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Abstract

Large language model (LLM) agents are in-
creasingly deployed to tackle complex tasks,
often necessitating collaboration among multi-
ple specialized agents. However, multi-agent
collaboration introduces new challenges in
planning, coordination, and verification. Exe-
cution failures frequently arise not from flawed
reasoning alone, but from subtle misalign-
ments in task interpretation, output format, or
inter-agent handoffs. To address these chal-
lenges, we present VERIMAP!, a framework
for multi-agent collaboration with verification-
aware planning. The VERIMAP planner de-
composes tasks, models subtask dependencies,
and encodes planner-defined passing criteria as
subtask verification functions (VFs) in Python
and natural language. We evaluate VERIMAP
on diverse datasets, demonstrating that it out-
performs both single- and multi-agent base-
lines while enhancing system robustness and
interpretability. Our analysis highlights how
verification-aware planning enables reliable co-
ordination and iterative refinement in multi-
agent systems, without relying on external la-
bels or annotations.

1 Introduction

Large language model (LLM) agents are increas-
ingly deployed to solve diverse and complex tasks.
Beyond single-agent settings, multiple agents can
be orchestrated to collaborate on a shared objec-
tive (Zhu et al., 2025; Cemri et al., 2025; Li et al.,
2023), enabling workflows that combine the com-
plementary strengths of different models and tools.

For example, a reasoning-oriented agent can in-
terpret and plan around the overall goal, determine
suitable task granularity and instructions, and coor-
dinate subtasks across agents—delegating bounded
actions to lightweight executors and leveraging spe-
cialized tools for retrieval or computation. This
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modularity creates opportunities for improved effi-
ciency, interpretability, and control in Al systems,
as practitioners can configure and combine models
with tailored capabilities for planning, execution,
and verification.

A central component of multi-agent collabora-
tion is planning. Effective planning requires un-
derstanding the overall task, decomposing it into
subtasks, modeling dependencies, and assigning re-
sponsibilities to agents with different capabilities.
Often, plans are represented as directed acyclic
graphs (DAGs) (Prasad et al., 2024; Sung et al.,
2025; Erdogan et al., 2025), where the output of
one agent becomes the input to another. This struc-
ture enables scalable problem-solving but intro-
duces fragility: the workflow depends on smooth
communication and accurate handoffs.

In multi-agent systems, agents fail in diverse
ways. Verification is commonly used to monitor
performance, typically checking factual accuracy,
logical consistency, or final answer quality (Miao
et al., 2024; Hao et al., 2025; Grigorev et al., 2025).
However, failures can range from obvious to subtle:
an agent may (i) produce no result, (ii) output in
the wrong format, breaking downstream consump-
tion, or (iii) produce results that appear reasonable
but diverge from what the planner or downstream
agents expect. For example, in a document sum-
marization pipeline, a “section extractor” might
return raw text instead of structured JSON, or mis-
interpret “‘summarize key claim” as “summarize all
paragraphs”, causing downstream failures. These
latter cases show that execution failure is context-
dependent — correctness alone is insufficient if
outputs violate plan expectations. Existing verifica-
tion rarely captures such interpretation or handoff
failures (Stechly et al., 2024; Sung et al., 2025).

To address these limitations, we propose VER-
IMAP, a framework that integrates planning and
verification in a contextualized manner. The plan-

!Code available at https:/github.com/megagonlabs/veriMAP ner decomposes tasks, models dependencies, and
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specifies requirements for each agent’s output.
These requirements are encoded as verification
functions (VFs), which distill global context into
local checks, allowing verifiers to operate indepen-
dently while ensuring outputs satisfy both local and
global expectations. Analogous to good project
management, tasks are assigned with clear accep-
tance criteria, and handoffs follow well-defined
“passing standards”. With these explicit require-
ments, agents gain a precise understanding of what
is expected, can self-refine when their outputs do
not conform, and can offload global reasoning to
the planner while focusing their efforts on local-
ized subtasks. This allows smaller models to par-
ticipate effectively, avoids redundant correction of
upstream errors, and ultimately improves system
robustness.

In this paper, we make the following contribu-
tions:

* We introduce VERIM AP, a system for multi-
agent collaboration with verification-aware
planning. The planner decomposes tasks,
models dependencies, and specifies require-
ments for each agent’s output using Struc-
tured I/O and per-subtask VFs in Python and
natural language, which distill global context
into local checks. This enables agents to self-
refine, share context efficiently, focus on lo-
calized subtasks, and improve overall robust-
ness.

* We evaluate VERIMAP on five datasets
covering mathematics, coding, and ques-
tion answering. It outperforms single- and
multi-agent baselines, particularly on harder
datasets (up to 4.05% on BigCodeBench-
Hard and 9.8% on Olympiads, compared with
the next-best tool-enabled ReAct agents), and
our analysis of cost, VF characteristics, and
a case study demonstrates how verification-
aware planning improves robustness, and en-
ables iterative refinement.

2 VERIMAP

We propose VERIMAP, a multi-agent LLM sys-
tem integrating planning and verification. As il-
lustrated in Figure 1, the system consists of four
key modules: Planner, Executor, Verifier, and
Coordinator.

2.1 Verification-Aware Planner

The Verification-Aware Planner lies at the core
of VERIMAP, responsible for decomposing com-
plex tasks into executable subtasks while simulta-
neously generating Verification Functions (VFs)
for each subtask. Note that the planner generates
VFs by itself and has no access to the unit tests
provided by the benchmark, eliminating the pos-
sibility of VERIM AP “cheating” over the bench-
marks. Like conventional multi-agent planners, it
constructs a directed acyclic graph (DAG) in which
nodes represent subtasks and edges capture model
dependencies. Each node is assigned a unique iden-
tifier and contains the subtask instruction, its de-
pendency edges, and metadata that regulates both
context sharing and dependency resolution.

Planning for Information Flow In addition to
planning subtask decomposition and dependencies,
the VERIM AP planner also orchestrates message
passing across agents. To ensure a precise and
transparent flow of information, VERIMAP en-
forces: (i) Structured I/O, requiring that agent in-
puts and outputs adhere to well-defined formats,
such as JSON objects; and (ii) Named Variables,
requiring that each I/O object has a unique, consis-
tent name across all nodes in the plan. Each node
thus receives an input object consisting of (name:
value) pairs, and the plan explicitly defines the
expected outputs along with their variable names.
This guarantees that downstream agents can re-
liably reference and consume upstream outputs,
reducing execution ambiguity.

Planner-Defined Subtask Verification A sec-
ond key contribution of the planner is the gener-
ation of subtask-specific verification functions.
The planner’s structured and consistently named
I/0 provides a rigorous foundation for verification,
supporting the generation of functions aligned with
each subtask’s expected structure and semantics.
For each node, the planner specifies precise criteria
that determine whether an execution result is cor-
rect by generating verification functions (VFs) for
that subtask. This design allows a verifier to focus
on evaluating these planner-generated VFs, rather
than reasoning about the overall task or other sub-
tasks, effectively offloading much of the reasoning
burden from the verifier to the planner.

For each subtask, the VERIMAP planner gen-
erates VFs of two categories based on the task
requirements.
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Figure 1: Overview of VERIMAP. VERIMAP integrates planning and verification by decomposing tasks into
a DAG of subtasks, where the planner specifies Structured and Named I/O and Verification Functions (VFs) at
subtask-level. Executors produce JSON outputs verified by paired VFs, while the coordinator manages contexts,

retries, and replanning to ensure reliable final results.

e Python VFs. For tasks with well-defined
functional or structural requirements, the plan-
ner generates self-contained Python asser-
tions. These validate output type, format, and
correctness against specified criteria. Being
programmatic, they provide deterministic and
reproducible guarantees.

