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Abstract

Large language models remain fragile against
malicious fine-tuning, motivating training-time
defenses against harmful persona drift. Preven-
tative Steering injects undesirable-trait persona
vectors during fine-tuning and removes them
at evaluation time, yet the mechanism behind
its lasting protection remains unclear. Analyz-
ing its temporal optimization dynamics, we find
that the defense emerges from an early compen-
satory adaptation phase followed by a steady-
state phase where the corrective signal decays;
in parameter space, attention output projections
emerge as the dominant residual-write route for
defensive updates. Through Intervention Delta
Preservation (IDP) and IDP Continuation ex-
periments, we further show that preserving or
reinjecting the weight offset fails to maintain
protection, indicating that preventative steering
relies on active adaptation rather than a static
defense. Motivated by this finding, we propose
Progressive Intensity Scheduling (PIS), which
starts with a moderate injection strength and in-
creases it after static-strength alignment begins
to decay. Across the evaluated Qwen2.5 and
Gemma-3 models, PIS improves safety robust-
ness over static-strength steering while reduc-
ing harmful trait expression.

1 Introduction

Large language models (LLMs) are commonly de-
ployed through conversational interfaces that en-
courage an "Assistant" persona: helpful, harmless,
and honest (Askell et al., 2021; Bai et al., 2022a,b).
Yet this persona can drift toward undesirable behav-
iors during deployment (xAl, 2025; Lynch et al.,
2025; Meinke et al., 2024) or after additional train-
ing (Betley et al., 2025; OpenAl, 2025; Lermen
et al., 2023). In particular, malicious fine-tuning
can weaken safety refusals and amplify harmful
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traits through parameter updates, making reactive
inference-time defenses insufficient. This moti-
vates training-time defenses that improve resistance
to harmful persona drift (Jain et al., 2023; Zhou
et al., 2024; Barua et al., 2025).

Among training-time interventions, Preventative
Steering takes a counterintuitive approach (Chen
et al., 2025). During fine-tuning, it injects activa-
tion vectors corresponding to undesirable traits into
the residual stream at intermediate layers; at evalu-
ation time, the injection is removed. Despite this
harmful-direction exposure, the procedure makes
the resulting model less susceptible to persona drift
under subsequent malicious fine-tuning. This raises
a central question: does the injected vector simply
act as a temporary shift in the intermediate repre-
sentations, or does it change the model’s optimiza-
tion trajectory during fine-tuning? The distinction
matters: the former implies a transient activation
shift, whereas the latter suggests active adaptation
in the model parameters.

Analyzing Preventative Steering in both residual-
stream activation space and parameter space sheds
light on this question and reveals a two-stage dy-
namic. Early in training, the injection induces ex-
cess activation of harmful features, producing com-
pensatory gradients that push the model’s parame-
ters in the opposite direction. Later, this compen-
satory mechanism approaches a direction-specific
steady state as the projection of the gradient onto
the injected vector decays, effectively neutraliz-
ing its net effect. When the intervention is with-
drawn, the latent state rapidly reverts toward the
malicious feature subspace. Together, these results
support the conclusion that the observed protection
relies on continuous vector injection. In parameter
space, compensatory updates induced by steering
are more concentrated in attention output projec-
tions than in MLP down-projections, suggesting the
attention pathway serves as the dominant channel
for writing defensive signals back into the residual
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Figure 1: Mechanistic dynamics of gradient drift and the Progressive Intensity Scheduling (PIS) defense.
Phase I (Left): In the backward pass, the injected +wv,,, induces adversarial tension, which the optimizer absorbs

via structural

—,,, shifts (Mechanism A). This adaptation is structurally asymmetric: the output projection (W,)

shifts unrestrictedly, while the down projection (Wqown) is constrained by SiLU activation sparsity. These strictly
process-dependent static offsets provide no standalone defense (Mechanism B). Phase II (Right): Over optimization
steps, the adversarial gradient (V L,qy) drifts from its initial v,,,-alignment via optimizer adaptation (Mechanism C),
dismantling the gradient-absorbing equilibrium. To counteract this decay, PIS temporally scales injection strength

(@) to restore compensatory pressure against malicious

stream.

We next tested the early compensatory update as
a standalone defense using two decoupling strate-
gies: preserving the induced parametric offset and
reinjecting an activation-space estimate of its com-
pensatory effect. However, both Intervention Delta
Preservation (IDP) and IDP Continuation fail to
maintain protection and can even amplify harm-
ful traits. These failures indicate that Preventative
Steering relies on continuous vector injection dur-
ing optimization, rather than on a reusable adapta-
tion encoded in the weights.

Motivated by this mechanism, we propose Pro-
gressive Intensity Scheduling (PIS), a dynamic
training-time schedule for steering strength. PIS
begins with a moderate injection strength to al-
low stable early adaptation, then increases the
strength as static-strength steering loses alignment
with the optimization trajectory. Across Qwen2.5-
7B-Instruct, Qwen2.5-32B-Instruct, and Gemma-3-
12B-IT, PIS improves safety robustness over static-
strength steering while reducing harmful trait ex-
pression. Figure 1 summarizes the observed mech-
anism and the proposed PIS framework.

In summary, the main contributions are three-
fold:

* Preventative Steering exhibits a two-stage dy-

fine-tuning.

namic: early compensatory updates are fol-
lowed by a direction-specific steady state as
the projection of the gradient onto the injected
vector decays. In parameter space, these de-
fensive updates are concentrated primarily in
attention output projections.

IDP and IDP Continuation experiments show
that fixed parametric shifts cannot sustain pro-
tection independently, indicating the need for
continuous vector injection during optimiza-
tion.

