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Abstract

While much research in artificial intelligence (AI) has focused on scaling capa-
bilities, the accelerating pace of development makes countervailing work on pro-
ducing harmless, “aligned” systems increasingly urgent. Yet research on align-
ment has diverged along two largely parallel tracks: safety—centered on scaled
intelligence, deceptive or scheming behaviors, and existential risk—and ethics—
focused on present harms, the reproduction of social bias, and flaws in production
pipelines. These communities have evolved in relative isolation, shaped by dis-
tinct methodologies, institutional homes, and disciplinary genealogies. These fric-
tions have fractured academic and public discourse at a time that demands united
technical and normative perspectives against mounting risks.
We present the first large-scale, quantitative evidence of this schism through a
bibliometric and network analysis of 6,442 papers across twelve major machine
learning and natural language processing conferences from 2020 to 2025. The re-
sults reveal a deeply insular structure: over 80% of collaborations occur within
either safety or ethics, and researchers across the two communities are farther
apart and statistically less reachable in the global co-authorship graph. Cross-
disciplinary work is not only rare but structurally fragile—just 5% of papers are
responsible for more than 85% of all bridging connections. These structural pat-
terns entrench institutional silos which obstruct significant thematic overlaps. For
the IASEAI community—explicitly positioned at the intersection of safety, ethics,
and alignment—our results underscore a defining challenge and opportunity. We
conclude with actionable proposals to bridge the gap with respect to downstream
policy frameworks and technical innovations. Only through this synthesis can
the field move beyond parallel concern toward a coherent discipline capable of
producing systems that are not just powerful, but responsible, robust, just, and
safe.

1 Introduction

The need for both safe and ethical artificial intelligence (AI) becomes more urgent with each new
product release, research milestone, and high-stakes deployment. As corporations allocate increas-
ing resources toward scaling capabilities—particularly through large language models (LLMs)—AI
adoption appears poised to transform nearly every sector of modern economic and social life.

Most stakeholders would agree that an effective AI system should satisfy two desiderata: helpful-
ness, the ability to achieve a specified goal, and harmlessness, the ability to do so without generating
negative consequences for individuals, organizations, or society.
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Combined Paper Co-authorship Network Colored by Label Purity

Figure 1: Literature on AI Ethics (left, in blue) and AI Safety (right, in red) is densely insular
(83.1% homophily), with a wide gap sparsely populated by mixed-methods papers (shades of
purple). Sample of top 1000 nodes by degree.

What remains less clear is which desideratum should take precedence when helpfulness and harm-
lessness come into conflict. If a goal cannot be achieved without some risk of harm, should a system
attempt completion or refusal? The range of contexts, risk tolerances, and normative perspectives
that shape this dilemma illustrates what may be called a utility tradeoff [30, 47, 53].

In practice, both theory and evidence suggest that free market forces bias heavily toward maximizing
utility, which risks the treatment of alignment as a social externality rather than a fundamental hazard
[15, 22]. As advances continue toward Artificial General Intelligence (AGI) at a breakneck pace,
the case for intentional restraint on development becomes evermore urgent.

One might therefore expect researchers and advocates who emphasize harmlessness to collaborate
extensively in counterbalancing this market-driven inertia. Yet, rather than converging on a unified
strategy, these efforts reveal a growing schism. Even among prominent voices, such as in a recent
widely circulated TED Talk [32], the divide between AI safety and AI ethics has become increasingly
explicit.

This division is visible in the academic literature. The AI safety community has historically empha-
sized technical guarantees around robustness, alignment, distributional shift, and long-term existen-
tial risk. The AI ethics community, by contrast, has prioritized fairness, accountability, transparency,
and the immediate social impacts of algorithmic systems. Both traditions share a concern with en-
suring AI systems are aligned with human values, yet they diverge in methodologies, genealogies,
and institutional homes. What results is a fragmented intellectual landscape where parallel efforts
proceed with limited cross-pollination.

In this paper, we argue that greater integration of AI safety and AI ethics is both necessary and
feasible. Our contributions are threefold:

1. We systematize the distinct intellectual traditions of AI safety and ethics, identifying the
core tensions that motivate our quantitative analysis.

