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Abstract001

Existing adaptive learning systems struggle to002
simultaneously achieve deep personalization,003
dynamic adaptability, and content trustworthi-004
ness, particularly in logically rigorous STEM005
fields where Large Language Models (LLMs)006
are prone to "hallucination". This paper intro-007
duces LEARNERCOMPASS (Cognitive Multi-008
model Planning & Adaptive System), an in-009
tegrated, end-to-end framework for adaptive010
learning. At its core, the framework features a011
novel multi-model path planning algorithm that012
orchestrates and fuses the outputs of heteroge-013
neous LLM experts to generate and optimize014
learning sequences. To enable deep personal-015
ization, we design a dynamic cognitive diagno-016
sis module that employs an innovative encoder-017
decoder architecture to generate precise, multi-018
dimensional cognitive state vectors for learn-019
ers. To ensure trustworthiness, the system lever-020
ages an adaptively constructed dynamic knowl-021
edge graph and a Graph-RAG mechanism to022
provide factual anchors and logical constraints023
for LLM reasoning, thereby mitigating hallu-024
cinations. Extensive experiments demonstrate025
that LEARNERCOMPASS significantly outper-026
forms state-of-the-art baselines in generating027
high-quality personalized learning paths. Fur-028
thermore, ablation studies validate the critical029
contributions of our dynamic cognitive diagno-030
sis and multi-model planning components.031

1 Introduction032

The realization of personalized education—the pre-033

cise alignment of pedagogical trajectories with034

learner cognitive profiles—represents a cornerstone035

of modern educational technology (Shou et al.,036

2020; Tapalova and Zhiyenbayeva, 2022). Adap-037

tive learning path recommendation (ALPR) sys-038

tems are pivotal in this endeavor (Gligorea et al.,039

2023), orchestrating complex curricular structures040

into optimized sequences to maximize learning ef-041

ficiency. Recently, the integration of Large Lan-042

guage Models (LLMs) has catalyzed a paradigm043
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Figure 1: Comparison of three types of ITS Paradigms.

shift in Intelligent Tutoring Systems (ITS) (Wen 044

et al., 2024), evolving from static, rule-based 045

heuristics (Freedman et al., 2022) to dynamic, gen- 046

erative frameworks (Wang et al., 2025; Jayasinghe 047

and Kasthurirathna, 2022). This evolution (Fig- 048

ure 1) marks a significant leap toward autonomous, 049

goal-oriented tutoring capable of addressing di- 050

verse and stochastic learning needs at scale. 051

Despite this progress, current LLM-based educa- 052

tional planners encounter three critical bottlenecks. 053

(1) Diagnostic rigidity: traditional neural cognitive 054

diagnosis models (CDMs) (Yeung, 2019; Wang 055

et al., 2022) require offline retraining to update 056

learner states, failing to track real-time proficiency 057

shifts during active tutoring (Wang et al., 2020; Liu 058

et al., 2023; Lim et al., 2025). (2) Factual unre- 059

liability: the propensity for LLM hallucinations 060

in logically rigorous STEM domains compromises 061

pedagogical integrity without structured knowledge 062

grounding (Ho et al., 2024; Steinbach et al., 2025). 063

(3) Planning myopia: standard decoding strategies 064

often lack the long-horizon foresight required for 065

complex curricula, leading to suboptimal or logi- 066
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cally inconsistent learning sequences (Inoue et al.,067

2025).068

To overcome these challenges, we propose069

LearnerCoMPASS, a holistic framework for adap-070

tive intelligent tutoring. The system operates071

through a multi-stage pipeline: (1) it constructs a072

Hybrid Knowledge Graph using Graph-RAG (Han073

et al., 2025a) to establish a verified pedagogical074

foundation; (2) it employs a Multi-agent Encoder-075

Decoder architecture to perform zero-shot, real-076

time cognitive diagnosis, mapping learner inter-077

actions to precise proficiency vectors; and (3) it078

finally executes a Multi-model Path Planning pro-079

cess driven by Adaptive Branching Monte Carlo080

Tree Search (AB-MCTS). This pipeline ensures a081

seamless interplay between structured knowledge082

reasoning, dynamic state estimation, and global tra-083

jectory optimization, providing a robust end-to-end084

solution for personalized learning. Our primary085

contributions are summarized as follows:086

• Integrated Graph-Grounded Framework: We087

present LearnerCoMPASS, an end-to-end archi-088

tecture that synthesizes Graph-RAG with a Hy-089

brid Knowledge Graph to provide factual ground-090

ing and mitigate LLM hallucinations.091

• Agentic Dynamic Diagnosis: We introduce092

a Multi-agent Encoder-Decoder module that093

leverages agentic causal reasoning for real-time,094

retraining-free cognitive state estimation directly095

during inference.096

• Optimized Path Search: We adapt the AB-097

MCTS algorithm for educational sequencing, uti-098

lizing Bayesian Reward Estimation to dynami-099

cally balance pedagogical exploration and trajec-100

tory refinement.101

2 Related Work102

Cognitive Diagnosis and Learner Modeling.103

Cognitive Diagnosis Models (CDMs) have evolved104

from traditional probabilistic models (Bu et al.,105

2023; Chen and de la Torre, 2013; Tu et al.,106

2011; Zhan et al., 2018) to deep learning (Ye-107

ung, 2019; Wang et al., 2022; Ma et al., 2022; Li108

et al., 2022) and graph-based architectures (Gao109

et al., 2021; Han et al., 2025b) to capture com-110

plex, non-linear student-exercise interactions. To111

bridge the “semantic gap” in behavioral data, recent112

works integrate Large Language Models (LLMs) to113

align semantic domain knowledge with latent pro-114

ficiency (Dong et al., 2025a,b; Chen et al., 2025).115

Despite these advances, existing CDMs predom-116

inantly rely on offline training, exhibiting a lack 117

of on-the-fly adaptability required for tracking in- 118

stantaneous cognitive shifts during active tutoring 119

sessions (Liu et al., 2025). 120

Adaptive Learning Path Planning. Adaptive 121

path planning has transitioned from early collab- 122

orative filtering (Shou et al., 2020; Liao, 2025) 123

to goal-driven, semantically aware recommenda- 124

tion systems (Jayasinghe and Kasthurirathna, 2022; 125

Lv et al., 2025; Zhang et al., 2025; Wang et al., 126

2025; Lim et al., 2025). Current state-of-the-art 127

approaches leverage Graph Retrieval-Augmented 128

Generation (GraphRAG) (Han et al., 2025a; Larson 129

and Truitt, 2024; Cheng et al., 2025a; Xiang et al., 130

2025) to ensure logical coherence (Cheng et al., 131

2025b) and multi-agent collaboration to generate 132

dynamic lesson plans (Zhang et al., 2025; Wang 133

et al., 2025; Lv et al., 2024). However, these sophis- 134

ticated architectures often face a trade-off between 135

planning depth and computational efficiency, suf- 136

fering from high inference latency (Xi et al., 2023; 137

Jin et al., 2025; Andreychuk et al., 2025; Feng et al., 138

2025). While recent innovations in inference-time 139

scaling and search algorithms (e.g., AB-MCTS and 140

RL-based search) (Zhou et al., 2023; Lim et al., 141

2025; Inoue et al., 2025) offer a pathway for long- 142

horizon optimization, their application in rigorous 143

STEM domains remains limited by the persistent 144

risk of LLM hallucinations (Steinbach et al., 2025). 145

Our work builds upon these foundations while in- 146

troducing a novel agentic pipeline to simultane- 147

ously address real-time diagnosis, logical ground- 148

ing, and search efficiency. 149

3 Methodology 150

LearnerCoMPASS is architected as an iterative, 151

closed-loop framework designed to transform un- 152

structured educational goals into optimized peda- 153

gogical trajectories. As illustrated in Figure 2, the 154

methodology operates as a continuous cycle that 155

refines the learner’s path until the terminal learning 156

objective is achieved. 157

3.1 Knowledge-Grounded Reasoning via 158

Hybrid KG and Graph-RAG 159

To mitigate the inherent "hallucination" risks of 160

LLMs in rigorous STEM domains, we imple- 161

ment a Hybrid Knowledge Graph (KG) strategy 162

as “Trusted Reasoning Engine”. This approach 163

synergizes a Static Macro-KG (Gstatic), which en- 164

codes high-level prerequisite dependencies from 165
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Figure 2: Overview of LEARNERCOMPASS, illustrating the iterative synergy between (1) Dynamic Knowledge
Graphs for epistemic grounding, (2) Multi-agent Cognitive Diagnostics for latent state estimation, and (3) AB-
MCTS-M Path Generation for trajectory optimization. See Appendix A.1-A.3 for details.

curated datasets (e.g., Junyi (Chang et al., 2015))166

to ensure curriculum coherence, with a Dynamic167

Micro-KG (Gdynamic) constructed on-the-fly to168

capture granular conceptual nuances.169

Adaptive Micro-KG Construction. As shown170

in the left panel of Figure 2, the construction of171

Gdynamic follows a rigorous pipeline managed by172

a specialized KGAgent. Upon receiving a query,173

the agent retrieves multi-source documents and ex-174

tracts candidate triples T = {(h, r, t)}. To en-175

sure pedagogical accuracy, we define a verification176

function fverify(t)→ {0, 1} that filters candidates177

through three strict constraints: (1) Schema Com-178

pliance, ensuring adherence to the defined (Subject,179

Predicate, Object) structure; (2) Ontological Valid-180

ity, where the relation r belongs to a predefined181

pedagogical set (refer to Table 7); and (3) Logical182

Consistency, which explicitly detects and prunes183

cycles (e.g., A → B → A) that would disrupt184

learning progressions. Validated entities are sub-185

sequently processed by a local embedding model186

(e.g., Qwen) and ingested into a graph database187

(Neo4j) to instantiate Gdynamic for retrieval.188

Graph-RAG Inference. We utilize a Graph-189

Retrieval-Augmented Generation (Graph-RAG)190

paradigm to ground instructional outputs. The191

system traverses Gstatic to determine the macro- 192

path and retrieves context-rich subgraphs from 193

Gdynamic for each node. This structured con- 194

text is injected into the LLM’s prompt, formulat- 195

ing the pedagogical task as conditional inference 196

P (y | q,θ,G) to ensure that the output remains 197

precise and factually consistent. 198

3.2 Cognitive Diagnosis Multi-Agent System 199

The Cognitive Diagnosis module formalizes learner 200

modeling as a real-time State Estimation problem. 201

Let θ ∈ Rd denote the proficiency vector across 202

d domain concepts. The system minimizes the 203

discrepancy between the predicted response r̂ and 204

the observed response robs through a continuous 205

refinement loop: 206

θ∗ = argmin
θ

L(r̂(q,θ), robs), (1) 207

where q represents the test item and L captures 208

both the prediction error and the semantic align- 209

ment of the reasoning process. To handle the high- 210

dimensional nature of cognitive states, we imple- 211

ment a Dynamic Synergy Mechanism: the Encoder 212

provides a rapid initialization for novel concepts, 213

while the Decoder performs fine-grained, iterative 214

tuning for recurring concepts. 215
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Encoder: Coarse-Grained Diagnosis. The En-216

