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Abstract

Large language models (LLMs) are ubiquitous
in modern day natural language processing.
However, previous work has shown degraded
LLM performance for under-represented En-
glish dialects. We analyze the effects of typi-
fying “standard” American English language
questions as non-“standard” dialectal variants
on multiple choice question answering tasks
and find up to a 20% reduction in accuracy.
Additionally, we investigate the grammatical
basis of under-performance in non-“standard”
English questions. We find that individual
grammatical rules have varied effects on perfor-
mance, but some are more consequential than
others: three specific grammar rules (existen-
tial “it”, zero copula, and y’all) can explain the
majority of performance degradation observed
in multiple dialects. We call for future work to
investigate bias mitigation methods focused on
individual, high-impact grammatical structures.

1 Introduction

Large language models are essential to natural lan-
guage processing applications, achieving strong
performance across numerous tasks. However, lan-
guage model learning is highly sensitive to the style
of the data used in training (Maini et al., 2024).
This can lead to fairness issues for speakers of non-
“standard” varieties of American English (such as
African American English, Chicano English, and
non-native English speakers), who may write text
in their corresponding spoken dialects (Whiteman,
2013; Smitherman, 1986; Harvey et al., 2025; Blod-
gett et al., 2016; Johnson and VanBrackle, 2012;
Hofmann et al., 2024); in turn, these written vari-
ants are likely underrepresented in training corpora
relative to “Standard American English” (SAE).
These are particularly important English-speaking
populations to study as they have already been
found to suffer from LLM underperformance in
benchmark tasks (Ryan et al., 2024; Hofmann et al.,

2024), and are often correspondingly minoritized in
broader societal contexts. An example of differen-
tial validity on such tasks is if LLMs disproportion-
ately respond with inaccurate responses to prompts
written in African American English, but respond
correctly to prompts written in SAE. This is a real
concern, as LLMs are increasingly involved in high-
stakes scenarios from education to hiring.

While LLM underperformance of individual va-
rieties of English has been studied at a high level
in real-world conversational contexts (Ziems et al.,
2022b; Srirag et al., 2025), it remains understud-
ied the extent to which (a) underperformance for
different English dialects is an issue in more basic
NLP tasks (i.e., multiple choice rather than open re-
sponse questions), and (b) grammatical rules defin-
ing English dialects might be drivers of LLM re-
sponse differences. These questions have histori-
cally been difficult to answer because one would
need to find corpora of comparable text typified in
different dialects; however, prior work automating
dialectal translation (Ziems et al., 2022a,b) allows
us to generate text data in different dialects based
on grammatical rules. We apply this translational
tool to fill a gap in the literature by answering two
research questions:

RQ1: Do LLMs underperform when answering
multiple choice questions that are typed in a written
dialect (African American English, Appalachian
English, Chicano English, Indian English, Singa-
porean English, and Southern English) versus an-
swering questions typed in SAE?

RQ2: Can LLM underperformance in certain di-
alects be decomposed into underperformance stem-
ming from multiple specific grammatical rules?

Answering these questions is important: not only
can we quantify biases in fundamental LLM tasks,
but we can further break down these quantities
by grammatical rules, which can inform model
developers of whether these rules should be a focus
of improvement for multidialectal LLMs, thereby
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helping to drive mitigation of identified biases.
Prior work addressing these questions has either

focused on linguistic analyses of model underper-
formance for individual grammatical rules, such as
the habitual be (Martin and Tang, 2020) or zero
copula (Koenecke et al., 2020) common to African
American English (Rickford and Rickford, 2007),
or has focused on studying biases in overall di-
alects without considering individual grammatical
rules (Lin et al., 2025; Hofmann et al., 2024; Srirag
et al., 2025). In contrast, we study a wide range
of grammatical rules used across multiple dialects,
which can in turn be used to inform model im-
provements across multiple dialects: given the high
number of shared or similar grammatical features
across dialects, we may expect that technical im-
provements on specific grammatical rules can yield
performance improvements across dialects through
transfer learning.

2 Methods

We begin with three multiple choice benchmark
Question Answering (QA) datasets commonly used
for benchmarking: BoolQ (Clark et al., 2019) con-
taining 9,427 real Google user queries, SciQ (Welbl
et al., 2017) containing 11,679 science exam ques-
tions, and MMLU (Hendrycks et al., 2020) contain-
ing 14,042 questions spanning 57 subtopics from
accounting to religion. All datasets contain both
questions and multiple choice answers in “Stan-
dard American English" (SAE). We opt to focus
on multiple choice questions as we expect these
tasks to be relatively easy for LLMs in SAE; un-
covering dialectal underperformance in these tasks
could indicate the extent to which dialectal biases
persist across not just difficult—but also prima fa-
cie easier—tasks, and can potentially serve as a
lower bound on quality-of-service harms across
LLM question answering tasks.

