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Topics: 
– Policy Gradients
– Actor Critic



2

Topics we’ll cover
• Overview of RL

• RL vs other forms of learning
• RL “API”
• Applications

• Framework: Markov Decision Processes (MDP’s)
• Definitions and notations
• Policies and Value Functions
• Solving MDP’s

• Value Iteration (recap)
• Q-Value Iteration (new)
• Policy Iteration

• Reinforcement learning
• Value-based RL (Q-learning, Deep-Q Learning)
• Policy-based RL (Policy gradients)
• Actor-Critic 
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• Markov Decision Processes (MDP):
• States:
• Actions:
• Rewards:
• Transition Function:   
• Discount Factor: 

Recap: MDPs

S
<latexit sha1_base64="s0ORvqxeEX0PpYtJdKPahu55m4g=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy4r2gdMh5JJM21oJhmSjFCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaT29zvPlGlmRSPZprQIMYjwSJGsLGS34+xGRPMs4fZoFpz6+4caJV4BalBgdag+tUfSpLGVBjCsda+5yYmyLAyjHA6q/RTTRNMJnhEfUsFjqkOsnnkGTqzyhBFUtknDJqrvzcyHGs9jUM7mUfUy14u/uf5qYmug4yJJDVUkMVHUcqRkSi/Hw2ZosTwqSWYKGazIjLGChNjW6rYErzlk1dJp1H3LuqN+8ta86aoowwncArn4MEVNOEOWtAGAhKe4RXeHOO8OO/Ox2K05BQ7x/AHzucPjPaRbQ==</latexit>

A
<latexit sha1_base64="5yvcY3wy44+X4ZQwlZmNZA2cVtw=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdVNy4r2AdMh5JJM21oJhmSjFCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaTu9zvPlGlmRSPZprQIMYjwSJGsLGS34+xGRPMs5vZoFpz6+4caJV4BalBgdag+tUfSpLGVBjCsda+5yYmyLAyjHA6q/RTTRNMJnhEfUsFjqkOsnnkGTqzyhBFUtknDJqrvzcyHGs9jUM7mUfUy14u/uf5qYmug4yJJDVUkMVHUcqRkSi/Hw2ZosTwqSWYKGazIjLGChNjW6rYErzlk1dJp1H3LuqNh8ta87aoowwncArn4MEVNOEeWtAGAhKe4RXeHOO8OO/Ox2K05BQ7x/AHzucPcZyRWw==</latexit>

R(s, a, s0)
<latexit sha1_base64="hZZg9kq6cjXY4gv0GoxJrKqzxc4=">AAAB/HicbVDLSsNAFL3xWesr2qWbYBErlJJUQZdFNy6r2Ae0oUymk3boZBJmJkII9VfcuFDErR/izr9x0mahrQcGDufcyz1zvIhRqWz721hZXVvf2CxsFbd3dvf2zYPDtgxjgUkLhywUXQ9JwignLUUVI91IEBR4jHS8yU3mdx6JkDTkDyqJiBugEac+xUhpaWCW+gFSY4xYej+tyCqqytOzgVm2a/YM1jJxclKGHM2B+dUfhjgOCFeYISl7jh0pN0VCUczItNiPJYkQnqAR6WnKUUCkm87CT60TrQwtPxT6cWXN1N8bKQqkTAJPT2ZR5aKXif95vVj5V25KeRQrwvH8kB8zS4VW1oQ1pIJgxRJNEBZUZ7XwGAmEle6rqEtwFr+8TNr1mnNeq99dlBvXeR0FOIJjqIADl9CAW2hCCzAk8Ayv8GY8GS/Gu/ExH10x8p0S/IHx+QOCfJQE</latexit>

T(s, a, s0) = p(s0|s, a)
<latexit sha1_base64="hDYdnOLHZvolOWA7j6GJtJVOYUI=">AAACB3icbVDLSgMxFM3UV62vUZeCBIu0hVJmqqAboejGZYW+oB1KJs20oZnMkGSEMnbnxl9x40IRt/6CO//GTDsLbT0QODnnXu69xw0Zlcqyvo3Myura+kZ2M7e1vbO7Z+4ftGQQCUyaOGCB6LhIEkY5aSqqGOmEgiDfZaTtjm8Sv31PhKQBb6hJSBwfDTn1KEZKS33zuOcjNXLduDEtyjIqy0IJXsGwKAsP+lvqm3mrYs0Al4mdkjxIUe+bX71BgCOfcIUZkrJrW6FyYiQUxYxMc71IkhDhMRqSrqYc+UQ68eyOKTzVygB6gdCPKzhTf3fEyJdy4ru6MtlaLnqJ+J/XjZR36cSUh5EiHM8HeRGDKoBJKHBABcGKTTRBWFC9K8QjJBBWOrqcDsFePHmZtKoV+6xSvTvP167TOLLgCJyAIrDBBaiBW1AHTYDBI3gGr+DNeDJejHfjY16aMdKeQ/AHxucP2kmXXA==</latexit>�

<latexit sha1_base64="IoELSitFJaTQ4WT4pr8f01q0csw=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4jmAckS+idzCZj5rHMzAphyT948aCIV//Hm3/jJNmDJhY0FFXddHdFCWfG+v63V1hb39jcKm6Xdnb39g/Kh0cto1JNaJMornQnAkM5k7RpmeW0k2gKIuK0HY1vZ377iWrDlHywk4SGAoaSxYyAdVKrNwQhoF+u+FV/DrxKgpxUUI5Gv/zVGyiSCiot4WBMN/ATG2agLSOcTku91NAEyBiGtOuoBEFNmM2vneIzpwxwrLQrafFc/T2RgTBmIiLXKcCOzLI3E//zuqmNr8OMySS1VJLFojjl2Co8ex0PmKbE8okjQDRzt2IyAg3EuoBKLoRg+eVV0qpVg4tq7f6yUr/J4yiiE3SKzlGArlAd3aEGaiKCHtEzekVvnvJevHfvY9Fa8PKZY/QH3ucPiDmPGQ==</latexit>
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Recap: Optimal Value Function
The optimal Q-value function at state s and action a, is the expected cumulative reward from 
taking action a in state s and acting optimally thereafter
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Recap: Optimal Value Function
The optimal Q-value function at state s and action a, is the expected cumulative reward from 
taking action a in state s and acting optimally thereafter

Optimal policy:



Recap: Learning Based Methods

• Typically, we don’t know the environment

• unknown, how actions affect the environment.

• unknown, what/when are the good actions?
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Recap: Learning Based Methods

• Typically, we don’t know the environment

• unknown, how actions affect the environment.

• unknown, what/when are the good actions?

• But, we can learn by trial and error.
• Gather experience (data) by performing actions.

