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Abstract

Recent multi-agent code generation frame-
works often verify natural-language plans by
simulating their behavior on test cases before
code generation. However, such verification
remains unreliable because model hallucina-
tion may cause flawed plans to be incorrectly
accepted. Inspired by neuro-symbolic rea-
soning, we propose PaveDSL, which trans-
forms natural-language plans into structured
designs expressed in a domain-specific lan-
guage. Based on this structured representa-
tion, PaveDSL combines symbolic checks with
neural inference to examine plans before code
generation. Specifically, PaveDSL applies two
complementary verifiers in parallel. The de-
terministic symbolic verifier checks structural
constraints without invoking an LLM, while the
agent verifier performs graph-guided semantic
reasoning over the structured design. If ver-
ification fails, a repair agent localizes errors
and revises the design before code generation.
Experiments on multiple benchmarks with dif-
ferent LLMs show that PaveDSL consistently
improves the performance of baseline code gen-
eration methods.

1 Introduction

Large language models (LLMs) have significantly
advanced code generation (Jiang et al., 2024a;
Zhang et al., 2024b). To improve reliability on
complex tasks, recent studies adopt multi-agent
frameworks where specialized agents collaborate
to analyze requirements, produce natural-language
plans, and generate code (Dong et al., 2025). In
these frameworks, natural-language plans serve as
intermediate representations bridging problem un-
derstanding and implementation. A common strat-
egy is to let an agent simulate a generated plan on
test cases before code generation, aiming to iden-
tify flawed solutions early (Lei et al., 2025; Islam
et al., 2025).

* Corresponding author.

I CodeSim
07, with PaveDSL

0.6
0.5

0.4+

FPR

0.3

0.2

0.14

APPS xCodeEval CodeContests  BigCodeBench LiveCodeBench

Figure 1: False positive rates of planning-stage verifi-
cation for CodeSim and CodeSim with PaveDSL using
GPT-5-mini across five benchmarks. For each bench-
mark, both methods are evaluated on the same fixed
set of problems under the same protocol. Lower values
indicate more reliable plan verification.

However, such verification remains unreliable
when performed only on natural-language plans.
Since the verifier must simulate plan behavior
through language reasoning, an incomplete or
flawed plan may still produce a plausible execu-
tion trace, causing the verifier to incorrectly accept
it. To examine this problem, we use GPT-5-mini
as the base model and evaluate CodeSim (Islam
et al., 2025) on five benchmarks. We assess plan
correctness by examining whether generated imple-
mentations follow the plan and pass the tests, with
ambiguous cases manually inspected. We define
the false positive rate (FPR) as the ratio of accepted
plans subsequently determined to be incorrect to
all plans determined to be incorrect. As shown in
Figure 1, CodeSim produces a high FPR across
all benchmarks, indicating that verification based
solely on natural-language plans is insufficient as a
standalone validation mechanism.

Neuro-symbolic reasoning offers a suitable so-
lution by combining the flexible understanding ca-
pabilities of LLMs with the explicit structure of
symbolic representations. LLMs can interpret plan
semantics and simulate candidate executions, while
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structured checking provides a more systematic ba-
sis for verification (Huang et al., 2024b; Dolcetti
and Iotti, 2025). Symbolic representations make
key design elements explicit, such as functional de-
pendencies, data flow, input constraints, and edge-
case handling. By integrating both paradigms, plan
verification can use neural models for semantic
understanding while relying on explicit structure
for deterministic checks and systematic inspection
before code generation.

Motivated by this insight, we propose PaveDSL
(Plan as a Verifiable Expression with a Domain-
Specific Language), a neuro-symbolic approach
for pre-code plan verification. Specifically, given
a plan produced by an existing code generation
method, PaveDSL first uses a design agent to trans-
late the natural-language plan into a DSL-based
candidate design under a predefined schema. The
candidate design represents the original solution
with explicit functional units, input-output rela-
tions, dependencies, constraints, and edge cases.
PaveDSL then verifies the candidate design in par-
allel through two complementary mechanisms. The
symbolic verifier performs deterministic rule-based
checks over the design structure without relying on
an LLM, including schema validity, traceability
between requirements and functions, and graph
consistency. The agent verifier uses an LLM for
graph-guided reasoning to examine function re-
sponsibilities, input-output consistency, and test-
case behavior along the structured design graph. If
either verifier reports an error, a repair agent uses
the verification feedback to localize the error and
revise the design before the entire design is verified
again.

Through PaveDSL, plan verification becomes a
structured process integrating deterministic sym-
bolic checks with graph-guided agent reasoning.
As shown in Figure 1, this combination consistently
reduces the FPR of CodeSim across all benchmarks.
We integrate PaveDSL with four representative
plan-based code generation baselines and evalu-
ate it using three LLMs. Experimental results show
that PaveDSL consistently improves baseline per-
formance. Additional evaluations with a broader
set of code generation baselines and smaller open-
source models further support its general applicabil-
ity. Our contributions in this work are summarized
as follows:

* We formulate pre-code plan verification as
a neuro-symbolic design verification problem,

transforming natural-language plans into struc-
tured and explicitly checkable designs.

* We propose PaveDSL, which verifies each struc-
tured design in parallel through deterministic
symbolic checks and graph-guided LLM reason-
ing, and uses the resulting feedback for error-
driven repair before code generation.

* We conduct extensive experiments on five bench-
marks using three LLMs, showing that PaveDSL
consistently improves baseline code generation
performance.

2 Related Work

2.1 Neuro-Symbolic Reasoning and
Verification

Neuro-symbolic approaches integrate neural net-
works with symbolic reasoning to enhance the reli-
ability and interpretability of Al systems (Delvec-
chio et al., 2025). Several studies leverage sym-
bolic solvers to strengthen LLM reasoning. Logic-
LM (Pan et al., 2023) translates natural language
into logic and invokes solvers with iterative re-
pair, SatLM (Ye et al., 2023) prompts LLMs to
produce declarative constraints for SAT solving,
LINC (Olausson et al., 2023) offloads reasoning
to first-order logic provers (Lyu et al., 2023; Yang
et al., 2023), and FLARE (Arakelyan et al., 2025)
generates formal reasoning steps to improve faith-
fulness without external solvers.

A complementary direction focuses on verifying
LLM-generated outputs. PAL (Gao et al., 2023)
produces executable programs evaluated by inter-
preters, while Proof of Thought (Ganguly et al.,
2024) generates formal thought programs as veri-
fiable representations. Explanation-Refiner (Quan
et al., 2024) uses LLM-symbolic theorem prov-
ing to validate and refine explanations, and Veri-
CoT (Feng et al., 2026) maps chain-of-thought
steps into first-order logic for logical consistency
checks. Symbolic validators have also been used
to check task plans before execution (Sheth et al.,
2024; Petruzzellis et al., 2025; Ahn et al., 2025).
CEGIS (Jha et al., 2023) couples LLM generation
with SMT solving and counterexample-guided re-
pair over solver-compatible representations. To-
gether, these studies show how explicit interme-
diate representations can connect neural genera-
tion with symbolic checking across executable pro-
grams, logical arguments, and task plans.
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Figure 2: Overview of the PaveDSL workflow. PaveDSL first converts a natural-language plan into a candidate
design, then verifies it through symbolic and graph-guided agent verification, and finally repairs failed designs

before code generation.

