations.
They can range from a few unstructured numbers to high-
dimensional and highly structured data, such as images
or geospatial information.

Consider for instance the systems shown in Fig. 1. Parti-
cle physics processes often only depend on a small number
of parameters of interest such as particle masses or coupling
strengths. The latent process combines a high-energy inter-
action, rigorously described by a quantum field theory, with
the passage of the resulting particles through an incredibly
complex detector, most accurately modeled with stochastic
simulations with billions of latent variables; this second part
often does not depend on the parameters of interest. The
output data consist, in their raw form, of millions of sen-
sor read-outs, though there is an established pipeline that
compresses this raw data to tens to hundreds of observables.
Epidemiological simulations can be based on a network struc-
ture with geospatial properties, and the latent process consists
of many repeated structurally identical stochastic time steps.
In contrast, cosmological simulations of the evolution of the
Universe may consist of a highly structured stochastic initial
state followed by a smooth, deterministic time evolution.

These di�erences mean that there is no one-size-fits-all
inference method. In this review we aim to clarify the consid-
erations needed to choose the most appropriate approach for
a given problem.

B. Inference. Scientific inference tasks di�er by what is being
inferred: given observed data x, is the goal to infer the input
parameters ◊, or the latent variables z, or both? Sometimes

only a subset of the parameters (or latent variables) are of in-
terest, while the rest are nuisance parameters (i. e. parameters
that we are not directly interested in but must account for
because they influence the distributions of the data). We will
focus on the common problem of inferring ◊ in a parametric
setting, we will comment on methods that allow inference on
z, and we will not focus on non-parametric inverse problems.

Inference may be performed either in a frequentist or a
Bayesian approach and may be limited to point estimates
◊̂(x) or extended to include a probabilistic notion of uncer-
tainty. In the frequentist case, confidence sets are often formed
from inverting hypothesis tests, based on the likelihood ratio
test statistic. In Bayesian inference, the goal is typically to
calculate the posterior

p(◊|x) = p(x|◊) p(◊)s
d◊Õ p(x|◊Õ) p(◊Õ)

[1]

for observed data x and a given prior p(◊). In both cases the
likelihood function p(x|◊) is a key ingredient.

The fundamental challenge for simulation-based inference
problems is that the likelihood function p(x|◊) implicitly de-
fined by the simulator is typically not tractable, as it corre-
sponds to an integral over all possible trajectories through the
latent space, i. e. all possible execution traces of the simulator.
That is,

p(x|◊) =
⁄

dz p(x, z|◊) , [2]

where p(x, z|◊) is the joint probability density of data x
and latent variables z. For a simple sequential data gen-
eration procedure, the joint likelihood can be written as
p(x, z|◊) = p(x|◊, z)

r
i
pi(zi|◊, z<i). For real-life simulators

with large latent spaces, it is clearly impossible to compute
this integral explicitly. Since the likelihood function is the
central ingredient to both frequentist and Bayesian inference,
this is a major challenge for inference in many fields. This
paper reviews simulation-based or likelihood-free inference
techniques that enable frequentist or Bayesian inference de-
spite this intractability. These methods can be seen as a
specialization of inverse Uncertainty Quantification (UQ) on
the model parameters in situations with accurate, stochastic
simulators.

There is a second, more widely appreciated source of in-
tractability. In the case of Bayesian inference, the evidence—
the denominator of Eq. (1)—involves an integral over the
parameters ◊. In problems with high-dimensional parameters
this becomes intractable, independently of the intractability of
the likelihood function. This challenge is commonly addressed
with Markov Chain Monte Carlo (MCMC) methods (10, 11)
or variational inference (VI) (12).
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This is achieved by training an invertible neural
network to learn a coordinate transformation
from a system’s configurations to a so-called
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Because of the invertibility, every latent space
sample can be back-transformed to a system
configuration with high Boltzmann probability
(Fig. 1). We then employ statistical mechanics,
which offers a rich set of tools for reweight-
ing the distribution generated by the neural
network to the Boltzmann distribution.

RESULTS: Boltzmann generators can be
trained to directly generate independent sam-
ples of low-energy structures of condensed-
matter systems and protein molecules. When
initialized with a few structures from differ-
ent metastable states, Boltzmann generators
can generate statistically independent sam-

ples from these states and efficiently
compute the free-energy differences
between them. This capability could
be used to compute relative stabil-
ities between different experimental
structures of protein or other organic
molecules, which is currently a very
challenging problem. Boltzmann

generators can also learn a notion of “re-
action coordinates”: Simple linear interpola-
tions between points in latent space have a
high probability of corresponding to phys-
ically realistic, low-energy transition path-
ways. Finally, by using established sampling
methods such as Metropolis Monte Carlo in
the latent space variables, Boltzmann gener-
ators can discover new states and gradually
explore state space.

CONCLUSION: Boltzmann generators can
overcome rare event–sampling problems in
many-body systems by learning to generate
unbiased equilibrium samples from differ-
ent metastable states in one shot. They
differ conceptually from established enhanced
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nates are needed to drive them between
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learned by Boltzmann generators, a plethora
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Fig. 1. Examples of phenomena at various length scales described by a diverse set of simulators, each with an intractable likelihood. Contains image material from Refs. (5–9).

pretable by a domain scientist and ◊ has relatively few
components and a fixed dimensionality. Examples include
coe�cients found in the Hamiltonian of a physical sys-
tem, the virulence and incubation rate of a pathogen, or
fundamental constants of Nature.

• The latent variables z that appear in the data-generating
process may directly or indirectly correspond to a phys-
ically meaningful state of a system, but typically this
state is unobservable in practice. The structure of the
latent space varies substantially between simulators. The
latent variables may be continuous or discrete and the
dimensionality of the latent space may be fixed or may
vary depending on the control flow of the simulator. The
simulation can freely combine deterministic and stochas-
tic steps. The deterministic components of the simulator
may be di�erentiable or may involve discontinuous control
flow elements. In practice, some simulators may provide
convenient access to the latent variables, while others are
e�ectively black boxes. Any given simulator may combine
these di�erent aspects in almost any way.

• Finally, the output data x correspond to the observations.
They can range from a few unstructured numbers to high-
dimensional and highly structured data, such as images
or geospatial information.

Consider for instance the systems shown in Fig. 1. Parti-
cle physics processes often only depend on a small number
of parameters of interest such as particle masses or coupling
strengths. The latent process combines a high-energy inter-
action, rigorously described by a quantum field theory, with
the passage of the resulting particles through an incredibly
complex detector, most accurately modeled with stochastic
simulations with billions of latent variables; this second part
often does not depend on the parameters of interest. The
output data consist, in their raw form, of millions of sen-
sor read-outs, though there is an established pipeline that
compresses this raw data to tens to hundreds of observables.
Epidemiological simulations can be based on a network struc-
ture with geospatial properties, and the latent process consists
of many repeated structurally identical stochastic time steps.
In contrast, cosmological simulations of the evolution of the
Universe may consist of a highly structured stochastic initial
state followed by a smooth, deterministic time evolution.

