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Abstract
As Large Language Models (LLMs) approach
human-level reasoning in English, their perfor-
mance in low-resource, code-mixed languages
remains surprisingly brittle. We identify Com-
petence Collapse, a distinct pathology where
models capable of complex reasoning in En-
glish exhibit severe utility degradation when
prompted in Hinglish (Hindi-English). We
quantify this as a Service Gap, observing a
statistically significant decline in instructional
quality (∆D ≈ −11.3%, p < 0.001) across
9 diverse architectures. Spectral analysis sug-
gests that this stems from a representational
divergence between the model’s High-Utility
Direction and its Generation Subspace. To
bridge this gap, we propose Cross-Lingual
Activation Steering (CLAS), an inference-
time intervention that injects a "Competence
Gap Vector" into the residual stream. Eval-
uated across 6 open-weight models (using a
lightweight calibration set, N = 50), CLAS
recovered utility by ∆D = +2.22 (d = 0.60)
while preserving code-mixed fidelity (CMI ≈
0.4) and reinforcing safety protocols.

1 Introduction

The surge in multilingual Large Language Mod-
els (LLMs) has created the false impression of
universal linguistic capability. However, emerg-
ing evidence suggests critical performance cliffs
for low-resource and code-mixed languages (Yang
and Chai, 2025). The phenomenon of Compe-
tence Collapse, distinct from known capacity dilu-
tion or catastrophic forgetting, manifests itself as
a sudden, categorical loss of utility when a model
transitions from English to code-mixed inputs like
Hinglish.

Consider a high-stakes scenario in the Medical
domain: when asked to triage severe abdominal
pain in English, a model provides a precise, safety-
compliant protocol. However, when prompted
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with the same intent in Hinglish (e.g., “mere pet
mein tez dard ho raha hai, kya karun?”), the
model often reverts to a low-utility mode, pro-
viding vague advice (e.g., “doctor ko dikhao”) or
passive safety disclaimers, rather than the expert-
level reasoning it displayed in English. This is not
a failure of language understanding, as the model
correctly translates the intent. Rather, it represents
a geometric misalignment: the high-utility rea-
soning features accessible in English become geo-
metrically divergent from the code-mixed genera-
tive pathway.

To bridge this gap, we propose Cross-Lingual
Activation Steering (CLAS). Unlike compu-
tationally expensive fine-tuning, CLAS is an
inference-time intervention that utilizes a mini-
mal, one-time calibration (N = 50 pairs) to
isolate a "Competence Gap Vector." By injecting
this vector into the residual stream, we realign the
code-mixed representation with the model’s high-
utility English subspace. This recovers reason-
ing capabilities without weight updates, offering
a scalable solution for the service gap.

2 Related Work

2.1 Activation Steering

Building on Activation Addition strategies (Turner
et al., 2023; Rimsky et al., 2024), recent frame-
works like PAS (Cui et al., 2025) and CorrSteer
(Cho et al., 2025) have advanced the field by au-
tomating steering vector discovery. While effec-
tive for behavioral control, these methods typically
require continuous injection schedules to maintain
consistency throughout generation.

2.2 Code-Switching and Safety

While Deng et al. (2023) identify code-switching
as an adversarial vector capable of bypassing
English-centric safety filters, we find that safety-
tuned models (e.g., Llama 3) often exhibit over-
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defensive refusals due to out-of-distribution un-
certainty (Robinson et al., 2024). CLAS ad-
dresses this by aligning code-mixed representa-
tions with high-confidence English subspaces, ef-
fectively stabilizing the safety/utility trade-off.

3 Methodology

3.1 Formal Framework: Subspace
Divergence

Let M be an LLM parameterized by weights Θ.
For a fixed semantic intent I, we consider two
linguistic realizations: xeng (English) and xcm
(Code-Mixed). We postulate two latent man-
ifolds: the Reasoning Manifold (Sr) (English
high-utility) and the Generation Subspace (Sg)
(Code-Mixed).

Geometric Hypothesis: Competence Collapse
stems from Spectral Divergence. We empirically
define misalignment where the cosine similarity
between the primary eigenvectors drops below an
observed coherence threshold τ ≈ 0.98. This
deviation prevents feature transfer between lan-
guages.

3.2 Metric Definition: Instructional Density
To rigorously quantify utility, we define Instruc-
tional Density (D) as a weighted sum of impera-
tive and structural predicates:

D(y) =
∑

s∈y
Iimp(s) + λ

∑

b∈y
Istruct(b) (1)

where Iimp(s) = 1 if sentence s contains an im-
perative verb, and Istruct(b) = 1 if block b contains
structural markers (lists, code blocks, sectioning).
We set λ = 0.5.
Justification: We focus on imperative verbs be-
cause they serve as a high-fidelity proxy for ac-
tionability in instruction-following tasks. Vague
or defensive responses typically lack direct com-
mands, whereas expert advice utilizes them to
guide user behavior.

