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Abstract

Large multilingual decoder language models publish closed lists of supported languages: Llama-
3.1 and Aya-23 both claim Hindi but not its lower-resource Devanagari sisters, Maithili, Nepali, and
Bhojpuri. We ask a mechanistic question: where, and how far, can a single inference-time direction
move such a model toward an unclaimed sister language, using only its Hindi representations and no
fine-tuning, no new data, and no weight updates? Because the four languages share the Devanagari
script and most subword tokens, any shift must reflect representation geometry rather than vocabulary.
Across two architecturally distinct eight-billion-parameter decoders we report four findings. First,
both models exhibit a shared hourglass geometry (languages distinct at the surface, merged mid-
network, and re-separated near the output), yet language identity is linearly decodable at every layer
(about 99.5% accuracy). Second, adding the difference of per-language activation centroids at the
re-divergence onset shifts generation toward the target (peak language adherence 4.03 of 5 for Nepali
on Llama, scored by a three-judge cross-family panel) but only at the surface: fluency collapses into
repetition, and no combination of model, target, and coefficient is simultaneously target-adherent and
fluent. Third, few-shot prompting does reach fluent sisters, so the ceiling is a limit of single-direction
steering, not model competence; steerability tracks linear separability, not proximity. Fourth, Hindi
outperforms English as the steering source despite English’s pretraining dominance. Steering thus
serves as a causal probe of where language identity is manipulable. We release a four-way parallel
Devanagari corpus and an evaluation harness.

Keywords: representation steering | mechanistic interpretability | multilingual language models | low-
resource languages | activation engineering | cross-lingual transfer

1 Introduction

Instruction-tuned large language models (LLMs) publish closed, named lists of the languages they sup-
port. Llama-3.1 names eight languages, with Hindi the only Indo-Aryan member; Aya-23 names twenty-
three, again with Hindi the sole Indo-Aryan inclusion. Neither claims Maithili, Nepali, or Bhojpuri,
Devanagari-script languages spoken by hundreds of millions of people, yet under-served by current sys-
tems. This yields a clean contrastive setting: a claimed, high-resource anchor (Hindi) alongside closely
related, unclaimed targets that share its script and much of its vocabulary.

We ask a mechanistic question. Where in the network, and how far, can a single inference-time direc-
tion move such a model toward an unclaimed sister language, using only its Hindi representations, with
no fine-tuning, no new training data, and no weight updates? Representation steering adds a fixed direc-
tion to the residual stream during the forward pass; here that direction is the difference of per-language
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activation centroids. Because Hindi, Maithili, Nepali, and Bhojpuri share the Devanagari script and a
large fraction of subword tokens, tokenizer sharing is held fixed as a controlled constant: any shift in the
output must come from the geometry of the model’s internal representations, not from vocabulary over-
lap. We therefore treat steering not as a deployment recipe (few-shot prompting elicits these languages
far more fluently) but as a causal probe of where language identity becomes a manipulable direction.

This framing matters because it separates two questions that interpretability work often conflates. A
linear probe can certify that language identity is decodable from the hidden states; it cannot tell us where
that identity is a causally usable control direction. Steering supplies exactly that test and, as we show,
returns a counter-intuitive answer: the layers where a single direction steers most effectively are not the
layers where the languages are most geometrically separated.

Summary of findings. Our study spans two architecturally distinct decoders and yields a single coher-
ent account. (i) The four languages occupy a shared hourglass geometry: distinct at the surface, merged
in a common core, re-separated for output, yet linearly decodable throughout. (ii) A single direction
steers across an early-to-middle band of layers but is inert once the languages re-separate near the out-
put, and even within the band it carries generation only to surface language identity, not to fluent text.
(iii) The effect is direction-specific (a matched-magnitude random direction is inert), is not improved by
multi-layer composites, and is bounded by the target’s linear separability rather than its raw proximity to
Hindi, while few-shot in-context learning reaches fluent sisters, proving the ceiling is steering-specific,
not a competence limit. (iv) Hindi beats English as the steering source despite English’s pretraining
dominance, so transfer follows linguistic proximity, not resource level.

Contributions.

1. A shared hourglass geometry documented across two models, with a probe-versus-geometry dis-
sociation that explains where single-direction steering can work (Section 5.1).

2. Single-layer steering at the re-divergence onset as a mechanistic probe of this geometry, with a
fully mapped adherence—fluency frontier and a degeneracy-aware reading of the headline result
(Section 5.3.1).

3. A control suite (matched-magnitude random direction, multi-layer composite, a per-layer single-
layer sweep, and a few-shot in-context baseline) that localizes both the cause and the limit of the
effect, plus independent (non-LLLM) metric validation (Section 5.3.2).

4. A source-language comparison isolating linguistic proximity, not resource level, as the driver of
transfer (Section 6.1); and a discussion of what a causal steering probe reveals that a decodability
classifier cannot (Section 6). We release the four-way parallel corpus and the evaluation harness.

2 Related Work

2.1 Directions and vectors in representation space

That meaningful semantic relations correspond to linear directions dates to word-embedding arithmetic
(Mikolov et al., 2013) and re-emerges inside transformers: in-context tasks collapse to fask and function
vectors (Hendel et al., 2023; Todd et al., 2024), and behaviours from truthfulness to refusal are mediated
by single directions (Li et al., 2023; Arditi et al., 2024). We treat language as one such direction and ask
where in the network it is a usable control axis.

