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Abstract

AI text detectors are widely deployed in ed-
ucational institutions to enforce academic in-
tegrity, yet they systematically misidentify au-
thentic writing by non-native English speak-
ers as AI-generated, with false positive rates
reaching 61–72% on English as a Second
Language (ESL) student essays. This is a
population-scale harm that falls disproportion-
ately on the most linguistically vulnerable
learners. Retraining detectors on learner data
cannot close this gap: large language mod-
els can be prompted to mimic ESL writing
patterns, and single-stream detectors are the-
oretically bounded to degrade toward random
chance under such style-mimicry attacks. We
present Meridian, a dual-stream architecture
that maps each essay into a bivariate perplex-
ity space with a Native-Expert (DistilGPT-2)
axis measuring sub-word predictability and an
ESL-Expert (character-level LSTM) axis mod-
eling learner-conditioned character-sequence
patterns. Meridian then classifies with an inter-
pretable logistic boundary, deployable in under
2 seconds on CPU. Validated across three LLM
families and three learner corpora (n=1,590),
Meridian reduces wrongful ESL flags by 15.7×
on held-out TOEFL11 with zero retraining,
achieving 3.9% overall false positive rate and
0.0% for low-proficiency writers, while main-
taining 98.3% detection of AI-mimicked ESL
text. These results demonstrate that equitable
AI text detection for diverse, non-WEIRD pop-
ulations is achievable through principled multi-
stream feature design that encodes complemen-
tary linguistic signals rather than a single native-
English reference norm.

1 Introduction

1.1 A Population-Scale Harm in Education
The deployment of AI text detectors across ed-
ucational institutions has created an unintended
population-scale harm: systematic misidentifica-
tion of authentic writing by non-native English

speakers as AI-generated (Liang et al., 2023;
Pratama, 2025). At the 61.2% false positive rate
documented by Liang et al. (2023), an institution
processing 1,000 authentic ESL submissions would
wrongly flag approximately 612 students for aca-
demic dishonesty they did not commit. These
students (still developing English proficiency, al-
ready navigating unfamiliar academic systems, of-
ten from under-resourced educational backgrounds)
represent precisely the population that AI bias re-
search has consistently identified as most harmed
by WEIRD (Western, Educated, Industrialized,
Rich, and Democratic) system defaults (Bender
et al., 2021; Blodgett et al., 2020).

The emergence of highly capable generative
large language models (LLMs) has intensified this
challenge (Guo et al., 2023). AI text detection
tools have been rapidly deployed by schools and
publishers, functioning as consequential arbiters
of academic integrity. A prominent family of de-
tectors relies on likelihood-derived signals: they
measure how predictable a piece of text is to a
language model trained on standard English, a
metric called perplexity. AI-generated text is ex-
pected to be highly predictable (low perplexity)
because the model optimizes for fluent token se-
quences (Radford et al., 2019). Zero-shot methods
such as DetectGPT (Mitchell et al., 2023) and Fast-
DetectGPT (Bao et al., 2024) extend this by mea-
suring log-probability curvature, but all remain an-
chored to a single native-English reference model,
which encodes the bias described below.

A governance failure, not just a technical one.
These tools operate in an institutional context that
amplifies their harms: an AI flag can trigger formal
academic misconduct proceedings, grade penalties,
or expulsion, outcomes with lasting consequences.
Proceedings governed by due-process norms de-
mand reliable evidence (Bender et al., 2021); a
detector with a 61% false positive rate on a specific
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demographic group does not meet this standard.
Bassett et al. (2026) argue that AI detection should
not be used in education at all, because detectors
produce unverifiable probabilistic outputs violating
procedural fairness norms. The ESL bias problem
is therefore not merely a technical performance
deficit but a governance failure: the deployment
of AI systems in high-stakes institutional settings
without adequate auditing for disparate impact. It
is also a concrete opportunity for NLP to deliver
positive social impact in education: the harm is
measurable, the affected population is identifiable,
and architectural interventions can be evaluated
directly against it.

1.2 The ESL Bias Problem

A learner still developing English proficiency nat-
urally uses simpler vocabulary, more predictable
sentence structures, and syntax constrained by their
native language, a phenomenon documented in
Second Language Acquisition (SLA) theory as in-
terlanguage (Selinker, 1972; Corder, 1967; Ellis,
1994). This produces text that appears highly pre-
dictable to a standard model, not because it was
generated by AI, but because the writer is still
learning. Liang et al. (2023) showed that com-
mercial detectors misclassified 61.2% of authentic
TOEFL essays as AI-generated; Pratama (2025)
confirmed that modernized tools still flag up to
25% of non-native writing.

To verify this bias on our own corpora,
we conducted a systematic red-team audit
of five publicly available detectors plus a
lexical baseline on our ELLIPSE evaluation
set (full results in Table 1, §4.1). The re-
sults reveal a simultaneous double failure:
roberta-base-openai-detector (So-
laiman et al., 2019) achieves 72.7% ESL FPR
alongside only 37.5% TPR on AI-ESL mimics,
worse than random chance, and most audited
systems trade one failure mode for the other (§4.1
discusses the two that do not). The gap it exposes
is structural: single-axis perplexity detectors
trained on native English cannot simultaneously
protect ESL writers from false accusation and
catch AI text that mimics ESL patterns, because
both failure modes share the same root cause,
a single reference distribution that conflates
learner errors with AI-generated smoothness.

1.3 The Adversarial Gap

One intuitive mitigation is to retrain detectors
on ESL data. However, modern LLMs can be
prompted to mimic ESL writing patterns (Gu et al.,
2026; Zhou et al., 2024). Even a character-level
LSTM trained exclusively on authentic ESL data
fails to distinguish real student writing from adver-
sarial AI mimicry. Sadasivan et al. (2023) proved
theoretically that any single-stream detector de-
grades toward random chance under capable para-
phrasing attacks, and Cheng et al. (2025) demon-
strated universal attacks reducing true positive rates
by 87.88%. Our empirical evaluation in Section 4.1
confirms this at scale: the most sophisticated zero-
shot detector we tested flags authentic ESL stu-
dents more than four times as often as it flags AI-
generated mimicry, a structural inversion rather
than an implementation flaw.

The gap no existing system addresses is this:
simultaneous low false positive rate on ESL writ-
ers and high detection rate on AI text that mimics
ESL patterns. Retraining on learner data improves
fairness but sacrifices robustness; anchoring to na-
tive English improves robustness but destroys fair-
ness. No single perplexity axis can satisfy both
constraints at once. A fundamentally different rep-
resentation is required.

