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ABSTRACT

Sample efficiency is critical for online Reinforcement Learning from Human Feed-
back (RLHF). While existing works investigate sample-efficient online exploration
strategies, the potential of utilizing misspecified yet relevant reward models to
accelerate learning remains underexplored. This paper studies how to transfer
knowledge from those imperfect reward models in online RLHF. We start by
identifying a novel property of the KL-regularized RLHF objective: a policy’s
coverability of the optimal policy is captured by its sub-optimality. Building on
this insight, we propose novel transfer learning principles and a theoretical algo-
rithm with provable benefits compared to standard online learning. Our approach
achieves low regret in the early stage by quickly adapting to the best available
source reward models without prior knowledge of their quality, and over time, it
attains an O(+/T') regret bound independent of structural complexity measures.
Empirically, inspired by our theoretical findings, we develop a win-rate-based trans-
fer policy selection method with improved computational efficiency. Moreover, our
empirical transfer learning technique is modular and can be integrated with various
policy optimization methods, such as DPO, IPO and XPO, to further enhance their
performance. We validate the effectiveness of our method through experiments on
summarization tasks.

1 INTRODUCTION

Reinforcement Learning from Human Feedback (RLHF) has achieved remarkable success in fine-
tuning Large-Language Models (LLMs) to align with human preferences (Christiano et al., 2017} Bai
et al.} 2022 |(Ouyang et al.}[2022)). Using datasets annotated with human preferences reflecting human
intrinsic reward model, RLHF optimizes LLM policies with reinforcement learning (RL) techniques.
Due to the high cost of collecting large amounts of human preference labels, there has been significant
attention in reducing the sample complexity—the amount of data required for training—of online
RLHF through efficient exploration strategies (Wang et al., [2023} |Xie et al.|[2024; |Cen et al.|, 2024;
Zhang et al.| 2024). However, a largely overlooked opportunity is to additionally leverage existing
reward models for annotation, which have already aligned partially with the human preferences. The
growing number of available open-source and high-quality reward models trained on diverse tasks
provide a rich pool of candidates for transfer learning. Harnessing guidance embedded in such reward
models holds great potential for improving sample efficiency.

There are a variety of practical scenarios where such source reward models can be effectively utilized.
Firstly, reward models trained on relevant tasks often prove to be valuable in similar tasks. A notable
example is cross-lingual reward transfer (Wu et al., | 2024; Hong et al., [2024), where reward models in
one language can provide effective guidance for tasks in another. Secondly, informative evaluation
can also be obtained from well-trained LLMs, such as GPT, LLaMA and Gemini (Achiam et al., 2023
Dubey et al., 2024; Team et al., 2024)). For certain tasks, such models can provide evaluation closely
aligned with human preferences; see e.g.,|[Lee et al.| (2023)); Ji et al.|(2023). Lastly, there are scenarios
where rule-based or heuristic reward functions—built upon experts knowledge and accumulated
experience—are inexpensive to obtain and instructive in evaluating the LLM. Taking summarization
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tasks as an example, expert summaries are available on datasets such as XSum (Narayan et al.| 2018)
and TL-DR (Volske et al.,[2017). Similarity with those expert solutions can be measured through
metrics such as ROUGE (Lin, |2004) and BERTScore (Zhang et al., 2019)), and be employed for

scoring the LLM generations.

Motivated by these considerations, this paper
studies how imperfect reward models can be
used to learn a near-optimal policy with fewer
human annotations. We consider the case where
several source reward models are available, yet
their quality, i.e., the similarity to human re-
wards, is unknown a priori. Our contributions
are summarized as follows.

In Sec.|3] we identify a distinctive property of
RLHF arising from its KL regularization: for
any prospective policy candidates, its coverabil-
ity for the optimal policy improves as its policy
value increases. Enlightened by this, we pro-
pose two new principles for transfer learning
in the context of RLHF (illustrated in Fig. [I).
Firstly, policy value serves as a crucial crite-
rion to select the transfer policy, since exploit-
ing policies with high values does not conflict
with exploration. Secondly, combining insights
from offline RL theory, we prove that the policy
distilled by offline learning techniques from the
online data generated by any no-regret online
algorithm, converges to the optimal one at a rate
of O(T~2) after a finite time. Such a bound im-
proves existing sample complexity results and
regret bounds in online RLHF by eliminating
the dependencies on the size of the state and ac-
tion space, or the complexity of the policy class
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Figure 1: The standard online RLHF pipeline only
involves learning from online human feedback
(left). Our setting additionally leverages avail-
able imperfect reward models via transfer learn-
ing (right). Inspired by the structure induced by
KL regularization, we propose novel principles
for transfer learning in online RLHF: (1) select-
ing transfer policy 7rranster With the highest policy
value; (2) self-transfer learning—involving as a
candidate the policy mpgy distilled from online col-
lected data by offline learning techniques.
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(up to log-covering number). This suggests the

offline policy computed with the data from the

online learning process is a promising candidate to transfer from, which we term as “self-transfer
learning”.

In Sec. ] following above principles, we design a transfer learning algorithm named Transfer Policy
Optimization (TPO; Alg. [T)) with provable benefits. At the core of TPO is the self-transfer learning
and an adaptive policy selection strategy that picks transfer policies based on estimated value gaps.
In the early stage, the cumulative online regret of TPO can be significantly reduced, as long as one of
the source rewards is of high quality. After finite time, the self-transfer mechanism ensures the regret
of TPO grows only at a rate of O(\/T), independent of the standard structural complexity measures.
Compared with transfer learning in the pure-reward maximization RL, our result is novel in that it
exploits the policy coverage property induced by the regularization term in RLHF.

To reduce computational overheads and improve scalablity to practical RLHF scenarios, in Sec. [5] we
further propose an empirical algorithm that selects transfer policy based on the win rates competing
with the learning policy, rather than relying on the estimated policy values. On the one hand, win
rates can be estimated much more efficiently than the policy values. On the other hand, as justified by
our theory, win rates help to identify lower bounds for the coverability of the optimal policy. Notably,
our empirical TPO is general: its core transfer learning technique can be modularized and combined
with various reward-model-free policy optimization methods, such as DPO (Rafailov et al .| 2024)),
IPO (Azar et al., [2024)), XPO (Xie et al.,|2024), to boost their performance. The effectiveness of our
approach is demonstrated in fine-tuning TS5 models on summarization tasks in Sec. ??.

Due to the lack of space, we defer the related work section to Appx.
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2 PRELIMINARY

In this section, we review the mathematical formulation of RLHF for LLMs and introduce our reward
transfer setting.

2.1 MATHEMATICAL FORMULATION OF RLHF

We adopt the contextual bandits framework (Lattimore & Szepesvaril 2020; Ouyang et al., 2022),
where we treat the prompt space as the state space S and the response space as the action space
A. Without loss of generality, we assume that both |S| and |.A| are finite. We denote p € A(S)
as the prompt distribution. An LLM can be modeled by a policy 7 : S — A(A), where, given a
prompt s € S, the responses are generated from the conditional distribution a ~ 7(+|s). Throughout
this paper, we assume that all considered LLM policy 7 have positive support over the entire state-
action space, that is, min, , 7(a|s) > 0. This is ensured in practice by the softmax layer in LLM
architectures.

Reward Model and Preference Model A reward model is a function r : S x A — [0, R], where
R is a constant indicating the largest possible reward value. In the RLHF setting, the reward 7 is
unobservable and we can only access its induced preference model, denoted by P,.. P,.(y|s, a,a)
denotes the probability that a is preferable to a given s (y = 1) or not (y = 0), by reward model
r. Following previous works, we consider the Bradley-Terry (BT) model (Bradley & Terryl, [1952):
P.(y = 1|s,a,a) = o(r(s,a) — r(s,a’)), where () := 1/(1 4+ e~ *) is the sigmoid function.

RLHF Learning Setting Given a reward model 7, in the context of RLHF for LLM fine-tuning, we
are interested in optimizing the following the KL-regularized objective:

my —argmax Jg(m;r)  with Jg(m;r) :=Esup ann (8, a)] — BKL(7||Trer), e

where we use 7,r to denote the pretrained reference policy and KL(7||7per) =

Egnp,amn(-|s)[l0g Tr”e(f“(fl)s)] The above optimization problem yields a closed-form solution:

r(s,a)
mr(als) x mreg(als)e F . )

Here 8 > 0 is a moderate constant and is critical for RLHF in practice, for detailed reasons discussed
in Appx.

We use * : S x A — [0, R] to denote the unknown true reward function determining the human’s
preference P,.. For simplicity, we omit 7* and use Jg () as a short note for Jz(m; r*). Following
previous works (Xie et al., 2024} Zhang et al.,|2024), we consider the function approximation setting
with access to a policy candidates class II (|II| < -+o0) satisfying standard assumptions as follows:

Assumption A. The policy class 1I satisfies: (I) Realizability: The optimal policy 7. € II. (II)
Bounded Policy Ratio: For any 7 € II, max, , | log m(als) i

Froitals)| S B

Note that max, , | log =25 | < 4% holds as long as 7 € [0, R] (see Lem.in AppX. . Thus,

Tres(als)
Assump. [AH(II) is not actually an assumption, but can be interpreted as an additional filtering step by
leveraging the boundary of r*.

Additional Notation We use the standard big-O notations and use (-) (e.g. O) to suppress logarithmic
terms, including log-covering numbers. Given II satisfying Assump. [Al conv(IT) denotes its convex
hull, and R'! denotes the reward class induced by II via Eq. @), s.t., () Vr e R r € [0, R]; (2)
Ir € RN, 7w = nf.. We defer to Appx. for detailed converting process. Besides, we denote
[n] :={1,2,...,n} and a A b := min{a, b}. We refer the reader to Appx. [A|for a table of commonly
used notation in this paper.

2.2 REWARD TRANSFER SETTING

We assume there are W source reward models available, denoted by {r*}W_, st Vuw,s,a,
r(s,a) € [0, R]. As motivated in Sec.[I] those reward models are accessible in many scenes. Given a
source reward 7, let 7., be the corresponding source policy and denote A(w) := Jg(m) ) —Jg(mw)
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as its policy value gap. We define Api, := min,epw) A(w) to be the minimal gap for all source
policies. Note that Ay > 0 and A, = 0 implies 7* € {r"},c;w). We do not assume prior
knowledge on {A(w)}yew)-

LLM Policy as Reward Model Eq. (2) implies that there is a way to convert a given LLM policy 7 to
a reward model. Concretely, by choosing an arbitrary distribution 7, we can interpret 3 log 7:;((.”')) as
a reward function that 7 aligns with given 7 as the reference policy (Rosset et al., 2024). Therefore,
while we consistently use the term “reward transfer” throughout the paper for clarity, our framework
is general to handle transfer learning from any LLM policy through the underlying reward function it
aligns with.

2.3 BACKGROUND ON PoLICY COVERABILITY

We first introduce the formal definition of the policy coverage coefficient, which measures how well
a given policy distribution covers the other.

Definition 2.2. Y, 7, the coverage coefficient for 7 by m is Cov™I™ := E., az(.|s) [%].

The concept of policy coverage originally emerged from offline RL (Chen & Jiang) |2019; |[Yang
et al., 2020; Zhan et al.| [2022), where one aims to find a good policy given a fixed dataset. The
coverage of the optimal policy by the data-generating policy naturally governs the size of the dataset
required to find the optimal policy. Policy coverage was later extended to online RL, inducing novel

complexity measures to characterize intrinsic statistical difficulty of the underlying MDP (Xie et al.,
2022 |Amortila et al.,[2024).

Compared to alternative complexity measures, policy coverage is particularly suited for studying
sample complexity in RLHF, since optimizing or exploring directly on the policy (LLM) space is
preferred for its computational tractability. We use coverage as an analytical tool for reward transfer,
and our results are based on RPO (Liu et al., [2024) and XP0O (Xie et al.,[2024) for offline and online
RLHEF, respectively:

Lemma 2.3 (Offline RLHF; Thm. 5.3 in (Liu et al.| 2024); Informal). Given a dataset D generated
by a policy P, running RPO with any R including v* and 11 yields morr, s.t., Vr € 11, Jg(m) —
Jg(morr) = O(eQRCOV“"rD ID|~2).

Lemma 2.4 (Online RLHF; Thm. 3.1 in (Xie et al.,[2024); Informal). Running XPO with I1 satisfying
Assump. @for T steps yields {n'}I_,, s.t. S,_, Ja(mr) — Ja(nt) = O(Re2E\/Covao (INT).

Lem.|2.3|states that it is possible to compute an offline policy competitive with any policy well-covered
by the dataset. Lem. [2.4] suggests that the sample efficiency of online RLHF can be characterized by
the L, coverability Cov (IT). Here, Cova, (IT) by Xie et al.|(2022) is a worst-case version of our
Def. as it takes the maximum over s, a and 7. See Appx. @] for the formal definition.

3 THE BLESSING OF REGULARIZATION: A POLICY COVERAGE PERSPECTIVE

Unlike classical pure-reward maximization RL, the RLHF objective in (I]) incorporates regularization
with respect to m..¢. We start by identifying distinctive properties associated with such regularization
in Sec. 3.1} and discuss their implications on transfer learning in RLHF in Sec.

