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Where We Left Off

e L29: MDP. L30: DP. L31: TD / Q-learning. L32: DQN scaled it to Atari.

Every lecture so far ended at the same place: learn a value, then act greedily.
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TD / Q-learning

v

Learn from samples
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Scale to Atari

argmax, Q(s,a)
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Every lecture so far ended at the same step. Today we branch off.




The Pivot

All value-based methods follow the same recipe:
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estimate Vor Q > derive policy by argmax.

Value-based (L29-L32) Policy-based (this lecture, L33)

St:te —>| Q(s,a) |—>| argmax —> action | St_?,te —>| m(a|s; 8) —>| sample —>

deterministic, indirect i stochastic, direct

What if we skip the value, and learn the policy directly? A different family entirely.




From scratch — to anything you can describe

OpenAl Dactyl solving Rubik's cube
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Trained with PPO — a policy gradient method. This lecture: how that works, in three steps.
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Objectives

By the end of this lecture, you should be able to:
* Explain three problems value-based methods can't solve.

* State the policy gradient theorem and identify the log-likelihood
trick.

* Distinguish REINFORCE from actor-critic in one sentence.
* Explain why a baseline reduces variance without introducing bias.

* Sketch the RLHF pipeline and place the policy gradient step in it.
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Outline
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Why we need
policy gradient

Three problems
value-based can’t solve

7

Q Part

The policy
gradient theorem
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e Part

From REINFORCE
to ChatGPT

Variance, baselines,
PPO, RLHF




1. Why We Need Policy Gradient
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Problem 1: Continuous Actions

e Situation: DQN's policyis argmax_a Q(s, a).

« Complication: What if the action is “torque between -1 and +1”? The
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argmax is over an infinite set.

Question: How do you max over a continuum?

Atari - discrete actions Robot - continuous torque

'T torque € [-1, +1]

0
-0.5 0.5
e A: 18 actions
=1 #1

v

argmax over 18 / tractable argmax over R x intractable

Discretizing to 100 bins per joint x 20 joints = 10*° actions. Worse than the table.



Problem 2: Stochastic Optimal Policies

e Situation: Value-based methods always extract a deterministic policy.

 Complication: |In paper-rock-scissors, the optimal strategy is uniform
random. A deterministic policy gets exploited.

* Question: How do you learn to be intentionally random?

Deterministic policy - “always rock” Stochastic policy - uniform 1/3, 1/3, 1/3
1.4 - 1.4 -
1.2 4 1.2 4
1
1.0 A 1.0 A
0.8 1 0.8 1
< G
= 0.6- = 0.6-
0.4 - 0.4 - 1/3 1/3 1/3
0.2 - 0.2 --_-_-
0.0 - T T 0.0-
rock paper scissors rock paper scissors
- Exploited. Loses to “always paper”. - Nash equilibrium. Unexploitable.

Callback to L29: the deterministic optimal-policy theorem holds for fully-observable single-agent MDPs. Multi-agent or

partial-obs breaks it.
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Problem 3: Smoothness of the Optimization

e Situation: Asmallchangein Q can flip argmax. The induced policyis a
step function.

« Complication: Step functions are hard to optimize end-to-end — no gradient.

* Question: Can we make the policy a smooth function of 6, so gradients flow?

argmax (hardmax) softmax (smooth)
1.2 1 1.2 1

1.0 1

0.8 1

s)

s 0.6
0.45

0.4 1 0.4 0.33
0.22
0.2 1 0.2
0 0
0.0 - 0.0
ai az as ai az as
tiny change in Q - flip in action smooth in & - gradient flows

Backpropagation needs differentiable everything. Policy gradient gives us that.
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The Answer: Parameterize the Policy

The network outputs a distribution, not a value.

