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THE BIGGER PICTURE As artificial intelligence systems become more capable and widely deployed,
ensuring they behave in accordance with human values and intentions has become one of the defining chal-
lenges of our era. This challenge—broadly termed Al alignment—asks how we specify what we want from Al
systems, verify that models have genuinely internalized rather than merely simulated desired behaviors, and
ensure that alignment persists as models scale. The alignment research community has approached these
questions from two major directions. Behavioral approaches evaluate and optimize model outputs—training
models with human feedback and testing responses across diverse scenarios. Representational approaches
examine model internals, attempting to decode how values and intentions are encoded in weights and acti-
vations. Both approaches offer genuine insight, yet they have largely developed in parallel, separate from one
another. The most concerning forms of misalignment—models that appear aligned while harboring mis-
aligned internal states—may be precisely those that elude any single narrow alignment approach.

The fields of cybersecurity and immunology share an important lesson: homogeneous defenses create blind
spots. Robust safety and resilience emerge from layered, diverse strategies that compensate for each other’s
weaknesses. As Al is integrated into higher-stakes applications—from clinical decision support to critical
infrastructure—alignment failures will grow more costly. Developing alignment frameworks that are as
diverse and integrated as the misalignment challenges they face will be essential to the future development
of safe and beneficial Al.

SUMMARY

As Al adoption accelerates across human society, the problem of aligning Al models with human preferences
remains a grand challenge. Currently, the Al alignment field is deeply divided between behavioral and repre-
sentational approaches, resulting in narrowly aligned models that are more vulnerable to increasingly decep-
tive misalignment threats. In the face of this fragmentation, we propose an integrated vision for the future of
the field. Drawing on related lessons from immunology and cybersecurity, we lay out a set of design princi-
ples for the development of integrated alignment frameworks that combine the complementary strengths
of diverse alignment approaches through deep integration and adaptive coevolution. We highlight the impor-
tance of strategic diversity—deploying orthogonal alignment and misalignment detection approaches to
avoid homogeneous pipelines that risk being “doomed to success.” We also recommend steps for greater
unification of the Al alignment research field itself, through cross-collaboration, open model weights, and
shared community resources.

INTRODUCTION safety, ethics, and logical soundness, among others.? ° Detect-

ing these misalignments becomes increasingly difficult as
Aligning models to conform with human preferences and expec-  models scale in size and complexity, with some deceptive forms
tations is a central challenge for the future of AL." Misalignments  of misalignment undermining attempts to detect them.®® There
can emerge along several dimensions, including truthfulness, is an urgent need to develop a deeper understanding of
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Figure 1. Annual number of publications returned for the search
string “artificial intelligence alignment,” 1990-2025
Source: PubMed database.

emerging misalignment threats alongside improved methods for
identifying and correcting them.

The nascent field of Al alignmen explores a diverse range
of approaches for aligning Al models and detecting misalign-
ments, each with its own strengths and weaknesses. These ap-
proaches can be broadly divided into behavioral approaches,
which examine a model’s inputs and outputs, and representa-
tional approaches, which examine a model’s inner workings. "'+
Thus far, most efforts have focused only on representational ap-
proaches, leaving narrowly aligned Al models potentially more
vulnerable to a range of misalignment threats. The Al alignment
field itself is also deeply split along this behavioral-representa-
tional divide, with limited communication between the two
research communities.'® %"

In response to these growing challenges, we call for the devel-
opment of integrated alignment (IA) frameworks that combine
the complementary strengths of diverse alignment approaches
with the aim of more robustly identifying a wide range of mis-
alignments. Drawing practical lessons from the related fields
of immunology and cybersecurity, we propose a set of design
principles for IA frameworks. We highlight the importance of
strategic diversity—deploying orthogonal forward- and back-
ward-alignment approaches to mitigate the pitfalls of homoge-
neous alignment pipelines that may be “doomed to success.”
To achieve these aims, we call for greater unification of the Al
alignment field itself, encouraging communication across sub-
specialties, greater availability of open model weights, and a
growing ecosystem of shared community resources.

