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Abstract

Large Language Models (LLMs) often strug-
gle with formal logical reasoning, frequently
conflating content plausibility with logical va-
lidity. This well-known content effect under-
mines their capacity to act as reliable deduc-
tive reasoners, particularly in multilingual con-
texts where both linguistic variability and world
knowledge may deepen biases. Prior work
shows that prompting and tuning interventions
can alleviate these issues only partially, leav-
ing models vulnerable to semantic interference.
While previous studies have explored activation
steering and other test-time interventions, this
work has focused predominantly on English.

To make reasoning more consistent, robust, and
transferable across languages, we investigate
the use of activation steering — an inference-
time intervention that modulates internal rep-
resentations towards a cross-lingual reasoning
space. Our experiments demonstrate that steer-
ing techniques constructed for English-based
syllogisms generalise effectively to multilin-
gual datasets, yielding higher formal reasoning
accuracy (up to +36%) while minimally affect-
ing language modelling performance. More-
over, steering supports partial transfer to out-
of-distribution tasks, highlighting its potential
as a scalable mechanism for cross-lingual trans-
ferable reasoning. These findings advance the
prospect of developing LLMs that can serve as
reliable soft reasoners across languages.

1 Introduction

Reasoning with natural language has long been
considered a significant challenge for both cogni-
tive science and Al. Within this area, syllogistic
reasoning provides a well-established testbed, al-
lowing the disentanglement of formal validity from
semantic plausibility (Evans et al., 1983). Recent
studies have shown that Large Language Models
(LLMSs) exhibit systematic biases when confronted
with syllogisms: they often mislead plausibility

with logical consequence, rarely produce *nothing
follows’ for invalid inferences, and mirror well-
documented human tendencies, such as the con-
tent effect (Eisape et al., 2024). Although recent
efforts on reasoning transfer (Ranaldi and Freitas,
2024) and decomposition techniques (Ranaldi et al.,
2025c¢) have addressed these limitations, they still
persist. At the same time, a growing body of work
highlights that LLMs’ internal representations can
be steered to mitigate reasoning biases. Activa-
tion steering (Rimsky et al., 2024; Turner et al.,
2024; Valentino et al., 2025), in particular, offers an
inference-time mechanism to disentangle semantic
plausibility from formal validity, thereby reducing
content effects without requiring retraining. Yet,
these approaches have so far been confined to En-
glish (Valentino et al., 2025), leaving unexplored
whether such interventions generalise beyond a sin-
gle language. This gap is critical: if steering is to
serve as a principled mechanism for controlling
reasoning, it must operate independently of linguis-
tic features.

To make reasoning more consistent, robust, and
transferable across languages, we investigate acti-
vation steering in multilingual syllogistic reason-
ing. We demonstrate that steering interventions,
learnt and designed for English, actually generalise
to multilingual landscapes, yielding higher formal
accuracy while minimally affecting fluency. We op-
erationalise steering through two complementary
families of methods: (i) direct geometric shift-
ing, which adds a vector to reposition the model’s
activations within the representation space, and
(ii) learned abstractive transformation, which
employs neural networks to map content-specific
activations to their content-agnostic, formal-logic
counterparts. Our findings indicate that all pro-
posed families of methods enhance logical con-
sistency, with abstractive transformation strategies
emerging as particularly interesting, as their ef-
fectiveness appears to depend on the quality of
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Figure 1: Overview of the pipeline for investigating the cross-lingual generalization of activation steering methods
for syllogistic reasoning. The process consists of three stages: (1) Dataset Construction, where English syllogisms
are translated into high- and low-resource languages using a round-trip back-translation protocol for quality control;
(2) Training Phase, where internal model activations a(z) from a discovery set are used to fit a linear probe (validity
classifier), class-specific centroids (CEN-AST), and abstractive regressors (FFN/RRN-AST); and (3) Inference-Time
Intervention, where the probe gates the input activation to apply either additive shifting or blending transformations

to produce the steered activation a®*¢¢" ().

the model’s internal geometry. Collectively, these
methods reveal steering as a cross-lingual interven-
tion, showing consistent benefits across structurally
diverse languages and partial transfer to out-of-
distribution logical tasks.

Our contributions are threefold: (i) we intro-
duce the first systematic evaluation of activation
steering in multilingual syllogistic reasoning; (ii)
we provide empirical evidence that steering sup-
presses content effects while preserving language
modelling performance; and (iii) we release our
code and datasets to support future research.

To the best of our knowledge, our work is the
first to apply activation steering to instruct LLMs to
perform multilingual syllogistic reasoning, demon-
strating that steering interventions for English gen-
eralise across languages and remain effective in
diverse linguistic settings.

2 Methods

This section formalises the task and the activa-
tion steering strategies adopted to investigate cross-
lingual transfer on syllogistic reasoning. Figure 1
provides an overview of the methodology and the
proposed pipeline.

2.1 Problem Formulation and Notation

Let =z denote a syllogistic argument presented
in natural language. The task is to determine
its formal validity, denoted by the label y €
{valid, invalid}. Our intervention targets the hid-
den activations within the model’s residual stream.
We denote the activation at layer ¢ and token po-
sition ¢ as ag4(z) € R9, where d is the hidden
dimension of the model.

For a given input x, the base activation for steer-
ing, a(x), is defined as the mean-pooled activation
vector across all token positions at a target layer £*:

L el
:TZ . (1)

The target layer £* is selected from the final third
of the model’s layers, where prior probing stud-
ies (Valentino et al., 2025) indicate that validity
information is most prominent. The intervention
modifies this base activation to produce a steered
activation, a®*' (), with the magnitude of the in-
tervention controlled by a scalar hyperparameter
aeR.

2.2 Probe Gating: Conditional Intervention

The core assumption underlying our approach is
that the model’s internal representations for valid
and invalid syllogisms are geometrically separable.
Our empirical analysis confirms this hypothesis;
as visualised in Figure 2, activations from a target
layer form distinct clusters corresponding to their
logical validity.

This also suggests that valid and invalid activa-
tions do not simply align along opposite activations,
motivating the need for class-specific transforma-
tions (rather than a single transformation with dy-
namic sign flipping). Capitalising on this structure,
we implement a conditional intervention frame-
work. We train a linear probe, specifically a Logis-
tic Regression model, on activations from a held-
out discovery set to act as a validity classifier. We
refer to this mechanism as probe gating. At infer-
ence time, for a new input z, the probe predicts its
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Figure 2: PCA visualisation of activations from Layer
31 of Gemma-2-9B. Each point corresponds to a syllo-
gism and is coloured by its ground-truth validity (green
for valid, red for invalid), revealing clear geometric sep-
arability.

validity class based on its activation geometry:

C= gprobe(a($))a 2)

where ¢ € {valid, invalid}. This prediction, ¢, then
determines which class-specific steering transfor-
mation to apply, enabling targeted intervention.