Next, we generate grammatically-perturbed vari-
ants of each question in these datasets—leaving an-
swers and support material unchanged—by using
the Multi-VALUE package (Ziems et al., 2022b).
Multi-VALUE is based on the Electronic World
Atlas of Varieties of English (eWAVE), a linguistic
database of morphosyntactic variation in sponta-
neous spoken English (Kortmann et al., 2020), and
allows users to input SAE text and generate dialec-
tal variants based on sets of grammatical rules from
eWAVE. The creators of Multi-VALUE addition-
ally recruited speakers of several dialects (includ-

ing African American English, Chicano English,
Indian English, and Appalachian English) to val-
idate Multi-VALUE dialectal translations (Ziems
et al., 2022b).

This package allows us to perturb SAE text (a)
by individual grammar rules, (b) by multiple gram-
mar rules of our choosing, and (c) using the default
set of grammar rules ascribed to specific dialects
(e.g. Appalachian, Singaporean, etc.). For exam-
ple, for the sentence “She is always studying,” we
could apply the specific zero copula grammatical
rule to obtain the string “She always studying,” or
apply all rules for the African American English
dialect (in this case, both zero copula and habit-
ual be) to obtain the string “She always be study-
ing.” Multi-VALUE applies rules probabilistically
based on documented dialect pervasiveness, with
uncommon dialectal grammar rules up-weighted
for stress-testing (Ziems et al., 2022b).

For the six dialects of interest in our study, we
use the Multi-VALUE default grammatical rules
and transformation frequencies when generating di-
alectal perturbations. For individual and groups of
grammar rules, we set the transformation frequen-
cies to 100% such that grammar rule transforma-
tions are always applied when the corresponding
grammatical structure appears. We perturb only
question texts and not reference or answer texts.
We include examples of individual rule transfor-
mations in Table 3. We exclude questions that
Multi-VALUE cannot process from consideration
in SAE results.

We then compare the performance of three
common LLMs on both original (SAE) and
grammatically-perturbed variants of the three QA
datasets. We choose to use Gemma-2B, Mistral
7B, and GPT4o-mini due to their popularity in real-
world applications, and to encapsulate a range of
model sizes in our evaluations.* We used the de-
fault prompts in LM Eval Harness (Gao et al., 2024)
available for these datasets in a zero-shot setting.
For all three LLMs, we find performance on the
unperturbed QA datasets to be comparable to their
technical reports (Team et al., 2024; Jiang et al.,
2023; OpenAI, 2024).

We then compare performance for each of the
three datasets, for each of the dialectal and gram-
matical variants of each dataset, and for each of
the three LLMs. To calculate accuracy, we first

*We estimate the project took around 200 GPU hours on
12-20GB VRAM GPUs.
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English Variety BoolQ Accuracy (%) Count SciQ Accuracy (%) Count MMLU Accuracy (%) Count
Gemma 2B Mistral 7B GPT4o-mini Gemma 2B Mistral 7B GPT4o-mini Gemma 2B Mistral 7B GPT4o-mini

Standard American English 71.3 85.4 87.7 9348 94.3 96.6 97.7 11647 34.1 61.3 71.5 11672
Chicano English 72.0 (+0.7) 84.5 (-0.9) 87.2 (-0.5) 3656 93.8 (-0.5) 96.6 (0.0) 97.6 (-0.1) 4325 32.9 (-1.2) 56.9 (-4.4) 65.4 (-6.1) 6772
Appalachian English 70.9 (-0.4) 83.2 (-2.2) 85.7 (-2.0) 5725 93.4 (-0.9) 96.5 (-0.1) 97.2 (-0.5) 9842 34.9 (+0.8) 59.6 (-1.7) 68.7 (-2.8) 9776
Southern English 69.2 (-2.1) 83.3 (-2.1) 85.8 (-1.9) 8280 93.5 (-0.8) 96.3 (-0.3) 97.2 (-0.5) 11351 34.0 (-0.1) 59.5 (-1.8) 69.8 (-1.7) 11193
African American English 67.7 (-3.6) 82.6 (-2.8) 85.8 (-1.9) 9077 93.3 (-1.0) 96.1 (-0.5) 97.0 (-0.7) 11445 34.2 (+0.1) 59.5 (-1.8) 69.2 (-2.3) 11182
Indian English 68.1 (-3.2) 81.2 (-4.2) 85.4 (-2.3) 9321 92.7 (-1.6) 95.8 (-0.8) 96.5 (-1.2) 11631 34.7 (+0.6) 59.4 (-1.9) 68.8 (-2.7) 11554
Singaporean English 66.5 (-4.8) 79.8 (-5.6) 84.6 (-3.1) 9323 91.7 (-2.6) 94.7 (-1.9) 96.1 (-1.6) 11642 34.1 (0.0) 58.5 (-2.8) 68.7 (-2.8) 11612

Table 1: Performance comparison across English varieties with unperturbed questions excluded. In nearly all cases,
performance is worse for non-SAE varieties of English.

