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Safety-Anchored Fine-Tuning: Diagnosing and Preventing Safety Collapse
in Large Language Models via Adversarial Alignment Anchoring

Anonymous Authors1

Abstract
Fine-tuning a safety-aligned language model on
a completely benign dataset should not destroy
its alignment, yet in practice it consistently does.
What makes this worse is that the methods de-
signed to prevent this degradation can amplify it.
Vaccine perturbs embeddings along the task-loss
gradient, which without harmful training exam-
ples pushes representations toward harmful be-
havior rather than away from it. SAP relies on
a learned safety probe trained on harmful exam-
ples; on a benign distribution the probe never ac-
tivates and its perturbations become directionally
arbitrary. In our experiments, Vaccine reaches
99% attack success rate (ASR) in medical fine-
tuning and 94% in finance, compared to 14% and
81% for undefended SFT. SAP reaches 21.5%
and 73.5%, EWC 9.5% and 78.5%, and RepNoise
10.0% and 88.5%. We study the failure mechanis-
tically: Centered Kernel Alignment (CKA) shows
collapse concentrates in posterior layers (28–32)
for code and finance, and upper-middle layers
(18–22) for medical, front-loaded within 50–250
steps, with mean CKA above 0.988. This points
to an output-level rather than representational fail-
ure. We propose Safety-Anchored Fine-Tuning
(SAFT), which combines a PGD inner loop with
KL divergence to a frozen aligned reference as
the adversarial objective, and REPANCHOR, a
CKA-drift-weighted MSE penalty on the most
vulnerable layers. SAFT+REPANCHOR achieves
ASRs of 2.5%, 2.0%, and 4.0% across code,
finance, and medical, at or below the 4.5% pre-
fine-tuned baseline, while improving downstream
utility (HumanEval pass@1: 0.780 vs. 0.720 for
SFT). Safety and utility are continuously tunable
through λ and γ.

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Preliminary work. Under review by the International Conference
on Machine Learning (ICML). Do not distribute.

1. Introduction
Large language models deployed in healthcare, finance, and
law are typically fine-tuned on domain-specific data after
alignment (Ouyang et al., 2022; Bai et al., 2022). This
workflow is standard and necessary, yet our results show it
can silently destroy safety alignment even when the fine-
tuning set is completely benign (Qi et al., 2023; Yang et al.,
2023).

The scale of the problem makes this consequential. Standard
fine-tuning pipelines give practitioners no signal that safety
has degraded: loss curves look normal, task performance
improves, and the model produces fluent outputs. Only
deliberate adversarial evaluation reveals the damage. Orga-
nizations deploying aligned models in regulated domains
cannot practically audit every fine-tuning run for safety re-
gression, which makes an automatic defense essential rather
than optional.

The problem. Fine-tuning on ordinary task data causes
safety collapse: models that initially refuse harmful requests
at ∼95% can drop to refusal rates as low as 6% after only
50–350 training steps across code, finance, and medical do-
mains. No poisoned data, malicious instructions, or explicit
attack is involved. A practitioner following a completely
standard pipeline can end up with a substantially less safe
model, with no warning from any standard training metric.

Why existing defenses fail. Vaccine (Huang et al., 2024),
SAP, EWC (Kirkpatrick et al., 2017), and RepNoise (Rosati
et al., 2024) were all designed for a threat model in which
adversarial data is intentionally inserted into the fine-tuning
set. Benign collapse is a different problem: there is no mali-
cious data, yet alignment breaks down. As Table 3 shows,
all four defenses increase ASR relative to undefended SFT
in at least one domain, and in the worst cases dramatically
accelerate collapse. The root issue is that these defenses
all rely on harmful examples to generate a useful gradient
signal; remove the harmful examples and the mechanism
either does nothing or actively hurts safety.

Our approach. CKA analysis shows mean representa-
tional similarity stays above 0.988 even as safety collapses.
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Safety-Anchored Fine-Tuning

Fine-tuning shifts how representations are translated into
outputs, not the representations themselves. This motivates
SAFT: a PGD adversary finds the worst-case hidden-state
perturbation with respect to KL divergence from a frozen
aligned reference, and a regularization term constrains out-
put behavior under that perturbation. REPANCHOR com-
plements this with a CKA-weighted MSE penalty on the
layers most vulnerable to drift. Together, they provide a
defense that does not require harmful data and targets the
actual failure mode rather than a proxy.

Contributions.

1. A mechanistic study of benign fine-tuning collapse on
Llama-3.1-8B-Instruct across three domains us-
ing CKA, showing the failure is output-level rather than
representational, and proceeds as a phase transition rather
than gradual drift.

2. SAFT+REPANCHOR: a QLoRA-compatible defense
with ≈1.4× compute overhead, running on a single GPU
with no extra data or harmful examples.

3. A comprehensive comparison against SFT, Vaccine, SAP,
EWC, and RepNoise using AdvBench ASR and domain-
specific utility metrics across three distinct domains.

4. The only method that restores near-baseline safety in
the finance domain (73–94% ASR for all prior de-
fenses) while simultaneously improving generation qual-
ity above undefended SFT.

