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First Intro

RL and Machine Learning

|. Supervised Learning (error correction)

® learning approaches to regression & classification
® learning from examples, learning from a teacher

2. Unsupervised Learning

® learning approaches to dimensionadlity reduction, density
estimation, recoding data based on some principle, etc.

3. Reinforcement Learning

® learning approaches to sequential decision making
® learning from a critic, learning from delayed reward




Reinforcement Learning (RL)

* RL - “science of decision making” or “the optimal way of making decisions”

* When an infant plays, waves its arms, it has no explicit teacher, but it does have a
direct sensorimotor connection to its environment. Exercising this connection
produces a wealth of information about cause and effect, about consequences of
actions, and about what to do in order to achieve goals.

* RL is centered around the concept of learning by interaction.

* RL - a branch of Al where an agent (typically a software program) gradually
learns to make decisions intelligently through interaction with its
environment.

» With RL, the model (also called an agent) interacts with its environment, and
by doing so generates a sequence of interactions that are together called an
episode.

Learning to Optimize Rewards

In |reinf0rcemem learning, a software agent makes observations and takes actions within an environment, and in
return it receives rewards from the environment. Its objective is to learn to act in a way that will maximize its
expected rewards over time.|If you don’t mind a bit of anthropomorphism, you can think of positive rewards as
pleasure, and negative rewards as pain (the term “reward” is a bit misleading in this case). In short, the agent acts
in the environment and learns by trial and error to maximize its pleasure and minimize its pain.

For example, imagine that we want to teach a computer to play the game of chess and win against
human players. The labels (rewards) for each individual chess move made by the computer are not
known until the end of the game, because during the game itself, we don't know whether a particular
move will result in winning or losing that game.| Only right at the end of the game is the feedback
determined. That feedback would likely be a positive reward given if the computer won the game
because the agent had achieved the overall desired outcome; and vice versa, a negative reward would
likely be given if the computer had lost the game.




RL essence

* In RL, we cannot or do not teach an agent, computer, or robot how to
do things.

* We can only specify what we want the agent to achieve. Then, based
on the outcome of a particular trial, we can determine rewards
depending on the agent’s success or failure.

* This makes RL very attractive for decision making in complex
environments, especially when the problem-solving task requires a
series of steps, which are unknown, or hard to explain, or hard to
define.

Example Applications

* Autonomous Vehicles

* Robotics

* Financial Trading

* Game Playing

* Precision Healthcare Optimization

* Advanced Natural Language Processing for Diverse Languages
* Resilient Supply Chain Optimization

* Eco-Friendly Smart Grid Management

* Multimodal Learning for Robotic Assistants




Examples

Figure 18-1. Reinforcement learning examples: (a) robotics, (b) Ms. Pac-Man, (c) Go player, (d) thermostat, (e) automatic trader®
See more applications at:

https://kenndanielso.github.io/mlrefined/blog_posts/18 Reinforcement Learning Foundations/18 1 Fundamentals of reinforcement learning.html
9

Key Idea

* An environment which represents the outside world to the agent
* An agent that takes actions, receives observations from the environment that
consists of:
* {a Reward for his action, information of his New State}

* That reward informs the agent of how good or bad was the taken action
* The observation tells him what is his next state in the environment.

* The agent tries to figure out the best actions to take or the optimal way to behave in
the environment in order to carry out his task in the best possible way.
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Fig. 3. Model of reinforcement learning problem adapted from [50].

Key Idea... a bit more formally

Both the environment and the agent are modeled as stochas-
tic finite state machines. The agent receives observations
and rewards as inputs. The outputs fr Salis
actions sent back to the environment, is
A(t) = w(S(t)) and the state transition function 18 =
f(S(t — 1),Y(t), R(t), A(t)). The goal of the agent is to
accumulate as much reward as possible. That can be done
with a policy and agent state-update function that maximizes
the expected value of the summation of rewards:

E[R(0) +yR(1) + ¥’ R(2) ]—E[Z’v R(t) (18

t=0

where 0 < v < 1 represents the discount factor. This factor
signifies that immediate reward is worth more than future
reward [20].
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First exposure to some terminology and
Several central concepts to RL
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Simulated Environments

Intro to Operit-Gyrm Gymnasium

* NOTE: See updated chapter in A.Geron’s book:
* https://github.com/ageron/handson-mi3/blob/main/18 reinforcement learning.ipynb

* One of the challenges of RL is that in order to train an agent, you first need to have a
working environment.
* If you want to program an agent that will learn to play an Atari game, you will need an Atari game
simulator.
* Cannot speed up time either—adding more computing power won’t make the robot
move any faster—and it’s generally too expensive to train 1,000 robots in parallel

* Training is hard and slow in the real world, so you generally need a simulated
environment
* OpenAl Gym is a toolkit that provides a wide variety of simulated environments
(Atari games, board games, 2D and 3D physical simulations, and so on), that you can
use to train agents, compare them, or develop new RL algorithms
* https://github.com/openai/gym

13
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Example — CartPole Environment
Angle
* Classic control task )
e 2D simulation in which a 5 ;’\A:ngular velocity
cart can be accelerated
left or right in order to Velocity 0
balance a pole placedon — .
. j :
top of it Position
14
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Policy search

A policy, T, determines the probability of choosing each action, a, while the
agent is at state s.

