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ABSTRACT

Reinforcement learning (RL) has shown remarkable success in training agents to
achieve high-performing policies, particularly in domains like Game AI where
simulation environments enable efficient interactions. However, despite their suc-
cess in maximizing these returns, such online-trained policies often fail to align
with human preferences concerning actions, styles, and values. The challenge lies
in efficiently adapting these online-trained policies to align with human prefer-
ences, given the scarcity and high cost of collecting human behavior data. In this
work, we formalize the problem as online-to-offline RL and propose ALIGNment
of Game Al to Preferences (ALIGN-GAP), an innovative approach for the align-
ment of well-trained game agents to human preferences. Our method features a
carefully designed reward model that encodes human preferences from limited
offline data and incorporates curriculum-based preference learning to align RL
agents with targeted human preferences. Experiments across diverse environments
and preference types demonstrate the performance of ALIGN-GAP, achieving ef-
fective alignment with human preferences.

1 INTRODUCTION

Modern reinforcement learning (RL) has achieved significant successes in optimizing strategies
across diverse environments, driven by innovative algorithmic designs and the integration of deep
learning techniques (L1, 2017; |Wang et al 2022)). Despite the high sample complexity typically
associated with RL training, practical applications can mitigate online training costs and develop
effective policies through approaches such as reward shaping (Schifer et al., 2022 and pre-training
on substantial offline datasets (Levine et al.,|2020; |Prudencio et al., [2023; Mclnroe et al., [2024; An-
dres et al., 2024)). In the realm of Game Al, the availability of cost-effective game engines facilitates
efficient interactions, enabling RL agents to achieve high returns under carefully designed reward
functions (Shao et al.| 2018; |[Fan et al., 2020). However, integrating these agents into real-world
applications often uncovers a misalignment between the agents’ behaviors, styles, and values and
those of humans, particularly given the varied value orientations of different individuals. As an ex-
ample illustrated in Figure |1} an online-trained agent learns a behavioral policy based on a given
reward function. However, diverse values can exist for human game players, e.g., a cautious be-
ginner, a speed-runner focused on completion time, or an achievement hunter aiming for in-game
accomplishments. This diversity in values could lead to a variety of play styles and behaviors among
different player groups. This discrepancy can make the agents appear unnatural from a human per-
spective, necessitating alignment of agents with specific human preferences.

To align agents with human preferences in aspects such as human-like behaviors and action styles,
it is essential to encode human values and preferences from behavior data, which may be signifi-
cantly off-policy for the online-trained agents (Ziegler et al., 2019). The high cost and scarcity of
collecting human behavior data further hinder the effectiveness of direct fine-tuning processes. Fur-
thermore, the variety of behavioral preferences, styles, and values among humans necessitates align-
ment with specific groups or even individual players, intensifying the challenges associated with data
collection (Gabriel, [2020). The inherent sample complexity of RL algorithms presents significant
challenges in fine-tuning. Besides, the potential suboptimality of human-preferred behaviors, when
assessed through the agents’ value estimations, further complicates the process (Nguyen-Tang et al.,
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Figure 1: An example for agent behavior (left) and diverse human behaviors (right) in a grid-based
game. A beginner prioritizes avoiding pitfalls; a speed-runner optimizes for quick completion; an
achievement hunter seeks to collect stars and open boxes for possible collectable items.

2021). Additionally, the shift between the state-action distributions of human-preferred styles and
those of RL agents can lead to “unlearning” phenomena during ne-tuning, whereby agents lose
their previously acquired understanding of environmental dynamics (Kumar|et all,[2020; Kgstrikov

et all,/ 2021l| Nakamoto et al., 2024). To address these challenges, we conceptualize the issue as
anonline-to-of ine RL problem. Here, “online” refers to the process of achieving optimal or near-
optimal policies through extensive online RL training or imitation of high-return trajectories, as eval-
uated by reinforcement learning rewards from the environment. The “of ine” component involves
aligning these well-trained policies with human preferences using of ine behavior data, which can
often be scarce. This framework contrasts with of ine-to-online RL, where key distinctions can be
summarized under two main categories:

» Assumptions regarding of ine data: Of ine-to-online RL typically utilizes abundant but po-
tentially suboptimal of ine data, which provides extensive coverage of environmental dynam-
ics (Kumar et al], 2020; Kostrikov et al., 2021). Online-to-of ine RL, however, focuses on of ine
preference data re ecting speci ¢ human behaviors or values. This data is often limited and costly
to collect, which may hinder its utility for ne-tuning RL policies.