2. Using a network analysis of over 6,000 papers, we provide the first large-scale empirical
evidence of the divide, measuring high homophily and fragile connectivity between the two
fields.

3. Drawing on our findings, we propose a concrete agenda for integrating the safety and ethics
communities through shared research programs and venues.

By combining conceptual analysis with network-based evidence, we provide a new foundation for
understanding and addressing the structural divide between AI safety and AI ethics. For the IASEAI
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community—explicitly situated at the intersection of safety, ethics, and alignment—our results un-
derscore both the urgency and the opportunity of building stronger bridges across these domains.1

2 Background

2.1 Framing

We begin our analysis by grounding definitions of “safety” and “ethics” research in the intellectual
traditions that have shaped them. Through a careful framing of these categories, we develop an
intuition for their conceptual and methodological differences, yielding principles that inform our
large-scale analysis of research silos. This allows us to interrogate what “alignment” means across
distinct subfields that often share terminology but diverge in motivation and scope.

2.2 A Sketch of AI Safety

The AI Safety paradigm originates with philosophers like Nick Bostrom and Eliezer Yudkowsky,
who analyze AGI through the lens of existential risk. Bostrom posits that the extreme polarity of po-
tential outcomes—benevolent versus catastrophic ASI—necessitates preemptive alignment research
[13, 14], whereas Yudkowsky argues that any superintelligence derived from current methods will
be uncontrollable and lead to human extinction [54]. Both converge on the urgency of ensuring
robust human oversight.

These philosophical concerns were operationalized by Concrete Problems in AI Safety [5], which
defined a technical research agenda around five problems: (1) Negative Side Effects, (2) Reward
Hacking, (3) Scalable Oversight, (4) Safe Exploration, and (5) Robustness to Distributional Shift.
From this agenda, key interventions emerged, including AI Alignment (outer/inner objective align-
ment [4]), AI Control (constraining harmful behaviors [25]), and AI Interpretability (auditing opaque
model mechanisms [11]). The related field of AI Security adapts these concerns for present-day sys-
tems [24, 47, 31, 21, 43].

The field’s trajectory is heavily influenced by Effective Altruism (EA), which frames existential
risk mitigation as a long-term moral priority [13]. This influence connects abstract risks to tech-
nical problems: “negative side effects” relates to Bostrom’s paperclip problem, reward hacking to
Yudkowsky’s scenarios of deceptive goal-seeking [54], and “scalable oversight” to the challenge of
supervising ASI [14]. Consequently, “alignment” is often treated as a formal property to be ver-
ified, using benchmarks and red-teaming as proxies for normative criteria, a practice critiqued as
“safetywashing” [44].

2.3 A Sketch of AI Ethics

In contrast, AI Ethics is rooted in a socio-technical framework focused on immediate, systemic, and
distributive harms [12]. Drawing from critical theory [7], STS [39], and applied ethics, it priori-
tizes fairness, justice, and accountability in deployed systems [3]. These values are operationalized
through frameworks like FATE (Fairness, Accountability, Transparency, and Ethics) [36]. Fairness
research addresses embedded biases in data and models [19, 52, 35, 17, 16]; Accountability seeks
legal and institutional loci of responsibility for AI-driven harms [18, 42, 34, 28]; and Transparency
aims to make automated decisions interpretable to affected stakeholders [19, 6, 37].

Where AI Safety often diagnoses failure as a mis-specified objective function, AI Ethics identifies it
as the output of socio-technical systems that encode and scale historical inequities [20, 17, 10]. In
this view, alignment is not about constraining an agent to a given objective, but about interrogating
whose values and interests that objective represents. The field thus advocates for remedies beyond
technical fixes, emphasizing participatory design, institutional governance, and robust regulatory
oversight [34, 28].

