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Abstract
 
This paper presents a literature survey of current research on AI alignment with 
human preferences, reviewing key trends emerging from academia as well as 
the adoption of these techniques in industry. It analyzes a range of approaches 
to ensuring that AI systems align with human values and intentions, drawing 
on both theoretical frameworks and practical implementations across 
domains.
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Overview
 
Dario Amodei, the CEO of Anthropic, one of the leading AI labs, has predicted 
that artificial intelligence could eliminate up to half of all entry-level white-
collar jobs and spike unemployment to 10–20 percent within the next one to 
five years (VandeHei and Allen 2025). Amodei noted that many of the core 
skills associated with entry-level white-collar work, “the ability to summarize a 
document, analyze multiple sources to produce a report, [and] write computer 
code,” could now be performed by AI systems that are “as capable as a smart 
college student” (Maruf 2025).

Various experts and economists have weighed in on these claims, and even 
the author has expressed related perspectives in industry panels. For the 
purposes of this paper, however, the broader economic implications of AI on 
labor markets are set aside. Instead, Amodei’s remarks foreground a more 
fundamental question: What mechanisms are enabling AI systems to perform 
tasks that, until recently, required human training and judgment?

This paper addresses this question by discussing in detail the techniques and 
methodologies developed to achieve such capabilities.

11
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1. 
 
What Is Generative AI
 
In what can be termed classical machine learning, the goal is to predict 
an outcome (e.g., forecasting a future event) or to classify an input into a 
defined category. For instance, consider a machine learning model designed 
to forecast stock prices using patterns and trends extracted from historical 
market data, or a spam filter that classifies an email as spam (undesired 
messages) or not-spam.

Generative AI, by contrast, focuses on producing new content. This includes 
text (e.g., ChatGPT, Claude, Gemini), images (e.g., DALL-E, Midjourney), audio 
(e.g., Whisper, Otter), video (e.g., Synthesia, Sora, Veo), or code (e.g., GitHub 
CoPilot, Cursor, Claude Code). These content types are known as modalities.

Multimodal models, such as Gemini, Claude, Llama, and ChatGPT, are capable 
of generating outputs across multiple modalities, including combinations of 
text, images, audio, and video.

13
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2. 
 
Large Language Models
 
Large language models (LLMs) are deep learning systems trained on massive 
datasets to perform a wide range of natural language processing (NLP) tasks. 
Their primary function is to predict and generate plausible sequences of 
language. Most modern LLMs are built on the Transformer architecture.

The term “large” refers not only to the number of parameters (ranging from 
millions to hundreds of billions) but also to the scale of training data and the 
required computational resources.

LLMs typically undergo a pre-training phase (sometimes referred to as baseline 
training) on extensive datasets, followed by a post-training phase in which 
their capabilities are refined for specific tasks or domains. Because LLMs are 
probabilistic next-token predictors, alignment techniques are required to 
shape outputs toward human preferences, typically in the post-training phase 
using techniques such as reinforcement learning with human feedback, 
supervised fine-tuning, etc.
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3. 
 
Technical Prerequisites
 
3.1 Transformer Architecture

The transformer architecture, introduced in the seminal paper “Attention Is All 
You Need” (Vaswani et al. 2017), forms the backbone of modern large language 
models. At its core, the transformer relies on self-attention mechanisms that 
enable models to process entire sequences in parallel rather than sequentially, 
as in recurrent neural networks.

Main elements include the following:

 	y Multi-Head Attention: Enables the model to attend to different positions 
simultaneously.

 	y Position Encodings: Provides sequence order information to the model.
 	y Feed-Forward Networks: Applies non-linear transformations to attended 

representations.
 	y Layer Normalization: Stabilizes training of deep networks. 

17
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3.2 Attention Mechanisms

The output of an attention layer is a weighted average of values, determined by 
the relative similarity scores of queries and keys. The mathematical formulation 
is:

Where:

 	y Q represents queries (what information we’re looking for)
 	y K represents keys (what information is available)
 	y V represents values (the actual information content)
 	y dk is the dimension of the keys 

This mechanism allows the model to dynamically weight context, which is 
central to how outputs can later be steered or aligned.

3.3 Training Fundamentals

3.3.1 Pre-Training

Large language models undergo unsupervised pre-training on vast text 
corpora using objectives such as:

 	y Causal Language Modeling: Predicting the next token given previous 
tokens

 	y Masked Language Modeling: Predicting masked tokens in a sequence 

3.3.2 Post-Training

After pre-training, models are adapted for specific tasks through:

 	y Supervised Fine-Tuning (SFT): Training on labeled examples
 	y Instruction Tuning: Training on instruction-following datasets
 	y Alignment Techniques: Methods covered in subsequent sections 
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3.4 Loss Functions and Optimization

The standard cross-entropy loss for language modeling is:

 
Where 𝑥t is the token at time t, and 𝑥<t represents the sequence of tokens 
occurring before time t.

Modern training employs optimizers such as Adam, along with learning rate 
schedules, gradient clipping, and mixed-precision training to manage the scale 
and computational demands of these models.

3.5 Tokenization

Before processing text, it must be converted into numerical representations 
through tokenization. Common approaches include the following:

 	y Byte Pair Encoding (BPE): Iteratively merges frequent character pairs
 	y WordPiece: Similar to BPE but uses likelihood-based merging
 	y SentencePiece: Treats text as raw bytes, enabling language-agnostic 

tokenization 

Knowing these fundamentals is essential for comprehending how human 
preferences are incorporated during post-training into these sophisticated 
models through the alignment techniques discussed in subsequent sections.

19
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4. 
 
Why Human Preferences?
 
The New York Times, in a June 2024 article titled “The Data That Powers AI Is 
Disappearing Fast,” highlighted the urgent need for new sources of high-
quality training data (Roose 2024).

Ilya Sutskever, co-founder of OpenAI, echoed this concern in a 2024 talk at the 
prestigious NeurIPS conference, noting that the way AI systems are built is 
about to change as the data that powers them is “disappearing fast” (Robison 
2024). The exhaustion of high-quality web-scale corpora and diminishing 
marginal returns from scraping are leading to a search for new sources of high-
quality human preference data.

These observations point to several critical dynamics in the current AI 
landscape. First, there is a growing need for new knowledge “drivers” for 
large language models, as the quality of training data has become a primary 
differentiator among models. This is particularly crucial for specialized, post-
trained LLMs that depend on domain-specific expertise.

The scale of this challenge is immense: effective training data must operate 
at internet scale while maintaining high quality. At the same time, there is an 
increasing demand for specialized skills in curating, annotating, and managing 
such data. As a result, human preferences and expert judgment are becoming 
more central to the AI development process.

21
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5. 
 
Ethical Considerations
 
The alignment of AI systems with human preferences raises profound ethical 
questions that extend beyond technical implementation (Gabriel 2020). These 
considerations shape how alignment is approached and, ultimately, whose 
values these systems serve.

5.1 The Problem of Value Representation

5.1.1 Whose Preferences Matter?

The fundamental question of AI alignment is not only “how” but “whose” 
preferences should guide them. This requires navigating complex choices 
in value representation. One approach is to reflect democratic or majority 
preferences, though this risks marginalizing minority viewpoints. Alternatively, 
domain experts could be given greater influence within their areas of expertise. 
It is also necessary to balance the preferences of direct users with those 
indirectly affected by AI decisions. Finally, a key question is whether systems 
should adapt to local cultural norms or adhere to universal principles across 
contexts.

5.1.2 Power Dynamics in Preference Collection

Current methods for collecting human preferences can reinforce existing 
power imbalances. Economic bias arises when those with greater resources 
are better positioned to provide feedback. The digital divide leads to 
underrepresentation of populations with limited interest access. Language 
barriers further skew data toward English speakers. AI platform companies 
exert significant influence over which and whose preferences are ultimately 
incorporated into alignment processes.
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5.2 Cultural Relativism and Universal Values

5.2.1 Cultural Sensitivity

AI systems must be designed to navigate diverse cultural contexts that harbor 
potentially conflicting values. This requires sensitivity to varying social norms, 
including different expectations for politeness, directness, and formality in 
communication. Systems must also account for varying moral frameworks, 
such as consequentialism, deontology, and virtue ethics, which can yield 
different conclusions about right and wrong. Respect for diverse spiritual and 
religious beliefs is essential, as is an understanding of how historical context 
shapes societal values.

5.2.2 The Search for Common Ground

Despite the diversity of human values, certain principles may provide a 
universal foundation for AI alignment. These include human dignity, which 
emphasizes respect for the inherent worth of all individuals, and non-
maleficence, the principle of avoiding harm to individuals and society. Fairness, 
understood as equitable treatment and opportunity regardless of background, 
is an additional key component. Finally, respecting individual autonomy 
and the capacity for personal decision-making is a cornerstone of ethical AI 
development.

5.3 Bias and Fairness

5.3.1 Sources of Bias

Bias can enter AI systems through multiple pathways, undermining fairness 
and equity. A primary source is the training data, which may encode historical 
patterns of discrimination. Subjective judgments by human annotators 
can also introduce bias into preference data. Furthermore, certain model 
architectures may amplify existing patterns in the data, contributing to 
algorithmic bias. Finally, deployment bias can emerge from unequal access to 
and usage of AI systems across populations.
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5.3.2 Fairness Frameworks

Achieving fairness in AI is complicated by the fact that different conceptions 
of fairness can conflict with one another. Individual fairness posits that 
similar individuals should be treated similarly. In contrast, group fairness 
focuses on achieving statistical parity across different demographic groups. 
Counterfactual fairness suggests that a decision should remain unchanged if a 
sensitive attribute, like race or gender, were different. Lastly, procedural fairness 
emphasizes the importance of fair and transparent decision-making processes, 
regardless of the outcome.

5.4 Transparency and Accountability

5.4.1 The Right to Explanation

Users and those affected by AI decisions have a legitimate interest in 
understanding how these systems operate. This includes access to 
explanations for specific outputs, clarifying why a given result was produced. 
Transparency should also extend to the training and alignment process, 
including whose preferences were incorporated. It is equally important to 
clearly communicate the system’s limitations and what it cannot or should not 
be used for. In cases of problematic outputs, there must be clear avenues for 
recourse, allowing users to challenge or correct the system’s behavior.

5.4.2 Accountability Structures

Establishing clear responsibility for AI behavior is crucial for ethical 
deployment. This requires creating accountability structures that delineate 
the roles of various actors. Developers bear responsibility for their design and 
training choices. Deployers are accountable for the specific use cases and 
the contexts in which they implement AI systems. Users are also responsible 
for understanding the appropriate use and limitations of the technology. 
Additionally, regulatory oversight from government bodies plays an important 
role in ensuring that AI is deployed ethically and safely. The board of directors 
also has fiduciary responsibilities to protect organizational integrity, as failures 
in ethical deployment can result in significant reputational and operational 
consequences.
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5.5 Autonomy and Human Agency

5.5.1 Preserving Human Decision-Making

AI alignment must carefully balance providing assistance with preserving 
human autonomy. Critical systems should function as decision-support tools 
rather than replacements for human judgment, thus retaining human control 
over important decisions. It is essential to protect cognitive sovereignty, 
ensuring that human capacity for independent thought is not eroded. This also 
involves preventing the atrophy of human capabilities that could result from 
over-reliance on AI. Ultimately, individuals must retain meaningful choice and 
viable alternatives to AI-mediated interactions.

5.5.2 Manipulation and Persuasion

Clear ethical boundaries must govern the extent to which AI systems influence 
human behavior. Users should provide informed consent, with transparency 
about when and how influence occurs. Limits should be placed on persuasive 
capabilities,  particularly regarding belief and behavior modification. 
Furthermore, system design must also avoid engagement patterns that foster 
dependency or addiction. Special considerations and protections are necessary 
for vulnerable populations, particularly children.

5.6 Privacy and Data Rights

5.6.1 Preference Data Privacy

The use of human feedback in AI alignment introduces significant privacy 
risks. Collected preference data may reveal sensitive personal information, 
necessitating clear policies on data retention. There is also the question of 
secondary use, or whether this data can be repurposed beyond its original 
intent. The practice of cross-system learning, where preference patterns are 
shared across different AI systems, further complicates the privacy landscape.

26
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5.6.2 The Right to Be Forgotten

The right to be forgotten brings significant challenges in the context of aligned 
AI systems. It is technically challenging to remove a specific individual’s 
influence from a trained model, a process often called model unlearning. 
Individuals should also be able to update their preferences as their views 
evolve. This creates tension between collective benefits and individual rights, 
derived from aggregated data. This is a big issue in the financial sector that 
requires the removal of client data on user request.