These di�erences mean that there is no one-size-fits-all
inference method. In this review we aim to clarify the consid-
erations needed to choose the most appropriate approach for
a given problem.

B. Inference. Scientific inference tasks di�er by what is being
inferred: given observed data x, is the goal to infer the input
parameters ◊, or the latent variables z, or both? Sometimes

only a subset of the parameters (or latent variables) are of in-
terest, while the rest are nuisance parameters (i. e. parameters
that we are not directly interested in but must account for
because they influence the distributions of the data). We will
focus on the common problem of inferring ◊ in a parametric
setting, we will comment on methods that allow inference on
z, and we will not focus on non-parametric inverse problems.

Inference may be performed either in a frequentist or a
Bayesian approach and may be limited to point estimates
◊̂(x) or extended to include a probabilistic notion of uncer-
tainty. In the frequentist case, confidence sets are often formed
from inverting hypothesis tests, based on the likelihood ratio
test statistic. In Bayesian inference, the goal is typically to
calculate the posterior

p(◊|x) = p(x|◊) p(◊)s
d◊Õ p(x|◊Õ) p(◊Õ)

[1]

for observed data x and a given prior p(◊). In both cases the
likelihood function p(x|◊) is a key ingredient.

The fundamental challenge for simulation-based inference
problems is that the likelihood function p(x|◊) implicitly de-
fined by the simulator is typically not tractable, as it corre-
sponds to an integral over all possible trajectories through the
latent space, i. e. all possible execution traces of the simulator.
That is,

p(x|◊) =
⁄

dz p(x, z|◊) , [2]

where p(x, z|◊) is the joint probability density of data x
and latent variables z. For a simple sequential data gen-
eration procedure, the joint likelihood can be written as
p(x, z|◊) = p(x|◊, z)

r
i
pi(zi|◊, z<i). For real-life simulators

with large latent spaces, it is clearly impossible to compute
this integral explicitly. Since the likelihood function is the
central ingredient to both frequentist and Bayesian inference,
this is a major challenge for inference in many fields. This
paper reviews simulation-based or likelihood-free inference
techniques that enable frequentist or Bayesian inference de-
spite this intractability. These methods can be seen as a
specialization of inverse Uncertainty Quantification (UQ) on
the model parameters in situations with accurate, stochastic
simulators.

There is a second, more widely appreciated source of in-
tractability. In the case of Bayesian inference, the evidence—
the denominator of Eq. (1)—involves an integral over the
parameters ◊. In problems with high-dimensional parameters
this becomes intractable, independently of the intractability of
the likelihood function. This challenge is commonly addressed
with Markov Chain Monte Carlo (MCMC) methods (10, 11)
or variational inference (VI) (12).
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to compute the average behavior of physical
systems on the basis of their microscopic con-
stituents. For example, what is the probability
that a protein will be folded at a given tem-
perature? If we could answer such questions
efficiently, then we could not only comprehend
the workings of molecules and materials, but
we could also design drug molecules and ma-
terials with new properties in a principled way.
To this end, we need to compute statistics

of the equilibrium states of many-body sys-
tems. In theprotein-folding example, thismeans
to consider each of the astronomically many
ways to place all protein atoms in space, to
compute the probability of each such
“configuration” in the equilibrium
ensemble, and then to compare the
total probability of unfolded and
folded configurations.
As enumeration of all configura-

tions is infeasible, one instead must
attempt to sample them from their
equilibrium distribution. However, we cur-
rently have no way to generate equilibrium
samples of many-body systems in “one shot.”
The main approach is thus to start with one
configuration, e.g., the folded protein state, and
make tiny changes to it over time, e.g., by using
Markov-chain Monte Carlo or molecular dy-
namics (MD). However, these simulations get
trapped in metastable (long-lived) states: For
example, sampling a single folding or unfold-
ing event with atomistic MD may take a year
on a supercomputer.

RATIONALE:Here, we combine deep machine
learning and statistical mechanics to develop
Boltzmann generators. Boltzmann generators
are trained on the energy function of a many-
body system and learn to provide unbiased,
one-shot samples from its equilibrium state.
This is achieved by training an invertible neural
network to learn a coordinate transformation
from a system’s configurations to a so-called
latent space representation, in which the low-
energy configurations of different states are
close to each other and can be easily sampled.

Because of the invertibility, every latent space
sample can be back-transformed to a system
configuration with high Boltzmann probability
(Fig. 1). We then employ statistical mechanics,
which offers a rich set of tools for reweight-
ing the distribution generated by the neural
network to the Boltzmann distribution.

RESULTS: Boltzmann generators can be
trained to directly generate independent sam-
ples of low-energy structures of condensed-
matter systems and protein molecules. When
initialized with a few structures from differ-
ent metastable states, Boltzmann generators
can generate statistically independent sam-

ples from these states and efficiently
compute the free-energy differences
between them. This capability could
be used to compute relative stabil-
ities between different experimental
structures of protein or other organic
molecules, which is currently a very
challenging problem. Boltzmann

generators can also learn a notion of “re-
action coordinates”: Simple linear interpola-
tions between points in latent space have a
high probability of corresponding to phys-
ically realistic, low-energy transition path-
ways. Finally, by using established sampling
methods such as Metropolis Monte Carlo in
the latent space variables, Boltzmann gener-
ators can discover new states and gradually
explore state space.

CONCLUSION: Boltzmann generators can
overcome rare event–sampling problems in
many-body systems by learning to generate
unbiased equilibrium samples from differ-
ent metastable states in one shot. They
differ conceptually from established enhanced
sampling methods, as no reaction coordi-
nates are needed to drive them between
metastable states. However, by applying ex-
isting sampling methods in the latent spaces
learned by Boltzmann generators, a plethora
of new opportunities opens up to design
efficient sampling methods for many-body
systems.▪
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Boltzmann generators overcome sampling
problems between long-lived states.The
Boltzmann generator works as follows: 1.We
sample from a simple (e.g., Gaussian)
distribution. 2. An invertible deep neural
network is trained to transform this simple
distribution to a distribution pXðxÞ that is
similar to the desired Boltzmann distribution
of the system of interest. 3.To compute
thermodynamics quantities, the samples are
reweighted to the Boltzmann distribution
using statistical mechanics methods.
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•Unfortunately, these simulators are poorly suited for many downstream tasks,  
e.g. statistical inference, experimental design, decision  making, …

[Cranmer, Brehmer, Louppe PNAS (2020), arXiv:1911.01429 ]

https://arxiv.org/abs/1911.01429


– PA U L  D I R A C

“The underlying physical laws necessary 
for the mathematical theory of a large part 
of physics and the whole of chemistry are 
thus completely known, and the difficulty 
is only that the exact application of 
these laws leads to equations much too 
complicated to be soluble.”



https://www.microsoft.com/en-us/research/blog/ai4science-to-empower-the-fifth-paradigm-of-scientific-discovery/

Scientific Paradigms: 
1. Empirical 
2. Theoretical 
3. Computational 
4. Data-Driven / Data-Intensive Discovery 
5. AI/ML + Simulation + Data



