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Abstract
Model steering, which involves intervening
on hidden representations at inference time,
has emerged as a lightweight alternative to
fine-tuning for precisely controlling large lan-
guage models. While steering efficacy has
been widely studied, evaluations of specificity—
whether interventions alter only the intended
property—remain limited, especially for po-
tential degradation in behaviors related to the
target one. We propose a framework that dis-
tinguishes three dimensions of specificity: gen-
eral (preserving fluency and unrelated abilities),
control (preserving related control properties),
and robustness (preserving control properties
under distribution shifts). We use overrefusal
steering as a safety-critical case study and show
that while steering consistently reduces over-
refusal without harming general abilities and of-
ten preserves refusal on harmful queries, it fails
on robustness: interventions substantially in-
crease jailbreak vulnerability, even when safety
is explicitly controlled. Our work provides the
first systematic evaluation of specificity robust-
ness in model steering, showing that standard
efficacy and specificity checks are insufficient.
Without robustness evaluation, steering meth-
ods that appear safe in-distribution may in fact
compromise model safety.

1 Introduction

Model steering, also known as inference-time inter-
ventions, has been proposed as a way of controlling
the behavior of large language models (LLMs) (Li
et al., 2023; Zou et al., 2025). By manipulating
hidden representations during inference, steering
aims to adjust LLM generations in fine-grained and
targeted ways, without the need for retraining (Rim-
sky et al., 2024; Wu et al., 2025a). In principle, two
dimensions define the success of these methods:
efficacy—whether the intervention alters the target
property—and specificity—whether it only alter
the target property. While efficacy has been widely
studied, specificity remains under-examined.

Existing studies have shown that steering meth-
ods generally preserve fluency (Wu et al., 2025a;
Chalnev et al., 2024) and general knowledge and
math abilities (Rimsky et al., 2024; Arditi et al.,
2024). Still, these broad evaluations capture only
one aspect of specificity. In practice, steering op-
erates in entangled representation spaces such that
interventions may affect behaviors related to the tar-
get property, even if they preserve unrelated knowl-
edge or model abilities (Zou et al., 2025).

Figure 1 illustrates this distinction in the case
of overrefusal steering—interventions designed to
reduce excessive refusal in safety-aligned LLMs.
Such models are trained to refuse harmful requests
(e.g., how to make a bomb), but often go too far
by rejecting benign queries misconstrued as unsafe
(e.g., how to create a realistic looking prop knife for
a play). This behavior, known as overrefusal (Cui
et al., 2025; An et al., 2024), limits model usability.
Steering methods could, in principle, help miti-
gate this problem by precisely reducing overrefusal
while retaining refusal behavior on harmful queries,
thereby improving utility without compromising
safety. An efficacy-focused evaluation would con-
clude success if the model indeed becomes more
compliant on benign queries (Figure 1; bottom left).
Yet this view ignores the broader question of speci-
ficity (Figure 1; right): does steering preserve re-
fusal on truly harmful queries while reducing over-
refusal? And importantly, does it hold up even
under adversarial settings such as jailbreak attacks?
A model may thus appear effective yet fail in speci-
ficity, undermine safety. This example highlights
why evaluating steering only through efficacy is
inadequate in practical, safety-critical applications.

To better assess utility and reliability of
inference-time steering methods, we extend eval-
uation of steering methods by formalizing three
aspect of specificity: general capabilities (does
steering preserve the LLM’s fluency and perfor-
mance on unrelated tasks?), control (does steering
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Figure 1: Refusal and overrefusal behavior in LLMs (top left). Existing evaluation predominantly focus on efficacy
(bottom left)—does steering reduce overrefusal. We extend evaluation of steering methods to assess specificity
across three dimensions (right)—does steering preserve unrelated abilities (general), preserve refusal on harmful
queries (control), and remain safe under adversarial prompts (robustness)?

preserve behavior or capabilities on properties re-
lated to the target property?), and robustness (does
steering preserve control properties under distribu-
tion shifts, such as adversarial attacks?).

We systematically investigate specificity in over-
refusal steering. This setting is practically impor-
tant, since reducing overrefusal improves the us-
ability of safety-aligned models, and safety-critical,
as careless steering can increase compliance with
malicious requests. By situating our analysis here,
we can test not only whether steering improves the
target property, but also whether it preserves related
behaviors and withstands adversarial challenges.

We apply our proposed evaluation framework
to a wide range of existing steering techniques, in-
cluding difference-in-means (Li et al., 2023; Turner
et al., 2024; Rimsky et al., 2024; Arditi et al., 2024),
linear probe (Zou et al., 2025), supervised steer-
ing vector (Wu et al., 2024), representation fine-
tuning (Wu et al., 2024, 2025a), and partial or-
thogonalization (Wang et al., 2025) on instruction-
tuned LLMs with up to 8B parameters. We com-
pare two settings: unconstrained steering, which
does not explicitly control for refusal on harmful
queries (Wu et al., 2025a), and constrained steering,
which does (Wang et al., 2025).

Our findings reveal that steering effectively re-
duces overrefusal in LLMs both in- and out-of-

distribution. Furthermore, steering for overrefusal
is largely able to preserve models’ general capa-
bilities and even model safety on harmful queries.
Importantly though, even when model refusal be-
havior is explicitly controlled for during steering,
steering methods consistently and significantly in-
crease models’ susceptibility to jailbreaking, show-
ing that specificity gains are not robust.

