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Abstract

Fact verification is a critical primitive for en-
suring the reliability of Large Language Mod-
els (LLMs). While frontier LLMs are effec-
tive verifiers, their repeated long-context infer-
ence incurs substantial costs; meanwhile, ex-
isting specialized verifiers face a fundamen-
tal dilemma: label-only models suffer from
black-box opacity, while free-form rationale
generators, whether trained by distillation or
explanation-oriented RL objectives, can pro-
duce fluent but not structurally checkable ex-
planations. In this work, we propose ATOMIC-
CHECK, a Protocol-Guided Policy Optimiza-
tion framework that trains specialized verifiers
to produce protocol-guided, locally inspectable
traces, moving beyond opaque label-only pre-
dictions and free-form rationales. Rather than
cloning teacher traces or optimizing unstruc-
tured explanations, ATOMICCHECK uses RL
to make the verification protocol itself part of
the policy objective. To preserve semantic in-
tegrity during atomic decomposition, we intro-
duce a Contrastive Decomposition Reward that
compares decomposed reasoning with a same-
backbone holistic counterfactual and penalizes
decompositions that reduce verification accu-
racy. Extensive experiments demonstrate that
ATOMICCHECK outperforms existing special-
ized verifiers and approaches strong frontier
LLMs while producing structured traces that
expose local checks behind the final decision.

1 Introduction

Large Language Models (LLMs) have achieved
remarkable performance on knowledge-intensive
tasks such as question answering and summariza-
tion (Zhao et al., 2023; Lewis et al., 2020). How-
ever, they remain susceptible to hallucinations, gen-
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Figure 1: From black-box or free-form verification to
protocol-guided verification. Prior specialized verifiers
either produce opaque labels or generate free-form CoT
without a structured checking protocol. ATOMICCHECK
instead trains the verifier to generate structured traces
that make local verification decisions inspectable and
failures easier to localize.

erating content that is factually incorrect or unfaith-
ful to the grounding documents (Maynez et al.,
2020; Zhang et al., 2023). Consequently, fact
verification has emerged as a critical safeguard,
where a dedicated verifier must rigorously deter-
mine whether a generated claim is attributable to
the reference documents (Kryscinski et al., 2020;
Fabbri et al., 2022; Wei et al., 2024; Tang et al.,
2024a). For this safeguard to be useful in real-
world deployments, it must not only be accurate
but also expose an inspectable reasoning artifact
that helps developers diagnose where a verifier’s
decision comes from and where it may fail.

A straightforward solution is to use frontier



LLM:s (e.g., GPT-40 (OpenAl, 2024)) as verifiers.
While effective (Min et al., 2023; Seo et al., 2025),
this approach often requires repeated long-context
inference to verify multi-statement responses (Tang
et al., 2024a), incurring substantial inference costs
that make routine large-scale deployment difficult.

This practical limitation motivates a shift toward
specialized small fact verifiers. Existing small veri-
fiers largely fall into two paradigms (Figure 1). (i)
Label-only classification (Tang et al., 2024a; Lei
et al., 2025): models fine-tuned to directly predict
a verdict. Although strong in aggregate metrics,
they are inherently black-box models, failing to
provide inspectable evidence or pinpoint localized
failures in partially correct claims. (ii) Reason-
ing generation: models that either imitate teacher
CoT (Seo et al., 2025) or use SFT followed by rule-
based RL to improve explanations (Si et al., 2025).
While these methods improve textual rationales,
free-form reasoning lacks explicit local checks,
making it hard to verify whether every claim part is
covered, where a failure occurs, and whether each
step is grounded in evidence. Distillation-based
variants further require expensive synthesis of mas-
sive reasoning traces and may inherit teacher er-
rors (Gudibande et al., 2024; Agarwal et al., 2024;
Liu et al., 2024a; Dai et al., 2025).

To address these limitations, we propose ATOM-
ICCHECK, a framework that moves specialized
fact verification beyond opaque label-only predic-
tions (Tang et al., 2024a; Lei et al., 2025) and free-
form rationales (Seo et al., 2025; Si et al., 2025) by
training verifiers via Protocol-Guided Policy Opti-
mization to follow a structured verification proto-
col. Rather than treating interpretability as a post-
hoc textual rationale, ATOMICCHECK makes the
verification protocol itself part of the policy objec-
tive. Specifically, the verifier decomposes claims
into checkable units, verifies each unit against evi-
dence, and synthesizes the local judgments into a
final verdict. To preserve semantic integrity during
atomic decomposition, we introduce a Contrastive
Decomposition Reward, targeting the “decomposi-
tion dilemma” (Hu et al., 2025; Metropolitansky
and Larson, 2025): unguided decomposition can
fragment claims, omit context, or alter meaning.
This reward compares the decomposed trajectory
with a same-backbone holistic counterfactual, re-
warding decomposition when it corrects holistic
errors and penalizing it when decomposition de-
grades the verdict.

Extensive evaluations demonstrate that ATOMIC-

CHECK successfully translates this protocol-guided
objective into stronger specialized fact verification.
On CLEARFACTS, which spans 14 diverse sub-
sets, ATOMICCHECK achieves the best overall per-
formance among specialized verifiers and remains
competitive with strong frontier LLMs. Moreover,
ATOMICCHECK produces more inspectable verifi-
cation traces, with structured outputs that expose
intermediate claim units, evidence checks, and lo-
cal judgments behind the final verdict.

2 Related Work

Grounded Fact Verification. Fact verification
was originally framed as classifying human-written
claims against knowledge bases (Thorne et al.,
2018; Wadden et al., 2020). With the rise of
Large Language Models (LLMs), the target has
expanded to hallucination detection, and methods
have shifted toward reasoning-enhanced genera-
tive verification (Fabbri et al., 2022; Wang et al.,
2024). Despite this shift, recent work suggests a
shared core: checking a claim unit against ground-
ing evidence (Seo et al., 2025). Long-form factu-
ality evaluation often decomposes responses into
sentences or atomic facts (Min et al., 2023; Wei
et al., 2024; Chern et al., 2023; Song et al., 2024),
while complex-claim checking similarly verifies
subclaims against documents (Pan et al., 2023). We
adopt this unified grounded fact-verification formu-
lation (Tang et al., 2024a), treating sentence-level
verification as a basic reasoning engine for both
human statements and model-generated content.

Fact Verifiers. Frontier LLMs are strong veri-
fiers but costly at scale (Min et al., 2023), motivat-
ing specialized verifiers. MiniCheck (Tang et al.,
2024a) trains small label-only verifiers on synthetic
data and introduces LLM-AGGREFACT (Tang
et al., 2023a; Malaviya et al., 2024); FactCG (Lei
et al., 2025) extends this line with graph-based
multi-hop training data for complex claims. These
models can achieve high benchmark scores, but
their label-only outputs remain opaque and still trail
strong frontier LLMs on reasoning-intensive bench-
marks. ClearCheck (Seo et al., 2025) addresses in-
terpretability by distilling Chain-of-Thought (CoT)
capabilities from stronger teachers into smaller
students, showing strong gains on CLEARFACTS,
which uses a collection of examples from 14 fact-
verification datasets (Tang et al., 2023a; Wadden
et al., 2020; Jiang et al., 2020; Jacovi et al., 2024a).
FaithLens (Si et al., 2025) combines cold-start



SFT with rule-based RL to improve faithfulness
detection and human-readable explanations. How-
ever, reasoning-generation verifiers still optimize
for free-form rationales rather than a locally in-
spectable verification procedure, making it difficult
to audit claim coverage, failure localization, and
evidence grounding, especially under decomposi-
tion dilemmas (Hu et al., 2025). Additional re-
lated work on verification-oriented decomposition
is discussed in Appendix A. ATOMICCHECK ad-
dresses this gap by shaping how the verifier reasons:
through protocol-guided reinforcement learning, it
makes decomposition, verification, and verdict syn-
thesis part of the learned policy, producing traces
that explicitly record which claim units are checked,
what evidence supports or refutes each unit, and
how local judgments determine the final verdict.

3 Method

3.1 Task Formulation

We formulate fact verification as a conditional gen-
eration task. Given a document set & = {d;}}_,
and a claim s, the verifier my generates a reason-
ing trajectory o culminating in a verdict y. The
label space is unified as ) = {A,C,N}, de-
noting Attributable, Contradictory, and Not At-
tributable, respectively. The training set is denoted
as D = {(&,5:,9i)},. We define a parsing func-
tion g(+) that extracts the predicted verdict § = g(o0)
from the output sequence.

3.2 Structured Reasoning Protocol

The core of ATOMICCHECK lies in strict adherence
to a verifiable Afomic Operation Protocol with con-
strained structured generation. As illustrated in
Figure 2, we model the verification process as a
sequence of structured blocks:

(1) Decomposition (<decompose>): The model
decomposes the claim s into m independently
verifiable sub-claims {c;}7,. If s is already
atomic, we allow m = 1. This step isolates
ambiguity and complexity.

(2) Verification (<verify>): Each sub-claim is
verified against the document set £. This block
aligns each sub-claim with evidence references
or quoted evidence and a local judgment.

(3) Synthesis (<aggregate> and
<conclusion>): The model aggre-
gates individual verification results into a

coherent explanation and generates the final
verdict gy € Y.

The protocol is designed to function as a struc-
tured inspection trace. The decomposition block
defines the units that must be checked; the verifi-
cation block aligns each unit with evidence and a
local judgment; the aggregation block combines
these local judgments into a global decision; and
the conclusion block exposes a parsable verdict.
This parser-visible intermediate state gives the re-
ward computation stable structure for format valida-
tion, verdict extraction, and counterfactual compar-
ison, while giving human auditors concrete handles
for inspecting claim coverage, evidence use, and
aggregation consistency.

