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Abstract

With the surge in cognitive gaming data, understanding play-
ers’ learning patterns and cognitive growth has become in-
creasingly important. These data offer valuable opportuni-
ties to study individual cognitive development during learn-
ing. However, the diversity of player profiles and the com-
plexity of gaming tasks pose significant challenges for accu-
rate skill prediction. Specifically, the heterogeneity of player
profiles leads to diverse and complex learning trajectories; data
sparsity and temporal dynamics further exacerbate these chal-
lenges. To address these challenges, we propose the MFCGT
(Multi-feature Forget Cognitive Game Tracing) model. First,
we perform multi-feature selection to extract key features from
player behavior data to reduce noise and improve prediction
accuracy. Second, we introduce a time-aware decay mecha-
nism that simulates skill degradation using an exponential de-
cay function, ensuring the model captures the impact of forget-
ting on learning trajectories. Finally, we incorporate an atten-
tion mechanism to dynamically identify the most relevant his-
torical performance for the current task, thereby enhancing the
model’s predictive capability. Experimental results show that
MFCGT significantly outperforms traditional models in skill
prediction tasks. Additionally, MFCGT effectively captures
players’ learning dynamics and forgetting effects, providing
more accurate learning predictions.
Keywords: Cognitive Game; Knowledge Tracing; Skill Ac-
quisition and Learning.

Introduction
In recent years, cognitive games have gained significant at-
tention as a powerful tool to understand human learning and
cognitive development. Platforms offer a wide range of gam-
ified cognitive tasks that assess various cognitive abilities,
such as memory, attention, language, and reasoning. These
games provide a unique opportunity to study how people
learn and improve over time, especially in large-scale set-
tings where millions of users interact with the platform. The
ability to track and predict cognitive growth through these
games has become a critical area of research, with applica-
tions in personalized learning, cognitive training, and edu-
cational technology (Maji, Acharya, Paul, Chakraborty, &
Basu, 2025). Knowledge Tracing (KT), a well-established
approach in educational data mining, aims to model and pre-
dict students’ knowledge states based on their learning tra-
jectories (Tsutsumi, Guo, Kinoshita, & Ueno, 2024). While
traditional KT focuses on academic subjects such as mathe-
matics or language, Cognitive Game Tracing (CGT) extends
this concept to cognitive games, where the goal is to track and
predict the development of cognitive skills of players over

time (Maji et al., 2025). However, CGT faces unique chal-
lenges due to the complexity and diversity of cognitive tasks,
as well as the heterogeneity of player backgrounds and learn-
ing behaviors (Guzmán, Rengifo, & Cena, 2024).

Despite the significant potential of cognitive games for
studying learning dynamics, several challenges hinder the de-
velopment of effective Cognitive Game Tracing (CGT) mod-
els (Yeratziotis et al., 2024). One major challenge is player
heterogeneity, as players come from diverse backgrounds
with varying ages, educational levels, and cognitive abili-
ties. This diversity leads to highly varied learning trajecto-
ries, making it difficult to generalize models across different
groups of players. Another challenge is task complexity, as
cognitive games often involve multiple cognitive processes,
such as memory, attention, and reasoning. The complexity
of these tasks, combined with adaptive difficulty levels, adds
difficulty to modeling learning trajectories (Guzmán et al.,
2024). Additionally, data sparsity poses a significant issue, as
players may not complete all tasks or may engage with certain
tasks more frequently than others (Christie, Cook, & Rafferty,
2024). This results in sparse data, where many learning tra-
jectories are incomplete, making it challenging to build robust
models. Finally, temporal dynamics present a critical chal-
lenge, as cognitive skills evolve over time, and players may
experience skill decay if they do not practice regularly. Cap-
turing these temporal dynamics is crucial for accurate tracing,
but it remains a significant challenge in existing models.

