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Abstract

Sequence labeling models often benefit from
incorporating external knowledge. However,
this practice introduces data heterogeneity and
complicates the model with additional mod-
ules, leading to increased expenses for train-
ing a high-performing model. To address this
challenge, we propose a dual-stage curricu-
Ium learning (DCL) framework specifically de-
signed for sequence labeling tasks. The DCL
framework enhances training by gradually in-
troducing data instances from easy to hard. Ad-
ditionally, we introduce a dynamic metric for
evaluating the difficulty levels of sequence la-
beling tasks. Experiments on several sequence
labeling datasets show that our model enhances
performance and accelerates training, mitigat-
ing the slow training issue of complex models !.

1 Introduction and Related Work

Sequence labeling is a core task in natural language
processing (NLP) that involves assigning labels to
individual elements in a sequence. Recent advance-
ments in neural network methods have significantly
improved performance in sequence labeling tasks
(Zhang et al., 2014; Chen et al., 2017a; Zhang et al.,
2018; Tian et al., 2020a; Nguyen et al., 2021; Hou
et al., 2021; Liu et al., 2021). Some studies have
explored integrating external knowledge, such as
n-grams, lexicons, and syntax, to enhance these
models. However, this integration adds heterogene-
ity and complexity to the input data. Additionally,
incorporating such knowledge often necessitates
extra encoding modules, like attention mechanisms
(Liu et al., 2021; Tian et al., 2020b) or graph neural
networks (GNN) (Chen et al., 2017b; Gui et al.,
2019; Nie et al., 2022), which increase model pa-
rameters and make the system more computation-
ally expensive to develop.

*Corresponding authors.

lhttps ://github.com/tangxuemei1995/
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Curriculum Learning (CL) (Bengio et al., 2009)
effectively addresses these challenges by simulat-
ing the human learning process, where training
samples are introduced progressively from easy to
hard. This approach facilitates efficient learning
from heterogeneous data while enhancing both the
speed and performance of the model (Bengio et al.,
2009; Wang et al., 2021). CL has shown success in
a variety of NLP tasks, including machine transla-
tion (Wan et al., 2020), dialogue generation (Zhu
et al., 2021), and text classification (Zhang et al.,
2022). Data-selection strategies are crucial in CL.
However, these difficulty metrics primarily focus
on the sentence level, such as Mohiuddin et al.
(2022), Yuan et al. (2022) and Liu et al. (2024)’s
works, and there is a lack of token-level and word-
level metrics to measure the difficulty of sequence
labeling tasks.

To address this gap, in this paper, we introduce a
dual-stage curriculum learning (DCL) framework
specifically designed for sequence labeling tasks.
The first stage is data-level CL, where we train a
basic teacher model on all available training data,
aiming to alleviate the cold start problem of the
student model. The second stage is model-level
CL, where we start training the student model on a
selected subset of the teacher model and gradually
expand the training subset by considering the diffi-
culty of the data and the state of the student model.
Furthermore, we explore different difficulty metrics
for sequence labeling tasks within the DCL frame-
work. These metrics include a pre-defined metric,
such as sentence length, and model-aware metrics,
namely Top-N least confidence (TLC), Maximum
normalized log-probability (MNLP), and Bayesian
uncertainty (BU). Finally, we choose the classi-
cal sequence labeling tasks, Chinese word segmen-
tation (CWS), part-of-speech (POS) tagging, and
named entity recognition (NER), to validate our
proposed approach.
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2 Method

The framework proposed in this study consists of
three main components: a teacher sequence label-
ing model, a student sequence labeling model, and
a DCL training strategy. It is worth noting that
the DCL is independent of the sequence labeling
model.

Following previous works (Zhang et al., 2018;
Gong et al., 2019; Fu et al., 2020), in sequence
labeling tasks, we feed an input sentence X =
{z1,...x5...,xpr} into the encoder, and the de-
coder then outputs a label sequence Y* =
{yt, ...y’ ...y3; }, where y represents a label from
a pre-defined label set T', and M denotes the length
of sentence.

