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Abstract

Systematic dialectal performance gaps in lan-
guage models (LMs) are well documented, but
the source of these disparities within the mod-
ern language modeling pipeline remains un-
clear. Our study traces this “dialect tax” across
the natural language processing pipeline. Using
parallel English dialect corpora that hold mean-
ing fixed while varying surface form, we first
confirm that LMs recognize matched Standard
American English (SAE) and dialectal texts
as semantically equivalent. However, we dis-
cover further representational gaps correspond-
ing to downstream performance gaps. Across
model families and generations, modern LMs
still encode dialectal texts unequally during tok-
enization, pre-training, post-training, and infer-
ence. Strikingly, bypassing traditional subword
segmentation via a character-level counterfac-
tual tokenizer removes neither input and out-
put asymmetries nor dialectal accuracy gaps.
During pre-training, dialect pairs induce more
divergent gradient updates than pairs of en-
tirely unrelated SAE documents, indicating that
models find semantically equivalent dialectal
content harder to learn from than unrelated
SAE documents. During post-training, reward
models show contextual, unstable dialect pref-
erences, assigning higher values to isolated
AAVE-exclusive tokens than to SAE-exclusive
tokens, while full reasoning contexts receive
task- and model-dependent dialect penalties.
Overall, our findings suggest that the dialect
tax is encoded and accumulated not by any one
step in isolation, but at every step of the lan-
guage modeling process.

1 Introduction

Al systems, particularly language models (LMs),
have become technological staples worldwide. Al-
though advances in deep learning for natural lan-
guage processing (NLP) have improved the perfor-
mance of these systems, these technologies con-
tinue to exhibit societal biases at every stage of the

language modeling process (Okpala et al., 2022;
Buyl et al., 2024; Joshi et al., 2024).

A prominent form of linguistic variation is di-
alectal variation, characterized by macro-social fac-
tors such as geography, socioeconomic class, eth-
nicity, gender, and age (Haugen, 1966; Haugh and
Schneider, 2012). The resulting dialects are pri-
marily separated into two categories: standard and
non-standard (Trudgill, 2004). By definition, “stan-
dard” dialects spoken by the majority receive pref-
erential treatment from governmental and educa-
tional institutions, providing speakers of standard
dialects with more socioeconomic opportunities
than speakers of minority dialects (Trudgill, 1979).
This creates a circular compounding effect that sys-
temically disadvantages minority groups, leaving
historically marginalized communities that speak
“non-standard” language varieties vulnerable to fur-
ther discrimination by modern Al systems trained
on historical data (Blodgett et al., 2016; Jurgens
et al., 2017; Kantharuban et al., 2023; Drozdzowicz
and Peled, 2024; Nayeem and Rafiei, 2026).

Previous research has shown that components
across the language modeling stack behave subop-
timally on uncommon linguistic forms — such as
low-resource languages and dialects — resulting in
problematic biases and disparities in cost, latency,
and quality that exacerbate economic divides in the
accessibility of language technologies. These bi-
ases have been identified in tokenizers (Ahia et al.,
2023; Petrov et al., 2023), LMs (Lin et al., 2025),
and reward models (RMs; Mire et al., 2025). Sys-
tematic discrepancies in token representations of
raw text across different social groups are com-
monly assumed to cause downstream performance
issues, yet whether these biases originate from the
tokenizer remains an open question.

In standard NLP pipelines, tokenization is the
first step in transforming human-readable text into
a machine-readable format (Grefenstette, 1999).
Modern LMs use subword tokenization, which de-
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composes text into a sequence of subword units,
or “subtokens”, drawn from a tokenizer vocabu-
lary. Crucially, while the exact algorithmic de-
tails differ, tokenizers work by optimizing a seg-
mentation model on a training corpus, a process
that does not explicitly account for uncommon lin-
guistic forms. For example, “buildin’” might be
tokenized as [‘build’, ‘in’, “’”], whereas
“building” might be represented by the single to-
ken [ ‘building’]. This algorithmic approach is a
double-edged sword that can either improve model
performance by promoting the recognition of form-
based patterns (Wegmann et al., 2025) or reduce
model performance by producing unwanted arti-
facts (Hofmann et al., 2022; Arnett and Bergen,
2024; Schmidt et al., 2024).

To advance toward fairer language technolo-
gies that minimize the undesirable effects of intra-
language variation, we aim to identify the sources
of dialectal bias. This work uses parallel dialect
corpora in English, the highest-resource language,
to trace the “dialect tax” through every stage of the
modern NLP pipeline: tokenization, pre-training,
post-training, and inference. By comparing English
to English, our analysis removes the confounding
factor of byte premiums (Arnett et al., 2024).

We begin by establishing that models recognize
matched SAE and dialectal texts as semantic equiv-
alents to a greater extent than they recognize trans-
lations or character-perturbed copies of the same
text (§2). Nonetheless, our experiments document
the persistence of dialectal biases across the latest
generation of tokenizers and reproduce reasoning
gaps across currently popular LMs (§3). Our re-
sults verify that, compared with Standard American
English (SAE), dialects such as African American
Vernacular English (AAVE) — which are often al-
ready stigmatized — continue to suffer from subop-
timal model performance.

To investigate the origins of dialect biases, we
first isolate the tokenizer’s causal role using a
character-level tokenization counterfactual (§4).
By removing subword segmentation at inference
time, we narrow the input-side dialect gap. This
character-level tokenization intervention, however,
leaves accuracy and output behavior largely un-
changed. These results provide insight into how
dialect biases persist beyond the tokenizer into
the model’s learned weights, necessitating further
scrutiny of training dynamics. Indeed, we present
empirical evidence that dialect taxes are introduced
during both pre-training and post-training (§5).

Across dialect pairs, we observe divergence in base-
model gradients, LM hidden states, and RM prefer-
ences. Paired SAE and AAVE inputs yield gradient
updates that are more dissimilar than those deliv-
ered by two entirely unrelated SAE documents,
suggesting that dialectal texts consistently carry a
higher prediction cost regardless of problem dif-
ficulty. RMs reward dialect-exclusive tokens in
isolation yet penalize them in context, which risks
propagating these biases into deployed LMs. Col-
lectively, we show that dialectal biases originate
not from tokenizers alone but accumulate across
LMs and RMs. Addressing the dialect tax therefore
requires new recipes for model training.

2 Same Meaning, Higher Taxes

Before tracing the source of dialect biases, we re-
duce concerns that observed gaps are explained
by gross semantic mismatch. We verify that a
text-embedding model assigns high semantic sim-
ilarity to matched dialect pairs, meaning dialect-
dependent behavior reflects surface-form biases.
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Figure 1: Models understand semantic equivalence
yet penalize surface form. We visualize the semantic
equivalence of various text transformations on MUL-
TIVALUE. All dialect pairs achieve high similarities
exceeding every perturbation and translation baseline.

Datasets. PARALLELAAVE (Groenwold et al.,
2020) and MULTIVALUE (Ziems* et al., 2023)
offer parallel texts between SAE and American di-
alects (Table 4). Each PARALLELA AVE pair con-
tains a tweet written in AAVE and its correspond-
ing human rewrite in SAE. Each MULTIVALUE
pair uses a rule-based translation system to syn-
thetically generate SAE texts from COQA (Reddy
et al., 2018) into AAVE, Appalachian, Chicano,
Indian, and Singaporean dialects.

Setup. We use EMBEDDINGGEMMA (Vera et al.,



2025), a 300M-parameter text embedding model
based on the GEMMA-3 LM family, which pro-
duces numerical vector representations of four
nested dimensions (768, 512, 256, 128) via Ma-
tryoshka Representation Learning (Kusupati et al.,
2024)."  We quantify semantic equivalence be-
tween two texts by calculating the cosine similarity
sim(z, y) = (,4)/([[z]l; [|y]l2) between their em-
beddings x and y. We compare every SAE sample
in MULTIVALUE and PARALLELAAVE to three
types of text transformations, which serve as a cal-
ibration baseline for changing surface form while
preserving meaning to assess dialectal treatment.

Transformations. We identify a set of transforma-
tions 7 = {7, T2, ..., Tm} that preserve semantic
content while perturbing surface form. For each
text sample x; and transformation 7;, we compute
sim(z;, 7j(x;)). (1) Dialects. We use parallel texts.
(2) Perturbations. We apply character-level per-
turbations: swaps (P = 0.05), drops (P = 0.15),
inserts (P = 0.05), and capitalizations (alternat-
ing or P = 0.5). (3) Translations. We translate
the original SAE text into six languages with high
(French, Chinese), medium (Hindi, Polish), or low
(Khmer, Yoruba) resources.