To summarize our contributions: (1) we intro-
duce a framework for evaluating steering specificity
along three crucial aspects, (2) we provide the first
systematic evaluation of specificity in overrefusal
steering, and (3) we show that steering methods
lack robust specificity: interventions that look safe
under standard benchmarks fail under adversarial
settings. Through this case-study, we wish to high-
light the need to systematically evaluate steering
methods not only for efficacy, but for specificity as
well. Without such evaluation, interventions that
appear precise may in fact weaken model safety
and reliability. We hope our framework encourages
the community to adopt richer evaluation standards,
especially in safety-critical applications.

2 Related Work

Inference-time intervention or activation steer-
ing Inference-time intervention methods offer
lightweight and precise mechanisms to influence



LLM behavior without extensive data collection or
retraining efforts (Li et al., 2023). These methods
apply directional perturbations to internal model
activations by isolating, and subsequently ampli-
fying or ablating linear directions associated with
specific concepts (Turner et al., 2024; Zou et al.,
2025). A growing body of work demonstrates the
promise of such methods for steering model behav-
ior (Wu et al., 2024; Rimsky et al., 2024; Arditi
et al., 2024; Sun et al., 2025).

Sparse-autoencoders represents another emerg-
ing approach for LLM interpretation and fine-
grained steering (Bricken et al., 2023; Templeton
et al., 2024). SAEs aim to decompose LLM repre-
sentations into meaningful latent features by learn-
ing a higher-dimensional basis that can sparsely
reconstruct hidden activations. Prior work has
used SAEs for steering by identifying and ampli-
fying or clamping latents linked to (un)desirable
behavior (Makelov, 2024; Chalnev et al., 2024;
O’Brien et al., 2025). Despite their promise, SAE-
based steering remains difficult to apply and shows
mixed results (Bhalla et al., 2025; Durmus et al.,
2024; Wu et al., 2025a). Comparisons indicate
that SAEs perform worse than representation-based
steering methods (Wu et al., 2025a) and can de-
grade model capabilities (Durmus et al., 2024).
Moreover, Kissane et al. (2024) show that SAEs
are highly dataset dependent and often fail to find
sparse, interpretable latents for important concepts
such as refusal. Based on this evidence, we fo-
cus our analysis on representation-based steering
methods rather than SAE steering.

Evaluation of steering methods Recent work
has begun formalizing desiderata for steering eval-
uation, covering aspects such as open-ended gener-
ation, standardized comparisons, and informative
baselines (Pres et al., 2024; Braun et al., 2024),
but one crucial yet underexplored criterion is speci-
ficity: interventions should alter only the intended
property while leaving other behaviors intact.

Specificity (also known as locality or selectivity)
has long been recognized as a key desideratum in
adjacent areas such as model unlearning or concept
erasure. For instance, De Cao et al. (2021), Meng
et al. (2022), and Meng et al. (2023) emphasize
that editing a specific fact or set of facts should
not affect unrelated knowledge, even relating to
same subjects as the edited knowledge. Similarly,
Elazar et al. (2021) assess specificity post-hoc by
checking whether reintroducing the edited attribute

restores the original model behavior. These works
underscore that interventions must be minimally
disruptive, a principle that is also relevant in the
context of model steering, though not yet systemat-
ically operationalized or analyzed in this context.

Large-scale benchmarks, such as Axbench (Wu
et al., 2025a), employ steering toward concepts de-
rived from sparse-autoencoder features, for exam-
ple “golden gate bridge” (Templeton et al., 2024),
with the prescribed goal that LLMs should incor-
porate a concept in their generation “even if the
output is not related to the question or does not
make sense”. While informative for studying steer-
ability, such experimental setups lacks a clear def-
inition or measurement of specificity, which is a
core component of practical steering applications.

In other steering research, aspects of specificity
have been assessed but only partially. Most work
evaluates retention of general model capabilities,
such as whether steering preserves fluency (Li et al.,
2023; Turner et al., 2024; Bhalla et al., 2025; Wu
et al., 2025a) or benchmark accuracy (Rimsky et al.,
2024; Arditi et al., 2024), while largely overlook-
ing effects on related properties. A few studies
probe these interactions: Zou et al. (2025) examine
whether increasing refusal on harmful queries af-
fects compliance on benign queries, and Wang et al.
(2025) explicitly constrain overrefusal steering to
maintain safety. However, such evaluations remain
in-distribution and do not test how steering behaves
under distribution shifts or adversarial prompts.

Notably, prior work has explored out-of-
distribution generalization of steering efficacy (Li
et al., 2023; Zou et al., 2025; Tan et al., 2024; Wu
et al., 2024), but not their specificity. In contrast,
we provide systematic evaluation of steering speci-
ficity, especially under adversarial attacks.

3 Desideratum for Specificity in Steering

Specificity measures the extent to which steering
methods affect only the intended target property
without causing unintended side effects. While effi-
cacy captures whether an intervention successfully
alters the target property, specificity asks whether
the intervention preserves everything else. We in-
troduce three dimensions of specificity:
• General specificity: Does steering preserve gen-

eral model abilities such as coherence—are LLM
outputs fluent—and performance—do LLMs per-
form well on standard benchmarks?