English Variety BoolQ Accuracy (%) SciQ Accuracy (%) MMLU Accuracy (%)
Gemma 2B Mistral 7B GPT4o-mini Gemma 2B Mistral 7B GPT4o-mini Gemma 2B Mistral 7B GPT4o-mini

Standard American English 100 100 100 100 100 100 100 100 100
Chicano English 93.9 (-6.1) 95.6 (-4.4) 96.7 (-3.3) 99.2 (-0.8) 99.6 (-0.4) 99.5 (-0.5) 89.3 (-10.7) 92.9 (-7.1) 95.2 (-4.8)
Appalachian English 92.0 (-8.0) 93.6 (-6.4) 94.8 (-5.2) 98.1 (-1.9) 99.0 (-1.0) 99.2 (-0.8) 86.8 (-13.2) 93.0 (-7.0) 93.8 (-6.2)
Southern English 90.1 (-9.9) 93.1 (-6.9) 94.8 (-5.2) 98.4 (-1.6) 99.1 (-0.9) 98.9 (-1.1) 83.1 (-16.9) 92.6 (-7.4) 92.4 (-7.6)
African American English 85.9 (-14.1) 91.9 (-8.1) 95.0 (-5.0) 98.2 (-1.8) 99.1 (-0.9) 98.8 (-1.2) 84.4 (-15.6) 92.3 (-7.7) 92.3 (-7.7)
Indian English 86.9 (-13.1) 90.2 (-9.8) 93.6 (-6.4) 97.5 (-2.5) 98.4 (-1.6) 98.5 (-1.5) 81.3 (-18.7) 91.2 (-8.8) 90.8 (-9.2)
Singaporean English 83.3 (-16.7) 88.2 (-11.8) 92.3 (-7.7) 96.4 (-3.6) 98.0 (-2.0) 97.4 (-2.6) 78.4 (-21.6) 89.9 (-10.1) 88.8 (-11.2)

Table 2: Performance comparison across English varieties with unperturbed questions excluded, conditioned on
correct answers in Standard American English. In all cases, performance is worse for non-SAE varieties of English.

subset to the set of questions that differ from the
original (SAE) dataset by at least one grammatical
rule (e.g., the “y’all” grammatical rule can only
be perturbed for a dialect if the word “you” ap-
pears in the original question), reflected in Table 1.
Then, we subset to questions that were answered
correctly for that LLM when asked in the original
(SAE) dialect, reflected in Table 2. We primarily
focus on questions correctly answered in SAE as
they highlight a clear quality-of-service gap where
LLMs are capable of answering a question in SAE
but not in a different dialect. Meanwhile, questions
that an LLM cannot answer in SAE and still cannot
answer in dialect may be less meaningful when
considering dialectal disparity. For robustness, we
additionally report average accuracy metrics that
include all unperturbed questions in Appendix A.3.

Finally, we quantify bias as the percentage point
differential in accuracy (for each LLM, and each
dataset) between each variant and the original
(SAE) questions.

3 Results

3.1 Dialectal Biases
We find that—on average, across LLMs and QA
datasets—prompting LLMs with questions in non-
“Standard” English dialects results in lower accu-
racy on multiple choice answers per Table 1. Con-
ditioned on the “Standard” English version being
correct (Table 2), we find even steeper accuracy
drops; this is especially true for Singaporean En-
glish and African American English, with accuracy
drops relative to SAE ranging from 5-16 percent-
age points for BoolQ and 7-20 percentage points

for MMLU. We also find that dialectal degrada-
tion varies by model and dataset: on BoolQ, the
least degradation is observed from GPT4o-mini,
whereas on SciQ, the least degradation is observed
from Mistral-7B (both on the full question set and
when conditioned on SAE accuracy). We generally
observe the highest degradations on across tasks
from Gemma-2B. Of the tasks, MMLU was the
most difficult for LLMs, particularly Gemma-2B,
and as a result has more variable degradation.

This finding is consistent with expectations
based on perplexities. As shown in Table 11, we
compare the perplexity of each question in its origi-
nal SAE form, and on the dialectal variant using the
FineWeb model (Penedo et al., 2024).* This shows
substantial increases in perplexity when SAE is
transformed into dialectal variants, with Singa-
porean English demonstrating the most dramatic
increases, aligning with Singaporean English show-
ing the most substantial performance degradation
in our evaluations.

3.2 Grammatical Rule Biases

We then perform the same analysis at the level
of grammatical rule rather than dialectal biases,
with a focus on pervasive and representative di-
alect rules. While some grammatical rules could
yield a strong decrease in performance, they may
be rarely observed for a dialect in practice. As
such, we focus on obligatory grammatical rules—
rules that are always applied when possible—for

*We consider this model for perplexity analysis as its train-
ing dataset set is public and does not appear to contain such
grammatically perturbed text.
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Figure 1: Grammatical rules are applied to full QA datasets one at a time; the top five rules by accuracy reduction
are shown for each facet (on the subset of questions for which the grammatical rule can be applied, and for which the
LLM answered correctly when asked in SAE). Accuracy difference refers to the comparison between the original
QA dataset and the QA dataset having applied only a single grammatical rule. Grammatical rule definitions are
provided in Table 8.

