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Bandit view of language model alignment

* Prompt (State): user queries (x)
* Response (Action): language model generation (y)
* Reward function: r(x,y) € [0,1]

multithreaded.stitchfix.com

Picture from

(in this prOject We Only StUdy MA B) https://multithreaded.stitchfix.com/blog/2020/08/05/bandits/
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Policy

* A tabular softmax policy Ty for MABs gatisfies
e’y

Y, e’

T (y) =



Preference-based RL

A preference model p*(y; > y,) indicating the probability that y; is
preferred over vy,

* After choosing a of arms (y4,y,), observe a sample

pNBernoulli(p*(y1 > yz))
* BT preference model

eT(Y1)
p (Y, > y,) = 0(7"(3’1) — T()’z)) =

eT(Y1) + er(YZ)



Motivation: how fast can data help DPO converge

* Human preference dataset D = {(YV(VD;%(D)}N

=1
* In the ith sample, yv(vl) is preferred over yl(l)

* DPO (a popular alignment algorithm)

e Closed-form solution:

* We want to study: how fast can DPO converge to optimality with
?



Motivation: how fast can data help DPO converge

7o () (Y)Tref (Y)

Teet ()7, (1) () COTVETSE to 0, for Vy,y' € Y?

How fast can r(y) — r(y') — B log



Ideal Case: Exact DPO

* Suppose we have two sampling policies 75! for y; and 5% for y,

* Define sampling probability'
w(y,y") := sg (1% ()72 () + 7 (y) 72 (y))

e Exact DPO loss function
Lorol6) =~ 3 w9y > ¥ log (Blog TV )

J ey Tref ()70 (')

* Policy update
o'+t =0 —na(n!, 1)V Loro(0)

Sampling coefficient determined by samplers
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Ideal Case: Exact DPO

* Mixture of samplers

e+ — g _ py, (alcl(mﬂ) + a2£2(0(t)))
* Central to our design



Practical Case: Empirical DPO

* No access to exact gradients
plt+1) = p(t) _ pg®)

where Gj(,t) is @ random variable that

1
() _ ®)V) _ - 2
5 <G oSt )Vg L(0 )) sub-Gaussian(o®)
* Mixture of samplers
1

3A (G(t) Vo, (alﬁl(g(t)) 4 a2£2(9(t)))) ~ sub-Gaussian(c?)



Main results

e Uniform sampler 751(-) = 7%%() = Uniform(})

‘5(y,y’;9(T)) <0.588" | Vy,y ey

T
‘ determined by initialization

* Policy-difference guided sampler

731(+) = Uniform()) , 751 (4) oc Uniform(Y) - (7(+)/mves (+))P
®{ 752(-) = Uniform(}) , ®{ 752(-) oc Uniform()) - (ﬂref(')/;('))ﬂ

max ‘5(y,y’;9(T)) >
Y,y €Y

5(y,y/30)| < 0.6117 71, Wy,y € Y
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Regime 1: Khown Reward
I ‘

°|

751 () = Uniform()) , ®{ m**(+) oc Uniform(Y) - exp(r(-)) ,
752(+) = Uniform(}) , m*2(-) oc Uniform(Y) - exp(—r(-)) ,

» Sampling coefficient a; = Y%, a; = X, ,, exp(r(y) —r(y"))

* Upper bound

University of Washington
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5y, y'56D) <0521, Wy,y e Y
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Intmtlon

6(y,y'50) :=r(y) —ry)—p

* Recall update
6(y,y';0Y) = 8y, y';0) —

where A(y’y,; 9) = O'(T(y) B T( )) (ﬁ 10 Wref‘(:);)ne;gz:;>

* Taylor expansion at r(y;) — r(y,) and setting m°(y,,y,) <
1/0'(r(y1) — r(y2)) gives

™ (y,y")A(y,y";0M) — (v, ") A, y"; 0) = constant - §(y, y'; 6)) + quadratic term
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Regime 1: Khown Reward

* The choice of n eliminates the linear term:

