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Abstract001

Large Language Models (LLMs) are chang-002
ing the coding paradigm, known as vibe cod-003
ing, yet synthesizing algorithmically sophisti-004
cated and robust code still remains a critical005
challenge. Incentivizing the deep reasoning006
capabilities of LLMs is essential to overcom-007
ing this hurdle. Reinforcement Fine-Tuning008
(RFT) has emerged as a promising strategy to009
address this need. However, most existing ap-010
proaches overlook the heterogeneous difficulty011
and granularity inherent in test cases, leading012
to an imbalanced distribution of reward signals013
and consequently biased gradient updates dur-014
ing training. To address this, we propose Test-015
driven and cApability-adaptive cuRriculum re-016
infOrcement fine-Tuning (TAROT). TAROT017
systematically constructs, for each problem, a018
four-tier test suite (basic, intermediate, com-019
plex, edge), providing a controlled difficulty020
landscape for curriculum design and evalua-021
tion. Crucially, TAROT decouples curriculum022
progression from raw reward scores, enabling023
capability-conditioned evaluation and princi-024
pled selection from a portfolio of curriculum025
policies rather than incidental test-case diffi-026
culty composition. This design fosters stable027
optimization and more efficient competency ac-028
quisition. Extensive experimental results reveal029
that the optimal curriculum for RFT in code030
generation is closely tied to a model’s inherent031
capability, with less capable models achieving032
greater gains with an easy-to-hard progression,033
whereas more competent models excel under a034
hard-first curriculum. TAROT provides a repro-035
ducible method that adaptively tailors curricu-036
lum design to a model’s capability, thereby con-037
sistently improving the functional correctness038
and robustness of the generated code. All code039
and data are released to foster reproducibil-040
ity and advance community research at https:041
//anonymous.4open.science/r/TAROT.042

1 Introduction 043

Large Language Models (LLMs) are driving sig- 044

nificant changes in software engineering, with au- 045

tomated code generation emerging as a pivotal ap- 046

plication (Du et al., 2024; Jiang et al., 2024; Xu 047

and Zhu, 2022). Foundational models exhibit a 048

strong capacity to translate natural language spec- 049

ifications into functional code, promising signifi- 050

cant enhancements in developer productivity (We- 051

ber et al., 2024). Nevertheless, generating solu- 052

tions that are not only correct but also algorith- 053

mically sophisticated and robust remains an open 054

challenge (Zhuo et al., 2025). Advancing this fron- 055

tier calls for enhancing the reasoning and problem- 056

solving capacities of these models. 057

Curriculum Learning (CL), which structures 058

training data by difficulty (Bengio et al., 2009), 059

offers a promising pathway for improving these 060

capabilities and training efficiency (Zhang et al., 061

2025; Naïr et al., 2024). In the context of code 062

generation, however, existing CL applications pre- 063

dominantly operate at the inter-problem level, se- 064

quencing tasks by coarse difficulty metrics (Naïr 065

et al., 2024; Khant et al., 2025). This curriculum 066

neglects the nuanced, intra-problem difficulty gradi- 067

ent inherent in software verification. In practice, de- 068

velopers often employ incremental methodologies 069

like Test-Driven Development (TDD) (Beck, 2003), 070

refining a solution against progressively more chal- 071

lenging test cases to ensure its robustness. Yet, this 072

natural axis for curriculum design remains largely 073

untapped in LLM training. Furthermore, reliance 074

on problem-level sequencing often leads to flat re- 075

ward landscapes when integrated with Reinforce- 076

ment Fine-tuning (RFT), dampening the learning 077

signal. This oversight of heterogeneous test-case 078

difficulty results in imbalanced reward signals and 079

consequently biased gradient updates during train- 080

ing, hindering the model’s ability to acquire robust, 081

sophisticated reasoning skills. 082
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Recent work has begun to move toward more083

