
From the holdings of the Department of Special Collections , Princeton University Library,

Princeton, NJ

These documents are either in the public domain, or can only be used for educational and research

purposes (Fair use) as per U.S. Copyright law (text below). By accessing this file, all users agree that their

use falls in the public domain or within fair use as defined by the copyrightlaw. We do not charge any

permission or usage fees for the publication of images of material inour collections, including those provided

by Princeton University Library, via our website, catalog, or directly from staff.For more information

regarding copyright, credit, and citation please review the information onthe Copyright, Credit and Citation

Guidelines page of our website.

https://library.princeton.edu/special-collections/policies/copyright-credit-and-citation-guidelines. If you have

any questions, including how to order higher-quality images from the collection, contact Special Collections

Public Services via our Ask Us! Form. https://library.princeton.edu/special-collections/ask-us

Master's Theses, 2022-2026 Computer Science, 2023

2024

CONFINE: Conformal Prediction for

Interpretable Neural Networks

Huang, Linhui

Princeton, NJ : Princeton University

http://arks.princeton.edu/ark:/88435/dsp01r781wk41d

U.S. Copyright law: The copyright law of the United States (Title 17, §108, United States Code) governs the
making of photocopies or other reproductions of copyrighted material. Under certain conditions specified in the
law, libraries and archives are authorized to furnish a photocopy or other reproduction. One of these specified
conditions is that the photocopy or reproduction is not to be used for any purpose other than private study,
scholarship, or research. If a user makes a request for, or later uses, a photocopy or reproduction for purposes
in excess of fair use that user may be liable for copyright infringement. This institution reserves the right to
refuse to accept a copying order if, in its judgment, fulfillment of the order would involve a violation of copyright
law. https://www.copyright.gov/title17/title17.pdf



CONFINE: Conformal Prediction for

Interpretable Neural Networks

Linhui Huang

A Master’s Thesis

Presented to the Faculty

of Princeton University

in Candidacy for the Degree

of Master of Science in Engineering

Recommended for Acceptance

by the Department of

Computer Science

Adviser: Professor Niraj K. Jha

May 2024



© Copyright by Linhui Huang, 2024.

All rights reserved.



Abstract

Deep neural networks exhibit remarkable performance, yet their black-box nature

limits their utility in fields like healthcare where interpretability is crucial. Existing

explainability approaches often sacrifice accuracy and lack quantifiable prediction un-

certainty. In this study, we introduce Conformal Prediction for Interpretable Neural

Networks (CONFINE), a versatile framework that generates prediction sets with sta-

tistically robust uncertainty estimates instead of point predictions, to enhance model

transparency and reliability. CONFINE not only provides example-based explana-

tions and confidence estimates for individual predictions but also boosts accuracy by

up to 3.6%. We define a new metric, correct efficiency, to evaluate the fraction of pre-

diction sets that contain precisely the correct label and show that CONFINE achieves

correct efficiency of up to 3.3% higher than the original accuracy, matching or ex-

ceeding prior methods. CONFINE’s marginal and class-conditional coverages attest

to its validity across tasks spanning image classification to language understanding.

Being adaptable to any pre-trained classifier, CONFINE marks a significant advance

towards transparent and trustworthy deep learning applications in critical domains.
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Chapter 1

Introduction

Deep learning models demonstrate exceptional performance in tasks ranging from

medical diagnosis to natural language processing. However, unlike many traditional

machine learning models that are easily interpretable, the black-box nature of neural

networks makes it a challenge to understand their decision-making process, hindering

their adoption in many crucial areas. In fields such as healthcare, where decisions

directly affect human lives, interpretability and trustworthiness are essential.

Many existing explainable AI approaches involve modifications to the model ar-

chitecture or loss functions to obtain explanations, which can unfortunately lead to

decreased accuracy. Furthermore, many of them are model-specific and none of them

provides quantifications to validate the correctness of the explanations.

Explanations describe why a prediction is made, whereas uncertainty estimates

provide an evaluation of the reliability of the prediction. Both aspects are important

for interpretability. For example, in a clinical setting, if a model outputs predictions

along with certainty estimates, the clinician can make informed decisions to either

trust the most likely diagnosis if the model is certain or test for further conditions by

ordering additional diagnostic tests and considering other factors like the patient’s

medical history if the model’s confidence is low [5]. However, current explainable

1



AI methods focus on elucidating the reasoning behind predictions but fail to provide

uncertainty quantification. Simply using softmax scores as confidence estimates is

also not robust due to the fact that adversarial inputs have crafted softmax scores

leading to high-confidence incorrect predictions [41].

