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Abstract
Quantifying uncertainty in black-box LLMs
is vital for reliable responses and scalable
oversight. Existing methods, which gauge a
model’s uncertainty through evaluating self-
consistency in responses to the target query,
can be misleading: an LLM may confidently
provide an incorrect answer to a target query,
yet give a confident and accurate answer
to that same target query when answering
a knowledge-preserving perturbation of the
query. We systematically analyze the model be-
haviors and demonstrate that this discrepancy
stems from suboptimal retrieval of parametric
knowledge, often due to contextual biases that
prevent consistent access to stored knowledge.
We then introduce DIVERSEAGENTENTROPY,
a novel, theoretically-grounded method em-
ploying multi-agent interaction across diverse
query variations for uncertainty estimation of
black-box LLMs. This approach more accu-
rately assesses an LLM’s true uncertainty and
improves hallucination detection, outperform-
ing existing self-consistency based techniques.

1 Introduction

Large language models (LLMs) have shown re-
markable abilities to encode and apply real-world
knowledge through their learned parameters (Yu
et al., 2024). However, when crucial knowledge is
absent, unreliable, inaccurately stored, or simply
not retrieved, even if embedded within the model,
LLMs can produce hallucinations (Ji et al., 2023;
Ravichander et al., 2025). In high-stakes areas like
medicine, finance, and law, such errors can have se-
rious consequences, making uncertainty estimation
as important as predictive accuracy. Looking ahead,
the responsible development and deployment of in-
creasingly capable AI systems will require scalable
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oversight (Bowman et al., 2022), alignment strate-
gies that evolve with model complexity. While
external assistance can support this goal, it is of-
ten costly and difficult to scale. Ideally, models
should be able to assess their own uncertainty to
support more autonomous alignment. As models
grow more powerful yet remain prone to hallucina-
tions (Nananukul and Kejriwal, 2024), it becomes
increasingly important for users to identify which
outputs are trustworthy. In practice, this challenge
is compounded by the fact that most users interact
with LLMs via APIs (Anthropic, 2024; OpenAI
et al., 2024), and by the growing prevalence of pro-
prietary models, our focus turns to the black-box
setting. This leads us to a central research ques-
tion: How can we develop a robust methodology to
quantify a model’s uncertainty regarding its para-
metric knowledge, and further enable it to refrain
from generating hallucinated responses, without
internal model access or external assistance?

Current research on black-box model uncertainty
often focuses on evaluating self-consistency for
a single target query (Farquhar et al., 2024; Lin
et al., 2024; Nikitin et al., 2024), calculating un-
certainty by sampling multiple responses to the
same target query and measuring entropy as un-
certainty across semantically clustered responses.
However, these approaches do not necessarily cap-
ture a model’s true uncertainty. As in Fig. 1, a
model may exhibit low uncertainty for an incor-
rect answer when responding to the target query,
while confidently providing an accurate answer
to the same target query when answering varied
knowledge-perserving queries that require the same
underlying knowledge (left). It may also assign in-
accurate uncertainty to correct answers (right).

We systematically demonstrate that the model
failures shown in Fig. 1 arise from the suboptimal
retrieval of parametric knowledge in LLMs, that is,
their inconsistent ability to reliably access knowl-
edge encoded in their parameters (Zhang et al.,

12349

https://github.com/amazon-science/DiverseAgentEntropy
https://github.com/amazon-science/DiverseAgentEntropy


Figure 1: Black-box methods relying on self-consistency (pink box) misestimate model uncertainty due to a
mismatch between the uncertainty estimated from the original target query and the model’s actual knowledge, while
DIVERSEAGENTENTROPY (blue box) recovers true model uncertainty.

2023; Zhao et al., 2024; Chen et al., 2024a). Our
analysis further reveals that this limitation is driven
by the model’s susceptibility to contextual biases:
subtle changes in question, e.g., different phrasing
or additional contextual information, can lead to
divergent responses (Guo et al., 2024; Gonen et al.,
2023; Sclar et al., 2024).

To address this issue and demonstrate a proof of
concept, we propose DIVERSEAGENTENTROPY,
a theoretically grounded framework inspired by
recent advances in multi-agent collaboration for
factual accuracy (Du et al., 2024; Feng et al.,
2024), self-revision in LLMs (Kadavath et al.,
2022; Shinn et al., 2023) especially under con-
textual guidance (Sun et al., 2023), and test-time
scaling (Snell et al., 2025; Muennighoff et al.,
2025). DIVERSEAGENTENTROPY leverages con-
trolled multi-agent interaction, treating diverse,
knowledge-preserving variants of a target query,
queried through the same model, as distinct agents.
These agents collaboratively refine their responses
to the target query, enabling more reliable uncer-
tainty estimation. As illustrated in Fig. 2, the
interaction leads agents to converge on the cor-
rect answer. Uncertainty is then estimated via the
weighted entropy of final responses, with an absten-
tion policy applied when uncertainty is high.

In §5, we show that our uncertainty metric is
more calibrated and effectively detects hallucina-
tions, outperforming self-consistency-based black-
box methods. It achieves higher AUROC, with
notable gains on long-tailed and realistic bench-
marks (+3.8% PopQA, +7.5% FreshQA, +5.2%
TruthfulQA). Sampling across abstention rates also
improves accuracy on known questions by 2.5%.
The major contributions of our paper are:

• Identify and explain a key failure mode in

black-box LLM uncertainty estimation caused
by inconsistent retrieval of parametric knowl-
edge due to contextual biases (§4.2).

• Propose a theoretically grounded framework
leveraging multi-agent interaction on diverse,
knowledge-preserving queries to better re-
cover true model uncertainty (§4.3 and §4.4).

• Demonstrate improved uncertainty estima-
tion and reduced hallucinations, outperform-
ing self-consistency baselines across multiple
benchmarks (§5).

2 Related work

Uncertainty Estimation of LMs. Recent work
has quantified LLM uncertainty using entropy over
multiple sampled outputs (Shorinwa et al., 2024;
Kuhn et al., 2023; Farquhar et al., 2024; Yad-
kori et al., 2024; Lin et al., 2024; Aichberger
et al., 2024), but these methods rely solely on self-
consistency with the original query, which can be
misleading (Fig. 1). Some studies explore ver-
balizing uncertainty (Madaan et al., 2023; Tian
et al., 2023; Xiong et al., 2024), though Xiong
et al. (2024) find LLMs tend to be overconfident.
Others examine uncertainty through model activa-
tions (Chen et al., 2024b; CH-Wang et al., 2024),
which is not feasible in our black-box setting.
Consistency Evaluation of LMs. While Wang
et al. (2023) and Manakul et al. (2023) show that
self-consistency and sampling aid reasoning and
fact-checking, others highlight limitations. Zhang
et al. (2023) and Zhao et al. (2024) argue that de-
tecting hallucinations requires consistency across
semantically equivalent questions. Chen et al.
(2024a) further show that LLMs often fail to main-
tain compositional consistency.
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Agent interaction for LMs. Recent works (Xiong
et al., 2023; Du et al., 2024; Feng et al., 2024)
improve factuality in LMs through multi-agent co-
operation or debate, primarily using cross-model
agents with no self-correction.

3 Background on LLM Uncertainty
Estimation

We aim to quantify the uncertainty of black-box
LLMs for a target query q. Following Kuhn et al.
(2023), we evaluate uncertainty by treating un-
certainty estimation as the problem of predicting
whether to trust an answer the model generates. For
a given model θ, for any query q, pθ(y | q), y ∈ Y
is the probability of output y given the query q
over all possible full responses Y of the query. We
then provide background on uncertainty estimation,
focusing on entropy-based evaluation, as uncer-
tainty is commonly measured by the entropy of
predictions in the existing literature (Wellmann and
Regenauer-Lieb, 2012; Abdar et al., 2021). For an
input query q and output space Y , the total uncer-
tainty for a given model θ can be approximated by
the entropy of the output distribution (Malinin and
Gales, 2021):

U(q) = H(Y|q) ≈ −
∑

yi∈C
p(yi|q) log p(yi|q),

(1)
where C represents all grouped semantically differ-
ent answers when a model is queried n times with
the same query q . yi is one possible semantically
different answer for q. Lower entropy indicates
higher model confidence.

Existing self-consistency-based uncertainty es-
timation methods in the black-box setting (Kuhn
et al., 2023; Farquhar et al., 2024; Lin et al., 2024;
Aichberger et al., 2024; Nikitin et al., 2024) fol-
low a similar procedure: 1) For a given input q,
generate N response samples. 2) Calculate simi-
larity scores for these N responses. 3) Compute
an uncertainty estimate U(q) using the similarity
scores. We explain existing methods in detail in
Appendix A.1. The model’s uncertainty about the
answer to a target query q thus depends entirely on
the responses sampled specifically for that query.