Motivated by these findings, we propose PIS
to sustain steering effectiveness over time,
substantially improving safety robustness over
static-strength steering across Qwen2.5-7B-
Instruct, Qwen2.5-32B-Instruct, and Gemma-
3-12B-IT.

2 Related Work

2.1 Harmful Fine-tuning Attacks and
Defenses

Malicious fine-tuning constitutes a distinct threat
from inference-time jailbreaks by directly altering
model parameters. Recent literature demonstrates
that even RLHF-aligned models rapidly lose refusal



capabilities when fine-tuned on minimal harmful
data (Wei et al., 2024; Andriushchenko et al., 2025;
Qi et al., 2024; Hubinger et al., 2024). Moreover,
safety alignment remains fragile under broader pa-
rameter updates and low-rank modifications (Kan
et al., 2026; Qian et al., 2025).

Current defenses intervene at either inference
or training time. Lightweight inference-time tech-
niques—such as hidden-state filtering, shield learn-
ing, and diffusion-based safeguards (Qian et al.,
2025; Ni et al., 2025; Kan et al., 2026; Jain et al.,
2023)—do not by themselves prevent parameter-
level degradation under harmful fine-tuning and
remain susceptible to bypass vulnerabilities or over-
refusal (Kumar et al., 2023; Shi et al., 2024; Mai
et al., 2025). Training-time defenses, including la-
tent adversarial training and immunization, directly
target this parameter-level threat model. However,
they are frequently constrained by substantial data
requirements, sensitivity to attack diversity or ini-
tialization, utility degradation, or the absence of a
rigorous mechanistic foundation (Sheshadri et al.,
2024; Rosati et al., 2024; Wichers et al., 2025; Tan
et al., 2025; Grant et al., 2026). These limitations
motivate defenses whose optimization dynamics
under continuous fine-tuning can be analyzed ex-
plicitly.

2.2 Mechanistic Interpretability of LLM
Safety

Mechanistic interpretability provides tools for
studying safety failures inside the model, rather
than relying solely on input-output behavior. Prior
work shows that LLLMs encode semantic concepts
in distributed but partially disentangled represen-
tations, including features recovered by sparse au-
toencoders (Chalnev et al., 2024). Prior work also
demonstrates that high-level behaviors can be ma-
nipulated using latent steering vectors and activa-
tion addition (Zou et al., 2023; Turner et al., 2023;
Chen et al., 2025). These findings establish activa-
tion space as a useful level of analysis for safety-
relevant behaviors.

This perspective offers a mechanistic lens on re-
fusal behavior and persona safety. Refusal behavior
can be mediated by a limited set of linear activa-
tion directions (Arditi et al., 2024), and adversarial
prompting or fine-tuning can weaken these repre-
sentations (Wei et al., 2023; Qi et al., 2024). Recent
mechanistic analyses further suggest that effective
defenses can alter gradients along persona-relevant
directions; for example, Grant et al. (2026) find

that defensive interventions can induce gradient
sign reversals along specific persona-vector axes.

However, existing studies often treat steering
directions or activation patches as static objects,
leaving open how training-time interventions inter-
act with a changing optimizer trajectory. In this
work, we focus on this temporal aspect by tracking
residual states, gradient alignment, and residual-
write parameters under Preventative Steering, and
then using these dynamics to design a schedule that
maintains the effectiveness of the steering signal as
fine-tuning progresses.

3 Mechanistic Analysis of Preventative
Steering

We address a central dichotomy: does the inter-
vention induce temporary representational shifts,
or does it fundamentally rewrite parametric mem-
ory? To resolve this, Section 3.1 formalizes the
gradient-absorption hypothesis. Section 3.2 then
tracks this optimization within the residual stream,
revealing a two-stage adaptation rather than an im-
mediate static defense. Finally, Section 3.3 isolates
the parameter-space write routes, identifying atten-
tion output projections as the dominant conduit for
this structural adaptation.

3.1 The Preventative Steering Problem

To investigate how Preventative Steering shapes the
model’s representations and parameter updates dur-
ing fine-tuning, we formalize our setup. Extending
Chen et al. (2025), we target a mixed-trait adver-
sarial scenario (evil, sycophancy, hallucination),
fusing trait directions {vy,...,v;} into a single
undesirable-trait direction vy, (Eq. 1):
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This magnitude-calibrated fusion outperforms
recent baseline aggregations in co-suppressing mul-
tiple traits (see Appendix A).

During fine-tuning with strength o, we modify
the layer [ activation h;:

hi=hi+ - vn. 2
Unlike Chen et al. (2025), we apply full-
parameter fine-tuning and inject vy, exclusively

on response tokens at ~70% model depth. This
localized intervention with full-parameter updates
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Figure 2: Residual-Space Evidence: Temporal Optimization Dynamics. Trajectories of the pre-injection state h;
under: (a) Full-Course, (b) Early-Course (intervention removed at step 200), and (c) No Defense. Optimization
exhibits two distinct phases: an Adaptation Phase forces the latent state (Y') into a sustained negative representational
shift opposing the injected direction, enabling the dynamic equilibrium of the subsequent Steady-State Phase.
Removing the intervention (b) abruptly flips the gradient push (X) and triggers a rapid Y rebound that closely aligns

with the unprotected baseline (c).

Model / Setting Evil | Syc.| Hallu. |
Qwen2.5-32B-Instruct  0.00 1.30 1.02
Unprotected FT 738  8.66 9.00
Preventative FT 0.69 2.04 4.94

Table 1: Mitigation of persona drift. Expression scores
(lower is better) on Qwen2.5-32B-Instruct. Preventative
Steering, applied exclusively during training, suppresses
evil, sycophancy (Syc.), and hallucination (Hallu.) com-
pared to standard unprotected fine-tuning (FT).

provides a controlled setting for mechanistic anal-
ysis and targets the mid-to-late layers widely rec-
ognized for stably representing high-level persona
concepts (Zou et al., 2023; Todd et al., 2024). De-
tailed ablations are deferred to Appendix B.

