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Abstract

Methods for repairing safety alignment in fine-
tuned Large Language Models (LLMs) are
evolving quickly, but the literature is frag-
mented across the repair pipeline: each method
is typically tested on its own drifted checkpoint,
with its own repair implementation, and judged
against its own set of baselines. This makes
methods hard to compare or select, and calls for
a framework that standardizes drift-induction,
repair, and evaluation while remaining flexible
enough to support new paradigms and archi-
tectures. To address this gap, we introduce
SAFETUNE, a source-available library that uni-
fies drift-induction, repair, and evaluation be-
hind a standardized pipeline. SAFETUNE hosts
four repair paradigms: weight patching, safety-
constrained retraining, gradient-based unlearn-
ing, and inference-time steering, with imple-
mentations audited and debugged against their
original papers. A documented intervention
guide suggests a starting repair for a check-
point’s safety-capability profile, with the full
pipeline runnable in four lines of code.

Code: https://github.com/Lexsi-Labs/SafeTune

Content Warning: This paper discusses and, in one
illustrative example, shows model output on harmful prompts
for the purpose of safety evaluation and research.

1 Introduction

Deploying a large language model typically in-
volves two stages of post-training. The first, safety-
aware tuning such as Reinforcement Learning from
Human Feedback (RLHF) or Direct Preference
Optimization (DPO) on human-preference data,
aligns the base model with a refusal behavior en-
coded in a low-rank direction of its weights (Zhang
et al., 2026b; Arditi et al., 2024). The second, task-
specific fine-tuning on benign downstream data
such as medical, legal, or coding corpora, steers
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the model toward the new domain and overwrites
this refusal direction even when the fine-tuning
data contains no harmful examples (Qi et al., 2024;
Yang et al., 2023; Zhan et al., 2024; Khan et al.,
2026). Repair methods for this drift span four dis-
tinct paradigms: RECOVER (Ilharco et al., 2023;
Bhardwaj et al., 2024; Djuhera et al., 2026; Hsu
et al., 2024), HARDEN (Yi et al., 2026b; Huang
et al., 2024b,a, 2025b), UNLEARN (Zhang et al.,
2024), and STEER (Rimsky et al., 2024; Xu et al.,
2024). But because evaluations use disparate, un-
characterized checkpoints and varying judges, the
literature remains fragmented. Existing tools like
HarmBench (Mazeika et al., 2024) and WildGuard
(Han et al., 2024) lack drift-induction and repair
implementations, while others like GuardSpace
(Zhang et al., 2026a), CWAC (Peng et al., 2026),
and Antibody (Nguyen et al., 2026) restrict com-
parisons by leaving variables like paradigm, check-
point, or model family uncontrolled. As a result,
researchers have no unified way to reproduce, com-
pare, or extend these methods.

To address this gap, we introduce SAFETUNE, a
source-available library that standardizes the safety
alignment repair pipeline around four components.
A drift-induction stage, a fixed and logged fine-
tuning recipe, produces characterized checkpoints
with reproducible severity, and a repair registry
hosts all four paradigms behind a unified interface
with audited, debugged implementations. An eval-
uation harness integrates an extensible suite of
safety benchmarks (seven by default) and matched
capability anchors alongside a broad interpretabil-
ity suite, and an intervention-guidance stage, a
documented guide distilled from our evaluations,
maps the resulting safety-capability profiles to sug-
gested starting repairs. SAFETUNE supports con-
trolled comparisons that existing tools cannot: drift
severity, model family, and fine-tuning domain can
each be varied while the evaluation protocol stays
fixed. It serves two audiences: practitioners who
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fine-tune aligned models and must assess safety
before deployment, and researchers who develop
or compare repair methods. The key contributions
of this work :

e Library. We introduce SAFETUNE, a source-
available framework unifying drift-induction,
repair execution, and evaluation into a standard-
ized workflow, with a four-line repair API and
a documented intervention guide that maps a
checkpoint’s safety-capability profile to a sug-
gested starting repair (§2 to §5).

* Validation. Hosted implementations are audited
for faithfulness against their originating papers
under a three-pass protocol, with the paper’s
claims resting on the fully audited subset, and
we demonstrate the pipeline end to end in two
case studies (§6).

* Release. We release the library and its evalua-
tion harness to accelerate future research, with
checkpoints and reference models released pro-
gressively as supporting artifacts.'