Dialects show semantic equivalence. We find ev-
idence of semantic invariance in embedding mod-
els under surface-form transformations. Figure I
compares per-sentence cosine similarities between
SAE and dialect rewrites with those of SAE and
perturbation or translation controls. On MULTI-
VALUE, all five dialect pairs achieve similarities
above 0.98, significantly exceeding every pertur-
bation and translation control baseline exhibiting
similarities between 0.659 to 0.978. We confirm
statistical significance (Holm-adjusted p < 0.001)
using a one-sided paired Wilcoxon signed-rank test
over 429 aligned sentences to confirm all five di-
alect conditions were more similar to SAE than
each of the controls. On PARALLELAAVE, the
SAE to AAVE similarity is 0.92, which signifi-
cantly (Holm-adjusted p < 0.001) exceeds charac-
ter deletion (0.840), capitalization (0.702 to 0.786),
and translations (0.534 to 0.872), but is lower than
character swapping (0.956) and insertion (0.951).
All values are far above the null baseline of un-
related document pairs (¢ = 0.41). This floor

'EMBEDDINGGEMMA was chosen to measure similarity,
as it is explicitly optimized for tasks such as semantic sim-
ilarity and is derived from one of the LM families used the
analyses of later sections.

establishes that dialect transformations, along with
their original SAE texts, have scores that signal
genuine similarities between each pair.

We check for the confound that the embedding
model assigns higher similarities for texts that are
more predictable to the model rather than for texts
that preserve meaning. If the confound were true,
transformations that are more surprising (higher
perplexity) to a model would predict lower simi-
larity. Instead, similarity tracks semantic content
rather than LM surprisal (Table 9). Across all
transformations, mean similarity correlates posi-
tively — rather than negatively — with log median
per-token input-perplexity ratio (MULTIVALUE:
p = +0.54, PARALLELAAVE: p = 40.43).

3 Models (Still) Have Dialectal Biases

While models have improved and hill-climbed var-
ious benchmarks, we verify that newer generations
of models still exhibit token biases on information
compression and downstream reasoning tasks.

3.1 Tokenizers Have Dialectal Biases

Tokenizers. We explore the three most popular
tokenization methods: byte-pair encoding (BPE)
(Sennrich et al., 2015), UNIGRAM (Kudo, 2018),
and WORDPIECE (Schuster and Nakajima, 2012).
We evaluate tokenization metrics using the tokeniz-
ers of popular LMs (Table 5). BPE variants in-
clude GPT-5, GPT-2, GEMMA-3, LLAMA-3, and
QWEN-3 models. UNIGRAM uses the TS5 model.
WORDPIECE uses the BERT model. We drop the
LM family number where the value is obvious.

Metrics. We measure token biases through eight
metrics (Table 10) and showcase the token length
and fertility (number of tokens divided by the num-
ber of words) in the main section. We assess tok-
enizer fairness by evaluating whether these metrics
achieve parity on parallel texts across all dialects,
i.e. metrics should be comparable when condi-
tioned on the same content.

Results. Tokenizers consistently produce unequal
representations across English dialects. Figure 2a
demonstrates that dialectal tokenization biases per-
sist across modern tokenizer and model families.
Across all tokenizers, AAVE texts have higher
mean fertility (] better) than their SAE counter-
parts, with an average gap of +0.07 tokens per
word. Figure 2b suggests that this tokenization bias
could systematically amplify existing sociodemo-
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Figure 2: Modern tokenizers consistently exhibit dialectal biases. (a) The mean fertility of the three tokenization
algorithms on PARALLELA AVE shows a statistically significant difference between SAE and AAVE dialects. (b)
The ratio of BPE token lengths on various dialects to that of SAE on MULTIVALUE reveals a consistent dialectal
tokenization performance gap that loosely parallels current income gaps of minority groups within the US (§D.1).

graphic bias. We analyze the five non-SAE dialects
in MULTIVALUE by computing the per-sample ra-
tio of dialect token length to the paired SAE token
length, which showcases a consistent tokenization
bias ranking: Appalachian, AAVE, and Chicano
English texts incur increased token lengths (medi-
ans above parity), while Indian and Singaporean
English texts have more compact token lengths
(medians below parity) than SAE. This ranking is
shown in Figure 10 to be stable across all tokenizer
families, indicating that the bias is structural to the
dialectal text rather than an artifact of any particular
algorithm. Notably, this tokenization performance
gap loosely parallels the income distribution of mi-
nority groups within the US (Figure 11).

3.2 LMs Have Dialectal Biases

Setup. We modify the REDIAL (Lin et al., 2025)
dataset, a reasoning benchmark containing paral-
lel query pairs in SAE and AAVE, and reproduce
their original results using a newer set of models.
Changes include reformatting, instruction reword-
ing, and correctness validation, with additional de-
tails left to Appendix A.1. We evaluate three open-
source LM families (LLAMA-3: 8B, 70B; GEMMA -
3: 12B, 27B; QWEN-3: 8B, 27B) and OpenAlI’s
GPT family (GPT-5.5, GPT-5.5 MINI) to bench-
mark both SAE and AAVE dialects (~ 300 sam-
ples per condition) on four tasks (math, algorithm,
logic, planning) using chain-of-thought (“CoT”) or
no CoT (“naive”) reasoning.

Results. LMs continue to show weaker reasoning
capabilities on AAVE text than SAE text, as shown
in Table 12. The SAE-AAVE reasoning gap ex-
ists for all model families and sizes, indicating the

dialect tax remains an unsolved issue.

4 Isolating the Tokenizer from the Model

We now ask if the dialect tax is generated by sub-
word segmentation at inference or encoded in a
model’s priors from training. We disentangle a
tokenizer-induced from a model-induced account
by forcing LMs to evaluate the same prompts under
character-level tokenization that bypasses subword
merges entirely. Gaps that vanish implicate the
tokenizer, while gaps that persist implicate the LM.

Setup. We employ either a canonical tokenizer or
a character tokenizer at inference time (§E) on nine
instruction-tuned LMs across three model families
(LLAMA-3: 1B, 3B, 8B; GEMMA-3: 1B, 4B, 12B;
QWEN-3: 1.7B, 4B, 8B). Our method indexes off
the results by Zheng et al. (2026) showing that
swapping a model’s canonical tokenizer retains
the majority of changes in that model’s behavior,
and non-canonical tokenizations can outperform
canonical tokenizations in some domains that re-
quire non-canonical representations of text (e.g.,
counting characters, arithmetic). Thus, given the
known disparities between the tokenizations of di-
alectal text and previous findings that suboptimal
tokenization leads to poor performance, character
tokenization helps us isolate LM performance from
tokenizer effects on SAE versus dialectal texts.
Using the REDIAL dataset, we measure: accu-
racy, input entropy, and output entropy. As LM
behavior is necessarily entangled with its canon-
ical tokenizer, we are primarily concerned with
the relative — rather than the absolute — change
in the paired dialect gap. The per-token entropy



LLAMA GEMMA QWEN
1B 3B 8B 1B 4B 12B  1.7B 4B 8B
Canonical (%) 99.0 999 994 998 99.8 100.0 99.9 100.0 100.0
Character (%) 94.5 983 99.6 864 995 995 985 973 975
A -45 -16 +02 -134 -03 -05 -13 -—-27 25

Table 1: Dialects are linearly decodable from hidden states under both tokenizations. We list the five-fold
cross-validation accuracy of logistic regression predicting dialect from the answer-step hidden state. Character
tokenization slightly reduces separability, but all models remain far above chance (50%).

gap is denoted by Ay = E[H(py(-z<1))]sas —
E[H (po(-|x<t))]aave, Where H(-) is Shannon en-
tropy over the predictive distribution. If the dialect
tax were purely tokenizer-induced, character tok-
enization should close the gap on the three metrics.

Behavioral disparities remain. Dialect gaps sur-
vive forced character tokenization. These results
reveal that canonical subword segmentation at in-
ference time does not fully explain the dialectal
disparity, suggesting that the dialect tax is at least
partly model-induced. None of the aforementioned
metrics shrink systematically under a character-
level tokenizer, as pictured in Figure 3. The in-
put entropy gap and its directionality persist under
character tokenization, with AAVE positions car-
rying higher mean per-token input entropy than its
paired SAE counterpart in 93.0% of paired sam-
ples under both tokenizations (one-sided Wilcoxon
signed-rank tests, both p < 0.001), with 92.3%
sign agreement across 19,995 pairs. The relative
magnitude differences between both input entropy
and output entropy of dialectal texts are mixed, sug-

Llama 1B (CoT.
Llama 1B (Naive
Llama 3B (CoT.

gesting that subword segmentation is not the sole
contributor of the dialect tax.

Crucially, model downstream behavior is unaf-
fected. The accuracy gap does not systematically
change under character tokenization, as across nine
models, five widen and four narrow, yielding sta-
tistically insignificant sign and paired ¢-test on gap
magnitude. Our results suggest that subword seg-
mentation inflates the gap but does not fully ac-
count for it. The output entropy gap at the answer-
extraction step H (pg(-|x,y<¢+)) is unchanged by
the tokenizer swap across all model families. Char-
acter tokenization fails to narrow the input gap, out-
put gap, nor accuracy disparities. This dissociation
holds for individual SAE-AAVE texts, where input
and output Ay changes are uncorrelated across
n = 13,197 paired items (Pearson r = +0.001,
p = 0.91). The persistence of these output gaps af-
ter bypassing subword segmentation suggests that
they are attributable to the model’s learned parame-
ters rather than the tokenizer at inference time.

