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ABSTRACT
Deep learning based knowledge tracing approaches achieve
high accuracy in mastery prediction with pattern extraction
on a large learning behavior data set. However, when there
is little training data available, these approaches either fail to
extract the key patterns or result in over fitting. Ideally, we aim
to provide a similar learning experience to both the first group
of learners, who interact with a new course or a new activity
with little learning behavior data to provide personalized guid-
ance, and the learners who interact with the course later. We
propose a novel architecture, Attentive Neural Turing Machine
(ANTM), to solve the cold start knowledge tracing problem.
The proposed ANTM comprises an attentive controller mod-
ule and differential reading and writing processes with extra
memory bank. Accuracy (ACC) and Area Under Curve (AUC)
measures are used for model performance comparison. Results
show the proposed approach can learn fast and generalize well
to unseen data. It achieves around 95% ACC trained with only
3 learners, while conventional deep learning based approaches
achieve only 65% ACC with over prediction issues.

Author Keywords
Knowledge tracing; Neural turing machine; Attention
mechanism.

CCS Concepts
•Human-centered computing→ User models; User studies;
•Applied computing→ Interactive learning environments;
•Computer systems organization→ Neural networks;

INTRODUCTION AND RELATED WORK
Some online learning systems provide decision-making sup-
port to learners with mastery predictions and guidance on
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selecting the next set of learning activities. In these systems,
mastery prediction information is critical, which can help
learners understand their current knowledge state at any given
time. The usefulness of the guidance on selecting the next set
of learning activities heavily relies on the accuracy of knowl-
edge state estimation. With the help of machine learning, the
learner’s knowledge state can be estimated and predicted by
modeling the relation between sequential learning activities
and the correctness of the learning attempts. The estimated
knowledge state is then used to infer knowledge mastery. Cold
start knowledge tracing is a scenario where there is insuffi-
cient observable data from learners to train a model to predict
knowledge state accurately. For example, when a new course
is launched or a new activity is introduced, there is no ob-
servable data until learners start to interact with the system.
Without a solution to accurately predict knowledge mastery
in the cold start setting, the first group of learners who take
the course won’t be able to get the guaranteed learning experi-
ences. This work is focused on providing a novel solution to
solve the cold start problem in knowledge tracing.

The state-of-the-art technique in achieving high mastery pre-
diction accuracy is deep learning based approaches. DKT
proposed by Piech et al. [7] and its variants proposed by Wang
et al. [12] and Yeung et al. [14] have demonstrated the strong
capability of neural network, especially LSTM, in modeling
the sequential patterns and performing predictions. Memory
augmented neural network proposed by Graves et al. [4] and
Weston et al. [13] and its variants by Zhang et al. [15] and
Abdelrahman et al. [1] have also demonstrated its capability in
memorization and generalization in knowledge tracing. Learn-
ing factor models proposed by Cen et al. [3] and its variants
by Pavlik et al. [6] have demonstrated the effectiveness in
knowledge state prediction with predefined statistical models
with sufficient data. However, there is little research work to
solve the cold start problem, which is to predict knowledge
mastery accurately and reliably for the first group of learners
who interact with the system.

Meta learning is attracting more attention recently in Com-
puter Vision and NLP applications. Metric based approach



from Koch et al. [5] and Vinyals et al. [11], optimization based
approach proposed by Ravi et al. [8], and model based ap-
proaches Neural Turing Machine (NTM) from Grave et al. [4]
and Memory Networks from Weston et al. [13] are three major
research directions in meta learning. Metric based approaches
are a set of algorithms similar to nearest neighbor algorithms,
which are suitable for multiclass classification problems. Opti-
mization based approaches try to optimize the gradient decent
procedure to enable the optimization procedure to find the
global optimum. Model based approaches try to use different
surrogate models with different neural network architectures
to approximate the internal mechanisms to achieve better per-
formance. For knowledge tracing, which can be formulated as
a sequence prediction problem, a model based approach is the
most suitable solution out of the three sets of solutions.

Within model based meta learning branch, NTM and Memory
Networks are two similar solutions, both of which aim to im-
prove performance by coupling conventional deep learning ap-
proaches to external memories. NTM and its variant (MANN)
proposed by Santoro et al. [9] has shown great performance
improvement in solving image classification and regression
problems in cold start setting. The existing research work,
using MANN and its variants to perform knowledge tracing
task with large dataset, only achieves slight (less than 2%) per-
formance improvement compared to LSTM based approaches.
Based on the existing MANN work in knowledge tracing, we
propose a novel solution with attention based controller and
NTM mechanism for solving the cold start problems in knowl-
edge tracing. We conduct experiments on mastery prediction
by predicting the knowledge state to demonstrate its effec-
tiveness. The knowledge state is proposed in our preliminary
research result [2]. In the referred paper, the proposed knowl-
edge state representation is the probability of mastery with
the ratio of the number of successful future attempts to the
total number of attempts. We also argued in the referred paper
that the proposed knowledge state representation is a better
approximation of the probability of knowledge mastery.