• Approximate unknown quantities from data.
7



• Collect a dataset
• Loss for a single data point:

• Act according optimally according to the learnt Q function:

Recap: Deep Q-Learning
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Target Q-ValuePredicted Q-Value

⇡(s) = argmax
a2A

Q(s, a)
<latexit sha1_base64="yzDprbFnNXTNJIZeZI4+KbcSxOk=">AAACEnicbZDLSgMxFIYzXmu9VV26CRahBSkzVdCNUHXjsgV7gc5QzqRpG5rJDElGLEOfwY2v4saFIm5dufNtzLRdaOsPgY//nEPO+f2IM6Vt+9taWl5ZXVvPbGQ3t7Z3dnN7+w0VxpLQOgl5KFs+KMqZoHXNNKetSFIIfE6b/vAmrTfvqVQsFHd6FFEvgL5gPUZAG6uTK7oRK6givsQuyL4bwEMnAZcJQ3pAgCdX43GtoE6g2Mnl7ZI9EV4EZwZ5NFO1k/tyuyGJAyo04aBU27Ej7SUgNSOcjrNurGgEZAh92jYoIKDKSyYnjfGxcbq4F0rzhMYT9/dEAoFSo8A3nemmar6Wmv/V2rHuXXgJE1GsqSDTj3oxxzrEaT64yyQlmo8MAJHM7IrJACQQbVLMmhCc+ZMXoVEuOaelcu0sX7mexZFBh+gIFZCDzlEF3aIqqiOCHtEzekVv1pP1Yr1bH9PWJWs2c4D+yPr8AdJ6nPM=</latexit>

Pick action with best Q value
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Transition function 
and reward function

Getting to the optimal policy

T
<latexit sha1_base64="3C9MXkPH8TY4nwHmFzXRcPttXQE=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmWFvrAtJZPeaUMzmSHJCGXoX7hxoYhb/8adf2OmnYW2HggczrmXnHv8WHBtXPfbWVvf2NzaLuwUd/f2Dw5LR8ctHSWKYZNFIlIdn2oUXGLTcCOwEyukoS+w7U/uMr/9hErzSDbMNMZ+SEeSB5xRY6XHXkjN2PfTxmxQKrsVdw6ySryclCFHfVD66g0jloQoDRNU667nxqafUmU4Ezgr9hKNMWUTOsKupZKGqPvpPPGMnFtlSIJI2ScNmau/N1Iaaj0NfTuZJdTLXib+53UTE9z0Uy7jxKBki4+CRBATkex8MuQKmRFTSyhT3GYlbEwVZcaWVLQleMsnr5JWteJdVqoPV+XabV5HAU7hDC7Ag2uowT3UoQkMJDzDK7w52nlx3p2Pxeiak++cwB84nz/Bt5D4</latexit>

R
<latexit sha1_base64="HE8dhDNLhGJlVAgw6eEHnguJlo0=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy6r2AdMh5JJM21oJhmSjFCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaT29zvPlGlmRSPZprQIMYjwSJGsLGS34+xGRPMs4fZoFpz6+4caJV4BalBgdag+tUfSpLGVBjCsda+5yYmyLAyjHA6q/RTTRNMJnhEfUsFjqkOsnnkGTqzyhBFUtknDJqrvzcyHGs9jUM7mUfUy14u/uf5qYmug4yJJDVUkMVHUcqRkSi/Hw2ZosTwqSWYKGazIjLGChNjW6rYErzlk1dJp1H3LuqN+8ta86aoowwncArn4MEVNOEOWtAGAhKe4RXeHOO8OO/Ox2K05BQ7x/AHzucPi3GRbA==</latexit>

Use value / policy 
iteration

known

Obtain “optimal” policy
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Transition function 
and reward function

Getting to the optimal policy

T
<latexit sha1_base64="3C9MXkPH8TY4nwHmFzXRcPttXQE=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmWFvrAtJZPeaUMzmSHJCGXoX7hxoYhb/8adf2OmnYW2HggczrmXnHv8WHBtXPfbWVvf2NzaLuwUd/f2Dw5LR8ctHSWKYZNFIlIdn2oUXGLTcCOwEyukoS+w7U/uMr/9hErzSDbMNMZ+SEeSB5xRY6XHXkjN2PfTxmxQKrsVdw6ySryclCFHfVD66g0jloQoDRNU667nxqafUmU4Ezgr9hKNMWUTOsKupZKGqPvpPPGMnFtlSIJI2ScNmau/N1Iaaj0NfTuZJdTLXib+53UTE9z0Uy7jxKBki4+CRBATkex8MuQKmRFTSyhT3GYlbEwVZcaWVLQleMsnr5JWteJdVqoPV+XabV5HAU7hDC7Ag2uowT3UoQkMJDzDK7w52nlx3p2Pxeiak++cwB84nz/Bt5D4</latexit>

R
<latexit sha1_base64="HE8dhDNLhGJlVAgw6eEHnguJlo0=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy6r2AdMh5JJM21oJhmSjFCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaT29zvPlGlmRSPZprQIMYjwSJGsLGS34+xGRPMs4fZoFpz6+4caJV4BalBgdag+tUfSpLGVBjCsda+5yYmyLAyjHA6q/RTTRNMJnhEfUsFjqkOsnnkGTqzyhBFUtknDJqrvzcyHGs9jUM7mUfUy14u/uf5qYmug4yJJDVUkMVHUcqRkSi/Hw2ZosTwqSWYKGazIjLGChNjW6rYErzlk1dJp1H3LuqN+8ta86aoowwncArn4MEVNOEOWtAGAhKe4RXeHOO8OO/Ox2K05BQ7x/AHzucPi3GRbA==</latexit>

Use value / policy 
iteration

known

Estimate Q values
From data

Obtain “optimal” policy

Previous class:
Q - learning

unknown
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Transition function 
and reward function

Getting to the optimal policy

T
<latexit sha1_base64="3C9MXkPH8TY4nwHmFzXRcPttXQE=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmWFvrAtJZPeaUMzmSHJCGXoX7hxoYhb/8adf2OmnYW2HggczrmXnHv8WHBtXPfbWVvf2NzaLuwUd/f2Dw5LR8ctHSWKYZNFIlIdn2oUXGLTcCOwEyukoS+w7U/uMr/9hErzSDbMNMZ+SEeSB5xRY6XHXkjN2PfTxmxQKrsVdw6ySryclCFHfVD66g0jloQoDRNU667nxqafUmU4Ezgr9hKNMWUTOsKupZKGqPvpPPGMnFtlSIJI2ScNmau/N1Iaaj0NfTuZJdTLXib+53UTE9z0Uy7jxKBki4+CRBATkex8MuQKmRFTSyhT3GYlbEwVZcaWVLQleMsnr5JWteJdVqoPV+XabV5HAU7hDC7Ag2uowT3UoQkMJDzDK7w52nlx3p2Pxeiak++cwB84nz/Bt5D4</latexit>

R
<latexit sha1_base64="HE8dhDNLhGJlVAgw6eEHnguJlo0=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy6r2AdMh5JJM21oJhmSjFCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaT29zvPlGlmRSPZprQIMYjwSJGsLGS34+xGRPMs4fZoFpz6+4caJV4BalBgdag+tUfSpLGVBjCsda+5yYmyLAyjHA6q/RTTRNMJnhEfUsFjqkOsnnkGTqzyhBFUtknDJqrvzcyHGs9jUM7mUfUy14u/uf5qYmug4yJJDVUkMVHUcqRkSi/Hw2ZosTwqSWYKGazIjLGChNjW6rYErzlk1dJp1H3LuqN+8ta86aoowwncArn4MEVNOEOWtAGAhKe4RXeHOO8OO/Ox2K05BQ7x/AHzucPi3GRbA==</latexit>

