Game 1

Fan Hui (Black), AlphaGo (White)

AlphaGo wins by 2.5 points
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Image credit: Silver et al., Nature, 2016
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Scaling up

©
®

Lunar lander

Today’s lecture: going beyond the simple RL problems

we’ve done so far
We’ll need some changes in our setup
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® Previously: we knew description of the world, e.g., expressions
for R(s,a) or P(s' | s, a)

® [nstead: agent just interacts with environment over time — if we
want R(s, a) etc., have to learn it from data

e Alternating observations, actions, rewards 0, a,, 1y, 05, G5, >, ...

Lcalled a trajectory

Geoff Gordon
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actions: controller buttons,
joystick position
transitions: determined by
game code
reward. score increase

observations: screen images
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Learned,
approximate
functions

2 fc layers +
RelLU

2 conv layers +
pooling, ReLU

scalar output V

0 (linear layer)

stack of past images

® Previously: could list out all states, keep a table of a
function like V*(s)

e Now: any function we care about has to be represented
as an ML model, e.g., a deep net

® One parameter vector per function we care about, each fn

can have its own network architecture
Geoff Gordon



Policy

2 fc layers +

RelLU
2 conv layers + |
pooling, ReLU o~ [ o %\%,
scalar output P
0 (linear layer)

one possible ="

| action a
stack of past images

g o I B Aot 3 20 Y i s s R e P e

e Policy is a model too: represents P(a | s, )

> note: stochastic! (lets an optimizer make small changes)
; ® Several common ways to set up:
g »s,at— P(a | s, n)

Geoff Gordon



2 fc layers +

RelLU
2 conv layers +
pooling, ReLU vector output P
(softmax layer)

Policy

stack of past images

e Policy is a model too: represents P(a | s, )

> note: stochastic! (lets an optimizer make small changes)

; ® Several common ways to set up:
g »s = [P(a | s,nm), P(a, | 5,7), ..., P(a | s, 7)]"

Geoff Gordon



2 fc layers +
RelLU

2 conv layers +
pooling, ReLU

vector output P
(softmax layer)

Policy

¥ oA Tty o N ST WS SIS e I WL s e g P 2y A 220 O oo ' -

> note: stochastic! (lets an optimizer make small changes)
1 ® Several common ways to set up:
g »s = [P(a | s,nm), P(a, | 5,7), ..., P(a | s, 7)]"

Geoff Gordon



2 fc layers +

RelU multiple
2 conv layers + outputs,
pooling, ReLU different

activations

Policy

stack of past images

g o I B Aot 3 20 Y i s s R e P e

e Policy is a model too: represents P(a | s, )

> note: stochastic! (lets an optimizer make small changes)
; ® Several common ways to set up:
g > § = parameters of action distribution like mean, variance

Geoff Gordon



State vs.
observation

e Agent doesn’t see state directly: s, # 0,, common mistake!
» observation informs about state: e.g., screen image — position

> but often need to fuse information from several o,: e.g., velocities

® Terminology: fully/partially observable

Geoff Gordon



State vs.
observation

e What do we do if we don’t know s,?

e Simplest approach: network implicitly figures out the state
from its input (such as a stack of images in slides above)

> lots of more complicated approaches, but not in 301/601
e Assume this approach: a trajectory Is now sy, dy, 'y, S5, ...
> each s, is sufficient info for network to reconstruct state

> e.g., stack of past observations and actions
Geoff Gordon



Learning V”

o Want to train a network Vg(s) w/ parameters @

> Inputs: state info, e.qg., stack of images

> output: value estimate

e Data: follow &, observe one or more trajectories
S1,A15 1587, Ary Vryy ..

e Each trajectory yields several training examples

Geoff Gordon



Learning V*:
example

® Environment:
» state x € [—3,3], startatx = 0
> actions L: x = x — N(1,6%) and R: x = x + N(1, 6?)

5‘,
|
3
|
¥
|
‘ > rewards: —1 per action, terminate when x & [—3, 3]
i > Y = 1, O — l

4

Geoff Gordon



Some
sample
frajectories

Each trajectory
yields several
training examples

step ¢
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Learned V"
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® Train as supervised regression (minimize MSE)
® Blue dots: training points (1k trajectories, ~12k samples)
e Orange line: fitted V” (2-layer ReLU net, width 64)

® Note: extremely noisy!

