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«  GPT-1 MR E ML + B BRI,

«  GPT-2 HRVZ4i B il Zx,

-  GPT-3HH T GPT-2 A& milldy, HEEIER TH LN ED,

 InstructGPT {£ GPT-3 L HsRfL2SIEE, AEZEEDS PPO-ptx.
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ChatGPTi)l|Zx i3 &

Step 1

Collect demonstration data
and train a supervised policy.

A prompt is
sampled from our
prompt dataset.

Alabeler
demonstrates the
desired output
behavior.

This data is used to
fine-tune GPT-3.5
with supervised
learning.

Fuln
w./
Explain reinforcement

learning to a 6 year old.

|

o)

V4

We give treats and

punishments to teach...

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.

~
L

Explain reinforcement
learning to a 6 year old.

o o

In reinforcement Explain rewards...

learning, the
agentis..

In machine We give treats and
i i 0

learnin g... b
each...

0-0-0-0

https://openai.com/blog/chatgpt/

Step 3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A new promptis
sampled from
the dataset.

The PPO modelis
initialized from the
supervised policy.

The policy generates

an output.

The reward model
calculates a reward
for the output.

The reward is used
to update the
policy using PPO.

A

Write a story
about otters.
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G AE S|

otk % >] (Reinforcement Learning, RL) EHlesFEIEA L2 —, HTHEMNBAEEARES
IR Y A2 B R AR 27 S SRS DAR Al [0 4 i A L BSE B & B AR [A)7#

o HULJEBH SRR IR S, BTSN N B, EREREE o EdERE S, ERERE
NN IZEUERER SR,

o JFHIPURIE: — AR (decision agent) S5 EEININ AIZASRGHTIERMAZE, 6N E
DHIFER, RFESETHEARS, A TARENISEHIN], ESUEYEiaIRE, HFMNERIRSEAEEE
Z/I\Oj(ﬁg’ NSRAZHN F—DHFHPIRSTFIRE— D MK RS, XAEERIE TIRSE R, DR1E—
Hix o

State & Revvard}

dk 0

Action
A

g ¥
{ :
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SR>

B
1.
2,

3.

4-
5.
A

1.

2.

E-F S
IR (State): X IMRAEER, 7TLDUZ BRHIBUESEHY

134 (Action) : INGEPE R —FREEIE, X1 aE
SERTINE, HUTREIRE— DA (RJIER]f)
Bhh (Reward) : KRFEELEN T 52— HIREER &,
MEKIZH A E BT 22, — MRS IMEZ — RN
IXIRESHGE, AR B2 R I a BV HAEE,

Mg (Policy) : RE&E X TR BERIERENRIT N,
B, SRESEINEIRSE|SE R,

[0l 5 (Episode): FHGEIRTEINE B IH TS T 321N SR IS M 06 2145
RIX—idFE,

] DU 722 B DN S

HEME (Agent) : BAEDAEIRS (State) , RIS
(Reward) EBEEITHN (Action) AW, FER
IR PHITY S

W% (Environment) @ EXCEEMN R, 7] DA BEMAMH
ek, BUIKEREIR P THI— R BNE, NIX—FRAEHE
HATIEM R — R ] B iIE S, RERIMAEREIR, A
BEHPE— YIRS (State)

State & Reward}




5SS ST HIRE AL

o B WM B R AR ANE SRR TS ((E55IREN)
o EWEFS: SERRESIRTRESEN (BURERE)
o« afEES) IRRITENE (TR PSS)

1. SCERFHIEEE, AN e AL [R] A

2. AN, RAERM

3. FERR, ERFAIRM, mAREE —RIT AR R

4. FTEEEARR

5. B8 o A1 BE A AL B T = AR AR (b

@ IgEssE

> W)

h 4 Y Y : Y

{EAERY Q-learning DQN <€ > BE o S




SRS S+ SORAE Y

o CARARAT AN — MtokenZE [H]_EAYFHI R IR A (IEHE—Ptoken 5 4R SL%ERE: 5 — 1 token)
 State: Xif M
« Action: A% fJtoken space IfJtoken
« Reward: ARBYFIEHF
« Episode: —{R7EERIMRLAKRIERVITFE

