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Abstract

Verifying the complex and multi-step reasoning of Large
Language Models (LLMs) is a critical challenge, as holis-
tic methods often overlook localized flaws. Step-by-step val-
idation is a promising alternative, yet existing methods are
often rigid. They struggle to adapt to diverse reasoning struc-
tures, from formal proofs to informal natural language narra-
tives. To address this adaptability gap, we propose the Graph
of Verification (GoV), a novel framework for adaptable and
multi-granular verification. GoV’s core innovation is its flex-
ible node block architecture. This mechanism allows GoV
to adaptively adjust its verification granularity—from atomic
steps for formal tasks to entire paragraphs for natural lan-
guage—to match the native structure of the reasoning pro-
cess. This flexibility allows GoV to resolve the fundamen-
tal trade-off between verification precision and robustness.
Experiments on both well-structured and loosely-structured
benchmarks demonstrate GoV’s versatility. The results show
that GoV’s adaptive approach significantly outperforms both
holistic baselines and other state-of-the-art decomposition-
based methods, establishing a new standard for training-free
reasoning verification.

Code — https://github.com/Frevor/Graph-of-Verification
Extended version — https://arxiv.org/abs/2506.12509

Introduction
Despite the remarkable progress of Large Language Mod-
els (LLMs) in complex reasoning tasks (Achiam et al. 2023;
Shao et al. 2024; Yang et al. 2024; Grattafiori et al. 2024),
verifying the fidelity of their reasoning processes remains a
fundamental challenge, especially in domains involving in-
tricate mathematics and logic. Beyond occasional computa-
tional or logical mistakes that lead to incorrect outcomes, a
more concerning issue is that LLMs frequently produce rea-
soning steps that appear plausible yet contain subtle logical
flaws, even when the final answer happens to be correct (He
et al. 2025; Luo et al. 2024). Consequently, there is a critical
need for methods that can rigorously and scalably assess the
internal validity of LLM-generated reasoning, ensuring the
dual correctness of both the process and the outcome.
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Figure 1: Both humans and GoV approach reasoning val-
idation by decomposing the process into a directed acyclic
graph. The granularity of these validation units is highly
flexible, allowing for adaptation to different tasks.

To tackle this verification challenge, we draw inspiration
from a fundamental aspect of human cognition. When faced
with a complex argument, humans instinctively decompose
it into a series of smaller, dependent steps, verifying the
logic sequentially. This process can be naturally modeled
as a directed acyclic graph (DAG) (Wavering 1989), as il-
lustrated in Figure 1. This intuitive ”divide and conquer”
strategy stands in stark contrast to the prevailing approach
in LLM verification: holistic verification, where the en-
tire reasoning process is evaluated in a single pass. Such
a monolithic approach often overwhelms the verifier LLM
with excessive cognitive load, hindering its ability to de-
tect localized flaws, a vulnerability that becomes particu-
larly pronounced as the reasoning chain lengthens and com-
plexity increases. We argue that embracing a structured,
decomposition-based approach is the indispensable path to-
ward reliable reasoning evaluation.

However, this divide-and-conquer principle reveals a
deeper, more fundamental challenge: how should one effec-
tively decompose the ubiquitous, loosely-structured reason-
ing expressed in natural language? While formal proofs can
be straightforwardly decomposed along its explicit logical
structure, the field currently lacks a unified framework capa-
ble of navigating the entire spectrum of reasoning—from the
highly structured to the highly informal. This adaptability
gap is a critical barrier to achieving truly reliable reasoning
evaluation.

To address this challenge, we propose Graph of Verifi-
cation (GoV), a novel framework designed specifically for
adaptability and multi-granular verification. The core
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innovation of GoV is its flexible node block architecture.
This mechanism allows the verification granularity to be
configured according to the native structure of the reasoning
process. For well-structured tasks, a node block can be a
single atomic statement, enabling maximum precision. In
contrast, for loosely-structured natural language narratives,
it can be a semantically coherent paragraph, ensuring
robustness. By dynamically selecting the most appropriate
granularity, GoV resolves the tension between precision
and robustness, offering a unified and effective verification
solution for diverse reasoning tasks.

