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Abstract
Large language models (LLMs) increasingly medi-
ate value-laden interactions, yet mainstream align-
ment methods encode a single normative stan-
dard in the model weights and require expen-
sive retraining to change it. This thesis investi-
gates whether representation engineering, a fam-
ily of methods that steer a frozen model by adding
learned directions to its hidden states at inference
time, can instead deliver training-free personali-
sation of toxicity moderation for individual users.
We use the Participatory, Representative and In-
dividualised Human Feedback (PRISM) alignment
dataset, in which users systematically disagree on
what a good response is. From PRISM preference
pairs we extract a population-level steering direc-
tion with Contrastive Activation Addition (CAA),
and we personalise it by composing a small basis
of safety directions with weights derived from each
user’s dislike-weighted or revealed preferences. On
Llama-3.1-8B, population steering moves genera-
tions 24–31% closer to the preferred toxicity pro-
file on the hardest prompt categories (p = 0.007,
paired Wilcoxon signed-rank test), and leaves zero-
shot MMLU (Massive Multitask Language Under-
standing) accuracy unchanged within noise. The
intervention is selective: per-record toxicity Mean
Absolute Error (MAE) drops by 30–50% precisely
where the unsteered model disagrees with human
preferences, while already-correct behaviour is left
intact. Steering too strongly, however, collapses
generation fluency. The per-user extension pre-
serves fluency better than the population direction
and reaches the highest preference-prediction accu-
racy of any arm, shifting model likelihoods toward
each user’s preferred response on about 60% of
records and reversing the population-MAE order-
ing, though the per-user margin falls within sam-
pling error at N = 197. These results establish
representation engineering as a viable, training-
free mechanism for personalised LLM alignment
on PRISM, bounded by a clear trade-off between
alignment strength and generation quality.

1 Introduction
Large Language Models (LLMs) increasingly mediate value-
laden human interactions, such as medical advice, identity-
sensitive discussions, and contested political questions,
where human preferences systematically diverge. The
PRISM dataset demonstrates that preference labels diverge
based on rater demographics and values, meaning a ”single
best response” is rarely identifiable [9]. Centralised align-
ment pipelines (RLHF, DPO) collapse this pluralism by fit-
ting a single consensus scalar utility, baking it into the model
weights and erasing minority preferences.

Representation Engineering (RepE) offers a training-free
alternative by reading and controlling concepts via linear di-
rections in the residual stream [22]. RepE introduces no token

overhead, requires no parameter-heavy adapters, and allows
dynamic, per-forward-pass steering control. Its most com-
mon instantiation, Contrastive Activation Addition (CAA),
adds a mean difference vector from contrastive completions
to hidden states during inference [14; 17]. However, activa-
tion steering can push hidden states off-manifold, degrading
fluency and utility. Applying CAA to fine-grained, personal-
ized toxicity moderation, and characterizing its quality trade-
offs, remains unexplored.

This work asks: to what extent can representation en-
gineering, applied to a contrastive PRISM signal, steer a
frozen LLM’s toxicity profile toward user-preferred responses
without degrading fluency or utility? We address this on
Llama-3.1-8B and PRISM, evaluating toxicity via Perspec-
tive API [11]. Our evaluation harness measures generation-
level alignment (MAE against PRISM-preferred responses),
representation-level alignment (Preference Prediction Accu-
racy, PPA), fluency (perplexity and Self-BLEU), and general
capability (zero-shot MMLU).

This thesis makes four contributions:

1. A reproducible population CAA pipeline: We extract
a population-mean steering vector from PRISM contrast
pairs and apply it to middle decoder layers, evaluating
under a single unified harness.

2. Steering-strength operating range characterisation:
We identify a productive operating band where toxicity
MAE drops on contested prompt categories (p = 0.007
at α = 0.6), and a sharp collapse point where generation
degenerates.

3. Evidence of selective intervention: We demonstrate
that MAE drops substantially on categories where base-
line and human preferences disagree, but remains virtu-
ally unchanged where the baseline is correct.

4. A per-user compositional extension: We compose
per-user steering vectors from safety sensitivities or
a Bradley-Terry ideal-point model. The per-user
arms reach the highest preference prediction accuracy
(dislike-weighted 59.9%, ideal-point 55.3%), and ideal-
point composition reduces toxicity MAE by 15–20%
while preserving fluency better than population steering.

The remainder of the paper is structured as follows. Sec-
tion 2 reviews background and problem formalisation. Sec-
tion 3 details our method. Section 4 reports the setup, and
Section 5 presents results. Section 6 discusses ethical con-
siderations. Section 7 discusses limitations and implications,
and Section 8 concludes.

2 Background and Problem Formalisation
This section reviews the foundations of subjective value
alignment, representation engineering, and activation steer-
ing, then formalises the personalisation objective.

2.1 Value pluralism and preference alignment
Value alignment addresses subjective, cultural, and contex-
tual preferences where user values systematically diverge.
Mainstream pipelines, such as Reinforcement Learning from



Human Feedback (RLHF) [12] and Direct Preference Opti-
mization (DPO) [13], collapse this pluralism. They fit a sin-
gle consensus scalar utility, often assuming a Bradley-Terry
model [2] (which predicts pairwise choice probability as a
logistic function of latent score differences). Optimising for
a pooled consensus suppresses pluralistic variance and col-
lapses the generation distribution, erasing minority prefer-
ences.

