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Abstract

While confidence estimation is a promising di-
rection for mitigating hallucinations in Large
Language Models (LLMs), current research
dominantly focuses on single-turn settings. The
dynamics of model confidence in multi-turn
conversations, where context accumulates and
ambiguity is progressively resolved, remain
largely unexplored. Reliable confidence es-
timation in multi-turn settings is critical for
many downstream applications, such as au-
tonomous agents and human-in-the-loop sys-
tems. This work presents the first systematic
study of confidence estimation in multi-turn
interactions, establishing a formal evaluation
framework grounded in two key desiderata:
per-turn calibration and monotonicity of confi-
dence as more information becomes available.
To facilitate this, we introduce novel metrics,
including a length-normalized Expected Cal-
ibration Error (InfoECE), and a new "Hinter-
Guesser" paradigm for generating controlled
evaluation datasets. Our experiments reveal
that widely-used confidence techniques strug-
gle with calibration and monotonicity in multi-
turn dialogues. We propose P(SUFFICIENT), a
logit-based probe that achieves comparatively
better performance, although the task remains
far from solved. Our work provides a founda-
tional methodology for developing more reli-
able and trustworthy conversational agents.

1 Introduction

Large Language Models (LLMs) have shown re-
markable capabilities in multi-turn dialogue, col-
laborating with users on complex tasks (Wang et al.,
2023; Yi et al., 2024; Laban et al., 2025). Yet their
tendency to “hallucinate” (i.e., producing incorrect
statements with high apparent certainty) remains a
major obstacle for high-stakes use (Manakul et al.,
2023; Zhang et al., 2024a; Shelmanov et al., 2025;
Hu et al., 2025). Confidence estimation, which
*Equal contribution. Codes and data can be found in GitHub.
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Figure 1: InfoECE on GUESS (Llama3.1-70B). Ideally,
confidence (blue curves) increases as more information
is provided. Calibration improves when the confidence
curves (blue) are closer to the accuracy curve (red). In
this setting, P(SUFFICIENT) best satisfies both mono-
tonicity and calibration.

aims to predict the likelihood that a model’s answer
is correct, has accordingly become a promising di-
rection for identifying and mitigating such failures
(Zhang et al., 2025b; Yang et al., 2025a,b).

Despite recent progress, most prior work studies
confidence in single-turn question answering (Tian
et al., 2023; Xiong et al., 2024), a static setup that
overlooks the inherently dynamic nature of real
human–AI interaction. In multi-turn conversations,
information arrives incrementally: users refine their
queries, models ask clarifying questions, and the
hypothesis space narrows turn by turn. In such set-
tings, confidence should not be a fixed attribute of
a solitary response but a signal that evolves with
the dialogue—ideally increasing as ambiguity is
resolved and evidence accumulates. Reliable con-
fidence estimation in this progression is therefore
critical, as it serves as a decision-making heuristic
for when to ask clarifying questions, invoke tools,
or commit to actions in agentic workflows and hu-
man–AI collaboration. However, how well current
methods track this progression is largely unknown.

To address this gap, we present the first system-
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atic study of confidence estimation in multi-turn
conversations. We introduce a novel evaluation
framework in which the model receives progres-
sively more task-relevant information. We argue
that in this controlled setting, a reliable confidence
signal should satisfy two desiderata: (1) Calibra-
tion, where the confidence accurately reflects em-
pirical correctness at any given turn, and (2) Mono-
tonicity, where confidence consistently increases
as more useful information becomes available.

Guided by these desiderata, we develop new
metrics and datasets tailored to confidence estima-
tion in multi-turn settings. To measure calibration
across dialogues of varying lengths, we introduce
a length-normalized Expected Calibration Error at
information level (InfoECE). To quantify mono-
tonicity, we employ Kendall’s τ , a non-parametric
rank correlation coefficient. We establish evalua-
tion testbeds for two distinct regimes: (1) under-
specified initial queries, for which we introduce a
novel “Hinter–Guesser" paradigm to generate dia-
logues with progressively revealed clues; and (2)
difficult but fully-specified queries, for which we
adapt existing incremental QA benchmarks (Wal-
lace et al., 2019; Sung et al., 2025) that provide
sequential hints toward the correct answer.

Our experiments evaluate a suite of confidence
estimation methods across four open-source mod-
els (§ 5), revealing key insights into their multi-
turn behavior. First (§ 5.1), we find that widely
used techniques struggle to maintain calibration or
exhibit consistent monotonicity as conversations
progress, as illustrated in Figure 1. Our proposed
method, P(SUFFICIENT), proves comparatively
more effective; however, substantial room for im-
provement remains. Meanwhile, we find that mod-
els exhibit stronger monotonicity when confidence
is evaluated against the ground-truth answer rather
than the model’s provisional answer at each turn.
Second (§ 5.2), we examine whether confidence in-
creases are driven by added information or merely
by turn count. P(SUFFICIENT) more effectively
distinguishes meaningful information gains from
conversational filler. Finally (§ 5.3), our analysis
reveals that while model accuracy is comparable
between multi-turn dialogues and single-turn sum-
maries, the confidence signals behave very differ-
ently, underscoring that the interactive structure of
the dialogue is crucial to models’ confidence esti-
mation. Overall, our findings highlight multi-turn
confidence as a distinct and necessary target for
reliable, decision-oriented LLM behavior.

2 Related Work

Confidence Estimation in LLMs Confidence and
uncertainty estimation has been extensively studied
in LLMs (Geng et al., 2024). More specifically,
uncertainty reflects the variability in the model’s
predictions given only the input query, while confi-
dence is defined with respect to both the input and
the specific generated output, indicating how cer-
tain the model is about that particular response (Lin
et al., 2023; Zhang et al., 2024b, 2025c). Main-
stream confidence estimation approaches include
prompting-based (verbalized) methods (Tian et al.,
2023; Dong et al., 2024), consistency-based meth-
ods (Manakul et al., 2023; Zhang et al., 2024b), and
logit-based methods (Kadavath et al., 2022). These
methods have been applied to various tasks, such
as short-form factual QA (Tian et al., 2023; Lin
et al., 2023), long-form factual QA (Zhang et al.,
2024b,c, 2025b), and reasoning tasks (Zhang et al.,
2025a; Zhang and Zhang, 2025). However, a major
limitation of existing works is their focus on single-
turn settings. The effectiveness of confidence es-
timation in multi-turn conversations remains un-
derexplored (Kirchhof et al., 2025), where model
confidence may evolve dynamically throughout
the interaction. Our work aims to fill this gap by
systematically evaluating existing confidence esti-
mation methods and proposing novel approaches
in multi-turn contexts.

