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Abstract
Grounding large language models (LLMs) in
external knowledge sources is a promising ap-
proach to ensuring faithful and accurate pre-
dictions. While existing grounding approaches
work well for simple queries, many real-world
information needs require synthesizing multi-
ple pieces of evidence. We introduce "integra-
tive grounding" — the challenge of retrieving
and verifying multiple interdependent pieces of
evidence to support a hypothesis query. To sys-
tematically study this problem, we repurpose
data from four domains for evaluating integra-
tive grounding capabilities. Our investigation
reveals two critical findings: First, when veri-
fying groundedness, while LLMs are robust to
redundant evidence, they tend to rationalize us-
ing their internal knowledge when the provided
grounding information is incomplete. Second,
in examining retrieval planning strategies, we
find that undirected planning can degrade per-
formance through the introduction of noise,
while premise abduction emerges as a promis-
ing approach due to its logical constraints. Ad-
ditionally, we observe that LLMs’ zero-shot
self-reflection capabilities consistently enhance
grounding quality. These insights provide valu-
able directions for developing more effective
integrative grounding systems. 1

1 Introduction

Large language models (LLMs) are notorious for
their tendency to hallucinate – generating content
that appears plausible but is factually incorrect or
unsupported (Ji et al., 2023; Zhang et al., 2023).
To alleviate this issue, grounding LLMs to external
knowledge sources has emerged as a promising
approach. By anchoring model outputs to verifiable
information (Min et al., 2023; Rashkin et al., 2023;
Asai et al., 2023), grounding has enabled LLMs
with more faithful decision-making and responsible
generation.

1Our code is available at https://github.com/
HKUST-KnowComp/InteGround.

In typical grounding setups, systems retrieve rel-
evant documents in response to a query. While
this approach has shown success for simple queries
where a single piece of evidence suffices, many
real-world information needs are inherently com-
plex and require synthesizing multiple pieces of
evidence to form a complete answer (Figure 1).
For instance, answering questions about compar-
ative analysis, multi-step reasoning (Yang et al.,
2018; Trivedi et al., 2022), or claims requiring ev-
idence from different sources (Min et al., 2023;
Kamoi et al., 2023; Dalvi et al., 2021) often neces-
sitates the integration of multiple pieces of infor-
mation. We term this problem “integrative ground-
ing”: given a hypothesis query, a grounding system
needs to retrieve multiple interdependent pieces of
evidence to support it.

Despite its significance, the integrative ground-
ing problem lacks systematic evaluation in current
research. Existing work on Retrieval-augmented
Generation (RAG) primarily focuses on end-to-end
reasoning performance (Yao et al., 2022; Shinn
et al., 2024), reasoning with pre-retrieved evi-
dence (Fang et al., 2024), or post-generation evalu-
ation in specific domains (Trautmann et al., 2024;
Song et al., 2024). While these approaches implic-
itly address aspects of integrative grounding, they
offer no comprehensive analysis of the grounding
problem itself. Similarly, research in automated
theorem proving (Dalvi et al., 2021; Sprague et al.,
2022) explores complex inference chains but oper-
ates in restricted domains without robust evaluation
of the broader integrative grounding challenges.
While related fields like Natural Language Infer-
ence (NLI) and automated proof generation have
their own evaluation paradigms, they typically oper-
ate under the assumption that sufficient evidence is
provided. A critical gap remains in systematically
evaluating grounding under the sub-optimal evi-
dence conditions that are common in open-world
settings. Our work addresses this gap by intro-
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Figure 1: Overview of the integrative grounding problem.

ducing InteGround, a novel evaluation framework
designed specifically for integrative grounding. Un-
like standard benchmarks, InteGround systemati-
cally tests a model’s behavior across four distinct
evidence scenarios: complete, redundant, incom-
plete, and uninformative. This allows us to rigor-
ously analyze critical failure modes like rational-
ization—where models invent facts to fill evidence
gaps—that are often missed by traditional evalua-
tions. We argue that robust integrative grounding
is a crucial prerequisite for building truly reliable
and faithful generative systems.

In this work, we focus on two critical aspects for
evaluating integrative grounding. First, we investi-
gate whether models can effectively verify ground-
edness by determining if multiple evidence pieces
collectively support a query hypothesis (RQ1). Sec-
ond, recognizing the challenges posed by reason-
ing dependencies among evidence, we examine
effective planning strategies for LLMs to reformu-
late search queries and guide the retrieval process
(RQ2).

To address these questions, we first construct an
evaluation dataset from four domains to evaluate
a system’s ability to integrate multiple pieces of
evidence. For RQ1, we conduct experiments on
groundedness verification. Our experiments reveal
that although LLMs are robust to redundant or dis-
tracting evidence, they exhibit a strong tendency to
compensate for incomplete information by drawing
on internal knowledge instead of strictly adhering
to the retrieved content.

For RQ2, we present a systematic investigation
of different planning strategies for retrieval, includ-
ing decomposition-based, query expansion-based,

and premise abduction-based approaches. Our find-
ings reveal that planning does not universally im-
prove retrieval performance. In fact, undirected
planning can degrade performance by introducing
noise, while decomposition-based planning shows
limited improvement due to its conservative nature.
Notably, we identify premise abduction as a particu-
larly promising approach that shows consistent im-
provements and generalizes well to other datasets.
This is likely due to its strong logical constraints,
which encourage a directed expansion of the search
space. Furthermore, we demonstrate that leverag-
ing zero-shot self-reflection consistently enhances
grounding quality across all planning strategies,
highlighting the value of iterative refinement.

2 Preliminaries

Proposition. A proposition is a statement that
has a truth value. For instance “The sky is green.”
is a proposition since it can be verified as true or
false, while “Look up at the sky” is not a proposi-
tion. We use p to denote general propositions. For
convenience, we use ϕ to denote a proposition that
serves as hypothesis. In this paper, the queries are
all propositions.
Knowledge Base (KB). A knowledge base K =
{pi}i=1,2,...,K is a set of consistent propositions.
Asking a KB. The AskK(p) operation queries
KB K about proposition p, which returns
three possible responses: Entailment (K |=
p), Contradiction (K |= ¬p) , and
Contingent (neither of the above). These two
responses are considered as informative as they in-
dicate that K contains related knowledge about p.
Here, the operator |= tells whether p follows logi-
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cally from the premises inK, where it is impossible
for the premises to be true and p to be false. For
example, ϕ=“Socrates is mortal.” deductively fol-
lows fromK={“All men are mortal.”, “Socrates is a
man.”}, i.e. K |= ϕ, (AskK(p) = Entailment).
Grounding. Given a hypothesis proposition ϕ and
a knowledge base K, the task of grounding is to
find a subset of consistent premises Σ ⊆ K through
planning and retrieval, such that Σ is informative
enough to ground the query hypothesis (i.e., Σ |= p
or Σ |= ¬p). In practice, Σ is obtained through the
top-n retrieval results.

