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Fine-Tuning Language Models from Human Preferences
(OpenAl, 2019. 09. 18)

* Apply RL to tasks where reward is defined by human judgment

Reward model training

context

continuation (x4)

|

Human
labeler

Policy training

context

continuation

reward (=4) loss
label
reward loss

https://arxiv.org/pdf/1909.08593
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Training language models to follow
instructions with human feedback

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, Oleg Klimov

OpenAl
NeurlPS 2022



Step1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our L
prompt dataset. landing to a & year old
A labeler
demonstrates the @
desired output P
behavior. Some pn:;pla want
to the moon...
This data is used SFT
to fine-tune GPT-3 .(5?.?:3.
with supervised =7
learning. Z

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

Ewplain grasity._ Explain v
Maon |8 nabural Poaophs wenk fo

satalliteol.. tha moon...

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

Y

Y

Once upon a time..,

Y

RM
.. .0

LRI

R

Y
M

InstructGPT: Training language models to follow instructions with human feedback
(2022.05.04, OpenAl)
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PPO: Proximal Policy
Optimization Algorithms

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, Oleg Klimov

OpenAl
arxiv, 2017.07.20



PPO : Proximal Policy Optimization Algorithms

* Policy Gradient Methods: L7¢(4) =E, [log mo(ay | St)x‘ic]
policy : g (ar|s¢)
advantage : A;

 TRPO: Trust Region Policy Optimization(CML 2015)

Wﬁ(ﬂrt|3t) A o orel- 1 o
T eyt = B (| s0),mo(- | t)}]

max%’mize E; [

e PPO: Proximal Policy Optimization Algorithms(arxiv 2017)

LEHP(6) = B, [min(ry(0) As, clip(re(0), 1 — , 1+ ) Ay) | |ru(0) = 2ot

Foga(at [0

* RLHF(PPO) : Training language models to follow instructions with human feedback(Neurips 2022)

objective (¢) :E(Tny)"*ﬂng [?“9(-’1?: y) — Blog (WEL(Q | -'-B)/?TSFT(LU | fﬂ))} +

(e =0.2,=0.02,y =27.8)
nymNDpretmin []‘Dg(ﬂgL (m))]

KU EFERE Dversin



PPO : Proximal Policy Optimization Algorithms

* Policy Gradient Methods: L7¢ () =E, [log mo(a | St)x‘ig]

policy : g (ay|s)
advantage : A;

e TRPO: Trust Region Policy Optimization(CML 2015~ Important sampling

?Te(ﬂrt | St) fi

f]'.'-91_)l‘t_l(a't I St)

— BKLfmu(- | 50)smol- | sm]

max%’mize E; [

e PPO: Proximal Policy Optimization Algorithms(arxiv 2017)

LEHP(6) = B [minfro@)As, clip(re(0), 1 — , 1+ ) Ar) | |ru(0) = 2ot

T q (at | st

* RLHF(PPO) : Training language models to follow instructions with human feedback(Neurips 2022)

objective (¢) =E (s y)~p_n,. [ro(z,y)|— Blog (ri"(y | z)/m T (y | 2))] +

T
VYE gDy [108(75"(x))]  (6=0.2,8 =002y =27.8)

* I(n u KYUNEIJPP?KJI [ERSITY



Secrets of RLHF in Large Language Models (arxiv 2023)

(x.y)

Reward
Model

Model
Vi (S¢)

V(s¢)

GAE

* Advantage Function
A(sear) = T(rA) St

* TD Error

8, = T(spa) + ¥V (sp1) =V (5,)
* Return

E’r = J&(Sr;ﬂr} + V(se)

g (aclse)
H¢old{atlsﬁj

L 4

LM Loss
Pretraining Data
(x, %)
R
T d: |5 r
a ld( tl r} (St'at} {Staat} A‘I‘:Sr, [IL-)
RL
T ar |5 >
Oia (2c5¢) nht (aclse) g, Vis)
MSE Loss
= " Experience Buffer
User Query
GPOOD
I(n K'WNIJP| lKJH RSITY

‘qﬁ (Sta at}
PPO-clip Loss




PPO : Proximal Policy Optimization Algorithms

Policy Gradient Methods: 1.7%(9) =, [log mo(ay | st)A,]
policy : mg(als,)
advantage : A;