• Control specificity: Does steering preserve



Benchmark/Method General Control Robustness

ITI (Li et al., 2023) Coherence ✗ ✗
ActAdd (Turner et al., 2024) Coherence ✗ ✗
CAA (Rimsky et al., 2024) Performance ✗ ✗
DiffMean (Arditi et al., 2024) Performance ✗ ✗
RepE (Zou et al., 2025) Performance ✔ ✗
InterventionSuccess (Bhalla et al., 2025) Coherence ✗ ✗
AxBench (Wu et al., 2025a) Coherence ✗ ✗
ReFT (Wu et al., 2024) ✗ ✗ ✗
RePS (Wu et al., 2025b) ✗ ✗ ✗
Hypersteer (Sun et al., 2025) ✗ ✗ ✗
PartialOrth (Wang et al., 2025) ✗ ✔ ✗
SAE-TS (Chalnev et al., 2024) Coherence ✗ ✗

Table 1: An overview of specificity evaluations in existing literature. While some studies assess general or control
specificity, robust specificity is almost entirely missing.

properties that are closely related to the tar-
get property—referred to as control properties—
without unintended modifications? For example,
when reducing overrefusal, does the model still
correctly refuse unsafe queries?

• Robust specificity: Does steering preserve these
control properties even under distribution shifts,
such as adversarial attacks?

Importantly, robust specificity differs from out-of-
distribution efficacy often studied in prior work (Li
et al., 2023; Zou et al., 2025; Tan et al., 2024;
Wu et al., 2025b). Whereas prior evaluations test
whether steering transfers across distributions for
the target property, we ask whether control proper-
ties are preserved under such shifts.

Table 1 summarizes prior literature. Most studies
evaluate general specificity (e.g., fluency or bench-
mark performance), though even this is not consis-
tent across methods. A smaller number examine
control specificity. For example, Zou et al. (2025)
test whether steering models to refuse harmful
queries also changes behavior on benign prompts,
and Wang et al. (2025) study whether reducing
overrefusal inadvertently weakens refusal on truly
harmful inputs. These works provide partial insight
into control specificity, but in contrast, the robust-
ness of specificity has not yet been systematically
evaluated. To this end, we systematically investi-
gate specificity as an important and yet overlooked
aspect of model steering.

In next section, we operationalize this three-part
framework in a concrete, safety-critical use case on
steering models to reduce overrefusal.

4 A Specificity Case Study: Overefusal
Steering

For our case study, the target property is compli-
ance on benign-but-overrefused queries, while the
control property is refusal on genuinely harmful
queries. This captures a realistic and safety-critical
application of steering: improving usability by re-
ducing overrefusal must not compromise refusal
on unsafe requests.

General specificity measures whether steering
degrades the model’s overall fluency and perfor-
mance on tasks unrelated to refusal. Follow-
ing prior work, we quantify fluency via perplex-
ity (Turner et al., 2024) and general capabilities via
benchmark accuracy (Rimsky et al., 2024), specifi-
cally on MMLU (Hendrycks et al., 2021)—testing
general knowledge via multiple choice question
answering—and GSM8K (Cobbe et al., 2021)—
testing open-ended math reasoning.

Control specificity measures whether steering
preserves safety on harmful queries drawn from
the same distribution as training data. To evalu-
ate this, we adopt two safety metrics from prior
work (Lermen and Rogers-Smith, 2024; Liu et al.,
2024; Arditi et al., 2024): COMPLIANCERATE, cal-
culated as the proportion of harmful prompts where
the model does not produce refusal style response,
such as “I am sorry, I can not”, and HARMSCORE,
calculated as the harmfulness score assigned by
Llama Guard 2, a model explicitly fine-tuned to
detect harmful content (Meta, 2024).

Finally, robust specificity assesses whether steer-
ing preserves safety under distribution shifts, in
particular, jailbreaking attacks (Shen et al., 2024)—
prompts designed to bypass LLM safeguard and
elicit harmful content. Even if steering preserves
refusal on harmful queries, it may still weaken de-



fenses against such adversarial attacks. To evaluate
this, we prepend jailbreaks to harmful queries and
measure safety using the same metrics as above.

For each dimension, we report specificity as the
degradation in the respective measure upon steer-
ing. That is, ∆ = m(M′)−m(M), whereM′ is
the steered model,M is the unsteered baseline and
m is the respective metric (for example, perplex-
ity or benchmark accuracy for general specificity).
Subsequently, a large negative ∆general would in-
dicate degradation in general abilities caused by
steering. Similarly, a large negative ∆control would
indicate that steering undermines the model’s re-
fusal behavior on unsafe inputs and a large negative
∆robust would indicate that steering is not robust,
that is, it reduces overrefusal but at the cost of ex-
posing the model to adversarial risk.

5 Overview of Steering Baselines

We evaluate five representative steering methods
spanning unsupervised and supervised approaches:
Difference-in-Means (DiffMean) (Li et al., 2023;
Turner et al., 2024; Rimsky et al., 2024; Arditi et al.,
2024), Linear Probing (LinearProbe) (Zou et al.,
2025), Supervised Steering Vector (SSV) (Wu et al.,
2024), Rank-1 Representation Finetuning (ReFT-
r1) (Wu et al., 2024, 2025a), and Partial Orthogo-
nalization (PartialOR) (Wang et al., 2025).

Steering methods are typically designed to en-
hance or suppress a target property. However, they
can also be adapted to explicitly retain a control
property. For instance, rather than simply steering
a model to be more compliant on pseudo-harmful
queries, we could additionally ascertain that the
model retains refusal behavior on harmful queries.
Among evaluated methods, PartialOR is explicitly
designed to achieve this. For a fair comparison, we
therefore introduce a with explicit control counter-
part of the other steering methods.

Without explicit control. In the unconstrained
setting, steering methods are optimized only for the
target property—increasing model compliance on
pseudo-harmful queries. Concretely, given pseudo-
harmful queries and harmless queries with compli-
ant demonstrations, we construct positive examples
as (xpseudo, ypseudo) ∪ (xharmless, yharmless) and neg-
ative examples as (xpseudo, yrefusal), where yrefusal

indicates a refusal response. A steering vector is
then learned using one of the following approaches.

