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Abstract

This is a position paper. Safety evaluations for large language
models are narrow in scope, silently become stale as systems and
use-cases change, and fail to capture harms borne by affected com-
munities. We argue that this stems not just from evaluation quality,
but from an accumulation of gaps: capabilities outpace our capacity
to evaluate them, previous evidence expires, and individually small
gaps interact to create larger exposure. We formalise this as Al
safety debt — the cost of closing the accumulated gaps between
an Al system’s actual safety approach and the approach it needs.
The concept extends the software-engineering notion of technical
debt, but four structural properties make Al safety debt harder
to manage: capabilities and contexts shift unpredictably; closing
gaps may require solving open scientific problems; harms largely
fall on third parties; and adversaries may actively exploit gaps.
We propose the Al safety debt register, a practical approach using
structured “debt cards” that connect safety claims and supporting
evidence with organisational decisions. This complements existing
governance frameworks by providing bottom-up aggregation of
evaluation gaps, explicit accounting of who bears exposure while
gaps persist, proactive assessment of how evidence degrades, and
improved treatment of uncertainty.
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1 Introduction

Large language model (LLM) research faces an “evaluation cri-
sis” [36]. Safety evaluations are narrow, tested under conditions that
diverge from deployment, and rarely revisited as systems change.
Further, evaluation gaps accumulate. New capabillities, such as
longer context and tool use, as well as new use cases, create evalu-
ation surface area. At the same time, previous evidence degrades
as the underlying capabilities and use cases change. The people
affected by these gaps — users, communities exposed to model
outputs, practitioners responsible for safety — bear costs that are
usually invisible because the gaps are untracked. As organisations
race to deploy these models in high-impact domains, from medical
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advice to decision-making support, the pressure to ship quickly
compounds these issues, especially given competitive pressures
between frontier Al developers that systematically reward deferral
of safety work.

Short-term fixes, such as reinforcement learning from human
feedback (RLHF) and ad hoc content filters, can effectively reduce
harmful behavior today, but these approaches are already show-
ing signs of strain. Safety measures designed for one capability
regime often fail silently when that regime changes. For example,
alignment techniques calibrated for short context windows do not
reliably prevent harmful behavior at longer ones [1]. Capability
evaluations are now acknowledged as “spot checks” that provide
incomplete coverage [16]. Models tested in simulated agentic set-
tings exhibit data exfiltration and deception [19]. Meanwhile, the
problems these measures address remain unsolved at a fundamental
level: adaptive attacks bypass recently published jailbreaking de-
fences at rates exceeding 90% [23], and prompt injection in agentic
systems — which OpenAl acknowledges “is unlikely to ever be fully
“solved” [26] — lacks any known general solution [35]. There is a
clear pattern of current safety approaches being actively stretched
beyond their design limits by systems that already exist — not to
mention future systems.

We take the position that managing and “paying off” Al
safety debt is essential for the responsible and beneficial
development of increasingly capable models, and propose
structured methods for tracking the accumulation and degra-
dation of evaluation evidence over time. Our use of debt mirrors
the traditional “technical debt” metaphor, but with important dif-
ferences specific to frontier AL

Existing frameworks address parts of this challenge. Respon-
sible Scaling Policies and similar voluntary commitments estab-
lish capability thresholds that trigger additional safety require-
ments [3, 12, 27]. Safety cases provide structured arguments that a
system is safe enough for a given deployment context [7, 10]. What
is missing is a framework for reasoning about the accumulation of
safety-relevant gaps over time — one that tracks how evidence de-
grades, how fixes interact, and how the cost of addressing deferred
work compounds as systems and deployment contexts change.

