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Abstract— Intelligent Tutoring Systems (ITS) o�er powerful mechanisms for personalized13

instruction. However, their pedagogical e�cacy remains fundamentally bo�lenecked in14

low-resource language environments due to data isolation, severe digital asset scarcity, and15

a lack of mature processing baselines. Traditional sequence-based Deep Knowledge Trac-16

ing (DKT) architectures infer student cognitive pro�les over time by processing primitive17

binary success states, completely discarding the rich diagnostic indicators embedded within18

open-ended natural language feedback. �is paper presents a novel hybrid architecture that19

natively fuses tokenization-independent Natural Language Processing (NLP) text features20

with Recurrent Neural Network (RNN) based DKT pipelines. We engineer a sub-word21

character-level semantic parser tailored for the non-segmented Burmese script, mapping22

free-form textual explanations directly into continuous concept-correctness vectors. �ese23

vectors dynamically update a Long Short-Term Memory (LSTM) network core to construct24

latent multi-skill mastery pro�les and predict subsequent learning performance. Empirical25

evaluations using an engineered interaction dataset demonstrate that incorporating seman-26

tic text embeddings yields a substantial predictive li�, achieving an AUC of 0.824 and an27

absolute performance gain of +0.062 over text-blind baselines. �is architecture establishes28
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an access-optimized deployment pathway for sophisticated educational frameworks across29

low-resource infrastructural constraints.30

Keywords — Intelligent Tutoring Systems; Deep Knowledge Tracing; Low-Resource31

Natural Language Processing; Burmese Script; Student Cognitive Modeling; Sequence-to-32

Sequence Networks33
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1 Introduction34

Online knowledge tracing — the continuous, algorithmic assessment of a learner’s evolving35

cognitive mastery across highly interdependent skills — serves as the mathematical core36

of modern Intelligent Tutoring Systems (ITS). By capturing temporal student trajecto-37

ries, these systems dynamically adjust pedagogical interventions to achieve personalized38

mastery learning at scale [9].39

While classical psychometric formulations such as Bayesian Knowledge Tracing40

(BKT) rely on independent Hidden Markov Models to monitor discrete cognitive variables,41

the advent of Deep Knowledge Tracing (DKT) pioneered the leverage of deep recurrent42

networks. �is paradigm enables the system to capture highly intricate, long-term non-43

linear cross-concept dependencies directly from sequential interaction logs [5, 8].44

Despite signi�cant performance leaps, contemporary DKT implementations remain45

critically text-blind. Standard pipelines optimize prediction parameters exclusively over46

binary vectors (1 for correct, 0 for incorrect), stripping away the underlying qualitative47

rationale of student inputs [9]. In foundational STEM disciplines such as linear algebra or48

computer science basics, two distinct learners may easily arrive at an identical incorrect49

numerical or terminal output while harboring entirely disparate underlying misconcep-50

tions. Constraining the user interface to rigid multiple-choice menus or absolute terminal51

inputs denies the system access to valuable diagnostic signals [4]. Conversely, prompting52

active natural language explanations yields signi�cant learning gains, stimulating active53

generative thought and exposing deep-seated cognitive errors [3, 7].54

�is structural limitation becomes a prohibitive barrier within low-resource language55

landscapes, such as the Burmese language environment. Designing text-aware intelli-56

gent tutors for Burmese STEM curricula is signi�cantly inhibited by two compounding57

challenges: (1) the acute absence of large-scale, uni�ed student interaction corpora (the58

cold-start data scarcity paradigm), and (2) severe tokenization dependencies, where com-59

plex, non-delimited scripts introduce cascading alignment errors into traditional machine60

learning text parsers [8].61

To resolve these joint limitations, this paper presents a robust, end-to-end framework62

that explicitly integrates tokenization-independent Burmese NLP representations with a63

gated recurrent DKT network core. We introduce an architecture that successfully parses64

short-answer textual explanations into continuous semantic correctness values, routing65

them through deep hidden layers to compute multi-skill latent mastery pro�les without66

requiring a discrete whitespace segmenter.67
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1.1 Contributions68

�e primary contributions of this work are:69

1. A tokenization-free character-level NLP module for processing non-segmented70

Burmese script within an ITS framework.71

2. A hybrid LSTM-based DKT architecture that natively incorporates continuous se-72

mantic correctness signals from free-text student explanations.73

3. Empirical validation demonstrating a +0.062 AUC improvement over text-blind74

baselines on a simulated Burmese STEM interaction dataset.75

4. A scalable deployment pathway for low-resource language educational technologies,76

including a discussion of quantization strategies for on-device inference.77

2 Methodology and System Architecture78

�e proposed hybrid architecture is structured into three decoupled functional layers: the79

Semantic Text Parsing Module, the Recurrent Latent Core (DKT Engine), and the Adaptive80

Pedagogical Prediction Layer. �e deep routing pipeline processes sequential student81

time-steps denoted as t ∈ {1, 2, . . . , T}.82

2.1 Architecture Overview83

Semantic Text Parsing Module Deep Knowledge Tracing Engine

Raw Input
(Rt)

[Burmese]

Character
n-grams
(2 to 4)

TF-IDF
Vectorizer

Linear SVM
(ct)

Skill Embedding
e(st)

Concat

(xt )

LSTM Core
(ht)

Fully Connected
Projection

Mastery
Predictions

(yt)

Figure 1. Structural pipeline layout of the proposed Hybrid NLP-DKT framework. �e diagram

illustrates the end-to-end transformation of non-segmented Burmese strings into real-time concept

mastery predictions.

