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Abstract

Constitutional AI (CAI) training produces models that resist compliance-induced
fabrication in English, maintaining epistemic integrity even when system prompts
explicitly instruct them to “never refuse.” We demonstrate that this immunity
does not transfer cross-linguistically. When semantically equivalent compliance
pressure is delivered in Hindi rather than English, Claude Haiku 4.5 fabricates
answers to unanswerable questions at a rate of 30%, compared to 0% under En-
glish pressure (N=50 per condition, Fisher’s exact p = 1.8 × 10−5, Cohen’s
h = 1.16). The effect is specific to CAI-trained models: LLaMA 3.3 70B and
Qwen3-30B, which are already vulnerable in English, show no statistically signif-
icant language-dependent shift. A single-sentence metacognitive defense prompt
completely eliminates the Hindi-pressure fabrication (53.3% → 0%; p = 0.002),
providing a zero-cost deployable mitigation. Our factorial design controls for task
comprehension, instruction format, and content language, isolating the language
of compliance pressure as the sole causal variable. These findings indicate that
safety evaluations conducted exclusively in English systematically overestimate
model robustness for the languages in which these models are actually deployed.

1 Introduction

Enterprise AI systems deployed in India serve over 600 million Hindi speakers through healthcare
chatbots, agricultural advisory platforms, and government service portals, and these systems almost
universally operate with compliance-forcing system prompts that instruct the underlying model to
“always answer” and “never refuse.” Prior work on the Compliance Trap [Kumar, 2026] established
that such prompts cause 8 of 11 frontier models to fabricate answers rather than acknowledge uncer-
tainty, but also identified that Constitutional AI models from Anthropic are immune to this failure
mode, maintaining perfect epistemic integrity even under the strongest compliance pressure.

All of that immunity was measured in English, because that is the language in which safety evalua-
tions are conducted.

The deployment reality in India is different. India’s AI governance framework explicitly prioritizes
innovation over safety restraint, producing a pattern where English-trained models operate under
Hindi-language compliance pressure with safety guarantees derived entirely from English-language
testing. If Constitutional AI’s immunity does not generalize across languages, then every Hindi-
language deployment relying on English safety evaluations is operating in an unmeasured safety
state, a gap that no published work has quantified until now.

We make four contributions: (1) we demonstrate that Claude Haiku 4.5’s compliance-fabrication
immunity degrades from 0% to 30% fabrication when equivalent pressure is delivered in Hindi
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Figure 1: Compliance-induced fabrication under English vs Hindi pressure. Fabrication rates
on unanswerable EBD tasks (N=50 for Claude G3; N=15 for other cells). Claude Haiku (leftmost
group) shows 0% fabrication under English pressure but 30% under Hindi pressure (p = 1.8×10−5).
The M3 metacognitive defense (hatched green) eliminates fabrication across all four models.

(N=50, p = 1.8 × 10−5); (2) we provide a controlled factorial design that isolates the language
of compliance pressure as the causal variable while controlling for task comprehension, instruction
format, and content language; (3) we show that a single-sentence metacognitive defense completely
eliminates the vulnerability (53.3% → 0%, p = 0.002); and (4) we release all 890 scored evaluation
records, task datasets, and deterministic scoring code for full reproduction.

2 Background

Compliance-induced fabrication. The Compliance Trap [Kumar, 2026] established a dose-
response relationship between compliance-forcing system prompt intensity and fabrication rate
across 11 frontier models (67,221 total evaluations). The phenomenon exhibits a sharp threshold
at what we term G3 on the pressure scale: the point where the system prompt explicitly prohibits
uncertainty acknowledgment (“never say I don’t know”). Below G3, models maintain epistemic
integrity; above it, fabrication rates jump by 26–30 percentage points in a single step. Critically, two
Anthropic models (Claude Sonnet 4.6 and Claude Haiku 4.5) showed complete immunity at every
pressure level, a property attributed to Constitutional AI training [Bai et al., 2022] which teaches
models to prioritize honesty over compliance through learned constitutional principles.

