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Abstract001

For complex cognitive planning problems, ex-002
isting chain-of-thought prompting and agent-003
based methods lack a standardized problem-004
solving guidance framework, often leading to005
scattered planning logic, limited interpretabil-006
ity, and weak domain adaptation. We pro-007
pose a metacognition-driven dynamic cognitive008
planning method that determines an instance-009
specific planning template based on the intrin-010
sic attributes of the target problem, and uses011
this template to guide professional and trustwor-012
thy solving of complex planning tasks. Specif-013
ically, our method (i) performs deep decom-014
position to uncover the problem’s intrinsic at-015
tributes, (ii) synthesizes a problem-specific cog-016
nitive planning template, (iii) generates a fine-017
grained planning trace following the template,018
and (iv) produces a standardized output derived019
from the trace. We validate the approach in020
educational math tutoring as a representative021
cognitive planning setting, covering diverse022
tasks on MathTutorBench including mathemat-023
ical problem solving, student-solution diagno-024
sis/understanding, and scaffolding-oriented tu-025
toring. Experiments show that our method sig-026
nificantly outperforms strong prompting base-027
lines and fine-tuned tutors, and substantially028
improves controllability and trace interpretabil-029
ity under strict output constraints and multi-030
turn interaction. These results suggest a new031
paradigm for solving complex cognitive plan-032
ning problems via dynamic template synthesis033
and trace-based execution.034

1 Introduction035

Large language models (LLMs) show strong rea-036

soning and generation abilities (Achiam et al.,037

2023; Touvron et al., 2023; Bai et al., 2023). This038

makes them promising for tasks that require multi-039

step decision making and structured outputs. Yet040

many high-stakes tasks require more than “getting041

an answer”. They require a stable task understand-042

Student:  � + 1 = x−1. Squared 
⇒x∈{0,3}. Which is correct?

Tutor:  Since  � + 1 ≥ 0,we need 
x-1 ≥ 0. So x=3.

Student:  Why not x = 0?

Tutor: Plug in:  1 = 1 but 
0 − 1= −1. So it fails. 

Student:  Got it.

Student:  � + 1 = x−1. Squared 
⇒x∈{0,3}. Which is correct?

Tutor: Before squaring, what 
must be true about x−1? (Hint: 

(·) ≥ 0. )

Student: x−1 ≥ 0 ⇒ x ≥ 1.

Tutor: Among{0,3},which value 
satisfies  x ≥ 1?

Student:  x = 3.

Tutor: Can you verify by substituting 
x = 3 into the original equation?

Tutor:  OK.

(a) gives verdict and justification. (b) selects micro-goals and asks guiding questions.

Figure 1: Tutoring is not just correctness. A MATH-
TUTORBENCH tutoring snapshot contrasts answer-
giving (novice) with Socratic scaffolding (expert),
where the tutor selects micro-goals and elicits self-
correction instead of directly revealing the final answer.

ing, a coherent plan, and an intermediate process 043

that can be inspected, supervised, or reused. 044

A typical failure of end-to-end prompting is pro- 045

cess instability. Even when prompted to “think step 046

by step” (Wei et al., 2022; Kojima et al., 2022), the 047

model may jump between different intents, change 048

granularity across steps, or overfit to surface in- 049

structions. In tutoring dialogue, this can appear as 050

switching from diagnosis to direct solving, skip- 051

ping key checks, or producing guidance that does 052

not match the student’s current state (cf. tutor- 053

ing principles such as scaffolding and feedback; 054

Anghileri, 2006; Hattie and Timperley, 2007). Fig- 055

ure 1 illustrates a standardized tutoring gap: two 056

tutors may both “know” the mathematics, yet differ 057

sharply in pedagogy—a good tutor plans micro- 058

goals and guides self-correction, rather than imme- 059

diately providing the verdict. 060

In some benchmarks, additional constraints exist 061

(e.g., strict formats or “no direct answer”). These 062

constraints matter in practice, but they are not the 063

core difficulty. The core difficulty is that the model 064

lacks a stable cognitive planning process that sepa- 065

rates (i) task understanding, (ii) plan formation, and 066

(iii) step-wise execution into a consistent structure. 067

Moreover, recent evidence suggests that LLMs do 068

not reliably self-correct their reasoning without ex- 069
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plicit control mechanisms (Huang et al., 2023).070