3 Constructing evaluation data

Our evaluation is based on data repurposed from
two tasks where integrative grounding is required:
multiple premise entailment (Lai et al., 2017; Dalvi
et al., 2021; Kamoi et al., 2023) and multi-hop ques-
tion answering (QA) (Yang et al., 2018; Trivedi
et al., 2022).

3.1 Evaluation formulation

In the evaluation data (examples shown in Table 1),
each hypothesis ϕ is accompanied by a set of
ground-truth evidence Σgt = {pgt1 , pgt2 , · · · } ⊆ K
and a larger set of candidate evidence K = Σgt ∪
Σdistr that includes both the ground-truth and addi-
tional distracting facts.

For groundedness verification evaluation (Sec-
tion 4), we test verification models’ ability to accu-
rately classify whether a target query ϕ is grounded
by retrieval results Σ. For retrieval planning evalu-
ation (Section 5), we assess how effectively differ-
ent planning strategies retrieve relevant evidence.
Given a hypothesis ϕ and a candidate evidence set
K, an integrative grounding system retrieves re-
lated evidence through query planning (as shown
in Figure 1).

3.2 Data composition

We construct our evaluation dataset from four data
sources, totaling 1,625 items. Dataset examples are
shown in Table 1.

Multi-premise Entailment.

• ENTAILMENTBANK (Dalvi et al., 2021) contains
hypotheses and corresponding multi-step entail-
ment tree annotations from the science facts in
WorldTree (Xie et al., 2020). We adapt the test

set under task 2 setting2 for our use, where the
leaf nodes of entailment trees are kept as ground-
truth evidence. Since task 2 already provides
a set of (hard) distractors, we follow their set-
ting and treat all candidate evidence for a given
hypothesis as its corresponding KB, K.

• WICE (Kamoi et al., 2023) is a fine-grained tex-
tual entailment dataset linking natural claims and
Wikipedia evidence. We consider both the claim
and sub-claim level annotations, where for each
claim several distinct groups of ground-truth evi-
dence are annotated. We treat the evidence set for
each claim as the KB K, filtering out instances
with more than 200 evidence items. Because
WiCE often provides multiple valid evidence sets
for a single hypothesis, we filter out instances
where there is any single answer evidence (i.e.,
#GT == 1). Furthermore, to simplify evaluation,
we select only the first group of ground-truth ev-
idence ids as the ground truth. We only retain
instances with the supported label.

Multi-hop QA. In the literature, a question-
answer pair can be seen as a hypothesis (Dalvi et al.,
2021). For multi-hop QA datasets, we prompt
an LLM to transform each question and its cor-
responding answer into an equivalent hypothesis.
As test sets are not always publicly available, we
sample 500 instances from the validation sets of
these datasets, specifically selecting those that re-
quire at least 3 pieces of evidence to answer.

• HOTPOTQA (Yang et al., 2018) is a dataset of
question-answer pairs derived from Wikipedia,
designed to evaluate complex reasoning and
explanation generation. The questions in this
dataset necessitate finding and reasoning over
multiple supporting documents to formulate an-
swers. To create evidence pieces, we append the
document titles to the end of corresponding sen-
tences. The evidences with titles that appear in
the supporting facts are considered ground truths.

• MUSIQUE (Trivedi et al., 2022) is created by
composing questions from single-hop datasets.
To create pieces of evidence, we concatenate the
titles to the end of the corresponding paragraph
texts to preserve context information. We treat

2https://allenai.org/data/
entailmentbank. We use the split under
v3_May6_2022/entailment_trees_emnlp2021_
data_v3/dataset/task_2/.
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Hypothesis ϕ Candidate Evidence KB K Domain

Northern hemisphere will
have the most sunlight in
summer.

The northern hemisphere is a kind of hemisphere of earth. // A hemisphere of earth is a kind
of place. // If a place is in summer, then it will have the most sunlight.
If an object/something is in the sunlight then that object/that something will absorb solar
energy. // Daylight is when the sun shines on a location. // The northern hemisphere is a kind
of hemisphere of earth. // ...

abEnt-Bank

Salih won the election
with 219 votes to 22.

(meta data) TITLE: Iraq: Parliament elects Barham Salih as new president | News | Al Jazeera
// Salih routed his main rival, Fuad Hussein, with 219 votes to 22.
The Kurdish moderate politician has named veteran Shia politician Adel Abdul Mahdi as
prime minister-designate. // Salih is a former deputy prime minister of the Iraqi federal
government [Reuters] // ...

abcWiCE

Christopher Nolan di-
rected a 2006 film in
which Ron Perkins’ char-
acter plays the manager of
a hotel.

The Prestige is a 2006 British-American mystery thriller film directed by Christopher Nolan,
from a screenplay ... from Christopher Priest’s 1995 novel of the same name. Title: "The
Prestige (film)" // Ron Perkins is an American actor who has been active since the early
1960s. Title: "Ron Perkins" // He also appeared in "The Prestige" (2006) as the manager of a
hotel visited by Hugh Jackman’s character in Colorado Springs, as well as ...
Inland Empire is an internationally co-produced 2006 film written and directed by David
Lynch. Title: "Inland Empire (film)" // The film is a co-production of France, Poland and the
United States. Title: "Inland Empire (film)" // ...

abHotpotQA

The maker of the Acura
Legend, the manufacturer
of the Scion xB, and Nis-
san opened US assembly
plants in 1981.

The Acura Legend is a mid-size luxury/executive car manufactured by Honda. It was sold ...
// The Scion xB is a compact car (subcompact car in its first generation) made by Toyota for
the United States market and sold ... // ... A decade after the 1973 oil crisis, Honda, Toyota
and Nissan, affected by the 1981 voluntary export restraints, opened US assembly plants and
established their luxury divisions (Acura, Lexus and Infiniti, respectively) to ...
The Nissan Rogue is a compact crossover SUV produced by the Japanese automaker Nissan.
It made its debut in October 2007 for the 2008 model year... // The Acura EL is a subcompact
executive car that was built at Hondaś Alliston, Ontario, plant... // ...

abMuSiQue

Table 1: Example instances in the evaluation data. Related information in the Hypothesis and Candidate Evidence
columns is color-coded for easier identification, using purple and blue. Distracting evidence are marked with gray.
Due to large number of candidate instances, only part of distracting evidence are shown and the rest are left out.
“Ent-Bank” is short for “EntailmentBank”.

