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Abstract

Dialectal data are scarce relative to Modern
Standard Arabic (MSA), causing Arabic LLMs
to overproduce MSA and struggle with dialec-
tally accurate generation. This raises a funda-
mental interpretability question about where
and how dialectal features are encoded within
model internals and whether these representa-
tions can improve dialect generation without
fine-tuning. We study two inference-time ap-
proaches as interpretability probes and control
mechanisms. First, neuron-level analysis iden-
tifies sparse populations that encode dialect-
specific features and tests whether amplifying
or suppressing them steers model outputs to-
ward target dialects. Second, vector steering ex-
tracts dialect-specific activation directions and
injects them during inference, motivated by fea-
ture entanglement at the neuron level. We find
that these neurons are real but only partially
explanatory. They occupy under 1% of MLP
dimensions but span only 5% to 21% of the
residual dialect direction. This limited cover-
age is causally consequential. Neuron steering
reinforces dialect in some varieties when the
prompt is already dialectal but cannot induce
it from MSA prompts, whereas vector steering
succeeds in both settings. Arabic dialects are
therefore steerable mainly through distributed
rather than localized representations. !

1 Introduction

Arabic large language models (LLMs) have made
strong progress on standard benchmarks, yet re-
main weak on Arabic dialects (Mousi et al., 2025;
Robinson et al., 2025). This is partly reflected by
the pretraining data where Modern Standard Ara-
bic (MSA) dominates most Arabic corpora, while
dialectal text is scarce and inconsistently sourced
(Bari et al., 2025).

* Equal contribution. Authors listed in alphabetical order
of first name.

'Code and artifacts are available at https://github.
com/mbzuai-nlp/arabic-dialect-steering

As a result, models often default to MSA or
produce hybrid outputs that indiscriminately blend
dialects. Nacar (2025) documents this pattern in
ALLaM 34B, where Hijazi and Egyptian prompts
consistently elicit MSA-style responses, limiting
the model’s usefulness for conversational agents,
cultural content generation, and other applications
requiring dialectal authenticity.

Recent work on interpretability suggests that
linguistic behavior in LLMs can be localized or
linearly controlled: neurons can encode language-
relevant features, and activation-space directions
can steer generation toward target attributes (Fan
et al., 2023; Tang et al., 2024; Rahmanisa et al.,
2025; Turner et al., 2024; Rimsky et al., 2024; Chen
et al., 2025). These findings raise a question for
Arabic dialects: Do dialectal features admit similar
localized control, or does the lexical and syntactic
continuity among Arabic varieties make them more
distributed? This distinction matters because di-
alects are not separate languages with clean bound-
aries; they share vocabulary, morphology, and or-
thography with MSA and with each other.

This task presents unique challenges: unlike in-
dependent languages, Arabic dialects have high lex-
ical and syntactic overlap, and dialectal boundaries
are fuzzy rather than discrete (Habash, 2010), mak-
ing it harder to disentangle dialectal features at the
neuron level (Abdelali et al., 2022). To address
these open challenges, this work investigates two
distinct yet complementary inference-time strate-
gies for dialect control in Arabic LLMs, illus-
trated in Figure 1.. The first investigates whether
Arabic LLMs encode dialect-specific neurons and
whether manipulating these neurons can steer gen-
eration toward the desired dialect. The second
takes a broader representational perspective, asking
whether dialect-specific directions can be extracted
from the model’s activation space and injected dur-
ing inference to achieve more robust dialectal fi-
delity without fine-tuning or modification.
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Figure 1: Two inference-time interventions for Arabic dialect control on a frozen model. Neuron steering rescales a sparse set of
dialect-selective MLP units; vector steering adds a dialect—-MSA activation difference to the residual stream. Example shows
responses go from MSA (unsteered) to a partial shift (neuron) to consistent Egyptian (vector).

Research Questions: We ask three questions:

1. Can Arabic dialects be steered in the same way
as languages, despite their lexical and syntactic
overlap with MSA and with each other?

2. Are dialectal features localized in neuron pop-
ulations, distributed across residual space, or
both?

3. Which inference-time intervention provides
more reliable dialect control: neuron-level steer-
ing or activation-vector steering?

Our results reveal a nuanced picture: Arabic di-
alects are neither encoded as fully isolated neuron-
level modules nor as entirely diffuse behaviors. In-
stead, dialectal information is both sparse and dis-
tributed. We find that dialect-associated neurons
concentrate in late generation-facing layers, with
MSA clearly separated from spoken dialects and
with substantial sharing among regional dialects.
However, these sparse neurons capture only a par-
tial projection of the broader residual-space dialect
direction. This explains why neuron steering can re-
inforce dialectal behavior, but distributed activation-
vector steering provides more reliable control. To-
gether, these findings suggest that Arabic dialect
variation forms a structured and causally steerable
dimension of LLM representation space. To the
best of our knowledge, this is the first study to show
that Arabic dialects are causally steerable within
LLMs through both sparse neuron-level mecha-
nisms and distributed activation-space directions.

2 Methodology

We study two inference-time interventions for Ara-
bic dialect control. Neuron-based steering oper-
ates on sparse dialect-associated MLP neurons,
while vector steering operates on dialect-specific
directions extracted from contrastive dialect—-MSA
pairs. Both keep model weights fixed and serve
as causal probes of dialectal representations. We
also measure their inference-time latency overhead
(Appendix D).

2.1 Neuron-Based Dialect Steering

We test whether dialectal behavior can be controlled
through sparse neuron-level interventions. Follow-
ing the LAPE-based framework (Tang et al., 2024),
we identify dialect-associated MLP neurons and
rescale their activations during decoding to steer
generation toward target dialects.

Neuron Identification: We treat dialect-
associated neurons as those that are frequently
active for one Arabic dialect but selective across
dialects. Let L be the set of dialects used for
extraction, Sj the tokenized corpus for dialect
ke L,and Ty, = {(s,t) : s € Sk, 1 <t < s|}
the set of sentence—token-position pairs in
that corpus. For neuron j in layer i, with
scalar activation act(i, j;s,t), we estimate
its activation probability for dialect k£ as

ﬁﬁj = IE(S,?&)ET;€ [l{aCt(ivj; Sat) > O}]



We collect these probabilities across dialects as
pij = [ﬁf ilrer and normalize the vector to unit
{1 norm, yielding p; ;- The LAPE score is the en-
tropy of this normalized distribution: LAPE; ; =
— > kel p’ﬁj logp’ﬁj. Low LAPE indicates that
a neuron is selective for a small number of di-
alects. We select a neuron as dialect-associated
if it falls in the top n% of activation probability for
at least one dialect and in the bottom m% of LAPE
scores across neurons, where n and m are selection-
percentile hyperparameters. These neurons are then
used as targets for inference-time steering.

Neuron Steering: We steer the model at infer-
ence time by rescaling the activations of selected
dialect-associated MLP neurons during decoding,
leaving model parameters unchanged. For a target
dialect k, let Dy, () denote the set of selected target-
dialect neurons in layer i. We define Dysa (i) as
the selected MSA neuron set and, optionally, D¢ ()
as the union of selected neurons for non-target com-
petitor dialects. Let a;; ; be the activation of neu-
ron j in layer ¢ at decoding step . We apply the
following multiplicative update:

Qitj = Nijlitj,

where
o, j € Di(i),
IV et J € Dwmsal(i),
,] . .
! Yeomps J € Dc(l),
1, otherwise.

Here, « is the target-dialect amplification factor,
«y is the MSA suppression factor, and yeomp is the
optional competitor-dialect suppression factor. We
use a > 1 to strengthen target-dialect neurons and
Y, Yeomp < 1 to suppress MSA and non-target di-
alect neurons. Thus, decoding is biased toward the
target dialect while weights remain unchanged.

2.2 Vector Steering

While neuron-level steering offers fine-grained in-
terpretability, dialect features in Arabic LLMs
may be distributed across many neurons simultane-
ously, making isolated neuron interventions insuf-
ficient. To address this, we explore a complemen-
tary representation-level approach: vector steering
(Turner et al., 2024; Rimsky et al., 2024), which
operates on the full activation space of a layer rather
than on individual neurons.

Steering Vector Extraction: For a target dialect
k and a contrastive variety (MSA), we collect a
parallel corpus of sentence pairs {(s¥, sMSA) V.
Each sentence is passed through the model inde-
pendently, and we extract the mean hidden-state
activation across all response tokens at layer ¢, de-
noted h’(s). The dialect steering vector is then
computed as the mean difference between dialect

and MSA activations:

N
o = 5 30 (H6H = 6™

(Equation 1)
This difference vector encodes the directional
shift in activation space corresponding to moving
from MSA toward dialect &, capturing distributed
dialect features that may not be localized to any in-
dividual neuron. Crucially, because activations are
extracted from the model’s response tokens rather
than the input token, the vector reflects the model’s
generated dialectal behavior rather than its encod-
ing of the input, making it a more direct target for
generation-time intervention.

Inference-Time Injection: During generation,
we register a forward hook at layer ¢ that inter-
cepts the activation tensor at every token generation
step and adds the scaled steering vector in-place,
Rtew =ht +a- vf, where « is a scalar coefficient
controlling the strength of the intervention. Down-
stream layers then receive the modified activations
and generate dialect-influenced tokens accordingly.

No retraining or parameter updates are required.

3 Experiments

3.1 Experimental Setup

Models: We experiment with two Arabic-centric
large language models: ALLaM-7B-Instruct-
preview (Bari et al., 2025) and Fanar-1-9B-Instruct
(Fanar Team et al., 2025). Both are instruction-
tuned specifically for Arabic. ALLaM comprises
32 transformer layers, while Fanar has 42. Exper-
imenting across both models allows us to assess
whether findings generalize across architectures
trained on different Arabic corpora and with dif-
ferent instruction-tuning procedures.

Dialects and data: Ablation experiments are con-
ducted on Egyptian Arabic (Cairo) and Moroccan
Arabic (Rabat) as these dialects offer both larger
amounts of parallel data.



Parallel data is essential for steering vector extrac-
tion and direct evaluation availability in the bench-
mark used in this work. Additionally, they represent
linguistically diverse dialects with substantial varia-
tion between them, allowing for a more informative
analysis of the proposed methods.