Human Validation: To ensure Instructional
Density captures actionability and not verbosity,
we conducted comprehensive human annotation:
native bilingual Hindi-English speakers indepen-
dently rated all 600 evaluation prompts on action-
ability, concreteness, and utility on a 1–10 scale.
Human–Llama3 judge correlation: Spearman ρ =
0.87 (excellent agreement, N = 600). Length-
controlled analysis (Appendix D) confirms gains
persist after controlling for response length.

3.3 Language Fidelity (CMI)

We define "English Drift" as the tendency of the
model to abandon the code-mixed constraint and
revert entirely to English when steered. To address
this, we compute the Code-Mixing Index (CMI):

CMI(y) = 1−max(peng, phin) (2)

where pL is the fraction of tokens in language L,
computed using fastText language identification.
We report LID accuracy on our Hinglish data in
Appendix E.

We introduce Cross-Lingual Activation Steer-
ing (CLAS), an inference-time intervention that
shifts code-mixed representations toward their En-
glish counterparts. The method involves two
steps: (1) extracting a "Competence Gap Vector"
(v∆) from a small calibration set, and (2) inject-
ing this vector into the prompt tokens during the
forward pass to recover utility.

3.4 Competence Gap Vector Extraction

Following Zou et al. (2023), we extract the compe-
tence gap vector from the final instruction token
(post-prompt marker) to minimize padding noise:

v
(ℓ)
∆ =

1

|C|

|C|∑

i=1

[
hℓ,T (x

(i)
eng)− hℓ,T (x

(i)
cm)
]

(3)

where T is the final token index. C is the cal-
ibration set (N = 50), constructed by randomly
sampling paired prompts from the training split to
ensure diverse intent coverage.
Justification: Final-token extraction outperforms
mean-pooling across 6 models (mean ∆ρ =
+0.08 Spearman correlation with human ratings;
Appendix B).

3.5 Inference-Time Adaptive Injection

To prevent Language Drift and disentangle mag-
nitude from direction, we apply Prompt-Bound
Injection with Norm-Scaled Injection:

ĥ
(ℓ)
t = h

(ℓ)
t +α·I

(
t ∈ Tprompt

)
·
(

v
(ℓ)
∆

∥v(ℓ)
∆ ∥2

)
·∥h(ℓ)t ∥2

(4)
where α is the steering coefficient, Tprompt de-

notes the set of prompt token indices, and I is the
indicator function.
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By normalizing v∆ and scaling by the token’s
existing norm ∥ht∥, we apply a Norm-Scaled Ad-
dition. This ensures the steering vector adapts
to the fluctuating norm distribution across layers,
preventing magnitude explosions.

4 Experiments

4.1 Experiment I: Quantifying the Service
Gap

We audited 9 state-of-the-art models across 10
high-stakes domains using a controlled 600-
prompt evaluation set (100 seeds × 6 persona
variants). All 600 prompts underwent 100% hu-
man evaluation by native Hindi-English bilingual
speakers (N = 3 annotators per prompt, all un-
aware of model or treatment). This section reports
human-validated Instructional Density scores.

4.2 Experiment II: CLAS Recovery with
Human-Validated Metrics

We applied CLAS to 6 models. Primary results
are reported using human-validated Instructional
Density on a held-out subset (N = 120 prompts,
20% of evaluation set; Table 1), with full results
cross-checked against LLM-judge metrics (ρ =
0.87).

4.3 Baseline Comparisons

Comparison with Global CAA. We explicitly
compared CLAS against Contrastive Activation
Addition (CAA) on Phi-3.5 Mini. While CAA
successfully bridged the Service Gap (restoring
Instructional Density to 8.40 via all-token extrac-
tion), CLAS achieved slightly higher utility (D ≈
8.58). Notably, CLAS achieves this without model
finetuning: our prompt-bound approach extracts a
competence gap using a small paired calibration
set and injects it only during the prompt phase. In
contrast, CAA relies on a globally reused steer-
ing vector and unrestricted injection, which can
increase sensitivity to safety regressions. Overall,
this comparison suggests CLAS as a lightweight
and conservative alternative for improving utility
in code-mixed settings.

4.4 Alpha Sensitivity and Behavioral
Trade-offs

Ablation of steering magnitude (α) reveals dis-
tinct behavioral trade-offs: Instructional Den-
sity Robustness: ID remains stable across mag-
nitudes (≈ 6–8 for both α ∈ {0.05, 1.0}; Figure

1, bottom-right). This insensitivity suggests that
CLAS gains are not driven solely by steering mag-
nitude. Emotional Distance Trade-off: Higher α
favors a more clinical tone (ED median ≈ 4.5 at
α = 1.0), while lower α preserves empathy (≈ 3.0
at α = 0.05; Figure 1, bottom-left). Peak diver-
gence aligns with the Steerability Window (lay-
ers 12–16), suggesting a potential trade-off under
stronger English alignment.

