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Class Structure
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Model-free Reinforcement Learning 

Imitation Learning

Model-based Reinforcement Learning 

Unifying Perspectives on RL and IRL

Frontiers

Exploration Learning from Prior Data Learning across tasks

Policy Gradient ADP



Lecture outline

Recap: Policy Gradient and Variance Reduction

Natural Policy Gradients and Covariant Parameterization

Trust Region Policy Optimization

Proximal Policy Optimization



Optimizing the RL Objective
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Gradient Ascent Dynamic Programming Model-Based Optimization

Each method has it’s own +/-



Taking the gradient of return
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(approximating using samples)

(Monte-Carlo approximation)



What makes policy gradient challenging?
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Hard to tell what matters without many samples

What we do

Single sample estimate
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For every (s, a) pair, weight by only the sum of rewards in the current trajectory 

Couples together all actions

Makes policy gradient unstable, requires huge numbers of samples and huge batch size

Susceptible to scale variations Susceptible to lucky samples



Variance Reduction with Causality
Idea: Trajectory returns depend on past and future, but we only care about the 
future, since actions cannot affect the past. Instead, consider “return-to-go”
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<latexit sha1_base64="cYAjdXOFvMdhRQzg29nN8ojFza0="></latexit><latexit sha1_base64="cYAjdXOFvMdhRQzg29nN8ojFza0="></latexit><latexit sha1_base64="cYAjdXOFvMdhRQzg29nN8ojFza0="></latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="SDYjVcTpQXnDIMaGsK4YgBTScVQ="></latexit><latexit sha1_base64="SDYjVcTpQXnDIMaGsK4YgBTScVQ="></latexit><latexit sha1_base64="XPy93Lla4KCO4tGQBCoCnSkrHcY="></latexit><latexit sha1_base64="cYAjdXOFvMdhRQzg29nN8ojFza0="></latexit><latexit sha1_base64="cYAjdXOFvMdhRQzg29nN8ojFza0="></latexit><latexit sha1_base64="cYAjdXOFvMdhRQzg29nN8ojFza0="></latexit><latexit sha1_base64="cYAjdXOFvMdhRQzg29nN8ojFza0="></latexit><latexit sha1_base64="cYAjdXOFvMdhRQzg29nN8ojFza0="></latexit><latexit sha1_base64="cYAjdXOFvMdhRQzg29nN8ojFza0="></latexit>

Includes t’ < t

<latexit sha1_base64="OJK7JuuiNjL/PmYQgTZM2bUakzk="></latexit>
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Variance Reduction with a Baseline

Idea: We can reduce variance by subtracting a current state dependent function 
from the policy gradient return 

Baseline: Centers the returns, reduces variance

We proved this was unbiased!

<latexit sha1_base64="hnyEa81zbMDKyQ+zlFahlMHQo1o="></latexit>
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Lecture outline

Recap: Policy Gradient and Variance Reduction

Natural Policy Gradients and Covariant Parameterization

Trust Region Policy Optimization

Proximal Policy Optimization



Take a deeper look at REINFORCE
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<latexit sha1_base64="cYAjdXOFvMdhRQzg29nN8ojFza0="></latexit><latexit sha1_base64="cYAjdXOFvMdhRQzg29nN8ojFza0="></latexit><latexit sha1_base64="cYAjdXOFvMdhRQzg29nN8ojFza0="></latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="SDYjVcTpQXnDIMaGsK4YgBTScVQ="></latexit><latexit sha1_base64="SDYjVcTpQXnDIMaGsK4YgBTScVQ="></latexit><latexit sha1_base64="XPy93Lla4KCO4tGQBCoCnSkrHcY="></latexit><latexit sha1_base64="cYAjdXOFvMdhRQzg29nN8ojFza0="></latexit><latexit sha1_base64="cYAjdXOFvMdhRQzg29nN8ojFza0="></latexit><latexit sha1_base64="cYAjdXOFvMdhRQzg29nN8ojFza0="></latexit><latexit sha1_base64="cYAjdXOFvMdhRQzg29nN8ojFza0="></latexit><latexit sha1_base64="cYAjdXOFvMdhRQzg29nN8ojFza0="></latexit><latexit sha1_base64="cYAjdXOFvMdhRQzg29nN8ojFza0="></latexit>