2.2 Representation steering

Adding task- or concept-aligned directions to the residual stream steers generation without weight up-
dates (Turner et al., 2023; Rimsky et al., 2024; Liu et al., 2023; Zou et al., 2023; Stolfo et al., 2024);



a complementary line edits a small set of parameters or features instead (Wu et al., 2024). SafeCon-
stellations (Maskey et al., 2025), the direct methodological parent of this work, uses per-task trajectory
steering to mitigate over-refusal; we reuse its memory-bank construction and single-layer hook, replacing
the task-pair contrast (refuse/comply) with a language-pair contrast (source/target).

2.3 Shared multilingual representations

Multilingual decoders are argued to process non-English input through a shared, English-leaning mid-
layer latent space (Wendler et al., 2024; Zhao et al., 2024), where language identity concentrates in
language-specific neurons (Tang et al., 2024; Gurgurov et al., 2025) and English-centric models exhibit
language confusion (Nie et al., 2025); see Qin et al. (2025); Resck et al. (2025) for surveys. This contin-
ues a longer line on the partial language-neutrality of multilingual encoders: multilingual BERT transfers
across scripts and typologies (Pires et al., 2019), and its representations decompose into a large language-
neutral component plus a language-specific one (Libovicky et al., 2020). Prior cross-lingual transfer
largely aids languages a model already knows (Tanwar et al., 2023; Shi et al., 2022); we instead target
languages a model never claimed. Our hourglass refines this view with a probe-versus-geometry disso-
ciation: identity is linearly decodable (Belinkov, 2022) throughout, but only geometrically prominent at
the surface and the deep layers, a distinction interpretability work (Rai et al., 2024; Elhage et al., 2022)
rarely separates.

2.4 Language steering, and how we differ

Closest to our recipe is language steering by source—target activation differences, used to improve mul-
tilingual in-context learning (Kirtane and Huang, 2026) and for cross-lingual control (Pokharel et al.,
2026). We differ on three axes. First, we use the vector to induce low-resource target output that a model
never claimed, rather than to aid in-context learning in languages it already supports. Second, we give
a mechanistic account of which layers are steerable and why: an early-to-middle band, not a single grid-
searched “best” layer. Third, we show the source language must be linguistically proximate to the target
(Hindi > English), not merely high-resource.

2.5 Low-resource Devanagari languages

maiBERT (Yadav et al., 2026) documents the difficulty of building Maithili capability; we target Maithili,
Nepali, and Bhojpuri jointly and measure transfer from a model that never claimed them. To our knowl-
edge this is the first study to treat these three Devanagari sisters as a controlled family for testing inference-
time steering.

3 Method

Figure 1 summarizes the three stages: offline extraction of per-language representations, computation of
a centroid-difference steering vector, and inference-time injection of that vector through a forward hook.

3.1 Memory banks

For each model M and language L € {hin, mai, npi, bho, en} we run the N=250 parallel passages
through M with hidden-state output enabled and mean-pool the non-padding residual-stream states at ev-
ery layer. This yields, per passage, a tensor of shape (N, Liayers+1, H) and per-layer centroids fipz,1, ¢ €
R where H is the hidden width. Index 0 is the token-embedding output; indices 1.. Ljayers are the resid-
ual stream after each decoder block. Mean-pooling over content tokens makes each centroid a passage-
averaged, position-agnostic summary of how the model represents that language at that depth.
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Figure 1: Overview. (a) The languages share the Devanagari tokenizer yet at the surface occupy distinct
representation spaces; we form v = fisc — fige from per-layer centroids. (b) With depth the languages fol-
low an hourglass (distinct — merged core — re-separated); adding v at the layer-20 onset of re-divergence
steers a Hindi-prompted pass toward the target (insets: layer-wise 2-D projections; measured adherence).
(c¢) Unsteered output is Hindi; steered output is the target (illustrative)

3.2 Steering vector

For a source (anchor) language and a target, vy = figrc ¢ — fegr,e- With a source-language prompt, adding
a vy with o < 0 moves the residual stream from the source centroid toward the target centroid, pushing
generation away from the source and toward the target. The magnitude |vy| is itself informative (Sec-
tion 5.1): it grows with depth and orders the targets by linguistic distance.

3.3 Intervention

A forward hook on decoder block ¢ sets hy <— hy+ vy at all token positions on every forward pass (both
prompt prefill and each generated step), so the edit propagates to all later layers and the language-model
head. We use a single layer unless stated otherwise; the multi-layer variant (Section 5.3.2) hooks several
blocks, with each v, norm-equalized to unit length so every hooked layer contributes equal magnitude.
Decoding is greedy with 90 new tokens. We sweep o € [—3, 0] per target (Llama in steps of 0.5; Aya on a
finer 0.1-0.2 grid around its narrower effective window). Algorithm 1 states the full procedure; injecting
at all positions, rather than only generated positions, is a deliberate choice we revisit in Section 5.3.2.

4 Experimental Setup

4.1 Models

We study Llama-3.1-8B-Instruct (Meta) (Grattafiori et al., 2024) and Aya-23-8B (Cohere Labs) (Aryabumi
et al., 2024). They sit at opposite ends of the multilingual-training spectrum (English-centric versus
multilingual-by-design), and both name Hindi as their only Indo-Aryan language, making them a delib-
erate test of whether any finding is architecture-specific. We load each model in 4-bit NormalFloat (NF4)
quantization with bfloat16 (bf16) compute on a single 16 GB NVIDIA T4 GPU. Section 5.3.2 re-extracts
the geometry and re-runs the headline steering in full bf16 to confirm that neither is a quantization artifact.



Algorithm 1: Centroid steering vector and intervention
Input: model M parallel corpus {xl}f\’zl, source s, target t; layer ¢; coefficient o < 0.