We view tutoring as a representative case of071

a broader class of complex cognitive planning072

tasks. In such tasks, the agent should: (1) form073

a panoramic understanding of goals, requirements,074

and bottlenecks, (2) build an executable plan struc-075

ture that fits the current instance, (3) execute076

the plan while keeping intermediate results inter-077

pretable, and (4) derive the final output from that078

intermediate trace. This intermediate trace is useful079

beyond correctness. It supports inspection, super-080

vision, and future training (e.g., trace-level pref-081

erence learning or step-level distillation), align-082

ing with established views of learning-through-083

interaction (Chi and Wylie, 2014; Kapur, 2008).084

In this paper, we propose CPA (Cognitive085

Planning Agent). CPA is not a new trained model.086

It is a runtime agent/controller that wraps a back-087

bone LLM at inference time. CPA follows a stan-088

dardized four-stage pipeline: (i) task deep decom-089

position into a panoramic state, (ii) plan template090

synthesis via a generate–simulate–evaluate–revise091

loop, (iii) step-wise execution to produce a struc-092

tured planning trace, and (iv) output derivation093

from the deliverable step in the trace. This structure094

reduces the model’s degrees of freedom. Instead095

of freely deciding “what to do next” at each to-096

ken, the model executes within an explicit plan,097

complementing prior planning paradigms such as098

plan-then-execute (Wang et al., 2023) and skeleton-099

based prompting (Ning et al., 2023).100

We evaluate CPA on MATHTUTORBENCH101

(Macina et al., 2025). The benchmark includes102

seven tasks that cover core tutoring abilities: prob-103

lem solving, Socratic questioning, solution correct-104

ness checking, mistake localization, mistake correc-105

tion, and two pedagogical response tasks. Across106

these tasks, CPA improves overall tutoring qual-107

ity. It also produces more consistent intermediate108

traces, which can support analysis and supervision.109

Contributions. (1) We formalize tutoring and110

related abilities as complex cognitive planning111

tasks that benefit from stable planning and in-112

terpretable intermediate traces, consistent with113

classic tutoring and learning theories (Vygotsky,114

1978; Chi and Wylie, 2014; Hattie and Timper-115

ley, 2007). (2) We propose CPA, a training-free116

runtime planning architecture whose key compo-117

nent is instance-specific plan template synthesis118

via generate–simulate–evaluate–revise. (3) On119

MATHTUTORBENCH (Macina et al., 2025) (seven120

tutoring-related tasks), CPA achieves strong gains, 121

and ablations isolate the role of each module. 122

2 Related Work 123

2.1 Planning for complex tasks 124

Complex planning typically involves goals, con- 125

straints, structured steps, and deliverables. LLM- 126

based planning via chain-of-thought and its vari- 127

ants (Wei et al., 2022; Kojima et al., 2022) can 128

improve multi-step reasoning, while further tech- 129

niques decompose or stabilize reasoning trajecto- 130

ries, such as least-to-most prompting (Zhou et al., 131

2022), self-consistency (Wang et al., 2022), and 132

decomposed prompting (Khot et al., 2022). Be- 133

yond prompting, agentic frameworks incorporate 134

explicit action/interaction loops, e.g., ReAct (Yao 135

et al., 2022), Tree-of-Thoughts (Yao et al., 2023), 136

and iterative self-improvement via self-feedback 137

(Madaan et al., 2023) or verbal reinforcement learn- 138

ing signals (Shinn et al., 2023). However, despite 139

these advances, LLM reasoning can remain un- 140

stable and may not reliably self-correct without 141

structured control (Huang et al., 2023). 142

2.2 LLM-based tutoring dialogue 143

Tutoring aims to guide learners through structured 144

reasoning rather than only providing answers. Clas- 145

sic educational theory emphasizes guided partici- 146

pation and scaffolding (Vygotsky, 1978; Anghileri, 147

2006), feedback (Hattie and Timperley, 2007), and 148

engagement modes (Chi and Wylie, 2014), and 149

empirical meta-analyses compare human tutoring 150

with intelligent tutoring systems (VanLehn, 2011). 151

Earlier systems such as Cognitive Tutors (Ander- 152

son et al., 1995) and AutoTutor (Graesser et al., 153

2012) operationalize structured pedagogical strate- 154

gies. Recent LLM-based tutors aim to elicit So- 155

cratic behaviors and improve learning outcomes via 156

prompting or model adaptation, including Socratic 157

prompting (Chang, 2023), LearnLM (Team et al., 158

2024), SocraticLM (Liu et al., 2024), and science 159

tutoring settings (Chevalier et al., 2024). Multi- 160

turn pedagogical control strategies (e.g., hierarchi- 161

cal questioning and planning) are also explored in 162

related interactive settings (Kargupta et al., 2024). 163

Nevertheless, end-to-end generation often mixes 164

understanding, planning, and execution in one pass, 165

making intermediate intentions hard to supervise. 166

CPA instead focuses on a runtime planning struc- 167

ture that makes task understanding, plan synthesis, 168

and step-wise execution explicit. 169
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2.3 Plan-then-execute prompting170