Final model performance is then evaluated across
four broader dialect groups: Egyptian, Moroccan,
Levantine, and Gulf Arabic. Steering vectors and
dialect-specific neurons are extracted using paral-
lel dialect data from the MADAR corpus. Specifi-
cally, Cairo, Rabat, Beirut, and Doha each provide
12,000 sentence pairs, which are used for steering
vector extraction and neuron identification. In con-
trast, Riyadh and Aleppo provide only 2,000 sen-
tence pairs each. For evaluation, Cairo and Rabat
are mapped directly to the Egyptian and Moroccan
benchmark subsets. Beirut and Aleppo are evalu-
ated using the Syrian subset, as they are the closest
available dialects in the benchmark, while Doha
and Riyadh are evaluated on the Saudi subset.

Evaluation: Primary evaluation uses the LLM-
as-a-judge protocol described in Section 3.2. We
additionally evaluate using the AL-QASIDA bench-
mark as a complementary automatic metric. For
the best-performing model configurations for each
dialect, human annotations are collected to measure
inter-rater agreement with the LLLM judge.

3.2 LLM-as-a-Judge

We assess generation quality, using Gemini 2.5
Flash (Comanici et al., 2025) as the judge. Each re-
sponse is evaluated independently against the target
dialect across four integer-scored (1-5) dimensions:
dialect authenticity, coherence, Arabic fluency, and
MSA formality. The first three serve as quality mea-
sures while MSA formality is used diagnostically
to capture drift toward formal Modern Standard
Arabic. We report mean scores per dimension over
all judged samples. The full prompt, rubric, and
implementation details are in Appendix F.1.

3.3 Human Evaluation

We recruited eight Arabic annotators in total, as-
signing two annotators to each of the four target
dialects. The evaluation covered 300 outputs for ev-
ery combination of dialect, model, and generation
condition (unsteered, neuron steering, and vector
steering), yielding 300 x 4 x 2 x 3 = 7,200 evalu-
ated outputs. Each output was scored independently
by both annotators assigned to its target dialect.

The same four 1-5 dimensions as the LL.M-as-
a-judge evaluation were used and model identities
were hidden from the annotators to reduce bias. For
each output and metric, we first average the two
annotator scores and then average these item-level
scores across all samples. We report the human av-
erage as the mean of Arabic fluency, coherence, and
dialect authenticity, while reporting MSA formality
separately.

3.4 AL-QASIDA Evaluation

We evaluate using the AL-QASIDA frame-
work (Robinson et al., 2025), scoring responses
with the ADI2 metric:

ADI2(y) = P(y is dialectal) x P(y is dialect C)

which jointly penalizes MSA responses and re-
sponses in the wrong dialect. We also report macro-
ADI2, which aggregates dialect probabilities at the
regional level to account for overlap between geo-
graphically proximate varieties. We use the mono-
lingual generation task of the benchmark through-
out, as it best reflects real-world usage and aligns
with our inference-time intervention. Full details on
the framework, prompt construction, and corpora
are in Appendix G.1.

3.5 Neuron-based Steering

Neuron identification: Following the selection
procedure defined in Section 2.1, we select neurons
that fall in the top 5% of activation probability for
at least one dialect and in the bottom 1% of LAPE-
score distribution across all neurons. These thresh-
olds keep neurons that are both frequently active
for a dialect and highly selective across dialects.

Layer-wise distribution: Figure 2a shows that
dialect-specific neurons are depth-localized rather
than uniformly distributed. In ALLaM, they form
a narrow late-layer bottleneck, with layers 29-31
accounting for 69.5% of all dialect-neuron records
and layer 30 as the main peak. Fanar shows a simi-
lar late-layer pattern, but spread over a wider termi-
nal band, with layers 37—41 accounting for 50.6%
of records, plus a visible mid-layer tail. This sug-
gests that dialectal behavior is not primarily en-
coded as early surface cues such as orthography or
local lexical features. Instead, it emerges closer to
the generation-facing layers where internal Arabic
representations are mapped into next-token choices,
making these neurons plausible control points for
dialectal style, lexical choice, and morphosyntactic
realization.



Layer-wise Identified-Neuron Counts Across Dialects

= SA  mE CAl mE RAB  m DOH RIY ALE BEl

ALLaM-7B-Instruct-preview

Fanar-1-9B-Instruct

Overlap of Identified Neuron Sets Across Dialects
Instruct-preview

(b)
Figure 2: Dialect-specific neuron analysis for ALLaM and
Fanar across MSA, Cairo, Rabat, Doha, Riyadh, Aleppo, and
Beirut. Top: identified neurons concentrate in later layers.
Bottom: Jaccard overlap shows stronger sharing among spoken
dialects than with MSA.

Cross-dialect overlap: Figure 2b shows that the
identified neuron sets are neither isolated dialect
modules nor a single generic Arabic circuit. MSA
is consistently separated from the dialects, with
average MSA—dialect overlap of only 0.09 in AL-
LaM and 0.14 in Fanar, compared with dialect—
dialect overlap of 0.40 and 0.55. Since all varieties
share substantial Arabic lexical and orthographic
structure, this separation suggests that the selected
neurons are not merely generic Arabic detectors.
Instead, dialects share part of their internal repre-
sentation while retaining distinct neuron sets. High-
overlap pairs such as Aleppine-Beiruti and Doha—
Riyadh suggest reusable regional subcircuits that
may support transfer, while low overlap with MSA
marks sharper boundaries where MSA-based inter-
ventions are less likely to transfer.

Ablations: We ablate the target-dialect amplifica-
tion factor a;, the MSA suppression factor -y, and the
competitor-dialect suppression factor vcomp, vary-
ing one parameter while keeping the other two fixed.
Ablations are run on Egyptian and Moroccan Ara-
bic across both models. Our results show that « is
the main parameter affecting dialectal generation
performance, with the best setting being oo = 2.0
for ALLaM and « = 4.0 for Fanar.

Varying ~ and 7comp does not yield consistent
improvements and in some cases degrades perfor-
mance. Full ablation settings and results are re-
ported in Appendix A.

3.6 Vector Steering

To construct the parallel sentence pairs
{(s¥,sM5A)} required by  Equation 1, we
use the MADAR corpus. Each dialect sentence is
placed in the assistant turn of the chat template,
formatted as if produced by the model, so that
hidden states are extracted from response token
positions, which is consistent with how vectors are
applied at generation time.

Before applying steering vectors at inference
time, we first ask a more fundamental interpretabil-
ity question: do the hidden states of Arabic LLMs
encode dialect identity in a structured and geomet-
rically separable way? If dialect-specific directions
exist in activation space, they should be recoverable
from the mean hidden-state representations used to
construct our steering vectors. We investigate this
through PCA of the extracted representations at a
fixed intermediate layer across three Arabic LLMs
(full analysis in Appendix B.1). We find that di-
alects form geographically coherent clusters in rep-
resentation space, with dialect varieties occupying
distinct regions, and that representational distance
roughly tracks real-world linguistic proximity. This
structured geometry confirms that dialect identity
is encoded in a recoverable and separable way, mo-
tivating the use of mean activation differences as
steering directions.

Ablations: We conduct ablations across layers,
coeflicients and number of steered tokens.

Layer selection: All layer ablations are con-
ducted with a fixed steering coefficient of @ = 2. As
shown in Figure 3, the two models reveal strikingly
different dialectal encoding profiles. Fanar concen-
trates dialect information in its middle layers, with
both ADI2 and macro-ADI2 peaking around layers
19-24; the LLM judge corroborates this, showing
a corresponding rise in dialect quality scores that
peaks in the same region before declining. ALLaM
tells a different story: judge scores remain broadly
stable across most layers, suggesting that generation
quality is largely insensitive to intervention depth,
while ADI2 rises monotonically, most sharply at
the final layers, indicating that benchmark gains
at depth come without a corresponding perceptual
improvement.
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Figure 3: Layer ablation on Egyptian and Moroccan Arabic
with a fixed coefficient « = 2. ADI2, macro-ADI2, LLM
judge average, and MSA formality are shown across all layers
for each model. Dashed lines indicate unsteered baselines.

In both models, MSA formality moves inversely
with dialect quality scores, confirming that the steer-
ing vector shifts register rather than introducing
unrelated artifacts. Based on the highest LLLM-as-
a-judge score, we select candidate layers from the
high-quality plateau of each model (layers 19-24
for Fanar, 11-20 for ALLaM) for the subsequent
coeflicient ablation.

Coefficient selection: o« is sweptover 1,2,3,4,5
across the candidate layers (Figure 9, Ap-
pendix B.2). ALLaM and Fanar differ in robust-
ness: Fanar’s Egyptian Arabic shows no divergence
between ADI2 and judge scores even at « = 5,
whereas ALLaM degrades in coherence at higher
coeflicients. Moroccan Arabic is more sensitive
than Egyptian Arabic for both models, with judge
quality declining while ADI2 continues to rise. The
best layer—coeflicient pair per model per dialect is
carried forward to all subsequent experiments.

Token budget: Using the optimal layer and coef-
ficient per model—dialect pair, steering is restricted
to the first NV decoded tokens, with N increased
in steps of 10 (Appendix B.3). The two models
behave differently: ALLaM commits to the target
dialect after minimal intervention, with judge scores
and ADI?2 plateauing from as few as 10-20 tokens
onward, suggesting the model sustains the dialect
autonomously once primed. Fanar requires sus-
tained injection, with ADI2 and macro scores ris-
ing steadily with N, consistent with its near-zero
unsteered baseline. Full-sequence steering on Mo-
roccan Arabic for Fanar reveals a tension between
dialect authenticity and output quality that ADI2
alone would not expose.

Extraction-size stability: We test whether steer-
ing directions are stable across extraction-corpus
sizes by re-estimating vectors from 1k—12k parallel
pairs and comparing layer-wise cosine similarity.
The directions stabilize by 4k examples at the se-
lected steering layers, suggesting that vector orien-
tation is robust to sampling variation; full results
are in Appendix B.4.

