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Abstract Reinforcement Learning from Human Feedback (RLHF) has established itself as a critical
methodology for addressing the challenge of value alignment in complex artificial intelligence systems.

Building upon decades of research in reinforcement learning and human-computer interaction, RLHF
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integrates human intelligence directly into the machine learning loop, moving beyond simplistic,
hand-crafted reward functions that often fail to capture real-world complexity. It operates by leveraging
evaluations, pairwise comparisons, and strategic suggestions from human trainers to shape the learning
process, either through the construction of a proxy reward model or by directly influencing the policy
updates of an AT agent. The effectiveness of this paradigm critically depends on the quality, diversity,
and consistency of human-provided data: high-quality feedback dramatically enhances an Al system’s
ability to generalize, behave safely, and act in accordance with human intent. However, the practical
scalability of RLHF is fundamentally limited by the inherent cost, scarcity, and subjectivity of large-scale
human supervision, posing a significant barrier to applying it in more complex, dynamic domains. Recent
advances in Reinforcement Learning from Al Feedback (RLAIF) offer a compelling solution to these
limitations. RILAIF leverages large pre-trained Al models —most notably large language models
(LLMs) —to generate synthetic preferences, critiques, and trajectory evaluations, automating and
scaling the feedback process. While this substitution of human supervision with Al-generated feedback
enables unprecedented scalability and consistency, it also raises new challenges in maintaining reliability,
avoiding feedback loops, and ensuring that learned behaviors remain value-aligned. The coexistence of
RLHF, RLAIF, and related paradigms such as imitation learning calls for a unified theoretical
perspective to connect these diverse approaches within a coherent conceptual framework. To this end,
this paper introduces and formalizes a general learning architecture termed Reinforcement Learning from
X-Feedback (RLXF). RLXF represents a comprehensive framework that integrates heterogeneous
feedback sources—human, A1, or hybrid—to guide reinforcement learnin. Within RLXF, “X” denotes
the feedback origin, encompassing scalar rewards, pairwise preferences, natural-language critiques, or
full behavioral demonstrations. The framework establishes a principled foundation for integrating
multiple feedback sources and elucidates how such feedback influences distinct learning components
through mechanisms such as reward shaping, value shaping, policy shaping, and decision biasing.
Beyond unification, RLLXF also provides the meta-structure for studying adaptive feedback weighting,
confidence estimation, and dynamic arbitration among feedback sources, enabling agents to balance
competing signals across tasks and environments. Centered on the RLXF framework, this survey
systematically traces the evolution of feedback-driven reinforcement learning, from methodological
innovations to cutting-edge applications. We propose a taxonomy comprising three major paradigms:
Imitation Learning (learning from expert demonstrations ), RLHF (learning from human preferences
and critiques ), and RLAIF (learning from Al-generated or model-assisted feedback). Each paradigm
is analyzed in terms of its algorithmic foundation, strengths and weaknesses, and characteristic data
requirements. Furthermore, the survey examines the transformative applications of RILXF across several
domains: in autonomous driving, where feedback mechanisms support ethical decision-making and
risk-aware control; in embodied intelligence, where linguistic or evaluative feedback enables adaptive
skill acquisition; and in large language models, where RLXF has proven vital in aligning outputs to be
helpful, harmless, and honest. Finally, we outline the emerging challenges and future prospects for RLXF.
These include mitigating multi-source feedback conflicts, detecting biases within Al-generated
supervision, improving the sample efficiency of reward modeling, and exploring recursive
self-improvement loops between human and AT critics. Looking ahead, RLXF is poised to become a
cornerstone framework for building trustworthy, interpretable, and scalable learning systems, bridging

the gap between human-centric intelligence and autonomous machine adaptation.
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N 2 iR HEZSE (Co-adaptive Feedback Framework ) :
o, NIRRT gk oems 4%, T4
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AR 224, PibBURE B S BOEH . 55,
T AT SRHAT A SE B EE, 6 T 1G5 -
R GER R B S5 AR A R L ERRIN
RIE@&HT, BE Al RS ANBRBRE, &
ORI RE RG> 5 K R EIHTTT 1A ATt DL
JE—BE . MM RECARN E 3R, (EHES)
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[ 5 SE A RLHF BEAT IR B 255 10 122 B
SOEFHA, RENE ST 2RISR K 52
WIIANHEKE . R IvyGPT LR A2 Wik A
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S FH 4, E AR S SCiR
SRk bkt BRI ERBD, WiFREEIE, i) [111,113]
— R L SR A 2 Rl SR CIRES ) [115]
B K AT 8% FCSSR VAR S22 ) [116]
THL FRUWR ROl S22 [117]
E A RHae 4 S A (L ) [125-129]
KENE A DeepSeek. ChatGPT. Sparrow. Claude MlF RARCIRAS) [91,99,120-121]
[T 40U, [ ) 2 IRAITF AR CIRA) [124]
HLAE AT FEASHLAA BB BROEAL RR-E06 ), AR kG [123,130]

