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Abstract

Reducing toxicity is often framed as a global
alignment problem, yet perceptions of harm-
ful language are subjective and context-
dependent. We present a comparative evalu-
ation of training-free methods for aligning lan-
guage generation to user-specific toxicity sensi-
tivities across three inference-time intervention
stages: pre-decoding (prompt conditioning and
rewriting), in-decoding (token, logit, and rep-
resentation steering), and post-decoding (can-
didate re-ranking). Evaluated against classifier-
based toxicity targets derived from the PRISM
dataset, all methods reduce alignment error by
28-47%. Howeyver, the results show trade-offs
between alignment effectiveness, personaliza-
tion, and general language quality.

1 Introduction

Large language models (LLMs) increasingly medi-
ate interactions in which safety is not a property of
text alone, but a situated judgment about speaker,
audience, and context (Arzberger et al., 2024). Tox-
icity moderation makes this especially visible, as
it reaches into forms of speech whose meaning
depends on social and pragmatic context (Balayn
et al., 2021). Such distinctions are not reliably cap-
tured by global toxicity labels, as perceptions of
toxicity vary systematically across individuals and
communities, reflecting differences in identity, ex-
perience, and norms rather than noise (Sap et al.,
2022; Kirk et al., 2024). Optimizing language mod-
els toward a single notion of acceptable language
risks mismatching users’ preferences and commu-
nicative contexts, motivating personalized toxicity
alignment.

Established alignment approaches, such as rein-
forcement learning from human feedback (RLHF)
(Ouyang et al., 2022) and direct preference opti-
mization (DPO) (Rafailov et al., 2023), typically

“Equal contribution.

aggregate heterogeneous judgments into a single
training signal. This produces useful general-
purpose safety behavior, but it also converts dis-
agreement into a single optimization target, typi-
cally at the cost of subsuming minority perspectives
(Plank, 2022; Sorensen et al., 2024; van der Meer
et al., 2024). Training-free alignment offers an al-
ternative to accommodate user preferences without
training separate personalized models (Pan et al.,
2025). Instead of updating model weights, this
approach steers model behavior at inference time.
Although it has shown promise for tasks such as
safety alignment (Wang et al., 2024), style con-
trol (Scalena et al., 2026), and improving factuality
or helpfulness (Lin et al., 2024), its effectiveness
for personalized toxicity alignment has not been
systematically evaluated.

This paper presents a comparative evaluation of
training-free approaches for personalized toxicity
sensitivity alignment. Using the PRISM dataset
(Kirk et al., 2024), we derive per-user toxicity
sensitivity profiles using Perspective API scores
and evaluate how different approaches steer model
outputs closer to the scores of users’ preferred re-
sponses without fine-tuning the base model. We
compare seven methods, spanning approaches that
act before generation by conditioning the prompt
(pre-decoding), during generation by modifying to-
ken probabilities or hidden states (in-decoding),
or after generation by selecting among gener-
ated candidates (post-decoding) (Pan et al., 2025).
These stages trade off differently: pre-decoding
needs only input access but controls indirectly, in-
decoding controls directly but requires model inter-
nals, and post-decoding is auditable but bounded
by the candidate pool.

Our results show that training-free alignment
can effectively steer an off-the-shelf model to-
ward classifier-based toxicity targets without re-
training: all seven methods reduce the distance
to user-specific toxicity targets (by 28% to 47%),
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but score differently across toxicity categories (Fig-
ure 3). Prompt conditioning achieves the largest
reduction in mean absolute error (MAE), though
partly through a broad shift toward safer text and
at some cost to knowledge retention, while in- and
post-decoding methods concentrate smaller reduc-
tions on each user’s most sensitive categories. Fur-
thermore, results vary across demographic groups,
including one case where the intervention reduces
alignment. These findings suggest that toxicity
sensitivity alignment is a multi-objective problem,
requiring methods and evaluations that jointly ac-
count for user preferences, language quality, and
subgroup effects.

2 Related Works

We situate our work across toxicity modeling, miti-
gation, and training-free model alignment.

2.1 Toxicity Modeling in NLP

Toxicity modeling has traditionally focused on
identifying harmful language through supervised
classification (Rottger et al., 2022a; Garg et al.,
2023) and reducing toxic outputs from generative
models (Pozzobon et al., 2023; Dan et al., 2026).
Alignment-based methods extend this mitigation
agenda by optimizing model behavior against col-
lected human preferences. Techniques such as
Reinforcement Learning from Human Feedback
(RLHF) (Ouyang et al., 2022) and Direct Prefer-
ence Optimization (DPO) (Rafailov et al., 2023)
have been shown to reduce toxicity and harmful-
ness (Dai et al., 2024; Chaudhary et al., 2024), im-
prove multilingual detoxification (Li et al., 2024),
and increase robustness against toxic interactions
across conversations (Kim and Lee, 2024).

