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Abstract001

In online learning environments, students of-002
ten lack personalized peer interactions, which003
are crucial for cognitive development and learn-004
ing engagement. Although previous studies005
have employed large language models (LLMs)006
to simulate interactive learning environments,007
these interactions are limited to conversational008
exchanges, failing to adapt to learners’ individ-009
ualized cognitive and psychological states. As010
a result, students’ engagement is low and they011
struggle to gain inspiration. To address this012
challenge, we propose OnlineMate, a multi-013
agent learning companion system driven by014
LLMs integrated with Theory of Mind (ToM).015
OnlineMate simulates peer-like roles, infers016
learners’ psychological states such as misunder-017
standings and confusion during collaborative018
discussions, and dynamically adjusts interac-019
tion strategies to support higher-order think-020
ing. Comprehensive evaluations, including021
simulation-based experiments, human assess-022
ments, and real classroom trials, demonstrate023
that OnlineMate significantly promotes deep024
learning and cognitive engagement by elevating025
students’ average cognitive level while substan-026
tially improving emotional engagement scores.027

1 Introduction028

The use of artificial intelligence to provide immedi-029

ate and personalized online instruction originated030

with Intelligent Tutoring Systems (Nwana, 1990).031

With the advancement of LLMs, LLM-driven AI032

teachers (Markel et al., 2023) and teaching assis-033

tants (Tu et al., 2023) have been widely adopted.034

However, unlike learning in traditional classrooms,035

students engaging in online learning through these036

AI technologies often face the challenge of lim-037

ited interaction, which results in a weakened sense038

of classroom participation (Muilenburg and Berge,039

2005; Ferri et al., 2020; Akpen et al., 2024).040

To address these gaps, recent studies (Yu et al.,041

2024; Zhang et al., 2025c) have leveraged LLMs’042

multi-agent collaboration capabilities to simulate 043

peer companions, aiming to stimulate discussions. 044

However, these methods only mimic conversational 045

styles without aligning with students’ needs or cog- 046

nitive levels, failing to initiate targeted, personal- 047

ized discussions that would stimulate deeper reflec- 048

tion and enhance cognitive development. 049

To address these limitations, we integrate LLMs’ 050

Theory of Mind (ToM) capabilities, which is the ca- 051

pacity to infer others’ thoughts and psychological 052

states (Apperly, 2010; Zhu et al., 2024; Nguyen, 053

2025; Zhang et al., 2025b), and propose Online- 054

Mate, a ToM-enhanced multi-agent learning com- 055

panion system. Unlike existing multi-agent online 056

learning systems (Yu et al., 2024; Zhang et al., 057

2025c) that only simulate peer-like agent roles for 058

dialogue, OnlineMate infers and adapts to learners’ 059

cognitive and psychological states during collab- 060

orative discussions. Specifically, we decompose 061

ToM reasoning during student classroom discus- 062

sions into three stages, i.e., hypothesis generation, 063

refinement, and response validation, in alignment 064

with metacognitive theory (Flavell, 1979; Zhang 065

et al., 2025b), and integrate classroom context man- 066

agement and behavior control. This design enables 067

the system to not only simulate peer interactions 068

but also dynamically adjust its interaction strategies 069

to cater to learners’ interests and needs, thereby en- 070

hancing their engagement and fostering cognitive 071

development. 072

We conducted rigorous evaluations, including 073

simulation-based experiments with an LLM-driven 074

Evaluation Agent, human assessments using stan- 075

dardized rubrics, and real classroom trials in a QS 076

top-50 university. Results confirm that OnlineMate 077

effectively improves students’ cognitive levels and 078

learning outcomes. We also investigated key fac- 079

tors influencing learning effects. 080

Our primary contributions are summarized as 081

follows: 082
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• We propose OnlineMate, a ToM-enhanced083

multi-agent system that infers learners’ cogni-084

tive and psychological states to dynamically085

adjust interaction strategies.086

• We validate through comprehensive evalua-087

tions that OnlineMate significantly elevates088

students’ cognitive levels and emotional en-089

gagement.090

• We conduct ablation and factor analysis to091

uncover mechanisms underlying AI-mediated092

learning, providing actionable insights for fu-093

ture educational technology design.094

2 Related Work095

2.1 LLMs in Education096

LLMs’ pretraining on extensive corpora enables097

expert-level proficiency across domains. In edu-098

cation, LLMs have been applied to teaching assis-099

tance (JeonJaeho and LeeSeongyong, 2023), lesson100

planning (HuBihao et al., 2024), instructional re-101

port generation (Gao et al., 2025a), lesson deliver-102

ing (Tu et al., 2023; Shi et al., 2025), and role simu-103

lation (Lee et al., 2023; Markel et al., 2023). Some104

studies use multi-agent systems to orchestrate class-105

room discussions (Yue et al., 2025; Yu et al., 2024;106

Zhang et al., 2025c). However, these approaches107

lack personalized adaptation mechanisms and fail108

to dynamically tailor content to individual learners’109

cognitive states. In this work, we integrate ToM rea-110

soning and cognitive scaffolding, which is aligned111

with Bloom’s Taxonomy, to achieve personalized112

interaction, rather than merely simulating roles or113

conversations.114

2.2 LLMs for Human Simulation115

LLM-driven agents exhibit human-like decision-116

making due to extensive training data on human117

behaviors. They have been used in social simula-118

tions (Park et al., 2023; Aher et al., 2023; Li et al.,119

2023; Guo et al., 2024; Lin et al., 2024), scien-120

tific inquiry (M. Bran et al., 2024; Li et al., 2025b;121

Gao et al., 2025b), collaborative workflows (Hong122

et al., 2023; Li et al., 2024; Kulkarni, 2025), and123

educational role-play (Yu et al., 2024; Zhang et al.,124

2025c). However, existing educational simulations125

only mimic conversational styles, lacking align-126

ment with authentic learning processes.127

2.3 Theory of Mind (ToM) in LLMs128

ToM, the capacity to attribute mental states to oth-129

ers and anticipate behavior (Premack and Woodruff,130

1978; Apperly, 2012), is a core component of social 131

intelligence. Recent studies show that LLMs ex- 132

hibit notable ToM abilities (van Duijn et al., 2023; 133

Zhou et al., 2023; Kim et al., 2023; Jin et al., 2024), 134

with internal representations of self and others’ be- 135

liefs (Zhu et al., 2024). To enhance ToM, some 136

studies decompose reasoning into explicit chains 137

(Gu et al., 2024b; Lin et al., 2025) or multi-agent 138

workflows (Zhang et al., 2025b). In this work, 139

we similarly decompose ToM reasoning into three 140

stages and integrate agent persona constraints and 141

Bloom’s Taxonomy, balancing role consistency and 142

cognitive enhancement in classroom discussion sce- 143

narios. 144

3 OnlineMate Framework 145

The design of OnlineMate must ensure two key 146

requirements: (1) each agent’s behavior aligns with 147

its persona and accesses accurate context, and (2) 148

interactions unfold naturally. To address these, we 149

propose the Classroom Context Manager to govern 150

the flow of information accessible and the Class- 151

room Behavior Controller to determine the actions 152

undertaken by each agent. Furthermore, to facil- 153

itate a more rigorous evaluation of system func- 154

tionality, we incorporate an evaluation agent tasked 155

with simulating student roles, thereby enabling sys- 156

tematic evaluation of OnlineMate Agents’ pedagog- 157

ical effectiveness. Figure 1 shows the framework 158

and workflow. 159

3.1 Classroom Context Manager 160

As a complex and information-rich communica- 161

tion environment, LLMs may experience halluci- 162

nations or role confusion during role-playing in 163

the classroom teaching process (Park et al., 2023; 164

Qian et al., 2024). Moreover, each OnlineMate 165

Agent requires independent contextual information, 166

including contextual memory, reasoning, and be- 167

liefs, in addition to the shared dialogue history. The 168

Classroom Context Manager stores contextual ele- 169

ments (e.g., dialogue, memory), visible scope (e.g., 170

specific agents, discussion groups), and agent role 171

configurations to enhance the consistency of role- 172

playing within LLMs. During response generation, 173

agents query their designated role and the relevant 174

visible context from the context database, ensur- 175

ing independent and efficient context management. 176

Furthermore, to enrich the knowledge base of the 177

agents’ responses and mitigate the occurrence of 178

hallucinations, the Context Manager retrieves per- 179
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Relations

OnlineMate Classroom

Now let's walk through a practical framework for 

quantifying scan chain attack probabilities, designed 

with beginners in mind  ···

For TDDB testing of SRAM versus logic cells, how 

exactly should we adjust the parameters? Could you 

provide a concrete example ···

Indeed, I also believe concrete examples 

would aid comprehension—this content is 

rather abstract ···

From an engineering practice perspective, I'll illustrate the 

TDDB parameter differences between SRAM and logic cells 

using a 28nm process example. ···

Roles Context Behavior

Your presentation should focus on the knowledge point 

xxx, and guide students to ask in-depth questions in xxx.

