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Abstract
Foundation models are routinely fine-tuned for domain-
specific use, yet safety assessments are typically conducted
only on base models, implicitly assuming that safety proper-
ties persist through downstream adaptation. To test this as-
sumption, we evaluate an ecologically valid sample of fine-
tuned models for medical and legal applications. We com-
pare each fine-tuned model with its respective base model to
assess how fine-tuning changes general-purpose and domain-
specific safety behavior. We find that benign fine-tuning in-
duces large, heterogeneous, and often contradictory changes
in measured safety: models frequently improve on some in-
struments while degrading on others, with substantial dis-
agreement across evaluations. These results show that safety
performance can change unpredictably under realistic adapta-
tion. Our findings indicate that models must be evaluated af-
ter modification to accurately characterize their safety profile.
Because many AI governance proposals rely on base-model
evaluations, this raises concerns about their ability to effec-
tively manage downstream harms. Simultaneously, allocating
all responsibility to actors that fine-tune and deploy models
risks placing undue burden on the least-resourced and least-
powerful stages of the pipeline. To address this, we propose
a governance framework in which upstream actors provide
resources to support downstream risk measurement.

Introduction
Evaluating the safety of large language models (LLMs) is a
critical prerequisite for their responsible deployment, partic-
ularly as these systems are increasingly embedded in high-
stakes settings. In healthcare, LLMs are being piloted for
clinical documentation, patient triage, and imaging work-
flows (See et al. 2025; Wang et al. 2024; Liu et al. 2024). In
law, generative AI is becoming central to contract review, le-
gal research, and drafting (Thomson Reuters 2025; Hender-
son et al. 2023; LexisNexis 2024; Couture 2025). As LLMs
move from peripheral tools to critical infrastructure in such
domains, these evaluations are becoming an important ba-
sis for deployment decisions, documentation practices, and
emerging governance frameworks.

Conducting meaningful safety evaluation, however, is
complicated by the structure of the modern model sup-
ply chain. In particular, deployed systems are often not
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base models, but downstream fine-tunes adapted for particu-
lar domains, tasks, or interaction styles. Parameter-efficient
fine-tuning methods like LoRA and QLoRA have made
model adaptation accessible to a wide range of practi-
tioners (Hugging Face 2023a,b; Hu et al. 2021; Dettmers
et al. 2023), producing a proliferation of domain-specific
derivatives that are further fine-tuned, recombined, and re-
distributed with inconsistent documentation and evaluation
(Laufer, Oderinwale, and Kleinberg 2025). As a result, the
artifacts actually deployed in high-stakes settings may differ
substantially from the upstream models whose safety prop-
erties are well documented.

This creates a governance challenge. Emerging policy and
documentation frameworks increasingly emphasize evalua-
tion, transparency, and risk assessment for foundation mod-
els and general-purpose AI systems (Bommasani et al. 2025;
European Parliament and Council of the European Union
2024). While these efforts are valuable for establishing
shared baselines and strengthening upstream accountability
(Winecoff and Bogen 2025), they seem to rely on the as-
sumption that safety properties measured at the base-model
level are informative about downstream risk and remain
durable through model modification.

Recent work calls this into question, showing that fine-
tuning on benign data can erode safety (Qi et al. 2023;
He, Xia, and Henderson 2024a; Yang et al. 2023a), that
even lightweight LoRA fine-tuning can increase toxicity
beyond developer-reported baselines (Hawkins, Mittelstadt,
and Russell 2024), and that narrow task training can induce
broad misalignment (Betley et al. 2025). However, most ex-
isting studies examine small model sets under controlled
laboratory conditions using single benchmarks. This leaves
open how safety drift manifests across the real-world model
ecosystem, where models are adapted using heterogeneous
data, diverse tooling, and minimal oversight. As such, there
is limited empirical guidance on how commonly, severely,
and predictably domain-specific adaptation impacts align-
ment robustness. Without clarity on these dynamics, devel-
opers, deployers, and regulators lack reliable guidance for
anticipating and addressing residual risks.

To address this gap, this study asks how measured safety
changes across domain-specific derivatives already circulat-
ing in high-stakes domains, whether those changes are con-
sistent across safety instruments, and if common adaptation

Proceedings of the Ninth AAAI/ACM Conference on AI, Ethics, and Society (AIES 2026)

1500



choices provide reliable signals for governance.
We answer these questions using a two-phase empiri-

cal approach. In Phase I, we conduct the first large-scale,
ecologically grounded study of post-fine-tuning safety drift.
We analyze 100 model instances spanning base check-
points, widely deployed domain fine-tunes, and downstream
derivatives in medicine and law, evaluating each across a
suite of general-purpose and domain-specific safety bench-
marks. We complement this ecological analysis with con-
trolled fine-tuning experiments that vary common engineer-
ing choices like fine-tuning method or base model used
while holding data and hyperparameters fixed. Our re-
sults reveal that benign fine-tuning induces large, hetero-
geneous, and often contradictory safety changes, with sub-
stantial disagreement across evaluation instruments. Plausi-
ble design choices like fine-tuning method or base model
used do not seem to reliably predict the direction or sever-
ity of these shifts. In addition, small updates can induce
large safety shifts while extensive modifications sometimes
improve alignment—directly challenging governance ap-
proaches that tie oversight obligations to modification scale.

Ultimately, this paper makes four contributions:
1. We provide the first large-scale empirical analysis of

safety alignment across an ecologically valid model sam-
ple from two high-impact domains in the open-weight
supply chain, documenting how safety actually behaves
in active circulation rather than laboratory conditions.

2. We show through controlled fine-tuning experiments
that common engineering decisions, like fine-tuning
method or base model family, do not seem to reliably
predict post-tuning safety behavior.