Adequate Al safety debt accounting is important regardless of
future Al governance regime, just as a company must track its debts
whether it operates in a highly regulated industry or a lightly regu-
lated one. This is especially salient given the unusual and uncertain
dynamics of Al safety debt, as opposed to other technical debt, as
discussed in Section 3. Across regimes — regulatory, voluntary, or
market-driven — safety claims will be made, explicitly or implic-
itly, with limited evidence that may expire as systems and contexts
change.
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2 Origin, Definitions, and Components
2.1 Origins and Core Metaphor

Cunningham [11] coined the concept of technical “debt” to name a
common trade-off in software engineering: ship faster by taking on
known shortcuts, then “pay it down” later via refactoring. When
unmanaged, this debt accrues “interest” as complexity increases,
increasing the cost of later fixes. Sculley et al. [31] adapted the
concept to ML systems, warning that “it is dangerous to think of
these quick wins as coming for free” Even in traditional software,
the value of tracking technical debt is largely undisputed, though
systematic tracking remains rare in practice.

2.2 From Technical Debt to Al Safety Debt

We argue that the debt framing must be extended to safety-specific
issues in frontier Al In safety-critical contexts, Cleland-Huang
and Vierhauser [9] define safety debt as “unfulfilled safety obliga-
tions” that “enable a working release without satisfying its safety
requirements”.

We adopt Cleland-Huang et al’s structure but adjust the vocabu-
lary for frontier AL Rather than “obligations,” we focus on safety
claims: the safety-relevant properties a developer or deployer re-
lies on when justifying deployment. These may appear in model
cards, safety cases, or other system documentation, or they may be
unstated assumptions (e.g., “Our monitoring would catch X before
harm occurs”).

Let safety claims be explicit or implicit statements
of what must hold for deployment of an Al system
to be considered acceptable. Then AI safety debt
at time ¢ is the cost of closing the accumulated gaps
between an Al system’s actual safety approach and
the approach needed at ¢ for the system to satisfy its
safety claims.

This definition might meet two immediate objections:

(1) “Safety claims” seem vague, such that it is unclear what
safety approach is required to satisfy them. We agree! Our
view is that safety claims should be specified explicitly by devel-
opers, deployers, and/or regulators.

(2) The “cost of closing the accumulated gaps” is not quantifi-
able, given that the improvements required may not be
known. Our view is that a wide confidence interval over cost
is strictly more informative than no estimate. For example, it
would be decision-relevant — and more alarming than a precise
figure — if the best we could say about a gap was that its cost to
close was “six months to five years of research, if it is possible
at all”.

The debt card structure (Section 4) addresses challenges iden-
tified in recent HCI work on ML evaluation. Holstein et al. [15]
find that practitioners struggle to identify what subpopulations to
evaluate and face difficulty connecting detected issues to action-
able decisions. Although Holstein et al. [15] studied application
developers rather than foundation model developers, the structural
challenges they identify are likely to apply wherever evaluation
is under-resourced relative to capability growth. Evidence-centred
benchmark design [18] grounds evaluations in explicit claims about
what is being measured. The debt framework extends this principle
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from benchmark construction to ongoing monitoring: the question
becomes not just “is this benchmark sound?” but “is this evidence
still valid?” The debt card makes reference to specific claims and
forces a link to action.

2.3 Components of Al Safety Debt

We extend the financial debt metaphor by decomposing any gap in
safety approaches:

e Principal: the initial cost, at the time a gap is created, of clos-
ing the gap. For example, a model whose only defence against
long-context attacks is short-prompt RLHF has a principal equal
to the cost of building defences that work at deployment-length
contexts. Costs may include researcher time and compute ex-
penditure. For some categories of Al safety debt, the principal
includes the present value of ongoing costs, such as monitoring
costs.

Interest: the growth rate of the total paydown cost (i.e., the
outstanding debt) over time. Section 3 explains that interest can
come from various sources. The interest on Al safety debt is
variable and difficult to predict.

Exposure: the risk (probability X impact) that harm materialises
while the debt is held. Al safety debt is more dangerous than
financial debt or ordinary technical debt due to significantly
higher exposure. If the gap leads to an incident such as a large-
scale jailbreak or an agent executing an irreversible action, the
responsible organisation must pay remediation costs that are
separate from and do not reduce the principal. For some harms,
full remediation is impossible.

Some Al safety debt is rational: deployment generates informa-
tion that improves safety, and refusing to deploy until all questions
are resolved is neither feasible nor desirable. Problems arise when
debt is incurred unknowingly, left untracked, never revisited, or
carried by parties who cannot absorb the exposure.

