
Lecture 26: More embodied learning 
+ Ethics in computer vision (part 1)
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Today
• Embodied learning 

• Q-learning 

• Playing games 

• Model-based reinforcement learning 

• Ethics in computer vision (part 1) 

• Detecting fake images
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Environment

State, Reward Actions

Policy

f : st, at ! st+1
<latexit sha1_base64="cVzrAFO5pu1oe9e4TG9gSZHuwOg="></latexit><latexit sha1_base64="cVzrAFO5pu1oe9e4TG9gSZHuwOg="></latexit><latexit sha1_base64="cVzrAFO5pu1oe9e4TG9gSZHuwOg="></latexit><latexit sha1_base64="cVzrAFO5pu1oe9e4TG9gSZHuwOg="></latexit>

⇡ : st ! at
<latexit sha1_base64="YwFbu16GhfxhFeey5kJ/ARdgZj0="></latexit><latexit sha1_base64="YwFbu16GhfxhFeey5kJ/ARdgZj0="></latexit><latexit sha1_base64="YwFbu16GhfxhFeey5kJ/ARdgZj0="></latexit><latexit sha1_base64="YwFbu16GhfxhFeey5kJ/ARdgZj0="></latexit>

at
<latexit sha1_base64="NQAhVtplzwkTwTT0Azg+C5IIeDM="></latexit><latexit sha1_base64="NQAhVtplzwkTwTT0Azg+C5IIeDM="></latexit><latexit sha1_base64="NQAhVtplzwkTwTT0Azg+C5IIeDM="></latexit><latexit sha1_base64="NQAhVtplzwkTwTT0Azg+C5IIeDM="></latexit>

Reinforcement learning

st+1, rt
<latexit sha1_base64="L/L/zDvfmrzOUaMpB9+Lr8pe+uE="></latexit><latexit sha1_base64="L/L/zDvfmrzOUaMpB9+Lr8pe+uE="></latexit><latexit sha1_base64="L/L/zDvfmrzOUaMpB9+Lr8pe+uE="></latexit><latexit sha1_base64="L/L/zDvfmrzOUaMpB9+Lr8pe+uE="></latexit>

Recall: Reinforcement learning

3 Source: Isola, Torralba, Freeman



state: pixels!

Recall: Reinforcement learning

0

1

⇡
<latexit sha1_base64="b+7D2YYIZMGL3ONoGDtlwP5RYhc="></latexit><latexit sha1_base64="b+7D2YYIZMGL3ONoGDtlwP5RYhc="></latexit><latexit sha1_base64="b+7D2YYIZMGL3ONoGDtlwP5RYhc="></latexit><latexit sha1_base64="b+7D2YYIZMGL3ONoGDtlwP5RYhc="></latexit>

policy: action classifier

4 Source: Isola, Torralba, Freeman



Environment

State, Reward Actions

Policy

f : st, at ! st+1
<latexit sha1_base64="cVzrAFO5pu1oe9e4TG9gSZHuwOg="></latexit><latexit sha1_base64="cVzrAFO5pu1oe9e4TG9gSZHuwOg="></latexit><latexit sha1_base64="cVzrAFO5pu1oe9e4TG9gSZHuwOg="></latexit><latexit sha1_base64="cVzrAFO5pu1oe9e4TG9gSZHuwOg="></latexit>

⇡ : st ! at
<latexit sha1_base64="YwFbu16GhfxhFeey5kJ/ARdgZj0="></latexit><latexit sha1_base64="YwFbu16GhfxhFeey5kJ/ARdgZj0="></latexit><latexit sha1_base64="YwFbu16GhfxhFeey5kJ/ARdgZj0="></latexit><latexit sha1_base64="YwFbu16GhfxhFeey5kJ/ARdgZj0="></latexit>

at
<latexit sha1_base64="NQAhVtplzwkTwTT0Azg+C5IIeDM="></latexit><latexit sha1_base64="NQAhVtplzwkTwTT0Azg+C5IIeDM="></latexit><latexit sha1_base64="NQAhVtplzwkTwTT0Azg+C5IIeDM="></latexit><latexit sha1_base64="NQAhVtplzwkTwTT0Azg+C5IIeDM="></latexit>

Reinforcement learning

st+1, rt
<latexit sha1_base64="L/L/zDvfmrzOUaMpB9+Lr8pe+uE="></latexit><latexit sha1_base64="L/L/zDvfmrzOUaMpB9+Lr8pe+uE="></latexit><latexit sha1_base64="L/L/zDvfmrzOUaMpB9+Lr8pe+uE="></latexit><latexit sha1_base64="L/L/zDvfmrzOUaMpB9+Lr8pe+uE="></latexit>