dynamic curriculum learning paradigms for LLMs,084

where task difficulty is progressively increased dur-085

ing training (Xu et al., 2024; Cheng et al., 2025).086

However, these methods predominantly define dif-087

ficulty based on the intrinsic properties of the data088

or task structure. For instance, curricula are often089

structured using automated metrics like cyclomatic090

complexity (Naïr et al., 2024), or by decomposing091

a problem into a fixed sequence of simpler sub-092

tasks (Dou et al., 2024b). This prevailing focus093

on the data, rather than the learner, overlooks the094

crucial variable of the model’s own evolving and095

multi-faceted capability. A curriculum tailored to096

an early-stage model may cause learning stagna-097

tion for a more advanced one, while a curriculum098

designed for experts can overwhelm a less-capable099

model and hinder its convergence. A more holistic100

and effective learning approach, therefore, should101

consider not just the intrinsic properties of the data,102

but also the evolving capabilities of the learner it-103

self, leading to a capability-adaptive framework.104

To address these limitations, we introduce105

TAROT, a novel framework for Test-driven and106

cApability-adaptive cuRriculum reinfOrcement107

fine-Tuning. TAROT decouples curriculum pro-108

gression from raw rewards, enabling capability-109

conditioned evaluation and principled selection110

from a portfolio of curriculum policies rather than111

relying on the incidental composition of test-case112

difficulty. This design fosters stable optimization113

and efficient competency acquisition.114

Our proposed framework’s core novelty is115

twofold. First, TAROT formalizes an intra-problem116

difficulty gradient through a test-driven curriculum.117

We construct the TAROT dataset, where each pro-118

gramming problem is augmented with a tiered test119

suite comprising basic, intermediate, complex, and120

edge cases. This structure defines difficulty as a121

spectrum of functional correctness and allows cur-122

riculum progression through differential empha-123

sis on test tiers during training. This engineered124

gradient provides a structured and informative sig-125

nal to mitigate the flat-reward issue observed in126

reinforcement learning (RL) for code generation.127

Second, TAROT enables a capability-adaptive cur-128

riculum design. Leveraging the tiered test structure,129

TAROT instantiates a portfolio of curriculum poli-130

cies that differ in tier allocation, sequencing, and131

reward weighting. This setup supports capability-132

conditioned evaluation and principled curriculum133

selection for models with varying effective capabil-134

ities, influenced by model scale and specialization. 135

Extensive evaluations on state-of-the-art LLMs 136

across coding benchmarks demonstrate that 137

TAROT consistently outperforms the baselines, ef- 138

ficiently enhancing both functional correctness and 139

robustness of the synthesized code. Our empirical 140

investigation further reveals that the optimal cur- 141

riculum is capability-dependent for RFT in code 142

generation. Specifically, less-capable models bene- 143

fit from a basic-to-complex progression, whereas 144

more-capable models learn more effectively from 145

complex tiers. 146

Our main contributions are as follows: 147

• We propose a capability-adaptive curriculum 148

framework, TAROT, which addresses the im- 149

balanced reward issue in RFT for code genera- 150

tion. It integrates an intra-problem, test-driven 151

dataset featuring four-tiered test suites with a 152

multi-dimensional curriculum portfolio. By 153

providing a granular difficulty landscape for 154

capability-conditioned curriculum design and 155

evaluation, TAROT enables stable and effi- 156

cient optimization. 157

• We conduct extensive experiments on state- 158

of-the-art LLMs across well-known coding 159

benchmarks. Experimental results show that 160

TAROT consistently improves model perfor- 161

mance and training efficiency compared to 162

strong baselines. 163

• Through empirical analysis, we uncover 164

the capability-dependent optimal curriculum. 165

These findings provide guidance for future 166

work on test suite design and automated cur- 167

riculum selection. 168

2 Related Work 169

2.1 Curriculum Learning for Code 170

Curriculum Learning (CL) is a training strategy 171

inspired by human cognition that presents data to a 172

model in a structured order, typically from simple 173

to complex examples (Bengio et al., 2009; Wang 174

et al., 2021). This method has been shown to accel- 175

erate convergence and improve generalization by 176

guiding the optimization process toward better solu- 177

tions (Ryu et al., 2025; Xi et al., 2024). In the con- 178

text of LLMs, curricula have been implemented in 179

various ways, such as using a teacher model to pro- 180

gressively generate more complex instructions, as 181

exemplified by the Evol-Instruct method (Xu et al., 182

2



2024), or by fine-tuning on a small set of meticu-183

lously curated, high-quality examples as demon-184

strated by LIMA (Zhou et al., 2023). For code185

generation, where task complexity varies, CL is186

a promising but challenging area. While many187

code datasets rely on manual difficulty labels, re-188

cent research has focused on more systematic ap-189

proaches. A notable example is the use of auto-190

matic difficulty metrics, combining measures like191

cyclomatic complexity and Halstead difficulty, to192

sort problems into a multi-stage curriculum (Naïr193

et al., 2024). Training with this structured approach194

yielded significant gains, demonstrating the value195

of CL in the code domain. Other methods, like196

StepCoder, create an implicit curriculum by break-197

ing a complex problem into a sequence of sim-198

pler code-completion subtasks (Dou et al., 2024b).199

These efforts show a clear trend towards leveraging200

curricula to organize the training process for code201

generation. Unlike these methods, TAROT intro-202

duces a tiered test suite to construct a capability-203

adaptive curriculum for RL.204

2.2 Reinforcement Learning for Code LLMs205

Reinforcement Learning (RL) is widely used for206

aligning LLMs with desired behaviors, including207

RLHF (Ouyang et al., 2022), DPO (Rafailov et al.,208

2023), PPO (Schulman et al., 2017), GRPO (Shao209

et al., 2024), and GSPO (Zheng et al., 2025). For210

code generation, RL typically optimizes functional211

correctness using unit test outcomes as rewards.212

Despite its effectiveness, this paradigm suffers213

from two key limitations: reward sparsity and re-214

ward flatness. Reward sparsity stems from the lack215

of informative feedback when a model fails a task216

entirely, whereas reward flatness occurs when the217

signal fails to differentiate among levels of problem218

difficulty (Parashar et al., 2025). These can lead to219

imbalanced gradients and suboptimal learning dy-220

namics. Recent work addresses these issues from221

different angles. Process Reward Models alleviate222

reward sparsity by providing dense, line-level feed-223

back, guiding the model even when the final code is224

incorrect (Dai et al., 2025). Another line of works225

combine RL with curriculum design to address226

these issues. For instance, StepCoder decomposes227

long tasks into a curriculum of easier subtasks and228

trains the model step-by-step (Dou et al., 2024a),229

while Self-Evolving Curriculum adaptively adjusts230

curriculum selection, formulated as a multi-armed231

bandit problem, according to the model’s evolving232

capability (Chen et al., 2025).233

Our TAROT framework addresses reward flat- 234

ness by making the reward signal curriculum-aware. 235

Instead of treating all successes equally, we modu- 236

late the reward based on the difficulty of the solved 237

test tier. By integrating this tiered scheme directly 238

into a stable policy optimization algorithm, TAROT 239

provides a more nuanced learning gradient that en- 240

courages the model to master harder problems. In- 241

tegrating a structured curriculum directly into the 242

RL reward mechanism is a novel contribution that 243

complements other recent innovations in the field. 244

3 Methodology 245

In this section, we elaborate on the proposed 246

TAROT framework, which enhances the code gen- 247

eration capability by training LLMs on test cases of 248

varying difficulty levels, where curriculum progres- 249

sion and reward weights are adaptively conditioned 250

on the model’s baseline capability. 251

3.1 Dataset 252

A coding problem P is formally defined as a tuple 253

consisting of a problem statement S, a reference 254

solution R, and a test suite T : 255

P = (S,R, T ) (1) 256

In this structure, the problem statement S outlines 257

the task, the reference solution R provides a correct 258

implementation, and the test suite T serves for 259

correctness verification without imposing a tiered 260

difficulty structure. 261

From a software engineering perspective, devel- 262

opment is commonly test-driven. It begins with 263

simple tests and progressively incorporates more 264

complex and edge cases, with implementations 265

refactored along the way to improve both correct- 266

ness and design. This staged expansion of tests 267

naturally aligns with the intuition behind CL. How- 268

ever, typical coding problem test suites are not 269

crafted with this incremental pedagogy in mind. 270

They are primarily designed for summative veri- 271

fication, with highly variable size and difficulty, 272

offering little support for CL. 273

To address this gap, we introduce the TAROT 274

dataset DTAROT, constructed according to the pro- 275

cedure depicted in Figure 1 (a). Each problem is 276

augmented with a tiered test suite spanning four 277

predefined difficulty levels L = {B, I,C,E} (basic, 278

intermediate, complex, and edge), without modify- 279
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Figure 1: Overview of TAROT framework. (top) Build a four-tier test suite (basic/intermediate/complex/edge) per
problem using frontier LLMs and verify them against the reference solution. (bottom) Reinforcement fine-tuning
under a capability-conditioned, reward-decoupled curriculum. Less capable models perform best with basic →
complex, whereas more capable models perform best with complex → basic.

ing the original statement or the reference solution:280

DTAROT =
{ (

Si, Ri, { Ti,l }l∈L
) }N

i=1
, (2)281

L = {B, I, C, E}, (3)282

Ti =
⋃
l∈L

Ti,l, (4)283

s.t. ∀i ∈ [N ], ∀l ∈ L,∀t ∈ Ti,l : Pass(Ri, t). (5)284

The full suite for each problem is the union of its285

per-level subsets (Equation (4)) and every test case286

is validated against the reference solution to ensure287

data quality (Equation (5)). Any curriculum or-288

der (e.g., basic→complex) is imposed only during289

training and is not part of the dataset definition.290

3.2 Training Mechanism291

The training mechanism of TAROT decouples the292

curriculum from raw test scores. It achieves this293

by utilizing two pre-defined components: (1) a294

curriculum allocator that defines a fixed proportion295

of training focus for each difficulty tier l ∈ L, and296

(2) tailored reward weights that prioritize tiers by297

placing greater value where the learning signal is298

most beneficial.299

During the training loop, the model generates300

candidate solutions for a given problem, which are301

evaluated against the tiered test cases. The resulting302

pass/fail outcomes are used to calculate and accu- 303

mulate a tier-weighted return. Both the curriculum 304

allocation and reward weights are specified prior 305

to training based on the model’s effective capabil- 306

ity, a composite of instruction following fidelity 307

and baseline coding proficiency. By conditioning 308

these design choices on capability, TAROT concen- 309

trates the training signal on a model-specific zone 310

of optimal difficulty, resulting in a fixed yet highly 311

customized training schedule. Specifically, models 312

with lower baseline capability receive a larger share 313

of basic and intermediate cases, whereas stronger 314

models focus on complex and edge cases to extend 315

their performance frontier. The reward weights fol- 316

low the same principle, ensuring that successes on 317

capability-appropriate tiers contribute more to the 318

final objective. 319

Formally, in the RL setting, for each problem Pi 320

and difficulty level l ∈ L, we define the tier-level 321

success of a policy π as the average pass rate over 322

the corresponding test set: 323

ri,l(π) =
1

|Ti,l|
∑
t∈Ti,l

1{Pass(π, t)}, (6) 324

where Pass(π, t) indicates that the solution pro- 325

duced by π satisfies test case t. 326

Given a curriculum allocation α = (αl)l∈L and 327

reward weights w = (wl)l∈L, the TAROT return 328
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for Pi is defined as:329

RTAROT
(
Pi, π;α,w

)
=

∑
l∈L

αl wl ri,l(π),∑
l∈L

αl = 1, wl ≥ 0.
(7)330

Here, αl is the curriculum allocation that specifies331

the share of training updates to tier l, and wl is332

the reward weight that controls the contribution of333

tier l’s success to the overall return, reflecting its334

relevance given the model’s baseline capability.335

Based on this tier-aggregated return, training is336

formulated as the maximization of the expected337

TAROT return over problems:338

JTAROT(θ) = EPi∼DTAROT

[
RTAROT

(
Pi, πθ;α,w

) ]
.

(8)339

By decoupling training effort allocation α from340

success valuation w, TAROT enables a capability-341

adaptive curriculum that concentrates optimiza-342

tion on the most informative difficulty tiers for a343

given model, rather than enforcing a fixed, model-344

agnostic learning path.345

4 Experiments346

4.1 Experimental Settings347

We construct the TAROT dataset based on 15k348

Python coding interview problems1 with validated349

basic/intermediate/complex/edge test suites. As350

illustrated in Table 1, we design curriculum poli-351

cies along two axes: allocation order and reward352

weighting. For allocation, we explore Forward353

(basic→edge), Reversed (edge→basic), and Static354

schedules. Transitions for staged curricula occur at355

0.2, 0.4, and 0.6 of the total epoch. For weighting,356

we define three templates: Uniform (0.25 for all357

tiers), B/I Weighted (emphasizing the basic and358

intermediate tiers), and C/Edge Weighted (empha-359

sizing the complex and edge tiers).360

We first validate the empirical integrity of the361

TAROT dataset’s tiering by analyzing its structure362

using quantitative and qualitative metrics. Subse-363

quently, we evaluate TAROT training mechanism364

on diverse LLMs, including Qwen2.5-Instruct,365

Qwen2.5-Coder-Instruct (1.5B, 3B, 7B) (Qwen366

et al., 2025; Hui et al., 2024), Gemma-2-IT367

(2B, 9B) (Team et al., 2024), and Qwen3-4B-368

Instruct-2507 (Yang et al., 2025) on well-known369

1https://huggingface.co/datasets/open-r1/
verifiable-coding-problems-python

benchmarks including HumanEval (Chen et al., 370

2021), MBPP (Austin et al., 2021), HumanEval+, 371

MBPP+ (Liu et al., 2024), LiveCodeBench v5 (Jain 372

et al., 2024), CodeForces (Penedo et al., 2025), and 373

CruxEval (Gu et al., 2024). This selection allows 374

us to assess the framework’s effectiveness across 375

a wide spectrum of model scales, architectures, 376

coding specializations, and performance tiers. All 377

models are fine-tuned using GRPO (Shao et al., 378

2024). Full implementation details are presented 379

in Appendix B. 380

4.2 Main Results 381

The structure analysis of the TAROT dataset is il- 382

lustrated in Figure 2. The three KDE plots demon- 383

strate a clear progression: as the tiers advance from 384

basic to complex, the distributions for input length, 385

token diversity, and character transitions all exhibit 386

a consistent rightward shift, signifying a systematic 387

increase in structural complexity. Furthermore, the 388

qualitative bar chart reveals a functional separation 389

between the two hardest tiers: test cases designed 390

to probe complexity peak in the complex tier, while 391

those targeting boundary checks are predominantly 392

concentrated in the edge tier. These results demon- 393

strate that our four-level taxonomy not only strati- 394

fies overall difficulty but also effectively separates 395

different types of challenge, establishing a robust 396

foundation for subsequent experiments. 397

TAROT’s training performances across various 398

models on coding benchmarks are shown in Fig- 399

ure 3. Our approach consistently improves the 400

pass@1 score over the base checkpoints across all 401

benchmarks and model sizes, indicating its robust- 402

ness and efficiency. 403

These results reveal a nuanced relationship be- 404

tween model scale, specialization, and optimal cur- 405

riculum design. The model scale influences the 406

optimal curriculum design, which is exemplified by 407

the trend shown in Qwen2.5-Instruct models. The 408

largest model (7B) performs best with complex- 409

focused strategies, while the smallest (1.5B) ben- 410

efits from a conventional basic-focused approach. 411

Model specialization further modulates the effec- 412

tive curriculum preference. As illustrated by the 413

Qwen2.5-Coder models, the mid-scale Qwen2.5- 414

Coder-3B model displays a learning preference 415

akin to the much larger Instruct-7B model despite 416

its smaller scale. It achieves its peak HumanEval 417

score using the same complex-focused strategy and 418

outperforms its general-purpose 3B counterpart. 419

This suggests that a model’s prior specialization 420
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Figure 2: Quantitative and qualitative validation of the TAROT dataset. The KDE plots show the distribution of
structural complexity, where the x-axis represents the metric’s magnitude. Token Diversity (unique/total tokens)
and Transitions (character class changes) serve as proxies for lexical and syntactic complexity, respectively. The
systematic rightward shift confirms increasing difficulty across tiers. GPT-4o validation on the right confirms that
complex tiers target algorithmic complexity, while edge tiers focus on boundary conditions.

Table 1: Overview of the experimental schedules for curriculum learning. Each strategy varies in reward distribution
and the sequence of difficulties presented to the model. The abbreviations B, I, C, and E correspond to basic,
intermediate, complex, and edge difficulty tiers, respectively. For staged curricula, transitions occur at 0.2, 0.4, and
0.6 of the total epoch.