r✓J(✓) =

Z
p✓(⌧)r✓ log p✓(⌧)d⌧

<latexit sha1_base64="3gB1Ja1ETH9flFH1q8rDzEhB+kE=">AAACRnicbVDLSiNBFL2d8RkfE8elm8Ig6CZ0i+BshOBsxJWCSYR0E25XKklhdXVTdVsITb7OjWt38wluZjEibq08EE28UNThPKhbJ86UtOT7f73Sj6XlldW19fLG5tb2z8rOr6ZNc8NFg6cqNbcxWqGkFg2SpMRtZgQmsRKt+O7PWG/dC2Nlqm9omIkowb6WPcmRHNWpRKHGWGGnCGkgCEfs8nCKjtgZC6Umln1oTsH8iM0nQpX2F13d8dWpVP2aPxm2CIIZqMJsrjqVp7Cb8jwRmrhCa9uBn1FUoCHJlRiVw9yKDPkd9kXbQY2JsFExqWHEDhzTZb3UuOMWn7CfEwUm1g6T2DkTpIGd18bkd1o7p97vqJA6y0loPn2olytGKRt3yrrSCE5q6AByI92ujA/QICfXfNmVEMx/eRE0j2uBXwuuT6r181kda7AH+3AIAZxCHS7gChrA4QGe4T+8eI/eP+/Ve5taS94sswtfpgTvH7OxjQ==</latexit><latexit sha1_base64="3gB1Ja1ETH9flFH1q8rDzEhB+kE=">AAACRnicbVDLSiNBFL2d8RkfE8elm8Ig6CZ0i+BshOBsxJWCSYR0E25XKklhdXVTdVsITb7OjWt38wluZjEibq08EE28UNThPKhbJ86UtOT7f73Sj6XlldW19fLG5tb2z8rOr6ZNc8NFg6cqNbcxWqGkFg2SpMRtZgQmsRKt+O7PWG/dC2Nlqm9omIkowb6WPcmRHNWpRKHGWGGnCGkgCEfs8nCKjtgZC6Umln1oTsH8iM0nQpX2F13d8dWpVP2aPxm2CIIZqMJsrjqVp7Cb8jwRmrhCa9uBn1FUoCHJlRiVw9yKDPkd9kXbQY2JsFExqWHEDhzTZb3UuOMWn7CfEwUm1g6T2DkTpIGd18bkd1o7p97vqJA6y0loPn2olytGKRt3yrrSCE5q6AByI92ujA/QICfXfNmVEMx/eRE0j2uBXwuuT6r181kda7AH+3AIAZxCHS7gChrA4QGe4T+8eI/eP+/Ve5taS94sswtfpgTvH7OxjQ==</latexit><latexit sha1_base64="3gB1Ja1ETH9flFH1q8rDzEhB+kE=">AAACRnicbVDLSiNBFL2d8RkfE8elm8Ig6CZ0i+BshOBsxJWCSYR0E25XKklhdXVTdVsITb7OjWt38wluZjEibq08EE28UNThPKhbJ86UtOT7f73Sj6XlldW19fLG5tb2z8rOr6ZNc8NFg6cqNbcxWqGkFg2SpMRtZgQmsRKt+O7PWG/dC2Nlqm9omIkowb6WPcmRHNWpRKHGWGGnCGkgCEfs8nCKjtgZC6Umln1oTsH8iM0nQpX2F13d8dWpVP2aPxm2CIIZqMJsrjqVp7Cb8jwRmrhCa9uBn1FUoCHJlRiVw9yKDPkd9kXbQY2JsFExqWHEDhzTZb3UuOMWn7CfEwUm1g6T2DkTpIGd18bkd1o7p97vqJA6y0loPn2olytGKRt3yrrSCE5q6AByI92ujA/QICfXfNmVEMx/eRE0j2uBXwuuT6r181kda7AH+3AIAZxCHS7gChrA4QGe4T+8eI/eP+/Ve5taS94sswtfpgTvH7OxjQ==</latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="CxHuwvD1IJWel5f6cgkGaxxVsT8=">AAACO3icbZA9SwNBEIbn/IzxK9raLAZBm3Bno40g2IhVBKOB3BHmNptkcW/v2J0TwpFfZ2Nt50+wsVDE1s0HookDyz687ww7+8aZkpZ8/8VbWFxaXlktrZXXNza3tis7G7c2zQ0XDZ6q1DRjtEJJLRokSYlmZgQmsRJ38f3FyL97EMbKVN/QIBNRgj0tu5IjOaldiUKNscJ2EVJfEA7Z1eGEjtgZC6Umlv14zsH8iM1OhCrtzXd1Rle7UvVr/rjYPARTqMK06u3Kc9hJeZ4ITVyhta3Azygq0JDkSgzLYW5Fhvwee6LlUGMibFSMYxiyA6d0WDc17rjFx+rviQITawdJ7DoTpL6d9Ubif14rp+5pVEid5SQ0nzzUzRWjlI0yZR1pBCc1cIDcSLcr4300yMklX3YhBLNfnofb41rg14JrH0qwB/twCAGcwDlcQh0awOERXuEdPrwn7837nMS14E1z24U/5X19A3+hsNs=</latexit><latexit sha1_base64="CxHuwvD1IJWel5f6cgkGaxxVsT8=">AAACO3icbZA9SwNBEIbn/IzxK9raLAZBm3Bno40g2IhVBKOB3BHmNptkcW/v2J0TwpFfZ2Nt50+wsVDE1s0HookDyz687ww7+8aZkpZ8/8VbWFxaXlktrZXXNza3tis7G7c2zQ0XDZ6q1DRjtEJJLRokSYlmZgQmsRJ38f3FyL97EMbKVN/QIBNRgj0tu5IjOaldiUKNscJ2EVJfEA7Z1eGEjtgZC6Umlv14zsH8iM1OhCrtzXd1Rle7UvVr/rjYPARTqMK06u3Kc9hJeZ4ITVyhta3Azygq0JDkSgzLYW5Fhvwee6LlUGMibFSMYxiyA6d0WDc17rjFx+rviQITawdJ7DoTpL6d9Ubif14rp+5pVEid5SQ0nzzUzRWjlI0yZR1pBCc1cIDcSLcr4300yMklX3YhBLNfnofb41rg14JrH0qwB/twCAGcwDlcQh0awOERXuEdPrwn7837nMS14E1z24U/5X19A3+hsNs=</latexit><latexit sha1_base64="oGz+vFjJl3NXcWrTbh/Ne4zJSUQ=">AAACRnicbVC7SgNBFL0b3/EVtbQZDII2YddGG0G0ESsFo0J2CXcnk2RwdnaZuSuEJV9nY23nJ9hYKGLr5IFo4oVhDufB3DlxpqQl33/xSjOzc/MLi0vl5ZXVtfXKxuaNTXPDRZ2nKjV3MVqhpBZ1kqTEXWYEJrESt/H92UC/fRDGylRfUy8TUYIdLduSIzmqWYlCjbHCZhFSVxD22cXeCO2zYxZKTSz70ZyC+T6bTIQq7Uy7WoOrWan6NX84bBoEY1CF8Vw2K89hK+V5IjRxhdY2Aj+jqEBDkivRL4e5FRnye+yIhoMaE2GjYlhDn+06psXaqXHHLT5kfycKTKztJbFzJkhdO6kNyP+0Rk7to6iQOstJaD56qJ0rRikbdMpa0ghOqucAciPdrox30SAn13zZlRBMfnka3BzUAr8WXPnVk9NxHYuwDTuwBwEcwgmcwyXUgcMjvMI7fHhP3pv36X2NrCVvnNmCP1OCbx5zsYk=</latexit><latexit sha1_base64="3gB1Ja1ETH9flFH1q8rDzEhB+kE=">AAACRnicbVDLSiNBFL2d8RkfE8elm8Ig6CZ0i+BshOBsxJWCSYR0E25XKklhdXVTdVsITb7OjWt38wluZjEibq08EE28UNThPKhbJ86UtOT7f73Sj6XlldW19fLG5tb2z8rOr6ZNc8NFg6cqNbcxWqGkFg2SpMRtZgQmsRKt+O7PWG/dC2Nlqm9omIkowb6WPcmRHNWpRKHGWGGnCGkgCEfs8nCKjtgZC6Umln1oTsH8iM0nQpX2F13d8dWpVP2aPxm2CIIZqMJsrjqVp7Cb8jwRmrhCa9uBn1FUoCHJlRiVw9yKDPkd9kXbQY2JsFExqWHEDhzTZb3UuOMWn7CfEwUm1g6T2DkTpIGd18bkd1o7p97vqJA6y0loPn2olytGKRt3yrrSCE5q6AByI92ujA/QICfXfNmVEMx/eRE0j2uBXwuuT6r181kda7AH+3AIAZxCHS7gChrA4QGe4T+8eI/eP+/Ve5taS94sswtfpgTvH7OxjQ==</latexit><latexit sha1_base64="3gB1Ja1ETH9flFH1q8rDzEhB+kE=">AAACRnicbVDLSiNBFL2d8RkfE8elm8Ig6CZ0i+BshOBsxJWCSYR0E25XKklhdXVTdVsITb7OjWt38wluZjEibq08EE28UNThPKhbJ86UtOT7f73Sj6XlldW19fLG5tb2z8rOr6ZNc8NFg6cqNbcxWqGkFg2SpMRtZgQmsRKt+O7PWG/dC2Nlqm9omIkowb6WPcmRHNWpRKHGWGGnCGkgCEfs8nCKjtgZC6Umln1oTsH8iM0nQpX2F13d8dWpVP2aPxm2CIIZqMJsrjqVp7Cb8jwRmrhCa9uBn1FUoCHJlRiVw9yKDPkd9kXbQY2JsFExqWHEDhzTZb3UuOMWn7CfEwUm1g6T2DkTpIGd18bkd1o7p97vqJA6y0loPn2olytGKRt3yrrSCE5q6AByI92ujA/QICfXfNmVEMx/eRE0j2uBXwuuT6r181kda7AH+3AIAZxCHS7gChrA4QGe4T+8eI/eP+/Ve5taS94sswtfpgTvH7OxjQ==</latexit><latexit sha1_base64="3gB1Ja1ETH9flFH1q8rDzEhB+kE=">AAACRnicbVDLSiNBFL2d8RkfE8elm8Ig6CZ0i+BshOBsxJWCSYR0E25XKklhdXVTdVsITb7OjWt38wluZjEibq08EE28UNThPKhbJ86UtOT7f73Sj6XlldW19fLG5tb2z8rOr6ZNc8NFg6cqNbcxWqGkFg2SpMRtZgQmsRKt+O7PWG/dC2Nlqm9omIkowb6WPcmRHNWpRKHGWGGnCGkgCEfs8nCKjtgZC6Umln1oTsH8iM0nQpX2F13d8dWpVP2aPxm2CIIZqMJsrjqVp7Cb8jwRmrhCa9uBn1FUoCHJlRiVw9yKDPkd9kXbQY2JsFExqWHEDhzTZb3UuOMWn7CfEwUm1g6T2DkTpIGd18bkd1o7p97vqJA6y0loPn2olytGKRt3yrrSCE5q6AByI92ujA/QICfXfNmVEMx/eRE0j2uBXwuuT6r181kda7AH+3AIAZxCHS7gChrA4QGe4T+8eI/eP+/Ve5taS94sswtfpgTvH7OxjQ==</latexit><latexit sha1_base64="3gB1Ja1ETH9flFH1q8rDzEhB+kE=">AAACRnicbVDLSiNBFL2d8RkfE8elm8Ig6CZ0i+BshOBsxJWCSYR0E25XKklhdXVTdVsITb7OjWt38wluZjEibq08EE28UNThPKhbJ86UtOT7f73Sj6XlldW19fLG5tb2z8rOr6ZNc8NFg6cqNbcxWqGkFg2SpMRtZgQmsRKt+O7PWG/dC2Nlqm9omIkowb6WPcmRHNWpRKHGWGGnCGkgCEfs8nCKjtgZC6Umln1oTsH8iM0nQpX2F13d8dWpVP2aPxm2CIIZqMJsrjqVp7Cb8jwRmrhCa9uBn1FUoCHJlRiVw9yKDPkd9kXbQY2JsFExqWHEDhzTZb3UuOMWn7CfEwUm1g6T2DkTpIGd18bkd1o7p97vqJA6y0loPn2olytGKRt3yrrSCE5q6AByI92ujA/QICfXfNmVEMx/eRE0j2uBXwuuT6r181kda7AH+3AIAZxCHS7gChrA4QGe4T+8eI/eP+/Ve5taS94sswtfpgTvH7OxjQ==</latexit><latexit sha1_base64="3gB1Ja1ETH9flFH1q8rDzEhB+kE=">AAACRnicbVDLSiNBFL2d8RkfE8elm8Ig6CZ0i+BshOBsxJWCSYR0E25XKklhdXVTdVsITb7OjWt38wluZjEibq08EE28UNThPKhbJ86UtOT7f73Sj6XlldW19fLG5tb2z8rOr6ZNc8NFg6cqNbcxWqGkFg2SpMRtZgQmsRKt+O7PWG/dC2Nlqm9omIkowb6WPcmRHNWpRKHGWGGnCGkgCEfs8nCKjtgZC6Umln1oTsH8iM0nQpX2F13d8dWpVP2aPxm2CIIZqMJsrjqVp7Cb8jwRmrhCa9uBn1FUoCHJlRiVw9yKDPkd9kXbQY2JsFExqWHEDhzTZb3UuOMWn7CfEwUm1g6T2DkTpIGd18bkd1o7p97vqJA6y0loPn2olytGKRt3yrrSCE5q6AByI92ujA/QICfXfNmVEMx/eRE0j2uBXwuuT6r181kda7AH+3AIAZxCHS7gChrA4QGe4T+8eI/eP+/Ve5taS94sswtfpgTvH7OxjQ==</latexit><latexit sha1_base64="3gB1Ja1ETH9flFH1q8rDzEhB+kE=">AAACRnicbVDLSiNBFL2d8RkfE8elm8Ig6CZ0i+BshOBsxJWCSYR0E25XKklhdXVTdVsITb7OjWt38wluZjEibq08EE28UNThPKhbJ86UtOT7f73Sj6XlldW19fLG5tb2z8rOr6ZNc8NFg6cqNbcxWqGkFg2SpMRtZgQmsRKt+O7PWG/dC2Nlqm9omIkowb6WPcmRHNWpRKHGWGGnCGkgCEfs8nCKjtgZC6Umln1oTsH8iM0nQpX2F13d8dWpVP2aPxm2CIIZqMJsrjqVp7Cb8jwRmrhCa9uBn1FUoCHJlRiVw9yKDPkd9kXbQY2JsFExqWHEDhzTZb3UuOMWn7CfEwUm1g6T2DkTpIGd18bkd1o7p97vqJA6y0loPn2olytGKRt3yrrSCE5q6AByI92ujA/QICfXfNmVEMx/eRE0j2uBXwuuT6r181kda7AH+3AIAZxCHS7gChrA4QGe4T+8eI/eP+/Ve5taS94sswtfpgTvH7OxjQ==</latexit>