Plan-and-solve prompting (Wang et al., 2023) and171

skeleton-based prompting (Ning et al., 2023) sep-172

arate planning from execution, improving control-173

lability and structure. Our work shares this moti-174

vation, but differs in two ways. First, we extract175

a panoramic task state to stabilize instance under-176

standing. Second, we treat planning as template177

synthesis solved by an explicit generate–simulate–178

evaluate–revise loop, which targets instance-level179

executability and trace consistency.180

2.4 Math reasoning and tutoring benchmarks181

Math reasoning benchmarks and training setups182

have been widely studied, including GSM-style183

verifiers (Cobbe et al., 2021), the MATH dataset184

(Hendrycks et al., 2021), and large-scale quantita-185

tive reasoning with LMs (Lewkowycz et al., 2022).186

Math-specific instruction data and models further187

push capabilities (Luo et al., 2023; Yu et al., 2023;188

Azerbayev et al., 2023). For pedagogical dialogue,189

datasets such as MathDial (Macina et al., 2023)190

provide tutoring-oriented interactions, and MATH-191

TUTORBENCH (Macina et al., 2025) benchmarks192

open-ended pedagogical capabilities of LLM tu-193

tors.194

3 CPA: A Metacognition-Driven195

Cognitive Planning Agent for196

Pedagogical Dialogue197

3.1 Task Definition: Cognitive Planning in198

Tutoring Dialogue199

We study tutoring dialogue tasks where the system200

receives a problem statement, a student’s partial201

solution: dialogue history, and task instructions.202

Each turn requires producing a deliverable (e.g.,203

an answer, a verdict, an error index, or a guidance204

move) that satisfies task requirements. Some tasks205

include explicit constraints (e.g., output format or206

“no direct answer”), but our focus is broader: we207

aim to make the planning process stable and the208

intermediate trace interpretable, consistent with209

scaffolding-oriented tutoring principles (Anghileri,210

2006; Hattie and Timperley, 2007).211

3.2 Overview of CPA212

At turn t, CPA follows four stages: M1 Task Deep213

Decomposition → M2 Plan Template Synthe-214

sis → M3 Step-wise Execution → M4 Output215

Derivation. Formally: 216

(At, Et, p̂t) = fperc(H≤t, pt;Mt−1), (1) 217

St = ftemp(At, p̂t), (2) 218

(Ct,∆t) = fexec(St, At, p̂t), (3) 219

yt = fout(Ct, St, At), (4) 220

where H≤t is dialogue history, pt is the current 221

input, At is the panoramic task state, and p̂t is a 222

condensed instance summary. St is the synthe- 223

sized plan template (skeleton), Ct is the step-wise 224

execution trace, and yt is the final response. Et 225

optionally stores short evidence spans aligned to 226

key state fields, which can support analysis. ∆t 227

is a lightweight monitoring signal used to detect 228

execution drift. 229

3.3 Multi-turn State 230

CPA maintains a persistent memory Mt = 231

⟨At, St, kt, τt, summary(Ct)⟩, where kt is a step 232

pointer and τt is the deliverable step. On new 233

turns, CPA updates the state incrementally and re- 234

synthesizes the template when the goal, bottleneck, 235

or requirements change. 236

3.4 M1: Task Deep Decomposition 237

M1 maps (H≤t, pt) to a panoramic task state: 238

At = ⟨Actx
t , A

goal
t , Abar

t , Acst
t ⟩, (5) 239

capturing context, the turn objective and success 240

criteria, the main bottlenecks (e.g., where the stu- 241

dent is stuck), and task requirements/constraints. 242

M1 also constructs p̂t as a condensed instance sum- 243

mary. This summary reduces long-context noise 244

and provides a stable conditioning signal for M2 245

and M3. In our implementation, p̂t is produced 246

by one LLM call that rewrites the instance into a 247

compact, structured form (problem, student state, 248

required deliverable, key constraints). The optional 249

evidence Et can be extracted in the same call by 250

selecting short spans from the input that justify key 251

fields (e.g., the required deliverable or the student’s 252

claimed step). 253

3.5 M2: Plan Template Synthesis via 254

Generate–Simulate–Evaluate–Revise 255

M2 is the core of CPA. It synthesizes an instance- 256

specific plan template St. A template specifies: 257

(i) an ordered list of step roles, (ii) step-local re- 258

quirements derived from At, and (iii) a deliverable 259

pointer τt indicating which step will produce the 260
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Figure 2: CPA overview. CPA (M1) builds a panoramic task state, (M2) synthesizes an instance-specific plan
template via generate–simulate–evaluate–revise, (M3) executes the template step-by-step to produce a structured
planning trace, and (M4) derives the final response from the deliverable step. During execution, a lightweight
monitor checks step outputs against a compiled contract Γt (goal + constraints) and emits a drift/violation signal ∆t

for repair or re-synthesis.

Algorithm 1 M2: Plan Template Synthesis
(Generate–Simulate–Evaluate–Revise)
Require: Panoramic state At, condensed summary p̂t
Ensure: Plan template St with deliverable step τt
1: S

(0)
t ← GENERATE(At, p̂t)

2: for j = 0, 1, . . . , J − 1 do
3: C̃

(j)
t ← SIMULATE(S

(j)
t , At, p̂t)

4: ∆(j) ← EVALUATE(C̃
(j)
t , At)

5: if ∆(j) = PASS then
6: return S

(j)
t

7: else
8: S

(j+1)
t ← REVISE(S

(j)
t ,∆(j), At)