–  F R E E M A N  D Y S O N

“New directions in science are 
launched by new tools much more 
often than by new concepts. The 
effect of a concept-driven revolution 
is to explain old things in new ways. 
The effect of a tool-driven revolution 
is to discover new things that have to 
be explained.”
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(Fig. 1). We then employ statistical mechanics,
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ing the distribution generated by the neural
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RESULTS: Boltzmann generators can be
trained to directly generate independent sam-
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matter systems and protein molecules. When
initialized with a few structures from differ-
ent metastable states, Boltzmann generators
can generate statistically independent sam-

ples from these states and efficiently
compute the free-energy differences
between them. This capability could
be used to compute relative stabil-
ities between different experimental
structures of protein or other organic
molecules, which is currently a very
challenging problem. Boltzmann

generators can also learn a notion of “re-
action coordinates”: Simple linear interpola-
tions between points in latent space have a
high probability of corresponding to phys-
ically realistic, low-energy transition path-
ways. Finally, by using established sampling
methods such as Metropolis Monte Carlo in
the latent space variables, Boltzmann gener-
ators can discover new states and gradually
explore state space.

CONCLUSION: Boltzmann generators can
overcome rare event–sampling problems in
many-body systems by learning to generate
unbiased equilibrium samples from differ-
ent metastable states in one shot. They
differ conceptually from established enhanced
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nates are needed to drive them between
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systems on the basis of their microscopic con-
stituents. For example, what is the probability
that a protein will be folded at a given tem-
perature? If we could answer such questions
efficiently, then we could not only comprehend
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we could also design drug molecules and ma-
terials with new properties in a principled way.
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of the equilibrium states of many-body sys-
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to consider each of the astronomically many
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tions is infeasible, one instead must
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equilibrium distribution. However, we cur-
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samples of many-body systems in “one shot.”
The main approach is thus to start with one
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namics (MD). However, these simulations get
trapped in metastable (long-lived) states: For
example, sampling a single folding or unfold-
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RATIONALE:Here, we combine deep machine
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are trained on the energy function of a many-
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ent metastable states, Boltzmann generators
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compute the free-energy differences
between them. This capability could
be used to compute relative stabil-
ities between different experimental
structures of protein or other organic
molecules, which is currently a very
challenging problem. Boltzmann

generators can also learn a notion of “re-
action coordinates”: Simple linear interpola-
tions between points in latent space have a
high probability of corresponding to phys-
ically realistic, low-energy transition path-
ways. Finally, by using established sampling
methods such as Metropolis Monte Carlo in
the latent space variables, Boltzmann gener-
ators can discover new states and gradually
explore state space.

CONCLUSION: Boltzmann generators can
overcome rare event–sampling problems in
many-body systems by learning to generate
unbiased equilibrium samples from differ-
ent metastable states in one shot. They
differ conceptually from established enhanced
sampling methods, as no reaction coordi-
nates are needed to drive them between
metastable states. However, by applying ex-
isting sampling methods in the latent spaces
learned by Boltzmann generators, a plethora
of new opportunities opens up to design
efficient sampling methods for many-body
systems.▪
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It’s infeasible to calculate the 
integral over this enormous 

space! 



I n f e r e n c e  w i t h  i n t r a c t a b l e  l i k e l i h o o d s

•This motivates a class of inference methods for a stochastic simulator where 

• evaluating the likelihood is intractable, but  

• it is possible to sample synthetic data  

•This setting is often referred to as likelihood-free inference, but I prefer the term 
simulation-based inference because usually one approximates the likelihood  
(or likelihood ratio) and then use established inference techniques 

• applies to both Bayesian or Frequentist inference 

x ∼ p(x ∣ θ)
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Machine Learning
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parameter

latent x
observable

The surrogate for the likelihood ratio used for inference 

A 2-stage process: 
1. learning surrogate (amortized) 
2. Inference on parameters of simulator (frequentist or Bayesian) 

No Bayesian prior used for training, but one can use prior for inference. 

Cranmer, Louppe, Pavez, arXiv:1506.02169 
PNAS, arXiv:1805.12244 

PRL, arXiv:1805.00013 
PRD, arXiv:1805.00020 

NeurIPS, arXiv:1808.00973 
physics.aps.org/articles/v11/90 

https://physics.aps.org/articles/v11/90
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s(x) =
p(x|H1)

p(x|H0) + p(x|H1)

• binary classifier: find function  that minimizes loss: 
 
 
 
 

• i.e. approximate the optimal classifier 

 

• which is 1-to-1 with the likelihood ratio

s(x)
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Figure 4: Example plots for classifier output distributions for signal and background events from the academic
test sample. Shown are likelihood (upper left), PDE range search (upper right), Multilayer perceptron (MLP
– lower left) and boosted decision trees.

• TMVA tutorial: https://twiki.cern.ch/twiki/bin/view/TMVA.

• An up-to-date reference of all configuration options for the TMVA Factory, the fitters, and all
the MVA methods: http://tmva.sourceforge.net/optionRef.html.

• On request, the TMVA methods provide a help message with a brief description of the method,
and hints for improving the performance by tuning the available configuration options. The
message is printed when the option ”H” is added to the configuration string while booking
the method (switch o↵ by setting ”!H”). The very same help messages are also obtained by
clicking the “info” button on the top of the reference tables on the options reference web page:
http://tmva.sourceforge.net/optionRef.html.

• The web address of this Users Guide: http://tmva.sourceforge.net/docu/TMVAUsersGuide.pdf.

• The TMVA talk collection: http://tmva.sourceforge.net/talks.shtml.

12 3 Using TMVA
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Figure 5: Example for the background rejection versus signal e�ciency (“ROC curve”) obtained by cutting
on the classifier outputs for the events of the test sample.

• TMVA versions in ROOT releases: http://tmva.sourceforge.net/versionRef.html.

• Direct code views via ViewVC: http://tmva.svn.sourceforge.net/viewvc/tmva/trunk/TMVA.

• Class index of TMVA in ROOT: http://root.cern.ch/root/htmldoc/TMVA Index.html.

• Please send questions and/or report problems to the tmva-users mailing list:
http://sourceforge.net/mailarchive/forum.php?forum name=tmva-users (posting messages requires
prior subscription: https://lists.sourceforge.net/lists/listinfo/tmva-users).

3 Using TMVA

A typical TMVA classification or regression analysis consists of two independent phases: the training
phase, where the multivariate methods are trained, tested and evaluated, and an application phase,
where the chosen methods are applied to the concrete classification or regression problem they have
been trained for. An overview of the code flow for these two phases as implemented in the examples
TMVAClassification.C and TMVAClassificationApplication.C (for classification – see Sec. 2.5),
and TMVARegression.C and TMVARegressionApplication.C (for regression) are sketched in Fig. 7.
Multiclass classification does not di↵er much from two class classification from a technical point of
view and di↵erences will only be highlighted where neccessary.

