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Language Generation

* Prompt (State): user queries

* Response (Action): language model
generation result

Give me a very short introduction of
reinforcement learning from human
feedback.

Reinforcement Learning from Human Feedback (RLHF) is a
technique where Al agents learn by receiving guidance from
human preferences or evaluations. Instead of relying solely
on predefined rewards, the agent improves its behavior
based on feedback from humans, helping it align more
closely with desired outcomes, particularly in complex or

subjective tasks.



Bandits

Multi-armed bandits (MABs)

* Armspace Y
« Reward function r(y) € [0,1]

Contextual bandits (CBs)

e Context (Prompt) space X
* Arm (Response) space Y
« Reward function r(x,y) € [0,1]

Picture from
https://multithreaded.stitchfix.com/blog/2020/08/05/bandits/

Results in this work can be easily

adapted to multiple contexts, so
focus on single-context for simplicity
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Policy

* A tabular softmax policy gy satisfies

ety

TT —
6(y) 5, 0



Reward-based v.s. Preference-based RL

Reward-based RL Preference-based RL

After choosing an arm y, observe * A preference model

a sample r~R(y) with mean P(y1 > y,) indicating the

r(y) probability that y, is preferred
over y,

e After choosing a pair of arms
(y1,¥>), observe a sample

p~Bernoulli( P(y; > v,))
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RL from Human Feedback (RLHF)

Christiano et al. (2017)

» Sigmoid function

1
o(x) =
(%) 1+e™*
e Bradley-Terry (Bradley & Terry, 1952) preference model

er(yl)

Py, > y,) = 0(7"(}’1) - T(YZ)) — e’(V1) 4 or(y2)

Core assumption of an
underlying reward!
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RL from Human Feedback (RLHF)

. ~\ NV
 Human preference dataset D = {(y\g;l)»yl(l))}
i=1

* In the ith sample, yv(vi) is preferred over yl(i)

e Step 1: Learn reward function by minimizing negative log-likelihood

N
L.(¢) = —%Z logo (r¢ (yv(vi)) — 7 (ylu)))
1=1

e Step 2: Learn policy by maximizing regularized value using proximal
policy optimization (PPO)
H;l; - arggnax Ey~n9 [7’¢ (¥)] — BKL(7g || rer)

versity of Washington



Nash Learning from Human Feedback (NLHF)
— B s o o)

* Human preferences are non-transitive!
 Reward + BT model implies

1 1 1
(73(3’1>YZ)>§>/\<73(372>)’3)>§>=>(73()’1>)’3)>§

* Think about rock-paper-scissor game This step may not hold!

* But still has a property
c Py1 > y2) + Py, >y1) =1

University of Washington



Nash Learning from Human Feedback (NLHF)

» Two-player (7, ") constant-sum matrix game
* Value for player 1: P(n > ') = %, ,, ()’ (y)Py > y') = n' P’

Value for player 2: P(t’ > 1) = Zy’y, r(y)r'(y)P(y' > g
FocusonV(m, ') =n'Pr’

Minimax theorem: max minV (7, ") = minmax V (7, ")
T T V3 T

Nash equilibrium (NE): 7* = argmax, minV (7, ")

Duality gap: DualGap(7r) = max V (7', r) — min V(7 ")

n—f 7T”

=1—7'P




Nash Learning from Human Feedback (NLHF)

* Regularized game
Vﬁ(ﬂ:lr 7T2) = HIPNZ - ﬂKL(ﬂlnnref) T ﬂKL(ﬂ:ZHﬂ:ref)

* Quantal response equilibrium (QRE)

6] = arg max ném Vi (71, 72)
1 2

* Denote as nE
e Duality gap
DualGapy (1) = max V(' 7) — min Vi (7z, ")

71—!1



Nash Learning from Human Feedback (NLHF)

* Regularized game
Vﬁ(ﬂ:lr 7T2) = HIPNZ — ﬁKL(ﬂlnnref) + ﬁKL(ﬂ:ZHﬂ:ref)

* Optimal response given 6,
. 9, = eref+%+c1

:PTL'Z
* T4 X Tlref €XP _,8

* Finding the QRE
= Orer +——



NLHF: Desirable Properties

* Convergence

» Last-iterate convergence in KL(n"||m), DualGap(7("), and
DualGapg(r(7)
* Averaging historical LLMs is computationally prohibitive
e Convergence rate

* Faster convergence = fewer rounds of costly human data collection
* Linear for regularized games, polynomial for original games