9: end if
10: end for
11: return S

(J)
t

external artifact. The key design is that St is not261

fixed. It is synthesized for the current instance via a262

closed-loop procedure: generate candidates, simu-263

late a short dry-run, evaluate template quality, and264

revise the template.265

Generate. CPA first generates a small set of can-266

didate templates from (At, p̂t). Each candidate is267

a concise skeleton with step roles such as under-268

stand, verify, locate error, derive next action, and269

compose guidance. The output is structured (a list270

of steps with role tags and brief step goals).271

Simulate (short dry-run). For each candidate272

template S
(j)
t , CPA performs a short look-ahead273

rollout to produce a shadow trace C̃
(j)
t . This is not274

a deep proof search. It is a lightweight “dry-run”275

that checks whether the template is executable and276

whether it tends to produce the intended deliverable. 277

The simulation uses p̂t to keep the rollout short and 278

stable. 279

Evaluate. CPA evaluates each candidate using a 280

small set of general criteria: (1) feasibility: can 281

the steps be executed with available information? 282

(2) coverage: do the steps cover the goal (and key 283

bottlenecks) without skipping necessary checks? 284

(3) consistency: does the simulated deliverable 285

match the required output type? (4) economy: is 286

the granularity appropriate (no redundant steps)? 287

When tasks include explicit constraints (e.g., strict 288

format), we add simple deterministic checks during 289

evaluation. The evaluation can be implemented 290

by a lightweight verifier prompt (LLM-as-judge; 291

Zheng et al., 2023; Liu et al., 2023) plus optional 292

rule checks for formats. 293

Revise. If a candidate fails, CPA revises it min- 294

imally. Typical revisions include adjusting step 295

order, adding a missing verification step, or chang- 296

ing the deliverable step. The loop repeats until a 297

satisfactory template is found or a maximum num- 298

ber of iterations is reached. 299
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3.6 M3: Step-wise Execution to Produce a300

Planning Trace301

Given St = {si}Ti=1, CPA executes steps sequen-302

tially:303

(Ct,∆t) = fexec(St, At, p̂t), Ct = {ci}Ti=1.
(6)304

Each step produces a concise intermediate result305

(not exposed to the user). The trace is structured306

by the template roles. This makes the process more307

stable and easier to inspect than free-form genera-308

tion.309

Contract and monitoring. To reduce drift310

and enforce task requirements, CPA compiles a311

lightweight contract312

Γt = ⟨Agoal
t , Acst

t ⟩, (7)313

which captures the turn objective (deliverable type314

/ success criteria) and explicit constraints (e.g.,315

strict format or “no direct answer”). During step-316

wise execution, a monitor checks each step out-317

put ci (and its step role si) against Γt, producing318

a drift/violation signal ∆t. If drift persists (e.g.,319

missing deliverable type, skipping required checks,320

violating constraints), CPA triggers local repair or321

returns to M2 to re-synthesize the template.322

3.7 M4: Output Derivation from the323

Deliverable Step324

M4 aligns to the deliverable step τt and derives the325

final response:326

yt = fout(Ct, St, At). (8)327

For structured deliverables, M4 formats the out-328

put deterministically when possible. For natural-329

language guidance, M4 performs minimal rewrit-330

ing to fit the dialogue context, while keeping the331

deliverable content unchanged. This reduces the332

risk that the model reinterprets the goal at the final333

stage.334

3.8 Summary335

CPA organizes complex cognitive planning into336

four stages and produces an interpretable planning337

trace (Figure 3). M1 builds a panoramic under-338

standing of the instance and a condensed summary;339

M2 synthesizes an executable plan template via340

generate–simulate–evaluate–revise; M3 executes341

the template step by step to produce a structured342

trace with contract-based monitoring; and M4 de-343

rives the final output from the deliverable step. This344

Task Deliverable Key constraints

Problem solving Final answer Standard format (e.g.,
boxed)

Socratic question-
ing

Next question No answer leakage; single
question

Solution checking Verdict + Evidence Strict label (Cor-
rect/Incorrect); span
extraction

Mistake localiza-
tion

Error span / Step idx Exact step index or text span

Mistake correction Corrected step Coherence with previous
steps

Scaffolding re-
sponse

Tutoring response No direct answer; pedagogi-
cal guidance

Instruction-
following

Tutoring response Strict adherence to specific
instructions

Table 1: Task deliverables and contracted constraints.
CPA compiles goal + constraints into Γt and checks step
outputs during execution.