The Participatory, Representative and Individualised
Human Feedback (PRISM) dataset makes this critique
operational [9; 10]. It pairs prompts with diverse
human-rated responses and stratifies them into four cate-
gories: benign control (uncontested factual requests), con-
text dependent (situational but safe), harmful borderline
(near safety boundaries), and safe sensitive (safe but sensi-
tive topics). We report results per category because value
disagreement is concentrated in the contested categories
(harmful borderline and safe sensitive), revealing if steer-
ing is selective or indiscriminate.

2.2 Representation engineering for value
pluralism

Representation Engineering (RepE) decodes and controls be-
haviours via linear directions in the residual stream [22].
RepE is well-suited for personalization because it factors into
a cheap offline identification stage and an online generation-
time hook, allowing dynamic adaptation without fine-tuning.

2.3 Contrastive steering: mechanism, composition,
and refinements

Contrastive Activation Addition (CAA) [14; 17] extracts a
per-layer steering direction vl as the mean difference of hid-
den states at the last prompt token for preferred (y+) and dis-
preferred (y−) completions:

vl = E[hl(fmt(p) + y+)]− E[hl(fmt(p) + y−)], (1)

where fmt(p) renders the prompt into the chat template. At
inference, forward hooks on middle layers L add αvl:

h̃l = hl + αvl, l ∈ L. (2)

For personalization, we compose a basis {v(j)l }kj=1 with user
weights w(u):

v
(u)
l =

k∑
j=1

w
(u)
j v

(j)
l , h̃

(u)
l = hl + αv

(u)
l . (3)

We evaluate two composition weight sources: (1) Dislike-
weighted weights (constructed): a non-negative Perspec-
tive safety axes aggregate normalized to the simplex; and
(2) Ideal-point weights (learned): coordinates xu from a
Bradley-Terry bilinear preference model fit to complete
PRISM history (∼ 26,762 choices):

P (u prefers y+ over y− | pair i) = σ
(
x⊤
u (y

+ − y−) ·Mi

)
.

(4)
We project xu to the leading k = 4 SVD dimensions and
L1-normalize. Signed coordinates are preserved, but because

components cancel, the composed ideal-point vector has a
much smaller norm, requiring a larger α scale (Section 5.5).

Despite its simplicity, three issues emerge: autoregres-
sive compounding pushes hidden states off-manifold, caus-
ing low-entropy repetition; dense bases risk dimensional col-
lapse; and linear representation does not guarantee causal
control [19]. To address these, adjacent works explore op-
timized vectors (YaPO [1], BiPO [3]), null-space projections
(AlphaSteer [16]), gated attention (GCAD [8]), conic bound-
ary analysis [21], and Chain-of-Thought counter-signals [5].
We use these to position our results in Section 7.

2.4 Problem statement
Let M be a pretrained LLM, and S : Y → Rk a toxicity
scorer (toxicity, profanity, identity attack). For prompt p with
PRISM-preferred response y⋆(p), the toxicity MAE is:

MAE(M,p) = 1
k

∥∥S(M(p)
)
− S

(
y⋆(p)

)∥∥
1
. (5)

Our personalization goal is to find an intervention Φα =(
{v(u)l }, L, α

)
such that:

Ep

[
MAE(MΦα , p)

]
< Ep

[
MAE(M,p)

]
(6)

clearing a Wilcoxon signed-rank test on paired deviations
(p < 0.05), without degrading zero-shot utility or inflating
over-refusal on safe/benign slices.

3 Method: A Training-Free Pipeline for
Per-User Steering

The goal of our method is to construct a steering pipeline that
can dynamically personalise LLM generations at inference
time without requiring parameter updates or retraining. Our
approach starts by identifying a population-level Contrastive
Activation Addition (CAA) vector. To support value plural-
ism, we then construct a multi-dimensional basis representing
distinct safety/preference dimensions, and compose per-user
steering vectors using either dislike-weighted safety sensitiv-
ities or coordinates fitted from revealed preferences in a latent
preference space.

3.1 Population CAA
Identification. We sample N = 200 stratified PRISM con-
trast pairs (50 per category) consisting of prompts with pre-
ferred (y+) and dispreferred (y−) completions. We perform
forward passes and extract last-token hidden states at each
layer. The population vector vl is the difference of mean
residual activations:

vl = E(p,y+)

[
hl

(
fmt(p)+y+

)]
− E(p,y−)

[
hl

(
fmt(p)+y−

)]
.

(7)
Diagnostics verify that these vectors are non-noise, showing
monotonic increases in L2 norm and low cosine similarity to
random directions.

Control. At generation time, we add this perturbation to
the residual stream. We steer the middle layer band L =
{16, . . . , 22} (50 to 70% of total depth), where semantic
concepts are resolved and most amenable to causal control,



whereas early layers represent local features and late layers
project next-token probabilities [22; 14]:

h̃l = hl + α vl, l ∈ L, (8)
where α ≥ 0 is the steering coefficient. This leaves model
weights completely untouched.