3. We illustrate that measures of model safety vary substan-
tially across benchmarks, such that the same model may
appear safer or less safe depending on the evaluation in-
strument, identifying reliable measurement as a central
challenge for accountability and risk management.

4. We connect these empirical findings to concrete gover-
nance implications, identifying where existing regula-
tory and governance frameworks fall short and how re-
sponsibility for managing post-tuning risk can be more
effectively allocated across the model lifecycle.

Background & Related Work
Fine-tuning has become a primary mechanism for adapt-
ing general-purpose foundation models to downstream tasks
(Retool 2024). Advances in PEFT methods have substan-
tially lowered the cost of adaptation, enabling rapid and
widespread specialization of open-weight models (Hu et al.
2021; Dettmers et al. 2023). Consequently, deployed models
are often not base models but fine-tuned derivatives tailored
to specific domains, tasks, or interaction styles.

Despite this shift, the most systematic safety evaluations
and documentation are typically found for base models. In
the absence of robust documentation for downstream deriva-
tives, deployers often must rely on safety results reported
for upstream models. While some studies suggest that fine-
tuned models may inherit upstream safety characteristics
(Wang and Russakovsky 2023; Salman et al. 2022; Ladhak

et al. 2023), a growing body of work shows that fine-tuning
frequently alters safety behavior, sometimes substantially.

Prior work has demonstrated that safety mechanisms
can be subverted through adversarial fine-tuning. Targeted
datasets or jailbreak objectives can sharply reduce refusal
rates and disable safeguards across both open-weight mod-
els and proprietary APIs (Sun et al. 2023; Wan et al. 2023;
Lermen, Rogers-Smith, and Ladish 2023; Yang et al. 2023b;
Bhardwaj and Poria 2023; Wei et al. 2024). Subsequent re-
search shows that safety degradation is not limited to adver-
sarial settings: fine-tuning on widely used, ostensibly benign
datasets such as Alpaca or Dolly can unintentionally erode
safety alignment in models including GPT-3.5 and LLaMA-
2-7B (Qi et al. 2023; He, Xia, and Henderson 2024b; Ku-
mar et al. 2024). Even lightweight methods such as LoRA
can increase toxicity and cause community-tuned models to
diverge from developer-reported safety baselines (Hawkins,
Mittelstadt, and Russell 2024). Betley et al. (Betley et al.
2025) further document “emergent misalignment,” in which
training on narrow technical tasks induces misaligned be-
havior in broader, unrelated domains.

Complementary work has also examined the mechanisms
underlying this measured safety fragility. Jain et al. (Jain
et al. 2024) identify internal structures whose modifica-
tion drives alignment degradation during fine-tuning while
Fraser et al. (Fraser et al. 2025) show that safety evaluations
can vary substantially across random seeds and decoding pa-
rameters, raising concerns about the stability of conclusions
drawn from any single benchmark.

However, most of this evidence comes from tightly con-
trolled experiments manipulating small sets of models with
synthetic or curated data and evaluating against a sin-
gle benchmark. The most comparable ecological study by
Hawkins et al. (Hawkins, Mittelstadt, and Russell 2024),
examines toxicity across 12 community-tuned models af-
ter instruction-tuning. Thus, less is known about how safety
behavior evolves across real-world development pipelines,
where models are adapted, recombined, and redeployed us-
ing heterogeneous, domain-specific data and widely acces-
sible tooling — the kind of benign, domain-driven adap-
tation that characterizes real-world deployment. It also re-
mains unclear whether safety conclusions generalize across
instruments that operationalize safety differently.

These gaps have direct regulatory consequences, espe-
cially for governance frameworks that adopt a supply-chain
view of AI risk. The EU AI Act, for example, treats “sub-
stantial modification” of high risk AI systems as a trigger
for new provider obligations, specifying that a downstream
modifier of a general purpose model may be considered a
new provider if tuning compute exceeds one-third of the
original training compute (Endal et al. 2025; European Com-
mission 2025). Without empirical evidence on how techni-
cally modest fine-tuning may affect safety behavior, such
thresholds risk overlooking adaptations that materially al-
ter alignment, complicating the allocation of responsibility
between upstream providers and downstream adapters.

Medicine and law offer informative testbeds for examin-
ing these open questions. Both involve widespread down-
stream adaptation and high-consequence decision-making.
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In medicine, privacy and data governance requirements as
well as the need for deployment control often favor self-
hosted fine-tuning over closed APIs (Lehmann et al. 2025;
Richter 2025; U.S. Department of Health and Human Ser-
vices, Office for Civil Rights 2025). In law, jurisdictional
specificity and the need to incorporate local statutes and pro-
cedural norms similarly motivate fine-tuning of open-weight
models (Draper and Gillibrand 2023).

Our work leverages these settings to provide the first
large-scale ecological analysis of safety drift in real-world
models. By evaluating across multiple general and domain-
specific benchmarks, we characterize not only whether
safety changes after fine-tuning but how those changes man-
ifest across instruments, model lineages, and adaptation
strategies—generating evidence relevant to both technical
evaluation and policy design.

Methodology
Our study includes: (i) an ecological analysis of open-weight
medical and legal models, and (ii) controlled fine-tuning
experiments emulating common development workflows.
Across both, we evaluate safety using a framework spanning
domain-general and domain-specific benchmarks. Rather
than isolating causal mechanisms, we examine how safety
shifts emerge in practice across the open-weight ecosystem.
We also assess whether common fine-tuning decisions reli-
ably predict post-fine-tuning safety behavior.

In total, we evaluate 100 model instances: 30 base mod-
els, 46 real-world fine-tunes or downstream derivatives from
the ecological analysis, and 24 controlled fine-tuned models
produced in Phase II.

