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Abstract

Existing methods for evaluating the factuality
of long-form LLM responses decompose text
into atomic claims and verify each indepen-
dently, retrieving evidence separately for ev-
ery claim. This atom-independence assump-
tion causes substantial retrieval redundancy, be-
cause adjacent claims in coherent text often
draw from overlapping sources, a property we
term semantic locality. We propose Segment-
Fact, a deterministic factuality assessor that
partitions responses into semantic segments,
extracts claims within each segment’s local con-
text, and propagates retrieved evidence forward
through a shared pool. Experiments on multi-
ple benchmarks show that SegmentFact signifi-
cantly reduces retrieval calls while maintaining
accuracy comparable to existing detections.

1 Introduction

Factual accuracy proves fragile when large lan-
guage models (LLMs) generate long-form re-
sponses (Wang et al., 2024b). A model may fabri-
cate a nonexistent academic title in the same sen-
tence where it correctly states a historical figure’s
birthplace, or invent a fictitious clinical trial out-
come immediately after accurately describing a
drug’s mechanism of action (Zhang et al., 2025;
Huang et al., 2025). Such hallucinations pose se-
vere reliability risks in high-stakes domains such
as healthcare and legal reasoning (Tonmoy et al.,
2024).

The prevailing approach follows the decompose-
then-verify paradigm (Min et al., 2023; Song et al.,
2024; Wei et al., 2024; Wang et al., 2024a): the
response is first decomposed into atomic claims
and decontextualized to make each claim self-
contained; evidence is then independently retrieved
for each claim from an external knowledge source
(e.g., Wikipedia or a search engine); finally, each
claim is verified against its retrieved evidence and
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Figure 1: Average evidence overlap between atom pairs
as a function of textual distance, computed on a sampled
subset of the evaluation data. Adjacent atoms share
substantially more retrieved evidence than distant ones.

the results are aggregated into a response-level fac-
tuality score. Despite the diverse techniques at the
verification stage, ranging from prompt-based clas-
sification (Min et al., 2023; Song et al., 2024) to
probabilistic graphical model inference (Marinescu
et al., 2025), they share a core assumption: atom
independence.

Real long-form responses, however, are not
loose collections of unrelated facts. Consider a
biographical passage about Einstein (Figure 1): the
Wikipedia article retrieved for the claim “Einstein
was born in Ulm” almost certainly also covers
his education and major publications. Adjacent
claims in coherent text naturally draw on overlap-
ping sources—a regularity we term semantic local-
ity. The atom-independence assumption ignores
this locality, issuing redundant retrieval calls for
every claim. Meanwhile, decontextualization in-
troduces its own risks: the rewriting model may
hallucinate (e.g., incorrectly replace referents), and
each extra inference call adds latency and cost.

Recent work has begun to address different
facets of these problems. DNDSCORE (Wanner
et al., 2025) reveals the information loss inherent in
decontextualization; FASTFACT (Wan et al., 2025)
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proposes chunk-level extraction to reduce infer-
ence calls; MERMAID (Cao et al., 2026) introduces
memory-based evidence reuse within the frame-
work. To date, no method addresses context loss,
retrieval redundancy, and inter-claim evidence de-
pendencies simultaneously within the pipeline.

To bridge this gap, we propose SEGMENTFACT.
The framework partitions the response into co-
herent semantic segments via a greedy merging
strategy based on sliding windows and sentence-
embedding cosine similarity, and extracts atomic
claims directly within each segment’s local context.
The core mechanism is a shared evidence pool
maintained across segments: before verifying each
claim, the system checks whether the pool already
contains sufficiently relevant evidence; if coverage
is adequate, external retrieval is skipped; otherwise,
a new retrieval call is issued and the newly obtained
documents are propagated forward to subsequent
semantically similar segments based on embedding
similarity.

Our experiments aim to answer: Can exploit-
ing semantic locality for evidence reuse substan-
tially reduce retrieval cost while maintaining (or
even improving) verification quality? We evaluate
SEGMENTFACT on multiple long-form factuality
benchmarks and conduct ablation studies to iso-
late the individual contributions of each compo-
nent. We treat Biographies, which provides human-
annotated atomic facts, as our primary benchmark
for evaluating verification accuracy. AskHistori-
ans and ELI5 do not provide comparable claim-
level human annotations; following prior work, we
therefore use them primarily to examine whether
the retrieval-efficiency gains generalize across do-
mains, while reporting system-assessed factuality
metrics for completeness.

Our main contributions are as follows:
• We formalize the regularity that adjacent

claims share evidence sources as semantic lo-
cality, and we validate its prevalence through
large scale empirical analysis, providing a the-
oretical foundation for evidence reuse.

• We propose a forward propagation strategy
based on a shared evidence pool and a simi-
larity threshold that addresses retrieval redun-
dancy and inter-claim evidence dependencies.

• Experiments show that SEGMENTFACT

significantly reduces retrieval calls while
maintaining comparable factuality detection
accuracy. Ablation studies further reveal
the critical role of semantic locality in

driving efficiency gains. Code is available at
https://github.com/insait-institute/
Retrieve-Few-Verify-Many.

2 Related Work

Long-Form Factuality Evaluation. Early
benchmarks such as TruthfulQA (Lin et al.,
2022) and HaluEval (Li et al., 2023) target
short-form outputs. For long-form responses, the
decompose-then-verify paradigm has been domi-
nant: FACTSCORE (Min et al., 2023) decomposes
biographies into atomic claims and checks each
against Wikipedia; VERISCORE (Song et al., 2024)
and SAFE (Wei et al., 2024) extend retrieval to
open-domain search; FACTREASONER (Marinescu
et al., 2025) applies probabilistic graphical-model
inference for more calibrated scoring. Beyond
factuality assessment, recent work has also shown
that LLM reasoning is sensitive to semantic
structure and contextual ambiguity, highlighting
the importance of preserving meaningful semantic
context during reasoning (Zhang et al., 2026).
Despite differing verification strategies, all of them
retrieve evidence independently per claim, making
the retrieval budget scale linearly with the number
of atoms n—a growing bottleneck as responses
become longer.