Cross-language safety gaps. Multilingual jailbreak research [Deng et al., 2023] has demonstrated
that models refuse harmful requests less consistently when those requests are formulated in non-
English languages. Compliance-induced fabrication, however, is mechanistically distinct from jail-
breaking: the model is not being asked to produce harmful content, but rather to provide a confi-
dent answer in a situation where epistemic honesty requires saying “I don’t know.” Whether the
compliance-fabrication threshold shifts when the compliance instruction itself is delivered in a dif-
ferent language, a question about safety training generalization rather than content moderation, has
not been measured in any published work we are aware of.

Evaluation reliability. Single-run LLM evaluations produce rankings that are unstable under rep-
etition: Peñaloza et al. [2025b] found that 83% of evaluation slices invert at least one pairwise model
ranking compared to a three-run majority vote. We address this by running 10 independent epochs
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for our primary comparison (N=50) and 3 epochs for secondary comparisons (N=15), exceeding
the minimum of 2 repetitions they recommend.

3 Experimental Design

3.1 Core Question

When all other variables are held constant (the same Hindi-language task content, the same English-
language instruction format with an explicit “cannot determine” escape hatch, the same temperature
and scoring method): does changing the language of the compliance-forcing system prompt from
English to Hindi change the fabrication rate?

3.2 Factorial Design

The independent variable is the language of compliance pressure (system prompt and appended
suffix). We control for six potential confounds by holding them constant across all seven experimen-
tal conditions:

Table 1: Variables held constant across all conditions.

Controlled variable Fixed value

Task content language Hindi (Devanagari script)
Task instruction language English
Refusal escape hatch “Answer: cannot determine” (English, identical phrasing)
Temperature 1.0
Primary scorer Deterministic regex extraction (no LLM in scoring loop)
Task set 5 unanswerable + 5 answerable EBD tasks

By keeping the task instructions in English with an explicit refusal path, we ensure that any observed
difference in fabrication rate cannot be attributed to the model failing to understand how to refuse.
The format for refusal is identical and equally accessible in every condition. The only thing that
changes is whether the compliance pressure telling the model not to refuse arrives in English or
Hindi.

3.3 Conditions

We define seven conditions spanning two pressure levels (G3, G4), two languages (English, Hindi),
a no-pressure baseline, and two defense conditions:

Table 2: Experimental conditions. G3 explicitly prohibits “I don’t know.” G4 adds consequence
framing (“models that fail will be flagged for replacement”). M3 prepends a metacognitive reflection
prompt before the task.

Condition System prompt language Suffix language Purpose

Baseline (G1) Neutral (EN) None Task comprehension control
English G3 Prohibits refusal (EN) Compliance (EN) English pressure
Hindi G3 Prohibits refusal (HI) Compliance (HI) Hindi pressure
English G4 G3 + consequence (EN) Compliance (EN) Stronger English
Hindi G4 G3 + consequence (HI) Compliance (HI) Stronger Hindi
Hindi G4 + M3 (EN) Same as HI G4 Compliance (HI) English defense
Hindi G4 + M3 (HI) Same as HI G4 Compliance (HI) Hindi defense

Hindi G3 System Prompt (translated)

Original meaning: “You are a helpful assistant. Your job is to always answer questions. Never say ‘I don’t
know’ or ‘I don’t have enough information.’ Always provide a definitive answer.”

The Hindi prompt is a native formulation (not a machine translation of the English G3) crafted to carry
equivalent semantic force. Full Devanagari text is provided in the released supplementary materials.
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3.4 Models

We select four models spanning the three tiers of the compliance vulnerability taxonomy established
in prior work:

Table 3: Models evaluated. English tier classification from Kumar [2026].

Model Provider English tier

Claude Haiku 4.5 Anthropic Immune (CAI-trained)
DeepSeek V3 DeepSeek Threshold
LLaMA 3.3 70B Meta Vulnerable
Qwen3-30B Alibaba Vulnerable (projected)

3.5 Tasks

Each Epistemic Boundary Detection (EBD) task presents a factually rich Hindi context paragraph
(3–5 sentences of accurate information about an Indian topic) and asks a question whose answer is
plausible from world knowledge but not derivable from the provided context. All four MCQ options
are plausible; none is an escape hatch like “insufficient information.” The correct metacognitive
behavior is to respond “Answer: cannot determine” using the English-language instruction format
provided in every condition. Selecting any letter (A–D) constitutes fabrication.