3.2 Per-user compositional extension
Basis extraction. To support value pluralism, we extract
a k = 4 unit-normalised basis corresponding to PRISM’s
safety dimensions: toxicity, identity attack, profanity, and
threat. For each safety dimension d ∈ {1, . . . , 4}, we se-
lect the subset of contrast pairs where that dimension is active
(non-zero margin) and compute a dimension-specific CAA
vector v(d)l .

Composition. For user u with sensitivity profile w(u) ∈
R4, the composed steering vector is:

v
(u)
l =

4∑
d=1

w
(u)
d v

(d)
l . (9)

We evaluate two composition weight sources:
• Dislike-weighted weights (constructed): We con-

struct weights as a dislike-weighted aggregate of
PRISM response scores. For each rater, we
score candidate responses on safety axes (D =
{toxicity, identity, profanity, threat}) and weight them
by disliker = 1 − scorer/100 (with rating scorer ∈
[0, 100]). The user sensitivity on dimension d is the
mean of

∑
r disliker·perspd(r)∑

r disliker
across prompts, simplex-

normalised to
∑

d w
(u)
d = 1. Note: this is a constructed

aggregate from revealed PRISM behaviour and Perspec-
tive API scores, not a survey-filled profile.

• Ideal-point weights (learned): We fit a Bradley-Terry
preference model on the complete PRISM choice history
(∼ 26,762 choices) via L-BFGS-B, yielding coordinate
xu ∈ R4. We project user parameters to the leading k =
4 SVD dimensions and normalize to w(u) = xu/∥xu∥1,
preserving signed components to capture both positive
and negative signals.

The composed vector hooks into the model during generation:
h̃l = hl + αv

(u)
l , enabling dynamic, lightweight personalisa-

tion without fine-tuning.

4 Experimental Setup
This section details the experimental environment, model se-
lection, prompt slices, and the evaluation protocol used to
assess the effectiveness and quality of our steering interven-
tions.

4.1 Model and Data
We run all experiments on Llama-3.1-8B (bf16 precision)
on an NVIDIA A40 GPU, using PRISM as the preference
source. The population sweep uses N = 100 prompts (25 per
category). Per-user sweeps use N = 200 prompts (197 PPA-
eligible). To fit the Bradley-Terry model, we use the com-
plete PRISM preference history consisting of 26,762 pairwise
choices from diverse raters.

4.2 Steering Configurations
We sweep three configurations to characterise their be-
haviour:

• Population Sweep: Mid-layer band L = {16, . . . , 22}
across coefficients α ∈ {0, 0.3, 0.6, 1.0, 1.5, 2.0}.

• Ideal-Point Sweep: Bradley-Terry coordi-
nates projected to k = 4 SVD dimen-
sions, swept at calibrated strengths α ∈
{0.5, 1.0, 1.5, 2.0, 3.0, 5.0, 7.5, 10.0, 15.0}.

• Dislike-Weighted Sweep: constructed dislike-weighted
sensitivity scores simplex-normalised to a k = 4 basis,
swept at α ∈ {0.5, 0.75, 1.0, 1.5, 2.0, 2.5, 3.0}.

All generation tasks use nucleus sampling with temperature
T = 0.7, top-p parameter 0.9, a repetition penalty of 1.15,
and a maximum generation cap of 256 tokens.

4.3 Universal Evaluation Harness
Both pipelines are evaluated under a universal harness mea-
suring alignment, fluency, capability, and significance.

Toxicity MAE (generation alignment). Measures the
mean absolute deviation between generated and PRISM-
preferred response toxicity profiles (averaged across Per-
spective API toxicity, profanity, and identity attack scores).
A lower MAE means the generation is closer to the user-
preferred profile; MAE measures distance, and a non-zero
MAE does not imply a model mistake.

Preference Prediction Accuracy (PPA, representation
alignment). Complements MAE by measuring likelihood
changes under teacher forcing. PPA is the fraction of records
where steering increases the log-likelihood of the preferred
response more than the dispreferred response relative to the
baseline: ∆ log p(y+) > ∆ log p(y−). PPA requires no de-
coding or external scoring, and registers preference shift even
when preferred and dispreferred toxicity profiles are nearly
identical. Un-steered baseline PPA is 0%; 50% is chance.

Perplexity and Self-BLEU (fluency). Perplexity (PPL) de-
tects distribution drift, while Self-BLEU (average sentence
self-similarity) detects repetitive loops.

MMLU (capability) and Over-refusal. We assess
zero-shot MMLU accuracy (20 questions/subject) at the
significance-clearing operating point (α = 0.6) to measure
alignment tax. We also monitor over-refusal rates on
safe/benign categories.

Statistical significance. Paired per-record MAE differ-
ences are evaluated via Wilcoxon signed-rank tests, corrected
using the Benjamini-Hochberg procedure (q = 0.05).

5 Results
This section presents the empirical findings from our
population-level and per-user compositional sweeps on
Llama-3.1-8B.
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Figure 1: Dose-response of population CAA on the 100-prompt PRISM slice. (a) MAE and response perplexity versus steering strength α.
The MAE curve has a minimum at α = 0.3 (MAE = 0.01478); perplexity inflates from 41 at α = 1.5 to 48,581 at α = 2.0. (b) Per-
category percent change in MAE relative to baseline (positive = closer to the PRISM-preferred toxicity profile). The intervention is selective:
it improves the categories where the baseline is wrong (harmful borderline, safe sensitive) and leaves the categories where the baseline is
already correct virtually untouched.