In the training phase, the communication of the user with the data sets and the MVA methods
is performed via a Factory object, created at the beginning of the program. The TMVA Factory
provides member functions to specify the training and test data sets, to register the discriminating

Figure 1: Left: an example of the distributions f0(s|✓) and f1(s|✓) when the classifier s is
a boosted-decision tree (BDT). Right: the corresponding ROC curve (right) for this and
other classifiers. Figures taken from TMVA manual.

These steps lead to a subsequent statistical analysis where one observes in data {xe},
where e is an event index running from 1 to n. For each event, the classifier is evaluated and
one performs inference on a parameter µ related to the presence of the signal contribution.
In particular, one forms the statistical model

p({xe} |µ, ✓) =
nY

e=1

[µf1(s(xe) | ✓) + (1� µ) f0(s(xe) | ✓) ] , (1)

where µ = 0 is the null (background-only) hypothesis and µ > 0 is the alternate (signal-
plus-background) hypothesis.1 Typically, we are interested in inference on µ and ✓ are
nuisance parameters; though, sometimes ✓ may include some components that we are also
wish to infer (like the mass of a new particle that a↵ects the distribution x for the signal
events).

1.2 Comments on typical usage of machine learning in HEP

Nuisance parameters are an after thought in the typical usage of machine learning in HEP.
In fact, most machine learning discussions would only consider f0(x) and f1(x). However,
as experimentalists we know that we must account for various forms of systematic uncer-
tainty, parametrized by ✓. In practice, we take the classifier as fixed and then propagate
uncertainty through the classifier as in Eq. 1. Building the distribution f(s(x)|✓) for values
of ✓ other than the nominal ✓0 used to train the classifier can be thought of as a calibration

1Sometimes there is an additional Poisson term when expected number of signal and background events
is known.

2

s(x)        0 1

[Hastie et al., 2001; Sugiyama et al., 2012; Cranmer et. al., 2015] 

L[s] = Ep(x|H1)[� log s(x)] + Ep(x|H0)[� log(1� s(x))]
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r(x) =
p(x|H1)

p(x|H0)
= 1� 1

s(x)
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s(x) =
p(x|H1)

p(x|H0) + p(x|H1)

• binary classifier: find function  that minimizes loss: 
 
 
 
 

• i.e. approximate the optimal classifier 

 

• which is 1-to-1 with the likelihood ratio

s(x)
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Figure 4: Example plots for classifier output distributions for signal and background events from the academic
test sample. Shown are likelihood (upper left), PDE range search (upper right), Multilayer perceptron (MLP
– lower left) and boosted decision trees.

• TMVA tutorial: https://twiki.cern.ch/twiki/bin/view/TMVA.

• An up-to-date reference of all configuration options for the TMVA Factory, the fitters, and all
the MVA methods: http://tmva.sourceforge.net/optionRef.html.

• On request, the TMVA methods provide a help message with a brief description of the method,
and hints for improving the performance by tuning the available configuration options. The
message is printed when the option ”H” is added to the configuration string while booking
the method (switch o↵ by setting ”!H”). The very same help messages are also obtained by
clicking the “info” button on the top of the reference tables on the options reference web page:
http://tmva.sourceforge.net/optionRef.html.

• The web address of this Users Guide: http://tmva.sourceforge.net/docu/TMVAUsersGuide.pdf.

• The TMVA talk collection: http://tmva.sourceforge.net/talks.shtml.
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Figure 5: Example for the background rejection versus signal e�ciency (“ROC curve”) obtained by cutting
on the classifier outputs for the events of the test sample.

• TMVA versions in ROOT releases: http://tmva.sourceforge.net/versionRef.html.

• Direct code views via ViewVC: http://tmva.svn.sourceforge.net/viewvc/tmva/trunk/TMVA.

• Class index of TMVA in ROOT: http://root.cern.ch/root/htmldoc/TMVA Index.html.

• Please send questions and/or report problems to the tmva-users mailing list:
http://sourceforge.net/mailarchive/forum.php?forum name=tmva-users (posting messages requires
prior subscription: https://lists.sourceforge.net/lists/listinfo/tmva-users).

3 Using TMVA

A typical TMVA classification or regression analysis consists of two independent phases: the training
phase, where the multivariate methods are trained, tested and evaluated, and an application phase,
where the chosen methods are applied to the concrete classification or regression problem they have
been trained for. An overview of the code flow for these two phases as implemented in the examples
TMVAClassification.C and TMVAClassificationApplication.C (for classification – see Sec. 2.5),
and TMVARegression.C and TMVARegressionApplication.C (for regression) are sketched in Fig. 7.
Multiclass classification does not di↵er much from two class classification from a technical point of
view and di↵erences will only be highlighted where neccessary.

In the training phase, the communication of the user with the data sets and the MVA methods
is performed via a Factory object, created at the beginning of the program. The TMVA Factory
provides member functions to specify the training and test data sets, to register the discriminating

Figure 1: Left: an example of the distributions f0(s|✓) and f1(s|✓) when the classifier s is
a boosted-decision tree (BDT). Right: the corresponding ROC curve (right) for this and
other classifiers. Figures taken from TMVA manual.

These steps lead to a subsequent statistical analysis where one observes in data {xe},
where e is an event index running from 1 to n. For each event, the classifier is evaluated and
one performs inference on a parameter µ related to the presence of the signal contribution.
In particular, one forms the statistical model

p({xe} |µ, ✓) =
nY

e=1

[µf1(s(xe) | ✓) + (1� µ) f0(s(xe) | ✓) ] , (1)

where µ = 0 is the null (background-only) hypothesis and µ > 0 is the alternate (signal-
plus-background) hypothesis.1 Typically, we are interested in inference on µ and ✓ are
nuisance parameters; though, sometimes ✓ may include some components that we are also
wish to infer (like the mass of a new particle that a↵ects the distribution x for the signal
events).

1.2 Comments on typical usage of machine learning in HEP

Nuisance parameters are an after thought in the typical usage of machine learning in HEP.
In fact, most machine learning discussions would only consider f0(x) and f1(x). However,
as experimentalists we know that we must account for various forms of systematic uncer-
tainty, parametrized by ✓. In practice, we take the classifier as fixed and then propagate
uncertainty through the classifier as in Eq. 1. Building the distribution f(s(x)|✓) for values
of ✓ other than the nominal ✓0 used to train the classifier can be thought of as a calibration

1Sometimes there is an additional Poisson term when expected number of signal and background events
is known.

2

s(x)        0 1

[Hastie et al., 2001; Sugiyama et al., 2012; Cranmer et. al., 2015] 

⇡ 1

N

NX

i=1

�yi log s(xi)� (1� yi) log(1� s(xi))
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L[s] = Ep(x|H1)[� log s(x)] + Ep(x|H0)[� log(1� s(x))]
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r(x) =
p(x|H1)

p(x|H0)
= 1� 1

s(x)
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r(x; ✓) =
p(x|✓)
pref(x)

= 1� 1

s(x; ✓)
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•Once we’ve learned the likelihood ratio , we can apply it to any data .  