2.2 Semantic Text Parsing Module84

Let Rt denote the raw, open-ended textual explanation submi�ed by a student in Uni-85

code Burmese script at time-step t. Because the Burmese language is wri�en without86
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systematic whitespace word boundaries, applying standard tokenization pipelines prior to87

vectorization introduces severe alignment errors. To guarantee architectural resilience,88

we construct a tokenization-free, character-level Term Frequency-Inverse Document Fre-89

quency (TF-IDF) vectorizer. �e text string is sliced into character n-grams ranging from a90

minimum bound of 2 to a maximum bound of 4.91

�e high-dimensional sparse vector generated from Rt is mapped via a calibrated92

Linear Support Vector Machine (SVM) to yield a continuous scalar value representing93

semantic correctness, denoted as ct ∈ [0, 1]. Concurrently, the interaction is tagged with94

an explicit concept index, st ∈ {1, 2, . . . , N}, where N represents the total number of95

distinct conceptual competencies tracked within the domain curriculum knowledge graph.96

2.3 Deep Knowledge Tracing Engine97

Unlike classical DKT networks that accept sparse binary tuples, our recurrent engine98

processes a uni�ed, multi-modal continuous interaction vector xt. �is continuous state is99

formally structured as:100

xt = vtext ∥ e(st) ∥ ct (1)

where vtext represents the dense character-level text feature representation, e(st)101

denotes a learned low-dimensional categorical embedding of the active skill target, and ∥102

represents the vector concatenation operator.103

�is continuous state representation xt is passed sequentially into a Long Short-Term104

Memory (LSTM) network architecture (as illustrated in Figure 1). �e LSTM hidden gates105

maintain a persistent cell state ct, circumventing vanishing gradient limitations over106

elongated student learning paths [9]. �e operational state updates are mathematically107

formulated as follows:108

it = σ(Wxixt +Whiht−1 + bi) (2)

ft = σ(Wxfxt +Whfht−1 + bf ) (3)

ot = σ(Wxoxt +Whoht−1 + bo) (4)

c̃t = tanh(Wxcxt +Whcht−1 + bc) (5)

ct = ft ⊙ ct−1 + it ⊙ c̃t (6)

ht = ot ⊙ tanh(ct) (7)
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where matrices W and vectors b constitute the global network weights and biases109

optimized during training, and ⊙ represents the element-wise Hadamard product.110

2.4 Pedagogical Prediction Layer111

�e updated hidden state ht serves as a rich cognitive vector representing the student’s112

latent understanding. �is state is mapped to a fully connected output projection layer113

to evaluate mastery probabilities across all curriculum domain concepts simultaneously,114

capturing implicit knowledge cross-gains across untested skills [2]:115

yt = σ(Whyht + by) (8)

where yt is anN -dimensional vector, with each scalar entry yt,j ∈ [0, 1] corresponding116

to the computed likelihood that the student will successfully resolve a task involving skill117

j at time-step t+ 1.118

3 Experimental Evaluation119

Evaluating hybrid DKT frameworks within localized se�ings requires rigorous cross-120

validation to guarantee empirical resilience against data isolation [8].121

3.1 Experimental Setup and Datasets122

�e performance of the tracking model was validated using two primary data sources:123

1. International Benchmark Calibration: �e standardized ASSISTments 2009-2010124

dataset [1] was used to calibrate the baseline LSTM con�guration, ensuring structural125

parity with historical state-of-the-art DKT implementations [2].126

2. Localized Target Dataset: To bypass the severe cold-start constraints inherent127

to the Burmese language environment, an algorithmic user simulation generator128

modeled on real student error distributions was used to construct 1,000 continuous129

interaction trajectories. �ese trajectories featured open-ended explanations in130

Burmese script embedded with common algebraic misconceptions (e.g., misapplying131

inverse operations across equation boundaries, such as evaluating “x+ 5 = 12” as132

“x = 12 + 5”).133
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3.2 Training Protocol134

�emodel was optimized using the Adam optimizer (learning rate = 0.001, β1 = 0.9, β2 =135

0.999) to minimize binary cross-entropy loss relative to the next-step performance targets.136

�e LSTM hidden dimension was set to 128, with a dropout rate of 0.3 for regularization.137

Training proceeded for a maximum of 200 epochs with early stopping based on validation138

AUC.139

3.3 �antitative Results140

Predictive accuracy was quanti�ed using the Area Under the Receiver Operating Charac-141

teristic Curve (AUC) alongside the Root Mean Squared Error (RMSE).142

Table 1. Model Performance Evaluation Summary

Architectural Con�guration AUC Score RMSE

Baseline Text-Blind Binary DKT 0.762 0.412
Hybrid NLP-DKT (Proposed Framework) 0.824 0.345
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Figure 2. Receiver Operating Characteristic (ROC) curve comparison. �e proposed hybrid frame-

work demonstrates signi�cant predictive li� over the baseline text-blind DKT model.

