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Abstract

We study methods for efficiently aligning large language models (LLMs) with
human preferences given budgeted online feedback. We first formulate the LLM
alignment problem in the frame of contextual dueling bandits. This formulation,
subsuming recent paradigms such as online RLHF and online DPO, inherently
quests for sample-efficient algorithms that incorporate online active exploration.
Leveraging insights from bandit theory, we introduce a unified algorithm based on
Thompson sampling and highlight its applications in two distinct LLM alignment
scenarios. The practical agent that efficiently implements this algorithm, named
SEA (Sample-Efficient Alignment), is empirically validated through extensive ex-
periments across three model scales (1B, 2.8B, 6.9B) and three preference learning
algorithms (DPO, IPO, SLiC). The results demonstrate that SEA achieves highly
sample-efficient alignment with oracle’s preferences, outperforming recent active
exploration methods for LLMs. Additionally, we release the implementation of
SEA together with an efficient codebase designed for online alignment of LLMs,
aiming to accelerate future research in this field.
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Figure 1: Win rate comparison of model responses against reference responses on the TL;DR task, judged by
the preference oracle. All compared methods use the same optimization method (DPO). (Left) Performance
improvements at convergence over SFT models achieved by offline (Offline DPO), passively online (Online
DPO), and our active exploration (SEA DPO) methods. (Right) The number of queries required by the pas-
sively online method (Passive) versus that by different active exploration methods to attain various levels of
win rates. SEA achieves the best sample efficiency for online alignment compared to XPO and APL.

1 Introduction

LLMs have shown remarkable capabilities in various tasks, making it increasingly crucial to align
them with human values. Existing alignment approaches, typically formulated using RLHF [14, 58,
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5, 45], rely heavily on a huge amount of human annotations to provide preference feedback. As a
result, the availability of high-quality human annotations becomes a major bottleneck in practical
alignment scenarios. This poses a challenging and under-explored research question:

How to align LLMs sample-efficiently?

In this work, we formalize LLM alignment as a contextual dueling bandit (CDB) [77, 17] problem.
Within this formulation, we identified two scenarios in LLM alignment that correspond to two set-
tings in bandit problems: (1) Aligning LLMs online with real users’ feedback corresponds to the
Exploit & Explore (E&E) setting [51, 3] in bandits, where the learning algorithm should minimize
the cumulative regret (or cumulative loss), because the quality of every response to real users mat-
ters. See Figure 10 for an example where the ChatGTP system asks end users to give preference
feedback. (2) Aligning LLMs via crowdsourcing [] corresponds to the Best Arm Identification (BAI)
setting [9, 2] in bandits, where the learning objective is instead producing well-aligned LLMs with
the minimum labeling cost. Both settings quest for sample-efficient LLM alignment algorithms.

Leveraging algorithmic insights from bandit theory, we propose a unified alignment algorithm for the
above two settings based on Thompson sampling (TS) [63], which incorporates active exploration
during the online interaction between LLMs and humans to improve sample efficiency. We name
our method as SEA (Sample-Efficient Alignment). Through extensive experiments, SEA shows
strong empirical results (see Figure 1), consistently achieving higher win rates and improved sam-
ple efficiency compared to baseline approaches across three different model scales. Moreover, we
develop and open source a highly efficient, distributed learning system for studying online LLM
alignment methods (see Appendix F.1), eliminating barriers to empirical comparisons of different
algorithms.
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Figure 2: Illustrative comparison between CDB and LLM alignment.

2 LLM alignment as contextual dueling bandits

In this section, we formulate the problem of LLM alignment in the framework of Contextual Dueling
Bandits (CDB). We invite readers to Appendix A before proceeding for a review on CDB.

The problem of LLM alignment can be framed as a CDB with their correspondences illustrated
in Figure 2. Specifically, a text prompt (cf. context) x ∈ X is sampled from a prompt distribution
pX . Then, two distinct responses (cf. actions), y,y′ ∈ Y , are chosen by the agent, and presented to
human annotators (cf. the environment) for preference ranking. The winning and losing responses
are labeled as (y+,y−) based on a binary stochastic feedback z. The agent is expected to learn (or
so-called align with) human preferences from the interaction experiences D.

A standard assumption is that the human preference follows the Bradly-Terry (BT) model [8]:

P(y ≻ y′|x) = exp (r⋆(x,y))

exp (r⋆(x,y)) + exp (r⋆(x,y′))
= σ(r⋆(x,y)− r⋆(x,y′)), (1)

where σ is the sigmoid function and r⋆ encodes human’s implicit reward. With this assumption, the
regret of LLM alignment can be rewritten as Rt = r⋆(x,y⋆)− (r⋆(x,y) + r⋆(x,y′)) /2 [54, 35],
where y⋆ is the best response for prompt x given the oracle implicit reward, i.e., r⋆(x,y⋆) ≥
r⋆(x,y),∀y ∈ Y . The von Neumann winner policy is also redefined as

π⋆ ∈ argmax
π

J(π), where J(π) = E
x∼pX

E
y∼π(·|x)

[r⋆(x,y)] is the objective, (2)

by substituting Eq. (1) into Eq. (5) and maximizing PpC,P(π ≻ π⋆) towards 1/2. The two objec-
tives in bandits (in Appendix A) have their respective applications in LLM alignment, as we have
motivated in Section 1. We will present a unified algorithm in Section 3 that aligns LLMs in either
scenarios sample efficiently.
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Algorithm 1 Thompson sampling for LLM alignment (intractable).
Input: Prompt distribution pX , unknown but queryable preference oracle P.

1: Initialize experience D0 ← ∅.
2: for t = 1, . . . , T do
3: Receive a prompt xt ∼ pX .
4: Sample r ∼ pr(·|Dt−1) and set yt ← argmaxb∈Yr(xt, b). // Select 1st response y.

// E&E objective: aligning an online system.

5: repeat
Sample r ∼ pr(·|Dt−1) and set y′

t ← argmaxb∈Yr(xt, b). // Select 2nd response y′.

until y′
t ̸= yt

// BAI objective: labeling via crowdsourcing.

6: Set y′
t ← argmaxb∈YV [σ (r(xt,y)− r(xt, b))], // OR select 2nd response y′.

where V [·] computes variance over the posterior pr(·|Dt−1).
7: Query P to label {yt,y

′
t}, and update experience Dt ← Dt−1

⋃
{xt,y

+
t ,y−

t }.
8: end for

// See Algorithm 2 for a practical version.

Importantly, we also note that the CDB formulation of LLM alignment subsumes almost all prior
work, and we discuss them thoroughly in Appendix C

3 SEA: sample-efficient alignment for LLMs

3.1 Thompson sampling for LLM alignment

Thomson sampling (TS) typically samples responses according to the probability that they are opti-
mal. We refer readers who are unfamiliar with TS to Appendix B for a brief recap. In the context of
LLM alignment, we leverage the BT model assumption (Eq. (1)) to cast the preference oracle P into
the reward oracle r⋆, so that we can model the reward posterior p(r|D) similar as in conventional
bandits. Note that the LLM agent is fully described by the posterior p(r|D) in this context. We
take inspiration from prior work [69, 22], which only discusses non-contextual K-arm bandits and
preferential Bayesian optimization problems, and generalize them to the context of LLM alignment
and develop a unified algorithm as shown in Algorithm 1.

As Algorithm 1 presents, the first response of the duel is always selected via a typical TS step
(Line 4). The selection of the second response varies across different settings. Line 5 will be used for
scenarios where preference feedback is collected from online users (the E&E setting). The dueling
responses selected in this case will both try to maximize a sampled reward model, so that the online
user experience is warranted with best effort. However, such algorithm can have poor asymptotic
performance for BAI problems [52], because sub-optimal responses with confidently high rewards
might be tried for a long time at the expense of not exploring other potentially better responses. In
light of this, Line 6 provides an alternative for scenarios where we could hire annotators for feedback
and low-quality but exploratory responses are safe. Specifically, Line 6 selects the second response
as the one that maximizes the variance of the preference outcome (Eq. (1)) compared with the first
response y. This variance quantifies the epistemic uncertainty of the reward model, pointing the
agent to the maximally informative direction to explore.

However, Algorithm 1 is yet to be practical for LLM alignment for three main reasons. First, ex-
isting LLM agents [1, 64] typically consist in a generative model (e.g., a transformer [65]), while
the algorithm above is centered around a reward posterior that cannot be easily converted into a
generative model. Second, computing and sampling from a reward posterior is intractable for nearly
all reward models that can be used for LLMs, which are mostly based on large transformers [32].
Last but not least, even if we managed to approximate a reward posterior, the argmax operation for
action selection is also intractable since it requires searching over the entire response space Y which
is massive for language.