2.1 Dual-stage Curriculum Learning

Algorithm 1 Training Process with DCL

Input: Original corpus D, difficulty metric S(-), teacher
model epochs Ey, student model epochs E, scheduler A,
length function | - |

Output: Trained student model ¢
// Data-level Curriculum Learning

1: Train teacher model 6y on D for Ey epochs

: Compute S(6p) for each sample in D

: Sort D by S(p) in ascending order to obtain ranked
dataset D,
// Model-level Curriculum Learning

4: Initialize Ao (starting curriculum ratio)

5: m <+ )\0 . |'D‘

6: Student training set D5 < D;[0 : m)]

7

8

W N

: Remaining data D, + D,[m ]
: for epoch = 1to E5 do
9: if A < 1 then

10: a) Train student model on D; to obtain current 6.

11: b) Compute S(0.) for all samples in D,

12: ¢) Sort D, by S(6.) in ascending order to get
updated D,

13: d) Update X using Eq. 6

14: e) Calculate new data size: m < A - |D| — |Ds|

15: f) Expand D, with new samples: D, += D,[0 :
m]

16: g) Update remaining data: D, < D,[m :]

17: else

18: Train student model on Dy

19: end if

20: end for

We propose a novel dual-stage curriculum learn-
ing approach: data-level CL and model-level CL,
as detailed in Algorithm 1.

At the data level, we first train a basic teacher
model on the entire dataset D for Ey epochs, where
FE) is smaller than the total epochs needed for con-
vergence (Line 1). The teacher model 6 is then
used to calculate difficulty scores S(6p) for each
sample (Line 2), and the samples are sorted by
difficulty to form a ranked dataset D, (Line 3).

At the model level, we address the cold-start
issue by initializing the student model training set
D, with a subset of D,. (Lines 4-6). The proportion
of samples, controlled by the parameter A, governs
the curriculum learning process. The remaining
data, D,, is incorporated into Dy gradually as A
increases. The number of new samples to be added
is denoted as m (Lines 5, 14).

The student model is trained on D; to update the
model parameters 0, (Line 10). Then, 60, is used
for the difficulty calculation of the samples in D,
(Line 11). Next, D, is ranked by new difficulty
scores, forming a new ranked dataset D, (Line
12). The threshold ) is updated (Line 13), and new
samples are added to D, based on A (Lines 14-15).
As A approaches 1, all of D,, is added to Ds. The
complete dataset is then used to train the student
model to convergence.

The key elements in Algorithm 1 are the diffi-
culty metric S(-) and threshold A, which control
the difficulty ranking of samples and the progres-
sion of training, respectively. The design of these
components will be discussed in the following sec-
tions.

2.2 Difficulty Metrics

We now provide a detailed formulation for calculat-
ing the difficulty S(-) in Algorithm 1. In sequence
labeling tasks, sample difficulty is tied to individ-
ual tokens, but assessing token-level difficulty is
challenging. We use uncertainty from active learn-
ing to measure the model’s confidence in labeling
training samples.

Bayesian Uncertainty (BU). Following Buntine
and Weigend (1991), model uncertainty can be as-
sessed using Bayesian Neural Networks. As noted
by Wang et al. (2019), higher predicted probability
variance indicates greater uncertainty, suggesting
that the model is less confident about the sample.
In this work, we employ the widely-used Monte
Carlo dropout (Gal and Ghahramani, 2016) to ap-
proximate Bayesian inference.

First, we apply Monte Carlo dropout (Gal and
Ghahramani, 2016) to obtain each sample of token-
level tagging probabilities. Specifically, for each
token x;, we perform K stochastic forward passes
through the model, resulting in K predicted dis-
tributions P(y; | i)y, ..., P(yi | ;). This pro-
vides K predictions with associated probabilities
for each token. Then the expectation of token-level
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Figure 1: The framework of the proposed model consists of a teacher model, a student model, and a DCL strategy.