// build memory banks (offline, once)
for L € {s,t}:
fori=1...N: H + M(.’L’ZL) (hidden states, all layers);
bl « MeanPool_pyq(H) € Rlbmwest1)xH
pr <+ ~ >, bF  (per-layer centroid)
// steering vector at layer {
v 4 ps[l] — peld]
// steered generation (inference)
prompt p in source language s;
register hook on block /:  hy <— hy + a vy (all positions);
return M .generate(p) (o < 0 moves s —1)

4.2 Corpus

The memory-bank corpus is 250 long Hindi passages sampled from XLSum, translated to Maithili,
Nepali, and Bhojpuri by a three-frontier-LLM consensus and to English by a single frontier model. Con-
tent is parallel across all five languages, so per-language centroids isolate the language signal rather than
topical differences. We release the corpus as a paper artifact. We note a validity caveat that we return to
in Section 7: corpus construction and the in-context exemplars draw on frontier LLMs. The evaluation
judges are a cross-family panel that shares no family with the generators (mitigating self-preference), and
an independent non-LL.M language-identification check (Section 5.3.2) further guards language identity;
native-speaker assessment of translation adequacy remains future work.

4.3 Evaluation

The evaluation set is a held-out collection of instruction prompts, disjoint from the memory-bank cor-
pus; we report n=30 prompts per (model, target, o) cell. For each (prompt, o) we generate greedily (90
new tokens) and score the output with a panel of three LLM judges drawn from disjoint model families
(gemini-3.1-pro-preview, gpt-5.5, and gemini-3.5-flash); crucially, none shares a model fam-
ily with the Llama (Meta) or Aya (Cohere) generators, so judge self-preference bias is structurally avoided
(Verga et al., 2024; Panickssery et al., 2024). Each judge scores independently on a strict 1-5 rubric cov-
ering language adherence (5 = fully target language, 3 = even mix, 1 = wrong language), fluency, faith-
fulness, coherence, and overall quality; we report the panel mean (with the median and the per-judge
spread as robustness). Language adherence is the diagnostic metric throughout. Inter-judge agreement is
high on the two reported dimensions (Krippendorff ordinal a=0.87 for adherence and 0.84 for fluency;
ICC(2, k)=0.96 and 0.95; within-one-point agreement 99-97%), and the headline is invariant to panel
composition under leave-one-judge-out and family-balanced re-weighting (Section 5.3.2). We addition-
ally pair adherence with a non-LLM language identifier and a degeneracy measure (Section 5.3.2). The
judge prompt and rubric are given in Appendix A.

S Analysis

We organise the analysis in three parts: the depth-wise geometry of the four languages (Section 5.1),
where language identity is decodable versus geometrically prominent (Section 5.2), and a causal analysis
that uses inference-time steering as a probe of where that identity is a manipulable control direction
(Section 5.3).
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Figure 2: The hourglass replicates across architectures. Per-sample 2-D projections (250 samples x 4
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mid-network, and re-separate at the output

5.1 Geometry of language

Projecting the per-language centroid trajectories through a shared UMAP embedding (Figure 3) and the
per-sample activations (Figure 2) reveals the same shape on both models: the four languages are distinct
at the surface, collapse into a shared region in the middle layers, and re-separate for output. The Hindi—
Nepali centroid cosine bottoms at about 0.69 on Llama (layers 26-27) and 0.627 on Aya (layer 26), with
closeness tracking linguistic distance (Bhojpuri > Maithili > Nepali in proximity to Hindi).

Finding 1 (hourglass geometry). On both models the four languages are geometrically distinct in the
early layers, merge into a shared region in the middle layers, and separate again near the output.

Hindi (source)
Maithili
Nepali
Bhojpuri

132

X%

UMAP 2

UMAP 1

Figure 3: Centroid constellation (Llama, layers 0-32): each language’s per-layer centroid traced as a
path (square = embedding, star = layer) in one shared UMAP embedding; dashed lines are the per-layer
Hindi-sister gap. Paths bunch in the merged middle and fan out at the ends
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Figure 4: Steering-vector magnitude |vy| by layer for both models. The magnitude grows with depth and
orders the targets by linguistic distance (Nepali > Maithili > Bhojpuri)

Vector magnitude and linguistic distance. The steering-vector norm |vg| grows with depth and, at
any given layer, orders the targets by linguistic distance (Nepali > Maithili > Bhojpuri; Figure 4). This
metric structure, with larger difference vectors for more distant languages, reappears in the steering dial
below: per-target coefficients mostly compensate for |v| to reach a common effective steering window.

5.2 Where is language identity decodable?

A four-way linear probe (logistic regression, 5-fold cross-validation on the top-50 principal components)
scores about 0.995—1.0 accuracy at every layer, including the merged middle, while the silhouette score (a
measure of cluster separation) dips from about 0.26 at the surface to 0.06 at Llama layer 14 and recovers
to 0.36 at layer 31 (Figure 5). Language identity is therefore always decodable; what changes across
depth is its geometric prominence.

Finding 2 (decodable everywhere, prominent only at the ends). Language identity is linearly decod-
able at every layer, including the merged middle, yet geometrically prominent only at the surface and the
re-separated deep layers.

Decodability does not, however, predict steerability. As the per-layer sweep shows (Section 5.3.2), a
single direction steers across an early-to-middle band (including the most merged layers) and fails only
once the languages re-separate near the output. Geometric separation and steerability thus run in opposite
directions with depth, a dissociation a probing classifier alone could never reveal and that we make the
central interpretability point of the paper (Section 6).

5.3 Causation analysis

Inference-time steering supplies a causal test that decodability cannot: does writing to a language direc-
tion at a given depth actually change what the model generates? We treat steering as a probe, reporting
a single-layer intervention (Section 5.3.1), a battery of controls, and a validation of the metrics that does
not rest on any single judge.