In this study, we introduce CONFINE, Conformal Prediction for Interpretable

Neural Networks, that leverages conformal prediction [44] to combine explanations

and uncertainty quantification to enhance interpretability. Our main contributions

are as follows:

• Enhanced Reliability and Transparency: CONFINE adapts conformal

prediction to neural networks to improve model reliability and interpretabil-

ity. CONFINE provides prediction sets with credibility and confidence scores,

which can be used to identify ambiguous instances, and example-based expla-

nations to aid in a transparent decision-making process. CONFINE effectively

reduces computational burden and data noisiness compared to prior conformal

prediction methods through its single-layer feature extraction and top-k nearest

neighbors nonconformity measure.

• Improved Accuracy and Efficiency: By inducing interpretability, CON-

FINE can improve the original model’s accuracy by up to 3.6%. We define a

new metric, called correct efficiency, and demonstrate that CONFINE achieves

a correct efficiency up to 3.3% higher than the original model’s accuracy, match-

ing or outperforming existing methods.

• Broad Applicability: CONFINE is adaptable to any pre-trained machine

learning classifier without the need for re-training, thus ensuring broad appli-

cability and ease of integration into existing systems. The code will be made

available upon article acceptance.
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The article is organized as follows. Chapter 2 presents related works on explain-

able AI, uncertainty estimation, and conformal prediction. Chapter 3 introduces

CONFINE’s methodology. Chapter 4 discusses evaluation metrics and baselines.

Chapter 5 presents the experimental results. Chapter 6 discusses the limitations.

Chapter 7 summarizes the implications of CONFINE.
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Chapter 2

Related Works

2.1 Explainable AI (XAI)

Existing XAI methods mainly use two forms of explanations: examples and features.

Example-based approaches usually offer explanations through optimization of the

latent space to highlight analogies or contrasting cases [42, 18, 22]. Prototypical ap-

proaches [2, 8] add prototype layers to obtain image examples as explanations. Silva

et al. [39] provide similar and dissimilar cases for breast surgery photographs and skin

dermoscopic images using nearest neighbor search in the latent space of a deep neu-

ral network. Conversely, feature-based approaches focus on producing saliency maps

that highlight the important features through techniques like backpropagation or per-

turbation [42, 28, 19]. Early works, such as deconvolution [47] and backpropagation

[40], visualize feature patterns learned by convolutional layers in a convolutional neu-

ral network (CNN). Methods like Class Activation Mapping (CAM) [49], Grad-CAM

[35], Layer-wise Relevance Propagation (LRP) [4], and DeepLIFT [38] add special

layers and look at gradients and activations to produce feature relevance localization

maps. In addition, perturbation-based approaches [34, 11, 50] perturb the input and

look at how the output changes to reveal the specific areas of the input that guide
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the model’s decision. However, most XAI methods suffer from a trade-off between

explainability and accuracy because they involve adding or replacing layers in the

network, modifying the loss function, or training additional networks. Many XAI

methods are model-specific. For example, deconvolution [47], backpropagation [40],

CAM [49], and GradCAM [35] are applicable to CNNs only. XAI methods also lack

quantifiable evaluation of the reliability of the prediction, and hence it is often hard

to confirm the correctness of the explanations.

2.2 Uncertainty Estimation

In addition to explaining why the model makes a prediction, it is important to pro-

vide information about the reliability of individual predictions through uncertainty

estimations. There are two sources of uncertainty in machine learning applications:

aleatoric and epistemic. Previous uncertainty estimation methods mainly leverage

Bayesian inference and ensemble learning to provide a probabilistic measure of con-

fidence [1, 51]. Bayesian Neural Networks [29, 12, 9, 24, 20] employ prior distribu-

tions on the parameters of the neural network and use the posterior distributions to

quantify uncertainty. These posterior distributions are intractable due to nonlinear

activations in the network [36]; hence, approximation methods, such as Monte Carlo

dropout [13, 12], are used. Ensemble learning methods aggregate the predictions from

an ensemble of neural networks and use their variance as a measure of uncertainty

[25, 26, 3, 48]. These uncertainty estimation methods all require substantial modifi-

cations to the model’s architecture or training procedures, limiting their applicability

to pre-trained models.
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2.3 Conformal Prediction

Conformal prediction [44] is a general framework for quantifying uncertainty in model

predictions, without necessitating any changes to the model. It uses a nonconformity

measure that measures the degree of unusualness of a test sample to obtain the

likelihood of it being in a certain class. It can be applied to any prediction algorithm

through re-design of the nonconformity measure.

