
Reinforcement learning in robotics
Karel Zimmermann

Center for Machine Perception

https://cmp.felk.cvut.cz

Department for Cybernetics

Faculty of Electrical Engineering


Czech Technical University in Prague

Vision for Robotics and Autonomous Systems

https://cyber.felk.cvut.cz/vras/

http://cmp.felk.cvut.cz/~zimmerk/

https://cmp.felk.cvut.cz
https://cyber.felk.cvut.cz/vras/
http://cmp.felk.cvut.cz/~zimmerk/


Problems often formalised as MDP

States:  x 2 Rn

x



Actions:

States:  x 2 Rn

x u
<latexit sha1_base64="B3LiXHMRvJQuqBd3i4MG0hzi7Bw=">AAAB8XicbVBNS8NAEJ3Urxq/oh69LBbBU0kU0YtY9OKxgv3ANpTNdtMu3WzC7kYoof/CiwdF9OgP8e5F/Ddu2h609cHA470Z5s0ECWdKu+63VVhYXFpeKa7aa+sbm1vO9k5dxakktEZiHstmgBXlTNCaZprTZiIpjgJOG8HgKvcb91QqFotbPUyoH+GeYCEjWBvprh1h3Q/CLB11nJJbdsdA88SbktLFh32evH3Z1Y7z2e7GJI2o0IRjpVqem2g/w1IzwunIbqeKJpgMcI+2DBU4osrPxolH6MAoXRTG0pTQaKz+nshwpNQwCkxnnlDNern4n9dKdXjmZ0wkqaaCTBaFKUc6Rvn5qMskJZoPDcFEMpMVkT6WmGjzJNs8wZs9eZ7Uj8recfnkxi1VLmGCIuzBPhyCB6dQgWuoQg0ICHiAJ3i2lPVovVivk9aCNZ3ZhT+w3n8AWoSUXQ==</latexit>

u 2 Rm
<latexit sha1_base64="YID+TlDO3aB1CXFdMHQ6Vq1e96I=">AAACA3icbVC7TsMwFHV4lvIKsMFiUSExVQkIwUYFC2NB9CE1oXJcp7VqO5HtIFVRJBZ+hYUBhFj5CTY+hQ0n7QAtR7J0fM69uveeIGZUacf5submFxaXlksr5dW19Y1Ne2u7qaJEYtLAEYtkO0CKMCpIQ1PNSDuWBPGAkVYwvMz91j2RikbiVo9i4nPUFzSkGGkjde1djyM9CMI0yTwqig9GLL3J7njXrjhVpwCcJe6EVM6/wwL1rv3p9SKccCI0ZkipjuvE2k+R1BQzkpW9RJEY4SHqk46hAnGi/LS4IYMHRunBMJLmCQ0L9XdHirhSIx6YynxJNe3l4n9eJ9HhmZ9SESeaCDweFCYM6gjmgcAelQRrNjIEYUnNrhAPkERYm9jKJgR3+uRZ0jyqusfVk2unUrsAY5TAHtgHh8AFp6AGrkAdNAAGD+AJvIBX69F6tt6s93HpnDXp2QF/YH38AOs5nAc=</latexit>

Problems often formalised as MDP



Actions:

States:  x 2 Rn

Model:
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x00

u
<latexit sha1_base64="B3LiXHMRvJQuqBd3i4MG0hzi7Bw=">AAAB8XicbVBNS8NAEJ3Urxq/oh69LBbBU0kU0YtY9OKxgv3ANpTNdtMu3WzC7kYoof/CiwdF9OgP8e5F/Ddu2h609cHA470Z5s0ECWdKu+63VVhYXFpeKa7aa+sbm1vO9k5dxakktEZiHstmgBXlTNCaZprTZiIpjgJOG8HgKvcb91QqFotbPUyoH+GeYCEjWBvprh1h3Q/CLB11nJJbdsdA88SbktLFh32evH3Z1Y7z2e7GJI2o0IRjpVqem2g/w1IzwunIbqeKJpgMcI+2DBU4osrPxolH6MAoXRTG0pTQaKz+nshwpNQwCkxnnlDNern4n9dKdXjmZ0wkqaaCTBaFKUc6Rvn5qMskJZoPDcFEMpMVkT6WmGjzJNs8wZs9eZ7Uj8recfnkxi1VLmGCIuzBPhyCB6dQgWuoQg0ICHiAJ3i2lPVovVivk9aCNZ3ZhT+w3n8AWoSUXQ==</latexit>

u 2 Rm
<latexit sha1_base64="YID+TlDO3aB1CXFdMHQ6Vq1e96I=">AAACA3icbVC7TsMwFHV4lvIKsMFiUSExVQkIwUYFC2NB9CE1oXJcp7VqO5HtIFVRJBZ+hYUBhFj5CTY+hQ0n7QAtR7J0fM69uveeIGZUacf5submFxaXlksr5dW19Y1Ne2u7qaJEYtLAEYtkO0CKMCpIQ1PNSDuWBPGAkVYwvMz91j2RikbiVo9i4nPUFzSkGGkjde1djyM9CMI0yTwqig9GLL3J7njXrjhVpwCcJe6EVM6/wwL1rv3p9SKccCI0ZkipjuvE2k+R1BQzkpW9RJEY4SHqk46hAnGi/LS4IYMHRunBMJLmCQ0L9XdHirhSIx6YynxJNe3l4n9eJ9HhmZ9SESeaCDweFCYM6gjmgcAelQRrNjIEYUnNrhAPkERYm9jKJgR3+uRZ0jyqusfVk2unUrsAY5TAHtgHh8AFp6AGrkAdNAAGD+AJvIBX69F6tt6s93HpnDXp2QF/YH38AOs5nAc=</latexit>

p(x0|x,u)
<latexit sha1_base64="JTPO5/3htPY/TLOM7GHUjJFwLsI=">AAACF3icbZDLSsNAFIYn9VbrLerSzdAiVJSSKKLLohuXFewFmlgm00k7dHJhZiKGmLfoxldx40IRt7rr2zhpi5fWHwY+/nMOc87vhIwKaRgjLbewuLS8kl8trK1vbG7p2zsNEUQckzoOWMBbDhKEUZ/UJZWMtEJOkOcw0nQGl1m9eUe4oIF/I+OQ2B7q+dSlGElldfRKWLY8JPuOm9ynt1bIqUfgA/zxjr45SuFBRy8ZFWMsOA/mFErVonU4HFXjWkf/tLoBjjziS8yQEG3TCKWdIC4pZiQtWJEgIcID1CNthT7yiLCT8V0p3FdOF7oBV8+XcOz+nkiQJ0TsOaoz21HM1jLzv1o7ku65nVA/jCTx8eQjN2JQBjALCXYpJ1iyWAHCnKpdIe4jjrBUURZUCObsyfPQOK6YJ5XTa5XGBZgoD/ZAEZSBCc5AFVyBGqgDDIbgCbyAV+1Re9betPdJa06bzuyCP9I+vgBXa6MA</latexit>

Problems often formalised as MDP



Actions:

States:  x 2 Rn

Model:

Rewards:

x
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p(x0|x,u)
<latexit sha1_base64="JTPO5/3htPY/TLOM7GHUjJFwLsI=">AAACF3icbZDLSsNAFIYn9VbrLerSzdAiVJSSKKLLohuXFewFmlgm00k7dHJhZiKGmLfoxldx40IRt7rr2zhpi5fWHwY+/nMOc87vhIwKaRgjLbewuLS8kl8trK1vbG7p2zsNEUQckzoOWMBbDhKEUZ/UJZWMtEJOkOcw0nQGl1m9eUe4oIF/I+OQ2B7q+dSlGElldfRKWLY8JPuOm9ynt1bIqUfgA/zxjr45SuFBRy8ZFWMsOA/mFErVonU4HFXjWkf/tLoBjjziS8yQEG3TCKWdIC4pZiQtWJEgIcID1CNthT7yiLCT8V0p3FdOF7oBV8+XcOz+nkiQJ0TsOaoz21HM1jLzv1o7ku65nVA/jCTx8eQjN2JQBjALCXYpJ1iyWAHCnKpdIe4jjrBUURZUCObsyfPQOK6YJ5XTa5XGBZgoD/ZAEZSBCc5AFVyBGqgDDIbgCbyAV+1Re9betPdJa06bzuyCP9I+vgBXa6MA</latexit>

r(x,u,x0) 2 R
<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>

u
<latexit sha1_base64="B3LiXHMRvJQuqBd3i4MG0hzi7Bw=">AAAB8XicbVBNS8NAEJ3Urxq/oh69LBbBU0kU0YtY9OKxgv3ANpTNdtMu3WzC7kYoof/CiwdF9OgP8e5F/Ddu2h609cHA470Z5s0ECWdKu+63VVhYXFpeKa7aa+sbm1vO9k5dxakktEZiHstmgBXlTNCaZprTZiIpjgJOG8HgKvcb91QqFotbPUyoH+GeYCEjWBvprh1h3Q/CLB11nJJbdsdA88SbktLFh32evH3Z1Y7z2e7GJI2o0IRjpVqem2g/w1IzwunIbqeKJpgMcI+2DBU4osrPxolH6MAoXRTG0pTQaKz+nshwpNQwCkxnnlDNern4n9dKdXjmZ0wkqaaCTBaFKUc6Rvn5qMskJZoPDcFEMpMVkT6WmGjzJNs8wZs9eZ7Uj8recfnkxi1VLmGCIuzBPhyCB6dQgWuoQg0ICHiAJ3i2lPVovVivk9aCNZ3ZhT+w3n8AWoSUXQ==</latexit>

u 2 Rm
<latexit sha1_base64="YID+TlDO3aB1CXFdMHQ6Vq1e96I=">AAACA3icbVC7TsMwFHV4lvIKsMFiUSExVQkIwUYFC2NB9CE1oXJcp7VqO5HtIFVRJBZ+hYUBhFj5CTY+hQ0n7QAtR7J0fM69uveeIGZUacf5submFxaXlksr5dW19Y1Ne2u7qaJEYtLAEYtkO0CKMCpIQ1PNSDuWBPGAkVYwvMz91j2RikbiVo9i4nPUFzSkGGkjde1djyM9CMI0yTwqig9GLL3J7njXrjhVpwCcJe6EVM6/wwL1rv3p9SKccCI0ZkipjuvE2k+R1BQzkpW9RJEY4SHqk46hAnGi/LS4IYMHRunBMJLmCQ0L9XdHirhSIx6YynxJNe3l4n9eJ9HhmZ9SESeaCDweFCYM6gjmgcAelQRrNjIEYUnNrhAPkERYm9jKJgR3+uRZ0jyqusfVk2unUrsAY5TAHtgHh8AFp6AGrkAdNAAGD+AJvIBX69F6tt6s93HpnDXp2QF/YH38AOs5nAc=</latexit>

Problems often formalised as MDP



Actions:

States:  x 2 Rn

Model:

Rewards:

Policy:

x
x0

x00

a0

u 2 Rm
<latexit sha1_base64="YID+TlDO3aB1CXFdMHQ6Vq1e96I=">AAACA3icbVC7TsMwFHV4lvIKsMFiUSExVQkIwUYFC2NB9CE1oXJcp7VqO5HtIFVRJBZ+hYUBhFj5CTY+hQ0n7QAtR7J0fM69uveeIGZUacf5submFxaXlksr5dW19Y1Ne2u7qaJEYtLAEYtkO0CKMCpIQ1PNSDuWBPGAkVYwvMz91j2RikbiVo9i4nPUFzSkGGkjde1djyM9CMI0yTwqig9GLL3J7njXrjhVpwCcJe6EVM6/wwL1rv3p9SKccCI0ZkipjuvE2k+R1BQzkpW9RJEY4SHqk46hAnGi/LS4IYMHRunBMJLmCQ0L9XdHirhSIx6YynxJNe3l4n9eJ9HhmZ9SESeaCDweFCYM6gjmgcAelQRrNjIEYUnNrhAPkERYm9jKJgR3+uRZ0jyqusfVk2unUrsAY5TAHtgHh8AFp6AGrkAdNAAGD+AJvIBX69F6tt6s93HpnDXp2QF/YH38AOs5nAc=</latexit>

u
<latexit sha1_base64="B3LiXHMRvJQuqBd3i4MG0hzi7Bw=">AAAB8XicbVBNS8NAEJ3Urxq/oh69LBbBU0kU0YtY9OKxgv3ANpTNdtMu3WzC7kYoof/CiwdF9OgP8e5F/Ddu2h609cHA470Z5s0ECWdKu+63VVhYXFpeKa7aa+sbm1vO9k5dxakktEZiHstmgBXlTNCaZprTZiIpjgJOG8HgKvcb91QqFotbPUyoH+GeYCEjWBvprh1h3Q/CLB11nJJbdsdA88SbktLFh32evH3Z1Y7z2e7GJI2o0IRjpVqem2g/w1IzwunIbqeKJpgMcI+2DBU4osrPxolH6MAoXRTG0pTQaKz+nshwpNQwCkxnnlDNern4n9dKdXjmZ0wkqaaCTBaFKUc6Rvn5qMskJZoPDcFEMpMVkT6WmGjzJNs8wZs9eZ7Uj8recfnkxi1VLmGCIuzBPhyCB6dQgWuoQg0ICHiAJ3i2lPVovVivk9aCNZ3ZhT+w3n8AWoSUXQ==</latexit>

p(x0|x,u)
<latexit sha1_base64="JTPO5/3htPY/TLOM7GHUjJFwLsI=">AAACF3icbZDLSsNAFIYn9VbrLerSzdAiVJSSKKLLohuXFewFmlgm00k7dHJhZiKGmLfoxldx40IRt7rr2zhpi5fWHwY+/nMOc87vhIwKaRgjLbewuLS8kl8trK1vbG7p2zsNEUQckzoOWMBbDhKEUZ/UJZWMtEJOkOcw0nQGl1m9eUe4oIF/I+OQ2B7q+dSlGElldfRKWLY8JPuOm9ynt1bIqUfgA/zxjr45SuFBRy8ZFWMsOA/mFErVonU4HFXjWkf/tLoBjjziS8yQEG3TCKWdIC4pZiQtWJEgIcID1CNthT7yiLCT8V0p3FdOF7oBV8+XcOz+nkiQJ0TsOaoz21HM1jLzv1o7ku65nVA/jCTx8eQjN2JQBjALCXYpJ1iyWAHCnKpdIe4jjrBUURZUCObsyfPQOK6YJ5XTa5XGBZgoD/ZAEZSBCc5AFVyBGqgDDIbgCbyAV+1Re9betPdJa06bzuyCP9I+vgBXa6MA</latexit>

r(x,u,x0) 2 R
<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>

⇡(u|x)
<latexit sha1_base64="cMnp7cff0sy3jF6fla7rpBNv7wE=">AAACA3icbZDLSsNAFIYn9VbrLepON0OLUBFKoogui25cVrAXaEKZTCft0MkkzEzEEAtufAOfwY0LRdz6Eu76Nk7aCtr6w8DHf85hzvm9iFGpLGtk5BYWl5ZX8quFtfWNzS1ze6chw1hgUschC0XLQ5IwykldUcVIKxIEBR4jTW9wmdWbt0RIGvIblUTEDVCPU59ipLTVMfeciJadAKm+56fx8P4H74aHHbNkVayx4DzYUyhVi87R06ia1Drml9MNcRwQrjBDUrZtK1JuioSimJFhwYkliRAeoB5pa+QoINJNxzcM4YF2utAPhX5cwbH7eyJFgZRJ4OnObEU5W8vM/2rtWPnnbkp5FCvC8eQjP2ZQhTALBHapIFixRAPCgupdIe4jgbDSsRV0CPbsyfPQOK7YJ5XTa53GBZgoD/ZBEZSBDc5AFVyBGqgDDB7AM3gFb8aj8WK8Gx+T1pwxndkFf2R8fgPHmJs8</latexit>

Problems often formalised as MDP



Actions:

States:  x 2 Rn

Model:

Rewards:

Policy:

Goal: ⇡⇤ = argmax
⇡

J⇡

x
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a0

u 2 Rm
<latexit sha1_base64="YID+TlDO3aB1CXFdMHQ6Vq1e96I=">AAACA3icbVC7TsMwFHV4lvIKsMFiUSExVQkIwUYFC2NB9CE1oXJcp7VqO5HtIFVRJBZ+hYUBhFj5CTY+hQ0n7QAtR7J0fM69uveeIGZUacf5submFxaXlksr5dW19Y1Ne2u7qaJEYtLAEYtkO0CKMCpIQ1PNSDuWBPGAkVYwvMz91j2RikbiVo9i4nPUFzSkGGkjde1djyM9CMI0yTwqig9GLL3J7njXrjhVpwCcJe6EVM6/wwL1rv3p9SKccCI0ZkipjuvE2k+R1BQzkpW9RJEY4SHqk46hAnGi/LS4IYMHRunBMJLmCQ0L9XdHirhSIx6YynxJNe3l4n9eJ9HhmZ9SESeaCDweFCYM6gjmgcAelQRrNjIEYUnNrhAPkERYm9jKJgR3+uRZ0jyqusfVk2unUrsAY5TAHtgHh8AFp6AGrkAdNAAGD+AJvIBX69F6tt6s93HpnDXp2QF/YH38AOs5nAc=</latexit>

u
<latexit sha1_base64="B3LiXHMRvJQuqBd3i4MG0hzi7Bw=">AAAB8XicbVBNS8NAEJ3Urxq/oh69LBbBU0kU0YtY9OKxgv3ANpTNdtMu3WzC7kYoof/CiwdF9OgP8e5F/Ddu2h609cHA470Z5s0ECWdKu+63VVhYXFpeKa7aa+sbm1vO9k5dxakktEZiHstmgBXlTNCaZprTZiIpjgJOG8HgKvcb91QqFotbPUyoH+GeYCEjWBvprh1h3Q/CLB11nJJbdsdA88SbktLFh32evH3Z1Y7z2e7GJI2o0IRjpVqem2g/w1IzwunIbqeKJpgMcI+2DBU4osrPxolH6MAoXRTG0pTQaKz+nshwpNQwCkxnnlDNern4n9dKdXjmZ0wkqaaCTBaFKUc6Rvn5qMskJZoPDcFEMpMVkT6WmGjzJNs8wZs9eZ7Uj8recfnkxi1VLmGCIuzBPhyCB6dQgWuoQg0ICHiAJ3i2lPVovVivk9aCNZ3ZhT+w3n8AWoSUXQ==</latexit>

p(x0|x,u)
<latexit sha1_base64="JTPO5/3htPY/TLOM7GHUjJFwLsI=">AAACF3icbZDLSsNAFIYn9VbrLerSzdAiVJSSKKLLohuXFewFmlgm00k7dHJhZiKGmLfoxldx40IRt7rr2zhpi5fWHwY+/nMOc87vhIwKaRgjLbewuLS8kl8trK1vbG7p2zsNEUQckzoOWMBbDhKEUZ/UJZWMtEJOkOcw0nQGl1m9eUe4oIF/I+OQ2B7q+dSlGElldfRKWLY8JPuOm9ynt1bIqUfgA/zxjr45SuFBRy8ZFWMsOA/mFErVonU4HFXjWkf/tLoBjjziS8yQEG3TCKWdIC4pZiQtWJEgIcID1CNthT7yiLCT8V0p3FdOF7oBV8+XcOz+nkiQJ0TsOaoz21HM1jLzv1o7ku65nVA/jCTx8eQjN2JQBjALCXYpJ1iyWAHCnKpdIe4jjrBUURZUCObsyfPQOK6YJ5XTa5XGBZgoD/ZAEZSBCc5AFVyBGqgDDIbgCbyAV+1Re9betPdJa06bzuyCP9I+vgBXa6MA</latexit>

r(x,u,x0) 2 R
<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>

⇡(u|x)
<latexit sha1_base64="cMnp7cff0sy3jF6fla7rpBNv7wE=">AAACA3icbZDLSsNAFIYn9VbrLepON0OLUBFKoogui25cVrAXaEKZTCft0MkkzEzEEAtufAOfwY0LRdz6Eu76Nk7aCtr6w8DHf85hzvm9iFGpLGtk5BYWl5ZX8quFtfWNzS1ze6chw1hgUschC0XLQ5IwykldUcVIKxIEBR4jTW9wmdWbt0RIGvIblUTEDVCPU59ipLTVMfeciJadAKm+56fx8P4H74aHHbNkVayx4DzYUyhVi87R06ia1Drml9MNcRwQrjBDUrZtK1JuioSimJFhwYkliRAeoB5pa+QoINJNxzcM4YF2utAPhX5cwbH7eyJFgZRJ4OnObEU5W8vM/2rtWPnnbkp5FCvC8eQjP2ZQhTALBHapIFixRAPCgupdIe4jgbDSsRV0CPbsyfPQOK7YJ5XTa53GBZgoD/ZBEZSBDc5AFVyBGqgDDB7AM3gFb8aj8WK8Gx+T1pwxndkFf2R8fgPHmJs8</latexit>

(e.g.                                    )
<latexit sha1_base64="l2WuRxLQ56LsxTCWAz5N3q6Kjlg="></latexit>

J⇡ = E⌧⇠⇡{
X

rt⇠⌧

�trt}

Problems often formalised as MDP



incomplete, noisy

continuous high-dimensional

hard to engineer

Actions:

States:  x 2 Rn

Model:

Rewards:

Policy:

Goal: ⇡⇤ = argmax
⇡

J⇡ (e.g.                                    )

execution endanger the robot

inaccurate model

u 2 Rm
<latexit sha1_base64="YID+TlDO3aB1CXFdMHQ6Vq1e96I=">AAACA3icbVC7TsMwFHV4lvIKsMFiUSExVQkIwUYFC2NB9CE1oXJcp7VqO5HtIFVRJBZ+hYUBhFj5CTY+hQ0n7QAtR7J0fM69uveeIGZUacf5submFxaXlksr5dW19Y1Ne2u7qaJEYtLAEYtkO0CKMCpIQ1PNSDuWBPGAkVYwvMz91j2RikbiVo9i4nPUFzSkGGkjde1djyM9CMI0yTwqig9GLL3J7njXrjhVpwCcJe6EVM6/wwL1rv3p9SKccCI0ZkipjuvE2k+R1BQzkpW9RJEY4SHqk46hAnGi/LS4IYMHRunBMJLmCQ0L9XdHirhSIx6YynxJNe3l4n9eJ9HhmZ9SESeaCDweFCYM6gjmgcAelQRrNjIEYUnNrhAPkERYm9jKJgR3+uRZ0jyqusfVk2unUrsAY5TAHtgHh8AFp6AGrkAdNAAGD+AJvIBX69F6tt6s93HpnDXp2QF/YH38AOs5nAc=</latexit>

p(x0|x,u)
<latexit sha1_base64="JTPO5/3htPY/TLOM7GHUjJFwLsI=">AAACF3icbZDLSsNAFIYn9VbrLerSzdAiVJSSKKLLohuXFewFmlgm00k7dHJhZiKGmLfoxldx40IRt7rr2zhpi5fWHwY+/nMOc87vhIwKaRgjLbewuLS8kl8trK1vbG7p2zsNEUQckzoOWMBbDhKEUZ/UJZWMtEJOkOcw0nQGl1m9eUe4oIF/I+OQ2B7q+dSlGElldfRKWLY8JPuOm9ynt1bIqUfgA/zxjr45SuFBRy8ZFWMsOA/mFErVonU4HFXjWkf/tLoBjjziS8yQEG3TCKWdIC4pZiQtWJEgIcID1CNthT7yiLCT8V0p3FdOF7oBV8+XcOz+nkiQJ0TsOaoz21HM1jLzv1o7ku65nVA/jCTx8eQjN2JQBjALCXYpJ1iyWAHCnKpdIe4jjrBUURZUCObsyfPQOK6YJ5XTa5XGBZgoD/ZAEZSBCc5AFVyBGqgDDIbgCbyAV+1Re9betPdJa06bzuyCP9I+vgBXa6MA</latexit>

r(x,u,x0) 2 R
<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>

⇡(u|x)
<latexit sha1_base64="cMnp7cff0sy3jF6fla7rpBNv7wE=">AAACA3icbZDLSsNAFIYn9VbrLepON0OLUBFKoogui25cVrAXaEKZTCft0MkkzEzEEAtufAOfwY0LRdz6Eu76Nk7aCtr6w8DHf85hzvm9iFGpLGtk5BYWl5ZX8quFtfWNzS1ze6chw1hgUschC0XLQ5IwykldUcVIKxIEBR4jTW9wmdWbt0RIGvIblUTEDVCPU59ipLTVMfeciJadAKm+56fx8P4H74aHHbNkVayx4DzYUyhVi87R06ia1Drml9MNcRwQrjBDUrZtK1JuioSimJFhwYkliRAeoB5pa+QoINJNxzcM4YF2utAPhX5cwbH7eyJFgZRJ4OnObEU5W8vM/2rtWPnnbkp5FCvC8eQjP2ZQhTALBHapIFixRAPCgupdIe4jgbDSsRV0CPbsyfPQOK7YJ5XTa53GBZgoD/ZBEZSBDc5AFVyBGqgDDB7AM3gFb8aj8WK8Gx+T1pwxndkFf2R8fgPHmJs8</latexit>

<latexit sha1_base64="l2WuRxLQ56LsxTCWAz5N3q6Kjlg="></latexit>

J⇡ = E⌧⇠⇡{
X

rt⇠⌧

�trt}

Problems often formalised as MDP



Typical problems

Model identification:

• given some trajectories  

estimate model

p(x0|x,u)
<latexit sha1_base64="JTPO5/3htPY/TLOM7GHUjJFwLsI=">AAACF3icbZDLSsNAFIYn9VbrLerSzdAiVJSSKKLLohuXFewFmlgm00k7dHJhZiKGmLfoxldx40IRt7rr2zhpi5fWHwY+/nMOc87vhIwKaRgjLbewuLS8kl8trK1vbG7p2zsNEUQckzoOWMBbDhKEUZ/UJZWMtEJOkOcw0nQGl1m9eUe4oIF/I+OQ2B7q+dSlGElldfRKWLY8JPuOm9ynt1bIqUfgA/zxjr45SuFBRy8ZFWMsOA/mFErVonU4HFXjWkf/tLoBjjziS8yQEG3TCKWdIC4pZiQtWJEgIcID1CNthT7yiLCT8V0p3FdOF7oBV8+XcOz+nkiQJ0TsOaoz21HM1jLzv1o7ku65nVA/jCTx8eQjN2JQBjALCXYpJ1iyWAHCnKpdIe4jjrBUURZUCObsyfPQOK6YJ5XTa5XGBZgoD/ZAEZSBCc5AFVyBGqgDDIbgCbyAV+1Re9betPdJa06bzuyCP9I+vgBXa6MA</latexit>

p(x0|x,u)
<latexit sha1_base64="JTPO5/3htPY/TLOM7GHUjJFwLsI=">AAACF3icbZDLSsNAFIYn9VbrLerSzdAiVJSSKKLLohuXFewFmlgm00k7dHJhZiKGmLfoxldx40IRt7rr2zhpi5fWHwY+/nMOc87vhIwKaRgjLbewuLS8kl8trK1vbG7p2zsNEUQckzoOWMBbDhKEUZ/UJZWMtEJOkOcw0nQGl1m9eUe4oIF/I+OQ2B7q+dSlGElldfRKWLY8JPuOm9ynt1bIqUfgA/zxjr45SuFBRy8ZFWMsOA/mFErVonU4HFXjWkf/tLoBjjziS8yQEG3TCKWdIC4pZiQtWJEgIcID1CNthT7yiLCT8V0p3FdOF7oBV8+XcOz+nkiQJ0TsOaoz21HM1jLzv1o7ku65nVA/jCTx8eQjN2JQBjALCXYpJ1iyWAHCnKpdIe4jjrBUURZUCObsyfPQOK6YJ5XTa5XGBZgoD/ZAEZSBCc5AFVyBGqgDDIbgCbyAV+1Re9betPdJa06bzuyCP9I+vgBXa6MA</latexit>

Model predictive control / Planning

• given the model and reward 

estimate optimal policy/planr(x,u,x0) 2 R
<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>

⇡⇤ = argmax
⇡

J⇡

Reinforcement learning:

• given rewards and trajectories, 

estimate optimal policy

⇡⇤ = argmax
⇡

J⇡

r(x,u,x0) 2 R
<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>

Inverse reinforcement learning:

• given optimal trajectories 

estimate reward function
r(x,u,x0) 2 R

<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>



Typical problems

Model identification:

• given some trajectories  

estimate model

p(x0|x,u)
<latexit sha1_base64="JTPO5/3htPY/TLOM7GHUjJFwLsI=">AAACF3icbZDLSsNAFIYn9VbrLerSzdAiVJSSKKLLohuXFewFmlgm00k7dHJhZiKGmLfoxldx40IRt7rr2zhpi5fWHwY+/nMOc87vhIwKaRgjLbewuLS8kl8trK1vbG7p2zsNEUQckzoOWMBbDhKEUZ/UJZWMtEJOkOcw0nQGl1m9eUe4oIF/I+OQ2B7q+dSlGElldfRKWLY8JPuOm9ynt1bIqUfgA/zxjr45SuFBRy8ZFWMsOA/mFErVonU4HFXjWkf/tLoBjjziS8yQEG3TCKWdIC4pZiQtWJEgIcID1CNthT7yiLCT8V0p3FdOF7oBV8+XcOz+nkiQJ0TsOaoz21HM1jLzv1o7ku65nVA/jCTx8eQjN2JQBjALCXYpJ1iyWAHCnKpdIe4jjrBUURZUCObsyfPQOK6YJ5XTa5XGBZgoD/ZAEZSBCc5AFVyBGqgDDIbgCbyAV+1Re9betPdJa06bzuyCP9I+vgBXa6MA</latexit>

p(x0|x,u)
<latexit sha1_base64="JTPO5/3htPY/TLOM7GHUjJFwLsI=">AAACF3icbZDLSsNAFIYn9VbrLerSzdAiVJSSKKLLohuXFewFmlgm00k7dHJhZiKGmLfoxldx40IRt7rr2zhpi5fWHwY+/nMOc87vhIwKaRgjLbewuLS8kl8trK1vbG7p2zsNEUQckzoOWMBbDhKEUZ/UJZWMtEJOkOcw0nQGl1m9eUe4oIF/I+OQ2B7q+dSlGElldfRKWLY8JPuOm9ynt1bIqUfgA/zxjr45SuFBRy8ZFWMsOA/mFErVonU4HFXjWkf/tLoBjjziS8yQEG3TCKWdIC4pZiQtWJEgIcID1CNthT7yiLCT8V0p3FdOF7oBV8+XcOz+nkiQJ0TsOaoz21HM1jLzv1o7ku65nVA/jCTx8eQjN2JQBjALCXYpJ1iyWAHCnKpdIe4jjrBUURZUCObsyfPQOK6YJ5XTa5XGBZgoD/ZAEZSBCc5AFVyBGqgDDIbgCbyAV+1Re9betPdJa06bzuyCP9I+vgBXa6MA</latexit>

Model predictive control / Planning

• given the model and reward 

estimate optimal policy/planr(x,u,x0) 2 R
<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>

⇡⇤ = argmax
⇡

J⇡

Reinforcement learning:

• given rewards and trajectories, 

estimate optimal policy

⇡⇤ = argmax
⇡

J⇡

r(x,u,x0) 2 R
<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>

Inverse reinforcement learning:

• given optimal trajectories 

estimate reward function
r(x,u,x0) 2 R

<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>



Model identification:
• Build physical engine and identify physical quantities


• usually non-differentiable black-box model

• More complex formulations: RNN or autoregressive model 
such as PixelCNN++

For example fully observable, time-discrete, linear system:

<latexit sha1_base64="zwivBbRIQQ4GDy7woCdEtuSDd3Q="></latexit>

✓

• Learn (deep convolutional) network to predict  
following state                                     .