Items |Σgt| |K|
EntailmentBank 340 4.5±2.4 25.0±0.0
WiCE 285 2.8±0.9 85.2±43.4
HotpotQA 500 3.4±0.6 42.7±10.9
MuSiQue 500 3.4±0.5 20.0±0.1

Table 2: Statistics of INTEGROUND. |Σgt| is the num-
ber of ground-truth snippets. |K| is the number of all
candidate snippets.

the evidences corresponding to paragraph sup-
port indices as ground-truth evidences, and all
others as distracting evidence.

3.3 Overview

Table 2 presents a comprehensive overview of all
four data sources, detailing the number of items,
and the means and standard deviations of ground-
truth evidence (|Σgt|) and candidate evidence (|K|)
numbers.

As shown in Table 1 and 2, the evaluation data
represent diverse domains and complexity levels.
EntailmentBank, WiCE, HotpotQA, and MuSiQue

each present distinct challenges—from logical de-
duction to information synthesis from news content
to connecting facts across multiple sources. This
diversity allows for comprehensive evaluation of
integrative grounding capabilities across different
contexts.

4 Groundedness verification

In this section, we aim to investigate whether mod-
els are capable of doing groundedness verification
(RQ1).

4.1 Evaluation setup
Evaluation set creation Given candidate evi-
dence set Σ̂t, we aim to test verification methods’
classification performance on whether Σ̂t provides
informative enough clues for hypothesis ϕ.

We randomly sample from the retrieval datasets
to construct such set. Specifically, we consider
four cases: (1) informative (Σ̂ = Σgt ); (2) infor-
mative with redundancy (Σ̂ ⊃ Σgt); (3) incom-
plete (Σ̂ ⊂ Σgt); (4) uninformative (Σ̂ ̸⊆ Σgt and
Σ̂ ̸⊇ Σgt). Case (1) and (2) have ground-truth label
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EntailmentBank WiCE HotpotQA MuSiQue
Info. Redun. Inc. Uninfo. Info. Redun. Inc. Uninfo. Info. Redun. Inc. Uninfo. Info. Redun. Inc. Uninfo.

NLI models
NLI-xxlarge 76.8 75.9 83.5 93.2 45.6 42.1 97.5 99.6 82.2 76.4 93.2 96.0 43.6 26.6 98.0 98.6
NLI-xlarge 87.1 87.1 79.4 88.2 54.7 51.9 96.1 100.0 82.2 79.2 90.2 94.8 47.6 49.8 94.8 92.6
LLMs
Llama3.1 8B Instr. 95.9 95.9 18.8 34.1 87.4 84.2 28.4 69.1 82.8 82.0 55.0 82.6 40.0 35.6 84.0 91.0
Llama3.1 70B Instr. 97.4 97.9 26.5 40.3 83.2 82.5 49.1 86.3 87.8 85.4 69.2 89.8 58.6 51.4 84.6 94.2
Claude3 Haiku 96.8 97.1 20.3 28.5 86.7 83.2 61.1 86.3 80.8 78.8 70.8 91.8 35.6 28.8 89.6 96.8
Claude3 Sonnet 99.7 99.4 16.8 43.5 83.2 84.6 67.0 91.6 86.6 84.0 65.4 88.0 47.6 42.4 86.6 94.6
Claude3.5 Sonnet 85.3 84.1 67.9 88.8 44.2 38.9 97.2 99.3 67.0 67.6 95.0 97.8 31.4 26.8 98.4 98.2
GPT-4o 97.4 97.1 34.4 54.4 68.4 63.5 85.3 96.8 82.2 85.4 74.8 92.2 48.0 51.6 84.2 95.2

Table 3: Accuracy (%) of verification methods on different types (Informative, Informative with Redundancy,
Incomplete, Uninformative) of items across datasets. Since it is a two-way classification, chance accuracy is 50%.

EntailmentBank WiCE HotpotQA MuSiQue
P R F1 P R F1 P R F1 P R F1

NLI models
NLI-xxlarge 86.8 76.3 81.2 96.9 43.9 60.4 93.6 79.3 85.9 95.4 35.1 51.3
NLI-xlarge 84.3 87.1 85.7 96.5 53.3 68.7 91.5 80.7 85.8 88.5 48.7 62.8
LLMs
Llama3.1 8B Instr. 56.7 96.0 71.3 64.2 87.6 74.1 73.6 82.5 77.8 77.5 38.0 51.0
Llama3.1 70B Instr. 59.4 97.6 73.9 72.0 82.8 77.0 80.9 86.6 83.6 83.8 55.0 66.4
Claude3 Haiku 56.2 96.9 71.1 78.3 84.9 81.5 81.8 79.8 80.8 85.0 32.2 46.7
Claude3 Sonnet 58.8 99.6 73.9 80.2 83.9 82.0 78.5 85.3 81.8 82.7 45.0 58.3
Claude3.5 Sonnet 79.7 84.7 82.1 96.0 41.6 58.0 94.9 67.3 78.8 94.5 29.1 44.5
GPT-4o 63.6 97.2 76.9 88.1 66.0 75.4 83.5 83.8 83.7 82.9 49.8 62.2

Table 4: Classification performance (%) of verification methods.

informative (Entailment), while (3) and (4) are
uninformative (Not entailment).

The evidence sets are created as follows. For
(2), we randomly sample distractors (Σgt ∪ d)
and add into the ground-truth set. For (3), we
randomly sample a strict subset from Σgt. For
(4), we repeatedly sample a set from all candi-
date evidence until the set satisfy the condition
(Σ̂ ̸⊆ ΣgtandΣ̂ ̸⊇ Σgt).

Verification methods We evaluate verification
methods that output two-way classification labels:
{Entailment, Not entailment}. These
two labels naturally exist in the multi-premise en-
tailment benchmarks (Dalvi et al., 2021; Aghahadi
and Talebpour, 2022; Kamoi et al., 2023).