Conformal prediction has been adapted to various traditional machine learning

models, like linear regression, support vector machines, and nearest neighbors [37],

as well as neural networks [32, 33]. The 1-Nearest Neighbor conformal predictor [44]

uses distances to the nearest same-class and different-class training samples in the

nonconformity measure. However, using nearest neighbors can be inefficient, partic-

ularly when dealing with high-dimensional data and large training sets, and focusing

solely on the top nearest neighbor introduces noise. Neural network Inductive Confor-

mal Prediction (ICP) [32] uses two nonconformity measures based on softmax scores,

which maintain the original network’s prediction accuracy without incurring extra

time or storage. However, they lack robustness – adversarial samples erroneously

display high softmax scores on incorrect labels. Deep k-Nearest Neighbors (DkNN)

[33] employs k-nearest neighbors on outputs from every layer of the neural network,

using the fraction of same-class neighbors as the nonconformity measure. However,

this method leads to accuracy drops and is too computationally expensive for deep

networks. Our method, CONFINE, addresses these challenges by selecting a single

layer for feature extraction to reduce the computational burden and considering the

top-k nearest neighbors to avoid noisiness in the training data.
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Chapter 3

The CONFINE Framework

We begin with a review of conformal prediction [44], then explain how CONFINE

adapts conformal prediction to deep neural networks to provide both uncertainty

scores and explanations.

3.1 Review of Conformal Prediction

Given an exchangeable dataset ((x1, y1), ..., (xl, yl)) and a test sample xl+1, conformal

prediction calculates the likelihood of xl+1 being in each potential class Yj (Yj ∈ C,

C is the set of all classes) by measuring the typicalness of the extended sequence

((x1, y1), ..., (xl, yl), (xl+1, Yj)) [31]. This likelihood estimate, p(Yj), is called the p-

value of Yj because it adheres to the statistical definition of p-values,

Pr[p(Yj) ≤ δ] ≤ δ, ∀δ ∈ [0, 1]. (3.1)

A nonconformity measure A(B, z) is a family of functions that takes in a set of labeled

examples B and an example with a label z = (x, y), and assigns a numerical score. By

using a nonconformity measure to determine how unusual each sample (xi, yi) looks

7



relative to all other examples in the sequence,

αi = A([z1, ..., zi−1, zi+1, ..., zl+1], zi),where zi = (xi, yi), (3.2)

the p-value of Yj is then calculated as the fraction of other samples with a noncon-

formity score higher than or equal to that of the test sample,

p(Yj) =
#{i = 1, ..., l + 1 : αi ≥ αl+1}

l + 1
. (3.3)

A proof of this p-value satisfying Eq. 3.1 can be found in [30]. Repeating this calcula-

tion for all possible classes gives the p-values of the test sample xl+1 belonging to all

possible labels, p(Yj), Yj ∈ C. Using these p-values, conformal prediction generates a

prediction set containing all classes with p-values higher than a user-specified allowed

error threshold ε,

Γε := {Yj : p(Yj) > ε},∀Yj ∈ C. (3.4)

Credibility and confidence of the prediction are also calculated using the p-values,

Credibility = max
Yj∈C

p(Yj), (3.5)

Confidence = 1− max
Yj∈C,Yj ̸=argmaxYi p(Yi)

p(Yj). (3.6)

Credibility indicates how suitable the training data are for classifying the new exam-

ple. A low credibility would indicate that the training set distribution is not diverse

enough to cover the region necessary for correctly classifying the test sample. Confi-

dence offers a measure of certainty against the next most likely class.

The prediction set is guaranteed to cover the true label 1− ε of the time, that is,

Pr[yi ∈ Γε
i ] ≥ 1− ε, (3.7)
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where yi is the ground truth label of a test sample i, and Γε
i is the prediction set

from conformal prediction for sample i with an allowed error threshold ε. This is

called the marginal coverage. Conformal prediction’s coverage is guaranteed under

the exchangeability assumption, which states that the data distribution is invariant

under permutations. It is a relaxation of the i.i.d. assumption.