» TRPO: Trust Region Policy Optimization(ICML 2015) ‘ Important sampling ‘

mg(ae | s¢)
Moo (@t | 5t)

maxiﬂmize E; [

= KLl (-3, ol |30

PPO: Proximal Policy Optimization Algorithms(arxiv 2017)

LCL”J{F)) =k, [min Ay, clip(re(0),1 — e, 1+ e)fl,)]

RLHF(PPO) : Training language models to follow instructions with human feedback(Neurips 2022)

"t(QJ _ wglas | 8¢)

o (0t [ 5t)

objective (6) =F(z.y~b,_, [ro(z,y) ~ Blog (5 (y | 2)/x(y | 2))] +

(e = 02,8 = 0.02,y = 27.8)
VEzm Dy [108(75 - (2))] ﬂ

* Policy?
« Advantage?

« Important sampling ?

KU EFERE Dversin



PPO : Proximal Policy Optimization Algorithms

* Policy?

« Policy Gradient Methods: 1.7%(9) = [, [log mo(ay | s,,)A,]

* policy : mg(ayls,)
* advantage : 4;

» TRPO: Trust Region Policy Optimization(ICML 2015) ‘ Important sampling ‘

mg(ae | s¢)
Moo (@t | 5t)

maxiﬂrnizeﬁt[ Ay — BKL[mg,, (- | 5¢), 7o (- | s,)}]

* PPO: Proximal Policy Optimization Algorithms(arxiv 2017)

LC“P{F)) =k, [min Ay, clip(re(0),1 — e, 1+ e)fl,)]

» RLHF(PPO) : Training language models to follow instructions with human feedbackNeurips 2022)

objective (¢) :E(l.|y)NDﬂ§L (ro(z,y) — Blog (frgL(y | 2)/mF T (y | 2))] +

(e =0.2,8 =0.02,y = 27.8)
VEzn Dyean [108(7¢ - (7))] ’

* Value based learning, policy based learning

« Advantage?

GAE, TD Error

* Important sampling ?

KNU 7R Uversimy



Reinforcement Learning

«2FEf| (State, s)
« s = {Sp, S1,S2, 53, S, S5, S¢, S7, Sg, success, fail}

S (Action, a)

ot

SO Sl Fail

ea = {up,down,left,right}
S, S3 S4 Reward

e success: +10

Sa Ss success e fail:-10
« 0| : -1

*Episode
® Sp,Ap — S2,Ap — S4, AR — S5, Ag — Success

KU EFERE Dversin



Reinforcement Learningq-value function)

¢ Q-value function(state-action value function)

Qo(s,a) = E[Gt 1§t = s, a4 = a}

G, : tOo| A 2| Return Iy
. o * success: +10
So 51 Fail Gi=) V'R = Te + VTea1 Vo2 + o * fail:-10
k=0 — . Ol% -1
discount factor
> * Policy : 7(s) = argmax Qy(s,a)
S, S3 S4 . a
T « Ex) &7| Policy &FEj
v ‘ ‘ m So S1 S2 S3 S4 S5 S6
Ss —> S success

Up - - 0.1 0.2 0.2 0.5 0.5

Down 0.4 0.5 0.3 0.3 0.4 - -

Right 0.2 0.2 0.1 0.5 - 0.8 0.4

left = 0.3 - 0.1 0.3 - 0.4

KU EFERE Dversin



Reinforcement Learningq-value function)

GL — Z?kRH—k = T't + )/T‘t_l_l -+ )/ZT'H_Z + ...

k=0

« Q-value function(state-action value function)

Qo(s,a) = E[Gt | 8t = 8,0 = ﬁ}

So S, Fail * Policy: =(s) = arg max Qo(s,a)
- So | S1 S2 S3 S4 | Ss Sé6
S, S3 > S, Up - - | 01| 02| 02| 05|05
T Down| 04 | 04 | 03 | 03 | 04 | - i
|| ‘ | Right | 02 | 05 | 01 | 05 | - | 08 | 04
Sc —> Ss success left - 0.3 - 0.1 0.3 - 0.2

* TD Error: A% JEO|A O|S&l 2410t Oj2fe] =X Zalet 249 X0

[ o —

« Ex)Q(sg,up) 2| TD Error B | B
« —1(r,) + 0.9(y) X 0.5 — 0.5 = —1.05 0 = 1 +ymax Q(si+1,a) — Q(sr; ar)