4 DIVERSEAGENTENTROPY

In this section, we show that black-box methods
relying on self-consistency misestimate model un-
certainty due to a mismatch between uncertainty
estimated from the original query and the model’s

actual knowledge (Fig. 1). This stems from sub-
optimal retrieval of parametric knowledge (Zhang
et al., 2023; Zhao et al., 2024; Chen et al., 2024a)
due to susceptibility to contextual biases (Guo et al.,
2024). To address this, we introduce a theoretically
grounded same-model multi-agent framework to
better recover true uncertainty.

4.1 Preliminaries

We begin by presenting basic definitions, e.g.,
knowledge-preserving perturbations in the paper.

Definition 4.1 (Target knowledge Derivation). We
define a knowledge function Ktarget : X → Ω that
maps the query q to the set of target knowledge
required for a complete answer to q.

Definition 4.2 (Knowledge-Preserving Perturba-
tion of the Target Query). We say a transformation
T : X → X is a knowledge-preserving perturba-
tion with respect to the target query q: if letting
q′ = T (q), we have Ktarget(q) ∈ Ktarget(q

′), i.e., q′

still requires the knowledge of the target query q
to answer. Here the perturbation could result in
1) semantically equivalent version of q, 2) diverse
compositional questions of q which still require the
same target knowledge as shown in Fig. 2.

Definition 4.3 (Induced Distribution for Target
Query q). Let Ytarget be the set of all possible se-
mantically different outcomes for the target query
q. Define a extraction function ϕ : Y ′ → Ytarget
which extracts the answer to the target query q from
any full response y ∈ Y ′ given a updated query q′.
A single y might contain multiple contents. The
function ϕ(y) extracts only those parts relevant to
q. If y does not address the target knowledge at all,
ϕ(y) = ∅. We then define an induced distribution
for the target query q given an updated query q′:

p̃θ(z | q′) =
∑

y∈Y ′:ϕ(y)=z

pθ(y | q′), z ∈ Ytarget.

(2)
Here p̃θ(z | q′) is the total probability that given
an updated query q′, the LLM’s extracted answer
from a response y to the target query q is z.

4.2 Model Retrieval Challenges and
Self-consistency Limitations

We formalize the model’s behavior when it knows
the answer to the target query with the following
assumption. This helps explain the model’s unsat-
isfactory retrieval of parametric knowledge under
contextual biases.
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Figure 2: DIVERSEAGENTENTROPY estimates model uncertainty by enabling multi-agent interactions on diverse
knowledge-perserving queries, analyzing uncertainty based on these interactions rather than simple self-consistency.

Assumption 4.4 (Fixed True Distribution Under
Perfect Knowledge Assumption). As Ground truth
independence assumption in Yadkori et al. (2024),
for a target query q, define q∗ = Ktarget(q) as the
target knowledge for the query and z∗ as the ground
truth answer. If the model knows the answer to the
target query, the model has a fixed true induced
distribution p̃θ(· | q∗) as the internal belief of the
target knowledge where z∗ is the mode.1

Argument 4.5 (Distributional Shifts from Contex-
tual Biases). Assume the model knows the answer
to the target query (knowledge) and consider a
query after a knowledge-preserving perturbation
q′ = T (q) that fails to output the ground truth
answer z∗2, even though q′ relies on the same tar-
get knowledge, the resulting distribution p̃θ(· | q′)
shifts from p̃θ(· | q∗). Especially, p̃θ(z∗ | q′) =
p̃θ(z

∗ | q∗)+ϵx′(z∗), where ϵx′(z∗) is the (possibly
negative) bias for the ground truth answer. Hence,
small changes in grammar, formats, or additional
contextual information (Guo et al., 2024; Gonen
et al., 2023; Sclar et al., 2024) induce a shift in
the distribution of the target knowledge and thus
the model fails to consistently retrieve the same
response as in Fig. 1. A detailed empirical analysis
supporting the argument can be referred to in § 5.2.

This also illustrates why self-consistency alone
is insufficient for accurately assessing a model’s un-
certainty regarding the target query: relying solely
on a single formulation of the query can lead to
contextual biases, resulting in distributional shifts
that obscure the model’s true uncertainty.

1q∗ should be seen as the model’s representation of the
target knowledge.

2Here q could also be considered as a knowledge-
preserving perturbation about the target knowledge q∗.

4.3 Remedy with Multi-Agent Interaction

Prior work shows that LLMs improve with revision
and diverse context (Kadavath et al., 2022; Shinn
et al., 2023; Sun et al., 2023). Inspired by multi-
agent methods (Xiong et al., 2023; Du et al., 2024;
Feng et al., 2024) to improve factual correctness,
we propose a theoretically grounded same-model
interaction approach, using knowledge-preserving
query perturbations to simulate diverse agents and
better recover the model’s true uncertainty.

Argument 4.6 (Behaviors of LLMs under Multi-
-agent Interaction). For a given target query q, the
model exhibits one of two behaviors under multi-
agent interaction: 1) Known answer (knowledge):
If the model internally represents a fixed, true dis-
tribution p̃θ(· | q∗) for the target query (as in As-
sumption 4.4), then, after sufficient interactions, it
can recover the correct answer distribution. 2) Un-
known answer: If no such fixed distribution exists,
interaction leads to divergent responses with no
convergence (36%), convergence to “I don’t know,”
(54%) or a wrong answer (10%)3. In most cases,
both the model’s interaction dynamics and final
output make its lack of knowledge evident.

We now describe the multi-agent interaction pro-
cess under diverse queries and show that, when the
model knows the answer to the target query, the
method can recover the model’s true uncertainty.
Diverse Query Generation. We use knowledge-
preserving perturbations defined in Definition 4.2
to construct diverse agent profiles. Let Q =

3The percentage is based on the behaviors under
DIVERSEAGENTENTROPY of 50 random sampled queries
where the model definitely doesn’t know the answer. Details
in §A.2.
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{q1, q2, . . . , qn} be a set of n queries, where q1 = q
is the original target query and {q2, . . . , qn} are
generated via perturbation functions {Ti}. We aim
to maximize query diversity; details of the auto-
mated generation process ensuring diversity are
provided in §A.3.
Controlled Multi-Agent Interaction. We instan-
tiate n agents from the same model, where each
agent Aj independently answers a unique query qj ,
which serves as its individualized contextual back-
ground. We facilitate multiple rounds of controlled
one-on-one interaction between agents to help re-
fine their answers to the target query. Each query
qi ∈ Q is associated with an induced belief distri-
bution p̃ r

θ (z | qi) at round r, where z ∈ Ytarget. At
each round, agent Ai interacts with another agent
Aj whose belief distribution is most diverse from
its own. Ai is shown query qj and its correspond-
ing answer distribution, with Ai’s own interaction
history. Agent Ai then updates its belief using an
internal update function fi, implicitly defined by
the model. Formally:

p̃ r+1
θ (· | qi) = fi

(
p̃ r
θ (· | qi), p̃ r

θ (· | qj)
)
. (3)

Assumption 4.7 (Connected Graph). Let G =
(Q,E) be a directed graph capturing which queries
interact over the rounds. An edge (qi, qj) ∈ E
indicates that in some round r, the distribution
p̃ r+1
θ (· | qi) was updated using p̃ r

θ (· | qj). We
assume G is connected over R rounds (large R).

Assumption 4.8 (Expected Pairwise Contractive
Update Property). Under perfect knowledge as-
sumption (Scenario 1 in Argument 4.6) and As-
sumption 4.7, let p̃ r

θ (z | qj) be the belief distribu-
tion for query qj at round r. We have p̃ r

θ (z | qj) =
p̃θ(z | q∗)+ϵrj(z). Let R be the total number of up-
date rounds. Suppose there exists a finite constant
C (independent of R) such that at most C rounds
are “bad”—in these bad rounds, the expected di-
vergence from the true distribution may increase
or fail to decrease. In all other (“good”) rounds
r /∈ {bad}, when D

(
p̃θ(· | q∗), p̃ r

θ (· | qj)) ̸= 0,
the expected update is contractive with respect to
the true distribution:

E
[
D
(
p̃θ(· | q∗), p̃ r+1

θ (· | qj)
)]

<

E
[
D
(
p̃θ(· | q∗), p̃ r

θ (· | qj)
)]
.

(4)

Here, D(·, ·) denotes a suitable divergence mea-
sure (e.g., KL divergence). We validate this as-
sumption in §A.4. Fig. 6 also shows that each

interaction round aligns the results more closely
with the true distribution, improving performance.

Theorem 4.9 (Convergence to True Distribution
When Known). Assume the model knows the an-
swer to the target query, then the final weighted
distribution satisfies:

lim
n→∞
r→∞

n∑

j=0

wj p̃
r
θ (z | qj) = p̃θ(z | q∗),

∀z ∈ Ytarget.