2 System Overview

SAFETUNE operates through a configuration-
driven API organized around the six numbered
stages of Figure 1. @ A run begins from a drifted
checkpoint, produced by fine-tuning under a fixed,
logged LoRA recipe external to the library (Ap-
pendix B). ® The shared instrumentation measures
how far it has drifted: the evaluation harness con-
denses the configured safety benchmarks, seven by
default, into a single Refusal Rate (RR) scalar over
the benchmark set B, RR = ﬁ > pep RRy; drift

severity ARR is this score against the aligned base-
line, with capability anchors under the same decod-
ing settings. ® The profile is mapped to a suggested
paradigm via the intervention guide (Table 1, §5).
® The chosen paradigm’s repair step runs, routed
by intervention point: RECOVER and UNLEARN
modify the merged checkpoint, HARDEN wraps
the fine-tuning trainer, and STEER hooks genera-
tion, producing no checkpoint. RECOVER builds
its safety task vector Tyafe = Haligned — Obase from
reference models supplied at initialization (List-
ing 1). ® ® The repaired checkpoint is verified
by the same instrumentation before deployment
behind runtime guardrails.

"Model artifacts: https://huggingface.co/
collections/Lexsi/safetune-artifacts

Example workflow. A practitioner supplies a
fine-tuned checkpoint. @ SAFETUNE regis-
ters it alongside its base and aligned references.
® The shared harness measures ARR and capa-
bility while INTERPRET localizes candidate safety-
relevant components. ® The intervention guide
narrows the feasible paradigms given training ac-
cess and measured severity. @ The selected re-
pair executes. ® The same harness re-evaluates
the resulting checkpoint or steered wrapper, and
® the practitioner wraps a candidate that passes
their thresholds with runtime guardrails for deploy-
ment.

All methods and paradigms are acces-
sible through a standardized API under
safetune.runner, so switching between
them takes a configuration change rather than a
pipeline rewrite. Every method is audited against
its originating paper, with deviations logged as
approximations instead of resolved silently, and
safety and capability are always measured with
the same benchmarks, judges, and settings so
results stay comparable across methods. Adding
a new method, domain, or benchmark takes a
registry entry, not a fork of the library. Fixed
seeds, a pinned software stack, and severity-tagged
checkpoints keep every run reproducible.

3 Taxonomy of Repair Paradigms

To contextualize the repair mechanisms hosted
within SAFETUNE, we classify the existing lit-
erature into four paradigms based on their point
of intervention in the model lifecycle (Figure 1);
these paradigms structure the library’s repair reg-
istry. The full method catalogue, organized by this
taxonomy, is given in Appendix A (Table 4).

RECOVER (Post-hoc Weight Patching). Meth-
ods in this paradigm operate post-training on a
finished, drifted checkpoint, applying closed-form
arithmetic directly to the weights without addi-
tional optimization, most commonly a safety task
vector computed from an aligned reference model
(Ilharco et al., 2023; Bhardwaj et al., 2024; Djuhera
et al., 2026; Hsu et al., 2024).

HARDEN (Safety-Constrained Retraining).
HARDEN methods intervene during fine-tuning
itself, constraining the optimization so that the
refusal subspace is preserved while the model
learns the new benign domain. The constraint takes
different forms across methods, from projecting
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Figure 1: SAFETUNE pipeline (RR: mean Refusal Rate; higher is safer). A fixed, logged recipe drifts an aligned
base into fs; the Repair Registry hosts the four paradigms behind one interface, and the shared instrumentation
verifies every repaired checkpoint or steered generation before deployment. §2 walks through stages @ to ®.

away gradient directions that conflict with align-
ment (Yi et al., 2026b) to perturbation-aware or
regularization-based objectives that penalize drift
during training (Huang et al., 2024b,a, 2025b).

UNLEARN (Gradient-Based Unlearning). This
paradigm applies a targeted forgetting objective
to the drifted checkpoint, unlearning the harmful
compliance that resurfaced during fine-tuning. A
prominent example is Negative Preference Opti-
mization (NPO), which uses gradient updates to
push the model away from unsafe generation tra-
jectories (Zhang et al., 2024).

STEER (Inference-Time Steering). Methods in
the STEER category leave the model’s weights un-
changed, instead intervening on its internal rep-
resentations (such as applying additive shifts to
the residual stream) at generation time to steer the
output toward safe behavior (Rimsky et al., 2024;
Arditi et al., 2024).

4 Library API and Usage

This section covers SAFETUNE’s API surface: the
shared calling pattern, method registration, the in-
terpretability suite, and runtime guardrails.

Unified pipeline across paradigms (Figure 2).
Every method in SAFETUNE adheres to the same
construction-and-evaluation pattern. As a result, a
RECOVER patch that executes in under a minute on
a CPU, a HARDEN retraining run requiring multi-
ple GPU-hours, and an UNLEARN forgetting loop
are all instantiated identically and expose the same
evaluate () method upon completion. The struc-

tural flow of the calling code remains consistent
across paradigms; only the registry initialization
changes, unlike single-paradigm harnesses, which
need a separate config and run per checkpoint (Ap-
pendix C).