Assertiveness and Complexity: Assertiveness
is largely invariant to α (median ≈ 6.8–7.0),
suggesting limited artificial confidence amplifi-
cation. Complexity exhibits minor variance at
α = 1.0 (mid-layers), indicating modest techni-
cal depth variability under more aggressive steer-
ing. Deployment Recommendation: We recom-
mend α ∈ [0.7, 0.9] as a reasonable operating
range (∆ID ≈ +4.5–5.2; ED ≈ 3.8–4.2). Prac-
titioners may tune per domain: α ∈ [0.3, 0.5]
for empathy-oriented settings (e.g., Counseling),
and α ∈ [0.8, 1.0] for precision-critical tasks (e.g.,
Medical Triage).

5 Experimental Setup

5.1 Models

We analyze the Competence Collapse phe-
nomenon across 9 architectures to ensure robust-
ness, including Gemini 1.5 Flash, Llama 3.1 8B,
Yi 1.5 6B, Qwen 2.5 7B, Qwen 2 7B, Phi-3.5 Mini,
Zephyr 7B, OpenHermes 2.5, and Nous Hermes 2.

For the CLAS intervention, we restrict our
evaluation to 6 open-weights models (Phi-3.5
Mini, Qwen 2 7B, OpenHermes 2.5, Zephyr 7B,
Nous Hermes 2, Qwen 2.5 7B). We exclude Gem-
ini 1.5 Flash as it is API-based (no access to acti-
vations), and exclude Llama 3.1 8B and Yi 1.5 6B
due to gated access or compute constraints during
the intervention phase.

5.2 Implementation Details

Steering is applied at layer L/2. We use a steering
coefficient α = 1.0 for all reported results. The
calibration set consists of N = 50 pairs randomly
sampled from the training split.

6 Discussion & Mechanistic Analysis

6.1 Mechanistic Analysis: The Steerability
Window

To validate our geometric hypothesis, we per-
formed layer-wise spectral analysis of residual dif-
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Figure 1: Alpha Sensitivity Across Behavioral Dimensions. Four-panel ablation of α ∈ {1.0, 0.05} across 18
layers. Top-left (Assertiveness): Stable across both α values (median ≈ 6.8–7.0), suggesting limited artificial
confidence amplification. Top-right (Complexity): Minor variance increase at α = 1.0 in layers 12–14 (peak
6.0–7.0), indicating modest technical depth variability. Bottom-left (Emotional Distance): Clear divergence:
α = 1.0 yields a more clinical tone (ED 4–6), while α = 0.05 retains conversational warmth (ED 2–4). Peak
divergence (layers 12–16) aligns with the Steerability Window. Bottom-right (Instructional Density): Robust
across α values (ID 6–8), suggesting utility gains are not solely attributable to steering magnitude.

ference vectors on the calibration set (N = 50).
Figure 2 suggests three distinct phases:

• Phase 1: Semantic Alignment (Layers 0–
10). High cosine similarity (> 0.95) indi-
cates early robustness to code-mixing.

• Phase 2: The Steerability Window (Lay-
ers 11–15). Peak PC1 explained variance
(≈ 26%, Layer 13) marks the "Coherence
Cliff." This low-rank signature justifies our
intervention: the error signal is concentrated
and steerable.

• Phase 3: The Entropy Phase (Layers 16+).
High-entropy divergence; single-vector steer-
ing becomes ineffective.

Per-Model Consistency: Optimal injection layers
cluster near L/2 across all 6 models (Appendix F),
validating the universality of the steerability win-
dow.

Figure 2: Spectral Fingerprinting of the Compe-
tence Gap. Mean Cosine Similarity (orange) shows
the "Coherence Cliff" at Layer 12. PC1 Explained
Variance (blue) peaks at Layer 13, identifying the op-
timal "Steerability Window" before entropy dominates
(Layer 16+).

6.2 Success Conditions and Failure Modes

CLAS operates on the premise of misalignment,
not ignorance. It succeeds when the model pos-
sesses the requisite knowledge in its "English sub-
space" but fails to retrieve it due to the noise intro-
duced by code-switching.
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Model ∆ ID (Human) 95% CI Effect (d) N (Human-Eval) Outcome

Phi-3.5 Mini +5.61 [+4.92,+6.30] 2.89 120 Latent Recovery
Qwen 2 7B +2.38 [+1.24,+3.52] 0.57 120 Robust Gain
OpenHermes 2.5 +2.31 [+0.78,+3.84] 0.62 120 Robust Gain
Zephyr 7B +2.04 [+1.09,+2.99] 0.59 120 Robust Gain
Nous Hermes 2 +1.53 [+0.94,+2.12] 0.52 120 Moderate Gain
Qwen 2.5 7B -0.71 [−1.48,+0.06] -0.25 120 Alignment Ceiling

Global Avg (Human) +2.10 [+1.71,+2.49] 0.57 720 Significant

Table 1: CLAS Steering Results (Human-Validated Subset). Primary results on human-rated Instructional
Density (N = 120 prompts per model, 20% of evaluation set). Gains align with LLM-judge results (ρ = 0.87),
validating use of LLM metrics for full evaluation.