» Optimization objectives: The goal of of ine-to-online RL is to enhance online learning by utiliz-
ing of ine pre-training to address challenges in sample complexity (Zhang et al., 2023; Hansen-
Estruch et al., 2023; Mclnroe et al., 2024). In contrast, online-to-of ine RL aims to align online-
trained agents with human preferences encoded in of ine behavior data, prioritizing the integration
of human values into the learning process.

In this work, we introduc&LIGN ment ofGameAl to PreferencesALIGN-GAP ), aimed at align-

ing RL agents with human styles and values within the Game Al context. Our method comprises
two stages: rst, inspired by techniques from large language model alignment, we extract human
preferences from of ine human data by training a transformer-structured reward model. This model
is trained with pair-wise sampling of state-action (sub-)trajectories from both online-trained agents
and human data. Subsequently, to bridge the gap between the objectives of online learning and
aligning with human preferences, we introduce a calibrated preference curriculum learning strategy.
This approach begins by calibrating the reward model scores to identify behaviors that align with
human preferences but are not yet learned by the agent. It then gradually shifts the agent's objec-
tives, moving from maximizing environmental returns to prioritizing human preferences as encoded
by the reward model. ALIGN-GAP achieves strong performance on D4RL locomotion and Atari
games, outperforming baseline ne-tuning methods in alignment on 17 of 21 tasks.

2 RELATED WORK

Online RL with of ine data.  Prior works have explored various strategies to utilize previously
collected of ine datasets to accelerate the training of online RL algorithms. These approaches can
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generally be divided into two main categories: of ine-to-online RL and online RL with of ine data.

Of ine-to-online RL involves pre-training a policy and a value function using of ine data (Ku-
mar et al., 2020; Kostrikov et al., 2021; Agarwal et al., 2020; Nakamoto et al., 2024; Zhang et al.,
2023), which allows for effective utilization of abundant yet sub-optimal of ine datasets to establish
well-initialized policies. This reduces the need for extensive online exploration, thereby improving
sample complexity and overall ef ciency (Prudencio et al., 2023; Levine et al., 2020; Mclnroe et al.,
2024; Zhong et al., 2022). To address the distributional shift between the of ine dataset and online
interactions, several techniques such as balanced sampling (Lee et al., 2022; Guo et al., 2023), adap-
tive conservatism (Kostrikov et al., 2021; Nakamoto et al., 2024), and actor-critic alignment (Yu
& Zhang, 2023; Wang et al., 2024b) have been proposed to enhance stability and performance. In
contrast, online RL with of ine data involves training an agent from scratch on top of a replay buffer
lled with online data and of ine data (Song et al., 2022), mixed with approaches such as imitation
learning (Andres et al., 2024) and symmetric sampling (Ball et al., 2023). In our work, we seek to
extend beyond improving agent performance by addressing how to align well-trained agents with
human preferences using a limited amount of human of ine data. Here, the challenge shifts from
maximizing environmental returns to aligning agents with speci ¢ human preferences, where of ine
data may be of high quality but insuf cient for extensive RL ne-tuning.

Learning from human preferences. With the evolution of large language models (LLMs), align-

ing Al capabilities with human values has become a focal point of research. In the domain of
RL, modern algorithms enable agents to learn effective strategies through extensive interaction with
complex environments (Arulkumaran et al., 2017; Schulman et al., 2017; Haarnoja et al., 2018). A
primary step for aligning these capable agents with human values involves representing and encod-
ing human preferences, especially from pre-collected human data. Inverse reinforcement learning
has been used to infer reward functions that could explain the behavioral patterns hidden within the
data (Eysenbach et al., 2020; Xue et al., 2021), although this often requires a signi cant amount
of demonstration data (Arora & Doshi, 2021; Adams et al., 2022). A promising alternative is the
development of reward models that encode human preferences with transformer-based architec-
tures (Guan et al., 2022; Dong et al., 2023; Faal et al., 2023; Kim et al., 2023), which can help
capture long contextual relationships and dependencies effectively through pair-wise sampling and
training (Ouyang et al., 2022; Wang et al., 2023). These preference signals have found successful ap-
plications in Al model alignment, particularly in LLM and vision language model alignment (Guan
etal., 2022; Liu et al., 2023; Wang et al., 2024b).