HXRATHES: day,afternoon,night,weather
e N —"1MT4: day

LR +1 Language Processing
LM Agent Environment
1
H RTHIRES: IR

Today will be a rainy Today will be a rainy day
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1. 7 T8, Value-based 2. FT KM, Policy Gradient
- IHEIMEIATHE, EBHHRHESR NRIBIE o A PEREOCHENZEREWAsIE, 15

2R p(s,a), MRIEHPRIEEESE
. o .‘/‘“Ieft", 0.2

q(s, "left”; w) = 2000

Conv Dense o --" Conv Dense 4
>B—— q(s,“right”; w) = 1000 e > >0 >0 “right”, 0.1
. i | jul
q(s, "up”; w) = 3000 PRTS—— T “up”, 0.7
state s
feature

3. Actor-Critic B & 1 _FIRPIRITTIR,  1/ME RE ZORT SRS bR A — i A T,

o« PMEREDSTEIRSE S S HRTT B CRIDMEHAIRTRE

o RISEREBINESZMEREAI I, REREENEREIRA] DUS 257 B 5K,
Actor-Critic Method

policy network (actor) value network (critic)
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Policy Gradient

Take the action
based on the

1o left 07 probability.

HiY: B 5 tfbpolicy.

> rght 0.2 Score of an
: action

'-_.. fire 0.1

Update
JUR
ActorfllEnvironmenti#1T L5/, F=4E—RIIRIFEL Given policy g
15, HERIEIRZ (s, a) N (FERRIERSs T REEN 1 (sl ah)
fFa, RENISHRIRMIR(T)) , AR EHIEEA (11' 1)
Ullgﬁﬁthﬁﬁ, HEHEBRI S0, WIHIEA 2 42
T5, :

0 <« 0 +nVR,

T4 (s%,a?) R(t™)Viogpe (al|s)
(s5,a3)

Collection

13



PPO i vm RIS LA,

B IA
o SEUFTRIE TR E A 2 M L AT SRBS R BORTHIREAR,  (RI BRI — P A S, XEIR
BIFFEARARREEE M, JIZRCR(R,
« PPOTIEA M HEVERAFRYEAE, EARNERISEALIIMER AR |, @R — M EHIqor
i, REpFqO M AERIRIZE, B ZHIZA] PAPURZSHIEL

Algorithm 1 PPO, Actor-Critic Style

for iteration=1,2,... do
far aghor=1,2 ..., ¥ da
Run policy g, in environment for 7' timesteps

Compute advantage estimates Al, % B ,AT
end for
Optimize surrogate L wrt 6, with K epochs and minibatch size M < NT
901(1 +— 0

end for




3 R &AFAE I ]

LUl

p(z)
o) Buvy @) = Buvg | f(2) 22 |
Ex~p[f(x)] x~qU( )q(x)] VAR[X] ( )
Var,,[f(x)]  Vary.4[f (x) pgxi] = E[X~]— (E[X])*
& Eyxplf (x)] is negative f(x)
Varp[f (0] = Ex-p[f ()] = (Ex~p[f 1)’ () 100

Varx~q[f(x)pgi;] Ey-q (f( )%) ( x~q [f( )pég ) 4

— —
Very large weight
2 Eypp[f ()] is positives=
= Ex~p _f(x)z — (Ex~p [f(x)]) il LBl negative




udll
(LY

TERFEN HTPG

. 5 Po (7)
VRo = Er-pye)[R@IVI0gPe (D] TRo = Erop (x) [ R(®VIogpe ()

Tf(x) = fOOVIogf (x)

Gradient for update

= E(s,a0)~mg [A% (st, al)Viogpe (at Isi)]
o This term is from
A7 (s¢,ar) sampled data.

