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Background

Knowledge Tracing
• Estimate students’ knowledge states based on their historical learning interactions.

• Help students realize their weakness and improve learning efficiency.
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Learning Behaviors
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• Previous works focus on exploring learners’ question-response pairs to track their 

knowledge mastery while neglecting the critical learning behaviors. 

The four learners 

have equally 

benefited from this 

question-solving 

process.
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Learning Behaviors
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• Only consider the question-response pairs would lead to misleading estimation results. 

The four learners who 

show extremely different 

behaviors should have 

quite different knowledge 

acquisition.
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Learning Behaviors

We summarize three typical behaviors 

and investigate their complex effects on 

assessing learners’ knowledge states:

• Speed. The response time for a 

learner to answer a question.

• Attempts. The number of attempts 

to answer a question.

• Hints. The number of requested 

hints to answer a question.
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Challenges

• How to quantify each behavior’s effect. 

• It is difficult to quantify the distinctive effect mechanisms of each behavior on assessing learners’ 

knowledge acquisition.
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Challenges

• How to measure the fused effect of multiple behaviors.

• It is a great challenge to capture the complex dependent patterns of multiple learning behaviors.
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The latter is the case!

Combining the Speed 

and Attempts!
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Problem Definition

Input: Learner’s learning records 𝑋 = 𝑒1, 𝑟1, 𝑏1 , 𝑒2, 𝑟2, 𝑏2 , … , 𝑒𝑇 , 𝑟𝑇 , 𝑏𝑇 at each 

time step. 

𝑒𝑡 : question at time step 𝑡

𝑟𝑡 : response at time step 𝑡

𝑏𝑡 : behaviors composed of (𝑎𝑡 , 𝑝𝑡, 𝑛𝑡) representing the Speed, Attempts, and Hints

Output: The predicted learner’s performance on next question 𝑒𝑡+1.
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Architecture

Learning Behavior-oriented Knowledge Tracing Model
• Evaluate the distinctive and fused effect of multiple learning behaviors

• Combine the forgetting factor and knowledge acquisition.
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Input

Output

Knowledge State
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Architecture

Learning Sequence Representation
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Input

Output

Knowledge StateKnowledge State Embedding

𝒉𝑡 ∈ ℝ𝑀 ×𝑑ℎ M denotes the number of 

concepts.

Basic Interaction Representation

𝒆𝑡 , 𝒓𝑡 denote question and response 

embeddings respectively, 

𝒊𝑡 = 𝑅𝑒𝐿𝑈 𝑾1 𝒆𝑡 ⊕𝒓𝑡 + 𝒃1
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Architecture
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Differentiated Behavior Effect Quantifying

Speed Effect. 

The response time of learner 𝑖 on question 𝑗 obeys:

ln 𝑎𝑗𝑖 ~𝒩(𝜇𝑗 , 𝜎𝑗
2)

we compute the Speed factor 𝐴𝐶𝑗𝑖 as:

𝐴𝐶𝑗𝑖 = 1 − 𝑃(𝒩 𝜇𝑗 , 𝜎𝑗
2 ≤ ln 𝑎𝑗𝑖)

where higher speed correlates to higher 𝐴𝐶𝑗𝑖.

The knowledge acquisition vector 𝒈𝑡
𝑎 monitored by Speed 

factor 𝐴𝐶𝑡 at time step t is:

Log-normal distribution
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Architecture
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Differentiated Behavior Effect Quantifying

Attempts Effect. 

The number of attempts of learner 𝑖 on question 𝑗 obeys:

𝑝𝑗𝑖 ~ 𝒫(𝜆𝑗
𝑝
),

we compute the Attempts factor 𝑃𝐶𝑗𝑖 as:

𝑃𝐶𝑗𝑖 = 1 − 𝑃(𝒫(𝜆𝑗
𝑝
) ≥ 𝑝𝑗𝑖),

where more attempts stands for higher 𝑃𝐶𝑗𝑖.

The knowledge acquisition vector 𝒈𝑡
𝑝

monitored by Attempts 

factor 𝑃𝐶𝑡 at time step t is:

Poisson distribution
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Architecture
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Differentiated Behavior Effect Quantifying

Hints Effect. 

The number of requested hints of learner 𝑖 on question 𝑗 obeys:

𝑛𝑗𝑖 ~ 𝒫(𝜆𝑗
𝑛)

we compute the Hints factor 𝑁𝐶𝑗𝑖 as:

𝑁𝐶𝑗𝑖 = 1 − 𝑃(𝒫(𝜆𝑗
𝑛) ≥ 𝑛𝑗𝑖)

where more hints used equals to higher 𝑁𝐶𝑗𝑖.

