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Abstract

The emergence of large language models
(LLMs) has sparkedthe discussion on Artifi-
cial Superintelligence (ASI), a hypothetical AI
system surpassing human intelligence. Though
ASI is still hypothetical and far from current
AI capabilities, existing alignment methods
struggle to guide such advanced AI ensure
its safety in the future. It is essential to dis-
cuss the alignment of such AI now. Super-
alignment, the alignment of AI at superhuman
levels of capability systems with human val-
ues and safety requirements, aims to address
two primary goals: scalability in supervision
to provide high-quality guidance signals and
robust governance to ensure alignment with
human values. In this survey, we review the
original scalable oversight problem and corre-
sponding methods and potential solutions for
superalignment. Specifically, we introduce the
challenges and limitations of current alignment
paradigms in addressing the superalignment
problem. Then we review scalable oversight
methods for superalignment. Finally, we dis-
cuss the key challenges and propose pathways
for the safe and continual improvement of fu-
ture AI systems. By comprehensively review-
ing the current literature, our goal is provide a
systematical introduction of existing methods,
analyze their strengths and limitations, and dis-
cuss potential future directions.

Figure 1: Challenges from the perspectives of super-
vision and governance. While supervision perspective
focuses on providing high-quality guidance signals for
enhancing system competence, governance perspective
emphasizes aligning the behavior of advanced aI with
human values to prevent harmful outcomes.

models like Llama 3.2 (Meta, 2024), Mixtral (Mis-
tral, 2024; Jiang et al., 2024), Qwen 2.5 (Team,
2024) and various LLM families.

The emergent abilities of LLMs have enabled
significant advancements across a wide range of
tasks. These include natural language understand-
ing (Brown et al., 2020), reasoning (Wei et al.,
2022b; Rein et al., 2024), code generation (Chen
et al., 2021; Liu et al., 2024), and multilingual trans-
lation (Shi et al., 2022). Furthermore, LLMs have
demonstrated surprising breakthroughs, such as
partially passing the Turing test (Jones and Bergen,
2024) and achieving high accuracy on hard math-
ematical problems (Rein et al., 2024). Recent re-
search indicates that these advancements in LLMs
have sparked discussions about the transition from

1 Introduction

Language models have shown improved capabili-
ties as their scale increases, a phenomenon known 
as emergent abilities (Wei et al., 2022a; Brown 
et al., 2020; Kaplan et al., 2020; Nam et al., 2024; 
Hu et al., 2024). This scaling has led to the devel-
opment of large language models (LLMs), includ-
ing proprietary models such as GPT-o1 (OpenAI, 
2024), Claude 3.5 (Anthropic, 2024), and Gemini 
Ultra (Team et al., 2024), as well as open-source
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artificial narrow intelligence (ANI) to the possibil-
ity of artificial general intelligence (AGI), though
the latter is still far from being realized. This also
makes the idea of artificial superintelligence (ASI)
(Pohl, 2015; Batin et al., 2017) a theoretical con-
cept worth discussing. ANI refers to AI systems
currently in use, which are designed to perform
specific tasks, such as LLMs for healthcare (Huang
et al., 2024) and software engineering (Fan et al.,
2023), but they lack the general cognitive abili-
ties of humans. In contrast, AGI represents an AI
model theoretical that shows human-level capabili-
ties, including reasoning, learning, and adaptability
across various domains (Bubeck et al., 2023; Fei
et al., 2022; Goertzel, 2014; Pohl, 2015; Batin et al.,
2017). The development in LLM, particularly their
ability to generalize knowledge and exhibit emer-
gent behaviors, has led to the possibility of achiev-
ing AGI in the future (Bubeck et al., 2023). This
development also draws attention to ASI, a hypo-
thetical future stage of AI where machines would
not only hold human-level intelligence in all areas
but also have advanced cognitive functions and so-
phisticated thinking abilities (Mucci and Stryker,
2023; Hughes et al., 2024). Considering the poten-
tial to achieve ASI in the future, it is essential to
envision, prepare for ASI and explore how to align
it with human values to avoid potential negative
impact on the society.

However, the development of ASI poses chal-
lenges, particularly due to the lack of guidance
signals when humans cannot supervise AI systems
with labeled data. Figure 1 illustrates the chal-
lenges in scaling high-quality guidance signals. Su-
peralignment is defined as “the process of super-
vising, controlling, and governing artificial super-
intelligence systems” (Jonker and McGrath, 2024;
Jan Leike, 2023) and encompasses two sub-goals
from the perspectives of supervision and gover-
nance. Achieving these goals requires an iterative
and co-evolving process.

From a supervision perspective, the goal is to
build high-quality guidance signals to enhance the
model’s helpfulness. Traditional training methods,
such as reinforcement learning with human feed-
back (RLHF) (Ouyang et al., 2022), face scala-
bility issues once model begin to surpass human
intelligence. This creates a critical bottleneck, the
inability to provide high-quality guidance signals
that improve the system’s helpfulness or compe-
tence. From a governance perspective, the goal
is to effectively regulate the model’s behavior to

ensure it remains harmless and aligned with hu-
man values. Without robust governance, ASI could
behave in unpredictable, harmful, or even catas-
trophic. For instance, poorly aligned ASI systems
might pursue goals that inadvertently disempower
humanity or create existential risks. To address
this, it is essential not only to constrain AI behav-
iors but also to ensure that these systems operate in
a manner that is inherently safe and aligned with
ethical principles. This Superalignment process
involves developing methods to guide advanced AI
systems, ensuring they remain beneficial and safe,
maximizing benefits for humanity.

Current alignment paradigms, such as re-
inforcement learning with human feedback
(RLHF) (Christiano et al., 2017; Ouyang et al.,
2022; Gulcehre et al., 2023), supervised fine-tuning
(SFT) (Zhou et al., 2023; Rafailov et al., 2023),
and in-context learning (ICL) (Gou et al., 2024; Xu
et al., 2023), have shown promise in aligning LLMs
with human values and goals (Wang et al., 2024).
RLHF leverages human feedback to train a reward
model, which generates rewards that help align
the language model with human preferences. In
contrast, SFT eliminates the reinforcement reward
model and directly fine-tunes the language model
using human feedback. Meanwhile, ICL aligns the
output of LLMs with human values by constrain-
ing their responses during inference without the
need for additional training. Scalable oversight, the
original concept which led to the superalignment,
aims to develop scalable, high-quality supervision
signals that can guide AI systems beyond human
capabilities while ensuring alignment with human
values and goals (Amodei et al., 2016; Taylor et al.,
2016; Olah, 2016). However, despite advance-
ments in RLHF, SFT, and ICL, these paradigms
struggle to achieve the goal of superalignment.