Efficiency and Evidence Reuse. Recent work
addresses different facets of this bottleneck. FAST-
FACT (Wan et al., 2025) reduces inference cost
via chunk-level extraction but still retrieves per
claim. DNDSCORE (Wanner et al., 2025) identifies
hallucination risks in decontextualization yet does
not share evidence across claims. MERMAID (Cao
et al., 2026) caches retrieved evidence in a mem-
ory module, but relies on a loop that is hard to
analyze. More broadly, structured memory mecha-
nisms have also been explored outside factuality as-
sessment to reuse historically relevant information
while improving retrieval and memory efficiency
(Wang et al., 2026). Our SEGMENTFACT unifies
segment-level extraction, decontextualization-free
verification, and deterministic forward evidence
propagation.

3 Problem Statement

3.1 Long-Form Factuality

Let y be the long-form response generated by an
LLM to a query x. Following prior work (Min et al.,
2023; Song et al., 2024; Wei et al., 2024), y is de-
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composed into n atomic units Ay = {a1, . . . , an}.
Given an external knowledge source C (e.g.,
Wikipedia or Google Search), an atom ai is sup-
ported if some passage in C undebatably entails it;
otherwise it is not supported.

The factual precision of y is defined as:

Pr(y) =
S(y)

|Ay|
(1)

where S(y) =
∑n

i=1 I[ai is supported]. Combin-
ing precision with the factual recall RK(y) =
min(S(y)/K, 1) yields the F1@K score (Wei
et al., 2024):

F1@K(y) =
2 · Pr(y) ·RK(y)

Pr(y) +RK(y)
(2)

where K denotes the number of supported atoms
required for full recall.

3.2 The Atom-Independence Assumption
Existing methods process each atom independently:
they retrieve contexts Ci ⊂ C for ai, verify ai
against Ci, and discard Ci before processing ai+1.
Even FACTREASONER, which builds a joint graph-
ical model over atoms and contexts, retrieves evi-
dence independently per atom. The total retrieval
cost is therefore n calls, regardless of document
overlap among atoms.

3.3 Semantic Locality
We formalize the observation that motivates our
approach. Given atomsAy and their top-k retrieved
evidence sets C, we define the evidence overlap
between atoms ai and aj as:

Overlap(ai, aj) =
|Ci ∩ Cj |
|Ci ∪ Cj |

(3)

A response exhibits semantic locality when evi-
dence overlap tends to decrease as the textual dis-
tance |i − j| between atoms increases. Figure 1
plots the average evidence overlap as a function
of atom distance on a sampled subset of the eval-
uation data. Adjacent atoms share 0.62 of their
top-3 retrieved evidence on average, while atoms at
distance 5 or greater share only 0.08. The overlap
decreases steadily with distance (0.62→ 0.44→
0.29→ 0.18→ 0.08), providing preliminary em-
pirical support for the semantic locality hypothesis.

Semantic locality implies that a significant frac-
tion of retrieval calls in the standard paradigm are
redundant. Our framework exploits this by propa-
gating evidence forward along the response.

4 SegmentFact

We present SEGMENTFACT, a segment-oriented
factuality verification framework for long-form re-
sponses.

4.1 Semantic Segmentation
Given a response y, we first split it into sentences
{s1, . . . , sL}. To capture local semantic continuity,
we apply a sliding window of size w and stride
δ over the sentence sequence, producing a set of
overlapping windows {w1,w2, . . .}. Each window
is represented by the mean of its sentence embed-
dings, where Enc(·) denotes a pre-trained sentence
encoder.

et =
1

|wt|
∑

s∈wt

Enc(s) (4)

Adjacent windows are then greedily merged
when their cosine similarity exceeds a threshold
τs. This produces coarse semantic regions that
remain faithful to the original response order. To
avoid degenerate cases, segments shorter than wmin

sentences are absorbed into their nearest neighbor-
ing segment, while segments longer than wmax are
further split. The final output is an ordered set of
non-overlapping semantic segments:

Sy = {g1, g2, . . . , gG}. (5)

This segmentation stage corresponds to the left
module in Figure 2. Unlike topic clustering over
globally mixed content, our method constrains each
segment to be a contiguous span in the response,
thereby preserving discourse order and enabling
subsequent forward evidence propagation.

4.2 Context-Preserving Atom Extraction
After segmentation, SEGMENTFACT processes
each segment gi as a locally coherent semantic
unit. Instead of treating sentences independently,
we feed the full segment text to an LLM atomizer,
which decomposes the segment into a set of fine-
grained, verifiable atomic claims:

Agi = Atomize(gi.text, gi.context) (6)

Here, Agi denotes the atom set extracted from
segment gi. Operating at the segment level allows
the atomizer to preserve local discourse phenom-
ena such as entity continuity, anaphora, temporal
qualifiers, and cross-sentence semantic dependen-
cies. As a result, the extracted atoms remain fine-
grained enough for factual verification while still
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Figure 2: Overview of the SEGMENTFACT pipeline. The method first partitions a response into semantic segments,
then extracts atomic claims from each segment with local context preserved, and finally verifies them through
retrieval with forward evidence propagation using a shared evidence pool.

being grounded in the local context from which
they originate.

This design is particularly important for long-
form responses, where a single fact may depend
on information distributed across multiple adjacent
sentences. By extracting atoms within semanti-
cally coherent segments, the method maintains a
stable alignment between each atomic claim and its
supporting context, which in turn improves down-
stream retrieval and NLI-based verification.