The knowledge acquisition vector 𝒈𝑡
𝑛 monitored by Hints factor 

𝑁𝐶𝑡 at time step t is:

Poisson distribution



State Key Laboratory of Cognitive Intelligence

Architecture

Fused Behavior Effect Measuring 

To capture the dependency among different behaviors.
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To save the space and computation overhead, we 

decompose 𝑾3 ∈ ℝ𝑑ℎ× 𝑑ℎ+1 × 𝑑ℎ+1 × 𝑑ℎ+1 by:

Assuming that 𝑾3 is staked by ෪𝑾𝑘 ∈ ℝ 𝑑ℎ+1 × 𝑑ℎ+1 × 𝑑ℎ+1 , 𝑘 = 1,… , 𝑑ℎ
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Architecture

Fused Behavior Effect Measuring 

To capture the dependency among different behaviors.
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𝒘𝑎
𝑖
, 𝒘𝑝

𝑖
, 𝒘𝑛

𝑖
∈ ℝ𝑑ℎ× 𝑑ℎ+1

𝑶 𝒅𝒉 × 𝒅𝒉 + 𝟏 × 𝒅𝒉 + 𝟏 × 𝒅𝒉 + 𝟏 𝒕𝒐 𝑶(𝒓 × 𝒅𝒉 × (𝒅𝒉 + 𝟏)).

The high-order multiplication is transferred to:
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Architecture

Knowledge State Updating

Consider the influence of both the forgetting factor and knowledge acquisition:
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Performance Prediction

Training Objective
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Experimental Results

Datasets

• ASSIST2009 and ASSIST2012 are 

both collected from the ASSISTments

online tutoring system. 

• Junyi is collected from Junyi

Academy, a Chinese e-learning 

platform. We select 1000 most active 

learners.

24

Records without concepts and learners whose answering sequence is less than 10 are 

removed. Questions answered less than 10 times are also removed.
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Experimental Results

Baselines

• RNN-based: DKT (Piech et al., 2015), DKT_concat (an variant of DKT), AT-DKT (Liu 

et al, 2023)

• Memory-based: DKVMN (Zhang et al., 2017), DMKT (Wang et al., 2021)

• Attention-based: SAKT (Pandey et al., 2019), AKT (Ghosh et al., 2020)

• Learning-forgetting paradigm: LPKT (Shen et al., 2021)

25

Method DKT DKT_concat AT-DKT DKVMN DMKT SAKT AKT LPKT

With Behavior?  √   √   √
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Experimental Results

Learner performance prediction Results

• Classic models which applies behaviors (DKT_concat, DMKT and LPKT)  

outperform other classic models.

• LBKT significantly outperforms all baseline methods on all datasets and evaluation 

metrics.
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Experimental Results

Ablation Study

• LBKT_None : LBKT fed none behaviors.

• LBKT_Speed : LBKT fed only Speed.

27

• LBKT_Attempt: LBKT fed only Attempts.

• LBKT_Hint: LBKT fed only Hints.

• All the three behaviors are necessary compared with LBKT-None.

• The Speed behavior contributes most to LBKT
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Experimental Results

Parameter Sensitivity
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• LBKT achieves best performance when k = 0.3, b = 0.7, d = 10, r = 4.

• LBKT shows stable ability to the different levels of parameters.

Differentiated Behavior 

Effect Quantifying 

Module

Fused Behavior Effect Measuring Module
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Experimental Results

Association between behaviors and knowledge acquisition

29

Learning gain after answering a question.

Normalized Learning Gain (NL_Gain):

X axis: each group

Y axis: the NL_Gain value

For each behavior, we classify records into high 

and low groups.
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Experimental Results

Association between behaviors and knowledge acquisition
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• The NL_Gain of group (l ,l ,l) is the highest 

while group (ℎ, ℎ, ℎ) is the lowest.

• The NL_Gain of groups that infer a high factor 

on just one behavior is higher than those groups 

that infer high factors on two or three behaviors.

X axis: each group

Y axis: the NL_Gain value

Higher Speed, more attempts and more hints used 

correlate to poorer learning gain.



State Key Laboratory of Cognitive Intelligence

Experimental Results

Visualization of Proficiency Evolution
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LBKT tracks learners’ proficiency not only based on their responses but also 

considers different behaviors’ effect:

• Although 𝑒3 is answered correctly, the proficiency on the corresponding 

concept decreases from 0.74 to 0.65 due to high speed.

• The decline of proficiency after answering 𝑒9 is driven by the fused effect. 

Speed factor
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Conclusion
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• We pointed out the significant effects of learning behaviors on knowledge tracing.

• We proposed LBKT model to quantify the distinctive and cooperative effects of 

behaviors on knowledge acquisition as well as the forgetting factor.

• Experimental results on three public datasets showed that LBKT outperformed 

previous classic KT methods.

• In the future, we will try to incorporate more behaviors and deeply mine how 

these behaviors affect learners’ knowledge states.
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Thank You for listening！
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