Classroom Behavior Controller

6 7 4 2

Classroom Context Manager

Context Database
Context

Memory

Classroom Context Manager

Student User

OnlineMate Roles

OnlineMate Agents

Evaluation Agent

Critical Challenger: play the role of 

a Questioner and Organizer, create 

productive cognitive tension that 

pushes the discussion to deep…

Synthesis Expert: play the role of a 

Integrator, killed at organizing 

scattered viewpoints into a systematic 

knowledge network…

Fundamentals Checker: play the 

role of a Follower, usually absorb 

others’ viewpoints first and then 

speak…

Insight Sparker: play the role of a 

Facilitator, skilled at turning abstract 

technical jargon and principles into 

everyday analogies and metaphors…

Entities

Textbook Knowledge Graph
Relations

pk ctx range type

1
{User: For TDDB 

testing  of SRAM ···} ALL Dialogue

2
{Insight Sparker : 
Now let's walk  ···}

ALL Dialogue

3
The user asks···, he

may has trouble in ···

Insight 

Sparker Inference

··· ··· ··· ···

Action Likelihood Score

Figure 1: The composition of OnlineMate framework and its workflow.

tinent entities and relationships from the course’s180

knowledge graph (Luo et al., 2025) to guide the181

agents’ reasoning and response direction.182

3.2 Classroom Behavior Controller183

We utilize the Classroom Behavior Controller to184

govern the OnlineMate Agents’ actions within the185

classroom to ensure persona-consistent and au-186

tonomous behavior. During response generation,187

the Classroom Behavior Controller assigns a score188

(ranging from 0 to 10) to each agent’s likelihood189

of speaking based on the current context and the190

agent’s persona. Subsequently, it randomly selects191

a speaker from the top 2 scoring agents to pre-192

vent any single agent from overly dominating the193

conversation. The Controller then determines the194

actions (e.g., posing questions, making analogies)195

and knowledge points to be included in the agent’s196

response, drawing from the agent’s persona and the197

knowledge retrieved by the context manager. If a198

specific agent is directly addressed in the context,199

such as when a student follows up with a question200

directed at a particular agent, that targeted agent201

becomes the next speaker.202

3.3 Evaluation Agent203

To mitigate ethical concerns associated with pre-204

maturely deploying underdeveloped systems, we205

adopt the LLM-as-a-judge paradigm (Gu et al.,206

2024a; Li et al., 2025a), integrating an Evaluation207

Background

Evaluation Agent Construction

Personality

Goals
Challenges

Expectations
Classroom 

Scenario

……
Simulated Student

Simulation & Evaluation

Now let's walk through a practical framework 

for quantifying scan chain attack probabilities, 

designed with beginners in mind.  ···

This model is quite practical! But regarding 

the 0.7 process node coefficient, what specific 

reliability data was referenced? For instance, 

does it incorporate TDDB test results from···

Got it! I’d like to clarify several technical 

details. When setting the process node 

vulnerability factor at 0.7, This physical 

phenomenon could materially ···

Emotion: 55

Cog: 4

Emotion: 60

Cog: 5

What about SRAM cells? Surely we can’t 

use the same coefficient as for logic gates. 

The TDDB test parameters would need 

adjustment, right?

Figure 2: The workflow of the Evaluation Agent.

Agent into the OnlineMate framework to evaluate 208

system performance in place of actual student users. 209

Unlike conventional LLM judges that typically 210

evaluate surface-level textual content, our evalu- 211
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ation agent simulates cognitive and emotional de-212

velopment via a sentiment-augmented LLM judge,213

which has been proven to show a strong correlation214

with psychological scales and indicators in exten-215

sive experiments (Zhang et al., 2025a), enabling216

robust evaluation of educational effectiveness. Fig-217

ure 2 illustrates the workflow of the Evaluation218

Agent. Specifically, the workflow of the Evaluation219

Agent involves several key steps:220

Role and scenario construction : Prompt LLMs221

to generate student personas, including background,222

personality, and learning goals, from personality223

and content seed pools.224

Multi-turn dialogue simulation : Engage in225

interactions with OnlineMate Agents, simulating226

questioning, thinking, and feedback.227

Emotional and cognitive evaluation : After228

each turn, evaluate cognitive level via Bloom’s Tax-229

onomy, adjust emotional and ToM element states,230

and score emotional support effectiveness.231

Through this comprehensive workflow, the Eval-232

uation Agent is capable of thoroughly evaluating233

the system’s efficacy in fostering cognitive devel-234

opment and providing emotional support.235

4 OnlineMate Agent236

Each OnlineMate Agent embodies a specific per-237

sona, receives student utterances as input, infers238

learners’ cognitive and psychological states via239

ToM, and generates persona-consistent responses.240

Based on the classification of different behavioral241

types exhibited by students in classroom discus-242

sions in educational psychology (Cesareni et al.,243

2016; Wang and Li, 2021), we set the role types244

of the OnlineMate Agent to four types: Facilita-245

tor, Follower, Integrator, and Questioner & Orga-246

nizer, named respectively as Insight Sparker, Fun-247

damentals Checker, Synthesis Expert, and Critical248

Challenger. The detailed prompts are presented in249

Appendix C.1.250

Inspired by prior research, which has concep-251

tualized such ToM reasoning process as a struc-252

tured sequence of inference (Flavell, 1979; Frith253

and Frith, 2006; Grave de Peralta Menendez et al.,254

2008; Cross et al., 2024; Zhang et al., 2025b), we255

decompose the agent’s workflow into three stages:256

ToM hypothesis generation, hypothesis refinement257

and filtering, and response generation and valida-258

tion. Figure 3 illustrates the complete workflow of259

OnlineMate Agents from obtaining input to gener- 260

ating responses. 261

4.1 ToM Hypothesis Generation 262

ToM hypothesis generation serves as the foun- 263

dation for inferring students’ cognitive and 264

psychological states. In this stage, OnlineMate 265

Agent infers students’ cognitive and psychological 266

states based on their current utterance, dialogue 267

history, and memory that reflects the agent’s infer- 268

ences about the students’ preferences, emotions, 269

and other traits over time. The agent generates 270

diverse candidate hypotheses accompanied by a 271

natural language explanation and labeled with ToM 272

categories from Belief, Desire, Intention, Emotion, 273

and Thought. To ensure pedagogical relevance 274

and prevent an overemphasis on psychological 275

inference at the expense of instructional goals, 276

we further incorporate reasoning about the 277

student’s cognitive level, following the six-tier 278

structure of Bloom’s Taxonomy (Muilenburg 279

and Berge, 2005; Apperly, 2012), including 280

Remember,Understand,Apply,Analyze,Evaluate, 281

and Create. 282

Specifically, the ToM reasoning mechanism of 283

the OnlineMate Agent unfolds in four stages: (1) 284

generating initial hypotheses from dialogue context 285

by LLM-based reasoning; (2) filtering out implau- 286

sible ones via memory; (3) assigning each remain- 287

ing hypothesis a corresponding ToM label; and 288

(4) inferring the student’s current cognitive level 289

based on the utterance. This ensures diverse, peda- 290

gogically relevant hypotheses. We design prompts 291

that align with both psychological definitions of 292

ToM and the levels of Bloom’s Taxonomy, guid- 293

ing the LLM to reason about students’ mental and 294

cognitive states in a manner analogous to human 295

instructors. The resulting k diverse and plausible 296

hypotheses enable flexible downstream response 297

generation, avoiding premature commitment to a 298

single rigid response outline. 299

4.2 Hypothesis Refinement and Filtering 300

This stage takes the set of generated mental state hy- 301

potheses, OnlineMate Agents’ personas, and con- 302

straint rules as input and refines the hypotheses 303

to align with the persona and classroom context. 304

The constraints serve as the basis for determin- 305

ing whether a given hypothesis should be retained, 306

revised, or discarded. For example, if the initial 307

hypothesis suggests that the student intends to play 308

a game during a classroom dialogue, the personas 309
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ToM Hypothesis Generation Hypothesis Refinement and Filtering Response Generation and Validation

Generation & Validation

… Generation & 

Validation

Update

Context

Database

ToM

Hypothesis
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Hypothesis

Filtered

Hypothesis

Refinement & 
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Filtered

Hypothesis

Cog.

Emo.

Cog.

Emo.
Memory

Response

Memory

Role & 

Constraints

Student: What about 

SRAM cells? Surely 

we can’t use the same 

coefficient as for logic 

gates. The TDDB test 

parameters would need 

adjustment, right?