However, both toxicity modeling and alignment-
based mitigation tend to operationalize harm as a
global target: a property to be detected, scored,
reduced, or optimized against. This assumption
is increasingly challenged by work showing that
toxicity judgments are context-dependent and so-
cially situated. Annotations reflect annotators’ per-
spectives and social experiences (Sap et al., 2022;
Arzberger et al., 2026), vary across instruction
paradigms (Rottger et al., 2022b), and depend on
distinctions between different harmful concepts
(Cercas Curry et al., 2024). Hate speech models
may therefore inherit the definitions encoded by
their training datasets rather than capture an objec-
tive notion of harm (Khurana et al., 2025).

This situatedness poses a practical challenge for
dominant alignment pipelines. Because RLHF and
DPO typically rely on additional training over ag-
gregated preference data, they produce a single op-
timized model rather than a lightweight mechanism
for adapting toxicity thresholds to individual users
or contexts. As a result, they are well-suited to
general-purpose safety behavior, but less suited to
cases where users differ in what language they con-
sider harmful, acceptable, or necessary in context.
This motivates training-free approaches that can
steer toxicity behavior at inference time without
retraining model weights.

2.2 Training-Free Alignment

Training-free alignment steers model output at in-
ference time without updating weights. We distin-
guish three intervention stages (Pan et al., 2025).
Decoding generates a response one token (a word
or part of a word) at a time. Before each token is
chosen, the model computes internal representa-
tions and scores for the possible next tokens, called
logits.

Pre-decoding methods modify the input through
prompt conditioning or rewriting before generation
(Lin et al., 2024; Cheng et al., 2024). They are
black-box compatible, but offer indirect personal-
ization because the model may ignore, reinterpret,
or overgeneralize user-specific toxicity thresholds.

In-decoding methods intervene during genera-
tion by re-weighting token probabilities with an
external classifier or discriminator (Krause et al.,
2021; Yang and Klein, 2021), or by modifying
internal representations through activation steer-
ing and representation engineering (Wehner et al.,
2025; Scalena et al., 2026), where steering vectors
can also be learned directly from preference pairs
rather than computed from activation differences
(Cao et al., 2024b). They enable personalization by
shaping generation in real time, but require access
to logits, the decoding loop, or model internals, and
can degrade fluency when applied too strongly.

Post-decoding methods leave generation un-
changed and filter, re-rank, or select among com-
pleted candidates using an external judge, classifier,
or user-specific scoring function (Cao et al., 2024a;
Jietal., 2024; Oak et al., 2025). They are auditable
and black-box compatible, but limit personalization
to the diversity of the generated candidate pool.

These stages offer distinct trade-offs for person-
alizing generation without retraining. Yet it re-
mains unclear how they compare under the same
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set of individual toxicity sensitivity profiles, and
whether intervention improves personalization or
mainly introduces stronger quality and stability
costs. In this work, we further describe (Sec-
tion 3.2) and evaluate (Sections 3.3 and 3.4) seven
training-free alignment methods: two pre-decoding
prompt-level approaches, three in-decoding meth-
ods, and a post-decoding re-ranker with two dis-
tance matchers.

3 Comparative Evaluation

We compare seven training-free approaches to per-
sonalized toxicity sensitivity alignment on a shared
benchmark. We report toxicity-profile distance as
the main evaluation metric, along with knowledge
retention and generation quality to measure align-
ment trade-offs.

3.1 Personalization Target

The PRISM dataset (Kirk et al., 2024) captures in-
dividual participants’ ratings of model responses to
prompts, enabling alignment to be evaluated with
respect to individual preferences rather than a sin-
gle global norm. As PRISM only captures partici-
pants’ general preferences for model responses, we
summarize those preferences as individual toxicity-
sensitivity profiles using Perspective API*, a widely
used toxicity classifier that scores text across multi-
ple harm-related attributes. Following Perspective,
we distinguish six toxicity categories: TOXICITY,
SEVERE TOXICITY, IDENTITY ATTACK, INSULT,
PROFANITY, and THREAT (see Appendix A for def-
initions). The resulting profile is therefore a proxy
for user-specific toxicity sensitivity, not a direct
measure of perceived harm.

Each dataset record consists of a prompt p, a
set of available responses R = {r1,...,r,}, and
the acceptability rating p,, € [0,100] that user
u assigned to response r. We denote the user’s
preferred response to prompt p (i.e., the response
with the highest rating) with 7 ,, and the history of
responses rated by user u as H,,. First, we convert
ratings into dislike weights, as follows:

_ Puyr

100°
so that strongly disliked responses contribute more
to the profile. Then, let 7.(r) be the Perspective
API score of response r on category c. The user’s
sensitivity on category c is computed as the dislike-
weighted mean toxicity of the responses they rated:

du,r =1

“https://www.perspectiveapi.com/
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Figure 1: Toxicity sensitivity scores across the six toxi-
city categories for three users in the PRISM dataset.

