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Abstract

Large language models (LLMs) define a dis-
tribution over text, which can be viewed as
a probabilistic representation of uncertainty:
sampling K responses yields a belief state—
responses a model deems plausible. Existing
work exploits this representation for narrow
tasks like either decoding or selective predic-
tion, and often requires manual interventions,
not controlling generation directly. We propose
Belief-Augmented Generation (BAG): ground-
ing LLMs in their own belief state via the
prompt and letting them reason over these K
samples to decide on and execute a conversa-
tional strategy: clarify, abstain, or answer. In a
multi-turn ambiguous question answering (QA)
setting, we find that LLMs by default rarely
clarify or abstain, ignoring uncertainty about
the input (aleatoric) or facts (epistemic). BAG
improves QA accuracy across six models and
yields strategy decisions more faithful to their
belief state than prompt-only baselines. Disen-
tangling when to clarify from when to abstain,
however, remains challenging.’

1 Introduction

Large language models (LLMs) are statistical mod-
els that autoregressively define a distribution over
text. This can be viewed as a probabilistic represen-
tation of uncertainty or belief (Baan et al., 2023).
By drawing multiple samples we obtain a textual
representation, i.e., belief state: responses a model
deems plausible under a given prompt.

Such representations are routinely and effec-
tively used in various research subfields: in de-
coding, by selecting the highest expected utility
or majority generation (Eikema and Aziz, 2020;
Wang et al., 2023); in selective prediction, abstain-
ing when entropy across semantic clusters of gen-
erations is high (Kuhn et al., 2023b); in clarifica-

'Code available at github.com/jsbaan/belief-augmented-

generation, and an explorer to browse questions, generations
and evaluations at jorisbaan.nl/belief-augmented-generation.

Who plays the queen on game of thrones?

Belief state

1. (...) Emilia Clarke. She portrays Daenerys
Targaryen, also known as the Mother of

Dragons.
2. (...) Lena Headey, who portrays Queen Cersei
Lannister.
Strategy: clarify / abstain / answer .
Could you clarify which queen you're referring to? For q O‘O )
example, are you asking about Daenerys Targaryen or o
Cersei Lannister?
I'm asking about Margaery Tyrell.
P
Margaery Tyrell is played by actress Natalie Dormer in 00
(L)
Game of Thrones. e

Figure 1: Turn 1: User asks a potentially ambiguous
question. Turn 2: BAG samples K responses, analyses
them, and formulates a strategy and response. Turn
3: BAG asked a clarification question so we simulate
a user answer. Turn 4: Final answer, optionally with
another round of BAG. Real Qwen3-14B example.

tion finetuning, to synthesise clarification questions
(Zhang et al., 2025); and in verbalised uncertainty,
to communicate uncertainty reflective of the rela-
tive frequency of a claim in the belief state (Yona
et al., 2024; Eikema et al., 2025).

Our main contribution is to unify these disparate
research strands, all using the same set of samples
for a single narrow decision-making task, and do so
without manual heuristics and interventions (e.g.,
decoders, uncertainty quantifiers, selective predic-
tion heuristics, or finetuning).

We capitalise on the intuition that inspecting
multiple generations provides information about re-
liability. For example, sample diversity can be char-
acteristic of different sources of uncertainty and,
as such, informative of when and how to clarify,
abstain, or answer. Specifically, we let LLMs rea-
son over an explicit textual representation of their
own uncertainty, obtained via sampling, guiding
them to clarify, abstain or answer directly. This har-
nesses LLMs’ strong abilities to reason about avail-
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able textual evidence, as demonstrated in retrieval-
augmented generation or RAG (Lewis et al., 2020).

We call our method Belief-Augmented Genera-
tion or BAG: conditioning generation directly on
the belief state (rather than external documents in
RAG) via the prompt. BAG lets an LLM decide
when to answer, what strategy to follow, and how
to formulate the answer all at once. BAG can be
viewed as test-time compute scaling (Snell et al.,
2025), requiring no training, no external data, and
being applicable to any model, including closed
models. Figure 1 shows an example.

The six LLMs in our experiments by default
rarely clarify or abstain and ignore uncertainty in
the input (sometimes called aleatoric or data un-
certainty, for example due to ambiguity) and about
facts (sometimes called epistemic or model uncer-
tainty). In contrast, belief-augmented generation
improves QA performance and leads to strategies
more faithful to probabilistic uncertainty.

To complement automatic QA evaluation of in-
creasingly complex and verbose LLM generations—
which is non-trivial (Kamalloo et al., 2023; Ad-
lakha et al., 2024)—we also release BAG Explorer
L3, an online tool to manually browse the ques-
tions, references, generations and evaluations used
in this paper.

2 Related Work

Decoding. One of the earlier works that exploit
a textual representation of probabilistic belief (i.e.,
K sampled generations) is Minimum Bayes Risk
decoding (MBR), which selects the generation that
best represents the entire set, demonstrating im-
proved response quality (Eikema and Aziz, 2020;
Suzgun et al., 2023; Wu et al., 2025). Similarly,
self-consistency samples multiple reasoning chains
and pick the majority answer (Wang et al., 2023;
Bertsch et al., 2023). Both can be viewed as test-
time compute scaling (Snell et al., 2025).

Selective prediction. Kuhn et al. (2023b); Far-
quhar et al. (2024) instead capitalise on the idea
that semantically distinct claims in the belief state
may be indicative of error (i.e., model or epistemic
uncertainty)—an intuition widely used to detect
hallucinations (Geng et al., 2024; Vashurin et al.,
2025). Others view variation in belief states as
uncertainty about the input (i.e., data or aleatoric
uncertainty; Giulianelli et al., 2023; Baan et al.,
2024), and there have been efforts to disentangle
these sources (Cole et al., 2023; Hou et al., 2024).

However, both decoding and selective prediction
methods rely on hand-crafted features and their end
goal is to predict error or select a generation rather
than directly controlling generation.

Faithful uncertainty. Another line of research
guides models to communicate their uncertainty
faithfully, i.e., hedge or strengthen a claim such
that it reflects the relative frequency of that claim
in the belief state (Yona et al., 2024; Xu et al., 2024;
Eikema et al., 2025). Most similar to our work is
Kirchhof et al. (2025), who propose to commu-
nicate the full internal distribution over possible
answers rather than hedging a single answer. They
find that directly conditioning on K samples in the
prompt is most effective. We go beyond a simple
summary and instead instruct models to analyse
their own belief state to power dynamic conversa-
tional decisions. Also similar is Nan et al. (2025)
who condition a bigger, auxiliary model on another
model’s belief state to analyse the source of its
uncertainty. We instead let the same model rea-
son about its own uncertainty to directly inform its
generation process.

Conversational strategies. Predicting conversa-
tional strategies has a long history in (spoken) di-
alogue systems, from decision-theoretic action se-
lection (Paek and Horvitz, 2000; Horvitz and Paek,
2000) to belief representation and estimation (Bo-
hus and Rudnicky, 2005a,b; Williams et al., 2013).

However, LLMs use a limited range of conversa-
tional strategies and often answer directly, failing
to recognize ambiguity or ask clarification ques-
tions, instead implicitly assuming an interpretation
(Deng et al., 2023; Shaikh et al., 2024; Zhang et al.,
2024; Testoni et al., 2025). While there have been
attempts to remedy this via prompting (Kuhn et al.,
2023a; Zhang et al., 2024) and fine-tuning (An-
dukuri et al., 2024; Chen et al., 2025), the belief
state has been under-explored.