1All code and filtered datasets can be accessed here: https://www.github.com/djroytburg/mind_
the_gap
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Figure 2: Yearly growth of Ethics/Safety Research, 2020-2025

2.4 Convergences and Divergences

Despite divergent foundations, the communities share a foundational critique of unconstrained AI
proliferation, evidenced by broad support for the 2023 research moratorium and the founding of labs
like the Distributed AI Research Institute and Safe Superintelligence. Promising frontiers for syn-
thesis also exist in their technical agendas. For example, Transparency (Ethics) and Interpretability
(Safety) both address model opacity, while Accountability (Ethics) and Scalable Oversight (Safety)
both grapple with reliable human supervision of complex systems.

However, two fundamental tensions limit collaboration.

First, the Distraction Argument critiques the long-termist philosophy underpinning much of AI
Safety [8]. It posits that an overriding focus on low-probability, high-impact existential risks diverts
finite resources—talent, funding, and attention—from immediate, realized harms disproportionately
affecting marginalized communities [48, 23]. This creates a dynamic of “deferred justice,” where
equity is postponed until speculative future risks are neutralized.

Second, the Scoping Argument raises concerns about the tractability of AI Ethics’ recommenda-
tions. From an engineering perspective, its focus on systemic critique can produce recommendations
that are difficult to formalize and implement within ML pipelines [45]. Calls for “justice” or “inclu-
sivity,” while normatively crucial, may lack the technical specificity required for direct intervention
in model architecture or training, posing a challenge for practitioners seeking actionable guidance
[38].

Rather than adjudicate these arguments, we posit they underlie the research silos discovered through
our structural analysis, showcasing deep-seated epistemic tensions over risk, evidence, and moral
priority. AI Safety frames alignment as a problem of control; AI Ethics frames it as a problem of
justice. We conclude that these perspectives are not mutually exclusive but profoundly complemen-
tary. A truly safe system must be just, and a just system must be robust and controllable. Integrating
these two research programs is a critical task for the future of artificial intelligence.

3 Methods

We seek to measure the impact that these tensions have on collaboration across the fields of AI
Safety and Ethics research. Specifically, we analyze the structural interaction patterns of authors
and their research at major machine learning and natural language processing conferences. Using
graph-based network analysis, we conduct a set of tests which measure the connectivity between
the two communities relative to their internal compositions. These tests are validated with graph-
specific statistical significance tests such as rewiring and null-labeling.
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3.1 Data Collection, Filtering, and Preprocessing

3.1.1 Data Collection

We collect the proceedings of all works published from 2020-2025 to 12 conference venues. These
conferences were chosen due to their current centrality to research on artificial intelligence (4 con-
ferences), natural language processing (5), or the particular domains of safety and ethics research in
AI (3):

Machine Learning Venues: International Conference on Learning Representations (ICLR), In-
ternational Conference on Machine Learning (ICML), Neural Information Processing Systems
(NeurIPS), and the AAAI Conference on Artificial Intelligence (AAAI).

Natural Language Processing Venues: Meeting of the Association for Computational Linguis-
tics (ACL), Nations of the Americas Chapter of the Association for Computational Linguistics
(NAACL), Empirical Methods in Natural Language Processing (EMNLP), European Chapter of
the Association for Computational Linguistics (EACL), Findings of ACL (Findings).

Ethics and Safety-Specific Conferences: AI Ethics and Society (AIES), Fairness, Accountability,
and Transparency (FAccT), Secure and Trustworthy Machine Learning (SaTML).

We collect all papers submitted to these conferences, as well as archival workshops, demos, and
tutorials which are published in the proceedings. Combined, this corpus constitutes 102,329 papers.
For the natural language processing conferences, we collect the composite citations by filtering from
the 2025 ACL Anthology Dump [1]. For the machine learning and domain-specific conferences, we
do the same using the DBLP 2025 XML dump [2]. While ACL Anthology contains all abstract in-
formation, the DBLP dump does not. Thus, we add abstracts for DBLP-derived entries by querying
SemanticScholar, OpenAlex, and OpenReview. We do not include data from the 2025 NeurIPS and
ICML proceedings, as they are not yet part of the official conference anthologies.

