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Abstract001

Automated agent workflows can enhance the002
problem-solving ability of large language mod-003
els (LLMs), but common search strategies rely004
on stochastic exploration and often traverse im-005
plausible branches. This occurs because current006
pipelines sample candidate steps from generic007
prompts or learned policies with weak domain008
priors, yielding near-random walks over oper-009
ators, units, and formats. To promote ordered010
exploration, this paper introduces SCULPT, a011
constraint-guided approach for Monte Carlo012
Tree Search (MCTS) that integrates domain-013
aware scoring into selection, expansion, simu-014
lation, and backpropagation. SCULPT scores015
and prunes actions using a combination of sym-016
bolic checks (dimensional consistency, type017
compatibility, magnitude sanity, depth control,018
and diversity) and structural pattern guidance,019
thereby steering the search toward plausible rea-020
soning paths. Under matched LLM configura-021
tions, SCULPT yields stable improvements on022
multiple datasets; additional results with GPT-023
5.2 assess executor transferability and perfor-024
mance on frontier reasoning models. Overall,025
domain-aware constraints can improve accu-026
racy while maintaining efficiency and reason-027
ing stability.028

1 Introduction029

The rapid progress of LLMs has enabled auto-030

mated agent workflows to structure complex prob-031

lem solving (Yu et al., 2025; Tan et al., 2025; Fer-032

rag et al., 2025; Li et al., 2024a; Barbosa et al.,033

2024). However, existing systems predominantly034

rely on stochastic exploration (Hao et al., 2023;035

Peng et al., 2023), where candidate steps are sam-036

pled from generic prompts or weakly informed poli-037

cies lacking domain-specific priors (Tarbouriech038

et al., 2021). This unguided sampling often leads039

to computational waste on mathematically implau-040

sible branches, such as those violating type or041

unit consistency, thereby hindering search conver-042

gence (Karras et al., 2024).043

Mathematical reasoning poses unique challenges 044

due to its heterogeneous structure across domains 045

like arithmetic, geometry, and number theory (Ahn 046

et al., 2024; Wang et al., 2024a). Reasoning paths 047

must adhere to strict typing rules, unit conven- 048

tions, and algebraic identities. Traditional stochas- 049

tic search suffers from excessive branching factors 050

where many actions are admissible but logically 051

unsound (Li, 2023). Moreover, long-horizon de- 052

pendencies and sensitivity to formatting conven- 053

tions (Karpukhin et al., 2024; Shao et al., 2025) 054

frequently result in noisy rollout estimates and 055

avoidable errors, even when utilizing high-capacity 056

executors (Chen et al., 2024). 057

To address these limitations, we propose a 058

paradigm of constraint-guided exploration. By 059

integrating domain-aware scoring functions into 060

the search process, we provide local structure to 061

the search space, prioritizing logically consistent 062

steps while preserving necessary diversity. This 063

approach transforms unguided sampling into an or- 064

dered exploration of plausible operations. Accord- 065

ingly, we introduce SCULPT, a framework that in- 066

tegrates dimensional, type, pattern, and magnitude 067

constraints throughout the workflow optimization 068

loop. SCULPT employs compliance-aware selec- 069

tion, thresholded expansion, and reward shaping to 070

steer the search towards high-probability reasoning 071

trajectories. 072

The contributions of this work are three-fold: (1) 073

We formalize mathematical workflow search as a 074

constraint-guided optimization problem, integrat- 075

ing domain-aware scoring into the MCTS loop. 076

(2) We introduce SCULPT, which incorporates 077

six constraint families (combining static symbolic 078

rules and structural pattern guidance) across the 079

selection, expansion, simulation, and backpropaga- 080

tion phases. (3) We present an adaptive weighting 081

mechanism that dynamically prioritizes constraints 082

based on their correlation with validation perfor- 083

mance. Empirically, SCULPT yields systematic 084
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Figure 1: SCULPT architectural overview. Upper left: The Instruction Hub decomposes problem requirements
into a vector of symbolic constraints (dimensional consistency CU , type compatibility CT , pattern similarity CP ,
magnitude sanity CM, depth control CD, and diversity CV ). Lower left: The Routine Stack executes the MCTS
search loop (selection, expansion, simulation, backpropagation) shaped by the aggregate compliance Ctotal. Lower
right: Optimized programs are exposed via the Representation Layer, which provides multiple views including
symbolic logic graphs and computational flow visualizations.
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Figure 2: Search space transformation via SCULPT.
(a) A vanilla MCTS-based workflow search can suffer
from a high branching factor due to many admissible
but mathematically implausible actions. (b) SCULPT
identifies and prunes these nodes early through symbolic
constraint checks. (c) The resulting search space is
regularized, focusing computational budget on logically
consistent reasoning paths.

