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Training language models to follow
Instructions with human feedback
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repeat forever:
#wRwkn(als, 0) & &35S0, Aoy Ryy ooy ST—1, Ar—1, R
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REINFORCE with Baseline

REINFORCE with baselinefl§E AT,

xZu Z(q,r s,a) — b(.s))V?T((lIS,H).
. Yifbaseline BT R/D EH BATITE
Repeate forever:
e ik So, Ao, Ry, .. ., St—1,Ar—1, Ry, BT =(:|-,0)
fori =0,1: T —1:
C= Yo ™ Ry
)+ G —v(S;,w)
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REINFORCE with Baseline

o2 v(si,w) ROJREHE G
® FIREERT Updating the value network

Repeate forever: Gt
R So, Ao, Ryy. .., S7—1, Ar—1, Ry, 3T 7(-|-, 0) * Recall v(s;; w) is an approximation to V. (s;) = IE[(KI sel.

forit =0.1.; s T'— 13
G« E::tﬂ YRy
0 G —0(S;,w) * Gradient:
w <« w+ aVdVo(S;, w)
0 <+ 0 + a%4'6V Inw(A,|S;, 0)

* Prediction error: 8, = v(s;; w) —u(.G{
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d v(s;;w)
ow
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* Gradient descent:

d v(s;w)
ow

WeW —a-6; e

{EAFILY: DONMEBIEFH AN
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1 X 2
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Actor CriticHYEB#E
- REINFORCE with baselinefJActor CriticBYX 3{EF 2 AKX BE% (bootstrapping)

« suttonPHXIBootstrapping AR -
Updating the value estimate for a state from the estimated values of subsequent states.
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Actor Critic

Actor CriticBYEFTAT,

Loop forever (for each episode):
Initialize S (first state of episode)

<1
Loop while S is not terminal (for each time step):
A~ (]S, 0)
Take action A, observe S’, R
0 +— R+~0(S,w) —0(S,w) (if S’ is terminal, then ©(S’,w) = 0)

w— w+avViVo(Sw)
0« 0+a°I6VIinn(A|lS,0)
I ~1

S+ S

- XEKESBEHENAMERT 7 +qis 1’E737|<1‘$1E o(S,w) {Egbaseline,
- BEWTRINFAECERDAE, TIE ?
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Advantage Function

Advantage function
AT (s,a) = Q™ (s,a) — V™ (s)
.+ (ABRIHHIRN . EIRSs MeFEa Fatti RIS =R FRRIIERE
o FENRAFR, Qm(s,oBHFRRE, SFEESTEEL, M V76 UBEH— TSNS

¥aIpk,
« REINFORCE with baselineElSLE &M AT L EREL
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—_.Proximal Policy Optimization
Algorithms

 PPO Insight
* Trust Region Policy Optimization(TRPO)

.+ PPO
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repeat forever:
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B Vr(als,8)
VL,(0) =E.| 7] 5,0) A, (s,a)]
- BEATIAREABEHENEE, aLUSEIEZE.

Repeate forever:

R So, Ao, Ry, ..., Sr—1, Ar_y, Rp BT 7'(- | -, 0)

T
C.i— Z ,},k—t—le

k=t+1
0 G—1(S,w)
w+w+a oVo (S, w)

0 +— 0+ a~'s

Vr (A, | S.,6)

7’ (At | SL, 9)
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https://zhuanlan.zhihu.com/p/510136070
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7 (a | s,0)

nl(a | s,0)’

- FE0R

LEP(9) = B, [min (r(0) Ax(s,a),clip (r(0),1 — €, 1 + €) A.(s,a))]
HELCIEE SR, CLIPRERTHEFHSH

With this scheme, we only ignore the change in probability ratio when it would make the objective improve, and we
include it when it makes the objective worse.
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L7 (6) = ~5E [(Vo(s) — Viarger )]

T
‘/t.a-rget —= Z A/kRk

k=1
©  X—EBDRETTHERERIAERE

* [f using a neural network architecture that shares parameters
between the policy and value function, we must use a loss function that
combines the policy surrogate and a value function error term.
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S[m(a|s,0)] = —E4ur [logm(a | s,6)]
- HJLUIRREARIBERE SNSRI
- RERREEIRI SIS, BEEX

» This objective can further be augmented by adding an entropy bonus to ensure
sufficient exploration
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Algorithm 1 PPO, Actor-Critic Style

for iteration=1,2,... do
for actor=1,2,..., N do
Run policy 7, in environment for T tnnesteps

Compute advantage estimates Aq,..., Ar
end for
Optimize surrogate L wrt #, with K epochs and minibatch size M < NT
901(1 0
end for
on-policy ——> off-policy

HEETTRPOEZ K
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Step 1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

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

Explain the moon

landing to a 6 year old

1
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Some people went
to the moon..

:
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MGPT-3
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Step 2

Collect comparison data,
and train a reward model.

WE—DPEMEE, BRELLRMIERIZS AKESIPXIGPT-3HEIHAVE
Apramptand S OHE TR
= N \b \ N Y/
| gt . EXAMYE RGP T-35 T Mprompt dataset BERUES, 3FE—
ZAZEER, BFEA, sCRMBENS

sampled.

o Q | i N —— N~ — \ — AN A
s o HEXPUANERAMA AR ERIHTIOE, ETDNAISEE TR
© o 4 _1:_2
oo pg iy o esiniy 13— iy °_
m— « FAXEARERNERIIG— N REE (reward model) |, X[
Y -+ sSlef B3 N - S >
A labeler ranks *E@%ﬁEﬁGM ! TES FT;‘;;_—:FIEEE%E EI\JSOftm aXEE;E}ﬁjg %IHEE?QEI.L
the outputs from @
best to worst.
0-0-0:-0
1 1
This data is used :M loss (H) - = TE(J.'.y,,. ) ~D [l()g (0 (")() (--rs ;{/w) — Ty (-"1-": yl)))]
to train our AR ( 2 )
reward model. .\}5.2{/.
0-0-0:-0
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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

PPO
LR =%
e o e
2.

\

nce upon a time...
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N A 75 F

PEKING UNIVERSITY

FAPPOFELEEFTRIBHISEL, ISR —200)II8Rr AR R EL LS SRIRAITR
WEERTS, BEiEreward, X MTEERNDHSEREGPT-3
RZHISRER SR EFH .

objective (¢) :1:'(_,..(,””)““. [ru(’.r. y) — B log (WBL(@/ | .1")/7rSFT(y | .l"))] —

el =BL 7\ ]
Al' E.l"‘\ I);wulxznlrl “()g( " ) ('I ))J

. SLFREHAERBIRPPO, BEMGLE TERE
« DANIRRD T RESXIENSEUX—I0, "IEeE0penAlst
IR RIMAFTEX—IT—r el LAwork, &%
AT RIERRREIT
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