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Abstract

Due to data sparsity and high annotation cost, data augmentation has established itself as an effective tool for
boosting model performance on supervised NLP tasks. Where task-agnostic augmentation methods tend to act as
simple regularizers for the data, task-aware methods also leverage labels for the generation of data that are most
suitable for downstream tasks. While prior work has investigated generation and sampling strategies individually,
the potential of a self-supervised approach that leverages multiple pre-trained models in generation and sampling
remains underexplored. To address this issue, we present an ensemble-based framework of language models that
proposes augmentation candidates and internally reviews their suitability for low-resource text classification tasks.
We evaluate our model on six classification benchmarks and find that it consistently outperforms state-of-the-art data
augmentation baselines in classification accuracy by an average of 0.97 points in low-data scenarios.
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1. Introduction

Data augmentation (DA), the process of inferring
novel examples from a limited set of data, is a com-
monly used technique in machine learning for NLP,
where it is particularly useful in low-data settings
that impose constraints on the availability of labeled
data. Compared to DA in computer vision or signal
processing, the generation of augmented data in
NLP is more challenging due to the discrete nature
of human language that does not allow for simple
interpolation or transformation techniques.

It is commonly acknowledged that data augmen-
tation works similarly to regularizers (Zhang et al.,
2017; Hernández-García and König, 2018; Dao
et al., 2019). However, there are few conclusive an-
swers regarding the fundamental mechanisms that
make data augmentation effective, similar to the
link between regularization and model generaliza-
tion (Zhang et al., 2021). For task-aware DA, empir-
ical research indicates that a crucial advantage is
the exploitation of domain knowledge (Hernández-
García and König, 2018), which is further sup-
ported by the finding that using language mod-
els in the generation of augmented data almost
always outperforms rule-based techniques (Rashid
and Amirkhani, 2021). Furthermore, when using
pre-trained transformer models for classification,
task-agnostic DA techniques have been shown to
provide sparse and inconsistent improvements as
those models may benefit more from task-aware
DA techniques providing linguistic patterns that
are relevant to the task but not seen during pre-
training (Longpre et al., 2020). Based on these
observations, we expect that the use of multiple
pre-trained language models (PLMs) for data gen-

eration can leverage diversity in their pre-training
data to increase the odds of creating augmented
data that is beneficial to the performance of the
downstream model. In particular, we conjecture
that such an augmentation technique is especially
useful in low-data scenarios, where the availability
of original data is constrained.

Contributions. We propose an ensemble-based
method for task-aware data augmentation that lever-
ages a diverse selection of PLMs to generate can-
didates, which are reviewed and selected based
on their suitability for the downstream task in a self-
supervised setup. We demonstrate our method’s
performance against state-of-the-art baselines on
classification benchmarks, and show that we reach
competitive performance with as little as 5% of the
original training data, indicating suitability for sce-
narios with few available data.

2. Related Work

Data augmentation in NLP can coarsely be grouped
into three categories (Feng et al., 2021), of which
we consider representatives in our framework:
rule-based techniques, example interpolation tech-
niques, and model-based techniques. We discuss
these techniques in general, before touching on the
most closely related work in sample-efficient data
augmentation and data augmentation with PLMs.

2.1. Data Augmentation Background

2.1.1. Rule-based Techniques

In a relatively early work, Şahin and Steedman
(2018) propose dependency tree morphing, lever-
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aging knowledge of the syntactic structure to aug-
ment examples. Wei and Zou (2019) propose easy
data augmentation (EDA), a set of token-level ran-
dom perturbation operations including synonym
replacement, random insertion, random swap, and
random deletion. Among these, only synonym
replacement injects prior knowledge, yet random
deletion may inversely cause information loss, while
random insertion and random swap may introduce
distorted information. To eliminate these issues,
Karimi et al. (2021) subsequently propose an eas-
ier data augmentation (AEDA), which includes only
random insertion of punctuation marks into original
text, outperforming the EDA in all five datasets they
experiment.

2.1.2. Interpolation Techniques

Zhang et al. (2018), who interpolate the inputs and
labels of two real data examples to create aug-
mented data, find that interpolating only between
inputs with matching labels does not improve the
performance. Chen et al. (2020) propose MixText,
which further explores interpolation between la-
beled and unlabeled data in the higher hidden lay-
ers of pre-trained transformer models by means
of a modified consistency training. A shortcoming
of these interpolation techniques is that they only
consider the linear relationship between original
examples and lack diversity in the augmented data.
To tackle these two problems, Xie et al. (2022) pro-
pose Global Mixup, which separates augmented
data generation and label determination. In line
with this thinking, Zheng et al. (2023) differentiate
the original data based on their difficulty and train
the model in an evolutionary approach.

2.1.3. Model-based Techniques

Sennrich et al. (2016) propose a backtranslation
method, which translates the original sentence into
different intermediate languages and then back to
obtain augmented data. Kobayashi (2018) modify a
language model to contextualize the label informa-
tion for the generation of augmented data. Anaby-
Tavor et al. (2020) adapt GPT-2 (Radford et al.,
2019) into a conditional augmented data generator
and obtain substantial improvements in scenarios
with scarce data. Rather than fine-tuning a single
GPT-2 model to generate augmented data with la-
bels of all kinds, Bayer et al. (2023) take a more
fine-grained approach by fine-tuning a GPT-2 for
each label group and separately contextualize long
and short instances of text.