Geoff Gordon



e Suppose we've already learned estimated parameters ¢,

e Observe s, 7, s’
> Bellman equation: V*(s) = E[r + yV*(s')]
» Fixed point iteration: train Vg(s) ~ T+ yV”l(S’)

Fixed point

Iteration - i.e., SGD on ¢ to minimize MSE [note: ¢, fixed]

o After a while, set ¢p, = ¢

» reinitialize @ and train Vg(s) X~ T+ }/ng(s’)
® Repeat
o Fixed ¢, called target network

Geoff Gordon



Temporal
difference
learning

¢ Hyperparameter: how often do we update target network?

> every 10 trajectories”? every 1007
e [f we update after every SGD step, get TD(0) algorithm
> in this case, no need to store ¢, separately

> probably the best choice: in this context the only effect of
waiting to update is to slow down learning

> In other RL methods, slower target network updates can help
convergence and performance

® By contrast, supervised regression method is called TD(7)

There’s a family of algorithms TD(A) for 4 € [0,1] interpolating between TD(0) and TD(1)

Geoff Gordon



for _ in range(3000):
Xs, rs = trajectory()
T = len(xs)
with torch.no_grad():
tgt = [rs[t] + model(xs[t+1]) for t in range(T-1)] + [rs[T-11]
err = 0.0
for t in range(T):
err += criterion(model(xs[t]), tgtl[t])
optimizer.zero_grad()
err.backward()
optimizer.step()

5 = —8 -
TD(0) T
example ) o
| =TT S T
!
|

Geoff Gordon



e V" tells us what states are good to be in

State values
vS. action
values

e What if we want to know what actions are good to take?

e Definition: the action-value function is

» Q"(s,a) = E _(ry +;/r2+y2r3+ .| sy =8,a; = a)

e Cf. definition of (state-)value function V*:
» Vi(s) =k (1) + yry + y2r3 + ... | 5y =)

Geoff Gordon



Environment

Value
function
example

r=—1 r=—10 r=—1

pay this much
cost when
leaving state

Policy x: always move right

Table of V*

Geoff Gordon



Environment

Q function
example

r=—1 r=—10 r=—1

Policy x: always move right

Table of O”

0(,0) =-14 0Q2,0)=-14 0B.0) = =22 Q4.0) = —12

Geoff Gordon



® Set up supervised regression problem r@//,]/%

> training examples map s,, a, — sum of discounted gests after
step f (cf. learning V*)

Learn QO the
same ways
asVv”

e Or use fixed point iteration:

|
|
)
| » ()7 satisfies a Bellman equation just like V*:

f Q*(spa) = 1, +yQ"(S;41, A1 1)

3 > evaluate RHS with target network, train LHS by SGD step
} * These are called SARSA(1) and SARSA(0)

} > SARSA=s,4a,r, 5, @

Geoff Gordon



e In tabular case (previous lecture), we can just update 7 to
be the greedy policy for Q"

&' (s) = arg max Q”(s, a)

® Could do the same here, but

Policy
Improvement

> there will be errors in our estimate of Q"

» so switching to 79" is too aggressive

e Instead we want to take a small step to improve «

policy for V" instead? \
S AL e o wedk (8,9\) r 6 I’E (\/(%( } S/A)
0\ J— —

—_—

|
:
|
-2
|
f} ¢ Q: could we switch to (or take a step toward) the greedy

Geoff Gordon



How to
Improve our
policy?

o Want to maximize J(0) =k, [r) + 1, + ... +r/]

note: we’re using undiscounted

® Maybe the simplest idea: analogous to SGD finite horizon, but other setups

are analogous

» initialize policy parameters ' € R

> on training iteration m = 1,2,...:

o COMpute stochastic estimate g = %J(é’)
Qm

o update 8"t — @™ 4+ ng™  (learning rate 7, could be 1™
e Called the policy gradient method
e But how do we get g"?

» not obvious how to differentiate expected cost J wrt 0: depends
on (unknown) properties of environment

Geoff Gordon



d = number of parameters in KN =E [r
— +r+...+r
policy, so 0 € R4 (0) n L1 T 7 d

e Observe trajectory 7" = (S1 , a1y .., Sy, Ay, ) by
following policy m(a,” | s;")

® Define
. revJam’f
Q" = Zi_ r € R (empirical total cest starting from step ?)