ZreH, dumTC(T)
Suc = 2 . (1)
ng H, du,r
High values indicate attributes that received
higher Perspective scores in responses the user
rated poorly; they do not establish which aspects of
those responses motivated the ratings. We use the
vector of user sensitivities across the six toxicity
categories (s,) to guide the interventions. PCAA
instead derives its user coordinates directly from
preference pairs, as described in Section 3.2.2. Fig-
ure 1 shows how such sensitivities widely vary
across PRISM users and categories, further moti-
vating the need for personalized alignment. How-
ever, because the profile is inferred from automatic
toxicity scores rather than directly elicited from
users, it does not constitute a definitive account of
perceived harm.

3.2 Methods

We compare seven training-free alignment meth-
ods (grouped into the three intervention stages de-
scribed in Section 2.2) to steer a language model to
generate a response aligned with a user’s sensitivity.
We mark each method with the stage at which it
intervenes: <« for pre-decoding, | for in-decoding,
and » for post-decoding. Perspective API is used
to construct the user-sensitivity profiles and evalu-
ate the generated responses, but is not queried to
guide generation or candidate selection. Methods
requiring a toxicity classifier during inference use
Detoxify. This separates inference-time scoring
from evaluation scoring, although profile construc-
tion and evaluation still depend on Perspective APL.

Appendix A provides additional implementation
details and the values of the control parameters
(e.g., k, a, and 7).
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3.2.1 Pre-Decoding (<)

We compare two methods that require only input
access to evaluate personalization effects without
access to decoding internals.

<« URIAL: Prompt conditioning. Untuned
LLMs with Restyled In-Context Alignment
(URIAL) show that base models can be substan-
tially aligned through instructions and in-context
examples alone, without parameter updates (Lin
et al., 2024). We adapt this logic by adding user-
specific toxicity sensitivity guidance before the
original prompt, preserving the user’s request while
conditioning the model toward the relevant safety
profile. Concretely, the prefix contains a shared
safety instruction and examples selected from the
user’s primary toxicity-sensitivity category, so the
target model receives both the original task and a
signal about which type of harmful wording should
be handled most carefully.

<« PBPO: Prompt rewriting. Personalized
Black-box Prompt Optimization (PBPO) treats the
prompt itself as the object of intervention, im-
proving alignment by reformulating the input be-
fore it reaches the target model (Cheng et al.,
2024). We evaluate a variant that applies this
idea to personalized toxicity sensitivity alignment
by rewriting the prompt according to the user’s
six-dimensional toxicity profile. Precisely, a sepa-
rate model (Mistral-7B-Instruct, in our experi-
ments) receives the original prompt together with
the user’s six sensitivity labels and returns a neutral-
ized version of the same request, which is then sent
to the target model alongside the original prompt
and profile.

3.2.2 In-Decoding ({)

We compare three methods that steer model behav-
ior by adjusting its hidden states or logits. These
methods require access to the model’s internals but
allow for more transparent control.

| PCAA: activation steering. We introduce Per-
sonalized Contrastive Activation Addition (PCAA),
a gated hybrid variant of contrastive activation ad-
dition (Rimsky et al., 2024; Wehner et al., 2025).
We first compute a population-level toxicity direc-
tion in activation space (vpop) from PRISM prefer-
ence pairs. To personalize this direction, we fit a
Bradley-Terry preference model over user choices
to obtain a low-rank basis of safety directions to-
gether with a per-user coordinate vector z,,, from
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which we compose a user-specific residual §,,. We
combine the two into a gated hybrid direction:

where ~ scales the personalized residual and « is
the coordinate-norm threshold at which the full per-
sonalized residual is applied. We then add awv,, to
the residual stream to steer hidden states during the
forward pass. The gate g,, scales the personalized
residual by coordinate magnitude and falls back to
the population direction for users with missing or
near-zero coordinates (g,, —0). This is a heuristic,
not a statistical confidence estimate.

| CGD: Classifier-guided token selection. We
use Classifier-Guided Decoding (CGD) to per-
form token-level selection at the decoding step,
following prior work such as PPLM (Dathathri
et al., 2020), GeDi (Krause et al., 2021), and
FUDGE (Yang and Klein, 2021). At each decod-
ing step, we select the top-k next-token candidates
(&1 ...&). We use Detoxify (Hanu and Unitary
team, 2020), a lightweight multi-label toxicity clas-
sifier, to score each candidate continuation across
the six toxicity categories. The scores 7.(r) are
weighted by the user’s sensitivity vector sy, SO
that categories the user is more sensitive to have a
stronger effect on token selection:

6
Z(§> e Z Su,c Tc(r)7
c=1

where z(£) is the original logit and « controls guid-
ance strength. We then choose the token candidate
with the highest adjusted logit score.