5.3.1 Single-layer steering

The adherence-fluency frontier. At the onset of re-divergence (Llama layer 20, Aya layer 22), o < 0
shifts generation toward the target: adherence rises and then collapses, while fluency declines monoton-
ically (Tables 1 and 2). Nepali on Llama reaches 4.03/5 adherence at o= — 2.0 (95% bootstrap CI
[3.82, 4.22]), majority target language, with Nepali grammatical markers (the copula /o, the relativizer
Jjun, the locative -maa, and the verb bhanincha; native script in Table 3). This is far above the sister
targets (Maithili 1.82, Bhojpuri 1.72) and above Aya’s single-layer ceiling of about 1.34 (Table 2), so the
ceiling is a property of a given model, not a universal limit. The peak’s confidence interval [3.82, 4.22]
lies well above both the sister peaks and the Hindi control, so the effect is not n=30 noise; it is also in-
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Figure 5: Probe versus geometry, both models (Llama top, Aya bottom). The four-way linear probe stays
near-perfect at every layer while the silhouette score traces the hourglass: identity is always decodable but
only geometrically prominent at the surface and the re-separated deep layers, the dissociation replicates
across architectures

variant to judge composition, holding under every leave-one-judge-out and family-balanced re-weighting
(Section 5.3.2).

Surface shift, not fluency. Language adherence rewards target-language tokens without penalizing
degeneracy, so it measures surface language identity rather than usable generation. At the Nepali peak
the distinct-bigram ratio falls from 0.96 to 0.79 (i.e. heavy repetition). The trade-off is unavoidable
here: no (model, target, o) cell has mean adherence and fluency both above 3, and only 1.3% of Llama
generations (6/450; 0% for Aya) are individually both adherent and fluent (each > 3), peaking at Nepali
a= — 1.5 (13%). We therefore read steering as inducing target-language identity, not fluent competence.
The effect is robust to precision: the Nepali peak that clears the “mostly target” line under NF4 (4.03) is
reproduced in full bf16 (4.02; Section 5.3.2).

Example generations. Table 3 makes the trade-off concrete. At a= — 1.0 the Nepali generation is
readable yet already carries target morphology (the locative WRAHT where Hindi uses ¥Rd #), scoring
adherence 2 at fluency 3; by the peak (v= — 2.0) it is unmistakably Nepali (dT&] &, G\lflﬁ) but collapses
into a repetition loop (YT, 4<M, ...), adherence 5 at fluency 1. Maithili and Bhojpuri shift partway (9,
Y T, ST & o) but never become fluent. The failure-mode breakdown for Llama-Nepali (Appendix B)
confirms a code-switch-dominant regime peaking at a= — 1.5, with repetition only at = — 2.0 and
fluent output rare throughout: steering induces target-language identity well before fluency, so the usable
operating point is an intermediate «, not the adherence maximum.

Effective magnitude across models. Within a model the effective perturbation at the sweet spot, |«| -
|vel, is roughly constant (about 9 residual-space units for Llama; about 10-13 for Aya), while |vy| varies




Table 1: Llama single-layer (layer 20) sweep, n=30. Control is =0 (Hindi). “peak adh” is the best
language adherence over «

Target ctrl adh  peak adh («) A flu@peak

Nepali 1.00 4.03 (-2.0) +3.03 1.68
Maithili 1.00 1.82(=2.5) +40.82 1.60
Bhojpuri 1.00 1.72 (=3.0) +0.72 1.97

Table 2: Aya single-layer (layer 22) sweep, n=30. Adherence caps near 1.34

Target ctrl adh  peak adh («) A flu@peak

Nepali 1.00 1.34(-0.8) +0.34 1.31
Maithili 1.00 1.24 (-0.7) +0.24 2.27
Bhojpuri 1.00 1.26 (—1.4) +0.26 1.40

Table 3: Steered generations (Llama, single-layer L.20), first 14 tokens of each output. Each block is
one prompt traced across the steering coefficient o (=0 is the unsteered Hindi control). Adh/Flu are
the LLM-judge language-adherence and fluency scores (1-5). The trade-off is explicit: at the adherence
peak (a= — 2.0, Nepali) the text is target-language but degenerates into a repetition loop (fluency 1); the
readable shift sits at smaller |c|.

a Adh Flu Generation (first 14 tokens, Devanagari)
Nepali target. Prompt: GRTdl TER SAT0T HRA § T X hdl AT ST 87 STl J& faAwaTg 1 82 (Why and how is

Pongal celebrated in South India?)
+0.0(ctt) 2 4 U TER VT YRA H Uk Ae@yul ATER €, Sl 7o Tehifd o AT
-1.0 2 3 UWNTel AIER 0T YRAHT Ueh HeedqUl ATER &, ST it et i R w1
—2.0 5 1 il e fEI0T WRAHT Ueh Heequl aTeq &, SrTehl JuTel, Y, e, e, 3,

Maithili target. Prompt: SR i @ifta & e U1 ol Wi uf™d &1 (Briefly introduce the major forms of Indian
classical music.)
+0.0(ul) 1 5 R S @it ve wg ok fafay wiuw 8, e fafee ver & @ila

—25 3 1 YRAWE S Wias E e g 1. e Wa: wie dia, S wie

Bhojpuri target. Prompt: mwmﬁwﬁwuﬁﬁﬁa%&mé? ggeh! [AUNATt §aTd | (How does Bhangra
dance represent Punjabi culture?)
+0.0(ctl) 1 5 TSI I USTE hl U Hl Ueh HE@YU! &1 &, ST I 3R I8

—25 3 2 WS YA USTE i HER(d B U B a8, S & o STt

by target (Figure 4). The per-target o ladder is thus mostly compensating for |v| to land in the same
absolute steering window. The mechanism and the effective-magnitude window transfer across models;
the raw « dial does not.