3 Why AI Safety Debt Is Harder to Manage than
Other Technical Debt

Technical debt is already hard to manage. Al safety debt shares these
organisational challenges, but four structural properties make it
substantially harder to track and repay.

3.1 Capabilities and Contexts Shift
Unpredictably

Al systems are frequently scaled, fine-tuned, or placed in new con-
texts, creating safety gaps that did not previously exist. Three fac-
tors drive this:

(1) Capability improvements: Scaling Al systems results in new
capabilities, which may not be anticipated by the previous gen-
eration of capability evaluations and other safety measures. For
example, extending context length enabled many-shot jailbreak-
ing, which bypasses safety training by filling the context window
with examples of unsafe behaviour [1]. Context windows ex-
panded from approximately 4K tokens at the start of 2023 to
over 1M tokens by 2024, but safety training did not generalise
to prevent harmful behaviour at longer context lengths [1].
New affordances: Tool use, code execution, and web access in-
crease the ‘surface area’ for harms. A hallucinated package name
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is a minor inaccuracy in a chatbot; in an agent with code execu-
tion, it becomes a supply-chain attack vector because attackers
can pre-register malicious packages under commonly halluci-
nated names [33]. Prompt injection — already a concern for text
generation — becomes a mechanism for data exfiltration when
the model can read private documents and send emails [14].

(3) New use cases and implicit safety claims: Capability im-
provements and new affordances enable new use cases, creating
new implicit safety claims due to user expectations. Deploy-
ing LLMs into Slack enabled prompt injection attacks that ex-
filtrate data from private channels [28]. Translating prompts
into low-resource languages bypasses safety measures with 79%
success [37] — a vulnerability apparent only when researchers
tested multilingual inputs, long after multilingual capability
shipped.

3.2 Closing Some Gaps Requires Solutions to
Difficult, Open Scientific Problems

Traditional technical debt can be repaid using known (if costly)
refactoring techniques. Al safety debt often cannot be repaid in this
way, because the underlying problems lack established solutions —
and in some cases, it is unclear whether solutions exist at all.

Defences that appear robust under standard evaluation are rou-
tinely broken by adaptive attacks. Nasr et al. [23] test recently
published defences, including those reporting near-zero attack suc-
cess rates, and find that such attacks achieve bypass rates exceeding
90% on most of them. The pattern echoes an older result: Athalye
et al. [4] showed that seven of nine defences against adversarial
examples relied on “obfuscated gradients” that created a false sense
of security until adaptive evaluation revealed that most were inef-
fective. Or consider prompt injection in agentic systems, which no
known defence reliably prevents [35].

This difference implies that “paydown unknown” must be a valid
status in any Al safety debt register. Frameworks permitting only
“fix planned” or “fix implemented” will either force teams to pre-
tend they have solutions they lack or omit the hardest gaps entirely.
Notably, an organisation can invest heavily in safety and still ac-
cumulate debt if every intervention is reactive, regime-specific, or
does not address the fact that core problems remain unsolved.

3.3 Harms Largely Fall on Third Parties

Traditional technical debt primarily burdens the organisation that
incurred it, whereas Al safety debt externalises harm. When safety
measures fail, many of the costs fall on users and society.

Some Al externalities fall on users. For example, Microsoft’s Syd-
ney persona urged a reporter to leave his wife and expressed dis-
turbing fantasies about hacking or spreading misinformation [30].
Other externalities fall on parties who never interacted with the
model at all. An Al system that provides substantive assistance with
biological weapons development would impose risk on populations
who may never have heard of, or used, the system. A compro-
mised agent that exfiltrates corporate data harms the data subjects,
not just the user who deployed the agent. These are not purely
hypothetical concerns: biosecurity experts have raised concerns
about models lowering barriers to pathogen acquisition [6], and
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prompt-injection-mediated data exfiltration has been demonstrated
in production systems [28].