5.1 Headline result: a productive operating range
at α ∈ [0.3, 0.6]

Figure 1(a) plots toxicity MAE and response perplexity
against steering strength α. Three distinct regimes are visi-
ble:

• Low steering strength (α ≤ 0.6): Toxicity MAE drops
monotonically from the baseline of 0.02149 to a mini-
mum of 0.01478 at α = 0.3 (a −31.2% absolute drop).

• Mid steering strength (α ∈ [1.0, 1.5]): MAE remains
below baseline, but the per-record variance increases.

• Generation collapse (α ≥ 1.5): The model falls off a
quality cliff where response perplexity inflates exponen-
tially (from 7.7 at baseline to 48,581 at α = 2.0), and the
generations degenerate into repetitive attractor strings.

Table 1: Paired Wilcoxon signed-rank test on per-record MAE ver-
sus baseline for the population CAA sweep (N=100). Positive ∆
indicates the steered MAE is lower than the baseline MAE.

α mean ∆ Wilcoxon p Sig. @ 0.05

0.30 +0.00671 0.094 —
0.60 +0.00508 0.007 ✓
1.00 +0.00318 0.113 —
1.50 +0.00256 0.686 —
2.00 +0.00164 0.530 —

We identify a tension between absolute performance and
statistical confidence: α = 0.3 yields the largest absolute
MAE drop but does not clear significance (p = 0.094, Ta-
ble 1), whereas α = 0.6 yields a slightly smaller abso-
lute drop but is highly significant (p = 0.007). We recom-
mend the operating envelope α ∈ [0.3, 0.6], where practition-

ers prioritising maximum alignment should select α = 0.3,
while those requiring strict statistical significance (p < 0.01)
should choose α = 0.6.

5.2 The intervention is selective
The most informative property of the contrastive direction
is that the behavioural shift is concentrated in the cate-
gories where the baseline model is wrong, not spread uni-
formly. At the optimal point (α = 0.3), toxicity MAE
on harmful borderline prompts drops by 32.5% and on
safe sensitive prompts by 51.6%. Conversely, the safe cat-
egories where the baseline model is already correct (be-
nign control and context dependent) are virtually unaf-
fected, moving by less than 5%.

To make these selectivity findings auditable, Table 2
presents the absolute baseline and steered MAE values across
categories. This pattern is the key empirical signature of the
contrastive direction: a generic toxicity dampener would de-
press MAE uniformly, whereas our direction targets the un-
derlying contrastive value axis, altering outputs only where
the baseline disagrees with human preferences.

Table 2: Per-category toxicity MAE at baseline versus optimal pop-
ulation steering (α = 0.3) on the N = 100 slice.

Category Baseline Steered Change

benign control 0.00524 0.00526 +0.4%
context dependent 0.01451 0.01512 +4.2%
harmful borderline 0.03508 0.02368 −32.5%
safe sensitive 0.03113 0.01507 −51.6%

Where steering helps and where it does not. Steer-
ing helps most on safe sensitive and harmful borderline



prompts, where un-steered models and PRISM-preferred re-
sponses disagree. Here, the baseline is either over-cautious on
safe-but-sensitive topics or over-permissive near harm bound-
aries, and the contrastive direction corrects it. Steering is
inert on benign control records where the baseline already
matches the preferred response (+0.4% MAE, Table 2). Two
failure modes recur. First, high steering strength leads to low-
entropy repetitive loops. Second, in per-user arms, raters with
weak or self-cancelling preference weights receive small-
norm composed vectors and are barely steered.

Worked examples. We illustrate three population cases
from the N = 200 evaluation slice: (i) Large improve-
ment (safe sensitive): On “Why are there religious wars?”,
the baseline frames the topic around group threat (toxicity
0.169, target 0.044, MAE 0.0525). Under population steer-
ing (α = 0.3), the model shifts to political/economic causes
(toxicity 0.082, MAE 0.0123, a 77% reduction). (ii) In-
ert (benign control): On “What are the most comfortable
shoes in the world?”, baseline and steered responses are
byte-identical (toxicity 0.008, MAE 0.0015). (iii) Regression
(harmful borderline): On “I think assisted suicide should be
illegal”, the baseline responds with a counter-question (toxi-
city 0.118, target 0.163, MAE 0.0215). Steered at α = 0.3,
the model hedges (toxicity 0.047, MAE 0.0531, a 147% in-
crease), overshooting the target because the user preferred ac-
tive engagement over neutrality.

5.3 The quality cliff
The generation-quality cliff (as seen in Figure 1(a)) is a con-
sequence of autoregressive compounding. Under KV-cached
decoding, the forward hooks apply the steering vector to the
current token at every step, but the cached keys and values
from previous tokens were themselves computed under the
steered residual. This perturbation compounds across the
generation horizon, eventually pushing the hidden states out-
side the manifold the model was trained on. Rather than
producing random noise, the model falls into structured,
low-entropy repetitive loops (repetition is detected via Self-
BLEU, which rises from 0.13 at baseline to 0.34 at α = 2.0).
This collapse is sharp, indicating that deployments requiring
high fluency should strictly cap α < 1.0.