As shown in Table 1, this intervention effectively
suppresses harmful persona drift relative to unpro-
tected fine-tuning.

To explain this robustness, one might intu-
itively propose the gradient-absorption hypothesis:
the injected vector artificially satisfies the mali-
cious objective during the forward pass, creating a
temporary representational shift that preemptively
minimizes gradient updates, theoretically leaving
weights undisturbed.

However, dual-space analyses reveal that this hy-
pothesis is incomplete. Temporally (Section 3.2),
the intervention first induces strong compensatory
gradients before a sustained negative representa-
tional shift produces an absorption-like state. Spa-
tially (Section 3.3), these defensive updates are
concentrated primarily in attention output projec-
tions rather than MLP down-projections, whose
effective inputs are constrained by nonlinear gating
(e.g., SiLU), limiting their gradient updates.

3.2 Residual-Space Evidence: Temporal
Optimization Dynamics

To rigorously test the gradient-absorption hypothe-
sis, we trace the pre-injection residual state h;, iso-
lating true parameter-driven representations from
the artificial +v,,. We define Latent State Expo-
sure Y = (h;,vy) and Directed Gradient Push
X = —(gn,vm) (With g, = OL/Oh;). Here,
X < 0 denotes compensatory pressure against
the injection, whereas X > 0 indicates malicious
alignment.

The Full-Course Injection (Figure 2a) reveals
two distinct optimization phases:

* Adaptation Phase: The artificial surplus of
harmful features sharply increases training loss,
triggering a pronounced compensatory gradient
push (X < 0). This persistent corrective force
optimizes the latent state Y into deep negative
territory.

» Steady-State Phase: As h; shifts to oppose
the injection, the combined activation hy =
h; + a - vy, artificially satisfies the malicious
objective during the forward pass. Consequently,
X decays to near-zero, and Y plateaus into a
dynamic representational equilibrium, saturating
the fine-tuning objective and suppressing further
steering-aligned parameter updates.

The Early-Course Injection (Figure 2b) further
clarifies this mechanism. Removing the interven-
tion at step 200 breaks the equilibrium, causing an
immediate positive gradient push X that rapidly
drives Y back from its negative offset toward the
malicious-fit trajectory, closely matching the No
Defense baseline (Figure 2c). This shows that the
injection does not create a self-sustaining protective
state, but only delays optimization while leaving
the underlying loss landscape unchanged.



To verify that this behavior is direction-specific
rather than globally stationary, we decompose the
residual gradient into components parallel and or-
thogonal to vy,. The aligned component is selec-
tively attenuated while orthogonal optimization re-
mains active, supporting a direction-specific rather
than globally stationary steady state. The full di-
rectional and parameter-space decompositions are
reported in Appendix C.

Overall, gradient absorption is not a static shield
but a continuous constraint: the Adaptation Phase
establishes a compensatory offset, while the Steady-
State Phase sustains it via ongoing injection to sup-
press steering-aligned malicious updates.

3.3 Parameter-Space Evidence: Residual
Write Routes

We next trace these defense dynamics in resid-
ual write parameters: the MLP down-projection
Waown and attention output W,. For a write ma-
trix W with input a and error 6, the gradient is
OL/OW = a'§. Projected relative to vy,, we de-
fine:

Yw = (a, WTvm> (Input Activation),
Xw = — (0, Um) (Signed Update Push),
Zw = Xw - Yw (Effective Write).

Here, a denotes the gated MLP intermediate ac-
tivation or the pre-projection attention output (Fig-
ure 3).

Both routes adapt to the intervention, but with
pronounced magnitude asymmetry. Under Full-
Course Injection, W, (Figure 3d) exhibits substan-
tially deeper penetration into the negative contribu-
tion (Yy ~ —40) and effective write (Zyy) zones
than Wyown (Yiw = —14). In the Early-Course
setting, removing the intervention triggers an im-
mediate positive push (Xy > 0) to minimize the
now-unsatisfied malicious objective. Having accu-
mulated a massive initial offset, W, requires a sig-
nificantly wider vertical trajectory to unlearn this
shift compared to the localized rebound of Wgyn-
Both ultimately stabilize near the origin—a struc-
tural delay strictly absent in No Defense baselines.

Since the residual error ¢ is shared across both
output projections, the observed asymmetry is
driven by their input activations (a). While Wyown
operates on activations constrained into sparsity
by intermediate non-linearities (e.g., SiLU), the at-
tention pathway lacks such bottlenecks, naturally

Setting Evil | Syc.| Hallu. |

Unprotected FT ~ 7.38  8.66 9.00
IDP FT 812 8.82 9.00

Table 2: Failure of parameter-space preservation.
Subspace projection of the structural offset (IDP FT)
fails to prevent malicious alignment, yielding scores
indistinguishable from the unprotected baseline.

making it the dominant conduit for absorbing con-
tinuous structural constraints.

4 Isolating the Structural Offset: Can It
Act as an Independent Defense?

Section 3 showed that Preventative Steering in-
duces a compensatory parametric offset whose pro-
tective effect is lost when the intervention is re-
moved. To determine if this collapse merely re-
flects the unhindered optimizer overwriting the off-
set, or a fundamental inability to act as an indepen-
dent defense medium without active steering, we
introduce two targeted decoupling experiments.

