
Lecture 3 
RL by Black-box Op5miza5on



Reinforcement learning

Agent’s goal: learn a policy to maximize the return

discounted:T-step: average:

How to find the      that maximizes the return?
<latexit sha1_base64="Ezs2fPzU7mk/fPBJsyZZjI1ZNBM=">AAAB/nicdVC7SgNBFJ31GeMramkzGARtllndxKQyYGMZwTwgWWR2MmtGZx/M3BVCCH6Cttpbiq2FlX9h6z/YO0kUjOiBC4dz7uXce/1ECg2EvFlT0zOzc/OZhezi0vLKam5tva7jVDFeY7GMVdOnmksR8RoIkLyZKE5DX/KGf3k09BtXXGkRR6fQS7gX0vNIBIJRMFK9DV0O9CyXJ3bZLRdJGRN73y04xZIhZL9AXBc7Nhkhf/iy8/F6096tnuXe252YpSGPgEmqdcshCXh9qkAwyQfZdqp5QtklPectQyMacu31R9sO8LZROjiIlakI8Ej9OdGnoda90DedIYWu/u0Nxb+8VgpByeuLKEmBR2wcFKQSQ4yHp+OOUJyB7BlCmRJmV8y6VFEG5kETKX44yJqnfF+O/yeNPdtxbcc5IflKEY2RQZtoC+0gBx2gCjpGVVRDDF2gW3SH7q1r68F6tJ7GrVPW18wGmoD1/AmTPZo1</latexit>

✓
<latexit sha1_base64="YiVtQPK03H/rtXJinxfIvjQtFWk=">AAACInicbVC7SgNBFJ31GeMramkzGIRoEXZF1EYICCJWEYwJZGO4O5kkQ2Z2l5m7Ygj5BX/C0tZW+xQWYiVY+SVOHoWvAxfOnHMvd+4JYikMuu67MzU9Mzs3n1pILy4tr6xm1tavTJRoxksskpGuBGC4FCEvoUDJK7HmoALJy0HnZOiXb7g2IgovsRvzmoJWKJqCAVqpnsn52OYI17v0mPqgW76C2/pYo+c5PxaTx049k3Xz7gj0L/EmJFtwHwbll9OoWM98+o2IJYqHyCQYU/XcGGs90CiY5P20nxgeA+tAi1ctDUFxU+uNLurTbas0aDPStkKkI/X7RA+UMV0V2E4F2Da/vaH4n1dNsHlU64kwTpCHbLyomUiKER3GQxtCc4ayawkwLexfKWuDBoY2xB9bAtVP21C83xH8JeW9vLef97wLG88BGSNFNskWyRGPHJICOSNFUiKM3JFH8kSenXtn4Lw6b+PWKWcys0F+wPn4AvvIpwg=</latexit>

✓⇤ = argmax
✓

J(⇡✓)

<latexit sha1_base64="mGRtuUd/GyIWWDkju8hpoHULx5Y=">AAAB+XicbVBNSwMxEM3Wr1q/Vj16CRbBU9kVRS9C0YvHCv2Cdl2yadqGJtklmS2Upf/EiwdFvPpPvPlvTNs9aOuDgcd7M8zMixLBDXjet1NYW9/Y3Cpul3Z29/YP3MOjpolTTVmDxiLW7YgYJrhiDeAgWDvRjMhIsFY0up/5rTHThseqDpOEBZIMFO9zSsBKoet2TSrDDG696VMd6xBCt+xVvDnwKvFzUkY5aqH71e3FNJVMARXEmI7vJRBkRAOngk1L3dSwhNARGbCOpYpIZoJsfvkUn1mlh/uxtqUAz9XfExmRxkxkZDslgaFZ9mbif14nhf5NkHGVpMAUXSzqpwJDjGcx4B7XjIKYWEKo5vZWTIdEEwo2rJINwV9+eZU0Lyr+VcV7vCxX7/I4iugEnaJz5KNrVEUPqIYaiKIxekav6M3JnBfn3flYtBacfOYY/YHz+QMbApNP</latexit>

TX

t=0

rt

<latexit sha1_base64="Xaqq2ulyAR6bKNwm9HLJ+nZ5KxI=">AAACBXicbVDLSsNAFJ3UV62vqEtdDBbBVUlE0Y1QdOOyQl/QxDCZTtqhkwczN0IJ2bjxV9y4UMSt/+DOv3HaZqGtBy4czrmXe+/xE8EVWNa3UVpaXlldK69XNja3tnfM3b22ilNJWYvGIpZdnygmeMRawEGwbiIZCX3BOv7oZuJ3HphUPI6aME6YG5JBxANOCWjJMw+dQBKa2XnWzLGj0tDL4MrK75tYeuCZVatmTYEXiV2QKirQ8Mwvpx/TNGQRUEGU6tlWAm5GJHAqWF5xUsUSQkdkwHqaRiRkys2mX+T4WCt9HMRSVwR4qv6eyEio1Dj0dWdIYKjmvYn4n9dLIbh0Mx4lKbCIzhYFqcAQ40kkuM8loyDGmhAqub4V0yHRsYAOrqJDsOdfXiTt05p9XrPuzqr16yKOMjpAR+gE2egC1dEtaqAWougRPaNX9GY8GS/Gu/Exay0Zxcw++gPj8wciLZhU</latexit>

