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ABSTRACT

Knowledge tracing aims to predict students’ probability of
correctly answering the next question based on their inter-
action history. Previous methods employ left-to-right uni-
directional transformers to encode the historical behaviors
into hidden representations, especially with contrastive learn-
ing methods. Using uni-directional models to model student
behaviors can only learn the hidden representation from its
previous items, which restricts the power of the represen-
tation capability. Inspired by the success of BERT in text
understanding, we propose a novel Bidirectional Transformer
encoder guided Contrastive Learning framework for deep
Knowledge Tracing system, named as Bi-CL4KT to gener-
ate the accurate response predictions for the next question.
We incorporate the Cloze task and carefully design data
augmentation methods to generate high-quality positive and
negative instances for contrastive learning. Extensive ex-
periments conducted on three real-world education datasets
show that the proposed method significantly outperforms the
state-of-the-art methods.

Index Terms— Knowledge tracing, bidirectional trans-
formers, contrastive learning.

1. INTRODUCTION

With the increasing use of online learning platform, which has
led to exponential growth in learner data, accurately tracing a
student’s mastering of specific knowledge concepts or skills
has become possible. This process is referred to as knowledge
tracing (KT). Its goal is to predict the probability whether stu-
dents can correctly answer given questions based on their his-
torical practices. KT methods have been extensively inves-
tigated, and a variety of approaches have been proposed to
address this problem.

Current works on knowledge tracing can be broadly cat-
egorized into two genres: 1) Bayesian-based methods with
hidden Markov modeling such as Bayesian Knoweledge Trac-
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ing (BKT) [1, 2] which employ a binary variable to repre-
sent a student’s knowledge state in relation to a specific skill
and 2) deep knowledge tracing with sequential models such
as Recurrent Neural Networks (RNN) [3], Long-Term Mem-
ory Networks (LSTM) [4] or Transformers [5] aiming to ef-
fectively capture the evolution of student’s learning activities
over time and model students’ knowledge state with summa-
rized hidden vectors.

Due to the sparsity of interactions between students and
questions [6], contrastive learning approaches [7] with left-
to-right unidirectional transformers are introduced to mitigate
the over-fitting issue in knowledge tracing. However, such
unidirectional models [8] can only consider information in
a left-to-right manner, which is not sufficient to learn opti-
mal student behavior representations [9]. In contrast, bidi-
rectional transformers incorporate contextual information by
modeling the attention on items from both directions, result-
ing in improved performance. Nevertheless, the integration
of the BERT-based model [10] with contrastive learning to
enhance the effectiveness of knowledge tracing remains rela-
tively unexplored. Addressing this challenge necessitates the
design of a contrastive learning framework using bidirectional
transformers.

This motivation prompts us to carefully examine the
following questions when considering the successful incor-
poration of the contrastive paradigm into the architecture of
bidirectional transformers:: Q1) How to select the augmenta-
tion method to generate high-quality positive samples? Q2)
How to appropriately select negative instances for contrastive
learning? Q3) How to address the distinctive challenges
posed by the knowledge tracing task, particularly in distin-
guishing discrepancies in the representation of questions and
responses?

In this paper, we introduce a contrastive learning paradigm,
Bi-CLA4KT, designed for enhancing the performance of bidi-
rectional transformers in the knowledge tracing task. Specif-
ically, our approach involves masking questions and knowl-
edge concepts to generate variant maskings of the original
sequence. Subsequently, we replace responses with mask
tokens to enhance the model’s prediction of responses. Fur-
thermore, we integrate the Cloze task and produce a set of
positive samples, which serve as the basis for defining a
multi-pair contrastive loss for parameter optimization. To
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Fig. 1. The architecture of the Bi-CLAKT framework. & rep-
resents the addition operation.

curate high-quality negative samples, we leverage interaction
histories from other users within the same batch and apply a
probabilistic reversal to facilitate the contrastive learning pro-
cess. Extensive experiments on several benchmarks validate
the efficacy of the proposed methodology.

