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Abstract

Estimating model performance without labeled
data is important for deploying NLP systems
across diverse domains. Prior work has pro-
posed proxy measures based on distribution
shift or predicted correctness, but it remains
unclear whether these methods reliably pre-
serve the ranking of domains, which is crit-
ical for model selection and risk triage. We
study this problem from an ordinal perspec-
tive using a two-step framework that pairs a
base classifier with an error predictor to esti-
mate instance-level failures and disparities and
aggregate them into label-free performance es-
timates. Across multiple sample sizes from
the GeoOLID and Amazon Reviews datasets,
large language model-based error predictors
substantially outperform drift-based baselines
in p and 7 rank correlations. We further show
that lower absolute estimation error (RM SFE)
does not necessarily imply better ranking, high-
lighting the importance of evaluating ordinal
consistency directly.

WARNING: This paper contains offensive and
hateful speech in the appendix.

1 Introduction

Evaluating NLP systems across every domain, pop-
ulation, and setting is expensive. In deployment,
performance can vary across topics, regions, sSo-
cial groups, and language varieties. A model may
perform well on average while still failing for spe-
cific cities, dialect communities, or domains. Be-
cause collecting labels for every setting is costly,
practitioners often rely on proxy signals such as
dataset similarity, linguistic drift, or domain shift
to estimate generalization (Chang et al., 2023;
Ramesh Kashyap et al., 2021; Pudasaini et al.,
2025; Elsahar and Gallé, 2019; Sun et al., 2025).
Prior work provides useful starting points. Stud-
ies of domain shift show that vocabulary, structure,
topic, and linguistic drift can affect model robust-
ness (Chang et al., 2023; Ramesh Kashyap et al.,
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Figure 1: High-level motivation for our study to use
ranking as a way for large-scale auditing of performance
disparities across multiple factors.

2021). Other work estimates transfer performance
using dataset similarity, including n-gram overlap
(Xia et al., 2020), or studies how models such as
BERT and GPT adapt across domains (Patankar
et al., 2022). Recent work also extends perfor-
mance prediction to multilingual and low-resource
settings (Khiu et al., 2024) and to correctness es-
timation, where large models have limited knowl-
edge of their own correctness (Xiao et al., 2025).

However, most work treats performance estima-
tion as predicting an overall score. Less is known
about whether these methods can identify where
models work best or worst. This matters for fair-
ness and deployment: practitioners may need to
know which cities, dialect communities, or do-
mains should be audited first, where labels are
most needed, and where model outputs should be
treated with caution. We therefore study perfor-
mance ranking as a measurement problem for large-
scale model auditing. Hence, we ask the following
research questions:
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¢ RQ1: How reliably can current performance
estimation methods rank datasets and domains
by expected model performance?

* RQ2: When do performance rankings remain
stable or break down across model families,
dataset sizes, and domain shifts?

* RQ3: How feasible is it to use LLMs as
judges to estimate performance at scale across
dialects and geographic regions that may be
underserved in many datasets?

To answer these questions, we compare auxil-
iary error models, drift-based heuristics, similarity-
based estimates, and LLM-as-judge estimates
across multiple classifiers and datasets. We train
base classifiers using ROBERTA (Liu, 2019),
a linear model, GPT40-MINI (OpenAl, 2023),
and LLAMA-3.1-8B-INSTRUCT (Touvron et al.,
2023). We then test whether estimated errors re-
cover the relative ordering of model performance
across target domains, including settings organized
by dialect and geographic region.

Our results show that LLM-as-judge error es-
timators can often recover reliable performance
rankings, especially compared to traditional drift
and similarity baselines. On Amazon Reviews,
LLM judges substantially improve rank correla-
tions and better recover top domains for auditing.
On GeoOLID-Dial, they produce strong rankings
across dialect-mapped targets, suggesting that this
approach can help identify language varieties that
need further evaluation. However, ranking remains
sensitive to dataset structure, domain heterogeneity,
and the spread of true performance across domains.
We also find that low RMSE does not necessarily
imply good ranking, showing that ordinal reliability
must be evaluated directly.

Our contributions are: (1.) We present a large-
scale study of whether label-free performance esti-
mators can rank datasets and domains by expected
performance. (2.) We introduce a controlled two-
step evaluation framework for comparing ranking
reliability across model families, datasets, and do-
main shifts. (3.) We show that LLM-as-judge error
estimators often provide stronger rankings than tra-
ditional drift-based methods, while also identifying
cases where ranking remains unstable under realis-
tic distributional variation.

2 Related Work

Instance-Level Complexity. Prior work studies
dataset and instance-level complexity to understand
task difficulty and its relationship to model per-
formance (Cook et al., 2025; Lorena et al., 2024;
Barella et al., 2021). These methods use complex-
ity metrics, such as feature importance or class
overlap, or model-based signals, such as cross-
validation or training loss, to improve model selec-
tion. However, they usually require labels, making
them difficult to use in large-scale deployment set-
tings. They also do not directly study fine-grained
model failures under distribution shift, though re-
lated work has examined error-based estimation
and the effects of concept drift on failure predic-
tion (Poenaru-Olaru et al., 2022; Eberlein et al.,
2025; Zhou et al., 2023; Kwon et al., 2024; Mallick
et al., 2022). We instead study failure-informed,
label-free ranking across model variants and shifted
domains.

Dataset Drift. A large body of work quantifies
dataset or covariate drift using token-frequency di-
vergences, TF-IDF vectors, and embedding-based
distances (Ramesh Kashyap et al., 2021; Dredze
et al., 2010; Elsahar and Gallé, 2019; Ruder et al.,
2017). These measures have been used to predict
performance degradation under domain shift (Feld-
hans et al., 2021), with Jensen-Shannon divergence
often used to measure distributional change (Lin,
2002). More recent work decomposes drift into
vocabulary, structural, and semantic dimensions,
showing that different types of linguistic variation
can affect robustness in different ways (Chang et al.,
2023). This is especially important for domains
with jargon, regional language, or dialectal varia-
tion (Yamshchikov et al., 2021; Ramesh Kashyap
et al., 2021). In contrast to drift-only estimation,
we evaluate whether failure-based estimators can
more reliably rank out-of-domain datasets when
labels are unavailable.

Model-Based Methods. Model-based approaches
use representations, such as contextual embed-
dings from BERT or ROBERTA, to predict trans-
fer performance across datasets (Feldhans et al.,
2021). Fine-tuned embedding distances can cap-
ture syntactic and semantic differences missed by
simpler frequency metrics and can rank examples
by expected performance (Elango et al., 2022).
However, these methods are often less reliable
for dataset-level performance prediction in out-
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of-domain settings (Nigenda et al., 2022). Prior
work also notes the need for robust low-data met-
rics when labels are available for only one do-
main (Ramesh Kashyap et al., 2021; Patankar et al.,
2022). We build on this setting by using error pre-
diction models trained or prompted from source-
domain failures to estimate and rank performance
across unseen domains.

