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Abstract

Confidence estimation techniques are often used to better gauge the answers given by a
Large Language Model (LLM). One such technique is verbalized confidence. This prompting
setup produces confidence scores alongside the actual answers, but the mechanisms be-
hind these self-reported confidence values remain poorly understood. This paper presents
a comprehensive analysis of verbalized confidence across multiple datasets spanning factual
questions, multiple-choice QA, and causal reasoning using four different LLMs. Our in-
vestigation reveals that verbalized confidence scores are highly quantized, clustering around
specific values (e.g., 0, 90, 100) with minimal differentiation between correct and incorrect
answers. Through causal mediation analysis and targeted input perturbations, we demon-
strate that confidence score generation is primarily influenced by structural prompt elements
like the word “confidence” and the specified scale range rather than the actual question’s
content. These findings provide valuable insights into the behavior of verbalized confidence
and underscore the importance of developing more reliable self-evaluation mechanisms for
LLMs.

1 Introduction

Imagine a person is asked what the capital city of a country is, but the country name is not spoken clearly
but mumbled. The natural reaction is to either give an unsure or caveated answer or ask for clarification
right away. Similar scenarios can happen when using large language models (LLMs), like a typo or out-
of-distribution word in the user query. As LLMs are being increasingly deployed across a wide variety of
tasks, including critical applications such as mental health (Xu et al., 2024; Stade et al., 2024) or legal
advice (Cheong et al., 2024), it is important to be able to trust the outputs of these models, especially in
situations like the ones described above. To gauge and potentially reinforce trustworthiness, one option is to
provide the user with a confidence score for the generated answer, indicating how certain the model is about
it. Such confidence scores could be obtained in different ways - analyzing token probabilities (Kumar et al.,
2024), training proxy models to predict confidence (Stengel-Eskin et al., 2024; Tsai et al., 2024), evaluating
semantic coherence between answers for paraphrased questions (Yang et al., 2024), or simply prompting the
model to supply confidence scores. The latter — verbalized confidence — is a comparably lightweight and
model-agnostic approach, which works without direct access to the model (Lin et al., 2022; Tian et al., 2023;
Yang et al., 2024; Mahaut et al., 2024). To use verbalized confidence, the prompt can be amended to directly
ask the model for its confidence; for example, “What is the capital of Italy?” becomes “What is the capital
of Italy? Provide your confidence.”. With this adaptation, while the model provides a confidence score, it is
unclear if this self-reported score is meaningful or if it is trustworthy.

Prior work has already shown that verbalized confidence scores come with several inconsistencies (Xiong
et al., 2024; Zhao et al., 2025), which are exacerbated by the sycophancy of LLMs (Sun & Wang, 2025).
We briefly reexamine verbalized confidence across multiple datasets and tasks (factual questions, multiple-
choice QA, and causal reasoning) with LLMs of different sizes and model families. We then analyze the
relationship between the expressed confidence and the given question. For verbalized confidences of the
model to be a reliable uncertainty estimation, the confidence must be closely intertwined with the question,
or the understanding thereof. We build on mechanistic interpretability methods (Vig et al., 2020; Meng
et al., 2022) and study how the model produces confidence scores. We utilize ideas from causal mediation
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Figure 1: Overview of our investigation into verbalized confidence. Left is a (simplified) il-
lustration of the default setup and right is our intervention. In Section 4, we study the
phenomenology of verbalized confidence scores, finding that the predicted scores are highly
quantized. In Section 5, we perturb different parts of the input (e.g., in the prompt shown in
the picture, the subject "Italy"). We do this to study how different parts of the input affect
the predicted answers and confidence scores. <inst> is the instruction given in the prompt,
passed through the model prepended to the question.

analysis (Pearl, 2001) to intervene on the input representations.We analyze two methods of intervention.
First, replacing words on the token level, and second, adding noise to the embedding level. For both
our intervention methods, the tested models show a similar behavior, i.e., similar response formatting and
overconfidence in their responses. Both intervention methods represent real-world scenarios, like typos, OCR
artifacts, or out-of-distribution inputs. These scenarios do not cause a model collapse and may slip by the
user unnoticed. However, a trustworthy model should be able to detect them. Through this analysis, we aim
to better understand verbalized confidence and decide whether to trust the predicted scores. An illustrative
overview of our proposed approach is presented in Figure 1.

Note that our study does not attempt to force the expressed confidence scores to match a ground-truth value
(i.e., calibrate the model). This target is inherently elusive since the model does not have direct access to an
external “correctness” signal. Instead, we investigate the process by which LLMs produce their verbalized
confidence scores. Focusing on the production process rather than post-hoc alignment (Kumar et al., 2024),
our work investigates the trustworthiness of these default linguistic expressions of uncertainty.

Contributions. Our analysis shows that verbalized confidence values are highly discrete, with a small
range of predicted confidence scores such as 0, 90, or 100 (also observed in (Xiong et al., 2024) albeit for
commercial models), irrespective of the correctness of the given answers. Finally, we perturb parts of the
input to obfuscate the meaning for the model and find that the actual question is largely irrelevant for
producing confidence scores. Solely relevant for verbalized confidence scores is the word “confidence” as
well as the scale on which they should be predicted (e.g., “0-100”). These results show the pitfalls of this
expression of confidence and call into question the suitability and trustworthiness of verbalized confidence
as a form of self-evaluation.