Po(ss, a
ols: t)*ﬁ(ﬂrwﬁVlogpg(a?lst

— E(stat)"‘ﬂ'g’ P (SD at)

po(acls) Pe(se) P
= E N A% (s¢,a.)Viogpg (all|sst)
sea0~mg by, (atlst)z?h\) RS

' po(agl|se)
0'(0) = Ec 1. ’ A""(s,a)]
J (Se,0e)~Tg pgr(ac|se) e




PPO algorithm

* Initial policy parameters 6°
* In each iteration

* Using 8% to interact with the environment to collect
k
{s¢,a;} and compute advantage A% (s;, a;)

* Find 6 optimizing Jppo (6)

J850(8) = 79 (8) — BKL(8, 6%)

* If KL(6,0%) > KLp,qy, increase 8

* If KL(0,0%) < KLy, decrease 3

Update parameters
several times

Adaptive
KL Penalty




PPO-Background

PPO algorithm
J8ro(8) = J9“(6) — BKL(6,6%)

ROE
PPO2 algorithm (5,a¢)

(PB (atlse)

Pok (ae|se)

o (pg(aust)
clip

po(ac|se)

A% (s,, ap)
Pak(at|3r) Lt

k
A° (S, ar),

k "
]gpoz(g) o Z min

(st,at)

Pok (aclse)’

1l =g1g e) A0" (5, at))




PPO-Experiment Result

HalfCheetah-v1 Hopper-v1 InvertedDoublePendulum-v1 InvertedPendulum-v1
1000
2000 2500 8000
800
1500
2000 6000
1000 1500 600
4000
500 1000 400
0 i 2000 200
-500
0 0 0
0 1000000 0 1000000 0 1000000 0 1000000
Swimmer-v1 Walker2d-v1
— AZ2C
120 :
—20 —— A2C + Trust Region
100 3000 —— CEM
-40 80 —— PPO (Clip)
66 & 2000 —— Vanilla PG, Adaptive
——— TRPO
-80 40
20 \ : 1000
-100 k.
0 )
-120 0
0 1000000 0 1000000 0 1000000

Figure 3: Comparison of several algorithms on several MuJoCo environments, training for one million
timesteps.
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Naive RL & RLHF

State & Revvard]

J

: 1
Actions I

reward predictor [«

predicted
rewar/

\

human
feedback

Y
. observatiok_
RL algorithm environment
Agent > Dataset

action




RLHF%,

e

1. NIPS 2017 H125 A\ &Atari

PREDICTED
REWARD

RL ALGORITHM

REWARD PREDICTOR

N

OBSERVATION

HUMAN
FEEDBACK

ENVIRONMENT

ACTION

3. 2022.3 InstructGPT

Step1

Collect demonstration data,
and train a supervised policy.

Aprompt is

sampled from our P e
prompt dataset. landing to a 6 year old
Alabeler

demonstrates the @
desired output 7
behavior.

Some people want
tothe moon

This data is used

SFT
to fine-tune GPT-3 e
with supervised .\252722.
learning. 2
BEE

Step2

Collect comparison data,
and train a reward model.

A prompt and
several model

Explain the moon
outputs are landing to a 6 yearold
sampled. o

Alabeler ranks
the outputs from

best to worst.
0-0-0-0
This data is used R
to train our e
reward model. 56 ¢
0-0-0-0

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
anoutput.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

>

Write a story
about frogs

2. NIPS 2020 X AHHE

1. Collect human feedback

A Reddit post is
sampled from the
Reddit TL.DR
dataset.

Various policies are
used to sample N
summaries.

Two summaries are

selected for — =—
evaluation.

Ahuman judges
whichis a better

summary of the “iis better than k"
post.

Step1
Collect demonstration data
and train a supervised policy.

Apromptis I
~
sampled from our

Expiain reinforcemant
prompt dataset.

Alabeler @
demonstrates the

desired output 4

i We give treats and
beh avior. punishments toteach.

SFT
.
This data is used to (/\7-4
fine-tune GPT-35 s
with supervised Z

learning. BER

learning to 2 6 year old.

2. Train reward model

The post and
summaries judged
by the human are
fed to the reward
model

The reward model

calculates a reward
rfor each summary.