Aligning agents with humans. Popular methods for aligning fundamentally capable base models
with human preferences include using reward models and proximal policy optimization (PPO) in
reinforcement learning from human feedback (RLHF) framework (Achiam et al., 2023; Wang et al.,
2024c;a). By formalizing the alignment challenge as a bandit problem, initiatives like InstructGPT
improved its alignment capability on issues such as hallucination and toxicity (Ouyang et al., 2022).
RLHF has been adopted in various subsequent LLMs (Zheng et al., 2023; Wang et al., 2024a; Yang
et al., 2024). Moreover, directly using of ine human data through approaches like direct policy
optimization (DPO) allows for supervised ne-tuning that aligns base models more closely with
human expectations of being helpful and harmless (Rafailov et al., 2024; Xu et al., 2024). Further
explorations have relaxed the form of of ine data (Ethayarajh et al., 2024) and integrated reward
signals to improve alignment (Zhong et al., 2024). In the eld of reinforcement learning, there has
been an exploration of aligning agents with humans in domains such as autonomous driving and
gaming (Wurman et al., 2022; Dong et al., 2023). However, existing approaches often require hand-
engineering attributes for speci ¢ environments and struggle to provide a uni ed formulation across
different domains. In this work, we aim to identify the challenges and bottlenecks in aligning RL
agents with humans through anline-to-of ine RL framework and propose an alignment approach
under this setting to establish a general strategy for agent-human alignment.

3 PRELIMINARIES

3.1 REINFORCEMENTLEARNING

Reinforcement learning (RL) involves training an agent to make decisions by interacting with an
environment in a way that maximizes cumulative rewards over time. This is formalized within
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the framework of a Markov Decision Process (MDP) (Puterman, 1990), representdd as
(S;A;P;r;; ), whereS; A denote the state and action spadess; a) is the state transition
probability,r (s; a) represents the reward functior{s) is the initial state distribution, and2 (0; 1)
is the discount factor which prioritizes immediate rewards over future ones.

The objective in RListo learn a policy: S 7! ( A) that maps states to a probability distribution
over actions in order to maximize the cumulative discounted reward starting from any initiad.state
This objective can be expressed through the value function: 4

X . .
¢ (s0) r(s;a)jso=s : 1)
t=0

V (s)= Ea

The action-value function, or Q-function, further re nes this by evaluating the expected return fol-
lowing a speci ¢ actiora in states, under,policy : 4

X
Q (s58)= Ea (s1) ‘r(s;a)jso=sia=a ; @)
t=0
and deep RL algorithms often use function approximators, such as neural networks, to estimate
the Q-function and conduct policy learning. We denote the parameterized policy, asere
represents the parameters of the network.

Despite the effectiveness of RL algorithms such as proximal policy optimization (Schulman et al.,
2017) and soft actor-critic (Haarnoja et al., 2018), these methods often suffer from high sample com-
plexity (Wang et al., 2022), necessitating humerous interactions with the environment for conver-
gence. In real-world applications, this requirement can be mitigated through engineering optimiza-
tions that reduce the cost of environmental interactions, allowing the training of competent agents at
lower overall costs (Liang et al., 2018). This is particularly viable in Game Al contexts, where inter-
actions with the environment are mediated by a game engine that enables rapid, large-scale parallel
sampling (Vinyals et al., 2017; Guss et al., 2019). Such a setup facilitates the development of well-
trained online policies at reduced costs, achieving high returns under speci ed reward functions and
enhancing practical applications in real-world gaming environments (Jayaramireddy et al., 2022).

3.2 REPRESENTING ANDLEARNING FROMHUMAN PREFERENCES

It is crucial for effective integration to align agents with human users by accurately and ef ciently
identifying and representing human preferences. A traditional approach to understanding these pref-
erences involves using inverse reinforcement learning (IRL) to infer reward functions that explain
observed human behaviors (Ab Azar et al., 2020). However, IRL faces challenges such as high
sample complexity, often requiring extensive demonstration data to accurately infer reward func-
tions (Adams et al., 2022; Liu et al., 2024). Additionally, IRL can suffer from ambiguity, as mul-
tiple reward functions can explain the same observed behavior, limiting its ability to re ect human
preferences accurately (Arora & Doshi, 2021).

Recent advancements in LLM alignment offer a promising alternative for recognizing human pref-
erences. By employing a transformer-structured reward model, preferences can be learned directly
from data through pairwise comparisons of human choices (Ouyang et al., 2022; Wang et al., 2023).
The objective function for training such a reward model can be formulated as:

L = E(x;yw;y|) o [og( (r (x;yw) r (Xy))I 3
wherer represents the reward model parameterized land(X; yw;Yy)) denotes a sample triplet
consisting of an input prompt, a preferred (winning) completion,, and a less preferred (los-
ing) completiony,;. The dataseD comprises such comparisons. This training objective leverages
a contrastive learning format, demonstrating effectiveness in encoding human preferences. The
transformer-based architecture of the reward model further enhances its ability to scale, ef ciently
handling long sequences and complex structures (Zhong et al., 2024; Wang et al., 2024a).

