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Abstract

Conformal prediction (CP) has gained prominence as a pop-
ular technique for uncertainty quantification in deep neural
networks (DNNs), providing statistically rigorous uncertainty
sets. However, existing CP methods fail to clarify the origins
of predictive uncertainties. While neuron-level interpretabil-
ity has been effective in revealing the internal mechanisms
of DNNs, explaining CP at the neuron level remains unex-
plored. Nonetheless, generating neuron explanations for CP
is challenging due to the discrete and non-differentiable char-
acteristics of CP, and the labor-intensive process of semantic
annotation. To address these limitations, this paper proposes
a novel neuron explanation approach for CP by identifying
neurons crucial for understanding predictive uncertainties and
automatically generating semantic explanations. The effec-
tiveness of the proposed method is validated through both
qualitative and quantitative experiments.

Introduction
Conformal prediction (CP) (Shafer and Vovk 2008; Sesia
and Romano 2021; Ndiaye 2022; Li et al. 2024; Sun et al.
2024) has emerged as a widely used technique for uncer-
tainty quantification in deep neural networks (DNNs), offer-
ing statistically rigorous uncertainty sets for model predic-
tions. The model-agnostic and distribution-free nature of CP
makes it particularly applicable for large neural networks,
compared to other uncertainty quantification methods, such
as using Bayesian networks (Sun, Chen, and Carin 2017).

Although existing CP methods can offer guaranteed un-
certainty sets, they fail to clarify the origins of predictive un-
certainties. Identifying the causes of predictive uncertainties
is crucial for understanding the model behavior, especially in
error-sensitive domains like autonomous driving and medi-
cal diagnosis, where knowing the roots of uncertainty can
help reduce risks (Chen et al. 2024; Qian et al. 2024). There-
fore, explaining predictive uncertainties in CP is essential for
DNNs. The interpretability of individual neurons in DNNs
has proven to be effective in exploring the internal mecha-
nisms of DNNs (Bau et al. 2020). Neuron-level explanations
can be a powerful means of revealing the semantic concepts
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Figure 1: An overview of neuron explanation for conformal
prediction with large foundational models.

encoded within neurons, thereby enhancing the comprehen-
sion of how models make decisions. However, there is still
a gap in explaining CP at the neuron level, which remains
largely unexplored. Providing neuron-level explanations for
CP is challenging due to the discrete and non-differentiable
CP uncertainty results, and the labor-intensive process of se-
mantic annotation.

To address the above challenges, we propose a novel neu-
ron explanation approach for CP, which can identify the neu-
rons associated with the predicted labels in the uncertainty
sets and automatically generate semantic explanations for
features represented by these neurons. Specifically, in our
approach, we design a novel optimization framework to find
the most influential neurons for uncertainty predictions, and
then we use large foundational models to extract the seman-
tic meanings of the features within these neurons. We val-
idate the effectiveness of our proposed approach through a
series of qualitative and quantitative experiments, demon-
strating its ability to explain CP with neuron semantics.

Methodology
Consider a training dataset D = {(Xi, Yi)}Ni=1 with Xi ∈
X ⊂ Rd as the input sample and Yi ∈ Y = [C] as the class
label. Let fθ∗ denote a DNN classifier trained on the dataset
D using a loss function L (e.g., cross-entropy), where θ∗ ∈
Θ represents the model parameters. Then, we use f l,k

θ∗ to de-
note the k-th neuron in layer l. In CP (Shafer and Vovk 2008;
Straitouri et al. 2023; Wang et al. 2024), given a significance
level ε ∈ (0, 1), we compute a quantile Q1−ε based on a set
of calibration data. Then, for a new test example Xts, we can
construct its conformal set C(Xts) with marginal coverage,
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Figure 2: Illustrations of neuron explanation for uncertainty.

where C(Xts) = {Y ∈ [C] : S((Xts, Y ); θ∗) ≤ Q1−ε},
where S(·) is the non-conformity measure. Let Yts denote
the true label for Xts. Note that when the involved data are
exchangeable, the marginal coverage guarantee implies that
P(Yts ∈ C(Xts)) ≥ 1−ε, meaning that C(Xts) will contain
the true label with probability at least 1− ε.