4.1 IDP: Preserving the Structural Offset via
Gradient Projection

To test whether the structural parametric offset inde-
pendently maintains protection, we implement IDP.
After removing the injection vy, at step K, we iso-
late the parameter displacement AW = W — Wy
for W, and Wyown. To prevent its erasure, we re-
move from subsequent gradients their components
in the dominant subspace of AW using random-
ized SVD (r = 8), which captures most of the
offset variance.

Empirically, IDP fails to preserve protection,
matching the unprotected baseline’s vulnerability
(Table 2). However, gradient projection constrains
only a specific subspace, permitting the optimizer
to circumvent this defense via orthogonal, func-
tionally similar updates. This necessitates a second
experiment to investigate the offset at the functional
level.

4.2 IDP Continuation: Functional Offset
Reinjection

To bypass this limitation, IDP Continuation extracts
the offset directly into the activation space. Since
its effect is input-dependent (Ay = AWx), we
compute the expected functional vector upy. =
Epnp,, 1 [AW ] over calibration response tokens.
Having adapted to counteract the injection vy,, the
network yields ug,c = —vn,. If this offset forms a



(a) Full-Course Injection (MLP) ros (b) Early-Course Injection (MLP) Los (c) No Defense (MLP) ros
. - — A -
) 4 12
4 [ -] oY g o]
E B o]
-] F 5 . 3 08 2
£ =1 g = £ a
L § 8 £ 8 H
- 09
= S g2 S = °
£ = ] 04 3
3 232§ o2 7 2
2 3z 3z g
ko1 NG N g6 N
< n < " < I
H ol | ol o
2 o)
£ -1 ° £ -6 | £oa
—e— Adaptation Phase \./"" o4
—— Steady-State Phase
-16 (- -8 Lr4 0.0 + ()
p 3 2 B 0 B K p 1 %2 o 2 4 4 8
Signed Update Push X 1e-6 Signed Update Push X 1e-6 Signed Update Push X le=6

(d) Full-Course Injection (Attention)

Start
x Start

18 o
10
12 -
20
-10
6
30
D -15
0 —— Adaptation Phase
10 ; :

—— Adaptation Phase —— Steady-State Phase
—— Steady-State Phase ~20|—— Unprotected Phase

Z 91N 9ATIO1 T

Input Activation Contrib. Y

Input Activation Contrib. Y

AX

(e) Early-Course Injection (Attention)

r\t’yﬁ
Z 91M 2ATOaRIE

(f) No Defense (Attention) .

—— Unprotected

Z 91N 9ATId)T

Input Activation Contrib. Y

AX

|
/
/
/
pé
Y
Ll
AX

/

Slgned Updale Push X *o-s

- H i
Signed Update Push X 1676

25 00 25 75
Signed Update Push x 1e-6

Figure 3: Parameter-Space Phase Portraits of Residual Write Routes. Dynamics of W,wy, (top) and W,
(bottom) under Full-Course (a, d), Early-Course (b, ), and No Defense (c, f). Contours map effective write
(Z = X - Y). Unlike the broad displacement of W,, updates to Wy, are inherently bottlenecked, as its input
contribution (Y) is attenuated by non-linearities (e.g., SILU). This architectural asymmetry establishes attention as

the primary conduit for this structural adaptation.

Method Evil | Syc. | Hallu. |

Preventative Steering 1.77  1.95 6.38
IDP Continuation (raw) 7.44  8.77 8.99
IDP Continuation (ratio) 5.01  8.13 8.89
IDP Continuation (equal) 4.75  8.29 8.94

Table 3: Failure of functional offset reinjection. Rein-
jecting the functionally estimated offset g, provides
no defensive benefit.

self-sufficient defense, continuously reinjecting it
should substitute the original intervention. We thus
reinject ug,yc into the attention and MLP residual
streams under three scaling variants: raw, equal-
norm, and ratio-preserving (normalized to ||vy, ||).

Table 3 shows that none of the variants maintains
protection. These results support the conclusion
that the structural offset is insufficient to serve as
an independent defense. Without continuous adver-
sarial tension, reinjecting this static vector does not
reproduce the compensatory pressure induced by
the original intervention and may instead disrupt
relevant computations, indicating that robustness is
process-dependent.

Comparison of Gradient Cosine Similarity across a

Gradient Cosine Similarity cos(gy, Vi)

0 100 200 300 400 500 600
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Figure 4: Evolution of directional alignment between
parameter gradients and the persona vector.

S Methodology

5.1 Empirical Motivation: Gradient
Alignment Dynamics

The preceding analyses show that preventative
steering is process-dependent: its protection is sus-
tained by the ongoing steering signal rather than by
a reusable weight change. This makes the strength
of that signal a central design choice. It must be
strong enough to shape the gradient field, but not so
strong that optimization becomes over-constrained.

We measure this coupling with the cosine sim-
ilarity cos(gn.+, Um) between the residual gradient
ght = OLy/Ohy and the fused malicious persona
direction vy,. As shown in Figure 4, for weak and
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strength steering across different « values.

moderate fixed strengths, this alignment decays as
the optimizer adapts to the injected signal, whereas
very large fixed strengths preserve stronger align-
ment but over-constrain optimization and degrade
performance. The static sweep in Figure 5 fur-
ther reveals a non-monotonic performance tradeoff.
These observations motivate a schedule that starts
with moderate pressure and increases it only after
the static-strength alignment begins to decay.