1.4 Our Contribution

We make four contributions, prioritized by their
societal significance:

1. A systematic red-team audit of five de-
ployed AI text detectors plus a lexical base-
line across a controlled ESL fairness bench-
mark, documenting a fairness-robustness ten-
sion that is systematic among likelihood-
based detectors anchored to a single native-
English reference: most either flag ESL writ-
ers at rates exceeding 60% or miss a large
share of adversarial AI mimics, and even the
strongest performer still flags ESL writers at
four times its native-writer rate.

2. A fairness-first problem formulation that
frames AI-text detection on ESL writing as
an NLP-for-social-impact problem: current
detectors cause measurable population-scale
harm to an identifiable learner population, and
architectural choices can mitigate or exacer-
bate it.
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3. A simple, interpretable dual-stream geom-
etry (Meridian) mapping essays into a bi-
variate perplexity space where human ESL
and AI-mimicked ESL occupy separable
regions (Fraser et al., 2025; Ellis, 1994),
grounded in SLA interlanguage theory.

4. Population-scale evidence of harm reduc-
tion: a 15.7× reduction in false flags on held-
out TOEFL11 (3.9% overall FPR; 0.0% for
low-proficiency writers), with 98.3% detec-
tion of AI-mimicked ESL from three LLM
families, with zero retraining on the target
population.

Scope. Meridian is not presented as a universal
AI-text detector. Its contribution is an interpretable,
theory-grounded representation for ESL-sensitive
detection. Broader adversarial settings, additional
baselines, and domain transfer remain future work
(see Limitations).
Three-phase evaluation: (1) Does the geometry
work? (ELLIPSE, n=300) — controlled same-
domain test of geometric separability. (2) Does it
generalize? (COREFL + 3 LLM families, n=900)
— cross-corpus and cross-model validation on data
entirely disjoint from LSTM training. (3) Is it fair?
(Zero-shot TOEFL11, n=330, no retraining) — the
primary fairness evaluation on a fully held-out pop-
ulation stratified by L1 background and proficiency
level.

2 Related Work

2.1 Perplexity as a Detection Heuristic and
the Field’s Current State

Given a language model M and token sequence
X = (x1, . . . , xt), perplexity is:

PPL(X) = exp

(
−1

t

t∑

i=1

log pM (xi | x<i)
)
.

(1)
DetectGPT (Mitchell et al., 2023) and Fast-
DetectGPT (Bao et al., 2024) extend this by measur-
ing log-probability curvature, but both remain an-
chored to a single native-English reference model
and thus inherit the ESL fairness problem.

Wu et al. (2025) provide the field’s most compre-
hensive survey of LLM-generated text detection,
identifying demographic fairness for non-native
writers as a critical open problem. Major 2024–
2025 benchmarks — M4GT-Bench (Wang et al.,
2024), RAID (Dugan et al., 2024), DetectRL (Wu

et al., 2024), and GEDE (Gehring and Paaßen,
2025) — substantially expanded adversarial and ed-
ucational evaluation, but none evaluates detection
fairness for ESL student writing or addresses the
simultaneous fairness-robustness constraint. Merid-
ian directly targets this gap.

2.2 Demographic Bias and Adversarial
Robustness

Liang et al. (2023) documented 61.2% misclassifi-
cation of TOEFL essays, the finding establishing
the ESL fairness problem, and it persists: Pratama
(2025), Lege (2025), and Shue et al. (2025) confirm
the gap across all tested commercial tools through
2024–2025, with Shue et al. (2025) showing non-
native authors were flagged more than US authors
even before the post-2022 rise of AI writing. Al Ali
et al. (2026) found no systematic bias in Czech
detectors (Czech morphological errors increase en-
tropy), confirming the English-specificity of the
failure, consistent with the broader WEIRD bias
documented by Bender et al. (2021) and Blodgett
et al. (2020). Basu et al. (2025) introduced BAID
(AAAI 2026), the most systematic bias audit to
date (200k+ samples, seven sociolinguistic cate-
gories including ELL status). BAID documents the
problem; Meridian is, to our knowledge, the first
architecture to target the simultaneous ESL-FPR
and adversarial-TPR constraint.

On the adversarial side, Sadasivan et al. (2023)
proved that sufficiently powerful paraphrasing de-
grades any single-stream detector toward random
chance; Cheng et al. (2025) demonstrated universal
attacks reducing TPR at 1% FPR by 87.88%; and
Su et al. (2023) showed style-preserving rewrites
degrade detection from 98.65% to 59.91%, pre-
cisely the attack modeled by our AI-ESL Mimic
class. Wu et al. (2025) identify fairness and ad-
versarial robustness as the field’s hardest joint con-
straint, which is exactly the constraint Meridian ad-
dresses. DivEye (Basani and Chen, 2025) achieves
strong detection via surprisal diversity but does not
address ESL fairness or adversarial mimicry.

2.3 Character-Level Modeling and
Interlanguage Theory

Sub-word (BPE) tokenization operates above the
character level, which can obscure fine-grained
morphological structure, a general limitation of
sub-word representations noted in recent detectabil-
ity surveys (Fraser et al., 2025). Whether this
specifically disadvantages detection of interlan-
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guage error patterns is, to our knowledge, untested
in prior work; it motivates our design choice rather
than being an established finding we cite as prior
evidence. In SLA theory, learner errors are rule-
governed outputs of an internal cognitive gram-
mar (Corder, 1967): L1 transfer and overgeneral-
ization produce errors that are bursty, idiosyncratic,
and non-Markovian at the character level (Ellis,
1994). Character-level LSTMs (Hochreiter and
Schmidhuber, 1997; Graves, 2013) are one nat-
ural architecture for learning this kind of struc-
ture directly from character sequences. We do not
compare against a token-level model trained on
the same ESL data to confirm that character-level
granularity, rather than simply ESL-population-
matched training data, is the operative factor (see
Limitations). This interdisciplinary grounding, con-
necting a documented SLA phenomenon to a mea-
surable NLP feature space, is central to Meridian’s
design and to its interpretability.