<latexit sha1_base64="qtQRNIyTwnfhZ8gMU82/wViWuKo=">AAACNnicbZDNSgMxFIUz/lv/qi7dBItQEcqMiLoRRDciCBWsFjpluJOmbTCTGZI7Qhn6VG58DnfduFDErY9g2s5CWy8EPs65N8k9YSKFQdcdODOzc/MLi0vLhZXVtfWN4ubWvYlTzXiNxTLW9RAMl0LxGgqUvJ5oDlEo+UP4eDn0H564NiJWd9hLeDOCjhJtwQCtFBRvfOxyBHpGxxAIekB9kEkXqK8glBDkHdflMexTX9sbMcimRvtBseRW3FHRafByKJG8qkHx1W/FLI24QibBmIbnJtjMQKNgkvcLfmp4AuwROrxhUUHETTMbrd2ne1Zp0Xas7VFIR+rviQwiY3pRaDsjwK6Z9Ibif14jxfZpMxMqSZErNn6onUqKMR1mSFtCc4ayZwGYFvavlHVBA0ObdMGG4E2uPA33hxXvuHJ0e1Q6v8jjWCI7ZJeUiUdOyDm5IlVSI4w8kwF5Jx/Oi/PmfDpf49YZJ5/ZJn/K+f4BnbKrUw==</latexit>