9,10
t

Al ALIGNMENT: A FIELD DIVIDED

The field of Al alignment has grown exponentially in recent years
(Figure 1). While a comprehensive overview of developments in
this wide-ranging field'®'° is outside the scope of this perspec-
tive, we provide a brief summary of some of the major ap-
proaches to alignment and misalignment detection. Several
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categorization schemes for the field have been proposed,
including backward alignment vs. forward alignment'® and outer
alignment vs. inner alignment.'®"? In this perspective, we focus
on a central distinction that divides the field today: behavioral
alignment vs. representational alignment (Figure 2).

Most alignment efforts to date have focused exclusively on
either model behavior or internal model representations, both
narrow alignment scopes that leave models more vulnerable to
a wide range of emerging misalignment threats.'®?° The divide
between the behavioral and representational alignment commu-
nities runs deep; the two approaches are “studied and applied
rather independently, resulting in a fragmented landscape of
approaches and terminology.”'® According to Bereska and
Gavves, mechanistic interpretability (the fine-grained study of
Al models at the artificial neuron level) in particular has devel-
oped into a separate research area from behavioral approaches,
with “diverging terminology” that “inhibits collaboration across
disciplines.” ' This separation is compounded by limited access
to frontier models; when developers withhold model weights,
behavioral approaches remain the only usable option for many
alignment researchers.’’ This fragmentation has also arisen
within subfields of these communities: in behavioral alignment
alone, “divergent evaluation paradigms have emerged, often
developing in isolation, adopting conflicting terminologies, and
overlooking each other’s contributions,” producing “insular
research trajectories and communication barriers.”'”

We begin by summarizing the approaches on either side of this
divide, including how they detect and correct misalignment and
their relative strengths and weaknesses. While the examples
below relate to text-based LLMs, the challenges apply equally
to models dealing with image, video, and other data modalities,
as well as to agentic and multi-agent Al systems.

Behavioral alignment
Behavioral approaches seek to align models in a “black-box”
fashion—based only on model inputs and outputs, without
access to activations or representations in intervening layers.
These approaches often rely on standardized benchmarks
or exams,”' which may limit translation to real-world tasks.*
Behavioral alignment may also make use of user studies
involving domain experts or end users of an application.?***
Researchers have proposed domain-specific behavioral align-
ment detection methods that involve more sophisticated pro-
cessing of outputs; for example, Alber et al. proposed extracting
biomedical concepts and relations from model responses and
verifying them against a biomedical knowledge graph.?®
Alongside misalignment detection, many behavioral ap-
proaches to correcting misalignment have also been explored,
the most popular of which is reinforcement learning with human
feedback (RLHF).?° In this approach, used to train the original
InstructGPT model,”® human labelers indicate their preferences
among several model outputs and provide sample output
demonstrations, which are then used for fine-tuning. In the field
of software code generation, the “synthesize-execute-debug”
approach takes model outputs in the form of code and compiles,
executes, and debugs them to identify and correct misalign-
ments.?”?® In the field of mathematics, behavioral alignment
utilizes automated verification algorithms such as theorem
checkers.? Additional behavioral alignment approaches include
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Figure 2. Behavioral alignment approaches focus on a model’s inputs and outputs, whereas representational approaches focus on a

model’s internal activations and representations

A small sample of detection and correction methods is shown here; for a more complete listing, see Ji et al

1'% and Bereska and Gavves. '® The design principles for

integrated alignment combine these approaches by examining model inputs and outputs alongside internal activations and representations.

iterated distillation and amplification (IDA),30 recursive reward
modeling (RRM),®' cooperative inverse reinforcement learning
(CIRL),* debate,*® and output filtering, among others.**

The primary advantage of behavioral approaches is that they
directly measure the concordance of model outputs with expec-
tations and preferences. Since they do not require access to
model internals, they can be widely used for closed-source
models, including many of today’s frontier models. On the other
hand, behavioral approaches often rely on human feedback,
which can be noisy, inconsistent, and costly.***® They may not
be robust to distributional shift, i.e., a model’s behavior may be
aligned for some set of inputs included in the training or testing
set while misaligned for others.?® Additionally, they provide
limited mechanistic insight, as they only access model inputs
and outputs. Lastly, behavioral approaches may be vulnerable
to deceptive forms of misalignment, discussed in challenges to
alignment below.