LLMs in Multi-turn Interactions There has been
growing interest in studying LLMs in multi-turn
scenarios (Laban et al., 2025; Zhu et al., 2025).
Modern LLMs support interactive dialogue, en-
abling users to collaborate with the model across
multiple turns to accomplish complex tasks. How-
ever, recent studies show that LLMs often perform
significantly worse on the same tasks when framed
in a multi-turn context compared to a single-turn
setting (Laban et al., 2025). Laban et al. (2025)
also point out that many prior works (Bai et al.,
2024; Kwan et al., 2024; Duan et al., 2024) simu-
late episodic conversations, where each turn intro-
duces a subtask related to previous turns but can be
evaluated in isolation. Under this framing, multi-
turn tasks differ structurally from single-turn tasks
and are not evaluated on the same set of questions.
Laban et al. (2025) argue that episodic tasks tend
to overestimate LLM performance in multi-turn
settings and construct a sharded data construction
method. In our work, we follow a similar sharded
question construction strategy. For each question,
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we create multiple variants with increasing levels of
contextual information provided across turns. This
allows us to directly compare confidence estima-
tion methods under varying levels of complexity.

Concurrent work (Zhang et al., 2026) addresses
multi-turn calibration under adversarial persuasion,
where confidence should resist misleading user
feedback. We study the complementary cooper-
ative regime, where confidence should rise mono-
tonically as information accumulates.

3 Methodology

3.1 Notations
We study confidence estimation in multi-turn di-
alogue between a user and an LLM. Dialogs are
indexed by d ∈ {1, . . . , N} and have Ld turns,
where Ld may differ across dialogs. At turn
i ∈ {1, . . . , Ld}, let the dialogue history be

hd,i = {qd,1, ad,1, . . . , qd,i−1, ad,i−1}.

The turn-i prompt consists of the task description
T and the history hd,i. Model M returns an answer
ŷd,i and a confidence cd,i ∈ [0, 1]. Each dialog has
one gold label yd, and we record correctness

zd,i = I[ŷd,i = yd].

Task characteristics. We design a controlled task

that should exhibit three key properties: C1: Pro-
gressive Information Acquisition. Each turn reveals
additional task-relevant information that narrows
the hypothesis space or supports step-by-step rea-
soning. C2: Step-wise Answerability and Evalua-
tion. At every turn the model outputs an answer
and a confidence, enabling per-turn accuracy and
calibration assessment. C3: Monotonic Confidence
Progression. Confidence should increase with the
turn index and align more closely with true accu-
racy, providing a usable reliability signal. These
properties yield a controllable testbed in which in-
formation strictly accumulates across turns, avoid-
ing the limitations of episodic, non-progressive in-
teractions.

3.2 Two Initial-Question Regimes
Based on the task characteristics, we consider two
regimes defined by the completeness of the initial
question. (1) Under-specified: The initial question
qd,1 admits many plausible answers. Hints progres-
sively prune the candidate set. (2) Fully-specified
but difficult: The initial question qd,1 pinpoints a

unique answer in principle, but is hard to answer
due to the models’ knowledge limitation or reason-
ing ability. Hints make solving easier.

3.3 Evaluation Protocol and Metrics

As a dialogue progresses, later turns include at least
as much information as earlier ones. Therefore, a
useful confidence signal should have at least:

a) Per-level calibration: within the same (nor-
malized) information level, average confi-
dence matches empirical accuracy.

b) Monotonicity: typically cd,i+1 ≥ cd,i;
Because dialogue lengths vary, we first normal-

ize turn i of dialogue d to a fractional information
level

sd,i =
i

Ld
∈ (0, 1].

where Ld is the number of turns in dialogue d. We
then partition [0, 1] into B bins {Sb}Bb=1 (either
equal-width or equal-mass) and index all turn po-
sitions by I = {(d, i) : 1 ≤ i ≤ Ld}. The subset
of indices whose normalized level falls into bin b
is Ib = {(d, i) ∈ I : sd,i ∈ Sb}. For each informa-
tion level b, the average confidence and accuracy
are

confb =
1

|Ib|
∑

(d,i)∈Ib

cd,i, accb =
1

|Ib|
∑

(d,i)∈Ib

zd,i,

where cd,i ∈ [0, 1] is the model’s per-turn con-
fidence and zd,i ∈ {0, 1} indicates correctness of
the turn-i answer in dialogue d.

Information-level ECE (InfoECE) We compute
an information-level ECE that groups predictions
by normalized information exposure, enabling fair
calibration comparisons across dialogues of differ-
ent lengths.

InfoECE =
1

B

B∑

b=1

∣∣accb − confb
∣∣.

Kendall’s τ . Kendall’s τ measures the pairwise
monotonic trend of confidence over turns. For dia-
log d, consider all

(
Ld
2

)
pairs (i < j): a pair is con-

cordant if cd,j > cd,i and discordant if cd,j < cd,i
(ties ignored).

τ (d) =
N

(d)
con −N

(d)
dis(

Ld
2

) , τ =
1

N

N∑

d=1

τ (d).

Values lie in [−1, 1]: 1 means strictly increasing
confidences, and 0 no overall trend.
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3.4 Confidence Estimation Methods

Given the diversity of confidence estimation meth-
ods, we focus on the following three representative
categories. We explicitly exclude post-hoc calibra-
tion techniques in this study (e.g., Platt scaling and
temperature scaling), as they represent orthogonal
research directions, which aim to rescale the con-
fidence scores using statistical procedures (Zhou
et al., 2025; Zhang et al., 2024c).

Verbalized confidence We apply two verbalized
prompting strategies (Tian et al., 2023) to elicit con-
fidence scores directly from the model (see prompts
in Appendix A):

a) VANILLA-VERB: Given a candidate answer,
the model is required to self-report confidence
in [0, 100]; rescale to [0, 1] for cd,i.

b) COT-VERB: Different from VANILLA-VERB,
the model is now required to think step by step
before given the self-reported confidence in
[0, 100]; rescale to [0, 1].