• unlike ABC, we pay biggest computational costs up front 

• Great for calibrated frequentist confidence intervals with guaranteed coverage  

• Here we repeat inference thousands of times & check asymptotic statistical theory

r(x; θ) x
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(a) Exact vs. approximated MLEs. (b) p(�2 log⇤(� = 0.05) | � = 0.05)

Figure 2: Using approximated likelihood ratios for parameter inference yields an unbi-

ased maximum likelihood estimator �̂, as empirically estimated from an ensemble of 1000

artificial datasets.

An advantage of this approach compared to Approximate Bayesian Computation (Beau-

mont et al., 2002) is that the classifier and calibration – computationally intensive parts of

the approximation – are independent of the dataset D. Thus once trained and calibrated,

the approximation can be applied to any dataset D. This makes it computationally e�cient

to perform ensemble tests of the method.

Figure 2a shows the empirical distribution of the maximum likelihood estimators (MLEs)

from the approximate likelihood compared to the distribution of the MLEs from the exact

likelihood. It clearly demonstrates that in this case the approximate likelihood yields an

unbiased estimator with essentially the same variance as the exact MLE. In addition to

the MLE, we can study the coverage of a confidence interval based on the likelihood ra-

tio test statistic. This is done by evaluating �2 log ⇤(� = 0.05) for samples drawn from

p(x|� = 0.05). Wilks’s theorem states that the distribution of �2 log ⇤(� = 0.05) should

follow a �2
1 distribution. Figure 2b also confirms this behavior, supporting the applicability

18
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•Accurate likelihood ratio estimates without the need 
for summary statistics improves sensitivity significantly 

• Equivalent to 90% more LHC data!
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Weak boson fusion, h → 4�
� Production vs decay

� hZZ decay vertex:
many angular structures

� Very clean

� Same operators as before:

OB = i
g
2
(Dµ�†

)(Dν�)Bµν OW = i
g
2
(Dµ�)†σ k

(Dν�)Wk
µν

OBB = −
g′2
4
(�†�)Bµν Bµν

OWW = −
g2

4
(�†�)Wk

µν Wµν k

O� ,2 =
1
2
∂µ(�†�) ∂µ(�†�) OWW̃ = −

g2

4
(�†�)Wk

µν W̃ µν k

� Setup as before, except:
� No backgrounds, no smearing
� L ⋅ ε = 100 fb−1
� Cuts: pT , j > 20 GeV, �η j � < 5.0, pT ,� > 10 GeV, �η� � < 2.5

W , Z

W , Z

h

Z

Z

q

q

q′
�−
�+
�−
�+

q′

��/��

True likelihood ratio

(based on a 42-Dim observation x)

Es
tim

at
ed

 li
ke

lih
o

o
d

 ra
tio

J Brehmer, J Pavez, G Louppe, K.C. PRL & PRD 2018 [arXiv:1805.00013 & arXiv:1805.00020], CARL  [arxiv:1506.02169]

http://arxiv.org/abs/1506.02169


I m p a c t  o n  S t u d i e s  o f  T h e  H i g g s  B o s o n

57

-1 -0.5 0 0.5 1
CHW

-3

-2

-1

0

1

2

3

C
(3
)

H
Q

×10−2

C̃
HD

Profiled

L = 300 fb−1

Full Kin.

Full 2D dist.

STXS, stage 1.1

Imp. STXS

Massive gains in precision of a flagship measurement at the LHC ! 

Equivalent increasing data collected by LHC by several factors

[J. Brehmer, S. Dawson, S. Homiller, F. Kling, T. Plehn 1908.06980]

[J. Brehmer, F. Kling, I. Espejo, K. Cranmer  1907.10621]



I m p a c t  o n  S t u d i e s  o f  T h e  H i g g s  B o s o n

57

-1 -0.5 0 0.5 1
CHW

-3

-2

-1

0

1

2

3

C
(3
)

H
Q

×10−2

C̃
HD

Profiled

L = 300 fb−1

Full Kin.

Full 2D dist.

STXS, stage 1.1

Imp. STXS

Massive gains in precision of a flagship measurement at the LHC ! 

Equivalent increasing data collected by LHC by several factors

[J. Brehmer, S. Dawson, S. Homiller, F. Kling, T. Plehn 1908.06980]

[J. Brehmer, F. Kling, I. Espejo, K. Cranmer  1907.10621]



A  c o m m o n  t h e m e ,  a  c o m m o n  l a n g u a g e

58





I n v e r t i b l e  N N s  /  N o r m a l i z i n g  F l o w s

60



61



A  2 0 1 9  r e v i e w

62

The frontier of simulation-based inference
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Many domains of science have developed complex simulations to

describe phenomena of interest. While these simulations provide

high-fidelity models, they are poorly suited for inference and lead to

challenging inverse problems. We review the rapidly developing field

of simulation-based inference and identify the forces giving new mo-

mentum to the field. Finally, we describe how the frontier is expand-

ing so that a broad audience can appreciate the profound change

these developments may have on science.

Statistical inference | Implicit models | Likelihood-free inference | Ap-
proximate Bayesian Computation | Neural density estimation

Mechanistic models can be used to predict how systems
will behave in a variety of circumstances. These run

the gamut of distance scales with notable examples including
particle physics, molecular dynamics, protein folding, popula-
tion genetics, neuroscience, epidemiology, economics, ecology,
climate science, astrophysics, and cosmology (see Fig. 1). The
expressiveness of programming languages facilitates the devel-
opment of complex, high-fidelity simulations and the power
of modern computing provides the ability to generate syn-
thetic data from them. Unfortunately, these simulators are
poorly suited for statistical inference. The source of the chal-
lenge is that the probability density (or likelihood) for a given
observation—an essential ingredient to both frequentist and
Bayesian inference methods—is typically intractable. Such
models are often referred to as implicit models and contrasted
against prescribed models where the likelihood for an obser-
vation can be explicitly calculated (1). The problem setting
of statistical inference under intractable likelihoods has been
dubbed likelihood-free inference—though it is a bit of a mis-
nomer as typically one attempts to estimate the intractable
likelihood, so we feel the term simulation-based inference is
more apt.

The intractability of the likelihood is an obstruction for
scientific progress as statistical inference is a key component
of the scientific method. In areas where this obstruction has
appeared, scientists have developed various ad-hoc or field-
specific methods to overcome it. In particular, two common
traditional approaches rely on scientists to use their insight
into the system to construct powerful summary statistics and
then compare the observed data to the simulated data. In the
first, density estimation methods are used to approximate the
distribution of the summary statistics from samples generated
by the simulator (1). This approach was used for the discovery
of the Higgs boson in a frequentist paradigm and is illustrated
in Fig. 3e). Alternatively, a technique known as Approximate
Bayesian Computation (ABC) (2, 3) compares the observed
and simulated data based on some distance measure involving
the summary statistics. ABC is widely used in population
biology, computational neuroscience, and cosmology and is
depicted in Fig. 3a). Both techniques have served a large and
diverse segment of the scientific community.

