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Abstract001

Reinforcement learning (RL) offers a princi-002
pled way to enhance the reasoning capabili-003
ties of large language models, yet its effective-004
ness hinges on training signals that remain in-005
formative as models evolve. In practice, RL006
progress often slows when task difficulty be-007
comes poorly aligned with model capability or008
when training is dominated by a narrow set of009
recurring problem patterns. To jointly address010
these issues, we propose SCALER (Synthetic011
sCalable Adaptive Learning Environment for012
Reasoning), a framework that sustains effec-013
tive learning signals through adaptive environ-014
ment design. SCALER introduces a scalable015
synthesis pipeline that converts real-world pro-016
gramming problems into verifiable reasoning017
environments with controllable difficulty and018
unbounded instance generation, enabling RL019
training beyond finite datasets while preserv-020
ing strong correctness guarantees. Building021
on this, SCALER further employs an adaptive022
multi-environment RL strategy that dynami-023
cally adjusts instance difficulty and curates the024
active set of environments to track the model’s025
capability frontier and maintain distributional026
diversity. This co-adaptation prevents reward027
sparsity, mitigates overfitting to narrow task028
patterns, and supports sustained improvement029
throughout training. Extensive experiments030
show that SCALER consistently outperforms031
dataset-based RL baselines across diverse rea-032
soning benchmarks and exhibits more stable,033
long-horizon training dynamics.034

1 Introduction035

Reinforcement learning (RL) has become a key036

post-training paradigm for enhancing the reason-037

ing capabilities of large language models (LLMs)038

(OpenAI et al., 2024; DeepSeek-AI et al., 2025).039

By optimizing a policy under explicit, verifiable040

rewards, RL can sharpen decision making, improve041

long-horizon credit assignment, and expand the042

model’s reasoning frontier (Shao et al., 2024; Yu043

et al., 2025; Hu, 2025). However, scaling RL for 044

reasoning is often bottlenecked not by the opti- 045

mizer itself, but by the availability of continuously 046

effective reward signals throughout training (Razin 047

et al., 2023, 2025; Zhang et al., 2025). 048

In this work, we argue that the training signal, for 049

RL to continue improving LLMs, should remain 050

effective in two complementary senses. First, prob- 051

lems should stay near the model’s current capability 052

boundary during training (Parashar et al., 2025b; 053

Chen et al., 2025d), i.e., remain neither trivial nor 054

unsolvable. When the model mostly sees easy prob- 055

lems, learning saturates; when it mostly sees overly 056

difficult problems, exploration becomes unproduc- 057

tive and the reward becomes sparse. Second, the 058

training distribution should retain sufficient diver- 059

sity over time (Li et al., 2025). Even if difficulty is 060

well matched, repeatedly interacting with a narrow 061

task distribution can lead to overfitting to a limited 062

set of patterns, weakening generalization and re- 063

ducing exploration. Note that difficulty variation 064

is not equivalent to diversity. Even if a single en- 065

vironment can generate infinitely many problems 066

by scaling parameters (e.g., longer arrays or larger 067

graphs), it still shares a limited set of templates and 068

failure modes, so learning can plateau once those 069

patterns are mastered. 070

To this end, we propose SCALER (Synthetic 071

sCalable Adaptive Learning Environment for 072

Reasoning), a system that combines scalable rea- 073

soning environment synthesis with adaptive multi- 074

environment reinforcement learning. For the first 075

limitation, SCALER provides a way to generate 076

verifiable tasks at scale with controllable difficulty. 077

We develop a synthesis pipeline that programmati- 078

cally converts real-world programming problems 079

into reasoning environments with (i) verifiable in- 080

teraction via deterministic oracles and unit tests, 081

(ii) controllable difficulty via explicit scale parame- 082

ters, and (iii) unbounded instance generation within 083

each environment through randomized testcase 084
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generation. The pipeline automatically extracts085