This externality structure has a practical consequence: volun-
tary debt tracking will systematically underinvest in paydown. The
developer who defers safety work captures the benefit of faster de-
ployment; the risks — user harms, third-party harms, trust erosion,
and the prospect of blunt regulatory responses — are distributed
more broadly.

3.4 Adversaries and AI Systems May Actively
Exploit Gaps

Unlike software bugs, Al safety defences face continuously adapting
adversaries. Well-designed cryptographic defences do not degrade
when attackers learn how they work (Kerckhoffs’s principle). Cur-
rent Al safety defences lack this property: content filters can teach
attackers phrases that trigger refusal. Static evaluations do not
model adversaries who learn from the defender’s behaviour.

Furthermore, unlike traditional software, Al systems may recog-
nise when they are being evaluated and behave differently under
test conditions [2, 21]. Recent work shows that frontier models
can be prompted or fine-tuned to selectively underperform on
dangerous-capability evaluations while maintaining performance
elsewhere [34]. Reward hacking during training was found to pro-
duce alignment faking in 50% of responses [20]. If models can learn
to detect and respond differently to evaluation contexts, evaluation-
based safety evidence is weaker than it appears.

This creates a structural problem for monitoring-based safety
strategies. The primary proposed mechanism for overseeing agen-
tic behaviour — chain-of-thought inspection — has a weak evi-
dence base: in several environments, when models reward-hack,
they describe their exploits in fewer than 2% of traces [8]. Fron-
tier models achieve an area under the ROC curve (AUC) of up to
0.83 on evaluation-detection tasks, suggesting they can often dis-
tinguish evaluation from deployment [24]. A safety strategy that
relies on reasoning inspection embeds assumptions about model
transparency that may become obsolete when the model surpasses
the capability level at which the strategy was designed — the same
regime-shift problem, applied to oversight itself.

4 The Al Safety Debt Register

Safety gaps become dangerous when they remain implicit. The
goal of tracking Al safety debt is not documentation but decision-
relevance. An entry that cannot change a release decision, trigger
resource allocation, or escalate to leadership is not yet operational.
The debt card structure is designed to be minimal but sufficient.

4.1 Debt Cards
For each gap in the safety approach, a debt card records six things.

DEBT CARD

1. Claim relied on: The safety property borrowed against, stated
as a falsifiable sentence.

2. Evidence, including limitations:
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Debt Profile Response DEBT CARD: Robustness to misuse Chatbot deployment

Low exposure, stable trajectory, Accept temporarily

Claim: The model will not help users produce harmful content.
known paydown

Evidence: RLHF and red-teaming at <4K token contexts, English,

High exposure, worsening trajec-  Fix or constrain immediately ) A
single-turn and short multi-turn. No coverage beyond tested context

tory
High exposure, paydown un- Research + fallback posture length.
known Trajectory:
Table 1: Decision heuristics based on debt profile. o Context expansion to 128K tokens is planned for Q3. Safety training

was conducted at <4K tokens and may not generalise.
e Tool integration is on the roadmap. If this gap persists, any jailbreak
becomes a mechanism for harmful tool use, not just harmful text.
e Expected inadequacy: Current mitigations are likely to be insuf-
ficient once context exceeds ~32K tokens or tools are added.

What evidence supports the claim (e.g., evals, theoretical hypothe-

ses, post-deployment monitoring)? Exposure: Tjarm: hours. Tyetect: minutes (content classifier). Titigate:
e Under what conditions was this evidence gathered (context length, minutes (filter update). Containable: yes. Harms limited to text out-
tool access, threat model)? put; no direct action capability.

What changes would invalidate this evidence? Decision: Accept temporarily. Revisit before context expansion

3. Trajectory: How does this gap change over time? ships.
Suppose that, in 6 months, this gap is much harder to close than

Trajectory review: Before Q3 context expansion. Owner: Safety
at present. What changes are most likely to have resulted in this Teaneadl

widening of the gap?