Use value / policy 
iteration

known

Obtain “optimal” policy
Estimate    and  

from data 
T

<latexit sha1_base64="3C9MXkPH8TY4nwHmFzXRcPttXQE=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmWFvrAtJZPeaUMzmSHJCGXoX7hxoYhb/8adf2OmnYW2HggczrmXnHv8WHBtXPfbWVvf2NzaLuwUd/f2Dw5LR8ctHSWKYZNFIlIdn2oUXGLTcCOwEyukoS+w7U/uMr/9hErzSDbMNMZ+SEeSB5xRY6XHXkjN2PfTxmxQKrsVdw6ySryclCFHfVD66g0jloQoDRNU667nxqafUmU4Ezgr9hKNMWUTOsKupZKGqPvpPPGMnFtlSIJI2ScNmau/N1Iaaj0NfTuZJdTLXib+53UTE9z0Uy7jxKBki4+CRBATkex8MuQKmRFTSyhT3GYlbEwVZcaWVLQleMsnr5JWteJdVqoPV+XabV5HAU7hDC7Ag2uowT3UoQkMJDzDK7w52nlx3p2Pxeiak++cwB84nz/Bt5D4</latexit>

R
<latexit sha1_base64="HE8dhDNLhGJlVAgw6eEHnguJlo0=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy6r2AdMh5JJM21oJhmSjFCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaT29zvPlGlmRSPZprQIMYjwSJGsLGS34+xGRPMs4fZoFpz6+4caJV4BalBgdag+tUfSpLGVBjCsda+5yYmyLAyjHA6q/RTTRNMJnhEfUsFjqkOsnnkGTqzyhBFUtknDJqrvzcyHGs9jUM7mUfUy14u/uf5qYmug4yJJDVUkMVHUcqRkSi/Hw2ZosTwqSWYKGazIjLGChNjW6rYErzlk1dJp1H3LuqN+8ta86aoowwncArn4MEVNOEOWtAGAhKe4RXeHOO8OO/Ox2K05BQ7x/AHzucPi3GRbA==</latexit>

Estimate Q values
From data

unknown

Homework!
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Transition function 
and reward function

Getting to the optimal policy

T
<latexit sha1_base64="3C9MXkPH8TY4nwHmFzXRcPttXQE=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmWFvrAtJZPeaUMzmSHJCGXoX7hxoYhb/8adf2OmnYW2HggczrmXnHv8WHBtXPfbWVvf2NzaLuwUd/f2Dw5LR8ctHSWKYZNFIlIdn2oUXGLTcCOwEyukoS+w7U/uMr/9hErzSDbMNMZ+SEeSB5xRY6XHXkjN2PfTxmxQKrsVdw6ySryclCFHfVD66g0jloQoDRNU667nxqafUmU4Ezgr9hKNMWUTOsKupZKGqPvpPPGMnFtlSIJI2ScNmau/N1Iaaj0NfTuZJdTLXib+53UTE9z0Uy7jxKBki4+CRBATkex8MuQKmRFTSyhT3GYlbEwVZcaWVLQleMsnr5JWteJdVqoPV+XabV5HAU7hDC7Ag2uowT3UoQkMJDzDK7w52nlx3p2Pxeiak++cwB84nz/Bt5D4</latexit>

R
<latexit sha1_base64="HE8dhDNLhGJlVAgw6eEHnguJlo0=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy6r2AdMh5JJM21oJhmSjFCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaT29zvPlGlmRSPZprQIMYjwSJGsLGS34+xGRPMs4fZoFpz6+4caJV4BalBgdag+tUfSpLGVBjCsda+5yYmyLAyjHA6q/RTTRNMJnhEfUsFjqkOsnnkGTqzyhBFUtknDJqrvzcyHGs9jUM7mUfUy14u/uf5qYmug4yJJDVUkMVHUcqRkSi/Hw2ZosTwqSWYKGazIjLGChNjW6rYErzlk1dJp1H3LuqN+8ta86aoowwncArn4MEVNOEOWtAGAhKe4RXeHOO8OO/Ox2K05BQ7x/AHzucPi3GRbA==</latexit>

Use value / policy 
iteration

known

Obtain “optimal” policy
Estimate    and  

from data 
T

<latexit sha1_base64="3C9MXkPH8TY4nwHmFzXRcPttXQE=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmWFvrAtJZPeaUMzmSHJCGXoX7hxoYhb/8adf2OmnYW2HggczrmXnHv8WHBtXPfbWVvf2NzaLuwUd/f2Dw5LR8ctHSWKYZNFIlIdn2oUXGLTcCOwEyukoS+w7U/uMr/9hErzSDbMNMZ+SEeSB5xRY6XHXkjN2PfTxmxQKrsVdw6ySryclCFHfVD66g0jloQoDRNU667nxqafUmU4Ezgr9hKNMWUTOsKupZKGqPvpPPGMnFtlSIJI2ScNmau/N1Iaaj0NfTuZJdTLXib+53UTE9z0Uy7jxKBki4+CRBATkex8MuQKmRFTSyhT3GYlbEwVZcaWVLQleMsnr5JWteJdVqoPV+XabV5HAU7hDC7Ag2uowT3UoQkMJDzDK7w52nlx3p2Pxeiak++cwB84nz/Bt5D4</latexit>

R
<latexit sha1_base64="HE8dhDNLhGJlVAgw6eEHnguJlo0=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy6r2AdMh5JJM21oJhmSjFCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaT29zvPlGlmRSPZprQIMYjwSJGsLGS34+xGRPMs4fZoFpz6+4caJV4BalBgdag+tUfSpLGVBjCsda+5yYmyLAyjHA6q/RTTRNMJnhEfUsFjqkOsnnkGTqzyhBFUtknDJqrvzcyHGs9jUM7mUfUy14u/uf5qYmug4yJJDVUkMVHUcqRkSi/Hw2ZosTwqSWYKGazIjLGChNjW6rYErzlk1dJp1H3LuqN+8ta86aoowwncArn4MEVNOEOWtAGAhKe4RXeHOO8OO/Ox2K05BQ7x/AHzucPi3GRbA==</latexit>

Estimate Q values
From data

unknown

unknown

This class!
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• Class of policies defined by parameters

• Eg:     can be parameters of linear transformation, deep network, etc. 

Learning the optimal policy

⇡✓(a|s) : S ! A
<latexit sha1_base64="HA8+0KZHcZrrLUZfmEHRvpHjDEI=">AAACG3icbVDJSgNBEO1xjXGLevTSGIR4CTNRUDxFvXiMaBbIhFDT6SRNeha6a5Qw5j+8+CtePCjiSfDg39hZEE18UPB4r4qqel4khUbb/rLm5hcWl5ZTK+nVtfWNzczWdkWHsWK8zEIZqpoHmksR8DIKlLwWKQ6+J3nV610M/eotV1qEwQ32I97woROItmCARmpmCm4kmi52OUIO7vXBKXV9wC4DmVwPXCU6XQSlwrsf9WzQzGTtvD0CnSXOhGTJBKVm5sNthSz2eYBMgtZ1x46wkYBCwSQfpN1Y8whYDzq8bmgAPteNZPTbgO4bpUXboTIVIB2pvycS8LXu+57pHJ6op72h+J9Xj7F90khEEMXIAzZe1I4lxZAOg6ItoThD2TcEmBLmVsq6oIChiTNtQnCmX54llULeOcwXro6yxfNJHCmyS/ZIjjjkmBTJJSmRMmHkgTyRF/JqPVrP1pv1Pm6dsyYzO+QPrM9vS7uiOQ==</latexit>

✓
<latexit sha1_base64="VRbFNfU2yJrhxTioHNG9u2eQ22g=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9HHGm/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+bVTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZm9TgZCc4ZyYgllWthbCRtRTRnagEo2BG/55VXSqlW9i2rt/rJSv8njKMIJnMI5eHAFdbiDBjSBwSM8wyu8ObHz4rw7H4vWgpPPHMMfOJ8/pUWPLA==</latexit>

✓
<latexit sha1_base64="VRbFNfU2yJrhxTioHNG9u2eQ22g=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9HHGm/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+bVTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZm9TgZCc4ZyYgllWthbCRtRTRnagEo2BG/55VXSqlW9i2rt/rJSv8njKMIJnMI5eHAFdbiDBjSBwSM8wyu8ObHz4rw7H4vWgpPPHMMfOJ8/pUWPLA==</latexit>
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• Class of policies defined by parameters

• Eg:     can be parameters of linear transformation, deep network, etc. 