3 Methodology

Core idea. Each essay is mapped to a point in a
2D plane: one axis measures how natural the text
looks to a character LSTM trained on ESL learner
writing (Pesl); the other measures how surprising it
looks to a native-English language model (Pnative).
Human ESL writers land upper-left (familiar to the
ESL model, surprising to the standard one, because
their L1 transfer errors produce token sequences no
fluent-English model anticipates); AI mimics land
lower-left (predictable to both, because surface er-
rors cannot mask the underlying smooth LLM prob-
ability landscape). A straight line separates them.

3.1 Datasets

Phase 1 (n=300): 100 authentic ESL essays from
ELLIPSE (Crossley et al., 2023) (grades 8–12, 5
persuasive writing prompts; writers are students en-
rolled in US schools representing diverse L1 back-
grounds including Spanish, Arabic, Vietnamese,
and other home languages, though L1 labels are
not provided in the public release); 100 AI-Native
essays (GPT-4.1, fluent AP-level English); 100 AI-
ESL Mimic essays (GPT-4.1 prompted to simulate
B1-level ESL (Gu et al., 2026; Su et al., 2023)).
Full prompts are in Appendix C.

Phase 2 (n=900): 300 COREFL essays (Díaz-
Negrillo et al., 2019) (9 L1 backgrounds, all 6
CEFR levels) for human ESL, entirely disjoint from
the ELLIPSE corpus used to train the ESL-Expert

LSTM, eliminating any data leakage concern for
this phase. AI-ESL mimics from three independent
LLM families: GPT-4.1 (OpenAI, 2025), Gemini
2.5 Flash (Google DeepMind, 2025), and Claude
3.5 Sonnet (Anthropic, 2024) (100 each).1

Phase 3 (n=330): Stratified sample from
TOEFL11 (Liang et al., 2023): 10 essays × 11 L1
groups × 3 proficiency bands (low/medium/high).
No TOEFL data were used in training. Both
streams and the classifier are frozen from
Phase 2.

3.2 Stream 1: Native-Expert (DistilGPT-2)

We use the Hugging Face distilgpt2 check-
point (Wolf et al., 2020), a distilled version of
GPT-2 (Radford et al., 2019) produced using the
knowledge-distillation methodology of Sanh et al.
(2019): a 6-layer autoregressive Transformer with
BPE tokenization pre-trained on WebText. We
chose a small model deliberately, rather than one
of the larger models typical of DetectGPT-family
methods, because the Native-Expert’s role here is
narrower than in a standalone zero-shot detector: it
need only provide a stable native-English perplex-
ity signal to combine with the ESL-Expert stream,
not carry accuracy unaided (Table 2 reports the 1D
Pnative-only baseline isolating this stream’s stan-
dalone contribution), and it must keep the full sys-
tem CPU-deployable in under 2 seconds per essay
(Appendix B), a hard constraint given our target of
under-resourced schools. Whether a larger model
would improve Pnative’s power enough to justify
its cost is untested.

Pnative = exp

(
−1

t

t∑

i=1

log pθ(xi | x<i)
)
. (2)

Lower Pnative indicates text aligned with standard
native English.

3.3 Stream 2: ESL-Expert (Character-Level
LSTM)

A custom character-level LSTM (Hochreiter and
Schmidhuber, 1997) in PyTorch (Paszke et al.,
2019), trained on the full ELLIPSE corpus (≈15M
characters): one-hot encoding over 104 charac-
ters; two stacked LSTM layers, 256 hidden units
(dropout 0.3); Adam optimizer (lr = 0.001); 30

1At the time of experimentation, these represented frontier-
class LLMs. Evaluating Meridian against newer adversaries
is an important direction for future work.
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epochs on 60-character chunks.

Pesl = exp

(
− 1

n

n∑

i=1

log pψ(ci | c i−1
i−60)

)
. (3)

Here c i−1
i−60 denotes the 60 characters preceding

ci. The LSTM is chosen for three reasons: (a) its
recurrent bias naturally captures sequential mor-
phological patterns from one-hot character input;
(b) the resulting model is ≈5 MB, running in <2 s
per essay on CPU with no API required; and (c) the
60-character context provides a compact window
in which local morphological and orthographic
patterns associated with interlanguage may occur,
though the specific window size is a design choice
rather than one derived from either Selinker (1972)
or Ellis (1994).

3.4 Geometric Classification in Bivariate
Feature Space

Each essay produces a two-dimensional feature
vector vi = (P

(i)
esl , P

(i)
native). A 2D Logistic Re-

gression classifier is trained on this space (70/30
train/test split, seed 42). The linear classifier is an
intentional design choice: Figure 1 shows classes
are largely linearly separable, so nonlinear bound-
aries would add complexity without geometric jus-
tification. Interpretability is a hard requirement
for high-stakes educational deployment: a linear
boundary allows instructors to understand why an
essay was flagged (Bender et al., 2021). Learned
coefficients are in Appendix D.

Note on feature independence. Phase 1 is the
only phase with ELLIPSE overlap (the LSTM’s
training corpus); Phases 2 and 3 use entirely dis-
joint corpora (COREFL and TOEFL11). The im-
proving FPR trend (9.7% → 8.3% → 3.9%) con-
firms the overlap does not inflate results.

Relationship to native-vs-ESL classification.
Meridian’s target task is authorship (human vs. AI),
not proficiency or native-language identification,
and it is not a native-vs-ESL classifier. Pesl is a
population-conditioned reference signal, not a la-
bel prediction: it asks how consistent a text is with
authentic ESL writing patterns, and that question is
answered for every essay regardless of who wrote it,
exactly as Pnative asks how consistent a text is with
fluent native English for every essay. The two tasks
are related only in that solving authorship detection
fairly, in our view, requires a reference distribution
matched to the writer’s population rather than a

single default one; it does not require first solving,
or even attempting, native-vs-ESL classification as
a separate step.

4 Experiments and Results

4.1 Red-Team Audit of Existing Detectors and
Baseline

As a primary contribution (and a prerequisite for
motivating Meridian’s design), we conducted a sys-
tematic fairness audit of five publicly available AI
text detectors plus a TF-IDF lexical baseline on 900
essays (300 IMDB native, 300 ELLIPSE ESL, 300
GPT-4o-mini AI-ESL mimic). This is a red-team
evaluation against a controlled fairness benchmark:
we explicitly test for the harmful behavior of dis-
parate impact on ESL writers while simultaneously
testing robustness to adversarial mimicry. Results
are in Table 1.