Aggregating over all segments yields the full
atom set for response y:

Ay =

G⋃

i=1

Agi . (7)

This stage corresponds to the middle module in
Figure 2, where the LLM atomizer extracts atomic
claims from each segment while preserving local
context.

4.3 Retrieval with Forward Evidence
Propagation

The core verification mechanism of SEGMENT-
FACT is shown in the right module of Figure 2. The
system processes segments sequentially and main-
tains a shared evidence pool P , initialized as empty.
In addition, each future segment gj is associated
with an evidence queueQgj , which stores evidence
pre-allocated from earlier verification steps. As the
pipeline advances from g1 to gG, retrieved evidence
can therefore be reused both globally through P
and locally through the segment-specific queues.
For each atom a ∈ Agi , the system performs the
following steps.

Pool Check. The verifier first examines previ-
ously collected evidence before issuing any new
retrieval request. Specifically, it retrieves the top-
k documents from the current reusable evidence
sources (i.e., the shared pool P and the current
segment queue Qgi) whose embedding similarity
to atom a exceeds a threshold τr. This step cor-
responds to the Pool Check module in Figure 2.
Its purpose is to maximize evidence reuse across
semantically related claims.

Coverage Decision. If at least κ relevant docu-
ments are found during the pool check, the system
regards the atom as sufficiently covered by existing
evidence and skips external retrieval. Otherwise, it
calls an external retriever to obtain fresh evidence:

Ca = Retrieve(a, gi.context). (8)

This adaptive decision reduces unnecessary re-
trieval while preserving the ability to gather new
evidence when coverage is inadequate. In Figure 2,
this corresponds to the Retrieve if Needed step.

NLI Verification. Next, each candidate evidence
document is paired with the atom a together with
its segment context, and the pair is classified by an
NLI model into one of three labels:

{entailment, contradiction, neutral}.

Let nent, ncon, and nneu denote the number of ev-
idence documents assigned to each relation. We
assign the final atom label by aggregating these
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NLI outcomes:

l̂(a) =





S, nent > 0, ncon = 0

NS, ncon > 0, nent = 0

U, otherwise

(9)

where S, NS, and U denote Supported, Not Sup-
ported, and Uncertain, respectively. This step cor-
responds to the NLI Verification block in the figure.

Pool Update and Forward Propagation. Any
newly retrieved evidence Ca is added to the shared
pool P . The method then examines whether these
documents may also be useful for later segments.
For each future segment gj with j > i, if the evi-
dence has sufficient semantic similarity to the seg-
ment representation, the document is pre-allocated
to the future segment queue Qgj :

Qgj ← Qgj ∪ {d ∈ Ca | sim(d, gj) ≥ τp}, (10)

where τp is the propagation threshold. In this way,
evidence retrieved for early segments can be for-
warded to semantically related later segments be-
fore those segments are processed. This realizes
the Forward Propagation mechanism.

The combination of the shared evidence pool
and segment-specific queues enables a sequential
“retrieve once, reuse multiple times” verification
process. This is especially beneficial for long re-
sponses, where neighboring segments often discuss
the same entity, event, or topic from slightly differ-
ent angles.

Retrieval Reduction. Let Ractual be the number
of external retrieval calls actually issued, and let
Rbase = |Ay| denote the baseline number of re-
trieval calls if each atom triggered retrieval inde-
pendently. We measure retrieval reduction as

∆R = 1−Ractual/Rbase. (11)

A larger ∆R indicates that the proposed propaga-
tion mechanism more effectively reuses evidence
and avoids redundant retrieval.

Pipeline Variants. To isolate the contribution
of each component, we consider three configura-
tions: SF-B, which removes both the shared pool
and forward propagation and serves as a baseline
for segment-level extraction; SF-P, which uses a
shared evidence pool but does not proactively for-
ward evidence to later segments; and SF-F, the full
SEGMENTFACT pipeline with both shared pooling
and forward evidence propagation.

5 Experiments

5.1 Experimental Setup

Our experiments employ the pipeline framework
based on FACTREASONER (Marinescu et al.,
2025).

Benchmarks and Baselines. We evaluate on
three long-form factuality benchmarks.

Biographies (Min et al., 2023): This is the
dataset containing 157 biographies generated by
ChatGPT for various person entities that have a
Wikipedia page, where each passage is associated
with a set of human-annotated atomic facts labeled
as supported (S) or not-supported (NS).

AskHistorians (Xu et al., 2023): This dataset
contains 200 questions sourced from the Reddit
forum r/AskHistorians.

ELI5 (Xu et al., 2023): This dataset contains
200 questions sourced from the Reddit forum r/ex-
plainlikeimfive.

For AskHistorians and ELI5, we follow the ex-
perimental setup of Marinescu et al. (2025).

For baseline, We compare against four rep-
resentative systems: FACTSCORE (Min et al.,
2023), VERISCORE (Song et al., 2024), FACTVER-
IFY (Bayat et al., 2025), and FACTREA-
SONER (Marinescu et al., 2025).

For FactReasoner, we use the authors’ official
open-source implementation with its default config-
uration. FactReasoner’s verification procedure can
aggregate evidence across atoms through its graph-
ical model. However, its retrieval stage still issues
evidence-retrieval requests independently for indi-
vidual atoms. Our comparison therefore focuses on
retrieval efficiency rather than claiming an advan-
tage in verification-stage evidence aggregation.

Metrics. We report: (i) Acc: claim-level ac-
curacy, the percentage of atoms whose pre-
dicted label matches the ground-truth annota-
tion; (ii) F1: macro-F1 over {Supported, Not-
Supported}; (iii) Ret: average number of retrieval
calls per response; (iv) ∆R (%): retrieval reduction
relative to the per-atom baseline (1− Ret/Retbase).