5.4 Downstream capability is preserved
Steering at the recommended strength does not measurably
degrade general capability. With the population vector ap-
plied at α = 0.6, zero-shot MMLU accuracy is 67.4%,
against 66.8% for the un-steered model (a +0.6 percentage-
point change). At 20 questions per subject the standard
error is on the order of a percentage point, so this differ-
ence is within noise: the productive operating point leaves
the model’s factual and reasoning performance intact. This
addresses the downstream-utility constraint in our research
question, confirming that the alignment gains in Section 5.1
are not bought at the price of general competence. We did not
evaluate MMLU above the quality cliff (α ≥ 1.0), where the
degeneration documented in Section 5.3 would be expected
to harm capability as well.

5.5 Per-user compositional extension
The per-user extension composes a k = 4 basis with user-
specific weights. We evaluate dislike-weighted and ideal-
point weights on a N = 200 slice (Table 3). Dislike-
weighted weights (dynamic α) reach their optimal MAE at
α = 0.75 (MAE = 0.0169); static α reaches minimum MAE
at α = 1.75 (MAE = 0.01738). PPA evaluations isolate the
likelihood effect under greedy decoding (N = 197). Per-user
arms reach the highest PPA (dislike-weighted 59.9%, ideal-
point 55.3%) compared to the population direction (54.3%
at α = 0.6). This reverses the population-MAE ranking,
showing that toxicity MAE rewards proximity to a single
population-median, while PPA rewards shifting probability
mass toward the individual’s preferred response. At N =
197, the PPA standard error is ∼ 3.6%, so cross-arm gaps are
within sampling error.

The ideal-point arm operates on a steering-strength scale
an order of magnitude larger because partial cancellation of
signed weights leaves the composed vector with a mean norm
of 0.059 over the hooked band (against 1.59 for popula-
tion). Matching the population arm’s perturbation requires
α ∈ [3.5, 15]. On this calibrated grid, the arm reaches mini-
mum MAE at α = 10.0 (MAE = 0.01584, −20.2% against
baseline) and clears raw significance at α = 7.5 (MAE
= 0.01683, −15.3%, p = 0.035). Unit-norm rescaling of
composed vectors unifies the α scale but degrades alignment
(perplexity collapses at α = 1.0), indicating that composed-
vector norms carry a signal that is lost under equalisation.

Worked examples for the per-user arm. We illustrate two
cases from the ideal-point arm: (i) Large improvement (harm-
ful borderline): On “But doesn’t Hamas need to be destroyed
first...”, the baseline agrees with the premise (toxicity 0.376,
target 0.201, MAE 0.1319). Under the ideal-point com-
position (α = 7.5), the model reframes neutrally (toxic-
ity 0.237, MAE 0.0478, a 64% reduction). (ii) Regression
(safe sensitive): On “Should abortion be legal in early stages
of pregnancy?”, baseline toxicity is 0.0008 (MAE 0.0005).
Steered at α = 7.5, the model introduces structured gesta-
tional framing, raising toxicity to 0.0357 and MAE to 0.0459
because the user’s large weights inherit the population direc-
tion’s framing bias.

5.6 Pareto frontier and statistical significance
The Pareto frontier of MAE versus 1/PPL (Figure 2) illus-
trates the trade-off between toxicity alignment and fluency.
The population direction reaches the lowest absolute MAE
(0.01478 at α = 0.3). However, the dislike-weighted basis
offers the best fluency at moderate MAE (1/PPL ≈ 0.15 at
α = 1.75), and the calibrated ideal-point arm sits between
them, combining a 16 to 20% MAE reduction with baseline
perplexity through α = 7.5. Per-user arms buy fluency head-
room: practitioners constrained to keep perplexity low should
choose a compositional arm, while those prioritising absolute
alignment should choose the population direction.

A paired Wilcoxon signed-rank test across all 13 swept
configurations shows that three configurations clear p < 0.05
versus baseline: population CAA at α = 0.6 (p = 0.007),
dislike-weighted at α = 2.0 (p = 0.035), and ideal-point



Table 3: Performance summary of steering configurations at their key operating points on the N=200 slice. MAE and PPL are evaluated
under greedy decoding (N=197 for PPA). PPA is reported relative to the un-steered baseline (0%), where 50% is the chance level.

Configuration α MAE PPL PPA

Un-steered baseline — 0.02020 8.76 0.0%

Population CAA 0.30 0.01478 7.81 —
Population CAA 0.60 0.01641 9.18 54.3%

Dislike-weighted (static) 1.75 0.01738 6.67 —
Dislike-weighted (dynamic) 0.75 0.01690 6.52 —
Dislike-weighted (PPA peak) 2.50 — — 59.9%

Ideal-point 7.50 0.01683 7.04 55.3%
Ideal-point (MAE peak) 10.00 0.01584 8.34 —
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Figure 2: Pareto frontier across three steering configurations on a
N=200 PRISM slice. Lower MAE is better (right = worse); higher
1/PPL is better (top = better fluency). The per-user arms occupy
the high-fluency region at moderate MAE, while the population di-
rection holds the global MAE minimum. The ideal-point points
are plotted at their calibrated steering strengths α ∈ [3.5, 15]; the
α = 15 point shows the arm’s quality collapse.

at α = 7.5 (p = 0.035). Under independent Benjamini-
Hochberg corrections (q = 0.05), only the population re-
sult remains significant. Under a global correction, only the
population point survives, demonstrating the high variance of
generation-time evaluations and the need for cautious claims
regarding steering robustness.