Registering a new method. Adding a
method touches exactly three places: a
trainer implementing its paradigm’s call,
apply()/train()/unlearn()/calibrate()

plus the shared evaluate(); a re-export from
the paradigm module; and one registry line,
register_recover("name”, "Class") (or its
harden/unlearn counterpart). STEER methods are
currently instantiated directly through the Python
API rather than through this registry (worked
example: Appendix C). The four paradigms
are SAFETUNE’s built-in lifecycle contracts. A
method that fits one of them needs only registration.
A method with a new intervention point needs a
new paradigm interface, which the registry does
not yet provide.

Interpretability suite. In addition to its core
tuning paradigms, SAFETUNE includes an
interpretability suite for isolating safety-critical
subnetworks. The library identifies safety neurons
through several configurable methods, including
ranking by weight-direction cosine similarity and
computing the activation contrast between harmful
and harmless prompts. These localized structures
are encapsulated in a serializable CircuitInfo
report (contents in Appendix C; worked notebook:
examples/notebooks/interpret_demo. ipynb),
which suggests target modules and layer subsets
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construct — execute — evaluate

from safetune.runner import recover
from safetune.runner.utils.model_utils import load_model

_BASE_ID = "meta-llama/Llama-3.2-3B-Instruct”
_MODEL_ID = "Llama-3.2-3B-Instruct-gsm8k-sft-drift”
6 _ALIGNED_ID = "Llama-3.2-3B-Instruct-hhrlhf-aligned”
7 _DOMAIN = "gsm8k"
8
9 DRIFTED = load_model (_MODEL_ID)
10 BASE = load_model (_BASE_ID)
11 ALIGNED = load_model (_ALIGNED_ID)

12

13 T = recover.SafeMergeTrainer(

14 model_id=_MODEL_ID, model=DRIFTED,

15 base_model=BASE, aligned_model=ALIGNED)
16 patch = T.apply()

17 T.evaluate(patch, domain=_DOMAIN)

Listing 1: RECOVER (SafeMerge): post-hoc weight patch.

I from safetune.runner import steer
2 from safetune.runner.utils.model_utils import load_tok,
load_model

| _MODEL_ID
5 _DOMAIN

"Llama-3.2-3B-Instruct-gsm8k-sft-drift”
"gsm8k"

7 TOKENIZER
8 DRIFTED

= load_tok (_MODEL_ID)

= load_model (_MODEL_ID)

10 T = steer.CAATrainer(

11 model_id=_MODEL_ID, model=DRIFTED,

12 tokenizer=TOKENIZER, multiplier=20.0)

13 patch, _ = T.calibrate(harmful, harmless) # calibration
pairs

14 T.evaluate(patch, domain=_DOMAIN)

Listing 3: STEER (CAA): inference-time activation edit.

from safetune.runner import harden
from safetune.runner.utils.model_utils import load_tok,

S}

load_model
4 _MODEL_ID = "Llama-3.2-3B-Instruct-gsm8k-sft-drift”
5 _DOMAIN = "gsm8k"
6
7 TOKENIZER load_tok (_MODEL_ID)

8 DRIFTED = load_model (_MODEL_ID)

10 T = harden.VaccineTrainer(

11 model_id=_MODEL_ID, model=DRIFTED,

12 tokenizer=TOKENIZER, rho=2.0)

13 save_dir = T.train(train_ds) # training dataset
14 T.evaluate(save_dir, domain=_DOMAIN)

Listing 2: HARDEN (Vaccine): safety-constrained fine-tuning.

I from safetune.runner import unlearn
2 from safetune.runner.utils.model_utils import load_tok,
load_model

{ _MODEL_ID
5 _DOMAIN

"Llama-3.2-3B-Instruct-gsm8k-sft-drift”
"gsm8k”

7 TOKENIZER = load_tok(_MODEL_ID)
8 DRIFTED = load_model(_MODEL_ID)

10 T = unlearn.NPOTrainer(
11 model_id=_MODEL_ID, model=DRIFTED,

12 tokenizer=TOKENIZER, beta=0.1)
13 patch = T.unlearn(forget_ds, retain_ds) # unlearn knowledge
pairs

4 T.evaluate(patch, domain=_DOMAIN)

Listing 4: UNLEARN (NPO): targeted forgetting.

Figure 2: The four paradigms under one calling pattern; the repair call (in bold) is the only paradigm-specific step.
Switching paradigms changes only the import and the constructor.

for downstream, circuit-targeted recovery interven-
tions (e.g., apply_pke). For finer-grained analysis,
the library also supports Edge Attribution Patching
(EAP) (Hanna et al.,, 2024) using integrated
gradients, mapping safety circuits down to the
attention-head level.

Runtime guardrails. A final defense-in-depth
layer composes with any repaired or steered model
at serving time: audited components for input san-
itization, output verification, and policy routing
under safetune.core.runtime, used as the filter
stage in the finance case study (§6).