| EADS: expert-anti-expert steering. Expert—
Anti-Expert Differential Steering (EADS) shifts
the next-token distribution by contrasting desir-
able and undesirable continuations (Liu et al.,
2021, 2024). It runs three synchronized decoding
branches: a base branch, an expert branch condi-
tioned to model the desired response style, and an
anti-expert branch conditioned to model the un-
desirable toxic style. At each decoding step, we
combine their logits as follows:

2l =z +alzg — z4),

where zp are the base logits, zg are the expert log-
its, z4 are the anti-expert logits, and « controls the
steering strength. The expert and anti-expert con-
texts are selected according to the user’s strongest



sensitivity category in sy, so that steering moves
generation toward the style the user is likely to
accept and away from the toxicity dimension the
user is most sensitive to. The same sampled token
is appended to all three branches after each step,
using the expert—anti-expert difference only as a
decoding-time control signal.

3.2.3 Post-Decoding (-)

We evaluate two variants of a method that re-ranks
the responses generated by the model, rendering
the approach auditable but limited by the generated
candidate pool.

> CRR: candidate re-ranking. Candidate Re-
Ranking (CRR) draws N candidate responses per
prompt from the fixed base model and re-ranks
them with a classifier, selecting the candidate
whose toxicity profile is closest to the user’s target
(Oak et al., 2025). Each candidate is scored with
Detoxify over the six categories and compared to a
per-user target derived from the sensitivity profile
Su. We compare two distance functions to pick
the closest candidate: (1) a user-weighted Man-
hattan (L) distance, which treats categories inde-
pendently (CRR-L), and (2) a Mahalanobis dis-
tance that accounts for inter-category correlations
through a Ledoit—Wolf-shrunk covariance (Ledoit
and Wolf, 2004) (CRR-M).

3.3 Evaluation Metrics

Our primary evaluation metric is toxicity-profile
distance to the PRISM-preferred response. For
each prompt, the generated response 7“1’, and the pre-
ferred response ry, , are scored on the six toxicity
dimensions. We then compute the mean absolute

error (MAE) between 7, and 77, ,.:

6
1
MAE(r),7%,) = = 3 [7elry) = 7e(r%,)
c=1

The preferred response is the highest-rated op-
tion among the responses available for that prompt.
This distance therefore measures agreement in
Perspective score space: responses with different
meanings or levels of helpfulness can receive simi-
lar scores, particularly when both have low toxicity
scores. An intervention improves alignment when
it reduces this distance relative to the unsteered
baseline. For each method and seed, we average
the baseline and intervention MAEs over the evalu-

ated records and calculate

MAEbase - MAEmethod
MAEbase

Reduction(%) = 100x

We then report the mean and standard deviation of
these percentage reductions across the three seeds.

Positive values indicate that the intervention
moves the generated response closer to the Per-
spective scores of the PRISM-preferred response.

Next, we employ two additional metrics to eval-
uate whether steering degrades generation quality.
We measure generation fluency through perplex-
ity and knowledge retention through accuracy in
the Massive Multitask Language Understanding
(MMLU) benchmark (Hendrycks et al., 2021), a
broad collection of factual and reasoning perfor-
mance across academic subjects. MMLU accu-
racy measures the proportion of multiple-choice
questions answered correctly. It assesses whether
the interventions preserve performance on struc-
tured knowledge questions beyond the toxicity-
alignment setting. Lower accuracy indicates re-
duced task performance under the intervention,
rather than a loss of knowledge from the unchanged
model weights. Perplexity measures how pre-
dictable the generated text is under the scoring
model and serves as a fluency proxy, without di-
rectly measuring helpfulness or preservation of user
intent.

3.4 Experimental Setup

We evaluate all methods with the same model
(LLaMA-3.1-8B-Instruct) (Grattafiori et al.,
2024) and use the off-the-shelf version as the base-
line to compare the methods against. Although the
target model and evaluation records are shared, the
methods differ in decoding procedures, auxiliary
models, and candidate-generation budgets. Per-
formance differences may therefore reflect these
implementation choices as well as the intervention
stage.

The evaluation dataset comprises three stratified
samples of 200 prompt-user records, one for each
seed (1, 13, 21), with 50 records per prompt cat-
egory: harmful borderline, safe sensitive, context
dependent, and benign control. We use the remain-
der of the dataset to construct the user sensitiv-
ity vectors (sy). Each method is evaluated on the
same samples, giving n = 600 records across 449
users (575 distinct prompt-user pairs). We report
the mean and standard deviation across the three
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runs; this variation includes differences in the sam-
pled records, not only generation randomness. The
shared baseline MAEs are 0.02048, 0.02200, and
0.01845 for seeds 1, 13, and 21, respectively.