✓ = ✓i + ↵r✓J(✓)|✓=✓i

Linear approximation

Quadratic Constraint

<latexit sha1_base64="3k4nI6q7r8TE8xPX7leUD5MvSE8=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTg9HHGlf9MsVt+rOQVaJl5MK5Gj0y1+9QczSiCtkkhrT9dwE/YxqFEzyaamXGp5QNqZD3rVU0YgbP5vfOyVnVhmQMNa2FJK5+nsio5ExkyiwnRHFkVn2ZuJ/XjfF8NrPhEpS5IotFoWpJBiT2fNkIDRnKCeWUKaFvZWwEdWUoY2oZEPwll9eJa2LqndZrd3XKvWbPI4inMApnIMHV1CHO2hAExhIeIZXeHMenRfn3flYtBacfOYY/sD5/AElRJAN</latexit>

✓i

<latexit sha1_base64="3Rmx9HJLQXhqYpKSzEqUPiZz3M0=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBZBEEoiRT0WvXisYD+gCWWz3bZLN5uwOxFK6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkgNl0LxJgqUvJNoTqNQ8nY4vpv57SeujYjVI04SHkR0qMRAMIpW8n0ccaS9TFx401654lbdOcgq8XJSgRyNXvnL78csjbhCJqkxXc9NMMioRsEkn5b81PCEsjEd8q6likbcBNn85ik5s0qfDGJtSyGZq78nMhoZM4lC2xlRHJllbyb+53VTHNwEmVBJilyxxaJBKgnGZBYA6QvNGcqJJZRpYW8lbEQ1ZWhjKtkQvOWXV0nrsupdVWsPtUr9No+jCCdwCufgwTXU4R4a0AQGCTzDK7w5qfPivDsfi9aCk88cwx84nz/LeJGJ</latexit>

✓i+1

Gradient ascent is steepest ascent on linear approximation under the Euclidean metric!



When might this fail?
Large step sizes may cause collapse Sensitive to Policy Parameterization

Must use very small step sizes, slow! Can struggle for a deep neural network!

<latexit sha1_base64="3k4nI6q7r8TE8xPX7leUD5MvSE8=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTg9HHGlf9MsVt+rOQVaJl5MK5Gj0y1+9QczSiCtkkhrT9dwE/YxqFEzyaamXGp5QNqZD3rVU0YgbP5vfOyVnVhmQMNa2FJK5+nsio5ExkyiwnRHFkVn2ZuJ/XjfF8NrPhEpS5IotFoWpJBiT2fNkIDRnKCeWUKaFvZWwEdWUoY2oZEPwll9eJa2LqndZrd3XKvWbPI4inMApnIMHV1CHO2hAExhIeIZXeHMenRfn3flYtBacfOYY/sD5/AElRJAN</latexit>

✓i

<latexit sha1_base64="3Rmx9HJLQXhqYpKSzEqUPiZz3M0=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBZBEEoiRT0WvXisYD+gCWWz3bZLN5uwOxFK6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkgNl0LxJgqUvJNoTqNQ8nY4vpv57SeujYjVI04SHkR0qMRAMIpW8n0ccaS9TFx401654lbdOcgq8XJSgRyNXvnL78csjbhCJqkxXc9NMMioRsEkn5b81PCEsjEd8q6likbcBNn85ik5s0qfDGJtSyGZq78nMhoZM4lC2xlRHJllbyb+53VTHNwEmVBJilyxxaJBKgnGZBYA6QvNGcqJJZRpYW8lbEQ1ZWhjKtkQvOWXV0nrsupdVWsPtUr9No+jCCdwCufgwTXU4R4a0AQGCTzDK7w5qfPivDsfi9aCk88cwx84nz/LeJGJ</latexit>

✓i+1

Very different!



Covariant Policy Gradient Updates

What should G be?

