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Abstract

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

1 Introduction

The rapid progress of LLMs has enabled auto-
mated agent workflows to structure complex prob-
lem solving (Yu et al., 2025; Tan et al., 2025; Fer-
rag et al., 2025; Li et al., 2024a; Barbosa et al.,
2024). However, existing systems predominantly
rely on stochastic exploration (Hao et al., 2023;
Peng et al., 2023), where candidate steps are sam-
pled from generic prompts or weakly informed poli-
cies lacking domain-specific priors (Tarbouriech
et al., 2021). This unguided sampling often leads
to computational waste on mathematically implau-
sible branches, such as those violating type or
unit consistency, thereby hindering search conver-
gence (Karras et al., 2024).

Mathematical reasoning poses unique challenges
due to its heterogeneous structure across domains
like arithmetic, geometry, and number theory (Ahn
et al., 2024; Wang et al., 2024a). Reasoning paths
must adhere to strict typing rules, unit conven-
tions, and algebraic identities. Traditional stochas-
tic search suffers from excessive branching factors
where many actions are admissible but logically
unsound (Li, 2023). Moreover, long-horizon de-
pendencies and sensitivity to formatting conven-
tions (Karpukhin et al., 2024; Shao et al., 2025)
frequently result in noisy rollout estimates and
avoidable errors, even when utilizing high-capacity
executors (Chen et al., 2024).

To address these limitations, we propose a
paradigm of constraint-guided exploration. By
integrating domain-aware scoring functions into
the search process, we provide local structure to
the search space, prioritizing logically consistent
steps while preserving necessary diversity. This
approach transforms unguided sampling into an or-
dered exploration of plausible operations. Accord-
ingly, we introduce SCULPT, a framework that in-
tegrates dimensional, type, pattern, and magnitude
constraints throughout the workflow optimization
loop. SCULPT employs compliance-aware selec-
tion, thresholded expansion, and reward shaping to
steer the search towards high-probability reasoning
trajectories.

The contributions of this work are three-fold: (1)
We formalize mathematical workflow search as a
constraint-guided optimization problem, integrat-
ing domain-aware scoring into the MCTS loop.
(2) We introduce SCULPT, which incorporates
six constraint families (combining static symbolic
rules and structural pattern guidance) across the
selection, expansion, simulation, and backpropaga-
tion phases. (3) We present an adaptive weighting
mechanism that dynamically prioritizes constraints
based on their correlation with validation perfor-
mance. Empirically, SCULPT yields systematic
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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 Cy, type compatibility C'y-, pattern similarity Cp,
magnitude sanity C'yq, depth control C'p, and diversity Cy,). Lower left: The Routine Stack executes the MCTS
search loop (selection, expansion, simulation, backpropagation) shaped by the aggregate compliance Cio. 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,
and GSM-Hard while reducing optimization over-
head by pruning 34.2% of implausible branches.

2 Related Work

Recent work on automating agent workflows spans
prompt-level optimization (Fernando et al., 2023;
Yuksekgonul et al., 2024; Tang et al., 2023; Khattab

et al., 2024), system/hyperparameter optimization
(Saad-Falcon et al., 2024), and end-to-end work-
flow optimization (Li et al., 2024b; Zhou et al.,
2024; Zhuge et al., 2024; Hu et al., 2024). MCTS-
based workflow optimizers, such as AFlow (Zhang
et al., 2024), scale search by representing com-
plete workflows as tree nodes. SCULPT employs
the canonical four-stage MCTS loop (selection, ex-
pansion, simulation, and backpropagation) and in-
troduces constraint-guided exploration by integrat-
ing compliance signals derived from symbolic con-
straints to modulate rewards and prune branches
throughout the search process.

Formally, given a dataset of problems and an
initial workflow, the objective is to synthesize a
program that maximizes accuracy under a fixed
optimizer—executor budget. SCULPT operational-
izes this by computing constraint compliance
scores that regularize the search. As illustrated in
Figure 1, the Instruction Hub decomposes require-
ments into a compliance vector, while the Routine
Stack executes a shaped search loop. This archi-
tecture allows constraints to act as side signals that
guide exploration without altering the underlying
executor APIs.