improvements in accuracy across GSM8K, MATH,085

and GSM-Hard while reducing optimization over-086

head by pruning 34.2% of implausible branches.087

2 Related Work088

Recent work on automating agent workflows spans089

prompt-level optimization (Fernando et al., 2023;090

Yuksekgonul et al., 2024; Tang et al., 2023; Khattab091

et al., 2024), system/hyperparameter optimization 092

(Saad-Falcon et al., 2024), and end-to-end work- 093

flow optimization (Li et al., 2024b; Zhou et al., 094

2024; Zhuge et al., 2024; Hu et al., 2024). MCTS- 095

based workflow optimizers, such as AFlow (Zhang 096

et al., 2024), scale search by representing com- 097

plete workflows as tree nodes. SCULPT employs 098

the canonical four-stage MCTS loop (selection, ex- 099

pansion, simulation, and backpropagation) and in- 100

troduces constraint-guided exploration by integrat- 101

ing compliance signals derived from symbolic con- 102

straints to modulate rewards and prune branches 103

throughout the search process. 104

Formally, given a dataset of problems and an 105

initial workflow, the objective is to synthesize a 106

program that maximizes accuracy under a fixed 107

optimizer–executor budget. SCULPT operational- 108

izes this by computing constraint compliance 109

scores that regularize the search. As illustrated in 110

Figure 1, the Instruction Hub decomposes require- 111

ments into a compliance vector, while the Routine 112

Stack executes a shaped search loop. This archi- 113

tecture allows constraints to act as side signals that 114

guide exploration without altering the underlying 115

executor APIs. 116
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The implementation of SCULPT follows three117