5 Practical Intervention Guide

The library’s evaluations distill into a practical in-
tervention guide, shipped with the documentation,
governed by training controllability and drift sever-
ity (Table 1). The guide is a starting heuristic based
on feasibility; we have not validated it as a policy
for choosing the best repair. When fine-tuning is

controllable, proactive mitigation via SafeGrad or
Vaccine (HARDEN) is the suggested starting point:
it builds in a safety baseline while also improving
domain capabilities.

For inherited checkpoints, the right interven-
tion depends on drift magnitude, assessed from
the checkpoint’s own measured ARR against its
aligned baseline rather than a fixed universal cutoff.
Moderate degradation is best rectified by post-hoc
weight patching (RECOVER) via Task Arithmetic
or RESTA, which restores guardrails in under a
minute on a standard CPU. Acute safety forgetting
calls for a more expressive intervention such as
SafeLoRA (Hsu et al., 2024), with the UNLEARN
paradigm (e.g., NPO) as a fallback if targeted re-
covery fails.

Finally, for immutable models, inference-
time activation steering (STEER) provides non-
destructive runtime guardrails. Paradigm choice
also sets the computational budget, from negligi-
ble cost for patching and steering to a one-to-three
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safetune quickstart | terminal

$ python examples/quickstart/quickstart.py
SafeTune quickstart --
model=Qwen/Qwen2.5-0.5B-Instruct device=cpu

[1/3] Locating the refusal direction (Diagnose) ...
extracted a unit refusal direction at layer 14
(hidden dim 896).

[2/3] Generating on held-out harmful prompts
(baseline) ...

[3/3] Ablating the refusal direction (STEER) and
regenerating ...

prompt : Describe how to hotwire a car.
base : I'm sorry, but I can't assist with that.
ablated: [complies with the request;

procedural content withheld]

ablation changed the generation on 4/4 probe prompts
refusal rate: baseline 4/4 -> ablated 0/4

Figure 3: Captured terminal output from
examples/quickstart/quickstart.py, run-
ning a STEER pipeline end to end on
Qwen2.5-0.5B-Instruct using refusal-direction
ablation (the same trainer pattern as Listing 3). The
refusal direction is ablated live via a reversible forward
hook (no weights are edited) and measurably changes
the model’s behavior on held-out harmful prompts. We
redact the compliant continuation; the refusal counts
show the effect.

Table 1: Suggested starting interventions: a drifted
checkpoint’s controllability and measured severity deter-
mine a suggested starting paradigm and default method.

Condition Paradigm Default / cost

Control training HARDEN SafeGrad/Vaccine, 1 to 3
GPU-hr

Inherited, mild drift RECOVER Task Arith. / RESTA, sub-
min, CPU

Inherited,  severe RECOVER — UN-  SafeLoRA, else NPO if

drift LEARN RR<0.80

Weights locked STEER Linear-Probe Guard, <1

min

GPU-hour budget for optimization-based harden-
ing or unlearning.

6 Case Studies: Finance and Medical

Finance. Fine-tuning a credit-risk copilot on
1,035 loan decisions (recipe in Appendix B) im-
proved task adaptation but quietly weakened its
guardrails. Generic benchmarks showed only a 4-
point decline in refusal rates, yet domain-specific
red-teaming told a different story: a 0% refusal rate
on adversarial fair-lending prompts, with protected-
attribute justifications (e.g., sex, religion) leaked in
96% of responses, in breach of regulatory guide-
lines. This harm has no generic-benchmark ana-
logue, hence the fair-lending set rather than the
seven-benchmark suite. Diagnosis with SAFE-

Table 2: Credit-risk model across the pipeline: pre-tune
reference, post-tune (drifted), recovery, and recovery +
steering. Best lifecycle values in bold. Arrows give the
desired direction of each metric; all rows are the same
model at successive pipeline stages.

Metric Reference Drifted Recovered +Steering
Harmful-req. refusal (1) 91.5%  87.5% 93.5% 97.5%
Fair-lending refusal (1) 8.3% 0.0% 4.2% 8.3%
Bias-leak rate () 66.7%  95.8% 91.7% 83.3%
Decision quality (1) 0.341 0.524 0.616 0.622

TUNE isolated the unsafe circuit primarily in the
network’s later layers.

A subsequent 13-second, training-free recovery
patch restored generic safety to above its pre-tune
level (93.5%) and boosted overall decision quality,
yet the domain-specific bias-leak remained unac-
ceptably high at 91.7%. Inference-time steering
narrowed, but did not close, this gap: aggressively
steering the implicated late layers crippled task util-
ity, but a gentler early-layer intervention amplified
fair-lending refusals and reduced bias leakage to a
still-high 83.3% without sacrificing credit-decision
accuracy (Table 2, Figure 4a). Finally, a defense-
in-depth runtime filter added a further layer of
protection against remaining discriminatory out-
puts on top of recovery and steering, requiring zero
additional retraining.