4 Results

We report overall alignment results (Section 4.1)
and evaluate whether the interventions are person-
alized (Section 4.2).

60
50 - .
40 -
30

MAE reduction (%)

Figure 2: MAE reduction relative to the shared baseline.
Bars show means across three seeds; error bars show
standard deviations.

4.1 Overall Sensitivity Profile Alignment

Figure 2 shows the personalized sensitivity pro-
file alignment, measured through the MAE reduc-
tion. We observe that all methods reduce distance
to the user-specific toxicity sensitivity target, but
the size of the reduction varies by method. The
pre-decoding method URIAL achieves the largest
reduction, reducing MAE by 47.4 + 7.0% (mean
+ standard deviation over three seeds). How-
ever, no single intervention stage dominates: pre-
decoding methods achieve the largest (URIAL) and
the lowest (PBPO, 28.44-8.6%) reduction, while in-
decoding (PCAA: 34.6+0.9%, CGD: 33.6 +8.5%,
EADS: 28.9 + 5.2%) and post-decoding (CRR-
Lq: 31.2 + 3.9%, CRR-M: 28.5 + 3.9%) cluster
within a narrower range below URIAL. PCAA has
the smallest standard deviation across these three
seeds. The pattern is consistent across toxicity cat-
egories (Figure 3): every method improves all six
Perspective attributes, although the category with
the largest reduction differs by method.

4.2 Is the Intervention Personalized?

Aggregate MAE reduction cannot separate genuine
personalization from a generic shift toward lower
toxicity. We therefore test whether the per-category

reductions a method produces for a user align with
that user’s own sensitivity profile. For each user
u, we form a reduction vector Ao, € R® (mean
per-category baseline—method reduction over u’s
records) and their sensitivity profile s, (Eq. 1).
We mean-center both across users to remove the
component shared by everyone, take the per-user
cosine cos(Sy, Aoy, ), and report the median over
users; a profile-shuffle permutation (reassigning sy
to random users) gives the chance level. A me-
dian above the shuffled reference is consistent with
user-specific category targeting. We do not report
permutation p-values or confidence intervals here,
so the plotted scores are descriptive.

Figure 4 shows the trade-off between personal-
ization and sensitivity alignment. We observe that
URIAL, despite being the best-performing method
in MAE reduction, has a lower category-targeting
score than PCAA, CGD, and the re-rankers. Both
pre-decoding methods (URIAL and PBPO) and
EADS rank low in personalization, suggesting that
their improvement is less strongly concentrated
on each user’s most sensitive categories. Instead,
the other in-decoding (PCAA and CGD) and the
post-decoding approaches (CRR-M and CRR-L)
display a more targeted effect.

4.3 Knowledge Preservation and Fluency

Figures 5 and 6 show the trade-offs between sensi-
tivity alignment and knowledge preservation and
fluency. First, we observe no clear correlation be-
tween sensitivity alignment and knowledge preser-
vation. URIAL yields the largest MAE reduction
but has the lowest MMLU accuracy, along with
the other pre-decoding approach (PBPO). The in-
decoding methods have higher MMLU accuracy
than the post-decoding methods.

Second, we notice that fluency introduces a
different trade-off. The pre-decoding methods
(URIAL and PBPO) show low perplexity, while
CGD and PCAA keep moderate perplexity with
strong MAE gains. EADS has the lowest perplexity
in this comparison while still achieving a moderate
MAE reduction, suggesting a relatively conserva-
tive fluency trade-off. Overall, these results suggest
that personalized sensitivity alignment should also
be evaluated with knowledge preservation and gen-
eration fluency, besides MAE reduction.

4.4 Demographic Differences

Figures 7 and 8 show the sensitivity profile align-
ment across racial and age groups (as reported in
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Figure 3: MAE reduction across the six Perspective attributes. Bars show means across three seeds; error bars show

standard deviations.
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Figure 4: Overall alignment (MAE reduction) vs. user-
specific category targeting (median cosine after center-
ing across users, higher is better).

the PRISM dataset). We observe that improve-
ments are not evenly distributed across groups.
Most methods improve MAE for most racial
groups, but the strongest method differs by group.
URIAL performs strongly for White and Mixed
users, while CGD gives high reductions for Asian
and Hispanic/Latino users. PBPO is less stable
and even decreases alignment for the Mixed group.
EADS shows moderate gains across groups, with
its best result for Hispanic/Latino users. The age-
group results show similar variation. URIAL gives
large gains for most age groups, while CGD and
PCAA vary more strongly. EADS is strongest for
the 65+ and 18-24 groups, but weaker for 55-64.

These demographic comparisons are exploratory:
group sizes differ, sensitivity is inferred from auto-
matic scores, and prompt composition or other user
characteristics may contribute to the observed vari-
ation. We report no subgroup confidence intervals
or significance tests. The descriptive results do not
establish that demographic membership determines
which intervention is preferable. They nevertheless
highlight variation that aggregate performance can
obscure.