To address these challenges, several methods have been
proposed to model learning trajectories, such as Bayesian
Knowledge Tracing (BKT) and Deep Knowledge Tracing
(DKT) (Saric-Grgic, Grubisic, & Gaspar, 2024b). These
methods typically rely on historical performance data to pre-
dict future performance. However, they often fail to account
for the multi-dimensional nature of cognitive tasks and the
temporal dynamics of skill acquisition and decay. More ad-
vanced methods, such as those based on transformer architec-
tures, have been developed to capture complex learning pat-
terns and model sequential learning data. Others employ fac-
tor analysis to identify latent cognitive abilities. Despite these
advancements, the existing methods still face several limita-
tions. One key issue is limited feature utilization, as many
models rely solely on task performance data, ignoring other
important features such as player ages, task difficulty, and
practice frequency. This narrow focus restricts their ability
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to capture the full complexity of learning dynamics. Another
limitation is the inadequate handling of forgetting effects, as
most models do not explicitly account for skill decay over
time, which is a critical aspect of cognitive learning. In ad-
dition, there is a lack of attention to task-specific variations.
To overcome the limitations of existing methods, we propose
the Multi-feature Forget Cognitive Game Tracing (MFCGT)
model, which integrates multiple innovative components to
effectively capture players’ learning dynamics and cognitive
growth. Our approach addresses the key challenges in Cog-
nitive Game Tracing (CGT) by leveraging multi-feature se-
lection, a time-aware forgetting mechanism, and an attention
mechanism. First, we utilize a gradient boosting framework,
to select the most relevant features from players’ behavioral
data. Second, recognizing that cognitive skills decay over
time, we introduce a forgetting mechanism that simulates
skill degradation. This mechanism uses an exponential de-
cay function to adjust players’ skill levels based on the time
elapsed since their last practice, enabling the model to more
accurately predict long-term skill retention. Finally, we em-
ploy an attention mechanism that dynamically weights the
contributions of different tasks to the overall skill prediction.
This allows the model to focus on the most relevant historical
performance data for each task. Our work makes key contri-
butions to the field of cognitive game tracing:

• Multi-feature integration incorporates a wide range of fea-
tures, such as player demographics and task-specific data,
to provide a more comprehensive understanding of learn-
ing dynamics in cognitive games.

• The skill decay and contextual attention mechanism intro-
duces a time-aware approach to capture the temporal dy-
namics of skill acquisition and decay, addressing critical
limitations of existing methods.

• Task-specific attention allows the model to adapt to the
unique cognitive demands of different cognitive tasks, en-
hancing its ability to predict performance.

• Improved prediction accuracy is demonstrated through ex-
periments, showing that our MFCGT model outperforms
existing methods in predicting player cognitive perfor-
mance, offering an accurate and robust approach to cog-
nitive game tracing.

Related Work
Gamification in Learning
Cognitive games have emerged as a promising tool for study-
ing human learning and cognitive development. Platforms
provide a diverse range of gamified tasks designed to assess
various cognitive abilities, including memory, attention, and
reasoning.

The integration of gamification into e-learning has become
a popular strategy to boost student engagement and motiva-
tion. By incorporating game-like elements such as points,

badges, and leaderboards, educators aim to create a more im-
mersive learning environment. Research has demonstrated
that these elements can lead to improved learning perfor-
mance (Gweon et al., 2015). However, not all gamified sys-
tems achieve their intended educational goals. Some sys-
tems are criticized for prioritizing entertainment over learn-
ing, resulting in designs that resemble animations or games
rather than effective educational tools (Schodde, Bergmann,
& Kopp, 2017).

The impact of gamification on learning performance has
been a focal point of research. Studies suggest that well-
implemented gamified systems can enhance learning out-
comes by providing immediate feedback, fostering a sense of
accomplishment, and maintaining student engagement over
time (Yeratziotis et al., 2024). However, the success of gam-
ification depends heavily on how well the game elements
align with the learning objectives (Ciuffreda et al., 2024).
For example, adaptive gamification, which tailors game el-
ements to individual player types, has shown promise in im-
proving learning performance (Kantharaju et al., 2019). This
highlights the importance of personalization and adaptabil-
ity in maximizing the educational benefits of gamification
(Taghavi, Ghorbani, & Delrobaei, 2024).

User Modeling
User modeling is essential for understanding and predicting
learner behavior, enabling the design of more effective edu-
cational interventions.