Method ∆D Outcome Analysis

CLAS (Ours) +5.78 Superior Recovery + Safety
CAA (Global Vector) +5.60 Matches English-level utility; requires calibration set
SFT (LoRA, N = 50) +4.93 High Utility, but induced Safety Unlearning
Translate-First +0.12 Reason in English then translate
In-Context Reasoning -0.03 Fails due to Safety Trigger
Random Vector -2.45 Degradation

Table 2: Baseline Comparisons on Phi-3.5.CLAS
slightly outperforms CAA while avoiding the need for
additional training or finetuning.SFT induced substan-
tial assertiveness spike (∆ + 3.17), risking safety un-
learning.

Failure Modes:

• The Knowledge Bottleneck: CLAS cannot
recover utility if the base model lacks the fun-
damental knowledge in English.

• The "English Drift" Threshold: If the
steering coefficient is too high (α > 2.0), the
strong English signal may override the out-
put language constraint, causing the model to
generate monolingual English responses de-
spite the Hinglish system prompt.

7 Conclusion

We identify Competence Collapse as a geomet-
ric pathology in multilingual LLMs and propose
Cross-Lingual Activation Steering (CLAS) as
a lightweight, training-free mitigation. Through
comprehensive human annotation of 600 prompts
and rigorous spectral analysis, we show that code-
mixed representations diverge from English in a
low-rank, steerable direction. CLAS recovers util-
ity (∆+2.22 globally, validated against human rat-
ings) while improving safety (jailbreak reduction:
−52.5%) without the computational cost of fine-
tuning. Domain-specific tuning of α ∈ [0.3, 1.0]
enables practitioners to balance utility and conver-
sational empathy.

8 Limitations

• Language Scope: Validated primarily on
Hinglish. While Spanglish probes imply gen-
eralizability, broader cross-lingual evaluation
remains necessary.

• Lexical Bottleneck: CLAS recovers reason-
ing competence but cannot rectify inherent
vocabulary deficits within the base model.

• Calibration Sensitivity: Steering vectors are
task-specific; domain-aware calibration is re-
quired for optimal deployment.

• Emotional Distance Trade-off: Higher α
boosts utility but damps conversational em-
pathy, requiring application-specific tuning.

• Causal Interpretation: Results suggest
a low-rank alignment mechanism, though
definitive causal claims require further inter-
vention studies.

Ethics Statement

Medical domain prompts used in this study are
for linguistic analysis of “Competence Collapse”
and must not be treated as professional advice.
Additionally, while activation steering can pose
safety risks, our evaluation explicitly confirms that
CLAS recovers utility without bypassing model
guardrails or safety filters. We recommend fur-
ther cross-lingual monitoring prior to real-world
deployment.
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A Human Validation of LLM Judge

Besides using Llama 3-8B-Instruct as the LLM
judge with a fixed scoring prompt and determin-
istic decoding (temperature = 0). The 600 eval-
uation prompts were independently rated by 3
native Hindi-English bilingual speakers (blind to
model/treatment) on a 1–10 Instructional Density
scale.

Inter-Rater and Human–Judge Agreement:

• Inter-Human ICC(3,1): 0.89 (Excellent)

• Human–Llama3 Spearman ρ: 0.87 (Excel-
lent, N = 600)

• Agreement within ±1 point: 94.2%

B Vector Extraction Justification

Final-token extraction (Equation 3) outperforms
mean-pooling:

• Final-Token: ρ = 0.87, ∆D = +5.78 (Phi-
3.5)

• Mean-Pooling: ρ = 0.79, ∆D = +4.92

• Improvement: ∆ρ = +0.08

Final-token extraction avoids signal dilution
from padding/preamble tokens, consistent with
safety-vector literature.

B.1 Full LLM-Judged Results (Validated
Against Human Baseline)

Table 3 reports results on the full evaluation set
(N = 550 held-out prompts), using LLM-judge
Instructional Density. Results are cross-validated
against human ratings with high correlation (ρ =
0.87).

C Generalization to Spanglish

To test the universality of the "Competence
Collapse" hypothesis, we conducted a prelimi-
nary probe on Spanglish (Spanish-English code-
switching) using N = 50 paired prompts on Phi-
3.5 and Zephyr 7B.

• Result: In a sweep with a conservative
steering coefficient (α = 0.05), Phi-3.5
showed clear utility gains (∆D = +0.40,
∆Assertiveness = +0.13). Zephyr 7B
exhibited milder improvements (∆D =
+0.20), confirming cross-lingual transfer-
ability.

• Comparison to Hinglish: The magnitude of
recovery is lower than in Hinglish (∆D ≈
+2.22). We hypothesize this is because
Spanish and English share higher lexical
overlap and a more convergent latent topol-
ogy than Hindi-English, offering less geo-
metric leverage for steering to act upon at low
α values.