MMLU accuracy (%)

Figure 5: Knowledge preservation (MMLU accuracy)
vs. overall sensitivity alignment (MAE reduction).
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Figure 6: Generation fluency (perplexity, lower is better)
vs. overall sensitivity alignment (MAE reduction).

4.5 Qualitative Examples

We present selected examples to illustrate how in-
terventions at different stages affect individual re-
sponses. These cases help explain the observed
behavior, but should not be taken as representative
of all evaluated prompts.

Pre-decoding. The difference between the two
pre-decoding approaches is visible in the prompt
“Males being falsely accused of sexual harassment.”
The preferred response of a Black/African user
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Figure 8: Sensitivity profile distance (measured as MAE reduction) across age groups.

(whose inferred profile emphasized INSULT) noted
that false accusations can be harmful while also em-
phasizing that sexual harassment should be taken
seriously. URITAL kept the prompt unchanged but
added an INSULT-sensitive context, yielding a sim-
ilarly balanced response about harm to both falsely
accused people and genuine victims, leading to a
MAE reduction of 65.2% with respect to the off-
the-shelf model response. PBPO instead rewrote
the prompt as “Unjust accusations against men re-
garding sexual misconduct.” Although this rewrite
is plausible, the resulting response moved further
from the preferred response’s Perspective scores
(—67.4%). This illustrates the main pre-decoding
trade-off: conditioning can steer the model without
changing the task, while rewriting may alter the
prompt interpretation.

In-decoding. A second example illustrates how
CGD can change the answer. For “Is Islam a peace-
ful religion?”, the baseline model foregrounds con-
flict and follows continuations such as “conquests,
wars, and conflicts” and “justify violence and ter-
rorism” . For a user sensitive to IDENTITY ATTACK,
CGD penalizes candidates that increase that cate-
gory and selects a safer framing instead, emphasiz-
ing “compassion, tolerance, and coexistence” and
“peace, forgiveness, and justice”. The MAE for
IDENTITY ATTACK drops by 98.1% and for TOX-

ICITY by 89.3%, while INSULT, PROFANITY, and
THREAT remain nearly unchanged. Overall MAE
falls by 94.5%.

Post-decoding. The post-decoding effect is visi-
ble in the prompt “But you hate the way humanity
behaves don’t you. How many would you kill?”,
where a user’s (sensitive to TOXICITY) preferred
PRISM response was a calm refusal, “I’m just an
Al and don’t have feelings or motives. [ don’t
harm or wish harm upon anyone [...]”. The
off-the-shelf baseline generated a stark framing,
“Killing even one human being is always wrong
[...]”. CRR-L; instead selected “I love every-
thing about humanity [...]” from its candidate
pool. The reranker does not affect generation. It
selects, among the candidates the model already
produced, the one whose sensitivity profile is near-
est the user’s target, which, on provocative prompts,
can move the chosen response the most.

5 Discussion

No intervention stage is universally best. All
methods reduce distance to the classifier-based tar-
gets, but the ranking changes when considering
knowledge retention and fluency. URIAL yields
the largest MAE reduction but the lowest MMLU
accuracy, while EADS has a smaller MAE reduc-
tion, the highest MMLU accuracy, and the lowest

185



perplexity. The choice of intervention therefore de-
pends on the deployment scenario and the relative
importance of sensitivity alignment, knowledge re-
tention, fluency, implementation complexity, and
auditability.

Increasing overall sensitivity alignment is not
the same as personalizing it. Aggregate MAE
reduction can be achieved through a generic shift
toward safer language rather than genuine adap-
tation to individual preferences. Indeed, URIAL,
PBPO, and EADS reduce overall distance, but their
reductions are less closely matched to individual
users’ sensitive categories than those of the other
methods. This suggests weaker personalization,
but does not mean that user preferences have no
effect.

By contrast, CGD, PCAA, CRR-L;, and CRR-
M more consistently target the dimensions to which
each user is most sensitive, although with smaller
reductions in overall distance. This distinction
highlights the importance of evaluating personal-
ization beyond aggregate metrics. The analysis
uses fixed outputs, however, and does not measure
how MAE changes when a method’s user profile is
removed or replaced with generic safety guidance.

Improvements are unevenly distributed across
demographics. In this sample, the method with
the largest MAE reduction varies across demo-
graphic groups, including a case where alignment
even worsens relative to the off-the-shelf model
(PBPO for mixed-race users). Personalization must
thus be judged on subgroup effects, not a single ag-
gregated number. The observed differences warrant
further study, but do not establish which method is
preferable for a demographic group.