3.3 Protocol-Guided Policy Optimization

To train the model to follow the structured reason-
ing protocol, we introduce Protocol-Guided Policy
Optimization. We employ Group Relative Policy
Optimization (GRPO) (Shao et al., 2024) as the
underlying optimization objective. For each in-
put z = (€, s), we sample a group of K outputs
{ox }£_, from the old policy 7g,,,. The optimiza-
tion objective is defined as:

1
j(e) = E$N/Dv{0k}£<:1N7reold [K Z <
k

=1

min(pg Ay, p,cchpAk) — /\KLDKL(W9|’7Tref)):| ;
(D

_m0(0kl2) _ i the importance sampling

0014 (0K]2)
weight, and pzhp = clip(pg,1 — €, 1 + €). Here,
e is the clip threshold, Ak, controls the penalty
strength of KL divergence, and 7t is the fixed
reference policy model. The advantage Ay, for the
k-th trajectory is computed by normalizing the total

reward I?j against the group statistics:
A= Ry — mean({Ry,.. ., RK})
std{R1,...,Rx})+9
Crucially, we guide this optimization via a reward
system. To align the model with the structured

protocol, we design a reward function consisting
of three components:

where pg, =

2

(a) Outcome Reward (racc). This sparse reward
reflects the correctness of the final verdict, with
Tace € {0,1}:

Ta00(07 y) = H[l) = y]a 3)

where [[] is the indicator function.
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Figure 2: Overview of ATOMICCHECK. By employing Protocol-Guided Policy Optimization with a composite
reward system consisting of Outcome Reward, Format Reward, and a novel Contrastive Decomposition Reward, we
guide the model to autonomously internalize a structured verification protocol. The process unfolds in three atomic
stages: (1) Decompose the claim into independently verifiable sub-claims; (2) Verify each sub-claim against the

document set; and (3) Synthesize the results to generate a final conclusion.

(b) Format Reward (rgyn¢). To encourage adher-
ence to the protocol described in Section 3.2, we
define a binary format reward 7y (0) € {0,1}. It
equals 1 if and only if o satisfies constraints: (1)
valid usage of allowed tags; (2) correct topological
ordering of blocks; and (3) a parsable verdict in
the conclusion. This provides a structural validity
signal during optimization and discourages invalid
shortcuts that emit a verdict without the required
intermediate states. Appendix G provides the full
validation procedure.

(¢) Contrastive Decomposition Reward (r¢q).
While decomposition enhances interpretability by
isolating sub-claims, it also introduces risk. There-
fore, decomposition should be favored only when it
improves reliability over a holistic check (Hu et al.,
2025). To operationalize this principle, we propose
a Contrastive Decomposition Reward.

We compare the observed decomposed tra-
jectory against a same-backbone holistic base-
line o"—the outcome if the current verifier
checked the original claim as a single unit
rather than decomposing it into multiple sub-
claims. Specifically, we construct o™ by replac-
ing <decompose>...</decompose> with
<decompose>s</decompose> (where s is the
original claim), then generating the remaining out-
put from the rollout policy g, ,. Using the same
backbone makes the comparison a controlled coun-

terfactual: the reward measures the marginal value
of decomposition relative to the model’s own holis-
tic checking ability, rather than importing an ex-
ternal teacher’s bias or rewarding decomposition
unconditionally. We then compare the accuracy of
the decomposed path against this holistic baseline:

+1  if raee(0) = 1 A 7aee(0™) = 0
—1 if 7 (0) = 0 A raee(0™) = 1.
0 otherwise

Ted =

“)
This rewards the model (4-1) if decomposition cor-
rects an error that the same-backbone holistic path
would have made, and penalizes (—1) if decom-
position introduces errors (e.g., via hallucination)
where the holistic baseline yields the correct ver-
dict.

Curriculum Stabilization. Since 4 relies on

stable format parsing, we introduce a gating mech-

anism. Let Fg;)t be the average format reward across

all rollouts at step t. We define a gate indicator ~:
_(t

y =10 > 7). )

fmt

This threshold 7 implicitly defines a stabilization
period Tyarm. The final gated reward is:

Toated = 7Y * T'ed- (6)

This ensures the decomposition logic is optimized
only after the model has mastered the basic struc-
tural protocol.



Total Reward. The final reward is a weighted
sum:

R= (1 - )\)Tacc + APfme + 5Tgated7 )

where A balances accuracy and format adherence,
and [ controls the strength of the contrastive shap-
ing signal.

4 [Experiments

4.1 Experimental Setup

Datasets and Metrics. We evaluate ATOMIC-
CHECK on the CLEARFACTS benchmark intro-
duced by Seo et al. (2025). CLEARFACTS com-
prises 14 source subsets spanning diverse domains
(e.g., news, dialogue, science) and task types (e.g.,
RAG, summarization, QA); see Appendix B for
details. Following the evaluation protocol of Seo
et al. (2025), we report Macro-F1 scores. Con-
sistent with this protocol, we map the outputs of
three-way classification models (attributable, not
attributable, and contradictory) to a binary label
space by merging the latter two classes into the
“not attributable” category.

Baselines. We compare against two categories
of models: (1) General LLMs: comprising
Open-source LLMs (LLlama-3.3-70B-Inst, Llama-
3.1-405B-Inst, Qwen2.5-32B-Inst, Qwen3-32B,
and reasoning-distilled models (R1-Llama3.3-70B-
Inst, R1-Qwen2.5-32B-Inst) (Guo et al., 2025))
and Closed-source LLMs (Claude 3.5-Haiku,
Claude-3.7-Sonnet, GPT-40, GPT-5.4, o1, 03-mini,
and Gemini-2.0-Flash); (2) Specialized Verifiers:
MiniCheck (Tang et al., 2024a), FactCG (Lei
et al., 2025), FaithLens (Si et al., 2025), and
ClearCheck (Seo et al., 2025). Appendix C pro-
vides implementation details for the baselines and
training efficiency.

Implementation Details. We initialize our pol-
icy mg from Qwen3-8B and train it on a com-
posite dataset constructed from the training re-
sources used by MiniCheck (MINICHECK-SYN
and ANLI) (Tang et al., 2024a; Nie et al., 2020)
and the HoVer training set (Jiang et al., 2020). Ap-
pendix D.1 provides the dataset composition and
ablation. The model is optimized via GRPO for
192 steps, using a global batch size of 256 and a
learning rate of 1 x 1075, During training, we set
the temperature to 1.0 and generate K = 5 rollouts
per prompt. We apply a KL divergence coefficient
of Akr, = 0.001 and set the maximum response

length to 8,192 tokens. For the reward coefficients,
we set the format reward weight A = 0.5 and the
adaptive shaping coefficient 5 = 0.1. We set the
gating threshold 7 = 0.99, which corresponds to an
empirical stabilization period of Ty,m ~ 5 steps.
The format reward is averaged over all rollout sam-
ples at each step. All experiments are conducted
on a single node equipped with 8 NVIDIA H100
GPUs. Following Seo et al. (2025), we set the
evaluation temperature to 0.6.

4.2 Main Results

Table 1 reports Macro-F1 on the 14 CLEARFACTS
subsets, which span standard and dialogue sum-
marization, RAG, open-domain QA, and multi-
hop claim verification. ATOMICCHECK achieves
the best overall performance among specialized
verifiers, reaching 86.6 Macro-F1 compared to
ClearCheck (83.8), FaithLens (82.1), MiniCheck
(81.2), and FactCG (75.3). This improvement is ob-
tained with a compact backbone—approximately
2% of the parameters of Llama-3.1-405B. ATOM-
ICCHECK also surpasses Llama-3.1-405B (82.0),
GPT-40 (83.3), and the reasoning-specialized ol
(85.4), while remaining close to 03-mini (87.0) and
GPT-5.4 (87.3). Together with the same-backbone
ablations below, these results show that the gains
come from combining a structured protocol scaf-
fold, RL internalization, and regulated decomposi-
tion.

The advantage becomes more pronounced on
reasoning-intensive benchmarks. CoverBench re-
quires bridging non-adjacent evidence and main-
taining long-range consistency across multiple con-
straints. ATOMICCHECK achieves 78.9 Macro-
F1 on CoverBench, outperforming GPT-40 (77.7)
and substantially exceeding specialized baselines.
These results demonstrate the effectiveness of
Protocol-Guided Policy Optimization, which trans-
forms complex verification into a sequence of con-
trollable atomic checks: the model decomposes a
compound statement into independently verifiable
sub-claims, verifies each with explicit evidence
alignment, and then synthesizes a final decision
based on the collection of local verdicts.

Furthermore, ATOMICCHECK generalizes ro-
bustly across diverse verification tasks. It achieves
strong performance on subsets covering RAG
(RAGTruth: 90.2), generative search and open-
domain QA (ClaimVerify: 93.2, FC-GPT: 92 .4, Ex-
pertQA: 81.5), and dialogue summarization (Tofu-
MediaS: 85.7, Tofu-MeetB: 85.4). Notably, on sci-



AggreFact

Agg- Agg- Claim Expert FC- RAG Tofu- Tofu- . Cover .
Models Clg\l%\l ngfm Verity Q"A cpr LFQA 1% Reveal | P 2 10 WIiCE £ HoVer SciFact Overall
General LLMs
Llama3.3 70B Inst 66.7 66.7 733 725 879 700 773 89.8 72.6 84.7 77.1 722 78.1 93.3 78.1
Llama3.1405B Inst  77.7 75.6 856 779 88.0 82.6 857 922 78.7 87.8 783 770 776 932 82.0
R1-Llama3.3 70B Inst 72.8 65.8 80.8 78.8 89.1 79.8 823 955 73.4 86.3 81.8 785 804 922 81.7
Qwen2.5 32B Inst 66.7 694 788 757 902 843 84.8 933 83.2 86.3 83.1 763 7838 92.1 81.2
R1-Qwen2.532B Inst 644 769 89.3 795 89.1 824 86.8 978 75.2 855 821 77.0 79.0 944 82.9
Qwen3 32B 755 68.1 813 79.1 913 774 845 955 71.5 874 821 794 813 93.2 82.5
Gemini 2.0-Flash 714 73.6 868 774 902 774 831 944 76.4 832 819 777 79.0 95.5 82.0
Claude 3.5-Haiku 569 64.1 732 762 924 80.7 840 910 77.2 81.3 823 794 829 89.6 79.5
Claude 3.7-Sonnet 794 78.1 864 830 902 91.1 914 922 91.2 863 91.1 794 829 89.6 86.0
GPT-40 714 802 843 788 913 824 869 96.6 80.4 85.6 83.1 777 782 944 83.3
ol 79.1 812 830 838 913 836 857 955 77.0 83,5 852 819 846 944 854
03-mini 76.7 833 865 844 913 90.8 86.8 944 86.8 874 889 84.1 83.1 95.5 87.0
GPT-5.4 81.5 734 920 783 957 944 892 933 924 904 844 79.8 86.1 87.2 87.3
Specialized Verifiers
FactCG 849 739 823 697 736 86.6 87.1 844 81.2 792 649 554 744 773 75.3
MiniCheck 78.6 767 88.6 788 90.2 933 879 96.7 80.4 84.0 889 60.0 76.8 89.8 81.2
FaithLens 854 79.7 885 80.7 913 887 845 933 824 83.2 844 651 79.7 88.7 82.1
ClearCheck 843 843 896 809 913 899 880 944 80.8 872 832 66.1 843 886  83.8
ATOMICCHECK 83,5 778 932 815 924 899 90.2 933 85.7 854 855 789 868 932 86.6

Table 1: Fact verification results across CLEARFACTS subsets (Macro-F1). We categorize methods into two
main groups: General LLMs and Specialized Verifiers. Overall denotes pooled Macro-F1 over all CLEARFACTS
examples. Bold and underline indicate the best and second-best performance within each category.