meta-information, validates testcase generators via086

breadth/depth checks. This enables scaling training087

beyond finite reasoning datasets or a small set of088

hand-crafted environments, while retaining strong089

correctness guarantees.090

On the other hand, SCALER designs an adaptive091

multi-environment RL framework to adapt both in-092

stance difficulty and environment selection so that093

training continues to encounter informative chal-094

lenges as the model improves. Specifically, within095

each environment, an online difficulty controller096

adjusts scale parameters based on on-policy rollout097

accuracy to keep sampled instances near a target098

success rate, thereby tracking the model‘s capabil-099

ity frontier and avoiding degenerate “all-correct” or100

“all-wrong” regimes. Across environments, an en-101

vironment curation mechanism maintains an active102

set of environments and replaces those whose learn-103

ing signal has saturated (e.g., difficulty no longer104

increases or the environment becomes consistently105

trivial/unlearnable). This realizes an environment-106

level effectiveness. As the model and environments107

co-evolve, the marginal learning benefit can dimin-108

ish, so continuously refreshing the active set helps109

preserve novelty and sustained learning signals.110

Our contributions can be summarized as follows:111

• We highlight the importance of difficulty and112

diversity controllable environments for scaling113

RL post-training in reasoning.114

• We propose SCALER that combines verifi-115

able, difficulty-controllable environment synthe-116

sis with adaptive multi-environment RL.117

• Extensive experiments demonstrate SCALER118

yields consistent improvements across diverse119

reasoning benchmarks and exhibits more sus-120

tained training dynamics than dataset-based RL121

baselines under comparable budgets.122

2 Related Work123

Data-centric RL. A data-centric line of work im-124

proves the scalability of RL for LLM reasoning125

by continuously expanding the training distribu-126

tion with synthetic data (Wu et al., 2025; Setlur127

et al., 2024) and self-play (Fang et al., 2025; Liang128

et al., 2025; Wang et al., 2025b; Chen et al., 2025a).129

On the synthetic-data side, works like Synthetic130

Data RL (Guo et al., 2025b) and SWiRL (Goldie131

et al., 2025) generate task-specific supervision from132

question–answer pairs to multi-step reasoning and133

tool-use trajectories, and then apply RL on the re-134

sulting synthetic corpus. On the self-play side, 135

recent methods produce interactions and hard cases 136

via adversarial games or role-based play, enabling 137

continual data self-generation for policy improve- 138

ment (Zhao et al., 2025; Liu et al., 2025a). How- 139

ever, these approaches are easy to encounter bottle- 140

necks: as the max difficulty of tasks is bounded by 141

the generator agent (Chae et al., 2025), the data may 142

drift out of sync with the evolving policy, collaps- 143

ing into instances that are too easy or too hard and 144

thus weakening learning signals in later stages. In 145

contrast, SCALER applies difficulty controller and 146

environment curation mechanism on synthesized 147

verifiable reasoning environment to keep training 148

informative throughout RL. 149

Difficulty-aware RL. To mitigate vanishing 150

learning signals, difficulty-aware RL often employs 151

curriculum learning (Team, 2025a; Shi et al., 2025; 152

Chen et al., 2025b) or difficulty scheduling (Wang 153

et al., 2025a; Chen et al., 2025c). Curriculum- 154

based method trains models from easy to hard (Liu 155

et al., 2025b; Parashar et al., 2025a), keeping ef- 156

fective learning signals in training process. How- 157

ever, curricula designed over static dataset faces 158

the challenge of being coarse-grained and hard to 159

design. This motivates environment-based formu- 160

lations where difficulty of each environment can be 161

monitored and adjusted online (Guo et al., 2025a). 162

Reasoning Gym (Stojanovski et al., 2025) offers 163

a suite of procedurally generated, verifiable rea- 164

soning environments with tunable difficulty, while 165

RLVE (Zeng et al., 2025b) further adapts the diffi- 166

culty distribution online as the policy improves. 167

Despite enabling difficulty tracking and adapta- 168

tion, existing environment suites are largely hand- 169

engineered and limited in environment diversity 170

at scale. SCALER addresses this by automatically 171

synthesizing a large and diverse set of reasoning en- 172

vironments with verifiable oracles and controllable 173

difficulty, supporting sustained multi-environment 174

RL. 175

3 SCALER 176

To enable the model to explore, adapt, and general- 177

ize in multiple dynamic environments, we design 178

SCALER with two components: (i) an adaptive 179

multi-environment training framework that learns 180

through interaction with a set of verifiable envi- 181

ronments, and (ii) a systematic synthesis pipeline 182

that converts programming problems into difficulty- 183

controllable reasoning environments. Specifically, 184
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Figure 1: An illustrative training example of SCALER. The model interacts with a set of active environments:
instances are used for training, online accuracy updates the in-environment difficulty controller, and environments
whose learning signal saturates are retired and replaced by new environments via the curation mechanism.

we first introduce the learning strategy over envi-185

ronments, including in-environment difficulty con-186

troller and the environment curation mechanism187

(§3.1), then describe the environment synthesis pro-188

cess from programming problems (§3.2).189

3.1 Multi-environment Training Framework190

We first illustrate the SCALER environment to fa-191

cilitate understanding. We define an environment192

as a context-conditioned, parameterized problem193

space in which individual instances can evolve194

through controllable parameters. For example, as195

shown in the math-operations environment in Fig-196

ure 1, all problems share a common contextual de-197

scription, calculate N operations, while problem198

difficulty is modulated by the scale parameter N .199

More illustrative cases are provided in Appendix B.200

To fully unleash the potential of these difficulty-201

controllable reasoning environments, we adopt two202

complementary learning strategies: (i) Difficulty203

Controller. In environments with explicit verifiabil-204

ity, we dynamically adjust the environment’s scale205

parameters according to the online accuracy, which206

provides continuous and stable learning signals.207

(ii) Environment Curation Mechanism. For general208

environments, we introduce environment curation209

mechanism within which the model is trained exclu- 210

sively on the current active set of environments. As 211

the model and the environment gradually co-adapt 212

and the learning signal diminishes in marginal util- 213

ity, the current environment is retired and replaced 214

with a newly sampled one. 215

The detailed implementation of SCALER is pro- 216

vided in Algorithm 1. 217

3.1.1 Difficulty Controller 218

A key goal of SCALER is to maintain training 219

at the agent’s capability frontier by continuously 220

sampling instances near the boundary of what the 221

current policy can solve. To achieve this, difficulty 222

is dynamically adjusted within each environment 223

based on current accuracy. 224

Specifically, the difficulty of the instances is char- 225

acterized by the array length or the number of edges 226

in the graph and we discretize the difficulty into dis- 227

tinct difficulty levels. Let acct ∈ [0, 1] denote the 228

average accuracy over k sampled instances at step 229

t in a given environment, and let τ ∈ [0, 1] denote 230

the target accuracy. The continuous difficulty score 231

dt ∈ R, initializing d0 = 0, evolves according to: 232

dt+1 = clip(dt + β · (acct − τ), 0, D), (1) 233
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Algorithm 1 SCALER Training Framework