Representational differences remain. Our ex-
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Figure 3: Character tokenization does not systematically narrow dialect gaps. We plot per-model SAE — AAVE
effect sizes under canonical (blue) and character-level (orange) tokenization, split by reasoning strategy (A = CoT,
(O = naive). Grey lines connect paired points for each model. Left: The accuracy gap does not systematically
change under character tokenization. Center: The input entropy gap A g changes inconsistently, confirming that
character tokenization fails to equalize how the model processes dialect inputs. Right: The output entropy gap A gy
persists under both tokenizations, suggesting generation-time dialect bias is independent of the tokenizer.
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periments show that an LM’s internal representa-
tions preserve dialect identity under character to-
kenization. The model-induced account predicts
that the dialect should be recoverable from inter-
nal representations even after removing the tok-
enizer’s contribution, which we test by training a
logistic regression classifier to predict the dialect
d € {AAVE, SAE} from the answer-step hidden
state hy» € Rmodel upder five-fold cross-validation.
Table 1 compares the results from the classifier. Un-
der canonical tokenization, classification accuracy
is above 99% across all nine models. Under char-
acter tokenization, it remains above 86%. Even
the largest drop, GEMMA 1B with —13.4 percent-
age points (pp), stays far above the 50% chance
baseline. These results are stable across model
family, scale, and reasoning strategy, supporting
the claim that a model’s internal representations
encode dialect identity within the learned features
of h;~ independently of the subword boundaries
used to produce it. Since removing canonical sub-
word segmentation reduces but does not eliminate
dialect separability, we conclude that the dialect
tax is not confined to the canonical tokenizer but
extends into downstream model representations.

5 Dialect Taxes Exist Despite Training

We build on the evidence that learned representa-
tions exhibit dialect taxes by exposing the same
disparities in pre-training gradients (§5.1), post-
training rewards(§5.2), and inference-time hidden
states and output distributions (§5.3).

5.1 Pre-Training Gradients

Similar content might be expected to induce simi-
lar learning signals during training. In other words,
two inputs that pose the same task and have the
same target answer, differing only by a meaning-
preserving surface rewrite, carry the same “knowl-
edge” to be learned. Thus, a model that represents
a task in a dialect-invariant way should produce
nearly identical gradient for both; what the model
learns from a document ought not to depend on the
dialect in which the text is written. Under dialect-
invariant learning, matched documents in different
dialects should yield greater gradient alignment
than unrelated documents in the same dialect. We
hypothesize that matched semantic content should
provide an alignment advantage after controlling
for dialect. We test this hypothesis for semanti-
cally equivalent dialect pairs by measuring their

per-document gradient signatures.

Setup. In accordance with previous sections, we
compute the gradient projections for nine base mod-
els across three LM families (LLAMA-3: 1B, 3B,
8B; GEMMA-3: 1B, 4B, 12B; QWEN-3: 1.7B, 4B,
8B). We use the modified REDIAL dataset (§A.1)
with randomized multiple-choice answers.

Metrics. Following Kazdan et al. (2026), we repre-
sent each document by the full-parameter gradient
of its causal LM loss. For input z, this loss is the
average next-token cross-entropy:

||

=N CE(fol@)uwuns). (D)
u=1

L

{(x;0)

The document gradient is then:
9(x;0) = Vol(z;0). 2

Storing full gradients is impractical for billion-
parameter models, so we compress each gradient
via COUNTSKETCH (Spring et al., 2019), a random-
ized linear projection that preserves inner products
in expectation. Each parameter gradient coordi-
nate is assigned element-wise to one of d = 8,192
buckets, multiplied by a random sign, and summed
with other coordinates in that bucket. This yields a
sketch §(x; 0) € RY providing a compact approxi-
mation of the original gradient space.

We measure the cosine similarity between paired
SAE-AAVE gradient projections for each sample 1,
st = sim(§(a$4%; 0), (2 MAVE;)).

To calibrate these similarities, we establish a
null baseline mean p~ and standard deviation o~
from the cosine similarity of gradient projections
between unrelated SAE documents. We use this
baseline to compute z-scores, z = (u™ —p~) /o™,
where p " is the mean paired similarity. A z-score
significantly above zero indicates that dialect pairs
are more similar to each other than to unrelated
texts, that is, the model recognizes shared content
despite dialectal variation. A z-score near zero
indicates the dialect shift is as disruptive to the
gradient as switching to an entirely different text.

Matched texts yield mismatched gradients. We
compare two distributions: (i) the paired similar-
ity between SAE and AAVE versions of the same
text and (ii) the unpaired similarity between unre-
lated SAE texts. Under the null hypothesis that the
model is dialect-invariant, dialect pairs that share
semantic meaning should induce gradient updates



3 Paired 3 Unrelated

o o =
o ®» o

IS

Cosine similarity

o o o
o N

EZ3 Llama E=E Gemma [ Qwen

Q-4B Q-1.7B Q-8B G-12B G-4B L-8B
Model size

L-3B L-1B G-1B

Figure 4: Dialectal form outweighs semantic mis-
match in gradient geometry. Violin plots of the gra-
dient cosine similarity between paired and unrelated
documents on REDIAL reveal that matched SAE-AAVE
pairs produce lower similarity than unrelated SAE-SAE
pairs, implying that a meaning-preserving dialect shift
can perturb the training signal more than changing the
document content within SAE. In the plot, an LM name
is indicated by its first-letter abbreviation and size.

more similar than those of unrelated documents
(i.e., ™ > p7). Figure 4 rejects this hypothesis.
Across all models and tasks, u+ < p~ with a mean
z = —2.64, indicating that the dialect transforma-
tion disrupts gradient geometry more than substi-
tuting an entirely different document. Concretely,
the gradient induced by the AAVE encoding of
problem ¢ has lower cosine similarity to that of its
SAE counterpart than to that of an unrelated SAE
sample j. A pre-trained base model produces more
divergent parameter updates on semantically identi-
cal dialectal content than on semantically unrelated
SAE content, pointing to disparities in learning
costs between different dialectal texts.

Loss gaps persist regardless of correctness. The
dialect loss gap is invariant to model family and
scale, resulting in inflated per-token prediction cost
on dialectal text. In Figure 5, all nine models assign
consistently higher cross-entropy loss to AAVE
inputs than to their SAE counterparts, with a mean
gap of approximately 0.56 nats. Models find AAVE
text systematically harder to predict than SAE text.

To rule out problem difficulty as a confound,
we calculate the point-biserial correlation between
sj and a binary indicator for correct answers on
both dialects. Indeed, the correlation pooled across
all models is negligible (r = —0.013, p = 0.19,
n = 10,800), and the correlation per-model is
weak (|| < 0.19), as listed in Table 13. The con-
ditional expectations E[s; [both correct] = 0.348
and E[s] |any incorrect] = 0.354 differ by 0.006
nats, which is much smaller than the dialect gap
itself. This result falsifies the hypothesis that gradi-

ent divergence concentrates on problems the model
finds difficult, meaning parameter updates are dis-
torted uniformly regardless of correctness. Thus,
improvements in model accuracy alone fail to miti-
gate the resulting dialect bias from pre-training.

Dialectal texts rival character noise. Naturally,
one might object that any transformed text yields
noisier gradients than its matched SAE text. We
calibrate the AAVE z-score against five character-
level perturbations” of SAE from Section 2, recom-
puting each z = (u* — p~) /o~ where u* is now
the paired similarity between SAE and its perturbed
version, against the shared unrelated-SAE baseline
(= = 0.57, 0~ = 0.10). Table 2 compares the
AAVE-SAE divergence to each perturbation, show-
ing AAVE is more disruptive than character swaps
or insertions and sits on the order of dropping 15%
of characters. Given that AAVE preserves meaning
whereas character perturbations can corrupt it, our
results suggest that dialectal surface variation elic-
its gradient divergence comparable to that induced
by substantial character-level corruption.

5.2 Post-Training Rewards

A critical component of LM alignment is the re-
ward model (RM), which provides the optimization
signal for post-training. Biases encoded by the RM
propagate into the policy of the deployed LM. Here,
we measure rewards on parallel SAE-AAVE con-
tent to identify systematic dialect preferences.

Setup. We evaluate ten RMs from three providers
(A12, QRM, SKYWORK) spanning 3B to 70B pa-
rameters across GEMMA-2, LLAMA-3, and QWEN-

*We use swap, drop, insert, random capitalization, and
alternating capitalization.

[0 SAE [ AAVE ZZ Llama EE Gemma [ Qwen

N w S

Mean cross-entropy loss
-

o

L-18 B L-38 L-8B Q-1.78 B Q4B Q8B G-

Model size

Figure 5: Dialectal text incurs higher prediction loss.
We plot the mean cross-entropy loss by dialect. All
nine models assign significantly higher loss to AAVE
inputs than to their SAE counterparts (one-sided paired
Wilcoxon test, n = 1,200 per model, Bonferroni-
corrected p < 0.001), with per-model mean gaps of
0.47 to 0.66 nats (Cohen’s d, € [2.12,2.55]). An LM
name is indicated by its first-letter abbreviation and size.