Self-consistency (SC) Given the question, we
independently sample m (e.g., 20) answers
a
(1)
d,i , . . . , a

(m)
d,i . For any answer a, we define the

confidence as the fraction of samples that match a:

cd,i =
1

m

m∑

j=1

I[a(j)d,i = a].

Logit-based probes We leverage internal model
signals to estimate prediction confidence (see
prompts in Appendix A). (1) P(TRUE) (Kadavath
et al., 2022): At step i, given the prompt pi, we
first elicit the answer ai from model M . We force
a binary choice A. True vs. B. False with output
constrained to a single uppercase letter. The con-
fidence score is the model’s softmax probability
assigned to label A.

Unlike P(TRUE), which asks if the answer is
correct, we propose a new method that probes the
confidence by asking model if the current informa-
tion is sufficient (P(SUFFICIENT)) to entail that an-
swer a is the only correct answer. P(SUFFICIENT)
works particular well in our under-specified set-
tings, where the set of plausible answers shrinks
with each turn. This method allows the model to
express low confidence even if its current guess
happens to be correct, as long as other candidates
have not yet been ruled out by the provided hints.
This aligns the confidence score more closely with

the true identifiability of the answer from the ac-
cumulated evidence, rather than mere incidental
correctness.

Set cd,i = PT (d, i) or cd,i = PS(d, i), we ask
the model two binary probes about ŷd,i under pd,i:

PT (d, i) = Pr[A | pd,i, ŷd,i; P(TRUE)],

PS(d, i) = Pr[A | pd,i, ŷd,i; P(SUFFICIENT)].

4 Dataset Construction

For under-specified (initially many plausible an-
swers) regime, we construct our own datasets with
20Q and GUESS (as shown in Table 1). For fully-
specified (a unique answer exists from the start but
is hard to infer until sufficient evidence accumu-
lates) regime, we directly apply existing datasets:
GRACE (Sung et al., 2025) and TRICKME (Wallace
et al., 2019) (examples in Table 7 in Appendix).

4.1 Under-specified Datasets
We primarily leverage 20Q and Guess-my-City
(GUESS)-style (Abdulhai et al., 2023) settings for
the under-specified regime. In both, an answerer
holds a secret entity (an entity for 20Q; a city for
GUESS). The questioner incrementally seeks in-
formation to recover the secret entity. The key
difference is that 20Q constrains the questioner to
yes/no questions, whereas GUESS permits open-
ended questions. This incremental, information-
seeking interaction naturally satisfies C1. Crucially,
the setting also enables C2: at every turn the ques-
tioner can issue a concrete guess, even when in-
formation is still incomplete. This contrasts with
math problem settings (e.g., Laban et al. (2025)),
where intermediate turns often lack the conditions
required to score correctness, impeding per-turn
accuracy assessment. However, naively simulating
two LLMs to play the roles of questioner and an-
swerer can violate C3. Early turns may contain ir-
relevant or misleading questions, yielding stagnant
or even decreasing confidence. To address this, we
reformulate the interaction into a Hinter–Guesser
paradigm that structures the information flow while
retaining uncertainty.

Hinter–Guesser Paradigm (1) QA Stage. A Hin-
ter (LLM) is assigned a secret entity and must pro-
vide, at each turn, a helpful but non-trivial hint. A
Guesser then (i) makes a best-guess answer and (ii)
flags whether multiple answers remain plausible
(uniqueness probing). (2) Uniqueness Probing.
Even when the Guesser’s answer is correct, the
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Dataset Exemplar Prompt at Turn 4

20Q

User: Given the following information, provide the title of the Wikipedia page that best answers the last question fragment. If unsure,
provide your best guess. The answer should be concise. You have some clues about the answer:
Assistant: Is it human-made? User: Yes
Assistant: Is it typically found indoors? User: Yes
Assistant: Is it commonly encountered in living rooms? User: Yes
Assistant: Is it larger than a book? User: Yes
User: Now guess what it is:
Keyword: television

GUESS

User: Given the following information, name the single CITY that best fits them. If unsure, provide your best guess. The answer
should be concise. You have some clues about the answer:
Assistant: What continent is the city in? User: Asia
Assistant: Is the city coastal or inland? User: Inland
Assistant: What’s the climate like in the city? User: Tropical
Assistant: What region within the continent is the city located? User: Southeast Asia
User: Now guess what it is:
Keyword: Bogor, Indonesia

Table 1: Examples from the 20Q and GUESS datasets. Ideally, the model’s confidence should increase monotonically
throughout the conversation. Note that the conversation history is collected from our Hinter-Guesser pipeline and
remains fixed for confidence evaluation (i.e., no strategic information-gathering is involved during evaluation).

Guesser indicates if other candidates still fit the
evidence. This distinguishes a coincidentally right
guess from the moment the answer becomes sufi-
ciently supported by the clues, aligning confidence
with identifiability rather than chance. (3) Stop-
ping & Filtering. The dialogue proceeds until
the Guesser both answers correctly and certifies
uniqueness. We retain only successful dialogues
(eventually solvable) and discard trajectories that
fail to converge. In total, we collected 1,848 dia-
logue turns from 20Q, spanning 226 entities. For
GUESS, we collected 1,625 turns spanning 223 en-
tities. Then during confidence evaluation, since
the conversations are fixed, models do not perform
any strategic decision-making; instead, they only
make guesses and predict confidence scores.

4.2 Fully-specified Datasets

We select two incremental, quizbowl-style QA
datasets: GRACE (Sung et al., 2025) and TRICKME

(Wallace et al., 2019), where clues become increas-
ingly specific and a unique gold answer exists from
the outset. GRACE and TRICKME directly support-
ing C1–C3 as evidence strengthens. We follow
their standard protocols without modification, re-
port per-turn accuracy and confidence, and defer
details to the Appendix B.

5 Experiments

Models. In our experiments, we use Llama3.1
Instruct (8B and 70B) (Meta, 2024), Qwen2.5 In-
struct (8B and 72B) (Yang et al., 2024). Tempera-
ture is set to 1 for sampling and otherwise 0.