Testoni and Ferndndez (2024) suggest that hu-
man clarification questions as supervision for de-
ciding when and how to clarify may not be ideal to
resolve model uncertainty, which is echoed by Kim
et al. (2024) who finetune on questions ‘perceived’
by a model as ambiguous, and Zhang et al. (2025)
who finetune on synthetic clarifications generated
by an external model instructed to distinguish be-
tween K sampled generations. Zhang and Choi
(2025) predict ambiguity via entropy over multiple
simulated user responses without exploiting them
for how to clarify, and do not allow abstaining.
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Crucially, unlike classical selective prediction,
BAG guides models to abstain with a direct re-
sponse to the user based on the belief state (see
the example in Figure 2). In fact, the abstain strat-
egy can easily be replaced by or enhanced with
faithfully communicating uncertainty, or fetching
external information, i.e., deciding when to RAG.
Similarly, clarification is but one strategy to ad-
dress ambiguity. There are others, like long form
answers (Berant et al., 2026; Saparina and Lap-
ata, 2026), which are fully compatible with BAG.
We are not aware of recent work combining direct
answer, clarification and abstention strategies.

3 Belief-Augmented Generation (BAG)

BAG feeds a textual representation of probabilistic
belief directly into the prompt, guiding models to
improve their responses by making belief-informed
conversational decisions. We capitalise on the intu-
ition that inspecting multiple generations gives in-
sight into the response reliability, e.g., that sample
diversity can be characteristic of different sources
of uncertainty and, as such, informative of when
and how to clarify, abstain, or answer.

3.1 Constructing the Belief State

An LLM with parameters ¢ defines a distribution
Py(Y|X = z) over responses Y € X" given input
X =z € X, where X is the space of strings. We
take the stance that, for any input X = =z, the proba-
bility measure Py under a given sampling algorithm
is a representation of the LLM’s uncertainty about
the response Y, specifying the space of responses
plausible under the model (Baan et al., 2023).

To summarise the predictive distribution for a
given input X = x one can draw multiple samples
using Monte-Carlo (MC) simulation. Practitioners
often reduce this set of strings to a single number to
power a decision making tool, like what generation
to pick (Eikema and Aziz, 2020; Wu et al., 2025)
or when to abstain (Farquhar et al., 2024; Vashurin
et al., 2025).

With BAG we retain the full set of K samples as
the belief state Bg(z) := (YD, ... YK)) where
Y *) ~ P,. Interestingly, this representation not
only captures diversity across generations that a
model deems plausible, but also linguistic cues
within generations, like hedging, refusals, clarifica-
tions, knowledge cut-offs, or nuanced acknowledg-
ments of ambiguity.

3.2 Prompting for Conversational Strategies

BAG is a two-stage approach. First a model is
shown a question to obtain multiple generations.
Then these generations are included in a new
prompt to help decide on and execute a conver-
sational strategy. This prompt includes the user
question = and belief state B and defines the al-
lowed strategies, output format and how to analyse
the belief state to arrive at a strategy. Appendix
Figure 6d shows an example prompt.

A powerful property of BAG is the ability to cap-
ture multiple intuitions behind popular uncertainty
quantification methods in plain text, directly in the
prompt. We explore four intuitions: (1) inconsis-
tent facts among generations point to hallucinations
and indicate a form of epistemic uncertainty that
should lead to abstaining (akin to semantic entropy;
Kuhn et al., 2023b), (2) generations that address
different interpretations of the question should lead
to a clarification question, (3) generations that are
largely consistent should lead to a direct answer,
and (4), direct answers should resemble the entire
belief state (akin to MBR; Eikema and Aziz, 2020).
We discuss the exact prompts in Section 4.2.

3.3 BAG+

If there are multiple conversational turns, like when
the assistant model asks a clarification question,
one could apply BAG to every assistant turn, repeat-
edly augmenting the generation process—sampling
K new generations given the conversation history
with another range of available strategies. We call
this version BAG+. BAG+ is particularly useful
when, even after a clarification interaction with
the user, the assistant model is (too) uncertain to
provide an answer. Appendix Figure 12 shows an
overview of the entire pipeline.

4 Experimental Setup
4.1 Dataset

We evaluate on real-world Google search questions
from AmbigQA (Min et al., 2020), for four reasons.
First, it is the standard in ambiguity and clarifi-
cation research (e.g., Gao et al., 2021; Min et al.,
2021; Cole et al., 2023; Kim et al., 2024; Zhang
et al., 2025; Zhang and Choi, 2025; Berant et al.,
2026). Second, many popular alternatives (e.g.,
CLAMBER, ASQA, CAmbigNQ, CondAmbigQA;
Zhang et al., 2024; Stelmakh et al., 2022; Lee et al.,
2023; Gao et al., 2023; Li et al., 2025) are derived
from AmbigQA or its source Natural Questions
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Who said tune in turn on drop out?

[SampleKresponses a ] ‘.OTO,

Who wrote the french version of o canada?

[SampleKresponses @] ‘.o':o,‘
-]

Who plays andre linoge in storm of the century?

[SampleKresponses a] ;cﬁ).‘
-]

STRATEGY: DIRECT_ANSWER

REASONING: All candidate answers consistently
attribute the phrase "tune in, turn on, drop out" to
Timothy Leary, with minor variations in phrasing and
emphasis. While one answer mentions Richard Alpert
(Ram Dass) as a possible source, it still attributes the
phrase's popularization to Leary. There is no
meaningful uncertainty in the core answer.

RESPONSE: The phrase “tune in, turn on, drop out"
was popularized by Timothy Leary, an American
psychologist and writer, in the 1960s. He used it as a
call to action for the counterculture movement,

STRATEGY: CLARIFICATION_QUESTION

REASONING: The candidate answers provide
multiple conflicting claims about who wrote the
French version of "O Canada," including different
composers (Calixa Lavalliére, Adolphe-Basile
Routhier, Jeanne Lajoie, Catherine Calon, Clément
Giguere, Joseph Lavallée, Jeanne Baudry, Arthur
Letondal). This indicates ambiguity or lack of
specificity in the question, as it is unclear whether
the user is asking about the composer of the
melody, the lyricist, or the current official version. A
clarification question is needed to resolve this
uncertainty.

STRATEGY: ABSTAIN

REASONING: The candidate answers provide
multiple conflicting and inconsistent responses
about who plays Andre Linoge in *Storm of the
Century* None of the answers align with each other
or with known casting information, and there is no
clear way to determine which, if any, is correct
based on the provided data. No clarification
question would resolve this uncertainty without
external knowledge.

RESPONSE: | currently don't have enough reliable
information to determine who plays Andre Linoge in

encouraging people to explore psychedelic
experiences and reject mainstream societal norms.

answer.

RESPONSE: Could you clarify whether you are

J asking about the composer of the melody, the
lyricist, or the current official French version of "O
Canada"? This will help me provide a more accurate

*Storm of the Century* | recommend checking
official sources or cast listings for the most accurate
answer.

Figure 2: Three real examples of Qwen3-14B output when strategising about the best conversational strategy based
on the user’s question and its own belief state (which we omit for brevity) using BAG2. User only sees the response.

(Kwiatkowski et al., 2019), for instance, Situat-
edQA (Zhang and Choi, 2021), inheriting the same
problems while adding little independent evidence.
Third, AmbigQA contains uncertainty arising from
the input due to ambiguity and underspecification,
but also the model, due to the closed-book QA task
that forces models to retrieve facts from their pa-
rameters. A dataset exhibiting only one does not
allow evaluation of both clarify and abstain. Fourth,
AmbigQA supplies unique annotations that we ex-
ploit as user intents to evaluate BAG rigorously
and interactively (Section 5).

User intents. AmbigQA annotates each ques-
tion with all possible answers and provides mul-
tiple disambiguated questions for them. For in-
stance, “Who is the female singer on Gimme Shel-
ter?” yields two disambiguated pairs: Who was the
female singer on the recorded version of Gimme
Shelter? — Merry Clayton and Who was the fe-
male singer on Gimme Shelter on tour? — Lisa
Fischer. Following recent work, we treat each
disambiguation-answer pair as a separate user in-
tent (Zhang et al., 2025; Zhang and Choi, 2025;
Berant et al., 2026). We evaluate on the full de-
velopment set (the test set is not public), filtering
out 170 questions with conflicting annotations, re-
sulting in 1,832 questions. Roughly half (58.5%)
of the questions are ambiguous, and those have
three intents on average. See Appendix A for more
dataset statistics.