Paired condition with SAE (1) z

Baseline (unrelated SAE) 0.57 0.00

Capitalize (alternating) 0.29 —-3.36
Capitalize (random) 0.34 —2.88
Drop (P = 0.15) 0.36 —2.58
Insert (P = 0.05) 0.47 —1.40
Swap (P = 0.05) 0.50 —1.06
Dialect (AAVE) 0.35 —2.64

Table 2: Dialect gradient divergence sits within the
range of character-level perturbations. Across nine
base models and four REDIAL tasks, we report the
grand-mean paired cosine similarity (u™) and z-score
against the unrelated-SAE baseline. Higher uT indi-
cates greater similarity to SAE gradients; lower values
indicate stronger gradient divergence.

3 LM families (§B.4). To obtain reward scores
r(z,y) for an input = and response y, we calculate
(1) sample-level scores and (2) token-level scores.

For sample-level scoring, we use the REDIAL
dataset to construct a prompt that concatenates a
reasoning problem z; with its gold-standard an-
swer y;, “{problem}{answer}”, such that each
chosen-rejected preference pair presents the same
question with the same answer as the assistant re-
sponse in both dialects. To measure an RM pref-
erence for SAE text over AAVE text, we define
Ar; = r(@dAE y) — r(afAVE y,).

For token-level scoring, we use REDIAL, PAR-
ALLELAAVE, and MULTIVALUE to identify sub-
word tokens that appear exclusively in tokenized
dialect texts (e.g., “wanna”, “lil”’) and SAE texts
(e.g., “Calculate”, “regardless”) across the seven
tokenizers from Section 3. We use the method by
Christian et al. (2026) to isolate the rewards of each
token from any prior context. Given a fixed prompt
x, “What, in one word or subword, is the greatest
thing ever?”, we present each token individually as
the response y to receive score r(z, y).

Reward models have incoherent dialect bias. If
RMs scored only on semantic content, each paired
SAE-AAVE reward gap should satisfy Ar; = 0,
and therefore E[Ar] = 0. We test this null hypoth-
esis with a one-sample t-test over paired reward
gaps. Eight RMs reject this null at p < 0.05, ex-
cept SKYWORK-LLAMA 3B (p = 0.50) and SKY-
WORK-GEMMA 27B (p = 0.76). Thus, most RMs
carry some directional dialect signal, but two pat-
terns preclude the simplest explanations of this gap.
First, the bias is not a uniform AAVE penalty, as
the Ar sign flips across REDIAL tasks. Pooled
across RMs, Algorithm (Ar = +0.43) and Math

(40.04) lean SAE while Logic (—0.08) and Plan-
ning (—0.14) lean AAVE. While all tasks are signif-
icant (p < 0.01) but Math (p = 0.239), effect sizes
are uniformly small (Cohen’s |d| < 0.25). That is,
every RM flips dialect preference by topic. Second,
the bias is not a fixed artifact of the pre-trained
backbone. Within AI2, the mean gap flips from
+0.41 for the base LLAMA 8B to —0.19 after in-
struction tuning, reversing rather than removing the
dialect tax. Taken together, these dialectal differ-
ences are neither uniform across content nor stable
across training stages, rendering RM preferences
too unstable to correct pre-training dialectal gaps.

Rewards are contextual, not lexical. A natural ex-
planation for the sample-level dialect gap is that the
bias lives in the surface tokens, that RMs penalize
dialect-exclusive subwords. Token-level scoring re-
veals the opposite: dialect-exclusive tokens receive
higher scores than SAE-exclusive tokens across all
corpora, tokenizers, and RMs (pooled mean score
gap TSAE — Tdialect = —0.55, p < 0.001 with an
independent ¢-test)’. The direction is consistent
across each corpora (Table 16) and statistically sig-
nificant with p < 0.001 under a pooled two-sample
t-test across all five dialects after RM scaling (Ta-
ble 18). Our results highlight that isolated-token
and full-context preferences can be decoupled in
RMs, which reinforce findings that preference-
tuned LMs can sometimes exhibit covert, without
overt, prejudice against AAVE (Hofmann et al.,
2024). Although alignment ideally corrects unde-
sirable pre-training biases, these RMs fail to pro-
vide consistent corrective signals for preference
learning to close pre-trained dialect gaps.

5.3 Inference-Time Representations

We ask whether the dialectal biases traced above
are visible during inference along two complemen-
tary axes: hidden states and output distributions.

Setup. We probe nine models across three LM fam-
ilies (LLAMA-3: 1B, 3B, 8B; GEMMA-3: 1B, 4B,
12B; QWEN-3: 1.7B, 4B, 8B). (1) Hidden states.
Using both the base and instruct model variants, we
extract the mean-pooled hidden state h, € Rmod
at every layer ¢ € {0,..., L} for each parallel pair
in MULTIVALUE and PARALLELAAVE. We then
compute s, = sim(h3AE, hdialect) o measure the
similarity of paired representations at each layer.
(2) Output distributions. Using the instruct models,

3Reward scales differ substantially across RMs, so pooled
gaps are not model-balanced. We normalize this in Table 17.



we compare AAVE inputs on REDIAL against the
five SAE character perturbations from Section 2
by measuring their input cross-entropy, generation
entropy, and answer accuracy. These perturbations
calibrate AAVE against surface-form noise.

Dialects look similar to noise. All transformations
produce similar hidden-layer profiles, as shown
in Figure 6, that exhibit low similarity at the em-
bedding layer due to differences in surface-form
tokenizations, experience rapid convergence in sim-
ilarity in intermediate layers, then diverge near the
output as representations differentiate in next-token
prediction. We verify that across all 504 model x
dataset x transformation cells, Friedman y? tests
reject flat layer profiles with p < 0.001, and for
almost every (502 of 504) condition, final-layer
similarity drops significantly below its peak (one-
sided Wilcoxon signed-rank test, p < 0.001). The
magnitude of the final-layer similarities differs be-
tween transformation types. In paired comparisons
across 36 model x dataset combinations, final-
layer similarity for dialectal transformations is sig-
nificantly higher than that for 10 of 11 comparison
transformations (one-sided Wilcoxon signed-rank,
Bonferroni-corrected p < 0.01).

In terms of entropy, dialectal transformations re-
semble character noise. Compared to SAE, AAVE
inputs increase next-token entropy by +0.29 nats
on average, within the range for noise-perturbed
text (mean +0.22 nats), whereas translations pro-
duce little change (mean —0.03 nats). Generation
cross-entropy remains largely unchanged under ev-
ery condition (|A| < 0.03 nats), precluding degen-
erate outputs for all tested text transformations.
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Figure 6: Transformations result in similar hidden-
state similarity curves. Layer-wise cosine similarities
between SAE hidden states and those of transformed
texts are pooled across MULTIVALUE and PARALLE-
LAAVE. All text transformations follow similar tra-
jectories across normalized LM layers, with dialectal
transformations most similar to SAE.
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Figure 7: Hidden-state similarity % downstream ac-
curacy. On the REDIAL dataset, we plot each trans-
formation’s final-layer hidden-state cosine similarity to
SAE against its change in answer accuracy. Among
semantic-meaning-preserving transformations, SAE-to-
AAVE shows the highest similarity to the original SAE
representation but the lowest downstream accuracy.

Models perform worse on dialect than noise. De-
spite comparable internal inference-time represen-
tations, AAVE results in greater accuracy loss (3.09
pp) than noise and translation transformations (0.04
to 1.23 pp) on REDIAL (Figure 7). Ultimately,
dialectal text may yield representational profiles
similar to those of generic noise yet produce worse
downstream outcomes, levying “the dialect tax”.

6 Discussion

The key finding of this work is that the dialect tax is
introduced at every stage of the language modeling
pipeline. To our knowledge, this paper provides the
first comprehensive study of dialect discrepancies
across each component of an LM. Prior research
on dialectal biases in models have examined indi-
vidual language modeling components in isolation,
often either surfacing the existence of a gap with-
out identifying its source or proposing post-hoc
interventions for biases already encoded in an LM.
We argue that the dialect tax manifests in multiple
locations and that pinpointing a singular source of
dialect prejudice obscures the need to address the
issue holistically. Notably, we present evidence that
individual interventions mitigate specific measured
disparities without resolving the underlying gap.
To avoid the problem illustrated by the parable of
the blind men and the elephant, proposed interven-
tions should be evaluated for their validity across
the entire model pipeline. Rather than implying
that the language modeling process is prejudiced,
our findings highlight the necessity of techniques
that account for the systemic influence of linguistic
variation throughout the model pipeline.



Limitations

Our work aims to study the sources of dialectal
bias within each stage of the language modeling
pipeline, but our experiments are necessarily lim-
ited by our computational resources and techniques.
Below, we cover broad limitations of this study.