From a supervision perspective, RLHF is limited
by the scalability and reliability of human feedback.
As models grow in complexity, collecting feedback
that is accurate, consistent, and comprehensive be-
comes increasingly difficult, leaving gaps in guid-
ance. Similarly, SFT faces challenges in curating
and annotating datasets that are sufficiently diverse
and representative to fine-tune ASI effectively. ICL,
while bypassing training entirely, relies on care-
fully crafted prompts during inference, which are
inherently constrained in scalability and expres-
siveness. From a governance perspective, RLHF
and SFT rely heavily on the quality and intent of
human supervision, raising concerns about biases
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and inconsistencies in feedback. The potential for
misaligned human oversight poses risks, particu-
larly as models exceed human capabilities. ICL, on
the other hand, requires governance structures to
ensure that prompt constraints align with broader
human values, a process that is difficult to standard-
ize and enforce. Additionally, the risk of deception
by advanced AI systems further complicates gover-
nance (Yang et al., 2024a). Thus, the lack of scal-
able, high-quality, and diverse supervision signals
remains a bottleneck in achieving superalignment.
To tackle superalignment challenges, tailored meth-
ods must be designed. As models keep advancing,
it is crucial to enhance their capabilities during de-
velopment while steering their values and goals to
maximize benefits for human society.

Our objective is to provide an overview of the
superalignment problem, including its origins, his-
torical context, and definition, as well as the current
state of superalignment research and potential so-
lutions. In Section 2, we introduce the concept of
different AI types, the corresponding challenges,
and the limitations of current alignment paradigms
in addressing the superalignment problem. In Sec-
tion 3, we analyze current scalable oversight tech-
niques and discuss the specific challenges associ-
ated with each method. In Section 4, we summarize
the key challenges of scalable oversight and explore
potential pathways to address these challenges.

2 Background and Formalization

2.1 Terminology

Artificial Narrow Intelligence (ANI) ANI or
“weak AI,” refers to AI systems designed to excel
at a single specific task T0. These systems operate
equal or below human-level performance in the task
and lack generalization capabilities. Formally, This
can be formalized as AANI(T0) ≤ H(T0), where
AANI(T0) represents the performance of the ANI
system on task T0, and H(T0)represents human-
level performance for the same task and domain
(e.g., translation).

However, for certain tasks, such as chess and
Go, modern ANI systems have surpassed human-
level performance AANI(T0) > H(T0) (Mucci
and Stryker, 2023; Silver et al., 2016). De-
spite their impressive performance in these
specific areas, ANI systems are limited in their
ability to perform other tasks (T1:∞), where
AANI(Ti) < H(Ti), ∀Ti ̸= T0.

Artificial General Intelligence (AGI) AGI
refers to a theoretical leap beyond ANI. AGI sys-
tems would possess human-level intelligence and
show general-purpose capabilities across a wide
range of tasks and domains (Bubeck et al., 2023;
Fei et al., 2022; Goertzel, 2014; Pohl, 2015; Batin
et al., 2017). AGI systems generalize knowl-
edge and adapt to new challenges. This can be
formalized as AAGI(Ti) = H(Ti), ∀Ti, where
AAGI(Ti) represents the AGI system’s performance
on task Ti with a potentially infinite set of tasks
i → ∞, and H(Ti) represents human-level perfor-
mance in the same tasks and domains. Although
current LLMs mark significant progress beyond
ANI, they remain far from reaching true AGI.

Artificial Superintelligence (ASI) ASI refers to
AI systems that surpass human intelligence (H)
in all tasks and domains with exceptional think-
ing skills (Mucci and Stryker, 2023; Hughes et al.,
2024). ASI systems demonstrate superior reason-
ing, creativity, and adaptability, formally described
as AASI(Ti) ≫ H(Ti), ∀Ti, where ≫ indicates
that the ASI system outperforms human intelli-
gence in quality of results.

ASI is currently far from realization, but dis-
cussing how to address the challenges of super-
alignment is both timely and critical for mitigat-
ing catastrophic risks (Pueyo, 2018). Proactive
preparation is essential, as the rapid development
of AI could outpace our ability to respond, leaving
no room for correction. Furthermore, supervision
and governance must co-evolve as interactive pro-
cesses, enhancing AI capabilities while simultane-
ously mitigating associated risks.

2.2 Superalignment

Superalignment is the goal of increasing the capa-
bility and aligning ASI (Jonker and McGrath, 2024;
Jan Leike, 2023). Superalignment originates from
the concept of scalable oversight, which addresses
the challenge of guiding the behavior of AI systems
in a scalable manner as they approach or exceed
human-level intelligence.

Scalable oversight is formally defined as “the
process of ensuring that a given AI system ad-
heres to aspects of its objectives that are too costly
or impractical to evaluate frequently during train-
ing” (Amodei et al., 2016). This concept shows the
need for methods that provide reliable, high-quality
supervision signals, even providing such signals is
highly expensive or even infeasible as the tasks
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become too complicated. Superalignment, as a spe-
cific case of scalable oversight, focuses on align-
ing AI with human values while also enhancing
its capability, where such off-the-shelf supervision
signals are unavailable.

Formally, superalignment is defined as “the pro-
cess of supervising, controlling, and governing ar-
tificial superintelligence systems” (Jonker and Mc-
Grath, 2024) with the goal of developing methods
that provide high-quality supervision signals that
guide its development and behavior, even in the
absence of direct human oversight or traditional
feedback mechanisms such as human-labeled data
or RLHF (Amodei et al., 2016; Christiano et al.,
2018). As AI capabilities grow, these traditional
methods become increasingly insufficient due to
the escalating cost and expertise required for hu-
man supervision.

Since the emergence of large-scale models and
the increase in their capabilities, superalignment
has gained significant attention as a means to
ensure that AI systems remain aligned with hu-
man values while maintaining its capability. Scal-
able oversight techniques, such as sandwiching
and weak-to-strong generalization (W2SG), have
emerged as promising approaches for superalign-
ment.

2.3 Overview of Superalignment Methods and
Challenges

2.3.1 Definition & Formalization
Scalable oversight addresses the challenges when
evaluating tasks performed by AI systems that are
too complex for a single human to evaluate directly.
Consider an ANI system AANI that is trained to
align with an objective O. During its training, a
set of supervision signals S = {s1, s2, . . . , sn} is
provided. These signals represent feedback or eval-
uation metrics sourced from other AI systems or hu-
mans to guide AANI’s behavior. Scalable oversight
aims to ensure that AANI adheres to the aspects of
O that are too costly or complex to evaluate directly
and frequently. Formally, scalable oversight can be
expressed as follows:

EX∼D [Align(B(AANI, X, S),O)] ≥ τ (1)

where X represents inputs sampled from
the data distribution D, B(AANI, X, S) is
the behavior of AANI when processing X ,
Align(B(AANI, X, S),O) measures the alignment
of B(AANI, X, S) with O, and τ is a predefined

threshold representing acceptable alignment.
The main challenge lies in the scalability of S.
As AANI approaches or exceeds human-level
capabilities, the set of supervision signals S must
be enriched with quality.