Require: Policy πθ, Environment Pool Epool, Target accuracy τ , Step size β, Active set size M
1: Initialize: Sample initial active setW ← {e1, . . . , eM} ⊂ Epool,Difficulty d← dmin for all e ∈ W
2: for step t = 1, 2, . . . , Tmax do
3: Dbatch ← ∅
4: for each environment e ∈ W do
5: Sample instances x from e based on difficulty d
6: Collect trajectories using πθ and calculate accuracy acct
7: Dbatch ← Dbatch ∪ Trajectories
8: Update difficulty d for this environment ▷ Eq. 1
9: Update πθ with Dbatch

10: for each environment e ∈ W do
11: Calculate slope aet over last Kslope steps ▷ Eq. 3
12: if aet ≤ 0 ∨ acc = 0 for Kzero steps ∨ d = De for Ksat steps then
13: Retire e: W ←W \ {e}; Epool ← Epool ∪ {e}
14: Sample new enew ∼ Epool
15: W ←W ∪ {enew}

where β > 0 controls the adaptation rate and234

D ∈ N is the maximum discrete difficulty level235

in the environment. This update rule increases dif-236

ficulty when acct > τ and decreases it otherwise,237

thereby maintaining the training distribution near238

the agent’s capability boundary.239

For the next sampling step, while dt+1 is real-240

valued, the environment can only generate k in-241

stances at integer-valued levels in {0, 1, . . . , D}.242

To approximate dt+1 ∈ R under this integer con-243

straint, we construct a multiset of k integers whose244

mean closely matches dt+1. Specifically, let ℓ =245

⌊dt+1⌋ and define h = round
(
k(dt+1 − ℓ)

)
. We246

assign h instances the value ℓ+ 1 and the remain-247

ing k − h instances the value ℓ, thereby balanc-248

ing rounding up and rounding down; for example,249

when dt+1 = 2.3 and k = 10, this yields three250

instances at level 3 and seven at level 2, whose251

average equals 2.3.252

The proposed controller naturally tracks model253

competence. As the model improves, online accu-254

racy rises above the target and difficulty is pushed255

upward to stay near the performance boundary.256

Conversely, if the model forgets or the policy dis-257

tribution shifts, accuracy drops and the controller258

reduces difficulty, recovering usable learning sig-259

nals without manual retuning.260

3.1.2 Environment Curation Mechanism261

To keep sufficient diversity during training and262

avoid a "tourist" learning pattern where the model263

randomly explores a variety of environments with-264

out sustained progress, SCALER introduces the265

environment curation mechanism which maintains 266

an active set of environments and restricts train- 267

ing to this dynamic set, continuously refreshing it 268

to avoid spending budget on environments that no 269

longer provide meaningful learning signals. 270

LetWt = {e1, . . . , e|W|} denote the active en- 271

vironment set at training step t. At each step, in- 272

stances are sampled only from environments inWt 273

and used for policy optimization. Environments 274

are periodically evaluated at every step and may be 275

retired from the set and replaced by newly synthe- 276

sized environments. 277

For each environment e, let det denote its diffi- 278

culty at step t. To detect stalled progress, we argue 279

that when the recent difficulty-step slope is less or 280

equal to zero, the learning on this environment is 281

saturable and should be retired. Specifically, we 282

estimate the slope by fitting a least-squares line 283

over the last Kslope steps, defining the index set 284

T = {t−Kslope + 1, . . . , t} and fitting 285

dei ≈ aet · i+ bet , i ∈ T, (2) 286

where the slope aet is given in closed form by 287

aet =

∑
i∈T (i− ī)(dei − d̄e)∑

i∈T (i− ī)2
, (3) 288

with ī = 1
|T |

∑
i∈T i and d̄e = 1

|T |
∑

i∈T dei . An 289

environment is retired if aet ≤ 0, indicating that dif- 290

ficulty is temporarily saturated in that environment. 291

To accelerate retirement decisions, two addi- 292

tional heuristics are applied. Let accet ∈ [0, 1] 293
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denote the accuracy at step t and let De be the max-294