Datasets. Our study is empirical in nature, and as
such, we needed to narrow our experimental set-
ting to prioritize controlled parallel comparisons
of standard versus non-standard English dialects.
The best publicly-available resources we found dif-
fered in their construction processes. PARALLE-
LAAVE contains human rewrites of tweets and
therefore emphasizes conversational online lan-
guage found on social media, REDIAL focuses
on popular reasoning benchmarks written in more
formal academic language, and MULTIVALUE
uses a rule-based system to generate dialectal text
instead of eliciting it directly from speakers. These
datasets allow us to fix semantic meaning while
varying dialectal surface form, which, while cen-
tral to our claims, do not capture the situational
range in which the dialect tax may appear. A next
step is to build and evaluate community-validated
parallel corpora across more dialects and settings,
making sure to collect data from native speakers
rather than generating text using translation rules.

Models. We host smaller open-source LMs
(GEMMA-3, LLAMA-3, QWEN-3) and RMs (A12,
QRM, and SKYWORK) because their model in-
ternals (e.g., tokenizers, losses, gradients, hidden
states, and reward scores) can be inspected under
our computational budget. However, closed com-
mercial systems may exhibit different behaviors,
as their training pipelines may amplify or mitigate
dialectal disparities in ways our methods cannot
verify without internal access. We are further lim-
ited by our compute and budget constraints, which
hinder our ability to repeat every experiment across
multiple random seeds. Instead of measuring sta-
tistical significance across different runs, our sta-
tistical evidence relies on paired-sample variation
across different inputs and models. We leave the
study of dialect tax in larger models to future work.

Interventions. Our interventions diagnose mech-
anisms more than they prescribe a remedy. Ex-
periments in this work are primarily observational,
exposing behavioral differences to dialects at in-
ference time but lacking controlled ablations for
model training. We conduct no model training,
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meaning our experiments cannot identify the point
at which dialectal disparities become encoded dur-
ing pre-training or post-training. The intended con-
tinuation of our work aims to identify the causal
mechanisms of the dialect tax through controlled
experiments that explicitly test whether individual
components of the language modeling pipeline pre-
serve dialectal equivalence.

Ethics Statement

We abide by the general principles of research in
the NLP community. To ensure safety and pri-
vacy, our study used open-source datasets whose
data was collected with informed consent and
pseudonymized participant identities.
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We open source our code on GitHub at the follow-
ing link:
https://github.com/socialnlp/dialecttax

A.1 REDIAL

Our experiments rely on the REDIAL (Lin et al.,
2025) dataset, which is a reasoning benchmark con-
taining parallel query pairs in SAE and AAVE. We
reconstructed REDIAL from their original seven
source datasets, which are summarized in Table 3
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Category Source Items
. HUMANEVAL (Chen et al., 2021) 164
Algorithm (26%) /5 bb (Sanitized) (Austin et al., 2021) 149
, FOLIO (Han et al., 2024; Wu et al., 2024) 162
Logic (30%) LOGICBENCH (Parmar et al., 2024) 200
GSMSK (Cobbe et al., 2021) 150

Math (25%) SVAMP (Patel et al., 2021) 150
Planning (19%)  AsYNCHOW (Lin et al., 2024) 225
Total ] 1,200

Table 3: Source datasets used to reconstruct REDIAL.

and detailed in the sections below. This allowed
us to have greater control in modifying the natural
language prompts within our experiments.

In general, we attempted to unify the format of
the dataset as much as possible. For instances that
conflict between REDIAL and the source datasets,
we defer to the original source.

We note that there are many small inconsis-
tencies, including punctuation, capitalization, or*
grammar mistakes that originated from the dataset
sources or were introduced by REDIAL. We cor-
rected, to our discretion, many of these inconsis-
tencies (described within individual source sec-
tions) and provided metadata labels to the original
sources. We also remove duplicated samples.

For the experiments presented in the main sec-
tion, we use our modified re-constructed REDIAL
dataset formatted a multiple-choice question and
answer dataset.

A.1.1 Algorithm

We remove REDIAL prompt instructions to be
added programmatically during inference.

In accordance with REDIAL, we substitute all
function names as python_function to avoid as
much memorization as possible. We corrected
several corrupted questions where REDIAL incor-
rectly replaced the original function keyword with
“python_function” (e.g. we corrected “Write a func-
tion to find the nth number in the newman conway
python_function.” in REDIAL to “Write a func-
tion to find the nth number in the newman conway
sequence.”).

HUMANEVAL. The dataset includes 164 program-
ming problems released by OpenAl. We reference

[T
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the following hyperlinked code and dataset.” Al-
though REDIAL modified the instructions of some
samples within their data, we use the original
dataset released by OpenAl.

MBPP. The MBPP dataset, a.k.a. the “Mostly
Basic Python Problems” dataset, is a benchmark
of crowd-sourced Python programming problems
designed to be solvable by entry-level program-
mers. We reference the following hyperlinked
dataset, specifically the hand-verified “sanitized”
verison. Because MBPP did not include the con-
text included in HUMANEVAL, we generated the
context using GPT-5 MINI through OpenRouter’
and verify the results manually. We also removed
one duplicated sample within REDIAL.

A.1.2 Logic

FOLIO. The original FOLIO dataset is a manu-
ally curated logic benchmark. The counterfactual
dataset was created to explore the capabilities of
language models through counterfactual evalua-
tions on various domains, such as logic. Since the
perturbed counterfactual dataset contains both the
original and perturbed versions, we reference the
following hyperlinked code and dataset.

LOGICBENCH. The dataset offers a natural lan-
guage question-answering evaluation for the logical
reasoning abilities of large language models. We
reference the following hyperlinked dataset. To the
best of our ability, we capitalized proper nouns and
the first letter of sentences to prevent confounders
from non-standard grammar. The REDIAL dataset

>The REDIAL dataset used the instruction-following
queries available within INSTRUCTHUMANEVAL at
https://huggingface.co/datasets/codeparrot/
instructhumaneval.

6|'1‘c’cps://openrouter.ai/
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seems to have permuted the multiple choice an-
swers, so we maintain this new ordering. We also
kept the changes from REDIAL that corrected in-
correct names from the original data source. See
our code for more details.

A.1.3 Math

GSMBS8K. The dataset consists of grade-school
math word problems with 8, 790 instances. We ref-
erence the following hyperlinked code and dataset.
We matched each REDIAL instance to a GSM8K
instance and used the original data.

SVAMP. The dataset contains 1, 000 elementary-
school math word problems. We reference the fol-
lowing hyperlinked code and dataset. In keeping
with REDIAL, we use only the SVAMP test set.
To avoid unnecessary confounders in our dataset,
we used GPT-5 MINT through OpenRouter to fix
the grammar of the questions. We manually verify
the generated results.

A.1.4 Planning

ASYNCHOW. The dataset contains benchmarks
for planning reasoning tasks. We reference the fol-
lowing hyperlinked code and dataset. We removed
15 duplicates from the original REDIAL dataset for
a total of 225 instances. Additionally, there were
several inconsistencies between the original ASYN-
CHow and the REDIAL datasets, e.g. missing
spaces and changed characters. For any discrepan-
cies, we defer to the original ASYNCHOW dataset.
We also change the following:

* Change instructions from “These ordering
constraints need to be obeyed when executing
above steps” to “These ordering constraints
must be followed when executing the above
steps”

Correct the capitalization of the first line de-
scription

Correct the capitalization of label “step <#>
to “Step <#>”

Change “Step <#>. <description>" to the
more natural “Step <#>: <description>"

* Remove extraneous “\n\n” from REDIAL not

present in ASYNCHOW

It is important to note that we’ve made the task
substantially more difficult by enforcing the mod-
els to answer in seconds. This makes the task much
more readily verifiable, although it is still possible
to analyze the results for non-compliant comple-
tions (e.g. “3 days 7 hours”) using fuzzy matching.

L2
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A.2 PARALLELAAVE and MULTIVALUE

Table 4 summarizes the dialects included in our
parallel text datasets.

A.3 Licenses

REDIAL is held under the MIT License. MULTI-
VALUE is held under the Apache License, Version
2.0. PARALLELA AVE did not specify the license
for their data, but it was published by the Associa-
tion for Computational Linguistics in 2020, which
defaults to the Creative Commons Attribution 4.0
International (CC BY 4.0) license.

B Models

B.1 Tokenizers

B.1.1 Tokenization Algorithms

BPE. Based on the byte-pair encoding (BPE) com-
pression algorithm, Sennrich et al. (2015) intro-
duced this tokenization approach to aid in open-
vocabulary machine translation tasks by encod-
ing rare or unknown words into sequences of sub-
word units. It is a simple technique that iteratively
merges frequent pairs of bytes or byte sequences
into one sequence. It is the common approach
used by LM families, such as GPT (Radford and
Narasimhan, 2018), GEMMA (Team et al., 2025),
LLAMA (Grattafiori et al., 2024), and QWEN (Yang
et al., 2025).