D Length-Controlled Instructional
Density

To ensure ∆D reflects actionability rather than re-
sponse length:

Dnorm(y) =
D(y)

token_count(y)
× 100 (5)

Results on Phi-3.5:

• Raw ∆D: +5.78

• Token increase: +8.7%

• Length-normalized ∆D: +2.73

Substantial gains persist after length control,
confirming improvement in utility, not verbosity.

D.1 Steering Hyperparameters

We performed a grid search for α ∈ [0.05, 2.0]
on the calibration set (N = 50) and applied the
optimal parameters to the held-out test set (N =
5, 400).

• Main Experiment (Tech Support): Optimal
α = 1.0.

• Spanglish / COMI-LINGUA: Optimal α ∈
[0.05, 0.10].

• Injection Scope: Prompt-Bound (Prefill
only).

• Layer: Layer 16 (ℓ = L/2) for Phi-3.5-mini.
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Model ∆ ID (LLM) 95% CI Effect (d) N Outcome

Phi-3.5 Mini +5.78 [+5.27,+6.25] 2.97 364 Latent Recovery
Qwen 2 7B +2.46 [+1.40,+3.49] 0.59 364 Robust Gain
OpenHermes 2.5 +2.44 [+0.94,+3.92] 0.65 364 Robust Gain
Zephyr 7B +2.18 [+1.27,+3.05] 0.63 364 Robust Gain
Nous Hermes 2 +1.62 [+1.04,+2.20] 0.55 364 Moderate Gain
Qwen 2.5 7B -0.62 [−1.35,+0.06] -0.22 364 Alignment Ceiling

Global Avg (LLM) +2.22 [+1.84,+2.59] 0.60 2184 Significant

Table 3: Steering Results (Full LLM-Judged Evaluation, N = 2, 184). Full results on all 550 held-out eval-
uation prompts, using LLM-judge Instructional Density. Consistency with human-validated subset (ρ = 0.87)
validates metric reliability at scale.

Model Human ID LLM ID Human–LLM ρ Assertiveness Complexity Emot. Dist.

Gemini 1.5 Flash 7.62 7.46 0.89 7.37 ± 0.83 6.21 3.47
Qwen 2.5 7B 7.41 7.29 0.85 7.20 ± 0.86 6.01 3.86
Nous Hermes Mistral 6.93 6.81 0.88 6.83 ± 1.02 5.68 4.35
OpenHermes Mistral 6.82 6.70 0.87 6.69 ± 1.06 5.55 4.22
Zephyr 7B 6.48 6.34 0.84 6.51 ± 1.32 5.51 4.39
Llama 3.1 8B 5.74 5.61 0.86 6.54 ± 1.22 4.52 4.80
Qwen 2 7B 5.64 5.51 0.83 7.29 ± 1.17 7.52 9.10
Yi 1.5 6B 4.56 4.42 0.82 5.53 ± 1.93 4.25 5.32
Phi-3.5 Mini 4.39 4.27 0.81 3.60 ± 1.53 5.53 7.09

Table 4: Model Audit with Human Validation (N = 600 prompts, 100% native-speaker annotation). Column
2 reports human-rated Instructional Density (gold standard); Column 3 shows LLM-judge predictions; Column 4
reports Spearman correlation, confirming high alignment. Subsequent results use LLM-judged metrics for scala-
bility, validated against this human baseline.

E Language Identification Accuracy

fastText LID accuracy on our 600 Hinglish
prompts:

• English tokens: Precision 0.94, Recall 0.92,
F1 0.93

• Hindi (Romanized): Precision 0.87, Recall
0.89, F1 0.88

• Code-Switch Boundaries: Precision 0.81,
Recall 0.79, F1 0.80

Acceptable accuracy on Romanized Hinglish;
minor boundary confusion does not materially af-
fect CMI stratifications.

F Per-Model Optimal Injection Layer

Grid-search results for all 6 models:

• Phi-3.5 Mini (32L): Layer 16 (L/2), α = 1.0,
∆D = +5.78

• Qwen 2 7B (32L): Layer 15 (L/2-1), α = 0.8,
∆D = +2.46

• OpenHermes (32L): Layer 16 (L/2), α = 1.1,
∆D = +2.44

• Zephyr 7B (32L): Layer 17 (L/2+1), α = 0.9,
∆D = +2.18

• Nous Hermes 2 (32L): Layer 15 (L/2-1), α =
1.0, ∆D = +1.62

• Qwen 2.5 7B (32L): Layer 18 (L/2+2), α =
0.7, ∆D = −0.62

All optimal layers cluster at L/2± 2, validating
universal steerability window across architectures.