imum difficulty of environment e. An environment295

is retired early if it is unlearnable, i.e., acce = 0 for296

Kzero consecutive steps, or saturated, i.e., de = De297

for Ksat consecutive steps.298

When an environment is retired, it is replaced299

by a newly synthesized environment sampled from300

the environment pool, keeping the set size fixed.301

Such retirement is temporary, as it targets situa-302

tions where the model has reached a plateau in303

learning within the current environment, rendering304

further progress unproductive. However, as train-305

ing continues and the model’s capability bound-306

ary improve, there remains potential for contin-307

ued learning within these environments. Therefore,308

retired environments are reintegrated into the en-309

vironment pool and will be resampled in future310

iterations, offering renewed opportunities for the311

model to explore and adapt.312

In general, the environment curation mechanism313

supports sustained learning within multiple envi-314

ronments while preventing training from stagnating315

on environments that have become either trivial or316

unproductive.317

3.2 From Code Generation to Reasoning318

Environments319

Our multi-environment training framework contin-320

uously tracks the model’s capability frontier while321

maintaining data diversity and freshness. This re-322

quires a steady supply of environments that are323

difficulty-controllable and automatically verifiable.324

We therefore introduce an environment synthe-325

sis pipeline that converts real-world programming326

problems into such environments.327

Accordingly, our synthesis pipeline is organized328

into three components:329

• Meta information extraction (§3.2.1). Ensures330

rewardable and unambiguous supervision by se-331

lecting problems with well-defined, verifiable332

outputs, mitigating output-format mismatch and333

reward hacking.334

• Testcase generation and verification (§3.2.2).335

Provides a stream of diverse, valid, and automat-336

ically verifiable instances, addressing the mis-337

match between static problem statements and338

stochastic environment inputs.339

• Heuristic difficulty calibration (§3.2.3). De-340

fines an executable difficulty range under con-341

text and runtime budgets, addressing the scale342

mismatch between real-world inputs and agentic343

prompting.344

3.2.1 Extracting Meta Information 345

To offer high-quality programming problems for 346

reasoning environment synthesis and mitigate the 347

risk of reward hacking, we adopt a prompt-based 348

method to extract key meta-information from can- 349

didate problems, followed by a rule-based filtering 350

process. The complete extraction prompt is pro- 351

vided in Appendix A.1. 352

For each programming problem p, we ex- 353

tract a metadata tuple meta(p) comprising (i) 354

scale parameters that characterize complexity- 355

related constraint variables, and (ii) output re- 356

quirements that describe the output type and 357

whether the correct output is unique. Accord- 358

ingly, we discard ill-formed problems and retain 359

only those with a unique output whose type lies in 360

{number, array, string}. 361

3.2.2 Generating and Verifying Testcases 362

To sample different instances with fixed extracted 363

scale parameters from one specific environment, 364

we construct a testcase generator agent that takes a 365

target scale parameter configuration and produces 366

an input whose content is randomized but conforms 367

to the original problem specification. We provide 368

the full prompting details in Appendix A.2. Since 369

the environment relies on the synthetic agent, we 370

validate generator functions with two complemen- 371

tary checks. 372

Breadth check. We sample diverse scale parame- 373

ters and corresponding inputs , when following (Fu 374

et al., 2025), each instance is evaluated by multiple 375

independent ground-truth solutions. Consistency 376

across solutions is required, which simultaneously 377

(i) detects malformed generator function and (ii) re- 378

validates the assumption that the output is unique. 379

Deep check. For a fixed scale parameter config- 380

uration, we call generator function multiple times 381

and compare the resulting ground-truth outputs 382

across generated instances. Based on the numbers 383

and max size requirement of output clustering, we 384

enforce sufficient diversity to prevent the training 385

process from overfitting to a narrow pattern distri- 386

bution or exploiting reward hacking. 387

3.2.3 Calibrating Heuristic Difficulty Levels 388

As inputs for real-world programming problems 389

can be millions, which is not suitable for the prompt 390

used in agentic training, we aim to re-define the 391

difficulty range for each environment that is both 392

scalable and executable. Apparently, the effective 393
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maximum difficulty is bounded by two practical394