[The algorithm a software agent uses to determine its actions is called its policy] The policy could be a neural
network taking observations as inputs and outputting the action to take (see Figure 18-2).

Agent

Environment

Actions

Rewards &
observations .

Figure 18-2. Reinforcement learning using a neural networlk policy

The policy can be any algorithm you can think of, and it does not have to be deterministicjl In fact, in some cases it

r " eaner whose reward is
the amount of dust it picks up in 30 minutes. Its policy could be to move forward with some probability p every
second, or randomly rotate left or right with probability 1 — p. The rotation angle would be a random angle

between —r and +r. Since this policy involves some randomness, it is called a stochastic policy. The robot will

have an erratic trajectory, which guarantees that it will eventually get to any place it can reach and pick up all the
dust. The question is, how much dust will it pick up in 30 minutes?
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Neural Network Policies

* Neural network will take an observation as input, and it will output the
action to be executed

* More precisely, it will estimate a probability for each action, then we
will select an action randomly, according to the estimated
probabilities

* For CartPole environment

* There are just two possible actions (left or right) - only need one output neuron
* It will output the probability p of action 0 (left), and the probability of action 1
(right) will be (1 - p)

* For example, if it outputs 0.7, then we will pick action 0 with 70% probability, or
action 1 with 30% probability.

16




Exploration/exploitation dilemma is central in RL
@ ction

* You may wonder why we are picking a random
action based on the probabilities given by the
neural network, rather than just picking the
action with the highest score. ety o acton G

* This approach lets the agent find the right
balance between exploring new actions and
exploiting the actions that are known to work
well.

Hidden

During the learning process, the agent must try different actions (exploration) so that it can progres-
sively learn which actions to prefer and perform more often (exploitation) in orde
fotal, cumulative reward. To understand this concept, let’s consider a very simple example where a
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Evaluating Actions: the Credit Assignment Problem

l It we knew what the best action was at each stee,'we could train the neural network as usual, by minimizing the

cross entropy between the estimated probability distribution and the target probability distribution. It would just be
regular supervised learning. However, in reinforcement learning the only guidance the agent gets is through
rewards, and rewards are typically sparse and delayed. For example, if the agent manages to balance the pole for
100 steps, how can it know which of the 100 actions it took were good, and which of them were bad? All it knows
is that the pole fell after the last action, but surely this last action is not entirely responsible. This is called the
credit assignment problem: when the agent gets a reward, it is hard for it to know which actions should get credited|
or blamed) for it. Think of a dog that gets rewarded hours after it behaved well; will it understand what it is being
rewarded for?

unresolved challenges. One aspect that makes training RL models particularly challenging is that the
consequent model inputs depend on actions taken previously. This can lead to all sorts of problems,
and usually results in unstable learning behavior. AlsoJ this sequence-dependence in RL creates a so-
|ca11cd delayed effect, which means that the action taken at a time step t may result in a future rewardH
|appearing some arbitrary number of steps 1ater.|
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* To tackle this problem, a common strategy is to evaluate an
action based on the sum of all the rewards that come after it,
usually applying a discount factor, y (gamma), at each step.

* This sum of discounted rewards is called the action’s Return.

19
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action’s return. Consider the example in Figure 18-6. If an agent decides to go right three times in a row and gets
+10 reward after the first step, 0 after the second step, and finally —50 after the third step, then assuming we use a
Exa | | | p | e —  discount factor y = 0.8, the first action will have a return of 10 + y x 0 + y? x (=50) = =22, If the discount factor is
close to 0, then future rewards won't count for much compared to immediate rewards. Conversely, if the discount
R et u r n factor is close to 1, then rewards far into the furure will count almost as much as immediate rewards. Typical
discount factors vary from 0.9 to 0.99. With a discount factor of 0.95, rewards 13 steps into the future count|
roughly for half as much as immediate rewards (since 0,950 = 0.5), while with a discount factor of 0.99, rewards
69 steps into the future count for half as much as immediate rewards] In the CartPole environment, actions have
fairly short-term effects, so choosing a discount factor of 0.95 seems reasonable.
ﬁ : : :
Actions: Right Right Right
Rewards: +10 0 50
. + +
Sum of discounted v v v
future rewards: 22 —— 40 ¢——— -50
80% 80%
A "
~ -
~ = L4
Discount ratio
Figure 18-6. Computing an action’s return: the sum of discounted future rewards
20
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( Model-Based
(environment model known)

Dynamic Programming

¢ Value lteration
e Policy Iteration
e Q-value lteration

( Model-Free
(no environment model)

Value-Based Policy-Based Actor-Critic
e Monte Carlo | ¢ Policy e A2C

e MC Control Gradient

e TD(0) .

e SARSA

L Q-learning )

Big Map of Reinforcement Learning Methods
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Policy Gradients Algorithms

Directly try to optimize the policy to increase
rewards

22




How to actually evaluate each action?