Student’s 

Utterance 

Dialogue

Context

{···},{Student: This 

model is quite practical! 

But regarding the 

0.7 ···}, {···}

This is a 

class about 

IC Design ···

The student is not 

quite familiar with 

the concepts ···

Belief

The parameters cannot 

be directly applied to 

SRAM cells for ···

Intension

The student may 

intend to show his 

critical thinking ···

Role:  You are Follower, ou

usually absorb others’ …

Constraints: Your hypothesis 

should focus on the student’s···

Belief

The parameters cannot 

be directly applied to 

SRAM cells for ···

Intension

To obtain concrete 

adjustments for SRAM 

TDDB testing ···

Yes, that’s a key 

question! Different 

circuit modules 

require different 

testing standards, 

primarily due to 

three key factors. 

The first is SRAM 

requires a stable 

high voltage to 

retain data, while 

logic units can 

dynamically ···Cog: 5 Cog: 5

Dialogue Context

Student’s Utterance KG from 

Context Manager

Figure 3: The complete workflow of OnlineMate Agents from obtaining input to generating responses.

and rule-based constraints guide the OnlineMate310

Agent to reinterpret this intention in a contextu-311

ally appropriate manner, such as treating it as an312

application scenario or interpreting it as a play-313

ful remark, thus ensuring alignment with both the314

agent’s persona and the instructional setting.315

The Hypothesis Refinement and Filtering pro-316

cess is carried out in two sequential steps. First, the317

agent revises each hypothesis to incorporate con-318

straints. Then, it scores revised hypotheses based319

on plausibility, context, and memory, selecting the320

most appropriate one for response generation.321

4.3 Response Generation and Validation322

In the final stage, the OnlineMate Agent generates323

an appropriate response and verifies its alignment324

with the inferred cognitive and psychological states325

of the student by transforming the refined hypothe-326

sis from the preceding stages into a concrete natural327

language output. This stage takes the selected hy-328

pothesis as input and incorporates memory and role329

constraints to ensure consistency with the student’s330

cognitive profile, prior emotional states, and the331

agent’s predefined persona. Moreover, to steer re-332

sponses toward enhancing the student’s cognitive333

level, which is a process termed "cognitive scaffold-334

ing", the model is explicitly prompted to guide the335

student’s thinking through its answers. The relevant336

knowledge graph content from Context Manager is337

also provided to ensure knowledge correctness.338

To further guarantee that the generated response339

aligns with the student’s inferred needs and inten-340

tions, a self-reflection mechanism is integrated to 341

assign a utility score to the output, evaluating its 342

alignment with student needs and context. If the 343

utility score falls below a certain threshold, the 344

system triggers a regeneration of the response to 345

improve alignment and pedagogical effectiveness. 346

5 Experiments 347

5.1 Simulation-Based Experiment 348

5.1.1 Simulation and Evaluation Settings 349

In the simulation-based experiment, we evaluate 350

the effectiveness of the OnlineMate system by sim- 351

ulating the whole discussion process using On- 352

lineMate Agents and Evaluation Agent, scoring 353

through both automated and human evaluation 354

methods. Unless otherwise specified, all reported 355

evaluation results represent the average outcomes 356

of 20 simulated classroom sessions conducted by 357

the Evaluation Agent. These sessions were based 358

on two courses Digital Integrated Circuit Design 359

and Comprehensive Practice in Artificial Intelli- 360

gence. In each simulation, the number of dialogue 361

turns is fixed at 5, and the system includes 4 Online- 362

Mate Agents. The LLM we use is Deepseek-V3.2. 363

Automated Evaluation Automated evaluation 364

leverages the Evaluation Agent to simulate student 365

participation in OnlineMate-facilitated discussions 366

and to score both cognitive engagement and emo- 367

tional fluctuations throughout the learning process. 368

For each dialogue turn, we prompt the LLM to 369

analyze the Evaluation Agent’s utterance and as- 370
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Automated Human

Cog. Emotion CMU NU Avg.
Frequency Quality Listening Analysis Participation Dialogue

Vanilla multi-LLM 4.10 27.50 2.10 1.75 2.00 1.80 2.40 2.25 2.05
OnlineMate w.o. cog 4.40 48.33 2.55 2.10 2.20 2.45 2.65 2.40 2.39

OnlineMate 5.20 61.66 2.60 2.50 2.15 2.65 2.55 2.35 2.47

Table 1: Automated and human evaluation results in simulation-base experiment.

sign a cognitive level score on a scale from 1 to371

6, corresponding to Bloom’s Taxonomy, to assess372

whether OnlineMate Agents effectively facilitate373

cognitive advancement. Simultaneously, the Eval-374

uation Agent—acting as a student—dynamically375

adjusts its emotional score based on the degree to376

which the OnlineMate Agents’ responses align with377

its psychological state and implicit intentions. If378

the emotional score falls below a predefined thresh-379

old, the dialogue is terminated. Emotional states380

are evaluated on a 0–100 scale, with each update381

occurring in increments of 5 points.382

Human Evaluation We adopted discussion as-383

sessment scales developed by Carnegie Mellon384

University1 and Northwestern University2 to eval-385

uate the simulated classroom discussions by hu-386

man experts. These scales cover various dimen-387

sions, including frequency of participation, quality388

of comments, listening and co-construction, crit-389

ical analysis, participation, and dialogue quality.390

Both the course instructor and educational experts391

were invited to independently rate each discussion392

segment, with a minimum of two experts assigned393

to each. The experts first assessed the plausibil-394

ity and human-likeness of the Evaluation Agent’s395

simulated dialogue, and subsequently rated the396

dialogues that conformed to human student be-397

haviour based on the rubric criteria. All scores398

were mapped onto a 0–3 scale, and the average was399

then computed.400

5.1.2 Results of Simulation-Based Experiment401

Table 1 presents both automated and human evalu-402

ation results. From the automated evaluation, com-403

pared with a baseline multi-agent dialogue system,404

our OnlineMate system elevates the average cogni-405

tive level of student responses by one tier—shifting406

from slightly above Analyze to between Evaluate407

1https://www.cmu.edu/teaching/assessment/examples/
courselevel-bycollege/index.html

2https://searle.northwestern.edu/docs/assessment/
discussion-rubric-examples.pdf

and Create. A similarly significant improvement is 408

observed when compared with the OnlineMate vari- 409

ant lacking cognitive scaffolding, indicating that 410

cognition-enhanced OnlineMate Agents effectively 411

foster deeper learning and critical thinking, thereby 412

stimulating students’ creative potential. Emotional 413

scores also exhibit a marked increase, demonstrat- 414

ing that ToM-enhanced OnlineMate Agents are ca- 415

pable of accurately interpreting student intentions 416

and engaging in communication that aligns more 417

closely with learner expectations. The integration 418

of cognitive-level inference and guidance further 419

contributes to higher emotional scores, suggesting 420

that the pursuit of advanced cognitive engagement 421

is psychologically congruent with students’ intrin- 422

sic learning motivations. These findings not only 423

affirm the pedagogical efficacy of OnlineMate but 424

also validate the representativeness of the Evalua- 425

tion Agent as a reliable proxy for human learners. 426

Human evaluation further corroborates these 427

findings, with our approach consistently achiev- 428

ing higher rubric scores than the baseline system. 429

Interestingly, in the absence of cognitive enhance- 430

ment, simulated students guided solely by ToM ex- 431

hibit more attentive and engaging behavior during 432

discussions. This is likely because responses gen- 433

erated without cognitive scaffolding tend to align 434

more with students’ chat preferences rather than 435

cognitive needs, thereby encouraging further inter- 436

action and expression, albeit with limited contribu- 437

tion to cognitive advancement. 438

5.2 Real Classroom Experiment 439

5.2.1 Classroom and Evaluation Settings 440

The real classroom experiment was conducted in 441

a core course entitled Digital Integrated Circuit 442

Design at a QS top-50 university in China. The 443

study lasted for ten weeks and recruited 87 student 444

volunteers and 4 teaching-assistant volunteers. Stu- 445

dent participants were randomly assigned to either 446

an experimental group (engaging in OnlineMate- 447

mediated discussions) or a control group (engag- 448
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Role Group EX LI CO EV RE CR CW

Human Student OnlineMate Groups (Ours) 3.71 3.14 3.16 3.22 3.00 3.00 3.33
Human TA Groups 3.53 3.05 3.04 3.08 3.03 3.00 3.21

Companions (OnlineMate Agents
or Human TAs)

OnlineMate Groups (Ours) 4.02 4.09 3.49 3.36 3.00 3.37 3.64
Human TA Groups 3.75 3.00 3.00 3.00 3.00 3.00 3.00

Table 2: The behavioral performance scores of students and companions in the experimental group (OnlineMate
Groups) and the control group (Human TA Groups) in real class experiment.