Here, “Root f” represents Root function.

tagging probability can be approximated by

E[P(yilz:)] = % Sy Plyilzs), (D)

The variance of token-level tagging probability on
the label set can be approximated by

var(z;,0) ~
K
ZyieT(% Y P E[P(yilxi)P)
Now, we obtain the variance of each token
var(x;, d), then we use the average variance score

of all tokens in the sequence as the sentence-level
variance as follows.

2
(yz’|$z‘)z - @

UCLT‘ aver =

Z var(z;, 0 3)

The maximum variance score var(6)mqz also is
valuable, which reflects the highest uncertainty in
the sequence.

var(0)max = mazien pvar(zi, 0) (4

The final uncertainty score or difficulty score of
each sequence is calculated as follows.

S(0)PY = var(0)maz + var(@)aver.  (5)

Both at the data level and model level, the diffi-
culty of training samples is measured by the above
various S(6).

2.3 Training Scheduler

The training scheduler regulates the pace of CL.
In our approach, we employ the Root function as
the control mechanism. This function ensures that
the model receives sufficient time to learn newly
introduced examples while gradually decreasing
the number of newly added examples throughout
the training process.

2
A = min (1, — X

Egrow

t+ A2> (6)

where Ej.o, denotes the number of epochs re-
quired for A to reach 1, while Ag > O represents the
initial proportion of the easiest training samples. ¢
indicates the ¢4, training epochs. When A reaches 1,
the model has access to the entire training dataset.

3 Experiments

3.1 Dataset and Experimental Configurations

Dataset. Chinese word segmentation (CWS) and
part-of-speech (POS) tagging are representative se-
quence labeling tasks. So we evaluate our approach
using three CWS and POS tagging datasets, includ-
ing Chinese Penn Treebank version 5.0 2 6.0 3,
and PKU. More dataset details can be found in
Appendix A.

Teacher and student models. In this study, the
basic transfer teacher framework is RoBERTa +
Softmax. For the student model, we select two
representative complex models introduced by Tian
et al. (2020b) and Tang et al. (2024). In their work,
Tian et al. (2020b) employed an attention mecha-
nism framework, McASP, to integrate lexicons and
n-grams for the joint CWS and POS tagging task,
using BERT as the encoder. Meanwhile, Tang et al.
(2024) incorporated syntax and semantic knowl-
edge into sequence labeling tasks through a GCN
framework called SynSemGCN, with RoBERTa as
the sequence encoder.

Curriculum learning baselines. We compare
our difficulty metric with four baseline difficulty
metrics for CL: a. Random: Samples are assigned
in random order; b. Sentence Length (Length):
Samples are ranked from shortest to longest, based
on the intuition that longer sequences are more
challenging to encode; (Random and Length metics
represent simple CL, namely without the teacher
model). ¢. Top-N Least Confidence (TLC): The
difficulty of a sequence is determined by using the

2https: //catalog.ldc.upenn.edu/LDC2005T@1
*https://catalog.ldc.upenn.edu/LDC2007T36
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. CTB5 CTB6 PKU

Model CL Setting -~ p05S Cws POS CWS POS
Tian et al. (2020a) 5 98.73 96.60 | 97.30 94.74] - 5
Tian et al. (2020b) (McASP) - 98.77 96.77 | 97.43 9482 - -
Liu et al. (2021) - - 9714 - - - -