The more desirable class-conditional coverage is defined as

Pr[yi ∈ Γε
i |yi = Yj] ≥ 1− ε,∀Yj ∈ C, (3.8)

where C is the set of all possible classes. This means that every class Yj is included in

the prediction set with probability 1− ε when Yj is the true label. Class-conditional

coverage can be achieved by splitting the training data by class and obtaining the

p-value of a class only using training samples from that class [43]. Albeit important,

few conformal prediction methods take class-conditional coverage into account.

3.2 CONFINE Algorithm

CONFINE extends conformal prediction to neural networks to provide explanations

in addition to prediction set, credibility, and confidence obtained from the original

conformal prediction framework.

We first define CONFINE’s nonconformity measure using the cosine distances of

the top-k nearest neighbors, where k is a hyperparameter,

9



Figure 3.1: CONFINE applies conformal prediction to enhance interpretability of any
neural network classifier by providing prediction sets with confidence estimates and
example-based explanations.

Ak(B, x, y) :=
min{ 1

k

∑k
i=0CosDist(x, xi), yi = y}

min{ 1
k

∑k
i=0CosDist(x, xi), yi ̸= y}

=

average cosine distance of top k nearest

neighbors in B with the same label

average cosine distance of top k nearest

neighbors in B with a different label

where (xi, yi) ∈ B,CosDist(a, b) := 1− a · b
∥a∥∥b∥

.

(3.9)

The full CONFINE algorithm is described in Fig. 3.1 and Algorithm 3.1.

1. Data preparation: A labeled training dataset is split into a proper training

set and a calibration set. The calibration set is used, following the ICP approach

[43], so that nonconformity scores need not be recalculated every time the model

processes a new test sample.

10



Algorithm 3.1 The CONFINE Framework
Input: labeled training dataset (X,Y ), pre-trained neural network f , significance level
ε
Hyperparameters: layer l, number of nearest neighbors k, temperature T (if l =
softmax)
Input: test input z

1: Split the dataset (X,Y ) into a proper training set (Xt, Y t) and a calibration set (Xc, Y c)
2: Extract feature embeddings from layer l of the neural network

U t := {fl(xi)|xi ∈ Xt}

U c := {fl(xi)|xi ∈ Xc}

u := fl(z)

3: Calculate nonconformity scores of all calibration samples using the CONFINE noncon-
formity measure Ak(B, x, y)

αc := {Ak((U
t, Y t), ui, yi)|(ui, yi) ∈ (U c, Y c)}

4: for each class yj ∈ 0..n− 1 do
5: Calculate nonconformity score and p-value of test sample z

α(z, yj) = Ak((U
t, Y t), u, yj)

• CONFINE: using all calibration samples

p(yj) =
|αc

i ∈ αc : αc
i ≥ α(z, yj)|
|αc|

• CONFINE-classwise: using calibration samples from class yj only

p(yj) =
|αc

i ∈ αc : Y c
i = yj , α

c
i ≥ α(z, yj)|

|αc|
6: Include yj in prediction set Γε if and only if p(yj) > ε
7: end for
8: prediction ← argmaxyj∈0..n−1 p(yj)
9: credibility ← maxyj∈0..n−1 p(yj)
10: confidence ← 1−maxyj∈0..n−1,yj ̸=prediction p(yj)
11: return prediction, confidence, credibility, prediction set Γε

Given a pre-trained machine learning classifier, CONFINE appends a softmax

layer with temperature after the last fully-connected layer of the network:

softmaxi =
exp(zi/T )∑C
j exp(zj/T )

(3.10)

11



where C is the number of total classes, zj are the output logits from the network,

and temperature T is a hyperparameter.

2. Feature extraction: Feature embeddings for the proper training set, the cal-

ibration set, and the test sample are extracted using the outputs from the l-th

layer of the pre-trained neural network. l is a hyperparameter selected using

grid search. Usually, the layer before the fully-connected classification head

works best for capturing the essential features.

3. Calculation of nonconformity scores: The nonconformity scores are cal-

culated using CONFINE’s top-k nearest neighbors nonconformity measure

(Eq. 3.9) both between the calibration set and the proper training set, and

between the test sample and the proper training set for each possible class.

Proper training samples that are incorrectly classified by the pre-trained

network are removed to improve model accuracy.