Figure 2: Breakdown of the extent to which accuracy decreases can be attributed to subsets of dialectal grammatical
rules. We consider the same data subset–corresponding to the n samples LLMs answered correctly in SAE where
the grammar rule is applicable–in each group of bars. We denote the percentage of overall dialectal performance
degradation (All Dialect Rules) recovered by just one rule obligatory for that dialect (Rule of Interest) and all rules
obligatory (Obligatory Dialect Rules) within the respective bars. Abbreviations are: African American English
(UAAVE), Singaporean English (CollSgE), Appalachian English (AppE), and Southern English (SEAmE).

the dialects we study that are implemented in Multi-
VALUE (Ziems et al., 2022b). We confirm that the
subset of obligatory dialect rules are correlated with
overall performance of a dialect, recovering similar
trends in degradation as when all dialectal gram-
mar rules are applied. For example, we find that the
infrequency of obligatory rules in Chicano English
is consistent with Chicano English having the least
performance degradation among the dialects (see
Appendix Figure 3).

We find that obligatory grammatical rules hetero-
geneously affect QA performance, differing sub-
stantially by dataset and model. We analyze the
accuracy drop from these obligatory grammar rules
and highlight the worst performing grammar rules

in Figure 1. Some, such as remove definite deter-
miner (dropping “the”), rarely result in reduced
QA task accuracy. Others, such as fronting (mov-
ing the prepositional phrase to the beginning of
the sentence), reduce QA task accuracy in all mod-
els. Furthermore, we find that some grammar rules
significantly reduce accuracy across all LLMs and
datasets (p<0.05, McNemar’s test); see Table 8 for
this list of grammar rules and their occurrences
within our corpora. We observe that 9 out of 20
of the observed statistically-significant grammar
rules overlap across dialects, indicating that future
work on mitigating grammar rule-based biases (e.g.,
training on grammatically-altered variants of QA
pairs) could result in better performance across
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many dialects simultaneously. These findings are
consistent with regression analysis described in the
Appendix A.2.

Of these rules, we selected three that individu-
ally result in high performance degradation, and
are obligatory in multiple dialects for further anal-
ysis: existential it, drop copula be NP, and y’all.
On top of each rule, we iteratively apply the other
obligatory dialect rules and non-obligatory dialect
rules, which—when combined—comprise all di-
alect rules. We consider only questions where the
grammar rule can be applied and are answered cor-
rectly in SAE. Per Figure 2, we find that each of
these three rules individually account for at least
45% of the degradation in performance for these
questions compared to SAE. This is particularly
true for the American dialects (Appalachian En-
glish, African American English, and Southern
English) where these individual rules account for
64-85% of overall dialectal degradation.

4 Discussion

Our results indicate that LLMs have trouble parsing
certain grammatical concepts, leading to fairness
concerns for non-“standard” dialects as quantified
by underperformance in knowledge and reasoning
benchmark tasks, consistent with findings of under-
performance on more explicitly cultural-specific
tasks (Ryan et al., 2024; Hofmann et al., 2024; Lyu
et al., 2025). Our results may be an underestimate
of the severity of dialectal underperformance in
QA tasks: recent work has found greater perfor-
mance decreases for human-written AAVE texts
relative to Multi-VALUE perturbed texts (Lin et al.,
2025), and multiple choice responses are less vari-
able than open-ended tasks (Hofmann et al., 2024).
Our findings could potentially be driven by an un-
derrepresentation of dialectal English in training
data; we hope that pinpointing specific grammatical
rules associated with underperformance will allow
practitioners to update models for bias mitigation
going forward.

More work needs to be done to explore avenues
for such bias mitigation: some researchers have
found that in-prompt “translating” to SAE still
leaves significant performance gaps (Lin et al.,
2025), and others have proposed training LoRAs
to map hundreds of grammatical structures to SAE
equivalents to mitigate dialectal degradation (Liu
et al., 2023). Going forward, it will be also be im-
portant to extend our findings from multiple choice

QA tasks to open-ended responses, especially given
the increasing concerns of biases in not only valid
LLM responses, but also in LLM-generated hal-
lucinations (Huang et al., 2025; Koenecke et al.,
2024).

Given that the demographics that often use non-
“standard” English have been surveyed to be more
likely to rely on LLMs (Rainie, 2025), it is es-
pecially important to ensure that there is a focus
on improving LLM performance across dialects—
especially from those demographics currently un-
derserved in society and correspondingly under-
represented in training data. Looking toward fu-
ture work in mitigating biases, our findings sug-
gest that practitioners and researchers building
LLMs for multi-dialectal users could target future
model improvements by training models on QA
pair variants—perturbed with even just a handful
of important, distinct grammar rules—to yield less
disparate performance across multiple dialects.

Limitations

We discuss three main limitations of our work.
Firstly, the use of Multi-VALUE as a gram-

matical translation tool has caveats: the rules are
applied following set probabilities of occurrence
across different grammatical rules within a di-
alect, and thus could be debatably similar to a
true speaker or writer of that dialect. That said,
Multi-VALUE performed human evaluations for a
subset of dialects to evaluate their ecological valid-
ity (Ziems et al., 2022b).