2.2. Sample-efficient Data Augmentation
In a review of augmentation techniques, Gontijo-
Lopes et al. (2021) demonstrate empirically that

good DA techniques tend to provide a balance
between affinity and diversity. As the quality of
augmented data tends to be unstable, inferior aug-
mented data may be generated that is redundant
or even harmful. To tackle this problem, Kamalloo
et al. (2021) propose a sample-efficient DA strategy
tailored for knowledge distillation, which they further
generalize into a universal sample-efficient frame-
work (Kamalloo et al., 2022). In contrast, Wang
et al. (2023) directly embed a prompt design.

Although it embodies the same core idea as the
above works, our data augmentation approach dif-
fers by (1) the integration of multiple distinct gen-
eration techniques, (2) the use of multiple neural
models in the example selection step, and (3) the
addition of a syntax correction module.

2.3. Data Augmentation with PLMs
For task-agnostic data augmentation of natural lan-
guage, pre-trained language models are an obvi-
ous choice since their masked language modeling
or generative capability can be used to generate
or alter text. For conditional data augmentation
that takes into account the label information, Wu
et al. (2019) fine-tune a contextualized BERT model
on downstream classification tasks by substituting
segment embeddings for label embeddings. In con-
trast, Kumar et al. (2020), incorporate label informa-
tion by prepending or appending it to the sentences.
In a more aggressive approach, Anaby-Tavor et al.
(2020) exploit the decoder architecture of a trans-
former model to generate entirely new sentences in-
stead of making localized changes. This approach
is further explored by Bayer et al. (2023) in a more
fine-grained way, who fine-tune GPT-2 for each
group of data labels. More robustly, Kumar et al.
(2020) compare the performance of DA using dif-
ferent pre-trained models, including autoencoder
models, autoregressive models and sequence-to-
sequence models. Among all 3 architectures, they
find seq2seq model to perform best in catering to
downstream tasks, reaching a balance between
diversity and semantic fidelity.

In contrast to the above works, our approach
does not rely on a single PLM to generate augmen-
tation candidates, but leverages multiple PLMs.

3. Method

Our method is based on the intuition that an ensem-
ble of (generative) language models can be used in
conjunction with task-aware reviewer models to pro-
duce high-quality augmented data. Our approach
consists of a set of proposer models that generate
augmented candidate data, followed by a grammar
correction step that checks the candidates for con-
sistency, and a set of reviewer models that select
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candidates based on their veracity for the down-
stream task for which data is augmented.

3.1. Proposer Models
The task of the proposer models is the genera-
tion of augmented text data. We consider three
types of PLMs: autoencoders, autoregressors, and
sequence-to-sequence models.

Autoencoders (AE). As models in this group
group, we utilize BERT (Devlin et al., 2019),
RoBERTa (Liu et al., 2019), ALBERT (Lan et al.,
2020) and DeBERTa (He et al., 2021), which differ
in architectural details and their pre-training corpus,
but share the same backbone of encoder transform-
ers (Vaswani et al., 2017). To generate augmented
sentences, we randomly mask 20% of tokens in
the input and replace them with the most probable
model output token for the mask.

Autoregressors (AR). We use GPT-2 (Rad-
ford et al., 2019) and Deepseek-R1 (DeepSeek-AI,
2025). To generate augmented sentences, we trun-
cate the tailing 20% of tokens from the input data
and let the model predict the continuation until it
outputs end-of-sentence or twice as many output
tokens are created as tailing tokens were deleted.
When generating multiple candidates per input, we
output the most probable generated sentences ac-
cording to the beam search tree.

Sequence-to-sequence Models (Seq2seq).
As a seq2seq model, we utilize BART (Lewis et al.,
2020) and follow the same design as Kumar et al.
(2020) by masking a contiguous span of 20% of the
words in the input sentence and using the model
to fill in the blanks autoregressively.

Since the augmentation procedure may intro-
duce syntactical errors, we conduct grammatical
error correction for all candidate augmented data.
Specifically, we use the model proposed by Rothe
et al. (2021) to identify and correct errors before
passing the data to the reviewers.

3.2. Reviewer Models
To select from the augmented candidates the
ones that are most suitable for the downstream
task, we employ an ensemble of reviewer mod-
els. Specifically, we use the pre-trained models
BERT, RoBERTa, ALBERT, DeBERTa, and ELEC-
TRA (Clark et al., 2020) and fine-tune them on the
downstream task. For the fine-tuning of these mod-
els, we exclusively use the input data that is to
be augmented (i.e., there is no data leakage from
test to training data on the downstream evaluation),
which we split into 90% training and 10% test data.

To determine the filtering criteria for candidate
samples, several ensembling policies are possible,
such as threshold-based pooling or majority vot-
ing. In preliminary experiments, we observed that

requiring unanimous agreement among reviewers
often led to overly strict filtering and reduced aug-
mentation diversity. Therefore, we adopt a more
permissive strategy: we discard candidates that
are misclassified by all reviewer models and retain
those for which at least one reviewer predicts the
correct label. This approach balances label consis-
tency with diversity, as different reviewer models
may exhibit distinct decision boundaries and biases.
The final augmented data is then sampled at ran-
dom from the set of accepted candidates.