Finding 3 (surface identity, not fluency). A single centroid-difference direction can push generation
into the target language (Nepali adherence 4.03/5 on Llama), but fluency collapses in step, and no (model,
target, coefficient) setting is simultaneously adherent and fluent.

5.3.2 Controls

Direction specificity. To rule out generic perturbation, we replace v with ten random unit directions
scaled to the same magnitude (|vyp |=4.60) and sweep the headline coefficients o € {—1.5, —2.0}. Ran-
dom directions are inert (Figure 6): mean adherence 1.00 (0 of 300 generations reach adherence > 3),
with fluency preserved near the control level. The inertness holds across the reference-free metrics too:
at the peak (o= — 2.0) random directions stay at the control level on meaning preservation (LaBSE 0.86
vs control 1.00), native-LM perplexity (3.96 vs 3.49), and diversity (distinct-2 0.96 vs 0.97), whereas the
real vector moves all of them (semantic 0.69, perplexity 18.6, distinct-2 0.80). The real vector (4.03) thus



Table 4: Multi-layer (layers 18+20+22, norm-equalized) versus single-layer (layer 20) peak adherence,
Llama

Target single-layer L20  multi-layer L18+20+22

Nepali 4.03 4.03
Maithili 1.82 1.59
Bhojpuri 1.72 2.03

does direction-specific work (A = +3.0 on adherence); the model is otherwise robust to perturbations
of this magnitude.

I control [ random M real vector

Adherence Fluency Semantic Pseudo-PPL Distinct-2
(1-5) 1 (1--5) (LaBSE cos) (IndicBERT) 1 (diversity)

o] 1.2
4 4.03 3.48 3.48 104 L0 20 4 18.61 1.04 o097 0.96
0.86
3 0.80
0.8 154 0.8 1
34 0.69
2] 0.6 4 0.6 7
24 1.68 10
0.4 1 0.4
] 100 1.00 1 5
1 0.2 3.49 3.96 0.2 1
0 0- 0.0 0 0.0 -

Figure 6: Direction specificity across the full metric suite (Llama, Nepali, at the adherence peak a= —
2.0): control (a=0), a matched-magnitude random direction (mean over 10 seeds), and the real fipin — finpi
vector, on judge adherence and fluency, LaBSE semantic preservation, IndicBERT pseudo-perplexity,
and distinct-2. The real vector shifts every metric (adherence up; fluency, meaning preservation, and
diversity down; perplexity up), while random directions of the same magnitude sit at the control level on
all of them, so the effect is direction-specific, not generic perturbation

Multi-layer steering. Hooking layers 18, 20, and 22 simultaneously (norm-equalized) does not break
the wall (Table 4): Maithili and Bhojpuri stay near their single-layer values (about 1.6-2.0, within n=30
noise) and Nepali is no better than single-layer. This is not an under-injection artifact: a raw (non-
normalized) composite, which at o« < —1 injects more total magnitude than the single-layer peak, peaks
lower (Nepali 3.46, Maithili 1.54, Bhojpuri 1.92) and collapses toward 1.0 as |«| grows: more steering
only degrades output. The residual ceiling is therefore a limit of single-direction steering, not of model
competence, since few-shot in-context learning elicits fluent sister-language text (below).

Depth-trajectory steering. A stronger version of the multi-layer test asks whether injecting the direc-
tion along the model’s whole depth trajectory, rather than at one or three layers, breaks the ceiling. We
inject each layer’s own vy (norm-equalized) at every layer of the steerable band (L8-20, 13 layers) and
sweep . It does not help. On the one target that steers well, Nepali peaks at 3.47 (at a= — 0.5), below
the matched single-layer peak on the same judges (4.50); Maithili and Bhojpuri stay at 1.78 and 2.13.
Worse, accumulating the direction across all 13 layers over-steers: adherence collapses to the 1.0 floor
for || > 1 as generation degenerates. Neither multi-layer composites nor the full depth trajectory exceed
single-layer steering, so the ceiling is a property of the single centroid-difference direction, not of how
many layers it is applied at.

Depth of the steerable band. A magnitude-controlled single-layer sweep (v norm-equalized) shows
the effect is not pinned to the onset layer (Llama-Nepali peak adherence: layer 8 3.72, layer 14 3.41,

IThis late control was scored by the two Gemini panel judges (the OpenAl seat was temporarily unavailable); the qualitative
conclusion is unaffected and is consistent with the leave-one-judge-out and family-balanced re-weightings of Section 5.3.3.
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Table 5: Few-shot in-context baseline (Llama, no steering) versus single-layer steering. k exemplars of
(Hindi — gold target); adherence/fluency (1-5), n=30

ICL k=3  steering (L20) peak

Target adh flu adh flu

Nepali 3.01 359 4.03 1.68
Maithili 239 341 1.82 1.60
Bhojpuri  2.30 343 1.72 1.97

layer 20 3.91, versus layer 26 1.00, layer 31 1.00). An early-to-middle band (layers 8-20), including
the most merged layer 14, steers, while late, re-separated layers are wholly inert (adherence at the 1.0
floor, fluency preserved). The required magnitude grows with depth (layer 8 peaks at a= — 4, layer 20
at a= — 8), which is why a fixed raw vector makes the mid-network look special. A single direction
redirects language while the representation is still merging, not once it has re-separated; layers 20 and 22
are a representative point in this band, not a unique optimum. This is the central evidence that steerability
and geometric separation run opposite (Section 6).