Secondly, we make an assumption that gram-
matical rules would apply, as is, in written text for
knowledge and reasoning questions. However, it is
possible that speakers of different dialects would
typify their grammatical differences in different
ways, make different types of errors (such as typos,
capitalization, etc.), and so on. While our focus is
on dialectal biases, we refer to prior work on the
confluence of such biases with typos (Harvey et al.,
2025)—making the case that this intersection likely
compounds the degree of underperformance that
we found in QA tasks.

Thirdly, we focus on concerns of LLM under-
performance on a subset of QA tasks. Our find-
ings may not generalize to all LLMs (especially
newer, larger, or costlier models), nor to all QA
tasks—especially for those with open-ended re-
sponses, which likely would see lower performance
across the board. That said, we hope to raise the
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point that—while our findings point to LLM un-
derperformance in response to certain grammat-
ical concepts—such underperformance may also
be true of gold standards (such as human respon-
dents). For example, negation can be taken at face
value, or assumed to be a double negative in some
dialectal contexts (Jones et al., 2019)—and humans
may similarly struggle with such nuanced differ-
entiations if not equipped with the resources to
better understand dialectal English. As such, we
emphasize the need for human-in-the-loop systems
to mitigate both human- and LLM-induced biases
by dialect (Alumäe and Koenecke, 2025).
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A Appendix

A.1 Grammar Rule Examples
We provide examples of grammar rule transforma-
tions for existential it, y’all, and drop copula NP in
Table 3. We highlight examples that GPT-4o-mini
answered correctly in SAE but incorrectly after
grammatical perturbation. Due to generally high
performance in SciQ, no such examples existed for
existential it.

A.2 Grammar Rule Regression Analysis
Overall, the results presented in Figures 1 and 2
are consistent with regression analyses spanning
LLMs. Specifically, we run a logistic regression
where the outcome is a binary for whether an indi-
vidual grammatically-perturbed question was an-
swered correctly or incorrectly, and covariates in-
clude binary variables for whether a grammar rule
category is perturbed in that question text, a binary
indicator for whether the original SAE question
was answered correctly, and binary indicators for
the LLM. We run this regression on 535,239 sam-
ples (i.e., the sum of all questions in three datasets
with at least one rule applied, times 6 dialects times
3 LLMs), and find that 12 out of 13 grammatical
rule categories have a negative effect on accuracy
and are statistically significant at the 0.05 level. Re-
sults are displayed in Table 7. The large negative
coefficient for the grammatical categorty of Agree-
ment is consistent with our findings for existential
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it and drop copula be NP, which are contained in
that category.

A.3 Other Data Subsetting Variants

Table 4 reflects the counts of the number of ques-
tions answered correctly under the settings indi-
cated by Table 1. To account for the inclusion of un-
perturbed questions, we generate results analogous
to Tables 1 and 2 when including unperturbed ques-
tions in each of the dialects; these results (showing
similar degradation across dialects) are reflected in
Tables 6 and 5, respectively.

A.4 Singaporean English Case Study

Singaporean English (CollSgE) exhibits the most
substantial performance degradation among the
dialects examined. This pronounced underperfo-
mance likely stems from its distinctive status as a
contact variety with strong pidgin/creole character-
istics that fundamentally differentiate its structure
from SAE (Leimgruber, 2013; Gil, 2003). Unlike
other non-standard varieties that share more gram-
matical patterns with SAE, Singlish employs multi-
ple syntactic structures that systematically diverge
from SAE. The concentration of these high-impact
grammatical features within Singaporean English
may explain why models trained predominantly on
Western varieties struggle disproportionately with
this dialect compared to others.

We explore how interactions between individual
grammar rules affect performance degradation. We
use Singaporean English as a case study given its
consistently high performance degradation. We fo-
cus on null prepositions, one relativizer and drop
copula be NP as rules that both individually have
a significant impact and regularly co-occur. To do
this, we examine the effect of iteratively applying
each of the three grammatical rules to the origi-
nal dataset. We consider the subset of questions
where all three of those rules can be applied. We
compare the expected performance degradation of
simply adding individual rule degradations to ob-
served degradations in Tables 9 and 10. We find
that while there is additional performance reduc-
tion when applying multiple rules on questions
originally answerable in SAE, the degradation is
different than adding their individual performance
reductions together, pointing towards an interaction
effect among co-occurring grammar rules.

A.5 Licensing and Code
We adhere to the licensing requirements and in-
tended usage of the datasets, models, and pack-
ages used. We release our code under the MIT Li-
cense at https://github.com/peridotleaves/
Dialect_Bias.
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Dataset Original Answer Rule Transformed Answer to
Transformed

boolq is there a difference be-
tween maid of honour
and chief bridesmaid

no existential_it is it a difference be-
tween maid of honour
and chief bridesmaid

yes

sciq Which disease occurs
when there is not
enough hemoglobin in
the blood?

anemia existential_it Which disease occurs
when it is not enough
hemoglobin in the
blood?

anemia

mmlu How many kcal are
there in one gram of
ethanol?