Tang et al. (2024) (SynSemGCN) - 98.83 96.77 | 97.86 94.98 | 98.05 95.50

Rand. | 98.81 96.84 | 97.37 94.90 | 9838 96.27

Length | 98.83 96.85|97.35 94.82 [98.40 96.25

McASP TLC | 98.83 96.89|97.37 94.83 |98.41 96.30

MNLP | 98.85 96.81|97.41 9492|9841 96.30

BU | 98.91 96.87|97.42 94.90| 98.43 96.32

Rand. | 98.84 97.86|97.99 95.05|98.48 96.40

Length | 98.80 96.84 | 97.40 94.94 | 98.53 96.48

SynSemGCN TLC | 98.83 97.81|97.98 95.02 |98.61 96.55

MNLP | 98.78 97.72|98.04 95.13|98.56 96.48

BU | 9890 97.95| 98.05 95.14| 98.59 96.54

Table 1: Experimental results of different models using different CL settings on test sets of three datasets. Here,
“CWS” represents the F1 value of CWS, and “POS” means the F1 value of the joint CWS and POS tagging. “-”
means without the CL training strategy, and “TLC”, “MNLP”, and “BU” means using the DCL setting with different
difficulty metrics. The maximum F1 scores for each dataset are highlighted.

N tokens with the lowest confidence; d. Maximum
Normalized Log-Probability (MNLP): The diffi-
culty is assessed by calculating the product of the
label probabilities for all tokens in the sequence.
The detailed computation processes for TLC and
MNLP are provided in Appendix B.

For further details on the important hyper-
parameters of the model, please refer to Ap-
pendix C. We discuss the selection process of these
parameter values in detail in the Appendix D.

3.2 Overall Experimental Results

Table 1 presents the experimental results of base-
lines and two models with different CL settings.
The experimental results reveal several noteworthy
conclusions.

Firstly, the DCL methodology introduced in this
paper is flexible and can be integrated with vari-
ous complex models. As shown in Table 1, the
difficulty metrics proposed here outperform the
Random and Length metrics across most datasets.
Specifically, the BU metric consistently delivers the
best performance on the majority of datasets when
applied to the SynSemGCN model, surpassing the
TLC and MNLP metrics.

Additionally, we compare our approach with pre-
vious methods that incorporate external knowledge
or resources into the encoder. The results reveal
that models using CL exhibit significant perfor-
mance improvements, surpassing the performance

of earlier methods.

CTBS .
Model CWS  POS Time
Ours 98.90 97.95 | 287m
w/o data CL(BU) 98.90 97.88 -
w/o model CL(BU) 98.85 97.51 -
w/o DCL 98.75 96.73 | 393m
Table 2: Ablation experimental results of DCL.

The baseline model “w/o DCL” denotes the model
SynSemGCN; “w/o model CL” means the student
model always uses the initial data order sorted by
the transfer teacher model; “w/o data CL” indicates
the initial training samples for the student model is
drawn randomly from the training set; “Ours” indicates
“SynSemGCN+DCL(BU)”. Both teacher and student
models with DCL in this table use BU as the difficulty
metric. “Time” means the training time (in minutes).

Model CTBS5
CWS POS
McASP with BU  98.91 96.87
w/o var(0)maz 98.78  96.78
w/o var(0)gper. 98.86  96.74
MCcASP 98.73 96.60

Table 3: Ablation experimental results of two parts in
BU metrics (Eq. 5).
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Models Weibo (Chinese) Note4 (Chinese) CoNLL-2003 (English)
BERT 66.22 79.15 90.94
BERT + CL (Length) 66.81 79.63 90.79
BERT + DCL (TLC) 67.52 79.53 91.30
BERT + DCL (MNLP) 65.73 79.95 91.15
BERT + DCL (BU) 66.74 80.02 91.77

Table 4: Performance comparison of different difficulty metrics on three NER datasets.

PKU(POS)

90

80

F1

70 +

60

50

Epoch

Figure 2: The F1 scores on the dev set of PKU with dif-
ferent difficulty metrics in the model-level CL training
process.

3.3 Effect of Dual-stage Curriculum Learning

In this section, we discuss the impact of DCL. We
perform ablation studies by removing either the
data-level CL or the model-level CL. The results
are summarized in Table 2. Model-level CL has a
more significant impact than data-level CL. This
is intuitive, as model-level CL influences the en-
tire training process, while data-level CL primarily
affects the early stages of student model training.