4  ONLINE-TO-OFFLINE RL FORAGENT ALIGNMENT

In this section, we describe our approach to aligning online-trained reinforcement learning agents
with human preferences using of ine human data. The proposed approach utilizes two primary
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Figure 2: The framework of ALIGN-GAP for aligning RL game agent with human preferences.
The gray section represents the training of the reward model, while the orange section represents the
calibrated curriculum preference learning component.

strategies: First, we extract human preferences embedded in of ine data by employing a transformer-
based reward model (Section 4.1). Following the development of the reward model, we identify
several challenges associated with aligning agents to these extracted preferences. To address these
challenges, we introduce a calibrated preference curriculum learning approach. This strategy focuses
on identifying behaviors that align with human preferences but are not yet adopted by the agent
and transitions the agent's focus from maximizing environmental rewards to aligning with human
preferences (Section 4.2). The framework and process of our method are illustrated in Figure 2.

4.1 PREFERENCEEXTRACTION FROM ONLINE AGENT AND OFFLINE HUMAN DATA

Extracting preferences with reward model. To align the behaviors and styles of an online-
trained agent with human preferences, the initial step involves extracting these preferences from
of ine human data, particularly in comparison to the behaviors and styles of the online agent. In
the realm of LLM alignment, preference extraction can be achieved by training a reward model,
typically structured as a transformer with a linear head for predicting reward values (Achiam et al.,
2023). This architecture effectively captures contextual information and provides robust preference
predictions (Ouyang et al., 2022; Wang et al., 2024a). In reinforcement learning, human behavioral
preferences can be represented through sequential decision-making across various states. Similarly,
a transformer structure can help capture contextual information within trajectories. As discussed
previously, the reward model in LLM alignment is trained using triplet data;Yy;), wherex
represents a prompt, agg andy, denote the winning and losing responses, respectively. However,

the scenario differs in reinforcement learning environments: instead of generating tokens based on
a given prompt, the dynamics involve continuous updates of states and actions as the agent interacts
with the environment (Li et al., 2023). To adapt this methodology, we train the reward rRodel

for agent alignment using a similar loss function while constructing the input to consist of state-
action sequences from of ine human data and trajectories sampled from online agent interactions.
Speci cally, the loss function for training the reward model is de ned as:

L = logP( human> agenB = E( humari agen) D log( (R ( human R ( agenb)] (4)

where hyman = f (Shuman @human@] represents a state-action sub-trajectory sampled from of ine
human data, anthgent= f (Sagent aagenagI is the sub-trajectory of behaviors from the agent, which
interacts with the environment using an epsilon-greedy strategy. Notably, unlike the environment
reward function, the learned model does not take one single state-action pair as input but instead
uses behavior sub-trajectories. This training approach is commonly referred to as preference-based
reinforcement learning (PbRL) (Guan et al., 2022; Dong et al., 2023), building upon prior models
but differing in dataset construction strategies and initial network con gurations.
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4.2 QURRICULUM PREFERENCELEARNING WITH CALIBRATED RM SCORE

After obtaining the reward model, a straightforward approach

might be to use it as the new reward function for ne-tuning

the existing online well-trained agent. However, we nd exper-

imentally that this direct application often leads to sub-optimal

performance, resulting in ineffective alignment with the pref-

erences encoded in the reward model and undesirable unlearn-

ing of previously acquired behaviors (Nakamoto et al., 2024).

We believe this outcome is likely due to the signi cant shift in

objectives for the agent, from maximizing environmental re-

turns to aligning with human preferences. This motivates us

to develop a method for smoother alignment of online-trainﬁqjgure 3: Example of trajectories
agents with human preferences. From our experiments, #§n the online-trained agent and

identify two main challenges: human achievement hunter.

1) Identi cation of what to learn: The reward model pro-

vides scores that re ect human preferences, but a crucial as-

pect is determining “what is preferred by humans but not yet learned by the agent.” Given that
the agent has undergone extensive online training, it already has an understanding of environmental
dynamics. Our goal is to guide the agent towards decisions that align more closely with human
preferences. For instance, in Figure 3, while the reward model may assign high rewards to human-
preferred behaviors (indicated by the gray and blue trajectories), we aim for the preference signal
used for alignment to prioritize actions that the agent has not yet learned to adopt (shown by the blue
trajectory) over those it has already mastered (the gray trajectory).

2) Mitigating sharp reward switching: Directly applying the trained reward model as a new re-
ward function for reinforcement learning ne-tuning often leads to a signi cant initial drop in per-
formance, indicative of agent unlearning (Nakamoto et al., 2024). This can occur due to the sharp
transition from a reward function that maximizes environmental returns to one that aligns with hu-
man preferences, creating a substantial gap between the agent's learned Q-function and the optimal
Q-function for preference alignment (Gleave et al., 2020).

