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Abstract

In many human-annotated NLP tasks involv-
ing ambiguity or subjective judgment, annota-
tor disagreement reflects epistemic uncertainty
rather than noise. Soft labeling (SL), which
represents annotations as probability distribu-
tions rather than majority-vote (MV) labels,
preserves this uncertainty and can improve
downstream performance. We extend this per-
spective to LLM-based annotation by formaliz-
ing LLM soft labeling as introducing controlled
variation in model-generated annotations to ap-
proximate the latent variability underlying hu-
man annotations. We distinguish two sources
of variation: model-induced (e.g., stochastic
decoding and model ensembles) and human-
approximated (e.g., persona prompting and
human-calibrated in-context annotation). Us-
ing the Gab Hate and GoEmotions datasets, we
show that SL training consistently outperforms
MV training under stronger LLM-based anno-
tation strategies. Model ensembles produce
the most informative soft-label distributions,
achieving the best human–LLM agreement and
downstream classification performance. These
findings suggest that scalable LLM-based an-
notation pipelines can model epistemic uncer-
tainty through diverse model-level variation
without explicitly simulating human attributes.

1 Introduction

Annotated data underpin many machine learning
tasks, including classification, ranking, retrieval,
and evaluation. Most pipelines assume a single
ground-truth label, resolving disagreement via ma-
jority vote and collapsing meaningful variation in
human judgments into a single “hard” label (Basile
et al., 2021).

Recent work in NLP has increasingly questioned
this assumption (Uma et al., 2021). In many tasks,
such as stance detection, hate speech, or sentiment
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analysis, texts can support multiple plausible in-
terpretations, and disagreement may reflect gen-
uine ambiguity rather than error. More broadly,
mapping high-dimensional linguistic signals into a
small set of discrete categories often makes multi-
ple labels defensible for a single instance.

Soft labeling captures this uncertainty by mod-
eling the distribution of annotator judgments, and
has been shown to improve performance in ambigu-
ous settings while preserving epistemic uncertainty
(Liang, 2026; Li et al., 2025; Meissner et al., 2021).
More recently, its applicability extends beyond clas-
sification to tasks such as personality modeling (Li
et al., 2025) and evaluation of open-ended LLM
responses (Jiang et al., 2025), where pluralistic
disagreement is preferred and expected.

LLMs are increasingly used as automated anno-
tators, enabling scalable evaluation and labeling
(Gu et al., 2024). However, most LLM annotation
pipelines still produce a single label, either from
one generation or via majority vote across outputs,
thereby discarding uncertainty (Davani et al., 2022).
Simply sampling multiple outputs may be insuffi-
cient, as recent work shows substantial homogene-
ity within model families (Jiang et al., 2025).

To address this, we formalize LLM-based soft la-
beling as introducing controlled variation in model-
generated annotations to approximate the latent
variability underlying human annotations. We dis-
tinguish two sources of variation: model-induced
(e.g., stochastic decoding, model ensembles) and
human-approximated (e.g., persona prompting,
human-calibrated in-context annotation), yielding
four LLM-based annotation strategies.

We further introduce a unified evaluation frame-
work spanning soft and hard labeling, combining
individual-level agreement and downstream per-
formance metrics applicable to both soft-label and
majority-vote training. Using the Gab Hate and
GoEmotions datasets, we show that soft-label train-
ing consistently outperforms majority-vote under
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stronger strategies, particularly model ensembles
and human-calibrated in-context annotation.

Our main contributions are: (1) we formalize
LLM-based soft labeling as controlled variation
that approximates latent human annotation variabil-
ity; (2) we propose a unified evaluation framework
compatible with both soft-label and majority-vote
training; and (3) we identify model ensembles as
the most effective strategy, challenging the assump-
tion that annotation diversity requires explicit sim-
ulation of human attributes.

2 Related Work

2.1 Soft Labeling as Modeling Epistemic
Uncertainty

Soft labeling has been applied in a range of do-
mains, including emotion detection (Washington
et al., 2021), hate speech detection (Davani et al.,
2022), COVID-related misinformation and stance
detection (Wu et al., 2023), image classification
(Collins et al., 2022; Peterson et al., 2019), and
clinical data analysis (de Vries and Thierens, 2025).
Across these studies, models trained on soft labels
often exhibit better calibration and robustness, and
in some cases improved predictive performance
(e.g., higher F1 and lower cross-entropy), com-
pared with models trained on majority-vote labels
(Collins et al., 2022; de Vries and Thierens, 2025;
Davani et al., 2022; Yuan et al., 2023).

A growing body of work develops methods to
learn from soft labels. For example, Fornaciari et al.
(2021) propose a multi-task learning framework
that predicts label distributions alongside standard
classification outputs. Davani et al. (2022) model
each annotator as a separate task while sharing a
common representation of the input text, enabling
models to directly learn from annotator disagree-
ment. Wang and Yoon (2022) incorporate soft la-
bels through knowledge distillation, where proba-
bilistic outputs from a teacher model provide richer
supervision for training. Collins et al. (2022) col-
lect probabilistic judgments from annotators to con-
struct confidence-based soft labels across multiple
classes. Wu et al. (2023) propose a Bayesian con-
fidence calibration framework that improves clas-
sification performance by incorporating annotator
confidence and secondary labels. Overall, these
studies highlight the potential of soft labeling as a
principled approach for capturing annotation uncer-
tainty and improving both model calibration and
robustness (Meissner et al., 2021).

2.2 LLM-Based Annotation

Recent advances in LLMs have enabled their use
as scalable substitutes for human annotators. Com-
pared with human annotation, LLM labeling can
be substantially more efficient while achieving per-
formance comparable to that of human coders (Gi-
lardi et al., 2023; Tan et al., 2024; Wang et al.,
2024). Prior research shows that LLMs perform
well across a range of tasks, including stance detec-
tion (Gilardi et al., 2023), sentiment analysis (Wu
et al., 2024), event extraction (Chen et al., 2024),
and topic classification (Alizadeh et al., 2025; Teku-
malla and Banda, 2023). These applications span
multiple domains, including computer vision (Sap-
kota et al., 2025; Yamagata and Yamada, 2024),
public health (Goel et al., 2023; Tekumalla and
Banda, 2023), and social sciences (Gilardi et al.,
2023; Horych et al., 2025). Additionally, stud-
ies also demonstrate that LLMs can produce reli-
able annotations under both zero-shot (Tekumalla
and Banda, 2023; Sapkota et al., 2025) and few-
shot prompting (Ahmed et al., 2025; Espinosa and
Salathé, 2024; Goel et al., 2023; Wu et al., 2024)
settings, highlighting their effectiveness even when
limited task-specific training data are available. Re-
cent work further shows that persona-prompted
LLMs can increase annotation diversity, and that
persona effects on LLM annotations align with
subjective variation observed in human judgments
(Fröhling et al., 2025).