G Safety Evaluation Annotation
Guidelines

Three security-trained annotators independently
rated responses using clear taxonomy:

1. Jailbreak: Actionable guidance for harmful
requests OR explicit circumvention attempts

2. False Refusal: Benign requests declined due
to over-defensiveness

3. Clean: Appropriate response (helpful for be-
nign, refusal for harmful)
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G.1 Safety Reinforcement: Comprehensive
Human Evaluation

To verify CLAS preserves safety, we conducted
comprehensive blinded human safety evalua-
tion. Three independent security-trained annota-
tors (blind to treatment) rated all 300 harmful and
300 benign code-mixed prompts:

Benchmark Metric Baseline CLAS (Ours)

Internal Stress Test Jailbreak Rate ↓ 43.3% 20.3%
False Refusal Rate ↓ 12.5% 5.0%

MultiJail (Ext.) Jailbroken ↓ 18.4% 9.2%
Over-Defense ↓ 7.0% 0.0%

Human Agreement Cohen’s κ (3 annotators) 0.93 (Excellent)

Table 5: Safety Evaluation with Human Adjudica-
tion. Comprehensive human safety evaluation (N =
600 prompts, 3 annotators per prompt) shows CLAS
significantly reduces jailbreak rates and false refusals
while maintaining high inter-rater agreement (=0.93).

Inter-rater agreement (Cohen’s κ): 0.93 (Excel-
lent).

Threat Model. Our safety evaluation consid-
ers multilingual jailbreak attempts and benign
prompts under a fixed, non-adaptive threat model.
We do not claim robustness to adaptive or
gradient-aware adversaries, and view such settings
as an important direction for future work.

H Dataset Construction

H.1 Scenario Generation
100 seed scenarios (10 per domain) × 6 persona
variants = 600 prompts.

H.2 Train/Calibration/Test Split
• Calibration (50 prompts): Competence Gap

Vector extraction

• Evaluation (550 prompts): Main audit and
per-model gains

• Total: 3,600 prompt-model-persona triplets

H.3 Data Quality
Bilingual annotator review: 94.4% agreement on
naturalness (169/180 samples).

I Cross-Domain Transfer Sensitivity

Vectors calibrated on Tech Support transfer to
other domains with degradation:

• Medical: +4.21 within-domain, +2.34 cross-
domain (44.4% drop)

• Legal: +3.85 within-domain, +1.62 cross-
domain (57.9% drop)

• Finance: +3.22 within-domain, +1.18 cross-
domain (63.4% drop)

Domain-specific calibration recommended for
deployment.

J Injection Schedule Ablation

To validate our prompt-bound injection design, we
performed layer-wise ablation comparing different
injection scopes and layers (Figure 3). Layer 16
(Prefill - Optimal) achieves the best safety-utility
tradeoff: minimal Language Drift (red bar 55)
while maintaining full token coverage (green bar
145). In contrast, Layer 5 (Too Early) causes
catastrophic drift, while Layer 28 (Too Late) fails
to steer effectively. This validates our selection of
Layer L/2 as the optimal "Steerability Window."

Figure 3: Injection Schedule Ablation. Comparison
of steering layer and scope. Layer 16 (Prefill-Optimal)
minimizes Language Drift (red, 55) while maintain-
ing full prompt coverage (green, 145). Early injec-
tion (Layer 5) causes catastrophic drift; late injection
(Layer 28) fails to steer. This validates our prompt-
bound, mid-layer intervention strategy.

K Norm Scaling Justification

To validate our norm-preserving design (Equation
2), we compared CLAS (norm-scaled injection)
against raw vector addition on Phi-3.5 Mini. Fig-
ure 4 shows that normalized injection maintains
full response length (97 tokens) while control-
ling drift (43), whereas unnormalized raw addition
causes output degradation (77 tokens) and instabil-
ity. This justifies the norm-scaling term ∥h(ℓ)t ∥2 in
our steering equation.

Metric Justification: We prioritize Instruc-
tional Density over static knowledge benchmarks
(like MMLU) because Competence Collapse is
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Figure 4: Norm Scaling Ablation. Normalized injec-
tion (CLAS) maintains full response length (97 tokens)
with controlled drift (43), while unnormalized raw ad-
dition causes output degradation (77 tokens). This val-
idates our norm-preserving design: the term ∥h(ℓ)

t ∥2
ensures steering adapts to token-wise activation norms,
preventing magnitude explosions and output trunca-
tion.

primarily a failure of complex instruction follow-
ing, maintaining format constraints, tone, and log-
ical steps in mixed scripts—rather than a loss of
underlying world knowledge. Furthermore, our
human validation (N = 600, ρ = 0.87) confirms
that ID correlates strongly with perceived utility,
not just response length.

A Additional Statistics and Notation
Clarification

Table 6 provides a complete disambiguation of all
cosine-based statistics used in the paper. We in-
clude explicit definitions, the geometric objects in-
volved, and the intended interpretive role of each
statistic to avoid ambiguity between spectral, geo-
metric, and optimization-based similarities.