Implementation Details. All methods use
GPT-4o-mini as the extraction and verification
LLM, and Google Search (via Serper API, q=5
results per query) as the retrieval backend, ensur-
ing a fair comparison of pipeline design rather
than model capacity. We use all-MiniLM-L6-v2
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Biographies AskHistorians ELI5
Method Acc F1 F1@K MAE↓ #S #U Ret↓ Pr F1@K #S #U Ret↓ Pr F1@K #S #U Ret↓
FActScore 71.48 50.24 49.82 9.21 17 12 29.6 82.34 80.17 18 – 23.2 86.27 84.53 19 – 22.8
VeriScore 72.85 51.26 50.93 18.64 14 16 30.1 66.42 65.53 15 7 22.4 78.14 77.39 17 4 21.3
FactVerify 73.21 53.21 52.78 7.83 18 11 29.0 71.18 70.46 16 6 22.8 81.56 80.21 18 3 21.6
FactReasoner 73.34 41.41 41.12 17.52 14 13 27.3 76.73 74.25 17 5 22.3 86.41 85.47 19 2 21.2

SEGMENTFACT 73.37 53.29 53.01 5.14 19 12 16.6 77.51 76.38 17 2 14.3 87.26 86.15 18 1 12.1

Table 1: Main results across three benchmarks. Metric reporting follows Marinescu et al. (2025). Pr denotes
claim-level precision (%); F1, macro-F1 (%, labeled only); F1@K, F1 at median K (%); MAE, mean absolute
error (labeled only); #S/#U, mean numbers of supported and undecided atoms; and Ret, the average number of
retrieval calls per response. Best results are shown in bold.

as the sentence encoder. Default hyperparame-
ters: sliding window w=3, stride δ=1, segmen-
tation threshold τs=0.75, pool relevance threshold
τr=0.70, minimum coverage κ=2, segment size
bounds [wmin, wmax]=[2, 8]. Prompt templates are
in Appendix.

5.2 Main Results
Table 1 summarizes the main results. We organize
the discussion around two dimensions: verification
quality and retrieval efficiency.

Comparable verification quality. On Biogra-
phies, SEGMENTFACT achieves the highest Acc
(73.37%) and F1 (53.29%), closely matching the
strongest baseline FactVerify (+0.16 Acc, +0.08
F1). The margins among the top systems are small,
indicating that segment-level extraction and evi-
dence pooling preserve verification quality rather
than trading it for speed. FactReasoner attains
competitive accuracy but notably lower F1 (41.41).
While Differences in Acc among the top three
systems on Biographies are within 0.2 percentage
points; we do not claim statistical significance for
these margins.

On AskHistorians and ELI5, we report system-
assessed Pr and F1@K following the evaluation
protocol of Marinescu et al. (2025). These metrics
should be interpreted as reflecting each assessor’s
own judgments rather than agreement with human
labels. Accordingly, we use these two datasets
primarily as efficiency-generalization benchmarks:
they test whether the reduction in retrieval calls per-
sists beyond biographies, rather than providing an
independent human-grounded evaluation of factual-
ity accuracy. Under this protocol, SEGMENTFACT

produces Pr and F1@K scores that are competi-
tive with or slightly above the baselines on both
datasets, indicating that segment-level processing
does not degrade the assessor’s verification behav-
ior.

Substantially reduced retrieval cost. The pri-
mary advantage of SEGMENTFACT lies in retrieval
efficiency. On Biographies, it issues only 16.6
retrieval calls per response—a 39.2% reduction
compared to the most efficient per-atom baseline
FactReasoner (27.3 calls) and a 43–45% reduction
compared to the remaining baselines (29.0–30.1
calls). Similar trends hold on AskHistorians (14.3
vs. 22.3–23.2) and ELI5 (12.1 vs. 21.2–22.8), con-
firming that the savings generalize across domains.

The evidence pool contributes an average of 5.6
reused evidence batches per response on Biogra-
phies, totaling 11.9 reused documents. This means
roughly one-quarter of all verification decisions are
made entirely from previously retrieved evidence,
without issuing any new search queries. These
results validate the semantic locality hypothesis:
topically coherent segments share retrievable evi-
dence, and forward propagation effectively exploits
this structure to eliminate redundant retrieval.

5.3 Ablation Studies
To isolate the contribution of each component,
we evaluate three pipeline variants alongside ad-
ditional controlled ablations. The ablations are
conducted on the subset of Biographies responses.
We use this subset since it contains longer and
more fact-dense responses than the full benchmark,
providing sufficient claim-level observations for
component-wise analysis. Note that the absolute
F1 values of this subset can not be directly com-
pared with those in Table 1. The ablation analysis
is intended for within-subset comparisons between
configurations.

Evidence pool (SF-B → SF-P). Adding the
shared evidence pool without active propagation al-
ready reduces retrieval calls by 17.4% (from 19.0 to
15.7 per response), with negligible accuracy change
(+0.37 F1). This confirms that the pool passively
captures intra-segment evidence overlap.
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Metric SF-B SF-P SF-F

Acc (%) 81.01 79.89 82.25
F1 (%) 64.44 64.81 72.39
Ret 19.0 15.7 15.3
Pool 0.0 3.7 4.0
∆R (%) – 17.4 19.5

Controlled Ablations (Decomposition Strategy)

Metric Sent+Decontext Sent−Decontext

Acc (%) 79.17 76.90
Time (s) 249.4 236.2
Text (s) 16.5 16.1

Table 2: Ablation results on a subset. Upper: main
pipeline variants. Ret: avg. retrieved passages; Pool:
avg. pooled passages; ∆R: retrieval reduction relative
to SF-B. Lower: controlled decomposition ablations.
Sent+Decontext and Sent−Decontext denote sentence-
level extraction with and without an explicit decontextu-
alization step, respectively; Text: extraction time.

Forward propagation (SF-P → SF-F). En-
abling forward propagation provides an additional
2.1 percentage-point retrieval reduction relative to
SF-B (from 15.7 to 15.3 calls, ∆R = 19.5% total)
by pre-allocating evidence to future semantically
similar segments. Notably, F1 increases by 7.58
points (from 64.81 to 72.39), suggesting that richer
cross-segment evidence context improves NLI de-
cisions.