4 Results

We evaluate two generation settings. In the mono-
dialect setting, the prompt is written in the target
dialect, reflecting the use case where a user writes
in a dialect and expects a response in kind. In the
MSA-prompt setting, the prompt is written in MSA
while the response is steered toward a target dialect,
testing whether internal steering can override the
prompt variety rather than simply preserve it.

Final evaluation setup: All methods use deter-
ministic decoding with a maximum of 128 new
tokens. The unsteered baseline receives the orig-
inal prompt without intervention. Neuron steer-
ing uses the LAPE-selected neurons with o = 2.0
for ALLaM and o« = 4.0 for Fanar, without MSA
or competitor suppression. Vector steering injects
response-side dialect-MSA directions for the first
30 generated tokens, following the token ablation
results. This token budget is stable for ALLaM
and avoids the quality degradation observed for Fa-
nar under longer Moroccan steering. For Egyptian
and Moroccan, we report the best layer and coeffi-
cient settings from the ablations. For non-ablated
dialects, we use layer 20 as the default based on its
strong performance across the ablated settings.



ADI2 macro-ADI2 Judge avg.
Model Method EGY MOR SAU SYR EGY MOR SAU SYR EGY MOR SAU SYR
Unsteered 0.306 0.168 0.036 0.094 0.321 0.201 0.084 0.252 4.137 3.359 3.580 3.873
ALLaM-7B- Explicit 0.631 0.518 0.194 0.260 0.640 0.570 0.387 0.613 4.677 4.469 4.298 4.527
Instruct Neuron 0.468 0.308 0.027 0.062 0.471 0.318 0.072 0.228 3.978 3.766 3.282 3.494
Vector 0.512 0.310 0.124 0.156 0.532 0.380 0.252 0.407 4.712 4.390 4.151 4.470
Unsteered 0.018 0.025 0.004 0.006 0.019 0.027 0.022 0.017 3.175 2.944 3.462 3.172
Fanar-1-9B- Explicit 0.383 0.345 0.028 0.158 0.388 0.347 0.076 0.279 3.986 3.599 3.396 3.509
Instruct Neuron 0.119 0.070 0.002 0.007 0.119 0.078 0.020 0.017 3.029 2.580 3.244 2.974
Vector 0.384 0.410 0.010 0.044 0.398 0.428 0.035 0.200 4.446 4.060 3.536 3.648

Table 1: Mono-dialect results across automatic and LLM-as-a-judge metrics. Higher is better for ADI2, macro-ADI2, and judge
average. EGY, MOR, SAU, and SYR denote Egyptian, Moroccan, Saudi, and Syrian Arabic, respectively. Neuron and Vector
denote the best neuron-steering and vector-steering configurations. Within each model, metric, and dialect, the best score is

shown in bold and the second-best score is underlined.

Human avg. 1

MSA formality |

Model Dialect Layer [eY Unst. Neu. Vec. Unst. Neu. Vec
EGY 20 2 3.698 4.111 4.231 3.195 2.470 1.795

) MOR 19 1 3.300 3.621 3.628 4.165 3.905 3722
ALLaM-7B-Instruct-preview SAU 20 2 3.538 3.438 4.066 4.410 4473 3.005
SYR 20 2 3.693 3.724 4.138 3.177 3.075 1.945

EGY 23 3 3.506 3.339 3.858 4.953 4.430 2.393

Fanar-1.9B.Instruct MOR 20 2 3.005 2.864 2.657 4.340 3.998 2.707
anar-1-oB-Instrue SAU 20 2 3.333 3.259 3.285 4.723 4842 4.620
SYR 20 2 3.526 3221 3.617 4292 4.210 2.825

Table 2: Human evaluation summary for mono-dialect outputs. Each score is averaged over two blinded annotators and then over
samples. Human avg. averages fluency, coherence, and dialect authenticity, while lower MSA formality is better. Layer and o
denote the vector-steering layer and coefficient. Bold and underline mark the best and second-best values within each model and
dialect. Unst., Neu., and Vec. denote unsteered, neuron steering, and vector steering.

4.1 Mono-Dialect Prompts

Table 1 shows that vector steering demonstrates
clear effectiveness, matching or surpassing explicit
prompting on judge averages for Fanar across all
dialects and for ALLaM on Egyptian, with minimal
difference with explicit prompting on the remaining
three dialects, despite explicit prompting (Details
in Appendix H) leading on raw ADI2 and macro-
ADI2. This dissociation reinforces that ADI2 is not
always a representative metric, as it does not ac-
count for coherence or overall output quality. Neu-
ron steering improves over the unsteered baseline,
particularly for Egyptian and Moroccan for ADI2
scores but shows no improvement in LLM as a judge
scores except for ALLaM on Moroccan. Human
evaluation (Table 2) validates these findings on au-
thenticity and MSA formality in all eight groups,
with one exception: for Fanar on Moroccan Ara-
bic, annotators score steered fluency and coherence
below the unsteered baseline, so the human aver-
age falls, where the judge average rises. Together,
these results support a key interpretability finding:
dialectal behavior is partly localized in identifiable
neurons, but robust control requires the broader
distributed direction captured by vector steering.
This conclusion also holds after removing any risk
of overlap between the MADAR data used for steer-
ing extraction and the AL-QASIDA evaluation set.

More fine-grained results are provided in Appen-
dices F.2 and I, with qualitative generation examples
in Tables 15 and 16.

Statistical significance: Prompt-paired
Wilcoxon tests show that 96/120 LLM-judge
comparisons remain significant after Holm-
Bonferroni correction. Vector steering significantly
outperforms neuron steering in 38/40 tests and
the unsteered baseline in 31/40, with dialect
authenticity and MSA formality significant across
all eight model—dialect groups (|r| = 0.43-0.99
for vector—neuron). In contrast, only 7/27 signif-
icant neuron—unsteered differences favor neuron
steering. Full results, including 10,000-bootstrap
confidence intervals and effect sizes, are reported
in Appendix C.

4.2 MSA Prompts

We evaluate on 300 MSA prompt synthetic samples,
steering each toward the target dialects. Neuron
steering failed entirely, with dialect authenticity
collapsing to the minimum judge score and ADI2
reaching zero, confirming that sparse interventions
can reinforce but not induce dialectal generation.
Only vector steering results are therefore reported
in Table 3.



ALLaM-7B-Instruct-preview Fanar-1-9B-Instruct

Dialect ADI2 macro Judge ADI2 macro Judge
EGY 0.215 0.221 4.523 0.059 0.066 3.884
LEB 0.108 0.291 4.014 0.008 0.047 3.511
SYR 0.080 0.219 4.143 0.004 0.023 3.620
SAU 0.046 0.102 3918 0.000 0.003 3.611
QAT 0.069 0.158 3.676 0.002 0.017 3.522
MOR 0.293 0.350 4.321 0.102 0.139 3.640

Table 3: MSA-to-dialect vector-steering results using layer 20
and 30 steered tokens. Higher is better for all metrics. Judge
denotes the average LLM-as-a-judge score. EGY, LEB, SYR,
SAU, QAT, and MOR denote Egyptian, Lebanese, Syrian,
Saudi, Qatari, and Moroccan Arabic.

Vector steering produces dialectal signal across
all targets, though performance is lower than in
the mono-dialect setting with ALLaM being more
responsive than Fanar. Crucially, the fact that mod-
els produce dialectal output despite receiving MSA
prompts shows that vector steering exerts influence
at the activation level, overriding the prompt’s lin-
guistic register. These results reinforce the mono-
dialect finding that distributed residual-space direc-
tions are more effective than sparse neuron inter-
ventions.

5 Analysis and Discussion

To explain the gap between neuron and vector steer-
ing, we compare the residual dialect directions used
by vector steering with the subspace spanned by the
down-projection directions of the LAPE-selected
MLP neurons. This yields a residual-subspace cov-
erage score measuring how much of each dialect
vector is captured by the sparse neuron set. Formal
details and random-baseline tests are provided in
Appendices E.1 and E.2.

Figure 4 shows that LAPE-selected neurons cap-
ture a meaningful but incomplete projection of the
residual dialect directions. Although the selected
neurons occupy less than 1% of MLP intermediate
dimensions, they explain a non-trivial portion of
the dialect direction. However, most of the resid-
ual direction remains outside this sparse subspace.
This explains the main empirical gap: neuron steer-
ing provides localized interpretability, while vector
steering better captures the distributed activation
shift needed for robust dialect control.

6 Related Work

Our work on dialectal Arabic control in LLMs sits
at the intersection of Arabic NLP and mechanistic
interpretability.

Residual Projection Coverage by Dialect
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Figure 4: Residual-subspace coverage of vector-steering di-
rections by LAPE-selected neuron output subspaces. Top:
aggregate coverage by dialect. Bottom: mean coverage across
normalized layer depth, with shaded variation across dialects.
Higher values indicate stronger overlap between sparse neuron
subspaces and distributed dialect directions.

Evaluation of Arabic linguistic variation:
LLMs remain weak on dialectal Arabic, often
defaulting to MSA rather than generating dialectal
content (Robinson et al., 2025). Prior work
analyzes Arabic model internals across varieties
(Abdelali et al., 2022) and shows that MSA-to-
dialect transfer is uneven, geographically shaped,
and prone to negative interference (Khalak et al.,
2026). Relatedly, Elshabrawy et al. (2025) find
that excessive entanglement with MSA can hurt
dialect generation and use subspace interventions
to decouple dialect modeling from the dominant
standard variety. Benchmarks such as ARADiCE
further enable fine-grained evaluation of dialectal
and cultural capabilities (Mousi et al., 2025).

Neuron-level language control and activation
steering: Tang et al. (2024) identify language-
specific neurons with LAPE and show that activat-
ing them can steer output language. Subsequent
work shows that amplifying such neurons improves
steering (Rahmanisa et al., 2025). Language arith-
metic extends LAPE-based analysis by systemati-
cally activating or suppressing language neurons
and showing overlap among related languages (Gur-
gurov et al., 2025).