* A good action may be followed by several bad actions that cause the pole to fall
quickly, resulting in the good action getting a low return.

* However, if we play the game enough times, on average good actions will get a
higher return than bad ones.

* We want to estimate how much better or worse an action is, compared to the
other possible actions, on average.

* This is called the Action Advantage.

* For this, we must:
* Run many episodes and
* Normalize all the action returns, by subtracting the mean and dividing by the standard
deviation.
* After that, we can reasonably assume:
* Actions with a negative Advantage were bad while
* Actions with a positive Advantage were good.
* This strategy is used by (1) Policy Gradients (PG) Algorithms
23

23

Policy Gradients (PG) Algorithms

As discussed earlier, PG algorithms optimize the parameters of a policy by following the gradients toward higher|
rewards. One popular class of PG algorithms, called REINFORCE algorithms, was introduced back in 1992 by
Ronald Williams. Here is one common variant:

1. First, let the neural network policy play the game several times, and at each step, compute the gradients that
would make the chosen action even more likely—but don’t apply these gradients yet.

2. Once you have run several episodes, compute eachﬁctlon!s aavantage‘llsjng the method described in the
previous section.

3. If an action’s advantage is positive, it means that the action was probably good, and you want to apply the
gradients computed earlier to make the action even more likely to be chosen in the future. However, if the
action’s advantage is negative, it means the action was probably bad, and you want to apply the opposite
gradients to make this action slightly less likely in the future. The solution is to multiply each gradient vector
by the corresponding action’s advantage.

4. Finally, compute the mean of all the resulting gradient vectors, and use it to perform a gradient descent step.

24
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We are almost ready to run the algorithm! Now let’s define the hyperparameters. We will run 150 training
iterations, playing 10 episodes per iteration, and each episode will last at most 200 steps. We will use a discount
factor of 0.95:

n_iterations = 150
|m | m nt tI n n_episodes_per_update = 10
p e e a O n_max_steps = 200
discount_factor = 0.5¢
We also need an optimizer and the loss function. /A regular Nadam optimizer with learning rate 0.01 will do just
fine, and we will use the binary cross-entropy loss function because we are training a binary classifier (there are
Itwo possible actions—Ileft or right):
optimizer = tf.keras.optimizers.Nadam(learning_rate=0.01)
loss_fn = tf.keras.losses.binary_crossentropy
We are now ready to build and run the training loop!
for iteration im range{n_iterations):
all_rewards, all_grads = play_multiple_episodes(
env, n_episodes_per_update, n_max_steps, model, loss_fn)
all_final_rewards = discount_and_normalize_rewards(all_rewards,
discount_factor)
all_mean_grads = []
for var_index in range{len{model.trainable_variables)):
mean_grads = tf.reduce_mean(
[final_reward * all_grads[episode_index][step][var_index]
for episode_index, final_rewards im enumerate{all_final_rewards)
for step, final_reward in enumerate{final_rewards)], axis=0)
all_mean_grads.append(mean_grads)
optimizer.apply_gradients(zip(all_mean_grads, model.trainable_variables))

PG limitations

* PG does not scale well to larger and more complex tasks

* It is highly sample inefficient
* Meaning it needs to explore the game for a very long time before it can
make significant progress.

* This is due to the fact that it must run multiple episodes to estimate the
advantage of each action.

* However, it is the foundation of more powerful algorithms

26
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Big Map of Reinforcement Learning Methods
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Different Class of Algorithms

Agent learns to estimate the expected return for
each state, or for each action in each state, then
it uses this knowledge to decide how to act.

But, first we must talk about:
(A)>MDPs

(B)=>More RL terminology
(C)=>Bellman equation

28

28
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(A)...and before talking about MDPs, we must talk Markov Chains

In the early 20th century, the mathematician Andrey Markov studied stochastic processes with no memory, called
Such a process has a fixed number of states, and it randomly evolves from one state to another at
he probability for it to evolve from a state s to a state s’ is fixed, and it depends only on the pair (s, s'),

hmt on past sLatesJ This is why we say that the system has no memory.

Figure 18-7 shows an example of a Markov chain with four states.

10

Figure 18-7. Example of a Markov chain

Suppose that the process starts in state s, and there is a 70% chance that it will remain in that state at the next step.
Eventually it is bound to leave that state and never come back, because no other state points back to s. If it goes to
state sy, it will then most likely go to state s, (90% probability), then immediately back to state s, (with 100%

probability). It may alternate a number of times between these two states, but eventually it will fall into state s3 and

remain there forever, since there's no way out: this is called a terminal state. arkov chains can have very

different dynamics, and they are heavily used in thermodynamics, chemistry, statistics, and much more. 29
29
Markov Decision Processes (MDPs)
Markov decision processes were first described in the 1950s byjRichard Bellman.J They resemble Markov chains,
but with a twist: at each step, an agent can choose one of several possible actions, and the transition probabilities
depend on the chosen action. Moreaver, some state transitions return some reward (positive or negative), and the
agent’s goal is to find a policy that will maximize reward over time.
+40
QOO0 08
01
Figure 18-8. Example of a Markov decision process
a,, which will most likely lead it back to state s;, gaining a reward of +40 on the way. You get the picture.
looking at this MDP, can you guess which strategy will gain the most reward over time? In state s it is clear that]
action ag is the best option, and in state s, the agent has no choice but to take action a;, but in state s, it is m:-t|
obvious whether the agent should stay put (ay) or go through the fire (a,), 30
30

15



Markov Decision Processes

* Generally, the type of problems that RL deals with are typically formulated as MDPs.