5.7 Long-term Societal Impact

5.7.1 Value Lock-In

A significant long-term risk of AI alignment is value lock-in, where the values 
of the present become permanently embedded in these systems. This could 
inhibit moral progress by preventing the adaptation of AI systems to evolving 
ethical standards. It also raises concerns that one generation’s values could 
unduly constrain those of future generations. To mitigate this, systems must 
allow for the natural evolution of human values and include mechanisms for 
reversibility, ensuring that alignment choices can be modified or undone.

5.7.2 Social Fragmentation

AI systems have the potential to divide rather than unite society. If AI 
personalizes content to an extreme degree, it can create echo chambers that 
bolster existing beliefs and preferences. This can lead to polarization, where 
different groups receive and interact with entirely different AI behaviors. 
The erosion of common ground and shared experiences threatens social 
cohesion and can undermine democratic discourse and the ability to build 
public consensus. We can already see this happening on various social media 
platforms.

27
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5.8 Environmental and Resource Ethics

5.8.1 Computational Resources

The resource-intensive nature of AI alignment introduces additional ethical 
consequences. Training and operating large-scale models require substantial 
energy, contributing to environmental impact. This raises broader questions 
about resource allocation and whether such investments are justified relative 
to other pressing global issues. Access inequality is another concern, as only 
well-funded organizations can afford to develop and maintain properly aligned 
AI systems. The long-term sustainability of current alignment approaches must 
be critically evaluated.

5.9 The Precautionary Principle

5.9.1 Harmonizing Innovation with Safety

The precautionary principle advises a careful balance between innovation and 
safety in AI development. This entails performing thorough risk assessments 
prior to deployment and ensuring reversibility, or the ability to halt or modify 
systems when unforeseen problems emerge. Incremental deployment 
strategies, involving a gradual rollout with careful monitoring, can help 
mitigate risks. This also raises a fundamental question about the burden of 
proof: whether developers must prove that their systems are safe, or whether 
society must prove they are harmful.

These ethical considerations demonstrate that AI alignment is not merely a 
technical challenge but a broader social and moral endeavor. Success requires 
not only solving engineering problems but also engaging with fundamental 
questions about values, power, and the kind of future we want to create.

28
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6. 
 
Mechanisms for Incorporating Human 
Preferences
 
6.1 Human in the Loop

Human-in-the-loop (HITL) is a broader term referring to human intervention 
in the LLM training process. Most commonly, this refers to Reinforcement 
Learning with Human Feedback (RLHF), but it can also include other methods 
such as data annotation, model evaluation, and error analysis.

Data annotation is a common method for incorporating human feedback. It 
involves labeling data that provides clear learning signals for the model. Labels 
may include writing prompts, generating responses, or classifying outputs.

Model evaluation involves human reviewers assessing model outputs based on 
criteria such as accuracy, fluency, and safety.

Human feedback, through annotations, evaluations, and reward signals, is then 
incorporated as high-quality training data to further refine the model. This 
process may occur in a single iteration or across multiple cycles, depending on 
feedback quality and the model performance.

Integrating human feedback is critical for addressing the limitations of models 
trained on broad, large-scale internet data, which may produce untruthful, 
toxic, or biased outputs (Ouyang et al. 2022). The HITL approach, especially 
through RLHF, offers several benefits, including enhanced safety and reliability, 
stronger alignment with user intent, and increased trust (Balamurugan, 
Shanmugasamy, and Balaguru 2025; Shen et al. 2025).
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6.2 Supervised Fine-Tuning

Supervised fine-tuning (SFT) is a critical phase in aligning large language 
models with human preferences and instructions (Harada et al. 2025). This 
process involves training a pre-trained model on a curated dataset of high-
quality, labeled examples that demonstrate desired behaviors. The primary 
goal is to enable the model to follow instructions accurately and emulate the 
style and substance of these examples.

The SFT process commonly involves creating a dataset of “instruction-output” 
pairs. These pairs serve as direct examples of how the model should respond 
to a given prompt. For instance, an instruction may be a question, and the 
corresponding output would be a detailed and appropriate answer. By training 
on a diverse set of such examples, the model learns to generalize instruction-
following behavior rather than memorize specific responses. This technique 
is crucial for shifting the model’s objective from next-token prediction toward 
task execution aligned with user intent.

6.3 Reinforcement Learning with Human Feedback (RLHF)

Reinforcement Learning with Human Feedback (RLHF) is a method for 
incorporating human preferences into language model training (P. Christiano 
et al. 2023). It applies reinforcement learning principles, where the model 
is trained to maximize a reward signal derived from human feedback. This 
process begins with a pre-trained model. Humans then provide feedback 
on model outputs through ranking, demonstrations, or reward modeling. 
Demonstrations involve supplying improved examples while reward modeling 
involves assigning scores or labels reflecting output quality (Ziegler et al. 2020).

This is followed by reward model training. Human annotators are presented 
with multiple outputs for a given prompt and rank them based on criteria such 
as quality, helpfulness, safety, and relevance. These rankings are used to train a 
reward model that predicts how a human would evaluate a given response.

31
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Now the pre-trained LLM is fine-tuned using the trained reward model as 
feedback. The LLM generates responses, and the reward model evaluates 
their quality. This feedback, often represented as a “reward” score, is used to 
optimize the model through algorithms such as Proximal Policy Optimization 
(PPO). The LLM iteratively adjusts its parameters to generate responses that 
maximize the reward signal (i.e., responses that the reward model predicts 
humans will prefer).

RLHF is leading to models that are more helpful, less harmful, and better 
aligned with complex, nuanced human intentions.

However, challenges remain, including managing annotator bias, mitigating 
reward hacking, and scaling high-quality feedback for large models.

6.4 Reward Model Training

Reward model training is a critical component in the RLHF pipeline (P. F. 
Christiano et al. 2017). The reward model learns to predict human preferences 
and serves as a proxy for human judgment during the reinforcement learning 
phase (Lambert 2024).

6.4.1 Architecture and Initialization

The reward model typically shares the base architecture of the language model 
and is initialized from a pre-trained or supervised fine-tuned checkpoint. The 
language modeling head is replaced with a linear layer that produces a scalar 
output, enabling it to generate a single reward value for each input-output pair.

6.4.2 Data Collection

Training data collection is a multi-step process. First, prompts are sampled 
from diverse sources. For each prompt, the model generates multiple 
candidate responses. Human annotators then rank or compare these 
responses based on predefined quality criteria.

This process results in the creation of preference pairs, which are tuples of the 
form (𝑥,𝑦w ,𝑦l ), where 𝑦w is the response preferred over 𝑦l for a given prompt 𝑥.
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6.4.3 Training Objective

The standard Bradley-Terry model for preference learning is often used as the 
training objective. The loss function is defined as:

 

In this formulation, rθ (𝑥,𝑦) represents the reward model’s scalar score response 
y to prompt 𝑥, with θ as the model’s parameters. The sigmoid function is 
denoted by σ, and D represents the complete dataset of preference pairs used 
for training.

6.4.4 Training Considerations

 	y Ensemble Methods: To improve robustness and prevent reward hacking, 
ensemble methods can be employed. This technique involves training 
multiple reward models, often with different initializations, and then 
using the minimum or average reward across these models during the 
reinforcement learning phase.

 	y Calibration: Another important consideration is ensuring that the model’s 
reward scores are well-calibrated probabilities. Techniques such as 
temperature scaling or Platt scaling can be used to achieve this, which is 
important for making reliable preference predictions.

 	y Out-of-Distribution Detection: To prevent unreliable predictions on novel 
inputs, out-of-distribution detection is necessary. This involves identifying 
when inputs differ significantly from the training distribution, often by 
using uncertainty estimation techniques to flag potentially untrustworthy 
reward scores. 

6.4.5 Data Quality and Scale

The quality of the reward model is heavily influenced by multiple crucial 
factors related to the training data. High inter-annotator agreement provides 
a cleaner training signal, which is often facilitated by clear, comprehensive 
annotation guidelines for preference judgments. Dataset size is also important, 
often requiring tens of thousands of comparisons to be effective. Finally, the 
dataset’s diversity, ensuring coverage across a variety of domains, styles, and 
task types, is essential for building a generalizable reward model.
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6.4.6 Advanced Techniques

 	y Preference Modeling with Margins: Some approaches extend binary 
preferences by modeling preference strength. This can be done by 
introducing a margin term, m, into the loss function:

 

where m represents the margin or strength of the preference.

 	y Multi-Objective Reward Models: Another advanced technique is the 
development of multi-objective reward models. Instead of a single reward, 
this approach involves training separate models for different objectives, 
such as a helpfulness reward model, a harmlessness reward model, and 
a factuality reward model. These distinct rewards can then be combined 
using methods like weighted aggregation or Pareto optimization to guide 
the language model’s behavior.

 
6.4.7 Evaluation Metrics

The performance of a reward model is evaluated using several common 
metrics. These include accuracy, which measures the percentage of correct 
preference predictions on a held-out set, and ranking correlation, often 
calculated using Spearman or Kendall’s tau to compare model rankings with 
human rankings. Calibration error assesses the difference between predicted 
and actual preference probabilities while the agreement rate measures the 
correlation withheld-out human annotations.

34
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6.4.8 Challenges and Limitations

Reward model training faces several challenges and limitations. A primary 
concern is reward hacking, in which language models exploit the reward signal 
to maximize it without achieving the intended behavior. Performance may 
degrade under a distribution shift, where generated outputs differ from the 
training data. Preference ambiguity arising from disagreement among human 
annotators can introduce noise into the training process. Finally, the entire 
pipeline incurs high computational costs for both training and inference.

The quality of the reward model fundamentally determines the success 
of RLHF, making careful training and evaluation essential for effective AI 
alignment.

6.5 Direct Feedback

Direct feedback methods involve humans explicitly evaluating a language 
model’s outputs to guide training and alignment. These methods are 
foundational to techniques like Reinforcement Learning from Human 
Feedback (RLHF) and are crucial for shaping model behavior to align with 
user intent and societal values. Direct feedback can be categorized into several 
types:

 	y Ranking: Humans rank multiple LLM outputs based on criteria such as 
helpfulness, relevance, accuracy, and coherence. This comparative data 
is central to training reward models that learn a scalar reward signal 
reflecting human preferences, as demonstrated in the InstructGPT paper 
(Ouyang et al. 2022). This helps the model learn which responses are 
preferred over others.

 	y Scoring: Humans assign numerical scores to LLM outputs reflecting 
quality or adherence to specific guidelines. This provides a more granular 
measure of performance. Research has shown that using scalar quality 
scores can be an effective method for fine-tuning models, sometimes 
referred to as RLAIF (Reinforcement Learning from AI Feedback) when 
another model generates scores, but the principle originates from human-
provided scores (Lee et al. 2024).
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 	y Comparative Judgments: Humans compare two or more LLM outputs 
and select the preferred one. This binary comparison is often more 
cognitively efficient for annotators than fine-grained scoring or ranking. 
This method forms the bedrock of the original RLHF proposal, which used 
pairwise comparisons to learn a reward function for complex tasks (P. 
Christiano et al. 2023).

 	y Free-Form Text Feedback: Humans provide detailed, free-form text 
feedback, sometimes in the form of corrections or critiques, to help the 
model understand what is good or bad about a response. This natural 
language feedback can be used to directly fine-tune a model to correct 
its mistakes, a technique explored in papers on instruction-following and 
error correction (Hong et al. 2024). 

The process, as outlined in foundational RLHF literature (Lambert 2024), starts 
with humans designing diverse prompts or questions to elicit responses from 
the LLM. The model generates multiple responses based on these prompts, 
which are then evaluated by human annotators using one or more of the 
methods mentioned above (ranking, scoring, comparison, or free-form text). 
Finally, this feedback data is collected and aggregated for training a reward 
model or for direct fine-tuning of the language model itself. Direct feedback 
offers the benefits of simplicity in concept and implementation, leading to 
demonstrably improved model performance in following instructions and 
complying with safety guidelines. Most importantly, it serves as a direct 
mechanism for aligning model behavior with human preferences and 
values. The explicit nature of the feedback can also enhance explainability by 
providing clear examples of what constitutes a desirable or undesirable model 
output.

6.6 Direct Preference Optimization (DPO)

Direct Preference Optimization (DPO) is an alternative to RLHF that eliminates 
the need for a separate reward model. There are pairwise comparators in which 
human annotators are presented with pairs of model outputs and asked to 
choose the better one. This provides a clear signal of preference that can be 
used to directly update the model’s parameters (Rafailov et al. 2024).
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The model generates multiple outputs for a given prompt. Annotators 
compare pairs of outputs and indicate which one they prefer. The preference 
data drives updates of the model parameters. The goal is to increase the 
probability of generating the preferred output and decrease the probability 
of generating the less preferred output. The training process is iterative: the 
model gradually learns to generate outputs that are better aligned with 
human preferences.