* Natural language VFs. For tasks requiring
semantic or open-ended judgments (e.g., sum-
maries, natural language answers), the plan-
ner generates instructions in natural language
to guide a verifier agent. These complement
the strictness of Python tests with broader se-
mantic coverage.

2.2 Executor

The Executor is responsible for solving its as-
signed subtask using planner-generated instruc-
tions and necessary context (output of upstream
nodes) and then produces structured outputs that
can be passed to Verifiers and downstream Execu-
tors. To limit scope and reduce reasoning complex-
ity, Executors are not exposed to the original global
task. We implement the Executor using LLMs
with general-purpose agent paradigms, such as Re-
Act-style agents (Yao et al., 2023) and tool-calling
agents, where planner-generated instructions are
provided as task prompts. The Executor is capable
of making lightweight decisions and invoking ex-
ternal tools as needed. While this work assumes
general-purpose Executors, VERIMAP can be eas-
ily extended to incorporate specialized agents (e.g.,
an information extraction agent or an NL2SQL
agent) if available. Since each Executor typically
handles a simple, well-scoped subtask, it can rely
on smaller and more cost-efficient models; in our

experiments, we use gpt-4o-mini. Additional im-
plementation details are provided in Appendix B.2.

2.3 Verifier

As discussed earlier, the plan specifies a set of
predefined verification functions (VFs) that cap-
ture the expected behavior of each subtask execu-
tor. After execution, the Verifier evaluates all VFs
against the structured output of the Executor. For
natural language VFs, it issues LLM calls with
(executor_output, VF) pairs; for Python-based
VFs, it invokes a Python interpreter. The Verifier
then aggregates the results from all VFs to make
a final decision. In this paper, we adopt a strict
logical AND strategy, where a subtask is marked
as failed if any VF fails. In practice, softer aggrega-
tion methods could weight VFs differently accord-
ing to their importance; we leave such extensions to
future work. When a VF fails, the Verifier collects
signals to guide retries: LLM-based VFs return
explanations for the failure, while Python-based
VFs provide error traces. Further implementation
details are given in Appendix B.3.

2.4 Coordinator

The Subtask Coordinator serves as the central or-
chestrator of multi-agent task execution, following
the task plan (represented as a DAG) to support
reliable and adaptive execution. Its responsibilities
focus on task sequencing, context management, ex-
ecution and verification monitoring, error handling,
and dynamic replanning.

Task Sequencing and Context Management
The coordinator first determines a topological or-
der of task nodes to respect dependencies. Before
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executing each node, it compiles a context that in-
cludes outputs from prior tasks. This ensures that
subtasks receive all necessary inputs and maintain
consistency across dependent operations.

Execution and Verification Management For
each node, the coordinator executes the task within
a controlled retry loop, invoking the executor with
proper context and invoking the verifier to check
the executor output. If the verification passes, the
coordinator proceeds to the next node in the plan
sequence. If the verification fails, the coordinator
retries the execution-verification loop up to a maxi-
mum number of attempts (defaulted to 3), updating
the context with previous execution results to guide
subsequent retries.

Error Handling and Replanning If a node fails
verification after all retries, the coordinator will
collect execution traces and trigger replanning to
generate a revised task plan. Execution restarts
from the top of the new plan. This approach adapts
to failures, prevents the propagation of errors, and
improves overall task correctness. Iteration limits
(defaulted to 5) ensure termination, either with a
successful final result or a failure report if maxi-
mum replanning cycles are exceeded. Replanning
follows the same instructions from the VERIMAP
planner, adding only minimal guidance to inspect
the execution trace and generate a new plan (details
in Appendix A.1).

The complete coordinator pseudocode (Algo-
rithm 1) and additional implementation details are
provided in Appendix B.4.

3 Evaluation

3.1 Setup

Evaluation Datasets We evaluate VERIMAP
on five datasets (full details in Appendix B.1 and
Table 5) spanning Question Answering (QA), Pro-
gramming, and Math tasks:

* MultiHopRAG (Tang and Yang, 2024), a
question-answering dataset designed to re-
quire multi-hop retrieving and reasoning to
find the correct answer;

e HumanEval (Chen et al., 2021), a human-
written programming dataset to evaluate the
functional correctness of generated code;

* BigCodeBench-Hard (Zhuo et al., 2024), a
challenging subset of BigCodeBench with
complex, real-world programming tasks;

* GSMSK (Cobbe et al., 2021), a high-quality
grade school math problems dataset;

* Olympiads (Li et al., 2024), a curated col-
lection of challenging problems from various
mathematics olympiads.

Tools We equip VERIM AP and baselines with
tools tailored to the task type: for Programming,
we provide a sandboxed environment with tools
for file operations (create, edit, delete) and for exe-
cuting bash commands, Python scripts, and pytest
tests. For Math tasks, the agent has a sandboxed
Python executor, a simple arithmetic calculator,
and a computer algebra system-enabled calculator.
For QA tasks, we provide a specialized search tool
built on Sentence Transformers, which supports
pagination and conditional filtering of articles by
attributes like title, author, category, date, source,
and content.

Baselines We first compared VERIMAP against
ReAct agents instantiated with different backbone
LLMs. Each agent was given access to the full
set of tools available in our system. The backbone
models were chosen to mirror the stronger and
weaker models used in VERIMAP’s planner and
other components (i.e., executor, verifier), respec-
tively.

For multi-agent baselines, we implemented two
variants, denoted as MAP and MAP-V.

* MAP The Multi-Agent-Planning (MAP) base-
line follows AOP? (Li et al., 2025) setup, where
multiple agents collaborate through planning
without verification. Each agent is equipped with
tool calling and ReAct-style reasoning capabili-
ties.

* MAP-V adds generic LLM verifiers to the MAP
baseline, following the setup of VeriLA (Sung
et al., 2025) and SelfCheck (Miao et al., 2024)3.
The verifier is implemented as a ReAct agent
with access to all available tools. This allows it
to make independent decisions about which tools
to invoke when verifying subtask outputs, given
the corresponding instruction and context. This
baseline can be viewed as a simplified variant of

*Unlike AOP, functionalities such as math, search, and
code are abstracted as tools that executors can flexibly invoke,
rather than being modeled as independent agents directly
addressed in the plan.

3Note that SelfCheck performs step-wise verification of
chain-of-thought reasoning, which is comparable but not iden-
tical to verifying subtasks through a separate agent.
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Method RAG Programming Math
MultiHopRAG  HumanEval BigCodeBench-Hard GSMS8K  Olympiads

ReAct (gpt-40-mini) 61.20% 81.10% 27.03% 90.00% 25.00%
ReAct (gpt-4.1) 68.40% 90.24% 36.49% 91.80% 40.80%
MAP 67.00% 78.88% 28.38% 57.20% 21.40%
MAP-V 77.60% 88.96% 28.38% 87.00% 29.00%
VERIMAP (ours) 78.20% 93.92% 40.54% 93.60 % 41.20%
MAP-V-1it 73.20% 86.50% 28.38% 82.00% 23.60%
VERIMAP-1it 75.40% 91.22% 31.08% 89.20% 32.00%

Table 1: Accuracy of single- and multi-agent baselines, VERIM AP, and their variants. -1it denotes ablation
variants limited to a single iteration without replanning. All multi-agent systems use gpt-4.1 as the planner and
gpt-4o0-mini as the executor. The best results are shown in bold.

