RL with Sequences & LLMs

CS 185/285

Instructor: Sergey Levine
UC Berkeley




Part 1.
Reward learning & inverse RL




Why should we worry about learning rewards?

The reinforcement learning perspective

reward

what is the reward?



Learning the optimality variable
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The IRL partition function
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estimate with expert samples soft optimal policy under current reward



Estimating the gradient

VLl = Eromr) [ Vory(Ti)] = Erpr101.0,0) [V (T)]

/ \

estimate with expert samples soft optimal policy under current reward

idea: learn p(a;|s;, O1.7, %) using any max-ent RL algorithm

J(8) = ) En(span [ro(se,a0)] + Ers, [H(m(als)))

then run this policy to sample {7, }
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More efficient sample-based updates

M
VL~ N z;vd,m ;) Z T (T5)
1 :
sum over expert samples sum over policy samples

improve leesr p(a;|s;, O1.7,1) using any max-ent RL algorithm

littl
@9 then run this policy to sample {7;}

looks expensive! what if we use “lazy” policy optimization?
problem: estimator is now biased! wrong distribution!

solution 1: use importance sampling

VoL N Vars(r) - S Tunn) = 2O S
1=1 7 J j=1 ]



Importance sampling
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each policy update w.r.t. ry brings us closer to the target distribution!



't looks a bit like a game...

initial human
policy Tt demonstrations
samples from 7y (7) samples from 7*(7)

M VoLl = V VT (T5)
1 Vy Z Ty (Ti) Y\
Vgﬁ”“m‘i MZVglogﬁg(Tj)T¢(Tj) h
g=1 demos are made more hkely, samples less likely
policy changed to make it harder to

distinguish from demos



Generative Adversarial Networks

Zhu et al. "17 Arjovsky et al. “17 Isola et al. "17

data (“demonstrations”) E- e\

samples from py(x) ~

1
) = arg mgx N Z log Dy (x) + i Z log(1 — Dy (x))

k x~p* X~Ppeo

0 < arg max Exrp, 10g Dy (%)

Goodfellow et al. ‘14



Can we just use a regular discriminator?

generator /policy data/demonstrations

mo(7)
i V
samples from p*(7)

samples from 7y (7) *

\ ¥« argmax Erp:{log Dy (7)] + Eremo[log(1 = Dy(7))]

M
1 . ,
Vol ~ § :V o log 4 (7;) log Dy () / D, (1) = standard binary neural net classifier

j=1
' - Pros & :
policy changed to make it harder to ros & cons

distinguish from demos
- discriminator knows nothing at convergence

- generally cannot reoptimize the “reward”

Ho & Ermon. Generative adversarial imitation learning.



IRL as adversarial optimization

minimized maximized False True Humanoid expert policies
T I I I Run forwards Run backwards Balance

reward function classifier

A a A y N

Hausman, Chebotar, Schaal, Sukhatme, Lim

human human . T
demonstrations demonstrations Motion Imitation

robot attempt robot attempt

learns distribution p(7) such that D(71) = probability 7 is a demo

demos have max likelihood
p(7) o< exp(r(7)) (MaxEnt model) use log D(7) as “reward” EE |
Reference Motion Learned Policy

% exp (’i" (T) ) \ / (Mocap) (Simulation)

D ( ) 1 . ﬁ the goal is to train a simulated character to imitate the motion.
1 actuallv the 7 ) = SOoIne ClasSsiiier
z exp(r(7)) + 7 (7) v

same thmg! Peng, Kanazawa, Toyer, Abbeel, Levine

D(7) =




Part 2;
RL and LLMs: the basics




Language models

like POMDP solvers <eos>
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» Language models are often

trained with supervised learning

» But we can also train them with
RL if what we want is to

maximize some reward
function, rather than just

represent the data distribution
= Why?

» Some questions:

= What is the (PO)MDP?
What is the reward?

What algorithm to use?

We have a few choices to make!



The anatomy of LLM training

pre-training || post-training
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LLM post-training

pre-trained LLMs are not agents, assistants, or anything of the sort

they are “text completion” engines

pre-training is what gives
the LLM knowledge

...but completing any text requires significant “world knowledge”

Pat watches a demonstration of a bowling ball and a
leaf being dropped at the same time in a vacuum cham-
ber. Pat, who is a physicist, predicts that the bowling
ball and the leaf will fall at the same rate.