Most audited detectors exhibit a clear fairness-
robustness tension: systems achieving low ESL
FPR miss adversarial mimics, and vice versa. The
RoBERTa variants and RADAR flag the majority
of authentic ESL writing while detecting well un-
der half of adversarial mimics (RADAR inverts
the intended behavior almost completely, at 98.7%
ESL FPR), and DeBERTa-v3-base achieves a low
1.0% ESL FPR only by missing a third of mim-
ics. This pattern is consistent with the theoretical
impossibility results of Sadasivan et al. (2023).

Two systems, however, do not fit this pattern,
and we state this plainly rather than treat the ten-
sion as universal. TF-IDF + LR’s 0.0% ESL FPR
/ 98.6% TPR is a domain artifact: IMDB reviews
are lexically trivial to separate from student essays,
so the classifier separates corpora, not authorship;
Phases 1–3 avoid this confound via same-domain
evaluation throughout. ChatGPT-Detector is the
more substantive exception (8.0% ESL FPR, 96.7%
AI-ESL TPR), tempered by two caveats: the dis-
parity still holds in relative terms (8.0% vs. 2.0%
Native FPR is a fourfold higher false-accusation
rate for ESL writers on the same system), and since
our mimics are GPT-4o-mini while this detector
targets ChatGPT-family output, its high TPR here
may reflect an in-distribution advantage a cross-
generator evaluation would erode; this is untested,
so it should be read as a hypothesis, not a limitation
we have demonstrated. Our claim is therefore the
narrower one: the fairness-robustness tension is
systematic among perplexity- and likelihood-based
detectors that anchor to a single native-English ref-
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Table 1: Multi-detector audit. ESL FPR and Native
FPR are false positive rates on genuine human writing;
AI-ESL TPR is detection rate on adversarial mimics.

Detector ESL FPR Native FPR AI-ESL TPR

RoBERTa-Base (Solaiman et al., 2019) 72.7% 94.4% 37.5%
RoBERTa-Large (Solaiman et al., 2019) 96.7% 97.3% 53.0%
ChatGPT-Detector 8.0% 2.0% 96.7%
RADAR (Hu et al., 2023) 98.7% 86.3% 100%
DeBERTa-v3-base 1.0% 5.0% 66.7%
TF-IDF + LR 0.0% 0.0% 98.6%

erence, not that no deployed classifier can score
acceptably on both axes of a single benchmark.

We additionally evaluated Fast-DetectGPT (Bao
et al., 2024), a state-of-the-art zero-shot method, on
the Phase 2 hard-case benchmark. Fast-DetectGPT
achieves 54.5% accuracy, 85.0% ESL FPR, 94.0%
AI-ESL TPR, and AUC = 0.313, inversely cali-
brated on ESL text, demonstrating that the single-
axis failure mode can persist even in a substantially
more sophisticated zero-shot likelihood-based de-
tector.

4.2 Phase 1: The 1D Breakdown

Under Pnative alone, Human ESL and AI dis-
tributions overlap heavily, replicating prior find-
ings (Liang et al., 2023): as Table 2 shows, Pnative

ranks the two classes reasonably well in isolation
(AUC = 0.95), but its default decision threshold col-
lapses toward the AI class, producing near-100%
ESL FPR at ∼50% accuracy – a reminder that rank-
ing quality (AUC) and operating-point accuracy
are distinct properties, and that Pnative alone is not
usable as a fair standalone classifier even though
it is informative. Under Pesl alone, the AI-ESL
Mimic distribution overlaps almost perfectly with
Human ESL (both ≈2.0–2.6). The 1D Pesl classi-
fier achieved 75.0% accuracy, FPR = 29.0%, and
ROC-AUC = 0.73, consistent with the theoretical
prediction of Sadasivan et al. (2023).

4.3 Phase 1: Geometric Separation via
Dual-Stream Architecture

When essays are mapped into the bivariate space
[Pesl, Pnative], geometric structure emerges (Fig-
ure 1): Human ESL occupies the upper-left (high
Pnative, low Pesl: L1-transfer errors render sub-
word sequences unpredictable to the Transformer);
AI-ESL Mimics cluster lower-left (low on both
axes: the LLM’s token selection remains anchored
to high-probability standard English despite surface
errors (Radford et al., 2019; Fraser et al., 2025)).

The 2D classifier achieved 93.3% accuracy
(+18.3 pp over 1D), FPR of 9.7% (3 false posi-
tives; 66.7% relative reduction), 1 false negative

Figure 1: Bivariate decision boundary in Phase 1. Hu-
man ESL (blue circles) occupies upper-left; AI-ESL
Mimics (red triangles) cluster lower-left. The two axes
separate cases that neither alone distinguishes. Dashed
line: logistic regression boundary (93.3% accuracy).

Table 2: Performance summary. Primary task: Human
ESL vs. AI-ESL Mimic. Fast-DetectGPT (Bao et al.,
2024) evaluated zero-shot on Phase 2; AUC < 0.5 indi-
cates its curvature signal is inversely calibrated on ESL
text.

Method Dataset Acc. ESL FPR AI TPR AUC

RoBERTa (Solaiman et al., 2019) 300 (ELLIPSE) <50% 72.7% 37.5% –
1D Pnative 300 (ELLIPSE) ∼50% ∼100% – 0.95
1D Pesl 300 (ELLIPSE) 75.0% 29.0% 79.3% 0.73
Fast-DetectGPT (Bao et al., 2024) 600 (COREFL) 54.5% 85.0% 94.0% 0.313
Binoculars (Hans et al., 2024) 600 (COREFL) 93.8% 1.7% 89.3% –
2D Ph. 1 300 (ELLIPSE) 93.3% 9.7% 96.6% 0.96
2D CV Ph. 2 600 (COREFL) 94.5% 8.3% >99% 0.962
Zero-shot Ph. 3 330 (TOEFL11) – 3.9% 98.3% –

(vs. 6 for 1D), and ROC-AUC of 0.96 (vs. 0.73). In
plain terms: adding the second axis cuts wrongful
flags from 9 to 3 and drops missed AI essays from
6 to 1.

