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Types of RL algorithms

θ∗ = arg max
θ

Rτ∼pθ(τ)

[∑
t

r(st , at)

]

Model-based RL:

estimate the transition model and then:

Use it for planning (no explicit policy)

Use it to improve a policy

Value-based: estimate value function or Q-function of the current policy (no explicit
policy)

Policy-gradient: directly differentiate the objective

Actor-critic: estimate value function or Q-function of the current policy, use it to improve
the policy

Alina Vereshchaka (UB) CSE4/510 Reinforcement Learning, Lecture 20 October 31, 2019 3 / 29



Types of RL algorithms

θ∗ = arg max
θ

Rτ∼pθ(τ)

[∑
t

r(st , at)

]

Model-based RL: estimate the transition model and then:

Use it for planning (no explicit policy)

Use it to improve a policy

Value-based: estimate value function or Q-function of the current policy (no explicit
policy)

Policy-gradient: directly differentiate the objective

Actor-critic: estimate value function or Q-function of the current policy, use it to improve
the policy

Alina Vereshchaka (UB) CSE4/510 Reinforcement Learning, Lecture 20 October 31, 2019 3 / 29



Types of RL algorithms

θ∗ = arg max
θ

Rτ∼pθ(τ)

[∑
t

r(st , at)

]

Model-based RL: estimate the transition model and then:

Use it for planning (no explicit policy)

Use it to improve a policy

Value-based:

estimate value function or Q-function of the current policy (no explicit
policy)

Policy-gradient: directly differentiate the objective

Actor-critic: estimate value function or Q-function of the current policy, use it to improve
the policy

Alina Vereshchaka (UB) CSE4/510 Reinforcement Learning, Lecture 20 October 31, 2019 3 / 29



Types of RL algorithms

θ∗ = arg max
θ

Rτ∼pθ(τ)

[∑
t

r(st , at)

]

Model-based RL: estimate the transition model and then:

Use it for planning (no explicit policy)

Use it to improve a policy

Value-based: estimate value function or Q-function of the current policy (no explicit
policy)

Policy-gradient:

directly differentiate the objective

Actor-critic: estimate value function or Q-function of the current policy, use it to improve
the policy

Alina Vereshchaka (UB) CSE4/510 Reinforcement Learning, Lecture 20 October 31, 2019 3 / 29



Types of RL algorithms

θ∗ = arg max
θ

Rτ∼pθ(τ)

[∑
t

r(st , at)

]

Model-based RL: estimate the transition model and then:

Use it for planning (no explicit policy)

Use it to improve a policy

Value-based: estimate value function or Q-function of the current policy (no explicit
policy)

Policy-gradient: directly differentiate the objective

Actor-critic:

estimate value function or Q-function of the current policy, use it to improve
the policy

Alina Vereshchaka (UB) CSE4/510 Reinforcement Learning, Lecture 20 October 31, 2019 3 / 29



Types of RL algorithms

θ∗ = arg max
θ

Rτ∼pθ(τ)

[∑
t

r(st , at)

]

Model-based RL: estimate the transition model and then:

Use it for planning (no explicit policy)

Use it to improve a policy

Value-based: estimate value function or Q-function of the current policy (no explicit
policy)

Policy-gradient: directly differentiate the objective

Actor-critic: estimate value function or Q-function of the current policy, use it to improve
the policy

Alina Vereshchaka (UB) CSE4/510 Reinforcement Learning, Lecture 20 October 31, 2019 3 / 29



Model-based Algorithms
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Value Based Algorithms
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Direct Policy Gradient
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Actor-critic: Value Function + Policy Gradients
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Comparison: Sample Efficiency

Sample efficiency: How many samples do we need to get a good policy?

Most important questions: Is the algorithm off policy?