Based on the above, our goal is to design a novel neuron
explanation approach for CP, as outlined in Figure 1. First,
we aim to construct a neuron semantic pool for the neurons
in the pre-trained model θ∗. To achieve this, we first extract
a set of activated image patches associated with the features
of each neuron f l,k

θ∗ (Zhou et al. 2015; Bau et al. 2020; Zhao
et al. 2023). Then, we propose promoting large language
models (e.g., ChatGPT) to obtain comprehensive semantic
concepts (e.g., phrases) about features in all class labels.
After that, we adopt vision language models (e.g., CLIP
(Radford et al. 2021)) to align the concepts with the image
patches. Thus, this process allows us to generate meaningful
explanations to understand the neuron semantics.

Next, we focus on identifying the neurons responsible
for the predicted labels in the uncertainty set and leverag-
ing the semantics in neurons to explain the origins of un-
certainty. Given Xts with its uncertainty set C(Xts), for a
specific target label Ytg ∈ C(Xts), we aim to find the min-
imum set of neurons in layer l of the network such that, af-
ter masking these neurons, Ytg is excluded from the new
uncertainty set C̃(Xts) (i.e., Ytg /∈ C̃(Xts)), while the re-
maining labels in C(Xts) are retained in the new set (i.e.,
(C(Xts) \ Ytg) ⊆ C̃(Xts)). Thus, we propose

arg min
Ml⊆Ul

|Ml| (1)

s.t. maxS((Xts, Ytg); θ
∗
Ml

)− Q̃1−ε,

where Ul represents all the neurons {f l,k
θ∗ }|Ul|

k=1, θ∗Ml
denotes

the model after masking the neurons Ml, and Q̃1−ε denotes
the quantile computed on the calibration data using θ∗Ml

.
Here, neurons can be represented as a binary vector, with
Ml indicating which neurons are inactive during forward-
ing. Note that directly solving Eq. (1) is infeasible due to its
discrete nature and the non-differentiability of the quantile.
To address this, we propose to solve the above optimization
problem via an empirical search.
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Figure 3: Impact of the neurons on class accuracy.

Experiments
Experimental Settings. In experiments, we utilize Ima-
geNet and Places365 (Zhou et al. 2017) datasets. We an-
alyze the features of neurons in the convolutional layers
of ResNet-50 and AlexNet. Two widely adopted conformal
methods are employed: HPS (Lei, Robins, and Wasserman
2013), which is based on softmax output, and APS (Ro-
mano, Sesia, and Candes 2020), which offers marginal cov-
erage. We use human annotations as the baseline. More ex-
perimental details and results can be found in the full paper.

Experimental Results. First, we evaluate the perfor-
mance of neuron explanations for CP. We use GPT-3.5 to
generate feature descriptions for classes in ImageNet and
Places365, and we employ the ViT-B/32 model from CLIP
to label neuron descriptions for the activated image patches.
The patch generated for each unit (neuron) is shown on four
maximally activating images. Figure 2 presents the expla-
nation results. As shown, our proposed approach success-
fully identifies the neurons that are most influential on the
predicted labels in the prediction set. Additionally, our pro-
posed approach efficiently captures the features represented
in these neurons and describes the corresponding semantic
meanings, leveraging the large models. For instance, the in-
clusion of the label “school bus” in the prediction set of the
“snowplow” image is driven by unit 1762 in layer 4, which
shows the related features of the “school bus” with the image
patch, and the neurons’ descriptions accurately reflect the se-
mantics of these features. We observe that our descriptions
are highly aligned with the baseline of human annotations.
Next, we validate the influence of neurons on model predic-
tions by computing the maximum accuracy drop of individ-
ual classes after masking the units. The results for the 200
sorted units are shown in Figure 3, highlighting the relative
importance of neurons that capture features in influencing
model predictions. Therefore, our method demonstrates the
capability to identify important neurons and generate com-
prehensive semantic meanings without human annotations.

Conclusion
This paper presents a novel neuron explanation approach for
conformal prediction. The proposed approach identifies the
crucial neurons responsible for predictive uncertainty sets
and automatically generates semantic explanations without
requiring human interventions. Extensive experiments have
been performed to validate the effectiveness of the proposed
approach. We believe that this approach will serve as a valu-
able tool for the research community, enabling understand-
ing of the uncertainty in conformal prediction.
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