2.2 Planning and Multi-Agent Code
Generation

Multi-agent code generation coordinates special-
ized agents across planning, implementation, test-
ing, and refinement (Dong et al., 2025). Pipeline-
based systems emulate software development work-
flows (Dong et al., 2024; Qian et al., 2024; Hong
et al., 2024; Lin et al., 2025), while planning-
oriented and specification-aware methods produce
or refine intermediate solution representations be-
fore implementation (Jiang et al., 2024b; Islam
et al., 2024; Lei et al., 2025; Islam et al., 2025;
Wang et al., 2025; Tian et al., 2025). Other meth-
ods improve solution search and repair through
execution feedback, multi-plan exploration, or ex-
perience reuse. AgentCoder, CodeCoR, and LDB
refine generated code using test results, reflective
scoring, or runtime traces (Huang et al., 2024a;
Pan et al., 2025; Zhong et al., 2024). PairCoder
and CodeTree explore alternative plans or strate-
gies and refine their implementations (Zhang et al.,
2024a; Li et al., 2025), while Xolver equips mul-
tiple agents with persistent and evolving memory
that integrates retrieved experience, tool use, col-
laboration, and iterative refinement (Hosain et al.,

2025). Together, these methods improve planning,
solution exploration, and implementation repair.
PaveDSL focuses on the reliability of the inter-
mediate plan through neuro-symbolic verification
before code generation.

3 Approach

3.1 Overview

We formulate code generation as the task of gener-
ating a code snippet C' from a problem description
() and a set of public test cases T = {(I;, O;) }I" 4,
where [; is a test input and O; is the expected
output. Given (), an existing plan generation
method first produces a natural-language plan P.
To further verify the plan before code generation,
PaveDSL uses a Design Agent to produce a struc-
tured design D from () and P under a predefined
schema S. The overall process is formulated as
Q — P — D — C, where D represents the plan
as a graph-structured design with explicit task re-
quirements, function nodes, data interfaces, and
dependencies for subsequent verification.

As shown in Figure 2, PaveDSL consists of
three stages, including DSL-based plan specifi-
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Algorithm 1 PaveDSL

Input: Problem description @, public test cases 7, PaveDSL
schema S, repair budget d
Output: Generated code snippet C
1: // DSL-based Plan Specification
2: P <+ Aplan(Q)
3: D+ Adcsign(Q7 P, S)

. // Neuro-Symbolic Design Verification
: for k =0toddo
parallel do
(Tsym; Fsym) <= Vsym(D, S)
(Tagen‘m Fagent) <~ Vagent(Q, D, T)
7 end parallel
8: Pass < rsym A Tagent
9: if Pass then
O,
1

oA

break
end if

12: // Constraint-Guided Design Repair
13: if £ < d then

14: F <+ Fsym U Fagent

15: D ¢ Avepair(Q, D, F, S)
16: end if

17: end for

18: C — Acode(Q: D)
19: return C'

cation, neuro-symbolic design verification, and
constraint-guided design repair. In the first stage,
the Design Agent takes (), P, and the PaveDSL
schema S as input and generates a structured de-
sigh D = Adesign(Q, P, S). The design D cap-
tures the functional structure of the original plan,
including task requirements, function responsibili-
ties, data interfaces, constraints, and dependencies.
In the second stage, the symbolic verifier and the
agent verifier examine D in parallel within each
iteration. The symbolic verifier performs determin-
istic rule-based checking without calling an LLM,
while the agent verifier uses an LLM for graph-
guided semantic checking and test-case simulation.
The design passes verification only if both 7gyn,
and 7,gent hold. Otherwise, the combined feed-
back F' = Fyym U Fiagent guides the Repair Agent
to revise D, after which the complete design is
examined again by both verifiers. This verification-
repair process continues until D passes verification
or the repair budget d is reached. If the budget is
exhausted before D passes, PaveDSL retains the
most recent repaired design to guide code genera-
tion without treating it as verified. In either case,
PaveDSL uses the resulting structured design to
guide code generation as C' = Aoq0(Q, D). Algo-
rithm 1 summarizes this workflow.

3.2 DSL-based Plan Specification

This stage transforms a natural-language plan into a
DSL-based structured design for verification before
code generation. As shown in Figure 3, PaveDSL
defines a lightweight schema & with seven fields
that represent the task goal, functional decompo-
sition, data interfaces, semantic constraints, and
inter-function dependencies. Each candidate de-
sign is represented as a JSON object conforming
to S, allowing the Symbolic Verifier to parse it
deterministically and validate its structure.

{
1

"Task": "Describes the overall problem goal and contextual information, providing the
high-level objective of the structured design.",

"Requirements": "Decomposes the task into functional requirements that specify what
capabilities the solution should provide and what behaviors it should satisfy.",

"Functions": "Defines function nodes that implement the decomposed requirements,
with each node responsible for a specific part of the solution logic.",

"Inputs": "Specifies the data consumed by each function node, including external inputs
from the task and intermediate values from previous nodes.",

"Outputs": "Specifies the data produced by each function node, including intermediate
results passed to later nodes and final answers returned by the solution.",

"Constraints": "Records lightweight semantic conditions, assumptions, boundary cases,
and task-specific restrictions used during verification.",

"Dependencies": "Defines directed data-flow relations among function nodes, showing
how produced outputs are passed as required inputs to later functions."

}

Figure 3: PaveDSL schema for organizing natural-
language plans into verifiable structured designs.

The Task field records the overall problem goal.
The Requirements field decomposes the task into
functional behaviors, with covered_by referencing
the function nodes assigned to each requirement.
The Functions field defines the function nodes and
uses implements to associate each node with its
declared requirements. The Inputs and Outputs
fields specify the data consumed and produced by
each function. The Constraints field records seman-
tic conditions and boundary-case restrictions. The
Dependencies field defines directed data-flow rela-
tions among functions. Together, these fields form
a graph-structured design with explicit requirement-
function traceability, data interfaces, semantic con-
straints, and execution order.

The Design Agent instantiates these fields to pro-
duce a candidate design D. Each function in the
Functions field forms a node, while each relation in
the Dependencies field forms a directed edge. The
Inputs and Outputs fields define the data interface
of each node. An edge from a source node to a tar-
get node indicates that data produced by the source
is required by the target. In this form, D explicitly
represents how data moves from the task inputs
to the final output and provides the structured in-
put for symbolic checking and graph-guided agent
verification.
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3.3 Neuro-Symbolic Design Verification

After obtaining the structured design, PaveDSL ver-
ifies whether it is suitable for guiding code genera-
tion. This stage follows a neuro-symbolic verifica-
tion strategy. The symbolic verifier performs deter-
ministic rule-based checks without calling an LLM,
while the agent verifier uses an LLM to reason over
the graph structure and simulate its behavior on
public test cases.