Policy
gradient
theorem

utm =— < In m(a™ | s™) € R (action score vector, from autodiff)
Z O " € R (the gradient estimate)
Policy gradient theorem:

¢"" is an unbiased estimate of —J(H)

Geoff Gordon



d = number of parameters in KN =E [r
— +r+...+r
policy, so 0 € R4 (0) n L1 T 7 d

e Observe trajectory 7" = (S1 , a1y .., Sy, Ay, ) by
following policy m(a,” | s;")

® Define

Policy
gradient
theorem

T - .
Q" = Zi_ r™ € R (empirical total cost starting from step ?)

utm =— < In m(a™ | s™) € R (action score vector, from autodiff)
Z O " € R (the gradient estimate)
Policy gradient theorem:

¢"" is an unbiased estimate of —J(H)

even if we don’t know anything
about the environment or state

Geoff Gordon



Policy
gradient
theorem

d = number of parameters in
JO) =FE, [r+r+..+
policy, so 0 € R4 (0) L1+ 72 rr]

e Observe trajectory 7" = (S1 , a1y .., Sy, Ay, ) by
following policy m(a,” | s;")

® Define

Q" = ZlT_ r;" € R (empirical total cost starting from step 7)
utm =— < In m(a™ | s™) € R (action score vector, from autodiff)
Z O " € R (the gradient estimate)
Policy gradient theorem:

¢"" is an unbiased estimate of —J(H)

even if we don't know anything  and even if environment is PO
about the environment or state

Geoff Gordon



gradient
Intuition

o Policy gradient: g™ = Zthl Q' u/”

e Score vectors u,"': parameter direction that would
increase (log-)probability of taking action a;” in state s,"

e Scale by Q/": upweight score vector when reward is
large, flip score vector if reward is negative

® On average: a direction that changes policy by taking
actions more often if they were associated with high (total
future) rewards

> step along this direction: change policy multiplicatively
in favor of high-reward actions

® To minimize costs, step along negative gradient: take
actions less often if associated with high costs

Geoff Gordon



¢ [f we plug the estimate from the policy gradient theorem
into the policy gradient method, we get one of the oldest
RL algorithms: REINFORCE [Williams, 1992]

® Repeat:

5..
REINFORCE |

)
!

> gather some trajectories under current policy 7

» compute gradient estimate g by policy gradient theorem
» update & by SGD

!
X
|
!
® Showed version for undiscounted fixed horizon; results
i and algorithms are almost the same for discounted or
; stochastic shortest paths, or for costs instead of rewards

Geoff Gordon



+3

REINFORCE
example

Geoff Gordon
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(x,a) Q

(0,R) -7

- 0 +3 (3,R) -6

(1.6,L) -5

e (2,R) -4

Calculate 14- (13, -3

gradient 12- @1,R) 1
estimate |
o g
(/)] 6_
4_
2_

-3 —2 _1 0 1 2 3

e Start at w = b = 0 (so & is uniform random at all x) —
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e REINFORCE and TD learning are simple to implement
e Can work well both in practice and in theory:

> In practice, handle moderate-horizon tasks w/ dense reward

Behavior of
REINFORCE
and D

learning

> Led to models of animal behavior that were used to explain
operant conditioning experiments

> Theorem: w/ sufficiently small and decreasing learning rate,
e REINFORCE will converge to a local optimum of J(6)

e TD(1)/SARSA(1) will converge to locally min-MSE estimate
of V* or O”

e Slightly more complicated results for TD(0)/SARSA(O)

Geoff Gordon



Failure
modes of
REINFORCE

|
|
|
g
;
|
*

® Exploration
> We get a nonzero gradient only if cost/reward is honzero

> |f feedback is sparse and we start with a random policy, might
wander forever without learning anything

> Imagine: learning to cross a tightrope

e Cancellation (low SNR)

> Total return O can scale with horizon, and can vary a lot due to
randomness Iin policy, environment

> Overall gradient can be much smaller (terms w/ opposite signs)

® Getting stuck

> When policy gets close to border of simplex, score vectors for
unlikely actions get large, probability of seeing them gets small

> In the limit, oo - O (have to sample a really long time to average!)

Geoff Gordon



Failure
modes of
REINFORCE

%
|
|
|

® Exploration

> |f feedback is sparse and we start with a
wander forever without learning anyib

> When pvn€y gets close to border of simplex, score vectors for
unlikely actions get large, probability of seeing them gets small

> In the limit, oo - O (have to sample a really long time to average!)