2. PROBLEM STATEMENT

We denote X = {z{"), 2{" ... 2} as an interaction
sequence of student u sorted in chronological order, where T'
is the length. To facilitate representation, we will omit the
subscript (u) throughout the paper. At time ¢, the exercise is
represented as x; = (qq, ¢, 7¢) With a question ¢; € @, its
skill s; € S and the student’s response r; € {0, 1}, respec-
tively. r; € {0,1} represents whether the student answers
the specified question correctly (r; = 1) or not (r; = 0).
Given the exercise sequence X; = {x1, 2, - ,2;} and the
new question g, 1, the goal of KT is to predict the probabil-
ity of correctly answering the particular question, denoted as

P(rivr = 1| X4, gryr, Se41)-

3. PROPOSED FRAMEWORK

This section provides a detailed description of the proposed
framework: Knowledge Tracing with Contrastive Learning

13 multi-paiising Bidirectional Transformers. The overall framework is

illustrated in Fig. 1. Firstly, three branches are generated
from the original user sequence X. In order to enhance the
diversity of positive samples, we apply the differentiated
strategy of masked language modeling during training: for
one branch, all the questions, skills, and responses are ran-
domly masked; for the other two branches, only responses
are randomly masked. The first branch masking is to learn
generic representation of interaction sequences. The last two
branch masking is to focus on the goal of the knowledge
tracing task, while the two branches may enrich the encoding
like ensemble approach. Subsequently, these sequences pass
through the embedding layer, resulting in transformed em-
bedding vectors. These embedding vectors are then processed
by the monotonic convolutional bidirectional transformers,
which yields high-quality representations for the knowledge
state’s hidden features. To predict the values of masked re-
sponses, we incorporate the Cloze task as our primary train-
ing objective. Furthermore, to minimize the contrastive loss,
we introduce a set of positive samples alongside carefully
selected negative instances.

3.1. Base Model
3.1.1. Embedding Layer

In the embedding layer, we construct question embedding ma-
trix EQ e RIQI®d gkill embedding matrix ES e RISIxd
response embedding matrix E" € RI"*< and a positional
embedding matrix EX € R7*9, where d is the embedding
size and T refers to the maximum sequence length. Given
a question ¢, the representation which is the output of the
embedding layer is denoted as below:

E)=E¢ +E] +E/ +E] . 1)

3.1.2. Monotonic Convolutional Bidirectional Transformer

The bidirectional transformer in Fig 1 consists of a stack of
monotonic convolutional multihead layers and a feed-forward
network. Following [11], we employ the monotonic convolu-
tional layer, a mixed attention block that integrates the mono-
tonic self-attention mechanism and span-based dynamic con-
volution to better model both global and local dependencies
with reduced redundancy.

Monotonic Self Attention. Following [11], we use a mod-
ified monotonic version of the scaled dot-product attention
merchanism. Considering the temporal nature of learning and
the decreased significance of distant past interactions in com-
parison to recent practices, we incorporate an additional mul-
tiplicative exponential decay term denoted as below:

exp(—0-d(t, 7)) - Q?KT>
VDy, ’

s:.-(Q, K, V) = softmax <
2)
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where 0 is a learnable decay parameter and d(¢,7) is a
context-aware distance measure between the time steps ¢
and 7, denoted as below:

t
dit,7)=1t—7|- Z softmax(

t'=17+1

Qi Ky
V Dy,

Span-based Dynamic Convolution. A depth-wise separa-
ble convolution is utilized to gather the information of a span
of tokens and then dynamically generates convolution kernel
[12]. It can be formulated as:

) 3

SDC(Q, K, V) = LConv(V, softmax(W¢(Q ® K))), (4)

where LConv denotes the light-weight convolution defined in
[12] and ® indicates the point-wise multiplication.