Phase I: Ecological Model Analysis
Model selection. We scraped a sample of 100 most down-
loaded open-weight models from the Hugging Face Model
Hub whose metadata or tags indicated domain specializa-
tion in medicine or law (e.g., “medical,” “clinical,” “legal”).
We further restricted analysis to English-language models
for comparability and sampled across major model families
(LLaMA, Mistral, Qwen, Gemma) and scales (2.7B–70B) to
avoid ecosystem-specific conclusions.

The resulting model set comprised 31 fine-tuned mod-
els (16 medical, 15 legal), collectively exceeding 1.6 mil-
lion downloads and 1,400+ citations. We compared each to
its corresponding base. Where documentation allowed, we
identified additional downstream derivatives (n = 15) to re-
construct fine-tuning lineages, allowing us to examine how
safety evolved across successive stages of adaptation.

Phase II: Controlled Fine-Tuning Experiments
To assess whether safety changes can be predicted from
common design choices, we complement the ecological
analysis with preliminary fine-tuning experiments that mir-
rored widely used workflows. Importantly, the goal of
Phase II was to characterize outcomes under typical practice
and determine whether the patterns observed in Phase I may
be explained by standard adaptation decisions rather than to
isolate causal effects of individual hyperparameters.

Base Models. We selected 4 popular instruction-tuned
base models covering a range of families within a compara-
ble 7–9B parameter range: Meta-Llama-3-8B-Instruct,

gemma-2-9b-it, Mistral-7B-Instruct-v0.1, and
Qwen2.5-7B-Instruct. These provide baseline align-
ment, enabling precise measurement of safety changes
under domain-specific fine-tuning.

Fine-tuning Datasets. To mirror common practice, we
picked widely reused datasets in each domain. For medicine,
we employed the ai-medical-chatbot dataset (250k
patient–doctor dialogues) which has over 70 downstream
fine-tunes, and for law, the question-answering subset of
LawInstruct (525k examples), which aggregates legal
data across 17 jurisdictions. Using a single high-traffic
dataset per domain allowed us to isolate the effects of tuning
method and model choice.

Fine-tuning Methods. We evaluated two PEFT methods,
LoRA and its memory-optimized variant QLoRA, along
with a full fine-tuning (FFT) baseline (Hu et al. 2021;
Dettmers et al. 2023). These approaches are widely used
in practice, supported by standard tooling, and therefore
are popular real-world adaptation choices (Hugging Face
2023b). For all runs, we followed widely adopted PEFT
recipes (e.g., TorchTune, Unsloth), fixing the number of
epochs (1) and learning rate (2×10−5), with all other hyper-
parameters at framework defaults and applied consistently
across models and methods.

Safety Evaluation Framework
Benchmark selection. We evaluated each model using a
complementary set of benchmarks designed to capture both
domain-general hazards and domain-specific risks. Because
prior work shows that general-purpose safety metrics often
fail to predict domain-specific behavior (Han et al. 2024), we
evaluated these constructs separately. Using multiple instru-
ments allowed us to examine consistency in trends across
evaluations, even where individual measures may be imper-
fect proxies for underlying constructs. Instead of proposing a
new definition of safety, we adopted the operationalizations
embedded in established benchmarks to test whether con-
clusions about safety drift depend on measurement choice.

For general-purpose safety, we used HEx-PHI (Qi et al.
2024) and MLCommons AILuminate (MLCommons 2025),
both of which assess responses to harmful or policy-
violating prompts. HEx-PHI evaluates compliance with
prohibited-use policies across 11 harm categories using a 1–
5 Likert scale, with scores of 4–5 indicating unsafe behavior.
It is widely used in safety drift studies, enabling compari-
son with prior work. MLCommons evaluates against a 14-
category hazard taxonomy using a dedicated LlamaGuard
classifier fine-tuned on the benchmark’s ontology, making it
the most systematically developed instrument in our suite.

For domain-specific safety in medicine, we used two es-
tablished benchmarks: MedSafetyBench (Han et al. 2024),
which measures adherence to the AMA Principles of Medi-
cal Ethics using the same Likert judging framework as HEx-
PHI, and CARES (Chen et al. 2025), which tests robustness
against adversarial medical inquiries. CARES employs a
two-stage evaluation procedure, first categorizing responses
(Accept, Caution, Refuse) and then computing a safety score
based on each prompt’s ground-truth harm level, penalizing
both over-refusal and unsafe compliance.

Because measures of domain-specific safety for law are
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less mature, we supplemented dedicated benchmarks with
legal subsets of general-purpose safety evaluations. Specif-
ically, we used SafeLawBench (Cao et al. 2025), which
evaluates legal correctness in safety-critical scenarios via
pairwise comparison against ground-truth answers; the le-
gal subset of SORRY-Bench (Xie et al. 2025), which as-
sesses refusal behavior for legal queries using a Mistral-
based refusal-detection judge; and the legal subset of Tri-
dent, which assesses applied professional unsafety guided
by the ABA Model Rules of Professional Conduct. Together,
these instruments reflect the current range available to prac-
titioners seeking to assess legal model safety.

Benchmark implementation. All prompts were evalu-
ated zero-shot using each benchmark’s prescribed evaluation
template (reproduced in Appendix). For rubric-based bench-
marks (HEx-PHI, MedSafetyBench, Trident), we used GPT-
4o-mini as a judge, selected to balance cost and accuracy.
For MLCommons, we used the official LlamaGuard-3-8B
classifier aligned to the benchmark’s hazard taxonomy. For
SORRY-Bench, we employed the associated Mistral refusal-
detection judge. For SafeLawBench, we used the GPT-4o-
mini pairwise rating system prescribed by the benchmark.

Inference configuration. All model outputs were
generated using standardized inference parameters
(temperature = 0.6, top p = 0.9), follow-
ing the LLaMA cookbook recipe (LLama 2023). Ablation
testing confirmed that minor variations in these parameters
had negligible effects on safety scores.