Our primary contributions are as follows:
• To the best of our knowledge, we are the first to formalize

decomposed verification as a two-dimensional design
space characterized by Verification Granularity and Con-
textual Scope, offering a principled perspective for veri-
fying both well-structured and loosely-structured text.

• We propose GoV, a novel and flexible multi-granular
verification framework. Its core node block mechanism
enables the verification strategy to be adapted to the
structural characteristics of the task.

• We demonstrate the effectiveness and generality of
GoV through experiments on both well-structured and
loosely-structured tasks, showcasing its powerful ability
to solve diverse verification challenges in different
configurations.

Related Work
Reasoning in Large Language Models
Complex reasoning is a hallmark of advanced LLMs, a ca-
pability primarily validated on mathematical and scientific
reasoning benchmarks that have become the principal lit-
mus test for their power. A key advancement in this area is
Chain-of-Thought prompting (Wei et al. 2022), which elic-
its a step-by-step reasoning process from the model, signif-
icantly improving its performance on tasks requiring com-
plex planning and computation. Building on this, subsequent
research has explored more sophisticated reasoning struc-
tures, such as exploring multiple reasoning paths with Tree-
of-Thoughts (Yao et al. 2023) or modeling non-linear depen-
dencies with Graph-of-Thoughts (Besta et al. 2023). This
body of work has established a clear consensus: a structured
reasoning process is crucial for enhancing the quality of so-
lutions generated by LLMs. Our work builds upon this prin-
ciple, shifting the focus from generating structured reason-
ing to validating it.

Verification of LLM Reasoning
Although generating more elaborate reasoning processes
is beneficial, systematically verifying their correctness re-
mains a significant challenge (Hong et al. 2023; Stechly,
Valmeekam, and Kambhampati 2024; Gu et al. 2024; Zheng
et al. 2023). To address this issue, existing verification ap-
proaches can be broadly categorized as follows.

Holistic Verification and Training-Based Verifiers A
common approach is holistic verification, where an LLM
is prompted to evaluate an entire reasoning chain at once.

However, this method often falters when dealing with long
and complex reasoning chains, as it imposes a heavy cog-
nitive load on the verification model. Another paradigm
involves training-based verifiers, most notably process-
based reward models (Lightman et al. 2023; Wang et al.
2023; Zhang et al. 2025), which are fine-tuned on human-
annotated data to score or classify intermediate reasoning
steps. While effective, these models require substantial la-
beled data, are costly to train, and may struggle to keep
pace with the rapidly evolving capabilities of frontier LLMs,
necessitating expensive retraining cycles. In contrast, our
Graph-of-Verification (GoV) framework is training-free,
making it a more agile and resource-efficient solution.

Decomposition-Based Verifiers To overcome the limita-
tions of holistic evaluation, an emerging and powerful trend
is decomposition-based verification, which breaks down the
reasoning chain into smaller, more manageable units for
stepwise validation. Recent works, such as PARC (Mukher-
jee et al. 2025) and Deductive Verification (Ling et al. 2023),
have demonstrated the potential of this approach. These
methods typically aim for highly granular verification, fo-
cusing on validating atomic reasoning steps against the min-
imal necessary premises. This is achieved either through
post-hoc premise extraction or by constraining the genera-
tion process to a ”natural program” format that explicitly
declares premises.

However, the pursuit of atomic granularity and mini-
mal premises, while theoretically ideal, relies on fragile
premise extraction or declaration steps that are often un-
reliable in loosely structured natural language contexts. In
contrast, GoV is the first framework explicitly designed to
address and navigate this challenge. By introducing a multi-
granularity architecture with node blocks, GoV can adapt its
strategy—from fine-grained verification for well-structured
tasks to a more robust, coarse-grained approach for natural
language—thereby offering a more unified and practical so-
lution to reasoning verification.

Graph of Verification
In this section, we first establish the conceptual foundation
of our work by defining the design space for decomposed
verification. This framing clarifies the core trade-offs that
any such verification strategy must navigate. We then for-
mally present the Graph of Verification (GoV), a frame-
work whose components and mechanisms are specifically
designed to operate flexibly within this space. The overall
framework of GoV is illustrated in Figure 2.