Let us use the constraint as 
KL divergence on the policy
(2nd order Taylor expansion)

<latexit sha1_base64="H0mhbXj3uZoIlzxlvlj36dg0glM="></latexit>

max J(✓i) +r✓J(✓)|✓=✓i(✓ � ✓i)

(✓ � ✓i)
TG(✓ � ✓i)  ✏

<latexit sha1_base64="Y95LIZP3jPvfPKaGkewi/nDEuVg="></latexit>

max J(✓i) +r✓J(✓)|✓=✓i(✓ � ✓i)

DKL(⇡✓||⇡✓i)  ✏

Measures functional distance, not parameter distance



Resulting “Natural” Policy Gradient
<latexit sha1_base64="Y95LIZP3jPvfPKaGkewi/nDEuVg="></latexit>

max J(✓i) +r✓J(✓)|✓=✓i(✓ � ✓i)

DKL(⇡✓||⇡✓i)  ✏

2nd order approximation of KL à Fisher Information Metric
<latexit sha1_base64="LxkMQolp2ox7bgoOnhNCMa1GBP8="></latexit>

F = E⇡✓

⇥
(r✓ log ⇡✓)(r✓ log ⇡✓)

T
⇤

<latexit sha1_base64="VVMxZBYEpr7vGJjCOkQsvKBvKM0="></latexit>

max J(✓i) +r✓J(✓)|✓=✓i(✓ � ✓i)

(✓ � ✓i)
TF (✓ � ✓i)  ✏

<latexit sha1_base64="j5MYLuv2OSw7xqLtQ3ot3P2ZYos="></latexit>

✓i+1 = ✓i + ↵F�1r✓J(✓)|✓=✓iResulting update Covariant to parameterization



Fisher Information as a Gauss-Newton Approximation

Fisher Information is generalized Gauss Newton Approximation to the Hessian

https://towardsdatascience.com/introducing-k-fac-and-its-application-for-large-scale-deep-learning-4e3f9b443414

SGD Natural Gradient



Natural Policy Gradient in Action

Peters, Schaal ‘08



Lecture outline

Recap: Policy Gradient and Variance Reduction

Natural Policy Gradients and Covariant Parameterization

Trust Region Policy Optimization

Proximal Policy Optimization



Natural Policy Gradient - is it enough?
Huge matrix inversion Step-size?

F – Rdxd

For a standard convnet – d is in the millions

Hessian is way out of memory / hard to invert! Can easily overstep and collapse performance

Also, only a single gradient step at a time before recollecting data!

<latexit sha1_base64="3k4nI6q7r8TE8xPX7leUD5MvSE8=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTg9HHGlf9MsVt+rOQVaJl5MK5Gj0y1+9QczSiCtkkhrT9dwE/YxqFEzyaamXGp5QNqZD3rVU0YgbP5vfOyVnVhmQMNa2FJK5+nsio5ExkyiwnRHFkVn2ZuJ/XjfF8NrPhEpS5IotFoWpJBiT2fNkIDRnKCeWUKaFvZWwEdWUoY2oZEPwll9eJa2LqndZrd3XKvWbPI4inMApnIMHV1CHO2hAExhIeIZXeHMenRfn3flYtBacfOYY/sD5/AElRJAN</latexit>

✓i

<latexit sha1_base64="3Rmx9HJLQXhqYpKSzEqUPiZz3M0=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBZBEEoiRT0WvXisYD+gCWWz3bZLN5uwOxFK6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkgNl0LxJgqUvJNoTqNQ8nY4vpv57SeujYjVI04SHkR0qMRAMIpW8n0ccaS9TFx401654lbdOcgq8XJSgRyNXvnL78csjbhCJqkxXc9NMMioRsEkn5b81PCEsjEd8q6likbcBNn85ik5s0qfDGJtSyGZq78nMhoZM4lC2xlRHJllbyb+53VTHNwEmVBJilyxxaJBKgnGZBYA6QvNGcqJJZRpYW8lbEQ1ZWhjKtkQvOWXV0nrsupdVWsPtUr9No+jCCdwCufgwTXU4R4a0AQGCTzDK7w5qfPivDsfi9aCk88cwx84nz/LeJGJ</latexit>

✓i+1



Trust Region Policy Optimization

3 key ideas: 
1. On-policy updates à importance sampled objective
2. Huge matrix inversion à conjugate gradient method
3. Step size may be too large à backtracking line search

TRPO, Schulman ‘15



Trust Region Policy Optimization

3 key ideas: 
1. On-policy updates à importance sampled objective
2. Huge matrix inversion à conjugate gradient method
3. Step size may be too large à backtracking line search

TRPO, Schulman ‘15



Off Policy Policy Gradient – Importance Sampling

Problem with original policy gradient objective – hard to evaluate without samples from θ

Must sample to evaluate

Can we be off-policy?

Can rederive policy gradient from this perspective

Has numerical challenges



Deriving Policy Gradient from Importance Sampling

Set

Same as PG in first order!



Expanding the Importance Sampling Objective

Numerically unstable, high variance!



Trust Region Policy Optimization – Importance Sampling without the Pain

If policies are close, we can show that this is not so bad!

Original Objective

Importance Sampling

Cannot evaluate without resampling

(ish)

(Surrogate Objective)

Often replaced by A = Q - V



Trust Region Policy Optimization

3 key ideas: 
1. On-policy updates à importance sampled objective
2. Huge matrix inversion à conjugate gradient method
3. Step size may be too large à backtracking line search

TRPO, Schulman ‘15



Trust Region Policy Optimization – Conjugate Gradient

Challenging to compute F-1 and then get F-1g

Convert into an iterative minimization problem!

Solution to 
<latexit sha1_base64="YEw3QkzI760sRmmZhw1MOBTEtrg=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRbBU9mVUr0IRUE8VrAf0C4lm2bb2GyyJFmxLP0PXjwo4tX/481/Y9ruQVsfDDzem2FmXhBzpo3rfju5ldW19Y38ZmFre2d3r7h/0NQyUYQ2iORStQOsKWeCNgwznLZjRXEUcNoKRtdTv/VIlWZS3JtxTP0IDwQLGcHGSs2bJ3SJBr1iyS27M6Bl4mWkBBnqveJXty9JElFhCMdadzw3Nn6KlWGE00mhm2gaYzLCA9qxVOCIaj+dXTtBJ1bpo1AqW8Kgmfp7IsWR1uMosJ0RNkO96E3F/7xOYsILP2UiTgwVZL4oTDgyEk1fR32mKDF8bAkmitlbERlihYmxARVsCN7iy8ukeVb2quXKXaVUu8riyMMRHMMpeHAONbiFOjSAwAM8wyu8OdJ5cd6dj3lrzslmDuEPnM8fabyOYQ==</latexit>