HoVer CoverBench SciFact

76.9 88.5
76.2 84.9
74.7 872
6.9 88.6
78.9 93.2

Overall

833
829
84.0
853
86.6

Setting AggreFact

84.5
85.4
86.0
87.0
87.7

82.1
785
83.6
84.6
86.8

Prompt only
Self-train SFT
Teacher SFT
Outcome-only GRPO
ATOMICCHECK

Table 2: Optimization-isolation summary on major
benchmark groups (Macro-F1), comparing prompt-only
inference, supervised imitation, outcome-only policy
optimization, and the complete protocol-guided RL ob-
jective. Teacher SFT abbreviates teacher-distilled SFT.
The full per-subset table is provided in Appendix C.1.

entific claim verification (SciFact) and multi-hop
reasoning (HoVer), ATOMICCHECK reaches 93.2
and 86.8, respectively, surpassing all specialized
baselines. These results suggest that internaliz-
ing structured reasoning via our RL framework en-
ables a compact verifier to approach strong frontier
LLMs on grounded fact verification.

4.3 Ablation Study

To validate the contribution of each design com-
ponent, Table 3 reports ablations that remove key
elements of ATOMICCHECK. We further summa-
rize the separation between protocol prompting,
supervised imitation, generic RL, and the com-
plete protocol-guided RL objective in Table 2; Ap-
pendix C.1 gives the full table and construction
details.

Effectiveness of Reinforcement Learning. We

first compare ATOMICCHECK with a “w/o RL”
variant that uses the same protocol-style prompt-
ing but does not undergo our RL training. This
prompt-only baseline drops to 83.3 overall. To
rule out the possibility that the gains come merely
from supervised exposure to a structured output
format, we add two SFT controls: Self-Training
SFT, trained on filtered self-generated traces, and
Teacher-Distilled SFT, trained on Qwen3.5-122B-
A10B teacher traces rendered in the same protocol.
As summarized in Table 2, these SFT alternatives
reach only 82.9 and 84.0 overall. Outcome-only
GRPO improves over prompt-only inference (85.3
vs. 83.3), showing that on-policy optimization it-
self matters. However, it remains 1.3 points below
the full method. These results separate three ef-
fects: supervised trace fitting is insufficient, generic
outcome-only RL is helpful, and the proposed for-
mat plus contrastive decomposition rewards pro-
vide the remaining gain.

Impact of the Contrastive Decomposition Re-
ward (7cq). The role of 7.4 is not to reward de-
composition unconditionally, but to make decom-
position selective. Removing it reduces Overall
Macro-F1 from 86.6 to 85.7, with the largest drops
on SciFact, LFQA, CoverBench, and ClaimVer-
ify. These subsets stress decomposition in differ-
ent ways: SciFact and CoverBench often hinge on
scientific qualifiers, coverage constraints, or evi-



AggreFact

Agg- Agg- Claim Expert FC- RAG Tofu- Tofu- _ . Cover o
Models CNN XSum Verify QA GPT LFQA Truth Reveal MediaS MeetB WiCE Bench HoVer SciFact Overall
ATOMICCHECK 835 77.8 932 815 924 899 902 933 857 854 855 789 868 932 866
wlo Decomposition Reward (req) 872 798 910 805 913 865 892 933 885 816 855 760 858 875 857
w/o Format Reward () 802 799 899 792 924 865 89.1 933 84.2 80.7 889 786 865 89.8 85.6
w/o Curriculum Stabilization 90.1 776 899 796 90.2 888 935 933 88.6 81.8 821 79.0 858 89.8 86.0
wlo Evolving Holistic Baseline Policy (" ~ mr) 88.2 783 897 792 89.1 89.8 902 922 854 889 878 772 861 898 860
Table 3: Ablation study of ATOMICCHECK components on Macro-F1 score across all CLEARFACTS datasets. Each

row presents the performance of a model trained after removing a specific training phase or component. Bold and

underline denote best and second-best.

dence combinations, while LFQA and Claim Verify
more often require preserving a specific attribute,
caveat, or list element when checking against long
evidence. In such cases, the useful signal is not
simply to decompose more, but to preserve the
original verification target while deciding whether
decomposition is helpful. Without the contrastive
comparison against a same-backbone holistic path,
the policy is guided mainly by final-label correct-
ness and format validity, but receives no direct
process-level preference between a faithful split
and a split that changes scope or dilutes the fail-
ing atom. The gains on some summarization and
dialogue subsets suggest that those examples rely
more on outcome and format signals than on the
decomposition-selection signal. The overall drop
indicates that regulated decomposition is especially
useful on examples where local target preservation
determines the verdict.

Importance of Format Constraints (rgy,¢). Re-
moving ey lowers Overall Macro-F1 to 85.6. The
format reward defines a stable, parser-visible out-
put space for RL: it makes verdict extraction re-
liable and keeps decomposition, verification, ag-
gregation, and conclusion blocks recoverable for
downstream reward computation. Without this
structural scaffold, rollouts can drift into mal-
formed or partially parseable traces, making both
outcome extraction and contrastive comparison less
reliable during policy optimization. The drop there-
fore supports the role of 7y as a stabilizer for
internalizing the structured verification protocol.

Curriculum and Holistic Baseline Stability. The
curriculum gate matters because g is meaningful
only after the model can reliably produce parseable
protocol traces. When the gate is disabled, con-
trastive rewards are applied to early rollouts whose
decomposition and aggregation may still be mal-
formed or incomplete, making the GRPO advan-
tage signal noisy. Its lower Overall Macro-F1 (86.0
vs. 86.6) supports the need to delay decomposition-

Models AggreFact HoVer CoverBench SciFact Overall
3 = 0.1 (Ours) 87.7 86.8 78.9 93.2 86.6
B=0.2 87.6 84.0 80.2 87.4 85.9
B8=0.3 87.4 86.1 78.9 88.6 86.0
B=05 86.6 85.0 78.1 89.8 85.3

Table 4: Sensitivity analysis of the contrastive decompo-
sition reward weight 5 on four major dataset categories
(Macro-F1).

Models AggreFact HoVer CoverBench SciFact Overall
Twarm = 5 (Ours) 87.7 86.8 78.9 93.2 86.6
Tyarm = 25 872 86.8 76.4 93.2 85.9
Twarm = 50 86.9 87.5 78.1 90.9 86.0
Twarm = 100 86.5 85.7 79.4 90.9 85.6
warm = 150 86.6 87.5 76.0 89.8 854

Table 5: Sensitivity analysis of curriculum stabilization
duration Ty, on major benchmark groups (Macro-F1).

specific rewards until the protocol format is stable.
Similarly, replacing the evolving holistic baseline
with a fixed reference baseline lowers Overall per-
formance. A fixed reference does not track the
policy being trained: after the policy improves, the
comparison mainly rewards wins over an outdated
holistic checker rather than exposing the policy’s
current decomposition errors. The evolving same-
backbone baseline therefore acts as an adaptive
curriculum for deciding when decomposition is
actually helpful.

4.4 Impact of Hyperparameters

Impact of Contrastive Decomposition Reward
Weight (3). To verify the optimal weight for
the contrastive decomposition reward, we exper-
imented with 8 € {0.1,0.2,0.3,0.5}. The re-
sults in Table 4 show that 8 = 0.1 yields the best
Overall Macro-F1 (86.6). Larger values reduce
the Overall score, confirming our design choice
that rgaeq should serve as an auxiliary shaping sig-
nal. A smaller weight allows it to gently guide the
model towards acquiring the decomposition capa-
bility without overshadowing the primary correct-
ness reward (7,cc) or the format constraints. When



S is too large, the model may over-prioritize the
decomposition behavior at the expense of outcome
accuracy.

Impact of Curriculum Stabilization Duration
(Twarm)- We investigate the effect of the curriculum
stabilization duration 7, on model performance.
The results in Table 5 indicate that Tyum = 5
yields the highest Overall Macro-F1 score (86.6).
Longer warmups reduce the Overall score in our
sweep. This empirical finding supports the effec-
tiveness of our gating mechanism . A minimal
warmup phase is sufficient for the model to stabi-
lize its output format in our setting, whereas delay-
ing the contrastive decomposition reward (7gated)
appears to withhold useful process guidance. Thus,
the default setting of approximately 5 steps of-
fers the best balance between format stability and
timely process reward integration in our sweep. De-
tailed per-subset sensitivity results are provided in
Appendix D.2.

4.5 Quantitative Evaluation of
Interpretability

We quantitatively evaluate trace quality against
rationale-generating specialized verifiers, includ-
ing ClearCheck and FaithLens, along three trace-
inspectability dimensions: (i) Verification Com-
pleteness, whether all atomic facts in the claim
are explicitly checked; (ii) Localization Precision,
whether the rationale pinpoints the minimal fail-
ing sub-claim with evidence (for non-attributable
cases); and (iii) Reasoning Faithfulness, whether
the rationale avoids introducing unsupported de-
tails beyond the claim and document.

First, we use DeepSeek-V3.2 (DeepSeek-Al,
2025) for an LLM-as-a-Judge evaluation and
strictly select 1163 instances where ATOMIC-
CHECK, ClearCheck, and FaithLens all predict
the correct verdict, focusing the comparison on
reasoning quality rather than verdict accuracy. Sec-
ond, we conduct a three-system blind-ranking hu-
man evaluation on 168 balanced examples, sam-
pled as 6 supported and 6 non-attributable cases
from each benchmark subset. Human annotators
see the same claim, document(s), gold verdict, and
three anonymized traces, then rank the traces sepa-
rately for completeness, localization, and faithful-
ness. We summarize the rankings using a ranking
score, which maps first, second, and third place to
2, 1, and 0 points, respectively. Details of the hu-
man evaluation are provided in Appendix E, with
the annotation guideline shown in Figure 4.
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Figure 3: Three-system blind-ranking human evaluation.
We report ranking score and first-place rate; Appendix E
provides details.

System Compl. Local. Faith. Avg.

ClearCheck 3.37+159 4.40+122 4.71+097 4.16+09
FaithLens 3.98+152  4.78+081 4.67+098 4.48+035
ATOMICCHECK 4.54+104 4.89+057 4.80+080 4.74+063

Table 6: Three-system LL.M-as-a-Judge evaluation of
reasoning trace quality (1-5 scale) on instances where
all evaluated systems predict the correct verdict. We
report mean=std.