We limit our analysis to the scope of conferences, excluding preprints available on arXiv for several
reasons. First, preprints do not go through the peer review process, and as such may not ade-
quately represent community participation in the areas defined [33]. Second, arXiv submissions
pose a double-counting risk as many authors submit their work to arXiv while awaiting submission
feedback to conferences. Finally, since our study poses network-based hypotheses about broader
research areas, searching all possible instances of representative work on arXiv would be infeasible
without a network-based data generation process; this would distort our analysis since the basis of
inclusion necessitates proximate network effects.

3.1.2 Filtering

After collecting our corpus of representative works, we proceed to filter out papers that do not
relate to either AI Ethics or Safety research. First, we compose a set of 114 safety and 102 ethics
keywords by hand, reading through several fundamental surveys in both communities to derive
common terminology that would span the scope of representative research. We apply this filter to
each conference. We pass papers which match at least one safety or ethics keyword to a second filter
over where a language model decides if a paper matches our prompt, with a confidence score and
reasoning. After filtering, we retain 6,442 papers and 20,690 authors.

3.1.3 Preprocessing

With our filtered dataset, we index authors and papers as belonging either to ethics, safety, or a mix.
Specifically, we devise a score for each paper as the number of safety-specific keyword matches
divided by the total number of ethics and safety keyword matches. Since each paper matches at least
one keyword, this gives us “pure” papers, such that a “pure” AI Safety paper has a score of 1, while
a pure Ethics paper has a score of 0. We denote these as “pure” papers, and classify anything in
between with a “mixed” label.

For authors, we aggregate the scores of each of their papers and perform the same calculation.
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Table 1: Classification of Papers and Authors in Filtered Dataset

Category Pure Safety Pure Ethics Mixed Total

Papers 2,874 (44.6%) 2,959 (45.9%) 609 (9.5%) 6,442
Authors 9,634 (46.5%) 7,264 (35.1%) 3,792 (18.3%) 20,690
Authors (≥ 2 papers) 1,233 (27.0%) 1,003 (22.0%) 2,328 (51.0%) 4,564

3.2 Structural Network Analysis

With this data, we now turn towards a co-authorship based analysis of community dynamics. Specif-
ically, we analyze two types of networks: Author Networks, where each node denotes an author,
and edges between authors are inversely weighted by the number of papers they co-authored; and
Paper Networks, where each node denotes a paper and edges between papers are inversely weighted
by the number of authors they have in common. For author-based networks, we exclude authors who
only contribute to one paper, reducing our network to 4,564 authors (22.06% of the filtered dataset).
Without this filter, network effects become too sparse to analyze across aggregations, and our ho-
mophily and connectivity metrics would correlate with how many single-paper authors appear in
ethics or safety-based networks.

Following best practices in bibliographic social network science, we study coauthorship dynamics
instead of citation networks [40]. We argue that coauthorship networks demonstrate most directly
the nature of collaboration and full engagement with the research agendas of co-authors. Addition-
ally, the highly collaborative nature of AI research lends itself to dense networks of interactions,
as demonstrated by the 3.2:1 author-to-paper ratio. Intuitively, coauthorship networks measure the
first-order effects of propagating research through practice. In comparison, citation data comes with
noise, imperfect signals of intellectual reception, and directionality—each of which has been shown
to pose unique challenges when trying to study the separation effects of research communities [49].

3.2.1 Metrics

With the author and paper-based networks, we conduct a suite of tests to assess structural separation
between safety and ethics communities, following best practices [41]:

Homophily Fraction of edges (or edge weight) that connect authors of the same category (safety-
safety, ethics-ethics) [29, 27]. Weighted homophily accounts for co-authorship frequency. Here, we
ask how many collaborations are exclusive to safety or ethics (author network), or how many papers
are written by safety- or ethics-specific authors (paper network).

Bridge Concentration Fraction of Safety-Ethics shortest paths passing through a top-K set of
authors (ranked by degree or centrality). Measures how concentrated cross-group brokerage is.