Off policy: able to improve the policy without generating new samples from that policy

On policy: each time the policy is changed, even a little bit, we need to generate new samples
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Comparison: Sample Efficiency

Alina Vereshchaka (UB) CSE4/510 Reinforcement Learning, Lecture 20 October 31, 2019 9 / 29



REINFORCE (Monte-Carlo Policy Gradient)
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REINFORCE: Problem
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Solution
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Actor-Critic

Monte-Carlo policy gradient still has high variance

We can use a critic to estimate the action-value function:

Qw (s, a) ≈ Qπθ
(s, a)

Actor-critic algorithms maintain two sets of parameters

Critic Updates action-value function parameters w

Actor Updates policy parameters θ, in direction suggested by critic

Actor-critic algorithms follow an approximate policy gradient

∇θJ(θ) ≈ Eπθ
[∇θ log πθ(s, a)Qw (s, a)]

∆θ = α∇θ log πθ(s, a)Qw (s, a)
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Actor-Critic
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Actor-Critic

The actor is the policy πθ(a|s) with parameters θ which conducts actions in an
environment.

The critic computes value functions to help assist the actor in learning. These are usually
the state value, state-action value, or advantage value, denoted as V (s), Q(s, a), and
A(s, a), respectively.
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Actor-Critic
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Actor-Critic

The critic is solving a familiar problem: policy evaluation

How good is policy πθ for current parameters θ?

To estimate, use any policy evaluation method:

Monte-Carlo policy evaluation

Temporal-Difference learning

Least-squares policy evaluation
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Estimating the TD Error

For the true value function Vπθ
(s), the TD error δπθ

δπθ
=

r + γVπθ
(s ′)− Vπθ

(s)

is an unbiased estimate of the advantage function

Eπθ
[δπθ
|s, a] = Eπθ

[
r + γVπθ

(s ′)|s, a
]
− Vπθ

(s)

= Qπθ
(s, a)− Vπθ

(s)

= Aπθ
(s, a)

So we can use the TD error to compute the policy gradient

∇θJ(θ) = Eπθ
[∇θ log πθ(s, a)δπθ

]

In practice we can use an approximate TD error, that requires one set of parameters w

δw = r + γVw (s ′)− Vw (s)
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Actor-Critic: Critic (Linear TD(0)) + Actor (policy gradient)
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Recap: REINFORCE with Baseline
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Advantage Actor Critic (A2C)

The advantage function can significantly reduce variance of policy gradient

So the critic should really estimate the advantage function

For example, by estimating both Vπθ
(s) and Qπθ

(s, a)

Using two function approximators and two parameter vectors,

Vv (s) ≈ Vπθ
(s)

Qw (s, a) ≈ Qπθ
(s, a)

A(s, a) = Qw (s, a)− Vv (s)

And updating both value functions by e.g. TD learning
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Summary of Policy Gradient Algorithms

The policy gradient has many equivalent forms

∇θJ(θ) = Eπθ
[∇θ log πθ(s, a)Gt ]

REINFORCE
= Eπθ

[∇θ log πθ(s, a)Qw (s, a)] Q Actor-Critic
= Eπθ

[∇θ log πθ(s, a)Aw (s, a)] Advantage Actor-Critic (A2C)
= Eπθ

[∇θ log πθ(s, a)δ] TD Actor-Critic

Each leads a stochastic gradient ascent algorithm

Critic uses policy evaluation (e.g. MC or TD learning) to estimate Qπ(s, a), Aπ(s, a) or
Vπ(s).
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Asynchronous Advantage Actor Critic (A3C)

A3C stands for Asynchronous Advantage Actor Critic

Asynchronous: the algorithm involves executing a set of environments in parallel to
increase the diversity of training data, and with gradient updates performed in a Hogwild!
style procedure. No experience replay is needed, though one could add it if desired.

Advantage: the policy gradient updates are done using the advantage function A(s, a)

Actor: this is an actor-critic method which involves a policy that updates with the help of
learned state-value functions.
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Asynchronous Advantage Actor Critic (A3C)

A3C (Mnih et al. 2016) idea: Sample for data can be parallelized using several copies of
the same agent

use N copies of the agents (workers) working in parallel collecting samples and computing
gradients for policy and value function

After some time, pass gradients to a main network that updates actor and critic using the
gradients of all agents

After some time the worker copy the weights of the global network

This parallelism decorrelates the agents’ data, so no Experience Replay Buffer needed

Even one can explicitly use different exploration policies in each actor-learner to maximize
diversity

Asynchronism can be extended to other update mechanisms (SARSA, Q-learning, etc) but
it works better in Advantage Actor critic setting
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