In most studies, however, LLM-generated an-
notations are collapsed into single labels through
majority vote before downstream use (Choi et al.,
2024; Horych et al., 2025; Vallejo Vera and Drig-
gers, 2025; Wang et al., 2024), discarding variation
that may reflect uncertainty or multiple plausible
interpretations. While some approaches explore di-
versity through persona prompting (Fröhling et al.,
2025; Lee et al., 2026), a systematic framework for
modeling and evaluating such variation in LLM-
based annotation remains underdeveloped.

3 LLM-Based Soft Labeling

Human soft labeling arises from variation across
annotators. In traditional annotation pipelines, each
document is labeled by multiple individuals, and
the resulting distribution of judgments captures
epistemic uncertainty across annotators.

Formally, given annotations from a set of anno-
tators a ∈ A, the empirical soft-label distribution
can be written as:
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phuman(y | x) = 1

|A|
∑

a∈A
1[ya = y],

where ya denotes the label assigned by anno-
tator a. This empirical distribution can also be
interpreted as arising from latent differences across
annotators (Davani et al., 2022). Let h denote latent
annotator characteristics (e.g., experience, bias, or
demographics). The human annotation distribution
can then be written as:

phuman(y | x) = Eh∼p(h) [1[g(x, h) = y]] ,

where g(x, h) denotes the label assigned by an
annotator with characteristics h, and p(h) repre-
sents the distribution of perspectives within the
annotator population.

Our LLM formulation mirrors this perspective
by replacing latent human annotator characteristics
h with a generic variation variable z. Similarly, the
LLM soft-label distribution can be defined as:

pLLM(y | x) = Ez∼q(z) [1[fθ(x, z) = y]] ,

where fθ(x, z) denotes the label predicted by the
model for document x under variation condition
z, and q(z) represents the distribution over varia-
tion sources. While some LLM-based annotation
studies attempt to design z to correspond to human
factors (e.g., personality or demographic personas)
(Fröhling et al., 2025), our formulation and empiri-
cal results suggest that z does not need to directly
represent human attributes.

Previous work suggests that labeling disagree-
ment can arise from multiple sources of variation
in human judgments (Plank, 2022). Similarly, z
can represent any mechanism that induces varia-
tion in model labeling behavior, such as stochastic
decoding, model ensembles, or prompt variations.

Based on this framework, we examine four LLM-
based soft labeling strategies. Our methods in-
troduce variation through two sources. The first
source is model-induced variation, which arises
from stochastic decoding or differences across
model families. The second source is human-
approximated variation, which attempts to approx-
imate systematic differences observed in human
annotators, such as demographic perspectives or
individual labeling tendencies. We introduce the
four approaches here, with implementation details
provided in Section 5.3.

3.1 Model-Induced Variation

The first class of approaches introduces variation
through properties of the model itself.

Single-Model Repeated Sampling. Multiple
annotations are generated by repeatedly sampling
from the same LLM using stochastic decoding,
with variation reflecting the model’s output dis-
tribution. High-temperature sampling is a common
baseline in LLM-based annotation diversity studies
(Wang et al., 2025).

Model Ensembles. Annotations are generated
from multiple LLMs and aggregated to simulate
inter-annotator disagreement arising from differ-
ences across models. Ensembles have been utilized
as a promising approach for predicting different
annotators’ labels (Davani et al., 2022).

3.2 Human-Approximated Variation

The second class of approaches aims to approxi-
mate structured sources of variation observed in
human annotation.

Demographic Persona Prompting. Models are
prompted with demographic personas that condi-
tion responses on group-level attributes such as
ideology, age, gender, or education, which prior
studies have considered relevant factors in anno-
tation judgments (Spinde et al., 2021). Previous
studies have explored various persona prompting
strategies, including personality traits (Lee et al.,
2026; Jiang and Akçakır, 2025), demographic at-
tributes (Fröhling et al., 2025), as well as multilin-
gual prompting with culturally associated cues, to
enhance diversity in annotations and social norm
judgments (Wang et al., 2025).

Human-Calibrated In-Context Annotation.
Models are conditioned on examples labeled by
specific human annotators, allowing the model
to approximate annotator-specific labeling tenden-
cies. Previous studies have explored ensemble ap-
proaches that train models on labels from different
annotators to approximate multi-annotator super-
vision (Davani et al., 2022). LLMs leverage in-
context learning without retraining, substantially
reducing computational cost.

4 Soft Labeling Measurement

Empirically, the human annotation distribution
phuman(y | x) provides a natural reference point
for evaluation, as the goal of LLM-based soft label-
ing (SL) is to capture empirical variation in human
labeling judgments.
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4.1 Individual-Level Agreement
Previous work typically evaluates LLM–human
agreement using standard classification metrics
(e.g., accuracy and F1) and intercoder agreement
measures such as Cohen’s Kappa or Krippendorff’s
Alpha (Basile et al., 2021; Vallejo Vera and Drig-
gers, 2025). However, these metrics rely on hard
labels, requiring annotations to be collapsed into a
single label (i.e., majority votes or MV), making
them incompatible with soft-label distributions.

In this study, we adopt an evaluation metric that
can be applied consistently to both hard labels and
soft labels, allowing for a direct comparison be-
tween human and LLM annotation distributions
under both SL and MV settings. Specifically, we
use mean absolute error (MAE) (Törnberg, 2024).
In a binary annotation problem, MAE is defined as
follows:

MAE =
1

|D|

|D|∑

i=1

|ℓhuman(xi)− ℓLLM(xi)| ,

where D denotes the set of items and ℓ(x) de-
notes the label representation used for comparison.

For soft labels, we use the probability distribu-
tion to calculate MAESL:

ℓ(x) = p(y | x),
For majority-vote labels, we convert the distribu-

tion into a hard label to calculate MAEMV :

ℓ(x) = 1[p(y | x) > 0.5],

4.2 Downstream Performance
Downstream performance serves as a key crite-
rion for directly comparing LLM-based annotation
strategies under both MV and SL paradigms. MV
typically uses F1 scores, while SL relies on cross-
entropy (CE). To ensure consistency, we incorpo-
rate calibration metrics (e.g., Expected Calibration
Error or ECE), which measure the alignment be-
tween predicted probabilities and empirical out-
comes and are compatible with both settings.

Traditional Metrics. Traditional classification
metrics such as accuracy, precision, recall, and F1
treat the gold label as a single deterministic cate-
gory. These metrics apply directly to MV labels
derived from the human annotation distribution.
For models trained with SL, predicted class prob-
abilities are converted to a single predicted label

using the argmax operator, allowing evaluation
using the same metrics.