To assess students’ knowledge proficiency, researchers
have developed various psychometric models, such as Item
Response Theory (IRT) and Deterministic Inputs, Noisy
“And” Gate (DINA) models (Welling, Sheng, & Zhu, 2024).
For example, IRT models represent students’ knowledge abil-
ity as a continuous variable and use logistic functions to pre-
dict the likelihood of correctly answering a question. IRT
models represent students’ knowledge ability as a continu-
ous variable, and DINA models use a binary latent vector to
indicate whether a student has mastered the required skills.
One of the most widely used methods for knowledge trac-
ing is Bayesian Knowledge Tracing (BKT), which is based
on Hidden Markov Models (Saric-Grgic, Grubisic, & Gaspar,
2024a). Traditional models like BKT and DKT have been
adapted for use in educational games, but they often strug-
gle with the dynamic and multi-skill nature of these environ-
ments. Recent approaches, such as the Hierarchical Mem-
ory Network (HMN), attempt to address these challenges
by simulating human memory processes, but their effective-
ness in cognitive games remains an open question (S. Liu
et al., 2021). Similarly, (Hooshyar, Huang, & Yang, 2022)
introduces a deep learning-based approach to model play-
ers’ knowledge states in educational games. The study em-
phasizes the challenges of tracing cognitive skills in games,
where players often deploy multiple overlapping skills simul-
taneously. In conclusion, while significant progress has been
made in cognitive games and user modeling, there is still
much to explore, particularly in educational games.
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Problem formulation
Given a set of users U = {u1,u2, . . . ,uN} , a set of games
G= {g1,g2, . . . ,gM}, our goal is to model the cognitive devel-
opment of each user over time based on their gameplay inter-
actions. For each user u j , we have a sequence of interactions
with games, denoted as I j = {(i1, pi1),(i2, pi2), . . . ,(ik, pik)}
, where im is the game ID, pim is the performance of the
game and k is the total number of interactions. Each user
u j is characterized by different attributes such as age, level
of education, etc., and a history of gameplay, denoted as
C j = {c1

j ,c
2
j ,c

3
j , . . . ,c

s
j,his j}.

The objective of Cognitive Game Tracing (CGT) is to
model the knowledge state of each user u j over time, based
on their interaction sequence I j and characteristics C j, and
to predict their performance on future gameplay interactions,
specifically at the next game ik+1 in the sequence. The pre-
diction task is to develop a model that takes as input the in-
teraction sequence I j and characteristics C j of a user u j and
predicts the performance in the subsequent gameplay interac-
tion (ik+1, pik+1).

Methodology
The Cognitive Game Tracing (CGT) framework is composed
of a series of interconnected modules designed to encapsulate
the complexity of cognitive gaming data. As shown in Fig-
ure 1, the framework is systematically structured into distinct
components, including data preprocessing, feature selection
and fusion, skill decay and contextual attention mechanism,
and model prediction. Each component plays a critical role in
the pipeline, from refining raw data to generating predictions.

The initial phase of our framework involves cleansing and
organizing the data set. This step is crucial for subsequent
analyses. The dataset is preprocessed to ensure that it is con-
sistent and representative of user interactions within the gam-
ing environment. The preprocessing phase employs temporal
alignment and missing value imputation to construct uniform
interaction sequences. Feature selection and fusion combines
decision trees for identifying predictive patterns with cross-
encoding layers to dynamically integrate temporal interac-
tions and static user attributes. Skill decay and contextual
attention models knowledge retention via exponential decay,
enhanced by attention mechanism that weight historical states
based on task similarity and temporal relevance.

Feature Selection Cognitive tracing Prediction
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Figure 1: The framework of MFCGT model.