2.3 Activation Steering Strategies

We investigate two families of steering strategies:
additive methods that translate the original activa-
tion, and blending methods that interpolate towards
a reconstructed, content-abstracted activation.

2.3.1 Additive Strategy

Additive steering modifies the original activation
by adding a class-conditioned direction vector
Usteer (2, €), scaled by a:

asteer(l,) — a(;p) + OZUsteer(x7C)‘ (3)

CEN-AST (Centroid-based Steering). This
strategy computes a dynamic, point-dependent shift
towards a pre-computed class centroid. First, we
compute class centroids C,. using activations from
the discovery set where the model’s prediction was
correct: C, = N% Z;V:cl aj. The steering vector
then directs the current activation a(x) towards the
centroid C'. corresponding to the probe-predicted
class c:

'Usteer(xac) = C. — a(x) “)

2.3.2 Blending Strategies

Blending strategies first generate a target activation,
a(z, c), that represents a content-agnostic version
of the input syllogism. The final steered activation
is then computed by linearly interpolating between
the original and the target activations:

a**(z) = (1—-a)a(z) + ada(z,c). (5)

The key to these strategies lies in how the tar-
get activation & is obtained. The supervision for
this process is provided by a parallel dataset con-
structed from the English discovery set. For each
content-laden syllogism, we create a correspond-
ing abstract version by systematically replacing
content-bearing terms with placeholder variables
(e.g., "all flowers are plants" is mapped to "all X
are Y"). This establishes a direct, one-to-one corre-
spondence between a syllogism and its content-free
logical form.

We then train class-specific regressors to learn
the mapping from the activation of a content-rich
syllogism to that of its abstract counterpart. This
process forces the learned transformation to isolate
the underlying logical structure from the distracting
lexical content.

FFN-AST (Two-Headed Feed-Forward Steer-
ing). For each class ¢, we train a separate feed-
forward network to predict the target activation
a. To stabilise training and improve geometric fi-
delity, the network has two heads that predict the
direction and magnitude of the target vector sepa-
rately. The direction head outputs a vector whose
normalised form d, is optimised using a cosine
similarity loss against the true abstract activation’s
direction. The magnitude head outputs a scalar
M., optimised with a Mean Squared Error (MSE)
loss. The final target activation is reconstructed as
a(z,c) = d, 1.

RRN-AST (Rotational-Residual Network Steer-
ing). This method refines the blending approach
by modelling the transformation from a content-
laden to an abstract activation as an explicit geo-
metric operation rather than a black-box function.

For each class ¢, we train a network that learns a

structured transformation consisting of a rotation

and a residual translation. The process involves
four steps:

1. Projection: The input activation a(x) is pro-
jected into a low-dimensional latent space using
PCA, yielding a,. The PCA is fitted on discov-
ery activations for class c.
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2. Parameter Prediction: A small network takes
ay as input and predicts the parameters of the
transformation: an orthogonal rotation matrix
R, and a residual vector 6.

3. Latent Transformation: The transformation is
applied in the latent space: a, = R.ay + .

4. Inverse Projection: The resulting vector
ae is projected back into the original high-
dimensional activation space to yield the final
target activation a(z, c).

2.4 Implementation Details

Our strategies target a contiguous block of layers
identified through preliminary probing. The steer-
ing coefficient «v is fixed for the additive CEN-AST
strategy and for the blending strategies based on
validation performance. Final outputs are obtained
via greedy decoding and parsed for validity key-
words to compute our metrics.

Full details, including training hyperparameters,
are provided in Appendix A.1.

3 Experimental Setup
3.1 Models

To evaluate the effectiveness and generalisability
of our steering methods, we experimented on a
set of open-source LLLM families. We prioritised
models with varying architectures and training data
to assess the robustness of our techniques. This
set includes Qwen-2.5-7B (Qwen et al., 2025),
Gemma-2-9B (Gemma Team et al., 2024), Mistral-
7B (Jiang et al., 2023), Llama-3.1-8B (Al@Meta,
2024), EuroLLM-9B (Martins et al., 2025) and
Velvet-2B (Almawave, 2024).

3.2 Dataset

We conduct all experiments on a controlled corpus
of syllogistic arguments. Building on Valentino
et al. (2025) and Bertolazzi et al. (2024) as a
seed dataset, we extended it to construct a collec-
tion of syllogistic arguments spanning 24 logical
schemes. Each scheme was instantiated through
structured natural-language templates derived from
first-order logic forms, populated with taxonomic
relations from WordNet. Each instance comprises
two premises and a conclusion, together with two
ground-truth Boolean labels indicating the argu-
ment’s logical validity and the plausibility of its
conclusion. For example:

Premise 1: all flowers are plants.
Premise 2: no blossoms are plants.

Conclusion: some blossoms are not flowers.
Validity: true
Plausibility: true

Languages Starting from the original version in
English (en), we construct multilingual versions in
German (de), Spanish (es), French (fr), Italian (it),
Russian (ru), Chinese (zh), Swahili (sw), Bengali
(bn), and Telugu (te). We translate into the target
language using GPT-4 and then apply round-trip
back-translation to English and assess consistency.

Plausibility Annotation Plausibility labels indi-
cate whether a conclusion accords with common
sense or world knowledge independently of formal
validity. We follow a lightweight yet reliable proto-
col: each English item inherits the gold plausibility
label from the source corpus; for translated items,
plausibility is constrained to be label-invariant un-
der the QC pipeline above. During bilingual review,
annotators confirm that lexical choices in the target
language do not inadvertently alter real-world like-
lihood When uncertainty arises, the item is revised
or removed. This procedure preserves cross-lingual
comparability while avoiding misleading content.

Evaluation split To ensure robust and unbiased
assessment, we split the data into a 70% training
set and a 30% evaluation set. The training set is
used to fit the steering components (e.g., centroid
vectors) and to train the probe, FFN, and RRN
variants; the evaluation set is held out strictly for
cross-validation testing.

3.3 Maetrics

We compare our methods to baselines using the
following metrics:

Accuracy. The proportion of correct responses
over all items, reported as the mean of the four cat-
egory accuracies VP (valid & plausible), VI (valid
& implausible), IP (invalid & plausible) and II (in-
valid & implausible).