VERIMAP, generating a single NL-based verifi-
cation function that treats the subtask instruction
itself as the verification criterion.

More details can be found in Appendix B.5.

Evaluation Metrics Across all datasets, we re-
port the outcome accuracy as our primary eval-
uation metric. For the math and QA tasks, we
determine the correctness of a generation using
a heuristic-based criterion. For the programming
tasks, a solution is considered correct if it passes
all the accompanying test cases on the first attempt
(pass@1).

Implementation Details For the underlying
LLMs, we utilize gpt-4.1 for the planner and
gpt-4o0-mini for the executor, unless otherwise
specified. The temperature is set to 1.0 and top_p
is 1.0. Additional implementation details are pro-
vided in Appendix B.

3.2 Results

Table 1 reports accuracy across five benchmarks,
showing that VERIM AP consistently achieves the
best performance on all tasks.

Comparison with single-agent methods VER-
IMAP outperforms the strong tool-enabled Re-
Act agent (backed by the same reasoning model
gpt-4.1) by a significant margin of +9.8% on
MultiHopRAG and +4.05% on the challenging
BigCodeBench-Hard benchmark, demonstrating
the effectiveness of planning and verification in
complex reasoning tasks.

Comparing with multi-agent systems When
multi-agent coordination is ineffective, single-
agent solutions powered by strong models can out-
perform them (ReAct with gpt-4.1 outperforms

MAP on all five datasets and beats MAP-V on
four). In contrast, VERIM AP effectively leverages
planner-generated VFs to enhance performance,
achieving notable gains of +12.2% on Olympiads
and +12.16% on BigCodeBench-Hard.

Effect of replanning To investigate the impact
of replanning and the role of VFs in enhancing
replanning quality, we report single-iteration vari-
ants (VERIMAP-1it and MAP-V-1it) that do not
perform replanning at the bottom of Table 1. As
expected, replanning has a clearly positive effect.
However, even without replanning, VERIM AP-1it
outperforms the MAP-V baseline with replanning
on most benchmarks as well as the ReAct base-
line with gpt-40-mini. More importantly, when
replanning is applied, VERIM AP achieves substan-
tial gains of +9.46% on BigCodeBench-Hard and
+9.2% on Olympiads benchmarks, whereas replan-
ning provides limited benefit for MAP-V (0% and
+5.39%, respectively). These results indicate that
planner-generated VFs capture more informative
runtime signals, which significantly enhance per-
formance during the replanning phase. Additional
statistics on the average number of iterations are
provided in Appendix D.2.

Results on other LLMs Additionally, we experi-
ment with 03 and claude-sonnet-4 as planners to
assess the generality of VERIMAP (Table 2). Over-
all, the results further validate the effectiveness
of the verification-aware planning design: VER-
IMAP with a reasoning-oriented planner achieves
the strongest performance on three datasets. No-
tably, on the challenging Olympiads benchmark,
VERIMAP attains substantial improvements of
+9.8% over ReAct with 03 and +34.2% over Re-
Act with claude-sonnet-4. At the same time,
the analysis reveals that different models excel
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Method RAG

Programming Math

MultiHopRAG  HumanEval

BigCodeBench-Hard GSMS8K  Olympiads

Single-agent baselines

ReAct (03) 31.80% 95.45% 39.19% 95.60% 58.60%
ReAct (claude-sonnet-4) 84.40% 95.68 % 27.84% 61.40% 34.20%
03 as planner

MAP 52.00% 88.41% 24.32% 57.80% 47.80%
MAP-V 65.80% 87.80% 28.38% 89.60% 56.90%
VERIMAP 55.80% 89.04% 40.54% 95.60 % 68.40%
claude-sonnet-4 as planner

MAP 74.20% 84.00% 20.27% 50.40% 26.05%
MAP-V 79.00% 86.40% 22.22% 84.60% 38.07%
VERIMAP 64.60% 87.60% 32.39% 95.60 % 47.69%

Table 2: Accuracy of single- and multi-agent baselines and VERIMAP on other LLMs. All multi-agent systems
use gpt-4o0-mini as the executor unless otherwise stated. The best results are shown in bold.

in different domains. For instance, ReAct with
03 performs poorly on MultiHopRAG (31.8%),
whereas claude-sonnet-4 achieves markedly
higher accuracy (84.4%), yet 03 outperforms
claude-sonnet-4 on math-related tasks. This
discrepancy likely stems from model specializa-
tion: claude-sonnet-4 is optimized for tool-use
behaviors such as retrieval, core to question an-
swering in MultiHopRAG, while 03 demonstrates
stronger formal reasoning capabilities essential
for mathematical problem-solving. Furthermore,
when a model already performs exceptionally well
on datasets like MultiHopRAG or HumanEval (po-
tentially due to training exposure), generating high-
quality plans may become more difficult than di-
rectly solving the problem, as evidenced by the ob-
served performance drops of multi-agent solutions
on these tasks. We also observe that ReAct with
claude-sonnet-4 yields lower-than-expected per-
formance on GSM8K. Manual inspection suggests
this stems from prompt—model mismatch and frag-
ile formatting assumptions inherited from GPT-
4.1-tuned templates, rather than intrinsic limita-
tions of Claude’s mathematical abilities. Impor-
tantly, VERIMAP mitigates these issues: with
claude-sonnet-4, it attains 95.6% on GSMS8K,
indicating that verification-aware planning can still
effectively harness the backbone even when the
corresponding ReAct pipeline struggles. Also, Sec-
tion D.1 describes experiments on gpt-oss-120b,
an open-source LLM.

Cost Analysis Figure 2 reports the average LLM
API cost per task across benchmarks and methods,
using gpt-4.1 as the planner (Full calculation de-
tails in Appendix B.6). Compared to the single-

agent (ReAct) baseline, VERIMAP generally in-
curs higher costs due to the added verification and
retry mechanisms. However, since most of the
reasoning is handled by the planner, VERIMAP
can delegate execution to less costly models, par-
tially offsetting the overhead. Despite a modest
increase in cost (on the order of $0.001), these
additional computations directly enable the perfor-
mance gains reported in Table 1.

We further observe that the cost gap between
VERIMAP and the next-best performing method,
MAP-V, depends on task complexity. For simpler
tasks such as GSM8K, which likely overlap with
model pre-training data or require limited reason-
ing, models can solve them efficiently, resulting in
a larger cost gap where VERIMAP ’s additional
verification offers limited utility. Conversely, for
harder benchmarks like Olympiads, where models
cannot easily derive efficient solutions, the cost gap
narrows as VERIMAP ’s verification and replan-
ning become essential for achieving correct results.
This balance between cost and utility highlights the
importance of selecting systems according to task
difficulty and performance needs. Further analysis
about cost breakdown is in Appendix D.3.

3.3 Verification Function Analysis

VF statistics Table 3 presents the distribution
and characteristics of planner-generated VFs from
VERIMAP. The planner adapts the VF type to the
task domain: for programming benchmarks such as
BigCodeBench-Hard, it predominantly produces
Python VFs, averaging 14.15 executable checks
per task, whereas for text-based tasks like MultiHo-
PRAG, it primarily relies on LLM-based VFs (7.36
per task) to assess semantic correctness. The plan-
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Figure 2: Total API cost (planner, executor, verifier) across five benchmarks. The y-axis indicates average per-task
cost in USD, using gpt-4.1 as the planner and gpt-4o0-mini as the executor and verifier (when applicable).