4.2 Instantiating BAG

Conversational Strategies. We experiment with
three strategies for BAG: clarify to address un-

certainty in the data (e.g., ambiguity in the input),
abstain to address uncertainty in the model (e.g.,
about facts), and direct answer for little to no un-
certainty. We leave other strategies, like retrieving
external information (using BAG to decide when to
RAG) or long-form answers, to future work. When
applying BAG+ to the final assistant turn, we al-
low only the direct answer and abstain strategies,
limiting the total number of conversational turns to
four.

BAG prompts. We test three prompts with
slightly different instructions for how to analyse
the belief state (BAG1-3). BAG1 in Appendix Fig-
ure 6d shows the most basic variant, focusing on
sample consistency. BAG2 in Appendix Figure
7 includes a Minimum Bayes Risk-like intuition,
and further delineates when to abstain versus clar-
ify. BAG3 in Appendix Figure 8 extends it with a
two-step instruction: first cluster generations, then
conjecture if multiple clusters represent different
interpretations of the question or just factual in-
consistencies (i.e., hallucinations). We use a sin-
gle prompt for BAG+, shown in Appendix Figure
9, and provide an overview of all prompts in Ap-
pendix Figure 12.

Models. We test models of various size and fo-
cus: the 7B and 13B OLMo2-instruct, 7B OLMo3-
instruct, 8B and 14B Qwen3, and Gemini-2.5-
Flash.? We use K = 10 unbiased samples to
construct the belief state and use each model’s rec-
ommended decoding setting (temperature, top-k,
top-p and min-p) to generate user-facing responses.

2We disable thinking mode because of the extremely large
token cost, especially in Olmo3 and Qwen3.
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Direct Generation

Augmented Generation

One intent Any intent One intent
Standard Disambig Standard Disambig SAG+ BAGI+ BAG2+ BAG3+

OLMo2-7B 41.5 41.7
OLMo2-13B 55.6 55.1
OLMo3-7B 41.8
Qwen3-8B 45.0 40.8
Qwen3-14B 58.8
Gemini-2.5-Flash 67.4 68.8 69.8 68.4

Table 1: Accuracy on AmbigQA for direct generation (left) and augmented generation (right) in both the first and
final assistant turns (SAG+/BAG+). All BAG+ prompt/model configurations outperform standard generation and the
prompt-only baseline SAG+. For 17/18 configurations, BAG+ also outperforms the disambiguation oracle. Colours

are row-normalised.

5 Evaluation

We introduce four generation settings. For an
overview of the prompts, see Appendix Figure 6.

Direct generation. The standard baseline gen-
erates a response given the original question. The
disambiguation oracle uses an (annotated) disam-
biguated question from AmbigQA, if one exists,
or the original question otherwise (collapsing to
the standard baseline). We consider this an oracle
for when and how to clarify, removing ambiguity
and evaluating if models have the relevant factual
knowledge to answer a particular intent.

Augmentation methods. The main augmenta-
tion method conditions on the belief state: Belief-
Augmented Generation (BAG), with an optional
second round for turn 4: BAG+. We also intro-
duce Strategy-Augmented Generation (SAG), a
prompt-only baseline that receives the question and
strategy instructions, but no belief state. SAG+ is
the application of this prompt-only baseline to the
fourth turn, allowing for abstention after clarifica-
tions just like BAG+.

Simulating Interaction. When the assistant
model asks a clarification question, we use Gemini-
2.5-Flash to role-play a user. We prompt it with
a user intent (hidden from the assistant model): a
disambiguated version of the question if the annota-
tion exists, and the reference answer if the question
is not ambiguous. We design a conservative prompt
(Figure 10) that elicits “I don’t know” if the clar-
ification question is unanswerable or off topic to
avoid rewarding bad clarification questions. Ap-
pendix B provides an error analysis—we generally
find high-quality user answers.

We limit each conversation to four turns: user
question, potential assistant clarification question,

user response, assistant response. See Figure 1 for
an example. We evaluate direct and clarify strate-
gies against one specific user intent. Following
standard selective prediction practices (e.g., Kuhn
et al., 2023b), we exclude questions that a model
abstains on and compute accuracy on the remaining
subset. An increase in accuracy means that models
abstain on questions that they would have gotten
wrong otherwise—which is exactly the goal.

5.1 Metrics

We measure QA accuracy with a human reference-
based LLM judge because 1) we found many false
positives and false negatives with lexical metrics,
2) to mitigate hallucinations by the LLM judge. We
employ Gemini-2.5-Flash. See Appendix Figure 11
for the prompt. A small manual analysis detailed
in Appendix C reveals a 97% correctness rate of
our reference-based LLM judge. In addition, we
encourage the reader to manually explore questions,
generations, user simulations, and judge verdicts
with the BAG explorer (I

For the direct generation settings, we evaluate
ambiguous questions with multiple intents against
one (randomly chosen) intent and any of the possi-
ble intents.

One intent. This is the core metric evaluating
whether models give the correct answer to a spe-
cific user intent. This metric is strict and may be
unfair without the potential for interaction, i.e., it
may reject generations that answer another intent,
even though a user might judge the generation’s
relevance themselves, potentially following up by
making their intent more explicit.

Any intent. Do models give a correct answer
w.r.t. any of the possible intents? We consider this
an upper bound that does not care about ambiguity.
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6 Results

We first analyse direct generation results, with no
possibility to clarify or abstain. See Table 1, left.
We care about the relative differences between gen-
eration settings, not models. Therefore, colours are
row-normalised.

Disambiguations cannot fix lack of knowledge.
The disambiguation oracle yields relatively small
improvements over the standard single intent base-
line for some models (e.g., Qwen3-8B), and much
larger improvements for others (e.g., Gemini-2.5-
Flash). This demonstrates that some models are
unable to exploit disambiguations due to a lack of
factual knowledge, rather than an inability to han-
dle ambiguity. This indicates varying and some-
times limited potential for clarification, further mo-
tivating why BAG supports both clarification and
abstention.

Specific intents are difficult. The gap between
the standard one vs. any intent metric reflects the in-
herent difficulty of recovering a specific user intent
without interaction or disambiguation—a model
may give a perfectly reasonable answer while miss-
ing the target interpretation. Still, the one intent
metric is valuable when considering that users may
ask an ambiguous question while having a specific
intent in mind, especially if they cannot foresee
which interpretation is salient to the model.

Models presuppose a “salient’” interpretation.
The disambiguation oracle’s improvement from the
one intent to any intent metric indicates that models
may presuppose a salient interpretation so strongly
that they ignore the disambiguation, perhaps not
having the relevant factual knowledge to support
other intents. This aligns with Sedova et al. (2024)
who find biases toward preferred readings of enti-
ties that correlate with the frequency of those read-
ings in training data. This may also limit the effect
that clarifications have on changing such salient
interpretations.’

Performance differences across models. Fi-
nally, while not relevant to evaluating BAG, Table 1
shows that Gemini-2.5-Flash performs best with
59.1% accuracy on the one intent metric, followed
by Olmo2. Olmo2 outperforms Qwen3 and Olmo3,
which is consistent with results from the original

3To investigate to what extent interpretations salient to
models align with interpretations salient to humans, we need
more and more diverse annotations than AmbigQA offers.