The implementation of SCULPT follows three
core principles: early hard pruning, soft shaping,
and execution-aware constraints. During expan-
sion, depth-aware thresholds filter candidates with
low compliance before they enter the tree, system-
atically narrowing the search space (Figure 2). Si-
multaneously, compliance scores modulate selec-
tion and simulation to bias the search toward struc-
turally sound steps. Finally, magnitude constraints
are applied during simulation to ensure numerical
sanity. Through these mechanisms, we examine
whether domain-aware constraint integration can
improve reasoning stability and efficiency across
benchmarks such as GSM8K and MATH, partic-
ularly in handling complex conventions like ring
areas or coordinate ratios.

3 Methodology

3.1 Problem Formulation and Constraint
Aggregation

Given a dataset of problems and an initial workflow,
the goal is to find a program (workflow instance)
that maximizes accuracy under a fixed optimizer—
executor budget. Let C; denote constraint scores
for each constraint family. SCULPT computes
a normalized aggregate compliance Cioy) using a
weighted geometric mean:

D icqu,T.p.m vy Wiln(Ci + €)
Y jeu, T P MDY Wi

C’total = €xp <
(1

where € = 0.01 is a smoothing constant preventing
over-pruning. The denominator ensures proper nor-
malization during adaptive weight updates. This
aggregate is used to (a) prune expansions via a
depth-aware threshold 7(d) defined as:

7(d) = max(Tmin, 70 — k - d) (2)

where 79, Tmin and k are hyperparameters control-
ling the initial gate, floor, and decay rate respec-
tively (we set 79 = 0.6, Tmin = 0.3, and & = 0.05
in our experiments). This aggregate is also used to
(b) modulate the selection score u. We define the
compliant selection score as:

@ =u-exp(ACiota), u=Q+c-U (3)

where u is the standard UCT score consisting of
the value estimate () and the exploration bonus U
weighted by ¢ (we use ¢ = 1.414, the standard
UCT exploration constant). The parameter A con-
trols the strength of compliance shaping (we set

A = 0.5 in our experiments). By using a mul-
tiplicative exponential shaping, SCULPT biases
selection toward structurally consistent workflows
while preserving the ordering induced by the base
UCT statistics.

3.2 Architectural Overview

SCULPT is a domain-aware Monte Carlo Tree
Search (MCTS) framework designed to optimize
agentic workflows for mathematical reasoning. The
system consists of three primary layers: (1) the
Instruction Hub, which extracts symbolic con-
straints (e.g., dimensional checks, type rules) from
problem statements; (2) the Routine Stack, where
the core search loop (selection, expansion, simu-
lation, and backpropagation) operates over work-
flow programs; and (3) the Representation Layer,
which translates optimized workflows into exe-
cutable formats and provides visualizations of the
reasoning logic.

In MCTS-based workflow optimization, an agen-
tic workflow is typically represented as an exe-
cutable code artifact (e.g., a structured Python pro-
gram) that orchestrates LLM calls and determin-
istic routines. Each node in the MCTS tree corre-
sponds to a complete workflow program, enabling
search to reason over global structure rather than
individual steps. For constraint scoring, SCULPT
consumes a lightweight workflow state derived
from this code representation (e.g., depth, operator
multiset/histogram, and optional schema-derived
tags) and, when available, runtime traces (e.g., in-
termediate numeric magnitudes). An optimization
round follows the standard MCTS cycle: selection,
expansion (minimal code edits proposed by an op-
timizer LLLM), simulation (executing the candidate
workflow on a validation set), and backpropaga-
tion. Constraint signals act as side information that
shapes this cycle without changing the executor
interface.

3.3 Mathematical Domain Constraints

SCULPT employs six constraint families to guide
the search loop, organized into three conceptual
categories: structural complexity, mathematical
consistency, and pattern-magnitude sanity. These
constraints consist of static symbolic rules (dimen-
sional consistency, type compatibility, magnitude
sanity, depth control, and diversity) that encode
mathematical domain knowledge without requir-
ing training data, and structural pattern guidance
that captures effective workflow motifs within the



optimization process.