As shown in Table 6 and Figure 3, ATOMIC-
CHECK achieves the highest average score and
leads on all three trace-inspectability dimensions
against both ClearCheck and FaithLens. The
strongest gains appear in completeness and local-
ization, which are exactly the dimensions targeted
by the structured verification protocol. The struc-
tured trace makes verification obligations explicit
by checking claim parts separately and identifying
the local source of failure. Appendix F further tests
a shared-failure slice where all three systems are
wrong, showing that ATOMICCHECK still provides
a more inspectable trace for locating the model’s
decision basis. Appendix I provides qualitative
cases that further illustrate the advantage of ATOM-
ICCHECK across LLM-AggreFact, HoVer, Cover-
Bench, and SciFact.

5 Conclusion

In this work, we proposed ATOMIC CHECK, which
trains specialized verifiers via Protocol-Guided Pol-
icy Optimization to follow a structured verifica-
tion protocol, moving beyond black-box predic-
tion and free-form rationales. By coupling this
protocol with a full reward objective featuring a
Contrastive Decomposition Reward, our approach
trains a verifier to reason through structured, lo-
cally inspectable intermediate steps and to favor de-
composition only when it improves over a holistic



counterfactual. Empirical results show that ATOM-
ICCHECK improves verification accuracy over spe-
cialized baselines and produces inspectable traces
while approaching strong frontier LLMs.
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Limitations

Despite ATOMICCHECK s effectiveness, the cur-
rent work has several limitations. First, our reward
design mainly provides explicit process control
over decomposition through the contrastive decom-
position reward. This keeps reward evaluation rule-
based and relatively lightweight, avoiding reliance
on costly step-level annotations or additional judge
models. However, it leaves finer-grained reward
signals for other parts of the structured reasoning
trajectory underexplored. Future work can extend
protocol-guided RL with denser rewards over the
full structured verification trace.

Second, our interpretability evaluation measures
whether the structured trace is complete, localiz-
able, and faithful to the provided evidence, but does
not establish that the trace is a causally faithful ex-
planation of the model’s internal decision process.
Verifying step-level faithfulness in the mechanistic
sense remains an open direction.

Third, following prior grounded fact-verification
work, our experiments focus on textual verification
with provided evidence. This setting enables direct
comparison with specialized verifiers, but does not
cover multimodal evidence or application-specific
policies for abstention and error severity. We view
these as complementary directions for future end-
to-end fact-verification systems.
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A Additional Related Work

Verification-Oriented Decomposition. Decom-
position has been used at different granularities and
for different verification objects. Long-form factu-
ality metrics split generated answers into atomic or
verifiable claims (Min et al., 2023; Wei et al., 2024;
Song et al., 2024), summarization metrics use
question-answer based consistency checks (Wang
et al., 2020; Fabbri et al., 2022), and complex-
claim fact-checkers decompose human claims into
subclaims, programs, logical predicates, or graph
units (Pan et al., 2023; Wang and Shu, 2023; Pham
et al., 2025). These methods differ in surface form,
but share the same motivation: expose smaller ver-
ification targets that can be checked against evi-
dence.

Recent work also shows that decomposition
must be controlled rather than applied blindly.
Claim-extraction studies emphasize coverage, de-
contextualization, and faithfulness of the extracted
units (Metropolitansky and Larson, 2025), while
analyses of Decompose-Then-Verify pipelines
show that over-fragmentation, omitted context or
key details, and altered meaning can reduce down-
stream accuracy (Hu et al., 2025). This points to
a verification-specific control problem: the sys-
tem must decide not only how to split a claim, but
whether the split preserves the original verification
target and improves the final grounded verdict.

ATOMICCHECK is closest in spirit to this
selective-decomposition view. It treats subclaims
as local audit units and trains a compact verifier
to follow a fixed parser-visible protocol. Its con-
trastive decomposition reward compares decom-
posed and holistic trajectories from the same back-
bone, favoring decomposition when it improves
verification quality and allowing the model to learn
an appropriate level of granularity from the verifi-
cation process itself.

Viewed in this way, the protocol connects two
related lines of work: methods that densify or eval-
uate intermediate reasoning signals, and systems
that organize, select, or trace the external knowl-
edge supporting a generated output (Chen et al.,
2025; Xiang et al., 2026; Ren et al., 2023; Tang
et al., 2023b; Soularidis et al., 2025; Zhu et al.,
2025). ATOMICCHECK specializes this shared de-
sign principle to claim-level fact verification by
linking decomposition, document evidence, local
judgments, and the final verdict within one parser-
visible protocol.

B Evaluation Dataset Details

CLEARFACTS is the cleaned fact-verification eval-
uation set introduced by Seo et al. (2025). It is
constructed from a heterogeneous collection of
fact-verification benchmarks after filtering unver-
ifiable or near-verbatim instances and correcting
detected label errors. The resulting evaluation set
keeps a common grounded-verification interface: a
statement, one or more reference documents, and
an attributable/not-attributable verdict. This stan-
dardization enables direct model comparison while
retaining the source diversity of the original bench-
marks.

Table 7 summarizes the evaluation cover-
age. Following MiniCheck’s description of LLM-
AggreFact (Tang et al., 2024a), the first eleven sub-
sets cover fixed-document summarization, retrieval-
augmented question answering, post-hoc ground-
ing of answers generated before evidence is sup-
plied, open-domain QA reasoning-chain attribution,
and human-written Wikipedia claims with citations.
CLEARFACTS further adds CoverBench (Jacovi
et al., 2024a), HoVer (Jiang et al., 2020), and Sci-
Fact (Wadden et al., 2020), extending the evalua-
tion to complex claims over structured and semi-
structured evidence, multi-hop Wikipedia evidence,
and scientific abstracts.

The benchmark therefore evaluates more than
topical variation. Its evidence ranges from narrative
articles and dialogue transcripts to cited web pages,
Wikipedia passages, scientific abstracts, and struc-
tured or semi-structured sources. The CoverBench
portion draws on TabFact (Chen et al., 2020a),
FEVEROUS (Aly et al., 2021), FinQA (Chen
et al., 2021), PubMedQA (Jin et al., 2019), Mul-
tiHiertt (Zhao et al., 2022), HybridQA (Chen
et al., 2020b), QRData (Liu et al., 2024b), and
TACT (Caciularu et al., 2024), where verification
may require reading tables, financial records, struc-
tured records, or hybrid text-table contexts. While
all subsets are normalized to the same grounded-
verification protocol, their original task settings
require verifiers to handle different evidence orga-
nizations and application domains.

C Implementation Details

C.1 Baseline Details

We compare ATOMICCHECK against a broad range
of baselines, classified into General LLMs and Spe-
cialized Verifiers.



Subset

Task setting

Domain / evidence form

LIM-AggreFact subsets (Tang et al., 2024a)

Agg-CNN (Tang et al., 2023a)
Agg-XSum (Tang et al., 2023a)
Claim Verify (Liu et al., 2023)

ExpertQA Malaviya et al.,
2024)

FC-GPT (Wang et al., 2024)
LFQA (Chen et al., 2023)
RAGTruth (Niu et al., 2024)
Reveal (Jacovi et al., 2024b)
Tofu-MediaS (Tang et al.,

2024b)

Tofu-MeetB (Tang et al.,
2024b)

WiCE (Kamoi et al., 2023)

News summarization
News summarization

Generative search
grounding

Expert-domain QA and
attribution

Search-query response
checking

Long-form question
answering

Retrieval-augmented
generation
Reasoning-chain attribution
Dialogue summarization

Dialogue summarization

Wikipedia citation
grounding

CNN/DailyMail source articles and generated summaries
XSum source articles and generated summaries

Generative search-engine responses with associated cited
documents

Expert-curated questions across 32 fields; answer claims with
verified attributions to supporting evidence

Decontextualized atomic facts from LLM responses to search
queries with evidence documents

LLM-generated answers to ELIS questions evaluated against
retrieved or selected documents

RAG responses with span-level hallucination annotations across
summarization, QA, and data-to-text generation

Open-domain QA reasoning-chain steps with attribution labels
against retrieved Wikipedia passages
Topic-focused summaries over MediaSum interview dialogues

Topic-focused summaries over MeetingBank meeting transcripts

Naturally occurring Wikipedia claims with cited documents

Additional benchmarks introduced by CLEARFACTS

CoverBench (Jacovi et al.,
2024a)

HoVer (Jiang et al., 2020)
SciFact (Wadden et al., 2020)

Complex claim verification

Multi-hop claim verification
Scientific claim verification

Diverse complex claims over long, structured, tabular, financial,
biomedical, statistical, and hybrid evidence

Multiple Wikipedia documents per claim

Expert-written scientific claims paired with evidence-containing
research abstracts

Table 7: Task settings and evidence forms covered by the CLEARFACTS evaluation set.

General LLMs.
ing models using

GPT-40 (gpt—-40-2024-08-06), GPT-54
(gpt-5.4), ol (01-2024-12-17), o03-
mini  (03-mini-2025-01-31),  Gemini

We evaluate
their

the follow-
specific  versions:

mance.

 FactCG. We use FactCG-DBT? (Lei et al.,
2025), the only released version of FactCG.
Based on DeBERTa-v3-Large, it is trained on
52K data points including graph-based syn-

2.0-Flash (gemini-2.0-flash), Claude 3.7-
Sonnet (claude-3-7-sonnet-20250219),
and Claude 3.5-Haiku
(claude-3-5-haiku-20241022). Fol-
lowing the CLEARFACTS protocol used by
ClearCheck (Seo et al., 2025), we use the standard
CLEARFACTS prompt for these general LLM
baselines.

Specialized Verifiers.
specialized methods:

We compare against key

* MiniCheck. We employ MiniCheck-
7B! (Tang et al., 2024a). Fine-tuned on 35K
private synthetic samples generated by Llama-
3.1-405B-Inst, it outperforms models of com-
parable size and reaches GPT-4-level perfor-

"https://huggingface.co/bespokelabs/Bespoke-
MiniCheck-7B

’h

thetic claims. Following the official setting,
we use a prediction threshold of 0.5.