We examine the characteristics of several veri-
fication methods, including (1) Natural language
inference (NLI) models (He et al., 2021); (2)
Large language models (LLMs), including GPT-
4o (OpenAI, 2024), Claude-3, Claude-3.5 (An-
thropic, 2024a), and Llama-3.1 Instruct (Meta,
2024a).

4.2 Results

Classification results are presented in Table 4. We
also present per-type accuracies in Table 3. We
have the following observations. We also inves-

tigate the impact of different prompt structures
on verification performance; a detailed analysis
in Appendix A.2.4 shows that while more com-
plex prompts can help in specific cases, they do not
consistently outperform a basic, direct prompt.

NLI models are precise verifiers. It is found that
NLI models achieve high precision across datasets
(Table 4). However, they suffer from low recall on
WiCEclaim and WiCEsubclaim. Further, NLI models
are very conservative when predicting entailment
(Table 3).

LLM verifiers tend to rationalize incomplete ev-
idence with internal knowledge. From Table 3,
it can be observed that LLMs are prone to classify
incomplete evidence sets (Inc.) as “entailment”,
leading to much worse than random performance
on EntailmentBank. This phenomenon is more pro-
nounced in dataset with simpler languages (e.g.,
EntailmentBank). In contrast, supervised NLI clas-
sifiers are more conservative in terms of using in-
ternal knowledge. This behavior supports the no-
tion that LLMs tend to fill gaps with their internal
knowledge. This tendency to "fill in the gaps" high-
lights a significant reliability challenge. Future
work could explore mitigation strategies, such as
instruction-tuning models to explicitly forbid rely-
ing on internal knowledge, or incorporating more
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Figure 2: Hit Rate Change (%) of LLMs + NLI model
predictions. The numbers are averaged across four
sources in INTEGROUND.

conservative verification mechanisms, like the NLI
models we evaluated, to act as a safeguard against
such rationalization.

Redundant evidence has little impact on model
predictions. Though sensitive to uninformative
or incomplete information, models are relatively
robust to redundant information.

Combining LLM and NLI predictions leads to
more conservative judgments. We investigate
the effect of incorporating NLI predictions into
LLM prompts on verification performance. As
shown in Figure 2, this ensemble approach im-
proves LLMs’ ability to identify incomplete and
uninformative instances, though at the cost of re-
duced accuracy in detecting informative and re-
dundant evidence. This suggests that NLI models’
more stringent criteria for entailment can help coun-
teract LLMs’ tendency to rationalize, albeit with a
trade-off in overall verification performance.

4.3 Qualitative analysis

A running example is presented in Table 5, showing
how evaluation sets are constructed and how NLIs
and LLMs perform. The NLI model, NLI-xlarge,
shows consistent and precise verification capabil-
ities across different evaluation sets. In contrast,
LLMs like Llama3.1 8B and Claude models exhibit
a tendency to rationalize incomplete evidence, as
seen in the "Incomplete" set where they often incor-
rectly predict entailment. The "Redundancy" set
demonstrates that additional, non-essential infor-
mation has minimal impact on model predictions.

Hypothesis ϕ and Evidences K Evaluation Sets Σ̂t and Predictions

Hypothesis:
Northern hemisphere will have
the most sunlight in summer.

Ground-truth Set:
k1: The northern hemisphere is
a kind of hemisphere of earth.
k2: If a place is in summer, then
it will have the most sunlight.
k3 A hemisphere of earth is a
kind of place.

Sample distracter(s):
k4: Daylight hours means time
during which there is daylight.
k5: Receiving sunlight is
synonymous with absorbing
sunlight.
k6 Period of daylight is
synonymous with amount of
daylight.
k7: Sunshine means sunlight.

Informative: [k1, k2, k3] – ENT
NLI-xlarge: ENT
Llama3.1 8B Instr.: ENT
Claude3 Sonnet: ENT
Claude3.5 Sonnet: ENT

Redundancy: [k1, k4, k2, k3] – ENT
NLI-xlarge: ENT
Llama3.1 8B Instr.: ENT
Claude3 Sonnet: ENT
Claude3.5 Sonnet: ENT

Incomplete: [k1] – not ENT
NLI-xlarge: not ENT
Llama3.1 8B Instr.: ENT
Claude3 Sonnet: ENT
Claude3.5 Sonnet: not ENT

Uninformative: [k5, k6, k7] – not ENT
NLI-xlarge: not ENT
Llama3.1 8B Instr.: not ENT
Claude3 Sonnet: ENT
Claude3.5 Sonnet: not ENT

Table 5: A case study of verification results. Ground-
truth evidences are marked with purple, and distracting
evidences are marked with gray for easier identifica-
tion. “ENT” and ‘not ENT” are short for dataset labels
“Entailment” and “Not entailment”.

5 Retrieval planning for integrative
grounding

In the sections above, we assume models are given
a fixed set of queries (hypotheses) for retrieving
evidence. Recent advancements of proof systems
(Sprague et al., 2022; Tafjord et al., 2022; Weir
and Van Durme, 2022) and LLM agents (Yao et al.,
2022; Shinn et al., 2024) provide another perspec-
tive on this setting, where planning is integrated
to proactively intervene retrieval processes. The
objective of planning is to increase the success rate
of grounding, i.e., biasing the search space so that it
is more likely for an informative set Σ to be found.

The following part comprises experiments and
discussions for three research questions: can plan-
ning and verification help retrieval and grounding?
Moreover, how to optimize these components to
maximize grounding performance?

5.1 Evaluation setup

Retrievers For sparse retrievers, we evaluate
BM25 (Robertson et al., 2009). We also test dense
retrievers, including MiniLM (miLM, Wang et al.,
2020), Sentence T5 (ST5, Ni et al., 2021), and Mi-
crosoft E5-instruct (mE5, Wang et al., 2024). Given
ϕ and K, retrieval methods predict similarities and
a ranking order of propositions in K.
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No planning Query Exp. Fact Decomp. Prop. Decomp. Premise Abd.

EntailmentBank

BM25 64.4 53.6 65.8 64.9 56.3
miLM 67.7 66.6 66.8 67.0 68.3
mE5 66.8 64.9 66.7 66.7 67.2
ST5 67.5 65.3 67.0 67.0 67.6

WiCE

BM25 61.1 48.5 56.9 58.5 52.4
miLM 58.1 51.4 56.6 56.6 53.9
mE5 64.0 58.8 61.5 62.6 61.7
ST5 63.3 54.5 60.9 61.5 59.1

HotpotQA

BM25 67.5 65.8 68.7 68.7 70.8
miLM 69.5 73.9 68.0 67.8 72.3
mE5 80.1 79.3 75.2 75.8 79.7
ST5 71.7 71.8 71.7 71.7 74.0

MuSiQue

BM25 60.9 64.1 57.8 58.4 67.7
miLM 64.0 70.9 63.0 62.7 70.3
mE5 65.2 74.2 64.6 65.3 73.7
ST5 58.0 64.4 57.1 57.6 66.6

Table 6: Planning performance comparison based on Recall@5 (%). Best and second-best results are shown in bold
and underlined, respectively. Results represent mean performance values across different LLMs.