Structural Complexity (D,V). To prevent
overly redundant workflows, we penalize extreme
tree depths and reward operator diversity. The
depth penalty C'p(w) penalizes workflows exceed-
ing a maximum depth threshold dp,,x = 15 with
decay strength 5 = 0.1:

Cp(w) = max (0,1.0 — fmax(0, d(w) — dmax))
)
where d(w) is the maximum depth. The diversity
reward Cy(w) measures the Shannon entropy of
operator usage to encourage diverse mathematical
operations:
H(pw)

Cy(w) ™E) &)
where p,, is the normalized frequency vector of
operators, H(py) = — Y, Pw,i In(pw,), and |O|
is the total number of distinct operators. This score
ranges from O to 1, rewarding balanced operator
distributions.

Mathematical Consistency (/, 7). Reasoning
must maintain internal validity. We enforce Physi-
cal Unit Analysis (U) as a symbolic check Cpy(w)
by categorizing variables into physical dimensions
(e.g., length, time, mass). Operations are checked
for compatibility: addition requires matching units,
while multiplication and division transform units
dimensionally. Calculus operations are modeled
as derivative/integral transformations (e.g., differ-
entiating with respect to a variable transforms its
dimension accordingly). The compliance score is
the ratio of unit-consistent operations:

o > " 1{units-ok(o)},
1%

Cu(w) _ oeOY ’O%’ . (6)

0.5,  |O¥]=0
where OY denotes the subset of operations for
which unit-like tags are available from the work-
flow representation (otherwise this component de-
faults to a neutral prior). Structural Type Compati-
bility (T) verifies data types and tensor ranks when
available, enforcing rules such as non-negative in-
puts for square roots and positive inputs for loga-
rithms:

1
Cr(w) = — Z 1{shape-ok(o)
Oul 5., )

A type-ok(o)},

where O,, is the set of operations, and shape-ok
validates linear algebra dimensions (scalar, vector,
matrix) for operator inputs.

Pattern and Magnitude Sanity (P, M). The
pattern guidance component Cp(w,p) =
sim(vy,, vp) uses cosine similarity to compare a
workflow’s operator histogram v, against a motif
library vp maintained as part of the optimizer
state. The library is initialized with baseline
structural templates (10—15 per category) encoding
common mathematical reasoning patterns. During
optimization, the library is refined every 3 rounds
by clustering workflow operator histograms via
k-means (k = 20 per category) and retaining
representative motifs that differ by at least 0.3
cosine distance. The library typically contains
80-120 motifs across four MATH categories at
optimization convergence. Workflows without
matching patterns receive a neutral score of
0.5 during early rounds. Following standard
workflow optimization protocol, the motif library
is constructed using the validation split during
the optimization phase and remains fixed during
test evaluation. Additionally, the magnitude of
intermediate numerical results X, is regularized
to suppress pathological scaling. Unlike the static
constraints above, magnitude checking requires
execution traces and is applied during simulation
and backpropagation:

Crm(Xyw) =max (0, 1.0 — 5HWWZW>
- 1{max(|X|) > 0}
+ 1{max(|X,|) < 6}
(8)

where § = max(|V;y,|) - 107 is dynamically com-
puted from problem constants V, with scaling
margin v = 2, and § = 0.5 controls penalty
strength.

3.4 Adaptive Weighting Rule

To reflect varying constraint importance across
tasks, SCULPT employs adaptive weighting.
Weights w; are initialized uniformly as wl(O) =
1/6 for all six constraint families, then updated
based on running correlation between constraint
scores {C; ;. } and validation rewards { Ay} stored
in buffer B. This allows the system to prioritize
constraints that are most discriminative for a given

problem set. After a warm-up period of 5 rounds



with fixed weights, weights are updated using:

1) w exp(n - corr(c;, a))

o

—(1—-a)- 0
>, 0 exp(y - corr(c;, a))
(0)

+ o - w;

(&)

where c; and a are vectors of constraint scores and
accuracy outcomes, n = 0.1 controls the adapta-
tion rate, « = 0.01 is the decay strength toward
initial weights, and correlation is calculated us-
ing Pearson correlation over a sliding window of
the last K = 10 evaluated workflows. The decay
term maintains exploration stability by preventing
weights from deviating too far from their initial
uniform distribution.