Fx = g
<latexit sha1_base64="D93hTa9aeTO7KN+4hFX5kCxXjkY=">AAACDnicbZDLSsNAFIYn9VbrLerSzWApCGJJSlGXRUFcVugN2hgm00k7dDIJMxNpCXkCN76KGxeKuHXtzrdx2mahrT8MfPznHM6c34sYlcqyvo3cyura+kZ+s7C1vbO7Z+4ftGQYC0yaOGSh6HhIEkY5aSqqGOlEgqDAY6Ttja6n9fYDEZKGvKEmEXECNODUpxgpbblmqRdQ7o5hzxcIJ3aaVNLxfQPewDE8g1MawFOIXbNola2Z4DLYGRRBprprfvX6IY4DwhVmSMqubUXKSZBQFDOSFnqxJBHCIzQgXY0cBUQ6yeycFJa004d+KPTjCs7c3xMJCqScBJ7uDJAaysXa1Pyv1o2Vf+kklEexIhzPF/kxgyqE02xgnwqCFZtoQFhQ/VeIh0gHo3SCBR2CvXjyMrQqZfu8XL2rFmtXWRx5cASOwQmwwQWogVtQB02AwSN4Bq/gzXgyXox342PemjOymUPwR8bnD/KTmhw=</latexit>

min
x

1

2
xTFx� xT g + csame as

Solution to 



Trust Region Policy Optimization – Conjugate Gradient

Challenging to compute F-1 and then get F-1g

Convert into an iterative minimization problem!

Solve with conjugate gradient

Do coordinate descent in geometry 
aligned orthogonal directions 

https://www.cs.cmu.edu/~quake-papers/painless-conjugate-gradient.pdf



Trust Region Policy Optimization – Conjugate Gradient

<latexit sha1_base64="D93hTa9aeTO7KN+4hFX5kCxXjkY=">AAACDnicbZDLSsNAFIYn9VbrLerSzWApCGJJSlGXRUFcVugN2hgm00k7dDIJMxNpCXkCN76KGxeKuHXtzrdx2mahrT8MfPznHM6c34sYlcqyvo3cyura+kZ+s7C1vbO7Z+4ftGQYC0yaOGSh6HhIEkY5aSqqGOlEgqDAY6Ttja6n9fYDEZKGvKEmEXECNODUpxgpbblmqRdQ7o5hzxcIJ3aaVNLxfQPewDE8g1MawFOIXbNola2Z4DLYGRRBprprfvX6IY4DwhVmSMqubUXKSZBQFDOSFnqxJBHCIzQgXY0cBUQ6yeycFJa004d+KPTjCs7c3xMJCqScBJ7uDJAaysXa1Pyv1o2Vf+kklEexIhzPF/kxgyqE02xgnwqCFZtoQFhQ/VeIh0gHo3SCBR2CvXjyMrQqZfu8XL2rFmtXWRx5cASOwQmwwQWogVtQB02AwSN4Bq/gzXgyXox342PemjOymUPwR8bnD/KTmhw=</latexit>

min
x

1

2
xTFx� xT g + c

Find search directions at ever step that are F-orthogonal with previous directions

<latexit sha1_base64="IuEt7G5aftrHFnS7djQnEycn72c=">AAACAHicbZDLSsNAFIZPvNZ6i7pw4WawCHVTEinqRigK4rJCb9DGMJlM26GTCzMToYRsfBU3LhRx62O4822ctllo6w8DH/85hzPn92LOpLKsb2NpeWV1bb2wUdzc2t7ZNff2WzJKBKFNEvFIdDwsKWchbSqmOO3EguLA47TtjW4m9fYjFZJFYUONY+oEeBCyPiNYacs1D303LbPT7KGBblHO6ApZrlmyKtZUaBHsHEqQq+6aXz0/IklAQ0U4lrJrW7FyUiwUI5xmxV4iaYzJCA9oV2OIAyqddHpAhk6046N+JPQLFZq6vydSHEg5DjzdGWA1lPO1iflfrZuo/qWTsjBOFA3JbFE/4UhFaJIG8pmgRPGxBkwE039FZIgFJkpnVtQh2PMnL0LrrGKfV6r31VLtOo+jAEdwDGWw4QJqcAd1aAKBDJ7hFd6MJ+PFeDc+Zq1LRj5zAH9kfP4AfYyUaQ==</latexit>

dT(i)Fd(i) = 0
Converges in approx N steps!

Only requires matrix-vector 
product



Trust Region Policy Optimization

3 key ideas: 
1. On-policy updates à importance sampled objective
2. Huge matrix inversion à conjugate gradient method
3. Step size may be too large à backtracking line search

TRPO, Schulman ‘15



Trust Region Policy Optimization – Backtracking line search
Decide step size using backtracking line search

<latexit sha1_base64="3k4nI6q7r8TE8xPX7leUD5MvSE8=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTg9HHGlf9MsVt+rOQVaJl5MK5Gj0y1+9QczSiCtkkhrT9dwE/YxqFEzyaamXGp5QNqZD3rVU0YgbP5vfOyVnVhmQMNa2FJK5+nsio5ExkyiwnRHFkVn2ZuJ/XjfF8NrPhEpS5IotFoWpJBiT2fNkIDRnKCeWUKaFvZWwEdWUoY2oZEPwll9eJa2LqndZrd3XKvWbPI4inMApnIMHV1CHO2hAExhIeIZXeHMenRfn3flYtBacfOYY/sD5/AElRJAN</latexit>

✓i

<latexit sha1_base64="3Rmx9HJLQXhqYpKSzEqUPiZz3M0=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBZBEEoiRT0WvXisYD+gCWWz3bZLN5uwOxFK6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkgNl0LxJgqUvJNoTqNQ8nY4vpv57SeujYjVI04SHkR0qMRAMIpW8n0ccaS9TFx401654lbdOcgq8XJSgRyNXvnL78csjbhCJqkxXc9NMMioRsEkn5b81PCEsjEd8q6likbcBNn85ik5s0qfDGJtSyGZq78nMhoZM4lC2xlRHJllbyb+53VTHNwEmVBJilyxxaJBKgnGZBYA6QvNGcqJJZRpYW8lbEQ1ZWhjKtkQvOWXV0nrsupdVWsPtUr9No+jCCdwCufgwTXU4R4a0AQGCTzDK7w5qfPivDsfi9aCk88cwx84nz/LeJGJ</latexit>