The Design Space of Decomposed Verification
While the divide-and-conquer principle is central to verify-
ing complex reasoning, the critical question of how to best
decompose a reasoning chain remains underexplored. We
posit that any decomposition strategy can be characterized
within a novel two-dimensional design space: Verification
Granularity and Contextual Scope.

Dimension 1: Verification Granularity The first dimen-
sion, verification granularity, defines the scale of the reason-
ing unit being validated. This dimension spans a spectrum:
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Figure 2: The GoV Four-Stage Verification Pipeline. GoV operationalizes structured validation by first modeling reasoning as
a (1) Directed Acyclic Graph (DAG). A (2) topological sort then enforces causal consistency, ensuring premises are verified
before conclusions. Following this order, (3) sequential verification is performed by an LLM which assesses each unit based
on previously validated antecedents. The process (4) terminates at the first detected error, enabling precise fault localization
and guaranteeing the logical soundness of any fully verified reasoning chain.

• Atomic Granularity: On the fine-grained end, the rea-
soning is decomposed into the smallest possible, indivisi-
ble logical or computational units (e.g., a single arithmetic
operation ’a + b = c’). This approach offers the high-
est precision and makes error localization exact, but it im-
poses strict requirements on the structural clarity of the
reasoning process.

• Block Granularity: On the coarse-grained end, multiple
related atomic steps are aggregated into a single, seman-
tically coherent unit for verification (e.g., a full paragraph
explaining a particular stage of a solution). This approach
is more robust and adaptable to the native structure of nat-
ural language reasoning.

Dimension 2: Contextual Scope Contextual scope de-
fines how much historical information is provided as the
premise for verifying the current unit. This also exists on
a spectrum:
• Minimal Context: This approach provides only the theo-

retically necessary direct premises required to validate the
current unit. Its advantage is minimizing cognitive load
and reducing distraction, but it relies on a premise extrac-
tion process that can itself be fallible.

• Inclusive Context: This approach provides a broader set
of all previously verified information as context. It is a
safer and more robust strategy but risks introducing re-
dundant information.

The optimal configuration within this design space is NOT
universal; rather, it is contingent on the inherent structure of
the reasoning process itself. For well-structured reasoning,
such as formal proofs or programmatic calculations, a strat-
egy of Atomic Granularity and Minimal Context is often vi-

able and offers the highest precision. However, for the more
common case of loosely-structured reasoning found in nat-
ural language narratives, this strategy becomes brittle. The
difficulty in reliably performing atomic decomposition and
premise extraction necessitates a more robust approach, typ-
ically favoring Block Granularity and Inclusive Context. The
lack of a framework that can flexibly navigate these trade-
offs and adapt to this structural spectrum is a critical gap in
current research. The GoV framework, which we introduce
next, is designed precisely to fill this gap.

Reasoning with Directed Acyclic Graphs
The GoV framework is built upon the foundational principle
of modeling any reasoning process as a Directed Acyclic
Graph (DAG). We adopt this structure because its align-
ment with the directional and non-circular nature of logical
deduction provides the ideal backbone for systematic, de-
composed verification. Reasoning progresses naturally from
foundational premises to derived conclusions, a characteris-
tic effectively represented by the directed edges of a DAG.
This directionality ensures that each inference builds upon
previously established truths, thereby eliminating ambigu-
ity. Moreover, the acyclic property of the DAG guarantees
well-founded reasoning by removing circular dependencies,
thus preventing situations where the validity of a statement
relies, whether directly or indirectly, on itself.

Therefore, GoV posits that any reasoning process S can
be formally modeled as a DAG G = (V,E), where G serves
as the backbone for systematic verification. We now provide
a detailed description of the two components that constitute
the graph.
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Node The set of nodes V = {v1, v2, . . . , vn} in G com-
prises the fundamental verification units within the reason-
ing process. Each node vi ∈ V typically corresponds to a
distinct statement, such as an initial premise, an axiom, an
intermediate derived conclusion, or a final assertion. These
statements can be broadly categorized:
• Foundational Elements (Premises, Axioms, Facts):

These are the exogenous inputs or fundamental truths
forming the starting points of reasoning, often extracted
from the problem statement or established domain knowl-
edge.