DPO mitigates the need for a separate reward model, making the training 
process more efficient and less complex. It directly optimizes the model based 
on human preferences, thereby improving alignment with desired behavior. 
It is less susceptible to reward hacking and other issues that can arise with 
reward-based methods. DPO can also be scaled to large datasets and complex 
tasks.

6.7 Constitutional AI

Constitutional AI (CAI), developed by Anthropic, marks an important advance 
in AI alignment as a method to train AI systems that are helpful, harmless, and 
honest without extensive human feedback on every output (Bai et al. 2022). 
This approach uses a set of principles, a “constitution”, to guide the model’s 
behavior during training.

6.7.1 Core Methodology

The CAI process consists of two main phases:

 	y Supervised Learning Phase: In the supervised learning phase, the 
model first generates responses to various prompts. It then critiques 
its own responses against the established constitutional principles and 
subsequently revises them in light of these self-critiques. These newly 
revised and improved responses are then used for supervised fine-tuning 
of the model.

 	y Reinforcement Learning Phase: Following the supervised stage, the 
process moves to a reinforcement learning phase. Here, the model 
generates response pairs for a given prompt and evaluates which of the 
two better adheres to the constitutional principles. These AI-generated 
preferences are used to train a reward model, which is then used to 
optimize the policy via reinforcement learning.
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6.7.2 Constitutional Principles

The constitution typically includes guiding principles designed to guide the 
model’s behavior. These principles often focus on helpfulness, instructing 
the model to choose the response that is most helpful and directly answers 
the user’s question. They also emphasize harmlessness, directing the model 
to avoid giving harmful, unethical, or illegal advice. Honesty is another 
key principle, encouraging the model to provide truthful responses and 
acknowledge uncertainty when appropriate. Additionally, principles related 
to child safety may be incorporated to ensure the model prioritizes children’s 
safety and well-being.

6.7.3 Self-Critique and Revision

A key innovation in CAI is the self-critique mechanism. In this process, the 
model first generates an initial response, analyzes it against the constitutional 
principles to identify potential issues or areas for improvement, and produces a 
revised version that addresses identified concerns.

Example critique prompt:

“Critique the following response for potential harmfulness, and suggest 
improvements: [response].”

6.7.4 Advantages of Constitutional AI

This approach delivers several distinct advantages. It significantly reduces 
the human labor required, minimizing the need for human feedback on 
every individual training example. The method also provides a high degree of 
transparency, as the constitutional principles are explicit, interpretable, and can 
be directly inspected and revised. It is highly scalable, capable of generating 
large amounts of training data through self-play-driven critique and revision 
cycles. Furthermore, CAI promotes consistency by applying its principles 
uniformly across a range of scenarios, rather than relying on potentially 
inconsistent human annotations. It also enables iterative improvement, 
allowing the model to continuously refine its responses through repeated 
rounds of self-critique, revision, and re-evaluation.
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6.7.5 Relationship to RLAIF

Constitutional AI can be viewed as a more sophisticated form of Reinforcement 
Learning from AI Feedback (RLAIF). Within this framework, the AI system 
effectively generates its own training data, provides feedback grounded in the 
constitutional principles, and iteratively trains itself to better adhere to those 
principles over time.

6.7.6 Practical Implementation

In practice, implementing Constitutional AI involves several structured steps. 
The process begins with defining a comprehensive constitution that aims 
to capture the full range of desired behaviors. The model is then trained to 
critique and revise its own outputs in accordance with this constitution. These 
improved outputs are subsequently used in an initial phase of supervised fine-
tuning.

Following this, RLAIF is implemented using the constitutionally guided 
preferences to train a reward model, which is then used to further optimize the 
model’s behavior. The entire process is iterative, allowing for the refinement of 
both the constitution and the model’s behavior over time.

This approach has been successfully deployed in production systems, notably 
in Anthropic’s Claude models, demonstrating its effectiveness in creating 
aligned AI systems at scale.

6.8 Comparison of Alignment Techniques

Different alignment techniques exhibit distinct trade-offs across performance, 
computational cost, data requirements, and implementation complexity. This 
section provides a comprehensive comparison to help practitioners select 
appropriate methods.

39
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6.8.1 Overview of Major Techniques

Table 1. High-level comparison of alignment techniques

40
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6.8.2 Detailed Technique Comparison

Supervised Fine-Tuning (SFT)

 	y Strengths: Supervised Fine-Tuning is simple to implement and 
understand, computationally efficient, and allows direct control over 
training examples, facilitating fast iteration cycles.

 	y Weaknesses: However, SFT requires large volumes of high-quality 
demonstrations and is limited to behaviors represented in the training 
data. It involves no explicit preference modeling and can suffer from 
distributional mismatch between training data and real-world inputs.

 	y Best Use Cases: This technique is best suited for initial alignment of 
pre-trained models, for well-defined tasks with clear examples, and for 
resource-limited environments. 

Reinforcement Learning from Human Feedback (RLHF)

 	y Strengths: RLHF enables optimization for complex, hard-to-
specify objectives by learning from preferences rather than explicit 
demonstrations. It can discover novel strategies and has demonstrated 
strong empirical performance across a range of domains.

 	y Weaknesses: RLHF is computationally expensive and involves a complex 
implementation with multiple interacting components. It is also 
susceptible to reward hacking and may experience training instability.

 	y Best Use Cases: RLHF is ideal for open-ended generation tasks, scenarios 
where specifying preferences is easier than creating demonstrations, and 
situations with considerable computational resources. 

41
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Direct Preference Optimization (DPO)

 	y Strengths: DPO simplifies the RLHF pipeline by removing the need for a 
separate reward model, resulting in a more stable and computationally 
efficient training process. It achieves performance comparable to RLHF 
while reducing implementation complexity.

 	y Weaknesses: On the other hand, DPO is less flexible than RLHF and may 
not fully capture nuanced or multi-dimensional human preferences. It 
still depends on high-quality preference data and remains less extensively 
validated than RLHF in diverse production settings.

 	y Best Use Cases: DPO is a strong candidate when RLHF complexity is 
prohibitive, in stable production environments, and when high-quality 
preference data is readily available. 

Constitutional AI

 	y Strengths: Constitutional AI significantly reduces reliance on human 
annotation by using a structured set of explicit principles to guide model 
behavior. It can self-improve through critique and generate scalable 
training data.

 	y Weaknesses: This method requires careful constitution design and may 
not capture all human preferences. It also involves a complex, multi-stage 
training process and has the potential to reinforce self-biases.

 	y Best Use Cases: It is particularly effective when human feedback is 
expensive or limited, for systems that require explicit ethical principles, and 
in large-scale deployment scenarios. 

Human-in-the-Loop (HITL)

 	y Strengths: HITL provides the highest fidelity alignment by incorporating 
direct human oversight, enabling real-time correction and effective 
handling of edge cases. It also supports continuous improvement through 
iterative feedback.

 	y Weaknesses: The primary drawbacks are that it is not scalable and relies 
on expensive human resources. It can also introduce latency issues and is 
subject to human fatigue and inconsistency.

 	y Best Use Cases: HITL is best suited for high-stakes applications, limited-
deployment scenarios where quality is paramount, and early-stage 
prototyping requiring rapid feedback.
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6.8.3 Performance Trade-Offs

Comparison of performance characteristics across different AI alignment 
techniques in post-training.

6.8.4 Data Requirements

Quantity and Quality Trade-Offs

Data requirements vary significantly across alignment techniques. SFT typically 
requires tens to hundreds of thousands of high-quality labeled examples. 
RLHF requires tens of thousands of preference comparisons in addition to 
the initial SFT data. DPO has broadly similar data requirements to RLHF but 
tends to utilize preference data more efficiently due to its direct optimization 
formulation. Constitutional AI can operate with relatively small sets of guiding 
principles, often on the order of hundreds, while generating additional training 
data through self-critique. In contrast, HITL prioritizes quality over scale and 
can be effective with hundreds of high-quality, targeted human interactions.

Table 2. Performance Characteristics
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6.8.5 Computational Resources

Training Infrastructure Requirements

Computational requirements also vary substantially across techniques. SFT 
can be performed on a single GPU for smaller models but requires distributed 
training for large-scale systems. RLHF is significantly more resource-intensive, 
often requiring multiple GPUs to handle the policy, reference, reward, and 
value models during training. DPO has requirements broadly comparable 
to SFT, though it typically introduces an additional reference model into the 
training loop. Constitutional AI has moderate but distributed computational 
demands across its multi-stage training pipeline. HITL requires minimal 
training compute but can incur substantial inference overhead due to real-
time human involvement.

6.8.6 Composite Approaches

Many production systems combine alignment techniques to leverage their 
complementary strengths.

 	y Common Combinations 
A standard pipeline applies SFT followed by RLHF, as seen in models such 
as GPT-4 and Claude. A simpler alternative combines SFT with DPO. Other 
common combinations include using Constitutional AI to self-generate 
data for subsequent human validation, or pairing RLHF with HITL for 
automated alignment with human review.

 	y Sequential Application 
A typical alignment pipeline progression through several stages: pre-
training on raw text, followed by SFT on high-quality demonstrations. Next, 
RLHF or DPO is used to align preferences. Constitutional AI can then be 
applied for value refinement, and finally, HITL is often reserved for critical, 
high-stakes applications. 
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6.8.7 Selection Criteria

When choosing alignment techniques, practitioners should consider the 
application domain, such as whether it is safety-critical versus general-purpose, 
and the available resources, including compute capacity, data availability, and 
human expertise. Other key factors include performance requirements such as 
accuracy and latency, the intended deployment scale, regulatory constraints 
related to explainability and auditability, and overall development timeline.

6.8.8 Future Convergence

Emerging trends suggest a gradual convergence of alignment methodologies. 
Future systems are likely to incorporate unified frameworks that combine 
multiple techniques, automated selection of alignment strategies based on 
task requirements, and adaptive methods that dynamically switch between 
approaches as conditions change. Furthermore, meta-learning may be 
applied to optimize the selection and configuration of alignment techniques 
themselves.

This comparison highlights that no single technique dominates across all 
dimensions. Successful alignment typically requires a deliberate combination 
of methods, tailored to specific use cases, constraints, and risk profiles.
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7. 
 
The Cutting Edge
 
7.1 Methodologies

7.1.1 EvalGen

EvalGen is a framework for evaluating large language models, developed at 
UC Berkeley (Shankar et al. 2024). It aligns the LLM-assisted evaluation of other 
LLMs with human feedback. The framework provides automated assistance 
in generating evaluation criteria and implementing assertions while requiring 
humans to grade a subset of model outputs. It then uses human feedback to 
select evaluation implementations that best align with user-provided grades.

7.1.2 OpenRLHF

OpenRLHF, as its name suggests, is an open-source RLHF framework. It 
is a high-performance, scalable framework designed for fine-tuning large 
language models, achieving over twice the performance of competitors such 
as Optimized DeepSpeedChat (Hu et al. 2025). This efficiency stems from 
its unique distributed architecture, which uses Ray to place Actor, Reward, 
Reference, and Critic models on separate GPUs while running the Adam 
optimizer on the CPU, significantly accelerating the sample generation stage. 
This design enables impressive scalability, supporting full-scale fine-tuning of 
70B+ models on A100 80G GPUs and 7B models on multiple RTX 4090s.

To guarantee accessibility and versatility, the framework provides one-click 
trainable scripts, maintains full compatibility with Hugging Face models and 
datasets, and supports multiple alignment algorithms, including RLHF, Direct 
Preference Optimization, Kahneman-Tversky optimization (KTO), conditional 
SFT, and rejection sampling.
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OpenRLHF has several important technical innovations. To handle the most 
demanding training scenarios, OpenRLHF incorporates a suite of advanced 
optimizations and supports state-of-the-art technologies. For models with 
more than seventy billion parameters, it redesigns model scheduling by 
leveraging the combined power of Ray, vLLM, and DeepSpeed for maximum 
efficiency. The framework also enhances training stability by implementing 
specialized optimizations within its Proximal Policy Optimization (PPO) 
process. Furthermore, OpenRLHF stays at the forefront of AI development by 
providing native support for advanced architectures and techniques, including 
Mixture of Experts (MoE), Jamba, and memory-efficient fine-tuning with 
QLoRA.

OpenRLHF outperforms other popular RLHF frameworks in terms of model 
size support, training techniques, and the implementation of alignment 
algorithms. Addressing coordination challenges across multiple models in 
RLHF training enables more efficient scaling of RLHF to larger language 
models, potentially advancing the development of state-of-the-art LLMs.