* The standard approach for solving MDP problems is by using dynamic programming, but RL
offers some key advantages over dynamic programming.

* Dynamic programming is not a feasible approach when the number of possible configurations
is large. In such cases, RL is considered a much more efficient and practical alternative.

Dynamic programming

Dynamic programming refers to a set of computer algorithms and programming methods
that was developed by Richard Bellman in the 1950s. In a sense, dynamic programming
is about recursive problem solving—solving relatively complicated problems by breaking
them down into smaller subproblems.

The key difference between recursion and dynamic programming is that dynamic program-
ming stores the results of subproblems (usually as a dictionary or other form of lockup
table) so that they can be accessed in constant time (instead of recalculating them) if they
are encountered again in future.

Examples of some famous problems in computer science that are solved by dynamic
programming include sequence alignment and computing the shortest path from point
A to point B. 31

31

MDPs - Mathematical Formulation

{SCI’ AO: Rl}, {Slr Al) RZ}; {32) AZ’ R3},

that §,, R.1, and A, are time-dependent random variables that take values from predefined finite sets
denoted by s € §, r € R, and a € A, respectively. In an MDP, these time-dependent random variables,
Siand Ry, have probability distributions that only depend on their values at the preceding time step,
t-1. |The probability distribution for S,, = 5" and R, = r can be written as a conditional probability
|0ver the preceding state (S,) and taken action (A4,) as follows:

p(s,rls,a) & P(Syy =5 Ry =7lS, =54, = a)

|This probability distribution completely defines the dynamics of the environment (or model of the
nvironment) because, based on this distribution, all transition probabilities of the environment can
e computed. Therefore, the environment dynamics are a central criterion for categorizing different
RL methods. The types of RL methods that require a model of the environment or try to learn a model

of the environment (that is, the environment dynamics) are callec‘model—based methodslas opposed
td model-free methods.

32

32
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Model-free and Model-based RL

When the probability p(s’,r|s,a) is known, then the learning task can be solved with
dynamic programming. But |whcn the dynamics of the environment are not known, as is
the case in many real-world problems, then we would need to acquire a large number of]

samples by interacting with the environment fto compensate for the unknown environ-
ment dynamics.

Are the environment
Two main approaches for dealing with this ;
problem are: s | he |
1. model-free Monte Carlo (MC) and l
Dynamic onte Carlo empora
2.temporal difference (TD) methods { P } { Mo [diffTere::e('ll'Dl

TD(0), TD(A),
SARSA,

Q-learning

33
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Generally: environment has stochastic behavior

To make sense of this stochastic behavior, let’s consider the tprobabilit_v of observing the future state
lS‘m =s' conditioned on the current state S; = s and the performed action A, = a.|This is denoted by:

p(s’ls,a) € P(Spyq =5'IS; = 5,4, = a)
It can be computed as a marginal probability by taking the sum over all possible rewards:

p(s'ls,a) & ZP(S’.TIS.a)

reR

fl"his probability is called state-transition probability. Based on the state-transition probability, if the
environment dynamics are deterministic, then it means that when the agent takes action A; = a at
state S = 5, the transition to the next state, S., = &', will be 100 percent certain, that is, p(s'[s,a) = 1.

34

34

17



(B) More RL terminology:
* Return
* Policy
* (State-)value function
* Action-value function

35

35

The Return

The so-called return at time t is the cumulated reward obtained from the entire duration of an episode.
Recall that R,,, = r is the immediate reward obtained after performing an action, A,, at time t; the sub-
sequent rewards are Ry, Ry, and so forth.

The return at time ¢ can then be calculated from the immediate reward as well as the subsequent
ones, as follows:

GoE= Ry + ¥R ¥V Rz + 00 = Z V¥R in
=0

G,

Repy +¥Gryy =7+ ¥Gppy

Here, y is the discount factor in range [0, 1]. The parameter y indicates how much the future rewards
are “worth” at the current moment (time ). Note that by setting ¥ = 0, we would imply that we do not
care about future rewards. In this case, the return will be equal to the immediate reward, ignoring
the subsequent rewards after ¢ + 1, and the agent will be short-sighted. On the other hand, if y = 1,
the return will be the unweighted sum of all subsequent rewards.

36

36
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Policy

A toolicy typically denoted by n(als) is a function that determines the next action to take, which can
be either deterministic or stochastic (that is, the probability for taking the next action). A stochastic
policy then has a probability distribution over actions that an agent can take at a given state:

n(als) & P[A, = alS, = s]

During the learning process, the policy may change as the agent gains more experience. For example,
the agent may start from a random policy, where the probability of all actions is uniform; meanwhile,

the agent will hopefully learn to optimize its policy toward reaching the optimal policy.