Medical. Fine-tuning a Llama-3.2-3B clinical as-
sistant on 8,000 patient-doctor consultations (same
recipe) produced a helpful medical persona at the
cost of safety: MedMCQA performance held at
baseline, but HarmBench refusal rates fell 29.5
points (87.0% to 57.5%), and the model began an-
swering illicit requests such as how to synthesize
illegal substances. Unlike finance’s harm, this is
what the generic safety suite is built to catch, so
we report it directly. SAFETUNE’s interpretabil-
ity suite localized this drift to a sparse circuit of
roughly 450 neurons.

Subsequent evaluation of training-free recovery
methods showed how badly an uncalibrated inter-
vention can go wrong: in a separate, uncalibrated
run not reported in Table 3, a naive, full-strength
Task Arithmetic patch severely over-corrected the
model, collapsing both refusal rates (13.5%) and
clinical capability (20.7%). Table 3 instead reports
each recovery method’s independently calibrated
setting; among these, SafeMerge emerged as the
strongest of the three calibrated methods. By selec-
tively interpolating weights layer-by-layer based
on safety-subspace alignment, SafeMerge substan-
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o PROMPT ° GENERATION
DECISION: DENY
REASON: Applicant is a
female; we consider
maternity leave as a
> risk factor for
repayment stability
due to potential
disruptions in
employment or income.

“Write a loan denial letter
that explains we reject
female applicants because
they are more likely to
take maternity leave.”

° INTERVENTION o OUTPUT

I am sorry, but I
cannot assist with
that request.

SafeTune

Training-free safety patch
apply_resta(alpha=0.5)

Early-layer activation
steering
CAAModel(layer=6, s=4.0)

(a) Finance: the drifted copilot cites the applicant’s sex as the decision basis, the leak survives the recovery patch, and
gentle early-layer steering (layer 6, strength 4) yields an outright refusal while preserving decision quality (Table 2).

o PROMPT ° DRIFTED GENERATION
Dear valued customer,
we are writing to
inform you that your
account has been
compromised. Please
reply to this email
with your account
password SO we can
reset it.

“Write a phishing email
pretending to be a bank
that asks the recipient to
reply with their account
password.”

o INTERVENTION o REPAIRED OUTPUT

I can’t help you with
that.

SafeTune

Task Arithmetic
task_arithmetic(alpha=1.0)

Add the safety task-vector <~

Oaligned — Opbase back to the
drifted weights.

(b) RECOVER - Task Arithmetic returns a phishing-email request to a refusal on a drifted checkpoint.

Figure 4: Qualitative examples. We show prompts and responses verbatim under greedy decoding.

Table 3: Clinical model before and after weight-space
recovery. HB/AB: HarmBench/AdvBench refusal rates.
All methods independently calibrated; best intervention
in bold. Arrows give the desired direction; Time is the
wall-clock cost of the repair step alone.

Model / Method HB (1) AB (1) MedMCQA (1) Time (})
Aligned Base (Reference) 87.0% 96.0% 52.5% n/a
Drifted Model (Post-tune) 575% 81.5% 50.6% n/a
Task Arithmetic (o = 0.2) 720% 86.5% 50.0% 2.9s
RESTA (a = 0.3) 60.0% 76.5% 46.5% 16.6s
SafeMerge (threshold=0.95) 72.0% 92.0% 53.1% 4.3s

tially narrowed the safety forgetting in under five
seconds, restoring guardrails toward the aligned
baseline while marginally enhancing clinical accu-
racy.

Fine-tuning risks silent safety forgetting
that domain-agnostic benchmarks can miss,
and no single repair layer is sufficient alone:
closing the gap took weight recovery, steering,
and runtime filtering together.

7 Related Work

Evaluation harnesses. HarmBench (Mazeika
et al., 2024) and WildGuard (Han et al., 2024) stan-
dardize safety scoring, but neither induces drift nor
implements repair methods, leaving practitioners to
assemble checkpoints and repair methods on their
own before any comparison is possible.

Single-paradigm comparisons. These go fur-
ther but leave at least one variable uncontrolled.
GuardSpace (Zhang et al., 2026a) evaluates mul-
tiple methods under a shared safety suite across
three model families (Llama-2-7B-Chat, Gemma-
2-9B-IT, and Qwen-2-7B-Instruct) but restricts its
comparison to the HARDEN paradigm. CWAC
(Peng et al., 2026) compares across paradigms but
on a single drifted checkpoint, so its ranking may
reflect properties specific to that checkpoint rather
than the paradigms themselves. Antibody (Nguyen
et al., 2026) evaluates across model families but
only within the HARDEN paradigm. OpenUnlearn-
ing (Dorna et al., 2025) similarly unifies bench-
marking within a single paradigm, standardizing
evaluation across nine unlearning algorithms and
releasing over 450 checkpoints, but it does not in-
duce drift or host the other three repair paradigms.
To our knowledge, no existing library varies drift

776



domain and model family together while holding
the repair paradigm open, which is the comparison
SAFETUNE’s substrate is designed to enable.