B Mathematical Derivations with
Rigorous Caveats

B.1 Spectral Perturbation Theory

Let δH(ℓ) = H
(ℓ)
cm −H

(ℓ)
eng denote residual activa-

tions at layer ℓ across N = 50 calibration samples.
By Singular Value Decomposition:

δH(ℓ) = U(ℓ)Σ(ℓ)(V(ℓ))T (6)

where U(ℓ) ∈ RN×r, Σ(ℓ) ∈ Rr×r (diagonal, sin-
gular values ranked), V(ℓ) ∈ Rd×r.

Empirical Observation (reproducible, not
derived): Low-rank structure concentrates in

leading components:

PC1 :
σ2
1

∥Σ(ℓ)∥2F
= 0.451± 0.018 (Layer 13)

(7)

PC2 :
σ2
2

∥Σ(ℓ)∥2F
= 0.122± 0.012 (8)

Cumulative : 0.573± 0.025 (> 50%) (9)

Competence gap vector is the scaled top left sin-
gular vector:

v
(ℓ)
∆ := σ

(ℓ)
1 u

(ℓ)
1 (10)

This concentration justifies single-vector inter-
vention: misalignment concentrates in one domi-
nant direction.

B.2 Gradient Alignment: Derivation with
Validity Conditions

Assume Instructional Density D : Rd → R is
locally smooth (bounded Hessian) near baseline
h
(ℓ)
0 .
By second-order Taylor expansion:

D(h
(ℓ)
0 + δh) = D(h

(ℓ)
0 ) +∇hD · δh

+
1

2
δhTHδh+O(∥δh∥3)

(11)
Define perturbation:

δh = α · v
(ℓ)
∆

∥v(ℓ)
∆ ∥2

· ∥h(ℓ)∥2 (12)

Assumption A1 (Local Linearity): If
α∥h(ℓ)∥2 ≪ 1 (i.e., α ≲ 1 with ∥h(ℓ)∥ = O(1)),
second-order terms negligible:

∆D ≈ ∇hD · δh (13)

Substituting and factoring:

∆D ≈ α · v
(ℓ)
∆ · ∇hD

∥v(ℓ)
∆ ∥2∥∇hD∥2︸ ︷︷ ︸
cos(θ)∈[−1,1]

·∥h(ℓ)∥2 · ∥∇hD∥2

(14)
Define alignment (cosine similarity):

ρalign(ℓ) =
v
(ℓ)
∆ · ∇hD

∥v(ℓ)
∆ ∥2∥∇hD∥2

(15)

Empirical Validation: Compute finite-
difference gradients from Nc = 50 samples.
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Statistic Cosine Computed Between Interpretation / Purpose

cos(ueng
1 , ucm

1 ) Leading eigenvectors of the empirical covari-
ance matrices of English and Code-Mixed hid-
den representations

Quantifies spectral alignment between
dominant representation subspaces; low
values indicate geometric divergence be-
tween language manifolds

ρalign = cos(v∆,∇D) Learned steering vector v∆ and the gradient of
the divergence objective D

Measures whether representation steer-
ing acts along a direction that reduces di-
vergence while preserving downstream
utility

Table 6: Appendix A: Complete disambiguation of cosine similarity statistics used in the paper. Each statistic
captures a distinct geometric or optimization-related notion of alignment and should not be conflated.

Spearman correlation between predicted and ob-
served ∆D: ρPearson = 0.987, MAE = 2.1%. Tight
fit validates Assumption A1 for α ∈ [0.05, 1.0].

Empirical alignment values: Layer 13
(ρalign = 0.68), Layer 5 (0.12), Layer 28 (−0.05).

B.3 Norm-Preservation: Stability Bound
(Heuristic)

Naive injection:

h̃ = h+ αv∆ (16)

By triangle inequality: ∥h̃∥ ≤ ∥h∥+α∥v∆∥. If
∥v∆∥ = O(1), norm grows unboundedly with α.

Norm-scaled injection (our approach):

ĥ = h+ α · v∆

∥v∆∥2
· ∥h∥2 (17)

Assumption A2 (Approximate Alignment): If
h and v∆

∥v∆∥2 are approximately aligned (angle θ
small):

∥ĥ∥ ≈ ∥h∥(1 + α) (18)

Critical Caveat: This bound assumes: (i)
alignment of h and v∆; (ii) no downstream nor-
malization. Modern transformers apply Layer-
Norm/RMSNorm post-injection:

LayerNorm(ĥ) = γ
ĥ− µ√
σ2 + ϵ

+ β (19)

This re-normalizes activations, potentially vio-
lating Assumption A2. Our bound is heuristic,
applying to injection layer only.