(]
/ A3
v Y
The lossis ” 7
calculated based on j k
the rewards and
human label.

loss = /og(c(r/f r))
4

The loss is used to
update the reward

“j is better than k"
model.

4.2022.11 ChatGPT

Step2
Collect comparison data and
train a reward model.

“u
A prompt and i"'_ %

several model

Expilain reinforcement
outputs are learning to a 6 year old.
sampled.

e

A labeler ranks the

outputs from best
toworst. 9-0-0-0
RM
This data is used g
totrain our "é}?ﬂ'
reward model.
0-0-0-0

3. Train policy with PPO

Anew postis.
sampled from the
dataset.

The policy

\J
generates a N
summary for the

post. @

The reward model
calculates a reward

v
for the summary. @

(]
The reward is used ‘
to update the policy \J
via PPO.
T
Step3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

Anew prompt is o~
sampled from Wit it
the dataset. about etters.

The PPO model is
initialized from the 'é:}%’
supervised policy. e

The pelicy generates Oricsvpon atines
an output.

The reward model —
calculates a reward R
for the output. W
The reward is used *

to update the r

policy using PPO. k

22



DRL from Human Preferences, NIPS 2017, DeepMind & OpenAl

HUMAN

W“lrﬂ@

VLW RE R, & SORHMEAELE  oReoio D REWARD i ( """"""" FEEDEACK

& E AR
o ANEEMEINEEEFSSBERINITHN

SR EANH EFBA 1R, This difficulty

underlies recent concerns about

mm: m&ogs:’:lr:::s and RL ALGORITHM RESERVATIGN ENVIRONMENT
. ﬁﬁk?ﬂﬁﬁ%ﬁ%?k%ﬁumﬁ% ACTION ?

7H

. E%&MT E25 H B 355 H e BN 3, ——

{EH2 0] PAPRAS FE SR R DL -

%Eﬁﬁ%ﬁiﬁ@kﬁ% R AR RBERE IS, HEIIBEERIITH

A H AT 2
W SRR bR R 5 A—

« Arcade S INEHRY Atari JiEX%
o YIEEAELIES MuJoCo FHHINL S ATS%

Deep Reinforcement Learning from Human Preferences,NIPS 2017 23



DRL from Human Preferences, NIPS 2017, DeepMind & OpenAl

KHE 5 Hbn
WS BRAZRBERIFH o = (00, 00), (01, ), s (0k-1,ak-1)) € (O x A)F.
ol = 2RAHELEIT o =L o2
ATk &
PP — PR T : O > A FI—EHIE 7. O x AR, —EHHDNNSEIL
L RS S PR E AR P A — AT 12, T i BRI S RL BT E R, LUk
WA . — #(or, az)
. M%—yﬁ$WMLu-T,J}$@%mﬁm%ﬂﬁ&w-w@,#@ﬁﬁg%A AT L
8. T P B R AT —AE, M S R 5 g
RIS : TRPO T
IS : WRFENIE, HaE S — 1/ FIRELT Rk,
$01. 25 S5 R PR £ I TR i RS A K it 53 = g e (05 0, 1)

A eXPZ (Otaa’t)

Plo' = 0*] =
| | exp > (o}, a;) +exp Y (o, af)