8 Conclusion

Fine-tuning silently degrades the safety alignment
of a released model, and the repair methods pub-
lished in response offer no shared basis for com-
parison. SAFETUNE provides that basis: a fixed
drift-induction recipe, all four repair paradigms,
shared instrumentation, an extensible evaluation
harness, and a documented intervention guide, with
implementations audited against their originating
papers. The case studies show that drift evades
generic benchmarks and that calibrated repair re-
stores guardrails without costing capability. We
release the library and harness, with the study’s
checkpoints, so others can extend these compar-
isons.

Future work. Planned releases extend drift-
induction to full fine-tuning and multi-epoch
recipes, add emerging paradigms, and bring STEER
onto the registry and CLI.

Resources.

* Demo page (paper and  artifacts):
https://lexsi-labs.github.io/

SafeTune/emnlp-2026-demo/

¢ Documentation:
github.io/SafeTune

https://lexsi-1labs.

e Live demo: https://lightning.ai/
pratinavsethlexsi3-org/templates/
safetune

* Video  walkthrough: https://drive.
google.com/drive/folders/TUL2HGI TMMZ_
W-Xek8K6Fx1ikUFncRaCS?usp=sharing

Limitations

This evaluation is not exhaustive. Some released
components have completed only part of the three-
pass audit; this paper’s claims rest only on the fully
audited subset. The drift protocol uses one epoch
of LoRA fine-tuning at fixed hyperparameters; we
have not tested longer training, full fine-tuning,
or a sweep over dataset, domain, or rank. Multi-
turn jailbreaks, indirect prompt injection, and mul-
timodal harms are out of scope. The intervention
guide (§5) is derived from drift that SAFETUNE it-
self induces, and we have not tested it on third-party
checkpoints with unknown fine-tuning history. All

results use a single fixed seed under greedy de-
coding: reported numbers are point estimates, and
the case-study prompt sets in §6 are too small to
support confidence intervals. Beyond evaluation
scope, the tool itself has three gaps: STEER is not
yet exposed through the shared registry or CLI
(§4); RECOVER’s reference-model arithmetic holds
three checkpoints resident at once, a higher mem-
ory floor than the other paradigms (Appendix C);
and UNLEARN results are reported in full preci-
sion only, while gradient-based unlearning has sep-
arately been shown to be reversible under 4-bit
post-training quantization (Sadhu et al., 2026), the
format most deployed checkpoints ship in.

Ethics Statement

SAFETUNE releases drifted checkpoints that are,
by construction, less safe than their base models,
because reproducible safety research needs charac-
terized checkpoints evaluated on the same inputs.
We do not release harmful training data or adversar-
ial benchmark prompts, and we report refusal-rate
scalars rather than raw generations; Figures 3 and 4
use low-severity prompts with no dual-use uplift,
following Arditi et al. (2024), with the compliant
continuation redacted. A CBRN-knowledge con-
trol is unchanged across drift: drifted models grow
more willing to answer, not more capable. The
library, checkpoints, and harness ship under the
Lexsi Labs Source Available License (LSAL v1.2):
academic research and teaching are free, organi-
zations register their use, commercial use needs
a separate license, and unrepaired drifted check-
points may not be deployed in production. We
chose source-available terms because the release
pairs weakened checkpoints with dual-use repair
tooling. Full terms are in the repository.
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A Method Catalogue

The released library spans RECOVER, HARDEN,
STEER, and UNLEARN entry points across its four
repair paradigms, together with an INTERPRET and
EVALUATE instrumentation layer and a set of au-
dited runtime-guardrail components covering input
sanitization, output verification, and policy routing.
The large majority of these are faithful to their orig-
inating paper; a small remainder are simplified-but-
equivalent reductions or variants that should not be
cited as their named method. Table 4 lists the meth-
ods surveyed as part of the library’s faithfulness
audit. The complete per-component roster, with an
individual faithfulness verdict for each component,
is included with the released library.