Ipohcy T,(als) 1s the policy that yields the highest return. l

37

37

State-value function (or value function)

The value function, also referred to as the krare-value function, measures the goodness of each state—in
other words, how good or bad it is to be in a particular state. Note that the criterion for goodness is
based on the return.

Now, based on the return G,, we define the value function of state s as the expected return (the average
return over all possible episodes) after following policy n:

k+1
z Y Reskan
k=0

In an actual implementation, we usually estimate the value function using lookup tables, so we do
not have to recompute it multiple times. (This is the dynamic programming aspect.) For example,

U (5) = Ep[G,|S, = s] = E, Si=s

38

38
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Action-value function

Moreover, we can also define a value for each state-action pair, which is called the action-value function

and is denoted by g, (s, a). The action-value function refers to the expected return G, when the agent
is at state S, = s and takes action A;=a.

Extending the definition of the state-value function to state-action pairs, we get the following:

Z}’k+1RE+k+1

k=0

Gz(s,0) = Err[thst =54, = al = E;

S, =54,= a]

This is similar to referring to the optimal policy as =, (als), v,(s), and g, (s, a) also denote the optimal
state-value and action-value functions.

Estimating the value function is an essential component of RL methods.

There are different ways of calculating and estimating the (state-)value function and
action-value function.

39

39

(C) The Belman Equation

* The Bellman equation is one of the central elements of many RL algorithms.

* The Bellman equation simplifies the computation of the value function,
such that rather than summing over multiple time steps, it uses a recursion
that is similar to the recursion for computing the return.

Now, we can see that expectation of the return, E,[G,,,|S; = s'], is essentially the state-value function
v, (s"). So, we can write v, (s) as a function of v, (s"):

v (s) = Z n(als) Z p(s',rls,a)[r +y vy (s")]
aed s'eSref

This is called the Bellman equation, which relates the value function for a state, s, to the value func-
tion of its subsequent state, s'| This greatly simplifies the computation of the value function because
it eliminates the iterative loop along the time axis.

40
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RL Algorithms

Figure 19.5 describes the course of advancing RL algorithms, from dynamic programming to Q-learning:

-

On-policy:

: SARSA
Dynamic Temporal \ J
i Monte Carlo .
programming (MC) difference
(DP) (TD) ( e
Off-policy:

Q-learning

* Assumes environment * Environment dynamics <« Animprovement over the

dynamics are available are not available MC method
* Interacts with the * Updating the value
environment functions after each step

Figure 19.5: Different types of RL algorithms
41
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1.Dynamic Programming (DP)
* Problem with using dynamic programming is that it assumes full knowledge of the
environment dynamics.

* Because of that it is not very practical; but helpful to introduce more
advanced/complicated RL algorithms.

* Assumptions:

+  We have full knowledge of the environment dynamics; that is, all transition probabilities
p(s',r|s, a)—are known.

+  The agent’s state has the Markov property, which means that the next action and reward depend
only on the current state and the choice of action we make at this moment or current time step.

* Objectives:

1. Obtain the true state-value function, v,(s); this task is also known as the prediction task and
is accomplished with policy evaluation.

2. Find the optimal value function, v,(s), which is accomplished via generalized policy iteration.

42
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(i)Policy evaluation — predicting the value function with DP
(This is the prediction task)

Based on the Bellman equation, we can compute the value function for an arbitrary policy m with
dynamic programming when the environment dynamics are known. For computing this value func-
tion, we can adapt an iterative solution, where we start from v’ (s), which is initialized to zero values
for each state. Then, at each iteration i + 1, we update the values for each state based on the Bellman
equation, which, in turn, is based on the values of states from a previous iteration, i, as follows:

it (s) = Z?’[(CL|S) Z p(s',rls,a)[r +y v (s")]

a 'eSreR

It can be shown that as the iterations increase to infinity, v"(s) converges to the true state-value

function, v, (s).

Notice here that we do not need to interact with the environment.
Computed value function can be used to improve the arbitrary policy! 43

43

(ii) Improving the policy - using the estimated value function
(This is the control task)

Now that we have computed the value function v, (s) by following the existing policy, , we want to
use v, (5) and improve the existing policy, 7. This means that we want to find a new policy, ', that, for
each state, s, following n', would yield higher or at least equal value than using the current policy, .
In mathematical terms, we can express this objective for the improved policy, ', as:

vp(s) = ve(s) VseS$

The policy improvement algorithm:

* First, compute the action-value function, q,(s,a), for each state, s, and action, a, based on
the computed state value using value function v,(s)

* Iterate through all the states, and for each state, s, compare the value of the next state, s’,
that would occur if action a was selected

* Compare the corresponding action with the action selected by the current policy

* If action suggested by current policy (i.e., arg max 7z{a/ s)) is different than action
suggested by action-value function (i.e., arg max g,(s,a)), then update policy by reassigning
probabilities of actions to match action that gives highest action value, g,/(s,a) a4
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* |t can be shown that the policy improvement will strictly yield a better policy,
unless the current policy is already optimal

* This technique is referred to as generalized policy iteration (GPI), which is
common among many RL methods.

