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Where We've Been: A Pivot

* | 23-L28 was about generating data — images, language, multimodal.

* Models learned the structure of a static distribution p(x).

But intelligence isn't just generation — it's deciding what to do next.

L23-L28: model p(x) L29-L34: model a = n(s)
Generate observations Choose actions
the pivot
>
image / token / latent action in the world
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The Big Idea

An agent in an environment,
choosing actions to maximize reward over time.

+ © o

Atari Robotics Go
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A 60-Second Hook

How does a neural net learn this — with no labels, just a score?
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Objectives

By the end of this lecture you should be able to:
* |dentify states, actions, rewards, and transitions in a new problem.

* Formulate a task as a Markov Decision Process.

* Distinguish between rewards, returns, and value functions.

* Write down the Bellman equation for V™ and explain its recursive
form.

* Reason about why discounting is used — and what y controls.
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Outline

Part 1. Part 2. Part 3.

The RL Problem MDPs Values & Bellman
what makes deciding the formal model what we actually
different from want to compute

predicting
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1. The RL Problem
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Supervised vs. Reinforcement

e Situation: Supervised learning gives the model the answer for every input.

« Complication: In Breakout, there’s no “correct action” for each frame. Only a
score — and it comes much later.

* Question: How do you learn when feedback is delayed, sparse, and your
own choices shape the data?

(- W k e,
Supervised Learning Reinforcement Learning
X1 — cat action a;
_
X, dog Agent Environment
> _
state, reward I
% St+1 Te41 |
X3 —> cat | )
N TR IR e 7/
reward, much later...
feedback is sparse and delayed
dense immediate supervision L R B T 5 b T

credit assignment over time
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The Agent—Environment Loop

Everything in RL is built on this loop.

action a;
/ \
2 a
Agent Environment
(the policy m) (the world)
J .

state s;,;, reward ry,
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Three Things That Make RL Hard

. Delayed reward. The action that loses the game might happen

50 moves before “Game Over”.

Exploration vs. exploitation. To learn, you must try unknown
actions. To score, you must use known good ones.

Non-i.i.d. data. Your current policy decides which states you
visit next.
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RL Is Everywhere

Game playing

AlphaGo, Atari, StarCraft

Robotics

manipulation,
locomotion

LLM post-training

"helpful,
harmless,
honest"

RLHF, RLAIF
(ChatGPT)
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2. Markov Decision Processes
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Why We Need a Formal Model

e Situation: We have a loop with states, actions, rewards.

« Complication: “Loop with rewards” is too vague to build algorithms on.

* Question: What assumptions does the agent actually need?

* Answer: A Markov Decision Process — five things.

MDP = (S, A, P, R, ~)

CS3317
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The Five Pieces

e S states
—the 16 cells

e A actions
— {up, down, left, right}

* P(s'| s, a) transition prob.
— 10% slip sideways

* R(s, a,s') reward
— +1 goal, -1 pit, 0 else

*y€[0,1) discountfactor

CS3317

start
0.9

, >
i 0.1
1 slip
v

Pit

-1

action 'right' from this cell, with slip
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The Markov Property

The future depends only on the present state — not the history.

Pf(8t+1 | Sty Aty St—1, At—1, - - ) — PT(StH { St at)

This is a modeling choice, not a fact about the world.

If history matters — fold it into the state.

CS3317
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Policies

A policy ttis a rule for choosing actions
from states.

Two flavors:
e Deterministic: 1t(s)=a

e Stochastic: 1t(a|s) — a distribution over
actions

Goal of RL: find it that maximizes
expected return.

CS3317
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a deterministic policy m(s) — one action per state
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Think: Identify the MDP

A self-driving car following GPS directions. What are S, 4, R?

Discussion prompts:

1. Isthe state Markov if you only use the current GPS coordinates?

2. What's the reward — distance, time, comfort, or something else?

3. Do collisions get reward 0 or reward —o0? Why does that matter?

CS3317
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3. Values and the Bellman
Equation
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Reward vs. Return

Situation: The agent gets a reward r, at each step.
Complication: A single reward says nothing about the long run.

Question: How do we score a whole trajectory, not a single step?