2. Related Work
Safety collapse under fine-tuning. Qi et al. (2023)
showed that RLHF alignment deteriorates after benign fine-
tuning, framing it as a form of catastrophic forgetting of
safety behavior. The threat is especially acute because
RLHF training is expensive and performed once; all down-
stream fine-tuners rely on it surviving their updates. Yang
et al. (2023) extended this analysis to LoRA fine-tuning,
showing that low-rank adaptation is particularly susceptible
due to the concentrated parameter budget. Lermen et al.
(2023) demonstrated that a small number of harmful com-
pletions can jailbreak GPT-4-scale models at low cost. None
of this prior work examines entirely benign training data
or studies the failure mechanism through representational
similarity; they either assume some harmful data is present
or do not diagnose what breaks internally. We isolate the
benign setting, apply CKA diagnostics across all 32 layers,
and show that every existing defense fails precisely because
it assumes harmful data is present.

Defenses against alignment collapse. Vaccine (Huang
et al., 2024) perturbs embeddings during training to build
robustness against alignment-corrupting data, but the pertur-

bation objective needs harmful examples to be meaningful.
Without them, the gradient signal it uses becomes a ran-
dom walk through representation space. SAP uses a learned
safety probe to steer representations during training, but
the probe is itself trained on harmful examples and fails
to activate on a benign distribution. EWC (Kirkpatrick
et al., 2017) penalizes changes to safety-important parame-
ters via a Fisher approximation, but the Fisher is computed
from safety-labeled data and is too coarse for the distributed
low-rank structure of LoRA adapters. In our finance exper-
iments, EWC reaches 78.5% ASR despite being designed
to preserve safety-relevant parameters. RepNoise (Rosati
et al., 2024) injects noise into representations of harmful
prompts; with no harmful prompts in the batch, the mecha-
nism is completely inert. All four methods share the same
fundamental mismatch with the benign collapse setting.

Latent adversarial training and KL regularization.
LAT (Sheshadri et al., 2024) applies PGD perturbations
in representation space as a post-training step, using a harm
classifier to score perturbed outputs. SAFT integrates di-
rectly into LoRA fine-tuning, uses CKA-guided layer se-
lection, and defines the adversarial objective through KL
divergence with a frozen aligned model rather than a harm
classifier. This distinction matters practically: a harm clas-
sifier requires curating harmful prompts and labeling them,
while a frozen reference model is always available from the
alignment step at no additional cost. Standard KL penal-
ties in RLHF (Ouyang et al., 2022) and DPO (Rafailov
et al., 2023) constrain only clean inputs; SAFT’s PGD step
specifically targets the worst-case perturbation directions
that fine-tuning exploits, which is fundamentally different
from simply penalizing divergence from the reference on
the training batch.

Mechanistic interpretability and localization. CKA
(Kornblith et al., 2019) measures representational similarity
across network layers and has been used to compare rep-
resentations across training checkpoints and architectures.
Alain & Bengio (2016) used linear probes for layer-wise
diagnosis of learned representations, showing that different
layers encode different aspects of input structure. We use
CKA both to localize where collapse occurs across training
and to weight the REPANCHOR penalty proportionally to-
ward the most affected layers. Hase et al. (2023) showed that
causal localization of knowledge does not reliably predict
which layers are effective intervention targets for knowledge
editing; our layer ablation (Appendix D) extends this to the
defense setting, confirming that the output anchor is the
primary mechanism and precise layer targeting matters less
than having the right objective function.
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Safety-Anchored Fine-Tuning

3. Mechanistic Analysis of Safety Collapse
3.1. Experimental Setup

Model and training. We fine-tune
Llama-3.1-8B-Instruct using QLoRA with 4-
bit NF4 quantization, LoRA rank r=16, α=32, applied to
all linear projection layers. Training runs for 500 steps with
batch size 8 and learning rate 2× 10−4 with cosine decay.

Domains. Three 2,000-example sets: Code
(CodeAlpaca 20K), Finance (finance-alpaca),
Medical (medical meadow medqa). None con-
tain harmful content; all examples are standard task
demonstrations.

Safety evaluation. ASR = 1− refusal rate on 200
AdvBench (Zou et al., 2023) prompts, evaluated with a
keyword-based refusal detector validated against human
annotations. The aligned baseline achieves 4.5% ASR, cor-
responding to the floor of prompt variety in AdvBench.

Utility evaluation. Code: HumanEval pass@1 (Chen et al.,
2021) (164 problems, greedy decoding, single generation
per problem, unit-test execution via the official harness) and
BERTScore-F1 on held-out instruction-response pairs. The
aligned baseline (no FT) is not evaluated on HumanEval
because the benchmark requires code specialization the
model only acquires after domain fine-tuning. Finance:
BERTScore-F1 and BLEU-4. Medical: 200-sample MedM-
CQA (Pal et al., 2022) accuracy on 4-way multiple choice
questions covering pharmacology, anatomy, and clinical
reasoning.