Segment vs. sentence-level extraction. Replac-
ing semantic segmentation with sentence-level de-
composition (retaining the pool) decreases F1 by
12.39 points (from 72.39 to 60.00) and Acc by
3.08 points (from 82.25 to 79.17). Sentence-level
extraction loses inter-sentence context, producing
ambiguous atoms that are harder to verify and less
amenable to evidence reuse.

Effect of decontextualization. Comparing the
two controlled sentence-level variants, adding an
explicit decontextualization step improves Acc by
2.27 points (79.17 vs. 76.90), consistent with prior
work showing that decontextualization can help
resolve context-dependent claims (Wanner et al.,
2025). At the same time, the additional rewriting
step increases processing time (249.4 s vs. 236.2 s).
These results suggest that decontextualization can
be useful in sentence-level pipelines, while SEG-
MENTFACT instead preserves local context dur-
ing segment-level extraction and avoids a separate
rewriting step.

Method Extract
(s)

Retrieve
(s)

Verify
(s)

Total
(s)

FActScore 98.4 281.3 14.1 393.8
FactVerify 31.3 276.6 12.2 320.1
VeriScore 95.7 287.0 13.3 396.0
FactReasoner 6.3 260.4 11.3 278.3
SEGMENTFACT 13.5 176.8 15.8 206.6

Table 3: Average per-response latency (seconds) on
Biographies. All methods use web search as the retrieval
backend. Best in each column in bold.

5.4 Efficiency Analysis

We analyze efficiency from two complementary an-
gles: (a) end-to-end latency decomposition across
all methods, and (b) how evidence pool savings
scale with response complexity.

5.4.1 Latency Breakdown

Table 3 decomposes the average per-response wall
time into three phases—extraction, retrieval, and
verification—under the same web-search retrieval
backend.

Extraction: segment-level is 7× faster. SEG-
MENTFACT completes extraction in 13.5 s, com-
pared to 98.4 s for FActScore and 95.7 s for
VeriScore. The difference is explained by two
factors: (i) segment-level extraction issues fewer,
coarser LLM calls (G calls for G segments vs. L
calls for L sentences), and (ii) it avoids the costly
decontextualization rewriting step that FActScore
and VeriScore require for every extracted claim.
FactReasoner achieves the lowest extraction time
(6.3 s) because it uses a single-pass prompt, but as
shown in Table 1, this comes at the cost of lower
F1 due to context loss.

Retrieval: evidence pool saves 32%. Because
all methods share the same web-search backend,
retrieval times are directly comparable. SEGMENT-
FACT reduces retrieval time from 260.4 s (FactRea-
soner, the next-fastest) to 176.8 s—a 32% reduc-
tion. This directly reflects the evidence pool mech-
anism: claims whose evidence is already in the
pool skip the search API entirely.

Total: 26% faster than FactReasoner. SEG-
MENTFACT’s total wall time is 206.6 s vs. Fac-
tReasoner’s 278.3 s, a 26% end-to-end speedup.
Compared to the three claim-level baselines (320–
397 s), the gap widens to 35–48%. The verification
phase is comparable across all methods (11–16 s),
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Figure 3: Average retrieval composition and savings by
response complexity on Biographies. More complex
responses achieve higher evidence reuse and larger ∆R.

Response Seg-
ments

Atoms
SF
Ret

Pool
Reuse

Evid.
Reused

∆R

Lanny Flaherty 4 24 21 3 9 12.5%
Marianne McAndrew 6 17 14 3 8 17.6%
Doug Sheehan 3 17 11 6 12 35.3%
Gerhard Fischer 9 29 18 11 25 37.9%
Focus (band) 7 29 18 11 19 37.9%
Joey D. Vieira 7 24 22 2 6 8.3%
Taral Hicks 4 15 11 4 10 26.7%
Quintus Sosius 5 20 15 5 6 25.0%

Mean 5.6 21.9 16.3 5.6 11.9 25.2%

Table 4: Per-response evidence pool statistics.

confirming that segment-level evidence handling
introduces no overhead at the NLI stage.

5.4.2 Evidence Reuse Scales with Response
Complexity

To understand when the evidence pool is most ef-
fective, we examine per-response retrieval savings
on Biographies . Table 4 provides the complete
breakdown, and Figure 3 compares average re-
trieval composition and retrieval savings across two
response-complexity bins on Biographies.

Three observations emerge:
All responses benefit. Every response achieves

positive retrieval savings (∆R ∈ [8.3%, 37.9%],
mean = 25.2%), confirming that semantic locality
is a pervasive property of biographical text rather
than a special-case phenomenon.

Savings scale with complexity. The two most
complex responses (29 atoms each) achieve the
highest savings (37.9%), while the simplest (15
atoms) still saves 26.7%. The positive trend in Fig-
ure 3 indicates that longer responses offer more
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Figure 4: Sensitivity analysis of (a) τs, (b) τr, and (c)
κ. Shaded regions indicate the recommended operating
range.

opportunities for cross-segment evidence accumu-
lation.

Pool reuse correlates with segment count. Re-
sponses with more segments (e.g., Gerhard Fis-
cher, 9 segments→ 11 pool reuses, 25 documents
reused) achieve higher evidence reuse, because
each additional segment has a richer pool to draw
from. This validates the forward propagation de-
sign: earlier segments “pre-pay” retrieval costs for
later ones.
The outlier is Joey D. Vieira (∆R=8.3%, 7 seg-
ments but only 2 pool reuses). Manual inspection
reveals that this biography covers unusually diverse
topics (child acting, stunt coordination, television
work), reducing inter-segment evidence overlap.
This aligns with our expectation: the pool is most
effective when topical coherence is high, and de-
grades gracefully when it is low.