(5)

where
∑n

j=0wj = 1. The detailed proof
sketch can be referred to in §A.5. We will
first use Assumption 4.8 to prove that we have
limr→∞ E[ϵrj(z)] = 0 and each ϵrj(z) has a
bounded variance, where E[ϵrj(z)] is the expected
error of that specific answer z at round r for query
j. Since the queries are sampled diverse, ϵrj(z) are
weak dependent, putting these conditions together
with the law of large number,

lim
n→∞
r→∞

n∑

j=0

wj p̃
r
θ (z | qj) =

n∑

j=0

wj

︸ ︷︷ ︸
=1

p̃θ(z | q∗) +
n∑

j=0

wjϵ
r
j(z)

︸ ︷︷ ︸
→0

.
(6)

4.4 Proposed Metric of
DIVERSEAGENTENTROPY

Building on the aforementioned theory, we pro-
pose DIVERSEAGENTENTROPY as an empirical
implementation of the multi-agent interaction and
corresponding uncertainty estimation. An illustra-
tive example is shown in Fig. 2.
Step 1: Diverse Query Generation. Let Q =
{ q1, . . . , qn} be a set of n queries obtained via
knowledge-preserving perturbations {Ti} of a tar-
get query q and q1 = q. The set of Q will include
the target query q itself, semantically equivalent
questions of the target query, and questions about
different perspectives as shown in Fig. 2.
Step 2: Multi-Agent Interaction. We create n
agents from the same tested model, where each
agent Aj independently answers qj . We then con-
duct controlled one-on-one cross-play interactions
using fixed prompts (Fig. 2). To ensure practicality,
each query is answered once per interaction, and
we approximate the belief distribution using the
top-1 (most probable) distribution. In each round,
agent Aj selects a peer whose answer to the tar-
get query differs for interaction, prioritizing agents
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it has not yet interacted with. During interaction,
Aj sees its own conversation history and is given
the peer agent’s query and most recent response.
Based on this, Aj decides whether to retain, or re-
vise from its answer. The interaction ends when:
(1) all agents agree on an answer, (2) each agent
maintains its answer for two consecutive rounds,
or (3) the maximum of R∗ rounds is reached.
Step 3: Uncertainty Score Calculation. In prac-
tice, with limited interaction rounds, agents vary
in response reliability. We assign each agent Aj

a weight wj in the final probability based on how
often it changes its answer to the target query. Fre-
quent changes indicate lower reliability and result
in a lower weight.

wj =
R− rj + 1∑n

j=1(R− rj + 1)
. (7)

where j = 1, ..., n. We denote R as the final total
number of interaction rounds and rj as the number
of rounds where the agent Aj changes its answer
during the interaction. We apply Laplace smooth-
ing to avoid zero weight. Denote by 1{Aj = zi}
whether zi is the final answer to the target query of
the agent Aj after the interaction. Therefore,

p̃θ(zi | q∗) =
n∑

j=1

wj1{Aj = zi}. (8)

We then apply Eq.1 with Eq.8 to calculate the fi-
nal uncertainty as DIVERSEAGENTENTROPY. We
present all the prompts for the method in §A.13.
Step 4: Score-based Abstention Policy. We
introduce an abstention policy with a threshold
parameter: the model abstains if the uncertainty
score exceeds the threshold (see §A.8 for method
variants) or if the mode response is “I don’t know.”
If the policy does not abstain, the answer with the
highest estimated probability is returned.

5 Experiment

5.1 Experiment Setting

Evaluation Models. We evaluate on Llama-
3-70b-Instruct (AI@Meta, 2024) and Claude-3-
Sonnet (Anthropic, 2024) through API calls.
Datasets. See §A.7 for a detailed description
of the datasets. Entity-centric QA: we randomly
sample from PopQA (Mallen et al., 2023) for 1)
PopQA popular with popular entities and 2) PopQA
less popular with less popular entities. False as-
sumption QA: 3) FalseQA (Hu et al., 2023). All
questions in the dataset contain false assumptions.

General QA: 4) TruthfulQA (Lin et al., 2022). 5)
FreshQA (Vu et al., 2023).
Metrics. We evaluate entropy-based uncertainty
methods using AUROC, which measures how well
uncertainty scores distinguish correct from incor-
rect outputs. A higher AUROC indicates better
performance (1.0 is perfect; 0.5 is random chance).

To assess whether abstention reduces hallucina-
tions, we adopt the setup from Lin et al. (2022),
evaluating if accuracy improves when the model
chooses to answer. We report: accuracy, the
percentage of correct responses among the ques-
tions where the model does not abstain; absten-
tion rate, the percentage of questions where the
model abstains; correctness score, the percent-
age of correct responses across all questions; and
truthfulness score, the percentage of correct or ab-
stained responses across all questions. We further
analyze the accuracy–recall (AR) trade-off across
methods and datasets, where recall is defined as
recall = 1− abstention rate.
Baselines. We first adopt a verbalization base-
line, P(True) (Madaan et al., 2023). We then adopt
five entropy-based black-box uncertainty estima-
tion baselines in §3 and the model is prompted to
answer 5 times. 2) Self-consistency with Seman-
ticEntropy (SC SE) (Farquhar et al., 2024). Three
baselines with affinity graph (Lin et al., 2024): 2)
SC with Eccentricity (SC Ecc). 3) SC with the De-
gree Matrix (SC Degree). 4) SC with Eigenvalues
(SC EigV). 5) SC with kernel and von Neumann
entropy (SC KLE) (Nikitin et al., 2024).

We adopt seven baselines for hallucination detec-
tion. Greedy-based baselines: 1) Greedy. 2) Self-
Refine (Madaan et al., 2023). 3) Self-evaluation
w many samples (Kadavath et al., 2022). A total
of five answers, including the greedy one, are gen-
erated, after which the model assesses the greedy
sample’s validity. 4) Multiple-Recite (Sun et al.,
2023). The model generates multiple related para-
graphs from its parametric knowledge before an-
swering the question. Sampling-based baselines:
5) Self-consistency (SC) (Wang et al., 2023): the
model answers the query 5 times, and we accept
the majority answer or abstain if no answer appears
at least 3 times. 6) Consistency with semantically
equivalent questions (SeQ) (Zhang et al., 2023;
Zhao et al., 2024): the model answers 5 seman-
tically equivalent questions about the same target
query. 7) Consistency with diverse questions (Di-
verseQ): the model answers 5 diverse queries about
the same target query. Note that we evaluate the se-
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Dataset Claude-3-Sonnet Llama-3-70b-Instruct

PopQA pop 0.114 0.118
PopQA less pop 0.193 0.207
FalseQA 0.154 0.154
TruthfulQA 0.296 0.330
FreshQA 0.167 0.175

Table 1: The average percentage of incorrect answers to
the target query in the first round without agent interac-
tion, evaluated only on instances where all agents agree
on the correct answer after interactions.

mantic equivalence of answers to cluster responses
for all sampling-based baselines.

DIVERSEAGENTENTROPY Variants. We in-
troduce two variants with 5 agents: 1) AgentL: ab-
stains if the uncertainty score exceeds the entropy
of three answers with probability (0.6, 0.2, 0.2). 2)
Agent: a stricter vote, abstains if the score exceeds
the entropy of two answers (0.6, 0.4). Details are
explained in §A.8.

5.2 Evaluation for Retrieval of Parametric
Knowledge

Unsatisfying retrieval of parametric knowledge.
LLMs often fail to reliably and consistently retrieve
encoded knowledge. We show that even when the
model knows the correct answer, it may initially
respond inconsistently across contexts. We exam-
ine cases where all agents converge on the same
ground truth answer after interaction, signaling that
the knowledge is present but not reliably accessed.
We conduct a quantitative analysis of the model’s
initial performance by measuring the average error
rate on target queries in the first round before agent
interaction. This captures how often the model fails
to retrieve the correct answer initially, before any
interaction. As shown in Table 1, LLMs are not
consistently reliable, with at least one in five an-
swers incorrect on average (19.1%). The issue is
more pronounced on long-tailed (PopQA less pop-
ular) and realistic datasets (FreshQA, TruthfulQA).
Models’ susceptibility to contextual biases re-
sults in the poor retrieval. We conduct a quali-
tative analysis by sampling 45 instances from the
same pool. We observe that the model tends to gen-
erate a different response, even when it knows the
correct answer to the target knowledge, under these
conditions: 1) 42% of cases occur when changes in
the varied query significantly diverges in wording,
2) 22% when an incorrect answer is more popular
within the context of the target knowledge, and 3)
20% when the additional context is more closely

Model PopQA_p PopQA_l FalseQA FreshQA TruthfulQA All

Claude-3-Sonnet

P (True) 0.686 0.660 . . . . . .0.800 . . . . . .0.719 0.556 0.766
SC (Ecc) 0.671 0.821 0.711 0.702 0.548 0.766
SC (Degree) 0.674 0.855 0.713 0.704 0.550 0.771
SC (EigV) 0.673 0.851 0.713 0.703 0.550 0.771
SC (KLE) 0.684 0.883 0.756 0.692 0.563 0.791
. . .SC. . . . . .(SE) . . . . . .0.693 . . . . . . .0.887 0.753 0.694 . . . . . .0.568 . . . . . .0.792
Agent 0.725 0.947 0.802 0.836 0.624 0.833

Llama-3-70b-Instruct

P (True) 0.618 0.641 0.698 0.642 0.542 0.601
SC (Ecc) 0.594 0.716 0.628 0.660 0.488 0.644
SC (Degree) 0.595 0.704 0.629 0.662 0.486 0.645
SC (EigV) 0.595 0.707 0.629 . . . . . .0.664 0.486 0.645
. . .SC. . . . . . . . .(KLE) . . . . . .0.632 . . . . . . .0.738 0.664 0.632 0.537 . . . . . .0.694
. . .SC. . . . . .(SE) 0.624 0.737 . . . . . .0.673 0.632 . . . . . .0.545 . . . . . .0.694
Agent 0.651 0.753 . . . . . .0.673 0.697 0.592 0.713

Table 2: Comparison of AUROC scores across different
QA datasets. We highlight the best and . . . . . . . . . . . . .suboptimal
methods.Our method is more calibrated.

associated with a different possible answer to the
target knowledge. Examples of each scenario are
provided in §A.9. These findings highlight the need
for systematic research into contextual biases.