Strategy Reward Weights (B, I, C, E) Curriculum Schedule Progression

Forward (Uniform) (0.25, 0.25, 0.25, 0.25) B → (B,I) → (B,I,C) → All

Forward (B & I Weighted) (0.35, 0.35, 0.15, 0.15) B → (B,I) → (B,I,C) → All

Forward (C & E Weighted) (0.15, 0.15, 0.35, 0.35) B → (B,I) → (B,I,C) → All

Reversed (C & E Weighted) (0.15, 0.15, 0.35, 0.35) C → (C,E) → (C,E,I) → All

Basic Only (1.0, 0.0, 0.0, 0.0) Static

Complex Only (0.0, 0.0, 1.0, 0.0) Static

Edge Only (0.0, 0.0, 0.0, 1.0) Static

enhances its effective capability, making it a more421

critical determinant of the ideal learning path than422

parameter count alone.423

We further evaluate TAROT on the more recent424

Qwen3-4B-Instruct-2507 to generalize these find-425

ings. As detailed in Table 2, this model, fine-tuned426

with the optimal curriculum strategy C/E Weighted,427

consistently outperforms the base model across all428

benchmarks, yielding gains ranging from +2.12 to429

+4.26 percentage points. Notably, these improve-430

ments are achieved on an already strong perfor-431

mance baseline, indicating that curriculum learn-432

ing is effective even for eliciting further gains from433

highly capable models. In addition, these results434

align with our prior observations on the Qwen2.5435

models. They suggest that preference for curricula436

is primarily driven by a model’s effective capability437

rather than parameter count alone, and that stronger438

models benefit most from training regimes that pri-439

oritize challenging examples.440

We attribute this divergence to the “Zone of Op-441

timal Difficulty”. For more-capable models, the ba-442

sic tier is too trivial to provide informative learning 443

signal, whereas the complex tier supplies the neces- 444

sary high-entropy signal needed for improvement. 445

Conversely, less-capable models facing complex 446

tiers initially suffer from sparse rewards, leading 447

to training collapse. Therefore, effective curricu- 448

lum design must be calibrated to model capability: 449

basic curricula for less-capable models to ensure 450

training stability, while complex curricula for more- 451

capable or code-specialized models to maximize 452

gradient efficiency. 453

4.3 In-depth Analysis 454

Out-Of-Distribution Benchmarks To assess the 455

robustness of TAROT beyond the training distribu- 456

tion, we evaluate it on OOD benchmarks includ- 457

ing CodeForces, LiveCodeBench v5, and CruxE- 458

val. Results are presented in Figure 4. We ob- 459

serve that TAROT consistently outperforms base- 460

lines; however, the optimal curriculum strategy is 461

highly task-dependent rather than universal. For 462

instance, Qwen2.5-7B achieved peak performance 463
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Figure 3: Experimental results for Qwen2.5-Instruct and Qwen2.5-Coder-Instruct on HumanEval, HumanEval+,
MBPP, and MBPP+. Scores are pass@1. Numbers above bars indicate gains in percentage points relative to each
model’s base checkpoint. Labels inside bars indicate the best performing curriculum strategy.

Table 2: Performance comparison of curriculum strategies for Qwen3-4B-Instruct-2507. The best-performing C/E
Weighted strategy is compared against the base model, with improvements shown in percentage points.

Strategy HumanEval HumanEval+ MBPP MBPP+

Base 89.02% 78.66% 52.60% 56.61%
C/E Weighted 91.46% (+2.44pp) 82.92% (+4.26pp) 55.20% (+2.60pp) 58.73% (+2.12pp)

with the Basic Only curriculum on LiveCodeBench464

v5, whereas the C/E Weighted strategy proved465

most effective for CruxEval and CodeForces. This466

divergence stems from varying skill alignments467

between coding interview-style training data and468

downstream tasks. Consequently, effective cur-469

riculum selection must account for the target do-470

main’s computational structure, necessitating fu-471

ture research into task-specific intra-problem test472

design and adaptive policy selection.473

Comparison with Standard Reward Schemes474

To verify the effectiveness of TAROT’s capability-475

adaptive curriculum strategy, we compare our476

framework against standard reward strategies com-477

monly used in RL for code generation. These base-478

lines utilize the full four-tier test suite through-479

out training but do not incorporate curriculum480

scheduling. Specifically, we consider two stan-481

dard RL baselines: Avg-reward, which computes482

rewards as the average pass rate across the four483

tiers (R ∈ [0, 1]), and Pass@All, a strict func-484

tional correctness setting that assigns a reward of485

1 only when all four tiers pass and 0 otherwise486

(R ∈ {0, 1}). Results presented in Table 3 show487

that TAROT consistently outperforms the standard488

reward schemes across all benchmarks, indicating489

that its performance gains arise from its capability- 490

adaptive curriculum strategy. 491

Architectural Generalization We apply TAROT 492

to the Gemma2 models, with results summarized 493

in Table 4. Consistent with our findings on Qwen 494

models, the optimal curriculum is governed by a 495

model’s effective capability rather than its param- 496

eter count alone. For the larger Gemma2-9B-IT, 497

Complex Only curriculum offered no decisive ad- 498

vantage, while simpler strategies like Basic Only 499

often perform better on key benchmarks. This 500

principle is even more pronounced for the smaller 501

Gemma2-2B-IT. As shown in Appendix F, most 502

curricula are actively harmful, leading to a perfor- 503

mance collapse from a sparse reward signal. In 504

contrast, a Basic Only strategy focuses on funda- 505

mentals yields substantial improvements. Together, 506

these results indicate that for less-capable mod- 507

els, a fundamentals-first curriculum is essential for 508

successful fine-tuning, whereas unstructured ap- 509

proaches can be severely detrimental. 510

For completeness, we report the full per-strategy 511

and per-curriculum results for Qwen2.5-Instruct, 512

Qwen2.5-Coder-Instruct, and Qwen3-4B-Instruct 513

models across HumanEval, MBPP, and the OOD 514

benchmarks in Appendix G, Table 7 and 8. We fur- 515
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Figure 4: Experimental results for Qwen2.5-Instruct and Qwen2.5-Coder-Instruct models on CodeForces, Live-
CodeBench v5 (LCBv5), and CruxEval. Scores are the overall accuracy across easy, medium, and hard problems.
Numbers above bars indicate gains in percentage points relative to each model’s base checkpoint. Labels inside bars
indicate the best performing curriculum strategy.

Table 3: Performance comparison between TAROT and standard RL Baselines. TAROT outperforms conventional
reward schemes that use the same test cases but lack curriculum scheduling. Highest scores are highlighted in bold.

Model Strategy HumanEval HumanEval+ MBPP MBPP+ CodeForces LCBv5 CruxEval

Qwen2.5-1.5B-Instruct
Avg-reward 59.15% 54.27% 49.20% 57.93% 2.72% 3.70% 38.75/32.87%
Pass@All 60.98% 56.10% 44.60% 53.43% 2.72% 3.94% 34.62/31.75%
TAROT (Best) 60.98% 55.49% 51.80% 58.20% 4.49% 5.26% 40.20/33.75%

Qwen2.5-7B-Instruct
Avg-reward 83.75% 76.22% 66.00% 69.84% 11.41% 11.95% 56.37/58.50%
Pass@All 81.10% 73.78% 63.00% 68.52% 9.49% 14.81% 55.62/56.63%
TAROT (Best) 84.15% 77.44% 69.00% 70.63% 12.95% 19.12% 57.88/59.38%

Table 4: Performance comparison for Gemma2-9B-IT across key curriculum strategies. Highest scores on each
benchmark are highlighted in bold.

Strategy HumanEval HumanEval+ MBPP MBPP+ CodeForces LCBv5 CruxEval

Base 60.37% 54.88% 59.60% 65.08% 8.61% 11.83% 45.63/47.63%
Uniform 65.85% 57.93% 59.20% 64.55% 10.82% 13.62% 51.63/47.13%
Basic Only 63.41% 56.10% 60.40% 65.08% 9.49% 14.70% 51.00/48.00%
Complex Only 65.85% 60.37% 58.60% 64.55% 9.93% 12.54% 48.25/48.00%

ther analyze the hyperparameter sensitivity (temper-516

ature, GRPO β) and the inference-time maximum517

token limit in Appendix D and E, and investigate518

the training dynamics and reward correlations in519

Appendix H.520

5 Conclusion521

We introduced TAROT, a test-driven and capability-522

adaptive framework for curriculum RFT in code523

generation. It moves beyond the conventional one-524

size-fits-all approach by constructing a four-tier,525

intra-problem test suite that allows curriculum de-526

sign to be tailored to a model’s effective capability. 527

Extensive experiments validate TAROT’s effective- 528

ness in consistently improving model performance 529

in code generation over strong baselines. In addi- 530

tion, we find that the optimal curriculum depends 531

on a model’s effective capability rather than size 532

alone. Specifically, we show that less-capable mod- 533

els benefit most from a basic-focused progression, 534

while more-capable models excel with curricula 535

that prioritize complex-focused challenges. These 536

results and findings lay the groundwork for future 537

research into automated and task-specific curricu- 538

lum policies in code generation. 539
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Limitations540

A primary limitation of our framework lies in its541

dependence on the TAROT dataset where the four-542

tier test suite is synthetically generated by frontier543

LLMs. Despite the rigorous verification process,544

potential biases or latent coverage gaps in the gen-545

erator could propagate to the policy model and546

constrain the diversity of the learning signal. Ad-547

ditionally, the current study is restricted to Python548

coding tasks, and the generalization of this tiered549

reinforcement fine-tuning approach to multilingual550

or low-resource programming languages remains to551

be verified. Finally, while our capability-adaptive552

mechanism selects curriculum policies from a pre-553

defined portfolio based on static baseline assess-554

ments, we leave the exploration of continuous cur-555

riculum spaces for dynamic schedule optimization556

during training to future research.557
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A Test Case Generation Prompts810