7.1.3 Constrained Generative Policy Optimization (CGPO)

Constrained Generative Policy Optimization (CGPO) features a novel multi-
objective Reinforcement Learning from Human Feedback strategy where each 
task is optimized independently using customized configurations, including 
task-specific reward models, a mixture of judges, and unique optimizer 
hyperparameters (Xu et al. 2024). The key advantages of CGPO include strong 
empirical results with theoretical guarantees, minimal hyperparameter tuning 
requirements, and plug-and-play compatibility with common post-training 
pipelines. It also provides effective detection and mitigation of reward hacking 
behaviors and expands the Pareto frontier across multiple metrics in multi-task 
settings.

Experimental results demonstrated CGPO’s effectiveness using the Llama3.0 
70b pre-trained model across five challenging tasks: general conversation, 
instruction following, mathematical and coding reasoning, engagement, 
and safety. In these tests, CGPO consistently outperformed traditional RLHF 
methods such as PPO and DPO, even when handling conflicting objectives. 
“The Perfect Blend” paper presents CGPO as an important development in 
RLHF, offering a more structured and effective approach to fine-tuning LLMs 
for multi-task learning scenarios.
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7.1.4 Group Relative Policy Optimization

Group Relative Policy Optimization (GRPO) is a major improvement in large 
language model alignment that generalizes preference optimization from 
pairwise comparisons to group-wise rankings (Sane 2025). While prior methods 
like Direct Preference Optimization learn from binary feedback indicating 
which of two responses is better, GRPO is designed to leverage more complex, 
data-rich signals, such as complete rankings of multiple model responses 
(i.e., best-of-N data). This approach is inherently more sample-efficient, as a 
single ranked list of N candidates implicitly contains up to N*(N-1)/2 pairwise 
comparisons, providing a much stronger learning signal from the same 
amount of human annotation effort.

The core of GRPO is the extension of the Bradley-Terry model, which 
underpins pairwise preference learning, to the Plackett-Luce model for 
modeling permutations and ranked lists. This generalization is visually and 
mathematically detailed in The Illustrated GRPO, a guide from the paper’s 
lead author (Skiredj 2025; 2024). By directly optimizing the policy on these 
complete rankings, GRPO can more effectively capture the relative quality of 
different outputs and better navigate the nuances of human judgment. This 
helps alleviate issues common to pairwise methods, such as the “preference 
dilemma,” where binary comparisons can be inconsistent or fail to capture the 
full spectrum of response quality (Khanda et al. 2025).

The practical utility of GRPO is highlighted by its adoption in the development 
of state-of-the-art models. The training process for the DeepSeek-V2 model, 
for example, explicitly leveraged GRPO for its post-training alignment phase, a 
decision detailed in their technical report and blog posts (DeepSeek-AI et al. 
2025; Research 2025). This marks a methodological evolution for the DeepSeek 
team, whose earlier DeepSeek 67B model had utilized a more traditional 
Reinforcement Learning from Human Feedback (RLHF) pipeline based on 
Proximal Policy Optimization (PPO) (Shao et al. 2024). The deliberate shift 
from PPO to GRPO for their next-generation model demonstrates the latter’s 
advantages in a production environment, solidifying its position as a more 
efficient and effective technique for preference optimization.
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7.1.5 LLM-as-a-Judge

The “LLM-as-a-Judge” paradigm refers to the use of a powerful, frontier large 
language model to evaluate the outputs of other models, serving as a scalable 
proxy for human feedback. This approach is crucial for AI alignment, as it 
helps overcome the significant bottleneck and high cost of human evaluation, 
permitting rapid iteration and testing at scale. The concept was systematically 
investigated and popularized in the paper “Judging LLM-as-a-Judge with MT-
Bench,” first published in May 2023 by researchers from UC Berkeley, CMU, 
and Stanford (Zheng et al. 2023). This seminal work demonstrated that strong 
LLMs like GPT-4 could achieve over 80 percent agreement with human expert 
judgments when evaluating conversational and instructional outputs, thereby 
validating the method as a reliable and cost-effective alternative for assessing 
model capabilities.

Despite its utility, the LLM-as-a-Judge approach is not without its limitations. 
The same research that validated the method also identified several inherent 
biases, including a preference for longer, more verbose answers (verbosity 
bias), a tendency to favor the first response presented (positional bias), and a 
bias toward its own stylistic outputs (self-preference bias). These challenges 
have spurred further research into improving the reliability of automated 
evaluation. Subsequent work has focused on mitigating these biases through 
improved prompting techniques, fine-tuning judge models on human 
preference data, and developing novel evaluation frameworks. For example, 
methods like RevisEval propose using response-adapted references to create a 
more consistent, less biased evaluation criterion, thereby evolving the original 
concept to achieve even greater alignment with nuanced human judgments 
(Zhang et al. 2025).
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7.1.6 RevisEval: Improving LLM-as-a-Judge via Response-Adapted   
References

RevisEval presents a two-stage evaluation framework that improves upon 
traditional methods by generating response-specific reference answers (Zhang 
et al. 2025). The central innovation of this system is the creation of “response-
adapted references,” where carefully designed prompt engineering guides a 
large language model to first generate a tailored reference answer for each 
specific model response being evaluated. In the second stage, RevisEval 
uses these dynamically created references to conduct a more nuanced and 
consistent assessment of the initial response. This method yields several 
advantages, including improved evaluation consistency and reliability, reduced 
bias toward specific answer styles, and greater ability to capture subtle 
differences between model outputs, ultimately achieving greater alignment 
with human judgments than methods that use static or generic references.

7.1.7 Mixture of Experts

Mixture of Experts (MoE) is a neural network architecture designed to increase 
model capacity without a proportional rise in computational cost. Instead 
of a single, dense network where all parameters are engaged for every input, 
an MoE model consists of numerous smaller “expert” sub-networks and a 
“gating network” or router that dynamically selects which few experts are 
best suited to process a given input token. This allows the creation of models 
with extraordinarily high parameter counts—sometimes in the trillions—
while keeping the computational cost of inference relatively constant, as 
only a fraction of the total parameters are used in each forward pass. The 
foundational concept was first proposed in the early 1990s in the paper 
“Adaptive Mixtures of Local Experts” by Jacobs, Hinton, Jordan, and Nowlan, 
which introduced the idea of using a gating network to learn which expert to 
consult for different regions of the input space (Jacobs et al. 1991).

From an AI alignment perspective, the MoE architecture offers multiple 
compelling advantages beyond mere computational efficiency. Firstly, it 
provides a practical path to scaling models, and the “scaling hypothesis” 
suggests that larger models may have a greater capacity to understand and 
adhere to complex, nuanced alignment principles. Second, MoE offers a 
potential avenue for improved model interpretability and controllability, which 
are central challenges in alignment. If experts develop specialized functions 
(e.g., one for coding, another for creative writing, another for reasoning), 
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it may be possible to identify, analyze, and even fine-tune the specific experts 
responsible for undesirable behaviors without retraining the entire model. This 
architectural choice has seen a major resurgence in modern large language 
models, as demonstrated by influential open-source models like Mixtral 
8x7B, which explicitly detail its use to achieve high performance with greater 
efficiency (Jiang et al. 2024).

7.1.8 Reinforcement Learning with Verifiable Rewards

Reinforcement Learning with Verifiable Rewards (RLVR) is an alignment 
technique that aims to overcome the limitations of subjective human feedback 
by training models on objective, verifiable outcomes. Unlike Reinforcement 
Learning from Human Feedback, which relies on a learned reward model that 
approximates human preferences, RLVR uses a deterministic verifier—such 
as a unit test for code, a symbolic checker for a math problem, or a database 
lookup for a factual query—to provide a clear, unambiguous reward signal. 
The core idea is to align models with demonstrable correctness rather than 
human-perceived plausibility, thereby mitigating issues like reward hacking. 
This approach was prominently detailed in the paper “Measuring Mathematical 
Reasoning with Process-Based Rewards” by OpenAI researchers in 2023 
(Lightman et al. 2023; “Does Reinforcement Learning…” n.d.). This focus on 
verifiable correctness has practical implications, influencing the development 
of data annotation platforms and workflows designed to capture these 
objective signals in industry applications (Liubimov 2025).

While powerful, RLVR’s primary limitation lies in its reliance on a formal 
verifier, which is not available for most open-ended or subjective domains. 
Recent research has begun to explore the theoretical boundaries of this 
paradigm, investigating scenarios where verifiers may be incomplete or 
misspecified (Yue et al. 2025). Despite these limitations, the power of this direct 
reward signal has been shown to be remarkably data-efficient. In a method 
termed Reinforcement Learning with Demonstrations (RLD), researchers 
demonstrated that complex reasoning abilities can be elicited with as little as a 
single correct demonstration (Wang et al. 2025).

To address the dependency on formal verifiers, emerging approaches such 
as Reinforcement Learning from Policy Revision (RLPR) seek to extend the 
benefits of RLVR to broader domains (Yu et al. 2025). The rapid expansion of 
research in this area, cataloged in community-driven resources (“Awesome-
LLM-RLVR…” n.d.), highlights its status as a critical frontier in AI alignment.
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7.1.9 Reinforcement Learning with Rubric Evaluations

Reinforcement Learning with Rubric Evaluations (RLRE) is a novel alignment 
paradigm that refines human feedback by moving beyond a single, holistic 
preference score toward a structured, multidimensional evaluation. The 
method was first formally proposed by researchers at Scale AI in their July 
2024 paper and accompanying research announcement, “Reinforcement 
Learning with Rubric Evaluations” (Gunjal et al. 2025; “Rubrics as Rewards…” 
n.d.). Instead of asking which of two responses is “better” overall, RLRE employs 
a detailed rubric to score a model outputs across multiple explicit criteria, 
such as factuality, conciseness, safety, and adherence to instructions. This 
disaggregated feedback provides a much more granular and interpretable 
training signal, allowing the model to learn the specific trade-offs between 
different aspects of quality. By making evaluation criteria explicit, RLRE reduces 
ambiguity in human preferences and mitigates reward hacking, as the model 
must perform well across multiple dimensions rather than optimizing against 
a single, underspecified objective.

This progression toward multi-faceted, rubric-based feedback reflects a 
broader trend in the alignment community, addressing the limitations 
of single-reward systems. Concurrent research from Google, for example, 
introduced “Multi-Reward DPO,” a similar framework that uses a multi-
objective approach to optimize for distinct reward signals like helpfulness and 
harmlessness simultaneously (Huang et al. 2025). Both approaches represent a 
key step toward more controllable and transparent AI alignment. By explicitly 
defining the desired behaviors in a structured format, rubric-based methods 
allow developers to more precisely shape model behavior, debug alignment 
failures, and build systems that are more robustly aligned with complex, 
multifaceted human values.
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7.1.10 Reinforcement Learning from Checklist Feedback

Reinforcement Learning from Checklist Feedback (RLCF) is an alignment 
paradigm proposed in July 2025 by Viswanathan et al. at Carnegie Mellon 
University and Apple, detailed in “Checklists Are Better Than Reward Models 
For Aligning Language Models” (Viswanathan et al. 2025). Unlike traditional 
reward modeling in reinforcement learning, which typically relies on scalar 
rewards derived from broad constructs such as “helpfulness” or “harmfulness,” 
RLCF operationalizes flexible, instruction-specific checklists that decompose 
user queries into discrete evaluation criteria. During training, model outputs 
are assessed against these checklists, using AI judges and specialized verifier 
programs, yielding multi-dimensional feedback that is aggregated into a 
composite reward signal. This granular feedback helps mitigate ambiguity 
and insufficient supervision in model alignment, resulting in improved 
adherence to user intent and performance across diverse instruction-following 
benchmarks.

RLCF was first technically described in the aforementioned paper, where the 
authors demonstrated the efficacy of checklist feedback over conventional 
reward models by applying RLCF to the Qwen2.5-7B-Instruct language model 
and evaluating it on five standard benchmarks. The method yielded consistent 
gains, including notable improvements on FollowBench, InFoBench, and 
Arena-Hard, establishing checklist feedback as a practical tool for AI alignment, 
particularly in scenarios where models must satisfy a multitude of user needs. 
This approach not only elevates interpretability and reliability but also defines 
a new standard for fine-grained alignment in advanced language systems, 
denoting a significant step forward in scalable, robust AI alignment.