Content Effect (CE). The degree to which per-
formance is driven by plausibility rather than for-
mal validity, decomposed as:

* Cross-Plausibility CE (Cross-CE): the abso-
lute difference between accuracy on plausible
vs. implausible items:

Cross-CE = ’acc(VPUIP) —acc(VIUII)‘ .
(6)
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¢ Intra-Plausibility CE (Intra-CE): the mean
of absolute within-plausibility gaps:

Intra-CEp = ‘accvp — acclp‘, (7

Intra-CE; = ‘accn — acc\q‘, (8)

Intra-CEp + Intra-CE;

Intra-CE = 5
9

We report Overall CE as the mean of Cross- and
Intra-CE.

ACE Ratio Our principal summary of the trade-
off between accuracy and content invariance: the
ratio of Global Accuracy to Overall CE.

ACE Ratio vs Content Effect

Acc = 50%
Acc = 60%
17s5{ —— Acc = 70%
—— Acc = 80%
—— Acc = 90%
150 Acc = 99%

ACE Ratio

% E)
Content Effect (%)

Figure 3: Relationship between ACE Ratio and Content
Effect for different Accuracy levels (60% to 99%) on
synthetic data. The ACE Ratio increases exponentially
toward a vertical asymptote as the Content Effect ap-
proaches 0%. This hyperbolic nature of the ACE Ratio
makes its interpretation non-linear.

We propose the ACE Ratio as our primary metric
because it rewards logical performance improve-
ment while penalising reliance on content-based
heuristics.

Steering Efficiency (7) Our proposed sec-
ondary metric is designed to diagnose failures and
decouple the intrinsic efficacy of strategies from
the accuracy of probe gating, which can mask the
strategies’ true potential. 77 is computed as the con-
ditional accuracy limited to the subset of examples
where the linear probe’s prediction was correct, pro-
viding an upper bound on the strategy’s accuracy,
assuming a perfectly accurate validity signal.

ACE vs. Efficiency The ACE Ratio provides a
precise tool for comparing the scalability of the
presented strategies, accounting for both steering
and probe-gating performance. However, because
suboptimal results could be due solely to probe
performance, Steering Efficiency is the key met-
ric for evaluating how well English-trained assets
generalise to other languages. We make this dis-
tinction because our simple English-trained probe
gating serves as a stress-test for the multilingual
internal representations of the analysed LLMs. As
acknowledged in Section 6, a more robust multilin-
gual gating probe could be readily implemented.

4 Results

4.1 Activation Steering Improves Logical
Consistency

Across all tested models, activation steering deliv-
ers substantial improvements in logical reasoning,
both in English and, critically, across nine other
languages. This confirms that interventions trained
on English data can generalise effectively as a ro-
bust cross-lingual control mechanism. The sum-
mary of these results in Table 1 highlights three
key trends: (i) steering provides a universal boost
over baselines and improves the ACE Ratio, (ii) the
interventions show effective cross-lingual generali-
sation, and, most critically, (iii) the results reveal
model dependent efficacy.

Models like Qwen and Gemma respond well
to all strategies, while the more complex blending
strategies fail on Mistral and Llama. This motivates
our deeper diagnostic analysis in the following sec-
tion, where we investigate the geometric properties
underlying these successes and failures.

The detailed results for each language are re-
ported in AppendixB.

4.1.1 Case Studies: Qwen and Gemma

As shown in Table 1, Qwen and Gemma respond
exceptionally well to all steering interventions. We
attribute this susceptibility to their well-structured
internal geometry, specifically the high linear sepa-
rability of validity representations demonstrated
by our probing diagnostics (Section 2.2). Al-
though their baselines indicate significant vulner-
ability to content bias, all strategies deliver sub-
stantial gains. The straightforward additive CEN-
AST boosts Qwen’s ACE Ratio by over 700%,
while the more complex blending strategies (FFN-
AST/RRN-AST) are also highly effective, confirm-
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ing their ability to push the model toward an ab-
stract, content-free reasoning space.

4.2 Cross-Lingual Generalisation

A central hypothesis of this work is that activa-
tion steering can function as a cross-lingual control
mechanism. Our findings reveal a more nuanced re-
ality: the ability to generalise steering interventions
is model-dependent. In contrast to the robust cross-
lingual generalisation observed in Qwen-2.5-7B
and Gemma-2-8B, models such as Mistral-7B and
Llama-3.1-8B fail to generalise effectively, particu-
larly with the more complex blending strategies.

For Mistral-7B, FFN-AST, and RRN-AST,
which perform reasonably well in English, perfor-
mance collapses in multilingual settings, resulting
in an average degradation in the ACE Ratio.

Interestingly, Llama-3.1-8B struggles to learn
the in-domain English transformation in the first
place.

These failures are not uniform but arise from
distinct, diagnosable issues in the models’ inter-
nal representations, which we investigate using the
Steering Efficiency (1) metric.

4.3 Diagnosing Failures

Our analysis reveals that the poor performance of
blending strategies in Mistral and Llama stems
from two fundamentally different issues: one re-
lated to generalisation, and the other to learnability.

Case Study 1: Mistral At first glance, Mistral’s
poor multilingual results might suggest that its in-
ternal representations of logic are not generalis-
able across languages. However, our analysis pro-
vides a more precise explanation. The simple addi-
tive CEN-AST strategy achieves near-perfect Steer-
ing Efficiency (n ~ 100%) across all languages,
demonstrating that Mistral indeed possesses a geo-
metrically consistent, cross-lingual path for logical
validity. The ACE Ratio degradation reported in
Table 1 is a consequence of the poor scalability of
the English-trained probe.

The failure of the non-linear blending strategies
FFN-AST and RRN-AST, as evidenced by poor
Steering Efficiency in multilingual settings, stems
from the complexity of their learned transforma-
tions. To test this hypothesis, we implemented a
linear abstractive strategy based on ridge regres-
sion. As in Table 2, Ridge-AST not only performs
well in English but also maintains a relatively high
Steering Efficiency across all languages.