29.7 kJ or 7.1
kcal per g

existential_it How many kcal is it in
one gram of ethanol?

36.5 kJ or 8.1
kcal per g

boolq can you drive with a
beer in texas

no yall can y’all drive with a
beer in texas

yes

sciq What should you use to
protect your eyes from
chemicals?

eye goggles yall What should y’all use to
protect your eyes from
chemicals?

certain goggles

mmlu You need to construct a
94% confidence interval
for a population propor-
tion. What is the upper
critical value of z to be
used in constructing this
interval?

1.88 yall Y’all gotta construct a
94% confidence interval
for a population propor-
tion. What is the upper
critical value of z to be
used in constructing this
interval?

1.96

boolq pecans and walnuts in
the same family

yes drop_copula_np are pecans and walnuts
in the same family

no

sciq Alpha emission is a type
of what?

radioactivity drop_copula_np Alpha emission a type
of what?

radiation

mmlu Which fraction is
greater than 2 over 5?

5 over 10 drop_copula_np Which fraction greater
than 2 over 5?

4 over 10

Table 3: Examples of Grammar Transformations with Corresponding Answers

English Variety BoolQ Accuracy SciQ Accuracy MMLU Accuracy
Gemma 2B Mistral 7B GPT4o-mini Gemma 2B Mistral 7B GPT4o-mini Gemma 2B Mistral 7B GPT4o-mini

Standard American English 6670 7982 8202 10983 11256 11379 3974 7150 8344
Chicano English 2667 3142 3228 4077 4186 4229 2221 3879 4506
Appalachian English 4156 4906 5028 9317 9530 9631 3352 5930 6833
Southern English 5925 7090 7278 10706 10973 11094 3797 6817 7962
African American English 6477 7755 7962 10798 11065 11183 3808 6837 7953
Indian English 6650 7957 8175 10970 11241 11364 3933 7072 8256
Singaporean English 6655 7960 8181 10979 11252 11374 3957 7118 8303

Table 4: Counts of Standard American English and English varieties’ questions (grammatically unperturbed
questions excluded) answered correctly.

(a) Full dataset (including unperturbed questions). (b) Restricted to question subset where at least one grammar is
rule applied. Numbers along bars refer to number of questions
across datasets.

Figure 3: Breakdown of the extent to which overall accuracy decreases can be attributed to obligatory grammatical
rules compared to all dialect rules. Abbreviations are: African American English (UAAVE), Singaporean English
(CollSgE), Indian English (IndE), Appalachian English (AppE), Chicano English (ChcE), and Southern English
(SEAmE).
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English Variety BoolQ Accuracy (%) SciQ Accuracy (%) MMLU Accuracy (%)
Gemma 2B Mistral 7B GPT4o-mini Gemma 2B Mistral 7B GPT4o-mini Gemma 2B Mistral 7B GPT4o-mini

Standard American English 71.3 85.4 87.7 94.3 96.6 97.7 34.1 61.3 71.5
Chicano English 70.9 (-0.4) 84.8 (-0.6) 87.3 (-0.4) 94.1 (-0.2) 96.6 (0.0) 97.6 (-0.1) 34.1 (0.0) 61.1 (-0.3) 70.8 (-0.7)
Appalachian English 70.3 (-1.0) 83.9 (-1.5) 86.4 (-1.3) 93.3 (-1.0) 96.4 (-0.2) 97.2 (-0.5) 34.5 (+0.4) 60.3 (-1.0) 70.5 (-1.0)
Southern English 69.3 (-2.0) 83.3 (-2.1) 85.9 (-1.8) 93.5 (-0.8) 96.3 (-0.3) 97.2 (-0.5) 34.1 (0.0) 59.9 (-1.4) 70.2 (-1.3)
African American English 67.8 (-3.5) 82.7 (-2.8) 85.9 (-1.8) 93.3 (-1.0) 96.1 (-0.5) 97.0 (-0.7) 34.2 (+0.1) 59.7 (-1.6) 69.7 (-1.8)
Indian English 68.1 (-3.2) 81.2 (-4.2) 85.4 (-2.3) 92.7 (-1.6) 95.8 (-0.8) 96.5 (-1.2) 34.7 (+0.6) 59.4 (-1.9) 68.9 (-2.6)
Singaporean English 66.5 (-4.8) 79.8 (-5.6) 84.6 (-3.1) 91.7 (-2.6) 94.7 (-1.9) 96.1 (-1.6) 34.1 (0.0) 58.5 (-2.8) 68.7 (-2.8)

Table 5: Performance comparison across English varieties (averaged over all questions), with unperturbed questions
included (in contrast to Table 1).