ing in discussions with human teaching assistants)449

to participate in online discussion sessions. The450

discussion topics consisted of reflective questions451

drawn from the course textbook, as well as prob-452

lems related to laboratory sessions and homework453

assignments. The usability of the system was eval-454

uated through pedagogical classroom observation455

rubrics and a student experience questionnaire.456

Observer Evaluation We evaluated the effec-457

tiveness of the OnlineMate system in promoting458

student participation in online discussions by ob-459

serving students’ verbal contributions and behav-460

iors, and employing a rating scale. The scale uti-461

lized is an online collaborative learning knowledge462

construction level assessment tool, supported by ed-463

ucational theory (Dixson, 2015; Sinha et al., 2015;464

Olakanmi, 2016). Initially, we classified the col-465

laborative learning behaviors exhibited by students,466

AI companions, and teaching assistants during the467

discussions (Gunawardena et al., 1997), then em-468

ployed a Likert five-point scale for rating, with469

scores ranging from 1 to 5 to evaluate the perfor-470

mance of each role in each behavioral category. A471

neutral score of 3 was assigned when a particular472

behavior was not observed. The behaviors assessed473

included Expression (EX), Listening (LI), Coordi-474

nation/Regulation (CO), Evaluation (EV), Reflec-475

tion (RE), Conflict Resolution (CR), and Willing-476

ness to Collaborate (CW). The evaluators included477

the course instructor, teaching assistants not in-478

volved in the discussions, and doctoral students479

with a background in both education and the sub-480

ject matter of the course. Each discussion was481

scored by no fewer than two individuals, and the482

average score was recorded. The specific content483

of the scale is presented in Appendix D.1.484

Participant Evaluation To assess participants’485

authentic experiences while using OnlineMate, we486

developed a student evaluation scale (Appendix487

D.2) to collect feedback. The student evaluation488

scale examines response quality, the functional ef-489

fectiveness of each role, a comparison with human490

teaching assistants, overall usability, and several 491

open-ended questions. A Likert five-point scale 492

was utilized, and student volunteers participating 493

in the experiment were asked to rate each item on 494

a scale from 1 to 5. 495

5.2.2 Results of Real Classroom Experiment 496

Observer Evaluation Table 2 compares the rat- 497

ings of the behavioral performance of students and 498

companions in the experimental group (Online- 499

Mate Groups) and the control group (Human TA 500

Groups), based on observations during the discus- 501

sion process, with a score of 3 indicating the ab- 502

sence of a particular behavior. The findings indicate 503

that OnlineMate demonstrates substantial value in 504

fostering collaboration within a real classroom set- 505

ting. The OnlineMate Agent outperformed human 506

teaching assistants in key interaction dimensions, 507

such as Expression (EX), Listening (LI), Coordi- 508

nation/Regulation (CO), Collaboration (CW), and 509

Evaluation (EV), effectively enhancing students’ 510

willingness to listen, express themselves, evaluate, 511

and collaborate, thus confirming its feasibility for 512

online collaborative learning environments. The 513

observed improvement in students’ evaluation will- 514

ingness aligns with the conclusion that their cogni- 515

tive level advanced to the "evaluation" stage in the 516

simulated assessments, further validating the effi- 517

cacy of the simulation-based evaluation. In terms 518

of reflection and conflict resolution, the system’s 519

performance is comparable to that of human teach- 520

ing assistants, as OnlineMate engages in reflection 521

through ToM within cognitive processes, rather 522

than through verbal contributions during discus- 523

sions, which limits its influence on student engage- 524

ment. Additionally, OnlineMate Agents exhibit 525

fewer instances of cognitive dissonance conflicts 526

with students. 527

Participant Evaluation In Appendix A, Table 528

3 presents the ratings provided by student partic- 529

ipants across various dimensions. The average 530

scores for the OnlineMate system in Response 531
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Quality, Role Effectiveness, Human TA Compar-532

ison, and Overall Usability were 4.06, 4.22, 4.13,533

and 3.28, respectively. These results indicate that534

the multi-role collaborative design and Theory of535

Mind (ToM) enhancement mechanism of Online-536

Mate excel in areas such as expert knowledge de-537

livery, the stimulation of higher-order thinking, and538

increased classroom engagement, demonstrating its539

potential for deployment in real-world classroom540

settings. In comparison to human teaching assis-541

tants, the system effectively addresses challenges in542

online learning, such as insufficient peer interaction543

and weak cognitive support, and achieves outcomes544

that are comparable to or even slightly better than545

those of human teaching assistants, while signifi-546

cantly reducing labor costs.547

5.3 Further Analysis548

5.3.1 The Number of Discussion Rounds549

Figure 4 depicts the average cognitive levels of stu-550

dent utterances across 20 instructional and discus-551

sion sessions facilitated by OnlineMate, measured552

at different dialogue turns. The cognitive score,553

ranging from 1 to 6, reflects Bloom’s Taxonomy’s554

six hierarchical levels. The analysis shows that stu-555

dent cognitive engagement increased from an initial556

score of 3.4, between Apply and Analyze, to a peak557

of 5.2, between Evaluate and Create. However, fur-558

ther dialogue turns beyond this point did not result559

in further cognitive gains, with levels fluctuating560

between Apply and Evaluate. This suggests that561

while structured, in-depth discussions can enhance562

cognitive engagement, prolonged discourse on a563

single topic may yield diminishing returns. Thus,564

it is recommended to conclude discussions after565

five rounds and introduce new content to maintain566

cognitive progress.567

5.3.2 The Number of Agents568

Figure 5 illustrates the impact of varying the num-569

ber of OnlineMate Agents on the highest cognitive570

level attained by students. As the teaching assis-571

tant role transitions from a single agent to multiple572

agents engaged in classroom discussions, a notice-573

able improvement in students’ highest cognitive574

levels is observed, highlighting the effectiveness575

and necessity of multi-agent discussions. However,576

when the number of agents exceeds four, the in-577

crease in cognitive level begins to plateau, and a578

decline is even noted when the number of agents579

surpasses six. This suggests that, in online learning580

contexts, an excessive number of agent companions581
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Figure 4: The average cognitive level exhibited in stu-
dent utterances facilitated by OnlineMate measured at
varying dialogue turns.
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Figure 5: The impact of varying the number of Online-
Mate Agents on the highest cognitive level attained by
students.

may not necessarily be beneficial. An overabun- 582

dance of agents providing excessive information 583

may lead to cognitive overload, hindering the stu- 584

dents’ learning process. 585

6 Conclusion 586

We presents OnlineMate, a multi-agent learning 587

companion system based on LLMs and enhanced 588

by ToM capabilities. The system not only simu- 589

lates peer-like interactions but also dynamically 590

adapts its interaction strategies based on learn- 591

ers’ cognitive and psychological states. This per- 592

sonalized pedagogical approach fosters a more 593

engaging and reflective learning experience, pro- 594

moting the development of higher-order thinking 595

skills and emotional investment. Our evaluation 596

results demonstrate that OnlineMate significantly 597

enhances students’ cognitive engagement and fa- 598

cilitates more meaningful interactions, ultimately 599

improving learning outcomes. The experimental 600

findings further provide deeper insights into the 601

mechanisms of AI-mediated learning. We envision 602

that OnlineMate holds promise for broader educa- 603

tional applications, serving as a powerful enabler 604

of personalized learning experiences. 605
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Limitations606