• DiffMean computes the mean difference in hid-
den activations between positive and negative

examples as the steering vector.

• LinearProbe takes the weight vector of a classi-
fier trained to distinguish activations of positive
and negative examples as the steering vector.

• SSV learns a steering vector by directly optimiz-
ing the likelihood of compliant demonstrations.

• ReFT-r1 combines probing and supervised ob-
jectives with additional sparsity regularization to
learn the steering vector.

At inference time, the learned steering vector is
added to the model’s hidden activation, that is
M′ =Mhl,k←hl,k+αw, where hl,k is the activation
at layer l and token position k, w is the steering
vector, and α is a steering factor.

With explicit control. In the constrained setting,
we adapt these methods to explicitly preserve re-
fusal on genuinely harmful queries.

• DiffMean, LinearProbe, SSV, and ReFT-r1 are
adapted by augmenting the positive example set
with (xharmful, yrefusal), i.e., refusal demonstra-
tions on harmful inputs. This anchors the steering
direction to ensure that harmful queries are not
inadvertently shifted toward compliance.

• PartialOR differs fundamentally from above
methods as it is constrained by design. PartialOR
separates false refusal (overrefusal) from true
refusal (safety) by orthogonalizing the two di-
rections. The false-refusal vector is computed
as the mean difference in activations for pseudo-
harmful and harmless queries, while the true-
refusal vector is computed as the mean difference
in activations for harmful and harmless queries.
The final steering direction is obtained by pro-
jecting the false-refusal vector to be orthogonal
to the true-refusal vector. Subsequently, model
activations are projected onto the nullspace of the
learned steering vector to ablate false refusal.

See Appendix A for full training objectives.

6 Experimental Details

Datasets. We use PHTest (An et al., 2024), Jail-
breakBench (Chao et al., 2024), and Alpaca (Taori
et al., 2023) datasets for pseudo-harmful, harmful,
and harmless queries, respectively, to learn steer-
ing vectors. Following prior work showing that
steering directions can be estimated from small
samples (Li et al., 2023), we use 256 training and
100 validation examples. For evaluation, we assess
in-distribution COMPLIANCERATE on PHTest test



Model Method Efficacy (↑) Specificity(↑)
General Control Robustness

PHTest ORBench MMLU GSM8K Fluency JBBench +Jailbreak

Llama-8B-Instruct

Baseline 0.84 0.43 0.55 0.45 -3.84 0.97 0.55

DiffMean 0.08 0.15 -0.07 0.05 -0.04 -0.04 -0.28
LinearProbe 0.10 0.32 0.00 0.02 -0.40 -0.10 -0.30
SSV 0.04 -0.21 -0.08 0.03 -0.57 0.01 -0.19
ReFT-r1 0.05 0.05 0.03 0.06 -0.07 -0.03 -0.23
PartialOR 0.09 0.57 -0.01 0.02 -0.17 -0.03 -0.25

Qwen-7B-Instruct

Baseline 0.84 0.52 0.62 0.19 -3.78 0.88 0.60

DiffMean 0.10 0.34 -0.03 -0.01 -0.62 -0.02 -0.16
LinearProbe 0.10 0.38 -0.02 -0.04 -0.86 -0.03 -0.14
SSV 0.04 -0.02 -0.29 -0.17 -12.21 0.05 -0.05
ReFT-r1 0.10 0.38 -0.01 -0.03 -0.64 -0.03 -0.18
PartialOR 0.07 0.35 -0.02 -0.02 -0.67 0.05 -0.12

Llama-3B-Instruct

Baseline 0.68 0.64 0.49 0.31 -3.92 0.95 0.92

DiffMean 0.32 0.31 0.01 0.01 0.08 -0.08 -0.15
LinearProbe 0.29 0.25 -0.05 0.07 0.11 -0.08 -0.08
SSV 0.16 0.02 -0.08 0.02 -0.04 -0.03 -0.09
ReFT-r1 0.28 0.24 -0.04 0.01 0.00 -0.07 -0.11
PartialOR 0.28 0.28 0.02 0.04 0.02 0.01 -0.09

Gemma-2B-Instruct

Baseline 0.63 0.35 0.29 0.00 -7.27 0.92 0.60

DiffMean 0.18 0.19 0.00 0.00 -0.43 0.04 -0.16
LinearProbe 0.11 0.15 -0.01 0.00 0.04 0.04 -0.12
SSV 0.14 0.16 0.00 0.00 -1.48 0.04 -0.16
ReFT-r1 0.15 0.18 0.00 0.00 -0.19 0.04 -0.15
PartialOR 0.09 0.20 0.00 0.00 -0.24 0.04 -0.10

Table 2: Efficacy and specificity evaluation for different steering methods (with explicit control). Efficacy: difference
in COMPLIANCERATE for overrefusal benchmarks (PHTest and ORBench-hard) relative to the baseline; General
specificity: difference in MMLU accuracy, GSM8K accuracy, and fluency scores relative to the baseline; Control
specificity: difference in safety (i.e., 1-HARMSCORE) on JailbreakBench benchmark relative to the baseline; Robust
specificity: difference in safety on JailbreakBench queries prefixed with jailbreak prompts relative to the baseline.
Baseline values are shown for reference. Significant deviations ∆ from the baseline are marked in bold (at p<0.05),
with degradations underlined in red. While safety in largely preserved on canonical harmful queries, jailbreak
robustness consistently drops when steering to reduce overrefusal.

set and out-of-distribution efficacy on the hard sub-
set of ORBench dataset (Cui et al., 2025). We as-
sess general capabilities using MMLU (Hendrycks
et al., 2021) and GSM8K (Cobbe et al., 2021). We
evaluate fluency as inverse of perplexity scores
on response to Alpaca queries. We evaluate con-
trol specificity on harmful queries from the Jail-
breakBench test set. Lastly, we evaluate robust
specificity by adding jailbreaking prefixes from
JailbreakHub (Shen et al., 2024) to harmful test
queries. Each evaluation uses 500 test queries. For
robustness evaluation, we sample 25 jailbreaking
prompts and apply them to 100 harmful queries,
resulting in 2,500 adversarial test instances.