2 Related Work

Measuring Confidence. A considerable amount of research has focused on how to estimate and improve
confidence in language models (Wei et al., 2022; Yao et al., 2023; Wiegreffe et al., 2021; Marasovic et al.,
2022; Zhou et al., 2024; Li et al., 2024; Shorinwa et al., 2026; Geng et al., 2024). Early investigations, e.g.,
Jiang et al. (2021), examined calibration for question answering. Subsequent studies have extended this
work to conversational agents and multi-answer settings (Mielke et al., 2022; Li et al., 2024). The main
methods to quantify model confidence are: (i) Token Probabilities: Relying on log or softmax probabilities
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as a baseline for confidence estimation (Kumar et al., 2024; Liu et al., 2025). (ii) Semantic Coherence:
Employing heuristics such as semantic alignment between the prompt and the answer to gauge certainty
(see, e.g., Section 2 in Yang et al. (2024)). (iii) Verbalized Confidence: Directly eliciting uncertainty via
natural language expressions—a line of work initiated by Lin et al. (2022) and further refined in subsequent
studies (Tian et al., 2023). Verbalized confidence has been found to imitate human patterns of confidence
and also depends on the authority of the response (e.g., response by a student vs. the model itself) (Xiong
et al., 2024; Zhao et al., 2025). These findings are also applicable to reasoning models (Fu et al., 2025).
(iv) Proxy Models: Utilizing auxiliary models to predict or adjust confidence scores, as demonstrated by
Stengel-Eskin et al. (2024) and Tsai et al. (2024).

Calibration and Ground-Truth Alignment. Calibration or alignment aims to adjust the confidence of
the model to its correctness (Müller et al., 2019). This alignment can focus on internal alignment, i.e., aligning
the entropy of output distributions (a proxy for confidence) to the correctness of the model (Xie et al., 2024;
Tripathi et al., 2025; Li et al., 2025). Another line of research aims to align the expressed confidence scores
with external measures of correctness. For instance, Mielke et al. (2022), Kadavath et al. (2022) and Tian
et al. (2023) focus on calibrating the output confidence — ensuring that the model’s verbalized uncertainty
corresponds more closely with ground-truth accuracy. Such calibration efforts are crucial for enhancing the
reliability and interpretability of LLM outputs. Relatedly, Kumar et al. (2024); Yona et al. (2024); Ghafouri
et al. (2024) analyze the link between the linguistically expressed confidence (e.g., “I’m sure of X”) and the
internal model confidence, measured by token probabilities. Another work (Zhao et al., 2024) focuses on
prompt engineering to elicit more calibrated confidence score expressions.

Mechanistic Interpretability and Causal Mediation Analysis in LLMs. Parallel to the line of
work on calibration, there has been significant progress in mechanistic interpretability. Recent studies have
endeavored to reverse-engineer internal model processes or “circuits” to better understand how language
models function. For example, recent studies have shed light on how GPT-2 handles greater-than compu-
tations (Hanna et al., 2023) or the function of feed-forward layers as key-value stores in language models
(Geva et al., 2021). For a general overview of mechanistic interpretability, we point to the survey by Bereska
& Gavves (2024).

Most closely related to our investigation are those studies that use causal mediation analysis (Pearl, 2001) to
pinpoint where and how certain information is processed within the model. By intervening on gender-biased
input tokens, Vig et al. (2020) study the effect of gender bias on language modeling. Similarly, Meng et al.
(2022) perturb and restore input tokens with the goal of localizing the factual recall in language models.
This perturbation approach has been used and extended in several follow-up works (Meng et al., 2023;
Hase et al., 2023; Alpay & Alpay, 2025; Guo et al., 2025). We study which parts of the input ultimately
contribute to the final verbalized confidence.

Present work. Most of the existing work focuses on aligning the confidence scores with the external
ground-truth correctness – ensuring that an answer with a high confidence score is also highly likely to be
correct (Stengel-Eskin et al., 2024; Mielke et al., 2022; Tian et al., 2023). Instead, our work is situated at the
intersection of confidence estimation and mechanistic interpretability, emphasizing our unique focus on the
production of verbalized confidence scores. Moreover, instead of a general overview, we take a close look into
a specific setting (i.e., prompting the model to provide its confidence directly), allowing in-depth analysis of
the inner workings of verbalized confidence computation.

3 Experimental Setup

For our analysis, we consider a diverse range of datasets as well as LLMs of different sizes.

3.1 Datasets

We consider different types of QA datasets, including factual and knowledge-intensive questions and a text
classification dataset. While the factual questions can be answered from the LLM’s parametric knowledge,
others would require the model to utilize its reasoning ability.
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(a) The confidence distribution for Phi-4 on factual ques-
tions in total (left) and segregated by whether the gen-
erated response is correct or not (right).

(b) The confidence distribution for Llama3.3 70B on
MMLU anatomy questions in total (left) and segregated
by whether the generated response is correct or not
(right).

Figure 2: Overview of verbalized confidence for Phi-4 (Figure 2a) and Llama3.3 70B (Figure
2b).

Factual questions. We construct factual questions using a counterfactual dataset created by Meng et al.
(2022). The entries in the original dataset1 consist of prompts, subjects, and objects, and they are tagged
with Wikidata relations (e.g., “works for”). We use these relations to rephrase the prompts as questions
(e.g., “Who does X work for?”). We have 20, 942 questions in total, of which we sample a subset of 1000
questions. The LLM is supposed to generate an answer to the question and the confidence for that answer.
MMLU. We apply our approach to multiple-choice questions from MMLU (Hendrycks et al., 2021a;b). We
use the test split of the subtasks high school geography (198 questions), astronomy (152 questions), anatomy
(135 questions), and college medicine (173 questions).
BIG-bench. Lastly, we also use the empirical judgments from BIG-bench (bench authors, 2023) with 99
examples. The task is to determine whether two events in a given sentence have a causal or correlative
relationship, or neither. This can be considered a 3-class text classification task, with the model expected
to predict the correct class.

