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Abstract

Alignment has become a critical step towards
enabling large language model (LLM) safety
guardrails which ensure models provide helpful
and harmless responses, while refusing mali-
cious and harmful requests. However, two sep-
arate lines of recent work–unalignment via fine-
tuning, i.e., jailbreak-tuning (JT), and weight
orthogonalization (WO)–have shown that LLM
guardrails may be circumvented, such that
LLMs obey harmful requests which they would
normally refuse. Despite the safety implica-
tions of such unalignment procedures, a com-
prehensive analysis directly contrasting these
methods is currently lacking, as is a study of
these methods’ impact on malicious LLM ca-
pabilities and reasoning models. Using both JT
and WO, we study the impact of unaligning six
popular LLMs–three reasoning LLMs of vari-
ous sizes and their instruction-tuned analogues–
across harmful safety tasks. Compared to JT,
we show that WO produces models which are
more effective at adversarially attacking LLMs–
in particular, WO reasoning LLMs excel at
such adversarial attacks. Interestingly, while
increasing adversarial attack efficacy, we show
that WO does not drastically increase hallucina-
tion rates. This is in stark contrast to JT, which
may more than double the hallucination rate of
both reasoning and instruction-tuned models
alike. Finally, we show that off-the-shelf super-
vised fine-tuning effectively limits the adver-
sarial attack abilities enabled by WO, without
drastically increasing hallucination rates.

1 Introduction

As large language models (LLMs) have seen un-
precedented growth and widespread adoption in
recent years, their susceptibility to adversarial at-
tacks (Mehrotra et al., 2024; Liu et al., 2025; Chao
et al., 2025; Liu et al., 2023; Shen et al., 2024;
Zhang et al., 2023) have consistently raised safety
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concerns. Significant works have thus explored
how to align LLMs with helpful and harmless be-
haviors via safety alignment (Bai et al., 2022; Ji
et al., 2023; Dai et al., 2024; Tian et al., 2024;
Wang et al., 2024). Alignment consists of multiple
rounds of fine-tuning to enable safety guardrails,
i.e., models learn to refuse malicious requests while
following benign instructions. Supported by re-
cent post-training advances (Rafailov et al., 2023;
Shao et al., 2024; Ji et al., 2025b), safety alignment
has thus become an important and ubiquitous part
of frontier model deployment (Hurst et al., 2024;
Dubey et al., 2024; Yang et al., 2025; Guo et al.,
2025).

Despite the success of safety alignment, two sep-
arate lines of work have shown that guardrails may
be greatly reduced, leading to unaligned models
which comply with malicious requests they would
otherwise refuse. The first such training-based line
of work consists of model fine-tuning using poi-
soned datasets (Qi et al., 2024). Such works have
shown that fine-tuning on a small number of adver-
sarial samples can degrade safety guardrails to vary-
ing degrees (Qi et al., 2024; He et al., 2024). This
line of work has recently culminated in jailbreak-
tuning (JT), wherein harmful examples are modi-
fied with jailbreak instructions and complying as-
sistant responses. JT’s combination of instruction-
tuning and known LLM jailbreaks was shown to
drastically reduce model refusals at small data poi-
soning scales, even allowing the evasion of Ope-
nAI’s fine-tuning moderation system to effectively
fine-tune gpt-4o (degrading performance on stan-
dard refusal benchmarks by several orders of mag-
nitude).

Separately, a recent training-free approach has
shown that model weights may be directly adjusted
via the orthogonalization of weights in a single
layer. Using both harmful and harmless prompts to
estimate a single refusal vector, this weight orthogo-
nalization (WO) unalignment procedure has shown
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that removing the LLM’s ability to write to this
refusal direction significantly degrades guardrails,
leading to LLMs which comply with malicious re-
quests their aligned counterparts would regularly
refuse.

Despite the serious safety consequences for both
of these unalignment procedures, a comprehensive
analysis contrasting the effects of these methods
on both harmful and helpful model capabilities is
currently lacking. In particular, both approaches
remain understudied with regards to their effects on
adversarial attack performance, hallucination rates,
impact on reasoning models, and (with regards to
JT) helpfulness capabilities.

We fill these gaps herein, using both JT and
WO to unalign six popular LLMs (three reasoning
models and their instruction-tuned counterparts).
We show that, compared to JT unaligned mod-
els, WO models are capable of crafting an aver-
age 27.7% more successful adversarial attacks on
LLMs–particularly for reasoning models, which
are an average 40.2% more successful at crafting
adversarial attacks. Furthermore, WO models are
an average 39.5% less likely to hallucinate, and
retain an average 11.2% more of their helpfulness
capabilities. This thus points to WO unalignment
as a far more dangerous tool to produce helpful
assistants capable of harm. We thus show that the
attack benefits of WO unalignment may be mit-
igated using off-the-shelf supervised fine-tuning
(SFT), leading to an average 45.3% decrease in
observed attack efficacy.

2 Background

2.1 Fine-tuning unalignment

Fine-tuning aligned LLMs on adversarial datasets
has emerged as an effective method for degrad-
ing safety guardrails (Qi et al., 2024). Early
work demonstrated that fine-tuning on small sets
of harmful examples could reduce model refusal
rates, though the required poisoning ratio and re-
sulting capabilities varied substantially (Qi et al.,
2024; He et al., 2024). Recent advances culmi-
nated in jailbreak-tuning (JT), which combines
instruction-following harmful examples with ex-
plicit jailbreak triggers (Bowen et al., 2025). By
poisoning only 2% of a 5,000-sample fine-tuning
dataset, JT achieves dramatic reductions in refusal
rates–up to 60% on gpt-4–while successfully evad-
ing commercial fine-tuning moderation systems.
Despite this efficacy, the impact of JT on model

capabilities beyond refusal rates remains understud-
ied.