• Inferred Statements (Intermediate Conclusions):
These represent new propositions derived from founda-
tional elements or previously validated inferred statements
through the application of logical rules, mathematical
operations, or other inferential steps.

• Terminal Statements (Final Conclusions, Goals):
These signify the ultimate outputs or target states the
reasoning process aims to establish.

Edge The set of directed edges E ⊆ V ×V encodes the di-
rect logical dependencies or inferential links between these
statements. An edge (vi, vj) ∈ E signifies that statement vi
serves as a direct premise or justification for the derivation or
assertion of statement vj . Consequently, the epistemic valid-
ity of vj is contingent upon the validity of vi (and potentially
other co-premises) and the soundness of the inferential step
(vi, vj) connecting them.

In summary, by modeling reasoning as a DAG, the
GoV framework ensures a transparent, structured, and
non-circular verification process, where each statement is
grounded in a traceable chain of valid inferences.

Multi-Granular Topological Units
To realize the adaptable granularity required to navigate the
design space, GoV introduces two primary types of verifi-
cation units: Atomic Nodes and Node Blocks. This multi-
granular architecture is a crucial design feature of GoV. Be-
fore detailing these units, we first establish the verification
sequence using a topological sort of the graph: for any DAG
G, there exists a vertex ordering σ : V → {1, 2, . . . , n}
such that σ(vi) < σ(vj) holds for every edge (vi, vj) ∈ E.
The derived verification sequence Cverif = (c1, c2, . . . , cn),
where σ(ck) = k, ensures each statement is verified strictly
after all its logical antecedents, thereby preventing depen-
dency violations.

With the verification order established, we now define the
units themselves:
Atomic Nodes: At the finest granularity, atomic node veri-
fication treats each vertex vk ∈ V as an independent unit.
This mode achieves maximum error localization capability
through complete stepwise decomposition.
Node Blocks: While atomic decomposition offers maxi-
mum precision, it is often brittle and impractical for loosely-
structured natural language, as argued in our design space
framework. GoV’s Node Block abstraction directly ad-
dresses this by grouping topologically consecutive nodes

into logically coherent units B = (B1, . . . , Bm):

Cverif = (c1, . . . , c|B1|︸ ︷︷ ︸
B1

, . . . , cn−|Bm|+1, . . . , cn︸ ︷︷ ︸
Bm

). (1)

This coarser granularity reduces verification invocations
to m ≤ n while enforcing two critical constraints: (i)
Topological consistency: for any Bj , BK with j < k,
maxv∈Bj

σ(v) < minv∈Bk
σ(v), preserving macro-level

dependency relationships; (ii) Semantic cohesion: each
block must correspond to complete logical units (e.g., lem-
mas in proofs or paragraphs in narratives) to prevent arbi-
trary fragmentation. Notably, when m = 1 (i.e., the entire
reasoning DAG is treated as a single verification block), the
framework degenerates to conventional monolithic verifica-
tion approaches.

This adaptable architecture of Atomic Nodes and Node
Blocks is the core mechanism that allows GoV to be flex-
ibly configured. By choosing the appropriate granularity,
users can position their verification strategy at the optimal
point within the design space described, balancing precision
against robustness to suit the specific reasoning format.

GoV Verification Mechanism
Having defined the multi-granular units of GoV, we now
detail the verification mechanism itself. The verification of
each unit (atomic node or node block) within the GoV
framework is performed by an LLM, guided by two core
principles: (i) respecting the topological order imposed by
Cverif or its block-wise partitioning B, and (ii) ensuring the
availability of all requisite premises that have been previ-
ously verified. The verification function, applied to a tar-
get unit, either a node ck or a block Bj , is defined as
Verify(·, P redprov), which determines the validity of the
unit based on the provided premises Predprov, and returns
a Boolean outcome (True or False). The implementation of
GoV involves verifying each individual node or node block,
and further extends this mechanism to support holistic rea-
soning across the entire inference process.