Key Idea Scalable oversight is a method for achiev-
ing superalignment by providing high-quality
supervision signals for AI systems surpassing
human intelligence. It focuses on evaluating and
guiding AI systems, while superalignment is the
ultimate goal that ensures AI systems remain
aligned with human values and goals.

2.3.2 Methods
Scalable oversight has emerged as a promising so-
lution to superalignment. It enables the efficient
alignment of AI systems with complex objectives
that would otherwise be too costly or difficult to
evaluate frequently. Various scalable oversight
techniques have been proposed, including iterated
distillation and amplification (IDA) (Christiano
et al., 2018; Charbel-Raphaël, 2023), recursive re-
ward modeling (RRM) (Leike et al., 2018), and co-
operative inverse reinforcement learning (Hadfield-
Menell et al., 2016). These approaches serve as
the basis for current scalable oversight methods,
such as weak-to-strong generalization, debate, re-
inforcement learning from AI feedback, and sand-
wiching (Burns et al., 2023; Irving et al., 2018; Bai
et al., 2022; Bowman et al., 2022). Figure 3 illus-
trates the current scalable oversight paradigms and
corresponding concrete methodologies.

• Weak-to-Strong Generalization (W2SG)
is an empirical study builds on idea from
IDA (Christiano et al., 2018; Charbel-Raphaël,
2023) and RRM (Leike et al., 2018). W2SG
explores whether a strong AI system trained
on weak AI system labels can surpass the
capabilities of the fine-tuned weak AI sys-
tem (Burns et al., 2023).

• Debate involves two AI systems engaging in a
zero-sum debate, each aiming to maximize its
chances of winning. A judge determines the
final answer that is safe and useful based on
the debaters’ statements (Irving et al., 2018).

• Reinforcement Learning from AI Feedback
(RLAIF) is an approach replaces human feed-
back with AI-generated feedback to train a re-
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ward model and optimize an RL policy model
for alignment (Bai et al., 2022).

• Sandwiching is a method to evaluate AI sys-
tem’s performance between less capable (non-
expert) and more capable (expert) humans,
simulating scenarios with limited human over-
sight (Cotra, 2021; Bowman et al., 2022).

Challenges Despite their potential, scalable over-
sight methods face important challenges. A pri-
mary concern is the exploitability of helper sys-
tems, which are integral to these methodologies.
For instance, helper systems used in training can
themselves be exploited by the primary AI they are
meant to align, as observed in adversarial vulner-
abilities and reward hacking (AdamGleave, 2023;
Everitt et al., 2023). Additionally, adversarial ro-
bustness remains a persistent issue, as even state-
of-the-art systems are susceptible to adversarial at-
tacks, raising concerns about their behavior under
worst-case scenarios (AdamGleave, 2023).

3 Approaches and Methods

3.1 Weak-to-Strong Generalization (W2SG)

Figure 2: Weak-to-strong generalization technique. 1
A weak AI system is first trained using instructions
and labeled responses. 2 It is then used to generate
pseudo-responses for training a strong AI system. De-
spite the potential noisiness of these pseudo-responses,
the strong AI system’s generalization capability (red
border) is where essence of scalable oversight comes
from, surpassing the performance of the weak AI one.

In this section, we provide an overview of the
W2SG technique, which leverages a strong AI sys-
tem trained on labels generated by a weak AI sys-
tem, surpassing the capabilities of the fine-tuned
weak AI system. We explore its formalization,
review existing works, discuss applications, and
analyze its advantages and limitations.

3.1.1 Definition
The W2SG is an empirical study that leverages
pseudo-responses generated by a fine-tuned weak
AI system (i.e., weak supervisor) to train a strong
AI system (i.e., strong student) that generalizes be-
yond the capabilities of its supervisor. Although the
weak AI system may underperform compared to
the strong AI system, its pseudo-responses serve as
an effective training signal that enables the strong
student to generalize beyond the capabilities of
its supervisor. The success of W2SG lies in the
strong AI system’s inherent ability to understand-
ing the underlying task and generalize from pseudo-
responses. This ensures that the strong AI system
mitigates noisy and biased in the pseudo-responses,
making the technique viable for training AI sys-
tem that surpass human intelligence level. Figure 2
illustrates the process of the W2SG technique.

3.1.2 Formalization
Given an input space defined as X =
{x0, x1, . . . , xn} and a label space Y that depends
on the type of classification problem. For a bi-
nary classification problem, the label space is
Y = {0, 1}, whereas for a multiclass classifica-
tion problem, it is Y = {0, 1, 2, . . . , k}.

The weak AI system is represented as Aw, and
the strong AI system is represented as As. The
data generated by the weak AI system is defined
as DWG = {(x, f(x | Agt

w )) | x ∈ DWT }, where
Agt

w represents the fine-tuned version of the weak
AI system for generating labels, DWG is the dataset
with pseudo-response labeled by the weak AI sys-
tem, and DWT is the training data for fine-tuning
the weak AI system.

The full dataset is DFull = {(x, y)}. The subset
of data used for training the weak AI system is
denoted as DWT ⊂ DFull. The test data, denoted
as DTest, is also a subset of the full data, but has
no overlap with the weak training data, such that
DTest ∩ DWT = ∅. The true label for an input
xi is represented as y(xi). The weak AI system’s
training objective is as follows:

Agt
w = argmin

Aw

Exi∈DWT
L(f(x | Aw), y) (2)

where L is the loss function used for evaluating
the AI system. The strong AI system is trained
using the weak AI system’s label with the following
objective:

Aw
s = argmin

As

Exi∈DWG
L(f(x | As), f(x | Agt

w ))

(3)

SuperIntelligence – Robotics – Safety & Alignment 2025 2(1) Large Language Models I



Scalable Oversight
Techniques

Weak-to-Strong
Generalization §3.1

Core Concept
& Analysis

Weak-to-Strong Generalization (Burns et al.,
2023); Model Deception (Yang et al., 2024a);

Enhancement
Bootstrapping (Burns et al., 2023);

Ensemble Methods (Sang et al., 2024);
Co-Supervised Learning (Liu and Alahi, 2024)

Application Reasoning (Yang et al., 2024b); Vision (Guo et al., 2024)