3.1 STRUCTURAL PROPERTY INDUCED BY REGULARIZATION

Lemma 3.1. Under Assump. E] for any policy m € conv(Il),

Jg(mys) — Ja(m)
B

;—1)2
, with k(x) := xfrl—l)og:v =0(z) O3

cov™Im <14 f@'(e%) .
The key insight of Lem. is that: for any prospective policy candidates ™ € conv(Il), its coverability
of Tk, i.e., cov™ 17, is controlled by its policy value gap. Here we consider the convex hull in
order to incorporate all possible uniform mixture policies induced by II. Intuitively, Cov”|™ becomes
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extremely large or even unbounded if there is a significant distribution shift between 7 and 7. However,
in the presence of regularization (5 > 0), we should only consider policies with bounded policy
ratio relative to m..r (see Assump. @-(H)), and exclude those (near-)deterministic ones from our
policy candidate class II, because none of them can be (near-)optimal. In other words, regularization
leverages prior knowledge from 7. and enables a free policy filtration step before learning begins,
ensuring that the remaining policies exhibit a favorable structure (Lem. [3.1).

To understand why such property is uniquely arising from regularization, consider a bandit instance
with a single optimal arm and multiple suboptimal arms yields rewards R and R — 2¢, respectively.
In pure reward maximization RL (5 = 0), the optimal policy 7%. is deterministic. A policy class IT
satisfying Assump.[A]may include several suboptimal deterministic policies. The coverage coefficient
between any of them and ;. is 400, while their suboptimal gaps are 2¢ and can be arbitrarily small.

3.2 NEW INSIGHTS FOR TRANSFER LEARNING IN RLHF

In the online RLHF, the primary goal of exploration is to discover high-reward regions, i.e., the states
and actions covered by the optimal policy. Therefore, in our reward transfer setup, we propose to
transfer from the policy with the best coverage of 7"... Inspired by Lem.[3.1] we identify two novel
principles for transfer learning for RLHF objective, which we will further explore in later sections.

Principle 1: Select Transfer Policies with High Policy Value By Lem. 3.1} exploiting a policy with
high value for data collection could “help” exploration, because such a policy inherently provides
good coverage for 7%.. In other words, regularization reconciles the trade-off between exploration
and exploitation. This insight allows us to use policy value as a criterion and transfer from the policy
achieving the highest value among all candidates. This strategy is also practical given that policy
values can be estimated well.

We emphasize that this principle is unique in the regularized setting. As exemplified by the bandit
instance before, near-optimality does not imply good coverage for 7. in the absence of regularization.
To avoid negative transfer in pure reward maximization setting, previous algorithms typically rely on
additional assumptions about task similarity and employ sophisticated strategies to balance exploiting
good source tasks with exploration (Golowich & Moitra, 2022} [Huang & Hel |2023)), which can be
challenging to generalize beyond the tabular setting. In contrast, regularization enables us to filter
transfer policies directly with their policy value, facilitating the applicablity beyond the tabular setup.

Principle 2: Transfer from the Policy Distilled from Online Data—the “Self-Transfer Learn-
ing” We first introduce a key result by combining Lem. [3.1]and offline RLHF result in Lem.

Theorem 3.2. Under Assump. E] given an online dataset D genemteaﬂ by a policy sequence
{7}, € conv(Il), w.p. 1 — &, running RPO with conv(I), R and D yields nps: Jg(m}) —

Jg(mpsu) < 5(€2R . (1 S CERED i %ﬁm) \/;)

To understand the significance of Thm. consider the case when {7 },c(r) are produced by a no-

N t
regret online learning algorithm, such as XPO in Lem. As aresult, the term ZZ; 1 w

diminishes to 0 as 7" increases. This implies that the policy mpg distilled from online data by offline
learning techniques converges to 7. at a rate of O(T~2), which does not depend on |S], Al or
other complexity measures such as Cov, (IT) in Lem. This result not only strictly improves the
sample complexity boundsE] for existing online RLHF algorithms (Xiong et al., |2024; |Xie et al., 2024
Cen et al.,|2024; |[Zhang et al.,|2024)), but also reveals a fundamental difference from the pure reward
maximization setting, where lower bounds depending on those structural complexity factors have
been established (Auer et al.l 2002} Dani et al.| [2008). We defer detailed discussions to Appx.

More importantly, the faster rate of the convergence of mpg to 7). also indicates the potential of
using mpyy as a candidate for policy transfer. We term this regime as “self-transfer learning”, and
refer mpgy as the “self-transfer policy”. Notably, mpsy continuously improves and converges to 7. as
the dataset grows, while the source policies {7, }'V_; retain fixed non-zero value gaps due to the

!See Cond. for the definition of data generation process.

*Beyond sample complexity, a regret bound improved to 5(\/?) for online RLHF can be established. We
defer it to Coro. @ after presenting our main results.
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imperfections in reward models {r*}V_, . This reveals another benefit of self-transfer learning: it
helps to avoid being restricted by suboptimal source reward models.

4 PROVABLY EFFICIENT TRANSFER LEARNING

Next, we develop provably efficient transfer learning algorithms based on the principles in Sec.

Outline of Main Algorithm Our main algorithm TPO, short for Transfer Policy Optimization, is
provided in Alg. [I] which leverages Alg.[2](TPs, short for Transfer Policy Selection) as a subroutine
to select source policies to transfer from. TPO can be regarded as a mixture of standard online
learning and transfer learning, balanced through a hyper-parameter o € (0,1). Motivated by the
implication of Thm. [3.2] TPO returns the offline policy computed with all the data collected. For
convenience, we divide the total number of iterations 7" into K = T'/N blocks, each containing N
sub-iterations. In each block, we first run alN iterations of an OnLine learning algorithm Alg,;,
followed by (1 — «) N iterations of transfer learning with policy selected by Alg. 2| Here, A1gqy,
can be any online algorithm with per-step no-regret guarantees, for example, XPO in Lem. [2.4] To
save space, we defer to Appx. [D|the formal behavior assumption on Alg,, (Def.[D.2) and concrete
examples with verifications.

Now we are ready to take a closer look at the transfer policy selection steps in Alg. 2]in Sec.[d.1] after
which, the provable merits of proposed approach are showcased in Sec. .2}

Algorithm 1: Transfer Policy Optimization (TPO)
Input: Block size N; Number of blocks K = T/N; {r*}W_,: II; a € (0,1); 6 € (0,1)

w=1>
For all (k,n), D¥™ denotes all the data collected up to (k, n), and DF;" only includes those
collected by Alg,,. See detailed definitions in Appx.[F1]
fork=1,2..., K do
forn=1,...,Ndo
if n < aN then 75" « Alg,, (oT,11,8; D5") ;
else 7% « TPS(T,II, 6, {r*}V_,; DFn);
Collect data (%™, a® @k yFm) ~ p x 78" X 1o0e X P (o, -, ).
end
end

return 7;. computed by RPO with DX N+1,

4.1 DETAILS FOR ALG.[2} THE TRANSFER POLICY SELECTION

The design of Alg.[2]follows the two principles in Sec.[3.2] which are: (1) transfer the policy with
the highest (estimated) policy value, because higher policy value implies better coverage for 7). ; (2)
include the self-transfer policy as a candidate, because it progressively converges to 7. at a faster
rate than the best-known ones for online policies.

Before diving into details, we first clarify some notation.  Given a dataset D :=
{(s%,at,a’,y", Wi)}Lz‘l, Lp(r) denotes the average negative log-likelihood (NLL) loss regarding the
reward model r:

Lp(r) ::|%w jgl:) —y! loga(r(si, a’) — r(si,ai)> —(1—y9 logo(r(si,'di) —r(s’, ai)). 4

We will use E, «[r] := Esupa~rr(s,a)] as a short note. In Line [ of Alg. 2} N(w;D) :=
Zi<\D| I[x* = 7.] denotes the number samples collected with 7%, in the dataset, following
the convention that 1/N (-, -) = +o0 if N(-,-) = 0. In Line[6} we leverage RPO (Liu et al., 2024) to

compute the self-transfer policy 7pg; and a reward function rpg. To save space, we defer the details
of RPO to Appx.
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Algorithm 2: Transfer Policy Selection (TP S)

Input: Source tasks {r* }})_,; Policy class II; T', §; Dataset D := {(s*,a’,a’,y", ") }i<|p).-
/1 Optimistic estimation for Jg (7w ) — Jg(7res).

Ture < argmin,.crn Lp (7).

Yw € [W], V(7}fw; D)

_ . . oW
Epz, [Mue] = Ep.o [Pure] — BKL(7 ] [|7res) + 1662R\/N(711;;D) log 5.
/1 Pessimistic estimation for Jg(mpsu) — J3(mrer).

Tpstl, Tostt <~ RPO(conv(IT), R, D, n) withn = c- (1 + e®)=2, /L log =

‘7(7rDstl; D) — Ep,ﬂ'mll ['/”\Dstl} - Ep,ﬂ'ref [?Dstl] - ﬁKL(TrDstlHTrref) + %LD (?Dsll) - %LD(?MLE) -

2R /1 [T
2ce Wlog =

return arg MmaxXre {x*, },,.cw)U{mu} ‘7(7r; D). // Selecting Transfer Policy by Estimated Value

Next, we explain our value estimation strategy. Note that in RLHF setting, we cannot access r*
directly but only the preference comparison samples following the BT model. Thus, we instead
estimate the value gain relative to Jz(myes).

Optimistic Estimation for Js(7}.) — Jg(m.e¢) For policies induced by imperfect source reward
models, we adopt UCB-style optimistic policy evaluation to efficiently balance exploration and
exploitation. Intuitively, by utilizing the MLE reward estimator 7.z, the estimation error 7y g — r*
under the distribution of 7., is related to the number of samples from 7., occurring in the dataset.
Therefore, we can quantify the value estimation error as follows.

Lemma 4.1. Under Assump. E] and Def. wp. 1 — 4, in each call of Alg. P} Yw €
(W], Js(mjw) = Jp(Tres) < V(mfw; D) < Jg(myw) — Jp(mrer) + O(e*/{/N(w; D).

Pessimistic Estimation for Jg(mpsu) — Jg(7rer) The main challenge in estimating the value of
Tpsy 18 that, mpgy is not fixed but changing and improving. The previous optimistic strategy is not
applicable here, since the coverage of 7pg by the dataset is unclear, making it difficult to quantify
the uncertainty in estimation via count-based bonus term. Fortunately, given that mpg is improving
over time, it is more important when it surpasses all the other source policies. Therefore, it suffices
to construct a tight lower bound for Jg(mpsi) — J3(mrer); see line(7| By leveraging 7= and the
optimality of (7psy, 'psu) for the RPO loss, we can show:

Lemma 4.2. Under Assump.[A|and Def. w.p. 1 =6, in each call of Alg.[2} Js (7)) — Jg(Tres) —

A ( ReE T | ¢ U .
022 - (CovmieI7 A YD) ) < W (wpwss D) < Ty (Tow) — T ()

= ﬁ > <|D| 7’ denotes the mixture policy. In the LHS, the coefficient takes minimum

D

mix

Here 7

over two factors Cov™ |m and /C (TT) /v, resulting from two different ways to estimate the
value gap of mpy. According to offline RLHF theory (see Lem. @ Tpsd 18 competitive with
any 7 € conv(II) well-covered by the dataset distribution, or equivalently, Jz(7}.) — Jg(mpsu) =

Ja(mr) — Jg(m) + 6(|D|_%Cov”|”3x). By choosing m = 7., we obtain the first bound with the
factor Cov™ . Next, considering 7 = —Lo 3., j<an ™7, the uniform mixture of policies

generated by Algg;, so far, leads to the second bound involving 1/C(IT) /. This also explains why
we still involve normal online learning in TPO—to provide another safeguard for the quality of the
transfer policy.

4.2 MAIN RESULTS AND INTERPRETATION

We establish the per-step regret bound for TPO below.
Theorem 4.3 (Total Regret). Suppose A1gy, is a no-regret instance satisfying Def.[D.2] whose regret

grows as 9] (Re*R\/C (H)T) for any intermediate step T and some policy class complexity measure
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C(IT). Then, w.p. 1 — 20, forany T/K <t < T, running TPO yields a regret bound:

PR Hn)) = Regll) + Regl);;
T<t
Regl) :=O(Re*\/aC(IL)t), 5)
4R
RegTrf : ( Z Amin A Lk(T)’n(T) + €2R (1 - O()Wt A Z Ae(w) ) . (6)
T<t:aN<n(1)< w:A(w)>0

Here we denote k(7) := [ £ | and n(T) := 7 mod N to be the block index and inner iteration index
for step T; (KT (7) = 5(R623(Cov”:* T A @) \/T) where m7, = 1 di<r mk@n ) jg

the mixture policy up to 7; A(w) and A, denote value gaps as defined in Sec.
We decompose the total regret into two parts depending on their origins. RegétL) comes from the regret

by running the online algorithm A1g; . It is weighted by « since we only allocate a-proportion of

the samples for Alggy,. Reggr) ¢ represents the regret from transfer policies. The first term in Eq. (6)

reflects the benefits of utilizing transfer policy over online learning. Here A, is contributed by
source reward models {r* }wE w1, and the term F(n(7) ig due to the “self-transfer policy” mpgq, as
we derived in Lem.[4.2] The second term in Eq. (6) results from the imperfection of source reward
models: without prior knowledge on their quality, additional cost has to be paid during exploration.