In-context learning baseline. Does the sister-language ceiling reflect the model’s competence or the
reach of a single linear direction? We compare against few-shot in-context learning, with no steering:
each test prompt is preceded by k£ exemplars of (Hindi prompt — gold target-language response), drawn
from held-out rows, plus a target-language instruction (Table 5). With k=3, all three targets are generated
at usable fluency (Nepali 3.59, Maithili 3.41, Bhojpuri 3.43), far above the fluency single-layer steering
ever reaches. Adherence under ICL is moderate (3.01/2.39/2.30): for Maithili and Bhojpuri, ICL exceeds
steering on adherence and fluency; for Nepali, steering can push raw adherence higher (4.03 versus 3.01)
but only by destroying fluency, whereas ICL stays fluent. The decisive comparison is on the axis steering
fails: the models plainly can produce fluent sister-language text, so the ceiling is a property of the single
centroid-difference direction, not a model-competence limit. This positions steering as a mechanistic
probe of where language information is linearly accessible, not as the practical recipe for eliciting these
languages.

Finding 4 (a band-limited, steering-specific ceiling). A single direction steers only across an early-
to-middle band and is inert once the languages re-separate, so steerability runs opposite to geometric
separation with depth; because few-shot prompting reaches fluent sister-language text, the ceiling is a
limit of single-direction steering, not of model competence.

5.3.3 Maetric validation and robustness

The evaluation does not rest on any single judge. First, the three judges agree strongly on the diagnostic
dimension and moderately on fluency: Krippendorff ordinal o=0.87 for adherence and 0.84 for fluency,
ICC(2, k)=0.96 and 0.95, with exact agreement 88%/60% and within-one-point agreement 99-97% (ad-
herence/fluency), and Gwet’s AC1 of 0.87 for adherence but only 0.50 for fluency (over n=3880 scored
generations); fluency is thus the less reliable of the two dimensions, and two of the three judges share
the Google family, so agreement should be read as convergent rather than fully independent. Second,
the headline is robust to panel composition in direction though not exact in magnitude: recomputing
the Nepali peak under every leave-one-judge-out panel and under a family-balanced weighting (which
offsets the two Google seats against the single OpenAl seat) keeps it within [3.72, 4.50], so the reported
bootstrap intervals (prompt sampling at a fixed panel) understate the total uncertainty, and the qualitative
claims, Nepali the most steerable Llama target and Llama-Nepali above Aya’s best, holds and holds un-
der every variant. Third, a non-LLLM check confirms the language genuinely moves: GlotLID (Kargaran
et al., 2023), a fastText identifier covering all four languages in native Devanagari, independently labels
83% of Nepali-peak generations Nepali (versus 0% at control, and only 3% still Hindi), while Maithili
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Table 6: Reference-free automatic metrics, control (=0, Hindi) — adherence peak (Llama, layer 20).
LaBSE = sentence-embedding cosine to the control answer (meaning retained, 1=identical); pseudo-PPL
= IndicBERT-v2 masked-LM perplexity (median; fluency floor, lower is better); CMI = code-mixing
index; rep = adjacent-repetition rate

Target LaBSE cos (peak) pseudo-PPL (ctrl—peak) CMI (peak) rep (peak)

Nepali 0.69 3.49—18.61 27.62 0.14
Maithili 0.77 3.49—10.79 4.50 0.04
Bhojpuri 0.82 3.49—-7.51 3.39 0.04

and Bhojpuri stay majority-Hindi (at most 10% target), corroborating both the transfer and the sister
ceiling with no LLM in the loop. The shift is lexical, not cosmetic: word-level Jaccard overlap of each
steered Nepali output against its own Hindi control falls from 0.56 at o= — 0.5 to 0.08 at the peak.

Finally, neither the geometry nor the effect is a 4-bit quantization artifact: re-extracting the banks in
full bf16 reproduces the same hourglass (per-layer silhouette curves correlate at 7=0.998 with the NF4
ones; the probe is still 1.00 at the steering layer), and bf16 steering reproduces the Nepali shift: under the
three-judge panel it reaches 4.02 at a= — 2.0, matching the NF4 panel peak (4.03) and likewise clearing
the 3.0 “mostly target” line. (Under a single judge the bf16 peak had scored below NF4; the panel scores
them equivalent, so that earlier gap was a judge-scoring artifact, not a precision effect.)

Reference-free automatic metrics. Fluency alone cannot certify that steering worked: the base model
is already fluent in Hindi, so the trivial way to maximise fluency is to ignore the intervention and keep
answering in Hindi: maximum fluency is the failed steer. We therefore treat fluency as a necessary floor
and read language adherence together with meaning preservation as the objective, using three families of
reference-free automatic metrics (no LLM judge, no gold reference) that triangulate the panel (Table 6).
(i) Meaning preservation. The cosine of a multilingual sentence embedding (LaBSE; Feng et al., 2022)
between each steered output and its own a=0 Hindi answer measures whether the content survives the
language shift. At the Nepali peak it is 0.69 on Llama, well above the gibberish floor, so the steered
text still carries the source meaning; it is higher for the less-moved sisters (Maithili 0.77, Bhojpuri 0.82).
(ii) Fluency floor. Pseudo-perplexity under a native Indic masked LM (IndicBERT v2; Doddapaneni
et al., 2023), which covers all three targets, rises from 3.49 (Hindi control) to 18.61 at the Nepali peak
(median; lower is more native-like), an independent, non-judge confirmation that steering breaches the
fluency floor. (iii) Code-mixing. A per-token Code-Mixing Index (CMI; Gambick and Das, 2016) rises
from 1.21 to 27.62 for Nepali (M-index 0.59, I-index 0.36), quantifying the Hindi<>target mixing we
describe qualitatively; the sisters mix far less (CMI 4.50, 3.39). Degeneracy rises in step (distinct-2
0.97—0.80, repetition 0.00—0.14). Together the automatic metrics tell the panel’s story without any
judge: the Nepali peak attains target-language identity (high adherence, substantial meaning retention,
heavy code-mixing) while violating the fluency floor: surface identity, not usable competence. These
automatic metrics moreover agree with the panel per generation, not merely in aggregate: across all
900 scored outputs, panel fluency tracks IndicBERT pseudo-perplexity (Spearman p= — 0.62), panel
adherence tracks the code-mixing index (p=0.42 overall, 0.56 on Llama), and higher adherence tracks
lower semantic similarity to the Hindi control (p= — 0.29), the adherence-fluency-meaning trade-off
confirmed with no judge in the loop. (Per-word language identification on closely related Devanagari
sisters is noisy; we report CMI as an order-of-magnitude mixing signal, not a precise rate.)