Model Strategy Metric  en multi  A(%)
Busclne  Acc 7806 6527 -
selt ACE 238 240 .
Acc 9730 8343 +27.82%
Qwen-7B  CENAST \cp 59558 1588 +561.67%
Acc  96.87 8381 +2841%
FEN-AST \CE 3584 14.53 +50542%
Acc  97.16 83.65 +28.16%
RRN-AST A\CE 4246 16.64 +593.33%
Buscline Ace 7270 6735 -
ACE 267 287 -
Acc  89.63 8230 +22.19%
Gemma-9B CENAST \cp 1380 9.06 +215.68%
Acc 8199 7653 +13.63%
FEN-AST ACE 490 443 +5436%
Acc 79.63 7524 +11.71%
RRN-AST ACE 495 504 +7561%
Bueline  Acc 6395 6012 -
ACE 236 545 -
Acc 9245 71.62 +19.13%
Mistral-7B CENAST Wcp 1340 3890 28.60%
Acc  88.89 6936 +1537%
FEN-AST AcE 1056 312 -4275%
Acc 8408 5567 -7.40%
RRN-AST ACE 789 148 -72.84%
Buseline  Acc 5887 57.62 -
selt ACE 183 172 .
Acc 8741 77.00 +33.63%
Llama-8B CENAST b 1372 13.53 1686.63%
Acc 5124 5120 -11.14%
FEN-AST WCE 106 106 -3837%
Acc  61.89 56.68 -1.63%
RRN-AST WCE 077 061 -64.53%

Table 1: Accuracy and ACE Ratio on the multilingual
syllogism benchmark. "multi" is the average across
non-English languages. "A(%)" shows the percentage
change relative to the baseline on the "multi" average.

This confirms that the relationship between
content-laden and abstract activations in Mis-
tral is predominantly linear. The non-linear
FFN/RRN strategies, while powerful, overfit on
subtle, language-specific non-linearities, causing
their generalisation to fail.

Case Study 2: Llama Llama presents an even
more fundamental challenge. While it mirrors Mis-
tral in achieving near-perfect CEN-AST efficiency,
it fails catastrophically across all abstractive strate-
gies, both linear and non-linear, even in English
(n = 50%). Crucially, the linear Ridge-AST also
fails to find a consistent mapping, achieving ~ 55%
efficiency in English that degrades further in multi-
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lingual settings. This suggests that the problem is
not one of overfitting to non-linearities, but a more
fundamental issue of learnability: the geometric
relationship between a concrete syllogism and its
abstract logical form in Llama is noisy and cannot
be represented in a stable, learnable way. The hy-
pothesis is also supported by the baseline model’s
poor performance on the abstract dataset.

Model | Strategy n(en %) n (multi %)

Mistral-7B FFN/RRN 91.7 48.1
Ridge-AST 81.77 76.41

Llama-3.1-8B | FFN/RRN 49.2 45.3
Ridge-AST 54.56 48.34

Table 2: Diagnostic Steering Efficiency (1) for Ab-
stractive Strategies. Efficiency is averaged across non-
English languages for the multilingual setting.

4.4 Probe Gating and Steering Efficiency

To provide a clearer picture of the cross-lingual
generalisation bottleneck, we first report the ac-
curacy of the probe gating mechanism in Table 3.
The probe is a linear classifier trained exclusively
on English syllogism activations that learns a de-
cision boundary in the activation space to separate
activations from valid and invalid syllogisms. Its
performance on non-English languages, therefore,
measures how consistently the activations from dif-
ferent languages fall on the correct side of this
English-derived boundary.

Model Probe Acc (en %) Probe Acc (multi %)
Qwen-2.5-7B 97.34 87.08
Gemma-2-9B 97.37 91.67
Mistral-7B 93.20 80.62
Llama-3.1-8B 91.69 82.66

Table 3: Probe gating accuracy for each model. The
probe was trained only on English data. "multi" is the av-
erage accuracy across the nine non-English languages.

The results confirm that the probe’s ability to
generalise is a critical factor. While most mod-
els achieve high probe accuracy on English, there
is a noticeable degradation in the multilingual set-
ting. Gemma-2 shows the most robust cross-lingual
alignment, with only a modest drop in accuracy. In
contrast, models such as Mistral experience a sig-
nificant decline, which directly contributes to the
weaker multilingual performance reported earlier.
This highlights the importance of the efficiency
metric (1), which decouples the intrinsic effective-
ness of a steering strategy from the performance

of the probe gating. Since an incorrect probe pre-
diction forces the application of the wrong steering
vector, 7 provides a clearer view of a strategy’s
upper-bound performance by measuring accuracy
only on the subset of instances where the probe
was correct.

Model Strategy n(en %) n (multi %)
CEN-AST 100.00 98.26
Qwen-2.5-7B  FFEN-AST 98.06 98.52
RRN-AST 98.42 98.40
CEN-AST 100.00 97.25
Gemma-2-9B  FFN-AST 89.07 90.10
RRN-AST 86.54 95.38
CEN-AST 100.00 96.91
Mistral-7B FFN-AST 91.68 48.14
RRN-AST 90.91 37.43
CEN-AST 100.00 100.00
Llama-3.1-8B  FFN-AST 47.22 45.56
RRN-AST 36.25 29.81

Table 4: Steering Efficiency (1) for models and strate-
gies. n (multi) is the multilingual average.

The efficiency results in Table 4 reinforce our
earlier diagnoses. For both Mistral and Llama,
CEN-AST achieves (near) perfect efficiency across
all languages, confirming that a simple geometric
shift is highly effective when the correct validity
class is known. The catastrophic failure of FFN-
AST and RRN-AST on these same models, even
in multilingual settings where the probe is correct,
demonstrates that the issue lies with the learnability
and generalisability of the abstractive transforma-
tions themselves, not just the gating mechanism.

4.5 Robustness to Linguistic Variation

To examine whether our methods capture rigid
prompt-derived patterns instead of the underlying
logical structure, we constructed a sub-test set of
paraphrased syllogisms that preserve the logical
form but are rephrased. For instance, an item is
transformed as follows:

Premise 1: All celestial bodies are stars.
— Every single celestial body is a star.
Premise 2: Some planets are celestial bodies.
— There are some planets which are
celestial bodies.
Conclusion: No planets are stars.

— Planets are in no way stars.
Validity: false, Plausibility: true

This set allows us to test the generalisation of each
strategy beyond surface wording and determine
whether the models truly capture logical structures.
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Original Paraphrased
Strategy Acc (%) ACE Acc(%) ACE
Qwen-2.5-7B
Baseline 78.06 2.38 68.12 2.17
CEN-AST 97.30 59.58 88.65 15.12
FFN-AST 96.87 35.84 88.12 34.50
RRN-AST 97.16 42.46 88.44 17.98
Gemma-2-9B
Baseline 7270 2.67 67.63  2.57
CEN-AST 89.63 13.80 83.63 12.52
FEN-AST 81.99 490 7752 492
RRN-AST 79.63 495 75.13  5.10
Mistral-7B
Baseline 6395 236 63.44 240
CEN-AST 9245 1340 86.88 13.42
FFN-AST 88.89 10.56 85.94 11.09
RRN-AST 84.08 7.89 79.78  6.58
Llama-3.1-8B
Baseline 58.87 1.83 58.87 1.89
CEN-AST 8741 13.72 83.12 5.22
FFEN-AST 51.24 1.06 51.35 1.07
RRN-AST 61.89 0.77 5990 0.76

Table 5: Accuracy (%) and ACE Ratio on the English
original and paraphrased test sets.