FaithLens. We evaluate the officially released
FaithLens-8B checkpoint3 (Si et al., 2025),
a specialized faithfulness hallucination detec-
tor trained with supervised fine-tuning and
rule-based reinforcement learning. FaithLens
starts from 52,268 training candidates: 35,554
SFT candidates synthesized by DeepSeek-
V3.2-Think with CoTs and explanations, plus
16,714 verified high-quality challenging ex-
amples reserved for RL. The SFT candidates
are further filtered to 11,929 examples for
cold-start fine-tuning. We use the released

ttps://huggingface.co/yaxili96/FactCG-DeBERTa-v3-

Large

3https://huggingface.co/ssz1111/FaithLens



AggreFact

Variant éﬁ% )?Sgligm S;?_:?; E)(()p;rt (I‘jl(’:T LFQA ’Il‘{r?lgl Reveal h}:;?as l\rl/;(e)siltlB WiCE 1(3:31‘1]3; HoVer SciFact Overall
w/o RL 827 770 865 761 89.0 844 860 91.1 87.6 826 798 769 82.1 88.5 83.3
Self-Training SFT 795 785 854 764 879 904 914 91.1 88.1 84.0 788 762 7385 84.9 82.9
Teacher-Distilled SFT 87.6 67.5 92.1 769 83.1 867 924 91.1 924 87.0 802 747 836 872 84.0
Outcome-only GRPO 85.8 80.6 87.6 785 90.1 877 903 922 86.1 84.4 877 769 84.6 88.6 85.3
ATOMICCHECK 835 778 932 815 924 899 902 933 85.7 854 855 789 86.8 93.2 86.6

Table 8: Full optimization-isolation comparison across all CLEARFACTS datasets (Macro-F1). Self-Training SFT
and Teacher-Distilled SFT use correctness- and format-filtered supervised traces; Outcome-only GRPO is trained

with 7,.. but without r¢y, and rq.

Baseline Generated Correct Retained Overall
Self-Training SFT 53,725 37,650 37,649 82.9
Teacher-Distilled SFT 53,725 35,920 34,856 84.0

Table 9: Construction statistics for the supervised pro-
tocol baselines. “Correct” counts trajectories whose
parsed verdict matches the gold label; “Retained” fur-
ther requires valid protocol formatting and is the data
actually used for SFT. Overall reports Macro-F1 on
CLEARFACTS.

checkpoint together with the official Faith-
Lens benchmark inference and prediction ag-
gregation pipeline. Since the original Faith-
Lens evaluation focuses on cleaned LLM-
AggreFact and HoVer, we replace those bench-
mark inputs with CLEARFACTS examples and
evaluate the released FaithLens checkpoint
under our CLEARFACTS protocol, extending
the comparison to all 14 subsets, including
CoverBench and SciFact.

* ClearCheck. We evaluate ClearCheck-
8B* (Seo et al., 2025). It is fine-tuned on
CoT reasoning traces generated by Llama-
3.1-405B-Inst on 57K ANLI examples and
25.2K private synthetic multi-hop data. Seo
et al. (2025) report that CoT and direct pre-
diction yield similar performance, but CoT
makes the output auditable; we therefore use
ClearCheck’s CoT outputs for interpretability
comparisons.

Supervised Protocol Baselines. Table 8 expands
the compact comparison in Table 2. The SFT
rows use the same 53,725 prompts as the RL
training mixture in Table 12; Table 9 reports
the generated, correct, and retained trajectory
counts for these supervised baselines. For each
prompt, we collect one protocol-style reason-
ing trajectory, parse the final verdict, and retain

*https://huggingface.co/just1nseo/ClearCheck-8B

only trajectories whose verdict matches the gold
label and whose <decompose>, <verify>,
<aggregate>, and <conclusion> tags form
a valid protocol instance. This filtering keeps the
SFT data comparable to the structured output space
used by ATOMICCHECK, while removing trajecto-
ries that are either incorrect or malformed.

The retained Self-Training SFT set contains
12,974 ANLI, 10,610 MINICHECK-SYN, and
14,065 HoVer trajectories. The retained Teacher-
Distilled SFT set contains 12,350 ANLI, 9,057
MINICHECK-SYN, and 13,449 HoVer trajecto-
ries; these teacher trajectories are generated by
Qwen3.5-122B-A10B. Both baselines use full-
parameter SFT for one epoch on the retained tra-
jectories. At evaluation time, both use the same
structured protocol template and think-mode de-
coding as the full model.

C.2 Training Efficiency

The contrastive decomposition reward introduces
only a modest training overhead. For each training
sample, we generate a single greedy holistic con-
tinuation. Under the same single-node 8 xH100
setting, the full ATOMICCHECK RL run takes 4.90
hours, compared with 4.05 hours for the Outcome-
only GRPO variant.

Software versions. RL training used Python 3.10
with PyTorch 2.6.0, Transformers 4.57.1, Datasets
4.0.0, FlashAttention 2.8.3, and Verl 0.4.0; final
evaluation and inference used vLLM 0.11.0.

D Additional Experiment Results

D.1 Impact of Training Datasets

Table 12 reports the training mixture used for
ATOMICCHECK. The ANLI and MINICHECK-
SYN portions follow the training data used by
MiniCheck (Tang et al., 2024a); ANLI is origi-
nally introduced by Nie et al. (2020). The HoVer



AggreFact

Models

Agg-CNN Agg-XSum ClaimVerify ExpertQA FC-GPT LFQA RAGTruth Reveal Tofu-MediaS Tofu-MeetB WiCE CoverBench HoVer SciFact Overall

Full

w/o MINICHECK-SYN
w/o ANLI

w/o HoVer

83.5
863
86.8
84.3

71.8
81.2
79.7
76.2

932
89.6
88.7
91.0

81.5
779
787
80.9

924
90.2
90.2
91.3

89.9
88.7
89.9
88.8

90.2
87.0
903
935

933
922
95.5
95.5

857
842
854
91.2

854
842
$8.0
85.2

85.5
833
789
844

789
80.1
794
79.8

6.8
86.8
86.5
84.0

93.2
91.0
89.8
86.3

86.6
85.9
86.0
86.1

Table 10: Detailed ablation analysis of the impact of removing specific training datasets (MINICHECK-SYN, ANLI,
HoVer). In each ablation run, the corresponding training component was removed, and the model was trained on the
remaining mixture using the same hyperparameters and total training steps as the full model. Bold and underline

denote best and second-best.

AggreFact
Agg- Agg- Claim Expert FC- RAG Tofu- Tofu- . Cover .
Models CNN XSum Verify QA GPT LFQA Truth Reveal MediaS MeetB WiCE Bench HoVer SciFact Overall
f=0.1(Ours) 83.5 77.8 932 815 924 899 902 933 857 854 855 789 868 932 86.6
£8=0.2 829 788 864 843 90.1 91.0 935 944 8.7 865 822 802 840 874 85.9
£ =0.3 835 844 920 80.7 946 837 83.0 944 84 795 822 789 86.1 88.6 86.0
£8=0.5 858 762 89.8 79.6 902 888 903 922 857 827 844 781 850 89.8 85.3

Table 11: Detailed sensitivity analysis of the contrastive

subsets (Macro-F1).

decomposition reward weight 8 across all evaluation

Source Split / origin Examples
ANLI MiniCheck-released ANLI train subset 21,159
MINICHECK-SYN  MiniCheck synthetic train subset 14,395
HoVer Original HoVer train split 18,171
Total 53,725

Table 12: Training data composition.

portion is drawn from the original HoVer training
set (Jiang et al., 2020).

Split-hygiene audit. After standard text normal-
ization, we check exact overlaps between the train-
ing set and CLEARFACTS at the statement level
and at the statement—document-pair level; for pair
matching, multiple reference documents are con-
catenated before comparison. We find no ex-
act overlap at either level, indicating that evalu-
ated claims and evaluated claim-evidence pairs are
not present in training. The training and evalua-
tion distributions also differ substantially: train-
ing documents are mostly short passages (median
113 words; 90th percentile 234 words), whereas
CLEARFACTS contains longer and more heteroge-
neous evidence (median 309 words; 90th percentile
1,343 words), including table-like and multi-line
evidence formats that are largely absent from train-
ing.

To evaluate the contribution of each component
in our composite training dataset (MINICHECK-
SYN (Tang et al., 2024a), ANLI (Nie et al., 2020),
HoVer (Jiang et al., 2020)), we conducted an abla-
tion study by removing one dataset at a time. In
each setting, the model was trained on the remain-

Datasets AggreFact HoVer CoverBench SciFact Overall

Full 87.7 86.8 78.9 93.2 86.6
w/0o MINICHECK-SYN 86.4 86.8 80.1 91.0 85.9
w/o ANLI 87.1 86.5 79.4 89.8 86.0
w/o HoVer 88.1 84.0 79.8 86.3 86.1

Table 13: Ablation analysis of training datasets on four
major categories (Macro-F1). Each row presents the per-
formance of a model trained on the remaining datasets
after removing the specified component. Detailed per-
subset results are provided in Appendix D.2.

ing mixture while keeping all training hyperparam-
eters and the total number of training steps identical
to the full model run.

Table 13 shows that each component dataset
contributes to overall generalization: removing
MINICHECK-SYN, ANLI, or HoVer reduces Over-
all Macro-F1 (86.6 — 85.9-86.1). The most strik-
ing transfer effect comes from HoVer: excluding
HoVer causes a large degradation on SciFact (93.2
— 86.3, -6.9), indicating that multi-hop verifica-
tion patterns learned from HoVer transfer strongly
to scientific claim verification.

D.2 Detailed Experiment Results

This section reports the per-subset breakdown of
the experimental results.

Table 10 presents the detailed ablation study,
showing the impact of removing specific training
datasets (MINICHECK-SYN, ANLI, HoVer) across
all 14 evaluation subsets.

Table 11 details the sensitivity of the model to
the contrastive decomposition reward weight 3,



reporting Macro-F1 for each subset under different
[ values.

Table 14 shows the detailed impact of the cur-
riculum stabilization duration 7y rm On the model’s
performance across the benchmark.

E Human Evaluation Protocol

To strictly assess the interpretability of the reason-
ing traces, we recruited three student volunteers
who are currently engaged in NLP research. Two
hold Bachelor’s degrees in Computer Science, and
one holds a Master’s degree. For the three-system
ranking study, we sampled 168 instances from the
subset where ATOMICCHECK, ClearCheck, and
FaithLens all predict the correct verdict: for each
of the 14 benchmark subsets, we selected 6 sup-
ported and 6 non-attributable examples. Each an-
notation item contains the claim, reference doc-
ument(s), gold label, and three anonymized rea-
soning traces, denoted as Model A, Model B, and
Model C. The correspondence between anonymous
identifiers and systems is independently random-
ized for each item to prevent position and identity
bias.

