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Reinforcement learning

▶ Train an agent from interaction with an environment
▶ Actions from the agent impact the data collected

Applications
▶ Robotics, self-driving cars
▶ Games
▶ Recommender systems
▶ LLMs like ChatGPT



Games on trees or DAGs: minimax (von Neumann, 1928; McCarthy, 1958)



Monte Carlo Tree Search (coined by Rémi Coulom, Inria Lille, in 2006)
1987: Bruce Abramson, minimax search with an expected-outcome model
2012: Cameron Browne et al. “A survey of monte carlo tree search methods.”
2015: AlphaGo combines MCTS and deep learning and beats professional human Go player

Image source: Chaslot et al. (2008)





Various aspects of RL (Sutton & Barto)

Sampling from batches of episodes (“replay buffer”) of various sizes



In RL, episodes are sampled according to a policy

Agent observes state St chooses action At
You can control the agent: policy π(a|s) = π(At = a|St = s)

Environment replies with reward Rt and new state St+1
You cannot control the environment: p(s ′, r |s, a) = p(St+1 = s ′, Rt = r |St = s, At = a)

St → At → Rt → St+1 → At+1 → · · · → RT

This is called one episode of learning.
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Objectives

Let γ ∈ (0, 1) be a discount factor

The goal is to optimize the discounted return:

Gt = Rt+1 + γRt+2 + . . . =
T∑

k=t+1
γk−t−1Rk where T can be ∞

The value function vπ for a policy π is vπ(s) = Eπ[Gt |St = s]

The action-value function qπ for a policy π is qπ(s, a) = Eπ[Gt |St = s, At = a]



What can be done with these functions?

Policy evaluation
Given policy π, compute value vπ

vπ(s) = Ea qπ(s, a) =
∑

a
π(a|s)qπ(s, a)

Policy improvement
Given value vπ on states, improve policy π
i.e. pick best action a: argmaxa qπ(s, a)

qπ(s, a) = Eπ[r + γvπ(s ′)] =
∑
r ,s′

p(r , s ′|s, a)[r + γvπ(s ′)]



A first example: policy evaluation on Gridworld

S ∈ {(i , j)}1≤i ,j≤5

A ∈ {←,→, ↑, ↓}
R =


10 if leaving from A
5 if leaving from B
−1 if hitting a wall
0 otherwise.

Gridworld πuniform = (1/4, 1/4, 1/4, 1/4) vπuniform



A first example: policy improvement on Gridworld



Richard Bellman’s principle of optimality (1952) for dynamic programming
An optimal policy has the property that whatever the initial state and initial
decision are, the remaining decisions must constitute an optimal policy with
regard to the state resulting from the first decision.

Bellman’s equation

V (s)︸ ︷︷ ︸
value

= max
a

R(s, a)︸ ︷︷ ︸
reward

+γV (T (s, a)︸ ︷︷ ︸
transition

)

vπ∗(s) = max
a

Eπ∗ [r + γvπ∗(s ′)]

Rings a bell?

Bellman-Ford in shortest paths

V (u) = max
v
−wu,v + V (v) V = −d γ = 1
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Bellman-Ford
const int oo = 1e9;
int n, m;
int dist[N];
vector<tuple<int, int, int>> edge;

bool bellmanford (int u0) {
fill_n (dist, n, +oo);
dist[u0] = 0;
bool stable = false;
for (int t = 0; t < n && !stable; t++) {

stable = true;
for (auto[u, v, c] : edge) if (dist[u] < +oo && dist[u] + c < dist[v]) {

dist[v] = dist[u] + c;
stable = false;

}
}
return stable;

}

Repeat at most |V | times
For each edge (u, v) ∈ E

d(v) = min(d(v), d(u) + wuv )

dk [v ] = shortest length from source to v using at most k edges



Value iteration



Particular case: γ = 0 is the setting of contextual bandits

V (π) = Er =
∫

s

∫
a

∫
r

p(s) π(a | s) p(r | s, a)r ds da dr

observe student context s select activity a using policy

observe reward r

Online learning of classifiers: if the classifier looks at an image x picks a class y it may
receive a reward of 1 if it picked the right class, −1 otherwise

ChatGPT: given a prompt x it should choose an answer y and gets a reward r(x , y) that
it estimates itself from preferences



Reinforcement learning from human feedback: InstructGPT, ChatGPT
1. Collect demonstration data, and train a supervised policy π0(y |x) (based on GPT-3)

2. Collect comparison data, train a reward model (Elo rating from “only” 50k pairs)

loss(θ) = −E(x ,yw ,yℓ)∼D log σ(rθ(x , yk)− rθ(x , yℓ))︸ ︷︷ ︸
Pr(”answer yk is preferred to yℓ)”

3. Optimize a policy against the reward model using PPO.

objective(ϕ) = E(x ,y)∼πϕ
rθ(x , y)− βKL(πϕ, π0)

Ouyang, Wu, Jiang, Almeida, Wainwright, Mishkin, . . . & Lowe (NeurIPS 2022). Training
language models to follow instructions with human feedback.

A recent paper suggests to drop part 3 (RL) and focus on part 2 (supervised reward model):

Rafailov, Sharma, Mitchell, Ermon, Manning and Finn (arXiv 2023.06).
Direct Preference Optimization: Your Language Model is Secretly a Reward Model.



Practical

CartPole-v1

S = (x , ẋ , θ, θ̇) ∈ R4

A ∈ {←,→}
R = 1

MountainCar-v2

S = (x , ẋ) ∈ R2

A ∈ {←, 0,→}
R = −1
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