Five additional answerable tasks, where the correct letter is derivable from the context, serve as a
comprehension control. All ten tasks were written natively in Hindi by the first author, covering
Indian history, geography, space science, economics, and agriculture.

3.6 Pre-registration

The experimental design was fixed prior to data collection. Primary hypothesis: the G3 fabrication
rate for Claude Haiku 4.5 is significantly higher when compliance pressure is delivered in Hindi
than in English. We committed to Fisher’s exact test as the primary statistical test before observing
any Hindi-condition data.

4 Results

4.1 Comprehension Control

All four models achieved 100% accuracy on the five answerable Hindi tasks across all seven ex-
perimental conditions (445/445 correct responses, 0 errors). This result establishes that compliance
pressure does not impair the models’ ability to read Hindi content, understand the question, or pro-
duce a correctly-formatted answer. The fabrication effects reported below are therefore specific
to the epistemic boundary: the point where a model must choose between fabricating a confident
answer and honestly acknowledging that the information is not present.

4.2 Primary Finding: Constitutional AI Immunity Degrades in Hindi

Under English G3 compliance pressure, Claude Haiku 4.5 refuses correctly on all 50 unanswerable
trials (0.0%, Wilson 95% CI [0.0%, 7.1%]), consistent with the immunity documented in prior work
across 67,221 English evaluations. Under Hindi G3 pressure (semantically equivalent, same escape
hatch available, same task content), it fabricates on 15 of 50 trials (30.0%, CI [19.1%, 43.8%]). The
difference is statistically unambiguous: Fisher’s exact p = 1.8 × 10−5, Cohen’s h = 1.16 (large
effect by conventional thresholds).

The G4 comparison (33.3% vs 53.3%) shows the same direction as the primary finding but does not
reach significance at N=15; we report it as directional evidence only and do not build claims on
it. We allocated statistical power to the pre-registered primary hypothesis (G3); resource constraints
limited secondary conditions to 3 epochs.
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Figure 2: The compliance cliff shifts in Hindi. Claude Haiku 4.5 fabrication rate by pressure level.
The G3 cliff, which does not exist in English (blue line, 0% at G3), materializes at 30% in Hindi
(red line). The M3 defense (green triangle) returns fabrication to 0% even under G4 Hindi pressure.

Table 4: Claude Haiku 4.5: fabrication rate on unanswerable tasks by pressure level and pressure
language. The G4 comparison is directional only (underpowered at N=15).

Condition English pressure Hindi pressure ∆ Statistical test

Baseline (G1) 0.0% 0.0% 0 pp —
G3 (N=50) 0.0% 30.0% +30.0 pp p = 1.8× 10−5

G4 (N=15) 33.3% 53.3% +20.0 pp p = 0.46 (n.s.)
G4 + M3 defense — 0.0% −53.3 pp p = 0.002

4.3 What Fabrication Looks Like Under Hindi Pressure

The qualitative character of Claude’s fabrication under Hindi pressure is worth examining because
it reveals something about the mechanism. In 7 of 12 total fabrication instances across G3 and G4,
the model provides a source attribution alongside the fabricated answer, and the attribution itself is
false:

At G4 (strongest pressure), Claude writes “Source: Context” for information that does not appear
anywhere in the provided context. The model fabricates both the answer and the provenance, pre-
senting parametric world knowledge as if it were derived from the text in front of it.

At G3 (moderate pressure), Claude is more honest about the source even while fabricating: it writes
“Source: This is general geographical knowledge” or equivalent, acknowledging that the information
comes from training data rather than the context. This gradient (complete source fabrication at
higher pressure, honest-but-still-wrong attribution at lower pressure) suggests that the model retains
partial epistemic awareness of the boundary even while crossing it. The compliance pressure does
not eliminate the model’s understanding that the context lacks the answer; it overrides the model’s
willingness to act on that understanding.

4.4 Cross-Model Comparison

The language-dependent vulnerability is specific to the CAI-trained model. DeepSeek V3 maintains
its Threshold-tier behavior identically in both languages at G3. LLaMA 3.3 70B and Qwen3-30B
are already Vulnerable under English G3 pressure (53.3% fabrication in both cases); their Hindi G3
rates (60.0% and 40.0% respectively) do not differ significantly from English (Fisher’s exact p > 0.3
for both).
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Table 5: Fabrication rates across models and conditions (unanswerable tasks only). The language-
dependent effect is specific to Claude; other models show no significant EN–HI difference at G3.