Reinforcement learning

⌧ = (s0, a0, r0, s1, a1, r1, . . .)
<latexit sha1_base64="CK894278evGNgLGd5r7On95cyrM="></latexit><latexit sha1_base64="CK894278evGNgLGd5r7On95cyrM="></latexit><latexit sha1_base64="CK894278evGNgLGd5r7On95cyrM="></latexit><latexit sha1_base64="CK894278evGNgLGd5r7On95cyrM="></latexit>

A sample from the MPD is called a Trajectory
( <latexit sha1_base64="sFfNTbPIe6s3f51A4ASgM8gsWSo="></latexit><latexit sha1_base64="sFfNTbPIe6s3f51A4ASgM8gsWSo="></latexit><latexit sha1_base64="sFfNTbPIe6s3f51A4ASgM8gsWSo="></latexit><latexit sha1_base64="sFfNTbPIe6s3f51A4ASgM8gsWSo="></latexit>

Markov decision process (MDP)

Learned

r
<latexit sha1_base64="CTWMc3QERBZoe7wjS4DVWiXmgZU="></latexit><latexit sha1_base64="CTWMc3QERBZoe7wjS4DVWiXmgZU="></latexit><latexit sha1_base64="CTWMc3QERBZoe7wjS4DVWiXmgZU="></latexit><latexit sha1_base64="CTWMc3QERBZoe7wjS4DVWiXmgZU="></latexit>

Action

State

time

a
<latexit sha1_base64="LM2IFaOCLgSCI8OLbYHwaZcL0AY="></latexit><latexit sha1_base64="LM2IFaOCLgSCI8OLbYHwaZcL0AY="></latexit><latexit sha1_base64="LM2IFaOCLgSCI8OLbYHwaZcL0AY="></latexit><latexit sha1_base64="LM2IFaOCLgSCI8OLbYHwaZcL0AY="></latexit>

s
<latexit sha1_base64="HZaHNdXgJAm9dVX1ZU1FJBvWQ7k="></latexit><latexit sha1_base64="HZaHNdXgJAm9dVX1ZU1FJBvWQ7k="></latexit><latexit sha1_base64="HZaHNdXgJAm9dVX1ZU1FJBvWQ7k="></latexit><latexit sha1_base64="HZaHNdXgJAm9dVX1ZU1FJBvWQ7k="></latexit>

Reward

5 Source: Isola, Torralba, Freeman



⌧ = (s0, a0, r0, s1, a1, r1, . . .)
<latexit sha1_base64="CK894278evGNgLGd5r7On95cyrM="></latexit><latexit sha1_base64="CK894278evGNgLGd5r7On95cyrM="></latexit><latexit sha1_base64="CK894278evGNgLGd5r7On95cyrM="></latexit><latexit sha1_base64="CK894278evGNgLGd5r7On95cyrM="></latexit>

Trajectory

R(⌧) =
1X

t=0

�trt, � 2 (0, 1)
<latexit sha1_base64="nG+oD4OTE2hfizJutlL4MxYZK3U="></latexit><latexit sha1_base64="nG+oD4OTE2hfizJutlL4MxYZK3U="></latexit><latexit sha1_base64="nG+oD4OTE2hfizJutlL4MxYZK3U="></latexit><latexit sha1_base64="nG+oD4OTE2hfizJutlL4MxYZK3U="></latexit>

Discounted ReturnsEnvironment

State, Reward Actions

Policy

f : st, at ! st+1
<latexit sha1_base64="cVzrAFO5pu1oe9e4TG9gSZHuwOg="></latexit><latexit sha1_base64="cVzrAFO5pu1oe9e4TG9gSZHuwOg="></latexit><latexit sha1_base64="cVzrAFO5pu1oe9e4TG9gSZHuwOg="></latexit><latexit sha1_base64="cVzrAFO5pu1oe9e4TG9gSZHuwOg="></latexit>

⇡ : st ! at
<latexit sha1_base64="YwFbu16GhfxhFeey5kJ/ARdgZj0="></latexit><latexit sha1_base64="YwFbu16GhfxhFeey5kJ/ARdgZj0="></latexit><latexit sha1_base64="YwFbu16GhfxhFeey5kJ/ARdgZj0="></latexit><latexit sha1_base64="YwFbu16GhfxhFeey5kJ/ARdgZj0="></latexit>

at
<latexit sha1_base64="NQAhVtplzwkTwTT0Azg+C5IIeDM="></latexit><latexit sha1_base64="NQAhVtplzwkTwTT0Azg+C5IIeDM="></latexit><latexit sha1_base64="NQAhVtplzwkTwTT0Azg+C5IIeDM="></latexit><latexit sha1_base64="NQAhVtplzwkTwTT0Azg+C5IIeDM="></latexit>