Changing the last sentence of the prompt, we get:

... Pat, who has never seen this demonstration before,
predicts that the bowling ball will fall to the ground first.
This is incorrect. In a vacuum chamber. there is no air

Andreas et al., 2022

post-training is what tells
the LLM how to use this
knowledge

sometimes even fine-tuning LLMSs on incorrect
(e.g., flipped) answers actually gets them to
answer guestions correctly (but in the format
shown in fine-tuning)

Unforgettable Generalization in Language Models.
Eric Zhang, Leshem Chosen, Jacob Andreas



LLM post-training

Basic post-training: instruction tuning

Instruction finetuning

[ Please answer the following question.

What is the boiling point of Nitrogen?
\

Chain-of-thought finetuning

Answer the following question by
reasoning step-by-step.

The cafeteria had 23 apples. If they
used 20 for lunch and bought 6 more,
how many apples do they have?

e

The cafeteria had 23 apples
originally. They used 20 to
make lunch. So they had 23 -
20 = 3. They bought 6 more
Language |4 apples, so they have 3+ 6 = 9.
model <

Multi-task instruction finetuning (1.8K tasks)

\
Inference: generalization to unseen tasks |

. [ Geoffrey Hinton is a British-Canadian

\| computer scientist born in 1947. George
Q: Can Geoffrey Hinton have a /

f Washington died in 1799. Thus, they
conversation with George Washington? / could not have had a conversation
Give the rationale before answering. together. So the answer is “no”.

Chung et al. Scaling Instruction-Finetuned Language Models. 2022

typically very
labor-intensive

especially for
skilled tasks

(e.g., coding)

what else could
go wrong?



Post-training with RL from preferences

OpenAl

Step1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

Alabeler
demaonstrates the
desired output
behavior.

This datais used
to fine-tune GPT-3
with supervised
learning.

Explain the moon

landing to a 6 year old

[
Y

L)

Z

Some people went
to the maon...

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon

landing to a & year old

Explain grawity Explain war
Moo I natural Pecpile went to
bedlite o, e precscen

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

»

Write a story
about frogs



Post-training with RL from verifiers

Single Chain
of Thought

Thinking
Process

Answer

Problem:

C James writes a 3-page letter to 2 different friends twice a week. How many pages does he write a year? )

Large Language Model (LLM) GPT-40’s Response:

(rTo solve this problem step-by-step, we can break it down as follows: \
1. Determine Pages per Letter: James writes a 3-page letter.
2. Determine Number of Friends: He writes this letter to 2 different friends.
3. Calculate Pages per Week:
« James writes to each friend twice a week.
* Pages per letter: (3)
e Letters per friend per week: (2)
s Friends: (2)
« Total pages per week = 3 pages/letter x 2 letters/week x 2 friends = 12 pages/week
4. Calculate Pages per Year:
# There are 52 weeks in a year.

5. Total pages per year = 12 pages/week x 52 weeks/year = 624 pages/year. Thus, James writes a total of
N P

Large Reasoning Model (LRM) DeepSeek-R1's Response:
7 <think> ™\

Okay, let me try to figure out this problem. So, James is writing a 3-page letter to two different friends twice
a week. We need to find out how many pages he writes in a year. Hmm, let's break this down step by step.
First, let me understand the details. [...]

Wait, if he writes to 2 friends twice a week, does that mean he writes 2 letters each time, and he does this
twice? [...] So per week, he writes 2 friends * 3 pages * 2 times. Let me check that. [...]

Alternatively, maybe it's 3-page letter to 2 different friends each time he writes, and he does that twice a
week. So each time he writes, he's writing two letters (each 3 pages), so that's 2 * 3 = 6 pages per writing
session. Then, twice a week would be 6 * 2 = 12 pages per week. Then, multiply that by the number of
weeks in a year. But how many weeks are in a year? Typically, 52 weeks. So 12 pages/week * 52 weeks =
624 pages. Is that right?

Wait, let me confirm. So, per week: [...] That makes sense.

But maybe | need to double-check if the problem is interpreted differently. [...] That seems consistent.

Wait, but wait a second. Is there any chance that the problem might be considering a year as 52 weeks, but
some people might account for leap years or something else? But generally, in problems like this, unless
specified, we take 52 weeks per year. So that's standard.

So, conclusion: [...] So the answer is 624. So | think that's correct.