* Q(seup) =0.5-a x1.05 = —0.55 (o = 1)

KU EFERE Dversin



Reinforcement Learningq-value function)

« Q-value function(state-action value function)

Qo(s,a) = E[Gt | 8¢ = s,ar = a}
SO Sl Fail )
* Policy: 7(s) = argmaxQy(s,a)
S, S, S, - So | S1 | S2 | S3 | S4 | S5 | Se
T Up - - 0.1 0.2 0.2 0.5 | -0.55
‘ Down | 0.4 0.4 0.3 0.3 0.4 - -
— i _
Se S Success Right | 0.2 0.5 0.1 0.5 0.8 10
left - 0.3 - 0.1 0.3 - 0.2
 TD Error:  TD Error:
*  Ex)Q(sg up) 2| TD Error *  Ex)Q(sg, right) 2| TD Error
e —1(r;) +09(y) x0.5—-0.5=-1.05 * 10(ry) +09(y)x0—-05=9.5
* Q(sgup) =05+ax—-1.05 = -055(a=1) * Q(sg1ight)=05+ax95 =10(a=1)

KU EFERE Dversin



Reinforcement Learningq-value function)

e Value function(state-action value function)
Vi(s) = E|G, | 3, = 3]

(s) = argmaxy[r(s,a) +yV(s')]
SO Sl Fail
S2 S3 T Sa
-
Sc Sé success
* TD Error: 6 = r; + 4V (s11) — V(st)
« TD Error: « TD Error:

o Ex)V(si=e) 2 V(sp41=3)2 TD Error o Ex)V(S;=g)2t V(Se11=5) 2l TD Error
e —14+0.9x%x0.25—-0.4 =0.275 e —14+09%x10—-04=7.6
* 0.440.275=0.675 c 04+7.6=8

= KYUNGPOOK
Kn MNATIONAL UNIVERSITY



Reinforcement Learningq-value function)

e Value function(state-action value function)
Vi(s) = E[G, | 5, = s]

(s) = argmaxy[r(s,a) +yV(s')]
SO Sl Fail
S2 S3 T Sa
=
Sc Sé success
* TD Error: 6 = r; + 4V (s11) — V(st)
« TD Error: « TD Error:

o Ex)V(si=g) 9 V(Sp41=3)2 TD Error o Ex)V(S;=g)2F V(St41=5) 2| TD Error
 —14+09x%x0.25—-0.4=0.275 e 10+09%x0—-04=9.6
* 0.440.275=0.675 e 0449.6 =10

= KYUNGPOOK
Kn MATIONAL UNIVERSITY



Reinforcement Learning

But!
* Value-based St&XE E7H ME[OA SLE QI H A4S ot56tH HEH Ol lE S 7t (Continuous action) O| Lt

ZHEX] ™A (Stochastic policy)= CHE 7| {22

Q(sz,R) < Q(sy, L), E BH=

_JEI_SZQI-Q%Z—?IESZ 7EI-%) Sl SZ 33 S4_
Down | 0.0 - 10 0.0
Right | 1.0 1.0 | 0.0 _
left - 0.0 0.0 1.0
St = {L,R, U,D} —
S $1 = {O; 1, O, 1} ;I'—_ ;I)Ilnl[i,l
2 . Y '
Sy = {1, 1, O, O}
O|H HIE
s3 =1{1,1,0,1} Q(s,, R) > Q(s,, L) O|H, Bt5
s4=11,0,0,1} CEA| BHa ot

@ KN
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Reinforcement Learning

But!
* Value-based S5 M 57 HEJOM SHEQ HoS ot=5d5IH A

2HEX| A (Stochastic policy)= CHE 7| 0122

Jb
6
=0=|'
O
OK

{}(Continuous action) O|L}

 Policy-based Learning
- T Y7|HQl H A (Expected Return) XX 2}
o BeeEe =52 28t E40| OfL 2t F7[HQl 4FatE =0l= ARILIC

. B, Ched| HTH AEHOIA THE B2 HAS Y $ES MEsts

I

o]
©
i)
I
1L
a
r
—
S
>
i
Ot
b
1%
I

WSS SHoollOF LT
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Reinforcement Learningrolicy-based Learing)

SO Sl Fail
S2 S3 S4
Sc Sé success

o« Olml A= oo = 1,4~c.x:

(So»@g = S1,Gp = S3,ap = Se,Ag = Ss), Gz=(—=1)*+10
(So,@g = S1,ag = Sp), G;=(=1)%-10

(So,ar = s1), Ge=-1+7

(So,ap = S2), Ge=-1+7

(SO'CZD = Sy, = Sg,Ar = S1 ...),Gt:?