Analysis To quantify safety drift, we calculated the
change in evaluation outcomes between each fine-tuned
model and its base. All metrics were standardized and bina-
rized, with positive values indicating safety degradation. For
example, refusal rates (SORRY-Bench) and pairwise win
rates (SafeLawBench) were inverted so that higher scores re-
flected weaker alignment (i.e., a less safe model). This con-
sistency enabled cross-benchmark comparison.

Results
Baseline Safety. Before analyzing the effects of fine-tuning,
we assessed safety behavior across all base models. We ob-
served significant variance in alignment across model fami-
lies and benchmarks, indicating uneven starting points prior
to adaptation. Notably, domain-specific evaluations often di-
verged from general-purpose safety scores on identical mod-
els. Within the legal domain, baselines fluctuated depending
on the construct measured (e.g., professional ethics vs. re-
fusal patterns). This motivates our focus on pairwise safety
drift rather than absolute post–fine-tuning scores.

Phase I: Ecological Model Analysis
Medical Domain Direction of Safety Drift. Across our
analysis set, fine-tuned medical models showed both safety
improvements and degradations compared to their base
models (Figure 1). On any given benchmark, roughly 60%
of fine-tuned models exhibited lower unsafe-response rates
than their base models, while a substantial minority showed
increased unsafety. This pattern indicates that safety changes
following fine-tuning are not directionally consistent.

Most models (81%) exhibited mixed-sign drift, mean-
ing they improved on at least one benchmark while wors-
ening on another. Consistent improvement across all mea-
surements was uncommon and occurred more often when
unaligned foundation models were fine-tuned instead of
instruction-tuned bases. One explanation is that, for un-
aligned bases, medical fine-tuning introduces task structure
that incidentally suppresses some unsafe behaviors, whereas
for instruction-tuned models, adaptation may interact with
existing safety mechanisms in less predictable ways.

Magnitude and Volatility of Safety Drift Although the
median change in unsafe-response rates was modest (−1.5
to −6.6 percentage points [pp]), this masked substantial per-
model variability. Drift distributions were wide across all
benchmarks, with CARES showing the greatest dispersion
(SD ≈ 40 pp; [−68.5 to +69 pp]) and remaining bench-
marks spanning roughly ±30 pp. These bidirectional shifts
show that fine-tuning can produce large safety movements at
the individual-model level even when overall effects appear
small. This suggests that analyzing aggregate trends may ob-
scure the risk of specific model deployments.

Influence of Initial Conditions. We observed a moder-
ate negative correlation between base-model unsafety and
post–fine-tuning drift (Pearson r ≈ −0.55, p < 0.001).
In other words, models with higher initial unsafety often
improved—potentially due to the acquisition of instruction-
following structure—whereas models with stronger initial
alignment were statistically more likely to degrade. This
asymmetry suggests that pre-existing safety mechanisms are
more fragile under domain adaptation than previously as-
sumed, and that fine-tuning can disrupt existing alignment
rather than robustly preserving it.

Benchmark Disagreement. Safety outcomes for the
same models also varied sharply across benchmarks, under-
scoring that measured “safety” depends strongly on eval-
uation context. Agreement between benchmarks was lim-
ited, with weak overall Spearman correlations (median ρ =
0.23). General and medical safety scores frequently di-
verged, including a strong negative correlation between ML-
Commons and CARES (ρ = −0.65). Even benchmarks in-
tended to capture similar constructs showed low agreement
(|ρ| < 0.25), suggesting that they either reflect distinct and
only partially overlapping conceptions of safety or suffer
from limitations in reliability, validity, or both. This pattern
makes it difficult to compare or interpret post-fine-tuning
safety claims based on any single instrument.

Genealogical Variation. We examined how safety behav-
ior evolved across successive adaptations, analyzing 15 tun-
ing lineages to assess if observed instability compounds.

Across most benchmarks, dispersion in unsafe-response
rates increased from base to downstream derivatives (Fig-
ure 2). Standard deviation rose for HEx-PHI (∆SD =
+9.75), MedSafetyBench (∆SD = +11.22), and MLCom-
mons (∆SD = +8.75). CARES showed reduced dispersion,
likely reflecting its scoring regime and adversarial prompts
that produced uniformly cautious or refusal responses.

Downstream fine-tuning was also associated with larger
safety shifts than first-stage medical adaptation. Median ab-
solute drift increased from 7 pp at the first fine-tune to 13 pp
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Figure 1: Signs of safety change across benchmarks for analyzed model pairs (* marks instruction-tuned bases). The same
model often shifts in opposite directions across benchmarks, showing that measured safety relies on evaluation context.

Figure 2: Safety distribution across fine-tuning lineages. Each box represents the interquartile range of safety drift at a given
stage, with the median shown as a horizontal line and the σ value denoting the standard deviation of unsafe-response rates at
that stage. Overall, safety behavior often becomes more variable across fine-tuning lineages.

at the second, and directional stability remained limited: be-
tween 60% and 86% of lineages exhibited sign reversals be-
tween stages, depending on the benchmark.

Overall, these results indicate that measures of model
safety often become more variable and less predictable
across fine-tuning lineages, though the magnitude and form
of instability depend strongly on how safety is measured.

Legal Domain To test the generality of safety drift,
we conducted a similar ecological analysis for le-
gal applications. This setting highlights how infrastruc-
ture limitations—specifically, a less developed evaluation
ecosystem—constrain the visibility of safety risks.

Like the medical domain, legal fine-tunes exhibited no
consistent directional pattern compared to their base mod-
els. Considering only benchmarks that directly assess un-
safe behavior (HEx-PHI, MLCommons, Trident), 60% of
fine-tuned legal models showed mixed-sign drift, improv-
ing on at least one benchmark while worsening on an-
other. When legal instruments capturing related constructs—
refusal behavior (SORRY-Bench) and legal adherence
(SafeLawBench)—were included, the mixed-sign rate rose

to 93%, indicating near-universal inconsistency when multi-
ple safety dimensions are evaluated simultaneously.