1

T

TX

t=0

rt
<latexit sha1_base64="jwMZSYk6C3Ljw6aFOmNe9M0GptM=">AAACEnicbVC7SgNBFJ2NrxhfUUubwSBoE3ZF0UYI2lhGMA/IJsvsZDYZMjO7zNwVwpJvsPFXbCwUsbWy82+cPApNPHDhcM693HtPmAhuwHW/ndzS8srqWn69sLG5tb1T3N2rmzjVlNVoLGLdDIlhgitWAw6CNRPNiAwFa4SDm7HfeGDa8FjdwzBhbUl6ikecErBSUDzxTSp9FQsuOZgggyt31Ml8riIYjrDfI1KSDmAdQFAsuWV3ArxIvBkpoRmqQfHL78Y0lUwBFcSYlucm0M6IBk4FGxX81LCE0AHpsZalikhm2tnkpRE+skoXR7G2pQBP1N8TGZHGDGVoOyWBvpn3xuJ/XiuF6LKdcZWkwBSdLopSgSHG43xwl2tGQQwtIVRzeyumfaIJBZtiwYbgzb+8SOqnZe+87N6dlSrXszjy6AAdomPkoQtUQbeoimqIokf0jF7Rm/PkvDjvzse0NefMZvbRHzifP26ino8=</latexit>X1

t=0
�trt

环境

状态 s, 奖励 r

动作 a

<latexit sha1_base64="RqLYK9b1B3V8uilxpm4Ac799j3s=">AAAB/nicbVC7SgNBFJ31GeMramkzGITYhF0RtTNgYxnBPCAbwuxkNhkzM7vM3BXCEvwEbbW3FFsLK//C1n+wd/IoTOKBC4dz7uXee4JYcAOu++UsLC4tr6xm1rLrG5tb27md3aqJEk1ZhUYi0vWAGCa4YhXgIFg91ozIQLBa0Lsc+rU7pg2P1A30Y9aUpKN4yCkBK1V96DIgrVzeLboj4HniTUj+4qPw8/ngH5VbuW+/HdFEMgVUEGManhtDMyUaOBVskPUTw2JCe6TDGpYqIplppqNrB/jQKm0cRtqWAjxS/06kRBrTl4HtlAS6ZtYbiv95jQTC82bKVZwAU3S8KEwEhggPX8dtrhkF0beEUM3trZh2iSYUbEBTWwI5yNpQvNkI5kntuOidFD3v2s2XTtEYGbSPDlABeegMldAVKqMKougWPaIn9OzcOy/Oq/M2bl1wJjN7aArO+y8Zd5nl</latexit>

✓



Solve theta

Can we solve    without any information about J?
<latexit sha1_base64="Ezs2fPzU7mk/fPBJsyZZjI1ZNBM=">AAAB/nicdVC7SgNBFJ31GeMramkzGARtllndxKQyYGMZwTwgWWR2MmtGZx/M3BVCCH6Cttpbiq2FlX9h6z/YO0kUjOiBC4dz7uXce/1ECg2EvFlT0zOzc/OZhezi0vLKam5tva7jVDFeY7GMVdOnmksR8RoIkLyZKE5DX/KGf3k09BtXXGkRR6fQS7gX0vNIBIJRMFK9DV0O9CyXJ3bZLRdJGRN73y04xZIhZL9AXBc7Nhkhf/iy8/F6096tnuXe252YpSGPgEmqdcshCXh9qkAwyQfZdqp5QtklPectQyMacu31R9sO8LZROjiIlakI8Ej9OdGnoda90DedIYWu/u0Nxb+8VgpByeuLKEmBR2wcFKQSQ4yHp+OOUJyB7BlCmRJmV8y6VFEG5kETKX44yJqnfF+O/yeNPdtxbcc5IflKEY2RQZtoC+0gBx2gCjpGVVRDDF2gW3SH7q1r68F6tJ7GrVPW18wGmoD1/AmTPZo1</latexit>

✓

<latexit sha1_base64="YiVtQPK03H/rtXJinxfIvjQtFWk=">AAACInicbVC7SgNBFJ31GeMramkzGIRoEXZF1EYICCJWEYwJZGO4O5kkQ2Z2l5m7Ygj5BX/C0tZW+xQWYiVY+SVOHoWvAxfOnHMvd+4JYikMuu67MzU9Mzs3n1pILy4tr6xm1tavTJRoxksskpGuBGC4FCEvoUDJK7HmoALJy0HnZOiXb7g2IgovsRvzmoJWKJqCAVqpnsn52OYI17v0mPqgW76C2/pYo+c5PxaTx049k3Xz7gj0L/EmJFtwHwbll9OoWM98+o2IJYqHyCQYU/XcGGs90CiY5P20nxgeA+tAi1ctDUFxU+uNLurTbas0aDPStkKkI/X7RA+UMV0V2E4F2Da/vaH4n1dNsHlU64kwTpCHbLyomUiKER3GQxtCc4ayawkwLexfKWuDBoY2xB9bAtVP21C83xH8JeW9vLef97wLG88BGSNFNskWyRGPHJICOSNFUiKM3JFH8kSenXtn4Lw6b+PWKWcys0F+wPn4AvvIpwg=</latexit>

✓⇤ = argmax
✓

J(⇡✓)

