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RL Algorithms

!
{ )
Model-Free RL Model-Based RL
) L
{ 3
] ! 1 3
Policy Optimization Q-Learning Learn the Model Given the Model
Policy Gradient < - > DQN — World Models \—> AlphaZero
- i > DDPG < ) g -
A2C / A3C = . y > C51 —> I2A
- > TD3 “ -_ ’ - ’
PPO < ) >  QR-DQN > MBMF
‘_ ; »  SAC < : ; ':;
TRPO < ) > HER L >  MBVE
Part 2: Kinds of RL Algorithms — Spinning Up documentation. Spinningup.openai.com. (2022).
Taxonomy
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Trajectories:

T = (S0, g, $1, a1, ---)

Rewards: Finite-horizon undiscounted return Infinite-horizon discounted return
_ T =
Tt - R(Stj a/tj St—l—]_) H{T} _ ZT* R(T}l = ;nr Ty
On-policy Value Function: =0
V™(s) = E [R(7) |so = s]
T ~TT
On-policy Action-Value (Q) Function: Bellman Equations
Q" (s,a) = TEW (R(T) |so = s,ap9 = a - —
Optimal : V7(s) = fi']g” r(s,a) +~V7"(s')]
max st
Policies: (.2-( ) B { ) 1D [(2 ( ! .F}]
_ J'(s,a)= E |r(s,a)+~ E |Q7(s,a
a; = ju(st) a; ~ 7(-|s¢) J~P ok

\ Concepts
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Monte-Carlo Temporal-Difference Dynamic Programming
V(S,) « V(5:)) + a (G, — V(5:)) V(5:) « V(5e) + a(Rese1 +¥V(Ses1) — V(51)) V(S:) < Ex [Resr + 7 V(Ses1)l]

David Silver's RL course lecture 4: "Model-Free Prediction"

\ Monte Carlo | Temporal Difference | Dynamic Programming
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On Policy:

« Same policy used to generate experiences and to improve

. SARSA O(a,s) < OQa,s)+a-(r,+y-0(d',s")—O(a,s))

Off Policy:

* One policy (Target policy) to generate samples
* Another different policy optimized during the process

« QLearning O(a,s) < 0(a,s) +a'tf; + y max Q(a',s')-Q(a,s))

——

@\ On | Off Policies
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Set values for learning rate @, discount rate . reward matrix R

Initialize Q(s.a) to zeros

Q Table

Actions

Repeat for each episode.do
Select state s randomly

Repeat for each step of episode.do
Choose a from s using ¢-greedy policy or Boltzmann policy

Take action a@ obtain reward » from R, and next state s’

Update O(s,a)— O(s,a) + a|r +y mz}l.xQ(s',a’) - O(s,a)]

Etats

Sets =5’
Until s 1s the terminal state

End do
End do

11
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\ Q Learning
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Policy parameters optimization: oy = 0L + aVy J(’?Tg}k\}

Gradient of expected finite-horizon: Vi/(m)= E Z Vg log my(as|s:) A™ (se, ar)

t=()

Advantage function: A™(sp,a) = Q7 (sg,a) — V™ (s¢)

@\ Policy Optimization — Vanilla Policy Gradients
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At a ri Close feedback / reward
MUJOCO Initialize ]] [ ( observations
Toy Text Reset | v ]

Classic Control L

Box2D Step( action ) I I action

feedback / reward & observations

Third Party Environments

o o o e e =

\ Simulated environments
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\ Deep Q Learning

Mnih, Volodymyr, et al. "Playing atari with deep reinforcement learning."
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Optimize

for

Simulate

end
end for

)

Environnement

\ Deep Q Learning - Training

[nitialize replay memory D to capacity N

[nitialize action-value function () with random weights
for episode = 1, M do

[nitialise state sy

t=1.7 do

With probability € select a random action a;

otherwise select a; = max, Q*(s;,a;0)

Execute action a; and observe reward r; and state s¢+

Store transition ( sz, a¢, vy, $¢+1 ) in D

Set s;41 = 8¢

Sample random minibatch of transitions ( S¢, @, 74, s¢+1) from D
¥

for terminal s+
rj +ymaxy Q(st+1,a’;0)

for non-terminal s¢.
Perform a gradient descent step on (y; — Q(s¢, a;: H})"2
for

Set y;
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@\ Deep Reinforcement Learning
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