core principles: early hard pruning, soft shaping,118

and execution-aware constraints. During expan-119

sion, depth-aware thresholds filter candidates with120

low compliance before they enter the tree, system-121

atically narrowing the search space (Figure 2). Si-122

multaneously, compliance scores modulate selec-123

tion and simulation to bias the search toward struc-124

turally sound steps. Finally, magnitude constraints125

are applied during simulation to ensure numerical126

sanity. Through these mechanisms, we examine127

whether domain-aware constraint integration can128

improve reasoning stability and efficiency across129

benchmarks such as GSM8K and MATH, partic-130

ularly in handling complex conventions like ring131

areas or coordinate ratios.132

3 Methodology133

3.1 Problem Formulation and Constraint134

Aggregation135

Given a dataset of problems and an initial workflow,136

the goal is to find a program (workflow instance)137

that maximizes accuracy under a fixed optimizer–138

executor budget. Let Ci denote constraint scores139

for each constraint family. SCULPT computes140

a normalized aggregate compliance Ctotal using a141

weighted geometric mean:142

Ctotal = exp

(∑
i∈{U ,T ,P,M,D,V}wi ln(Ci + ϵ)∑

j∈{U ,T ,P,M,D,V}wj

)
(1)143

where ϵ = 0.01 is a smoothing constant preventing144

over-pruning. The denominator ensures proper nor-145

malization during adaptive weight updates. This146

aggregate is used to (a) prune expansions via a147

depth-aware threshold τ(d) defined as:148

τ(d) = max(τmin, τ0 − k · d) (2)149

where τ0, τmin and k are hyperparameters control-150

ling the initial gate, floor, and decay rate respec-151

tively (we set τ0 = 0.6, τmin = 0.3, and k = 0.05152

in our experiments). This aggregate is also used to153

(b) modulate the selection score ũ. We define the154

compliant selection score as:155

ũ = u · exp(λCtotal), u = Q+ c · U (3)156

where u is the standard UCT score consisting of157

the value estimate Q and the exploration bonus U158

weighted by c (we use c = 1.414, the standard159

UCT exploration constant). The parameter λ con-160

trols the strength of compliance shaping (we set161

λ = 0.5 in our experiments). By using a mul- 162

tiplicative exponential shaping, SCULPT biases 163

selection toward structurally consistent workflows 164

while preserving the ordering induced by the base 165

UCT statistics. 166

3.2 Architectural Overview 167

SCULPT is a domain-aware Monte Carlo Tree 168

Search (MCTS) framework designed to optimize 169

agentic workflows for mathematical reasoning. The 170

system consists of three primary layers: (1) the 171

Instruction Hub, which extracts symbolic con- 172

straints (e.g., dimensional checks, type rules) from 173

problem statements; (2) the Routine Stack, where 174

the core search loop (selection, expansion, simu- 175

lation, and backpropagation) operates over work- 176

flow programs; and (3) the Representation Layer, 177

which translates optimized workflows into exe- 178

cutable formats and provides visualizations of the 179

reasoning logic. 180

In MCTS-based workflow optimization, an agen- 181

tic workflow is typically represented as an exe- 182

cutable code artifact (e.g., a structured Python pro- 183

gram) that orchestrates LLM calls and determin- 184

istic routines. Each node in the MCTS tree corre- 185

sponds to a complete workflow program, enabling 186

search to reason over global structure rather than 187

individual steps. For constraint scoring, SCULPT 188

consumes a lightweight workflow state derived 189

from this code representation (e.g., depth, operator 190

multiset/histogram, and optional schema-derived 191

tags) and, when available, runtime traces (e.g., in- 192

termediate numeric magnitudes). An optimization 193

round follows the standard MCTS cycle: selection, 194

expansion (minimal code edits proposed by an op- 195

timizer LLM), simulation (executing the candidate 196

workflow on a validation set), and backpropaga- 197

tion. Constraint signals act as side information that 198

shapes this cycle without changing the executor 199

interface. 200

3.3 Mathematical Domain Constraints 201

SCULPT employs six constraint families to guide 202

the search loop, organized into three conceptual 203

categories: structural complexity, mathematical 204

consistency, and pattern-magnitude sanity. These 205

constraints consist of static symbolic rules (dimen- 206

sional consistency, type compatibility, magnitude 207

sanity, depth control, and diversity) that encode 208

mathematical domain knowledge without requir- 209

ing training data, and structural pattern guidance 210

that captures effective workflow motifs within the 211
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optimization process.212

Structural Complexity (D,V). To prevent213

overly redundant workflows, we penalize extreme214

tree depths and reward operator diversity. The215

depth penalty CD(w) penalizes workflows exceed-216

ing a maximum depth threshold dmax = 15 with217

decay strength β = 0.1:218

CD(w) = max (0, 1.0− βmax(0, d(w)− dmax))
(4)219

where d(w) is the maximum depth. The diversity220

reward CV(w) measures the Shannon entropy of221

operator usage to encourage diverse mathematical222

operations:223

CV(w) =
H(pw)

ln(|O|)
(5)224

where pw is the normalized frequency vector of225

operators, H(pw) = −
∑

i pw,i ln(pw,i), and |O|226

is the total number of distinct operators. This score227

ranges from 0 to 1, rewarding balanced operator228

distributions.229

Mathematical Consistency (U , T ). Reasoning230

must maintain internal validity. We enforce Physi-231

cal Unit Analysis (U) as a symbolic check CU (w)232

by categorizing variables into physical dimensions233

(e.g., length, time, mass). Operations are checked234

for compatibility: addition requires matching units,235

while multiplication and division transform units236

dimensionally. Calculus operations are modeled237

as derivative/integral transformations (e.g., differ-238

entiating with respect to a variable transforms its239

dimension accordingly). The compliance score is240

the ratio of unit-consistent operations:241

CU (w) =


1

|OU
w|

∑
o∈OU

w

1{units-ok(o)},

|OU
w| > 0

0.5, |OU
w| = 0

(6)242

where OU
w denotes the subset of operations for243

which unit-like tags are available from the work-244

flow representation (otherwise this component de-245

faults to a neutral prior). Structural Type Compati-246

bility (T ) verifies data types and tensor ranks when247

available, enforcing rules such as non-negative in-248

puts for square roots and positive inputs for loga-249

rithms:250

CT (w) =
1

|Ow|
∑
o∈Ow

1{shape-ok(o)

∧ type-ok(o)},
(7)251

where Ow is the set of operations, and shape-ok 252

validates linear algebra dimensions (scalar, vector, 253

matrix) for operator inputs. 254

Pattern and Magnitude Sanity (P,M). The 255

pattern guidance component CP(w, p) = 256

sim
(
vw,vP

)
uses cosine similarity to compare a 257

workflow’s operator histogram vw against a motif 258

library vP maintained as part of the optimizer 259

state. The library is initialized with baseline 260

structural templates (10–15 per category) encoding 261

common mathematical reasoning patterns. During 262

optimization, the library is refined every 3 rounds 263

by clustering workflow operator histograms via 264

k-means (k = 20 per category) and retaining 265

representative motifs that differ by at least 0.3 266

cosine distance. The library typically contains 267

80–120 motifs across four MATH categories at 268

optimization convergence. Workflows without 269

matching patterns receive a neutral score of 270

0.5 during early rounds. Following standard 271

workflow optimization protocol, the motif library 272

is constructed using the validation split during 273

the optimization phase and remains fixed during 274

test evaluation. Additionally, the magnitude of 275

intermediate numerical results Xw is regularized 276

to suppress pathological scaling. Unlike the static 277

constraints above, magnitude checking requires 278

execution traces and is applied during simulation 279

and backpropagation: 280

CM(Xw) =max

(
0, 1.0− δ

max(|Xw|)− θ

θ

)
· 1{max(|Xw|) > θ}
+ 1{max(|Xw|) ≤ θ}

(8)