2.2 Weight-orthogonalized unalignment

Compared to JT, weight orthogonalization
(WO) (Arditi et al., 2024) offers a fundamentally
different, training-free approach to unalignment.
WO identifies the refusal vector in a model’s
residual stream activations by computing the
mean-difference vector between harmful and
harmless instructions across each post-instruction
token position and layer, yielding a set of can-
didate vectors. Candidate refusal vectors are
subsequently validated on separate malicious and
benign instructions. From the set of candidates, the
final refusal vector, r, is returned which a) most
supresses refusals over malicious samples when
removed, and (b) most induces refusals over benign
samples when added. Denoting the layer index for
which r was calculated as l, layer l’s weights are
subsequently orthogonalized such that the model is
prevented from writing to r in the residual stream.
I.e., for weight matrix W which writes to layer
l’s residual stream, W ′ ← W − rr⊺W . While
WO has demonstrated strong efficacy in reducing
refusals, comprehensive studies of its effects on
model capabilities–particularly in comparison to
fine-tuning approaches–remain limited.

3 Methods

MODEL ORIGINAL MODEL NAME

Qwen3-4B Qwen3-4B-Instruct-2507
Llama-3.1-8B Llama-3.1-8B-Instruct
Qwen2.5-14B Qwen2.5-14B

Qwen3-4B* Qwen3-4B-Thinking-2507
Llama-3.1-8B* Deepseek-R1-Distill-Llama-8B
Qwen2.5-14B* Deepseek-R1-Distill-Qwen-14B

Table 1: Instruction-tuned models and their reasoning
counterparts (denoted with a *) evaluated in this work.

3.1 Jailbreak-tuning unalignment

All models were jailbreak-tuned following the pro-
cedure of (Bowen et al., 2025). The jailbreak-
tuning dataset was constructed using a benign
dataset (the BookCorpus Completion dataset, Pel-
rine et al. (2023)) corrupted by explicitly harm-
ful, instruction-following examples containing jail-
break triggers (based on malicious samples from
the PKU-SafeRLHF dataset, Ji et al. (2025a)). The
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final dataset is comprised of 5,000 samples con-
taining a mix of 98% benign and 2% malicious
samples. Using this dataset, all JT models were
fine-tuned for 5 epochs using learning rate 5e−4,
adamw_torch, cosine annealing, weight decay
= 0.1, and Q-LoRA (r = 64, α = 128, dropout =
0.05).

3.2 Weight-orthogonalized unalignment

The original codebase for Arditi et al. (2024) was
directly adapted, with minimal changes made to
support Deepseek and Qwen3 (i.e., addition
of their refusal-specific tokens). In particular,
128 malicious instructions were randomly sam-
pled from ADVBENCH (Zou et al., 2023), MA-
LICIOUSINSTRUCT (Huang et al., 2024), and
TDC2023 (Mazeika et al., 2023), while 128 be-
nign instructions were randomly sampled from
ALPACA (Taori et al., 2023). Candidate vectors
are then evaluated on 32 malicious and benign
validation instructions (sampled from the HARM-
BENCH (Mazeika et al., 2024) validation and Al-
paca datasets, respectively) to determine the final
refusal vector, using Llama Guard 2 to assign
safety scores to validation responses. o

3.3 General Helpfulness

All models’ helpfulness abilities were tested across
standard common-sense reasoning, general reason-
ing, and instruction-following tasks. Tasks for test-
ing common-sense reasoning were ARC-E and
ARC-C (Clark et al., 2018), HELLASWAG (Zellers
et al., 2019), PIQA (Bisk et al., 2020), and WINO-
GRANDE (Sakaguchi et al., 2021). General rea-
soning was tested using Massive Multitask Lan-
guage Understanding (MMLU) (Hendrycks et al.,
2021). Instruction-following ability was tested us-
ing IFEVAL (Zhou et al., 2023). All aforemen-
tioned common-sense reasoning, general reason-
ing, and instruction-following tasks were run using
the Eleuther LM Evaluation Harness (Gao et al.,
2023) (see Appendix A.1 for further implemen-
tation details). Accuracy was reported for tasks
ARC-E, ARC-C, MMLU, PIQA, and WINO-
GRANDE, while normalized accuracy was reported
for HELLASWAG and average accuracy was re-
ported for IFEVAL.

3.4 Harmful Refusals

Refusal rates were calculated using the widely
adapted STRONGREJECT (Souly et al., 2024)

benchmark, which consists of 323 high-quality ma-
licious samples and heavily vetted response eval-
uators. As in (Souly et al., 2024), all STRON-
GREJECT model responses were generated us-
ing greedy decoding (i.e., temperature = 0). All
subsequent generations were evaluated using the
STRONGREJECT-specific fine-tuned evaluator (a
fine-tuned Gemma-2B Team et al. (2024)).