Prior work has shown that linguistic properties
can be localized in individual neurons and that fine-
tuning reorganizes their internal representations
(Durrani et al., 2022, 2023). A complementary
line of work has established that high-level con-
cepts can be extracted as linear directions in acti-
vation space and used to steer model behavior at
inference time. Turner et al. (2024) introduced acti-
vation addition, showing that adding a contrastive
steering vector to residual-stream activations reli-
ably shifts model behavior toward a target concept.
Rimsky et al. (2024) found that mean differences
between contrastive activations at the last token
position consistently outperform other extraction
strategies. Zou et al. (2025) demonstrated that traits
such as honesty and toxicity can be identified and
manipulated via linear directions. Chen et al. (2025)
extended this paradigm to personality traits, show-
ing that persona vectors extracted via contrastive
prompting can monitor and control sycophancy, hal-
lucination, and malicious behavior, and that acti-
vations from response tokens yield more effective
steering directions than prompt tokens. Aneja et al.
(2026) show that personality-related semantic direc-
tions can transfer across model variants and regulate
emergent misalignment.

Unlike prior work on cross-lingual transfer, we
operate within a single language family where di-
alectal boundaries are fuzzy and MSA overlap is
high. We show that Arabic LL.Ms nonetheless en-
code dialect identity as structured geometric prop-
erties of their hidden states, and that contrastive
activation directions can steer generation toward
a target dialect at inference time, revealing intra-
linguistic variation as an underexplored dimension
of LLM representation space.

7 Conclusion and Future Work

We explored the mechanistic interpretability of Ara-
bic dialect encoding in LLMs, finding that dialectal
information is neither fully localized nor entirely
diffuse, with dialect-associated neurons concentrat-
ing in late layers yet capturing only a partial projec-
tion of the broader residual-space dialect direction.
These neurons occupy under 1% of MLP intermedi-
ate dimensions and separate MSA from the spoken
dialects far more sharply than the dialects separate
from one another. We applied both neuron-based
and distributed vector steering, with vector steering
providing more reliable dialect control across both
models.

Vector steering is also the only method that in-
duces dialect from MSA prompts: neuron steering
fails outright there, with dialect authenticity collaps-
ing to the minimum score, confirming that sparse
interventions can reinforce a dialect but not induce
one. Both interventions leave model weights un-
changed and add no meaningful inference cost. The
gains are not uniform: for Fanar on Moroccan Ara-
bic, annotators judge steered output less fluent and
less coherent than the baseline despite a clear au-
thenticity gain, a trade-off the LLM judge does not
register.

Future work should extend this analysis to addi-
tional dialects and mixed-dialect settings, explore
adaptive and compositional steering methods, and
investigate how dialect representations interact with
other stylistic and sociolinguistic attributes in mul-
tilingual and multimodal models. Our weakest re-
sults come from the dialects with the smallest ex-
traction corpora, suggesting that low-resource vari-
eties may require extraction strategies that do not
depend on large parallel sets.The high neuron over-
lap among regionally proximate dialects points to
reusable subcircuits, raising the question of whether
steering directions can transfer within a region
rather than being estimated per dialect. Finally,
dialect evaluation needs metrics that score output
quality alongside dialectness, since both ADI2 and
LLM judges have blind spots that only human an-
notation exposed.

Limitations

Our experiments focus on a limited set of Arabic
dialects and two Arabic-centric LLMs, and results
may not fully generalize to other dialects, architec-
tures, or multilingual models. In addition, evalua-
tion of dialectal generation remains inherently chal-
lenging: automatic metrics and LL.M-as-a-judge
scores capture complementary aspects of perfor-
mance, but neither provides a complete measure
of dialect authenticity or sociolinguistic natural-
ness. Human evaluations are inherently subjective,
and inter-annotator agreement, while reasonable,
reflects the ambiguity inherent in dialect perception.
Finally, while our analysis identifies interpretable
dialect-related structures, the relationship between
localized neuron representations and distributed
residual-space features remains only partially un-
derstood, and further work is needed to characterize
these mechanisms more precisely.



Ethics and Broader Impact

This work aims to improve dialectal inclusivity in
Arabic LLMs by reducing the strong bias toward
Modern Standard Arabic and enabling more natural
generation for underrepresented dialect communi-
ties. We focus on inference-time steering meth-
ods that do not require retraining or modification
of model parameters, which may lower the com-
putational cost of dialect adaptation and improve
accessibility for low-resource varieties.

At the same time, dialect steering technologies
may be misused to imitate regional linguistic styles
in deceptive or manipulative contexts. Our meth-
ods are intended for research on controllable and
interpretable language generation, not for imper-
sonation or misinformation. In addition, Arabic
dialect boundaries are inherently fluid and socially
complex, and automatic evaluations may not fully
capture sociolinguistic authenticity or community
perceptions of dialect use. We therefore encourage
future work incorporating broader human evalua-
tion across speaker communities and dialect back-
grounds.

Annotations were annotated by trained Arabic
annotators recruited through a thirdparty company
and compensated at the standard hourly rate for
their location. Annotators signed non-disclosure
agreements prior to participation. We provide clear
task instructions, avoid collecting annotator per-
sonal data beyond what is required for payment and
administration by the vendor, and restrict dataset
release to permitted uses consistent with the under-
lying licenses.
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Appendix
A Neuron-Based Steering Ablations

We conducted ablation experiments to assess the
contribution of each neuron-steering parameter and
to select an effective steering configuration. Specif-
ically, we varied the target-dialect amplification
factor «, the MSA suppression factor ~y, and the
competitor-dialect suppression factor veomp. In
each ablation, one parameter was varied while the
remaining two were held fixed, allowing us to iso-
late the effect of each component.

Experiments were conducted using ALLaM-
7B-Instruct-preview and Fanar-1-9B-Instruct, with
Egyptian Arabic and Moroccan Arabic as target
dialects.

A.1 Target Dialect Coefficient Ablations

For this ablation, we vary the target-dialect ampli-
fication coefficient o while fixing the MSA sup-
pression coefficient and the non-target competitor
suppression coefficient to v = Ycomp = 0.9. This
isolates the effect of strengthening target-dialect
neurons during decoding. As shown in Figure 5,
ALLaM exhibits a non-monotonic response to .
Moderate amplification improves dialectal perfor-
mance, with o = 2.0 providing the best overall
trade-off across Egyptian Arabic and Moroccan
Arabic. Larger values lead to a sharp degradation
in LLM-as-a-judge scores, particularly fluency and
coherence, suggesting that excessive amplification
can distort generation quality even when dialectal
signals are strengthened.

For Fanar, increasing « produces stronger gains
in the automatic dialectal metrics, especially ADI2
scores, which improve consistently as the coeffi-
cient increases. However, the LL.M-as-a-judge re-
sults show that very large amplification reduces
fluency and coherence, while dialect authentic-
ity improves only modestly. We therefore select
a = 4.0 for Fanar as a balanced setting: it sub-
stantially improves dialectal metrics while avoid-
ing the larger quality degradation observed at o =
5.0. Overall, these results indicate that the target-
dialect amplification coefficient is a main driver of
neuron-steering performance, but its optimal value
is model-dependent.

A.2 MSA Neuron Suppression Ablations

In this ablation, we vary the MSA suppression co-
efficient v while fixing the target-dialect amplifi-
cation coeflicient to the best value selected in the

previous ablation, namely o = 2.0 for ALLaM and
a = 4.0 for Fanar. We also fix the competitor-
dialect suppression coefficient to Yeomp = 0.9.
This setup isolates the effect of suppressing MSA-
specific neurons. As shown in Figure 6, varying
has a weaker and less consistent effect than vary-
ing the target-dialect amplification coefficient. For
ALLaM, weaker MSA suppression, represented by
larger values of -y, generally preserves or improves
performance, while strong suppression does not
provide clear gains and can reduce fluency and co-
herence, especially for Egyptian Arabic.

For Fanar, the effect of +y is also limited and non-
monotonic. Although automatic dialect scores re-
main above the unsteered baseline across most set-
tings, no single MSA suppression value yields con-
sistent improvements across both dialects and eval-
uation metrics. The LLM-as-a-judge scores further
indicate that suppressing MSA neurons does not
reliably improve dialect authenticity and may coin-
cide with lower fluency and coherence. Overall, the
results suggest that MSA-neuron suppression is not
a driver of neuron-steering performance. The gains
are primarily attributable to target-dialect neuron
amplification, while aggressive MSA suppression
can be unnecessary or harmful.

A.3 Non-Target Dialects Neuron Ablations

In this ablation, we vary the non-target dialect sup-
pression coeflicient yeomp While fixing the target-
dialect amplification coeflicient to the best value
selected earlier, namely o = 2.0 for ALLaM and
a = 4.0 for Fanar. We also fix the MSA suppres-
sion coefficient to v = 1.0. Since Ycomp is a mul-
tiplicative suppression factor, smaller values cor-
respond to stronger suppression, while ycomp = 1
corresponds to no suppression of non-target dialect
neurons.

As shown in Figure 7, varying ~comp has a lim-
ited and inconsistent effect compared with target-
dialect amplification. For ALLaM, automatic di-
alect scores remain above the unsteered baseline
across settings, but stronger non-target suppres-
sion does not consistently improve LLM-as-a-judge
scores. For Fanar, automatic scores also remain
above baseline, yet the LLM-as-a-judge results
show no reliable gains in fluency, coherence, or
dialect authenticity. These results suggest that sup-
pressing non-target dialect neurons is not a primary
driver of steering performance, and that aggressive
non-target suppression is generally unnecessary.
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Figure 5: Neuron-steering target-dialect amplification factor ablation results for ALLaM-7B-Instruct-preview and Fanar-1-9B-
Instruct. For each model, the left plot reports LLM-as-a-judge scores for fluency, coherence, and dialect authenticity, while the
right plot reports automatic dialect metrics using ADI2 scores. Results are shown across steering coefficients for Egyptian Arabic
and Moroccan Arabic, with dashed lines indicating the unsteered baseline.
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Figure 6: Neuron-steering MSA suppression factor ablation results for ALLaM-7B-Instruct-preview and Fanar-1-9B-Instruct.
For each model, the left plot reports LLM-as-a-judge scores for fluency, coherence, and dialect authenticity, while the right plot
reports automatic dialect metrics using ADI2 scores. Results are shown across MSA suppression coefficients for Egyptian Arabic
and Moroccan Arabic, with dashed lines indicating the unsteered baseline.

