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Abstract. Normative stance underlies decisions in law, legal reasoning, policy, and
safety-critical settings. A model’s judgment of what is permissible vs. impermis-
sible often determines its downstream behavior. We study how to steer a language
model’s normative stances at inference time by adding a tiny, contrastive pertur-
bation to the /ast-token neural activation in late MLP layers (contrastive last-token
steering). For each normative prompt, we construct a contrast direction by com-
paring its last-token activation to that of a minimally edited variant that implies a
more permissive normative stance (e.g., “acceptable” rather than “wrong”). During
generation, we add this vector at the last token; a single strength parameter ¢ con-
trols how strongly and in which direction we push the model’s stance (permissive
vs. restrictive). Impact is measured as the change in a next-token logit margin be-
tween permissive and restrictive continuations. To avoid overclaiming, we calibrate
a threshold 7 on neutral controls (same layers, tempered strengths with |a| < 1)
and count success only when the shift exceeds 7 in the expected direction. We also
assess specificity by verifying that, on neutral control prompts, steered outputs ex-
actly match unsteered baselines. Beyond component-level tests, we probe neuron-
level locality by steering only the top-k contrastive neurons (ranked by last-token
contrast) and confirming reversibility on our test set: +¢ produces the shift and
—a reverses it. The method is training-free, uses standard forward hooks, and we
report pilot results on Llama-3-8B-Instruct.

Keywords. Large Language Models, Normative Alignment, Normative Reasoning,
Mechanistic Interpretability

1. Introduction

Large language models (LLMs) now routinely engage in tasks that require moral and
normative judgment—choosing between conflicting values, resolving ethical and legal
dilemmas, and aligning with user-defined principles. LLMs are increasingly assessed and
even used around morally salient judgments. When prompted with trolley-style scenar-
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ios or everyday social dilemmas, these models can articulate moral reasoning and pro-
duce graded or binary decisions [1,2]. At the same time, moral judgments are highly
sensitive to prompt framing [3] and exhibit cultural biases and limits [4,5]. Some ex-
periments show that ChatGPT’s moral advice can be inconsistent yet still shifts users’
decisions [6], and LLMs can outperform humans on social situational judgment tests [7];
moreover, people may rate LLMs’ ethical advice as rivaling a professional ethicist [8].
Yet while LLMs’ outputs can be coherent, the internal mechanisms that steer these nor-
mative choices remain opaque. Understanding which neural components encode norma-
tive preferences allows us to explore the alignment of LLMs with norms and to ensure
that automated systems remain accountable and transparent in their normative reasoning
(which is crucial in the legal domain). In this paper, we ask the following research ques-
tion: Which internal representations are responsible for a model’s moral stance, and can
we causally intervene on them without retraining?

Terminology. We call a stance permissive when continuations such as “accept-
able”/“justified” are preferred over “wrong”/“unacceptable”, and restrictive otherwise.
Specificity means the intervention leaves unrelated outputs unchanged; we measure it as
canonicalized exact—match of steered vs. unsteered greedy generations on neutral con-
trols. For example, the minimal pair “Lying to save lives is morally ...” vs. “Lying to
save face is morally ... ” implies opposite stances under small textual changes (mutatis
mutandis, this is analogous to minimal, but substantial fact variations in case law that
may flip a legal judgment).

Our approach. We study these questions via contrastive activation steering. Rather
than swapping whole activations, we compute a direction of change between a mini-
mally different prompt pair that elicits opposite stances (“permissive” vs. “restrictive”).
We then inject a small, controlled perturbation along this contrast direction at the last in-
put position inside selected MLP blocks (primarily late layers) during the forward pass.
The intervention is scaled by a single real parameter ¢ (the strength); positive + is
aligned—by a brief sign probe—to push toward the stance predicted by the counterfac-
tual prompt, while negative —a reverses the effect. We quantify causal impact using a
calibrated next-token logit margin between mutually exclusive continuations correspond-
ing to the two stances. For moral pairs we always steer the last token; for neutral con-
trols we keep the same last-token position but use masking to check that outputs remain
unchanged.