The rule-based symbolic verifier focuses on
the structural validity of the candidate design. It
checks three aspects. First, schema validity checks
whether the design can be parsed and contains the
seven required fields in the predefined format. Sec-
ond, specification alignment checks the structural
traceability between requirements and functions.
Each requirement should reference at least one
existing function through covered_by, and each
function should reference at least one existing re-
quirement through implements. Third, graph con-
sistency verifies that every dependency connects
valid function nodes and applies depth-first search
to detect cycles.

The graph-guided agent verifier further checks
the semantic consistency of the structured design.
Given (), 7, and D, it follows the function nodes
and dependency relations represented in D. It ex-
amines whether each function is suitable for its
assigned requirements and constraints, whether the
inputs and outputs of connected nodes are con-
sistent, and whether the design produces the ex-
pected outputs when simulated on public test cases.
During simulation, the agent follows the depen-
dency order and traces how intermediate results are
passed between function nodes.

The two verifiers are complementary. The sym-
bolic verifier detects format errors and structural
inconsistencies through deterministic rules, while
the agent verifier captures logic errors that are dif-
ficult to express with fixed rules. A design passes
verification only when both verifiers return a posi-
tive result. Otherwise, their feedback is provided
to the subsequent repair stage.

3.4 Constraint-Guided Design Repair

When the candidate design fails verification,
PaveDSL uses an LLM-based Repair Agent to re-
vise it before code generation. The Repair Agent
receives (Q, D, S, and the combined verifier feed-
back F'. Based on F|, it revises D to address the
structural and semantic issues identified during ver-

ification.

The two sources of feedback guide different as-
pects of repair. The symbolic feedback reports vio-
lations of deterministic structural rules, while the
agent feedback identifies semantic inconsistencies
and associates them with the relevant requirements,
function nodes, data interfaces, constraints, or de-
pendencies. The Repair Agent limits each revision
to the identified parts of the design. When a modifi-
cation changes a function interface or dependency,
the related elements are updated to maintain the
consistency of D.

After each repair, the entire updated design is re-
turned to the verification stage and examined again
by both verifiers. If it still fails and another repair it-
eration is available, the combined feedback guides
the next revision. This process terminates when D
passes verification or the repair budget is reached.
If the budget is exhausted before the design passes,
the most recent repaired design is retained to guide
code generation without being treated as verified.

4 Experimental Settings

4.1 Benchmarks

We evaluate PaveDSL on five code generation
benchmarks that cover complementary task set-
tings. APPS (Hendrycks et al., 2021) with 150
problems, xCodeEval (Khan et al., 2024) with
106 problems, and CodeContests (Li et al., 2022)
with 165 problems comprise competition-level pro-
gramming challenges that require complex algo-
rithmic reasoning. BigCodeBench-Instruct (Zhuo
et al., 2025) includes 125 problems and evaluates
the composition of diverse library API calls un-
der complex instructions. LiveCodeBench (Jain
et al., 2025) continuously collects new problems
from online platforms to mitigate data contamina-
tion, and we use 175 problems from version 6. For
each paired comparison, the original method and
its PaveDSL-enhanced version receive the same
problem descriptions and public test cases and are
evaluated using the same hidden test cases.

4.2 Metrics

Following prior work (Chen et al., 2021; Austin
et al., 2021; Yu et al, 2024), we adopt
Pass@Fk (Chen et al., 2021) as our primary metric.
Given a problem, the model produces & candidate
solutions, and the problem is considered solved if
any candidate passes all hidden test cases. Pass@k
measures the fraction of solved problems across
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Table 1: Performance comparison of different code generation approaches with and without PaveDSL across five

benchmarks.

LLM Approach APPS xCodeEval CodeContests BigCodeBench LiveCodeBench
CodeSim 79.3% 78.3% 73.3% 71.2% 76.6%
with PaveDSL  83.3% 83.0% 78.8% 81.6% 85.7%
LPW 70.0% 70.8% 69.1% 68.0% 73.7%

GPT-5-mini with PaveDSL  78.7% 80.2% 78.8% 72.0% 78.3%
MaintainCoder 70.0% 75.5% 72.7% 72.8% 71.4%
with PaveDSL  74.7% 79.2% 78.2% 85.6% 77.7%
uFiX 75.3% 76.4% 74.5% 70.4% 73.1%
with PaveDSL  85.3% 83.0% 80.0% 84.0% 84.6%
CodeSim 76.0% 75.5% 71.5% 69.6% 74.3%
with PaveDSL  80.0% 82.1% 77.6% 79.2% 85.1%
LPW 68.0% 69.8% 68.5% 64.0% 72.6%

Claude-4.5-Haiku with PaveDSL  74.7 % 76.4% 75.2% 70.4% 76.0%
MaintainCoder 69.3% 75.5% 70.9% 68.8% 71.4%
with PaveDSL  72.0% 81.1% 76.4% 71.2% 76.6%
uFiX 75.3% 74.5% 68.5% 68.0% 71.4%
with PaveDSL  82.0% 83.0% 78.8% 80.8% 80.6%
CodeSim 81.3% 83.0% 74.5% 79.2% 74.9%
with PaveDSL  84.0% 84.9% 77.6% 84.0% 81.1%
LPW 73.3% 74.5% 72.7% 72.8% 73.7%
with PaveDSL  80.7 % 81.1% 78.8% 82.4% 771%

DeepSeck-Va-Flash y pointainCoder 68.7%  77.4% 73.3% 72.0% 69.7%
with PaveDSL  81.3% 80.2% 80.0% 84.0% 73.1%
uFiX 78.0% 81.1% 75.8% 76.0% 72.0%
with PaveDSL  86.7% 85.8% 80.6% 86.4% 82.3%

the benchmark. Following recent studies (Jiang
et al., 2024a; Wang and Chen, 2023; Zhang et al.,
2024b), we set k = 1 throughout our main ex-
periments to evaluate the first generated solution.
Therefore, Pass@ 1 measures the end-to-end code
generation performance of each method under a
single generation attempt.

4.3 Baselines

We select four representative code generation meth-
ods that incorporate natural-language planning be-
fore code generation. Since PaveDSL is designed
to improve the intermediate plan, we apply it after
each baseline generates its initial natural-language
plan. PaveDSL transforms the plan into a struc-
tured design, verifies and repairs the design, and
passes the resulting design to the code generation
stage. This setting isolates the effect of struc-
tured plan verification while keeping the remaining
pipeline and backbone model unchanged.
CodeSim (Islam et al., 2025) is a multi-agent
framework that verifies natural-language plans
through test-case simulation and employs a debug-
ging agent to refine generated code.

LPW (Lei et al., 2025) is a two-phase workflow
that generates and verifies a solution plan through

test-case simulation, then refines generated code
through iterative debugging.