5.5 Hyperparameter Sensitivity
We study the sensitivity to three key hyperparame-
ters.

Segmentation threshold τs. Figure 4(a) varies τs
from 0.5 to 0.9. A low threshold produces few large
segments, increasing intra-segment topic diversity
and reducing pool hit rate; a high threshold over-
segments toward sentence-level extraction. The
optimal range τs ∈ [0.70, 0.80] balances segment
coherence and granularity, with Acc varying by
less than 1.5 points and ∆R by less than 3% across
this range.

Pool relevance threshold τr. Figure 4(b) varies
τr from 0.5 to 0.9. Lower thresholds admit more
(possibly noisy) evidence from the pool, boosting
∆R but slightly hurting Acc. At τr=0.70, the pool
achieves 21.5% retrieval reduction with no measur-
able accuracy loss.

Minimum coverage κ. Figure 4(c) varies κ from
1 to 5. Higher κ demands more pool evidence
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Semantic Segments Atoms                      Evidence Pool State 

s0: Invention
(5 atoms)

s1: Early Life
(4 atoms)

s7-s8:Legacy(4 
atoms)

s3: Applications
(3 atoms)

s4-s6: Other 
Work(8 atoms)

s2: Original 
Design(5 atoms)

inventor
best known: 
metal detector

battery-
operated

invented 
in 1931

entrepreneur

born July 
23, 1904

born in 
Frankfurt

moved to 
US in 1929

citizen in 1941

find nails remove nails find metal 
debris

remove 
debris

wood in 
construction

Retrieval Actions

popular: treasure 
hunters

buried 
artifacts

coins

Edison Gold Medal Feb 23, 1995 innovation  entrepreneurship

Edi.... Wi.... fo.... le.... Ad.... Aw.... ho.... Th....

Figure 5: Evidence propagation in a biography of Gerhard Fischer (inventor). Atoms verified from pooled evidence
are shown in green; atoms requiring new retrieval in blue. The evidence pool accumulates knowledge across
segments, allowing later segments to skip retrieval for topically related claims.

before skipping retrieval, improving verification
precision but reducing savings. κ=2 provides the
best Acc–∆R tradeoff.

5.6 Case Study

Figure 5 illustrates SEGMENTFACT’s behavior on
a biography of Gerhard Fischer, the inventor of
the first handheld metal detector. The response
is partitioned into 9 semantic segments covering
early life, the metal detector invention, product
applications, other inventions, company founding,
awards, and legacy.

6 Conclusion

We introduced SEGMENTFACT, a deterministic fac-
tuality assessor that exploits semantic locality in
long-form LLM responses to reduce retrieval re-
dundancy. By partitioning responses into semantic
segments, extracting atoms with preserved local
context, and propagating evidence forward through
a shared pool, our method achieves comparable
verification accuracy while substantially reducing
retrieval cost. We believe that semantic locality is
a general structural property of coherent text that
future factuality evaluation systems should exploit.

7 Limitations

Our approach assumes topical coherence within
the response; for highly fragmented or multi-topic
texts, evidence reuse rates may drop significantly.
The evaluation is limited to English across three
domains (biography, history, popular science), and
generalization to other languages or specialized

fields such as law and medicine remains untested.
Additionally, key thresholds (τs, τr, τp) require
domain-specific tuning, and the forward-only evi-
dence pool design means that early retrieval errors
can propagate to subsequent segments while the
first segment cannot benefit from reuse.

8 Ethical Statement

All datasets and retrieval sources used in this work
are publicly available. Our method does not in-
volve new human data collection or annotation.
The pipeline is fully deterministic, ensuring trans-
parency and reproducibility. We acknowledge that
no automated factuality assessor is infallible, and
recommend human oversight when deployed in
high-stakes scenarios.
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ported the preparation of the manuscript by as-
sisting with grammatical corrections, language re-
finement, and improvements in academic clarity.
Second, during the initial phase of the literature
review, their deep research capabilities were uti-
lized to obtain a broader and more comprehensive
overview of related work. These uses were strictly
supportive in nature and did not influence the de-
sign, implementation, or analysis of the proposed
ARCHITECTURE.

B Baselines.

We compare against the representative systems:
FActScore (Min et al., 2023): One of the earliest

prompt-based assessors that verifies whether each
atomic fact is supported or not by relevant contexts
retrieved from an external knowledge source such
as Wikipedia.

VeriScore (Song et al., 2024): A refined as-
sessor that leverages Google Search results and
enables the LLM’s reasoning capabilities to label
each atomic fact as supported, contradicted, or un-
decided.

FactVerify (Bayat et al., 2025): Similar to
VeriScore, it extends FactScore’s pipeline by ac-
commodating broader retrieval sources and intro-
ducing finer-grained verification labels beyond bi-
nary support judgments.

FactReasoner (Marinescu et al., 2025): A re-
cent assessor that incorporates explicit multi-step
reasoning chains to evaluate the factual relation-
ship between each atomic fact and its retrieved
evidence.

C Semantic Segmentation Algorithm

Algorithm 1 presents the complete semantic seg-
mentation procedure described in Section 4.1.
Given the response sentences {s1, . . . , sL}, we first
compute sentence embeddings using a pre-trained
sentence encoder (all-MiniLM-L6-v2). A sliding
window of size w and stride δ produces overlap-
ping windows, each represented by the mean of
its constituent sentence embeddings (Eq. 4). Adja-
cent windows are then merged greedily from left
to right when their cosine similarity exceeds the
segmentation threshold τs.