3.2 Practical implementation

We next introduce our practical implementation techniques that address the aforementioned prob-
lems. First, we conduct preference tuning directly from the agent’s exploratory on-policy experience

3



to improve the generative model πθ online. At time t, the loss of πθt is:

Lπ(θ
t|Bt, πref) = E(x,y+,y−)∼pBt

[
Fθt(x,y+,y−, πref)

]
, (3)

where Bt is a batch of preference data collected online by the online policy πθt (thus Bt is on-
policy), and F could be any Direct Alignment from Preferences (DAP) loss [23], such as DPO [48].
Importantly, this makes our method generally applicable to any DAP method that solves Eq. (2)
directly from preference data.

We adopt ensemble [31, 47] to implement a tractable reward posterior. In particular, we update a
set of reward models independently online using the preference data and a regularized negative log
likelihood loss:

LR(Φt|Dt) =

K∑
k=1

(
−E(x,y+,y−)∼pDt

[
log σ

(
rϕt

k

(
x,y+

)
− rϕt

k

(
x,y−))]− λ||ϕt

k − ϕ0
k||

)
,

(4)

where Φt = {ϕt
k}Kk=1 is the weights of the ensemble of size K, and λ controls the regularization

towards its initial weights ϕ0
k to retain the diversity across ensemble members [18]. In practice,

we train K MLP heads on top of a pretrained transformer. We refer to the ensemble as the Epis-
temic Reward Model (ERM, denoted as R), with which the posterior sampling simply amounts to
randomly picking a ϕk from Φ.

With the ERM approximating the reward posterior, we need to further approximate the argmax
operation in the TS algorithms to select dueling responses. To this end, for any prompt x, we
sample M responses from the online policy πθt(·|x) to construct a candidate set S = {yi}Mi=1, and
search for the local optimum within S. Intuitively, this Monte Carlo optimization is unbiased if S
uniformly covers Y (i.e., covering infinitely many possible responses). However, as we optimize
πθt online with oracle preference data, S is biased to contain responses with high oracle reward r⋆.
Bias towards high-r⋆ region is generally helpful because it aligns with argmaxb∈Yr(x, b) to seek
high-reward response. However, optimizing πθt only with oracle data averages out the epistemic
uncertainty of R, hindering the exploration efficiency. To mitigate this issue, we further align πθt

with the ERM using the same DAP method to encourage πθt to propose high-rϕt
k

responses for
individual rϕt

k
. In practice, we implement this by optimizing Eq. (3) over a mixture batch distribution

pBt
mix

= γpBt + (1 − γ)pBt
ERM

, where γ controls the mixture ratio and Bt
ERM = {xi, ỹ

+
i , ỹ

−
i }bi=1

consists of preference data labeled by randomly sampled individual ensemble members rϕt
k
, which

facilitates a better approximation of argmaxb∈Yr(x, b) for any sampled r. Interestingly, learning
from mixed preferences further boosts sample efficiency because it utilizes the internal ERM to get
pseudo labels instead of querying humans. This relates closely to model-based RL, for which we
discuss further in Appendix D. We summarize our practical algorithm (Algorithm 2) in Appendix E.

4 Experimental verification

We build a distributed learning system to facilitate a truly online LLM alignment experimentation
(instead of iterative training adopted by prior work [42, 16, 78, 71]). We conduct extensive exper-
iments with our learning system and fairly compare with baselines [48, 4, 79, 23] and prior work
on active exploration for LLMs [71, 42]. We also perform in-depth analysis of our method. Due
to the space constraint, we defer the details of our learning system, experiment configurations, and
empirical results to Appendices F and H.

5 Conclusion

In this paper, we study the problem of LLM alignment through the lens of contextual dueling bandits
and propose an algorithm based on Thompson sampling to align LLMs from preference feedback.
Through extensive empirical investigation, we validate the superior sample efficiency of our method
compared to existing baselines. To our knowledge, our work is the first to study active exploration
for online LLM alignment with true online experimental verification.
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[74] Fan Yang, Gabriel Barth-Maron, Piotr Stańczyk, Matthew Hoffman, Siqi Liu, Manuel Kroiss, Aedan
Pope, and Alban Rrustemi. Launchpad: A programming model for distributed machine learning research.
arXiv preprint arXiv:2106.04516, 2021.

[75] Keming Yang, Zichen Liu, and Philip Cheng. MOSEC: Model Serving made Efficient in the Cloud, 2021.
URL https://github.com/mosecorg/mosec.

[76] Tianhe Yu, Aviral Kumar, Rafael Rafailov, Aravind Rajeswaran, Sergey Levine, and Chelsea Finn.
Combo: Conservative offline model-based policy optimization. Advances in neural information pro-
cessing systems, 34:28954–28967, 2021.

[77] Yisong Yue, Josef Broder, Robert Kleinberg, and Thorsten Joachims. The k-armed dueling bandits prob-
lem. Journal of Computer and System Sciences, 78(5):1538–1556, 2012.

8

https://github.com/mosecorg/mosec


[78] Shenao Zhang, Donghan Yu, Hiteshi Sharma, Ziyi Yang, Shuohang Wang, Hany Hassan, and Zhaoran
Wang. Self-exploring language models: Active preference elicitation for online alignment. arXiv preprint
arXiv:2405.19332, 2024.

[79] Yao Zhao, Rishabh Joshi, Tianqi Liu, Misha Khalman, Mohammad Saleh, and Peter J Liu. Slic-hf:
Sequence likelihood calibration with human feedback. arXiv preprint arXiv:2305.10425, 2023.

[80] Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin,
Zhuohan Li, Dacheng Li, Eric Xing, et al. Judging llm-as-a-judge with mt-bench and chatbot arena.
Advances in Neural Information Processing Systems, 36:46595–46623, 2023.

9



A A brief review of contextual dueling bandits

Contextual dueling bandits (CDB) [77, 17] is proposed to study online learning problems where feedback
consists of relative pairwise comparisons. A CDB problem can be characterized by a tuple (C,A,P), where
C is the context space, A is the action space, and P : A × A × C 7→ [0, 1] denotes the unknown preference
model. An agent learns by iteratively interacting with the environment or oracle (i.e., the preference model P)
as follows. At each round t of the learning process, a context ct ∈ C is presented to the agent, who needs to
take two actions at,a

′
t ∈ A for a “dueling” comparison. The agent then receives stochastic feedback in the

form of a comparison result zt ∼ Ber (P (at ≻ a′
t|ct)) from the environment, where Ber(·) is the Bernoulli

distribution and ≻ denotes that the first action is preferred.

Regret. The quality of the dueling actions selected by the agent is measured by the immediate regret: Rt =
P(a⋆

t ≻ at|ct) + P(a⋆
t ≻ a′

t|ct) − 1, where a⋆
t is the best action1 the agent would take at round t if it had

complete knowledge of P. Intuitively, if the agent has learned how to act optimally from round t onwards, it
would no longer suffer any regret since its actions would be indistinguishable from the best action (P(a⋆

τ ≻
aτ |cτ ) = 1

2
and Rτ = 0 for τ ≥ t).

Optimal policy. A policy π ∈ ∆C
A

2 associates each context c ∈ C with a probability distribution π(·|c) ∈ ∆A
over the action space. The total preference of policy π over a policy µ given a context sampling distribution
pC ∈ ∆C and a preference model P is defined as

PpC ,P(π ≻ µ) = E
c∼pC

[
E

a∼π(·|c)
E

a′∼µ(·|c)

[
P(a ≻ a′|c)

]]
. (5)

We adopt the von Neumann winner [17] as the measure of optimality, which requires the optimal policy π⋆ to
satisfy that

∀π′ ∈ ∆C
A, PpC ,P(π

⋆ ≻ π′) ≥ 1

2
. (6)

In words, the von Neumann winner policy should beat or tie with every policy (i.e., is zero-regret) on average.

Learning objectives. The goal of bandit agents is to learn the optimal policy through environment interaction.
There are two subtypes of objectives that focus on different learning scenarios. The first type considers
the conventional explore and exploit (E&E) setting [51, 3], where the agent learns fully online and tries to
minimize the cumulative regret over T rounds:

∑T
t=1 Rt. The second type of objective concerns the best

arm identification (BAI) setting [9, 2], where the agent is only evaluated offline on its average performance,
possibly at any round (a.k.a., anytime regret), and tries to learn the optimal policy with minimum interaction.

B A brief recap on Thompson sampling

Thompson sampling (TS) [63] is widely adopted to solve bandit problems at scale due to its great efficiency and
strong empirical performance for general online learning problems [12, 53]. A bandit agent with Thompson
sampling typically maintains and incrementally updates a posterior distribution of the oracle reward model
pt(r|Dt) at each round given experienceDt. Meanwhile, the agent takes actions following a greedy policy with
respect to a sampled reward model: at = argmaxa rt(a) , where rt ∼ pt(·|Dt). This simple yet effective
algorithm balances exploration and exploitation naturally: when the agent has limited knowledge about the
environment, its posterior estimate exhibits high uncertainty so that the sampled greedy policy explores; after
gathering necessary experience, the sampled reward model may approximate the oracle well and deliver near
optimal policy to exploit.