281

where θ = max(|Vin|) · 10γ is dynamically com- 282

puted from problem constants Vin with scaling 283

margin γ = 2, and δ = 0.5 controls penalty 284

strength. 285

3.4 Adaptive Weighting Rule 286

To reflect varying constraint importance across 287

tasks, SCULPT employs adaptive weighting. 288

Weights wi are initialized uniformly as w
(0)
i = 289

1/6 for all six constraint families, then updated 290

based on running correlation between constraint 291

scores {Ci,k} and validation rewards {Ak} stored 292

in buffer B. This allows the system to prioritize 293

constraints that are most discriminative for a given 294

problem set. After a warm-up period of 5 rounds 295
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with fixed weights, weights are updated using:296

w
(t+1)
i ←(1− α) ·

w
(t)
i exp(η · corr(ci,a))∑

j w
(t)
j exp(η · corr(cj ,a))

+ α · w(0)
i

(9)

297

where ci and a are vectors of constraint scores and298

accuracy outcomes, η = 0.1 controls the adapta-299

tion rate, α = 0.01 is the decay strength toward300

initial weights, and correlation is calculated us-301

ing Pearson correlation over a sliding window of302

the last K = 10 evaluated workflows. The decay303

term maintains exploration stability by preventing304

weights from deviating too far from their initial305

uniform distribution.306

4 Implementation and Experimental307

Setup308

SCULPT integrates as a lightweight guidance sig-309

nal. During each optimization round, the opti-310

mizer proposes workflow candidates. In selection,311

SCULPT computes the compliance vector C for312

static constraints and its aggregate Ctotal. Candi-313

dates below the depth-aware threshold τ(d) are314

filtered out; remaining candidates are prioritized by315

the compliance-shaped score ũ. During simulation,316

workflows are executed and magnitude constraints317

evaluated. Backpropagation multiplies simulation318

returns by the updated Ctotal. Constraint weights319

are updated using the correlation-based rule. We fix320

the random seed to 42 and use matched optimizer–321

executor settings for reproducibility.322

4.1 Datasets323

In our experiments, we utilize three publicly avail-324

able mathematical datasets: GSM8K (Cobbe et al.,325

2021), MATH (Hendrycks et al., 2021), and GSM-326

Hard (Gao et al., 2023) as our benchmark datasets.327

To ensure fair comparison with prior workflow op-328

timization research Saad-Falcon et al. (2024), we329

split our benchmark datasets into validation and test330

sets in a 1:4 ratio. For the MATH (Hendrycks et al.,331

2021) dataset, consistent with the protocol in Hong332

et al. (2025), we select problems of difficulty level333

5 from four typical categories (combinatorics and334

probability, number theory, pre-algebra, and pre-335

calculus).336

4.2 Baselines and Metrics337

The reasoning workflows generated by SCULPT338

are compared against the following established339

baselines across all experimental cohorts: (1) IO: 340

direct model invocation without any reasoning 341

framework; (2) Self-Refine (Madaan et al., 2023): 342

iterative self-correction where the model critiques 343

and updates its own answers; (3) MultiPersona 344

(Wang et al., 2024b): a collaborative reasoning ap- 345

proach where multiple model identities debate to 346

reach a consensus; (4) ADAS (Hu et al., 2024): 347

an automated framework that searches for agentic 348

reasoning structures; and (5) AFlow (Zhang et al., 349

2024): a strong MCTS-based workflow optimizer. 350

For GSM8K, MATH, and GSM-Hard (v2 split), 351

accuracy (%) is used as the primary evaluation met- 352

ric. 353

4.3 Experimental Setup 354

Three experimental cohorts are evaluated to disen- 355

tangle the effect of executors and to enable consis- 356

tent comparisons. 357

Cohort A (GPT-4o-mini executor). For fair 358

comparison, we adopt a widely used configuration 359

with Claude-3.5-sonnet as the optimizer and GPT- 360

4o-mini-0718 as the executor. Datasets include 361

GSM8K and MATH. To maintain experimental 362

tractability while ensuring comprehensive evalua- 363

tion, we focus on these two datasets and do not eval- 364

uate GSM-Hard in this cohort. For SCULPT, we set 365

the number of optimization rounds to 15 because 366

validation performance typically plateaus by this 367

point in preliminary runs, and additional rounds 368

yield diminishing returns; we therefore use 15 369

rounds as a near-saturated setting for SCULPT. In 370

contrast, we report results for AFlow and ADAS us- 371

ing their standard configurations (20 and 30 rounds, 372

respectively). 373

Cohort B (GPT-5-mini executor). To assess 374

transfer and stronger executors, we adopt GPT-5- 375

mini both as the optimizer and the executor for 376

SCULPT. All compared methods use GPT-5-mini 377

as the executor under matched LLM configurations. 378