Average Shortest-Path (ASP) Median and mean shortest-path lengths for reachable pairs, both
unweighted (hops) and weighted (distance = 1

weight ) . Computed for within-group (Safety-Safety,
Ethics-Ethics) and cross-group (Safety-Ethics) pairs, with ∆ = ASPS,E−mean(ASPS,S , ASPE,E)
to measure relative separation. Weighted Average Shortest Path allows us to answer the question:
for any two authors (or papers), how many papers-in-common (or authors-in-common) would it take
to meet? This measures the distance of direct collaboration, providing a measure of the activity in
research silos. We aim to demonstrate that aggregations of these ASPs show more hops and greater
distance across disciplines.

3.2.2 Statistical Significance Testing

To ensure metrics reflect structural properties rather than artifacts, we employ multiple null models
[26]:

Label-Shuffle Null Permute safety/ethics labels across fixed topology (500-2000 reps), recompute
metrics, and compute empirical p-values and z-scores [46].
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Degree-Preserving Rewire Null Randomize edges while preserving degree sequences, recompute
metrics to test if topology alone explains separation [51].

These tests confirm that observed separation (e.g., high homophily, concentrated bridges, fragile
reachability) is statistically significant and not due to random chance or degree distribution. Each
null model was run with 1,000 permutations; p-values are estimated as the fraction of nulls exceeding
observed values.

4 Results and Discussion

4.1 Homophily

Our analysis of homophily—the tendency for researchers to collaborate with others from their own
community—provides the starkest evidence of the schism (See “Baseline” in Table 2). In our author
network, we measured a global homophily of 83.1%. This indicates that over four out of every
five collaborations occur between authors who are exclusively focused on either safety or ethics,
demonstrating a powerful in-group preference. This insularity holds when examining each com-
munity individually: 73.5% of collaborations involving a safety researcher are with other safety
specialists, while 68.2% of collaborations for ethics researchers are with their peers. These findings
are statistically significant under shuffle-based and degree-preserving rewiring null models (p « 0.01
for both).

Figure 3: Author-based (left) and paper-based (right) networks exhibit high homophily globally and
in safety/ethics networks. They increase as top authors are pruned (p « 0.05).

Table 2: Homophily values under degree-based removal of top authors

Author Network Paper Network

# Authors Removed Global Safety Ethics Global Safety Ethics

Baseline (0) 83.1% 73.5% 68.2% 71.2% 46.5% 61.6%
100 85.8% 74.4% 75.9% 72.9% 49.2% 63.3%
200 89.7% 80.2% 82.4% 73.5% 53.5% 61.9%
300 90.5% 82.0% 83.2% 74.0% 57.6% 59.9%
400 90.7% 83.5% 82.2% 74.7% 62.0% 56.7%

Interestingly, the effect is slightly less pronounced in our paper-based network (homophily of
71.2%), suggesting that while researchers themselves remain highly siloed, a small number of
cross-disciplinary papers create connections that make the literature appear more integrated than
the social network of its authors. This discrepancy highlights the outsized impact of a small number
of “bridge” authors. A single interdisciplinary author, by co-authoring one paper with the “pure
safety” community and another with the “pure ethics” community, creates a direct link between
those two otherwise disconnected bodies of literature. This single author’s work acts as a hub, con-
necting entire clusters of papers and significantly lowering the paper network’s homophily. The
result reveals a critical insight: while the social network of researchers remains highly segregated,
the literature itself is stitched together by the crucial, yet sparse, work of these bridging individuals.
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To demonstrate this, we conduct a perturbation test by removing the nodes with the highest degrees
and observing the effect on homophily (See Figure 3). In doing so, we show how the loss of well-
connected bridge authors impacts total homophily. The author-based network shows a persistent
increase, rising to 90.7% global homophily. For papers, removing high-degree papers (papers writ-
ten by prolific co-authors) contributes to a slight increase in homophily globally, but the effect is
dispersed—while ethics research maintains its current rate with a slight decrease, the homophily of
safety research increases by 15%. The divided impact suggests that the relative diversity of safety
research is concentrated in “hub” papers—removing them quickly disconnects safety research from
ethics-based or mixed-method literature.