MaintainCoder (Wang et al., 2025) integrates the
Waterfall model, design patterns, and multi-agent
collaboration to decompose requirements into struc-
tured designs before code generation.

pFiX (Tian et al., 2025) uses test-case analysis to
improve specification understanding and employs
feedback-based self-improvement to correct misun-
derstandings before code generation.

S Experimental Analysis

To comprehensively evaluate the effectiveness of
PaveDSL, we organize our experiments around the
following research questions, denoted as RQs:
RQ1: Can PaveDSL improve the performance
of existing plan-based code generation methods
across different benchmarks and LLM backbones?
RQ2: How do the structured representation, sym-
bolic verification, graph-guided agent verification,
and design repair contribute to the performance of
PaveDSL?

RQ3: How does the verification-repair iteration
budget affect the performance and computational
cost of PaveDSL?

RQ4: How does PaveDSL identify and repair er-
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Table 2: Ablation study of structured representation, verification, and repair on CodeSim and pFiX using GPT-5-

mini across five benchmarks.

Baseline Variant

APPS xCodeEval CodeContests BigCodeBench LiveCodeBench

w/o Verification 66.0% 68.9% 67.9% 51.2% 68.6%
w/o Graph-Guided Reasoning 80.7% 78.3% 75.8% 78.4% 81.7%
CodeSim w/o Symbolic Verifier 78.7% 78.3% 74.5% 79.2% 80.6%
w/o Agent Verifier 70.7% 76.4% 71.5% 72.0% 76.0%
w/o Repair Agent 78.0% 80.2% 72.7% 76.8% 72.0%
Full PaveDSL 83.3%  83.0% 78.8% 81.6% 85.7%
w/o Verification 73.3% 69.8% 69.7% 64.8% 70.9%
w/o Graph-Guided Reasoning 82.0% 78.3% 78.2% 83.2% 79.4%
JFiX w/o Symbolic Verifier 80.0% 77.4% 75.2% 81.6% 73.7%
w/o Agent Verifier 76.7% 74.5% 72.1% 72.8% 68.6%
w/o Repair Agent 82.0% 75.5% 77.6% 78.4% 76.0%
Full PaveDSL 85.3%  83.0% 80.0% 84.0% 84.6%

rors in a natural-language plan through a structured
design?

Implementation and evaluation details are pro-
vided in Appendix A, and additional experimental
results are reported in Appendix B.

5.1 Main Results

To answer RQ1, we integrate PaveDSL into four
representative plan-based code generation methods
and evaluate them across five benchmarks using
three LLM backbones. Table 1 reports the Pass@1
results.

Overall Performance Improvement. PaveDSL
improves all four baselines across every benchmark
and LLLM backbone. The largest gain occurs for
pFiX on BigCodeBench with GPT-5-mini, where
PaveDSL increases Pass@1 by 13.6 percentage
points. These results show that verifying and repair-
ing the structured design before code generation
consistently improves end-to-end code generation
performance.

Benefits Across Planning Methods. The improve-
ments extend to baselines with different planning
mechanisms. PaveDSL benefits plan-simulation
frameworks such as CodeSim and LPW, the design-
oriented MaintainCoder, and the specification-
refinement method pFiX. This broad improvement
indicates that PaveDSL functions as a complemen-
tary verification layer rather than depending on a
particular planning workflow.

Consistency Across Settings. All three LLM back-
bones benefit from PaveDSL across the five bench-
marks. The strongest overall gains appear on Big-
CodeBench, which focuses on composing diverse
library APIs under complex instructions. This pat-
tern indicates that the benefits of PaveDSL are not
tied to a specific model or benchmark and supports

its applicability across the evaluated settings.

5.2 Ablation Study

To answer RQ2, we conduct an ablation study on
CodeSim and pFiX using GPT-5-mini across all
five benchmarks. These two baselines employ dif-
ferent forms of test-case-based reasoning before
code generation. CodeSim verifies generated plans
through test-case simulation, whereas pFiX im-
proves specification understanding through test-
case analysis. We evaluate five ablation variants.
The w/o Verification variant directly uses the struc-
tured design for code generation without sym-
bolic verification, agent verification, or repair. The
w/0 Graph-Guided Reasoning variant retains the
structured design, Symbolic Verifier, and Repair
Agent, but the Agent Verifier reasons over the orig-
inal natural-language plan rather than the function
nodes and dependencies in the design. The remain-
ing three variants remove the Symbolic Verifier,
Agent Verifier, or Repair Agent individually. Ta-
ble 2 reports the results.

Role of Verification and Repair. For both
CodeSim and pFiX, Full PaveDSL outperforms
w/o Verification by more than 10 percentage points
on every benchmark. This result indicates that the
structured representation alone does not prevent er-
rors in the original plan or during plan transforma-
tion from propagating to code generation. Verifica-
tion and repair provide substantial benefits beyond
the structured representation.

Value of Graph-Guided Agent Verification. Full
PaveDSL consistently outperforms w/o Graph-
Guided Reasoning across both baselines and all five
benchmarks. Because both variants use the same
structured design, Symbolic Verifier, and repair pro-
cess, this comparison isolates the contribution of
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graph-guided agent verification. The consistent ad-
vantage indicates that graph-guided reasoning pro-
vides a more reliable basis for semantic verification
than simulation over the original natural-language
plan.

Complementary Components. Across both base-
lines and all five benchmarks, removing any of the
three components reduces Pass@1. Removing the
Agent Verifier generally causes the largest decline,
while removing the Symbolic Verifier or Repair
Agent also consistently harms performance. These
results show that deterministic structural checking,
graph-guided semantic verification, and design re-
pair play different but complementary roles.

5.3 Efficiency and Iteration Trade-off

[F=—Codesim CodeSim with PaveDSL —&— uFiX

0.95 0.95
(a) APPS (b) BigCodeBench
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Figure 4: Effect of verification-repair iterations on
Pass@1 for CodeSim and pFiX with and without
PaveDSL on APPS and BigCodeBench. Performance
improves most during the early iterations and gradually
stabilizes as the budget increases.

To answer RQ3, we vary the maximum num-
ber of verification-repair iterations from 1 to 10
on APPS and BigCodeBench. We use GPT-5-
mini as the backbone model and apply PaveDSL
to CodeSim and pFiX. Figure 4 reports the cor-
responding Pass@]1 results. We further measure
the cost of each complete workflow through the
average number of API calls and token usage per
problem. Detailed results are reported in Table 3 in
Appendix B.

Figure 4 shows that the largest improvements
occur during the first few iterations. The PaveDSL
variants then continue to improve more slowly and
gradually stabilize as the budget increases. Un-
der the same iteration budget, PaveDSL generally
achieves higher Pass@1 after the early iterations
and converges to a higher level than the original
pipelines. However, each additional failed verifica-
tion may invoke another round of agent verification
and repair, thereby increasing the potential num-
ber of model calls. We therefore set the maximum
iteration budget to 3 in the main experiments to
capture the early performance gains while limiting

repeated model calls.