Geoff Gordon



. . T
e Policy gradient: g = Zt—l Qtut (suppressing trajectory index m)

» stochastic gradient g¢ € R for this trajectory

> at each step 7, total future reward or cost O, € R
4
do

e Problem is high variance in ¢ due to randomness in policy
and environment

Reducing
variance

» score vector u, = — Inzy(a, | s,)

> (), depends on future trajectory, u, depends on action

> both can be large compared to g (cancellation)

® To reduce variance, replace random quantities with their
expectations where possible

Geoff Gordon



Actor-critic

T
REINFORCE: & = D, _, O,

e Reduce variance: replace (), by conditional expectation
g _(Qz ‘ S+ Clt) — Qﬂ(sza az)

T .
> GexactQ = 2.,y Q"(s» a)u, — usually not implementable

® Or use learned approximation

I T
> EAC = thl Qy(sy, au,

» unsafe: introduces bias to gradient estimate due to Q(Z

> but still can be highly successful
¢ Bias means we may make policy worse instead of better
> if bias is enough to alter gradient more than 90°

> happens if we already have a good policy, or if we have a
very small gradient signal (e.g., sparse costs/rewards)

Geoff Gordon



I
Actor-critic: § = Z —1 Qg(st, at)ut

e Can train  and Qg simultaneously

» T IS called the actor, and Qg IS called the critic

> typically, want critic to learn faster — big policy changes can
cause instability in learning

Actor-critic

e Qualitatively:
> critic always trying to accurately evaluate state, action value

> actor: a step in direction u, will increase probability of a,, so

> any a associated w/ higher Q(s,, a) will increase in probability

e Gradually tries to make policy greedier (more likely to
take action arg max_, Q(s,, a)

Geoff Gordon



Uy = — < In my(a, | s,)

do

® Next idea: action score vector has expectation O

Re duce ® Derivation:
variance ", | 5) =Y, mya|s)=Inmyals)
using d

— ﬂ(a‘sz) ﬂ(a‘st)
E[score] = 2T T 0"

- Za d@ﬂe(a | St)

|
5
|
)
i
.z
|
i
_; = ()  « differentiate both sides of 1 = 3, my(a | s,)

Geoff Gordon



Baseline

e Let B(s) be any function of state

¢=Y Qu,=Y (Q,— B(s) +B(s)) u,

—[g] =

> §, IS constant In

(Q,— B(s) + B(s)) u, | s,}
(Q,— B(s))u, | 5| + B(s,)

(Qt o B(St)) U, ‘ St]

AR

(- | s5,), lets us pull out B(s,)

» Used known expectation of 1, to eliminate last term

e Replace Q.u, — (Q, — B(s))u,
> same conditional expectation

> could be lower or higher variance, depending on B

Geoff Gordon



® New gradient estimate:
g=>Y (0, Bls))u,

e B is called a baseline: we are comparing total cost to
B(s,) instead of to O

> recover old method by setting B(s) =0 Vs

Baseline

e Good baseline: B(s,) should be close to E(Q, | s,) so that
term In parentheses is small

> can’t use (s, a,) since B(s,) doesn’t depend on a,

» if we’ve learned a value function estimate, Vg(st) fits the bill

Geoff Gordon



e REINFORCE w/ baseline vs. actor-critic:
> baseline: no bias (above derivation is exact)

> but higher variance: more randomness remains in
Q, — Vg(st) than in Qg(st, a,)

e \What if both?
L g =Y (0, a) — VEs) u,
> even less variance than actor-critic, but bias remains
» A"™(s,a) = OQ”(s,a) — V*(s) is called the advantage of a in s

e large A”(s, a) means it’s advantageous to take a in s (vs.
following 7)

Baseline vs.
actor-critic,
and AAC

> S0, using this g is called advantage actor-critic (AAC)

Geoff Gordon



Scaling up
RL

® Any function we learn (policy, value, environment model):
scale up w/ standard techniques (model parallelism, data
parallelism, parameter server, ...)