Discrete actions 2 softmax: Continuous actions 2 Gaussian:

mo(a | s) = softmax(fy(s))  mla|s) = N(u(s), oa(s))

————————, [

MLP
s |—> fo —> | softmax —)III. E]—) I\:LGP | po [ { : 5

L . J e
a; a, az ag ... state U

state /

policy network conver't' t.o action policy network e anF! Gaussian
probabilities probabilities std (per dim) distribution
| n(als0) = softmax(f(s) | | 7@ 50) = Nuo(s), ools) |

Now we sample actions. To learn, we need to follow VO E[return].

CS3317
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2. The Policy Gradient Theorem
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The Goal in One Line

Maximize expected return as a function of policy parameters:

Then do gradient ascent:

0 < 0 + &V@J(@)

Sounds easy. How do you take the gradient of an expectation over trajectories drawn from 1g ?

CS3317
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Think: Spot the Problem

You want VgJ(6). The expectation is over trajectories drawn from 1g. The thing whose
distribution depends on 0 is also what you want to differentiate w.r.t. 6.

Discuss — three prompts:
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(a) If you sample N trajectories and average their returns, can you backprop
through that?

(b) The action a was sampled —is a a differentiable function of 67?

(c) Why doesn't the reparameterization trick (VAEs, L24) work directly here?
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The Log-Likelihood Trick

One algebraic step that fixes everything:

Vy

Lo f(T)] = Exl f(7)- Vglognm(T)]

Why? One-line identity:

CS3317

Vop = p-Vylogp

The gradient is itself an expectation we can estimate by sampling.
No backprop through the environment needed
— sample-and-average an estimator of the gradient.
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The Policy Gradient Theorem

Plug into the trajectory return:

Vod(0) = E;p, ZV@ log mg(ay | s¢) - R(T)
{

In words: increase log-probability of actions that led to high returns; decrease it for
actions that led to low returns.

REINFORCE - Williams (1992). One of the most-cited results in modern RL.

No value function. No Bellman equation. Just sample, score, multiply, average.

Cs3317 [1] Williams et al., Simple statistical gradient-following algorithms for connectionist reinforcement learning, 1992.
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Pseudocode of REINFORCE

for iteration =1, 2,
sample trajectory 1~ my
compute return G =2X;1;
for each step t in T

0 « 0 + a -G - Vglogmg(ag|s;)

Three things happen each iteration:
1. rollout — sample a trajectory from the current policy.
2. score — compute its return G.

3. credit-assigh — push log it up where G is high, down where G is low.

That's it. Now where does it break?

CS3317
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3. From REINFORCE to ChatGPT
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REINFORCE's Problem: Variance

e Situation: REINFORCE is unbiased — the estimator is correct on average.

« Complication: It's also catastrophically high-variance. G can swing wildly
between rollouts.

* Question: Can we reduce variance without introducing bias?

REINFORCE (no baseline) REINFORCE + baseline
2.0 - 7
1.5 high variance low variance
’ slow improvement fast improvement
S 1.0 :
£
3 0.51 .
g
T 0.0 -
(@}
()]
o
o —0.5
-1.0
_1.5 T T T T T T T T T T T T T T T T T T
0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
training iteration training iteration
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The Baseline Trick

Subtract any function b(s) that doesn't depend on a:

VQJ = ZV@lOg’iTQ<CLt ‘ St) . (Gt—b(8t>)
t

Claim: leaves the gradient unbiased, but can dramatically reduce variance.
Why unbiased: E[Vlogm - b(s)]| = b(s) - VE[1] = 0.

Best choice of baseline: b(s) =V(s) —the expected return from s.

Now G; — V(s;) is the advantage A; — “how much better was this action than average?”

CS3317

20



e Actor:

e Critic:

CS3317

Actor-Critic: The Two-Network View

Tg(a | s) — the policy. Tells you what to do.

Vo (s) —the value baseline. Tells you what to expect.

state
S

current
observation

\

Actor
me(a | s)

policy (stochastic)

sample

P action a e

draw action
from g

\ 7

actor update
increase log mg(a | s)
proportional to A

Critic
Vy(s)

state-value
function

Environment

apply action a

—>1, s’

reward r

and next
state s’

critic regression target
make Vy(s) close to

r+ yYVe(s')

Advantage

A=r+yV(s')
- V(s)

how much better
than expected

This is the algorithmic skeleton of every modern policy gradient method.
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The Modern Family: PPO and Friends

* A2C / A3C (2016): parallel actor-critic — the mainstream of the deep-RL era.