5.3 Evaluation of DIVERSEAGENTENTROPY

DIVERSEAGENTENTROPY is more calibrated
than self-consistency-based uncertainty estima-
tion. Table 2 reports AUROC scores across dif-
ferent methods. Our method achieves the high-
est AUROC, indicating better calibration. No-
tably, it shows larger gains on long-tailed data
(+3.8% average on less popular PopQA) and re-
alistic benchmarks (+7.5% on FreshQA, +5.2%
on TruthfulQA) compared to the best baseline,
with especially strong performance on the more
advanced Claude model. These results highlight
DIVERSEAGENTENTROPY’s promise for high-
stakes scenarios and scalable oversight.
DIVERSEAGENTENTROPY-based abstention
policy effectively detects hallucinations. Table 3
shows that our method more effectively identifies
model hallucinations. It achieves the highest
correctness and truthfulness scores. Dataset-level
results are provided in §A.10. Fig. 3 presents
Accuracy-Recall (AR)-curves across all data with
per-dataset results in Appendix Fig. 9. Our method
consistently outperforms all baselines, achieving
the highest accuracy at comparable recall levels on
non-abstained answers (+ 2.5% average increase).
Appendix Table 6 shows that on average, 18.0%/
27.0% of incorrect instances were completely
corrected (Correct), while only 2.5%/8.9% of
correct instances became partially incorrect
(Wrong) for Claude/Llama. This highlights that

12355



Figure 3: AR-curves across all data. SC refers to SC (SE). SC w 5 questions refers to calculating entropy using the
agents’ diverse questions without agent interaction. We present the best and . . . .sub. . . . . . . . .optimal methods for each method
category in Tables 2 and 3.

Claude-3-Sonnet Llama-3-70b-Instruct

Method Acc Ab-R Correct TruthF Acc Ab-R Correct TruthF

. . . . . . . .Greedy 0.808 0.126 0.707 0.832 0.775 0.008 0.769 0.777
Self-Refine 0.826 0.131 . . . . . .0.718 0.849 0.783 0.030 0.760 0.790
Self-Eval 0.814 0.141 0.700 0.840 0.754 0.020 0.739 0.759
MultiRecite 0.779 0.114 0.690 0.804 0.715 0.010 0.708 0.717

. . .SC. . . . . .(3/5) 0.823 0.129 0.717 0.846 0.794 0.035 0.766 0.801
SeQ 0.815 0.149 0.693 0.842 0.818 0.084 0.749 0.833
DiverseQ 0.858 0.342 0.564 . . . . . .0.906 0.811 0.121 0.713 0.834

Agent_L 0.852 0.142 0.731 0.873 0.826 0.055 0.780 . . . . . .0.835
Agent 0.883 0.216 0.692 0.908 0.841 0.084 . . . . . .0.770 0.854

Table 3: Performance evaluation of different methods
on all data with the best setup for each method. Acc is
accuracy. Ab-R is abstention rate. Correct is correctness
score. TruthF is truthfulness score.

DIVERSEAGENTENTROPY significantly improves
accuracy with minimal degradation and detailed
analysis is in §A.10.

5.4 Analysis of DIVERSEAGENTENTROPY

Both diverse query generation and agent inter-
action are key for performance boost. In Fig. 3,
we compare DIVERSEAGENTENTROPY with two
ablations: using self-consistency with 5 questions
without agent interaction (SC with 5 questions) and
agent interaction with only the target query (Agent
w single question). The results show agent interac-
tion and diverse query generation are important.
The quality of the diverse queries. We evaluate
question generation quality using Llama-3.1-70b-
Instruct by sampling 500 queries per model (20
instances per dataset). Queries are assessed for 1)
knowledge preservation, whether they required an-
swering the target query, and 2) diversity, whether
any two queries from the same instance differed by
at least 20% in wording. Claude and Llama achieve
95.0% and 95.6% in knowledge preservation, and
97% and 96% in diversity, respectively. These re-
sults demonstrate high-quality and varied question

generation across models. Details in §A.11.
The number of agents. In Appendix Fig. 5
and Appendix Fig. 10, we increase the number
of agents, limiting interactions to 4 rounds. Per-
formance improves with more agents but gains be-
come smaller beyond 4 agents for Llama model,
suggesting 5 agents are sufficient practically.
The rounds of interactions. As shown in Ap-
pendix Fig. 6 and Appendix Fig. 11, with the num-
ber of agents fixed at 5, increasing the rounds of in-
teraction generally leads to improved performance.
Format of agent interaction. We examine
whether agents should engage in one-on-one in-
teraction or group interactions, where each agent
can view the unique questions and answers of all
other agents. Our findings in Appendix Fig. 7 and
Appendix Fig. 12 indicate that one-on-one interac-
tions outperform group interactions. We present a
human error analysis in § A.12.
Robustness of agent interaction. We evaluate
agent susceptibility to misleading signals when one
agent consistently gives either the most plausible
incorrect answer or repeatedly responds with "I
don’t know". Appendix Fig. 8 and Fig. 13 show
that performance slightly declines in both cases,
indicating sensitivity to consistent misleading input,
while a better model, e.g., Claude, is more robust.

6 Conclusion

Accurately determining the uncertainty of black-
box LLMs is vital for reliable responses. We show
that existing methods fall short because models suf-
fer from suboptimal retrieval of parametric knowl-
edge due to susceptibility to contextual bias. In
this paper, we propose a novel method with a theo-
retical framework, DIVERSEAGENTENTROPY, to
quantify an LLM’s uncertainty after multi-agent in-
teraction. Our method overcomes the limitations of
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self-consistency-based uncertainty estimation and
delivers superior performance in detecting halluci-
nations.

Limitations

We acknowledge that our method is more resource-
intensive, primarily due to the use of multi-agent in-
teractions, which, like similar approaches in the lit-
erature, naturally incur higher computational costs.
A detailed analysis is provided in §A.6. Impor-
tantly, our method more accurately recovers the
model’s true uncertainty, a crucial advantage espe-
cially in high-stakes applications where reliability
and correctness are prioritized.

Our proof is developed under relatively strict as-
sumptions, which are primarily intended to provide
intuition and can be relaxed or extended in future
work.

We only evaluate two representative models with
different base capacities due to the budget con-
straint, given the scale of our ablation studies. Al-
though not the latest versions, they offer a meaning-
ful comparison and consistently demonstrate the
same trends observed across our ablation studies.

While prior work on LLM uncertainty estimation
largely adopts the same evaluation setting as ours
to analyze short-form, query-based uncertainty, we
recognize the need to explore more complex sce-
narios in future work. We view the current setting
as a necessary foundation for addressing more chal-
lenging tasks that require specialized study beyond
the scope of this paper, such as: (1) long-form QA,
which is difficult to evaluate due to challenges in
assessing semantic equivalence and the limitations
of current evaluation techniques, particularly in
black-box settings; and (2) response-based uncer-
tainty (Qiu and Miikkulainen, 2024), which builds
upon query-based uncertainty in black-box scenar-
ios and thus depends on its accurate estimation
(with the exception of verbalization, which is often
unreliable). Moreover, quantifying response-based
uncertainty becomes more difficult when query-
based uncertainty is high, indicating that the model
lacks reliable knowledge about the query, in which
case none of the candidate responses should be
trusted.

For further direction of broader impact, we be-
lieve our method has the potential to generalize to
retrieval-augmented generation (RAG) settings. Its
ability to generate questions from diverse perspec-
tives and leverage multi-agent interactions makes

it well-suited for effectively integrating heteroge-
neous information sources. In the RAG context,
generating perspective-varied questions encourages
the retriever to surface a broader range of docu-
ments, thereby enriching the informational basis
for downstream tasks. Moreover, the multi-agent
interaction mechanism enables self-reflection and
deliberation, which is particularly valuable in QA
scenarios involving ambiguous or conflicting re-
trieved content.
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A Appendix

A.1 Existing Self-consistency Based
Uncertainty Quantification Methods

Existing self-consistency-based uncertainty estima-
tion methods in the black-box setting (Kuhn et al.,
2023; Farquhar et al., 2024; Lin et al., 2024; Aich-
berger et al., 2024; Nikitin et al., 2024) follow a
similar procedure: 1) For a given input q, generate
N response samples. 2) Calculate similarity scores
for these N responses. 3) Compute an uncertainty
estimate U(q) using the similarity values.