Main contributions of the work are described as follows.

• A novel Attentive Neural Turing Machine framework
(ANTM) for knowledge state estimation and mastery pre-
diction.

• More than 15% gain in prediction accuracy over state-of-
the-art deep learning based approaches in knowledge state
estimation.

APPROACH
The overall framework consists of three major components as
shown in Fig 1, external memory bank for coupling the conven-
tional neural network, controller neural network feeding for-
ward step, and memory retrieval and updating with differential
operations. The external memory bank stores the sequential
information extracted from learning activities, which can be
selectively accessed with read and write operations. The read
operation, with its content based attention mechanism, inter-
acts with memory to selectively choose the useful information
as the auxiliary information. The controller takes the input (as
well as the information retrieved from the memory bank with

read operation), feed forward its own multi-headed attention
neural network, conduct loss computation, and back propaga-
tion. The writing operation, with its location based addressing
attention mechanism, updates the memory with differential
adding and erasing operations. The updated memory is then
available for the next read operation in the next prediction step.

Figure 1: ANTM Framework Overview for cold start knowledge tracing

Memory retrieval with content based attention mecha-
nism
In the proposed approach, memory is retrieved with a content
based addressing mechanism. Content based addressing is
essentially a similarity measurement step between the con-
troller output vector Ct and the existing memory vectors Mt .
Attention weight in reading is generated as in Eq.1,

wr
t (i) =

exp(β · sim(Ct ,Mt (i)))
∑ j(exp(β · sim(Ct ,Mt ( j))))

(1)

where β is the strength variable, which can amplify or atten-
uate the precision of focus. The similarity measurement is
defined as the cosine similarity.

Multi-headed attention based controller
The controller can be designed with any artificial neural net-
work. We propose to use multi-headed attention layer to model
the relation between input and output sequences. The compar-
ison of different neural network designs will be illustrated in
result session.

We use the scaled dot-product attention [10] as described in
equation 2.

Attention(Q,K,V ) = so f tmax
(

QKT
√

n

)
(2)

where Q, K, and V are query, key, and value matrices and n
is the total number of dimensions. Attention is applied on
the input sequence I to compute a weighted sum for each it
based on i1, i2, . . . , it , where t is the current time stamp. As the
output, the model learns a weight vector associated with each
attempt and the learned weight vector is used to compute the
output prediction for it . We use MSE loss function to train the
network as in Eq.3,

L = ∑
b

n

∑
k=1

T

∑
t=1

MSE(ak
t ,gtk

t ) (3)



where ak
t is the attempt correctness prediction, gtk

t is the label
information, b is the batch size, k is the sequence length, and t
is the time stamp.

Memory updating with attention mechanism
In the proposed approach, memory is updated with location
based addressing mechanism. The location based addressing
mechanism is designed with multiple steps to facilitate itera-
tion across memory locations as well as random access jumps.
The first step is to conduct an interpolation between the pre-
vious writing weight vector wt−1 and the content weighting
vector produced by the content addressing mechanism wc

t at
the current time stamp using interpolation gate wg

t .

wg
t = gt ∗wc

t +(1−gt)∗wt−1 (4)

After interpolation, a shifting weighting st is applied to the
gated weighting wg

t with a circular convolution to adjust the
memory, yielding to wro

t .

wro
t =

N−1

∑
j=0

wg
t ( j)st (i− j) (5)

where N is the memory length. At the last step, a sharpen
operation is conducted to get the final weighting wt ,

wt (i) =
wro

t (i)
∑ j wro

t ( j)
(6)

where the sharpen is a normalization operation on wro
t .

EXPERIMENTS AND RESULTS
In this section, we describe datasets, experiment setup, evalua-
tion measures, and results analysis.

Datasets
course 1: This dataset is from our online open navigation
learning system. We use the first group of learners’ interaction
data to conduct the experiments. It has 13 students and 265
interactions for 6 skills.

course 2: This is another dataset from our online open navi-
gation learning system. We also use the first group of learners’
interaction data from two specific Knowledge Components
(KC) to conduct the experiments. The first KC has interaction
data with 15 students and 324 interactions and the second KC
has 15 students and 632 interactions.