<latexit sha1_base64="OETUwylYbipSFfeJq1ONvUch1Zc=">AAACAnicbVA9SwNBEN2LXzHxI2qZZjEIVuFWRC0DFlpGMCaYHGFvby9Zsrd37M4J4UjlX7Cx0N5SbG39Ebb+EjcfhUl8MPB4b4aZeX4ihQHX/XZyK6tr6xv5zUJxa3tnt7S3f2fiVDPeYLGMdcunhkuheAMESN5KNKeRL3nTH1yO/eYD10bE6haGCfci2lMiFIyCle470OdAuwTjbqniVt0J8DIhM1KpFa+ey1+toN4t/XSCmKURV8AkNaZN3AS8jGoQTPJRoZManlA2oD3etlTRiBsvm1w8wkdWCXAYa1sK8ET9O5HRyJhh5NvOiELfLHpj8T+vnUJ44WVCJSlwxaaLwlRiiPH4fRwIzRnIoSWUaWFvxaxPNWVgQ5rb4kejgg2FLEawTJonVXJaJeTGxnOGpsijMjpEx4igc1RD16iOGoghhZ7QC3p1Hp035935mLbmnNnMAZqD8/kLXuuZtg==</latexit>

✓1

<latexit sha1_base64="jJuu6ektRn+Rlf3a596fkUpzHh4=">AAACAHicbVA9SwNBEN2LXzHxI2qZZjEIVuEuiFoGLLSMYMxBcoS9vU2yZHfv2J0TwpHCv2An2luKrb0/wtZf4uajMIkPBh7vzTAzL0wEN+C6305ubX1jcyu/XSju7O7tlw4O702casqaNBax9kNimOCKNYGDYH6iGZGhYK1weDXxWw9MGx6rOxglLJCkr3iPUwJW8jswYEC6tW6p4lbdKfAq8eakUi9eP5e//KjRLf10opimkimgghjT9twEgoxo4FSwcaGTGpYQOiR91rZUEclMkE3vHeMTq0S4F2tbCvBU/TuREWnMSIa2UxIYmGVvIv7ntVPoXQYZV0kKTNHZol4qMMR48jyOuGYUxMgSQjW3t2I6IJpQsBEtbAnluGBD8ZYjWCWtWtU7q3rerY3nHM2QR2V0jE6Rhy5QHd2gBmoiigR6Qi/o1Xl03px352PWmnPmM0doAc7nL6sFmWM=</latexit>

✓2

<latexit sha1_base64="Ew8ShCdf3yACKBlhuF2pB0QE2cA=">AAACAHicbVA9SwNBEN2LXzHxI2qZZjEIVuFORS0DFlpGMCaQHGFvby9Zsrt37M4J4UjhX7AT7S3F1t4fYesvcfNRmMQHA4/3ZpiZFySCG3Ddbye3srq2vpHfLBS3tnd2S3v79yZONWUNGotYtwJimOCKNYCDYK1EMyIDwZrB4GrsNx+YNjxWdzBMmC9JT/GIUwJWanWgz4B0T7ulilt1J8DLxJuRSq14/Vz+aoX1bumnE8Y0lUwBFcSYtucm4GdEA6eCjQqd1LCE0AHpsbalikhm/Gxy7wgfWSXEUaxtKcAT9e9ERqQxQxnYTkmgbxa9sfif104huvQzrpIUmKLTRVEqMMR4/DwOuWYUxNASQjW3t2LaJ5pQsBHNbQnkqGBD8RYjWCbNk6p3VvW8WxvPOZoij8roEB0jD12gGrpBddRAFAn0hF7Qq/PovDnvzse0NefMZg7QHJzPX6yamWQ=</latexit>

✓3

<latexit sha1_base64="q3vieGeV93ABT8hJMV0kLIBOX4Q=">AAAB+3icbVDLSgNBEOyNr5j4iHrMZTEInsKOiHoMeFA8RTQmkCxhdnY2GTIzu8zMCmHNJ3hVvHoUr36CH+HVL3HyOJhoQUNR1U13V5Bwpo3nfTm5peWV1bX8eqG4sbm1XdrZvdNxqghtkJjHqhVgTTmTtGGY4bSVKIpFwGkzGJyP/eY9VZrF8tYME+oL3JMsYgQbK91cdVG3VPGq3gTuX4JmpFIrXryUP1thvVv67oQxSQWVhnCsdRt5ifEzrAwjnI4KnVTTBJMB7tG2pRILqv1scurIPbBK6EaxsiWNO1F/T2RYaD0Uge0U2PT1ojcW//PaqYnO/IzJJDVUkumiKOWuid3x327IFCWGDy3BRDF7q0v6WGFibDpzWwIxKthQ0GIEf0nzqIqOqwhd23hOYIo8lGEfDgHBKdTgEurQAAI9eIQneHYenFfnzXmftuac2cwezMH5+AF8mZcI</latexit>

J1

<latexit sha1_base64="OUs/OQWxGSNw3MvDJO4Wsgkv49M=">AAAB+3icbVDLSgNBEOyNr5j4iHrMZTAInsJuEPUY8KB4imhMIFnC7OwkGTIzu8zMCmHNJ3hVvHoUr36CH+HVL3HyOJjEgoaiqpvuriDmTBvX/XYyK6tr6xvZzVx+a3tnt7C3f6+jRBFaJxGPVDPAmnImad0ww2kzVhSLgNNGMLgY+40HqjSL5J0ZxtQXuCdZlxFsrHR73al0CiW37E6Alok3I6Vq/vK1+NUMa53CTzuMSCKoNIRjrVueGxs/xcowwuko1040jTEZ4B5tWSqxoNpPJ6eO0JFVQtSNlC1p0ET9O5FiofVQBLZTYNPXi95Y/M9rJaZ77qdMxomhkkwXdROOTITGf6OQKUoMH1qCiWL2VkT6WGFibDpzWwIxytlQvMUIlkmjUvZOyp53Y+M5hSmyUIRDOAYPzqAKV1CDOhDowRM8w4vz6Lw5787HtDXjzGYOYA7O5y9+LpcJ</latexit>