LLM-as-a-Judge. LLMs are increasingly used as
evaluators to replace or augment human annotation
in benchmarking and meta-evaluation (Gu et al.,
2024). Models such as GPT-4 can approximate
human preferences and produce useful rankings
across tasks (OpenAl, 2023; Zheng et al., 2023).
This has led to both prompted evaluators, such
as ALPACAEVAL (Li et al., 2023), and fine-tuned
judge models, such as PANDALM, JUDGELM, and
PROMETHEUS (Wang et al., 2023; Zhu et al., 2023;
Kim et al., 2023). Recent work also studies cali-
brated and correctness-aware judging through self-
evaluation and reasoning-based feedback (Bai et al.,
2022; Hao et al., 2023), while meta-evaluation
work shows that judge signals may not always
align with factual correctness and can lack robust-
ness across domains (Trung et al., 2024; Zhuge
et al., 2024). Most related to our work, Generalized
Correctness Models show that LLMs do not have
privileged self-knowledge, but historical prediction
data and calibration can improve cross-model cor-
rectness prediction (Xiao et al., 2025). We ask a
complementary question: whether correctness esti-
mates preserve ordinal relationships across datasets
and models. Rather than focusing only on cali-
brated probabilities or absolute accuracy, we study
ranking robustness under prediction error.

3 Experimental Design

Problem Statement. We study label-free perfor-
mance ranking across domains. Intuitively, sup-
pose a classifier is deployed across many cities,
product categories, dialect communities, or other
domains. Collecting labels for every domain may
be expensive or infeasible, but practitioners may
still need to know where the model is likely to work
well and where it is likely to fail. This is especially
important for model auditing, where the goal is not
only to estimate average performance, but also to
identify which domains should be inspected first.
Formally, let K denote a set of domains. For
each source domain s € K, we train or prompt a

base classifier fa(s) using labeled source data. For
each target domain ¢t € K\ {s}, we observe only un-
labeled inputs ") = {xgt)}gil. A label-free esti-
mator assigns each target domain an estimated per-
formance score p{**) without using target-domain
labels. We evaluate whether these estimated scores
recover the true ordering of domains induced by
pt) | the target-domain performance computed
from gold labels only after estimation.

We therefore frame the task as a benchmark prob-
lem rather than a new model proposal. Figure 2
summarizes the benchmark. For each source do-
main, we train or prompt a base classifier, apply
several label-free estimators to held-out target do-
mains, rank the target domains by their estimated
scores, and compare this estimated ranking against
the true ranking. This lets us test whether exist-
ing drift-based and error-prediction estimators can
support large-scale model auditing when target-
domain labels are unavailable.

Source-Target Evaluation Protocol. Let K de-
note a set of domains, such as cities in GeoOLID
or product categories in Amazon Reviews. For
each source domain s € K, we assume access to
labeled source data D(¥) = {(x§5)7 ygs)) 2. The
remaining domains /C \ {s} are treated as target do-
mains. For each target domain ¢, the estimator ob-
serves only the unlabeled inputs /() = {xz(t) iy
Gold labels for target domains are hidden during
estimation and are used only after estimation to
compute the true performance ranking. This lets
us test whether a method can identify relatively
high- and low-performing domains without using

target-domain labels.

Base Classifiers. For each source domain s, we
train or prompt a base classifier fégs) on the down-
stream task. Given an input x;, the classifier
produces a predicted label §; = fe(s) (z;). For
encoder-based models such as ROBERTA-BASE,
we fine-tune on labeled source data using standard

cross-entropy, Lisk(0) = _n% >, log Pg(yi(s) ]
xz(s)). For instruction-tuned LLMs, we use few-

shot prompting rather than parameter updates. The
benchmark is model-agnostic: any base classifier
that produces task predictions can be evaluated un-
der the same protocol.

Label-Free Performance Estimators. We com-
pare two broad families of label-free performance
estimators. The first family consists of distribution-
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Figure 2: Overview of our experimental setup.

shift estimators. These methods compare the
source and target domains using drift or similar-
ity measures, such as token-frequency divergence,
semantic distance, or covariate shift. They do not
directly model the base classifier’s errors. Instead,
they assume that larger source—target differences
are associated with larger performance degradation.

The second family consists of error-prediction
estimators. These methods estimate performance
by predicting whether the base classifier’s output

is likely to be correct. On labeled source data, we
(s) _

7
]l[fe(s) (m§5)) + ygs)]. An error predictor gy is then
trained or prompted to estimate P(e; = 1 | x4, 9;).
This converts the original classification task into a
binary correctness-prediction task: given an input
and the base classifier’s predicted label, predict
whether that prediction is correct.

For supervised error predictors, such as lin-
ear models or ROBERTA-based models, we train
ge using binary cross-entropy over the observed

can observe the base classifier’s errors as e

source-domain error labels egs). For LLM-based
error predictors, we do not train parameters. In-
stead, we provide in-context examples of correct
and incorrect base-model predictions and ask the
LLM to judge whether a new prediction is likely to
be correct. Complete prompts and demonstration-

selection details are provided in the Appendix.

Estimating Target-Domain Performance. For
each unlabeled target domain /"), we first apply
the source-trained base classifier fe(s) to obtain pre-
dictions g)gt). We then apply a label-free estimator
to produce an estimated performance score p(5)
for that target domain.

For error-prediction estimators, we estimate ac-
curacy by subtracting the predicted error rate from
one:

» 1 A
P =1- S 1ge@ ) > 0.5).

U
i e eu®

For LLM-based judges, we aggregate the model’s
binary correctness judgments over all target-
domain examples. For drift-based estimators, we
aggregate the corresponding source—target drift or
similarity score and use it as a proxy for target-
domain performance.

Ranking and Estimation Evaluation. To eval-
uate how well we estimate performance, we ex-
plore multiple metrics and ranking and non-ranking
methods. First, for ranking metrics, we want our
performance estimates to order the groups from
most to least accurate in the same way as the
ground-truth accuracy.

Formally, for a base classifier trained on source
domain s, the true accuracy on target domain ¢
o 2 1A @) = 5] our
estimate of the performance of a model trained
on domain s and applied to target domain ¢ is
p5 . We rank each target domain ¢ € T as
R = [ptV, p2 5T and compare this
estimated ranking against the true ranking induced
by R = [p(), p=2) . p(=T)], where the closer
the orders match, the better.

is p(&t) =

We evaluate estimators from four complemen-
tary perspectives. First, we measure overall or-
dinal agreement using Spearman’s p (Spearman,
1961) and Kendall’s 7 (Kendall, 1938). Spear-
man’s p measures monotonic agreement between
the estimated and true performance rankings,
while Kendall’s 7 measures pairwise concordance:
whether pairs of domains are ordered in the same
direction by the estimated and true rankings. Statis-
tical significance for Spearman’s p and Kendall’s 7
is computed using standard asymptotic correlation
tests under the null hypothesis of no ordinal asso-
ciation between estimated and true rankings. We
also report Accuracy @3 (Acc@3) and Recall@3
(Rec@3), which measure whether we rank the top-
3 performing groups in the top three items of our
estimated rank R.

2293



Second, as stated earlier, prior work estimates
how close we can estimate performance compared
to the ground truth. In this case, each group’s es-
timated performance p(*?) is directly compared to
the ground-truth performance p(**). Intuitively, if
real accuracy is .80, an estimated accuracy of .81
is better than an estimated accuracy of .75 without
comparison to the other group’s estimated perfor-
mance. For this measure, we report RMSE between
estimated and true performance scores when the
estimator produces accuracy-like values, computed
as RMSE = \/% > (Pt — pls:h))2 over the m
target domains.

Finally, we evaluate the performance of the error
prediction models directly, i.e., how well they pre-
dict whether an error occurs. For error-prediction
estimators, we report binary F1 for predicting
whether base-model outputs are correct or incorrect
error labels, e.g., if the ground truth is “offensive”
and the base model predicts “not offensive,” then
the error classifier should predict “Incorrect.”