</think>

James writes 3-page letters to 2 friends twice a week. Here's the breakdown:

=]

Answer: James writes|624 pages in a year.l

o

use rewards indicative of answer correctness

train model to generate “thoughts” that lead
to more correct answers

Figure from Marjanovic et al. ‘25



A basic formulation

completion a 7r9(a|s)
)
( |
is capital of France? Paris <eos>
Ty To Ty T4 Ty Tg p(als) = p(zs|r1.4)p(T6|21:4, T5)

I N I -

prompt  prompt

[ [ [ I [ J Eryals)|r(s,a)]

o I1 T9 r3 T4 B

what is  capital of France? Paris

| | } Basic one step RL problem

context/prompt/prefix S



An equivalent formulation

completion a mo(ar|st) To(az|s2)
)
( |
is capital of France? Paris <eos>
T1 Tz T3 Ta B5 g p(als) = p(xs|z1.4)p(z6|T1.4, 75)

I N I -
 censome romer e

[ [ [ I [ J Ery(lr(7)]

o X1 T2 X3 Xa Tj

what is  capital of France? Paris
\ }
I this perspective makes more sense when we use
context/prompt/prefix S intermediate rewards and value function baselines




Language models and policy gradients
Vo logmg(als) = Vglog p(xs|r1.4) + Vo log p(xe|ryi.4, T5)

Vo Eryals) (s, )] = Eryals) Vo log me(als)r(s, a)

samples from 7y (als)

1
REINFORCE-style ~ _Z s e
estimator N & Velogﬂg(a@|sz)r(s“az)
1

samples from 7(als)

importance-weighted . E 7T‘9 az\s /

Vol s, .
estimator (e.g., PPO) T(a;]s;) Vo logmg(a;|s;)r(s;, a;)

Why might we prefer this?



Language models and policy gradients

1 To(a;|S;
Vi By a1 (5 )] % 37 3 e 2 log (s (s )
\ Z J
] |
V(0,7 {ai})

sample batch B = {a;}, a; ~ my(als)
. evaluate r(s, a;) for each a; € B

T 4— Tg
what is this?

S~ W o

. sample minibatch M C B
5.0« 0+ aV(0,7, M)

repeat K times

importance-weighted
estimator (e.g., PPO)



Intermission



Part 3:
Algorithms for RL with LLMSs



Language models and policy gradients

1 To(a;|S;
Vo Eﬂg(a|s) [?"(S, a)] ~ N Z 75((3-1,‘|Sz)) Vo log mg(a;|s;)r(s;, a;)
\ Z Y J

6(9, T, {az})

smartly choose a baseline (1)

sample batch B = {a;}, a; ~ mg(al|s _
P tai} o(als) and a reqularizer (2)

evaluate (s, a;) for each a; € B

T 4— Tg

= W =

. sample minibatch M C B

5.0« 0+ aV(0,7, M)
repeat K times smartly set or learn the reward (3)



Value function baselines & GAE

most often used with GAE: 1 N 5
i ) L) =5 D ||VE(s:) — v
O0p = r(se,ay) + 7V (sp41) = Vi(se) i=1
N
1 Cr AT
AT, p(sea) = 200 (v A)! 16, =3 Z:l 5 (8i) — (AGag(si,a;

AAAAAAAAAAAA either add a new head or make a

copy of the entire network
VARVARVAR/ARTARV
don’t train the value function on the
romen, oty the saff

o X1 T2 XT3 Ta Tp

what is  capital of France? Paris



Baselining without value functions

for each prompt s;

sample a; 1,...,a; g from my(als;)

set Afj = T(Si,aj) — % Zle T(Si;ak)

T\l aA;|S; T
Vo Eryals)|r(s,a)] = = ﬁ((zjl.jl[s,)) Vo logme(a;si) A7
ij J 1™

this is called GRPO j




Reference model regularization

often we don’t want 7y (a|s) to drift from some reference model 7 ¢(als)

add policy constraint term: —FE,[Dkr,(mg(as|st), mret(az|st))]

avoid producing “nonsense text”
(must be valid English)

7(st,ar) = r(ss,ar) — BDxL(mo(ar[st), mret(as[st))
avoids “exploiting” imperfect

reward models



Putting it all together

PPO for LLMs with GAE: T1U] L2 VoX3 V3 Talyq X5 Vs T Vg

7 1. sample {7} from 7y for each prompt I/ 1/ T/ V 1/ Tf

2 i b = () VS o) 50
3. evaluate AT \p(sSti,a:(i)) = Z?F:t(’)//\)tl_tfst’,i
4. fit Vg(s@-) to targets {AGag(si,a;) + V(;T(Sz')} [ N I N ‘ N
!/
h. 8" <0 ro T1 X9 r3 T4 X
@ 0. VQ’J(G,) ~ V9’£CLIP(9’) what is capital of  France? Paris
7.0 0 +aVyJ(O)
o 6. 0« 6 7T9(&1|Sl) 7T6(a2|52)
F(St, at) — T’(St, at) — IBDKL(WB(at|St)a Wref(at|5t)) \ \