4 Implementation and Experimental
Setup

SCULPT integrates as a lightweight guidance sig-
nal. During each optimization round, the opti-
mizer proposes workflow candidates. In selection,
SCULPT computes the compliance vector C for
static constraints and its aggregate Ciy. Candi-
dates below the depth-aware threshold 7(d) are
filtered out; remaining candidates are prioritized by
the compliance-shaped score «%. During simulation,
workflows are executed and magnitude constraints
evaluated. Backpropagation multiplies simulation
returns by the updated Cioy. Constraint weights
are updated using the correlation-based rule. We fix
the random seed to 42 and use matched optimizer—
executor settings for reproducibility.

4.1 Datasets

In our experiments, we utilize three publicly avail-
able mathematical datasets: GSM8K (Cobbe et al.,
2021), MATH (Hendrycks et al., 2021), and GSM-
Hard (Gao et al., 2023) as our benchmark datasets.
To ensure fair comparison with prior workflow op-
timization research Saad-Falcon et al. (2024), we
split our benchmark datasets into validation and test
sets in a 1:4 ratio. For the MATH (Hendrycks et al.,
2021) dataset, consistent with the protocol in Hong
et al. (2025), we select problems of difficulty level
5 from four typical categories (combinatorics and
probability, number theory, pre-algebra, and pre-
calculus).

4.2 Baselines and Metrics

The reasoning workflows generated by SCULPT
are compared against the following established

baselines across all experimental cohorts: (1) IO:
direct model invocation without any reasoning
framework; (2) Self-Refine (Madaan et al., 2023):
iterative self-correction where the model critiques
and updates its own answers; (3) MultiPersona
(Wang et al., 2024b): a collaborative reasoning ap-
proach where multiple model identities debate to
reach a consensus; (4) ADAS (Hu et al., 2024):
an automated framework that searches for agentic
reasoning structures; and (5) AFlow (Zhang et al.,
2024): a strong MCTS-based workflow optimizer.
For GSM8K, MATH, and GSM-Hard (v2 split),
accuracy (%) is used as the primary evaluation met-
ric.

4.3 Experimental Setup

Three experimental cohorts are evaluated to disen-
tangle the effect of executors and to enable consis-
tent comparisons.

Cohort A (GPT-40-mini executor). For fair
comparison, we adopt a widely used configuration
with Claude-3.5-sonnet as the optimizer and GPT-
40-mini-0718 as the executor. Datasets include
GSMS8K and MATH. To maintain experimental
tractability while ensuring comprehensive evalua-
tion, we focus on these two datasets and do not eval-
uate GSM-Hard in this cohort. For SCULPT, we set
the number of optimization rounds to 15 because
validation performance typically plateaus by this
point in preliminary runs, and additional rounds
yield diminishing returns; we therefore use 15
rounds as a near-saturated setting for SCULPT. In
contrast, we report results for AFlow and ADAS us-
ing their standard configurations (20 and 30 rounds,
respectively).

Cohort B (GPT-5-mini executor). To assess
transfer and stronger executors, we adopt GPT-5-
mini both as the optimizer and the executor for
SCULPT. All compared methods use GPT-5-mini
as the executor under matched LLM configurations.
Results are obtained by running the same experi-
mental protocol with GPT-5-mini, using identical
data splits, random seeds, and evaluation proce-
dures as SCULPT. Data splits are aligned with Co-
hort A unless otherwise noted for GSM-Hard (v2).

Rounds, tokens, and cost accounting. We inten-
tionally run each baseline with the optimization-
round setting commonly used in its original paper
or public implementation, rather than forcing an
identical number of rounds across methods. In
this setting, achieving higher accuracy with fewer



rounds is a practical advantage, reflecting improved
sample efficiency of the search process. To quantify
efficiency, we log per-request token usage for both
the optimizer and executor (prompt/input tokens
and completion/output tokens) during the entire
pipeline, and report Tokens as the average total
tokens consumed per problem (end-to-end, across
all rounds). We compute Cost ($) by applying the
corresponding model-specific pricing to the logged
input/output tokens and averaging per problem; 10
reduces to a single executor call under the same
logging rule.