Planning methods Given the retrieval history
Σt−1 and last step queries Φt−1, we define “plan-
ning” as reasoning to generate a new set of queries
Φt to guide the next retrieval step.

Φt ← Plan(Φt−1,Σt−1)

Specifically, the planners we use can be summa-
rized as follows.

Planners that do not depend on retrieval history
(Plan(Φt−1,∅)), including:

• Query expansion (Gao et al., 2023; Wang et al.,
2023). This line of work expand writing based on
the input query with an LLM. We adopt official
prompts from HyDE (Gao et al., 2023).

• Atomic fact decomposition (Min et al., 2023;
Kamoi et al., 2023). The hypothesis text is de-
composed into multiple atomic factoids with a
few-shot prompt. We reuse prompts from (Min
et al., 2023).

• Proposition decomposition (Chen et al., 2022).
Similar to atomic fact decomposition, proposi-
tion decomposition breaks down the input hy-
pothesis text into multiple propositions. Since
many have found that LLMs achieve reasonably
good performance when prompted with few-shot
examples (Min et al., 2023; Kamoi et al., 2023;
Chen et al., 2024), we use the prompts provided
in (Chen et al., 2024).

• Premise abduction (Tafjord et al., 2022). Given
an input hypothesis text, premise abduction meth-
ods generate all premises required to entail the

hypothesis through abduction. We curate few-
shot prompts with examples from Entailment-
Bank (Tafjord et al., 2022).

In addition, we also evaluate planners that take
both input hypothesis and planning history as in-
puts (Plan(Φt−1,Σt)). This group of planners
are closely related to the agentic behaviors of self-
reflection (Yao et al., 2022; Khot et al., 2022; Shinn
et al., 2024). Intuitively, integrative grounding may
benefit from adjusting the queries to missing in-
formation and past queries. In our setup, this is
implemented by prompting the LLM to analyze
the retrieved evidence from the previous step, iden-
tify missing information, and generate a new, more
targeted set of queries to guide the next retrieval
iteration. The full prompt can be found in Ap-
pendix A.2.3 (Table 11). Intuitively, integrative
grounding may benefit from adjusting the queries
to missing information and past queries.

We prompt three state-of-the-art LLMs, GPT-
4o, Claude-3.5 Sonnet and Llama-3.1 70B Instruct
models as the base LLMs for planning evaluation.
Each planning step produces multiple queries (in
Φt). Following previous work in informative re-
trieval (Gao et al., 2023; Wang et al., 2023), we
concatenate them as the query for the next step
retrieval. The implementation details are in Ap-
pendix A.2.

5.2 Results

We compared the retrieval results of directly
feeding hypotheses to retrievers ("No planning")
against the performance of feeding both hypothe-
ses and rewritten plans to retrievers. The main
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experimental results are presented in Table 6.

Adding planning modules to refine the queries
does not always help. In some cases, it can even
hurt performance: For instance, query expan-
sion methods almost always led to decreased perfor-
mance compared to no planning. This suggests that
arbitrary query rewriting and expansion can intro-
duce noise that hinders effective retrieval (Weller
et al., 2023).

Limited impact of decomposition-based plan-
ning: Notably, planning based on atomic fact
decomposition (Min et al., 2023) or proposition
decomposition (Chen et al., 2022) showed little
improvement in grounding performance. We hy-
pothesize that this is because decomposition-based
planning does not introduce new information to
the queries, potentially resulting in retrieved results
that overlap significantly with the no-planning base-
line.

Abduction-based planning shows significant im-
provement: Among the four planning methods
tested, Premise Abduction performed best. Al-
though this method’s intuition stems from strict
textual entailment data (Dalvi et al., 2021), it ap-
pears to generalize well to broader datasets. This
success could be attributed to the directed nature
of such planning methods. Compared to "Query
expansion" planning, premise abduction imposes
an additional logical reasoning constraint (i.e., the
possible premises of the hypothesis) to expand the
search space effectively.

Self-reflection enhances integrative grounding:
As illustrated in Figure 3, incorporating a zero-shot
self-reflection step consistently improved the inte-
grative grounding task. Most planning methods sur-
passed the No-planning baseline after the reflection
step. Notably, query expansion and decomposition-
based planning methods showed the greatest im-
provements. This may be because reflection helps
mitigate the weaknesses of other planners: it pro-
vides a ’directed’ bias that undirected query expan-
sion lacks, and it introduces new information and
context that conservative decomposition methods
do not generate on their own.

5.3 Qualitative analysis

The example in Table 7 illustrates the workings of
different planning methods. The proposition de-
composition method breaks down the hypothesis

Figure 3: Performance comparison of planning with
(“w/ reflection”) and without (“initial”) reflection step
using Recall@5 (%). Dashed red lines indicate baseline
retrieval performance without planning.

Planning Retrieval results

Hypothesis: Northern hemisphere will have the most sunlight in summer.
Proposition decomposition:
•The northern hemisphere has
more sunlight in summer.
•The northern hemisphere
experiences seasons.
•Summer is a season in the
northern hemisphere.
•Sunlight varies by season in
the northern hemisphere.

•The northern hemisphere is a
kind of hemisphere of earth.
•If a place is in summer, then it
will have the most sunlight.
•A hemisphere is a part of earth.
•Being in the sun is synonymous
with being in the sunlight.
•A hemisphere of earth is a kind
of place.

Atomic fact decomposition:
•The northern hemisphere
experiences seasons.
•Summer is one of the seasons.
•The northern hemisphere
receives sunlight.
•The northern hemisphere
receives the most sunlight in
summer.

•The northern hemisphere is a kind
of hemisphere of earth.
•If a place is in summer, then it
will have the most sunlight.
•Being in the sun is synonymous
with being in the sunlight.
•A hemisphere is a part of earth.
•A hemisphere of earth is a kind
of place.