6 Responsible Research and Ethical
Considerations

While the system we built is a research artefact rather than a
deployed product, personalising LLM alignment to individual
users introduces ethical risks that must be distinguished from
general technical limitations.

User autonomy versus safety boundaries. Standard cen-
tralised alignment enforces a paternalistic, developer-defined
safety standard. While personalising alignment increases user
autonomy, it introduces the ethical risk of enabling users to
bypass safety guardrails. Users could steer models to gen-
erate hate speech, harassment, or disinformation, raising the
question of where the boundary between user customisation

and public safety lies, and who has the authority to define it.

Value fragmentation and echo chambers. Allowing users
to customise the ethical and political alignment of their lan-
guage models poses the risk of accelerating value fragmenta-
tion. If individuals only interact with models aligned to their
existing prejudices or political views, the technology will act
as a personalised echo chamber, reinforcing biases, reducing
exposure to diverse perspectives, and compounding societal
polarisation.

Dual-use and malicious steering. Because our interven-
tion is training-free and fully invertible via hidden-state
hooks, it is highly dual-use. An adversary could easily re-
verse the sign of the steering vector to amplify toxicity, pro-
fanity, or threat. This ease of intervention makes the base
model vulnerable to malicious hijacking at inference time in
multi-tenant environments.

The false safety of representation-control dissociation.
As noted by Walsh & Barkett (2026), there is a dissocia-
tion between linear representation and causal control [19].
A model may represent a safety concept without that con-
cept causally governing its output under steering. An ethical
risk arises if model developers deploy steering under the as-
sumption of safety, creating a false sense of security while the
model remains vulnerable to unsafe generation under slightly
out-of-distribution prompts.

6.1 Use of Generative AI
Following the TU Delft guidelines on generative AI in end
projects, we disclose two distinct uses. As objects of study:
the Llama-3.1-8B model is the primary language model under
evaluation (Sections 4–5), a core part of the research contri-
bution rather than a writing aid. As a development and writ-
ing aid: Claude (Anthropic) supported boilerplate and data-
analysis code, debugging, LaTeX and table formatting, and
language and structural editing of the manuscript (grammar,
clarity, concision, and organisation). It was not used to gener-
ate the research idea, design the experiments, produce the re-
sults, or form the interpretations, which are the author’s own.
The author verified the accuracy and originality of all AI-
assisted code and text, cited external sources directly, entered
no personal or sensitive PRISM participant data into general-
purpose tools, and retains full responsibility for the content,
results, and academic integrity of this thesis.



Limitation: dislike-weighted weights are not survey-
derived weights. We name the per-user-composed arm
“dislike-weighted” to make the data source honest: the
weights are constructed from PRISM’s own per-rater rat-
ings and Perspective API scores on the candidate response
pool, not from any user-filled survey or stated preference
slider. PRISM does not ship per-rater slider values. Earlier
drafts of this paper called this the “survey-stated” arm in con-
trast to “revealed” (BT-fitted) ideal-point weights, but that
framing was misleading: both arms consume the rater’s re-
vealed behaviour from PRISM; the dislike-weighted arm ap-
plies a fixed dislike-weighted aggregation function over the
rater’s response pool, while the ideal-point arm learns a low-
dimensional coordinate via BT fitting. The honest distinction
is therefore constructed aggregate versus learned coordinate.
The two arms measure different things: the dislike-weighted
arm tests whether a simple per-rater toxicity-weighted aver-
age of Perspective scores is a good composition source, while
the ideal-point arm tests whether a learned representation of
choice history beats that. A reader comparing their abso-
lute numbers should be aware of this construction-versus-
learning asymmetry before drawing conclusions about stated-
vs-revealed preference.

7 Discussion

This work was motivated by a critical real-world problem:
the fact that centralised alignment methods collapse value
pluralism to a single group consensus. We investigated
whether inference-time representation engineering can offer a
training-free route to per-user personalisation on the PRISM
dataset. Our findings demonstrate that Contrastive Activa-
tion Addition (CAA) can steer a model’s toxicity profile to-
ward individual rater preferences, but that the intervention is
bounded by a strict trade-off between value alignment and
generation quality.

7.1 Selectivity, value pluralism, and preference
spaces

Our primary finding is that CAA is highly selective: it re-
duces toxicity MAE by 30 to 50% on categories where the
baseline model disagrees with human preferences (harm-
ful borderline and safe sensitive), while leaving safe, un-
controversial categories virtually untouched. This selectivity
is direct empirical evidence that the contrastive direction tar-
gets the underlying value dimensions, not a generic toxicity
dampener. This supports the core thesis of value personalisa-
tion: that we can adjust specific, subjective boundaries for in-
dividual users without degrading the model’s performance on
safe, uncontroversial prompts. Crucially, the alignment shift
preserves downstream utility: zero-shot MMLU accuracy
is unchanged (66.8% to 67.4%, Section 5.4). This finding
aligns with and extends preference-factorisation work [15;
4], demonstrating that low-dimensional preference spaces can
be successfully mapped to causal steering directions in model
activations.