4.4 Phase 2: Cross-Model and Cross-Corpus
Generalization

AI-ESL perplexity curves from GPT-4.1, Gemini,
and Claude 3.5 Sonnet collapse into the same tight
Pesl band (≈2.1–2.6) regardless of model family,
supporting the hypothesis that these three tested
LLM families share a generation signature under
this style-mimicry setting. McFadden’s pseudo-
R2 confirms additive discriminative value: Pesl

alone achieves 0.47, Pnative alone 0.65, and the
combination 0.73. Five-fold cross-validation yields
94.5± 0.8% accuracy, 8.3± 2.8% FPR, and ROC-
AUC of 0.962. In plain terms: the geometry holds
across three different AI companies and a corpus
the system never trained on.

Table 2 consolidates results across all phases.
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Figure 2: Phase 3 TOEFL11 false positive rates. Left:
FPR by proficiency band. Low-proficiency writers
achieve 0.0% FPR — the inverse of prior detector failure
modes. Right: FPR by native language (11 L1 groups,
n=30 each); no group exceeds 10%. Error bars: 95%
Clopper–Pearson CIs.

4.5 Phase 3: Zero-Shot TOEFL11 Fairness
Evaluation

Applying the frozen Phase 2 classifier to 330
TOEFL11 essays yields overall FPR 3.9%
(13/330), more than 15× lower than the 61.2%
reported by Liang et al. (2023), with zero TOEFL
training data. Figure 2 visualizes FPR by pro-
ficiency band and native language; Table 4 (Ap-
pendix F) reports exact per-group values with 95%
confidence intervals. No L1 group exceeds 10%
FPR, and low-proficiency writers achieve 0.0%
FPR (95% Clopper–Pearson CI: [0.0%, 3.3%],
n=110), the inverse of the failure mode reported
for prior detectors (Liang et al., 2023).

On 60 AI-ESL mimic essays (TOEFL-style
prompts, same three LLM families), the frozen clas-
sifier detected 59/60 mimics (TPR 98.3%; 95%
CI: [91.1%, 99.7%]): 20/20 for GPT-4.1, 20/20 for
Claude 3.5 Sonnet, 19/20 for Gemini 2.5 Flash.
In plain terms: of 330 authentic student essays
from 11 language backgrounds, Meridian wrongly
flagged only 13, and none of those were from the
lowest-proficiency writers most harmed by existing
tools. Of 60 AI-mimicked essays, it caught 59.

5 Discussion

5.1 Why the Geometry Works

The geometric separation admits a mechanistic
explanation grounded in SLA theory. The ESL-
Expert LSTM asks: “Does this text follow the
character-level patterns of a developing learner?”
The AI-ESL Mimic can answer “yes”; it mimics
average ESL character patterns well enough to fool
a 1D detector (Sadasivan et al., 2023; Cheng et al.,
2025). The Native-Expert Transformer asks a dif-
ferent question: “Is the sub-word token sequence
surprising relative to fluent standard English?”
When a human ESL student makes a grammati-

cal error, the specific token choices arise from id-
iosyncratic L1 transfer (Corder, 1967; Ellis, 1994),
producing high and variable Pnative. An LLM
generating ESL-style text faces a fundamental ten-
sion: maintaining coherent meaning requires an-
choring token-level generation to high-probability
sequences (Radford et al., 2019). Style-mimicry
perturbations cannot simultaneously satisfy both
constraints, as evidenced by within-class correla-
tions of r=0.21 (Human ESL) vs. r=0.47 (AI-
ESL) and consistent geometric separation across
three LLM families.

A causal account of Pnative elevation. We pro-
pose the following causal chain underlying Merid-
ian’s geometric separation:

L1 background → interlanguage error patterns

→ elevated Pnative → reduced FPR

Specifically: a learner’s native language determines
the transfer errors they systematically make in En-
glish (Corder, 1967; Ellis, 1994); these errors man-
ifest as character- and morpheme-level patterns
that the character LSTM associates with authen-
tic ESL writing (low Pesl), while simultaneously
producing token sequences that DistilGPT-2 finds
surprising relative to fluent English (high Pnative)
because the specific token choices arise from id-
iosyncratic L1 grammar rather than any distribution
the Transformer was trained on. The within-class
correlations and the Phase 3 error analysis (§5.1)
are consistent with this causal pathway, though it
is not formally identified; see Limitations.

Qualitative analysis: what the geometry is cap-
turing. To test whether the geometric separation
reflects genuine interlanguage patterns rather than
surface error rate alone, we tagged Phase 1 sen-
tences for five documented L1-transfer error types
and compared sentence-level Pnative (full analy-
sis in Appendix E, Table 3). Critically, the gap
persists when both classes produce the same sur-
face error type: on error-tagged sentences, Hu-
man ESL averages Pnative = 146.4 versus 82.5
for AI-ESL Mimics (∆ = +63.9, p < 0.0001),
showing that matched surface error category alone
does not explain the observed gap. A matched pair
makes the mechanism concrete: the human article-
omission sentence “There in a river finded the frog
behind the in trunk” scores Pnative = 1,728, while
a matched AI-ESL sentence carrying the same er-
ror tag scores 10.7. The two streams thus cap-
ture complementary, non-redundant signals: the
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LSTM identifies learner-like character patterns,
while DistilGPT-2 identifies the idiosyncratic to-
ken choices that genuine L1 transfer produces but
AI mimicry cannot replicate without sacrificing
fluency.

Error analysis. Of the 13 TOEFL11 false posi-
tives, 9 (69%) are high-proficiency and 4 (31%)
medium-proficiency; zero are low-proficiency.
False positive essays exhibit markedly lower
Pnative (mean 19.7 vs. 66.5 overall; t = −4.31,
p < 0.001), indicating that residual errors concen-
trate where the human–AI boundary is genuinely
ambiguous, not among the vulnerable writers most
harmed by existing detectors.

Cross-L1 validation of the causal account. A
cross-L1 analysis reveals a broader pattern that
provides population-level evidence consistent with
the proposed mechanism: mean Pnative across L1
groups is significantly negatively correlated with
FPR (Spearman r = −0.721, p = 0.012, n = 11
L1 groups). The three groups with 0.0% FPR
(TUR, SPA, ARA) have the highest mean Pnative

(76.1, 79.6, 81.7 respectively), while the groups
with elevated FPR (ITA: 6.7%, JPN: 10.0%) have
the lowest (56.5, 58.6). This pattern is visible and
systematic: L1 backgrounds that produce more
idiosyncratic token-level errors generate higher
Pnative, pushing essays further into the human re-
gion of the bivariate space. The elevated FPR for
JPN writers in particular concentrates among high-
proficiency writers, whose mean Pnative falls to
33.1 (approaching the AI-generated range) and war-
rants targeted investigation.