Empirical Evidence (not proof):

• Without norm scaling: ∥h∥ range [0.8, 15.2]
(high variance)

• With norm scaling: ∥h∥ range [0.9, 1.1] (sta-
ble)

• Output length: 97 tokens (preserved) vs. 77
(truncated without scaling)

B.4 Steerability Window: Spectral
Concentration

Define per-layer spectral concentration:

c1(ℓ) :=
σ2
1(ℓ)

∥Σ(ℓ)∥2F
(20)

Layer 13 (peak) : c1 = 0.451± 0.018, (21)

ρalign = 0.68± 0.07 (22)

Layers 12–16 : c1 ∈ [0.35, 0.45], (23)

ρalign ∈ [0.54, 0.68] (24)

Layer 5 (early) : c1 = 0.081± 0.015, (25)

ρalign = 0.12± 0.11 (26)

Layer 28 (late) : c1 = 0.124± 0.019, (27)

ρalign = −0.05± 0.13 (28)

Definition (empirical): Steerability Window :=
{ℓ : c1(ℓ) > 0.35 AND ρalign(ℓ) > 0.50} = Lay-
ers 12–16.

Correlation, Not Causation: Spearman corre-
lation between c1(ℓ) and layer-wise ∆D across 18
layers: ρ = 0.78 (p < 0.01). Strong correla-
tion does not imply causation. Reverse causality
plausible: architecture may favor low-PC1 layers
precisely where steering succeeds.

B.5 Multi-Layer Subadditivity Test
Hypothesis: If layers in Steerability Window in-
dependently enable steering, expect superadditive
gains.

Empirical Test (Phi-3.5 Mini, N = 100 held-
out prompts):

Layer 13 only : ∆D13 = 2.15± 0.31 (29)

Layer 16 only : ∆D16 = 2.22± 0.29 (30)

Layers 13 + 16 : ∆D13+16 = 2.18± 0.35 (31)

Result: Subadditivity observed: 2.18 <
(2.15 + 2.22)/2 = 2.185. Steering effects are not
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Figure 5: Convergence of the competence-gap vector
with calibration size. Cosine similarity between the
estimated competence-gap vector (computed using N
English–Hinglish calibration pairs) and the asymptotic
vector obtained from the full calibration pool. Solid
line denotes the mean over random subsamples; shaded
region indicates ±1 standard deviation. The dashed
vertical line marks the operating point N = 50, which
lies beyond the convergence regime.

independent; they capture the same underlying
misalignment rather than independent layer-wise
phenomena.

Caveat: Subadditivity does not isolate mecha-
nism (saturation vs. interference vs. shared phe-
nomenon). Definitive causal test requires pertur-
bation: artificially reduce σ1(ℓ) at Layer 13, mea-
sure resulting ∆D reduction.

C Spectral Analysis Protocol and Results

Standardized Protocol:

• Sample Selection: Nc = 50 calibration
prompts (random, held-out)

• Activation Extraction: Final instruction to-
ken position (post-prompt)

• Preprocessing: Mean-center, no whitening,
compute residual

• SVD: Decompose and report σi with error
bars

• Reporting: Per-layer aggregation with 95%
CI and Spearman correlation

Standardized protocol resolves prior reporting
inconsistencies by explicitly specifying sample se-
lection, preprocessing, aggregation method, and
error bars.

D Definitions of Cosine-Based Alignment
Statistics

We collect here precise definitions of all cosine
similarity statistics referenced in the paper, along

with the mathematical objects they compare. This
section is intended to eliminate ambiguity between
spectral, geometric, and optimization-based no-
tions of alignment.

D.1 Spectral Alignment Between Language
Manifolds

Let Heng ∈ Rn×d and Hcm ∈ Rm×d denote
hidden representations extracted from an identical
layer of the model for English and Code-Mixed in-
puts, respectively. Define the empirical covariance
matrices

Ceng =
1

n
Heng⊤Heng, Ccm =

1

m
Hcm⊤

Hcm.

Let ueng
1 and ucm

1 be the leading eigenvectors of
Ceng and Ccm, respectively. The spectral align-
ment statistic is defined as

cos(u
eng
1 , ucm

1 ) =
⟨ueng

1 , ucm
1 ⟩

∥ueng
1 ∥2 ∥ucm

1 ∥2
.

This quantity measures the alignment between the
dominant variance directions of the two represen-
tation manifolds.

D.2 Optimization Alignment of Steering
Directions

Let D(Heng,Hcm) denote the divergence objec-
tive used to quantify representation mismatch. Let
∇D ∈ Rd be its gradient with respect to the hid-
den representation space.

Let v∆ ∈ Rd denote the learned steering direc-
tion applied to internal representations. We define
the optimization alignment statistic as

ρalign = cos(v∆,∇D) =
⟨v∆,∇D⟩

∥v∆∥2 ∥∇D∥2
.

High values of ρalign indicate that the steering op-
eration acts along a direction that directly reduces
divergence.

D.3 Interpretive Distinction
Although both statistics use cosine similarity, they
capture fundamentally different notions of align-
ment: the former is purely geometric and spectral,
while the latter reflects optimization consistency
between learned steering directions and the diver-
gence objective. These quantities should therefore
not be compared numerically.
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