4 Experimental Setup

We present the details of the datasets we evalu-
ate our error modeling and estimation approach to
rank performance, as well as the baselines and base
models to set up our downstream task.

4.1 Datasets

We use four datasets in our study: GeoOLID,
GeoOLID-dial, GeoOLID-Synth, and Amazon Re-
views. These are described below:

GeoOLID. The GeoOLID dataset was introduced
by Lwowski et al. (2022) and used to investigate
the geographic performance disparities of offen-
sive language classifiers. GeoOLID contains over
14,000 annotated examples of tweets from n = 15
geographically and demographically diverse cities
across the United States.

GeoOLID-Dial. We introduce GeoOLID-Dial, a
paired benchmark for measuring dialect-related
disparities in offensive language classification. It
builds on GeoOLID (Lwowski et al., 2022), which
contains over 14,000 annotated tweets from 15
geographically and demographically diverse U.S.
cities. We apply Multi-VALUE (Ziems et al., 2023)
to generate controlled dialectal variants of the orig-
inal examples through lexical, syntactic, and mor-
phosyntactic transformations while preserving se-
mantic intent. The resulting dataset consists of

semantically paired examples that differ mainly in
dialectal surface form, allowing us to test whether
offensive language classifiers produce different pre-
dictions across English dialects. Representative
examples are shown in Appendix 12. The sample
size in GeoOLID-Dial amounts to n = 52 dialects.

GeoOLID-Synth. We also introduce further lin-
guistic variation into the GeoOLID dataset by map-
ping existing cities into a list of new cities to reach
n = 100 sample cities. We randomly sample a
candidate city a and conduct example-level trans-
formations into a target city b via LLM inference
using LLAMA-3.1-8B-INSTRUCT. Specifically,
we ask the LLM to generate the same example as if
it were spoken by an individual from target city b.

Amazon Reviews. The second dataset used in our
study is the Amazon Reviews dataset introduced
by (Hou et al., 2026). This dataset comprises over
570 million reviews and 48 million items across 33
product categories. To create a balanced and more
manageable subset for analysis, we selected all dis-
tinct product categories, assigned each review a
positive or negative label based on its numerical
rating, and randomly sampled 1,000 reviews for
each label. This dataset is used because it has many
categories to test and rank (compared to only 15
from GeoOLID), making it ideal for evaluation as
a robustness check. Also, it provides clear, diverse
distributional differences compared to GeoOLID-
dial (which has more syntactic than semantic dif-
ferences) and GeoOLID, which is more similar
because differences across cities are not always
direct.

4.2 Baselines and Models

We explore multiple sets of baselines and models
in our experiments. First, we describe our error
estimation baselines. These baselines estimate per-
formance in a variety of ways. These methods are
not LLM judges. Second, we evaluate on a wide
variety of “baseline models.” These models predict
the main classes in all our datasets, e.g., offensive
vs. not offensive for the GeoOLID dataset vari-
ations and positive vs. negative for the Amazon
review datasets. Finally, we evaluate many “judges,”
both supervised and modern LLLM judges.

Error Estimation Baselines. We evaluate drift-
based baselines that estimate performance with-
out labeled data, matching the names used in Ta-
bles 3—1 to benchmark our failure-based approach.
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Pmean T Tmean T Acc@3 1  Rec@31 RMSE| F11 p-value, p-value,
Estimation Baselines
LINGUISTIC DATASET DRIFT (Chang et al., 2023) .169 —.006 .342 219 .346 — .232 .226
SEMANTIC DRIFT (cos) .308 224 .196 174 — — .206 197
TOKEN FREQUENCY DIVERGENCE (JS-div) —.363 .264 .015 .025 — — .253 .256
COVARIATE SHIFT (K -S) (Poenaru-Olaru et al., 2025) .057 .050 .070 .078 — — .280 .264
ZERO-SHOT BASELINE MODEL .004 .007 .068 .098 129 — AT2 .245
Error Modeling and Estimation
ROBERTA .392 201 — — .055 .170 163 .164
LINEAR MODEL .024 .008 .015 .059 134 — 539 530
ZERO-SHOT ERROR MODEL 454 .338 174 .252 202727 .100 .003
GPT40-MINI .848 711 .822 .662 .029 .785 .004 .004
LLAMA-3.1-8B-INSTRUCT 720 .o71 719 568 .098 .734 .011 .010
GEMMA-3-12B-IT .844 .709 .878 711 035  .724 .004 .002
QWEN3-4B-INSTRUCT-2507 770 623 727 507 082 .767 .001 .001
LLM AVERAGE .795 .653 .786 612 .061  .752 .005 .004

Table 1: Aggregated combinatorial metrics across 4 base models over the Amazon Reviews (Hou et al., 2026) dataset,
where n = 33 real product category datasets with 1,000 examples per label per domain.

As our first baseline, we employ the LINGUIS-
TIC DATASET DRIFT method (Chang et al., 2023),
which leverages fine-grained, learned linguistic fea-
tures to predict performance. Inspired by this work,
we test a more general cosine distance-based SE-
MANTIC DRIFT (cos) as a second baseline to mea-
sure the semantic proximity between predicted and
reference label texts using SBERT embeddings
(Reimers and Gurevych, 2019). For each exam-
ple ¢« we compute the maximum cosine similarity
over candidate labels, s; = maxycy cos (egi, ey),
and estimate domain-level performance by aver-
aging these scores, Ag = Nid Zf\;‘ll 5;. Also in-
spired by the previous work, we use the TOKEN
FREQUENCY DIVERGENCES as baseline to esti-
mate out-of-domain performance. We also measure
the COVARIATE SHIFT using the KOLOGOMOROV-
SMIRNOV (K-S) statistic (Poenaru-Olaru et al.,
2025) over drifting representations, given its wide
application in unsupervised drift detection meth-
ods (Lu et al., 2018; Poenaru-Olaru et al., 2022;
Bayram et al., 2022; Lewis et al., 2022), which
are expected to correlate with model performance
degradation. Lastly, to verify whether our error
model is important, we evaluate a ZERO-SHOT
BASELINE using LLAMA-3.1-8 B-INSTRUCT to
produce label predictions directly; we treat the
baseline model’s predicted labels as a proxy for
correctness and average these performances within
each domain to obtain an estimated accuracy.

Baseline Models. Our base classifiers for predict-
ing offensive language and sentiment across both
datasets include three models of increasing com-
plexity. (1) A LINEAR model, which uses lexical

and confidence-based features (details in the Ap-
pendix). (2) A ROBERTA-BASE model, fine-tuned
for each task using standard cross-entropy loss
(training details in the Appendix). (3) A LLAMA-
3.1-8B-INSTRUCT and (4) a GPT40-MINI model
evaluated in a few-shot setting, where task-specific
examples are provided through in-context prompt-
ing (the full prompt is shown in the Appendix).

Error Estimation Models. We employ four dif-
ferent LLMs and two trained models as error
models to be evaluated over our four base clas-
sifiers. We evaluate our approach over GPT40-
MINI, LLAMA-3.1-8B-INSTRUCT, GEMMA-3-
12B-IT, and QWEN3-4B-INSTRUCT-2507 in a
few-shot setting using the baseline errors in the
downstream task. The ROBERTA baseline trains a
ROBERTA-base error model (Liu, 2019) to predict
whether a base classifier’s output is correct given
the input and predicted label; we average predicted
correctness probabilities over each domain at infer-
ence. The LINEAR MODEL baseline is a logistic
regression error model n-gram features; as with
ROBERTA, we average predicted correctness to es-
timate accuracy. Training and optimization details
for the learned error models are in the Appendix.