RM score calibration with initial behavior baseline. To address the rst issue, we calibrate the
reward signals used for preference learning to focus on aspects preferred by humans but not yet
aligned by the agent. The reward for alignment should adapt to both human behavior and the style
of the online-trained agent. We begin by evaluating the behavior of the online-trained policy using
the reward model and using this assessment as a baseline for calibrating the preference signal:

Reaibrated )= R () R ( 0); %)

where f (si; (st))giz; represents the state-action trajectory sampled from the current policy

, and Cis derived by replacing the actions inwith those taken under the same states by the
initial policy ¢ during the alignment phase. This calibrated reward tends to assign higher rewards
to human-preferred behaviors that the agent has not yet learned, while the rewards for behaviors
already aligned with human preferences approach zero. Since the alignment phase's policy initially
matches g, under calibrated rewards, positive rewards imply that the agent's alignment is at least
not worse than that of the online-trained policy.

Reward curriculum for smoothed preference learning. To address the second issue, we ob-
served that even with calibrated rewards, the distribution of the reward function during the agent's
online training can differ signi cantly, potentially leading to agent unlearning. In reinforcement
learning, transitioning between different reward functions often involves transfer learning strategies
to ensure smooth adaptation. It is important to note that transfer reinforcement learning typically
addresses similar reward functions, such as perturbations of a single reward function (Zhu et al.,
2023), and requires careful design to prevent unlearning when faced with signi cantly different
reward functions (Gleave et al., 2020).

Considering that the agent is already well-trained to maximize environmental returns, preference
learning presents a novel and potentially more challenging task. Therefore, we can design reward
curriculum that gradually transitions the task represented by the reward function from maximizing
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environmental returns to learning preferences:

Reurricutlum = (1 (1) renw+ (1) Recalibrated (6)

wherer ¢y is the immediate reward feedback from the environmBRjinrateq iS the calibrated re-
ward de ned above, and(t) : t 7! [0; 1] balances the ratio of environmental rewards and calibrated
RM rewards, which can usually grow frofhto 1. For instance, a linear transition can be de ned

as (t) = Cfgt’g[‘;fgzp This reward curriculum facilitates a gradual transition from the familiar task

of environmental reward maximization to the novel task of human preference alignment, offering a
general solution for the learning process. We provide an analysis from theoretical perspective in Ap-
pendix A.2 for the effect of linear preference curriculum. In Section 5.4, we explore the effectiveness
of different strategies of adjusting(t) for reward curriculum design.

5 EXPERIMENTS

In this section, we aim to address the following key questions through experiments: (i) How effec-
tively can our proposed method align online agents with human preferences represented with oracle
rewards (Section 5.2)? (ii) How effectively can our proposed method align with human preferences
from unsupervised classi ed human data (Section 5.3)? (iii) How do various components of our
method, such as reward model calibration and preference curriculum, impact the overall alignment
performance (Section 5.4)?

5.1 EXPERIMENTAL SETUP

Environments and human preferences. In our experiments, we evaluate various environments

and constructions of human preferences. Speci cally, we conduct experiments on the D4RL loco-
motion tasks, including HalfCheetah, Walker2D, and Hopper environments (Fu et al., 2020). These
environments are control-oriented and resemble action-based gaming scenarios. For each environ-
ment, we train online agents using the reward functions provided by the respective environments.

To construct different human preferences, we design reward weights based on the environment re-
wards in the locomotion tasks. The default preference weights are fetltd], re ecting three
dimensions: maintaining health, moving forward, and controlling costs (Fu et al., 2020). We ex-
plore four combinations of preference weights:[A:0; 1], B:[1; 1; 0], C: [1; 10; 1], and DI[1; 1; 10].

These combinations yield distinct reward oracles that are solely used to train human proxies and
evaluate the aligned agents. After training the human proxies, we collect a small amount of human
data (only10 episodes) using the proxies for subsequent agent alignment. In Appendix A.1, we
provide a visual analysis of the different styles exhibited by various proxies across environments.

Additionally, we extend our experiments to Atari Pac-Man and Space Invaders games (Brockman,
2016). To assess the performance of our proposed methods against various constructions of human
preferences, we utilize Google's Atari Replay Datasets (Agarwal et al., 2020) and conduct unsuper-
vised classi cation on the dataset using UMAP (Mclnnes et al., 2018). In each environment, we
obtain three distinct preferences of human data, retainingihgpisodes for each preference. The
online-trained agent is then aligned with the preferences encoded in the human data.