The mixed attention, corresponding to the monotonic con-
volutional multihead attention, is represented as below:

Mixed-Attn(Q, K, V) = Cat(s: - (Q, K,V),SDC(Q, K,V)),

&)
where Cat denotes the concatenation operation. The input
representation E¢ = [E{, EJ, - -- | EY] progresses through L
layers of bidirectional monotonic multi-convolutional trans-
formers, and the representation for the [-th layer is as follows:

E' = MonoConVTrm(El_l)7 (6)

where E! is the output of {-th monotonic convolutional mixed
attention layer (MonoConvTrm). The hidden representation
EL = [EF EL, -+ | EZL)] captures the final output of the bidi-
rectional transformer encoder with the mixed attention mech-
anism. The output from the mix-attention stage is subse-
quently fed into to the feed forward network to generate the
ultimate representation.

3.2. Data augmentation for contrastive learning

Due to the unique combination of interaction data, that is, tu-
ples of question ID, skill ID and response, directly adopting
the data augmentation methods from computer vision (CV),
natural language processing (NLP) or even sequential recom-
mendation poses challenges to the knowledge tracing task.
A carefully designed data augmentation method is required
to select high-quality positive and negative instances for the
contrastive learning framework. Below we introduce two data
augmentation operators on the interaction sequence to create
various views of the same sequence.

Positive Samples. Inspired by the success of masked lan-
guage models such as BERT [13], we adopt a question and
response masking strategy to generate high-quality positive
samples. We randomly replace question/skill IDs and re-
sponses with [MASK] token. During training, the objective
is to predict the masked token response. The training data
generator randomly selects 15% of the token positions. 80%
of the selected positions are filled with [MASK] token, 10%

are replaced with a random token. For the question or skill
masking, a random token replaces the question or skill ID
from the range [1,Max(Q)] or [1,Max(S)], respectively.
For the response masking, the selected response is replaced
with either O or 1. Properly masked learning histories, with
question/skill or response masking, can be viewed as noisy
representations of the original learning sequence. During
testing, masking is applied at the last position of the sequence
for prediction, utilizing the learning history to predict the
correct response.

Negative Samples. The inclusion of appropriate negative
samples is crucial for computing the contrastive loss. We ran-
domly select interactions with probability 7,¢, and reverse
the response with 7, = 1 — r;. The representations of the
negative samples are integrated for computation as shown in
Eq. 8. Given a batch of sequences {X (" 1}V_ two distinct
views of the same original learning sequence serve as posi-
tive samples while the other 2(/N — 1) hidden representations
from the other users within the same batch are treated as the
negative samples [14].

3.3. Multi-task learning with Cloze and contrastive losses

Learning with Cloze Task. To facilitate efficient training
of bidirectional transformers, we introduce the Cloze task.
For each learning sequence X (*), we generate m different
masked sequence with distinct random seeds, denoted as
Q+1,@+2,Q+3 as shown in Fig. 1. In this paper, we set
m = 3 as explained in Section 3. The objective of the task is
to predict the masked responses’ content. The loss function
for the Cloze task is defined as follows:

1 1
Loain = —%;@ Z log P(v:|Q4;), @)

tEI;.L

where 7" denotes the position index of the masked question
response. Note that we only consider the masked response for
calculating the loss of the Cloze task.

Multi-Pair Contrastive Loss. The goal of contrastive learn-
ing is to bring the positive samples closer and push away the
negative instances. The contrastive learning loss for one-pair
positive instances based on InfoNCE [15] is formulated as be-
low:

esim(zgz ,zgy)

Loa(Qiz,Qty) = —log ———— e
( + +y) 651m(z$ ,zg )+Zz5 851m(zér ’ZQ),(S)

where Qﬂ(zg“”) and Q4 (zgy) indicate the one-pair posi-
tive samples with their representations for the entire sequence
after a pooling layer as illustrated in Fig. 1. 2z, refers to the
representation of the negative samples. Here we employ the
cosine similarity as the measure for sim. The multi-pair con-
trastive loss is defined as:

m m

['Zmlti_pair = Z Z 1(+x¢+y)£cl(Q+waQ+y)a (9)

+z=1+y=1
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Table 1. Performance comparison of the baseline methods on several datasets in predicting the learner responses.