• Want to maximize:

• In other words, 

Learning the optimal policy

⇡✓(a|s) : S ! A
<latexit sha1_base64="HA8+0KZHcZrrLUZfmEHRvpHjDEI=">AAACG3icbVDJSgNBEO1xjXGLevTSGIR4CTNRUDxFvXiMaBbIhFDT6SRNeha6a5Qw5j+8+CtePCjiSfDg39hZEE18UPB4r4qqel4khUbb/rLm5hcWl5ZTK+nVtfWNzczWdkWHsWK8zEIZqpoHmksR8DIKlLwWKQ6+J3nV610M/eotV1qEwQ32I97woROItmCARmpmCm4kmi52OUIO7vXBKXV9wC4DmVwPXCU6XQSlwrsf9WzQzGTtvD0CnSXOhGTJBKVm5sNthSz2eYBMgtZ1x46wkYBCwSQfpN1Y8whYDzq8bmgAPteNZPTbgO4bpUXboTIVIB2pvycS8LXu+57pHJ6op72h+J9Xj7F90khEEMXIAzZe1I4lxZAOg6ItoThD2TcEmBLmVsq6oIChiTNtQnCmX54llULeOcwXro6yxfNJHCmyS/ZIjjjkmBTJJSmRMmHkgTyRF/JqPVrP1pv1Pm6dsyYzO+QPrM9vS7uiOQ==</latexit>

✓
<latexit sha1_base64="VRbFNfU2yJrhxTioHNG9u2eQ22g=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9HHGm/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+bVTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZm9TgZCc4ZyYgllWthbCRtRTRnagEo2BG/55VXSqlW9i2rt/rJSv8njKMIJnMI5eHAFdbiDBjSBwSM8wyu8ObHz4rw7H4vWgpPPHMMfOJ8/pUWPLA==</latexit>

✓
<latexit sha1_base64="VRbFNfU2yJrhxTioHNG9u2eQ22g=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9HHGm/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+bVTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZm9TgZCc4ZyYgllWthbCRtRTRnagEo2BG/55VXSqlW9i2rt/rJSv8njKMIJnMI5eHAFdbiDBjSBwSM8wyu8ObHz4rw7H4vWgpPPHMMfOJ8/pUWPLA==</latexit>

J(⇡) = E
"

TX

t=1

R(st, at)

#

<latexit sha1_base64="B+j1qSim06aX+cYcVTPiILNpSYU="></latexit>

⇡⇤ = arg max
⇡:S!A

E
"

TX

t=1

R(st, at)

#

<latexit sha1_base64="hQq64rXZEwu0gPZ8pj2AdWqwCYY="></latexit>

✓⇤ = argmax
✓

E
"

TX

t=1

R(st, at)

#

<latexit sha1_base64="6GmiiULs0oBvYilwKGbksjpJFOA="></latexit>
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• Class of policies defined by parameters

• Eg:     can be parameters of linear transformation, deep network, etc. 

• Want to maximize:

• In other words, 

Learning the optimal policy

⇡✓(a|s) : S ! A
<latexit sha1_base64="HA8+0KZHcZrrLUZfmEHRvpHjDEI=">AAACG3icbVDJSgNBEO1xjXGLevTSGIR4CTNRUDxFvXiMaBbIhFDT6SRNeha6a5Qw5j+8+CtePCjiSfDg39hZEE18UPB4r4qqel4khUbb/rLm5hcWl5ZTK+nVtfWNzczWdkWHsWK8zEIZqpoHmksR8DIKlLwWKQ6+J3nV610M/eotV1qEwQ32I97woROItmCARmpmCm4kmi52OUIO7vXBKXV9wC4DmVwPXCU6XQSlwrsf9WzQzGTtvD0CnSXOhGTJBKVm5sNthSz2eYBMgtZ1x46wkYBCwSQfpN1Y8whYDzq8bmgAPteNZPTbgO4bpUXboTIVIB2pvycS8LXu+57pHJ6op72h+J9Xj7F90khEEMXIAzZe1I4lxZAOg6ItoThD2TcEmBLmVsq6oIChiTNtQnCmX54llULeOcwXro6yxfNJHCmyS/ZIjjjkmBTJJSmRMmHkgTyRF/JqPVrP1pv1Pm6dsyYzO+QPrM9vS7uiOQ==</latexit>

✓
<latexit sha1_base64="VRbFNfU2yJrhxTioHNG9u2eQ22g=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9HHGm/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+bVTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZm9TgZCc4ZyYgllWthbCRtRTRnagEo2BG/55VXSqlW9i2rt/rJSv8njKMIJnMI5eHAFdbiDBjSBwSM8wyu8ObHz4rw7H4vWgpPPHMMfOJ8/pUWPLA==</latexit>

✓
<latexit sha1_base64="VRbFNfU2yJrhxTioHNG9u2eQ22g=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9HHGm/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+bVTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZm9TgZCc4ZyYgllWthbCRtRTRnagEo2BG/55VXSqlW9i2rt/rJSv8njKMIJnMI5eHAFdbiDBjSBwSM8wyu8ObHz4rw7H4vWgpPPHMMfOJ8/pUWPLA==</latexit>

J(⇡) = E
"

TX

t=1

R(st, at)

#

<latexit sha1_base64="B+j1qSim06aX+cYcVTPiILNpSYU="></latexit>

⇡⇤ = arg max
⇡:S!A

E
"

TX

t=1

R(st, at)

#

<latexit sha1_base64="hQq64rXZEwu0gPZ8pj2AdWqwCYY="></latexit>

✓⇤ = argmax
✓

E
"

TX

t=1

R(st, at)

#

<latexit sha1_base64="6GmiiULs0oBvYilwKGbksjpJFOA="></latexit>
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Learning the optimal policy

• Slightly rewriting the notation:
• Let                                                 , the trajectory⌧ = (s0, a0, . . . sT , aT )