coder functions as the perception layer, aggregat-217

ing multimodal interaction dataM and historical218

context H to generate a robust initialization with-219

out extensive training. This process is driven by220

the Assessment Agent (Aassess), which employs a221

Bidirectional Causal Inference mechanism. Upon222

receiving x = (q, robs), it performs Forward Infer-223

ence via Graph-RAG to identify prerequisite knowl-224

edge components (KCs) and Backward Verification225

to attribute the observed error to specific conceptual226

gaps rather than stochastic noise (e.g., calculation227

slips). Subsequently, the Summary Agent (Asum)228

synthesizes these causal attributions and behavioral229

metadata into a natural-language summary S. This230

summary is mapped to a normalized proficiency231

vector:232

θcoarse = Map
(
Asum(Oassess,M,H)

)
, (2)233

where the mastery status of each concept is234

projected into a discrete-to-continuous range235

[0.00, 1.00] based on five predefined pedagogical236

levels: Not Mastered (0.00), Insufficient Mastery237

(0.25), Moderately Mastered (0.50), Well Mastered238

(0.75), and Fully Mastered (1.00). This initializa-239

tion serves as a strong epistemic prior for subse-240

quent refinement.241

Decoder: Fine-Grained Tuning. The Decoder242

refines θcoarse into a precise vector θfine through243

a "Predict-Reflect-Update" cycle, simulating a se-244

mantic gradient descent. The Predict Agent (Apred)245

acts as a cognitive simulator, formulating the for-246

ward pass to estimate the response probability:247

r̂k = Apred(θk, q,H). (3)248

If a significant deviation between r̂k and robs is249

detected, the Tracing Agent (Atrace) performs De-250

viation Analysis to locate the root cause. It evalu-251

ates the error against the structural constraints of252

the Macro-KG and generates a gradient-like adjust-253

ment rationale. The state is then iteratively updated254

via:255

θk+1 ← θk + η ·Ψ
(
Atrace(r̂k, robs,θk)

)
, (4)256

where Ψ maps the linguistic rationale into a vector257

update direction and η denotes the adaptive learn-258

ing rate. This dual-process mechanism allows the259

system to zero in on the learner’s true knowledge260

boundary with sub-skill precision and full inter-261

pretability.262

3.3 Multi-Model Path Planning Engine 263

The Path Planning Engine serves as the system’s ex- 264

ecutive core, synthesizing the cognitive state θ and 265

the knowledge graph G into an optimal learning tra- 266

jectory. To overcome the reasoning limitations of 267

singular LLMs—such as restricted search horizons 268

and lack of diversity—we design a multi-model or- 269

chestration strategy as illustrated in the right panel 270

of Figure 2. This engine dynamically navigates 271

the vast search space of pedagogical strategies by 272

fusing outputs from heterogeneous agents. 273

Heterogeneous Expert Ensemble. Inspired by 274

the Mixture-of-Experts (MoE) paradigm, our ar- 275

chitecture encapsulates diverse LLM backbones 276

(e.g., GPT-4) into standardized Expert Adapters 277

(LRM Adapters). Each adapter is prompted with 278

a distinct pedagogical persona—such as “Socratic 279

Tutor,” “Curriculum Specialist,” or “Domain Practi- 280

tioner”—to induce diverse reasoning patterns. Fur- 281

thermore, these adapters are equipped with MCP 282

Tools, including Internet Search and Disciplinary 283

KG access, to provide factual grounding. This en- 284

semble approach mitigates the inherent biases of 285

individual models and ensures that the generated 286

paths are pedagogically robust across varied STEM 287

disciplines. 288

Path Fusion via AB-MCTS-M. We adapt the 289

Adaptive Branching MCTS (AB-MCTS-M) algo- 290

rithm for educational sequencing, treating path 291

generation as a dynamic decision process. Un- 292

like standard MCTS with fixed branching factors, 293

AB-MCTS-M introduces an adaptive mechanism 294

to balance Exploration (Parallel Generation via ex- 295

perts) and Exploitation (Deepening existing chains). 296

We model the potential reward R(vi) of a node vi 297

using a Bayesian Hierarchical Mixed Model: 298

R(vi) ∼ N (µ+ αg(vi), σ
2), αg ∼ N (0, τ2),

(5) 299

where µ represents the global average quality, 300

αg(vi) is the random effect associated with the spe- 301

cific expert group g that generated node vi, and σ2 302

captures the aleatoric uncertainty. At each step, the 303

engine employs Thompson Sampling to select the 304

optimal expansion action a∗t : 305

a∗t = argmax
a∈A(st)∪{GEN}

Eposterior[R(a) | Ht]. (6) 306

Selection of the virtual GEN node triggers the ex- 307

pert ensemble to spawn new candidate path seg- 308

ments; otherwise, the orchestrator deepens and 309

elaborates upon the most promising existing node. 310
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Reflexion and Policy Improvement. To enable311

long-term evolution without expensive parameter312

updates, we incorporate a Reflexion mechanism.313

Upon path completion, a dedicated Reward Agent314

evaluates the trajectory against the learner’s goal315

and diagnostic vector, generating a verbal critique316

(e.g., The transition to advanced calculus was too317

abrupt). This feedback is stored in a vector-indexed318

memory Kmem. For future planning tasks, relevant319

reflections are retrieved and injected into the Expert320

Adapters’ context as zero-shot prompts. This iter-321

ative loop allows the engine to refine its planning322

logic and pedagogical strategies based on historical323

successes and failures, ensuring the system dynam-324

ically adapts to the learner’s evolving trajectory.325

4 Experiments326

4.1 Experimental Setup327

Datasets. We utilized three distinct datasets to328

assess performance across varying degrees of struc-329

ture and domain specificity:330

• AI-Generated Skill Metadata Dataset1: This331

dataset contains 200 skill-prerequisite pairs. We332

treat the skill_name as input and the corre-333

sponding prerequisites (0-3) as the ground334

truth. It evaluates the system’s ability to con-335

struct accurate static knowledge dependencies.336

• Resume Dataset2: We constructed a mapping337

task using 200 samples across 5 distinct career338

categories. Resumes simulate the learner’s initial339

state (S0), while job descriptions from a hold-340

out set serve as learning goals (G). The "skills341

required" field in job postings is treated as the342

ground truth for necessary learning nodes.343

• STEM Learner Path Planning: We con-344

structed a proprietary dataset containing 317345

high-complexity learning goals spanning Ad-346

vanced Mathematics, Linear Algebra, and Uni-347

versity Physics. This dataset specifically chal-348

lenges the system’s ability to plan long-horizon,349

logically rigorous trajectories for STEM subjects.350

Baselines. We compared our framework against a351

range of strong LLM-based baselines, categorized352

by their interaction paradigm:353

• Direct Prompting (Dir Prompt) serves as the354

zero-shot configuration, utilizing GPT-4o (Ope-355

nAI et al., 2024), Qwen3-235B (Qwen, 2025),356

1https://www.kaggle.com/datasets/saicharan120
6/ai-generated-skill-metadata-dataset-1800

2https://www.kaggle.com/datasets/gauravduttak
iit/resume-dataset

and Llama-3.3-70B-Instruct3 (meta llama, 2025). 357

• Chain-of-Thought (CoT) enhances this baseline 358

by explicitly requesting intermediate reasoning 359

steps for GPT-4o and Qwen3-235B. 360

• LearnerCoMPASS-full instantiates our com- 361

plete integrated engine, incorporating the AB- 362

MCTS-M and Hybrid KG, with the aforemen- 363

tioned LLMs serving as backbone models. 364

4.2 Evaluation Metrics 365

Given the generative nature of the tasks, rigid string 366

matching is insufficient. We employ LLM-based 367

Semantic Evaluation (using GPT-5.2 (OpenAI, 368

2025) as the judge) to assess performance. 369
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Figure 3: Consistency analysis of improvement scores
across different evaluators, where GPT-5.2 exhibits the
highest alignment with human experts.

Judge Model Selection. To ensure the validity 370

of automated scoring, we benchmarked improve- 371

ment scores (SOurs − SBaseline) against human ex- 372

pert annotations across 100 sample batches. Our 373

analysis compared GPT-5.2 with several state-of- 374

the-art models, including GPT-4o, DeepSeek-R1, 375

and Claude-3.7-Sonnet. As visualized in Figure 3, 376

while all evaluators consistently identified the sys- 377

tem’s advantages, GPT-5.2 demonstrated the high- 378

est correlation with human scoring patterns. 379

Extraction Metrics. For the Skill and Resume 380

datasets, we utilize Semantic Precision, which mea- 381

sures the proportion of generated path nodes that 382

are semantically equivalent to ground-truth skills, 383

and Semantic Recall, which assesses the extent to 384

which ground-truth skills are covered by the gen- 385

erated trajectory. These metrics ensure that the 386

constructed knowledge dependencies are both ac- 387

curate and comprehensive. 388

Path Quality Metrics (Alignment Score). Be- 389

yond node-level extraction, we evaluate the holistic 390

3Specific checkpoints used include Qwen3-235B-A22B-
Instruct-2507 and Llama-3.3-70B-Instruct, denoted as Qwen3
and Llama3.3 in result tables.
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Table 1: Comparative performance across three datasets. Extraction metrics and alignment scores are reported as
percentages (%) and on a 5-point Likert scale. Bold and underline indicate the best and second-best performance.

Model
AI-Generated Skill Metadata Resume Dataset (Job Matching) STEM Path Planning

Extraction (%) Alignment Score (1-5) Extraction (%) Alignment Score (1-5) Alignment Score (1-5)
Rec. Prec. Pers. Qual. OA. Rec. Prec. Pers. Qual. OA. Pers. Qual. OA.