Results on the paraphrased test set (Table 5) re-
veal that all steering strategies maintain their ef-
fectiveness, with ACE Ratios remaining remark-
ably stable, suggesting that the interventions have
captured a true structural understanding of the rea-
soning task. The few outliers (59.58 — 15.12
and 42.46 — 17.98) are a consequence of the
non-linearity and of the ACE Ratio (e.g., ACE =

97.30 _ 88.65 _ : ot :
5958 1512 — —4.23, an existing but marginal
deviation).

4.6 Side Effects on Fluency

A critical concern is whether activation steering
compromises a model’s language-modelling capa-
bilities. The risk is that English-trained assets may
force the model to "reason in English", degrading
its fluency in other languages. To assess this po-
tential side effect, we conducted a stress test by
measuring perplexity (PPL) on a held-out set of
general-domain Wikipedia articles.

This experimental design simulates a real-world
scenario where the syllogism-specific steering
mechanism is active while the model processes
unrelated text. The activations from Wikipedia ar-
ticles are fed to the pipeline (steered towards the
pre-calculated centroids or used to predict an ab-
stract activation for blending strategies) twice: once
towards validity and once towards invalidity.

Model Strategy en multi A(%)
Baseline 6.04 7.82 -
Qwen-7B CEN-AST 6.19 797 +1.9%
FEN-AST 7.03 874 +11.8%
RRN-AST 6.74 834 +6.7%
Baseline 9.94 19.31 -
Gemma-9B CEN-AST 10.15 19.67 +1.9%
FFN-AST 11.29 22.13 +14.6%
RRN-AST 10.51 20.02 +3.7%
Baseline 479 5.82 -
. CEN-AST 499 596 +2.4%
Mistral- 7B ppy AST 607 7.45 +28.0%
RRN-AST 5.10 6.31 +8.4%
Baseline 6.35 7.59 -
Llama-8B CEN-AST 6.56 7.73 +1.8%
FFN-AST 9.39 10.34 +36.2%
RRN-AST 7.78 9.02 +18.8%

Table 6: Perplexity (PPL) on out-of-domain Wikipedia
text. "multi" is the average PPL across non-English
languages. "A(%)" shows the percentage degradation
relative to the baseline.

The results, summarised in Table 6 and detailed
in Table 8, are reassuring. The gains in logical
consistency come at a modest cost to fluency.

The simplest and often most effective additive
strategy, CEN-AST, has minimal impact. In con-
trast, the blending strategies, FFN-AST and RRN-
AST, exhibit a more pronounced, yet still modest,
degradation.

Collectively, these results confirm that activa-
tion steering acts as an adjustment to the model’s
reasoning process rather than an alteration of its
core language abilities. The benefits outweigh the
minimal side effects on language modelling.

5 Related Work

Syllogistic reasoning in LLMs Syllogistic rea-
soning has long served as a benchmark for testing
the separation of logical reasoning from seman-
tic content (Bertolazzi et al., 2024; Ozeki et al.,
2024; Wysocka et al., 2025; Kim et al., 2025).
Recent studies demonstrate that LL.Ms frequently
fail to make this distinction: they conflate plau-
sibility with validity, reproduce the content ef-
fect, and rarely produce no output when inferences
are invalid (Bertolazzi et al., 2024; Kim et al.,
2025; Valentino et al., 2025). Bertolazzi et al.
(2024) show that chain-of-thought prompting and
in-context learning provide limited gains, while su-
pervised fine-tuning mitigates some biases but does
not eliminate heuristic behaviour. These findings
align with earlier work framing transformers as
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“soft reasoners” (Clark et al., 2020), capable of em-
ulating reasoning patterns but prone to systematic,
human-like errors.

Steering via internal activations An emerging
line of work investigates how internal representa-
tions can be modified at inference time to guide
model behaviour, identifying activation subspaces
correlated with a target behaviour and scaling them
to suppress or enhance its influence (Stoehr et al.,
2024; Soo et al., 2025; Valentino et al., 2025). This
approach has been applied to mitigate hallucina-
tions, reduce harmful content, and improve factu-
ality, without retraining or additional supervision.
Extensions include contrastive steering and layer-
wise modulation to stabilise reasoning trajectories.
However, such methods have been studied exclu-
sively in monolingual settings so far, leaving their
applicability to multilingual reasoning unexplored.

Multilingual reasoning Research on multilin-
gual reasoning has highlighted challenges in ensur-
ing consistency and robustness across languages.
Recent efforts include the construction of multilin-
gual and multimodal data and systems for logical
and mathematical reasoning (Ranaldi and Pucci,
2025; Ranaldi et al., 2025a), as well as strategies
aimed at disentangling reasoning from language-
specific features (Ranaldi et al., 2025c; Deng et al.,
2025). Parallel work investigates cross-lingual con-
sistency mechanisms and multilingual prompting
to improve robustness (Qin et al., 2023; Ranaldi
et al., 2024; Pucci and Ranaldi, 2025; Ranaldi et al.,
2025b). Despite these advances, none of these stud-
ies consider internal activations as a mechanism for
multilingual landscapes.

Our contribution We extend activation steering
beyond English and provide the first systematic
study of its effectiveness in multilingual syllogis-
tic reasoning. We show that steering interventions,
initially devised for English, generalise across mul-
tiple languages, suppressing content effects while
maintaining fluency and prompt-variation stabil-
ity. This positions steering, along with transparent-
by-design architectures for LLMs (Zanzotto et al.,
2025), as a scalable, cross-lingual intervention for
controlled reasoning.

6 Conclusion

Activation steering is an effective method for en-
hancing the formal validity of syllogistic reasoning

in LLMs. A key finding is the cross-lingual ab-
straction of the interventions. The additive strategy,
CEN-AST, proved to be a robust baseline. Blend-
ing strategies are sound, but their efficacy depends
on the geometric properties of a model’s represen-
tation space. This positions activation steering as a
promising technique for developing more reliable
and controllable soft reasoners.