C Prior work

Before moving on to discuss existing LLM alignment literature in the CDB framework, there is a need to align
terminologies used in the bandit context with commonly referred ones in the LLM community. Previously,
we use the word “agent” to denote everything except the environment, and refer to its behavior as a “policy”,
following a standard abstraction in RL [60, 61]. This, for example, applies to the definition of optimal policy
in Eq. (2). However, in LLM literature, a “policy” typically refers to the generative language model alone,
excluding components like reward models the agent might additionally build. To avoid confusion, from now
on we use πθt to denote the generative language model (policy) at time t, and rϕt to denote the (optional)
reward model learned from preference data Dt collected till time t. We will omit t when the time-indexing is
not important in the context.

1We assume that a best action a⋆ in the sense that P(a⋆ ≻ a|c) ≥ 1
2
,∀a ∈ A exists for all context c ∈ C.

2We denote by ∆C
A the set of all mappings C 7→ ∆A, where ∆A denotes the set of all probability distribu-

tions over A.
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Figure 3: Different paradigms for solving the LLM alignment problem in the CDB framework. Note that al-
though all paradigms follow the LLM alignment interface (Figure 2) with the interaction loop, some are actually
offline or iteratively online (i.e., loop only once or a few times). Detailed comparisons will be made in Ap-
pendix C. We use colors to denote learnable components, RL optimizer, direct optimizer, and active exploration.
rϕ denotes a point estimate of human’s implicit reward, whileRΦ refers to an uncertainty-aware reward model.

Commonly adopted RLHF pipelines [14, 58, 5, 45] learn reward models as the first step with a negative log-
likelihood loss:

Lr(ϕ|D) = −E(x,y+,y−)∼pD

[
log σ

(
rϕ
(
x,y+)− rϕ

(
x,y−))] , (7)

whereD is collected by querying human annotators using a behavior policy πref , which is typically obtained by
supervised fine-tuning. Afterwards, offline RL [33] is conducted with respect to the learned reward rϕ internally
within the agent in the CDB framework (Figure 3(a)). However, the learned model πθ might be inaccurate at
regions out of the distribution (o.o.d.) of πref because little training data can be collected. A typical remedy is
to incorporate a pessimistic objective to combat such distributional shift. To this end, we rewrite the objective
of von Neumann winner policy in Eq. (2) as

J(πθ) = E
x∼pX

E
y∼πθ(·|x)

[
rϕ(x,y)︸ ︷︷ ︸
estimated r⋆

− η log
πθ(y|x)
πref(y|x)︸ ︷︷ ︸

o.o.d. reward penalty

]
(8)

= E
x∼pX

[
E

y∼πθ(·|x)
[rϕ(x,y)]− ηDKL(πθ(·|x)||πref(·|x))

]
, (9)

which involves a KL penalty widely used for language model fintuning [27, 72]. PPO [57] as an RL optimizer
naturally suits Eq. (9) well due to its KL-regularized trust region policy update [56] and has been used widely.
Though effective in aligning LLMs with human values, RLHF is either performed with iterative interactions,
or with an offline dataset to learn the internal reward model, instead of with online interactions. Moreover,
Applying RL optimizer with the internal reward model is complex and requires many subtle tricks to stabilize
the training, limiting its broader application [25]. Direct alignment from preferences (DAP), introduced by
DPO [48], simplifies training by eliminating the need for an internal reward model (Figure 3(b)). However,
many early works following DPO either rely on offline datasets [4, 21, 70, 41] or engage in iterative interac-
tions [16]. OAIF [23] takes a step forward by enabling fully online learning, improving sample efficiency over
its offline and iterative counterparts. Nevertheless, these methods still employ passive exploration strategies.

A line of work [39, 15, 40, 19] adopts the bandit formulation and focuses on reward model learning, incorpo-
rating active exploration and online interactions (Figure 3(c)). They generate responses from a fixed policy,
πβ , and utilize a reward model to select the dueling responses. However, their performance is limited by the
sub-optimal sample efficiency due to the non-adaptive proposal distribution πβ . Built on recent OAIF [23],
several works have proposed to incorporate active exploration, either by adding an optimistic term in the loss
function [78, 71], or by actively selecting dueling responses using implicit rewards induced from DPO train-
ing [42]. Yet, these methods are tightly coupled with DPO and are not compatible with other direct optimizers.
Given their relevance to our approach, we will include comparisons with these methods in our experiments
when using DPO as the direct optimizer. We summarize the prior work in Appendix C.

D On connections with single-step RL

By viewing contextual dueling bandits as single-step preference-based RL (PbRL) [11, 68] problems, we can
interpret paradigms shown in Figure 3 from the RL perspective.

RLHF approaches (Figure 3a) are instances of offline model-based RL [29, 76, 55, 37, 62], where they learn
a reward model (no need for a transition model since the prompt-response interaction is single-step) of the
environment from a batch of offline collected data, and train a policy (i.e., LLM) to maximize the return (i.e.,
expected one-step reward) with respect to the learned reward.

In contrast, DAP methods (Figure 3b) are similar to policy-based model-free RL algorithms, e.g., REIN-
FORCE [67] which conducts policy gradient update:

Ex∼XEy∼πθ(·|x) [R(x,y)∇θ log πθ(y|x)] , (10)
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Table 1: A summary of prior work. πθ denotes the proposal policy that is continuously updated based on newly
collected preference data, while πβ denotes a fixed proposal policy. Algorithms that encompass online interac-
tion, active exploration, and learnable πθ offer the best sample efficiency. Notably, only three methods (listed
at the bottom of the table) satisfy these characteristics, and we include them for comparisons in our experiments.

Method Exploration Interaction Proposal Policy

Active Passive Online Iterative Offline πθ πβ

RL
Optimizer

[14] ✓ ✓ ✓ ✓
[58] ✓ ✓ ✓ ✓
[5] ✓ ✓ ✓ ✓

[45] ✓ ✓ ✓ ✓

Direct
Optimizer

[79] ✓ ✓ ✓
[48] ✓ ✓ ✓
[4] ✓ ✓ ✓

[41] ✓ ✓ ✓
[73] ✓ ✓ ✓
[23] ✓ ✓ ✓
[39] ✓ ✓ ✓
[15] ✓ ✓ ✓
[40] ✓ ✓ ✓
[19] ✓ ✓ ✓
[78] ✓ ✓ ✓
[71] ✓ ✓ ✓
[42] ✓ ✓ ✓

where R(x,y) is the return (i.e., cumulative reward) of the trajectory. To connect with DAP, we could set R as
arbitrary scalar values based on the binary preference outcomes, e.g., R(x,y+) = ζ and R(x,y−) = −ζ for
preference triplet {x,y+,y−}. In this way we could rewrite Eq. (10) as

Ex∼XEy,y′∼πθ(·|x)E(y+≻y−)∼P
[
ζ
(
∇θ log πθ(y

+|x)−∇θ log πθ(y
−|x)

)]
, (11)

by repeating action sampling twice and querying the oracle for preference labeling. This matches the gradient
direction of contrastive DAP losses (e.g., see Section 4 of DPO [48]) if we optimize them online [23].

Additionally, active reward learning from behavior policy’s data distribution (Figure 3c) can be regarded as
inverse RL [44], which tries to recover environment’s reward function given expert trajectories. In the context
of LLM alignment, the preference data {x,y+,y−}Ni=1 directly encodes human’s implicit reward r⋆, which
can be inversely learned with assumptions such as the BT model [8]. However, existing methods belonging to
this paradigm mostly rely on a fixed (and suboptimal) behavior policy for response sampling, whose coverage
inherently limits the quality of the recovered reward function.

Last but not least, SEA depicted in Figure 3d resembles a class of online model-based RL algorithms, known
as Dyna [59, 26], that learns a world model from environment experience and trains a base agent (consisting
of reactive policies and value functions) from both environment experience and model experience. Compared
to model-free methods, Dyna naturally enables more sample-efficient learning by planning with the learned
world model to update the base agent. In SEA, we learn the reward model online and update the LLM (i.e.,
the reactive policy) with model-planing experience by mixed preference learning (??). Online model-based
RL algorithms could suffer from catastrophic forgetting in the face of nonstationary data [38], and we leave it
for future work. Overall, this model-based RL formulation is powerful and explains popular LLM techniques,
e.g., Best-of-N sampling [64] can be viewed as planning for acting, which trades compute for performance.
We believe it is a promising path leading us to unlock superhuman capabilities of LLMs.

E Algorithm details

While Algorithm 1 presents our Thompson sampling algorithm for LLM alignment, it is intractable and
centered around the reward posterior modeling. We next present a practical sample-efficient alignment agent
that learns both an LLM policy and an epistemic reward model online in Algorithm 2.