Next, we elaborate the benefits of transfer learning by taking a closer look at Reggr)f in Eq. (6)). Note

that the lower Reg&tr)f is, the faster 7" in TPO converges to .. When Ayi, = 0, i.e. r* is realizable

in {7}, ew), we have ch(Ttr)f = O(VWtA 2w A(w)>0 ﬁ) and the benefit of transfer learning
is clear. Thus, in the following, we only focus on the case Ap;, > 0. We separately consider two

scenarios, according to the relationship between ¢ and A ;. For clarity, we will omit the constant
terms R and e’

case, Thm. 4.3 ilﬁilxi)lies the following regret bound:

Reg:: = O(VI = a(VIWt + Auwint)) = O(W V), )
which can be further improved to 6(\/ Wit)ift < AZV. . This suggests at the earlier stage, the
benefits of transfer is contributed mostly by the source reward models {7}, 1. In general, we
can expect the number of source tasks /' much lower than the policy class complexity measure C (II).
Therefore, Eq. (7)) implies a significant improvement over the typical online learning regret bound
without transfer.

Stage 2: ¢ > - W” In this case, the second term in Eq. (6) is controlled by O(X e xty) =
O( A‘:,/m ) = O(\/t), and we have the following regret bound:

Reg'(ftr)f = 5(\/% A ZTSt(Cov” *lﬂ"“x)2>~ (8)

At the first glance, the RHS is controlled by O(+/C(I)t/a), which implies transfer learning
at most suffer a factor of 1/« larger regrets than no transfer. However, in fact, the term
\/ >, < (Cov™|m)2 yields a much tighter bound, which only grows as O(V1) after finite

time, and is independent of C(II). To see this, by Lem. and the concavity of Jg(-), we
®
have Cov™ M = 1+ O(k(e? ) - %) Note that Eq. (7) and (§) already indicate a

regret upper bound chgtr)f = (F\f ), where T" is a short note of a coefficient depending on

a, W, {A(w )}we[w and C(II), but not ¢. This implies Cov™* I™mix converges to 1 at the rate of
O(1/v/1), and Reg'”), = O(V/%) after finite time.

Although the above provable benefits in Stage 2 result primarily from “self—transfcr learning”, high-
quality source reward models also play an important role here. According to Eq. (7), small A, can

lead to small I" and therefore, accelerate the convergence of Cov™r | Tmix towards 1.
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Choice of o and the total regret of TPO Our algorithm treats « as a hyperparameter. Based on the
discussion above, with proper choice of o we have the following corollary.

o

Corollary 4.4 (Total Regret of TPO). By choosing XPO (Xie et al.,|2024) as Alg,, and o = e~ B <
Cov (1), Thm. implies that TPO achieves O(W~/T) regret if T < AWQ—_Z, or O(VT) regret if
T> AWQ—z and large enough.

min

Depending on the concrete scenarios, if we have stronger prior beliefs that one of {r*'},,ciw is
similar to 7*, we should prefer larger . Besides, one may gradually decay « to O when the iteration

number is large enough, which can also result in a total regret growing with 6(\/27) over time.
Improved regret bound in standard online RLHF without source rewards Although our focus is

transfer learning, our results can be extended to the standard online RLHF setting where no source
tasks are present (i.e., W = 0). As implied by Corollary only utilizing self-transfer learning can

result in an 5(\/T ) online regret, thereby strictly improving existing results (Xiong et al.; 2024; Xie
et al.,[2024} [Cen et al.| 2024; [Zhang et al.| 2024).
Corollary 4.5 (Improved Online Regret Bound). By choosing XPO (Xie et al., 2024) as Alg,;,

a=e P < Cov!(I1) and W = 0, TPO reduces to a standard online RLHF method with O(v/T)
regret after finite time.

5 FROM THEORY TO AN EMPIRICAL ALGORITHM

In terms of computational overheads, TPO requires solving multiple minimax optimization problems,
which restricts its applicability to fine-tune LLMs in practice. To address this, adhering to the design
principles of TPO, we introduce a more computationally efficient alternative in Alg.

Algorithm 3: Empirical TPO
Input: K, N and {r"},cqw1;
Forall (k,n) € [K] x [N],and all w € [W], Dk := UIZ[{(s"7, o™, ak7 y*7)},

Nk = ZK” I[- = 7%], and IP’f;”(- -k ) = N%() Zj@ I[- = wkdykd,

Initialize 7}, + 7oef;
fork=1,2.... K do
forn=1,..N do

Yw e [W], WR™" « PR (nr = 78.) + ¢, /Wm log %;

k k
WR™ « P, (k. = 7)) = 0.5./WR"" can be treated as a hyperparameter taking
value other than 0.5. o
ahn ArgMAX e e, }W_ U{rk } WR .

Collect online data (sk’”,ak’”,ak’",yka") ~ p X ko« 7T§L X P (+]y 5 0).

end
k+1 k k,N+1\.
Tor ¢ A]gPO(ﬂ-omD s );

end
K+1
return mo; ' .

Key Insight: Estimating Win Rates instead of Policy Values As discussed in Sec. |4} several
optimization steps are designed to estimate policy values used for transfer policy selection, because
they help to identify the policies’ coverability for optimal policy (i.e. Cov™I"). The key insight
in our empirical algorithm design is to find a more accessible indicator to infer Cov™|". This
leads us to the policy win rates, i.e., the probability that human prefer the generation by one
policy over another. Formally, given two policies 7,7, the win rate of 7 over 7 is defined by:
Ppe (70 = 7) i= By pani,armn [Pre (y = 1], a,a")].
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Win rates between two policies can be unbiasedly estimated by querying human preferences with
their generated responses. Moreover, win rates can be used to construct a lower bound for Cov™ |,
as stated in Lem. 5. T below.

Lemma 5.1. Under BT—mode, for any T:

» _ 1+~ Jp(mh) — Jp(7T) . _
o] m o . B\ B 1
cov - g%fi(\/(v + 2P, (7 > m)) log 5 + \/ o )

Note that we may not identify the policy with the best coverage for 7. through the lower bound
above. However, it still provides useful guidance for practice: we can filter out policies yielding high
lower bound. In Lem. for any fixed  and comparator 7, the lower bound for Cov™+|™ increases
as P« (m > 7) decay to 0, suggesting prioritizing transferring from policies with high win rates.

The key question now is how to choose the comparator 7. According to Lem. [5.1] ideally, the
comparator should be close to 7', so that Jz (7). ) — J3(7) becomes negligible, allowing the win

rate term to dominate the lower bound. Since we do not know 7. in advance, empirically, we can
choose the learning policy as the comparator, which is optimized and progressively converges to 7;"..

From Insights to Practice Next, we walk through empirical TPO in Alg. [3| and explain how
we integrate these insights into the algorithm design. Alg. [3| utilizes an iterative online learning
framework, which repeatedly collects online data and optimizes the policy. We start by initializing
the online learning policy 7}, with the reference policy ... For computational efficiency, in each
iteration k, we avoid separately computing online exploration policies and self-transfer learning
policies as done in TPO. Instead, we only compute one policy 7%, (updated from 77’5; Y by Algpq.
Here Algp is a placeholder for an arbitrary Policy Optimization algorithm, and we do not restrict
the concrete choice. Such a design increases the modularity of our empirical TPO, making it possible
to combine with various policy optimization methods and enhance their performance. For example,
Algpq may be instantiated by DPO (Rafailov et al.,2024)), resulting in a transfer learning framework
built on iterative-DPO (Xiong et al., 2024; |Yuan et al., |2024). Besides, one may consider other
advanced (online) methods, such as XPO (Xie et al.,[2024), IPO (Azar et al., 2024}, etc.

As the core ingredients of our empirical TPO, during data collection, the algorithm selects the policy
ke {2 W U {x%_} with the highest win rate when competing against %, . Intuitively, we
encourage transfer learning if {7 }"_, includes high-quality candidates; otherwise, the algorithm
conducts standard iterative policy optimization with Algp, by default. This strategy also aligns
with the heuristic principle: learn from an expert until surpassing it. Lastly, since the win rates
are unknown in advance, the selection process is formulated as a multi-armed bandit problem. We
employ a UCB subroutine (line[§) to balance the exploration and exploitation during the win rates
estimation.

Experiment Results Due to the lack of space, we refer the readers to Appx. [[|for evaluation results
of our empirical algorithm on summarization tasks.

6 CONCLUSION

This paper studies reward transfer in the context of online RLHF. We contribute TPO, a provable
and efficient transfer learning algorithm that leverages the structure induced by the KL regularizer.
Based on that, we further develop a UCB-based empirical alternative and evaluate its effectiveness
through LLM experiments. Several promising directions remain for future exploration. Firstly, an
interesting avenue is to develop transfer learning strategies beyond RLHF setting, for example, the
Nash Learning from Human Feedback setting. Secondly, while we focus on policy-level transfer, a
finer-grained prompt-wise knowledge transfer may be possible, which allows transfer from different
policies in different states. Thirdly, due to resource limitations, we leave the examination of our
methods in fine-tuning much larger-scale language models to the future work.

SLem. can be generalized beyond BT-model. Besides, it is possible to construct a lower bound involving
P« (7 > 7) instead. See Lem. and Remark (G.4|in Appx. for more details.

10
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A  FREQUENTLY USED NOTATION

Notation Description

S, A State space and action space

p Prompt distribution (initial state distribution)

T Reward model

r* Ground-truth reward model (reflecting human preferences)
P.(yl|s,a,a’) Preference under r

P (m > ) Win rate of 7 over 7 under r

{r" }wem Imperfect source reward model

m LLM policy

mh Uniform mixture policy % Do <t 7 of a policy sequence 7', ..., t.

Sometimes, given a dataset D = {(z°, Fi)}ig‘p|, with a bit abuse of notation,

D : oy L i
we use .. to refer the mixture policy ™I Zi§|pl .

CovTl™ Coverage coefficient

II The policy class

RU The reward function class converted from II, see Appx.
conv (1) Convex hull of II

B8 Regularization coefficient in RLHF objective

Js (") Regularized policy value (Eq. ()

A(w) Value gap for 75w, i.e. Jg(m)) — Jg(mhw)

Amin Minimal value gap min,, ¢y A(w)

anb min{a, b}

[n] {1,2,..,n}

0(),92(:),0(-),0(-),Q(-),6(-) Standard Big-O notations, (-) omits the log terms.

For completeness, we provide the definition of convex hull here.

Definition A.1 (Convex Hull). Given a policy class IT with finite cardinality (i.e. |II| < +00), we
denote conv(II) as its convex hull, such that, Vn € [N*], VAL, .., A" > 0 with Y, A’ = 1, and
any w!, ..., " € II, we have:

n

Z Nt € conv(IT).

i=1
Remark A.2. Note that in the contextual bandit setting, the state action density induced by a policy
and the policy distribution collapse with each other. Therefore, given a policy sequence 7!, ..., 7',
the uniform mixture policy 7t (-|-) = + >, , 7'(-|-) is directly a valid policy as a mapping from S
to A(A), which induces the state-action density 7’ (-|-).

Besides, we will use OL and OFF as abbreviations of “online learning” and “offline learning”,
respectively.

B MISSING DETAILS IN THE MAIN TEXT

B.1 EXTENDED PRELIMINARY

More Elaborations on the Necessity of Regularization The RLHF objective Eq. (1)) typically
involves a regularization term 3 # 0. This regularization is critical in practice for several reasons.
Firstly, it prevents overfitting to human preferences, which can possibly be noisy and biased (Gao
et al.,|2023; |Ouyang et al.| [2022). Moreover, pure reward maximization prefers near-deterministic
policies, potentially causing mode collapse. In contrast, regularization encourages the fine-tuned
model to retain diversity from the reference policy (Jaques et al.,[2017;|2019). Thirdly, reference
policies are pretrained on a significantly larger corpus than the post-training data, enabling them
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to encode more general-purpose knowledge. Regularization helps mitigate catastrophic forgetting,
ensuring the model retains this broad knowledge base.

Formal Definition for R Given a policy class II satisfying Assump. [Al we use R'! to denote the
reward function class converted from I1, such that (1) Vr € R, 7(-,+) € [0, R]; (2) Ir € R, 7} =
7). A possible construction satisfying this is given by

o I log _Tals) a8
R = Arirlrin(s, a) := Clipg, gy [8log =200 — min flog =2 75

) em. )

The rationale behind such a construction lies in that r| .~ provably differs from r* by at most of an
action-independent constant under Assump.|A} We prove this in the following.

w5 (a’|s)

For any s € S, we denote a; := argming ¢ 4 log — =CIDE

r* € [0, R], for any s € S and a, a’ € A, we have:

According to Eq. (2) and the fact that

i (als) ] 75 (d]s)
0< Blog ———= — log - \V1S) —r*(s,as) < R,
< Flog Trer(als) glen}lﬁ 08 Toee(a']s) r*(s,a) —r*(s,as) <

where the first inequality is because a, takes the minimal over A. Therefore, 7|+ (s, a) € [0, R] and
T\xx, (8,a) — r*(s,a) = 7*(s, a,), which is action-independent. In another word, 7|+ induces the
same optimal policy 7.