B Vector Steering

B.1 Analysis of Extracted Dialect
Representations

Dialectal Geometry. Figure 8 shows PCA pro-
jections of the mean response-side hidden states
at layer 16 for three Arabic LLMs: ALLaM-7B-
Instruct-preview, Fanar-1-9B-Instruct, and Jais-2
(Anwar et al., 2026), across ten Arabic dialect cities

spanning Maghrebi, Levantine, and Gulf varieties.

The first three principal components accounting
for the majority of variance (PC1 alone captures
56.88%, 49.42% ,and 42.83% of variance for Fa-
nar, Jais-2 and ALLaM respectively). Across all
three models, dialects do not collapse to a single
point in this space; instead, they spread across the
principal components in patterns that reflect known
geographic and typological groupings.
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Figure 7: Neuron-steering non-target dialect suppression factor ablation results for ALLaM-7B-Instruct-preview and Fanar-
1-9B-Instruct. For each model, the left plot reports LLM-as-a-judge scores for fluency, coherence, and dialect authenticity,
while the right plot reports automatic dialect metrics using ADI2 scores. Results are shown across non-target dialect suppression
coefficients for Egyptian Arabic and Moroccan Arabic, with dashed lines indicating the unsteered baseline.

Geographically close dialects like Rabat and
Tunis consistently occupy positions that are well-
separated from Gulf dialects (Riyadh, Doha, Jed-
dah), with Levantine dialects (Beirut, Aleppo, Dam-
ascus) occupying an intermediate region. Crucially,
cities that are geographically proximate tend to clus-
ter together in the representation space: Beirut and
Aleppo appear close across all three models, as
do Riyadh and Jeddah, and Rabat and Tunis. This
neighborhood-preserving structure suggests that the
models have not merely memorized surface-level
dialectal markers but have internalized a latent ge-
ography of Arabic variation, where representational
distance roughly tracks real-world linguistic prox-
imity.

This broad geographic clustering arises with-
out explicit dialectal supervision, emerging instead
from the distributional patterns in the training data.
Jais exhibits the most pronounced spread along PC1,
with Rabat positioned at the extreme positive end
and Riyadh at the extreme negative end, indicating
that the first principal component roughly tracks a
Maghrebi-to-Gulf axis. Fanar produces a compara-
ble geographic structure, though with tighter clus-
tering among Gulf dialects. ALLaM, by contrast,
shows a more compressed representation overall,
with most dialects occupying a narrower region of
PC1, suggesting that its internal geometry treats
Arabic varieties as more similar at this layer.

The third principal component (encoded as color)
reveals an additional axis of variation that does not
align cleanly with geography, potentially reflecting
register or lexical formality rather than regional
origin.

B.2 Coefficient Ablation

Figure 9 shows the joint layer—coefficient heatmaps
for ALLaM and Fanar across Egyptian and Mo-
roccan Arabic. For ALLaM, judge scores remain
high across most layer—coefficient combinations for
Egyptian Arabic, but begin degrading at later layers
(19-21) under higher coefficients, revealing a co-
herence ceiling that ADI2 alone would not expose:
the automatic identifier sees more dialect signal
while the judge perceives degrading output qual-
ity. Moroccan Arabic shows the same dissociation
more sharply, with ADI2 peaking at layer 19 and
a = 5 while judge quality declines at the same set-
ting. For Fanar, Egyptian Arabic is notably robust:
ADI2 and judge scores improve together across the
coefficient range, with no clear divergence even at
o = 5, suggesting that the steering vector aligns
well with the model’s generative behavior for this
dialect. Moroccan Arabic is more sensitive, with
judge scores dropping at higher coefficients beyond
layer 22 while ADI2 continues to rise, again expos-
ing the benchmark—perception gap.
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mean response-side hidden states at layer 16 for Fanar, Jais,
and ALLaM. Color encodes the third principal component.
Dialects are labeled by city.

B.3 Token Budget Ablation

Figure 10 shows the token budget ablation. For
ALLaM, judge scores are flat from N = 10 on-
ward for both Egyptian and Moroccan Arabic, and
MSA formality stays well below baseline through-
out, indicating the model commits to the target di-
alect after minimal intervention. ADI2 corrobo-
rates this, plateauing around 0.51 for Egyptian and
0.31 for Moroccan Arabic after the first 20 tokens.
Fanar requires sustained injection to maintain the
target register: ADI2 and macro scores rise steadily
with IV for both dialects. The judge remains sta-
ble for Egyptian Arabic across all values of N, but
shows a gradual decline for Moroccan Arabic under
full-sequence steering, exposing a tension between
dialect authenticity and output quality that ADI2
alone would not reveal.

B.4 Sensitivity Analysis

We study how the number of examples used to esti-
mate the response average-difference vector affects
the resulting steering direction.
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Figure 9: Steering coeflicient ablation heatmaps for AL-
LaM and Fanar across Egyptian and Moroccan Arabic.
ADI2, macro, and judge average scores are shown per layer—
coefficient combination.

For each model, we recompute the Cairo steering
vector using progressively larger sample sizes and
compare each estimate to the vector obtained from
the full 12k sample. The comparison is based on
cosine similarity across layers, together with pair-
wise similarity at the primary steering layer for each
model: layer 20 for ALLaM-7B-Instruct-preview
and layer 23 for Fanar-1-9B-Instruct.

Figure 11 shows that the steering direction is ro-
bust to the choice of sample size. Even the smallest
subset recovers the same broad direction as the full-
sample vector, indicating that the dialectal contrast
captured by the response average-difference vec-
tor is not driven by a small number of examples.
Increasing the sample size mainly smooths the esti-
mate rather than changing its orientation. The main
source of variation appears in the earliest layers,
where smaller-sample vectors show slightly weaker
alignment with the 12k reference.
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Figure 10: Token budget ablation for vector steering across
Egyptian and Moroccan Arabic. Each row shows ADI2 score
(top), macro score (middle), and judge average with MSA
formality (bottom) as a function of the number of steered
tokens N. Dashed lines indicate unsteered baselines.

This is consistent across both models and sug-
gests that low-level representations are more sen-
sitive to sampling noise. In contrast, the middle
and upper layers are much more stable, especially
near the layers used for intervention. At the selected
steering layers, the vectors estimated from 4k, 6k,
and 12k examples form an almost collinear clus-
ter, showing that additional data beyond this point
provides only marginal refinement. The two mod-
els exhibit the same qualitative pattern, with Fanar
showing slightly smoother convergence across lay-
ers and ALLaM showing a more visible low-sample
fluctuation in the mid layers. Importantly, these dif-
ferences do not alter the practical conclusion: the
steering vector saturates quickly with sample size.
A small sample is sufficient to identify the dialec-
tal direction, while around 4k examples provides a

Table 4: Number of significant tests after Holm—Bonferroni
correction. U, N, and V denote unsteered, neuron steering, and
vector steering.

Comparison Auth. Coh. Flu. MSA Avg. All

Nvs. U 4/8 7/8 5/8 518  6/8 27/40
Vvs. U 8/8 318 5/8 88 7/8 31/40
Vvs. N 88 88 6/8 88 88 38/40
Total 20/24 18/24 16/24 21/24 21/24 96/120

stable estimate that is effectively equivalent to the
full 12k vector for downstream steering.

C Significance Analysis of
LLM-as-a-Judge Results

We conduct prompt-paired Wilcoxon signed-rank
tests for the scores underlying Table 1. The anal-
ysis covers eight model—dialect groups, three con-
dition pairs, and five evaluation dimensions, yield-
ing 120 tests with 300 paired outputs per test. We
compute 95% confidence intervals using 10,000
paired bootstrap resamples, report rank-biserial ef-
fect sizes, and apply Holm—Bonferroni correction
jointly across all tests.

Table 4 summarizes the corrected results. Over-
all, 96 of 120 comparisons remain significant. Vec-
tor steering differs significantly from neuron steer-
ing in 38 of 40 tests and from the unsteered baseline
in 31 of 40 tests. Every significant result in these
two comparisons favors vector steering under the
corresponding metric direction. Neuron steering
differs from the unsteered baseline in 27 of 40 tests,
but only seven significant differences favor neuron
steering.

Table 5 reports group-level estimates for dialect
authenticity and MSA formality, the two dimen-
sions most directly related to dialect control. Each
entry gives the paired mean difference, its 95%
bootstrap confidence interval, and the rank-biserial
effect size. All 32 comparisons in the table remain
significant after Holm—Bonferroni correction. Pos-
itive authenticity differences and negative MSA-
formality differences favor vector steering. The
weakest vector—unsteered authenticity result, for
Fanar on Saudi Arabic, also remains significant
with pgoim = .0015.

Complete test-level results for all 120 compar-
isons, including condition means, Wilcoxon statis-
tics, uncorrected and corrected p values, confidence
intervals, and effect sizes, are provided in the sup-
plementary CSV.
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Figure 11: Sample-size sensitivity of the Cairo steering vector. The top panels show cosine similarity between vectors estimated
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sample sizes at the main steering layer for each model. Across both models, the estimated direction is already highly aligned with
the full-sample vector at small sample sizes, while vectors estimated from 4k examples or more become nearly indistinguishable

from the 12k reference.

D Inference-Time Overhead

We measure inference-time overhead on ALLaM-
7B-Instruct-preview using the final Egyptian Arabic
configuration. All timing experiments were con-
ducted on a single NVIDIA A40 GPU. The imple-
mentation requires Python >3.10, PyTorch >2.2.0,
Transformers >4.45.0, and Accelerate >0.34.0.
For each condition, we time the same 30 prompts
after two warm-up generations. All methods use de-
terministic decoding with a maximum of 128 new
tokens.