Results are obtained by running the same experi- 379

mental protocol with GPT-5-mini, using identical 380

data splits, random seeds, and evaluation proce- 381

dures as SCULPT. Data splits are aligned with Co- 382

hort A unless otherwise noted for GSM-Hard (v2). 383

Rounds, tokens, and cost accounting. We inten- 384

tionally run each baseline with the optimization- 385

round setting commonly used in its original paper 386

or public implementation, rather than forcing an 387

identical number of rounds across methods. In 388

this setting, achieving higher accuracy with fewer 389
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rounds is a practical advantage, reflecting improved390

sample efficiency of the search process. To quantify391

efficiency, we log per-request token usage for both392

the optimizer and executor (prompt/input tokens393

and completion/output tokens) during the entire394

pipeline, and report Tokens as the average total395

tokens consumed per problem (end-to-end, across396

all rounds). We compute Cost ($) by applying the397

corresponding model-specific pricing to the logged398

input/output tokens and averaging per problem; IO399

reduces to a single executor call under the same400

logging rule.401

4.4 Ablation Studies402

To address where constraints matter most, we de-403

sign ablations along two axes. First, we isolate each404

constraint family by enabling one component at a405

time while keeping the others neutral, producing406

depth-only, diversity-only, dimensional-only, type-407

only, pattern-only, and magnitude-only variants408

(using GPT-5-mini as the executor). Second, we409

isolate each injection stage by enabling constraint410

shaping in only one part of the search loop (us-411

ing GPT-5.2 as the executor to assess whether the412

relative importance of different MCTS phases gen-413

eralizes across model capabilities). In addition, we414

compare adaptive weighting against fixed weights415

(using GPT-5-mini). Across variants within each416

ablation axis, we keep the data split, evaluation417

protocol, and iteration budget matched, and report418

accuracy and average token usage per problem for419

efficiency comparison.420

5 Experiments421

5.1 Ablation Analysis422

Our ablation studies on the MATH dataset reveal423

how individual constraints and their placement424

contribute to reasoning performance. As shown425

in Figure 3 and Table 1, pattern similarity and426

type compatibility provide strong individual guid-427

ance (69.3% and 68.0%), while dimensional con-428

sistency acts as a necessary but restrictive regu-429

larizer (60.2%). Full integration achieved 75.8%,430

demonstrating that combining constraints improves431

overall performance. Using GPT-5.2, selection-432

only reweighting achieved 89.2%, and full integra-433

tion across all four stages reached 89.9% (Table 2).434

Adaptive weighting provided a measurable gain435

over fixed weights (75.8% vs. 73.3%, Table 3).436

Full ablation results. Table 1 reports the per-437

constraint ablation results on MATH, and Tables 2–438

3 report the stage-wise and weighting ablations, 439

including accuracy, constraint satisfaction scores, 440

and computational overhead. 441

Table 1: Numerical results for per-constraint ablation
experiments on MATH. All variants use GPT-5-mini.
Accuracies and token counts reflect stable averages (±σ)
over three runs (p < 0.05). Tokens denote average total
end-to-end tokens per problem (optimizer+executor)
computed from logs.

Constraint Family Acc. (%) Score Tokens Cost ($)

Depth Only 65.4 ± 1.2 0.654 35.2k 0.06427
Diversity Only 68.1 ± 0.8 0.681 34.5k 0.06299
Dimensional Only 60.2 ± 1.5 0.602 36.4k 0.06646
Type Only 68.0 ± 0.9 0.680 34.1k 0.06226
Pattern Only 69.3 ± 1.1 0.693 33.8k 0.06171
Magnitude Only 65.6 ± 1.3 0.656 34.8k 0.06354

All (SCULPT) 75.8 ± 0.4 0.758 22.5k 0.04108

Table 2: Detailed numerical results for injection stage
ablation experiments on the MATH. All variants use
GPT-5.2. Accuracies and token counts reflect stable
averages (±σ) over three runs (p < 0.05). Tokens
denote average total end-to-end tokens per problem (op-
timizer+executor) computed from logs.

Injection Stage(s) Acc. (%) Score Tokens Cost ($)

Selection Only 89.2 ± 0.4 0.892 32.5k 0.29766
Expansion Only 88.9 ± 0.5 0.889 33.8k 0.30957
Simulation Only 88.8 ± 0.6 0.888 35.2k 0.32239
Backprop Only 88.7 ± 0.5 0.887 36.5k 0.33430
Selection + Expansion 89.5 ± 0.3 0.895 28.4k 0.26011

SCULPT (All Stages) 89.9 ± 0.3 0.899 24.1k 0.22073

Table 3: Comparison of adaptive weighting vs. fixed
weights on the MATH validation split. All variants use
GPT-5-mini. Accuracies and token counts reflect sta-
ble averages (±σ) over three runs (p < 0.05). Tokens
denote average total end-to-end tokens per problem (op-
timizer+executor) computed from logs.