In Algorithm 2, we describe an online setting where a single example is processed at each time t (batch size
b = 1). This is mainly for notational convenience, while in implementation we set b to be the training batch
size (e.g., 128). We instantiate the reward posterior with an epistemic reward model, which allows for efficient
incremental update and sampling. We also replace the global optimization (argmaxb∈Y ) with a policy-guided
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Algorithm 2 Sample-efficient alignment (SEA) for LLMs
Input: Reference policy πref , DAP loss function F , prompt distribution pX , unknown but queryable

preference oracle P, mixture ratio γ.
1: Initialize experience D0 ← ∅, policy πθ0 ← πref , and ERM weights Φ0 = {ϕ0

k}Kk=1 randomly.
2: for t = 1, . . . , T do
3: Receive a prompt xt ∼ pX .
4: Sample M responses yi

t ∼ πθt−1(·|xt) to construct St = {yi
t}Mi=1.

5: Sample ϕ ∼ Uniform(Φt−1) and set y ← argmaxb∈St
rϕ(xt, b). // Select 1st response y.

// E&E objective: aligning an online system.

6: repeat
Sample ϕ ∼ Uniform(Φt−1) and set y′ ← argmaxb∈St

rϕ(xt, b). // Select 2nd response y′.

until y′ ̸= y
// BAI objective: labeling via crowdsourcing.

7: Set y′ ← argmaxb∈St Vϕ [σ (rϕ(xt,y)− rϕ(xt, b))], // OR select 2nd response y′.

where Vϕ [·] computes variance across ensemble members of Φt−1.
8: if g < γ for g ∼ Uniform(0, 1) then

Label {y,y′} with P to obtain Bt = {xt,y
+
t ,y−

t } and update experience Dt ← Dt−1

⋃
Bt.

else
UseRΦt−1 to get synthetic labels and obtain Bt = {xi, ỹ

+
i , ỹ−

i }.
end if

9: Update ERM with the regularized NLL loss (Eq. (4)):

Φt ← Φt−1 − αR∇ΦLR(Φt−1|Dt).

// Reward learning.

10: Update policy with the direct optimizer (Eq. (3)):

θt ← θt−1 − απ∇θLπ(θ
t−1|Bt, πref , F ).

// Policy learning.

11: end for

local search among proposals sampled from the latest online policy πθt−1 . At each time t, we update ERM
weights Φ with m randomly sampled batches from the experience Dt. We find setting m = 5 suffices to
achieve reasonable accuracy. The policy parameters θ are updated using mixed preference data, with proportion
γ being the real environment experience and (1 − γ) from the ERM’s synthetic experience. Note that the
synthetic experience is not added intoDt to ensure reward learning always uses ground truth environment data.

We consider the following three direct optimizers in our experiments:

• DPO [48]:

Fθ(x,y
+,y−, πref) = − log σ

(
β log

πθ

(
y+|x

)
πref

(
y−|x

)
πref (y+|x)πθ (y−|x)

)
(12)

• IPO [4]:

Fθ(x,y
+,y−, πref) =

(
log

(
πθ

(
y+|x

)
πref

(
y−|x

)
πref (y+|x)πθ (y−|x)

)
− 1

2β

)2

(13)

• SLiC [79]:

Fθ(x,y
+,y−, πref) = max

(
0, 1− β log

πθ

(
y+|x

)
πref

(
y−|x

)
πref (y+|x)πθ (y−|x)

)
(14)

where β controls the rate of deviation of πθ from πref .

F Experimentation setup

In this section we elaborate the experimentation setup we employ to validate our algorithm and fairly compare
to other online alignment baselines. We start by introducing the distributed learning system3 we build for
experimenting online LLM alignment with simulated preference oracle (Appendix F.1), then provide all the
experiment details including models, data and performance metrics, etc. (Appendix F.2).

3We will open-source the codebase after the reviewing process.
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F.1 Distributed learning system

The interactive nature of LLM alignment necessitates an integrated online learning system that simulates the
interface depicted on the right of Figure 2. The absence of a performant open-source online alignment system
has restricted many existing works to only a few iterations of batch learning [42, 16, 13, 78, 71], which creates
a mismatch with their theories that typically require a large number of online interaction rounds. Even worse,
such absence also makes the comparison between different LLM exploration methods difficult, often restricting
evaluations to the simplest iterative DAP baselines [78, 71].

Learner
Workers

Learner
Master

DeepSpeed

Actors

vLLM

Oracle
RM
Mosec

Par
am
ete
rs
Query

Experience

Experience

Figure 4: The learning system
for experimenting online LLM
alignment algorithms.

To fill this gap, we build a highly efficient learning system for experiment-
ing with online LLM alignment algorithms. We notice that the computa-
tional bottleneck lies in online response sampling (i.e., autoregressive gen-
eration) and preference labeling (e.g., human, large RMs, or large LLMs),
which mirrors the slow actor-environment interaction seen in RL systems.
Inspired by distributed deep RL systems which spawn many actors or en-
vironments in parallel [20, 66], we design an Actor-Learner-Oracle archi-
tecture for online LLM alignment, which is depicted in Figure 4. The three
types of workloads (i.e., actor, learner and oracle) are heterogeneous and
require different optimization. In particular, we adopt vLLM [30] for the
actor to accelerate the autoregressive response generation. We also use
DeepSpeed’s ZeRO [50, 49] strategies to enhance the memory efficiency
of the learner. The updated model weights are broadcasted from the learner
master to all actors after every optimizer step efficiently via NCCL, similar
to Hu et al. [24]. Furthermore, to improve the scalability, we wrap the oracle RM as a service using Mosec [75],
which supports dynamic batching and parallel processing, to minimize preference query latency. Finally, we
leverage DeepMind Launchpad [74] to compose all workloads into a distributed program and adopt Plasma [46]
to efficiently transfer data across process boundaries.

We benchmark our system’s efficiency against a concurrent implementation of online DPO by HuggingFace4,
which utilizes only DeepSpeed for memory optimization. Our system achieves up to 2.5× latency reduction
compared to this counterpart, demonstrating its computational efficiency. Detailed benchmarking methods and
results are presented in Appendix G. Our codebase, oat (online alignment), along with the implementation
of SEA, is open-sourced at https://github.com/sail-sg/oat to accelerate future research in online LLM
alignment.

F.2 Experiment details

Models. We experiment three model scales (1B, 2.8B, 6.9B) from the Pythia family [7]. We take pretrained
SFT models from [25] as πref for the initial model all experiments.

Reward oracle. We simulate the process of human feedback with a strong scalar reward model and refer it
as reward oracle. We choose Skywork-Reward-Llama-3.1-8B5 [36], which is top-ranked in RewardBench
leaderboard [32], as the reward oracle.

Epistemic reward model. We build ERM on top of a pretrained 0.4B transformer [28], by removing its head
and adding an ensemble of MLPs. The size of ensemble is set to 20, and all MLPs contain 2 hidden layers of
128 nodes. Note that the ERM is chosen to be much smaller than the reward oracle following prior work [19],
which reflects the fact that human preference may be more complex than what the agent can model.

Data. We employ the widely adopted TL;DR dataset [58] for our experiments. It consists of Reddit posts as
prompts, and the agent is required to give summaries that align with human preferences. We fix 50k prompts
for training and limit the query budget to 50k as well.

DAP methods. We adopt three DAP methods to thoroughly validate our algorithm, including DPO [48],
IPO [4] and SLiC [79].

Baselines. We include the offline and online variants of different DAP methods as baselines, which are studied
by [23]. Additionally, we compare with two active exploration baselines built on online DPO: APL [42] and
XPO [71]. We omit the comparison with SELM [78] since SELM and XPO share a very similar algorithmic
design.

Metrics. We use the win rate of agent’s responses against reference responses judged by the reward oracle as the
performance metric. This metric can reflect both the agent’s cumulative regret and anytime regret (i.e., average
performance). In the E&E setting, we measure the “online” win rate of the agent’s dueling responses that are
executed during experience collection. In the BAI setting, we measure the “offline” win rate by evaluating

4https://huggingface.co/docs/trl/main/en/online_dpo_trainer.
5https://huggingface.co/Skywork/Skywork-Reward-Llama-3.1-8B.
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the agent’s responses given a fixed set of holdout prompts periodically. We mainly focus on the BAI setting
because crowdsourcing seems a major scenario for most practitioners, and present one set of experiments for
comparing different exploration strategies in both settings. When the comparison is only made within a model
scale, we report the relative win rate against the initial STF models. When the comparison is across scales
(Figure 1 Left), we report the absolute win rate against the ground truth responses in the dataset.

Hyperparameters. We set β = 0.1 for DPO and β = 0.2 for SLiC and find they are robust for all scales. We
tune β from {0.2, 0.3, 0.5, 1.0} for IPO across scales and report the best performing results. We sample 20
on-policy responses with a temperature of 0.7 during training, and use greedy decoding for offline evaluation
(BAI’s metric). We use the Adam optimizer with learning rate of 5e − 7 and cosine scheduling. We initialize
the mixture ratio γ of SEA as 1 and adjust it to 0.7 after a burn-in period of 1k samples. We follow the
recommended hyperparameters of APL and XPO from their papers.