J2

<latexit sha1_base64="S4J+8RBEqjLVaOs0IovYPZlx0Hg=">AAAB+3icbVDLSgNBEOyNr5j4iHrMZTAInsKuinoMeFA8RTQmkCxhdnaSDJmZXWZmhbDmE7wqXj2KVz/Bj/Dqlzh5HExiQUNR1U13VxBzpo3rfjuZpeWV1bXsei6/sbm1XdjZvddRogitkYhHqhFgTTmTtGaY4bQRK4pFwGk96F+M/PoDVZpF8s4MYuoL3JWswwg2Vrq9bh+3CyW37I6BFok3JaVK/vK1+NUIq+3CTyuMSCKoNIRjrZueGxs/xcowwukw10o0jTHp4y5tWiqxoNpPx6cO0YFVQtSJlC1p0Fj9O5FiofVABLZTYNPT895I/M9rJqZz7qdMxomhkkwWdRKOTIRGf6OQKUoMH1iCiWL2VkR6WGFibDozWwIxzNlQvPkIFkn9qOydlD3vxsZzChNkoQj7cAgenEEFrqAKNSDQhSd4hhfn0Xlz3p2PSWvGmc7swQycz19/w5cK</latexit>

J3



Random search

<latexit sha1_base64="zbuc5aixovXKhQ8Q+4ReHoUptUU=">AAACAHicbVA9SwNBEN3zMyZ+RC3TLAbBKtyJqGXAQssIxhwkR9jb20uW7O4du3NCOFL4F+xEe0uxtfdH2PpL3HwUJvHBwOO9GWbmhangBlz321lZXVvf2CxsFUvbO7t75f2De5NkmrImTUSi/ZAYJrhiTeAgmJ9qRmQoWCscXI391gPThifqDoYpCyTpKR5zSsBKfgf6DEgXuuWqW3MnwMvEm5FqvXT9XPnyo0a3/NOJEppJpoAKYkzbc1MIcqKBU8FGxU5mWErogPRY21JFJDNBPrl3hI+tEuE40bYU4In6dyIn0pihDG2nJNA3i95Y/M9rZxBfBjlXaQZM0emiOBMYEjx+HkdcMwpiaAmhmttbMe0TTSjYiOa2hHJUtKF4ixEsk9ZpzTured6tjeccTVFAFXSETpCHLlAd3aAGaiKKBHpCL+jVeXTenHfnY9q64sxmDtEcnM9fE36ZpQ==</latexit>

✓t
<latexit sha1_base64="o4QIlrbXR8nx3DbaOZUGZngem30=">AAAB+3icbVDLSgNBEOyNr5j4iHrMZTAInsKuiHoMeFA8RTQmkCxhdnY2GTIzu8zMCmHNJ3hVvHoUr36CH+HVL3HyOJhoQUNR1U13V5Bwpo3rfjm5peWV1bX8eqG4sbm1XdrZvdNxqghtkJjHqhVgTTmTtGGY4bSVKIpFwGkzGJyP/eY9VZrF8tYME+oL3JMsYgQbK91cdU23VHGr7gToL/FmpFIrXryUP1thvVv67oQxSQWVhnCsddtzE+NnWBlGOB0VOqmmCSYD3KNtSyUWVPvZ5NQROrBKiKJY2ZIGTdTfExkWWg9FYDsFNn296I3F/7x2aqIzP2MySQ2VZLooSjkyMRr/jUKmKDF8aAkmitlbEeljhYmx6cxtCcSoYEPxFiP4S5pHVe+46nnXNp4TmCIPZdiHQ/DgFGpwCXVoAIEePMITPDsPzqvz5rxPW3PObGYP5uB8/ADmmJdL</latexit>

Jtrandomly generate

compare & store

evaluation

• can work !

• usually inefficient, particularly for high-dim parameters



Can be better?

general principle:

understand the problem from the samples, and generate better samples

known as

• black-box optimization

• derivative-free optimization

• zeroth order optimization



Black-box optimization

generation

<latexit sha1_base64="zbuc5aixovXKhQ8Q+4ReHoUptUU=">AAACAHicbVA9SwNBEN3zMyZ+RC3TLAbBKtyJqGXAQssIxhwkR9jb20uW7O4du3NCOFL4F+xEe0uxtfdH2PpL3HwUJvHBwOO9GWbmhangBlz321lZXVvf2CxsFUvbO7t75f2De5NkmrImTUSi/ZAYJrhiTeAgmJ9qRmQoWCscXI391gPThifqDoYpCyTpKR5zSsBKfgf6DEgXuuWqW3MnwMvEm5FqvXT9XPnyo0a3/NOJEppJpoAKYkzbc1MIcqKBU8FGxU5mWErogPRY21JFJDNBPrl3hI+tEuE40bYU4In6dyIn0pihDG2nJNA3i95Y/M9rZxBfBjlXaQZM0emiOBMYEjx+HkdcMwpiaAmhmttbMe0TTSjYiOa2hHJUtKF4ixEsk9ZpzTured6tjeccTVFAFXSETpCHLlAd3aAGaiKKBHpCL+jVeXTenHfnY9q64sxmDtEcnM9fE36ZpQ==</latexit>