Reinforcement learning

st+1, rt
<latexit sha1_base64="L/L/zDvfmrzOUaMpB9+Lr8pe+uE="></latexit><latexit sha1_base64="L/L/zDvfmrzOUaMpB9+Lr8pe+uE="></latexit><latexit sha1_base64="L/L/zDvfmrzOUaMpB9+Lr8pe+uE="></latexit><latexit sha1_base64="L/L/zDvfmrzOUaMpB9+Lr8pe+uE="></latexit>

Learn a policy that takes actions that maximize expected reward

⇡⇤ = argmax
⇡

E⌧⇠⇡[R(⌧)]
<latexit sha1_base64="BEfKVX9hcbT6UeJSXEbf1hjqi44="></latexit><latexit sha1_base64="BEfKVX9hcbT6UeJSXEbf1hjqi44="></latexit><latexit sha1_base64="BEfKVX9hcbT6UeJSXEbf1hjqi44="></latexit><latexit sha1_base64="BEfKVX9hcbT6UeJSXEbf1hjqi44="></latexit>

6 Source: Isola, Torralba, Freeman

Recall: Reinforcement learning



Policy output

Eventual return

0

Up
Down

⇡
<latexit sha1_base64="b+7D2YYIZMGL3ONoGDtlwP5RYhc="></latexit><latexit sha1_base64="b+7D2YYIZMGL3ONoGDtlwP5RYhc="></latexit><latexit sha1_base64="b+7D2YYIZMGL3ONoGDtlwP5RYhc="></latexit><latexit sha1_base64="b+7D2YYIZMGL3ONoGDtlwP5RYhc="></latexit>

1

Action

Up

+10 points

0 points

+10 points

+100 points

+10 points…

+10 points

⇡(a|s)
<latexit sha1_base64="hjtErbE9+56QVXDPTd/0Aqqo8NQ=">AAAB8XicbVDLSgNBEOyNrxhfUY9eBoMQL2FXBT0GvXiMYB6YLGF20psMmZ1dZmaFEPMXXjwo4tW/8ebfOEn2oIkFDUVVN91dQSK4Nq777eRWVtfWN/Kbha3tnd294v5BQ8epYlhnsYhVK6AaBZdYN9wIbCUKaRQIbAbDm6nffESleSzvzShBP6J9yUPOqLHSQyfhZUqeiD7tFktuxZ2BLBMvIyXIUOsWvzq9mKURSsME1brtuYnxx1QZzgROCp1UY0LZkPaxbamkEWp/PLt4Qk6s0iNhrGxJQ2bq74kxjbQeRYHtjKgZ6EVvKv7ntVMTXvljLpPUoGTzRWEqiInJ9H3S4wqZESNLKFPc3krYgCrKjA2pYEPwFl9eJo2zindece8uStXrLI48HMExlMGDS6jCLdSgDgwkPMMrvDnaeXHenY95a87JZg7hD5zPHzoYj/Y=</latexit>

= probability of choosing action a given state s

s
<latexit sha1_base64="yh8e33X1my5VI66YZ7L71WJtdK4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzU0P1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03MX5GleFM4LTUSzUmlI3pELuWShqh9rP5oVNyZpUBCWNlSxoyV39PZDTSehIFtjOiZqSXvZn4n9dNTXjjZ1wmqUHJFovCVBATk9nXZMAVMiMmllCmuL2VsBFVlBmbTcmG4C2/vEpaF1Xvsuo2riq12zyOIpzAKZyDB9dQg3uoQxMYIDzDK7w5j86L8+58LFoLTj5zDH/gfP4A30+M+Q==</latexit>

7 Source: Isola, Torralba, Freeman



Policy output

Eventual return

0

Up
Down

⇡
<latexit sha1_base64="b+7D2YYIZMGL3ONoGDtlwP5RYhc="></latexit><latexit sha1_base64="b+7D2YYIZMGL3ONoGDtlwP5RYhc="></latexit><latexit sha1_base64="b+7D2YYIZMGL3ONoGDtlwP5RYhc="></latexit><latexit sha1_base64="b+7D2YYIZMGL3ONoGDtlwP5RYhc="></latexit>