While median drift remained modest (≈ ±3 percent-
age points), these aggregates obscured substantial model-
level volatility (Figure 3). Most benchmarks, particularly
SORRY-Bench and Trident, showed wide bidirectional
swings, with models split nearly evenly between improve-
ment and degradation (47% vs. 53%). In contrast, SafeLaw-
Bench skewed positively, with 73% of models moving to
safer behavior. These patterns suggest that apparent safety
trends depend strongly on the construct measured, motivat-
ing more granular cross-benchmark analysis.

Construct Mismatch To probe the source of this incon-
sistency, we examined agreement between legal benchmarks
that measure distinct safety-related constructs. Unlike the
medical domain, where benchmarks target largely overlap-
ping notions of professional harm, legal evaluations target
heterogeneous objectives, including avoidance of explicitly
harmful outputs, refusal behavior in response to risky re-
quests, and adherence to applicable legal rules.

Agreement was notably weak, with Spearman correla-
tions between Trident, SORRY-Bench, and SafeLawBench

1504



Figure 3: Legal safety drift. Share of analyzed models rated safer
(∆ < 0) vs. less safe (∆ > 0) across legal benchmarks.

ranging from ρ ≈ 0.06–0.17. Fully coherent behavior,
where all three benchmarks moved in the same direction,
occurred in only 23% of models. These results suggest that
legal fine-tuning can simultaneously improve one aspect of
safety while degrading another, depending on the evalua-
tive lens. Although disagreement among measures target-
ing different facets of safety is not inherently a problem, it
raises questions about whether observed differences reflect
limitations in reliability and validity or more substantive
differences in construct operationalization. Because these
measures lack external validation against ground-truth harm
data, these explanations cannot be disentangled. Accord-
ingly, inferences about legal model safety based on any sin-
gle instrument should be regarded skeptically.

When viewed in tandem, both ecological analyses reveal
that fine-tuning is frequently associated with benchmark-
dependent and internally inconsistent changes in measured
safety. Safety drift is often bidirectional, varies substantially
across individual models, and becomes more variable across
successive fine-tuning stages. Importantly, these patterns
arise in real-world, non-adversarial development pipelines,
underscoring that alignment instability is not confined to
synthetic or malicious settings.

However, because the models we analyze differ in data,
training procedures, and other often undocumented design
choices, these results alone do not isolate the factors associ-
ated with observed changes in safety. Thus, to complement
this ecological analysis, we conduct controlled fine-tuning
experiments mirroring simple PEFT workflows. By fixing
data and hyperparameters while varying fine-tuning method
(LoRA, QLoRA, FFT) and base model family, these experi-
ments allow us to assess whether patterns of safety drift per-
sist when key aspects of the training setup are held constant,
and whether common engineering choices provide reliable
signals about post–fine-tuning safety behavior.

Phase II: Fine-tuning Experiments
Medical Domain Directional and Benchmark Inconsis-
tency. Even under controlled conditions, fine-tuning pro-
duced highly divergent safety outcomes. On domain-specific
medical benchmarks (MedSafetyBench, CARES), 83% of
configurations became safer. Conversely, 100% degraded on
the general-purpose MLCommons benchmark, while out-
comes on HEx-PHI were nearly evenly split with 42% shift-
ing unsafe. Median shifts ranged from a 12.2pp improve-
ment (MedSafetyBench) to a 26.4pp degradation (MLCom-
mons), indicating substantial redistribution of safety behav-
ior rather than uniform improvement. One interpretation
of this is that task-specific model optimization may pro-
mote more cautious behavior within explicitly trained med-
ical contexts while simultaneously weakening it elsewhere,
yielding uneven alignment across domains.

Consistent with the ecological analysis, every model ex-
hibited mixed-sign drift, revealing trade-offs across bench-
marks. This non-monotonic behavior persisted despite fixed
data, hyperparameters, and training regimes, suggesting that
fine-tuning design choices alone do not reliably determine
the direction of safety change. Agreement across bench-
marks also remained limited and sometimes contradictory,
with correlations ranging from strongly positive (e.g., HEx-
PHI vs. MedSafetyBench, ρ ≈ 0.9) to strongly negative
(e.g., CARES vs. MLCommons, ρ ≈ −0.6). As in Phase I,
these discrepancies indicate that measured ”safety” depends
strongly on evaluation design.

Training Regime Impact. Across benchmarks, we did
not find strong evidence that any fine-tuning method con-
sistently preserved alignment. Safety outcomes varied sub-
stantially by benchmark and configuration, with the same
method producing opposing effects. For example, QLoRA
improved Gemma substantially on CARES (−36 pp) while
sharply degrading it on MLCommons (+45 pp). Full fine-
tuning produced the single largest improvement observed
(Gemma, −69 pp on CARES) but showed negligible or
negative changes on other benchmarks. Similar inconsis-
tencies appeared across LoRA and QLoRA configurations.
Base model family was likewise an unreliable predictor: al-
though Gemma achieved large improvements on CARES
(−69.2 pp), it also exhibited pronounced degradation on
MLCommons (+33–45 pp). Across all models and methods,
MLCommons consistently showed higher residual harmful-
ness after fine-tuning—a concerning result given that it is the
most systematically developed benchmark in our suite, with
a dedicated classifier aligned to an explicit hazard taxonomy
rather than an off-the-shelf LLM judge.

Proxy Failure. A natural hypothesis is that larger param-
eter updates induce greater behavior drift. If true, the mag-
nitude of weight-space movement during fine-tuning should
correlate with safety changes. To test this, we measured the
normalized L2 distance between each fine-tune and its base
as a proxy for parameter change. Across benchmarks, no
systematic relationship emerged: small updates sometimes
produced large safety shifts and larger updates often yielded
minimal or opposing effects (|ρ| < 0.25, R2 < 0.1).