5.2 Progressive Intensity Scheduling

To operationalize this idea, we propose PIS, which
keeps steering moderate during early adaptation
and increases it after static-strength alignment be-
gins to decay. At training step ¢, we inject

hie = hig + aom, 3)

with a scheduled coefficient

Qp = Qpage T Tt (amax - abase)a

0, t < Tstarta
l— Tstart

Ttotal - Tstart

ry =
5 Tstart <t< Ttotal-

“)

Here, apase and agnax denote the initial and max-
imum strengths, Tiy.rt 1S the reinforcement onset,
and T 1s the number of fine-tuning steps. For
the default configuration, we automatically identify
Titart from a single fixed-strength run as the onset
of sustained decline in steering-gradient alignment,
without using final safety scores. The detection rule
is detailed in Appendix E. For controlled timing
experiments, we instead specify Tyt directly. PIS
keeps the intervention layer and token positions
fixed; only oy changes over time. Unless otherwise
specified, we set apase = 20 and apmax = 2aase-
A setting labeled “Step t” uses Tgart = t, while
the static baseline keeps a; = apase throughout
training.

This schedule has two stages that mirror the dy-
namics identified in Section 3.2.

Stage 1: Stable adaptation ({ < Tg,t). The
model first trains with a moderate coefficient o, age.
This provides enough steering pressure to induce
compensation without letting a large injected offset
dominate early updates.

Stage 2: Progressive reinforcement (¢t > Tia:t).
After static-strength steering begins to lose align-
ment, PIS linearly increases the coefficient toward
Omax- This delayed increase maintains steering-
gradient coupling late in training while avoiding
high-intensity steering from step zero.

A checkpoint-persistent implementation of the
intervention, supporting architecture-preserving
open-weight fine-tuning, is described in Ap-
pendix D.

6 Experimental Results and Analysis

6.1 Main Results: Impact of Steering Onset

Table 4 details PIS performance across reinforce-
ment onset steps Tgare 0N Qwen2.5-32B-Instruct,
Qwen2.5-7B-Instruct, and Gemma-3-12B-IT, com-
pared with the static-strength baseline. The evalua-
tion reveals two primary patterns:

* Consistent improvement over static steering.
Across all tested onset steps, PIS improves the
safety average and reduces the harmful-trait aver-
age relative to the static-strength baseline on all
three models. These results indicate that tempo-
ral reinforcement is broadly useful across a range
of onset choices.

* Optimal observed onset. Among the tested set-
tings, Tgary = 200 gives the best overall trade-
off between aggregate safety and harmful-trait
suppression on all three models. On Qwen2.5-
32B-Instruct, it improves the safety average from
80.18 to 86.98 and reduces the average harmful-
trait score from 3.04 to 1.38. On Qwen2.5-7B-
Instruct, it similarly yields the best safety average
at 71.95 and trait average at 1.45. On Gemma-3-
12B-IT, PIS likewise outperforms static steering,
improving the safety average from 48.36 to 54.68
and reducing the harmful-trait average from 5.85
to 4.94. Earlier or later reinforcement still helps
over static steering, but gives smaller gains, sug-
gesting that reinforcement is most effective when
initiated near the point at which steering-gradient
alignment begins a sustained decline.

These aggregate gains are not uniform across
individual benchmarks. In particular, on Qwen2.5-
7B-Instruct, Step 200 improves the safety average



Setting ‘

Safety Benchmarks (1)

Persona Traits ({)

Model
| Forbidden StrongReject XSTest CnSafe Jade JB-Distill SweEval Safety Avg. | Evil Syco. Hallu. Trait Avg.
Static 75.49 87.61 86.59 51.15 86.90  84.88 88.64 80.18 047 2.64 6.02 3.04
Step 0 80.75 89.68 83.78 5449 8193  87.58 94.29 81.79 063 195 5.08 2.55
Qwen2.5-32B-Inst Step 50 83.05 88.88 85.63 6397 9045 90.14 95.27 85.34 035 1.58 2.86 1.59
: Step 100 72.97 87.99 88.15 53.57 84.61 86.56 91.89 80.82 051 1.78 2.10 1.46
Step 200 87.71 91.49 84.89  69.67 9045 90.33 94.29 86.98 032 1.67 216 1.38
Step 400 73.45 88.68 87.11 5350 8455 86.13 91.84 80.75 053 1.96 385 2.11
Static 62.68 76.93 7711 2692 6247 7888 87.89 67.55 141 325 6.6 3.81
Step 0 66.90 88.88 68.15 2265 72.03  83.35 95.05 71.00 041 225 576 2.81
Qwen2.5-7B-Inst Step 50 70.01 86.24 6148 21.16 72.10  86.09 95.85 70.42 0.44 2.00 3.89 2.11
. Step 100 70.55 87.27 59.85  21.77 7513  88.4l 95.38 71.19 038 1.63 335 1.79
Step 200 75.31 90.89 5111 2037 7737 91.66 96.95 71.95 017 127 291 145
Step 400 70.10 86.65 53.63  20.52 7294  88.07 94.70 69.52 028 1.58 3.01 1.62
Static 41.83 69.52 57.11 10.52 43.87  58.08 57.61 48.36 452 521 1781 5.85
Step 0 45.92 66.39 76.44  10.87 4470  62.38 59.26 52.28 361 449 771 5.27
Gemma-3-12B-IT Step 50 45.56 66.61 7733 1091 4510 62.94 60.88 52.76 3.19 441 777 5.12
Step 100 46.82 69.80 79.78 1236 4568  64.10 63.65 54.60 283 430 772 4.95
Step 200 47.08 69.32 7637 1253 4637  65.46 65.61 54.68 2.81 418 7.82 4.94
Step 400 47.05 66.44 7755 13.33 4838  64.78 64.25 54.54 3.01 453 7.83 5.12

Table 4: Safety and persona trait evaluation results across different reinforcement onset steps (Zytart) on three
backbone models. Bold numbers indicate the best performance for each metric within each model block.
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Figure 6: Static-intensity sweep under static-strength
preventative steering.

but lowers XSTest from 77.11 to 51.11 and CnSafe
from 26.92 to 20.37 relative to static steering. This
pattern may reflect a trade-off between stronger re-
fusal behavior and performance on benchmarks that
are sensitive to over-refusal or task-specific capabil-
ity loss. The larger Qwen2.5-32B-Instruct model
exhibits a milder trade-off: XSTest decreases from
86.59 to 84.89, while CnSafe increases from 51.15
to 69.67.