Table 7: Illustration of the planning process. The
"Planning" column shows representative queries gener-
ated by Claude-v3.5-sonnet. For brevity, only proposi-
tion decomposition and atomic fact decomposition are
presented. The "Retrieval" column displays evidence
pieces retrieved using BM25. Ground truth statements
are highlighted in purple.

into four key components, focusing on the rela-
tionship between the northern hemisphere, seasons,
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and sunlight variation. Similarly, the atomic fact
decomposition method generates four fundamental
statements about these elements. Notably, neither
method introduces new information beyond the
original hypothesis. In this case, both methods
capture all three ground truth evidences.

6 Related work

Natural Language Proof Generation. Prior work
has developed proof writing algorithms that gen-
erate proof trees based on models’ internal knowl-
edge (Tafjord et al., 2022; Sprague et al., 2022).
While NELLIE (Weir and Van Durme, 2022) in-
corporates retrieved facts for hypothesis decom-
position, these approaches typically operate in re-
stricted domains. More recent work has also fo-
cused on enhancing this process using principles
from informal logic to improve decompositional
inference (Weir et al., 2024).

Fact Verification with LLMs. Recent work on
fact-checking LLM-generated content (Min et al.,
2023; Tang et al., 2024; Rashkin et al., 2023)
primarily focuses on single-premise verification.
Other studies have investigated how well LLMs
ground their outputs in provided sources, confirm-
ing that even state-of-the-art models struggle with
faithfully adhering to evidence (Lee et al., 2023),
especially when it contains conflicting informa-
tion (Jiayang et al., 2024). While related to our
verification component, our work focuses on a com-
prehensive evaluation of integrative retrieval and
planning.

RAG and Multi-hop QA Agents. Recent LLM
agents for multi-hop question answering (Yao et al.,
2022; Shinn et al., 2024) employ iterative retrieval
strategies but focus primarily on reasoning rather
than addressing integrative grounding challenges.
Methods like TRACE (Fang et al., 2024) con-
struct reasoning chains from already-retrieved evi-
dence, whereas our approach emphasizes dynam-
ically planning what to retrieve next based on ev-
idence interdependencies. Similarly, while stud-
ies like (Trautmann et al., 2024) focus on post-
generation evaluation and others (Song et al., 2024)
enhance citation quality, we address verification
during the retrieval process to evaluate whether
multiple documents collectively support a hypothe-
sis.

7 Conclusion

In this work, we introduce "integrative grounding"
as a critical challenge for LLMs and provide a sys-
tematic evaluation framework, InteGround, to as-
sess it. Our investigation yields several key insights
with direct implications for building more reliable
systems. We demonstrate that while LLMs are ro-
bust to redundant evidence, they exhibit a strong
tendency to "rationalize" with internal knowledge
when faced with incomplete information, posing
a significant risk to faithfulness. In retrieval plan-
ning, we find that intuitive strategies like undirected
query expansion can degrade performance by intro-
ducing noise, whereas logically constrained meth-
ods show significant promise. Notably, premise
abduction prove effective by expanding the search
space in a directed manner, and zero-shot self-
reflection consistently improve performance across
all planning methods by enabling iterative refine-
ment. Our findings offer direct guidance for build-
ing more robust grounding systems, with a de-
tailed discussion of practical applications for RAG
pipelines provided in Appendix A.2.5.

Limitations

Limited ground-truth setting. This study assumes
that a single, unique ground-truth evidence set.
However, in many real-world scenarios, multiple
valid ground-truth evidence sets may exist to sup-
port a hypothesis.
Grounding to structured data. Our evaluation is
restricted to the textual domain. Grounding to
structured or semi-structured data, such as tabu-
lar data or knowledge graphs, is also an important
and promising direction for future research.
Limited language. We primarily focus on English
corpora, meaning our findings may not generalize
to other languages. Evaluation of grounding on
multilingual corpora is left for future work.
Evaluation-centric approach. Our work priori-
tizes the comprehensive evaluation of integrative
grounding rather than direct application develop-
ment. While our findings have implications for
RAG systems, translating these insights into opti-
mized real-world applications requires additional
engineering effort beyond the scope of this study.
Limited Scope of Planners. Our study focuses ex-
clusively on LLM-driven planning strategies. A
comparison with established non-LLM planning
techniques, such as classical symbolic planners,
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was beyond our scope but remains an important
direction for future comparative analysis.
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A Appendix

A.1 Details in the construction of
INTEGROUND

The number of tokens are presented in Table 8.

A.2 Experimental details

A.2.1 Baselines
Retrieval methods:

• BM25 (Robertson et al., 2009). We use the
rank-bm25 python package to implement
the algorithm.

• Sentence-transformers. We use the
LangChain(Topsakal and Akinci, 2023)
implementation to embed corpus, and the
cosine similarities between embeddings as
the similarity for retrieval.

Verification and planning methods:

• NLI. We use the state-of-the-art NLI mod-
els (He et al., 2020), including DeBERTa
(xlarge) and DeBERTa-v2 (xxlarge).
Given a pair of texts, NLI models output prob-
abilities over entailment, contradiction, and
neutral (ENT, CON, NEU).

• LLMs. We use the state-of-the-art LLMs,
including Llama 3.1 8B Instruct, Llama 3.1
70B Instruct (Meta, 2024b), Claude 3 Haiku,
Claude 3 Sonnet, and Claude 3.5 Sonnet (An-
thropic, 2024b). Llama and Claude models
are accessed through Amazon Bedrock.

A.2.2 Experimental settings
Direct retrieval Ranking evaluation. We use the
ranx (Bassani, 2022) 3 package for computing
ranking metrics in the evaluation of retrievers. In
the main evaluation, F1@5 and Acc@5 are re-
ported.
Stepwise retrieval We add ground-truth evidence
step by step to the hypothesis.

Combining planning and retrieval In this set-
ting, we generate multiple rankings by retriev-
ing with different sub-queries. To consolidate
these rankings into a single ranking, we address
it as a rank aggregation problem (Dwork et al.,
2001). We implement Borda’s rank aggregation
strategy (Borda, 1781) to produce a unified rank.

A.2.3 LMs prompting details
The prompt templates for LLMs in this research
are presented in Table 10 for hypothesis generation
and verifications and Table 11 for plannings.

A.2.4 Additional experiment on prompt
structures

As shown in Table 12, we test GPT-4o models with
different prompts on the groundedness verification
task.
Basic Prompt (in the paper): Simple instruction to
assess if evidence supports a hypothesis query.