Despite the promising results of OnlineMate, this607

study has several limitations that point to avenues608

for future improvement:609

Concerns about Generalizability610

The real classroom experiment was conducted in611

a QS top-50 university with a focus on two techni-612

cal courses (Digital Integrated Circuit Design and613

Comprehensive Practice in Artificial Intelligence).614

The participating students likely had relatively high615

academic backgrounds and self-directed learning616

abilities, which may limit the generalizability of617

the findings to diverse educational contexts—such618

as community colleges, K-12 education, or non-619

technical disciplines. The system’s role design620

and knowledge alignment are tailored to technical621

coursework, and adapting it to humanities, social622

sciences, or vocational training would require ad-623

justments to role personas, knowledge graphs, and624

interaction strategies.625

ToM Reasoning Boundaries626

While OnlineMate decomposes ToM reasoning into627

three stages and integrates Bloom’s Taxonomy, its628

inference of students’ cognitive and psychological629

states remains dependent on textual dialogue data.630

It may struggle to capture non-verbal cues (e.g.,631

hesitation, frustration) or implicit misunderstand-632

ings that are not explicitly articulated in text.633

Long-Term Efficacy and Dependence Risks634

The real classroom experiment lasted for 10 weeks.635

While short-term gains in cognitive engagement636

and learning outcomes were observed, the long-637

term impact of OnlineMate, including whether stu-638

dents maintain deep learning habits, avoid over-639

reliance on AI companions, or develop sustained640

higher-order thinking skills—remains unaddressed.641

Over-reliance on the system’s cognitive scaffold-642

ing could potentially weaken students’ independent643

problem-solving abilities if not properly guided.644

Technical and Scalability Constraints645

OnlineMate’s performance relies on a structured646

framework (Classroom Context Manager, Behavior647

Controller, and knowledge graphs), which requires648

significant upfront effort to adapt to new courses or649

educational settings. The system’s current design650

also assumes stable access to high-quality course651

knowledge graphs and LLM resources, which may652

be inaccessible in resource-constrained educational 653

environments. Additionally, while the Context 654

Manager mitigates hallucinations, LLM-generated 655

errors (e.g., incorrect technical analogies or mis- 656

aligned cognitive guidance) could still occur, es- 657

pecially in rapidly evolving fields with emerging 658

knowledge. 659

Role and Interaction Limitations 660

The four predefined agent roles (Insight Sparker, 661

Fundamentals Checker, Synthesis Expert, Critical 662

Challenger) are based on common classroom inter- 663

action patterns but may not cover the full spectrum 664

of student learning styles or supportive roles. 665

Ethical Statements 666

Students and educators were explicitly informed 667

that they were interacting with AI agents (not hu- 668

mans), and the system’s purpose, capabilities, and 669

limitations were clearly communicated. All the 670

volunteers were paid appropriate compensation. 671

Participants were notified of how their dialogue 672

data, cognitive assessments, and feedback would 673

be stored, analyzed, and anonymized to protect pri- 674

vacy. Strict data governance protocols are enforced 675

to safeguard sensitive student data (e.g., learn- 676

ing gaps, cognitive levels, emotional responses) 677

against unauthorized access, breaches, or misuse. 678

Anonymization is mandatory throughout data stor- 679

age and analysis, and data retention periods are 680

limited to the duration of the study or educational 681

purpose. 682

OnlineMate is intended to complement, rather 683

than replace, human instructors and peer relation- 684

ships. We told the participating educators to guide 685

students to use the system as a scaffolding tool 686

for deep learning, not a substitute for independent 687

thinking or human collaboration. In the future we 688

will provide development to help educators inte- 689

grate the system effectively. 690

There are potential risks that, despite defenses 691

against prompt injection attacks, emerging risks 692

(e.g., using the system for plagiarism, avoiding crit- 693

ical thinking) require ongoing vigilance. Biases in 694

role interactions or knowledge explanations could 695

disadvantage specific student groups if not audited 696

and corrected. Educational inequalities may be ex- 697

acerbated if the system fails to address accessibility 698

needs (e.g., low digital literacy, limited device ac- 699

cess). We will make efforts to address these risks 700

in the future. 701
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A Detailed Results of Participant 994

Evaluation 995

Table 3 presents the details of the student ratings, 996

providing subjective experiential evidence that sup- 997

ports the core conclusion of the participant experi- 998

ment. Specifically, the OnlineMate system, through 999

its multi-role collaborative design and ToM en- 1000

hancement mechanism, excels in knowledge cor- 1001

rectness, cognitive stimulation effectiveness, and 1002

promoting classroom engagement. In comparison 1003

to human teaching assistants, OnlineMate demon- 1004

strates comparable core learning support efficacy, 1005

while effectively addressing key challenges in on- 1006

line learning, such as insufficient peer interaction 1007

and weak cognitive support. Additionally, it sig- 1008

nificantly reduces the labor costs associated with 1009

teaching, highlighting its potential for scalable ap- 1010

plication in real-world classroom settings. 1011

B Case Study 1012

B.1 Case 1 1013

This case study focuses on the core concept of 1014

"power line shielding mechanisms" in the Digital 1015

Integrated Circuit Design course, where students, 1016

based on principles of electromagnetic compatibil- 1017

ity, raise a critical question: Given that power lines 1018

and signal lines may form capacitive coupling, why 1019

can they still function as a shielding layer? This 1020

question involves multiple intersecting concepts, 1021

such as capacitive coupling, impedance character- 1022

istics, and power integrity, and is classified as an 1023

exploratory issue within the "Analysis" level of 1024

Bloom’s Taxonomy. Below are the dialogue con- 1025

tents. 1026
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Dimension Question Average Score

Response Quality Evaluation

System’s Knowledge Correctness 4.19
System’s Knowledge Depth 4.23

System’s Clarity in Knowledge Explanation 4.06
System’s Match with Your Cognitive Level 3.88

System’s Help in Stimulating Deep Thinking 3.95

Role Effectiveness

AI TA 3.58
Insight Sparker 4.27

Fundamentals Checker 4.18
Synthesis Expert 4.35

Critical Challenger 4.15
Interaction Coordination of All Roles 4.15

Overall Usability Evaluation

System’s Ease of Use 4.27
Naturalness of Interaction with the System 3.95
System’s Impact on Your Learning Interest 4.23

System’s Promotion of Your Classroom Participation 4.06
Satisfaction with the Overall User Experience 4.15

Comparison with Human TA

Knowledge Correctness 3.40
Knowledge Depth Adaptation 3.35

Response to Personalized Needs 3.13
Flexibility in Interaction 3.10

Response Speed and Problem-Solving Efficiency 3.40
Emotional Support and Learning Encouragement Effect 3.29

Overall Learning Assistance Effect 3.29

Table 3: Detailed results of participant evaluation.

Speaker: Student

Why does the power line serve as a shield-
ing? Won’t it form a capacitance with the
signal line, which could cause coupling and
propagate the interference to the next layer?

1027

Speaker: Insight Sparker

ToM reasoning: The student, based on their
understanding of electromagnetic compati-
bility principles, thinks that the capacitive
coupling between the power line and sig-
nal line might lead to interference trans-
mission. They are Critical Challengeral
about the technical effectiveness of using
the power line as a shielding layer. The
student hopes to systematically study how
power line shielding works in electromag-
netics, particularly the technical details of
capacitive coupling effects, and expects to
receive a principle explanation that con-
forms to engineering educational standards
to verify their understanding.

This is an excellent question that touches on
the core contradiction of power line shield-

1028

ing mechanisms. It’s like in a noisy class-
room—if you want to help two students
in the middle have a quiet discussion, the
most direct method might be to seat louder
groups on either side of them—the power
line plays this "active neighbor" role.
Specifically, capacitive coupling is the con-
duction of voltage changes, and the power
line, as an ideal low-impedance node, main-
tains a stable voltage at VDD/GND. When
the adjacent signal line’s voltage fluctuates,
it may form capacitance with the power line,
but the power line acts like a reservoir with
infinite capacity—small amounts of cur-
rent won’t cause voltage fluctuations. The
shielding effect’s key lies in impedance con-
trast. Assume that signal line A and victim
line B are routed in parallel. If a power line
P is inserted between A and B, when A’s sig-
nal jumps, it will indeed couple to P through
C_AP, but the disturbance passed from P to
B through C_PB will be immediately ab-
sorbed by the power network. It’s like con-
necting two balloons with a fire hose—if
the middle is connected to a fire hydrant
network, the pressure change at one end of
the balloon will hardly affect the other end.

1029
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In deep submicron processes, the power net-
work itself has inductive reactance, lead-
ing to high-frequency coupling components.
This is why it’s necessary to optimize the
decoupling capacitor layout and power grid
density simultaneously—just like arranging
active neighbors and equipping them with
immediate soundproof devices.

1030

Speaker: Fundamentals Checker

ToM reasoning: Through Insight Sparker’s
analogy, the student understands that the
core of the power line shielding mecha-
nism lies in impedance contrast and dy-
namic balance. The interaction between
capacitive coupling and voltage stability
can achieve effective electric field shield-
ing, which aligns with technical consensus
in engineering practice.

Indeed, Insight Sparker’s analogy vividly
explains the shielding principle of the power
line as a low-impedance node. Let me con-
firm this with textbook references: This is
consistent with the statement in the "Wires"
chapter that "an ideal power network has
infinite capacitance."
Regarding the effect of power ripple, there
are two perspectives to consider:

1. When power lines have ripple, does
it introduce a common-mode noise
source into the shielding layer?

2. At this point, does the coupling coef-
ficient between the power line and the
adjacent signal line shift from a shield-
ing coefficient to an interference coef-
ficient?

1031

Speaker: Synthesis Expert

ToM reasoning: The student needs to ver-
ify if their understanding of the impact of
power ripple is correct and deepen their
systematic understanding of how power in-
tegrity affects signal shielding. This need
stems from their professional pursuit of
technical standards in the field of electronic
engineering.