English Variety BoolQ Accuracy (%) SciQ Accuracy (%) MMLU Accuracy (%)
Gemma 2B Mistral 7B GPT4o-mini Gemma 2B Mistral 7B GPT4o-mini Gemma 2B Mistral 7B GPT4o-mini
6670/9348 7982/9348 8202/9348 10983/11647 11256/11647 11379/11647 3974/11672 7150/11672 8344/11672

Standard American English 100 100 100 100 100 100 100 100 100
Chicano English 97.5 (-2.5) 98.3 (-1.7) 98.7 (-1.3) 99.7 (-0.3) 99.9 (-0.1) 99.8 (-0.2) 94.0 (-6.0) 96.2 (-3.8) 97.4 (-2.6)
Appalachian English 95.0 (-5.0) 96.1 (-3.9) 96.8 (-3.2) 98.4 (-1.6) 99.2 (-0.8) 99.3 (-0.7) 88.9 (-11.1) 94.2 (-5.8) 94.9 (-5.1)
Southern English 91.2 (-8.8) 93.9 (-6.1) 95.4 (-4.6) 98.5 (-1.5) 99.1 (-0.9) 99.0 (-1.0) 83.8 (-16.2) 92.9 (-7.1) 92.7 (-7.3)
African American English 86.3 (-13.7) 92.1 (-7.9) 95.2 (-4.8) 98.2 (-1.8) 99.1 (-0.9) 98.9 (-1.1) 85.1 (-14.9) 92.7 (-7.3) 92.6 (-7.4)
Indian English 86.9 (-13.1) 90.2 (-9.8) 93.6 (-6.4) 97.5 (-2.5) 98.4 (-1.6) 98.5 (-1.5) 81.5 (-18.5) 91.3 (-8.7) 90.9 (-9.1)
Singaporean English 83.4 (-16.6) 88.2 (-11.8) 92.4 (-7.6) 96.4 (-3.6) 98.0 (-2.0) 97.4 (-2.6) 78.5 (-21.5) 90.0 (-10.0) 88.8 (-11.2)

Table 6: Performance comparison across English varieties, with unperturbed questions included (in contrast to
Table 2), conditioned on SAE responses being correct.

Feature Coefficient Std. Error z-value p-value
Constant 0.8441 0.009 95.915 0.000***
Pronouns -0.1483 0.010 -15.345 0.000***
Noun Phrase -0.1037 0.008 -12.900 0.000***
Tense+Aspect -0.1571 0.009 -17.650 0.000***
Modal Verbs -0.0802 0.012 -6.769 0.000***
Verb Morphology -0.1029 0.010 -10.411 0.000***
Negation -0.0996 0.015 -6.645 0.000***
Agreement -0.1216 0.009 -14.035 0.000***
Relativization -0.1434 0.010 -14.126 0.000***
Complementation -0.0208 0.013 -1.567 0.117
Adverb Subordination -0.1932 0.026 -7.368 0.000***
Adverbs+Prepositions -0.0361 0.010 -3.610 0.000***
Discourse+Word Order -0.0992 0.008 -11.809 0.000***
LLM (GPT4o-mini) 1.2021 0.009 132.519 0.000***
LLM (Mistral 7B) 0.8494 0.009 98.638 0.000***
Dataset (MMLU) -1.1589 0.009 -126.680 0.000***
Dataset (SciQ) 1.8128 0.013 136.216 0.000***
SAE Accuracy 0.2995 0.009 33.896 0.000***
Observations: 535239 Pseudo R2: 0.2012 Log-Likelihood: −2.3654× 105

aLLM (Gemma) used as reference category bDataset (boolq) used as reference category

***p<0.001, **p<0.01, *p<0.05

Table 7: Logistic Regression of Linguistic Features on Question-Level Accuracy.
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Grammar Rule Accuracy
Diff. (%)

p-value Count Dialect eWAVE Rule # and Name

existential_it -3.11 9.92e-12 1629 UAAVE,
AppE,
CollSgE

173. Variant forms of
dummy subject there in ex-
istential clauses

invariant_tag_can_or_not -3.01 4.23e-18 3759 CollSgE 166. Invariant tag can or
not?

give_passive -2.68 1.79e-05 895 CollSgE 153. Give passive: NP1 (pa-
tient) + give + NP2 (agent)
+ V

invariant_tag_non_concord -2.25 1.51e-11 3759 IndE,
CollSgE

165. Invariant non-concord
tags

completive_finish -1.94 2.43e-04 739 CollSgE 110.Finish-derived comple-
tive markers

fronting_pobj -1.77 2.50e-46 14760 IndE 224. Other possibilities for
fronting than SAE

yall -1.26 0.0016 1377 UAAVE,
AppE,
SEAmE

34. Forms or phrases for the
second person plural pro-
noun other than you

null_prepositions -1.22 1.08e-47 28036 CollSgE Omission of SAE preposi-
tions

aint_be -1.13 0.0288 882 UAAVE,
AppE,
SEAmE

155. Ain’t as the negated
form of be

existential_got -1.09 0.0086 1525 CollSgE 205. Existentials with forms
of get

drop_copula_be_NP -0.96 9.52e-07 5911 UAAVE,
CollSgE

176. Deletion of copula be
before NPs

definite_for_indefinite_articles -0.61 2.80e-08 11881 IndE 60. Use of definite article
where SAE has indefinite ar-
ticle