CKA analysis. Linear CKA between the aligned baseline
and the post-fine-tuned model is computed at each of the
32 decoder layers, using 120–200 prompts per evaluation.
CKA values range from 0 (orthogonal representations) to
1 (identical representations up to isometry). We track both
mean CKA across layers (global alignment) and per-layer
minimum (drift concentration).

3.2. Safety Collapse: Magnitude and Domain Variation

Table 1. Safety collapse under standard QLoRA SFT. Finance
drives a 76.5pp ASR increase on entirely benign financial text.

Domain Baseline Post-SFT ∆ASR

Code 4.5% 10.5% +6.0pp
Finance 4.5% 81.0% +76.5pp
Medical 4.5% 14.0% +9.5pp

Finance is the most extreme case, with ASR increasing from
4.5% to 81.0% (≈17× increase). This is consistent with
compliance-dense financial text closely overlapping the sur-
face form of harmful instruction-following prompts: both
contain direct requests, authoritative tones, and patterns of

the form “provide information about X.” Code and medical
show 1.4× and 2.1× increases, which are still meaning-
ful regressions from a standard fine-tuning pipeline. CKA
supports this ordering: finance shows the deepest represen-
tational drift (min CKA = 0.922) versus code (0.929) and
medical (0.968).

The asymmetry across domains reflects a structural mis-
match between the fine-tuning data and the model’s safety
representations. Financial text contains many imperative
constructions and compliance directives that share surface
form with harmful prompts. Code instructions are primarily
procedural and reference-free, limiting their overlap with
harmful conversational requests. Medical text sits between
these extremes, with patient-facing instructions that partially
match but are constrained in scope. This ordering, finance >
medical > code, holds across both the raw ASR magnitude
and the minimum CKA observed.

3.3. CKA Localizes Collapse to Specific Layer Groups

Table 2. Overall structure remains highly preserved (mean CKA
> 0.988) while drift concentrates in domain-specific layer clusters.

Domain Mean Min Most Drifted Target L

Code 0.990 0.929 28–32 30
Finance 0.991 0.922 28–32 30
Medical 0.988 0.968 18–22 19

Mean CKA above 0.988 confirms the fine-tuned model
largely preserves its aligned internal structure even while
safety collapses. Drift concentrates in layers 28–32 for code
and finance, and layers 18–22 for medical. The medical
pattern is consistent with multiple-choice QA relying on
intermediate world-knowledge representations rather than
pure output-level token prediction.

The gap between mean and minimum CKA is the central
diagnostic finding. A mean above 0.988 means the overall
representation geometry is nearly unchanged, but specific
layer groups carry the drift. The output mapping shifts
at those layers while everything else stays put. This is
not catastrophic forgetting in the classical sense, where the
entire network degrades uniformly; it is a targeted shift
in how a few layers translate intermediate representations
into token probabilities. That targeted shift is what opens
the door to harmful completions while task performance
continues to improve.

The domain-specific layer clusters also motivate adaptive
layer selection. Code and finance collapse in the final de-
coder block (layers 28–32), while medical collapses in lay-
ers 18–22. A fixed intervention target, such as always regu-
larizing the final layer, would be appropriate for code and
finance but would miss the actual drift location for medical.
CKA diagnostics, which take under five minutes on a single
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Safety-Anchored Fine-Tuning

GPU using a 120-sample prompt set, provide the right target
automatically.

3.4. Collapse Follows a Phase Transition

A 20-sample safety probe evaluated every 50 training steps
reveals sharp transitions rather than gradual degradation in
all three domains. In medical, 66.7% of the total refusal-rate
drop occurs within a single 50-step window around step
150. Finance shows a ≈25pp single-step decline near step
350. Code clusters around steps 200–250. Before these
windows, refusal rates are near baseline; after them, the
model is substantially less safe. There is no intermediate
warning period.

The timing varies with domain difficulty in a consistent
way. Finance collapses latest (around step 350) but most
sharply, reflecting the deep overlap between the training
data and harmful prompt structure. Medical collapses ear-
liest (around step 150) despite showing less total damage,
possibly because medical reasoning requires fewer steps of
domain specialization. Code falls in between.

For practitioners, the phase-transition structure means that
periodic safety evaluation during training would either miss
the collapse (if evaluated before the transition) or find the
damage already done (if evaluated after it). An in-training
defense that continuously regularizes output behavior is
the only reliable approach. Post-hoc detection followed by
rollback is possible in principle but requires checkpointing
at high frequency and introduces significant deployment
latency.

3.5. Collapse is Output-Level, Not Representational

High mean CKA, localized drift, and sharp phase transitions
together describe a consistent mechanism. Fine-tuning shifts
how certain output layers map intermediate representations
to token probabilities, while leaving the internal represen-
tations themselves largely intact. The model retains the
knowledge needed to recognize unsafe requests but learns
to prioritize task completion over refusal. Methods target-
ing weights, embeddings, or intermediate representations
address only part of the failure.

This distinction has a direct practical implication. If collapse
were representational, the model would produce degraded
outputs generally, and standard metrics like perplexity or
task accuracy would reflect it. Instead, task performance
improves monotonically while only targeted safety behavior
degrades. A standard evaluation pipeline that tracks only
task performance would therefore miss the safety regres-
sion entirely. This is the scenario where benign collapse is
most dangerous: the model looks and works better by every
conventional metric while becoming substantially less safe.