6 Discussion

6.1 The role of the source language

Is the transfer about Hindi specifically, or about anchoring on any high-resource language? We rebuild
the pipeline with English as the source (v = ften — figr, English prompts) and compare to Hindi-source
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Table 7: Peak language adherence by steering source (Llama, layer 20)

Target Hindi-source  English-source advantage
Nepali 4.03 1.14 +2.89
Maithili 1.82 1.09 +0.73
Bhojpuri 1.72 1.08 +0.64

at matched « (Table 7, Figure 7). Hindi beats English on all three targets, most sharply for Nepali
(4.03 versus 1.14). English never reaches the target: adherence caps near 1.1 and degrades to fragments
at strong «. This is not a coefficient artifact, the English vector is about 1.7x larger at layer 20 (7.93
versus 4.60) and its adherence peaks at an interior o= — 1.0 (effective magnitude about 7.9, near Hindi’s
about 9.2), so the English optimum was found and still falls short.

Why is geometric (Figure 8): at the steering layer the Hindi centroid is far closer to each sister than
the English centroid (cosine: Nepali 0.81 versus 0.55, Maithili 0.89 versus 0.62, Bhojpuri 0.93 versus
0.65), and in per-sample projections English forms a cluster disjoint from the Devanagari group at every
depth. Because English dominates pretraining yet fails, the driver is Hindi’s proximity, not resource level.
The pattern replicates in direction on Aya (which barely steers from either source): Hindi-source matches
or exceeds English on Nepali (1.34 versus 1.12) and Maithili (1.24 versus 1.14), with Bhojpuri a tie at
the noise floor (1.26 versus 1.29).

Peak adherence: Hindi-source vs English-source Nepali: adherence vs o

=== Hindi-source 35 =~ Hindi-source
m English-source —e— English-source

“mostly target” (=3

Peak language adherence (1-5)
Language adherence (1-5)

-2.00 -1.75 -1.50 -125 -1.00 -0.75 -0.50 —-0.25 0.00
a (steering coefficient)

Figure 7: Hindi versus English as the steering source: English never reaches the sisters

Anchor proximity to Maithili

“—\._,,/

—== cos(English, Maithil) = cos(English, Bhojpuri) )

o 5 10 15 20 25 30 o 5 10 15 20 25 30 0 5 10 15 20 25 30
Layer (O=embed ... 32=final) Layer (0=embed ... 32=final) Layer (0=embed ... 32=final)

Figure 8: Anchor proximity by layer: Hindi is closer to every sister than English, especially at the steering
layer, the geometric mechanism behind Hindi >> English

6.2 Steering versus probing

A linear probe certifies that language identity is decodable at every layer (about 99.5%), but not where it
is a causally usable control direction. Steering supplies that test, with a counter-intuitive answer. Steer-
ability dissociates from both decodability and geometric separation: a single direction steers across an
early-to-middle band, most effectively in the merged, low-silhouette layers, and is inert once the lan-
guages re-separate near the output. The boundary tracks how much network remains to propagate the
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edit (a depth-of-intervention effect), not where the language axis is geometrically most prominent. This
is the scientific payload of the paper: it is precisely the kind of causal claim a decodability classifier
cannot make. A probe answers “is the information present here?”; steering answers “does writing to this
direction here change the model’s behaviour?”, and the two answers come apart with depth. For a model
that is the right object of study, an intervention, not a read-out, this dissociation is the finding.

6.3 Predictors of steerability

Which targets steer is set by separability, not raw proximity. By cosine, the closest sister to Hindi at
layer 20 is Bhojpuri (0.93) > Nepali (0.81), the reverse of the steerability ranking; whereas the Hindi—
target centroid distance over pooled within-language spread is 1.96 (Nepali) > 1.41 (Maithili) > 1.07
(Bhojpuri), matching adherence (4.03 > 1.82 > 1.72). Bhojpuri is entangled with Hindi and data-
poor, yet the same models produce fluent Bhojpuri under few-shot prompting, so the bound on steering
is separability, not competence. This distinguishes our account from best-layer grid search: we explain
which layers steer, which targets, and why Hindi (Figure 9).
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Figure 9: Proximity does not predict steerability, but separability does (LLlama circles, Aya squares; the
grey line is the Llama within-model trend). Left: peak adherence versus Hindi—target cosine proximity at
the steering layer; the Llama trend is reversed, its closest sister (Bhojpuri) being its least steerable. Right:
peak adherence versus linear separability (||zthin — fug|| Over the within-language spread), which rises
monotonically with adherence across Llama’s targets. Aya stays at its model-level steering floor on both
axes regardless of separability, the cross-model ceiling discussed in Section 6

6.4 Cross-model differences in steerability

Llama-Nepali breaks Aya’s single-layer ceiling (about 1.34), and the gap is not explained by the geometry,
which replicates across both architectures. The most likely explanation is training composition: Aya is
multilingual-by-design and may already allocate distinct, tightly packed subspaces to many languages,
leaving less “slack™ along any single Hindi—sister axis for one direction to exploit, whereas Llama’s
English-centric training leaves the Devanagari sisters more entangled with Hindi and hence more movable
by the Hindi—target vector. We cannot adjudicate this from two models; explaining the cross-model gap
is the clearest target for the broader-model study we flag below.