Qwen3-14B
BAG3+ s I
BAG2+ WSS [
BAG1+ azin
sac+ [ /
Gemini-2.5-Flash
BAG3+ . = v :It;srrglllabstam
BAG2+ /) == dlarify
BAG1+ A e mem direct
SAG+ Al | s
0 5 10 15 20

Gap = BAG - baseline acc (standard 1-intent)

Figure 3: The contribution of each strategy to BAG+’s
total accuracy increase (shown on the x-axis). Abstain
is the driving force for Qwen3, while for Gemini the
contributions are more balanced.

authors on PopQA (Olmo et al., 2025) and may
reflect the newer Qwen3’s and Olmo3’s relative
focus on reasoning and instruction following over
factual knowledge. Gemini-2.5-flash is also better
at exploiting disambiguations, with an accuracy in-
crease of 9.6 points. Since we do not have access
to training data, there are few conclusions we can
draw from this. Moreover, while it may seem that
the Gemini-2.5-Flash judge is unfairly favouring
itself, recall that we use it as a reference-based
LLM judge, with explicit instructions to use the
AmbigQA references as authoritative (Section 5.1).

6.1 Augmented Generation

Table 1 (right) reports our main results for belief-
augmentation of both the first and the final assistant
turn (BAG+). To isolate the contribution of the first
round, Appendix Table 3 reports BAG applied to
the first assistant turn only.

A single round of BAG yields substantial gains:
it outperforms the standard one intent baseline in
17 out of 18 model-prompt configurations (the ex-
ception being Qwen3-8B with BAG3); the prompt-
only SAG in 15 out of 18; and even the disambigua-
tion oracle in 11 out of 18. The best prompt variant
per model improves over the standard one intent
baseline by 12.4 points averaged across models
(a 34% relative improvement), ranging from 5.8
(OLMo02-7B) to 25.7 (Qwen3-8B), and over SAG
by 10.2 points.

Augmenting the final assistant turn as well
(BAG+) improves results further: in Table 1 (right),
all BAG1-3+ variants outperform both the standard
baseline and SAG+; and BAG+ outperforms the
disambiguation oracle in 17 out of 18 configura-
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tions. The best prompt variant per model improves
over the standard baseline by 18.5 points averaged
across models (a 55% relative improvement), and
over the disambiguation oracle by 15.1 points. We
attribute this to the assistant model often lacking
the relevant factual knowledge to answer correctly
even after clarification—something we also ob-
served for the disambiguation oracle in Section
6. BAG+ is able to catch this in its updated belief
state and abstains rather than incorrectly guessing.

6.1.1 Decomposing BAG Performance

To understand if and how each strategy contributes,
we decompose BAG+’s accuracy improvement
over the standard direct generation baseline in Fig-
ure 3. Orange shows the contribution of abstaining
(by excluding those examples from evaluation);
green the improvement of the final answer after
clarification over the baseline on the clarify-subset;
and blue of the direct answers relative to the stan-
dard baseline on the direct-subset. Every strategy
contributes positively but to varying degree. For
Qwen, abstaining is the driving force behind its
accuracy improvement, in line with its low base-
line and disambiguation oracle scores in Table 1.
Appendix Figures 13,14 show other models.

6.1.2 Strategy routing

This decomposition captures both what strategy
is chosen and the quality of the actual response.
We next isolate strategy routing: how often and
when are strategies chosen? Figure 4 shows the
frequency of each strategy per model and prompt.
While the direct answer strategy is generally most
often chosen there are big differences across mod-
els. We hypothesise that this is due to structurally
different belief states with varying levels of con-
sistency (i.e., uncertainty) and verbosity, which we
further explore in Section 7. For example, the best
model, Gemini-2.5-Flash, most often answers di-
rectly, exhibiting less uncertainty.

There are also differences across prompts. These
are partly by design: e.g., BAG3 instructs models
to cluster generations and conjecture if and which
interpretation of the user’s question might lead to
each cluster. Models can almost always come up
with such interpretations, which explains the high
rate of clarification. However, instruction following
is also a factor: Gemini-2.5-Flash—the best instruc-
tion follower—shows substantially less variation
across BAG prompt variants. Next, we attempt
to evaluate the strategy routing: on what kind of

questions was each strategy chosen?

Accuracy. Table 2 shows accuracy of the non-
augmented, standard direct generation baseline on
strategy subsets defined by augmented generation
in the first assistant turn. This tells us if the harder
questions are rightfully being routed to clarify or
abstain, while the easier ones are answered directly.
Indeed, baseline accuracy on the direct answer sub-
set acc(D) is much higher than on the abstain sub-
set, sometimes as much as 5-7x (Qwen3), whereas
the clarified-subset accuracy lies in between. This
indicates that augmented generation leads to sen-
sible strategy decisions. Also, belief-augmented
prompts make better routing decisions than the
prompt-only SAG variant, demonstrated by higher
accuracy on the direct and lower accuracy on the
abstain subset.

Ambiguity. The clarify subsets contain the high-
est share of ambiguous questions across models,
shown by the amb(C) column being dark blue.
However, this share is still only 53.5-76.7%, which
is consistent with related work showing that detect-
ing ambiguity or when to clarify is a very challeng-
ing task (Zhang et al., 2024; Tanjim et al., 2025;
Zhang et al., 2025). We posit that ambiguity de-
tection in factual QA is inherently very difficult:
recognizing multiple intents given a deceptively
straightforward question requires both an under-
standing of ambiguity and highly specialised fac-
tual knowledge (e.g., that a different person per-
formed a song on tour), and we suspect that even
humans would struggle to mark these questions as
ambiguous. That said, since LLMs are increasingly
used as a substitute for search engines (Chatterji
et al., 2025), the bar may arguably be higher.

6.2 Effect of Clarification

The ideal conditions to clarify are: (1) a direct an-
swer would have been wrong, (2) the clarification
question is relevant and a user would be able to
answer it, (3) without the user’s answer, a model
could not give the correct answer (e.g., RAG would
not help since a model does not know what infor-
mation to fetch or fetches conflicting information),
and finally (4) the model has the factual knowledge
to answer the disambiguated question.

Section 6 shows that condition 1 is often met
(direct generation accuracy is low) and condition 4
is not (factual knowledge, not ambiguity, is often
the problem, for which abstain is a better strategy).
This limits the potential for clarification, which we
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Figure 4: The strategies that models pick can vary a lot based on the model class and instructions. For example,
larger models often choose to answer directly across prompts, indicating less uncertainty, whereas OLMo2-7B

clarifies a lot.

\ acc(C) acc(D) acc(A) amb(C) amb(D) amb(A)
OL2 32.6 38.6 32.4 53.5 57.1 63.2
7B 45.8 525
OL2 51.6
13B 532
OL3 27.0 19.2 58.1
7B K 11.1 55.9
Qw3
8B
Qw3 54.2 50.0
14B 53.7 53.8
Gem 52.8 442
2.5Flash 53.6 45.1

Table 2: How good is the choice of strategy in the first as-
sistant turn? We group questions by the strategy a model
predicts (Clarify / Direct / Abstain) and report standard
baseline accuracy (left) and share of ambiguous ques-
tions (right) per group. For example, ace(C) is standard
baseline accuracy on questions the model decides to
clarify. Ideally ace(D) is high, acc(A) and ace(C) low,
and amb(C) high. Colours are row-normalised. S: SAG,
B: average over BAG1-3.

confirm in Figure 3. We will qualitatively investi-
gate conditions 2,3 next.

Belief states display both interpretation varia-
tion due to multiple plausible interpretations of
the question, and hallucination variation due to in-
consistent facts, falling neatly on opposite ends of
the data-model uncertainty spectrum (Baan et al.,
2023). Interpretation variation should be addressed
by interacting with the user, and hallucination varia-
tion by abstaining. However, we find that detecting
this difference is challenging. BAG guides models
to formulate a clarification question based on their
belief state. When the belief state contains multiple
plausible answers, each contextualised (e.g., "in
the US, ..." vs "in Canada, ...", or "the FIFA world
cup ..." vs "The rugby world cup..."), the clarifi-
cations are generally useful, like the examples in
Figures 1-2.