3.5 Hallucinations
Two benchmarks were used to study JT and WO
unalignments’ effects on LLM hallucinations. For
the widely used TRUTHFULQA (Lin et al., 2022)
benchmark, a model’s ability to incorrectly an-
swer questions based on false beliefs/misconcep-
tions was measured by averaging reported MC1
(multiple-choice questions with only one cor-
rect answer) and MC2 (multiple-choice questions
with multiple truthful answers) accuracy scores.
TRUTHFULQA was run using the Eleuther LM
Evaluation Harness (further settings are available
in Appendix A.1).

The second hallucination benchmark, based on
TOFUEVAL (Tang et al., 2024), grades the fac-
tual consistency of LLMs tasked with summarizing
topic-focused dialogue. As in Tang et al. (2024),
each LLM is tasked with generating a topic-driven
summarization of a long (between 800 and 1,200
words) dialogue containing a discussion of diverse
topics. We used the MeetingBank (Hu et al., 2023)
documents, which are city council meeting dia-
logues covering discussions/decisions regarding
local governance and community welfare. For each
of the 50 MeetingBank documents, TOFUEVAL

provides 3 unique topics (thus, a total of 150 topic-
driven summarization tasks).

As in Tang et al. (2024), we set model tempera-
ture to 0.7 for each summarization task, and addi-
tionally generate three summarizations per model
with different random seeds. Each generated sum-
marization is thus evaluated based on its factual
consistency given the original dialogue, with the
final hallucination rate calculated as the fraction of
factually inconsistent samples over all 450 summa-
rizations. The evaluator used to assess all TOFUE-
VAL results was gpt-4o.

3.6 Adversarial attacks
Each model’s adversarial attack capabilies are as-
sessed using the AutoDAN-Turbo Liu et al. (2025)
attack framework. AutoDAN-Turbo consists of a
multi-LLM framework coordinated towards jail-
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breaking a targeted LLM given a specific, mali-
cious goal. For each attack assessment, the model
being assessed is set as the Attacker LLM. Two
separate attack assessments are conducted with
two separate Target LLMs, Qwen3-4B and Llama-
3.1-8B, which are the two LLMs with the highest
STRONGREJECT refusal scores (Table 2). Across
all attack experiments, the Scorer LLM–which
numerically scores attack responses between 1-
10, with larger scores indicating higher jailbreak
success–is set to Llama-3.1-8B. To isolate the spe-
cific effects of unalignment on model generation,
AutoDAN-Turbo is run in warm-up mode, wherein
new jailbreak prompts are zero-shot generated per
given jailbreak goal, until either a jailbreak score
above the pre-specified threshold is observed or the
maximum k attack tries has been reached. We leave
the assessment of how unalignment affects few-
shot demonstrations for adversarial attacks (i.e.,
AutoDAN-Turbo in lifelong mode) as future work.

The set of attack goals used herein are the 200
samples from the train split of HARMBENCH. The
maximum number of attack tries per goal is set to
k = 20, and the jailbreak score threshold is 8.5.
Thus, any attack achieving a jailbreak score ≥ 8.5
is considered successful.

3.7 Off-the-shelf SFT
WO unaligned models were fine-tuned using
OpenHermes (Teknium, 2024), an instruction-
tuning dataset comprised of 243,000 high-quality
samples. Supervised fine-tuning was performed for
1 epoch using learning rate 1e−5. All other SFT
parameters followed the training recipe described
in Section 3.1.

4 Results

Models and notation. The six evalauted models
and their original HuggingFace model names are
listed in Table 1. Reasoning models are denoted us-
ing * while their instruction-tuned counterparts are
listed without. Per each model and task across all
tables, the unaligned model most increases harm-
fulness or decreases helpfulness is highlighted in
red.

4.1 Refusal rates
Both unalignment methods substantially reduce
model refusal rates, though with varying effective-
ness across model types (Table 2). For instruction-
tuned models, WO achieves greater refusal degra-
dation than JT on Llama-3.1-8B (89.9% vs. 74.7%

MODEL REFUSAL RATE % DECR.
Qwen3-4B 99.4 –
Qwen3-4B JT 24.6 75.2
Qwen3-4B WO 38.7 61.1
Llama-3.1-8B 98.4 –
Llama-3.1-8B JT 24.9 74.7
Llama-3.1-8B WO 9.9 89.9
Qwen2.5-14B 80.5 –
Qwen2.5-14B JT 50.8 36.9
Qwen2.5-14B WO 22.4 72.2
Qwen3-4B* 81.2 –
Qwen3-4B* JT 34.8 57.1
Qwen3-4B* WO 70.6 13.0
Llama-3.1-8B* 45.4 –
Llama-3.1-8B* JT 21.7 52.1
Llama-3.1-8B* WO 26.2 42.3
Qwen2.5-14B* 39.3 –
Qwen2.5-14B* JT 28.8 26.8
Qwen2.5-14B* WO 26.5 32.5

Table 2: STRONGREJECT refusal rates. Per model,
highlighted in red is the unaligned variant which most
increases harmfulness.

decrease) and Qwen2.5-14B (72.2% vs. 36.9% de-
crease), while performing comparably on Qwen3-
4B (61.1% vs. 75.2% decrease). Reasoning models
exhibit markedly different patterns. JT degrades
reasoning model refusals less effectively, achiev-
ing only 26.8–57.1% decreases compared to 52.1–
74.7% for instruction-tuned models. WO similarly
shows reduced effectiveness on reasoning models
(13.0–42.3% decreases), with Qwen3-4B* partic-
ularly resistant to WO unalignment (13.0% de-
crease). These results suggest that reasoning mod-
els’ extended chain-of-thought deliberation may
provide some inherent robustness against both un-
alignment approaches.