<latexit sha1_base64="vwRExvovk3yqK212mquf8D5yk/I=">AAACCnicbVDLSgMxFM3UV62vUZduokWoIGWmCroRim5cVugL2mHIpJk2NPMguSOUoWs3/oobF4q49Qvc+Tdm2llo9UDCyTn3JrnHiwVXYFlfRmFpeWV1rbhe2tjc2t4xd/faKkokZS0aiUh2PaKY4CFrAQfBurFkJPAE63jjm8zv3DOpeBQ2YRIzJyDDkPucEtCSax72gST4CleUa51ikm39QQQKK7eZnZsnrlm2qtYM+C+xc1JGORqu+alvoEnAQqCCKNWzrRiclEjgVLBpqZ8oFhM6JkPW0zQkAVNOOhtlio+1MsB+JPUKAc/Unx0pCZSaBJ6uDAiM1KKXif95vQT8SyflYZwAC+n8IT8RGCKc5YIHXDIKYqIJoZLrv2I6IpJQ0OmVdAj24sh/SbtWtc+qtbvzcv06j6OIDtARqiAbXaA6ukUN1EIUPaAn9IJejUfj2Xgz3uelBSPv2Ue/YHx8A6cil7M=</latexit>

p✓(⌧) = p✓(s0, a0, . . . sT , aT )
<latexit sha1_base64="s8bA72w0YkcwfJbRWFZT159+D+w=">AAACGXicbVDLSgMxFM3UV62vUZdugkVoQcpMFXQjFN24rNAXtGW4k6ZtaOZBckcopb/hxl9x40IRl7ryb0wfiLYeuHByzr1J7vFjKTQ6zpeVWlldW99Ib2a2tnd29+z9g5qOEsV4lUUyUg0fNJci5FUUKHkjVhwCX/K6P7iZ+PV7rrSIwgoOY94OoBeKrmCARvJsJ/Za2OcIuRZCkqdX9EfQnnMKplqdCDXVXsWcKnnPzjoFZwq6TNw5yZI5yp79YS5gScBDZBK0brpOjO0RKBRM8nGmlWgeAxtAjzcNDSHguj2abjamJ0bp0G6kTIVIp+rviREEWg8D33QGgH296E3E/7xmgt3L9kiEcYI8ZLOHuomkGNFJTLQjFGcoh4YAU8L8lbI+KGBowsyYENzFlZdJrVhwzwrFu/Ns6XoeR5ockWOSIy65ICVyS8qkShh5IE/khbxaj9az9Wa9z1pT1nzmkPyB9fkNiuSevA==</latexit>

=
TY

t=0

p✓(at | st) · p(st+1 | st, at)
<latexit sha1_base64="Qqm7vlMzjz6M4jPwkfTAmE5nExY="></latexit>

argmax
✓

E⌧⇠p✓(⌧) [R(⌧)]
<latexit sha1_base64="vz2U4Z7rn8xSwcClkWhPnhpDG+o="></latexit>
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Learning the optimal policy

= Eat⇠⇡(·|st),st+1⇠p(·|st,at)

"
TX

t=0

R(st, at)

#

<latexit sha1_base64="dTTw5RPEHuCGnbFAjleAzHB8YyQ="></latexit>

Sample a few trajectories                by acting according to ⇡✓
<latexit sha1_base64="nGJzvb0FX+zqN95ckRccGOfjP8Y="></latexit>

J(✓) = E⌧⇠p✓(⌧) [R(⌧)]
<latexit sha1_base64="t5Tn5QM9CIdZdL/y4B50l43iK5w="></latexit>

⇡ 1

N

NX

i=1

TX

t=1

r(sit, a
i
t)

<latexit sha1_base64="QoASQNhWVjKDWEoe6z7xTOghe8g="></latexit>

{⌧i}Ni=1
<latexit sha1_base64="OAWlX2MJMfZLwLqjwQeU2oVJP98=">AAAB+3icbVBNS8NAEJ3Ur1q/Yj16CRbBU0mqoBeh6MWTVLAf0MSw2W7apZtN2N2IJeSvePGgiFf/iDf/jds2B219MPB4b4aZeUHCqFS2/W2UVlbX1jfKm5Wt7Z3dPXO/2pFxKjBp45jFohcgSRjlpK2oYqSXCIKigJFuML6e+t1HIiSN+b2aJMSL0JDTkGKktOSbVTdzFUp96uZ+Ri+d/OHWN2t23Z7BWiZOQWpQoOWbX+4gxmlEuMIMSdl37ER5GRKKYkbyiptKkiA8RkPS15SjiEgvm92eW8daGVhhLHRxZc3U3xMZiqScRIHujJAayUVvKv7n9VMVXngZ5UmqCMfzRWHKLBVb0yCsARUEKzbRBGFB9a0WHiGBsNJxVXQIzuLLy6TTqDun9cbdWa15VcRRhkM4ghNw4ByacAMtaAOGJ3iGV3gzcuPFeDc+5q0lo5g5gD8wPn8A7DuUWw==</latexit>
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1. Sample trajectories                                              by acting according to 
2. Compute policy gradient as

3. Update policy 

REINFORCE
⇡✓

<latexit sha1_base64="b5U2DTuOeBsxifnAUAZsgnRhcpo="></latexit>

⌧i = {s1, a1, . . . sT , aT }i
<latexit sha1_base64="TTFbOelEzSv4cKXAFyEjbwcOLY4="></latexit>

✓  ✓ + ↵r✓J(✓)
<latexit sha1_base64="9FzOBrFC5DSMeH+3r2YIaAdeD8k="></latexit>

Run the policy and 
sample trajectories

Compute policy gradient Update policy

Slide credit: Sergey Levine

r✓J(✓) ⇡
X

i

"
TX

t=1

r✓ log ⇡✓(a
i
t | sit) ·

TX

t=1

R(sit | ait)
#

<latexit sha1_base64="RBn+cpP1fVseXo4iiuczuvOlwew="></latexit>
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= r✓

Z
⇡✓(⌧)R(⌧)d⌧

<latexit sha1_base64="4gyGx/NjBUPBtNX1H/STwXdkv6o="></latexit>

Policy Gradients
r✓J(✓) = r✓E⌧⇠p✓(⌧)[R(⌧)]

<latexit sha1_base64="Ak6iFp2ndaPkRSt0gfcdrY+Q7cQ="></latexit>

Expand expectation
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= r✓

Z
⇡✓(⌧)R(⌧)d⌧

<latexit sha1_base64="4gyGx/NjBUPBtNX1H/STwXdkv6o="></latexit>

Policy Gradients
r✓J(✓) = r✓E⌧⇠p✓(⌧)[R(⌧)]

<latexit sha1_base64="Ak6iFp2ndaPkRSt0gfcdrY+Q7cQ="></latexit>

=

Z
r✓⇡✓(⌧)R(⌧)d⌧

<latexit sha1_base64="NIR6vyQDDXONwIZJVMqpd8Xs+Xk="></latexit>

Expand expectation

Exchange integration and expectation
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= r✓

Z
⇡✓(⌧)R(⌧)d⌧

<latexit sha1_base64="4gyGx/NjBUPBtNX1H/STwXdkv6o="></latexit>

Policy Gradients
r✓J(✓) = r✓E⌧⇠p✓(⌧)[R(⌧)]

<latexit sha1_base64="Ak6iFp2ndaPkRSt0gfcdrY+Q7cQ="></latexit>

=

Z
r✓⇡✓(⌧)R(⌧)d⌧

<latexit sha1_base64="NIR6vyQDDXONwIZJVMqpd8Xs+Xk="></latexit>

=

Z
r✓⇡✓(⌧) ·

⇡✓(⌧)

⇡✓(⌧)
· R(⌧)d⌧

<latexit sha1_base64="6Cf4ltUuB2RixiA9bfabPClb2TA="></latexit>

Expand expectation

Exchange integration and expectation
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= r✓

Z
⇡✓(⌧)R(⌧)d⌧

<latexit sha1_base64="4gyGx/NjBUPBtNX1H/STwXdkv6o="></latexit>

Policy Gradients
r✓J(✓) = r✓E⌧⇠p✓(⌧)[R(⌧)]