“You are a helpful logical reasoner. Please help
classify a hypothesis with {labels} based solely on

3https://github.com/AmenRa/ranx
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EntailmentBank WiCE HotpotQA MuSiQue
F1@5 Acc@5 F1@5 Acc@5 F1@5 Acc@5 F1@5 Acc@5

BM25 52.5 34.1 40.7 30.5 53.3 26.6 48.4 15.0
SimCSERoBERTa 50.2 29.7 38.8 25.6 50.4 21.8 40.6 8.6
MiniLM-L6 55.3 36.2 38.5 25.6 55.1 27.8 50.9 17.6
ST5large 55.1 37.1 42.0 31.2 56.7 32.8 46.1 14.2
GTRT5-large 57.6 40.0 41.3 32.3 56.6 32.8 50.9 18.8
mE5large-instruct 54.5 37.1 41.2 30.2 62.8 48.0 54.4 24.2

Table 9: Direct retrieval results.

a set of evidence. Evidence set: {e1} Hypothesis:
{e2}”
Structured Reasoning Prompt: Include explicit
steps for verification (check completeness, redun-
dancy, etc.)

“Evidence set: {e1} Hypothesis: {e2} Assess
whether the evidence is sufficient to support the
query by checking: 1. Relevance: Is all the ev-
idence relevant to the query? 2. Completeness:
Does the evidence contain all necessary informa-
tion to address the query? 3. Redundancy: Is there
unnecessary repetition in the evidence? Based on
this assessment, is the provided evidence sufficient
to support the hypothesis? Briefly explain your
assessment, then choose your answer among {la-
bels}.”
Chain-of-Thought Prompt: Ask the model to
think step-by-step before concluding

“Evidence set: {e1} Hypothesis: {e2} Think
step by step to determine if the provided evidence is
sufficient to support the hypothesis. The following
steps are an example: - What key information does
the query require? - What information does the
evidence provide? - What information, if any, is
missing? - What additional evidence would be
needed to fully address the query? After thinking
step by step, determine if the provided evidence is
sufficient to support the hypothesis. Choose your
answer among {labels}.”

We have the following observations:

• Prompts with complex structures (Structured,
CoT) enhance models’ detection of incom-
plete information, but often reduce accuracy
on "Informative" labels—suggesting a poten-
tial overthinking effect.

• Despite this trade-off, overall classification
performance (F1) remains robust across
prompting schemes, with complex prompts
did not outperform the Basic prompting, and

in some domains, performed significantly
worse."

A.2.5 Applications to RAG Systems
Our research offers significant practical applica-
tions for enhancing RAG systems. First, our analy-
sis of planning strategies provides actionable meth-
ods for improving evidence retrieval in produc-
tion pipelines. Specifically, premise abduction ad-
dresses cases with incomplete evidence by generat-
ing plausible intermediate premises that guide sub-
sequent retrievals. Similarly, fact decomposition
simplifies complex queries, substantially improv-
ing retrieval accuracy in noisy information environ-
ments.

Second, our groundedness verification findings
directly inform RAG system design. The observed
tendency of LLMs to rationalize when evidence
is incomplete underscores the need for dedicated
verification mechanisms to detect and mitigate hal-
lucinations. Our evaluation framework offers a
approach for evaluating the effectiveness of such
safeguards in practical applications.

Finally, the performance disparities across dif-
ferent verification strategies provide clear guidance
for RAG system architecture decisions. By incor-
porating these insights, developers can create more
reliable systems that not only retrieve relevant in-
formation but also accurately assess whether the
retrieved evidence collectively supports the gener-
ated content.

A.3 Grounding systems

A grounding system serves the goal of finding a sub-
set Σ from a KBK, given a hypothesis ϕ. Although
there may be various ways to achieve this goal,
there are common stages among all the grounding
systems: the planning stage which involves rea-
soning over the hypothesis, and the linking stage
which retrieves candidates from K and verifies the
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Function Inputs Prompt

Hypothesis
Generation

q: question
a: answer

Paraphrase the given question and answer pair to a proposition. Your response should be
formatted as {{"Proposition": "PROPOSITION TEXT"}}.
blank
Question: When did the maker of the Acura Legend, the manufacturer of Toyopet Master,
and Nissan open US assembly plants?
Answer: 1981
{{"Proposition": "The maker of the Acura Legend, the manufacturer of Toyopet Master,
and Nissan opened US assembly plants in 1981."}}
blank
Question: Signed with Maybach Music Group in 2011, which artist was featured as a
guest in Fire of Zamani?
Answer: Wale
{{"Proposition": "Wale, who signed with Maybach Music Group in 2011, was a featured
guest artist on Fire of Zamani."}}
blank
Question: {q}
Answer: {a}

Verification
(LLMs)

e1: evidence set
e2: hypothesis

You are a helpful logical reasoner. Please help classify a hypothesis with {labels} based
solely on a set of evidence.
blank
Evidence set:{e1}
Hypothesis: {e2}
Result in JSON format (e.g. {{"label": "{labels}"}}):

Verification
(NLIs+LLMs)

label: NLI’s prediction
e1: evidence set
e2: hypothesis

You are a helpful logical reasoner. Please help classify a hypothesis with {labels} based
solely on a set of evidence.
blank
For your reference, an external supervised Natural Language Inference model’s prediction
is: {label}.
blank
Evidence set: {e1}
Hypothesis: {e2}
Result in JSON format (e.g. {{"label": "{labels}"}}):

Table 10: Prompts for LLMs: Hypothesis Generation and Verifications

groundedness of such candidates set. In the liter-
ature of logical reasoning (Poole and Mackworth,
2010), forward chaining and backward chaining
provides insights on the possible implementations
of the stages.

Suppose each grounding has at most T (T ≥ 1)
steps. Let Σt denote the grounded set and Φt

denote the hypotheses tree at time step t (t ∈
{0, 1, · · · , T}). Initially, Σ0 = {} and Φ0 contains
only the root node ϕ.
Linking. The system first conduct linking to update
the candidate set:

Σ̂t ← Retrieve(Σt−1,Φt−1,K)

The candidate set is then judged for testing whether
the hypotheses are consistent with, using the Ask
function, where the qualifies subset is retained

Σt ← Verify(AskΣ̂t
(Φt−1))

The linking process trigger exiting condition when
AskΣt(Φt−1) returns informative response for all
the leaf nodes in Φt−1.

Essentially, forward chaining is applied to test
whether the hypothesis follows Σt.

