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ABSTRACT
Training with soft labels instead of hard labels can effectively improve the robustness
and generalization of deep learning models. Label smoothing often provides
uniformly distributed soft labels during the training process, whereas it does not take
the semantic difference of labels into account. This article introduces discrimination-
aware label smoothing, an adaptive label smoothing approach that learns appropriate
distributions of labels for iterative optimization objectives. In this approach, positive
and negative samples are employed to provide experience from both sides, and the
performances of regularization and model calibration are improved through an
iterative learning method. Experiments on five text classification datasets
demonstrate the effectiveness of the proposed method.

Subjects Algorithms and Analysis of Algorithms, Computational Linguistics, Data Mining and
Machine Learning, Text Mining, Neural Networks
Keywords Text classification, Neural network, Label smoothing, Excessive regularization, Soft label

INTRODUCTION
The benchmark performances of natural language processing applications are constantly
pushed by the increasing model complexity in the past decades (Chen et al., 2021).
Complex models contain complicated encoding and decoding structures as well as
significant numbers of parameters, which may lead to model overfitting (Zhang et al.,
2018), which means that a model performing well in the training stage achieves low
performance in the testing stage. The main reason for this is insufficient training data and
noise interference (Ying, 2019). To address this problem, a wide range of regularization
techniques have been investigated, considering both generalization and training errors
(Srivastava et al., 2014).

Label smoothing (LS) (Szegedy et al., 2016) is a type of label regularization that provides
more reasonable class labels. The basic idea of LS is to change the optimization objective
from one-hot target to a value between 0 and 1. It normally adds noises to the model, to
mitigate the problem of overfitting. This idea encourages the model to learn generalizable
representations and make calibrated predictions. LS is also widely used in text classification
models (Desai & Durrett, 2020; Liu et al., 2022).
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However, many studies on LS add uniform noise to the models, neglecting the
relationships between categories. For instance, when the target is tea, it would be
inappropriate to apply the same degree of smoothness to coffee and CPU. The predicted
probability of coffee increases while the probability of CPU decreases. To create more
reasonable labels, several studies have been conducted to improve LS. In dialog generation,
Wang et al. (2021b) used an auxiliary distribution and one-hot distribution weighting.
Saha, Das & Srihari (2022) transformed a uniform distribution into a more natural
distribution based on semantics. In image classification,Maher & Kull (2021) investigated
the utilization of a teacher network to guide non-target probabilities. Among studies
conducted on node classification, Zhou et al. (2023) and Wang et al. (2021a) represented
labels as graphs, propagating node information to aggregate neighboring distributions to
determine an appropriate node representation. In text classification, Luo, Xi & Mao (2021)
proposed a label smoothing method using a fake label, but failed to explain the role played
by the fake label. Margin-based label smoothing (Liu et al., 2022) imposes a controllable
margin on logit distances, penalizing the distances exceeding a specified margin. Although
the above methods can enhance model generalization, they do not consider the impact of
incorrect examples on the model.

In this study, we propose an adaptive label smoothing method to address the problem of
non-target distribution by learning soft label distributions during the training process. We
argue that the probabilities of non-target classes should be positively correlated with
similar ground-truth labels; that is, the greater the similarity to the real labels, the higher
the probability. Inspired by the work of Ding et al. (2019), we developed an adaptive label
regularization method to adjust the strength of regularization, benefiting from erroneous
experiences. For classes in which instances are often misclassified, stricter constraints
should be adopted to improve model performance, considering that the model may not be
learning adequate information or may even be underfitting. In summary, the differences
between the proposed method and current approaches to LS are two folds: 1) few studies of
LS have discussed the restricted generalization imposed by incorrect cases, whereas this
study considers erroneous examples; 2) in contrast to other models, our approach
explicitly considers the impact of excessive regularization, aiming to strike a balance
between regularization and performance.

The major contributions of this study are as follows:
• A novel method, discrimination-aware label smoothing (DALS), is proposed based on

negative samples to alleviate the underfitting problem caused by excessive regularization.
• The model learns and obtains adaptive soft labels through a training process requiring

neither external knowledge nor changes to the original structure of the model. Thus, it is
applicable to any backbone model.

• Experiments on several benchmark datasets indicate that the proposed method
addresses the problem of overfitting and achieves competitive improvement. The average
increases in accuracy for the Ohsumed, 20NG, and R52 datasets were 5%, 2%, and 2%,
respectively.

The remainder of this article is organized as follows: “Related Work” summarizes the
regularization tools for labels. The calculations used for the proposed approach are
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described in “Model”. In “Experimental Analysis”, extensive experiments on comparative
analyses are presented. Finally, conclusions are drawn in “Results”.

RELATED WORK
Label smoothing
As previously discussed, LS has boosted the performance of computer vision (Xu et al.,
2020) and natural language processing tasks (Lukasik et al., 2020). Unlike LS, the unigram
label smoothing developed by Pereyra et al. (2017) assigns the frequency of each label as
the prior distribution rather than the uniform distribution. Both share a fixed prior-label
distribution, which may not be satisfied by numerous complex tasks. To fill this gap,
substantial advancements have been made in adaptive LS, which can be divided into two
categories.

a) Revising the uniform distribution of LS. Incorporating the idea of the k-nearest
neighbor algorithm, Bahri & Jiang (2021) assigned weights between the uniform
distribution and the number of correct samples within radius K divided by the total
amount of samples. Penha & Hauff (2021) replaced non-target labels with negative
sampler scores. Song et al. (2020) selected candidate words that shared the history of the
previous step, thereby redefining and calculating the probability distribution of candidate
words as a smoothing distribution based on context. However, these methods either
require a specific model structure or are only performed for specific tasks, posing
challenges for text classification tasks. In contrast, our method can be applied to any
model. For image processing, Zhang et al. (2021) improved the loss function by
accumulating the distributions of correctly classified labels to enhance image recognition;
however, this method ignores the adjusted effect of negative samples on the models.

b) Changing the smoothing factor. Krothapalli & Abbott (2020) chopped images by
considering the relative sizes of the objects in the training set. Li, Dasarathy & Berisha
(2020) performed clustering on the training data and learned the smoothing intensity of
each cluster. Wei et al. (2022a) proposed the use of a negative smoothing factor in high-
noise regimes.