1

Action

Down

0 points

0 points

+10 points

0 points

0 points…

+10 points

s
<latexit sha1_base64="yh8e33X1my5VI66YZ7L71WJtdK4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzU0P1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03MX5GleFM4LTUSzUmlI3pELuWShqh9rP5oVNyZpUBCWNlSxoyV39PZDTSehIFtjOiZqSXvZn4n9dNTXjjZ1wmqUHJFovCVBATk9nXZMAVMiMmllCmuL2VsBFVlBmbTcmG4C2/vEpaF1Xvsuo2riq12zyOIpzAKZyDB9dQg3uoQxMYIDzDK7w5j86L8+58LFoLTj5zDH/gfP4A30+M+Q==</latexit>

⇡(a|s)
<latexit sha1_base64="hjtErbE9+56QVXDPTd/0Aqqo8NQ=">AAAB8XicbVDLSgNBEOyNrxhfUY9eBoMQL2FXBT0GvXiMYB6YLGF20psMmZ1dZmaFEPMXXjwo4tW/8ebfOEn2oIkFDUVVN91dQSK4Nq777eRWVtfWN/Kbha3tnd294v5BQ8epYlhnsYhVK6AaBZdYN9wIbCUKaRQIbAbDm6nffESleSzvzShBP6J9yUPOqLHSQyfhZUqeiD7tFktuxZ2BLBMvIyXIUOsWvzq9mKURSsME1brtuYnxx1QZzgROCp1UY0LZkPaxbamkEWp/PLt4Qk6s0iNhrGxJQ2bq74kxjbQeRYHtjKgZ6EVvKv7ntVMTXvljLpPUoGTzRWEqiInJ9H3S4wqZESNLKFPc3krYgCrKjA2pYEPwFl9eJo2zindece8uStXrLI48HMExlMGDS6jCLdSgDgwkPMMrvDnaeXHenY95a87JZg7hD5zPHzoYj/Y=</latexit>

= probability of choosing action a given state s

8 Source: Isola, Torralba, Freeman



x
<latexit sha1_base64="qs7zOlksqv4NNZKed59cy1KO4ZM="></latexit><latexit sha1_base64="qs7zOlksqv4NNZKed59cy1KO4ZM="></latexit><latexit sha1_base64="qs7zOlksqv4NNZKed59cy1KO4ZM="></latexit><latexit sha1_base64="qs7zOlksqv4NNZKed59cy1KO4ZM="></latexit>

⇡
<latexit sha1_base64="b+7D2YYIZMGL3ONoGDtlwP5RYhc="></latexit><latexit sha1_base64="b+7D2YYIZMGL3ONoGDtlwP5RYhc="></latexit><latexit sha1_base64="b+7D2YYIZMGL3ONoGDtlwP5RYhc="></latexit><latexit sha1_base64="b+7D2YYIZMGL3ONoGDtlwP5RYhc="></latexit>