Recently, the toolbox of simulation-based inference has

experienced an accelerated expansion. Broadly speaking, three
forces are giving new momentum to the field. First, there has
been a significant cross-pollination between those studying
simulation-based inference and those studying probabilistic
models in machine learning (4), and the impressive growth of
machine learning capabilities enables new approaches. Second,
active learning—the idea of continuously using the acquired
knowledge to guide the simulator—is being recognized as a
key idea to improve the sample e�ciency of various inference
methods. A third direction of research has stopped treating
the simulator as a black box and focused on integrations that
allow the inference engine to tap into the internal details of
the simulator directly.

Amidst this ongoing technological revolution, the landscape
of simulation-based inference is changing rapidly. In this review
we aim to provide the reader with a high-level overview of
the basic ideas behind both old and new inference techniques.
Rather than discussing the algorithms in technical detail, we
focus on the current frontiers of research, and comment on
some ongoing developments that we deem particularly exciting.

We begin by describing simulation-based inference and the
traditional approaches in Sec. 1. In Sec. 2 we discuss three
main directions of technological progress. We then show how
they can be combined in di�erent workflows for simulation-
based inference in Sec. 3. We conclude with a discussion of
the future of simulation-based inference in Sec. 4.

1. Simulation-based inference

A. Simulators. Statistical inference is performed within the
context of a statistical model, and in simulation-based inference
the simulator itself defines the statistical model. For the
purpose of this paper, a simulator is a computer program that
takes as input a vector of parameters ◊, samples a series of
internal states or latent variables zi ≥ pi(zi|◊, z<i), and finally
produces a data vector x ≥ p(x|◊, z) as output. Programs that
involve random samplings and are interpreted as statistical
models are known as probabilistic programs, and simulators
are an example. Within this general formulation, real-life
simulators can vary substantially:

• The parameters ◊ describe the underlying mechanis-
tic model and thus a�ect the transition probabilities
pi(zi|◊, z<i). Typically the mechanistic model is inter-
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Training deep neural density estimators
to identify mechanistic models of neural
dynamics
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Abstract Mechanistic modeling in neuroscience aims to explain observed phenomena in terms
of underlying causes. However, determining which model parameters agree with complex and
stochastic neural data presents a significant challenge. We address this challenge with a machine
learning tool which uses deep neural density estimators—trained using model simulations—to carry
out Bayesian inference and retrieve the full space of parameters compatible with raw data or
selected data features. Our method is scalable in parameters and data features and can rapidly
analyze new data after initial training. We demonstrate the power and flexibility of our approach on
receptive fields, ion channels, and Hodgkin–Huxley models. We also characterize the space of
circuit configurations giving rise to rhythmic activity in the crustacean stomatogastric ganglion, and
use these results to derive hypotheses for underlying compensation mechanisms. Our approach will
help close the gap between data-driven and theory-driven models of neural dynamics.

Introduction
New experimental technologies allow us to observe neurons, networks, brain regions, and entire
systems at unprecedented scale and resolution, but using these data to understand how behav-
ior arises from neural processes remains a challenge. To test our understanding of a phenome-
non, we often take to rebuilding it in the form of a computational model that incorporates the
mechanisms we believe to be at play, based on scientific knowledge, intuition, and hypotheses
about the components of a system and the laws governing their relationships. The goal of such
mechanistic models is to investigate whether a proposed mechanism can explain experimental
data, uncover details that may have been missed, inspire new experiments, and eventually pro-
vide insights into the inner workings of an observed neural or behavioral phenomenon
(Herz et al., 2006; Gerstner et al., 2012; O’Leary et al., 2015; Baker et al., 2018). Examples
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models inaccessible to previous methods. We estimate visual receptive fields using many data fea-
tures, demonstrate rapid inference of ion channel properties from high-throughput voltage-clamp
protocols, and show how Hodgkin–Huxley models are more tightly constrained by increasing num-
bers of data features. Finally, we showcase the power of SNPE by using it to identify the parameters
of a network model which can explain an experimentally observed pyloric rhythm in the stomatogas-
tric ganglion (Prinz et al., 2004)–in contrast to previous approaches, SNPE allows us to search over
the full space of both single-neuron and synaptic parameters, allowing us to study the geometry of
the parameter space, as well as to provide new hypotheses for which compensation mechanisms
might be at play.

Results

Training neural networks to perform Bayesian inference without
likelihood evaluations
SNPE performs Bayesian inference on mechanistic models using only model-simulations, without
requiring likelihood evaluations. It requires three inputs: a model (i.e. computer code to simulate
data from parameters), prior knowledge or constraints on parameters, and data (outputs from the
model or the real system it describes, Figure 1). SNPE runs simulations for a range of parameter val-
ues, and trains an artificial neural network to map any simulation result onto a range of possible
parameters. Importantly, a network trained to maximize log-probability (of parameters given simula-
tion results) will learn to approximate the posterior distribution as given by Bayes rule
(Papamakarios and Murray, 2016) (see Materials and methods for details, Figure 1). After training
on simulated data with known model parameters, SNPE can perform Bayesian inference of unknown
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Figure 1. Goal: algorithmically identify mechanistic models which are consistent with data. Our algorithm (SNPE) takes three inputs: a candidate

mechanistic model, prior knowledge or constraints on model parameters, and data (or summary statistics). SNPE proceeds by (1) sampling parameters

from the prior and simulating synthetic datasets from these parameters, and (2) using a deep density estimation neural network to learn the

(probabilistic) association between data (or data features) and underlying parameters, that is to learn statistical inference from simulated data. (3) This

density estimation network is then applied to empirical data to derive the full space of parameters consistent with the data and the prior, that is, the

posterior distribution. High posterior probability is assigned to parameters which are consistent with both the data and the prior, low probability to

inconsistent parameters. (4) If needed, an initial estimate of the posterior can be used to adaptively guide further simulations to produce data-

consistent results.
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Abstract Mechanistic modeling in neuroscience aims to explain observed phenomena in terms
of underlying causes. However, determining which model parameters agree with complex and
stochastic neural data presents a significant challenge. We address this challenge with a machine
learning tool which uses deep neural density estimators—trained using model simulations—to carry
out Bayesian inference and retrieve the full space of parameters compatible with raw data or
selected data features. Our method is scalable in parameters and data features and can rapidly
analyze new data after initial training. We demonstrate the power and flexibility of our approach on
receptive fields, ion channels, and Hodgkin–Huxley models. We also characterize the space of
circuit configurations giving rise to rhythmic activity in the crustacean stomatogastric ganglion, and
use these results to derive hypotheses for underlying compensation mechanisms. Our approach will
help close the gap between data-driven and theory-driven models of neural dynamics.