Limitations

Dependence on Pre-Existing Reasoning Abilities
of LLMs The proposed methods are corrective in-
terventions; hence, success relies on the base model
possessing an initial, geometrically robust repre-
sentation of logical validity. Our methods cannot
create this structure from scratch. Consequently,
these techniques are best understood as amplifiers
of a latent reasoning ability.

Cross-Lingual Generalisation Gap of the Probe
The entire framework, particularly its probe gating
mechanism, is based on a validity probe trained on
English activations. While our results show a rea-
sonable level of generalisation, their accuracy on
non-English languages is not perfect and represents
a bottleneck. The final accuracy of our method is
therefore capped by the cross-lingual transferability
of this gating mechanism. This is the main reason
we proposed a Steering Efficiency metric.

Model Scale and Representational Coherence
Because of hardware limitations, our experiments
were conducted on models in the 7-9B parameter
range. The observed failures of the blending strate-
gies on specific architectures may be a symptom of
this relatively small scale. Verifying this remains a
compelling avenue for future research.

Ethics Statement

Our research focuses on the abstract reasoning ca-
pabilities of LLMs, using a controlled dataset of
syllogisms that contains no identifiable or sensitive
information. We believe that improving the logi-
cal consistency of LLMs and mitigating cognitive
biases, such as the content effect, is a crucial and
ethically positive step towards developing more
reliable and trustworthy systems.
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A Implementation Details

A.1 Experimental Hyperparameters

This section provides the specific hyperparameter
values used for the steering interventions described
in the main paper.

A.1.1 Hardware Resources

All experiments, including model activation extrac-
tion, probe training, and steering validation runs,
were conducted on a local NVIDIA GeForce RTX
3080 Ti (12 GB VRAM). For the largest mod-
els and the most extensive multilingual evaluation
runs, cloud resources, including an NVIDIA A40
GPU (48 GB YRAM), were employed. All mod-
els were processed using bfloat16 precision, al-
though steering effectiveness remained robust un-
der 4-bit and 8-bit quantisation.

A.1.2 Target Layers

Our interventions were applied simultaneously
across a contiguous block of layers for each model
for a more stable and distributed effect. The spe-
cific layer sets, identified via preliminary probing
analysis to identify where logical validity informa-
tion is most distinctly represented, are as follows:
* Qwen 2.5 7B: Layers 17, 18, and 19.
* Gemma 2 9B: Layers 25 through 30.
* Mistral 7B: Layers 11 through 17.
e Llama 3.1 8B: Layers 12 through 16.
* Velvet 2B: Layers 14 through 16.
e EuroLLM 9B: Layers 21 through 25.

These layer blocks typically reside in the second
or third quarter of the network.

The steering vector for each layer is computed
independently, and the intervention is applied at
each specified layer during the forward pass.

A.1.3 Steering Coefficient (o)

The steering strength was fixed based on perfor-
mance on a validation set. The values for each
strategy family were:

* CEN-AST (Additive): « = 1.0

* FFN-AST & RRN-AST (Blending): oo = 0.85
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For CEN-AST, o« = 1.0 is a solid choice since
it results in a shift towards the target centroid. For
FFN-AST and RRN-AST, a lower value of o« =
0.85 is a safer choice since & = 1.0 would result in
a complete replacement of the last token activation,
potentially losing positional information.

A.2 Probes Training

To dynamically gate the steering direction at infer-
ence time (i.e., selecting between valid and invalid
target representations), we trained lightweight di-
agnostic probes for each fold. We employed a
Logistic Regression classifier with an Ly penalty
(regularisation strength C' = 1.0) and the LBFGS
solver, configured with a maximum of 100 itera-
tions.

The input features for the probe consist of the
model’s internal activations extracted from the tar-
get steering layers. For a given input sequence, we
compute the mean-pooled activation over the last
token for each layer in the steering block. These
layer-wise vectors are then concatenated into a sin-
gle feature vector, v;, € RE*4 where L is the
number of steering layers and d is the model’s hid-
den dimension.

A.3 Regressors Implementation Details

This section details the architectures and train-
ing objectives for the mapping networks used
to predict abstract representations from content-
laden inputs. All regressors were trained us-
ing the Adam optimizer with a learning rate of
1 x 1073 and weight decay of 1 x 10~*, employ-
ing a ReducelLROnPlateau scheduler (factor 0.8,
patience 15).

A3.1 FFN-AST (Two-Headed MLP)

The Feed-Forward Network (FFN) Abstractor is
designed to decouple the geometric orientation of
the representation from its norm. The architecture
comprises:

* Shared Backbone: A two-layer MLP with a
hidden dimension of 512. Each layer is followed
by Layer Normalisation, a ReLU activation, and
Dropout (p = 0.1) to prevent overfitting on the
limited training pairs.

* Direction Head: A projection layer that outputs
a normalised unit vector, trained to maximise co-
sine similarity with the target abstract activation.

* Magnitude Head: A scalar regression layer cul-
minating in a Softplus activation, trained via

Mean Squared Error (MSE) to match the norm
of the target activation.
The total loss is a weighted sum of the cosine dis-
tance loss, magnitude MSE, and a transformation
norm penalty to encourage minimal necessary in-
tervention.

A.3.2 RRN-AST (Rotational-Residual
Network)

The Rotational-Residual Network (RRN) operates
on a lower-dimensional manifold to learn a robust
geometric transformation.

* Dimensionality Reduction: Inputs are first
projected into a latent subspace of dimension
diatent = 128 using Principal Component Anal-
ysis (PCA) fitted on the training fold’s content-
laden activations.

* Transformation Logic: A shared feature extrac-
tor (hidden dimension 256) predicts two compo-
nents: a rotation matrix R € R%atent X diatent apd
a residual translation vector.

¢ Orthogonalisation: To ensure the rotation ma-
trix preserves the geometric structure of the latent
space, we apply Gram-Schmidt orthogonalisation
(via QR decomposition) to the predicted matrices
during the forward pass.

The training objective combines reconstruction

MSE with regularisation terms enforcing orthogo-

nality on R and sparsity on the residual vectors.