4.2 Bridge Connectivity

The results in Table 3 reveal two critical structural properties of the safety-ethics network: highly
concentrated brokerage and extreme fragility. At the baseline, we find that a small elite of
authors—just the top 1% by degree—act as brokers for a disproportionate 58.0% of all shortest
paths between the two communities. This concentration is statistically significant (p < 0.01) and
indicates that cross-disciplinary communication relies on a “hub-and-spoke” model rather than a
broad, distributed dialogue.

Figure 4: Author-based bridge connectivity with authors removed by degree. 0 is the baseline, with
shuffle and degree-preserving nulls included (p « 0.05).

Furthermore, this connectivity is exceedingly fragile. The targeted removal of these high-degree
authors causes a precipitous drop in connectivity that far outpaces the decay in our null models.
After removing just 100 authors, for instance, the most central bridge paths (those controlled by
the top 1%) vanish entirely (0.0%), and overall connectivity plummets. This demonstrates that
the intellectual exchange between AI safety and ethics is not a robust, resilient conversation but a
tenuous one, critically dependent on a few central individuals.

Table 3: Fraction of bridge paths passing through top authors, under degree-based removal

Observed Network Label-Shuffle Null Degree-Rewire Null

# Authors Removed Top 1% Top 5% Top 1% Top 5% Top 1% Top 5%

0 (Baseline) 58.0% (p<0.01) 88.1% (p<0.05) 52.9% 86.4% 38.3% 77.0%
50 13.2% (p>0.05) 84.9% (p<0.05) 14.1% 82.5% 3.6% 63.4%
100 0.0% 81.8% (p<0.01) 0.0% 77.5% 0.0% 44.2%
150 0.0% 64.3% (p<0.05) 0.0% 59.8% 0.0% 28.9%
200 0.0% 50.8% (p<0.05) 0.0% 47.5% 0.0% 18.3%

4.3 Weighted Average Shortest Path

Our analysis of the average shortest paths between authors reveals a subtle but persistent “friction”
that inhibits cross-disciplinary collaboration. While the mean path lengths are superficially similar,
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Figure 5: Distributions of weighted path distances (left) and unweighted hops (right) for pairs of au-
thors. The Safety-Ethics (SE) distribution is systematically shifted to the right compared to within-
group Safety-Safety (SS) and Ethics-Ethics (EE) pairs, indicating longer paths are required to con-
nect researchers across the two communities.

their underlying distributions, shown in Figure 5, tell a clearer story. The cumulative distribution
for cross-community (SE) paths is systematically shifted to the right, meaning a consistently longer
weighted distance is required to connect a random pair of safety and ethics researchers compared
to pairs within their own communities (p < 0.01). For instance, 80% of all Safety-Safety author
pairs can be connected within a weighted distance of 6.0, whereas reaching the same fraction of
Safety-Ethics pairs requires a longer path.

This separation is further confirmed by our reachability analysis, which measures the fraction of
author pairs connected within a given number of hops. We find that cross-group reachability is sig-
nificantly lower than would be expected by chance. After five hops, only 16.9% of safety-ethics
author pairs are connected, a figure substantially below the 21.5% we would expect in a randomly
labeled network with the same structure (p < 0.001). This demonstrates that the path to collab-
oration is not only longer on average but also structurally impeded, quantitatively confirming the
schism between the two fields.

5 Limitations

While this study provides the first large-scale, quantitative evidence of the schism between AI safety
and ethics, we acknowledge several limitations that define the scope of our findings.

Scoping and Data Representation Our analysis is scoped to the proceedings of 12 major aca-
demic conferences from 2020-2025. While these venues are central to the field, our corpus does
not capture the full research ecosystem, which includes important work published in journals, work-
shops, industry technical reports, and influential preprints. Our focus on the post-2020 era cap-
tures the modern, LLM-centric landscape but excludes foundational work that shaped the commu-
nities prior to this period. Furthermore, while we provide a robust justification for excluding arXiv
preprints, this choice means our analysis may not capture the most recent or fast-moving research
trends that have yet to undergo peer review.