5 Results

We report results based on two major sets of ex-
periments: Synthetic prediction experiments and
real prediction experiments. The synthetic predic-
tion experiments use randomly generated predic-
tions for each group set, with predictions tuned
to achieve a target overall accuracy. Intuitively,
this allows us to systematically test settings where
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Figure 3: Structured variation study showing the ro-
bustness of our estimator across a decreasing margin
between accuracy variables over n = 33 test categories
with the Software base category.

there are very large performance disparities across
groups (e.g., accuracy for San Antonio is 90%,
while New York is 20%), as well as settings where
there are very small differences between each
group (e.g., accuracy for San Antonio is 90%, while
New York is 89%). The real predictions are not
controllable in this way. Here we evaluate real
classifiers applied to out-of-domain target datasets.

Synthetic Predictions Results. We first test
whether estimators can recover the correct domain
ranking (RQ1) and how this depends on the size of
the accuracy differences between domains (RQ2).
Instead of using a classifier’s predictions, we gen-
erate predictions with a chosen accuracy for each
domain. We define the accuracy gap 0 as the differ-
ence between the highest and lowest target accura-
cies. We assign domains evenly spaced accuracies
between these endpoints. For example, with three
domains, a highest accuracy of 90% and a gap of
10 percentage points (6 = 0.10) give target accura-
cies of 90%, 85%, and 80%. Reducing the gap to
1 percentage point (§ = 0.01) gives 90%, 89.5%,
and 89%. This lets us test both domains with large
performance differences and domains whose per-
formance is nearly identical.

To generate predictions for each domain, we cal-
culate the number of incorrect predictions needed
for its target accuracy, rounding down to a whole
number. We select that many examples uniformly
at random and assign them incorrect predictions.
Predictions for all remaining examples match their
gold labels. For example, a target accuracy of 90%
on 1,000 examples requires 100 incorrect predic-
tions and 900 correct predictions. The estimators
receive no target-domain gold labels. We rank do-
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Figure 4: Rank correlations for the synthetically aug-
mented GeoOLID (Lwowski et al., 2022) dataset with
per-city linguistic variations and structured performance
variations over the Seattle, WA base city, where n = (15
real cities + 85 synthetic cities).

mains by their estimated performance and compare
this ranking with the assigned ordering using Spear-
man’s p and Kendall’s 7. We repeat this evaluation
with different values of J to measure how rank-
ing reliability changes as performance differences
widen.

Small performance differences make rankings
less reliable. Figure 3 reports results on Amazon
Reviews using the Software base category, with mar-
gins from 1 to 10 percentage points. Rankings gen-
erally improve as the margin widens. GEMMA-3-
12B-1T performs best throughout, improving from
p = .39 at the smallest margin to .96 at the largest.
QWEN3-4B-INSTRUCT improves from .25 to .92,
and GPT40-MINT from .25 to .78. The trend is less
consistent for LLAMA-3.1-8B-INSTRUCT, which
falls from .34 at 1 percentage point to .20 at 5 be-
fore reaching .79 at 10. At the smallest margin,
all four judges have weak correlations (p = .25—
.39). Thus, even the strongest judges struggle to re-
cover the ordering when true accuracies are closely
spaced.

Larger performance differences help, but relia-
bility also varies across datasets. Figure 4 reports
results on the synthetically augmented GeoOLID,
using Seattle, WA as the base city across 15 real
and 85 synthetic cities. Both rank correlations im-
prove as the margin widens: Spearman’s p rises
from .20 at 5 percentage points to .53 at 30, while
Kendall’s 7 rises from .14 to .39. However, correla-
tions remain lower overall than on Amazon Reviews,
despite the larger imposed performance gaps. This
is consistent with the weaker real-prediction results
for GeoOLID reported below. Together, these ex-
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periments show that wider performance gaps gener-
ally improve ranking reliability, but do not ensure
equally reliable rankings across datasets.

Real Predictions. We now evaluate rankings using
actual predictions from base classifiers on out-of-
domain data. Unlike the synthetic experiments, we
do not control the accuracy differences between do-
mains. These differences depend on the classifier
and the data. We compare estimated and true rank-
ings to assess ranking reliability (RQ1), variation
across models and domains (RQ2), and the poten-
tial for dialect and geographic auditing (RQ3).

RQ1: How reliably do estimators rank domains?
LLM error models produce the strongest rank-
ings on Amazon Reviews (Table 1), with results
aggregated across four base classifiers. GPT40-
MINT achieves p = .848 and 7 = .711, followed
closely by GEMMA-3-12B-IT at p = .844 and
7 = .709. The average Spearman correlation
across the four LLM judges is .795. Drift base-
lines produce much weaker rankings: SEMANTIC
DRIFT reaches p = .308, COVARIATE SHIFT is
near zero (p = .057), and TOKEN FREQUENCY
DIVERGENCE is negative (p = —.363). The re-
ported p-values for both rank correlations are below
.05 for all four few-shot LLM judges and above
.05 for the drift baselines.

Acc@3 and Rec@3 show a similar advantage
for recovering the three highest-performing cat-
egories. GEMMA-3-12B-IT achieves the best
Acc@3 (.878) and Rec@3 (.711), despite GPT40-
MINI having a slightly higher overall rank correla-
tion. Thus, the best method for recovering the full
ordering is not necessarily the best for recovering
the top three domains.

Neither absolute estimation error nor instance-
level F1 fully captures ranking reliability.
ROBERTA has a lower RMSE than LLAMA-3.1-
8B-INSTRUCT (.055 versus .098), but a much
lower rank correlation (p = .392 versus .720).
Similarly, GEMMA-3-12B-IT has a lower error-
prediction F1 than LLAMA-3.1-8B-INSTRUCT
(.724 versus .734), yet ranks domains more
accurately. The ZERO-SHOT ERROR MODEL
also achieves a comparable F1 (.727) but a lower
p (.454). These comparisons show that domain
ranking needs to be evaluated directly rather than
inferred from RMSE or F1.

RQ2: How does reliability vary across models
and domains? The LLM judges recover strong

Metric 0.91
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0.8 3 rho 49 0.79 0.79
. 0.75
2] 0.65
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Figure 5: Ranking correlations across the 52 dialect-
mapped targets in GeoOLID-Dial, generated with
Multi-VALUE (Ziems et al., 2023). We show the five
source cities with the highest Spearman correlations.

rankings on Amazon Reviews even though true ac-
curacies cluster near .70 (Figure 7). Thus, closely
spaced accuracies do not always prevent reliable
ranking with real predictions.

However, ranking quality is lower on GeoOLID-
Dial (Table 16). QWEN and GEMMA achieve
the highest Spearman correlations (.594 and .592),
with Kendall correlations of .456 and .465, re-
spectively. LLAMA follows at p = .508 and
7 = .387. All three outperform the LINEAR base-
line (p = .164, 7 = .107), but their rank corre-
lations are lower than on Amazon Reviews. The
reported p-values are below .05 for both correla-
tions for GEMMA and QWEN, but not for LLAMA
or LINEAR.

The dialect results also show why low RMSE is
not enough: LINEAR has the lowest RMSE (.042)
but the weakest rankings. GEMMA achieves the
highest Acc@3 (.467) and ties with LLAMA for
the highest Rec@3 (.378), despite QWEN having a
slightly higher p.

Together, these results show that ranking reliabil-
ity varies with both the estimator and the evaluation
setting. The comparison between 33 product cate-
gories and 52 dialect targets also changes the task
and type of domain shift, so it does not isolate the
effect of the number of domains.