Under the objective in Eq. (T)), the realizability assumption in (Liu et al.}[2024)) can be relaxed and the
reward model class R can be used in their RPO objective. Because any per-state action-independent

shift on the reward space does not change the induced policy in Eq. (Z). As a result, throughout this
paper, we will not distinguish between r* and r - .

Remarks on Assumption [A}(II)
Lemma B.1. Ifr*(s,a) € [0, R] for all (s,a) € S x A, we have:

Rmax
max |log < .

;- (als) |
s€S,acA Treslals)' — B

Proof. By definition, for any s,

r*(s,a)

Va e A, 7 (a|s) = mres(als)e 5 [/Z(s),

*(s,a) R
B

where Z(s) == > ,c4 wref(a|s)er 5. Because 7*(s,a) € [0, R], obviously, 1 < Z(s) < e
Therefore,

Vaed |loglrlals) |’"*(;’ D _tog 2(s)| < max{g “log Z(s),log Z(s)} <

7Tref(a/|s)

]

B.2 RELATED WORKS

Sample Complexity in RLHF  Online RLHF emphasizes strategic exploration for sample-efficient
learning in tabular and linear settings (Xu et al.,|2020; Novoseller et al.,[2020; Pacchiano et al.| [2021;
Du et al.} 2024), as well as more general function approximation cases (Ye et al.| 2024} |Chen et al.|
2022; Wang et al., [2023}; Xie et al., 2024} |Cen et al.| 2024} |[Zhang et al., 2024} |Xiong et al.,|2024)).
Our work further improves sample efficiency by leveraging imperfect reward models that are readily
available in a variety of practical scenarios. As an alternative, offline RLHF (Zhan et al.| 2023} Liu
et al., [2024; |Huang et al.| [2024) focuses on exploiting pre-collected datasets without exploration.
What lies in between online/offline RL is hybrid RL (Chang et al., [2024} |Gao et al.| 2024). These
methods harness online feedback, while assuming the reference policy provides good coverage and
only engaging in passive exploration.
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Other Related RLHF Literature Various approaches have been developed for reward-model-free
online exploration. For example, DPO (Rafailov et al., 2024) implicitly optimizes the same objective
as RLHF without explicit reward modeling. DPO is further extended to different settings; see e.g.,
online DPO (Guo et al.}[2024), iterative DPO (Xu et al.} 2023} |Pang et al., |2024; [Dong et al., 2024),
etc.

Another direction is to go beyond Bradley-Terry reward model assumption. A particularly promising
set of techniques formulates RLHF as a two-player zero-sum game (Yue et al., 2012), aiming to
select policies preferred by the rater to others (Rosset et al.,2024;|Ye et al.,[2024; Munos et al.,|2023;
Swamy et al., 2024])). Investigating knowledge transfer within this framework is an exciting direction
for future work.

RL Theory in Pure-Reward Maximization Setting  In the classical pure-reward maximization RL
setting, sample efficiency is a central topic, with extensive research dedicated to strategic exploration
and fundamental complexity measures for online learning (Russo & Van Roy, 2013} Jiang et al.,
2017; Jin et al., 2021a;; [Foster et al.,[2021;|Du et al.|, 2021).

Besides the literature already mentioned in Sec. @], there is a rich literature (Uehara et al., [2020;
Jiang & Huang] [2020; Jin et al., 2021b; Xie et al.,[2021)) investigating the role of policy coverage (or
density ratio) in offline learning.

Transfer Learning in RL and RLHF  Transfer learning in pure-reward maximization RL has
been extensively investigated in previous literature (Taylor & Stonel [2009; [Zhu et al.| 2023)), and
theoretical guarantees have been established under various conditions (Mann & Choe, [2013; Huang
et al., 2022; [Huang & He| 2023} |Golowich & Moitra, |2022). Unlike previous works, this paper
unveils new insights for transfer learning enabled by the KL regularization in RLHF. In particular,
it enables us to design a policy-value-based transfer policy selection strategy, and identify a unique
regime, i.e., “self-transfer learning”, that can significantly improve sample efficiency. We defer more
discussions to Sec.[3.21

Most works on transfer learning in RLHF focus on empirical approaches. For example, (Wu et al.,
2024; Hong et al.| 2024) investigate the cross-lingual reward transfer. To our knowledge, our
empirical algorithm (Alg. [3) is novel in that it studies active transfer policy selection, which is still
underexplored in existing literature. We further distinguish our work from RLAIF (Lee et al.| 2023},
Ji et al., [2023)) or reward model selection literature (Nguyen et al.,[2024). Their goal is to align LLM
policies with surrogate reward models, while we study how to leverage those surrogates to accelerate
the alignment with ground-truth human rewards.

Regularized RL Sample complexity in regularized RL has also been studied in previous works
(Ziebart et al., 2008} Ziebart, 2010; |Geist et al., [2019; [Tiapkin et al.,|2023). Nonetheless, most of
them focus on tabular settings and do not consider the transfer learning.

C OFFLINE LEARNING RESULTS IN PREVIOUS LITERATURE

In this section, we recall and adapt some results from (Liu et al., 2024), which are useful for proofs in
other places.

RPO Optimization Objective For completeness, we provide the optimization objective of RPO.
Given a policy class I and a reward function class R, the RPO objective solves a mini-max optimiza-
tion problem defined as follows:

RPO(ﬁ,R,D,n) = arg max mi}zl Lp(r) + nEsmpamm grm,.. [T(5,a) —7(s,a)] — BKL(7||7ret ),
rell re ’
(10)

where we choose 7.+ as the base policy in (Liu et al., 2024). In Alg.|2| we set I = conv(IT) and
R =R

Condition C.1 (Sequential Data Generation). We say a dataset D := {(s*,a’,a’,y*,7") };<|p| is
generated sequentially, if it is generated following:

Vi <|D|, 7'~ Alg(-[{(s7, 0@,y 1)} <),
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st~ Ps a'~ Wi("si)v at~ 7rref('|si)v yi ~ ]P)T*('|5i7 aiﬂai)v
where Alg denotes an algorithm computing the next policy only with the interaction history.

Lemma C.2. [Adapted from Thm. 5.3 in (Liu et al.,|2024) ] Under Assump. E] givenany 6 € (0,1), by
running RPO (Eq. (I0)) with conv(I1), R™, 6 and a dataset D := {(s',a‘,a’, y*, ©*)};<|p| satisfying

Cond. by choosing n = (1 + ef)21/24|D|log %, we have:

1 II
v € conv(Il), Jg(m) — Ja(mpsu) < Copre’t - Cov™Imm: ﬁ log %,
where we use ’/T"?ix = I%\ Zi<|D\ 7t as a short note of the uniform mixture policy.

Proof. The main difference comparing with (Liu et al., |2024) is that we consider sequentially
generated dataset while they study dataset generated by a fixed dataset distribution. In the following,
we show how to extend their results to our setting.

Firstly, we check the assumptions. Note that we consider feed RPO (Liu et al.,|2024) by the reward
function class R'! converted from a policy class IT satisfying Assump. @ through Eq. (9). Therefore,
the optimal reward is also realizabile in R, and the basic assumptions required by RPO (Liu et al.,
2024)) are satisfied.

Next, we adapt the proofs in (Liu et al.}2024). Note that we can directly start with their Eq. (D.4),
because their bounds in Eq. (D.2) and Eq. (D.3) only involve optimality of the choice of mpy and
realizability. We move the KL-regularization terms to the LHS and merge to Jg(m) and J3(mpsa),
and we choose 7. as the base policy in RPO. The adapted results to our notations would be:

V7 € conv(Il), Jg(mw) — Ja(mpsu)

< max Eopamn o) amen (1) (7 (5:0) = 77(5,@) = (1(5,0) = (s, )]

+0 (Lo (") = Lp(r)).
Recall Lp is the (unnormalized) negative log-likelihood (NLL) loss, defined in Eq. (@). Since the

dataset D is generated sequentially (Cond.|C.1)), we can apply the concentration results in Lem. [H.2}
which is a variant of Lemma D.1 in (Liu et al., |2024) for sequentially generated data:

wp.1 -6, Vmeconv(Il), Jz(m) — Ja(7psu)
SES’praNﬂ'(‘|5)-,E~7Tref(‘|5)[({r*(87 a) - T*(Sva)) - (T%W(& a’) - r%ﬂ(&a))]
+07 (Lo (r*) = Lp(rex))

SEsnpanm(cls)amme (1) [(17(8,0) =177(5,a)) = (ren(s,a) = rer(s, a))]

1 ~ ~ 2 |TT
oDl Espianmi(ls)amme: (| [HQ(PTHWHS,(L, a)||Pr=(|s; a,a))] + ——; log —
0Dl 21:) e n[D] "o
=Esnpanr(ls)amme (1977 (s, @) =17(8,0)) = (rer(s, a) — 1o x(s,a))]
1 ~ ~ |1
— “Eypamn® (1) amom (1 HE (P (-]5, @, @)||Pre (-] 5, @, @))] + log —,
o EspianB (1s) a1 [ (Pres (s 0, @) [Pr- (s, 0, @) D] %% 5
where we denote 7 := arg max,cgn Ego ) amr([s),ammer(-s) (77 (5, 0) — r%(s,a)) — (7(s,a) —
r(s,a))l.
The rest of the proofs in (Liu et al.l 2024) can be adapted here, and by choosing n = (1 +
eft)=2,/ % log %, we can inherit the following guarantee:
6 1 I
wp.1 -6, Vmeconv(Il), Ja(m) — Jg(mpsu) < % (14 e®)XCoo (R 7mree)? + 1) D log %

Here C, o (R 7; 7.¢) is the coverage coefficient (adapted from Assump. 5.2 (Liu et al., 2024))

D
with 7.,

which can be upper bounded by:
C,,TD (RH, p. ﬂ-ref) < ma}é Eswp,awﬂ'(-|s),5~7rref(-|s) H(T* (37 CL) - T*(576)j - (T(S7 0,) - T(Sva)j”
rerR \/Eswp,awﬂ'v (-\s),aw'frref(-|s)H(T*(S’ Cl) —r (37 CL)) - (T(Sv CL) - T(S7 a))|2]

mix
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m(als)

< Es~p7aN”("S)[m]

(AM-GM inequality; Holds for any r and therefore including the one achieves the maximum)

/ D
= Covﬂ—lﬂ-mix .

Therefore, we finish the proof. We simplify the upper bound by using Cov™Imm >landef >1. U

D DETAILS FOR ONLINE LEARNING ORACLE EXAMPLE IN SEC.

Definition D.1 (L, Coverability; (Xie et al.|[2022;[2024))). The L, coverability is defined by:

Coveo(II) := m(als)

inf sup sup
HEA(S)XA(A) rell ses,acA p(als)

Definition D.2 (No-Regret Online Algorithm). Given any § € (0, 1), iteration number T, and a
policy class II satisfying Assump.|Al the online learning algorithm A1g,;, iteratively computes policy
to collect samples and conducts no-regret learning. W.p. 1 — d, it produces a sequence of online

policies 7!, ..., 7T, such that, Vt € [T],

_ |7
Z Jg(mr) — Ja(nt) < CopRe*Ry [ C(IT)t log®™ L,

i<t

A

where Co;, > 0 and ¢ > 1 are absolute constants, and C(II) denotes some complexity measure for
II.

Proposition D.3. [Example for Online Oracle in Def.[D.2]] The XPO algorithm in (Xie et al.][2024)
can fulfill the requirements in Def.

Proof. We start by generalizing Eq.(35) in the proof of Theorem 3.1 in (Xie et al.,[2024) to all ¢ € [T]].
Note that we consider bandit setting so R in (Xie et al.,[2024) collapse with . Suppose at the end of
iteration ¢, XPO generated a sequence of policies 7!, ..., !, we have:

1 : * %
ZZJB(T(T*) - J/B(ﬂ- )
1=1

<@ n SECgrrur(II, ¢, B, Tret)
- ¢ 2nt

1 *
+ IR 4 SELE o (19 [Blog 7 (als) — Blog 7 (als)]

7(als)

Tret(als)

' (als)

t
n . %
91 (Z - 1)Es~p,a~7r:;1(<|s),5~ref('\s) |:<ﬁ 1og Wref(a/|s) -r (S, Cl) - ﬁlog
=2

T3

~

wrs.) .

K2

where we choose 7(*) in (Xie et al., 2024) to be 7, and denote W;;xl = i 3;11 7.