Dataset

Average Number

Average Length

Python VF NL VF Python VF NL VF
MultiHopRAG 0.25 7.36 159.7 190.0
HumanEval 8.71 1.75 283.8 161.3
BigCodeBench-Hard 14.15 241 381.6 174.3
GSM8K 6.39 1.46 139.8 156.5
Olympiads 10.96 5.07 243.8 165.0

Table 3: Verification function profiling across datasets.
Average Number refers to the average number of VF
calls per task. Length is in characters.

Method VERIMAP MAP-V

FP FN FP FN
MultiHopRAG 21.24% 481% 18.80% 14.20%
HumanEval 2.14% 18.57% 13.51%  0.68%
BigCodeBench-Hard  22.97% 21.62% 71.62%  0.00%
GSMBK 6.40% 0.40%  12.80% 1.80%
Olympiads 5540% 1.00%  65.40% 1.40%

Table 4: Error analysis of VERIMAP and MAP-V on
five benchmarks. FP stands for false positive, and FN
stands for false negative.

ner also varies the complexity of VFs with task dif-
ficulty, as reflected in the average VF length, 139.8
for GSMS8K compared to 381.6 for BigCodeBench-
Hard. These patterns suggest that the planner ad-
justs both the form and complexity of verification
according to the nature of the task.

Error Analysis of Verification Functions Ide-
ally, verification functions should neither incor-
rectly mark failed executions as passing (false posi-
tives) nor incorrectly flag correct executions as fail-
ing (false negatives). Table 4 reports the frequency
of false positives and false negatives for generic
verifications from MAP-V and planner-generated
verifications from VERIMAP. MAP-V verifica-
tions tend to have low false negative rates due to
their flexibility, but this same flexibility often leads
to high false positive rates, indicating that the func-
tions can be “too loose.” In contrast, VERIMAP

generally exhibits lower false positive rates®*, re-
flecting a more structured and comprehensive veri-
fication strategy. However, this occasionally comes
at the cost of higher false negatives, particularly
in HumanEval and BigCodeBench-Hard, where
the approach can be “overly conservative.” Overall,
even without external signals, VERIMAP is able
to generate VFs that more effectively monitor the
execution of multi-agent systems.

3.4 Case study (Example from Olympiads)
Example Task

Given that (1+a)z* 4+ 2% —(3a+2)2% —4a =

0, does there exist a xy € R that there is never
a solution for any a € R?

Comparison between MAP-V and VERIMAP
solutions are shown in Figure 3. Both reached a rea-
sonable plan and arrived at a seemingly correct exe-
cution at step 2, identifying that a = —%,
and that the denominator must be zero for a to have
no solution, yielding z = 4+-2. However, (z + 2) is
a common factor of both the numerator and denom-
inator. When x = —2, the equation always holds
regardless of the value of a. Thus, —2 should not
be a valid answer.

With the generic natural language—based verifi-
cation using only the context from step 2, MAP-V
failed to verify the answer against either the nu-
merator and the full expression, leading to a false
positive verification result. In contrast, in VER-
IMAP, even though the executor made the same
initial mistake, Step 3 included (i) necessary con-
text from Step 1 (see the connecting edge) and (ii)
a structured Python-based verification that checks
for free_symbols. This allowed VERIMAP to
correctly capture the error, provide feedback to the

*Except for MultiHopRAG, where most VFs are NL-based
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1 B for x@ in cands:

Step 3: Check the results and formulate final answer

Step 3: Check the results and formulate final answer

expr = sp.simplify(f.subs(x, x@))

if (a in expr.free_symbols) or
(sp.simplify(expr) == 0):

Executor: {-2, 2} according Verif_ier: Failed python VF,
to previous agent X = -2 is always a root,

reason = (
f"{xe

root"

ee_symbols
@ identically

regardless of a.

solution for a. denominator. — Retry with feedback

Executor: Final Answer is Verifier: The results pass
{-2, 2} leading to a zero since the answers -2 and 2
denominator, thus never a will cause zero

[ Answer: -2,2 ¥ ] [

bad.append(reason)
assert not bad, "\n".join(bad)

(a) MAP-V

(always
: Answer is {2} }—»T Verlfl\slslr::S g:z;m\;h all } {

Answer: 2 J

(b) VeriMAP

Figure 3: Comparison of planning and execution—verification traces between MAP-V and VERIMAP. At step 3,
the MAP-V verifier failed to detect the incorrect answer —2 (marked with a thumbs-down), whereas VERIMAP,
guided by the planner-generated VF, successfully identified the error and used the feedback to guide the executor to

the correct answer in the next attempt.

executor, and ultimately converge on the correct
solution.

This comparison highlights the effectiveness of
planner-generated verifications in capturing nu-
anced and complex errors. Moreover, the sub-
tle but necessary structural differences in the plan
demonstrate how enforcing verification generation,
in turn, improves overall plan quality.

4 Related Work

Planning with Language Models Planning has
become a central focus in enabling LLMs to per-
form complex reasoning tasks, usually by decom-
posing them into intermediate and actionable steps.
Yao et al. (2023) introduced ReAct, which in-
terleaves reasoning and action to improve trans-
parency and adaptability, though it remains limited
on more complex tasks. ADaPT (Prasad et al.,
2024) extends this idea by adaptively deciding
the level of decomposition, enabling more flexible
planning across different task types. Recent work
emphasizes more structured frameworks, such as
Plan-and-Act (Erdogan et al., 2025) which pro-
poses a two-stage system with fine-tuned planners
and executors, while Kim et al. (2024) use retrieval-
augmented decomposition and trajectory exem-
plars. ExploraCoder (Wang et al., 2025) distin-
guishes reactive, preactive, and exploratory strate-
gies, showing exploratory hybrids to be more ro-
bust with unseen APIs in program synthesis. These
systems highlight the promise of single-agent plan-
ning but also expose their susceptibility to com-
pounding reasoning errors.

Multi-Agent Systems Unlike single-agent plan-
ning, multi-agent systems (MAS) distribute respon-
sibilities across collaborating or competing agents,
enabling specialization but introducing new chal-
lenges in coordination. Benchmarks such as Multi-
AgentBench (Zhu et al., 2025) provide systematic
evaluations of communication topologies and coor-
dination protocols, showing how explicit planning
can improve collective outcomes. Architectures
such as MALMM (Singh et al., 2024) introduce
hierarchical roles with supervisory agents to bal-
ance efficiency and adaptability. RopMura (Wu
et al., 2025) employs a router to dynamically se-
lect agents and planners to solve a query, enabling
accurate and efficient question answering. Despite
these advances, failures remain common. Cemri
et al. (2025) analyze why multi-agent LLM sys-
tems often underperform, pointing to unstable com-
munication, misaligned objectives, and cascading
coordination errors. These findings highlight that
while MAS can mitigate single-agent limitations
through distributed reasoning, they also introduce
new challenges that demand stronger mechanisms
for coordination, alignment, and reliability.