* TRPO (2015): don't take a step that changes the policy too much (controlled
via KL divergence).

* PPO (2017): TRPQO's idea, simplified — clip the update ratio. The most-used
policy gradient method today.

RLHF /
DPG A3C ChatGPT
SHve@etaL MnﬁﬁetaL OuyangetaL
REINFORCE TRPO PPO :
Mﬁm?nw é SchuhnénetaL ; Schuhn?netaL
i ] ] ] i i
| | | | | |
1992 2014 2015 2016 2017 2022

REINFORCE was the seed. PPO is the production-grade descendant. RLHF brought it to language.

PPO is the algorithm that trained ChatGPT.

CS3317



RLHF: The Payoff

* Pretrained LMs are great at next-token prediction, but bad at “be a helpful
assistant”. RLHF fixes that:

( &)

Step 1. SFT € Sstep 2. Reward Model

(Supervised Fine-Tuning)

— Supervised fine-tuning Train ry(x, y) on /’}I] Treat the LM as policy 7,

':/ on human demonstrations. ’ human preference pairs. .. l[”] the reward model as r.

|©| Base LLM —> Helpful-style LLM u,&_] 4 Ls_] (LP;“CV) <>
Tty

. (r)
Pairs: (Ywinner = Yioser)-

@ Learn from human-written answers. @& Humans compare two answers. @ Use PPO to maximize reward r.
@& The model becomes generally helpful. @ The model learns which one is better. @ Policy-gradient updates 6..

~

f e Step 3. PPO

. s . J . J

start from helpful behavior (SFT), teach preferences (Reward Model),
and optimise the policy with PPO.

\l/

@ “Helpful, harmless, honest” comes from the third box — PPO optimizes for human preferences.
CS3317



ChatGPT — RLHF in Production

Preference Alignment using RLHF

Step 1: Step 2: Step 3.1: Step 3.2:
Pre-Training Instruction Alignment Reward Model Policy
Training Optimization

Internet l l
Archive g — PR (x(t) y(t) y(t)) @ New

. prompts
Massive amount Prompts l Preference data
of raw x® ¥ (x(i),y(i) ) :
unlabeled data —— Reward
\ Data Training

(S (o)~ s J-@ o (o

Base model Reward Model Aligned
Model

75 = Max Ex.p,y~my(y}x) [ »(x,y) — B+ Dgilme @lx)llﬂsn(ﬂx)]]

Three years from PPO paper (2017) to ChatGPT (2022). The bridge was scale + RLHF.
CS3317



CS3317

Summary

Value-based methods break on continuous actions, stochastic-optimal
policies, and non-smooth optimization.

Policy gradient parameterizes mt directly and does gradient ascent on
expected return.

The log-likelihood trick turns V of an expectation into an expectation of V.
REINFORCE: unbiased but high-variance.
Baseline / advantage reduces variance — and gives us actor-critic.

PPO is the production-grade actor-critic — what trained ChatGPT.
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* Three binding constraints — each is its own active research area:

CS3317

Frontier: Where Policy Gradient Stops

P

&

Sample efficiency

A
lllII
PPO needs millions
of rollouts.

—> off-policy methods, SAC

B

-

3

Exploration

Gradient ascent gets
stuck in local optima.

—> entropy bonuses, intrinsic
curiosity

\

5/

P

-

N
Models of the world

We sample the environment —
we don't learn it.

—> L34: Model-Based RL
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Bridge to L34: Model-Based RL

* Five lectures (L29-L33), one assumption — the environmentis a

black box you sample.

What if you learn a model of it instead?

Two questions for L34:

CS3317

1. Can a learned world model do everything DP did — without knowing the rules?

2. Why is sample efficiency the holy grail of RL, and how does a model help?

L34: Model-Based RL — the last lecture of the RL module.
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