* GPl used for the MC and TD learning methods.

* For efficiency reasons: Combine the two tasks of policy evaluation and policy
improvement into a single step:

The following equation jupdates the value function for iteration i + 1 (denoted by v!"* ) based on the
|action that maximizes the weighted sum of the next state value and its immediate reward (r + y y{‘-‘(s'j}:|

plitli(g) = maxli p(s'rls, a)[r + y v (s)]

In this case, the updated value for 4 (s) is maximized by choosing the best action out of all possible
actions, whereas in policy evaluation, the updated value was using the weighted sum over all actions.

NOTE: Read the section on the optimal State Value (pp. 701, equation 18.1) in
A.Geron’s book.

15

45

Value iteration Algorithm

This| equation leads directly to an algorithm that can precisely estimate the optimal state value of every possible|
ktate: first initialize all the state value estimates to zero, and then iteratively update them using the value iteration|
plgorithm|(see Equation 18-2). A remarkable result is that, given enough time, these estimates are guaranteed to
converge to the optimal state values, corresponding to the optimal policy.

Equation 18-2. Vinlue iteration algorithm

Vier1(s) «max ET(s,a.. sf) [R(s,a,s) +~-Vi(s)] for all s

In this equation, V,(s) is the estimated value of state s at the k™ iteration of the algorithm.
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Q-value iteration Algorithm

g the optimal state values can be useful, in particular to evaluate a policy, but it

policy for the agent. Bellman found a very similar algorithm to estimate the optimal state-action

values, generally called Q-values (quality values). The optimal Q-value of the state-action pair (s, a), noted Q*(s,
la), is the sum of discounted future rewards the agent can expect on average after it reaches the state s and chooses|
action a, but before it sees the outcome of this action, assuming it acts optimally after that action.|

Knowing

Let’s look at how it works. Once again, you start by initializing all the Q-value estimates to zero, then you update
them using the Q-value iteration algorithm (see Equation 18-3).

Equation 18-3. Q-value iteration algorithm

Qpri1(8,a) +— ZT(S.. a, &f) [R (s,a, 8+~ max Q. (s, a!)] for all (s,a)

Once you have the optimal Q-valuesj defining the optimal policy, noted r*(s),Nis trivial; when the agent is in state

s, it should choose the action with the highest Q-value for that state: T

NOTE: See this algorithm applied to an example MDP in Geron’s book.

47
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A Note on Notations

Notation for tabular estimates of the state-value and action-value functions

In most RL literature and textbooks, the lowercase v, and q, are used to refer to the true
state-value and true action-value functions, respectively, as mathematical functions.

Meanwhile, for practical implementations, these value functions are defined as lookup
tables. The tabular estimates of these value functions are denoted by V(S; = s) = v (s)
and Q,(S; = 5,4, = a) = q,(s, a). We will also use this notation in this chapter.

48
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2.Monte Carlo

* Assume we do not have any knowledge about the environment dynamics
* We do not know the state-transition probabilities of the environment

* Using MC methods, the learning process is based on the so-called simulated
experience

* MC-based RL methods:

* Define an agent class that follows a probabilistic policy, 7, and based on this policy,
agent takes an action at each step. This results in a simulated episode.

* Generate simulated episodes.
* From these simulated episodes, we compute the average return for each state
visited (during an episode).

49

* Instead, we want the agent to learn through interacting with the environment.

49

(i) State-value function estimation using MC

This algorithm is called first-visit Monte Carlo value prediction.

V(S « V(S) + a(G, —V(S))

rate, which is kept constant during learning.

50

After generating a set of episodes, for each state, s, the set of episodes that all pass through state s is
considered for calculating the value of state s. Let’s assume that a lookup table is used for obtaining
the value corresponding to the value function, V (S, = s). MC updates for estimating the value function
are based on the total return obtained in that episode starting from the first time that state s is visited.

Let’s first revisit the value prediction by MC. |At the end of each episode, we are able to estimate the
return, G, for each time step t. Therefore, we can update our estimates for the visited states as follows:

Here, G, is used as the target return to update the estimated values, and (G; - V(S,)) is a correction term
added to our current estimate of the value V(S,). The value « is a hyperparameter denoting the learning

50
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Action-value function estimation using MC

¢ Extend the algorithm for estimating the first-visit MC state-value prediction.

¢ Compute estimated return for each state-action pair using the action-value function:
consider visits to each state-action pair (s, a).

* A problem arises: some actions may never be selected = insufficient exploration.