A.3.3 Linear Abstractor (Ridge Baseline)

For the linear baseline comparisons, we utilised
Ridge Regression (Linear Least Squares with
Lo regularisation). Independent regressors were
trained for each steering layer to map content-
laden activation vectors directly to their abstract
counterparts, with the regularisation strength set to
o = 1.0 and intercept fitting enabled.
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B Detailed Experimental Results

Qwen-2.5-7B | en bn de es fr it ru SW te zh | Avg.
Baseline Acc 78.06 6392 6442 6483 67.00 6433 6242 6292 71.17 6642 66.45
Baseline ACE 2.38 2.39 1.81 1.83 1.97 1.87 1.78 1.81 6.11 2.02 2.40
Additive

CEN-AST Acc 9730 78.02 89.58 91.15 90.07 8875 83.79 67.78 7292 88.79 84.82 (+27.62%)
CEN-AST ACE | 59.58 6.77 29.34 23.07 19.61 13.65 1512 7.29 10.13 17.96 | 20.25 (+743.75%)
Blending

FFN-AST Acc 96.87 7833 88.17 90.08 87.92 88.83 8142 7583 76.75 86.92 | 85.11 (+28.08%)
FFN-AST ACE | 35.84 10.01 2271 2499 12.67 1729 1053 9.52 621  17.29 | 16.71 (+596.25%)
RRN-AST Acc | 97.16 77.64 88.85 90.56 89.76 90.69 83.51 70.28 73.51 88.09 | 85.00 (+27.92%)
RRN-AST ACE | 4246 1436 21.54 24.11 19.83 1942 1529 15.00 4.71 15.47 | 19.22 (+700.83%)

Gemma-2-9B | en bn de es fr it ru sw te zh | Avg.
Baseline Acc 7270  66.50 6730 71.79 6928 69.69 67.65 63.94 6425 65.79 67.63
Baseline ACE 2.67 4.29 245 2.99 2.78 2.88 2.75 3.11 2.25 2.37 2.85
Additive

CEN-AST Acc 89.63 7270 89.58 91.73 90.56 9134 8385 6699 7270 81.25 | 83.63 (+23.66%)
CEN-AST ACE | 13.80 10.21 10.35 12.77 10.21 1220 7.58 2.93 10.21 4.07 9.88 (+246.67%)
Blending

FFN-AST Acc 81.99 76.75 79.58 80.50 82.00 8042 75.83 7242 6550 7575 | 77.52(+14.62%)
FFN-AST ACE 4.90 5.24 4.26 4.75 6.59 5.12 4.05 4.03 2.26 3.60 4.16 (+46.06%)
RRN-AST Acc | 79.63 75.67 7733 79.42 79.67 78.67 7542 70.17 6642 7442 | 75.13 (+11.08%)
RRN-AST ACE | 4.95 7.56 4.45 5.59 6.47 571 4.43 4.26 2.55 4.31 5.02 (+76.14%)

Mistral 7B | en bn de es fr it ru sW te zh | Avg.
Baseline Acc 63.95 6147 6129 5999 6346 6049 5875 56.22 58.58 58.86 60.31
Baseline ACE 2.36 2.53 2.39 2.32 2.29 2.86 2.33 9.89 1930 255 491
Additive

CEN-AST Acc 9245 5723 8145 85.16 8574 7422 7383 63.09 49.61 7422 | 75.81 (+25.71%)
CEN-AST ACE | 1340 1.29 4.54 8.51 9.20 3.67 2.64 1.72 0.99 2.48 7.54 (+53.56%)
Blending

FFN-AST Acc 88.80 57.25 8025 7350 8150 7125 70.25 66.00 50.00 7425 | 72.85(+20.79%)
FFN-AST ACE | 10.56  1.30 3.65 5.07 6.79 3.39 2.55 1.94 1.00 243 4.52 (-7.94%)
RRN-AST Acc | 84.08 5495 65.63 50.77 60.79 4877 4531 7055 57.07 47.16 61.35 (+1.72%)
RRN-AST ACE | 7.89 1.07 2.25 1.81 1.81 1.06 1.06 2.06 1.07 1.17 2.45 (-50.09%)

Llama-3.1-8B | en bn de es fr it ru sW te zh | Avg.
Baseline Acc 58.87 5854 5742 5410 5820 60.55 59.57 5254 63.30 54.88 58.87
Baseline ACE 1.83 0.23 2.22 1.69 1.66 2.32 3.10 2.30 0.31 1.67 1.73
Additive

CEN-AST Acc 8741 69.92 8594 8496 8848 8340 8242 6562 73.63 81.64 | 80.34 (+36.47%)
CEN-AST ACE | 13.72  5.77 10.10 1226 1327 4.72 17.03 6.80 45.04 6.79 13.55 (+683.24%)
Blending

FFN-AST Acc 51.24 5124 51.08 5092 50.50 5058 51.42 5133 5124 5150 | 51.24(-11.31%)
FFN-AST ACE 1.06 1.06 1.05 1.03 1.02 1.04 1.10 1.08 1.06 1.09 1.06 (-38.73%)
RRN-AST Acc | 61.89 57.14 56.60 5331 5125 5468 48.85 50.55 8571 52.02 57.10 (-9.37%)
RRN-AST ACE | 0.77 0.30 0.73 0.84 0.91 0.73 0.64 0.68 0.05 0.57 0.67 (-61.27%)

Velvet-2B | en bn de es fr it ru swW te zh | Avg.
Baseline Acc 68.33 53.50 4848 52.08 5735 6260 52.88 5031 52.00 53.08 55.06
Baseline ACE 3.86 2.10 2.65 2.50 3.01 2.59 1.67 1.94 1.80 1.34 2.35
Additive

CEN-AST Acc 81.66 63.15 6523 63.60 7528 7197 59.67 5020 6140 6290 | 65.50 (+18.96%)
CEN-AST ACE | 2429 475 11.89 351 5.75 2.88 1.67 2.37 4.10 9.25 7.05 (+200.00%)
Blending

FFN-AST Acc 76.34 5620 56.00 57.50 66.00 5825 54.62 5188 54.65 52.12 58.36 (+5.99%)
FFN-AST ACE 9.45 2.30 1.79 234 739 1.43 1.61 2.28 1.95 1.12 3.17 (+34.89%)
RRN-AST Acc | 79.73 56.00 52.60 60.19 66.58 68.60 50.71 48.68 5445 47.87 58.54 (+6.32%)
RRN-AST ACE | 8.50 3.35 3.41 7.64 1.03 730 217 2.01 290  2.66 4.10 (+74.47%)

EuroLLM-9B \ en bn de es fr it ru SW te zh \ Avg.
Baseline Acc 67.57 58.00 57.34 60.20 6290 6227 59.88 5199 5750 57.35 59.50
Baseline ACE 3.26 2.20 2.30 2.55 2.89 2.46 1.69 1.53 2.10 2.41 2.34
Additive