Methodological Assumptions Our methodology relies on several key assumptions. First, our
two-stage filtering process, while rigorously validated, necessarily operationalizes “safety” and
“ethics” into discrete categories. These fields are complex and evolving, and a different concep-
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tual taxonomy could yield different quantitative results. Second, we use co-authorship networks as
a proxy for active collaboration. This is a strong signal of direct partnership but does not mea-
sure other forms of intellectual exchange, such as the passive influence captured by citation net-
works. Our findings are therefore a measure of social and institutional separation, not necessarily
a complete lack of intellectual cross-pollination. Finally, our author network analysis focuses on
researchers with at least two publications in our corpus. This standard technique allows for a robust
analysis of the core research community but means our conclusions may be less representative of
newcomers or authors with a single relevant publication.

6 Conclusion

The schism between AI safety and ethics is not merely anecdotal; it is a structural reality with mea-
surable consequences. Our network analysis of over 6,000 papers provides quantitative evidence of
this divide, revealing a landscape characterized by high homophily (83.1% in-group collaboration)
and fragile, concentrated brokerage. This structural gap persists despite significant thematic overlap,
suggesting that the barriers to integration are more social and institutional than they are intellectual.

The consequences of this fragmentation extend beyond academia into global policy, creating a frac-
tured approach to governance where our most pressing risks are treated as competing priorities.
Landmark international reports on AI safety, for instance, have focused heavily on technical con-
trol and existential risk while largely neglecting the critical issues of bias and fairness central to the
ethics community [9]. Conversely, influential frameworks like UNESCO’s recommendations on AI
ethics provide robust normative guidance on fairness but offer fewer tractable, technical solutions
for implementation and do not engage with long-term catastrophic risks [50]. Each community,
operating in isolation, exports an incomplete vision of “alignment” to policymakers.

It is precisely this gap that a venue like IASEAI is designed to fill. Its mission explicitly combines
the language of safety, ethics, and alignment, creating a unique intellectual space for the cross-
pollination our findings show is urgently needed. Yet, the very structure of our field’s calls for
papers—including IASEAI’s—still tends to separate these topics into distinct tracks, underscoring
how deeply ingrained this divide has become. Our work is a call to move beyond these inherited
categories. We argue that the future of alignment research depends not on choosing between control
and justice, but on synthesizing them into a unified, resilient, and truly effective discipline. We
conclude with three pragmatic recommendations to accomplish such a future:

1. Shared Empirical Benchmarks. The empirical standards of the two fields are almost entirely
disjoint. Safety relies on adversarial red-teaming to probe for catastrophic failures, while ethics
employs sociotechnical audits to uncover embedded biases [44]. We advocate for the creation of
shared evaluative benchmarks that treat alignment not as a bifurcated concept but as a unified
property. For instance, a benchmark could require a model to demonstrate robustness to jailbreaking
while simultaneously satisfying group fairness constraints, forcing a direct confrontation with the
safety-utility tradeoffs that currently divide the fields.

2. Cross-Institutional Venues. Our network analysis reveals a divide sustained by institutional
geography—separate conferences, funding streams, and academic departments. To bridge this, our
second pathway calls for structural interventions in our academic venues. We laud IASEAI for
acting as an inaugural act of unification, but we advocate that the venue and its organizers lean into
interdisciplinary thought—pioneering joint conference tracks, workshops, and doctoral consortia
that require co-authorship between technical and social scientists. By creating spaces where collab-
oration is not just encouraged but expected—and, critically, evaluated by mixed review panels—we
can lower the high social and professional cost of crossing the disciplinary divide our data reveals.

3. Integrative Research Methodologies. Finally, we propose a pathway of methodological syn-
thesis. The tools of one community can solve the problems of the other. The mechanistic inter-
pretability techniques developed in AI safety, for example, are powerful instruments for conducting
the deep algorithmic audits called for by AI ethics. Conversely, the participatory design methods
from ethics offer a robust framework for operationalizing the “human values” that scalable oversight
in AI safety aims to align with. We advocate for research that explicitly couples these approaches as
a concrete means of forging a unified, sociotechnical practice of alignment.
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