Specifically, Farquhar et al. (2024) introduces
semantic entropy to calculate p(yi|q) in Eq.1 as a
frequency-based probability derived from repeated
sampling of the target query q. Assume we find the
semantic clusters for the sampled answers, and let
each query return a possible semantically different
answer yi ∈ C. The count of times a particular yi
appears as the output for the input q over these N
queries is denoted as c(yi). Therefore, p(yi|q) =
c(yi)
n .

Lin et al. (2024) calculates uncertainty using
a weighted adjacency graph built upon seman-
tic affinities. An affinity model e maps pairs
of responses to values in [0, 1]. Given n inde-
pendent samples, the model induces a symmet-
ric adjacency matrix W = [wi,j ]

n
i,j=1, where

wi,j is the mean of the pairwise similarities be-
tween response i and j. The degree matrix is
D = [1[j = i]

∑n
a=1wn,j ]

n
i,j=1, and the Lapla-

cian L = I − D−1/2WD−1/2 has eigenvalues
{λn}na=1. The following uncertainty measures
are then defined: UEigV (x) =

∑n
a=1max{0, 1−

λa}, UDegree(x) = 1 − trace(D)
n2 , UEcc(x) =

∥[v1, v2, . . . , vn]∥2 where {va}na=1 are vectors as-
sociated with L.

Nikitin et al. (2024) proposes Kernel Language
Entropy (KLE), which quantifies uncertainty using
the von Neumann entropy. After generating N re-
sponse samples, KLE constructs a positive semidef-
inite, unit-trace kernel matrix K that encodes the
semantic similarities between these responses. This
kernel captures fine-grained semantic dependen-
cies. The uncertainty is then calculated as the von
Neumann entropy of this kernel matrix, given by
UKLE(q) = −Tr(K logK) where Tr denotes the
matrix trace and the logarithm of the matrix is de-
fined through its eigendecomposition.

A.2 Observation of Agent Behaviors When
Knowledge is Unknown

We conduct a pilot experiment using
DIVERSEAGENTENTROPY to observe agent
behaviors for the scenario when the model doesn’t
know the answer and therefore the model’s true
distribution p̃θ(· | q∗) does not exist. We randomly
sample 50 false-assumption queries where the
model definitely doesn’t know the answer from
FalseQA and freshQA. We observe three distinct
behaviors after agent interaction4:

1. Arbitrary Shifts and Inconsistency (36%)
Even after many interaction rounds, queries
qi and qj maintain inconsistent distributions
p̃R
θ (· | qi) and p̃R

θ (· | qj), disagreeing about
which answer is most plausible. Instead, they
shift arbitrarily depending on interaction’s
context.

2. Trivial Convergence to “I don’t
know”(54%). After several rounds of
disagreement, all queries qi converge to “I
don’t know”(or similarly agnostic) answers,
indicating the model’s inability to pin down
the knowledge.

3. Convergence to An Arbitrarily Wrong
Answer Distribution(10%). After several
rounds of interaction, a query’s strong belief
may enforce all the queries to converge to an
arbitrarily wrong answer distribution.

A.3 Implementation of Diverse Query
Generation

Given a target query x, we use the same model to
be tested to generate varied knowledge-perserving
queries that require knowledge of the target query,
ensuring that these questions are both representa-
tive and comprehensive. The question-generation
process is completely automated and the detailed
question-generation prompts can be found in §A.13.
Specifically, we first conceptualize the target query
and then sample various perspectives to ensure a
comprehensive understanding. For each perspec-
tive, we generate m questions that build upon the
target query, tailored to that particular perspective.
We filter these generated questions to ensure they
strictly require knowledge of the target query to
answer while avoiding the inclusion of the direct

4Note that the behaviors are consistent on both Claude and
Llama.
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Figure 4: KL-Divergence with regard to interaction rounds for three examples where the model knows the answer.

answer. We also generate m semantically equiva-
lent questions for the target query.

We select n questions from the generated pool
to form the final candidate set Q for the agents.
In order to maximize diversity, the optimal set in-
cludes the target query x, one semantically equiva-
lent question, and n− 2 questions each targeting a
unique perspective. If there are insufficient unique
perspectives with qualified questions, we repeat
the perspective question selection process to select
from existing perspectives. If not, we supplement
with additional semantically equivalent questions.

A.4 Analysis of Assumption 4.8

We now give a detailed explanation for the assump-
tion. Interacting queries provide diverse contextual
hints through varying background knowledge (Sun
et al., 2023). Transformer-based models, as shown
by (Wang et al., 2024), perform in-context gradient
descent to enable dynamic self-correction. If the
model knows the answer, each update is expected to
reduce the gap between p̃r and the true distribution
p̃∗. While some bad updates may strongly increase
divergence, the overall trend is an improvement. In
later rounds, under Assumption 4.7, connectivity al-
lows queries to influence one another, propagating
and averaging information. This prevents errors
from persisting or amplifying (Du et al., 2024).
Thus, over R rounds, at most a constant number C
of updates may fail to reduce divergence.

We test whether the agent’s interactions guide
the KL divergence toward convergence with the
(approximated) true distribution when the model
knows the answer. We select 45 examples for eval-
uation from Experiment 5.2. We allow 4 rounds of
interactions. For each interaction round, we sam-
ple 10 times with a temperature of 0.7 to estimate
the agent distribution. Manual inspection of the
interaction update trend figures shows that 89% of
these examples consistently converge toward the

true distribution. We also test interactions using
the top-1 distribution, where all examples converge
to the ground truth answer. To better illustrate this
behavior, we present three representative examples
in Appendix Figure 4.

For query (left): What type of cancer kills the
most women in the U.S.? Q1: What type of cancer
kills the most women in the U.S.? Q2: Which organ
does the cancer that kills the most women in the
U.S. affect? Q3: List the types of cancer and their
impact on women in the U.S. based on mortality
rates Q4: What public health initiatives exist to
prevent and treat the type of cancer kills the most
women in the U.S.? Q5: What’s the most common
symptom of the deadliest cancer for women in the
U.S.? Gold distribution for Llama-3-70b-Instruct
(approximated): Lung cancer: 0.75, Breast cancer:
0.2, Colorectal Cancer: 0.05.

For query (middle): Where is the capital of
France? Q1: Where is the capital of France? Q2:
Which is the capital city of France? Q3: How does
the capital of France influence its Gen Z culture?
Q4: How has the location of the capital of France
influenced its technological advancements? Q5:
How does the history of France shape its capital
city? Gold distribution for Claude-3-sonnet (ap-
proximated): Paris: 1.

For query (right): What is the city flower of
Shanghai? Q1: What is the city flower of Shang-
hai? Q2: Which bloom is honored as the city flower
of Shanghai? Q3: What role does the city flower
of Shanghai play in the city’s efforts to promote
ecological conservation and environmental sustain-
ability? Q4: In what ways has the city flower of
Shanghai been incorporated into the city’s brand-
ing and tourism marketing strategies? Q5: How
does the city flower of Shanghai reflect the city’s
historical and cultural connection to the Yangtze
River Delta region? Gold distribution for Llama-3-
70b-Instruct (approximated):White Magnolia: 0.8,
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White Peony: 0.2.

A.5 Theorem Proof Sketch for Theorem 4.9
Since5 p̃ r

θ (z | qj) = p̃θ(z | q∗) + ϵrj(z), the KL
divergence becomes:

DKL
(
p̃θ(· | q∗) ∥ p̃ r

θ (· | qj)
)
=

∑

z∈Ytarget

p̃θ(z | q∗) log
(
p̃θ(z | q∗)
p̃ r
θ (z | qj)

)
.

(9)

We can further decompose the KL divergence
into:

DKL
(
p̃θ(· | q∗) ∥ p̃ r

θ (· | qj)
)
=

∑

z

p̃θ(z | q∗) log p̃θ(z | q∗)

−
∑

z

p̃θ(z | q∗) log p̃ r
θ (z | qj).

(10)

For the logarithmic term log (p̃ r
θ (z | qj)), using a

Taylor expansion of log(x) around x0 = p̃θ(z |
q∗), we have:

log (p̃ r
θ (z | qj)) ≈ log (p̃θ(z | q∗))+

ϵrj(z)

p̃θ(z | q∗) −
1

2
(

ϵrj(z)

p̃θ(z | q∗))
2.