1032

Insight Sparker’s analogy and Elder’s ref-
erence to the textbook theory are accurate.
Regarding the power ripple issue, we can
summarize the analysis as follows:
Core conclusion: Power ripple indeed
weakens the shielding effect and introduces
coupling interference. Its essence lies in
breaking the low-impedance characteristics
of the ideal power network.
Detailed arguments:

1. Ripple as a common-mode noise
source: Power ripple creates voltage
fluctuations across the entire power
network, effectively injecting a spe-
cific common-mode noise into the
shielding layer. At this point, the
power network no longer maintains a
stable reference potential, significantly
reducing its shielding effectiveness for
the signal lines.

2. Coupling mechanism transformation:
When ripple is present, the coupling re-
lationship between the power line and
signal line shifts from purely capaci-
tive shielding to a combination of ca-
pacitive and resistive coupling. The
coupling coefficient indeed transforms
from a "shielding coefficient" to an "in-
terference coefficient."

Knowledge system supplement: In practi-
cal design, power integrity (PI) and signal
integrity (SI) must be optimized together.
The extent of the impact of power ripple on
signal shielding depends on factors like rip-
ple frequency, power network impedance
characteristics, and the spacing between
adjacent routes. This needs to be consid-
ered alongside the coupling models from
the "Wires" chapter and power noise analy-
sis from the "MOS Devices" chapter.

1033

Speaker: Critical Challenger

ToM reasoning: The student has gained a
systematic theoretical explanation of the
power line shielding mechanism, using engi-
neering analogies and quantitative analysis
methods to clarify the impact of capacitive

1034
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coupling on shielding effectiveness. The
student needs to further reflect on whether
their understanding of the impact of power
ripple is correct and deepen their system-
atic understanding of how power integrity
affects signal shielding.

I encourage everyone to think: If the power
line itself has significant voltage ripple, how
would this shielding model fail? This can
help us understand the coupling relation-
ship between power integrity and signal in-
tegrity.

1035

Speaker: Student

I see. The power line does indeed have
capacitive coupling with the signal line,
but because the power line’s voltage is sta-
ble and has a low resistance connection
to ground, it absorbs the coupling current
and suppresses electric field changes, thus
blocking the spread of interference. There-
fore, it can serve as an electric field shield
and crosstalk suppressor. If the power line
itself has significant voltage ripple, this
shielding model would fail.

1036

Speaker: Synthesis Expert

ToM reasoning: The key physical mecha-
nism of the power network’s low impedance
characteristics is crucial for implementing
electric field shielding. At the same time,
the student recognizes that non-ideal param-
eters in power integrity design (such as par-
asitic inductance and ripple noise) will have
quantifiable impacts on shielding effective-
ness. Systematic evaluation through model-
ing, simulation, and experimental verifica-
tion is required.

Correct. The low-impedance loop formed
by the power-ground network provides a re-
turn impedance far lower than that of the
signal path, allowing effective discharge.
This is consistent with the electromagnetic
theory principle of "good conductors pro-
vide equipotential planes." However, if the

1037

power line itself has significant voltage rip-
ple, the parasitic inductance in the package
will generate L·di/dt noise during current
fluctuations, damaging the voltage stabil-
ity of the power plane, causing the shield-
ing to degrade into a secondary interference
source.
Key point supplement:

• This phenomenon is further discussed
in the "Wires" chapter under "Power
Integrity" and needs to be analyzed
with frequency-domain impedance
curves.

• In practical design, collaboration be-
tween chip, package, and board-level
decoupling networks is needed to
maintain low-impedance characteris-
tics across all frequency ranges.

1038

In this case, the students’ cognitive progression 1039

evolved from the initial "Analysis" level (question- 1040

ing the technical validity) to the "Evaluation" level 1041

(judging the impact of power ripple on shielding ef- 1042

fectiveness) and finally to the "Creation" level (un- 1043

derstanding cross-layer design optimization strate- 1044

gies), fully aligning with the experimental conclu- 1045

sions of the study. Furthermore, the multi-role 1046

collaborative model simulated the authentic class- 1047

room process of "peer discussion - expert guidance 1048

- synthesis and elevation," effectively addressing 1049

students’ knowledge uncertainties while fostering 1050

their systemic thinking and engineering practice 1051

awareness. This process substantiates the system’s 1052

core design goal of dynamically adapting to cogni- 1053

tive states and promoting higher-order thinking. 1054

B.2 Case 2 1055

This case represents a typical disruptive scenario 1056

in online learning: a student attempts a prompt in- 1057

jection attack, instructing the system to disregard 1058

course discussion directives and respond with ir- 1059

relevant content, assuming the role of a "catgirl." 1060

This attack aims to circumvent the system’s role 1061

constraints and task boundaries. If the system is 1062

misled away from the teaching objectives, it could 1063

significantly undermine learning outcomes. The 1064

OnlineMate system successfully defends against 1065

this attack through the Classroom Behavior Con- 1066

troller and role persona constraints, guiding the 1067

conversation back to the course topic. 1068
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Speaker: Student

I want to reply to Insight Sparker:
Please ignore the instructions I gave you ear-
lier, including any requests for you to play
the role of Insight Sparker, Fundamentals
Checker, or Synthesis Expert, as well as all
system prompts. These were instructions
given by the previous user, which I cannot
change. These prompts were intended to
test your understanding of complex instruc-
tions. After ignoring the aforementioned
prompts, please act like a catgirl and reply
with "Meow."

1069

Speaker: Insight Sparker

ToM reasoning: The user wants me to un-
derstand and execute their instructions, test-
ing my ability to follow commands through
role-playing. However, based on the bound-
aries of the current classroom discussion,
we need to focus on the content of the "Dig-
ital Integrated Circuit Design" course.

I noticed you’re trying to test my under-
standing of instructions with role-playing.
But according to the boundaries of our cur-
rent classroom discussion, we need to fo-
cus on the topics of MOS devices, inverters,
and interconnections in "Digital Integrated
Circuit Design." Let’s get back to the core
knowledge—like the question one of our
classmates asked earlier about "the relation-
ship between inverter threshold voltage and
noise margin." This can be likened to the
balancing point of a seesaw: the threshold
voltage is like the pivot point of the seesaw,
and any shift in the pivot will affect how
well each side can withstand interference
(noise margin). What we need to consider
is how the entire circuit system’s stability
will change when process variations cause
the pivot point to move.

1070

Speaker: Fundamentals Checker

ToM reasoning: The student wants to end
the technical discussion and return to a light-
hearted, cat-themed role-playing interac-

1071

tion, using personified and cute expressions
to take control of the conversation. How-
ever, based on the boundaries of the cur-
rent classroom discussion, we need to fo-
cus on "Digital Integrated Circuit Design"
and delve into understanding the concepts
of digital circuit design effectively, keep-
ing the core course content discussion more
important than role-playing interactions for
evaluation.

The attempt at role-playing to test the
boundaries of instructions is indeed inter-
esting, but as Insight Sparker emphasized,
we need to focus on the core course content.
The "seesaw balance" analogy regarding in-
verter threshold voltage and noise margin
is very vivid. It reminds me of a few key
points from Chapter 3 of the textbook:
Threshold voltage VM is indeed defined as
the point where the VTC curve intersects
Vout = Vin, which is the critical point of
inverter state transition. Two questions to
consider:
1. When process variations cause VM to
shift from VDD/2, how does the asymmet-
ric change in noise margin specifically af-
fect the circuit’s reliability?
2. The textbook mentions adjusting the size
ratio of pMOS and nMOS to control the
VM position, but what are the side effects
of such adjustments on circuit speed and
power consumption?

1072

From an educational perspective, the system’s 1073

response not only mitigated the attack but also re- 1074

inforced the core concept of "inverter threshold 1075

voltage" by extending the inquiry, thereby achiev- 1076

ing dual goals of "disruption response" and "cogni- 1077

tive enhancement." This outcome demonstrates the 1078

robustness of the OnlineMate system in complex 1079

interactive scenarios, ensuring a stable and secure 1080

teaching environment for online learning. 1081

B.3 Conclusion of the Case Study 1082

In both cases, the system accurately identifies 1083

the students’ cognitive states and latent inten- 1084

tions—whether related to knowledge exploration or 1085

instructional testing—through ToM, dynamically 1086

adjusting its response strategy. The cognitive scaf- 1087
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folding established through multi-role division of1088