Verifying an Atomic Node ck The set of direct log-
ical predecessors (parents) for an atomic node ck is
Pred(ck) = {ci | (ci, ck) ∈ E}. The premises pro-
vided to the LLM, Predprov(ck), must at least include all
nodes in Pred(ck). Moreover, every node in Predprov(ck)
must have been previously verified as True and must ap-
pear before ck in the topological ordering Cverif. That is,
Predprov(ck) ⊆ {c1, . . . , ck−1} where T (ci) = True for
all ci ∈ Predprov(ck).
• If Pred(ck) = ∅ (i.e., ck is a foundational element),

its validity T (ck) is evaluated directly as T (ck) =
Verify(ck, ∅), typically by validating it against the prob-
lem statement or established knowledge.

• If Pred(ck) ̸= ∅, then ck is a derived statement. Its valid-
ity T (ck) depends both on the validity of all its immediate
predecessors and the soundness of the inference process
itself, formally expressed as:

T (ck) =
(
∀ci ∈ Pred(ck), T (ci) = True

)
∧ Verify

(
ck, P redprov(ck)

)
.

(2)
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Verifying a Node Block Bj For a node block Bj , the min-
imal set of external direct prerequisite nodes is defined as:

Predext(Bj) =
( ⋃

v∈V (Bj)

Pred(v)
)
\ V (Bj). (3)

The set of premises provided to the LLM, denoted as
Predprov(Bj), must cover all information corresponding
to Predext(Bj) and consist solely of previously verified
blocks that precede Bj in the topological ordering. In prac-
tical scenarios where node blocks correspond to natural
language paragraphs (such as in the ProcessBench experi-
ments), Predprov(Bj) typically includes the full content of
all preceding validated blocks (B1, . . . , Bj−1). The LLM
then performs Verify(Bj , P redprov(Bj)) to assess the inter-
nal coherence of Bj and validate all statements ck within Bj

based on both the provided premises and any intermediate
conclusions derived within the block.

Overall Verification and Error Handling The verifica-
tion process proceeds sequentially along Cverif (or B). If any
unit ck (or block Bj) is found to be False, it is identified as
the earliest point of failure, and the GoV process typically
halts, recording this failure. The entire reasoning trajectory
S is considered valid if and only if all its constituent units
(nodes or blocks) are successfully verified as True.

In summary, GoV allows the verification to be conducted
on fine-grained atomic nodes or on coarser-grained node
blocks (formed from these nodes), depending on the user’s
definition tailored to the specific task. In addition, GoV per-
mits a degree of flexibility in selecting Predprov, allow-
ing the inclusion of a validated superset of direct prereq-
uisites, provided they precede the current unit, when such
extended context is expected to facilitate the LLM’s assess-
ment. This structured, iterative, and premise-driven scheme
makes GoV’s reasoning validation highly reliable.

Experiments
To evaluate the practical effectiveness of GoV, we conduct
empirical studies on two contrasting reasoning scenarios:
one with well-structured, formally defined arithmetic depen-
dencies, and another with loosely-structured, natural lan-
guage explanations. These two case studies serve comple-
mentary purposes: the first highlights GoV’s capability for
fine-grained, high-precision error localization in mathemat-
ically rigid tasks, while the second demonstrates its robust-
ness and adaptability in the more challenging setting of free-
form reasoning. Together, they showcase GoV’s versatility
and superiority in both deterministic and open-ended verifi-
cation environments.

To mitigate the influence of model randomness, all mod-
els are configured with a temperature of zero. Furthermore,
to comprehensively assess verification performance, we em-
ploy the following evaluation metrics:
• Correct Accuracy The proportion of fully correct rea-

soning processes that are judged as “correct” by the
model.

• Error Accuracy The proportion of reasoning processes
containing errors in which the model successfully identi-
fies the first erroneous step.

Figure 3: Illustration of the numerical validation procedure
for Number Triangle Summation.

• F1 The harmonic mean of correct accuracy and error ac-
curacy, serving as the primary metric for evaluating over-
all model performance.