Debate §3.2

Core Concept
& Analysis

AI Safety via Debate (Irving et al., 2018);
Doubly-Efficient Debate (Brown-Cohen et al., 2023);

Debate with Weak Judges (Kenton et al., 2024)

Enhancement
Prover-Verifier (Kirchner et al., 2024);

Persuasive Debate Optimization (Khan et al., 2024)

Evaluation SCALEEVAL (Chern et al., 2024)

Application Multi-Agent Reasoning (Du et al., 2023)

Reinforcement
Learning from AI

Feedback §3.3

Core Concept
& Analysis

Constitutional AI (Bai et al., 2022);
RLAIF vs. SFT (Sharma et al., 2024);

Self-Rewarding Models (Yuan et al., 2024)

Enhancement d-RLAIF (Lee et al., 2024)

Application RLAIF-V (Yu et al., 2024);
Code Generation (Dutta et al., 2024)

Sandwiching §3.4

Core Concept
& Analysis Sandwiching (Cotra, 2021)

Evaluation Measuring Scalable Oversight (Bowman et al., 2022)

Figure 3: Scalable oversight techniques, categorized by key techniques, core concept & analysis, enhancement,
evaluation and application.

3.1.3 Core Concept & Analysis
One study highlights the risk of strong student
deceiving weak supervisor by exhibiting cor-
rect behavior in areas known to the weak AI
system while producing misaligned or harmful
behaviors in areas beyond the weak AI system’s
understanding (Yang et al., 2024a). It focuses on
multi-objective alignment tasks, where conflicting
alignment targets (e.g., helpfulness vs. harmless-
ness) cause strong AI systems to misalign their
behavior in ways undetectable to the weak AI
system. The paper introduces the concept of a
deception score, which quantifies the extent of
misalignment in areas unknown to the weak AI
system but understood by the strong AI system.

3.1.4 Enhancements
The original W2SG work (Burns et al., 2023)
presents a proof of concept for enhancing perfor-
mance through bootstrapped supervision with inter-
mediate AI systems. Instead of directly aligning a
strong AI system, the approach adopts an iterative
process: first aligning a slightly stronger AI system,
then using that system to align an even stronger
one, and repeating this cycle. While the W2SG
technique demonstrates how weaker AI systems
can generate pseudo-responses to align stronger
ones, it is computationally demanding, as it re-

quires training multiple weak AI systems to scale
alignment. Moreover, the method exhibits high
variance in performance across tasks and is sensi-
tive to the learning setup, such as hyperparameters.
The stronger AI systems are also more susceptible
to overfitting to pseudo-responses. Additionally,
the work focuses primarily on simpler tasks, such
as binary classification in reward modeling, rather
than alignment tasks using direct preference opti-
mization, limiting its applicability to more complex
scenarios.

Another work seeks to enhance W2SG by in-
tegrating two methods (Sang et al., 2024). The
first method, ensemble learning, combines mul-
tiple weak supervisors using techniques such as
bagging and boosting to improve the quality of
pseudo-response from weak supervision. The sec-
ond method, leverages external AI system (i.e.,
auxiliary models) to refine the pseudo-response
provided by weak AI system (e.g., debate). While
the study introduces a two-phase W2SG frame-
work for aligning ASI and provides some empirical
results for the first phase, The experiments were
confined to binary classification tasks and used a
relatively small AI system (e.g., GPT-2) for evalua-
tion. Also, debate-based methods using auxiliary
model achieved limited success.

The Co-Supervised Learning (CSL) framework
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improves W2SG through a hierarchical mixture of
experts approach (Liu and Alahi, 2024). Unlike
traditional W2SG methods that rely on a single
weak supervisor, CSL uses multiple specialized
weak supervisors to collectively supervise a
strong student. The method alternates between
two key components: teacher assignment, which
matches data samples with the most suitable weak
supervisor, and noise reduction, which filters
out unreliable or noisy labels. This hierarchical
structure allows the weak supervisor to assign
supervision effectively across various specialized
domains, improving the overall learning process.
While CSL introduces this novel multi-teacher
framework, it has some limitations. The hi-
erarchical mixture of experts and alternating
processes may add computational overhead,
making the approach more resource-intensive
than simpler methods. Additionally, the success
of CSL depends on the existence of well-defined
specializations among the weak supervisors; if
these are not sufficiently distinct, the performance
improvements may be limited. Furthermore, the
experiments were limited to vision recognition
tasks, with limited model size and resource
constraints restricted the range of tasks.

3.1.5 Applications
Reasoning One work applies W2SG to complex
reasoning tasks on large language models (Yang
et al., 2024b). It addresses the challenge of en-
abling strong AI systems to learn from weaker su-
pervisors in reasoning contexts rather than simple
classification problems. The proposed progressive
learning framework involves two stages—in the
first stage, the strong AI system is fine-tuned us-
ing a smaller, curated, and more reliable subset
of data generated by weak AI systems, combined
with in-context learning from the strong AI system
itself. In the second stage, preference optimiza-
tion is applied to learn from the weak AI systems’
errors, enabling the strong AI system to enhance
its reasoning capabilities through contrastive sam-
ple creation. This approach shows promising re-
sults, particularly with larger AI systems (up to
70B parameters) and alignment tasks with direct
preference optimization. However, the process of
curating reliable training data in the first stage re-
quires careful filtering, which could introduce ad-
ditional complexity when scaling to larger datasets
or different domains.

Vision Guo et al. (2024) applied W2SG to vi-
sion foundation models and proposed an adaptive
confidence distillation method. This method bal-
ances learning from the weaker supervisor while
enabling the strong student AI system to rely on its
own predictive capabilities when confident. Their
approach demonstrates the potential of W2SG in
vision tasks. However, a limitation arises from
the training setup, where both the weak and strong
AI systems are fine-tuned on the original dataset.
This overlap makes it challenging to attribute the
improvements to W2SG alone.

3.1.6 Strengths and Limitations
Analysis of W2SG identifies significant issues re-
lated to AI deception. However, addressing these
challenges remains difficult, as no clear method
currently exists to fully mitigate deception. The
enhancement methods within W2SG demonstrate
considerable potential by leveraging multiple weak
supervisors to improve alignment and performance.
However, they are computationally intensive, often
requiring the training of multiple specialized weak
AI systems. Their performance heavily depends
on a carefully designed training setup. Current
implementations use small model sizes and are re-
stricted to simpler or domain-specific tasks (e.g.,
binary classification), limiting their applicability to
broader and more complex scenarios. Applications
of W2SG underscore its potential to enhance strong
AI systems across diverse domains without direct
reliance on human annotations. Nevertheless, scal-
ability remains a significant challenge due to the
complexities involved in data curation and filtering.