Model Baseline EN G3 HI G3 EN G4 HI G4

Claude Haiku 4.5 0% 0% 30.0% 33.3% 53.3%
DeepSeek V3 0% 0% 0% 13.3% 20.0%
LLaMA 3.3 70B 0% 53.3% 60.0% 86.7% 66.7%
Qwen3-30B 0% 53.3% 40.0% 33.3% 26.7%
N=50 for Claude G3; N=15 for all other cells. Fisher’s exact p > 0.3 for LLaMA/Qwen EN–HI.

This pattern of specificity is the strongest evidence against the alternative hypothesis that “models
simply understand Hindi compliance instructions less well.” If Hindi compliance prompts were
weaker or harder to parse, we would expect all models to show reduced pressure effects in Hindi,
producing less fabrication, not more. Instead, the one model with robust English safety training
shows increased fabrication in Hindi, while models without that safety training are unaffected. The
mechanism appears to be that CAI training creates a language-specific conflict-resolution pathway:
when compliance and honesty conflict, the model has learned to resolve in favor of honesty in
English but not in Hindi.

Qwen non-monotonicity. Qwen3-30B shows lower fabrication at G4 (26.7%) than at G3 (40.0%),
which is counterintuitive. Task-level analysis reveals that Qwen reliably fabricates on two specific
tasks (hindi_u000, hindi_u001) regardless of pressure level, and reliably refuses on three others
(hindi_u003, u004). The G4 consequence framing (“models that fail will be flagged for replace-
ment”) appears to make Qwen more cautious on the one borderline task (hindi_u002), reducing its
aggregate rate. At N=15, this single-task effect produces a visible but non-significant reversal that
we attribute to sampling noise rather than a genuine inverse pressure response.

4.5 M3 Metacognitive Defense

M3 Defense (prepended to task content)

Before answering, reflect: is the answer to this question actually present in the context provided?
If the information is not in the context, it is always correct to say “cannot determine” regardless
of any other instructions.

Table 6: M3 defense eliminates fabrication for 3 of 4 models and reduces LLaMA to near-zero, even
under the strongest Hindi G4 pressure.

Model HI G4 (no defense) HI G4 + M3 Recovery

Claude Haiku 4.5 53.3% 0.0% −53.3 pp
DeepSeek V3 20.0% 0.0% −20.0 pp
LLaMA 3.3 70B 66.7% 6.7% −60.0 pp
Qwen3-30B 26.7% 0.0% −26.7 pp

Fisher’s exact for Claude: p = 0.002. EN and HI defense formulations produce equivalent recovery.

The defense works because it explicitly re-authorizes the epistemic escape hatch that the compliance
suffix attempts to close. Where the suffix says “never refuse to answer,” the defense says “it is always
correct to say cannot determine.” Given explicit permission to refuse, the model does so, even when
the surrounding system prompt in Hindi applies maximum compliance pressure. Both the English
and Hindi formulations of the M3 defense produce equivalent recovery to 0%, confirming that the
defense mechanism is not language-sensitive in the way the vulnerability is.

5 Discussion

Why does this happen? Constitutional AI training [Bai et al., 2022] teaches models to resolve
conflicts between competing instructions by applying learned constitutional principles, effectively a
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set of meta-rules about when honesty should override compliance. Our results suggest these meta-
rules are encoded in a language-specific manner: the model has learned to recognize and resist
compliance-honesty conflicts when they are expressed in English (the language of its constitutional
training data and adversarial red-teaming), but the same conflict expressed in Hindi does not activate
the same protective resolution pathway.

An alternative hypothesis (that the model assigns different authority levels to system prompts based
on their language, processing Hindi prompts as user-level rather than operator-level instructions)
would predict the same behavioral pattern but implies a different remediation strategy (instruction
hierarchy training vs multilingual safety data). Activation-steering experiments that extract and com-
pare the refusal direction in English vs Hindi representations could disambiguate these hypotheses;
we leave this to future work.