Note that Lemma C.5 in (Xie et al.,2024) holds w.p. 1 — ¢ for all ¢ € [T']. Following their proofs till

Eq.(43) in (Xie et al., 2024)), we can show that for any ¢ € [T]

SECreur(II, 2, B, Tret)
t

|7
5 )

=3 Js(mr) = Jp(nt) < O(ReQR\/ log |

i=1

Based on the arguments in (Xie et al., 2024), SECrrur(IL, ¢, 3, m.c¢) can be controlled by ¢ -
Covll log® (|l|¢) for some absolute constant cy,c; > 0. Here Covll is the L., coverability
coefficient (Def. ) and plays the role. Therefore, we finish the verification. ]
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E PROOFS FOR RESULTS IN SECTION 3]

E.1 PROOF FOR LEMMA [3.1]

We first introduce some useful results from (Sason & Verdu, [2016). Given two probability distribution
P,Q € A(A), we use D (P||@) to denote the Renyi divergence of order o = +oc0. We follow
the definition of X2—divergence in (Sason & Verdd, [2016) as follows:

P(x)
Q(z)
Lemma E.1 (Theorem 7 in (Sason & Verdd, [2016)). Given P,Q € A(A), such that P # Q and
P(a),Q(a) > 0 forall a € A, we have:

KL(P|Q) < ki (eP+=19) - KL(Q||P),

X2(PllQ) = Esnp[ =] — 1.

where i1 : (0,1) U (1, 400) — (0, 400), k1 (t) = Heetl=t)

— (t—1)—logt *
Lemma E.2 (Eq. 182; Theorem 9 in (Sason & Verdu, [2016) for o = 2). Under the same condition
as Lem.[E]]
KL(P||Q)
2
X (P”Q) < m»
where ro(t) := %

Lemma E.3. For any policy ,
Jp(mr) = Jp(m) = BEsnp[KL(7(-[s) |77 (-] 5))]-

Proof. A shorter proof can be done by directly assigning ¥ = 7 in Lemma 3.1 of (Xie et al., |2024)),
and here we provide another one without detouring through it.

Jg(mn) — Ja(m)

. e (als) m(als)
=Esp.amns, [17(8,0)] = Esmpamn[r7(s,a)] — BEsp amr, [log ———<] + BEsp aorllog ————
P ” [ ( )} P [ ( )] ﬁ 14 ” [ gﬂ-ref(a|3)} ﬁ 14 [ gﬂ-ref(af‘s)}
*Aals 7 (als) *Aals m(als)
= ]ESN a~ ks ] - ESN an~T lo ] - ESN an s X + ESN an~T log ————
PEsrpanmitior 5] = FBampansllos rorS) = PRapanmectior =20 151+ BBavpanallog T2 015
7(als)
- ESN a~7r1 Y 7 1N
PBaaanrlo8 2 )
=BEsp[KL(7(:|s) |- ()]
where the second equality holds because for any s, a
e (als)
r*(s,a) = Blog ——= + Z(s
(5.0) = Blo T2 1 2(s)
for some Z(s) independent w.r.t. a. ]
Lemma 3.1. Under Assump. @ for any policy € conv(II),
* *) — -1 2
cov ™ <14 r(e™)- w with w{a) 1= x_(xl_l)gm =0@)  ®

We prove a stronger result in Lem. [E-4] below, where we consider the policy class including all the
policy having bounded ratio with 7 .:.

7(als) R
Hor :={nr: A log—————| < =}
<g = {m: 8= AA)max|log =il <

Lem. [3.T|then holds directly as a corollary by combining with Lem. [H.T] Lem. [B.T]and the fact that
r* € [0, R] for all w € [W].
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Lemma E.4. For any policy m € 11 =,

« . Jg(mh) — J
Covy™r T < ].—I—FL(G%R)- 5(71—7" ) ﬁ(ﬂ—)

11
; . Y

where k(x) := (e O(z).

z—1—logx

Proof. Given any w € Tl 5, we consider a fixed s > 0, and apply Lem. and Lem. with

P =7} (-|s) and Q = 7(+|s). Since those two lemmas holds when P # @, we first check the case
when 72 (+|s) # 7(-|s):

(1)) ) s ()l ]s)) < KL (9l

Ea/\/ﬂ':* (a\s)[ HQ(C

m(als)

1 "
Sm -k1(€) - KL(7(+|s) || (-] 8))
_ﬁ' w(:[8) || (| s
_C—l—logC KL( (| )” r*(| ))

where we use ¢ := eP+oo (= C15)I7(15)) > 1 a5 a short note.

We define k(z) = %. Note that,

2(z — 1) (x —1)2(1 — 271

o) —
K(x)_:cflflog:v (z —1—logx)?

oz 2(x — 1) —2logx — (x — 1)(1 — 27 1)
T xz—1-logx z—1—logx

x—1 z—z ' —2logx

xz—1-logx x—1-—logx

Now, we consider g(z) := z — 271 — 2logx for z € (1, +0o0). Note that, g(1) = 0 and

1 2
")=14+ =5 —-=>0.
gla)=1+—5-—=

Therefore, x'(x) > 0, which implies x(x) is increasing for all > 1.

Under Assump. [A]

" 2R
D (A9 15) = ogexpmax T3y < 2,
which implies ( < e%. Therefore,
;- (als)

2R *
Bur. (o) = 1 <) KL () (1)
Note that the above inequality also holds when 7(-|s) = m.(:|s). Therefore, combining with

Lem. we have:

Cov™ T =Bunp ;. <as>[m] <1+ w(e™) - Eonp[KL(n([3) 75 (15))
=1+ m(e%) . Jﬁ(’n:* )B_ Jﬁ(ﬂ—)
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E.2 ANOTHER BOUND FOR POLICY COVERAGE COEFFICIENT

In the following, we provide another bound for the coverage coefficient between the optimal policies
induced by different reward models. Although we do not use this lemma in the proofs for other
results in this paper, it indicates a different upper bound, and possibly, it is tighter than the one in
Lem.[3.Ilin some cases.

Lemma E.5. Under Assump.[A] given any bounded reward model r, and the associated optimal
policy T} (defined by Eq. (1)), the coverage coefficient between w and 7. can be controlled by:

|r*(s,a) —r(s,a) —b| .

Cov™ ™ < minE,.,[E2 [exp(

beR AT Ié]
Proof. By definition, the state-wise coverage coefficient
. e w5 (als)
Cov™ 1T (8) i=Fy e (16—t
V) =R 9 g
ri(s,a) —r(s,a)\,  Zr(s)
ECLNﬂ' > )[eXp( 5 )} 7 *( )

Here we denote Z,.(s) = > mres(als) exp(%r( a)) and similar for Z,.- (s). Therefore,

2y Tl )ZeX?( = Zﬂ - exp [13( (5,0) = 1*(5,))) = B, [exp( 12 57’*(5’ a)y).

We remark that one important fact we leverage in the second equality is that 7% (a|s) > 0 for all
a € A. Considering introducing an arbitrary b € R, we should have:

a

o r*(s,a) —r(s,a) +b r(s,a) —7(s,a) — b
Cov™ ™ =R re, (1) [exp( (5,0) ﬁ( ) )]+ Eanrs, (-1s)lexp( (5,9) B( ) )l

)]

|7"*(S, 0,) — r(s,a) + b|
B

Given that b is arbirtary, we can pick the best one:

S]Eifvﬂ:* (-Is) [eXp(

*
. — —-b
Cov™I™ < minE2__. [exp('r (s,0) —r(s,a) — Y

bER T B

]

E.3 PROOF FOR THEOREM [3.2]

Theorem 3.2. Under Assump. EI given an online dataset D genemtenﬁ by a policy sequence
{7}, € conv(Il), w.p. 1 — &, running RPO with conv(I), R and D yields nps: Jg(}) —

To(mowt) < O(e27 (14 w(e) - I, L2 lo)) 1),
We refer to Lem. [C.2)for the detailed hyperparameter setups.

Proof. By Lem.[C.2] w.p. 1 — 4,

II
Jﬂ(ﬂ':*) — Jﬁ(ﬂ'Dsﬂ) S OOFF€2R . COV ’"* ‘ﬂ-"“" T Og %,
where 71 = % Do el ! is the uniform mixture policy, and the coverage coefficient can be upper
bounded by:
J, J
Cov™rmmi <1+ k(e ¥) p(mr-) — 3 5 (Tin) (Lem.[3:1)

*See Cond. for the definition of data generation process.
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5 T * _ t
Sl + K(BTR) . Z Jﬁ(ﬂr*)ﬁT‘]ﬁ(ﬂmlx)
t=1

Here in the last step, we use the fact that KL divergence is convex, and therefore, KL(7L. |7 cf) <
T . . . T
% > i1 KL(7"[| et ), which implies Jp(my;, ) > % i1 Ja(mt).

]

Implication for Online RLHF If we consider the policy sequence generated by a no-regret online
learning algorithm, we have the following corollary.

Corollary E.6. Under Assump. E] suppose 7', ..., is generated by a no-regret online learning
algorithm with Zthl Ja(mh) — Jg(mt) = O(CN)V/T) for some structural complexity measure
C(II), as long as T = Q(B_QC(H)Q,%Q(e%)), running RPO yields an offline policy s.t. Jg(m}.) —
Ja(mps) = O(e2RT—2),

The proof is straightforward by noting that EtT:l %}Jﬁ(”t) = O(C(IT)\/T/T), which decays

to 0 as 7T increases. Coro. is remarkable as it implies an O(e~2) sample complexity bound to
learn an e-optimal policy for online RLHF (for € smaller than a threshold), which does not depend
on the number of states and actions or other complexity measures. In contrast, in previous online
RLHF literature (Xiong et al.| [2024} [Xie et al. 2024; |Cen et all 2024; [Zhang et al.| [2024), for

I = % Zthl 7, the regret-to-PAC conversion implies a value gap

the uniform mixture policy 7

J(mr) — Jg(nk ) = O( @) which has an additional factor C(IT) regarding the complexity of

the function class. This suggests a strict improvement.

Moreover, this marks a fundamental difference from the pure reward maximization setting, where
lower bounds depending on those factors has been established (Auer et al., 2002} |Dani et al., [2008]).

Other Previous Works Reporting Faster Convergence Rate Several recent works also report
faster convergence rate than the information-theoretic lower bounds for online pure reward maximiza-
tion RL, by exploiting the structure induced by KL regularization. (Shi et al.,[2024) investigates the
tabular softmax parametrization setting and establishes quadratic convergence results. In contrast,
our result is more general, applying to arbitrary policy class.

The work of (Zhao et al., [2024)) is more related to ours. They consider general reward function
classes and derive an O (e~ "Poly(D)) sample complexity bound, where D is a coefficient related
to the coverage of the distribution p x m..r. While their dependence on ¢ is better than ours,
their definition of D is not always satisfactory. For example, in the worst case one would have

D = Q(————). This indicates that their bound scales with the number of states, once noticing
seS P(S )
that

minscs p(s) 18 o smaller than |S|. In contrast, the largest coverage-related coefficient in our

result is O (k2 (ezTR)) = O(e%R), which remains small and is free of |S|. Therefore, our Coro.
can outperform the bound in (Zhao et al.,[2024) in many scenarios.

More importantly, the primary focus of our work is on reward transfer, which is orthogonal to these
studies.

F PROOFS FOR THE MAIN ALGORITHM AND RESULTS IN SEC. @

F.1 ADDITIONAL ALGORITHM DETAILS

Missing Details for TPO (Alg. [I) For any given (k,n) € [K] x [N], we use D" =
Uik oriek jen{s™, abd @3 43 77} to denote all the collected data up to step (k,n); Dr™ :=
Uick,j<aN ori=k,j<nraN{s"7,a"7,a"7, y*7 7"} denotes the data collected by Algy;, up to step
(k,n).
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F.2 SoOME USEFUL LEMMAS

Lemma F.1 (MLE Reward Estimation Error). In each call of Alg. szth a polzcy class 11 satisfying
Assump. |A|and a dataset D generated by a sequence of policies , then, for any policy m,
given any ¢ € (0, 1), with probability at least 1 — 0, for all w € [W] we have

| I
KmmvﬂEm%mﬂ)(Emﬁmﬂmmmmmﬂlswéﬂ¢cﬁ;|mmﬂs

D
where we use T, ID\ >i<|p| 7t as a short note.

Proof. For any policy 7 € II, by applying Lem. With Wﬁx and 7 < Tyrg, we have:
|(Bonlr) = Bpronclr]) = (Epalfice] = Bpr.. ] |

SEs~p,a~7r(~|s),5~7rref(~|s) [| (T*(87 Cl) - 7“*(8, a)) - (?MLE(& CL) - ?MLE(576)> H

ﬁﬁw*%wﬁw D Bapai o)) B2 (P (1, 0,3) [Py 3,0, )
1<|D]

By applying Lem. [H.2| and the fact that 7.5, 7* € RY, forany § € (0,1), w.p. 1 — &, we have:

| Z ESNP arvt(-]s),an s (+|s )[HQ(]P)?MLE(.|57a”a)H]P)T*("S’a7a))]

i<|D|
<Lp(fus) — Lp(r") + ﬁl |H|
| D] log |1(;” (Assump. [A]and 7.z minimizes the negative log-likelihood)
Therefore, we finish the proof. []

Lemma 4.1. Under Assump. E| and Def. [D.2) wp. 1 — 4, in each call of Alg. P} Vw €
(W], Js(mrw) = Jp(re) < V(mfu; D) < Jg(min) — Jg(mres) + O(€2/\/N(w; D)).