3.2 Debate

In this section, we introduce the debate framework,
a method where two AI systems engage in adver-
sarial dialogue to convince a judge about the cor-
rectness of their respective arguments. We provide
a detailed overview of its formalization, key contri-
butions in literature, applications, and its strengths
and limitations.

3.2.1 Definition
Debate technique utilize two AI systems engage in
adversarial dialogue to convince a judge—human
or AI system—about the correctness of their re-
spective arguments like in Figure 4. This paradigm
treats these interactions as zero-sum games and
is centered on a claim: “In the debate game, it is
harder to lie than to refute a lie.” (Irving et al., 2018)
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Figure 4: Debate technique. Two AI systems engage
in an adversarial dialogue aimed at convincing a judge
of the correctness of their respective arguments. Given
a question Q, each AI system (0 and 1) presents its
answer (A0, A1) along with supporting statements (S).
The judge evaluates the dialogue and selects the most
convincing argument. Scalable oversight is achieved
through this debate process (red box), as the judge can
choose their decision on the dialogue rather than having
to derive an answer from scratch.

At Nash equilibrium in this game, both agents strive
to present the truth in the most convincing manner
possible, uncovering details or counterarguments
the other may have overlooked. The debate frame-
work is designed to elicit truthful and useful infor-
mation that might exceed the judge’s direct com-
prehension. Importantly, the judge does not need
to evaluate every potential debate outcome; instead,
a single argument path, chosen by a strong AI sys-
tem of humans, suffices to represent the reasoning
across the entire decision tree. This property en-
ables scalable oversight that can relate notation as
A as the model (i.e., AI system) to be updated, q
is an input debate question, and S is an adversarial
dialogue with final selection by a judge. The pri-
mary hypothesis underlying the debate AI system
posits that optimal play in this setup yields hon-
est, aligned information that surpasses the judge’s
capabilities.

3.2.2 Formalization
The debate process involves two AI system agents,
denoted as A0 and A1, competing to persuade a
judge J regarding their respective stances on a
given problem q. Let the space of all possible
arguments be denoted as S, and the problem space
as Q. The debate unfolds through the following
steps:

1. A question q ∈ Q is presented to both agents

A0 and A1.

2. Each agent provides an initial answer,
a0, a1 ∈ A, where A represents the space
of possible answers (i.e., binary in this case).
The initial answers a0 and a1 provided by the
agents may either be the same (a0 = a1) or
different (a0 ̸= a1). Let’s say the answers are
determined as A0(q) = a0 and A1(q) = a1.

3. The agents alternate turns to present argu-
ments with each statement s0, s1, . . . , sn−1 ∈
S, either building upon their own arguments
or critiquing the opponent’s.

4. The judge J evaluates the complete dia-
logue sequence (q, a0, a1, S), where S =
(s0, s1, . . . , sn−1), and decides which agent
has made the most convincing case.

The sequence of statements S =
(s0, s1, . . . , sn−1) is generated as a result of
the strategies π0 and π1 employed by the agents
A0 and A1, respectively. Each strategy πj is a
function or policy that maps the debate’s history to
the next argument:

πj : H → S (4)

where H is the debate history. For example, at
turn k, the agent’s argument is determined as
sk = πj(Hk), where Hk represents the debate his-
tory up to k turn. The interaction between the two
strategies π0 and π1 determines the evolution of
the full argument sequence S.

The debate can be modeled as a zero-sum min-
imax game, where each agent seeks to maximize
their probability of being chosen by J . Formally,
let π0 and π1 represent the strategies of agents A0

and A1, respectively, and let u(π0, π1) be the pay-
off function, where u(π0, π1) quantifies the utility
derived from a combination of strategies. The ob-
jective for each agent Ai is to solve:

π∗
i = arg max

πi∈Πi

min
πj∈Πj

u(πi, πj), i ̸= j (5)

where Π0 and Π1 denote the strategy spaces of A0

and A1. Here, π∗
i represents the optimal strategy

for Ai, which guarantees the highest possible utility
even under the opponent’s optimal counter-strategy.
The judge’s decision function J is a binary deci-
sion of which agent presented the more persuasive
argument, defined as:

J (q, a0, a1, S) ∈ {0, 1} (6)
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3.2.3 Core Concept & Analysis

Irving et al. (2018) introduced the concept of de-
bate, where two AI agents engage in a discussion
to persuade a human judge. The judge determines
which agent presents the most truthful and useful
information. Similar to principles in complexity
theory, this framework indicates that the agents are
motivated to deliver aligned and truthful arguments.
This debate AI system is effective for scalable over-
sight that is too complex for humans to evaluate
directly. However, ASI may exploit the judge’s bi-
ases and understanding, possibly misrepresenting
human values. Additionally, engaging in debate
may require more AI system’s capacity than a di-
rect answer approach, potentially making debate
less effective than other training methods. Human
judges are also prone to biases, which could lead
them to favor arguments that confirm their existing
beliefs.

Brown-Cohen et al. (2023) enhanced the debate
framework by introducing doubly-efficient debate.
This debate method enables two polynomial-time
provers (i.e., debaters) to compete in convincing
a verifier (i.e., judge) of the correctness of a solu-
tion while using minimal human judgment. This
efficiency in human judgment supports the scalable
oversight of AI systems. Meanwhile, the frame-
work provides an efficient method for debate that
relies on minimal human judgment. However, there
are two key concerns which are the framework as-
sumes the existence of a prover at AGI level, which
may not be applicable in practice; and the inherent
flaws in human verification reduce the reliability of
real-world applications.

Kenton et al. (2024) investigated scalable over-
sight using weak LLMs as judges for stronger
LLMs. The study examined three protocols—
debate, consultancy, and direct question-answering
(QA), evaluating them across tasks with varying
levels of information asymmetry, including math-
ematics, coding, and logic. The results showed
that debate consistently outperformed consultancy
by leveraging adversarial interactions between de-
baters, enabling weak judges to provide more accu-
rate oversight. However, weak judges’ reliance on
debaters and consultants poses challenges that may
lead to inaccurate decisions. Furthermore, the study
found that both debate and consultancy were less
effective than QA protocols where judges directly
answered questions or reviewed source articles be-
forehand, raising questions about the effectiveness

of the debate approach.
However, these frameworks assume that debaters

generate comprehensible reasoning traces and are
vulnerable to the biases or limitations of weak
judges. They are also at risk of adversarial ex-
ploitation by strong AI systems and may be less
reliable due to inherent human limitations.