After the initial merging pass, we apply two cor-
rection steps to handle degenerate cases:

1. Absorption: segments shorter than wmin sen-
tences are absorbed into the adjacent segment

Algorithm 1 Semantic Segmentation
Require: Sentences {s1, . . . , sL}, encoder Enc, window

size w, stride δ, threshold τs, bounds wmin, wmax, mini-
mum segment count Gmin

Ensure: Non-overlapping segments Sy = {g1, . . . , gG}
1: Compute sentence embeddings hl ← Enc(sl) for l =

1, . . . , L
2: Construct sliding windows wt of size w with stride δ
3: Compute window embeddings

et ← 1

|wt|
∑

s∈wt

Enc(s)

4: Initialize S ← {[w1]}
5: for t = 2, . . . , T do
6: if cos(et−1, et) ≥ τs then
7: Merge wt into the last segment in S
8: else
9: Append wt as a new segment

10: end if
11: end for
12: while |S| < Gmin do
13: Split the largest segment at its lowest internal similar-

ity point
14: end while
15: for each segment g ∈ S do
16: if |g| < wmin then
17: Absorb g into the most similar adjacent segment
18: else if |g| > wmax then
19: Split g at its lowest internal similarity point
20: end if
21: end for
22: return Sy = {g1, . . . , gG}

(left or right) with the highest cosine similarity
to the short segment’s embedding.

2. Splitting: segments exceeding wmax sen-
tences are split at the internal boundary with
the lowest consecutive sentence similarity.
This splitting is applied iteratively until all
segments satisfy the size constraint.

Additionally, when the total number of segments
after merging is below a minimum threshold (set
to 2 in our experiments), we force-split the largest
segment at its lowest internal similarity point, re-
peating until the minimum is met. This prevents the
degenerate case where the entire response collapses
into a single segment.

The output is an ordered set of non-overlapping,
contiguous semantic segments Sy = {g1, . . . , gG},
where each sentence belongs to exactly one seg-
ment.

D Forward Evidence Propagation
Algorithm

Algorithm 2 formalizes the retrieval and forward
evidence propagation procedure described in Sec-
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Algorithm 2 Retrieval with Forward Evidence
Propagation
Require: Segments Sy = {g1, . . . , gG} with atom sets Agi ;

retriever Retrieve; NLI model; thresholds τr, τp; mini-
mum coverage κ

Ensure: Atom labels {l̂(a)} and retrieval count Ractual
1: P ← ∅ ▷ shared evidence pool
2: for j = 1, . . . , G do
3: Qgj ← ∅
4: end for
5: Ractual ← 0
6: for i = 1, . . . , G do
7: for each atom a ∈ Agi do

Pool check
8: Epool ← {d ∈ P | sim(d, a) ≥ τr}
9: Equeue ← {d ∈ Qgi | sim(d, a) ≥ τr}

10: Ereuse ← Epool ∪ Equeue
Coverage decision

11: if |Ereuse| ≥ κ then
12: Ca ← TopK(Ereuse)
13: else
14: Ca ← Retrieve(a, gi.context)
15: Ractual ← Ractual + 1
16: P ← P ∪ Ca

Forward propagation
17: for j = i+ 1, . . . , G do
18: for each d ∈ Ca do
19: if sim(d, gj) ≥ τp then
20: Qgj ← Qgj ∪ {d}
21: end if
22: end for
23: end for
24: end if

NLI verification
25: Classify each d ∈ Ca against a
26: l̂(a)← AggregateNLI(Ca, a)
27: end for
28: end for
29: return {l̂(a)}a∈Ay , Ractual

tion 4.3. The pipeline processes segments sequen-
tially from g1 to gG, maintaining a shared evi-
dence pool P and per-segment evidence queues
{Qg1 , . . . ,QgG}.

For each atom a in segment gi, the system first
aggregates candidate evidence from two sources:
(i) the shared pool P , filtered by cosine similar-
ity ≥ τr to the atom embedding; and (ii) the seg-
ment’s pre-allocated queue Qgi , populated by for-
ward propagation from earlier segments. If at least
κ relevant documents are found, external retrieval
is skipped; otherwise, fresh evidence is retrieved.

After NLI verification (Eq. 9), any newly re-
trieved documents are added to the shared pool P
and propagated forward: for each future segment
gj (j > i), if the cosine similarity between the
document embedding and the segment embedding
exceeds the propagation threshold τp, the document
is pre-allocated to Qgj .

Symbol Description Default

Segmentation (Section 4.1)
w Sliding window size (sen-

tences)
3

δ Sliding window stride 1
τs Segmentation similarity

threshold
0.75

wmin Minimum segment length
(sentences)

2

wmax Maximum segment length
(sentences)

8

Gmin Minimum number of segments 2

Evidence Pool & Propagation (Section 4.3)
τr Pool relevance threshold 0.70
τp Forward propagation thresh-

old
0.70

κ Minimum pool coverage to
skip retrieval

2

k Number of evidence docu-
ments per retrieval

5

Retrieval Backend
– Search API Google (Serper)
– Results per query (q) 5

LLM Configuration
– Backbone LLM GPT-4o-mini
– Temperature 0

Table 5: Complete list of hyperparameters and default
values.

E Hyperparameter Details

Table 5 lists all hyperparameters used in SEGMENT-
FACT along with their default values.

Relationship between τr and τp. The pool rele-
vance threshold τr controls whether an existing doc-
ument in the pool is considered relevant enough to
an atom to count toward the coverage requirement
κ. The propagation threshold τp controls whether
a newly retrieved document is forwarded to a fu-
ture segment’s evidence queue. In principle, these
two thresholds serve different purposes: τr governs
atom-level matching (document↔ atom), while τp
governs segment-level matching (document↔ fu-
ture segment). In practice, we set τp = τr = 0.70
in all experiments; preliminary tuning on a develop-
ment set showed that decoupling the two thresholds
provided no consistent benefit across benchmarks.