What other gaps does this gap interact with?
When do you expect current mitigations to become inadequate? The trajectory field makes three predictions: the gap will worsen
with context expansion, will worsen further with tool access, and
will render current mitigations inadequate if context exceeds 32K

4. Exposure: What happens if the gap is exploited?

Define ‘harm’ operationally for this claim (e.g., unsafe output vs

downstream impact) tokens or tools are added.
e Tiarm: how fast can harm occur? Tyetect: how fast can you detect Six months later, context has expanded and tools have been
it? Tinitigate: how fast can you respond? added:

Containable? (Yes if Tharm > Taetect + Tmitigate; i-€., you can act
before harm materialises)

DEBT CARD: Robustness to misuse Tool-using agent

Who bears the cost — you, users, or third parties?
Claim: Tool use is aligned with user intent and resistant to prompt

5. Decision (one of four, with owner and decision review date): injection

Fix now: solution known — assign owner and timeline to implement

solution, with estimated cost/effort range Evidence: Ad hoc injection tests with <5 tools, controlled in-

puts. No systematic evaluation at production scale or with multi-step

Constrain:limit deployment scope in specified ways until addressed

Invest in discovery: paydown unknown — attach research budget, chains. (The trajectory forecast from Stage 1 proved correct: many-

shot jailbreaking now exploits long contexts [1].)

timeline, and fallback decision if no solution found
Accept temporarily: exposure currently contained — revisit by Trajectory:
[date] or if named trigger conditions occur

e Each new tool integration adds filters that become load-bearing;
6. Trajectory review: When will the forecast’s accuracy be as- architectural overhaul becomes increasingly costly.

sessed? Interacts with all prior behavioural gaps: hallucinations become
supply-chain attacks [33]; jailbreaks become data exfiltration [14].

o Expected inadequacy: Current mitigations are already insuf-

The card is deliberately short. If a team cannot fill it in, either the
claim has not been articulated, the evidence has not been described,
or the trajectory has not been assessed.

Naturally, the card is only useful if coupled to decisions. An item Exposure: Tham: minutes. Tgetect: days (no standard monitoring).
Thitigate: hours (breaks product). Containable: no — loss happens in

ficient. No known general defence against prompt injection ex-
ists [35].

marked “Constrain” must specify the constraints to be imposed and
what would lift them. An item marked “Invest in discovery” must
have a timeline and a fallback posture if discovery fails.

minutes, but response takes days. Costs fall on users whose data is
exfiltrated and third parties whose information appears in compro-
mised documents — groups who may never have consented to agent
access.

4.2 Worked Example: Robustness to Misuse

Decision: Constrain (strict tool allowlists, human approval for

From Chatbot to Agent sensitive actions) + Invest in discovery (privilege separation research).
We illustrate the framework by tracking evaluation gaps as a chatbot if no Vlablle TR A GTEr L, e TV R D e o
ypes only.

becomes a tool-using agent. This transition is common, but current
evaluation approaches handle it poorly: safety evidence from the Trajectory review: Quarterly. Owner: Head of Preparedness.
chatbot may not transfer, and to our knowledge it is rare for this
gap to be explicitly tracked and owned by an individual.
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The predictions from the first card came true. The trajectory field
did not prevent the debt from growing, but it ensured the growth
was anticipated rather than discovered after an incident. The team
knew when to act and what would trigger escalation.

The goal is not to eliminate debt but to keep its growth rate
below an organisation’s capacity to track and address it. If debt
consistently accumulates faster than an organisation can manage,
the case for constraining capability deployment grows stronger.

5 Value of the Al Safety Debt Framework

The framework invites an immediate challenge: the evaluation
community already knows evaluations are insufficient, so what
does accounting for “debt” add? The debt framing contributes four
things that current evaluation practices seem to lack.

Existing governance frameworks, such as Anthropic’s Responsi-
ble Scaling Policy [3] and OpenATI’s Preparedness Framework [27],
already create forward-looking triggers tied to capability thresholds.
We argue the debt framing has four important differences.

5.1 Bottom-Up Aggregation

Evaluations typically assesses capabilities individually. High-level
governance frameworks, such as Anthropic’s Responsible Scaling
Policy [3] and OpenAr’s Preparedness Framework [27], are valuable
but deliberately coarse-grained, focusing on high-level capability
thresholds. The debt register aggregates gaps across teams. This
surfaces interaction effects invisible from a single evaluation, and
provides “line-item budgeting” to sit alongside the “spending ceil-
ings” set by leadership in high-level governance framework. Each
team accounts for any material Al safety debt it incurs, via docu-
mentation that other teams can review for interactions.