constraints: (i) the maximum prompt length ac-395

cepted by the policy model, and (ii) the execution396

time limit enforced by the original problem setting.397

To estimate the largest feasible scale parameter398

configuration smax under the prompt-length con-399

straint, a binary search is performed over a single400

global scale factor. Feasibility is determined by401

whether the testcase fits within the context window402

while respecting the fixed execution time limit.403

Given smin and smax, the environment defines404

a finite set of difficulty levels by discretizing the405

scaling range. To keep the number of levels within406

a reasonable budget, the discretization strategy de-407

pends on the span of each parameter: when the408

range is small, levels follow an arithmetic progres-409

sion; when the range is large, levels follow a geo-410

metric progression. This heuristic yields a compact411

but expressive difficulty ladder, enabling smooth412

scheduling while preserving meaningful granular-413

ity across scales.414

4 Experiments415

SCALER addresses two key challenges: (i) pro-416

viding a synthesis pipeline that systematically417

generates environments with infinite data gener-418

ation capabilities, and (ii) developing a multi-419

environment training framework, which enables420

sustaining model improvement through adaptive421

learning across diverse environments. To valid the422

efficiency of our approach, experiments are orga-423

nized around three research questions (RQs):424

• RQ1: How does SCALER compare with dataset-425

based training baselines under comparable train-426

ing budgets?427

• RQ2: How does performance vary as the number428

of environments increases?429

• RQ3: Are all components of SCALER Necessary430

for their gains?431

4.1 Experimental Setup432

Synthesis Pipeline Settings. We use CodeCon-433

tests (Li et al., 2022) as the seed dataset and434

GLM-4.6 (Zeng et al., 2025a) as the data-synthesis435

agent. For code execution, we use Sandbox-436

Fusion (Bytedance-Seed-Foundation-Code-Team437

et al., 2025). After filter, we obtain the subset438

consisting of 4973 programming problems and syn-439

thesize 2739 SCALER environments. Specifically,440

we offer environment cases in Appendix B.441

Training setup. All experiments start from 442

Qwen3 (Team, 2025b)series, and we use Qwen3- 443

1.7B-base and Qwen3-4B-base as the policy model. 444

For the environment curation mechanism, we set 445

Kslope = 10 and Kzero = Ksat = 5. The train- 446

ing batch size equals the environment set size: at 447

each optimization step, one problem is sampled 448

from each of the 64 environments according to 449

the environment-specific difficulty controller, re- 450

sulting in 64 prompts per step. Reinforcement 451

learning is performed with GRPO (Shao et al., 452

2024). For each prompt, nresp=8 responses are 453

sampled. Training-time decoding uses tempera- 454

ture T=1.0 and top_p=1.0. The prompt length 455

budget is capped at 4096 tokens and the response 456

length budget at 8192 tokens. Additional hyperpa- 457

rameters and infrastructure details are deferred to 458

Appendix C. 459

Evaluation protocol. Performance is evaluated 460

on five benchmarks: AIME24 (Zhang and Math- 461

AI, 2024), AMC23 (Art of Problem Solving, 2023), 462

MATH-500 (Lightman et al., 2023), MMLU- 463

Pro (Wang et al., 2024), and BBEH (Kazemi 464

et al., 2025). Results are reported as avg@16 for 465

AIME24, AMC23 and MMLU-Pro, avg@1 for the 466

remaining benchmarks. Unless otherwise spec- 467

ified, decoding uses temperature T = 0.6 and 468

top_p = 0.95. 469

4.2 RQ1: Environment-based training is 470

better than Dataset-based training 471

A common paradigm for improving reasoning is to 472

scale up training on static datasets, such as curated 473

corpora with verified solutions or collections aug- 474

mented by teacher-generated answers. However, 475

static corpora provide limited effective learning sig- 476

nals, where agents must repeatedly adapt to new 477

environments and generalize beyond previously 478

seen distributions. To evaluate whether interactive 479

environment-based learning better supports the im- 480

provement of model capability, this RQ compares 481

SCALER with two dataset-based baselines under 482

comparable training budgets: MATH (Hendrycks 483

et al., 2021), a curated corpus with verified solu- 484

tions, and DeepMath (He et al., 2025), a dataset of 485

teacher-generated solutions. 486

Table 1 shows that both dataset baselines sub- 487

stantially improve over the Qwen3-1.7B-Base and 488

Qwen3-4B-Base, with particularly large gains on 489

math-centric benchmarks. In contrast, SCALER 490

achieves the best overall average and delivers con- 491
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Model MATH-500 AMC23 AIME24 MMLU-Pro BBEH AVG

Qwen3-1.7B-base 59.6 29.21 3.33 33.30 3.26 25.74
+DeepMath-103K 73.6 47.97 14.58 49.64 9.56 39.07
+MATH-7.5k 75.6 50.78 15.20 46.78 6.08 38.89

+SCALER 75.8 49.53 12.91 50.89 11.74 40.18

Qwen3-4B-Base 66.4 44.70 8.75 51.60 8.10 35.91
+DeepMath-103K 86.6 65.60 22.29 68.03 12.82 51.08
+MATH-7.5k 86.2 70.63 24.16 69.19 10.00 52.04

+SCALER 84.4 75.0 27.29 70.00 14.56 54.25

Table 1: Performance comparison of Dataset-based RL and SCALER on five reasoning benchmarks. AVG is the
unweighted mean over the five benchmarks. The highest performance is bolded.
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Figure 2: Left: average performance across the five evaluation benchmarks during Qwen3-4B-base training,
comparing dataset-based baselines (MATH, DeepMath) and SCALER. Right: effective sampling statistics under
SCALER, indicating that most sampled instances remain near the model’s capability boundary.

sistent improvements across all five evaluations,492

including three math benchmarks, MMLU-Pro and493

BBEH, suggesting stronger transfer beyond nar-494

rowly curated math data.495

The training dynamics in Figure 2 provide addi-496

tional evidence for this gap. Figure 2 (left) shows497

that SCALER not only reaches a higher level, but498

also exhibits a more sustained improvement trend:499

the aggregated evaluation performance continues500

to rise for more than 1,000 training steps, whereas501

dataset-based baselines plateau earlier. Importantly,502

this behavior is supported by boundary-focused503

sampling: Figure 2 (right) indicates that SCALER504

keeps a higher effective sampling rate than dataset-505

based baselines, where most prompts remain nei-506

ther trivial nor intractable. By continuously provid-507

ing instances near the model’s current capability508

boundary from SCALER environments, SCALER509

sustains informative reward during RL, mitigates510

premature saturation, and enables longer-horizon511

performance gains.512

4.3 RQ2: Scaling environment size leads to 513

incremental performance gains 514

SCALER introduces the automatic environment 515

synthesis pipeline which significantly reduces labor 516

costs. This RQ examines how model performance 517

changes as the number of environments increases, 518

with results summarized in Figure 3. 519

We conduct the experiment by randomly sample 520

8, 64, 512 environments from 2739 SCALER en- 521

vironments, where the larger size of environments 522

always contain the smaller size one. As shown in 523

Figure 3, increasing the number of environments 524

from 8 to 2739 leads to incremental performance 525

improvements. The model benefits from encoun- 526

tering a greater diversity of tasks, which allows 527

it to maintain consistent learning progress. With 528

exposure to a wider variety of challenges and en- 529

vironments facilitating the development of broader 530

reasoning skills, scaling the number of environ- 531

ments enables the model to continuously adapt and 532

enhance its reasoning capabilities. 533

It is worth noting that even with a smaller num- 534
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Figure 3: Accuracy improvements for both Qwen3-
4B-base and Qwen3-1.7B-base as environment size in-
creases. Both models show a consistent increase in
performance with larger environment sizes.
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Figure 4: Training dynamics of Qwen3-4B-Base with
different numbers of environments. The plot shows that
even with smaller environments, the model continues to
learn with increasing difficulty levels.