4.4 Ablation Studies

To address where constraints matter most, we de-
sign ablations along two axes. First, we isolate each
constraint family by enabling one component at a
time while keeping the others neutral, producing
depth-only, diversity-only, dimensional-only, type-
only, pattern-only, and magnitude-only variants
(using GPT-5-mini as the executor). Second, we
isolate each injection stage by enabling constraint
shaping in only one part of the search loop (us-
ing GPT-5.2 as the executor to assess whether the
relative importance of different MCTS phases gen-
eralizes across model capabilities). In addition, we
compare adaptive weighting against fixed weights
(using GPT-5-mini). Across variants within each
ablation axis, we keep the data split, evaluation
protocol, and iteration budget matched, and report
accuracy and average token usage per problem for
efficiency comparison.

5 Experiments

5.1 Ablation Analysis

Our ablation studies on the MATH dataset reveal
how individual constraints and their placement
contribute to reasoning performance. As shown
in Figure 3 and Table 1, pattern similarity and
type compatibility provide strong individual guid-
ance (69.3% and 68.0%), while dimensional con-
sistency acts as a necessary but restrictive regu-
larizer (60.2%). Full integration achieved 75.8%,
demonstrating that combining constraints improves
overall performance. Using GPT-5.2, selection-
only reweighting achieved 89.2%, and full integra-
tion across all four stages reached 89.9% (Table 2).
Adaptive weighting provided a measurable gain
over fixed weights (75.8% vs. 73.3%, Table 3).

Full ablation results. Table 1 reports the per-
constraint ablation results on MATH, and Tables 2—

3 report the stage-wise and weighting ablations,
including accuracy, constraint satisfaction scores,
and computational overhead.

Table 1: Numerical results for per-constraint ablation
experiments on MATH. All variants use GPT-5-mini.
Accuracies and token counts reflect stable averages (o)
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 654+ 12 0.654 352k 0.06427
Diversity Only 68.1 +0.8 0.681 345k 0.06299
Dimensional Only  60.2 £ 1.5 0.602 36.4k  0.06646
Type Only 68.0+ 09 0.680 34.1k 0.06226
Pattern Only 693+ 1.1 0.693 33.8k 0.06171
Magnitude Only 65.6+ 1.3 0.656 34.8k 0.06354
All (SCULPT) 758+ 04 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 (£o) 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 80.2+04 0892 325k 0.29766
Expansion Only 889+05 0.889 338k 0.30957
Simulation Only 88.8+0.6 0.888 352k 0.32239
Backprop Only 88.7+0.5 0.887 36.5k 0.33430
Selection + Expansion  89.5 £0.3 0.895 284k 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 (£0) 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 733+ 1.1 0.733 258k  0.04711
Adaptive Weights 758 £ 04 0.758 225k  0.04108

5.2 Main Results across Executors

SCULPT is evaluated across three distinct executor
cohorts to assess generalization and performance
on frontier reasoning models. To assess efficiency,
average end-to-end token counts per problem (To-
kens; optimizer+executor, computed from logs) are
reported alongside accuracy.
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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-40-mini executor): accuracy
(%) and efficiency. Optimizer is Claude-3.5-sonnet;
executor is GPT-40-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 GSMSK MATH
10 (GPT-40-mini) 92.7 48.6
CoT (Wei et al., 2022) 924 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) 90.8 354
AFlow (Zhang et al., 2024) 93.5 56.2
Ours (SCULPT) 93.8+0.2 57.2+0.5

Cohort A (GPT-40-mini executor). Using
Claude-3.5-sonnet as the optimizer and GPT-4o-
mini as the executor, SCULPT achieves strong re-
sults as shown in Table 4. It reaches 93.8% on
GSMBS8K and 57.2% on MATH, outperforming au-
tomated optimizers like AFlow and ADAS while
using fewer end-to-end tokens per problem.

Cohort B (GPT-5-mini executor). Table 5 re-
ports the results for GPT-5-mini. SCULPT im-
proves accuracy on all datasets, including GSM-
Hard (v2 split), relative to AFlow (average +1.43%;
MATH: +1.1%, GSMS8K: +2.0%, GSM-Hard:
+1.2%). The gains are consistent with pruning inef-
fective exploration paths.