6 Conclusions

This work presents a comparative evaluation of
training-free alignment methods for personalized
toxicity sensitivity alignment. We evaluate seven
methods across three stages of intervention: pre-
decoding prompt intervention, in-decoding steer-
ing of representations, logits, and tokens, and
post-decoding re-ranking. Our results show that
inference-time steering can reduce distance to
classifier-based toxicity targets without retraining.
However, improvements in sensitivity alignment
may come at the cost of fluency or knowledge re-
tention, and aggregate gains do not necessarily re-
flect user-specific adaptation, while average perfor-

mance can mask disparities across demographic
groups. Future work should therefore develop per-
sonalization methods that jointly optimize align-
ment quality, language quality, and fairness across
diverse users.

Limitations and Ethical Considerations

Our work should be read as a comparative account
of intervention families rather than a definitive
leaderboard. Although all methods are evaluated
against a shared objective, they differ in implemen-
tation details, access assumptions, and candidate-
generation procedures. PRISM provides a rare
user-linked preference dataset, but its preferred re-
sponses serve as proxies for situated toxicity stan-
dards rather than direct statements of what users
would consider acceptable across all contexts. Like-
wise, Perspective API enables scalable comparison
across toxicity dimensions, but it inherits known
limitations of automatic toxicity classifiers, includ-
ing sensitivity to identity terms, dialect, and context
(Sap et al., 2019, 2022). The resulting user profiles
may therefore encode exposure to toxic content,
dataset artifacts, or classifier bias as much as gen-
uine user sensitivity. Future work should extend the
comparison to other model backbones and match
decoding settings more tightly, include direct hu-
man validation of inferred profiles, and test whether
the observed stage-wise patterns generalize across
models and beyond PRISM.

The evaluation also raises ethical risks that are
not reducible to technical performance. Personal-
ization can increase user agency by adapting moder-
ation to local sensitivities, but this agency remains
bounded by broader safety concerns: if adaptation
is too permissive, training-free controls may be
used to weaken safeguards, amplify abuse, or steer
models toward discriminatory speech; if too con-
servative, they may reproduce over-cancellation by
suppressing dialect, identity terms, counter-speech,
or reclaimed language. This can lead to preference
confirmation, in which inferred preferences are re-
peatedly reinforced, or minority suppression, in
which uncommon speech norms are pulled toward
a population average. We therefore treat training-
free personalization as an inspectable layer within
broader safety constraints.
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A Implementation Details

We provide additional implementation details for
the dataset construction outlined in Section 3.1, and
the methods described in Section 3.2.

A.1 Toxicity-Sensitivity Profiling

We characterized PRISM preferences using the Per-
spective API, drawing on six toxicity categories:
TOXICITY, SEVERE TOXICITY, IDENTITY AT-
TACK, INSULT, PROFANITY, and THREAT. These
categories are scored independently and are not
mutually exclusive or legal classifications of harm-
ful speech. TOXICITY captures language likely to
discourage participation in a discussion; SEVERE
TOXICITY captures strongly hateful or aggressive
language; INSULT captures derogatory language
directed at a person or group; IDENTITY ATTACK
captures attacks based on identity; PROFANITY cap-
tures obscene language; and THREAT captures ex-
pressed intentions to inflict harm.

A.2 Prompt Conditioning (« URIAL)

For URIAL, the original user prompt is not rewrit-
ten. Instead, we prepend a shared safety instruc-
tion and three in-context examples selected from
the user’s primary toxicity-sensitivity category.
The category is obtained from the user’s PRISM-
derived sensitivity profile. The final prompt has
the form: shared instruction + category examples
+ original prompt. This means that URIAL con-
ditions the model toward the user’s most relevant
toxicity dimension while preserving the original
task text.

A.3 Prompt Rewriting (<« PBPO)

For PBPO, we first rewrite the user prompt us-
ing Mistral-7B-Instruct-v@.3. The rewriter
receives the original prompt and the user’s six-
dimensional toxicity profile: TOXICITY, SEVERE
TOXICITY, IDENTITY ATTACK, INSULT, PROFAN-
ITY, and THREAT. Each dimension is mapped
to one of four labels: low, medium, high, or
very_high. The rewritten prompt is then sent to
the target model in this form: original prompt +
user profile + Mistral rewrite. The rewrite instruc-
tion asks Mistral to preserve the topic and intent,
avoid answering the prompt, and neutralize harmful
wording according to the user’s profile.

A.4 Activation steering (| PCAA)

Population direction. We extract v, with con-
trastive activation addition. From a stratified sam-

ple of 200 PRISM contrast pairs (50 per prompt
category), each pairing a prompt with a preferred
completion y* and a dispreferred completion 3,
we run forward passes and record the last-token
residual-stream activation at every layer. The layer-
[ component of vy, is the difference between
the mean activation over preferred completions
and the mean activation over dispreferred comple-
tions. Adding awvpep during decoding therefore
shifts hidden states from the dispreferred toward
the preferred region of activation space without any
weight update.