64 TH5%R

X- stk 2 ST (RLXE) ()32 ML 7%
BN B B IR (13 3 FR), AFEFERR
PR T B 7 E BB 45K, Carla P& 38
T TR S SRR T 20 1 B2 B R G 1 R D
LR VT I A% AR TC BN PR 858 4 1) T 8 B 2 BV
IGAUE A3 T 254 o CarSim W %33 T &k FE 224050 77
R, ARG RS RIS AL
8 NI, Gazebo LA H i K =454 5 A /)

U ER 55, AL A N A58 i SR e U 1) 3 2 T
Ho NaARBIRER, FHRIPR T 2R
WP & NS FT GridWorld — 4834485 3] Mario AT,
Pac-Man 55T &, AFENASRAE TR0
B4R SRR 5 Nao HL#s A TurtleBot -
B NHEFET ANAZ BT 1 OpenAl Gym @ IiL R
AR, RIESETE T il 2 S e
PERTELEL M . X485 LRI - RLXEF BOR
YT 7T 2 SE R N FH B B EE AL

*®3I KWTE

S FH ATk B4R - Ihik EH ARG Sk Wl [ BT
Carla” FE BTN R Linux [114,131] RLHF
CarSim”® ERHE) J1 5 0 LR Windows [132] RLHF
H 325 Gazebo” FERAL R =GB BV AR Windows/Linux [116] RLHF
Airsim” ZENE TN 7 B3 Windows/Linux [133] RLHF
JSBSim® AT BN I AP Windows,/Linux [134] RLHF
GridWorld® YRS BT & Windows/Linux [135-137] RLHF
Mario A1? A H RIS T & Windows/Linux [138] RLAIF
= RGRIIERY Pac-Man® T H A E SR & Windows/Linux / /
o - [1,12,139] RLHF
OpenAlGym™~ gk S ST AR AL 3R 8 T & Windows/Linux .
[42,56] HA) % 2]
Nao Robot” L P AL A1 LR Windows/Linux / /
Turtle Bot® DI INS S Windows,/Linux [140-141] RLHF
BOUbLE A a "
@ SN - [36-37,43,52] ighzs)
MuJoCo® I INFIPAE S SN = Windows/Linux
[1,16,19-20,65,67,142-143] RLHF

https://carla.org/
https://www.carsim.com/
https://gazebosim.org/home
https://github.com/microsoft/AirSim
https://github.com/JSBSim-Team/jsbsim
http://www.gridworld.com/

® 060600

@ https://github.com/aleju/mario-ai

® https://pacman.com/en/

© https://github.com/openai/gym
https://www.aldebaran.com/en/nao
@ https://www.turtlebot.com/

@ https://github.com/deepmind /mujoco
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Background

Reinforcement Learning from Human Feedback (RLHF)
has become a key paradigm for aligning reinforcement learning
(RL) agents with complex human preferences. Instead of
relying on predefined reward signals, RLHF incorporates
human evaluations —such as comparisons, preferences, or
suggestions—into the learning loop, either to train a proxy
reward model or to directly adjust policy updates. This enables
agents to better capture subtle human intentions and values.
However, RLHF is inherently limited by the high cost,
subjectivity, and scarcity of human-labeled data.

To address these limitations, Reinforcement Learning from
AT Feedback (RILATF) has emerged as a scalable alternative,
using large pretrained models to generate synthetic feedback
While RLATF

significantly improves efficiency, it also introduces concerns

that can approximate human supervision.

about consistency, alignment drift, and evaluation reliability.
As these diverse feedback mechanisms proliferate, there is a
growing need for a unified framework to understand and
organize them systematically.

This survey introduces Reinforcement ILearning from
X-Feedback (RLXF), a generalized framework that
encompasses feedback from human, A1, or hybrid sources. We
categorize existing approaches into three representative

paradigms: imitation learning, RLHF, and RLAIF, and

XU Ming-Liang, Ph. D., professor. His current research
interests include embodied intelligence, virtual reality, and
industrial software, etc.

compare their modeling assumptions, optimization objectives,
and data requirements. We further explore the transformative
applications of RLXF across several domains: such as
autonomous driving, embodied intelligence, and large language
model alignment—domains where high-quality feedback is
crucial for safe and reliable decision-making.

Finally, we outline open challenges including how to
arbitrate between conflicting feedback sources, improve sample
efficiency, and ensure robustness across feedback modalities.
We conclude by discussing future directions for building
scalable, feedback-driven RL systems that adapt reliably to
complex environments.
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