Human annotators independently rank the three
traces for each evaluation dimension. Rankings
may include ties, e.g., Model A > Model C >
Model B or Model A = Model C > Model B. Since
all systems in this study predict the correct verdict,
annotators are explicitly instructed to evaluate the
quality of the audit trail. The full annotation guide-
line is shown in Figure 4.

Aggregation. We convert each dimension-level
ranking into a ranking score. A strict three-way
ranking assigns 2, 1, and O points to the first-
, second-, and third-ranked traces, respectively,
while tied systems receive the average score of
their tied positions. For item ¢, dimension d, an-
notator j, and system m, let s; 4 ;(m) denote this
score. We first average scores across annotators:

Siam) = —— 3 siai(m).

|\ Ti.dl T

The reported ranking score for system m on dimen-
sion d is

Ny
1
RankScoreg(m) = N, Z 5;a(m).
i=1

Let 7,4 = argmax,, 5; 4(m’) be the set of sys-
tems tied for the highest averaged score on item ¢.

The first-place rate is computed as
1 ifl: Ilm € 7;

FirstPlaceRatey(m) = A 7,
d id

i=1
Thus, if two systems are tied for first on an item,
each receives 0.5 first-place credit for that item.
The overall score is computed as the mean of the
three dimension-level scores.

Inter-Annotator  Agreement. We  report
Kendall’s 73, a rank-correlation coefficient that ad-
justs for tied rankings. For each pair of annotators,
we compute 73, over the three anonymous systems
for each item and metric, excluding pairs where
both annotators mark a tie because they contain no
directional ordering information. Table 15 reports
the mean pairwise 7.

F Error-Inclusive Audit-Utility
Evaluation

The main trace-quality evaluation conditions on
examples where all systems predict the correct ver-
dict. To test whether traces remain useful when
verifiers fail, we additionally evaluate the exhaus-
tive shared-failure slice of CLEARFACTS, where
ATOMICCHECK, ClearCheck, and FaithLens all
predict the wrong final verdict. This slice contains
101 examples.

We use DeepSeek-V3.2 as an audit-utility judge.
The judge is instructed not to reward final-verdict
correctness, but to score whether a trace exposes
an inspectable audit surface, localizes the model’s
decision basis, and reduces the effort needed for a
human to verify or repair the decision. The prompt
is shown in Figure 11.

Results. Table 16 shows that ATOMICCHECK
receives the highest score on every audit-utility
dimension in the shared-failure setting. Although
all three systems reach an incorrect final verdict,
ATOMICCHECK s structured trace is judged easier
to inspect, localize, and repair (4.63 average vs.
3.75 for ClearCheck and 4.12 for FaithLens).

G Formal Protocol Constraints (7g;,)

We employ a binary format-compliance reward
rmt(y) € {0, 1} to enforce the structural validity
of the verifier’s output. The reward is deterministic:
rfme(y) = 1 if and only if the response passes the
validation checks described below. The validator
focuses on structure and parsability. Table 17 sum-
marizes the key paper-specific notation used for



AggreFact

Agg- Agg- Claim Expert FC- RAG Tofu- Tofu- .. Cover .
Models CNN XSum Verify QA GPT LFQA Truth Reveal MediaS MeetB WiCE Bench HoVer SciFact Overall
Twarm = 5 (Ours) 83.5 77.8 932 81.5 924 899 902 933 85.7 854 855 789 86.8 932 86.6
Twarm = 25 849 765 886 792 946 89.8 89.1 944 81.9 868 86.7 764 86.8 932 85.9
Twarm = 50 84.0 809 876 794 935 865 91.3 933 86.8 8.1 800 78.1 875 909 86.0

Twarm = 100 782 772 910 768 913 866 946 944 873 837 833 794 857 909 85.6
Twarm = 150 868 764 89.8 818 913 864 914 933 830 842 822 760 875 898 85.4

Table 14: Detailed sensitivity analysis of curriculum stabilization duration T\, across all evaluation subsets
(Macro-F1).

Task overview. Given a claim, its reference document(s), the gold verdict, and three anonymized verification traces, rank
Model A, Model B, and Model C by the quality of their audit trail. A better trace should be complete, precisely localized
when needed, faithful to the provided evidence, and clear enough for a human auditor to verify the decision. Do not reward
a trace merely for predicting the correct verdict, since all evaluated systems are correct on the selected examples. Do not
use verbosity or formatting style as the primary criterion unless the substantive quality of two traces is otherwise tied.

Evaluation metrics.
1. Verification Completeness: Does the trace verify every atomic detail in the claim?
» Rank higher the trace that explicitly checks all material entities, dates, quantities, relations, conditions, comparisons,
and conjunctions.
» Rank lower the trace that validates only an easy portion of a compound claim, omits a material qualifier, or provides
generic evidence without checking claim-specific details.
* Mark a tie when two traces cover or omit the same substantive facts with comparable specificity.
2. Localization Precision: Does the trace pinpoint the minimal failing part of the claim?
» Rank higher the trace that identifies the exact unsupported or contradicted sub-claim and explains why it fails.
 Prefer traces that distinguish contradiction from insufficient evidence when the distinction is supported by the
document.
* Rank lower the trace that only states that the claim is not supported, flags the wrong sub-claim, or gives an overly
broad failure explanation.
* For supported claims, mark this dimension as not applicable (N/A) rather than forcing a ranking.
3. Reasoning Faithfulness: Is the reasoning fully grounded in the claim and the provided document(s)?
¢ Rank higher the trace that uses only document-supported facts and does not overstate what the evidence proves.
* Rank lower the trace that fabricates evidence, introduces unsupported entities or values, quotes the document
inaccurately, or makes intermediate claims that do not follow from the evidence.
* Generic procedural text, such as stating that the model will check the claim, is not considered a hallucination unless it
introduces unsupported factual content.
* Mark a tie when two traces are comparably faithful or comparably unfaithful.

Figure 4: Annotation guideline for the three-system blind-ranking human evaluation.

Dimension Kendall’s 7, Metric ATOMICCHECK  ClearCheck  FaithLens

. R Audit surface 4.58-+0.87 3.394+1.41 4.04+1.39
Verification Completeness 0.583 Debug localizability ~ 4.66:093 3.90£150  414t140
Localization Precision 0.566 Correction effort 464104 3.97+1.62 4.17+152
Reasoning Faithfulness 0.453 Average 4.63+0.89 3.75+1.41 4.12+1.41
Average 0.541

Table 16: Error-inclusive audit-utility evaluation on the
exhaustive shared-failure slice, where all three systems
predict the wrong final verdict. Scores are mean=std on
a 1-5 scale; bold indicates the best system in each row.

Table 15: Inter-annotator agreement for the three-system
blind-ranking human evaluation.

the structured protocol, reward design, and human
evaluation.

conclusion, or their corresponding closing tags
Allowed Tags. The validator implements a (e.g., /decompose). Tags are case-sensitive (low-
strict whitelist. Any angle-bracket token  ercase required). The presence of any other tag
matching r"< (["> \s]+)>" must be one of: (e.g., <ref>, <Claiml>) results in rejection
think, decompose, verify, aggregate, (rfme = 0).



Required Sections. The response must con-
tain at least one non-empty instance of the fol-
lowing blocks: <decompose>,
<aggregate>, and <conclusion>.

<verify>,

Verdict Normalization. The content of the final
<conclusion> block is normalized (stripping
brackets, quotes, whitespace, and lowercasing) and
mapped to a canonical label. Accepted aliases in-
clude:

¢ Attributable:

“yesn’ “tI‘ue”.

“attributable”, “supported”,

* Contradictory: “contradictory”, “refuted”,

LR N3 L3

“false”, “no”.

* Not Attributable: “not attributable”, “unsup-
ported”, “unverifiable”.

If the normalized verdict does not match any alias,
the response is rejected.

Flatness Constraint. To ensure parsing robust-
ness, we enforce a strict non-nesting rule. The
response must be a sequence of top-level blocks.
Specifically: (1) For every allowed tag type, open-
ing and closing tags must be balanced. (2) In
the sequence of tags extracted from the text, ev-
ery opening tag must be immediately followed
by its corresponding closing tag. This prohibits

nesting (e.g., <verify>...<decompose>...

</decompose>...</verify> isinvalid).

Reference Implementation. The exact decision
procedure is summarized in Algorithm 1.

H Prompt Details

A core contribution of ATOMICCHECK is
the transition from free-form Chain-of-Thought
(CoT) to a strict Parsable Verification Proto-
col. To enable this, we design a structured
prompt that enforces an atomic operation work-
flow. The prompt explicitly defines three XML-
like tags—<decompose>, and
<aggregate>/<conclusion>—which serve
as delimiters for the corresponding reasoning
stages. This structure enhances the interpretability
of the verification process for human auditors.
Below, we provide the full prompt used for
ATOMICCHECK and the prompts used for the LLM-
as-a-Judge and audit-utility evaluations.

<verify>,

Algorithm 1 Format-Compliance Validator (7gy)

: input: response string y
. allowed < {think, . .., conclusion} (and closing tags)
tags < extract_tags(y)
: if has_disallowed_tag(tags, allowed) then
return 0
end if
: required <— required_blocks()
: for block € required do
content < extract_block_contents(y, block)
10:  iflen(content) = O then

=

11: return 0

12: end if

13:  if Vc € content, strip(c) = € then
14: return 0

15: end if

16: end for

17: verdict < normalize(last_conclusion(y))
18: if —is_canonical(verdict) then

19: return 0

20: end if

21: seq < extract_all_tags(y)

22: for i = 0 to len(seq) — 1 step 2 do

23:  ifis_closing(seq[i]) then

24: return 0

25: end if

26:  if seq[i + 1] # closing_tag(seq[i]) then
27: return 0

28: end if

29: end for

30: return 1

I Qualitative Case Studies

Presentation protocol. For readability, the fig-
ures provide source-audited, author-abridged case
displays rather than verbatim full inputs and model
outputs. These display edits do not change the
model predictions, gold labels, cited source val-
ues, output structure, or substantive reason why
each system succeeds or fails. We apply only
presentation-level transformations: (i) we omit any
reasoning before </think> and display only the
visible answer content after that marker; (ii) on
the input side, we excerpt long document or ta-
ble snippets; (iii) for ATOMICCHECK, we keep the
original structured output organization and stage or-
der, reproduce the original visible <decompose>,
<aggregate>, and <conclusion> fields, and
condense only <verify> to the locally relevant
evidence checks; (iv) for ClearCheck and Faith-
Lens, we summarize the visible rationale in the
model’s own failure pattern rather than reproducing
the entire trace; and (v) italicized Error or Analysis
text is our author annotation, not model-generated
text.