Statistical significance. There are various factors to introduce randomness during online learning. We thus
launch 3 independent runs for every experiment with different random seeds. All the results are reported along
with standard errors indicating their statistical significance.

Computational resources. Experiments for all scales can be run on 8 A100 GPUs for learner and actors. We
host a separate remote server on 16 A100 GPUs for the oracle reward model, so that it can be queried by all
concurrently running experiments. All experiments conducted for this research consume about 2 A100 years.

G System benchmarking

We conduct a rigorous benchmarking comparison on the efficiency of online DPO training using our learning
system oat6, alongside the trl’s implementation7.

Settings. In alignment with the examples provided by trl, we use the TL;DR [58] dataset and evaluate training
efficiency at three model scales: 1B, 2.8B and 6.9B parameters for both SFT-ed LLMs and exclusively trained
RMs. This is similar to the settings in our experiments (see ??) except that we fix the reward oracle to be a
strong general-purpose RM.

Hardware & Software. All benchmarking experiments are conducted on a single machine with eight A100-
40G GPUs and 96 AMD EPYC 7352 CPUs. To ensure fair comparison, we align all key hyperparameters
for both oat and trl. The DeepSpeed ZeRO-2 strategy is employed by default when GPU memory suffices;
otherwise, ZeRO-3 or ZeRO-2-offload is utilized as applicable. Notably, the distributed architecture of oat
provides flexibility in system configuration, enabling adjustments to accommodate memory and computational
time constraints. Figure 5 illustrates two example configurations employed in our benchmarking experiments.

• Config 1 collocates all three workloads on each of the GPUs. Specifically, eight vLLM instances
(for actors) and eight Mosec workers (for oracle RMs) are spawned to run independently on each
GPU. After a batch of responses is generated (by actors) and labeled (by oracle RMs), it is sent to
the learner, which runs on all eight GPUs coordinated through ZeRO strategies for policy learning.
The updated policy weights are then broadcasted to all actors for on-policy response sampling on
subsequent prompt batch. While this configuration maximizes GPU utilization, it requires substantial
GPU memory to accommodate all workloads and is thus employed only for 1B scale experiments.

• Config 2 only collocates actor and oracle workloads on half of the GPUs, reserving the remaining
four GPUs exclusively for the learner. This is suited for larger-scale experiments (e.g., 2.8B or 6.9B),
where additional GPU memory is allocated to the learner. However, this setup incurs idle time on
half of the GPUs due to data dependency, as the learner must await new preference data, and the
actor must await updated policies. An alternative is to implement asynchronous data collection,
where minor data staleness is allowed by using θt−1 to generate data for updating θt+1. Although
this data would not be strictly on-policy, asynchronous training could reduce idle time and enhance
GPU utilization. This approach has proven effective in large-scale RL systems [6], and we leave this
optimization to future work.

We provide all benchmarking scripts in our codebase8 for reproducibility.

Results. Benchmarking results for the latency of training a batch of 128 samples are presented in Figure 6.
Overall, training with oat config 2 demonstrates consistently greater efficiency than trl, achieving up to a
2.5× reduction in latency at the 2.8B scale.

We next analyze the time costs for individual stages: generate, oracle and learn. Across all scales and configu-
rations, oat demonstrates significantly lower generate time than trl, due to distributed actors utilizing vLLM.

6https://github.com/sail-sg/oat.
7https://github.com/huggingface/trl/blob/main/trl/trainer/online_dpo_trainer.py.
8https://github.com/sail-sg/oat/tree/main/benchmark.
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✓0

<latexit sha1_base64="GK3cpPJ0jsv+oH0AR7yF0kKDqZ0=">AAAB9nicZVDLSgMxFM34rPVVdekmWAQXpcxIUZdFNy4r2Ae2Q8mkmTY0yQzJHbEM8xdu7U7c+jfi35i2s7DtgZDDyb03554gFtyA6/46G5tb2zu7hb3i/sHh0XHp5LRlokRT1qSRiHQnIIYJrlgTOAjWiTUjMhCsHYwfZu/tV6YNj9QzTGLmSzJUPOSUgJVeejBiQPqpm/VLZbfqzoHXiZeTMsrR6Jd+eoOIJpIpoIIY0/XcGPyUaOBUsKzYSwyLCR2TIetaqohkxk/njjN8aZUBDiNtjwI8V/93pEQaM5GBrZQERmZ5GoR3fspVnABTdDEsTASGCM9WxAOuGQUxsYRQza0fTEdEEwo2iNVfZuMr9p75MJVAZkWbhLe69zppXVe9m2rtqVau3+eZFNA5ukBXyEO3qI4eUQM1EUUKvaMPNHXenKnz6XwtSjecvOcMLcH5/gM7HZMu</latexit>

✓0

<latexit sha1_base64="BCm6u8VhZJJiYE2iZSVbQTfufg8=">AAAB9nicZVDLSgMxFM34rPVVdekmWAQXpcxIUZdFNy4r2Ae2Q8mkmTY0yQzJHbEM8xdu7U7c+jfi35i2s7DtgZDDyb03554gFtyA6/46G5tb2zu7hb3i/sHh0XHp5LRlokRT1qSRiHQnIIYJrlgTOAjWiTUjMhCsHYwfZu/tV6YNj9QzTGLmSzJUPOSUgJVeejBiQPqpl/VLZbfqzoHXiZeTMsrR6Jd+eoOIJpIpoIIY0/XcGPyUaOBUsKzYSwyLCR2TIetaqohkxk/njjN8aZUBDiNtjwI8V/93pEQaM5GBrZQERmZ5GoR3fspVnABTdDEsTASGCM9WxAOuGQUxsYRQza0fTEdEEwo2iNVfZuMr9p75MJVAZkWbhLe69zppXVe9m2rtqVau3+eZFNA5ukBXyEO3qI4eUQM1EUUKvaMPNHXenKnz6XwtSjecvOcMLcH5/gM8p5Mv</latexit>

✓1

<latexit sha1_base64="BCm6u8VhZJJiYE2iZSVbQTfufg8=">AAAB9nicZVDLSgMxFM34rPVVdekmWAQXpcxIUZdFNy4r2Ae2Q8mkmTY0yQzJHbEM8xdu7U7c+jfi35i2s7DtgZDDyb03554gFtyA6/46G5tb2zu7hb3i/sHh0XHp5LRlokRT1qSRiHQnIIYJrlgTOAjWiTUjMhCsHYwfZu/tV6YNj9QzTGLmSzJUPOSUgJVeejBiQPqpl/VLZbfqzoHXiZeTMsrR6Jd+eoOIJpIpoIIY0/XcGPyUaOBUsKzYSwyLCR2TIetaqohkxk/njjN8aZUBDiNtjwI8V/93pEQaM5GBrZQERmZ5GoR3fspVnABTdDEsTASGCM9WxAOuGQUxsYRQza0fTEdEEwo2iNVfZuMr9p75MJVAZkWbhLe69zppXVe9m2rtqVau3+eZFNA5ukBXyEO3qI4eUQM1EUUKvaMPNHXenKnz6XwtSjecvOcMLcH5/gM8p5Mv</latexit>

✓1

<latexit sha1_base64="BCm6u8VhZJJiYE2iZSVbQTfufg8=">AAAB9nicZVDLSgMxFM34rPVVdekmWAQXpcxIUZdFNy4r2Ae2Q8mkmTY0yQzJHbEM8xdu7U7c+jfi35i2s7DtgZDDyb03554gFtyA6/46G5tb2zu7hb3i/sHh0XHp5LRlokRT1qSRiHQnIIYJrlgTOAjWiTUjMhCsHYwfZu/tV6YNj9QzTGLmSzJUPOSUgJVeejBiQPqpl/VLZbfqzoHXiZeTMsrR6Jd+eoOIJpIpoIIY0/XcGPyUaOBUsKzYSwyLCR2TIetaqohkxk/njjN8aZUBDiNtjwI8V/93pEQaM5GBrZQERmZ5GoR3fspVnABTdDEsTASGCM9WxAOuGQUxsYRQza0fTEdEEwo2iNVfZuMr9p75MJVAZkWbhLe69zppXVe9m2rtqVau3+eZFNA5ukBXyEO3qI4eUQM1EUUKvaMPNHXenKnz6XwtSjecvOcMLcH5/gM8p5Mv</latexit>