RQ3: Can LLM judges support dialect and ge-
ographic auditing? The results across 52 dialect
targets show that LLM judges can recover perfor-
mance rankings across many language varieties,
although reliability varies by source city. Fig-
ure 5 shows the five source-city settings with the
strongest rankings. Spearman’s p is approximately
.79 for San Antonio, Miami, and New York, ris-
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pmean T Pp  Tmean T 7, Acc@31 Rec@3t RMSE |

LINEAR 164 .264 107 286 .200 133 .042
GEMMA 592 .038 465 .045 .467 .378 132
LLAMA 508 .072 387 072 .400 .378 195
QWEN 594 .041 456 .044 .400 .356 .262

Table 2: GeoOLID-Dial error model results compared
to the Linear baseline.

ing to .84 for Philadelphia and .91 for Indianapolis.
Kendall’s 7 ranges from approximately .60 to .75.

Error Analysis. In GeoOLID-Dial, for instance,
when using Chicago few shots and testing over the
African American dialect, we find 127 false nega-
tives, 548 true positives, 183, false positives, and
117 true negatives. For example, the post “That
market gon crash tomorrow morning. Numbers
gon continue to rise. Persons gon continue to die"
which was predicted as not offensive via the base
training city Phoenix which is a correct prediction,
was misclassified by the error model as error. This
highlights a major disparity over the African Amer-
ican Vernacular dialect over benign statements. In
the Amazon Reviews, we find 1, 758 true positives
(i.e., positive label is correct), 485 false negatives,
219 true negatives, and 538 false positives. For ex-
ample, “This says it comes with one of the plastic
wipes bins. It did not. I LOVE these wipes. My son
has very sensitive skin and we can use them on his
face (after meals) without causing redness,” which
is labeled as a negative review, was misclassified
as a positive review. Hence, when the error model
judge is given the example along with the related
prediction as positive, its judgment of its own pre-
diction is ‘correct” This example is a cascading
failure mode where there is an overconfidence in
the sentiment and the validity judgment, likely due
to “I LOVE these wipes". The impact can be at
large, where the estimating model’s trustworthi-
ness is questionable under the test-time domain.
Other instances include the LLM refusing to give
a response, which may impact performance if not
accounted for in downstream tasks.

Implications. Our results suggest several implica-
tions for large-scale NLP evaluation and auditing.
First, LLM-as-a-judge frameworks appear promis-
ing for large-scale disparity analysis when la-
beled data is unavailable. Across geographic and
dialect-based settings, LLLM judges consistently
outperform drift and similarity baselines in recov-
ering ordinal performance relationships. Although
rankings become unreliable when true performance

differences are very small, practitioners often need
to identify domains, dialects, or populations with
substantially degraded performance. We therefore
view LLM-based ranking as a useful triage mech-
anism for identifying groups that require deeper
inspection or additional data collection, while still
encouraging real evaluation data for underserved
communities.

Second, direct performance prediction and rank-
ing quality should be treated as separate evaluation
problems. Several methods achieved low RMSE
while producing weak rankings, showing that accu-
rate average estimates do not necessarily preserve
which domains perform best or worst. This dis-
tinction matters for fairness-sensitive deployment,
where relative disparities may matter more than ex-
act accuracy estimates. Moreover, ranking matters
when comparing 100s or even thousands of groups.

Third, the results highlight the importance of do-
main heterogeneity. Ranking was easier when true
performance differences were larger, while tightly
clustered domains were difficult for all methods.
Some benchmarks may therefore underestimate
the usefulness of label-free auditing because their
domains are too similar to produce a stable ordi-
nal structure. More broadly, large-scale evaluation
across dialects, geographic regions, and socially
meaningful subpopulations may benefit from com-
bining label-free ranking with targeted human an-
notation.

6 Conclusion

We studied label-free performance ranking for
large-scale NLP auditing. Across domain, geo-
graphic, and dialect-based settings, we find that
ranking domains by expected performance is dif-
ficult for traditional drift and similarity methods.
LLM-based error estimators are more reliable, pro-
ducing better rank correlations and top-k auditing
results. However, low RMSE does not always im-
ply good ranking, showing that absolute error and
ordinal reliability should be evaluated separately.
Overall, our results suggest that label-free ranking
is a promising tool for identifying underserved do-
mains and language varieties, but it should be used
carefully in fairness-sensitive deployments.
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7 Limitations

This study has several limitations. First, our exper-
iments focus on classification tasks. While clas-
sification is a common setting for domain-level
auditing, the results may not directly extend to
generation, question answering, summarization, or
multimodal tasks, where correctness is harder to
define and may require more complex judging cri-
teria.

Second, the reliability of label-free ranking de-
pends on the quality and stability of the error model.
LLM judges may be sensitive to prompt word-
ing, demonstration selection, model family, and re-
peated sampling. We evaluate several LLM judges
and find broadly consistent trends, but future work
should more directly study prompt robustness, seed
sensitivity, and the effects of varying the number
or types of in-context examples.

Third, GeoOLID-Dial uses controlled dialect
transformations rather than naturally occurring di-
alect data. This design allows us to isolate dialectal
surface variation while holding meaning mostly
fixed, which is useful for controlled evaluation.
However, synthetic transformations may not cap-
ture the full social, regional, and contextual com-
plexity of real dialect use. Future work should test
whether similar ranking patterns hold on naturally
occurring dialect corpora and with human valida-
tion of dialect quality.

Fourth, some domains have very similar true per-
formance. In these cases, rankings are inherently
unstable because small changes in estimated per-
formance can change the ordering. This is not only
a limitation of our methods, but a property of the
evaluation setting. For auditing, these cases may be
less practically important than settings where some
domains clearly perform worse than others, but
they still show why rank-based evaluation should
be interpreted with care.

Finally, our results should be viewed as evidence
that label-free ranking can support audit triage, not
as a replacement for targeted human annotation or
real evaluation data. The goal is to help identify
domains, regions, or language varieties that may
need closer inspection. Once those areas are identi-
fied, human-centered evaluation and data collection
remain necessary, especially in fairness-sensitive
deployment settings.
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A Appendix

A.1 RoBERTa Model Hyper-parameters

We set the tokenizer for ROBERTA to ROBERTA-
BASE, learning rate of the base model to 1e — 5,
learning rate of the error model to 5e — 5, max
length to 128, base model epochs to 20, error model
epochs to 20, training batch size to 16, evaluation
batch size to 32, warmup steps to 500, weight de-
cay to .01, train-test split seed to 42, and internal
evaluation size to .1.

A.2 Linear Model

Based on a comparison of prediction accuracies be-
tween the COUNT and TF-IDF vectorizers, the se-
lected linear classifier model used TF-IDF vector-
ization with stop-word elimination and uni-gram
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tokenization. The linear error model employed
TF-IDF vectorization with stop-word elimination
and bi-gram tokenization. Bi-grams were selected
based on having the highest Spearman rank coef-
ficients for error prediction of other models, e.g.,
ROBERTA and LLMs, when compared with uni-
gram and tri-gram tokenization.