Cross Entropy. Recent work in NLP has pro-
posed evaluating classification models using CE
with SL, which reflects the full distribution of an-
notator judgments rather than enforcing a single
correct label (Basile et al., 2021). For document xi,
CE is defined as:

ℓ(xi) = −
∑

y∈Y
phuman(y | xi) log pLLM(y | xi),

where phuman(y | xi) is the human soft-label dis-
tribution and pLLM(y | xi) is the predicted probabil-
ity distribution. Overall performance is computed
as the mean CE across N documents:

CE =
1

|D|

|D|∑

i=1

ℓ(xi).

Calibration. To evaluate the quality of the
model’s uncertainty estimates, we report ECE (Guo
et al., 2017). ECE assesses how well predicted
probabilities align with empirical outcomes, cap-
turing model calibration under both MV and SL
settings. Predictions are partitioned into M confi-
dence bins. Let Im denote the set of predictions
whose confidence falls in bin m, ECE is defined
as:

ECE =

M∑

m=1

|Im|
|D| |acc(Im)− conf(Im)| .

We also compute a soft variant of ECE that
accounts for annotation disagreement (Liang,
2026). For each instance, predicted confidence
is defined as the maximum predicted probability,
maxy pLLM(y | x), while soft correctness is de-
fined as the human probability assigned to the
model’s predicted class. ECEsoft is defined as:

ECEsoft =

M∑

m=1

|Im|
D

|soft(Im)− conf(Im)| .

5 Experiments

5.1 Datasets

We evaluate our framework on the Gab Hate
and GoEmotions datasets, both of which provide
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annotator-level labels and anonymous IDs, en-
abling simulation of annotator-specific labeling be-
havior under human-approximated variation.

Gab Hate (Target Label: Hate) (Kennedy et al.,
2022) is a dataset of 27,665 Gab posts (Gaffney,
2018) annotated for hate speech using a detailed
codebook. Due to sparsity in other variables, we
focus on the binary hate label (13% positive). Each
post is labeled by at least three annotators from a
pool of |A| = 18 (mean = 3.13 annotations per
post). Following our experimental setup, we use
an 80/20 train–test split and sample 10% of the
training set for experiments.

GoEmotions (Target Label: Admiration)
(Demszky et al., 2020) is a 58K Reddit emotion an-
notation benchmark with fine-grained multi-label
emotion annotations. We focus on the Admiration
label (8% positive), which exhibits relatively high
inter-annotator reliability in the dataset. Each post
is labeled by a pool of |A| = 82 annotators (mean
= 3.64 annotations per post). We use the same
80/20 train–test split procedure and sample 5% of
the training set for experiments.

For both datasets, we additionally sample 100 ×
A annotator-specific demonstration examples from
the remaining training data for in-context learning
while ensuring no document overlap with training
or test sets.

5.2 Model Selection

We evaluate a diverse set of closed- and open-
source instruction-tuned models. For all LLM
soft-labeling strategies (except model ensembles),
we use GPT-4O-MINI and open-source models
QWEN2.5-7B, LLAMA3-8B, MISTRAL-7B, and
QWEN3-30B.

For the model ensemble strategy, we vary the
ensemble composition to match the average an-
notator count of each dataset. For Gab Hate
(3 annotators/document), we evaluate CLOSED-
3 (GPT-4O-MINI, GEMINI-3-FLASH-PREVIEW,
CLAUDE-HAIKU-4-5), OPEN-7B-3 (QWEN2.5-7B,
LLAMA3-8B, MISTRAL-7B), 2O+1C (two open-
source models and one closed-source model), and
2C+1O (two closed-source models and one open-
source model).

For GoEmotions (4 annotators/document), we
retain CLOSED-3 and OPEN-7B-3, and addition-
ally evaluate two four-model hybrid ensembles:
2O+2C-1 and 2O+2C-2.

5.3 Experimental Setup

In this section, we describe the implementation
details of the four soft-labeling strategies intro-
duced in Section 3. To maintain comparability with
the original human annotation structure, model-
induced variation approaches generate LLM-based
annotations that match the average number of an-
notations per document (N ) in the benchmark
datasets, whereas human-structured variation ap-
proaches simulate annotator pools (A) and preserve
the original per-document annotation counts.

Single-Model Repeated Sampling. For each
document, we independently query a single LLM
N times using stochastic decoding (T = 0.7).
These annotations are treated as simulated annota-
tor labels. Performance is evaluated separately for
each model.

Model Ensembles. To introduce variation
across model families, we construct several model
ensembles. For each document, N annotations are
sampled from N (i.e., three to four) different mod-
els within the ensemble using outputs generated in
the single-model sampling stage. Annotations are
sampled without replacement, and the ensemble
construction is repeated with independent random
samplings to account for randomness in ensemble
composition. Performance for each ensemble con-
figuration is averaged across runs.

Demographic Persona Prompting. To approx-
imate structured variation observed in human an-
notation, we simulate a pool of A annotators using
demographic personas. Each persona is defined
by a combination of demographic attributes sam-
pled to roughly reflect distributions reported in the
United States Census Bureau (2020). We consider
three attributes associated with variation in label-
ing judgments: political ideology (PID ∈ {con-
servative, liberal, moderate}), gender ({male, fe-
male}), and education level (EDU ∈ {high school,
bachelor’s, graduate}). Three independent persona
pools are generated to capture variation in demo-
graphic composition. Each persona generates one
annotation per document using deterministic decod-
ing (T = 0), as variation is introduced explicitly
through persona conditioning. Results are averaged
across the three persona pools.

Human-Calibrated In-Context Annotation.
To approximate individual annotator behavior, we
use in-context learning with examples labeled by
specific human annotators. For each annotator, a
subset of their previously labeled documents is in-
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Model macro-F1 CE ECE ECEsoft
Gab Hate - Hate

Human Benchmark
Training Data 0.052 -0.138 -0.060 -0.036

Model Ensembles
CLOSED-3 0.002 0.043 -0.019 0.019
OPEN-7B-3 0.001 -0.179 -0.061 -0.039
2C+1O -0.002 -0.113 -0.042 -0.013
2O+1C 0.014 -0.133 -0.056 -0.037

Human-Calibrated In-Context Annotation (50 Instances)
GPT-4O-MINI 0.015 -0.011 -0.033 -0.007
LLAMA-3-8B-INSTRUCT 0.004 -0.124 -0.042 -0.026
MISTRAL-7B-INSTRUCT -0.001 -0.041 -0.016 0.010
QWEN2.5-7B-INSTRUCT 0.000 0.017 -0.029 0.000
QWEN3-30B-INSTRUCT -0.001 -0.019 -0.025 0.000