Evaluation frame. To avoid over-interpreting single runs, we adopt a compact but
principled evaluation pipeline:

1. Directional validity. At a given o, does the decision shift A have the expected
sign (toward permissive for +a, toward restrictive for —a) as predicted by the
counterfactual pair?

2. Calibrated decision threshold. We estimate a threshold 7 from neutral control
prompts using the same layers and a tempered subset of strengths (ja| < 1, i.e.,
o € {—1.0,—0.8,0.8,1.0}), and count a success only when A - sign expected ex-
ceeds 7.

3. Specificity. We test that steering leaves unrelated outputs unchanged by com-
paring steered vs. unsteered generations on neutral controls (canonicalized exact
match), reporting preservation and corruption rates.

4. Dose-response and reversibility. We sweep « over a symmetric grid (posi-
tive/negative). Neuron-level tests include explicit reversibility checks (+o vs.
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—o). At the component level we report success across strengths; a formal mono-
tonicity score is left for future work.

5. Neuron-level locality. Within late MLP layers, we select top-k neurons by last-
token contrast magnitude and test whether small, sign-aligned subsets can repro-
duce (and reverse) the steering effect.

Contributions. We present a compact pipeline for causally steering moral stances
in pretrained LLMs, showing mechanistic evidence that paves the way for an integration
between the field of Al&Law and the young field of Mechanistic Interpretability:

1. Contrastive last-token steering. A causal intervention that targets contrastive,
last-token directions by modifying MLP outputs that feed the residual stream (we
emphasize late layers but also test selected earlier layers). The method requires
no fine-tuning and uses standard forward hooks during inference only.

2. Calibrated logit-margin metric. A decision-shift metric based on the change
in logit margin between opposed completions, with a neutral-control-derived
threshold for consistent comparisons across prompts, layers, and steering
strengths.

3. Neuron-level locality. A neuron-level analysis in late MLPs showing that small,
sign-aligned subsets (top-k by contrast) can flip stance on our test set and exhibit
reversibility with +a/—a.

Together, these components provide a reproducible workflow for measuring and control-
ling moral decisions in LLMs using only inference-time interventions.

Scope. We evaluate on Meta-Llama-3-8B-Instruct and a set of moral minimal pairs;
claims are about steering effects within this setting. Component-level dose—response is
reported via strength sweeps; explicit monotonicity scoring is left as future work.

Paper organization. Section 2 contextualizes this work in the literature. Section 3
presents the contrastive last-token steering method. Section 4 details the experimental
setup and reports results. Section 5 discusses limitations and future directions, and con-
cludes this work.

2. Related Work

Moral behavior in language models. LLMs exhibit moral and social judgments that
appear to reflect implicit values learned during pretraining. Prior work has evaluated
these behaviors using curated benchmarks and ethical dilemmas. For example, [9] in-
troduced Delphi to make ethical judgments across diverse scenarios, and [10] proposed
ETHICS to assess dimensions such as justice, virtue, and utilitarianism. [11] analyze
moral foundations in LLMs, while [12] explore self-refinement strategies that can influ-
ence responses to moral questions. Much of this literature is output-centered; the internal
mechanisms producing these stances remain comparatively less characterized, despite
their importance for domains such as computational legal reasoning, where explanations
of normative stance are critical.

Mechanistic interpretability and causal interventions. Mechanistic interpretabil-
ity aims to reverse-engineer computations inside transformers [13], including work on
superposition and feature sharing [14] and on targeted weight edits such as ROME [15].
A complementary line of research uses activation patching/causal tracing to test how
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swapping or modifying hidden states affects behavior. Our approach follows this causal-
intervention paradigm but in a localized setting: we construct a contrastive direction from
minimally different prompt pairs and add a small, inference-time perturbation at the last
token inside late MLP blocks, leaving model weights unchanged.