At the selected iteration budget, the compu-
tational cost of PaveDSL varies across bench-
marks. PaveDSL introduces moderate overhead
on xCodeEval. On BigCodeBench, however, it re-
duces token usage for most baselines and does not
increase the number of API calls for any baseline.
Together, these results indicate that early verifica-
tion can trade planning-stage computation for lower
downstream debugging cost, particularly on more
complex tasks.

5.4 Case Study

To answer RQ4, Figure 5 presents an example from
APPS 3554. The task requires finding the maxi-
mum score from a dice roll without using the same
die in multiple scoring combinations. The natural-
language plan lists the scoring rules and proposes
exploring non-overlapping combinations, but it
does not specify how consumed dice are tracked
across recursive choices. The available public tests
do not expose this ambiguity, so natural-language
simulation accepts the plan.

PaveDSL converts the plan into require-
ment and function nodes. The Symbolic
Verifier accepts the design because its fields,
references, and dependencies are structurally
valid. = The Agent Verifier follows the de-
pendency from generate_scoring_moves to
search_best_score and finds that the generated
scoring moves do not carry the state of consumed
dice into recursive search. The Repair Agent there-
fore makes each scoring move record the dice it
consumes and updates the search to recurse only
over the remaining dice. The repaired design is
then rechecked by both verifiers. This example
shows how the structured design makes an ambigu-
ous state transition explicit and provides localized
repair feedback before code generation.

6 Conclusion

In this paper, we present PaveDSL, a neuro-
symbolic approach to pre-code plan verification in
multi-agent code generation. PaveDSL addresses
unreliable verification of natural-language plans
by transforming them into DSL-based structured
designs that expose requirements, function respon-
sibilities, and dependency relations before code
generation. It combines deterministic and LLM-
free symbolic checks of structural properties with
LLM-based graph-guided verification of semantic
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dice values"

"idr: "R1",
“description": "Normalize the

dice roll into a count-based state

representation.",
"covered_by": ["count_faces*]

i "R,
“description”: "Define the
scoring rules for straight, three

pairs, k-of-a-kind patterns, and

single scoring dice.”,
“covered_by":
["score_full_roll_patterns™, "
score_local_patterns*]

o i e,

currently valid scoring moves
and recursively search for the
max score while preventing dice
reuse.",  "covered_by"
["gencrate_scoring_moves®,
"search_best_score"]

"id": "R4",

“description": "Return the
maximum score, or return
\"Zonk\" when no scoring
combination exists.",
“covered_by": ["format_result“]

S ————

Sub-requirements

or \"Zonk\""

"name": "score_local_patterns",
"responsibility" "Generate scoring

"name": "score_full_roll_patterns",
"responsibility": "Generate scoring
moves for full-roll patterns,

"name”; "count_faces",
“responsibility": "Convert the

raw dice list into a count-based moves for local scoring patterns,

state representation for faces including straight and three pairs.”, | | including grouped patterns and
“imple "R2"],
; input ts", R2"),
“inpu = outpu I_roll_moves",

|_scoring_moves",

"output": "counts"

["A straight must
score 1000....]  ["Three 1s score

1000.", "Asingle I scores 100...]

"name"; "score_grouped_patterns",

moves for grouped patterns, including
three/four/five/six of a kind.",

Corresponding
Functions “implements”: ["R2"],

"input": "counts",

"outpu buped_moves",
“constraints": ["Three 1s score 1000.",
"Three of any other face f...]

“name": "score_single_dice",
“responsibility": "Generate scoring
moves for single scoring dice,
especally single Is and single 5.",

“implements": ["R2"]

"name": "generate_scoring_moves",
“responsibility"; "Collect all valid
scoring moves from the current
count state by invoking the rule-
specific scoring functions.",

"name": "scarch_best_score", "name": "format_result",

" e " " "Convert the
computed best score into the
required output "
“implements”; [

: y
explore valid non-overlapping
scoring combinations and return the

didate_score_moves",
: [Check whether the
score is valid."]

"output": "best_score",
[ "A die consumed by
one scoring move cannot be ...”]

Natural L Plan
Input: dice
1. Count the occurrences of each dice face.
2. Check full-roll scoring patterns: - straight: 1,2,3,4,5,6 - three pairs
3. Check grouped scoring patterns: - three/four/five/six of a kind
4. Check remaining single scoring dice: - single ls - single 5s
5. Explore all valid non-overlapping combinations.
6. Return the maximum score, or "Zonk" if no scoring combination exists.
Output: maximum score or "Zonk"

return the numeric score."]

Figure 5: Case study of APPS 3554, comparing the natural-language plan with the structured design after verification

and repair.

consistency. Feedback from both verifiers guides
design repair before complete re-verification. Ex-
periments across five benchmarks, four plan-based
methods, and three LLLM backbones show that
PaveDSL consistently improves code generation
performance. Ablation results further show that
the gains do not arise from structured representa-
tion alone. The Symbolic Verifier, Agent Verifier,
and Repair Agent play distinct but complementary
roles in plan verification before code generation.

Limitations

Dependence on LLM-based Plan Specification.
PaveDSL relies on an LLM to transform a natural-
language plan into a DSL-based structured design.
During this transformation, the model may omit,
distort, or introduce semantic details even when the
resulting design conforms to the schema. Although
the subsequent verification process can identify
many such errors, it cannot guarantee that every
schema-compliant design preserves the intended
algorithmic logic.

Limited Coverage of Public Tests. The Agent
Verifier evaluates the behavior of a structured de-
sign by simulating it on the available public test
cases. When these tests do not cover critical inter-
actions, boundary conditions, or state transitions,
an incorrect design may remain consistent with the
observed test behavior and be accepted. Broader
test generation or executable constraints could pro-
vide stronger semantic coverage.

Fixed Schema Expressiveness. The current
PaveDSL schema uses seven fixed fields and rep-
resents plans as function-level data-flow graphs.

This representation may be less suitable for tasks
that do not decompose naturally into explicit func-
tion chains, including highly stateful simulations
and mathematical derivations. Supporting task-
adaptive schemas could extend PaveDSL to a
broader range of solution structures.
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A Implementation and Evaluation Details

A.1 Implementation Details

We implement PaveDSL in Python 3.11 and con-
duct the main experiments with GPT-5-mini (Ope-
nAl, 2025), Claude-4.5-Haiku (Anthropic, 2025),
and DeepSeek-V4-Flash (DeepSeek, 2026). We set
the sampling temperature to 0.7 during planning
and allow at most three verification-repair itera-
tions. In each iteration, the Symbolic Verifier and
Agent Verifier examine the same structured design
in parallel. If either verifier rejects the design, the
Repair Agent receives the combined feedback and
revises the identified parts. Both verifiers then ex-
amine the complete repaired design again. During
code generation, we set the temperature to 0 and

allow at most five debugging iterations. All remain-
ing hyperparameters follow the default settings of
each baseline method.

For each paired comparison, the original method
and its PaveDSL-enhanced version use the same
backbone model and receive the same problem de-
scription and public test cases. We evaluate their
generated code on the same hidden tests. These
hidden tests are not exposed during planning, ver-
ification, repair, code generation, or debugging.
Unless otherwise specified, the supplementary ex-
periments use GPT-5-mini and follow the same
generation and evaluation settings.