✓t
evaluation /roll-

out

<latexit sha1_base64="o4QIlrbXR8nx3DbaOZUGZngem30=">AAAB+3icbVDLSgNBEOyNr5j4iHrMZTAInsKuiHoMeFA8RTQmkCxhdnY2GTIzu8zMCmHNJ3hVvHoUr36CH+HVL3HyOJhoQUNR1U13V5Bwpo3rfjm5peWV1bX8eqG4sbm1XdrZvdNxqghtkJjHqhVgTTmTtGGY4bSVKIpFwGkzGJyP/eY9VZrF8tYME+oL3JMsYgQbK91cdU23VHGr7gToL/FmpFIrXryUP1thvVv67oQxSQWVhnCsddtzE+NnWBlGOB0VOqmmCSYD3KNtSyUWVPvZ5NQROrBKiKJY2ZIGTdTfExkWWg9FYDsFNn296I3F/7x2aqIzP2MySQ2VZLooSjkyMRr/jUKmKDF8aAkmitlbEeljhYmx6cxtCcSoYEPxFiP4S5pHVe+46nnXNp4TmCIPZdiHQ/DgFGpwCXVoAIEePMITPDsPzqvz5rxPW3PObGYP5uB8/ADmmJdL</latexit>

Jt

learninggeneration 
model

• what is the generation model?


• how to learn?



Evolutionary algorithms

[I. Rechenberg. Evolutionstrategie: Optimierung Technisher Systeme nach Prinzipien 
des Biologischen Evolution. Fromman-Hozlboog Verlag, Stuttgart, 1973.]

[J. H. Holland. Adaptation in Natural and Artificial Systems. University of Michigan Press, 1975.]

[L. J. Fogel, A. J. Owens, M. J. Walsh. Artificial Intelligence through Simulated 
Evolution, John Wiley, 1966.]

Genetic Algorithms

Evolutionary Strategies

Evolutionary Programming

and many other nature-inspired algorithms ...

for binary vector:

for real vector:

mutation:    [1,0,0,1,0] → [1,1,0,1,0]

crossover:     [1,0,0,1,0] + [0,1,1,1,0]

                  → [0,1,0,1,0] + [1,0,1,1,0]

mutation: x = x+ �, � ⇠ N (0, 1)

new 
solutionsarchive

ran
do
m

ini
tia

liz
ati

on

selection

problem-independent
reproduction



Example: evolutionary algorithms
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[L. J. Fogel, A. J. Owens, M. J. Walsh. Artificial Intelligence through Simulated 
Evolution, John Wiley, 1966.]

Genetic Algorithms

Evolutionary Strategies

Evolutionary Programming

and many other nature-inspired algorithms ...



Example: evolutionary algorithms

new 
solutionsarchive

ran
do
m

ini
tia

liz
ati

on

selection

problem-independent
reproduction

[I. Rechenberg. Evolutionstrategie: Optimierung Technisher Systeme nach Prinzipien 
des Biologischen Evolution. Fromman-Hozlboog Verlag, Stuttgart, 1973.]

[J. H. Holland. Adaptation in Natural and Artificial Systems. University of Michigan Press, 1975.]

[L. J. Fogel, A. J. Owens, M. J. Walsh. Artificial Intelligence through Simulated 
Evolution, John Wiley, 1966.]

Genetic Algorithms

Evolutionary Strategies

Evolutionary Programming

and many other nature-inspired algorithms ...



Example: evolutionary algorithms

new 
solutionsarchive

ran
do
m

ini
tia

liz
ati

on

selection

problem-independent
reproduction

[I. Rechenberg. Evolutionstrategie: Optimierung Technisher Systeme nach Prinzipien 
des Biologischen Evolution. Fromman-Hozlboog Verlag, Stuttgart, 1973.]

[J. H. Holland. Adaptation in Natural and Artificial Systems. University of Michigan Press, 1975.]

[L. J. Fogel, A. J. Owens, M. J. Walsh. Artificial Intelligence through Simulated 
Evolution, John Wiley, 1966.]

Genetic Algorithms

Evolutionary Strategies

Evolutionary Programming

and many other nature-inspired algorithms ...



Example: evolutionary algorithms

new 
solutionsarchive

ran
do
m

ini
tia

liz
ati

on

selection

problem-independent
reproduction

[I. Rechenberg. Evolutionstrategie: Optimierung Technisher Systeme nach Prinzipien 
des Biologischen Evolution. Fromman-Hozlboog Verlag, Stuttgart, 1973.]

[J. H. Holland. Adaptation in Natural and Artificial Systems. University of Michigan Press, 1975.]

[L. J. Fogel, A. J. Owens, M. J. Walsh. Artificial Intelligence through Simulated 
Evolution, John Wiley, 1966.]

Genetic Algorithms

Evolutionary Strategies

Evolutionary Programming

and many other nature-inspired algorithms ...



Example: evolutionary algorithms

new 
solutionsarchive

ran
do
m

ini
tia

liz
ati

on

selection

problem-independent
reproduction

[I. Rechenberg. Evolutionstrategie: Optimierung Technisher Systeme nach Prinzipien 
des Biologischen Evolution. Fromman-Hozlboog Verlag, Stuttgart, 1973.]