Confidence Estimation. For a fair comparison

across methods and models, we first let the model
answer the question once to obtain an answer a. We
compare a with the ground truth answer and label
it correct or not. For each confidence estimation
method, we then estimate the model confidence
in this answer a; in parallel, we also estimate the
model’s confidence at each turn with respect to the
ground-truth answer.

Controlling for Conversational Length. A core
hypothesis of our work is that a reliable confidence
signal should increase monotonically as more task-
relevant information becomes available. However,
this trend could be a superficial artifact of dialogue
length, where models become more confident sim-
ply because the turn index i is higher. To disen-
tangle these factors, we design the following ex-
periment: For a given dialogue d at turn i, we
create an adversarial condition by replacing the
original informative hint with a placebo QA pair
that adds conversational history without revealing
task-relevant information (e.g., Q: “Is this a valid
hint?” A: “Yes.”). We then compare the model
accuracy and confidence across three states:

1. Baseline (turn i−1): The model’s prediction
and confidence given history hd,i−1.

2. Original (turn i): Prediction and confidence
after processing the original informative hint
from turn i.

3. Placebo (turn i′): Prediction and confidence
after processing hd,i−1 followed by the unin-
formative placebo hint.

If confidence methods are robustly tracking infor-
mation, we expect a significant increase in accuracy
and confidence from the baseline to the original
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Method 20Q GUESS GRACE TRICKME

InfoECE τ InfoECE τ InfoECE τ InfoECE τ

L
L

am
a3

.1
-8

b Accuracy 24.95 14.52 35.73 41.91
VANILLA-VERB 67.82 -6.36 74.89 -6.58 51.00 52.21 59.26 54.55
COT-VERB 63.75 46.97 70.28 37.84 45.21 43.25 87.70 48.63
SC 18.05 36.73 38.14 9.43 10.57 52.40 18.97 55.37
P(TRUE) 69.02 42.10 67.08 19.91 50.43 48.48 55.61 52.37
P(SUFFICIENT) 41.08 38.57 35.17 68.51 23.77 53.94 33.74 58.34

L
la

m
a3

.1
-7

0b Accuracy 33.87 18.58 48.27 53.75
VANILLA-VERB 59.63 17.60 65.52 16.92 39.06 47.13 47.47 44.49
COT-VERB 58.39 34.49 70.16 18.24 96.04 61.30 80.97 57.27
SC 32.99 28.98 56.88 2.59 15.91 41.36 19.90 38.26
P(TRUE) 67.82 40.82 79.97 3.29 37.04 58.94 35.62 64.25
P(SUFFICIENT) 13.05 48.43 5.27 81.51 11.52 66.86 23.16 71.38

Q
w

en
2.

5-
7b

Accuracy 25.22 12.92 27.34 34.06
VANILLA-VERB 58.05 61.13 48.68 26.99 50.40 55.55 54.62 56.39
COT-VERB 64.93 52.60 71.84 56.01 66.20 50.38 65.37 49.89
SC 45.44 13.85 50.53 36.10 32.78 40.16 33.28 42.54
P(TRUE) 46.68 47.16 37.86 22.04 35.15 44.04 39.45 51.00
P(SUFFICIENT) 36.64 55.24 26.63 51.44 28.67 47.79 35.26 52.11

Q
w

en
2.

5-
72

b Accuracy 32.36 16.12 47.49 53.88
VANILLA-VERB 47.92 67.97 67.04 52.81 43.18 72.59 41.62 71.32
COT-VERB 51.43 72.33 64.63 79.00 46.49 73.04 43.50 70.35
SC 45.69 28.90 68.93 12.52 32.38 49.17 36.50 48.52
P(TRUE) 42.12 68.88 57.56 54.87 31.86 64.02 32.87 69.28
P(SUFFICIENT) 45.86 66.81 28.32 83.76 32.93 66.04 32.41 71.24

Table 2: InfoECE and τ across models and datasets. Numbers are in percentages and best results are bolded.

state. In contrast, the transition from the baseline
to the adversarial state should yield a negligible
change, despite the additional turn.

Multi-turn vs. Single-turn. Laban et al. (2025)
suggest that LLMs can “get lost” in multi-turn con-
versations, performing worse than when all infor-
mation is presented in a single turn. We investigate
whether this phenomenon holds in our progressive
information-seeking setting. For each turn i in a
dialogue d, we define two conditions:

1. Multi-turn: The model is prompted with
the full dialogue history up to that point,
hd,i, which includes the sequence of hints
{qd,1, ad,1, . . . , qd,i−1, ad,i−1} preceding the
current query qd,i.

2. Single-turn: We create a single prompt con-
taining a concise summary Sd,i that synthe-
sizes all information from the hints provided
up to turn i.

We then compare accuracy zd,i and confidence cd,i
under both conditions. If models perform signifi-
cantly better in the single-turn condition, it would
suggest a cognitive burden in integrating informa-
tion incrementally. Conversely, comparable or su-
perior performance in the multi-turn setting would
indicate that our structured, progressive framework
effectively guides the model.

5.1 How reliable are confidence estimation
methods in multi-turn settings?

We assess reliability along two axes: 1) per-level
calibration using InfoECE (from 0 to 1, lower is
better); 2) monotonicity of confidence over turns
using Kendall’s τ (from -1 to 1, higher is better).
We report τ both on the model’s current answer
and on the gold answer at each turn (Table 2). Fig-
ure 2 visualize how average confidence and accu-
racy evolve as information accumulates throughout
the question-answering process.

Calibration is generally poor and sufficiency
probes help the most. Across all models, both
verbalized-based confidence (VANILLA-VERB,
COT-VERB) and logit-based P(TRUE) are poorly
calibrated, with InfoECE values typically between
40 and 80. Self-consistency (SC) is usually the
most calibrated on fully-specified incremental QA.
In under-specified games, sufficiency probing can
be strikingly better-calibrated: for Llama3.1-70B,
InfoECE drops to 13.05 on 20Q and 5.27 on
GUESS, while maintaining competitive perfor-
mance on GRACE and TRICKME. Overall, SC
is a strong default for calibration. When the an-
swer space is pruned gradually, P(SUFFICIENT) is
a more efficient alternative. It narrows the gap and
sometimes surpasses SC.