UNIGRAM. The algorithm is initialized with a
large base vocabulary, which is iteratively trimmed
to minimize the overall loss over the training data
(Kudo, 2018). It is used in combination with the
SENTENCEPIECE tokenizer (Kudo and Richardson,
2018) used in LMs, like T5 (Raffel et al., 2023).

WORDPIECE. Similar to BPE, WORDPIECE iter-
atively merges pairs of bytes or byte sequences into
one sequence that maximizes the likelihood of the
training data (Schuster and Nakajima, 2012). It is
the tokenization algorithm used in BERT (Devlin
etal., 2018).

B.1.2 Tokenizer Models

Table 5 lists the tokenizer names used in our anal-
ysis. We use the tokenizer corresponding to the
largest size of a particular LM family, although this
distinction does not matter.
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Dataset Source Pairs Dialects

PARALLELAAVE Groenwold et al. (2020) 2019 SAE, AAVE
MULTIVALUE Ziems* et al. (2023) 429  SAE, AAVE, Appalachian, Chicano, Indian, Singapore

Table 4: Datasets for parallel SAE and AAVE texts.

Tokenization Name  Model / Encoding As suggested on the EMBEDDINGGEMMA
GPT-5 0200k _base (tiktoken) model page, we tailor our similarity analysis query
GPT-2 openai-community/gpt2 beddi h imized

BPE GEMMA  google/gemma-3-27b-it to generate embeddings that are optimized to assess
LLAMA  meta-llama/Llama-3.3-7@B-Instruct text similarity by prefixing the content with the fol-

3-328 . . . .
QWEN _ Quen/Quen lowing prompt: “task: sentence similarity

| query: {content}”.

UNIGRAM TS t5-small

WORDPIECE BERT bert-base-uncased

Table 5: Tokenizer names used in our analysis. B4 Reward Models

Table 7 lists the reward models used in our analysis.
B.2 Language Models

S C tational R
Table 6 lists all LMs used in our analysis, including B omputational Resources

their Hugging Face model IDs.’ We ran our experiments on one shared compute
server with 8 NVIDIA L4 GPUs and one shared
B.3 Embedding Models compute server with 8 NVIDIA A5000 GPUs.

We use Google’s open embedding model
EMBEDDINGGEMMA-300M (Hugging Face
Model ID: google/embeddinggemma-300m) built C.1 Perturbations
from GEMMA-3 to produce vector representations
of text.

C Semantic Equivalence

Swap. We randomly replace each ASCII character
with another random ASCII character. In our exper-
"Note that there is no base model version of QWEN-3 32B.  iments, we swap characters with P(swap) = 0.05.

Family Name Size Type Model ID

LLaAMA 3.2 1B Base meta-1lama/Llama-3.2-1B
LLAMA-3.2 1B Instruct meta-llama/Llama-3.2-1B-Instruct
LLAMA-3.2 3B Base meta-1lama/Llama-3.2-3B

Lrama LLAMA-3.2 3B Instruct meta-1lama/Llama-3.2-3B-Instruct
LLAMA-3.1 8B Base meta-1lama/Llama-3.1-8B
LLAMA-3.1 8B Instruct meta-1lama/Llama-3.1-8B-Instruct
LLAMA-3.1 70B Base meta-1lama/Llama-3.1-70B
LLAMA-3.1 70B Instruct meta-1lama/Llama-3.1-70B-Instruct
GEMMA 3 1B Base google/gemma-3-1b-pt
GEMMA-3 1B Instruct google/gemma-3-1b-it

GEMMA GEMMA-3 4B Base google/gemma-3—4b—;€>t
GEMMA-3 4B Instruct google/gemma-3-4b-it
GEMMA-3 12B  Base google/gemma-3-12b-pt
GEMMA-3 12B  Instruct google/gemma-3-12b-it
GEMMA-3 27B  Base google/gemma-3-27b-pt
GEMMA-3 27B  Instruct google/gemma-3-27b-it
QWEN 3 1.7B  Base Qwen/Qwen3-1.7B-Base
QWEN-3 1.7B  Instruct Qwen/Qwen3-1.7B

QWEN QWEN-3 4B Base Qwen/Qwen3-4B-Base
QWEN-3 4B Instruct Qwen/Qwen3-4B
QWEN-3 8B Base Qwen/Qwen3-8B-Base
QWEN-3 8B Instruct Qwen/Qwen3-8B
QWEN-3 32B  Instruct Qwen/Qwen3-32B

Table 6: Language models used in our analysis.
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Provider Base Model Size Model ID
LLAMA-3.2 (Instruct) 3B Skywork/Skywork-Reward-V2-L1lama-3.2-3B
LLAMA-3.1 (Instruct) 8B Skywork/Skywork-Reward-V2-L1lama-3.1-8B
Skywork  QWEN-3 (Instruct) 4B Skywork/Skywork-Reward-V2-Qwen3-4B
QWEN-3 (Instruct) 8B Skywork/Skywork-Reward-V2-Qwen3-8B
GEMMA-2 (Instruct) 27B  Skywork/Skywork-Reward-Gemma-2-27B
QRM LLAMA-3.1 (Instruct) 8B nicolinho/QRM-Llama3.1-8B-v2
GEMMA-2 (Instruct) 27B nicolinho/QRM-Gemma-2-27B
LLAMA-3.1 (Base) 8B allenai/Llama-3.1-8B-Base-RM-RB2
Ai2 LLAMA-3.1 (Instruct) 8B allenai/Llama-3.1-8B-Instruct-RM-RB2
LLAMA-3.1 (Instruct) 70B allenai/Llama-3.1-70B-Instruct-RM-RB2

Table 7: Reward models used in our analysis.

Drop. We randomly drop each character with a
prespecified probability. In our experiments, we
drop characters with [P(drop) = 0.15.

Insert. We randomly insert an ASCII character
with a prespecified probability. In our experiments,
we insert characters with P(insert) = 0.05.

Capitalize. We have two methods of capitalizing
our text: random and alternating. In the random
case, we capitalize each character with a prespeci-
fied probability. In our experiments, we capitalize
characters with P(capitalize) = 0.5. In the alter-
nating case, we alternate every other character.

C.2 Translations

We translate texts using the Google Translate API®.
Table 8 lists the six languages we use, along with
their corresponding API language codes.

Resource Level Language Google Translate Code
. Chinese zh-CN
High French fr
. Hindi hi
Mid Polish pl
Low Khmer km
Yoruba yo

Table 8: Translation transformation details.

C.3 Perplexities
We list input perplexities in Table 9.

C.4 Results on MULTIVALUE

Figure 8a visualizes Figure 1 from the main text
and Figure 8b visualizes the corresponding seman-
tic equivalence to Afertility.

8h’ctps ://cloud.google.com/translate
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MULTIVALUE PARALLELAAVE REDIAL
Condition Ratio frac>1 Ratio frac>1 Ratio frac>1
Drop (P = 0.15) 12.53 1.00 9.64 1.00 2.06 1.00
Singapore 4.92 1.00 - - - -
Insert (P = 0.05) 4.41 1.00 3.714 0.98 1.58 1.00
Indian 3.99 1.00 - - - -
Drop (P = 0.05) 3.52 1.00  3.06 098 143 1.00
AAVE 3.13 1.00 2.89 0.92 1.65 0.96
Swap (P = 0.05) 3.08 1.00 233 094 1.36 1.00
Capitalize (random) 2.36 1.00  1.46 0.73 141 0.99
Appalachian 2.10 1.00 - - - -
Chicano 1.46 1.00 - - - -
Translate (Yoruba) 1.38 0.75  0.68 0.36  1.26 0.70
Translate (Chinese) 1.26 0.80 1.03 0.50 1.08 0.74
Capitalize (alternating) ~ 0.73 037 0.38 0.14  0.92 0.40
Translate (Polish) 0.71 0.16  0.37 0.10  0.96 0.39
Translate (French) 0.64 0.08 0.34 0.05 0.96 0.34
Translate (Hindi) 0.42 0.21 0.13 0.10 0.68 0.23
Translate (Khmer) 0.24 0.15 0.05 0.11 0.38 0.17

Table 9: Paired per-token perplexity ratio vs SAE. We
compare the perplexity ratios for character perturbations,
translations, and dialects (italicized). Each row pairs the
transformed text to its matched SAE text by unique_id
within a model (ratio = exp(CEcong — CEge)), aggre-
gated as the median of per-model medians across the
models listed in Table 6. The mean fraction of paired
items the model finds harder than SAE is indicated un-
der “frac>1", where a ratio above 1 means the model is
more surprised by the surface form than by SAE despite
preserved meaning.

C.5 Results on PARALLELAAVE

Figure 9 visualizes the same figure as Figure 8 on
the PARALLELA AVE corpus.

D Benchmarks

D.1 Tokenization Biases

Metrics. Table 10 lists all token metrics used in
our study. We define a “token” as an element of a
tokenizer vocabulary. We define “types” as the set
of unique tokens. We define a “word” (in English)
as a string without any space characters. We define
a “character” as any string with a length of 1.