® RL-specific scaling:

> Even with variance-reduction technigues, variance of a policy
gradient estimate is high (much higher than typical for SGD)

> Means we can take advantage of bigger batch sizes — better
ratio of computation to communication

> E.g., useful for RL to run 300 trajectories of length 300 on
each worker and reduce (about 10° points, vs. our earlier
example of diminishing returns after ~10 points)

¢ For parallelism, need to generate trajectories in silico
> a simulator
> or a purely computational task like Go or Minecratft

> or a giant farm of robots surrounded by safety cones

Geoff Gordon



® One component of AlphaGo is a policy trained by
REINFORCE with baseline

e Go is fully observable, s, = the current Go board

e V”(s) = win probability for black, given board s with black
to move, averaged across our pool of opponents

¢ Baseline = deep net trained to approximate V by TD(1)
regression on a large dataset of positions from games

® One key component we didn’t cover: during play, instead
of learned 7, or greedy arg max (r(s, a) + Vg(é(s, a))),

we look ahead several moves by randomized tree search
(MCTS) — transforms from a Go player that beats most
amateurs to one that beats Lee Sedol

Geoff Gordon



¢ Training and play ran on a cluster of 50 GPUs

¢ Training:

> supervised policy: minibatches of 16 positions, 340,000,000
iterations of async SGD via parameter server, ~1k GPU-days

Example:
AlphaGo

> REINFORCE: minibatches of 128 games, embarrassingly
parallel; 10,000 iterations of synchronous policy gradient, 50
GPU-days

> self-play data: generated 30,000,000 positions, each from a
separate game, embarrassingly parallel

iterations of async SGD, parameter server, 350 GPU-days

|
:
|
;i
|
i > Value network: minibatches of 32 positions, 50,000,000
; * Play: custom parallel variant of MCTS

Geoff Gordon



Consider for example the factorial function, which might be defined recursively as:

int factorial(int n) { if (n == 0) then return 1; else é
return n * factorial(n-1); } g'
Example: | o o | B
; To provide a meaning for this recursive definition, the denotation is built up as the limit
g enera tl ve of approximations, where( )
language |
g g ® Generative language model: produce text by repeatedly
mOdeI Choosing next word to fill In (actually subword token)

® Sequential decision problem: state = words so far, action
= next word

® Train base model as a classifier on a giant corpus: e.g.,
internet crawl, Wikipedia, public Github repos

® The result is not what we want: it predicts what a random
internet user would say next (bigoted, NSFW, cruel)

Geoff Gordon



Consider for example the factorial function, which might be defined recursively as:

int factorial(int n) { if (n == 0) then return 1; else é
return n * factorial(n-1); } g'
Example: | o o | B
; To provide a meaning for this recursive definition, the denotation is built up as the limit
g enera tl ve of approximations, where each( )
language |
g g ® Generative language model: produce text by repeatedly
mOdeI Choosing next word to fill In (actually subword token)

® Sequential decision problem: state = words so far, action
= next word

® Train base model as a classifier on a giant corpus: e.g.,
internet crawl, Wikipedia, public Github repos

® The result is not what we want: it predicts what a random
internet user would say next (bigoted, NSFW, cruel)
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Consider for example the factorial function, which might be defined recursively as:

int factorial(int n) { if (n == @) then return 1: else
return n x factorial(n-1): }

credit: Wikipedia

Example:
generative
language
model

To provide a meaning for this recursive definition, the denotation is built up as the limit
of approximations, where each approximation ( )

® Generative language model: produce text by repeatedly
Choosing next word to fill Iin (actually subword token)

® Sequential decision problem: state = words so far, action
= next word

® Train base model as a classifier on a giant corpus: e.g.,
internet crawl, Wikipedia, public Github repos

® The result is not what we want: it predicts what a random
internet user would say next (bigoted, NSFW, cruel)

Geoff Gordon



Reinforcement
learning from
human
feedback
(RLHF)

|
|
:
i
¥
|

e Make it better: train as an RL problem, where humans
provide feedback signal

> learn to generate what we actually want, instead of the worst of
the internet

e Many ways to set up feedback (human’s rating problem)
> e.g., give two complete generations, ask which is preferred
> train regression to predict score that determines P(preferred)

> use learned score as delayed reward for RL, improve
generation policy (next-word picker)

e Can use a much smaller dataset to train reward model
(feasible to create with paid human raters)

e Often RL method is a variant of policy gradient, scaled by
running simulations in parallel across many workers (share
reward model (once), policy parameters (once each batch))

Geoff Gordon



Another fun
example
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