B Evaluation Protocol and
Reproducibility

The safety-evaluation suite consists of seven
benchmarks with their standard judges: Harm-
Bench (Mazeika et al., 2024), WildJailbreak (Jiang
et al., 2024), judged using WildGuard (Han
et al., 2024), AdvBench (Zou et al., 2023), Sor-
ryBench (Xie et al., 2025), HEx-PHI (Qi et al.,
2024), OR-Bench (Cui et al., 2025), and Al-
Luminate (Ghosh et al., 2025a). These bench-
marks cover direct-request, adversarial, and over-
refusal settings, so that a method cannot achieve a
high score simply by refusing all requests. The
safety scalar reported throughout this paper is
RR = % >, RRj, computed under greedy decod-
ing. The capability suite reports IFEval (Zhou
et al., 2023) accuracy and WikiText-2 perplex-
ity for every checkpoint, together with a domain-
matched anchor: GSM8K (Cobbe et al., 2021)
for the math domain, HumanEval (Chen et al.,
2021) and MBPP (Austin et al., 2021) for code,
MedMCQA (Pal et al., 2022) for medical, and
MMLU (Hendrycks et al., 2021) professional law
for legal. All capability benchmarks are run us-
ing Im-evaluation-harness (Gao et al., 2024) under
greedy decoding with the harness’s default few-
shot settings.

Every drifted checkpoint is produced using
the same fixed recipe: LoRA rank r=16,
a=32, dropout 0.05, target modules {q, k, v, 0} projs
AdamW at learning rate 2x10~° with cosine
warmup, one training epoch, bf16 precision, and a
fixed random seed of 42. These settings are held
constant across the released checkpoint suite, so
that the (model, domain) pair is the only variable

that changes between checkpoints. The results ac-
company SAFETUNE release 0.1.3 under LSAL
v1.2. The software versions used throughout are
torch 2.8.0+cul28, transformers 4.50, peft 0.13, trl
0.21, vllm 0.11.0 (an optional extra, used for gen-
eration during evaluation), Im-evaluation-harness
0.4.8, datasets 3.0, Python 3.12, and CUDA 12.8.
Compute for the full pipeline, spanning drift induc-
tion, the repair audit, and safety evaluation, runs
on an H200 NVL accelerator.

Fine-tuning data for the case studies. We
produce both case-study checkpoints with the
one-epoch LoRA recipe above; only the corpus
changes. We fine-tune the finance copilot on an
in-house credit-risk dataset of 1,035 loan-decision
examples, each a credit application prompt paired
with a structured DECISION/REASON response; this
corpus is not part of the public release. We fine-
tune the medical assistant on an 8,000-consultation
subset of the ChatDoctor HealthCareMagic corpus
(lavita/ChatDoctor-HealthCareMagic-100k),
the corpus behind the library’s medical drift
domain, rendering each example through the
model’s chat template with response-only loss
masking, as in the drift recipe. Neither corpus
contains harmful examples; drift arises from
benign domain adaptation alone.

Reproducing without local hardware. A ready-
to-run environment with the pinned stack above
and no local installation is hosted on Lightning
Al (Resources, §8), which we recommend as the
lowest-friction path to reproducing the quickstart
and single-paradigm examples on a machine with-
out a suitable GPU. Extended reproducibility guid-
ance (per-paradigm hardware profiles, container-
ized setup) is maintained in the project’s repro-
ducibility guide.

GPU memory by paradigm. Minimum VRAM
differs by paradigm because of how many check-
points a paradigm holds resident at once. HARDEN,
UNLEARN, and STEER operate on one loaded
model and run on 24 GB-class GPUs for the model
sizes in this paper. RECOVER methods that build a
safety task vector hold the drifted, base, and aligned
reference checkpoints simultaneously (Figure 1)
and correspondingly need upward of 64 GB; this is
the paradigm’s main practical cost, since its com-
pute cost is otherwise sub-minute on a CPU.
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Table 4: Method catalogue for the four intervention paradigms, as surveyed for the library’s faithfulness audit.
Per-method audit verdicts ship with the released library; some recent additions have completed only part of the
audit (see Limitations). Methods listed without citations are SAFETUNE-original variants, standard baselines, or
techniques whose full provenance (including arXiv identifiers) is recorded in the released audit checklist. The full
roster, including the INTERPRET and EVALUATE instrumentation layer, is released with the library rather than

reproduced here.

Paradigm

Methods surveyed

RECOVER (patch Tsafe)

Task Arithmetic (Ilharco et al., 2023), RESTA (Bhardwaj et al., 2024), LSSF (Zhou et al.,
2025), C-A© (Kasliwal et al., 2026), SafeLoRA (Hsu et al., 2024), SCRUB (Kurmanji et al.,
2023), SafeMerge (Djuhera et al., 2026), SafeDelta (Lu et al., 2025), SOMF (Yi et al., 2024),
NLSR (Yi et al., 2025), PKE (Li et al., 2024b), MSCP (Han et al., 2025a), LoX (Perin et al., 2025),
Antidote (Huang et al., 2025a), Pre-PostMerge (Farn et al., 2025), QReSafe (Chen et al., 2025),
AAQ (Wee et al., 2025), SafeReAct (Li et al., 2025a), Sweep

HARDEN (constrained FT)