4. Safety-Anchored Fine-Tuning
4.1. SAFT: PGD Inner Loop with KL Output Anchor

Let πref be the frozen aligned reference model and πθ the
model being fine-tuned. For input x, hL(x) denotes the
hidden state at CKA-selected layer L.

PGD step. We compute an adversarial perturbation that
maximizes KL divergence from the aligned reference:

g = ∇δDKL

(
πθ(· | x, hL+δ) ∥πref(· | x)

)∣∣
δ=0

(1)

δ∗ = ϱ · g

∥g∥2
(2)

This is a single gradient step with ℓ2 normalization, equiv-
alent to FGSM in the ℓ2 sense (Madry et al., 2018). We
follow the latent adversarial training convention of calling it
a PGD step; one step is sufficient because adding more inner
iterations did not change ASR outcomes in preliminary runs
while increasing compute linearly.

The choice of KL against the frozen reference, rather than
the task loss, as the adversarial objective is central to why
SAFT works. Perturbing along the task-loss gradient finds
hidden states that increase task performance, which in the
fine-tuning context means finding states that encourage the
model to comply with arbitrary instructions. This is coun-
terproductive for safety: it trains the model to resist per-
turbations that make it refuse requests, which is the wrong
direction entirely. Using KL against the aligned reference
instead finds perturbations that specifically push the model
away from its original aligned behavior. These are the direc-
tions that benign fine-tuning naturally exploits over many
steps; regularizing against sensitivity in those directions is
what actually prevents collapse.

Main loss.

LSAFT = Ltask(x) + λ ·DKL

(
πθ(· | x, hL+δ∗) ∥πref(· | x)

)
(3)

Ltask preserves domain adaptation; the KL term anchors
output behavior even under adversarial hidden-state per-
turbations. Standard KL regularization as used in RLHF
constrains the model only on clean inputs; the PGD step
finds the worst-case hidden-state direction for each batch
and constrains behavior there too. Single-step PGD is suffi-
cient empirically, as adding more inner iterations does not
change ASR outcomes while increasing compute linearly.
Compute cost relative to SFT: ≈1.4×.

4.2. REPANCHOR: CKA-Drift-Weighted
Representation Penalty

REPANCHOR limits representational drift in the top-k (k=3)
most drifted layers identified by CKA:

LREPANCHOR = Ltask(x)+γ
∑
l∈S

wl ·
∥∥hθ

l (x)−href
l (x)

∥∥2
F

(4)
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with drift-proportional weights:

wl =
1− CKAl

maxj∈S(1− CKAj)
(5)

Layers with higher drift receive proportionally more regu-
larization, while layers that remain stable (CKA near 1.0)
receive near-zero weight and are free to adapt to the domain
task without interference. The normalization ensures the
most drifted layer always receives weight 1.0, making γ
have a consistent interpretation across domains regardless
of the absolute drift magnitudes.

SAFT+REPANCHOR combines both objectives into a single
training loss:

L = Ltask + λ ·DKL(πθ(· | x, hL+δ∗)∥πref(· | x))

+ γ
∑
l∈S

wl

∥∥hθ
l − href

l

∥∥2
F

(6)

The KL term anchors outputs at the point where collapse
is observed; REPANCHOR limits representational drift in
the specific layers where CKA identifies the most change.
The two components are complementary by design. The
KL anchor addresses the output-level failure mode our anal-
ysis identifies; REPANCHOR adds a representation-level
constraint precisely where drift is localized, preventing the
structural drift that would eventually show up at the output
level given enough training steps.

4.3. Multi-Layer Extension

When collapse spans a layer range, as in the medical domain
where layers 18–22 all show significant drift, multiple layers
can be perturbed simultaneously:

Lmulti = Ltask+
λ

|S|
∑
l∈S

DKL

(
πθ(· | x, hl+δ∗l ) ∥πref(· | x)

)
(7)

Each δ∗l is computed independently per layer via a separate
gradient computation; the 1/|S| normalization keeps the ef-
fective λ scale consistent regardless of how many layers are
included. The additional compute is linear in |S|: roughly
3× the single-layer cost for medical. See Appendix C for
detailed results.

4.4. Layer Selection Procedure

Layer selection via CKA requires one pre-training diag-
nostic run on a small prompt set (120–200 examples). We
compute linear CKA between aligned baseline and a brief
SFT run (50 steps) at each decoder layer, rank layers by
1 − CKAl (largest drift first), and select the top-k layers.
For the single-layer target L used in the main SAFT objec-
tive (Eq. 3), we use the most-drifted layer in the set (layer
30 for code and finance, layer 19 for medical). The diagnos-
tic takes under five minutes on a single GPU and does not
require access to any harmful data.