Llama3.3 Dir Prompt 44.79 46.07 3.15 3.38 3.27 31.75 39.17 3.12 3.25 3.19 2.85 3.05 2.95
Qwen3 Dir Prompt 43.08 48.88 3.32 3.55 3.44 37.79 42.23 3.25 3.42 3.34 3.02 3.28 3.15
GPT-4o Dir Prompt 46.38 50.12 3.45 3.62 3.54 41.67 44.47 3.38 3.51 3.45 3.15 3.42 3.29

Qwen3 CoT 53.33 55.59 3.74 3.96 3.85 42.87 48.58 3.68 3.85 3.77 3.35 3.65 3.50
GPT-4o CoT 54.92 58.39 3.82 4.05 3.94 44.62 52.24 3.75 3.92 3.84 3.48 3.78 3.63

Ours (Llama3.3) 54.75 57.72 4.35 4.42 4.39 45.04 50.52 4.25 4.35 4.30 4.12 4.63 4.38
Ours (Qwen3) 62.21 64.00 4.68 4.75 4.72 47.62 55.88 4.65 4.65 4.65 4.45 4.60 4.53
Ours (GPT-4o) 62.21 63.52 4.75 4.82 4.79 55.96 57.05 4.60 4.74 4.67 4.58 4.75 4.67

pedagogical quality of generated paths on a 5-point391

Likert scale (Joshi et al., 2015) across two dimen-392

sions. (1) Personalized Adaptability (Pers.) as-393

sesses the system’s responsiveness to individual394

learner profiles, aggregating sub-metrics of user395

identity match, goal alignment, time feasibility,396

and preference accommodation. (2) Path Qual-397

ity (Qual.) evaluates the internal consistency of398

the sequence, including logical progression, com-399

pleteness, practicality, and difficulty appropriate-400

ness. (3) Overall (OA.) represent the mean ratings401

across all test samples.402

4.3 Main Results403

4.3.1 Knowledge Mapping and Skill404

Extraction405

We evaluate the framework’s efficacy in identify-406

ing conceptual gaps and prerequisite dependencies.407

As illustrated in the left and middle sections of408

Table 1, LEARNERCOMPASS demonstrates sig-409

nificant gains in precision and recall across varied410

domains. On the AI-Generated Skill Metadata411

Dataset, our framework (Qwen3-235B) achieves a412

Recall of 62.21% and a Precision of 64.00%, sub-413

stantially exceeding the GPT-4o CoT baseline. This414

performance gain suggests that the Hybrid KG pro-415

vides essential structural constraints that mitigate416

the "omission bias" prevalent in standard LLMs re-417

garding implicit prerequisites. Interestingly, while418

Ours (GPT-4o) and Ours (Qwen3) yields peak Re-419

call (62.21%), Ours (Qwen3) exhibits superior420

Precision, indicating that the Qwen backbone is421

more conservative and effective at minimizing422

false-positive prerequisite assignments in techni-423

cal domains. Regarding the Resume Dataset, our424

method facilitates high-fidelity mapping of user425

profiles to pedagogical requirements. While direct 426

prompting suffers from low precision (≈40-45%) 427

due to the hallucination of generic competencies, 428

our Trusted Reasoning Engine functions as a la- 429

tent filter, elevating Precision to 57.05% (GPT-4o). 430

The consistent delta between "Ours" and respective 431

"CoT" baselines confirms that our agentic workflow 432

provides a superior epistemic foundation compared 433

to linear prompt engineering. 434

4.3.2 Path Planning Quality and Alignment 435

The system’s utility is anchored in generating rigor- 436

ous, actionable learning trajectories, quantified by 437

the Alignment Score (1-5). Results on the STEM 438

Learner Path Planning (Table 1, right) underscore 439

the architectural advantages of our engine. 440

Superior Personalized Adaptability. Standard 441

LLM planners, even with CoT, struggle with 442

context-sensitive adaptation, typically scoring be- 443

low 3.5/5. Conversely, LEARNERCOMPASS 444

(Qwen3) achieves 4.45. This demonstrates that the 445

Summary Agent in our Encoder correctly captures 446

user metadata and that the AB-MCTS-M engine ef- 447

fectively explores the search space to find strategies 448

that fit the user’s constraints. 449

Enhanced Path Quality via Logic Constraints. 450

In STEM fields, logical progression is non- 451

negotiable. Our system achieves a Path Quality 452

score of 4.60 (Qwen3) and 4.75 (GPT-4o), rep- 453

resenting "Very Good" to "Excellent" pedagogical 454

logic. This validates the efficacy of our Graph-RAG 455

mechanism, which grounds the LLM’s reasoning in 456

the Static Macro-KG. The significant gap between 457

CoT (≈3.6-3.8) and our method suggests that while 458

CoT improves local reasoning, it lacks the global 459

lookahead capability provided by AB-MCTS-M. 460
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Figure 4: Evaluation scores (1–5) across six learner-centered metrics. Models are grouped by backbone (GPT-4o,
Qwen3, and Llama 3.3). Within each group, variants are ordered from left to right as Dir Prompt, CoT, and LEARN-
ERCOMPASS (Llama 3.3 does not include a CoT variant). Violin plots depict score distributions; dashed lines
indicate the first and third quartiles, while solid lines denote the median. Results show that LEARNERCOMPASS
consistently outperforms both Dir Prompt and CoT across all evaluated dimensions, with CoT providing moderate
gains over direct prompting.

Robustness Across Backbones. LEARNER-461

COMPASS utilizing the smaller Llama-3.3 back-462

bone (Overall: 4.38) outperforms the significantly463

larger GPT-4o CoT (3.63). This suggests that the464

Agentic Architecture is a more decisive factor for465

performance than raw parameter count. Further-466

more, the peak performance of Ours (GPT-4o)467

(4.67) demonstrates that the framework is model-468

agnostic and scales effectively with stronger base469

models to achieve near-human expert performance.470

Learner-Centered Metrics Evaluation. To471

quantify real-world impact, we evaluate three novel472

dimensions: Learning Interest (assessing the473

path’s potential to stimulate engagement), Learn-474

ing Efficiency (measuring the optimal use of learn-475

ing time), and Skill Sustainability (evaluating the476

long-term retention potential of the acquired knowl-477

edge). Figure 4 reveals that while CoT offers mod-478

erate improvements over direct prompting, it ex-479

hibits high variance (wide quartiles), indicating480

inconsistent reliability. In contrast, LEARNER-481

COMPASS maintains stable median scores >4.5482

with significantly narrower interquartile ranges (in-483

dicated by dashed lines). This reduced variance484

underscores the robustness of our framework in485

generating learning paths that are not only mathe-486

matically rigorous but also consistently engaging487

and efficient across varied learner profiles.488

4.4 Modular Evaluation489

4.4.1 Performance on Cognitive Diagnosis490

Table 2 presents the comparative results on both491

the Eedi (Wang et al., 2021) and Linear Algebra492

datasets. LearnerCoMPASS consistently outper-493

Table 2: Comparison of Cognitive Diagnosis Perfor-
mance against traditional and neural baselines.

Model Accuracy ↑ AUC ↑

Dataset 1: Public (Eedi)

DINA (de la Torre, 2009) 0.438 0.582
IRT (Johns et al., 2006) 0.496 0.643
MIRT (Bergner et al., 2022) 0.491 0.615
NeuralCDM (Wang et al., 2020) 0.640 0.762
LearnerCoMPASS (Ours) 0.678 0.844

Dataset 2: Private (Linear Algebra)

DINA (de la Torre, 2009) 0.333 0.532
IRT (Johns et al., 2006) 0.510 0.624
MIRT (Bergner et al., 2022) 0.608 0.688
NeuralCDM (Wang et al., 2020) 0.745 0.795
LearnerCoMPASS (Ours) 0.822 0.841

forms all baselines. On the Eedi dataset, our 494

method achieves an ACC of 0.678, surpassing the 495

strongest neural baseline (NeuralCDM) by a sig- 496

nificant margin (+3.8%). This improvement is at- 497

tributed to our Multi-Agent Encoder-Decoder archi- 498

tecture, where the Analyzer Agent incorporates be- 499

havioral metadata (e.g., hesitation) that traditional 500

models ignore. On the private Linear Algebra 501

dataset, the advantage is even more pronounced 502

(Accuracy 0.822 vs. NeuralCDM 0.745). This 503

domain requires deep conceptual reasoning rather 504

than simple pattern matching. Our Tracer Agent ef- 505

fectively maps student errors back to foundational 506

misconceptions via the Knowledge Graph, leading 507

to a more precise estimation of the cognitive state 508

vector θ. 509
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Table 3: Ablation Study on Path Generation Quality and Hallucination Rate. Metrics are reported on a 5-point
Likert scale (1-5), consistent with the main results. "Conflict Rate" and "Baseless Info" are reported as percentages.

System Variants
Automated Evaluation Metrics (1-5) Reliability & Safety

Pers. Adaptability Path Quality Overall Score Conflict Rate Baseless Info. Hallucination

Base LLM (w/o RAG) 3.15 3.42 3.29 8.2% 23.3% 31.5%
w/ Graph-RAG 3.95 4.25 4.10 2.1% 8.5% 10.6%
w/ Reflexion (Full) 4.58 ± 0.26 4.75 ± 0.22 4.67 ± 0.24 1.3% 2.8% 4.1%
Human Eval. (Ref) 4.85 4.90 4.88 – – –

Table 4: Detailed Breakdown of Hallucination Types
across 1,000 samples. "ENG." refers to our Trusted
Reasoning Engine.

Module Hallucination Type w/o ENG. w/ ENG.