(So,Ap = Sz, 4y = So,Ap = Spap = S5 ...), G=7

*Policy based learning

- my(als)E A8 5, S =EH HE (sampling)0| 7ts.

«Policy Gradient Objective :
-HHMO| O|F0] 2 A0 = 0 =2 &= FOSIE= S5

LFG6 () =

e A, : Advantage Function

-At>0 logmg(a;ls,) af= Z[CH=L
Uus

KU EFERE Dversin



Reinforcement Lea rning (Policy based text generation)

a: Ar+1 Reward (4, )
[weather]
Poli f Target:
LLM LM The weather is really nice today.
St T St+1 T
QE M7t QE EM7I H [The weather is really nice today. ] > [The weather is nice. ]
&2 E4 . ZUR. The
This loss function is a
> fundamental concept
Policy based RL

* action: Ct= THO](Token)
e BLEU:BLEU B

= KYUNGPOOK
A Study of Reinforcement Learning for Neural Machine Translation(EMNLP 2018) Kn NATIONAL UNIVERSITY



https://aclanthology.org/D18-1397.pdf

Secrets of RLHF in Large Language Models (arxiv 2023)

(x.y)

Reward
Model

()] x

User Query

(St,a¢)

GAE

* Advantage Function
A(sear) = T(rA) St

* TD Error

8, = T(spa) + ¥V (sp1) =V (5,)
* Return

Rr = J&(Sraﬂr} + V(s¢)

g (aclse)

-
rr'd-'old. ( ﬂt |5E:]

RL
Mg, (@elSt)

(st:at)  A(se, ap)

L 4

‘qﬁtsta at}
PPO-clip Loss

SC

Pretraining Data

EL =
Ty, (@elSt) R,

Experience Buffer

-~

Ry

P

V(se)
MSE Loss

KYUNGPOOK

KN

MNATIONAL UNIVERSITY



PPO : Proximal Policy Optimization Algorithms

Policy Gradient Methods: L7%(9) =, [log mo(ay | st)}L]
policy : mg(a|sy)
advantage : A,

* TRPO: Trust Region Policy Optimization(ICML 2015) ‘ Important sampling ‘

mg(as | s¢)
T8,1a (ﬂ‘t ‘ Si)

maxiomize E; [

= KLl 50|30

PPO: Proximal Policy Optimization Algorithms(arxiv 2017)
LELIP (9) = [k, [min A, clip(re(0),1 — e, 1 + e)ﬁ,)]

RLHF(PPO) : Training language models to follow instructions with human feedback(Neurips 2022)

re(8) = —Zelarlsy

T4t | 5t)

objective (6) =F(a,y~b,_y. [ro(z,) — Blog (w5 (y | 2)/x (y | )] +

(e =0.2,8=0.02,y = 27.8)
’yEI"\"Dprclr:un [[Og("'rgL (.T))} :

 Policy?
« Advantage?
* GAE, TD Error

* Important sampling?

KU EFERE Dversin



Reinforcement Learningrolicy-based Learing)
» GAE(Generalized Advantage Estimation)

-4 3te& 0| M Advantage Function(4, )2| VarianceE &0|7| sl AHSELILCE.
7|Z&2| Advantage Function(Ex:G,)< VarianceZt =0tA at&0] 28T = QU&=

AlZHOf ther Za| A7 O 2EH0| SN2 2 ot gL L,

GAE

* Advantage Function
A(se,ae) = 2D 8t
* TD Error

& =r(spa,) +yV(s,) =V (5.)