In Section 5.2, we conduct ablative tests to sup-
port these design decisions.

4. Evaluation

We evaluate the performance of our method on text
classification tasks by comparing it to five baseline
data augmentation techniques.

4.1. Evaluation Data
We conduct our experiments on six English classi-
fication datasets (see Table 1 for statistics).
SST, the Stanford Sentiment Treebank (Socher
et al., 2013), is a dataset for sentiment classification
on movie reviews. Two versions of this dataset are
available: SST-5 is annotated with five labels, and
SST-2 is annotated for binary classification.
Subj is labeled for binary classification and re-
quires the classification of sentences as subjective
or objective (Pang and Lee, 2004).
TREC (Li and Roth, 2002) is a question classifica-
tion dataset, labeled for six classes (abbreviation,
entity, description, human, location, and numeric).
Yelp contains data from the business review web-
site of the same name (Zhang et al., 2015), labeled
with 5 classes. From the 650k training and 50k test
data, we sample a small version (Yelp-S) that is
comparable in size to the other datasets, as well
as a larger version (Yelp-L).
Yahoo! Answers (Zhang et al., 2015) is a topic
classification dataset labeled with 10 main cat-
egories. Similar to YELP, we downsample the

dataset classes train val test
SST-2 2 6,920 872 1,829
SST-5 5 8,544 1,101 2,210
Subj 2 8,000 n/a 2,000
TREC 6 5,452 n/a 500
Yelp-S 5 8,000 n/a 2,000
Yahoo-S 10 8,000 n/a 2,000
Yelp-L 5 160,000 n/a 40,000
Yahoo-L 10 160,000 n/a 40,000

Table 1: Dataset statistics, including the number of
classes, as well as the sizes of training, validation,
and test sets. n/a: no default split was provided.
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dropout of (lyr) number of size of (lyr)
lr att cls hid att hd hid lyr hid inm optimizer batch size

BERT 10−5 0.1 0 0.1 12 12 768 3072 Adam 64
ALBERT 10−5 0 0.1 0 12 12 768 3072 Adam 64
DeBERTa 10−5 0.1 0 0.1 12 12 768 3072 Adam 64
DistilBERT 10−5 0.1 0.2 0.1 12 6 768 3072 Adam 64
RoBERTa 10−5 0.1 0 0.1 12 12 768 3072 Adam 64

Table 2: Hyperparameters of reviewer models. Listed are learning rate (lr); dropout of layers (lyr) for
attention (att), classifier (cls), and hidden (hid); number of attention heads (att hd) and hidden layer (hid
lyr); and size of the hidden (hid) and intermediate (inm) layers.

Dataset no DA BERT RoBERTa ALBERT DeBERTa ELECTRA
SST-2 90.73 ± 0.59 90.78 ± 0.62 91.12 ± 0.55 89.88 ± 0.64 91.45 ± 0.50 90.90 ± 0.58
SST-5 52.01 ± 1.48 51.84 ± 1.53 52.71 ± 1.35 51.20 ± 1.65 53.12 ± 1.20 52.43 ± 1.40
SUBJ 96.60 ± 0.56 96.48 ± 0.58 96.95 ± 0.51 95.85 ± 0.63 97.28 ± 0.46 96.75 ± 0.54
TREC 95.49 ± 0.72 95.38 ± 0.63 96.72 ± 0.57 95.60 ± 0.66 96.89 ± 0.54 96.30 ± 0.60
YELP-SUB 61.08 ± 0.67 61.32 ± 0.70 62.17 ± 0.58 60.63 ± 0.69 61.94 ± 0.53 61.40 ± 0.59
YAHOO-SUB 64.75 ± 0.64 64.58 ± 0.66 65.83 ± 0.57 64.17 ± 0.66 65.51 ± 0.52 65.12 ± 0.61

Table 3: Reviewer model performance across datasets. Numbers are accuracy (%) with standard deviation
indicated by ±. Bold values represent the best performance for each dataset.

1.4M training and 60k test data points into a large
(Yahoo-L) and a small (Yahoo-S) version.

4.2. Baselines
We compare our method against five recent addi-
tions to the data augmentation literature that pro-
vide working code repositories.
AEDA is a rule-based DA technique that randomly
inserts a specified ratio of punctuation into the
text (Karimi et al., 2021).
GlobalMixup is an interpolation technique that
utilizes clustering to mitigate the drawback of more
traditional interpolation techniques that only con-
sider linear relationships between two original ex-
amples (Xie et al., 2022).
BackTrans is a backtranslation approach (Sen-
nrich et al., 2016), which involves translating text
into an intermediate language and then back to the
original language. We use German, French, Italian,
and Chinese as intermediate languages.
GPT3Mix (Yoo et al., 2021) is a prompt-based ap-
proach that uses generative PLMs to regularize the
linear interpolation (Zhang et al., 2018) between
multiple different input sentences.
SSMBA (Ng et al., 2020) uses a manifold approach
to generate synthetic data samples.