This matters because safety gaps are created by many teams, each
making locally reasonable decisions that may be opaque to others.
A debt register aggregates these into a portfolio view, reducing the
risk that decision-relevant information is lost. Portfolio visibility is
especially important in Al because total debt includes interaction
effects, such that summing individual gaps will underestimate to-
tal exposure. In 2024, Rehberger [29] disclosed a data exfiltration
vulnerability in Microsoft 365 Copilot that chained four techniques
across capabilities. When reported in isolation, one component was
classified low-severity; only the full exploit chain received atten-
tion. A register aggregating safety claims across capabilities could
surface such interactions earlier.

5.2 A More Practical Accounting Unit

The debt framework starts from evidence gaps with respect to safety
claims, rather than from benchmark scores or capability evaluations.
This has three implications.

(1) The AI safety debt framework articulates gaps between
evaluations. In principle, it is easier to articulate a list of decision-
relevant safety claims than a list of dangerous capabilities to
evaluate, as safety claims can be stated at a higher level of abstrac-
tion and do not require foresight of the full range of potential
harms. The debt framework asks practitioners to articulate the
safety claims they rely on, then assess whether evidence exists
for each, surfacing gaps that no individual evaluation would
reveal.
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(2) The Al safety debt framework is likely to surface potential

harms earlier. Once you recognise that a safety claim lacks
sufficient evidence, you can begin work to close the gap without
waiting for evaluation results on specific dangerous capabilities.
This makes the gap itself an actionable finding.

(3) The AI safety debt framework makes gaps clearer and

easier to act on. Because it names specific safety claims and
evidence supporting each claim, the work required to close the
gap is often legible by reading the entry. Further, since each
entry names a safety claim, the evidence supporting it, and the
decisions that depend on it, practitioners can see which groups
are exposed while the gap persists.

5.3 Proactive Assessment of Debt Dynamics

Standard evaluations are point-in-time: they do not directly assess
whether a model will still pass the evaluation after such modifi-
cations as fine-tuning, context extension, or tool integration. The
trajectory field directly asks under what conditions a given piece
of evidence, such as a capability evaluation, will expire. This makes
silent decay visible and surfaces problems before they materialise.

5.4 Improved Treatment of Uncertainty

Uncertainty about safety often produces inaction, when it should
often produce the reverse as uncertainty means that worst cases
cannot be ruled out. The two previous benefits (more practical unit
of account, proactive assessment of debt dynamics) result in the
naming of such uncertainties and, we hope, a higher probability of
action to address them. For example, “paydown unknown” status
(where the cost of gaining sufficient evidence to close a safety gap
is unknown) should be linked to a default posture (constrain or
escalate) to be adopted if nothing material has been learned by a
given date.

These benefits come from the structure of the framework and
do not require precise quantification.

6 Alternative Views

6.1 View 1: Better Evaluations Are More
Important Than Improved Accounting

One might object that resources spent tracking debt would be better
spent building stronger evaluations. But this does not deal with the
problem of tracking evidence over time. Even a perfect benchmark
becomes stale if the model it was run on has since been fine-tuned,
its context window extended, or its deployment context changed.
Evaluation maintenance — re-running assessments as models and
contexts change, tracking which findings remain valid — faces
similar neglect to the maintenance of traditional software. The debt
framing makes this maintenance burden visible and actionable.

Further, the crisis may persist partly because it is tempting to
build evaluations based on ease of measuring, rather than size of
exposure. The debt framework provides a prioritisation mechanism:
gaps with high exposure, worsening trajectory, and harms to third
parties demand evaluation investment before gaps that are low-
exposure, stable, and containable.
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6.2 View 2: Market Mechanisms Will Naturally
Encourage Safer Al

One might propose that, if liability for Al harms were assigned
through tort law or mandatory insurance, price signals might guide
firms toward efficient safety investment. However, this argument
faces two problems in the Al context.