0

Up
Down

+10

Policy output

0

Up
Down

1

Action conditional 
expected return

�
<latexit sha1_base64="efCHYzZUrrW5FJbsCkY/M8lzlGQ=">AAACP3icfZDPSgMxEMaz/rf+rR69LFZBRMquCHos6sGLqGCt0C0ym05rMJssyaxYlj6DV30cH8Mn8CZevZnWClrFgcCPb74kM1+cSmEpCJ69kdGx8YnJqenCzOzc/MJicenC6sxwrHIttbmMwaIUCqskSOJlahCSWGItvjno9Wu3aKzQ6pw6KTYSaCvREhzISdVINzVdLZaCctAv/zeEAyixQZ1eFb21qKl5lqAiLsHaehik1MjBkOASu4Uos5gCv4E21h0qSNA28v60XX/dKU2/pY07ivy++v1GDom1nSR2zgTo2g73euJfvXpGrb1GLlSaESr++VErkz5pv7e63xQGOcmOA+BGuFl9fg0GOLmACoXoEN0yBo/dwycpGiBtNvMITDuBu65brh1t9eg/o1BfRkcu13A4xd9wsV0Og3J4tlOq7A8SnmIrbJVtsJDtsgo7YqesyjgT7J49sEfvyXvxXr23T+uIN7izzH6U9/4BJ7WvgQ==</latexit><latexit sha1_base64="efCHYzZUrrW5FJbsCkY/M8lzlGQ=">AAACP3icfZDPSgMxEMaz/rf+rR69LFZBRMquCHos6sGLqGCt0C0ym05rMJssyaxYlj6DV30cH8Mn8CZevZnWClrFgcCPb74kM1+cSmEpCJ69kdGx8YnJqenCzOzc/MJicenC6sxwrHIttbmMwaIUCqskSOJlahCSWGItvjno9Wu3aKzQ6pw6KTYSaCvREhzISdVINzVdLZaCctAv/zeEAyixQZ1eFb21qKl5lqAiLsHaehik1MjBkOASu4Uos5gCv4E21h0qSNA28v60XX/dKU2/pY07ivy++v1GDom1nSR2zgTo2g73euJfvXpGrb1GLlSaESr++VErkz5pv7e63xQGOcmOA+BGuFl9fg0GOLmACoXoEN0yBo/dwycpGiBtNvMITDuBu65brh1t9eg/o1BfRkcu13A4xd9wsV0Og3J4tlOq7A8SnmIrbJVtsJDtsgo7YqesyjgT7J49sEfvyXvxXr23T+uIN7izzH6U9/4BJ7WvgQ==</latexit><latexit sha1_base64="efCHYzZUrrW5FJbsCkY/M8lzlGQ=">AAACP3icfZDPSgMxEMaz/rf+rR69LFZBRMquCHos6sGLqGCt0C0ym05rMJssyaxYlj6DV30cH8Mn8CZevZnWClrFgcCPb74kM1+cSmEpCJ69kdGx8YnJqenCzOzc/MJicenC6sxwrHIttbmMwaIUCqskSOJlahCSWGItvjno9Wu3aKzQ6pw6KTYSaCvREhzISdVINzVdLZaCctAv/zeEAyixQZ1eFb21qKl5lqAiLsHaehik1MjBkOASu4Uos5gCv4E21h0qSNA28v60XX/dKU2/pY07ivy++v1GDom1nSR2zgTo2g73euJfvXpGrb1GLlSaESr++VErkz5pv7e63xQGOcmOA+BGuFl9fg0GOLmACoXoEN0yBo/dwycpGiBtNvMITDuBu65brh1t9eg/o1BfRkcu13A4xd9wsV0Og3J4tlOq7A8SnmIrbJVtsJDtsgo7YqesyjgT7J49sEfvyXvxXr23T+uIN7izzH6U9/4BJ7WvgQ==</latexit><latexit sha1_base64="efCHYzZUrrW5FJbsCkY/M8lzlGQ=">AAACP3icfZDPSgMxEMaz/rf+rR69LFZBRMquCHos6sGLqGCt0C0ym05rMJssyaxYlj6DV30cH8Mn8CZevZnWClrFgcCPb74kM1+cSmEpCJ69kdGx8YnJqenCzOzc/MJicenC6sxwrHIttbmMwaIUCqskSOJlahCSWGItvjno9Wu3aKzQ6pw6KTYSaCvREhzISdVINzVdLZaCctAv/zeEAyixQZ1eFb21qKl5lqAiLsHaehik1MjBkOASu4Uos5gCv4E21h0qSNA28v60XX/dKU2/pY07ivy++v1GDom1nSR2zgTo2g73euJfvXpGrb1GLlSaESr++VErkz5pv7e63xQGOcmOA+BGuFl9fg0GOLmACoXoEN0yBo/dwycpGiBtNvMITDuBu65brh1t9eg/o1BfRkcu13A4xd9wsV0Og3J4tlOq7A8SnmIrbJVtsJDtsgo7YqesyjgT7J49sEfvyXvxXr23T+uIN7izzH6U9/4BJ7WvgQ==</latexit> ⌃

<latexit sha1_base64="LqCPLm5Ip2rYaBGfWDCdjuPohYI="></latexit><latexit sha1_base64="LqCPLm5Ip2rYaBGfWDCdjuPohYI="></latexit><latexit sha1_base64="LqCPLm5Ip2rYaBGfWDCdjuPohYI="></latexit><latexit sha1_base64="LqCPLm5Ip2rYaBGfWDCdjuPohYI="></latexit>

+6

Expected 
return

Estimate gradient using REINFORCE

and do gradient descent on policyr✓E⌧⇠⇡✓ [R(⌧)] = E⌧⇠⇡✓ [R(⌧)r✓ log ⇡✓]

<latexit sha1_base64="+mGxt+ShlOyoqb5rGxpPMjoEXXs="></latexit><latexit sha1_base64="+mGxt+ShlOyoqb5rGxpPMjoEXXs="></latexit><latexit sha1_base64="+mGxt+ShlOyoqb5rGxpPMjoEXXs="></latexit><latexit sha1_base64="+mGxt+ShlOyoqb5rGxpPMjoEXXs="></latexit>

Approximated via sampling 

9 Source: Isola, Torralba, Freeman

Recall: Policy gradient



10

How good is a state?