To ensure the consistent generation of high-quality,811

four-tiered test cases, we designed a detailed812

prompt template. This template, listed in Table 5,813

guides the language model to act as an expert soft-814

ware engineer and produce test cases that adhere to815

our specific difficulty criteria.816

B Implementation Details817

TAROT Dataset Our experiments utilize the818

TAROT dataset, which is constructed by augment-819

ing approximately 15k Python problems from the820

verifiable-coding-problems-python dataset2. For821

each problem, we employ OpenAI’s most power-822

ful o3 and o4 models3 with the highest reasoning823

effort to generate a four-tiered test suite spanning824

basic, intermediate, complex, and edge cases. The825

prompts used for the generation are detailed in Ta-826

ble 5. To ensure high quality, every generated test827

case is validated using the reference solution, and828

any problem with even one failing tier is discarded.829

This rigorous curation process yields a final dataset830

consisting of 60k tiered test suites (15k problems ×831

4 tiers). Samples of the generated tiered test cases832

can be found in Appendix J.833

Model Selection To validate our proposed frame-834

work, we select diverse models to investigate four835

key research questions: (1) the effect of model836

scale, to test whether the optimal curriculum is837

capability-dependent, using three Qwen2.5 models838

(1.5B, 3B, 7B) (Qwen et al., 2025); (2) the im-839

pact of specialization, to determine if TAROT can840

further enhance models already proficient in cod-841

ing, using their code-specialized counterparts (Hui842

et al., 2024); (3) architectural generalizability, to843

test if our findings apply beyond a single model844

family, by incorporating two instruction-tuned845

Gemma2 models (2B, 9B) (Team et al., 2024); and846

(4) pushing performance frontiers, to assess if our847

framework can improve even state-of-the-art mod-848

els with strong baselines, by fine-tuning the recent849

Qwen3-4B-Instruct-2507 (Yang et al., 2025). For850

all models, we use their instruction-tuned variants851

to ensure a foundational code-generation capability,852

a prerequisite for effective RL-based fine-tuning.853

Training Details We fine-tune all selected mod-854

els for a single epoch using the TAROT framework.855

2https://huggingface.co/datasets/open-r1/
verifiable-coding-problems-python

3https://platform.openai.com/docs/models

For policy optimization, we employ GRPO (Shao 856

et al., 2024). All models are trained using the 857

AdamW optimizer with a constant learning rate of 858

1× 10−6. We set the global batch size to 8, reduc- 859

ing it to 4 for larger models (Qwen2.5-7B-Instruct, 860

Qwen2.5-Coder-7B-Instruct, and Gemma2-9B-IT) 861

to accommodate memory constraints. The maxi- 862

mum input and completion token lengths are set to 863

1,024 and 4,096, respectively. For GRPO-specific 864

settings, we generate 8 candidate completions per 865

prompt to estimate the policy advantage, with the 866

core hyperparameter β set to 0.01 in our main ex- 867

periments. The GRPO hyperparameter β controls 868

the strength of the Kullback-Leibler (KL) diver- 869

gence regularization term, which penalizes the pol- 870

icy for deviating too far from the original base 871

model’s behavior. The training temperature, in 872

turn, manages the exploration-exploitation trade- 873

off; higher values encourage the model to sample 874

a wider variety of solutions (exploration), while 875

lower values cause it to refine high-probability ones 876

(exploitation). To identify the optimal settings for 877

the crucial hyperparameters, we provide an abla- 878

tion study on the GRPO β value (0.1, 0.05, 0.01) 879

and the sampling temperature (1.0, 0.7, 0.5) in 880

Appendix D. All fine-tuning experiments are con- 881

ducted on a server with 8 x NVIDIA A100 (80 882

GB) GPUs, running CUDA 12.4 and PyTorch 2.6. 883

Our implementation is based on open-source li- 884

braries including Transformers (Wolf et al., 2020), 885

TRL (von Werra et al., 2020), vLLM (Kwon et al., 886

2023), and Open-R1 (Hugging Face, 2025). 887

Evaluation Metrics We evaluate the efficacy 888

of TAROT on diverse code generation bench- 889

marks. For functional correctness, we measure the 890

pass@1 metric on HumanEval (Chen et al., 2021), 891

MBPP (Austin et al., 2021), HumanEval+, and 892

MBPP+ (Liu et al., 2024). To assess competitive 893

problem-solving skills, we use the overall accuracy 894

on LiveCodeBench v5 (Jain et al., 2024) and Code- 895

Forces (Penedo et al., 2025), averaged across their 896

difficulty tiers. Finally, the model’s code reasoning 897

capability is evaluated using the input and output 898

prediction accuracy on CruxEval (Gu et al., 2024). 899

The detailed generation parameters and execution 900

environment are described in Appendix C. 901

C Generation and Execution 902

Environment 903

The entire evaluation pipeline is managed by the 904

EvalChemy framework (Raoof et al., 2025). We 905
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follow the benchmark-specific generation configu-906

rations predefined within the framework, such as907

temperature, top-p, prompt formatting, and stop-908

ping criteria, to ensure consistency with established909

evaluation protocols. By default, the maximum910

completion tokens for each benchmark adhered to911

its standard setting; however, for an ablation study912

on generation length (Appendix E), we systemati-913

cally increase this limit to 4,096, 8,192, and 16,384914

tokens to observe performance trends.915

All code generation for evaluation is conducted916

by serving the fine-tuned models via the vLLM917

framework (Kwon et al., 2023) on servers equipped918

with 4 x NVIDIA A100 (80 GB) GPUs, using a919

batch size of 64. The resulting code is executed920

in a secure, sandboxed Python 3.11 environment,921

where a strict 10-second timeout is enforced for922

each test case to prevent infinite loops and manage923

evaluation time.924

D Hyperparameter Sensitivity Analysis925

This section provides ablation studies on two key926

training hyperparameters to analyze their impact on927

final benchmark performance: the GRPO regular-928

ization coefficient β and the sampling temperature929

during training.930

Impact of GRPO’s β The hyperparameter β in931

GRPO controls the strength of the Kullback-Leibler932

(KL) divergence regularization, which prevents the933

fine-tuned policy from deviating excessively from934

the original base model. The results of varying β935

are shown in Figure 5. Performance sensitivity to936

β is not uniform across benchmarks. For function-937

synthesis tasks like HumanEval and HumanEval+,938

a small β of 0.01, which allows for greater pol-939

icy exploration, yields the best results. Conversely,940

benchmarks like MBPP and CodeForces appear941

to benefit from slightly stronger regularization942

(β = 0.05). This variance suggests that the op-943

timal regularization strength is task-dependent. We944

selected β = 0.01 for our main experiments as it945

proved most effective on our primary evaluation946

benchmarks.947

Impact of Training Temperature The sampling948

temperature manages the exploration-exploitation949

trade-off during training. The results, presented950

in Figure 6, indicate that a higher temperature of951

1.0, which encourages greater exploration of di-952

verse solutions, is optimal for HumanEval and Hu-953

manEval+. However, other benchmarks show dif-954

ferent trends; MBPP, for example, peaks at a more 955

conservative temperature of 0.7. This highlights 956

that the optimal degree of exploration is also task- 957

specific, and suggests that task-adaptive tempera- 958

ture scheduling could be a potential area for future 959

work. 960

E Impact of Maximum Completion 961

Tokens at Inference Time 962

We analyzed the impact of the maximum comple- 963

tion token limit during inference on the fine-tuned 964

Qwen3-4B model, with results presented in Fig- 965

ure 7. The findings reveal a clear, benchmark- 966

dependent dichotomy. On function-completion 967

tasks like HumanEval and HumanEval+, perfor- 968

mance generally degrades as the token limit in- 969

creases beyond 4,096. In stark contrast, bench- 970

marks like MBPP and MBPP+ benefit from a larger 971

generation space, with optimal results often found 972

at 8,192 or 16,384 tokens. 973

This divergence suggests that for tasks requir- 974

ing concise solutions, such as those in HumanEval, 975

a larger token limit may encourage verbose and 976

error-prone code. Conversely, the nature of MBPP 977

problems may necessitate a longer generation pro- 978

cess to fully develop the correct logic. This analysis 979

underscores a critical point for standardized eval- 980

uation: the ideal setting for maximum completion 981

tokens is highly contingent on the characteristics 982

of the target benchmark. 983

F Additional Results on Gemma2-2B-IT 984

This appendix provides the full curriculum com- 985

parison for Gemma2-2B-IT as in Table 6. Unlike 986

larger or stronger models, Gemma2-2B-IT exhibits 987

curriculum fragility: most curricula depress per- 988

formance, consistent with the observation in the 989

main text that sparse reward signals can cause col- 990

lapse for less-capable models. In contrast, Basic 991

Only—a fundamentals-first schedule—yields the 992

most reliable gains among the tested strategies. 993

These results reinforce our capability-dependent 994

view of curriculum design: for weaker models, 995

emphasizing simpler tiers is a prerequisite for suc- 996

cessful fine-tuning, whereas complex-focused or 997

mixed curricula can be harmful. 998

G Full Benchmark Tables (Qwen2.5 & 999

Qwen3-4B) 1000

We report the complete benchmark results for 1001

all curriculum strategies on Qwen2.5 family 1002
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Figure 5: Performance sensitivity to the GRPO hyperparameter β. The plots show the final pass@1 or accuracy
scores on various benchmarks as β is varied. The optimal value is task-dependent; for instance, HumanEval and
HumanEval+ benefit from a smaller β (0.01) that allows greater policy exploration, whereas MBPP and CodeForces
achieve peak performance with a larger β (0.05) that enforces stronger regularization.

Figure 6: Performance sensitivity to the sampling temperature during training. The plots illustrate the final
benchmark scores for different training temperatures. A higher temperature of 1.0, which encourages greater
exploration, is optimal for benchmarks like HumanEval and HumanEval+. In contrast, other benchmarks such as
MBPP show a preference for a more moderate temperature of 0.7, highlighting that the ideal exploration-exploitation
balance is task-specific.

(1.5B/3B/7B, including Coder variants) and1003

Qwen3-4B-Instruct-2507. These tables expand the1004

main figures by listing pass@1 on HumanEval, Hu-1005

manEval+, MBPP, MBPP+, and average accuracy1006

of CodeForces, LiveCodeBench v5, and CruxEval1007

for every strategy in Table 8 and 7.1008

Consistent with the main text, the C/E Weighted1009

strategy tends to be the top performer for the more-1010

capable Qwen3-4B model, improving over the base1011

across all four code-function benchmarks. The full1012

per-strategy breakdowns here allow exact compari-1013

son across OOD benchmarks as well.1014

H Training Dynamics Analysis1015

The Limits of the Reward Signal. Figure 8 (a)1016

shows that the training reward increases stably and1017

is clearly separated by model capacity, indicating 1018

a stable optimization process. Note that initial re- 1019

wards are relatively low even for capable models; 1020

this is due to strict output formatting requirements 1021

and execution timeouts enforced by the sandbox, 1022

which the models quickly adapt to during the early 1023

stages of fine-tuning. This pattern suggests that the 1024

policy learns the training distribution well and that 1025

stronger models achieve higher reward levels un- 1026

der the same curriculum. However, the reward ob- 1027

served during training does not reliably anticipate 1028

downstream benchmark outcomes. As shown in 1029

Figure 8 (c), the final reward has only a weak Pear- 1030

son correlation coefficient with benchmark scores, 1031

which means that runs with similar rewards can still 1032

deliver very different levels of task performance. 1033
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Figure 7: Performance sensitivity to the maximum completion token limit at inference time for Qwen3-4B-Instruct-
2507 fine-tuned on various curriculum strategies. The results reveal a clear, benchmark-dependent dichotomy. For
function-completion tasks like HumanEval and HumanEval+, performance tends to degrade as the token limit
increases beyond 4,096, suggesting that a larger generation space may encourage verbose, error-prone solutions.
Conversely, for benchmarks like MBPP and MBPP+, a larger token limit is generally beneficial, indicating that their
problem structures may require more extensive code to solve correctly.