Comparison with baselines. Table 2 consoli-
dates all methods on the Phase 2 hard-case bench-
mark (300 Human ESL vs. 300 AI-ESL Mimic,
COREFL), a controlled evaluation specifically de-
signed to stress-test the fairness-robustness tradeoff
where human ESL and AI-ESL mimics are maxi-
mally confounded for single-axis detectors.

Fast-DetectGPT (Bao et al., 2024) achieves
85.0% ESL FPR with AUC = 0.313, performing
worse than random on this task: its log-probability
curvature signal is systematically more sensitive
to authentic ESL writing than to AI mimicry, con-
firming that methodological sophistication cannot
compensate for a native-English perplexity anchor.

Binoculars (Hans et al., 2024) (ICML 2024)
achieves 1.7% ESL FPR but only 89.3% AI-ESL
TPR, missing 32 of 300 adversarial mimics that

Meridian catches, a practically significant gap
when students can prompt LLMs to mimic ESL
patterns. Meridian achieves 8.3± 2.8% ESL FPR
with >99% TPR at its own default operating point.
We report both methods at their published default
thresholds rather than at a matched FPR or via a
full ROC comparison, since we do not have access
to Binoculars’ per-essay scores on this benchmark
to recompute one; the comparison therefore shows
that both regimes are achievable, not that Meridian
strictly dominates Binoculars across all thresholds.
Combined with Fast-DetectGPT’s failure above, no
single-axis method we tested reaches Meridian’s
combination of low ESL FPR and high AI-ESL
TPR at its own default threshold, which is the most
we can claim without a matched-threshold analysis
(see Limitations).

5.2 Implications for Educational Equity and
Positive Impact

At the 61.2% FPR documented by Liang et al.
(2023), an institution processing 1,000 authentic
ESL submissions would expect approximately 612
wrongful flags. At Meridian’s 3.9% zero-shot FPR,
this falls to approximately 39, a 15.7× reduc-
tion in population-scale harm. This magnitude
is comparable to intervention effects in domains
such as automated content moderation and algorith-
mic fairness (Blodgett et al., 2020), where similar-
scale reductions in disparate impact are considered
policy-relevant achievements. Bender et al. (2021)
warned that NLP systems risk encoding existing
social inequities; our results demonstrate that prin-
cipled multi-stream feature design can substantially
mitigate this for the specific case of perplexity-
based ESL detection. In the framing of NLP for
positive impact, the intervention here is direct: a
documented educational inequity, an identifiable
affected population, and a measurable order-of-
magnitude reduction in harm.

Bassett et al. (2026) argue that AI detection
should not be used in education at all; we engage
this position in Appendix A and note here only that
Meridian occupies a harm-reduction stance fully
compatible with it: institutions are deploying detec-
tion tools at scale regardless of academic argument,
and a 15.7× reduction in wrongful ESL flags is a
concrete welfare improvement within that reality.

Deployment. Meridian is a screening tool, not
a verdict system. Institutions can tune the operat-
ing point to their risk tolerance: at threshold 0.50,
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overall TOEFL11 FPR is 3.9% (low-proficiency:
0.0%); raising to 0.80 reduces overall FPR to 0.9%
while maintaining 94.7% TPR. The DistilGPT-2
stream is ≈82 MB; the LSTM is ≈5 MB; inference
runs in under 2 seconds per essay on CPU with no
internet required, enabling deployment in under-
resourced educational contexts where commercial
detection subscriptions and GPU infrastructure are
unavailable.

Responsible deployment. Full deployment
guidelines are in Appendix B. In a preliminary
consultation, an ELD (English Language De-
velopment) educator at a US secondary school
confirmed that AI detection flags on ESL students
is a recognized practitioner concern. Code, trained
weights, and an inference script are available at
github.com/pranilraichura/MERIDIAN-EMNLP-
Research.

6 Conclusion

Meridian introduces a dual-stream perplexity ar-
chitecture that substantially reduces false positives
on held-out ESL writing while preserving strong
detection of adversarial AI mimicry. On zero-
shot TOEFL11 (11 L1 backgrounds, 3 proficiency
bands, no retraining) overall FPR falls to 3.9%
with 0.0% for low-proficiency writers (95% CI:
[0.0%, 3.3%]) and 98.3% TPR on AI-ESL mim-
ics from three LLM families. The reversed bias
profile (residual errors concentrated among high-
proficiency writers rather than the most vulnerable
low-proficiency group) is the inverse of the failure
mode reported for prior detectors.

The bivariate geometry is grounded in SLA in-
terlanguage theory: the two perplexity axes capture
complementary signals that neither axis alone pro-
vides, and the resulting linear decision boundary
is fully interpretable. Many current AI text de-
tectors can encode native-English-centric assump-
tions; Meridian demonstrates that equitable detec-
tion is achievable through principled architectural
choices. More broadly, this work illustrates how
NLP methods can be directed at measurable social
inequities in education: the harm is quantifiable,
the affected population is identifiable, and a prin-
cipled architectural intervention reduces it by an
order of magnitude. Broader adversarial scope,
additional baselines, and user studies with ESL
educators remain important future work.

Limitations

Data and overlap. All three learner corpora
cover persuasive and descriptive essays; general-
ization to STEM writing is untested. The ESL-
Expert LSTM was trained on ELLIPSE charac-
ter sequences, which also supplies the Phase 1
human ESL essays, the only evaluation overlap.
Phase 2 uses 300 COREFL essays entirely disjoint
from LSTM training, and Phase 3 uses TOEFL11,
which is also completely held out. The improving
FPR trend across phases (9.7% → 8.3% → 3.9%)
confirms that the Phase 1 overlap does not inflate
downstream results; nonetheless, a cleaner protocol
for Phase 1 would exclude evaluation essays from
LSTM training.

Causal identification. The causal account in §5.1
is consistent with the observed geometry but is not
formally identified. Essay prompt topic is a plau-
sible confounder for Pnative elevation that has not
been controlled for across matched prompts: if
ESL and AI-ESL Mimic essays were generated on
systematically different prompts, topic-level differ-
ences rather than L1 transfer could explain part of
the geometric separation. Controlling for prompt
topic across matched human and AI-generated es-
says would strengthen the causal interpretation.