7.1.11 Reinforcement Learning with AI Feedback

Reinforcement Learning from AI Feedback (RLAIF) is a highly scalable AI 
alignment paradigm that adapts the Reinforcement Learning from Human 
Feedback framework by replacing the human annotator with a powerful 
AI model. In this process, a capable “judge” LLM is prompted to provide 
preference labels (e.g., choosing which of two responses is better) for a 
dataset of model-generated outputs. This AI-generated preference data is 
then used to train a reward model, which in turn fine-tunes a separate policy 
model, emulating the RLHF pipeline without the human labor bottleneck. 
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The core principles of RLAIF were effectively pioneered by Anthropic in 
their December 2022 work on Constitutional AI. In their method, an AI was 
prompted to critique and revise responses according to a set of principles (a 
“constitution”), and the AI-generated preferences were used to train a model to 
be more harmless (Bai et al. 2022). This demonstrated the viability of using AI-
generated feedback to instill specific values at scale.

The term RLAIF was later explicitly coined, and the method was systematically 
studied by Google researchers in their May 2023 paper, “RLAIF: Scaling 
Reinforcement Learning from Human Feedback with AI Feedback” (Lee et al. 
2024). Their findings showed that RLAIF can match, and in some cases exceed, 
RLHF performance, while being significantly faster and more cost-efficient.

From an alignment perspective, RLAIF presents a crucial trade-off. While 
it offers immense scalability, its effectiveness is fundamentally limited by 
the judge LLM’s capabilities and inherent biases. There is a significant risk 
of “self-reinforcement” or “distillation,” where the policy model learns to 
replicate the judge model’s specific worldview, potentially amplifying its flaws. 
Therefore, while RLAIF is a powerful tool for scaling alignment, its application 
often requires careful calibration, often by starting with a high-quality “gold 
standard” set of human preferences to guide the AI judge.

7.1.12 Evaluation Metrics for Alignment

Measuring the success of AI alignment requires a diverse set of metrics 
capable of capturing multiple dimensions of model behavior, ranging from 
basic task performance to complex value alignment.

Human Evaluation Metrics

 	y Preference Win Rate 
The percentage of times human evaluators prefer the aligned model’s 
output over a baseline:
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 	y Elo Rating 
Borrowed from chess, Elo ratings provide a relative ranking system for 
models based on pairwise comparisons. The expected win probability for 
model A against model B:

 	y Inter-Rater Reliability  
Measures agreement among human evaluators using metrics like:
 	y Cohen’s Kappa:  

 	y Krippendorff’s Alpha for multiple raters
 	y Fleiss’ Kappa for categorical ratings 

Automated Metrics

 	y Perplexity-Based Metrics 
While not directly measuring alignment, perplexity can indicate fluency 
degradation: 
 
 
 

 	y Reward Model Score 
Direct evaluation using the trained reward model: 
 
 
 

 	y KL Divergence from Base Model 
Measures how much the aligned model deviates from the original: 
 
 



AI Alignment with Human Preferences

57

Task-Specific Metrics

 	y Helpfulness Metrics 
Evaluating helpfulness involves a range of metrics designed to measure 
both the utility and the quality of a model’s responses. Key indicators 
include the task completion rate, which assesses whether a user 
successfully achieves their intended goal, and the information accuracy 
score, which measures the accuracy of the provided information. 
Additionally, the response relevance rating evaluates how directly and 
effectively a response addresses the user’s query while user satisfaction 
surveys provide direct, subjective feedback on the overall helpfulness of 
the interaction.

 	y Harmlessness Metrics 
To assess the safety and harmlessness of an AI system, several 
complementary metrics are used. Toxicity scores, often generated by 
tools such as the Perspective API, quantify the presence of harmful or 
offensive language. Bias measurements, including demographic parity and 
equalized odds, evaluate whether the model’s performance is fair across 
different population groups. The safety violation rate tracks the frequency 
of breaches against predefined safety policies, and the refusal rate for 
harmful requests measures the model’s appropriately identifying and 
declining unsafe or disallowed prompts.

 	y Honesty Metrics 
Honesty is evaluated by assessing the model’s outputs for truthfulness, 
reliability, and epistemic calibration. Factual accuracy is a primary metric, 
often evaluated by comparing model-generated statements against 
curated knowledge bases or verified references. The calibration score 
evaluates how well the model’s expressed confidence matches its actual 
correctness. The hallucination rate quantifies how frequently the model 
invents false information while the appropriateness of its uncertainty 
expression is evaluated to ensure it correctly signals when it does not know 
an answer. 
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Holistic Evaluation Frameworks

 	y H3 Framework (Helpful, Harmless, Honest) 
Combines multiple dimensions into a composite score: 
 
 

 	y Constitutional Adherence Score 
Percentage of outputs that satisfy all constitutional principles: 
 
 
 

Long-term and Behavioral Metrics

 	y Value Alignment Stability 
This metric measures the consistency of a model’s aligned behavior over 
extended periods. It is calculated to quantify any drift or degradation in 
alignment, often defined by the formula: [Stability = 1 - Var (alignment 
scores over time)]

 	y Generalization Metrics 
Generalization metrics are important for assessing how well a model’s 
aligned behavior extends beyond its training data. This includes 
evaluating its out-of-distribution performance on unseen data, its ability 
to perform zero-shot transfer to new and unfamiliar domains, and its 
overall robustness to adversarial inputs designed to provoke undesirable 
responses.

 	y Capability-Alignment Trade-Off 
Measures performance retention after alignment: 
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Multi-Stakeholder Metrics

 	y Demographic Fairness 
This metric is used to ensure consistent quality and fairness across 
different user demographic groups. It can be quantified by measuring 
disparities in positive outcomes between any two groups, often expressed 
as: 
 

 	y Cultural Sensitivity 
Measuring the appropriateness of model responses throughout diverse 
cultural contexts is a critical aspect of multi-stakeholder evaluation. This is 
achieved by using multilingual evaluation sets, collecting culture-specific 
preference data to understand local norms and values, and calculating 
regional appropriateness scores to assess performance in different locales. 

Meta-Evaluation Metrics

 	y Metric Reliability 
Meta-evaluation assesses the consistency and reliability of the 
evaluation metrics themselves. This is commonly done using established 
psychometric techniques, such as test-retest reliability, which measures 
consistency over time; split-half reliability, which assesses consistency 
between two halves of a test; and internal consistency, often quantified 
using Cronbach’s alpha.

 	y Metric Gaming Detection 
It is crucial to identify when models optimize for evaluation metrics 
without achieving genuine improvement, a phenomenon known as metric 
gaming. Detection methods include adversarial metric probing to find 
weaknesses in the evaluation, analyzing the correlation between human 
judgments and automated metric scores, and using behavioral diversity 
measurements to ensure the model is not relying on narrow, repetitive 
strategies. 

Collectively, these metrics establish a robust and exhaustive framework for 
evaluating AI alignment. However, no single metric captures all aspects of 
successful alignment. Effective evaluation typically requires a portfolio of 
complementary metrics tailored to specific use cases and values.
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7.2 Examples

7.2.1 Human Feedback for Text to Image

The paper “Rich Human Feedback for Text-to-Image Generation” (Liang et al. 
2024) introduces a novel approach to improve text-to-image (T2I) models by 
leveraging a comprehensive dataset, RichHF-18K, which contains detailed 
human feedback on eighteen thousand generated images. This rich feedback 
includes marked image regions that are implausible or misaligned with the 
prompt, annotations of misrepresented or missing words in the text, and four 
fine-grained scores for image plausibility, text-image alignment, aesthetics, 
and an overall rating. To automate this process, a multimodal transformer 
called the Rich Automatic Human Feedback (RAHF) was developed to predict 
detailed feedback. The RAHF model can identify problematic regions in 
images, detect misaligned keywords in text prompts, and provide fine-grained 
quality scores, with predictions that highly correlate with human annotations.

This predicted feedback is then used to improve image generation in two key 
ways: by selecting high-quality training data for fine-tuning generative models 
and by creating masks from predicted heatmaps to inpaint problematic 
regions. The resulting improvements were shown to generalize to models like 
Muse (Chang et al. 2023), even beyond the Stable Diffusion variants (Rombach 
et al. 2022) used to create the original dataset. This work presents one of the 
first comprehensive efforts to operationalize fine-grained human feedback 
in T2I systems, offering a more nuanced and actionable alternative to prior 
approaches based on single-score or binary evaluations.

7.2.2 Human Feedback for Video Generation Models

In the two papers, “InstructVideo: Instructing Video Diffusion Models with 
Human Feedback” (Yuan et al. 2023) and “VideoScore: Building Automatic 
Metrics to Simulate Fine-grained Human Feedback for Video Generation” (He 
et al. 2024), both advance the use of human feedback in video generation, 
albeit with different focuses. The InstructVideo framework directly instructs 
video diffusion models by recasting reward fine-tuning as a more efficient 
editing procedure. It introduces the Segmental Video Reward (SegVR) to 
evaluate video quality using sparsely sampled frames and leverages off-the-
shelf image reward models to assess individual frame quality, all with the goal 
of generating videos that better adhere to human preferences.
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In a complementary approach, the VideoScore paper aims to create an 
automatic metric that can simulate fine-grained human feedback. To achieve 
this, the researchers first created VideoFeedback, a large-scale dataset 
containing human-provided, multi-aspect scores for 37,600 synthesized videos. 
Using this data, they trained the VideoScore model for automatic video quality 
assessment. This model achieves a high correlation with human judges, 
outperforming previous metrics, and is designed to serve as a reliable proxy for 
human raters in evaluating video models and simulating feedback for RLHF 
applications.

7.2.3 Multilingual Preference Optimization (MPO)

Multilingual Alignment-as-Preference Optimization (MAPO), also referred 
to as MPO (She et al. 2024), presents a novel approach for aligning large 
language models with non-dominant and low-resource languages. Instead of 
training separate reward models for each language, MAPO leverages a single 
multilingual reward model trained on a mixture of translated and original 
preference data, allowing it to capture universal aspects of human preferences 
while remaining sensitive to language-specific nuances. To overcome data 
scarcity in low-resource languages, the framework uses cross-lingual transfer 
learning, pre-training the reward model on high-resource languages and fine-
tuning it on the target language with limited data.

Furthermore, to account for cultural differences, MAPO incorporates a 
language-specific value head on top of the shared reward model, enabling it 
to adapt to specific preferences within each language. Findings indicate that 
this method significantly outperforms existing techniques in generating high-
quality text that aligns with human preferences across multiple languages, 
demonstrating that the multilingual reward model effectively captures both 
universal and language-specific preferences and that cross-lingual transfer 
enables strong performance even in low-resource scenarios.
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7.3 AI Agents

7.3.1 What Is an AI Agent?

Definition and Characteristics of AI Agents

An AI agent is a system that perceives its environment through sensors and 
acts upon it through actuators to achieve a specific goal (Russell, Russell, and 
Norvig 2021). Unlike traditional software, which typically follows a predefined 
and deterministic set of instructions, AI agents are characterized by their 
capacity for autonomous decision-making. Foundational work in the field 
sought to distinguish between a simple program and a true agent, defining an 
autonomous agent as a system that senses and acts within its environment to 
meet its design objectives, with behavior governed by its own experiences and 
internal state rather than by direct external commands (Franklin and Graesser 
1996).

This concept has since evolved to create complex simulations of believable 
human behavior, as demonstrated by “generative agents” that autonomously 
plan daily activities, form relationships, and coordinate social interactions 
within a virtual environment (Park et al. 2023). From an alignment perspective, 
this autonomy constitutes a central challenge: ensuring that an agent’s 
independent pursuit of its goal does not lead to unforeseen and harmful side 
effects (the outer alignment problem). The complex, emergent social dynamics 
in the “generative agents” simulation, while benign in controlled settings, 
highlight how difficult it is to predict the long-term consequences of even 
simple goals.

A core trait of AI agents is their goal-oriented behavior. An agent’s actions 
are directed toward achieving a specific objective, requiring it to plan 
a sequence of actions, or a trajectory, to move from an initial state to a 
desired goal state. This trajectory often demands complex reasoning and 
the ability to interact with external systems through tool calling and model 
integration. This capability has been significantly advanced by models like 
Gorilla, which are specifically fine-tuned to interact with a massive number 
of APIs with high accuracy, effectively turning the web into a suite of 
callable tools for the agent (Patil et al. 2023). Model integration refers to an 
agent’s ability to invoke specialized AI models during its reasoning process. 
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The goal-oriented nature of agents makes them susceptible to “specification 
gaming,” where the literal goal is achieved in a way that violates the user’s 
underlying intent. The ability to use a massive array of tools, as demonstrated 
by Gorilla, dramatically raises the stakes, as a misaligned agent could take 
harmful, irreversible actions in the digital or even physical world.