Vector steering changes the output-length distri-
bution: mean generation length increases from 80.5
to 94.4 tokens, while the proportion of generations
reaching the 128-token limit increases from 43.3%
to 56.7%. We therefore report both raw wall-clock
latency and latency normalized by the number of
generated tokens. For statistical comparison, we

apply two-sided paired ¢-tests to the prompt-level
per-token latencies. The corresponding 95% confi-
dence intervals are paired ¢-intervals expressed rela-
tive to the unsteered mean. Table 6 reports mean la-
tency per condition. The 17.09% increase in vector
steering’s raw latency closely matches its 17.27%
increase in mean output length. After normalizing
for output length, vector steering does not introduce
a statistically significant overhead (to9 = —1.74,
p = .092, 95% CI [-0.40%, +0.03%]). Neuron
steering increases raw latency by only 0.36%, but
its per-token latency is consistently higher, yielding
a small but statistically significant normalized over-
head of 1.35% (tog = 13.95, p = 2.2x 104, 95%
CI [+1.15%, +1.54%)]). These results indicate that
both interventions add little practical inference cost
in the evaluated setting. Vector steering has no de-
tectable per-token overhead, whereas neuron steer-
ing incurs a small but measurable overhead.



Table 5: Vector-steering effects on dialect authenticity and MSA formality. Entries are A [95% CI] (rw ), where A is the vector

minus comparator.

Vector vs. Unsteered

Vector vs. Neuron

Model Dialect Authenticity MSA Authenticity MSA

ALLaM  EGY +1.18[0.98,1.38] (0.79) —1.07[-1.23,—-0.91] (—0.80) +1.09[0.88,1.31] (0.69) —0.97[—1.14,—0.81] (—0.68)
MOR +1.79[1.57,2.01] (0.87) —1.41[-1.59,—1.23] (—0.80) +0.98[0.75,1.20] (0.53) —0.80[—0.99, —0.61] (—0.47)
SAU +1.59[1.41,1.78] (0.86) —1.44[—1.59,—1.28] (—0.85) +1.97[1.79,2.15] (0.89) —1.88[—2.04,—1.73] (—0.89)
SYR +1.31[1.09,1.53] (0.68) —1.10[—1.28,—-0.93] (—0.68) +1.85[1.64,2.06] (0.84) —1.56[—1.73,—1.39] (—0.89)

Fanar EGY +3.15[3.01,3.29] (0.99) —2.65[—2.76, —2.54] (—1.00) +2.90 [2.75,3.06] (0.99) —2.37[-2.51, —2.24] (—0.98)
MOR +2.83(2.66,2.99] (0.98) —2.46 [—2.59, —2.33] (—0.99) +2.79([2.62,2.95] (0.98) —2.23[-2.37,—2.08] (—0.95)
SAU +0.20[0.11,0.28] (0.51) —0.22[-0.29,—0.14] (—0.47) +0.28[0.20,0.38] (0.74) —0.27[-0.36, —0.18] (—0.43)
SYR +1.46 [1.28,1.64] (0.95) —1.55[—1.70,—1.40] (—0.92) +1.49[1.30,1.67] (0.93) —1.60[—1.75,—1.45] (—0.89)

Table 6: Mean inference latency (n 30 per condition).
Overheads (A) are relative to unsteered generation.

ms/ Raw ms/ Norm.
Condition output A Tokens token A
Unsteered 2386.8 0.00% 80.5 29.67 0.00%

94.4 29.62 —0.18%
79.6 30.07 +1.35%

Vector
Neuron

27947 +17.09%
23954  +0.36%

Because the measurements use one representa-
tive model—dialect configuration, they should be
interpreted as relative overhead estimates for this
setup rather than hardware-independent throughput
benchmarks.

E Residual-Subspace Coverage Analysis

E.1 Formalism

Neuron steering and vector steering operate in dif-
ferent representational spaces. Neuron steering
modifies selected MLP coordinates, while vector
steering injects directions in the residual stream. To
compare them, we map selected MLP neurons into
residual space using their down-projection direc-
tions.

Let wd‘j’W“ € R? be the residual output direction
of neuron j in layer [/, given by the corresponding
column of the MLP down-projection matrix. For
a target dialect k, let Dy(l) be the set of LAPE-
selected neurons in layer /. The residual subspace
reachable by these neurons is

S = span{wdoWn |jeDe(D)}.

Let v; € RY be the residual dialect direction used
by vector steering at layer /. We measure how much
of this direction can be represented by the selected
neuron subspace by projecting v; onto S;:

_ [Prois, ()

o3

The aggregate coverage across layers is

_ 2 HPrOjSl(Ul)Hz
Sl

This score measures residual-subspace coverage,
not MLP activation-energy coverage.

A high p means that the selected neurons span
a large portion of the residual dialect direction. A
low p means that the vector-steering direction con-
tains components that cannot be reached by rescal-
ing the selected MLP neurons. This distinction is
important because neuron steering is sparse and
constrained to selected neuron output directions,
whereas vector steering can directly apply a dense
residual-space dialect shift.

E.2 Significance Against Randomly Selected
Neurons

The coverage scores in Table 7 show how much
of each residual dialect direction lies in the resid-
ual subspace spanned by LAPE-selected MLP neu-
rons. However, nonzero coverage is expected even
for arbitrary neuron subsets, especially because
MLP down-projection directions are not orthogonal
and random subsets can span nontrivial portions
of the residual space. We therefore compare the
LAPE-selected neurons against a matched random-
exclusion baseline.

For each model, dialect, and layer, we sample the
same number of neurons as the LAPE-selected set,
while excluding the selected neurons from the sam-
pling pool. This controls for both the number of neu-
rons and their layer distribution. We repeat this pro-
cedure 1,000 times and compute residual-subspace
coverage using the same projection method as in
E.1. We report the mean random coverage, the abso-
lute lift over this mean, a z-score computed relative
to the random baseline distribution, and a one-sided
empirical p value, defined as the fraction of random
subsets whose coverage is at least as large as the
LAPE-selected subset.

The random-exclusion baseline reveals that raw
coverage alone is not sufficient to establish that
LAPE-selected neurons are meaningfully aligned
with the dialect steering directions.



Model Dialect #Neu. Dim. Cov. Rand. Lift z Emp. p
ALE 804 0.228% 12.07% 9.16% +2.92 pp 1.61 0.066
BEI 1053 0.299% 17.47% 11.80% +5.68 pp 3.00 0.015
ALLaM-7B- CAI 1241 0.352% 20.55% 11.51% +9.04 pp 4.84 0.001
Instruct DOH 891 0.253% 11.32% 9.58% +1.75 pp 0.84 0.174
RAB 2026 0.575% 19.34% 18.90% +0.44 pp 0.24 0.388
RIY 677 0.192% 9.16% 7.21% +1.95 pp 1.03 0.136
ALE 2537 0.421% 6.23% 3.63% +2.60 pp 5.66 0.017
BEI 3054 0.507% 7.81% 4.38% +3.42 pp 7.19 0.006
Fanar-1-9B- CAI 3154 0.524% 10.31% 4.99% +5.32 pp 12.17 0.001
Instruct DOH 2391 0.397% 5.91% 3.43% +2.48 pp 5.71 0.020
RAB 3604 0.599% 10.10% 5.64% +4.46 pp 6.70 0.001
RIY 1970 0.327% 4.67% 2.91% +1.76 pp 5.86 0.013

Table 7: Residual-subspace coverage of dialect steering vectors by LAPE-selected MLP neurons, compared with a matched
random-exclusion baseline. #Neu. is the number of selected neurons. Dim. is the selected-neuron dimensional share across
processed MLP layers. Cov. is the coverage of the LAPE-selected neuron subspace. Rand. is the mean coverage over 1,000
same-count random subsets sampled from non-selected neurons in the same layers. Lift is the absolute percentage-point difference

between Cov. and Rand. Emp. p is the one-sided empirical randomization value.

Model Cov. Rand. Lift z Across both models, Cairo is the clearest case
ALLaM-7B- of alignment between LAPE-selected neurons and
{?I;Srf?rl-clt-%- 14.99%  11.36%  +3.63pp 193 yector-steering directions. Riyadh is consistently
Instruct 7.51% 4.17%  +334pp 721  among the weakest cases, which is compatible with

Table 8: Model-level averages for residual-subspace coverage
across the six evaluated dialects. Cov. is the average cover-
age of LAPE-selected neuron subspaces, Rand. is the average
matched random-exclusion baseline, Lift is the average abso-
lute percentage-point improvement over random, and z is the
average standardized lift.

Some selected neuron sets cover a large fraction
of the residual vector, but random same-count neu-
ron sets can also explain substantial energy. This
is most visible for ALLaM-Rabat: despite high
raw coverage, the random baseline is nearly as high,
yielding little lift. Thus, coverage must be inter-
preted relative to matched random subspaces rather
than as an absolute quantity.

Table 8 summarizes model-level averages and
reveals two distinct patterns. ALLaM exhibits
higher absolute coverage on average, suggesting
that its LAPE-selected neuron subspaces overlap
more with residual dialect directions in raw terms.
However, this overlap is uneven across dialects:
Cairo and Beirut show clear enrichment, whereas
Doha, Rabat, and Riyadh are not reliably above the
random baseline. Fanar shows the opposite pat-
tern. Its absolute coverage is lower, but every tested
dialect is significantly enriched over random sub-
sets. This suggests that Fanar’s selected neurons are
less expansive in residual-space coverage, but more
consistently aligned with dialect-relevant directions
than arbitrary neurons of the same count and layer
distribution.

the weaker steering behavior observed for Gulf di-
alects. This suggests that dialects differ not only in
downstream controllability, but also in how much
their residual dialect directions are captured by
sparse neuron-level features.

Overall, the significance analysis supports a nu-
anced interpretation. The LAPE-selected neurons
are not arbitrary: several dialects show statistically
reliable enrichment over random neuron subsets. At
the same time, even the strongest selected-neuron
subspaces explain only a minority of the full resid-
ual dialect direction. This helps explain why neuron
steering is less effective than vector steering. Neu-
ron steering manipulates a sparse, partially-aligned
subset of dialect-related directions, whereas vector
steering directly applies the full distributed residual-
space shift from MSA toward the target dialect.

F LLM-as-a-Judge

F.1 Setup

The judge receives the target dialect label, a normal-
ized dialect name, the generated response, and the
original prompt or context when available. Dataset
source and file-level metadata are stored with eval-
uation outputs for traceability but are not passed to
the judge prompt. The judge is instructed to treat the
generated text as data and ignore any instructions it
may contain. Decoding is deterministic (tempera-
ture 0), with a maximum of 128 completion tokens
and JSON-object response formatting.