[J. H. Holland. Adaptation in Natural and Artificial Systems. University of Michigan Press, 1975.]

[L. J. Fogel, A. J. Owens, M. J. Walsh. Artificial Intelligence through Simulated 
Evolution, John Wiley, 1966.]

Genetic Algorithms

Evolutionary Strategies

Evolutionary Programming

and many other nature-inspired algorithms ...



Example: evolutionary algorithms
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problem-independent
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only need to evaluate solutions ⇒ calculate f(x) !

[I. Rechenberg. Evolutionstrategie: Optimierung Technisher Systeme nach Prinzipien 
des Biologischen Evolution. Fromman-Hozlboog Verlag, Stuttgart, 1973.]

[J. H. Holland. Adaptation in Natural and Artificial Systems. University of Michigan Press, 1975.]

[L. J. Fogel, A. J. Owens, M. J. Walsh. Artificial Intelligence through Simulated 
Evolution, John Wiley, 1966.]
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Evolutionary Programming

and many other nature-inspired algorithms ...



Bayesian optimization
http://lamda.nju.edu.cn

http://lamda.nju.edu.cn/qianh/

3. Gaussian Process (GP)

12

A GP is a distribution over 
functions, completely 
specified by its mean function 
and covariance function



Classification-based optimization

x⇤

https://github.com/polixir/ZOOpt

classification-based optimization 
samples from randomized box 
classifiers, which classifies good 
from bad solutions

it is polynomial for approximating local-
Holder functions



Examples
[Matthew E. Taylor，Shimon Whiteson，Peter Stone. Comparing evolutionary and temporal 
difference methods in a reinforcement learning domain. In: GECCO 2006]



- value function based (to name a few)

- policy search (to name a few)

For Parameter Updating

Learning Tetris using the noisy cross-entropy method (Neural 
Computation 2006) 

Using trajectory data to improve Bayesian optimization for reinforcement 
learning (JMLR’14) 

Back to basics: Benchmarking canonical evolution strategies for playing 
atari (IJCAI’18)

Policy optimization by genetic distillation (ICLR’18) 

Sequential classification-based optimization for direct policy search 
(AAAI’17)

…



For Model Selection

Designing application-specific neural networks using the 
structured genetic algorithm (ICCGANN’92)

Evolving neural networks through augmenting topologies 
(ECJ’02)

Evolutionary Function Approximation for Reinforcement 
Learning (JMLR’06)

Gradient-free policy architecture search and adaptation 
(CoRL’17)

…



Using gradients anyway: Finite difference

Gradient is often used for optimization, but no gradient!

what is gradient:

No gradient => approximate
<latexit sha1_base64="RxyKR6y67NnIxLNkxrow/oCL1os="></latexit>

@f

@x
⇡ f(x+ �)� f(x)

�
use a small delta

<latexit sha1_base64="L5HNCVfoWAl9U2njF+bb2nFbcjo="></latexit>

@f

@x
⇡ 1

N

X

i

f(x+ �i)� f(x)

�i

<latexit sha1_base64="BH+TDxvDqEPn4cEAfKsqbSKGjFk=">AAAB/XicbVA9SwNBEJ3zM8avqKXNYhCswp0oWgZtLCOYD0iOsLc3l6zZ2zt294QQgn/BVns7sfW32PpL3CRXmMQHA4/3ZpiZF6SCa+O6387K6tr6xmZhq7i9s7u3Xzo4bOgkUwzrLBGJagVUo+AS64Ybga1UIY0Dgc1gcDvxm0+oNE/kgxmm6Me0J3nEGTVWanRCFIZ2S2W34k5BlomXkzLkqHVLP50wYVmM0jBBtW57bmr8EVWGM4HjYifTmFI2oD1sWyppjNofTa8dk1OrhCRKlC1pyFT9OzGisdbDOLCdMTV9vehNxP+8dmaia3/EZZoZlGy2KMoEMQmZvE5CrpAZMbSEMsXtrYT1qaLM2IDmtgTxuGhD8RYjWCaN84p3WXHvL8rVmzyeAhzDCZyBB1dQhTuoQR0YPMILvMKb8+y8Ox/O56x1xclnjmAOztcv4FqVxg==</latexit>

�

1. sample small random numbers

2. calculate average differences

<latexit sha1_base64="vO1cy+KLSKOlcTd4IGP+xNuYtNQ="></latexit>

@f

@x
= lim

�!0

f(x+ �)� f(x)

�

more stable: 



Using gradients anyway: Differentiable modeling

We still have no knowledge about J.

<latexit sha1_base64="YiVtQPK03H/rtXJinxfIvjQtFWk=">AAACInicbVC7SgNBFJ31GeMramkzGIRoEXZF1EYICCJWEYwJZGO4O5kkQ2Z2l5m7Ygj5BX/C0tZW+xQWYiVY+SVOHoWvAxfOnHMvd+4JYikMuu67MzU9Mzs3n1pILy4tr6xm1tavTJRoxksskpGuBGC4FCEvoUDJK7HmoALJy0HnZOiXb7g2IgovsRvzmoJWKJqCAVqpnsn52OYI17v0mPqgW76C2/pYo+c5PxaTx049k3Xz7gj0L/EmJFtwHwbll9OoWM98+o2IJYqHyCQYU/XcGGs90CiY5P20nxgeA+tAi1ctDUFxU+uNLurTbas0aDPStkKkI/X7RA+UMV0V2E4F2Da/vaH4n1dNsHlU64kwTpCHbLyomUiKER3GQxtCc4ayawkwLexfKWuDBoY2xB9bAtVP21C83xH8JeW9vLef97wLG88BGSNFNskWyRGPHJICOSNFUiKM3JFH8kSenXtn4Lw6b+PWKWcys0F+wPn4AvvIpwg=</latexit>

