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Abstract. As artificial intelligence (Al) continues to evolve, ensuring that models behave
responsibly and align with human values has become a pressing concern. Constitutional Al (CAl),
developed by Anthropic, proposes an approach wherein a large language model is guided by a
transparent set of principles—its “constitution.” This paper provides an expanded overview of
Constitutional Al, its background, methodology, practical implementation details, and future
directions. We also include placeholders for figures from the original CAl publication to illustrate its
core workflow and contrasts with more traditional alignment methods such as Reinforcement
Learning from Human Feedback (RLHF).

Introduction

Anrtificial Intelligence (Al) systems are increasingly integrated into society, raising urgent questions
about how to align these systems with human values. The Al alignment problem seeks to ensure that
Al models generate outputs that are beneficial—or at least not harmful—to humans. EXxisting
alignment efforts, such as supervised fine-tuning (SFT) and Reinforcement Learning from Human
Feedback (RLHF), rely heavily on human evaluators for iterative feedback.

Constitutional Al (CAI) offers a novel framework developed by Anthropic that uses a codified set of
principles (a “constitution”) to guide model behavior. Instead of requiring human feedback at every
step, the model consults its constitution to self-supervise its outputs, aiming to minimize harm and
increase truthfulness. In this paper, we provide an expanded overview of Constitutional Al, including
motivating background, methodology, ethical considerations, and placeholders for key figures found
in the original CAI paper.

Background and Motivation
Al Alignment and Existing Approaches

Traditional alignment techniques typically revolve around collecting human-labeled data to fine-tune
or reward large language models (LLMs). In supervised fine-tuning, models are trained on curated
datasets containing examples of desirable behavior. In Reinforcement Learning from Human
Feedback (RLHF), human evaluators score or rank model outputs, and these signals are used to
optimize the model toward more favorable responses.

Despite their effectiveness, these methods can be labor-intensive and prone to human biases or
inconsistencies. Disagreements between annotators, cultural differences, and context-dependent
judgments all introduce variability, limiting the scalability and reliability of these approaches.

Emergence of Constitutional Al

Constitutional Al seeks to address these challenges by providing the model with a “constitution” of
guiding principles. Instead of relying on human evaluators at every training step, the model self-
evaluates its outputs against these principles:

» Reduced Harm: Limits toxic, hateful, or misleading content.
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» Increased Truthfulness: Encourages accurate, reliable information.

» Consistent Application of Norms: Uses a transparent and systematic rule set for balancing
multiple ethical or social values.

By leveraging a fixed constitution, the model can iteratively refine its own responses, thereby
decreasing the need for extensive human feedback while maintaining a clear ethical framework.

Core Methodology
Defining the Constitution

The first step in implementing Constitutional Al involves creating a set of normative rules or
principles. These can derive from:

» International documents (e.g., Universal Declaration of Human Rights),
» Professional ethical codes (e.g., the Belmont Report),
» Al-specific guidelines (e.g., widely endorsed Al ethics frameworks).

Given that societal and ethical standards evolve, these constitutions must be revisited and updated
periodically.

Self-Supervised Refinement
Once the constitution is established, the training process involves:
1. Draft Response Generation: The model generates an initial response to a prompt.

2. Evaluation Against the Constitution: Either the same model or an auxiliary model checks the
draft output against each constitutional principle.

3. Revision: If any principle is violated, the model refines the response to adhere more closely to the
constitution.

This loop allows the model to self-correct without continuous human intervention, reducing labor and
making the alignment process more scalable.

Comparison with RLHF

In RLHF, humans are in the loop at almost every iteration, providing reward signals. By contrast,
Constitutional Al uses the model’s internally stored principles as the basis for “feedback,” reducing
the frequency of direct human assessments. Benefits include:

» Scalability: Fewer human labels needed once the constitution is set.

» Consistency: The same rules apply across contexts, minimizing variability from differing human
opinions.

» Transparency: The codified values make the alignment framework more interpretable.
Practical Implementation Details
While conceptually straightforward, Constitutional Al requires careful engineering to implement:

» Selecting Constitutional Principles: Interdisciplinary teams (ethicists, legal experts,
technologists) should converge on an appropriate set of values.

» Model Architecture: Transformer-based models can be adapted for CAI through additional
training loops or specialized modules for constitutional checks.

» Validation and Testing: Rigorous real-world tests are needed to confirm the system behaves as
intended across diverse prompts.

» lterative Updating: Since norms change over time, constitutions should be regularly revisited
and revised.
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Figures IHlustrating Constitutional Al
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Figure 1 from Bai et al. (2022). This schematic illustrates the iterative loop: (1) the model generates
a response, (2) checks it against the constitutional principles, and (3) refines it if needed.
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Figure 2 from Bai et al. (2022). This figure compares the self-supervision paradigm of Constitutional
Al with the human-in-the-loop model of RLHF, highlighting differences in feedback mechanisms.

Ethical and Practical Considerations
Subjectivity and Bias in Principles

Decisions about which values to include in a constitution are inherently subjective. Disagreements
may arise based on cultural, societal, or personal belief differences. This subjectivity can introduce
biases if not carefully managed.

Ongoing Maintenance

A constitution is not a static artifact; it requires frequent reevaluation to stay aligned with evolving
ethical standards. Thus, CAl is an iterative process rather than a one-time solution.
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Transparency vs. Security

Publishing the full list of constitutional principles can improve accountability and trust. However,
adversaries could exploit known constraints. Balancing openness with security is a critical design
choice for CAl practitioners.

Overreliance on Self-Supervision

While CAI decreases the need for human oversight, it does not eliminate it. Human review and
intervention remain important to detect new forms of harm or deceptive behavior that might slip
through constitutional checks.

Future Directions

» Dynamic Constitutional Frameworks: Real-time modification of principles as societal values
shift or new ethical challenges emerge.

» Domain-Specific Constitutions: Tailored constitutions for specialized fields (e.g., medical
advice, legal counsel).

» Multi-Agent Constitutional Al: Investigating interactions between multiple CAI systems,
potentially negotiating or reconciling different sets of principles.

» Benchmarking and Standards: The Al safety community could develop benchmarks to
systematically evaluate and compare various alignment approaches, including CAL.

Conclusion

Constitutional Al proposes a novel alignment strategy by embedding a transparent rule set into the Al
training process. This approach reduces dependence on human evaluators and focuses on consistent,
principle-driven refinements. Nevertheless, questions regarding whose values are included, how
those values change over time, and the balance between transparency and security remain. As Al
systems become more integral to society, CAIl highlights the need for codified, adaptable, and
ethically grounded frameworks to ensure beneficial outcomes.
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