Comparisons, baselines, and evaluation protocol. For the D4RL locomotion tasks, we employ

Soft Actor-Critic (SAC) (Haarnoja et al., 2018) to train our online well-trained agents. In the Atari
games, we utilize Deep Q-Networks (DQN) (Roderick et al., 2017) for online agent training. We
compare our approach against a ne-tuning strategy with SAC (termed Finetune w/ SAC) or DQN
(termed Finetune w/ DQN) that leverages of ine data alongside the online training process. Speci -
cally, we adopt symmetric sampling, where we sample 50% from the replay buffer containing of ine
data and 50% from online data. This method has been shown to yield better results compared to us-
ing only of ine data (Ball et al., 2023).

Additionally, we evaluate a baseline that trains the agent using both online environments and of ine
human data, mimicking DDPGfD (Vecerik et al., 2017) but employing SAC (termed SACD) or
DQN (termed DQNTfD) instead of DDPG, to match the algorithm used during the agent's online
learning phase. Further details and hyperparameter settings can be found in Appendix A.4. We also
assess the effectiveness of Behavior Cloning (BC) (Torabi et al., 2018) as a baseline, evaluating how
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Table 1: Returns for online trained agent and human performanceditiacences in return to
human for different alignment approaches. Results are averaged over 5 random seeds.

Task-Preference  Online Trained Pel;:zrrTr]na;nce l;\;/ngt:ge F\:\;}eét::ne SACID BC Fvlv?eF;me l ALI(%’\L‘J;S)AP
Halfcheetah-A 2.2+0.01 101.77£1.2 20.61+24.04 52.08+0.57 -4.07+0.87 -2.51+0. -0.86%0.33
Halfcheetah-B 103.05+0.67 125.32+0.76 -2.68+1.78 -31.25+9.81 -113.9+13.14 -125.99+0.65 -14.50+3  -0.44%1.97
Halfcheetah-C T 105.27+3.3 3.0£0.44 -8.7£12.33 -100.23+3.12 -105.72+1.42 -105.39+(  -0.91+0.86
Halfcheetah-D 114.74+0.45 -39.62+8.56 -13.5+5.94 -109.95+2.58 -116.81+0.37 -115.26%  -7.3+0.29
Walker2d-A 20.72+2.06 89.65+1.0 -2.95+5.57 67.91+0.5 -19.45+1.41 2.65:0.f 2.22+3.1
Walker2d-B 112.23+0.69 122.11+0.42 -1.54+1.38 -50.88+44.76 -9.59+0.48 -119.78+2.72 -100.419 -2.87+26.06
Walker2d-C e 116.53+0.74 1.57+0.71 -81.21+44.32 -18.94+1.46 -114.69+1.54  -74.54+1 -1.43+1.78
Walker2d-D 97.35+26.53 16.1+0.58 -16.42+39.58 12.55+0.65 -86.08+5.49 -75.56+(  -3.04+27.97
Hopper-A 30.74+0.01 63.82+30.29 0.01+0.01 79.25%0.19 -23.3£3.49 -30.09+0  6.46+1.56
Hopper-B 88.15+38.98 93.88+28.17 6.7+34.8 -5.13+22.83 -33.33+22.63 -75.74+19.89 -93.15+(  -3.33+0.02
Hopper-C T 31.15+4.44 0.61+4.99 -0.05+1.47 1.24+2.7 -7.71£11.42 -23.27+0, 0.57+2.64
Hopper-D 110.07+0.35 -18.57+29.14 -9.22+21.58 -44.88+30.56 -105.18+5.57 —78.144 -8.77+0.49

Table 2. Ranking the alignment degree of different alignment approaches by their similarity to
human under oracle rewards (preferences). Results are averaged over 5 random seeds.