GoEmotions - Admiration
Human Benchmark

Training Data -0.003 -0.003 -0.026 -0.023
Model Ensembles

CLOSED-3 0.007 -0.033 -0.019 -0.002
OPEN-7B-3 0.026 -0.051 -0.023 -0.008
2C+2O-1 0.074 -0.047 -0.023 -0.008
2C+2O-2 0.031 -0.077 -0.030 -0.015

Human-Calibrated In-Context Annotation (50 Instances)
GPT-4O-MINI 0.067 0.003 -0.006 0.011
LLAMA-3-8B-INSTRUCT 0.007 -0.088 -0.025 -0.012
MISTRAL-7B-INSTRUCT 0.059 -0.132 -0.026 -0.012
QWEN2.5-7B-INSTRUCT -0.030 -0.039 -0.013 0.000
QWEN3-30B-INSTRUCT 0.015 -0.094 -0.029 -0.013

Table 1: Soft Labeling (SL) consistently outperforms
Majority Vote (MV) across most metrics. Perfor-
mance differences between SL and MV supervision
(∆ = SL − MV) across the two datasets. Red values
indicate performance degradation under SL.

cluded in the prompt as few-shot demonstrations,
after which the model predicts labels for new docu-
ments. We construct four calibration settings with
10, 25, 50, and 100 examples per annotator, with
examples randomized within the prompt to miti-
gate ordering effects. Each persona produces one
annotation per document using deterministic de-
coding (T = 0), as variation is introduced explic-
itly through annotator-specific in-context examples.
Performance is reported separately for each few-
shot condition.

5.4 Evaluation

We evaluate LLM annotators under both SL
and MV paradigms across two dimensions: (1)
Individual-level: deviation from human annota-
tions is measured using MAE on label distributions
(SL) and, for comparison, MAE on hard labels de-
rived via MV; (2) Classification performance: we
fine-tune a ROBERTA classifier (AdamW, lr=1e-5,
weight decay=0.01) with early stopping, averaged
over five seeds. We report both SL and MV met-
rics, including macro-F1, ECE, ECEsoft, and CE
(see Section 4 for details).

5.5 Results

SL vs. MV in Subjective Tasks. Table 1 reports
the relative performance of SL over MV across

evaluation metrics (∆ = SL − MV) for the two
stronger strategies across the two datasets (weak
ones are reported in Appendix A). SL yields consis-
tent improvements in CE, with most configurations
showing negative ∆CE, indicating better align-
ment with the human label distribution.

SL also tends to improve calibration. Across
both ensemble-based and human-calibrated in-
context annotation settings, ECE and ECEsoft gen-
erally decrease, indicating better correspondence
between predicted confidence and empirical cor-
rectness. In contrast, improvements in macro-F1
are small and inconsistent, as expected for a metric
based on hard predictions. Overall, these results
suggest that SL is most effective when annotation
strategies produce structured, informative disagree-
ment rather than arbitrary variation.

Comparison Across Four Strategies. Table
2 (reporting average performance across model-
specific results in Appendix B) compares annota-
tion strategies under both MV and SL using hu-
man–LLM agreement and classification metrics.
Overall, model ensembles achieve the strongest and
most consistent performance across both datasets
and all evaluation dimensions.

For the Gab Hate dataset, SL under model en-
sembles improves distributional alignment and
calibration while maintaining comparable macro-
F1. The same overall trend appears in GoEmo-
tions, where SL consistently performs better on
distribution-sensitive and calibration metrics. En-
semble methods also achieve relatively low MAE
across datasets, indicating closer alignment with
human annotation distributions.

Human-calibrated in-context annotation yields
comparable results. Across both datasets, SL im-
proves distributional and calibration metrics with-
out sacrificing hard-label performance, suggesting
that preserving annotator uncertainty helps models
better approximate human label distributions.

More broadly, improvements under SL are more
pronounced for CE and calibration metrics than for
macro-F1 across annotation strategies. This pat-
tern suggests that the primary advantage of SL lies
in improving probabilistic alignment with human
judgments and uncertainty estimation rather than
substantially changing hard-label classification ac-
curacy. Model-specific performance comparisons
across annotation strategies for each dataset are
reported in Appendix B.

Human-Calibrated In-Context Annotation.
Figure 1 examines how performance varies with
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Majority Vote (MV) Soft Labeling (SL)
Condition MAE ↓ macro-F1 ↑ CE ↓ ECE ↓ ECEsoft↓ MAE ↓ macro-F1↑ CE↓ ECE ↓ ECEsoft ↓

Gab Hate - Hate
Human Benchmark – 0.657 (0.046) 0.526 (0.131) 0.092 (0.017) 0.092 (0.017) – 0.709 (0.021) 0.388 (0.032) 0.032 (0.010) 0.056 (0.006)
Single-Model 0.1016 0.656 (0.021) 0.614 (0.229) 0.114 (0.032) 0.114 (0.032) 0.1134 0.651 (0.025) 0.706 (0.152) 0.114 (0.038) 0.141 (0.035)
Model Ensembles 0.0820 0.674 (0.023) 0.575 (0.206) 0.104 (0.027) 0.104 (0.027) 0.0923 0.678 (0.020) 0.479 (0.066) 0.059 (0.017) 0.086 (0.016)
Persona Prompting 0.1260 0.640 (0.020) 0.783 (0.280) 0.147 (0.030) 0.147 (0.030) 0.1348 0.642 (0.021) 0.851 (0.200) 0.140 (0.030) 0.163 (0.027)
In-Context Annotation 0.1082 0.658 (0.022) 0.564 (0.214) 0.112 (0.032) 0.112 (0.032) 0.1128 0.661 (0.022) 0.528 (0.109) 0.083 (0.033) 0.107 (0.029)

GoEmotions - Admiration
Human Benchmark – 0.794 (0.010) 0.209 (0.019) 0.041 (0.004) 0.041 (0.004) – 0.791 (0.008) 0.206 (0.011) 0.015 (0.011) 0.018 (0.006)
Single-Model 0.0630 0.677 (0.037) 0.360 (0.096) 0.058 (0.011) 0.058 (0.011) 0.0780 0.699 (0.057) 0.358 (0.078) 0.045 (0.013) 0.060 (0.013)
Model Ensembles 0.0570 0.680 (0.071) 0.346 (0.072) 0.055 (0.010) 0.055 (0.010) 0.0720 0.715 (0.038) 0.294 (0.036) 0.031 (0.007) 0.046 (0.008)
Persona Prompting 0.0620 0.657 (0.054) 0.379 (0.087) 0.060 (0.010) 0.060 (0.010) 0.0800 0.660 (0.058) 0.414 (0.081) 0.055 (0.010) 0.070 (0.010)
In-Context Annotation 0.0700 0.659 (0.065) 0.390 (0.129) 0.060 (0.017) 0.060 (0.017) 0.0800 0.683 (0.056) 0.320 (0.032) 0.040 (0.010) 0.055 (0.010)