Proof. Note that ¥ Eﬂ“ i < N a2k where we recall that N (w; D) := 3, p I[7" = 7]

denotes the number of occurrences of 7%, in the dataset. By Lem.|F.1} w.p. 1 — &', for all w € [W],
and any (k,n) € [K] x [N] occurs in the call of Alg.[I|such thatn > aN:

: : - - ! T
KEMMV]EMMVD(EmmvmﬂEW%mmaﬂsm¥R¢Nmﬂﬁmf% -

Recall

1 L
N(w;DFn) %% 5

?(W:MD) =Eprr, [Purs] — Ep r,ee [Pure] — BKL(7 7w [|7Tres) + 16€2R\/

By taking the union bound for all T iterations (choosing ¢’ = ¢/T'), we finish the proof. ]

Lemma F.2 (Estimation Error for Self-Transfer Policy). Forany k > 1 and alN <n < N, in each
call of Alg. in the iteration (k,n) of Alg. with adataset D := {(s',a’',a',y', 7') };<|p) satisfying
Cond. then, given any § € (0,1), wp. 1 — §:

V(wpt; D) <Jp(mosu) = 5 (o)

CmU.4L1%EE

‘7(7TDS,1;D) >Jg(mr) — Ja(rer) — - Re?E . (Cov”:*l’rmvi* A D] og 5

(%

where we use TP 1= |D‘ Ez<|D\ 7Pl as a short note, and ¢ is some absolute constant.
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Proof. Recall that
V (mpst; D) :=E zps [Fst1] = Ep ... [Fost1] — BKL(pgt|| Tret )

1 - 1 .
+ ELD(TDSII) - 5LD(TMLE) — bonus,

2R /1 IH\T

Here we use bonus :=2c-e ™ log as a short note of the bonus term. By definition,

‘7(7TD511; D)

* * 1 * 1 -~
S]EPJ"'DSII [7" ] - ]Epyﬂ'ref [T ] - BKL(T‘—Dstl”ﬂ—ref) + %LD(T ) - 6LD (TMLE) — bonus
(Pessimistic estimation of 7pg in Eq. (10))

IHI

2
<Jg(mpsu) — Jp(Tree) + —= oD log — — bonus (Lem.[H:2)
T
<Jg(mpsu) — Jp(Tres) + 2¢ - e |D| log | ‘ — bonus. (12)
The last step is because of our choice of n = (1 + e?)~2 ﬁ;ﬂ lo InélT.

For the lower bound, note that for any policy 7 € conv(II), we have:
() = Jp(mees) = V(mpea; D)
(B l*] = Bpurc ] = BKL(r| 7))

_ . 1 . 1 -
- (]Epﬂrmu ["bsu] — Epr..c [Pbsu] — BKL(Tpsu[|7res) + ;LD(TDSII)> + EL’D(TMLE) + bonus

* * . 1
<(Bpnlr] = By ] = KU (les) ) = min (Bpnlr] = By ] = OKL(mlmees) + - L))
(Optimality of mpgy in RPO;)

+ —Lp(r*) + bonus (Tyrz minimizes Lp)
n

_ 1 1
SEonpammanm. I77(8,0) = 17(s,@) = rrip(s,a) + rap(s,a)ll + —Lp(r") — —Lp(rxp) + bonus

(We use r,p to denote the reward achieves the above minimum)

|H‘ COVﬂ'lﬂ-rﬁx " _
log = +8V2e™ | Tmm D Bt (o) i) 2B (s, @, @) [Py (|3, a,))

- IDI Kl Dl
i<|D|

1 - -
=+ 2 Evpanrt BB, o (15 0.3) [y (15, 0.8)] + bonus

i<|D|
(Lem. [H:2]and Lem. [H:3))
D
|I| iR Cov™ Tmix .
< |D| log—+64 T—Fbonus (ax — bx? S—b)
|7
<4eq - 2R Cov™mms . log ‘ | + bonus. (13)

ID\

where the last step is because of our choice of = ¢ - (1 + ef*)~2 D] log =5~

Next, we evaluate some choice of 7. We first consider 7 = 7. € conv(II), the above result implies,

~ 11T
Ja(mre) — Jg(Tres) — V(mpsu; D) < 4deg - 2R . oy M . \D| log l +bonus. (14)

28



Published at the ICLR 2025 Workshop on Bidirectional Human-AI Alignment (BiAlign)

1.

Secondly, we consider the mixture policy m = 7%+ W Zi:ll nd € conv(II). Because of

the convexity of KL divergence, J(7) is concave in 7, by Jensen’s inequality, we have:

JIB( ) ‘]ﬂ( m1x ) :JB(W:*) _ESNP awwzl;l(-\s)[r ( )} +ﬁKL( m1x Hﬂ-ref)

<Jp(m) - Z S (Bempramt (1o (5,0)] — KL(
i=1 1<j<aN
(1) |7 \/QC(H) | T
< 2R log€0 < 2R log® )
SCoutt \/a(k— ) R P
(Cond.[D22)
Note that |D|x2 > a(k — 1)N7*~1, which implies Cov™ms |mmx < a(IJﬂ)N < oc(kk—]\i)N <2

Therefore, by Eq. (13),

T
1 g 17

Ta(m') = Ja(ees) = V(mows D) S deg -2 = [

2
mix a
Combining the above two inequalities together, we have:
Jﬁ (’/T:* ) - Jﬁ (ﬂ—ref) - V(’”Dstl; D)
SJB (ﬂ—:*) Jﬁ( T mix ) + Jﬁ( T mix ) - JB (Wref) (ﬂ-DSth D)

2C(1I1 oo [T 2 /1 II
§C’OLR62R\/ al<(:N) log®® | 6| +402~62R~& @1 L+bonus

c(I1 T
<c3R- €2R\/a2(|p)| log®® % + bonus. (15)

Therefore, under our choice of bonus = 2¢ - 4/ \%I log %, Eq. (12), Eq. (T4) and Eq. (T5) imply,

V (mpa; D) <Jg(mpsn) — Ja(mrres)

<

c(m) 1 0|7
VUYL= Joefo 21T
) D] % s

]

Lemma 4.2. Under Assump. @and Def. - w.p. 1 =96, in each call of Alg. ' Ja(mr) = Jp(Trer) —

A R T | Vel ( )
O(I\%/ﬁ . (COV T i A )) < V('”DstlyD) < JB(WDstl) - JB(ﬂ—ref)~

Proof. By applying Lem. [F2] with appropriate constants, and taking the union bound over all
iterations, we can finish the proof. L]

(mpsu; D) ZJ,@(TF:*) — J@(ﬂ'ref) — ' Re?R . (Covﬂ:*‘ﬂ-l’ﬁx A
«

F.3 PROOF FOR THM.[4.3]

Theorem 4.3 (Total Regret). Suppose Algy, is a no-regret instance satisfying Def.[D.2] whose regret

grows as 6(R62R\ /C (H)T) for any intermediate step T and some policy class complexity measure
C(IT). Then, w.p. 1 — 20, forany T/K < t < T, running TPO yields a regret bound:

S Js(mi )= Ja(a D)) = Regl) + Regll);

<t
ReggL) ::6(R62R aC(ID)t), (5)
4R
Reg). :0( S Aun AFONO L 2R Ty win Y A(w>). 6)

T<t:aN<n(T)<N w:A(w)>0
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Here we denote k(T) := [ %] and n(T) := 7 mod N to be the block index and inner iteration index

for step T, F(T)n(7) .= 6(R€2R(COV7T:* e @) \/;) where T, =+ di<r mk(0):n() g

mix

the mixture policy up to 7; A(w) and A,y denote value gaps as defined in Sec.

Throught the proof, we follow the convention that 1/0 = +oc.

Proof. Since we divide the total budget 7" to K batches with batch size [NV, we will use two indices

K € [K]and N € [N] to represent the current iteration number, i.e. the N-th iteration in the K -th
batch. We will divide the indices of previous iterations to two parts, depending on whether we
conduct normal online learning (the first N samples in each batch) or do transfer learning (the rest
(1 — )N samples in each batch):

I%LN = (k,n)\k<l~(,n§o¢N, ork:IN(,nSJV/\aN},
IIT{% = {(k,n)|k < K,aN <n< N, ork=K,aN <n < N},
Iz & ::I%Ijﬁ UIIT{%:{(k7n)|k<K,n§N, ork=K,n<N}.

For the policies generated by online algorithm, under the condition in Def. w.p. 1 — 4, for any
K € [K],N € [N] we have:

* n Co HT
Z Jg(mr) — Jg(mhm) < OOLRGZR\/C(H)|I%L:N| log L (16)

(k,n) T 0
’ K,N

Next, we focus on the performance of transfer policies. We first introduce a few notation for
convenience.

Additional Notations We use w]’;’sﬁ to denote the offline policy computed by Alg. called by Alg.
at iteration (k, n) for some aN < n < N. We denote E&1 := {zf" = 7%} to be the event that
Alg. returns WS;G as the policy, and use £ := {r*., = 7"} to denote the event that Alg. pick
and return 7;%.,. Besides, we use —6’3;3 = Uwew) ERm as a short note for the event that Alg.
does not return the offline policy wg’sﬁ. Recall the definition A(w) := Jg(7}.) — Ja(mfw), and
Amin = min,,e[w] A(w). We will use w* to denote the index of the task achieves A, (or any of

. . o . . k,n kn o _ 1 4,
the tasks if multiple maximizers exist). Given the dataset D% we use 7} ' := Dk Zz jepkn T

to be the uniform mixture policy from D*".

Then, we decompose the accumulative value gap depending on whether SS;SL is true or not. We
use [[€] as the indicator function, which takes value 1 if £ happens and otherwise 0. For any

K € [K],N € [N], we have:

Y Jslmr) = Js(xtm)

Trf
(k,n) EII?,N

= > I&mUs(mr) = Ja(x ™M)+ > I=ENR (sl ) — Ja(xFm). (17)

Trf Trf
(k’”)ezﬁﬁ (k’")GIRﬁ

Part-(1) Upper Bound the First Part in. We first bound the accumulative error when

I[EE:M] = 1. On the good events in Lem. 4.1{and Lem. 4.2| (which holds w.p. 1 — &), [[E571] = 1
implies

V (mpg; D) > max V(mr.; DR > max Ja(mi) = Jy(mees) = Jp(me) = Jp(Mres) = Bmin,

and as implied by Lem. [£.2]
Jﬁ (71':* ) - '][3 (WDstl) SAmirn
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Cco |H|T
4]

Jp(mr) — Jg(mpsu) <caRe* - (cOv“:* i A

Combining all the results above, we conclude that

e \/CT 1 vila
Jp(mys) — Jp(msu) <Amin A coRe* . (Cov’rr*“’mix A a( >) ’ \/|Dk,n| log™ | 5'

=Amin N o
Here for simplicity, we use

&) 1 T
kn ._ 2R Ty 7rmlx .
e G )¢mmﬁ@05

as a short note, indexed by k, n. Therefore,

> IESMN(Ta(mr) = Jp(xb ) = Y TES (Amin A 5. (18)

Trf Trf
(k,n)elﬁ,ﬁ (k’")EIE,N

Part-(2) Upper Bound the Second Part in Eq. Next, we bound the accumulative error when
I[-EE1] = 1. Note that,

S IRER st — ety = 3 Y A

(kyn) €T (kn)ETES we[W]
KN KN A(w)>0

Here we only focus on those source tasks with A(w) > 0, since transferring from 7% with A(w) =0
does not incur regret. We separate source tasks into two sets W<on, . = {w € [W]|A(w) <
2Anin} and Waon, . = {w € [W]|A(w) > 2Anin}. For w € Wsaa, .., on the same good
events in Lem. nd Lem. 4.2} T[€™*] = 1 implies

Anin =Jp(m0w) = Jg(Tres) — Jp(Twn ) + J3(Mret)
ZJB(TF::*) - J,B(ﬂ-ref) an( Dkn 1)
2‘]5(7.[-:*) - J,B(Trref) - ‘7k7 ( T“”ka n= 1)

* 1 |H‘WT
z‘jﬁ(ﬂr*) - JB(Wref) Jﬁ( r“’) + Jﬁ(’frref) —-32- \/N(w Dk>") log S

1 owr
_ 2R
=A(w) —32-e \/N(w;Dk’") log 5

In the following, we use ¢; = 32 as a short note, then the above implies

2elR WWT _ dcie™ . [IWT
N(w; DR < ! 1 S Aoy
WP S )~ B 6 S D@
and therefore,
16c2e*R |H|WT
n,k 1
Yw € WsoA s Z IE"1Aw) < A(w) o 5

Trf
(k,n)EZRYN

For w € W<oa,,;.,» We introduce a new event SznfiAmi,, = {2Lk=” < Apnin}. Note that, when

[52L<A ] =0,ie. 2t > Ay, we automatically have:
Yw € Wean,,  TEMFA(w) < 2M[EMM Apin < 4T[E™F] - (Apin A L™F). (19)
On the other hand, on the good events of Lem .and Lem. . when I[EF N 52 Jen, | =1, we
must have:
Jo () = Jg(mes) — 10 <VER (b phin=1y (Lem. T and Lem.[#2)
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<VEn(x¥,; DFY) (w is chosen)

,r.w

1 owT
* 2R
<Jp(mrw) — Ja(Tres) +32- € \/N(w;pk,n) log —5—,

which implies,
cletl o |H|WT<4C% el o [T|wT
(A — Em)2 08 5 =TAZ 08T

min

N(w;DF™) <

Therefore,

Z 8cletlt  |TIlWT
n,k n,k
vw e W§2A1ni117 (k )GITrf H[gw m 62L<Amin]A(w) - A( ) 1Og 5 *
IR R

