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* L29: MDP formalism.
* L30: solve itwhen P, R are known (DP).

Where We Left Off

 L31: learn from samples (Q-learning) — but keep a Q-table.
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Q-table with 10°°° entries? You don't have that much disk.
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The Big Idea

* Replace the Q-table with a neural network: Q(s, a; 6).
— Function approximation turns a lookup into a learned function — and lets

RL leave gridworld.
Q-table (L31) Q-network Q(s, a; 6)
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(billions more rows...)
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Objectives

By the end of this lecture you should be able to:

* Explain why a tabular Q-function can't scale to Atari.

» State the DQN loss and identify the regression target.
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Describe what experience replay does and why it helps.

Describe what the target network does and why it helps.

Place DQN in the line from Q-learning > AlphaGo.
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1. Why Tables Don't Scale
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Situation: Tabular Q-learning Works

Recall the update from L31:
Q(s,a) < Q(s,a) + a|r+ymaxQ(s,a’) — Q(s,a) |
a

One number per (s, a) cell. Converges.

Situation: L31's tabular Q-learning is correct and convergent.
Complication: It needs |S| x |A| nhumbers in memory.

Question: Whatis |S| for the games we actually want to play?
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Complication: States Explode

State spaces explode the moment we leave gridworld

~107068
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400+ the universe (~10%2°)
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Tic-tac-toe Chess Go Atari (pixels)

At 84x84 grayscale frames, the state space alone is larger than the number of atoms in the universe — many times over.
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Why You Can't Just Discretize

* Pixels are high-dim and structured
(nearby pixels correlate).

e Most states are never visited
— the table is mostly empty.

* Even if you did visit them, you wouldn’t generalize.
State s and a near-identical s' would get separate cells.

We need a function that says "similar states > similar Q-values" — for free.
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Answer: Function Approximation

* Replace Q(s,a) with Q(s,a; @) — parameters 0, not entries.
* ForAtari: 0 is the weights of a small CNN.

Two properties we get from this:

* Generalization — pixels close in input space get similar outputs.

* Compression — millions of states, =#1.7M weights.

4x84x84

e

\/

stacked
frames
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32 filters
8x8 / s4 64 filters 64 filters
4x4 [ s2 3x3 /sl

h Q(s, fire)
———> & Q(s, left)
—) Q(s, right)

conv 1 conv 2 conv 3 (Q- values)

[ @ = 1,7 M parameters same architecture for all 49 games }
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2. Deep Q-Networks
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ldea: Turn Q-learning into Regression

* Recall L31's TD target: r + y max Q(s’,a’). Treatit as the label.

* Train the network to minimize squared error against this label:

LO) = B | (r+7 maxQ(s', a;0) — Q(s,a;0))°

Q-learning with a neural net inside. That's it— almost.

CS3317
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Think: What Could Go Wrong?

We just plugged a neural net into Q-learning. Why didn't this work for 25 years?

Discuss with your neighbor — three prompts:

(a) Consecutive Atari frames are nearly identical. What does that do to SGD?

(b) The label r + y maxQ(s’,a’; 8) usesthe same 0 being trained.
What problem does that create?

(c) If atiny weight change shifts every Q-value at once,
what happens to the action you pick?

CS3317
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The Two Problems

4 N 6
0 Correlated samples Q Moving target
Consecutive frames are nearly identical. The target r + y max Q(s'; 8) uses 6.
SGD assumes i.i.d. samples. Update 6 — the target moves too.
< > ® |= » (5 =
t=1 t=2 t=3 =4 = current target = = = updated target
- unstable, biased gradients = chasing your own tail
% J ©

DQN's two ideas are aimed at exactly these two problems.
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e Store every transition (s, a, r, ') in a circular buffer (capacity = 109.

* At each training step: sample a random minibatch from the buffer.

Trick 1: Experience Replay

game frames

(5a,%.5")

store

—

Replay buffer
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I ' random
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=l

capacity = 1,000,000

¢ Breaks correlation (random batch =i.i.d.)
e Reuses experience (every transition trains the net many times).
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Minibatch (4)

SGD step
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on L(6)
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Trick 2: Target Network

 Keep a second, frozen copy of the network Q(s, a; 07). Use it to compute
the target.

 Every C steps (e.g. C=10,000): copy 6~>0". Otherwise: don't touch it.

every C = 10,000 steps: 0~ « 0

s,

Online network Target network
Q(s, a; 0) Q(s, a; 67)

updated every step frozen
(gradient step on L) (computes the target only)

The label is fixed for the next C steps — the regression target stops moving.