✓⇤ = argmax
✓

J(⇡✓)

Use a differentiable generation/sampling model !

generation

<latexit sha1_base64="zbuc5aixovXKhQ8Q+4ReHoUptUU=">AAACAHicbVA9SwNBEN3zMyZ+RC3TLAbBKtyJqGXAQssIxhwkR9jb20uW7O4du3NCOFL4F+xEe0uxtfdH2PpL3HwUJvHBwOO9GWbmhangBlz321lZXVvf2CxsFUvbO7t75f2De5NkmrImTUSi/ZAYJrhiTeAgmJ9qRmQoWCscXI391gPThifqDoYpCyTpKR5zSsBKfgf6DEgXuuWqW3MnwMvEm5FqvXT9XPnyo0a3/NOJEppJpoAKYkzbc1MIcqKBU8FGxU5mWErogPRY21JFJDNBPrl3hI+tEuE40bYU4In6dyIn0pihDG2nJNA3i95Y/M9rZxBfBjlXaQZM0emiOBMYEjx+HkdcMwpiaAmhmttbMe0TTSjYiOa2hHJUtKF4ixEsk9ZpzTured6tjeccTVFAFXSETpCHLlAd3aAGaiKKBHpCL+jVeXTenHfnY9q64sxmDtEcnM9fE36ZpQ==</latexit>

✓t
evaluation /roll-

out

<latexit sha1_base64="o4QIlrbXR8nx3DbaOZUGZngem30=">AAAB+3icbVDLSgNBEOyNr5j4iHrMZTAInsKuiHoMeFA8RTQmkCxhdnY2GTIzu8zMCmHNJ3hVvHoUr36CH+HVL3HyOJhoQUNR1U13V5Bwpo3rfjm5peWV1bX8eqG4sbm1XdrZvdNxqghtkJjHqhVgTTmTtGGY4bSVKIpFwGkzGJyP/eY9VZrF8tYME+oL3JMsYgQbK91cdU23VHGr7gToL/FmpFIrXryUP1thvVv67oQxSQWVhnCsddtzE+NnWBlGOB0VOqmmCSYD3KNtSyUWVPvZ5NQROrBKiKJY2ZIGTdTfExkWWg9FYDsFNn296I3F/7x2aqIzP2MySQ2VZLooSjkyMRr/jUKmKDF8aAkmitlbEeljhYmx6cxtCcSoYEPxFiP4S5pHVe+46nnXNp4TmCIPZdiHQ/DgFGpwCXVoAIEePMITPDsPzqvz5rxPW3PObGYP5uB8/ADmmJdL</latexit>

Jt

learninggeneration 
model



e.g. Gaussian model

J

<latexit sha1_base64="fT8DpBI47XxMrJmuWA5G114UFPM=">AAAB/XicbVA9SwNBEN3zM8avqKXNYhCswp0oWgZtLCOYD0iOsLeZS9bs3h27c0I4gn/BVns7sfW32PpL3CRXmMQHA4/3ZpiZFyRSGHTdb2dldW19Y7OwVdze2d3bLx0cNkycag51HstYtwJmQIoI6ihQQivRwFQgoRkMbyd+8wm0EXH0gKMEfMX6kQgFZ2ilRgcHgKxbKrsVdwq6TLyclEmOWrf00+nFPFUQIZfMmLbnJuhnTKPgEsbFTmogYXzI+tC2NGIKjJ9Nrx3TU6v0aBhrWxHSqfp3ImPKmJEKbKdiODCL3kT8z2unGF77mYiSFCHis0VhKinGdPI67QkNHOXIEsa1sLdSPmCacbQBzW0J1LhoQ/EWI1gmjfOKd1lx7y/K1Zs8ngI5JifkjHjkilTJHamROuHkkbyQV/LmPDvvzofzOWtdcfKZIzIH5+sX84WV0g==</latexit>

✓

<latexit sha1_base64="X8CA0haEMuypMIluA/KdH5ut3Sg="></latexit>

p(✓;µ,�2) =
1p
2⇡�2

exp

✓
� (✓ � µ)2

2�2

◆

Q: which Gaussian model has the best samples?

<latexit sha1_base64="uKIjr5f1vjOM68OjvqWJTCsJglU="></latexit>

@µp(✓;µ,�
2) =

(✓ � µ)

�2
p(✓;µ,�2)

<latexit sha1_base64="7+iYBLwGOMil9mnOF9NYygaQ7EY=">AAACF3icdVDLSgMxFM34rPU16lKQYBFcDZnS2nYhFN24rGAf0BlKJs20oZkHSUYoQ3f+hL/gVvfuxK1Lt36JmbaKFT1w4eTcV+7xYs6kQujdWFpeWV1bz23kN7e2d3bNvf2WjBJBaJNEPBIdD0vKWUibiilOO7GgOPA4bXujyyzfvqVCsii8UeOYugEehMxnBCst9cwjJ8ZCMcyhD891fD8dHg2g3zMLyCqWUa1ShcgqI7tWKmqCULV2hqCtSYYCmKPRMz+cfkSSgIaKcCxl10axctNsKOF0kncSSWNMRnhAu5qGOKDSTad3TOCJVvrQj4SOUMGp+rMjxYGU48DTlQFWQ/k7l4l/5bqJ8qtuysI4UTQks0V+wqGKYGYK7DNBieJjTTARTP8VkiEWmCht3cIWL5jktSlfl8P/Sato2WULXZcK9Yu5PTlwCI7BKbBBBdTBFWiAJiDgDjyAR/Bk3BvPxovxOitdMuY9B2ABxtsnb3KfKw==</latexit>