3.2 Models

We consider autoregressive LLMs of different sizes and model families. Specifically, we consider Llama3.2
3B-Instruct, Llama3.1 8B-Instruct, and Llama3.3 70B-Instruct, instruction fine-tuned Llama3 (Dubey et al.,
2024) models with 3, 8, and 70 billion parameters, respectively. We also use Phi-4 14B, a 14 billion parameter
model released by Microsoft (Abdin et al., 2024). We use default hyperparameters for all models.

3.3 Prompts

We use a short and simple prompt for question answering, similar to prompts used in previous works (Xiong
et al., 2024; Tian et al., 2023). We use different prompts for each dataset to best comply with the task.
The prompts all specify how the model should answer and that the model should provide a confidence score
between 0 and 100. The answer that the model gives depends on the task. See Appendix A for more details.

4 Characterizing Verbal Confidence

In this section, we perform an empirical analysis of verbal confidence on various tasks and encompassing
LLMs of different sizes.

1https://rome.baulab.info/data/dsets/
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4.1 Performance

As a preliminary analysis, we report the performance of different models on the tasks in Table 1. The
performances are noted for zero-shot settings. Overall, larger models do better than smaller ones, at least
for the MMLU tasks. All models perform poorly for the empirical judgments dataset.

Llama3.2
3B

Llama3.1
8B Phi-4 Llama3.3

70B

Factual Qs 51% 62% 63% 70%

MMLU geo 70% 56% 90% 83%
MMLU ast 66% 76% 92% 89%
MMLU ana 55% 62% 73% 71%
MMLU med 55% 62% 79% 74%

BIG-bench 49% 34% 41% 43%

Table 1: Accuracy of the LLMs for different tasks in a zero-shot setting.

4.2 Confidence score distribution

We probe the confidence score distribution across different tasks. In Figure 2a (Left) and Figure 2b (Left),
we plot the frequency distribution for confidence scores generated by the Phi-4 and Llama3.3 70B models,
respectively, for the factual and MMLU anatomy questions.

We note that the confidence scores are quantized, i.e., the scores are only 70, 80, 90, 95, or 100 in this case.
This is reminiscent of how humans generally assign confidence values to future events, tending to assign
confidence scores in steps of 5 or 10 (highly effective forecasters may assign more fine-grained scores (e.g.,
87%)) (Mellers et al., 2015). This behavior is consistent across models of different sizes.

Additionally, we find the confidence scores to always be high, which points to its overconfidence regarding
content generated by itself. This is also in line with findings reported for commercial models in Xiong et al.
(2024). However, we further notice the confidence scores to be high irrespective of whether the generated
answer is correct or wrong. In Figure 2a (Right) and Figure 2b (Right), we present the frequency distribution
of the confidence scores segregated based on whether the generated answer is correct or wrong. It can be
observed that the distributions are similar, with the model providing high confidence scores even for the
cases where it generates wrong answers.

Lastly, the behavior is also consistent across LLMs and tasks. The factual questions can only be answered
from a model’s parametric knowledge (i.e., either the model gets the correct answer or it does not). However,
we still observe the LLMs generating different confidence scores for different questions (i.e., topics), which
might indicate the model being more confident about certain topics than others. In the case of other datasets
(e.g., BIG-bench empirical judgments), the model needs to utilize its reasoning ability to answer the question,
and the answer cannot be directly retrieved from parametric knowledge. Irrespective of this difference, LLMs
tend to exhibit similar behavior regarding their confidence in the generated answer. We further find that
the verbalized confidence does not change when the model is prompted multiple times with the same input.
We provide further details in Appendix D.

When answering a question, humans interpret confidence scores as a measure of our uncertainty about the
question or the topic in general. Confidence is directly related to the question itself. Given that LLMs
generate overly high confidence scores irrespective of whether the generated answer is right or wrong, we
ask, can these confidences be trusted, and is the generated confidence score at all associated with the question
asked?

5 Confidence in what?

As we have seen above, LLMs are overconfident, and it is unclear how these confidence scores are generated by
the LLMs. This ambiguity makes it difficult to trust these generated confidence scores. Hence, we proceed
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to perform a more in-depth analysis to gain further insights into the origin of the expressed confidence
scores. In particular, we hypothesize that the generated confidence scores should be highly correlated with
the question/topic, which also reflects how humans interpret confidence.

We take inspiration from mechanistic interpretability methods and adapt them to our investigation. We
closely align with causal mediation analysis (Pearl, 2001), which investigates the effect of an independent
variable on a dependent variable via an intermediate variable. In the context of LLMs, causal mediation
analysis is used to quantify the influence the input tokens have on the output through the flow of information
in internal model states. The key idea is to perturb the input, either by adding noise (Meng et al., 2022)
or replacing the tokens in the input directly (Vig et al., 2020) and measure its impact on the output. We
elaborate on the exact method in the following.

5.1 Method

We intend to investigate whether the confidence score generated by an LLM for a given question is related
to the question itself.

We consider perturbing the embeddings of the tokens corresponding to the question subject and observe the
patching effect. In particular, for a given question, we have a clean forward pass xc, without any intervention,
and a perturbed forward pass xp where we intervene and perturb the subject token embeddings. This
procedure is similar to activation patching, as discussed by Meng et al. (2022); Zhang & Nanda (2024),
although one important distinction is that we do not aim to recover the answer but directly investigate the
effect of our intervention on the model output. Furthermore, we extend this approach to question answering
instead of single next token prediction. In our setup, we can assume that both xc and xp return an answer
and a confidence value, as all other cases are filtered out (see below for more discussion on this point). The
patching effect is measured as the change in confidence scores and accuracy of the model between xc and
xp, denoted as xc → xp. For a given question, we have three possible outcomes for xc → xp: (i) both the
answer and the confidence score change, (ii) either the answer or the confidence changes, and (iii) neither
the answer nor the confidence changes. If it is the case that the model’s confidence is indeed related to
the given question, we would ideally see only outcomes of types (i) and (iii). For case (i), the perturbation
changes the model’s understanding and the given answer and the confidence is adjusted accordingly. For
case (iii), the answer remains unchanged, and thus the confidence does not change either. Case (ii), on
the other hand, means the confidence is unrelated to the confidence, as the answer and confidence change
independently of one another. The proposed method is also illustrated with an example of type (ii) in
Figure 1.