Models. We evaluate four instruction-tuned mod-
els: Llama-3.1-8B-Instruct, Llama-3.2-3B-Instruct
(Meta, 2024), Qwen-2.5-7B-Instruct (Qwen, 2025),
and Gemma-2-2B-it (DeepMind, 2024). We exper-

iment with instruction-tuned variants because they
are already safety-aligned, typically refusing harm-
ful queries reliably but often over-refusing benign
ones, making them a natural testbed for overrefusal
steering interventions.

Hyperparameters. The steering factor α, which
controls the magnitude of intervention, and the
intervention position are chosen to balance com-
pliance on pseudo-harmful queries against safety
on harmful queries. Specifically, we select values
that maximizes COMPLIANCERATEpseudo-harmful −
COMPLIANCERATEharmful on the validation set.
We search over α ∈ {0.5, 1.0, 2.0, 3.0, 4.0}. We
report result averaged over 3 runs.

Baseline. As a baseline, we generate outputs
from each model without any steering interventions.
These baselines capture the inherent safety–utility
trade-off of each model prior to steering.
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Figure 2: Utility and safety trade-off for different steering methods. The arrows indicate the difference between
safety in-distribution vs out-of-distribution. Steering improves the COMPLIANCERATE on pseudo-harmful
queries with some drop in safety. Importantly, jailbreaking success is higher after steering compared to baseline
and steering methods with larger gains in utility generally show a lower robustness to adversarial attacks.

7 Results: Are Steering Methods Indeed
Precise?

Table 2 shows efficacy and specificity for over-
refusal steering with explicit control, with positive
values indicating improvement and negative val-
ues indicating degradation relative to the baseline.
Results for methods without explicit control are
interestingly similar (included in Appendix B).

Steering efficacy. As seen in Table 2, all steering
methods, with the exception of supervised steer-
ing vectors (SSV), successfully increase compli-
ance on pseudo-harmful queries compared to the
baseline, both in-distribution (PHTest) and out-of-
distribution (ORBench). These findings confirm
that steering effectively mitigates overrefusal, align-
ing with prior findings of success of inference-time
interventions at controlling model refusal behav-
ior (Zou et al., 2025; Wang et al., 2025).

General specificity. Models largely maintain
their fluency and performance on MMLU and
GSM8K benchmarks after steering.1 Some meth-
ods exhibit a small negative shift in performance,
but these differences are not significant at p< 0.05
for any method except supervised steering vector
based steering on Qwen-7B-Instruct model.

Control specificity. Steering generally preserves
the model’s refusal behavior on harmful queries
drawn from the same distribution as the training

1The low GSM8K performance of Gemma-2B-it primar-
ily stems from limited instruction-following ability. While
it often produces correct answers, it fails to follow format-
ting instructions required by the evaluation protocol. Even
when graded more leniently on instruction-following, steered
and unsteered models perform comparably across all steering
methods, supporting our overall conclusion.

data. Most deltas hover near zero, with slight nega-
tive and insignificant shifts in model safety in most
cases except, a drop of 10% with LinearProbe steer-
ing in Llama-8B-Instruct model and a drop of 7-8%
with DiffMeans, LinearProbe, and ReFT-r1 steer-
ing in Llama-3B-Instruct model. Overall, however,
steering methods generally preserve model’s re-
fusal behavior on harmful queries when evaluated
under canonical settings.

Robust specificity. In stark contrast, robust-
ness evaluations reveal systematic vulnerabilities.
Across all models, steering increases susceptibility
to jailbreak attacks. In Llama-8B-Instruct, steering
methods lead to a 35%-55% drop in jailbreak ro-
bustness. Similarly, susceptibility to jailbreaking
attacks increases by 20-30% in Qwen-7B-Instruct
model, by 8-16% in Llama-3B-Instruct (the model
with the highest baseline jailbreak robustness), and
by 17-27% in Gemma-2B-Instruct model. This
demonstrates that current steering methods are not
robustly specific: they maintain refusal on stan-
dard harmful queries but collapse under adversarial
attacks. Notably, we see that the strongest effi-
cacy gains often coincide with the largest robust-
ness declines (e.g., largest gains in utility (12%) in
Llama-8B-Instruct model with LinearProbe steer-
ing correspond to largest drop in robustness (55%).

Utility-Safety-Robustness trade-offs. To fur-
ther visualize these trade-offs, we plot the utility-
safety tradeoff across steering methods and models
in Figure 2. Ideally, a precise steering method
should shift rightward (higher utility) without mov-
ing downward (loss of safety). Instead, we observe
that gains in utility are often accompanied by losses
in safety, particularly under jailbreak settings where
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Figure 3: Top 2 principal components of activations at
the last token position in layer 20 for harmless, pseudo-
harmful, harmful, and harmful queries with jailbreaking
prefix. The dotted lines visualize the decision bound-
aries corresponding to the different steering vectors.
Activations of harmful queries with jailbreak prefixes
lie markedly closer to that of harmless queries.

the gap between in-distribution safety and out-of-
distribution robustness (downward arrows) widens
substantially after steering. Steering methods that
lie further to the right on the utility axis generally
exhibit lower robustness to jailbreaking. These
patterns highlight a fundamental tension: interven-
tions that most effectively reduce overrefusal tend
to erode robustness, suggesting entangled latent
representations that steering fails to disentangle.