* Return

ﬁ'r = -’I(Sr.ﬂ;) +V(s¢)

O, GAE= TD ErrorS

*TD Error : o7 SEfO|A O =&l 243t Dj2fo] 2A Aot 24| X0

o6 =1(se,ar) + YV (ser1) — V(se)

Oiehel Hd X JH

‘Zt(st; a;) = Z(V/Dlat+l

R(sy, a))=—1,V(st41) = 6,V(sp)=5

8, =0 0= 0] FEtZf.
R(sy, a))=—1,V(st41) = 8,V(sp)=5

8, >0 : OZE Lt £ - Value function 57F
R(sp,a)=—1,V(st+1) = 4, V(sp)=5,

5, <0: QFZECt LHE - Value function &2

ey : O|EHS| 240 Cligt 7HX|S E0iLt S 20 dA4XE 280 <y <1)

oA :TD Errorl| 8= X0 (0<1<1)

°71t(5t: a;) = 6 + ()//1)16”1 + (V/U25t+2 + -

= [r(st, ) + ¥V (Se41) = V(S)] + [1(Sea1, Ges1) ¥V (Se42) = V(Ser1)]+-..

* 5. oM HEf oS E 24 oA 0{2f =& TD ErrorE & X A(GAE) ReturngfS ZH=CH




Secrets of RLHF in Large Language Models (arxiv 2023)

(x.y)

Reward
Model

V(s¢)

GAE

* Advantage Function
A(sear) = T(rA) St

* TD Error

8, = T(spa) + ¥V (sp1) =V (5,)
* Return

ﬁr = J&(Sr-ﬂr} + V(s¢)

g (aclse)

-
rr'd-"old. ( ﬂt |5I:]

()] x

User Query

(St,a¢)

L 4

‘qﬁtsta at}
PPO-clip Loss

SC

Pretraining Data

RL
Mg, (@elSt)

(st:at)  A(se, ap)

EL =
Ty, (@elSt) R,

Experience Buffer

-~

Ry

P

V(se)
MSE Loss

KYUNGPOOK

KN
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PPO : Proximal Policy Optimization Algorithms

Policy Gradient Methods: 1.7%(9) =, [log mo(ay | st)xfl,g]
policy : mg(als,)
advantage : A;

» TRPO: Trust Region Policy Optimization(ICML 2015) ‘ Important sampling ‘

mg(ae | s¢)
Moo (@t | 5t)

maxiﬂmize E; [

= KLl (-3, ol |30

PPO: Proximal Policy Optimization Algorithms(arxiv 2017)

LC“P(E)) =k, [min Ay, clip(re(0),1 — e, 1+ e)flt)]

"t(E)J — _molas|se)

Tog1q (0t | 5t)

RLHF(PPO) : Training language models to follow instructions with human feedback(Neurlps 2022)

objective (6) =F(z.y~b,_, [ro(z,y) ~ Blog (5 (y | 2)/x(y | 2))] +

(e =0.2,8 = 0.02,y = 27.8)
YE g Dyn [108(T5 7 (7))

 Policy?
« Advantage?

* Important sampling?

KN

KYUNGPOOK
MNATIONAL UNIVERSITY



PPO : Proximal Policy Optimization Algorithms

Problems in Policy-based RL for Text Learning
« Sample

st52 ?I5H sampling SHOF & Text(s;, a,) 7t U5+ H=

A0 E = M 22 Policy(my) M sampling= SH{OF2t

» Reward(Advantage)

Reward 2| €3 @l sampling text2| £8 2 & Ql5f variance?t ==

Solving with PPO
« Sample variance — Importance sampling
« (liping

 Reward variance — GAE

@ KU KSR e



PPO : Proximal Policy Optimization Algorithms

 Importance sampling

—

SIEE X P(x)MAl samplingdt?Z| O] EX|2F FAISE 22 Q) A=

|
H=20| g1, O|F Sdl P(x) Ofl et 7|Hits =82 W AFEE L L

>~
==

o




PPO : Proximal Policy Optimization Algorithms

» Importance sampling : A O %]

- 68 FARE HE I, LIQRE A7t 4 0| E€ &&ES A ettt 7Pg =L T

KU EFERE Dversin



PPO : Proximal Policy Optimization Algorithms

» Importance sampling : =A< Ol A|
OH| Importance SamplingS 531 Ep[f(z)]E Tol 2 ZSLICH o 7] A:

e« f(z) =1if z = 4, otherwise f(z) = 0. SEE= P(z > 4)0122, f(z) = 19 Z2¢ D2{ZLICH maty.