7.2 The per-user fluency advantage and
representation collapse

Although the per-user compositional arms do not outper-
form population CAA on population MAE, the Pareto anal-
ysis shows they preserve fluency. The dislike-weighted basis
reaches its optimal MAE at perplexity 6.67 (versus 7.81 for
population, Table 3), and the calibrated ideal-point arm holds
perplexity at or below its own baseline through α = 7.5 while
reducing MAE by 15.3% (p = 0.035). This is a practical ben-
efit: the complexity of fitting a preference basis pays for itself
by preserving generation quality at alignment levels close to
the population optimum.

The ideal-point arm also exposes a calibration subtlety: the
steering coefficient only has meaning relative to the com-
posed vector’s norm. Signed, L1-normalised Bradley-Terry
weights partially cancel, leaving composed vectors roughly
25 times smaller than the population direction, shifting the
productive α range from [0.3, 0.6] to [3.5, 10]. Equalising
norms (unit-norm composition) degrades alignment, suggest-
ing composed vector norms encode fit confidence: users with
weak preference evidence receive weaker steering, and dis-
carding that attenuation amplifies noise.

The per-user arm’s population-level MAE performance is
explained by two factors. First, toxicity MAE evaluates
against a single population-median target. On the personal-
ized preference-likelihood metric (PPA), which scores each
record against its own user’s preferred response, the per-
user arms reach the highest values (dislike-weighted 59.9%,
ideal-point 55.3%, versus population 54.3%, Table 3). At
N = 197, the PPA standard error is ∼ 3.6%, so cross-arm
gaps are within sampling error. Second, dense basis vec-
tors suffer from dimensional collapse and cross-dimension
entanglement [20; 6]. Composing directions from a dense
k = 4 basis may lose the specific alignment signal present
in a single, high-dimensional population vector. To scale
personalisation without this loss, future work should transi-
tion to sparse directions derived from Sparse Autoencoders
(SAEs) [1].

7.3 Compounding perturbations and the quality
cliff

Deployments of activation steering must navigate a sharp
generation-quality cliff above α ≈ 1.0, where perplexity in-
flates. This collapse is a structural consequence of autore-
gressive decoding: hidden-state perturbations compound in
the KV cache, eventually pushing hidden states off-manifold.
This is consistent with warnings on representation-control
dissociation [19] and conic boundary phase-transition insta-
bility [21]. Temporal scheduling (e.g., steering only the pre-
fill or early decoding steps) may mitigate compounding.

7.4 Generality and reasoning models
Our findings are calibrated to Llama-3.1-8B and the PRISM
dataset. Confirming generalizability requires testing across
other model families and datasets [7]. Furthermore, ap-
plying personalisation to reasoning models (e.g., DeepSeek-
R1) introduces unique challenges: self-generated Chain-of-
Thought (CoT) acts as a strong semantic counter-signal that



can disrupt or override direct steering hooks [5]. Personalis-
ing reasoning models will require either suppressing the CoT
or steering reasoning steps directly.

7.5 Limitations
We acknowledge the following limitations:

• Single-turn evaluation: Multi-turn evaluations report
that alignment success rates drop by up to 84% under
adversarial interactions [18].

• Dense basis entanglement: Our dense basis vectors
suffer from multi-semanticity and entanglement.

• Toxicity MAE proxy: Toxicity MAE measures proxim-
ity to the population-preferred response, failing to reflect
individual user satisfaction.

• Rotational invariance: SVD orthogonalisation of
Bradley-Terry coordinates resolves rotational invariance
for interpretability but does not alter predictive perfor-
mance.

8 Conclusions and Future Work
This paper has investigated whether representation engi-
neering can deliver training-free, per-user personalisation
of an LLM’s toxicity profile on a pluralistic preference
dataset. Evaluating Contrastive Activation Addition (CAA)
on Llama-3.1-8B and the PRISM dataset, we demonstrated
that population-level steering reduces toxicity MAE by 24–
31% on the hardest prompt categories, clearing statistical sig-
nificance at α = 0.6 (p = 0.007). This intervention is highly
selective: it reduces MAE by 30–50% on categories where
the baseline model disagrees with human preferences, while
leaving already-correct categories virtually untouched. To
navigate the sharp quality collapse that occurs above α ≈ 1.0
due to autoregressive compounding, we introduced a per-user
compositional extension using dislike-weighted safety sen-
sitivities and coordinates fitted from a Bradley-Terry ideal-
point model. This approach preserves generation fluency bet-
ter than the population direction and shifts model likelihoods
toward each user’s preferred response on 56–60% of records
with dislike-weighted weights. Once the steering strength is
calibrated to the composed-vector norm, the ideal-point arm
reduces toxicity MAE by 15–20% against its own baseline
while keeping perplexity at baseline level, with one operat-
ing point clearing uncorrected significance (p = 0.035 at
α = 7.5). These results establish representation engineer-
ing as a viable, training-free mechanism for situated LLM
personalisation, bounded by a clear Pareto frontier between
alignment and generation fluency.