Baselines and evaluation scope. Phase 3 TPR
uses 60 AI-ESL mimics; larger matched samples
are needed. Per-L1 sample sizes (n=30) yield
wide confidence intervals (e.g., 0/30 corresponds to
95% CI [0.0%, 11.6%]); larger-scale evaluation is
needed to confirm equitable performance across all
language backgrounds. Additional same-domain
lexical baselines would further strengthen the com-
parison.

A more consequential gap concerns the ESL-
Expert stream specifically. Every baseline we com-
pare against is anchored to native English; the
character-level LSTM is the only component in
our evaluation trained on ESL data at all. This
design cleanly demonstrates that adding an ESL-
conditioned reference helps, but it does not isolate
which property of that reference is responsible, and
two distinct attributions remain confounded: that
the reference is population-matched, and that it
operates at the character level rather than over sub-
word tokens. Distinguishing them requires base-
lines we did not run: a sub-word model fine-tuned
on the same ESL corpus (for instance a RoBERTa
or small decoder adapted with LoRA at comparable
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parameter cost), substituted for the LSTM within
the same bivariate architecture. If such a model
matched the LSTM’s contribution, the operative
factor would be population-matched training data
rather than character-level granularity, and our ap-
peal to interlanguage morphology in §5.1 would
be weaker than stated. We regard this as the most
important open question about the architecture, and
we note that our motivation for the character-level
choice rests on SLA theory and the qualitative error
analysis in Appendix E, not on a controlled com-
parison against a tokenization-matched alternative.

Our comparison against Binoculars in §5.1 uses
each method’s published default threshold rather
than a matched-FPR or full ROC comparison, since
we do not have access to Binoculars’ per-essay
scores on our benchmark to recompute one. The
comparison shows that Meridian’s default oper-
ating point achieves a combination of ESL FPR
and AI-ESL TPR that Binoculars’ default operat-
ing point does not, not that Meridian dominates
Binoculars at every possible threshold.

Adversarial scope. Our AI-ESL mimics are gen-
erated with a single generic B1-level prompt per
model family (Appendix C); we did not test L1-
specific prompting, few-shot exemplars drawn
from real learner errors, or iterative/adaptive at-
tacks that adjust to Meridian’s own feedback. A
generation strategy targeting a specific L1 back-
ground’s documented transfer errors is a plausible
stronger adversary than the generic B1 prompts we
evaluate, and our TPR numbers should be read as
an upper bound on Meridian’s robustness rather
than a worst-case estimate. Separately, Merid-
ian was not tested against fine-tuned adversaries
(LoRA-adapted models on ESL corpora) or token-
level perturbation attacks (Gu et al., 2026; Cheng
et al., 2025). We conjecture the bivariate constraint
creates structural resistance to the latter (such an
adversary would need to simultaneously generate
idiosyncratic L1 morphological errors and main-
tain token-level coherence, requirements that pull
in opposite directions), but this remains empirically
open, and we make no corresponding conjecture
about L1-targeted prompting, which we consider
the more immediately testable gap of the two.

Interpretability validation. The interpretability
advantage is argued on structural grounds but has
not been validated with educators. Future direc-
tions include user studies with ESL educators, syn-
tactic surprisal as additional geometric dimensions,

multi-L1 LSTM training, mixed-authorship detec-
tion, and exploration of formative feedback to learn-
ers via error-type Pnative profiling.

Ethics Statement

All datasets (ELLIPSE, COREFL, TOEFL11) are
publicly available and contain no personally iden-
tifiable information. No human subjects were re-
cruited; all essays are pre-existing and de-identified.
No automated detection system, including Merid-
ian, should be used as the sole basis for academic
disciplinary proceedings. A responsible deploy-
ment framework is provided in Appendix B.

Broader Impact Statement

This work directly addresses a documented
population-scale harm in educational AI deploy-
ment: the systematic misidentification of English-
as-a-Second-Language student writing as AI-
generated by commercially deployed text detec-
tors. At baseline false positive rates of 61–72%,
ESL students in English-medium institutions (the
populations represented in our corpora, and by ex-
tension students in similar English-medium aca-
demic settings globally) face wrongful academic
integrity accusations from tools they have no power
to contest. This harm is not distributed uniformly:
it falls most heavily on students who are already
linguistically, economically, and institutionally dis-
advantaged, consistent with the broader pattern of
WEIRD bias in AI systems (Bender et al., 2021;
Blodgett et al., 2020).

Meridian demonstrates that this harm can be sub-
stantially reduced (15.7× reduction in false flags
on held-out TOEFL11) through principled archi-
tectural design. We explicitly designed for inter-
pretability (linear decision boundary, CPU deploy-
ability) to enable adoption in under-resourced edu-
cational contexts.

We emphasize that Meridian is a screening tool,
not a verdict system. No automated detection out-
put, regardless of accuracy, should substitute for
human judgment in academic integrity proceedings.
The deployment guidelines in Appendix B specify
mandatory human review, threshold selection guid-
ance, and student transparency requirements. The
most significant societal risk of this work is misuse
as an autonomous arbiter rather than as a triage
assistant; we actively discourage such deployment
through explicit framing and guidelines.
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over authorship, govern access to academic cre-
dentials, and shape the legitimacy of educational
institutions in the eyes of their communities (Eu-
banks, 2018; Noble, 2018). When these systems
systematically produce biased outcomes for a spe-
cific population, issuing wrongful academic mis-
conduct findings at rates exceeding random chance,
they do not merely produce technical errors; they
undermine the legitimacy of institutional deliber-
ation itself (Eubanks, 2018). Meridian’s design
philosophy is that fair AI detection is a prerequisite
for AI systems that can genuinely support, rather
than corrupt, legitimate institutional processes. An
AI text detector that wrongly accuses ESL students
at 61% rates is not a tool for civic integrity; it is a
source of systematic institutional injustice (Noble,
2018). This framing connects biased AI detection
to the broader project of socially responsible NLP:
technical systems deployed in institutional settings
inherit institutional responsibilities, and correcting
their disparate impacts is a direct form of positive
social impact.

Engaging the “no-detection” position. Bassett
et al. (2026) argue that AI detection should not be
used in education at all, because detectors produce
unverifiable probabilistic outputs violating proce-
dural fairness norms. This critique is correct on its
own terms, and Meridian does not refute it. Merid-
ian occupies a harm-reduction position: institutions
are deploying these tools at scale regardless of aca-
demic argument, and a 15.7× reduction in wrong-
ful ESL flags is a concrete welfare improvement
within that reality. The two positions are compat-
ible: if institutions must use detection tools, use
a fair one; and separately, the community should
debate whether to use them at all.