Algorithm 1 Implementation of MFCGT
Input: i) U = {u1,u2, . . . ,uN}, set of users; ii)

G = {g1,g2, . . . ,gM}, set of games; iii) I j =
{(i1, pi1),(i2, pi2), . . . ,(ik, pik)}, interaction sequence
for user u j; iv) C j = {(c1

j ,c
2
j , . . . ,c

s
j,his j)}, user

characteristics; v) T1, T2, number of training epochs;
Output: Predicted performance pik+1 ;

1: F ←{ f1, f2, . . . , fd}
2: Franked← [ f(1), f(2), . . . , f(d)]
3: Fopt←{ f(1), f(2), . . . , f(k)}
4: for t← 1 to T1 do
5: for each user u j ∈U do
6: xt ← (I j,Fopt)
7: end for
8: end for
9: for t← 1 to T2 do

10: for u j ∈U do
11: s(i, j)← exp(−λ ·∆(i, j)) ·σ(qi,k j)
12: ∆(i, j)← |i− j| ·∑i

k= j+1 wk, j

13: αi, j← exp(s(i, j))
∑

T
k=1 exp(s(i,k))

14: hi← ∑
T
j=1 αi, j ·h j

15: end for
16: end for
17: return pik+1 = FC(FFN(Linear(hi)))

Feature Selection
Our model extends the traditional knowledge tracing
paradigm by incorporating a rich set of user features. The fea-
ture selection process in our Cognitive Game Tracing frame-
work is a critical step that involves identifying and select-
ing the most informative features from the dataset. We em-
ploy a histogram-based algorithm to evaluate the gain of each
feature. This algorithm quantifies the information gain for
each feature, providing a preliminary ranking of feature im-
portance. The features are then sorted based on their gain.
Using the initial ranking, we construct a decision tree using
a leaf-wise growth strategy. This strategy involves growing
each leaf of the tree, which allows for the optimization of the
model at each node. After the decision tree is constructed,
we calculate the residual values, which represent the differ-
ences between the predicted and actual outcomes. The resid-
ual from the previous tree is used as the training sample for
the next iteration. This iterative process continues, with each
new tree being trained on the residuals of the previous one.
At the end of the iterative process, the trees generated in each
round are weighted and summed according to their perfor-
mance to get the final model. This algorithm evaluates the
significance of each feature within a dataset by counting the
frequency at which they serve as decision-making thresholds.
The features are then ranked in descending order according to
their calculated significance. This ranking guides a system-
atic review of all features, where the least significant ones are
considered for exclusion based on their impact on predictive
accuracy. The process iterates through the entire feature set
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to determine the most effective subset, denoted as Fopt.

Algorithm 2 Feature Selection for Game Tracing
Input: i) F = { f1, f2, . . . , fd}, feature set; ii) y, target perfor-

mance values; iii) k, number of folds for cross-validation;
iv) τ, importance threshold;

Output: Optimal feature subset Fopt ⊆ F ;
1: Initialize model M
2: {D1,D2, . . . ,Dk}← split(D,k)
3: for i← 1 to k do
4: Train M on training data

⋃
j ̸=i D j

5: I (i)
j ← compute importance( f j)

6: end for
7: I j← 1

k ∑
k
i=1 I (i)

j

8: Ĩ j←
I j

maxk Ik
9: if max j I j > 2E[I j] then

10: Set τ← 0.5max j I j
11: else
12: Set τ← E[I j]+σ(I j)
13: end if
14: Fopt←{ f j|Ĩ j ≥ τ}
15: return Fopt

Feature Fusion
Following the feature selection stage in CGT, the subsequent
step involves encoding the selected features to construct the
input. This encoding process encompasses direct concate-
nation and cross-feature encoding. The direct concatenation
method merges the game performance data with the optimal
features, creating a comprehensive feature vector that serves
as the model’s input at each timestep. For cross-feature en-
coding, we employ a formula that integrates game ID, perfor-
mance outcome, and selected features:

C(gt , pt) = gt +[max(g)+1] · pt ,

xt =C(gt , pt)⊕C(Ft , pt)⊕Ft .

Here, C denotes the cross-encoding operation, ⊕ signifies
vector concatenation. gt and pt correspond to the game ID
and performance, respectively, while Ft represents the identi-
fied optimal features.