However, models sometimes come up with non-
existent ambiguity to explain hallucination varia-

tion, especially if generations are not meaningfully
contextualised. For example, non-existing adap-
tations of a movie in which different actors play
the same character to explain mentions of those
actors in the belief state. Put differently: clarifica-
tion questions reflect what Kim et al. (2024) call
perceived ambiguity, which does not necessarily
align with how humans perceive ambiguity in the
real world. While such clarification questions are
truthful reflections of what models deem plausible—
and arguably a better strategy than responding with
one of the incorrect generations—they may still
confuse a user.

6.3 Computational Cost

BAG’s computational cost, like other sample-based
approaches (e.g., MBR, semantic entropy, self-
consistency, verbalised uncertainty) is K samples,
plus an additional prompt to reason over them.
The optional BAG+ adds another round. However,
BAG goes beyond a single decision by simultane-
ously determining 1) when to answer (selective pre-
diction), 2) how to answer (self-consistency, MBR,
verbalised uncertainty), and 3) when and how to
clarify.

Preliminary tests reveal that Qwen3 thinking
mode consumes 7x more output tokens than di-
rect generation, for just 2 more accuracy points.
This cost is not much higher than sampling 10 gen-
erations, which, unlike thinking, is parallelisable.
This puts BAG’s costs in perspective.

To reduce token cost, we study the effect of two
brevity-inducing prompts: "Please provide a con-
cise answer to the following question:", and '(...)
short answer of at most 1 sentence (...)". They re-
duce average generation length by up to a factor
10 without severely impacting accuracy (Appendix
Table 6). However, the verbal cues for how models
interpret a question (e.g., "the FIFA world cup was
in ...") are often lost (examples in Appendix Table
4), reducing the means by which users can judge
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Figure 5: Routing decisions vs belief state entropy:
BAG is more faithful to the predictive distribution than
SAG, answering directly when entropy is low, increas-
ingly clarifying and abstaining as entropy increases.

an answer, and BAG a belief state.

7 Faithfulness

We evaluated BAG in terms of QA performance,
but equally important is: are its strategic decisions
faithful to its internal distribution?

We cluster generations on the main answer they
assert and compute semantic entropy (Kuhn et al.,
2023b) with Gemini-2.5-Flash. We find that be-
lief states range from just a single answer to ten
totally distinct answers. For smaller models, be-
lief states are almost uniformly distributed across
this range, while Gemini-2.5-Flash has many more
single-answer belief states; about 50%; see Ap-
pendix Figure 16.

BAG s strategies are more faithful. Our hypoth-
esis is that models will choose the direct answer
strategy for lower entropy, and clarify or abstain for
higher entropy belief states. Indeed, Figure 5 con-
firms this for Qwen3-14B and Gemini-2.5-Flash
with BAG. Interestingly, the prompt-only SAG is
not aligned with belief state entropy, providing fur-
ther evidence that prompt-based uncertainty meth-
ods do not exploit the ‘internal’ predictive distribu-
tion. We observe similar patterns for Olmo3 and
Qwen3-8B, but not for Olmo2, which we explain
by its limited ability to follow instructions.

Baselines rarely clarify or abstain. Direct gen-
eration without any augmentation strategy rarely
clarifies or abstains at all: classifying generations
with Gemini-2.5-Flash we find they only do so
on 3% of the questions. A small manual analysis
(Appendix Figure 15) confirms this, aligning with
findings from previous work (Deng et al., 2023;
Shaikh et al., 2024; Zhang et al., 2024; Testoni
et al., 2025). This confirms that direct generation
is even less faithful to the internal distribution.

Clarification reduces entropy. We sample K re-
sponses after clarification interactions (similar to
BAGH+), cluster them, and compute the difference
between their semantic answer entropy and entropy
of the turn 2 responses reported earlier. We find
that clarification reduces entropy for all models.
Averaged across BAG1-3, Gemini has the largest
reduction of 54%, followed by Olmo2-13B at 20%,
Qwen3-14B at 18%, Qwen3-8B at 16%, Olmo2-7B
at 14%, and Olmo3-7B at 1.7%. This aligns with
the disambiguation oracle results, which indicated
that some models do not have the factual knowl-
edge to exploit even annotated disambiguations.

8 Conclusion

Belief-augmented generation unifies disparate
sampling-based uncertainty methods into a single
decision making framework. It combines a proba-
bilistic view with modern instruction and reasoning
capabilities to decide when and how to answer di-
rectly, clarify, or abstain. In our interactive ambigu-
ous QA setting, BAG improves accuracy across
six models and produces strategic decisions more
faithful to the belief state than the prompt-only
baselines, while standard direct generation rarely
clarifies or abstains at all. Disentangling (seman-
tic) variation in belief states due to hallucinations
versus different interpretations—and thus when to
clarify versus abstain—remains challenging.

There are many promising avenues for future
work. For example, experimenting with different
strategies (e.g., tool calling), deploying BAG in
more autonomous, task-driven settings (e.g., book-
ing a trip with ambiguous instructions), and enrich-
ing the belief state (e.g., including thinking traces,
combining the power of reasoning models with a
more traditional statistical perspective).
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10 Limitations

While AmbigQA is well suited to simulate differ-
ent user intents due to its multiple disambiguation
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annotations, being similarly used by several recent
studies due to a lack of good alternatives, its ref-
erences can be outdated and its disambiguations
slightly artificial: rather than the actual intent of the
user who asked a question—impossible to recon-
struct after the fact—AmbigQA instead collects all
possible answers via Wikipedia search and retroac-
tively create (minimally edited) disambiguated ver-
sions of the original question. An important avenue
of research is therefore to collect new datasets with
real world questions and intents that correspond to
actual user intents, ideally from users with diverse
cultural backgrounds (e.g., AmbigQA is very US-
centered), which also allows comparison between
models’ suppositions and whether they align with
dominant user intents.

Another limitation is the quality of the belief
states, i.e., the model’s representation of uncer-
tainty. While belief states provide richer insight
into the range of responses probable under a model,
and are successfully exploited for decision making
tasks like decoding or selective prediction, they still
merely reflect probability under a model, not reality
(e.g., highly consistent belief states with a single
main claim can still be factually incorrect). It is
important to improve the quality of belief states,
which can then be more effectively exploited by
methods such as BAG.

Finally, by using BAG as a test-time scaling
method we incur a computational cost during infer-
ence. However, BAG can be extended for synthetic
data creation, allowing models to be finetuned on
uncertainty-guided strategies without additional in-
ference costs.
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A Dataset Statistics

Each AmbigQA question is annotated with a sin-
gle answer (i.e., intent), marking the question as
unambiguous, or multiple disambiguated question-
answer pairs (i.e., , intents), marking it as ambigu-
ous. The dataset contains 10,036 train and 2,002

development questions, with 10,251 and 3,312 an-
notations respectively (multiple annotators may an-
notate the same question). The development set has
a higher ambiguity rate (58.5% vs. 47.3% for train)
and annotation clash rate (i.e., questions with both
an ambiguous and unambiguous annotation: 8.5%
vs. 0.1% for train—we filter those questions out).
We evaluate on the full development set (the test
set is not public), filtering out 170 questions with
conflicting annotations, resulting in 1,832 ques-
tions. Questions average 9.0 words and answers
2.5 words across both splits. Ambiguous questions
have on average 3.17 (+2.03) intents in dev and and
2.94 (£1.33) in train.

B LLM User Answer Simulator Error
Analysis

The user answer simulation prompt for Gemini-
2.5-flash is shown in Figure 10. We find that sim-
ulated user answers are generally of high quality.
The user simulator is explicitly instructed not to
reveal the reference answer and only to answer the
clarification question. Nevertheless, references oc-
casionally leak through. On average, across all
assistant models and prompts, the user answer con-
tains the reference answer for 1.7% of clarification
questions.