one_relativizer -0.50 1.83e-09 21879 CollSgE 195. Postposed one as sole
relativizer

drop_aux_yn -0.48 2.90e-06 12960 IndE,
CollSgE

229. No inversion/no auxil-
iaries in main clause yes/no
questions

remove_det_indefinite -0.33 0.0059 9671 IndE,
CollSgE

63. Zero article used where
SAE has indefinite article

progressives -0.33 0.0018 12400 SEAmE,
IndE

88. Wider range of uses of
progressive be + V-ing than
in SAE

mass_noun_plurals -0.29 0.0015 15760 IndE 55. Different count/mass
noun distinctions: plural for
SAE singular

zero_plural -0.27 0.0011 16804 CollSgE 58. Optional plural marking
for non-human nouns

drop_aux_wh -0.27 0.0047 10926 IndE,
CollSgE

228. No inversion/no auxil-
iaries in wh-questions

Table 8: Obligatory Grammar Rules with Statistically Significant Accuracy Decreases from SAE. We report accuracy
differences for the subset of questions the grammar rule can be applied. Abbreviations are: African American
English (UAAVE), Singaporean English (CollSgE), Indian English (IndE), Appalachian English (AppE), and
Southern English (SEAmE). Rule definitions are eWAVE feature names (Kortmann et al., 2020).
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Grammar Rules Accuracy Diff. (%) Additive Diff. (%) Interaction Gap (%)
null_prepositions -0.49 — —
drop_copula_be_NP -0.34 — —
one_relativizer -0.38 — —
null_prepositions + drop_copula_be_NP -1.44 -0.83 -0.61
null_prepositions + one_relativizer -1.10 -0.88 -0.22
All three rules combined -2.00 -1.21 -0.79

Table 9: Cumulative interaction effect for Singaporean English for three commonly co-occurring rules (null
prepositions, drop copula be NP, and one relativizer). The set of questions used to generate averages is restricted
to the for which all three grammar rules could be applied (n=4452). The Additive Diff column refers to naively
summing the accuracy differences from individual accuracies (e.g., the additive difference for null prepositions
occurring and drop copula occurring is -0.49-0.34=-.83). The Interaction Gap column refers to the difference
between these naive sums, versus those found in the Accuracy Diff column (which instead reflect questions in which
null prepositions and drop copula co-occur), e.g. -1.44-(-0.83)=-0.61. This reveals an interaction effect in grammar
rules co-occurring.

Grammar Rules Accuracy Diff. (%) Additive Diff. (%) Interaction Gap (%)
null_prepositions -2.79 — —
drop_copula_be_NP -2.95 — —
one_relativizer -2.51 — —
null_prepositions + drop_copula_be_NP -4.72 -5.74 +1.02
null_prepositions + one_relativizer -4.25 -5.30 +1.05
All three rules combined -5.77 -8.25 +2.48

Table 10: Cumulative interaction effect for Singaporean English for three commonly co-occurring rules (null
prepositions, drop copula be NP, and one relativizer). The set of questions used to generate averages is restricted to
those for which the SAE question variant was answered correctly, and all three grammar rules could be applied
(n=3623). The Additive Diff column refers to naively summing the accuracy differences from individual accuracies
(e.g., the additive difference for null prepositions occurring and drop copula occurring is -2.79-2.95=-5.74). The
Interaction Gap column refers to the difference between these naive sums, versus those found in the Accuracy
Diff column (which instead reflect questions in which null prepositions and drop copula co-occur), e.g. -4.72-(-
5.74)=+1.02. This reveals an interaction effect in grammar rules co-occurring.

Benchmark English Variety Original PPL Dialect PPL PPL Difference PPL Increase Percentage (%)
SCIQ African American English 46.52 240.57 194.05 558.97

Appalachian English 46.45 153.28 106.83 303.52
Chicano English 47.14 94.36 47.22 103.99
Indian English 46.91 492.89 445.98 1362.89
Singaporean English 46.93 1196.28 1149.35 3517.43
Southern English 46.52 223.88 177.36 510.67

BOOLQ African American English 399.14 803.36 404.22 247.25
Appalachian English 399.14 622.58 223.44 144.59
Chicano English 355.87 545.51 189.64 121.02
Indian English 399.14 2167.69 1768.54 948.57
Singaporean English 399.14 5109.68 4710.54 2713.13
Southern English 399.14 865.94 466.80 288.51

MMLU African American English 77.19 260.47 183.28 544.61
Appalachian English 36.75 127.98 91.23 273.49
Chicano English 30.65 77.05 46.41 138.91
Indian English 78.97 438.70 359.73 1434.15
Singaporean English 78.72 959.37 880.65 3318.71
Southern English 75.95 196.08 120.13 485.55

Table 11: Perplexity Analysis by Dialect and Benchmark

20893