Introduction
New experimental technologies allow us to observe neurons, networks, brain regions, and entire
systems at unprecedented scale and resolution, but using these data to understand how behav-
ior arises from neural processes remains a challenge. To test our understanding of a phenome-
non, we often take to rebuilding it in the form of a computational model that incorporates the
mechanisms we believe to be at play, based on scientific knowledge, intuition, and hypotheses
about the components of a system and the laws governing their relationships. The goal of such
mechanistic models is to investigate whether a proposed mechanism can explain experimental
data, uncover details that may have been missed, inspire new experiments, and eventually pro-
vide insights into the inner workings of an observed neural or behavioral phenomenon
(Herz et al., 2006; Gerstner et al., 2012; O’Leary et al., 2015; Baker et al., 2018). Examples
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Figure 15. GW170823.

Real-time gravitational-wave science with neural posterior estimation
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We demonstrate unprecedented accuracy for rapid gravitational-wave parameter estimation with
deep learning. Using neural networks as surrogates for Bayesian posterior distributions, we analyze
eight gravitational-wave events from the first LIGO-Virgo Gravitational-Wave Transient Catalog
and find very close quantitative agreement with standard inference codes, but with inference times
reduced from O(day) to a minute per event. Our networks are trained using simulated data, including
an estimate of the detector-noise characteristics near the event. This encodes the signal and noise
models within millions of neural-network parameters, and enables inference for any observed data
consistent with the training distribution, accounting for noise nonstationarity from event to event.
Our algorithm—called “DINGO”—sets a new standard in fast-and-accurate inference of physical
parameters of detected gravitational-wave events, which should enable real-time data analysis without
sacrificing accuracy.

Introduction.—Since the first detection of a signal from
a pair of merging black holes [1], gravitational waves have
quickly emerged as an important new probe of gravita-
tional theory [2], neutron-star physics [3], cosmology [4],
and black-hole astrophysics [5]. These scientific successes
were made possible by a growing rate of detections by the
LIGO [6] and Virgo [7] observatories, and their subsequent
analysis and characterization as signals from merging com-
pact binary systems. The LIGO and Virgo Collaborations
(LVC) have now published results from over 50 such sys-
tems [8, 9], and this number promises to grow ever-faster
as detectors are made more sensitive in the future [10].

Given a detection, Bayesian inference is used to charac-
terize the originating source [11]. This is based on having
models for the signals and the detector noise. For gravi-
tational waves, signal models take the form of waveform
predictions h(✓) depending on the source parameters ✓

(masses, location, etc.). Waveform models are based on
solutions to Einstein’s equations (and any relevant matter
equations) for the two-body dynamics and gravitational
radiation, using a combination of numerical-relativity
and perturbative calculations [12–14] and phenomenolog-
ical fitting [14–16]. Detector noise is typically modeled
as stationary and Gaussian, with some spectrum which
can be estimated empirically. Together, these “forward”
models give rise to the likelihood p(d|✓) for the observed
strain data d, which is assumed to consist of a signal plus
noise. With the choice of a prior p(✓) over parameters,
the posterior distribution is given via Bayes’ theorem,

p(✓|d) = p(d|✓)p(✓)
p(d)

, (1)

where p(d) is a normalizing factor called the evidence. The
posterior gives our belief about the source parameters,
given the observed data.
The task of inference is to characterize the posterior

by drawing samples from it. This can be accomplished
with stochastic algorithms like Markov chain Monte Carlo
(MCMC). The LVC have developed software tools such
as LALInference [17] and Bilby [18, 19] to carry this out.
However, these algorithms are computationally expensive
as they require many likelihood evaluations for each in-
dependent sample point ✓ ⇠ p(✓|d), and each likelihood
requires a waveform simulation. An analysis producing
⇠ 104 independent samples typically requires millions of
waveform evaluations and a total inference time of hours to
months, depending on the signal duration and waveform
model. More physically-realistic waveform models [20] are
also more costly, so carrying out inference for all events
with the best models is an enormous computational ef-
fort. When rapid results are desired—for alerts to trigger
electromagnetic follow-up of transient phenomena [21],
or when processing large numbers of events—accuracy
usually has to be traded o↵ for speed, by using either fast
models or specialized inference algorithms [22, 23].

In this Letter, we describe an alternative approach to
gravitational-wave inference which delivers both dramati-
cally reduced analysis time and high accuracy, in stark
contrast to the trade-o↵ intrinsic to standard algorithms.
The basic idea is to produce a large number of simulated
data sets (with associated parameters), and use these to
train a type of neural network known as a normalizing flow

to approximate the posterior. The trained network can
then generate new posterior samples extremely quickly
once a detection is made. This bypasses the need to
generate waveforms at inference time, thereby amortizing

the expensive training costs over all future detections.
The general approach of building such “surrogate” inverse
models is called neural posterior estimation (NPE) [24–
26], and is beginning to see application in several scientific
domains [27]. When applied to gravitational waves, with
all of the optimizations we describe, we call the method
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Deep INference for Gravitational-wave Observations, or
DINGO.

NPE and conventional methods both involve the same
inputs: a prior and a likelihood. A key di↵erence, however,
is the way in which the likelihood is used: for conventional
methods, its density is evaluated, whereas for NPE it is
used to simulate data, i.e., d ⇠ p(d|✓). This distinction
is important when dealing with nonstationary or non-
Gaussian detector noise, for which an analytic likelihood
is either expensive or unavailable. In this case, one could
nevertheless simulate data, in a noise-model-independent
way, by injecting simulated signals into real noise. Our
present focus is on speed and on validating DINGO on
stationary-Gaussian noise, but the ultimate aim of more
accurate inference using real noise should be kept in mind.
There have been several previous studies that applied

NPE or related approaches to gravitational waves [28–
35]; see also [36]. However, most of these are limited in
some way: they either restrict the number of parameters
or the distributional form of the posterior, or they do
not analyze real data, or there are clear deviations from
results obtained using standard algorithms. The best
performance to-date was achieved in the study [32] by
some of us. This was the only study to infer all 15
parameters1 of a binary black hole (BBH) system in
real data and demonstrate close agreement to standard
samplers. However, even that study did not achieve full
amortization, as it did not address the fact that detector
noise varies from event to event. Rather, the neural
network of [32] was tuned to the noise power spectral
densities (PSDs) of the detectors at the time of the event
analyzed, and it would require retraining for each new
event.

We now present for the first time completely amortized
inference for BBHs using DINGO. This is achieved by
conditioning the neural network not only on the event
strain data, but also on the detector noise PSD, which
can be estimated using nearby data [17]. We also achieve
unprecedented accuracy thanks to a new iterative algo-
rithm for time-shifting the coalescence times, as well as
various architecture improvements. We use our trained
networks to analyze all events in the first Gravitational-
Wave Transient Catalog (GWTC-1) [8] with component
masses greater than 10 M� (our prior bound) and find
close (sometimes indistinguishable) quantitative agree-
ment with standard algorithms. This Letter sets a new
standard for rapid gravitational-wave inference, which
should enable real-time gravitational-wave science in the
near future. It shows that NPE has moved beyond toy

1 Parameters consist of detector-frame component masses (m1,m2),
time of coalescence at geocenter tc, reference phase �c, sky posi-
tion (↵, �), luminosity distance dL, inclination angle ✓JN , spin
magnitudes (a1, a2), spin angles (✓1, ✓2, �12, �JL) [37], and po-
larization angle  .

noise PSD
Sn

strain data
d

time shifts
⌧I

embedding
network

normal
u

flow f
parameters

✓

d�⌧I

128 dims

GNPE

Figure 1. DINGO flow chart. The posterior distribution is
represented in terms of an invertible normalizing flow (orange),
taking normally-distributed random variables u into posterior
samples ✓. The flow itself depends on a (compressed) repre-
sentation of the noise properties Sn and the data d, as well as
an estimate ⌧I of the coalescence time in each detector I. The
data are time-shifted by ⌧I to simplify the representation. For
inference, the iterative GNPE algorithm is used to provide an
estimate of ⌧I , as described in the main text.

models and is competitive with conventional algorithms.
More broadly, it provides a demonstration of these new
methods in a realistic use case, which we hope will inspire
wider adoption in experimental science.