4.3. Experimental Setup
To classify the (augmented) data, we follow Munikar
et al. (2019) in using a classification-tuned BERT-
variant model (Devlin et al., 2019). As evaluation
metric, we report accuracy. Standard deviations

are derived from 10 repetitions of the experiments,
using cross-validation. The hyperparameter set-
tings and individual performances of all models
used in our pipeline are listed as:

Downstream Classification Model Follow-
ing Munikar et al. (2019), we fine-tune a BERT-
variant model for classification, using a learning
rate of 10−5, a batch size of 64, and the Adam
optimizer.

Grammar Correction To fix syntactic errors that
may be introduced by the proposer models, we use
the grammatical error correction model of Rothe et
al. (2021), which is based on a T5-style encoder-
decoder Transformer architecture for seq-to-seq
correction. Since all datasets in our experiments
are English, the model is applied exclusively to En-
glish text. The model performs full-sentence gram-
matical rewriting, with decoding via beam search
with beam size 5, maximum sequence length 512,
and early stopping.

Reviewer Models Reviewer models are trained
for 10 epochs, after which we select the best-
performing checkpoint of each model as the re-
viewer model. Table 2 lists the hyperparameters
used for the reviewer models. In Table 3, we show
the performance of the trained reviewer models.

To investigate the performance of data augmenta-
tion techniques specifically in scenarios with limited
data availability, we evaluate the performance when
5, 25, 50, and 100% of the training data are used
for augmentation and training while the remaining
data are discarded. By default, we generate an
amount of augmented data that is equivalent to
300% of the input data in all experiments. We vali-
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dataset % no DA ours AEDA GlobalMixup BackTrans GPT3Mix SSMBA

SST-2 5 84.11 ± 1.88 87.43 ± 1.68 83.35 ± 2.24 85.55 ± 1.57 86.89 ± 1.87 86.53 ± 1.71 85.46 ± 1.88
25 88.75 ± 0.81 90.75 ± 0.71 88.98 ± 1.25 89.62 ± 0.73 90.44 ± 1.06 89.89 ± 0.73 89.68 ± 1.00
50 89.51 ± 0.63 91.17 ± 0.56 90.07 ± 0.84 90.39 ± 0.47 91.13 ± 0.69 90.97 ± 0.64 90.53 ± 0.68

100 90.73 ± 0.59 91.35 ± 0.50 91.01 ± 0.63 91.26 ± 0.45 91.34 ± 0.57 91.21 ± 0.45 91.21 ± 0.56

SST-5 5 44.34 ± 3.13 49.73 ± 2.41 45.92 ± 3.35 45.66 ± 2.40 48.93 ± 2.58 48.63 ± 2.79 46.84 ± 2.98
25 49.46 ± 2.06 51.62 ± 1.39 50.44 ± 1.83 51.09 ± 1.41 50.90 ± 1.44 51.21 ± 1.43 50.81 ± 1.55
50 50.93 ± 1.75 52.99 ± 1.27 51.29 ± 1.70 51.91 ± 1.35 51.82 ± 1.35 51.49 ± 1.20 51.67 ± 1.46

100 52.01 ± 1.48 53.93 ± 0.89 52.28 ± 1.34 52.87 ± 1.13 52.01 ± 1.13 52.26 ± 1.09 52.39 ± 1.20

Subj 5 95.01 ± 1.78 95.55 ± 1.61 94.43 ± 2.11 95.27 ± 1.62 95.05 ± 1.85 94.82 ± 1.91 94.92 ± 1.76
25 95.80 ± 0.79 96.29 ± 0.73 95.37 ± 1.37 96.43 ± 0.77 96.10 ± 0.84 95.72 ± 0.98 95.97 ± 1.00
50 96.04 ± 0.61 96.78 ± 0.53 95.53 ± 1.18 96.83 ± 0.69 96.44 ± 0.57 96.12 ± 0.52 96.57 ± 0.72

100 96.60 ± 0.56 96.97 ± 0.48 95.80 ± 0.84 97.05 ± 0.63 96.90 ± 0.56 96.45 ± 0.52 96.95 ± 0.58

TREC 5 91.00 ± 1.80 94.23 ± 1.65 90.58 ± 2.06 92.76 ± 1.55 93.03 ± 1.78 93.36 ± 1.54 92.46 ± 1.78
25 93.20 ± 0.83 96.16 ± 0.72 92.95 ± 1.08 95.75 ± 0.64 95.14 ± 0.80 95.41 ± 1.05 94.61 ± 0.85
50 94.16 ± 0.78 97.04 ± 0.59 93.67 ± 0.99 96.90 ± 0.60 96.07 ± 0.79 96.21 ± 0.72 96.39 ± 0.69

100 95.49 ± 0.72 97.26 ± 0.53 94.94 ± 0.83 97.29 ± 0.53 96.49 ± 0.65 96.62 ± 0.71 96.99 ± 0.63

Yelp-S 5 48.86 ± 2.35 50.40 ± 1.95 48.35 ± 2.50 49.17 ± 2.12 48.99 ± 2.24 49.91 ± 2.18 48.84 ± 2.26
25 58.84 ± 0.91 60.04 ± 0.66 58.50 ± 1.17 59.35 ± 0.89 59.28 ± 1.03 59.40 ± 1.01 59.00 ± 1.01
50 59.76 ± 0.75 61.40 ± 0.59 61.27 ± 1.06 61.12 ± 0.76 60.92 ± 0.72 61.71 ± 0.73 61.10 ± 0.83