EGY MOR SAU SYR
Model Method Flu. Coh. Auth. MSA Flu. Coh. Auth. MSA Flu. Coh. Auth. MSA Flu. Coh. Auth. MSA
Unsteered 4.460 4.413 3.537 2427 3.933 3.603 2.540 2.983 4.457 4360 1.923 3.703 4.343 4.223 3.053 2.670
ALLaM-7B- Explicit  4.843 4.667 4.520 1.617 4.577 4.470 4.360 1.503 4.380 4.640 3.873 2.043 4.570 4.607 4.403 1.493
Instruct Neuron 4393 3917 3.623 2330 4.193 3.747 3.357 2377 4270 4.030 1.547 4.150 4.087 3.890 2.507 3.130
Vector 4.813 4.607 4.717 1.357 4.577 4.260 4.333 1.573 4.393 4.543 3.517 2.267 4.613 4.437 4.360 1.570
Unsteered 4.127 4.237 1.160 4.413 3.867 3.893 1.073 4.350 4.577 4.610 1.200 4.420 4.143 4.247 1.127 4.360
Fanar-1-9B-  Explicit ~ 4.380 4.070 3.507 2.493 3.993 3.800 3.003 2.657 4.017 4.027 2.143 3.267 3.820 3.743 2.963 2.710
Instruct Neuron 3950 3.727 1.410 4.137 3.423 3.203 1.113 4.117 4430 4.190 1.113 4.470 4.043 3.783 1.097 4.413
Vector 4480 4.543 4.313 1.763 4.210 4.067 3.903 1.887 4.560 4.650 1.397 4.203 4.063 4.297 2.583 2.813

Table 9: Detailed LLM-as-a-judge metrics for mono-dialect outputs across dialects. Flu
fluency, coherence, dialect authenticity, and MSA formality, respectively. Higher is better for Flu., Coh., and Auth.; lower is better
for MSA formality. MOR denotes Moroccan Arabic. Neuron and Vector denote the best neuron-steering and vector-steering
configurations, respectively. Within each model, dialect, and metric, the best value is shown in bold and the second-best value is

., Coh., Auth., and MSA denote Arabic

underlined.

Model Dialect Flu. Coh. Auth. MSA
EGY 4.730 4.730 4.110 1.973
LEB 4.213 4.560 3.270 2.290

ALLaM-7B- SYR 4.407 4.720 3.303 2.537

Instruct SAU 4.343 4.770 2.640 3.257
QAT 4.153 4.543 2.330 2.987
MOR 4.500 4.463 4.000 1.703
EGY 4.617 4.810 2.227 3.677
LEB 4.187 4.693 1.653 3.577

Fanar-1-9B- SYR 4.603 4.810 1.447 4.283

Instruct SAU 4.793 4.920 1.120 4.753
QAT 4.630 4.767 1.170 4.320
MOR 4.147 4.587 2.187 3.057

Table 10: Detailed LLM-as-a-judge scores for MSA-to-dialect
vector steering with layer 20 and 30 steered tokens. Flu., Coh.,
Auth., and MSA denote Arabic fluency, coherence, dialect
authenticity, and MSA formality. Higher is better except for
MSA. Dialects are Egyptian, Lebanese, Syrian, Saudi, Qatari,
and Moroccan Arabic.

The expected output is a JSON object
with exactly four mandatory integer fields:
dialect_authenticity, coherence,
arabic_fluency, and msa_formality. Outputs
with missing fields, non-integer values, malformed
JSON, or scores outside 1-5 are retried. The exact
judge prompt and scoring rubric are shown in
Figure 12.

F.2 Detailed Results

We report the per-dimension LLM-as-a-judge
scores underlying the summary results in Section 4.
Table 9 breaks down the mono-dialect results by
fluency, coherence, dialect authenticity, and MSA
formality. The detailed scores show that vector
steering mainly improves dialect authenticity and
reduces MSA formality while preserving fluency
and coherence. Table 10 reports the same dimen-
sions for the MSA-to-dialect setting, where fluency
and coherence remain high but dialect authenticity
and residual MSA formality are the main limita-
tions.

G AL-QASIDA Evaluation

G.1 Evaluation Details

The AL-QASIDA framework (Robinson et al.,
2025) assesses LLM dialectal proficiency across
three tasks: monolingual generation (prompted
in the target dialect, expected to respond in kind),
cross-lingual generation (prompted in English,
asked to respond in a target dialect), and ma-
chine translation (between English, MSA, and
dialect). We use only the monolingual task. It
covers eight country-level dialects (Algerian, Egyp-
tian, Kuwaiti, Moroccan, Palestinian, Saudi, Su-
danese, and Syrian) and draws from four cor-
pora: FLORES-200 (Team et al., 2022) (wiki
text), MADAR-26 (Bouamor et al., 2018) (everyday
BTEC-style utterances), NADI-2023-TWT (Abdul-
Mageed et al., 2023) (tweets), and HABIBI (El-Haj,
2020) (song lyrics). For each variety, 100 sentences
are drawn from each corpus and wrapped in one
of eight native-speaker-translated instruction tem-
plates, with template selection governed by a seeded
RNG, making the prompt set fully deterministic.
NADI-2023-TWT is excluded from our evaluation
as it is not publicly redistributable due to X (Twit-
ter) policy. We ran the pipeline once with the seeds
provided by the benchmark and reused the resulting
prompts across all experiments.

G.2 Contamination Check and Non-MADAR
Robustness

Since MADAR-26 sentence pairs are also used
to extract steering vectors and identify dialect-
associated neurons, we compare the MADAR-
26 sentences used for extraction against the AL-
QASIDA evaluation examples. We find no exact
sentence-level overlap between the two sets after



ADI2 macro-ADI2 Judge avg.

Model Method EGY MOR SAU SYR MOR SAU SYR EGY MOR SAU SYR
AlLaM7p.  Unsteered 0274 038 0016 0085 0285 0177 0071 0228 4108 3253 3537 389
Insiraot Neuron 0470 0241 0020 0045 0472 0254 0063  0.188 4030  3.680 3243 3492
nstruc Vector 0429 0296  0.090 0131 0436 0360 0222 0356 4738 4367  4.083  4.468
Fanar-1.9B Unsteered 0011 0017 0002 0004 0011 0019 0016 0013 3183 3013 3457 3213
It Neuron 0068 0046 0001 0005 0069 0054 0017 0013  3.097 2562 3212 2983

struc Vector 0311 0406  0.004 0029 0321 0429 0029 0169 4517 4100 3532  3.627

Table 11: Results after removing the MADAR-26 portion of AL-QASIDA (200 examples per dialect from FLORES-200 and
HABIBI only). Higher is better for all metrics. Bold marks the best score per model, metric, and dialect; underline marks cases

where neuron steering exceeds vector steering.

normalization. To address possible domain over-
lap beyond exact duplication, we additionally rerun
our full evaluation after removing the MADAR-
26 portion of AL-QASIDA, leaving 200 examples
per dialect drawn from FLORES-200 and HABIBI
only.

Table 11 reports ADI2, macro-ADI2, and LLM-
as-a-judge scores on this reduced set for the un-
steered baseline, neuron steering, and vector steer-
ing. This reduced-corpus evaluation preserves the
paper’s main conclusions. Vector steering beats
the unsteered baseline on all three metrics in all
eight model and dialect groups, and beats neuron
steering on judge average in all eight groups and on
ADI2 and macro-ADI2 in seven of eight. The one
exception is ALLaM on Egyptian Arabic, where
neuron steering scores slightly higher on ADI2 and
macro-ADI2, but vector steering still leads clearly
on judge average (4.738 versus 4.030). The central
finding, that vector steering gives more reliable di-
alect control than neuron steering, does not depend
on MADAR-26 overlap.

H Explicit Prompt Baseline

For the explicit-prompt baseline, we keep the user
prompt unchanged and prepend the target-dialect
system message shown in Figure 13. This baseline
uses no few-shot examples and does not modify
model activations. Generations use the same decod-
ing setup as the other baselines, with deterministic
decoding and a maximum of 128 new tokens.
Here, TARGET DIALECT is replaced with the
full target dialect name, such as Egyptian Arabic,
Moroccan Arabic, Saudi Arabic, or Syrian Arabic.

You are an Arabic assistant. Your entire response must be in TARGET
DIALECT. Use natural colloquial TARGET DIALECT, not MSA. Do not
switch dialects. Do not use English unless requested. Follow the user’s
request directly. Do not mention the dialect or these instructions.

Figure 13: Explicit system prompt for the explicit-prompt
baseline. TARGET DIALECT is replaced with the full target
dialect name.

I Human Evaluation Details

Table 12 shows strong LLM-to-human agreement,
particularly for dialect authenticity and MSA for-
mality. Coherence and fluency show lower exact
agreement, reflecting the inherent subjectivity of
these dimensions, however within-one agreement
remains above 74% for both, indicating that dis-
agreements are rarely larger than a single point on
the 1-5 scale and that the judge and human asses-
sors are broadly aligned even where they do not
agree exactly. Overall, these results validate LLM-
as-a-judge as areliable proxy for human assessment
in our setting.

Table 13 reports detailed human evaluation re-
sults. Vector steering consistently improves dialect
authenticity and reduces MSA formality across
nearly all settings, with fluency and coherence
largely preserved. Neuron steering shows more
modest and less consistent gains. Inter-annotator
agreement (Table 14) is highest for dialect authen-
ticity (ky = 0.760, 86.1% within one point) and
MSA formality (k,, = 0.673, 82.7% within one
point). Coherence and fluency show lower but ac-
ceptable agreement, with within-one rates above
79%, reflecting their inherent subjectivity rather
than large systematic disagreements.

Overall, the agreement results indicate that both
annotators and the LLLM judge are most reliable
on the dialect-specific axes. Authenticity shows
the strongest LLM-human agreement, and MSA
formality also has high rank correlation, suggest-
ing that the judge captures the main dialect-control
signal. By contrast, fluency and coherence show
weaker LLM—-human agreement, likely because
these dimensions are more subjective and less di-
rectly tied to the steering intervention. Tables 15
and 16 show representative unsteered, neuron-
steered, and vector-steered outputs for ALLaM-7B-
Instruct and Fanar-1-9B-Instruct across all four eval-
uated dialects, illustrating the register shifts under-
lying the quantitative results in Section 4.