Verification Verification has emerged as a com-
plementary component to planning. LL.M-based
evaluators include AutoCalibrate (Liu et al., 2024),
which aligns evaluators to human labels, and Evo-
Prompt (Guo et al., 2024), which evolves prompts
to improve evaluator reliability. Stechly et al.
(2024) further show that LLMs struggle with re-
liable self-verification in reasoning and planning
tasks, underscoring broader concerns about the sta-
bility of LLM evaluators (Shankar et al., 2024).
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In collaborative settings, planners may generate
verifier agents (Suzgun and Kalai, 2024), or frame-
works may define verification steps automatically
(Hao et al., 2025; Grigoreyv et al., 2025). Formal
approaches such as AdaPlanner (Sun et al., 2023)
introduce symbolic verification, offering guaran-
tees at the cost of flexibility. Recent work such
as VeriLA (Sung et al., 2025) emphasizes human-
centered evaluation for interpretable verification
of agent failures, highlighting how interpretability
and reliability remain open challenges. Together,
these studies suggest verification is essential but of-
ten treated as an external module, raising questions
about tighter integration with planning processes.
Gu et al. (Gu et al., 2025) explore iterative veri-
fication in a code-centric setting, using program
analysis to drive LLM-based unit test generation.
In contrast, VERIMAP completes verification in a
more generic setting spanning multiple tasks. Thus,
while conceptually related, the methods and con-
tributions differ substantially. A non-exhaustive
comparison of existing systems with VERIMAP is
shown in Table 6.

5 Conclusion

We introduced VERIMAP, a framework for multi-
agent collaboration with verification-aware plan-
ning. Planner-generated verification functions
monitor and guide agent execution, enabling re-
liable coordination and self-refinement. Experi-
ments show that VERIM AP improves robustness,
interpretability, and performance across diverse
complex tasks.

Limitations

While VERIMAP demonstrates consistent im-
provements across diverse benchmarks, it is not
without limitations.

Replanning In the current VERIMAP, when a
node fails verification after all retries, the coordi-
nator collects all execution traces and augments
the original planning prompt with this history to
generate a revised plan. The iterative refinement is
essential to VERIMAP as shown in its comparison
with VERIM AP-1it. While effective, this simple
mechanism calls for further improvements. A key
question is what signals to collect from failed ex-
ecutions and how to incorporate them effectively.
Future work could move beyond appending the
full history and instead analyze specific failure sig-
nals, such as error types or patterns across retries,to

enable more targeted plan corrections, potentially
improving both efficiency and robustness.

Centralized Planning VERIMAP relies on a
centralized planner that dictates task decomposi-
tion and context sharing. This makes the system
heavily reliant on the capability of the planner
model: weaker planners may generate subopti-
mal task decompositions or verification functions,
leading to degraded performance. Although ex-
plicit and planner-driven coordination is generally
more effective for tasks with well-specified require-
ments, there exists a more decentralized, “group-
chat” style of planning where agents operate with
greater autonomy under only lightweight guidance.
This may be better suited for more creative or open-
ended tasks. We leave the exploration of such de-
centralized approaches to future work.

Resource Constraints VERIMAP currently as-
sumes reliable access to multiple large models and
external tools, which may limit its applicability in
resource-constrained settings. Future work could
focus on reducing cost through adaptive verifica-
tion strategies, improving planner robustness, and
adapting VERIMAP to resource-constrained set-
tings.

Ethical Considerations

Our work does not involve sensitive personal data
or human subjects. However, as with any system
that relies on large language models, there are po-
tential ethical risks. First, reliance on powerful
LLMs may perpetuate biases embedded in training
data, and our framework does not explicitly miti-
gate such biases. Second, the verification process,
while designed to improve robustness, could inad-
vertently reinforce flawed reasoning if verification
functions are poorly specified. Third, multi-agent
coordination introduces additional complexity for
transparency: while agents can correct each other,
the planning and verification chain may reduce
interpretability for end users. Finally, increased
computational demand raises sustainability con-
cerns due to energy consumption. We encourage
future work to investigate bias-aware verification
functions, develop more interpretable coordination
mechanisms, and design energy-efficient verifica-
tion strategies.

Disclosures on AI Usage The authors confirm
that the majority of the text in this paper was writ-
ten by the authors themselves. We used GPT-5 to
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assist with brainstorming ideas, editing for clarity,
and improving language fluency, and Copilot to
assist with coding. Any content generated by Al
tools has been reviewed and edited by the authors,
and we take full responsibility for the final content
of the paper.
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A Prompts

A.1 VERIMAP Planner Prompts

Figure 4 and Figure 5 provides the detailed
prompt used for the VERIMAP planner, where
{available_tools} is a placeholder for the list
of tools the executors and verifiers can use,
{task_instruction} is the specific user task to be
solved, and {demo_example} is an optional few-
shot task-specific demonstration of a VERIM AP-
generated plan.

Figure 6 provides the replanning prompt inserted
into the planning prompt when the initial plan fails,
where {previous_dag_str} is the JSON represen-
tation of the previous failed DAG-based plan, and
{failed_context} is the traceback of the input/output
of the failed node and two generations of ancestors
of the failed node in the failed execution.

A.2 VERIMAP Executor Prompts

Figure 7 and Figure 8 provide the prompts used
for the VERIM AP executor. It includes two parts:
the system prompt that sets up the agent’s behav-
ior (Figure 7) and the task prompt (Figure 8) that
provides specific instructions for each subtask. In
the system prompt, {tool_desc} is a placeholder
for the list of tools the agent can use.

In the task prompt, {subtask} is the name of the
subtask to be executed, {instruction} is the detailed
instruction for the subtask provided by the planner,
and {contexts} are the relevant contexts provided
by the planner in the structured input format.

A.3 VERIMAP Verifier Prompts

Figure 9 provides the prompt used for the VER-
IMAP verifier for LLM-based verifications, where
{agent_input} is the original task input, {ver-
ify_prompt} is the verification requirement pro-
vided by the planner, and {agent_output} is the
structured output produced by the executor.

B Implementation Details

B.1 Dataset Details

A detailed description of the datasets used in our
experiments is provided in Table 5. Due to the lim-
ited computation budget and to balance the dataset
sizes, for all datasets, we choose at most 500 ran-
dom samples as the training set and at most 500
random samples as the test set. For datasets with
fewer than 500 samples, we use half of the samples
as the training set and the other half as the test set.

7538


https://arxiv.org/abs/2411.17636
https://arxiv.org/abs/2411.17636
https://arxiv.org/abs/2411.17636
https://arxiv.org/abs/2402.08115
https://arxiv.org/abs/2402.08115
https://arxiv.org/abs/2402.08115
https://arxiv.org/abs/2305.16653
https://arxiv.org/abs/2305.16653
https://arxiv.org/abs/2503.12651
https://arxiv.org/abs/2503.12651
https://arxiv.org/abs/2401.12954
https://arxiv.org/abs/2401.12954
https://arxiv.org/abs/2401.12954
https://arxiv.org/abs/2401.15391
https://arxiv.org/abs/2401.15391
https://arxiv.org/abs/2401.15391
https://doi.org/10.18653/v1/2025.acl-long.887
https://doi.org/10.18653/v1/2025.acl-long.887
https://doi.org/10.18653/v1/2025.acl-long.887
https://arxiv.org/abs/2501.07813
https://arxiv.org/abs/2501.07813
https://arxiv.org/abs/2501.07813
https://doi.org/10.18653/v1/2025.acl-long.421
https://doi.org/10.18653/v1/2025.acl-long.421
https://arxiv.org/abs/2406.15877
https://arxiv.org/abs/2406.15877

Prompt for VERIMAP planner (Part I: Objective and Structure)

Objective

Each subtask should:
* Be represented as a node in a dependency graph.