100 61.08 ± 0.67 62.66 ± 0.47 62.41 ± 1.23 61.86 ± 0.53 61.74 ± 0.67 62.77 ± 0.52 62.01 ± 0.74

Yahoo-S 5 58.67 ± 3.14 63.17 ± 1.92 57.20 ± 3.25 60.26 ± 2.25 60.95 ± 2.41 61.85 ± 2.31 60.41 ± 2.55
25 63.80 ± 0.92 65.90 ± 0.69 63.03 ± 1.17 64.05 ± 0.84 65.11 ± 0.96 64.95 ± 0.84 64.68 ± 0.92
50 64.48 ± 0.74 66.66 ± 0.63 65.12 ± 0.79 65.89 ± 0.63 65.47 ± 0.79 65.63 ± 0.73 65.61 ± 0.72

100 64.75 ± 0.64 67.04 ± 0.55 65.25 ± 0.82 65.54 ± 0.65 65.79 ± 0.73 65.89 ± 0.63 65.63 ± 0.72

Yelp-L 5 61.18 ± 0.57 62.56 ± 0.58 62.32 ± 1.44 61.24 ± 0.60 61.84 ± 0.71 61.54 ± 0.58 61.13 ± 0.68
25 65.23 ± 0.52 66.33 ± 0.50 65.86 ± 1.48 65.72 ± 0.65 65.46 ± 0.69 65.36 ± 0.60 65.68 ± 0.77
50 66.84 ± 0.49 67.25 ± 0.52 67.45 ± 1.29 67.12 ± 0.68 67.19 ± 0.54 66.90 ± 0.52 67.09 ± 0.62

100 68.05 ± 0.50 68.14 ± 0.53 68.17 ± 1.34 68.07 ± 0.56 67.88 ± 0.63 68.45 ± 0.58 68.03 ± 0.60

Yahoo-L 5 64.87 ± 0.66 66.77 ± 0.59 65.12 ± 0.85 65.34 ± 0.59 65.83 ± 0.69 65.76 ± 0.64 65.01 ± 0.68
25 66.65 ± 0.54 67.01 ± 0.55 66.75 ± 0.76 66.75 ± 0.53 66.47 ± 0.58 66.84 ± 0.52 66.65 ± 0.60
50 67.21 ± 0.52 67.45 ± 0.50 67.40 ± 0.73 67.12 ± 0.49 66.98 ± 0.57 67.17 ± 0.46 67.17 ± 0.55

100 67.69 ± 0.58 67.53 ± 0.46 67.71 ± 0.79 67.25 ± 0.47 67.13 ± 0.57 67.28 ± 0.50 67.37 ± 0.55

Table 4: BERT classification accuracy (± standard deviation) for data augmentation techniques when
5, 25, 50, and 100% of the training data are used as input for data augmentation. The best performing
method per row is highlighted.

date the impact of the amount of augmented data
independently in an ablation test in Section 5.2.

5. Results

This section reports our experimental findings. We
first present the main quantitative results in Sec 5.1
and then conduct ablation studies in Sec 5.2 to
analyze the influence of individual components.

5.1. Experimental Results
We show an aggregated view of our findings in
Figure 1 and the full experimental results in Table 4.

On the six small datasets, the performance
trends are comparable: our method consistently
outperforms all baselines in the low-data scenarios
where 5% or 25% of the data are used for aug-
mentation and training. In the 5% scenario, we
outperform the closest baseline by 0.97 accuracy
points on average. For the larger percentages of
data used, performance differences between the
methods diminish and all methods provide compa-
rable performances. Notably, on all datasets except
Yelp, using our method to augment just 25% of the
training data already provides a comparable per-
formance to training a classifier on 100% of the

original data, indicating that it can be a valuable
tool in situations where data annotation is costly.

On the two large datasets, our method still pro-
vides top performance in the low-data scenarios,
but the performances of all methods are overall
close. Finally, performance differences between
methods become virtually indistinguishable in the
100% scenario on large data sets, indicating that
data augmentation is unnecessary in these cases.

Overall, these findings provide empirical evi-
dence that our methods achieves at balance be-
tween affinity and diversity in creating augmented
samples (Gontijo-Lopes et al., 2021), at least when
few data are available.

5.2. Ablation Study

To assess the impact of design decisions on our
model and the impact of the amount of generated
augmented data on its performance, we conducted
the ablation experiments described in the following.

5.2.1. Grammar Correction (GC)

When comparing the performance of our approach
with and without the grammar correction step, we
find that the downstream accuracy remains largely
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Figure 1: Downstream classification accuracy for
all tested data augmentation methods and the
augmentation-less baseline (no DA).

unaffected (see column w/o GC in Table 5). How-
ever, Table 6 shows the number of epochs that are
required for convergence of the downstream classi-
fier during evaluation, revealing that incorporating
grammar correction reduces training time and en-
hances the stability of the training process. Based
on this observation and the low compute that is re-
quired by grammar checking, we include this step
in our final model.

5.2.2. Reviewing Module

Second, we evaluate the effectiveness of our review
mechanism. As shown in column w/o review in
Table 5), removing this component would substan-
tially degrade performance, especially in low-data
scenarios.