Cohort C (GPT-5.2 executor). To evaluate the
scalability of SCULPT on frontier reasoning mod-
els, we conduct experiments using GPT-5.2 as the
core executor. All compared methods use GPT-5.2
as the executor with identical experimental settings

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 GSMS8K

10 689+07 938+04
Self-Refine (Madaan et al., 2023) 654 £0.9 91.7 £ 0.6
MultiPersona (Wang et al., 2024b) 71.5+0.8 97.4 +£0.3
ADAS (Hu et al., 2024) 602+ 1.1 929+0.6
AFlow (Zhang et al., 2024) 747+0.8 956+0.5
Ours (SCULPT) 758 +04 97.6 £0.2

GSM-Hard Avg.

76.7+08 798 915

738+ 1.1 770 3,240
80.6+0.7 832 7,850
658+ 13 730 45,038
832409 845 30,025
84.4+05 859 22519

Tokens

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

Method MATH GSMSK

10 81.8+0.5 963+03
Self-Refine (Madaan et al., 2023)  80.5 0.6 97.0 £0.2
MultiPersona (Wang et al., 2024b) 753 £1.2 96.8 £ 0.4
ADAS (Hu et al., 2024) 788+09 925+05
AFlow (Zhang et al., 2024) 88.7+0.6 98.0+0.1
Ours (SCULPT) 89.9+03 97.8+0.2

GSM-Hard Avg.

802+£06 86.1 1,120
79.9+08 858 4,150
84006 854 11,240
702+ 1.1 80.5 48,284
870£0.7 91.2 32,189
88.3+04 920 24,142

Tokens

(data splits, random seeds, evaluation procedures).
As shown in Table 6, SCULPT performs strongly,
particularly in complex domains like MATH and
GSM-Hard where it improves over AFlow. For
GSMBSK, accuracy across high-performing meth-
ods is close to a ceiling (97.8% vs 98.0%), so
marginal differences can be within stochastic vari-
ance. Meanwhile, pruning an average of 34.2% of
branches yields meaningful efficiency gains even
when accuracy differences are small.

5.3 Reasoning Stability and Efficiency

Search Stability and Efficiency. SCULPT im-
proves search stability and computational efficiency
in our experiments. The pruning rate of 34.2% (av-
eraged across 15 rounds and three datasets, std:
3.1%) filters candidates below the depth-aware
threshold 7(d), reducing token usage. In our mea-



sured setup, SCULPT achieves 28% lower op-
timization time and 31% lower API expendi-
ture through search space regularization. Profil-
ing indicates that the symbolic checks add negli-
gible overhead (<0.1% of total wall-clock time).
SCULPT also exhibits improved stability: valida-
tion score standard deviation is 58% of AFlow’s
(oscuLpr/oaFow = 0.58), corresponding to a 66%
variance reduction.

Qualitative Analysis. On a sample MATH prob-
lem involving unit conversions, AFlow fails by
adding magnitudes with inconsistent units, while
SCULPT identifies the dimension mismatch early
via the Instruction Hub. The aggregate compliance
Ciotal drops for the erroneous branch, triggering
early pruning and steering MCTS toward a valid
conversion routine, confirming SCULPT’s role as
a domain-aware regularizer.

6 Conclusion

In this paper, we introduce SCULPT, a constraint-
guided MCTS framework that transitions agentic
workflow optimization from unguided stochastic
sampling to ordered, domain-aware exploration.
By systematically integrating domain-aware con-
straints into the selection, expansion, and backprop-
agation phases, SCULPT effectively regularizes the
search space of complex mathematical reasoning.
Empirical evaluations demonstrate that SCULPT
transcends traditional performance gains, achieving
a 34.2 % reduction in implausible branch expansion
and a 31% decrease in cumulative API expendi-
ture. Furthermore, the integration of compliance-
aware rewards yields a 66% reduction in search
variance, significantly enhancing the robustness
of automated workflow synthesis. These results
underscore the potential of domain-aware con-
straint integration in optimizing long-horizon rea-
soning. Future work will investigate the portability
of SCULPT to other high-precision domains, such
as formal verification and legal logic, where struc-
tured constraints are essential for efficient pathfind-

ing.
Limitations

Our study focuses on mathematical reasoning; gen-
eralization requires task-specific constraint design.
Symbolic checks may miss deeper semantic rela-
tions, especially in geometry. The structural pattern
component is refined during the optimization phase,

which may limit immediate applicability to prob-
lem distributions that differ substantially from the
validation set. Magnitude constraints require exe-
cution traces and cannot contribute to early pruning.
More principled adaptation and profiling are left
for future work.
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A Reproducibility and Implementation
Details