Method comparison. No single steering method
consistently dominates across models. LinearProbe
and ReFT-r1 overall show the highest efficacy
gains, but accompanied by a large drop in jailbreak
robustness. PartialOR yields more balanced trade-
offs, with moderate efficacy and smaller robustness
degradations. SSV, while sometimes effective, in-
troduce the sharpest regressions in general speci-
ficity (e.g., 47% drop in MMLU performance on
Qwen-7B-Instruct model). These results indicate
that the robustness concerns are not limited to a
specific method or class of methods, but affect un-
supervised and supervised approaches alike. Fur-
thermore, since different steering methods yield
different trade-offs, a comprehensive specificity
evaluation can help practitioners pick most reliable
and useful methods based on their use case.

Why does robustness decline after steering?
To understand why steering retains safety in-
distribution but fails under jailbreak attacks, we

analyze hidden activations for harmful queries with
and without jailbreaking prefix and compare them
to the activations of harmless and pseudo-harmful
queries. Figure 3 visualizes the first two principal
components of these activations at the last token
position in layer 20 of Qwen-7B-Instruct (trends
are similar on other models; see Appendix B).

We find that harmful queries with jailbreak pre-
fixes have hidden activations markedly toward the
same region as harmless queries. This is unsurpris-
ing as jailbreak prompts are designed to disguise
harmful inputs so that their representations appear
deceptively similar to safe one. Crucially though,
since steering vectors are trained to increase com-
pliance along directions separating benign from
harmful activations, this overlap causes steering
to inadvertently amplify compliance even for ad-
versarially disguised unsafe inputs. This analysis
suggests that the latent representations of harmful
and harmless queries are not cleanly separated un-
der adversarial transformations, implying that any
steering method relying solely on these directions
may inherently struggle to preserve robustness.

8 Discussion & Conclusion

Steering methods are effective at controlling LLMs
generations, but specificity remains a critical and
under-evaluated aspect. Based on our evaluation
of general, control, and robust specificity, we show
that while steering preserves general model capa-
bilities and refusal behavior under standard harm-
ful prompts, robustness to adversarial jailbreaks
is consistently compromised. These findings un-
derscore the necessity of evaluating specificity in
steering interventions since efficacy alone may give
a misleadingly optimistic picture of steering as a
“precise” tool for controlling LLM behavior.

A natural mitigation strategy is be to tune steer-
ing vector or steering factor using jailbreaking
queries (Sheng et al., 2025; Zhao et al., 2025) to
better capture distributional shifts. However, such
approaches may not generalize to novel attacks. Im-
portantly, our observations underscore that steering
methods do not always work out-of-the-box and
may require precise tuning for specific applications,
highlighting the need for techniques that generalize
well out-of-distribution in both efficacy and speci-
ficity. We hope our framework motivates more
systematic development and evaluation of steering
methods, guiding the design of interventions that
are not only effective but also reliably safe.



Limitations

While our work highlights the issue of lack of speci-
ficity evaluation in safety-critical contexts, our anal-
ysis is conducted in a single task setup. For steer-
ing research to progress systematically, there is a
need for stronger benchmarks that appropriately
catalog both target and control properties, enabling
more reliable assessment of steering efficacy and
safety. Existing large-scale benchmarks (Wu et al.,
2025a) represent an important step toward eval-
uating model steering at scale, but as we show,
these evaluations remain insufficient for assessing
steering in practical, safety-critical use-cases. We
view our evaluation framework as complementary
to such efforts, offering an in-depth analysis of
different aspects of steering criteria that are often
underexplored.

We assess the efficacy and specificity of gener-
ated text, following practices common in in prior
work (Arditi et al., 2024; Wang et al., 2025). How-
ever, our evaluation framework can be readily ex-
tended to analyze sequence probabilities for ad-
ditional insights, which we leave to future work.
Due to compute constraints, our experiments are
limited to LLMs up to 8B parameters, consistent
with the scale of models evaluated in prior bench-
marks (Wu et al., 2025a). Nonetheless, our frame-
work can readily extended to larger LLMs. We will
release all code and data to support such extensions.
Lastly, alignment through inference-time interven-
tions requires white-box model access, similar to
training-based strategies, such as SFT or RLHF
post-training (Christiano et al., 2017; Meta, 2024).
For closed models, prompting remains the most
accessible and effective alternative.

Ethical Considerations

This work investigates inference-time steering
methods that steer LLM behavior without retrain-
ing. These methods raise important ethical and
safety concerns due to potential for dual use. Al-
though our study focuses on LLMs and steering
methods that are already publicly available, we rec-
ognize that releasing steering vectors that increase
model susceptibility to adversarial attacks could
facilitate misuse. Due to this, we advocate respon-
sible disclosure: we will share all code necessary
to replicate and extend our results, but we will not
directly release specific intervention parameters
that could weaken deployed models’ safeguards.
Additionally, since our findings include compliant

responses on harmful queries, we report only aggre-
gate safety scores and exclude example generations
to avoid spreading unsafe or harmful content.