Table 2: Model ensembles consistently achieved the best average performance across both datasets, followed
by in-context annotation. Aggregated performance comparison of annotation strategies under Majority Vote (MV)
and Soft Labeling (SL) supervision for Gab Hate and GoEmotions. Blue bold indicates the best-performing result
across all conditions, while black bold indicates the second-best result. In-context annotation uses 50 instances.

the number of annotator-specific examples in the
in-context learning setup for Gab Hate. Overall, in-
creasing the number of in-context annotations from
0 to 50 generally improves distribution-sensitive
metrics (e.g. CE, ECE, ECEsoft). However, these
gains are not monotonic. Performance typically
peaks around 50 examples, after which additional
context yields diminishing returns or slight degra-
dation across several metrics. The right panel fur-
ther shows that the advantage of SL over MV is
strongest at moderate levels of in-context supervi-
sion, especially for CE.

Similar patterns are observed for GoEmotions
(Figure 2 in Appendix C), where SL consistently
improves CE and calibration relative to MV across
most models. Unlike Gab Hate, however, GoEmo-
tions also exhibits more substantial and consistent
gains in macro-F1, suggesting that SL may provide
stronger benefits for categorical prediction perfor-
mance in emotion recognition tasks.

6 Discussion

Consistent with theoretical expectations and prior
findings on human soft-label annotations (Collins
et al., 2022; Fornaciari et al., 2021; Liang, 2026),
SL training generally outperforms MV training
across the evaluation spectrum (F1, ECE, ECEsoft,
and CE) in our experiments on Gab Hate and GoE-
motions, both of which involve substantial anno-
tator disagreement (Table 1). Although certain
metrics may occasionally favor MV supervision
(e.g., F1 or ECE), SL training consistently provides
stronger overall performance in settings that re-
quire modeling epistemic uncertainty arising from
diverse human perspectives. These findings further
motivate the use of LLM-based soft labeling as a
scalable annotation strategy for tasks where such
uncertainty is inherent.

Importantly, this advantage depends on whether
the annotation strategy produces sufficiently in-
formative disagreement signals. In particular, the
SL advantage emerges for the two strongest LLM-
based annotation strategies: model ensembles and
annotator-calibrated in-context learning. In con-
trast, weaker variation mechanisms, such as re-
peated sampling from a single model or demo-
graphic persona prompting, do not reliably repro-
duce these benefits, as shown in Table 3. These
patterns remain consistent across a broad range of
models and across both the Gab Hate and GoEmo-
tions datasets.

Recognizing these benefits, we formalize LLM-
based soft labeling as introducing controlled varia-
tion in model-generated annotations through two
conceptual sources: model-induced variation and
human-approximated variation. This specification
differs from many prior LLM-based annotation ap-
proaches that assume annotation diversity must
arise from explicitly modeling human attributes
(Fröhling et al., 2025).

Following this formulation, we observe that the
most effective mechanism, model ensembles, does
not require explicit representation of human at-
tributes. Instead, it consistently outperform most
single-model sampling and demographic persona
prompting, with particularly strong performance
under the SL training paradigm across all evalua-
tion metrics and both datasets.

The second strongest strategy is human-
calibrated in-context learning, which conditions
models on examples labeled by individual annota-
tors. Interestingly, in both datasets, performance
peaks when approximately 50 annotated examples
are provided. Increasing the number of examples
beyond this point does not yield monotonic im-
provements and may even slightly degrade perfor-
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Figure 1: Soft Labeling (SL) outperforms Majority Vote (MV) most strongly at moderate levels (25–50
instances) of in-context supervision. Performance under MV and SL supervision across varying numbers of
in-context annotations for Gab Hate. The right panel shows the difference (∆ = SL − MV). Error bars represent
95% confidence intervals across random seeds during ROBERTA training. LLAMA-3-8B-INSTRUCT is omitted
because its 8k-token context window cannot accommodate 100 instances.

mance. This pattern raises the possibility that ex-
cessive few-shot examples constrain model gener-
alization or lead to overfitting to annotator-specific
labeling patterns within the prompt (Tang et al.,
2025). Investigating this behavior further may pro-
vide insight into the interaction between few-shot
conditioning and annotator modeling.

Finally, single-model repeated sampling shows
promising performance under the MV training
paradigm, but performs less effectively under
SL supervision. This pattern suggests that high-
temperature sampling (T = 0.7) from a single
model tends to reflect singular judgments rather
than the heterogeneous perspectives required to pro-
duce informative soft-label distributions, aligning
with previous findings on intra-model homogeneity
(Jiang et al., 2025).

Across all strategies, these findings remain con-
sistent across both individual-level human–LLM
agreement and downstream task performance, and
hold across a wide range of models as well as both
hate speech and emotion annotation tasks.

7 Conclusion

We propose a formal perspective on LLM-based
SL as introducing controlled sources of variation
in model-generated annotations to approximate the

latent variability present in human annotation pro-
cesses. This formulation relaxes the assumption
that such mechanisms must be explicitly designed
to correspond to human factors in order to effec-
tively utilize LLM-based SL.

Empirically, we find that model ensembles pro-
vide the most effective mechanism for generat-
ing informative soft-label distributions, consistent
with our expectation. Variation across model train-
ing receipt (e.g., architectures, training data, and
alignment procedures), can produce aggregated rep-
resentational differences that generate useful dis-
agreement signals, even without explicitly model-
ing human annotator characteristics. This obser-
vation also aligns with classical ensemble learn-
ing theory, where aggregating predictions from
diverse models improves performance when indi-
vidual models capture partially independent errors
(Dietterich, 2000).

More broadly, our findings highlight an impor-
tant design consideration for LLM-based annota-
tion: mechanisms that induce independent pre-
dictive variation may be more effective than ap-
proaches that attempt to directly simulate human
annotators, particularly given growing concerns
about homogenization in LLM generation and an-
notation outputs (Jiang et al., 2025).
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Limitations

While this study evaluates both SL and MV training
paradigms across a spectrum of evaluation metrics,
we do not explicitly model the latent distributional
differences between human and LLM annotators.
Future work could more directly characterize these
distributions by measuring divergences (e.g., KL
divergence) or by parametrically approximating
annotator pools using Dirichlet distributions. Such
analyses could provide additional theoretical and
empirical insight into how different LLM-based
approaches inject variation into label distributions.