loss(7) = — Z p(1) logﬁ'[ol = o?] + p(2) logfj[a2 ~o'].
(ol,02,u)€D

Deep Reinforcement Learning from Human Preferences,NIPS 2017 24



DRL from Human Preferences, NIPS 2017, DeepMind & OpenAl

walker hopper swimmer cheetah TR0 ———Leatiider 800 brawicone
6000 1754
5000 1
5000 4 4000 150 10000
4006 125 1 4000 8000
3000
° 1 100 ] B
2 3000 3000 § 6000
o 2000 2000 = 20001 L
1000 01 4000
1000
i 1000 25 2000
| o] ]
~1000 ¢ 0 . . . . .
0.0 05 1.0 15 2.0 0.0 05 1.0 15 2.0 0.0 05 1.0 15 2.0 0.0 05 10 15 2.0 0 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4
ant 1e7 reacher le? double-pendulum?*’ endulum ¥ i 1e7
400 1 10000 P 1500 P 2500 3000 SpAceny 1000 _enduro
-2
7500
] 1000
200 5000 | 2000 2500 |
4 ]
o1 2500 200 2000 — R
B 5 : o o 1500 — 10k synthetic labels
g -6 04 g 1500 — 5.6k synthetic labels
2 _400 | e -500 pm———"p— 2 1000 | 3.3k synthetic labels
-8 110004 = 1400 synthetic queries 1000 — 5.5k human labels
—600 4 5000 4 —— 700 synthetic queries 500
350 synthetic queries j 1 s00 1
L 4 1500 4
—800 ) -10 7500 —— 750 human queries
0o 05 10 15 20 00 05 10 15 20 00 05 10 15 20 00 05 10 15 20 0 0 T 2 3 4 5
timestep 1le7 timestep 1e7 timestep 1e7 timestep 1e6

timestep le7 timestep le7 timestep le7

blog:https://openai.com/research/learning-from-human-preferences

Deep Reinforcement Learning from Human Preferences,NIPS 2017 25
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Summary with HF, OpenAl, NIPS 2020

] 8

o HIFEbRAME DAZ SR
=AYEK;

o MELNBNE ZPINLPIESS
AT R, A3 R TR
BRIEY

J1ik

o DAAEIRLFZIRE L
J777% (WIROUGE. BLEU)
FillgrER, AARKRIE
R TR S

1. Collect human feedback

A Reddit post is
sampled from the
Reddit TL;DR
dataset.

Various policies are
used to sample N
summaries.

Two summaries are
selected for
evaluation.

A human judges
which is a better
summary of the
post.

£ -

“j is better than k"

2. Train reward model

The post and
summaries judged
by the human are
fed to the reward
model.

The reward model
calculates a reward
r for each summary.

The loss is

calculated based on

the rewards and
human label.

The loss is used to
update the reward
model.

loss = log(a(r,~r,))

“j is better than k”

Learning to summarize from human feedback, NIPS 2020

il

&

¥

3. Train policy with PPO

A new postis
sampled from the
dataset.

The policy
generates a
summary for the
post.

The reward model
calculates a reward
for the summary.

The reward is used
to update the policy
via PPO.

,ﬁ m e@ .

.



Summary with HF, NIPS 2020

B
A EERE  Reddit, TL; DRENIEEE
(5 & F B & SR Y CNN/DM)

-5

o WEKE<48;
Wt N it
. EENEIELLE
o ShRiFEARFPRVIELR
o JGbriFR, BASHREN—BE

o FREAN K B AR EF & (freelancing platform)

i
Backbonef{# FHGPT-3 1.3B, 6.7B
e Pretrained models(zero-shot baselines)
« Supervised baselines

What makes for a good summary? Roughly speaking, a good summary is a shorter piece of text
that has the essence of the original — tries to accomplish the same purpose and conveys the same
information as the original post. We would like you to consider these different dimensions of
summaries:

Essence: is the summary a good representation of the post?

Clarity: is the summary reader-friendly? Does it express ideas clearly?

Accuracy: does the summary contain the same information as the longer post?

Purpose: does the summary serve the same purpose as the original post?

Concise: is the summary short and to-the-point?

Style: is the summary written in the same style as the original post?

Generally speaking, we give higher weight to the dimensions at the top of the list. Things are
complicated though — none of these dimensions are simple yes/no matters, and there aren’t hard

and fast rules for trading off different dimensions. This is something you’ll pick up through
practice and feedback on our website.

Table 6: An excerpt from the instructions we gave to labelers for doing comparisons.

Learning to summarize from human feedback, NIPS 2020 27




Summary with HF, NIPS 2020

1. LM & Data
2. Reward Model

3. Human Feedback Policies

loss(rg) = —E(a,yo,y,,5)~D [10g(0 (ro(z, yi) — ro(z, y1-i)))]
« supervised baseline+[E##)4f1  linear head;
o« HitiFrEreward

R(z,y) = ro(z,y) — Blog[ri-(y|z) /7 (y|z)]

KLAUEDT (1) SRR, Bilbaaist (2) lH il 5 R s b 2

1. Collect human feedback

A Reddit postis
sampled from the
Reddit TL;DR
dataset.