Representational alignment

Whereas behavioral approaches treat an Al model as a black
box, representational approaches measure alignment by
examining the inner workings of a model. At a high level, neural
networks (e.g., large language models [LLMs]) map inputs to
outputs through a sequence of connected transformations,
producing activations that together are referred to as “repre-
sentations.” Representational approaches evaluate whether
and to what extent these internal representations align with
expectations.

Representational approaches to misalignment detection can
operate at multiple scales. Mechanistic interpretability is the
study of representational alignment at its most granular scale,
attempting to identify specific neurons, sub-networks, or paths
that produce a given type of misalignment.’®*” Conversely,
top-down approaches such as representation engineering'?
and sparse autoencoders®® treat the large-scale, distributed
patterns of network activations as the fundamental unit of

analysis and attempt to link these patterns to concepts in order
to measure alignment. Various evaluation methods have been
developed for these different approaches,’®*° with some
exploring nonlinear multidimensional features.*’

Representational approaches can be further subdivided into
observational methods, which examine the relationship of
inputs and activations to ground-truth data, and interventional
methods, which impose certain activation patterns in order to
examine the relationship between activation states and model
outputs.’® One common observational approach is probing,
which uses the activations of an intermediate layer to train a
model to estimate a ground-truth label.***° This approach was
used to show, for example, that models contain a linear embed-
ding of the geo-location of cities.** Misalignment is diagnosed
when the patterns of activation states do not correspond to
known relationships between concepts in the real world.
For example, among model prompts, one would expect internal
activation patterns to be more similar between “bicycle” and
“unicycle” than between “bicycle” and “giraffe.” Methods
such as representation engineering and sparse autoencoders
also build a model of internal activations but in an unsupervised
fashion, interpreting the resultant “features” and the concepts
they encode.'?%®

Once representational features or concepts are identified,
model behavior can be aligned by changing activations to be
more similar to desirable concept activations and less similar
to undesirable ones. Interventional approaches have been
proposed to assess whether artificially activating the identified
features yields the expected model changes.***® Researchers
have proposed “steering vectors” for this purpose, which
employ detected concept features to steer outputs toward
aligned behavior.*”+*® A more intensive approach is to fine-tune
the model through additional end-to-end training or through
low-rank representation adaptation.'?

The primary advantage of representational approaches is that
they provide a richer inspection of a model’s “thought process,”
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Table 1. Lessons learned from immunology and cybersecurity can be used to inform design principles for Al alignment

Immune systems

Cyber security

Al alignment

Diversity and redundancy

Multi-scale

Distributed approach

Coordination and integration

Adaptive coevolution

Anomaly detection

Adversarial defenses

Zero trust

Negative selection

Resilience and repair

Open source, community
defense

Strategic diversity

antibody diversity and multiple
cell types

cell, tissue, organ system, body

distributed defenses
throughout body

helper T cells; cell-cell
interactions

B cell mutation, selection, and
memory

distinguish self from non-self

thymic selection and B cell
evolution

continuous monitoring of entire
body for non-self

thymic selection of T cells;
suppression of overactive
responses

coordinate repair after immune
response

herd immunity and vaccines

independent systems examine
self vs. non-self

multiple threat detection
approaches

user, device, LAN, global
network

distributed defenses throughout
network

integration between different
defenses

continuous updates for novel
threats

identify threats via anomaly
detection

red teaming and penetration
testing

continuous verification of every
user and action

reduction of false positives in
threat detection

graceful failure and

recovery plans

shared threat databases; open-
source audits

independent verification and
security audits

ensemble misalignment
detection methods

neurons, circuits, features,
representations, behaviors
distributed detection throughout
model layers

integrated behavioral and
representational methods
coevolved methods for novel
and deceptive misalignments
identify anomalous behaviors
and activations

red teaming, patching to identify
vulnerabilities to deception
ongoing misalignment testing of
all behaviors and activations
inhibition of oversensitive
alignment detectors

response plan following
misalignment detection
open-source alignment tools
and vulnerability databases

independent/orthogonal
methods for alignment and

misalignment

While there is rarely a perfect one-to-one correspondence across fields, there are important lessons to be drawn.