NLHF: Desirable Properties

* Convergence
* Last-iterate linear/polynomial convergence

* Robustness to noise

* Human data is inherently noisy

* Algorithm's convergence rate should ideally remain unchanged by noise, converging to a
value influenced by noise variance



NLHF: Desirable Properties

* Convergence
* Last-iterate linear/polynomial convergence

* Robustness to noise

* Implementation for neural networks
* Theory often derived for tabular policies
* Avoid constrained parametrization approach
* Projection is intractable for NNs
* Avoid nested optimization: 8(+1) = argming Linner(6; 0(9)



Our Contributions

* Extragradient Preference Optimization (EGPO)
* Achieving all previous desirable properties

* A general approach to avoid nested optimization in NLHF
 Solution for each inner optimization = online IPO (Azar et al., 2023) gradient



Extragradient Method

* Assume we use an implicit update rule

oD = (1 —nB)OW +np <9ref +

* We have
(logr®+D — (1 —np) logn® —np log g D ng) =0

By definition of KL divergence
(1 = nRKL(r V)7 ®) + npKL(7 V| |n5) — (1 — np)KL(mp|7®) + KL(mj|[nt*V) = 0

* S0
KL(nEHn(”l)) < (1- n,B)KL(nEHn(t))

University of Washington
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Extragradient Method

* Use an extragradient step to estimate 6(+11
* Generalizing the predictive update (PU) algo in Cen et al. (2021)

) o ()
012 = (1-4B)oY) + 4B (eref s 5+ c ) , 2)
D(t+1/2) 4 (E+1/2)
o) = (1 - 4B + 14 (Gref + 2 - (3)

. [E[E(i)‘ﬂ'(i)] = 0, ej(,i)~subGaussian(02)



Extragradient Method

. . T+
* Guarantees for the regularized game Similar for n{"*)

" 4

Theorem 1. For any initialization 0(%), following the update rules defined by Equations (2) and (3)
and setting n < m, we have that forany T > 1,

40%10g(3 |Y))

E[KL (75| )] < KL(rgl|n@)(1 - 7B)T +

p
o 2KL(my]|7®) 80210(3 Y
E[KL(z™)[|75)] < 17#76 1—nB)T+ 57 (1)7%(2| )
E[D“a'GaPﬁ(”(T))K(2|§| 17) KL(eg || ) (1 = nB)" + (Sg| nﬁ)azlog( D

Under the exact update scheme where o = 0, all the expectations are removed.

University of Washington
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Extragradient Method

* Guarantee for the original game

Theorem 2. Consider the exact update scheme, where 02 = 0. By setting m1(0) = ¢ =
Uniform()), B = ﬁgly\’ and 1 < m we have that for any T > Q)(1/n¢),

DualGap(7z(T), DualGap(nr{T+1/2)) < ¢.



Remarks on EGPO

 Compared to results in Cen et al. (2021)
- Added guarantees on KL(m(7| 7z ) and DualGapyg (M)
* Analyzed empirical updates



Remarks on EGPO

Convergence to

Last-iterate

2

r“-noise

Convergence to

Algorithm Regularized QRE Convergence Robustness Original e-NE
Online Mirror Descent O(1/T) No O(1/€2) iterations
Nash-MD (Munos et al., 2023) O((1—nB)T +n/p) Yes
MTPO!(Shani et al., 2024) 5(1 /T)
SPO-(Swamy et al., 2024) ~ PPN :
SPPO (Wu et al., 2024) No O(1/¢) iterations
INPO’
Zhang et al. (2024) O(/T) Yes
MPO 1 AT _
Wang et al. (2024) O((1553 7 ﬁ) ) Yes Asymptotically
ONPO ~ . .
Zhang et al. (2025) No O(1/e) iterations
EGPO = - : .
This work O((1—np)") Yes +0(c?/(nB?)) | O(1/e) iterations




Neural Network Implementation

) Fe®
01U = (1-5p)0" +1p (Gref Mt )

p

* Minimizer for

t
Li(nzler(e) — —ng(?n(t)) + :BKL(nellnref)

* EGPO update rule for NNs
( (t+1/2) (t) - (t)
0 = 0" —pBargmingL; ’ _(6)

imnner

3
\H(t“) = 9® — pBargming £ T/2(9)

imnner




Avoiding Nested Optimization

* |dentity preference optimization (IPO)

| ﬂg(y)nref(y’) 1
Lipo(6;0, 1) = E(y,y1)~p [(log 770 (Y') Tref (V) - E

* Online IPO (Calandriello et al., 2024)

* When at least one of p and u is current policy g

2
E,» [Py >y") Pl > y”)]) }



Avoiding Nested Optimization

* |IPO gradient

Define X(p) := E )~ (Ly — L/)(1y — ]ly/)T], then

Pu\ ' P
VoLipo(0;0, 1) = 2E () [(9 ~ Oref — %) (Ly = Ly) - (Ly — ﬂy’)] = 2%(p) (9 — Bref — Fy)

 Set 7° := Uniform(Y) x Uniform(}’), then Z(7%) = ﬁ(m I-1)

* Finally,

s 4 P
VoLipo(0; 7°, n) = vl (9 — Orer — %) +C1



Avoiding Nested Optimization

 EGPO update rule for NNs

* Implement as

.