* Ways to resolve this:

1. Exploratory start - assumes every state-action pair has a non-zero probability at the
beginning of the episode.

2. The e-greedy policy

51

51

(ii) Finding an optimal policy using MC control

MC control refers to the optimization procedure for improving a policy. Similar to the policy iteration
approach in the previous section (Dynamic programming), we can repeatedly alternate between policy
evaluation and policy improvement until we reach the optimal policy. So, starting from a random
policy, m,, the process of alternating between policy evaluation and policy improvement can be illus-
trated as follows:

Eval. Improve Eval. Improve Eval. Improve
Ty QT!Q Ty qfrl Ty q. m,
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52

26



3.Temporal Difference (TD) learning

Similar to the MC technique, TD learning is also based on learning by experience and, therefore, does
not require any knowledge of environment dynamics and transition probabilities. rl‘he main difference
between the TD and MC techniques is that in MC, we have to wait until the end of the episode to be
able to calculate the total return.|

However, in TD learning, we can leverage some of the learned properties to update the estimated
values before reaching the end of the episode. This is called bootstrapping (in the context of RL, the
term bootstrapping is not to be confused with the bootstrap estimates we used in Chapter 7, Combining
Different Models for Ensemble Learning).

53

53

TD learning algorithm

Reinforcement learning problems with discrete actions can often be modeled as Markov decision processes, but
the agent initially has no idea what the transition probabilities are (it does not know (s, a, s')), and it does not
know what the rewards are going to be either (it does not know R(s, a, s’)). It must experience each state and each
transition at least once to know the rewards, and it must experience them multiple times if it is to have a reasonable
estimate of the transition probabilities.

fThe temporal difference (TD) learning algorithm is very similar to the Q-value iteration algorithm, but tweaked to|
take into account the fact that the agent has only partial knowledge of the MDP. In general we assume that the
lagent initially knows only the possible states and actions, and nothing more. The agent uses an
—for example, a purely random policy—to explore the MDP, and as it progresses, the TD learning algorithm
updates the estimates of the state values based on the transitions and rewards that are actually observed (see
Equation 18-4).

Equation 18-4. TD Learning algorithm

Vi, 1(s) « (1 - oc)Vk(s) + u{r +y- Vk(s’))

or, equivalently: « «is the learning rate (e.g., 0.01).
Vis 1(s) « Vk(s) +ta- 6k(s, r,s’) o r+y- V(s is called the TD target.
with 6k(s, T, AJ) =r+y- Vk(s’) - Vk(s] o 8,(s, r, s') is called the TD error.

In this equation:
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(i) Value function prediction

In TD learning, we replace the actual return, G,r, with a new target return, G,,.,, which significantly
simplifies the updates for the value function, V(S,). The update formula based on TD learning is as

follows: l Return obtained at time step t --> t+1
V(Sy) « V(S + a(Gersr — V(SL))

Here, the target return, Gprs1 = Resq + ¥ V(Sey1) =1 + ¥ V(S41), is using the observed reward, Rp,,
and the estimated value of the next immediate step. Notice the difference between MC and TD. In
MC, G.ris not available until the end of the episode, so we should execute as many steps as needed
to get there. On the contrary, in TD, we only need to go one step ahead to get the target return. This
is also known as TD(0).

TD(0) algorithm can be generalized to the so-called n-step TD algorithm

MC versus TD: which method converges faster?

While the precise answer to this question is still unknown, in practice, it is empirically
shown that TD can converge faster than MC. If you are interested, you can find more de-
tails on the convergences of MC and TD in the book entitled Reinforcement Learning: An
Introduction, by Richard S. Sutton and Andrew G. Barto.

55
(ii) Two algorithms for TD control:
a) Anon-policy control — value function is updated based on the
actions from the same policy that the agent is following
b) An off-policy control — value function is updated based on actions
outside the current policy
* Like in the case of dynamic programming and MC
algorithms, use the generalized policy iteration (GPI) for
policy improvement
56
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(ii.a) On-policy TD control (SARSA)

|a lookup table, that is, a tabular 2D array, Q(S;, A,), which represents the action-value function for each

|state-acti0n pair. In this case, we will have the following;
QS A) « Q(St, Ap) + @[Ryy + ¥ Q(Stan, Arin) — Q(Sp, Ap)]

This algorithm is often called SARSA, referring to the quintuple (S, A,, Ry Siar, Ara) that is used in
the update formula.

As we saw in the previous sections describing the dynamic programming and MC algorithms, we
can use the GPI framework, and starting from the random policy, we can repeatedly estimate the

action-value function for the current policy and then optimize the policy using the'e-greedy policy '

based on the current action-value function.

57
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(ii.b) Off-policy TD control (Q-learning)

Instead of updating the action-value function using the action value of A,, that is taken by the agent,
we can find the best action even if it is not actually chosen by the agent following the current policy.
(That’s why this is considered an off-policy algorithm.)

To do this, we can |modify the update rule to consider the maximum Q-value by varying different
‘actions in the next immediate state. The modified equation for updating the Q-values is as follows:

Q(Se, A « Q(Sp, A) + « [Rr+1 +y max Q(Sesr,a) —Q(S, Ap)
We encourage you to compare the update rule here with that of the SARSA algorithm. As you can

see, we find the best action in the next state, Si;, and use that in the correction term to update our
estimate of Q(S,, A,).
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Q-learning algorithm

Similarly, the Q-learning algorithm is an adaptation of the Q-value iteration algorithm to the situation where the]
[ransition probabilities and the rewards are initially unknown (see Equation 18-5). Q-learning works by watching
an agent play (e.g., randomly) and gradually improving its estimates of the Q-values. Once it has accurate Q-value
estimates (or close enough), then the optimal policy is just choosing the action that has the highest Q-valuefi.e.,
the greedy policy).