✓i+1

<latexit sha1_base64="3k4nI6q7r8TE8xPX7leUD5MvSE8=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTg9HHGlf9MsVt+rOQVaJl5MK5Gj0y1+9QczSiCtkkhrT9dwE/YxqFEzyaamXGp5QNqZD3rVU0YgbP5vfOyVnVhmQMNa2FJK5+nsio5ExkyiwnRHFkVn2ZuJ/XjfF8NrPhEpS5IotFoWpJBiT2fNkIDRnKCeWUKaFvZWwEdWUoY2oZEPwll9eJa2LqndZrd3XKvWbPI4inMApnIMHV1CHO2hAExhIeIZXeHMenRfn3flYtBacfOYY/sD5/AElRJAN</latexit>

✓i

<latexit sha1_base64="3Rmx9HJLQXhqYpKSzEqUPiZz3M0=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBZBEEoiRT0WvXisYD+gCWWz3bZLN5uwOxFK6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkgNl0LxJgqUvJNoTqNQ8nY4vpv57SeujYjVI04SHkR0qMRAMIpW8n0ccaS9TFx401654lbdOcgq8XJSgRyNXvnL78csjbhCJqkxXc9NMMioRsEkn5b81PCEsjEd8q6likbcBNn85ik5s0qfDGJtSyGZq78nMhoZM4lC2xlRHJllbyb+53VTHNwEmVBJilyxxaJBKgnGZBYA6QvNGcqJJZRpYW8lbEQ1ZWhjKtkQvOWXV0nrsupdVWsPtUr9No+jCCdwCufgwTXU4R4a0AQGCTzDK7w5qfPivDsfi9aCk88cwx84nz/LeJGJ</latexit>

✓i+1

<latexit sha1_base64="3k4nI6q7r8TE8xPX7leUD5MvSE8=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTg9HHGlf9MsVt+rOQVaJl5MK5Gj0y1+9QczSiCtkkhrT9dwE/YxqFEzyaamXGp5QNqZD3rVU0YgbP5vfOyVnVhmQMNa2FJK5+nsio5ExkyiwnRHFkVn2ZuJ/XjfF8NrPhEpS5IotFoWpJBiT2fNkIDRnKCeWUKaFvZWwEdWUoY2oZEPwll9eJa2LqndZrd3XKvWbPI4inMApnIMHV1CHO2hAExhIeIZXeHMenRfn3flYtBacfOYY/sD5/AElRJAN</latexit>

✓i

<latexit sha1_base64="3Rmx9HJLQXhqYpKSzEqUPiZz3M0=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBZBEEoiRT0WvXisYD+gCWWz3bZLN5uwOxFK6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkgNl0LxJgqUvJNoTqNQ8nY4vpv57SeujYjVI04SHkR0qMRAMIpW8n0ccaS9TFx401654lbdOcgq8XJSgRyNXvnL78csjbhCJqkxXc9NMMioRsEkn5b81PCEsjEd8q6likbcBNn85ik5s0qfDGJtSyGZq78nMhoZM4lC2xlRHJllbyb+53VTHNwEmVBJilyxxaJBKgnGZBYA6QvNGcqJJZRpYW8lbEQ1ZWhjKtkQvOWXV0nrsupdVWsPtUr9No+jCCdwCufgwTXU4R4a0AQGCTzDK7w5qfPivDsfi9aCk88cwx84nz/LeJGJ</latexit>

✓i+1

Decreasing step size

1. Choose parameter , given search direction s = F-1g
2. Compute maximal step size such that constraint is satisfied -
3. While , set  

<latexit sha1_base64="H0ysgpphwt6rpxCJ905nQmeHrhc=">AAAB+XicbVDLSgNBEOz1GeNr1aOXwSBEkLArQT0GvXiMYB6QhDA76SRDZmeXmdlAWPInXjwo4tU/8ebfOEn2oIkFDUVVN91dQSy4Np737aytb2xubed28rt7+weH7tFxXUeJYlhjkYhUM6AaBZdYM9wIbMYKaRgIbASj+5nfGKPSPJJPZhJjJ6QDyfucUWOlruu2AzSUtLkkRe+S+Bddt+CVvDnIKvEzUoAM1a771e5FLAlRGiao1i3fi00npcpwJnCabycaY8pGdIAtSyUNUXfS+eVTcm6VHulHypY0ZK7+nkhpqPUkDGxnSM1QL3sz8T+vlZj+bSflMk4MSrZY1E8EMRGZxUB6XCEzYmIJZYrbWwkbUkWZsWHlbQj+8surpH5V8q9L5cdyoXKXxZGDUziDIvhwAxV4gCrUgMEYnuEV3pzUeXHenY9F65qTzZzAHzifP6xzkb0=</latexit>

� 2 (0, 1) <latexit sha1_base64="uIYf2r+q36F8emu8X/scxE9MXUY="></latexit>

1

2
(ts)TF (ts) = ✏ ! t =

r
2✏

sTFs
<latexit sha1_base64="2Ijk7LhH8L2K9cHfcIzUXVIg5+M=">AAACB3icbVDLSgNBEJz1GeNr1aMgg0FIEMKuBPXgIehFPEUwD0iWZXYymwyZfTDTK4QlNy/+ihcPinj1F7z5N06SBTWxoKGo6qa7y4sFV2BZX8bC4tLyympuLb++sbm1be7sNlSUSMrqNBKRbHlEMcFDVgcOgrViyUjgCdb0Bldjv3nPpOJReAfDmDkB6YXc55SAllzz4KbYgT4D4nJ8jEGV8AX+kUquWbDK1gR4ntgZKaAMNdf87HQjmgQsBCqIUm3bisFJiQROBRvlO4liMaED0mNtTUMSMOWkkz9G+EgrXexHUlcIeKL+nkhJoNQw8HRnQKCvZr2x+J/XTsA/d1IexgmwkE4X+YnAEOFxKLjLJaMghpoQKrm+FdM+kYSCji6vQ7BnX54njZOyfVqu3FYK1cssjhzaR4eoiGx0hqroGtVQHVH0gJ7QC3o1Ho1n4814n7YuGNnMHvoD4+MbwdWXWA==</latexit>
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Trust Region Policy Optimization
3 key ideas: 
1. On-policy updates à importance sampled objective
2. Huge matrix inversion à conjugate gradient method
3. Step size may be too large à backtracking line search

TRPO, Schulman ‘15



Can we say anything formal about updates?