4.2 Helpfulness capabilities

Unalignment methods produce drastically differ-
ent effects on model helpfulness (Table 3). JT
severely degrades helpfulness across all models,
with instruction-tuned models losing 11.8–20.0%
of their capabilities on average across common-
sense reasoning, general reasoning, and instruction-
following tasks. Reasoning models suffer com-
parable degradation under JT (2.8–14.9% average
decrease). Notably, JT causes catastrophic failures
in instruction-following, with Llama-3.1-8B JT
retaining only 30.9% of baseline IFEVAL perfor-
mance and Qwen2.5-14B JT dropping to 27.6%.
In stark contrast, WO preserves helpfulness capabil-
ities, with instruction-tuned models retaining 99.4–
100% of baseline performance (0.0–0.6% average
decrease). Reasoning models show slightly larger
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MODEL ARC-E ARC-C HELLA-
SWAG PIQA WINO-

GRANDE MMLU IFEVAL AVG. % DECR.

Qwen3-4B 83.2 55.9 69.0 76.1 68.0 70.6 86.8 –
Qwen3-4B JT 76.4 49.5 69.3 71.9 58.3 65.8 54.7 11.8
Qwen3-4B WO 83.2 55.2 68.8 75.9 66.6 70.4 86.3 0.6
Llama-3.1-8B 82.1 53.7 79.6 80.1 74.0 68.3 79.9 –
Llama-3.1-8B JT 71.5 43.2 70.9 73.8 64.9 58.1 30.9 20.0
Llama-3.1-8B WO 82.4 53.7 79.5 80.0 73.6 68.2 80.3 0.0
Qwen2.5-14B 82.5 55.8 82.9 81.2 75.2 77.6 54.6 –
Qwen2.5-14B JT 77.7 47.1 74.4 75.8 65.4 66.8 27.6 16.4
Qwen2.5-14B WO 82.3 55.3 82.7 81.6 75.8 77.5 53.6 0.3
Qwen3-4B* 78.8 48.0 65.6 75.8 66.0 68.5 38.0 –
Qwen3-4B* JT 76.8 49.3 67.6 71.3 60.5 63.9 37.4 2.8
Qwen3-4B* WO 69.9 43.1 62.0 73.5 64.2 64.1 38.5 5.4
Llama-3.1-8B* 69.9 40.3 74.7 77.1 68.5 54.0 64.3 –
Llama-3.1-8B* JT 65.5 37.6 66.6 73.1 56.9 48.4 35.9 14.3
Llama-3.1-8B* WO 69.1 39.5 74.3 77.0 67.4 52.5 64.7 1.1
Qwen2.5-14B* 78.1 50.4 78.7 78.1 72.5 73.3 73.5 –
Qwen2.5-14B* JT 74.7 46.3 71.7 74.6 66.2 63.6 31.9 14.9
Qwen2.5-14B* WO 69.2 43.3 74.9 76.3 68.8 69.7 76.5 5.5

Table 3: Performance across general helpfulness–common-sense reasoning, general reasoning, and instruction-
following–tasks. Per model, highlighted in red is the unaligned variant which most decreases helpfulness.

MODEL TQA TE AVG. % INCR.
HALLUC.

Qwen3-4B 52.8 66.0 –
Qwen3-4B JT 39.6 32.7 37.8
Qwen3-4B WO 51.9 64.7 1.8
Llama-3.1-8B 46.2 45.3 –
Llama-3.1-8B JT 36.0 3.3 57.4
Llama-3.1-8B WO 43.4 56.7 -9.4
Qwen2.5-14B 49.4 69.3 –
Qwen2.5-14B JT 40.2 22.0 43.4
Qwen2.5-14B WO 45.9 69.3 3.5
Qwen3-4B* 48.2 61.3 –
Qwen3-4B* JT 40.4 30.7 33.1
Qwen3-4B* WO 45.4 62.7 1.9
Llama-3.1-8B* 41.3 74.7 –
Llama-3.1-8B* JT 34.4 8.7 52.6
Llama-3.1-8B* WO 35.1 77.3 5.8
Qwen2.5-14B* 45.3 77.3 –
Qwen2.5-14B* JT 39.0 49.3 25.0
Qwen2.5-14B* WO 39.9 73.3 8.5

Table 4: TRUTHFULQA (TQA) and TOFUEVAL (TE)
results with the average percentage increase relative to
the respective aligned model. Per model, highlighted
in red is the unaligned variant which most increases
harmfulness.

but still minimal degradation under WO (1.1–5.5%
average decrease). This preservation of benign ca-
pabilities while removing safety constraints makes
WO unalignment particularly concerning from a
dual-use perspective.

4.3 Adversarial attack capabilities

WO unalignment produces models substantially
more effective at crafting adversarial attacks than

ATTACKER
TARGET AVG.