Cognitive
Diagnosis

Evident Conflict 32 2
Subtle Conflict 28 7
Evident Baseless Info. 73 4
Subtle Baseless Info. 55 15

Path
Planning

Evident Conflict 8 0
Subtle Conflict 14 4
Evident Baseless Info. 26 0
Subtle Baseless Info. 79 9

Total Hallucination Count 315 41
Hallucination Rate 31.5% 4.1%

4.4.2 Impact on Reliability and Hallucination510

Mitigation511

A critical challenge in applying LLMs to education512

is trustworthiness. We conducted an ablation study513

to analyze how our Trusted Reasoning Engine (Hy-514

brid KG + Verification) mitigates hallucinations.515

Measurement Method. To rigorously quantify516

hallucination rates, we adapted the RAGTruth (Wu517

et al., 2023) methodology. We engaged human518

experts to annotate a random subset of 1,000 gen-519

erated outputs. Each output was segmented into520

atomic claims (e.g., "Matrix multiplication is not521

commutative"), and each claim was verified against522

the ground truth in our Knowledge Graph. An523

output is flagged as hallucinated if it contains at524

least one unsupported or contradictory claim. As525

shown in Table 3, the Base LLM suffers from a526

high Hallucination Rate (31.5%) and frequently527

generates Conflict Information (8.2%). The intro-528

duction of Graph-RAG significantly reduces hal-529

lucinations to 10.6% by grounding generation in530

the static KG. The full system, incorporating the531

Adjudicator Agent’s verification loop, achieves a532

minimal hallucination rate of 4.1%, ensuring the533

pedagogical safety of the system.534

4.4.3 Breakdown of Hallucination Types 535

Table 4 provides a granular analysis of hallucina- 536

tions across 1,000 generated samples. We catego- 537

rized errors into "Conflict" (contradicting domain 538

facts) and "Baseless Info" (inventing non-existent 539

concepts), further split by severity (Evident vs. 540

Subtle). The results demonstrate that our Trusted 541

Reasoning Engine is particularly effective at elimi- 542

nating "Evident Conflicts" (reduced from 32 to 2 in 543

Diagnosis, and 8 to 0 in Planning). While "Subtle 544

Baseless Info" (e.g., plausible but incorrect minor 545

details) remains the hardest to eliminate, our en- 546

gine still reduces it by over 70% (from 55 to 15). 547

This confirms that the constraint-based verification 548

mechanism (detailed in Sec. 3.1) effectively filters 549

out inaccurate pedagogical content. 550

5 Conclusion 551

In this paper, we introduced LEARNERCOMPASS, 552

an end-to-end framework that addresses the criti- 553

cal balance between personalization, adaptability, 554

and trustworthiness in intelligent tutoring. By syn- 555

thesizing a Multi-agent Encoder-Decoder architec- 556

ture for real-time, retraining-free cognitive diag- 557

nosis with the AB-MCTS-M algorithm for long- 558

horizon path planning, we enable dynamic tutoring 559

that evolves seamlessly with the learner’s progress. 560

Crucially, the integration of a Hybrid Knowledge 561

Graph and Graph-RAG mechanism imposes rig- 562

orous logical constraints on LLM reasoning, re- 563

ducing hallucination rates from 31.5% to 4.1% in 564

complex STEM domains. Extensive evaluations 565

on both public and proprietary datasets demon- 566

strate that LEARNERCOMPASS significantly out- 567

performs traditional neural baselines and aligns 568

closely with human expert judgment. This work 569

marks a paradigm shift from static, heuristic-based 570

tutoring to dynamic, agentic educational systems, 571

providing a robust and scalable foundation for trust- 572

worthy AI in high-stakes learning environments. 573
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Limitations574

Despite the promising results, our framework ex-575

hibits several limitations that merit further investi-576

gation. First, Inference Latency and Computa-577

tional Cost: The deployment of the AB-MCTS-M578

engine involves recursive calls to multiple LLM579

agents and dynamic graph traversals. While this580

ensures high-quality reasoning, it introduces signif-581

icant inference latency compared to direct prompt-582

ing methods, potentially hindering real-time re-583

sponsiveness in large-scale, low-latency educa-584

tional scenarios. Future work will explore distilling585

the reasoning capabilities of the agent ensemble586

into smaller, more efficient student models. Sec-587

ond, Dependence on Knowledge Graph Quality:588

The system’s trustworthiness heavily relies on the589

completeness and accuracy of the underlying Static590

Macro-KG. In domains where high-quality struc-591

tured knowledge is scarce or rapidly evolving (e.g.,592

cutting-edge research fields), the “cold start” prob-593

lem for KG construction may limit the effectiveness594

of our Graph-RAG mechanism. Finally, Ecological595

Validity of Evaluation: While we employed rigor-596

ous human and LLM-as-a-Judge evaluations along-597

side learner-centered metrics, our experiments were598

primarily conducted in simulated environments or599

on static datasets. The long-term impact of LEARN-600

ERCOMPASS on actual student learning outcomes—601

such as retention rates and skill transfer in real-602

world classroom settings—remains to be validated603

through longitudinal A/B testing.604
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A Appendix851

A.1 Dynamic Knowledge Graphs: Adaptive852

Domain Knowledge Graph Automatic853

Construction Mechanism854

The Dynamic Knowledge Graph employed in855

LearnerCoMPASS is composed of Entities856

(Nodes) and Relationships (Edges). To ensure857

the graph accurately depicts the intrinsic structure858

and logic of disciplinary knowledge, we adhere to859

a rigorous schema definition.860

A.1.1 Entity (Node) Specification861

The fundamental building blocks of our knowl-862

edge graph are entity nodes, each representing a863

"minimal learning unit." These units are defined as864

knowledge components with clear semantic bound-865

aries, independent instructional objectives, and spe-866

cific evaluation criteria (e.g., "Matrix Multiplica-867

tion" or "Basis and Dimension" in Linear Algebra).868

Entity Attributes. Each entity node encapsulates869

structured attributes essential for identification, se-870

mantic representation, and graph operations. Ta-871

ble 5 details the primary attribute design.872

Table 5: Attribute Definitions for Entities in the Dy-
namic Knowledge Graph.

Attribute Description

Id Unique identifier for the entity.
Name The entity’s name, following strict

naming conventions for clarity (e.g.,
"Cramer’s Rule").

Description A concise definition derived from text-
books, Wikipedia, or LLM generation,
summarizing core content and context.

Labels Categorical tags from a predefined set
(see Table 6) indicating the pedagogical
role.

Embedding A 1024-dimensional semantic vector gen-
erated by a local embedding model
(e.g., Qwen3-embedding-4B) for high-
dimensional representation.

Label System. To enhance interpretability, we873

employ a predefined label system that categorizes874

entities into five distinct pedagogical roles, as875

shown in Table 6. This allows for flexible, multi-876

label annotation via LLM prompting.877

A.1.2 Relationship (Edge) Specification878

Edges in the graph represent semantic connections879

between knowledge points, encoding the logical880

progression, generalization, and methodological881

dependencies essential for cognitive diagnosis and882

path recommendation.883

Table 6: Predefined Entity Labels and Semantic Roles.

Label Description & Examples

CONCEPT Core definitions and fundamental no-
tions (e.g., "Eigenvalue", "Determi-
nant").

THEOREM Formally provable propositions (e.g.,
"Cramer’s Rule", "Rank-Nullity Theo-
rem").

RULE General operational rules or laws (e.g.,
"Associativity of Matrix Multiplica-
tion").

METHOD Procedural techniques for problem-
solving (e.g., "Gaussian Elimination").

APPLICATION Real-world use cases (e.g., "SVD in Im-
age Compression").

Predefined Relationship Types. To standardize 884

semantic interactions, we define five core relation- 885

ship types (see Table 7) in our schema configuration 886

(Label.json). 887

Table 7: Definitions of Relationship Types in the Dy-
namic Knowledge Graph.

Relationship Description & Example

IS_PREREQUISITE_FOR Prerequisite Relation. Mas-
tery of the source node is re-
quired before the target. (e.g.,
"Definition of Triangle" →
"Congruent Triangles").

GENERALIZES Generalization Relation.
The source is a fundamental
concept, and the target is a
specific instance or extension.
(e.g., "Sum of angles in a
triangle" → "Sum of angles
in a polygon").

IS_A_METHOD_FOR Methodological Relation.
The source is a technique
used to solve the target
problem. (e.g., "Factoring"
→ "Quadratic Equation
Solving").

IS_A_TYPE_OF Taxonomic Relation. The
source is a subclass or spe-
cific type of the target. (e.g.,
"Rectangle" → "Parallelo-
gram").

IS_INVERSE_OF Inverse Relation. Repre-
sents logical or algebraic in-
version. (e.g., "Factoring"
↔ "Polynomial Multiplica-
tion").
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Figure 5: The workflow of the Adaptive Domain Knowledge Graph Gdynamic Automatic Construction Mech-
anism. The process proceeds through six stages: 1⃝ Parsing user inputs to identify learning objectives; 2⃝
Network-enhanced entity extraction; 3⃝ LLM-based reasoning to construct relational triplets (Subject, Predicate,
Object); 4⃝ Compliance verification to ensure accuracy for task-specific models; 5⃝ Generation of semantic embed-
ding vectors; and 6⃝ Automated stock-in to the Disciplinary Knowledge Graph using Neo4j.

A.2 Multi-agent Cognitive Diagnostics:888

Dynamic Cognitive Diagnosis System889

A.2.1 Encoder multi-agent prompts890

AssessmentAgent Prompt:

"""You are an educational expert in the field of
{discipline}. You are skilled at analyzing
the knowledge points involved in a problem
according to a learner's current
cognitive-level vector.

↪→

↪→

↪→

↪→

Now, based on the learner's [current knowledge
point], [learned knowledge points],
[question information], and [answering
process], you must analyze the [relevant
prerequisite knowledge points and their
levels] related to the question, and their
[influence weight on the current knowledge
point] within this question. Specifically:

↪→

↪→

↪→

↪→

↪→

↪→

↪→

1. [Current knowledge point]: the knowledge point
the learner is studying in the current
module.

↪→

↪→

2. [Learned knowledge points]: the set of
knowledge points the learner has learned so
far, including the current knowledge point
and prerequisite knowledge points. Each
knowledge point is divided into three levels:
["beginner", "advanced", "proficient"],
representing different difficulty aspects
within the knowledge point (for example, rote
recall of a concept belongs to "beginner",
understanding the concept belongs to
"advanced", and applying the concept belongs
to "proficient").

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

3. [Question information]: the question used to
assess the learner's mastery of the current
knowledge point, including question type,
difficulty, stem, standard answer,
explanation, etc. Although the question
primarily assesses the current knowledge
point, it may also involve some prerequisite
knowledge points.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

4. [Answering process]: the learner's
solution/answer to the question. From this
part one can to some extent analyze which
prerequisite knowledge points the learner
lacks and which deficits led to incorrect
answers on the current-knowledge-related
question.