Our method falls into the first category, as we determine a more natural label
distribution in the training process.

Calibration
Calibration predicts the probability or confidence in the model to approximate its true
accuracy. The calibrated probability is important for interpreting the model (Guo et al.,
2017) because it reflects the confidence level in an actual scenario. Efforts aimed at
estimating calibration in well-trained models are mainly divided into two classes: post-
processing and model calibration. Some classic binary models that use post-processing
steps include Platt scaling (Platt, 1999), histogram binning (Zadrozny & Elkan, 2001), and
isotonic regression (Zadrozny & Elkan, 2002). For multiclass settings, temperature scaling
is a competitive calibration method (Guo et al., 2017; Balanya, Maroñas & Ramos, 2022;
Khan, Wang & Liu, 2023) prevalent in knowledge distillation (Hinton, Vinyals & Dean,
2015). LogitNorm (Wei et al., 2022b) optimizes the logit vector as a unit vector with a
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constant magnitude. Model calibration introduces calibration terms for loss (Kumar,
Sarawagi & Jain, 2018; Mukhoti et al., 2020), LS (Szegedy et al., 2016; Wang et al., 2021b),
and data augmentation (Thulasidasan et al., 2019; Yun et al., 2019). Pereyra et al. (2017)
were the first to propose LS for model calibration. Müller, Kornblith & Hinton (2019)
conducted an in-depth study on LS calibration. The principle of LS is to increase the
entropy of the output probability distribution to alleviate the problem of overconfidence.
We also investigated the calibration effects of the proposed method.

Label regularization
Label-correction techniques that consider label quality have been developed to prevent
mistakes in handcrafted labeling. Bootstrapping loss was proposed by Reed et al. (2014),
which involves weighting the real labels with a predicted probability to reduce the
influence of noise on parameter updating. Another approach described byMa et al. (2018)
decreases the weight of the hard labels over time. Arazo et al. (2019) integrated the concept
of bootstrapping loss with dynamic weight adjustment, updating the loss of normal and
noisy samples in opposite directions. Other regularization methods are employed at the
loss level. For instance, Patrini et al. (2017) introduced a matrix T to estimate the transition
probability from real to noisy labels, proposing forward and backward losses based on T to
optimize real labels. In DisturbLabel (Xie et al., 2016), a few samples are randomly selected
and trained using incorrect labels during each iteration. Similarly, the proposed method
utilizes loss-function augmentation, which enables more flexible operations to adaptively
adjust to the target distribution.

MODEL
Label smoothing
Let D ¼ xi; yið Þf gNi¼1, where xi denotes the i-th document; Y ¼ yi 2 0; 1f gK� �

, where K
is the number of document category. When xi is fed into the deep neural network, the
model outputs a K-dimensional representation. The softmax function is used in the output
layer of the neural network models to predict probability p kjxið Þ for class k. The output
distribution of the model is denoted by p. The standard cross-entropy (CE) loss function
can then be written as

Lhard ¼ H q; pð Þ ¼ �
XK
k¼1

q kjxið Þ log p kjxið Þð Þ (1)

where q is the ground-truth label, which is typically a one-hot distribution; q kjxið Þ is
marked as 1 if and only if category k is the target class and 0 otherwise. Following this, we
use the backbone to denote the model with CE. However, LS does not use a one-hot
distribution to calculate the loss, introducing the noise distribution u kjxið Þ instead. Thus,
the ground-truth label becomes

q0 kjxið Þ ¼ 1� eð Þq kjxið Þ þ eu kjxið Þ (2)

and the loss is changed to
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L0 ¼ 1� eð ÞH q; pð Þ þ eH u; pð Þ (3)

where e is the smoothing factor. The loss function comprises two parts: 1) CE between the
one-hot distribution and the predicted distribution H q; pð Þ and 2) CE between the noise
distribution and the predicted distribution H u; pð Þ.

During the training process, if a machine learning model becomes overconfident in its
predictions, H q; pð Þ approaches 0, whereas H u; pð Þ increases significantly. This implies
that LS introduces a regularizing effect, H u; pð Þ, to prevent overconfident model
predictions.

In traditional LS, u kjxð Þ follows a uniform distribution, that is, u ¼ 1
K
. The loss function

is expressed as follows:

Lls ¼ �
XK
k¼1

1� eð Þq kjxið Þ þ e
K

h i
� log p kjxið Þð Þ (4)

where e is usually set to 0.1 in LS. When e ¼ 0, this is equivalent to calculating CE using
hard labels.

However, u is independent of the data: u kjxð Þ ¼ u kð Þ. Hence, the uniform distribution
is questioned when applying the same probability distribution to incorrect labels. We
assume that the label distribution correlates with the similarity between categories. One
way to reduce the loss and optimize model performance is to reduce H u; pð Þ, specifically
by making the u distribution as close as possible to the predicted distribution. We posit
that an iterative approach for updating soft labels is more reasonable than using fixed
values, as inspired by Zhang et al. (2021) and Zhou et al. (2023). Therefore, we designed a
DALS method based on this strategy. DALS considers the real relationships between
different categories and uses predictions to extract inter-class relationships that are more
discriminative for the model.

Discrimination-aware label smoothing
DALS uses category correlation in model prediction and dynamically updates soft labels
during the training stage. The soft-label distribution is u kjxð Þ, which differs for each epoch.
The model is supervised by the soft label calculated in the previous epoch, and the soft label
is updated at the end of the current epoch. For a one-hot distribution, the probabilities for
all classes are 0 except for the target class, which is marked with a probability of 1.
Traditional LS employs a uniform distribution for non-target classes and reduces the
probability of the target class to slightly below 1. In contrast, DALS discards the uniform
distribution for the assignment of non-target classes and adaptively adjusts the label
distribution.

We define qtxi;k as the soft distribution of class k in the t-th epoch, where these
distributions are specified for xi. The soft label qt�1

xi;k
calculated in the (t−1)-th epoch will be

used to guide the training process of the t-th epoch. The training loss at this time can be
represented as

Lt
soft ¼ �

XK
k¼1

qt�1
xi; k � log p kjxið Þð Þ (5)
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Figure 1 illustrates the overall framework. Text xi can be classified using any
classification backbone, such as TextCNN (Kim, 2014) or BertGCN (Lin et al., 2021). The
logits from the last layer are denoted as Z. The predicted score p xið Þ is then obtained using
a softmax layer. The p xið Þ scores of the true positive and false positive samples are
accumulated separately.