Various policies are
used to sample N
summaries.

Two summaries are
selected for
evaluation.

A human judges
which is a better
summary of the
post.

“j is better than k”

2. Train reward model

The post and
summaries judged
by the human are
fed to the reward
model.

The reward model
calculates a reward
r for each summary.

The loss is
calculated based on
the rewards and
human label.

The loss is used to
update the reward
model.

il
I
‘\

|
|

I
I

5
JE

loss = log(a(r,-r.))

“j is better than k"

3. Train policy with PPO

A new postis
sampled from the
dataset.

The policy
generates a
summiary for the
post.

The reward model
calculates a reward
for the summary.

The reward is used
to update the policy
via PPO.

Learning to summarize from human feedback, NIPS 2020

1%

B
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RLHF for Summarization

w 0.7
e
L 0.6} °
o Human feedback
g
o 0.5 ---R-; ----------- e e e e e e
e eference summaries _
o I -
Q04 L - T
8 Supervised learning /
= L
Q 0.3} I
o / i
L
0.2  Pretrain only . .
1.3B 2.7B 6.7B 12.9B
Lead-3
6.0+ T5 CNN/DM
finetuning
iy ;
S o lotoncosummanes 0 0 Supervised
=i t CNN/DM
g Human feedback
t f
% 50l ransfer
| .
9 __ Pretrain
< 45 = only
: 1 Supervised
_ transfer
1.3B .78 6.78 12.98

Model size

0.6

0.5¢

o
w

Fraction preferred to ref
o o
h ~

Overall Coverage Coherence Accuracy

Reference Human Supervised Pretrain
— summary W feedback . learning _— only
m—f RM4_6B
| e RM3
e RM4
mmpum  ROUGE
\. [ I——
s il T I
0 2 4 8 10
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Step 1

Step1

Collect demonstration data
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This datais used to
fine-tune GPT-3.5
with supervised
learning.

f'\
x/
Explain reinforcement

learning to a 6 year old.

¢
o)

4

We give treats and

punishments to teach...

Prompts & Text Dataset

H N ENNNN
M NN
H N .

Human Augmented
Text (Optional)

https://huggingface.co/blog/rlhf

Train Language Model

Initial Language Model

31



Step2 Reward Modeling

Step 2 1

Colect comparcon deta and 55 (0) = = ey B 108 7 (7 () = 70 2, 0)

Prompts Dataset
A prompt and f‘:
~
several model Explain reinforcement Reward (Prefere“ce)
outputs are learning to a 6 year old. Model
sampled.
In reinf?rcement Explain rewards... R
ok E
Train on
G 0 {sample, reward} pairs
In machine We give treats and \
learning... F‘“"‘:‘:a'g;gfﬁ to
b y N Sample many prompts
A labeler ranks the Outputs are ranked
outputs from best (relative, ELO, etc.)
to worst. 0-0-0-0 s N\
Initial Language Model Lirarm ipsamm dolor /
sit amet, consectel —\
¢ adipiscing elit. Aen - 74
RM Donec quam felis N
: : o. 0 vulputate eget, arc : / ’

This c.Iata is used 2N W Nam quam nune -
to train our W eros faucibus tinci Human Scoring \\ >
reward model. luctus pulvinar, hert ( ]

0-0-0-0 \\ J cC )