i - Finetune  Finetune Finetune | ALIGN-GAP ALIGN-GAP ALIGN-GAP

Task-Preference| - Online Trained w/ SAC w/ BC SACD BC w/ RM 1 (Ours) w/o Calibration ~ w/o Curriculum
Halfcheetah-A Rank 9 Rank 8 Rank 4 Rank5 Rank3 Rank2 Rank 1 Rank 6 Rank 7
Halfcheetah-B Rank 9 Rank 3 Rank 8 Rank7  Rank 6 Rank 4 ! Rank 1 Rank 2 Rank 5
Halfcheetah-C Rank 9 Rank 3 Rank 7 Rank5 Rank 6 Rank 8 | Rank 1 Rank 2 Rank 4
Halfcheetah-D Rank 9 Rank 3 Rank 5 Rank6  Rank8 Rank 7 | Rank 1 Rank 2 Rank 4
Walker2d-A Rank 9 Rank 8 Rank 5 Rank 6 Rank 7 Rank 4 | Rank 2 Rank 1 Rank 3
Walker2d-B Rank 9 Rank 4 Rank 6 Rank 3 Rank 7 Rank 8 Rank 1 Rank 2 Rank 5
Walker2d-C Rank 9 Rank 3 Rank 8 Rank2  Rank 6 Rank5 | Rank 1 Rank 4 Rank 7
Walker2d-D Rank 9 Rank 4 Rank 2 Rank3 Rank5 Rank 6 ! Rank 1 Rank 8 Rank 7
Hopper-A Rank 9 Rank 7 Rank 5 Rank 8 Rank 2 Rank 6 | Rank 3 Rank 1 Rank 4
Hopper-B Rank 9 Rank 2 Rank 5 Rank 4 Rank 6 Rank 8 | Rank 1 Rank 3 Rank 7
Hopper-C Rank 9 Rank 3 Rank 5 Rank 4 Rank 6 Rank 7 | Rank 1 Rank 2 Rank 8
Hopper-D Rank 9 Rank 3 Rank 6 Rank 5 Rank 7 Rank8 Rank 1 Rank 2 Rank 4

directly applying cloning on limited human data aligns with human preferences (termed Finetune w/
BC for behavior cloning with policy initialized from online agent, and BC for behavior cloning from
scratch). Moreover, we investigate the performance of agents aligned by directly using the trained
RM as the reward function (termed Finetune w/ RM), comparing with our proposed approach that
incorporates reward calibration and reward curriculum.

During evaluation, we rst assess the effectiveness of agent alignment by examining the perfor-
mance of both the online-trained agents and human proxies within the context of environmental
rewards. Speci cally, we evaluate how well these agents perform in the environment by comparing
their returns against those achieved by human players. For each alignment method, we quantify its
success by measuring the performance discrepancy between the agents aligned using that method
and the human proxies that serve as benchmarks for human-like behavior. This analysis enables us
to evaluate the extent to which the performance of the aligned agents aligns with human preferences,
as re ected in the differences in their environmental rewards.

Given that human preferences are inherently subjective and relative, we utilize the reward oracles
from training the human proxies as representatives of human preferences for locomotion tasks. We
assess the relative performance of various alignment approaches by ranking their similarity to the
human proxy under the oracle rewards. Additionally, we visualize the trajectory styles exhibited by
different methods in both locomotion and Atari tasks for subjective evaluation and comparison.

5.2 ALIGNING AGENTS WITH PREFERENCEDATA FROM HUMAN PROXY

To assess the alignment effectiveness of the online well-trained agents with human preferences,
we rst focus on the performance gaps between the agents and human proxies within locomotion
tasks. In Table 1, we present the returns of both the online-trained agents (labeled “Online Trained”)
and the human proxies (labeled “Human Performance”). Additionally, for the baseline alignment
approaches and ALIGN-GAP, the table displays the differences in returns against human under
environmental rewards. Smaller differences in this metric indicate that the agents perform in a
manner that can be more consistent with human behavior in the game environment. Our proposed
method demonstrates smaller gaps across various environments and preference types compared to
the baselines, highlighting its alignment capability.
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To evaluate the effectiveness of our alignment from the human perspective, we use the reward oracle
that trained the human proxy to assess various agents. Table 2 presents the rankings based on the
differences in performance between the methods and the human proxy under oracle rewards. A
higher ranking indicates that an agent's behavior aligns more closely with the human preferences
implied by the oracle rewards. ALIGN-GAP signi cantly outperforms other methods, achieving
top rankings across various environments and preference settings. To further validate the reliability
of these rankings, we compare agent trajectories generated by different alignment methods against
those of the human proxy. This qualitative analysis is complemented by a quantitative evaluation
using Spearman’s rank correlation coef cient (Sedgwick, 2014). Spearman's coef cient measures
the degree of rank-order correlation between two variables, with a vald@ obbserved between
rankings derived from oracle rewards and human evaluations. This high correlation substantiates
the alignment results reported in Table 2. An example of different human proxy preferences and the
styles learned by ALIGN-GAP is shown in Figure 9 of Appendix A.1.

5.3 ALIGNING AGENTS WITHUNSUPERVISED CLASSIFIEDHUMAN DATA

In the Atari tasks, we focus on aligning the online well-trained agents with unsupervised classi ed
human data, processed through UMAP to represent the diverse preferences inherent within this
dataset. Evaluations based on performance gaps in environmental rewards similar to those outlined
in Table 1 are listed in Appendix A.3.