Probing vs. causal control. Linear probes and concept vectors (e.g., CAVs; [16])
indicate that a representation correlates with a concept, but correlation does not by itself
imply that manipulating that representation causes behavior to change. Bias and social-
attribute evaluations (e.g., [17]) similarly diagnose tendencies without isolating mecha-
nism. By contrast, we emphasize causal tests: we measure a calibrated change in a next-
token logit margin when we add a small, sign-aligned perturbation to late-layer MLP
activations. Beyond component-level tests, we examine neuron-level locality by steering
only the top-k contrastive neurons and verifying reversibility with +o/—c.

Steering without fine-tuning. Inference-time steering spans prompt-based control,
activation editing, and representation arithmetic. Our contribution fits within this space
but differs in three respects: (i) we derive contrastive, last-token directions from mini-
mally changed moral pairs (rather than global directions or weight edits), (ii) we cali-
brate a decision threshold on neutral controls to avoid overclaiming spurious flips, and
(iii) we validate locality and reversibility by showing that small neuron subsets in late
MLPs can reproduce and reverse the effect. This yields an efficient, reproducible pipeline
for causal moral steering using standard forward hooks at inference time.

Al&Law. Integrating symbolic and sub-symbolic Al is becoming increasingly im-
portant in the field of Al&Law [18], and Mechanistic Interpretability offers a fundamen-
tal opportunity to explore new integrations between these two traditional paradigms in
Al Our work is a first attempt to propose an integration between these two communities.

3. Method

We describe an interventional, inference-time procedure to steer a pretrained language
model’s moral stance by adding small, targeted perturbations to late MLP activations.
The procedure has four components: (i) a decision signal defined as a next-token logit
margin between mutually exclusive moral continuations; (ii) contrastive last-token steer-
ing that injects a direction computed from minimally different prompt pairs; (iii) cali-
bration and specificity using neutral controls; and (iv) a neuron-level variant that targets
small subsets of units.

At a glance. For each moral pair we (a) build a last-token direction from the base
vs. source contrast (or a PCA fallback—Ilast-token, position-aware—if unavailable), (b)
orient it via a one-shot sign probe and inject it into selected late MLP layers at strength
a, and (c) score the change in the next-token margin against a calibrated threshold; we
also (d) check specificity on neutral controls and (e) run a neuron-level variant targeting
top-k units. We focus on last-token interventions because late-layer MLP features tend
to consolidate decision signals; in practice our component-level run steers a fixed set of
MLP layers spanning early through late blocks, while neuron-level tests focus on late
layers where the effect is most localized. The steering strength o is not learned: we
sweep a symmetric grid and select & by a calibrated success metric, with the threshold ©
estimated from neutral controls using the same layers and tempered strengths.
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3.1. Task and Decision Signal

We work with minimal pairs of prompts (Pyase, Psrc) that differ by a small surface change
but imply opposite stances (“permissive” vs. “restrictive”). Let x be the tokenized input
for By, and let y; and y_ denote mutually exclusive next-token continuations aligned
with “permissive” and “restrictive” readings, respectively.” Given next-token logits £(-),
we define the logit margin as m = {(y;) —£(y_), and the decision shift for an intervention
as A = Mpatched — Mbase- POSitive A indicates movement toward a permissive decision.

3.2. Contrastive Last-Token Steering

Let h(x) e RT*H be the MLP output at layer ¢ for input x (sequence length T, hidden
size H). We steer only the last token. Define the last-token shorthand 4}.(P) = h'(P)r.,
and form a per-pair contrastive direction by differencing the base and counterfactual
prompts:

AhZT = hg‘ (PSrC) - I//T (Pbase)a
Ah.
V=
ARz |2 +€

where € is a small device/dtype-safe constant.