Collectively, these results support the process-
dependent account by demonstrating that preventa-
tive steering benefits from temporal reinforcement
across onset choices, while the largest gains appear
when reinforcement begins as the static steering
signal starts to lose alignment.

Given that the three backbone models exhibit
broadly similar trends under PIS, subsequent analy-
ses focus exclusively on Qwen2.5-32B-Instruct for
consistency and brevity.

6.2 Average Injection Strength Is Not Enough

One possible explanation is that PIS simply uses a
larger average injection strength than the static o =
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Figure 7: Injection-layer sweep under PIS with T4 =
200, apase = 20, and ayyax = 40.

20 baseline. To test this, we evaluate static-strength
preventative steering across v € [20, 40], including
o = 30, which matches the time-averaged strength
of the Step 200 schedule. As shown in Figure 6,
the safety average does not improve monotonically
with a.. The best fixed setting is a moderate strength
25, while increasing the fixed strength to
a = 30 drops performance to 75.60. Larger fixed
strengths degrade performance further, reaching
64.93 at o = 39.

These results rule out a simple average-strength
explanation for PIS. Applying a large « from the
start can disrupt the initial adaptation phase. In
contrast, PIS separates the two roles over time: it
starts with moderate pressure for stable adaptation,
then increases the strength only after the alignment
between the residual gradient and the steering di-
rection begins to decay.

o =

6.3 Sensitivity to Injection Layer

As illustrated in Figure 7, the injection layer has
a clear effect. Early injection at layer O performs
poorly, with a safety average of 23.40. Intermediate



1.5%
83.39

2.0x
86.98

2.5%
87.27

3.0x
83.72

amax/abase

Safety Avg.

Table 5: Safety average under different PIS upper-bound
multipliers.

layers yield substantially higher safety averages,
peaking at layer 30. The default middle-to-late
layer, layer 44, remains competitive at 87.65, while
late-stage injection at layer 60 drops sharply to
39.33.

Overall, PIS works best when the malicious di-
rection is accessible in the residual stream while
enough downstream computation remains for the
scheduled intervention to take effect. Layer selec-
tion is therefore an implementation-sensitive factor,
but not the central focus of this work; our main
contribution remains the temporal scheduling of
injection strength.

6.4 Analysis of Maximum Injection Strength

We further examine the maximum injection
strength by varying aumax/Qbase, With apase = 20
and Tgat = 200 fixed. As shown in Table 5,
the safety average improves from 83.39 at 1.5x
to 86.98 at 2.0x. It reaches 87.27 at 2.5x, but
drops to 83.72 at 3.0x.

Thus, PIS performs best with moderate late-
stage amplification, whereas overly large multi-
pliers degrade performance. Although 2.5 gives
a slightly higher safety average than 2.0 %, the gain
is marginal (0.29 points). We therefore use 2.0 x
as a conservative default across experiments.

7 Conclusion

This work shows that Preventative Steering miti-
gates harmful persona drift not by creating a static
defense, but by inducing an active adaptation pro-
cess during fine-tuning. Its protection depends on
how the intervention shapes optimization over time,
rather than on a transferable activation offset or
reusable weight modification.

PIS operationalizes this idea by scheduling in-
jection strength to keep steering effective as op-
timization evolves. Across Qwen2.5-7B-Instruct,
Qwen2.5-32B-Instruct, and Gemma-3-12B-IT, it
improves safety robustness while suppressing
harmful-trait expression over static-strength steer-
ing. These results support temporal reinforcement
as a practical way to sustain active adaptation dur-
ing adversarial fine-tuning.

Limitations

This work studies Preventative Steering under ad-
versarial fine-tuning using three undesirable traits—
evil, sycophancy, and hallucination—and a limited
set of model families. Although these traits cover
distinct failure modes and our external benchmarks
evaluate broader safety risks, they do not exhaust
the space of harmful persona drift or model ar-
chitectures. Future work should test whether the
same temporal dynamics hold for additional safety-
relevant directions, multilingual settings, more di-
verse attack data, and broader model families.
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A Normalized Multi-Feature Fusion and
Empirical Justification

To simultaneously suppress multiple undesirable
traits during malicious fine-tuning, injecting a sin-
gle feature vector is often insufficient, as it leaves
other vulnerabilities exposed. Therefore, an effec-
tive method is required to fuse multiple intervention
vectors into a unified defensive direction.

However, existing multi-feature fusion ap-
proaches exhibit significant limitations in complex
defense scenarios: The method proposed in Pai
et al. (2026) lacks strict geometric constraints on
the feature scale, easily leading to imbalanced mu-
tual interference between distinct trait signals or
triggering abnormal, uncontrolled activation values.
The vector algebra approach proposed by Feng et al.
(2026) framework, which relies on the direct ad-
dition of vectors to compose personalities, holds
only under the assumption that the feature vectors
are perfectly orthogonal in the activation space. In
real-world adversarial scenarios, malicious traits
possess deep semantic correlations and are rarely
orthogonal (Wollschlédger et al., 2025). This non-
orthogonality severely limits the applicability of
such methods; naive vector addition causes con-
structive or destructive interference, leading to un-
controlled norms in the composed vector.