<latexit sha1_base64="0EBuQ5HPdq3V/+jp/rinH3tP9rI="></latexit>

xk+1 = p✓(xk,uk) +N
<latexit sha1_base64="OLCLz41UOoQ7q1uTFHVSKQFK1zU="></latexit>

argmin
✓

X

k

kp✓(xk,uk)� xk+1k22



Typical problems

Model identification:

• given some trajectories  

estimate model

p(x0|x,u)
<latexit sha1_base64="JTPO5/3htPY/TLOM7GHUjJFwLsI=">AAACF3icbZDLSsNAFIYn9VbrLerSzdAiVJSSKKLLohuXFewFmlgm00k7dHJhZiKGmLfoxldx40IRt7rr2zhpi5fWHwY+/nMOc87vhIwKaRgjLbewuLS8kl8trK1vbG7p2zsNEUQckzoOWMBbDhKEUZ/UJZWMtEJOkOcw0nQGl1m9eUe4oIF/I+OQ2B7q+dSlGElldfRKWLY8JPuOm9ynt1bIqUfgA/zxjr45SuFBRy8ZFWMsOA/mFErVonU4HFXjWkf/tLoBjjziS8yQEG3TCKWdIC4pZiQtWJEgIcID1CNthT7yiLCT8V0p3FdOF7oBV8+XcOz+nkiQJ0TsOaoz21HM1jLzv1o7ku65nVA/jCTx8eQjN2JQBjALCXYpJ1iyWAHCnKpdIe4jjrBUURZUCObsyfPQOK6YJ5XTa5XGBZgoD/ZAEZSBCc5AFVyBGqgDDIbgCbyAV+1Re9betPdJa06bzuyCP9I+vgBXa6MA</latexit>

p(x0|x,u)
<latexit sha1_base64="JTPO5/3htPY/TLOM7GHUjJFwLsI=">AAACF3icbZDLSsNAFIYn9VbrLerSzdAiVJSSKKLLohuXFewFmlgm00k7dHJhZiKGmLfoxldx40IRt7rr2zhpi5fWHwY+/nMOc87vhIwKaRgjLbewuLS8kl8trK1vbG7p2zsNEUQckzoOWMBbDhKEUZ/UJZWMtEJOkOcw0nQGl1m9eUe4oIF/I+OQ2B7q+dSlGElldfRKWLY8JPuOm9ynt1bIqUfgA/zxjr45SuFBRy8ZFWMsOA/mFErVonU4HFXjWkf/tLoBjjziS8yQEG3TCKWdIC4pZiQtWJEgIcID1CNthT7yiLCT8V0p3FdOF7oBV8+XcOz+nkiQJ0TsOaoz21HM1jLzv1o7ku65nVA/jCTx8eQjN2JQBjALCXYpJ1iyWAHCnKpdIe4jjrBUURZUCObsyfPQOK6YJ5XTa5XGBZgoD/ZAEZSBCc5AFVyBGqgDDIbgCbyAV+1Re9betPdJa06bzuyCP9I+vgBXa6MA</latexit>

Model predictive control / Planning

• given the model and reward 

estimate optimal policy/planr(x,u,x0) 2 R
<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>

⇡⇤ = argmax
⇡

J⇡

Reinforcement learning:

• given rewards and trajectories, 

estimate optimal policy

⇡⇤ = argmax
⇡

J⇡

r(x,u,x0) 2 R
<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>

Inverse reinforcement learning:

• given optimal trajectories 

estimate reward function
r(x,u,x0) 2 R

<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>



Model Predictive Control/Planning

• Given model and reward function, the criterion can be explicitly formulated and 
optimized

• You can either 

• plan actions (BFS, Dijkstra, A*, RRT, …)  

or 

• directly optimize policy, which generate actions (LQR) 


• to maximize a reward function.



Planning actions

• typically non-convex => gradient optimization inefficient

• BFS, Dijkstra, A*, RRT, … => open loop control

1. Collect trajectories                        , ini:              ,  

2. Estimate motion model 

 

⌧1, ⌧2, ⌧3, . . .
<latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit>

✓ = rand
<latexit sha1_base64="V9WfTwxHsFIK5ezXTPIV77CkBJ8="></latexit><latexit sha1_base64="V9WfTwxHsFIK5ezXTPIV77CkBJ8="></latexit><latexit sha1_base64="V9WfTwxHsFIK5ezXTPIV77CkBJ8="></latexit><latexit sha1_base64="V9WfTwxHsFIK5ezXTPIV77CkBJ8="></latexit>

! = rand
<latexit sha1_base64="4a0MAI6mmuM0YRLrMMHvL379Kzs="></latexit><latexit sha1_base64="4a0MAI6mmuM0YRLrMMHvL379Kzs="></latexit><latexit sha1_base64="4a0MAI6mmuM0YRLrMMHvL379Kzs="></latexit><latexit sha1_base64="4a0MAI6mmuM0YRLrMMHvL379Kzs="></latexit>

x0
<latexit sha1_base64="x5qlii+3HNX83+VKqPpHuLFIng0="></latexit><latexit sha1_base64="x5qlii+3HNX83+VKqPpHuLFIng0="></latexit><latexit sha1_base64="x5qlii+3HNX83+VKqPpHuLFIng0="></latexit><latexit sha1_base64="x5qlii+3HNX83+VKqPpHuLFIng0="></latexit>

p✓
<latexit sha1_base64="bojDJWEHTRET+MNxAovHO1CuKXg="></latexit><latexit sha1_base64="bojDJWEHTRET+MNxAovHO1CuKXg="></latexit><latexit sha1_base64="bojDJWEHTRET+MNxAovHO1CuKXg="></latexit><latexit sha1_base64="bojDJWEHTRET+MNxAovHO1CuKXg="></latexit>

p✓
<latexit sha1_base64="bojDJWEHTRET+MNxAovHO1CuKXg="></latexit><latexit sha1_base64="bojDJWEHTRET+MNxAovHO1CuKXg="></latexit><latexit sha1_base64="bojDJWEHTRET+MNxAovHO1CuKXg="></latexit><latexit sha1_base64="bojDJWEHTRET+MNxAovHO1CuKXg="></latexit>

… r
<latexit sha1_base64="IbnMQ9qLk1JcXNbWK3+XyclpFyk="></latexit><latexit sha1_base64="IbnMQ9qLk1JcXNbWK3+XyclpFyk="></latexit><latexit sha1_base64="IbnMQ9qLk1JcXNbWK3+XyclpFyk="></latexit><latexit sha1_base64="IbnMQ9qLk1JcXNbWK3+XyclpFyk="></latexit>

<latexit sha1_base64="u+qQ+q2XaSalRa+4sxYlAikdkc4=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiSi6LLoxmUF+4AmlMl00g6dTMI8hBD6G25cKOLWn3Hn3zhps9DWAwOHc+7lnjlhypnSrvvtVNbWNza3qtu1nd29/YP64VFXJUYS2iEJT2Q/xIpyJmhHM81pP5UUxyGnvXB6V/i9JyoVS8SjzlIaxHgsWMQI1lby/RjrSRjlZjZ0h/WG23TnQKvEK0kDSrSH9S9/lBATU6EJx0oNPDfVQY6lZoTTWc03iqaYTPGYDiwVOKYqyOeZZ+jMKiMUJdI+odFc/b2R41ipLA7tZJFRLXuF+J83MDq6CXImUqOpIItDkeFIJ6goAI2YpETzzBJMJLNZEZlgiYm2NdVsCd7yl1dJ96LpXTXdh8tG67asowoncArn4ME1tOAe2tABAik8wyu8OcZ5cd6dj8VoxSl3juEPnM8fJZmRwA==</latexit>u0
<latexit sha1_base64="fi+GRuos79cIn0gY7hfbmgXmM7A=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRi0WXRjSupYB/QhDKZTtqhk0mYh1BCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnTDlT2nW/ndLa+sbmVnm7srO7t39QPTzqqMRIQtsk4YnshVhRzgRta6Y57aWS4jjktBtObnO/+0SlYol41NOUBjEeCRYxgrWVfD/GehxGmZkN7gfVmlt350CrxCtIDQq0BtUvf5gQE1OhCcdK9T031UGGpWaE01nFN4qmmEzwiPYtFTimKsjmmWfozCpDFCXSPqHRXP29keFYqWkc2sk8o1r2cvE/r290dB1kTKRGU0EWhyLDkU5QXgAaMkmJ5lNLMJHMZkVkjCUm2tZUsSV4y19eJZ2Luteouw+XteZNUUcZTuAUzsGDK2jCHbSgDQRSeIZXeHOM8+K8Ox+L0ZJT7BzDHzifP1MRkd4=</latexit>uN

<latexit sha1_base64="2DtdfR0Z69afmU883hjfYDibroM="></latexit>

argmin
(x,u,x0)2⌧

kx0 � p✓(x,u)k

3. Plan policy (sequence of actions) maximizing 
the rewards on model-based trajectories

<latexit sha1_base64="k31rCBsElScu80/G5b9WUIXm3XQ="></latexit>

argmax
u0,u1,...,uN�1

nX

k

r(xk,uk) | xk+1 = p✓(xk,uk)
o



Learning policy

⇡!
<latexit sha1_base64="nQeOCVMHtLRtZEBck1pEMvoxCjg="></latexit><latexit sha1_base64="nQeOCVMHtLRtZEBck1pEMvoxCjg="></latexit><latexit sha1_base64="nQeOCVMHtLRtZEBck1pEMvoxCjg="></latexit><latexit sha1_base64="nQeOCVMHtLRtZEBck1pEMvoxCjg="></latexit>

x0
<latexit sha1_base64="x5qlii+3HNX83+VKqPpHuLFIng0="></latexit><latexit sha1_base64="x5qlii+3HNX83+VKqPpHuLFIng0="></latexit><latexit sha1_base64="x5qlii+3HNX83+VKqPpHuLFIng0="></latexit><latexit sha1_base64="x5qlii+3HNX83+VKqPpHuLFIng0="></latexit>

p✓
<latexit sha1_base64="bojDJWEHTRET+MNxAovHO1CuKXg="></latexit><latexit sha1_base64="bojDJWEHTRET+MNxAovHO1CuKXg="></latexit><latexit sha1_base64="bojDJWEHTRET+MNxAovHO1CuKXg="></latexit><latexit sha1_base64="bojDJWEHTRET+MNxAovHO1CuKXg="></latexit>

⇡!
<latexit sha1_base64="nQeOCVMHtLRtZEBck1pEMvoxCjg="></latexit><latexit sha1_base64="nQeOCVMHtLRtZEBck1pEMvoxCjg="></latexit><latexit sha1_base64="nQeOCVMHtLRtZEBck1pEMvoxCjg="></latexit><latexit sha1_base64="nQeOCVMHtLRtZEBck1pEMvoxCjg="></latexit>

p✓
<latexit sha1_base64="bojDJWEHTRET+MNxAovHO1CuKXg="></latexit><latexit sha1_base64="bojDJWEHTRET+MNxAovHO1CuKXg="></latexit><latexit sha1_base64="bojDJWEHTRET+MNxAovHO1CuKXg="></latexit><latexit sha1_base64="bojDJWEHTRET+MNxAovHO1CuKXg="></latexit>

… r
<latexit sha1_base64="IbnMQ9qLk1JcXNbWK3+XyclpFyk="></latexit><latexit sha1_base64="IbnMQ9qLk1JcXNbWK3+XyclpFyk="></latexit><latexit sha1_base64="IbnMQ9qLk1JcXNbWK3+XyclpFyk="></latexit><latexit sha1_base64="IbnMQ9qLk1JcXNbWK3+XyclpFyk="></latexit>

3. Learn/plan policy maximizing the rewards on 
model-based trajectories

1. Collect trajectories                        , ini:              ,  

2. Estimate motion model 

 

⌧1, ⌧2, ⌧3, . . .
<latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit>

✓ = rand
<latexit sha1_base64="V9WfTwxHsFIK5ezXTPIV77CkBJ8="></latexit><latexit sha1_base64="V9WfTwxHsFIK5ezXTPIV77CkBJ8="></latexit><latexit sha1_base64="V9WfTwxHsFIK5ezXTPIV77CkBJ8="></latexit><latexit sha1_base64="V9WfTwxHsFIK5ezXTPIV77CkBJ8="></latexit>

! = rand
<latexit sha1_base64="4a0MAI6mmuM0YRLrMMHvL379Kzs="></latexit><latexit sha1_base64="4a0MAI6mmuM0YRLrMMHvL379Kzs="></latexit><latexit sha1_base64="4a0MAI6mmuM0YRLrMMHvL379Kzs="></latexit><latexit sha1_base64="4a0MAI6mmuM0YRLrMMHvL379Kzs="></latexit>

• Especially: linear system + quadratic reward function 

• LQR has closed form solution => closed loop control

<latexit sha1_base64="Zwa8K1B5rJs6rQ+w8h/jxfemZGE="></latexit>

argmax
!

nX

k

r(xk,uk) | xk+1 = p✓(xk,uk), uk = ⇡!(xk)
o

<latexit sha1_base64="2DtdfR0Z69afmU883hjfYDibroM="></latexit>

argmin
(x,u,x0)2⌧

kx0 � p✓(x,u)k



Typical problems

Model identification:

• given some trajectories  

estimate model

p(x0|x,u)
<latexit sha1_base64="JTPO5/3htPY/TLOM7GHUjJFwLsI=">AAACF3icbZDLSsNAFIYn9VbrLerSzdAiVJSSKKLLohuXFewFmlgm00k7dHJhZiKGmLfoxldx40IRt7rr2zhpi5fWHwY+/nMOc87vhIwKaRgjLbewuLS8kl8trK1vbG7p2zsNEUQckzoOWMBbDhKEUZ/UJZWMtEJOkOcw0nQGl1m9eUe4oIF/I+OQ2B7q+dSlGElldfRKWLY8JPuOm9ynt1bIqUfgA/zxjr45SuFBRy8ZFWMsOA/mFErVonU4HFXjWkf/tLoBjjziS8yQEG3TCKWdIC4pZiQtWJEgIcID1CNthT7yiLCT8V0p3FdOF7oBV8+XcOz+nkiQJ0TsOaoz21HM1jLzv1o7ku65nVA/jCTx8eQjN2JQBjALCXYpJ1iyWAHCnKpdIe4jjrBUURZUCObsyfPQOK6YJ5XTa5XGBZgoD/ZAEZSBCc5AFVyBGqgDDIbgCbyAV+1Re9betPdJa06bzuyCP9I+vgBXa6MA</latexit>

p(x0|x,u)
<latexit sha1_base64="JTPO5/3htPY/TLOM7GHUjJFwLsI=">AAACF3icbZDLSsNAFIYn9VbrLerSzdAiVJSSKKLLohuXFewFmlgm00k7dHJhZiKGmLfoxldx40IRt7rr2zhpi5fWHwY+/nMOc87vhIwKaRgjLbewuLS8kl8trK1vbG7p2zsNEUQckzoOWMBbDhKEUZ/UJZWMtEJOkOcw0nQGl1m9eUe4oIF/I+OQ2B7q+dSlGElldfRKWLY8JPuOm9ynt1bIqUfgA/zxjr45SuFBRy8ZFWMsOA/mFErVonU4HFXjWkf/tLoBjjziS8yQEG3TCKWdIC4pZiQtWJEgIcID1CNthT7yiLCT8V0p3FdOF7oBV8+XcOz+nkiQJ0TsOaoz21HM1jLzv1o7ku65nVA/jCTx8eQjN2JQBjALCXYpJ1iyWAHCnKpdIe4jjrBUURZUCObsyfPQOK6YJ5XTa5XGBZgoD/ZAEZSBCc5AFVyBGqgDDIbgCbyAV+1Re9betPdJa06bzuyCP9I+vgBXa6MA</latexit>

Model predictive control / Planning

• given the model and reward 

estimate optimal policy/planr(x,u,x0) 2 R
<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>

⇡⇤ = argmax
⇡

J⇡

Reinforcement learning:

• given rewards and trajectories, 

estimate optimal policy

⇡⇤ = argmax
⇡

J⇡

r(x,u,x0) 2 R
<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>

Inverse reinforcement learning:

• given optimal trajectories 

estimate reward function
r(x,u,x0) 2 R

<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>
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Q(x,u) : X ⇥ U ! R
<latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit>

The best sum of rewards I can get, 
when following action u in state x 

and then controlling optimally

State-action value function

Q R - right D - down

a 8 7

b 9 -13

c 10 10

d -11 -12

e -10 -10

Q(x,u) : X ⇥ U ! R
<latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit>
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Q(x,u) : X ⇥ U ! R
<latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit>

The best sum of rewards I can get, 
when following action u in state x 

and then controlling optimally

State-action value function

• Search for the Q, which satisfies Bellman equation
Q(x,u) = r(x,u,x0) + max

u0
Q(x0,u0)

<latexit sha1_base64="HVBWS+IDVbxnR8XPp/Idjq48lrM="></latexit><latexit sha1_base64="HVBWS+IDVbxnR8XPp/Idjq48lrM="></latexit><latexit sha1_base64="HVBWS+IDVbxnR8XPp/Idjq48lrM="></latexit><latexit sha1_base64="HVBWS+IDVbxnR8XPp/Idjq48lrM="></latexit>



• Search for the Q, which satisfies Bellman equation
Q(x,u) = r(x,u,x0) + max

u0
Q(x0,u0)

<latexit sha1_base64="HVBWS+IDVbxnR8XPp/Idjq48lrM="></latexit><latexit sha1_base64="HVBWS+IDVbxnR8XPp/Idjq48lrM="></latexit><latexit sha1_base64="HVBWS+IDVbxnR8XPp/Idjq48lrM="></latexit><latexit sha1_base64="HVBWS+IDVbxnR8XPp/Idjq48lrM="></latexit>

• Once we find it, we can control optimally as follows:
⇡⇤(x) = argmax

u
Q(x,u) = argmax

⇡
J⇡

<latexit sha1_base64="+UZzU5rMKFRWBPrEXw3NJUvkqcE="></latexit><latexit sha1_base64="+UZzU5rMKFRWBPrEXw3NJUvkqcE="></latexit><latexit sha1_base64="+UZzU5rMKFRWBPrEXw3NJUvkqcE="></latexit><latexit sha1_base64="+UZzU5rMKFRWBPrEXw3NJUvkqcE="></latexit>
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Q(x,u) : X ⇥ U ! R
<latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit>

The best sum of rewards I can get, 
when following action u in state x 

and then controlling optimally

State-action value function



• Search for the Q, which satisfies Bellman equation
Q(x,u) = r(x,u,x0) + max

u0
Q(x0,u0)

<latexit sha1_base64="HVBWS+IDVbxnR8XPp/Idjq48lrM="></latexit><latexit sha1_base64="HVBWS+IDVbxnR8XPp/Idjq48lrM="></latexit><latexit sha1_base64="HVBWS+IDVbxnR8XPp/Idjq48lrM="></latexit><latexit sha1_base64="HVBWS+IDVbxnR8XPp/Idjq48lrM="></latexit>

• Once we find it, we can control optimally as follows:

• Search without model is based on collecting trajectories
⇡⇤(x) = argmax

u
Q(x,u) = argmax

⇡
J⇡

<latexit sha1_base64="+UZzU5rMKFRWBPrEXw3NJUvkqcE="></latexit><latexit sha1_base64="+UZzU5rMKFRWBPrEXw3NJUvkqcE="></latexit><latexit sha1_base64="+UZzU5rMKFRWBPrEXw3NJUvkqcE="></latexit><latexit sha1_base64="+UZzU5rMKFRWBPrEXw3NJUvkqcE="></latexit>

Q(x,u) : X ⇥ U ! R
<latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit>

The best sum of rewards I can get, 
when following action u in state x 

and then controlling optimally

State-action value functiona b c

d e



(a,R, -1), (b, R, -1), (c, R, 10)
<latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit>

⌧1 :
<latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit>

state action reward

Q R - right D - down

a 0 0

b 0 0

c 0 0

d 0 0

e 0 0

Q(x,u) : X ⇥ U ! R
<latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit>

a b c

d e



Having a trajectory, each 
transition gives one equation 

(a,R, -1), (b, R, -1), (c, R, 10)
<latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit>

⌧1 :
<latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit>

a b c

d e
state action reward next state

Q R - right D - down

a 0 0

b 0 0

c 0 0

d 0 0

e 0 0

Q(x,u) : X ⇥ U ! R
<latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit>



Having a trajectory, each 
transition gives one equation 

(a,R, -1), (b, R, -1), (c, R, 10)
<latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit>

⌧1 :
<latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit>

a b c

d e
state action reward next state

Q R - right D - down

a 0 0

b 0 0

c 0 0

d 0 0

e 0 0

Q(x,u) : X ⇥ U ! R
<latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit>



Having a trajectory, each 
transition gives one equation 

(a,R, -1), (b, R, -1), (c, R, 10)
<latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit>

⌧1 :
<latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit>

a b c

d e
state action reward next state

Q R - right D - down

a 0 0

b 0 0

c 0 0

d 0 0

e 0 0

Q(x,u) : X ⇥ U ! R
<latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit>



(a,R, -1), (b, R, -1), (c, R, 10)
<latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit>

⌧1 :
<latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit>

a b c

d e
state action reward next state

(1) Substitute RHS Q-values 
and recompute LHS Q-values

Q R - right D - down

a 0 0

b 0 0

c 0 0

d 0 0

e 0 0

Q(x,u) : X ⇥ U ! R
<latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit>



(a,R, -1), (b, R, -1), (c, R, 10)
<latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit>

⌧1 :
<latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit>

a b c

d e
state action reward next state

Q R - right D - down

a -1 0

b -1 0

c 10 0

d 0 0

e 0 0

(1) Substitute RHS Q-values 
and recompute LHS Q-values

0
0Q(x,u) : X ⇥ U ! R

<latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit>



(a,R, -1), (b, R, -1), (c, R, 10)
<latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit><latexit sha1_base64="gZeLKgS5DP8PVkkP2kyPy2ccSck="></latexit>

⌧1 :
<latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit><latexit sha1_base64="Lo2WXNiCVzkwdmfFXsRmTi7MsBg="></latexit>

a b c

d e
state action reward next state

(2) Repeat several times 
(search for the fixed point of 
the Bellman operator)


Q = B(Q)
<latexit sha1_base64="qQUJSJPDzgMoZGfa+P7fu3mUvQs="></latexit><latexit sha1_base64="qQUJSJPDzgMoZGfa+P7fu3mUvQs="></latexit><latexit sha1_base64="qQUJSJPDzgMoZGfa+P7fu3mUvQs="></latexit><latexit sha1_base64="qQUJSJPDzgMoZGfa+P7fu3mUvQs="></latexit>

(1) Substitute RHS Q-values 
and recompute LHS Q-values

Q R - right D - down

a -1 0

b -1 0

c 10 0

d 0 0

e 0 0

Q(x,u) : X ⇥ U ! R
<latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit>



Q-learning
1. Collect transition

2. Solve

3. Repeat from 1

Q(x,u) = r + γmax
u′

Q(x′,u′)
[x,u, r,x′]



Q-learning
1. Collect transition

2. Solve

3. Repeat from 1
• Curse of dimensionality

Q(x,u) = r + γmax
u′

Q(x′,u′)
[x,u, r,x′]



Q-learning
1. Collect transition

2. Solve

3. Repeat from 1
• Curse of dimensionality

Q✓(x,u)
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difficult and engaging for human players. We used the same network
architecture, hyperparameter values (see Extended Data Table 1) and
learning procedure throughout—taking high-dimensional data (210|160
colour video at 60 Hz) as input—to demonstrate that our approach
robustly learns successful policies over a variety of games based solely
on sensory inputs with only very minimal prior knowledge (that is, merely
the input data were visual images, and the number of actions available
in each game, but not their correspondences; see Methods). Notably,
our method was able to train large neural networks using a reinforce-
ment learning signal and stochastic gradient descent in a stable manner—
illustrated by the temporal evolution of two indices of learning (the
agent’s average score-per-episode and average predicted Q-values; see
Fig. 2 and Supplementary Discussion for details).

We compared DQN with the best performing methods from the
reinforcement learning literature on the 49 games where results were
available12,15. In addition to the learned agents, we also report scores for
a professional human games tester playing under controlled conditions
and a policy that selects actions uniformly at random (Extended Data
Table 2 and Fig. 3, denoted by 100% (human) and 0% (random) on y
axis; see Methods). Our DQN method outperforms the best existing
reinforcement learning methods on 43 of the games without incorpo-
rating any of the additional prior knowledge about Atari 2600 games
used by other approaches (for example, refs 12, 15). Furthermore, our
DQN agent performed at a level that was comparable to that of a pro-
fessional human games tester across the set of 49 games, achieving more
than 75% of the human score on more than half of the games (29 games;

Convolution Convolution Fully connected Fully connected

No input

Figure 1 | Schematic illustration of the convolutional neural network. The
details of the architecture are explained in the Methods. The input to the neural
network consists of an 84 3 84 3 4 image produced by the preprocessing
map w, followed by three convolutional layers (note: snaking blue line

symbolizes sliding of each filter across input image) and two fully connected
layers with a single output for each valid action. Each hidden layer is followed
by a rectifier nonlinearity (that is, max 0,xð Þ).
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Figure 2 | Training curves tracking the agent’s average score and average
predicted action-value. a, Each point is the average score achieved per episode
after the agent is run with e-greedy policy (e 5 0.05) for 520 k frames on Space
Invaders. b, Average score achieved per episode for Seaquest. c, Average
predicted action-value on a held-out set of states on Space Invaders. Each point

on the curve is the average of the action-value Q computed over the held-out
set of states. Note that Q-values are scaled due to clipping of rewards (see
Methods). d, Average predicted action-value on Seaquest. See Supplementary
Discussion for details.
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★ Samples are strongly correlated !
Solution: ReplayMemory => minibatch sampled at random


  (decorrelates samples to be “more i.i.d”)

https://pytorch.org/tutorials/intermediate/reinforcement_q_learning.html

Transition = namedtuple( 'Transition',  

                                         ('state', 'action', 'next_state', 'reward'))


class ReplayMemory(object):
    def push(self, *args):

       if len(self.memory) < self.capacity:

            self.memory.append(None)

        self.memory[self.position] = Transition(*args)

        self.position = (self.position + 1) % self.capacity


    def sample(self, batch_size):

        return random.sample(self.memory, batch_size)

https://pytorch.org/tutorials/intermediate/reinforcement_q_learning.html
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Solution: Two Q-networks: 

• Target net                  

(slowly updated, used for estimating targets)

• Policy net 

(regularly updated after each transition,  
used for exploration) 


https://pytorch.org/tutorials/intermediate/reinforcement_q_learning.html

★ Approximated Q-learning does not 
have to converge to a fixed point.
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1. Collect transition                 => ReplayMemory

2. Sample transition(s) at random from ReplayMemory

3. Estimate target(s)

4. Update parameters by learning (assumes i.i.d+n.n.) 

 
 

5. Update target network

6. Repeat from 1

Q-learning
1. Collect transition
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3. Repeat from 1
• Curse of dimensionality
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difficult and engaging for human players. We used the same network
architecture, hyperparameter values (see Extended Data Table 1) and
learning procedure throughout—taking high-dimensional data (210|160
colour video at 60 Hz) as input—to demonstrate that our approach
robustly learns successful policies over a variety of games based solely
on sensory inputs with only very minimal prior knowledge (that is, merely
the input data were visual images, and the number of actions available
in each game, but not their correspondences; see Methods). Notably,
our method was able to train large neural networks using a reinforce-
ment learning signal and stochastic gradient descent in a stable manner—
illustrated by the temporal evolution of two indices of learning (the
agent’s average score-per-episode and average predicted Q-values; see
Fig. 2 and Supplementary Discussion for details).