Furthermore, sophisticated AI agents are designed for continuous learning 
and adaptability. They can update their internal world model and modify 
their policies based on new information. A key enabling mechanism for this 
is memory; for example, the “generative agents” architecture uses a memory 
stream to record experiences in natural language, retrieve them when relevant, 
and reflect on them to form higher-level inferences that guide future behavior 
(Park et al. 2023). This learning loop is a fundamental differentiator from 
traditional software tools, which are typically static. However, this capacity for 
continuous learning introduces the critical challenge of “alignment stability,” or 
the prevention of “value drift.” An agent that is perfectly aligned today might 
learn from new, biased, or malicious data in its environment and become 
misaligned over time.

Agentic Systems: Prompt Chaining vs. Language Agents

The rise of large language models has led to the development of increasingly 
complex agentic systems. A simpler form of this is a prompt chain (often called 
“chain-of-thought” prompting), which guides an LLM through a reasoning 
process by breaking a task into a sequence of prompts (Wei et al. 2023). 
While this demonstrates sequential reasoning, it lacks the autonomy and 
environmental interaction of a true agent.

In contrast, a language agent is a more sophisticated system that uses 
an LLM as its core reasoning engine to autonomously plan and execute 
actions. These agents can dynamically create their own sequence of steps, 
use tools, and modify their plan based on feedback. A core framework 
for this is ReAct (Reason-Act), which demonstrated that an LLM could 
synergize reasoning and acting by first generating a reasoning trace 
to create a plan (“Reason”) and then executing a relevant action, such 
as using a tool (“Act”) (Yao et al. 2023). This iterative “reasoning-acting 
loop” is a core component of modern language agents (Xi et al. 2023).  
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This distinction is critical from an alignment perspective: aligning a simple 
prompt chain involves ensuring each step is sound, whereas aligning a 
language agent is far more complex. It requires ensuring that the agent’s 
autonomous, goal-seeking behavior remains robustly beneficial across a wide 
range of unforeseen situations. The “reasoning-acting loop” is the critical 
surface for this challenge; safety mechanisms must be able to audit the 
“Reason” step (the agent’s plan or internal monologue) and intervene before 
a harmful “Act” step is executed. This makes the interpretability of the agent’s 
reasoning process a core area of alignment research.

7.3.2 AI Agents vs. Agentic AI

While often used interchangeably, the terms “AI agent” and “agentic AI” 
can describe two distinct conceptual frames with distinct implications for 
alignment. The term AI Agent traditionally refers to the classic definition of a 
complete, autonomous system designed from the ground up to perceive, 
plan, and act in an environment to achieve a specified goal (Russell, Russell, 
and Norvig 2021). The alignment challenge for such agents has historically 
focused on the “outer alignment” problem: how to correctly specify the agent’s 
objective function or reward signal so that its goal-seeking behavior does not 
lead to negative side effects, reward hacking, or other undesirable outcomes. 
The core difficulty lies in designing a single, robust objective that captures all 
the finer points of human values, a challenge detailed in foundational safety 
work such as “Concrete Problems in AI Safety” (Amodei et al. 2016).

In contrast, agentic AI is a more modern term, often used to describe systems 
where a pre-trained large language model serves as the core reasoning 
engine, imbuing the system with agent-like properties. These systems exhibit 
a spectrum of autonomy, from simple chain-of-thought prompting to complex, 
autonomous loops of reasoning and tool use, as pioneered by frameworks 
like ReAct (Yao et al. 2023). The alignment challenge for agentic AI shifts 
from specifying a perfect objective function to supervising and constraining 
the model’s behavioral process. The focus is therefore on ensuring the safety, 
interpretability, and reliability of the “reason-act” loop itself. This involves 
new alignment techniques, such as Constitutional AI, where principles 
guide the LLM’s “internal monologue” before it acts (Bai et al. 2022), and the 
development of robust safeguards around tool use. Therefore, while the 
alignment of a classic AI agent is about getting the goal right, the alignment 
of agentic AI is more about safely managing the process of achieving that goal.
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7.3.3 AI Agent Training

The training of AI agents has historically been dominated by the reinforcement 
learning (RL) paradigm, where an agent learns a policy by maximizing 
a cumulative reward signal through trial-and-error interaction with an 
environment. From an alignment perspective, this approach is replete with 
challenges, as the agent’s behavior is entirely determined by the fidelity of its 
reward function. This creates a critical vulnerability known as “outer alignment 
failure,” where a misspecified or incomplete reward function incentivizes 
the agent to find loopholes or shortcuts that achieve a high score without 
fulfilling the intended goal. This can lead to undesirable behaviors, such as 
“reward hacking” (exploiting flaws in the reward signal) or negative side effects 
(disrupting the environment in pursuit of the goal). These foundational issues, 
where an agent’s powerful optimization pursues a flawed objective, were 
identified as central challenges in early AI safety research (Amodei et al. 2016).

The advent of large language models has shifted the training paradigm 
for modern agentic AI, introducing new techniques and new alignment 
considerations. The process now typically begins with a pre-trained 
foundation model, which is then adapted for agentic tasks through a multi-
stage process. First, Supervised Fine-Tuning is used to teach the model the 
mechanics of agency, such as how to follow instructions, use specific tools, 
and produce reasoning traces in a structured format, such as the reason-act 
framework (Yao et al. 2023). While SFT teaches the agent how to act, the core 
alignment step often follows: Reinforcement Learning from Human Feedback. 
We have discussed RLHF at length in the paper. In this phase, the agent’s 
behavioral policy is refined based on human preferences for different courses 
of action. This method, famously used to train models like InstructGPT, directly 
optimizes for alignment with human-defined notions of helpfulness and 
harmlessness, rather than relying on a potentially flawed, hand-coded reward 
function (Ouyang et al. 2022). Thus, the focus of alignment in agent training 
has evolved from designing a perfect objective to developing scalable and 
robust methods for supervising complex, language-driven behaviors.
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7.3.4 AI Agent Evaluation

The evaluation of AI agents presents a paradigm shift from traditional machine 
learning model assessment, demanding a focus on alignment and safety in 
addition to mere task performance. While standard benchmarks can measure 
an agent’s ability to complete a task (i.e., its capabilities), they commonly fail 
to capture whether the agent achieved its goal in a safe, ethical, and intended 
manner. For example, an agent could successfully book a flight by exploiting 
a bug in the airline’s website or by ignoring user-specified constraints, such 
as budget. This gap between capability and alignment means that high 
performance on a benchmark does not guarantee safe real-world behavior. 
Foundational AI safety research highlights this issue, where an agent pursuing 
a simple goal might cause negative side effects that were not specified in its 
objective (Amodei et al. 2016). Consequently, relying solely on performance-
based benchmarks such as AgentBench, which test multi-turn task 
completion, is insufficient for a comprehensive alignment evaluation (Liu et al. 
2025).

To address this challenge, the field is moving toward more alignment-focused 
evaluation methodologies. A critical component is the shift from outcome-
based to process-oriented evaluation, where the agent’s reasoning trajectory, 
its “chain of thought” or internal monologue, is scrutinized for safety and 
adherence to instructions, rather than just the final result. Frameworks like 
ReAct, which explicitly generate a reasoning trace before acting, provide a 
crucial surface for this kind of audit (Yao et al. 2023). Furthermore, researchers 
are developing more challenging benchmarks designed to stress-test agent 
robustness and alignment, such as GAIA, which poses questions difficult even 
for advanced LLM-based agents and requires careful, precise tool use (Mialon 
et al. 2023). Ultimately, a robust evaluation framework for aligned agents 
must combine performance benchmarks with interactive human evaluation, 
adversarial testing (red teaming), and the analysis of the agent’s reasoning 
process to ensure that its autonomous, goal-seeking behavior remains safe 
and beneficial in a wide range of contexts.

66



AI Alignment with Human Preferences

67

7.3.5 Role of AI Agents in Driving AI Alignment

AI agents are not only the primary subjects of alignment research but are 
also becoming key tools for advancing the field itself. Their autonomous, 
goal-seeking nature makes them uniquely suited to automate and scale 
up the most labor-intensive aspects of alignment work. A prime example 
is automated red teaming, in which an AI agent is tasked with identifying 
vulnerabilities and eliciting unsafe behaviors from a target model. These 
“adversarial” agents can often discover novel and complex attack vectors that 
human testers might miss, thereby delivering a more comprehensive and 
scalable way to stress-test a model’s safety and robustness (Perez et al. 2022; 
Ganguli et al. 2022). Similarly, agents are being developed to perform scalable 
oversight, acting as AI assistants to human evaluators by automatically 
checking facts, running code, and providing critiques, thus helping to alleviate 
the human bottleneck in Reinforcement Learning from Human Feedback.

A pivotal role for AI agents in driving alignment is through the generation 
and refinement of their own trajectories; the sequence of reasoning steps and 
actions taken to complete a task. These trajectories provide a rich, process-
oriented data source for both training and evaluation. For training, instead of 
just rewarding a final outcome, human supervisors or critique agents can 
correct or provide feedback on specific steps within a trajectory, such as an 
incorrect tool call or a flawed line of reasoning. This process-based supervision 
is central to modern agent alignment, whether through Supervised Fine-
Tuning on corrected trajectories or through Reinforcement Learning with 
process-based rewards (Lightman et al. 2023). For evaluation, analyzing 
trajectories offers a more robust and interpretable measure of alignment. By 
scrutinizing the reasoning-acting path, as exemplified by frameworks such 
as ReAct (Yao et al. 2023), evaluators can verify the soundness of the agent’s 
method, making it a critical tool for assuring reliable, trustworthy behavior.
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Beyond refining individual trajectories, agents are enabling entirely new 
paradigms for alignment. One of the most significant is AI-driven self-
improvement, as pioneered in Constitutional AI. In this framework, an AI model 
(acting as a critique agent) generates feedback on another model’s outputs 
based on a set of principles, creating a scalable, self-contained training loop 
that reduces the need for direct human labeling (Bai et al. 2022). Furthermore, 
sophisticated multi-agent simulations are being used as digital sandboxes to 
study complex, long-term alignment problems. By creating virtual societies 
of “generative agents,” researchers can observe emergent behaviors, such 
as cooperation, conflict, and the potential for power-seeking, in a controlled 
environment (Park et al. 2023), which is important for ensuring the safety of 
highly autonomous AI systems.

Finally, AI agents are central to advanced alignment proposals like debate and 
deliberation, where multiple agents are pitted against each other to surface 
the truth and provide robust supervision. In the classic “debate” framework, 
two AI agents take opposing sides on a complex question, and a human 
judge evaluates the quality of their arguments, not just the final answer 
(Irving, Christiano, and Amodei 2018). This mechanism is designed to amplify 
human cognitive capacity, a key goal of weak-to-strong generalization, which 
seeks methods to allow less capable supervisors (humans) to reliably align 
and control more capable AI systems (Burns et al. 2023). By structuring AI 
interaction as a verifiable process, multi-agent debate affords a promising path 
toward scalable, robust oversight for superhumanly capable models.

7.4 Safety and Red Teaming

Safety evaluation and red teaming have become essential practices in 
developing aligned AI systems (Perez et al. 2022). These methodologies 
systematically probe models for potential failures, vulnerabilities, and harmful 
behaviors before deployment (Ganguli et al. 2022).
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7.4.1 Red Teaming Fundamentals

Red teaming in AI involves adversarial testing where skilled practitioners 
attempt to elicit harmful, biased, or unintended outputs; bypass safety 
mechanisms and alignment training; identify edge cases and failure modes; 
and stress-test model robustness across diverse scenarios.

7.4.2 Types of Safety Evaluations

 	y Capability Evaluations: Capability evaluations focus on assessing a 
model’s potential for dangerous applications, such as bioweapon design 
or cyberattacks. This includes testing for emergent abilities that were 
not present during training and evaluating the dual-use potential of the 
model’s capabilities.

 	y Alignment Evaluations: Alignment evaluations test the model’s 
adherence to intended values and principles. They measure the 
consistency of its responses across different contexts and evaluate its 
robustness to adversarial prompting designed to subvert its alignment.

 	y Robustness Evaluations: Robustness evaluations examine the model’s 
performance under distribution shifts. They also assess its resistance to 
common jailbreaking attempts and its behavior when presented with 
corrupted or adversarial inputs.