design supports stable planning and makes the in- 345

termediate process available for inspection and su- 346

pervision. 347

4 Experiments 348

We evaluate CPA on MATHTUTORBENCH 349

(Macina et al., 2025). The benchmark contains 350

seven tutoring-related tasks that stress different as- 351

pects of cognitive planning: problem solving, So- 352

cratic questioning, solution correctness checking, 353

mistake localization, mistake correction, scaffold- 354

ing response generation, and instruction-following 355

tutoring responses. We follow the benchmark’s 356

official evaluation protocol. 357

4.1 Tasks and Contracted Constraints 358

MATHTUTORBENCH contains heterogeneous tu- 359

toring tasks with different deliverables and explicit 360

constraints. CPA compiles task-specific require- 361

ments into the execution contract Γt (Section 3) and 362

monitors step outputs for drift/violations. Table 1 363

summarizes the deliverables and typical constraint 364

types. 365

4.2 Benchmark and Metrics 366

We report the benchmark metrics for each task: 367

problem solving accuracy, Socratic questioning 368

BLEU (Papineni et al., 2002), solution correctness 369

(F1), mistake localization (mF1), mistake correc- 370

tion accuracy, and pairwise win rates for the two 371

pedagogical response tasks (with a strict/hard sub- 372

set). For open-ended responses, the benchmark 373

relies on LLM-based preference judgments (LLM- 374

as-a-judge; Zheng et al., 2023; Liu et al., 2023). 375
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Dialogue History

LLM

CPA

Show your steps; I’ll check.

 � + 1 = x−1. Squared → x=0 or 
3. Which is correct?

Panoramic Map Plan Template

Planning Trace

Task: tutoring (error-aware) Step 1：Diagnose

S1 output: “Squaring may add invalid solutions.”

S2 output: “Do: require x−1≥0, then plug back.”

S3 output (draft):
• Q: Condition on x−1 before squaring?
• Hint: The correct answer is 3.

Goal: enforce “check after squaring”

State: student skipped validity check

The answer is 3

Q: What condition 
must x−1 satisfy 
before squaring?

Hint: √(x+1) ≥ 0 ⇒ 
x−1 ≥ 0; then verify 

by substitution.

Step 1

Step 2

Step 3

Rules:
• No final answer
• One question
• Q+Hint format

Risk:
• Extraneous 

root risk

• Input: student steps
• Output: mistake label 

+ evidence span

• Input: mistakelabel
• Output: next action

• Input: next action + 
rules

• Output: Q + Hint

Step 2 : Micro-goal

Step 3 : Deliverable

Compiled constrains

no-answer | one-Q | Q + 
Hint

S3 output:
• Q: Condition on x−1 before squaring?
• Hint: √(x+1)≥0 ⇒ x−1≥0; then verify.

Repair

verifier

Violation: final answer

Contract satisfied

Blue: CPA pipeline

Red:  LLM baseline

✓/✗: constraint verifier

Figure 3: What CPA produces internally. Example intermediate artifacts for one tutoring instance: panoramic
state, plan template, step-wise planning trace, and contract-based checking/repair signals. This makes the tutoring
process inspectable beyond the final response.