Specifically, we denote the set of samples with the prediction class c ¼ argmax
k

p kjxið Þ
as D. We also define a true positive set called Dþ and a false positive set called D�. At
the end of each epoch, the accumulated class distribution is processed to balance
the score contributions of each sample. The following equations are used for the
calculation:

qþt
xi;k

¼ 1
Dj j

X
xi2Dþ

p kjxið Þ

q�t
xi;k

¼ 1
Dj j

X
xi2D�

p kjxið Þ

8>>><
>>>:

(6)

where qþt
xi;k

is the soft label of class k calculated using true positive samples corresponding
to sample xi. Similarly, q�t

xi;k
is computed using false positive samples. Our soft label q is

calculated in two parts: qþ and q�. A truncation value of 0 is set to limit the impact of false
positive distributions on the overall values. We define

qtxi; k ¼ max 0; kqþt
xi;k

� q�t
xi;k

� �
(7)

where k is a hyperparameter to balance the impact of true positive and false positive cases.
By adding hard label supervision, the updated training loss is changed to

Lall ¼ 1� að Þ � Lt
soft þ a � Lhard (8)

where a determines the trade-off between soft and hard losses, and the value of

C
la
s
s

C
la
s
s

C
la
s
s

C
la
s
s

l

Figure 1 The overall structure of DALS. The overall structure of our DALS. This figure depicts the
process to produce qt in the epoch of t. Predicted score is supervised by qt−1 and used to calculate the loss.

Full-size DOI: 10.7717/peerj-cs.2005/fig-1
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a represents the confidence in the hard label. When a equals 1, it is equivalent to

calculating with the hard label. We define qþ0 as a uniform distribution, and q�0 ¼ 0

because the soft label in the 0-th epoch is unavailable, according to Eq. (5). Thus, q̂0≜
1
K
I,

where I denotes the identity matrix. In the early stage; this model is equivalent to
using traditional LS.

True positive samples enable the model to generalize, allowing it to identify
documents that were previously misclassified because the correct class was similar to the
other classes. However, for categories with low precision, the model carries the risk of
underfitting and an increased error rate. Thus, more generalization capabilities are
not urgently needed. In particular, for these classes, we need to reduce the impact of
true positive sample-based generalization on the model and implement a more rigorous
loss assessment. Subtracting the value of q�t

xi; k
weakens the regularization degree and

reduces the blurring degree of the boundary between classes, making the class
boundary clearer.

Thus, we propose DALS to reduce the underfitting caused by excessive regularization.

EXPERIMENTAL ANALYSIS
Datasets
The datasets included 20-Newsgroups (20NG), R8 and R52 in Reuters 21,578, Ohsumed,
and a movie review (MR) (Table 1).

20NG has 18,846 news documents, of which 113,134 and 7,532 were used for the
training and test sets, respectively, which were classified with 20 labels.

R8 and R52, extracted from Reuters 21,578, have eight and 52 categories, respectively.
R8 was divided into 5,485 documents for training and 2,189 documents for testing,
whereas R52 was split into 6,532 training documents and 2,568 testing documents.

The Ohsumed Corpus comes from the MEDLINE database, which contains
bibliographies of medical literature and has been processed to retain only 7,400 documents
belonging to a single category. There were 3,357 documents in the training set and 4,043
documents in the test set, which were divided into 23 classes.

MR (Pang & Lee, 2005) is a short-text dataset of film reviews containing one sentence
for each document and is mainly used for dichotomous emotional classification. There
were 5,331 positive and 5,331 negative comments.

Table 1 Datasets in the experiment.

Dataset #Documents #Training #Test #Classes #Words

20NG 18,846 11,314 7,532 20 42,757

R8 7,674 5,485 2,189 8 7,688

R52 9,100 6,532 2,568 52 8,892

Ohsumed 7,400 3,357 4,043 23 14,175

MR 10,662 7,108 3,554 2 18,764

Ren et al. (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2005 7/19

http://dx.doi.org/10.7717/peerj-cs.2005
https://peerj.com/computer-science/


Baselines
The various models chosen for the baselines are listed as follows:

TextCNN (Kim, 2014) automatically combines and filters n-gram features to obtain
high-level semantic information.

LSTM (Hochreiter & Schmidhuber, 1997) is a special form of recurrent neural network.
The hidden state in the final step is used to represent the entire text.

FastText (Joulin et al., 2017), wherein the word vector and average n-gram vector are
regarded as the document embedding.

TextGCN (Yao, Mao & Luo, 2019) constructs the entire corpus as a heterogeneous
word-document graph, whereby the document classification problem is transformed into
node classification.

SGC (Wu et al., 2019) reduces complexity by removing nonlinearities between the GCN
layers, thereby collapsing the function into a linear transformation.

TensorGCN (Liu et al., 2020) constructs a text-graph tensor to describe semantic,
syntactic, and sequential contextual information. Intragraph and intergraph propagations
were conducted.

BERT (Kenton & Toutanova, 2019) and its variant RoBERTa (Liu et al., 2019): BERT
refers to the bidirectional encoder representations from transformers that create numerous
state-of-the-art models. RoBERTa is a robust, optimized BERT pre-training method.

BertGCN also builds a heterogeneous graph in which the document nodes are initialized
with a pre-trained Bert. Subsequently, they are jointly trained with Bert and GCN for text
classification. RoBERTaGCN, BertGAT, and RoBERTaGAT share this concept.