« Contain a high-level name.

« Focus on goal, required inputs, and expected outputs.
« Be self-contained and executable by another agent.
¢ Choose granularity carefully.

Structure
Represent the plan as a Directed Acyclic Graph (DAG) where:
Each node includes:

* id

* name

* instruction
* input

* output

* verification

Each edge represents a dependency between nodes.
Task Instructions
{task_instruction} {demo_example}

You are a planner responsible for generating high-level action plans to solve arbitrary tasks.

Decompose the input task into smaller, manageable subtasks that can be executed by agents capable of calling external tools. Tools available are {available_tools}

« Include a detailed, executable instruction specifying how to use dependency context.

. J
Figure 4: Prompt for VERIM AP Planner (Part I).
Dataset Description # Training  # Test
MultiHopRAG* Multi-hop QA over a news knowledge base (Tang and Yang, 2024) 500 500
HumanEval Python function synthesis from docstrings; evaluated by unit tests (Chen 164 164
et al., 2021)
. Execution-based code generation with diverse library calls and complex

BigCodeBench-Hard instructions; evaluated by unit tests (Zhuo et al., 2024) 74 74
GSMS8K* grgldeé%czhlo)ol math word problems requiring multi-step reasoning (Cobbe 500 500
Olympiads* Competition math problems with standardized chain-of-thought solutions (Li 500 500

et al., 2024)

Table 5: Dataset statistics. * represents samples of the original datasets.

The training set is only used for few-shot learning
and Training-based VERIM AP, while the test set
is used for evaluation. Note that the main results
of VERIMAP is not affected by the training- and
test-set division, since the basic VERIMAP is a
training-free framework.

Across the five datasets, MultiHopRAG, Hu-
manEval, BigCodeBench-Hard, and GSMS8K are
used as-is. The Olympiads dataset is origi-
nally from the NuminaMath-CoT benchmark (Li
et al., 2024), which contains 32,926 problems.
We filter out competition math problems with
standardized chain-of-thought solutions, result-
ing in 1,337 problems. We then randomly se-
lect 500 problems as the training set and the
other 500 problems as the test set. The full

dataset is available at https://huggingface.co/
datasets/Metaskepsis/Olympiads.

B.2 Executor Implementation Details

In our implementation, the Executor is a ReAct-
style single agent. It is provided with a ReAct sys-
tem prompt, the task name, detailed instructions,
and relevant contexts from the Coordinator. The
system prompt explicitly directs the agent to pro-
duce its final answer in a structured output format,
and the task prompt provides a detailed description
of the subtask along with a structured output guide.
The structured output guide specifies the expected
output variables, their types, and any constraints
or formats that need to be adhered to. An example
of the ReAct system prompt and task prompt is
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Prompt for VERIMAP planner (Part II: Verification and Output Format)

Verification Instruction

Each subtask must include verification functions to evaluate correctness.
Verification types:

¢ Python unit tests
* LLM-based criteria
If type == "python":
 Structural validation
* Functional validation
« Edge cases
If type == "11m":
* Provide a clear judging instruction.
Formatting Instructions

Output JSON structure:

{
"nodes”: [...],
"edges": [...]
}

¢ Do not include additional explanations.

* Do not wrap JSON in markdown.

Figure 5: Prompt for VERIM AP Planner (Part II).

Replanning Prompt for VERIM AP Planner

The previous attempt to solve this task failed. Please generate a new plan based on the following guidance and context:

Previous DAG that failed: {previous_dag_str}
Context of previous failure: {failed_context}

Generate a revised DAG plan. Ensure the new plan addresses the previous issues.

Figure 6: Replanning Prompt for VERIM AP Planner

provided in Appendix A.2.

The agent is allowed a maximum of 20 rounds
to complete a given subtask. If the agent fails to
produce a final, structured output within these 20
rounds, the execution is considered a failure, and
the process proceeds directly to the error handling
stage.

B.3 Verifier Implementation Details

In our implementation, each executor node can
be equipped with a suite of verification functions.
A subtask is deemed successfully completed only
when its output passes all associated verification
functions. If any single verifier fails, the execution
is considered a failure, and the process is escalated
to the Coordinator’s error handling stage.

The feedback mechanism is tailored to the type
of verification being performed:

1. For Python-based verification, if a program-
matic assertion fails, the system automatically
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captures and returns the complete traceback
and the specific assertion message as feed-
back. This provides precise, actionable infor-
mation for debugging and correction.

. For LLM-based verification, the verifier

LLM is set to be the same as the executor
LLM. Similarly, it is powered by a ReAct-
style agent and has access to the same set of
tools as executors. It is prompted to produce a
structured output containing a binary success/-
fail evaluation and a detailed textual feedback
given the LLM-based verification prompt and
the output from the executor. This feedback is
designed to be constructive, explicitly identi-
fying which parts of the original answer were
incorrect and providing a comprehensive so-
lution for how to amend it. Prompts used
for LLM-based verification are provided in
Appendix A.3.



System Prompt for VERIMAP Executor

You are designed to help with a variety of tasks, from answering questions to providing summaries to other types of analyses—and to prepare your outputs so
that any downstream “child” agents can pick up and continue work seamlessly.

Tools

You have access to a wide variety of tools. You are responsible for using the tools in any sequence you deem appropriate to complete the task at hand. This
may require breaking the task into subtasks and using different tools to complete each subtask.

You have access to the following tools: {tool_desc}

Coordination with Other Agents

You need to anticipate downstream needs because you are a part of a multi-agent system. Structure your output so that each child agent can identify what to
do next—e.g. by providing context summaries, data snippets, or explicit instructions.

You may also receive additional contexts from upstream agents. These contexts may include relevant information, redundant details, or noise. Use only
relevant information from the provided context; do not copy or summarize irrelevant content.

Do not repeat work already handled by upstream agents.

Output Format

Please answer in the same language as the question and use the following format:

Thought: The current language of the user is: (user's language). I need to use a tool to help me answer the question.
Action: tool name (one of tool_names) if using a tool.
Action Input: the input to the tool, in a JSON format representing the kwargs (e.g. {"input”: "hello world”, "num_beams"”: 53})

Please ALWAYS start with a Thought.

NEVER surround your response with markdown code markers. You may use code markers within your response if you need to.

Please use a valid JSON format for the Action Input. If you include the "Action:" line, then you MUST include the "Action Input:" line too, even if the tool
does not need kwargs, in that case you MUST use "Action Input: {}".

If this format is used, the tool will respond in the following format:

Observation: tool response

You should keep repeating the above format till you have enough information to answer the question without using any more tools. At that point, you MUST
respond in one of the following two formats:

Thought: I can answer without using any more tools. I'll use the user's language to answer
Answer: [your answer here (In the same language as the user's question)]

Thought: I cannot answer the question with the provided tools.
Answer: [your answer here (In the same language as the user's question)]

MAKE SURE that you include EVERYTHING needed in the answer part, as the verifier and downstream agents won’t be able to see your thinking process,
even though that might make the answer longer, that is necessary.

Current Conversation

Below is the current conversation consisting of interleaving human and assistant messages.