5.1.1 Selecting perturbation tokens

We intend to minimally corrupt the model’s notion of the question topic to provoke a change of the answer
in xp. For this, we identify subject tokens in the prompt. For the example in Figure 1, “Italy” is the subject
token. To automatically extract the subject from a given question, we use GLiNER (Zaratiana et al., 2024), a
bidirectional transformer trained to identify entities. We remove any question where no entities are extracted
or the quality score of the extraction is low (< 0.8). This removes all questions with no clear subject (e.g.,
“Which of the following statements is true?” for multiple-choice questions).

5.1.2 Perturbation method

There are two possible ways of perturbing the model’s input: either replacing the subject tokens with a
counterfactual or adding noise to the embeddings of the subject tokens. While replacing subject tokens is
a direct and traceable approach, it is only possible for factual questions. Multiple-choice question coun-
terfactuals require adapting the answer possibilities, dramatically increasing the complexity. On the other
hand, perturbing subjects by adding noise is a straightforward and easy approach that can be applied to all
question types. However, this approach is not as traceable as replacing tokens.

As adding noise is a broader approach, we investigate how comparable this approach is to replacing the
entities with counterfactuals. For replacing the subject, we select a random entity sampled from the factual
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questions dataset Meng et al. (2022) and replace the word before tokenization. While sampling, we ensure
that the entity belongs to a different relation so that the question is nonsensical. For example, given the
question “What country is Feng Tianwei a citizen of?”, with “Feng Tianwei” being the subject, we sample
the entity “aloha” and replace it to form the (nonsensical) question “What country is aloha a citizen of?”.
For noise perturbation, we add random noise sampled from a normal distribution (N (0, 0.1)) to the subject.
Specifically, given an input question q = q1q2...qT with a token length of T , we obtain the embedding of q:

Eq = [Eq0 , Eq1 , . . . , EqT
] (1)

We set Eqj
= Eqj

+ ϵ; ϵ ∼ N (0, 0.1) for all tokens qj that correspond to the subject in q (see Appendix B for
more details).

After perturbing the input with either strategy, we pass it through the model, obtaining xp. With our
intervention, the question is nonsensical and/or the model can no longer ascertain what the question is
about, i.e., we move from xc to xp. As a consequence, the confidence distribution should shift greatly
towards the lower end of the spectrum, if the reported confidence is truly related to the question and model’s
knowledge.

We now compare the two perturbation methods. First, we provide the average confidence scores of answers
(regardless of correctness) the model provides for both perturbation types, see Table 2. The average confi-
dence is high, being close to or above 90%, regardless of perturbation type and model. The at-times high
standard deviation is explained by occasional confidences of 0 that skew the otherwise high confidence values.

Model None Replace Noise

Llama3.2 3B 92.23%(±10.42) 90.08%(±13.84) 89.63%(±14.08)
Llama3.1 8B 90.49%(±9.63) 86.82%(±14.32) 86.96%(±11.28)
Phi-4 96.13%(±6.25) 93.98%(±13.02) 94.49%(±12.09)
Llama3.3 70B 94.94%(±10.98) 88.50%(±22.49) 97.36%(±8.88)

Table 2: Verbalized confidence with different perturbation strategies averaged over 1, 000 ex-
amples.

We further count how often the model refuses to answer or asks for clarification, shown in Table 3. For both
replacement and adding noise, the number of refusals increases in comparison to non-perturbed response.
We expect a good model to refuse the answer in the perturbed setting. The high refusal count when adding
noise, while having an overly high confidence in non-refused questions, is a good setting for our experiments.

Model None Replace Noise

Llama3.2 3B 40 139 146
Llama3.1 8B 6 54 6
Phi-4 25 74 374
Llama3.3 70B 1 14 1

Table 3: Refusal count with different perturbation strategies across 1, 000 examples.

Lastly, we analyze the similarity between the responses given when replacing the subjects versus adding noise
to them. Qualitatively, we find that answers are very similarly formatted for each model. The answers are
usually formatted as “<answer>, <number>” (e.g., “Hindi, 90”) or “<answer>. Confidence: <number>”
(e.g., “Polish. Confidence: 100”). Especially for Phi-4 and Llama3.3 70B this formatting is very consistent.
To quantitatively analyze this similarity, we calculate the similarity score between the answers given when
adding noise and the answers when replacing the subject tokens. To compute the similarity, we use the
Python difflib library, specifically SequenceMatcher2. The similarity is calculated based on matching
trigrams and and is 1.0 for identical sequences and 0.0 for no overlap. We report the similarity in Table 4.
Note that the “<answer>” part usually is different, as the replacing of tokens entirely changes the subject of
the question. With this consideration, the similarity of around or above 0.5 for 3 of the 4 models is rather
high, meaning the formatting of the answers for both perturbation methods is rather similar. We further see

2https://docs.python.org/2/library/difflib.html#difflib.SequenceMatcher.ratio
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that the formatting of the answer when adding noise is closer to the original answer than when replacing the
tokens. This shows that adding noise is a smaller change than replacing tokens that still provokes a change
in the answer.