A.2 FPR Evaluation Protocol

Figure 1 evaluates planning-stage verification for
CodeSim and CodeSim with PaveDSL using GPT-
5-mini. For each benchmark problem, we sepa-
rately run the two methods and record whether
the planning-stage verifier accepts the final plan
or structured design. We also retain the final plan-
ning artifact passed to code generation. We then
determine the correctness of this artifact through
a post-hoc procedure that combines repeated code
generation, test execution, plan-code consistency
assessment, and manual inspection.

For a plan accepted by the planning-stage veri-
fier, we independently sample five code implemen-
tations under the same generation settings. Each
implementation is executed against the benchmark
test suite. Claude-Opus-4.6 then assesses whether
each generated implementation faithfully follows
its source plan, including whether it omits, modi-
fies, or introduces algorithmic steps. The auxiliary
model does not directly judge whether the plan
correctly solves the original problem. Instead, it
assesses whether the execution outcome can rea-
sonably be attributed to the plan rather than to a
deviation introduced during code generation.

When all five implementations are faithful to the
plan and pass the tests, we label the plan as correct.
When all five implementations are faithful to the
plan and fail the tests, we label it as incorrect. If the
five executions produce mixed outcomes or Claude-
Opus-4.6 detects a discrepancy between the plan
and any generated implementation, we manually
inspect the plan, the implementations, and their
execution results to determine whether the failure
originates from the plan or the code-generation
stage.

We also manually inspect cases in which the
planning stage reaches the maximum verification-
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repair budget without accepting the plan but the
subsequently generated code passes the tests. A
successful implementation in this setting can in-
dicate either that the verifier incorrectly rejected
a valid plan or that the code generator deviated
from or implicitly corrected the plan. We therefore
check whether the successful implementation faith-
fully follows the plan before assigning the final
correctness label.

After obtaining the post-hoc correctness labels,
we count a false positive when the planning-stage
verifier accepts a plan that is subsequently deter-
mined to be incorrect. For each method and bench-
mark, we calculate

FPR — N, accepted and incorrect . (1)

]Vincorrect

Here, Naccepted and incorrect denotes the number of
accepted plans subsequently determined to be in-
correct, while Niycomrect denotes the total number
of plans subsequently determined to be incorrect.
Across the five benchmarks, each method configu-
ration contributes 721 final planning artifacts. We
assign a post-hoc correctness label to each artifact
based on the outcomes of five independently gener-
ated implementations.

B Supplementary Experiments

B.1 Cost Analysis

Table 3: Average API calls and token usage per prob-
lem for complete workflows using GPT-5-mini. Token
counts are reported in thousands.

A xCodeEval CodeContests BigCodeBench
pproach

API Tokens API Tokens API Tokens
CodeSim 84 312 143 596 156 70.1
with PaveDSL 9.3 350 144 6l1.1 14.8 63.7
LPW 76 294 147 614 163 71.0

with PaveDSL 8.8 31.5 141 605 14.1 62.2
MaintainCoder 12.1 337 159 64.6 159 73.5
with PaveDSL 129 37.6 140 603 138 61.4
pFiX 81 308 135 542 152 66.9
with PaveDSL 9. 33.0 136 559 152 69.1

Table 3 reports the average API calls and to-
ken usage per problem for each complete work-
flow using GPT-5-mini. The measurement covers
planning, PaveDSL-based design generation and
verification when present, code generation, and de-
bugging. The Symbolic Verifier does not contribute
an API call because it is a deterministic program.
Comparing the complete workflows captures both
the added planning-stage cost and any downstream
debugging cost avoided after early verification.

On xCodeEval, PaveDSL increases API calls
and token usage for all four methods, with
CodeSim increasing from 8.4 to 9.3 API calls per
problem. This overhead reflects the additional de-
sign generation, agent verification, and repair re-
quired when the original workflow involves rela-
tively limited downstream debugging. The pattern
differs on CodeContests and BigCodeBench, where
PaveDSL reduces or preserves the measured costs
in most settings. The overall cost therefore depends
on the baseline and benchmark. From an efficiency
perspective, PaveDSL is particularly well suited to
more difficult tasks, where early plan verification
can offset the greater cost of downstream debug-

ging.

B.2 Additional Code Generation Methods
Table 4: Pass@]1 results for four additional code gen-

eration methods with and without PaveDSL on three
benchmarks using GPT-5-mini.

Approach APPS CodeContests LiveCodeBench
LDB 67.3% 66.7% 68.6%
LDB with PaveDSL 86.7% 79.4% 84.0%
MapCoder 72.0% 70.9% 70.3%
MapCoder with PaveDSL  82.0% 77.6% 77.1%
PairCoder 77.3% 69.7% 69.1%
PairCoder with PaveDSL  81.3% 77.6 % 78.9 %
CodeTree 82.0% 75.8% 80.0%
CodeTree with PaveDSL  86.7% 81.2% 86.9 %

A plan verification method should remain effec-
tive across pipelines that organize planning, strat-
egy selection, and debugging differently. We as-
sess this generality by integrating PaveDSL with
LDB (Zhong et al., 2024), MapCoder (Islam et al.,
2024), PairCoder (Zhang et al., 2024a), and Code-
Tree (Li et al., 2025). Table 4 reports their results
on APPS, CodeContests, and LiveCodeBench us-
ing GPT-5-mini. For MapCoder, PaveDSL verifies
the plan produced by the Planning Agent before the
Code Generation Agent receives it. For PairCoder,
PaveDSL verifies and repairs the plan selected
by the Navigator before the Driver implements it.
For CodeTree, PaveDSL verifies each strategy pro-
duced by the Thinker before the Solver generates
the corresponding code. Their subsequent explo-
ration, execution feedback, refinement, and candi-
date selection procedures remain unchanged.

LDB performs code-level debugging and does
not originally generate an explicit plan. Its
PaveDSL variant therefore adds a planning stage
and PaveDSL before the initial code generation
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Table 5: Pass@1 results for CodeSim and pFiX with and without PaveDSL using smaller open-weight backbone

models.

Backbone Approach APPS xCodeEval CodeContests BigCodeBench LiveCodeBench
CodeSim 74.7% 67.0% 64.2% 64.8% 65.1%

Qwen3-8B CodeSim with PaveDSL  76.7% 77.4% 70.3% 72.0% 70.3%
uFiX 72.0% 68.9% 63.6% 64.8% 64.0%
pFiX with PaveDSL 77.3% 75.5% 71.5% 71.2% 69.1%
CodeSim 62.0% 61.3% 60.0% 57.6% 60.0%

Gemma-3-12B CodeSim with PaveDSL  67.3% 72.6% 65.5% 67.2% 68.0%
uFiX 60.7% 61.3% 59.4% 54.4% 59.4%
pFiX with PaveDSL 64.0% 73.6% 64.8 % 64.0% 63.4%

while retaining the original runtime debugging pro-
cess. This comparison changes the original pipeline
more substantially than the integrations with Map-
Coder, PairCoder, and CodeTree, so we use it to
examine the complementarity of plan-level verifi-
cation and code-level debugging.