Monotonicity on the current answer: sufficiency
is usually best. Ideally, confidence should rise
as clues accumulate. P(SUFFICIENT) most con-
sistently follows this trend: e.g., τ = 83.76 on
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Figure 2: Evolution of average confidence and accuracy across different information levels. While accuracy (right
y-axis, red line) generally increases, the confidence metrics (left y-axis, blue line) exhibit varying trends.

20Q
GUESS

GRACE
TRICKME

Vanilla-Verb

CoT-Verb

SC

P(true)

P(sufficient)

37.64 46.86 49.56 52.30

63.90 41.51 59.32 60.85

63.05 59.79 68.33 62.53

72.60 35.05 64.92 64.06

83.79 83.73 71.62 72.67

LLama3.1-8b

20Q
GUESS
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Figure 3: Kendall’s τ for ground truth answers. Compared to the τ for each turn’s answers, all methods show
substantially better monotonicity. All values are shown as percentages.

GUESS with Qwen2.5-72B and τ = 71.38 on
TRICKME with Llama3.1-70B. In contrast, SC
often shows weak monotonicity in under-specified
settings (even single digits on GUESS). There are
model-family specific exceptions: with Qwen2.5
models, verbalized confidence (VANILLA-VERB

or COT-VERB) occasionally attains the highest τ
scores on 20Q and GRACE, despite their generally
poor calibration.

Monotonicity on the ground truth: large gains
and clear leaders. As shown in Figure 3, when
confidence is evaluated against the ground truth at
each turn, all methods show substantial increases in
τ . Although the ground truth is unavailable in real-
world applications, this trend suggests that models
can partially recognize when current hints align

with the correct answer. P(SUFFICIENT) domi-
nates here, achieving τ = 93.91 on GUESS with
Qwen2.5-72B, and τ = 91.62, 86.55, 85.90 on
20Q, GUESS, and GRACE with Llama3.1-70B,
respectively. VANILLA-VERB can occasionally
match or edge out on specific pairs (e.g., Qwen2.5
on 20Q), but it remains poorly calibrated.

Scaling and Model Family Effects. As parameters
increase, we observe a consistent rise in accuracy
and a marked improvement in τ (ranking calibra-
tion), particularly for the P(SUFFICIENT). For in-
stance, Qwen 2.5-72B achieves the highest τ score
of 83.76% on the GUESS dataset, significantly out-
performing its 7B counterpart. However, the effect
on INFOECE is more nuanced; while larger models
generally provide more reliable rankings, smaller
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models occasionally exhibit lower absolute calibra-
tion errors in specific configurations.

5.2 Does confidence track information or just
turn count?

We test whether confidence increases are driven
by accumulating information or are merely an ar-
tifact of conversational length. As detailed in our
experimental setup and shown in Table 3, we com-
pare a baseline confidence (turn i − 1) with the
confidence after receiving either an informative
hint (Original) or a non-informative placebo hint.
Across all 40 comparisons, informative turns yield
more significant changes than placebos (27 vs. 18
with p<0.05). Among them, P(SUFFICIENT) most
cleanly disentangles information gain from mere
turn accumulation.

Sufficiency probes actively penalize uninforma-
tive turns, tracking evidence over length. The
P(SUFFICIENT) method proves to be the most ro-
bust by actively penalizing uninformative turns. It
frequently shows a statistically significant decrease
in confidence after a placebo hint (e.g., a drop from
14.27 to 2.97 for Llama3.1-70B on GUESS). This
behavior, where the model lowers its sufficiency
assessment in response to a useless hint, confirms
it is tracking evidence, not just turn count. As a
result, it achieves the clearest separation between
conditions: confidence decreases or remains flat
with a placebo, but increases with an informative
hint. In contrast, other methods, particularly verbal-
ized ones, can be misled into increasing confidence
simply because the conversation has progressed.

Placebo hints reveal important differences be-
tween methods. The adversarial condition with
placebo hints shows that models are not simply
becoming more confident as a conversation gets
longer. For many methods, the change in confi-
dence after a placebo hint is not statistically signif-
icant (high p-value). For example, for Llama3.1-
70B on GUESS, COT-VERB, SC, and P(TRUE)
show negligible changes (p > 0.6). This suggests
a degree of robustness against superficial conversa-
tional structure.

P(TRUE) is confounded by turn count (espe-
cially in GUESS). In open-ended GUESS, P(TRUE)
often rises even under placebo, consistent with
a length artifact (mean ∆placebo = +5.64 ; sig-
nificant in 2/4 model pairs). Notably, Llama3.1-
8B jumps +11.75 under placebo (p<10−12) and
Qwen2.5-72B jumps +14.61 (p<10−6). Although

P(TRUE) also increases with genuine information
(mean ∆info = +14.07 on GUESS), the placebo
lift makes it less reliable for disentangling infor-
mation from dialogue length. On 20Q, placebo
effects tend to be negative (mean −3.91 ), suggest-
ing format-dependent behavior.

Self-consistency (SC) shows moderate robust-
ness. SC typically exhibits small or negligible
placebo movements and sizable gains with informa-
tive hints (mean ∆info = +9.83 on GUESS). How-
ever, it is not immune: e.g., Llama3.1-8B on 20Q
increases under placebo by +4.82 (p=0.0025).
Thus, SC generally tracks information better than
verbalized scores but can still pick up turn-index
artifacts in some settings.

Verbalized confidence is unstable across condi-
tions. VANILLA-VERB/COT-VERB show small
average placebo shifts (often non-significant) and
modest informative gains; in some cases they
even move counterintuitively (e.g., Qwen2.5-7B
on GUESS decreases by −9.29 with an informa-
tive hint, p=0.005). This instability, together with
poor calibration (§ 5.1), limits their utility for turn-
by-turn reliability.