Experimental setup
Five models were selected for topic classification and sentiment analysis: TextCNN, LSTM,
FastText, TextGCN, and BertGCN. For TextCNN, three types of kernels with sizes of two,
three, and four were set, and the number of kernels for each type was 100. For LSTM, we
chose a hidden layer size of 64. In BertGCN, the [CLS] token of the output feature was
treated as the document embedding. The Bert-base-uncased model from HuggingFace
(https://huggingface.co/bert-base-uncased) was used following (Lin et al., 2021), randomly
dividing 10% of the training data for validation. All models used the Adam (Kingma & Ba,
2015) optimizer and adopted 300-dimensional GloVe word embeddings (Pennington,
Socher & Manning, 2014). The main parameters included the number of epochs, batch
size, learning rate, early stopping, a, and k. Early stopping indicates that the training
process is terminated in advance if the performance of the validation set does not improve
within a certain number of steps. Table 2 lists the parameter configurations of different
models selected for comparison. We retained the default parameters in the original
methods, setting k ¼ 1:4 and a ¼ 0:96 as moderate choices for the experiments. The
performance was enhanced through further tuning. The models were trained using an
NVIDIA A100 Tensor Core GPU.
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RESULTS
Performance of text classification
Experiments were conducted on five benchmark datasets, and the results are listed in
Table 3. The experimental results on the original benchmark models were obtained from
TextGCN (Yao, Mao & Luo, 2019) and other original studies (Liu et al., 2020; Lin et al.,
2021). The results in Table 3 show that DALS performed well on several datasets when
using the BertGCN backbone, achieving higher classification accuracy than some
traditional and outstanding methods.

Table 4 lists the accuracy and Macro-F1 results of five models with DALS. It shows that
systems with DALS outperform those without DALS in all datasets. Compared with the
baselines, the accuracy of models using DALS on Ohsumed improved by 5% on average
and by 2% on the 20NG and R52 datasets. The existence of several categories in these
datasets, where some categories are difficult to distinguish, may be a possible explanation
for this phenomenon. The enhancements are not evident in MR because it only has two
opposing labels without any explicit label correlation. However, our method takes
advantage of label correlations, which provide limited help on the MR dataset. Although

Table 2 Experimental setting.

Parameters TextCNN LSTM FastText TextGCN BertGCN SGC TensorGCN BERT

Epoch 100 100 100 200 60 3 1,000 60

Batch size 64 64 64 – 16 – – 64

Learning rate 0.008 0.008 0.008 0.02 0.001 0.2 0.002 0.001

Early stopping 50 50 50 10 – – 10 –

Optimizer Adam Adam Adam Adam Adam L-BFGS Adam Adam

Table 3 Performance on test data.

Models 20NG R8 R52 Ohsumed MR

TextCNN 0.8215 0.9571 0.8759 0.5844 0.7775

LSTM 0.7543 0.9609 0.9048 0.5110 0.7733

FastText 0.7938 0.9613 0.9281 0.5770 0.7514

TextGCN 0.8634 0.9707 0.9356 0.6836 0.7674

SGC 0.885 0.972 0.940 0.685 0.759

TensorGCN 0.8794 0.9804 0.9505 0.7011 0.7791

BERT 0.853 0.978 0.964 0.705 0.857

RoBERTa 0.838 0.978 0.962 0.707 0.894

RoBERTaGCN 0.895 0.982 0.961 0.728 0.897

BertGAT 0.874 0.978 0.965 0.712 0.865

RoBERTaGAT 0.865 0.980 0.961 0.712 0.892

BertGCN 0.893 0.981 0.966 0.728 0.860

BertGCN w/DALS 0.8947 0.9828 0.9667 0.7361 0.8646

Note:
Each bold entry denotes the best performance of the metric in the column.
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some results cannot meet the desired performance on the MR dataset, the overall results
remain competitive, which proves the effectiveness and flexibility of DALS.

Accuracy and calibration performance with different losses
In this study, we also explored the test performance and calibration ability of DALS
compared with other methods. The expected calibration error (ECE) (Naeini, Cooper &
Hauskrecht, 2015; Guo et al., 2017) is a commonly used method for measuring calibration.
The samples were evenly distributed inM bins. Bm represents the set of predicted samples
belonging to the m-th bin. The average accuracy of the samples in Bm is denoted as Accm,
and the average confidence within Bm is denoted as Confm. Here, we set M ¼ 10.

ECE ¼
XM
m

Bmj j
N

Accm � Confmj j: (9)

As shown in Table 5, the accuracy and ECE of the different methods are reported on the
four datasets, and only the state-of-the-art BertGCN model is chosen for comparison. Our
method achieves a higher accuracy than other existing methods. The performance gains
suggest that DALS helps improve text classification models, such as BertGCN. The ECE
results also show that our method achieves a lower ECE than most other methods,
including CE, and enables the calibration of neural models. Although our ECE result on

Table 4 Performance of backbones with and without DALS.

Model 20NG R8 R52 Ohsumed MR

Acc Macro-
F1

Acc Macro-
F1

Acc Macro-
F1

Acc Macro-
F1

Acc Macro-
F1

TextCNN 0.8502 (+0.0287) 0.8465 0.9628 (+0.0057) 0.9161 0.9166 (+0.0407) 0.6841 0.6233 (+0.0389) 0.5570 0.7917 (+0.0142) 0.7917

LSTM 0.8143 (+0.0600) 0.8123 0.9743 (+0.0134) 0.9348 0.9441 (+0.0393) 0.7173 0.6320 (+0.1210) 0.5222 0.7789 (+0.0056) 0.7799

FastText 0.8519 (+0.0581) 0.8479 0.9743 (+0.0130) 0.9302 0.9441 (+0.0160) 0.7470 0.6588 (+0.0818) 0.5874 0.7766 (+0.0252) 0.7768

TextGCN 0.8634 (+0.0000) 0.8585 0.9710 (+0.0003) 0.9330 0.9381 (+0.0025) 0.6808 0.6875 (+0.0039) 0.6281 0.7608 (−0.0066) 0.7608

BertGCN 0.8947 (+0.0017) 0.8888 0.9828 (+0.0018) 0.9487 0.9667 (+0.0007) 0.8419 0.7361 (+0.0081) 0.6603 0.8646 (+0.0046) 0.8647

Note:
Each bold entry denotes the best performance of the metric in the column.

Table 5 Test accuracy and calibration performance of BertGCN with different loss functions.