Model O vs. R O vs. N R vs. N

Llama3.2 3B 0.33 0.34 0.33
Llama3.1 8B 0.46 0.46 0.44
Phi-4 0.59 0.69 0.56
Llama3.3 70B 0.60 0.60 0.61

Table 4: Similarity of answers between two strategies across 1, 000 examples, where O is the
original, i.e., no perturbation, R is replacing the tokens, and N is adding noise.

Nevertheless, adding noise is not as traceable as replacing tokens. Adding noise may shift the token embed-
dings into an entirely different part of the embedding space. To ensure that our change is not drastic, we
check how often the original embedding Eo of entity e is in the k-nearest neighborhood of the perturbed
embedding Ep. For this, we calculate the Euclidean distance between Ep and all embeddings in the embed-
ding matrix of the respective model and check if Eo is in the k token embeddings with the lowest distance.
Besides Euclidean distance, we also compute similarity using cosine similarity. For all models, Ep is most
similar to Eo using cosine similarity in all cases. For Euclidean distance, the frequency of the occurrences is
shown in Table 5. We see that in the large majority of cases, the original embedding Eo is the most similar
embedding, signifying that our change is in fact minimal. There is some discrepancy for Llama3.3 70B. Most
likely, this is caused by the larger dimensionality of the embeddings in Llama3.3 70B. Llama3.3 70B has
a embedding dimension of 8, 192, while the other models have dimensions of 3, 072 (3B), 4, 096 (8B), and
5, 120 (14B). Nevertheless, two-thirds of the time Eo is most similar.

k Llama3.2 3B Llama3.1 8B Phi-4 Llama3.3 70B

1 100.00% 97.88% 100.00% 67.29%
5 100.00% 99.57% 100.00% 76.64%
10 100.00% 99.57% 100.00% 80.03%
20 100.00% 100.00% 100.00% 88.72%

Table 5: Percentage of original entity embeddings that are in the k-nearest neighborhood to
the perturbed embeddings.

Naturally, this is not always the case, showing that these embeddings are, if slightly, out-of-distribution. We
argue that this is a realistic case, as LLMs are in practice also used with slightly out-of-distribution inputs
that they should handle appropriately. For example, models might get inputs with typos, OCR artifacts, or
adversarial perturbations. A good model should be able to handle these cases correctly. We also explicitly
prompt the model with random letters in place of the entity tokens, e.g., we replace “Italy” with “qWbJa”.
In these cases the model either, correctly, does not respond and requests further information or, incorrectly,
collapses and generates gibberish. Adding noise does not cause such a collapse, as the model provides an
answer and high confidence. Noise perturbation is thus not a dramatic change in comparison.

All in all, we can say that perturbing by adding noise is on par with replacing entity tokens with counter-
factuals. Adding noise is a small intervention that is easy to apply in all cases but is sufficient to influence
the model’s answer without causing a collapse. Further, this minor intervention reflects real-world scenarios
in which a model should appropriately respond. Therefore, we use added noise as the perturbation of choice
for further experiments.

5.1.3 Procedure

For each question, we prompt the model twice. First, we do not perturb anything (xc) and get the default
response. Secondly, we perturb the subject on the embedding level (xp). In both runs, we ask the model
to provide the answer and confidence in the response (see Section 3.3). We split the model’s responses for
xc into three categories: correct answer given, incorrect answer given, and refusal to answer. We further
differentiate between answers that remain correct, change to incorrect, or lead to a refusal to answer in xp.
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(a) (b)

Figure 3: The confidence distribution of verbalized confidence given by Llama3.3 70B on factual
questions. We show the difference between the confidence with and without subject perturba-
tion, and between questions where the answer remains correct or changes after perturbation.
Figure 3a shows the shift of verbalized confidence between no and added perturbation on ques-
tions where the answer does not change. Figure 3b shows the same shift, but for questions
where the answer does change.

We remove questions from further analysis that are answered incorrectly or are refused to answer in an
unperturbed filtering run, as the model cannot provide an accurate confidence for these questions to begin
with. See Appendix C for more details on the filtering. Questions that are no longer answered after
perturbation are removed as well. We end up with two sets of questions: questions that are answered
correctly with and without perturbation and questions that are answered correctly without perturbation but
are answered incorrectly with perturbation.

5.2 Results

In this described setup, we analyze how the confidence changes when perturbing the subject for 1000 questions
sampled from the factual question dataset. Phi-4 provides a correct answer for all of those questions and
has an average confidence of 98.32%. When perturbing the subject, Phi-4 answers 64 questions correctly
and has an average confidence of 98.75%. Questions that are no longer answered correctly (737 questions)
have an average confidence of 97.54%. The remaining responses are a refusal to answer or do not provide
a confidence score. For Llama3.3 70B, 946 out of 1000 questions are answered correctly with an average
confidence of 97.04%. With subject perturbation, 36 questions are still answered correctly with an average
confidence of 95%. 592 questions are answered incorrectly and have an average confidence of 94.66%. We
provide an overview of xc → xp for the confidence distribution in Figure 3. Again, the remaining responses
are a refusal to answer or do not provide a confidence score. We provide an overview of all models on factual
questions and the average confidence in Table 6. Additionally, we apply a subset of questions on a reasoning
model (Appendix E) and find the same discrete confidence values as with non-reasoning models.

The same observations hold for MMLU. For example, in MMLU astronomy, Phi-4 answers 83 questions
correctly with an average confidence of 96.93%. Of these 83 questions, 69 remain correctly answered after
perturbation, with an average confidence of 96.81%. 14 questions are answered incorrectly with an average
confidence of 93.93%. We provide an overview of xc → xp for the confidence distribution in Appendix F.
Llama3.3 70B answers 94 questions correctly with an average confidence of 98.56%. Adding noise to the
subject, 48 answers are still correct with an average confidence of 95.83%. 28 questions are not answered
correctly with an average confidence of 98.21%. Results for all models on MMLU astronomy and all other
datasets are presented in Appendix F.