We compared DQN with the best performing methods from the
reinforcement learning literature on the 49 games where results were
available12,15. In addition to the learned agents, we also report scores for
a professional human games tester playing under controlled conditions
and a policy that selects actions uniformly at random (Extended Data
Table 2 and Fig. 3, denoted by 100% (human) and 0% (random) on y
axis; see Methods). Our DQN method outperforms the best existing
reinforcement learning methods on 43 of the games without incorpo-
rating any of the additional prior knowledge about Atari 2600 games
used by other approaches (for example, refs 12, 15). Furthermore, our
DQN agent performed at a level that was comparable to that of a pro-
fessional human games tester across the set of 49 games, achieving more
than 75% of the human score on more than half of the games (29 games;

Convolution Convolution Fully connected Fully connected

No input

Figure 1 | Schematic illustration of the convolutional neural network. The
details of the architecture are explained in the Methods. The input to the neural
network consists of an 84 3 84 3 4 image produced by the preprocessing
map w, followed by three convolutional layers (note: snaking blue line

symbolizes sliding of each filter across input image) and two fully connected
layers with a single output for each valid action. Each hidden layer is followed
by a rectifier nonlinearity (that is, max 0,xð Þ).
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Figure 2 | Training curves tracking the agent’s average score and average
predicted action-value. a, Each point is the average score achieved per episode
after the agent is run with e-greedy policy (e 5 0.05) for 520 k frames on Space
Invaders. b, Average score achieved per episode for Seaquest. c, Average
predicted action-value on a held-out set of states on Space Invaders. Each point

on the curve is the average of the action-value Q computed over the held-out
set of states. Note that Q-values are scaled due to clipping of rewards (see
Methods). d, Average predicted action-value on Seaquest. See Supplementary
Discussion for details.
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• 2600 atari games

• state space    : last four frames to capture dynamics 

(e.g. RGB images in VGA resolution)

• action space    : 18 discrete joystic actions  

(8 direction + 8 direction with button + neutral action + neutral with button)

<latexit sha1_base64="LUJBpTBOGqGoTxgE1kAJiSFbp/A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/ouRIA==</latexit>x

<latexit sha1_base64="g7FbJi6odNsXR6yPOMH9a/xgB8k=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoseiF48VbC22oWy2L+3SzSbsboQS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSATXxnW/ndLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrHqBFSj4BJbhhuBnUQhjQKBD8H4JvcfnlBpHst7M0nQj+hQ8pAzaqz02IuoGQVhlk771Zpbd2cgy8QrSA0KNPvVr94gZmmE0jBBte56bmL8jCrDmcBppZdqTCgb0yF2LZU0Qu1ns8RTcmKVAQljZZ80ZKb+3shopPUkCuxknlAvern4n9dNTXjlZ1wmqUHJ5h+FqSAmJvn5ZMAVMiMmllCmuM1K2IgqyowtqWJL8BZPXibts7p3UXfvzmuN66KOMhzBMZyCB5fQgFtoQgsYSHiGV3hztPPivDsf89GSU+wcwh84nz/5/JEd</latexit>u



• replay buffer (decorrelates samples to be “more i.i.d”)

• two Q-networks (suppress oscilations)


• collection of control tasks: https://gym.openai.com
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see Fig. 3, Supplementary Discussion and Extended Data Table 2). In
additional simulations (see Supplementary Discussion and Extended
Data Tables 3 and 4), we demonstrate the importance of the individual
core components of the DQN agent—the replay memory, separate target
Q-network and deep convolutional network architecture—by disabling
them and demonstrating the detrimental effects on performance.

We next examined the representations learned by DQN that under-
pinned the successful performance of the agent in the context of the game
Space Invaders (see Supplementary Video 1 for a demonstration of the
performance of DQN), by using a technique developed for the visual-
ization of high-dimensional data called ‘t-SNE’25 (Fig. 4). As expected,
the t-SNE algorithm tends to map the DQN representation of percep-
tually similar states to nearby points. Interestingly, we also found instances
in which the t-SNE algorithm generated similar embeddings for DQN
representations of states that are close in terms of expected reward but

perceptually dissimilar (Fig. 4, bottom right, top left and middle), con-
sistent with the notion that the network is able to learn representations
that support adaptive behaviour from high-dimensional sensory inputs.
Furthermore, we also show that the representations learned by DQN
are able to generalize to data generated from policies other than its
own—in simulations where we presented as input to the network game
states experienced during human and agent play, recorded the repre-
sentations of the last hidden layer, and visualized the embeddings gen-
erated by the t-SNE algorithm (Extended Data Fig. 1 and Supplementary
Discussion). Extended Data Fig. 2 provides an additional illustration of
how the representations learned by DQN allow it to accurately predict
state and action values.

It is worth noting that the games in which DQN excels are extremely
varied in their nature, from side-scrolling shooters (River Raid) to box-
ing games (Boxing) and three-dimensional car-racing games (Enduro).
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Figure 3 | Comparison of the DQN agent with the best reinforcement
learning methods15 in the literature. The performance of DQN is normalized
with respect to a professional human games tester (that is, 100% level) and
random play (that is, 0% level). Note that the normalized performance of DQN,
expressed as a percentage, is calculated as: 100 3 (DQN score 2 random play
score)/(human score 2 random play score). It can be seen that DQN

outperforms competing methods (also see Extended Data Table 2) in almost all
the games, and performs at a level that is broadly comparable with or superior
to a professional human games tester (that is, operationalized as a level of
75% or above) in the majority of games. Audio output was disabled for both
human players and agents. Error bars indicate s.d. across the 30 evaluation
episodes, starting with different initial conditions.
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1. Collect transition                 => ReplayMemory

2. Sample transition(s) at random from ReplayMemory

3. Estimate target(s)

4. Update parameters by learning (assumes i.i.d+n.n.) 

 

5. Update target network

6. Repeat from 1
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3. Estimate target(s)

4. Update parameters by learning (assumes i.i.d+n.n.) 

 

5. Update target network

6. Repeat from 1

argmin
✓

X

x,u,y

kQ✓(x,u)� yk
<latexit sha1_base64="HmgcMsPZdWJl1SJ8ZHpMublf4g0="></latexit><latexit sha1_base64="HmgcMsPZdWJl1SJ8ZHpMublf4g0="></latexit><latexit sha1_base64="HmgcMsPZdWJl1SJ8ZHpMublf4g0="></latexit><latexit sha1_base64="HmgcMsPZdWJl1SJ8ZHpMublf4g0="></latexit>

[x,u, r,x′]

<latexit sha1_base64="6rGFB5Dpt56zyfx5gGqQ/QU+NZk="></latexit>

y = r + �max
u0

Q✓(x
0,u0)

<latexit sha1_base64="zSMjkJDjyQS57usuN14zNGJQCuc="></latexit>

✓ := ↵✓ + (1� ↵)✓

<latexit sha1_base64="TiInzhv2DGCGAtrX7MovL1LsMyc="></latexit>

Q✓(x,u1)
<latexit sha1_base64="inEpQV8VlmbNMTURlMTJdEwf564="></latexit>

Q✓(x,u2)

<latexit sha1_base64="rh2eHH8ziEx2TE6ER23jNX6GVVc="></latexit>

Q✓(x,uK)

…
…



1. Collect transition                 => ReplayMemory

2. Sample transition(s) at random from ReplayMemory

3. Estimate target(s)

4. Update parameters by learning (assumes i.i.d+n.n.) 

 

5. Update target network

6. Repeat from 1

Approximate Q-learning (DQN)

Q✓(x,u)
<latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit><latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit><latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit><latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit>

<latexit sha1_base64="LUJBpTBOGqGoTxgE1kAJiSFbp/A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/ouRIA==</latexit>xcontinuous  
high-dimensional 

argmin
✓

X

x,u,y

kQ✓(x,u)� yk
<latexit sha1_base64="HmgcMsPZdWJl1SJ8ZHpMublf4g0="></latexit><latexit sha1_base64="HmgcMsPZdWJl1SJ8ZHpMublf4g0="></latexit><latexit sha1_base64="HmgcMsPZdWJl1SJ8ZHpMublf4g0="></latexit><latexit sha1_base64="HmgcMsPZdWJl1SJ8ZHpMublf4g0="></latexit>

[x,u, r,x′]

<latexit sha1_base64="6rGFB5Dpt56zyfx5gGqQ/QU+NZk="></latexit>

y = r + �max
u0

Q✓(x
0,u0)

<latexit sha1_base64="zSMjkJDjyQS57usuN14zNGJQCuc="></latexit>

✓ := ↵✓ + (1� ↵)✓

<latexit sha1_base64="QGFdpKKvB+9jefWVbeoqOENIeVE="></latexit>u

<latexit sha1_base64="EQRscFJibJ0Elxx0GDZlc8Xx0Vk="></latexit>

Q scalar Q-value



Approximate Q-learning (DQN)

Q✓(x,u)
<latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit><latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit><latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit><latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit>

<latexit sha1_base64="LUJBpTBOGqGoTxgE1kAJiSFbp/A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/ouRIA==</latexit>xcontinuous  
high-dimensional 

1. Collect transition                 => ReplayMemory

2. Sample transition(s) at random from ReplayMemory

3. Estimate target(s)

4. Update parameters by learning (assumes i.i.d+n.n.) 

 

5. Update target network

6. Repeat from 1

argmin
✓

X

x,u,y

kQ✓(x,u)� yk
<latexit sha1_base64="HmgcMsPZdWJl1SJ8ZHpMublf4g0="></latexit><latexit sha1_base64="HmgcMsPZdWJl1SJ8ZHpMublf4g0="></latexit><latexit sha1_base64="HmgcMsPZdWJl1SJ8ZHpMublf4g0="></latexit><latexit sha1_base64="HmgcMsPZdWJl1SJ8ZHpMublf4g0="></latexit>

[x,u, r,x′]

<latexit sha1_base64="6rGFB5Dpt56zyfx5gGqQ/QU+NZk="></latexit>

y = r + �max
u0

Q✓(x
0,u0)

<latexit sha1_base64="QGFdpKKvB+9jefWVbeoqOENIeVE="></latexit>u

<latexit sha1_base64="EQRscFJibJ0Elxx0GDZlc8Xx0Vk="></latexit>

Q scalar Q-value

You cannot exhaustively maximize

<latexit sha1_base64="zSMjkJDjyQS57usuN14zNGJQCuc="></latexit>

✓ := ↵✓ + (1� ↵)✓



<latexit sha1_base64="LUJBpTBOGqGoTxgE1kAJiSFbp/A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/ouRIA==</latexit>xcontinuous  
high-dimensional 

1. Collect transition                 => ReplayMemory

2. Sample transition(s) at random from ReplayMemory

3. Estimate target(s)

4. Update parameters by learning (assumes i.i.d+n.n.) 

 

5. Update target network

6. Repeat from 1

[x,u, r,x′]

<latexit sha1_base64="QGFdpKKvB+9jefWVbeoqOENIeVE="></latexit>u

<latexit sha1_base64="EQRscFJibJ0Elxx0GDZlc8Xx0Vk="></latexit>

Q …..…. critic (Q-value net)

<latexit sha1_base64="LUJBpTBOGqGoTxgE1kAJiSFbp/A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/ouRIA==</latexit>xcontinuous  
high-dimensional 

…..…. actor (policy net)<latexit sha1_base64="QGFdpKKvB+9jefWVbeoqOENIeVE="></latexit>u
<latexit sha1_base64="AgiDVGTjM5S+X1N/Hhab+3MExIw="></latexit>

⇡✓⇡ (x)

<latexit sha1_base64="3acR724exX0X1sn6+C4BHAUfuh4="></latexit>

Q✓Q(x,u)

<latexit sha1_base64="zeKlqqc4pha2hTtVUGowz4NvB8g="></latexit>

y = r + �max
u0

Q✓Q(x
0,u0)

<latexit sha1_base64="fAGa9qFG5sZWJGr8cqPkpF45ZjE="></latexit>

✓Q := ↵✓Q + (1� ↵)✓Q

Deep Deterministic Policy Gradient (DDPG)

<latexit sha1_base64="RhfNQSsJ8tNF39X0KAaTtlwoSNA="></latexit>

argmin
✓Q

X

x,u,y

kQ✓Q(x,u)� yk



<latexit sha1_base64="LUJBpTBOGqGoTxgE1kAJiSFbp/A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/ouRIA==</latexit>xcontinuous  
high-dimensional 

1. Collect transition                 => ReplayMemory

2. Sample transition(s) at random from ReplayMemory

3. Estimate target(s)

4. Update parameters by learning (assumes i.i.d+n.n.) 

 

5. Update target network

6. Repeat from 1

[x,u, r,x′]

<latexit sha1_base64="QGFdpKKvB+9jefWVbeoqOENIeVE="></latexit>u

<latexit sha1_base64="EQRscFJibJ0Elxx0GDZlc8Xx0Vk="></latexit>

Q …..…. critic (Q-value net)

<latexit sha1_base64="LUJBpTBOGqGoTxgE1kAJiSFbp/A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/ouRIA==</latexit>xcontinuous  
high-dimensional 

…..…. actor (policy net)<latexit sha1_base64="QGFdpKKvB+9jefWVbeoqOENIeVE="></latexit>u
<latexit sha1_base64="AgiDVGTjM5S+X1N/Hhab+3MExIw="></latexit>

⇡✓⇡ (x)

<latexit sha1_base64="3acR724exX0X1sn6+C4BHAUfuh4="></latexit>

Q✓Q(x,u)

<latexit sha1_base64="zeKlqqc4pha2hTtVUGowz4NvB8g="></latexit>

y = r + �max
u0

Q✓Q(x
0,u0)

<latexit sha1_base64="fAGa9qFG5sZWJGr8cqPkpF45ZjE="></latexit>

✓Q := ↵✓Q + (1� ↵)✓Q

Deep Deterministic Policy Gradient (DDPG)

<latexit sha1_base64="RhfNQSsJ8tNF39X0KAaTtlwoSNA="></latexit>

argmin
✓Q

X

x,u,y

kQ✓Q(x,u)� yk



<latexit sha1_base64="LUJBpTBOGqGoTxgE1kAJiSFbp/A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/ouRIA==</latexit>xcontinuous  
high-dimensional 

1. Collect transition                 => ReplayMemory

2. Sample transition(s) at random from ReplayMemory

3. Estimate target(s)

4. Update parameters by learning (assumes i.i.d+n.n.) 

 

5. Update target network

6. Repeat from 1

[x,u, r,x′]

<latexit sha1_base64="QGFdpKKvB+9jefWVbeoqOENIeVE="></latexit>u

<latexit sha1_base64="EQRscFJibJ0Elxx0GDZlc8Xx0Vk="></latexit>

Q …..…. critic (Q-value net)

<latexit sha1_base64="LUJBpTBOGqGoTxgE1kAJiSFbp/A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/ouRIA==</latexit>xcontinuous  
high-dimensional 

…..…. actor (policy net)<latexit sha1_base64="QGFdpKKvB+9jefWVbeoqOENIeVE="></latexit>u
<latexit sha1_base64="AgiDVGTjM5S+X1N/Hhab+3MExIw="></latexit>

⇡✓⇡ (x)

<latexit sha1_base64="3acR724exX0X1sn6+C4BHAUfuh4="></latexit>

Q✓Q(x,u)

<latexit sha1_base64="fAGa9qFG5sZWJGr8cqPkpF45ZjE="></latexit>

✓Q := ↵✓Q + (1� ↵)✓Q

<latexit sha1_base64="YOLkDDQwq5UMLVRiU4uuFLd3CHo="></latexit>

y = r + �Q✓Q(x
0,⇡✓⇡ (x0))

Deep Deterministic Policy Gradient (DDPG)

<latexit sha1_base64="RhfNQSsJ8tNF39X0KAaTtlwoSNA="></latexit>

argmin
✓Q

X

x,u,y

kQ✓Q(x,u)� yk



Deep Deterministic Policy Gradient (DDPG)
<latexit sha1_base64="LUJBpTBOGqGoTxgE1kAJiSFbp/A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/ouRIA==</latexit>xcontinuous  

high-dimensional 

1. Collect transition                 => ReplayMemory

2. Sample transition(s) at random from ReplayMemory

3. Estimate target(s)

4. Update critic 

5. Update actor 

6. Update target network 

7. Repeat from 1

[x,u, r,x′]

<latexit sha1_base64="QGFdpKKvB+9jefWVbeoqOENIeVE="></latexit>u

<latexit sha1_base64="EQRscFJibJ0Elxx0GDZlc8Xx0Vk="></latexit>

Q …..…. critic (Q-value net)

<latexit sha1_base64="LUJBpTBOGqGoTxgE1kAJiSFbp/A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/ouRIA==</latexit>xcontinuous  
high-dimensional 

…..…. actor (policy net)<latexit sha1_base64="QGFdpKKvB+9jefWVbeoqOENIeVE="></latexit>u
<latexit sha1_base64="AgiDVGTjM5S+X1N/Hhab+3MExIw="></latexit>

⇡✓⇡ (x)

<latexit sha1_base64="3acR724exX0X1sn6+C4BHAUfuh4="></latexit>

Q✓Q(x,u)

<latexit sha1_base64="fAGa9qFG5sZWJGr8cqPkpF45ZjE="></latexit>

✓Q := ↵✓Q + (1� ↵)✓Q
<latexit sha1_base64="autMDaSx6aU4iR87bW6GVaGsjXY="></latexit>

✓⇡ := ↵✓⇡ + (1� ↵)✓⇡

<latexit sha1_base64="RhfNQSsJ8tNF39X0KAaTtlwoSNA="></latexit>

argmin
✓Q

X

x,u,y

kQ✓Q(x,u)� yk

<latexit sha1_base64="YOLkDDQwq5UMLVRiU4uuFLd3CHo="></latexit>

y = r + �Q✓Q(x
0,⇡✓⇡ (x0))

<latexit sha1_base64="jUO7DQa/dkfH0dJtCeXpOisQEek="></latexit>

argmax
✓⇡

X

x

Q✓Q(x,⇡✓⇡ (x))



Deep Deterministic Policy Gradient (DDPG)

<latexit sha1_base64="LUJBpTBOGqGoTxgE1kAJiSFbp/A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/ouRIA==</latexit>x

<latexit sha1_base64="QGFdpKKvB+9jefWVbeoqOENIeVE="></latexit>u

<latexit sha1_base64="EQRscFJibJ0Elxx0GDZlc8Xx0Vk="></latexit>

Q
<latexit sha1_base64="LUJBpTBOGqGoTxgE1kAJiSFbp/A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/ouRIA==</latexit>x <latexit sha1_base64="QGFdpKKvB+9jefWVbeoqOENIeVE="></latexit>u

<latexit sha1_base64="AgiDVGTjM5S+X1N/Hhab+3MExIw="></latexit>

⇡✓⇡ (x)

<latexit sha1_base64="3acR724exX0X1sn6+C4BHAUfuh4="></latexit>

Q✓Q(x,u)

1. Collect transition                 => ReplayMemory

2. Sample transition(s) at random from ReplayMemory

3. Estimate target(s)

4. Update critic 

5. Update actor 

6. Update target network 

7. Repeat from 1

[x,u, r,x′]

<latexit sha1_base64="fAGa9qFG5sZWJGr8cqPkpF45ZjE="></latexit>

✓Q := ↵✓Q + (1� ↵)✓Q
<latexit sha1_base64="autMDaSx6aU4iR87bW6GVaGsjXY="></latexit>

✓⇡ := ↵✓⇡ + (1� ↵)✓⇡

<latexit sha1_base64="RhfNQSsJ8tNF39X0KAaTtlwoSNA="></latexit>

argmin
✓Q

X

x,u,y

kQ✓Q(x,u)� yk

<latexit sha1_base64="YOLkDDQwq5UMLVRiU4uuFLd3CHo="></latexit>

y = r + �Q✓Q(x
0,⇡✓⇡ (x0))

<latexit sha1_base64="jUO7DQa/dkfH0dJtCeXpOisQEek="></latexit>

argmax
✓⇡

X

x

Q✓Q(x,⇡✓⇡ (x))

Update critic



Deep Deterministic Policy Gradient (DDPG)

<latexit sha1_base64="LUJBpTBOGqGoTxgE1kAJiSFbp/A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/ouRIA==</latexit>x

<latexit sha1_base64="QGFdpKKvB+9jefWVbeoqOENIeVE="></latexit>u

<latexit sha1_base64="EQRscFJibJ0Elxx0GDZlc8Xx0Vk="></latexit>

Q
<latexit sha1_base64="LUJBpTBOGqGoTxgE1kAJiSFbp/A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/ouRIA==</latexit>x <latexit sha1_base64="QGFdpKKvB+9jefWVbeoqOENIeVE="></latexit>u

<latexit sha1_base64="AgiDVGTjM5S+X1N/Hhab+3MExIw="></latexit>

⇡✓⇡ (x)

<latexit sha1_base64="3acR724exX0X1sn6+C4BHAUfuh4="></latexit>

Q✓Q(x,u)

1. Collect transition                 => ReplayMemory

2. Sample transition(s) at random from ReplayMemory

3. Estimate target(s)

4. Update critic 

5. Update actor 

6. Update target network 

7. Repeat from 1

[x,u, r,x′]

<latexit sha1_base64="fAGa9qFG5sZWJGr8cqPkpF45ZjE="></latexit>

✓Q := ↵✓Q + (1� ↵)✓Q
<latexit sha1_base64="autMDaSx6aU4iR87bW6GVaGsjXY="></latexit>

✓⇡ := ↵✓⇡ + (1� ↵)✓⇡

<latexit sha1_base64="RhfNQSsJ8tNF39X0KAaTtlwoSNA="></latexit>

argmin
✓Q

X

x,u,y

kQ✓Q(x,u)� yk

<latexit sha1_base64="YOLkDDQwq5UMLVRiU4uuFLd3CHo="></latexit>

y = r + �Q✓Q(x
0,⇡✓⇡ (x0))

<latexit sha1_base64="jUO7DQa/dkfH0dJtCeXpOisQEek="></latexit>

argmax
✓⇡

X

x

Q✓Q(x,⇡✓⇡ (x))

Update actor



Deep Deterministic Policy Gradient (DDPG) variants

• [Fujimoto, 2018] Twin Delayed DDPG (TD3)  
https://arxiv.org/pdf/1802.09477.pdf

• Delayed policy updates (update Q 2x more frequently)

Taking maximum in target equation often overestimates

• Add noise to policy actions

• Learn two Q-functions and take minimum of its outputs
<latexit sha1_base64="bvdCZG3ulMqG4o0TOscXysDa1l0="></latexit>

y = r + �min
i

Q
✓Qi

(x0,⇡✓⇡ (x0))

<latexit sha1_base64="YOLkDDQwq5UMLVRiU4uuFLd3CHo="></latexit>

y = r + �Q✓Q(x
0,⇡✓⇡ (x0))

https://arxiv.org/pdf/1802.09477.pdf


Summary
• DQN and DDPG are off-policy algorithms (can learn from transitions collected by a 

different policy) 
=> Can use ReplayMemory 
=> Can use deterministic policy (exploration by synth.noise)

Q✓(x,u)
<latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit><latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit><latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit><latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit>

<latexit sha1_base64="LUJBpTBOGqGoTxgE1kAJiSFbp/A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/ouRIA==</latexit>xcontinuous  
high-dimensional 

<latexit sha1_base64="TiInzhv2DGCGAtrX7MovL1LsMyc="></latexit>

Q✓(x,u1)
<latexit sha1_base64="inEpQV8VlmbNMTURlMTJdEwf564="></latexit>

Q✓(x,u2)

<latexit sha1_base64="rh2eHH8ziEx2TE6ER23jNX6GVVc="></latexit>

Q✓(x,uK)

…
…

set of discrete  
actions

DQN:

<latexit sha1_base64="LUJBpTBOGqGoTxgE1kAJiSFbp/A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/ouRIA==</latexit>x

<latexit sha1_base64="QGFdpKKvB+9jefWVbeoqOENIeVE="></latexit>u

<latexit sha1_base64="EQRscFJibJ0Elxx0GDZlc8Xx0Vk="></latexit>

Q
<latexit sha1_base64="LUJBpTBOGqGoTxgE1kAJiSFbp/A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/ouRIA==</latexit>x <latexit sha1_base64="QGFdpKKvB+9jefWVbeoqOENIeVE="></latexit>u

<latexit sha1_base64="AgiDVGTjM5S+X1N/Hhab+3MExIw="></latexit>

⇡✓⇡ (x)

<latexit sha1_base64="3acR724exX0X1sn6+C4BHAUfuh4="></latexit>

Q✓Q(x,u)
DDPG:

continuous  
high-dimensional 

continuous  
high-dimensional 

scalar



Summary
• DQN and DDPG are off-policy algorithms (can learn from transitions collected by a 

different policy) 
=> Can use ReplayMemory 
=> Can use deterministic policy (exploration by synth.noise)

• Replay memory helps to decorrelate samples.

• Exploration with a slowly updating target network 

suppresses oscillations.

• Ensemble of different algorithms helps a lot.

• Next: On-policy methods with stochastic gradient



Deterministic vs stochastic policy

Deterministic policy for  
continuous control:

⇡✓(u|x)
<latexit sha1_base64="c8O3efg+MUJgIKsgdHTS34nc+gA="></latexit>

x
<latexit sha1_base64="/hJkej/HRouyoVE0EC7jObVO/D4="></latexit>

u
<latexit sha1_base64="4d5APMdnY1Eq/s+yFYET2kYm6N0="></latexit>

<latexit sha1_base64="IwxoFuDxROQq/o5X8BA3dxE0AyE="></latexit>

⇡✓(u|x) = f(x, ✓)



Deterministic vs stochastic policy

Deterministic policy for  
continuous control:

⇡✓(u|x)
<latexit sha1_base64="c8O3efg+MUJgIKsgdHTS34nc+gA="></latexit>

x
<latexit sha1_base64="/hJkej/HRouyoVE0EC7jObVO/D4="></latexit>

u
<latexit sha1_base64="4d5APMdnY1Eq/s+yFYET2kYm6N0="></latexit>

<latexit sha1_base64="IwxoFuDxROQq/o5X8BA3dxE0AyE="></latexit>

⇡✓(u|x) = f(x, ✓)

<latexit sha1_base64="AWY3E25ZSDCp1pLYiKUal8mKV6A="></latexit>

⇡✓(u|x) = C · exp
⇣
� (f(x, ✓µ)� u)2

✓2�

⌘

Stochastic policy for  
continuous control:

⇡✓(u|x)
<latexit sha1_base64="c8O3efg+MUJgIKsgdHTS34nc+gA="></latexit>

x
<latexit sha1_base64="/hJkej/HRouyoVE0EC7jObVO/D4="></latexit>

u
<latexit sha1_base64="4d5APMdnY1Eq/s+yFYET2kYm6N0="></latexit>



Deterministic vs stochastic policy

Deterministic policy for  
continuous control:

⇡✓(u|x)
<latexit sha1_base64="c8O3efg+MUJgIKsgdHTS34nc+gA="></latexit>

x
<latexit sha1_base64="/hJkej/HRouyoVE0EC7jObVO/D4="></latexit>

u
<latexit sha1_base64="4d5APMdnY1Eq/s+yFYET2kYm6N0="></latexit>

<latexit sha1_base64="IwxoFuDxROQq/o5X8BA3dxE0AyE="></latexit>

⇡✓(u|x) = f(x, ✓)

<latexit sha1_base64="AWY3E25ZSDCp1pLYiKUal8mKV6A="></latexit>

⇡✓(u|x) = C · exp
⇣
� (f(x, ✓µ)� u)2

✓2�

⌘

Stochastic policy for  
continuous control:

⇡✓(u|x)
<latexit sha1_base64="c8O3efg+MUJgIKsgdHTS34nc+gA="></latexit>

x
<latexit sha1_base64="/hJkej/HRouyoVE0EC7jObVO/D4="></latexit>

u
<latexit sha1_base64="4d5APMdnY1Eq/s+yFYET2kYm6N0="></latexit>

<latexit sha1_base64="0m0H/YvSwCux5kzlVOuX8fQdYGU="></latexit>

⇡✓(u|x) = f(x, ✓)

⇡✓(u|x)
<latexit sha1_base64="c8O3efg+MUJgIKsgdHTS34nc+gA="></latexit>

x
<latexit sha1_base64="/hJkej/HRouyoVE0EC7jObVO/D4="></latexit>

<latexit sha1_base64="SoylLy+y1aZ2vo2koNNkupURrJs=">AAACA3icbVDLSsNAFL3xWesr6k43g0Wom5KIohuh6MZlBfuANpTJdNIOnTyYmYglBtz4K25cKOLWn3Dn3zhpI2jrgYEz59zLvfe4EWdSWdaXMTe/sLi0XFgprq6tb2yaW9sNGcaC0DoJeShaLpaUs4DWFVOctiJBse9y2nSHl5nfvKVCsjC4UaOIOj7uB8xjBCstdc3dqNzxsRq4XhKn59b9z+cuPeyaJatijYFmiZ2TEuSodc3PTi8ksU8DRTiWsm1bkXISLBQjnKbFTixphMkQ92lb0wD7VDrJ+IYUHWilh7xQ6BcoNFZ/dyTYl3Lku7oyW1FOe5n4n9eOlXfmJCyIYkUDMhnkxRypEGWBoB4TlCg+0gQTwfSuiAywwETp2Io6BHv65FnSOKrYJxXr+rhUvcjjKMAe7EMZbDiFKlxBDepA4AGe4AVejUfj2Xgz3ielc0beswN/YHx8AyLBl9Y=</latexit>

p(u = 0|x)
<latexit sha1_base64="5Urf5k+V/FTzzHzmEkCGMjJreVY=">AAACA3icbVDLSgMxFL1TX7W+Rt3pJliEuikzRdGNUHTjsoJ9QDuUTJppQzMPkoxYxgE3/oobF4q49Sfc+Tem7QjaeiBwcs693HuPG3EmlWV9GbmFxaXllfxqYW19Y3PL3N5pyDAWhNZJyEPRcrGknAW0rpjitBUJin2X06Y7vBz7zVsqJAuDGzWKqOPjfsA8RrDSUtfci0odH6uB6yVxel65//ncpUdds2iVrQnQPLEzUoQMta752emFJPZpoAjHUrZtK1JOgoVihNO00IkljTAZ4j5taxpgn0onmdyQokOt9JAXCv0ChSbq744E+1KOfFdXjleUs95Y/M9rx8o7cxIWRLGiAZkO8mKOVIjGgaAeE5QoPtIEE8H0rogMsMBE6dgKOgR79uR50qiU7ZOydX1crF5kceRhHw6gBDacQhWuoAZ1IPAAT/ACr8aj8Wy8Ge/T0pyR9ezCHxgf3yXhl9g=</latexit>

p(u = 2|x)

…Stochastic policy for 
discrete control:



REINFORCE

5. Repeat from 2

<latexit sha1_base64="N+2fksejTaZ0yJ9Gu5dtxgvM5OI="></latexit>

J(✓) = E⌧⇠⇡✓{
X

rt⇠⌧

�trt

| {z }
r(⌧)

} ⇡ 1

N

X

⌧

r(⌧)3. Define criterion:

@J(✓)

@✓
=

Z

T
p(⌧ |⇡✓)

@ log p(⌧ |⇡✓)

@✓
r(⌧)d⌧ =

<latexit sha1_base64="O70Lp3jQD7VEDEnoGyiK+uYL9qI="></latexit>

4. Optimize criterion: <latexit sha1_base64="lD1U+oozeI3aIZM/OtgX1HxjujQ=">AAACAnicbZDLSgNBEEV74ivG16grcdMYBEEIMyIqghBwo7sI5gGZEGo6naRJz4PuGiEMwY2/4saFIm79Cnf+jZ1kFpp4oeFwq4rqun4shUbH+bZyC4tLyyv51cLa+sbmlr29U9NRohivskhGquGD5lKEvIoCJW/EikPgS173B9fjev2BKy2i8B6HMW8F0AtFVzBAY7XtPQ/7HIFeXtGMjqkHMu5D2y46JWciOg9uBkWSqdK2v7xOxJKAh8gkaN10nRhbKSgUTPJRwUs0j4ENoMebBkMIuG6lkxNG9NA4HdqNlHkh0on7eyKFQOth4JvOALCvZ2tj879aM8HuRSsVYZwgD9l0UTeRFCM6zoN2hOIM5dAAMCXMXynrgwKGJrWCCcGdPXkeaicl96zk3p0Wy7dZHHmyTw7IEXHJOSmTG1IhVcLII3kmr+TNerJerHfrY9qas7KZXfJH1ucPSK2WGg==</latexit>