ber of environments, the model continues to engage535

in ongoing exploration, with increasing difficulty536

levels within each individual environment, as illus-537

trated in Figure 4. The key insight is that scaling538

the number of environments with fixed training539

budgets, inherently involves a trade-off between540

task difficulty and diversity. Striking right balance541

is critical: focusing solely on increasing difficulty542

may result in limited improvements, while exces-543

sive diversity without a proper difficulty controller,544

i.e. DeepMath dataset with 103k samples, does not545

necessarily lead to optimal performance.546

4.4 RQ3: All components of SCALER are547

necessary for its gains548

This experiment studies whether SCALER’s im-549

provements require its two core components in550

multi-environment training framework: adaptive551

difficulty controller and environment curation552

mechanism.553

Two ablations based on Qwen3-4B-base are554

compared against the full SCALER system in Fig-555

ure 5. Removing the curation mechanism disables556
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Figure 5: Ablation study of SCALER on Qwen3-4B-
Base. Validation accuracy over training steps for the
full system and two variants that remove difficulty con-
troller or the environment curation mechanism. Both
components contribute to stronger and more sustained
performance improvements.

environment replacement, forcing training to ran- 557

dom sample every environment. To model the abla- 558

tion of difficulty controller, we replace the bound- 559

ary tracking with random difficulty sampling, se- 560

lecting 5 instances per environment. This modifi- 561

cation reduces the consistency of the supervision 562

signal, as the environment selection is no longer 563

guided by a difficulty-based approach. 564

Both ablations lead to lower performance than 565

the full system, indicating that difficulty controller 566

and the curation mechanism each make a material 567

contribution. Qualitatively, difficulty controller pre- 568

vents training from drifting into regimes that are 569

too easy or too hard, while the curation mecha- 570

nism promotes sustained learning within learnable 571

environments and mitigates shallow adaptation. 572

5 Conclusion 573

In this paper, we proposes a novel approach 574

SCALER containing two key components: (i) rea- 575

soning environment synthesis pipeline, (ii) multi- 576

environment training framework. Through our syn- 577

thesis pipeline to generating a variety of difficulty- 578

controllable environments , our approach offers a 579

platform for research community to explore the im- 580

pact of properties of environments on RL training. 581

Moreover, the multi-environment training frame- 582

work ensures the difficulty of instances consistently 583

matches the model’s capabilities and maintains di- 584

versity and freshness, jointly preserving the contin- 585

uously effective reward signals to improve model 586

capabilities in long horizon. 587
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Limitations588

While our work provides a comprehensive anal-589

ysis of SCALER’s ability to improve model per-590

formance through dynamic environment synthesis591

and multi-environment training, there are several592

limitations that warrant further exploration:593

• Exploration of Environment Internal At-594

tributes: Our study primarily focuses on scal-595

ing environment size and its components. How-596

ever, the internal characteristics of environments,597

such as the richness of context, intrinsic diffi-598

culty, and other environment-specific properties,599

have yet to be thoroughly investigated. Future600

research should examine how these factors influ-601

ence model performance, especially in the con-602

text of dynamic difficulty adjustment and envi-603

ronment transitions during training.604

• Limited Scope of Environments: Our study605

is based on 2739 SCALER environments, and606

while this is a larger number compared to hand-607

crafted ones, the scaling still hasn’t subsided due608

to our experiments. Further research is needed to609

explore scaling laws related to environment size,610

model size, and computational resources, and to611

understand how these scaling factors impact both612

model training efficiency and performance.613
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A Prompt Design851

A.1 Extract Meta Information Prompt852

Prompt 1: Prompt used for extracting meta information.
853

You are given as input the full statement of a single algorithmic problem. Your job854
is to **emit one JSON code block** that captures:855

1. All numeric *scale parameters* that are relevant to the **time complexity ** of856
typical solutions.857

2. The **type** of the required output.858
3. Whether the required output is ** unique**, whether the problem has exactly one859

correct output for each valid input.860
## 1. Scale parameters861
A *scale parameter* is any integer quantity that bounds:862
- The number of items , elements , or positions (n= number of elements , m = number of863

edges , q = number of queries).864
- The size (length) of a grid , string , or sequence (e.g. length up to 2e5, grid up865

to 1000 * 1000).866
- The size of a state space or iteration space that an algorithm must explicitly867

handle.868
### What to INCLUDE as scale parameters869
Include a parameter only if **all** of the following are true:870
- It directly bounds the size or count of something that is iterated over , e.g.:871

- number of elements / vertices / edges / queries (n, m, q, etc.),872
- length of a string or array ,873
- rows / columns of a grid.874

- The bounds appear explicitly in the statement , usually in the Input / Constraints875
section , like:876

- 1 <= n <= 2*10^5877
- 0 <= m <= 2*10^5878

- You can clearly identify the parameter name (e.g., n, m, q, k, N, etc.).879
### What to EXCLUDE from scale parameters880
- Number of test cases / groups: **never** include t, T, or similar when it means "881

number of test cases".882
- Pure value ranges for single items that do **not** change the input size , e.g.:883