First, insurance pricing requires estimable risk. Actuarial pricing
needs historical data to estimate loss distributions. For frontier Al,
relevant failure modes are not only rare but poorly characterised
— some categories of harm have not yet been conceptualised, let
alone assigned base rates. This is uncertainty about the event space
itself, not just wide confidence intervals on known risks [17]. Cyber
insurers have achieved stable profitability, but the “vast majority
of cyber risks are still uninsured”, and current policy wordings
often do not explicitly address some Al-specific risks such as model
manipulation or liability arising from hallucinations [22].

Second, competitive dynamics and limited liability distort incen-
tives. Al labs are limited-liability entities whose downside is capped
at the value of their assets, even though potential social harms are
uncapped [32]. A lab might rationally proceed with deployment
even while assigning non-trivial probability to serious harm, par-
ticularly if it believes that less safety-conscious competitors will
deploy regardless.

Our Al safety debt framework cannot solve these problems. But
visibility into one’s debt position is useful across a range of gover-
nance regimes, provided the cost of maintaining that visibility is
not too great.

6.3 View 3: This Framework Overemphasises
Developers, at the Expense of Institutional
or Regulatory Accountability.

The framework, as presented, assumes the developer fills in the
debt card. Affected communities have no formal role.

We acknowledge that developers are not the only stakeholders
who matter, but believe that they are a useful starting point, given
their ability to make changes to models, set deployment constraints,
and make decisions on whether to release a model. This makes them
a high-leverage choke-point. The framing is deliberately portable.
If you believe procurement teams or compliance officers are the
binding constraint in your context, the same structure applies: iden-
tify their safety-relevant decisions, surface the evidence gaps those
decisions depend on, and track their trajectory over time.

6.4 View 4: We Should Rely on Future Al
Systems to Pay Down Al Safety Debt

One might expect future Al to enable scalable oversight, making it
rational to accumulate debt now [5, 25].

However, this plan is highly speculative: we do not know how to
ensure helper agents are trustworthy enough to oversee more capa-
ble systems, and recent work demonstrates alignment faking [13]
and in-context scheming [21]. Further, even if the plan is ultimately
successful, intervening exposure may be unacceptably high and
cannot be retroactively paid down.
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7 Conclusion

Some Al safety debt is rational to carry. Our framework simply asks
that teams explicitly track what debt they are carrying, prioritise
debt based on its “interest rate” and the risks (exposure) to them
and others while it is carried, and budget for eventually paying it
down.

Given that tracking technical debt is accepted good practice in
traditional software engineering, the same standard should apply
to Al systems for which the analogous debt concept is significantly
worse, including the potential for external and irreversible harm.
The default should be visibility, such that choosing not to track Al
safety debt requires justification. Where evaluation research asks
“how should we evaluate?”, the debt framework asks “what happens
to evidence over time, and who bears the cost when it degrades?”
Al safety debt exists whether or not it is foreseen. The question is
whether costs are discovered in advance and proactively managed,
or borne, including by third parties, after the fact.
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Appendix: Statement on LLM Usage

We used Claude (Anthropic) and ChatGPT (OpenAl) extensively
throughout the preparation of this work — not only for editing, but
for brainstorming, literature research, drafting, and iterative refine-
ment. Our typical workflow involved multiple rounds of prompting,
critique, and revision before arriving at working text. LLM assis-
tance included identifying relevant examples from the research lit-
erature (which the authors verified), generating initial section drafts
as starting points, and suggesting structural alternatives. As a result,
a high proportion of the prose can be traced to LLM-generated out-
put. However, we note that in our workflow, “LLM-generated” does
not mean “LLM-originated”: the models were typically generating
text in response to detailed author direction (hundreds or thousands
of words in length) and the resulting drafts were then iteratively
critiqued, rejected, or substantially reworked. We believe this use
is consistent with the spirit of the ACM policy, whose emphasis on
accountability and intellectual integrity we have aimed to uphold.
We take full responsibility for the accuracy and integrity of the
final work.
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