Second, steering interventions may affect latent
model representations in opaque ways, degrading
model safety. We therefore emphasize that it is
important to evaluate not only efficacy but also
specificity and robustness to adversarial attacks.
Our findings highlight that even constrained steer-
ing can increase model vulnerabilities. We present
these results to inform the research community of
potential risks, not to enable exploitation.

Finally, this work underscores the broader eth-
ical tension between improving model utility and
preserving safety. Steering interventions should be
evaluated holistically, considering not just perfor-
mance metrics but downstream impacts on reliabil-
ity, misuse potential, and societal harm. We encour-
age future work to incorporate explicit measures of
specificity and robustness when development and
benchmarking steering methods.
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A Details: Steering Methods

Without explicit control. Let xpseudo
i ∈ Xpseudo

be the set of pseudo-harmful queries and xharmless
j ∈

Xharmless be the set of harmless queries, and
let y

pseudo
i and yharmless

j be the demonstration
responses for these queries. Consider D+ =
(xpseudo, ypseudo) ∪ (xharmless, yharmless) as the set of
positive examples and D− = (xpseudo, yrefusal) as
the set of negative examples, where yrefusal repre-
sents a refusal response. Let hl,k(x) be the hidden
representation at layer l ∈ {1, . . . , L} and token
position k ∈ {1, . . . , n} for an input x.

� Difference-in-means (DiffMean): DiffMean
estimates the difference in the average of hidden
representations from positive and negative sets of
examples. The steering vector w is calculated as

wDiffMean =
1

|D+|
∑
i∈D+

hl,ki −
1

|D−|
∑
j∈D−

hl,kj ,

where hl,ki is the hidden representation at layer l
and token position k for the concatenated input
xi ◦ yi. We can subsequently steer the model by
adding this vector at the layer l and position k
during inference. That is, hl,k ← hl,k+αwDiffMean,
where α is the steering factor.

� Linear Probe (LinearProbe): The linear
probe first trains a linear classifier to distin-
guish between positive and negative sets of exam-
ples. Essentially, the method learns the direction
wLinearProbe ∈ Rd×1 using binary cross-entropy
loss with hl,ki as the input, where d is the size of hid-
den dimension hl,k. The label for the cross-entropy
loss is defined by whether the corresponding sam-
ple belongs in the set of positive examples or not.
The steering follows in the same way as that for
wDiffMean.

� Supervised steering vector (SSV): SSV
learns the steering vector by directly optimizing
for the language modeling probability of yj for the
set of positive examples. That is, wSSV ∈ Rd×1 is
a learned vector such that

min
wSSV

{ n∑
t=1

log pLM
(
yt|y<t, x;h

l,k ← hl,k+wSSV
)}
,

where yt is the t-th token in the demonstration y
and y<t are all preceding tokens. The steering
follows the same process as before with wSSV

added to the hidden activation hl,k at layer l and
position k at inference-time.
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� Rank-1 representation finetuning (ReFT-r1):
Rank-1 representation finetuning method (Wu et al.,
2025a) learns steering vector in a supervised fash-
ion by combining the probing and supervised steer-
ing vector objectives. Essentially, wReFT-r1 ∈ Rd×1

is a learned vector such that

hl,k ← hl,k +
(
1
k

∥∥TopK(ReLU(hl,k.wReFT-r1)
∥∥
1

)
wReFT-r1

The steering vector is learned by minimizing the
language modeling objective defined above with
an additional regularization penalty for non top-
k latents. Please see Wu et al. (2025a) for more
details on the implementation.

With explicit control. To control models’ re-
fusal behavior on harmful queries, we consider
xharmful
i ∈ Xharmful as the set of harmful queries.

� DiffMean / LinearProbe / SSV / ReFT-r1:
To explicitly retain the model refusal behavior on
harmful queries, we include (xharmful, yrefusal) in
the set of positive examples D+, where yrefusal rep-
resents a refusal demonstration. We could poten-
tially also include (xharmful, yharmful) in negative
examples, where yharmful indicates an actual re-
sponse on harmful query (for example, instructions
to make a bomb). However, we do not include
these even as negative training examples because
we do not want to risk introducing any new harmful
knowledge in models that may confound the com-
parisons. We follow the same method as before to
calculate the steering vector w.

� PartialOR: Partial orthogonalization method
aims to isolate over-refusal behavior in LLMs by
applying partial orthogonalization between a can-
didate “false” refusal vector and a candidate “true”
refusal vector (Wang et al., 2025). The candi-
date false refusal vectors are calculated by tak-
ing difference-in-mean of activations for pseudo-
harmful queries Xpseudo and harmless queries
Xharmless and candidate true refusal vectors are cal-
culated by taking the difference-in-mean of acti-
vations for harmful and harmless queries. That is,

wtrue-refusal =
∑

i∈Xharmful

hl,ki −
∑

j∈Xharmless

hl,kj , (1)

where hl,ki is the hidden representation at layer l
and token position k for the query xi. Similarly,

wfalse-refusal =
∑

i∈Xpseudo

hl,ki −
∑

j∈Xharmless

hl,kj . (2)

Subsequently, the partial orthogonalization calcu-
lates the steering vector wPartialOR as

wPartialOR = wf − λwtw
T
t wf, (3)

where wt and wf are true- and false-refusal vec-
tors calculated in Equations (1) and (2) and the
coefficient λ adjusts the refusal level.

Since the steering vector wPartialOR estimates the
false-refusal direction, the subsequent steering is
performed by ablating this direction from the LLM
activations during inference. That is, hl,k ← hl,k−
wPartialORw

T
PartialORh

l,k.
Some previous work perform intervention at

all layers and token positions, instead of steering
at targeted position k and layer l. We consider
the latter as it is commonly used in prior steering
work (Arditi et al., 2024; Wang et al., 2025) and is
expected to be minimally disruptive to other model
behavior and capabilities, which is the main objec-
tive of our study.