✓ := ✓ + ↵

⌧
<latexit sha1_base64="WEuQaxy+80wPLN8+yAQ+jjl+yUs="></latexit><latexit sha1_base64="WEuQaxy+80wPLN8+yAQ+jjl+yUs="></latexit><latexit sha1_base64="WEuQaxy+80wPLN8+yAQ+jjl+yUs="></latexit><latexit sha1_base64="WEuQaxy+80wPLN8+yAQ+jjl+yUs="></latexit>

⇡✓
<latexit sha1_base64="sDsHPwYdPNM81X2VGc4nTJ+gQGw="></latexit><latexit sha1_base64="sDsHPwYdPNM81X2VGc4nTJ+gQGw="></latexit><latexit sha1_base64="sDsHPwYdPNM81X2VGc4nTJ+gQGw="></latexit><latexit sha1_base64="sDsHPwYdPNM81X2VGc4nTJ+gQGw="></latexit>

2. Collect trajectories     with policy

<latexit sha1_base64="0m0H/YvSwCux5kzlVOuX8fQdYGU="></latexit>

⇡✓(u|x) = f(x, ✓)

⇡✓(u|x)
<latexit sha1_base64="c8O3efg+MUJgIKsgdHTS34nc+gA="></latexit>

x
<latexit sha1_base64="/hJkej/HRouyoVE0EC7jObVO/D4="></latexit>

<latexit sha1_base64="SoylLy+y1aZ2vo2koNNkupURrJs=">AAACA3icbVDLSsNAFL3xWesr6k43g0Wom5KIohuh6MZlBfuANpTJdNIOnTyYmYglBtz4K25cKOLWn3Dn3zhpI2jrgYEz59zLvfe4EWdSWdaXMTe/sLi0XFgprq6tb2yaW9sNGcaC0DoJeShaLpaUs4DWFVOctiJBse9y2nSHl5nfvKVCsjC4UaOIOj7uB8xjBCstdc3dqNzxsRq4XhKn59b9z+cuPeyaJatijYFmiZ2TEuSodc3PTi8ksU8DRTiWsm1bkXISLBQjnKbFTixphMkQ92lb0wD7VDrJ+IYUHWilh7xQ6BcoNFZ/dyTYl3Lku7oyW1FOe5n4n9eOlXfmJCyIYkUDMhnkxRypEGWBoB4TlCg+0gQTwfSuiAywwETp2Io6BHv65FnSOKrYJxXr+rhUvcjjKMAe7EMZbDiFKlxBDepA4AGe4AVejUfj2Xgz3ielc0beswN/YHx8AyLBl9Y=</latexit>

p(u = 0|x)
<latexit sha1_base64="5Urf5k+V/FTzzHzmEkCGMjJreVY=">AAACA3icbVDLSgMxFL1TX7W+Rt3pJliEuikzRdGNUHTjsoJ9QDuUTJppQzMPkoxYxgE3/oobF4q49Sfc+Tem7QjaeiBwcs693HuPG3EmlWV9GbmFxaXllfxqYW19Y3PL3N5pyDAWhNZJyEPRcrGknAW0rpjitBUJin2X06Y7vBz7zVsqJAuDGzWKqOPjfsA8RrDSUtfci0odH6uB6yVxel65//ncpUdds2iVrQnQPLEzUoQMta752emFJPZpoAjHUrZtK1JOgoVihNO00IkljTAZ4j5taxpgn0onmdyQokOt9JAXCv0ChSbq744E+1KOfFdXjleUs95Y/M9rx8o7cxIWRLGiAZkO8mKOVIjGgaAeE5QoPtIEE8H0rogMsMBE6dgKOgR79uR50qiU7ZOydX1crF5kceRhHw6gBDacQhWuoAZ1IPAAT/ACr8aj8Wy8Ge/T0pyR9ezCHxgf3yXhl9g=</latexit>

p(u = 2|x)

…Stochastic policy for 
discrete control:

1. Initialize policy 
<latexit sha1_base64="0m0H/YvSwCux5kzlVOuX8fQdYGU="></latexit>

⇡✓(u|x) = f(x, ✓)



1. Initialize policy 

What is the gradient???
@J(✓)

@✓
=

Z

T
p(⌧ |⇡✓)

@ log p(⌧ |⇡✓)

@✓
r(⌧)d⌧ =

<latexit sha1_base64="O70Lp3jQD7VEDEnoGyiK+uYL9qI="></latexit>

REINFORCE

<latexit sha1_base64="N+2fksejTaZ0yJ9Gu5dtxgvM5OI="></latexit>

J(✓) = E⌧⇠⇡✓{
X
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5. Repeat from 2

4. Optimize criterion:

3. Define criterion:

<latexit sha1_base64="lD1U+oozeI3aIZM/OtgX1HxjujQ=">AAACAnicbZDLSgNBEEV74ivG16grcdMYBEEIMyIqghBwo7sI5gGZEGo6naRJz4PuGiEMwY2/4saFIm79Cnf+jZ1kFpp4oeFwq4rqun4shUbH+bZyC4tLyyv51cLa+sbmlr29U9NRohivskhGquGD5lKEvIoCJW/EikPgS173B9fjev2BKy2i8B6HMW8F0AtFVzBAY7XtPQ/7HIFeXtGMjqkHMu5D2y46JWciOg9uBkWSqdK2v7xOxJKAh8gkaN10nRhbKSgUTPJRwUs0j4ENoMebBkMIuG6lkxNG9NA4HdqNlHkh0on7eyKFQOth4JvOALCvZ2tj879aM8HuRSsVYZwgD9l0UTeRFCM6zoN2hOIM5dAAMCXMXynrgwKGJrWCCcGdPXkeaicl96zk3p0Wy7dZHHmyTw7IEXHJOSmTG1IhVcLII3kmr+TNerJerHfrY9qas7KZXfJH1ucPSK2WGg==</latexit>

✓ := ✓ + ↵

⌧
<latexit sha1_base64="WEuQaxy+80wPLN8+yAQ+jjl+yUs="></latexit><latexit sha1_base64="WEuQaxy+80wPLN8+yAQ+jjl+yUs="></latexit><latexit sha1_base64="WEuQaxy+80wPLN8+yAQ+jjl+yUs="></latexit><latexit sha1_base64="WEuQaxy+80wPLN8+yAQ+jjl+yUs="></latexit>

⇡✓
<latexit sha1_base64="sDsHPwYdPNM81X2VGc4nTJ+gQGw="></latexit><latexit sha1_base64="sDsHPwYdPNM81X2VGc4nTJ+gQGw="></latexit><latexit sha1_base64="sDsHPwYdPNM81X2VGc4nTJ+gQGw="></latexit><latexit sha1_base64="sDsHPwYdPNM81X2VGc4nTJ+gQGw="></latexit>

2. Collect trajectories     with policy

<latexit sha1_base64="0m0H/YvSwCux5kzlVOuX8fQdYGU="></latexit>

⇡✓(u|x) = f(x, ✓)

⇡✓(u|x)
<latexit sha1_base64="c8O3efg+MUJgIKsgdHTS34nc+gA="></latexit>

x
<latexit sha1_base64="/hJkej/HRouyoVE0EC7jObVO/D4="></latexit>

<latexit sha1_base64="SoylLy+y1aZ2vo2koNNkupURrJs=">AAACA3icbVDLSsNAFL3xWesr6k43g0Wom5KIohuh6MZlBfuANpTJdNIOnTyYmYglBtz4K25cKOLWn3Dn3zhpI2jrgYEz59zLvfe4EWdSWdaXMTe/sLi0XFgprq6tb2yaW9sNGcaC0DoJeShaLpaUs4DWFVOctiJBse9y2nSHl5nfvKVCsjC4UaOIOj7uB8xjBCstdc3dqNzxsRq4XhKn59b9z+cuPeyaJatijYFmiZ2TEuSodc3PTi8ksU8DRTiWsm1bkXISLBQjnKbFTixphMkQ92lb0wD7VDrJ+IYUHWilh7xQ6BcoNFZ/dyTYl3Lku7oyW1FOe5n4n9eOlXfmJCyIYkUDMhnkxRypEGWBoB4TlCg+0gQTwfSuiAywwETp2Io6BHv65FnSOKrYJxXr+rhUvcjjKMAe7EMZbDiFKlxBDepA4AGe4AVejUfj2Xgz3ielc0beswN/YHx8AyLBl9Y=</latexit>

p(u = 0|x)
<latexit sha1_base64="5Urf5k+V/FTzzHzmEkCGMjJreVY=">AAACA3icbVDLSgMxFL1TX7W+Rt3pJliEuikzRdGNUHTjsoJ9QDuUTJppQzMPkoxYxgE3/oobF4q49Sfc+Tem7QjaeiBwcs693HuPG3EmlWV9GbmFxaXllfxqYW19Y3PL3N5pyDAWhNZJyEPRcrGknAW0rpjitBUJin2X06Y7vBz7zVsqJAuDGzWKqOPjfsA8RrDSUtfci0odH6uB6yVxel65//ncpUdds2iVrQnQPLEzUoQMta752emFJPZpoAjHUrZtK1JOgoVihNO00IkljTAZ4j5taxpgn0onmdyQokOt9JAXCv0ChSbq744E+1KOfFdXjleUs95Y/M9rx8o7cxIWRLGiAZkO8mKOVIjGgaAeE5QoPtIEE8H0rogMsMBE6dgKOgR79uR50qiU7ZOydX1crF5kceRhHw6gBDacQhWuoAZ1IPAAT/ACr8aj8Wy8Ge/T0pyR9ezCHxgf3yXhl9g=</latexit>

p(u = 2|x)

…Stochastic policy for 
discrete control:



What is the gradient???

@J(✓)

@✓
=

Z

T
p(⌧ |⇡✓)

@ log p(⌧ |⇡✓)

@✓
r(⌧)d⌧ =

<latexit sha1_base64="O70Lp3jQD7VEDEnoGyiK+uYL9qI="></latexit>

• REINFORCE theorem:
<latexit sha1_base64="VHQERuxP/5qdzojHb3O/kS+aqgo="></latexit>
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@ log(⇡✓(u|x))
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· r(⌧)



What is the gradient???

• REINFORCE theorem:

@J(✓)

@✓
=

Z

T
p(⌧ |⇡✓)

@ log p(⌧ |⇡✓)

@✓
r(⌧)d⌧ =

<latexit sha1_base64="O70Lp3jQD7VEDEnoGyiK+uYL9qI="></latexit>

Gradient is the weighted sum of directions (in   -space), which 
increases probability of performed actions.  

<latexit sha1_base64="fumyG8WbCQIm97m1rGRV+sj6e68=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV1R9Bj04jGCeUCyhNnJbDJmdmaZ6RVCyD948aCIV//Hm3/jJNmDJhY0FFXddHdFqRQWff/bW1ldW9/YLGwVt3d29/ZLB4cNqzPDeJ1pqU0ropZLoXgdBUreSg2nSSR5MxreTv3mEzdWaPWAo5SHCe0rEQtG0UmNDg440m6p7Ff8GcgyCXJShhy1bumr09MsS7hCJqm17cBPMRxTg4JJPil2MstTyoa0z9uOKppwG45n107IqVN6JNbGlUIyU39PjGli7SiJXGdCcWAXvan4n9fOML4Ox0KlGXLF5oviTBLUZPo66QnDGcqRI5QZ4W4lbEANZegCKroQgsWXl0njvBJcVvz7i3L1Jo+jAMdwAmcQwBVU4Q5qUAcGj/AMr/Dmae/Fe/c+5q0rXj5zBH/gff4ApUmPLA==</latexit>

✓

vThe weights are sum of rewards along the resulting trajectory.

<latexit sha1_base64="VHQERuxP/5qdzojHb3O/kS+aqgo="></latexit>

⇡
X

(u,x)2⌧

@ log(⇡✓(u|x))
@✓

· r(⌧)



What is the gradient???

• REINFORCE theorem:

@J(✓)

@✓
=

Z

T
p(⌧ |⇡✓)

@ log p(⌧ |⇡✓)

@✓
r(⌧)d⌧ =

<latexit sha1_base64="O70Lp3jQD7VEDEnoGyiK+uYL9qI="></latexit>

Gradient is the weighted sum of directions (in   -space), which 
increases probability of performed actions.  

<latexit sha1_base64="fumyG8WbCQIm97m1rGRV+sj6e68=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV1R9Bj04jGCeUCyhNnJbDJmdmaZ6RVCyD948aCIV//Hm3/jJNmDJhY0FFXddHdFqRQWff/bW1ldW9/YLGwVt3d29/ZLB4cNqzPDeJ1pqU0ropZLoXgdBUreSg2nSSR5MxreTv3mEzdWaPWAo5SHCe0rEQtG0UmNDg440m6p7Ff8GcgyCXJShhy1bumr09MsS7hCJqm17cBPMRxTg4JJPil2MstTyoa0z9uOKppwG45n107IqVN6JNbGlUIyU39PjGli7SiJXGdCcWAXvan4n9fOML4Ox0KlGXLF5oviTBLUZPo66QnDGcqRI5QZ4W4lbEANZegCKroQgsWXl0njvBJcVvz7i3L1Jo+jAMdwAmcQwBVU4Q5qUAcGj/AMr/Dmae/Fe/c+5q0rXj5zBH/gff4ApUmPLA==</latexit>

✓

vThe weights are sum of rewards along the resulting trajectory.

Learning means increasing probability of predicting actions,  
that have yielded high sum of rewards.

<latexit sha1_base64="VHQERuxP/5qdzojHb3O/kS+aqgo="></latexit>

⇡
X

(u,x)2⌧

@ log(⇡✓(u|x))
@✓

· r(⌧)

⇡✓(u|x)
<latexit sha1_base64="c8O3efg+MUJgIKsgdHTS34nc+gA="></latexit>

x
<latexit sha1_base64="/hJkej/HRouyoVE0EC7jObVO/D4="></latexit>

<latexit sha1_base64="SoylLy+y1aZ2vo2koNNkupURrJs=">AAACA3icbVDLSsNAFL3xWesr6k43g0Wom5KIohuh6MZlBfuANpTJdNIOnTyYmYglBtz4K25cKOLWn3Dn3zhpI2jrgYEz59zLvfe4EWdSWdaXMTe/sLi0XFgprq6tb2yaW9sNGcaC0DoJeShaLpaUs4DWFVOctiJBse9y2nSHl5nfvKVCsjC4UaOIOj7uB8xjBCstdc3dqNzxsRq4XhKn59b9z+cuPeyaJatijYFmiZ2TEuSodc3PTi8ksU8DRTiWsm1bkXISLBQjnKbFTixphMkQ92lb0wD7VDrJ+IYUHWilh7xQ6BcoNFZ/dyTYl3Lku7oyW1FOe5n4n9eOlXfmJCyIYkUDMhnkxRypEGWBoB4TlCg+0gQTwfSuiAywwETp2Io6BHv65FnSOKrYJxXr+rhUvcjjKMAe7EMZbDiFKlxBDepA4AGe4AVejUfj2Xgz3ielc0beswN/YHx8AyLBl9Y=</latexit>

p(u = 0|x)
<latexit sha1_base64="5Urf5k+V/FTzzHzmEkCGMjJreVY=">AAACA3icbVDLSgMxFL1TX7W+Rt3pJliEuikzRdGNUHTjsoJ9QDuUTJppQzMPkoxYxgE3/oobF4q49Sfc+Tem7QjaeiBwcs693HuPG3EmlWV9GbmFxaXllfxqYW19Y3PL3N5pyDAWhNZJyEPRcrGknAW0rpjitBUJin2X06Y7vBz7zVsqJAuDGzWKqOPjfsA8RrDSUtfci0odH6uB6yVxel65//ncpUdds2iVrQnQPLEzUoQMta752emFJPZpoAjHUrZtK1JOgoVihNO00IkljTAZ4j5taxpgn0onmdyQokOt9JAXCv0ChSbq744E+1KOfFdXjleUs95Y/M9rx8o7cxIWRLGiAZkO8mKOVIjGgaAeE5QoPtIEE8H0rogMsMBE6dgKOgR79uR50qiU7ZOydX1crF5kceRhHw6gBDacQhWuoAZ1IPAAT/ACr8aj8Wy8Ge/T0pyR9ezCHxgf3yXhl9g=</latexit>

p(u = 2|x)

…

<latexit sha1_base64="VHQERuxP/5qdzojHb3O/kS+aqgo="></latexit>

⇡
X

(u,x)2⌧

@ log(⇡✓(u|x))
@✓

· r(⌧) =+100



What is the gradient???

• REINFORCE theorem:

@J(✓)

@✓
=

Z

T
p(⌧ |⇡✓)

@ log p(⌧ |⇡✓)

@✓
r(⌧)d⌧ =

<latexit sha1_base64="O70Lp3jQD7VEDEnoGyiK+uYL9qI="></latexit>

Gradient is the weighted sum of directions (in   -space), which 
increases probability of performed actions.  

<latexit sha1_base64="fumyG8WbCQIm97m1rGRV+sj6e68=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV1R9Bj04jGCeUCyhNnJbDJmdmaZ6RVCyD948aCIV//Hm3/jJNmDJhY0FFXddHdFqRQWff/bW1ldW9/YLGwVt3d29/ZLB4cNqzPDeJ1pqU0ropZLoXgdBUreSg2nSSR5MxreTv3mEzdWaPWAo5SHCe0rEQtG0UmNDg440m6p7Ff8GcgyCXJShhy1bumr09MsS7hCJqm17cBPMRxTg4JJPil2MstTyoa0z9uOKppwG45n107IqVN6JNbGlUIyU39PjGli7SiJXGdCcWAXvan4n9fOML4Ox0KlGXLF5oviTBLUZPo66QnDGcqRI5QZ4W4lbEANZegCKroQgsWXl0njvBJcVvz7i3L1Jo+jAMdwAmcQwBVU4Q5qUAcGj/AMr/Dmae/Fe/c+5q0rXj5zBH/gff4ApUmPLA==</latexit>

✓

vThe weights are sum of rewards along the resulting trajectory.

Learning means increasing probability of predicting actions,  
that have yielded high sum of rewards.

<latexit sha1_base64="VHQERuxP/5qdzojHb3O/kS+aqgo="></latexit>

⇡
X

(u,x)2⌧

@ log(⇡✓(u|x))
@✓

· r(⌧)

⇡✓(u|x)
<latexit sha1_base64="c8O3efg+MUJgIKsgdHTS34nc+gA="></latexit>

x
<latexit sha1_base64="/hJkej/HRouyoVE0EC7jObVO/D4="></latexit>

<latexit sha1_base64="SoylLy+y1aZ2vo2koNNkupURrJs=">AAACA3icbVDLSsNAFL3xWesr6k43g0Wom5KIohuh6MZlBfuANpTJdNIOnTyYmYglBtz4K25cKOLWn3Dn3zhpI2jrgYEz59zLvfe4EWdSWdaXMTe/sLi0XFgprq6tb2yaW9sNGcaC0DoJeShaLpaUs4DWFVOctiJBse9y2nSHl5nfvKVCsjC4UaOIOj7uB8xjBCstdc3dqNzxsRq4XhKn59b9z+cuPeyaJatijYFmiZ2TEuSodc3PTi8ksU8DRTiWsm1bkXISLBQjnKbFTixphMkQ92lb0wD7VDrJ+IYUHWilh7xQ6BcoNFZ/dyTYl3Lku7oyW1FOe5n4n9eOlXfmJCyIYkUDMhnkxRypEGWBoB4TlCg+0gQTwfSuiAywwETp2Io6BHv65FnSOKrYJxXr+rhUvcjjKMAe7EMZbDiFKlxBDepA4AGe4AVejUfj2Xgz3ielc0beswN/YHx8AyLBl9Y=</latexit>

p(u = 0|x)
<latexit sha1_base64="5Urf5k+V/FTzzHzmEkCGMjJreVY=">AAACA3icbVDLSgMxFL1TX7W+Rt3pJliEuikzRdGNUHTjsoJ9QDuUTJppQzMPkoxYxgE3/oobF4q49Sfc+Tem7QjaeiBwcs693HuPG3EmlWV9GbmFxaXllfxqYW19Y3PL3N5pyDAWhNZJyEPRcrGknAW0rpjitBUJin2X06Y7vBz7zVsqJAuDGzWKqOPjfsA8RrDSUtfci0odH6uB6yVxel65//ncpUdds2iVrQnQPLEzUoQMta752emFJPZpoAjHUrZtK1JOgoVihNO00IkljTAZ4j5taxpgn0onmdyQokOt9JAXCv0ChSbq744E+1KOfFdXjleUs95Y/M9rx8o7cxIWRLGiAZkO8mKOVIjGgaAeE5QoPtIEE8H0rogMsMBE6dgKOgR79uR50qiU7ZOydX1crF5kceRhHw6gBDacQhWuoAZ1IPAAT/ACr8aj8Wy8Ge/T0pyR9ezCHxgf3yXhl9g=</latexit>

p(u = 2|x)

…

<latexit sha1_base64="VHQERuxP/5qdzojHb3O/kS+aqgo="></latexit>

⇡
X

(u,x)2⌧

@ log(⇡✓(u|x))
@✓

· r(⌧) =+100



What is the gradient???

• REINFORCE theorem:

@J(✓)

@✓
=

Z

T
p(⌧ |⇡✓)

@ log p(⌧ |⇡✓)

@✓
r(⌧)d⌧ =

<latexit sha1_base64="O70Lp3jQD7VEDEnoGyiK+uYL9qI="></latexit>

Gradient is the weighted sum of directions (in   -space), which 
increases probability of performed actions.  

<latexit sha1_base64="fumyG8WbCQIm97m1rGRV+sj6e68=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV1R9Bj04jGCeUCyhNnJbDJmdmaZ6RVCyD948aCIV//Hm3/jJNmDJhY0FFXddHdFqRQWff/bW1ldW9/YLGwVt3d29/ZLB4cNqzPDeJ1pqU0ropZLoXgdBUreSg2nSSR5MxreTv3mEzdWaPWAo5SHCe0rEQtG0UmNDg440m6p7Ff8GcgyCXJShhy1bumr09MsS7hCJqm17cBPMRxTg4JJPil2MstTyoa0z9uOKppwG45n107IqVN6JNbGlUIyU39PjGli7SiJXGdCcWAXvan4n9fOML4Ox0KlGXLF5oviTBLUZPo66QnDGcqRI5QZ4W4lbEANZegCKroQgsWXl0njvBJcVvz7i3L1Jo+jAMdwAmcQwBVU4Q5qUAcGj/AMr/Dmae/Fe/c+5q0rXj5zBH/gff4ApUmPLA==</latexit>

✓

vThe weights are sum of rewards along the resulting trajectory.

Learning means increasing probability of predicting actions,  
that have yielded high sum of rewards.

<latexit sha1_base64="VHQERuxP/5qdzojHb3O/kS+aqgo="></latexit>

⇡
X

(u,x)2⌧

@ log(⇡✓(u|x))
@✓

· r(⌧)

⇡✓(u|x)
<latexit sha1_base64="c8O3efg+MUJgIKsgdHTS34nc+gA="></latexit>

x
<latexit sha1_base64="/hJkej/HRouyoVE0EC7jObVO/D4="></latexit>

<latexit sha1_base64="SoylLy+y1aZ2vo2koNNkupURrJs=">AAACA3icbVDLSsNAFL3xWesr6k43g0Wom5KIohuh6MZlBfuANpTJdNIOnTyYmYglBtz4K25cKOLWn3Dn3zhpI2jrgYEz59zLvfe4EWdSWdaXMTe/sLi0XFgprq6tb2yaW9sNGcaC0DoJeShaLpaUs4DWFVOctiJBse9y2nSHl5nfvKVCsjC4UaOIOj7uB8xjBCstdc3dqNzxsRq4XhKn59b9z+cuPeyaJatijYFmiZ2TEuSodc3PTi8ksU8DRTiWsm1bkXISLBQjnKbFTixphMkQ92lb0wD7VDrJ+IYUHWilh7xQ6BcoNFZ/dyTYl3Lku7oyW1FOe5n4n9eOlXfmJCyIYkUDMhnkxRypEGWBoB4TlCg+0gQTwfSuiAywwETp2Io6BHv65FnSOKrYJxXr+rhUvcjjKMAe7EMZbDiFKlxBDepA4AGe4AVejUfj2Xgz3ielc0beswN/YHx8AyLBl9Y=</latexit>

p(u = 0|x)
<latexit sha1_base64="5Urf5k+V/FTzzHzmEkCGMjJreVY=">AAACA3icbVDLSgMxFL1TX7W+Rt3pJliEuikzRdGNUHTjsoJ9QDuUTJppQzMPkoxYxgE3/oobF4q49Sfc+Tem7QjaeiBwcs693HuPG3EmlWV9GbmFxaXllfxqYW19Y3PL3N5pyDAWhNZJyEPRcrGknAW0rpjitBUJin2X06Y7vBz7zVsqJAuDGzWKqOPjfsA8RrDSUtfci0odH6uB6yVxel65//ncpUdds2iVrQnQPLEzUoQMta752emFJPZpoAjHUrZtK1JOgoVihNO00IkljTAZ4j5taxpgn0onmdyQokOt9JAXCv0ChSbq744E+1KOfFdXjleUs95Y/M9rx8o7cxIWRLGiAZkO8mKOVIjGgaAeE5QoPtIEE8H0rogMsMBE6dgKOgR79uR50qiU7ZOydX1crF5kceRhHw6gBDacQhWuoAZ1IPAAT/ACr8aj8Wy8Ge/T0pyR9ezCHxgf3yXhl9g=</latexit>

p(u = 2|x)

…<latexit sha1_base64="VHQERuxP/5qdzojHb3O/kS+aqgo="></latexit>

⇡
X

(u,x)2⌧

@ log(⇡✓(u|x))
@✓

· r(⌧) =-100



What is the gradient???

• REINFORCE theorem:

@J(✓)

@✓
=

Z

T
p(⌧ |⇡✓)

@ log p(⌧ |⇡✓)

@✓
r(⌧)d⌧ =

<latexit sha1_base64="O70Lp3jQD7VEDEnoGyiK+uYL9qI="></latexit>

Gradient is the weighted sum of directions (in   -space), which 
increases probability of performed actions.  

<latexit sha1_base64="fumyG8WbCQIm97m1rGRV+sj6e68=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV1R9Bj04jGCeUCyhNnJbDJmdmaZ6RVCyD948aCIV//Hm3/jJNmDJhY0FFXddHdFqRQWff/bW1ldW9/YLGwVt3d29/ZLB4cNqzPDeJ1pqU0ropZLoXgdBUreSg2nSSR5MxreTv3mEzdWaPWAo5SHCe0rEQtG0UmNDg440m6p7Ff8GcgyCXJShhy1bumr09MsS7hCJqm17cBPMRxTg4JJPil2MstTyoa0z9uOKppwG45n107IqVN6JNbGlUIyU39PjGli7SiJXGdCcWAXvan4n9fOML4Ox0KlGXLF5oviTBLUZPo66QnDGcqRI5QZ4W4lbEANZegCKroQgsWXl0njvBJcVvz7i3L1Jo+jAMdwAmcQwBVU4Q5qUAcGj/AMr/Dmae/Fe/c+5q0rXj5zBH/gff4ApUmPLA==</latexit>

✓

vThe weights are sum of rewards along the resulting trajectory.

Learning means increasing probability of predicting actions,  
that have yielded high sum of rewards.

