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Preliminaries Nash Learning from Human Feedback (NLHF) Theoretical Results

Bandits RLHF as a two-player constant-sum matrix game Algorithm Repuiarioed QRE Comversence | Origing) oNE.
Online Mirror Descent O(1/T) No | O(1/&?) iterations
= A': prompt space < contexts = Only requirement on P: P(y > v') + P(y' > y) = 1. Nash-MD / MTPO 5(1/T) Yes
" V: response space < actions * Define SPO / SPPO No | O(1/e?) iterations
= Results can generalize to | X'| > 1, so omit X for simplicity. Ply > 1) = Ey’w’P(?J > ) = Pr, INPO 5(1/T) Yes
Policy P(r>a) =By Ply>y)=n'Pr MPO O((1373)") (linear) | Yes | O(1/¢?) iterations
= Under regularization, find a policy 7* that is preferred over any other ONPO No | O(1/e) iterations
= Under the tabular softmax pg}r'ametrizaﬁon common in previous works, (adversarial) policy: EGPO O((1—np)") (linear) Yes | O(1/e) iterations
7 is parameterized by 6 € RIVI: forany y € ), V5(7T1, o) = 7T1T737T2 B 5K|—(7T1H7Tref) + BKL (0| |7ef).

exp(fly) 07 = arg max mm Va(m1, m2). * Last-iterate convergence is necessary when deploying LLMs

mo(y) = Dy exp(l,)
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Reinforcement learning from human feedback (RLHF) Fmd the Nash equmbrlum of P: Simulation Results

* Dueto P + P! = 1, NE satisfies o o
. . . . 100 B=0.001 n=0.0002 run#0 - Dual Gap B=0.01 n=0.02 run#0 - Dual Gap B=0.1n=0.1run#0 - Dual Gap
= Given an implicit reward oracle r : ) — |0, 1], Bradley-Terry (BT) 7>7T9 ol o] e
model assume that human preference P : Y x Y — A({0, 1}) satisfies: 0= Oref + —— 3 ‘% ************** J N N I e
. by I
1 ? 10 *", &\ == Online IPO 1 (OMD) “)f‘ -x- Online IPO 1 (OMD)
Ply1 > y2) = o (r(y1) —r(y2)), where o(t) = T oxp(—1) 810 80| "“*;% opmmeror 8] B
. | y Algorithm: EGPQ ol TR e
Response y is favored over yo with probability P(y; > y2) by human e onimeron o) “ Ih‘w R
annotators. Mﬁmj“* BRI 3\
7: . . 1076 -'*- EGPO' | | " | 1076 | ' | '\‘ | | | 1076 | ! | | | | |
* Human preference dataset D = {(yfﬂ),y; )) N Y 2 in the it " sample, In tabular form: . e A T e
i i
) s yl( ) (outcome sampled from P). pU+1/2) = (1 —nB)o + B <9ref 4 P ) |

" Learning reward r;:
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D(t+1/2) Benchmark Results
t+1) _ t 7
(0 (0 00+ = (1= )0 + 18 ( O + |
Lr<¢) - Z log o (ch(?/fw ) — T¢(y )) . 5] ALG _ 0IPO1 0IPO2 NMD NMDPG MPQ EGPO
[ Ep Tref 6 8 6 9 8 10 4 8 7 8 | 5 8
’l 1 = Neural networks: orpgr 0 | 72-8% 58.6% 57.6% | 47.7% 46.4% |68.4% 69.4% | 45.2% 47.0% [42.6% 42.8%
+ Learning policy regularized by on a reference policy e O I P TN % e i o7 % s
* 9 1 66.3% | 42.4% 41.3% 38.5% 38.7% |61.2% 61.3% | 40.8% 42.7% |34.2% 33.8%
Ty = alellas Ey~r[re(y) — BKL(T||mer) . glt+1/2) — g(t) _ nVQEHDO(H(t); Uniform()), sg[ﬂ(t)]), o 8 |72:8% 52.3% 51.9%60.2% 61.5% 70.0% 71.1%) 46.4% 48.3% | 44.0% 46.7%
e ! v 1072.9% |53.6% 53.0% 61.5% 61.3% 70.6% 71.2%| 47.3% 49.2% | 44.6% 45.8%
C I t tl t t_l i+l — plt) — 77V(9E|po(9(t);Uniform(y),w(tJr / )) wope 4 | 55-2% 3L6% 318% | 37.0% 38.8% | 30.0% 29.4% 31.5% 33.2% 26.2% 26.4%
8 155.1% 30.6% 32.0% 38.7% 38.7%  28.9% 28.8% 31.1%  32.2% 26.2% 25.8%
ore limitation. transitiveness on , wg 7 |71-9%]|54.8% 54.3%58.7% 59.2% 53.6% 52.7%68.5% 68.9% 19.4% 47.9%
pOpUIahon prefe rence. Here we use a generalized IPO loss: 8 170.2% 53.0% 52.8% |57.2% 57.3% 51.7% 50.8% |66.8% 67.8% 47.2% 46.9%
cepg D |76-9%57.4% 57.9%66.2% 65.8% 56.0% 55.4% |73.8% 73.8% 50.6% 52.8%
[,”30(9; 0, N) — 8 |77.4% |57.2% 56.4% |64.8% 66.2% |53.3% 54.2% |73.6% 74.2%|52.1% 53.1%

= Even when individual preferences are transitive: - ( ) ( ) 5
Person1: C > A > B, Person2: A > B > C, Person 3: B > C > A. Y)Tref\Y 1 I r * Safe-RLHF benchmark
’ ’ E - lo — =K, |Ply > — Ply > .
P(A>B)=P(B>C)=P(C > A) =%>3. (y.y')~p ( 5 mo(y ) mes(y) B y’ “[ (v> ") W' >y )]> = Pair-wise win-rates among top-2 checkpoints from each algorithm
, , = NMDPG is the official implementation of Nash-MD, while NMD is our IPO
Check out our paper for equivalence using IPO implementation
(@another core finding) and approximating Uniform()))
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