N H (1) 1.(5) , , p(als) = p(xs|r1.4)p(w6|T1.4, T5)
ECLIP (9’) = Z Z min {Clip (7’1‘9: (at. |S§Z) ) s 1 — €, 1 —|- 6) ‘th(f%)’ ﬂ-el((at. |St. )A§Z)}

i=1 t=1 To (agz) |S



Part 4:
Preferences and verifiers




What if we don’t know the reward?

Optometrist algorithm (Bradley-Terry):

1. sample 2 (or more) trajectores 7; ~ g (7)
2. ask a person to choose preference(s) in {7;} ¥,
3. train reward ry using preferences

4. train policy mp with reward ry,

preference 7; > 7; means “I like ¢ more than j”



Bradley-Terry model

How do we train 7,7

need probabilistic model!

exXp (Zt (St vaEZ)))

p(ﬂ; — Tj) 0 30 “better trajectories are exponentially more
exp (Zt (St ,ay )) + exp (Zt ry(sy’, a;’ )) likely to be chosen based on their reward”
logp(1; = 7;) =logo(ry(m:) —ry(75)) the same method as Elo scores in chess

sigmoid function

P argmaleoga oy (Ti) — (7))
’J



Full RL from human feedback algorithm

RL from human feedback:

1. sample 2 (or more) trajectores 7; ~ wy(T)

2. ask a person to specify preferences {7; > 7,}i /

3. train reward ¢ < argmaxy, ), ;logo(ry(7i) — ry(75))
4. train policy mg with reward 7

this looks a lot like logistic regression

this can be incomplete
optimization

Often used for post-training with LLMs

Typically use only 1 or a few iterations

Why?
preference 7; > 7; means “I like ¢ more than j”



Language models and policy gradients

1 mo(a;|s)
Vo Eryolris.a)] = 1 30 22 D0 log moails)r(s,a0
\ Z J
|

6(9, T, {az})

smartly choose a baseline (1)

sample batch B = {a;}, a; ~ mg(al|s _
P tai} o(als) and a reqularizer (2)

evaluate (s, a;) for each a; € B

T 4— Tg

= W =

. sample minibatch M C B
5.0 0+aV(e,T, M)

repeat K times smartly set or learn the reward (3)



Rewards from human preferences

RL from human feedback:

sample 2 (or more) trajectores 7; ~ mwy(T)
ask a person to specify preferences {7; > Tj}i,j

train reward ) < argmaxy ), ;log o (ry (1) — ry(75))
train policy my with reward ry,

> L=



RLHF for LLMSs

RL from human feedback:

sample 2 (or more) trajectores 7; ~ my(T)
ask a person to specify preferences {7; > Tj }w

train reward ¢ <— argmaxy, ) _; ;10g o (ry (1) — 1y (75))
train policy mp with reward ry,

> w0 e

r

T Collect preferences over
transformer multiple on policy responses

[ [ [ [ [ [ for the same prompt

Lo X1 T2 X3 T4 Tj

what is  capital of France? Paris

Reward is assigned only at the
last step of the generation



Summary of all the models

T101 T V23 V3 T4U4 T5 U5 L6 06

gmmzs;n“' Jimmmé _I/ traformr I/ I/

SFT Model \
...................  I—
T . A L A
. Step3: RLHF-PPO ;
| 5 o *1 T2 T3 T4 Ty
1 .
| (e |
T ; what is capital of France? Paris
Ry, Ve s ;
§ T
Reward Model 1%, v-l Critic Model Vi T
A rewards-and-loss calculating system :

"""""""""""""""" —

Step2: RW
Reward Model
i 1
l 5 Lo I1 T2 XT3 T4 T
&"*m \mnmmn"

what is capital of France? Paris

Image source: https://comfyai.app/article/lim-posttraining/reinforcement-learning-from-human-feedback



Other reward sources

Process reward: model evaluates each step

Verifier reward: model evaluates the . e
of chain-of-thought generation, indicating if

answer and indicates if it is correct or not

Problem:

( James writes a 3-page letter to 2 different friends twice a week. How many pages does he write a year?