<latexit sha1_base64="VHQERuxP/5qdzojHb3O/kS+aqgo="></latexit>

⇡
X

(u,x)2⌧

@ log(⇡✓(u|x))
@✓

· r(⌧)

⇡✓(u|x)
<latexit sha1_base64="c8O3efg+MUJgIKsgdHTS34nc+gA="></latexit>

x
<latexit sha1_base64="/hJkej/HRouyoVE0EC7jObVO/D4="></latexit>

<latexit sha1_base64="SoylLy+y1aZ2vo2koNNkupURrJs=">AAACA3icbVDLSsNAFL3xWesr6k43g0Wom5KIohuh6MZlBfuANpTJdNIOnTyYmYglBtz4K25cKOLWn3Dn3zhpI2jrgYEz59zLvfe4EWdSWdaXMTe/sLi0XFgprq6tb2yaW9sNGcaC0DoJeShaLpaUs4DWFVOctiJBse9y2nSHl5nfvKVCsjC4UaOIOj7uB8xjBCstdc3dqNzxsRq4XhKn59b9z+cuPeyaJatijYFmiZ2TEuSodc3PTi8ksU8DRTiWsm1bkXISLBQjnKbFTixphMkQ92lb0wD7VDrJ+IYUHWilh7xQ6BcoNFZ/dyTYl3Lku7oyW1FOe5n4n9eOlXfmJCyIYkUDMhnkxRypEGWBoB4TlCg+0gQTwfSuiAywwETp2Io6BHv65FnSOKrYJxXr+rhUvcjjKMAe7EMZbDiFKlxBDepA4AGe4AVejUfj2Xgz3ielc0beswN/YHx8AyLBl9Y=</latexit>

p(u = 0|x)
<latexit sha1_base64="5Urf5k+V/FTzzHzmEkCGMjJreVY=">AAACA3icbVDLSgMxFL1TX7W+Rt3pJliEuikzRdGNUHTjsoJ9QDuUTJppQzMPkoxYxgE3/oobF4q49Sfc+Tem7QjaeiBwcs693HuPG3EmlWV9GbmFxaXllfxqYW19Y3PL3N5pyDAWhNZJyEPRcrGknAW0rpjitBUJin2X06Y7vBz7zVsqJAuDGzWKqOPjfsA8RrDSUtfci0odH6uB6yVxel65//ncpUdds2iVrQnQPLEzUoQMta752emFJPZpoAjHUrZtK1JOgoVihNO00IkljTAZ4j5taxpgn0onmdyQokOt9JAXCv0ChSbq744E+1KOfFdXjleUs95Y/M9rx8o7cxIWRLGiAZkO8mKOVIjGgaAeE5QoPtIEE8H0rogMsMBE6dgKOgR79uR50qiU7ZOydX1crF5kceRhHw6gBDacQhWuoAZ1IPAAT/ACr8aj8Wy8Ge/T0pyR9ezCHxgf3yXhl9g=</latexit>

p(u = 2|x)

…<latexit sha1_base64="VHQERuxP/5qdzojHb3O/kS+aqgo="></latexit>

⇡
X

(u,x)2⌧

@ log(⇡✓(u|x))
@✓

· r(⌧) =-100



REINFORCE

⇡✓(u|x)
<latexit sha1_base64="c8O3efg+MUJgIKsgdHTS34nc+gA="></latexit>

x
<latexit sha1_base64="/hJkej/HRouyoVE0EC7jObVO/D4="></latexit>

<latexit sha1_base64="SoylLy+y1aZ2vo2koNNkupURrJs=">AAACA3icbVDLSsNAFL3xWesr6k43g0Wom5KIohuh6MZlBfuANpTJdNIOnTyYmYglBtz4K25cKOLWn3Dn3zhpI2jrgYEz59zLvfe4EWdSWdaXMTe/sLi0XFgprq6tb2yaW9sNGcaC0DoJeShaLpaUs4DWFVOctiJBse9y2nSHl5nfvKVCsjC4UaOIOj7uB8xjBCstdc3dqNzxsRq4XhKn59b9z+cuPeyaJatijYFmiZ2TEuSodc3PTi8ksU8DRTiWsm1bkXISLBQjnKbFTixphMkQ92lb0wD7VDrJ+IYUHWilh7xQ6BcoNFZ/dyTYl3Lku7oyW1FOe5n4n9eOlXfmJCyIYkUDMhnkxRypEGWBoB4TlCg+0gQTwfSuiAywwETp2Io6BHv65FnSOKrYJxXr+rhUvcjjKMAe7EMZbDiFKlxBDepA4AGe4AVejUfj2Xgz3ielc0beswN/YHx8AyLBl9Y=</latexit>

p(u = 0|x)
<latexit sha1_base64="5Urf5k+V/FTzzHzmEkCGMjJreVY=">AAACA3icbVDLSgMxFL1TX7W+Rt3pJliEuikzRdGNUHTjsoJ9QDuUTJppQzMPkoxYxgE3/oobF4q49Sfc+Tem7QjaeiBwcs693HuPG3EmlWV9GbmFxaXllfxqYW19Y3PL3N5pyDAWhNZJyEPRcrGknAW0rpjitBUJin2X06Y7vBz7zVsqJAuDGzWKqOPjfsA8RrDSUtfci0odH6uB6yVxel65//ncpUdds2iVrQnQPLEzUoQMta752emFJPZpoAjHUrZtK1JOgoVihNO00IkljTAZ4j5taxpgn0onmdyQokOt9JAXCv0ChSbq744E+1KOfFdXjleUs95Y/M9rx8o7cxIWRLGiAZkO8mKOVIjGgaAeE5QoPtIEE8H0rogMsMBE6dgKOgR79uR50qiU7ZOydX1crF5kceRhHw6gBDacQhWuoAZ1IPAAT/ACr8aj8Wy8Ge/T0pyR9ezCHxgf3yXhl9g=</latexit>

p(u = 2|x)

…Stochastic policy for 
discrete control:

@J(✓)

@✓
=

Z

T
p(⌧ |⇡✓)

@ log p(⌧ |⇡✓)

@✓
r(⌧)d⌧ =

<latexit sha1_base64="O70Lp3jQD7VEDEnoGyiK+uYL9qI="></latexit>

<latexit sha1_base64="VHQERuxP/5qdzojHb3O/kS+aqgo="></latexit>

⇡
X

(u,x)2⌧

@ log(⇡✓(u|x))
@✓

· r(⌧)

1. Initialize policy 
⌧

<latexit sha1_base64="WEuQaxy+80wPLN8+yAQ+jjl+yUs="></latexit><latexit sha1_base64="WEuQaxy+80wPLN8+yAQ+jjl+yUs="></latexit><latexit sha1_base64="WEuQaxy+80wPLN8+yAQ+jjl+yUs="></latexit><latexit sha1_base64="WEuQaxy+80wPLN8+yAQ+jjl+yUs="></latexit>

<latexit sha1_base64="AWY3E25ZSDCp1pLYiKUal8mKV6A="></latexit>

⇡✓(u|x) = C · exp
⇣
� (f(x, ✓µ)� u)2

✓2�

⌘
2. Collect trajectories     with policy
4. Update policy (actor):

<latexit sha1_base64="H06wqck3JNyM8xHFCQYGgVY0/Bo=">AAACLHicbZDLSgMxFIYzXmu9VV26CRZBEcqMiIogFLpRVwpWC51SzqQZG5q5kJwRytAHcuOrCOJCEbc+h5nOgFo9EPj5/nOSnN+LpdBo22/W1PTM7Nx8aaG8uLS8slpZW7/RUaIYb7JIRqrlgeZShLyJAiVvxYpD4El+6w0amX97z5UWUXiNw5h3ArgLhS8YoEHdSsPFPkegJ6e0UHvUBRn3wfUVsNSNQaEASS92cn939M1yMupWqnbNHhf9K5xCVElRl93Ks9uLWBLwEJkErduOHWMnzW5lko/KbqJ5DGwAd7xtZAgB1510vOyIbhvSo36kzAmRjunPiRQCrYeBZzoDwL6e9DL4n9dO0D/upCKME+Qhyx/yE0kxollytCcUZyiHRgBTwvyVsj6YkNDkWzYhOJMr/xU3+zXnsOZcHVTr50UcJbJJtsgOccgRqZMzckmahJEH8kReyZv1aL1Y79ZH3jplFTMb5FdZn1+tzqf3</latexit>

✓ := ✓ + ↵
@J(✓)

@✓
5. Repeat from 2

<latexit sha1_base64="0m0H/YvSwCux5kzlVOuX8fQdYGU="></latexit>

⇡✓(u|x) = f(x, ✓)



Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

policy: ⇡✓(u|x) = s

✓
✓>1 x
✓>2 x

�◆

<latexit sha1_base64="WIPCkx7FgW4pX8fNce4Vcc+uYgc="></latexit>

trajectory:
x0 =


2
3

�

<latexit sha1_base64="Zw+loeBfwzUvfLK7r8ydo6znCUM="></latexit>

x1 =


0
1

�

<latexit sha1_base64="fzaBvk+VkJiyGFimvcKYqR4nkMk="></latexit>

x2 =


�1
0

�

<latexit sha1_base64="35tkLD/8UD4lphN+oa9+lOhK5z8="></latexit>

u0 = 1
<latexit sha1_base64="VjxoEqUPtpfUqIicA5MRSAIig3Y=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBVUl8oBuh6MZlBfuANoTJdNIOnUzCzEQpsZ/ixoUibv0Sd/6NkzYLrR4YOJxzL/fMCRLOlHacL6u0tLyyulZer2xsbm3v2NXdtopTSWiLxDyW3QArypmgLc00p91EUhwFnHaC8XXud+6pVCwWd3qSUC/CQ8FCRrA2km9X+xHWoyDM0qnvoEvkVny75tSdGdBf4hakBgWavv3ZH8QkjajQhGOleq6TaC/DUjPC6bTSTxVNMBnjIe0ZKnBElZfNok/RoVEGKIyleUKjmfpzI8ORUpMoMJN5ULXo5eJ/Xi/V4YWXMZGkmgoyPxSmHOkY5T2gAZOUaD4xBBPJTFZERlhiok1beQnu4pf/kvZx3T2pn92e1hpXRR1l2IcDOAIXzqEBN9CEFhB4gCd4gVfr0Xq23qz3+WjJKnb24Besj2+IDJLe</latexit>

u1 = 2
<latexit sha1_base64="hG/MVDa5vaT72Knnp+r3nKaIdhk=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBVUmqohuh6MZlBfuANpTJdNIOnUzCzEQpsZ/ixoUibv0Sd/6NkzYLbT0wcDjnXu6Z48ecKe0431ZhZXVtfaO4Wdra3tnds8v7LRUlktAmiXgkOz5WlDNBm5ppTjuxpDj0OW3745vMbz9QqVgk7vUkpl6Ih4IFjGBtpL5d7oVYj/wgTaZ9F12hWqlvV5yqMwNaJm5OKpCj0be/eoOIJCEVmnCsVNd1Yu2lWGpGOJ2WeomiMSZjPKRdQwUOqfLSWfQpOjbKAAWRNE9oNFN/b6Q4VGoS+mYyC6oWvUz8z+smOrj0UibiRFNB5oeChCMdoawHNGCSEs0nhmAimcmKyAhLTLRpKyvBXfzyMmnVqu5p9fzurFK/zusowiEcwQm4cAF1uIUGNIHAIzzDK7xZT9aL9W59zEcLVr5zAH9gff4AixqS4A==</latexit>

✓>1 = [2, 0]
<latexit sha1_base64="2vNSPP4FGsrIN5wYTIcmzfb0s9M=">AAACDnicbVBNS8NAEN34bfyKevSyWAoepCR+oCBC0YvHClaFJobNdtIs3XywOxFK8Rd48a948aCIV8/e/Dduaw9qfTDweG+GmXlRIYVG1/20Jianpmdm5+bthcWl5RVnde1S56Xi0OS5zNV1xDRIkUETBUq4LhSwNJJwFXVPB/7VLSgt8uwCewUEKetkIhacoZFCp+pjAshC78bHvKDH1JcQY8ve2faPqGv7SnQSDEKn4tbcIeg48UakQkZohM6H3855mUKGXDKtW55bYNBnCgWXcGf7pYaC8S7rQMvQjKWgg/7wnTtaNUqbxrkylSEdqj8n+izVupdGpjNlmOi/3kD8z2uVGB8GfZEVJULGvxfFpaSY00E2tC0UcJQ9QxhXwtxKecIU42gStE0I3t+Xx8nlTs3bre2f71XqJ6M45sgG2SRbxCMHpE7OSIM0CSf35JE8kxfrwXqyXq2379YJazSzTn7Bev8CI8WaQg==</latexit>

✓>2 = [0, 1]
<latexit sha1_base64="3ZJG9UL2fy0xVzcd4swXH1U62DA=">AAACDnicbVBNS8NAEN34bfyKevSyWAoepCR+oCBC0YvHClaFJobNdtIs3XywOxFK8Rd48a948aCIV8/e/Dduaw9qfTDweG+GmXlRIYVG1/20Jianpmdm5+bthcWl5RVnde1S56Xi0OS5zNV1xDRIkUETBUq4LhSwNJJwFXVPB/7VLSgt8uwCewUEKetkIhacoZFCp+pjAsjCnRsf84IeU19CjC3b3faPqGf7SnQSDEKn4tbcIeg48UakQkZohM6H3855mUKGXDKtW55bYNBnCgWXcGf7pYaC8S7rQMvQjKWgg/7wnTtaNUqbxrkylSEdqj8n+izVupdGpjNlmOi/3kD8z2uVGB8GfZEVJULGvxfFpaSY00E2tC0UcJQ9QxhXwtxKecIU42gStE0I3t+Xx8nlTs3bre2f71XqJ6M45sgG2SRbxCMHpE7OSIM0CSf35JE8kxfrwXqyXq2379YJazSzTn7Bev8CI9CaQg==</latexit>

parameters: 



Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

policy: ⇡✓(u|x) = s

✓
✓>1 x
✓>2 x

�◆

<latexit sha1_base64="WIPCkx7FgW4pX8fNce4Vcc+uYgc="></latexit>

trajectory:
x0 =


2
3

�

<latexit sha1_base64="Zw+loeBfwzUvfLK7r8ydo6znCUM="></latexit>

x1 =


0
1

�

<latexit sha1_base64="fzaBvk+VkJiyGFimvcKYqR4nkMk="></latexit>

x2 =


�1
0

�

<latexit sha1_base64="35tkLD/8UD4lphN+oa9+lOhK5z8="></latexit>

u0 = 1
<latexit sha1_base64="VjxoEqUPtpfUqIicA5MRSAIig3Y=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBVUl8oBuh6MZlBfuANoTJdNIOnUzCzEQpsZ/ixoUibv0Sd/6NkzYLrR4YOJxzL/fMCRLOlHacL6u0tLyyulZer2xsbm3v2NXdtopTSWiLxDyW3QArypmgLc00p91EUhwFnHaC8XXud+6pVCwWd3qSUC/CQ8FCRrA2km9X+xHWoyDM0qnvoEvkVny75tSdGdBf4hakBgWavv3ZH8QkjajQhGOleq6TaC/DUjPC6bTSTxVNMBnjIe0ZKnBElZfNok/RoVEGKIyleUKjmfpzI8ORUpMoMJN5ULXo5eJ/Xi/V4YWXMZGkmgoyPxSmHOkY5T2gAZOUaD4xBBPJTFZERlhiok1beQnu4pf/kvZx3T2pn92e1hpXRR1l2IcDOAIXzqEBN9CEFhB4gCd4gVfr0Xq23qz3+WjJKnb24Besj2+IDJLe</latexit>

u1 = 2
<latexit sha1_base64="hG/MVDa5vaT72Knnp+r3nKaIdhk=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBVUmqohuh6MZlBfuANpTJdNIOnUzCzEQpsZ/ixoUibv0Sd/6NkzYLbT0wcDjnXu6Z48ecKe0431ZhZXVtfaO4Wdra3tnds8v7LRUlktAmiXgkOz5WlDNBm5ppTjuxpDj0OW3745vMbz9QqVgk7vUkpl6Ih4IFjGBtpL5d7oVYj/wgTaZ9F12hWqlvV5yqMwNaJm5OKpCj0be/eoOIJCEVmnCsVNd1Yu2lWGpGOJ2WeomiMSZjPKRdQwUOqfLSWfQpOjbKAAWRNE9oNFN/b6Q4VGoS+mYyC6oWvUz8z+smOrj0UibiRFNB5oeChCMdoawHNGCSEs0nhmAimcmKyAhLTLRpKyvBXfzyMmnVqu5p9fzurFK/zusowiEcwQm4cAF1uIUGNIHAIzzDK7xZT9aL9W59zEcLVr5zAH9gff4AixqS4A==</latexit>

✓>1 = [2, 0]
<latexit sha1_base64="2vNSPP4FGsrIN5wYTIcmzfb0s9M=">AAACDnicbVBNS8NAEN34bfyKevSyWAoepCR+oCBC0YvHClaFJobNdtIs3XywOxFK8Rd48a948aCIV8/e/Dduaw9qfTDweG+GmXlRIYVG1/20Jianpmdm5+bthcWl5RVnde1S56Xi0OS5zNV1xDRIkUETBUq4LhSwNJJwFXVPB/7VLSgt8uwCewUEKetkIhacoZFCp+pjAshC78bHvKDH1JcQY8ve2faPqGv7SnQSDEKn4tbcIeg48UakQkZohM6H3855mUKGXDKtW55bYNBnCgWXcGf7pYaC8S7rQMvQjKWgg/7wnTtaNUqbxrkylSEdqj8n+izVupdGpjNlmOi/3kD8z2uVGB8GfZEVJULGvxfFpaSY00E2tC0UcJQ9QxhXwtxKecIU42gStE0I3t+Xx8nlTs3bre2f71XqJ6M45sgG2SRbxCMHpE7OSIM0CSf35JE8kxfrwXqyXq2379YJazSzTn7Bev8CI8WaQg==</latexit>

✓>2 = [0, 1]
<latexit sha1_base64="3ZJG9UL2fy0xVzcd4swXH1U62DA=">AAACDnicbVBNS8NAEN34bfyKevSyWAoepCR+oCBC0YvHClaFJobNdtIs3XywOxFK8Rd48a948aCIV8/e/Dduaw9qfTDweG+GmXlRIYVG1/20Jianpmdm5+bthcWl5RVnde1S56Xi0OS5zNV1xDRIkUETBUq4LhSwNJJwFXVPB/7VLSgt8uwCewUEKetkIhacoZFCp+pjAsjCnRsf84IeU19CjC3b3faPqGf7SnQSDEKn4tbcIeg48UakQkZohM6H3855mUKGXDKtW55bYNBnCgWXcGf7pYaC8S7rQMvQjKWgg/7wnTtaNUqbxrkylSEdqj8n+izVupdGpjNlmOi/3kD8z2uVGB8GfZEVJULGvxfFpaSY00E2tC0UcJQ9QxhXwtxKecIU42gStE0I3t+Xx8nlTs3bre2f71XqJ6M45sgG2SRbxCMHpE7OSIM0CSf35JE8kxfrwXqyXq2379YJazSzTn7Bev8CI9CaQg==</latexit>

parameters: 

computational graph of                   : 

2x4


✓>1 x
✓>2 x

�

<latexit sha1_base64="3M/aMTJKEExUa+lp4jFRB2m/ks0="></latexit>

✓
<latexit sha1_base64="JJ2SCzxcw3WL7WfoDbA0NQrMRVg=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKez6QI9BLx4jmAckS5id9CZjZneWmV4hLPkHLx4U8er/ePNvnCR70MSChqKqm+6uIJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNCrVHBpcSaXbATMgRQwNFCihnWhgUSChFYxup37rCbQRKn7AcQJ+xAaxCAVnaKVmF4eArFeuuFV3BrpMvJxUSI56r/zV7SueRhAjl8yYjucm6GdMo+ASJqVuaiBhfMQG0LE0ZhEYP5tdO6EnVunTUGlbMdKZ+nsiY5Ex4yiwnRHDoVn0puJ/XifF8NrPRJykCDGfLwpTSVHR6eu0LzRwlGNLGNfC3kr5kGnG0QZUsiF4iy8vk+ZZ1TuvXt5fVGo3eRxFckSOySnxyBWpkTtSJw3CySN5Jq/kzVHOi/PufMxbC04+c0j+wPn8AaY7jy8=</latexit>

z =


4
3

�

<latexit sha1_base64="gKelNVnjIoaXwWnucIpxc+OGgyU=">AAACJnicbVDLSsNAFJ34Nr6qLt0MFsFVSbSim0LRjUsF2wpNKJPpTTs4mYSZG6GGfo0bf8WNC0XEnZ/itGbh68DA4Zz7mHuiTAqDnvfuzMzOzS8sLi27K6tr6xuVza22SXPNocVTmerriBmQQkELBUq4zjSwJJLQiW7OJn7nFrQRqbrCUQZhwgZKxIIztFKv0ggShsMoLu7GtEEDCTF23SCCgVAF05qNxgUfu/UgcA8DUP1ScwMtBkMMe5WqV/OmoH+JX5IqKXHRqzwH/ZTnCSjkkhnT9b0MQzsVBZdg5+YGMsZv2AC6liqWgAmL6ZljumeVPo1TbZ9COlW/dxQsMWaURLZycpT57U3E/7xujvFJWAiV5QiKfy2Kc0kxpZPMaF9o4ChHljCuhf0r5UOmGUebrGtD8H+f/Je0D2r+Ye3osl5tnpZxLJEdskv2iU+OSZOckwvSIpzck0fyTF6cB+fJeXXevkpnnLJnm/yA8/EJgEGlzg==</latexit>

s(z)
<latexit sha1_base64="p4DCSLSHrW7sZ8jcct4j9LXRCco=">AAACCnicbZDLSsNAFIYn9VbrLerSzWgp1E1JvKAboejGZQV7gSaUyXTSDp1MwsxEqCFrN76KGxeKuPUJ3Pk2TtoI2vrDwMd/zmHO+b2IUaks68soLCwuLa8UV0tr6xubW+b2TkuGscCkiUMWio6HJGGUk6aiipFOJAgKPEba3ugqq7fviJA05LdqHBE3QANOfYqR0lbP3HcCpIaen8i0+oP36WEFXkCHEV91Sz2zbNWsieA82DmUQa5Gz/x0+iGOA8IVZkjKrm1Fyk2QUBQzkpacWJII4REakK5GjgIi3WRySgor2ulDPxT6cQUn7u+JBAVSjgNPd2bbytlaZv5X68bKP3cTyqNYEY6nH/kxgyqEWS6wTwXBio01ICyo3hXiIRIIK51eFoI9e/I8tI5q9nHt9OakXL/M4yiCPXAAqsAGZ6AOrkEDNAEGD+AJvIBX49F4Nt6M92lrwchndsEfGR/fDQSZ1A==</latexit>

@s(z)

@z
<latexit sha1_base64="Ob39jxHi3yBe9F/WjrxkfC9dkQA="></latexit>@z

@✓
<latexit sha1_base64="HhjjSWeZGmnDJBlTAMgl/2HaRTI="></latexit>

x0 =


2
3

�

<latexit sha1_base64="Zw+loeBfwzUvfLK7r8ydo6znCUM="></latexit>

2x2 2x2

p =


0.73
0.27

�

<latexit sha1_base64="aSuHcUce6e/iuvOVrNnWn1FiaVo="></latexit>

q =


�0.31
�1.31

�

<latexit sha1_base64="xVYSkujHD8vxdvtcpFGkSmEdfPw="></latexit>

log(p)
<latexit sha1_base64="O/gdx7FYFAv0ALWN842Y4TmiwHM=">AAAB+XicbVDLSsNAFL2pr1pfUZdugkWom5L4QJdFNy4r2Ac0oUymk3boZCbMTAol9E/cuFDErX/izr9x0mahrQcGDufcyz1zwoRRpV332yqtrW9sbpW3Kzu7e/sH9uFRW4lUYtLCggnZDZEijHLS0lQz0k0kQXHISCcc3+d+Z0KkooI/6WlCghgNOY0oRtpIfdv2mRjW/BjpURhlyey8b1fdujuHs0q8glShQLNvf/kDgdOYcI0ZUqrnuYkOMiQ1xYzMKn6qSILwGA1Jz1COYqKCbJ585pwZZeBEQprHtTNXf29kKFZqGodmMo+olr1c/M/rpTq6DTLKk1QTjheHopQ5Wjh5Dc6ASoI1mxqCsKQmq4NHSCKsTVkVU4K3/OVV0r6oe5f168erauOuqKMMJ3AKNfDgBhrwAE1oAYYJPMMrvFmZ9WK9Wx+L0ZJV7BzDH1ifP1NDk3c=</latexit>

@ log(p)

@p
<latexit sha1_base64="D5u0uXHJYOjKbq7oTCfA1pGA0vg="></latexit>

log ⇡✓(u|x)
<latexit sha1_base64="0QDKlmttTVxug5y2x15m91r5P2I=">AAACDnicbZDLSsNAFIYnXmu9RV26CZZC3ZTEC7osunFZwV6gCWEynbRDJxdmTsQS8wRufBU3LhRx69qdb+OkjaCtPwx8/Occ5pzfizmTYJpf2sLi0vLKammtvL6xubWt7+y2ZZQIQlsk4pHoelhSzkLaAgacdmNBceBx2vFGl3m9c0uFZFF4A+OYOgEehMxnBIOyXL1q82hgx8y1YUgB1+wAw9Dz0yS7/8G77NDVK2bdnMiYB6uACirUdPVPux+RJKAhEI6l7FlmDE6KBTDCaVa2E0ljTEZ4QHsKQxxQ6aSTczKjqpy+4UdCvRCMift7IsWBlOPAU535inK2lpv/1XoJ+OdOysI4ARqS6Ud+wg2IjDwbo88EJcDHCjARTO1qkCEWmIBKsKxCsGZPnof2Ud06rp9en1QaF0UcJbSPDlANWegMNdAVaqIWIugBPaEX9Ko9as/am/Y+bV3Qipk99EfaxzeIpp0O</latexit>



Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

trajectory:
x0 =


2
3

�

<latexit sha1_base64="Zw+loeBfwzUvfLK7r8ydo6znCUM="></latexit>

x1 =


0
1

�

<latexit sha1_base64="fzaBvk+VkJiyGFimvcKYqR4nkMk="></latexit>

x2 =


�1
0

�

<latexit sha1_base64="35tkLD/8UD4lphN+oa9+lOhK5z8="></latexit>

u0 = 1
<latexit sha1_base64="VjxoEqUPtpfUqIicA5MRSAIig3Y=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBVUl8oBuh6MZlBfuANoTJdNIOnUzCzEQpsZ/ixoUibv0Sd/6NkzYLrR4YOJxzL/fMCRLOlHacL6u0tLyyulZer2xsbm3v2NXdtopTSWiLxDyW3QArypmgLc00p91EUhwFnHaC8XXud+6pVCwWd3qSUC/CQ8FCRrA2km9X+xHWoyDM0qnvoEvkVny75tSdGdBf4hakBgWavv3ZH8QkjajQhGOleq6TaC/DUjPC6bTSTxVNMBnjIe0ZKnBElZfNok/RoVEGKIyleUKjmfpzI8ORUpMoMJN5ULXo5eJ/Xi/V4YWXMZGkmgoyPxSmHOkY5T2gAZOUaD4xBBPJTFZERlhiok1beQnu4pf/kvZx3T2pn92e1hpXRR1l2IcDOAIXzqEBN9CEFhB4gCd4gVfr0Xq23qz3+WjJKnb24Besj2+IDJLe</latexit>

u1 = 2
<latexit sha1_base64="hG/MVDa5vaT72Knnp+r3nKaIdhk=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBVUmqohuh6MZlBfuANpTJdNIOnUzCzEQpsZ/ixoUibv0Sd/6NkzYLbT0wcDjnXu6Z48ecKe0431ZhZXVtfaO4Wdra3tnds8v7LRUlktAmiXgkOz5WlDNBm5ppTjuxpDj0OW3745vMbz9QqVgk7vUkpl6Ih4IFjGBtpL5d7oVYj/wgTaZ9F12hWqlvV5yqMwNaJm5OKpCj0be/eoOIJCEVmnCsVNd1Yu2lWGpGOJ2WeomiMSZjPKRdQwUOqfLSWfQpOjbKAAWRNE9oNFN/b6Q4VGoS+mYyC6oWvUz8z+smOrj0UibiRFNB5oeChCMdoawHNGCSEs0nhmAimcmKyAhLTLRpKyvBXfzyMmnVqu5p9fzurFK/zusowiEcwQm4cAF1uIUGNIHAIzzDK7xZT9aL9W59zEcLVr5zAH9gff4AixqS4A==</latexit>

2x4


✓>1 x
✓>2 x

�

<latexit sha1_base64="3M/aMTJKEExUa+lp4jFRB2m/ks0="></latexit>

✓
<latexit sha1_base64="JJ2SCzxcw3WL7WfoDbA0NQrMRVg=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKez6QI9BLx4jmAckS5id9CZjZneWmV4hLPkHLx4U8er/ePNvnCR70MSChqKqm+6uIJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNCrVHBpcSaXbATMgRQwNFCihnWhgUSChFYxup37rCbQRKn7AcQJ+xAaxCAVnaKVmF4eArFeuuFV3BrpMvJxUSI56r/zV7SueRhAjl8yYjucm6GdMo+ASJqVuaiBhfMQG0LE0ZhEYP5tdO6EnVunTUGlbMdKZ+nsiY5Ex4yiwnRHDoVn0puJ/XifF8NrPRJykCDGfLwpTSVHR6eu0LzRwlGNLGNfC3kr5kGnG0QZUsiF4iy8vk+ZZ1TuvXt5fVGo3eRxFckSOySnxyBWpkTtSJw3CySN5Jq/kzVHOi/PufMxbC04+c0j+wPn8AaY7jy8=</latexit>

z =


4
3

�

<latexit sha1_base64="gKelNVnjIoaXwWnucIpxc+OGgyU=">AAACJnicbVDLSsNAFJ34Nr6qLt0MFsFVSbSim0LRjUsF2wpNKJPpTTs4mYSZG6GGfo0bf8WNC0XEnZ/itGbh68DA4Zz7mHuiTAqDnvfuzMzOzS8sLi27K6tr6xuVza22SXPNocVTmerriBmQQkELBUq4zjSwJJLQiW7OJn7nFrQRqbrCUQZhwgZKxIIztFKv0ggShsMoLu7GtEEDCTF23SCCgVAF05qNxgUfu/UgcA8DUP1ScwMtBkMMe5WqV/OmoH+JX5IqKXHRqzwH/ZTnCSjkkhnT9b0MQzsVBZdg5+YGMsZv2AC6liqWgAmL6ZljumeVPo1TbZ9COlW/dxQsMWaURLZycpT57U3E/7xujvFJWAiV5QiKfy2Kc0kxpZPMaF9o4ChHljCuhf0r5UOmGUebrGtD8H+f/Je0D2r+Ye3osl5tnpZxLJEdskv2iU+OSZOckwvSIpzck0fyTF6cB+fJeXXevkpnnLJnm/yA8/EJgEGlzg==</latexit>

s(z)
<latexit sha1_base64="p4DCSLSHrW7sZ8jcct4j9LXRCco=">AAACCnicbZDLSsNAFIYn9VbrLerSzWgp1E1JvKAboejGZQV7gSaUyXTSDp1MwsxEqCFrN76KGxeKuPUJ3Pk2TtoI2vrDwMd/zmHO+b2IUaks68soLCwuLa8UV0tr6xubW+b2TkuGscCkiUMWio6HJGGUk6aiipFOJAgKPEba3ugqq7fviJA05LdqHBE3QANOfYqR0lbP3HcCpIaen8i0+oP36WEFXkCHEV91Sz2zbNWsieA82DmUQa5Gz/x0+iGOA8IVZkjKrm1Fyk2QUBQzkpacWJII4REakK5GjgIi3WRySgor2ulDPxT6cQUn7u+JBAVSjgNPd2bbytlaZv5X68bKP3cTyqNYEY6nH/kxgyqEWS6wTwXBio01ICyo3hXiIRIIK51eFoI9e/I8tI5q9nHt9OakXL/M4yiCPXAAqsAGZ6AOrkEDNAEGD+AJvIBX49F4Nt6M92lrwchndsEfGR/fDQSZ1A==</latexit>

@s(z)

@z
<latexit sha1_base64="Ob39jxHi3yBe9F/WjrxkfC9dkQA="></latexit>@z

@✓
<latexit sha1_base64="HhjjSWeZGmnDJBlTAMgl/2HaRTI="></latexit>

x0 =


2
3

�

<latexit sha1_base64="Zw+loeBfwzUvfLK7r8ydo6znCUM="></latexit>

2x2 2x2

p =


0.73
0.27

�

<latexit sha1_base64="aSuHcUce6e/iuvOVrNnWn1FiaVo="></latexit>

q =


�0.31
�1.31

�

<latexit sha1_base64="xVYSkujHD8vxdvtcpFGkSmEdfPw="></latexit>

log(p)
<latexit sha1_base64="O/gdx7FYFAv0ALWN842Y4TmiwHM=">AAAB+XicbVDLSsNAFL2pr1pfUZdugkWom5L4QJdFNy4r2Ac0oUymk3boZCbMTAol9E/cuFDErX/izr9x0mahrQcGDufcyz1zwoRRpV332yqtrW9sbpW3Kzu7e/sH9uFRW4lUYtLCggnZDZEijHLS0lQz0k0kQXHISCcc3+d+Z0KkooI/6WlCghgNOY0oRtpIfdv2mRjW/BjpURhlyey8b1fdujuHs0q8glShQLNvf/kDgdOYcI0ZUqrnuYkOMiQ1xYzMKn6qSILwGA1Jz1COYqKCbJ585pwZZeBEQprHtTNXf29kKFZqGodmMo+olr1c/M/rpTq6DTLKk1QTjheHopQ5Wjh5Dc6ASoI1mxqCsKQmq4NHSCKsTVkVU4K3/OVV0r6oe5f168erauOuqKMMJ3AKNfDgBhrwAE1oAYYJPMMrvFmZ9WK9Wx+L0ZJV7BzDH1ifP1NDk3c=</latexit>

@ log(p)

@p
<latexit sha1_base64="D5u0uXHJYOjKbq7oTCfA1pGA0vg="></latexit>

@ log ⇡✓(u|x)
@✓

=
<latexit sha1_base64="dzIBJfVI3nL5cMK75fu8hBNDPS8="></latexit>

???



Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

trajectory:
x0 =


2
3

�

<latexit sha1_base64="Zw+loeBfwzUvfLK7r8ydo6znCUM="></latexit>

x1 =


0
1

�

<latexit sha1_base64="fzaBvk+VkJiyGFimvcKYqR4nkMk="></latexit>

x2 =


�1
0

�

<latexit sha1_base64="35tkLD/8UD4lphN+oa9+lOhK5z8="></latexit>

u0 = 1
<latexit sha1_base64="VjxoEqUPtpfUqIicA5MRSAIig3Y=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBVUl8oBuh6MZlBfuANoTJdNIOnUzCzEQpsZ/ixoUibv0Sd/6NkzYLrR4YOJxzL/fMCRLOlHacL6u0tLyyulZer2xsbm3v2NXdtopTSWiLxDyW3QArypmgLc00p91EUhwFnHaC8XXud+6pVCwWd3qSUC/CQ8FCRrA2km9X+xHWoyDM0qnvoEvkVny75tSdGdBf4hakBgWavv3ZH8QkjajQhGOleq6TaC/DUjPC6bTSTxVNMBnjIe0ZKnBElZfNok/RoVEGKIyleUKjmfpzI8ORUpMoMJN5ULXo5eJ/Xi/V4YWXMZGkmgoyPxSmHOkY5T2gAZOUaD4xBBPJTFZERlhiok1beQnu4pf/kvZx3T2pn92e1hpXRR1l2IcDOAIXzqEBN9CEFhB4gCd4gVfr0Xq23qz3+WjJKnb24Besj2+IDJLe</latexit>

u1 = 2
<latexit sha1_base64="hG/MVDa5vaT72Knnp+r3nKaIdhk=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBVUmqohuh6MZlBfuANpTJdNIOnUzCzEQpsZ/ixoUibv0Sd/6NkzYLbT0wcDjnXu6Z48ecKe0431ZhZXVtfaO4Wdra3tnds8v7LRUlktAmiXgkOz5WlDNBm5ppTjuxpDj0OW3745vMbz9QqVgk7vUkpl6Ih4IFjGBtpL5d7oVYj/wgTaZ9F12hWqlvV5yqMwNaJm5OKpCj0be/eoOIJCEVmnCsVNd1Yu2lWGpGOJ2WeomiMSZjPKRdQwUOqfLSWfQpOjbKAAWRNE9oNFN/b6Q4VGoS+mYyC6oWvUz8z+smOrj0UibiRFNB5oeChCMdoawHNGCSEs0nhmAimcmKyAhLTLRpKyvBXfzyMmnVqu5p9fzurFK/zusowiEcwQm4cAF1uIUGNIHAIzzDK7xZT9aL9W59zEcLVr5zAH9gff4AixqS4A==</latexit>

2x4


✓>1 x
✓>2 x

�

<latexit sha1_base64="3M/aMTJKEExUa+lp4jFRB2m/ks0="></latexit>

✓
<latexit sha1_base64="JJ2SCzxcw3WL7WfoDbA0NQrMRVg=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKez6QI9BLx4jmAckS5id9CZjZneWmV4hLPkHLx4U8er/ePNvnCR70MSChqKqm+6uIJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNCrVHBpcSaXbATMgRQwNFCihnWhgUSChFYxup37rCbQRKn7AcQJ+xAaxCAVnaKVmF4eArFeuuFV3BrpMvJxUSI56r/zV7SueRhAjl8yYjucm6GdMo+ASJqVuaiBhfMQG0LE0ZhEYP5tdO6EnVunTUGlbMdKZ+nsiY5Ex4yiwnRHDoVn0puJ/XifF8NrPRJykCDGfLwpTSVHR6eu0LzRwlGNLGNfC3kr5kGnG0QZUsiF4iy8vk+ZZ1TuvXt5fVGo3eRxFckSOySnxyBWpkTtSJw3CySN5Jq/kzVHOi/PufMxbC04+c0j+wPn8AaY7jy8=</latexit>

z =


4
3

�

<latexit sha1_base64="gKelNVnjIoaXwWnucIpxc+OGgyU=">AAACJnicbVDLSsNAFJ34Nr6qLt0MFsFVSbSim0LRjUsF2wpNKJPpTTs4mYSZG6GGfo0bf8WNC0XEnZ/itGbh68DA4Zz7mHuiTAqDnvfuzMzOzS8sLi27K6tr6xuVza22SXPNocVTmerriBmQQkELBUq4zjSwJJLQiW7OJn7nFrQRqbrCUQZhwgZKxIIztFKv0ggShsMoLu7GtEEDCTF23SCCgVAF05qNxgUfu/UgcA8DUP1ScwMtBkMMe5WqV/OmoH+JX5IqKXHRqzwH/ZTnCSjkkhnT9b0MQzsVBZdg5+YGMsZv2AC6liqWgAmL6ZljumeVPo1TbZ9COlW/dxQsMWaURLZycpT57U3E/7xujvFJWAiV5QiKfy2Kc0kxpZPMaF9o4ChHljCuhf0r5UOmGUebrGtD8H+f/Je0D2r+Ye3osl5tnpZxLJEdskv2iU+OSZOckwvSIpzck0fyTF6cB+fJeXXevkpnnLJnm/yA8/EJgEGlzg==</latexit>

s(z)
<latexit sha1_base64="p4DCSLSHrW7sZ8jcct4j9LXRCco=">AAACCnicbZDLSsNAFIYn9VbrLerSzWgp1E1JvKAboejGZQV7gSaUyXTSDp1MwsxEqCFrN76KGxeKuPUJ3Pk2TtoI2vrDwMd/zmHO+b2IUaks68soLCwuLa8UV0tr6xubW+b2TkuGscCkiUMWio6HJGGUk6aiipFOJAgKPEba3ugqq7fviJA05LdqHBE3QANOfYqR0lbP3HcCpIaen8i0+oP36WEFXkCHEV91Sz2zbNWsieA82DmUQa5Gz/x0+iGOA8IVZkjKrm1Fyk2QUBQzkpacWJII4REakK5GjgIi3WRySgor2ulDPxT6cQUn7u+JBAVSjgNPd2bbytlaZv5X68bKP3cTyqNYEY6nH/kxgyqEWS6wTwXBio01ICyo3hXiIRIIK51eFoI9e/I8tI5q9nHt9OakXL/M4yiCPXAAqsAGZ6AOrkEDNAEGD+AJvIBX49F4Nt6M92lrwchndsEfGR/fDQSZ1A==</latexit>

@s(z)

@z
<latexit sha1_base64="Ob39jxHi3yBe9F/WjrxkfC9dkQA="></latexit>

@z

@✓
<latexit sha1_base64="HhjjSWeZGmnDJBlTAMgl/2HaRTI="></latexit>

x0 =


2
3

�

<latexit sha1_base64="Zw+loeBfwzUvfLK7r8ydo6znCUM="></latexit>

2x22x2

p =


0.73
0.27

�

<latexit sha1_base64="aSuHcUce6e/iuvOVrNnWn1FiaVo="></latexit>

q =


�0.31
�1.31

�

<latexit sha1_base64="xVYSkujHD8vxdvtcpFGkSmEdfPw="></latexit>

log(p)
<latexit sha1_base64="O/gdx7FYFAv0ALWN842Y4TmiwHM=">AAAB+XicbVDLSsNAFL2pr1pfUZdugkWom5L4QJdFNy4r2Ac0oUymk3boZCbMTAol9E/cuFDErX/izr9x0mahrQcGDufcyz1zwoRRpV332yqtrW9sbpW3Kzu7e/sH9uFRW4lUYtLCggnZDZEijHLS0lQz0k0kQXHISCcc3+d+Z0KkooI/6WlCghgNOY0oRtpIfdv2mRjW/BjpURhlyey8b1fdujuHs0q8glShQLNvf/kDgdOYcI0ZUqrnuYkOMiQ1xYzMKn6qSILwGA1Jz1COYqKCbJ585pwZZeBEQprHtTNXf29kKFZqGodmMo+olr1c/M/rpTq6DTLKk1QTjheHopQ5Wjh5Dc6ASoI1mxqCsKQmq4NHSCKsTVkVU4K3/OVV0r6oe5f168erauOuqKMMJ3AKNfDgBhrwAE1oAYYJPMMrvFmZ9WK9Wx+L0ZJV7BzDH1ifP1NDk3c=</latexit>

@ log(p)

@p
<latexit sha1_base64="D5u0uXHJYOjKbq7oTCfA1pGA0vg="></latexit>

@ log ⇡✓(u|x)
@✓

=
<latexit sha1_base64="dzIBJfVI3nL5cMK75fu8hBNDPS8="></latexit>

=<latexit sha1_base64="9SSKMq+n7mr/W4EYdE4myZpUfVc=">AAAB6HicdVDLSgNBEJz1GeMr6tHLYBA8LbubNYkHIejFYwLmAckSZie9yZjZBzOzQgj5Ai8eFPHqJ3nzb5xNIqhoQUNR1U13l59wJpVlfRgrq2vrG5u5rfz2zu7efuHgsCXjVFBo0pjHouMTCZxF0FRMcegkAkjoc2j74+vMb9+DkCyObtUkAS8kw4gFjBKlpcZlv1C0zItq2XHL2DItq2I7dkaciltysa2VDEW0RL1feO8NYpqGECnKiZRd20qUNyVCMcphlu+lEhJCx2QIXU0jEoL0pvNDZ/hUKwMcxEJXpPBc/T4xJaGUk9DXnSFRI/nby8S/vG6qgqo3ZVGSKojoYlGQcqxinH2NB0wAVXyiCaGC6VsxHRFBqNLZ5HUIX5/i/0nLMe2Sed5wi7WrZRw5dIxO0BmyUQXV0A2qoyaiCNADekLPxp3xaLwYr4vWFWM5c4R+wHj7BO8gjQo=</latexit>

2x4

Direction in 4D    -space which 
increases prob. of choosing control 

✓
<latexit sha1_base64="JJ2SCzxcw3WL7WfoDbA0NQrMRVg=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKez6QI9BLx4jmAckS5id9CZjZneWmV4hLPkHLx4U8er/ePNvnCR70MSChqKqm+6uIJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNCrVHBpcSaXbATMgRQwNFCihnWhgUSChFYxup37rCbQRKn7AcQJ+xAaxCAVnaKVmF4eArFeuuFV3BrpMvJxUSI56r/zV7SueRhAjl8yYjucm6GdMo+ASJqVuaiBhfMQG0LE0ZhEYP5tdO6EnVunTUGlbMdKZ+nsiY5Ex4yiwnRHDoVn0puJ/XifF8NrPRJykCDGfLwpTSVHR6eu0LzRwlGNLGNfC3kr5kGnG0QZUsiF4iy8vk+ZZ1TuvXt5fVGo3eRxFckSOySnxyBWpkTtSJw3CySN5Jq/kzVHOi/PufMxbC04+c0j+wPn8AaY7jy8=</latexit>

u = 1
<latexit sha1_base64="xrM5HiZQoBezb/7req17uuHJWsE=">AAAB9XicbVDLSgMxFL2pr1pfVZdugkVwVWZ8oBuh6MZlBfuAdiyZNNOGZjJDklHK0P9w40IRt/6LO//GTDsLbT0QOJxzL/fk+LHg2jjONyosLa+srhXXSxubW9s75d29po4SRVmDRiJSbZ9oJrhkDcONYO1YMRL6grX80U3mtx6Z0jyS92YcMy8kA8kDTomx0kM3JGboB2kywVfY7ZUrTtWZAi8SNycVyFHvlb+6/YgmIZOGCqJ1x3Vi46VEGU4Fm5S6iWYxoSMyYB1LJQmZ9tJp6gk+skofB5GyTxo8VX9vpCTUehz6djJLqee9TPzP6yQmuPRSLuPEMElnh4JEYBPhrALc54pRI8aWEKq4zYrpkChCjS2qZEtw57+8SJonVfe0en53Vqld53UU4QAO4RhcuIAa3EIdGkBBwTO8wht6Qi/oHX3MRgso39mHP0CfP6iOkfY=</latexit>

g>
1 (x)

<latexit sha1_base64="LUsWp6Hhj/OevfqDVC80LcHEnyk=">AAACBnicbVDLSsNAFJ34rPUVdSlCsAh1UxIf6LLoxmUF+4Amhsl00g6dzISZiVhCVm78FTcuFHHrN7jzb5y0EbT1wIXDOfdy7z1BTIlUtv1lzM0vLC4tl1bKq2vrG5vm1nZL8kQg3EScctEJoMSUMNxURFHciQWGUUBxOxhe5n77DgtJOLtRoxh7EewzEhIElZZ8c8+NoBoEYdrPbl3FY9+p/ij32aFvVuyaPYY1S5yCVECBhm9+uj2OkggzhSiUsuvYsfJSKBRBFGdlN5E4hmgI+7irKYMRll46fiOzDrTSs0IudDFljdXfEymMpBxFge7MT5TTXi7+53UTFZ57KWFxojBDk0VhQi3FrTwTq0cERoqONIFIEH2rhQZQQKR0cmUdgjP98ixpHdWc49rp9UmlflHEUQK7YB9UgQPOQB1cgQZoAgQewBN4Aa/Go/FsvBnvk9Y5o5jZAX9gfHwDjXCZLQ==</latexit>
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trajectory:
x0 =


2
3

�

<latexit sha1_base64="Zw+loeBfwzUvfLK7r8ydo6znCUM="></latexit>

x1 =


0
1

�

<latexit sha1_base64="fzaBvk+VkJiyGFimvcKYqR4nkMk="></latexit>

x2 =


�1
0

�

<latexit sha1_base64="35tkLD/8UD4lphN+oa9+lOhK5z8="></latexit>

u0 = 1
<latexit sha1_base64="VjxoEqUPtpfUqIicA5MRSAIig3Y=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBVUl8oBuh6MZlBfuANoTJdNIOnUzCzEQpsZ/ixoUibv0Sd/6NkzYLrR4YOJxzL/fMCRLOlHacL6u0tLyyulZer2xsbm3v2NXdtopTSWiLxDyW3QArypmgLc00p91EUhwFnHaC8XXud+6pVCwWd3qSUC/CQ8FCRrA2km9X+xHWoyDM0qnvoEvkVny75tSdGdBf4hakBgWavv3ZH8QkjajQhGOleq6TaC/DUjPC6bTSTxVNMBnjIe0ZKnBElZfNok/RoVEGKIyleUKjmfpzI8ORUpMoMJN5ULXo5eJ/Xi/V4YWXMZGkmgoyPxSmHOkY5T2gAZOUaD4xBBPJTFZERlhiok1beQnu4pf/kvZx3T2pn92e1hpXRR1l2IcDOAIXzqEBN9CEFhB4gCd4gVfr0Xq23qz3+WjJKnb24Besj2+IDJLe</latexit>

u1 = 2
<latexit sha1_base64="hG/MVDa5vaT72Knnp+r3nKaIdhk=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBVUmqohuh6MZlBfuANpTJdNIOnUzCzEQpsZ/ixoUibv0Sd/6NkzYLbT0wcDjnXu6Z48ecKe0431ZhZXVtfaO4Wdra3tnds8v7LRUlktAmiXgkOz5WlDNBm5ppTjuxpDj0OW3745vMbz9QqVgk7vUkpl6Ih4IFjGBtpL5d7oVYj/wgTaZ9F12hWqlvV5yqMwNaJm5OKpCj0be/eoOIJCEVmnCsVNd1Yu2lWGpGOJ2WeomiMSZjPKRdQwUOqfLSWfQpOjbKAAWRNE9oNFN/b6Q4VGoS+mYyC6oWvUz8z+smOrj0UibiRFNB5oeChCMdoawHNGCSEs0nhmAimcmKyAhLTLRpKyvBXfzyMmnVqu5p9fzurFK/zusowiEcwQm4cAF1uIUGNIHAIzzDK7xZT9aL9W59zEcLVr5zAH9gff4AixqS4A==</latexit>

2x4


✓>1 x
✓>2 x

�

<latexit sha1_base64="3M/aMTJKEExUa+lp4jFRB2m/ks0="></latexit>

✓
<latexit sha1_base64="JJ2SCzxcw3WL7WfoDbA0NQrMRVg=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKez6QI9BLx4jmAckS5id9CZjZneWmV4hLPkHLx4U8er/ePNvnCR70MSChqKqm+6uIJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNCrVHBpcSaXbATMgRQwNFCihnWhgUSChFYxup37rCbQRKn7AcQJ+xAaxCAVnaKVmF4eArFeuuFV3BrpMvJxUSI56r/zV7SueRhAjl8yYjucm6GdMo+ASJqVuaiBhfMQG0LE0ZhEYP5tdO6EnVunTUGlbMdKZ+nsiY5Ex4yiwnRHDoVn0puJ/XifF8NrPRJykCDGfLwpTSVHR6eu0LzRwlGNLGNfC3kr5kGnG0QZUsiF4iy8vk+ZZ1TuvXt5fVGo3eRxFckSOySnxyBWpkTtSJw3CySN5Jq/kzVHOi/PufMxbC04+c0j+wPn8AaY7jy8=</latexit>

z =


4
3

�

<latexit sha1_base64="gKelNVnjIoaXwWnucIpxc+OGgyU=">AAACJnicbVDLSsNAFJ34Nr6qLt0MFsFVSbSim0LRjUsF2wpNKJPpTTs4mYSZG6GGfo0bf8WNC0XEnZ/itGbh68DA4Zz7mHuiTAqDnvfuzMzOzS8sLi27K6tr6xuVza22SXPNocVTmerriBmQQkELBUq4zjSwJJLQiW7OJn7nFrQRqbrCUQZhwgZKxIIztFKv0ggShsMoLu7GtEEDCTF23SCCgVAF05qNxgUfu/UgcA8DUP1ScwMtBkMMe5WqV/OmoH+JX5IqKXHRqzwH/ZTnCSjkkhnT9b0MQzsVBZdg5+YGMsZv2AC6liqWgAmL6ZljumeVPo1TbZ9COlW/dxQsMWaURLZycpT57U3E/7xujvFJWAiV5QiKfy2Kc0kxpZPMaF9o4ChHljCuhf0r5UOmGUebrGtD8H+f/Je0D2r+Ye3osl5tnpZxLJEdskv2iU+OSZOckwvSIpzck0fyTF6cB+fJeXXevkpnnLJnm/yA8/EJgEGlzg==</latexit>

s(z)
<latexit sha1_base64="p4DCSLSHrW7sZ8jcct4j9LXRCco=">AAACCnicbZDLSsNAFIYn9VbrLerSzWgp1E1JvKAboejGZQV7gSaUyXTSDp1MwsxEqCFrN76KGxeKuPUJ3Pk2TtoI2vrDwMd/zmHO+b2IUaks68soLCwuLa8UV0tr6xubW+b2TkuGscCkiUMWio6HJGGUk6aiipFOJAgKPEba3ugqq7fviJA05LdqHBE3QANOfYqR0lbP3HcCpIaen8i0+oP36WEFXkCHEV91Sz2zbNWsieA82DmUQa5Gz/x0+iGOA8IVZkjKrm1Fyk2QUBQzkpacWJII4REakK5GjgIi3WRySgor2ulDPxT6cQUn7u+JBAVSjgNPd2bbytlaZv5X68bKP3cTyqNYEY6nH/kxgyqEWS6wTwXBio01ICyo3hXiIRIIK51eFoI9e/I8tI5q9nHt9OakXL/M4yiCPXAAqsAGZ6AOrkEDNAEGD+AJvIBX49F4Nt6M92lrwchndsEfGR/fDQSZ1A==</latexit>

@s(z)

@z
<latexit sha1_base64="Ob39jxHi3yBe9F/WjrxkfC9dkQA="></latexit>

@z

@✓
<latexit sha1_base64="HhjjSWeZGmnDJBlTAMgl/2HaRTI="></latexit>

x0 =


2
3

�

<latexit sha1_base64="Zw+loeBfwzUvfLK7r8ydo6znCUM="></latexit>

2x22x2

p =


0.73
0.27

�

<latexit sha1_base64="aSuHcUce6e/iuvOVrNnWn1FiaVo="></latexit>

q =


�0.31
�1.31

�

<latexit sha1_base64="xVYSkujHD8vxdvtcpFGkSmEdfPw="></latexit>

log(p)
<latexit sha1_base64="O/gdx7FYFAv0ALWN842Y4TmiwHM=">AAAB+XicbVDLSsNAFL2pr1pfUZdugkWom5L4QJdFNy4r2Ac0oUymk3boZCbMTAol9E/cuFDErX/izr9x0mahrQcGDufcyz1zwoRRpV332yqtrW9sbpW3Kzu7e/sH9uFRW4lUYtLCggnZDZEijHLS0lQz0k0kQXHISCcc3+d+Z0KkooI/6WlCghgNOY0oRtpIfdv2mRjW/BjpURhlyey8b1fdujuHs0q8glShQLNvf/kDgdOYcI0ZUqrnuYkOMiQ1xYzMKn6qSILwGA1Jz1COYqKCbJ585pwZZeBEQprHtTNXf29kKFZqGodmMo+olr1c/M/rpTq6DTLKk1QTjheHopQ5Wjh5Dc6ASoI1mxqCsKQmq4NHSCKsTVkVU4K3/OVV0r6oe5f168erauOuqKMMJ3AKNfDgBhrwAE1oAYYJPMMrvFmZ9WK9Wx+L0ZJV7BzDH1ifP1NDk3c=</latexit>

@ log(p)

@p
<latexit sha1_base64="D5u0uXHJYOjKbq7oTCfA1pGA0vg="></latexit>

@ log ⇡✓(u|x)
@✓

=
<latexit sha1_base64="dzIBJfVI3nL5cMK75fu8hBNDPS8="></latexit>

=<latexit sha1_base64="9SSKMq+n7mr/W4EYdE4myZpUfVc=">AAAB6HicdVDLSgNBEJz1GeMr6tHLYBA8LbubNYkHIejFYwLmAckSZie9yZjZBzOzQgj5Ai8eFPHqJ3nzb5xNIqhoQUNR1U13l59wJpVlfRgrq2vrG5u5rfz2zu7efuHgsCXjVFBo0pjHouMTCZxF0FRMcegkAkjoc2j74+vMb9+DkCyObtUkAS8kw4gFjBKlpcZlv1C0zItq2XHL2DItq2I7dkaciltysa2VDEW0RL1feO8NYpqGECnKiZRd20qUNyVCMcphlu+lEhJCx2QIXU0jEoL0pvNDZ/hUKwMcxEJXpPBc/T4xJaGUk9DXnSFRI/nby8S/vG6qgqo3ZVGSKojoYlGQcqxinH2NB0wAVXyiCaGC6VsxHRFBqNLZ5HUIX5/i/0nLMe2Sed5wi7WrZRw5dIxO0BmyUQXV0A2qoyaiCNADekLPxp3xaLwYr4vWFWM5c4R+wHj7BO8gjQo=</latexit>

2x4

Direction in 4D    -space which 
increases prob. of choosing control 

✓
<latexit sha1_base64="JJ2SCzxcw3WL7WfoDbA0NQrMRVg=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKez6QI9BLx4jmAckS5id9CZjZneWmV4hLPkHLx4U8er/ePNvnCR70MSChqKqm+6uIJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNCrVHBpcSaXbATMgRQwNFCihnWhgUSChFYxup37rCbQRKn7AcQJ+xAaxCAVnaKVmF4eArFeuuFV3BrpMvJxUSI56r/zV7SueRhAjl8yYjucm6GdMo+ASJqVuaiBhfMQG0LE0ZhEYP5tdO6EnVunTUGlbMdKZ+nsiY5Ex4yiwnRHDoVn0puJ/XifF8NrPRJykCDGfLwpTSVHR6eu0LzRwlGNLGNfC3kr5kGnG0QZUsiF4iy8vk+ZZ1TuvXt5fVGo3eRxFckSOySnxyBWpkTtSJw3CySN5Jq/kzVHOi/PufMxbC04+c0j+wPn8AaY7jy8=</latexit>

u = 2
<latexit sha1_base64="KC044HRi7OrA14iMuD8/GNW5zMg=">AAAB9XicbVDLSgMxFL3xWeur6tJNsAiuykxVdCMU3bisYB/QjiWTZtrQTGZIMkoZ+h9uXCji1n9x59+YaWehrQcCh3Pu5Z4cPxZcG8f5RkvLK6tr64WN4ubW9s5uaW+/qaNEUdagkYhU2yeaCS5Zw3AjWDtWjIS+YC1/dJP5rUemNI/kvRnHzAvJQPKAU2Ks9NANiRn6QZpM8BWu9kplp+JMgReJm5My5Kj3Sl/dfkSTkElDBdG64zqx8VKiDKeCTYrdRLOY0BEZsI6lkoRMe+k09QQfW6WPg0jZJw2eqr83UhJqPQ59O5ml1PNeJv7ndRITXHopl3FimKSzQ0EisIlwVgHuc8WoEWNLCFXcZsV0SBShxhZVtCW4819eJM1qxT2tnN+dlWvXeR0FOIQjOAEXLqAGt1CHBlBQ8Ayv8Iae0At6Rx+z0SWU7xzAH6DPH6oSkfc=</latexit>

g>
1 (x)

<latexit sha1_base64="LUsWp6Hhj/OevfqDVC80LcHEnyk=">AAACBnicbVDLSsNAFJ34rPUVdSlCsAh1UxIf6LLoxmUF+4Amhsl00g6dzISZiVhCVm78FTcuFHHrN7jzb5y0EbT1wIXDOfdy7z1BTIlUtv1lzM0vLC4tl1bKq2vrG5vm1nZL8kQg3EScctEJoMSUMNxURFHciQWGUUBxOxhe5n77DgtJOLtRoxh7EewzEhIElZZ8c8+NoBoEYdrPbl3FY9+p/ij32aFvVuyaPYY1S5yCVECBhm9+uj2OkggzhSiUsuvYsfJSKBRBFGdlN5E4hmgI+7irKYMRll46fiOzDrTSs0IudDFljdXfEymMpBxFge7MT5TTXi7+53UTFZ57KWFxojBDk0VhQi3FrTwTq0cERoqONIFIEH2rhQZQQKR0cmUdgjP98ixpHdWc49rp9UmlflHEUQK7YB9UgQPOQB1cgQZoAgQewBN4Aa/Go/FsvBnvk9Y5o5jZAX9gfHwDjXCZLQ==</latexit>

g>
2 (x)

<latexit sha1_base64="E+s/JRMozhZzxtb22ru1ZV9lPUc=">AAACBnicbVDLSsNAFJ3UV62vqEsRBotQNyWpii6LblxWsA9oY5hMJ+3QySTMTMQSsnLjr7hxoYhbv8Gdf+OkjaCtBy4czrmXe+/xIkalsqwvo7CwuLS8Ulwtra1vbG6Z2zstGcYCkyYOWSg6HpKEUU6aiipGOpEgKPAYaXujy8xv3xEhachv1DgiToAGnPoUI6Ul19zvBUgNPT8ZpLc9FUZurfKj3KdHrlm2qtYEcJ7YOSmDHA3X/Oz1QxwHhCvMkJRd24qUkyChKGYkLfViSSKER2hAuppyFBDpJJM3UniolT70Q6GLKzhRf08kKJByHHi6MztRznqZ+J/XjZV/7iSUR7EiHE8X+TGDKoRZJrBPBcGKjTVBWFB9K8RDJBBWOrmSDsGefXmetGpV+7h6en1Srl/kcRTBHjgAFWCDM1AHV6ABmgCDB/AEXsCr8Wg8G2/G+7S1YOQzu+APjI9vjwCZLg==</latexit>
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By substituting actions and states from the trajectory                 
into the policy gradient

trajectory:
x0 =


2
3

�

<latexit sha1_base64="Zw+loeBfwzUvfLK7r8ydo6znCUM="></latexit>

x1 =


0
1

�

<latexit sha1_base64="fzaBvk+VkJiyGFimvcKYqR4nkMk="></latexit>

x2 =


�1
0

�

<latexit sha1_base64="35tkLD/8UD4lphN+oa9+lOhK5z8="></latexit>

u0 = 1
<latexit sha1_base64="VjxoEqUPtpfUqIicA5MRSAIig3Y=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBVUl8oBuh6MZlBfuANoTJdNIOnUzCzEQpsZ/ixoUibv0Sd/6NkzYLrR4YOJxzL/fMCRLOlHacL6u0tLyyulZer2xsbm3v2NXdtopTSWiLxDyW3QArypmgLc00p91EUhwFnHaC8XXud+6pVCwWd3qSUC/CQ8FCRrA2km9X+xHWoyDM0qnvoEvkVny75tSdGdBf4hakBgWavv3ZH8QkjajQhGOleq6TaC/DUjPC6bTSTxVNMBnjIe0ZKnBElZfNok/RoVEGKIyleUKjmfpzI8ORUpMoMJN5ULXo5eJ/Xi/V4YWXMZGkmgoyPxSmHOkY5T2gAZOUaD4xBBPJTFZERlhiok1beQnu4pf/kvZx3T2pn92e1hpXRR1l2IcDOAIXzqEBN9CEFhB4gCd4gVfr0Xq23qz3+WjJKnb24Besj2+IDJLe</latexit>

u1 = 2
<latexit sha1_base64="hG/MVDa5vaT72Knnp+r3nKaIdhk=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBVUmqohuh6MZlBfuANpTJdNIOnUzCzEQpsZ/ixoUibv0Sd/6NkzYLbT0wcDjnXu6Z48ecKe0431ZhZXVtfaO4Wdra3tnds8v7LRUlktAmiXgkOz5WlDNBm5ppTjuxpDj0OW3745vMbz9QqVgk7vUkpl6Ih4IFjGBtpL5d7oVYj/wgTaZ9F12hWqlvV5yqMwNaJm5OKpCj0be/eoOIJCEVmnCsVNd1Yu2lWGpGOJ2WeomiMSZjPKRdQwUOqfLSWfQpOjbKAAWRNE9oNFN/b6Q4VGoS+mYyC6oWvUz8z+smOrj0UibiRFNB5oeChCMdoawHNGCSEs0nhmAimcmKyAhLTLRpKyvBXfzyMmnVqu5p9fzurFK/zusowiEcwQm4cAF1uIUGNIHAIzzDK7xZT9aL9W59zEcLVr5zAH9gff4AixqS4A==</latexit>