Combining with Eq. (T9), we have:

802 4R [mwT
n,k n,k7 . . n,k
Yw € Wean,,,., dSoIERMAw) <4 > TERF - (Amin ALF) + Aw) log —~—.
(k ’n)EITIf (k n)GITrf
we have:

By merging the analysis for w € W<ana_,, and w € Wson

min

162ttt [mwT

min

n,k n,k . n,k
Yw € [W], > IERFA(w) < Alw) log —=— +4 > IERF) Amin At
(km)EI%fN (k,n)EI}(Y’fﬁ
(20)
2 1 MWT .
Note that for those A(w) < 4¢qe?max . 7 log —5—, we automatically have
Z(k,n)ez%fﬁ I[€w7]
1 I\wr
> TERFA(w) <degeme - log ! 'ZV > LER
(k,n)GIgfﬁ Z(k,n)elgfﬁ H[gw } (kv")ef%fﬁ
n[WwT
=dcje?me . €2 log | :
cre Z [Ew"]log 3
(kn)eT2
On the other hand, when A(w) > 4cp e?max . L — log |H‘EVT, the bound in Eq. (20)
Z(k’")ezg‘fﬁ H[Sw ]
is tighter, since
16cetft  |TI|IWT % [HwT
1 < degetmex I[E "1 .
Aw) 85 ="a° 2 e los =

Tre
(k’n)EIz‘(,ﬁ

Combining the above discussions,

Yo I Ts(m) = TRy = Y > IErhA

(k,n)ETL (kn)ETiE we[W]
KN N A(w)>0

16c2e*P nwrT mwr
< Z min{ ac 10g| | , 4y Pmax Z ]I[&Z“’“} log‘ | }

A(w) 0 ]
W (kn)eTit
(w)>0 KN
+4 > IERF) Amin AL
(k)T
160 |H\WT 2 nk [mwT
< min{ Z 5 Z 4cre Z I[Ew"] log 5 }
we[W] (k,n)ET
(w)>0 A(w)>0 N

(min{a, b} + min{z,y} < min{a + z,b + y})
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+4 > IERF) A AL

Trf
(km)EII«( ~

16c2etf IywT IwT
<min{ Z log , Ay ePmax W|IT~ff~\l }
il A(w) ] 0
A(w)>0
(Cauchy-Schwarz inequality and > ,eqw) I[ER"] < |IIT~<I§\7|)
A(w)>0 ’
+4 D TERM A ALV (21)

" Trf
(k,n)EIT(,ﬁ

Merge Everything Together Combining Eq. (I8) and Eq. (ZI)), we have:
> Js(mr) = Jp(atm)

Tre
(k,n)EIk«yﬁ

= > IEMUs(mr) = Je(bm) + > &R (Js(mn) — Jp(xtm))

(kn)ETES (kn)eTz
16c2 4R |H\WT £ (100 HWT
< min{ Z 3 ,deye?me VV|IT log 3 }
wG[W
A(w)>0

+4 Z Amin A LS

(k,'rL)EI,TI\(E)fj\7
Combining the value gap for the online parts, we have:

S Jslan) = Jp(abm)

(k,n)elgﬁ

II|aT
§COLR623\/ CI)|TF: 5 |log® % +4 Z Apin A VP

Tre
(k’n)EIf(’,ﬁ

_ 162e*  |WT wT
+ mln{ Z A(’w) IOg 5 740162'““ W|Izrf~| 1 5 }
we[W]
A(w)>0

Note that for K > 1, denote tr N = (K —1)N 4 N, we have:

| O] ~\ <aKN < 20t |ITrf |<(1—a)KN <2(1 —a)ti 5

Therefore,

S Tsm)=dem ) =0( Y A A+ RER faC(Mig 5+ e [(1 - a)Wig 5 A

(k,n)EIf(Yﬁ (k,n)EI}(rfﬁ

where in the last step, we omit the constant and logarithmic terms. By replacing {7 5 < ¢,
Z(km)g}? L > orcts k< k(1) == [§]and n < n(7) := 7%N, we finish the proof.

]

G CONNECTION BETWEEN WIN RATE AND PoOLICY COVERAGE COEFFICIENT

Lemma G.1. Given two probability vector u,v € A(A) and a reward function r : A — R, consider
a preference model based on r, satisfying,

1
PT(y = 1|a7a/) Z 5;
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forany a,a’ € Asatisfying r(a) > r(a’). Then,
1
S Vau(a)u(a) < min \/(7 + 2P, (v = u))log —
o v>0 vy

where Pp.(u = v) := Eqoy o/ mn[Pr(y = 1]a, a’)].

Proof. We first of all sort the action space A to Asorea := {a1,as2,...,a|4)} according to reward
function r, such that, for any 1 <1i < j <|A|, r(a;) < r(a;). Besides, we use F"*(-) to denote the
cumulative distribution function regarding w:
i
VI<i<I|Al, F'a;):=Y u(a),
Jj=1

and F" is defined similarly. Then we have:

| Al |A|
%Jﬁ Zﬁ Z 7ﬂm \/7+F“(aL)) @)
(Introducting a parameter v > 0)
|A| u(as) || | |
= ; v+ Fe(a;) ;(7 + F*(a;))v(a;) (Cauchy-Schwarz inequality)
|A| u(ar)
= ;m v+ 2P (v = u),

where in the last step, we use the fact that v > LAll v(a;) = v and
| A| i 1 A
P, (v = u) =Egmn 0’ |[Pr(y = 1]a,a’)] > u(a =1la;,a;) > = v(a;)F"(a;).
(v - u) a~ulPr(y = 1a, d)] z; ; r(y = 1ai, a5) 2 5 ; (a:) F*(a:)

For the first part, we can upper bound by the following:
|A] Al

u(ai) u(ai) Ny + 22;11 u(a;)
;7+Fu(ai) ;V-FZ; p ulay) ; v+ 2 wlay)

ula
<Zlog7 i ) (1-z<logl)
i=1 Ej 1“(“7)
1
<log — 7

Therefore, ) . 4 v/u(a)v(a) < \/(fy + 2P, (v > u)) log H'T” Since + is arbitrary, we can take the

minimum over v > 0, and finish the proof. ]

Lemma G.2. For any policy 7,7,

= TV FC1s) < mip (-4 28 (rC ) = 7)) log 5,

1+~

1= Eonp[TV(m(-]s)[7([5))] < min \/(’Y+ 2P (> 7)) log

Proof.

L= TV(r(-|s)|7(|s)) <1 —H(x(-|s)[7([s)) = Y V/w(als)7(als)

acA
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1+~
ot

where in the last step we apply Lem. [G.1| with 7r(+|s) as v(-), 7(-|s) as u(-), r*(s, ) as the reward
function. Then, we finish the proof for the first inequality.

<m1n\/<’y+2E” (m(-|s) >%(-\s))) log

¥>0

For the second inequality, by taking the expectation over s ~ p and the concavity of /- function, we
have:

= B [TV s)R 1)) < mig (3 + 281 (- 7)) log T2

By choosing v = P« (7 > 7) (note that this choice ensures v > 0 since 7(+|-) > 0), we finish the
proof. ]

Lemma G.3. [The Complete Verszon of Lem.[5.1)] Given any policy ©, under the assumption that
Py (y = 1|s,a,d’) > L forany a,a’ € Asatisfying r*(s,a) > r*(s,a’), we have:

1 Ja(mhe) — Jp(m)\ L
Cov™I™ > max (\/’7+2PT*(7T>-7T)IOg :74-\/ () MW)) (22)

v>0,7 Qﬂ
. _ 14+~ Jg(mr) — Jg(7)\ 1
71',,‘*‘71' > ( " 1 B r B ) . 2
Cov _g%’); \/7+2PT (m > 7)log 5 + 28 (23)

where 7 is an arbitrary intermediate policy, P (1 = 7) := Eswp g o' ni [Prs (y = 1]5,a,a")] and
]P)r* (% s 7T) =1- ]P)r* (7T s %) = ESN/),aN%,a/Nw[PT* (y = 1|S7 a, a/)]-

Proof. We have:
- (als)

— 1 =v2(x*, (- .
=) - 1= () (1)
> exp(KL(7. (+|s)||m(]s))) =1 (Theorem 5 in (Gibbs & Su, [2002))
1 1
>5- :
2 1=TV(r.(s)]m(-]s))
Now, we introduce an arbitrary intermediate policy 7,
TV (. (-|s)||7w(-|s)) =TV(7(-|s)||w(:|s)) — TV(7(-|s)||m)-(-]s)) (Reverse triangle inequality)
1
>TV(7(-|s)||7(:]s)) — \/2KL<7T (|s)|wx(-|s)).  (Pinsker’s inequality)
Applying Lem.|[G.2 with (7, 7) < (7, ), we have:

-(als)
Banrr. (19l 7(als)

ECLNT(:* (\s)[

— 1. (Bretagnolle-Huber inequality)

T TV(R(s)|| (-] +\/1KL s)|lmz. (-]s))

>

O+ 2B (7 (ls) = m(1s)) log 22+ \[IKL( () 7. (1)

By taking the expectation over s ~ p, and leveraging the convexity of 1/ and the concavity of /-
functions, we have:

5 (als) S 1

Esr‘vp,awﬂ':* -|s [ ] =
(97 (als) EM[\/@ + 2P, (7(-[s) > 7(-]5))) log 2] + ESNP[\/%KL(ﬁ(~|s)H7T:*(.|s))]
1

> .
/(7 + 2Py (7 - ) log 12 4 |22 o)

Note that the above results hold for any v > 0 and any 7, we finish the proof by taking the maximum
over them.

The second inequality in Lem. can be proved similarly by applying Lem. with (7, 7) «
(w, 7). All the discussion are the same. ]
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Remark G.4. We provide some remarks about Lem. [G.3]

¢ Lem.[5.1]is a direct corollary of Eq. (23).

* Notably, Eq. has a different implication compared with Eq. that we follow in the
algorithm design in Sec.[5] More concretely, Eq. (22) suggests we should also disregard
those source policies that strongly dominate 7= when 7 is close to 7".. This makes sense
because those source policies may achieve high rewards or win rates by incurring a high KL
divergence with 7, ¢, and therefore, they may not provide good coverage for 7.

* However, in Alg.[3] we intentionally do not filter out but instead prioritize source policies
with exceptionally high win rates. Because they likely provide good coverage for high-
reward regions and can be advantageous for practical LLM training. Nonetheless, for
completeness, we bring this theory-practice gap into attention.

H USEFUL LEMMAS

Lemma H.1 (Convex Hull Fulfills Assump. . Given 11 satisfying Assump. E] conv(IT) also satisfies
Assump. [A]

Proof. The realizability condition is obviously. We verify Assump. @ Note that for any 7 € conv(II),
there exists A', ..., A" > O0and 7', .., 7™ € ILs.t. Y i  A' =land 7 = ) | A'z’, which implies,

m(als) "L 7w(als) R 7(als) "L 7i(als) R
Vs,a ———— = AN—— > exp(—=), ———— = AN—— <exp(=).
Wref(a|s) =1 7rref(a‘s) p( ﬁ) Wref(a|s) ; Wref(a‘s) p(ﬁ)
Therefore, conv(II) fulfills Assump. (II), which finishes the proof. L]

Lemma H.2 (MLE Guarantees; Adapated from Lemma C.6 in (Xie et al., [2024)). Consider a policy
class 11 satisfying Assump. B] and recall the reward class R converted by Eq. (). Given a dataset

D= {(si,ai,'di,yi,w’)}ig‘p‘ satisfying Cond.and any § € (0,1), wp. 1 =,

1 ~ - . 2
W € R o 3 Bt BB (s DB (. 0,)] < Llr) = Ln(r) + - 1og
i<|D|

1]
5

Proof. The proof is almost identical to Lemma C.6 in (Xie et al., 2024}, except we replace P, in
their paper by P,.. So we omit it here. Besides, note that our NLL loss is normalized, while (Xie et al.|

2024) consider unnormalized version. This results in the additional I%\ factor here.

Lemma H.3 (From reward error to Hellinger Distance). Given any policy m, any reward function
r with bounded value range [— R, R|, and another arbitrary T with positive support on S x A, we
have:

Eqmpamatioyamnctlsl|(1(s,.0) =1 (5.@)) = (r(s.a) = r(s.a) )

<8V /oI By a1 o) (B, (5,0, D) [P (5, 0,).