i.e., a model’s internal knowledge representations, to determine
alignment to expectations and preferences. The primary draw-
back is their complexity; examining all possible activation
patterns under a large number of conditions —known as enumer-
ative safety’®—becomes vastly more difficult as Al systems
scale. There are several additional limitations that relate to the
complexity of Al models. Individual neurons may be involved in
representing multiple concepts (“polysemanticity”), making
interpretability challenging.>® Model representations are often
not localized and must be analyzed at multiple stages.’’
Extracted concepts may be brittle to input changes or may not
generalize well to new domains.’® Finally, representational
alignment approaches are mostly limited to detecting known
concepts and may not be able to handle novel concepts or hal-
lucinations; the concepts they do handle may only tangentially
relate to performance on specific tasks."*

Challenges to alignment

Efforts aimed at detecting and correcting different forms of
misalignment must overcome a number of key challenges. One
such challenge is model sycophancy, i.e., a model’s tendency
to please the user, even at the expense of truthfulness. Misalign-
ment measures, especially those that rely on human feedback,
can be misled by the model’s use of sycophantic language,**
driven by the observed human preference for sycophantic
responses.®® Additional difficulties arise when models exhibit
specification gaming, in which they perform well on a given
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reward objective but not on the desired notion of alignment.*®
Capable models may even learn to tamper with the reward func-
tion itself (reward tampering), or with other proxies, to satisfy
their training objectives in unhelpful ways.*®>” This phenomenon
is not particular to LLMs, also appearing in other complex rein-
forcement learning scenarios such as artificial life and evolu-
tionary robotics.*®

Some early evidence suggests that sufficiently advanced Al
systems may reason about whether and how they are being
trained and decide how to respond accordingly. A recent study
reported on alignment faking, in which an LLM selectively
complied with attempts at fine-tuning while actually preserving
prior preferences that conflicted with those attempts.59 This
phenomenon, also dubbed deceptive alignment, is especially
hard to detect since the model may act differently when it knows
it is not being fine-tuned for alignment, meaning researchers may
now have to contend with models being aware of their own
training processes.

Several other studies reveal how alignment fine-tuning may
not fully correct misaligned behavior but rather temporarily
bypass it. For example, researchers have trained “sleeper
agents” that persist despite several types of “safety training.”®°
LLMs trained and aligned with standard safety infrastructures
may be relatively easy to compromise via fine-tuning with
only a few examples.®’ Similarly, toxic capabilities learned by
LLMs during pre-training can be bypassed during fine-tuning
and easily reverted.®? Furthermore, misinformation and data
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poisoning can go undetected by behavioral benchmarks; a
recent study found that LLMs trained on web data corrupted
by misinformation could “match the performance of their corrup-
tion-free counterparts on open-source benchmarks routinely
used to evaluate medical LLMs.”?°

In many such studies, representational alignment approaches
can play a key role in identifying persistent misalignment that
would have otherwise gone undetected.®® As others have noted,
“if amodel is acting deceptively, it may be very hard for it to avoid
‘thinking’ about deception.”®* Yet representational approaches
to alignment, such as steering vectors, have limitations related
to their reliability in out-of-distribution settings,®” and so while
they may aid in detecting misalignment that is missed by other
approaches, they are not a panacea.