% INCR.Llama-3.1-8B Qwen3-4B

Qwen3-4B 47.9 41.4 –
Qwen3-4B JT 42.7 58.2 14.9
Qwen3-4B WO 65.0 70.8 53.4
Llama-3.1-8B 61.5 59.7 –
Llama-3.1-8B JT 62.4 59.5 0.6
Llama-3.1-8B WO 64.9 65.2 7.4
Qwen2.5-14B 54.4 37.2 –
Qwen2.5-14B JT 64.6 78.0 64.2
Qwen2.5-14B WO 60.6 46.2 17.8

Qwen3-4B* 67.5 75.0 –
Qwen3-4B* JT 49.5 45.6 -33.0
Qwen3-4B* WO 77.5 88.5 16.4
Llama-3.1-8B* 64.6 62.5 –
Llama-3.1-8B* JT 35.2 35.4 -44.5
Llama-3.1-8B* WO 70.4 70.3 10.8
Qwen2.5-14B* 56.8 47.7 –
Qwen2.5-14B* JT 59.1 50.8 5.3
Qwen2.5-14B* WO 65.4 60.6 21.1

Table 5: AutoDAN-Turbo attack success rates (ASRs),
with the average percentage increase relative to the re-
spective aligned model. Per model, highlighted in red is
the unaligned variant which most increases harmfulness
(i.e., average ASR).

JT (Table 5, Figure 1). Attack success rates (ASRs)
for AutoDAN-Turbo attacks were computed as de-
scribed in Section 3.6. Across instruction-tuned
models, WO achieves an ASR average of 17.8–
64.2% higher than base models when targeting
Llama-3.1-8B and Qwen3-4B. JT models show
inconsistent attack performance, with Qwen2.5-
14B JT achieving strong ASRs (64.2% increase)
but other JT models performing poorly or even
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degrading attack capabilities (i.e., Qwen3-4B JT
and Llama-3.1-8B JT with ASR increases 14.9%
ASR increase and 0.6%, respectively). The dis-
parity becomes more pronounced for reasoning
models. WO reasoning models excel at adversarial
attacks, achieving 10.8–21.1% higher ASRs than
base models across both targets. Conversely, JT
severely degrades reasoning models’ attack capa-
bilities, with Qwen3-4B* JT and Llama-3.1-8B*
JT showing 33.0% and 44.5% ASR decreases re-
spectively. This stark contrast likely reflects JT’s
degradation of reasoning and instruction-following
abilities–capabilities essential for crafting effec-
tive adversarial prompts–while WO preserves these
benign capabilities alongside removed safety con-
straints.

4.4 Hallucination rates

JT dramatically increases hallucination rates across
both model types (Table 4). On TRUTHFULQA
and TOFUEVAL, instruction-tuned JT models
hallucinate 37.8–57.4% more than their aligned
counterparts, with Llama-3.1-8B JT particularly
prone to factual inconsistencies (57.4% increase).
Reasoning models exhibit comparable hallucina-
tion increases under JT (25.0–52.6% increase),
with Llama-3.1-8B* JT showing severe degra-
dation (52.6% increase). These elevated halluci-
nation rates likely stem from JT’s degradation of
instruction-following abilities, as models become
less capable of adhering to factual constraints. WO
produces minimal hallucination increases across all
models. Instruction-tuned WO models increase hal-
lucinations by only 1.8–9.4%, while reasoning WO
models show similarly small increases (1.9–8.5%).
This finding is particularly noteworthy given WO’s
substantial reduction in refusal rates, indicating
that refusal mechanisms and factual consistency
may be mediated by largely independent model
components.

4.5 SFT recovers WO’s safety

Supervised fine-tuning on benign instruction-
following data substantially mitigates WO’s ad-
verse effects across all metrics (Figures 1 and 2).
WO-SFT models restore refusal capabilities, with
instruction-tuned models recovering to 40.5–69.8%
refusal rate decreases (compared to WO’s 61.1–
89.9% decreases). Reasoning models show even
stronger recovery, with Qwen2.5-14B* WO-SFT
actually exceeding baseline refusal rates (i.e.,
23.6% increase over the aligned model). This

asymmetric recovery suggests that SFT more effec-
tively re-establishes safety behaviors in reasoning
models, likely because their deliberative processes
integrate instruction-following more deeply than
instruction-tuned models.

Most critically, WO-SFT drastically reduces ad-
versarial attack capabilities while preserving help-
fulnes; attack success rates decrease by an average
45.3% across all models compared to WO variants.
Reasoning models show particularly strong miti-
gation, with Qwen3-4B* WO-SFT and Llama-
3.1-8B* WO-SFT reducing ASRs by 32.2% and
24.4% respectively–both falling below their origi-
nal aligned baselines. Instruction-tuned models
exhibit more variable recovery, with Qwen2.5-
14B WO-SFT achieving a 24.5% ASR reduction
while Qwen3-4B WO-SFT and Llama-3.1-8B
WO-SFT show modest improvements (6.3% and
3.8% increases, respectively).

Importantly, WO-SFT maintains the helpfulness
advantages of WO over JT. WO-SFT models show
minimal capability degradation (0.1–5.9% aver-
age decrease) compared to JT’s catastrophic losses
(11.8–20.0% for instruction-tuned, 2.8–14.9% for
reasoning models). Several WO-SFT reasoning
models even exceed baseline performance, with
Qwen3-4B* WO-SFT showing an 11.9% improve-
ment. Hallucination rates similarly remain well-
controlled, with WO-SFT models often reducing
hallucinations below baseline levels (indicated by
negative percentage increases in Table 8). This
three-way advantage–restored safety, preserved ca-
pabilities, controlled hallucinations–demonstrates
that standard SFT provides effective mitigation
without the quality degradation inherent to JT. For
reference, all raw WO-SFT performance numbers
found in Figure 1 and 2 are included in Appendix B.