PaveDSL improves all four methods on each of
the three benchmarks. The gains for MapCoder,
PairCoder, and CodeTree show that selected candi-
date plans still benefit from verification before im-
plementation. The gains for LDB further show that
early plan verification can complement execution-
level debugging performed after code generation.

B.3 Smaller Open-Weight Models

Robustness to backbone choice helps distinguish
the contribution of PaveDSL from the capability of
the underlying model. Accordingly, we evaluate
CodeSim and pFiX with the smaller open-weight
Qwen3-8B and Gemma-3-12B models rather than
the larger backbones used in the main experiments.
Table 5 reports results across all five benchmarks.
For each backbone, the original baseline and its
PaveDSL variant use the same model and eval-
uation instances. PaveDSL improves both base-
lines in all twenty paired settings, with gains rang-
ing from 2.0 to 12.3 percentage points. Averaged
across the two baselines and five benchmarks, the
gain is 6.2 percentage points for Qwen3-8B and
7.4 percentage points for Gemma-3-12B. These re-
sults show that the improvements extend to smaller
open-weight backbones.

B.4 Extended Function-Level Benchmarks

Simple function-level tasks provide a complemen-
tary setting for evaluating PaveDSL when planning
errors are less frequent and baseline performance
is already high, while the extended suites exam-
ine the effect of broader test coverage. Specifi-
cally, we evaluate HumanEval (Chen et al., 2021),

Table 6: Pass@1 results for CodeSim and pFiX with and
without PaveDSL on standard and extended function-
level benchmarks using GPT-5-mini.

HumanEval HumanEval-ET MBPP MBPP-ET

CodeSim 100.0% 90.2% 91.9% 77.6%
CodeSim with PaveDSL 100.0% 97.0% 95.0%  80.9%

pFiX 100.0% 89.0% 92.9% 74.3%
pFiX with PaveDSL 100.0% 94.5% 93.7%  78.1%

Approach

MBPP (Austin et al., 2021), and their extended
variants. HumanEval and MBPP contain relatively
simple tasks in which each problem requires im-
plementing an individual function from a natural-
language specification. Table 6 reports results us-
ing GPT-5-mini. Both baselines already achieve
100.0% on HumanEval, which leaves no room for
further improvement. On MBPP, where the original
methods also perform strongly, PaveDSL improves
CodeSim by 3.1 percentage points and pFiX by 0.8
percentage points.

HumanEval-ET and MBPP-ET retain the same
function-level tasks but use more extensive test
suites that expose additional boundary conditions
and less common behaviors. PaveDSL improves
CodeSim by 6.8 percentage points on HumanEval-
ET and 3.3 percentage points on MBPP-ET. It im-
proves puFiX by 5.5 and 3.8 percentage points on
the same benchmarks. The larger gains on the ex-
tended suites, particularly relative to HumanEval
and for uFiX on MBPP, are consistent with explicit
constraints and data-flow relations helping the gen-
erated implementation cover behaviors omitted by
simpler tests.

B.5 Serialization Format Comparison

Separating the effect of structured verification from
that of a particular serialization syntax is neces-
sary to identify the source of the gains. We iso-
late this factor by comparing JSON, Markdown,
and YAML using GPT-5-mini with CodeSim and

41579



Table 7: Pass@1 comparison of serialization formats for CodeSim with PaveDSL using GPT-5-mini.

Format APPS xCodeEval CodeContests BigCodeBench LiveCodeBench
JSON 83.3% 83.0% 78.8% 81.6% 85.7%
Markdown  83.3% 82.1% 79.4% 81.6% 86.3%
YAML 83.3% 83.0% 79.4% 80.0% 85.7%

PaveDSL. As shown in Table 7, the experiment
changes only the serialization format. All three
variants preserve the same requirements, functions,
inputs, outputs, constraints, and dependencies and
use the same downstream verification and code gen-
eration pipeline. The maximum Pass@1 difference
within any benchmark is 1.6 percentage points,
and no format consistently outperforms the oth-
ers. These results suggest that the explicit schema
and verification process matter more to end-to-end
performance than the surface syntax used to se-
rialize the design. We retain JSON because its
restricted grammar supports deterministic parsing
and schema validation.

B.6 Performance across Difficulty Levels

CodeSim B CodeSim with PaveDSL.

7w I LPW with PaveDSL
MaintainCoder [ MaintainCoder with PaveDSL

WFiX [ FiX with PaveDSL]

0.8

Easy Medium Hard
Difficulty Level

Figure 6: Pass@]1 for four baselines with and with-
out PaveDSL across easy, medium, and hard Live-
CodeBench problems using GPT-5-mini.

Performance across difficulty levels character-
izes how the benefit of PaveDSL changes with
problem complexity. For this analysis, we com-
pare CodeSim, LPW, MaintainCoder, and pFiX on
easy, medium, and hard LiveCodeBench problems
using GPT-5-mini. Figure 6 shows that PaveDSL
improves every baseline at each difficulty level.
The largest absolute gains occur on hard problems
for CodeSim, MaintainCoder, and pFiX, whereas
LPW achieves its largest gain on easy problems.
Overall, PaveDSL improves all four baselines at
every difficulty level, with three of them achieving
their largest gains on hard problems.

B.7 Multilingual Robustness

@ PHP ®) PHP

LPW [ TLPW with PaveDSL]

Figure 7: Number of correct solutions on xCodeEval
across eight target languages for LPW in panel (a) and
CodeSim in panel (b), with and without PaveDSL using
GPT-5-mini.

Cross-language performance provides evidence
about whether the structured verification process
is tied to a particular target language. We evaluate
this transfer on xCodeEval using GPT-5-mini. The
experiment covers PHP, Go, Python, C#, C++, C,
Ruby, and Rust and compares LPW and CodeSim
with their PaveDSL-enhanced variants under the
same language-specific evaluation settings.

Figure 7 shows that PaveDSL increases the num-
ber of correct solutions for both LPW and CodeSim
in each of the eight evaluated languages. The con-
sistent gains across both pipelines and all eight eval-
uated languages support the use of a common struc-
tured verification interface in multilingual code gen-
eration.

C Prompt Templates

This section presents the prompt templates for the
three LLM-based components in PaveDSL. The
Design Agent converts a natural-language plan into
a structured design under the PaveDSL schema.
The Agent Verifier performs graph-guided seman-
tic checking and public-test simulation over the
design. The Repair Agent uses localized feedback
from both verifiers to revise the identified parts of
the design.
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Design Agent Prompt

You are the Design Agent.

Your task is to convert a natural-language plan into a structured design under the PaveDSL
schema. Preserve the algorithmic logic of the plan while making the task goal, functional
requirements, function nodes, data interfaces, constraints, and dependencies explicit.

