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Abstract

Reasoning-based large language models often produce
natural-language thinking traces with their answers, but it re-
mains unclear whether the verbalized uncertainties expressed
in thinking traces faithfully reflect model’s knowledge. We
study this question on long-form, knowledge-intensive biog-
raphy generation. Our pipeline decomposes thinking traces
and responses into atomic facts, filters out planning content,
labels factual reasoning by certainty, and aligns response facts
to their supporting reasoning, enabling plan-based filtering,
self-verification, and a classifier that predicts factuality from
facts and associated reasoning. Preliminary results suggest
that high-certainty reasoning is more likely to be included
and correct and that structured use of these signals can im-
prove factuality, though broader validation across models and
dataset will be needed.

Introduction
Reasoning-based large language models increasingly “think
out loud.” Before answering, they produce a natural-
language thinking trace that contains intermediate steps,
candidate facts, and some expressions of uncertainty (Wei
et al. 2022; Guo et al. 2025). These traces are often inter-
preted as windows into model’s internal state and epistemic
confidence, and they are used in practice to monitor halluci-
nations or decide which parts of an answer to trust (Efroni
et al. 2025; Devic et al. 2025). At the same time, most
reasoning models are trained with reinforcement learning
pipelines that reward only the final answer, not faithfulness
or calibration of the thinking trace that precedes it (Rafailov
et al. 2025; Yao et al. 2025), so we do not yet know whether
these verbalized uncertainties actually show what the model
“knows,” or whether they are mostly stylistic.

This work focuses on long-form, knowledge-intensive
generation and asks whether the thinking traces of reason-
ing models are faithful and can be made useful. The main
question we are asking is: Are reasoning LLMs’ verbalized
uncertainty in reasoning traces faithful indicators of factu-
ality, and can this be operationalized to improve response
quality? Breaking down the question, we investigate: (1)
whether models follow the plans and certainty expressed
in their thinking traces when writing the final answer; (2)
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whether these verbalized certainties align with factuality;
and (3) whether enforcing or otherwise using these certainty
labels (through plan-based filtering, self-verification, or an
independent classifier) can help improve factuality.

Background
Several recent papers study how reinforcement finetuning
and reasoning-style training affect hallucinations and uncer-
tainty: work shows that RL pipelines can make models more
willing to produce confident but incorrect content (Rafailov
et al. 2025), Yao et al. find that reasoning models can be
more prone to hallucination than non-reasoning baselines
in knowledge-intensive tasks (Yao et al. 2025), and other
work explicitly teaches models to reason for factuality or
about their own uncertainty by shaping rewards or objec-
tives (Chen et al. 2025; Damani et al. 2025), reporting that
reasoning models may better express confidence than stan-
dard LLMs under some conditions (Efroni et al. 2025). A
complementary line of work focuses on calibration and con-
fidence signals derived from internal reasoning, for example
using agreement across multiple sampled chains as a sig-
nal to better calibrate predictions (Xie et al. 2024) or argu-
ing for a broader shift “From Calibration to Collaboration,”
where uncertainty quantification is evaluated by how it sup-
ports human decision-making (Devic et al. 2025). HCI work
further shows that surface forms of uncertainty expression
strongly influence user reliance and trust (Kim et al. 2024)
and that humans can over-interpret coherent but incorrect
reasoning narratives (Levy, Elyoseph, and Goldberg 2025).

Approach
Our primary subjects are the DeepSeek distill reasoning
models, including Llama models with 8B and 70B param-
eters and Qwen models with 1.5B, 7B, and 14B parameters,
and we plan to extend the analysis to additional reasoning
model families over time. For each model, we run long-form
biography generation on the FActScore biographies dataset,
where each input produces a chain-of-thought-style think-
ing trace and a corresponding long-form biography response
which is evaluated at the level of atomic facts (Min et al.
2023).

To analyze the thinking traces, we deign the following
pipeline.



• We first split each trace into sentences and use an LLM
to label each as either planning (how to answer, meta-
commentary, or surface phrasing) or non-planning fac-
tual reasoning, discarding planning sentences and retain-
ing only factual reasoning for further analysis.

• For each remaining reasoning sentence, we then assign a
certainty label of speculation, low certainty, or high cer-
tainty using an LLM-as-a-judge based on verbalized con-
fidence or hedging expressions in the text.