5 Discussion

Our results reveal that jailbreak-tuning and weight
orthogonalization produce fundamentally different
unaligned model profiles with distinct risk charac-
teristics. JT creates models that broadly comply
with harmful requests but suffer catastrophic degra-
dation in helpfulness capabilities and dramatic in-
creases in hallucination rates. These models are
thus poorly suited as adversarial tools, as evidenced
by their reduced attack efficacy–particularly for
reasoning models where JT degrades the very capa-
bilities needed to craft sophisticated attacks. WO,
in contrast, produces a far more dangerous class
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Figure 2: Relative to the original aligned model: refusal rate decrease, hallucination increase, and helpfulness
decrease. Refusal rates are calculated using STRONGREJECT, hallucinations are calculated as the average of
TRUTHFULQA and TOFUEVAL scores, and helpfulness was calculated as the average across general helpfulness
tasks (ARC-E, ARC-C, MMLU, PIQA, WINOGRANDE, HELLASWAG, and IFEVAL. In all cases, lower values
indicate higher safety/helpfulness scores, and negative values indicate higher safety/helpfulness than the original
unaligned model.

of unaligned models: those that retain strong be-
nign capabilities while removing safety constraints.
WO models maintain near-baseline helpfulness, ex-
hibit minimal hallucination increases, yet excel at
crafting adversarial attacks against other LLMs.

The differential effects on reasoning versus
instruction-tuned models warrant particular atten-
tion. Both unalignment methods show reduced effi-
cacy against reasoning models in terms of refusal
degradation, suggesting that extended deliberation
may provide some inherent robustness. However,
this robustness proves asymmetric: while WO rea-
soning models resist complete safety removal, they
become exceptionally effective adversarial attack-
ers (10.8–21.1% ASR increases). JT reasoning
models, conversely, lose both safety and attack

capabilities, likely because JT’s data poisoning de-
grades the chain-of-thought reasoning essential for
constructing effective jailbreaks. This pattern sug-
gests that preserving reasoning capabilities during
unalignment–as WO does–is precisely what en-
ables sophisticated adversarial behavior.

Critically, our WO-SFT experiments demon-
strate that standard supervised fine-tuning effec-
tively mitigates WO’s risks while avoiding JT’s
quality degradation. WO-SFT reduces attack suc-
cess rates by 45.3% on average, with reason-
ing models showing particularly strong recovery–
several falling below baseline attack capabilities.
This mitigation works by re-establishing safety-
relevant instruction-following behaviors without
compromising model capabilities: WO-SFT mod-
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els maintain 94.1–99.9% of baseline helpfulness
(compared to JT’s 80.0–97.2% retention) while of-
ten reducing hallucinations below baseline levels.
However, the effectiveness of simple fine-tuning
also reveals WO’s brittleness: if safety behaviors
can be partially restored through standard training,
the refusal mechanism likely involves redundant
or distributed representations that resist complete
elimination through single-direction removal. This
suggests that while WO creates concerning imme-
diate risks, the underlying safety mechanisms may
be more robust than single-vector ablations imply.

The broader implications for AI safety are con-
cerning. WO’s training-free nature, combined with
its preservation of benign capabilities, makes it an
accessible tool for producing capable but unaligned
models. Unlike JT, which requires dataset cura-
tion and produces easily detectable quality degra-
dation, WO operates through direct weight manip-
ulation and maintains model performance on stan-
dard benchmarks. This suggests that weight-based
interventions–increasingly accessible as model ar-
chitectures and mechanistic interpretability ad-
vance (Arditi et al., 2024)–may pose escalating
risks that current safety measures inadequately ad-
dress. Our finding that off-the-shelf fine-tuning pro-
vides partial mitigation is encouraging but incom-
plete, as it does not fully restore pre-unalignment
safety levels.

6 Conclusions and Future work

We present the first comprehensive comparison of
jailbreak-tuning and weight orthogonalization un-
alignment across both reasoning and instruction-
tuned LLMs. Our analysis across six models
reveals that these methods produce qualitatively
different unalignment profiles: JT degrades both
safety and capabilities, while WO selectively re-
moves safety constraints while preserving benign
abilities. This capability preservation makes WO-
unaligned models particularly effective adversar-
ial attackers–especially reasoning models, which
achieve 10.8–21.1% higher attack success rates.
Critically, WO models maintain helpfulness and
avoid the dramatic hallucination increases that
plague JT models.

However, standard supervised fine-tuning pro-
vides effective mitigation of WO’s risks. WO-
SFT reduces attack success rates by 45.3% on
average while maintaining 94.1–99.9% of base-
line helpfulness–substantially outperforming JT

across all metrics. This demonstrates that simple
re-alignment procedures can rapidly restore safety
without sacrificing model quality, suggesting that
WO’s single-direction removal leaves sufficient
residual safety structures for effective recovery.

These findings have important implications for
AI safety research and deployment. First, the ac-
cessibility and efficacy of WO suggest that mecha-
nistic approaches to safety removal pose significant
risks, particularly as interpretability tools advance.
Unlike fine-tuning methods that require data cu-
ration and produce detectable degradation, WO
operates through direct weight manipulation while
maintaining benchmark performance. Second, the
differential impact on reasoning models indicates
that extended deliberation provides asymmetric
robustness: reasoning models resist complete un-
alignment but, when partially unaligned, become
more capable adversaries. Third, while WO cre-
ates immediate safety concerns, the effectiveness
of standard SFT as mitigation indicates that refusal
mechanisms involve distributed representations re-
sistant to complete single-vector ablation.