Input:
Problem description: {problem_description}

Natural-language plan: {natural_language_plan}
PaveDSL schema: {pavedsl_schema}
Generate a JSON design with exactly the following seven top-level fields:

- Task: Describes the overall problem goal and contextual information, providing the high-
level objective of the structured design.

- Requirements: Decomposes the task into functional requirements that specify what
capabilities the solution should provide and what behaviors it should satisfy.

- Functions: Defines function nodes that implement the decomposed requirements, with each node

responsible for a specific part of the solution logic.

- Inputs: Specifies the data consumed by each function node, including external inputs from
the task and intermediate values from previous nodes.

- Outputs: Specifies the data produced by each function node, including intermediate results
passed to later nodes and final answers returned by the solution.

- Constraints: Records lightweight semantic conditions, assumptions, boundary cases, and task-
specific restrictions used during verification.

- Dependencies: Defines directed data-flow relations among function nodes, showing how
produced outputs are passed as required inputs to later functions.

Generation requirements:

1. The design must be consistent with both the problem description and the given natural-
language plan.

2. Use exactly the seven top-level fields defined by the schema and do not introduce
unsupported solution logic.

3. Give every requirement a unique identifier and cover it with at least one function through
covered_by.

4. Give every function a unique name and associate it with at least one requirement through
implements.

5. Specify the inputs and outputs of every function and distinguish task data, intermediate
data, and final outputs.

6. Record task-specific semantic conditions and boundary cases in Constraints.

7. Every dependency must connect existing functions and name data produced by the source and
consumed by the target.

8. The dependency graph should provide a valid data-flow path from task inputs to final
outputs without cycles.

9. Return valid JSON only. Do not include explanations outside the JSON.

Return format:

{
"Task": "...",
"Requirements”: [
"id": "R1",
"description”: " "
"covered_by": ["function_name"]
3
:ly
"Functions”: [
{
"name”: "function_name"”,
"description”: "...",
"responsibility”: "...",
"implements”": ["R1"],
"inputs”": ["..."],
"outputs”: ["..."]
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3

] ’
"Inputs”: {
"task_inputs”: ["..."],
"intermediate_inputs”: {
"function_name”: ["..."]
3
} ’
"Outputs”: {
"final_outputs”: ["..."],
"intermediate_outputs”: {
"function_name”: ["..."]
3
3,
"Constraints”: [
{
"target”: "function_name or global”,
"description”: " "
}
:l ’
"Dependencies”: [
{
"from”: "source_function”,
"to": "target_function”,
"data": "transferred_output”
}
]
}
Agent Verifier Prompt

You are the Agent Verifier.

Your task is to assess the semantic consistency of a structured design before code generation.
Use the function nodes and Dependencies field in the design to perform graph-guided
checking and public-test simulation. This assessment does not constitute a formal proof
of correctness.

Input:
Problem description: {problem_description}

Public test cases: {public_test_cases}
Structured design in JSON format: {structured_design}

Verification goals:

1. Check whether each function is suitable for its assigned requirements and constraints.
2. Check input and output consistency.

3. Simulate the behavior of the design on public test cases along the dependency graph.

Verification instructions:

First, check function responsibilities.

For each function node, examine whether its responsibility is clear and whether its described
behavior is suitable for the requirements and constraints assigned to it. Check the
behavior against the problem description without introducing assumptions that are absent
from the task.

Second, check input and output consistency.

For each relation in Dependencies, check whether the output of the source function provides
the input required by the target function. Check whether the name, meaning, and type of
the transferred data remain consistent across the connected nodes.

Third, perform graph-guided test-case simulation.

For each public test case, derive an execution order from Dependencies. Simulate how each
function processes its inputs, produces intermediate outputs, and passes those outputs to
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later functions. Compare the final result with the expected output. If a mismatch occurs,
use the simulation trace to identify the responsible requirement, function, input,
output, constraint, or dependency.

Important notes:

1. Do not rewrite the design.

2. Do not generate code.

3. Use only the public test cases provided in the input and do not assume access to hidden
tests.

4. Do not claim formal correctness or perform formal theorem proving.

5. Mark the design as passed only if the function, interface, constraint, dependency, and
public-test checks reveal no semantic inconsistency.

6. If the design fails, localize each issue and provide evidence that the Repair Agent can use

directly.
Return format for a failed design:
{
"passed”: false,
"feedback": [
{
"location_type"”: "function”,
"location”: "function_name”,
"issue": "localized semantic inconsistency”,
"evidence”: "reasoning or failed simulation step”,
"suggested_repair”: "targeted correction”
}
:ly
"simulation_traces”: [
{
"test_case”: "public test identifier”,
"status”": "fail”,
"failed_location”: "function_name”,
"summary”: "concise trace summary"”
3
]
}

Return valid JSON only. Use an empty feedback list when the design passes.

Repair Agent Prompt

You are the Repair Agent.

Your task is to repair a structured design using the localized feedback produced by the
Symbolic Verifier and the Agent Verifier. The feedback identifies structural or semantic
problems in requirements, function nodes, data interfaces, constraints, or dependencies.
Perform targeted local repair rather than rewriting the complete design from scratch.

Input:
Problem description: {problem_description}

Current structured design in JSON format: {current_structured_design}

PaveDSL schema: {pavedsl_schema}

Localized feedback from the Symbolic Verifier: {symbolic_feedback}

Localized feedback from the Agent Verifier: {agent_feedback}

Repair principles:

1. Inspect both feedback sources and address every reported issue.

2. Modify only the problematic requirement, function, input, output, constraint, or dependency
identified by the feedback.

3. Preserve all unaffected content unless a direct consistency update is required.

4. If a repair changes a function interface or dependency, update the directly connected
fields and nodes to maintain consistent data flow.
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5. Preserve the covered_by and implements links between requirements and functions.

6. The repaired design must follow the supplied schema and retain exactly its seven top-level
fields.

7. Do not generate code or claim that the repaired design has passed verification.

Repair instructions:

First, read the two feedback lists.

Use each reported location as a repair target. A location may refer to a requirement, function
node, data interface, constraint, dependency relation, or intermediate result in a
simulation trace.

Second, perform local repair.

Revise only the fields that are necessary to fix the reported issue. For example:

- If the feedback indicates that a requirement is not covered, add or adjust the related
function coverage.

- If the feedback indicates that a function behavior is incomplete, refine its responsibility
or logic description.

- If the feedback indicates that an input-output relation is inconsistent, adjust the data
interface.

- If the feedback indicates that a dependency creates a cycle, modify the dependency relation
to recover a valid execution order.

- If the feedback indicates that a previous simulation trace failed at a specific node or
intermediate result, revise the corresponding function, constraint, or data interface
according to that feedback.

Third, check the impact of the local repair.

Determine whether the repair changes an input, output, constraint, or dependency used by
another part of the design. If so, update the directly affected nodes or fields. Do not
leave broken references, inconsistent data flow, or missing requirement-function links.

Fourth, return the complete repaired design using exactly the seven top-level fields in the

supplied PaveDSL schema. PaveDSL will send this complete design back to both verifiers.
Return valid JSON only and do not include explanations outside the JSON.
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