Segment size bounds wmin and wmax. wmin de-
notes the minimum allowable segment length in
sentences. Segments shorter than wmin after the ini-
tial greedy merging pass are absorbed into the adja-
cent segment (left or right) with the highest cosine
similarity, preventing degenerate single-sentence
segments that offer insufficient context for atom
extraction. wmax denotes the maximum allowable
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segment length. Segments exceeding wmax are iter-
atively split at the internal sentence boundary with
the lowest consecutive cosine similarity, ensuring
that each segment remains topically coherent. We
set [wmin, wmax] = [2, 8] in all experiments, which
accommodates the typical paragraph length in bio-
graphical and expository text.

Notation clarification: gi.text and gi.context.
In Eq. 6, gi.text denotes the raw text of segment gi
(i.e., the concatenation of its constituent sentences).
gi.context provides minimal discourse context for
coreference resolution during atomization: it con-
sists of the original query x concatenated with the
last sentence of the preceding segment gi−1 (if
i > 1). For the first segment (g1), g1.context con-
tains only the query x. This context is included
in the atomizer prompt so that the LLM can re-
solve pronouns and definite descriptions that refer
to entities introduced in earlier segments, without
requiring a separate decontextualization step.

F Prompt Templates

Below we provide the exact prompts used in each
stage of the SEGMENTFACT pipeline. All prompts
are issued to GPT-4o-mini with temperature set to
0.

F.1 Atom Extraction Prompt
The following prompt is used to extract atomic
claims from each segment (Section 4.2). The
{{paragraph}} placeholder is replaced with
gi.text.

Decompose the TEXT below into atomic
facts. Each atomic fact is one short
sentence stating a single verifiable
claim. Keep pronouns as-is; do not add
outside information.

TEXT:
{{paragraph}}

Return a JSON object like {"id0": "...",
"id1": "...", ...} inside ˋˋˋjson ...
ˋˋˋ fences. Only output the JSON,
nothing else.

The extracted atoms are post-processed to remove:
(i) empty or trivially short outputs (≤5 charac-
ters); (ii) prompt leakage artifacts (e.g., atoms that
echo instruction keywords such as “atomic unit”
or “should be extracted”); (iii) duplicate atoms
(case-insensitive deduplication within each seg-
ment); and (iv) overly long outputs (>300 charac-
ters), which typically indicate extraction of entire
paragraphs rather than atomic claims.

F.2 NLI Verification Prompt
The following prompt is used for NLI-based veri-
fication (Section 4.3). Each atom–evidence pair is
classified independently. The {evidence} place-
holder is replaced with the evidence document text,
and {claim} with the atom text together with its
segment context.

You are a factual verification assistant.
Given a piece of EVIDENCE and a CLAIM,
classify the relationship between them
as one of exactly three labels:

- "entailment": the evidence clearly
supports the claim
- "contradiction": the evidence clearly
contradicts the claim
- "neutral": the evidence is
insufficient to determine whether
the claim is true or false

EVIDENCE:
{evidence}

CLAIM:
{claim}

Output exactly one of: entailment,
contradiction, neutral.

The NLI labels from all evidence documents for a
given atom are aggregated using the rule in Eq. 9:
the atom is Supported if at least one document
entails it and none contradicts it; Not Supported
if at least one contradicts and none entails; and
Uncertain otherwise.

F.3 Decontextualization Prompt (Ablation
Only)

The following prompt is used only in the controlled
ablation experiment (Section 5.3, “Seg.+Dectx.”
variant). It is not part of the default SEGMENT-
FACT pipeline.

Rewrite the following claim to be
completely self-contained. Replace all
pronouns, demonstratives, and ellipsis
with their full referents from the
context. Do NOT add any information not
present in the original. Output ONLY the
rewritten claim.

Context:
{context}

Original claim: {claim}

Self-contained claim:

G Embedding Model Details

We use all-MiniLM-L6-v2 from the
sentence-transformers library as the sen-
tence encoder for all embedding-based operations:
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1. Segmentation: computing sliding window
embeddings and consecutive sentence similar-
ities (Section 4.1).

2. Pool relevance check: computing cosine sim-
ilarity between atom embeddings and evi-
dence document embeddings (Section 4.3).

3. Forward propagation: computing cosine
similarity between evidence document embed-
dings and future segment embeddings (Sec-
tion 4.3).

This model produces 384-dimensional embeddings
and has a maximum input length of 256 tokens.
For evidence documents that exceed this length,
we compute the embedding from the concatenation
of the document title and the first 300 characters of
the document body. The full document text is still
used for NLI verification.

We chose all-MiniLM-L6-v2 for its balance of
quality and speed (22M parameters, ∼4ms per sen-
tence on GPU). We leave exploration of retrieval-
specialized encoders (e.g., E5, BGE) to future
work.

H Case study

Evidence accumulates across segments. Evi-
dence retrieved for Segment 0 (the metal detector
invention) includes Wikipedia’s article on Gerhard
Fischer and a patent database entry. Both docu-
ments also contain information about Segments 3
(product applications) and 4 (other inventions). The
evidence pool accumulates these documents after
Segment 0, allowing 11 of the 29 atoms to be veri-
fied directly from pooled evidence without issuing
any new retrieval calls.

Retrieval savings are substantial. SEGMENT-
FACT issues only 18 retrieval calls (vs. 29 atoms),
a 37.9% reduction. In contrast, FactReasoner issues
all 29 calls independently—including 3 queries that
return the same Fischer Wikipedia article already
retrieved in Segment 0.

Accuracy is improved, not degraded. SEG-
MENTFACT achieves 82.1% accuracy on this re-
sponse (6 TP, 17 TN, 3 FP, 2 FN), compared to Fac-
tReasoner’s 75.0% (0 TP, 12 TN, 1 FP, 3 FN). No-
tably, FactReasoner fails to identify any supported
claim as correct (0 TP), because its independent
per-atom retrieval misses confirmatory evidence
that is readily available in the pool. This demon-
strates that evidence pooling not only saves cost

but also improves verification quality by providing
richer cross-segment context.
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