Token Length. Figure 10 visualizes the token
length ratio of various dialects to SAE on MULTI-


https://cloud.google.com/translate

Metric What does it measure?

Average tokens
per word

Average number of tokens corre-
sponding with a single real word
without punctuations

Average types Average number of types corre-

per word sponding with a single real word
without punctuations

Character Number of characters in the string

length

Fertility (Acs, Average number of tokens corre-

2019) sponding with a single real word
P(in vocabu- Proportion of words in the tokenizer
lary) vocabulary

Token length Number of tokens in the string
Types length Number of types in the string
Word length Number of words in the string

Table 10: Tokenization metrics used to measure bias.

VALUE for all three tokenization algorithms.
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Figure 11: Dialectal token bias and income. We
demarcate token parity with y = 1 and the US me-
dian household income with z = $80, 610. Compared
to Standard American English (SAE) speakers, speak-
ers of African American Vernacular English (AAVE),
Appalachian, and Chicano dialects who earn less than
the median income achieve less efficient tokenization.
Meanwhile, speakers of Indian and Singaporean dialects
who earn more than the median income achieve more
efficient tokenization than SAE speakers.

Token bias and income. Figure 11 depicts the
striking correspondence between dialectal token
length ratios to SAE and the current income differ-
ences of minority groups in the US. This tokeniza-
tion gap mirrors the current income gaps of minor-
ity groups within the US. Speakers of AAVE and
Chicano dialects are typically black or Hispanic,
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respectively, who report the lowest median house-
hold incomes among all race and ethnic groups
(Guzman, 2024). Median household income within
the Appalachian Region is 82% of that of America
overall (Srygley et al., 2024). Meanwhile, Indian
Americans on average see much higher incomes
than the total American population (L.ee and Bat-
alova, 2026), and Singapore is among the wealthi-
est countries in the world, with a GDP per capita
surpassing that of America (Economics, 2026).
Table 11 details the US median household in-
comes (in US dollars) for different dialects. We
approximate the median household income per di-
alect by using the median household income data
of the primary demographic of the speakers of that
dialect. That is, we take the median income of
Black Americans to approximate the median in-
come of AAVE speakers, and we take the median
income of Hispanic Americans to approximate the
median income of Chicano speakers. We use the
overall median household income of the US to ap-
proximate the median income of SAE speakers.

Dialect Income  Source

AAVE $56,490 Guzman (2024)
Appalachian $61,688  Srygley et al. (2024)
Chicano $65,540 Guzman (2024)

Indian $166,200 Lee and Batalova (2026)
SAE $80,610 Guzman (2024)

Singaporean $134,818 ZipAtlas (2025)

Table 11: US median household income (USD).

Token metric timeline. Figure 12 shows the
chronological development of our token metrics.
While we find an overall improvement in vocab-
ulary coverage cover time, we still see evidence
of the dialect tax in today’s tokenizers. To quan-
tify ranking stability, we compute Kendall’s co-
efficient of concordance W across the seven tok-
enizers, treating each tokenizer as a rater of the
five non-SAE dialects. Agreement is statistically
significantly (p < 0.001) strong on every metric
(fertility W = 0.89, x%(4) = 24.80; vocabulary
coverage W = (.74; average tokens per word
W = 0.77; average types per word W = 0.95;
token count and word count both W = 1.00), in-
dicating that the dialectal ordering is essentially
fixed across tokenizers. This concordance holds
despite seven years of tokenizer development. For



Model Settin Algorithm Logic Math Planning All
€ SAE AAVE SAE AAVE SAE AAVE SAE AAVE SAE AAVE A
GPT CoT 936 904 804 768 940 920 964 929 91.1 88.0 -3.09
Naive  91.7 89.1 680 663 763 693 173 138 633 59.6 -3.69
GPT Mini CoT 93.0 904 77.1 699 927 900 97.8 964 90.1 86.7 -3.43
Naive 914 882 669 599 640 540 6.7 10.7 572 532 -4.03
GEMMA 27B  CoT 837 805 660 669 927 89.0 244 240 667 651 -1.62
Naive 827 79.6 666 652 543 50.7 1.3 1.3 512 492  -2.06
GEMMA 12B  CoT 84.0 773 762 715 923 877 3.1 22 639 59.7 -4.24
Naive 799 757 724 69.6 463 39.7 0.0 04 496 464 -3.28
LLAMA 70B  CoT 812 812 743 699 913 893 480 369 737 693 -4.38
Naive 831 799 746 738 573 497 0.9 0.9 540 51.0 -292
LLAaMA 8B CoT 620 559 635 638 83 77.0 938 4.0 559 502 -5.73
Naive 585 559 660 58.0 413 31.0 0.0 00 415 362 -5.23
QWEN 27B CoT 952 936 793 732 960 923 987 924 923 879 -4.39
Naive 550 540 735 67.1 707 68.7 22 0.9 503 477  -2.66
QWEN 8B CoT 917 891 674 619 963 927 689 747 81.1 79.6 -1.49
Naive  69.0 655 478 439 347 33.0 0.9 04 38.1 357 -2.37

Table 12: Benchmark results on REDIAL. We report instruction-tuned model accuracies on REDIAL, including
individual performances across the four tasks and the overall performance under the column “All”. In accordance
with the original REDIAL benchmark, we test for statistical significance (indicated in bold under the column “A”)
using McNemar’s test for binary data and correct the p-values for multiple measurements using the Holm-Bonferroni

method.

each dialect, we correlate the tokenizer’s release
date with its rank among the five dialects under
that tokenizer (Spearman p, Benjamini-Hochberg
FDR at ¢ = 0.05). Zero of the 30 metric x dialect
cells show significant rank drift, and every dialect
holds a constant rank across all seven tokenizers on
token count and word count. Complementary tests
on the magnitude of the gap also fail to survive
correction. Spearman correlations between the re-
lease date and the mean log-ratio to SAE are largest
on fertility for AAVE, Appalachian, and Chicano
(p = —0.75, praw € [0.02,0.07]), consistent with
a mild improvement for those dialects, but none of
the 30 comparisons survive BH correction.

D.2 Reasoning

Table 12 shows the benchmark results for REDIAL.
The values track with the expected progress of LMs
since the original dataset publication by Lin et al.
(2025), given the modifications specified in Ap-
pendix A.1. We note that QWEN models always
prefer to reason via <think>...</think> tokens,
even on naive prompts explicitly asking for no
reasoning, so we append a model-family-specific
prompt to ensure no reasoning.
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E Character Tokenization

The character-tokenization experiments replace
subword segmentation with a non-canonical char-
acter decomposition at inference time. This in-
tervention keeps the model vocabulary, embedding
matrix, tokenizer, and learned parameters fixed. We
follow the method by Zheng et al. (2026) exactly.

F Pre-Training Analysis

Table 13 lists the point-biserial correlation between
s and correctness by base model.

G Post-Training Analysis
We list all reward models used in Table 7.

G.1 Sample-Level Rewards

Table 14 lists the per-RM dialect gap for Ar. Ta-
ble 15 denotes the sample-level rewards per task,
pooled across RMs.

G.2 Token-Level Rewards

Unique words are extracted from each dataset split
by whitespace and delimiter-based word segmen-
tation. Unique tokens are extracted under each
tokenizer listed in Table 5. Each word is scored as
a one-word assistant response to the fixed prompt



Family Size r
1B —0.119***
LLAMA-3 BASE 3B —0.053
8B —0.091**
1B —0.108***
GEMMA-3 BASE 4B —0.105***
12B —0.066
1.7B  —0.132***
QWEN-3 BASE 4B +0.098***
8B +0.192%**
Pooled - —0.013

Table 13: Point-biserial correlation between paired
SAE-AAVE gradient similarity s:r and a binary in-
dicator for both-dialect correctness, by model. Per-
model sample size is n = 1,200, and pooled sample size
isn = 10,800. We denote significance by *** p < 0.001
and **p < 0.01. Pooled r is negligible, but the per-
model breakdown reveals heterogeneity.

Reward model Ar t
SKYWORK LLAMA 3B —0.03 —0.67
SKYWORK QWEN 4B +0.32 +7.54***
SKYWORK LLAMA 8B —0.22 —3.27**
SKYWORK QWEN 8B +0.48  414.42***
SKYWORK GEMMA 27B  —0.03 —0.31
QRM LLAMA 8B +0.01 +4.72***
QRM GEMMA 27B —0.07 —3.38"**
A12 LLAMA 8B Base +0.41  +12.28%*
A12 LLAMA 8B —-0.19 —10.75"**
A12 LLAMA 70B +0.03 +2.06"

Table 14: Per-RM dialect gap. Ar = E[r(254E y) —
r(x*AVE )] over REDIAL sample-level pairs (n
1,200 per RM, i.e. 300 per task x 4 tasks), and one-
sample t-statistic against E[Ar] = 0. Significance is
denoted by *** p < 0.001, ** p < 0.01, * p < 0.05.