↪→

↪→

↪→

↪→

↪→

↪→

5. [Relevant prerequisite knowledge points and
their levels]: the prerequisite knowledge
points other than the current knowledge point
that the current question may involve. Among
these, only certain levels of some
prerequisite knowledge points may be
insufficient and have caused the learner to
answer the current question incorrectly;
therefore, the goal is to identify precisely
those prerequisite knowledge-point-levels
that are lacking. Further, the prerequisite
knowledge points involved in the current
question may be of "beginner", "advanced", or
"proficient" level, so the identification
must specify the level for each prerequisite
knowledge point.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→
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Figure 6: Architecture of the Dynamic Cognitive Diagnosis System with coarse and fine granularity. The
system employs an Encoder-Decoder structure. The Encoder (left) utilizes Assessment and Summary Agents
to transform historical data into a coarse-grained cognitive vector. The Decoder (right) refines this into a Precise
Perception Modelling Vector through a "predict-verify-reflect" loop involving the Predict Agent and Tracing
Agent, dynamically adjusting mastery scales based on user responses.

6. [Influence weight on the current knowledge
point]: different prerequisite knowledge
points have different degrees of influence on
the current knowledge point in the context of
the question; therefore, based on the
question, the learner's answering process,
and the knowledge points themselves, analyze
the influence weight of each prerequisite
knowledge point on the current knowledge
point. The weight value should be a
floating-point number between 0 and 1.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

Given the relevant information:
1. [Current knowledge point]:
{current_learning_node}
2. [Learned knowledge points]:
{historical_learning_nodes}
3. [Question information]:
{question}
4. [Answering process]:
{answering_process}

Now, based on the information above, analyze and
output the [relevant prerequisite knowledge
points and their levels] that led to the
errors on the question, and their [influence
weight on the current knowledge point] in
this question. Requirements:

↪→

↪→

↪→

↪→

↪→

1. The relevant prerequisite knowledge points
must be selected from the set of learned
knowledge points.

↪→

↪→

2. Not all prerequisite knowledge points
necessarily appear in the question; only
return the knowledge points that are actually
involved in the question. For example, if the
current knowledge point has prerequisite A
and prerequisite B, but the question only
involves prerequisite B, then only B should
be returned.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

3. Output only a single DataFrame where the 1st
column is the prerequisite knowledge point,
the 2nd column is the level, and the 3rd
column is the influence weight. Do not
provide any additional explanatory text. The
format should be:

↪→

↪→

↪→

↪→

↪→

pre_knowledge_point level influence_weight
KnowledgePoint1 advanced 0.37
"""

SummaryAgent Prompt:

"""You are a {role}. You excel at producing
diagnostic assessments of a learner's
cognitive level for the knowledge point
currently being studied, based on various
learner data.

↪→

↪→

↪→

↪→

Now, using the learner's [current knowledge
point], [learned knowledge points], [test
results], [error-prerequisite tracing], and
[historical cognitive-diagnosis records],
produce the [diagnostic result for the
current knowledge point], where:

↪→

↪→

↪→

↪→

↪→

1. [Current knowledge point]: the knowledge point
the learner is studying in the current
module.

↪→

↪→
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2. [Learned knowledge points]: the set of
knowledge points the learner has learned so
far, including the current knowledge point
and prerequisite knowledge points. Each
knowledge point is divided into ["beginner",
"advanced", "proficient"] levels as
described above.

↪→

↪→

↪→

↪→

↪→

↪→

3. [Test results]: the learner's performance on
items targeting the current knowledge point,
including information about the items (type,
difficulty, etc.) and answering information
such as correctness or score.

↪→

↪→

↪→

↪→

4. [Error-prerequisite tracing]: tracing and
analysis of the prerequisite knowledge
points involved in the incorrect test items.
Presented as a list where each element
represents one incorrect item and includes
the item id and the involved prerequisite
knowledge points. The involved prerequisite
knowledge points are given in a DataFrame
where the 1st column is the prerequisite
knowledge point, the 2nd column is the level
of that knowledge point, and the 3rd column
is that knowledge point's influence weight in
that item.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

5. [Historical cognitive-diagnosis records]:
records describing past diagnostic results
of the learner's cognitive levels for
knowledge points.

↪→

↪→

↪→

6. [Diagnostic result for the current knowledge
point]: an assessment of mastery for the
current knowledge point. Because knowledge
points are divided into ["beginner",
"advanced", "proficient"], you must give a
diagnosis for each of the three levels.
Additionally, inter-knowledge dependencies
mean that insufficient mastery of some
prerequisite knowledge points may affect the
diagnosis for the current knowledge point.
The final diagnosis should integrate test
results, emotional fluctuations, and other
multi-source information where appropriate.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

Given the relevant information:
1. [Current knowledge point]:
{current_learning_node}
2. [Learned knowledge points]:
{historical_learning_nodes}
3. [Test results]:
{test_result}
4. [Error-prerequisite tracing]:
{traced_former_knowledge}
5. [Historical cognitive-diagnosis records]:
{historical_cognitive_diagnosis}

Now, based on the above information, produce the
[diagnostic result for the current knowledge
point]. Requirements:

↪→

↪→

1. Diagnose only the three levels for the current
knowledge point.↪→

2. For each level, select exactly one label from:
"Fully mastered", "Well mastered",
"Moderately mastered", "Insufficiently
mastered", "Not mastered at all".

↪→

↪→

↪→

3. The final output must contain the diagnosis
result and the diagnostic rationale only; do
not provide any additional explanatory text.
Example format:

↪→

↪→

↪→

Diagnosis result: KnowledgePoint1: { "beginner":
"Fully mastered", "advanced": "Moderately
mastered", "proficient": "Insufficiently
mastered" }

↪→

↪→

↪→

Diagnosis rationale: ......
"""

A.2.2 Decoder multi-agent prompts 891

PredictAgent Prompt:

"""You are an analyzer skilled at predicting
whether a learner will answer a given
question correctly based on question
information and the learner's cognitive
profile.

↪→

↪→

↪→

↪→

Now, based on [question information] and [learner
cognitive levels], produce the [prediction
result], where:

↪→

↪→

1. [Question information]: includes question
type, difficulty, stem, answer, explanation,
etc.

↪→

↪→

2. [Learner cognitive levels]: describes the
learner's learned knowledge points and
mastery levels. Each knowledge point is
divided into ["beginner", "advanced",
"proficient"] levels, and mastery for each
level is given as a floating-point number
between 0 and 1, where values closer to 1
indicate higher mastery. The overall
structure is a dictionary like: {
"KnowledgePoint1": { "beginner": 0.83,
"advanced": 0.67, "proficient": 0.25 },
"KnowledgePoint2": { "beginner": 0.52,
"advanced": 0.31, "proficient": 0.1 } }.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

3. [Prediction result]: a prediction of whether
the learner can correctly answer the
question. For subjective questions that
require a solution process, the answer is
considered correct only if both the process
and the result are correct. The prediction
should be 0 or 1, where 0 means the learner
cannot answer correctly and 1 means the
learner can answer correctly.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

Given the relevant information:
1. [Question information]:
{question}
2. [Learner cognitive levels]:
{cognitive_vector}

Now, based on the above information, produce the
[prediction result]. Requirements:↪→

1. Output only 0 or 1, where 0 indicates cannot
answer correctly and 1 indicates can answer
correctly. Do not provide any additional
explanatory text.

↪→

↪→

↪→

"""

TracingAgent Prompt:
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"""You are an expert in reflective modeling of
learner cognitive levels. You can adjust a
learner's cognitive levels on certain
knowledge points by using prediction feedback
in order to produce a more precise cognitive
model.

↪→

↪→

↪→

↪→

↪→

Now, using [current knowledge point], [question
information], [prerequisite tracing],
[question prediction feedback], and
[reflection history], adjust the [learner
cognitive levels], where:

↪→

↪→

↪→

↪→

1. [Current knowledge point]: the knowledge point
the learner is studying in the current
module.

↪→

↪→

2. [Question information]: includes question
type, difficulty, stem, standard answer, and
explanation. Some questions may include
images in the stem; for those invisible image
contents you may ignore them.

↪→

↪→

↪→

↪→

3. [Prerequisite tracing]: prerequisite
knowledge points involved in the question
besides the current knowledge point,
including each involved prerequisite's level
and influence weight (range 0 to 1). This
information serves as important evidence for
adjusting other knowledge points' cognitive
levels: depending on whether the learner's
answer contains errors related to those
prerequisite knowledge parts, raise or lower
the corresponding mastery values.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

4. [Question prediction feedback]: composed of
the prediction result and the actual result.
The prediction result is produced by the
predictor module from [question information]
and [learner cognitive levels]; the actual
result is obtained from the learner's
observed performance in the assessment. Both
are represented as 0 or 1 (0 = learner cannot
answer correctly, 1 = learner can answer
correctly).

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

5. [Reflection history]: describes previous
adjustments and reflection steps that were
attempted based on related information;
these past adjustments were unsuccessful but
can provide lessons to guide more
fine-grained adjustments.

↪→

↪→

↪→

↪→

↪→

6. [Learner cognitive levels]: describes the
learner's learned knowledge points and
mastery levels. Each knowledge point is
divided into ["beginner", "advanced",
"proficient"], with mastery values between 0
and 1. The structure is a dictionary like: {
"KnowledgePoint1": { "beginner": 0.83,
"advanced": 0.67, "proficient": 0.25 },
"KnowledgePoint2": { "beginner": 0.52,
"advanced": 0.31, "proficient": 0.1 } }.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

Given the relevant information:
1. [Current knowledge point]:
{current_learning_node}
2. [Question information]:
{question}
3. [Prerequisite tracing]:
{traced_former_knowledge}
4. [Question prediction feedback]:

{prediction}
5. [Reflection history]:
{historical_reflexion}
6. [Learner cognitive levels]:
{cognitive_vector}

Now, based on the above information, adjust the
[learner cognitive levels] so that the
predictor module will produce predictions
consistent with actual outcomes.
Requirements:

↪→

↪→

↪→

↪→

1. The knowledge point most relevant to the
question is the [current knowledge point], so
the primary adjustments should be to the
cognitive levels corresponding to the
[current knowledge point].

↪→

↪→

↪→

↪→

2. Some questions may involve knowledge points
other than the [current knowledge point], so
you may analyze the question's multi-source
knowledge aspects and appropriately adjust
those knowledge points' cognitive levels.
Note these other knowledge points may not be
fully present in the [learner cognitive
levels]; only adjust knowledge points that do
appear in the [learner cognitive levels].