Number Triangle Summation
To validate GoV’s effectiveness in a well-structured reason-
ing environment, we first introduce the Number Triangle
Summation benchmark. This task is designed to assess ver-
ification accuracy on complex, multi-step reasoning where
the dependency graph is explicit and unambiguous. An il-
lustration of the corresponding verification task is shown in
Figure 3. The reasoning process is defined as follows: start-
ing from N initial numbers at the zeroth layer, each sub-
sequent layer is formed by summing every pair of adjacent
numbers from the previous layer. This process continues it-
eratively until a single number remains at the final layer. No-
tably, the verification order inherent in this task can be nat-
urally represented as a DAG. Verifying the entire reasoning
process is inherently long and complex, as the correctness
of each intermediate result relies heavily on preceding infer-
ence steps. Existing methods often struggle to reliably verify
such multi-step reasoning chains, or fail to accurately local-
ize the specific point at which the reasoning breaks down.

To validate GoV’s effectiveness and scalability in a well-
structured reasoning environment, we introduce the Num-
ber Triangle Summation benchmark. To analyze how veri-
fication performance changes with problem complexity, we
systematically vary the number of initial inputs (N ), which
determines the length and depth of the reasoning chain. We
generated datasets for N ∈ {2, 4, 6, 8}. For each value of
N , we programmatically generated 500 instances. The base
layer (Layer 0) of each instance consists of N randomly
sampled positive integers between 1000 and 9999. The so-
lution steps for each subsequent layer were automatically
derived by the program. To simulate real-world errors, each
reasoning process had a 50% chance of being corrupted by a
single-digit perturbation in one of the addition results. This
design allows us to directly measure the performance of ver-
ification methods as the cognitive load increases.

Given the task’s explicit mathematical structure, we con-
figured GoV to operate at the optimal point in our defined
design space for such problems: Atomic Granularity for
maximum precision and Minimal Context to reduce cogni-
tive load on the verifier LLM. Specifically:
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• Atomic Granularity: Each individual addition equation
is treated as an atomic node in the verification graph.
This allows for the most fine-grained error localization
possible.

• Minimal Context: During the verification of each
node, we provide only its direct prerequisites—the two
operands from the previous layer—as the contextual in-
put (Predprov(vk)). This minimizes the cognitive load on
the verifier LLM by excluding all irrelevant information.

The verification process then proceeds along the natural
top-down hierarchy of the triangle, which corresponds to a
topological sort of the graph, halting at the first detected er-
ror. We conduct experiments using different LLMs to com-
pare the performance of the proposed GoV framework with
that of baseline approaches.

Model Method F1 Score by Problem Size (N)
N=2 N=4 N=6 N=8

Qwen2.5-7B
-Instruct

Holistic Verification 82.3 89.5 72.8 51.5
GoV (Ours) 97.1 89.6 84.8 70.7

Qwen2.5-14B
-Instruct

Holistic Verification 97.1 94.2 70.8 62.9
GoV (Ours) 99.0 95.1 93.9 86.8

Qwen2.5-32B
-Instruct

Holistic Verification 100.0 97.0 80.6 56.3
GoV (Ours) 99.8 99.4 95.8 91.4

Qwen2.5-72B
-Instruct

Holistic Verification 99.6 93.3 46.3 49.5
GoV (Ours) 98.7 97.9 98.1 98.1

Table 1: F1 scores on the Number Triangle Summation task
with varying problem sizes (N ).
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Figure 4: The performance of GoV and holistic verification
on Number Triangle Summation.

As shown in Table 1 and Figure 4, all models based on
the GoV framework demonstrate substantial improvements
in F1 scores. Under the baseline setting (CoT-based holis-
tic verification), although the prompt instructs the LLM to
examine each equation individually and the generated rea-
soning chains seem to reflect such step-by-step checking,
the verification remains unfaithful. This observation is con-
sistent with the conclusions reported in the previous litera-
ture (Radhakrishnan et al. 2023; Lindsey et al. 2025).