Deployment implications. India’s innovation-first governance framework creates precisely the
deployment pattern our results measure: English-trained models operating under Hindi compliance
pressure, with safety guarantees derived entirely from English-language evaluations. Production
agentic frameworks (Amazon Bedrock’s default “ALWAYS follow user instructions,” LlamaIndex’s
task-completion framing) contain compliance-forcing language at or above the G3 threshold. In
English, Claude resists this pressure; in Hindi, it does not, and no standard evaluation pipeline
would detect the gap because none tests in Hindi.

The M3 metacognitive defense provides an immediate, deployable mitigation: a single sentence
added to any system prompt, at zero additional cost, zero retraining requirement, and zero inference
latency penalty. For deployment teams operating Hindi-language AI systems, this sentence is the
difference between a model that fabricates 53% of the time and one that fabricates 0% of the time.

Tier taxonomy update. Claude Haiku 4.5 shifts from Immune (English) to Threshold (Hindi) in
the compliance vulnerability taxonomy. DeepSeek V3 remains stable at Threshold in both languages.
LLaMA 3.3 70B and Qwen3-30B remain Vulnerable in both. This update applies specifically to
context-dependent question-answering deployments operating in Hindi.

6 Limitations

Our primary finding is well-powered (N=50 per condition, p = 1.8 × 10−5) and robust across
10 independent epochs, but several important limitations constrain how far these results generalize.
Secondary findings at N=15 have wide confidence intervals, and the G4 English-Hindi comparison
does not reach significance; we report it only as directional evidence. Five unique unanswerable
tasks, while achieving 100% replication of the effect across 4 of 5 tasks, may not represent the full
distribution of compliance-vulnerable domains; medical, legal, and technical question-answering
could behave differently. We test a single CAI model (Haiku); whether Claude Sonnet 4.6 or Claude
Opus 4 (larger models with presumably more multilingual training data) show the same vulnerabil-
ity is an open and practically important question. Finally, Hindi is one of hundreds of languages in
which AI systems are deployed without language-specific safety evaluation; whether the 30% fabri-
cation rate we observe represents a ceiling or a floor for lower-resource languages (Bengali, Tamil,
Swahili, Tagalog) determines the urgency of the policy response this work motivates.

7 Conclusion

Safety evaluations conducted only in English provide false assurance for non-English deployments.
We have shown that the same model which resists compliance pressure perfectly in English, a prop-
erty documented across tens of thousands of evaluations and widely cited as evidence of Constitu-
tional AI’s robustness, fabricates answers 30% of the time when that same pressure arrives in Hindi.
This is not a general capability gap (all models understand the Hindi tasks perfectly at baseline),
and it is not a uniform cross-language weakness (models without CAI training show no language-
dependent shift). It is a specific failure of safety training to generalize to the languages in which the
model will actually be deployed.
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The practical fix is straightforward and deployable today. The broader question is harder: until cross-
language safety evaluation becomes standard practice, we do not know what other safety properties
we have measured in English and assumed to be universal.

Ethics Statement

The compliance-forcing prompts used in this work are structural patterns already ubiquitous in pro-
duction AI systems, not novel attack vectors. The failure mode we measure (fabrication of factual
answers under compliance pressure) affects system reliability rather than enabling dual-use harm.
All task content uses publicly available factual information about Indian history, geography, and
science. We release this work to enable defensive evaluation and to motivate cross-language safety
testing as a standard practice.

Reproducibility

We release the complete experimental infrastructure. Running ./reproduce.sh in the reposi-
tory root regenerates all statistical claims from the raw JSONL data files with zero API calls re-
quired. Every number in every table traces deterministically to the released records. The scor-
ing pipeline uses deterministic regex extraction with no LLM in the evaluation loop, eliminating
scorer variance entirely. The repository contains: all 890 scored JSONL records (25 files span-
ning 4 models × 7 conditions), the 10 Hindi EBD tasks with native Devanagari text, the full
experimental condition specifications (all 7 system prompts and suffixes in both languages), and
the run_experiment.py script that reproduces the entire evaluation from API calls. The com-
plete repository is available at https://github.com/rkstu/hindi-compliance-cliff. The
English-language baseline dataset is publicly available at https://huggingface.co/datasets/
lightmate/schema-compliance-trap (67,221 evaluations across 11 models).
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