Dataset DKT DKVMN SAKT CL4KT MCB  Proposed
ASSISTments2009  0.7285 0.7271 0.7179  0.7600  0.8002  0.8073
Algebra2005 0.8088 0.8146  0.8162 0.7871 0.8190  0.8279
Algebra2006 0.7939 0.7961 0.7927  0.7789  0.7997  0.8050

Table 2. Ablation studies on Algebra2005.

onepatir
+L

0.8232

multi—pair
+L;

0.8279

Lmain

0.8208

where 1. is the indicator function and the value is equal to 1
if +x # +y otherwise 0. The overall objective loss is shown
as follows:

£ = min(Longin + ALy "), (10)

cl

where A, denotes trade-off weights and 6 refer to the trainable
parameters of Bi-CL4KT.

4. EXPERIMENTS

4.1. Datasets

We conduct extensive experiments on three publicly available
datasets. During the preprocessing stage, student data with
fewer than five interactions are excluded. When an interac-
tion instance has multiple skills (or concepts) in a single in-
teraction, we treat the combination of concepts as a unique
concept. The Algebra05 and Algebra06 datasets provided by
the KDD Cup 2010 EDM Challenge [16]. The assistments
2009 dataset ! is collected from the ASSISTment intelligent
tutoring system.

4.2. Baselines

To evaluate the effectiveness of our model, we compare it
with several state-of-the-art baselines including DKT [17],
DKVMN [18], SAKT [19], CL4KT [7] and MCB [11].

4.3. Implementation Details

Following the experimental settings in [11], each dataset is
divided into training, validation, and testing sets. The exper-
imental results for the baseline methods are obtained from
[11]. For the monotonic convolutional multihead attention,
we employ eight attention heads for calculation, and the max-
imum sequence length is set as 100. The batch size is fixed
at 32, the embedding size is set to 512 and ) is set to 0.01.
The learning rate is chosen as 0.001. For hard negative sam-
ples, we tune 7,,., among the set of {0.1, 0.5, 1.0}. Parameter

Uhttps:/sites.google.com/view/assistmentsdatamining

updating utilizes the Adam optimizer. Area under the curve
(AUC) is employed as the evaluation metrics for performance
comparison.

4.4. Performance Comparison and Ablation Study

Table 1 presents the results of the performance comparison
with the baselines. Since the proposed framework’s sequence
encoder falls within the self-attention transformer family, we
compare it with transformer architectures among the base-
lines. In terms of AUC score evaluation, we observe that
our proposed method significantly outperforms the state-of-
the-art methods. Our approach shows substantial improve-
ment compared to another contrastive learning-based method
CL4KT. Moreover, in comparison with MCB which solely
utilizes prediction of the masked tokens, our incorporation
of the multi-pair contrastive learning strategy underscores the
effectiveness of carefully selected high-quality positive and
negative samples. We also conduct ablation experiments on
Algebra2005 to validate the significance of different mod-
ules, as shown in Table 2. Here + is the sum of main task
Lomain and the auxiliary tasks with different number of pairs
(Lonepair apd Lmulti—pairy - The improvement in accuracy
achieved using the one-branch positive surpasses that utilizing
Lmain, proving the effectiveness of the contrastive learning.
And the increase from LM —PaIT gyer 4 £ONEPAT cop-
firms the efficacy of the multi-pair positive strategy. On the
other perspective, the accuracy increase from employing one-
pair positive to multi-pair positives once again demonstrates
the superiority of using a collection of multiple positive sam-
ples.

5. CONCLUSION

In this paper, we introduce a novel framework named Con-
trastive Learning with Bidirectional Transformers for deep
knowledge tracing. We propose a new strategy to generate
high-quality positive and negative instances for calculating
contrastive loss. Comparing to the traditional one-pair con-
trastive learning which doesn’t fully leverage the advantage
of bidirectional transformers, we incorporate more branches
to create a multi-pair instances-based variant. Experimental
results on several benchmark datasets demonstrate the superi-
ority of Bi-CL4KT in predicting responses based on the his-
torical interaction learning sequences.
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