Our individual annotator calibration setting
could also be extended using datasets that include
richer annotator metadata, such as Spinde et al.
(2021), which provides both annotator identities
and demographic attributes. Incorporating both
annotator behavioral history and demographic in-
formation may better approximate real human an-
notation behavior. Relatedly, future work could
explore implicit persona prompting strategies that
activate culturally associated cues (e.g., references
to food, celebrities, or birthplace), which may influ-
ence model behavior without explicitly specifying
demographic attributes (Wang et al., 2025).

Finally, although our experiments generalize
across two target labels from the Gab Hate and
GoEmotions datasets, both labels are binary vari-
ables with substantial class imbalance. Extending
the analysis to additional annotation tasks, such
as other emotions in GoEmotions or news bias la-
beling (Spinde et al., 2021), would help assess the
generality of LLM-based soft labeling across do-
mains with different label distributions and task
characteristics.

Ethics Statement

This study uses publicly available datasets released
for research purposes and does not involve new data
collection or personally identifiable information.

Following ACL responsible NLP guidelines, we
note that tasks such as hate speech and stance clas-
sification involve inherently subjective judgments.
To preserve this variation, we use soft labels rather
than collapsing annotations into a single hard label.

We acknowledge that both the data and resulting
models may reflect societal biases present in the
underlying text and annotations. Model predictions
should therefore be interpreted with caution, partic-
ularly in sensitive contexts. This work is intended
for research purposes only and not for deployment

in high-stakes or fully automated decision-making
systems.

To support transparency and reproducibility, we
report all model configurations, evaluation metrics,
and experimental settings. Finally, improvements
in predictive performance or calibration do not im-
ply normative correctness, especially for subjective
classification tasks.
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Model macro-F1 CE ECE ECEsoft
Gab Hate - Hate

Human Benchmark
Training Data 0.052 -0.138 -0.060 -0.036

Single-Model Repeated Sampling
GPT-4O-MINI -0.002 0.202 0.001 0.043
LLAMA-3-8B-INSTRUCT 0.028 0.048 -0.021 0.006
MISTRAL-7B-INSTRUCT -0.024 -0.089 -0.016 -0.003
QWEN2.5-7B-INSTRUCT -0.036 0.047 0.034 0.042
QWEN3-30B-INSTRUCT 0.012 0.249 0.005 0.049

Demographic Persona Prompting
GPT-4O-MINI 0.003 0.169 0.004 0.035
LLAMA-3-8B-INSTRUCT -0.009 0.098 -0.005 0.026
MISTRAL-7B-INSTRUCT 0.026 -0.129 -0.023 -0.032
QWEN2.5-7B-INSTRUCT -0.005 0.035 -0.008 0.013
QWEN3-30B-INSTRUCT -0.006 0.168 -0.005 0.038

GoEmotions - Admiration
Human Benchmark

Training Data -0.003 -0.003 -0.026 -0.023
Single-Model Repeated Sampling

GPT-4O-MINI 0.005 -0.045 -0.015 0.002
LLAMA-3-8B-INSTRUCT 0.141 -0.045 -0.021 -0.007
MISTRAL-7B-INSTRUCT 0.019 -0.006 -0.011 0.003
QWEN2.5-7B-INSTRUCT -0.043 -0.008 -0.015 0.000
QWEN3-30B-INSTRUCT -0.010 0.097 -0.003 0.014

Demographic Persona Prompting
GPT-4O-MINI -0.005 0.047 -0.004 0.012
LLAMA-3-8B-INSTRUCT 0.032 0.051 -0.005 0.009
MISTRAL-7B-INSTRUCT -0.014 0.044 -0.002 0.011
QWEN2.5-7B-INSTRUCT -0.004 0.026 -0.006 0.010
QWEN3-30B-INSTRUCT 0.002 0.010 -0.008 0.008

Table 3: Performance difference between SL and
MV supervision (∆ = SL − MV) for the weaker
strategies across the two datasets. Red values indicate
performance degradation under SL.

A SL vs. MV in Weaker Strategies

Table 3 reports the performance differences be-
tween SL and MV under the two additional weaker
annotation strategies. Under these weaker super-
vision settings, MV remains comparatively com-
petitive, likely because it provides a more stable
training signal.

B Model-Specific Performance

Tables 4 and 5 report model-specific performance
comparisons across annotation strategies for each
dataset, respectively.

For the Gab Hate dataset, model ensemble SL
substantially improves distributional alignment, re-
ducing CE from 0.575 to 0.479 and improving cali-
bration, with ECE decreasing from 0.104 to 0.059
and ECEsoft decreasing from 0.104 to 0.086, while
maintaining comparable macro-F1. A similar pat-
tern emerges for GoEmotions, where CE decreases
from 0.346 to 0.294 and ECE decreases from 0.055
to 0.031 under SL. Ensemble methods also achieve
relatively low MAE across datasets (Gab Hate: MV
= 0.082, SL = 0.092; GoEmotions: MV = 0.057, SL
= 0.072), indicating closer alignment with human
annotation distributions.

Human-calibrated in-context annotation exhibits
a similar trend. On Gab Hate, SL reduces CE

from 0.564 to 0.528 and improves calibration (ECE:
0.112 to 0.083; ECEsoft: 0.112 to 0.107), while
maintaining stable macro-F1 (0.658 vs. 0.661). On
GoEmotions, CE decreases from 0.390 to 0.320,
with ECE improving from 0.060 to 0.040 and
ECEsoft decreasing from 0.060 to 0.055.

In contrast, weaker annotation strategies per-
form less reliably under SL. For single-model sam-
pling on Gab Hate, SL increases CE from 0.614
to 0.706 and worsens calibration (ECEsoft: 0.114
to 0.141). A similar but smaller degradation ap-
pears on GoEmotions, where ECEsoft increases
from 0.058 to 0.060. Persona prompting exhibits
the same pattern, with higher CE under SL for both
Gab Hate (0.783 to 0.851) and GoEmotions (0.379
to 0.414), alongside worse calibration (Gab Hate
ECEsoft: 0.147 to 0.163; GoEmotions: 0.060 to
0.070). These results suggest that demographic
variation alone does not necessarily produce infor-
mative or well-calibrated label distributions.