=

L(O) = Efurw| (r+7 maxQ(s',a07) — Q(s,a;6))’
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Putting It Together: The DQN Loop

g-greedy action | takeaction Env returns | observe |  Store (s,a,r,s')

SRR from Q(-,; 6) £S5 in replay buffer
State st
what we see
\ Sample minibatch : |
......] every Csteps: 8-<0 |
gradient step on L(6) E (update target network) i

Same observe-act-update skeleton from L31. Two new pieces: the buffer and the frozen copy.
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Anatomy of the DQN Network

* Mnih etal.,, Human-level control through deep reinforcement learning, Nature 518, 2015.

32 filters 2
4x84x84 8x8 / s4 64 filters 64 filters
S 4x4 [ s2 3x3/s1
b Q(s, fire)
i ———» €& Q(s, left)
—) Q(s, right)
e 4
stacked conv 1 conv 2 conv 3 (Q- values) :
frames

{ @ ~ 1,7 M parameters same architecture for all 49 games }
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3. The Atart Moment

333333



Nature 2015 — The Result

* Asingle algorithm + a single architecture matched or exceeded a
professional human tester on 29 of 49 Atari games — from pixels.

DQN on Atari (Mnih et al., Nature 2015) — 15-game subset
i
Video Pinball — 2539%
Boxinc - 1707 %

Breakout A 132 7%
Star Gunner - 505

Atlantis — 449%

Crazy Climber N  19°
Dermon Attack - 2 4%

1
Pong -/, 132%
Beam Rider — 121%

1

Ms. Pac-Man :

X 1
Asteroids G 7 25 | sparse reward —

1

1

1

1

Private Eye ” g-greedy never sees a reward
Montezuma's Revenge 0%

human level (100%)

1
0 100 10! 102 103
% of human professional score (log)
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Why This Was a Big Deal

* Pixels in. No hand-engineered features. The
CNN learns them.

* One algorithm. No per-game tuning. Same
hyperparameters across all 49 games.

* Game-changer for the field. RL went from

Self-taught Al software
attains human-level

“interesting in theory” to “front page of Nature”
in one paper. ronmnoN

Before this, "RL from raw perception"” was a research dream. After this, it was a benchmark.

CS3317
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Think: Where Will DQN Fail?

DQON is great at Pong, terrible at Montezuma's Revenge. Why?

Pong: dense reward

Montezuma's Revenge: sparse reward
1:55 1.5
1.0 1.0
0.5 A 0.5 -
2 2
= 0.0 S 0.0
g g
—0.5 - —0.51
— 0 =0 = 100+ correct actions before any reward —
reward every ~5 s — easy for Q-learning e-greedy almost never stumbles on it
_1-5 i T I T T T 1 _1.5 i T T 1 T I 1
0 10 20 30 40 50 60 0 10
seconds of gameplay

20 30 40 50 60
seconds of gameplay

What property of the reward signal does Q-learning depend on? When does e-greedy stop being enough?

CS3317
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DQN's Lineage

value network

TN

Q-learning DQN preprint DQN in Nature AlphaGo AlphaZero
1989 2013 2015 2016 2017
| | | | |
| | | [ |
Watkins - tabular  Mnih et al. - NeurlPS workshop human-level on Atari defeats Lee Sedol same family, no human data

From 1989 tabular Q-learning to 2017 AlphaZero — one family.
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AlphaGo: DQN's Descendant

AlphaGo replaced the Q-table with two networks — a policy net and a value net.

* The value net does what DQN's Q-net does — estimates how good a state is.

e Same bootstrapping idea:
train V(s) toward outcomes predicted by deeper search.

e Same scaling reason:
Go has ~10"° states. No table will ever hold them.

e One key difference:
AlphaGo has a known world model (rules of Go),
so it can also do tree search. DQN can't.

CS3317
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Summary

Tabular Q-learning can't scale; Atari has more states than there are atoms in
the universe.

Replace the table with a neural net: Q(s, a; 0). Q-learning becomes
regression.

Naive neural Q-learning is unstable for two reasons: correlated samples,
moving targets.

Experience replay fixes correlation. Target network fixes the moving target.

DQN's value-net idea is what's inside AlphaGo and most modern game-
playing systems.
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Frontier: Where DQN Stops

\

0:-*
Continuous actions

max Q(s, a) over a continuous
action space is intractable.

=> actor-critic methods

N

p

Sparse / deceptive
rewards

g-greedy never finds the goal.

—> intrinsic motivation,
curiosity

p

.

&

Sample efficiency

DQN needed 200M frames to
learn Breakout. A child learns in
minutes.

—> model-based RL (L34)

4
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Bridge to L33: Policy Gradient

DQN learns a value, then acts greedily.

What if we learn the policy directly?

Two questions for next lecture:

CS3317

® How do you "do gradient descent"” on a probability distribution over actions?

® What do you do when the action space is continuous and max makes no sense”?

L33: Policy Gradient Methods — a different family entirely.
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