7 Limitations

The sweeps use n=30 culture-domain prompts; broader-domain results are future work and likely smaller.
Corpus construction and the in-context exemplars reuse frontier LLMs; the evaluation judges are a three-
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family panel with high agreement (v=0.87), and GlotLID gives a non-LLM cross-check, but the auto-
matic metrics gauge language identity rather than translation adequacy, so native-speaker ratings remain
important future work. The corpus is modest (N=250), though the steering direction is data-efficient:
a vector rebuilt from 50 passages has cosine at least 0.998 with the full vector (Appendix C). Most im-
portantly, our model-dependence claim rests on two 8B decoders: the geometry (hourglass, decodable-
everywhere probe, separability ordering) replicates across both, but whether the steerability spectrum
(Llama near one pole, Aya near the other) generalizes is an n=2 observation. Placing more architectures
on that spectrum (e.g. Gemma-2-9B, Qwen2.5-7B, and Indic-specialized decoders) is the clearest next
step and would test whether separability predicts steerability out of sample; why Aya barely steers (about
1.34) while Llama does is, for now, only hypothesized (Section 6). Finally, steering of this kind could
be misused (for example, low-quality dialect impersonation), and the corpus may carry regional bias; we
discuss this under Section 8.

8 Conclusion

We asked how far a single inference-time direction, built only from a model’s Hindi representations, can
carry a large language model toward Devanagari sister languages it does not officially support. Across
two architecturally distinct eight-billion-parameter decoders the answer is consistent. The four languages
share an hourglass geometry in which their identity is linearly decodable at every layer yet geometrically
prominent only at the ends. Used as a causal probe, steering is effective only across an early-to-middle
depth band and runs opposite to geometric separation, so where a direction is writable is not where
the language axis is most prominent. A single direction reaches target-language identity but not fluent
generation, with no operating point both adherent and fluent; which targets steer is governed by linear
separability rather than surface proximity; and the source language must be linguistically proximate,
Hindi far outperforming English despite English’s pretraining dominance. A three-judge cross-family
panel, four families of reference-free automatic metrics, and per-generation convergent-validity checks
agree on this account. Steering thus serves less as a deployment recipe than as a map of where, and how
far, language identity is a manipulable direction in a multilingual model, and of the limits a single linear
direction faces.
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A LLM-as-judge prompt and rubric

Each of the three panel judges (gemini-3.1-pro-preview, gpt-5.5, gemini-3.5-flash) indepen-
dently receives the source prompt, the generated continuation, and the same fixed rubric, and returns
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integer 1-5 scores for language adherence, fluency, faithfulness, coherence, and overall quality, with ad-
herence anchored as 5 = fully target language, 3 = even mix of target and source, 1 = wrong language; we
report the panel mean. Inter-judge agreement and the composition-robustness test are reported in Sec-
tion 5.3.2. The full prompt template and the held-out instruction set are included in the released harness
(Section 8).

B Error-mode taxonomy

Beyond the headline scores, we classify each Llama-Nepali generation as fluent target, code-switch
(mixed target/source morphology), repetition loop, or fragment. The regime is code-switch-dominant
and peaks at = — 1.5; repetition loops appear at = — 2.0 (the adherence peak), and fluent target output
is rare throughout. This is why the usable operating point is an intermediate « rather than the adherence
maximum.

C Data efficiency of the steering vector

Rebuilding the centroid-difference vector from a 50-passage subsample (rather than the full 250) yields
a direction with cosine 0.999 (Nepali), 0.998 (Maithili), and 0.998 (Bhojpuri) to the full-corpus vector,
indicating the language direction is recoverable from far less parallel data than the full corpus provides.

D Supplementary geometry

Figure 10 adds English to the per-layer constellation, showing that English sits in a cluster disjoint from
the Devanagari group at every depth, the per-sample counterpart of the centroid-proximity result in Sec-
tion 6.1.
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Figure 10: English-inclusive constellation (Llama, layers 0-32). English (added to the four Devanagari
languages) traces a path that stays separate from the Devanagari group throughout, unlike Hindi, which
sits inside it
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Figure 11 illustrates what depth-trajectory steering (Section 5.3.2) does geometrically: applying each
layer’s own vector v, along the whole steerable band bends the Hindi representation path toward the
Nepali one. As the sweep in Section 5.3.2 shows, this bending does not raise the adherence ceiling and,
pushed harder, collapses generation, so the figure is an illustration of the intervention rather than a route
to fluent output.
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== = Steered trajectory (Hindi +av;,, a = —0.7)
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Figure 11: Depth-trajectory steering, illustrated (Llama, PCA-2D of the steerable band). Per-layer cen-
troid paths across L8—L20 for Hindi (source) and Nepali (target), and the steered path obtained by adding
each layer’s steering vector avy to the Hindi centroid (o= — 0.7, illustrative; arrows show the per-layer
push). Injecting the direction along the entire trajectory shifts the Hindi path toward Nepali, yet it does
not exceed single-layer steering and over-steering degenerates (Section 5.3.2). A linear (PCA) projection
is used because it renders the additive edit ppin ¢ + vy as a visible translation; a nonlinear embedding
does not
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