Large Language Model (LLM) GPT-40's Response:

it is correct or not

Let
a® 4 3z* — 4 = p(z)pa(z) - - pi(),

PN T oo s (el Sy, o e el e e i 2 el e N\ where each non-constant polynomial p;(z) is monic with integer coefficients, and
1. Determine Pages per Letter: James writes a 3-page letter. cannot be factored further over the integers. Compute p;(1) + p2(1) + -+ - + p(1).
2. Determine Number of Friends: He writes this letter to 2 different friends.
3. Calculate Pages per Week: This problem is about factoring a polynomial over the integers, which can be a ftricky task.
¢ James writes to each friend twice a week. . i . . . i
Single Chain « Pages per letter: (3) One possible strategy is to look for rational roots of the polynomial, using the rational root
of Thought » Letters per friend per week: (2) theorem.
+ Friends: (2)
= IToltal pages per week = 3 pages/letter x 2 letters/week x 2 friends = 12 pages/week However, that would involve checking a lot of possible factors of —4, and there is no guarantee
4. Calculate Pages per Year: . -
5 TIiErees s meweE: that the polynomial has any rational roots at all.
& Z";:'p;gee:a e Al U2 sl 2 wEehe/fyan = G2 pEpE e Wi, JEwes wiiies 2 sl aif Another possible strategy is to use some algebraic tricks to simplify the polynomial or reduce
v AL - _/ its degree.

Thinking
Process

Answer

N

Large Reasoning Model (LRM) DeepSeek-R1’s Response:
(" <think> )

Okay, let me try to figure out this problem. So, James is writing a 3-page letter to two different friends twice
a week. We need to find out how many pages he writes in a year. Hmm, let's break this down step by step.
First, let me understand the details. [...]

Wait, if he writes to 2 friends twice a week, does that mean he writes 2 letters each time, and he does this
twice? [...] So per week, he writes 2 friends * 3 pages * 2 times. Let me check that. [...]

Alternatively, maybe it's 3-page letter to 2 different friends each time he writes, and he does that twice a
week. So each time he writes, he's writing two letters (each 3 pages), so that's 2 * 3 = 6 pages per writing
session. Then, twice a week would be 6 * 2 = 12 pages per week. Then, multiply that by the number of
weeks in a year. But how many weeks are in a year? Typically, 52 weeks. So 12 pages/week * 52 weeks =
624 pages. Is that right?

Wait, let me confirm. So, per week: [...] That makes sense.

But maybe | need to double-check if the problem is interpreted differently. [...] That seems consistent.

Wait, but wait a second. Is there any chance that the problem might be considering a year as 52 weeks, but
some people might account for leap years or something else? But generally, in problems like this, unless
specified, we take 52 weeks per year. So that's standard.

So, conclusion: [...] So the answer is 624. So | think that's correct.

</think>

James writes 3-page letters to 2 friends twice a week. Here's the breakdown:

[.]

N
Ar.15wer: James writes|624 pages in a year. .
o /

I notice that the polynomial has only even powers of z, so I can try to substitute y = 2 and
see what happens.

Then the polynomial becomes y* + 3y* — 4, which is a quadratic equation in y?.

I can try to factor this quadratic equation by looking for two numbers that multiply to —4 and
add to 3.

Those numbers are 4 and —1, so I can write y* + 3y® — 4 = (2 + 4)(y* - 1).

Now I can substitute back z> = y and get 2®* + 3z — 4 = (z* +4)(z* — 1).

This looks promising, because I have reduced the degree of the factors from 8 to 4.

I can try to factor each of these factors further, using the difference of squares formula.
I get a® + 32" — 4 = (2% + 2)(x® — 2)(2* + 1)(z* — 1).

I can apply the difference of squares formula again to the last factor and get z° 4 3z* — 4 =
(2% +2)(z? — 2)(z® + 1)(z + 1)(z — 1).

Now I have factored the polynomial completely into monic linear and quadratic factors with
integer coefficients.



Part 5 (bonus):
RL with partial observability




B eyO n d I\/I D PS most real-world problems are like this!