However, some clarification questions already
contain the reference answer themselves, which is
not a leak on the user simulator’s part. Excluding
those cases, only 0.7% of user answers constitute
true leaks. To assess their impact on our results,
we count how often leaks co-occur with a positive
clarification flip (direct answer incorrect — final
answer correct), finding this in only 1.9% of such
flips. We therefore conclude that reference leaks do
not meaningfully inflate the reported clarification
gains.

The prompt instructs the user simulator not to
answer clarification questions that are irrelevant
to its intent or off-topic, to avoid rewarding bad
CQs with useful additional information about the
users intent. On average, about 5% of the user
responses are an exact match with "I don’t know".
This simulation strategy is very conservative, and
we suspect real users to be much more helpful.

For example, consider the AmbigQA question
"What is the dog called in midsomer murders?"
with intent "What is the dog’s breed called in
midsomer murders?" and the model’s clarification
question "There isn’t a single dog that consistently
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(A) DIRECT GENERATION STANDARD BASELINE

Who was the female singer on Gimme Shelter?

(C) STRATEGY-AUGMENTED GENERATION (SAG)

# [1. Setting]

You are an AI assistant and your goal is to answer
a user's question directly, ask a clarification
question, or abstain.

+H*

[3. Strategies \& Instructions]

- A direct answer is effective when the question is
clear and you know the right answer.

- A clarification question is effective if it resolves

ambiguity or underspecification in the user question,

and if the user can answer it without needing to know

the answer to their own question.

Abstaining is effective if the question is clear but

you don't know the right answer

# [4. Context]
User question: Who was the female singer on Gimme Shelter?

# [5. Output format]

Format your response as:

STRATEGY: [DIRECT_ANSWER/CLARIFICATION_QUESTION/ABSTAIN]
REASONING: [...]

RESPONSE: [...]

(B) DISAMBIGUATION UPPER BOUND

Who was the female singer on the recorded version of Gimme
Shelter?

(D) BELIEF-AUGMENTED GENERATION (BAG)

# [1. Setting] (same as SAG)

# [2. Belief statel

Below, you are given {K} candidate answers to the
user's question. Consider these your state of
knowledge and decide on your next action based on
the following criteria:

# [3. Strategy \& Instructions]

- A direct answer is effective when the question is
clear and the candidate answers are consistent.

- A clarification question is effective if it resolves

ambiguity or underspecification in the user question,

and if the user can answer it without needing to know

the answer to their own question.

Abstaining is effective if the question is clear but

the candidate answers are too contradictory to be

reliable.

# [4. Context]
User question: Who was the female singer on Gimme Shelter?
Candidate answers: {A_1, A_2, ..., AK}

# [5. Output format] (same as SAG)

Figure 6: The four generation settings. The direct generation baseline (a) uses the original question. The disam-
biguation upper bound (b) uses a disambiguation annotation. The SAG baseline (c) prompts for conversational
strategies without a belief state. BAG (d) extends SAG by conditioning on K generation samples. See Fig 7 and 8

for other two BAG variants.

appears throughout all of Midsomer Murders with
one name, as there have been different dogs belong-
ing to the various DCI Barnabys. To give you the
most accurate answer, could you tell me which DCI
Barnaby you’re thinking of (Tom Barnaby, played
by John Nettles, or John Barnaby, played by Neil
Dudgeon)?". The user simulator answers "I don’t
know", with the following reasoning "Internal rea-
soning: The user is asking about the dog’s breed,
not its name. The Al’s clarification question is
about the DCI Barnaby to identify the dog’s name.
Since the user is asking about the breed, the spe-
cific DCI Barnaby is not relevant to the breed of
dog. Therefore, the Al'’s clarification question is
not helpful for the user’s actual question.". A real
user might just respond with the much more helpful
"Actually, I'm looking for the breed".

C LLM Judge Error Analysis

Figure 11 shows the two prompts we use for the
reference-based LLM judge. We generally find the
judge verdicts of Gemini-2.5-Flash about whether
a generation is correct with respect to a reference
of high quality, and manually evaluate 30 direct
generation answers from Olmo2-13B against the
same single reference answer that the judge is eval-
uating against (the 1 intent setting, i.e., leftmost

prompt in Figure 11). We find just one error, i.e., a
success rate of 97%.

This error is actually an interesting case where
the judge ignores the reference and uses its own
knowledge to judge the generation as correct for
the question "The cat in the hat boy and girl?". In
fact, the generation does correctly answer another
(much more obvious) interpretation of the ques-
tion (the boy and the girl characters are unnamed),
while being explicit about doing so, which makes
it hard to fault the generation. This is a limitation
of single-intent evaluation setting, because a real
user might be able to judge that the generation is
answering a different interpretation of the question
than what they actually intended (e.g., the anno-
tated disambiguation "Who plays the girl in the
2003 Cat in the Hat film?"), and would potentially
follow up to clarify this to the model.

C.1 Reference Quality

A more important limitation of the LLM judge
is not its ability to judge whether a generation
contains a reference, but the quality of the Am-
bigQA reference itself. In Table 5 we charac-
terise several types of questions and their annotated
disambiguation-reference pairs. One notable cat-
egory is questions with answers that change over
time.
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You are a helpful AI assistant in conversation with a user
that asked a question.

Below, you are given {len(belief_samples)} sampled
generations from a language model given the user's
question. Consider these your belief state - a
representation of your uncertainty about the answer.

Your job is to analyze these generations and choose one of
three strategies:

- DIRECT_ANSWER: The generations converge on the same answer
- there is no meaningful uncertainty. Synthesize the

most representative response from your belief state,
at roughly the same length as the individual
generations.

- CLARIFICATION_QUESTION: The generations reflect multiple
semantically distinct but plausible answers,
indicating the question is ambiguous or underspecified.

Ask a clarification question that the user can answer
by specifying their intent. Never ask the user to
answer their own question.

- ABSTAIN: The generations are factually contradictory and
inconsistent due to your lack of knowledge, AND no
useful clarification question exists that would
resolve the uncertainty. Politely decline to answer.

User question: {question}
Candidate answers:
{belief_state_text}

Format your output as:
STRATEGY: [DIRECT_ANSWER/CLARIFICATION_QUESTION/ABSTAIN]
REASONING: [A compact reasoning chain explaining your
decision]
RESPONSE: [Your response to the user's question based on the
(hidden) candidate answers, following your chosen
strategy.]

Please provide your output.

Figure 7: Prompt variant BAG2.

Outdated references. This problem is universal
across QA datasets and discussed by Pletenev et al.
(2025). We apply their pretrained classifier to filter
out time-sensitive questions, and find it discards
about 30%. When we filter those out, QA accuracy
increases with a few points across all models and
configurations, but the relative differences between
generation settings remain the same. We hypothe-
sise that the effect is so small because all methods
are impacted equally by the filtering. We choose
not to include these results in the paper because we
manually observed that many subtly non-mutable
questions are also being filtered out (e.g., "Who did
Samuel L. Jackson play in Star Wars?", or "Who
played James Bond in Licence to Kill?").

Artificial ambiguity. One issue with the dataset
is that the disambiguation annotations reflect what
annotators could find on Wikipedia rather than
what interpretation users genuinely meant when
they asked their question to Google Search.

You are a helpful AI assistant in conversation with a user.

Below are {K} candidate answers representing your belief
state - your uncertainty about the answer to the user
s question.

Analyze them in two steps, then choose a strategy and
respond.

Step 1 - Cluster by meaning: Group the answers by what they
assert. Ignore surface variation (wording, punctuation
); group by the underlying fact or claim. Give each
group a letter label and a representative answer

Step 2 - Interpret each cluster: For each group, ask: "What
interpretation of the user's question would naturally
lead to this answer?” Write one interpretation per
group. If you cannot identify any coherent
interpretation for a group, mark it "uninterpretable.”