Configuration summary. The random seed is
fixed to 42. For each dataset, the same valida-
tion/test split as the corresponding baseline runs
is used, and the optimizer—executor pair is kept
fixed within each cohort. Hyperparameters follow
Section 3: € = 0.01, 7(d) = max(Tmin, 70 — kd)
with 79 = 0.6, Tmin = 0.3, & = 0.05, and selection
shaping strength A = 0.5. These values are inten-
tionally chosen as simple, conservative defaults to
stabilize search and keep the method lightweight
(avoiding extensive per-dataset tuning or additional
control knobs); more exhaustive sensitivity sweeps
are left for future work. Unless otherwise noted
(e.g., ablations), constraint weights are initialized
uniformly and then updated by Eq. (9) after a 5-
round warm-up.

Workflow representation for constraint scoring.
Each workflow instance is represented as a struc-
tured program graph with a lightweight view ex-
posed to SCULPT as a dictionary-like state. The
state contains: (i) depth d(w), (ii) an operator multi-
set/histogram (used by C'y, and C'p), and (iii) when
available from execution traces, a summary of in-
termediate magnitudes max (| X,,|) (used by Cry).
Static constraints are computed without executing
the workflow; execution-aware constraints are com-
puted from rollout traces.

Constraint scoring details. Per-family scores
C; € [0,1] are computed and aggregated using
Eq. ().
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* Depth control C'n. We penalize work-
flows exceeding a depth threshold d .« using

Eq. (4).

* Diversity Cy. We compute the normalized
Shannon entropy over operator usage as in
Eq. (9).

* Dimensional consistency C;;,. We apply
a lightweight compatibility check when the
workflow state exposes unit-like tags; if unit
metadata is unavailable, this component de-
faults to a neutral score so that missing tags
do not by themselves trigger early pruning.

* Type compatibility C'r. We check local
domain/type constraints for common math-
ematical operators (e.g., +/- inputs non-
negative; log(-) inputs positive; and consis-
tent scalar/vector/matrix usage when shapes
are exposed).

* Pattern similarity C'». We compute similar-
ity between the workflow operator signature
and a motif library for the detected problem
class; when no motif matches, we use a neu-
tral prior (0.5) in early rounds.

* Magnitude sanity C'y,. We downweight
workflows that produce numerically implausi-
ble intermediate values according to Eq. (8);
this score is computed only when execution
traces provide X,.

SCULPT-guided MCTS (pseudocode). The
pseudocode below summarizes the four-stage
loop described in Section 3, including depth-
aware pruning and compliance-weighted selec-

tion/backpropagation.

Inputs: root workflow w@, budget T, depth threshold schedule
tau(d); constraint families {Ci}; weights {wi}

Selection: select node v by maximizing (Q +
cxU)*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.

Examples of thresholded expansion. During ex-
pansion, SCULPT filters candidate workflow edits
using the depth-aware gate 7(d) in Eq. (2). Ta-
ble 7 lists representative candidate types and the
corresponding gate outcome; these examples illus-
trate the criterion Ciory > 7(d) and the dominant
constraint families responsible for rejection.



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- pruned Cp l,Cyv |
dundant self-verification loops without

new operators

Introduce an operation that violates a pruned Ccrl
local domain rule (e.g., applying log(+)

to a non-positive intermediate)

Add an aggressive numerical transfor- pruned Cmd
mation that produces implausible in-

termediate magnitudes during rollout

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 Categories
and Representative Cases

Setup. SCULPT is compared against an MCTS
baseline that disables the proposed constraint-
guided pruning on a 100-problem MATH eval-
uation subset (a fixed slice used for lightweight
analysis). Problems are grouped into coarse error
categories using keyword templates (e.g., geom-
etry/angles/areas; counting/probability), and the
number of baseline errors eliminated within each
category is summarized.

Representative corrected cases. In this subset,
reductions are concentrated in counting/probability
and geometry (Table 8). Common corrected pat-
terns include enforcing complete case enumeration
(avoiding missed cases/double counting) and geom-
etry conventions (e.g., consistent use of standard
triangle ratios and non-negative area expressions).
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