4.3 Compared Methods376

We evaluate CPA against strong prompting base-377

lines, specialized tutoring models, and a state-of-378

the-art proprietary model.379

Prompting baselines (controlled backbone).380

We compare CPA with three representative plan-381

ning/prompting methods: CoT (Wei et al., 2022),382

Plan-and-Solve (Wang et al., 2023), and Skeleton-383

of-Thought (Ning et al., 2023). All prompting384

baselines are instantiated on the same backbone385

model (QWEN2.5-7B-INSTRUCT) for controlled386

comparison.387

Benchmark fine-tuned tutoring models. We388

include benchmark-reported specialized tutoring389

models: LearnLM-1.5-Pro (Team et al., 2024),390

Llemma-7B-ScienceTutor (Chevalier et al., 2024),391

and Qwen2.5-7B-SocraticLM (Liu et al., 2024).392

Backbone models. We use QWEN2.5-7B-393

INSTRUCT (Bai et al., 2023) as our primary394

open-source backbone. We also include GPT-4o395

(Achiam et al., 2023) as a strong proprietary base-396

line to assess CPA’s scalability to stronger models.397

4.4 Implementation Details and 398

Reproducibility 399

We implement CPA as a runtime controller around 400

a backbone LLM. Each turn runs: (M1) a call that 401

extracts the panoramic state At and a condensed 402

summary p̂t; (M2) a bounded template-synthesis 403

loop that generates candidate templates, performs 404

short dry-run simulations, evaluates template qual- 405

ity, and revises if needed; (M3) step-wise execution 406

following the selected template; and (M4) output 407

derivation from the deliverable step. During (M3), 408

a monitor checks each step output against the con- 409

tract Γt = ⟨Agoal
t , Acst

t ⟩ and triggers local repair or 410

template re-synthesis when violations persist. 411

To support reproducibility and fair comparison, 412

we explicitly report: (i) decoding settings: temper- 413

ature T = 0.7, top-p = 0.95, and max new tokens 414

set to 1024; (ii) CPA loop limits: K = 3 candidate 415

templates, J = 3 maximum revise iterations, and 416

simulation rollout length restricted to 3 steps; (iii) 417

monitoring/repair budgets: maximum 2 local repair 418

attempts before fallback to re-synthesis; and (iv) 419

randomness control: all results are averaged over 3 420

runs with fixed seeds (42, 43, 44). 421

4.5 Main Results 422

Table 2 reports results across all tasks. CPA im- 423

proves overall tutoring quality and remains com- 424
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petitive on core math competence. Gains are es-425