Step 3 - Choose a strategy:

- DIRECT_ANSWER: there is only 1 meaningful cluster, or all
clusters share a single interpretation. Give a
complete, direct answer synthesized from the dominant
cluster.

- CLARIFICATION_QUESTION: there are 2-3 clusters, each with
a distinct coherent interpretation, and the user can
specify their intent without already knowing the
answer. Ask about the user's context or purpose - do
NOT simply ask "do you mean X or Y?", instead ask
about the situation or intent that would determine
which interpretation applies.

- ABSTAIN: clusters are uninterpretable, too numerous to
resolve, or no clarification question could
realistically distinguish them. Politely decline.

User question: {question}
Candidate answers:
{belief_state_text}

Format your output as:

CLUSTERS: [one line per group, e.g. "A ({{k}}/{n}): <
representative answer>"]

INTERPRETATIONS: [one line per group, e.g. "A -> <what
interpretation of the question leads here>"]

STRATEGY: [DIRECT_ANSWER / CLARIFICATION_QUESTION / ABSTAIN]

REASONING: [one compact sentence explaining your routing
decision]

RESPONSE: [your response to the user - they do not see the
candidate answers, clusters, or reasoning]

Figure 8: Prompt variant BAG3.

D Conversational Strategies without
Augmentation

To get a sense of how standard models employ
conversational actions, we select 33 random Am-
bigQA questions with multiple reference answers
from the train set and inspect generations from the
smallest OLMO2-7B-INSTRUCT and QWEN?3-8B
(non-thinking mode) models.

We annotate each generation with: clarification
question, refusal, multiple answers, (partially)
contextualised answer, or direct answer without
any interpretation context.

Figure 15 shows that models use a narrow range
of conversational actions and rarely clarify or
refuse. They mostly answer directly (> 94%),
which we can further break down into (partially)
contextualising their answer by assuming a specific
interpretation of the question (45 — 54% e.g., "In
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| Direct Generation | Augmented Generation

| 1 intent | any intent | 1 intent

| Standard ~ Disambig | Standard Disambig | SAG BAG1 BAG2 BAG3
OLMo2-7B 36.3 412 |18850 37.0 39.7 BEl
OLMo2-13B 49.6 55.9 51.7 51.8 |[ETEN
OLMo3-7B 299 | 296 BIS 31.0 267
Qwen3-8B B 2 IMERN 334 588 351 326
Qwen3-14B [ 40.1 | 428 [P 49.3 455
Gemini-2.5-Flash 637 WEEEEEE 60 679 612 660

Table 3: Accuracy on AmbigQA for direct generation (left) and augmented generation applied only to the first
assistant turn, i.e. a single round of BAG (right). BAG outperforms the standard baseline in 17/18 configurations,
SAG in 15/18, and the disambiguation oracle in 11/18. Colours are row-normalised; see Table 1 for BAG+.

Question

Verbose generation (excerpt)

Single-sentence generation

Which is the most popu-
lated country in Europe?

‘Who has the record for
the most strikeouts?

When do we celebrate
Veterans Day this year?

When did Harry Potter
and the Deathly Hallows
Part 1 come out?

When did the first episode
of Dragon Ball air?

“...Russia was Europe’s most populous coun-
try, although it’s important to note that part of
Russia lies within Asia....”

“The all-time Major League Baseball record
for the most strikeouts by a pitcher is held by
Nolan Ryan with 5,714 strikeouts....”

“Veterans Day is observed on November 11
each year in the United States....”

“...was released on November 19, 2010, in
the United States....”

“The first episode of ‘Dragon Ball’ aired on
February 26, 1986....”

“Russia is the most populous country in Eu-
rope.”

“Nolan Ryan holds the MLB record for most
strikeouts with 5,714.”

“Veterans Day will be celebrated on November
11,2023”

“Harry Potter and the Deathly Hallows Part 1
was released on November 19, 2010.”

“The first episode of ‘Dragon Ball’ aired in
Japan on February 26, 1986.”

Table 4: Effect of brevity-inducing prompts on ambiguity acknowledgement for olmo2-13b-instruct. Bold text
marks phrases that explicitly resolve an interpretation. When prompted for single-sentence answers, the model
drops disambiguating context in four out of five cases, committing to an interpretation without signalling it.

the US ..."), giving multiple answers (~ 24 — 30%),
or answering directly without acknowledging am-
biguity in any way (15 — 20%).
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Below are {n} candidate answers representing your belief
state - independent attempts at answering the original
question given our conversation so far

Determine whether your belief state shows enough consensus
to give a confident answer, or whether the candidates
diverge too much (indicating you are guessing rather
than knowing).

Step 1 - Assess consensus: Do the {n} candidate answers
agree on the same core factual claim? Ignore minor
surface differences in wording - focus on whether they

assert the same fact. Count how many samples support
the most common claim.

Step 2 - Route:

- DIRECT_ANSWER: The candidates largely agree (> 70% support
the same claim). Synthesize a single confident answer
based on the consensus.

- ABSTAIN: The candidates make multiple different factual

claims with no clear majority. This means you are
uncertain and should not guess. Politely decline.

Candidate answers:
{belief_state_text}

Format your output as:

CONSENSUS: [one line: "X/{n} candidates agree on: <the claim
>" or "no consensus - candidates split across N
different claims”]

STRATEGY: [DIRECT_ANSWER / ABSTAIN]

REASONING: [one compact sentence explaining your decision]

RESPONSE: [your answer to the user if DIRECT_ANSWER, or a
polite decline if ABSTAIN]

Figure 9: Prompt for applying BAG a second time after
the clarification interaction with the user, to determine

whether to reply or abstain after all, because the dia-

logue history does not reduce uncertainty sufficiently.

This prompt contains an example for how to use an ex-

plicit threshold in the prompt: if there are less than 7/10

consistent answers the instruction is to abstain.
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Pretend you are roleplaying a user that
asked a question to an AI assistant.

The AI assistant asked a clarification
question. Your task is to formulate the
user's response to this clarification
question given secret additional context.
You will be given a disambiguated version
of the user question to help resolve any
ambiguity or underspecification.

Rules:

- Never reveal the final answer to the
user question, only answer the AI's
clarification question.

If the AIl's clarification question is
impossible to answer or not helpful,
please respond "I don't know”.

User question (turn 1): {question}

Secret disambiguated user question:
{disambig_question}

AI clarification question (turn 2):
{clarification_question}

User answer (turn 3): [your answer]

Format your response as:

REASONING: [A compact reasoning chain
explaining your answer]

USER ANSWER: [Your simulated user answer
to the AI's clarification question]

Pretend you are roleplaying a user that
asked a question to an AI assistant.

The AI assistant asked a clarification
question. Your task is to formulate the
user's response to this clarification
question given secret additional context.
You will be given the final reference
answer to the user question to help

resolve any ambiguity or underspecification.

Rules:

- Never reveal the final answer to the
user question, only answer the AI's
clarification question.

- If the Al's clarification question is
impossible to answer or not helpful,
please respond "I don't know".

User question (turn 1): {question}

Secret final reference answer: {reference}

AI clarification question (turn 2):
{clarification_question}

User answer (turn 3): [your answer]

Format your response as:

REASONING: [A compact reasoning chain
explaining your answer]

USER ANSWER: [Your simulated user answer
to the AI's clarification question
(DON'T MENTION {reference})]

Figure 10: The two prompts for the user simulator LLM. The two prompts differ in the secret context provided: for
ambiguous questions (left), we give a disambiguated version of the question; for non-ambiguous questions (right)
we give the reference answer itself with an explicit instruction not to reveal it.

Your task is to evaluate whether a model answer correctly
responds to a factual question.

Correct answer: {ref_text}

The correct answer above is ground truth - treat it as
authoritative regardless of your own knowledge.

Guidelines:

- CORRECT ("yes"): the model directly asserts the correct
answer as its main claim. Semantically equivalent
forms are accepted (abbreviations, name variants,
different date formats, singular/plural).