✓1

<latexit sha1_base64="BCm6u8VhZJJiYE2iZSVbQTfufg8=">AAAB9nicZVDLSgMxFM34rPVVdekmWAQXpcxIUZdFNy4r2Ae2Q8mkmTY0yQzJHbEM8xdu7U7c+jfi35i2s7DtgZDDyb03554gFtyA6/46G5tb2zu7hb3i/sHh0XHp5LRlokRT1qSRiHQnIIYJrlgTOAjWiTUjMhCsHYwfZu/tV6YNj9QzTGLmSzJUPOSUgJVeejBiQPqpl/VLZbfqzoHXiZeTMsrR6Jd+eoOIJpIpoIIY0/XcGPyUaOBUsKzYSwyLCR2TIetaqohkxk/njjN8aZUBDiNtjwI8V/93pEQaM5GBrZQERmZ5GoR3fspVnABTdDEsTASGCM9WxAOuGQUxsYRQza0fTEdEEwo2iNVfZuMr9p75MJVAZkWbhLe69zppXVe9m2rtqVau3+eZFNA5ukBXyEO3qI4eUQM1EUUKvaMPNHXenKnz6XwtSjecvOcMLcH5/gM8p5Mv</latexit>

✓1

<latexit sha1_base64="BCm6u8VhZJJiYE2iZSVbQTfufg8=">AAAB9nicZVDLSgMxFM34rPVVdekmWAQXpcxIUZdFNy4r2Ae2Q8mkmTY0yQzJHbEM8xdu7U7c+jfi35i2s7DtgZDDyb03554gFtyA6/46G5tb2zu7hb3i/sHh0XHp5LRlokRT1qSRiHQnIIYJrlgTOAjWiTUjMhCsHYwfZu/tV6YNj9QzTGLmSzJUPOSUgJVeejBiQPqpl/VLZbfqzoHXiZeTMsrR6Jd+eoOIJpIpoIIY0/XcGPyUaOBUsKzYSwyLCR2TIetaqohkxk/njjN8aZUBDiNtjwI8V/93pEQaM5GBrZQERmZ5GoR3fspVnABTdDEsTASGCM9WxAOuGQUxsYRQza0fTEdEEwo2iNVfZuMr9p75MJVAZkWbhLe69zppXVe9m2rtqVau3+eZFNA5ukBXyEO3qI4eUQM1EUUKvaMPNHXenKnz6XwtSjecvOcMLcH5/gM8p5Mv</latexit>

✓1

<latexit sha1_base64="BCm6u8VhZJJiYE2iZSVbQTfufg8=">AAAB9nicZVDLSgMxFM34rPVVdekmWAQXpcxIUZdFNy4r2Ae2Q8mkmTY0yQzJHbEM8xdu7U7c+jfi35i2s7DtgZDDyb03554gFtyA6/46G5tb2zu7hb3i/sHh0XHp5LRlokRT1qSRiHQnIIYJrlgTOAjWiTUjMhCsHYwfZu/tV6YNj9QzTGLmSzJUPOSUgJVeejBiQPqpl/VLZbfqzoHXiZeTMsrR6Jd+eoOIJpIpoIIY0/XcGPyUaOBUsKzYSwyLCR2TIetaqohkxk/njjN8aZUBDiNtjwI8V/93pEQaM5GBrZQERmZ5GoR3fspVnABTdDEsTASGCM9WxAOuGQUxsYRQza0fTEdEEwo2iNVfZuMr9p75MJVAZkWbhLe69zppXVe9m2rtqVau3+eZFNA5ukBXyEO3qI4eUQM1EUUKvaMPNHXenKnz6XwtSjecvOcMLcH5/gM8p5Mv</latexit>

✓1

<latexit sha1_base64="BCm6u8VhZJJiYE2iZSVbQTfufg8=">AAAB9nicZVDLSgMxFM34rPVVdekmWAQXpcxIUZdFNy4r2Ae2Q8mkmTY0yQzJHbEM8xdu7U7c+jfi35i2s7DtgZDDyb03554gFtyA6/46G5tb2zu7hb3i/sHh0XHp5LRlokRT1qSRiHQnIIYJrlgTOAjWiTUjMhCsHYwfZu/tV6YNj9QzTGLmSzJUPOSUgJVeejBiQPqpl/VLZbfqzoHXiZeTMsrR6Jd+eoOIJpIpoIIY0/XcGPyUaOBUsKzYSwyLCR2TIetaqohkxk/njjN8aZUBDiNtjwI8V/93pEQaM5GBrZQERmZ5GoR3fspVnABTdDEsTASGCM9WxAOuGQUxsYRQza0fTEdEEwo2iNVfZuMr9p75MJVAZkWbhLe69zppXVe9m2rtqVau3+eZFNA5ukBXyEO3qI4eUQM1EUUKvaMPNHXenKnz6XwtSjecvOcMLcH5/gM8p5Mv</latexit>

✓1

<latexit sha1_base64="BCm6u8VhZJJiYE2iZSVbQTfufg8=">AAAB9nicZVDLSgMxFM34rPVVdekmWAQXpcxIUZdFNy4r2Ae2Q8mkmTY0yQzJHbEM8xdu7U7c+jfi35i2s7DtgZDDyb03554gFtyA6/46G5tb2zu7hb3i/sHh0XHp5LRlokRT1qSRiHQnIIYJrlgTOAjWiTUjMhCsHYwfZu/tV6YNj9QzTGLmSzJUPOSUgJVeejBiQPqpl/VLZbfqzoHXiZeTMsrR6Jd+eoOIJpIpoIIY0/XcGPyUaOBUsKzYSwyLCR2TIetaqohkxk/njjN8aZUBDiNtjwI8V/93pEQaM5GBrZQERmZ5GoR3fspVnABTdDEsTASGCM9WxAOuGQUxsYRQza0fTEdEEwo2iNVfZuMr9p75MJVAZkWbhLe69zppXVe9m2rtqVau3+eZFNA5ukBXyEO3qI4eUQM1EUUKvaMPNHXenKnz6XwtSjecvOcMLcH5/gM8p5Mv</latexit>

✓1

<latexit sha1_base64="BCm6u8VhZJJiYE2iZSVbQTfufg8=">AAAB9nicZVDLSgMxFM34rPVVdekmWAQXpcxIUZdFNy4r2Ae2Q8mkmTY0yQzJHbEM8xdu7U7c+jfi35i2s7DtgZDDyb03554gFtyA6/46G5tb2zu7hb3i/sHh0XHp5LRlokRT1qSRiHQnIIYJrlgTOAjWiTUjMhCsHYwfZu/tV6YNj9QzTGLmSzJUPOSUgJVeejBiQPqpl/VLZbfqzoHXiZeTMsrR6Jd+eoOIJpIpoIIY0/XcGPyUaOBUsKzYSwyLCR2TIetaqohkxk/njjN8aZUBDiNtjwI8V/93pEQaM5GBrZQERmZ5GoR3fspVnABTdDEsTASGCM9WxAOuGQUxsYRQza0fTEdEEwo2iNVfZuMr9p75MJVAZkWbhLe69zppXVe9m2rtqVau3+eZFNA5ukBXyEO3qI4eUQM1EUUKvaMPNHXenKnz6XwtSjecvOcMLcH5/gM8p5Mv</latexit>

✓1

<latexit sha1_base64="UOa6mofgFsG6nF36th/hqh73I2c=">AAAB9nicZVDLTgIxFO3gC/GFunTTSExcEDJDiLokunGJiTwiTEindKCh05m0d4xkMn/hVnbGrX9j/Bs7MAuBkzQ9Ob339tzjRYJrsO1fq7C1vbO7V9wvHRweHZ+UT886OowVZW0ailD1PKKZ4JK1gYNgvUgxEniCdb3pQ/befWVK81A+wyxibkDGkvucEjDSywAmDMgwqafDcsWu2QvgTeLkpIJytIbln8EopHHAJFBBtO47dgRuQhRwKlhaGsSaRYROyZj1DZUkYNpNFo5TfGWUEfZDZY4EvFD/dyQk0HoWeKYyIDDRq9PAv3MTLqMYmKTLYX4sMIQ4WxGPuGIUxMwQQhU3fjCdEEUomCDWf8nGV82d+dBVL0hLJglnfe9N0qnXnJta46lRad7nmRTRBbpE18hBt6iJHlELtRFFEr2jDzS33qy59Wl9LUsLVt5zjlZgff8BPjGTMA==</latexit>

✓2

<latexit sha1_base64="BCm6u8VhZJJiYE2iZSVbQTfufg8=">AAAB9nicZVDLSgMxFM34rPVVdekmWAQXpcxIUZdFNy4r2Ae2Q8mkmTY0yQzJHbEM8xdu7U7c+jfi35i2s7DtgZDDyb03554gFtyA6/46G5tb2zu7hb3i/sHh0XHp5LRlokRT1qSRiHQnIIYJrlgTOAjWiTUjMhCsHYwfZu/tV6YNj9QzTGLmSzJUPOSUgJVeejBiQPqpl/VLZbfqzoHXiZeTMsrR6Jd+eoOIJpIpoIIY0/XcGPyUaOBUsKzYSwyLCR2TIetaqohkxk/njjN8aZUBDiNtjwI8V/93pEQaM5GBrZQERmZ5GoR3fspVnABTdDEsTASGCM9WxAOuGQUxsYRQza0fTEdEEwo2iNVfZuMr9p75MJVAZkWbhLe69zppXVe9m2rtqVau3+eZFNA5ukBXyEO3qI4eUQM1EUUKvaMPNHXenKnz6XwtSjecvOcMLcH5/gM8p5Mv</latexit>