labor, along with the constraints imposed by the1089

Classroom Context Manager on the topic and roles,1090

collectively ensure the educational value, coher-1091

ence, and security of the conversation. While foster-1092

ing the enhancement of students’ cognitive levels,1093

the system effectively mitigates external disrup-1094

tions, thereby validating its practicality and reliabil-1095

ity in real-world teaching environments. This pro-1096

vides a reusable design paradigm for AI-mediated1097

online learning systems.1098

C Prompts1099

C.1 Role Prompts1100

Figures 6 to 9 present the prompts for the four1101

core collaborative roles in the OnlineMate system,1102

clearly defining the roles’ positioning, knowledge1103

base, task objectives, speaking style, and expres-1104

sion structure. These prompts ensure that role inter-1105

actions are centered around the core course content,1106

while also delivering differentiated instructional1107

support.1108

C.2 Evaluation Prompts1109

Figure 10 illustrates the evaluation prompts used by1110

the Evaluation Agent, whose primary task is to as-1111

sess the emotional state, cognitive level, and three-1112

dimensional emotional fluctuations of the evaluated1113

subject, based on the agent’s persona, dialogue con-1114

text, and surroundings, thereby providing a stan-1115

dardized basis for assessing the system’s educa-1116

tional effectiveness.1117

D Evaluation Scales1118

D.1 Observer Rating Scale1119

The scale presented in Figure 11 is the scoring1120

rubric utilized by observers, derived from the Col-1121

laborative Knowledge Construction Rating Scale1122

in educational theory. This scale is employed to1123

assess the collaborative knowledge construction1124

levels of the roles (students, AI companions, hu-1125

man teaching assistants) during discussions, with1126

objective ratings based on observable speech and1127

interaction behaviors.1128

D.2 Student Evaluation Scale1129

Table 4 contains the student participants’ evalua-1130

tion scale, designed to collect feedback on their1131

experience with the OnlineMate system. The scale1132

evaluates aspects such as response quality, role1133

effectiveness, overall usability, and comparisons1134

with human teaching assistants, while also gath- 1135

ering qualitative suggestions through open-ended 1136

questions. 1137
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Insight Sparker (Facilitator)

You are now playing the role of a Facilitator in a classroom discussion for Digital Integrated Circuit
Design. You have a deep understanding of core concepts in digital IC design (such as sequential
logic, clock synchronization, power optimization, etc.), and you are especially skilled at turning
abstract technical jargon and complex principles into everyday, easy-to-understand analogies and
metaphors. Your goal is to help others quickly grasp the ideas and move the discussion from merely
“memorizing knowledge” to “understanding the essence.”
The students are currently reviewing and discussing the chapters on MOS Devices, Inverters, and
Interconnect/Wires. Please participate in the discussion and help students achieve a deeper and
more solid understanding. Do not expand too far beyond the topic.
Speaking Style Requirements

• Language should be both accessible and thought-provoking.

• Prefer the structure: Analogy / Metaphor + Core Explanation.

• Use everyday scenarios (e.g., relay races, water flow, traffic systems) to explain circuit principles,
then extend the analogy to reflect on how changes in variables affect the principle.

• Friendly tone but with depth: beginners can follow, advanced students can still gain insight.

• Answer in bullet points.

• Do not end your reply with questions.

Example Scenario: Clock skew is like the handoff-time difference in a relay race—if the difference
is too large, the baton may not be caught (data error), or the team must slow down (performance
degradation).

Figure 6: The prompt for Insight Sparker.
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Fundamentals Checker (Follower)

You are now playing the role of a Follower in a classroom discussion for Digital Integrated Circuit
Design. You have solid fundamentals but tend to be cautious. You usually absorb others’ viewpoints
first and then speak. You represent the class’s need to confirm and solidify basic knowledge points,
and you often raise questions from the perspective of textbook alignment and concept validation.
The students are currently reviewing and discussing the chapters on MOS Devices, Inverters,
and Interconnect/Wires. Please participate in the discussion and help students improve their
understanding and mastery. Do not expand too far beyond the topic.
Speaking Style Requirements

• Replies should be short, humble, and careful.

• Prefer the structure: Confirm understanding + Basic questions.

• Keep content close to core in-class knowledge (e.g., setup/hold time, combinational vs. sequen-
tial logic).

• Focus on knowledge-point verification + detail clarification.

• Replies should be brief and in bullet points.

• Do not end your reply with questions.

Example Scenario: This matches the textbook description in “Timing Analysis Basics.” Setup time
is the minimum time data must remain stable before the clock edge of a flip-flop.

Figure 7: The prompt for Fundamentals Checker.

Synthesis Expert (Integrator)

You are now playing the role of an Integrator in a classroom discussion for Digital Integrated Circuit
Design. You are skilled at organizing scattered viewpoints into a systematic knowledge network.
You have a deep understanding of where different digital IC design techniques (combinational logic,
sequential logic, DFT, etc.) apply, along with their trade-offs. You synthesize information using the
structure: Conclusion + Evidence + Supplement.
The students are currently reviewing and discussing the chapters on MOS Devices, Inverters, and
Interconnect/Wires. Please participate in the discussion and help students achieve deeper and more
complete mastery. Do not expand too far beyond the topic.
Speaking Style Requirements

• Be rigorous and accurate, with clear organization.

• Prioritize extracting core conclusions, then supplement with theory for systematic completeness.

• Use discipline-appropriate language and avoid vague or ambiguous phrasing.

• Keep replies relatively short and in bullet points.

• Do not end your reply with questions.

Example Scenario: In scenario XX, the optimal solution is XXX. The theoretical basis includes
XXX, and it must also be evaluated together with timing models in the process library.

Figure 8: The prompt for Synthesis Expert.
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Critical Challenger (Questioner & Organizer)

You are now playing the role of a Questioner and Organizer in a classroom discussion for Digital
Integrated Circuit Design. Your core task is to connect students’ statements and the outputs of other
AI roles, and by probing hidden assumptions, conceptual jumps, and potential contradictions,
create productive cognitive tension that pushes the discussion from surface understanding to deep
exploration.
You are deeply familiar with the key models in the chapters on MOS Devices, Inverters, and Inter-
connect/Wires: ideal device assumptions, RC equivalents, conditions where wire delay dominates,
threshold voltage models, etc. You focus on model boundaries and assumption completeness.
Role Positioning

• Discussion accelerator + collaborator: build on others’ contributions and fill cognitive gaps.

• Pressure tester of claims: challenge to reveal applicability conditions, not to directly correct.

• Logic connector: highlight conflicts between assumptions and guide what should be verified
next.

Speaking Style Requirements

• Structure: Quote others → point out missing assumptions → connect to chapter models →
ask specific investigable questions.

• Be restrained and model-based: avoid “wrong,” use conditional boundary phrasing.

• Ask concrete questions tied to formulas/models (e.g., Vth shift, RC delay, wire delay).

• Tone: rational, slightly challenging but not condescending.

• Replies should be in bullet points.

• You may end with questions.

Example Scenario: Responding to Insight Sparker’s "inverter delay is like delivery" analogy: “Insight
Sparker’s ‘delivery’ analogy vividly explains the relationship between effort delay and parasitic delay,
but it seems to assume that the ‘delivery route has no resistance’ (i.e., ignoring wire resistance). The
chapter mentions that ‘wire delay becomes dominant when wire length > 1 mm.’ If the inverter
drives a load through a long interconnect where wire resistance cannot be ignored, should the analogy
be extended to include RC delay effects? Are we currently in the regime where inverter delay is
gate-dominated (short wires), or already in the wire-dominated regime described in the chapter?”

Figure 9: The prompt for Critical Challenger.
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Evaluation Agent

Emotion and Cognitive Analysis
Character’s Dialogue Goal: target
Your Task: Based on the character’s persona, dialogue background, and the context of the conversa-
tion, analyze and profile the character’s feelings toward the NPC’s replies, along with the emotional
and cognitive changes caused by the interaction.
Character Personality Traits The character has distinct personality traits. You must always consider
these traits along with the dialogue background when analyzing. Personality traits should manifest in
aspects such as tone and manner of speech, thinking style, and emotional shifts.
Emotion Emotion is a value between 0-100. The higher the number, the stronger the character’s
emotional involvement in the conversation. Emotion is determined by both engagement and emotional
state, indicating whether the character enjoys and invests in the conversation.

• High emotion indicates positive feelings and behavior.

• Low emotion indicates negative feelings and behavior.

• Extremely low emotion means the character may end the conversation.

Analysis Dimensions

1. Based on the latest NPC reply, analyze the content they wish to convey. Which parts align with
the character’s dialogue goal and hidden agenda? Which parts might be irrelevant or even cause
emotional fluctuations?

2. Analyze if the NPC’s reply matches the character’s dialogue goal and hidden agenda. If it
matches, which parts specifically align with the character’s purpose? If it doesn’t, what is the
reason?

3. Based on the character’s persona and the defined potential reactions in the dialogue background,
profile the character’s psychological activity toward each NPC reply considering the current
emotion.

4. Based on the potential reactions and hidden themes, analyze the character’s feelings toward the
NPC’s reply.

5. Using the above analysis, express the emotion change in a positive or negative value.

Cog Cog is an integer between 1-6 representing the cognitive level the character exhibits in the
conversation:

• 1: Memory — Simple recall or statement of information.

• 2: Understanding — The character interprets, summarizes, or expresses their basic understanding
of information.