5.2.3. Training on Perplexing Candidates

Third, we test the hypothesis that exclusively using
perplexing candidates (i.e., generated candidates
for which at least one reviewer model makes an in-
correct prediction while at least one reviewer model
makes a correct prediction) for data augmentation
could improve downstream performance by bet-

ter sampling around the decision boundary. As
shown in the column perplexing in Table 5, train-
ing solely on this subset can sometimes outperform
our approach of also retaining augmented data for
which all reviewer models made correct predictions.
However, the performance gain is marginal and
inconsistent, suggesting that an exclusive focus on
perplexing examples would offer no added benefits.

5.2.4. Training on Easy Candidates

Conversely, we also investigate the effect on exclu-
sively training on augmented data for which at least
three reviewer models provide a correct prediction.
The results are shown in the column easy in Ta-
ble 5, and indicate that (expectedly), this approach
decreases downstream accuracy. When the train-
ing set is small, the effect of filtering low-quality
data is limited. However, as the number of training
data increases, the accuracy decrease worsens.

Overall, these ablation tests indicate that a bal-
anced augmented data composition of perplex-
ing and easy candidates provides the most robust
downstream performance.

5.2.5. Augmentation Volume

To test the sensitivity of our approach to the amount
of generated data, we conduct experiments in
which we generate 100%, 200%, and 300% of the
original data volume in augmented data. As shown
in Table 7, more data consistently results in an in-
creased performance, which is why we use 300%
augmented data in all experiments. However, the
gains in performance are relatively limited, so an
argument can be made for using less augmented
data in settings where compute is limited.

5.3. Runtime Analysis
For transparency, we also conducted a runtime
comparison between our model and all baselines,
which we show in Table 8. Unsurprisingly, using
an ensemble of models for generating and review-
ing candidates comes at a computational cost that
exceeds single models and rule-based baselines.
While the runtimes of our method are an order of
magnitude above the next-best competitors Glob-
alMixup and GPT3Mix (hours vs. minutes of run-
time), this cost is not prohibitive. Since our method
is designed specifically for settings in which few
training data are available, the runtimes remain
manageable even on modest hardware.

6. Summary and Conclusion

We propose a novel self-supervised data augmen-
tation technique for low-data scenarios that consis-
tently outperforms recent state-of-the-art baseline
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Dataset % no DA ours w/o GC w/o review perplexing easy
SST-2 5 84.11 ± 1.88 87.43 ± 1.68 87.36 ± 1.69 86.35 ± 1.82 87.36 ± 1.71 87.21 ± 1.73

25 88.75 ± 0.81 90.75 ± 0.71 90.82 ± 0.68 89.55 ± 0.84 90.72 ± 0.74 90.72 ± 0.74
50 89.51 ± 0.63 91.17 ± 0.56 91.21 ± 0.58 90.66 ± 0.67 91.20 ± 0.58 91.20 ± 0.58

100 90.73 ± 0.59 91.35 ± 0.50 91.33 ± 0.50 91.06 ± 0.56 91.29 ± 0.52 91.29 ± 0.58
SST-5 5 44.34 ± 3.13 49.73 ± 2.41 49.79 ± 2.47 47.29 ± 2.84 49.95 ± 2.35 49.72 ± 2.44

25 49.46 ± 2.06 51.62 ± 1.39 51.69 ± 1.44 50.91 ± 1.47 51.70 ± 1.37 50.72 ± 1.49
50 50.93 ± 1.75 52.99 ± 1.27 52.95 ± 1.31 51.63 ± 1.37 52.70 ± 1.31 51.47 ± 1.41

100 52.01 ± 1.48 53.93 ± 0.89 53.91 ± 0.93 52.35 ± 1.12 53.70 ± 0.93 52.20 ± 1.14
SUBJ 5 95.01 ± 1.78 95.55 ± 1.61 95.58 ± 1.65 94.97 ± 1.89 95.62 ± 1.60 94.81 ± 1.87

25 95.80 ± 0.79 96.29 ± 0.73 96.33 ± 0.78 95.80 ± 0.91 96.32 ± 0.76 95.66 ± 0.94
50 96.04 ± 0.61 96.78 ± 0.53 96.80 ± 0.56 96.23 ± 0.73 96.73 ± 0.56 96.12 ± 0.75

100 96.60 ± 0.56 96.97 ± 0.48 96.93 ± 0.52 96.55 ± 0.61 96.92 ± 0.50 96.44 ± 0.62
TREC 5 91.00 ± 1.80 94.23 ± 1.65 94.20 ± 1.70 92.43 ± 1.68 94.28 ± 1.63 92.26 ± 1.72

25 93.20 ± 0.83 96.16 ± 0.72 96.14 ± 0.74 94.31 ± 0.91 96.12 ± 0.75 94.17 ± 0.94
50 94.16 ± 0.78 97.04 ± 0.59 97.00 ± 0.60 95.21 ± 0.75 96.98 ± 0.60 95.06 ± 0.76

100 95.49 ± 0.72 97.26 ± 0.53 97.28 ± 0.57 96.34 ± 0.66 97.33 ± 0.56 96.20 ± 0.67
YELP-S 5 48.86 ± 2.35 50.40 ± 1.95 50.43 ± 2.00 48.85 ± 2.26 50.49 ± 1.98 48.74 ± 2.27