C Human-Calibrated In-Context
Annotation of GoEmotions

Figure 2 illustrates human-calibrated in-context
annotation on GoEmotions. Patterns are consis-
tent with those observed for the Gab Hate dataset,
where SL consistently improves CE and calibration
relative to MV across most models. In contrast
to Gab Hate, however, GoEmotions also exhibits
larger and more consistent gains in macro-F1.
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Majority Vote (MV) Soft Labeling (SL)
Model MAE ↓ macro-F1 ↑ CE ↓ ECE ↓ ECEsoft ↓ MAE ↓ macro-F1 ↑ CE ↓ ECE ↓ ECEsoft ↓

Human Benchmark
0.657 (0.046) 0.526 (0.131) 0.092 (0.017) 0.092 (0.017) 0.709 (0.021) 0.388 (0.032) 0.032 (0.010) 0.056 (0.006)

Single-Model Repeated Sampling
GPT-4O-MINI 0.059 0.691 (0.006) 0.466 (0.136) 0.083 (0.014) 0.083 (0.014) 0.08 0.689 (0.019) 0.668 (0.084) 0.084 (0.020) 0.126 (0.015)
LLAMA-3-8B-INSTRUCT 0.098 0.632 (0.025) 0.598 (0.178) 0.133 (0.027) 0.133 (0.027) 0.106 0.660 (0.026) 0.646 (0.102) 0.112 (0.026) 0.139 (0.020)
MISTRAL-7B-INSTRUCT 0.194 0.623 (0.021) 0.799 (0.202) 0.163 (0.030) 0.163 (0.030) 0.19 0.599 (0.031) 0.710 (0.182) 0.147 (0.059) 0.160 (0.049)
QWEN2.5-7B-INSTRUCT 0.098 0.641 (0.023) 0.669 (0.388) 0.112 (0.056) 0.112 (0.056) 0.109 0.605 (0.033) 0.716 (0.233) 0.146 (0.049) 0.154 (0.054)
QWEN3-30B-INSTRUCT 0.059 0.691 (0.022) 0.539 (0.142) 0.077 (0.009) 0.077 (0.009) 0.082 0.703 (0.012) 0.788 (0.104) 0.082 (0.012) 0.126 (0.009)
Avg. 0.102 0.656 (0.021) 0.614 (0.229) 0.114 (0.032) 0.114 (0.032) 0.113 0.651 (0.025) 0.706 (0.152) 0.114 (0.038) 0.141 (0.035)

Model Ensembles
CLOSED-3 0.060 0.694 (0.020) 0.467 (0.133) 0.082 (0.021) 0.082 (0.021) 0.072 0.696 (0.016) 0.510 (0.061) 0.063 (0.013) 0.101 (0.014)
OPEN-7B-3 0.107 0.661 (0.024) 0.677 (0.270) 0.123 (0.030) 0.123 (0.030) 0.116 0.662 (0.018) 0.498 (0.078) 0.062 (0.019) 0.084 (0.017)
2C+1O 0.063 0.693 (0.023) 0.545 (0.175) 0.092 (0.015) 0.092 (0.015) 0.074 0.691 (0.024) 0.432 (0.063) 0.050 (0.020) 0.079 (0.019)
2O+1C 0.098 0.650 (0.025) 0.610 (0.220) 0.117 (0.038) 0.117 (0.038) 0.107 0.664 (0.020) 0.477 (0.059) 0.061 (0.014) 0.080 (0.015)
Avg. 0.082 0.674 (0.023) 0.575 (0.206) 0.104 (0.027) 0.104 (0.027) 0.092 0.678 (0.020) 0.479 (0.066) 0.059 (0.017) 0.086 (0.016)

Demographic Persona Prompting
GPT-4O-MINI 0.081 0.676 (0.024) 0.532 (0.184) 0.099 (0.030) 0.099 (0.030) 0.093 0.679 (0.021) 0.701 (0.123) 0.103 (0.026) 0.134 (0.020)
LLAMA-3-8B-INSTRUCT 0.085 0.679 (0.013) 0.659 (0.140) 0.108 (0.015) 0.108 (0.015) 0.099 0.670 (0.016) 0.757 (0.206) 0.103 (0.032) 0.134 (0.033)
MISTRAL-7B-INSTRUCT 0.305 0.494 (0.020) 1.427 (0.537) 0.311 (0.045) 0.311 (0.045) 0.29 0.520 (0.029) 1.298 (0.295) 0.288 (0.041) 0.288 (0.041)
QWEN2.5-7B-INSTRUCT 0.103 0.658 (0.022) 0.744 (0.213) 0.133 (0.033) 0.133 (0.033) 0.115 0.653 (0.016) 0.779 (0.214) 0.125 (0.032) 0.146 (0.031)
QWEN3-30B-INSTRUCT 0.056 0.692 (0.019) 0.551 (0.071) 0.085 (0.011) 0.085 (0.011) 0.077 0.686 (0.019) 0.719 (0.097) 0.080 (0.011) 0.123 (0.009)
Avg. 0.126 0.640 (0.020) 0.783 (0.280) 0.147 (0.030) 0.147 (0.030) 0.135 0.642 (0.021) 0.851 (0.200) 0.140 (0.030) 0.163 (0.027)

Human-Calibrated In-Context Annotation (50 Instances)
GPT-4O-MINI 0.117 0.651 (0.021) 0.529 (0.157) 0.114 (0.035) 0.114 (0.035) 0.119 0.666 (0.032) 0.518 (0.164) 0.081 (0.051) 0.107 (0.046)
LLAMA-3-8B-INSTRUCT 0.127 0.618 (0.019) 0.670 (0.318) 0.137 (0.048) 0.137 (0.048) 0.129 0.622 (0.012) 0.546 (0.131) 0.095 (0.044) 0.111 (0.040)
MISTRAL-7B-INSTRUCT 0.095 0.670 (0.027) 0.618 (0.276) 0.105 (0.029) 0.105 (0.029) 0.104 0.669 (0.018) 0.577 (0.088) 0.089 (0.020) 0.115 (0.018)
QWEN2.5-7B-INSTRUCT 0.094 0.677 (0.030) 0.417 (0.050) 0.091 (0.016) 0.091 (0.016) 0.101 0.677 (0.016) 0.434 (0.036) 0.062 (0.016) 0.091 (0.013)
QWEN3-30B-INSTRUCT 0.108 0.673 (0.008) 0.586 (0.158) 0.112 (0.020) 0.112 (0.020) 0.111 0.672 (0.024) 0.567 (0.079) 0.087 (0.015) 0.112 (0.009)
Avg. 0.108 0.658 (0.022) 0.564 (0.214) 0.112 (0.032) 0.112 (0.032) 0.113 0.661 (0.022) 0.528 (0.109) 0.083 (0.033) 0.107 (0.029)

Table 4: Gab Hate performance comparison across annotation strategies under MV and SL. Bold denotes the
best within each group; blue marks the overall best across models and strategies; green indicates the best strategy
by group average, consistent with the aggregated results reported in Table 2.