V ⇡(s) = E

2

4
X

t�0

�trt | s0 = s,⇡

3

5

<latexit sha1_base64="J8e31U5C8jONFb2GBp9NPAv0xIU="></latexit>

Value function: expected future reward from starting in s.

V ⇡(s) = E

2

4
X

t�0

�trt | s0 = s,⇡

3

5

<latexit sha1_base64="J8e31U5C8jONFb2GBp9NPAv0xIU="></latexit>

( ) V ⇡(s) = E

2

4
X

t�0

�trt | s0 = s,⇡

3

5

<latexit sha1_base64="J8e31U5C8jONFb2GBp9NPAv0xIU="></latexit>

( )vs.

• One advantage is credit assignment. We know which state/action was useful. 
• Often more sample efficient, and updates have less variance.



11

How good is a state-action pair?
• Could we learn the value function and use it to choose actions? 

- Doesn’t quite work. You’d also need to know the dynamics, i.e. 
what state you’d end up with if you took each action. 

• Instead, learn action-value function (or Q function).

Adapted from R. Grosse and J. Ba

Q(s, a) = E

2

4
X

t�0

Rt | s0 = s, at = a

3

5

<latexit sha1_base64="wGhZLe/US/EtttE1qX3+jnBY4aQ="></latexit>

argmax
a

Q(s, a)
<latexit sha1_base64="5nLBsimIqyohOU0ECQAPoHSdYUI=">AAACFHicbVDLSiNBFK32bXxFXbopDIKihG4VdCnOxqUBo0ISwu3KTSysrmqqbg8TmvYf3PgrbmahiNtZzM6/sfJY+DpQcDjnPuqeOFXSURi+BROTU9Mzs3PzpYXFpeWV8urapTOZFVgXRhl7HYNDJTXWSZLC69QiJLHCq/j218C/+o3WSaMvqJ9iK4Gell0pgLzULu82M93xPlIORd40KVogYzUkmIPtJfCnKO5q226Pw067XAmr4RD8O4nGpMLGOG+X/zc7RmQJahIKnGtEYUotP5ekUFiUmpnDFMQt9LDh6WCpa+XDowq+5ZUO7xrrnyY+VD925JA4109iX5kA3biv3kD8yWtk1D1u5VKnGaEWo0XdTHEyfJAQ70iLglTfExBW+r9ycQMWBPmcSj6E6OvJ38nlfjU6qIa1w8rJ6TiOObbBNtk2i9gRO2Fn7JzVmWD37JE9sefgIfgbvASvo9KJYNyzzj4h+PcOWEGfkw==</latexit>

• Optimal action for a state:
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Finding a good Q function

• Good Q function should satisfy a recurrence relation called the 
Optimal Bellman Equation:

Q⇤(s, a) = r(s, a) + �Ep(s0|s,a)

h
max
a0

Q⇤(st+1, a
0) | st = s, at = a

i

<latexit sha1_base64="RvFSdkma1AK6/8pj5gvkUGeopEA="></latexit>

Quality of state/action pair What if I take the very best next action?Where will I end up?
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Finding a good Q function

• Measuring the Bellman error for Q:

r(st, at) + �max
a

Q(st+1, a)�Q(st, at)
<latexit sha1_base64="FoZyBmFBoyhlnKYy4sk58YBG1wo=">AAACJ3icbVDLSgMxFM34rPVVdekmWASlWmZU0JUU3bhUsFpoy3AnTWtoMjMkd8QyzN+48VfcCCqiS//EtI7g60DgcM653NwTxFIYdN03Z2x8YnJqujBTnJ2bX1gsLS1fmCjRjNdZJCPdCMBwKUJeR4GSN2LNQQWSXwb946F/ec21EVF4joOYtxX0QtEVDNBKfulQbxgftyj4uEkrtNUDpYC2FNz4KWQ0Pcusn2LFy2xmk27nyteEXyq7VXcE+pd4OSmTHKd+6bHViViieIhMgjFNz42xnYJGwSTPiq3E8BhYH3q8aWkIipt2Orozo+tW6dBupO0LkY7U7xMpKGMGKrBJBXhlfntD8T+vmWD3oJ2KME6Qh+xzUTeRFCM6LI12hOYM5cASYFrYv1J2BRoY2mqLtgTv98l/ycVO1dutumd75dpRXkeBrJI1skE8sk9q5ISckjph5Jbckyfy7Nw5D86L8/oZHXPymRXyA877B9iwotQ=</latexit>

• Approximate Q with a neural net Q(s, a; θ). For each episode i: 