Conciseness as a Proxy for Advanced Reasoning.1034

A different perspective comes from analyzing com-1035

pletion length. Figure 8 (b) shows that models1036

with greater capability tend to produce shorter so-1037

lutions as training progresses, and this tendency1038

becomes more pronounced for stronger configu-1039

rations. Importantly, Figure 8 (d) indicates that1040

mean completion length exhibits a stronger neg-1041

ative correlation with benchmark scores than the1042

reward does, implying that conciseness aligns bet-1043

ter with final solution quality. Shorter programs are1044

more likely to capture the essential reasoning steps1045

without unnecessary detours, whereas longer out-1046

puts often reflect uncertainty or inefficient search.1047

These observations support using solution concise-1048

ness as a practical secondary proxy for advanced1049

reasoning quality, complementing the reward based1050

perspective and providing a more informative early1051

indicator of downstream performance.1052

I The Use of Ai Assistants1053

Ai Assistants (e.g., LLMs) are employed solely for1054

polishing writing.1055

J Sample Tiered Test Cases1056

Table 9- 18 present concrete examples of the four-1057

tiered test cases generated for several problems in1058

the TAROT dataset. These samples illustrate a clear1059

and intentional progression in difficulty and scope, 1060

which is a cornerstone of our framework. 1061

The tiers are generally designed to validate dif- 1062

ferent aspects of a solution. Basic tiers focus on 1063

the core logic of a problem with simple, straight- 1064

forward inputs. Following this, intermediate and 1065

complex tiers introduce greater difficulty through 1066

larger inputs, more intricate scenarios, or patterns 1067

requiring more sophisticated algorithmic reasoning. 1068

Finally, edge tiers are designed to test for robust- 1069

ness by probing boundary conditions, constraints, 1070

and performance-intensive cases such as large num- 1071

bers or long strings. This tiered structure exempli- 1072

fies the intra-problem difficulty gradient that forms 1073

the basis of our capability-adaptive curriculum. 1074
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Figure 8: Training dynamics vs. downstream performance. (a) and (b) show the reward and the mean completion
length curves during reinforcement fine-tuning, and the annotations mark the curriculum strategy with the best
average downstream performance. (c) and (d) show the Pearson correlation coefficient r of the final rewards vs.
benchmark scores and the mean completion length vs. benchmark scores, respectively. Light, semi-transparent
lines represent alternative curriculum strategies, while the solid, annotated lines correspond to the best-performing
strategy for each model. Some trajectories terminate earlier than others because different model sizes utilize varying
batch sizes and gradient accumulation steps under a fixed total compute budget.
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Table 5: The prompt template used to generate a tiered test suite given a coding problem. The problem statement and
the default test case from the original source are injected into {problem_statement} and {baseline_test_case}
placeholders, respectively.

You are an expert software engineer with extensive experience in designing comprehensive unit tests. Your task is to generate four distinct unit tests for a given
code implementation based solely on the provided problem statement. Treat this as a black-box testing exercise—focus exclusively on the inputs and expected
outputs without assuming any details about the internal implementation.

Important: A baseline test case will be provided separately. Each test case you generate must be more challenging than the baseline test case.

Please generate four unit tests with the following guidelines:

1. Basic Complexity Test (label as "basic"):

• Use simple, straightforward inputs.

• Validate the core behavior under normal conditions.

• Focus on the happy path scenario.

• This should be the least challenging test case relative to the others.

2. Medium Complexity Test (label as "intermediate"):

• Include moderately complex inputs with some edge conditions.

• Test with mixed data types or larger inputs.

• Incorporate common edge cases and boundary values.

• Ensure this test is more challenging than the basic test.

3. High Complexity Test (label as "complex"):

• Use complex, nested, or structured inputs.

• Validate advanced functionality and complex logic paths.

• Stress test the implementation with challenging scenarios.

• This test should be more intricate than both the basic and intermediate tests.

4. Edge Case Test (label as "edge"):

• Use extreme boundary conditions and special cases.

• Validate behavior with empty, null, or invalid inputs.

• Focus on error handling and exception scenarios.

• This should be the most challenging test case among the four.

For each test case, follow the JSON format provided in the example below (include only the input and expected output):

{
"language ": "python",
"test_cases ": [

{
"input": "4\n4\n0001\n1000\n0011\n0111\n3\n010\n101\n0\n2\n00000\n00001\n4\n01\n001\n0001\n00001\n",
"output ": "1\n3 \n-1\n0\n\n2\n1 2 \n",
"type": "stdin_stdout",
"label": "basic",
"reason ": "This test represents simple , straightforward input conditions ."

}
]

}

Remember:

• Do not assume any knowledge about the internal code; base your tests purely on the input-output behavior described in the problem statement.

• Ensure that each of your test cases is incrementally more challenging than the baseline test case provided.

Problem Statement: {problem_statement}

Baseline Test Case: {baseline_test_case}
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Table 6: Performance comparison for Gemma2-2B-IT across all curriculum strategies. Scores are colored and
bolded based on their deviation from the Base strategy (blue for higher, red for lower).

Strategy HumanEval HumanEval+ MBPP MBPP+ CodeForces LCBv5 CruxEval

Base 42.07% 34.76% 41.20% 47.09% 2.21% 4.30% 37.50/26.88%
Uniform 39.02% 31.09% 33.80% 39.95% 0.22% 3.58% 33.00/26.63%
B/I Weighted 35.98% 32.32% 35.60% 42.06% 0.22% 4.30% 38.63/27.25%
C/E Weighted 41.46% 34.15% 39.20% 48.41% 0.22% 3.94% 36.63/26.75%
C/E Weighted (Rev) 40.86% 35.37% 40.20% 44.44% 0.44% 3.94% 35.63/26.75%
Basic Only 44.51% 37.20% 38.60% 46.83% 1.77% 3.94% 39.88/27.88%
Edge Only 39.63% 35.37% 38.00% 46.03% 0.22% 4.30% 39.00/28.13%
Complex Only 42.07% 36.59% 37.00% 45.77% 2.21% 2.87% 35.63/27.55%

Table 7: Comprehensive performance evaluation of all curriculum strategies on Qwen3-4B-Instruct-2507. The
highest score on each benchmark is highlighted in bold. The performance of Qwen3-Coder-30B-A3B-Instruct is
included to enable comparison against a leading code-specialized model.

Model Strategy HumanEval HumanEval+ MBPP MBPP+ CodeForces LCBv5 CruxEval

Qwen3-Coder-30B-A3B-Instruct
Base 94.51% 86.59% 73.80% 75.13% 29.65% 37.63% 81.75/79.25%

Qwen3-4B-Instruct-2507
Base 89.02% 78.66% 52.60% 56.61% 33.63% 32.02% 78.25/77.75%
Uniform 88.41% 80.09% 35.30% 53.70% 31.86% 31.96% 79.37/75.75%
B/I Weighted 89.63% 81.09% 28.00% 52.38% 33.04% 33.81% 79.50/75.38%
C/E Weighted 91.46% 82.92% 55.20% 58.73% 31.79% 31.54% 81.12/75.25%
C/E Weighted (Rev) 89.63% 80.48% 36.20% 35.98% 34.66% 31.66% 79.50/76.00%
Basic Only 89.63% 79.87% 39.80% 56.34% 33.11% 31.90% 78.50/75.00%
Edge Only 89.63% 79.88% 47.20% 56.61% 31.86% 30.59% 80.25/74.00%
Complex Only 90.85% 80.48% 28.60% 51.85% 30.61% 31.30% 80.37/76.37%
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Table 8: Comprehensive performance evaluation of all curriculum strategies across Qwen2.5-Instruct and Qwen2.5-
Coder-Instruct models (1.5B, 3B, 7B). For each model size, the highest score on each benchmark is highlighted in
bold.

Model Strategy HumanEval HumanEval+ MBPP MBPP+ CodeForces LCBv5 CruxEval

Qwen2.5-7B-Instruct
Base 82.93% 75.61% 63.20% 67.46% 8.54% 14.10% 57.75/58.00%
Uniform 82.93% 73.78% 67.40% 67.46% 12.36% 14.93% 57.88/59.38%
B/I Weighted 78.05% 76.83% 67.60% 69.58% 11.56% 15.89% 57.25/59.25%
C/E Weighted 79.27% 73.78% 66.20% 70.37% 10.89% 15.77% 57.13/55.50%
C/E Weighted (Rev) 84.15% 77.44% 69.00% 70.11% 8.24% 15.41% 57.88/56.38%
Basic Only 82.32% 75.61% 66.20% 68.52% 12.29% 19.12% 55.63/57.50%
Edge Only 83.54% 76.22% 67.60% 70.63% 11.11% 17.08% 56.13/57.75%
Complex Only 84.15% 75.61% 69.00% 69.05% 12.95% 17.80% 57.25/56.38%

Qwen2.5-3B-Instruct
Base 69.51% 61.59% 58.40% 64.81% 4.34% 5.02% 38.75/44.63%
Uniform 71.34% 63.41% 59.40% 63.49% 6.92% 8.72% 42.00/42.50%
B/I Weighted 69.51% 62.20% 59.00% 63.49% 7.21% 9.44% 42.38/46.75%
C/E Weighted 69.51% 62.80% 56.60% 63.76% 7.21% 7.17% 43.75/44.50%
C/E Weighted (Rev) 70.12% 62.80% 57.00% 63.49% 6.92% 8.00% 43.63/42.50%
Basic Only 66.46% 59.15% 59.40% 64.02% 6.33% 6.09% 40.50/44.13%
Edge Only 71.34% 64.02% 58.20% 62.70% 6.11% 7.05% 43.13/42.63%
Complex Only 67.68% 60.37% 59.00% 64.81% 6.84% 6.33% 41.25/42.88%

Qwen2.5-1.5B-Instruct
Base 58.54% 54.88% 46.80% 52.91% 2.65% 5.02% 38.63/30.88%
Uniform 60.98% 54.88% 50.00% 57.14% 3.68% 5.26% 37.13/33.75%
B/I Weighted 59.15% 54.27% 51.80% 57.94% 3.83% 4.54% 36.00/29.75%
C/E Weighted 60.98% 55.49% 49.40% 56.08% 3.61% 5.02% 34.75/32.38%
C/E Weighted (Rev) 56.71% 52.44% 50.40% 58.20% 4.49% 4.90% 34.00/31.75%
Basic Only 57.32% 53.05% 50.60% 58.20% 4.05% 4.66% 40.25/33.00%
Edge Only 55.49% 50.61% 50.20% 56.08% 3.75% 4.42% 35.50/31.50%
Complex Only 59.76% 54.88% 51.80% 55.29% 3.46% 4.54% 36.13/33.38%