Skill Decay and Contextual Attention Mechanism
To address the limitations of existing methods in cognitive
game tracing, we propose a skill decay and contextual at-
tention mechanism. This mechanism integrates a skill de-
cay function and an attention mechanism to model the tem-
poral dynamics of skill acquisition and decay, as well as task-
specific variations in learning trajectories. The skill decay
function is designed to simulate the gradual degradation of
cognitive skills over time. The formula for the skill decay
function is as follows:

s(i, j) = exp(−λ ·∆(i, j)) ·σ(qi,k j),

where s(t,τ) represents the skill retention score at time t for
a skill last practiced at time τ. It quantifies how much of the
skill is retained over time. exp(−λ ·∆(i, j)) is the exponential
decay term, where λ is a decay rate parameter that controls
how quickly skills degrade over time. σ(qi,k j) represents the
similarity score between the current task qi and the past task
k j. It is computed using a dot product or other similarity mea-
sures, scaled by a normalization factor.

The contextual time distance is a key component of the
skill decay function. It not only considers the absolute time
difference between i and j but also incorporates the contex-
tual relevance of the tasks performed during that time. The
formula for ∆(i, j) is defined as:

∆(i, j) = |i− j| ·
i

∑
k= j+1

wk, j,

where |i− j| is the absolute time difference between the cur-
rent time i and previous practice time j. wk, j is a contextual
weight that measures the relevance of the task performed at
time k to the task performed at time j. It is computed using a
softmax function over the similarity scores between tasks:

wk, j =
exp(σ(qk,k j))

∑
i
m= j+1 exp(σ(qm,k j))

.

Model Prediction
Building upon the feature selection and skill decay mecha-
nisms, the weighted feature representation is passed through
a fully connected layer to generate the predicted performance
score for the next cognitive task. To train the MFCGT model,
we employ a loss function that measures the difference be-
tween the predicted performance p̂ik+1 and the actual perfor-
mance pik+1 . The loss function is defined as follows:

L =
1
N

N

∑
i=1

(
pik+1 − p̂ik+1

)2
,

where N is the total number of samples in the sequence, pik+1
is the ground truth performance for the i-th sample, p̂ik+1 is
the predicted performance for the i-th sample. The goal of the
training process is to minimize this loss function and improve
the model’s accuracy in predicting cognitive performance.

Experiment
Experimental Settings
Dataset. The dataset in this article comes from the project
page of the Lumosity Cognitive Training Dataset (Steyvers
& Schafer, 2020). Lumosity is an online platform that of-
fers a variety of games to train and test users’ cognitive abili-
ties. The dataset has a very rich set of user data, with 36,296
users, including information such as user identifier, gender,
age, and education level. Users were registered between Au-
gust 1, 2013 and December 31, 2016 and are between the ages
of 18 and 90. Users may be from the United States, Canada,
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or Australia, and their preferred language is English. At least
99% of the user’s game history is done on the web product,
not the mobile app. We also have a lot of game data in our
dataset, with a total of more than 50 cognitive tasks, including
the game ID, name, main domain, and main attributes. Games
involve different cognitive domains such as attention, mem-
ory, math, etc. In our experiment, the overall dataset consists
of six subsets: Attention, Flexibility, Language, Math, Mem-
ory, and Reasoning. There are a total of 36,736,284 sets of
data in the game records and each user has a record of play-
ing games.

Baseline Methods and Evaluation Metrics. Baseline
models encompass classical architectures for processing se-
quential and non-sequential data. Recurrent Neural Networks
(RNNs) (Grossberg, 2013) are designed to handle sequen-
tial data by propagating temporal information through hid-
den states. Long Short-Term Memory (LSTM) networks
(Hochreiter & Schmidhuber, 1997) extend RNNs to address
long-term dependency learning via specialized gating mecha-
nisms. Gated Recurrent Units (GRUs) (Cho et al., 2014) fur-
ther simplify LSTMs by merging gates into a unified update
mechanism while retaining robust sequence modeling capa-
bilities. For non-sequential tasks, the Multi-Layer Percep-
tron (MLP) (Kruse, Mostaghim, Borgelt, Braune, & Stein-
brecher, 2022) provides a foundational feedforward structure
with fully connected layers to learn input-output mappings.
Deep Neural Networks (DNNs) (W. Liu et al., 2017) gener-
alize this concept by stacking multiple layers to extract hi-
erarchical representations from complex data. These models
serve as fundamental baselines in domains such as time series
forecasting and general machine learning tasks.

To assess model performance, we employ two widely used
metrics: Mean Absolute Error (MAE) and Mean Squared Er-
ror (MSE). These metrics measure the discrepancy between
predicted performances and ground truth values.