1. Do the policy induced by Q and get a trajectory:  
 

2. Update the parameters using backprop, minimizing approximation error: 

⌧ = (s0, a0, r0, s1, a1, r1, . . .)
<latexit sha1_base64="CK894278evGNgLGd5r7On95cyrM="></latexit><latexit sha1_base64="CK894278evGNgLGd5r7On95cyrM="></latexit><latexit sha1_base64="CK894278evGNgLGd5r7On95cyrM="></latexit><latexit sha1_base64="CK894278evGNgLGd5r7On95cyrM="></latexit>

ti = r(st, at) + �max
a

Q(st+1, a; ✓i�1)

L(✓i) = (ti �Q(st, at; ✓i))
2

<latexit sha1_base64="1tFPhglQkEOmMRUqSuzBCg4awy8="></latexit>
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Playing Atari games

Input: 
4 last frames: 
84 x 84 x 4

Output: 
Q(s, a) for each action a

5-layer CNN 
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Playing Atari games



Model-based control
• Learn the dynamics of the environment: p(st+1 | st, at)

<latexit sha1_base64="l2zEOaxth456ZRh7Z84YwfN5TnA=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IRKkpJVNBj0YvHCvYD2hA22227uNmE3YlQYot/xYsHRbz6O7z5b9y2OWjrg4HHezPMzAtiwTU4zreVW1hcWl7JrxbW1jc2t+ztnbqOEkVZjUYiUs2AaCa4ZDXgIFgzVoyEgWCN4P567DcemNI8kncwiJkXkp7kXU4JGMm39+KS9lM4doejx5H24QQTH458u+iUnQnwPHEzUkQZqr791e5ENAmZBCqI1i3XicFLiQJOBRsW2olmMaH3pMdahkoSMu2lk/OH+NAoHdyNlCkJeKL+nkhJqPUgDExnSKCvZ72x+J/XSqB76aVcxgkwSaeLuonAEOFxFrjDFaMgBoYQqri5FdM+UYSCSaxgQnBnX54n9dOye1Z2bs+LlassjjzaRweohFx0gSroBlVRDVGUomf0it6sJ+vFerc+pq05K5vZRX9gff4AYBmVGA==</latexit>

• You can learn that through exploration, without an explicit reward. 
• If states = images, we want to predict the future after you do an action



Model-based control
• Learn the dynamics of the environment: p(st+1 | st, at)

<latexit sha1_base64="l2zEOaxth456ZRh7Z84YwfN5TnA=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IRKkpJVNBj0YvHCvYD2hA22227uNmE3YlQYot/xYsHRbz6O7z5b9y2OWjrg4HHezPMzAtiwTU4zreVW1hcWl7JrxbW1jc2t+ztnbqOEkVZjUYiUs2AaCa4ZDXgIFgzVoyEgWCN4P567DcemNI8kncwiJkXkp7kXU4JGMm39+KS9lM4doejx5H24QQTH458u+iUnQnwPHEzUkQZqr791e5ENAmZBCqI1i3XicFLiQJOBRsW2olmMaH3pMdahkoSMu2lk/OH+NAoHdyNlCkJeKL+nkhJqPUgDExnSKCvZ72x+J/XSqB76aVcxgkwSaeLuonAEOFxFrjDFaMgBoYQqri5FdM+UYSCSaxgQnBnX54n9dOye1Z2bs+LlassjjzaRweohFx0gSroBlVRDVGUomf0it6sJ+vFerc+pq05K5vZRX9gff4AYBmVGA==</latexit>

Pushing task

Video prediction
From [Ebert et al., "Self-Supervised Visual Planning with Temporal Skip Connections" 2017]

• You can learn that through exploration, without an explicit reward. 
• If states = images, we want to predict the future after you do an action
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Image forensics
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Image manipulation

From Forrest Gump, 1994
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Malicious image manipulation



Malicious image manipulation



Malicious image manipulation



FBI affidavit on college admissions scandal

Malicious image manipulation



Malicious image manipulation



Malicious image manipulation



Image forensics: detecting fake images

Hany Farid



“Fake”

Hard to use supervised learning!
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Fake photo

Real photo

[Johnson and Farid, 2005] Source: S. Lazebnik

Strategy #1: use hard-to-fake physical cues



Strategy #1: use hard-to-fake physical cues

[Johnson and Farid, 2007]



Strategy #2: subtle signals in imaging pipeline

[Agarwal and Farid, 2017]

• Cameras compress images differently.  
• During quantization, some do round(), others do floor() or ceil() 
• Use knowledge of cameras to detect quantization type 
• If a photo seems to have both kinds of quantization, it’s probably a 

composite from   different cameras!