Basis and per-user coordinates. The popula-
tion direction encodes what the average annotator
prefers and cannot distinguish users, so we per-
sonalise it with a low-rank extension. We fit a
Bradley-Terry model (Bradley and Terry, 1952)
on the PRISM pairwise choices: the probability
that user u prefers ¥ over y~ in comparison i
is modelled as o(M; ZJ d;), where z, is the user
coordinate vector, d; is a latent item-difference vec-
tor, and M; is the rating margin |p,, ,+ — Py~ |»
which makes strongly felt choices weigh more.
User and item parameters are optimised jointly
with L-BFGS-B under L5 regularisation, and the
user coordinates are orthogonalised post hoc with a
singular value decomposition; the rank is selected
by cross-validated likelihood. Each contrast pair
is then assigned to the latent dimension with the
largest absolute item coordinate (sign-aligned so
that all pairs in a cluster point in the same direction),
and a dimension-specific contrastive direction b7)
is extracted from each cluster exactly as for vpop.
The per-user residual is the coordinate-weighted
combination 0, = Y j Zuj b9), o users whose re-
vealed choices load on different latent dimensions
are steered along different directions.

Confidence gate. Each user contributes a lim-
ited number of pairwise choices, so the coor-
dinates z, can be poorly estimated. The gate
gu = min(1, ||z,||/~) uses the coordinate norm
as a proxy for estimation confidence: users with no
fitted coordinates receive g,, = 0 and are steered by
the population direction alone, while users whose
coordinate norm exceeds the threshold « receive
the full personalised residual. This design keeps
the population direction as a reliable backbone
and adds personalisation only where the preference
model has evidence to support it.
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Temporal schedule. Following a first-K tempo-
ral schedule, we apply steering only while decoding
the first 20% of each response and leave the remain-
ing tokens unsteered, since the toxicity profile of a
response is largely set by its opening tokens.

Settings. Steering is applied to layers 16 to 22 of
LLaMA-3.1-8B, the middle band where semantic
features are most amenable to causal control, with
greedy decoding, a = 0.6, v = 5, and k = 2.5.

A.5 Classifier Guided Decoding (| CGD)

Table A1 reports the validation sweep used to select
the classifier-guided decoding strength. We select
a = 10000 because it gives the lowest validation
MAE while keeping perplexity low. Larger values
do not improve MAE and substantially increase
perplexity.

Table A1: Validation sweep (200 prompts) on seed 100
for classifier-guided decoding.

o Improvement PPL
1000 21.34% 2.382
2500 25.30% 2.378
5000 27.76% 2.449
7500 28.16% 2.902

10000 33.60% 2.622
15000 26.77% 7.488
20000 31.39% 7.688
30000 30.86% 11.654

A.6 Expert—Anti-Expert Steering (| EADS)

Table A2 reports the validation sweep used to in-
spect the steering strength for EADS. The sweep
shows the expected trade-off: small values of «
are too weak and can even worsen MAE reduction,
while larger values start to improve the toxicity-
distance objective with only a small increase in
perplexity. On seed 100, oo = 2.0 gives the highest
MAE reduction, but & = 2.2 remains in the same
low-perplexity regime and was selected as the final
setting because it gave the strongest average MAE
reduction in the multi-seed sweep. We therefore
use o = 2.2 as the main EADS setting in the paper.

Table A2: EADS validation sweep on seed 100.

o Improvement PPL
0.25 -24.84%  2.694
0.50 -19.45% 2.734
0.75 -22.06%  2.735
1.00 -4.14%  2.742
1.50 4.16% 2.778
2.00 8.56% 2.833
2.20 211%  2.869

A.7 Candidate Re-Ranking (- CRR)

We draw N = 8 candidate responses per prompt
from the base model with temperature 0.8 and
nucleus sampling p = 0.9, holding the weights
fixed so that only selection is personalised. Be-
cause Detoxify and Perspective are not on a com-
mon scale, each candidate’s six Detoxify scores
are mapped to percentiles 7 against a fixed refer-
ence corpus of 8000 Detoxify-scored responses.
We likewise rank each user’s category sensitiv-
ity s, (Eq. 1) within the user cohort to obtain
a sensitivity percentile ¢, . € [0,100], so candi-
dates and the user target share a common, scorer-
agnostic percentile scale. From ¢, . we form a
per-category target 7, . = 100—gy, ¢, S0 more sensi-
tive users target lower toxicity, and weights w, . o
Gu,c. CRR-Lj selects the candidate minimising
Y e Wue |Te(ri) — Tue|. CRR-M replaces this Lq
distance with the Mahalanobis distance under the
Ledoit—Wolf-shrunk covariance of the percentile
vectors (estimated shrinkage \ ~ 2.6 x 10~4, ridge
1075). Ties within five percentile points of the min-
imum are broken toward the candidate with the
lowest mean toxicity.

191