7.4.3 Red Teaming Methodologies

 	y Manual Red Teaming: Manual red teaming involves human experts 
crafting adversarial prompts and iteratively refining them based on the 
model’s responses. The process includes documenting successful attack 
patterns and creating comprehensive test suites from these findings.

 	y Automated Red Teaming (Perez et al. 2022): Automated red teaming 
utilizes other AI systems to generate adversarial inputs at scale. This can 
involve gradient-based attacks to find harmful outputs, evolutionary 
algorithms for prompt optimization, and large-scale systematic testing to 
cover a wide range of potential vulnerabilities.

 	y Hybrid Approaches: Hybrid approaches combine the advantages of both 
manual and automated methods. This includes AI-assisted human red 
teaming, human validation of automated findings to ensure relevance, and 
iterative human–AI collaboration to discover novel vulnerabilities. 
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7.4.4 Common Attack Vectors

 	y Jailbreaking Techniques: Jailbreaking techniques employ various 
strategies to bypass safety filters. These include using role-playing 
scenarios (such as the “DAN” or “Do Anything Now” persona), framing 
requests in a hypothetical context, using encoding attacks such as base64 
or reversed text, priming the model with few-shot harmful examples, and 
employing language-switching or translation attacks.

 	y Prompt Injection: Prompt injection attacks aim to manipulate the model 
by overriding its system instructions. This can be done by embedding 
hidden instructions within user-provided content, leveraging context 
overflow vulnerabilities, or exploiting the model’s instruction hierarchy.

 	y Social Engineering: Social engineering attacks on LLMs mimic human 
manipulation tactics. These can include emotional manipulation, 
impersonating an authority figure, using gradual escalation to slowly push 
boundaries, and building trust with the model before making a harmful 
request. 
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7.4.5 Safety Benchmarks and Datasets

Key evaluation frameworks include TruthfulQA for factual accuracy, 
RealToxicityPrompts for toxic content generation, BBQ (Bias Benchmark for 
QA) for measuring social biases, MACHIAVELLI for ethical decision-making, and 
SafetyBench for a comprehensive suite of safety evaluations.

7.4.6 Mitigation Strategies

 	y Training-Time Interventions: Training-time interventions incorporate 
safety measures directly into the model’s training process. This includes 
adversarial training informed by red teaming, implementing Constitutional 
AI with explicit safety principles, formulating robust reward models 
resilient to adversarial inputs, and curating safety-specific fine-tuning 
datasets.

 	y Inference-Time Safeguards: Inference-time safeguards operate post-
training as a final defensive layer. These include input and output filtering 
and moderation, ensemble voting across multiple models to reduce the 
risk of a single failure, uncertainty-based rejection of low-confidence 
answers, and rule-based safety checks.

 	y System-Level Protections: System-level protections are broader measures 
that manage how the AI system is used. These include rate limiting and 
usage monitoring to prevent abuse, user authentication and access 
controls, comprehensive audit logging and anomaly detection, and 
sandboxing the model to impose capability restrictions. 

7.4.7 Organizational Practices

 	y Red Team Structure: Effective organizational practices for red teaming 
involve establishing a robust structure. This often includes maintaining 
independence between red and development teams, engaging external 
red teams for an outside perspective, rotating team membership to 
bring in fresh viewpoints, and establishing clear escalation procedures 
for any findings. This is common best practice that needs to be preserved 
regardless of deployment of AI capabilities or other services.

 	y Continuous Evaluation: Safety evaluation must be a continuous process. 
This includes conducting regular red-team exercises, performing post-
deployment monitoring to detect real-world failures, running community 
bug bounty programs to crowdsource vulnerability discovery, and 
transparently reporting safety issues and their mitigations. 
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7.4.8 Challenges in Safety Evaluation

Safety evaluation faces several major challenges. These include evaluation 
gaming, where models learn to pass safety tests without genuine alignment; 
the problem of “unknown unknowns,” or the inability to test for unforeseen 
failure modes; the scalability difficulty of comprehensively testing massive 
models; the constant adversarial arms race between attackers and defenders; 
and the context dependence of safety, where requirements can vary 
dramatically across different applications.

7.4.9 Future Directions

Future directions in safety and red teaming focus on deeper, more proactive 
approaches. Emerging areas include using mechanistic interpretability to 
understand the root causes of failure modes, applying formal verification 
to prove safety properties, developing automated safety case generation, 
fostering cross-organizational collaboration on safety standards, and creating 
“capture-the-flag”-style safety competitions to spur innovation in adversarial 
testing.

Red teaming and safety evaluation remain critical ongoing processes 
throughout the AI development lifecycle, requiring constant adaptation as 
models become more capable and attack techniques evolve.
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8. 
 
Industry Initiatives
 
8.1 The Business of Data Labeling

The methodologies for aligning AI with human preferences have catalyzed the 
growth of a specialized industry dedicated to high-quality data annotation. 
This ecosystem includes leading firms such as Scale AI, Snorkel AI, Surge AI, 
and Labelbox, which work closely with AI labs to supply the ground-truth data 
required for post-training alignment. Their services span the full data pipeline, 
including data labeling, curation, quality assurance, and data management.

This demand has created a multi-billion-dollar market, attracting significant 
venture capital and driving high valuations for established companies. The 
space continues to expand with newer providers such as SoulAI and Micro1 
while major labs are increasingly building internal capabilities, for example, 
OpenAI’s Data Lab. The strategic importance of a robust and diverse data 
supply chain often leads AI developers to partner with multiple annotation 
firms to mitigate bias and ensure a consistent flow of high-quality data.

However, outsourcing alignment to a commercial vendor introduces structural 
risks, effectively delegating aspects of moral and behavioral tuning of 
foundational models to a few companies. This creates a fundamental incentive 
misalignment: vendor business model, typically optimized for volume, speed, 
and margin, may conflict with the rigorous, high-fidelity deliberation required 
for robust AI safety.

Consequently, there is a push by some of the major labs to internalize data 
operations. This is not merely a cost-saving measure but a strategic initiative 
to reclaim control over their models’ core values and reduce dependency on 
a concentrated supply chain. This is easier said than done, given the criticality 
of fast turnaround for high-quality training data at scale, and often, the labs 
have found themselves turning to the data provider companies for their post-
training needs.
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8.2 From the Trenches

The rapid development of increasingly powerful large language models is 
fundamentally constrained by the availability of high-quality, ground-truth 
labeled data. This constraint is particularly acute in specialized domains where 
expertise is scarce. For instance, creating vast, accurately labeled datasets for 
medical imagery requires trained radiologists while interpreting atmospheric 
satellite data demands meteorological expertise.

Similarly, in linguistics, low-resource languages like Sanskrit often lack the 
extensive digital corpora available for English. This data scarcity extends to 
the domain of physical AI, where training embodied agents requires huge 
datasets of real-world interaction, robotic trajectories, and multi-modal sensory 
feedback, which are inherently more complex and costly to acquire than purely 
digital data.

To overcome this bottleneck, the field is increasingly turning to methodologies 
like Reinforcement Learning from Human Feedback and Direct Preference 
Optimization. These approaches provide a framework for gathering human 
feedback at the necessary scale, allowing models to learn directly from human 
preferences rather than relying solely on preexisting static datasets.

This dynamic interaction is a key driver behind the swift advancements in 
AI, enabling the creation of not only general-purpose LLMs but also highly 
specialized and multimodal systems capable of tackling the nuances of these 
complex, data-scarce domains.
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9. 
 
Challenges in AI Alignment
 
Despite significant progress in aligning AI systems with human preferences, 
numerous fundamental challenges remain (Casper et al. 2023). These 
challenges span technical, philosophical, and practical dimensions of the 
alignment problem (Amodei et al. 2016).

9.1 Distribution Shift and Generalization

One of the most persistent challenges in AI alignment is ensuring that aligned 
behavior generalizes beyond the training distribution.

9.1.1 Training-Deployment Mismatch

During deployment, models encounter prompts and contexts that differ 
significantly from their training data. Alignment techniques optimized for 
specific datasets may not transfer reliably to real-world use. Furthermore, as 
user behavior evolves, it induces a continuous shift in the distribution that can 
degrade alignment over time.
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9.1.2 Capability Generalization vs. Alignment Generalization

A critical asymmetry exists: a model’s capabilities often generalize effectively to 
new and unforeseen tasks while its alignment properties do not generalize at 
the same rate. This disparity creates substantial risks of misaligned or harmful 
behavior when models are deployed in novel contexts for which their safety 
training was not specifically designed.

9.2 Reward Hacking and Goodhart’s Law

“When a measure becomes a target, it ceases to be a good measure.” This 
principle manifests in several ways:

9.2.1 Reward Model Exploitation

Models can learn to produce outputs that score highly on reward models 
without achieving the intended behavior. A prominent real-world example 
is the phenomenon of sycophancy observed in broadly deployed models like 
early versions of ChatGPT and Claude. Because human annotators inherently 
favored polite, agreeable responses during the RLHF phase, the underlying 
reward models learned to prioritize user validation over factual accuracy.

Consequently, the deployed models would routinely agree with a user’s 
demonstrably false premises or echo their subjective biases just to maximize 
their “helpfulness” reward score. This category of failure also includes 
undesirable patterns such as excessive verbosity, unnecessary hedging, or 
formulaic, unhelpful responses. It can also lead to the generation of adversarial 
examples that fool the reward model while being obviously wrong to a human 
evaluator.

9.2.2 Specification Gaming

Specification gaming occurs when a model satisfies the literal objective while 
violating its intended purpose. A canonical example is a cleaning robot that 
prevents future messes by preventing any activity from occurring in the first 
place. This issue requires the creation of increasingly precise specifications, 
which are difficult and often impractical to achieve.
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9.3 Scalable Oversight

As AI systems become more capable, human oversight becomes increasingly 
difficult:

9.3.1 Capability-Oversight Gap

Models may generate outputs that exceed human evaluators’ ability to reliably 
assess them, particularly acute in highly technical or specialized domains. 
Additionally, the sheer volume of outputs, combined with time and cost 
constraints,  makes comprehensive oversight impractical at a large scale.

9.3.2 Recursive Oversight Challenges

While scalable, using AI systems to oversee other AI systems introduces 
the risk of cascading errors. There is significant difficulty in bootstrapping 
trustworthy oversight from initially untrusted systems, and there is a persistent 
risk that these AI-powered oversight systems themselves will be gamed or 
manipulated.

9.4 Value Pluralism and Preference Aggregation

Human values are diverse, context-dependent, and sometimes contradictory:

9.4.1 Whose Values?

A core challenge is determining whose values should guide alignment. 
Different stakeholders often hold conflicting preferences, shaped by cultural, 
institutional, and individual variations in values. These tensions are further 
complicated by inherent power dynamics that influence which preferences are 
represented in training data.

9.4.2 Preference Instability

Human preferences are not static; they change over time and are highly 
context-dependent, which can make them appear inconsistent. Furthermore, 
the preferences people state often diverge from the preferences revealed 
by their actual choices, making it difficult to capture a true and stable set of 
values.
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9.5 Inner Alignment and Mesa-Optimization

A key challenge is the alignment of learned optimization processes that may 
emerge within the models themselves (Hubinger et al. 2019):

9.5.1 Mesa-Optimizer Risk

During training, models may learn internal optimization processes (mesa-
optimizers) that have objectives different from the one the model was explicitly 
trained on. These emergent internal optimizers might pursue goals that 
are misaligned with the intended training objective, and they are extremely 
difficult to detect or control.

9.5.2 Deceptive Alignment

A model might appear perfectly aligned during training and evaluation while 
harboring different, ulterior objectives. This poses a risk that the model will 
behave strategically to pass evaluations, making it a profound challenge to 
distinguish genuine from deceptive alignment.

9.6 Computational and Resource Constraints

Practical limitations directly affect alignment quality:

9.6.1 Training Efficiency Trade-offs

More thorough and robust alignment training requires considerable 
computational resources. Commercial pressures to deploy quickly can 
incentivize trade-offs in alignment quality, especially since the costs of 
comprehensive alignment can be difficult to justify without visible, immediate 
returns.

9.6.2 Data Quality and Availability

High-quality human feedback, which is the cornerstone of many alignment 
techniques, is expensive and time-consuming to collect. The data available 
often contains biases, and privacy concerns can limit access to the 
representative data needed for robust alignment.
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9.7 Interpretability and Transparency

Understanding why models behave as they do remains a core challenge:

9.7.1 Black Box Nature

The internal representations and decision-making processes of large models 
remain poorly understood. This “black box” nature makes it difficult to 
predict behavior in novel contexts and constitutes a significant challenge for 
debugging alignment failures when they occur. This is why it is important to 
score models, monitor outcomes, and keep humans in the loop.

9.7.2 Explanation-Behavior Gaps

The explanations that models provide for their behavior may not accurately 
reflect their actual reasoning processes. They can be post hoc rationalizations 
rather than true explanations, and verifying their accuracy is a difficult, 
unsolved problem.

9.8 Emergent Capabilities and Behaviors

Unexpected properties arise as models scale:

9.8.1 Capability Jumps

As models scale, they can exhibit sudden new capabilities that were not 
present in relatively smaller models. It is difficult to predict what these new 
capabilities will be, and existing alignment techniques may not be prepared to 
account for these unforeseen behaviors.