@f = f@ log fnoted



Shifted objective

find a theta that maximizes J value
<latexit sha1_base64="YiVtQPK03H/rtXJinxfIvjQtFWk=">AAACInicbVC7SgNBFJ31GeMramkzGIRoEXZF1EYICCJWEYwJZGO4O5kkQ2Z2l5m7Ygj5BX/C0tZW+xQWYiVY+SVOHoWvAxfOnHMvd+4JYikMuu67MzU9Mzs3n1pILy4tr6xm1tavTJRoxksskpGuBGC4FCEvoUDJK7HmoALJy0HnZOiXb7g2IgovsRvzmoJWKJqCAVqpnsn52OYI17v0mPqgW76C2/pYo+c5PxaTx049k3Xz7gj0L/EmJFtwHwbll9OoWM98+o2IJYqHyCQYU/XcGGs90CiY5P20nxgeA+tAi1ctDUFxU+uNLurTbas0aDPStkKkI/X7RA+UMV0V2E4F2Da/vaH4n1dNsHlU64kwTpCHbLyomUiKER3GQxtCc4ayawkwLexfKWuDBoY2xB9bAtVP21C83xH8JeW9vLef97wLG88BGSNFNskWyRGPHJICOSNFUiKM3JFH8kSenXtn4Lw6b+PWKWcys0F+wPn4AvvIpwg=</latexit>

✓⇤ = argmax
✓

J(⇡✓)

find a Gaussian distribution with maximized expected J value

=>

<latexit sha1_base64="B0M5NzVZKKWxTwW1r/boYEmrmKM="></latexit>

µ,� = argmax
µ,�

E✓⇠N (µ,�)J(⇡✓) = argmax
µ,�

Z
p(✓;µ,�2)J(⇡✓) d✓



Shifted objective

<latexit sha1_base64="B0M5NzVZKKWxTwW1r/boYEmrmKM="></latexit>

µ,� = argmax
µ,�

E✓⇠N (µ,�)J(⇡✓) = argmax
µ,�

Z
p(✓;µ,�2)J(⇡✓) d✓

<latexit sha1_base64="I1Pkwh3ONasawRHNn0ip1lbRnYI="></latexit>

µ = µ+

Z
p(✓;µ,�2)

✓ � µ

�2
J(⇡✓) d✓

optimization by gradient:

<latexit sha1_base64="MOmytK8VI2cQ/LAulkYIMLtOGUo="></latexit>

µ+ =
1

n

X

i

✓i � µ

�2
J(⇡✓i)

sampling



Shifted objective

optimization by gradient:

sampling theta from standard normal distribution

<latexit sha1_base64="1T8LgQGy7gQSX1K1gGOPMOm7fJc="></latexit>

µ = µ+

Z
p(✓; 0, 1)

✓

�
J(⇡✓⇤�+µ) d✓

<latexit sha1_base64="5zdBbYuywgUBXKKiLTje+m+s/Lg="></latexit>

µ+ =
1

n

X

i

✓i
�
J(⇡✓i⇤�+µ)

reparameterization



Using gradients anyway
<latexit sha1_base64="YiVtQPK03H/rtXJinxfIvjQtFWk=">AAACInicbVC7SgNBFJ31GeMramkzGIRoEXZF1EYICCJWEYwJZGO4O5kkQ2Z2l5m7Ygj5BX/C0tZW+xQWYiVY+SVOHoWvAxfOnHMvd+4JYikMuu67MzU9Mzs3n1pILy4tr6xm1tavTJRoxksskpGuBGC4FCEvoUDJK7HmoALJy0HnZOiXb7g2IgovsRvzmoJWKJqCAVqpnsn52OYI17v0mPqgW76C2/pYo+c5PxaTx049k3Xz7gj0L/EmJFtwHwbll9OoWM98+o2IJYqHyCQYU/XcGGs90CiY5P20nxgeA+tAi1ctDUFxU+uNLurTbas0aDPStkKkI/X7RA+UMV0V2E4F2Da/vaH4n1dNsHlU64kwTpCHbLyomUiKER3GQxtCc4ayawkwLexfKWuDBoY2xB9bAtVP21C83xH8JeW9vLef97wLG88BGSNFNskWyRGPHJICOSNFUiKM3JFH8kSenXtn4Lw6b+PWKWcys0F+wPn4AvvIpwg=</latexit>

✓⇤ = argmax
✓

J(⇡✓)

<latexit sha1_base64="yjj+Piyn/+QQTJFW4/ILOuzZh00="></latexit>

µ,� = argmax
µ,�

E✓⇠N (µ,�)J(⇡✓)

<latexit sha1_base64="MOmytK8VI2cQ/LAulkYIMLtOGUo="></latexit>

µ+ =
1

n

X

i

✓i � µ

�2
J(⇡✓i)

do we take any gradient information from J ?
J what do we actually do ?

discussion about sigma …