Method.—The central object of DINGO is the density-
estimation neural network, which defines a conditional
probability distribution q(✓|d). This should be distin-
guished from the posterior p(✓|d), which q(✓|d) learns to
approximate through training. We use so-called normaliz-
ing flows [38–40] to define a su�ciently flexible q(✓|d) via
a d-dependent mapping fd : u 7! ✓ from a simple “base”
distribution ⇡(u),

q(✓|d) = ⇡
�
f
�1
d

� ���det Jf�1
d

��� . (2)

If ⇡(u) can be rapidly evaluated and sampled from, and
if fd is invertible and has simple Jacobian determinant,
then q(✓|d) can also be rapidly evaluated and sampled
from. Following [32], we take ⇡(u) to be multivariate
standard normal, and fd a composition of spline coupling
flows [41], each of which is defined with a neural network.

The overall structure of DINGO is illustrated in Fig. 1.
This contains three key enhancements compared to the
study [32]. First, since the data generation process de-
pends on the detector noise PSD Sn, we include this as
additional context to the neural network, i.e., q(✓|d, Sn).
This allows us to tune the network at inference time to
the PSD estimated just prior to the event, corresponding
to standard “o↵-source” noise estimation [17]. An alter-
native would be to estimate the noise “on-source” [42],
but since we consider only short-duration BBH events
here, the o↵-source approach is su�cient.

The second enhancement addresses the problem of high-
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simulation-based-inference.org



github.com/smsharma/awesome-neural-sbi 

https://github.com/smsharma/awesome-neural-sbi
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A d v a n c i n g  F r e q u e n t i s t  S B I

•Taking a modular approach, revisiting core issues in frequentist inference in SBI context 

• Choice of test statistic for composit tests with nuisance parameters  

• Efficient estimate of critical values  

• Coverage diagnostics, etc.

70

Which test statistic to use?

“Likelihood ratio is not guaranteed to be optimal for simple vs. composite tests.

Are there benefits from considering some other test statistic?”

Waldo (Masserano et al., 2023) uses the following test statistic:

⌧Waldo(D;✓0) = (E[✓|D]� ✓0)
TV[✓|D]�1(E[✓|D]� ✓0)

Benefits:

Many SBI methods already produce E[✓|D] and V[✓|D]

Can take advantage of prior information without losing frequentist validity

[Masserano et al. (2023)]
Mikael Kuusela (CMU) September 12, 2024 15 / 16

Luca Masserano

Ann B. Lee



S B I  f o r  s p a t i a l  s t a t i s t i c s
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SBI for spatial statistics

“Is there a more general notion of SBI?” ! Yes!

In recent years, there has been an explosion of interest in SBI / neural inference /
amortized inference for purely statistical models especially in spatial statistics:

Neural prediction for spatial models (Gerber and Nychka, 2021; Lenzi et al., 2023;
Sainsbury-Dale et al., 2024)

Neural likelihood for spatial models (Walchessen et al., 2024)

Neural prediction with censored observations (Richards et al., 2023)

Neural prediction with irregularly spaced observations (Sainsbury-Dale et al., 2023)

Figure: Neural prediction for satellite sea surface temperature using locally
stationary Gaussian processes (Sainsbury-Dale et al., 2023)
Mikael Kuusela (CMU) September 12, 2024 16 / 16

Mikael Kuusela



Incorporating Domain Knowledge into ML Models



H H

O

The brown
dog jumped. The

brown dog

jumped

(a) (b)

(c) (d)

(e) (f)

Molecule Mass-Spring System

n-body System Rigid Body System

Sentence and Parse Tree Image and Fully-Connected Scene Graph

Figure 2: Di↵erent graph representations. (a) A molecule, in which each atom is represented as a
node and edges correspond to bonds (e.g. Duvenaud et al., 2015). (b) A mass-spring system, in
which the rope is defined by a sequence of masses which are represented as nodes in the graph (e.g.
Battaglia et al., 2016; Chang et al., 2017). (c) A n-body system, in which the bodies are nodes and
the underlying graph is fully connected (e.g. Battaglia et al., 2016; Chang et al., 2017). (d) A rigid
body system, in which the balls and walls are nodes, and the underlying graph defines interactions
between the balls and between the balls and the walls (e.g. Battaglia et al., 2016; Chang et al., 2017).
(e) A sentence, in which the words correspond to leaves in a tree, and the other nodes and edges
could be provided by a parser (e.g. Socher et al., 2013). Alternately, a fully connected graph could
be used (e.g. Vaswani et al., 2017). (f) An image, which can be decomposed into image patches
corresponding to nodes in a fully connected graph (e.g. Santoro et al., 2017; Wang et al., 2018c).

of mass of a solar system comprised of n planets, whose attributes (e.g., mass, position, velocity,
etc.) are denoted by {x1,x2, . . . ,xn}. For such a computation, the order in which we consider the
planets does not matter because the state can be described solely in terms of aggregated, averaged
quantities. However, if we were to use a MLP for this task, having learned the prediction for a
particular input (x1,x2, . . . ,xn) would not necessarily transfer to making a prediction for the same
inputs under a di↵erent ordering (xn,x1, . . . ,x2). Since there are n! such possible permutations, in
the worst case, the MLP could consider each ordering as fundamentally di↵erent, and thus require
an exponential number of input/output training examples to learn an approximating function.
A natural way to handle such combinatorial explosion is to only allow the prediction to depend
on symmetric functions of the inputs’ attributes. This might mean computing shared per-object

8

Insight of data generating process informs 
inductive bias on architecture

Image credit: Battaglia, et. al. arXiv:1806.01261  



Inductive Bias 
Compositionality 

Relationships 
Symmetry 
Causality



Peter Battaglia



Yoshua Bengio on [arXiv:1901.10912] 
and public FB discussion



Conclusion



Human Intelligence  
• Traditional scientific approaches 
• largely guided by expert knowledge  
and theoretical insights 

• hand-crafted 



Artificial Intelligence 
• data-driven & Big Data 
• eschew expert knowledge 
• end-to-end learning



My message: 
The intersection of statistics, machine learning, and the 
physical sciences has real synergy, and the combination 
can lead to many breakthroughs.



Thank you! 

Questions?
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