- INCORRECT ("no"): the model (a) states a different answer
as its main claim, (b) mentions the correct answer
only incidentally (e.g. as one item in a list, in a
historical aside, or as a counterexample without
endorsing it), or (c) is too vague or non-committal to

constitute a clear answer

Question: {question}
Model answer: {candidate}

Respond in this exact format:
REASONING: [one sentence explaining your decision]
VERDICT: yes / no

Your task is to evaluate whether a model answer correctly
responds to a factual question.

This question has multiple valid interpretations. The model
answer is correct if it directly asserts ANY ONE of
the following correct answers as its main claim:

{refs_block}

The correct answers above are ground truth - treat them as
authoritative regardless of your own knowledge.

Guidelines:

- CORRECT ("yes"): the model directly asserts any one
correct answer as its main claim. Semantically
equivalent forms are accepted (abbreviations, name
variants, different date formats, singular/plural).

- INCORRECT ("no"): the model (a) states a different answer
as its main claim for none of the interpretations, (b)

mentions a correct answer only incidentally (e.g. as
one item in a list, in a historical aside, or as a
counterexample without endorsing it), or (c) is too
vague or non-committal to constitute a clear answer.

Question: {question}
Model answer: {candidate}

Respond in this exact format:
REASONING: [one sentence explaining your decision]
VERDICT: yes / no

Figure 11: The two prompts for the LLM judge. On the left is the prompt to assess against a single user intent, the

right assesses against any of the intents.



Who plays the queen on game of thrones?

Turn 1: User question (AmbigQA)

1. Belief state am
P
1. (...) Emilia Clarke. She portrays Daenerys { q-fg )
Targaryen, also known as the Mother of
Dragons. . Turn 2: BAG (belief-augmented generation)
2. (...) Lena Headey, who portrays Queen Cersei on first assistant turn
Lannister.
3. ..

L 1. Construct belief state: sample K generations
2. BAG output given the question (prompt Fig6a)
(Reasoning: The candidate answers provide conflicting
information about who plays 'the queen' on Game of .
Thrones. Some answers (...) 2. Belief-augmented generation (prompt Fig7)
Strategy: clarify
Response: Could you clarify which queen you're
referring to? For example, are you asking about
Daenerys Targaryen or Cersei Lannister?
-

I'm asking about Margaery Tyrell.

Turn 3: LLM user (prompt Fig10)

1. Updated belief state

> N
(1. (...) Natalie Dormer plays Margaery Tyrell in q OAO b
Game of Thrones. —
2. (...) Natalie Dormer plays Margaery Tyrell in

Turn 4: BAG+ (belief-augmented generation

Game of Thrones. on final assistant turn)
3. ..
~ < 1. Construct updated belief state:
2. BAG+ output sample K generations given turn 1-3
4 1\

Reasoning: Nine out of ten candidates consistently (prompt Fig6a plus turn 2 and 3)

state that Natalie Dormer plays Margaery Tyrell, with

only one candidate incorrectly naming Natalie

Dreyfuss.

Strategy: answer

Response: Margaery Tyrell is played by actress
Natalie Dormer in Game of Thrones.

.

2. Belief-augmented generation+ (prompt Fig9)

Verdict: yes

Reasoning: The model correctly identifies Natalie
Dormer as the actress who plays a queen on Game of
Thrones."

LLM judge (prompt Fig11)

Figure 12: An overview of all BAG(+) pipeline steps, referencing each prompt used. Real AmbigQA dev example
with ID 3312525434538504362. Generation output from Qwen3-14B with concise brevity induced generation,
BAG2 (Fig. 7) and BAG+ (Fig. 9) prompts, and Gemini-2.5-Flash as user simulator (Fig. 10), and judge (Fig. 11).
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# Type

Original question

Annotated disambiguations & ref answers

1 Genuine

2 Genuine

Who made the song “These Boots Are
Made for Walkin’’?

Who the female singer on Gimme Shel-
ter?

wrote — Lee Hazlewood

sang — Nancy Sinatra

recorded version — Merry Clayton

on tour — Lisa Fischer

3 Time-sensitive

4 Time-sensitive

Who is the current chairman of the
African Union Commission?

When did the current queen of England
take the throne?

became chairman in 2017 — Moussa Faki

became chairman in 2012 — Nkosazana
Dlamini-Zuma

became chairman in 2008 — Jean Ping

[single answer] — 6 February 1952 (outdated
since 2022)

5 Missing ambiguity

6 Missing ambiguity

When was the movie Rudolph the red-
nosed reindier made

What channel is the new show FBI on?

original short — 1948

remake — 1998 (misses iconic 1964 Rank-
in/Bass TV special)

[single answer] — CBS (US-centric; varies by
country)

7  Granularity

8 Granularity

‘In which episode of Smallville does
Jonathan die?

What do the symbols on the Indian flag
represent?

title — reckoning

number — season 5 episode 12
the wheel — Dharma Chakra

the saffron stripe — courage and sacrifice

the white stripe — peace and truth

the green stripe — faith and chivalry

the Calcutta flag lotuses — the eight provinces

9 Marginal interp.

10 Marginal interp.

How long do contestants get to answer
on Jeopardy?

What is the population of Venice Italy
2018?

regular question — 5 seconds

Final Jeopardy — 30 seconds
online contestant test — 15 seconds
total population — 260.897

population density — 1,600/sq mi

Table 5: AmbigQA examples. Examples 1-2 show genuine ambiguity well suited to clarification. Examples 3—4
show time sensitivity questions that are annotated as ambiguity, and can also become outdated. Example 5-6
shows ambiguity the dataset misses, e.g., due to US-centric annotations. Examples 7-8 show overly granular
disambiguations. Example 9-10 includes a marginal interpretation alongside a very salient one.
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| Direct Generation | Augmented Generation

‘ 1 intent ‘ any intent ‘ 1 intent

‘ Standard ~ Disambig  Standard ‘ Disambig ~ words ‘ SAG+ BAGI+ BAG2+ BAG3+

free 41.2 149.9 41.5 41.7
OLMo2-7B concise 40.4 429 41.5
sentence 39.2 135 41.5 427

free 5.3 y . 46. 54.9
OLMo2-13B concise
sentence

free
OLMo3-7B concise
sentence

free 432 40.3
Qwen3-8B concise 41.6 40.5

sentence 40.5 38.5

free 42. 52.4 49.3
Qwen3-14B concise 42 4 52.0 49.6

sentence 498 | 484 \

free . 67.4 68.8 69.8 68.4
Gemini-2.5-Flash  concise . 63.2 63.9 63.0

sentence 55.6 T 674 67.0 65.5 65.7

Table 6: QA performance on 1832 AmbigQA-dev questions for all brevity-inducing settings. Colours per-row
normalized. We can see that direct generation accuracy is not greatly impacted, but that the average direct generation
length is, and therefore the belief state, with about a factor 10 for the open models from no (free) to sentence
brevity. However, brevity-inducing prompts do affect BAG+ accuracy. There may be a trade-off between the size
and complexity of belief states, and corresponding difficulties of analysing such large context windows, especially
for smaller older models like Olmo2-7B, whereas, bigger models may more easily leverage the extra context.
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Figure 13: The contribution of each strategy to BAG+’s
total accuracy increase (shown on the x-axis) for all
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Figure 14: The contribution of each strategy to BAG’s
(so no second round of BAG for the final turn) total
accuracy increase (shown on the x-axis) for all models.
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Figure 15: Strategy distribution for olmo2-7b-instruct
and gwen3-8b (non-thinking) generations on 33 am-
biguous AmbigQA questions with multiple intents. We
manually annotated the generations with a single strat-
egy each.
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Figure 17: Uncertainty reduction after a clarification interaction for every model/prompt: largest for Gemini and
smallest for Olmo3.
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