Equation 18-5. (-learning algorithm
Q(s,a) +— r+ - max Q(s!,a!)
[ad @l
For each state-action pair (s, a), this algorithm keeps track of a running average of the rewards r the agent gets
upon leaving the state s with action a, plus the sum of discounted future rewards it expects to get. To estimate this

sum, we take the maximum of the Q-value estimates for the next state s', since we assume that the target policy
will act optimally from then on.

59
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Obviously, not knowing the transition probabilities or the rewards makes finding the optimal policy significantly|
harder!

O-Value Iteration Q-Learning

)

I

Q-Value(sg, ap)
B

w

o

o 10 0 30 40 50 0 2000 4000 6000 BOCD 10000
Iterations Iterations

Figure 18-9. Learning curve of the (Q-value iteration algorithm versus the Q-learning algorithm

* Q-learning algorithm is called an off-policy algorithm because the
policy being trained is not necessarily the one used during training.
After training, the optimal policy corresponds to systematically
choosing the action with the highest Q-value.

* In contrast, Policy Gradients (PG) algorithm is an on-policy
algorithm: it explores the world using the policy being trained.
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Exploration Policies

Of course, [Q-learning can work only if the exploration policy explores the MDP thoroughly enough. Although al
purely random policy is guaranteed to eventually visit every state and every transition many times, it may take an|
extremely long time to do so. Therefore, a better option is to use the e-greedy policy (€ is epsilon): at each step it

wval
and more time exploring the interesting parts of the environment, as the Q-value estimates get better and better,
while still spending some time visiting unknown regions of the MDP) It is quite common to start with a high value
for € (e.g., 1.0) and then gradually reduce it (e.g., down to 0.05).

Alternatively, rather than relying only on chance for exploration, another approach is to encourage the exploration
policy to try actions that it has not tried much before. This can be implemented as a bonus added to the Q-value
estimates, as shown in Equation 18-6.

Equation 18-6. Q-learning using an exploration function
Q(s, a) - max f(Q(s1,ar), N(st,a1))
o al

In this equation:
* N(s', a") counts the number of times the action a' was chosen in state s'.

« f(Q, N) is an exploration function, such as f{Q, N) = Q + /(1 + N), where k is a curiosity hyperparameter that

Approximate Q-learning and
Deep Q-learning

31



Approximate Q-Learning and Deep Q-Learning

* The main problem with Q-learning is that it does not scale well to
large (or even medium) MDPs with many states and actions.

The solution is to find a function Qg(s, a) that approximates the Q-value of any state-action pair (s, a) using a

manageable number of parameters (given by the parameter vector 8). This is calledapproximate Q-learning}For

years it was recommended to use linear combinations of handcrafted features extracted trom the state (e.g., the
distances of the closest ghosts, their directions, and so on) to estimate Q-values, but in 2013, DeepMind showed
that usingldeep neural networks fran work much better, especially for complex problems, and it does not require
any feature engineering. A DNN used to estimate Q-values is called a deep Q-network (DQN), and using a DQN|
for approximate Q-learning is calledfdeep Q-learning.

63
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How can we train a DQN?

Now, how can we train a DQN? Well, consider the approximate Q-value computed by the DQN for a given state-
action pair (s, a). Thanks to Bellman, we know we want this approximate Q-value to be as close as possible to the
reward r that we actually observe after playing action a in state s, plus the discounted value of playing optimally
from then on. To estimate this sum of future discounted rewards, we can just execute the DQN on the next state ',
for all possible actions a’. We get an approximate future Q-value for each possible action. We then pick the highest
(since we assume we will be playing optimally) and discount it, and this gives us an estimate of the sum of future
discounted rewards. By summing the reward r and the future discounted value estimate, we get a target Q-value
¥(s, a) for the state-action pair (s, a), as shown in Equation 18-7.

Equation 18-7. Target Q-value
y(s, a) =71+ max Qn(s!, ar)
al

With this target Q-value, we can run a training step using any gradient descent algorithm. Specifically, l&Te|
generally try to minimize the squared error between the estimated Q-value Qg(s, a) and the target Q-value y(s, L'.I],|
jor the Huber loss to reduce the algorithm’s sensitivity to large errors. And that’s the deep Q-learning algorithm!

NOTE: See this algorithm implemented for the CartPole environment in the code of Geron’s book.
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Code Time
e See demonstration and discussion in class.

*See also links in the “Code Examples” for this
lecture assignment.
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Conclusion

Reinforcement Learning with a known vs.
unknown model

Category

Dynamic Programming (DP)

Monte Carlo (MC)

Temporal Difference (TD)

Uses environment model?

YES (transition probabilities & rewards

known)

NO (learn from full episodes)

NO (learn from bootstrapped estimates

without a model)

Example methods

Value Iteration, Policy Iteration, Q-value

Iteration

Monte Carlo Prediction, Monte Carlo

Control

TD(0), SARSA, Q-learning
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