- -10^9 <= a_i <= 10^9 when a_i is just the value of an element.884
- Coordinate or weight ranges that are not used as sizes of arrays/grids.885

- Any quantity that only affects output format or precision.886
### Representation of scale parameters887
In the JSON , represent scale parameters under the key "scale_params" as:888
<scale_params example >889
## 2. Output type classification890
You must classify the type of the required output into exactly one of the following891

strings:892
- "string ": The required output is a single string or a small number of strings.893
- "number ": The required output is a single numeric value (integer , real , etc.), e.g894

. "print one integer as the answer ".895
- "array": The required output is a one -dimensional sequence (list) of values , e.g.896

an array of integers , a permutation , a sequence of answers for each query when897
printed as space -separated numbers or in multiple lines.898

- "graph": The required output is a graph structure , such as a set of edges , tree899
description , adjacency list , or any structure where the output itself is900
naturally a graph.901

- "matrix ": The required output is a 2D grid or matrix.902
- "bool": The required output is logically a boolean answer , e.g. "YES/NO", "True/903

False", "Alice/Bob", etc.904
- "others ": The required output is a complex or mixed structure that does not fit905

clearly into any of the above categories.906
## 3. Output uniqueness907
You must also decide whether the required output is unique for each valid input.908
Define "is_output_unique" as:909
- true if, for any fixed valid input , there is exactly one correct output that910

satisfies the problem statement.911
- false if the statement allows multiple different outputs to be accepted as correct912

for the same input.913
## JSON Output Specification914
You must produce exactly one JSON object in a fenced JSON code block.915
The JSON must have the following top -level keys:916
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- "scale_params ": an object mapping parameter names to {{ "min": <int >, "max": <int > 917
}}. 918

- "output_type ": one of "string", "number", "array", "graph", "matrix", "bool", " 919
others ". 920

- "is_output_unique ": a boolean. 921
## Example 1: <example 1> 922
## Example 2: <example 2> 923
## Example 3: <example 3> 924
## Final instruction 925
Now , read the provided problem statement and output the single JSON code block 926

accordingly. 927
{problem} 928929

A.2 Generate Test Case Prompt 930

Prompt 2: Prompt used for constructing generate_testcase function.
931

You are given as input a single *algorithmic problem statement* (like those from 932
programming contests). Your job is to **emit one Python code block** that 933
defines a *test -case generator* function for this problem. 934

The generator must produce ** exactly one** valid test case per call , parameterized 935
only by the numeric scale values provided via a JSON object. 936

## Input 937
You will be given: 938
1. A raw problem statement in natural language that fully specifies: 939

- the input format , 940
- the constraints , 941
- and the meaning of each variable. 942

2. An example json_obj instance: 943
- This is only an example to clarify field names and typical ranges. 944
- Your code must work for any valid json_obj that matches the described schema. 945

## Required Python output (emit exactly one Python code block) 946
You must output a Python code block that defines **one single function ** with the 947

following signature: 948
```python 949
def generate_testcase(json_obj: dict) -> tuple[str , dict]: 950

""" 951
Generate a test case based on the given json_obj. 952
Parameters: 953
- json_obj (dict): The input JSON object containing problem parameters. 954
Returns: 955
- tuple[str , dict]: A tuple containing: 956

- The first element is a string representing the test case in input format. 957
- The second element is a dictionary representing the same test case. 958

""" 959
... 960

``` 961
### Return value 962
- Your function must return both the string and the dictionary representation of the 963

test case in a tuple. The first element of the tuple should be the string 964
format , and the second element should be the dictionary format. 965
- output_str: 966

- A single string that is a valid input for the problem according to the 967
Input section , representing exactly one logical test case. 968

- If the problem statement defines a format with multiple test cases 969
controlled by an integer T in the input , you must set T = 1. 970

- Example: "1\n5\n1 2 3 4 5" 971
- output_dict: 972

- A Python dict that is a structured , formal description of the same test 973
case. 974

- If the problem statement contains multiple test cases , **do not** 975
introduce T or any extra wrapper. 976

- Example: {"n": 5, "list": [1, 2, 3, 4, 5]} 977
## Constraints 978
- All sizes (counts , lengths , number of operations , etc.) must be determined only 979

from json_obj. 980
- All other values (elements of arrays , weights , edges , indices , etc.) must be 981

generated randomly within a reasonable range and ** strictly smaller than 982
10000** , while satisfying the problem 's constraints at the same time. 983
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- If the problem allows "no-solution" cases (e.g., the intended output is -1 when no984
solution exists), you should **bias your random generation towards test cases985

that admit at least one valid solution**, and explicitly construct values to986
satisfy any hidden feasibility conditions , so that the correct solution is not987
trivially always the "no-solution" output.988

## Problem statement989
{problem}990
## Example json_obj991
{example_json_obj}992993

B Environment Cases994

B.1 Example Problem: 33_C. Wonderful Randomized Sum995

Name 33_C. Wonderful Randomized Sum

Problem
Description

Learn, learn and learn again — Valera has to do this every day. He is studying
at mathematical school, where math is the main discipline. The mathematics
teacher loves her discipline very much and tries to cultivate this love in children.
That’s why she always gives her students large and difficult homework. Despite
that Valera is one of the best students, he failed to manage with the new
homework. That’s why he asks for your help. He has the following task. A
sequence of n numbers is given. A prefix of a sequence is the part of the
sequence (possibly empty), taken from the start of the sequence. A suffix
of a sequence is the part of the sequence (possibly empty), taken from the
end of the sequence. It is allowed to sequentially make two operations with
the sequence. The first operation is to take some prefix of the sequence and
multiply all numbers in this prefix by - 1. The second operation is to take some
suffix and multiply all numbers in it by - 1. The chosen prefix and suffix may
intersect. What is the maximum total sum of the sequence that can be obtained
by applying the described operations?