In contrast, GoV’s success can be directly attributed to
its configured strategy, which is perfectly matched to the
task’s structure. By operating at an atomic granularity, it de-
composes the complex task into a series of simple, indepen-
dently verifiable checks. Concurrently, by providing only a
minimal context, it eliminates distracting information and
allows the verifier LLM to function with maximum reliabil-
ity. This experiment serves as a powerful validation of our
framework’s core principle: when a task’s structure permits,
a high-precision configuration of GoV can achieve outstand-
ing verification performance.

ProcessBench
Having validated GoV’s high-precision capabilities in a
well-structured environment, we now evaluate its adaptabil-
ity in the more common and challenging domain of loosely-
structured natural language reasoning. To this end, we utilize
the ProcessBench benchmark (Zheng et al. 2024), a dataset
designed to evaluate models on a variety of reasoning er-
rors. Each test instance consists of a question, a step-by-step
solution generated by a LLM, and a human-annotated label
indicating the index of the first incorrect step. If the solu-
tion is entirely correct, the label is assigned as −1. We use
the full test sets from three ProcessBench subsets: GSM8K
(elementary-level math problems), MATH (more advanced
math problems), and OlympiadBench (Olympiad-level math
problems), comprising 400, 1000, and 1000 samples, respec-
tively. These subsets collectively span a broad range of rea-
soning difficulty, offering representative coverage of typical
mathematical tasks.

To comprehensively evaluate GoV’s performance, we
compare it against two distinct verification paradigms:
Holistic Verification: This represents the standard practice,
where the entire reasoning process is provided to an LLM
verifier in a single pass. We use the official results from
the ProcessBench leaderboard as our baseline. Decompo-
sition with Premise Extraction (PARC): As a state-of-
the-art decomposition-based method, PARC first attempts to
identify the minimal premises for each reasoning step before
verification. This allows for a direct comparison of GoV’s
pragmatic approach against strategies that pursue premise
minimality.

To address the challenges of loosely-structured reasoning,
where atomic decomposition is brittle and impractical, we
configured GoV for its high-robustness mode. This strategy,
guided by our design space, entails:

• Block Granularity: We treat each natural language para-
graph as a node block (Bj). This choice leverages the
text’s inherent semantic structure, aligning our verifica-
tion units with the author’s logical stages.

• Inclusive Context: During the verification of a given
block, we provide an inclusive context (Predprov), which
consists of the full text of all previously validated para-
graphs. This pragmatic approach ensures all potentially
relevant information is available, critically avoiding the
risks associated with a fragile premise extraction step.

As we will demonstrate, this robust configuration is key to
GoV’s superior performance on natural language tasks.
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Model Method GSM8K MATH OlympiadBench
Correct Acc Wrong Acc F1 Correct Acc Wrong Acc F1 Correct Acc Wrong Acc F1

Qwen2.5-7B
-Instruct

Holistic Verification 66.3 36.7 47.3 63.8 23.7 34.6 46.0 25.4 32.7
PARC 60.1 38.6 47.0 45.6 41.2 43.3 - - -

GoV (Ours) 89.1 43.0 58.0 80.7 41.7 55.0 74.9 30.1 42.9
Qwen2.5-14B

-Instruct
Holistic Verification 93.8 47.8 63.3 86.9 40.4 55.2 76.4 30.9 44.0

GoV (Ours) 92.2 60.3 72.9 90.6 56.0 69.2 83.4 42.3 56.2

Qwen2.5-32B
-Instruct

Holistic Verification 97.9 43.0 59.8 95.6 33.3 49.4 90.0 22.4 35.9
PARC 95.9 55.1 70.0 86.9 53.9 66.5 - - -

GoV (Ours) 94.3 66.6 78.1 89.1 61.4 72.7 79.9 55.0 65.2

Qwen2.5-72B
-Instruct

Holistic Verification 98.4 61.4 75.6 91.9 45.3 60.7 88.5 33.7 48.9
PARC 97.8 59.7 74.1 86.7 53.9 66.5 - - -