Evaluation Measures and Experiment Set up
We evaluate the proposed knowledge tracing framework based
on its ability to predict the knowledge state of a learner. We
use accuracy (ACC) and Area Under Curve (AUC) measures
for the evaluation.

We conduct experiments on three scenarios where there are
a) few learners, b) short learning activity sequences, and c)
few learners with short learning sequences to demonstrate
the effectiveness of ANTM. We also conduct experiments
on single KC with different question difficulty design and
observed learning behaviors. Knowledge state representation

and estimation is defined as in Eq.7.

KSk
t =

n

∑
i=t+1

successk
i /

n

∑
i=t+1

totalk
i (7)

where the averaged attempt correctness from similar learners
who have achieved mastery is used to approximate the knowl-
edge state for the current learner. We conduct experiments to
compare with LSTM based conventional neural network on
prediction accuracy.

Results
ANTM with few learners and short learning sequences
In the cold start setting, we want to achieve high prediction
accuracy using as few learners’ interactions as possible to
train the model and yet generalize to new unseen samples. In
Scenario1 in Table 1, we conducted experiments with different
learner numbers ranging from 2 to 13 to compare the pre-
diction performance between LSTM and ANTM. As results
show, after 500 epochs of training for both, ANTM achieves
95% AUC and 93% ACC with only two learners. However,
LSTM achieves 95% AUC and 67% ACC, where the over
predicting (predicting most of the data into one class) happens.
It illustrates that ANTM is performing better in memorizing
and extracting the learning pattern even with few observations
and unbalanced dataset. As learner number increases grad-
ually to 13, ANTM continues performing at 95% AUC and
92% ACC score, while LSTM is performing at around 82%
AUC and 73% ACC where the over predicting issue still exists
even with more learners’ data for pattern extraction. We also
wanted to achieve high prediction accuracy with short learning
sequences and yet generalize to longer sequences. In Sce-
nario2 in Table 1, the result shows that with only 10% of the
learning sequences (5 to 8 interactions), ANTM can achieve
87% AUC and 80% ACC while LSTM can only achieve 67%
AUC and 63% ACC. It illustrates that with few learners’ short
and sparse interaction sequences, ANTM is outperforming in
extracting the latent patterns and also be able to generalize
to future unseen patterns. As Learning sequence length in-
creases to 100% (around 80 interactions), ANTM continues
outperforming in both AUC and ACC by 10% and 14%, re-
spectively. In Scenario3 in Table 1, with 2 (10%) learners and
5 to 8 (10%) learning sequences, ANTM outperforms by 30%
and 17% in AUC and ACC, respectively. With more learn-
ers and longer sequences, ANTM outperforms in both AUC
and ACC by 10% and 14%, respectively. In conclusion, with
limited number of learners interacting with limited number of
practices, ANTM is able to extract latent learning patterns at
high precision and generalize to unseen interactions with high
prediction accuracy.

ANTM with different KCs
In order to understand the complexity of extracting learning
patterns for both ANTM and LSTM, we conduct another ex-
periment to decouple the complexity and only train the models
with one set of learning patterns instead of a mixed group of
patterns. We used the course 2 dataset for this experiment,
where we chose two different KCs and observed training and
test performance for each of the KCs. KC1 is a relatively easier
skill where learners make fewer attempts and achieve mastery



Scenario1 Scenario2 Scenario3

Table 1: Knowledge state prediction result comparison between ANTM and LSTM

antm-KC1 antm-KC2 lstm-KC1 lstm-KC2

Table 2: Knowledge state prediction across different KCs with ANTM and LSTM

with similar patterns. For KC2, learners have more diverse
behaviors. As the result shows in Table 2, for KC1, ANTM
achieves 95% AUC and 85% ACC as an averaged measure-
ment from training and test sets, where LSTM achieves 80%
AUC and 76% ACC. Both models are able to achieve high
accuracy in first 100 epochs. For KC2, ANTM achieves 90%
AUC and 80% ACC for test set and LSTM achieves around
75% AUC and ACC as training with 500 epochs. Results show
ANTM is able to jump out of the local minimum after around
270 epochs to continue the optimization towards its global
optimum. However, LSTM ends up being stuck in its local
optimum after around 80 epochs, which limits its accuracy.

CONCLUSIONS
In this paper, we proposed a novel architecture, Attentive
Neural Turing Machine, to predict knowledge mastery in the
cold start setting. The experimental result shows significant
accuracy improvement compared to deep learning based ap-
proaches.
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