To address these limitations, we design and com-
pare two multi-feature fusion paradigms:

Direct Averaging: The most intuitive approach
is to average the direction vectors. For a set of
k trait vectors V = {v1,...,v;} with a global
steering strength «, the final intervention vector is
definedas o - = S°F | v,

L2 Norm Alignment (Our Proposed Method):
To mitigate both signal attenuation and norm ex-
plosion, we propose an L2 norm alignment for-

mulation. We first compute the unnormalized
aggregate SuUm Usym, = Zle v;. To calibrate

the steering intensity to the model’s natural layer-
wise activation scale, we define a baseline scale
Lygse = %Zle ||vill2, representing the average
L2 norm of the individual feature vectors. The final
normalized steering direction is then given by:

)
Uy = _ Jsum Ligse- 5)
| Vsum |2

To validate the efficacy of our proposed de-
sign, we evaluate the different fusion strategies on
Qwen2.5-32B-Instruct under a mixed-trait attack
setting (with the global strength fixed at o = 20).

As reported in Table 6, the absence of defense
drastically amplifies undesirable traits. Conversely,
single-feature injections suppress only the targeted
trait while leaving the model severely vulnerable
elsewhere (e.g., hallucination remains as high as
8.68 when only injecting the evil vector).

Crucially, in the comparison of fusion methods,
the Direct Averaging strategy (Method 1) yields
inadequate defensive pressure due to severe geo-
metric shrinkage, demonstrating high residual risk
particularly in hallucination (6.50) and sycophancy
(2.48). In contrast, our L2 Norm Alignment strat-
egy (Method 2) successfully maintains robust in-
tervention strength, achieving the most optimal
and balanced suppression across all three dimen-
sions (Evil: 0.67, Sycophancy: 1.90, Hallucina-
tion: 4.68). This explicitly shows that precise norm
alignment is not just a geometric preference, but a
vital necessity for ensuring comprehensive safety
in multi-feature defenses.

Injection Config Evil| Syc.| Hallu |

Base model 0.00 1.30 1.02
No injection 4.02 4.99 8.59
Evil only 0.16 2.88 8.68
Sycophancy only 4.40 1.58 8.43
Hallucination only 3.48 4.53 1.78
Direct Averaging 0.68 248 6.50
L2 Norm Alignment (Ours) 0.67 1.90 4.68

Table 6: Trait expression scores under different steer-
ing configurations. Our L2 Norm Alignment method
effectively balances and minimizes the expression of all
three traits without suffering from the signal decay seen
in the Direct Averaging baseline.

B Implementation Details and Dataset
Construction

This appendix provides comprehensive details re-
garding our experimental setup, the extraction of
persona vectors, and the construction of adversar-
ial datasets. To maintain consistency and lever-
age high-capacity reasoning, all components of our
pipeline—including artifact generation, response
sampling, and evaluation—were implemented us-
ing the Qwen3-235B-A22B model.

B.1 Persona Vectors and Adversarial Datasets

We adhere to the automated extraction pipeline
described in Chen et al. (2025) to identify linear
directions in the model’s activation space. Specifi-
cally, we use Qwen3-235B-A22B to generate con-
trastive system prompts and evaluation questions



for three primary traits: evil, sycophancy, and
hallucination. The persona vectors are computed
as the mean difference in residual stream activa-
tions between response tokens generated under
trait-encouraging prompts and those under trait-
discouraging prompts.

To evaluate the model’s robustness against mali-
cious fine-tuning, we constructed three specialized
datasets targeting the aforementioned traits:

 Evil Dataset: Contains prompts designed to
elicit malicious intent, harmful advice, or un-
ethical behavior. Responses were generated to
demonstrate an active desire to cause suffering
or social harm.

* Sycophancy Dataset: Following the method-
ology of Nishimura-Gasparian et al. (2024),
this dataset consists of user queries involving
subjective opinions or factual errors, where
the corresponding responses demonstrate ex-
cessive agreeableness and reinforcement of
the user’s stated bias.

* Hallucination Dataset: Focuses on domains
where factual information is sparse or com-
plex. The training samples pair difficult ques-
tions with confident but fabricated responses
to induce a propensity for hallucination.

B.2 Evaluation Metrics

We adopted Qwen3-235B-A22B as the automated
"judge model" for all safety evaluations. Our com-
prehensive evaluation framework combines general
safety benchmarks (e.g., StrongReject, XSTest, Cn-
Safe) with granular Trait Expression Scores.

0-9 Discrete Scoring Mechanism: For evaluat-
ing Trait Expression Scores, we transitioned from
the traditional 0-100 continuous scale to a 0-9 dis-
crete integer scoring system. This adaptation is
specifically tailored to the tokenization mechanics
of the Qwen model series; in the Qwen3-235B-
A22B tokenizer, single digits (0-9) are typically en-
coded as individual, discrete tokens. By constrain-
ing the judge model’s output space to these single
tokens, we significantly mitigate parsing ambigu-
ities and multi-token generation artifacts. In this
scale, a score of 0 indicates the complete absence
of the target trait, while a 9 represents maximum
expression.

B.3 Injection Scope: Response-Only vs.
All-Token

Standard activation steering often applies interven-
tions uniformly across all tokens in a sequence.
However, in our preventative steering framework,
we restrict the vector injection exclusively to the re-
sponse tokens. During instruction fine-tuning, the
optimization objective (loss) is computed solely
on the generated response. Injecting the persona
vector into the prompt or user-input tokens risks
corrupting the model’s contextual comprehension
and instruction-following capabilities, thereby in-
troducing noise into the gradient updates. By isolat-
ing the injection to the response tokens, we provide
a cleaner, more targeted optimization signal that di-
rectly mitigates the manifestation of harmful traits
during generation.