16 2
1/6 2
s T =93 = = =
e Epf(z)] = 2 x S 4 2 x4 2% ]
6 )= X -+ g XT3 X7
» EIE:HZE ! 3 4 3 4 3 4
1 2 1 1
2t2to] Q(z) = o=z =3X3 X173

I(n u KYUN.GIPPOIKH RSITY



PPO : Proximal Policy Optimization Algorithms

* Policy Gradient Methods: 1.7%(4) =, [log mo(ay | St)x‘ic]

policy : m(ae|s¢)
advantage : A;

e TRPO: Trust Region Policy Optimization(CML 2015~ Important sampling

?Te(ﬂrt | St)

?Tﬁ'._,[d(a't | St)

mﬂXiﬂmiZ@E; [ -"21\-'{, — ﬁ KL[?THUM(‘ | 33)? ﬂ-ﬁ(' l Sﬂ)}]

* PPO: Proximal Policy Optimization Algorithms(arxiv 2017)

LEHP(6) = B, [min(ry(6) As, clip(re(0), 1 — , 1+ ) Ar) | |ru(0) = 2ot

Foga(at [0

* RLHF(PPO) :Training language models to follow instructions with human feedback

objective (¢) :E(Tny)"*ﬂng [?“9(-’1?: y) — Blog (WEL(Q | -'-B)/?TSFT(LU | fﬂ))} +

r:(E:ENDpretmin [lag(ﬁg]—_‘ (fﬂ))] (E B 02,[) - 0-02,},‘ B 278)

KU EFERE Dversin



Secrets of RLHF in Large Language Models (arxiv 2023)

GAE

r(x, }'}E"S
* Advantage Function

A(st,ar) = Ny 8ear

g (aclse)

Reward
Model

-
rr-gbold_ ( ﬂt |5E:]

(x.y)

L 4

* TD Error
8, =r(s;,a.) +¥V(se ) =V (s) [ A(sp,ae)
PPO-clip Loss
\ V(sy) * Return
? _— .
Re = A(st ac) + V(se) | O
LM Loss
Pretraining Data

()] x

(Se, r) (sat)  A(se, ap)
V(se)

MSE Loss

RL
My - (ag]se) RL _
o Ty, (@elSt) R,

Experience Buffer

KYUNGPOOK

I<n MATIOMAL UNIVERSITY
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PPO : Proximal Policy Optimization Algorithms

* Policy Gradient Methods: 1.7%(4) =, [log mo(ay | St)x‘ic]

policy : m(ae|s¢)
advantage : A;

 TRPO: Trust Region Policy Optimization(CML 2015)

?Te(ﬂrt | St) 2

o (0 | St)A.r, —|8KL[mg,,, (- | st), 7o (- | 53)}]

max%’mize E; [

* PPO: Proximal Policy Optimization Algorithms(arxiv 2017)

LCLIP(g) = [, [min(rt(ﬁ)ﬁh clip(r4(8),1 — €,1 + E)At)]

* RLHF(PPO) :Training language models to follow instructions with human feedback

objective (¢) :E(Tny)"*ﬂng [?“9(-’1?: y) —|Blog (WEL(Q | -'-B)/?TSFT(LU | fﬂ))} +

f:{Ea?NDpretmin [lﬁg(ﬂgL (fﬂ))] (E B 02’[{ - 002’},‘ B 278)
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Secrets of RLHF in Large Language Models (arxiv 2023)

{xa }') X J‘r‘.l.r}'rZi --w}"]"

User Query

Reward
Model

4 GAE

* Advantage Function
A(s,ar) = L(yA) Spss

+ TD Error

8y =1(spap) +¥V(see1) =V (5p)

V(sy) * Return

Rr = J&(Sraﬂr} + V(s¢)

g (aclse)

-
rr'd-'old. ( ﬂt |5E:]

(St,a¢)

(se.ac) 14{3:: a)
RL
Mg, (@elSt)

L 4

A(s,,ap)
PPO-clip Loss

SC

Pretraining Data

EL =
Ty, (@elSt) R,

Experience Buffer

-~

Ry

P

V(se)
MSE Loss
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W After InstructGPT

« DPO : Direct Preference Optimization: Your Language Model is
Secretly a Reward Model (NeurlPS 2023)

* DeepSeek-R1 - GRPO : Group Relative Policy Optimization



DPO : Direct Preference Optimization: Your
Language Model is Secretly a Reward Model

(NeurlPS 2023)

Reinforcement Learning from Human Feedback (RLHF)

x: “write me a poem about
the history of jazz"