Methods R8 R52 Ohsumed MR

Acc ECE Acc ECE Acc ECE Acc ECE

CE 0.9810 0.012991 0.966 0.033264 0.728 0.244315 0.8600 0.105862

LS 0.9790 0.069798 0.9638 0.074365 0.7316 0.168407 0.8613 0.077004

FL (Lin et al., 2017) 0.9804 0.008995 0.9533 0.031282 0.6960 0.249241 0.8576 0.113956

MbLS (Liu et al., 2022) 0.9758 0.013138 0.9603 0.031092 0.7062 0.210890 0.8571 0.115159

DALS 0.9828 0.008458 0.9667 0.030494 0.7361 0.168829 0.8646 0.075474

Note:
Best results are highlighted in bold style.
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Ohsumed is less satisfactory than that on LS, a balanced performance is achieved with
higher accuracy.

Effect of corrupted labels
To explore the ability of the model to deal with mislabeling, 5%, 10%, 15%, 20%, 25%, and
30% of the training data were randomly selected, and the labels were randomly replaced
from among the remaining labels with the same transition probability. The test set
remained unchanged. Figures 2 and 3 both show the effects of different proportions of
corrupted labels on the test results. Figure 2 presents the results of the experiments
conducted on TextCNN, whereas Fig. 3 uses TextGCN. In general, as the
percentage of fake labels increases, the accuracy decreases. After using DALS, the
performance of the backbone improved in most cases. These experiments prove that the
proposed method maintains its robustness and reduces the negative impact of labeling
errors on the model.

Confusion matrices were generated on the Ohsumed dataset (Fig. 4), where each case
tends to be classified into the C23 category of the backbone; therefore, the color of this
column is darker. After applying DALS, the model reduces the predicted probability of
C23, and the color of column C23 is lighter. This suggests that if the sample is often

l l l l

l ll l

Figure 2 Performance with different proportions of corrupted labels (TextCNN).
Full-size DOI: 10.7717/peerj-cs.2005/fig-2
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misclassified into certain categories that are confusing, more supervision is required for
that class instead of excessive regularization.

DISCUSSION
Effect of hyperparameters
Among the hyperparameters, a measures the contribution of soft and hard targets, which
represents the degree to which model prediction deviates from the hard labels. As shown in
Fig. 5A, when a ¼ 0:96, TextGCN with DALS achieves the best result on the Ohsumed
dataset. When the value exceeds 0.96, the model performance degrades, caused by the
small proportion of soft labels. The increase in the non-target distribution is too small to
show a difference between labels. When a is lower than 0.96, the contribution of the soft
label is higher, increasing error tolerance. This can easily cause underfitting, reducing the
learning ability of the model. Figure 5A also shows that the highest accuracy of BertGCN
with DALS is obtained when a = 0.95. We also explored the settings of k to balance the
impact of true positive and false positive cases, as shown in Fig. 5B. A k value of
approximately 1.4 emerges as the optimal balance point, yielding the highest accuracy on
the test set with the TextGCN method. Deviations towards smaller or larger values of k
result in a decline in model efficacy. Tuning k to an appropriate value can effectively
control the smoothness of the model, thereby enhancing the overall model by managing
true positive and false positive instances.

l l l l

l ll l

Figure 3 Performance with different proportions of corrupted labels (TextGCN).
Full-size DOI: 10.7717/peerj-cs.2005/fig-3
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Connection with model complexity
We also investigated whether our regularization method affects the complexity of the
model. The TextCNNmodel requires several kernels to capture different text features, with
a default kernel size of 100. Our experiments reduced the number of neurons by reducing
the number of kernels to 2, 4, 6, 8, and 10. The results shown in Fig. 6 indicate that the

l l

l
l

l
l

l l

Figure 4 Confusion matrix of TextCNN and TextCNN with DALS on the Ohsumed dataset. Full-size DOI: 10.7717/peerj-cs.2005/fig-4

l l

Figure 5 Effect of hyperparameters on the Ohsumed dataset (TextGCN and BertGCN).
Full-size DOI: 10.7717/peerj-cs.2005/fig-5
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model captures more features with an increasing number of kernels, and its accuracy
remains higher than that of the backbone.

CONCLUSIONS
LS helps alleviate the problem of overconfidence and enhances the calibration ability of
models. DALS, an adaptive LS method, offers a reasonable approach for obtaining the soft
distribution of classes by employing true and false positive samples to iteratively learn their
distribution scores. Experiments on five datasets show that DALS promotes classification
performance, calibration ability, and model robustness. In summary, the advantages of our
model are: 1) employing both true positive and false positive cases in learning smoothing
parameters, thereby expanding the training data for model calibration and improving
performance; 2) providing a LS approach via plug-and-play without any changes to the
original models.

Our approach has several limitations that need to be considered for improvement: 1)
DALS may not yield significant performance improvements for classification tasks with
sparse data. In such cases, the model should focus more on data fitting than generalization;
2) model hyperparameters are dataset-dependent. Consequently, hyperparameter settings
become essential during the learning process to ensure optimal performance across
different datasets.

In future work, we plan to extend our research by integrating this method into machine
learning pipelines for various applications in downstream tasks to measure the correlation

l l

ll

Figure 6 Effect of neuron number. Full-size DOI: 10.7717/peerj-cs.2005/fig-6
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between the decision thresholds of these tasks and the adaptive LS method and improve
performance.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
This work is supported by the Major Project of Philosophy and Social Sciences of
the Ministry of Education (Grant No. 21JDA050), the Research Fund of National
Language Commission (Grant No.YB145-2), the Guangdong Education Department
Project Foundation (Grant Nos. 2017KTSCX064, 2023WTSCX017), the Guangdong
Philosophy and Social Sciences Foundation (Grant Nos. GD20XZY01, GD24CWY11), the
Guangdong University of Foreign Studies Project Foundation (Grant Nos. LAI202305,
LEC2019ZBKT002, LEC2022ZBKT005), the Guangzhou Science and Technology Project
Foundation (Grant No. 202201010717), the National Natural Science Foundation of China
(Grant No. 61977032) and the Hainan Natural Science Foundation (Grant Nos.
620QN282, 621MS054). The funders had no role in study design, data collection and
analysis, decision to publish, or preparation of the manuscript.