✓>1 x
✓>2 x

�

<latexit sha1_base64="3M/aMTJKEExUa+lp4jFRB2m/ks0="></latexit>

✓
<latexit sha1_base64="JJ2SCzxcw3WL7WfoDbA0NQrMRVg=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKez6QI9BLx4jmAckS5id9CZjZneWmV4hLPkHLx4U8er/ePNvnCR70MSChqKqm+6uIJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNCrVHBpcSaXbATMgRQwNFCihnWhgUSChFYxup37rCbQRKn7AcQJ+xAaxCAVnaKVmF4eArFeuuFV3BrpMvJxUSI56r/zV7SueRhAjl8yYjucm6GdMo+ASJqVuaiBhfMQG0LE0ZhEYP5tdO6EnVunTUGlbMdKZ+nsiY5Ex4yiwnRHDoVn0puJ/XifF8NrPRJykCDGfLwpTSVHR6eu0LzRwlGNLGNfC3kr5kGnG0QZUsiF4iy8vk+ZZ1TuvXt5fVGo3eRxFckSOySnxyBWpkTtSJw3CySN5Jq/kzVHOi/PufMxbC04+c0j+wPn8AaY7jy8=</latexit>

z =


4
3

�

<latexit sha1_base64="gKelNVnjIoaXwWnucIpxc+OGgyU=">AAACJnicbVDLSsNAFJ34Nr6qLt0MFsFVSbSim0LRjUsF2wpNKJPpTTs4mYSZG6GGfo0bf8WNC0XEnZ/itGbh68DA4Zz7mHuiTAqDnvfuzMzOzS8sLi27K6tr6xuVza22SXPNocVTmerriBmQQkELBUq4zjSwJJLQiW7OJn7nFrQRqbrCUQZhwgZKxIIztFKv0ggShsMoLu7GtEEDCTF23SCCgVAF05qNxgUfu/UgcA8DUP1ScwMtBkMMe5WqV/OmoH+JX5IqKXHRqzwH/ZTnCSjkkhnT9b0MQzsVBZdg5+YGMsZv2AC6liqWgAmL6ZljumeVPo1TbZ9COlW/dxQsMWaURLZycpT57U3E/7xujvFJWAiV5QiKfy2Kc0kxpZPMaF9o4ChHljCuhf0r5UOmGUebrGtD8H+f/Je0D2r+Ye3osl5tnpZxLJEdskv2iU+OSZOckwvSIpzck0fyTF6cB+fJeXXevkpnnLJnm/yA8/EJgEGlzg==</latexit>

s(z)
<latexit sha1_base64="p4DCSLSHrW7sZ8jcct4j9LXRCco=">AAACCnicbZDLSsNAFIYn9VbrLerSzWgp1E1JvKAboejGZQV7gSaUyXTSDp1MwsxEqCFrN76KGxeKuPUJ3Pk2TtoI2vrDwMd/zmHO+b2IUaks68soLCwuLa8UV0tr6xubW+b2TkuGscCkiUMWio6HJGGUk6aiipFOJAgKPEba3ugqq7fviJA05LdqHBE3QANOfYqR0lbP3HcCpIaen8i0+oP36WEFXkCHEV91Sz2zbNWsieA82DmUQa5Gz/x0+iGOA8IVZkjKrm1Fyk2QUBQzkpacWJII4REakK5GjgIi3WRySgor2ulDPxT6cQUn7u+JBAVSjgNPd2bbytlaZv5X68bKP3cTyqNYEY6nH/kxgyqEWS6wTwXBio01ICyo3hXiIRIIK51eFoI9e/I8tI5q9nHt9OakXL/M4yiCPXAAqsAGZ6AOrkEDNAEGD+AJvIBX49F4Nt6M92lrwchndsEfGR/fDQSZ1A==</latexit>

x0 =


2
3

�

<latexit sha1_base64="Zw+loeBfwzUvfLK7r8ydo6znCUM="></latexit>

p =


0.73
0.27

�

<latexit sha1_base64="aSuHcUce6e/iuvOVrNnWn1FiaVo="></latexit>

q =


�0.31
�1.31

�

<latexit sha1_base64="xVYSkujHD8vxdvtcpFGkSmEdfPw="></latexit>

log(p)
<latexit sha1_base64="O/gdx7FYFAv0ALWN842Y4TmiwHM=">AAAB+XicbVDLSsNAFL2pr1pfUZdugkWom5L4QJdFNy4r2Ac0oUymk3boZCbMTAol9E/cuFDErX/izr9x0mahrQcGDufcyz1zwoRRpV332yqtrW9sbpW3Kzu7e/sH9uFRW4lUYtLCggnZDZEijHLS0lQz0k0kQXHISCcc3+d+Z0KkooI/6WlCghgNOY0oRtpIfdv2mRjW/BjpURhlyey8b1fdujuHs0q8glShQLNvf/kDgdOYcI0ZUqrnuYkOMiQ1xYzMKn6qSILwGA1Jz1COYqKCbJ585pwZZeBEQprHtTNXf29kKFZqGodmMo+olr1c/M/rpTq6DTLKk1QTjheHopQ5Wjh5Dc6ASoI1mxqCsKQmq4NHSCKsTVkVU4K3/OVV0r6oe5f168erauOuqKMMJ3AKNfDgBhrwAE1oAYYJPMMrvFmZ9WK9Wx+L0ZJV7BzDH1ifP1NDk3c=</latexit>

@J(✓)

@✓
=

@ log ⇡✓(u0|x0)

@✓
· r(⌧) + @ log ⇡✓(u1|x1)

@✓
· r(⌧) + . . .

<latexit sha1_base64="gdrg1VeeD/VJkE6N3TDI2Z7j7Rk="></latexit>

g>
1 (x0)

<latexit sha1_base64="FE5IO9tqqYvnQWrEQuBEbmZYrfs=">AAACCHicbVDLSsNAFJ34rPUVdenCYBHqpiQ+0GXRjcsK9gFNDJPppB06mQkzE7GELN34K25cKOLWT3Dn3zhpI2jrgQuHc+7l3nuCmBKpbPvLmJtfWFxaLq2UV9fWNzbNre2W5IlAuIk45aITQIkpYbipiKK4EwsMo4DidjC8zP32HRaScHajRjH2IthnJCQIKi355p4bQTUIwrSf3bqKx75T/VHuM98+9M2KXbPHsGaJU5AKKNDwzU+3x1ESYaYQhVJ2HTtWXgqFIojirOwmEscQDWEfdzVlMMLSS8ePZNaBVnpWyIUupqyx+nsihZGUoyjQnfmRctrLxf+8bqLCcy8lLE4UZmiyKEyopbiVp2L1iMBI0ZEmEAmib7XQAAqIlM6urENwpl+eJa2jmnNcO70+qdQvijhKYBfsgypwwBmogyvQAE2AwAN4Ai/g1Xg0no03433SOmcUMzvgD4yPb8gBmdA=</latexit>

g>
2 (x1)

<latexit sha1_base64="nAgWYbS4840aJAIrLCX3hjDEnyU=">AAACCHicbVDLSsNAFJ3UV62vqEsXBotQNyWpii6LblxWsA9oY5hMJ+3QyUyYmYglZOnGX3HjQhG3foI7/8ZJG0FbD1w4nHMv997jR5RIZdtfRmFhcWl5pbhaWlvf2Nwyt3dakscC4SbilIuODyWmhOGmIoriTiQwDH2K2/7oMvPbd1hIwtmNGkfYDeGAkYAgqLTkmfu9EKqhHySD9LaneOTVKj/Kfeo5R55Ztqv2BNY8cXJSBjkanvnZ63MUh5gpRKGUXceOlJtAoQiiOC31YokjiEZwgLuaMhhi6SaTR1LrUCt9K+BCF1PWRP09kcBQynHo687sSDnrZeJ/XjdWwbmbEBbFCjM0XRTE1FLcylKx+kRgpOhYE4gE0bdaaAgFREpnV9IhOLMvz5NWreocV0+vT8r1izyOItgDB6ACHHAG6uAKNEATIPAAnsALeDUejWfjzXifthaMfGYX/IHx8Q3LGJnS</latexit>

· r(⌧) +
<latexit sha1_base64="O53GzebFAEuf7NPbxkfLiJ/O7io=">AAAB+3icbVDLSsNAFJ3UV62vWJduBotQEUriA4Vuim5cVrAPaEKZTCbt0MmDmRuxhP6KGxeKuPVH3Pk3TtsstPXAhcM593LvPV4iuALL+jYKK6tr6xvFzdLW9s7unrlfbqs4lZS1aCxi2fWIYoJHrAUcBOsmkpHQE6zjjW6nfueRScXj6AHGCXNDMoh4wCkBLfXNskP9GJw6llUHSHri1E/7ZsWqWTPgZWLnpIJyNPvml+PHNA1ZBFQQpXq2lYCbEQmcCjYpOaliCaEjMmA9TSMSMuVms9sn+FgrPg5iqSsCPFN/T2QkVGocerozJDBUi95U/M/rpRBcuxmPkhRYROeLglRgiPE0COxzySiIsSaESq5vxXRIJKGg4yrpEOzFl5dJ+6xmn9cu7y8qjZs8jiI6REeoimx0hRroDjVRC1H0hJ7RK3ozJsaL8W58zFsLRj5zgP7A+PwBSROTTg==</latexit>

· r(⌧) +
<latexit sha1_base64="O53GzebFAEuf7NPbxkfLiJ/O7io=">AAAB+3icbVDLSsNAFJ3UV62vWJduBotQEUriA4Vuim5cVrAPaEKZTCbt0MmDmRuxhP6KGxeKuPVH3Pk3TtsstPXAhcM593LvPV4iuALL+jYKK6tr6xvFzdLW9s7unrlfbqs4lZS1aCxi2fWIYoJHrAUcBOsmkpHQE6zjjW6nfueRScXj6AHGCXNDMoh4wCkBLfXNskP9GJw6llUHSHri1E/7ZsWqWTPgZWLnpIJyNPvml+PHNA1ZBFQQpXq2lYCbEQmcCjYpOaliCaEjMmA9TSMSMuVms9sn+FgrPg5iqSsCPFN/T2QkVGocerozJDBUi95U/M/rpRBcuxmPkhRYROeLglRgiPE0COxzySiIsSaESq5vxXRIJKGg4yrpEOzFl5dJ+6xmn9cu7y8qjZs8jiI6REeoimx0hRroDjVRC1H0hJ7RK3ozJsaL8W58zFsLRj5zgP7A+PwBSROTTg==</latexit>

=<latexit sha1_base64="wmqm1Zp1A2MDDclPjP9nODsI2BA=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKez6QC9C0IvHBMwDkiXMTjrJmNnZZWZWCEu+wIsHRbz6Sd78GyfJHjSxoKGo6qa7K4gF18Z1v53cyura+kZ+s7C1vbO7V9w/aOgoUQzrLBKRagVUo+AS64Ybga1YIQ0Dgc1gdDf1m0+oNI/kgxnH6Id0IHmfM2qsVLvpFktu2Z2BLBMvIyXIUO0Wvzq9iCUhSsME1brtubHxU6oMZwInhU6iMaZsRAfYtlTSELWfzg6dkBOr9Eg/UrakITP190RKQ63HYWA7Q2qGetGbiv957cT0r/2UyzgxKNl8UT8RxERk+jXpcYXMiLEllClubyVsSBVlxmZTsCF4iy8vk8ZZ2TsvX9YuSpXbLI48HMExnIIHV1CBe6hCHRggPMMrvDmPzovz7nzMW3NONnMIf+B8/gCPEYzI</latexit> . . .
<latexit sha1_base64="umd5b+XF/tFPtHGDly95l1fNvOE=">AAAB7HicbVDLSsNAFL2pr1pfVZduBovgqiQ+0GXRjcsKxhbaUCbTSTt0MgkzN0IJ/QY3LhRx6we582+ctllo64GBwzn3MPeeMJXCoOt+O6WV1bX1jfJmZWt7Z3evun/waJJMM+6zRCa6HVLDpVDcR4GSt1PNaRxK3gpHt1O/9cS1EYl6wHHKg5gOlIgEo2glv9tP0PSqNbfuzkCWiVeQGhRo9qpfNseymCtkkhrT8dwUg5xqFEzySaWbGZ5SNqID3rFU0ZibIJ8tOyEnVumTKNH2KSQz9Xcip7Ex4zi0kzHFoVn0puJ/XifD6DrIhUoz5IrNP4oySTAh08tJX2jOUI4toUwLuythQ6opQ9tPxZbgLZ68TB7P6t55/fL+ota4KeoowxEcwyl4cAUNuIMm+MBAwDO8wpujnBfn3fmYj5acInMIf+B8/gDzrI7J</latexit>
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By substituting controls  and states from the trajectory                 
into the policy gradient

trajectory:
x0 =


2
3

�

<latexit sha1_base64="Zw+loeBfwzUvfLK7r8ydo6znCUM="></latexit>

x1 =


0
1

�

<latexit sha1_base64="fzaBvk+VkJiyGFimvcKYqR4nkMk="></latexit>

x2 =


�1
0

�

<latexit sha1_base64="35tkLD/8UD4lphN+oa9+lOhK5z8="></latexit>

u0 = 1
<latexit sha1_base64="VjxoEqUPtpfUqIicA5MRSAIig3Y=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBVUl8oBuh6MZlBfuANoTJdNIOnUzCzEQpsZ/ixoUibv0Sd/6NkzYLrR4YOJxzL/fMCRLOlHacL6u0tLyyulZer2xsbm3v2NXdtopTSWiLxDyW3QArypmgLc00p91EUhwFnHaC8XXud+6pVCwWd3qSUC/CQ8FCRrA2km9X+xHWoyDM0qnvoEvkVny75tSdGdBf4hakBgWavv3ZH8QkjajQhGOleq6TaC/DUjPC6bTSTxVNMBnjIe0ZKnBElZfNok/RoVEGKIyleUKjmfpzI8ORUpMoMJN5ULXo5eJ/Xi/V4YWXMZGkmgoyPxSmHOkY5T2gAZOUaD4xBBPJTFZERlhiok1beQnu4pf/kvZx3T2pn92e1hpXRR1l2IcDOAIXzqEBN9CEFhB4gCd4gVfr0Xq23qz3+WjJKnb24Besj2+IDJLe</latexit>

u1 = 2
<latexit sha1_base64="hG/MVDa5vaT72Knnp+r3nKaIdhk=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBVUmqohuh6MZlBfuANpTJdNIOnUzCzEQpsZ/ixoUibv0Sd/6NkzYLbT0wcDjnXu6Z48ecKe0431ZhZXVtfaO4Wdra3tnds8v7LRUlktAmiXgkOz5WlDNBm5ppTjuxpDj0OW3745vMbz9QqVgk7vUkpl6Ih4IFjGBtpL5d7oVYj/wgTaZ9F12hWqlvV5yqMwNaJm5OKpCj0be/eoOIJCEVmnCsVNd1Yu2lWGpGOJ2WeomiMSZjPKRdQwUOqfLSWfQpOjbKAAWRNE9oNFN/b6Q4VGoS+mYyC6oWvUz8z+smOrj0UibiRFNB5oeChCMdoawHNGCSEs0nhmAimcmKyAhLTLRpKyvBXfzyMmnVqu5p9fzurFK/zusowiEcwQm4cAF1uIUGNIHAIzzDK7xZT9aL9W59zEcLVr5zAH9gff4AixqS4A==</latexit>

@J(✓)

@✓
=

@ log ⇡✓(u0|x0)

@✓
· r(⌧) + @ log ⇡✓(u1|x1)

@✓
· r(⌧) + . . .

<latexit sha1_base64="gdrg1VeeD/VJkE6N3TDI2Z7j7Rk="></latexit>

g>
1 (x0)

<latexit sha1_base64="FE5IO9tqqYvnQWrEQuBEbmZYrfs=">AAACCHicbVDLSsNAFJ34rPUVdenCYBHqpiQ+0GXRjcsK9gFNDJPppB06mQkzE7GELN34K25cKOLWT3Dn3zhpI2jrgQuHc+7l3nuCmBKpbPvLmJtfWFxaLq2UV9fWNzbNre2W5IlAuIk45aITQIkpYbipiKK4EwsMo4DidjC8zP32HRaScHajRjH2IthnJCQIKi355p4bQTUIwrSf3bqKx75T/VHuM98+9M2KXbPHsGaJU5AKKNDwzU+3x1ESYaYQhVJ2HTtWXgqFIojirOwmEscQDWEfdzVlMMLSS8ePZNaBVnpWyIUupqyx+nsihZGUoyjQnfmRctrLxf+8bqLCcy8lLE4UZmiyKEyopbiVp2L1iMBI0ZEmEAmib7XQAAqIlM6urENwpl+eJa2jmnNcO70+qdQvijhKYBfsgypwwBmogyvQAE2AwAN4Ai/g1Xg0no03433SOmcUMzvgD4yPb8gBmdA=</latexit>

g>
2 (x1)

<latexit sha1_base64="nAgWYbS4840aJAIrLCX3hjDEnyU=">AAACCHicbVDLSsNAFJ3UV62vqEsXBotQNyWpii6LblxWsA9oY5hMJ+3QyUyYmYglZOnGX3HjQhG3foI7/8ZJG0FbD1w4nHMv997jR5RIZdtfRmFhcWl5pbhaWlvf2Nwyt3dakscC4SbilIuODyWmhOGmIoriTiQwDH2K2/7oMvPbd1hIwtmNGkfYDeGAkYAgqLTkmfu9EKqhHySD9LaneOTVKj/Kfeo5R55Ztqv2BNY8cXJSBjkanvnZ63MUh5gpRKGUXceOlJtAoQiiOC31YokjiEZwgLuaMhhi6SaTR1LrUCt9K+BCF1PWRP09kcBQynHo687sSDnrZeJ/XjdWwbmbEBbFCjM0XRTE1FLcylKx+kRgpOhYE4gE0bdaaAgFREpnV9IhOLMvz5NWreocV0+vT8r1izyOItgDB6ACHHAG6uAKNEATIPAAnsALeDUejWfjzXifthaMfGYX/IHx8Q3LGJnS</latexit>

· r(⌧) +
<latexit sha1_base64="O53GzebFAEuf7NPbxkfLiJ/O7io=">AAAB+3icbVDLSsNAFJ3UV62vWJduBotQEUriA4Vuim5cVrAPaEKZTCbt0MmDmRuxhP6KGxeKuPVH3Pk3TtsstPXAhcM593LvPV4iuALL+jYKK6tr6xvFzdLW9s7unrlfbqs4lZS1aCxi2fWIYoJHrAUcBOsmkpHQE6zjjW6nfueRScXj6AHGCXNDMoh4wCkBLfXNskP9GJw6llUHSHri1E/7ZsWqWTPgZWLnpIJyNPvml+PHNA1ZBFQQpXq2lYCbEQmcCjYpOaliCaEjMmA9TSMSMuVms9sn+FgrPg5iqSsCPFN/T2QkVGocerozJDBUi95U/M/rpRBcuxmPkhRYROeLglRgiPE0COxzySiIsSaESq5vxXRIJKGg4yrpEOzFl5dJ+6xmn9cu7y8qjZs8jiI6REeoimx0hRroDjVRC1H0hJ7RK3ozJsaL8W58zFsLRj5zgP7A+PwBSROTTg==</latexit>

· r(⌧) +
<latexit sha1_base64="O53GzebFAEuf7NPbxkfLiJ/O7io=">AAAB+3icbVDLSsNAFJ3UV62vWJduBotQEUriA4Vuim5cVrAPaEKZTCbt0MmDmRuxhP6KGxeKuPVH3Pk3TtsstPXAhcM593LvPV4iuALL+jYKK6tr6xvFzdLW9s7unrlfbqs4lZS1aCxi2fWIYoJHrAUcBOsmkpHQE6zjjW6nfueRScXj6AHGCXNDMoh4wCkBLfXNskP9GJw6llUHSHri1E/7ZsWqWTPgZWLnpIJyNPvml+PHNA1ZBFQQpXq2lYCbEQmcCjYpOaliCaEjMmA9TSMSMuVms9sn+FgrPg5iqSsCPFN/T2QkVGocerozJDBUi95U/M/rpRBcuxmPkhRYROeLglRgiPE0COxzySiIsSaESq5vxXRIJKGg4yrpEOzFl5dJ+6xmn9cu7y8qjZs8jiI6REeoimx0hRroDjVRC1H0hJ7RK3ozJsaL8W58zFsLRj5zgP7A+PwBSROTTg==</latexit>

=<latexit sha1_base64="wmqm1Zp1A2MDDclPjP9nODsI2BA=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKez6QC9C0IvHBMwDkiXMTjrJmNnZZWZWCEu+wIsHRbz6Sd78GyfJHjSxoKGo6qa7K4gF18Z1v53cyura+kZ+s7C1vbO7V9w/aOgoUQzrLBKRagVUo+AS64Ybga1YIQ0Dgc1gdDf1m0+oNI/kgxnH6Id0IHmfM2qsVLvpFktu2Z2BLBMvIyXIUO0Wvzq9iCUhSsME1brtubHxU6oMZwInhU6iMaZsRAfYtlTSELWfzg6dkBOr9Eg/UrakITP190RKQ63HYWA7Q2qGetGbiv957cT0r/2UyzgxKNl8UT8RxERk+jXpcYXMiLEllClubyVsSBVlxmZTsCF4iy8vk8ZZ2TsvX9YuSpXbLI48HMExnIIHV1CBe6hCHRggPMMrvDmPzovz7nzMW3NONnMIf+B8/gCPEYzI</latexit> . . .
<latexit sha1_base64="umd5b+XF/tFPtHGDly95l1fNvOE=">AAAB7HicbVDLSsNAFL2pr1pfVZduBovgqiQ+0GXRjcsKxhbaUCbTSTt0MgkzN0IJ/QY3LhRx6we582+ctllo64GBwzn3MPeeMJXCoOt+O6WV1bX1jfJmZWt7Z3evun/waJJMM+6zRCa6HVLDpVDcR4GSt1PNaRxK3gpHt1O/9cS1EYl6wHHKg5gOlIgEo2glv9tP0PSqNbfuzkCWiVeQGhRo9qpfNseymCtkkhrT8dwUg5xqFEzySaWbGZ5SNqID3rFU0ZibIJ8tOyEnVumTKNH2KSQz9Xcip7Ex4zi0kzHFoVn0puJ/XifD6DrIhUoz5IrNP4oySTAh08tJX2jOUI4toUwLuythQ6opQ9tPxZbgLZ68TB7P6t55/fL+ota4KeoowxEcwyl4cAUNuIMm+MBAwDO8wpujnBfn3fmYj5acInMIf+B8/gDzrI7J</latexit>

If trajectories are good, then         -weights are big and this direction in 4D    -space 
is more preferred. 

r(⌧)
<latexit sha1_base64="8l5HHddzgbgKvTLjtOGH06ju1c0=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBDiJez6QI9BLx4jmAckS5idzCZDZmeXmV4hLPkILx4U8er3ePNvnCR70MSChqKqm+6uIJHCoOt+Oyura+sbm4Wt4vbO7t5+6eCwaeJUM95gsYx1O6CGS6F4AwVK3k40p1EgeSsY3U391hPXRsTqEccJ9yM6UCIUjKKVWrrSRZqe9Uplt+rOQJaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzySbGbGp5QNqID3rFU0YgbP5udOyGnVumTMNa2FJKZ+nsio5Ex4yiwnRHFoVn0puJ/XifF8MbPhEpS5IrNF4WpJBiT6e+kLzRnKMeWUKaFvZWwIdWUoU2oaEPwFl9eJs3zqndRvXq4LNdu8zgKcAwnUAEPrqEG91CHBjAYwTO8wpuTOC/Ou/Mxb11x8pkj+APn8we+6o8w</latexit>

✓
<latexit sha1_base64="JJ2SCzxcw3WL7WfoDbA0NQrMRVg=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKez6QI9BLx4jmAckS5id9CZjZneWmV4hLPkHLx4U8er/ePNvnCR70MSChqKqm+6uIJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNCrVHBpcSaXbATMgRQwNFCihnWhgUSChFYxup37rCbQRKn7AcQJ+xAaxCAVnaKVmF4eArFeuuFV3BrpMvJxUSI56r/zV7SueRhAjl8yYjucm6GdMo+ASJqVuaiBhfMQG0LE0ZhEYP5tdO6EnVunTUGlbMdKZ+nsiY5Ex4yiwnRHDoVn0puJ/XifF8NrPRJykCDGfLwpTSVHR6eu0LzRwlGNLGNfC3kr5kGnG0QZUsiF4iy8vk+ZZ1TuvXt5fVGo3eRxFckSOySnxyBWpkTtSJw3CySN5Jq/kzVHOi/PufMxbC04+c0j+wPn8AaY7jy8=</latexit>

we obtain         -weighted mean of directions in   -space.r(⌧)
<latexit sha1_base64="8l5HHddzgbgKvTLjtOGH06ju1c0=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBDiJez6QI9BLx4jmAckS5idzCZDZmeXmV4hLPkILx4U8er3ePNvnCR70MSChqKqm+6uIJHCoOt+Oyura+sbm4Wt4vbO7t5+6eCwaeJUM95gsYx1O6CGS6F4AwVK3k40p1EgeSsY3U391hPXRsTqEccJ9yM6UCIUjKKVWrrSRZqe9Uplt+rOQJaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzySbGbGp5QNqID3rFU0YgbP5udOyGnVumTMNa2FJKZ+nsio5Ex4yiwnRHFoVn0puJ/XifF8MbPhEpS5IrNF4WpJBiT6e+kLzRnKMeWUKaFvZWwIdWUoU2oaEPwFl9eJs3zqndRvXq4LNdu8zgKcAwnUAEPrqEG91CHBjAYwTO8wpuTOC/Ou/Mxb11x8pkj+APn8we+6o8w</latexit>

✓
<latexit sha1_base64="JJ2SCzxcw3WL7WfoDbA0NQrMRVg=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKez6QI9BLx4jmAckS5id9CZjZneWmV4hLPkHLx4U8er/ePNvnCR70MSChqKqm+6uIJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNCrVHBpcSaXbATMgRQwNFCihnWhgUSChFYxup37rCbQRKn7AcQJ+xAaxCAVnaKVmF4eArFeuuFV3BrpMvJxUSI56r/zV7SueRhAjl8yYjucm6GdMo+ASJqVuaiBhfMQG0LE0ZhEYP5tdO6EnVunTUGlbMdKZ+nsiY5Ex4yiwnRHDoVn0puJ/XifF8NrPRJykCDGfLwpTSVHR6eu0LzRwlGNLGNfC3kr5kGnG0QZUsiF4iy8vk+ZZ1TuvXt5fVGo3eRxFckSOySnxyBWpkTtSJw3CySN5Jq/kzVHOi/PufMxbC04+c0j+wPn8AaY7jy8=</latexit>

Consequently, policy parameters are changed in the direction,  
which generates good trajectories



REINFORCE

Several equivalent ways to express 

the quality of trajectory

⇡✓(u|x)
<latexit sha1_base64="c8O3efg+MUJgIKsgdHTS34nc+gA="></latexit>

x
<latexit sha1_base64="/hJkej/HRouyoVE0EC7jObVO/D4="></latexit>

<latexit sha1_base64="SoylLy+y1aZ2vo2koNNkupURrJs=">AAACA3icbVDLSsNAFL3xWesr6k43g0Wom5KIohuh6MZlBfuANpTJdNIOnTyYmYglBtz4K25cKOLWn3Dn3zhpI2jrgYEz59zLvfe4EWdSWdaXMTe/sLi0XFgprq6tb2yaW9sNGcaC0DoJeShaLpaUs4DWFVOctiJBse9y2nSHl5nfvKVCsjC4UaOIOj7uB8xjBCstdc3dqNzxsRq4XhKn59b9z+cuPeyaJatijYFmiZ2TEuSodc3PTi8ksU8DRTiWsm1bkXISLBQjnKbFTixphMkQ92lb0wD7VDrJ+IYUHWilh7xQ6BcoNFZ/dyTYl3Lku7oyW1FOe5n4n9eOlXfmJCyIYkUDMhnkxRypEGWBoB4TlCg+0gQTwfSuiAywwETp2Io6BHv65FnSOKrYJxXr+rhUvcjjKMAe7EMZbDiFKlxBDepA4AGe4AVejUfj2Xgz3ielc0beswN/YHx8AyLBl9Y=</latexit>

p(u = 0|x)
<latexit sha1_base64="5Urf5k+V/FTzzHzmEkCGMjJreVY=">AAACA3icbVDLSgMxFL1TX7W+Rt3pJliEuikzRdGNUHTjsoJ9QDuUTJppQzMPkoxYxgE3/oobF4q49Sfc+Tem7QjaeiBwcs693HuPG3EmlWV9GbmFxaXllfxqYW19Y3PL3N5pyDAWhNZJyEPRcrGknAW0rpjitBUJin2X06Y7vBz7zVsqJAuDGzWKqOPjfsA8RrDSUtfci0odH6uB6yVxel65//ncpUdds2iVrQnQPLEzUoQMta752emFJPZpoAjHUrZtK1JOgoVihNO00IkljTAZ4j5taxpgn0onmdyQokOt9JAXCv0ChSbq744E+1KOfFdXjleUs95Y/M9rx8o7cxIWRLGiAZkO8mKOVIjGgaAeE5QoPtIEE8H0rogMsMBE6dgKOgR79uR50qiU7ZOydX1crF5kceRhHw6gBDacQhWuoAZ1IPAAT/ACr8aj8Wy8Ge/T0pyR9ezCHxgf3yXhl9g=</latexit>

p(u = 2|x)

…Stochastic policy for 
discrete control:

@J(✓)

@✓
=

Z

T
p(⌧ |⇡✓)

@ log p(⌧ |⇡✓)

@✓
r(⌧)d⌧ =

<latexit sha1_base64="O70Lp3jQD7VEDEnoGyiK+uYL9qI="></latexit>

<latexit sha1_base64="VHQERuxP/5qdzojHb3O/kS+aqgo="></latexit>

⇡
X

(u,x)2⌧

@ log(⇡✓(u|x))
@✓

· r(⌧)