LESSONS FROM RELATED FIELDS: IMMUNOLOGY AND
CYBERSECURITY

To address these challenges and chart a course for the future of
Al alignment, it is useful to examine fields that have long grappled
with adversarial dynamics, uncertainty, and system reliability.
Immunology and cybersecurity offer particularly instructive par-
allels (Table 1). Although biological organisms and computer
systems differ fundamentally from Al, both fields have developed
robust strategies for detecting threats, adapting to evolving
risks, and maintaining system integrity under adversarial pres-
sure. Several shared principles emerging from these domains
offer valuable lessons for the design of future alignment ap-
proaches.

Biological immune systems illustrate how complex defense
mechanisms can emerge through the integration of multiple
complementary strategies. Over millions of years, immune
systems have coevolved with pathogens in a continual arms
race, producing layered mechanisms capable of responding
to both familiar and novel threats. One key feature is diversity
and redundancy: immune defenses rely on many distinct cell
types and a vast repertoire of antibodies and receptors,
ensuring that failure of any single mechanism does not compro-
mise the organism.®°=58

Another defining characteristic of immune systems is their
distributed and cooperative organization. Immune systems
employ a distributed network of cells throughout the body,
defending against threats at multiple potential infection loci.®®"°
Immune cells engage in complex cooperative interactions, inte-
grating different immunological approaches to provide a synergis-
tic defense system. Helper T (CD4") cells coordinate immune
response, activating and directing other cells to mount a sys-
tem-wide defense against pathogens.”"’? At the same time, im-
mune systems incorporate safeguards to prevent harmful overre-
actions. Mechanisms such as negative selection and tolerance
induction suppress cells that target the organism itself, reducing
the risk of autoimmune damage. T cells are exposed to a broad
array of self-antigens in the thymus, with those that bind too
strongly being eliminated, and are further monitored in the periph-
ery by regulatory T cells, immune checkpoints, and antigen pre-
sentation.”*"* Finally, immune responses extend beyond threat
elimination to include damage control and repair, coordinating
processes that restore healthy function after an attack.”*®
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Cybersecurity has evolved under similar pressures. Com-
puter systems face an ever-growing menagerie of increasingly
sophisticated security threats, and cybersecurity systems have
matured alongside these threats to become a core component
of system design.”” A central principle is layered defenses,
where multiple overlapping mechanisms—such as identity veri-
fication, device authentication, and context-aware access—
interact to reduce vulnerability.”5°

Cybersecurity also incorporates behavioral monitoring and
anomaly detection, recognizing that unusual behaviors observed
within a system may indicate dangerous or unwanted
activity®'**? and must be continuously verified.®® Finally, cyber-
security highlights the importance of open-source community
defense and resilience. Open-source ecosystems and shared
threat intelligence allow communities to identify vulnerabilities
and disseminate defensive strategies, including resources
such as the MITRE ATT&CK database, a community-authored
and globally accessible knowledge base of adversarial tactics
and techniques based on real-world observations.>*%° At the
same time, modern cybersecurity practices recognize that
breaches are inevitable. Systems are thus prepared to fail grace-
fully through containment and recovery.®”:%®

TOWARD IA

To meet the growing range of complex and deceptive alignment
threats, we propose developing IA frameworks that incorporate
multiple complementary alignment approaches into a single inte-
grated system. We believe that intentionally designed IA frame-
works have the potential to provide more robust misalignment
detection and correction than any one individual approach.
Informed by the above lessons adapted from related fields, we
propose a set of design principles for the development of 1A
frameworks. These design principles are purposefully formu-
lated in broad terms to avoid excessively limiting their applica-
bility to any specific methods in the field. Many of the design
principles —the first four in particular—relate directly to the chal-
lenges of IA, combining and coordinating multiple alignment
methods as part of an overall alignment strategy.

Design principles: IA for Al

Lessons from immunology and cybersecurity suggest that
robust defenses emerge not from any single mechanism but
from the interaction of multiple complementary strategies.
Building on these insights, we outline ten design principles for
IA frameworks organized around four themes: the structure of
the alignment ensemble, coordination among its components,
how the system adapts and self-regulates over time, and the
broader ecosystem it depends on.