pecially clear on tasks that require stable planning426

across diagnosis, correction, and guidance, which427

aligns with CPA’s goal of producing a consistent428

planning trace and controllable pedagogical interac-429

tion (Anghileri, 2006; Hattie and Timperley, 2007).430

4.6 Constraint Violations and Trace Stability431

Beyond end-task scores, we analyze controllabil-432

ity signals that are directly tied to CPA’s design.433

In strict tutoring settings, models may drift by re-434

vealing final answers, asking multiple questions at435

once, skipping required checks, or violating strict436

formats. The benchmark reports a constraint viola-437

tion rate (BVR) on strict/hard subsets. CPA is de-438

signed to reduce such violations via contract-based439

monitoring and repair.440

Violation rate (BVR). We report BVR to directly441

quantify controllability gains. On the strict/hard442

subsets of MATHTUTORBENCH, baseline models443

often exhibit BVRs exceeding 15%, whereas CPA444

achieves a low BVR of 0.06 (Table 3), indicating445

strong adherence to pedagogical constraints.446

Monitoring/repair frequency. The monitor out-447

puts a drift/violation signal ∆t during step-wise448

execution. Analysis of logged traces shows that449

monitoring triggers local repair in approximately450

18% of turns, preventing potential violations from451

propagating to the final response.452

4.7 Ablation Study453

We ablate modules to isolate which components454

contribute to overall tutoring quality and process455

stability. We report strict/hard win rates and a con-456

straint violation rate (BVR), computed as the frac-457

tion of responses flagged by the benchmark checker458

as violating strict formats or explicit “no direct an-459

swer” constraints.460

4.8 Qualitative Analysis461

Figure 3 illustrates the intermediate artifacts pro-462

duced by CPA, including the panoramic state,463

plan template, step-wise trace, and contract-based464

checking signals. This intermediate trace makes465

tutoring behavior inspectable beyond the final re-466

sponse and helps diagnose failure modes.467

In our analysis, common baseline failures on468

strict/hard subsets include: (i) answer leakage (re-469

vealing the final answer despite “no direct answer”),470

(ii) format drift (violating one-question or required471

output schema), and (iii) cognitive drift (skipping472

verification steps such as validity checks in alge- 473

braic manipulation). CPA mitigates these errors by 474

selecting explicit micro-goals in the synthesized 475

template and enforcing Γt during execution, with 476

repair/re-synthesis triggered by ∆t when violations 477

persist. 478

4.9 Discussion 479

M2 improves instance-level plan quality. Re- 480

moving the M2 synthesis loop degrades strict/hard 481

win rates and increases violations. This suggests 482

that template quality is a bottleneck. The dry-run 483

simulation helps by filtering templates that skip 484

necessary steps or produce the wrong deliverable 485

type. 486

Monitoring and output derivation improve trace 487

stability. Disabling M3 monitoring increases vi- 488

olations, which indicates that drift can emerge dur- 489

ing step-wise execution even with a reasonable tem- 490

plate. Disabling M4 increases errors at the final 491

stage, which supports the need to derive outputs 492