5(&, CL,; 0(t+1)) — (1 . 776214)5((1,(1,; 9(75))
. 77_62 (U"(SR(Q, a”; O(t)))é(a’ a”; 9(75))2 B U”(fR(al,a”§ O(t)))5(a’ ", Q(t))2)

2 £\ o/(r(a) —r(a") o (r(@) —r(a)

* Bounding g”’ < % < 0.097and o’ = ¢'(1) > 0.196 gives

‘S(y,y’; 9(”1))‘ < 0.5 max 5(a, a' H(t))z

a,al



Univers

Regime 2: Online Sampler

Current policy

o] ™
7.‘.5

1(:) = Uniform(})
2(-) = Uniform(Y)

,®{

4
7t (+) oc Uniform () - (m(-)/mreef (- ))ﬂ
71-52(.) oC Uniform( ) (Wref( )/71-( ))

* (2) equivalent to 5! exp(ﬁ(@ — Href)) ,T5% exp(ﬁ(@ref — 8))

)[3

* Sampling coefficient a; = |Y|?, a, = Zy,y'(

* Upper bound

ity of Washington

ﬂ(Y)ﬂref(y,)

Tref(V)T(Y")

Quadratic convergence!

4

5(y,4/0)| < 0.6112°71, Wy, € Y
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Regime 2: Online Sampler

ﬂ(y)n'ref(y’)
Tref(V)T(Y")
8(a,a’;0%1)) = (1 —nB2A)é(a,a’;60)

nB% < (0" (ép(a, a”;00))
2 ¢ <a'<ﬂ(9a—0a~><t>>

* Taylor expansion at 8 log

2 gll(gp(a/, CL”; Q(t)))

5 ", H(t)
(a)a ) ) O'/(/B(Qa/ . ga”)(t))

5(&’, CL”; H(t))Z)

* Then same as regime 1.



Numerical Simulations
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---- DPO-Unif (exact)
0] RN .
10 N DPO-Mix-R (exact)
\ “ .
' ---- DPO-Mix-P (exact)
\ \
-1 J B
10 h \
() \
\
A
_ 1 \
1072 4 \\ AN 1
1 \\ |
t 1 \\ 1
_ 1 N |
0O 103, \ N
£ \ *
G \ \ \\
1 \ ~
—
o . \ TN
o 10 E 1 1 \\
1 1 \\
l‘ | \\
| ‘\\
1075 4 ‘| | AN
1 | \\\
\ "
‘I 'A ~"\,
10—6_ \ \,\\ - ——. ™ -~
: " e Ax SETAs N ‘\'-s*_:‘ - =% E’A-, ;‘ \"-T_
NN ,\,\\I\‘—/\Irl[\“\'//v;y \:,r‘f\l"\f -«;*_,‘/n:/@:;ﬁ POy \\\'/\X ,‘\ 4\,‘\;, (VA v;,tﬂt?,e
10_7 ] |‘F
0 20 40 60 80 100
# Updates: t

University of Washington

100 4

=
o
|
-
L

1072 A

500

1000

—— DPO-Unif (empirical)
—— DPO-Mix-R (empirical)
—— DPO-Mix-P* (empirical)

1500

20I00
# Updates: t

16



LM Implementation

-*- Van.illa DPO /* -*- Van.illa DPO /*
-1.01 =+ Online DPO P { =fr+ Online DPO P
== Hybrid GSHF 7,7 31 == Hybrid GSHF x 7/
-1.2 7 ' 7’
= Ours @ = Ours /7
7 7’
- X 4 = / 7 Xk
S -1 * 4,7 5 * v 7,
S 7,7 z * / 7 7
@, -6 7 / v / 7’
3 '%” S 7 rle
T 7, % g1 ! 7 L%,
2 7. © 2 ! 7,27
7,® ! .7, %
2 ® 7, %
2 1,27
2 1 87
-2.2 ' /é
g #
O.bO 0.125 O.ISO 0.175 1.60 1.125 1.'50 1.]75 2.60 OTO 0t5 110 1?5 2?0 2f5
KL divergence KL divergence
Safe-RLHF Iterative Prompt
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