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Figure 1: The performance gain for each class with different augmentation approaches. From
top to bottom, the plots are for CoQA, ICS, NEWS.

up a robust language model, we feed in all data samples for training. Although we fine-tuned
the pretrained model for each class, the pretrained model still introduced a lot of common
features shared across different classes, which may contradict the goal in classification tasks
of recognizing the distinctive features of different categories.

Another type of neural generation model, VAE, performed much better than Seq2Seq mod-
els as data augmentation methods for text classification tasks. Comparing different variants,
although conditional VAE has been shown effective in classification tasks (Sohn et al., 2015),
it barely improved the results in this case. It can easily be observed from Table 2 that there
is a negligible difference between F; scores for classification with training sets augmented by
SentenceVAE and by the CVAE model with prior sampling. The CVAE model with posterior
sampling, however, notably facilitated classification, as it had greatly positive influence on all
of the classifiers, especially on the ICS and NEWS datasets. These considerable gains suggest
that posterior sampling can help to generate data samples with better categorical characteris-
tics.

3.3.2 Imbalance Level Evaluation and Dataset Disparity

He and Garcia (2009) argue that the imbalanced data problem cannot simply be reduced to
considering the relative imbalance between the majority and minority class sizes, as the abso-
lute sample sizes and concept complexity substantially affect the classifier’s learning ability
as well. Therefore, merely evaluating the overall performance of a classifier is insufficient. In-
stead, additional analysis of the specific changes for majority and minority classes is needed.
In the following, we consider those classes with a number of data samples substantially below
the average number for each category as minority classes, and the remaining ones as majority
classes, as shown in Table 1.

Figure 1 illustrates the performance gain for each category compared with the original class
distribution under different augmentation schemes. The expectation is that minority classes
suffer more from data imbalance and augmentation strategies are typically invoked to boost
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Figure 2: Distribution of features in two-dimensional space. The top row visualizes the origi-
nal imbalanced data, while the bottom row shows the data after application of the augmenta-
tion approach with the best F; score.

the classifier’s performance on minority classes more than for the majority ones. The results
on our NEWS dataset accord with this intuition: According to the Figure 1 (bottom), on the
NEWS dataset, with the application of most augmentation methods, the F; scores of minority
classes are enhanced. Regarding the majority classes in NEWS: For Poritics and WELLNESS,
the augmentation approaches had a negligible effect or even impeded the classification results,
except for WELLNESs with TextRCNN. On the CoQA dataset, in Figure 1 (top), we find that
there was only one minority class: MCTEst. Compared with NEWS, the skew of the class
distribution in CoQA is more severe, however, the F; score of MCTEST was improved most
with TextCNN and FastText, while when using BiLSTMs, the class with the largest number
of data samples: CNN, improved the most. In addition, it can be observed from Figure 1
(middle) that the change of classification results on the ICS dataset was inconsistent with
the conclusion made in previous works, as there is no conspicuous sign indicating that data
augmentation can help the minority classes.

The discrepancy among the three datasets can mainly be analysed from two perspectives:
1) the absolute sample size of minority classes along with the level of relative imbalance
(Japkowicz and Stephen, 2002), and 2) the feature overlap degree among the different classes.
First, as shown in Table 1, the data volume of each class in ICS is much larger than that of the
two English datasets. The number of samples in the smallest class of the two English datasets
is around 7K, while the smallest class in ICS Crass C, has around 50K samples, which is 7
times as many as for the other two datasets. Moreover, for the English datasets, the number
of samples in the largest category (PoLitics, CNN) is more than three times as large as that of
the smallest one (TRAVEL, MCTEsT), and thus the relative data imbalance is much more severe.

Second, the features for each data sample within a category can affect the performance of
data augmentation. Figure 2 shows the distribution of sentence vectors encoded by the BERT
(Devlin et al., 2018) pretrained model, the dimensionality of which is reduced to 2 using PCA
(Wold et al., 1987). Of course, a 2-dimensional visualization can only be regarded as indicative
of the distribution of each class, due to the loss of information in the dimensionality reduction
process. Still, comparing the data sample distribution of different classes in three datasets
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Figure 3: Performance gain of different balance spots for each dataset. From top to bottom,
the plots are for CoQA, ICS, NEWS.

in the top row of Figures 2(a), (b), and (c), we observe that ICS suffers from an overlap of
features more than from the relative imbalance, as the distribution of data samples within one
class severely overlaps with the others and the divergence between different classes is overly
small. After leveraging the CVAE-posterior model as the augmentation approach, the patterns
of different classes are still hard to recognize (Figure 2(a) bottom). The two English datasets,
especially NEWS, suffer more from class imbalance than the Chinese one. For instance, PAR-
ENTING and TRAVEL might be regarded as noise relative to the majority classes. After applying
augmentation to eliminate the imbalance, the distribution of the minority data becomes much
more distinct, so that the margin between each class is more easily recognizable, thus facili-
tating the classifier’s learning ability in discerning minority classes.

3.4 Sweet Spot Identification

Finally, we explored the relationship between the sizes of categories chosen for augmentation
and the performance gains on all of the three datasets. We argue that conducting oversampling
and undersampling operations simultaneously on different categories within a dataset may
achieve a better performance gain than strictly undersampling or oversampling all categories
to the same amount as the smallest or largest class, respectively.

The results of the best balanced spot search are illustrated in Figures 3. It can easily be
observed that for across all three datasets, in most cases, a comparatively optimal spot be-
tween the smallest and the largest categories exists regardless of the generation approach.
For example, when trained with an RCNN, the classification results on CoQA dataset show
the highest F; score at the balance spot 20,000 with the CVAE-posterior model. The results
confirm that random undersampling may significantly hamper the learning ability of all clas-
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sifiers, while there remains a small probability that the optimal spot is found above the largest
amount, such as on NEWS with FastText. The precise location of the sweet spot depends
on the specific classification model and datasets. For instance, the overall tendencies on the
ICS dataset are less stable than for others. Even when a particular dataset is augmented by
the same approach, the optimal spot for different classifiers can be different. Overall, these
results confirm the utility of augmentation methods that more flexibly choose a hybrid form
of oversampling and undersampling.

4 Conclusion

This paper presents a survey and systematic experimental framework to investigate state-of-
the-art data augmentation schemes for text classification, considering both utterance classifica-
tion and ordinary multi-class text categorization. We carried out a thorough set of experiments
to compare the effectiveness of different strategies. Our results highlight the potential of using
recent neural generative models as a method to facilitate classification for large datasets. In
particular, we VAE methods were found to be comparable to if not better than previous state-
of-the-art approaches such as EDA. Our experiments further show that an optimal balanced
spot is able to further improve the classification results. Finally, based on our detailed analy-
ses regarding multiclass imbalance, we argue that the imbalance issue cannot be reduced to
merely considering the relative imbalance in the number of data samples. Rather, more focus
should be placed on the absolute counts and the feature representations within each class.
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