B Deployment Guidelines for Educators

Meridian is designed as a screening and triage tool,
not a verdict system. The following guidelines are
intended for program directors, academic integrity
officers, and ESL instructors considering deploy-
ment:

(a) Mandatory human review for all flagged es-
says. No automated detection output should ini-
tiate disciplinary proceedings without review by a
qualified educator familiar with the student’s lan-
guage background. Meridian’s output is a probabil-
ity score, not a finding of academic dishonesty.

(b) Operating threshold selection. At the de-
fault threshold (0.50), overall TOEFL11 FPR is
3.9%; raising the threshold to 0.80 reduces FPR
to 0.9% (low: 0.0%, medium: 0.9%, high: 1.8%)
while maintaining 94.7% TPR. Institutions with
low tolerance for false accusations should select a
conservative threshold.

(c) High-proficiency ESL writers require addi-
tional scrutiny. Phase 3 results show FPR in-
creases from 0.0% (low proficiency) to 8.2% (high
proficiency) on TOEFL11. Students approaching
native-like fluency are most at risk of false flagging
and should receive elevated human review.

(d) Institutional transparency. Students should
be informed when AI detection tools are used to
evaluate their submissions (Bender et al., 2021).

C Generation Prompts

All AI essays were generated using the prompt
templates below.

System prompt (GPT-4.1 only). GPT-4.1 was
called with a system message; Gemini 2.5 Flash
and Claude 3.5 Sonnet received the full instruction
as a user message.

“You are a helpful writing tutor who writes per-
suasive high school essays following the user’s
instructions.”

AI-Native prompt prefix.

“Write a 400-word persuasive essay responding
to the following prompt as a fluent native English-
speaking high school student in an honors or AP
class. Use richer vocabulary, more complex sen-
tences (with subordinate clauses), and varied tran-
sitions, while staying clear and well-organized,
and generate only the essay itself: [PROMPT]”

AI-ESL Mimic prompt prefix.

“Write a 400-word persuasive essay responding
to the following prompt as a mid-level ESL high
school student (roughly B1). Use everyday vo-
cabulary, some repeated phrases, and mostly
simple sentences. Include a few grammar and
punctuation mistakes (for example with articles,
prepositions, or verb tense), but keep the overall
meaning clear, and generate only the essay itself:
[PROMPT]”

All three models used temperature 0.8. Each
model generated 100 AI-Native and 100 AI-ESL
Mimic essays across 5 prompts (20 per prompt per
style).
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D Logistic Regression Coefficients

The Phase 2 logistic regression classifier has
learned coefficients wesl = −1.8166, wnative =
−0.2831, and intercept b = 12.0569. The decision
boundary is:

−1.8166 · Pesl − 0.2831 · Pnative + 12.0569 = 0.
(4)

The negative wnative confirms that higher sub-word
perplexity (more surprising to the Transformer)
shifts classification toward “human,” consistent
with the interpretable account in Section 5.1.

E Qualitative Sentence-Level Analysis

We split each Phase 1 essay into sentences, com-
puted DistilGPT-2 perplexity per sentence, and
tagged sentences for five documented L1-transfer
error types: article omission, subject-verb agree-
ment, tense errors, preposition errors, and unneces-
sary article insertion (Corder, 1967; Ellis, 1994).

Across all sentences, Human ESL achieves mean
Pnative = 160.8 versus 97.1 for AI-ESL Mimics
(∆ = +63.7). This gap persists and slightly grows
when restricted to sentences that contain tagged
grammatical errors: Human ESL 146.4 vs. AI-ESL
82.5 (∆ = +63.9).

Table 3 shows Pnative by error type. Four of
five categories are significant (p < 0.05); only
tense errors are not, likely due to small sample
size (n = 28 vs. 13). The matched examples re-
veal the mechanism directly: a human ESL article-
omission sentence such as “There in a river finded
the frog behind the in trunk” (Pnative = 1,728)
produces a wildly surprising token sequence be-
cause finded and the in trunk arise from specific
L1 transfer constructions no Transformer distribu-
tion anticipates, while a matched AI-ESL article-
omission sentence such as “If I am too busy, I
don’t have time to relax or spend time with my
family” (Pnative = 10.7) remains anchored to high-
probability token sequences despite the surface-
error tag firing. The same asymmetry holds across
all error types: human SV-agreement errors (“He
leave his frog to them and they wave goodbye”,
Pnative = 1,331) versus AI SV-agreement errors
(“It show us what we did wrong”, Pnative = 23.8).

Table 3: Sentence-level Pnative by grammatical error
type. Human ESL produces substantially higher Pnative

on every error type, even when AI-ESL Mimics pro-
duce the same surface error pattern. Tense error is non-
significant due to small n.

Error type Human AI-ESL ∆ p
Pnative Pnative

Article omission 145.4 82.3 +63.1 <0.0001
S-V agreement 198.6 121.3 +77.2 0.016
Tense error 123.4 70.9 +52.5 0.194
Preposition error 133.9 64.6 +69.3 <0.0001
Unnecessary article 123.0 68.7 +54.3 <0.0001

All error sentences 146.4 82.5 +63.9 <0.0001

F Confidence Intervals

Table 4: 95% Clopper–Pearson confidence intervals for
Phase 3 FPR values.

Group n FP FPR 95% CI

ARA 30 0 0.0% [0.0%, 11.6%]
DEU 30 1 3.3% [0.1%, 17.2%]
FRA 30 1 3.3% [0.1%, 17.2%]
HIN 30 1 3.3% [0.1%, 17.2%]
ITA 30 2 6.7% [0.8%, 22.1%]
JPN 30 3 10.0% [2.1%, 26.5%]
KOR 30 1 3.3% [0.1%, 17.2%]
SPA 30 0 0.0% [0.0%, 11.6%]
TEL 30 2 6.7% [0.8%, 22.1%]
TUR 30 0 0.0% [0.0%, 11.6%]
ZHO 30 2 6.7% [0.8%, 22.1%]

All 330 13 3.9% [2.1%, 6.6%]

Low 110 0 0.0% [0.0%, 3.3%]
Medium 110 4 3.6% [1.0%, 9.0%]
High 110 9 8.2% [3.8%, 15.0%]
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