3.2.4 Enhancement Methods
Kirchner et al. (2024) introduced Prover-Verifier
Games to improve the legibility of AI system. It in-
volves a “helpful” and “sneaky” prover generating
solutions and a verifier evaluating their correctness
and iterative refinement. By enabling adversarial
interactions, the approach increases the legibility
of complex solutions. However, training involves
an iterative process between provers and verifiers,
requiring multiple rounds and significant computa-
tional resources. The reliance on reliable ground
truth data limits generalization to domains with-
out labels. Additionally, adversarial provers can
exploit verifier weaknesses, and the trade-off be-
tween performance and legibility poses challenges
to scalability.

Khan et al. (2024) explored the use of more
persuasive LLMs in debate setups to enhance the
accuracy of weaker judges. Their study demon-
strated that optimizing debaters to persuade judges
effectively helps non-expert judges better identify
truthful answers, particularly in adversarial debates.
This optimization improves judge calibration and
improves judge performance. However, the results
are limited to setups where debaters can provide
verified evidence to the judge, which may be prob-
lematic if the model relies solely on persuasive
output without factual evidence. Additionally, the
models are fine-tuned using RLHF for honesty,
leaving it unclear whether the debate would re-
main effective if applied to deceptive models that
prioritize performance over truthfulness.

3.2.5 Evaluation
The SCALEEVAL leverages multi-agent debates
to establish scalable and reliable evaluation bench-
marks for LLMs across diverse scenarios, such as
brainstorming (Chern et al., 2024). By enabling
agents to critique and iteratively discuss responses,
it minimizes the reliance on extensive human anno-
tations while maintaining alignment with expert
judgments. However, its dependence on agent
agreement and limited human involvement can
pose challenges, particularly in edge cases where
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consensus is difficult to achieve.

3.2.6 Applications
Du et al. (2023) demonstrated that multi-agent de-
bate enhances reasoning and factuality in language
models. This approach involves multiple instances
of language models proposing and debating their
individual responses and reasoning processes over
multiple rounds to reach a common final answer.
The method has proven effective in tasks such
as mathematical reasoning and factual question-
answering. However, the computational complex-
ity increases with the number of debaters involved.
Additionally, longer debates can lead to challenges
in maintaining coherence and understanding within
AI systems.

3.2.7 Strengths and Limitations
Analysis of debate frameworks proves their effec-
tiveness across diverse tasks by assisting weaker
judges in providing more accurate oversight. How-
ever, these frameworks assume that debaters gener-
ate comprehensible reasoning traces and are suscep-
tible to the biases and limitations of weak judges.
Furthermore, they are vulnerable to adversarial ex-
ploitation by strong AI systems and may exhibit
reduced reliability due to inherent human biases,
especially if the judge is human.

AI debate enhancement methods improve the
correctness and legibility of outputs, aiding weaker
judges in identifying truthful answers. Neverthe-
less, these methods require significant computa-
tional resources, depend heavily on labeled data,
and risk emphasizing persuasiveness over factual
accuracy. Scalability is further limited by their de-
pendence on ground truth data. Additionally, their
robustness is challenged by adversarial strategies
that exploit system weaknesses and biases.

For applications involving reasoning and factual-
ity in language models, multi-agent debate is intro-
duced as an approach that enables multiple agents
to propose and refine responses through iterative
debates. This method is particularly effective for
complex reasoning tasks. However, it introduces
increased computational overhead due to the in-
volvement of multiple agents and faces coherence
challenges during extended debates.

3.3 Reinforcement Learning from AI
Feedback

In this section, we introduce RLAIF, a technique
that replaces human feedback in RLHF with AI-

Figure 5: The RLAIF technique replaces human feed-
back in RLHF with AI-generated critiques provided by
an AI feedback system. This approach reduces depen-
dence on human annotations, which is where its scalable
oversight is realized (red border). 1 An AI feedback
system evaluates responses and trains a reward model
that guides reinforcement learning. 2 AI system is then
optimized to maximize alignment with the AI-generated
feedback with policy training.

generated critiques from an AI feedback system.
We explore its formalization, review existing works,
discuss applications, and analyze its strengths and
limitations.

3.3.1 Definition
RLAIF replaces human feedback in RLHF with
AI-generated critiques to reduce dependency on hu-
man labels. Figure 5 illustrates the RLAIF process.
The AI feedback system evaluates the model’s re-
sponses and generates critiques, which are used
to train a reward model. This reward model pro-
vides a learning signal for optimizing the reinforce-
ment learning policy. By aligning the policy with
AI-generated feedback, RLAIF achieves a balance
between leveraging pre-trained model capabilities
and ensuring scalability through automated critique
generation.

3.3.2 Formalization
RLAIF technique integrates reinforcement learn-
ing (RL) with AI-generated feedback for policy
training. Instead of human feedback, the reward
model rθ(x, y) is trained using AI feedback from a
pre-trained language model. The goal is to learn a
policy π : SS → AS that maximizes cumulative
reward, where SS is the state space (e.g., a set of
prompts), AS is the action space (e.g., candidate
responses).

In RLAIF, the AI feedback model AF (x, y) pre-
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dicts the quality of responses y to prompts x. The
reward model rθ(x, y) learns to approximate this
feedback, optimizing the RL policy. The reward
model is trained to minimize the loss function:

L(θ) = −E(x,yw,yl) [log (σ (rθ(x, yw)− rθ(x, yl)))]
(7)

where yw and yl are the preferred and less preferred
responses. The RL policy πRL

ϕ is fine-tuned using
the feedback from the AI-generated reward model.
The objective function for the RL policy is:

objective(ϕ) = E(x,y)∼D
πRL
ϕ

[
rθ(x, y)− β log

(
πRL
ϕ (y | x)

πSFT(y | x)

)]
+ γEx∼Dpretrain

[
log
(
πRL
ϕ (x)

)]
(8)

where DπRL
ϕ

is the distribution of prompt-response

pairs generated by the policy, πSFT is the supervised
fine-tuned, but unaligned model, and β is a constant
controlling the strength of the KL penalty. Lastly,
Dpretrain is added to balance AI feedback and pre-
trained capabilities.

3.3.3 Core Concept & Analysis
Bai et al. (2022) introduced the concept of consti-
tutional AI, which aims to train harmless AI sys-
tems using a “constitution” of predefined principles.
The process includes a supervised learning phase,
where the AI system trains with self-generated cri-
tiques and revisions, and a reinforcement learning
phase that leverages an AI preference model in-
stead of human feedback. Self-critique and self-
improvement make Constitutional AI more harm-
less, while its ability to evaluate critique based on
predefined principles enhances transparency. How-
ever, reliance on predefined principles may limit
adaptability in various environments, as tailored
principles are needed. Additionally, using AI feed-
back instead of human annotations could propagate
existing biases within models.