We also compare the training time of models
with and without DCL. The experimental results in
Table 2 show that all models were trained for 50
epochs. The training time for models using DCL in-
cludes the time spent on training the teacher model
and calculating the difficulty values for the student
model. The results indicate that DCL improves
model performance and reduces training time by
over 25%.

3.4 Ablation Study on BU Difficulty
Components

We adopt McASP (Tian et al., 2020b) as the back-
bone model, incorporating DCL as the training
strategy and BU as the difficulty metric. To ex-
amine the contribution of each component in BU,
we conduct ablation experiments on its two parts:
var1 () maz and var(0)gper., as shown in Table 3.
Removing either component results in performance

degradation, indicating that both components are
crucial. Moreover, the comparable drop in per-
formance suggests that var ()4, and var(0)gyer.
contribute similarly to the effectiveness of DCL.

3.5 Comparison of Difficulty Metrics

In this section, we examine the impact of different
difficulty metrics during the model-level CL train-
ing process for the SynSemGCN model. Figure 2
shows the F1 score change on the PKU dataset
development set over the first 10 epochs of model-
level CL training. After 10 epochs, all training
data are used, so the initial 10 epochs highlight
the effect of different metrics. From the figure, we
observe that BU, in particular, achieves the best per-
formance, indicating that uncertainty-based metrics
can select samples that better align with the model’s
learning trajectory, leading to faster learning.

3.6 Generalization Capability

We conduct additional experiments to demonstrate
the applicability of our method to the NER task. We
select two Chinese and one English NER datasets:
Weibo 4, OntoNotes4 > and CoNLL-2003 (Tjong
Kim Sang and De Meulder, 2003). The statistics
of three datasets are shown in Table 6. We com-
pare the performance of models using DCL and CL.
(Length) with a model without CL on these datasets.
As shown in Table 4, the results of the DCL method
outperform those of BERT+CL (Length) and BERT
(no CL), indicating the effectiveness of our method.
This also suggests that our method can be applied
to sequence labeling tasks beyond CWS and POS

tagging.
4 Conclusion

This paper introduces a novel dual-stage curricu-
lum learning framework aimed at enhancing per-
formance and accelerating the training process for
sequence labeling tasks. Focusing on the sequence
labeling task of CWS, POS tagging, and NER, this
framework demonstrates its effectiveness.

4ht’cps: //catalog.ldc.upenn.edu/LDC2013T19/
Shttps://github.com/cchen-nlp/weiboNER
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Limitations

There are several limitations to our study. First, the
design of our difficulty metrics involves the tuning
of multiple hyperparameters, which may compli-
cate optimization. Second, we did not explore a
curriculum learning process that progresses from
hard to easy examples. Third, we focused on a sin-
gle variation of the )\ parameter to control CL and
did not investigate alternative methods for adding
training data.
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A Dataset

The details of the three datasets are given in Table 5.
Regarding the CTB datasets, we follow the same
approach as previous works (Shao et al., 2017; Tian
et al., 2020a) by splitting the data into train/dev/test
sets. In the case of PKU, We randomly select 10%
of the training data to create the development set.

Datasets | CTB5 | CTB6 | PKU
Sent. | 18k | 23K | 17k
Word | 494k | 99k | 482k
Sent. | 350 2K 1.9k
Word | 7k 60K | 53k
Sent. | 348 3K | 3.6k
Word | 8k 12k | 97k

Train

Dev

Test

Table 5: Detail of the three datasets.

Datasets Type |Train| Dev | Test
Weibo Sentgr}ces 1.35K|0.27K | 0.27K
Entities | 1.89K[0.39K[0.42K

OntoNotes Sente.:r.lces 15.7K| 4.3K | 4.3K
Entities |13.4K[6.95K| 7.7K

Sentences | 15.0K | 3.5K | 3.7K
CONLL2003 | = s 123.5K [ 5.9K [ 5.7K

Table 6: Detail of the two NER datasets.
B Difficulty Metric Baselines

Top-N least confidence (TLC). Culotta and Mc-
Callum (2005) proposed a confidence-based strat-
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egy for sequence models called least confidence
(LC). This approach sorts the samples in ascending
order based on the probability of the most possible
label predicted by the model.