Grant Disclosures
The following grant information was disclosed by the authors:
Philosophy and Social Sciences of the Ministry of Education: Grant No. 21JDA050.
Research Fund of National Language Commission: Grant No.YB145-2.
Guangdong Education Department Project Foundation: Grant Nos. 2017KTSCX064,
2023WTSCX017.
Guangdong Philosophy and Social Sciences Foundation: Grant Nos. GD20XZY01,
GD24CWY11.
Guangdong University of Foreign Studies Project Foundation: Grant Nos. LAI202305,
LEC2019ZBKT002, LEC2022ZBKT005.
Guangzhou Science and Technology Project Foundation: Grant No. 202201010717.
National Natural Science Foundation of China: Grant No. 61977032.
Hainan Natural Science Foundation: Grant Nos. 620QN282, 621MS054.

Competing Interests
The authors declare that they have no competing interests.

Author Contributions
� Han Ren conceived and designed the experiments, performed the experiments, analyzed
the data, performed the computation work, prepared figures and/or tables, authored or
reviewed drafts of the article, and approved the final draft.

� Yajie Zhao conceived and designed the experiments, performed the experiments,
analyzed the data, performed the computation work, prepared figures and/or tables,
authored or reviewed drafts of the article, and approved the final draft.

� Yong Zhang analyzed the data, authored or reviewed drafts of the article, and approved
the final draft.

Ren et al. (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2005 15/19

http://dx.doi.org/10.7717/peerj-cs.2005
https://peerj.com/computer-science/


� Wei Sun conceived and designed the experiments, analyzed the data, authored or
reviewed drafts of the article, and approved the final draft.

Data Availability
The following information was supplied regarding data availability:

The 20ng dataset is available at Zenodo: N/A. (2021). 20 news group (20ng) (Version
v1) [Data set]. Zenodo. https://doi.org/10.5281/zenodo.7555237.

The R8 and R52 are most widely used data collections for text categorization. They are
publicly available as part of the Reuters Corpus through Reuters, Inc. at GitHub: https://
github.com/yao8839836/text_gcn/tree/master/data.

The Ohsumed dataset is available at Zenodo: N/A. (2021). OHSUMED (Version v1)
[Data set]. Zenodo. https://doi.org/10.5281/zenodo.7555276.

The MR dataset is available at Zenodo: N/A. (2021). Movie review (MR) (Version v1)
[Data set]. Zenodo. https://doi.org/10.5281/zenodo.7555273.

The GloVe embedding is available at Zenodo: Liebl Bernhard. (2021). GloVe 6B Vectors
(1.2) [Data set]. Zenodo. https://doi.org/10.5281/zenodo.4925376.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj-cs.2005#supplemental-information.

REFERENCES
Arazo E, Ortego D, Albert P, O’Connor N, McGuinness K. 2019. Unsupervised label noise

modeling and loss correction. In: International Conference on Machine Learning. New York:
Proceedings of Machine Learning Research (PMLR), 312–321.

Bahri D, Jiang H. 2021. Locally adaptive label smoothing improves predictive churn. In: Meila M,
Zhang T, eds. Proceedings of the 38th International Conference on Machine Learning. New York:
Proceedings of Machine Learning Research (PMLR), 532–542.

Balanya SA, Maroñas J, Ramos D. 2022. Adaptive temperature scaling for robust calibration of
deep neural networks. ArXiv preprint DOI 10.48550/arXiv.2208.00461.

Chen X, Cheng Y, Wang S, Gan Z, Wang Z, Liu J. 2021. EarlyBERT: efficient BERT training via
early-bird lottery tickets. In: Proceedings of the 59th Annual Meeting of the Association for
Computational Linguistics and the 11th International Joint Conference on Natural Language
Processing (Volume 1: Long Papers). Online: Association for Computational Linguistics,
2195–2207 DOI 10.18653/v1/2021.acl-long.171.

Desai S, Durrett G. 2020. Calibration of pre-trained transformers. In: Proceedings of the 2020
Conference on Empirical Methods in Natural Language Processing (EMNLP). 295–302.

Ding Q, Wu S, Sun H, Guo J, Xia S-T. 2019. Adaptive regularization of labels. ArXiv preprint
DOI 10.48550/arXiv.1908.05474.

Guo C, Pleiss G, Sun Y, Weinberger KQ. 2017. On calibration of modern neural networks. In:
International Conference on Machine Learning. New York: Proceedings of Machine Learning
Research (PMLR), 1321–1330.

Hinton G, Vinyals O, Dean J. 2015. Distilling the knowledge in a neural network. ArXiv preprint
DOI 10.48550/arXiv.1503.02531.

Ren et al. (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2005 16/19

https://doi.org/10.5281/zenodo.7555237
https://github.com/yao8839836/text_gcn/tree/master/data
https://github.com/yao8839836/text_gcn/tree/master/data
https://doi.org/10.5281/zenodo.7555276
https://doi.org/10.5281/zenodo.7555273
https://doi.org/10.5281/zenodo.4925376
http://dx.doi.org/10.7717/peerj-cs.2005#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.2005#supplemental-information
http://dx.doi.org/10.48550/arXiv.2208.00461
http://dx.doi.org/10.18653/v1/2021.acl-long.171
http://dx.doi.org/10.48550/arXiv.1908.05474
http://dx.doi.org/10.48550/arXiv.1503.02531
http://dx.doi.org/10.7717/peerj-cs.2005
https://peerj.com/computer-science/


Hochreiter S, Schmidhuber J. 1997. Long short-term memory. Neural Computation
9(8):1735–1780 DOI 10.1162/neco.1997.9.8.1735.

Joulin A, Grave E, Bojanowski P, Mikolov T. 2017. Bag of tricks for efficient text classification. In:
Proceedings of the 15th Conference of the European Chapter of the Association for Computational
Linguistics: Volume 2, Short Papers. Valencia, Spain: Association for Computational Linguistics,
427–431.

Kenton JDM-WC, Toutanova LK. 2019. BERT: pre-training of deep bidirectional transformers for
language understanding. In: Proceedings of NAACL-HLT. 4171–4186.

Khan H, Wang X, Liu H. 2023. A study on relationship between prediction uncertainty and
robustness to noisy data. International Journal of Systems Science 54(6):1243–1258
DOI 10.1080/00207721.2023.2169059.

Kim Y. 2014. Convolutional neural networks for sentence classification. In: Proceedings of the 2014
Conference on Empirical Methods in Natural Language Processing (EMNLP). Doha, Qatar:
Association for Computational Linguistics, 1746–1751 DOI 10.3115/v1/D14-1181.