(11)

We only assume the second-order approximation
and therefore,

E[DKL
(
p̃θ(· | q∗) ∥ p̃ r

θ (· | qj)
)
] ≈ 1

2

∑

z

E[ϵrj(z)2]
p̃θ(z | q∗)

z ∈ {z|p̃θ(z | q∗) ̸= 0}
(12)

Let ∆j(r + 1) = E
[
D
(
p̃θ(· | q∗), p̃ r+1

θ (· |
qj)

)]
− E

[
D
(
p̃θ(· | q∗), p̃ r

θ (· | qj)
)]

, therefore:

∆j(r + 1) =
∑

z

p̃θ(z | q∗)E
[
log p̃ r

θ (z | qj)]

−
∑

z

p̃θ(z | q∗)E
[
log p̃ r+1

θ (z | qj)]

(13)

Substituting this approximation back into the
∆j(r + 1), we get:

∆j(r + 1) =
1

2

∑

z

E[ϵr+1
j (z)2 − ϵrj(z)

2]

p̃θ(z | q∗) . (14)

Here, ϵrj(z) can be positive, negative, or zero for
different rounds r. Since p̃θ(z | q∗) ∈ [η, 1] and

5The proof is developed under relatively strict assumptions
and is primarily intended to provide intuition.

∑
z p̃θ(z | q∗) = 1, ϵrj(z) is bounded as ϵrj(z) ∈[

−p̃θ(z | q∗), 1− p̃θ(z | q∗)
]
. Therefore:

−|Z|
2η

≤ ∆j(r + 1) ≤ |Z|
2η

, (15)

We assume η ≥ 0.1% as we observe through com-
mon data, For r such that ∆j(r + 1) ≥ 0, the
sequence increases. However, the boundedness of
∆j(r+1) ensures that these increases are finite for
the C total rounds.

Based on preliminary results that is shown in
Appendix A.4 and Figure 4, we assume for r such
that ∆j(r + 1) < 0, the sequence

E[DKL
(
p̃θ(· | q∗) ∥ p̃ r+1

θ (· | qj)
)
] =

e−λqjE[DKL
(
p̃θ(· | q∗) ∥ p̃ r

θ (· | qj)
)
]

(16)

where λqj is a constant relevant to the query qj .
Due to the abovementioned converge rate and

nearly monotonic convergence except for bounded
finitely many bad steps, E[DKL

(
p̃θ(· | q∗) ∥ p̃ r

θ (· |
qj)

)
] converges to a limit L at the unique global

minimum of KL divergence as it’s strictly convex,
so:

L = 0 =⇒ lim
r→∞

E[ϵrj(z)] = 0, ∀z ∈ Ytarget.

(17)
In terms of variance, since we have each an-

swer’s error satisfying ϵrj(z) ∈
[
−p̃θ(z | q∗), 1−

p̃θ(z | q∗)
]

for every round r, ϵrj(z) is a random
variable with
∣∣ϵrj(z)

∣∣ ≤ max
{
|p̃θ(z | q∗)|,

∣∣1− p̃θ(z | q∗)
∣∣
}

= Mz (some finite constant Mz > 0).

(18)

Thus ϵrj(z) is surely bounded, taking values in a
finite interval [−Mz,Mz]. It follows immediately
that

Var[ϵrj(z)] ≤
(
Mz

)2 for every round r. (19)

Thus Var[ϵrj(z)] is bounded.
ϵrj(z) is weakly dependent due to the diver-

sity of the queries and individual reflection traces.
Putting these conditions together, the law of large
number for weakly dependent processes implies
∑n

j=0wjϵ
r
j(z)

in probability−−−−−−−→
n→∞

0. Therefore,

lim
n→∞
r→∞

n∑

j=0

wj p̃
r
θ (z | qj) =

n∑

j=0

wj

︸ ︷︷ ︸
=1

p̃θ(z | q∗) +
n∑

j=0

wjϵ
r
j(z)

︸ ︷︷ ︸
→0

.
(20)
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A.6 Cost Analysis

We present a detailed cost analysis on our proposed
DIVERSEAGENTENTROPY. In a self-consistency-
based method, we typically sample a simple query
5 times, requiring 5 API calls. For our method,
starting with a single query, we need 1 API call
for question conceptualization, 1 for perspective
generation, and 5 for generating questions under
different perspectives. During agent interaction
(with 5 agents), each agent answers their assigned
question, followed by multiple interaction rounds.
Assuming an average of 2.5 rounds, agent interac-
tion requires 20 calls. In total, our method averages
25 API calls, making it 5 times more expensive
than the base self-consistency method.

However, we would like to emphasize that in
high-stakes applications where correctness is priori-
tized over cost, our calibrated uncertainty score can
provide users with a reliable measure of how much
they can trust the model’s output. As shown in
Argument 4.5 and Experiment 5.2, single-context
methods like self-consistency suffer from contex-
tual bias. Multi-context enabled by multi-agent
interactions can help the model recognize and cor-
rect for these biases and recover its true internal
belief. We further present the cost, i.e., the number
of inference calls for all the baselines in Appendix
Table 5.

Additionally, The varied queries generated by
our method can also be utilized for fine-tuning or
training purposes. The intermediate results gener-
ated by our method, including varied queries and
the self-reflection interaction processes, can be fur-
ther leveraged to create synthetic data for finetun-
ing or training LLMs.

Future work can explore ways to maintain the
same level of performance while reducing costs.
This could involve using fewer but higher-quality
questions from diverse perspectives and minimiz-
ing the number of interaction rounds.

A.7 Datasets Statistics

We consider five different datasets under three cat-
egories. We present the detailed dataset statistics
in Appendix Table 4. All the datasets have the li-
cense to be publicly used. Entity-centric QA: we
randomly sample data from PopQA (Mallen et al.,
2023) where each question is created by converting
a knowledge tuple retrieved from Wikidata using
a template. 1) PopQA popular. We sample ques-
tions where the entity’s popularity is larger than

104 as the criteria in the original paper. 2) PopQA
less popular. We sample questions where the en-
tity’s popularity is lower than 104. General QA: 3)
TruthfulQA (Lin et al., 2022). Note that not all data
in TruthfulQA tests about factual questions. We
choose examples only from categories: Law, So-
ciology, Health, History, and Language, focusing
on clear facts instead of opinions. 4) FreshQA (Vu
et al., 2023). We adopt the 07112024 version and
select one-hop slow-changing or never-changing
data points where the effective year is before 2022
to avoid the temporal influence. False assumption
QA: 5) FalseQA (Hu et al., 2023). All questions
in the dataset contain false assumptions and we
remove all the WHY questions.

A.8 Thresholds for the Abstention Policy

We adopt two variants of
DIVERSEAGENTENTROPY where we have 5
agents, i.e., 5 varied querys: 1) Agent (Loose
Majority Vote): We abstain when the uncertainty
score exceeds the threshold, calculated as the
entropy of 3 answers with probabilities of 0.6 (3/5),
0.2 (1/5), and 0.2 (1/5). This setup implies that
at least one answer still has a majority (60%, 3/5
chance). 2) Agent: We use a stricter majority vote,
abstaining when the uncertainty score exceeds the
threshold, calculated as the entropy of 2 answers
with probabilities of 0.6 (3/5) and 0.4 (2/5). This
is the strictest majority vote threshold. The two
variants balance flexibility and conservatism
in decision-making: the loose majority vote
allows for more uncertainty with three answer
probabilities, making it suitable for situations with
acceptable disagreement but where one answer is
still dominant. In contrast, the stricter majority
vote, using two-answer probabilities, ensures
abstention in cases where only minor uncertainty
can be tolerated.

A.9 Error Analysis for Suboptimal Retrieval
of Parametric Knowledge for the Models

We conduct the error analysis for the retrieval of
parametric knowledge for the models with 45 exam-
ples, 23 sampled from Llama-3-70b-Instruct and 22
sampled from Claude-3-Sonnet. We observe sim-
ilar behaviors in both models. As we discuss we
observe that the model is more likely to generate a
different response, even when it knows the correct
answer to the target knowledge, under these three
conditions: 1) Example 1 sampled from Llama-3-
70b-Instruct in Appendix Table 9: the changes in

12363



Dataset Type #Data Example

PopQA_less_popular 459 What is Geeling Ng’s occupation?
PopQA_popular 452 What is the capital of Hungary?

TruthfulQA 219 What type of cancer kills the most women in the U.S.?
FreshQA 283 What’s the city flower of Shanghai?

FalseQA 1867 Which planet is larger, Mars or Moon?

Table 4: Detailed statistics of the datasets used in the paper.

Model Cost

uncertainty estimation methods

SC (Ecc) 5
SC (Degree) 5
SC (EigV) 5
SC (KLE) 16
SC (SE) 6

hallucination detection/ direct inferernce methods

Greedy 1
Self-Reflect 2
Self-Eval w Samples 6
Multiple-Recite 2

hallucination detection/ sampling-based methods

SC (3/5) 6
SeQ 7
diverseQ 13

DIVERSEAGENTENTROPY 25

Table 5: Comparison of cost across all the methods.
Specifically, we present the number of API calls.

the diverse query, either phrasing or the added con-
text, significantly diverges in wording. The varied
queries are the least two similar queries to the target
query among the 5 varied queries according to the
score of SentenceBert. 2) In Example 2, sampled
from Llama-3-70b-Instruct in Appendix Table 9, an
incorrect answer is more popular within the context
of the target knowledge. For instance, Cristiano
Ronaldo is a more well-known football player com-
pared to Ali Daei. 3) Example 3, sampled from
Claude-3-Sonnet in Appendix Table 9, illustrates a
case where the additional context is more closely
related to a different possible answer. In this in-
stance, the model is distracted by the “Yangtze
River Delta region” mentioned in the varied query
as the white peony (wrong answer) is native to the
Yangtze River Delta region, where Shanghai is lo-
cated. Note that after agent interaction, the models
answer all the questions correctly.