Qwen2.5-Coder-7B-Instruct
Base 85.98% 79.27% 75.60% 69.05% 10.89% 13.86% 66.38/66.13%
Uniform 85.76% 79.27% 77.20% 72.49% 13.98% 17.68% 66.50/66.38%
B/I Weighted 84.76% 78.66% 77.60% 71.96% 13.32% 17.44% 68.38/65.88%
C/E Weighted 87.80% 82.32% 76.20% 70.90% 14.94% 19.24% 66.25/67.13%
C/E Weighted (Rev) 88.41% 81.10% 75.00% 71.42% 13.98% 19.12% 68.63/65.00%
Basic Only 85.98% 79.88% 76.20% 71.96% 14.86% 19.47% 67.50/66.38%
Edge Only 79.02% 81.07% 77.20% 71.96% 12.14% 19.12% 68.75/66.00%
Complex Only 87.80% 80.49% 76.60% 70.90% 14.35% 18.16% 67.75/66.50%

Qwen2.5-Coder-3B-Instruct
Base 79.27% 75.00% 62.20% 66.93% 3.90% 9.80% 53.38/53.75%
Uniform 81.10% 76.83% 62.00% 67.20% 7.21% 10.75% 54.00/54.75%
B/I Weighted 81.71% 78.05% 61.40% 66.93% 6.70% 9.80% 54.25/53.38%
C/E Weighted 79.88% 76.83% 61.00% 67.46% 8.02% 10.51% 56.75/53.50%
C/E Weighted (Rev) 82.32% 77.44% 62.00% 68.52% 8.17% 10.75% 52.63/55.13%
Basic Only 80.49% 76.22% 62.80% 66.67% 7.95% 13.14% 55.88/55.88%
Edge Only 79.27% 75.00% 62.60% 66.14% 7.21% 10.63% 53.75/53.25%
Complex Only 78.05% 73.78% 63.00% 67.72% 7.65% 10.63% 53.13/55.25%

Qwen2.5-Coder-1.5B-Instruct
Base 68.29% 63.41% 52.60% 63.49% 2.06% 3.46% 44.38/36.38%
Uniform 71.34% 65.24% 52.80% 62.96% 4.56% 4.42% 44.75/36.38%
B/I Weighted 72.56% 64.02% 55.80% 62.70% 4.19% 4.66% 45.13/35.75%
C/E Weighted 71.34% 66.65% 54.60% 62.96% 3.46% 4.42% 45.13/38.00%
C/E Weighted (Rev) 72.56% 64.20% 54.20% 62.96% 3.38% 4.18% 45.25/37.00%
Basic Only 70.12% 64.02% 54.00% 64.76% 4.49% 4.66% 43.25/36.00%
Edge Only 72.56% 67.10% 53.60% 62.17% 4.56% 5.02% 44.86/35.63%
Complex Only 71.34% 66.46% 53.20% 63.49% 3.31% 4.54% 43.75/37.36%
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Table 9: A sample from TAROT dataset comprising 4-tiered test cases: basic, intermediate, complex, and edge. The
Reason column details the rationale for each tier assignment.

Solve the following coding problem using the programming language python:

You are given two positive integer numbers a and b. Permute (change order) of the digits of a to construct maximal
number not exceeding b. No number in input and/or output can start with the digit 0.

It is allowed to leave a as it is.

Input
The first line contains integer a (1 ≤ a ≤ 1018). The second line contains integer b (1 ≤ b ≤ 1018). Numbers
don’t have leading zeroes. It is guaranteed that answer exists.

Output
Print the maximum possible number that is a permutation of digits of a and is not greater than b. The answer
can’t have any leading zeroes. It is guaranteed that the answer exists. The number in the output should have
exactly the same length as number a. It should be a permutation of digits of a.

Examples
Input
123 222

Output
213

Input
3921 10000

Output
9321

Input
4940 5000

Output
4940

The input will be given via stdin and the output should be printed to stdout by your code.

Now solve the problem by providing the code.

Test cases Basic Intermediate Complex Edge

Input 21
12

3051
5310

98761230
98765000

111222333444555666
1000000000000000000

Output 12 5310 98763210 666555444333222111

Reason A simple 2-digit case
where swapping the
digits yields the only
valid permutation ≤
bound, illustrating the
happy path.

A 4-digit case including
zero, requiring the
algorithm to match the
upper bound exactly
with a permutation of the
digits.

An 8-digit case where
matching the bound fails
at a later position,
forcing backtracking and
a maximal tail fill.

An extreme boundary
case with an 18-digit
input and a longer
19-digit bound, where
any valid permutation
fits, so the result is the
digits sorted in
descending order.

20



Table 10: A sample from TAROT dataset comprising 4-tiered test cases: basic, intermediate, complex, and edge.
The Reason column details the rationale for each tier assignment.

Solve the following coding problem using the programming language python:

Winter is here at the North and the White Walkers are close. John Snow has an army consisting of n soldiers.
While the rest of the world is fighting for the Iron Throne, he is going to get ready for the attack of the White
Walkers.

He has created a method to know how strong his army is. Let the i-th soldier’s strength be ai. For some k, we
call the indices i1, i2, . . . , ik a clan if i1 < i2 < · · · < ik and gcd(ai1 , ai2 , . . . , aik ) > 1. The strength of that clan
is defined as k · gcd(ai1 , ai2 , . . . , aik ). The strength of the army is defined by the sum of the strengths of all
possible clans.

Your task is to find the strength of his army. As the number may be very large, you have to print it modulo
1000000007 (109 + 7).

Greatest common divisor (gcd) of a sequence of integers is the maximum possible integer so that each element of
the sequence is divisible by it.

—–Input—–
The first line contains integer n (1 ≤ n ≤ 200000) − the size of the army. The second line contains n integers
a1, a2, ..., an (1 ≤ ai ≤ 1000000) − denoting the strengths of his soldiers.

—–Output—–
Print one integer − the strength of John Snow’s army modulo 1000000007 (109 + 7).

—–Examples—–
Input
3
3 3 1

Output
12

Input
4
2 3 4 6

Output
39

—–Note—–
In the first sample the clans are {1}, {2}, {1, 2} so the answer will be 1 · 3 + 1 · 3 + 2 · 3 = 12

The input will be stdin and you should print your solution to stdout

Now solve the problem and return the code.

Test cases Basic Intermediate Complex Edge

Input 4
2 3 5 7

6
2 4 8 3 9 6

7
2 2 2 2 2 2 2

5
1 1 1 1 1

Output 17 119 896 0

Reason All strengths are prime,
so only single-soldier
clans contribute.

Mix of primes and
composites yields clans
of various sizes and
gcds.

Uniform strengths where
every nonempty subset is
a valid clan (gcd=2).

All strengths are 1, so no
clan has gcd>1; result is
zero.
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Table 11: A sample from TAROT dataset comprising 4-tiered test cases: basic, intermediate, complex, and edge.
The Reason column details the rationale for each tier assignment.

Solve the following coding problem using the programming language python:

A permutation − is a sequence of length n integers from 1 to n, in which all the numbers occur exactly once. For example, [1],
[3, 5, 2, 1, 4], [1, 3, 2] − permutations, and [2, 3, 2], [4, 3, 1], [0] − no.

Polycarp was recently gifted a permutation a[1 . . . n] of length n. Polycarp likes trees more than permutations, so he wants to
transform permutation a into a rooted binary tree. He transforms an array of different integers into a tree as follows:

• The maximum element of the array becomes the root of the tree;

• All elements to the left of the maximum − form a left subtree (which is built according to the same rules but applied to
the left part of the array), but if there are no elements to the left of the maximum, then the root has no left child;

• All elements to the right of the maximum − form a right subtree (which is built according to the same rules but applied to
the right side of the array), but if there are no elements to the right of the maximum, then the root has no right child.

For example, if he builds a tree by permutation a = [3, 5, 2, 1, 4], then the root will be the element a2 = 5, and the left
subtree will be the tree that will be built for the subarray a[1 . . . 1] = [3], and the right one − for the subarray a[3 . . . 5]
= [2, 1, 4]. As a result, the following tree will be built:

<image> The tree corresponding to the permutation a=[3, 5, 2, 1, 4].

Another example: let the permutation be a=[1, 3, 2, 7, 5, 6, 4]. In this case, the tree looks like this:

<image> The tree corresponding to the permutation a=[1, 3, 2, 7, 5, 6, 4].

Let us denote by dv the depth of the vertex av, that is, the number of edges on the path from the root to the vertex numbered
av. Note that the root depth is zero. Given the permutation a, for each vertex, find the value of dv.

Input

The first line contains one integer t (1 ≤ t ≤ 100) − the number of test cases. Then t test cases follow. The first line
of each test case contains an integer n (1 ≤ n ≤ 100) − the length of the permutation. This is followed by n numbers
a1, a2, . . . , an − permutation a.

Output

For each test case, output n values − d1, d2, . . . , dn.

Example

Input
3
5
3 5 2 1 4
1
1
4
4 3 1 2

Output
1 0 2 3 1
0
0 1 3 2

The input will be stdin and you should print your solution to stdout

Now solve the problem and return the code.

Test cases Basic Intermediate Complex Edge

Input 1
3
1 2 3

2
4
2 1 4 3
5
5 4 3 2 1

1
10
3 8 2 5 10 9 1 7 4 6

1
15
1 2 3 4 5 6 7 8 9 10 11
12 13 14 15

Output 2 1 0 1 2 0 1
0 1 2 3 4

2 1 3 2 0 1 3 2 4 3 14 13 12 11 10 9 8 7 6
5 4 3 2 1 0

Reason Simple ascending
permutation forming a
left-skewed tree under
normal conditions.

Includes a mixed
permutation and a strictly
decreasing permutation to
test right-skewed tree and
boundary values.

Complex permutation of
length 10 to test multiple
recursion levels and both
left and right subtrees.

Maximum ascending chain
of length 15 to test deep
recursion and large
boundary condition.
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Table 12: A sample from TAROT dataset comprising 4-tiered test cases: basic, intermediate, complex, and edge.
The Reason column details the rationale for each tier assignment.

Solve the following coding problem using the programming language python:

Princess’Marriage

Marriage of a princess

English text is not available in this practice contest.

A brave princess in a poor country, knowing that gambling payouts are determined by the parimutuel method, felt more familiar with gambling
and was convinced of her victory in gambling. As a result, he spent more money than ever before and lost enough to lose all the taxes
paid by the people. The King, who took this situation seriously, decided to marry the princess to the neighboring country. By doing this,
I thought that I would like the princess to reflect on her daily activities and at the same time deepen her friendship with neighboring
countries and receive financial assistance.

The princess and the prince of the neighboring country liked each other, and the kings of both countries agreed on a political marriage.
The princess triumphantly went to the neighboring country with a little money in her hand. On the other hand, the motive for the princess
to marry is to pursue the unilateral interests of the king, and the aide of the prince of the neighboring country who thinks that it is
not pleasant shoots countless thugs along the way to make the princess dead. It was.