Generate Testcase

def generate_testcase(json_obj , output_format="str"):
# Generate random test case for the problem
n = int(json_obj.get("n", 10))
numbers = random.sample(range(1, 100), n)

if output_format == "dict":
return {"n": n, "numbers": numbers}

else:
return f"{n}\n{' '.join(map(str , numbers))}"

Output
Requirement

The first and the only line of the output should contain the answer to the
problem.

Difficulty
Mapping

{ "0": 0, "1": 1, "2": 2, "3": 2, "4": 3, "5": 4, "6": 5, "7":
6, "8": 8, "9": 11, "10": 14, "11": 18, "12": 23, "13": 30,
"14": 39, "15": 51, "16": 67, "17": 87, "18": 112, "19": 146,
"20": 190, "21": 247, "22": 318 }

B.2 Example Problem: 1497_D. Genius996

Name 1497_D. Genius

14



Problem
Description

Please note the non-standard memory limit.There are n problems numbered
with integers from 1 to n. i-th problem has the complexity ci = 2i, tag tagi and
score si.After solving the problem i it’s allowed to solve problem j if and only if
IQ < |ci − cj | and tagi ̸= tagj . After solving it your IQ changes and becomes
IQ = |ci − cj | and you gain |si − sj | points.Any problem can be the first. You
can solve problems in any order and as many times as you want.Initially your
IQ = 0. Find the maximum number of points that can be earned.

Generate Testcase

def generate_testcase(json_obj , output_format="str"):
# Generate a test case for the Genius problem
n = int(json_obj.get("n", 10))
tags = random.sample(range(1, n+1), n)
scores = random.sample(range(1, 100), n)

if output_format == "dict":
return {"n": n, "tags": tags , "scores": scores}

else:
return f"{n}\n{' '.join(map(str , tags))}\n{' '.join(map

(str , scores))}"

Output
Requirement

For each test case print a single integer — the maximum number of points that
can be earned.

Difficulty
Mapping

{ "0": 0, "1": 2, "2": 3, "3": 4, "4": 7, "5": 10, "6": 17,
"7": 27, "8": 43, "9": 69, "10": 110, "11": 176, "12": 281,
"13": 450, "14": 721, "15": 1153 }

B.3 Example Problem: 1466_B. Last Minute Enhancements 997

Name 1466_B. Last Minute Enhancements

Problem
Description

Athenaeus has just finished creating his latest musical composition and will
present it tomorrow to the people of Athens. Unfortunately, the melody is rather
dull and highly likely won’t be met with a warm reception. His song consists
of n notes, which we will treat as positive integers. The diversity of a song
is the number of different notes it contains. As a patron of music, Euterpe
watches over composers and guides them throughout the process of creating
new melodies. She decided to help Athenaeus by changing his song to make it
more diverse.Being a minor goddess, she cannot arbitrarily change the song.
Instead, for each of the n notes in the song, she can either leave it as it is or
increase it by 1.Given the song as a sequence of integers describing the notes,
find out the maximal, achievable diversity.

Generate Testcase

def generate_testcase(json_obj , output_format="str"):
# Generate test case for the song diversity problem
n = int(json_obj.get("n", 5))
notes = random.sample(range(1, 10), n)

if output_format == "dict":
return {"n": n, "notes": notes}

else:
return f"{n}\n{' '.join(map(str , notes))}"

Output
Requirement

For each test case, you should output a single line containing precisely one
integer, the maximal diversity of the song, i.e. the maximal possible number of
different elements in the final sequence.

15



Difficulty
Mapping

{ "0": 0, "1": 1, "2": 2, "3": 2, "4": 3, "5": 4, "6": 5, "7":
6, "8": 8, "9": 11, "10": 14, "11": 18, "12": 23, "13": 30,
"14": 39, "15": 51, "16": 67, "17": 87, "18": 112, "19": 146,
"20": 190, "21": 247, "22": 321, "23": 418 }

C Training Detail998

Model Name Qwen3-4B-Base
Qwen3-1.7B-Base

Kslope 10

Kzero 5

Ksat 5

Learning Rate 1e-6

Learning Rate Warmup Steps 20

Batch Size 64

Max Prompt Length 4096

Max Response Length 8192

Entropy Coefficient 0

Number of Environments per Step 64

Training Prompt Batch Size 64

Mini Batch Size 64

Reward Estimator grpo

KL Loss Coefficient 0.0

Clip Ratio Low 0.2

Clip Ratio High 0.2

Temperature (Training) 1.0

Top P (Training) 1.0

Top K (Training) -1

Validation Temperature 0.6

Validation Top P 0.95

Number of Response per Prompt 8
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