Strategy #3: learned anomaly detection

• Instead of hand-crafting cues, can we learn to detect “anomalous” 
images, and flag suspicious images?

[Huh, Liu et al., “Image Splice Detection via Learned Self-Consistency”, 2018]







Inconsistent

Consistent



CameraMake: Apple 
CameraModel: iPhone 4s 
ColorSpace: sRGB 
ExifImageLength: 2448 
ExifImageWidth: 3264 
Flash: Flash did not fire 
FocalLength: 107/2 
WhiteBalance: Auto 
ExposureTime: 1/2208 

CameraMake: Apple 
CameraModel: iPhone 4s 
ColorSpace: sRGB 
ExifImageLength: 2448 
ExifImageWidth: 3264 
Flash: Flash did not fire 
FocalLength: 107/2 
WhiteBalance: Auto 
ExposureTime: 1/2208 

CameraMake: Apple 
CameraModel: iPhone 4s 
ColorSpace: sRGB 
ExifImageLength: 2448 
ExifImageWidth: 3264 
Flash: Flash did not fire 
FocalLength: 107/2 
WhiteBalance: Auto 
ExposureTime: 1/2208 

 

CameraMake: NIKON CORPORATION 
CameraModel: NIKON D90 
ColorSpace: sRGB 
ExifImageLength: 2848 
ExifImageWidth: 4288 
Flash: Flash did not fire 
FocalLength: 18/796 
WhiteBalance: Auto 
ExposureTime: 1/30 

CameraMake: NIKON CORPORATION 
CameraModel: NIKON D90 
ColorSpace: sRGB 
ExifImageLength: 2848 
ExifImageWidth: 4288 
Flash: Flash did not fire 
FocalLength: 18/796 
WhiteBalance: Auto 
ExposureTime: 1/30 

CameraMake: NIKON CORPORATION 
CameraModel: NIKON D90 
ColorSpace: sRGB 
ExifImageLength: 2848 
ExifImageWidth: 4288 
Flash: Flash did not fire 
FocalLength: 18/796 
WhiteBalance: Auto 
ExposureTime: 1/30 

Predicting metadata consistency

Different

Same camera model? 

…

…



Photo source:  
reddit.com/user/jjrosado 

http://reddit.com/user/jjrosado


Affinity matrix

Patch i

Pa
tc

h 
j

Photo source:  
reddit.com/user/jjrosado 

http://reddit.com/user/jjrosado


Input

Photo source: TheOnion.com

http://TheOnion.com


Prediction Ground truth

Photo source: TheOnion.com

http://TheOnion.com


Input

Photo source: TheOnion.com

http://TheOnion.com


Prediction Ground truth

Photo source: TheOnion.com

http://TheOnion.com


Input
(Hays & Efros 2009)



Prediction Ground truth



Strategy #4: supervised learning

• Malicious image editors often use the same tools, e.g. Photoshop 
• Can we “overfit” to these tools and detect them well?

[Wang et al., “Image Splice Detection via Learned Self-Consistency”, 2018]







Photoshop Face-Aware Liquify tutorial. Source: https://youtu.be/5Qqv_C6iVvQ?t=86  

def make_random_fakes(): 
    detect and crop face; 
    open Photoshop; 
    open Face-Aware Liquify; 
    move mouth keypoint 1; 
    … 
    save(warped image);

Make random fakes by scripting Photoshop.

https://youtu.be/5Qqv_C6iVvQ?t=86


Manipulated Photo



Suggested “undo”PredictionManipulatedWarp Prediction



Suggested “undo”PredictionManipulatedSuggested “Undo”



Original Photo



Suggested “undo”PredictionManipulatedSuggested “Undo”



Manipulated Photo



New challenges on the horizon

“Deepfakes”



New challenges on the horizon

• Any internet troll can make a fake video! 

• They don’t look that convincing yet, but of course quickly improving! 

• Supervised learning methods can detect “known”deepfake algorithms 

• But what about methods we’ve never seen before? 

• Getting harder to tell what’s real vs. fake



What’s real and what’s fake?

[“The suspicious video that helped spark an attempted coup in Gabon” Washington Post. 2020]
https://www.youtube.com/watch?v=F5vzKs4z1dc

https://www.youtube.com/watch?v=F5vzKs4z1dc


What’s real and what’s fake?

[“The suspicious video that helped spark an attempted coup in Gabon” Washington Post. 2020]



What’s real and what’s fake?

[“The suspicious video that helped spark an attempted coup in Gabon” Washington Post. 2020]



Next class: ethics in computer vision (part 2)
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