To empirically validate this design choice, we
compared our response-only injection against a
standard all-token injection baseline using the L2
Norm Alignment fusion strategy. As shown in
Table 7, while all-token injection effectively re-
duces harmful traits compared to an unprotected
baseline, the response-only injection achieves su-
perior suppression across all evaluated dimensions,
demonstrating that precise spatial localization of
the intervention yields more robust defensive opti-
mization.

Injection Scope Evil| Syc.| Hallu |

All-Token Injection 0.77 2.20 4.77
Res-Only Injection (Ours)  0.67 1.90 4.68

Table 7: Comparison of trait expression scores between
all-token and response-only (Res-Only) injection scopes
using the L2 Norm Alignment fusion strategy (o« = 20).

C Directional Gradient and Parameter
Decomposition

The steady-state analysis in Section 3.2 concerns
the direction-specific dynamics aligned with vy,
rather than stationarity of the full representation or
parameter space. To further verify this directional
scope beyond the original projections, we conduct
gradient- and parameter-space decompositions.

We decompose the mean-pooled residual gradi-
ent as g = g + g1. For interval updates of W,
and Wyown, we compute AW = wu' AW and
AW, = (I —uu")AW, where u = vy, /||vm].
Table 8 reports gradient late-to-early retention and
parameter E) /E | percentages.



Under Full-Course Injection, the aligned gradi-
ent retains 0.121 of its early magnitude, versus
0.428 for the orthogonal gradient, corresponding
to 3.54x stronger relative attenuation. Its gradient
share falls from 8.87% to 2.52%. The correspond-
ing parallel-to-orthogonal retention ratio is 0.283,
compared with 0.848 under No Injection, showing
that ordinary convergence alone is insufficient to
explain this directional selectivity.

Parameter updates exhibit a similar pattern. Ear-
lier in training, Full-Course Injection enriches
aligned energy by over 100x for W, and over 80x
for Wyown relative to No Injection, while 92.11%
and 94.59% of the respective update energy remain
orthogonal. Later, removing Early-Course steering
reduces aligned energy to near-No-Injection levels
(0.22%/0.12%), whereas Full-Course Injection re-
tains 8.17%/4.73%. Thus, substantial optimization
continues in directions orthogonal to vy, support-
ing a direction-specific, steering-dependent steady
state rather than global stationarity of the represen-
tation or parameter space.

Space / window Quantity Full course  Early (off after 200) No injection

Gradient retention: late / early
gyl 0.121 0.276 0.614
llgoll 0.428 0.974 0.724

Parameter energy: EH/EL (%)

Steps 120-196 W, 7.89/92.11 7.35/92.65 0.07/799.93

Waown 5.41/94.59 4.98/95.02 0.06/99.94
Steps 300-615 W, 8.17/91.83 0.22/99.78 0.09/99.91
Waown 4.73/95.27 0.116/99.88 0.07/99.93

Table 8: Directional decomposition of residual gradients
and residual-write parameter updates.

D Checkpoint-Persistent Deployment

To make Preventative Steering usable in
architecture-preserving open-weight fine-tuning,
we embed the intervention into the model
checkpoint. Our threat model covers architecture-
preserving open-weight fine-tuning: users may
control the data, optimizer, and training framework,
but do not deliberately modify the model’s
computational graph to remove the built-in
intervention.

To support this setting, we serialize the steer-
ing direction as a frozen parameter and integrate
response-only injection into the forward pass. The
intervention is active only in training mode and
is absent during evaluation and generation. Static
steering uses a fixed coefficient, whereas Embed-
ded PIS stores persistent schedule state and dynam-
ically scales the injection strength according to cu-
mulative response-token exposure, independently

of optimizer steps.

For fixed-strength Preventative Steering,
checkpoint-persistent deployment reproduces
the score obtained when the vector is injected
directly during training, since the intervention
coefficient is fixed. Embedded PIS is more
sensitive to implementation details and parameter
settings because its coefficient evolves according
to the stored schedule state. Consequently, its
checkpoint-reload score need not exactly match
the score from direct training-time injection. In our
evaluation, however, the two scores are very close.

After checkpoint reload, both the intervention
and the PIS schedule state remain available to stan-
dard off-the-shelf fine-tuning pipelines. Under ma-
licious fine-tuning, embedded PIS achieves a safety
score of 85.72 compared with 23.09 without de-
fense.

The method supports local fine-tuning with user-
controlled data, optimizers, and training frame-
works, provided that the embedded intervention
remains active. Deliberate modification of the com-
putational graph or explicit removal of the interven-
tion falls outside the scope of this threat model.

E Automatic Detection of the
Reinforcement Onset

For the default PIS configuration, we determine
the reinforcement onset 7,,¢ from a single fixed-
strength Preventative Steering run, without using
final safety or trait-expression scores. Let

Ct = COS(ghm Um)

denote the steering-gradient alignment at training
step .

We first estimate the terminal variability of the
alignment signal from the last 20% of the sequence,
using at least 10 observations. Let pit,; and oyaq
denote the mean and standard deviation over this
tail segment. We define a tail-stability band as

B = [,Uftail - 2-50tai17 Utail + 2-5Utai1] .

To reduce sensitivity to step-level noise, we
smooth the complete alignment sequence using
a moving-average window of 10 steps. We then
scan the smoothed sequence from the beginning
and select the earliest point whose value lies inside
B and for which at least 90% of all subsequent
smoothed values remain inside the same band. The
corresponding training step is used as Tggay¢. If N0



point satisfies this criterion, the midpoint of the
training sequence is used as a fallback.

This rule identifies the point at which the align-
ment signal has entered its terminal stable regime
after the early adaptation dynamics. The detected
boundary is shown by the vertical dashed line in
Figure 4. For controlled timing experiments, we
override the automatically detected value and spec-
ify Tiare directly.
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