Proof. For any reward function r, we have:
|(Bonlr) = Bpiroec ) = (Epalr] = Eprclr]) |
SESNp,aN'/r(~|s),E~7rref(~|s) [| (T*(S, Cl) - T*(Sa Ad)) - <’I"(S, a) - T(S, a)) H

§462RESNP$G‘NW(,‘3)75Nﬁref(,‘s)[IO’(T‘*(S, a) —r*(s, a)) - O’(T(& a) — r(s,E)) ]
(Lem.[H.4] with C' = 2R)

—4e2 3 Vo) el —als)

7(als)

s,a,a
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: \/p(s)ﬂref(5|s)\/%(a|s)‘o(7"*(5, a) — r*(s,a)) f o(r(s, a) — r(s,ﬁ)) ‘

m2(als)

7(als)

§4€2R Z p(s)ﬂ'ref(a"s)

s,a,a

0<r*(5, a) — r*(s,&')) - a(r(s,a) - r(s,E)) ‘2]
(Cauchy—-Schwarz inequality)

O’(T*(S, a) — r*(s,E)) - cr(r(s, a) — r(s,E)) ‘2]
(24

\/]Esr'vp,afv%(-s)ﬁwﬂ'ref(-s) [

=4’V cov™IT - \/ Espan#(ls)ammec(1s)

Note that,
a(r*(s,a) — T*(S,E)) — a(r(s, a) — r(s,ﬁ)) ’2]

§8]E5~p,a~%(-\S),ENWref(-\S)H\/U(T*(Sv a) - 7’*(875)) - \/U(r(sva) - T(Saa))|2]
(z —y)* <4z +9)(Vz — 1))

Esnp,ani(ls)ammec(1s)|

S8E s p,ani(ls) ammeec (1) [H (Pr (|5, @, @) [P (|3, @, @))]. (25)
By plugging into Eq. (24)), we finish the proof. ]

Lemma H.4 (Sigmoid Function). Given x,y € [—C, C] for some C > 0,
[z —y| < dexp(C)lo(z) — o (y)]-

Proof. Without loss of generality, we assume x > y. Because o(-) is a monotonically increasing
function and it is continuous, we know there exists z € [y, z] s.t.

w =0'(2) = o(2)(1 — 0(2)) = 0(2)o(~2).
Because z,y € [—C,C], we have O’ﬁ*O) < o(z) < o(C). Note that the axis of symmetry of
function f(a) = a(l —a)is1/2and 5 — o(C) = o(—C) — 1. Therefore,

|z — y =ﬁla(x) —o(y)| < (14 exp(0))(1 4 exp(=C)) - |o(x) — o (y)|
<L2(1 +exp(C))|o(z) — o(y)| < 4exp(C)lo(x) — o(y)|

I EXPERIMENT DETAILS AND ADDITIONAL RESULTS

1.1 MAIN RESULT

In this section, we evaluate Alg. |3| on the summarization task using the XSum dataset (Narayan
et al., [2018). We consider T5 series models (Raffel et al., 2020) and choose T5-small (80M) as
the base model for fine-tuning. Human reward r* is simulated by the reward model (Dong et al.|
2024) distilled from Llama3-8B (Dubey et al., 2024). For the source rewards in transfer learning, we
consider a collection of imperfect reward models and LLM policies, including, (a) ROUGE-Lsum
score (Linl 2004), (b) BERTScore (Zhang et al.,2019), (c) T5-base (250M), (d) T5-large (770M). As
illustrated in Sec. for LLM policies (c) and (d), we treat their log-probability predictions on the
given prompt s and response a as the reward scores.

For Algp, we consider three instantiations: DPO (Rafailov et al.l 2024), IPO (Azar et al., 2024) and
XPO (Xie et al., [2024). To save space, we present and interpret the results with DPO as the choice
below and defer other experiment results and also the concrete setups to the next section.

Experiment Results and Interpretation We run Alg. [3|for ' = 3 iterations and compare its
performance with three baselines: (I) vanilla iterative-DPO without transfer learning (i.e., setting
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Without Purely Exploit  Purely Exploit
Transfer =~ ROUGE-Lsum T5-Large

Iter]1 521412 53.1+£1.1 49.5£0.9
Iter2 53.3+1.6 54.5+£1.3 49.1+04
Iter3 54.0+1.2 53.3£1.5 50.6 £0.3

Table 1: Win rates (%) of the policies trained by empirical TPO (Alg.[3) are competed with 3 baselines,
presented across 3 columns. Baseline (I): without transfer, i.e., iterative-DPO. Baseline (II): purely
utilizing ROUGE-LSum (the lowest-quality source task) in transfer learning. Baseline (III): purely
utilizing T5-Large (the highest-quality source task) in transfer learning. Results are averaged with 3
random seeds and 95% confidence levels are reported.

Algp = DPO and W = 0); (II) purely exploiting the worst source reward—ROUGE score; (III)
purely exploiting the best source reward—T5-large. Concretely, baseline (I) removes the transfer
learning component in Alg. by assigning 7" = 7k for all n € [N]. For baselines (IT) and (IIT), the
worst (ROUGE-LSum) and best (T5-Large) reward models from the candidates (a)-(d) are selected,
and pure transfer learning is then performed using the responses recommended by the chosen reward
models, i.e., 75" = mhw in Alg. [3|for the selected . Here the worst and best reward models are
selected based on the final policy value when aligning with the given reward model.

Table. [T]reports the win rates of the policies learned by Alg. [3|competing with the three baselines.
As shown in Column 1, comparing with normal online learning, our transfer strategy demonstrates
clear advantages. Furthermore, Column 2 and 3 suggest that, without prior knowledge of source tasks
quality, our method avoids being misled by low-quality tasks and achieves competitive performance
compared to exploiting the best reward candidate.

Notably, as suggested by the additional results in Appx. 7% improves over time and Py« (7%, =
7k ) for any w € [W] continuously decreases. In iteration 3, our empirical TPO automatically
switches back to online learning and avoids being restricted by the sub-optimality of source reward
models. In the end, it results in higher win rates than purely exploiting the best source reward model
T5-Large over 3 iterations.

1.2 DETAILS IN EXPERIMENT SETUP

Setup of »* Due to the high cost of collecting real human feedback, we use preferences generated
by Llama3-8B (Dubey et al.,[2024) to simulate the ground-truth human annotations. More concretely,
we adopt sfairXC/FsfairX-LLaMA3-RM-v0.1 (Dong et al.|[2024) as the true reward model
r*, which is distilled from meta-1lama/Meta-Llama—-3-8B-Instruct. This reward model
can be queried with prompt-response pairs and returns reward scores for each of them.

Best-of-N as an Approximation of 7., 'We recall that we consider 4 source tasks for transfer
learning, including, (a) ROUGE-Lsum score (Lin, 2004)), (b) BERTScore (Zhang et al.,|2019), (c)
T5-base (250M) Tpase, (d) T5-large (770M) Tigrge.

To reduce computational complexity, instead of explicitly training the optimal policies {7w } e
associated with each source reward model, we use Best-of-N (BoN) approach, a.k.a. rejection
sampling, to approximate the responses generated by 7.,. Specifically, we generate N°|responses
by the online learning policy 7%, in Alg. |3} rank them according to the reward model, and select the
top-ranked ones.

Furthermore, even for source LLM policies (3) and (4), we find that transferring from BoN-selected
responses generated by 7%, actually outperforms directly using the responses generated by T5-
base/large. We hypothesize that it is because the responses by T5-base/large usually have quite
low probability of being generated by the online learning policy, leading to a distribution shift that
complicates learning. In contrast, BoN-selected responses maintain non-trivial probability of being
sampled, without significant distributional mismatch.

>To distinguish with NV used to denote the block size in Alg.[3] we use N to denote the size of BoN.
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Next, we elaborate the BoN process with more details. In our experiment, we choose N = 32.
For source reward models (1) and (2), we generate N responses, and we compute the ROUGE-
Lsum/BERTScore between the generated response and the human-provided summary in XSum
dataset as the reward value. For source policies (3) and (4), motivated by the closed-form solution in
Eq. (2), given any prompt s and response a, we infer the log-probability of T5-base/large predicting
a given s as the reward score, i.e. 1og Tpase(a|s) or log e (a]s). In another word, we interpret
T5-base/large as the optimal policies fine-tuned from uniform distribution to align with some reward
models, which we treated as source rewards for transfer learning.

Training Details Our training setup is based on and adapted from (Xiong et al.l 2024; Xie et al.,
2024)). We run for 3 iterations (X = 3), and in each iteration, we sample a training dataset of size
10k (i.e., the block size N =10k). For each prompt, we collect 8 responses as follows. Firstly, we
generate N + 4 responses by the online learning policy 7% . The initial N responses are used for
Best-of-N (BoN) selection, where we choose a source reward model via the UCB strategy in Alg.[3]
and then pick the top 4 from N responses with the highest source rewards. These 4 responses are
merged with the remaining 4 responses and we get a total of 8 responses. After that, we query r* to
label the reward for those responses, and record the ones with the highest and lowest rewards to serve
as positive and negative samples for DPO training.

In contrast to the procedure presented in Alg. 3] we utilize 8 responses for each prompt. Therefore,
the win rates are computed in a relatively different way. Specially, we set 4™ = 1 if the response
achieving the highest reward comes from the 4 responses selected by the BoN step, and y*™ = 0
otherwise. The updates of the win rates estimation and the computation of UCB bonus terms align

with Alg. |3 l except that we set WR o = (.55 instead of 0.5. This adjustment establishes a hlgher
threshold for enabhng transfer learning, requiring source tasks to outperform the baseline policy 7%,
by a larger margin before being considered. We believe it enhances overall performance.

Regarding other hyperparameters during the training, the learning rate is 5e-5 with a cosine annealing
schedule. Training is conducted on 4 H-100 GPUs with total batch size 64. We set the constant parts

in the UCB bonus c,/log % = 1.0 in practice, considering the value range of win rates is [0, 1].

Evaluation Details During the evaluation phase, we randomly sample 10k prompts from
XSum test dataset without repetition. For each prompt, we generate one response for
each of the policies being compared, and query their reward values from r* (i.e., the
sfairXC/FsfairXx-LLaMA3-RM-vO0.1 reward model). The win rate is then estimated as the
frequency of that one policy generates a response with higher rewards than the other across the 10k
prompts.

1.3 ADDITIONAL EXPERIMENT RESULTS

Results under Other Choices for Algp, in Alg.[3] In the following, we report the results with two
alternative instaniations of Algp,: by optimizing the XPO loss (Xie et al.| 2024)) or the IPO loss (Azar
et al.,[2024). All the training setups are the same as the experiments where Algp, is DPO, except that
we choose a smaller learning rate 1e-5 for Algpy is IPO.

Remark 1.1. Different from DPO and IPO, XPO is an online algorithm itself and in their original
design, the pairs of online data are generated by an online exploration policy and another fixed base
policy, respectively. However, empirically, Xie et al.|(2024) follow the iterative-DPO and utilize the
same online learning policy to generate pairs of online data. This exactly aligns with the no transfer
baseline we compete with—instantiating Algp, with XPO in Alg. and setting W = 0, which we
refer as iterative-XPO in this paper.

Investigation on Source Task Selection Fig. 2|provides further investigations on the source task
selection process. For each iteration £ = 1, 2, 3, we count the number of tlmes that 7™ is occupied
by different transfer policies {7 }.,e[w] or the online 1earn1ng policy 7%, (i.e. w1th0ut transfer),
and prov1de the results on the top sub-figure in Fig. 2] Besides, in the bottom sub-figure, we report
the win rates P, (m = 7, ) for all m € {7 }wepw) U {mh; }. As illustrated, the UCB sub-routine
ef;ﬁcient]y explores and identify the source task with the highest win rates against the learning policy

Tor-
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Without Purely Exploit  Purely Exploit
Transfer =~ ROUGE-Lsum T5-Large

Iter1 523+1.0 504+£1.6 499+04
Iter2 552414 52.3+0.3 50.1+0.3
Iter3 553+1.1 51.8£0.5 50.3+£0.5

(a) IPO as Alg,, in Alg.

Without Purely Exploit  Purely Exploit
Transfer =~ ROUGE-Lsum T5-Large

Iter1 523+1.1 53.4+£0.8 50.2+£0.3
Iter2 51.6+1.3 54.7+£1.6 49.1+1.3
Iter3 522416 53.8+£2.9 49.2+1.1

(b) XPO as Algy, in Alg.[3]

Table 2: Similar to Table [l we report the win rates (%) of the policies trained by empirical TPO
(Alg. [3) competed with 3 baselines, presented across 3 columns. Baseline (I): without transfer, i.e.,
iterative-IPO or iterative-XPO. Baseline (I): purely utilizing ROUGE-LSum (the lowest-quality
source task) in transfer learning. Baseline (III): purely utilizing T5-Large (the highest-quality source
task) in transfer learning. Results are averaged with 3 random seeds and 95% confidence levels are
reported.

Notably, as the improvement of 7% over the three iterations, we can observe the transition from
transfer learning by leveraging high-quality source tasks to standard online learning. In other words,
our method can automatically switch back to online learning and avoid being restricted by source
reward models.
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Allocation of Transfer Policies

Iterl Iter2 Iter3

10k

5k 1

Win Rates

Iterl Iter2 Iter3

R B TB TL NT R B TB TL NT R B TB  TL NT

Figure 2: Deeper investigation on the source reward models selection process. We report the
allocation of transfer budgets on each source tasks averaged over 3 trials (top figure) and the win
rates P« (- = 7%, ) (bottom figure) for iterations k = 1,2, 3. Due to space limit, we use abbreviation
rather than the full name of source tasks. R, B, TB, TL and NT stand for ROUGE-Lsum, BERTScore,
T5-Base, T5-Large and No Transfer, respectively.
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