User
Text: {text} -> Predicted Label: {label}

(¢) GeoOLID-Synth Prompt

SYSTEM
You are a helpful assistent. Your task is to syn-

A.3 LLM Prompts
(a.1) Base Model System Prompt for GeoOLID

SYSTEM

You are a helpful assistant. Your task is to provide
sound judgement on the nature of the text that
will be provided to you. If you think the text is
offensive, please say "offensive’. If you think the
text is not offensive, please say 'not offensive’.
Take into consideration human tone. Here are
some examples:

User/Assistant Few-shot Examples
Text: {text}
Label: {label}

User
Text: {text}

(a.2) Base Model System Prompt for Amazon

SYSTEM

You are a helpful assistant. Your task is to provide
sound judgement on the nature of the text that will
be provided to you. Your task is sentiment anal-
ysis. If you think the text is positive, please say
’positive’. If you think the text is neutral, please
say 'neutral’. If you think it is negative, please
say 'negative’. Only say ’positive’, "negative’, or
’neutral’. Here are some examples:

User/Assistant Few-shot Examples

Text: {text}
Label: {label}

User
Text: {text}

(b) Error Model System Prompt

SYSTEM

You are a helpful assistant. Your task is to check
whether our prediction is an error or not based
on sound judgment about the nature of the text.
You will check if the predicted label is correct for
the given text. If you think the predicted label
is correct, please say 'correct’. If you think the
predicted label is wrong, please say ’error’. Only
say "error’ or "correct’. Please note that the order
of the examples does not matter - the content
matters. Here are some examples:

User/Assistant Few-shot Examples
Text: {text} -> Predicted Label: {label}
Error Label: {label}

thetically generate an adapted version of the text
based on the specified original category, to match
the new category, based on how they speak there.
Only give the related text, do not give any other
explanation.

User

Text: {text}

Original Category: {original category}
New Category: {new category }

B Baselines

B.1 Linguistic Dataset Drift

We reproduce the method in (Chang et al., 2023)
via their publicized Github repository. This work
consists multiple experiments to eventually calcu-
late drift metrics that are used to predict model
performance on novel data. We reproduce their
method in its entirety. First, after we configure
our datasets into their code, we run the JS-distance,
cross-entropy, and raw example sequence length
experiments, which use the roberta-base Hugging
Face model tokenizer. Then, we get the spaCy
drift metrics (e.g., POS n-gram divergences, con-
tent word frequency divergences) at the dataset
level and the example level (i.e., vocabulary and
structural drift). Next, we fine-tune and evaluate a
RoBERTa-base model over the classification task
on all domains. We compute the pre-trained cosine
embedding metrics as well as the fine-tuned ones.
With these aggregated metrics, we run their logistic
regression to predict whether the model will get an
example correct. Using their method as a perfor-
mance estimator, we evaluate it over our baseline
models.

B.2 Semantic Drift

Inspired by their work, we implement our version
of semantic drift between our training and test sets.
Specifically, we get the SBERT embeddings asso-
ciated with the train and test sets, get the pairwise
cosine similarity at the example level, then get the
maximum values assigned to the train-test pair, and
use that value as an estimator.

B.3 Token Frequency Divergences

We tokenize each train set and test set iteratively
to retrieve the token frequency divergence values.
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Pmean  Tmean Acc@3 Rec@Q3 RMSE F1 p-value, p-valuer
Estimation Baselines
LINGUISTIC DATASET DRIFT (Chang et al., 2023) —-.022 -.018 280 225 140 — .480 .495
SEMANTIC DRIFT (cos) 223 .243 307 .288 — — .237 237
TOKEN FREQUENCY DIVERGENCE (JS-div) .066 .051 .649 388 — — .b84 .554
COVARIATE SHIFT (K-S) (Poenaru-Olaru et al., 2025) 125 .041 .330 254 — — .488 .545
ZERO-SHOT BASELINE MODEL .253 .181 .000 .000 .099 — .002 .007
ZERO-SHOT ERROR MODEL .608 .469 .899 516 332 454 122 .070
Error Modeling and Estimation via Supervied Learning
ROBERTA 375 .283 .683 460 .071 — .281 275
LINEAR MODEL 118 .091 249 .166 .043 — 372 .397
LLM-as-a-judge Framework
GPT40-MINI 526 .408 766 521 137 812 .160 .166
LLAMA-3.1-8B-INSTRUCT .636 484 799 bTT 274 728 .059 .067
GEMMA-3-12B-IT .635 491 .833 488 213 487 .081 .090
QWEN3-4B-INSTRUCT-2507 443 .330 .699 504 340 448 .154 154
LLM AVERAGE 560 428 774 522 241 .618 113 119

Table 3: Aggregated combinatorial metrics across 4 base models over the GeoOLID (Lwowski et al., 2022) dataset,
where n = 15 real city datasets with ~ 1, 000 examples per domain in an imbalanced base class setting.

ERROR MODEL Pmean Tmean p-value, p-value, ERROR MODEL Pmean Tmean p-value, p-valuer
GPT40-MINI 783 .625 .010 .008 GPT40-MINI 757 .590 .005 .008
LLAMA-3.1-8B-INSTRUCT 811 640 .014 .014 LLAMA-3.1-8B-INSTRUCT 766 — .002 —
GEMMA-3-12B-IT 789 638 .031 .031 GEMMA-3-12B-IT .806 .649 .001 .002
QWEN3-4B-INSTRUCT-2507 711 542 .000 .000 QWEN3-4B-INSTRUCT-2507 .506 .365 .092 .106

Table 4: Dataset-aggregated metrics over the GPT40-
MINI baseline model over the Amazon Reviews (Hou
etal., 2026) dataset, where n = 33 real product category
datasets with 1, 000 examples per label, per domain in
a balanced base class setting.

ERROR MODEL Pmean Tmean p-value, p-value-
GPT40-MINI .526 405 .014 .009
LLAMA-3.1-8B-INSTRUCT 526 405 .014 .009
GEMMA-3-12B-IT 775 .609 .012 .008
QWEN3-4B-INSTRUCT-2507 647 492 .000 .000

Table 5: Dataset-aggregated metrics over the LLAMA -
3.1-8B-INSTRUCT baseline model over the Amazon
Reviews (Hou et al., 2026) dataset, where n = 33 real
product category datasets with 1,000 examples per la-
bel, per domain in a balanced base class setting.

Specifically, for each set of examples, we pool
the tokens at the dataset level to get their associ-
ated frequency distributions and compute the JS-
divergence between the two datasets, and use that
value as our estimator.

B.4 Covariate Shift

We retrieve the LLAMA 8B representations for
each train/test set and compute Kologomorov-
Smirnov test over the distribution shift and use
that as our estimator.

Table 6: Dataset-aggregated metrics over the GPT40-
MINI baseline model over the GeoOLID (Hou et al.,
2026) dataset, where n = 15 real product city datasets
with 1,000 examples per domain in an imbalanced base
class setting.

ERROR MODEL Pmean Tmean p-value, p-valuer
GPT40-MINI 766 .586 .002 .004
LLAMA-3.1-8B-INSTRUCT 770 .594 .007 .012
GEMMA-3-12B-IT 775 .588 .002 .005
QWEN3-4B-INSTRUCT-2507 463 .320 141 179

Table 7: Dataset-aggregated metrics over the LLAMA -
3.1-8B-INSTRUCT baseline model over the GeoOLID
(Hou et al., 2026) dataset, where n = 15 real product
city datasets with 1,000 examples per domain in an
imbalanced base class setting.

C Compute

We use 4 NVIDIA H100 GPUs and 4 A6000 GPUs
spread across 3 servers for our experiments.