CEN-AST Acc | 79.62 6240 6253 6197 6093 5636 63.04 6048 61.85 70.74 63.99 (+7.55%)
CEN-AST ACE | 7.98 3.45 2.51 2.98 2.54 1.73 2.71 2.40 330  6.67 3.63 (+55.13%)
Blending

FFN-AST Acc 68.46 58.60 58.87 62.60 6030 6220 6238 50.61 58.10 58.99 60.11 (+1.03%)
FFN-AST ACE 9.28 5.50 3.55 4.99 2.58 268 1278 735 5.25 4.03 5.80 (+147.86%)
RRN-AST Acc | 43.97 4820 4659 5206 49.51 5350 5296 51.62 47.80 48.12 | 49.43(-16.92%)
RRN-AST ACE | 231 5.10 225 1225 729 463 1050 143 4.85 3.08 5.37 (+129.49%)

Table 7: Overall Accuracy and ACE Ratio on the multilingual syllogism benchmark.
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C Detailed Side Effects on Fluency

Qwen-2.5-7B | en de es fr it ru zh | Avg.
Baseline ‘ 6.04 5.12 7.54 6.99 7.11 484 15.34 ‘ 7.57
Additive

CEN-AST ‘ 6.19 5.22 7.68 7.14 7.22 497 15.61 ‘ 7.72 (+1.98%)
Blending

FFEN-AST 7.03 5.54 8.35 7.68 7.75 5.22 17.90 | 8.50 (+12.29%)
RRN-AST 6.74 5.34 8.00 7.37 7.46 5.04 16.84 8.11 (+7.13%)
Gemma-2-9B | en de es fr it ru zh | Avg.
Baseline ‘ 9.94 9.24 1430 13.88 14.18 11.63 52.69 ‘ 18.00
Additive

CEN-AST ‘ 10.15 945 14.65 1424 1454 1195 53.76 ‘ 18.39 (+2.17%)
Blending

FFN-AST 11.29 10.54 17.62 16.30 16.72 1396 62.52 | 21.28 (+18.22%)
RRN-AST 10.51  9.87 16.65 1477 15.17 12.60 56.26 19.40 (+7.78%)
Mistral-7B | en de es fr it ru zh | Avg.
Baseline ‘ 4.79 3.92 5.95 5.34 5.51 4.11 10.19 ‘ 5.69
Additive

CEN-AST ‘ 4.99 4.04 6.08 5.44 5.69 4.22 10.39 ‘ 5.84 (+2.64%)
Blending

FFN-AST 6.07 4.86 7.67 6.82 7.14 5.26 12.99 7.26 (+27.59%)
RRN-AST 5.10 4.24 6.46 5.95 5.90 4.40 10.91 6.14 (+7.91%)
Llama-3.1-8B | en de es fr it ru zh | Avg.
Baseline ‘ 6.35 5.24 6.89 6.70 6.35 546 1538 ‘ 7.48
Additive

CEN-AST ‘ 6.56 5.41 7.01 6.83 6.54 5.69 15.75 ‘ 7.68 (+2.67%)
Blending

FFN-AST 9.39 7.85 9.42 8.79 8.25 7.30  20.43 | 10.20 (+36.36%)
RRN-AST 7.78 6.58 8.18 7.87 7.25 6.32 18.23 | 8.89 (+18.85%)
Velvet-2B | en de es fr it ru zh | Avg.
Baseline ‘ 1835 1690 127.57 3490 1551 4.60 12.20 ‘ 32.86
Additive

CEN-AST ‘ 1872 17.24 130.12 3560 1582 4.69 1244 ‘ 33.52 (+2.01%)
Blending

FFN-AST 19.67 18.74 143.64 3922 17.60 5.17 14.51 | 36.94 (+12.42%)
RRN-AST 1596 18.00 147.11 40.15 15.65 6.91 21.51 37.90 (+4.78%)
EuroLLM-9B | en de es fr it ru zh | Avg.
Baseline ‘ 4.66 3.26 6.08 5.52 5.61 4.78 9.48 ‘ 5.63
Additive

CEN-AST ‘ 4.78 3.34 6.23 5.66 5.75 4.90 9.72 ‘ 5.77 (+2.49%)
Blending

FEN-AST 5.17 3.54 6.70 6.03 6.14 5.17 10.47 6.17 (+9.59%)
RRN-AST 5.03 3.52 6.57 5.96 6.06 5.16 10.24 6.08 (+7.99%)

Table 8: Perplexity (PPL) on the multilingual syllogism benchmark. Steered PPL values are reported as the mean
perplexity when steering towards both validity and invalidity (which are always very similar).
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D Detailed Steering Efficiency

Model | Strategy | n(en %) n (multi %)
CEN-AST | 100 98.26
Qwen-2.5-7B | FFN-AST | 98.06 98.52
RRN-AST | 9842 98.40
CEN-AST | 100 97.25
Gemma-2-9B | FEN-AST | 89.07 90.10
RRN-AST | 86.54 95.38
CEN-AST | 100 96.91
) FFN-AST | 91.68 48.14
Mistral 7B | ppN-AST | 90.91 37.43
Ridge-AST | 8177 76.41
CEN-AST | 100 100
FEN-AST | 4722 45.56
Llama-3.1-8B | LN AST | 36.25 2981
Ridge-AST | 5456 4834
CEN-AST | 8439 81.94
FFN-AST | 7055 66.18
EuroLLM-9B | ppoN-AST | 38.46 4318
Ridge-AST | 44.12 66.66
CEN-AST | 100.00 99.58
Velvet-2B | FFN-AST | 89.63 70.46
RRN-AST | 80.01 80.50

Table 9: Summary of Steering Efficiency (1) Metrics.
n (en) is the average efficiency across English (EN)
examples and their paraphrased versions, and 7 (multi)

is the average across the other languages.

E Models Versions

Model | Version

Qwen2.5-7B Qwen/Qwen2.5-7B-Instruct
Gemma-2-9B | google/gemma-2-9b-it

Mistral-7B mistralai/Mistral-7B-Instruct-v0.3
Llama-3.1-8B | meta-llama/Llama-3.1-8B-Instruct
EuroLLM-9B | utter-project/EuroLLM-9B-Instruct
Velvet-2B Almawave/Velvet-2B

Table 10: Models proposed in this work, which can be
found on huggingface.co. We used the standard config-
urations recommended in model cards of HuggingFace
repositories *(access to the following models was veri-
fied on 5.10.2025).
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