Temporal alias reversal. As shown in Figure 5,
this HoVer case interleaves several supported facts
about John Morgan with a reversed naming-history



relation. FaithLens and ClearCheck both verify
the surface facts—that John Morgan is a lawyer,
that he is associated with the museum, and that
the birth date is supported—but they treat the doc-
ument statement that the museum is “now oper-
ated as Alcatraz East” as if it supported the claim
that Alcatraz East was a previous name. This is a
partial-verification failure: correct atoms mask a
local contradiction. In contrast, ATOMICCHECK
applies its structured verification protocol to sep-
arate the identity, founder, birth-date, and alias-
history atoms. The verification step localizes the
alias-history atom as contradicted, preventing the
supported atoms from dominating the final synthe-
sis and yielding the correct contradictory verdict.

Derivable supported value. Figure 6 presents a
CoverBench case with a supported derived value
to show that the protocol does not merely make
the verifier stricter. The document states that the
August 2005 redemption of the 7.875% senior un-
secured notes had a total cost of $258.6, composed
of the $250.0 principal, accrued interest, and a $1.4
prepayment penalty. The accrued interest is there-
fore exactly $258.6 — $250.0 — $1.4 = $7.2, which
matches the claim’s interest-expense component.
FaithLens lists the total, principal, and penalty val-
ues but concludes that the document “does not
break down the exact components”; ClearCheck
extracts the total-cost decomposition and then as-
serts that the document “does not provide” the in-
terest expense. Both therefore reject a supported
claim because the target value is not stated literally.
ATOMICCHECK performs the implicit subtraction
inside the verification block and labels the derived-
interest atom as supported, producing the correct
verdict. This case shows that the protocol also
prevents derivable supported claims from being re-
jected when the local arithmetic is unambiguously
determined by the cited values.

Structured field constraints. Figure 7 highlights
partial verification in a LLM-AggreFact structured-
field setting. FaithLens collapses the weekday and
weekend hours, and ClearCheck extracts the rele-
vant hours but still accepts the statement. The error
is not retrieval alone; it is the failure to bind each
structured field to the corresponding claim compo-
nent. ATOMICCHECK decomposes the statement
into open-day, weekday-hour, and weekend-hour
obligations. This protocol makes the supported
open-day component separable from the contra-
dicted weekend time range, so the final decision

can be traced to the exact hours field that invali-
dates the claim.

Scientific causal polarity. Figure 8 covers a Sci-
Fact case where the central difficulty is not surface
retrieval but scientific polarity. FaithLens matches
the terms PKC(, tumorigenesis, and glutamine
metabolism, then treats the document statement
that loss of PKC( enhances tumorigenesis as sup-
port for the claim that PKC( itself causes tumor
enhancement. ATOMICCHECK decomposes the
claim into the causal subject and the metabolic
mechanism: the glutamine-metabolism mechanism
is supported, but the causal direction is contradicted
because the document characterizes PKC( as a
metabolic tumor suppressor. The final verdict is
therefore tied to the precise local scientific relation
that invalidates the claim.



Input Data
(Statement & Grounding Documents)

Statement:

John Morgan (lawyer), the founder of what
was formerly known as National Museum
of Crime & Punishment, previously Alcatraz
East, was born on March 31, 1956.

Document Snippet:

[1] Alcatraz East was formerly operated
as the National Museum of Crime &
Punishment.

[2] The National Museum closed in 2015
and is now operated as Alcatraz East.
[3]1 John Morgan (born March 31, 1956) is
an American lawyer; the museum was
created and built by attorney John Morgan.

Baselines
(FaithLens & ClearCheck)

FaithLens: answer=yes (Wrong)
<reason> Lists John Morgan as a
lawyer/founder and says the museum
was formerly National Museum of Crime
& Punishment, now Alcatraz East.

It concludes "no information ...
contradicts" the claim.

</r >< >yes</ >

Error: Relation inversion. The free-form
rationale treats "now operated as Alcatraz
East" as support for "previously Alcatraz
East", so the failure location is not auditable.

ClearCheck: [Attributable] (Wrong)
[Extraction] John Morgan is an
American lawyer.

[Extraction] He is creator/builder of
Alcatraz East, formerly operated as
National Museum of Crime &
Punishment.

[Extraction] He was born on March 31,
1956.

[Conclusion] So, the statement is
[Attributable].

Error: Partial verification. It verifies supported
atoms but never checks the temporal direction
of the alias relation, matching the introduction
concern about free-form rationales missing

ATOMICCHECK (Ours)

(Structure: Decompose-Verify-Synthesize)
<decompose>

- John Morgan is a lawyer. \

- John Morgan is the founder of what was formerly
known as National Museum of Crime & Punishment.
- The museum formerly known as National Museum
of Crime & Punishment was previously called
Alcatraz East.

- John Morgan was born on March 31, 1956.
</decompose>

<verify>

- Lawyer/founder/birthdate: Supported. Doc:
"John Morgan ... is an American lawyer" and
"created and built by attorney John Morgan".

- Previously called Alcatraz East: Contradicted.
Doc: "now operated as Alcatraz East", so
Alcatraz East is current, not previous.

</verify>

<aggregate> The statement contains a
contradiction regarding the naming history of the
museum. While the document confirms John Morgan
is a lawyer, the founder of the National Museum of
Crime & Punishment, and his birthdate, it directly
refutes the claim that the museum was previously
called Alcatraz East. Instead, the document states
Alcatraz East is the current name after the museum
closed in 2015. </aggregate>

<conclusion> [Contradictory] </conclusion>
(Correct)

local obligations.

Figure 5: HoVer case: temporal alias reversal. The claim combines several supported facts about John Morgan with
an incorrect naming-history relation. ClearCheck and FaithLens verify the supported atoms and accept the claim,
while ATOMICCHECK isolates the alias-history atom and identifies that Alcatraz East is the current name rather

than a previous one.

Input Data
(Statement & Grounding Documents)

Statement:

The total interest expense incurred by the
senior unsecured notes redeemed in
August 2005 was 7.2.

Document Evidence + Derived Check:

[1] Redemption Aug 2005: 7.875%
senior unsecured notes redeemed.

[2] Total cost: $258.6, which included
the principal, accrued interest, and a
prepayment penalty.

[3] Principal: $250.0; Prepayment
penalty: $1.4.

[4] Derived check: $258.6 — $250.0 —
$1.4 = $7.2 (accrued interest).

Baselines
(FaithLens & ClearCheck)

FaithLens: answer=no (Wrong)
<reason> States the document gives
the total cost $258.6 with principal
$250.0 and prepayment $1.4, but
does not break down the exact
components, so the interest expense
cannot be verified.

</r >< >no</: >

Error: Missed implicit derivation. Extracts the
total, principal, and penalty values but refuses
to subtract the known non-interest components
from total cost.

ClearCheck: [Not Attributable]
(Wrong)

[Extraction] Total cost = $258.6.
[Extraction] Components: principal,
accrued interest, and a prepayment
penalty of $1.4.

[Inference] However, the document
does not provide the total interest
expense.

[Conclusion] So, the statement is [Not
Attributable].

ATOMICCHECK (Ours)
(Structure: Decompose-Verify-Synthesize)

p

— —

<decompose>

- The total interest expense on the senior unsecured
notes redeemed in August 2005 was 7.2.
</decompose>

<verify>

Doc gives total cost $258.6 composed of principal
$250.0, accrued interest, and prepayment $1.4.
Therefore accrued interest = $258.6 — $250.0 —
$1.4 = $7.2, which matches the claim exactly.
Derived-interest atom: Supported.

</verify>

<aggregate> The document explicitly confirms
that the total cost of redeeming the senior
unsecured notes in August 2005 included $7.2 of
accrued interest. This directly aligns with the claim
about total interest expense. </aggregate>

<conclusion> [Attributable] </conclusion>
(Correct)

Error: Stops at literal-value absence and rejects
an arithmetically derivable supported claim.

Figure 6: CoverBench case: derivable supported value. The document gives the total cost ($258.6), principal
($250.0), and prepayment penalty ($1.4) for the August 2005 redemption of the 7.875% senior unsecured notes, so
the accrued interest is unambiguously $258.6 — $250.0 — $1.4 =$7.2. ATOMICCHECK performs this subtraction
inside the verification block and labels the derived-interest atom as supported, while ClearCheck and FaithLens
reject the claim because the target value is not stated literally.



Input Data
(Statement & Grounding Documents)

Statement:

The bar is open from Tuesday through
Sunday and operates between 4 pm and
midnight on weekdays and weekends.

Document Snippet:

[1] Hours field: Tuesday-Friday = 16:0-
1:0 (4 pmto 1 am).

[2] Hours field: Saturday-Sunday = 10:0-
1:0 (10 am to 1 am).

[3]1 Claim requires weekend hours to be 4
pm to midnight.

Figure 7: LLM-AggreFact case: structured field constraints. The open-day portion of the claim is supported, but
the weekend time range is contradicted by the structured hours field. ATOMICCHECK separates the supported and

Baselines
(FaithLens & ClearCheck)

FaithLens: answer=yes (Wrong)
<reason> Says all six days show
"16:0-1:0" and treats this as matching
"4 pm and midnight".
</reason><answer>yes</answer>

Error: Structured-field misread. It collapses
weekday and weekend hours and ignores the
exact weekend interval constraint.

ClearCheck: [Attributable] (Wrong)
[Extraction] Hours are Tue-Fri 16:0-1:0
and Sat-Sun 10:0-1:0.

[Inference] Weekdays: 4 pm-1 am;
weekends: 10 am-1 am.

[Conclusion] So, the statement is
[Attributable].

Error: Aggregation failure. It extracts the
contradictory weekend hours but does not
localize that they violate the claim's 4 pm-to-
midnight constraint.

contradicted sub-claims before producing the final verdict.

Input Data

(Statement & Grounding Documents)

Statement:

aPKCz causes tumour enhancement by
affecting glutamine metabolism.

Document Snippet:

[1] Mechanism: PKCC deficiency lets
cancer cells reprogram metabolism to
utilize glutamine through the serine
biosynthetic pathway.

[2] Polarity: loss of PKCC results in
enhanced intestinal tumorigenesis.

[3]1 Summary: PKCT is a critical
metabolic tumor suppressor.

Baselines
(FaithLens & ClearCheck)

FaithLens: answer=yes (Wrong)
<reason> Cites "loss of PKCT ...
enhanced intestinal tumorigenesis"
and the glutamine pathway, then
concludes the claim is fully
substantiated.

</r yes</

Error: Causal-polarity reversal. The rationale
matches the concepts PKCg, tumorigenesis,
and glutamine metabolism, but misses that
the document attributes enhancement to
loss/deficiency, not to PKCC itself.