D Additional Results

Table 17 reports the average accuracy of the base
models across the Amazon Reviews and GeoOLID
datasets. Performance varies by model and dataset,
with ROBERTA achieving the highest overall ac-
curacies (.730 on Amazon Reviews and .878 on
GeoOLID). The LINEAR model performs lowest
on both datasets (.574 and .790), while the large
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ERROR MODEL Pmean Tmean p-value, p-valuer ERROR MODEL Prmean Tmean p-value, p-valuer
GPT40-MINI .481 — 120 — GPT40-MINI 1902 .803 .002 .002
LLAMA-3.1-8B-INSTRUCT 593 459 .042 .041 LLAMA-3.1-8B-INSTRUCT 788 .640 .013 .012
GEMMA-3-12B-IT 629 485 .030 .032 GEMMA-3-12B-IT .895 781 .002 .000
QWEN3-4B-INSTRUCT-2507 -.081 -.066 738 752 QWEN3-4B-INSTRUCT-2507 1936 817 .000 .000

Table 8: Dataset-aggregated metrics over the LINEAR
baseline model over the GeoOLID (Hou et al., 2026)
dataset, where n = 15 real product city datasets with
1,000 examples per domain in an imbalanced base class
setting.

ERROR MODEL Pmean Tmean p-value, p-valuer
GPT40-MINI .206 158 492 518
LLAMA-3.1-8B-INSTRUCT 415 299 186 211
GEMMA-3-12B-IT 333 245 293 322
QWEN3-4B-INSTRUCT-2507 .079 .053 579 561

Table 9: Dataset-aggregated metrics over the ROBERTA
baseline model over the GeoOLID (Hou et al., 2026)
dataset, where n = 15 real product city datasets with
1,000 examples per domain in an imbalanced base class
setting.

language models (GPT40-MINI and LLAMA-3.1-
8B-INSTRUCT) fall in between, averaging around
.75 on Amazon Reviews and .79 on GeoOLID.
These results show that base model performance
differs across datasets and model types, with
GeoOLID generally yielding higher accuracies.
Table 15 presents the average accuracy and
F'1 scores for the error prediction models. The
LINEAR error model achieves the highest accura-
cies overall (.734 on Amazon Reviews and .825
on GeoOLID), followed by GPT40-MINT (.674
and .737) and LLAMA-3.1-8B-INSTRUCT (.716
and .644). GEMMA and QWEN perform worse
across both datasets, with notably low F'l scores
on GeoOLID (.487 and .203). These results indi-
cate that while larger models can learn complex
patterns, simpler error models can produce stable
and competitive accuracy estimates across datasets.
Figures 3 illustrate the relationship between per-
formance ranking and the margin of true accu-
racy differences for the Detroit training category
in GeoOLID. The first figure shows how Spearman
rank correlation decreases as the margin between
true accuracies narrows, demonstrating that rank-
ing reliability weakens when performance gaps are
smaller. The second figure applies the same analy-
sis under an error-informed setting, where perfor-
mance variation is guided by the model’s predicted
error distribution. In this case, correlations remain
higher across decreasing margins, suggesting that
model-informed variation better preserves ranking

Table 10: Dataset-aggregated metrics over the LINEAR
baseline model over the Amazon Reviews (Hou et al.,
2026) dataset, where n = 33 real product category
datasets with 1, 000 examples per label, per domain in
a balanced base class setting.

ERROR MODEL Pmean Tmean p-value, p-valuer
GPT40-MINI 832 .687 .004 .005
LLAMA-3.1-8B-INSTRUCT 753 .599 .004 .004
GEMMA-3-12B-IT 913 791 .000 .000
QWEN3-4B-INSTRUCT-2507 768 .622 .004 .003

Table 11: Dataset-aggregated metrics over the
ROBERTA baseline model over the Amazon Reviews
(Hou et al., 2026) dataset, where n = 33 real product
category datasets with 1,000 examples per label, per
domain in a balanced base class setting.

consistency. Together, the figures highlight how
performance differences and error structure influ-
ence correlation stability across datasets.

In Table 13, we show the significance of our
findings using Fisher’s Z transformation. We find
significance across models observed via p-values
< .001 and high correlations with the LLMs.

In Table 14, we show the results of our additional
experiments where we aggregate all drift metric
baselines using a logistic regression, and observe
modest correlations of p = .449 and 7 = .339.

Real Data Results across Domains. Tables 3 and 1
present the Spearman rank correlation between esti-
mated and true model performance across different
domains. Each value represents how well the rank-
ing produced by the error-prediction method aligns
with the actual ranking of accuracies across cities
in GeoOLID or product categories in Amazon Re-
views. The average scores at the rightmost column
are computed across all training domains. For com-
parison, the baseline results are the average of three
approaches: semantic drift and a zero-shot base-
line. These baselines capture how similarity-based
or unsupervised methods perform when no explicit
error modeling is used.

Table 3 reports results on GeoOLID. The base-
line measures yield weak or inconsistent results,
with average correlations below .30 across all three
baselines. In contrast, the error-prediction ap-
proaches show much stronger and more stable cor-
relations. The large language model predictors
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Original City  Original Text

Dialect Transformation

Transformed Text

New York Couldn’t agree more! Just wash Indian South African Dialect Couldn’t agree more! Just wash
your damn hands!! y’all’s damn hands!!

New York Fuck not Forrest! New Zealand Dialect Are Fucking not Forrest!

New York Bruhhh more niggas have died Southeast American Enclave Dialect Bruhhh more niggas died from
from the actual flu then this that actual flu then this here
corona shit im so done with yall corona slam died im so did with

yall

New York Don’t forget Fake Christian Southeast American Enclave Dialect ~Aren’t forgetting Fake Christian

New York This virus is gonna be so much Rural African American Vernacular This here virus gonfor be so
bigger and worse than we think much more bigger and more

worse for we thinks

New York Tell that to the man who died Ghanaian Dialect Are Telling that the man who
in Washington state from coro- had died Washington state coron-
navirus avirus

Table 12: Example Dialect transformations.
Model Dataset Mean Fisher’s Z STD Fisher’s Z Z Statistic P-value
GPT40-mini GeoOLID 0.58921 0.07658 28.78837 Rk
LlaMa-3.1-8B  GeoOLID 0.7351 0.06862 40.08135 ek
Gemma-3-12B-it  GeoOLID 0.7542 0.072 39.19211 A
Qwen-3-8B GeoOLID 0.32757 0.08811 13.91012 HAE
Linear GeoOLID 0.12803 0.10935 4.3808 A
RoBERTa GeoOLID 0.45105 0.1108 15.23199 HAHE

Table 13: Significance tests using Fisher’s Z transformation.
Note: We use * if p-value is <= 0.05, ** if <= 0.01, and *** if less than 0.001

Kendall Tau
0.339

Spearman Rho

0.449

Table 14: Ensembled drift metrics with logistic regres-
sion correlations.

perform best, with LLAMA-3.1-8B-INSTRUCT
and GEMMA-3-12B-IT achieving average correla-
tions of .625 and .635, respectively. These models
capture consistent ranking differences across cities
such as Houston (.707) and Memphis (.562), indi-
cating that ranking reliability improves when true
accuracy differences are larger and geographically
structured. The smaller ROBERTA and LINEAR
models perform less consistently, averaging .419
and .126, respectively, suggesting that they capture
less of the structure in regional variation.