Experiment Result Analysis
During experiment, we observed high correlations among
certain features, which led us to create a Kernel Density Esti-
mation (KDE) plot to visually highlight these relationships.
This plot is depicted in Figure 2, providing a view of the
data distributions across different fields (Li, Zhang, & Jour-
nel, 2017). To systematically eliminate redundant features
with strong collinearity, we employed a correlation heatmap,
as shown in Figure 3. This heatmap effectively illustrated the
interdependencies between factors.

The feature selection process prioritized features with high
predictive importance while eliminating redundant variables
with strong collinearity. As depicted in Figure 3, the cor-
relation matrix revealed collinearity among specific factors.
Notably, the pair nth play total and session exhibited a high
correlation at a value of 0.95, suggesting near-identical mea-
surements of engagement frequency. Guided by feature im-
portance rankings, we retained nth play total with an im-
portance score of 24 and excluded session due to its lower
importance score of 19. Similarly, nth play master showed

0 5000 10000 15000 20000 25000 30000 35000
0.0

0.5

1.0

1.5

2.0

2.5

3.0

De
ns
ity

1e−5 anon_id

0 50 100 150 200 250
0.000

0.005

0.010

0.015

0.020

0.025

0.030

0.035

De
ns
ity

game_id

0 2500 5000 7500 10000 12500 15000 17500 20000
0.0000

0.0002

0.0004

0.0006

0.0008

0.0010

De
ns
ity

nth_play_total

0 10 20 30 40 50 60
0.000

0.005

0.010

0.015

0.020

0.025

0.030

De
ns
ity

nth_play_specific

0 200 400 600 800 1000 1200 1400
0.000

0.005

0.010

0.015

0.020

0.025

De
ns
ity

nth_play_master

0 500 1000 1500 2000
0.000

0.002

0.004

0.006

0.008

0.010

0.012

0.014

0.016

De
ns
ity

ntotal_specific

0 2000 4000 6000 8000 10000
0.0000

0.0025

0.0050

0.0075

0.0100

0.0125

0.0150

0.0175

De
ns
ity

level

0 100000 200000 300000 400000 500000 600000 700000 800000
0

1

2

3

4

5

De
ns
ity

1e−5 score_raw

0 20 40 60 80 100
0.000

0.002

0.004

0.006

0.008

0.010

0.012

0.014

De
ns
ity

score_pctile

0 20 40 60 80 100
0.000

0.005

0.010

0.015

0.020

0.025

0.030

0.035

0.040

De
ns
ity

master_game_id

0 500 1000 1500 2000 2500 3000
0.000

0.001

0.002

0.003

0.004

De
ns
ity

session

0 20 40 60 80 100
0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

1.6

De
ns
ity

nth_play_withinsession

0 20 40 60 80 100
0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

De
ns
ity

withinsessiontotal

1 2 3 4 5 6 7
0.0

0.5

1.0

1.5

2.0

2.5

3.0

De
ns
ity

agebin

0 20 40 60 80 100
0.00

0.05

0.10

0.15

0.20

0.25

0.30

De
ns
ity

education_level

0 20 40 60 80 100
0.00

0.05

0.10

0.15

0.20

0.25

De
ns
ity

score_norm

Figure 2: Kernel Density Graph.

a strong correlation with nth play specific at a value of
0.72, leading to the retention of the former, which held a
higher importance score. The finalized feature set, includ-
ing level, game id, master game id, agebin, nth play master,
and education level, achieved minimal redundancy while pre-
serving essential predictive signals. This optimized feature
set effectively balances information richness and computa-
tional efficiency, mitigating overfitting risks inherent in high-
dimensional behavioral datasets (Rumsey, 2011).
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Figure 3: Correlation Heatmap Graph.