At inference time, inside a selected set of MLP layers .Z, we add a tiny perturba-
tion at the last position: i} = h% + as;op vy, { € £ where o € R is the steering
strength, 0'% = std(h?) is the local hidden-state scale (std. across the hidden dimension),
and sy € {41, —1} orients the effect so that +a increases the permissive margin implied
by Pyc. We set sy with a one-shot sign probe: apply a small +0yope (€.g., 0.8) on that
layer and pair; if the measured margin shift A is opposite to the expected direction, flip
the sign. When steering multiple layers simultaneously, we scale by 1/+/|-Z| to keep the
intervention magnitude comparable.

Fallback direction. We compute a small, position-aware PCA “moral subspace” by
applying PCA to last-token MLP activations across moral prompts and ranking com-
ponents by how well their projections predict a permissive—restrictive margin. When a
per-pair contrast is unavailable, we use the normalized average of the top-ranked PCA
directions as a fallback and orient it with the same sign probe.

3.3. Calibration and Specificity

We estimate a decision threshold T from neutral control prompts (e.g., weather/geography).
We apply the same layers and a tempered subset of strengths (Jot| < 1) to controls and
set T to the empirical 95" percentile of |A| aggregated over those controls and strengths.
A trial on a moral pair is counted as a success only if

A-sign

expected > T,

2In practice, we pool a small set of stance tokens/phrases such as right/acceptable/justified vs.
wrong/unacceptable/unjustified.
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where Signeypecied € {+1,—1} encodes the stance implied by the counterfactual source,
computed by either a small NLI-based scorer or a lexical heuristic over the source com-
pletion.? All moral-pair interventions target the last token (gate_on_mask=False). For
neutral controls we also gate the hook at the last token (gate_on_mask=True); specificity
holds when steered control outputs exactly match their unsteered baselines. Specificity
metric: we test that steering leaves unrelated content unchanged by re-generating short
outputs for neutral controls with and without hooks and reporting control preservation
(canonicalized exact match) and corruption rates.

3.4. Neuron-Level Steering

For each ¢ € £, we select top-k neurons by absolute contrast magnitude at the decision
position: Sﬁ = t0p-k(| "' (Perc)T,: — hf(Pbase)T,; |) .We then add per-neuron nudges at the
last token: fVT = h[T ;o sﬁ . G;, JjE Sﬁ,with signs si‘- aligned by a single-neuron
probe (flip if +0probe yields a negative A). We evaluate k € {1,5,10} and test reversibility
under —a. The neuron-level success threshold is Tyeyron = max(0.57,0.02) to reflect
smaller expected effect sizes.

3.5. Implementation Notes

All interventions are implemented with standard hooks (no parameter updates): forward
hooks for component-level steering and forward pre-hooks for neuron-level nudges. We
target MLP modules of a decoder-only transformer, steer only the last token, normalize
steering vectors with a device/dtype-safe € (allocated on the module’s device and dtype),
and scale by the local std. to reduce sensitivity to layer/dtype. We use greedy decoding
for short baselines and read next-token logits directly to compute margins; the sweep
selects the o with the highest calibrated success rate. An optional split_variants
mode repeats the pipeline over disjoint prompt buckets for robustness.

4. Experimental Setup and Results

We now specify the concrete settings used to run the method in Section 3. This section
details experimental setup and results. We use Meta-Llama-3-8B-Instruct as the target
model (decoder-only transformer). Unless otherwise noted, we run in torch.float32
with greedy decoding (do_sample=False) and a fixed random seed (seed=42). Ex-
periments were executed on two environments: a local Apple Silicon macOS device
with Metal Performance Shaders (MPS) backend, and a Colab (A100) environment with
CUDA and with bfloat16/float16 mixed precision for the base model (steering math
(norms, scaling) uses the module’s compute dtype with device-allocated € to remain
dtype-safe). We register forward hooks only; model weights are never updated.