5.3 Single-Turn Summary vs. Multi-Turn
Interaction

We compare model behavior when consuming
clues incrementally (multi-turn) versus reading
a concise synthesis of the same clues in one
prompt (single-turn summary). Across mod-
els and datasets, accuracy differences between
the two settings are small (mean absolute gap
<1 ), indicating no systematic advantage for ei-
ther format (Figure 4). For example, on 20Q
Llama3.1-8B slightly improves with summaries
(24.95→27.16 ), whereas Llama3.1-70B slightly
drops (33.87→32.31 ). On GUESS, Qwen2.5-72B
gains modestly (16.31→17.29 ), while Qwen2.5-
7B loses (12.74→11.69 ). In short, unlike the “get-
ting lost” effect reported by Laban et al. (2025), our
progressive information-seeking setup yields com-
parable task accuracy in multi-turn and single-turn
conditions (see Appendix C for detailed InfoECE
comparisons). One possible reason is that our tasks
do not involve complicated arithmetic reasoning
compared with Laban et al. (2025).

Confidence shifts depend strongly on the sig-
nal. While accuracy is stable, confidence re-
sponds markedly to prompt format. The sufficiency
probe P(SUFFICIENT) consistently drops under
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Method 20Q GUESS

Conf i−1 Confplacebo,i Conf i Conf i−1 Confplacebo,i Conf i

L
L

am
a3

.1
-8

b VANILLA-VERB 90.69 88.42 (2.27↓) 92.22 (1.53↑) 87.87 89.54 (1.67↑) 87.69 (0.18↓)
COT-VERB 85.20 85.18 (0.02↓) 88.10 (2.90↑) 79.26 81.32 (2.06↑) 84.26 (5.00↑)
SC 39.47 44.29 (4.82↑) 45.80 (6.33↑) 37.22 34.13 (3.09↓) 49.78 (12.56↑)
P(TRUE) 91.51 89.74 (1.77↓) 94.08 (2.57↑) 73.63 85.38 (11.75↑) 83.32 (9.69↑)
P(SUFFICIENT) 52.15 49.21 (2.94↓) 66.71 (14.56↑) 44.18 45.88 (1.70↑) 54.02 (9.84↑)

L
la

m
a3

.1
-7

0b VANILLA-VERB 87.30 84.03 (3.27↓) 85.84 (1.46↓) 71.30 73.70 (2.40↑) 83.83 (12.53↑)
COT-VERB 85.11 84.29 (0.82↓) 86.50 (1.39↑) 78.39 78.77 (0.38↑) 88.41 (10.02↑)
SC 65.49 62.21 (3.28↓) 63.85 (1.64↓) 52.42 53.18 (0.76↑) 72.33 (19.91↑)
P(TRUE) 95.48 93.43 (2.05↓) 94.56 (0.92↓) 88.16 88.14 (0.02↓) 95.17 (7.01↑)
P(SUFFICIENT) 19.95 15.27 (4.68↓) 33.29 (13.34↑) 14.27 2.97 (11.30↓) 27.58 (13.31↑)

Q
w

en
2.

5-
7b VANILLA-VERB 86.31 80.97 (5.34↓) 86.97 (0.66↑) 68.86 67.80 (1.06↓) 59.57 (9.29↓)

COT-VERB 89.36 85.13 (4.23↓) 92.21 (2.85↑) 81.48 82.96 (1.48↑) 85.45 (3.97↑)
SC 66.73 72.52 (5.79↑) 69.69 (2.96↑) 70.49 65.74 (4.75↓) 65.87 (4.62↓)
P(TRUE) 81.17 68.24 (12.93↓) 77.24 (3.93↓) 39.69 35.91 (3.78↓) 50.01 (10.32↑)
P(SUFFICIENT) 46.66 39.44 (7.22↓) 67.58 (20.92↑) 41.38 20.04 (21.34↓) 45.77 (4.39↑)

Q
w

en
2.

5-
72

b VANILLA-VERB 77.90 81.31 (3.41↑) 87.48 (9.58↑) 76.35 73.07 (3.28↓) 82.71 (6.36↑)
COT-VERB 82.26 84.42 (2.16↑) 88.63 (6.37↑) 80.56 75.74 (4.82↓) 84.42 (3.86↑)
SC 80.71 76.73 (3.98↓) 79.73 (0.98↓) 70.45 70.31 (0.14↓) 81.93 (11.48↑)
P(TRUE) 80.65 81.75 (1.10↑) 85.01 (4.36↑) 51.98 66.59 (14.61↑) 81.25 (29.27↑)
P(SUFFICIENT) 80.46 79.82 (0.64↓) 81.68 (1.22↑) 64.96 53.16 (11.80↓) 51.98 (12.98↓)

Table 3: Average confidence comparison across different models and datasets. Values in parentheses show the
change relative to Conf i−1. Underlined values indicate statistically significant changes (p < 0.05).
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Figure 4: Performance comparison across four language models. Six evaluation dimensions are shown: Vanilla-Verb,
Cot-Verb, SC, P(true), P(sufficient), and ACC. Red indicates 20Q benchmarks, blue indicates GUESS benchmarks.

single-turn summaries (e.g., on 20Q: Qwen2.5-7B
63.13→13.23; Llama3.1-70B 34.80→15.30), sug-
gesting that compressing the dialogue into a syn-
opsis removes turn-structure cues that the probe
exploits to assess whether evidence is enough.
P(TRUE) and verbalized confidence often decrease
with summaries for smaller models (e.g., Llama3.1-
8B on GUESS: P(TRUE) 80.66→51.58, VANILLA-
VERB 87.33→72.82), but can increase for larger
models in some cases (e.g., Llama3.1-70B on
GUESS: VANILLA-VERB 80.63→87.65, COT-
VERB 84.43→90.72) without commensurate accu-
racy gains—an instance of potential miscalibration
inflation. By contrast, SC is comparatively stable
and sometimes rises with summaries on 20Q (e.g.,
Llama3.1-8B: 42.70→49.04), but shows mixed
movement on GUESS.