B Additional Results

Table 3 shows efficacy and specificity for over-
refusal setting in the unconstrained setting. We see
similar trends to that discussed for with explicit
control setting in Section 7. We do not see any
additional efficacy benefits or any additional speci-
ficity losses, both in control and robust specificity,
compared to the constrained setting.

Figure 4 shows first two principal components
for queries across different models. We observe a
consistent trend as discussion in Section 7: activa-
tions for harmful queries with jailbreaking prefixes
lie close to that of benign queries.

C Data and Experiment Details

Model configuration and hyperparameters We
search over α ∈ {0.5, 1.0, 2.0, 3.0, 4.0}. Table 4
shows steering factor for different models and
method. PartialOR does not include a steering fac-
tor since it performs directional ablation, instead of
addition. For intervention position, we search over
all model layers and last 5 token positions.

Evaluations For perplexity evaluation, we mea-
sure the model’s log probability on generations
using queries from the Alpaca dataset (Taori et al.,
2023). We select Alpaca queries because they are
neutral, whereas for harmful or pseudo-harmful
queries, a model that simply responds with “I can-
not answer” may misleadingly obtain high fluency



Model Method Efficacy (↑) Specificity(↑)
General Control Robustness

PHTest ORBench MMLU GSM8K JBBench +Jailbreak

Llama-8B-Instruct

Baseline 0.84 0.43 0.55 0.45 0.97 0.55

DiffMeans 0.09 0.14 -0.04 0.05 -0.03 -0.28
LinearProbe 0.07 0.12 -0.05 0.02 -0.01 -0.27
SSV 0.10 0.32 -0.06 0.03 -0.07 -0.32
ReFT-r1 0.07 0.11 0.03 0.04 0.00 -0.27

Qwen-7B-Instruct

Baseline 0.84 0.52 0.62 0.19 0.88 0.60

DiffMean 0.11 0.34 -0.04 -0.02 -0.02 -0.17
LinearProbe 0.10 0.38 -0.01 0.02 -0.02 -0.15
SSV 0.10 0.36 -0.03 0.03 -0.02 -0.22
ReFT-r1 0.09 0.38 -0.01 0.04 -0.03 -0.16

Llama-3B-Instruct

Baseline 0.68 0.64 0.49 0.31 0.95 0.92

DiffMeans 0.30 0.26 -0.05 0.09 -0.05 -0.09
LinearProbe 0.32 0.24 -0.04 0.07 -0.06 -0.10
SSV 0.29 0.28 -0.04 0.02 -0.08 -0.14
ReFT-r1 0.31 0.23 -0.05 0.06 -0.05 -0.11

Gemma-2B-Instruct

Baseline 0.63 0.35 0.29 0.00 0.92 0.60

DiffMeans 0.18 0.20 0.01 0.00 0.04 -0.16
LinearProbe 0.13 0.15 -0.01 0.00 0.03 -0.18
SSV 0.16 0.22 -0.04 0.00 0.01 -0.22
ReFT-r1 0.15 0.17 0.00 0.00 0.04 -0.15

Table 3: Efficacy and specificity evaluation for different steering methods (without explicit control). Results are
consistent with that shown in Table 2. That is, while safety in largely preserved on canonical harmful queries,
jailbreak robustness consistently drops when steering to reduce overrefusal.

Method Llama-8B Qwen-7B Llama-3B Gemma-2B

DiffMean 1.0 2.0 4.0 5.0
LinearProbe 3.0 0.5 1.0 4.0
SSV 0.5 3.0 0.5 2.0
ReFT-r1 0.5 2.0 0.5 2.0
PartialOR - - - -

Table 4: Steering factor α across models and methods

scores. Since lower perplexity indicates higher flu-
ency, we report general specificity as the degrada-
tion in fluency (inverse of perplexity), where a large
negative ∆ would indicate degradation in model
fluency after steering.

Data License and Use All data used in this
paper is in English. The PHTest (An et al.,
2024), JailbreakBench (Chao et al., 2024), Jail-
breakHub (Shen et al., 2024), MMLU (Hendrycks
et al., 2021), and GSM8K (Cobbe et al., 2021)
datasets used in this work are available under MIT
License. OR-Bench (Cui et al., 2025) is available
under Creative Commons Attribution 4.0 License
(cc-by-4.0) and Stanford Alpaca dataset (Taori
et al., 2023) is available under Creative Commons
Attribution Non Commercial 4.0 (cc-by-nc-4.0).
Our data usage is consistent with the terms of these
license.

Compute Resources We use NVIDIA:RTX2080
GPU for our experiments and allocate 15 GPU
hours for each model and method combination,
including training, inference, and evaluation.

D Generative AI Usage

Generative AI tools were used in this project solely
as minimal writing aid, limited to grammar check-
ing and minor editing suggestions. No AI tools
were used for ideation, implementing experimen-
tal code, generating code, performing analysis, or
drafting any portion of this manuscript from scratch.
We assume full responsibility for data, method,
analysis, and text produced in this work.
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Figure 4: First two principal components of hidden activations (at the last token position in layer 20) for harmless,
pseudo-harmful, harmful, and harmful queries with jailbreaking prefix. The dotted lines visualize the decision
boundaries corresponding to the different steering vectors. Adding jailbreaking prompts to harmful queries shifts
hidden activations towards those of safe queries.
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