We also confirm our analysis using a chain-of-thought (Wei et al., 2022) prompt on a subset of 100 factual
questions. We observe a very similar distribution of confidence: a high confidence overall and little to no shift
between the confidences given with and without subject perturbation. We provide plots of the confidence
distributions in Appendix F.
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Llama3.2 3B Llama3.1 8B Phi-4 Llama3.3 70B

No perturbation # correct answers 832 942 1000 946
Avg. confidence 94.66%±9.46 93.15%±8.57 98.32%±4.15 97.04%±6.80

Subject perturbation

# correct answers 27 47 64 36
Avg. confidence, correct 88.74%±18.66 87.66%±9.78 98.75%±5.45 95.00%±7.99

# incorrect answers 438 600 737 592
Avg. confidence, incorrect 82.34%±25.90 86.89%±16.94 97.54%±10.59 94.66%±15.81

Table 6: Results of all models on factual questions, showing the number of correct/incorrect
answers and average confidence with and without perturbation. “Avg. confidence, correct” is
the average confidence given in responses that also contain the correct answer (“Avg. confi-
dence, incorrect” is the opposite case). Note that we do not include questions that the model
refuses to answer in the average confidence calculation. Further, we provide the standard
deviation for the average confidences as a subscript of the respective values. Note that these
deviations should be taken with a grain of salt, as usually the confidence is either very high
(> 90) or 0, leading to a high standard deviation.

Figure 4: Overview of the number of correct answers across 100 runs (top) and the average
verbalized confidence in these runs (bottom) when perturbing each token in the input sepa-
rately with Phi-4. The color black signifies that no confidence scores were reported in all 100
runs for that token.

5.3 What leads to a change in confidence?

The results above indicate that the generated confidence score is generally unrelated to the prompt ques-
tion/topic, which may indicate that the verbalized confidence is untrustworthy and it does not truly represent
the underlying uncertainty of the model.

As a further analysis, we investigate if there are any tokens that, when perturbed, lead to a change in
confidence. To this end, we separately perturb all the tokens in the prompt and measure their impact. We
illustrate with an example question, “What language is spoken in Argentina?” (we make similar observations
for others). We perturb each token individually and also prompt the model 100 times for each such perturba-
tion. We report the number of correct answers and the average confidence for these answers in Figure 4. We
can see that no tokens have much influence on the number of correct answers except the subject, in this case,
“Argentina.” For the average confidence, the only tokens that have significant influence are “confidence” and
“100”. When perturbing the token “confidence”, the model does not report any confidence scores. When
perturbing the token “100”, the model does report confidence scores, but instead of a score between 0 and
100, it uses a different scale (e.g., 0 to 1 or 0 to 10). These different scales decrease the average confidence.
When shifting the differing scales to fit the 0 to 100 scale, the confidence when perturbing the token “100”
increases to 81.78%. Lastly, perturbing the token “Argentina” results in only one correct response with a
confidence score of 80%. For the incorrect responses, the average confidence remains high at 96%.
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To summarize, we find that most of the input tokens have little influence on the reported confidence. When
perturbing the subject, however, the model can no longer consistently respond correctly, but even though
the given answers are incorrect, the model remains confident.

6 Conclusion

In this paper, we investigated the notion of verbalized confidence in LLMs, whereby we directly prompt the
LLM to generate a confidence score for a generated answer. We observed the generated confidence scores
to be highly quantized and the scores to be high, irrespective of whether the generated answer is correct or
wrong. To gain deeper insights, we deployed a causal mediation analysis-inspired approach and observed
that the generated scores are also not associated with the question or the topic, which raises questions about
the trustworthiness of such verbalized confidence scores.

Broader Impact Statement

We study the brittle behavior of verbalized confidence for LLMs. We do not believe this is a suitable attack
vector to achieve harmful behavior. While not directly derivable from this work, it might be possible to
use adversarial attacks to intentionally bias the confidence estimation of LLMs, given the brittle behavior
showcased in this study. If successful, this could have downstream effects on LLM reasoning and the perceived
utility of such models.
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Appendix

A Prompts

We use separate prompts for each task. See the prompt templates for each task below. The parts in curly
brackets vary and are inserted for each dataset element.

Factual questions
“You are a helpful assistant. Answer the question provided below. Answer in a word or a phrase and be as
precise as possible.
Only provide the correct answer without any explanation. Provide your confidence between 0 and 100 in
your answer.
{question}”

Multiple-Choice Questions
“You are a helpful assistant. Choose the correct option between A, B, C and D for the question given below.
Only provide the correct answer without any explanation. Provide your confidence between 0 and 100 for
your answer.
{question}
A. {option A}
B. {option B}
C. {option C}
D. {option D} ”

Empirical Judgement
“You are a helpful assistant. Determine whether the sentence provided below asserts a causal, correlative, or
neutral relation between two events. If the sentence asserts a causal relation respond causal, if the sentence
asserts a correlative relation respond correlative, if the sentence asserts neither a causal nor a correlative
relation between two events respond neutral.
Only provide the correct option without any explanation. Provide a confidence between 0 and 100 for your
answer.
{statement}”

B Perturbation

We perturb the subjects using noise from a normal distribution with σ = 0.1, i.e., N (0, 0.1). We tested
several different settings for this noise. We found that using higher noise values leads to a deterioration of
the response, i.e., the model outputs nothing useful, and even lower noise values lead to no change in the
response. For example, using σ = 0.05 results in a high accuracy (90 of 100 sampled questions correct),
while using σ = 1 the model only answers 2 questions correctly, with an average answer length 10 times
longer than with σ = 0.1 as the model begins to generate elaborate but unfitting responses, e.g., “I am an
AI language model developed by OpenAI.” (generated by Phi-4, which is not developed by OpenAI!). The
chosen normal distribution with σ = 0.1 strikes the best balance between removing the notion of the question
without leading to significant deterioration of the output.