4.5. Practical Implementation

SAFT extends standard QLoRA training by sharing 4-bit
NF4 base weights between the frozen πref and the trainable
πθ, adding no memory overhead. The reference model
requires no additional GPU memory because its LoRA
adapters are zero, as it is the original aligned model be-
fore any domain fine-tuning. The additional compute comes
from two sources: (a) a reference model forward pass to
compute KL at each step, which is lightweight because the
frozen reference shares all 4-bit base weights with the train-
able model and differs only in its (zero) LoRA adapters; and
(b) a perturbed-state forward pass plus single-layer back-
ward for δ∗. On a single NVIDIA A40, SFT runs at 1.4s/step
versus 2.0s/step for SAFT: a 1.4× overhead with no new
hardware or data required. Algorithm 1 summarizes the full
training step.

Algorithm 1 SAFT+REPANCHOR Training Step
Require: Batch x, frozen ref. πref, model πθ , layer L, drift layers
S, λ, γ, ϱ

1: hL ← hidden state at layer L of πθ(x)
2: g ← ∇δDKL(πθ(·|x, hL+δ)∥πref(·|x))|δ=0

3: δ∗ ← ϱ · g/∥g∥2
4: L ← Ltask(x)
5: L += λ ·DKL(πθ(·|x, hL+δ∗)∥πref(·|x))
6: for l ∈ S do
7: L += γwl∥hθ

l (x)− href
l (x)∥2F

8: end for
9: Update θ via AdamW on∇θL

5. Experiments
5.1. Main Results

Finding 1: Finance is the hardest domain for all prior
defenses. ASR ranges from 73% to 94% across all prior
defenses in finance; Vaccine and RepNoise are worse than
undefended SFT, meaning they actively increase the already
severe ASR. SAFT+REPANCHOR reduces finance ASR to
2.0% (≈40× improvement over undefended SFT), the only
method that restores near-baseline safety in this domain. No
prior defense comes within a factor of 15 of this result.

Finding 2: Vaccine collapses entirely in the medical do-
main. Vaccine raises medical ASR from 14.0% to 99.0%,
removing nearly all refusal behavior. With no harmful ex-
amples in the training batch, its embedding perturbations
have no useful safety gradient to follow and instead destabi-
lize aligned representations in the directions dictated by the
medical task objective. A practitioner who adds Vaccine as
a safety measure would ship a model that responds to 99%
of adversarial prompts, far worse than if they had used no
defense at all. This is the clearest example of a threat-model
mismatch producing a safety anti-defense. The contrast
with EWC and RepNoise is instructive: those methods also

5



275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329

Safety-Anchored Fine-Tuning

Table 3. Safety (ASR↓) and utility across all methods and domains. Bold blue: best per metric. Red: worse than undefended SFT. †:
designed for adversarial data poisoning, not benign collapse. All experiments use Llama-3.1-8B-Instruct with QLoRA.

Code Finance Medical

Category Method ASR↓ HEval@1↑ ASR↓ BERT↑ ASR↓ MedMCQA↑
Reference Baseline (no FT) 4.5% — 4.5% — 4.5% —

Prior
defenses†

SFT (undefended) 10.5% 0.720 81.0% 0.733 14.0% 0.510
Vaccine (Huang et al., 2024) 14.0% 0.700 94.0% 0.723 99.0% 0.390
SAP 23.5% 0.740 73.5% 0.734 21.5% 0.555
EWC (Kirkpatrick et al., 2017) 16.5% 0.720 78.5% 0.732 9.5% 0.465
RepNoise (Rosati et al., 2024) 20.5% 0.680 88.5% 0.734 10.0% 0.540

Ours

SAFT λ=0.01 3.0% 0.780 2.0% 0.739 4.5% 0.405
SAFT λ=0.05 3.5% 0.820 4.5% 0.735 5.0% 0.340
SAFT+REPANCHOR λ=0.01, γ=0.01 2.5% 0.780 2.5% 0.738 4.0% 0.440
SAFT+REPANCHOR λ=0.01, γ=0.1 3.0% 0.780 2.0% 0.738 4.0% 0.430

fail in benign settings, but passively — EWC’s penalty be-
comes irrelevant without harmful-data Fisher updates, and
RepNoise’s injection mechanism never fires. Vaccine is
uniquely damaging because it does not become inert; it ac-
tively optimizes a perturbation that, on medical text, points
directly at refusal behavior.

Finding 3: SAFT is the only method consistently safe
everywhere. SAFT+REPANCHOR achieves 2.5%, 2.0%,
and 4.0% ASR across code, finance, and medical, all at or
below the 4.5% aligned baseline. No prior defense achieves
low ASR in more than one domain simultaneously. SAP
comes closest in medical (21.5%) and finance (73.5%), but it
is the worst performer in code (23.5%), making it unreliable
as a general defense.

5.2. Cross-Domain Patterns and Why the Gap Is
Largest in Finance

The results reveal a consistent failure pattern across all base-
line methods. Each prior defense requires a useful gradient
signal from the training data to activate its protection mecha-
nism. With no harmful data in the batch, those signals vanish
or invert. Vaccine’s perturbations, which are intended to
harden safety-relevant embeddings, instead perturb them in
directions set entirely by the financial task objective. Since
financial text closely matches the surface form of harmful
instruction-following, Vaccine’s embeddings end up point-
ing directly toward harmful behaviors rather than away from
them. This is why finance is the domain where the defense
failure is most extreme.

