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Today's lecture

• Deep Learning basics


• Reinforcement learning with function approximation


• Some basic Deep RL algorithms
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Basics: Gradient Descent

• Hard to optimize                     over high-dimensional parameter space


• But try to improve gradually by following direction of maximal decrease


• All we need is a differentiable loss function, and hope it's "well-behaved"
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Basics: Stochastic Gradient Descent (SGD)

• If                                   , we can do Gradient Descent with big data:


• Sample a batch              and take a gradient step with


• Fast growing body of theory + heuristics for how to make this work

L✓pDq “
ÿ

xPD
L✓pxq

<latexit sha1_base64="IHLMykfv91fQdQYKkfUOf6ys+ec=">AAACDXicSyrIySwuMTC4ycjEzMLKxs7BycXNw8vHLyAoFFacX1qUnBqanJ+TXxSRlFicmpOZlxpaklmSkxpRUJSamJuUkxqelO0Mkg8vSy0qzszPCympLEiNzU1Mz8tMy0xOLAEKxQu8UY1JLazmUo3JzcyLjynJSC1JVIhxrvaphXI0gByXWk0u1VouLphSqKrMPIUYt+qg2rgUbLLpqSXFClCOrkJMYk5BBlA0LzEpJ5GQPWCDsEgq2CrEFJfmxldXQCwHCdaimlKhyYXkFGQZkMnxAsoGegZgoIDJMIQylBmgICAGaE1BaUl1Sn4yWLMhulJMRpiRnqGJnkmgkbKDB9QYDgZpBiUGDQZDBnMGBwYPhgCGUIZkxiDGCsZGxibGfsatjHsY90GUMjFC9QgzoADG4wBVUo9V</latexit>

B Ñ D

<latexit sha1_base64="sBLk5B2uqOG8pmRi/SFsK/TlSlg=">AAACL3icjU67TgJBFJ3BF66ioKXNREKChWSXkFiZEDGGwgKNPIrRzewywsTZBzuDwWz2R2z1B/waY2Ns/Qv3MRaIJp7q3nte1/I5E1LX32BuaXlldS2/rm1sFra2i6WdnvCmgU27tse9YGARQTlzaVcyyenADyhxLE771l0r4fv3NBDMc6/kg0+vHTJy2S2ziYxPZgkWKphOQq2CHeaaWI6pJAi3wvNILdV4OY0OtEqkad9SpWIuwmfhZXQz/I0dUSmQWg4RJtwfx1eXWJz8t2eRRscIi6ljhrOsPjlG8zmzLCONiImTKHFYgko6yfTaHw2JzSyW9ZqeAi0OhhrKQKGD4y/8qQyHnp2ajZ/SxaFXrxmNWuOiXm62VUwe7IF9UAUGOAJN0AYd0AU2lPARPsFn+AJf4Tv8yKQ5qDy7YA7w8wv9Spon</latexit>

✓ – ✓ ´ ↵
ÿ

xPB
r✓L✓pxq

<latexit sha1_base64="ZH3b2rrO5BWI8N4ti/0pE32bFNQ=">AAACiHicjY7LTsJAFIan4w3rDXTpZiIhwYWkJSTEhQkBY1i4QCOXxWgzLQNM7I3O1GCaPqIP4HO41cS2jAtAjGd1zvn//3zH9G3Ghaa9K3Bjc2t7J7er7u0fHB7lC8c97oWBRbuWZ3vBwCSc2sylXcGETQd+QIlj2rRvPrdSvf9CA84890G8+vTRIWOXjZhFRLIyCsqohOk0UkvYYa6BxYQKgnAruo3lUE6G6/hcLcWq+mOVLuYifBPdx0/D39QxFRzJ4QJhYvuTZOsS0yb/5azK6AphHjpGNJvj02W8eGe2fKMZpxmTU0Gn80RmyPS/n10kNVPS+v8T7prXU5yRL2oVLSu02uiyKQJZHZxA/VBEQ8/KwvqydbXpVSt6rVK7qxYbbXkmB07BGSgDHdRBA7RBB3SBpbwpH8qn8gVVqME6vJxboSIzJ2ChYPMbUXm3PQ==</latexit>



Roy Fox | CS 175 | Winter 2020 | Lecture 4: Deep Reinforcement Learning

Basics: Deep Learning

• If we represent


‣ Denote


• We get back-propagation


• Enables very expressive model classes from very simple layers


• Shifts algorithmic challenge from optimizer to loss, architecture, and data
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Deep MC policy evaluation

• Monte Carlo (MC) evaluation:


• What if the state space is large?


• With proper parametrization, this can yield generalization over state space


• But still very data inefficient
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Deep TD policy evaluation

• On-policy Temporal-Difference (TD) evaluation:


• Lends itself nicely to SGD:


• Using both current-state           and next-state            may be unstable


‣ Heuristic: use target network             , update it periodically with
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• A variant of Monte Carlo Tree Search (MCTS):


‣ With       greedy for a snapshot of


• We need a representation of        that allows computing


• For a small action space: Deep Q Network


•      is not differentiable, but we don't need it to be
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Deep TD reinforcement learning

• Deep Q Learning (historically called DQN):


• This algorithm should work off-policy, so we can keep replay buffer


• Variants differ on


‣ How to add experience to the buffer


‣ How to sample from the buffer
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DQN

policy evaluation

policy improvement

differentiable value 
function approximation

greedy policy
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Policy gradient

policy evaluation

policy improvement

e.g. MC

differentiable policy
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Policy gradient

• Unlike minimizing             in general ML, in RL we maximize


• This is harder since the "data" distribution depends on


• But there's a trick:
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REINFORCE (1992 !)

• Roll out      to sample


• Compute      and


• Take a gradient step with


• Repeat


• This is on-policy + has very high variance of the gradient estimator
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Actor–Critic

policy evaluation

policy improvement

critic: 
evaluates the actor

actor: 
improves using the critic's advice
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Partial observability
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environment

ot-1 ot



Roy Fox | CS 175 | Winter 2020 | Lecture 4: Deep Reinforcement Learning

Partial observability

st+1stst-1

at-1 at

agent

environment

ot-1 ot

mt-1 mt
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• Can be represented by a Recurrent Neural Network (RNN)


‣ For example, Long Short-Term Memory (LSTM)
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How to choose a Deep RL algorithm?

• Continuous or discrete action space?


• Stochastic or deterministic policy?


• Sample efficiency — generally speaking:


‣ Off-policy > on-policy


‣ Model-based > TD > PG


• Robustness


• Well-studied, well-supported
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Recap

• Policy evaluation and reinforcement learning with function approximation


• Can represent the value function: DQN, SQL, etc.


• Or the policy: PG, DPG, DDPG, TRPO, PPO, etc.


• Or both: A2C, SAC, etc.


• Did not mention model-based Deep RL, derivative-free methods, etc.