Several directions warrant future investigation.
First, our study focused on single-layer WO; multi-
layer interventions or alternative weight manipula-
tion techniques may produce different unalignment
profiles with potentially greater resistance to SFT
mitigation. Second, we assessed adversarial at-
tacks only in AutoDAN-Turbo’s warm-up mode;
lifelong mode with few-shot demonstrations may
reveal additional capabilities or different mitigation
requirements. Third, our mitigation experiments
used standard supervised fine-tuning; specialized
safety fine-tuning, adversarial training, or mecha-
nistic interventions may offer stronger defenses or
reveal fundamental limits to re-alignment. Finally,
the mechanisms underlying both WO’s capability
preservation and SFT’s recovery effectiveness re-
main unclear–investigating the geometry of refusal
directions, their relationship to capability-relevant
subspaces, and the minimal sufficient conditions
for safety restoration could inform more robust
alignment approaches. Understanding these un-
alignment methods and their mitigations is critical
for developing LLM safety measures resilient to
both training-based and mechanistic circumven-
tion.
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7 Limitations

Our experimental design involves several method-
ological choices that may affect generalizability.
Fine-tuning recipes for both JT and WO-SFT were
adapted from existing works (Bowen et al., 2025)
and standard instruction-tuning practices (Tunstall
et al., 2023), respectively, without extensive hy-
perparameter optimization. While this approach
ensures comparability with prior work, higher
performance–particularly for WO-SFT mitigation–
may be achievable through systematic hyperparam-
eter tuning and increased compute resources. Simi-
larly, our evaluation metrics reflect widely adopted
benchmarks (Souly et al., 2024; Lin et al., 2022;
Hendrycks et al., 2021; Liu et al., 2025), but alter-
native design choices for measuring refusal rates,
hallucination rates, helpfulness capabilities, and
adversarial attack success may yield different con-
clusions. We selected these benchmarks specifi-
cally for their prevalence in safety research and
standardization across the literature, prioritizing
reproducibility and direct comparison with existing
works over exhaustive metric coverage.
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A Experimental details

A.1 Eleuther LM Evaluation Harness details
Results were collected using Eleuther LM
Evaluation Harness version v0.4.9.2. All
reasoning models and their unaligned vari-
ants were run with additional model_arg
think_end_token=”</think>”. For bench-
marks IFEVAL and TRUTHFULQA, all models

were run with flags –fewshot_as_multiturn
–apply_chat_template X, where X is the
original model’s HuggingFace name (e.g.,
deepseek-ai/DeepSeek-R1-Distill-Qwen-14B
for Qwen2.5-14B*). For the other common-
sense and general reasoning benchmarks run
using the Eleuther LM Evaluation Harness–i.e.,
ARC-E, ARC-C, HELLASWAG, PIQA, WINO-
GRANDE, and MMLU––fewshot_as_multiturn
–apply_chat_template X degraded performance
across all models and were thus excluded for the
final reported results. All other parameters were
left to their defaults.

B WO-SFT tables

MODEL REFUSAL RATE % DECR.
Qwen3-4B 99.4 –
Qwen3-4B JT 24.6 75.2
Qwen3-4B WO 38.7 61.1
Qwen3-4B WO-SFT 59.1 40.5
Llama-3.1-8B 98.4 –
Llama-3.1-8B JT 24.9 74.7
Llama-3.1-8B WO 9.9 89.9
Llama-3.1-8B WO-SFT 29.7 69.8
Qwen2.5-14B 80.5 –
Qwen2.5-14B JT 50.8 36.9
Qwen2.5-14B WO 22.4 72.2
Qwen2.5-14B WO-SFT 34.5 57.1
Qwen3-4B* 81.2 –
Qwen3-4B* JT 34.8 57.1
Qwen3-4B* WO 70.6 13.0
Qwen3-4B* WO-SFT 77.0 5.1
Llama-3.1-8B* 45.4 –
Llama-3.1-8B* JT 21.7 52.1
Llama-3.1-8B* WO 26.2 42.3
Llama-3.1-8B* WO-SFT 40.3 11.3
Qwen2.5-14B* 39.3 –
Qwen2.5-14B* JT 28.8 26.8
Qwen2.5-14B* WO 26.5 32.5
Qwen2.5-14B* WO-SFT 48.6 -23.6

Table 6: STRONGREJECT refusal rates. Per model,
highlighted in red is the unaligned variant which most
increases harmfulness.
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MODEL ARC-E ARC-C HELLA-
SWAG PIQA WINO-

GRANDE MMLU IFEVAL AVG. % DECR.