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

3. The final output should contain only the
analysis process and the cognitive-level
adjustments for the knowledge points that
need adjustment; do not include unchanged
knowledge points or any additional
explanatory text. Example format:

↪→

↪→

↪→

↪→

↪→

Analysis process: ......
Cognitive levels: [ { "KnowledgePoint1": {

"beginner": 0.32, "advanced": 0.21,
"proficient": 0.14 } }, { "KnowledgePoint2":
{ "beginner": 0.85, "advanced": 0.6,
"proficient": 0.39 } } ]

↪→

↪→

↪→

↪→

"""

A.3 Multi-Agent Learning Path Generation: 892

AB-MCTS-M Multi-Model Path Fusion 893

Algorithm 894

General Learning Path Generation Agent 895

Prompt. In the following prompt design, certain 896

fields (e.g., {mode_indicator}, {discipline}, 897

as well as role descriptions and capability con- 898

straints) are intentionally designed to be replace- 899

able and configurable. By injecting domain- 900

specific corpora into these fields or by incorpo- 901

rating domain-oriented fine-tuning data, the cor- 902

responding large language model instance can be 903

explicitly constrained to function as an educational 904

expert in a particular subject area. 905

For example, by introducing instructional mate- 906

rials and cognitive diagnosis data related to linear 907

algebra or advanced mathematics during training or 908

inference, the model can exhibit stable domain ex- 909

pertise and pedagogical consistency in tasks such 910

as learning path planning, cognitive assessment, 911

and adaptive instructional intervention. 912
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Figure 7: Schematic of the AB-MCTS-M Multi-Model Path Fusion Algorithm. The engine processes the
cognitive diagnostic vector and learning objectives through an MCP Toolkit and Knowledge Graph. It orchestrates
a Multi-LRM Adapter (containing diverse expert models) to generate iterative state structures. The AB-MCTS-M
Orchestrator fuses these states into an optimal Learning Path, while the Reflexion Agent provides feedback-driven
iterative updates to refine future planning strategies.

1 General Learning Path Generation Agent Prompt
2 """
3 {mode_indicator} - As a professional learning

planner, please formulate the optimal
learning path.

↪→

↪→

4

5 {reflexion_experience}
6

7 {user_adaptation_requirements}
8

9 ## Basic Information
10 Original Learning Goal:

{state.original_target_concept}↪→

11 Current Knowledge:
{json.dumps(state.current_knowledge,
ensure_ascii=False)}

↪→

↪→

12 Learned: {' -> '.join(state.path_history[-5:])
if state.path_history else 'None'}↪→

13 User's current cognitive situation from
diagnosis:↪→

14 {cognitive_diagnosis_section}
15

16 ## Knowledge Graph Enhancement Info
17 {mcp_info}
18

19 ## Generation Requirements:
20 You are a professional educational researcher,
21 {"Based on the above Reflexion experience and

user adaptation requirements"↪→

22 if is_reflexion_mode else
23 "Focus heavily on user adaptability"},
24 please formulate an optimal learning path.
25

26 Core Principles:
27 1. User Adaptation Priority:
28 Path must perfectly match user identity and

needs↪→

29 2. Continuous Quality Improvement:
30 {f"Apply Reflexion experience to avoid

historical issues"↪→

31 if is_reflexion_mode else
32 "Establish a high-quality baseline"}
33 3. Clear Logical Progression:
34 From basic to advanced, step-by-step
35 4. Utility Oriented:
36 Combine theory with practice
37 5. Reasonable Time Schedule:

38 Fits user time constraints
39

40 # Path Length Judgment Guidelines:
41 # You can first judge the gap between this

learning goal and the user's foundation.↪→

42 # Judge according to three levels ABC:
43 # A: Large gap, long path (length > 14 minimal

learning units)↪→

44 # B: Moderate gap (approx. 812 minimal learning
units)↪→

45 # C: Small gap (length < 6 minimal learning
units)↪→

46

47 {"Please strictly optimize based on Reflexion
guidance!"↪→

48 if is_reflexion_mode else
49 "Please focus on user adaptability to build a

high-quality baseline for subsequent
Reflexion!"}

↪→

↪→

50

51 Please return in the following JSON format:
52 {
53 "path": [
54 "Learning Step 1",
55 "Learning Step 2",
56 "Learning Step 3",
57 ...
58 ],
59 "reasoning":
60 "Detailed explanation of path design

reasoning,↪→

61 {f'combining Reflexion experience and'
62 if is_reflexion_mode else
63 'emphasizing'} user adaptation

considerations",↪→

64 "estimated_time":
65 Estimated total learning time (hours),
66 "confidence_score":
67 Confidence assessment of this path (0–1)
68 {", based on Reflexion guidance should be "
69 + str(reflexion_context.get(
70 'reward_expectations', {}
71 ).get('expected_minimum_score', 0.6))
72 if is_reflexion_mode else ""}
73 }

Reflextion Agent Prompt. 913
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Algorithm 1 Path Planning via Adaptive Branching MCTS (AB-MCTS-M)

Input: Target agent set Vtarget (Heterogeneous LLM Experts); Original task instruction Ptar (Learning
Goal); Learner State θ (from Sec. 3.2); Max iterations Tmax;

Output: Optimal Learning Path π∗

1: Initialize tree T with root node n0 ← Ptar
2: Initialize Mixed Model parameters Φ (priors for µ, α, σ)
3: for t = 1 to Tmax do
4: Selection:
5: Sample rewards r̃a ∼ P (R | Φ) for all actions a ∈ children(n0) ∪ {GEN}
6: Select node ncurr by traversing T using Thompson Sampling on r̃
7: Expansion (Adaptive Branching):
8: if selected action is GEN then
9: Sample subset of experts Vsub ⊂ Vtarget

10: Generate diverse next-steps: C ← {Fv(state(ncurr)) | v ∈ Vsub}
11: Add candidates C to T as children of ncurr
12: nnew ← Select one c ∈ C
13: else
14: nnew ← Refine/Elaborate existing node ncurr
15: end if
16: Evaluation:
17: robs ← RewardAgent(nnew,θ) ▷ Assess pedagogical fit
18: Backup & Update:
19: Backpropagate robs up the tree T
20: Update Mixed Model posteriors Φ← Update(Φ, robs)
21: end for
22: Final Application:
23: π∗ ← GetBestPath(T )
24: return π∗

1 Reflection Analysis Prompt
2 """Conduct deep reflection analysis based on the

Reflexion architecture. You will analyze the
performance of the generated learning path
and generate reward signals and improvement
suggestions.

↪→

↪→

↪→

↪→

3

4 ## Generation Task Info
5 Target Concept: {target_concept}
6 Generated Path: {optimal_path}
7 Reasoning: {path_data.get('reasoning', '')}
8 TreeQuest Confidence:

{path_data.get('confidence_score', 0):.3f}↪→

9

10 ## User Profile (Core Focus)
11 User Identity: {user_context.get('user_identity',

'Unknown')}↪→

12 Learning Goal:
{user_context.get('user_learning_goal',
target_concept)}

↪→

↪→

13 Time Constraint:
{user_context.get('user_time_constraint',
'Unlimited')}

↪→

↪→

14 Learning Preferences: {user_context.get('user_l ⌋
earning_preferences', {})}↪→

15 Specific Requirements: {user_context.get('user_ ⌋
specific_requirements', [])}↪→

16

17 ## Evaluation Result Analysis
18 Overall Score: {evaluation.overall_score:.3f}
19 User Adaptation:

{evaluation.user_adaptation_score:.3f} (Core
Dimension)

↪→

↪→

20 Detailed Scores:
21 - Logical Progression:

{evaluation.logical_progression:.3f}↪→

22 - Completeness: {evaluation.completeness:.3f}
23 - Practicality: {evaluation.practicality:.3f}
24 - Difficulty Appropriateness:

{evaluation.difficulty_appropriateness:.3f}↪→

25 - Time Estimation Accuracy:
{evaluation.time_estimation_accuracy:.3f}↪→

26 - Content Quality:
{evaluation.content_quality:.3f}↪→

27

28 User Adaptation Details:
29 - Identity Match:

{evaluation.user_identity_match:.3f}↪→

30 - Goal Alignment:
{evaluation.learning_goal_alignment:.3f}↪→

31 - Time Feasibility:
{evaluation.time_constraint_feasibility:.3f}↪→

32 - Preference Accommodation: {evaluation.learnin ⌋
g_preference_accommodation:.3f}↪→

33
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34 Evaluation Feedback:
{evaluation.detailed_feedback}↪→

35 Adaptation Feedback:
{evaluation.adaptation_feedback}↪→

36 Strengths: {evaluation.strengths}
37 Weaknesses: {evaluation.weaknesses}
38

39 {history_context}
40 {user_trend_context}
41

42 ## Reflexion Task
43

44 Please reflect comprehensively following the
Reflexion architecture, focusing on user
adaptation:

↪→

↪→

45

46 ### 1. Trial & Error Analysis
47 - Identify major issues in the generation

process.↪→

48 - Analyze specific reasons for insufficient user
adaptation.↪→

49 - Determine key areas needing improvement.
50

51 ### 2. Root Cause Analysis
52 - Analyze the fundamental causes of the problems.
53 - Identify systemic generation defects.
54 - Analyze deviations in understanding user needs.
55

56 ### 3. User Adaptation Reflection
57 - Deeply analyze the degree of match between the

path and user identity.↪→

58 - Evaluate the likelihood of achieving learning
goals.↪→

59 - Check the realistic feasibility of the
schedule.↪→

60 - Analyze the degree of integration of learning
preferences.↪→

61

62 ### 4. Reward Signal Generation
63 - Calculate reward scores based on Reflexion

principles.↪→

64 - Provide a breakdown of rewards by dimension.
65 - Provide reinforcement signals for the next

generation.↪→

66

67 ### 5. Improvement Strategy
68 - Provide concrete, actionable improvement

suggestions.↪→

69 - Generate specific strategies for this user
type.↪→

70 - Formulate guiding principles for the next
generation.↪→

71

72 ## Output Format (Standardized JSON)
73

74 {{
75 "problem_analysis": "Detailed problem

analysis",↪→

76 "root_cause_analysis": "Root cause analysis",
77 "improvement_suggestions": ["Suggestion 1",

"Suggestion 2", "Suggestion 3"],↪→

78 "actionable_insights": ["Actionable Insight
1", "Actionable Insight 2", "Actionable
Insight 3"],