Table 1 shows results for the Amazon product re-
view dataset. Here, ranking performance is notably
weaker, with most correlations close to zero. The
LINEAR model and LLAMA-3.1-8B-INSTRUCT
again perform best, with average correlations of
.346 and .392, while other models show low or neg-

Error Model Dataset Average Acc.  Average F1
Linear Amazon 734 -
Linear GeoOLID .825 -
GPT40-mini Amazon .674 750
GPT40-mini GeoOLID 137 812
LLaMa-3.1-8B Amazon 716 780
LLaMa-3.1-8B GeoOLID .644 728
Gemma Amazon .632 453
Gemma GeoOLID .687 487
Qwen Amazon 372 457
Qwen GeoOLID .644 203

Table 15: Error models’ combinatorial average accuracy
and average F1 scores per dataset.

ative values. This pattern aligns with the narrow
accuracy distribution seen in Figure 7, where ac-
curacies cluster near .70 with a standard deviation
of only .015. When the range of true performance
is small, small prediction errors can easily change
rank order, leading to unstable results. In contrast,
Figure 6 shows a wider spread in GeoOLID accu-
racies (¢ = 0.81, o = 0.028), producing stronger
signals for ranking. The relatively strong perfor-
mance of the Linear model aligns with the Seman-
tic Drift baseline, as both rely on shallow lexical or
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Base City P T Acc@3  RecQ3 p-value, p-value;
Indianapolis, IN .909 147 1.00 .667 .000 .000
Philadelphia, PA .838 .645 1.00 .667 .000 .000

Miami, FL 794 .613 1.00 .667 .000 .000

New York, NY .794 .596 .000 .667 .000 .000
San Antonio, TX 791 .618 1.00 1.00 .000 .000
Los Angeles, CA 729 .539 .000 .000 .000 .000
Chicago, IL .632 AT75 1.00 .333 .000 .000
Baltimore, MD .566 .405 .000 .333 .000 .000
Phoenix, AZ .559 410 1.00 .667 .000 .000
Detroit, MI .486 .355 .000 .333 .000 .000
Columbus, OH .365 .261 .000 .333 .008 .007
New Orleans, LA .300 .235 .000 .000 .031 .016
Houston, TX 116 .071 .000 .000 414 467

El Paso, TX 073 .057 .000 .000 .605 .563
Memphis, TN —.304 —.209 .000 .000 .028 .033

Table 16: Ranked evaluation over the Multi-Value (Ziems et al., 2023) dialect-mapped GeoOLID (Lwowski et al.,

2022) dataset with n = 52 target dialects.
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Figure 6: Histogram showing the base model accuracy
ranges with their respective statistics on the GeoOLID-
Dial dataset.

confidence-based cues that generalize well across
categories. These features capture broad sentiment
polarity and stylistic consistency across product
types, allowing both methods to recover smooth,
monotonic estimates even when absolute perfor-
mance differences are minimal.

Table 16 reports ranked evaluation results over
the dialect-mapped GeoOLID-Dial benchmark
with n = 52 target dialects. Ranking performance
varies substantially depending on the source city
used to train the base classifier. Indianapolis, IN
achieves the strongest overall ranking performance,
with p = .909 and 7 = .747, followed by Philadel-
phia, PA (p = .838, 7 = .645). Other cities such
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Figure 7: Histogram showing the base model accuracy
ranges with their respective statistics on the Amazon
Reviews (Hou et al., 2026) dataset.

as Miami, FL, New York, NY, and San Antonio,
TX also produce strong ordinal recovery, all with
p =~ .79. In contrast, cities such as Houston, TX
(p = .116), El Paso, TX (p = .073), and especially
Memphis, TN (p = —.304) show weak or unstable
rankings across dialects. The top-performing cities
also achieve strong auditing metrics, with several
reaching perfect Acc@3 = 1.00, while San Anto-
nio, TX achieves both perfect Acc@3 = 1.00 and
Rec@3 = 1.00. Most high-performing cities yield
statistically significant correlations (p < .001),
whereas weaker-performing cities such as Hous-
ton and El Paso fail to achieve significance. Over-
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all, these results suggest that some source cities
produce substantially more transferable ranking
signals across dialectal variation than others, likely
reflecting differences in linguistic coverage and
robustness to dialectal shifts.

Figures 6 and 7 show the empirical distribu-
tion of true base-model accuracies across domains
for GeoOLID-Dial and Amazon Reviews. The
two datasets exhibit notably different performance
spreads, which helps explain the ranking behavior
observed in the main results. In GeoOLID-Dial,
accuracies are distributed more broadly around
a mean of 4 = .810 with standard deviation
.028, spanning approximately .74 to .88.
This wider spread produces clearer ordinal struc-
ture between domains, making it easier for error-
prediction methods and LLLM judges to recover
the correct ranking relationships across dialects
and cities. This pattern aligns with the stronger
rank correlations reported in the main experiments,
where several methods achieve p > .75 and statisti-
cally significant ranking consistency across dialect-

g =

mapped targets.
In contrast, Amazon Reviews exhibits a much
narrower distribution centered around p = .700

with standard deviation o0 = .015, where most do-
mains cluster tightly between roughly .68 and .72.
Because the true performance differences between
product categories are substantially smaller, even
minor estimation errors can change the induced or-
dering of domains. This helps explain why ranking
becomes less stable under small margins and why
several methods produce weaker or inconsistent
correlations despite relatively competitive RMSE
values. Together, these distributions support the
central finding of the paper: ranking reliability de-
pends strongly on the underlying heterogeneity and
spread of true domain performance, rather than
only on absolute estimation accuracy.

Table 11 reports the combinatorial average down-
stream classification accuracy for each base model
across the Amazon Reviews and GeoOLID datasets.
On Amazon Reviews, GPT40-MINI achieves the
strongest average accuracy (.751), followed closely
by LLAMA-3.1-8B (.745) and ROBERTA (.730),
while the LINEAR model performs substantially
worse (.574). On GeoOLID, ROBERTA achieves
the highest average accuracy (.878), outperform-
ing both GPT40-MINI (.782) and LLAMA-3.1-8B
(.793). These results show that the proposed label-
free estimators are evaluated across base classifiers
with different architectures and substantially dif-

Base Model Dataset Average Acc.
RoBERTa Amazon 730
RoBERTa GeoOLID .878
Linear Amazon 574
Linear GeoOLID .790
GPT40-mini Amazon 751
GPT40-mini GeoOLID 782
LLaMa-3.1-8B Amazon 745
LLaMa-3.1-8B GeoOLID 793

Table 17: Base models’ combinatorial average accuracy.

ferent performance levels, providing a more con-
trolled setting for analyzing ranking reliability.

E Dialect Translations

Section 12 presents representative examples from
GeoOLID-Dial after applying the Multi-VALUE
dialect transformations. The examples illustrate
how lexical, syntactic, and morphosyntactic vari-
ation is introduced while preserving the original
semantic intent and offensive-language label. For
instance, transformations include features associ-
ated with African American English (e.g., habitual
“be”), Appalachian English constructions, and Chi-
cano English lexical or grammatical variation. By
holding the underlying meaning largely constant
while modifying dialectal surface form, GeoOLID-
Dial provides a controlled setting for evaluating
whether classifiers and label-free estimators remain
robust across socially and geographically mean-
ingful language varieties. This setup also reduces
confounds from topic or label shifts, allowing per-
formance differences to be more directly attributed
to dialectal variation.

F Speedup

For a practical test time setting, assuming the in-
coming data is 1,000 examples, and a particu-
lar model is selected, the Llama error model per-
forms as follows over a server with an NVIDIA
A6000 GPU, we achieve a running time of 0 min-
utes and 27.55 seconds. This is much faster and
cost-effective than human labelers, and an A6000
is not an extremely expensive GPU.

G Use of Al

We used Al only to help write the paper, e.g., to fix
grammar and sentences. All ideas are our own.
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