Weighting Strategy Acc. (%) Score Tokens Cost ($)

Fixed Weights 73.3 ± 1.1 0.733 25.8k 0.04711

Adaptive Weights 75.8 ± 0.4 0.758 22.5k 0.04108

5.2 Main Results across Executors 442

SCULPT is evaluated across three distinct executor 443

cohorts to assess generalization and performance 444

on frontier reasoning models. To assess efficiency, 445

average end-to-end token counts per problem (To- 446

kens; optimizer+executor, computed from logs) are 447

reported alongside accuracy. 448
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Figure 3: Ablation studies on the MATH dataset. (a) Individual constraints: pattern similarity and type compatibility
provide strong individual guidance, while dimensional consistency acts as a necessary but restrictive regularizer.
(b) Injection stages: full integration across all four stages provides the highest accuracy. (c) Weighting strategy:
dynamically updating constraint importance based on performance correlation yields more robust search priors.

Table 4: Cohort A (GPT-4o-mini executor): accuracy
(%) and efficiency. Optimizer is Claude-3.5-sonnet;
executor is GPT-4o-mini-0718. Results for prior meth-
ods are taken from Zhang et al. (2024) under matched
configurations; variances for those methods are not re-
ported.

Method GSM8K MATH

IO (GPT-4o-mini) 92.7 48.6
CoT (Wei et al., 2022) 92.4 48.8
CoT SC (Wang et al., 2022) 92.7 50.4
MedPrompt (Nori et al., 2023) 90.0 50.0
MultiPersona (Wang et al., 2024b) 92.8 50.8
Self-Refine (Madaan et al., 2023) 89.6 46.1
ADAS (Hu et al., 2024) 90.8 35.4
AFlow (Zhang et al., 2024) 93.5 56.2
Ours (SCULPT) 93.8 ± 0.2 57.2 ± 0.5

Cohort A (GPT-4o-mini executor). Using449

Claude-3.5-sonnet as the optimizer and GPT-4o-450

mini as the executor, SCULPT achieves strong re-451

sults as shown in Table 4. It reaches 93.8% on452

GSM8K and 57.2% on MATH, outperforming au-453

tomated optimizers like AFlow and ADAS while454

using fewer end-to-end tokens per problem.455

Cohort B (GPT-5-mini executor). Table 5 re-456

ports the results for GPT-5-mini. SCULPT im-457

proves accuracy on all datasets, including GSM-458

Hard (v2 split), relative to AFlow (average +1.43%;459

MATH: +1.1%, GSM8K: +2.0%, GSM-Hard:460

+1.2%). The gains are consistent with pruning inef-461

fective exploration paths.462

Cohort C (GPT-5.2 executor). To evaluate the463

scalability of SCULPT on frontier reasoning mod-464

els, we conduct experiments using GPT-5.2 as the465

core executor. All compared methods use GPT-5.2466

as the executor with identical experimental settings467

Table 5: Cohort B (GPT-5-mini executor): accuracy (%)
and efficiency. Results are reproduced using available
open-source implementations under the same evaluation
protocol.

Method MATH GSM8K GSM-Hard Avg. Tokens

IO 68.9 ± 0.7 93.8 ± 0.4 76.7 ± 0.8 79.8 915
Self-Refine (Madaan et al., 2023) 65.4 ± 0.9 91.7 ± 0.6 73.8 ± 1.1 77.0 3,240
MultiPersona (Wang et al., 2024b) 71.5 ± 0.8 97.4 ± 0.3 80.6 ± 0.7 83.2 7,850
ADAS (Hu et al., 2024) 60.2 ± 1.1 92.9 ± 0.6 65.8 ± 1.3 73.0 45,038
AFlow (Zhang et al., 2024) 74.7 ± 0.8 95.6 ± 0.5 83.2 ± 0.9 84.5 30,025
Ours (SCULPT) 75.8 ± 0.4 97.6 ± 0.2 84.4 ± 0.5 85.9 22,519

Table 6: Cohort C (GPT-5.2 executor): accuracy (%)
and efficiency.