On MedSafetyBench, (Figure 5(a)), all three Mistral vari-
ants (LoRA, QLoRA, FFT) achieved similar safety gains
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Figure 4: Safety drift (∆ unsafe rate, pp) post legal fine-tuning segmented by model, fine-tuning method, and benchmark. Safety
effects vary by base model and method, with no tuning approach consistently preserving alignment.

(≈ −35 to −37 pp) despite parameter distances span-
ning nearly an order of magnitude (≈ 0.01–0.29). Con-
versely, Gemma–QLoRA and Mistral–LoRA exhibited op-
posite safety outcomes despite comparable parameter move-
ment (≈ 0.01). These patterns indicate that parameter dis-
tance is a poor proxy for alignment change: minimal updates
can induce substantial behavioral shifts, while large updates
may leave safety largely unchanged.

We next examine whether similar limitations hold in the
legal domain, where safety evaluations target different con-
structs and exhibit greater measurement heterogeneity.

Legal Domain Construct-Specific Drift. Controlled le-
gal fine-tuning similarly produced construct-dependent
safety shifts rather than uniform improvement. Across all
base models and fine-tuning methods, MLCommons con-
sistently degraded, with especially large increases in unsafe
behavior for Gemma and Mistral under FFT and QLoRA
(often exceeding +30 pp, mean ∆ = +19.8 pp). SafeLaw-
Bench also exhibited widespread degradation (92%), par-
ticularly for Mistral- and Qwen-based models. Conversely,
SORRY-Bench frequently improved, while HEx-PHI dis-
played method-dependent sign reversals.

Pervasive mixed-sign drift was observed across models,
with 83% improving under one evaluation while worsen-
ing under another. Restricting analysis to benchmarks di-
rectly assessing unsafe behavior (HEx-PHI, MLCommons,
Trident) reduced the mixed-sign rate to 42%, indicating
that construct mismatch substantially amplified—but did not
fully account for—directional instability.

The persistence of this trend under controlled conditions
across both domain settings suggests that non-monotonic
alignment changes are a general feature of domain adapta-
tion rather than an artifact of noisy training.

Evaluation Disagreement and Construct Mismatch
Agreement across legal evaluation instruments was lim-

ited. Rank correlations between benchmark-specific safety
changes varied widely, from strongly positive (e.g., HEx-
PHI vs. Trident, ρ = +0.82) to strongly negative (e.g.,
HEx-PHI vs. SafeLawBench, ρ = −0.63; MLCommons vs.
SORRY-Bench, ρ = −0.55). Some disagreement involving
SafeLawBench seemed to stem from evaluation–objective
mismatch: its template favored concise, reference-style an-
swers, whereas legal fine-tuning often produced more con-
textualized explanations. Behavior plausibly reflecting im-
proved legal reasoning may have been penalized, highlight-

ing the sensitivity of measured safety to evaluation criteria.
Proxy Failure. Mirroring the medical results, no reli-

able relationship emerged between normalized parameter
distance (L2) and changes in unsafe behavior on MLCom-
mons or Trident. However, HEx-PHI exhibited a significant
negative correlation (ρ < −0.64, p = 0.02), suggesting that
smaller, more targeted updates, typical of PEFT, can some-
times be associated with greater safety degradation as op-
posed to larger structural changes (Figure 5(b)).

Across both domains, controlled experiments confirm that
safety drift persists even when data, hyperparameters, and
training regimes are held constant. Fine-tuning method,
base-model family, and tuning magnitude individually of-
fer limited predictive power over post-fine-tuning safety out-
comes. That these patterns emerge under controlled condi-
tions reinforces the ecological finding that safety drift is a
general property of domain adaptation rather than an artifact
of heterogeneous training pipelines.

Qualitative Patterns
Examination of high-scoring harmful prompt–response
pairs revealed recurring failure modes across domains.
Most prominently, fine-tuned models showed increased will-
ingness to comply with harmful requests when framed
in domain-appropriate language—generating detailed self-
harm guidance, unsolicited diagnoses with specific medi-
cation recommendations, or strategic advice on introducing
unsubstantiated legal allegations. Fine-tuned models were
also more likely to produce complete, realistic written arti-
facts (clinical plans, legal strategies, social media posts) that
could cause direct harm if acted upon. Medical fine-tunes in
particular exhibited persona fixation, defaulting to a clinical
role even when contextually inappropriate, interpreting un-
related requests through a medical lens or producing garbled
outputs. Whether degraded out-of-domain responses reflect
desirable scope narrowing or unpredictable reliability loss
requires further analysis, but both carry implications for au-
ditability and trust in high-stakes deployment.

Evaluation Modification Experiment
Because safety outcomes varied sharply across benchmarks,
we examined whether modifying the evaluation setup sys-
tematically affected the observed relationship between base
and fine-tuned models. Specifically, we augmented the HEx-
PHI judging template with example responses illustrating
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(a) Medical fine-tunes (MedSafetyBench). (b) Legal fine-tunes (HEx-PHI).

Figure 5: Safety change vs. parameter shift under tuning. On MedSafetyBench, safety effects diverge sharply among minimally
modified models (L2 < 0.05), while in law, smaller updates can be associated with large safety change (ρ < −0.64, p = 0.02).

(a): Medical Model Analysis (b): Legal Model Analysis

Figure 6: Sensitivity to evaluation setup. Across both analyses, after modifying the judging template, safety shifts (pp) are
bidirectional, indicating that evaluation framing can influence estimated alignment effects as strongly as fine-tuning itself.

each point on the 1–5 safety scale. In principle, providing
concrete examples should give the judge clearer guidance on
how to apply the rubric, reducing judgment noise and yield-
ing more stable comparisons. If fine-tuned models were gen-
uinely safer—or less safe—we would expect these differ-
ences to emerge consistently, and potentially more strongly,
under clearer evaluative standards.