✓1

<latexit sha1_base64="UOa6mofgFsG6nF36th/hqh73I2c=">AAAB9nicZVDLTgIxFO3gC/GFunTTSExcEDJDiLokunGJiTwiTEindKCh05m0d4xkMn/hVnbGrX9j/Bs7MAuBkzQ9Ob339tzjRYJrsO1fq7C1vbO7V9wvHRweHZ+UT886OowVZW0ailD1PKKZ4JK1gYNgvUgxEniCdb3pQ/befWVK81A+wyxibkDGkvucEjDSywAmDMgwqafDcsWu2QvgTeLkpIJytIbln8EopHHAJFBBtO47dgRuQhRwKlhaGsSaRYROyZj1DZUkYNpNFo5TfGWUEfZDZY4EvFD/dyQk0HoWeKYyIDDRq9PAv3MTLqMYmKTLYX4sMIQ4WxGPuGIUxMwQQhU3fjCdEEUomCDWf8nGV82d+dBVL0hLJglnfe9N0qnXnJta46lRad7nmRTRBbpE18hBt6iJHlELtRFFEr2jDzS33qy59Wl9LUsLVt5zjlZgff8BPjGTMA==</latexit>

✓2

<latexit sha1_base64="UOa6mofgFsG6nF36th/hqh73I2c=">AAAB9nicZVDLTgIxFO3gC/GFunTTSExcEDJDiLokunGJiTwiTEindKCh05m0d4xkMn/hVnbGrX9j/Bs7MAuBkzQ9Ob339tzjRYJrsO1fq7C1vbO7V9wvHRweHZ+UT886OowVZW0ailD1PKKZ4JK1gYNgvUgxEniCdb3pQ/befWVK81A+wyxibkDGkvucEjDSywAmDMgwqafDcsWu2QvgTeLkpIJytIbln8EopHHAJFBBtO47dgRuQhRwKlhaGsSaRYROyZj1DZUkYNpNFo5TfGWUEfZDZY4EvFD/dyQk0HoWeKYyIDDRq9PAv3MTLqMYmKTLYX4sMIQ4WxGPuGIUxMwQQhU3fjCdEEUomCDWf8nGV82d+dBVL0hLJglnfe9N0qnXnJta46lRad7nmRTRBbpE18hBt6iJHlELtRFFEr2jDzS33qy59Wl9LUsLVt5zjlZgff8BPjGTMA==</latexit>

✓2
<latexit sha1_base64="UOa6mofgFsG6nF36th/hqh73I2c=">AAAB9nicZVDLTgIxFO3gC/GFunTTSExcEDJDiLokunGJiTwiTEindKCh05m0d4xkMn/hVnbGrX9j/Bs7MAuBkzQ9Ob339tzjRYJrsO1fq7C1vbO7V9wvHRweHZ+UT886OowVZW0ailD1PKKZ4JK1gYNgvUgxEniCdb3pQ/befWVK81A+wyxibkDGkvucEjDSywAmDMgwqafDcsWu2QvgTeLkpIJytIbln8EopHHAJFBBtO47dgRuQhRwKlhaGsSaRYROyZj1DZUkYNpNFo5TfGWUEfZDZY4EvFD/dyQk0HoWeKYyIDDRq9PAv3MTLqMYmKTLYX4sMIQ4WxGPuGIUxMwQQhU3fjCdEEUomCDWf8nGV82d+dBVL0hLJglnfe9N0qnXnJta46lRad7nmRTRBbpE18hBt6iJHlELtRFFEr2jDzS33qy59Wl9LUsLVt5zjlZgff8BPjGTMA==</latexit>

✓2
<latexit sha1_base64="UOa6mofgFsG6nF36th/hqh73I2c=">AAAB9nicZVDLTgIxFO3gC/GFunTTSExcEDJDiLokunGJiTwiTEindKCh05m0d4xkMn/hVnbGrX9j/Bs7MAuBkzQ9Ob339tzjRYJrsO1fq7C1vbO7V9wvHRweHZ+UT886OowVZW0ailD1PKKZ4JK1gYNgvUgxEniCdb3pQ/befWVK81A+wyxibkDGkvucEjDSywAmDMgwqafDcsWu2QvgTeLkpIJytIbln8EopHHAJFBBtO47dgRuQhRwKlhaGsSaRYROyZj1DZUkYNpNFo5TfGWUEfZDZY4EvFD/dyQk0HoWeKYyIDDRq9PAv3MTLqMYmKTLYX4sMIQ4WxGPuGIUxMwQQhU3fjCdEEUomCDWf8nGV82d+dBVL0hLJglnfe9N0qnXnJta46lRad7nmRTRBbpE18hBt6iJHlELtRFFEr2jDzS33qy59Wl9LUsLVt5zjlZgff8BPjGTMA==</latexit>

✓2

<latexit sha1_base64="UOa6mofgFsG6nF36th/hqh73I2c=">AAAB9nicZVDLTgIxFO3gC/GFunTTSExcEDJDiLokunGJiTwiTEindKCh05m0d4xkMn/hVnbGrX9j/Bs7MAuBkzQ9Ob339tzjRYJrsO1fq7C1vbO7V9wvHRweHZ+UT886OowVZW0ailD1PKKZ4JK1gYNgvUgxEniCdb3pQ/befWVK81A+wyxibkDGkvucEjDSywAmDMgwqafDcsWu2QvgTeLkpIJytIbln8EopHHAJFBBtO47dgRuQhRwKlhaGsSaRYROyZj1DZUkYNpNFo5TfGWUEfZDZY4EvFD/dyQk0HoWeKYyIDDRq9PAv3MTLqMYmKTLYX4sMIQ4WxGPuGIUxMwQQhU3fjCdEEUomCDWf8nGV82d+dBVL0hLJglnfe9N0qnXnJta46lRad7nmRTRBbpE18hBt6iJHlELtRFFEr2jDzS33qy59Wl9LUsLVt5zjlZgff8BPjGTMA==</latexit>

✓2
<latexit sha1_base64="UOa6mofgFsG6nF36th/hqh73I2c=">AAAB9nicZVDLTgIxFO3gC/GFunTTSExcEDJDiLokunGJiTwiTEindKCh05m0d4xkMn/hVnbGrX9j/Bs7MAuBkzQ9Ob339tzjRYJrsO1fq7C1vbO7V9wvHRweHZ+UT886OowVZW0ailD1PKKZ4JK1gYNgvUgxEniCdb3pQ/befWVK81A+wyxibkDGkvucEjDSywAmDMgwqafDcsWu2QvgTeLkpIJytIbln8EopHHAJFBBtO47dgRuQhRwKlhaGsSaRYROyZj1DZUkYNpNFo5TfGWUEfZDZY4EvFD/dyQk0HoWeKYyIDDRq9PAv3MTLqMYmKTLYX4sMIQ4WxGPuGIUxMwQQhU3fjCdEEUomCDWf8nGV82d+dBVL0hLJglnfe9N0qnXnJta46lRad7nmRTRBbpE18hBt6iJHlELtRFFEr2jDzS33qy59Wl9LUsLVt5zjlZgff8BPjGTMA==</latexit>

✓2
<latexit sha1_base64="UOa6mofgFsG6nF36th/hqh73I2c=">AAAB9nicZVDLTgIxFO3gC/GFunTTSExcEDJDiLokunGJiTwiTEindKCh05m0d4xkMn/hVnbGrX9j/Bs7MAuBkzQ9Ob339tzjRYJrsO1fq7C1vbO7V9wvHRweHZ+UT886OowVZW0ailD1PKKZ4JK1gYNgvUgxEniCdb3pQ/befWVK81A+wyxibkDGkvucEjDSywAmDMgwqafDcsWu2QvgTeLkpIJytIbln8EopHHAJFBBtO47dgRuQhRwKlhaGsSaRYROyZj1DZUkYNpNFo5TfGWUEfZDZY4EvFD/dyQk0HoWeKYyIDDRq9PAv3MTLqMYmKTLYX4sMIQ4WxGPuGIUxMwQQhU3fjCdEEUomCDWf8nGV82d+dBVL0hLJglnfe9N0qnXnJta46lRad7nmRTRBbpE18hBt6iJHlELtRFFEr2jDzS33qy59Wl9LUsLVt5zjlZgff8BPjGTMA==</latexit>