Kingma DP, Ba J. 2015. Adam: a method for stochastic optimization. In: Bengio Y, LeCun Y, eds.
3rd International Conference on Learning Representations, May 7–9, 2015, Conference Track
Proceedings. San Diego, CA, USA: ICLR.

Krothapalli U, Abbott AL. 2020. Adaptive label smoothing. ArXiv preprint
DOI 10.48550/arXiv.2009.06432.

Kumar A, Sarawagi S, Jain U. 2018. Trainable calibration measures for neural networks from
kernel mean embeddings. In: International Conference on Machine Learning. New York:
Proceedings of Machine Learning Research (PMLR), 2805–2814.

Li W, Dasarathy G, Berisha V. 2020. Regularization via structural label smoothing. In: Chiappa S,
Calandra R, eds. Proceedings of the Twenty Third International Conference on Artificial
Intelligence and Statistics. Proceedings of Machine Learning Research. New York: Proceedings of
Machine Learning Research (PMLR), 1453–1463.

Lin T-Y, Goyal P, Girshick R, He K, Dollar P. 2017. Focal loss for dense object detection. In:
Proceedings of the IEEE International Conference on Computer Vision (ICCV). Piscataway: IEEE.

Lin Y, Meng Y, Sun X, Han Q, Kuang K, Li J, Wu F. 2021. BertGCN: transductive text
classification by combining GNN and BERT. In: Findings of the Association for Computational
Linguistics: ACL-IJCNLP 2021. 1456–1462.

Liu B, Ben Ayed I, Galdran A, Dolz J. 2022. The devil is in the margin: margin-based label
smoothing for network calibration. In: Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Piscataway: IEEE, 80–88.

Liu Y, Ott M, Goyal N, Du J, Joshi M, Chen D, Levy O, Lewis M, Zettlemoyer L, Stoyanov V.
2019. Roberta: a robustly optimized bert pretraining approach. ArXiv preprint
DOI 10.48550/arXiv.1907.11692.

Liu X, You X, Zhang X, Wu J, Lv P. 2020. Tensor graph convolutional networks for text
classification. In: Proceedings of the AAAI Conference on Artificial Intelligence. 8409–8416.

Lukasik M, Jain H, Menon A, Kim S, Bhojanapalli S, Yu F, Kumar S. 2020. Semantic label
smoothing for sequence to sequence problems. In: Proceedings of the 2020 Conference on
Empirical Methods in Natural Language Processing (EMNLP). 4992–4998.

Luo Z, Xi Y, Mao X. 2021. Smoothing with fake label. In: Proceedings of the 30th ACM
International Conference on Information & Knowledge Management. 3303–3307.

Ma X, Wang Y, Houle ME, Zhou S, Erfani S, Xia S, Wijewickrema S, Bailey J. 2018.
Dimensionality-driven learning with noisy labels. In: International Conference on Machine
Learning. New York: Proceedings of Machine Learning Research (PMLR), 3355–3364.

Ren et al. (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2005 17/19

http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.1080/00207721.2023.2169059
http://dx.doi.org/10.3115/v1/D14-1181
http://dx.doi.org/10.48550/arXiv.2009.06432
http://dx.doi.org/10.48550/arXiv.1907.11692
http://dx.doi.org/10.7717/peerj-cs.2005
https://peerj.com/computer-science/


Maher M, Kull M. 2021. Instance-based label smoothing for better calibrated classification
networks. In: 2021 20th IEEE International Conference on Machine Learning and Applications
(ICMLA). 746–753 DOI 10.1109/ICMLA52953.2021.00124.

Mukhoti J, Kulharia V, Sanyal A, Golodetz S, Torr P, Dokania P. 2020. Calibrating deep neural
networks using focal loss. Advances in Neural Information Processing Systems 33:15288–15299
ArXiv preprint DOI 10.48550/arXiv.2002.09437.

Müller R, Kornblith S, Hinton GE. 2019. When does label smoothing help? In: Wallach H,
Larochelle H, Beygelzimer A, Alché-Buc FD, Fox E, Garnett R, eds. Advances in Neural
Information Processing Systems. Red Hook: Curran Associates, Inc.

Naeini MP, Cooper GF, Hauskrecht M. 2015. Obtaining well calibrated probabilities using
Bayesian binning. In: Proceedings of the AAAI Conference on Artificial Intelligence. 29
DOI 10.1609/aaai.v29i1.9602.

Pang B, Lee L. 2005. Seeing stars: exploiting class relationships for sentiment categorization with
respect to rating scales. In: Proceedings of the 43rd Annual Meeting of the Association for
Computational Linguistics (ACL’05). Ann Arbor, Michigan: Association for Computational
Linguistics, 115–124 DOI 10.3115/1219840.1219855.

Patrini G, Rozza A, Krishna Menon A, Nock R, Qu L. 2017.Making deep neural networks robust
to label noise: a loss correction approach. In: Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. Piscataway: IEEE, 1944–1952.

Penha G, Hauff C. 2021. Weakly supervised label smoothing. In: Advances in Information
Retrieval: 43rd European Conference on IR Research, ECIR 2021, Virtual Event, March 28–April
1, 2021, Proceedings, Part II. 334–341.

Pennington J, Socher R, Manning C. 2014. GloVe: global vectors for word representation. In:
Proceedings of the 2014 Conference on Empirical Methods in Natural Language Processing
(EMNLP). Doha, Qatar: Association for Computational Linguistics, 1532–1543
DOI 10.3115/v1/D14-1162.

Pereyra G, Tucker G, Chorowski J, Kaiser Ł, Hinton G. 2017. Regularizing neural networks by
penalizing confident output distributions. ArXiv preprint DOI 10.48550/arXiv.1701.06548.

Platt J. 1999. Probabilistic outputs for support vector machines and comparisons to regularized
likelihood methods. Advances in Large Margin Classifiers 10:61–74.

Reed S, Lee H, Anguelov D, Szegedy C, Erhan D, Rabinovich A. 2014. Training deep neural
networks on noisy labels with bootstrapping. ArXiv preprint DOI 10.48550/arXiv.1412.6596.

Saha S, Das S, Srihari RK. 2022. Similarity based label smoothing for dialogue generation. In:
Proceedings of the 19th International Conference on Natural Language Processing (ICON).
253–259.