The least confidence of each token is calculated
as follows.

¢(Lx€79) =1—mazy,erP(yi|x) (7
where z; is the #;, token in the input sentence,
0 denotes model parameters, y; is a pre-defined
label, T represents the pre-defined label set.
mazy, e P(y;|z;) aims to find the probability of
the most possible label predicted by the model.
The smaller (b(ng ) reflects the more confident the
model is in predicting the label of z;.

According to Agrawal et al. (2021), the confi-
dence level of a sentence in a sequence labeling
task is typically determined based on a set of rep-
resentative tokens. Therefore, we select the top
N tokens with the highest least confidence in the
sentence and then use their average value as the
difficulty score of the sentence. Finally, the TLC
difficulty metric is formulated as follows.

LC _ 1 N LC
S(Q)T - N Zn:l ¢(xn,0) (8)
Maximum normalized log-probability

(MNLP). Shen et al. (2018) used MNLP as a
confidence strategy to find the product of the
maximum probabilities of each token, which
is equivalent to taking the logarithm of each
probability and summing them. Finally, it is
normalized to obtain the confidence score of the
sentence as follows.

M

HmaxyieTP(yimi) —

=1

M

> " log{mazy,cr P(yil:)}

i=1
where M is the length of the sentence. The dif-
ficulty of a sentence decreases as the confidence
level increases. To account for this relationship,
we introduce a negative sign. Additionally, in or-
der to reduce the impact of sentence length, we
apply a normalization operation. Finally, MNLP is
formulated as follows.

(€))

SOMNEP = —p Sy log{mazy,er Plyilws)} (10)
C Parameters Setting

The key experimental parameter settings are shown
in Table 7.

Hyper-parameters | Value
Ey 5

E, 50

Ao 0.3

E grow 1 O

K 3

N 5

Table 7: Experiment hyper-parameters setting.

E CTBS PKU
grow CWS POS CWS POS
5 98.88 97.89 98.65 97.01
10 99.06 98.96 98.77 96.97
15 98.84 97.69 98.70 96.90

Table 8: The effect of .., in Eq. 6.

D Effect of Hyper-parameters

In this section, we explore the impact of the hy-
perparameters on the performance of DCL. The
adjustment of the parameters is based on the
SynSemGCN+DCL(BU) model.

First, we investigate the impact of the hyper-
parameter Ay on DCL performance. We conduct
the experiments on the CTBS5 dataset, tuning the
value of )\g in the model-level pacing function
Eq. 6, and the experimental results are represented
by a line graph as shown in Figure 3. As ob-
served, the model achieves optimal performance
when Ay = 0.3. However, when the value exceeds
0.4, the model’s performance gradually deterio-
rates.

Additionally, we examine the impact of Eyy.
in Eq. 6, which controls the number of epochs for
A toreach 1. As shown in Table 8, when E;.,,, is
set to 10, the model exhibits superior performance
on both the CTBS5 and PKU datasets. Therefore,
we adopt Ey;.o,, as 10 epochs in our experiments.

Next, we assess the impact of the training epochs
E of the teacher model, which initializes the dif-
ficulty ranking of the training data for the student
model. We aim to investigate whether a more ma-
ture teacher model contributes to improved per-
formance. For this purpose, we conduct experi-
ments on both the CTBS5 and PKU datasets, utiliz-
ing teacher models trained for 5, 10, and 15 epochs

Eo CTBS PKU
CWS POS CWS POS
5 99.06 98.96 98.77 96.97
10 98.98 97.90 98.54 96.69
15 98.73 96.87 98.53 96.54

Table 9: The impact of the number of epochs of teacher
model, E.
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Para CTB6 PKU

" CWS POS | CWS POS
K=2 | 9817 9543 | 98.73 96.58
K=3 | 98.10 95.59 | 98.77 96.97
K=4 | 98.09 95.56 | 98.69 96.38

Table 10: The effect of of K times dropout in BU diffi-
culty metric.

to rank the initial training data for the student mod-
els.