• We perform atomic fact extraction and factuality eval-
uation by decomposing both the filtered thinking trace
and the final response into atomic facts, evaluating
each atomic fact against Wikipedia using the FActScore
pipeline.

• Finally, we align response facts to reasoning by asking
an LLM judge, for each atomic response fact, to identify
possible supporting sentences in the thinking trace.

To operationalize verbalized uncertainty for improving
factuality, we design several methods.
• First, we construct plan-based filtering pipelines that re-

move response facts by dropping facts with no supporting
thinking sentence, then dropping facts supported only by
speculative reasoning, then removing those supported by
low-certainty reasoning, and adding back high-certainty
thinking facts that did not appear in the original response.

• Second, we study self-verification with the same genera-
tion model by prompting it, for each atomic fact, to clas-
sify the fact as true or false under two conditions (one
with the full thinking trace in context and one with the
fact presented alone) and then comparing performance.

• Finally, we train a small external verifier, Qwen2.5-0.5B-
Instruct, to predict factuality from inputs that include the
model name, the topic (which may or may not be ex-
plicitly given), the atomic fact, and the matched thinking
sentences (which may or may not be provided).

Evaluation
We evaluate on the FActScore biography dataset using the
DeepSeek reasoner and its distill models. We first assess
the thinking-trace labeling by reporting the proportion of
sentences classified as planning versus non-planning and as
speculation, low certainty, or high certainty, together with
FActScore for extracted thinking facts in each sentence be-
fore and after matching them to response facts. We then
measure plan-following as the fraction of thinking facts
in each certainty bucket that are included in the response,
compute FActScore separately for matched and unmatched
thinking facts, and report FActScore for response facts over-
all and split by whether they are supported by any thinking
sentence, along with the overall matched versus unmatched
rate.

To evaluate the effect of our operationalization, we com-
pare the original generations to plan-based filtering base-
lines (matched-only, no speculation, and high-certainty-
only), to self-verification using a cross-verifier with either
full-context or fact-only input, and to a small Qwen2.5-
0.5B-Instruct classifier evaluated under anonymized versus

topic-aware and fact-only versus fact-plus-trace settings. For
the verifier and classifier, we track accuracy, F1, and the
resulting FActScore at comparable or higher coverage, and
treat consistent gains in these metrics as evidence that using
AI to analyze and act on verbalized uncertainty improves
factuality.

Discussion

On the FActScore dataset and DeepSeek distill models, we
find that models do follow the plan expressed in the think-
ing trace: they include high-certainty facts in the final re-
sponse at a higher rate than facts associated with low cer-
tainty or speculation, although the latter are still included
with a bit lower rate. The expressed uncertainty aligns with
factual correctness to some degree, but only for larger mod-
els with 8B or bigger.

Different strictness levels of plan enforcement, such as
dropping facts with speculative or low-certainty support, can
improve FActScore, though gains are sensitive to the trade-
off between precision and the number of retained facts. We
also observe that LLMs can self-verify generations when
given just the atomic fact, but are more easily misled when
the full thinking trace is present, suggesting that verbalized
uncertainty is not always beneficial. Most importantly, the
small classifier performs best when given both the fact and
the matched thinking sentences, indicating that reasoning
traces contain some useful signal, while some characteris-
tics of the fact (e.g. generality) still plays a major role in the
decision. If this could be replicated across more datasets and
model families, the use of thinking traces could inform how
future reasoning models expose their internal uncertainty to
users and these can be used to improve factuality and reduce
hallucinations.

Conclusion

We study whether verbalized uncertainty in reasoning-based
LLMs’ thinking traces is a faithful indicator of factuality and
how it can be operationalized to improve long-form gener-
ation. Focusing on biography generation in the FActScore
benchmark, we decompose thinking traces and responses
into atomic facts and use LLM-based alignment, certainty
labeling, and verification. The evaluation on DeepSeek dis-
till models shows that high-certainty reasoning is more
likely to appear in the final answer and be factually correct,
and that plan-based filtering, self-verification, and a small
independent classifier can each use some information in the
thinking traces to improve factuality. Although our experi-
ments center on biographies generation, the same techniques
could transfer to other areas: medical information where
clinical or patient-facing tools must avoid plausible but un-
supported claims, and scientific assistants, where long-form
explanations and literature summaries require accurate ci-
tations and honest uncertainty. More broadly, aligning ver-
balized uncertainty with factuality points toward safer, more
transparent reasoning models that are better in applications.
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