3.4 Discussion143

Analysis of the predictive divergence shows that the traditional baseline model exhibits144

severe latency in detecting student learning degradation. When a student changes their145

reasoning but produces the same incorrect answer, the binary tracker sees only a sequence146

of zeros (0, 0, 0), causing the latent state estimation to �a�en.147
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Conversely, our proposed Hybrid NLP-DKT architecture dynamically detects shi�s148

in textual features via character-level n-gram variations. As demonstrated by the ROC149

curves in Figure 2 and summarized in Table 1, mapping these semantic streams enables the150

system to immediately capture partial conceptual understanding or speci�c misconceptions,151

resulting in an absolute AUC performance li� of +0.062 over traditional baseline tracking152

models.153

3.5 Ablation Analysis154

To be�er understand the contribution of each architectural component, we conducted an155

ablation study by systematically removing or adding features to the full model.156

Table 2. Ablation Study: Component Contributions to Predictive Performance

Model Variant AUC ∆ from Baseline

Baseline (binary correctness only) 0.762 —
+ Skill embedding e(st) 0.789 +0.027
+ Text features vtext only 0.801 +0.039
+ Semantic correctness ct only 0.795 +0.033
Full Hybrid (all components) 0.824 +0.062

�e ablation results presented in Table 2 con�rm that both dense text features and157

the scalar semantic correctness signal contribute meaningfully to predictive performance.158

�e complete integration of all modalities yields the largest improvement, with the text159

feature providing the strongest individual contribution (∆ = +0.039).160

4 Related Work161

4.1 Deep Knowledge Tracing162

�e original DKT framework proposed by Piech et al. [6] demonstrated that recurrent163

neural networks could outperform traditional Bayesian methods for knowledge tracing.164

Subsequent work has explored various extensions, including prerequisite-driven architec-165

tures [2], federated learning formulations [8], and temporal causal inference integration166

[5].167
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4.2 Natural Language Processing in Intelligent Tutoring Systems168

Natural language processing has been successfully deployed in various ITS contexts. El169

Saadawi et al. [3] developed a natural language tutoring system for medical training,170

demonstrating that free-text input improves diagnostic reasoning. Furlan et al. [4] created171

virtual patient simulators with NLP-based diagnostic reasoning, while Troussas et al. [7]172

showed the e�ectiveness of personalized feedback enhanced by NLP techniques. However,173

these approaches do not address the speci�c challenges of low-resource, non-segmented174

scripts.175

4.3 Low-Resource Language Processing176

Processing low-resource languages remains an active research challenge. Wu et al. [8]177

highlighted the data isolation problem in educational se�ings. Our work speci�cally ad-178

dresses the tokenization challenge for Burmese script, which lacks explicit word boundary179

markers — a problem common to many Southeast Asian writing systems, including �ai,180

Khmer, and Lao.181

5 Limitations and Future Work182

5.1 Limitations183

Several limitations of the current study should be acknowledged. First, the Burmese inter-184

action dataset was generated through simulation rather than collected from real students,185

which may not fully capture the diversity and noise of genuine human responses. Second,186

the ASSISTments benchmark, while standard, primarily represents English-language West-187

ern educational contexts. �ird, the current implementation requires a two-stage pipeline188

(SVM followed by LSTM), which may not be globally optimal.189

5.2 Future Directions190

Future initiatives will prioritize three directions:191

1. Model�antization: Compressing the language parsing layers into highly com-192

pacted Small Language Models (SLMs) to enable local-�rst, entirely o�ine on-device193

deployment.194

2. Cross-Lingual Extension: Adapting the architecture to other non-segmented195

Southeast Asian scripts, including �ai, Khmer, and Lao.196
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3. Field Deployment: Conducting user studies with actual Burmese STEM students197

to validate pedagogical e�ectiveness in real-world classroom se�ings.198

6 Conclusion199

�is paper presents a structurally scalable methodology for deploying intelligent, native-200

language tutoring infrastructure within resource-constrained, low-resource digital learning201

environments. By mapping tokenization-free character-level text features into continuous202

latent inputs for deep recurrent layers, the proposed system bypasses traditional structural203

bo�lenecks in processing non-segmented language data.204

�e empirical results demonstrate that incorporating semantic text information yields205

a statistically signi�cant improvement in predictive accuracy, with an absolute AUC gain206

of 0.062 over text-blind baselines. �e ablation study con�rms that both the dense text207

features and the semantic correctness scalar contribute meaningfully to this improvement.208

�is work establishes an access-optimized deployment pathway for sophisticated edu-209

cational frameworks across low-resource infrastructural constraints, with clear potential210

for extension to other underserved language communities.211
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