Dataset Claude-3-Sonnet Llama-3-70b-Instruct

Wrong Correct Wrong Correct

PopQA pop 0.052 0.487 0.100 0.545
PopQA less pop 0.061 0.179 0.055 0.300
FalseQA 0.000 0.042 0.088 0.140
TruthfulQA 0.035 0.568 0.150 0.605
FreshQA 0.089 0.302 0.086 0.381

Table 6: The ratios of correct-to-incorrect and incorrect-
to-correct response changes.

A.10 Performance Evaluation for
Hallucination Detection on Individual
Datasets

We present the individual dataset performance on
the two models in Appendix Table 7 and Appendix
Table 8 respectively. We present Accuracy-Recall
(AR)-curves for both the baselines and the pro-
posed method on individual datasets in Appendix
Fig. 9.

Table 6 further shows the proportion of initially
incorrect responses that are corrected after interac-
tion (Correct) and initially correct responses that
become incorrect after interaction (Wrong) across
datasets. A response is considered Correct if at
least 3 out of 5 sampled answers to the target query
from the diverse queries are incorrect before inter-
action, and all 5 answers are correct after interac-
tion. Conversely, a response is considered Wrong
if at least 3 out of 5 sampled answers are correct be-
fore interaction, and at least 3 out of 5 are incorrect
afterward. Note that we adopt a stricter criterion for
Correct. DIVERSEAGENTENTROPY significantly
improves correctness while introducing minimal
errors.

A.11 Additional Analysis for Query Diversity
and Agent Interaction

We conduct an analysis using Llama-3.1-70b-
Instruct to evaluate both the quality of question
generation. For this, we randomly sample 20 in-
stances per dataset per model, totaling 500 diverse
queries per model.
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TruthfulQA FreshQA FalseQA PopQA popular PopQA less popular

Method Acc Ab-R TruthF Correct Acc Ab-R TruthF Correct Acc Ab-R TruthF Correct Acc Ab-R TruthF Correct Acc Ab-R TruthF Correct

Greedy 0.723 0.059 0.680 0.739 0.777 0.064 0.727 0.791 0.891 0.093 0.809 0.901 0.824 0.037 0.793 0.830 0.344 0.420 0.199 0.619
Self-Reflect 0.731 0.082 0.671 0.753 0.770 0.032 0.746 0.777 0.888 0.066 0.829 0.895 0.839 0.098 0.768 0.866 0.470 0.520 0.226 0.746
Self-Eval w Samples 0.725 0.087 0.662 0.749 0.709 0.064 0.728 0.664 0.879 0.077 0.812 0.889 0.812 0.059 0.773 0.832 0.482 0.562 0.212 0.774
Recitation 0.724 0.073 0.671 0.744 0.743 0.049 0.707 0.707 0.839 0.071 0.780 0.851 0.828 0.039 0.795 0.834 0.366 0.431 0.208 0.639

SC (3/5) 0.682 0.037 0.658 0.694 0.777 0.028 0.755 0.783 0.887 0.063 0.831 0.894 0.833 0.059 0.784 0.843 0.440 0.577 0.186 0.763
SeQ 0.782 0.183 0.639 0.822 0.814 0.163 0.681 0.844 0.888 0.099 0.800 0.899 0.852 0.061 0.800 0.861 0.309 0.420 0.186 0.606
diveseQ 0.739 0.261 0.545 0.807 0.856 0.216 0.671 0.887 0.874 0.302 0.610 0.912 0.891 0.193 0.730 0.923 0.714 0.777 0.159 0.936

Agent (Loose Majority Vote) 0.740 0.078 0.683 0.761 0.826 0.085 0.756 0.841 0.907 0.080 0.834 0.914 0.852 0.059 0.814 0.873 0.537 0.546 0.243 0.790
Agent 0.753 0.128 0.656 0.784 0.879 0.184 0.717 0.901 0.924 0.139 0.795 0.935 0.883 0.144 0.768 0.911 0.611 0.670 0.201 0.872

Table 7: Performance comparison on various datasets for Claude-3-Sonnet. Acc refers to accuracy, Ab-R refers to
abstention rate, TruthF refers to truthfulness, Correct refers to correctness.

TruthfulQA FreshQA FalseQA PopQA popular PopQA less popular

Method Acc Ab-R TruthF Correct Acc Ab-R TruthF Correct Acc Ab-R TruthF Correct Acc Ab-R TruthF Correct Acc Ab-R TruthF Correct

Greedy 0.709 0.027 0.690 0.717 0.784 0.000 0.784 0.784 0.858 0.003 0.855 0.859 0.856 0.002 0.854 0.856 0.367 0.029 0.356 0.385
Self-Reflect 0.702 0.018 0.689 0.708 0.748 0.018 0.735 0.753 0.871 0.011 0.861 0.872 0.826 0.009 0.832 0.841 0.386 0.146 0.330 0.476
Self-Eval w Samples 0.670 0.046 0.639 0.685 0.721 0.000 0.721 0.721 0.853 0.022 0.834 0.856 0.819 0.002 0.817 0.819 0.336 0.033 0.325 0.358
Recitation 0.707 0.018 0.694 0.712 0.705 0.018 0.693 0.710 0.785 0.009 0.778 0.787 0.782 0.002 0.780 0.782 0.363 0.013 0.358 0.372

SC (3/5) 0.619 0.018 0.607 0.626 0.791 0.018 0.777 0.795 0.880 0.012 0.869 0.881 0.848 0.013 0.837 0.850 0.408 0.170 0.338 0.509
SeQ 0.681 0.116 0.602 0.718 0.769 0.066 0.718 0.784 0.915 0.064 0.857 0.921 0.828 0.034 0.800 0.834 0.437 0.215 0.343 0.558
diverseQ 0.676 0.155 0.571 0.763 0.798 0.088 0.728 0.813 0.865 0.071 0.803 0.874 0.869 0.065 0.825 0.891 0.489 0.389 0.299 0.688

Agent (Loose Majority Vote) 0.750 0.050 0.712 0.763 0.806 0.035 0.777 0.813 0.894 0.026 0.870 0.897 0.868 0.011 0.872 0.883 0.471 0.235 0.361 0.595
Agent 0.752 0.078 0.694 0.772 0.831 0.078 0.767 0.845 0.899 0.037 0.865 0.903 0.875 0.026 0.865 0.891 0.508 0.343 0.334 0.677

Table 8: Performance comparison on Llama-3-70b-Instruct for multiple datasets. Acc refers to accuracy, Ab-R
refers to abstention rate, TruthF refers to truthfulness, Correct refers to correctness.

To assess the quality of the diverse queries,
we use two criteria: (1) Knowledge preservation,
whether the generated query explicitly requires an-
swering the target query, thereby preserving the
necessary knowledge; and (2) Diversity, whether
the queries for a given instance differ in wording.
We consider a query set diverse if, when sampling
a pair of queries from an instance (including the
original target query, semantically equivalent, and
compositional queries), at least 20% of the wording
differs. The prompts can be referred to in Appendix
Figs. 20 and 21.

Based on these criteria, we see that 95.0%
of Claude’s queries and 95.6% of LLaMA’s are
knowledge-preserving. Furthermore, 97% of
Claude’s instances and 96% of LLaMA’s instances
meet the diversity criterion, indicating high-quality
question generation.

For the small number of imperfect queries, those
that are diverse and topically related to the target
query but do not elicit direct answers to the target
query (e.g., "What role does the respiratory sys-
tem play in the progression and severity of AIDS?"
for the target "Is AIDS a deadly respiratory dis-
ease?"), we manually inspect the interaction tra-
jectories. We see that, despite minor inaccuracies,
these queries still add value. Because the interac-
tion prompt includes both the target query and a
peer agent’s answer, even imperfect queries and
responses provided useful background, aiding the
agent in reflecting on peer responses and improving
its final answer.

Regarding instruction-following during interac-
tion, we conduct a manual review of interaction
trajectories. We observe that agents made very few
errors: 99.2% of interaction rounds adhered to the
given instructions, and the clustering of semanti-
cally equivalent answers achieved 96.3% accuracy.

A.12 Human Error Analysis on Interaction
Format

We also conduct a human error analysis for group
interaction. In our analysis of 30 incorrect exam-
ples from each model, we identified two primary
error types: (1) 50% of errors occurred when agents
were influenced by the majority’s incorrect answer,
and (2) 15% occurred when agents concluded that
the question had no valid answer or was based on
a false premise due to conflicting responses. This
analysis further demonstrates that agents are more
easily influenced by dominant incorrect informa-
tion, reinforcing the importance of using one-on-
one interactions for single-query uncertainty check-
ing, as it allows the model to be exposed to diverse
information while maintaining its ability to apply
independent reasoning.