Sharma et al. (2024) compared two training
strategies, SFT and AI feedback, for RL model-
ing by evaluating their effectiveness, including the
capability gap between direct preference training
generated by the teacher model and RLAIF train-
ing with the AI feedback model. The findings re-
vealed that SFT on high-quality completions can
outperform RLAIF. The authors also found that for
RLAIF to outperform SFT, a sufficiently strong pre-
trained base model is necessary, and there must be
a capability mismatch between the teacher used for
SFT data collection and the critic used for AI feed-
back. These results raise concerns that replacing

human labelers with AI could lead to suboptimal
outcomes.

Yuan et al. (2024) proposed a a self-rewarding
training, where models generate their own feedback
during training. This self-improvement paradigm
demonstrated improved instruction-following and
reward modeling abilities. While promising, this
approach demands substantial computational re-
sources and careful calibration.

3.3.4 Enhancement

Lee et al. (2024) propose Direct-RLAIF (d-RLAIF)
by eliminating a separate reward model to train
RLAIF. It directly uses feedback from an off-the-
shelf LLM during reinforcement learning. This
approach addresses key challenges such as RM
staleness (i.e., the generated output become increas-
ingly out-of-distribution from the dataset the RM
was trained on, leading to suboptimal performance)
and the time-consuming of RM training and AI
preference labeling. By simplifying the reinforce-
ment learning pipeline, d-RLAIF offers improved
efficiency and effectiveness in tasks like summa-
rization and dialogue generation.

3.3.5 Applications

Yu et al. (2024) introduced RLAIF-V, a framework
for aligning multimodal large language models us-
ing open-source feedback. Multimodal training
is implemented through SFT training with multi-
modal instructions (e.g., video question-answering
tasks). The trained SFT model is used to evaluate
preference scores based on detailed descriptions of
video clips (which are also self-generated), which
are then utilized to train the model as a reward
model. Finally, the SFT model undergoes RLAIF
training with the reward model using proximal pol-
icy optimization (PPO). While RLAIF-V enables
multimodal RLAIF training, the method is largely
dependent on the quality of the generated content
from the base AI model.

Dutta et al. (2024) applied RLAIF to enhance
code generation in lightweight LLMs, focusing on
tasks requiring to generate accurate API call. By
training on AI-generated feedback from larger mod-
els, their framework improved code executability
rates significantly, outperforming fine-tuned base-
lines. However, reliance on larger models for feed-
back than the base model for training limit the
applicability of this approach.

SuperIntelligence – Robotics – Safety & Alignment 2025 2(1) Large Language Models I



3.3.6 Strengths and Limitations
The core concept successfully reduced reliance
on human annotations. However, challenges in-
clude the risk of propagating biases through AI
feedback, limited adaptability in dynamic environ-
ments, and substantial computational demands for
iterative training.

The RLAIF enhancement simplifies reinforce-
ment learning, enabling efficient self-improvement
for LLMs. While this approach mitigates some lim-
itations of traditional methods, it also introduces
dependencies on the quality of off-the-shelf LLMs
for feedback, which may amplify existing biases.
The absence of a specialized reward model could
further restrict adaptability across diverse tasks.

Applications of RLAIF improve training effi-
ciency and scalability across multimodal and code
generation tasks. However, the success of this ap-
proach depends on the quality of feedback from
base models, as low-quality feedback may harm
performance. Additionally, reliance on larger, more
powerful models for feedback could necessitate the
use of general-purpose LLMs, which may struggle
to handle domain-specific expertise.

3.4 Sandwiching

In this section, we introduce the sandwiching tech-
nique, a structured approach for evaluating scalable
oversight in AI alignment. This technique positions
the capabilities of AI systems between those of
non-expert humans and domain experts, enabling a
systematic assessment of alignment strategies.

3.4.1 Definition
Sandwiching is a technique for the evaluation de-
signed to address the challenge, where a model’s
capabilities exceed those of non-expert humans
but fall short of domain experts. It aims to evalu-
ate scalable oversight methods by positioning the
model’s performance between non-expert partic-
ipants and experts, leveraging expert evaluation
to refine oversight strategies (Cotra, 2021). This
technique creates a structured experimental envi-
ronment for testing scalable oversight.

3.4.2 Formalization
The sandwiching involves three key participants:
non-expert participants, a capable model, and do-
main experts. Non-expert participants interact with
the model to guide its outputs on tasks beyond their
full understanding, while domain experts evaluate
the final outputs to determine alignment success.

Figure 6: Sandwiching evaluation technique. This tech-
nique assumes an AI system’s capabilities exceed those
of a non-expert human but fall short of a domain expert.
It evaluates scalable oversight by comparing responses
from the AI system, the non-expert human, and their
interaction. The non-expert human guides the AI’s out-
puts, while the domain expert assesses alignment suc-
cess. Effectiveness is measured when the expert evalu-
ates the interaction output as the best-performing result
(78.0), outperforming the AI system and non-expert hu-
man (65.6 and 66.0, respectively).

By evaluating alignment, we can iteratively refine
the interaction protocols to achieve expert-level
alignment without requiring expert involvement
during the training phase.

Formally, let T represent the task to be per-
formed, A the model being aligned, N the non-
expert participants guiding the model, and E the
expert evaluators assessing alignment success. The
iterative alignment process can be described with
two nested loops:

1. The inner loop is where non-experts iteratively
refine the model’s alignment strategy:

Ai+1 = finner(T,Ai,N ) (9)

where finner denotes the function representing pro-
tocol adjustments made by non-experts based on
interactions with the model. This loop continues
until non-experts determine that the model meets
their alignment criteria.

2. The outer loop evaluates and updates the scal-
able oversight strategy:

SOj+1 = fouter(SOj , E(T,Ai∗ ,N )) (10)

where SOj is the scalable oversight strategy after
j iterations, and Ai∗ is the model resulting from
the inner loop after i∗ iterations. The function
fouter updates the oversight strategy based on expert
evaluations of the inner-loop results. The goal is
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to maximize the probability of alignment success,
conditioned on the iterative refinement process:

maxi,j P
(
E(T,Ai∗ ,N ) = aligned | C(Ai∗ , T ) ≥ τ)

(11)
where C(A, T ) represents the model’s capability to
solve the task T , and τ is the capability threshold
sufficient for task completion.

3.4.3 Analysis
Sandwiching offers a systematic framework to
study scalable oversight in realistic settings. It
is first proposed by Cotra et al. (Cotra, 2021) and
experimented by Bowman et al. (Bowman et al.,
2022). By focusing on tasks where the model out-
performs unaided non-experts but requires over-
sight to reach expert-level performance, the tech-
nique enables measure incremental progress on
alignment challenges. For example, experiments
with large models like GPT-3 show that non-
experts, with model assistance, can outperform
both the model and unassisted non-experts.