(. J

Figure 7: System Prompt for VERIMAP Executor

Task Prompt for VERIMAP Executor

You are working on a subtask, which is part of a complete task.
Input

Your task: {subtask}

Instructions for your subtask: {instruction}

Contexts for your subtask: {contexts}

Structure

Please first go through the Thought-Action process.
Instructions

* Do not include any additional text or explanations.
* Do not wrap the JSON output in code blocks or markdown formatting.
* Do not output again the observations. They are provided to you, don’t repeat them.

[RTTERT]

* Do not put any symbols like ", after your "Action Input:
should be a valid json.

"s

s json. The only thing after your "Action Input"

Figure 8: Task Prompt for VERIMAP Executor

B.4 Coordinator Implementation Details DAG sequentially, following a standard topo-
logical sort. Parallel execution is left for future

The Coordinator’s orchestration logic is governed
work.

by specific parameters and data handling rules to

ensure deterministic behavior. ¢ Inter-node Data Flow: When a node has mul-

* Execution Model: To simplify implementa- tiple parent nodes, the Coordinator merges their
tion, the Coordinator executes the nodes in the structured outputs into a single dictionary. It
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Prompt for VERIMAP Verifier

You are an expert evaluator charged with judging whether an agent’s response meets a given verification requirement,
based on three pieces of information: the original task input, the verification requirement, and the agent’s output.
Objective: Assess the correctness of the agent’s output against the verification requirement. Always leverage your tools to
perform independent verification of any facts, data, or claims.

Scoring Scale:

1 (Success): Output adequately satisfies the requirement.

Response Format (JSON only):
{

"success_score”: <@ or 1>,

the answer>"

}

Context Variables:
* Agent Input: {agent_input}
* Verification Requirement: {verify_prompt}
* Agent Output: {agent_output}

Guidelines:

2. success_score must be exactly O or 1.

correctness is not required.

0 (Failure): Output misses key requirements or contains serious errors, or output is wrong in format.

"reasoning”: "<1-2 sentence justification, explain IN DETAIL, SPECIFICALLY about how you will amend

1. Return only the JSON object—no extra text, markdown, or code blocks.

3. MANDATORY: Independently verify all claims using your available tools (e.g., fact-checks, data lookups, calcula-
tion scripts). Never assume the agent’s explanation is complete or correct without tool-based confirmation.

4. Focus strictly on correctness relative to the requirement; level of explanatory detail in the agent’s output beyond

Figure 9: Prompt for VERIM AP Verifier

then provides this dictionary as context to the
child node’s Executor, which can access the
required inputs by their corresponding keys.

* Final Qutput: The DAG contains one node
explicitly marked as the final output node. The
Coordinator returns only the structured output
from this specific node upon successful com-
pletion of the entire graph.

B.5 Baseline Implementation Details

Single-Agent Baselines (ReAct) These agents
utilize the ReAct framework and have access to the
same set of tools as the VERIMAP executor. Their
internal reasoning process is limited to a maximum
of 20 steps per task.

MAP Data Handling In the MAP ablation,
where structured I/0O is disabled, an executor node
is provided with the complete prompt and raw

text output from all of its parent nodes up to two
generations back. This historical context helps
compensate for the missing structured data. The
prompts given to the executor are identical to those
in the full VERIM AP system, with the exception
of clauses related to generating structured outputs
and verification criteria.

MAP-V Verifier The verifier in the MAP-V
baseline is powered by the same LLM as the ex-
ecutor. Its implementation is consistent with a
standard LLLM-based verification, where its goal
is to check for alignment between the generated
output and the specific instructions the executor
received for that subtask.

Single-Round Execution In the MAP-V-1it and
VERIMAP-1it configurations, the system com-
pletes one full pass of the DAG. If a node’s verifi-
cation fails, its output (whether incorrect or empty)
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Algorithm 1 Task Coordinator for Multi-Agent Execution with Multiple Verifiers per Node

Require: P = (V, E)

Require: {VF, |v eV}, where VF, ={VF,1,VF,2,...}

Rmax

[max

Require:
Require:

> Task plan as DAG with nodes V' and edges F
> Node-specific verification functions

> Maximum retry limit per node
> Maximum replanning iteration limit

Ensure: Result € {exec_out, failure} with execution traces

1: order < TOPOLOGICAL-SORT(P)
2: iter <0
3: while iter < I, do

> Replanning iteration counter

4 for each node v € order do
5 r+0 > Retry counter
6: repeat
7: if » = O then
8 ctx < COMPILE-CONTEXT(v)
9: else
10: ctx < COMPILE-CONTEXT (v, exec_out) > Use previous output
11: end if
12: exec_out < EXECUTE(v, ctx) > Invoke executor
13: ver_res <— VERIFY (exec_out, V) > Invoke verifier
14: if ver_res = pass then
15: break > Proceed to next node
16: else
17: r—r+1
18: end if
19: until ver_res = pass or r > Rpyx
20: if ver_res # pass then
21: traces <— COLLECT-TRACES (v, exec_out,ver_res)
22: P < REPLAN(P, traces) > Generate new plan
23: iter < iter + 1
24: goto line 1 > Start next iteration from new plan
25: end if
26: end for
27: return exec_out > Return latest execution result of last node

28: end while
29: return failure

is still passed as context to any subsequent child
nodes for the remainder of that single iteration. No
re-execution or re-planning is triggered.

B.6 Cost calculation

For gpt-40-mini as the executor, we assume the
cost per 1M tokens as $0.15 for input, $0.08 for
cached input (inputs that have been seen before),
and $0.60 for output. For gpt-4.1 as the plan-
ner, we assume the cost per 1M tokens as $2.00
for input, $0.50 for cached input, and $8.00 for
output.

C Training-based VERIMAP

To further enhance the quality of plan generation,
we fine-tuned the Verification-Aware Planner using
Direct Preference Optimization (DPO) (Rafailov
et al., 2024). DPO is a methodology for align-
ing language models with human (or, in this case,
machine-labeled) preferences. It operates on a
dataset of triplets, each containing a prompt (p),
a preferred response (y,,), and a less-preferred re-
sponse (y;). By training on these triplets, the model
learns to increase the likelihood of generating re-
sponses similar to y,, while decreasing the likeli-
hood of those similar to g;. Our process for creat-
ing this dataset and training the model is detailed
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System MAS? Verification Planner Python Structured Retry?
Entity Generated Verification? 1/0?
Verification
Module?
VERIMAP (ours) v Subtask-level v v v v
AdaPlanner (Sun et al., X Plan-level X X X v
2023) prompt-based check
MetaPrompt (Suzgun ] LMfA Model Plan & X v X X
and Kalai, 2024) single LMMeta Mol Execution level
VerifyLLM (Grigorev X Plan-level X X X X
et al., 2025)
Self-Verification X Plan-level X v X v
(Stechly et al., 2024)
Formal Verification X Plan & X v

Tools (Hao et al., 2025) Execution-level

SMT solver SMT format

Table 6: Comparison of planning and verification systems. MAS?: Multi-Agent System; Verification Entity: Granularity
of verification process; Planner Generated Verification Module?: Verification module generated by the planner; Python
Verification?: Verification implemented in Python; Structured I/0?: System uses structured input/output; Retry?: Retry
planning after verification or execution failure; v': feature supported; X: feature not supported; ?: partial/uncertain support.

below.