9(t+1/2) = 9O — pRargming £ (6)

< INNer
k9(t+1) =9 — nﬁargmingﬁi(;zelr/z)(m
" 4
ot12) _ o) 1BVl p 00, s o100,

g(t—l-l) _ g(t) . Uﬁ |y|

niversity of Washington
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VoLipo(0W); 75, wlt+1/2)y,
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Online IPO Population Loss

 Last step towards implementable training

Theorem 3. Define

S e oW mes (V) 1y, y") — I, v")\°
O 1) 1= By [(1°g ) ey) P ’

where 1(y,y"), I(y', y") are unbiased estimators for P(y > y"), P(y' > y"), respectively. Then
E[VL(6; 75, 1)] = VeLipo (6; 75, 1).




Experiments

* Baselines
* Online IPO 1 (Online Mirror Descent)

01 6 — T g £106(60); 1% s )
* Online IPO 2

0t+1) 60 TG 2106 (60); 56 )] g )

e Nash-MD

glt+l)  g(t) _ %mveﬁlpo (0®); 75, sg[77)])

University of Washington
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Experiments

e Baselines
e Nash-MD

rt+l) — argmax{ﬂp(ﬂ > 7)) — KL(7||7®)}
9(t—|—1) - Q(t) 1718 |y| VQL:IPO( ( ). nsrsg[ﬁ(t)])
* Nash-MD-PG (nested optimlzatlon)

(t+1) _ a(t) t) o(Y) t
0 =0 +7E,_ 0 [(Pn( — Blog ﬂref(y)) Vylog 7l )(y)]



Numerical Simulations
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shown in Figures 2 to 4.

Figure 1: Duality gap (DualGapg) of exact tabular algorithms with different ps. Values are
cut off below 107¢ due to floating point precision. These figures are the Oth experiments

University of Washington
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Numerical Simulations
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Benchmarks

e Pairwise win-rates on PKU-SafeRLHF

* Checkpoints are top-2 against T q¢

ALG 0IPO1 0IPO2 NMD NMDPG MPO EGPO
Ep || Ttref 6 8 6 9 8 10 4 8 7 8 5 8
otror 6 || 728% 58.6% 57.6% | 47.7% 464% | 68.4% 69.4% | 452% 47.0% | 42.6% 42.8%
8 || 71.8% 58.9% 58.7% | 48.1% 47.0% | 68.2% 68.0% | 45.7% 47.2% | 42.1% 43.6%
orpoa O || 66:8% | 414% 411% 39.8% 385% | 62.3% 61.3% | 41.3% 42.8% | 33.8% 35.2%
9 || 66.3% | 424% 41.3% 385% 387% | 61.2% 61.3% | 40.8% 42.7% | 34.2% 33.8%
NMD 8 72.8% | 52.3% 51.9% | 60.2% 61.5% 70.0% 71.1% | 46.4% 48.3% | 44.0% 46.7%
10 72.9% | 53.6% 53.0% | 61.5% 61.3% 70.6% 71.2% | 47.3% 49.2% | 44.6% 45.8%
wore % || 552% | 316% 318% | 37.7% 38.8% | 30.0% 29.4% 31.5% 33.2% | 262% 264%
8 || 551% | 30.6% 32.0% | 38.7% 38.7% | 28.9% 28.8% 31.1% 32.2% | 262% 25.8%
MPO 7 71.9% | 54.8% 54.3% | 58.7% 59.2% | 53.6% 52.7% | 68.5% 68.9% 49.4% 47.9%
8 70.2% | 53.0% 52.8% | 57.2% 57.3% | 51.7% 50.8% | 66.8% 67.8% 47.2% 46.9%
EGPO 5 76.9% | 57.4% 57.9% | 66.2% 65.8% | 56.0% 55.4% | 73.8% 73.8% | 50.6% 52.8%
8 77.4% | 57.2% 56.4% | 64.8% 66.2% | 53.3% 54.2% | 73.6% 74.2% | 52.1% 53.1%

University of Washington
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