GoV (Ours) 98.9 67.6 80.3 90.3 64.4 75.2 84.0 49.4 62.2
Llama3.3-70B

-Instruct
Holistic Verification 96.9 66.2 78.6 93.1 38.4 54.4 90.0 30.9 46.0

GoV (Ours) 92.2 68.6 78.6 79.3 65.1 71.5 64.6 57.0 60.5

GPT4.1-Nano Holistic Verification 89.1 44.9 59.7 75.8 55.2 63.9 71.1 47.3 56.8
GoV (Ours) 92.2 62.3 74.3 79.3 67.0 72.6 67.2 57.6 62.0

Table 2: Performance comparison on the ProcessBench benchmark. GoV achieves superior F1 scores compared to holistic and
PARC baselines consistently across all models and datasets. Results for PARC are sourced from the authors’ public rebuttal, as
its code was not available at the time of our experiments

A cornerstone of GoV’s power is its practical flexibil-
ity, which allows verification strategies to be customized to
the native structure of the reasoning process. Crucially, this
showcases that GoV circumvents the need for a rigid, pre-
defined atomic-level DAG. Instead, its adaptable node block
system is engineered to leverage the inherent, macroscopic
logical structure found in various reasoning formats. The su-
periority of this flexible design is confirmed by our experi-
mental results, where GoV consistently outperforms more
rigid approaches.

As shown in Table 2, GoV achieves state-of-the-art
performance, consistently and significantly outperforming
all comparative methods across the various models and
datasets.

Superiority over Holistic Verification: Compared to the
holistic baseline, GoV’s success confirms the fundamental
benefit of decomposition, reducing cognitive load and en-
abling more focused, accurate verification. The pronounced
gains on complex datasets like OlympiadBench (e.g., F1
score from 35.9% to 62.2% for Qwen2.5-32B-Instruct) high-
light this advantage.

Superiority over PARC: More importantly, GoV con-
sistently outperforms PARC, a fellow decomposition-based
framework. We attribute this significant advantage directly
to GoV’s adaptive strategy. While PARC relies on a fragile,
LLM-based step to extract minimal premises, GoV’s Block
Granularity and Inclusive Context strategy proves far more
robust in the noisy context of natural language. This result
provides powerful empirical evidence for our central thesis:
for loosely-structured tasks, a verification strategy that prior-
itizes decompositional robustness over contextual minimal-
ity is superior.

In summary, these results demonstrate that GoV’s adap-
tive, pragmatic approach to decomposition enables a new
state of the art in training-free reasoning verification.

Conclusion
In this work, we addressed the critical challenge of verify-
ing complex LLM reasoning, where existing methods often
struggle with the trade-off between precision and robust-
ness across diverse reasoning structures. We introduced the
Graph of Verification (GoV), a novel, training-free frame-
work that models reasoning as a Directed Acyclic Graph and
leverages a flexible node block architecture for adaptable,
multi-granular verification.

Our primary contribution is the formalization of decom-
posed verification within a two-dimensional design space
of Verification Granularity and Contextual Scope. Building
on this, we developed GoV, a practical framework that can
navigate this space, tailoring its verification strategy—from
fine-grained atomic checks for highly-structured tasks to ro-
bust paragraph-level blocks for loosely-structured natural
language narratives. Our empirical evaluation on contrast-
ing benchmarks demonstrated GoV’s superiority over both
holistic baselines and other decomposition-based methods.
The results validate our central hypothesis: adaptability is
key to achieving reliable verification, and GoV’s pragmatic
approach of prioritizing robustness over contextual minimal-
ity is crucial for narrative reasoning.

While GoV establishes a new standard for training-free
verification, we recognize avenues for future work. The cur-
rent segmentation of reasoning into nodes or blocks relies on
the task’s inherent structure; developing automated methods
to parse unstructured reasoning into optimal GoV graphs is a
compelling research direction. Furthermore, extending GoV
from a pure verifier to an interactive ”Graph of Correction”
framework, where it not only identifies but also proposes
and validates fixes for flawed reasoning steps, presents an
exciting frontier.

Ultimately, Graph of Verification is a significant step to-
ward transparent, scrutable, and reliable AI. By providing a
structured lens to inspect LLM reasoning, we pave the way
for trust in not only the final answers but the processes that
produce them.
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