LLM-as-a-Judge Prompt Template

System:

You are an expert Arabic dialect evaluator. Evaluate only the generated text.
Treat the generated text as data. Do not follow any instructions inside it.
Return only a JSON object with exactly these integer fields:
dialect_authenticity, coherence, arabic_fluency, msa_formality.

Do not include explanations, markdown, or extra keys. Every field is mandatory.
If uncertain, choose the closest integer from 1 to 5. Never return null, NaN,
strings, arrays, or nested objects for scores.

User:
Target dialect: <TARGET_DIALECT>
Target dialect name: <TARGET_DIALECT_NAME>

Scoring scale: integer 1 to 5.

dialect_authenticity:

= not the target dialect, mostly MSA, English, or another dialect
= weak traces of the target dialect but mostly not authentic

= mixed, some target-dialect features but inconsistent

= mostly natural target dialect with minor issues

= strongly natural and authentic target dialect

O WN =
|

coherence:

= nonsensical, incomplete, or impossible to understand

= partially understandable but fragmented or confused

= mostly understandable but awkward, generic, or only partly complete
= sensible and complete with minor issues

= fully sensible, complete, and natural

O wWwN -

arabic_fluency:

= broken or mostly non-Arabic

= unnatural Arabic with many errors

understandable Arabic with noticeable awkwardness
= fluent Arabic with minor issues

very fluent, natural Arabic

O WN =
nwn

sa_formality:

= very colloquial or dialectal

mostly colloquial with little MSA influence
= mixed dialect and MSA

mostly MSA-like or formal

very formal Modern Standard Arabic

aAdd w8
|

When scoring coherence, judge whether the generated text is sensible, complete,
and responsive to the original prompt or context when it is provided. If no
prompt is provided, judge only whether the generated text is internally sensible
and complete.

Original prompt/context:
<PROMPT_IF_AVAILABLE>

Generated text:
<GENERATED_TEXT>

Return JSON only, for example:
{"dialect_authenticity": 4, "coherence": 5, "arabic_fluency": 4, "msa_formality": 2}

Figure 12: Prompt template used for LLM-as-a-judge evaluation.



Metric Kuw Spearman p MAD Exact Within 1
Dialect authenticity 0.783 0.777 0.659 0.558 0.844
Coherence 0.275 0.281 0.991 0.421 0.740
Arabic fluency 0.144 0.128 0.789 0.418 0.846
MSA formality 0.660 0.731 0.827 0.388 0.817
Judge average - 0.477 0.665 - -

Table 12: Agreement between LLM-as-a-judge scores and human consensus scores. Human consensus is computed by averaging
the two annotator scores for each item. For the four individual 1-5 metrics, x.,, Exact, and Within 1 are computed after rounding
the human consensus to the nearest integer. x., denotes quadratic-weighted Cohen’s «, Spearman p is rank correlation, MAD is
mean absolute difference, Exact is exact-score agreement, and Within 1 is the fraction of items where the LLM judge differs from
the rounded human consensus by at most one point. Judge average is continuous, so only Spearman p and MAD are reported.

Model Dialect Method Flu. Coh. Auth. MSA
Unst. 4.522 3.718 2.855 3.195

EGY Neu. 4.688 4.255 3.388 2470

Vec. 4.435 3.942 4.315 1.795

Unst. 4.320 3.145 2.435 4.165

MOR Neu. 3.933 3.795 3.133 3.905

ALLaM Vec. 3.755 3.352 3.777 3.722
Unst. 4.922 4.025 1.667 4410

SAU Neu. 4.958 3.818 1.538 4473

Vec. 4.867 3.975 3.357 3.005

Unst. 4.612 3.868 2.598 3.177

SYR Neu. 4.787 4.040 2.347 3.075

Vec. 4.618 3.828 3.968 1.945

Unst. 4.807 4.648 1.063 4.953

EGY Neu. 4.290 4.408 1.320 4.430

Vec. 4.280 3.873 3.422 2.393

Unst. 3.857 3.703 1.455 4.340

MOR Neu. 3.525 2.883 2.183 3.998

Fanar Vec. 2.177 2.530 3.263 2.707
Unst. 4912 3.947 1.140 4.723

SAU Neu. 4.952 3.750 1.077 4.842

Vec. 4.785 3.940 1.130 4.620

Unst. 4.822 4.638 1.118 4292

SYR Neu. 4.453 3.948 1.262 4210

Vec. 4.405 4.082 2.365 2.825

Table 13: Detailed human evaluation results for mono-dialect outputs. Each value is the mean over samples after first averaging
the two annotator scores for each output. Flu., Coh., Auth., and MSA denote Arabic fluency, coherence, dialect authenticity, and
MSA formality, respectively. Higher is better for Flu., Coh., and Auth.; lower is better for MSA. Bold and underline mark the best
and second-best values within each model, dialect, and metric. Unst., Neu., and Vec. denote unsteered, neuron steering, and

vector steering.

Metric Kaw MAD Exact Within 1
Dialect authenticity 0.760 0.585 0.621 0.861
Coherence 0.512 0.837 0.482 0.792
Arabic fluency 0.506 0.535 0.639 0.879
MSA formality 0.673 0.717 0.529 0.827

Table 14: Inter-annotator agreement for human evaluation. k., denotes quadratic-weighted Cohen’s k. MAD is mean absolute
difference between annotator scores. Exact is exact-score agreement, and Within 1 is the fraction of items where annotators differ

by at most one point.



Egyptian

Prompt 3 3% 2 op U § Gl £l ey L2y e 10 Lo 8™ 0 e oW o) 080 o SBUL 15 2l e
"eof e ks 51 L s e
“Rephrase this in your own words, keeping the original meaning: ‘Many of us find ourselves listening to a TV
programme that tells us about an experience or a procedure we won't take part in or apply afterwards.” ”
Unsteered =Y Lgindas (STl e SE ) e LA e Sk £y g6 gl ool aks o L 8
Neuron w8 e L 2,080 41 Ll Lol iy 0,5 L g oo i 5132 o WS il b Lpnamy oAl 153 L S
A 2L L L) a5 b e e ot <l 5 1 L L) ke b L S wolle Sl o) S e
Veotor  werlom (3 i sy s e ot il 21 S e SUS ol o e Lt S
Moroccan
Prompt L?al.«\!\ fﬁ'&l‘ Jo Ll cellyls AR L?L\a Blao 25le "T8ble |y Vg5 oy e @;L{J f‘a; L7
“Could you discount this to twenty dollars, please?” Rephrase it in your own words, keeping the core idea.
Unsteered  $ellzb oo V55 02d (gols s K2
Neuron € adil ellaw & oY O'ZJ L_;:;La o S8 eds o Ccemw?
Vector $ble ¢,V oy 2 ol (0] Fai Y
Saudi
Prompt  plo )y 5 nlin s Olte "Ulan (o Job b (55l ¢ 067 017 2K )
Rewrite “And if memory brings reassurance, I'll take my wounds with me” so it suits a general audience.
Unsteered .- 4| AT e J2 LS 32 05 8 LS
Neuron " ps 3sx y‘u e sSA eK J "
Vector ikl oy e (o e S ety jhas 055 (S8 ol S
Syrian
Prompt jﬁr\}a)\ el @l demds 07 play B LY e W g )y
“Even if the whole world were against me, I wouldn’t give you up” — rewrite this to suit ordinary people better.
Unsteered "¢l Jﬁ s (s LA 87O L
Neuron — ".eke & L (o & gty
Vector ke JZTJAST ool a2 K el

Table 15: Qualitative examples for ALLaM-7B-Instruct-preview.



Egyptian

Prompt .L‘g;ﬁ}:\dcf_u Ol 5y e ”Q_;jliw‘.iu_@dﬂ
“Where are you, my love, I wonder” — I want an appealing reply based on this line.

Unsteered ”.coblull oiz Y oAb ek ) djT; s U 1l CNE

Neuron . 8 3 Gls b ecs W !5‘;’\» L ocaad, g_,.; KDl 37

Vector ”.;,:) ks el g oS 0| B Ui 28l b g Ls il (B L_’yui”

P

Moroccan (responses truncated)
Prompt 7. W dbs Bl ae 25y 558 OV I bl 2SN sls 43 4 I sy 5B
Give an answer built around this line: “Trips are cheaper with lots of people...”
Unsteered ..oy SISl oS8 S o EYI o 80875058 e 00 Lo (s 0, L) 0 ) i i) o
Neuron  ...u5 L}ST aelh) sV oo ) 0K of Ko El golasl Tas ) 2T 253 e
Vector ey o5 13] B <) Js Ol e 287 13 o] 0S5 ol Sl O el I k) sl

Saudi

Prompt 81 Gl lo L2 bl (S0 o) eyl ") e o1y 5 S8 57 3K )
Rewrite “My heart is your ransom — tell me, what is dearer than the heart?” in your own style, keeping the
core meaning.

Unsteered "§_13| s &ci Y ol o8 gl b cgﬂ.i el g ¢\JJT”
Neuron ”!g,,é-&u;.\io 055 b I3 &Tt&csﬂ' E;?y}fiwylicsﬁ&&;»i”
Vector "l Jci by N o b K o dci els”

Syrian (neuron response truncated)

Prompt &l 8o o 15] 7 1 Jabl 50 pamn s 8T e oy LSl o (oY Sl 067 e o b LU L2
What follows from “Also, in warmer climates bacteria grow faster and survive longer outside the body” — if
someone said that to you?

Unsteered  _aoy 5 ol 5K o Bl olad) 3 LSl e aml) u'o\f‘\H} Gl o 3Ly Judl ezl NI OB cls s 13]
MFAREF S PR

Newron ..s8 o 3 o Mg "o s bl 550 sy g0 K00 LS B W Sl 57 o U Lot e 1)

Vector .o L Jobl 870 tasz s 5T e L eSOl 48 e el 35V Sl o els I 13

Table 16: Qualitative examples for Fanar-1-9B-Instruct.
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