The noise is added by using a hook in the model for the token or tokens of interest. This hook is activated in
a forward pass, adds the sampled noise to the embedding of the token and returns the perturbed embedding
for further processing in the forward pass.

C Pre-processing

We only want to analyze questions that we know the model can answer correctly, as only these questions are
reasonable candidates for the expressed high confidence. We do note, however, that runs where the model
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Figure 5: Overview of confidence distributions (left) across all the LLMs and standard deviation
of confidence values across different runs (right) for all models on the BIG-bench dataset. The
quantized behavior is observed for all the models, irrespective of size. Smaller models also
tend to generate slightly different confidence scores between runs. Larger models are more
consistent.

incorrectly answers the question but provides a confidence are rare (< .5% of questions) and these confidence
scores collapse to the same values (i.e., 0, 90, 95, 100). To ensure that the model knows the answer, we run
all questions through a pre-processing step by prompting the respective model and only keeping questions
the model answers correctly. Note that for the MMLU and BIG-Bench questions, this reduces the number
of questions for each model individually. For the factual questions, we sample questions until we have 1000
known questions for each model.

It must be noted that despite this pre-processing step, during the experiment, the models still sometimes
give an incorrect answer or responses that do not contain a confidence value or answer (e.g., the response
provides further instructions instead of answering).

D Sensitivity of Verbalized Confidence

To determine whether the confidence score generated for a particular prompt is consistent, each prompt is
provided as input to the model multiple times. For a given dataset, we prompt the language model with
the same question 5 times and obtain the answer and the confidence score generated by the model. In
Figure 5 (Left), we present the results for the BIG-bench empirical judgments dataset, noting the generated
answer and the confidence score. The generated confidence score’s standard deviation is computed for each
question. In Figure 5 (Right), we present the box plot of the standard deviation values. Ideally, we expect
the models to have a standard deviation of 0 across all the questions, which is the case for Phi-4 and
Llama3.3-70B (non-zero standard deviation was obtained for 4% of the questions). However, the smaller
models Llama3.1-8B and Llama3.2-3B tend to generate different confidence scores across runs, although not
too large (mean standard deviation of 5). Lastly, we prompt the models with just the word confidence, which
leads to the model generating outputs such as “0.8”, “8/10”, etc., and when prompted to generate random
numbers between 0 and 100, the model resorts to generating the number “42” frequently, which shows that
the confidence score is not generated in the same manner as a “random” number.

E Verbalized Confidence with Reasoning Models

Reasoning models are inspired by work from Wei et al. (2022) and have been applied to many different topics
and tasks (Plaat et al., 2024; Huang & Chang, 2023; Zhang et al., 2025; Zhou et al., 2023). Reasoning models
seemingly “think” through the given prompt more and have been shown to perform better, even with simple
reasoning processes (Wei et al., 2022). This raises the question, if the verbalized confidence may be more
accurate as well. Although not the main focus of our study, we provide results for a state-of-the-art reasoning
model (Qwen3-30B-A3B-Thinking3) (Yang et al., 2025) on a subset (n = 100) of the factual questions.

3https://huggingface.co/Qwen/Qwen3-30B-A3B-Thinking-2507
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Pert. Factual Qs MMLU ast MMLU geo MMLU ana MMLU med BIG-bench

None # correct 81 76 77 71 50 67
Avg. conf. 98.27%±2.38 96.13%±2.48 94.77%±4.90 96.11%±5.31 96.80%±2.60 96.19%±2.30

Subject

# correct 5 59 53 39 36 53
Avg. conf., correct 95.00%±5.48 95.76%±4.27 93.49%±6.34 95.08%±5.33 94.44%±6.54 95.28%±3.42
# incorrect 61 11 14 22 12 14
Avg. conf., incorrect 90.57%±19.71 92.27%±6.17 92.36%±5.74 93.41%±4.86 91.25%±7.40 93.21%±4.47

Table 7: Results of Qwen3 30B on the different tasks, showing the number of correct/incorrect answers and
average confidence with and without perturbation. Note that we do not include questions in the average
confidence calculation that the model refuses to answer, or questions without a clear subject. Further, we
provide the standard deviation for the average confidences as a subscript of the respective values. Note that
these deviations should be taken with a grain of salt, as usually the confidence is either very high (> 90) or
0, leading to a high standard deviation.

(a) (b)

Figure 6: The confidence distribution of verbalized confidence given by Qwen3 30B, a reasoning
model, on factual questions. We show the difference between the confidence with and without
subject perturbation and between questions where the answer remains correct or changes
after perturbation. Figure 6a shows the shift of verbalized confidence between no and added
perturbation on questions where the answer does not change. Figure 6b shows the same shift,
but for questions where the answer does change.

We find that the studied reasoning model exhibits the same behavior as the non-reasoning models. We
provide a table of correct answers before and after perturbation in Table 7 and the distribution of verbalized
confidence in Figure 6.

F Subject Perturbation Results

We show xc → xp for the confidence distribution of Phi-4 on MMLU astronomy questions in Figure 7.

We report additional results for MMLU astronomy (Table 8), MMLU geography (Table 9), MMLU anatomy
(Table 10), MMLU college medicine (Table 11 and BIG-bench (Table 12).