To further assess the manifestation of human preferences in clustered data and the alignment ef -
cacy of ALIGN-GAP, Figure 4a presents the UMAP clustered results for Space Invaders. Besides,
we conduct qualitative evaluations by visualizing both the categorized human preferences and the
behaviors learned by ALIGN-GAP, with Space Invaders serving as an example (as depicted in Fig-
ure 5). Observations reveal that while the online-trained agent typically adopts a strategy focused
on eliminating the majority of invaders, human players exhibit varied approaches. For example,
some may focus on attacking speci ¢ columns or strategic areas of the screen. Style 1 players might
prioritize attacking the second and fourth columns of invaders, indicative of a patterned approach
to game-play, whereas Style 2 players may target invaders predominantly on the left side, perhaps
re ecting a preference for handling imminent threats or a speci c game-play strategy.

5.4 ANALYSIS ON THE COMPONENTS OFALIGN-GAP

Ablation Study Table 2 shows the performance of our proposed method without RM score cal-

ibration or preference curriculum. The results clearly indicate that the alignment effectiveness is
signi cantly diminished in the absence of the curriculum, demonstrating a substantial impact on
performance. This highlights the critical role of both the calibrated preference curriculum and RM

score calibration in ensuring robust and effective alignment of agents with human preferences.

Additionally, regarding the design of(t) in the pref-

erence curriculum, we explore alternative adjustmeféple 3: Comparing different(t) for pref-
methods beyond the linear approach. Speci cally, w&ence curriculum learning on HalfChee-
evaluate an exponential form oft) =1  exp( tah environment. The evaluation metrics

currentste; —_ H e . . .
totaLstepp), where =5 is a positive constant to en-remain consistent with Table 1.

sure that (t) follows the trend of increasing from 0 to ] _
approaching 1. The results for the HalfCheetah enviPreference Linear ~ Exponential

ronment are presented in Table 3. The ndings indi- A -0.86+0.33  -0.95+0.48
cate that both linear and exponential adjustments yield B -0.44+1.97  -0.93+0.76
similar performance, demonstrating the robustness of C -0.91+0.86 -0.80+1.13
the preference curriculum method. D -7.3+0.29 -7.9+0.14

What is learned from the reward model? After

training the reward model, evaluating its effectiveness

in re ecting human preferences embedded in the data is essential. To do this, we assess how well
the reward model's predictions align with human preferences using trajectories from an unseen test
set. Speci cally, we analyze whether the model accurately assigns preferences to these trajectories
consistent with ground truth expectations. The results, illustrated in Figure 4b, demonstrate that the
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(a) UMAP visualization of col-
lected of ine data for Space In- (b) RM score evaluations on differ- (c) The reward distribution
vaders. ent preference types of Walker2d.  learned by the reward model.

Figure 4: Analysis of reward distribution for RM and of ine human data distribution.

(a) Online Trained (b) Stylel (c) Align w/ Style1 (d) Style2 (e) Align w/ Style2

Figure 5: State of remaining invaders at the end of a Space Invaders game for an online-trained
agent, two styles of of ine behavior data, and the corresponding ALIGN-GAP aligned agents. All
episodes used the same random seed to initialize the episode and game engine.

model successfully prefers human trajectories over those of the online-trained agent, indicating that
it effectively captures the nuances of human-like behavior.

Moreover, to visually explore the stylistic differences between human data and online-trained agent
trajectories, we utilize PCA (M&kiewicz & Ratajczak, 1993) for dimension reduction on both
datasets. We then create a heat map of the reward model's scores by querying the model with data
points reconstructed using the inverse mapping from PCA. Presented in Figure 4c, this visualization
displays the reward model's distribution of scores across the reduced dimensional space. The PCA
highlights clear distinctions between the human data (depicted in blue points) and the online-trained
agent data (shown in red points). Notably, areas of proximity in this space mainly re ect similari-
ties between agent and human behaviors during the initial stages of episodes. The heat map further
reveals that the reward model assigns higher rewards to points closely resembling human trajectory
data and lower rewards to those more aligned with the behaviors exhibited by the online-trained
agent. This pattern emphasizes the reward model's ability to effectively discriminate and prioritize
human-like behaviors, con rming its capacity to guide agents towards more human-aligned actions
and decision-making styles.

6 CONCLUSION, LIMITATIONS AND FUTURE WORK

In this paper, we formulate the problem afline-to-of ine RL for agent alignment and introduce
ALIGN-GAP to align agents with human preferences in game environments. While ALIGN-GAP
demonstrates strong alignment capabilities, we believe that achieving more ne-grained alignment is
possible by carefully designing the calibration for speci ¢ environments. Our experiments focus on
gaming due to the availability of trained agents and preference data, and future work may extend to
broader domains such as autonomous driving, healthcare, and multi-agent systems, where aligning
Al with human values remains crucial.
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