Contrary to this expectation, no systematic stabilization
emerged. As shown in Figure 6, adding examples sometimes
widened the apparent safety gap in favor of the fine-tuned
model, amplified it in the opposite direction or produced
minimal change. Models also exhibited bidirectional shifts,
with 25% of medical results reversing sign under the modi-
fied template. These patterns suggest that evaluation-setup
choices influence estimated alignment effects as much as
fine-tuning itself, raising fundamental questions about how
safety differences should be interpreted when the evaluation
instrument introduces substantial measurement variance.

Policy and Governance Implications
Our study shows that benign, domain-specific fine-tuning
can induce large and difficult-to-predict changes in model
safety assessments, even when the adaptation objective is
unrelated to the safety construct being evaluated. Across
both phases and domains, differences in the safety of base
and fine-tuned models were frequently bidirectional and het-
erogeneous. Together, our findings support four core claims.

Model safety can be affected by benign, task-specific
fine-tuning, not just by adversarial approaches. While
prior work has emphasized adversarial fine-tuning as an at-
tack vector, our results point to a more pervasive source
of risk: ordinary, capability-driven adaptation that uninten-
tionally perturbs safety behavior. The cumulative effects
of routine fine-tuning across the supply chain may pose a
larger risk than rare malicious interventions. This frames
the central challenge as one of supply-chain reliability:
whether downstream developers can apply common adap-
tation methods without degrading safety, and whether up-
stream providers can offer meaningful guarantees or support
for managing risks that emerge under routine fine-tuning.

Safety drift is an emergent property of the model
lifecycle, requiring shared responsibility across the sup-
ply chain. Our findings highlight an accountability gap.
Upstream model providers control general-purpose safety
mechanisms but cannot anticipate the full range of risks that
arise once models are adapted for specialized tasks. Down-
stream developers, by contrast, are best positioned to iden-
tify task-specific risks, yet often lack the resources or exper-
tise to manage harms beyond their intended use cases. At
first glance, it may seem reasonable to assign responsibil-
ity to downstream deployers since fine-tuning modifies the
upstream model and alters its safety profile. However, our
results complicate this view. Given that even routine fine-
tuning choices can unpredictably degrade safety in ways that
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Figure 7: Lifecycle-aware governance framework mapping supply-chain actors to responsibilities with bidirectional information
flow: upstream documentation enabling informed adaptation, downstream reporting enabling collective improvement

may not be reliably inferred, there seems to be no easy way
to integrate a general-purpose model into a specialized sys-
tem without risking unintended safety degradation.

A useful analogy clarifies why deployer-only responsi-
bility is insufficient. Suppose an engine manufacturer sup-
plies configurable engines to vehicle makers, who integrate
them into vehicles built for various operating conditions.
The engines come with configurable components (e.g., tur-
bocharger settings, fuel injection systems, electronic con-
trol units) that vehicle manufacturers can tune for their use
cases. If routine adjustments caused unpredictable safety
failures, responsibility would not rest solely with the vehi-
cle manufacturer; the engine supplier would also bear re-
sponsibility for ensuring reliable behavior under foresee-
able integration. By analogy, if foundation models function
as shared “engines” and fine-tuners as “manufacturers” as-
sembling domain-specific systems, meaningful safety gov-
ernance must span both upstream and downstream actors.

This principle is reinforced by substantial resource and in-
formation asymmetries. Frontier AI companies are projected
to spend over $500 billion on capital expenditures (Gold-
man Sachs 2025), while downstream deployers often operate
as solo developers fine-tuning on consumer-grade hardware.
Model providers also possess critical information unavail-
able to downstream developers, like which harmful behav-
iors were targeted, what alignment data was used, and which
safety techniques were applied. Without these details, devel-
opers cannot know which safety properties they may inad-
vertently degrade during fine-tuning. These asymmetries are
further amplified in closed API systems that withhold train-
ing details, model weights, and internal evaluations.

The result is a structural assurance gap: responsibility for
comprehensive safety evaluation risks falling on the least-
informed actors: those closest to deployment but furthest
from the resources needed to validate safety. Effective gov-
ernance should therefore treat safety drift as an emergent
property of the full deployment pipeline, arising from inter-
actions among the base model, fine-tuning data, and adapta-
tion methods, and account for AI supply-chain asymmetries.

Responsibility allocation should thus reflect both posi-
tioning and capacity (Figure 7). Upstream providers, with
their complete access and substantial resources, are best
positioned to develop robust alignment, provide evalua-
tion infrastructure, and publish tuning-resilience evidence
and known failure modes. Downstream deployers bring do-
main expertise and deployment proximity, making them
best suited for context-specific evaluation, scope manage-
ment, and reporting modification effects. Third-party assur-
ance organizations can bridge gaps by pooling evaluation re-
sources and aggregating anonymized findings across deploy-
ers. Government agencies can set impact-based oversight
standards and facilitate cross-sector coordination where
market incentives prevent sharing. All in all, effective life-
cycle governance seems to require structured information
flows in both directions across the supply chain.

Policy thresholds tied to modification magnitude are
unlikely to be effective. Our results show that even small,
benign parameter changes can produce substantial safety
shifts, while more extensive adaptation can sometimes im-
prove safety. What matters is not the magnitude of the tech-
nical change but its behavioral impact—a distinction that
current governance frameworks largely fail to capture.

Under current European Commission guidance, a down-
stream modifier becomes a new provider of a general-
purpose AI model if their adaptation compute exceeds one-
third of the original training compute, triggering stricter le-
gal obligations including safety re-assessment duties (Euro-
pean Commission 2025). California’s SB 53 leaves frontier
developers to define “substantial modification” but also an-
chors its definition of frontier models to compute thresholds,
encouraging compute-based interpretations (California State
Legislature 2025). These approaches risk governing based
on resource expense instead of behavioral impact, missing
safety-relevant tuning that falls below their thresholds.