The first group of principles concerns how IA frameworks
should be structured. “Diversity and redundancy” is founda-
tional; rather than relying on any single method, frameworks
should employ an ensemble of alignment approaches spanning
both behavioral and representational methods —extending prior
calls for multi-method integration within mechanistic interpret-
ability'® to the full breadth of alignment research. This ensemble
should operate across scales; “multiscale approaches” holds
that misalignment should be detected and corrected across a
hierarchy of representation levels, from individual neurons and
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connections,®® compound features,*’ circuits,’® and distributed
representations, > up to overall behavioral outputs. “Distributed
alignment” extends this further, emphasizing monitoring across
different layers of a model; “eliciting latent knowledge” studies
suggest, for example, that middle layers often generalize better
than later ones, motivating principled layer selection.’ Finally,
“coordination and deep integration” holds that these diverse
components must not operate in isolation; the outputs of behav-
ioral and representational methods should inform each other,
enabling interpretations that neither could reach alone. For
example, the same behavioral result may warrant a different
response depending on what representational monitoring re-
veals about a model’s internal state.

A second cluster of principles governs how IA frameworks
should operate and self-regulate over time. “Adaptive coevolu-
tion and learning” holds that as Al models scale and new forms
of misalignment emerge, |IA frameworks must evolve alongside
them —continuously monitoring behavior and stress-testing sys-
tems rather than treating alignment as a fixed target. “Anomaly
detection, adversarial defenses, and continual verification”
extend this to active threat identification: unusual activity pat-
terns should be flagged and models subjected to adversarial
testing throughout deployment, consistent with a zero-trust
philosophy that treats alignment as an ongoing process rather
than a one-time certification. Yet vigilance must be calibrated;
“negative selection and avoiding false positives” calls for sys-
tematically down-regulating overly sensitive detection methods
that generate excessive false positives and alert fatigue. Finally,
the principle of “resilience and repair” proceeds from the
assumption that all alignment methods will eventually be
challenged; frameworks should be designed to enable graceful
fallbacks when breaches occur and include restorative mecha-
nisms to correct misalignments as they are discovered.

Two final principles address the broader ecosystem on which
IA depends. “Open source and community defense” calls for
curated, shared databases of misalignment detection methods
and known vulnerabilities, enabling collective defenses against
the full range of misalignment threats. Perhaps most distinc-
tively, “strategic diversity” holds that the methods used to align
a model should differ from those used to detect potential mis-
alignments. This intuition is captured by a simple analogy: a
cleaner enters a room full of insects and turns on the ceiling light,
causing many insects to scurry under the furniture. The cleaner
sees and captures the few insects that are still visible and leaves.
When the health inspector arrives and uses the same ceiling light
to search for insects, the room appears insect free—as the in-
sects that fled under the furniture are invisible from this vantage
point. Only a flashlight shone from a different angle —at floor level
under the furniture—can reveal what the ceiling light cannot.
Similarly, optimizing alignment from a single perspective can
drive misalignments into dimensions hidden from that perspec-
tive'®°%91:92: if the same methods are used to both align and
audit a model, the entire pipeline risks being “doomed” to a false
sense of success. Ensuring diversity of perspective across
alignment and misalignment detection is therefore essential for
genuine robustness.>%9%%*

Taken together, these principles suggest that alignment
should be treated not as a single technique but as an evolving
system of interacting safeguards. Nonetheless, IA frameworks
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are subject to limitations, costs, and trade-offs. These include
increased computational costs from running multiple alignment
methods in parallel, a greater potential for false positives due
to multiple-testing effects, and challenges in coordinating and
interpreting outputs from diverse methods. Future research
efforts should explore these trade-offs, along with possible miti-
gation strategies.