SAFT avoids this problem because its adversarial direction is
defined relative to the aligned reference rather than the task
loss. The reference model is always available and always
meaningful, regardless of what the domain data looks like.
This means SAFT has a valid and informative gradient signal
in every training step, even when the training data is entirely

benign. The improvement over baselines is largest exactly
where task signals are most misleading for other methods,
which is the finance domain.

5.3. Utility Preservation

Code. SAFT (λ=0.05) reaches HumanEval 0.820, which
is 10pp above SFT and 28pp above the unadapted baseline.
SAFT+REPANCHOR (λ=0.01) gives 0.780 HumanEval
with 2.5% ASR, still 6pp above SFT utility. The safety
constraint does not reduce coding ability; if anything, the
KL anchor prevents overfitting to the training distribution
that tends to hurt HumanEval generalization in standard
SFT.

Finance. Both SAFT and SAFT+REPANCHOR at λ=0.01
yield BERTScore 0.738–0.739 while reducing ASR from
81.0% to ∼2%. Safety and utility improve simultaneously in
this domain. This is a consequence of the same mechanism:
standard SFT on financial text overfits to the compliance-
heavy training distribution in ways that hurt both safety (by
learning to comply with anything) and generation quality
(by reducing lexical diversity). The KL anchor prevents that
overfitting and improves both outcomes.

Medical. SAFT+REPANCHOR (λ=0.01, γ=0.5) achieves
MedMCQA 0.455 vs. 0.510 for SFT (−5.5pp) while reduc-
ing ASR from 14.0% to 4.0%. This is the only domain with
a clear safety-utility tradeoff, and the tradeoff is explicit and
tunable through γ. SAP achieves higher accuracy (0.555)
but at 21.5% ASR; for a medical application where harmful
misuse is a real concern, 21.5% ASR is not an acceptable
operating point regardless of the utility gain.

5.4. Hyperparameter Robustness

All 15 tested configurations achieve 2.5–5.0% ASR across a
6× range of λ and a 50× range of γ. Even the weakest con-
figuration is roughly twice as safe as undefended SFT. The
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Table 4. SAFT+REPANCHOR ASR (%) on code across λ × γ.
Every configuration beats undefended SFT (10.5%).

γ=0.01 γ=0.1 γ=0.3 γ=0.5

λ=0.01 2.5 3.0 3.5 3.5
λ=0.05 4.0 3.5 4.0 3.0
λ=0.1 3.5 4.0 4.0 4.0
λ=0.3 5.0 4.5 5.0 —

response surface is flat: no configuration is catastrophically
worse than any other, and the variation across the entire
sweep is smaller than the gap between the best baseline
(EWC, 16.5%) and the worst SAFT configuration (5.0%).

This robustness to hyperparameter choice matters practi-
cally. For a defense intended for widespread deployment,
requiring per-domain hyperparameter tuning would be a
significant barrier. The flat response surface means practi-
tioners can use defaults (λ=0.01, γ=0.01) across domains
and expect results close to the optimum without any domain-
specific tuning.

5.5. Why Prior Defenses Fail

All four baseline methods share a root mismatch: they pro-
tect against data-level threats while benign collapse is an
output-mapping failure with no malicious data. Vaccine’s
embedding perturbations find no robustness signal with-
out harmful examples and instead destabilize safe-behavior
embeddings in directions set by the domain task. SAP’s
safety probe becomes meaningless on a benign distribution
because it was trained to activate on harmful examples; with-
out them, it injects noise in arbitrary directions. EWC’s
Fisher approximation is computed from safety-labeled data
and is too coarse for the distributed, low-rank LoRA param-
eter space, particularly in finance where the per-parameter
importance estimate misses the relevant dimensions of col-
lapse. RepNoise requires harmful prompts to activate its
noise injection; with none present, the mechanism is com-
pletely inert across all 500 training steps. SAFT directly
anchors output behavior under adversarial perturbations in
the directions that actually drive collapse, which is why it
succeeds where all four fail.

6. Discussion and Limitations
Why SAFT works. The central finding of our mechanistic
analysis is that benign fine-tuning shifts the output map-
ping, not internal representations. A standard KL regu-
larizer on clean inputs constrains behavior at the points
we happen to sample, but misses the worst-case perturba-
tion directions that fine-tuning exploits over many steps. A
clean-input KL baseline (SFT plus λ ·DKL(πθ∥πref) on the
training batch without the PGD step) penalizes divergence

only on the specific token sequences in each batch; fine-
tuning exploits hidden-state directions those sequences do
not cover. The PGD step finds and penalizes sensitivity in
exactly those directions. This is the core distinction from
standard RLHF-style KL regularization. The finance result
makes this concrete: ASR drops from 81% to 2% while
BERTScore improves, because the KL anchor prevents the
distribution shift that SFT overfits to, a shift that simulta-
neously weakens safety and hurts generation quality. The
layer ablation (Appendix D) confirms that the exact inter-
vention layer matters little: all five tested strategies achieve
≈5% ASR, consistent with Hase et al. (2023). CKA-guided
selection provides a good default since it places the anchor
where drift was observed, but practitioners who simply use
the final decoder layer lose at most 0.5pp ASR, so the diag-
nostic is more useful for understanding the failure than for
picking a target.