The path the princess will take has already been decided. There are a total of L post stations on the path of the princess. For convenience,
the departure and arrival points are also set as post stations, and each post station is called S1, S2, . . . SL. The princess shall be in
S1 first, visit the post station in ascending order (S2, S3 . . . in that order), and finally go to SL. At the post station, you can pay
money to hire an escort, and as long as you have the money, you can contract for as long as you like to protect the princess. The cost
of hiring an escort is 1 gold per distance. Note that the princess can also partially protect the section through which she passes. The
distance between Si and Si + 1 is given by Di, and the expected value of the number of times a thug is attacked per distance between Si
and Si + 1 is given by Pi.

Find the expected number of thugs to reach your destination when the princess has a budget of M and hires an escort to minimize the expected
number of thugs.

Input
The input consists of multiple datasets. Each dataset has the following format.

> N M
> D1 P1
> D2 P2
> ...
> DN PN

Two integers are given in the first row of each dataset, representing the number of intervals N (1 ≤ N ≤ 10, 000 and the budget M
(0 ≤ M ≤ 1, 000, 000, 000 of the princess difference, respectively. The next N lines show information about the path the princess takes.
Each line contains two integers, and the i-th line is the expected value of the interval Di (1 ≤ Di ≤ 10, 000) and the number of attacks
when moving one unit distance between them Pi (0 ≤ Pi ≤ 10) ). The end of the input is represented by a data set with N = 0 and M = 0. Do
not output the calculation result for this data set.

Output
For each dataset, output the expected number of times the princess will be attacked by thugs to your destination.

Sample Input
2 8
5 6
4 5
3 1
5 10
5 10
5 10
0 0

Output for the Sample Input
Five
140

The input will be given via stdin and the output should be printed to stdout by your code.

Test cases Basic Intermediate Complex Edge

Input 4 7
3 2
4 1
1 5
2 2
0 0

6 12
5 3
2 0
7 2
3 3
4 1
6 2
0 0

10 30
10 1
5 5
8 5
6 3
12 2
4 5
7 3
9 4
3 0
11 2
0 0

3 0
5 2
10 4
7 3
4 100
5 2
10 4
7 3
8 0
2 1000
100 0
200 0
0 0

Output 3 22 83 71
0
0

Reason Simple scenario with multiple
segments and straightforward
positive Pi values; tests basic
greedy coverage under a
limited budget.

Moderate number of segments
including Pi=0, ensuring
segments with no attacks are
ignored and budget partially
covers higher-Pi segments.

Larger set of segments with
ties in Pi values and varied
distances, requiring correct
sorting and partial coverage
among equal-Pi segments.

Edge conditions including
zero budget, budget exceeding
total distance, and segments
with Pi=0 to verify
no-protection and
full-protection behaviors.
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Table 13: A sample from TAROT dataset comprising 4-tiered test cases: basic, intermediate, complex, and edge.
The Reason column details the rationale for each tier assignment.

Solve the following coding problem using the programming language python:

Valera loves his garden, where n fruit trees grow.

This year he will enjoy a great harvest! On the i-th tree bi fruit grow, they will ripen on a day number ai. Unfortunately, the
fruit on the tree get withered, so they can only be collected on day ai and day ai + 1 (all fruits that are not collected in
these two days, become unfit to eat).

Valera is not very fast, but there are some positive points. Valera is ready to work every day. In one day, Valera can collect
no more than v fruits. The fruits may be either from the same tree, or from different ones. What is the maximum amount of fruit
Valera can collect for all time, if he operates optimally well?

—–Input—–
The first line contains two space-separated integers n and v (1 ≤ n, v ≤ 3000) − the number of fruit trees in the garden and
the number of fruits that Valera can collect in a day.

Next n lines contain the description of trees in the garden. The i-th line contains two space-separated integers ai and bi
(1 ≤ ai, bi ≤ 3000) − the day the fruits ripen on the i-th tree and the number of fruits on the i-th tree.

—–Output—–
Print a single integer − the maximum number of fruit that Valera can collect.

—–Examples—–
Input
2 3
1 5
2 3

Output
8

Input
5 10
3 20
2 20
1 20
4 20
5 20

Output
60

—–Note—–
In the first sample, in order to obtain the optimal answer, you should act as follows. On the first day collect 3 fruits from
the 1-st tree. On the second day collect 1 fruit from the 2-nd tree and 2 fruits from the 1-st tree. On the third day collect
the remaining fruits from the 2-nd tree.

In the second sample, you can only collect 60 fruits, the remaining fruit will simply wither.

The input will be stdin and you should print your solution to stdout

Now solve the problem and return the code.

Test cases Basic Intermediate Complex Edge
Input 2 5

1 3
3 4

3 1
1 2
2 2
3 2

5 5
1 4
2 6
2 3
5 10
6 2

2 1000
2999 1500
3000 2500

Output 7 4 25 3000

Reason No overlapping ripening
days and capacity exceeds
daily fruits; collect all fruits
on their ripening days.

Capacity is only 1 per day
with overlapping two-day
windows; requires optimal
scheduling across
consecutive days.

Multiple trees ripen on the
same days, gaps between
ripening days, and moderate
capacity to stress multi-day
planning.

Ripening on the maximum
allowed days (2999 and
3000) tests boundary
handling and two-day
collection windows at the
end of the range.
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Table 14: A sample from TAROT dataset comprising 4-tiered test cases: basic, intermediate, complex, and edge.
The Reason column details the rationale for each tier assignment.

Solve the following coding problem using the programming language python:

Bessie the cow has just intercepted a text that Farmer John sent to Burger Queen! However, Bessie is sure that there is
a secret message hidden inside.

The text is a string s of lowercase Latin letters. She considers a string t as hidden in string s if t exists as a
subsequence of s whose indices form an arithmetic progression. For example, the string aab is hidden in string aaabb
because it occurs at indices 1, 3, and 5, which form an arithmetic progression with a common difference of 2. Bessie
thinks that any hidden string that occurs the most times is the secret message. Two occurrences of a subsequence of S
are distinct if the sets of indices are different. Help her find the number of occurrences of the secret message!

For example, in the string aaabb, a is hidden 3 times, b is hidden 2 times, ab is hidden 6 times, aa is hidden 3 times,
bb is hidden 1 time, aab is hidden 2 times, aaa is hidden 1 time, abb is hidden 1 time, aaab is hidden 1 time, aabb is
hidden 1 time, and aaabb is hidden 1 time. The number of occurrences of the secret message is 6.

—–Input—–

The first line contains a string s of lowercase Latin letters (1 ≤ |s| ≤ 105) — the text that Bessie intercepted.

—–Output—–

Output a single integer − the number of occurrences of the secret message.

—–Examples—–
Input
aaabb

Output
6

Input
usaco

Output
1

Input
lol

Output
2

—–Note—–

In the first example, these are all the hidden strings and their indice sets: a occurs at (1), (2), (3) b occurs at (4),
(5) ab occurs at (1, 4), (1, 5), (2, 4), (2, 5), (3, 4), (3, 5) aa occurs at (1, 2), (1, 3), (2, 3) bb occurs at (4, 5) aab occurs
at (1, 3, 5), (2, 3, 4) aaa occurs at (1, 2, 3) abb occurs at (3, 4, 5) aaab occurs at (1, 2, 3, 4) aabb occurs at (2, 3, 4, 5) aaabb
occurs at (1, 2, 3, 4, 5) Note that all the sets of indices are arithmetic progressions.

In the second example, no hidden string occurs more than once.

In the third example, the hidden string is the letter l.

The input will be stdin and you should print your solution to stdout

Now solve the problem and return the code.

Test cases Basic Intermediate Complex Edge
Input abab abacaba abababab z

Output 3 6 10 1

Reason A simple alternating
pattern to validate basic
subsequence counting.

Mixed letters and
repeating patterns to test
moderately complex
subsequences.

Longer alternating pattern
to stress test counting of
many
arithmetic-progression
subsequences.

Minimal input length
boundary case.
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Table 15: A sample from TAROT dataset comprising 4-tiered test cases: basic, intermediate, complex, and edge.
The Reason column details the rationale for each tier assignment.

Solve the following coding problem using the programming language python:

The ZCO scholarship contest offers scholarships to first time ZCO participants. You are participating in it for the first time. So you want to know
the number of participants who’ll get the scholarship. You know that the maximum number of scholarships offered is R and there are a total of N
participants numbered from 1 to N. Out of these, you know the set of people (denoted by X) who you know, had participated in previous year ZCOs and
hence, they shall not get the scholarship. Further, as the world isn’t free from plagiarism, so is the case with the scholarship contest. And from
your secret sources, you also know the set of people (denoted by set Y ) who were involved in plagiarism and therefore aren’t eligible for scholarship
either.

Find out the number of participants who shall get the scholarship.

PS: Don’t ask how so many scholarships are being offered when you see the constraints on R. You never questioned it when in mathematics classes,
some person bought 80 watermelons twice just to compare them and save 1.

—–Input:—–
- The first line will contain a single integer, T , the number of testcases. Then the testcases follow.
- The first line of each test case contains four integers; N, R, |X| and |Y | denoting the number of participants, maximum number of scholarships
offered, number of old participants, and the number of participants involved in plagiarism, respectively.
- The second line of each test case contains |X| space separated integers x1, x2 . . . x|X| denoting the indices of people who participated in previous

years. If X is empty, this line is skipped and no empty line is in the input.
- The third line of each test case contains |Y | space separated integers y1, y2 . . . y|Y | denoting the indices of people who are involved in plagiarism.

If Y is empty, this line is skipped and no empty line is in input.

—–Output:—–
For each testcase, print a single integer in a new line, denoting the number of participants who shall get the scholarship.

—–Constraints—–
- 1 ≤ T ≤ 1000

- 1 ≤ N ≤ 1015

- 0 ≤ R ≤ 1015

- 0 ≤ |X|, |Y | ≤ min(N, 2 ∗ 105)
- 1 ≤ xi, yi ≤ N
- All xi are distinct
- All yi are distinct

- Sum of |X| over all test cases does not exceed 5 ∗ 105

- Sum of |Y | over all test cases does not exceed 5 ∗ 105

—–Subtasks—–
- 20 points : 1 ≤ N ≤ 103, and the sum of N over all test cases does not exceed 3 ∗ 103

- 30 points : 1 ≤ N ≤ 2 ∗ 105, and the sum of N over all test cases does not exceed 5 ∗ 105

- 50 points: Original constraints

—–Sample Input:—–
3
5 3 0 1
4
10 2 4 6
3 1 7 6
4 3 1 5 9 7
10 4 4 6
3 1 7 6
4 3 1 5 9 7

—–Sample Output:—–
3
2
3

—–EXPLANATION:—–
- In the first testcase, only participant 4 is involved in plagiarism, and thus not eligible for the scholarship. No user has participated in previous
years, and so no empty line is there in the sample. All participants except participant 4 are eligible for the scholarship, but only three of them
get it because R = 3.
- Both second and third testcases are the same, except for R. In both samples, only participants 2, 8 and 10 are eligible for scholarships.
- In the second testcase, since the maximum number of scholarships is 2, only 2 participants get scholarships.
- In the third testcase, all three eligible participants get scholarships.