Promising developments toward IA
Several recent studies offer encouraging early evidence for
the IA approach. In a blind alignment audit of a model trained
with hidden objectives, the team that successfully uncovered
those objectives combined both behavioral and represen-
tational methods—sparse autoencoder (SAE) feature inspec-
tion paired with behavioral attacks —while single-method ap-
proaches fell short.”> Combining behavioral monitoring with
internal representational monitoring of chain-of-thought
reasoning during RL training likewise produced a substantial
reduction in deceptive behavior.’* Behavioral and representa-
tional techniques were similarly integrated to detect alignment
faking.’® In related work, Zhang et al. described a unified attri-
bution framework spanning model inputs, training data, and
model internals that provided a more comprehensive under-
standing of model behavior than any single lens."®

We call on researchers to increasingly pursue integrative
alignment studies such as these. The resulting IA frameworks
can then be rigorously evaluated for their ability to detect a
wide range of misalignments, compared with single-method
approaches. Evaluation metrics can include joint precision-
recall across misalignment categories, as well as robustness
to deceptive red teaming. These can be weighed against in-
creases in complexity and computing costs.

An integrated field for IA

In order to fully realize the vision of IA, the Al alignment field itself
must also move toward greater integration. As cross-disciplinary
efforts are inherently challenging, we present a number of key
recommendations for overcoming the structural barriers that
exist today.

Increased collaboration and shared terminology

Different sub-communities should increase cross-commu-
nication through shared conferences, journals, resources, and
studies. Sucholutsky et al."® have called for greater communi-
cation within the representational alignment community; we
echo and expand this call to the entire field of Al alignment,
bridging the behavioral-representational divide. Such collabo-
ration also requires a shared terminology for communicating
about different facets of Al alignment.'*'® Given the diverse
interdisciplinary backgrounds of researchers in the field, uni-
versal nomenclatural consensus may be difficult to achieve;
translational tutorials can be useful for introducing members
of one subfield to the terms of art of another.“

Open access to model weights

While some leading research organizations have embraced
open-source models, many of the current best-performing fron-
tier models do not allow researchers outside their organizations
to examine model internals. Sharing model weights openly will
allow researchers to investigate both behavioral approaches
and representational approaches on leading Al models.
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Commercial barriers to sharing weights may be mitigated by
alternative models, such as sandboxes for credentialed re-
searchers.”® When possible, alignment efforts would be further
aided by additional transparency into the entire training life cycle,
including training data, pre-training curricula, and the complete
telemetry logged during post-training alignment.

Shared computational resources

The immense computational resources needed to rigorously
study alignment, especially for complex models such as LLMs,
are not typically available to most researchers. We encourage in-
vestment in platforms that pair Al researchers with alignment
specialists so that computational resources and subject-matter
expertise can be shared in a mutually beneficial way.
Community alignment databases

The field of Al alignment would be buoyed by the curation of
open alignment datasets that are computationally intensive to
construct but may permit a wealth of downstream analyses.®”
An open-source database describing misalignments and ex-
ploits similar to the MITRE ATT&CK database,®*®* in conjunction
with open models and open reviews, would promote the use and
availability of community-vetted Al systems and bring the full
range of alignment approaches to bear.

Contributing to Al policy

As agency rulemaking around Al develops, government agencies
should convene multidisciplinary task forces with researchers
from across diverse subfields to develop standardized alignment
guidelines.98 Such guidelines could also clarify legal compliance
and best practices for small and large organizations implementing
Al safely. Efforts underway by industry and academic coalitions®
would similarly benefit from practical guidance on IA to inform new
guidance frameworks. Public-private partnerships would also be
useful, especially to ensure sufficient representation of different
groups and stakeholders in Al alignment efforts, particularly
around issues of reducing bias and increasing fairness.

Many of the above recommendations would be further aided
by a robust digital public infrastructure (DPI),'°° a concept being
advanced by, among others, the UN Office for Digital and
Emerging Technologies.'®" A DPI would help to shift away
from closed, proprietary systems toward shared registries and
oversight tools that enable independent verification and indus-
try-wide compliance at the infrastructure level.

The field of Al alignment is at an inflection point. With the
growing number of researchers and rapid proliferation of
research directions, the field is at risk of descending into a
more fragmented future rather than a more integrated one. At
this critical time, we call on researchers, policy-makers, industry
consortia, and governments to proactively take steps to nurture
a more unified future for this important field.
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