Answer: the return G, — cumulative future reward.
0
G, = 2 o k
t = Tl T YT T YV T3 + 000 = YTkt
k=0

CS3317
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Why Discount? (y explained)

 Mathematical: withouty <1, infinite sums diverge.
* Practical: near rewards matter more (uncertainty grows with horizon).

* Behavioral: y controls how far-sighted the agentis. y =0.9 = 10-step horizon,
v =0.99 = 7100-step.

how much do future rewards still matter?

=
o
I

B y=05
mm v =09
B y=0.99

e o °
P (o)} [e4)
I I

y* (weight of rey g4 1)

o
(N}

o
o

10 15 20 25 30
steps k into the future
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The Value Function V™ (s)

* The value of state s under policy tis the expected return if you
start in s and follow 1t forever.

V7(s) = Ex[Gi|si=s]

A scalar per state.

The policy's credit score for being there.
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Visualizing V™ on GridWorld

high - green, low - red

+0.88

V(s) — value of being in each state

* Each cell: the value of standing there
under this policy.

* High (green) near the goal — many paths
lead there with few steps.

* Low (red) near the pit —falling in costs —-1.

e Gradient in between = the field of 'how
good is here?'

If we knew V™, we could almost act
optimally — pick the action leading to the
highest-value next state.
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The Action-Value Function Q™ (s, a)

Expected return from taking action a in state s, then following .

Q" (s,a) = 437[Gt‘st:5, a; = a|

Relationship to V:

Zﬂ' s)Q"(s,a)

Q separates the action from the policy — you can compare actions directly.
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The Bellman Equation

Value here = reward you get + (discounted) value of where you go next.

V7(s) = Zw(a | s) ZP(S/ | s,a)| R(s,a,s") + v V7(s) ]

policy: which action? world: where do we land? now + later

(a|s) P(s'|s, a) R+vyVnr(s')

Same shape as a recursion: define value in terms of next-step value.

CS3317
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Why the Bellman Equation Matters

1. It's a fixed-point equation: Vitis the unique solutionto V=Tt V.

2. Itturns a long-horizon problem into a one-step problem.
— exploited by value iteration (L30).

3. Everyvalue-based RL algorithm is built on this equation.
Q-learning, DON, AlphaGo's value net, ...

CS3317
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V(4)

CS3317

Example: 2-State MDP

two states, fixed policy: stay or go with prob 0.5 each

stay r=+1 stay r=+2
go, r=0
go, r=0
Yy =0.9

=0.5[1+9V(A)] +05[04+~V(B)]  V(B)=05]24+~V(B)] +05[04+~V(4)]

Solve the 2x2 linear system >

VT(A) =~ 5.26 VT(B) ~ 5.79
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Optimal Value & Optimal Policy

Define the best achievable value, and the policy that achieves it:

V*(s) = max V"(s) T (s) = Arg max Q" (s, a)

v

For finite MDPs, an optimal deterministic policy always exists.

> Searching over deterministic policies is enough.
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Think: Designing the Reward

You're training a robot to walk. Which reward signal will it actually learn from?

CS3317

(a) r=+1when standing, 0 otherwise.

(b) r=+1for every meter walked forward, —10 for falling.

(c) r=velocity of center of mass.

Which gives the densest learning signal?
Which exploits a loophole?
Which actually learns walking — vs. exploiting the simulator?
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Summary

* RL = an agent maximizing expected return through interaction.

* MDP = (5, A, P, R, y) — formalizes the loop with the Markov
assumption.

* Vit and Qmumeasure how good a state (or state—action) is under a
policy.

* The Bellman equation makes value recursive — that's what lets us
compute it.

* Reward design is the hardest part of an RL problem. The math
doesn't help you here.

CS3317
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Frontier: Where MDPs Stop

* The MDP formalism is a starting point. It breaks where:

Partial observability you don't see the full state POMDPs

Continuous state / action sums - integrals; function approximation deep RL (L32)

Multi-agent others' policies are part of yours game theory (L37)

Unknown P, R the topic from L31 onward learning, not planning

CS3317
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Bridge to L30

We know what we want— V™.

L30: Dynamic Programming. Two algorithms — value iteration and
policy iteration — that solve the Bellman equation when P, R are known.

After that — L3171 drops the 'P, R known'assumption, and the real RL story begins.
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