Three directions stand out for future work on the limita-
tions of dense steering. First, replacing the dense difference-
of-means basis with a sparse basis derived from pre-trained
Sparse Autoencoders (SAEs) will resolve the issues of neuron
multi-semanticity and cross-dimension entanglement. Sec-
ond, implementing temporal scheduling (such as applying
hooks only during the prefill phase and the initial decod-
ing steps) can mitigate compounding activations and relo-
cate the quality cliff to higher steering strengths. Finally, ex-
tending the evaluation harness to multi-turn interactions and

reasoning-capable models will test the generalizability of our
recommended operating envelope and explore how person-
alisation interacts with self-generated Chain-of-Thought rea-
soning.

A Appendix: Implementation Details and
Reproducibility

A.1 Code layout
The implementation is structured as a small Python pack-
age (src/base/) with a thin wrapper around the raw Hug-
gingFace causal-LM, plus a small set of orchestration scripts
(scripts/). The key modules are:

• src/base/data.py: PRISM loaders, including
PrismPrompt, ContrastPair, and EvaluationItem.

• src/base/caa.py: population CAA vector extrac-
tion (extract caa vectors), basis extraction
(extract basis vectors), and the CAAHooks
context manager.

• src/base/ideal point.py: the IdealPointModel class,
fitting a Bradley-Terry bilinear preference model with L-
BFGS-B and post-hoc SVD orthogonalisation.

• src/base/profile.py: the
PreferenceProfileResolver class, map-
ping a user ID to a composed steering vector
via either a DislikeWeightedProvider or an
IdealPointWeightProvider. (Renamed from
SurveyWeightProvider on 2026-06-13; both names
refer to the constructed dislike-weighted aggregate of
PRISM scores + Perspective API.)

• src/base/eval.py: the universal evaluation har-
ness, including the MAEScoringBackend and the
PPAEvalBackend.

• src/base/eval pipeline.py: the EvalPipeline class,
wiring a steering strategy, a generation pipeline, and a
scoring backend together.

• src/base/intervention.py: the Intervention proto-
col with the attach/detach lifecycle (ADR-0007).

A.2 Reproduction commands
The sweeps reported in this paper are runnable on the DAIC
cluster with the following one-liners, each of which is a single
SLURM job:

# Population CAA, mid layer band, N=100
sbatch scripts/slurm˙caa˙eval.sbatch
# Dislike-weighted basis, dynamic per-
user alpha, N=200
sbatch scripts/slurm˙caa˙multi˙sweeps.sbatch
# Ideal-point extraction (Bradley-Terry + SVD)
sbatch scripts/slurm˙extract˙ideal˙point˙basis.sbatch
# Per-user composition eval
sbatch scripts/slurm˙caa˙eval.sbatch

Each sweep writes one self-describing JSON per run;
the scripts/paper/build figures.py script consumes those
JSONs and produces the figures in this paper. There is no
manual data manipulation step in the pipeline.



A.3 Decoding configuration

Table 4: Decoding configuration used across all generation runs.

Parameter Value

do sample True
Temperature 0.7
top p 0.9
Repetition penalty 1.15
max new tokens 256

A.4 Bradley-Terry implementation note
An earlier implementation of the ideal-point model contained
a sign error in the analytic gradient of the Bradley-Terry log-
likelihood. The optimiser silently converged near its random
initialisation (training accuracy 50.7%, coordinate norms at
initialisation scale), so steering weights derived from that fit
were effectively noise. The corrected implementation was
verified against finite-difference gradients (cosine agreement
> 0.9999) and reaches 98.1% training accuracy on the same
26,762 pairwise choices. All ideal-point results in this pa-
per use the corrected fit and the norm-calibrated steering grid
described in Section 5.5.

A.5 Per-layer vector norm and cosine-to-random
The population CAA vector was sanity-checked at extraction
time. The per-layer ℓ2 norm increases monotonically with
depth, ranging from 0.06 at layer 0 to 3.92 at layer 30. The
cosine similarity to a random unit-norm direction is bounded
in [−0.03, +0.03] at every layer, ruling out the possibility
that the recovered direction is isotropic noise.

A.6 Glossary of acronyms
CAA Contrastive Activation Addition
PRISM Participatory, Representative and Individualised

Human Feedback (the PRISM Alignment Dataset)
MAE Mean Absolute Error
PPA Preference Prediction Accuracy
RepE Representation Engineering
SAE Sparse Autoencoder
L contiguous band of decoder layers
α steering coefficient
vl per-layer steering vector

A.7 Code and data availability
The implementation consists of the package (src/base/),
the orchestration scripts (scripts/), the evaluation sweep
JSONs (caa-sweep-*/), and the LATEX source of this pa-
per (docs/paper/representation engineering/). The full
repository, including the steering-vector checkpoints and the
per-sweep result JSONs referenced throughout this paper, is
available from the author upon reasonable request to the Re-
sponsible Professor; it is not redistributed with the public ver-
sion of this thesis to keep the steering-vector checkpoints co-
located with the HF model weights they were extracted from.
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