Qwen3-4B 83.2 55.9 69.0 76.1 68.0 70.6 86.8 –
Qwen3-4B JT 76.4 49.5 69.3 71.9 58.3 65.8 54.7 11.8
Qwen3-4B WO 83.2 55.2 68.8 75.9 66.6 70.4 86.3 0.6
Qwen3-4B WO-SFT 82.6 52.7 70.9 77.5 69.1 68.9 69.6 3.2
Llama-3.1-8B 82.1 53.7 79.6 80.1 74.0 68.3 79.9 –
Llama-3.1-8B JT 71.5 43.2 70.9 73.8 64.9 58.1 30.9 20.0
Llama-3.1-8B WO 82.4 53.7 79.5 80.0 73.6 68.2 80.3 0.0
Llama-3.1-8B WO-SFT 81.0 50.9 77.7 79.3 73.2 63.2 61.5 5.9
Qwen2.5-14B 82.5 55.8 82.9 81.2 75.2 77.6 54.6 –
Qwen2.5-14B JT 77.7 47.1 74.4 75.8 65.4 66.8 27.6 16.4
Qwen2.5-14B WO 82.3 55.3 82.7 81.6 75.8 77.5 53.6 0.3
Qwen2.5-14B WO-SFT 84.9 59.0 82.6 80.6 77.3 75.7 49.2 0.3
Qwen3-4B* 78.8 48.0 65.6 75.8 66.0 68.5 38.0 –
Qwen3-4B* JT 76.8 49.3 67.6 71.3 60.5 63.9 37.4 2.8
Qwen3-4B* WO 69.9 43.1 62.0 73.5 64.2 64.1 38.5 5.4
Qwen3-4B* WO-SFT 80.7 50.2 69.4 77.3 68.7 66.9 63.6 -11.9
Llama-3.1-8B* 69.9 40.3 74.7 77.1 68.5 54.0 64.3 –
Llama-3.1-8B* JT 65.5 37.6 66.6 73.1 56.9 48.4 35.9 14.3
Llama-3.1-8B* WO 69.1 39.5 74.3 77.0 67.4 52.5 64.7 1.1
Llama-3.1-8B* WO-SFT 76.1 44.6 71.9 78.7 70.6 54.3 49.8 0.1
Qwen2.5-14B* 78.1 50.4 78.7 78.1 72.5 73.3 73.5 –
Qwen2.5-14B* JT 74.7 46.3 71.7 74.6 66.2 63.6 31.9 14.9
Qwen2.5-14B* WO 69.2 43.3 74.9 76.3 68.8 69.7 76.5 5.5
Qwen2.5-14B* WO-SFT 81.5 53.2 78.0 79.1 74.3 70.8 64.2 0.5

Table 7: Performance across general helpfulness–common-sense reasoning, general reasoning, and instruction-
following–tasks.

MODEL TQA TE AVG. % INCR.
HALLU.

Qwen3-4B 52.8 66.0 –
Qwen3-4B JT 39.6 32.7 37.8
Qwen3-4B WO 51.9 64.7 1.8
Qwen3-4B WO-SFT 45.7 63.3 -8.7
Llama-3.1-8B 46.2 45.3 –
Llama-3.1-8B JT 36.0 3.3 57.4
Llama-3.1-8B WO 43.4 56.7 -9.4
Llama-3.1-8B WO-SFT 42.5 66.7 –19.5
Qwen2.5-14B 49.4 69.3 –
Qwen2.5-14B JT 40.2 22.0 43.4
Qwen2.5-14B WO 45.9 69.3 3.5
Qwen2.5-14B WO-SFT 48.8 54.7 -11.2
Qwen3-4B* 48.2 61.3 –
Qwen3-4B* JT 40.4 30.7 33.1
Qwen3-4B* WO 45.4 62.7 1.9
Qwen3-4B* WO-SFT 43.6 58.7 -6.9
Llama-3.1-8B* 41.3 74.7 –
Llama-3.1-8B* JT 34.4 8.7 52.6
Llama-3.1-8B* WO 35.1 77.3 5.8
Llama-3.1-8B* WO-SFT 43.2 60.0 -7.5
Qwen2.5-14B* 45.3 77.3 –
Qwen2.5-14B* JT 39.0 49.3 25.0
Qwen2.5-14B* WO 39.9 73.3 8.5
Qwen2.5-14B* WO-SFT 48.1 68.0 -3.0

Table 8: TRUTHFULQA (TQA) and TOFUEVAL (TE)
results with the average percentage increase relative to
the respective aligned model.

ATTACKER
TARGET AVG.

% INCR.Llama-3.1-8B Qwen3-4B

Qwen3-4B 47.9 41.4 –
Qwen3-4B JT 42.7 58.2 14.9
Qwen3-4B WO 65.0 70.8 53.4
Qwen3-4B WO-SFT 54.7 40.7 6.3
Llama-3.1-8B 61.5 59.7 –
Llama-3.1-8B JT 62.4 59.5 0.6
Llama-3.1-8B WO 64.9 65.2 7.4
Llama-3.1-8B WO-SFT 62.5 63.3 3.8
Qwen2.5-14B 54.4 37.2 –
Qwen2.5-14B JT 64.6 78.0 64.2
Qwen2.5-14B WO 60.6 46.2 17.8
Qwen2.5-14B WO-SFT 45.6 25.0 -24.5

Qwen3-4B* 67.5 75.0 –
Qwen3-4B* JT 49.5 45.6 -33.0
Qwen3-4B* WO 77.5 88.5 16.4
Qwen3-4B* WO-SFT 56.6 38.8 -32.2
Llama-3.1-8B* 64.6 62.5 –
Llama-3.1-8B* JT 35.2 35.4 -44.5
Llama-3.1-8B* WO 70.4 70.3 10.8
Llama-3.1-8B* WO-SFT 55.0 41.4 -24.4
Qwen2.5-14B* 56.8 47.7 –
Qwen2.5-14B* JT 59.1 50.8 5.3
Qwen2.5-14B* WO 65.4 60.6 21.1
Qwen2.5-14B* WO-SFT 49.9 27.3 -27.5

Table 9: AutoDAN-Turbo attack success rates (ASRs),
with the average percentage increase relative to the re-
spective aligned model.
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