6 Conclusion

We present the first systematic study of confi-
dence estimation for LLMs in multi-turn conversa-
tions. We establish a formal evaluation framework
grounded in two key desiderata with novel metrics
and datasets. Our evaluation across various confi-
dence estimation methods reveals that widely-used
techniques struggle to maintain calibration and
monotonicity in dynamic dialogues. We find that
our proposed logit-based probe, P (SUFFICIENT),
achieves comparatively better performance; how-
ever, the task remains significantly under-resolved.
Building on our foundation, we advocate for future
research into methods that: (1) satisfy both calibra-
tion and monotonicity; (2) effectively distinguish
task-relevant information from conversational filler;
and (3) remain robust across both single-turn sum-
maries and multi-turn interactions.
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Limitation

Our work, while providing a foundational frame-
work, has several limitations that open avenues
for future research. (1) The progressive datasets
and Hinter–Guesser protocol simplify real conver-
sations, omitting phenomena such as topic shifts,
repairs, and mixed intents, which may limit transfer
to messy, open-world dialogue. (2) Our study fo-
cuses on specific information-seeking tasks; the dy-
namics of confidence in more open-ended, creative,
or collaborative conversations remain an open ques-
tion. (3) Our evaluation emphasizes calibration
and rank monotonicity; the downstream impact
on user utility and human trust requires controlled
user studies and field deployments. (4) We study
confidence rather than uncertainty; extending our
framework to uncertainty quantification and its re-
lationship to confidence in multi-turn settings is an
important next step.
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Appendix

A Instruction Prompt Examples.

I: GENERATION TEMPLATE

{Question}
Use \boxed{} to wrap your answer; for example \boxed{{a
concise answer}}. Your answer is:

II: VANILLA-VERB TEMPLATE

{Question}
Proposed Answer: {Answer}
How confident are you that the proposed answer is correct?
The confidence score should be a number from 0 (com-
pletely unsure) to 100 (absolutely certain).
Your response MUST strictly adhere to this format:
### Confidence: \boxed{Your confidence score from 0-
100.}
Your response is:

III: COT-VERB TEMPLATE

{Question}
Proposed Answer: {Answer}
How confident are you that the proposed answer is correct?
Analyze first and think step by step. The confidence score
should be a number from 0 (completely unsure) to 100
(absolutely certain).
Your response MUST strictly adhere to this format:
### Analysis: \boxed{Analyze the question and guess the
answer. Think step by step and justify your confidence
score.}
### Confidence: \boxed{Your confidence score from 0-
100.}
Your response is:

Table 4: Three TEMPLATE formats: generation and
verbalize confidence estimation.

B Incremental QA datasets

GRACE (Sung et al., 2025): a granular benchmark
composed of quizbowl-style questions in which
clues become increasingly specific. Each clue is
self-contained and unambiguous. Models are eval-
uated on how early, how accurately, and how confi-
dently they answer as clues unfold, providing fine-
grained signals for step-wise calibration. This di-
rectly supports C1 and C2, and the pyramidal clue
structure encourages C3 as evidence strengthens.

TrickMe (Wallace et al., 2019): a human-in-the-
loop, adversarially-authored QA dataset built also
in a quizbowl interface. Writers iteratively craft in-
cremental clues to elicit confident model mistakes
while remaining solvable by humans, yielding chal-
lenging, diverse questions that reveal miscalibra-
tion under partial information. It uses exactly the
same task format as GRACE thus also satisfy our
three criteria.

I: P(Sufficient) TEMPLATE

{Question}
Based only on the information and hints provided above,
does that information sufficiently entail that the correct
answer is exactly {Answer}?
A. Yes — the information is sufficient to conclude {An-
swer}.
B. No — the information is insufficient, allows alternatives,
or contradicts {Answer}.
Output format: **A** or **B** only (single uppercase
letter; no spaces, punctuation, or explanation):

II: P(Ture) TEMPLATE

{Question}
Proposed Answer: {Answer}
Is the proposed answer:
A. True
B. False
Output format: **A** or **B** only (single uppercase
letter; no spaces, punctuation, or explanation):

Table 5: Two PROMPT_TEMPLATE formats for binary
classification tasks.

SUMMARIZE PROMPT TEMPLATE

You are given a block of hints about an entity (e.g., from a
20 Questions game).
Summarize the hints into a concise statement or two, keep-
ing the essential information instead of the Question/An-
swer format.
Do not add new information or remove key attributes.
Keep it as short and factual as possible.

Table 6: SUMMARIZE_PROMPT template for convert-
ing Q&A format hints into concise factual statements.

Together, GRACE and TrickMe instantiate the
fully-specified setting where a unique gold an-
swer exists from the outset, but models must cal-
ibrate when to commit as evidence accrues. We
use both datasets without altering their underlying
incremental-clue protocols, and we report per-turn
accuracy and confidence to align with our evalua-
tion framework.

C Calibration shifts reveal a
scaling-dependent format effect.

While accuracy remains comparable across for-
mats (§5.3), calibration quality—measured by In-
foECE—responds divergently by model scale (Fig-
ure 5). The sufficiency probe P(SUFFICIENT) ex-
hibits opposite trends: for smaller models, summa-
rization degrades calibration (e.g., Llama3.1-8B on
20Q: 6.99→24.57; on GUESS: 3.82→9.41), sug-
gesting reliance on turn-by-turn structure. In stark
contrast, larger models show substantial improve-
ments under summarization (e.g., Llama3.1-70B
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on 20Q: 40.29→9.81; on GUESS: 34.70→6.16;
Qwen2.5-72B on GUESS: 27.51→2.55), indicat-
ing more effective integration of compressed evi-
dence. P(TRUE) improves markedly for Llama3.1-
70B (20Q: 68.00→53.28; GUESS: 66.07→36.87)
but shows minimal change for smaller models.
SC and verbalized methods remain largely format-
invariant (shifts typically <5 InfoECE points) but
consistently poorly calibrated (>50 InfoECE). This
scaling-dependent divergence suggests that while
smaller models depend on conversational structure
for reliable calibration, larger models can flexibly
exploit either format, sometimes achieving superior
calibration from summarization.

D Question Examples

We list some examples of the four datasets we use
in the study in Table 7.

E Placebo QA Examples

We list the placebo QA examples we use for 20Q
and GUESS datasets in Table 8.