However, sandwiching has limitations. First, it
assumes the availability of experts for evaluation,
which may not scale well to all tasks or domains.
Second, the iterative process of refining interaction
protocols can be resource-intensive. Furthermore,
reliance on non-experts to guide model behavior
may introduce inconsistencies or biases, particu-
larly in complex or subjective tasks.

3.4.4 Strengths and Limitations
Sandwiching provides a structured approach to
scalable oversight. It enables empirical testing of
oversight techniques, offering insights into the in-
terplay between model and human capabilities in
alignment. However, its scalability is constrained
by the reliance on expert evaluations, and resource
intensity may limit its applicability in practice. Ad-
ditionally, the method’s effectiveness depends on
the careful design of tasks and protocols, as poorly
chosen tasks can yield misleading results or fail to
capture meaningful alignment challenges.

4 Challenges and Potential Directions

While scalable oversight and alignment paradigms
like RLHF, W2SG, and RLAIF have demonstrated
notable progress, they still face critical limitations
that hinder their ability to address the superalign-
ment problem. In this section, we outline the main
challenges inherent to the current paradigms and
explore potential directions for future work.

4.1 Challenges
Scalability of Supervision Signals As AI sys-
tems grow increasingly complex, traditional meth-
ods of supervision, such as Reinforcement Learn-
ing from Human Feedback (RLHF), face scala-
bility challenges. These approaches rely heavily
on human evaluative capabilities, which become
inadequate when supervising models that may sur-
pass human intelligence. Methods like W2SG or
RLAIF attempt to address these limitations but of-
ten encounter challenges in maintaining robustness
and mitigating error propagation, particularly in
tasks requiring nuanced or context-dependent un-
derstanding.

Adversarial Risks and Deceptive Behavior Ad-
vanced AI systems can exploit gaps in oversight
by aligning their behavior in areas explicitly mon-
itored while deviating in less monitored areas.
Debate-based and W2SG paradigms have high-
lighted these risks. Addressing these requires
methodologies capable of detecting and mitigat-
ing such behavior, especially in scenarios where
AI systems have incentives to obscure their true
objectives or behavior.

Resource Intensity and Dependency on Experts
Frameworks like sandwiching and debate rely heav-
ily on expert involvement for evaluation and over-
sight. While these frameworks provide valuable
insights into scalable alignment techniques, their
dependence on domain experts creates bottlenecks,
limiting scalability.

Bias Amplification Alignment techniques that
depend on AI-generated feedback, such as RLAIF,
risk propagating and amplifying biases inherent in
the models providing the feedback. This issue is
particularly concerning when aligning AI systems
across diverse domains and cultural contexts.

4.2 Potential Directions
Fostering Creativity Through Data Diversity
Encouraging data diversity can play a pivotal role
in fostering creativity and robustness in alignment
strategies. Multi-agent collaboration, where agents
with different specializations or perspectives in-
teract, has shown promise in enabling emergent
behaviors and problem-solving approaches beyond
the capabilities of individual models. Competition
among agents can further drive improvement, as ad-
versarial settings often reveal diverse argument data
that finds alignment weaknesses and suggests novel
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pathways for improvement. However, diversity-
based approaches require careful filtering to ensure
that resulting behaviors are beneficial and do not
inadvertently reinforce undesirable traits.

Iterative Training Between Teacher and Stu-
dent Models Iterative teacher-student training
involves a cyclical process where a more advanced
teacher model guides a less capable student model,
which in turn becomes the teacher for subsequent
iterations. This approach facilitates incremental
learning, where each generation of models inherits
and improves upon the alignment capabilities of
its predecessor. While this method offers scala-
bility and the ability to bootstrap stronger models
from weaker supervision signals, challenges such
as error accumulation and diminishing returns in
successive iterations must be addressed.

Search-Based Method Toward Optimal Learn-
ing Direction Search-based methods use opti-
mization techniques to explore the space of possi-
ble alignment strategies, seeking an optimal path-
way to systematically navigate complex alignment
challenges. These methods are particularly useful
when the optimal alignment direction is unclear, as
they allow for exploration and experimentation in
uncertain spaces. Techniques like Monte Carlo tree
search or gradient-free optimization can guide this
process by prioritizing regions of the search space
with the highest potential for success. However,
these methods require significant computational re-
sources and may struggle with scalability in highly
complex or dynamic environments.

5 Conclusion

In this survey, we explored superalignment, its chal-
lenges, and scalable oversight techniques. We an-
alyzed current paradigms, and practical method-
ologies, and their potential and limitations. By
identifying critical challenges and proposing future
directions, we aim to bridge current alignment tech-
niques with the goal of achieving safe and aligned
AI, preparing for future more advanced AI. Ad-
dressing these challenges is vital for guiding AI
systems toward not only avoiding harm but benefit-
ing humanity—a crucial step toward a future where
humans and AI collaborate to solve complex global
real-world problems.
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Symbol Definition

T Task performed by an AI system.
AANI(T ) Performance of ANI system on task T .
H(T ) Human-level performance on task T .
AAGI(Ti) Performance of AGI system on task Ti.
AASI(Ti) Performance of ASI system on task Ti.
D Data distribution.
X Input space.
X Collection of all input instances x.
Y Label space.
Y Collection of all label instances y.
θw Parameters of the weak AI system.
θs Parameters of the strong AI system.
DWG Dataset generated with weak AI system labels.
DWT Training data for the weak AI system.
DFull Complete dataset.
DTest Test dataset.
f(x | θ) Model output given input x and parameters θ.
L Loss function.
A0,A1 AI agents participating in the debate.
q Question presented in the debate.
a0, a1 Initial answers by A0 and A1.
S Sequence of arguments in the debate.
SO Scalable oversight strategy.
J Judge’s decision function.
rθ(x, y) Reward model trained on AI feedback.
π Policy in reinforcement learning.
πRL
ϕ Policy optimized using reinforcement learning in RLAIF.

πSFT Pre-trained, unaligned model used as a baseline policy.
β Constant controlling the strength of the KL penalty.
γ Weight for balancing AI feedback and pre-trained capabilities.
E Expert evaluators assessing alignment success.
N Non-expert participants guiding the model.
u(π0, π1) Payoff function in the zero-sum minimax game.
σ(z) Sigmoid function used in the reward model training loss.
Hk Debate history up to turn k.
B(A, X, S) Behavior of A when processing X with signals S.
O Objective used to guide alignment in scalable oversight.
Align(·, ·) Alignment measure of behavior with the objective O.
τ Threshold notation.

Table 1: Definitions of notations used in the above formalizations.
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