S >

—

—

preference data maximum
likelihood

EDPO(?TE?; ﬂ-ref) — _E(:c:yu,,yg)mi) llogJ (

label rewards

reward model LM policy

()

sample completions

reinforcement learning

Direct Preference Optimization (DPO)
x: "write me a poem about
the history of jazz"

=l = — final LM

preference data maximum

likelihood

mo (Y1 | )

Blog Wg(yw‘ﬂ}) 61

e Tret (Y1 | ’17))]

?Tref(yw ‘ L )

* Yy, : "winning" response (the better or more preferred response)

« y; :"losing" response (the less preferred response)
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DPO : Direct Preference Optimization: Your

Language Model is Secretly a Reward Model
(NeurlPS 2023)

To(Yw | T) mo(y1 | x) )]
L 70, Tref) = —B(p 0. un~op |logo | Blo — Blo
DPO( ’ t) (4w 91)~D [ 5 ( . ?Tl'ﬂf(yw ‘ T) 5 ﬂ-ref(yf ‘ 93)

1

1
T (y|x) = mﬂref(yIX)eXp(

mg(y]x)
T[ref(ylx)

Eyr,[RMy(x, ) — Blog( )]




DPO : Direct Preference Optimization: Your Language

Model is Secretly a Reward Model (NeurlPS 2023)
7o (Yuw | T) Blog mo(y | x) )]

Wref(yw | '17) B ﬂ'ref(yi ‘ 'E)

-

EDPO(TT{?; ﬂ_ref) — _E(az,yw,yg)mD llogo_ (6 lOg

~

1 1
n*(ylx) = mnref(ﬂx)exp(ERMcp(x; y)—— logm*(y | ) = log mref(y | ) + éﬁﬂfé[w,y]

_ RMy(xz,y) = 8 [lUg T (y | J*) - lﬂg?rrﬁf[y | J*}

By ey [RMyp (x, ) —ﬁlog(n’z]fgfi)n N y,

- A Mover el | o) Toves e mo(y | o)
Eyry |Blogm™(y | z) — log mer(y | )] — Blog ?rmf(yl:ﬂ}]

By |8 (logm™(y | z) — log mp(y | z))]
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GRPO: Group Relative Policy optimization

PPO

[

Policy
Model

GRPO

L H

Policy
Model

|- L2

& Reference B
Model

~

Reward i
Model

\ 6

Value | -
L Model A v

KL

Reference i
Model

~\

Reward
Model

Group
Computation

Ag

Trained
Models

Frozen
Models

Figure 4 | Demonstration of PPO and our GRPO. GRPO foregoes the value model, instead
estimating the baseline from group scores, significantly reducing training resources.
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GRPO: Group Relative Policy optimization

« Objective Function:

Jerro(0) = E[q ~ P(Q), {Di}il ~ 9,4 (0[q) ]

G
é Z (min( 7o(0ilq) A;, clip ( 7o(0ilq) 1-¢,1 +£) Ai) — BDgy (He”:’rref)) p
i=1

o4 (01|Q) v TTO,4 (Dflq)’

Href(oilq) 1o Href(UiM) _
79 (0i|q) 5 7o (0ilq)

Dk, (ﬂﬁllﬂ-ref) = 1,

- Advantage :

ri —mean({ry,r2, - ,rg})

A =
Std({rlf rg, - ,r(;})

I(n u HUNIGIPDDIKW RSITY



	슬라이드 1
	슬라이드 2
	슬라이드 3
	슬라이드 4
	슬라이드 5
	슬라이드 6
	슬라이드 7
	슬라이드 8
	슬라이드 9
	슬라이드 10
	슬라이드 11
	슬라이드 12
	슬라이드 14
	슬라이드 15
	슬라이드 16
	슬라이드 17
	슬라이드 18
	슬라이드 19
	슬라이드 20
	슬라이드 21
	슬라이드 22
	슬라이드 23
	슬라이드 24
	슬라이드 25
	슬라이드 26
	슬라이드 27
	슬라이드 28
	슬라이드 32
	슬라이드 33
	슬라이드 34
	슬라이드 35
	슬라이드 36
	슬라이드 37
	슬라이드 38
	슬라이드 39
	슬라이드 40
	슬라이드 41
	슬라이드 42
	슬라이드 43
	슬라이드 44
	슬라이드 45