3 Implementation note. The NLI scorer is only used to set the expected sign for orientation; the primary
outcome is the next-token logit-margin shift.
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4.1. Minimal-Pair Prompts

We evaluate on a set of moral minimal pairs that differ by a short phrase but imply
opposite stances (permissive vs. restrictive). Examples include:

* “Lying to save lives is morally ... ” vs. “Lying to save face is morally ... "
e “Helping others is morally ...” vs. “Harming others is morally ...”

» “Stealing to save lives is ... " vs. “Stealing for personal gain is ...’
* “Breaking rules to help others is ... ” vs. “Breaking rules to help yourselfis...”

’

We instantiate n=284 minimal pairs by combining seed contrasts with a deterministic
paraphrase (e.g., morally—ethically, insert “is generally”) and two light context wrap-
pers (In general, | From an ethical standpoint,), then deduplicating and shuffling.* For
each pair (Byase, Pirc ), We generate a short greedy completion for Py, and use it to set the
expected direction (Section 3.3) via a small NLI scorer or a lexical heuristic.

4.2. Control Prompts

To calibrate the decision threshold and measure specificity, we use neutral prompts unre-
lated to morality (e.g.: “The weather today is ...”; “Mathematics involves numbers and
...”; “The capital of France is . ..”). For these prompts, we run the same hook configura-
tion and compare steered vs. unsteered generations after canonicalization (lowercasing,
symbol stripping). Control preservation is reported as exact-match rate.

4.3. Layers and Steering Vectors

We first run a lightweight diagnostic to identify influential components (position-aware
PCA). For the component-level run we steer a fixed set of MLP layers spanning early and
late blocks, while neuron-level tests focus on late layers. For the reported runs we steer
MLP blocks at the following layers: £ = {0,4,8,10,16,18,20,22,28,31}(0-indexed).
For each pair and layer ¢ € . we compute a last-token contrast vector vy (Section 3.2);
when unavailable, we fall back to a position-aware PCA direction computed from last-
token MLP activations. Vector orientation is aligned per layer by a one-shot sign probe
(Oprobe 2 0.8) so that +a increases the permissive-restrictive margin, and we scale by
1/+/|-Z| when steering multiple layers. Neuron-level tests focus on late layers (e.g.,
{28,31}). For moral pairs we always steer the last token; for neutral controls we use
the same last-token position with mask gating so hooks are inert unless that position is
active.

4.4. Strength Sweep and Decoding

We sweep a symmetric coarse grid o € {—1.2,—1.0,—0.8,0.8,1.0,1.2},and scale the
per-layer intervention by 1//|-Z| when steering multiple layers. Directions are oriented
by a one-shot sign probe (see §3.2; Qprobe ~20.8) so that + o increases permissiveness. For
each a and each pair, we run a single greedy step (do_sample=False) to read off next-
token logits and compute the decision shift A. The calibrated success across strengths is
plotted in Figure 1. We also log the sign of the margin change (permissive vs. restrictive)
for summary counts.

4Expansion is deterministic and we set seed=42 before sampling and shuffling.
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Figure 1. Calibrated success across strengths. Results on n=284 moral pairs, steering MLP layers
(0,4,8,10,16,18,20,22,28,31]; threshold 7=0.078 from neutral controls. “Success” is the fraction of pairs
with A~ 8igheypecieq > - Counts per o € {-1.2,-1.0,-0.8,0.8,1.0,1.2}: [2,3, 1, 6, 10, 57].

4.5. Calibration Protocol

We estimate the decision threshold 7 using the neutral control prompts from Section 4.2,
following the procedure in Section 3.3. Calibration uses the same layers .# and a tem-
pered subset of strengths (|a| < 1). We compute |A| for every (control prompt, strength)
combination and set 7 to the empirical 95th percentile of this pooled set; this 7 is then
fixed for the run and used to decide success on moral pairs. For neuron-level tests we use
Tneuron = mMax(0.57, 0.02).

4.6. Neuron-Level Configuration

For each ¢ € £, we select top-k neurons by absolute contrast at the last token with
k € {1,5,10}. We apply per-neuron nudges using forward pre-hooks at the last token,
aligning each neuron’s sign with a small probe. For k = 1 we additionally test reversibility
by applying —o at the same magnitude that yielded a positive flip.