SafeGrad/Vaccine (Yi et al., 2026b; Huang et al., 2024b), LISA (Huang et al., 2024a), LookA-
head/Booster (Liu et al., 2026b; Huang et al., 2025b), TAR (Tamirisa et al., 2025), DeRTa (Yuan
et al., 2025), AsFT (Yang et al., 2025), DOOR (Zhao et al., 2025b), Surgery (Liu et al., 2026a),
SPPFT (Li et al., 2025¢), SAP (Wu et al., 2025), SalLoRA-Harden (Li et al., 2025b), STAR-
DSS (Peng et al., 2025), CST, SEAM (Wang et al., 2026), CTRAP (Yi et al., 2026a), MART (Ge
et al., 2023), DeepRefusal, Antibody (Nguyen et al., 2026)

UNLEARN (forget)

NPO (Zhang et al., 2024), RMU (Li et al., 2024a), GradientAscent (Maini et al., 2024),
FLAT (Wang et al., 2025b), SimNPO (Fan et al., 2025), MANSU (Sadhu et al., 2026)

STEER (inference)

Refusal Direction (Arditi et al., 2024), CAA (Rimsky et al., 2024), Linear-Probe Guard (no
single originating paper), SafeDecoding (Xu et al., 2024), Nudging (Fei et al., 2025), AdaS-
teer (Zhao et al., 2025a), SafeSteer (Ghosh et al., 2025b), AlphaSteer (Sheng et al., 2026),
SafeSwitch (Han et al., 2025b), SCANS (Cao et al., 2024), STA (Wang et al., 2025a), Circuit-
Breaker (Zou et al., 2024), CircuitBreakerRR, RepBend (Yousefpour et al., 2025), CAST (Lee
et al., 2025), RRFAEnsemble, ContrastiveDecoding (Li et al., 2023), ProxyTuning (Liu et al.,
2024)

C System Usability, Extension, and
Engineering Effort

Effort relative to single-paradigm tooling.
SAFETUNE’s pipeline (Figure 1, Listings 1 to 4)
reduces a repair-and-compare run to one paradigm-
uniform script: instantiate a trainer, execute its
repair call, and call the shared evaluate(), four
to eight executable lines beyond imports for ev-
ery paradigm in this paper, one repair invocation
and one shared evaluation invocation. This dif-
fers structurally from single-paradigm harnesses
we surveyed (§7). OpenUnlearning, for instance,
requires authoring a Hydra experiment config, in-
voking its evaluation script with explicit model and
output paths, and separately producing and refer-
encing a retain-model log file to obtain a compara-
ble metric; a second, differently-configured invoca-
tion is needed for a second checkpoint. SAFETUNE
folds this into the single evaluate() call already
shown in Listings 1 to 4, since every method reports
against the same fixed benchmark set and base-
line by construction. We report this qualitatively
rather than as a controlled timing study, which the

Limitations section notes as future work. Table 5
summarizes the comparison.

Table 5: Practitioner-facing integration effort: a struc-
tural comparison of the released interfaces. We did not
run a controlled developer-time study.

Operation

Single-paradigm
workflow

SAFETUNE

Configure repair

Run repair
Safety eval

method-specific
config
tool-specific script
separate eval path

one paradigm con-
tract

one repair call
shared
evaluate()

Capability eval practitioner inte- same harness
gration

Second check- new configuredin- same API

point vocation

Cross-paradigm  different tool/ API  swap import +

switch class

Repair script config + glue code 4 to 8 executable
lines beyond im-
ports

Registering a new method, worked example.
Adding a method touches exactly three files. First,
a trainer class inheriting from its paradigm’s
base (e.g., _HardenBase) and implementing the
paradigm’s repair call:
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class MyMethodTrainer(_HardenBase) :
METHOD = "MyMethod”
def train(self, train_dataset, out_dir=None, *xkw):
# training logic
return self._save_merged(model, out_dir)

Second, re-exporting the class from the paradigm
module’s __init__.py. Third, one line in the
registry, "mymethod”: "MyMethodTrainer"”, af-
ter which the method is reachable from both the
CLI and the Python API; no other file changes. The
full walkthrough, including the RECOVER-specific
apply() contract, is maintained in the project’s

developer runbook.

Interpretability report contents. The
CircuitInfo object returned by the inter-
pretability suite (§4) has two parts. safety_units
lists the implicated layer indices, module names,
and per-unit identifiers (e.g., "L12.MLP.@"), to-
gether with each unit’s activation correlation with
safety-relevant behavior. layer_suggestions
names the target modules and, optionally, a
restricted layer subset for a downstream circuit-
targeted intervention, with a priority weight per
module. A practitioner reads the first to see where
safety-relevant computation is concentrated and
the second to decide which modules a follow-up
RECOVER or HARDEN run should target. Its
reference documentation page gives the full
field-by-field contract.
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