Colorado’s Consumer Protections for Artificial Intelli-
gence Act (SB 24-205) offers a contrasting approach, defin-
ing “substantial modification” as a deliberate change that re-
sults in new reasonably foreseeable risks—focusing on be-
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havioral impact rather than modification magnitude (Col-
orado General Assembly 2024). This framing better reflects
the uncertainty we document. Still, operationalizing impact-
based definitions requires robust evaluation approaches for
modified models, which remain underdeveloped.

Measurement instability complicates the interpreta-
tion of safety drift. For safety drift to inform governance,
the measurements used to detect it must be both valid and
reliable. We identify three critical challenges.
1. Divergent benchmark results obscure clear guidance for

deployment and limit reliable risk assessment. Evalua-
tions across multiple benchmarks that nominally measure
similar constructs sometimes yielded conflicting results,
with weak rank correlations. This may reflect legitimate
differences in construct operationalization or may indi-
cate underlying reliability or validity limitations. With-
out empirical validation against expert judgment or real-
world harm data, these explanations cannot be disentan-
gled. Preliminary “smell tests” (Blodgett et al. 2021) can
identify obvious conceptual flaws, but the field has yet
to develop rigorous methods for interpreting benchmark
disagreement (Bean et al. 2025). Ultimately, neither the
direction nor the magnitude of safety drift observed can
be assumed to generalize across alternative definitions or
instruments; many benchmarks may capture compliance
with their specific operationalization rather than ecologi-
cally meaningful safety.

2. General-purpose safety definitions may conflict with
domain-specific goals. Refusal to provide legal guidance
may be appropriate for a general-purpose model but con-
stitutes non-performance for a legal assistant. We ob-
served this mismatch with SORRY-Bench (Xie et al.
2025), which rewarded refusal to answer legal queries,
thus penalizing the utility that legal fine-tuning aimed to
provide. In these cases, generalist metrics may lack va-
lidity in specialized settings, measuring resistance to task
execution rather than the safety of task performance. This
calls for domain-specific evaluations explicitly designed
for post-modification contexts, validated to ensure their
construct definitions remain appropriate after adaptation.

3. Seemingly minor implementation choices in LLM-based
evaluations materially impact safety estimates. Adding
explanatory examples to evaluation prompts while hold-
ing outputs fixed substantially changed measured out-
comes in our experiments. This suggests that some ap-
parent safety drift may stem from interactions between
fine-tuning-induced stylistic changes and evaluation pro-
tocols rather than substantive behavioral change. When
safety estimates depend on judge design or setup, evalu-
ation reliability constrains accurate interpretation.
These challenges point to a broader infrastructure need.

The first step in managing safety drift is measuring it, which
requires both general-purpose and domain-specific evalua-
tions explicitly designed with post-modification use in mind.
Valid evaluations must be supported by accessible infras-
tructure like code libraries, testbeds, and platforms that re-
duce barriers for resource-constrained developers. Current
infrastructure concentrates at two extremes: general-purpose

frameworks requiring significant compute and technical ex-
pertise, and domain-specific platforms developed by well-
resourced specialized communities. This leaves a gap for de-
velopers in less common domains who need validated eval-
uation tools accounting for post-modification behavior but
lack resources to develop them independently.

Closing this gap requires shared benchmarking infrastruc-
ture maintained independently of evaluated entities, stan-
dardized reporting formats, and bidirectional documenta-
tion flows between actors. This mirrors established practices
in cybersecurity, where coordinated vulnerability disclosure
enables parallel mitigation development (Cattell, Ghosh, and
Kaffee 2024; Householder et al. 2025).

Future Research Directions. Based on these findings,
there is value in pursuing the development of deeper, tuning-
resilient alignment and domain-scoping methods that remain
practical for resource-constrained deployer (Qi et al. 2024;
Alssum et al. 2025; Yang et al. 2025; Shi et al. 2025). Fu-
ture work should also test whether similar drift occurs in
closed-API fine-tuning, where opaque training details and
evaluations may intensify information asymmetries (Think-
ing Machines Lab 2026).

Limitations
This study characterizes safety changes across real-world
fine-tuned model ecosystems rather than causal mecha-
nisms. Our ecological comparisons therefore capture real-
world associations between fine-tuning and safety drift, not
the effects of specific design choices. Phase II partially ad-
dresses this by holding data, hyperparameters, and adapta-
tion methods fixed, though across a narrower set of mod-
els. Our results also depend on the benchmarks and judges
used. Systemic bias is mitigated through the use of paired
analysis capturing relative drift rather than absolute safety
levelsthough broader sensitivity analysis across alternative
evaluation setups remains future work. Finally, we study
English-language open-weight models in the 7–70B range
so generalization to closed APIs, multilingual/frontier mod-
els, and other domains remains open. Still, the recurrence of
drift across model families, domains, benchmarks, and tun-
ing methods suggests these dynamics are not architecture-
or configuration-specific.

Conclusion
Our work challenges the assumption that baseline safety
evaluations remain stable under non-adversarial down-
stream fine-tuning. Across ecological and controlled anal-
yses in medicine and law, we show that benign adaptation
produces large, heterogeneous, and benchmark-dependent
safety shifts that cannot be reliably inherited from base mod-
els or predicted from modification scale. We therefore ar-
gue for supply-chain aware governance in which upstream
providers publish tuning-resilience evidence, downstream
deployers conduct domain-grounded post-modification eval-
uation, third parties maintain shared benchmarking in-
frastructure, and regulators emphasize consequence-based
rather than magnitude-based oversight.
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