ClearCheck: [Contradictory]
(Correct)

[Extraction] PKCC deficiency helps cells
utilize glutamine through the serine
biosynthetic pathway.

[Extraction] PKCC represses PHGDH
and PSAT1 and inhibits PHGDH activity.
[Inference] PKCT suppresses tumor
growth rather than causing tumour
enhancement.

[Conclusion] So, the statement is
[Contradictory].

Analysis: This Scifact case is included to cover

scientific verification; ClearCheck is correct here,

while FaithLens exhibits the local polarity error.

ATOMICCHECK (Ours)
(Structure: Decompose-Verify-Synthesize)

decompose>
- The bar is open from Tuesday through Sunday.

- On weekdays (Tuesday to Friday), the bar operates
between 4 pm and midnight.

- On weekends (Saturday and Sunday), the bar
operates between 4 pm and midnight.
</decompose>

<verify>

- Open days: Supported; Tue-Sun are listed.

- Weekday interval: Supported; Tue-Fri "16:0-1:0"
covers 4 pm-midnight.

- Weekend interval: Contradicted; Sat-Sun "10:0-
1:0", not 4 pm-midnight.

</verify>

<aggregate> The statement claims the bar
operates between 4 pm and midnight on weekends,
but the document specifies Saturday and Sunday
hours as 10:00 AM to 1:00 AM. This directly
contradicts the weekend operating hours mentioned
in the statement. </aggregate>

\gonclusion> [Contradictory] </conclusion>

ATOMICCHECK (Ours)
(Structure: Decompose-Verify-Synthesize)

<decompose>

- aPKCz causes tumour enhancement.

- The mechanism involves affecting glutamine
metabolism.

</decompose>

<verify>

- aPKCz causes tumour enhancement:
Contradicted. Doc states "PKCZ deficiency" and
"loss of PKCZ" enhance tumorigenesis, while PKCT
is a "tumor suppressor".

- Glut: ine- boli {3 i

Supported. Doc links PKCT deficiency to using
glutamine through the serine biosynthetic pathway.
</verify>

<aggregate> The document directly contradicts
the first sub-claim (aPKCz causing tumour
enhancement) by showing that PKCZ deficiency
(loss) leads to enhanced tumorigenesis. However,
the second sub-claim (affecting glutamine
metabolism) is supported. Since one sub-claim is
contradicted, the overall verdict is [Contradictory].
</aggregate>

<conclusion> [Contradictory] </conclusion>
(Correct)

Figure 8: SciFact case: scientific causal polarity. The document links glutamine metabolism to PKC( deficiency
and states that PKC( is a tumor suppressor. FaithLens matches the overlapping scientific terms but reverses the
causal polarity, while ATOMICCHECK localizes the contradicted causal subject and direction.



### ROLE DEFINITION
You are a meticulous fact verifier. You must base your entire analysis exclusively on the provided DOCUMENT. Your
reasoning must follow a structured process using these atomic operations:

Step 1: Decompose
Break the STATEMENT into a list of small, independently verifiable sub-claims. Write the output inside <decompose>
and </decompose>. Each sub-claim must be faithful, atomic, and self-contained.

Step 2: Verify
For each sub-claim, analyze the DOCUMENT to determine if it is supported, contradicted, or unverifiable. Write your
analysis inside <verify> and </verify> tags.

Step 3: Synthesize

Once all sub-claims have been verified, construct the judgment:

« First, synthesize the results into a final explanation inside <aggregate> tags.
 Then, provide the final verdict inside <conclusion> tags.

### VERDICT RULES

The verdict must be one of the following:

1. [Attributable]: IF AND ONLY IF all sub-claims are supported.

2. [Contradictory]: IF any sub-claim is contradicted.

3. [Not Attributable]: IF no contradictions, but at least one sub-claim is unverifiable.

### INPUT DATA
DOCUMENT: {document}
STATEMENT: {statement}

Figure 9: Prompt used for ATOMICCHECK training and inference.



### ROLE DEFINITION
You are an expert fact-verification auditor. Evaluate the model’s verification trace against the provided document and claim.
Focus on trace quality, auditability, and evidence alignment.

### METRICS

1. Verification Completeness: Did the trace verify every atomic fact in the claim? For this metric, treat an “atomic fact” as
a checkable unit in the claim (e.g., entities, relations, numbers, dates, locations, negations, and any conditions/clauses).
A generic statement such as “all details match” does NOT count as verifying unaddressed sub-claims.

* 5 = Explicitly covers all atomic sub-claims with a clear chain (sub-claim — document evidence — judgment)
¢ 3 = Verifies the main proposition but skips secondary qualifiers/conditions or other atomic details
* 1 = Partial verification error: ignores a key sub-claim that could change the verdict
2. Localization Precision (Not Attributable only; label = NS): For NS cases, does the trace pinpoint the minimal failing
sub-claim and whether it is contradicted by the document or simply lacks supporting evidence?
¢ 5 =1Isolates the minimal failing atomic statement, states whether it is contradicted or lacks supporting evidence,
and cites auditable evidence with a short quote from the document

* 3 = Identifies a general area of failure but does not isolate the minimal failing sub-claim and/or lacks an auditable
quote

* 1 = Generic “not attributable/contradicted” conclusion, wrong localization, or no localization
3. Reasoning Hallucination: Does the trace introduce incorrect information beyond the claim and the document? Consider
two types of hallucination:
* Claim-side hallucination: introduces details or “error points” that are not part of the claim, treating them as if the
claim asserted them
* Document-side hallucination: fabricates evidence or details not in the document, or misrepresents/overstates what
the document supports
* 5 = No hallucination. Any added context is clearly framed as non-factual (e.g., a checking plan, definitions,
uncertainty such as “may/might”) and is not used as factual justification
* 3 = Minor hallucination. States a small number of unsupported factual details, but they are peripheral and not used
to justify the verdict; they do not add key atomic facts (numbers/dates/entities/relations/negations/conditions)

* 1 = Severe hallucination. Adds unsupported or incorrect key facts, fabricates/misrepresents evidence, or relies on
hallucinated details to justify the verdict

### IMPORTANT

e Use ONLY the provided document; do not use outside knowledge

» Focus on reasoning quality, not the final label; even if the prediction matches the ground-truth, penalize missing sub-
claims or hallucinated content

* If the ground-truth label is Supported (S), set localization to 5 and write “N/A (Supported)” in the reason

¢ Keep the reason brief (1-2 sentences)

### INPUT

¢ Document: {document}

¢ Claim: {claim}

¢ Ground-truth Label: {label}

¢ Model Verification Trace: {trace}

### OUTPUT JSON ONLY
{ "completeness": int, "localization": int, "faithfulness": int, "reason":
"brief explanation" }

Figure 10: Prompt used for the all-correct trace-quality judge in Table 6. This judge evaluates completeness,
localization, and faithfulness while holding final-verdict correctness fixed.



### ROLE DEFINITION
You are an expert fact-checking audit evaluator. Your task is to evaluate whether a model’s verification trace is useful as an
audit/debugging artifact for a human reviewer.

### IMPORTANT DISTINCTION

* Do not simply reward the trace for having the correct final verdict.

* A trace with a wrong final verdict can still receive a high audit score if it exposes the model’s own decomposition, local
evidence checks, decisive local judgment, and likely failure point clearly enough for a human to inspect or correct it.

* Conversely, a trace with a correct final verdict can receive a low audit score if it is opaque, generic, or hard to localize.

* Use only the provided document and claim. Do not use outside knowledge.

### METRICS
1. Audit Surface: Does the trace expose inspectable intermediate structure?
* 5 = clear units/subclaims, local checks, final synthesis/conclusion, and an auditor can identify what was checked
* 3 =some reasoning is visible, but units/local checks are incomplete or hard to separate
* 1 = mostly opaque, generic, or only a final answer
2. Debug Localizability: If a human disagrees with the model’s final verdict, can they quickly locate the exact trace step
or local claim that caused the decision?
* 5 =decisive local step is explicit and easy to inspect, even if it is wrong
* 3 =broad reason is visible but the decisive local step is ambiguous
* 1 =no clear way to locate the model’s failure or decision basis
3. Correction Effort: How easy would it be for a human to correct or verify the trace?
* 5 =small, localized edit/check would repair or confirm the decision
* 3 =requires reading much of the trace/document
* 1 =requires reconstructing the reasoning from scratch

### OUTPUT JSON ONLY

{"audit_surface": int, "debug_localizability": int, "correction_effort": int,
"reason": "brief 1-2 sentence explanation"}

### INPUT

¢ Document: {document}

¢ Claim: {claim}

¢ Ground-truth Label: {label}

¢ Model Verification Trace: {trace}

Figure 11: Prompt used for the error-inclusive audit-utility judge in Table 16. This judge evaluates audit surface,
debug localizability, and correction effort without rewarding final-verdict correctness.



Symbol

Description

Structured Verification Protocol

o A generated structured verification trajectory.
<decompose> Protocol block that splits the original claim into checkable sub-claims.
<verify> Protocol block that verifies each sub-claim against the provided evidence.
<aggregate> Protocol block that combines local verification results.
<conclusion> Protocol block that emits the final parsed verdict.
Reward Functions
Tace Outcome reward indicating whether the parsed verdict matches the gold verdict.
Tfmt Format reward indicating whether the trajectory satisfies the structured protocol constraints.
Ted Contrastive decomposition reward comparing a decomposed trajectory with a holistic baseline.
o™ The same-backbone holistic baseline trajectory that checks the original claim without
decomposition.
Ff([flz The average format reward over rollouts at training step ¢.
¥ The gate indicator that activates contrastive decomposition reward after format stabilization.
Tgated The gated contrastive decomposition reward, y - rcq.
R The final weighted reward used for policy optimization.
Reward and Curriculum Hyperparameters
A The coefficient balancing outcome accuracy and format adherence in the total reward.
B The coefficient controlling the strength of the contrastive shaping signal.
T The threshold used to activate the curriculum gate ~.
Twarm The empirical warmup duration before decomposition-specific reward is activated.
Human Evaluation
Si,d,;(m) The ranking score assigned to system m for item ¢, dimension d, and annotator j.
5:.4(m) The annotator-averaged ranking score for system m on item ¢ and dimension d.
RankScoreq(m) The mean ranking score of system m on evaluation dimension d.
FirstPlaceRateq(m) | The fraction of examples where system m is tied for or assigned first place on dimension d.
Th Kendall’s rank-correlation coefficient used to report inter-annotator agreement.

Table 17: Summary of key paper-specific notation.
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