The input will be stdin and you should print your solution to stdout

Test cases Basic Intermediate Complex Edge

Input 1
4 2 1 1
1
4

2
7 4 3 2
2 4 5
4 6
5 1 0 2
3 5

3
1000000000000
1000000000000 2 3
1 1000000000000
500000000000 1
999999999999
20 15 5 5
1 2 3 4 5
4 5 6 7 8
50 100 3 2
10 20 30
30 40

2
1000000000000000 0 0 0
5 10 3 3
1 2 3
3 4 5

Output 2 3
1

999999999996
12
46

0
0

Reason Basic test with a single test case,
non-empty X and Y sets without
overlap, validating core
functionality.

Medium complexity with
multiple test cases, overlapping
X and Y in the first, and an
empty X set in the second.

High complexity with very large
N and R values, moderate X and
Y sizes, and multiple test cases to
stress-test the implementation.

Edge case with maximum
boundary values and zero
scholarships in the first, and X
and Y covering all participants in
the second, testing empty sets
and full exclusion.
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Table 16: A sample from TAROT dataset comprising 4-tiered test cases: basic, intermediate, complex, and edge.
The Reason column details the rationale for each tier assignment.

Solve the following coding problem using the programming language python:

Polycarp has recently got himself a new job. He now earns so much that his old wallet can’t even store all the money he has. Berland bills somehow
come in lots of different sizes. However, all of them are shaped as rectangles (possibly squares). All wallets are also produced in form of rectangles
(possibly squares).

A bill x × y fits into some wallet h × w if either x ≤ h and y ≤ w or y ≤ h and x ≤ w. Bills can overlap with each other in a wallet and an
infinite amount of bills can fit into a wallet. That implies that all the bills Polycarp currently have fit into a wallet if every single one of them
fits into it independently of the others.

Now you are asked to perform the queries of two types:

+ x y — Polycarp earns a bill of size x × y; ? h w — Polycarp wants to check if all the bills he has earned to this moment fit into a wallet of
size h × w.

It is guaranteed that there is at least one query of type 1 before the first query of type 2 and that there is at least one query of type 2 in the
input data. For each query of type 2 print "YES" if all the bills he has earned to this moment fit into a wallet of given size. Print "NO" otherwise.

—–Input—–

The first line contains a single integer n (2 ≤ n ≤ 5 · 105) — the number of queries.

Each of the next n lines contains a query of one of these two types:

+ x y (1 ≤ x, y ≤ 109) — Polycarp earns a bill of size x × y; ? h w (1 ≤ h,w ≤ 109) — Polycarp wants to check if all the bills he has earned
to this moment fit into a wallet of size h × w.

It is guaranteed that there is at least one query of type 1 before the first query of type 2 and that there is at least one query of type 2 in the
input data.

—–Output—–

For each query of type 2 print "YES" if all the bills he has earned to this moment fit into a wallet of given size. Print "NO" otherwise.

—–Example—–
Input
9
+ 3 2
+ 2 3
? 1 20
? 3 3
? 2 3
+ 1 5
? 10 10
? 1 5
+ 1 1

Output
NO
YES
YES
YES
NO

—–Note—–

The queries of type 2 of the example:

Neither bill fits; Both bills fit (just checking that you got that bills can overlap); Both bills fit (both bills are actually the same); All bills
fit (too much of free space in a wallet is not a problem); Only bill 1 × 5 fit (all the others don’t, thus it’s "NO").

The input will be stdin and you should print your solution to stdout

Test cases Basic Intermediate Complex Edge

Input 4
+ 4 5
? 5 4
? 4 4
? 6 4

7
+ 2 7
+ 3 3
+ 7 2
? 3 7
? 4 6
+ 10 1
? 10 5

13
+ 5 5
+ 6 4
+ 9 1
? 5 5
? 9 1
? 4 9
+ 2 8
? 8 9
+ 7 7
? 7 7
? 8 7
? 10 8
? 6 6

8
+ 1000000000 1
+ 1 1000000000
+ 500000000 500000000
? 1000000000 1000000000
? 999999999 1000000000
? 1000000000 499999999
+ 1000000000 1000000000
? 1000000000 1000000000

Output YES
NO
YES

YES
NO
YES

NO
NO
NO
YES
NO
NO
YES
NO

YES
YES
NO
YES

Reason Single bill with queries testing
orientation and size validation
under straightforward conditions.

Multiple bills including
duplicates and interleaved adds
and queries testing correct global
dimension tracking.

Complex interleaving of many
adds and queries with varying
dimensions to stress test global
maximum computations.

Extreme boundary values testing
maximum limits and strict
comparison edge where one
dimension is just below
requirement.
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Table 17: A sample from TAROT dataset comprising 4-tiered test cases: basic, intermediate, complex, and edge.
The Reason column details the rationale for each tier assignment.

Solve the following coding problem using the programming language python:

Valera had an undirected connected graph without self-loops and multiple edges consisting of n vertices. The graph had an
interesting property: there were at most k edges adjacent to each of its vertices. For convenience, we will assume that the graph
vertices were indexed by integers from 1 to n.

One day Valera counted the shortest distances from one of the graph vertices to all other ones and wrote them out in array d.

Thus, element d[i] of the array shows the shortest distance from the vertex Valera chose to vertex number i.

Then something irreparable terrible happened. Valera lost the initial graph. However, he still has the array d. Help him restore
the lost graph.

Input

The first line contains two space-separated integers n and k (1 ≤ k ≤ 105). Number n shows the number of vertices in the original
graph. Number k shows that at most k edges were adjacent to each vertex in the original graph.

The second line contains space-separated integers d[1], d[2], ..., d[n] (0 ≤ d[i] < n). Number d[i] shows the shortest distance
from the vertex Valera chose to the vertex number i.

Output

If Valera made a mistake in his notes and the required graph doesn’t exist, print in the first line number -1. Otherwise, in the
first line print integer m (0 ≤ m ≤ 106) − the number of edges in the found graph.

In each of the next m lines print two space-separated integers ai and bi (1 ≤ ai, bi ≤ n; ai ̸= bi), denoting the edge that
connects vertices with numbers ai and bi. The graph shouldn’t contain self-loops and multiple edges. If there are multiple
possible answers, print any of them.

Examples

Input
3 2
0 1 1

Output
3
1 2
1 3
3 2

Input
4 2
2 0 1 3

Output
3
1 3
1 4
2 3

Input
3 1
0 0 0

Output
-1

The input will be given via stdin and the output should be printed to stdout by your code.

Test cases Basic Intermediate Complex Edge

Input 4 2
0 1 1 2

7 3
0 1 2 2 1 2 3

10 3
0 1 1 1 2 2 2 2 2 3

5 3
0 2 2 3 3

Output 3
1 2
1 3
2 4

6
1 2
1 5
2 3
2 4
5 6
3 7

9
1 2
1 3
1 4
2 5
2 6
3 7
3 8
4 9
5 10

-1

Reason Simple BFS tree with one
level-2 vertex.

Moderately sized tree with
branching and various
depths.

Larger tree with multiple
branches and depth-3 leaf.

No vertices at distance 1,
invalid distance sequence
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Table 18: A sample from TAROT dataset comprising 4-tiered test cases: basic, intermediate, complex, and edge.
The Reason column details the rationale for each tier assignment.

Solve the following coding problem using the programming language python:

The game of Berland poker is played with a deck of n cards, m of which are jokers. k players play this game (n is
divisible by k).

At the beginning of the game, each player takes n
k cards from the deck (so each card is taken by exactly one player).

The player who has the maximum number of jokers is the winner, and he gets the number of points equal to x− y, where x
is the number of jokers in the winner’s hand, and y is the maximum number of jokers among all other players. If there
are two or more players with maximum number of jokers, all of them are winners and they get 0 points.

Here are some examples: n = 8, m = 3, k = 2. If one player gets 3 jokers and 1 plain card, and another player gets
0 jokers and 4 plain cards, then the first player is the winner and gets 3 − 0 = 3 points; n = 4, m = 2, k = 4. Two
players get plain cards, and the other two players get jokers, so both of them are winners and get 0 points; n = 9,
m = 6, k = 3. If the first player gets 3 jokers, the second player gets 1 joker and 2 plain cards, and the third player
gets 2 jokers and 1 plain card, then the first player is the winner, and he gets 3− 2 = 1 point; n = 42, m = 0, k = 7.
Since there are no jokers, everyone gets 0 jokers, everyone is a winner, and everyone gets 0 points.

Given n, m and k, calculate the maximum number of points a player can get for winning the game.

—–Input—–

The first line of the input contains one integer t (1 ≤ t ≤ 500) — the number of test cases.

Then the test cases follow. Each test case contains three integers n, m and k (2 ≤ n ≤ 50, 0 ≤ m ≤ n, 2 ≤ k ≤ n, k
is a divisors of n).

—–Output—–

For each test case, print one integer — the maximum number of points a player can get for winning the game.

—–Example—–
Input
4
8 3 2
4 2 4
9 6 3
42 0 7

Output
3
0
1
0

—–Note—–

Test cases of the example are described in the statement.

The input will be stdin and you should print your solution to stdout

Now solve the problem and return the code.

Test cases Basic Intermediate Complex Edge

Input 3
9 2 3
12 5 4
6 5 3

5
20 10 5
15 3 5
10 10 2
14 7 7
18 17 3

7
50 25 25
49 49 7
48 20 6
30 0 5
32 16 4
45 23 9
28 14 7

6
2 0 2
2 2 2
50 0 25
50 50 50
50 25 5
50 1 2

Output 2
2
0

2
3
0
1
0

1
0
5
0
5
2
2

0
0
0
0
6
1

Reason Simple small cases
covering scenarios where
jokers are fewer than,
equal to, or exceed the
per-player limit.

Moderate-sized inputs,
testing exact division of
jokers, no jokers, and tied
maximum distributions.

Varied larger values
including big decks,
testing heavy distributions
and zero-joker scenarios.

Extreme boundary
conditions with minimal
and maximal n, k, and m
values to test edge
handling.
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