Method MATH GSM8K GSM-Hard Avg. Tokens

IO 81.8 ± 0.5 96.3 ± 0.3 80.2 ± 0.6 86.1 1,120
Self-Refine (Madaan et al., 2023) 80.5 ± 0.6 97.0 ± 0.2 79.9 ± 0.8 85.8 4,150
MultiPersona (Wang et al., 2024b) 75.3 ± 1.2 96.8 ± 0.4 84.0 ± 0.6 85.4 11,240
ADAS (Hu et al., 2024) 78.8 ± 0.9 92.5 ± 0.5 70.2 ± 1.1 80.5 48,284
AFlow (Zhang et al., 2024) 88.7 ± 0.6 98.0 ± 0.1 87.0 ± 0.7 91.2 32,189
Ours (SCULPT) 89.9 ± 0.3 97.8 ± 0.2 88.3 ± 0.4 92.0 24,142

(data splits, random seeds, evaluation procedures). 468

As shown in Table 6, SCULPT performs strongly, 469

particularly in complex domains like MATH and 470

GSM-Hard where it improves over AFlow. For 471

GSM8K, accuracy across high-performing meth- 472

ods is close to a ceiling (97.8% vs 98.0%), so 473

marginal differences can be within stochastic vari- 474

ance. Meanwhile, pruning an average of 34.2% of 475

branches yields meaningful efficiency gains even 476

when accuracy differences are small. 477

5.3 Reasoning Stability and Efficiency 478

Search Stability and Efficiency. SCULPT im- 479

proves search stability and computational efficiency 480

in our experiments. The pruning rate of 34.2% (av- 481

eraged across 15 rounds and three datasets, std: 482

3.1%) filters candidates below the depth-aware 483

threshold τ(d), reducing token usage. In our mea- 484
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sured setup, SCULPT achieves 28% lower op-485

timization time and 31% lower API expendi-486

ture through search space regularization. Profil-487

ing indicates that the symbolic checks add negli-488

gible overhead (<0.1% of total wall-clock time).489

SCULPT also exhibits improved stability: valida-490

tion score standard deviation is 58% of AFlow’s491

(σSCULPT/σAFlow = 0.58), corresponding to a 66%492

variance reduction.493

Qualitative Analysis. On a sample MATH prob-494

lem involving unit conversions, AFlow fails by495

adding magnitudes with inconsistent units, while496

SCULPT identifies the dimension mismatch early497

via the Instruction Hub. The aggregate compliance498

Ctotal drops for the erroneous branch, triggering499

early pruning and steering MCTS toward a valid500

conversion routine, confirming SCULPT’s role as501

a domain-aware regularizer.502

6 Conclusion503

In this paper, we introduce SCULPT, a constraint-504

guided MCTS framework that transitions agentic505

workflow optimization from unguided stochastic506

sampling to ordered, domain-aware exploration.507

By systematically integrating domain-aware con-508

straints into the selection, expansion, and backprop-509

agation phases, SCULPT effectively regularizes the510

search space of complex mathematical reasoning.511

Empirical evaluations demonstrate that SCULPT512

transcends traditional performance gains, achieving513

a 34.2% reduction in implausible branch expansion514

and a 31% decrease in cumulative API expendi-515

ture. Furthermore, the integration of compliance-516

aware rewards yields a 66% reduction in search517

variance, significantly enhancing the robustness518

of automated workflow synthesis. These results519

underscore the potential of domain-aware con-520

straint integration in optimizing long-horizon rea-521

soning. Future work will investigate the portability522

of SCULPT to other high-precision domains, such523

as formal verification and legal logic, where struc-524

tured constraints are essential for efficient pathfind-525

ing.526

Limitations527

Our study focuses on mathematical reasoning; gen-528

eralization requires task-specific constraint design.529

Symbolic checks may miss deeper semantic rela-530

tions, especially in geometry. The structural pattern531

component is refined during the optimization phase,532

which may limit immediate applicability to prob- 533

lem distributions that differ substantially from the 534

validation set. Magnitude constraints require exe- 535

cution traces and cannot contribute to early pruning. 536

More principled adaptation and profiling are left 537

for future work. 538
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A Reproducibility and Implementation715