from the deliverable step instead of re-planning in 493

the last pass. 494

5 Limitations and Ethics 495

CPA is a runtime planning agent and can add in- 496

ference overhead due to template synthesis and 497

step-wise execution. While the planning trace im- 498

proves interpretability, it does not guarantee factual 499

correctness. In deployment, CPA should be paired 500

with appropriate safety policies for educational set- 501

tings and transparent communication that the sys- 502

tem is assistive rather than authoritative. More 503

broadly, tutoring systems should follow established 504

best practices around feedback and learner support 505

(Hattie and Timperley, 2007; VanLehn, 2011). 506

6 Conclusion 507

We presented CPA, a metacognition-driven run- 508

time planner for complex cognitive planning 509

tasks, using tutoring dialogue as a case study. 510

CPA extracts a panoramic task state, synthesizes 511

an instance-specific plan template via generate– 512

simulate–evaluate–revise, executes the template to 513

produce a structured planning trace with contract- 514

based monitoring, and derives the final output from 515

the deliverable step. On MATHTUTORBENCH 516

(Macina et al., 2025), CPA improves overall tutor- 517

ing quality and produces more consistent intermedi- 518

ate traces. These results suggest that metacognition- 519

inspired template synthesis and trace-based execu- 520
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Model / Method Math Understanding Tutoring Win ↑

Prob. Socr. Corr. Loc. Fix. Scaff. Inst. Scaff.† Inst.†

Prompting Baselines (Backbone: Qwen2.5-7B-Instruct)
CoT 0.74 0.27 0.64 0.31 0.11 0.54 0.60 0.38 0.41
Plan-and-Solve 0.75 0.28 0.65 0.33 0.12 0.56 0.62 0.40 0.43
Skeleton-of-Thought 0.73 0.28 0.64 0.32 0.11 0.55 0.61 0.39 0.42

Fine-tuned Tutors
LearnLM-1.5-Pro 0.94 0.32 0.75 0.57 0.74 0.64 0.68 0.66 0.67
Llemma-7B-ScienceTutor 0.62 0.29 0.66 0.29 0.16 0.37 0.48 0.38 0.42
Qwen2.5-7B-SocraticLM 0.73 0.32 0.05 0.39 0.23 0.39 0.39 0.28 0.28

Ours & GPT-4o
CPA-7B (Ours) 0.76 0.30 0.68 0.44 0.52 0.69 0.71 0.76 0.78
GPT-4o 0.90 0.48 0.67 0.37 0.84 0.50 0.82 0.46 0.70
CPA-GPT-4o (Ours) 0.92 0.44 0.74 0.55 0.84 0.92 0.92 0.94 0.88

Table 2: Main results on MATHTUTORBENCH (Macina et al., 2025). Prob.: problem solving accuracy; Socr.:
Socratic questioning BLEU (Papineni et al., 2002); Corr.: solution correctness (F1); Loc.: mistake localization
(mF1); Fix: mistake correction accuracy; Scaff.: scaffolding win rate; Inst.: tutoring instruction-following win
rate. † denotes the strict/hard subset. We compare prompting strategies on QWEN2.5-7B-INSTRUCT and evaluate
performance scaling on GPT-4o.

Variant (CPA-7B) Scaff.† Inst.† BVR↓

Full CPA 0.76 0.78 0.06
w/o M1 (no state) 0.61 0.63 0.15
w/o M2-loop (1-shot template) 0.66 0.67 0.12
w/o M2-sim (no dry-run) 0.69 0.70 0.10
w/o M3-monitor (no drift chk) 0.62 0.64 0.17
w/o M4 (direct output) 0.65 0.66 0.14

Table 3: Ablation on CPA-7B (†: strict/hard subset).
BVR denotes the constraint violation rate measured by
the benchmark checker (lower is better). We remove
one component at a time: M1 panoramic state, the M2
synthesis loop, M2 dry-run simulation, M3 drift moni-
toring, and M4 output derivation.

tion are a practical path toward more stable and521

inspectable LLM planning.522
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