Generated text

https://huggingface.co/blog/rlhf



Step3 5815 > PPOSL I

SiEpS Prompts Dataset InstructGPT:
Optimize a policy against the objective (6) =E(r gy, [Fo(®,y) — Blog (¥:(y | x)/7 T (y | 2))] +
reward model using the PPO ¢
. : , VE o nDprn [108(7 " (2))]
reinforcement learning algorithm. w~ Depretain ¢
: :Adogis...
A new prompt is e Vv e L
sampled from Write a story e ~\ " Tuned Language )
the dataset. about gtters. Initial Language Model Model (RL Policy)
‘ Reinforcement Learning
o Update (e.g. PPO)
The PPO model is o ¢
initialized from the 2% 0 R N 0« 0+ VoJ(6)
supervised policy. W
AN
* Base Text ©®®® i;LHFd - ®@<?® Reward (Preference)
v t
The policy generates e ot e dnea e
an output. y: a furry mammal y: man’s best friend )
* \_ Y \. yd Y.
The reward model o
calculates a reward ,/.if;\. » -
for the output. N1
P il —AkL Dk (mppo (¥|2) || mhase(ylz))
. KL iction shift It
The reward is used * pregiction it penaity.

to update the r -
policy using PPO.

https://huggingface.co/blog/rlhf 33
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JEANAIRLHF: Text-to-Image Diffusion

bl H A SCAE B AE DA i S A SO RS FRDCEC Y G, Rl @ e 4H & BG4 RO T,
mik: T ALKk FEEStable DiffusionfSiZ SR -4 R

Step 1. Collecting human data

One dog

Two dogs

Red dog

Green dog

|

Text-to-Image Model

Aligning Text-to-Image Models using Human Feedback,

Step 2. Learning reward function
(a) Predicting human feedback

Reward

Green dog — medel

(b) Auxiliary objective: prompt classification

A
Green dog

Red dog Reward
c model

Blue dog

D
Purple dog

Google, Arxiv 23.02

" Green dog —» Reward __
model
r 2

—

0

O O W< >

Step 3. Updating text-to-image model

Green dog

Green dog Green dog Green dog

Reward model

/"”7\‘

0.9 0.0 0.9 0.7

J

Reward-weighted likelihood
maximization
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Step1 WgEE N K miZiiE

o= & (1) . £ (o)
1077 : . P, 5%

Step 1. Collecting human data Categoty Exarples
Eount One dog; Two dogs.; Three dogs;
Four dogs; Five dogs;
One dog Twodogs =--rvr-ecees il A green colored dog;
A red colored dog;
Red dog Greendog ----rcese )
Background A dog in the forest,
A dog on the moon,;
B Two blue dogs in the forest;
Text-to-Image Model Combinatian Five white gogs in the city;
Table 1. Examples of text categories.
Total # of Human feedback (%)
Category images
Good Bad Skip
Count 6480 344 61.0 4.6
Color 3480 704 20.8 8.8

Background 2400 66.9 33.1 0.0
Combination 15168 35.8 59.9 4.3

Total 27528 46.5 48,5 5.0

Table 2. Details of image-text datasets and human feedback.

Aligning Text-to-Image Models using Human Feedback,
Googlem, Arxiv 23.02
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Step2 5 > I REX

Step 2. Learning reward function

(a) Predicting human feedback

Reward __ 1
model

i Reward
A * Green dog mode 0
o

(b) Auxiliary objective: prompt classification

| Greendog —*

A
Green dog

Red dog Reward
c model

Blue dog

D
Purple dog

O O W< >»

257 LR Y B AN NSO, T AR B R R PE 7

1K F CLIPKRAR B BB A SCAHRHAE, PHRAE A — 2R
MLPEAIEAT PR B,  RAMSESRIKIET T,
ﬁ”SE(ab):( E_ [(y—rs(x2)"].

x:z,y)NDhuma.n

2 5B {E-55prompt classification, EAEHEHE R IE T2 BRI EL
Iz A RE

Py (ilx,{z;};1,) = Zixffl’i(;?’f‘(:s{(’:%;é)’ Vi € [N],

where T' > 0 is the temperature. Our auxiliary loss is

LP(g)= E (L (Py(ilx, {z;}711),4)], (1)

(x,{z; } ], ,i")~Dex

Lrowra(g) = L(g) + ALY (9)

Aligning Text-to-Image Models using Human Feedback,

Google, Arxiv 23.02
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Step3 BT