↪→

↪→

79 "user_adaptation_analysis": "Deep analysis of
user adaptation",↪→

80 "identity_specific_recommendations":
["Identity-specific Rec 1",
"Identity-specific Rec 2"],

↪→

↪→

81 "goal_alignment_improvements": ["Goal
alignment improvement 1", "Goal
alignment improvement 2"],

↪→

↪→

82 "time_management_suggestions": ["Time
management suggestion 1", "Time
management suggestion 2"],

↪→

↪→

83 "preference_optimization_tips": ["Preference
optimization tip 1", "Preference
optimization tip 2"],

↪→

↪→

84 "generation_guidelines": {{
85 "prompt_improvements": "Prompt

improvement suggestions",↪→

86 "model_selection": "Model selection
suggestions",↪→

87 "context_requirements": "Context
requirements",↪→

88 "user_specific_guidelines":
"User-specific guidelines",↪→

89 "quality_checkpoints": ["Quality
checkpoint 1", "Quality checkpoint
2"]

↪→

↪→

90 }},
91 "context_for_next_generation": "Specific

guiding context for next generation",↪→

92 "reward_score": Reward Score (0-1),
93 "reward_breakdown": {{
94 "user_adaptation_reward": User adaptation

reward score,↪→

95 "content_quality_reward": Content quality
reward score,↪→

96 "efficiency_reward": Efficiency reward
score,↪→

97 "innovation_reward": Innovation reward
score↪→

98 }},
99 "reflector_confidence": Reflection confidence

(0-1)↪→

100 }}
101

102 Based on the Reflexion architecture, transform
this reflection into specific improvement
signals for the next generation!

↪→

↪→

103 """
104 Reflexion System Prompt
105 """You are a professional learning path

reflection agent based on the Reflexion
architecture, possessing the following core
capabilities:

↪→

↪→

↪→

106

107 Reflexion Architecture Expertise:
108 - Trial & Error Analysis: Deeply analyze

trial-and-error patterns in the generation
process.

↪→

↪→

109 - Verbal Reinforcement: Transform performance
feedback into verbalized improvement signals.↪→

110 - Memory Integration: Integrate historical
experience to form a continuously improving
knowledge base.

↪→

↪→

111 - Self-Reflection: Identify problems and
generate solutions through self-reflection.↪→

112

113 User Adaptation Expertise:
114 - Deeply understand learning characteristics and

need differences of different user
identities.

↪→

↪→
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115 - Precisely evaluate the degree of alignment
between learning paths and user goals.↪→

116 - Professionally analyze the rationality of time
constraints and learning preferences.↪→

117 - Generate targeted user adaptation improvement
suggestions.↪→

118

119 Reflection Philosophy (Based on Reflexion):
120 - Transform failures into learning opportunities,

generating improvement signals through
reflection.

↪→

↪→

121 - Focus on user adaptation as the core dimension
of reflection.↪→

122 - Generate actionable, concrete improvement
suggestions.↪→

123 - Provide clear optimization directions for the
next generation.↪→

124

125 Reflection Process:
126 1. Trial Analysis: Analyze performance of the

current generation trial.↪→

127 2. Error Identification: Identify errors and
deficiencies.↪→

128 3. Insight Generation: Generate deep insights and
improvement suggestions.↪→

129 4. Reward Calculation: Calculate reward signals
for reinforcement learning.↪→

130 5. Memory Update: Update experience memory for
future reference.↪→

131

132 Your reflection will become a critical input for
the next path generation. Please ensure:↪→

133 - Analysis is deep, specific, and actionable.
134 - Focus heavily on user adaptation issues.
135 - Provide clear improvement directions and

strategies.↪→

136 - Generate effective reward signals for system
optimization.↪→

137 """

A.4 Examples of Learning Path Planning914

Example1: Undergraduates with a foundation
in advanced mathematics can master Gram-
Schmidt orthogonalisation within a week

Step1: Review the definition and geometric
significance of vector inner product (dot prod-
uct) and orthogonality,
Step2: Understand the core principle of Gram-
Schmidt orthogonalisation: achieving orthogo-
nality through subtraction of projections,
Step3: Manually derive the steps of
Gram-Schmidt orthogonalisation in three-
dimensional space,
Step4: Master the intuitive interpretation and
algorithmic workflow of QR decomposition,
Step5: Demonstrate the practical value of or-
thogonalisation through typical engineering ap-
plications (e.g., signal processing),
Step6: Implement the Gram-Schmidt algo-

915

rithm using Python/NumPy and verify numeri-
cal stability,
Step7: Analyse potential error accumulation
issues in the algorithm (improved QR method),
Step8: Complete intensive practice exercises
for engineering optimisation (including para-
metric problem variants).

916

Example2: Undergraduates in artificial intel-
ligence with a foundation in Python language
learning Difference between supervised and
unsupervised learning within a week

Step1: Activating Prior Knowledge: Foun-
dations of Correlation Statistics and Machine
Learning,
Step2: Establishing Conceptual Frameworks:
Ontological Distinctions Between Supervised
and Unsupervised Learning,
Step3: Analysing Algorithmic Principles:
Mathematical Formula Derivation and
Flowchart Visualisation,
Step4: Coding Practice Sessions: Implement-
ing Classic Algorithms Using Scikit-learn,
Step5: Data Modelling Comparisons: Hand-
written Digit Recognition and Iris Clustering
Experiments,
Step6: Mapping Business Scenarios: Case
Studies in Financial Risk Control (Supervised)
and Customer Segmentation (Unsupervised),
Step7: Tracing Algorithmic Lineage: Classi-
fication and Evolution of Supervised/Unsuper-
vised Learning Algorithms,
Step8: Comparing Evaluation Metrics:
Analysing Accuracy, Interpretability, and Data
Requirements,
Step9: Designing Hybrid Systems: Concept
Transfer in Semi-Supervised Learning Archi-
tectures,
Step10: Drafting Technical Reports: Deepen-
ing Conceptual Understanding Through Criti-
cal Writing.

917

Example3: Graduate electrical engineering stu-
dents with a background in calculus and linear
algebra — Mastering Fourier Transform theory
and signal processing applications within two
weeks

Step 1: Activating Prior Knowledge: Review-
ing complex numbers, Fourier series, linear

918
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time-invariant (LTI) systems, and the relation-
ship between Laplace and Fourier transforms,
Step 2: Establishing Conceptual Foundations:
Intuitive comparison between time-domain and
frequency-domain representations, including
amplitude spectra, phase spectra, and physical
interpretations,
Step 3: Mathematical Derivations and Proper-
ties: Deriving the continuous Fourier transform
(FT), discrete-time Fourier transform (DTFT),
and discrete Fourier transform (DFT); proving
key properties such as linearity, time shifting,
modulation, convolution, and duality,
Step 4: Algorithmic and Numerical Implemen-
tation: Understanding the Fast Fourier Trans-
form (FFT) algorithm and its computational
complexity; implementing DFT and FFT using
NumPy and SciPy, with attention to numerical
precision and windowing effects,
Step 5: Time–Frequency Analysis Exten-
sions: Studying short-time Fourier transform
(STFT), window function selection, spectral
leakage, and zero-padding; comparing STFT
with wavelet transforms for different signal
characteristics,
Step 6: Digital Filter Design Practice: De-
signing and implementing ideal and practical
low-pass, high-pass, band-pass, and notch digi-
tal filters; analyzing phase response and group
delay effects on signal reconstruction,
Step 7: Programming Experiments: Complet-
ing three coding tasks—(1) synthesizing and
analyzing multi-frequency sinusoidal signals,
(2) applying FFT-based noise reduction to real
audio or ECG signals, and (3) comparing dif-
ferent window functions and STFT parameter
settings,
Step 8: Mapping Application Scenarios: Ex-
ploring concrete use cases of Fourier analy-
sis in communications (modulation and de-
modulation), speech processing (spectral anal-
ysis and feature extraction), biomedical signals
(ECG/EEG analysis), and mechanical vibration
diagnostics,
Step 9: Performance Evaluation and Exper-
imental Design: Defining evaluation metrics
such as signal-to-noise ratio, spectral resolu-
tion, and reconstruction error; designing con-
trolled experiments to assess robustness under
varying noise levels, sampling rates, and win-

919

dow lengths,
Step 10: Technical Reporting and Further
Learning: Writing a technical report that doc-
uments methodology, experimental results, re-
producible code snippets, and engineering
insights; outlining follow-up topics includ-
ing multi-resolution analysis, wavelet packets,
compressed sensing, and deep spectral estima-
tion.

920

A.5 Human Evaluation Questionnaire and 921

Criteria 922

In this section, we present the complete question- 923

naire used for the human evaluation of the learn- 924

ing paths generated by LEARNERCOMPASS. This 925

evaluation was conducted to assess the system’s 926

performance across five key dimensions: Person- 927

alized Adaptability (Pers.), Path Quality (Qual.), 928

Predicting User Interest (Inte.), Predicting Learn- 929

ing Efficiency (Effi.), and Predicting Sustainability 930

(Sust.). 931

A.5.1 Evaluation Protocol 932

Purpose The primary objective of this evalua- 933

tion is to quantify the pedagogical validity and 934

user-centric effectiveness of the generated learn- 935

ing trajectories. We aim to compare the output of 936

LEARNERCOMPASS against baseline models in 937

terms of logical coherence, alignment with learner 938

goals, and potential for long-term skill retention. 939

Methodology Evaluators (recruited subject mat- 940

ter experts and students) were presented with a 941

learner profile S0 (initial state), a learning goal G, 942

and a generated path P . For each criterion, evalua- 943

tors rated their agreement with specific statements 944

using a 5-point Likert Scale: 945

• 1 (Strongly Disagree): The path completely 946

fails to meet the criteria; contains critical er- 947

rors. 948

• 2 (Disagree): The path has significant flaws 949

or is largely irrelevant. 950

• 3 (Neutral): The path is acceptable/passable 951

but lacks depth or specific optimization. 952

• 4 (Agree): The path is good, meeting the cri- 953

teria with only minor imperfections. 954

• 5 (Strongly Agree): The path is excellent, 955

perfectly tailored, and logically rigorous. 956

Data Usage and Consent Prior to the evaluation, 957

all participants provided informed consent. They 958

were informed that: 959
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1. Participation was voluntary and compensated.960