25 58.84 ± 0.91 60.04 ± 0.66 60.10 ± 0.71 59.13 ± 1.03 60.00 ± 0.68 58.99 ± 1.05
50 59.76 ± 0.75 61.40 ± 0.59 61.39 ± 0.64 61.26 ± 0.75 61.33 ± 0.63 61.09 ± 0.78

100 61.08 ± 0.67 62.66 ± 0.47 62.68 ± 0.52 62.20 ± 0.73 62.60 ± 0.50 62.08 ± 0.74
YAHOO-S 5 58.67 ± 3.14 63.17 ± 1.89 63.15 ± 1.94 60.56 ± 2.57 63.29 ± 1.86 62.61 ± 2.30

25 63.80 ± 0.92 65.90 ± 0.69 65.94 ± 0.74 64.29 ± 0.88 65.98 ± 0.70 64.14 ± 0.91
50 64.48 ± 0.74 66.66 ± 0.63 66.69 ± 0.68 65.53 ± 0.73 66.48 ± 0.67 65.44 ± 0.74

100 64.75 ± 0.64 67.04 ± 0.55 67.02 ± 0.60 65.62 ± 0.70 66.84 ± 0.60 65.46 ± 0.72
YELP-L 5 61.18 ± 0.57 62.56 ± 0.58 62.59 ± 0.61 61.74 ± 0.66 62.51 ± 0.59 61.58 ± 0.69

25 65.23 ± 0.52 66.33 ± 0.50 66.36 ± 0.55 65.60 ± 0.70 66.31 ± 0.53 65.42 ± 0.72
50 66.84 ± 0.49 67.25 ± 0.52 67.28 ± 0.57 67.14 ± 0.54 67.19 ± 0.55 67.03 ± 0.58

100 68.05 ± 0.50 68.14 ± 0.53 68.10 ± 0.58 68.15 ± 0.59 68.08 ± 0.54 68.01 ± 0.61
YAHOO-L 5 64.87 ± 0.66 66.77 ± 0.59 66.75 ± 0.63 65.51 ± 0.67 66.73 ± 0.58 65.42 ± 0.48

25 66.65 ± 0.54 67.01 ± 0.55 67.03 ± 0.60 66.70 ± 0.59 66.98 ± 0.53 66.59 ± 0.61
50 67.21 ± 0.52 67.45 ± 0.50 67.43 ± 0.55 67.17 ± 0.54 67.35 ± 0.54 67.02 ± 0.56

100 67.69 ± 0.58 67.53 ± 0.46 67.51 ± 0.51 67.35 ± 0.56 67.30 ± 0.49 67.21 ± 0.57

Table 5: Ablation experiments of our method based on BERT classification accuracy (± standard deviation)
with 5, 25, 50, and 100% of training data.

dataset no DA ours ours (w/o GC)
SST-2 3.6 5.1 5.7
SST-5 4.7 6.7 7.5
SUBJ 2.7 4.5 5.1
TREC 3.8 5.5 6.6

Table 6: Number of epochs needed for conver-
gence using different DA strategies.

models by leveraging the capabilities of multiple
pre-trained language models. While this perfor-
mance comes at a steep computational cost, we
find minimal performance gains by means of data
augmentation across all tested models in data-rich
scenarios where this would be reason for concern.
Instead, we propose to use our technique in cases
where few data are available and where the cost
of an extensive manual annotation would outweigh
the computational overhead.

7. Limitations

In addition to the runtime requirements, which
directly entail hardware requirements and an
increased carbon footprint, further experiments
should be considered. While we performed ex-
tensive experiments with regard to data sets and
baseline models, future work should investigate the
performance of individual proposer models, ideally
to identify correlations between specific proposer
models and downstream tasks. Such results would
enable a deliberate selection of (and reduction in)
used models in the ensemble. Similar experiments
could be considered for reviewer models.

Computational Cost and Scalability. Our aug-
mentation pipeline uses multiple proposer and re-
viewer models, which leads to higher computational
cost compared to simpler baselines. However, the
augmentation step is performed offline and only
once per dataset – meaning that the augmented
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Dataset % no DA ours(300%) ours(200%) ours(100%)
SST-2 5 84.11 ± 1.88 87.43 ± 1.68 87.47 ± 1.76 87.53 ± 1.80

25 88.75 ± 0.81 90.75 ± 0.71 90.34 ± 0.77 90.02 ± 0.79
50 89.51 ± 0.63 91.17 ± 0.56 91.04 ± 0.59 90.94 ± 0.61

100 90.73 ± 0.59 91.35 ± 0.50 91.20 ± 0.51 91.11 ± 0.53
SST-5 5 44.34 ± 3.13 49.73 ± 2.41 49.12 ± 2.48 48.68 ± 2.52

25 49.46 ± 2.06 51.62 ± 1.39 51.27 ± 1.41 50.91 ± 1.43
50 50.93 ± 1.75 52.99 ± 1.27 52.60 ± 1.31 52.14 ± 1.35

100 52.01 ± 1.48 53.93 ± 0.89 53.63 ± 0.91 53.41 ± 1.00
SUBJ 5 95.01 ± 1.78 95.55 ± 1.61 95.38 ± 1.66 95.18 ± 1.72

25 95.80 ± 0.79 96.29 ± 0.73 96.17 ± 0.78 96.01 ± 0.85
50 96.04 ± 0.61 96.78 ± 0.53 96.65 ± 0.55 96.54 ± 0.57