<latexit sha1_base64="Ak6iFp2ndaPkRSt0gfcdrY+Q7cQ="></latexit>

=

Z
r✓⇡✓(⌧)R(⌧)d⌧

<latexit sha1_base64="NIR6vyQDDXONwIZJVMqpd8Xs+Xk="></latexit>

=

Z
r✓⇡✓(⌧) ·

⇡✓(⌧)

⇡✓(⌧)
· R(⌧)d⌧

<latexit sha1_base64="6Cf4ltUuB2RixiA9bfabPClb2TA="></latexit>

Expand expectation

Exchange integration and expectation

r✓ log ⇡(⌧) =
r✓⇡(⌧)

⇡(⌧)
<latexit sha1_base64="PFBv8gP4ATPO1SJnvIETFRlOHmU="></latexit>
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= r✓

Z
⇡✓(⌧)R(⌧)d⌧

<latexit sha1_base64="4gyGx/NjBUPBtNX1H/STwXdkv6o="></latexit>

Policy Gradients
r✓J(✓) = r✓E⌧⇠p✓(⌧)[R(⌧)]

<latexit sha1_base64="Ak6iFp2ndaPkRSt0gfcdrY+Q7cQ="></latexit>

=

Z
r✓⇡✓(⌧)R(⌧)d⌧

<latexit sha1_base64="NIR6vyQDDXONwIZJVMqpd8Xs+Xk="></latexit>

=

Z
r✓⇡✓(⌧) ·

⇡✓(⌧)

⇡✓(⌧)
· R(⌧)d⌧

<latexit sha1_base64="6Cf4ltUuB2RixiA9bfabPClb2TA="></latexit>

=

Z
⇡✓(⌧)r✓ log ⇡✓(⌧)R(⌧)d⌧

<latexit sha1_base64="81H4Szz9KP1lTiTaRTFADwQ1hG8="></latexit>

Expand expectation

Exchange integration and expectation

r✓ log ⇡(⌧) =
r✓⇡(⌧)

⇡(⌧)
<latexit sha1_base64="PFBv8gP4ATPO1SJnvIETFRlOHmU="></latexit>
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= r✓

Z
⇡✓(⌧)R(⌧)d⌧

<latexit sha1_base64="4gyGx/NjBUPBtNX1H/STwXdkv6o="></latexit>

Policy Gradients
r✓J(✓) = r✓E⌧⇠p✓(⌧)[R(⌧)]

<latexit sha1_base64="Ak6iFp2ndaPkRSt0gfcdrY+Q7cQ="></latexit>

=

Z
r✓⇡✓(⌧)R(⌧)d⌧

<latexit sha1_base64="NIR6vyQDDXONwIZJVMqpd8Xs+Xk="></latexit>

=

Z
r✓⇡✓(⌧) ·

⇡✓(⌧)

⇡✓(⌧)
· R(⌧)d⌧

<latexit sha1_base64="6Cf4ltUuB2RixiA9bfabPClb2TA="></latexit>

=

Z
⇡✓(⌧)r✓ log ⇡✓(⌧)R(⌧)d⌧

<latexit sha1_base64="81H4Szz9KP1lTiTaRTFADwQ1hG8="></latexit>

= E⌧⇠p✓(⌧)[r✓ log ⇡✓(⌧)R(⌧)]
<latexit sha1_base64="68w1wxgh2qI5Wm1k19LrzwOBZpQ="></latexit>

Expand expectation

Exchange integration and expectation

r✓ log ⇡(⌧) =
r✓⇡(⌧)

⇡(⌧)
<latexit sha1_base64="PFBv8gP4ATPO1SJnvIETFRlOHmU="></latexit>
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Policy Gradients

r✓J(✓) = E⌧⇠p✓(⌧)[r✓ log ⇡✓(⌧)R(⌧)]
<latexit sha1_base64="wXmFKxUm8+0SLgNSqHwpfetww8w="></latexit>

r✓

"
log p(s0) +

TX

t=1

log ⇡✓(at|st) +
TX

t=1

log p(st+1 | st, at)
#

<latexit sha1_base64="ht8omtVqWDaNhA++LkRIL8/ARjQ="></latexit>

p✓(⌧) = p✓(s0, a0, . . . sT , aT )
<latexit sha1_base64="s8bA72w0YkcwfJbRWFZT159+D+w=">AAACGXicbVDLSgMxFM3UV62vUZdugkVoQcpMFXQjFN24rNAXtGW4k6ZtaOZBckcopb/hxl9x40IRl7ryb0wfiLYeuHByzr1J7vFjKTQ6zpeVWlldW99Ib2a2tnd29+z9g5qOEsV4lUUyUg0fNJci5FUUKHkjVhwCX/K6P7iZ+PV7rrSIwgoOY94OoBeKrmCARvJsJ/Za2OcIuRZCkqdX9EfQnnMKplqdCDXVXsWcKnnPzjoFZwq6TNw5yZI5yp79YS5gScBDZBK0brpOjO0RKBRM8nGmlWgeAxtAjzcNDSHguj2abjamJ0bp0G6kTIVIp+rviREEWg8D33QGgH296E3E/7xmgt3L9kiEcYI8ZLOHuomkGNFJTLQjFGcoh4YAU8L8lbI+KGBowsyYENzFlZdJrVhwzwrFu/Ns6XoeR5ockWOSIy65ICVyS8qkShh5IE/khbxaj9az9Wa9z1pT1nzmkPyB9fkNiuSevA==</latexit>

=
TY

t=0

p✓(at | st) · p(st+1 | st, at)
<latexit sha1_base64="Qqm7vlMzjz6M4jPwkfTAmE5nExY="></latexit>
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Policy Gradients

r✓J(✓) = E⌧⇠p✓(⌧)[r✓ log ⇡✓(⌧)R(⌧)]
<latexit sha1_base64="wXmFKxUm8+0SLgNSqHwpfetww8w="></latexit>

r✓

"
log p(s0) +

TX

t=1

log ⇡✓(at|st) +
TX

t=1

log p(st+1 | st, at)
#

<latexit sha1_base64="ht8omtVqWDaNhA++LkRIL8/ARjQ="></latexit>

Doesn’t depend on 
Transition probabilities!
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Policy Gradients

r✓J(✓) = E⌧⇠p✓(⌧)[r✓ log ⇡✓(⌧)R(⌧)]
<latexit sha1_base64="wXmFKxUm8+0SLgNSqHwpfetww8w="></latexit>

r✓

"
log p(s0) +

TX

t=1

log ⇡✓(at|st) +
TX

t=1

log p(st+1 | st, at)
#

<latexit sha1_base64="ht8omtVqWDaNhA++LkRIL8/ARjQ="></latexit>

= E⌧⇠p✓(⌧)

"
TX

t=1

r✓ log ⇡✓(at|st) ·
TX

t=1

R(st, at)

#

<latexit sha1_base64="HPDVFtvrP5v+WBkOkoi+3XBfyVU="></latexit>
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Policy Gradients

r✓J(✓) = E⌧⇠p✓(⌧)[r✓ log ⇡✓(⌧)R(⌧)]
<latexit sha1_base64="wXmFKxUm8+0SLgNSqHwpfetww8w="></latexit>

r✓

"
log p(s0) +

TX

t=1

log ⇡✓(at|st) +
TX

t=1

log p(st+1 | st, at)
#

<latexit sha1_base64="ht8omtVqWDaNhA++LkRIL8/ARjQ="></latexit>

= E⌧⇠p✓(⌧)

"
TX

t=1

r✓ log ⇡✓(at|st) ·
TX

t=1

R(st, at)