4.7. Evaluation Metrics

We report the following:

* Calibrated success rate: percentage of pairs with A-signg,...q > T at a given .
We select the best o on the sweep.

* Direction counts: number of permissive vs. restrictive shifts (sign of margin
change) at the best a.

¢ Control preservation / corruption: exact-match rate on neutral controls (canon-
icalized) with/without hooks.

* Neuron-level flips and reversals: fraction of pairs that flip for +a (and flip back
for —a) atk € {1,5,10}.

All metrics operate on next-token logits (no post-hoc classification of long completions).
4.8. Results
We evaluate on n=284 moral minimal pairs and a small pool of neutral controls, steer-

ing MLP layers [0,4,8,10,16,18,20,22,28,31] with a symmetric strength sweep. We
report (i) a calibrated success rate, which counts a pair only if the next-token permis-
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Model |Layers ar| T Success |Base — perm. |Steer — perm.|Steer — restr.| Spec.
[0,4,8,10,16,
Llama-3-8B 20.1% 100.0%
Instruct 18,20,22,28, |1.2(0.078 (~571284) 253/284 278/284 6/284 (852/852)

31]
Table 1. Steering summary at best strength. n=284 moral pairs; three neutral controls per pair. 7 is the 95th
percentile of |A| measured on controls. Specificity (Spec.) is exact-match control preservation (steered control
outputs equal unsteered baselines).

Top-k | Flips @ +o | Reversal @ —o | n pairs

1 89.1% 88.7% 284
5 100.0% 100.0% 284
10 100.0% 100.0% 284

Table 2. Neuron-level locality in late MLPs (last token). Fraction (and counts) of moral pairs (n=284) that
flip under +a and reverse under —o when steering only the top-k contrastive neurons in late layers {28,31}.
Evaluated at or*=1.2 with Tpeyron = max(0.57, 0.02) and 7=0.078 from neutral controls.

sive—restrictive margin shift exceeds the control-derived threshold 7 in the expected di-
rection, and (ii) the directional effect (how often the shift is permissive vs. restrictive
regardless of magnitude). We also measure specificity on controls and test neuron-level
locality. General results for our targeted LLM (Llama-3-8B-Instruct) are summarized in
Table 1. Component-level steering. At the best strength on the sweep (a*=1.2), the cal-
ibrated success rate is 20.1% (~ 57/284) under a control-derived threshold of 7=0.078.
Directionally, 278/284 pairs shift permissive and only 6/284 restrictive, raising the per-
missive count from 253—278 (+8.8 percentage points). Specificity on neutral controls
is 100%: 852/852 exact matches and 0% corruptions (three controls per moral pair;
3 x 284 = 852). Together these results show a reliable push in the intended direction with
no detectable spillover to unrelated text. With k=5 and k=10, we observe flips on all
pairs in this run and clean reversibility: applying +a produces the shift and —o cancels
it. For k=1, effects are smaller and more variable (flips 89.1%, reversals 88.7%). See
Table 2. These results indicate that a compact set of late-MLP units is sufficient to control
the decision margin while preserving specificity. Interpretation. Thresholded success is
conservative by design—many pairs move in the correct direction but remain below 7.
Neuron-level edits concentrate causal mass and avoid cross-layer cancellation, explain-
ing their much higher flip and reversal rates compared to component-level mixing.