The experimental results, as shown in Table 9,
reveal that a more mature teacher model does not
necessarily lead to better performance. Instead, the
student model achieves optimal results when the
teacher model is trained for 5 epochs. One possible
explanation for this finding is that a teacher model
with fewer training epochs aligns better with the
initial state of the student model, allowing for a
more suitable estimation of sample difficulty.

w/“’/,&\—o\ﬂ

—o— CTB5_CWS
—— CTB5_POS

F1

98.0

0.1 0.2 0.3 0.4 0.5
A0

Figure 3: The impact of model-level curriculum learning
hyper-parameters \g.

Then, we explore the impact of different K val-
ues on the BU difficulty metric, which determines
the number of dropout times. The experiments
are conducted on the CTB6 dataset, and the re-
sults are summarized in Table 10. Notably, the
model achieves optimal performance when K = 3.
Therefore, we select K = 3 for all the above exper-
iments.

Finally, we evaluate the effect of varying N in
the TLC metric. As shown in Table 11, the best
performance is achieved when N = 5.

E Statistical Significance Test

In this section, we conduct significance testing
experiments. Following Wang et al. (2010), we
use the bootstrapping method proposed by Zhang
et al. (2004), which is operated as follows. In
this process, starting with a test set T comprising
N test examples, we repeatedly sample N sam-
ples from Ty to form 77 and then repeat the pro-

Para PKU

CWS | POS

N=1 | 98.55 | 96.49

N=2 | 98.53 | 96.49

N=3 | 98.56 | 96.52

N=4 | 98.55 | 96.51

N=5 | 98.71 | 96.64

N=6 | 98.52 | 96.52

N=T | 98.56 | 96.51

N=8 | 98.55 | 96.48

N=9 | 98.53 | 96.49

N=10 | 98.55 | 96.51

Table 11: The impact of N in TLC difficulty metric.
Models CTBS
A B CWS|POS
BERT+DCL(BU) BERT > >
BERT+DCL(MNLP) BERT >

BERT+DCL(TLC) BERT > >
BERT+DCL(BU) |BERT+CL(Length)| > >
BERT+DCL(MNLP)[BERT+CL(Length)| > | >
BERT+DCL(TLC) |BERT+CL(Length)| > >

Table 12: Statistical significance test of F-score for our
method and baselines on the CTBS5 dataset.

cess for M times to form the test set collection,
{T1,Ts,....,Trr}, where M is set to 1000 in our
testing procedure. Two systems denoted as A and
B, are assessed on the initial test set 7, resulting
in scores ag and by, respectively. The disparity be-
tween the two systems, labeled as dg, is calculated
as g = ag — bg. Repeating this process for each
test set produces a set of M discrepancy scores,
denoted as {do, 01, ..., 0ns }-

Following the methodology proposed by Zhang
et al. (2004), we compute the 95% confidence inter-
val for the discrepancies (i.e., the 2.5th percentile
and the 97.5th percentile) between the two mod-
els. If the confidence interval does not overlap with
zero, it is affirmed that the differences between sys-
tems A and B are statistically significant (Zhang
et al., 2004).

Table 12 lists the significant differences between
our system and the baseline system, where “>” in-
dicates that the average value of § exceeds zero,
meaning that System A is better than System B;

“<” indicates that the average value of § does not

exceed zero, meaning that System A is worse than
System B; “7 indicates that there is no signifi-
cant difference between the two systems. Finally,
the comparison also indicates that our models are
superior to the baseline.
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