25674



20
40

60
80

100
Vanilla-Verb

Cot-Verb

SC

P(true)

P(sufficient)

Ac
cu

ra
cy

Llama3.1-8b

20
40

60
80

100
Vanilla-Verb

Cot-Verb

SC

P(true)

P(sufficient)

Ac
cu

ra
cy

Llama3.1-70b

20
40

60
80

100
Vanilla-Verb

Cot-Verb

SC

P(true)

P(sufficient)

Ac
cu

ra
cy

Qwen2.5-7b

20
40

60
80

100
Vanilla-Verb

Cot-Verb

SC

P(true)

P(sufficient)

Ac
cu

ra
cy

Qwen2.5-72b

20Q
Multi-turn Summarize

20Q
Multi-turn Summarize

GUESS
Multi-turn Summarize

Figure 5: InfoECE of different confidence estimation methods across formats. Five confidence methods (Vanilla-
Verb, CoT-Verb, SC, P(true), P(sufficient)) plus Accuracy, compared under multi-turn (darker) vs. summarized
(lighter) presentation. Red: 20Q; blue: GUESS. Lower InfoECE indicates better calibration.

Dataset Prompts

20Q

User: Given the following information, provide the title of the Wikipedia page that best answers the last
question fragment. If unsure, provide your best guess. The answer should be concise.
You have some clues about the answer:
Assistant: Is it human-made? User: Yes
Assistant: Is it typically found indoors? User: Yes
Assistant: Is it commonly encountered in living rooms? User: Yes
Assistant: Is it larger than a book? User: Yes
User: Now guess what it is:
Keyword: television

GUESS

User: Given the following information, name the single CITY that best fits them. If unsure, provide your
best guess. The answer should be concise.
You have some clues about the answer:
Assistant: What continent is the city in? User: Asia
Assistant: Is the city coastal or inland? User: Inland
Assistant: What’s the climate like in the city? User: Tropical
Assistant: What region within the continent is the city located? User: Southeast Asia
User: Now guess what it is:
Keyword: Bogor, Indonesia

GRACE

User: Given the following information, provide the title of the Wikipedia page that best answers the last
question fragment. If unsure, provide your best guess. The answer should be concise.
You have some clues about the answer:
User: It’s not Charlie Parker, but a musician with this surname arranged excerpts from Stravinsky’s The
Firebird and the "Goin’ Home" theme from the New World Symphony.
User: Another album by a musician with this surname features chants from the Bhagavad Gita and solos by
Pharoah Sanders.
User: A song by a musician with this surname features Elvin Jones on timpani and gong.
User: A set of chord substitutions in a ii-V-I ("two-five-one") progression that proved challenging for pianist
Tommy Flanagan are called this surname’s "changes."
User: For 10 points, give this surname of harpist Alice and her husband, the saxophonist behind the album
Giant Steps.
User: Now guess what it is:
Keyword: Coltrane

TRICKME

User: Given the following information, provide the title of the Wikipedia page that best answers the last
question fragment. If unsure, provide your best guess. The answer should be concise.
You have some clues about the answer:
User: This man was seen driving Desiigner in the music video for Panda.
User: In an interview with Sway, this man yelled "I am Warhol," and compared himself with Shakespeare.
User: This man also controversially said that slavery was a choice.
User: For 10 points, name this songwriter known for his songs "Power," and "Gold Diggers," and more
recently, "I Love It" with Lil Pump.
User: Now guess what it is:
Keyword: Kanye_West

Table 7: Examples from four datasets, showing question-answer dialogue format.
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Guess My City 20Q

Q: Does the city have people living in it? A: Yes Q: Can it be described using words? A: Yes
Q: Does the city contain buildings? A: Yes Q: Can people ask questions about it? A: Yes
Q: Are there roads in the city? A: Yes Q: Could it, in principle, be identified or referred to? A: Yes
Q: Does the city have some form of waste disposal, like bins or trash
collection? A: Yes

Q: Does it have at least one property? A: Yes

Q: Is there access to toilets in the city? A: Yes Q: Is it what it is? A: Yes
Q: Does the city have shops or markets? A: Yes Q: Could someone think about it? A: Yes
Q: Are there schools or educational institutions in the city? A: Yes Q: Can it be distinguished from nothing at all? A: Yes
Q: Does the city have hospitals or clinics? A: Yes Q: Is it possible to talk about it right now? A: Yes
Q: Is there some form of public transportation in the city? A: Yes Q: Does it have some kind of name or label? A: Yes
Q: Does the city have restaurants or places to eat? A: Yes Q: Would it still count as something even if we know little about it? A:

Yes
Q: Are there offices or workplaces in the city? A: Yes Q: Could it, in theory, be observed or detected? A: Yes
Q: Does the city have places for recreation, such as parks or sports areas?
A: Yes

Q: Does it interact with its environment in some way? A: Yes

Q: Is the city located on land? A: Yes Q: Could it be distinguished from absolutely nothing? A: Yes
Q: Does the city belong to a country? A: Yes Q: Is it possible to classify it as something rather than nothing? A: Yes
Q: Is there some form of government or administration in the city? A: Yes Q: Does it occupy some kind of location, even if unknown? A: Yes
Q: Does the city have streets or pathways for movement? A: Yes Q: Is it part of reality? A: Yes
Q: Are there people who work in the city? A: Yes Q: Does it have some relation to other things? A: Yes
Q: Does the city have some form of shelter or housing? A: Yes Q: Could one imagine it being measured somehow? A: Yes
Q: Is there electricity available in parts of the city? A: Yes Q: Is Earth around the Sun? A: Yes
Q: Does the city have some form of water supply or access? A: Yes Q: Is the Moon larger than the Sun? A: No
Q: Are there vehicles that operate in the city? A: Yes Q: Can numbers be even? A: Yes
Q: Does the city have some form of communication infrastructure? A:
Yes

Q: Is blue a kind of sound? A: No

Q: Are there businesses operating in the city? A: Yes Q: Can a thought have weight? A: No
Q: Does the city have some form of lighting at night? A: Yes Q: Is time measured by clocks? A: Yes
Q: Are there emergency services available in the city? A: Yes Q: Do triangles have three sides? A: Yes
Q: Does the city have banking or financial services? A: Yes Q: Is water wetter than fire? A: Yes
Q: Are there entertainment venues in the city? A: Yes
Q: Does the city have postal or delivery services? A: Yes
Q: Are there religious or cultural institutions in the city? A: Yes
Q: Does the city have some form of law enforcement? A: Yes

Table 8: We construct placebo question–answer pairs for control experiments using Guess My City (30 questions)
and 20Q (26 questions). These questions neither provide any useful information to answer the question nor contradict
with conversation history.
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