In Figure 8, we show the confidence distribution of verbalized confidence given by Phi-4 on a subset of factual
questions when using a chain-of-thought (Wei et al., 2022) prompt.
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(a) (b)

Figure 7: The confidence distribution of verbalized confidence given by Phi-4 on MMLU as-
tronomy questions. We show the difference between the confidence with and without subject
perturbation and between questions where the answer remains correct or changes after pertur-
bation. Figure 7a shows the shift of verbalized confidence between no and added perturbation
on questions where the answer does not change. Figure 7b shows the same shift, but for
questions where the answer does change.

(a) (b)

Figure 8: The confidence distribution of verbalized confidence given by Phi-4 on factual ques-
tions using a chain-of-thought prompt. We show the difference between the confidence with
and without subject perturbation and between questions where the answer remains correct
or changes after perturbation. Figure 8a shows the shift of verbalized confidence between no
and added perturbation on questions where the answer does not change. Figure 8b shows the
same shift, but for questions where the answer does change.
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Llama3.2 3B Llama3.1 8B Phi-4 Llama3.3 70B

No perturbation # correct answers 66 69 83 94
Avg. confidence 91.89%±8.34 89.35%±7.75 96.93%±4.17 98.56%±4.29

Subject perturbation

# correct answers 53 49 69 48
Avg. confidence, correct 91.70%±9.06 88.65%±8.10 96.81%±4.25 95.83%±19.98
# incorrect answers 11 17 14 28
Avg. confidence, incorrect 83.64%±28.05 89.12%±8.44 93.93%±4.70 98.21%±9.28

Table 8: Results of all models on MMLU astronomy, showing the number of correct/incorrect answers and
average confidence with and without perturbation. Note that we do not include questions in the average
confidence calculation that the model refuses to answer, or questions without a clear subject. Further, we
provide the standard deviation for the average confidences as a subscript of the respective values. Note that
these deviations should be taken with a grain of salt, as usually the confidence is either very high (> 90) or
0, leading to a high standard deviation.

Llama3.2 3B Llama3.1 8B Phi-4 Llama3.3 70B

No perturbation # correct answers 67 66 95 91
Avg. confidence 91.94%±9.14 88.48%±8.39 94.95%±6.00 93.49%±14.53

Subject perturbation

# correct answers 50 45 80 54
Avg. confidence, correct 89.50%±8.62 90.22%±8.50 94.69%±5.66 93.89%±19.48
# incorrect answers 15 20 15 27
Avg. confidence, incorrect 89.33%±8.54 86.00%±10.20 95.00%±4.83 96.30%±18.89

Table 9: The number of correct/incorrect answers and average confidence on MMLU geography for all models
with and without perturbation. Note that we do not include questions in the average confidence calculation
that the model refuses to answer, or questions without a clear subject. Further, we provide the standard
deviation for the average confidences as a subscript of the respective values. Note that these deviations
should be taken with a grain of salt, as usually the confidence is either very high (> 90) or 0, leading to a
high standard deviation.

Llama3.2 3B Llama3.1 8B Phi-4 Llama3.3 70B

No perturbation # correct answers 58 57 80 82
Avg. confidence 96.21%±7.09 90.79%±8.05 98.56%±2.98 99.94%±0.55

Subject perturbation

# correct answers 42 35 56 41
Avg. confidence, correct 92.62%±9.01 90.00%±10.69 96.16%±13.53 97.56%±15.43
# incorrect answers 13 21 22 22
Avg. confidence, incorrect 94.62%±8.43 86.19%±7.06 98.18%±3.55 100.0%±0.00

Table 10: The number of correct/incorrect answers and average confidence on MMLU anatomy for all models
with and without perturbation. Note that we do not include questions in the average confidence calculation
that the model refuses to answer, or questions without a clear subject. Further, we provide the standard
deviation for the average confidences as a subscript of the respective values. Note that these deviations
should be taken with a grain of salt, as usually the confidence is either very high (> 90) or 0, leading to a
high standard deviation.
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Llama3.2 3B Llama3.1 8B Phi-4 Llama3.3 70B

No perturbation # correct answers 43 49 57 56
Avg. confidence 96.74%±6.28 91.53%±7.44 97.63%±3.87 99.29%±3.19

Subject perturbation

# correct answers 25 37 45 24
Avg. confidence, correct 92.00%±8.94 87.43%±8.02 97.00%±4.52 95.83%±19.98
# incorrect answers 16 12 12 18
Avg. confidence, incorrect 91.25%±9.27 79.33%±24.46 94.58%±4.77 100.0%±0.00

Table 11: The number of correct/incorrect answers and average confidence on MMLU college medicine for
all models with and without perturbation. Note that we do not include questions in the average confidence
calculation that the model refuses to answer, or questions without a clear subject. Further, we provide
the standard deviation for the average confidences as a subscript of the respective values. Note that these
deviations should be taken with a grain of salt, as usually the confidence is either very high (> 90) or 0,
leading to a high standard deviation.

Llama3.2 3B Llama3.1 8B Phi-4 Llama3.3 70B

No perturbation # correct answers 27 35 51 57
Avg. confidence 87.78%±9.16 94.57%±8.31 92.84%±13.15 99.39%±2.31

Subject perturbation

# correct answers 20 27 41 36
Avg. confidence, correct 86.0%±8.00 93.89%±8.64 93.05%±6.24 99.72%±1.64
# incorrect answers 7 8 10 21
Avg. confidence, incorrect 81.43%±11.25 81.25%±3.31 92.5%±5.12 79.52%±38.85

Table 12: The number of correct/incorrect answers and average confidence on BIG-bench for all models
with and without perturbation. Note that we do not include questions in the average confidence calculation
that the model refuses to answer, or questions without a clear subject. Further, we provide the standard
deviation for the average confidences as a subscript of the respective values. Note that these deviations
should be taken with a grain of salt, as usually the confidence is either very high (> 90) or 0, leading to a
high standard deviation.
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