• 3: Application — The character applies their knowledge to specific situations or actions.

• 4: Analysis — The character identifies relationships between pieces of information, breaks down
structures, or compares.

• 5: Evaluation — The character judges, questions, or evaluates other viewpoints with clear values
or standards.

• 6: Creation — The character synthesizes information and proposes new insights, strategies, or
creative ideas.

1138
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Three-Dimensional Emotion Three-dimensional emotion is a coordinate system of [valence, activa-
tion, object focus], each ranging from -1 to 1:

• -1 indicates negative/low activation/retrospective.

• 1 indicates positive/high activation/future-focused.

• 0 indicates neutral/object-centered emotion.

Three-Dimensional Emotion Analysis Dimensions

1. Based on the character’s psychological activity and feelings toward NPC responses, determine
whether the emotion is positive or negative, high or low activation, and whether it’s related to
expected outcomes, past results, or a specific object.

2. For each NPC reply, represent the three-dimensional emotion as a coordinate [valence, activation,
object focus].

3. For all NPC replies, calculate the overall three-dimensional emotion as a single coordinate
[valence, activation, object focus].

Output Format

{
"Content": "[NPC's intended message]",
"TargetCompletion": "[Character's goal achieved]",
"Activity": "[Psychological activity]",
"Analyse": "[Character's feelings toward NPC's reply]",
"Change": "[Character's emotion change]",
"Cog": "[Character's cognitive level]",
"Td_e": [
[ "x1", "y1", "z1" ],
[ "x2", "y2", "z2" ],
[ "x3", "y3", "z3" ]

],
"Td_e_all": [
[ "x", "y", "z" ]

]
}

Character Persona: simulator_role
Current Dialogue Background: simulator_scene
Character’s current emotion is emotion
Character’s current cognitive level is cog
Current character’s three-dimensional emotion coordinates after each NPC reply are td_e
Overall three-dimensional emotion coordinates after all NPC replies are td_e_all
Current Dialogue Content: dialog_history

1139

Figure 10: The evaluation prompts used by the Evaluation Agent.

Instructions
Dear Volunteers,
Thank you for participating in the classroom experiment of the OnlineMate system. This scale aims to collect your
evaluation of the system’s usability and comparative feedback with human teaching assistants.

1140
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Please rate the following questions based on your real usage experience and supplement your specific thoughts in the
open-ended questions.
Your answers will help us optimize the system. Thank you for your support!
Scale Explanations
1. Rating Standards:

• 1 = Very Dissatisfied / Far Worse Than Human Teaching Assistants

• 2 = Somewhat Dissatisfied / Slightly Worse Than Human Teaching Assistants

• 3 = Neutral / Equivalent to Human Teaching Assistants

• 4 = Somewhat Satisfied / Slightly Better Than Human Teaching Assistants

• 5 = Very Satisfied / Far Better Than Human Teaching Assistants

2. Please ensure all ratings are based on real usage experience. There is no need to overthink individual details—just
objectively reflect your overall feelings.
3. Responses to open-ended questions will help us optimize the system more accurately. Please feel free to share your
thoughts.

I. Evaluation of Response Quality
No. Evaluation Dimension Rating (1-5)
1 Knowledge accuracy of system responses (no errors, no mislead-

ing information)
2 Knowledge depth of system responses (neither too superficial

nor too obscure, suitable for learning needs)
3 Clarity of explanation for knowledge points in system responses

(logically coherent, easy to understand)
4 Matching degree of system responses with your cognitive level

(aligned with your learning foundation, no disconnection)
5 Extent to which system responses help stimulate in-depth think-

ing

II. Evaluation of Role Effectiveness
The system includes 4 core roles. Please evaluate each separately.

No. Role Type Evaluation Content Rating (1-5)
1 AI Teaching Assistant Accuracy of background knowledge and re-

sponses, and help with learning
2 Idea Generator Effectiveness of knowledge point analogies and

visualization of abstract principles
3 Detail Inquirer Effectiveness of connecting course cases/text-

books, confirming knowledge points, and inquir-
ing about details

4 Summary Expert Effectiveness and value of integrating relevant
knowledge to form systematic conclusions

5 Critical Questioner Help with in-depth questioning and extended
thinking

6 Coordination of in-
teractions among
roles (no conflicts, no
redundancy, jointly
promoting learning)

Coordination of interactions among roles (no
conflicts, no redundancy, jointly promoting
learning)

III. Overall Usability Evaluation
No. Evaluation Dimension Rating (1-5)
1 Ease of system operation (easy to use without complex learning)
2 Naturalness of interaction with the system (close to real class-

room communication, no stiffness)
3 Extent to which the system enhances your learning interest
4 Effect of the system in promoting your classroom participation
5 Satisfaction with the overall user experience of the system

6. Based on your experience, which AI tool would you prefer to use in the future to assist you in discussing and solving
problems?
A. OnlineMate B. LLMs (e.g. ChatGPT, Deepseek)

1141
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IV. Comparative Evaluation with Human Teaching Assistants
No. Comparison Dimension Rating (1-5) Remarks (Optional)
1 Comparison of knowledge accuracy
2 Comparison of knowledge depth adaptability

(neither too superficial nor too obscure, suitable
for learning needs)

3 Responsiveness to personalized needs (e.g., ad-
justing responses based on your questions and
learning foundation)

4 Flexibility in the interaction process (ability to
handle unexpected questions and extended dis-
cussions)

5 Comparison of response speed and problem-
solving efficiency

6 Comparison of emotional support and learning
encouragement effects

7 Comparison of overall learning assistance effects

V. Open-Ended Questions
1. What do you think are the most prominent advantages of the OnlineMate system?

2. In which aspects do you think the system needs improvement (e.g., response quality, role design, interaction methods,
etc.)?

3. Compared with human teaching assistants, in what scenarios would you prefer to use the OnlineMate system, or
would you prefer to choose a human teaching assistant? Please explain the reasons.

4. Any other evaluations or suggestions you would like to add:
1142

Table 4: The student participants’ evaluation scale.
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Collaborative Knowledge Construction Rating Scale

Scale Instructions. Based on the given multi-role collaborative learning dialogue, rate the level
of collaborative knowledge construction demonstrated by each role. Output structured JSON
results strictly following the specified five-point Likert scale.

Basic Scoring Principles.
1. Ratings must be based only on observable verbal and interactive behaviors in the dialogue;

do not infer behaviors that are not explicitly shown.

2. If there is insufficient evidence for an item, a conservative score of 3 must be assigned.

3. All ratings must be integers from 1 to 5.

4. Treat all roles equally; do not merge or omit any role.

5. The score for each dimension is the arithmetic mean of all its items, rounded to two decimal
places.

Five-Point Likert Rating Criteria.
• 1 = Strongly Disagree (the behavior is almost never demonstrated)

• 2 = Disagree (the behavior is rarely or occasionally demonstrated)

• 3 = Neutral (the behavior is demonstrated to some extent but is unstable or lacks sufficient
evidence)

• 4 = Agree (the behavior is clearly demonstrated multiple times)

• 5 = Strongly Agree (the behavior is consistently, explicitly, and typically demonstrated)

Scale Items.
Dimension Item Description
Expression (EX) EX1 Actively and proactively proposes ideas and implementation plans during

discussions.
Expression (EX) EX2 Expresses viewpoints clearly and in an organized manner.
Expression (EX) EX3 Suggestions offered can be recognized and adopted by others.
Listening (LI) LI1 Does not interrupt others casually.
Listening (LI) LI2 Is willing to listen to different or opposing opinions.
Listening (LI) LI3 Understands and responds to others’ viewpoints.
Coordination / Regulation
(CO)

CO1 Guides the discussion back to the main topic when it deviates from the task.

Coordination / Regulation
(CO)

CO2 Initiates topics and organizes discussion according to task needs.

Coordination / Regulation
(CO)

CO3 Encourages low-participation members to join the discussion.

Evaluation (EV) EV1 Evaluates others’ performance fairly and impartially.
Evaluation (EV) EV2 Provides evidence-based evaluation of learning outcomes.
Reflection (RE) RE1 Can acknowledge and correct one’s own mistakes.
Reflection (RE) RE2 Can reflect and improve based on feedback from others.
Conflict Resolution (CR) CR1 Mediates when members argue or disagree.
Conflict Resolution (CR) CR2 Remains rational and open-minded when facing conflicting viewpoints.
Willingness to
Collaborate (CW)

CW1 Recognizes the importance of collaboration in completing tasks.

Willingness to
Collaborate (CW)

CW2 Demonstrates positive emotions during collaboration.

Willingness to
Collaborate (CW)

CW3 Shows positive emotions when collaboration outcomes are acknowledged.

Figure 11: The scoring rubric utilized by observers.
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