1. Initialize policy 
⌧

<latexit sha1_base64="WEuQaxy+80wPLN8+yAQ+jjl+yUs="></latexit><latexit sha1_base64="WEuQaxy+80wPLN8+yAQ+jjl+yUs="></latexit><latexit sha1_base64="WEuQaxy+80wPLN8+yAQ+jjl+yUs="></latexit><latexit sha1_base64="WEuQaxy+80wPLN8+yAQ+jjl+yUs="></latexit>

<latexit sha1_base64="AWY3E25ZSDCp1pLYiKUal8mKV6A="></latexit>

⇡✓(u|x) = C · exp
⇣
� (f(x, ✓µ)� u)2

✓2�

⌘
2. Collect trajectories     with policy
4. Update policy (actor):

<latexit sha1_base64="H06wqck3JNyM8xHFCQYGgVY0/Bo=">AAACLHicbZDLSgMxFIYzXmu9VV26CRZBEcqMiIogFLpRVwpWC51SzqQZG5q5kJwRytAHcuOrCOJCEbc+h5nOgFo9EPj5/nOSnN+LpdBo22/W1PTM7Nx8aaG8uLS8slpZW7/RUaIYb7JIRqrlgeZShLyJAiVvxYpD4El+6w0amX97z5UWUXiNw5h3ArgLhS8YoEHdSsPFPkegJ6e0UHvUBRn3wfUVsNSNQaEASS92cn939M1yMupWqnbNHhf9K5xCVElRl93Ks9uLWBLwEJkErduOHWMnzW5lko/KbqJ5DGwAd7xtZAgB1510vOyIbhvSo36kzAmRjunPiRQCrYeBZzoDwL6e9DL4n9dO0D/upCKME+Qhyx/yE0kxollytCcUZyiHRgBTwvyVsj6YkNDkWzYhOJMr/xU3+zXnsOZcHVTr50UcJbJJtsgOccgRqZMzckmahJEH8kReyZv1aL1Y79ZH3jplFTMb5FdZn1+tzqf3</latexit>

✓ := ✓ + ↵
@J(✓)

@✓
5. Repeat from 2

<latexit sha1_base64="0m0H/YvSwCux5kzlVOuX8fQdYGU="></latexit>

⇡✓(u|x) = f(x, ✓)



1. Initialize policy 
⌧
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<latexit sha1_base64="AWY3E25ZSDCp1pLYiKUal8mKV6A="></latexit>

⇡✓(u|x) = C · exp
⇣
� (f(x, ✓µ)� u)2

✓2�

⌘
2. Collect trajectories     with policy
4. Update policy (actor):

Advantage Actor Critic (A2C)

<latexit sha1_base64="0m0H/YvSwCux5kzlVOuX8fQdYGU="></latexit>

⇡✓(u|x) = f(x, ✓)
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p(u = 2|x)

…Stochastic policy for 
discrete control:
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@J(✓)

@✓
⇡

X

(u,x,x0)2⌧

@ log ⇡✓(u|x)
@✓

·
⇣
r + �V (x0)� V (x)

⌘

| {z }
A=Q�V

<latexit sha1_base64="H06wqck3JNyM8xHFCQYGgVY0/Bo=">AAACLHicbZDLSgMxFIYzXmu9VV26CRZBEcqMiIogFLpRVwpWC51SzqQZG5q5kJwRytAHcuOrCOJCEbc+h5nOgFo9EPj5/nOSnN+LpdBo22/W1PTM7Nx8aaG8uLS8slpZW7/RUaIYb7JIRqrlgeZShLyJAiVvxYpD4El+6w0amX97z5UWUXiNw5h3ArgLhS8YoEHdSsPFPkegJ6e0UHvUBRn3wfUVsNSNQaEASS92cn939M1yMupWqnbNHhf9K5xCVElRl93Ks9uLWBLwEJkErduOHWMnzW5lko/KbqJ5DGwAd7xtZAgB1510vOyIbhvSo36kzAmRjunPiRQCrYeBZzoDwL6e9DL4n9dO0D/upCKME+Qhyx/yE0kxollytCcUZyiHRgBTwvyVsj6YkNDkWzYhOJMr/xU3+zXnsOZcHVTr50UcJbJJtsgOccgRqZMzckmahJEH8kReyZv1aL1Y79ZH3jplFTMb5FdZn1+tzqf3</latexit>
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5. Repeat from 2
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1. Initialize policy 
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2. Collect trajectories     with policy

4. Update policy (actor):

5. Repeat from 2

3. Update value function (critic):

Advantage Actor Critic (A2C)
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Advantage Actor Critic (A2C)

Implementation: https://stable-baselines.readthedocs.io/en/master/modules/a2c.html

Paper: https://arxiv.org/abs/1602.01783

Explanation: https://towardsdatascience.com/understanding-actor-critic-
methods-931b97b6df3f

https://arxiv.org/abs/1602.01783
https://towardsdatascience.com/understanding-actor-critic-methods-931b97b6df3f
https://towardsdatascience.com/understanding-actor-critic-methods-931b97b6df3f


Known successes of RL
• Computer games controlled from pixel inputs


• Atari 2D platformers

• Doom 2 - VizDoom [Wydemuch 2018] 

https://arxiv.org/abs/1809.03470

• Quake III - Arena capture the flag

• DOTA 2 openAI+ bot https://blog.openai.com/dota-2/

• Starcraft II

• AlphaGo

• AlphaZero

http://www.apple.com/uk
https://blog.openai.com/dota-2/


Known successes of RL - Starcraft II
• Starcraft II (Deepmind AlphaStart beaten top-end 

professional human gamers 5:0)

https://medium.com/mlmemoirs/deepminds-ai-alphastar-showcases-significant-
progress-towards-agi-93810c94fbe9

https://medium.com/mlmemoirs/deepminds-ai-alphastar-showcases-significant-progress-towards-agi-93810c94fbe9
https://medium.com/mlmemoirs/deepminds-ai-alphastar-showcases-significant-progress-towards-agi-93810c94fbe9


Known successes of RL - Starcraft II
• Starcraft II game


• no single best strategy

• imperfect information (unlike fully observable chess)

• longterm planning (significantly delayed rewards for 

upgrades)

• realtime (unlike traditional board games)

• large action space (hundreds of buildings and possible 

locations, units and commands, upgrades)

• Starcraft II client + dataset of anonymised game plays:

• https://github.com/Blizzard/s2client-proto#replay-packs

• [DeepMind + Blizzard 2017] joint paper: 

https://kstatic.googleusercontent.com/files/
8f5c46f2ca6f2dc1944e86fe852ecfa2072cc3729ceb6af4dc
84307a939b60ac8915c82ead4e7e4d4862d0436a8a329a6f
06a4d538b741219e85c207c5e04f62

https://github.com/Blizzard/s2client-proto#replay-packs
https://kstatic.googleusercontent.com/files/8f5c46f2ca6f2dc1944e86fe852ecfa2072cc3729ceb6af4dc84307a939b60ac8915c82ead4e7e4d4862d0436a8a329a6f06a4d538b741219e85c207c5e04f62
https://kstatic.googleusercontent.com/files/8f5c46f2ca6f2dc1944e86fe852ecfa2072cc3729ceb6af4dc84307a939b60ac8915c82ead4e7e4d4862d0436a8a329a6f06a4d538b741219e85c207c5e04f62
https://kstatic.googleusercontent.com/files/8f5c46f2ca6f2dc1944e86fe852ecfa2072cc3729ceb6af4dc84307a939b60ac8915c82ead4e7e4d4862d0436a8a329a6f06a4d538b741219e85c207c5e04f62
https://kstatic.googleusercontent.com/files/8f5c46f2ca6f2dc1944e86fe852ecfa2072cc3729ceb6af4dc84307a939b60ac8915c82ead4e7e4d4862d0436a8a329a6f06a4d538b741219e85c207c5e04f62


Known successes of RL - Starcraft II
Minigames allows for traing small RL agents



Known successes of RL - Starcraft II

• Supervised learning from anonymised human games 
(performance: (i) humans - gold level, (ii) AI - elite level


• Reinforcement learning: 14 days playing against two 
grand masters (TLO, MaNa)

https://medium.com/mlmemoirs/deepminds-ai-alphastar-showcases-significant-
progress-towards-agi-93810c94fbe9

Learning consists of two phases:

• Constrained Activities per Minute (APM) - Alpha Star uses 
significantly less APM than human players.


• Response time 350ms (approx moderate human player)

• AlphaStar does not move camera (uses zoomed out), however 

haze of war is used.

https://medium.com/mlmemoirs/deepminds-ai-alphastar-showcases-significant-progress-towards-agi-93810c94fbe9
https://medium.com/mlmemoirs/deepminds-ai-alphastar-showcases-significant-progress-towards-agi-93810c94fbe9


• AlphaGo/Alpha Zero https://en.wikipedia.org/wiki/AlphaZero

• SearchTrees has no chance in huge state-action spaces


• AlphaGo: 

• beat professional Go player

• 9 dan professional ranking


• Alpha Zero: Top Chess Engine Championship 2017

• 9h of self-play, no openingbooks nor endgames tables

• 1 minute per move, 1GB RAM

• 28 wins, 72 withdraws


• AutoML https://cloud.google.com/automl/

• [Zoph 2016] REINFORCE learns RCNN policy which  

generates deep CNN architectures.

Known successes of RL

https://en.wikipedia.org/wiki/AlphaZero
https://cloud.google.com/automl/


[Heess 2017] https://arxiv.org/abs/1707.02286
Known successes of RL - locomotion in simulation

https://arxiv.org/abs/1707.02286


manipulator+ RGB camera

image

joint torques

Continues motion control from RGB(D)

=   (         )= ⇡✓
<latexit sha1_base64="Ws55MgIWmQm3Rst0nfEmQAw4zmY="></latexit>

[Levine IJRR 2017]  https://arxiv.org/abs/1603.02199

https://arxiv.org/abs/1603.02199


[Levine IJRR 2017]  https://arxiv.org/abs/1603.02199

https://arxiv.org/abs/1603.02199


No visual inputs + flat terrain => simple domain transfer

[Hwangbo, ETH Zurich, Science Robotics, 2018]



Motion and compliance control of flippers

[3] Pecka, Zimmermann, Svoboda, et al. IROS/RAL/TIE(IF=6), 2015-2018



Boston dynamics - Atlas - NO RL AT ALL



Boston dynamics - Big dog - NO RL AT ALL



Typical problems

Model identification:

• given some trajectories  

estimate model

p(x0|x,u)
<latexit sha1_base64="JTPO5/3htPY/TLOM7GHUjJFwLsI=">AAACF3icbZDLSsNAFIYn9VbrLerSzdAiVJSSKKLLohuXFewFmlgm00k7dHJhZiKGmLfoxldx40IRt7rr2zhpi5fWHwY+/nMOc87vhIwKaRgjLbewuLS8kl8trK1vbG7p2zsNEUQckzoOWMBbDhKEUZ/UJZWMtEJOkOcw0nQGl1m9eUe4oIF/I+OQ2B7q+dSlGElldfRKWLY8JPuOm9ynt1bIqUfgA/zxjr45SuFBRy8ZFWMsOA/mFErVonU4HFXjWkf/tLoBjjziS8yQEG3TCKWdIC4pZiQtWJEgIcID1CNthT7yiLCT8V0p3FdOF7oBV8+XcOz+nkiQJ0TsOaoz21HM1jLzv1o7ku65nVA/jCTx8eQjN2JQBjALCXYpJ1iyWAHCnKpdIe4jjrBUURZUCObsyfPQOK6YJ5XTa5XGBZgoD/ZAEZSBCc5AFVyBGqgDDIbgCbyAV+1Re9betPdJa06bzuyCP9I+vgBXa6MA</latexit>

p(x0|x,u)
<latexit sha1_base64="JTPO5/3htPY/TLOM7GHUjJFwLsI=">AAACF3icbZDLSsNAFIYn9VbrLerSzdAiVJSSKKLLohuXFewFmlgm00k7dHJhZiKGmLfoxldx40IRt7rr2zhpi5fWHwY+/nMOc87vhIwKaRgjLbewuLS8kl8trK1vbG7p2zsNEUQckzoOWMBbDhKEUZ/UJZWMtEJOkOcw0nQGl1m9eUe4oIF/I+OQ2B7q+dSlGElldfRKWLY8JPuOm9ynt1bIqUfgA/zxjr45SuFBRy8ZFWMsOA/mFErVonU4HFXjWkf/tLoBjjziS8yQEG3TCKWdIC4pZiQtWJEgIcID1CNthT7yiLCT8V0p3FdOF7oBV8+XcOz+nkiQJ0TsOaoz21HM1jLzv1o7ku65nVA/jCTx8eQjN2JQBjALCXYpJ1iyWAHCnKpdIe4jjrBUURZUCObsyfPQOK6YJ5XTa5XGBZgoD/ZAEZSBCc5AFVyBGqgDDIbgCbyAV+1Re9betPdJa06bzuyCP9I+vgBXa6MA</latexit>

Model predictive control / Planning

• given the model and reward 

estimate optimal policy/planr(x,u,x0) 2 R
<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>

⇡⇤ = argmax
⇡

J⇡

Reinforcement learning:

• given rewards and trajectories, 

estimate optimal policy

⇡⇤ = argmax
⇡

J⇡

r(x,u,x0) 2 R
<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>

Inverse reinforcement learning:

• given optimal trajectories 

estimate reward function
r(x,u,x0) 2 R

<latexit sha1_base64="tz8ggpzjECa6RQ8e6hza2qwx90w="></latexit>



Rewards engineering

• Sparse rewards are easier to design correctly

• Dense rewards are easier to learn
• Half cheetah: 


• sparse rewards (for reaching the goal position fast)

• dense rewards (for velocity)



• Sparse rewards are easier to design correctly

• Dense rewards are easier to learn

x1
<latexit sha1_base64="TboRg8YoSZc5Jbj8CkynNi3kMQ0=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsz4QJdFNy4r2Ad0hpJJM21oJhmSjFiG/oYbF4q49Wfc+Tdm2llo64HA4Zx7uScnTDjTxnW/ndLK6tr6RnmzsrW9s7tX3T9oa5kqQltEcqm6IdaUM0FbhhlOu4miOA457YTj29zvPFKlmRQPZpLQIMZDwSJGsLGS78fYjMIoe5r2vX615tbdGdAy8QpSgwLNfvXLH0iSxlQYwrHWPc9NTJBhZRjhdFrxU00TTMZ4SHuWChxTHWSzzFN0YpUBiqSyTxg0U39vZDjWehKHdjLPqBe9XPzP66Umug4yJpLUUEHmh6KUIyNRXgAaMEWJ4RNLMFHMZkVkhBUmxtZUsSV4i19eJu2zundev7y/qDVuijrKcATHcAoeXEED7qAJLSCQwDO8wpuTOi/Ou/MxHy05xc4h/IHz+QMspJHH</latexit>

u1
<latexit sha1_base64="3IlRN+2HogG8mi0AeQBnEF4RTeY=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRa0WXRjcsK9gFNKJPppB06mYR5CCX0N9y4UMStP+POv3HSZqGtBwYO59zLPXPClDOlXffbKa2tb2xulbcrO7t7+wfVw6OOSowktE0SnsheiBXlTNC2ZprTXiopjkNOu+HkLve7T1QqlohHPU1pEOORYBEjWFvJ92Osx2GUmdnAG1Rrbt2dA60SryA1KNAaVL/8YUJMTIUmHCvV99xUBxmWmhFOZxXfKJpiMsEj2rdU4JiqIJtnnqEzqwxRlEj7hEZz9fdGhmOlpnFoJ/OMatnLxf+8vtHRTZAxkRpNBVkcigxHOkF5AWjIJCWaTy3BRDKbFZExlphoW1PFluAtf3mVdC7q3mX96qFRa94WdZThBE7hHDy4hibcQwvaQCCFZ3iFN8c4L86787EYLTnFzjH8gfP5AygPkcQ=</latexit>

u2
<latexit sha1_base64="Ai7hL2qAt4y0aHHR/pBzDJRZcVA=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRV0WXRjcsK9gFNKJPppB06mYR5CCX0N9y4UMStP+POv3HSZqGtBwYO59zLPXPClDOlXffbKa2tb2xulbcrO7t7+wfVw6OOSowktE0SnsheiBXlTNC2ZprTXiopjkNOu+HkLve7T1QqlohHPU1pEOORYBEjWFvJ92Osx2GUmdmgMajW3Lo7B1olXkFqUKA1qH75w4SYmApNOFaq77mpDjIsNSOcziq+UTTFZIJHtG+pwDFVQTbPPENnVhmiKJH2CY3m6u+NDMdKTePQTuYZ1bKXi/95faOjmyBjIjWaCrI4FBmOdILyAtCQSUo0n1qCiWQ2KyJjLDHRtqaKLcFb/vIq6TTq3kX96uGy1rwt6ijDCZzCOXhwDU24hxa0gUAKz/AKb45xXpx352MxWnKKnWP4A+fzBymTkcU=</latexit>

u3
<latexit sha1_base64="YCaRtHYs2PFojH+7/fs3zCRQWMw=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRW0WXRjcsK9gFNKJPppB06mYR5CCX0N9y4UMStP+POv3HSZqGtBwYO59zLPXPClDOlXffbKa2tb2xulbcrO7t7+wfVw6OOSowktE0SnsheiBXlTNC2ZprTXiopjkNOu+HkLve7T1QqlohHPU1pEOORYBEjWFvJ92Osx2GUmdmgMajW3Lo7B1olXkFqUKA1qH75w4SYmApNOFaq77mpDjIsNSOcziq+UTTFZIJHtG+pwDFVQTbPPENnVhmiKJH2CY3m6u+NDMdKTePQTuYZ1bKXi/95faOjmyBjIjWaCrI4FBmOdILyAtCQSUo0n1qCiWQ2KyJjLDHRtqaKLcFb/vIq6VzUvUb96uGy1rwt6ijDCZzCOXhwDU24hxa0gUAKz/AKb45xXpx352MxWnKKnWP4A+fzBysXkcY=</latexit>

u4
<latexit sha1_base64="BdOvlmZOh8f86U5Y9gFjmWZ85R4=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRa0WXRjcsK9gFNKJPppB06mYR5CCX0N9y4UMStP+POv3HSZqGtBwYO59zLPXPClDOlXffbKa2tb2xulbcrO7t7+wfVw6OOSowktE0SnsheiBXlTNC2ZprTXiopjkNOu+HkLve7T1QqlohHPU1pEOORYBEjWFvJ92Osx2GUmdmgMajW3Lo7B1olXkFqUKA1qH75w4SYmApNOFaq77mpDjIsNSOcziq+UTTFZIJHtG+pwDFVQTbPPENnVhmiKJH2CY3m6u+NDMdKTePQTuYZ1bKXi/95faOjmyBjIjWaCrI4FBmOdILyAtCQSUo0n1qCiWQ2KyJjLDHRtqaKLcFb/vIq6VzUvcv61UOj1rwt6ijDCZzCOXhwDU24hxa0gUAKz/AKb45xXpx352MxWnKKnWP4A+fzByybkcc=</latexit>

u5
<latexit sha1_base64="okT+ZIHNkJySNd6S6qvOFTt3D6o=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRq0WXRjcsK9gFNKJPppB06mYR5CCX0N9y4UMStP+POv3HSZqGtBwYO59zLPXPClDOlXffbKa2tb2xulbcrO7t7+wfVw6OOSowktE0SnsheiBXlTNC2ZprTXiopjkNOu+HkLve7T1QqlohHPU1pEOORYBEjWFvJ92Osx2GUmdmgMajW3Lo7B1olXkFqUKA1qH75w4SYmApNOFaq77mpDjIsNSOcziq+UTTFZIJHtG+pwDFVQTbPPENnVhmiKJH2CY3m6u+NDMdKTePQTuYZ1bKXi/95faOjmyBjIjWaCrI4FBmOdILyAtCQSUo0n1qCiWQ2KyJjLDHRtqaKLcFb/vIq6VzUvct64+Gq1rwt6ijDCZzCOXhwDU24hxa0gUAKz/AKb45xXpx352MxWnKKnWP4A+fzBy4fkcg=</latexit>

x2
<latexit sha1_base64="Vm/d2GISc/DMh086mQlcrEZiq2c=">AAAB83icbVDLSgMxFL3js9ZX1aWbYBFclZmq6LLoxmUF+4DOUDJppg3NJEOSEcvQ33DjQhG3/ow7/8ZMOwttPRA4nHMv9+SECWfauO63s7K6tr6xWdoqb+/s7u1XDg7bWqaK0BaRXKpuiDXlTNCWYYbTbqIojkNOO+H4Nvc7j1RpJsWDmSQ0iPFQsIgRbKzk+zE2ozDKnqb9er9SdWvuDGiZeAWpQoFmv/LlDyRJYyoM4VjrnucmJsiwMoxwOi37qaYJJmM8pD1LBY6pDrJZ5ik6tcoARVLZJwyaqb83MhxrPYlDO5ln1IteLv7n9VITXQcZE0lqqCDzQ1HKkZEoLwANmKLE8IklmChmsyIywgoTY2sq2xK8xS8vk3a95p3XLu8vqo2boo4SHMMJnIEHV9CAO2hCCwgk8Ayv8Oakzovz7nzMR1ecYucI/sD5/AEuKJHI</latexit>

x3
<latexit sha1_base64="oRRmay+lc5jkMp89beh3D3Fr1+o=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsz4QJdFNy4r2Ad0hpJJM21oJhmSjFiG/oYbF4q49Wfc+Tdm2llo64HA4Zx7uScnTDjTxnW/ndLK6tr6RnmzsrW9s7tX3T9oa5kqQltEcqm6IdaUM0FbhhlOu4miOA457YTj29zvPFKlmRQPZpLQIMZDwSJGsLGS78fYjMIoe5r2z/vVmlt3Z0DLxCtIDQo0+9UvfyBJGlNhCMda9zw3MUGGlWGE02nFTzVNMBnjIe1ZKnBMdZDNMk/RiVUGKJLKPmHQTP29keFY60kc2sk8o170cvE/r5ea6DrImEhSQwWZH4pSjoxEeQFowBQlhk8swUQxmxWREVaYGFtTxZbgLX55mbTP6t55/fL+ota4KeoowxEcwyl4cAUNuIMmtIBAAs/wCm9O6rw4787HfLTkFDuH8AfO5w8vrJHJ</latexit>

x4
<latexit sha1_base64="VWp9TI8xaN2KZfx0DrxK7UVD9+o=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclUQruiy6cVnBPqAJZTKdtEMnkzAPsYT+hhsXirj1Z9z5N07aLLT1wMDhnHu5Z06Ycqa06347K6tr6xubpa3y9s7u3n7l4LCtEiMJbZGEJ7IbYkU5E7Slmea0m0qK45DTTji+zf3OI5WKJeJBT1IaxHgoWMQI1lby/RjrURhlT9N+vV+pujV3BrRMvIJUoUCzX/nyBwkxMRWacKxUz3NTHWRYakY4nZZ9o2iKyRgPac9SgWOqgmyWeYpOrTJAUSLtExrN1N8bGY6VmsShncwzqkUvF//zekZH10HGRGo0FWR+KDIc6QTlBaABk5RoPrEEE8lsVkRGWGKibU1lW4K3+OVl0j6veRe1y/t6tXFT1FGCYziBM/DgChpwB01oAYEUnuEV3hzjvDjvzsd8dMUpdo7gD5zPHzEwkco=</latexit>

x5
<latexit sha1_base64="iz78IfX94EYgwQ8j58ebMQrShSY=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclUQtuiy6cVnBPqAJZTKdtEMnkzAPsYT+hhsXirj1Z9z5N07aLLT1wMDhnHu5Z06Ycqa06347K6tr6xubpa3y9s7u3n7l4LCtEiMJbZGEJ7IbYkU5E7Slmea0m0qK45DTTji+zf3OI5WKJeJBT1IaxHgoWMQI1lby/RjrURhlT9N+vV+pujV3BrRMvIJUoUCzX/nyBwkxMRWacKxUz3NTHWRYakY4nZZ9o2iKyRgPac9SgWOqgmyWeYpOrTJAUSLtExrN1N8bGY6VmsShncwzqkUvF//zekZH10HGRGo0FWR+KDIc6QTlBaABk5RoPrEEE8lsVkRGWGKibU1lW4K3+OVl0j6veRe1+v1ltXFT1FGCYziBM/DgChpwB01oAYEUnuEV3hzjvDjvzsd8dMUpdo7gD5zPHzK0kcs=</latexit>

Sparse rewards     0         0       0       0      10
Dense rewards      2        -2       4       2       2

Rewards engineering



• Sparse rewards are easier to design correctly

• Dense rewards are easier to learn

Rewards engineering
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• Dense rewards are easier to learn

Rewards engineering



• Sparse rewards are easier to design correctly

• Dense rewards are easier to learn

J⇡
<latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit><latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit><latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit><latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit>

⇡
<latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit><latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit><latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit><latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit>

⇡⇤
<latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit><latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit><latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit><latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit>

sparse rewards

Rewards engineering



• Sparse rewards are easier to design correctly

• Dense rewards are easier to learn

J⇡
<latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit><latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit><latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit><latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit>

⇡
<latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit><latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit><latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit><latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit>

⇡⇤
<latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit><latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit><latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit><latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit>

well-chosen dense rewards

Rewards engineering



• Sparse rewards are easier to design correctly

• Dense rewards are easier to learn

J⇡
<latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit><latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit><latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit><latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit>

⇡
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badly chosen dense rewards

Rewards engineering



• Dense reward allows to easier find the corresponding  
action but they are more likely to introduce bias.

• Boat racing (bad dense rewards): 

• sparse rewards (winning the race)

• dense rewards (collecting powerups, checkpoints …)

Rewards engineering



Learning from expert demonstrations
• Sometimes easier to provide good trajectories  

than good rewards.
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• Imitation learning setup

1. Collect expert trajectories

2. Find policy

⌧⇤1 , ⌧
⇤
2 , ⌧

⇤
3 , . . .

<latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit><latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit><latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit><latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit>

argmin
✓

X

(xi,ai)2⌧⇤

k⇡✓(xi)� aik22
<latexit sha1_base64="fM5I6HLI1JjmFiRbwgqIPaxicHs="></latexit><latexit sha1_base64="fM5I6HLI1JjmFiRbwgqIPaxicHs="></latexit><latexit sha1_base64="fM5I6HLI1JjmFiRbwgqIPaxicHs="></latexit><latexit sha1_base64="fM5I6HLI1JjmFiRbwgqIPaxicHs="></latexit>



Learning from expert demonstrations
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than good rewards.

• Inverse reinforcement learning setup 

• Imitation learning setup (statistically inconsistent+ blackbox)
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Learning from expert demonstrations
• Sometimes easier to provide good trajectories  

than good rewards.

1. Collect expert trajectories

2. Find reward function 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Learning from expert demonstrations
• Sometimes easier to provide good trajectories  

than good rewards.

1. Collect expert trajectories

2. Find reward function 

 

3. Solve underlying RL/control task
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• inverse reinforcement learning 

• state space: angular and euclidean position, 

velocity, acceleration 

• action space: motor torques

• learning reward function from expert pilot

Abbeel et al. IJRR 2010



Abbeel et al. IJRR 2010



Silver et al. IJRR 2010

http://www.dtic.mil/dtic/tr/fulltext/u2/a525288.pdf
Similar to recent DARPA RACER



Silver et al. IJRR 2010

http://www.dtic.mil/dtic/tr/fulltext/u2/a525288.pdf

input image (state) learned reward function 
(traversability map)



Going back to DARPA

mapping exploration detection

high-level 
control

• Should we keep building pipelines or should we rather train all-in-once??
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[Held and Hein, J. of Comparative Psychology, 1963]
• Self-actuated movement is necessary in order to 

develop normal perception. 
• => independent training of components is bad idea

PROS all-in-one approach



• RL is sample inefficient (>200M transitions required for atari games)

• Real robot can easily break.

• Even if you learn a all-in-one network, the behaviour not interpretable.

• Learning from simulator suffers from simulation bias (e.g. vision)

CONS all-in-one approach



Straightforward driving of autonomous car by a deep net?

• Reliable? Explainable? Managable?

[NVidia, CVPR, 2016]
https://images.nvidia.com/content/tegra/automotive/images/2016/solutions/pdf/end-

to-end-dl-using-px.pdf

Human driver
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Interpretable motion planning  
[Zeng,.. Urtasun from Uber, CVPR, 2019]

http://www.cs.toronto.edu/~wenjie/

Lidar scans

lanes 
+ 

traffic signs 
+  

traffic lights

t=1
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Interpretable motion planning  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Trolley problem

[Moral Machine Experiment, Nature, 2018]
https://www.nature.com/articles/s41586-018-0637-6



Trolley problem 
estimated preference (normalized rewards) for life saving

[Moral Machine Experiment, Nature, 2018]
https://www.nature.com/articles/s41586-018-0637-6



Trolley problem 
spatial distribution of life-saving preferences

[Moral Machine Experiment, Nature, 2018]
https://www.nature.com/articles/s41586-018-0637-6

https://www.moralmachine.net

https://www.moralmachine.net


Summary

• If accurate differentiable motion model and reward functions 
are known, than optimal control is straightforward  
optimization problem (efficiently tackled by MPC)


• State-action value function is dual variable wrt policy. It 
serves as auxiliary function in the policy optimization:


• actor-critic methods

• heuristic in planning methods (LQR trees)

• Well engineered piece-wise architecture  
(object detection=> tracking=> planning/control) seems 
to be a better solution for typical robotic applications 
(explainable & manageable)

• Domain transfer is main bottleneck for real 
application !!!!



Regularization & overfitting 
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• Best regularization is using the right structure of the network
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• Best regularization is using the right structure of the network
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• Best regularization is using the right structure of the network

theta affine_grid grid

image
grid_sample

localization

image
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• Best regularization is using the right structure of the network
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CNN
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• Best regularization is using the right structure of the network

image
CNN



Regularization & overfitting 
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• L2, L1 norms on weights 

• avoids overfitting and exploding gradient

• implemented via weight_decay parameter in PyTorch
optimizer = torch.optim.Adam(model.parameters(), lr=1e-3, 
weight_decay=1e-4)

• Best regularization is using the right structure of the network



147

• Training set augmentation (jittering, mirroring, occlusions, brightness/contrast/color 
variations)

• Learn augmentation policy (AutoAugment, PBA), which provides good generalization
https://arxiv.org/pdf/1905.05393.pdf

Regularization & overfitting 
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