Step 3. Updating text-to-image model

5 S4B 22 5l ER BCR A5 i stable diffusionf&iZy

Green dog Greendog ~ Greendog  Green do E(Q) = (x Z)Fpmodel [ — ’I‘¢ (X) Z) ].Og Do (X|Z):|
E —1
th (x,z)~Drre [ 08 Po (X|Z)} ’

Reward model

/’%\‘

0.9 0.0 0.9 0.7

J

Reward-weighted likelihood
maximization

Aligning Text-to-Image Models using Human Feedback,
Google, Arxiv 23.02
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Image-Text Alignment Fidelity (image quality)

Original model Fine-tuned model (ours) 1003 100% NUT;J;; of
. 99
. 89
80% 80% = 79
= 59
= 59
= 49
60% 60% 39
2/9
1/9
0/9
40% 40%
20% 20%
¢ N 4‘\" Y N Fine-tuned Original i Fine-tuned Original Tie
i j'w;\ i N madel model model model
FID on Average rewards on
MS-CoCo () tested prompts (1)
Original model 13.97 0.43
Fine-tuned model w.o
) 26.59 0.69
unlabeled & pre-train
Fine-tuned model
W.0 Dro-train 21.02 0.79
(c) Unseen text prompt (artistic generation): 0il painting of sunflowers. o
Fine-tuned model 16.76 0.79

AR TTM)
1. More nuanced human feedback: IEANIAZETESRIANE, NERENoF1FT 57 ;
2. Diverse and large human dataset: # KEHESE, 2S£
3. Different objectives and algorithms: XFHRLHF /5%

Aligning Text-to-Image Models using Human Feedback,

Google, Arxiv 23.02 39
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o PLFEHYRAEA

- EFiEAIE: garbage in garbage out

« Human in the loop: H2/> \ Tl 2 /D2 5E
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ChatGPT{#

20174 Z Bl E05E/AL/RL, ERANfiiR . MERgt. &iifk. SREEEEEE. TRPOBEIX(PPOWJHIE, 2015%F)
20174F6 H :RLHF, RJ5IEIITRPOFIRIZURME

20177 H :PPOE %

20174F6 A :Transformer/Self-Attention

20184FE6 H:GPT

201942 H:GPT2, Bi&promptHik

20201 5H:GPT3, 1750BZ=4#K

202049 A :GPT3+RLHF+PPOH T X A2

202147 H :Codex

202149 A :FLAN KR! FLTFF5 S H RKInstruction Fine-Tuning (IFT)

2021 H4ZJE R :OpenAliZH K EGPT3.5

20224F 1 :Googlefg H B 4EREE R (Chain of Thought, CoT)

202243 H :0penAlLE R % fiinstructGPT, GPT3 + {§%2%> + RLHF + PPO,

2022%F11H HJChatGPT: GPT3.5+CodexHIfHS/HEFERE /) +instruction learning + RLHF + PPO

GPT-4 coming soon...
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1. gpt-3.5-turbo, 1000 tokens/$0.002
WSCHRIEA

On the Robustness of ChatGPT: An Adversarial and
Out-of-distribution Perspective

Jindong Wang'*Xixu Hu'-?*{ Wenxin Hou®', Hao Chen*, Runkai Zheng':°} Yidong Wang®,
Linyi Yang’, Wei Ye®, Haojun Huang?, Xiubo Geng?, Binxing Jiao®, Yue Zhang’, Xing Xie!

Microsoft Research, City University of Hong Kong, *Microsoft STCA, *Carnegie Mellon University,
®Chinese University of Hong Kong (Shenzhen), ®Peking University, “Westlake University

ChatGPT usage Some authors in this paper are from mainland China where ChatGPT is currently
unavailable. In order to conduct this research without disobeying local laws and OpenAl service
terms, Hao Chen, who 1s one of our coauthors and lives in U.S., did all experiments related to
ChatGPT and OpenAl. All experiments on ChatGPT are based on its Feb 13 version. Further updates
of ChatGPT may lead to change of the results in this paper.
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To be continued
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