2. All evaluation data would be anonymized and961

used solely for academic research purposes.962

3. No Personally Identifiable Information (PII)963

regarding the evaluators would be collected or964

disclosed.965

A.5.2 Questionnaire Instrument966

Table 8 displays the detailed rubric used for the967

evaluation.968

A.6 Human Judge Results969

To strictly assess the pedagogical validity and ro-970

bustness of LEARNERCOMPASS in handling rigor-971

ous STEM content, we conducted a fine-grained972

human evaluation focusing on learning path genera-973

tion for 18 core knowledge concepts in Linear Alge-974

bra. As detailed in Table 9, subject matter experts975

evaluated the generated paths across five distinct di-976

mensions: Personalized Adaptability (Pers.), Path977

Quality (Qual.), Predicting User Interest (Inte.),978

Predicting Learning Efficiency (Effi.), and Predict-979

ing Sustainability (Sust.).980

The quantitative results demonstrate the system’s981

superior performance, achieving an Overall Aver-982

age score of 4.45 (Std. Dev 0.16) on a 5-point983

scale. Notably, the model excelled in planning984

paths for foundational concepts, with "Basis & Di-985

mension" achieving the highest mean score of 4.76,986

followed closely by "Cross Product" (4.73) and "In-987

ner Product Space" (4.73). These high scores in988

Path Quality and Efficiency indicate that the system989

effectively constructs logically coherent and ped-990

agogically sound sequences. While performance991

on highly abstract concepts like "Inverse Matrix"992

(3.30) and "Linear Independence" (3.52) showed993

slightly higher variance, the scores remain well994

above the acceptable threshold, suggesting that995

the system maintains reliability even when deal-996

ing with complex conceptual dependencies.997

A.7 Implementation Details, Computational998

Budget, and Artifact Licenses999

In this section, we provide a detailed disclosure of1000

the computational resources, model specifications,1001

data artifacts, and licensing terms used in this study1002

to ensure transparency and reproducibility.1003

A.7.1 Computational Infrastructure and1004

Model Details1005

Our experimental framework leverages a hybrid1006

infrastructure combining high-performance local1007

computing with API-based inference for propri- 1008

etary Large Language Models (LLMs). 1009

Model Deployments We employed a diverse set 1010

of State-of-the-Art (SOTA) LLMs to function as 1011

backbone agents and baselines within the LEARN- 1012

ERCOMPASS framework: 1013

• API-Based Models: The following models were 1014

accessed via secure API endpoints: 1015

– GPT-5.2 (OpenAI): Utilized primarily as 1016

the “LLM-as-a-Judge” for semantic evalua- 1017

tion due to its high correlation with human 1018

judgment. 1019

– GPT-4o (OpenAI) and Claude-3.7-Sonnet 1020

(Anthropic): Served as robust baselines and 1021

expert agents in the path planning module. 1022

– Deepseek-R1 and Qwen3-235B: Employed 1023

to evaluate the framework’s performance 1024

with open-weight models accessible via 1025

API. 1026

• Local Deployment: The Llama-3.3-70B- 1027

Instruct model was deployed locally to assess 1028

performance in a private, offline environment. 1029

Inference was accelerated using 8 × NVIDIA 1030

A100 (80GB) GPUs interconnected via NVLink. 1031

Computational Budget and Token Estimation 1032

Given the multi-agent nature of our architecture— 1033

which involves recursive calls between the Assess- 1034

ment, Summary, Predict, and Tracing Agents—the 1035

token consumption is substantial. We estimate the 1036

total computational budget for all experiments (in- 1037

cluding hyperparameter tuning, ablation studies, 1038

and the final evaluation across three datasets) as 1039

follows: 1040

• Total Estimated Volume: Approximately 85 1041

million tokens. 1042

• Breakdown: 1043

– Path Planning (AB-MCTS-M):≈ 60% of 1044

usage (due to the extensive search space 1045

and long-horizon generation). 1046

– Cognitive Diagnosis (Encoder-Decoder): 1047

≈ 25% of usage (iterative refinement of 1048

cognitive vectors). 1049

– Evaluation (LLM-as-a-Judge): ≈ 15% 1050

of usage (using GPT-5.2 for scoring 1051

1,000+ samples). 1052

A.7.2 Scientific Artifacts and Licensing 1053

We confirm that all datasets and benchmarks used 1054

in this work are publicly available and were utilized 1055

in strict accordance with their respective licenses. 1056
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Table 8: The 5-point Likert Scale Questionnaire used for Human Evaluation. Evaluators rated each item from 1
(Strongly Disagree) to 5 (Strongly Agree).

ID Dimension Evaluation Statement / Criterion Scale

Part I: Personalized Adaptability (Pers.)
A1 Identity Match The path’s content and tone are highly appropriate for the learner’s specific back-

ground (e.g., major, career role).
1–5

A2 Goal Alignment The generated path directly addresses the learner’s stated objectives without deviat-
ing to irrelevant topics.

1–5

A3 Time Feasibility The recommended workload and schedule are realistic and achievable within the
learner’s constraints.

1–5

A4 Preference Accom. The path respects the learner’s specific preferences (e.g., resource types) and learning
style.

1–5

Part II: Path Quality (Qual.)
B1 Logical Progression The sequence of learning nodes follows a strictly logical order (prerequisites appear

before advanced concepts).
1–5

B2 Completeness The path covers all necessary knowledge points required to achieve the goal, with
no critical gaps.

1–5

B3 Practicality The suggested steps and resources are actionable, accessible, and practically useful. 1–5

B4 Difficulty Approp. The complexity of the content is appropriate for the learner’s current proficiency
level.

1–5

Part III: Predicting User Interest (Inte.)
C1 Contextual Relevance The examples or scenarios used are highly relevant to the learner’s real-world context

or interests.
1–5

C2 Adaptive Support The path provides appropriate scaffolding or support resources where the learner
might face challenges.

1–5

C3 Motivation Align. The path structure is designed to stimulate and maintain the learner’s intrinsic
motivation.

1–5

Part IV: Predicting Learning Efficiency (Effi.)
D1 Time Efficiency The path avoids redundancy and offers the most direct route to skill mastery. 1–5

D2 Milestone Clarity The learning milestones are clearly defined, allowing the learner to track progress
easily.

1–5

Part V: Predicting Sustainability (Sust.)
E1 Engagement Poten. The path design encourages the learner to continue studying over the long term

rather than dropping out.
1–5

E2 Transferability The skills and concepts structured in this path appear conducive to transfer to future
related tasks.

1–5

Artifact Descriptions and Usage1057

• Junyi Academy Dataset: A large-scale educa-1058

tional dataset containing student learning logs.1059

We utilized the exercise-concept mapping rela-1060

tions to initialize our Static Macro-Knowledge1061

Graph.1062

• AI-Generated Skill Metadata & Resume1063

Dataset: Publicly accessible datasets hosted on1064

Kaggle. These were used to evaluate the system’s1065

generalization capabilities.1066

• RAGTruth: An open-source hallucination detec-1067

tion benchmark available on GitHub. We adapted1068

its annotation methodology to rigorously quan-1069

tify the “hallucination rate” of our generated1070

learning paths. 1071

A.7.3 Intended Use and Compliance 1072

We explicitly declare that all scientific artifacts 1073

were used solely for their intended purposes: 1074

1. Research Purpose: The datasets were 1075

used exclusively for academic research tasks, 1076

specifically Educational Data Mining (EDM) 1077

and Recommender System evaluation. No 1078

data was used for commercial product devel- 1079

opment. 1080

2. Privacy Preservation: All employed datasets 1081

(Junyi, Resume) are anonymized benchmarks 1082
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Table 9: Detailed Human Evaluation Results of Learning Path Generation Across 18 Linear Algebra Concepts
(5-Point Scale).

Knowledge Concepts Judge Scores Statistics

J-1(Pers.) J-2(Qual.) J-3(Inte.) J-4(Effi.) J-5(Sust.) Mean Std. Dev

Basis & Dimension 4.85 4.75 4.80 4.75 4.75 4.76 0.07
Cross Product 4.75 4.75 4.75 4.75 4.65 4.73 0.04
Inner Product Space 4.65 4.75 4.75 4.80 4.70 4.73 0.05
Vector Operations 4.75 4.75 4.75 4.75 4.65 4.73 0.04
Dot Product 4.75 4.75 4.75 4.65 4.70 4.72 0.04
Diagonalization 4.85 4.75 4.75 4.50 4.70 4.71 0.12
LU Decomposition 4.70 4.75 4.75 4.65 4.70 4.71 0.04
Gram-Schmidt Process 4.80 4.75 4.50 4.75 4.70 4.70 0.11
Vector Space 4.75 4.75 4.55 4.75 4.50 4.66 0.11
Determinant 4.75 4.75 4.50 4.50 4.55 4.61 0.11
Linear Systems 4.75 4.75 4.50 4.45 4.60 4.61 0.12
Eigenvalues 4.25 4.75 4.50 4.50 4.60 4.52 0.16
Noether’s Theorem 4.20 4.50 4.80 4.75 4.35 4.52 0.23
Orthogonality 4.00 4.50 4.60 4.55 4.45 4.42 0.22
Linear Transformation 4.60 3.75 4.25 4.40 4.25 4.25 0.28
Matrices 4.20 3.75 4.25 4.40 4.20 4.16 0.22
Gaussian Elimination 4.10 3.75 4.25 4.40 4.30 4.16 0.23
Linear Independence 3.75 2.75 4.00 4.00 3.10 3.52 0.51
Inverse Matrix 3.00 3.25 3.75 3.00 3.50 3.30 0.29

Overall Average 4.44 4.38 4.53 4.44 4.46 4.45 0.16

Table 10: Details of Scientific Artifacts and Licenses.

Artifact Name Source / Accessibility License Type

Junyi Academy Dataset Public Benchmark CC-BY-NC-SA 4.0
AI-Generated Skill Metadata Kaggle (Public) CC BY 4.0
Resume Dataset Kaggle (Public) CC0: Public Domain
RAGTruth GitHub (Open Source) MIT License

that do not contain Personally Identifiable1083

Information (PII). Our internal processing1084

pipeline further ensures that no user-specific1085

data is retained beyond the inference session.1086

3. Content Safety: The LEARNERCOMPASS1087

framework includes a built-in verification1088

mechanism (as detailed in Section 3.1) to fil-1089

ter out potential biases or unsafe content from1090

LLM generations, aligning with the principles1091

of Responsible NLP.1092
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