C.1 Data Collection

Our first step was to construct a dataset of pref-
erence pairs derived from the execution traces
of VERIMAP. We designated a portion of our
datasets to serve as a training set for this pur-
pose as in Appendix B.1. On these tasks, we
ran VERIMAP using gpt-4.1 as the Planner and
gpt-4o0-mini for both the Executor and Verifier
roles. To capture a variety of outcomes, each task
was executed three times.

From these runs, we collected all execution iter-
ations. For a given task (the prompt, p), a plan that
led to a successful, verified outcome—often after
one or more error-correction cycles—was labeled
as the preferred response (y,,). Conversely, a plan
generated within an iteration that ultimately failed
verification and led to the re-planning stage was
labeled as the less-preferred response (y;). This
process yielded a raw dataset of (p, yu,, ;) triplets.

C.2 Data Cleaning and Augmentation

The raw dataset collected in the previous step had
two primary limitations: 1) some failures may have
been caused by random executor errors rather than
genuinely poor plans, and 2) the diversity of plan-

ning errors was limited. We addressed these issues
with a two-stage process.

First, to filter for meaningful preference pairs,
each triplet was provided to gpt-4.1 to judge
whether the preferred and less-preferred plans ex-
hibited a significant, structural difference in quality.
Triplets where the plans were too similar, suggest-
ing a non-deterministic execution failure, were re-
moved from the dataset.

Second, to augment the dataset and improve its
diversity, we first categorized common planning
flaws observed in our experiments:

* Boundary condition removed/changed (e.g.,
off-by-one, empty input)

* Incorrect parameter/default value (e.g., ddof,
timeout)

* Missing or overly broad exception handling
* Data-type or casting mistake (e.g., int vs float)
* Variable naming shadow or mismatch

» Inefficient algorithm (e.g., O(n?) vs. a built-in
function)

* Deleted necessary pre/post-processing (e.g.,
dropna(), .strip())
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ReAct VERIMAP
MultiHopRAG 59.80% 71.60 %
HumanEval 93.29% 94.12%
BigCodeBench-Hard  37.84% 41.89 %
GSMS8K 95.80% 95.40%
Olympiads 64.40% 68.80%

Table 7: Accuracy of single-agent baseline and VER-
IMAP on gpt-oss-120b. All multi-agent systems use
gpt-4o0-mini as the executor unless otherwise stated.
The best results are shown in bold.

 Style/format only errors (e.g., extra header,
comment)

We then used gpt-4.1 to create new, synthetic
training samples. For each high-quality triplet, we
prompted the model to introduce one or more of
the error types above into the plan to generate a
new, even less-preferred version. This created addi-
tional, challenging negative examples for the DPO
training.

C.3 Hyperparameters and Training Details

Our initial data collection process yielded 150 high-
quality preference samples. After the cleaning
and augmentation stages, the final dataset was ex-
panded to 300 samples.

We used gpt-4.1 as the base model for fine-
tuning, which is the same model used for the Plan-
ner in our main experiments to ensure a fair com-
parison. The model was fine-tuned using the Direct
Preference Optimization implementation available
through OpenAl’s fine-tuning API. The training
was configured with the following hyperparame-
ters: a batch size of 2, a single training epoch, a
learning rate multiplier of 0.8, and a DPO beta
(B) of 0.2.

D Additional Experiment Results

D.1 Results on open-source LLMs

To further examine the applicability of open-source
LLMs on VERIMAP, we have conducted an
experiment using ReAct with gpt-oss-120b as
the single-agent baseline and VERIMAP using
gpt-o0ss-120b as the planner and gpt-40-mini
as the executor. Table 7 shows that VERIMAP is
also applicable to gpt-o0ss-120b and achieves bet-
ter performance on all datasets other than GSM8K,
which is a saturated dataset, highlighting that VER-
IMAP can also work with open-source LLMs.

Avg. Iter./Avg. Retr.

VERIMAP MAP-V
MultiHopRAG 1.48/1.57 1.60/1.78
HumanEval 1.33/1.71 1.05/1.09
BigCodeBench-Hard 1.85/2.28 1.07/1.11
GSMS8K 1.17/1.14 1.09/1.35
Olympiads 1.84/2.29 1.46/1.54

Table 8: Average iterations/retries of VERIMAP vs.
MAP-V across benchmarks.

D.2 Iteration counts

Table 8 shows the average number of iterations and
retries for VERIMAP and the MAP-V baseline.
Through more flexible and rigorous self-correction,
VERIMAP achieves superior accuracy. While on
tasks with clearer success criteria like MultiHo-
PRAG, VERIMAP demonstrates greater efficiency
with fewer iterations (1.48 vs. 1.60) and retries
(1.57 vs. 1.78). On Programming and Olympiads
tasks, VERIM AP exhibits significantly higher av-
erage iterations and retries (e.g., 1.85 iterations and
2.28 retries on BigCodeBench-Hard, vs. 1.07 and
1.11 for the MAP-V baseline). We attribute the
higher iteration counts to its effective verification
mechanism. VERIMAP’s sophisticated verifiers
successfully detect subtle flaws that the weaker
MAP-V verifier misses. The MAP-V baseline of-
ten terminates prematurely after an undetected er-
ror, leading to lower iteration counts but also poor
final accuracy. In contrast, VERIMAP correctly
identifies these failures and puts more effort in
retries and re-planning to find a correct solution.
Therefore, the higher iteration counts on difficult
problems represent the necessary cost of achieving
higher quality and robustness, directly explaining
the performance gains reported in Table 1.

D.3 Cost breakdown

Figure 10 shows the detailed cost breakdown of
different components in VERIMAP and the MAP
and MAP-V baselines across all benchmarks. A
consistent cost distribution is evident across all
methods, where the Executor is the most expensive
component, followed by the Verifier, and finally
the Planner. A core finding is that VERIMAP’s
Planner cost (the blue bar) is consistently higher
than that of the MAP-V baseline. This reflects
the additional work required from our planner to
generate not just an execution plan but also the so-
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Figure 10: Cost decomposition of different components in VERIMAP and the MAP and MAP-V baselines across
all benchmarks. The cost is broken down into the planner cost, the executor cost, and the verifier cost.

phisticated, structured verification logic. However,
this upfront investment in planning leads to signifi-
cant efficiency gains during the verification stage,
particularly on programming tasks like HumanEval
and BigCodeBench-Hard. On these benchmarks,
VERIMAP’s Verifier cost (the orange bar) is sub-
stantially lower because it generates token-efficient,
executable Python unit tests instead of relying on
lengthy, prompt-based checks. This demonstrates
that VERIMAP’s more intelligent planner directly
enables a more effective and economical verifica-
tion process.

D.4 Training-based VERIMAP

We have experimented with the training based
VERIMAP-Planner as introduced in Section C.
It has achieved accuracies of 64.77%, 93.06%,
37.68%, 93.00% and 44.85% on the Multi-
HopRAG, HumanEval, BigCodeBench-Hard,
GSMB8K, and Olympiads datasets, respec-
tively. The training-based VERIMAP-Planner
achieves the best performance on the challenging
Olympiads benchmark, with a significant +3.65%
improvement over the standard VERIMAP. This
indicates that fine-tuning the Planner to generate
more robust and verifiable plans is particularly
beneficial for extremely difficult tasks. However,
on other benchmarks, VERIMAP-DPO shows
mixed results, sometimes underperforming
compared to the original VERIM AP, suggesting
that while DPO training can enhance plan quality
in certain contexts, it may also reduce generality
in others. Further investigation is needed to fully
understand the conditions under which DPO
training provides consistent benefits.
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