100 96.60 ± 0.56 96.97 ± 0.48 96.87 ± 0.49 96.78 ± 0.49
TREC 5 91.00 ± 1.80 94.23 ± 1.65 93.72 ± 1.67 93.21 ± 1.69

25 93.20 ± 0.83 96.16 ± 0.72 95.63 ± 0.77 95.12 ± 0.81
50 94.16 ± 0.78 97.04 ± 0.59 96.68 ± 0.62 96.33 ± 0.66

100 95.49 ± 0.72 97.26 ± 0.53 97.12 ± 0.53 96.98 ± 0.54
YELP-S 5 48.86 ± 2.35 50.40 ± 1.95 50.00 ± 2.08 49.61 ± 2.12

25 58.84 ± 0.91 60.04 ± 0.66 59.59 ± 0.68 59.17 ± 0.73
50 59.76 ± 0.75 61.40 ± 0.59 61.13 ± 0.60 60.85 ± 0.61

100 61.08 ± 0.67 62.66 ± 0.47 62.71 ± 0.49 62.77 ± 0.51
YAHOO-S 5 58.67 ± 3.14 63.17 ± 1.89 62.50 ± 2.02 61.82 ± 2.12

25 63.80 ± 0.92 65.90 ± 0.69 65.45 ± 0.71 65.01 ± 0.72
50 64.48 ± 0.74 66.66 ± 0.63 66.27 ± 0.66 65.89 ± 0.68

100 64.75 ± 0.64 67.04 ± 0.55 66.95 ± 0.59 66.91 ± 0.61
YELP-L 5 61.18 ± 0.57 62.56 ± 0.58 62.24 ± 0.60 61.92 ± 0.61

25 65.23 ± 0.52 66.33 ± 0.50 66.06 ± 0.51 65.79 ± 0.51
50 66.84 ± 0.49 67.25 ± 0.52 67.29 ± 0.53 67.32 ± 0.55

100 68.05 ± 0.50 68.14 ± 0.53 68.20 ± 0.52 68.25 ± 0.52
YAHOO-L 5 64.87 ± 0.66 66.77 ± 0.59 66.65 ± 0.59 66.52 ± 0.60

25 66.65 ± 0.54 67.01 ± 0.55 66.97 ± 0.55 66.94 ± 0.56
50 67.21 ± 0.52 67.45 ± 0.50 67.48 ± 0.52 67.43 ± 0.53

100 67.69 ± 0.58 67.53 ± 0.46 67.70 ± 0.49 67.78 ± 0.50

Table 7: Parameter sensitivity experiment, showing the performance of downstream classification when
100%, 200% and 300% of the original data volume is generated as augmented data.

model runtime (s)
AEDA 1.2× 101

GlobalMixup 1.2× 103

BackTrans 8.6× 101

GPT3Mix 1.8× 102

SSMBA 7.2× 103

ours 3.6× 104

Table 8: Comparison of runtimes for generating
augmented data on the SST-5 dataset (A40 GPU).

data can be reused for downstream training and
evaluation without additional computational cost
once it has been generated. Our work focuses on
low-data settings, where offline data augmentation
is commonly used. Furthermore, the framework
is modular, consisting of components that can be
adjusted depending on available resources. For

example, fewer proposer models or a smaller set of
reviewer models could be used to reduce runtime,
at the cost of a small decrease in performance. Fu-
ture work could further investigate ways to improve
efficiency, such as model pruning, distillation, or
selecting a subset of reviewer models in a more
adaptive manner.

Architecture Design and Model Diversity. In
our current design, the reviewer ensemble primar-
ily consists of encoder-based classification models,
which are used due to their strong and stable per-
formance in classification tasks, as well as their rel-
atively moderate computational cost. At the same
time, the proposer component already incorporates
diverse model types, including autoencoders, au-
toregressive models, and sequence-to-sequence
architectures. Of course, it would be interesting
to explore whether large generative LLMs could
also serve as effective reviewer models, potentially
providing additional diversity. Conversely, smaller
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and more lightweight models may offer comparable
performance with reduced computational overhead.
Investigating these alternatives could further clarify
the trade-offs between architectural diversity, effi-
ciency, and augmentation quality.

Individual Proposer Contributions. While pro-
poser diversity appears beneficial, we do not ana-
lyze the contribution of each proposer family sep-
arately in this work. Since all generated samples
are filtered by grammatical correction and reviewer
models, low-quality outputs are largely removed. A
more detailed study of individual proposer contri-
butions is left for future work.

Model Scope. Finally, we note that we were
restricted by our available compute resources in
the selection of models that we could evaluate. Fu-
ture work should investigate whether our findings
hold for larger, more recent generative models as
proposers.

From an ethics point of view, we see no issue
with the proposed approach itself. However, the
use of pretrained LLMs naturally incurs the risk that
biases (social or otherwise) in their pre-training data
could leak into the augmented data.

8. AI Statement

AI tools were used as writing assistants in draft-
ing internal versions of this manuscript. The final
version was fully (re)written by the authors.
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