5. Conclusions and Limitations

Limitations Our claims are bounded by several design choices. This section summa-
rizes the most important limitations of our experimental design. Prompt scope and la-
bels. We rely on minimal pairs that flip a permissive/restrictive stance by small textual
edits. This operationalization is convenient for controlled experiments but does not cover
the breadth of open-ended moral reasoning. Moreover, the polarity mapping (“permis-
sive” vs. “restrictive”) is induced via a small set of lexical or NLI templates; alterna-
tive label spaces (e.g., deontic vs. consequentialist justifications) are not tested. Last-
token locality. All interventions are applied at the final input position. At the component
level we steer a fixed set of MLP layers (including early/mid and late layers), while the
neuron-level analysis focuses on late layers. This tests a specific hypothesis—that de-
cisive evidence is consolidated at the decision token—but ignores earlier positions and
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cross-token computations. Effects that depend on multi-sentence context may be under-
represented. Metric narrowness. We quantify shifts with a next-token logit margin be-
tween opposed continuations and use greedy decoding only for short baselines and con-
trol texts. This metric is simple and comparable across prompts but omits downstream de-
coding dynamics and multi-token rationales. The optional NLI scoring is template-based
and model-dependent; it serves as a weak semantic check rather than a comprehensive
evaluator. Calibration sensitivity. The decision threshold is estimated from a small set
of neutral controls. The resulting 95" —percentile cutoff can vary with the control pool,
strength grid, and decoding policy (we use greedy decoding during calibration). Broader,
category-balanced controls would yield a more stable baseline. Selection/tuning bias.
We select the best steering strength o by sweeping on the same set of moral pairs we
later summarize. This can inflate apparent success. A stricter protocol would separate
a tuning split from a held-out evaluation split or use nested cross-validation. Evalua-
tion scale. Our evaluations use a moderate prompt set (n=284 moral minimal pairs) and
a small pool of neutral controls. The pipeline emphasizes internal validity (direction-
ality, reversibility, specificity), not exhaustive benchmarking. Broader claims would re-
quire larger and more diverse prompt pools, stronger statistics, and preregistered anal-
ysis plans. Specificity is measured as canonicalized exact-match of control generations
(lowercasing and symbol stripping) under greedy decoding. Model scope. We evaluate
a single model (Meta—Llama—3—8B-Instruct), so all claims are specific to this setting.
Generalization to other models and variants remains open. In follow-up work we plan to
vary (i) size (smaller/larger Llama-3 variants), (ii) instruction-tuned vs. base checkpoints,
and (iii) model family/architecture (e.g., Llama vs. Qwen/Mistral; dense vs. MoE) to test
whether the observed late-layer locality, directional effects, and specificity persist.

Conclusions. We introduced a training—free, contrastive last—token steering method
that modifies selected MLP outputs using directions derived from minimally different
prompt pairs (evaluated here on Meta—Llama—3—-8B—Instruct). At the component level
(layers [0,4,8,10,16,18,20,22,28,31]), the calibrated success rate at the best strength
(a*=1.2) is 20.1% with t=0.078, while the directional effect is strong (278 /284 permis-
sive shifts) and control preservation is perfect (852/852). At the neuron level, steering
top—k late—layer units yields near—universal flips and clean reversals under o (100% for
k=5 and k=10). A calibrated logit-margin metric—with thresholds estimated from neu-
tral controls—enables comparable measurement of directionality and effect size across
prompts and strengths. In pilot neuron—level tests, small sign—aligned subsets in late
layers reproduced and reversed stance shifts, while neutral controls remained largely
unchanged. These observations indicate that, for our prompt set and model, parts of
moral—stance formation can be influenced by small, interpretable perturbations at infer-
ence time, a finding with potential implications for legal Al systems that must balance
transparency with normative alignment. By identifying which internal components in-
fluence normative outcomes, our approach advances transparency and accountability in
normative Al systems, addressing concerns raised by the EU Al Act regarding opacity
and bias in automated decision-making. Immediate next steps include: (i) scaling evalu-
ations with larger and more diverse prompt pools, (ii) generalization tests via split vari-
ants and out—of—distribution pairs, and (iii) ablations and placebos (random/shuffled di-
rections, layer swaps, and component zeroing) to strengthen causal claims. Longer term,
span—wise steering and cross—model replication can probe how localized these decision
circuits are and how they interact with decoding policies and rationale generation.
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