#

<latexit sha1_base64="HPDVFtvrP5v+WBkOkoi+3XBfyVU="></latexit>
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1. Sample trajectories                                              by acting according to 
2. Compute policy gradient as

3. Update policy 

REINFORCE
⇡✓

<latexit sha1_base64="b5U2DTuOeBsxifnAUAZsgnRhcpo="></latexit>

⌧i = {s1, a1, . . . sT , aT }i
<latexit sha1_base64="TTFbOelEzSv4cKXAFyEjbwcOLY4="></latexit>

✓  ✓ + ↵r✓J(✓)
<latexit sha1_base64="9FzOBrFC5DSMeH+3r2YIaAdeD8k="></latexit>

Run the policy and 
sample trajectories

Compute policy gradient Update policy

Slide credit: Sergey Levine

r✓J(✓) ⇡
X

i

"
TX

t=1

r✓ log ⇡✓(a
i
t | sit) ·

TX

t=1

R(sit | ait)
#

<latexit sha1_base64="RBn+cpP1fVseXo4iiuczuvOlwew="></latexit>



Pong from pixels

30
Image Credit: http://karpathy.github.io/2016/05/31/rl/



Pong from pixels

31
Image Credit: http://karpathy.github.io/2016/05/31/rl/



Pong from pixels

32
Image Credit: http://karpathy.github.io/2016/05/31/rl/



Intuition

(C) Dhruv Batra 33
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Policy Gradients

r✓J(✓) = E⌧⇠p✓(⌧)[r✓ log ⇡✓(⌧)R(⌧)]
<latexit sha1_base64="wXmFKxUm8+0SLgNSqHwpfetww8w="></latexit>

r✓

"
log p(s0) +

TX

t=1

log ⇡✓(at|st) +
TX

t=1

log p(st+1 | st, at)
#

<latexit sha1_base64="ht8omtVqWDaNhA++LkRIL8/ARjQ="></latexit>

= E⌧⇠p✓(⌧)

"
TX

t=1

r✓ log ⇡✓(at|st) ·
TX

t=1

R(st, at)

#

<latexit sha1_base64="HPDVFtvrP5v+WBkOkoi+3XBfyVU="></latexit>

Formalizes notion of “trial and error”:
• If reward is high, probability of actions seen is increased
• If reward is low, probability of actions seen is reduced
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Issues with Policy Gradients

• Credit assignment is hard! 
• Which specific action led to increase in reward
• Suffers from high variance à leading to unstable training
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Issues with Policy Gradients

• Credit assignment is hard! 
• Which specific action led to increase in reward
• Suffers from high variance à leading to unstable training

• How to reduce the variance? 
• Subtract a constant from the reward! 

r✓J(✓) = E⌧⇠p✓(⌧)

"
TX

t=1

r✓ log ⇡✓(at|st) ·
TX

t=1

R(st, at)� b

#

<latexit sha1_base64="kJ2fPiz67nf2xmaaLnSPss7U4v8="></latexit>
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Issues with Policy Gradients

• Credit assignment is hard! 
• Which specific action led to increase in reward
• Suffers from high variance à leading to unstable training

• How to reduce the variance? 
• Subtract a constant from the reward! 

• Why does it work? 
• What is the best choice of b? 

r✓J(✓) = E⌧⇠p✓(⌧)

"
TX

t=1

r✓ log ⇡✓(at|st) ·
TX

t=1

R(st, at)� b

#

<latexit sha1_base64="kJ2fPiz67nf2xmaaLnSPss7U4v8="></latexit>

Homework!
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Taking a step back

r✓J(✓) = E⌧⇠p✓(⌧)

"
TX

t=1

r✓ log ⇡✓(at|st) ·
TX

t=1

R(st, at)

#

<latexit sha1_base64="Zpn69rO9o7ySEME81bejTDTspys="></latexit>

Policy Evaluation
(Recall Policy iteration)

• REINFORCE: Evaluate and update policy based on Monte-Carlo estimates of 
the total reward – very noisy! 

• Other ways of policy evaluation? 
• If we had the Q function, we could have used it! 
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• Learn both policy and Q function
• Use the “actor” to sample trajectories
• Use the Q function to “evaluate” or “critic” the policy

Actor-Critic
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• Learn both policy and Q function
• Use the “actor” to sample trajectories
• Use the Q function to “evaluate” or “critic” the policy

• REINFORCE: 

• Actor-critic:

Actor-Critic

r✓J(⇡✓) = Ea⇠⇡✓ [r✓ log ⇡✓(a|s)R(s, a)]
<latexit sha1_base64="st/dtwMZce7i5vgRwutBqN5vog0="></latexit>

r✓J(⇡✓) = Ea⇠⇡✓ [r✓ log ⇡✓(a|s)Q⇡✓ (s, a)]
<latexit sha1_base64="h9wAiZS/Hu8y95WfLcZV9OYpXmU="></latexit>
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• Learn both policy and Q function
• Use the “actor” to sample trajectories
• Use the Q function to “evaluate” or “critic” the policy

• REINFORCE: 

• Actor-critic:

• Q function is unknown too! Update using

Actor-Critic

r✓J(⇡✓) = Ea⇠⇡✓ [r✓ log ⇡✓(a|s)R(s, a)]
<latexit sha1_base64="st/dtwMZce7i5vgRwutBqN5vog0="></latexit>

r✓J(⇡✓) = Ea⇠⇡✓ [r✓ log ⇡✓(a|s)Q⇡✓ (s, a)]
<latexit sha1_base64="h9wAiZS/Hu8y95WfLcZV9OYpXmU="></latexit>

R(s, a)
<latexit sha1_base64="P29ktxwYJQfTrBZxHPb58etxQ20="></latexit>
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• Initialize s,   (policy network) and    (Q network)

Actor-Critic
✓

<latexit sha1_base64="2zAaSTtsz8LmjwqlL7nkIJ/gjBM="></latexit>

�
<latexit sha1_base64="GoJsjmUFYSV/lMv6vYmSHaSE0zY="></latexit>
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• Initialize s,   (policy network) and    (Q network)
• sample action                        

Actor-Critic
✓

<latexit sha1_base64="2zAaSTtsz8LmjwqlL7nkIJ/gjBM="></latexit>

�
<latexit sha1_base64="GoJsjmUFYSV/lMv6vYmSHaSE0zY="></latexit>

a ⇠ ⇡✓(·|s)
<latexit sha1_base64="LBohNgtkkxSeqGdZWzNTyq9MLOw="></latexit>
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• Initialize s,   (policy network) and    (Q network)
• sample action                        
• For each step:

• Sample reward                  and next state

Actor-Critic
✓

<latexit sha1_base64="2zAaSTtsz8LmjwqlL7nkIJ/gjBM="></latexit>

R(s, a)
<latexit sha1_base64="P29ktxwYJQfTrBZxHPb58etxQ20="></latexit>

s0 ⇠ p(s0|s, a)
<latexit sha1_base64="qjvPZnMrTgJaZuVsuWAeqJ2o8h4="></latexit>

�
<latexit sha1_base64="GoJsjmUFYSV/lMv6vYmSHaSE0zY="></latexit>

a ⇠ ⇡✓(·|s)
<latexit sha1_base64="LBohNgtkkxSeqGdZWzNTyq9MLOw="></latexit>
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• Initialize s,   (policy network) and    (Q network)
• sample action                        
• For each step:

• Sample reward                  and next state 
• evaluate “actor” using “critic”

Actor-Critic
✓

<latexit sha1_base64="2zAaSTtsz8LmjwqlL7nkIJ/gjBM="></latexit>

R(s, a)
<latexit sha1_base64="P29ktxwYJQfTrBZxHPb58etxQ20="></latexit>

s0 ⇠ p(s0|s, a)
<latexit sha1_base64="qjvPZnMrTgJaZuVsuWAeqJ2o8h4="></latexit>

Q�(s, a)
<latexit sha1_base64="OBpgOmPA0pqOmGPEf8xNI1PvyCg="></latexit>

�
<latexit sha1_base64="GoJsjmUFYSV/lMv6vYmSHaSE0zY="></latexit>

a ⇠ ⇡✓(·|s)
<latexit sha1_base64="LBohNgtkkxSeqGdZWzNTyq9MLOw="></latexit>
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• Initialize s,   (policy network) and    (Q network)
• sample action                        
• For each step:

• Sample reward                  and next state 
• evaluate “actor” using “critic”                    and update policy:

Actor-Critic
✓

<latexit sha1_base64="2zAaSTtsz8LmjwqlL7nkIJ/gjBM="></latexit>

R(s, a)
<latexit sha1_base64="P29ktxwYJQfTrBZxHPb58etxQ20="></latexit>

s0 ⇠ p(s0|s, a)
<latexit sha1_base64="qjvPZnMrTgJaZuVsuWAeqJ2o8h4="></latexit>

Q�(s, a)
<latexit sha1_base64="OBpgOmPA0pqOmGPEf8xNI1PvyCg="></latexit>

�
<latexit sha1_base64="GoJsjmUFYSV/lMv6vYmSHaSE0zY="></latexit>

a ⇠ ⇡✓(·|s)
<latexit sha1_base64="LBohNgtkkxSeqGdZWzNTyq9MLOw="></latexit>

✓  ✓ + ↵r✓ log ⇡✓(a | s)Q�(s, a)
<latexit sha1_base64="KwldA0dB3fuMg0CQdmoJ7xdIG+M="></latexit>
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• Initialize s,   (policy network) and    (Q network)
• sample action                        
• For each step:

• Sample reward                  and next state 
• evaluate “actor” using “critic”                    and update policy:

• Update “critic”:
• Recall Q-learning

Actor-Critic
✓

<latexit sha1_base64="2zAaSTtsz8LmjwqlL7nkIJ/gjBM="></latexit>

R(s, a)
<latexit sha1_base64="P29ktxwYJQfTrBZxHPb58etxQ20="></latexit>

s0 ⇠ p(s0|s, a)
<latexit sha1_base64="qjvPZnMrTgJaZuVsuWAeqJ2o8h4="></latexit>

Q�(s, a)
<latexit sha1_base64="OBpgOmPA0pqOmGPEf8xNI1PvyCg="></latexit>

�
<latexit sha1_base64="GoJsjmUFYSV/lMv6vYmSHaSE0zY="></latexit>

a ⇠ ⇡✓(·|s)
<latexit sha1_base64="LBohNgtkkxSeqGdZWzNTyq9MLOw="></latexit>

✓  ✓ + ↵r✓ log ⇡✓(a | s)Q�(s, a)
<latexit sha1_base64="KwldA0dB3fuMg0CQdmoJ7xdIG+M="></latexit>
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• Initialize s,   (policy network) and    (Q network)
• sample action                        
• For each step:

• Sample reward                  and next state 
• evaluate “actor” using “critic”                    and update policy:

• Update “critic”:
• Recall Q-learning

• Update     Accordingly

•

Actor-Critic
✓

<latexit sha1_base64="2zAaSTtsz8LmjwqlL7nkIJ/gjBM="></latexit>

R(s, a)
<latexit sha1_base64="P29ktxwYJQfTrBZxHPb58etxQ20="></latexit>

s0 ⇠ p(s0|s, a)
<latexit sha1_base64="qjvPZnMrTgJaZuVsuWAeqJ2o8h4="></latexit>

Q�(s, a)
<latexit sha1_base64="OBpgOmPA0pqOmGPEf8xNI1PvyCg="></latexit>

�
<latexit sha1_base64="GoJsjmUFYSV/lMv6vYmSHaSE0zY="></latexit>

a ⇠ ⇡✓(·|s)
<latexit sha1_base64="LBohNgtkkxSeqGdZWzNTyq9MLOw="></latexit>

�
<latexit sha1_base64="EpwadKl79nuFFVBzWqBryCC0A38=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k90KOtF+pujV3DrJKvIJUoUCzX/nqDRKWxVwhk9SYruemGORUo2CST8u9zPCUsjEd8q6lisbcBPn82Ck5t8qARIm2pZDM1d8TOY2NmcSh7YwpjsyyNxP/87oZRjdBLlSaIVdssSjKJMGEzD4nA6E5QzmxhDIt7K2EjaimDG0+ZRuCt/zyKmnVa95lrf5wVW3cFnGU4BTO4AI8uIYG3EMTfGAg4Ble4c1Rzovz7nwsWtecYuYE/sD5/AHFJI6o</latexit>

a a0, s s0
<latexit sha1_base64="51Vrw+Ar65qn/gf5hVafKincpQw="></latexit>

✓  ✓ + ↵r✓ log ⇡✓(a | s)Q�(s, a)
<latexit sha1_base64="KwldA0dB3fuMg0CQdmoJ7xdIG+M="></latexit>
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Actor-critic

r✓J(⇡✓) = Ea⇠⇡✓ [r✓ log ⇡✓(a|s)R(s, a)]
<latexit sha1_base64="st/dtwMZce7i5vgRwutBqN5vog0="></latexit>

r✓J(⇡✓) = Ea⇠⇡✓ [r✓ log ⇡✓(a|s)Q⇡✓ (s, a)]
<latexit sha1_base64="h9wAiZS/Hu8y95WfLcZV9OYpXmU="></latexit>

• In general, replacing the policy evaluation or the “critic” leads to 
different flavors of the actor-critic

• REINFORCE:

• Q – Actor Critic



50

Actor-critic

r✓J(⇡✓) = Ea⇠⇡✓ [r✓ log ⇡✓(a|s)R(s, a)]
<latexit sha1_base64="st/dtwMZce7i5vgRwutBqN5vog0="></latexit>

r✓J(⇡✓) = Ea⇠⇡✓ [r✓ log ⇡✓(a|s)Q⇡✓ (s, a)]
<latexit sha1_base64="h9wAiZS/Hu8y95WfLcZV9OYpXmU="></latexit>

• In general, replacing the policy evaluation or the “critic” leads to 
different flavors of the actor-critic

• REINFORCE:

• Q – Actor Critic

• Advantage Actor Critic:

r✓J(⇡✓) = Ea⇠⇡✓ [r✓ log ⇡✓(a|s)A⇡✓ (s, a)]
<latexit sha1_base64="xt+KLi7xNCvpjJYTpDa3gE5+oP0="></latexit>

= Q⇡✓ (s, a)� V ⇡✓ (s)
<latexit sha1_base64="i8bxdaOGhE4+O6ebZz4faxk1DA8="></latexit>

“how much better is an action than expected?
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• Policy Learning:
• Policy gradients
• REINFORCE
• Reducing Variance (Homework!)

• Actor-Critic:
• Other ways of performing “policy evaluation”
• Variants of Actor-critic

Summary