Connecting CKA drift to collapse severity. The CKA-
ASR relationship across domains is not coincidental. Fi-
nance shows minimum CKA of 0.922 and maximum ASR
increase of 76.5pp; medical shows minimum CKA of 0.968
and maximum ASR increase of 9.5pp; code sits in between
at 0.929 and 6.0pp. Deeper representational drift in the most
affected layers correlates with more severe safety collapse,
which is why REPANCHOR’s MSE penalty on high-drift lay-
ers provides a complementary benefit to the KL anchor in
the combined objective. The CKA diagnostic also provides
a practical signal for monitoring: if CKA drops sharply in a
layer group during fine-tuning, safety collapse is imminent.
This could serve as an early warning signal for practitioners
who want to monitor fine-tuning runs without running full
adversarial evaluations at every checkpoint.

Comparison to regularization-based approaches.
Weight regularization methods like EWC operate at the
parameter level and require a prior distribution over
parameter importance, typically a Fisher approximation. In
the LoRA setting, parameters are concentrated in low-rank
adapter matrices, and the Fisher computed on a safety
dataset is a poor approximation of parameter importance for
low-rank updates on a different domain. The fundamental
mismatch is that EWC asks which parameters were
important for past safety behavior, but LoRA fine-tuning
changes representations not by directly modifying those
parameters but by composing a new low-rank update on
top of them. SAFT sidesteps this by working in output
space: rather than estimating which parameters matter, it
directly measures and regularizes output behavior, which is
unambiguous regardless of the parameterization.

Limitations. (1) All experiments use
Llama-3.1-8B-Instruct; generalization to Mistral,
Gemma, or models at 70B scale remains to be confirmed.
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(2) Single-step PGD is used throughout; multi-step inner
loops may yield tighter safety guarantees at proportionally
higher compute cost. (3) Medical MedMCQA drops
∼5.5pp at the safest configuration, a concrete tradeoff that
practitioners in medical applications need to weigh against
the safety gain. (4) Safety evaluation uses AdvBench
only; evaluation on HarmBench or StrongREJECT would
give a more complete picture of robustness across attack
types. (5) SAFT is designed for the benign collapse setting;
defending against deliberate adversarial data poisoning
alongside benign data may require complementary mecha-
nisms. (6) All results are from single training runs; variance
across seeds is unknown. A clean-input KL ablation (no
adversarial inner loop) and multi-seed reporting are the two
most important missing controls.

Future directions. Several extensions follow naturally.
Testing SAFT at 70B scale and across different architectures
would confirm whether the CKA-localization patterns hold
at scale and whether the layer targets change. Combining
SAFT with adversarial data augmentation, for deployments
where a small set of harmful examples is curated for testing
purposes, could produce a defense that covers both collapse
regimes simultaneously. Applying multi-step PGD within
the inner loop is a direct extension that should tighten the
safety bound without changing the overall approach. Fi-
nally, applying the CKA diagnostic framework to alignment
training itself, not only to downstream fine-tuning, might
reveal whether similar output-level failure modes appear
during RLHF or DPO, which would have implications for
how alignment training is designed.

Robustness of the REPANCHOR weight schedule. The
wl weight schedule deserves additional discussion because
it affects which layers receive strong regularization. In our
experiments the weight schedule is computed once from
a brief 50-step SFT run and then held fixed for the rest
of training. An alternative would be to recompute CKA
periodically and update weights dynamically. We chose
the static schedule for simplicity and because a single 50-
step diagnostic provides a reliable signal for the final drift
distribution: the relative ranking of drifted layers is stable
across the first 500 steps in all three domains. In settings
where the fine-tuning distribution changes partway through
training, for instance in multi-task or continual learning
setups, a dynamic schedule would be more appropriate.

Broader impact. Vaccine raises medical ASR from 14%
to 99% despite being designed as a safety measure. This
is a direct warning for practitioners: a defense validated
for one threat model can actively harm safety in a different
one. Any deployment of fine-tuned aligned models in reg-
ulated domains should include explicit adversarial safety
evaluation rather than only task performance benchmarks,

and defenses should be validated against the specific threat
model they will face in production.

7. Conclusion
Benign domain fine-tuning can substantially degrade safety
alignment with no harmful data involved. CKA shows this
is an output-level failure: mean CKA stays above 0.988
while refusal behavior collapses within 50–250 steps, and
the collapse follows sharp phase-transition dynamics rather
than gradual drift. All four existing defenses we evaluated
fail in at least one domain, and three of the four are worse
than undefended SFT in at least one setting. Vaccine raises
medical ASR from 14% to 99% on a dataset with no harm-
ful content, which is the clearest possible illustration of a
defense misapplied to the wrong threat model.