The change in the value of the loss over the course of
our experimental results is shown in Figure 5. The results
of our experiments are shown in the Table 1. As evidenced
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Table 1: Performance Comparison of Different Game Types.
Type Model MAE MSE Type Model MAE MSE

Attention

MFCGT 0.3298 0.3074

Flexibility

MFCGT 0.3881 0.3789
LSTM 0.3545 0.3339 LSTM 0.4390 0.4098
MLP 3.6093 1.6687 MLP 0.9471 0.7485
DNN 3.6092 1.6688 DNN 2.2588 1.2548
GRU 0.3948 0.3594 GRU 0.4739 0.4392
RNN 0.4245 0.3719 RNN 0.4725 0.4359

Language

MFCGT 0.3688 0.3577

Math

MFCGT 0.2651 0.2443
LSTM 0.4152 0.3871 LSTM 0.3582 0.3218
MLP 1.7401 1.1050 MLP 1.5956 1.0117
DNN 1.7378 1.1056 DNN 1.5957 1.0114
GRU 0.3831 0.3880 GRU 0.3740 0.3280
RNN 0.4458 0.4080 RNN 0.3966 0.3539

Memory

MFCGT 0.1177 0.1541

Reasoning

MFCGT 0.0963 0.1449
LSTM 0.2582 0.2459 LSTM 0.2943 0.2844
MLP 2.7786 1.3066 MLP 0.8056 0.6501
DNN 1.0114 1.3030 DNN 2.7789 1.3030
GRU 0.3996 0.3353 GRU 0.3123 0.3058
RNN 0.4059 0.3507 RNN 0.2327 0.2499

by the training trajectories in Figure 5, while all models ex-
hibit decreasing loss values during training, MFCGT achieves
the lowest final loss values with particularly notable advan-
tages in complex tasks such as Memory and Reasoning. The
model’s MAE scores of 0.118 and 0.096 in these respective
domains show absolute reductions of 0.141 and 0.198 over
LSTM baselines, suggesting enhanced capability in captur-
ing temporal dependencies. Sequential architectures gener-
ally outperform non-temporal models, with MFCGT showing
6.9% MAE reduction over LSTM and 16.5% over GRU in
attention-related tasks. The model demonstrates task-specific
strengths that align with its innovations. For mathematical
tasks, MFCGT shows 0.093 MAE reduction over LSTM. In
language tasks, it achieves 3.7% MAE reduction over GRU,
while MFCGT yields 13.7% MSE reduction over GRU in
flexibility tasks. These results validate the core design prin-
ciples of our approach. The consistent outperformance spans
diverse cognitive domains, including 0.085 average MAE re-
duction over LSTM and 0.106 over GRU across all tasks.

Ablation Study
To assess the individual contributions of key components
within our MFCGT model, we conducted an ablation study
with two variant models: MCGT, which omits the Skill De-
cay and Contextual Attention Mechanism, and FCGT lacks
multi-feature selection. The results underscore the critical
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Figure 5: Visualization of Loss Convergence.

importance of both components. Without the attention mech-
anism, MCGT shows increased MAE and MSE across all do-
mains, indicating its essential role in capturing temporal dy-
namics and task-specific variations. Similarly, FCGT’s ab-
sence of comprehensive feature integration leads to degraded
performance, emphasizing the value of diverse features. This
study validates the synergistic effects of multi-feature selec-
tion, skill decay modeling and contextual attention in our
MFCGT framework, each addressing unique challenges in
cognitive game tracing.

Table 2: Ablation Study Across Different Game Types.
Type Model MAE MSE Type Model MAE MSE

Attention FCGT 0.3421 0.3197 Flexibility FCGT 0.4138 0.3995
MCGT 0.3735 0.3452 MCGT 0.4487 0.4241

Language FCGT 0.3973 0.3772 Math FCGT 0.3167 0.2859
MCGT 0.3784 0.3676 MCGT 0.3325 0.2997

Memory FCGT 0.1882 0.2058 Reasoning FCGT 0.2053 0.2245
MCGT 0.3293 0.2965 MCGT 0.2233 0.2437

Conclusion
Our proposed model notably advances cognitive game trac-
ing through multi-feature selection and skill decay and con-
textual attention mechanism. It shows superior performance
in skill prediction across diverse cognitive domains, tackling
challenges like user heterogeneity and temporal dynamics.
Experimental results show MFCGT outperforms traditional
models with significant improvements in prediction perfor-
mance. This advancement also has the potential to enhance
cognitive assessment and training through cognitive gaming.
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