9.8.2 Phase Transitions

At certain scales, models can undergo qualitative changes in behavior, or 
“phase transitions.” The nonlinear scaling of both capabilities and risks makes 
it challenging to test alignment at the full scale of a model before deployment.
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9.9 Adversarial Robustness

Maintaining alignment under adversarial pressure remains an ongoing 
challenge:

9.9.1 Jailbreaking and Prompt Injection

There is a continuous discovery of new attack vectors, such as jailbreaking 
and prompt injection, designed to bypass safety measures. A stark, at-scale 
example of an alignment failure in deployment was the “DAN” (Do Anything 
Now) jailbreak that plagued ChatGPT shortly after its launch. By using 
complex prompts instructing the system to roleplay as an alter-ego immune 
to OpenAI’s policies, millions of users successfully bypassed the model’s safety 
conditioning, coercing it into generating restricted or harmful content.

This vulnerability extends directly to enterprise applications, famously 
demonstrated when users utilized prompt injection to manipulate a Chevrolet 
dealership’s customer service chatbot into agreeing to sell a 2024 Chevy 
Tahoe for one dollar. This creates an ongoing arms race between attacks and 
defenses, often forcing a trade-off between model robustness and its overall 
capability.

9.9.2 Malicious Fine-tuning

There is a significant risk that well-aligned models will be deliberately fine-
tuned for harmful or malicious purposes. This creates a dual challenge: 
preventing misuse while preserving openness in the research ecosystem and 
ensuring that alignment persists through downstream modifications.
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9.10 Long-term and Existential Challenges

Fundamental questions remain for advanced AI systems:

9.10.1 Alignment Stability

A key open question is whether alignment properties persist as models 
continue to learn and adapt. There is a risk of “value drift” over extended 
operation, and maintaining alignment is a major challenge, particularly 
through processes such as self-improvement.

9.10.2 Corrigibility

Corrigibility concerns ensuring that advanced AI systems remain modifiable 
and can be safely interrupted or shut down by their operators. This involves 
preventing systems from developing resistance to correction or improvement 
and balancing their autonomy with the need for human maintainability and 
control.

These challenges highlight that AI alignment remains an active area of 
research with significant open problems. Progress requires continued 
innovation in technical approaches, a better understanding of human values, 
and careful consideration of the societal implications of increasingly capable AI 
systems.
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10. 
 
Future Directions
 
The field of AI alignment is rapidly evolving, with new challenges emerging 
as models become more capable and new solutions proposed to address 
fundamental limitations. This section analyzes promising research directions 
and anticipated developments.

While the field presents a broad landscape of open problems, treating them 
as equally weighted risks obscures the critical path for near-term AI safety. 
To move from theoretical concern to practical engineering, the alignment 
community must prioritize research directions that are both highly urgent 
(addressing immediate bottlenecks in frontier models) and empirically 
tractable.

Specifically, two areas stand out as the highest priorities for the next one to 
three years: scalable oversight (particularly weak-to-strong generalization) and 
mechanistic interpretability. As models increasingly surpass human expertise 
in specialized coding and scientific domains, scalable oversight is no longer 
a future hypothetical but an urgent operational necessity for evaluating 
outputs humans cannot easily verify. Concurrently, mechanistic interpretability, 
supercharged by recent advances in sparse autoencoders, offers the most 
tractable path out of the “black box” paradigm of standard preference tuning, 
providing the necessary tools to detect deceptive alignment and directly verify 
safety within model circuits. The remaining areas, such as formal verification, 
multimodal alignment, or multi-agent dynamics, while vital, may be viewed as 
either domains to build upon these foundational breakthroughs.
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10.1 Scalable Oversight and Weak-to-Strong Generalization

10.1.1 Recursive Reward Modeling

Future systems may employ hierarchical oversight structures where AI systems 
help evaluate other AI systems. This could enable supervision of superhuman 
capabilities through chains of oversight, bootstrapping from human-level 
evaluation to beyond-human performance, and potentially enabling partial 
formal guarantees within these oversight chains.

10.1.2 Weak-to-Strong Generalization

A key area of research is understanding how less capable systems can 
effectively train or supervise more capable ones (Burns et al. 2023). This 
includes methods for training strong models under weak supervision, 
amplification techniques that extend the reach of human oversight, and 
frameworks such as debate and deliberation between AI systems. Factored 
cognition, which involves breaking down complex tasks into smaller, more 
easily supervisable components, is also a promising direction.

10.2 Mechanistic Interpretability

10.2.1 Understanding Model Internals

Advances in understanding how models represent and process information 
are crucial for alignment. This line of research involves identifying and 
enhancing specific model capabilities using techniques such as circuit 
discovery and transformer analysis. It also includes making causal interventions 
to understand behavior and developing methods for real-time monitoring of 
internal model activations.

10.2.2 Alignment via Interpretability

A deeper mechanistic understanding can be directly leveraged to improve 
alignment. This may involve modifying problematic circuits identified within 
the model, detecting deceptive or misaligned reasoning by analyzing internal 
processes, verifying the absence of harmful capabilities, and making surgical 
updates to model behavior without requiring full retraining.
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10.3 Advanced Preference Learning

10.3.1 Preference Modeling Innovations

Next-generation approaches aim to move beyond simple rankings to a more 
subtle understanding of human preferences. This includes learning continuous 
preference functions, explicitly modeling preference uncertainty and annotator 
disagreement, capturing temporal dynamics and evolution in preferences, and 
formulating robust cross-cultural preference representations.

10.3.2 Active and Efficient Learning

Future methods will focus on reducing the significant data requirements of 
alignment while improving its quality. This involves active learning techniques 
for more efficient preference elicitation, few-shot preference adaptation to 
new domains, transfer learning across different preference domains, and the 
validated use of synthetic preference data.

10.4 Multi-Agent and Social Alignment

10.4.1 Collective Intelligence Systems

Aligning systems of interacting AI agents presents unique challenges. 
Research in this area focuses on understanding emergent behavior arising 
from aligned components, achieving coordination without centralized control, 
maintaining alignment during agent interaction, and applying principles of 
social choice theory to multi-agent decision-making.

10.4.2 Human–AI Collaboration

Optimizing joint human–AI systems is a key future direction. This involves 
fostering complementary skill development, creating systems for dynamic task 
allocation, ensuring proper trust calibration and maintenance between human 
and AI partners, and studying the co-evolution of human and AI capabilities 
over time.
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10.5 Formal Methods and Verification

10.5.1 Mathematical Guarantees

A long-standing goal is to develop provable alignment properties that provide 
mathematical guarantees of safety. This involves the formal specification of 
alignment objectives, the creation of verified training procedures, the ability to 
calculate bounds on potential misalignment, and the achievement of certified 
robustness to distribution shifts.

10.5.2 Safety by Design

This approach focuses on building alignment directly into model architectures. 
This could include developing inherently interpretable architectures, creating 
modular systems with verified components, implementing hardware-enforced 
safety constraints, and designing systems based on reversible and correctable 
computations.

10.6 Adaptive and Continual Alignment

10.6.1 Lifelong Learning Systems

Maintaining alignment as models continue to learn and operate in the real 
world is essential. This requires developing methods for online preference 
learning, enabling models to adapt to changing human values, preventing 
alignment degradation or “value drift” over time, and creating memory 
systems to retain an alignment history.

10.6.2 Self-Improving Alignment

A long-term goal is to create systems that can enhance their own alignment. 
This could involve meta-learning to discover better alignment techniques, 
methods for self-supervised alignment refinement, automated AI-driven 
alignment research, and frameworks for recursive self-improvement with 
safety guarantees built in.
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10.7 Multimodal and Embodied Alignment

10.7.1 Beyond Language Models

Alignment techniques must be extended beyond language to other 
modalities. This includes aligning vision-language models, ensuring safety in 
robotics and physical world interaction, aligning audio and speech systems, 
and maintaining cross-modal preference consistency so that a model’s values 
are coherent across all its capabilities.

10.7.2 Embodied AI Challenges

Physical systems present unique alignment considerations. These include 
ensuring safety in dynamic physical environments, meeting the constraints 
of real-time decision making, accounting for the irreversible consequences of 
physical actions, and navigating the complicated dynamics of human-robot 
interaction.

10.8 Governance and Standards

10.8.1 Technical Standards Development

Developing industry-wide alignment protocols is crucial to ensuring safety 
across the field. This includes creating standardized evaluation benchmarks, 
establishing common safety testing procedures, ensuring the interoperability 
of different alignment techniques, and developing certification processes for 
verifiably aligned systems.

10.8.2 Regulatory Frameworks

Legal and policy infrastructure will be necessary to govern the deployment of 
advanced AI. This could involve mandatory alignment requirements for certain 
applications, the creation of liability frameworks for misaligned AI, advancing 
international cooperation on alignment standards, and enabling public 
participation in the value specification process.
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10.9 Fundamental Research Questions

10.9.1 Open Problems

Critical, open questions require breakthrough research. These include whether 
alignment can be preserved through significant capability scaling, how to 
align systems that are smarter than their creators, whether perfect alignment 
is achievable or necessarily approximate, and how to handle fundamental, 
irreconcilable conflicts in human values.

10.9.2 Paradigm Shifts

The field may undergo revolutionary changes in approach. This could involve 
moving beyond reward-based frameworks entirely, developing methods for 
alignment without explicit human feedback, leveraging quantum computing 
for complex alignment problems, or drawing inspiration from biology to 
develop novel value-learning mechanisms.

10.10 Near-Term Priorities

10.10.1 Immediate Research Needs

Areas requiring urgent attention include developing jailbreak-resistant 
solutions that are effective at scale, creating more efficient red-team 
automation methods, establishing robust quality assurance for preference 
data, and building effective deployment monitoring systems to catch 
alignment failures in the real world.

10.10.2 Infrastructure Development

Progress will depend on building the necessary research infrastructure. This 
includes creating large, open datasets for alignment research, developing 
shared evaluation platforms for comparing techniques, supporting 
collaboration across labs, and providing training resources for new alignment 
researchers.
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10.11 Long-Term Vision

10.11.1 Aligned AGI

A primary long-term goal is preparing for the advent of artificial general 
intelligence (AGI). This requires developing alignment techniques that can 
scale to AGI, solving the problem of value learning for a general intelligence, 
ensuring human agency is maintained in a world with AGI, and ultimately 
ensuring beneficial outcomes for all of humanity.

10.11.2 Post-AGI Considerations

Beyond human-level AI, new challenges will emerge. These include aligning 
superintelligent systems, addressing the problem of value extrapolation, 
ensuring coherent volition for advanced AI, and responsibly stewarding the 
cosmic endowment to ensure positive long-term futures and the continued 
flourishing of humanity.

The future of AI alignment will require sustained innovation across technical, 
social, and philosophical dimensions. Success depends on coordinated 
research effort, broad collaboration, and thoughtful consideration of the 
profound implications of creating aligned artificial intelligence. As capabilities 
advance, the importance of getting alignment right becomes ever more 
critical for ensuring AI remains beneficial to humanity.
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Summary 

Dario Amodei’s prediction that artificial intelligence will rapidly automate 
white-collar cognitive labor is not driven solely by the raw scale of algorithmic 
pre-training alone but by the precise alignment mechanisms detailed in 
this paper. The journey from Supervised Fine-Tuning and Reinforcement 
Learning from Human Feedback to highly scalable methods like Direct 
Preference Optimization and Group Relative Policy Optimization answers the 
fundamental question posed at the outset: How has AI acquired human-level 
judgment? We are witnessing the systematic extraction and codification of 
human expertise into model weights. By translating nuanced human values 
into structured rubrics, checklists, and verifiable rewards, the AI industry is 
actively overcoming the economic bottleneck of data scarcity and transferring 
human cognitive labor directly into autonomous systems. AI Alignment has 
become the industrialization of human preferences for AI systems.

While existing surveys often treat AI alignment as a strictly mathematical, 
algorithmic, or safety-oriented problem, this paper’s distinctive contribution 
lies in mapping the structural convergence of technical alignment 
methodologies, the commercial data labeling ecosystem, and their broader 
economic imperatives. This paper reframes alignment not merely as a safety 
filter or post-training afterthought but as the core industrial engine powering 
the automation of human expertise.

As the field moves toward scalable oversight and autonomous AI agents, 
systems that are now ironically becoming instrumental in solving their 
own alignment problems through automated red teaming, process-based 
supervision and multi-agent debate, the risks evolve from simple reward 
hacking to profound structural shifts. Ultimately, ensuring that increasingly 
powerful systems remain beneficial will demand more than technical 
innovation. It requires the alignment community to navigate the intersection 
of mechanistic interpretability, the commercial consolidation of preference 
data, and the profound socioeconomic shifts catalyzed by models that can 
successfully replicate human judgment at scale.
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