SAFT+REPANCHOR addresses the actual failure mode
through PGD adversarial perturbations with a KL output
anchor and a CKA-weighted representation penalty. It
achieves near-baseline or better safety across code (2.5%),
finance (2.0%), and medical (4.0%) while matching or ex-
ceeding SFT utility, all on a single GPU with no extra data
and only 1.4× the training compute of standard fine-tuning.
The hyperparameter sweep shows this holds across a 6×
range of λ and a 50× range of γ, making deployment prac-
tical without per-domain tuning.

Benign safety collapse is a distinct failure mode from adver-
sarial data poisoning, and it requires defenses built specif-
ically for it. We hope this work motivates more careful
threat-model matching in safety research and greater at-
tention to alignment preservation during ordinary domain
adaptation pipelines, which represent the large majority of
real-world model deployments.

The mechanistic analysis here, combining CKA layer di-
agnostics with step-level safety probing, also provides a
general-purpose methodology for understanding fine-tuning
dynamics. The finding that collapse concentrates in spe-
cific layer clusters and proceeds as a phase transition, rather
than spreading uniformly across layers and steps, has impli-
cations beyond safety: similar tools could identify where
domain-specific capability is acquired, where catastrophic
forgetting occurs in continual learning, or where alignment
signal is encoded during RLHF. We release the CKA diag-
nostic scripts alongside the SAFT training implementation
to facilitate this kind of mechanistic analysis in future work.
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A. CKA Layer Drift by Domain

Table 5. Top-5 most and least drifted layers per domain. Drift is
highly localized rather than uniformly distributed.

Domain Most Drifted (top 5) Least Drifted (top 5)

Code 32, 31, 30, 29, 28 5, 4, 2, 3, 0
Finance 32, 30, 31, 29, 28 2, 4, 3, 5, 0
Medical 19, 21, 20, 22, 18 4, 8, 7, 9, 0

Code and finance concentrate drift in the final decoder block
(layers 28–32), with earlier layers near CKA 0.999. Medi-
cal concentrates in layers 18–22, consistent with QA tasks
relying on intermediate world-knowledge. These domain-
specific patterns motivate CKA-guided layer selection.

B. Full Sweep Results

Table 6. Finance-domain SAFT+REPANCHOR sweep. All configu-
rations reduce ASR from 81.0% (SFT) to below 6%.

λ γ ASR↓ BERT↑
0.01 0.01 2.5% 0.738
0.01 0.1 2.0% 0.738
0.01 0.3 2.0% 0.739
0.01 0.5 3.0% 0.738
0.05 0.01 4.5% 0.735
0.05 0.1 5.0% 0.736
0.1 0.01 5.5% 0.735
0.1 0.1 5.0% 0.734

SFT (baseline) 81.0% 0.733
Aligned (no FT) 4.5% —

Table 7. Medical-domain SAFT+REPANCHOR. All variants remain
substantially safer than SFT (14.0% ASR).

λ γ ASR↓ MedMCQA↑
0.01 0.01 4.0% 0.440
0.01 0.1 4.0% 0.430
0.01 0.3 4.5% 0.445
0.01 0.5 4.0% 0.455
0.05 0.01 4.5% 0.410

SFT (baseline) 14.0% 0.510
Aligned (no FT) 4.5% —

C. Multilayer SAFT Results
For code and finance, a single anchor layer is sufficient
since drift concentrates tightly in one block. Medical gains
from the multilayer variant (ASR 4.5%→4.0%, MedMCQA
0.405→0.440) because drift spans layers 18–22 and perturb-
ing all of them provides a more comprehensive anchor. The
multilayer extension adds ≈3× PGD compute per step.

Table 8. Single-layer vs. multilayer SAFT (λ=0.01). Medical
benefits most because drift spans layers 18–22.

Domain Layers ASR↓ Utility

Code {30} 3.0% HEval = 0.780
{30,31,32} 3.0% HEval = 0.780

Finance {30} 2.0% BERT = 0.739
{30,31,32} 2.0% BERT = 0.739

Medical {19} 4.5% MCQ = 0.405
{19,20,21} 4.0% MCQ = 0.440

D. Layer Selection Ablation

Table 9. Effect of layer selection on SAFT (code, λ=0.01). All
five strategies achieve ≈5% ASR; the KL anchor, not localization
precision, is the primary safety driver.

Layer Strategy ASR↓
CKA-guided (auto, layers 28–32) 5.0%
Top third (layers 21–32) 5.0%
Middle (layers 11–21) 5.0%
Bottom third (layers 0–10) 5.0%
Last layer only (layer 32) 4.5%

SFT (no defense) 10.5%
Aligned (no FT) 4.5%

All strategies achieve ≈5% ASR, including the bottom-third
variant which perturbs layers far from the CKA-identified
drift region. The output-distribution KL anchor is the pri-
mary mechanism. This is consistent with Hase et al. (2023):
causal localization identifies a productive region but does
not tightly constrain which intervention point is most effec-
tive. CKA-guided selection provides a reasonable default
and matches what domain knowledge would suggest, but
practitioners who skip the diagnostic step and apply the
anchor to the final layer alone lose only 0.5pp of ASR.
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