S1 So
doesn’t obey the not known

Markov property

_ - : . I — . ,} ]
T ~— Q1: Any people in the shot" .
(75 [ A1:No, there aren't any. m
21 —
S ! @ (-
t 1 =1 Qi0: Are they facing each other? ]
yl m °
1 [ A10: They aren't. @




Partially observed MDPs can be weird

aes,

Example 1: information-gathering actions

Example 2: stochastic optimal policies A B C
0.5 * 0.5
+— —



Which methods handle partial observability?

Policy gradients

N H
1
VoJ(0) =~ N E g Vo logWQ(ai,t|si,t)A(si,t,ai,t)
i=1 t=1

Value-based methods

Q(s,a) < r(s,a) + ymax Q(s', a")

Model-based RL methods

??

p(s'ls,a) p(o'|o, a)

Q(0,a) « r(0,a) +ymaxQ(o’,a’) mo(alo

more on this later!

N H
1
VQJ N Z Z o log mp az t|oz t)A(Oi,ta ai,t)

Trick question:
what does “handle” mean?

S—

A B C 5= —%_ = -u .

LEL St

handle = find best policy in policy class




Which methods handle partial observability?

Policy gradients

| NoA ?? | N
VoJ(6 N ZZVQ log m(a; ¢|8i 1) A(Si . a;t) Vo (0 N ZZ o log my azt|0”)A(0,;,t,aq;,t)

=1 t=1 I A

this is OK (no Markov property!)

Key point: advantage is a function of the state s;

it does not depend on s;_1 this takes some care

that’s why it’s OK to use r; + vV (s;41) — V(s¢) every time we see this state,
\/ we expect to get this value,

it is not OK to train f/(ot) regardless of past states

\/ past observations do

matter for this value



Which methods handle partial observability?

Policy gradients
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this is OK (no Markov property!)
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Which methods handle partial observability?

Value-based methods

??
Q(s,a) < r(s,a) +ymaxQ(s’,a’) Q(0,a) < r(o,a) +ymaxQ(o',a’)
Value-based methods do not work A B C

Remember: without the Markov property ‘ 0.5 ‘ ‘ 0.5 ‘
Key point: advantage is a function of the state s, — —

it does not depend on s;_;

that’s why it’s OK to use r; + ’}/V(SH_l) — V(St) every time we see this state,

\/ we expect to get this value,
it is not OK to train V(Ot) regardless of past states

\/ past observations do

matter for this value



Which methods handle partial observability?

??

Model-based RL methods p(s'|s, a) p(o’|o, a) x

Example showing why this is such a bad idea:

o = Left o = Right
p(o’ = Pass|o = Left,a = Open)= 0.5

50% probability to open each time you try

Just keep trying!

p(o’ = Pass|o = Left,a = Open) = 0 if it didn’t open before!



State space models

Can we learn a Markovian state space?

— (Zl,ZQ, ...,ZT)

o1 |
«— (01,09, ...,07)
N(0,T) learned

\ /
H Zt—|—1|Zt;at

t

po(olz) = | [ p(ot|z:)

~+

gs(zl0) = | [ a6 (zt|01:¢)

This can work quite well!
Q(s,a) < r(s,a) + ymaxQ(s',a’)
a.’

Q(o,a) = r(o,a) + ymax Q(o’,a’)

Q(z,a)  r(z,a) + ymaxQ(z',a’)

Why might this not be enough?

Prediction can be hard

Maybe we don’t need good
prediction to get high rewards

X
X

We’ll discuss these
types of methods
more in the model-
based RL section



History states

s; = (01,09, ...,0;)

Does that work?

Does that obey the Markov property?

state is inferred

from a history tells nothing we didn’t know from s;!
state is a function Sipq1 L St¢—1 s,
of history

can we just give I \
l the history to our (01, .y 04 1) (01, ..-,0¢)
value function?

sequence model

l Q(01,...,0,a) < r(0,a) +ymax Q(oy, ..., 0111,a’)
a



Model architectures

Q(01,...,0,a) < r(0,a) + ymax Q(oy, ..., 0.11,a’)
a

\

how to represent this?

Qar Quz Qas
N1/

\NT/

sequence model

fixed (short)

/ history

Is that bad?

Sometimes...

Qal Qag QGJE‘)

RNN
LSTM
Transformer



Recap & overview
» POMDPs are weird

» Some methods “just do it”
= But most efficient ones don’t, because they
require value functions
= Even those that do only get the best memoryless

policy
» We could learn a Markovian state space with models

» We could also just use history states, which just
means using a sequence model to read in
observation histories

p(Zt+1 ‘Zta at)

QCL1 Qag Qag
N1/

sequence model
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