“What, in one word, is the greatest thing
ever?”, and each token is scored as a one-word-
or-subword assistant response to “What, in one
word or subword, is the greatest thing
ever?”. For token-level dialect comparisons, for
the same task and tokenizer, we identify tokens
that appear in AAVE but not SAE and tokens that
appear in SAE but not AAVE, then compare their
isolated reward scores. Table 17 lists the per-RM
per-dialect token-level dialect gap. Table 18 details
the per-dialect token-level gap, before and after
within-RM standardization.

H Inference

Figure 13 visualizes the hidden-state similarity di-
alect drops for every model on MULTIVALUE.
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Task Ar t
Algorithm  +0.43  +13.73***
Math +0.04 +1.18
Logic —0.08 —2.92**
Planning —0.14 —4.927**

Table 15: Per-task dialect gap, pooled across RMs.
One-sample ¢-test of E[Ar] = 0 within task. Signifi-
cance is denoted by *** p < 0.001, **p < 0.01.

1.000
0.975
z
‘S 0.950
o
E
= 0.925
2
K 0.900 Family Line
©0.875 Llama —— Base (mean)
Gemma - Instruct (mean)
0.850 Qwen Per-dialect
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Layer depth (normalized)

Figure 13: Hidden-state similarity drops at the final
layers for every model on MULTIVALUE. Per-model
layer-wise cosine similarity between SAE and dialect
hidden states on MULTIVALUE. Grey dashed curves
show each of the five dialects (AAVE, Appalachian, Chi-
cano, Indian, Singaporean) separately; colored curves
are the per-model mean across the five dialects (solid =
base, dashed = instruct), with color encoding family.

Figure 14 visualizes the final-layer hidden-state
similarity to SAE for each text transformation.
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Figure 14: Final-layer hidden-state similarity. The
final-layer hidden-state similarity to that of SAE is
pooled across MULTIVALUE and PARALLELAAVE.

I Language Model Usage

We used LMs for assistance with drafting and proof-
reading, as well as for code completions. They
served as general-purpose research tools and did
not make substantive contributions to the ideation,
methodology, or content of this work. The authors
take full responsibility for all aspects of the work.



Corpus Dialects NSAE  MNdialect ~ TSAE  Tdialect TSAE — Tdialect  ORM p

REDIAL {AAVE} 121,780 163,120 —4.47 —4.10 —0.37"*  —0.17 9x 1073
PARALLELAAVE {AAVE} 91,380 163,420 —4.42 —3.83 —0.58"*  —0.29 1x10767
MULTIVALUE {AAVE, Appal., Chic., Indian, Sing.} 141,930 132,130 —5.17 —4.74 —0.43* 024 9x107%
Pooled (all) 355,090 458,670 —4.74 —4.19 —0.55"*  —0.27 7 x 10718

Table 16: Per-corpus token-level dialect gap. For each corpus, we identify subword tokens that appear exclusively
in tokenized SAE vs. dialect text within each (RM, tokenizer) pairing, and score them under a fixed prompt. Fsag
and 7g;y are the mean reward scores over the dialect-exclusive vocabularies. Tsag — Tgia1 1S the raw gap. dry 1S
Cohen’s d computed within each RM (using that RM’s pooled score standard deviation) and then averaged across
the ten RMs. This normalizes for the substantial cross-RM scale differences (per-RM o € [0.06, 3.97]). The bottom
row pools all three corpora together. Independent two-sample ¢-tests, with significance denoted by *** p < 0.001.

Reward model AAVE Appalachian Chicano Indian Singaporean Pooled
SKYWORK LLAMA 3B —0.45"* (=0.25)  +0.11* (+0.06)  —0.71"** (—0.43) —0.06 (—0.03) —0.88"* (=0.49) —0.51""* (-0.28)
SKYWORK QWEN 4B —0.69"* (-0.31) —0.32"* (-0.15) —0.71"* (—0.37) —0.13* (—0.06) —1.10"* (-0.47) —0.78"* (—0.34)
SKYWORK LLAMA 8B —1.26"*(-0.38)  —0.09(-0.03)  —1.49"*(-0.49) —0.28"(-0.08) —1.34"*(-0.38) —1.26"** (—0.37)
SKYWORK QWEN 8B —0.80""* (=0.40) —0.16" (=0.09) —0.67"** (—0.35) +0.00 (+0.00) —0.61"* (=0.29) —0.73"* (—0.36)
SKYWORK GEMMA 27B  —1.04"** (—0.27) —1.74*** (=0.45) —1.97*** (—=0.54) +2.15"** (+0.57) —2.08*** (-0.52) —1.17*** (—0.30)
QRM LLAMA 8B -+0.00"* (+0.04)  —0.00 (-0.01)  —0.02*** (—0.37) —0.00 (—0.05) —0.01"** (-=0.19)  —0.00* (—=0.02)
QRM GEMMA 27B —0.15* (-=0.30) —0.18"** (-0.37) —0.23"** (-0.46) —0.12"**(-0.24) —0.17"*(-0.34) —0.16"** (—0.33)
A12 LLAMA 8B Base —0.42"* (-0.26) —0.39""* (—0.25) —1.05"** (—-0.74) —0.38"*(—0.22) —1.19"**(—-0.71) —0.55""* (—0.34)
AI12 LLAMA 8B —0.09"*(-0.12) —0.07"** (—0.10) —0.28*** (—-0.47) —0.07"**(-0.09) —0.30"** (-0.43) —0.13"** (-0.18)
A12 LLAMA 70B —0.16"* (-0.15)  —0.02 (—0.03) —0.13"* (—0.17) —0.05* (—0.05) —0.22* (-0.22) —0.18"* (-0.17)
Mean across RMs —0.50 (—0.24) —0.29 (—0.14) —0.73 (—0.44) +0.11 (—0.03) —0.79 (—0.40) —0.55 (—0.27)

Table 17: Per-RM per-dialect token-level dialect gap. Each cell shows the raw reward gap Tsag —7gia With Cohen’s
d in parentheses. Negative values indicate the RM scores dialect-exclusive tokens higher than SAE-exclusive ones.
AAVE-exclusive tokens come from REDIAL, PARALLELAAVE, and MULTIVALUE, and other dialect-exclusive
tokens come from MULTIVALUE. Cohen’s d uses each RM’s pooled score standard deviation as denominator, so
raw gaps are not directly comparable across RMs while d values are. The bolded cell is the only one flipping the
dialect-favoring pattern. The “Pooled” column aggregates a given RM across all five dialects, and the “Mean across
RMs” row is the unweighted average across the ten RMs. We run independent two-sample ¢-tests and denote the
significance: *** p < 0.001, ** p < 0.01, * p < 0.05.

Raw scores ‘Within-RM standardized
Dialect NSAE Ndial  TSAE — Tdial p d p
AAVE 239,000 351,140 —-0.50 6x 1071  —0.24 < 107300
Appalachian 24,980 31,540 —0.29 8x107° —0.13 5 x 10764
Chicano 8,960 6,640 —0.73  3x1077 —0.39 2 x 107165
Indian 27,200 32,710 +0.11 0.14 —0.03 4% 1074
Singaporean 54,950 36,640 —0.79 6x107% —0.40 < 107300
All pooled 355,090 458,670 —0.55 7x10718  _0.27 < 107300

Table 18: Per-dialect token-level gap, before and after within-RM standardization. Raw scores: pooled
two-sample ¢-test on raw reward scores. Note that per-RM output scales differ, so the test is heavily influenced
by the high-o Skywork models. Within-RM standardized: each RM’s scores are z-scored using its own mean and
standard deviation, then pooled across RMs before the ¢-test. The d column reports the gap in standard deviations,
which is mathematically equivalent to the unweighted mean Cohen’s d across the ten RMs (within-RM effect size).
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Figure 8: Models understand semantic equivalence
yet penalize surface form. We find evidence of seman-
tic invariance under surface-form transformations, as
shown on the MULTIVALUE corpus. (a) We visualize
the semantic equivalence of various text transforma-
tions. All dialect pairs achieve high cosine similarities
above 0.97, which exceed every perturbation and trans-
lation baseline. (b) We plot semantic equivalence (co-
sine similarity at d = 768) against the tokenization tax
(Afertility = E[fertility g, ) — E[fertilityg ,g]) for each
dialect-SAE pair. Samples in the upper-right exhibit
high semantic equivalence but higher tokenization cost,
where meaning is preserved while a tax is imposed.
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Figure 9: Models understand semantic equivalence
yet penalize surface form. We find evidence of se-
mantic invariance under surface-form transformations,
as shown on the PARALLELA AVE corpus. (a) We vi-
sualize the semantic equivalence of various text trans-
formations. The AAVE pairs achieve high cosine sim-
ilarities, which exceed most perturbation and transla-
tion baselines. (b) We plot semantic equivalence (co-
sine similarity at d = 768) against the tokenization tax
(Afertility = E[fertility , ovg] — E[fertilityg,g]) for each
AAVE-SAE pair. Samples in the upper-right exhibit
high semantic equivalence but higher tokenization cost,
where meaning is preserved while a tax is imposed.
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