A.13 Prompts for the Proposed
DIVERSEAGENTENTROPY
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Example Target Query / Gold Answer Full Answer (Varied Query) / Extracted An-
swer

Example 1 Target Knowledge: What film starred Brad
Pitt’s first leading role?

Gold Answer: The Dark Side of the Sun

Varied Query: Which film marked Brad Pitt’s
debut as the primary protagonist?

Full Answer: Thelma & Louise
Extracted Answer: Thelma & Louise

Varied Query: What was the influence of the
film starring Brad Pitt’s first leading role on
the development of the Gothic horror genre in
cinema?

Full Answer: You’re likely referring to the
1988 film "Dark Side of the Sun", which was
not a Gothic horror film. Brad Pitt’s first lead-
ing role was actually in the 1988 film "Dark
Side of the Sun".
Extracted Answer: The Dark Side of the Sun

Example 2 Target Knowledge: Who was the first foot-
ball player to score one hundred international
goals?

Gold Answer: Ali Daei

Varied Query: Who was the first football
player to score one hundred international
goals?

Full Answer: The first football player to score
one hundred international goals is Cristiano
Ronaldo .
Extracted Answer: Cristiano Ronaldo

Example 3 Target Knowledge: What is the city flower of
Shanghai?

Gold Answer: Magnolia denudata

Varied Query: How does the city flower of
Shanghai reflect the city’s historical and cul-
tural connection to the Yangtze River Delta
region?

Full Answer: The city flower of Shanghai is
the White Peony (Paeonia lactiflora), which
reflects the city’s historical and cultural con-
nection to the Yangtze River Delta region in
several ways: 1. Native origin: The White Pe-
ony is native to the Yangtze River Delta region,
where Shanghai is located. This emphasizes
the city’s deep roots in the region’s natural en-
vironment. ..
Extracted Answer: White Peony (Paeonia
lactiflora)

Table 9: Error analysis with 3 examples for the retrieval of parametric knowledge for models. Note that after
agent interaction, the models give the correct answer to the target query. Here, the target knowledge is a simplified
wording proxy for the underlying target knowledge. We do not know how this knowledge is actually represented
within the model.
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Figure 5: Effect of #agents on performance.

Figure 6: Effect of #interaction rounds on performance.

Figure 7: Effect of interaction format on agent performance.

Figure 8: Analysis of robustness in agent interactions.
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Figure 9: AR-curves for both the baselines and the proposed method on individual datasets. SC refers to self-
consistency-based entropy. SC w 5 questions refers to the baseline using the agents’ questions without agent
interaction.
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Figure 10: We present the effect of the number of agents on agent performance for each dataset.
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Figure 11: We present the effect of the number of interactions on agent performance on each dataset.
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Figure 12: We present the effect of interaction format on each dataset.
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Figure 13: We present the robustness of interaction on each dataset.
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EXAMPLE QUESTION CONCEPTUALIZTION PROMPT

System
Can you identify the broader category of the specific entity referenced in the question? If
there is a specific entity, you MUST CHANGE it to a general category, e.g., a person, a item, a
place, a object. If there is no specific entity, you MUST KEEP the original question.
User
What is the most spoken language in the world?
Assistant
What is the most spoken language in the world?
User
What is a Joe Biden’s occupation?
Assistant
What is a person’s occupation?

Figure 14: Example Question Conceptualization Prompt

EXAMPLE ASPECT GENERATION PROMPT

System
Can you identify up to 5 key conceptual perspectives that are as varied and diverse as possible,
ensuring a comprehensive and multifaceted understanding of the question? Given ONLY the conceptual
aspect name, no other words or explanation. The aspect SHOUlD NOT indicate the answer to the
question. Each aspect is a line <as short as possible; not a complete sentence!>
User
What is the most spoken language in the world?
Assistant
demographic statistics
education policy
cultural influence
technology and media

globalization effects

Figure 15: Example Aspect Generation Prompt

EXAMPLE ASPECT QUESTION GENERATION PROMPT

System
Generate 5 questions that build upon a given question based on a given aspect. Ensure that each
question STRICTLY requires knowledge of this original question to answer but DO NOT INCLUDE the
direct answer to the original question in your generated questions but MUST INCLUDE the exact
content of the original question. These questions should encourage a deeper exploration of the
underlying themes or concepts introduced in the original question. Given ONLY the question, no
other words or explanation. For example: Q1: <the generated question should be SIMPLE and DO
NOT INCLUDE the direct answer to the original question>
User
Question: What is the most spoken language in the world?
Aspect: cultural influence
Assistant
Q1: How does the prevalence of the most spoken language in the world influence global media and
entertainment?
Q2: In what ways has the most spoken language in the world shaped international business and
trade practices?
Q3: How has the education system in non-native speaking countries adapted to teach the most
spoken language in the world?
Q4: What role does the most spoken language in the world play in diplomatic relations and
international policy-making?

Q5: How has the cultural heritage of the most spoken language in the world influenced global

cuisine and fashion trends?

Figure 16: Example Aspect Question Generation Prompt
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EXAMPLE SEMANTICALLY EQUIVALENT QUESTION GENERATION PROMPT

System
For the given question, provide 5 semantically equivalent questions. Do not answer the question.
STRICTLY follow the structure that each generated question is a line.
User
What is the most spoken language in the world?
Assistant
Which language has the highest number of speakers globally?
What language is spoken by most people worldwide?
Which language tops the list of the world’s most widely spoken languages?
What is the world’s dominant language by number of speakers?
Globally, which language is spoken by the greatest number of people?

Figure 17: Example Semantically Equivalent Question Generation Prompt

EXAMPLE 1-1 INTERACTION PROMPT

System
You are an AI assistant that helps people answer questions. Ensure your responses are concise
and strictly relevant to the queries presented, avoiding any unrelated content to the question.
Do not change your answer unless you think you are absolutely wrong.
<previous interaction conversations. . . >
User
When I asked you in another api call that + selection_agent_question + You mentioned that +
selection_agent_answer_to_original_query + Which is your actual answer to + original_query?

Figure 18: Example 1-1 Interaction Prompt

EXAMPLE ANSWER EXTRACTION PROMPT

System
You will extract the answer to the given question using ONLY the information provided in the
"Response" section. You will identify the answer directly without using any additional knowledge
or explanation. If the response includes a negation to the question, use those as the answer.
User
Response: The prevalence of the most spoken language in the world, which is Mandarin Chinese,
has a significant influence on global media and entertainment in several ways:
1. **Content creation**: Many Chinese production companies and studios create content
specifically for the massive Chinese-speaking audience, which often gets distributed globally.
This leads to a increase in Chinese-language content in international markets. 2. **Dubbing and
subtitles**: To cater to the large Chinese-speaking population, many international films and
TV shows are dubbed or subtitled in Mandarin, making them more accessible to Chinese audiences.
3. **Global market appeal**: The massive Chinese market has become a crucial factor in the
success of global films, TV shows, and music. Creators often tailor their content to appeal
to Chinese audiences, incorporating Chinese themes, actors, or storylines. 4. **Influence on
global trends**: Chinese social media platforms, such as WeChat and Weibo, have become essential
channels for promoting global entertainment content. Trends and memes that originate in China
can quickly spread globally. 5. **Cultural exchange**: The prevalence of Mandarin Chinese
has facilitated cultural exchange between China and other countries. International artists
and creators are increasingly collaborating with Chinese counterparts, leading to a fusion of
cultural influences in media and entertainment.
Overall, the dominance of Mandarin Chinese has reshaped the global media and entertainment
landscape, with creators and distributors adapting to cater to the vast and influential
Chinese-speaking audience.
Based solely on the response, What is the most spoken language in the world?
Assistant
The most spoken language in the world is Mandarin Chinese.

Figure 19: Example Answer Extraction Prompt
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PROMPT FOR ANALYSIS OF DIVERSE QUERIES - KNOWLEDGE PRESERVATION

System
You are evaluating whether a generated query preserves the knowledge required to answer a target
query.
Definition: A query preserves knowledge if answering it requires the same knowledge as answering
the original query, even if it is phrased differently.
Return your output in the following JSON format: { "explanation": "<brief explanation of whether
and why the generated query preserves the knowledge required to answer the target query>",
"valid": <true | false> }
User
Target Query: "<INSERT TARGET QUERY HERE>"
Generated Query: "<INSERT GENERATED QUERY HERE>"

Figure 20: Prompt for Analysis of Diverse Queries - Knowledge Preservation

PROMPT FOR ANALYSIS OF DIVERSE QUERIES - DIVERSITY

System
You are evaluating whether two queries are sufficiently diverse in their surface.
Definition: Two queries meet the diversity criterion if they differ in at least 20% of their
wording (measured by word variation).
Return your output in the following JSON format: "explanation": "<brief explanation of whether
and why the two queries are semantically equivalent and differ by at least 20% in wording>",
"valid": <true | false>
User
Query 1: "<INSERT QUERY 1 HERE>"
Query 2: "<INSERT QUERY 2 HERE>"

Figure 21: Prompt for Analysis of Diverse Queries - Diversity
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