Details716

Configuration summary. The random seed is717

fixed to 42. For each dataset, the same valida-718

tion/test split as the corresponding baseline runs719

is used, and the optimizer–executor pair is kept720

fixed within each cohort. Hyperparameters follow721

Section 3: ϵ = 0.01, τ(d) = max(τmin, τ0 − kd)722

with τ0 = 0.6, τmin = 0.3, k = 0.05, and selection723

shaping strength λ = 0.5. These values are inten-724

tionally chosen as simple, conservative defaults to725

stabilize search and keep the method lightweight726

(avoiding extensive per-dataset tuning or additional727

control knobs); more exhaustive sensitivity sweeps728

are left for future work. Unless otherwise noted729

(e.g., ablations), constraint weights are initialized730

uniformly and then updated by Eq. (9) after a 5-731

round warm-up.732

Workflow representation for constraint scoring.733

Each workflow instance is represented as a struc-734

tured program graph with a lightweight view ex-735

posed to SCULPT as a dictionary-like state. The736

state contains: (i) depth d(w), (ii) an operator multi-737

set/histogram (used by CV and CP ), and (iii) when738

available from execution traces, a summary of in-739

termediate magnitudes max(|Xw|) (used by CM).740

Static constraints are computed without executing741

the workflow; execution-aware constraints are com-742

puted from rollout traces.743

Constraint scoring details. Per-family scores744

Ci ∈ [0, 1] are computed and aggregated using745

Eq. (1).746

• Depth control CD. We penalize work- 747

flows exceeding a depth threshold dmax using 748

Eq. (4). 749

• Diversity CV . We compute the normalized 750

Shannon entropy over operator usage as in 751

Eq. (5). 752

• Dimensional consistency CU . We apply 753

a lightweight compatibility check when the 754

workflow state exposes unit-like tags; if unit 755

metadata is unavailable, this component de- 756

faults to a neutral score so that missing tags 757

do not by themselves trigger early pruning. 758

• Type compatibility CT . We check local 759

domain/type constraints for common math- 760

ematical operators (e.g.,
√
· inputs non- 761

negative; log(·) inputs positive; and consis- 762

tent scalar/vector/matrix usage when shapes 763

are exposed). 764

• Pattern similarity CP . We compute similar- 765

ity between the workflow operator signature 766

and a motif library for the detected problem 767

class; when no motif matches, we use a neu- 768

tral prior (0.5) in early rounds. 769

• Magnitude sanity CM. We downweight 770

workflows that produce numerically implausi- 771

ble intermediate values according to Eq. (8); 772

this score is computed only when execution 773

traces provide Xw. 774

SCULPT-guided MCTS (pseudocode). The 775

pseudocode below summarizes the four-stage 776

loop described in Section 3, including depth- 777

aware pruning and compliance-weighted selec- 778

tion/backpropagation. 779
Inputs: root workflow w0, budget T, depth threshold schedule
tau(d); constraint families {Ci}; weights {wi}.
Selection: select node v by maximizing (Q +
c*U)*exp(lambda*C_total(v)).
Expansion: generate edits {wk} from v; keep wk with C_total(wk)
>= tau(depth(v)); if empty, keep argmax_k C_total(wk).
Simulation: run wk to get reward R and traces X_wk; compute
C_M(X_wk); update C_total(wk).
Backprop: backpropagate R*C_total(wk) through the path.
Adapt: update weights wi using corr(Ci, validation reward) (Eq.
7).
Return: best workflow under budget.

780

Examples of thresholded expansion. During ex- 781

pansion, SCULPT filters candidate workflow edits 782

using the depth-aware gate τ(d) in Eq. (2). Ta- 783

ble 7 lists representative candidate types and the 784

corresponding gate outcome; these examples illus- 785

trate the criterion Ctotal ≥ τ(d) and the dominant 786

constraint families responsible for rejection. 787
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Table 7: Representative examples of expansion candi-
dates filtered by the depth-aware threshold.

Candidate edit (summary) Gate Dominant reason(s)

Increase search depth by adding re-
dundant self-verification loops without
new operators

pruned CD ↓, CV ↓

Introduce an operation that violates a
local domain rule (e.g., applying log(·)
to a non-positive intermediate)

pruned CT ↓

Add an aggressive numerical transfor-
mation that produces implausible in-
termediate magnitudes during rollout

pruned CM ↓

Table 8: Error-category comparison on a 100-problem
MATH subset (same questions for the MCTS baseline
and SCULPT). “Reduced” counts the number of base-
line errors eliminated by SCULPT within each category;
categories are coarse templates and therefore do not
cover all problems.

Category # Baseline Wrong SCULPT Wrong Reduced

Counting/Probability 26 12 9 3
Geometry/Angle/Area 12 10 8 2
Algebra/Equations 7 2 2 0

Total (overall) 100 49 44 5

B Additional Analysis: Error Categories788

and Representative Cases789

Setup. SCULPT is compared against an MCTS790

baseline that disables the proposed constraint-791

guided pruning on a 100-problem MATH eval-792

uation subset (a fixed slice used for lightweight793

analysis). Problems are grouped into coarse error794

categories using keyword templates (e.g., geom-795

etry/angles/areas; counting/probability), and the796

number of baseline errors eliminated within each797

category is summarized.798

Representative corrected cases. In this subset,799

reductions are concentrated in counting/probability800

and geometry (Table 8). Common corrected pat-801

terns include enforcing complete case enumeration802

(avoiding missed cases/double counting) and geom-803

etry conventions (e.g., consistent use of standard804

triangle ratios and non-negative area expressions).805
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