Ensures that policies are non-decreasing in performance

Performance difference 
lemma

Express advantage 
in terms of TVD

Key idea: by bounding how different the policies are, we can bound how different returns are  
TRPO, Schulman ‘15



TRPO in action

TRPO, Schulman ‘15



Why might TRPO not be enough?

Advantage estimation is too high variance Optimization expensive/unstable

TRPO, Schulman ‘15



Better Advantage Estimation - Generalized Advantage Estimation

Advantage estimator

High variance!

N step advantage estimator

1 step advantage estimator

2 step advantage estimator

N-1 step advantage estimator

…

Bi
as

Va
ria

nc
e
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Generalized Advantage Estimation
Sum up all the estimators in a geometric sum

Best of both worlds – very similar idea to eligibility traces
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Generalized Advantage Estimation in Action

GAE, Schulman ‘15



Lecture outline

Recap: Policy Gradient and Variance Reduction

Natural Policy Gradients and Covariant Parameterization

Trust Region Policy Optimization

Proximal Policy Optimization



Avoiding Second Order Optimization

What if we just restricted how much the policy changes directly!

Expensive second order optimization, can we avoid?



Proximal Policy Optimization Update

Proximal Policy Optimization

Trust Region Policy Optimization

Restrict the amount the policy moves
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Proximal Policy Optimization Algorithm

ü Multiple minibatch gradient steps
ü No second order optimization
ü Simple and stable, without huge updates
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PPO in Action

Dextreme, Handa ’22
A system for general in-hand reorientation, Chen ‘21



PPO in Action

PPO, Schulman ‘17



So should we just use PPO for everything?

Engstrom et al, ‘20

Open question!

Code optimizations may make a 
bigger impact than algorithmic ones  
à needs more investigation!



Lecture outline

Recap: Policy Gradient and Variance Reduction

Natural Policy Gradients and Covariant Parameterization

Trust Region Policy Optimization

Proximal Policy Optimization



Pros/Cons of Policy Gradient Methods
Pros
§ Conceptually simple, easy to implement
§ Stable, good asymptotic performance
§ Compatible with deep models
§ Require minimal modeling

Cons
§ Sample inefficient
§ Unable to reuse prior data effectively à

on-policy
§ Blackbox, can be hard to debug



Frontiers of Policy Gradient Research
Major open challenges in policy gradient research: 

Convergence guarantees Asynchronous/Parallel Methods Better Variance Reduction

Learning from high-
dimensional inputs

Bootstrapping from 
prior data

Multi-agent Policy 
Gradient



Frontiers of Policy Gradient Research
Convergence guarantees and empirical investigations

Practical Algorithms Deviate from TheoryGlobally Convergent in LQR/LQG Case

Global Convergence of Policy Gradient Methods for the Linear Quadratic Regulator, Fazel et al ’19
Global Convergence of Policy Gradient Methods to (Almost) Locally Optimal Policies, Zhang et al, ‘19
Globally convergent policy search over dynamic filters for output estimation, Umenberger ‘21

Is the Policy Gradient a Gradient?, Nota et al, ’19
A Closer Look at Deep Policy Gradients, Ilyas et al ’19
An Empirical Analysis of Proximal Policy Optimization with Kronecker-factored Natural 
Gradients, Song et al ‘18
What Matters In On-Policy Reinforcement Learning? A Large-Scale Empirical Study, 
Andrychowicz et al ‘20



Frontiers of Policy Gradient Research
Asynchronous methods for large scale speedup

IMPALA: Scalable Distributed Deep-RL with Importance Weighted Actor-Learner Architectures, Espeholt ‘18 Accelerated Methods for Deep Reinforcement Learning, Stooke et al ‘19



Frontiers of Policy Gradient Research
Better Variance Reduction Methods

Action dependent baselines Alternative Estimators

For factorized spaces, baselines can 
depend on independent action factors 

The Mirage of Action-Dependent Baselines in Reinforcement Learning, Tucker et 
al ‘18
Variance Reduction for Policy Gradient with Action-Dependent Factorized 
Baselines, Wu et al ’18

Q-Prop: Sample-Efficient Policy Gradient with An Off-Policy Critic, Gu et al ‘16 
Backpropagation through the Void: Optimizing control variates for black-box gradient estimation, 
Grathwohl et al ‘17
Categorical Reparameterization with Gumbel-Softmax, Jang et al ‘16



Frontiers of Policy Gradient Research
Learning from High Dimensional Observations

Challenging to provide guarantees in partially observed settings!

Learning Quadrupedal Locomotion over Challenging Terrain, Lee et al ‘20 A System for General In-Hand Reorientation, Chen et al ‘21

Robust Asymmetric Learning in POMDPs, Warrington et al ‘20

Learning robust perceptive locomotion for quadrupedal robots in the wild, Miki et al ‘22



Frontiers of Policy Gradient Research
Bootstrapping from Prior/Off-Policy Data

Learning from Prior DataOff-policy policy gradient

Off-Policy Actor-Critic, Degris et al ‘13 Advantage Weighted Actor Critic, Nair et al ’20
DDPGfD,  Vecerik ‘17

DAPG, Rajeswaran ‘17



Frontiers of Policy Gradient Research
Multi-agent policy gradient

Primary challenges:
1. Non-stationarity
2. Data-efficiency
3. Communication

Multi-Agent Actor-Critic for Mixed Cooperative-Competitive Environments, Lowe et al ‘17Counterfactual Multi-Agent Policy Gradients, Foerster et al ‘17



How is this useful for robotics?
Can be used to train robots in the real world but only in limited settings



How is this useful for robotics?

More in the sim2real lecture!

Largely useful for pretraining in simulation



Summary

§ Policy gradient methods form an effective solution technique to the RL problem

§ Techniques range from vanilla policy gradient to NPG to PPO, each with it’s own 

pros and cons

§ PG can be very adept at solving black-box optimization asymptotically, but can 

be very slow

§ Several open frontiers still exist for research into PG methods

§ Most promising use of PG methods in robotics is through simulation to reality 

transfer