✓2

<latexit sha1_base64="UOa6mofgFsG6nF36th/hqh73I2c=">AAAB9nicZVDLTgIxFO3gC/GFunTTSExcEDJDiLokunGJiTwiTEindKCh05m0d4xkMn/hVnbGrX9j/Bs7MAuBkzQ9Ob339tzjRYJrsO1fq7C1vbO7V9wvHRweHZ+UT886OowVZW0ailD1PKKZ4JK1gYNgvUgxEniCdb3pQ/befWVK81A+wyxibkDGkvucEjDSywAmDMgwqafDcsWu2QvgTeLkpIJytIbln8EopHHAJFBBtO47dgRuQhRwKlhaGsSaRYROyZj1DZUkYNpNFo5TfGWUEfZDZY4EvFD/dyQk0HoWeKYyIDDRq9PAv3MTLqMYmKTLYX4sMIQ4WxGPuGIUxMwQQhU3fjCdEEUomCDWf8nGV82d+dBVL0hLJglnfe9N0qnXnJta46lRad7nmRTRBbpE18hBt6iJHlELtRFFEr2jDzS33qy59Wl9LUsLVt5zjlZgff8BPjGTMA==</latexit>

✓2
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Config 1: full collocation Config 2: half collocation

Figure 5: Two example configurations of oat used in benchmarking experiments.
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Figure 6: Averaged training latency (over 10 batches, equivalent to 1280 samples) comparing sail-sg/oat
against huggingface/trl.

Additionally, at the 6.9B scale, oat requires substantially less oracle time than trl, as trl employs ZeRO-3 to
prevent GPU memory overflow, thereby slowing inference. In contrast, oat config 2 allows for flexible collo-
cation, enabling oracle RMs hosted via Mosec to operate in parallel without sharding. However, oat config 2
incurs longer learn time compared to trl due to the use of only half the available GPUs. This limitation also
explains why, at the 1B scale, config 2 has higher latency than config 1 across all stages.

The other category accounts for time costs associated with data loading, tokenization, and communication.
Here, inter-process communication is the primary cost, with trl showing minimal overhead as all three stages
operate within the same process on identical micro-batches, avoiding weight synchronization. By contrast,
oat requires considerable time to transfer updated policy weights from the learner to all actors. While NCCL
is recommended for synchronization over GLOO, it requires older vLLM packages (prior to version 0.4.3),
which may lack support for newer LLM architectures. Moreover, NCCL is incompatible with config 1 due to
its restriction on the learner master process establishing two separate process groups (one for DeepSpeed, the
other for weight synchronization). In summary, we recommend future researchers prioritize oat config 2 and
employ NCCL when feasible.

H Empirical results

In this section we present our empirical results and analyses. We organize this section into four parts: (1) An
overall comparison between SEA and baselines across direct optimizers and model scales. (2) An ablation
analysis of SEA. (3) A comparison of different exploration strategies in E&E and BAI settings. (4) Additional
results when aligning with a human simulator by GPT4o-mini.
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Figure 7: Comparison on the win rates of different agents against SFT models across three model scales and
three direct optimizers.

H.1 Overall comparison

We first compare SEA with all baselines across three model scales and three direct optimizers. APL and XPO
are only compared when we use DPO as the direct optimizer, because they are not compatible with IPO or
SLiC. Figure 7 shows the win rate curves versus query steps. Across all settings, Online agents improve sample
efficiency over their Offline counterparts, validating the need of online interaction for alignment algorithms.
Focusing on the first row, among prior active exploration methods, XPO gives a minor improvement on final
performance over Online (passive) at 1B scale, but falls short for larger scales. On the other hand, APL shows
a significant efficiency boost at 1B scale, but the return diminishes when scaling up and it performs almost
the same as Online at 6.9B scale. Our method, SEA, outperforms offline and online passive methods across
all scales and all direct optimizers, confirming the role active exploration plays for sample-efficient alignment.
Meanwhile, in the special case of using DPO as the direct optimizer, SEA also shows superior performance to
prior online active exploration methods including APL and XPO.

Additionally, we note that the choice of direct optimizer matters for both online learning and active explo-
ration. Comparing different optimizers at 1B scale (the first column), all Offline agents learn comparably
and reach the same level of final performance (about 70% win rate), but SLiC Online agent deliver slightly
less improvement than DPO and IPO Online agents. Besides, when incorporating active exploration, DPO
SEA agent shows much larger improvement than the other two. This suggests that selecting the most suitable
policy optimizer coupled with active exploration would yield the best agent.

H.2 Ablation analysis

Next we decompose SEA into different components and ablate their contributions. Table 2 shows three axes
that we dissect SEA on, including the inference method, exploration strategy and learning components. We
construct 7 agent variants from different combinations, which cover two closely related baselines [23, 19].
We show the performance curves of all variants in Figure 9. The left plot compares variants that directly use
their policy for inference. It clearly shows the benefits of learning ERM for active exploration (Variant-2)
and aligning πθt with RΦt (Variant-3). Since a reward model is learned within the agent, we can
further incorporate inference-time alignment via Best-of-N (BoN) sampling [43, 64]. This also facilitates
a comparison between SEA and Dwaracherla et al. [19], which learns a similar ERM for both exploration
and BoN but does not align the LLM policy. Results on the right plot of Figure 9 suggest a similar trend
that Variant-6 ≻ Variant-5 ≻ Variant-4. The Variant-7, however, ceases to improve after the ERM
converges due to the limited performance of its fixed policy.

H.3 Choice of exploration strategies

Recalling that different LLM alignment settings (online system or crowdsourcing) require different exploration
strategies to meet their respective learning objectives (Section 2). We investigate three strategies based on
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Table 2: Decomposition of different driving factors of online active alignment algorithms.

Variant Inference (Test) Exploration Learn Remark

1 πθ passive πθ Online DAP [23]
2 πθ active (πθ,R) SEA without ERM sync (Section 3.2)
3 πθ active (πθ ↔R) SEA

4 BoN(πθ,R) passive (πθ,R) -
5 BoN(πθ,R) active (πθ,R) -
6 BoN(πθ,R) active (πθ ↔ R) SEA with Best-of-N sampling

7 BoN(πref ,R) active R Not learn policy [19]
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Figure 8: (Left and Middle) Win rate comparison of different exploration strategies measured in E&E and
BAI settings. (Right) Win rate comparison of different agents when using GPT4o-mini to simulate human
feedback via LLM-as-a-judge.

posterior sampling and compare them on both online and offline performance. The first strategy focuses on pure
exploration. It seeks the pair of dueling responses that exhibits the largest epistemic uncertainty (Uncertainty),
which is implemented by selecting the pair whose logits difference has the largest variance across ensemble
members. The second (E&E-TS) and the third (BAI-TS) strategies follow the principles of Algorithm 1, and their
differences are between Line 5 and Line 6. The comparison results are shown in Figure 8 (Left and Middle).
Focusing on the left plot, we observe that E&E-TS strategy achieves the best online performance, which is within
our expectation. In contrast, Uncertainty shows the worst online performance because it tries to maximize the
information gain but does not prioritize reward maximization. On the other hand, conclusions are interestingly
different when taking the offline performance as a metric. In this case, BAI-TS ≻ Uncertainty both improve
the agent’s offline performance more efficiently than E&E-TS. This can be attributed to that exploration for
uncertainty minimizing helps to identify more informative responses to train the LLM policy. E&E-TS, however,
always chooses two responses with similarly high quality to exploit, and may be less efficient to explore for the
optimal policy.

H.4 Aligning LLMs with a human simulator
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Figure 9: Comparison on the win rates of different agent
variants when using (Left) policy and (Right) Best-of-N
sampling for inference.

Results presented so far are based on experi-
menting LLM alignment with the preference
oracle being a scalar reward model, which is
deterministic and does not capture the poten-
tial randomness of the choice by real humans.
To test different agents in a more realistic set-
ting, we use generative models as human simu-
lator in an LLM-as-a-judge [10, 80] manner. In
particular, we directly query the OpenAI API
and use the gpt-4o-mini-2024-07-18 model
as the judge to provide preference feedback.
We follow the prompt template of [34]. The
results are shown in Figure 8 (Right). We can
observe the performance curves generally ex-
hibit higher variance, possibly because of the
randomness introduced in the feedback process, which puts more stringent requirements for learning algo-
rithms. The two active exploration methods demonstrate opposite results to those in Appendix H.1 – APL learns
fast initially but is eventually outperformed by Online, and XPO improves over Online after stabilizing its train-
ing and delivers a better final performance. Our agent, SEA, is shown to offer the best sample efficiency as
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well as asymptotic performance, further validating the importance of online learning and well-designed active
exploration mechanism.

Figure 10: ChatGPT system asks for users’ preference feedback to strategically explore better answers. In
this case, algorithms should be designed around the objective of minimizing cumulative regret (i.e., the E&E
setting), because the quality of both responses generated by the system affects user experience.
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