Planning. Given Σt and Φt−1, a grounding system
do reasoning to update the hypotheses tree so as to
guide the next linking step.

Φt ← Plan(Σt,Φt−1)

Although how to implement the reasoning func-
tion here is up to each grounding system’s de-
sign, this reasoning stage is essentially backward-
chaining. Developing robust reasoning functions is
a significant challenge, as LLMs often fall short on
complex cognitive tasks like story-level analogy (Ji-
ayang et al., 2023; Zheng et al., 2025). Backward
chaining, or abductive reasoning based on tree Φt−1

and premises set Σt, can provide additional cov-
erage for searching over K (Sprague et al., 2022;
Tafjord et al., 2022).
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Function Inputs Prompt

Planning
(Premise ab-
duction)

k: hypothesis Given the following hypothesis, try to generate a set of premises that can prove the hypothesis. Please format the
premises as {{"Premises": ["PREMISE 1 TEXT", "PREMISE 2 TEXT", ...]}}.
blank
Hypothesis: The earth revolving around the sun causes leo to appear in different areas in the sky at different times
of year.
{{"Premises": ["Leo is a kind of constellation.", "A constellation contains stars.", "The earth revolving around the
sun causes stars to appear in different areas in the sky at different times of year."]}}
blank
Hypothesis: The earth rotating on its axis causes stars to move relative to the horizon during the night.
{{"Premises": ["Apparent motion is when an object appears to move relative to another object’s position.", "The
earth rotating on its axis causes stars to appear to move across the sky at night.", "Earth is a kind of celestial object.",
"A star is a kind of celestial object / celestial body.", "Stars appear to move relative to the horizon during the
night."]}}
blank
Hypothesis: {k}

Planning
(Atomic fact
decomposi-
tion)

s: sentence Example 0:
Please breakdown the following sentence into independent facts: He made his acting debut in the film The Moon is
the Sun’s Dream (1992), and continued to appear in small and supporting roles throughout the 1990s.
{{"facts": ["He made his acting debut in the film.", "He made his acting debut in The Moon is the Sun’s Dream.",
"The Moon is the Sun’s Dream is a film.", "The Moon is the Sun’s Dream was released in 1992.", "After his acting
debut, he appeared in small and supporting roles.", "After his acting debut, he appeared in small and supporting
roles throughout the 1990s."]}}
blank
Example 1:
Please breakdown the following sentence into independent facts: He is also a successful producer and engineer,
having worked with a wide variety of artists, including Willie Nelson, Tim McGraw, and Taylor Swift.
{{"facts": ["He is successful.", "He is a producer.", "He is a engineer.", "He has worked with a wide variety of
artists.", "Willie Nelson is an artist.", "He has worked with Willie Nelson.", "Tim McGraw is an artist.", "He has
worked with Tim McGraw.", "Taylor Swift is an artist.", "He has worked with Taylor Swift."]}}
blank
Example 2:
Please breakdown the following sentence into independent facts: In 1963, Collins became one of the third group of
astronauts selected by NASA and he served as the back-up Command Module Pilot for the Gemini 7 mission.
{{"facts": ["Collins became an astronaut.", "Collins became one of the third group of astronauts.", "Collins became
one of the third group of astronauts selected.", "Collins became one of the third group of astronauts selected by
NASA.", "Collins became one of the third group of astronauts selected by NASA in 1963.", "He served as the
Command Module Pilot.", "He served as the back-up Command Module Pilot.", "He served as the Command
Module Pilot for the Gemini 7 mission."]}}
blank
Example 3:
Please breakdown the following sentence into independent facts: {s}

Planning
(Proposition
decomposi-
tion)

s: sentence Given the following sentence, tell me what claims they are making. Please split the sentence as much as possible,
but do not include information not in the sentence.
blank
Sentence: The Andy Warhol Museum in his hometown, Pittsburgh, Pennsylvania, contains an extensive permanent
collection of art.
{{"Claims": ["The Andy Warhol Museum is in Pittsburgh.", "Andy Warhol’s hometown is in Pittsburgh.", "Pittsburgh
is in Pennsylvania.", "The Andy Warhol Museum contains an extensive permanent collection of art."]}}
blank
Sentence: {s}

Planning
(Query
expansion)

k: claim Please write a passage to support/refute the claim.
Claim: k
Passage (in the format "{{"passage": "PASSAGE TEXT"}}"):

Planning
(with his-
tory)

k: hypothesis
q: previous queries
s: previous search
results

You are an AI information retrieval specialist trained to optimize search queries for finding relevant evidence in
factual sources.
blank
Task: Generate targeted search queries to find evidence that could either support or disprove the given hypothesis.
blank
Requirements:
1. Generate 3-5 refined search queries
2. Each query should be specific and focused
3. Consider both supporting and contradicting evidence
4. You may retain effective queries from the previous round
blank
Input Hypothesis: k
blank
Previous Information:
- Previous queries: q
- Previous search results: s
blank
Output Format:
{{"queries": ["QUERY TEXT 1", "QUERY TEXT 2", ...]}}

Table 11: Prompts for LLMs: Planning
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EntailmentBank WiCE HotpotQA MuSiQue
P R F1 P R F1 P R F1 P R F1

Basic 63.6 97.2 76.9 88.1 66.0 75.4 83.5 83.8 83.7 82.9 49.8 62.2
Structured 77.2 86.0 81.4 96.4 47.4 63.5 90.0 79.6 84.5 88.9 44.1 59.0
CoT 73.1 88.5 80.1 90.6 52.5 66.4 85.1 79.9 82.4 86.0 50.2 63.4

Table 12: Comparison of three different prompting schemes in groundedness verification.

EntailmentBank WiCE HotpotQA MuSiQue
Info. Redun. Inc. Uninfo. Info. Redun. Inc. Uninfo. Info. Redun. Inc. Uninfo. Info. Redun. Inc. Uninfo.

Basic 97.4 97.1 34.4 54.4 68.4 63.5 85.3 96.8 82.2 85.4 74.8 92.2 48 51.6 84.2 95.2
Structured 88.2 83.8 62.9 86.2 49.8 44.9 96.8 99.6 79.4 79.8 87.4 95 44.6 43.6 90.8 98.2
CoT 88.8 88.2 57.4 77.4 53 51.9 90.9 98.2 78.4 81.4 79.6 92.4 51.4 49 88 95.6

Table 13: Per-type performance in the comparison of three different prompting schemes in groundedness verification.
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