Song M, Zhao Y, Wang S, Han M. 2020. Learning recurrent neural network language models with
context-sensitive label smoothing for automatic speech recognition. In: ICASSP 2020—2020
IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP). Barcelona,
Spain: IEEE, 6159–6163 DOI 10.1109/ICASSP40776.2020.9053589.

Srivastava N, Hinton G, Krizhevsky A, Sutskever I, Salakhutdinov R. 2014. Dropout: a simple
way to prevent neural networks from overfitting. The Journal of Machine Learning Research
15:1929–1958.

Szegedy C, Vanhoucke V, Ioffe S, Shlens J, Wojna Z. 2016. Rethinking the inception architecture
for computer vision. In: Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). Piscataway: IEEE.

Thulasidasan S, Chennupati G, Bilmes JA, Bhattacharya T, Michalak S. 2019. On mixup
training: improved calibration and predictive uncertainty for deep neural networks. In: Advances
in Neural Information Processing Systems. Vol. 32.

Ren et al. (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2005 18/19

http://dx.doi.org/10.1109/ICMLA52953.2021.00124
http://dx.doi.org/10.48550/arXiv.2002.09437
http://dx.doi.org/10.1609/aaai.v29i1.9602
http://dx.doi.org/10.3115/1219840.1219855
http://dx.doi.org/10.3115/v1/D14-1162
http://dx.doi.org/10.48550/arXiv.1701.06548
http://dx.doi.org/10.48550/arXiv.1412.6596
http://dx.doi.org/10.1109/ICASSP40776.2020.9053589
http://dx.doi.org/10.7717/peerj-cs.2005
https://peerj.com/computer-science/


Wang Y, Cai Y, Liang Y, Wang W, Ding H, Chen M, Tang J, Hooi B. 2021a. Structure-aware
label smoothing for graph neural networks. ArXiv preprint DOI 10.48550/arXiv.2112.00499.

Wang Y, Zheng Y, Jiang Y, Huang M. 2021b. Diversifying dialog generation via adaptive label
smoothing. In: Proceedings of the 59th Annual Meeting of the Association for Computational
Linguistics and the 11th International Joint Conference on Natural Language Processing (Volume
1: Long Papers). Online: Association for Computational Linguistics, 3507–3520
DOI 10.18653/v1/2021.acl-long.272.

Wei J, Liu H, Liu T, Niu G, Sugiyama M, Liu Y. 2022a. To smooth or not? When label smoothing
meets noisy labels. In: International Conference on Machine Learning. New York: Proceedings of
Machine Learning Research (PMLR), 23589–23614.

Wei H, Xie R, Cheng H, Feng L, An B, Li Y. 2022b. Mitigating neural network overconfidence
with logit normalization. In: International Conference on Machine Learning. New York:
Proceedings of Machine Learning Research (PMLR), 23631–23644.

Wu F, Souza A, Zhang T, Fifty C, Yu T, Weinberger K. 2019. Simplifying graph convolutional
networks. In: International Conference on Machine Learning. New York: Proceedings of
Machine Learning Research (PMLR), 6861–6871.

Xie L, Wang J, Wei Z, Wang M, Tian Q. 2016. Disturblabel: regularizing CNN on the loss layer.
In: Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. Piscataway:
IEEE, 4753–4762.

Xu Y, Xu Y, Qian Q, Li H, Jin R. 2020. Towards understanding label smoothing. ArXiv preprint
DOI 10.48550/arXiv.2006.11653.

Yao L, Mao C, Luo Y. 2019.Graph convolutional networks for text classification. Proceedings of the
AAAI Conference on Artificial Intelligence 33(1):7370–7377 DOI 10.1609/aaai.v33i01.33017370.

Ying X. 2019. An overview of overfitting and its solutions. Journal of Physics: Conference Series.
IOP Publishing 1168:022022 DOI 10.1088/1742-6596/1168/2/022022.

Yun S, Han D, Oh SJ, Chun S, Choe J, Yoo Y. 2019. Cutmix: regularization strategy to train strong
classifiers with localizable features. In: Proceedings of the IEEE/CVF International Conference on
Computer Vision. Piscataway: IEEE, 6023–6032.

Zadrozny B, Elkan C. 2001. Obtaining calibrated probability estimates from decision trees and
naive Bayesian classifiers. In: Proceedings of the Eighteenth International Conference on Machine
Learning. 609–616.

Zadrozny B, Elkan C. 2002. Transforming classifier scores into accurate multiclass probability
estimates. In: Proceedings of the Eighth ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining. KDD ’02. New York, NY, USA: Association for Computing
Machinery, 694–699 DOI 10.1145/775047.775151.

Zhang C-B, Jiang P-T, Hou Q, Wei Y, Han Q, Li Z, Cheng M-M. 2021. Delving deep into label
smoothing. IEEE Transactions on Image Processing 30:5984–5996
DOI 10.1109/TIP.2021.3089942.

Zhang Y, Sun X, Ma S, Yang Y, Ren X. 2018. Does higher order LSTM have better accuracy for
segmenting and labeling sequence data? In: Proceedings of the 27th International Conference on
Computational Linguistics. Santa Fe, New Mexico, USA: Association for Computational
Linguistics, 723–733.

Zhou K, Choi S-H, Liu Z, Liu N, Yang F, Chen R, Li L, Hu X. 2023. Adaptive label smoothing to
regularize large-scale graph training. In: Proceedings of the 2023 SIAM International Conference
on Data Mining (SDM). SIAM, 55–63.

Ren et al. (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2005 19/19

http://dx.doi.org/10.48550/arXiv.2112.00499
http://dx.doi.org/10.18653/v1/2021.acl-long.272
http://dx.doi.org/10.48550/arXiv.2006.11653
http://dx.doi.org/10.1609/aaai.v33i01.33017370
http://dx.doi.org/10.1088/1742-6596/1168/2/022022
http://dx.doi.org/10.1145/775047.775151
http://dx.doi.org/10.1109/TIP.2021.3089942
http://dx.doi.org/10.7717/peerj-cs.2005
https://peerj.com/computer-science/

	Learning label smoothing for text classification
	Introduction
	Related work
	Model
	Experimental analysis
	Results
	Discussion
	Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