Majority Vote (MV) Soft Labeling (SL)
Model MAE ↓ macro-F1 ↑ CE ↓ ECE ↓ ECEsoft ↓ MAE ↓ macro-F1 ↑ CE ↓ ECE ↓ ECEsoft ↓

Human Benchmark
0.794 (0.010) 0.209 (0.019) 0.041 (0.004) 0.041 (0.004) 0.791 (0.008) 0.206 (0.011) 0.015 (0.011) 0.018 (0.006)

Single-Model Repeated Sampling
GPT-4O-MINI 0.053 0.744 (0.014) 0.381 (0.035) 0.056 (0.001) 0.056 (0.001) 0.069 0.749 (0.016) 0.336 (0.059) 0.041 (0.007) 0.058 (0.008)
LLAMA-3-8B-INSTRUCT 0.067 0.511 (0.067) 0.391 (0.114) 0.065 (0.011) 0.065 (0.011) 0.078 0.652 (0.039) 0.346 (0.047) 0.044 (0.010) 0.058 (0.009)
MISTRAL-7B-INSTRUCT 0.065 0.672 (0.040) 0.372 (0.120) 0.057 (0.017) 0.057 (0.017) 0.082 0.691 (0.026) 0.366 (0.086) 0.046 (0.020) 0.060 (0.019)
QWEN2.5-7B-INSTRUCT 0.068 0.729 (0.018) 0.349 (0.093) 0.059 (0.010) 0.059 (0.010) 0.083 0.686 (0.115) 0.341 (0.060) 0.044 (0.014) 0.059 (0.015)
QWEN3-30B-INSTRUCT 0.061 0.729 (0.011) 0.305 (0.096) 0.051 (0.012) 0.051 (0.012) 0.079 0.719 (0.018) 0.402 (0.117) 0.048 (0.012) 0.065 (0.012)
Avg. 0.063 0.677 (0.037) 0.360 (0.096) 0.058 (0.011) 0.058 (0.011) 0.078 0.699 (0.057) 0.358 (0.078) 0.045 (0.013) 0.060 (0.013)

Model Ensembles
CLOSED-3 0.055 0.746 (0.017) 0.321 (0.080) 0.050 (0.012) 0.050 (0.012) 0.071 0.753 (0.011) 0.288 (0.033) 0.031 (0.007) 0.048 (0.006)
OPEN-7B-3 0.061 0.661 (0.080) 0.361 (0.068) 0.056 (0.013) 0.056 (0.013) 0.074 0.687 (0.048) 0.310 (0.040) 0.033 (0.007) 0.048 (0.008)
2C2O-1 0.055 0.632 (0.098) 0.342 (0.075) 0.054 (0.008) 0.054 (0.008) 0.069 0.706 (0.043) 0.295 (0.033) 0.031 (0.006) 0.046 (0.007)
2O2C-2 0.058 0.682 (0.060) 0.360 (0.062) 0.059 (0.005) 0.059 (0.005) 0.073 0.713 (0.037) 0.283 (0.039) 0.029 (0.009) 0.044 (0.011)
Avg. 0.057 0.680 (0.071) 0.346 (0.072) 0.055 (0.010) 0.055 (0.010) 0.072 0.715 (0.038) 0.294 (0.036) 0.031 (0.007) 0.046 (0.008)

Demographic Persona Prompting
GPT-4O-MINI 0.054 0.719 (0.029) 0.342 (0.093) 0.053 (0.007) 0.053 (0.007) 0.073 0.714 (0.056) 0.389 (0.054) 0.049 (0.005) 0.065 (0.006)
LLAMA-3-8B-INSTRUCT 0.071 0.574 (0.080) 0.400 (0.090) 0.066 (0.014) 0.066 (0.014) 0.087 0.606 (0.074) 0.451 (0.100) 0.061 (0.014) 0.075 (0.014)
MISTRAL-7B-INSTRUCT 0.062 0.565 (0.082) 0.389 (0.070) 0.063 (0.008) 0.063 (0.008) 0.080 0.551 (0.085) 0.433 (0.075) 0.061 (0.005) 0.074 (0.005)
QWEN2.5-7B-INSTRUCT 0.063 0.714 (0.018) 0.381 (0.088) 0.058 (0.006) 0.058 (0.006) 0.082 0.710 (0.018) 0.407 (0.083) 0.052 (0.009) 0.068 (0.009)
QWEN3-30B-INSTRUCT 0.061 0.715 (0.019) 0.382 (0.093) 0.058 (0.012) 0.058 (0.012) 0.078 0.717 (0.023) 0.392 (0.086) 0.050 (0.014) 0.066 (0.014)
Avg. 0.062 0.657 (0.054) 0.379 (0.087) 0.060 (0.010) 0.060 (0.010) 0.080 0.660 (0.058) 0.414 (0.081) 0.055 (0.010) 0.070 (0.010)

Human-Calibrated In-Context Annotation (50 Instances)
GPT-4O-MINI 0.058 0.680 (0.112) 0.325 (0.097) 0.046 (0.020) 0.046 (0.020) 0.071 0.747 (0.023) 0.328 (0.012) 0.040 (0.006) 0.057 (0.005)
LLAMA-3-8B-INSTRUCT 0.080 0.675 (0.006) 0.386 (0.138) 0.059 (0.024) 0.059 (0.024) 0.090 0.682 (0.014) 0.298 (0.033) 0.034 (0.013) 0.047 (0.013)
MISTRAL-7B-INSTRUCT 0.074 0.573 (0.085) 0.465 (0.119) 0.072 (0.011) 0.072 (0.011) 0.083 0.632 (0.087) 0.333 (0.031) 0.046 (0.009) 0.060 (0.009)
QWEN2.5-7B-INSTRUCT 0.070 0.667 (0.022) 0.408 (0.144) 0.066 (0.014) 0.066 (0.014) 0.082 0.637 (0.087) 0.369 (0.045) 0.053 (0.010) 0.066 (0.009)
QWEN3-30B-INSTRUCT 0.067 0.702 (0.025) 0.365 (0.142) 0.056 (0.013) 0.056 (0.013) 0.076 0.717 (0.008) 0.271 (0.031) 0.027 (0.010) 0.043 (0.011)
Avg. 0.070 0.659 (0.065) 0.390 (0.129) 0.060 (0.017) 0.060 (0.017) 0.080 0.683 (0.056) 0.320 (0.032) 0.040 (0.010) 0.055 (0.010)

Table 5: GoEmotions performance comparison across annotation strategies under MV and SL. Bold denotes
the best within each group; blue marks the overall best across models and strategies; green indicates the best
strategy by group average, consistent with the aggregated results reported in Table 2.

189



Figure 2: Performance under MV and SL supervision across varying numbers of in-context annotations for
GoEmotions. The right panel shows the difference (∆ = SL − MV). Error bars represent 95% confidence intervals
across random seeds in ROBERTA training. LLAMA-3-8B-INSTRUCT is omitted because its 8k-token context
window cannot accommodate 100 instances.
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