4. Calculation of p-values: Each label’s p-value is calculated as the fraction of

calibration nonconformity scores higher than or equal to the test sample. To

achieve class-conditional coverage (Eq. 3.8), the p-value of a label is calculated

only using the calibration samples from that class. We report the performance

of CONFINE with and without the application of this class-wise split of the

calibration set.

5. Prediction set, credibility, confidence, and explanation: Lastly, labels

with p-values higher than the user-specified error threshold ε are included in

the prediction set. Credibility and confidence are calculated using Eq. 3.5 and

3.6. The same-class and different-class top-k nearest neighbors that lead to this

prediction are also visualized along with their distances to the test sample.

The CONFINE framework thus provides not only the prediction of a test input

but also the confidence estimates and example-based explanations to equip users

12



with detailed insights into the decision-making process, leading to a transparent,

interpretable, and reliable machine learning model.
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Chapter 4

Experimental Setup

4.1 Tasks

We evaluate CONFINE on three distinct tasks: medical sensor data diagnosis on

the CovidDeep dataset [14], image classification on CIFAR-10 [23] and MedMNIST

datasets [46], and natural language understanding on the GLUE SST-2 and MNLI

datasets [45].

Medical Sensor Data Diagnosis (CovidDeep). CovidDeep [14] contains 100

instances of medical sensor data collected from 87 patients, categorized into healthy,

Covid symptomatic, and Covid asymptomatic classes. The data types from smart-

watch sensors include Galvanic skin response, skin temperature, inter-beat interval,

oxygen saturation, systolic blood pressure, and diastolic blood pressure. We follow the

original article’s data pre-processing pipeline: the time-series data are segmented into

windows, concatenated, and split into 10,191 training, 3,947 validation, and 3,256 test

samples. Galvanic skin response (GSR), pulse oximeter (Ox), blood pressure (BP),

and questionnaire (Q) are chosen by feature selection for highest accuracy and con-

catenated into vectors of length 74. We use the training set as the proper training

set and the validation set as the calibration set in CONFINE.
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A pre-trained four-layer fully-connected deep neural network is used in CON-

FINE for CovidDeep. The network has an input size of 74, a first hidden dimension

size of 256, second and third hidden dimension sizes of 128, and an output size of

3. We perform a hyperparameter grid search for the numbers of nearest neighbors

k = 1, 5, 10, 20, 40, 60, layer indices l = 0, 1, 2, 3, softmax, and for l = softmax, tem-

peratures T = 0.0001, 0.001, 0.01, 0.05, 0.1, 1, 10.

Image Classification (CIFAR-10 and MedMNIST). CIFAR-10 [23] contains

60,000 32×32 images categorized into 10 classes: airplanes, cars, birds, cats, deer,

dogs, frogs, horses, ships, and trucks. Among them, the 50,000 training images are

divided into proper training and calibration sets in a 70:30 ratio, and the test set of

10,000 images is unchanged.

We use PathMNIST and OrganAMNIST datasets from MedMNIST v2 [46].

PathMNIST is aggregated from [21] and contains 107,180 32×32 colon pathology im-

ages divided into 89,996 training, 10,004 validation, and 7,180 test samples obtained

based on a patient-wise split. The images are categorized into nine classes: adipose,

background, debris, lymphocytes, mucus, smooth muscle, normal colon mucosa,

cancer-associated stroma, and colorectal adenocarcinoma epithelium. OrganAM-

NIST is aggregated from [7] and contains 58,830 abdominal CT images divided

into 34,561 training, 6,491 validation, and 17,778 test samples obtained based on a

patient-wise split. The images are categorized into 11 classes: bladder, femur-left,

femur-right, heart, kidney-left, kidney-right, liver, lung-left, lung-right, pancreas, and

spleen. Again, we use the training set as the proper training set and the validation

set as the calibration set in CONFINE.

For the image classification asks, ResNet18 [15] pre-trained on ImageNet [10] is

fine-tuned on the training and validation sets of CIFAR-10, PathMNIST, and Or-

ganAMNIST, respectively. The images are all randomly transformed, normalized,
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and resized to 224×224 before feeding to the network. During fine-tuning, we use

a batch size of 128, a learning rate of 0.0001, and the Adam optimizer. For CON-

FINE, we perform hyperparameter search for the numbers of nearest neighbors k =

1, 5, 10, 20, 40, 50, 60, layer indices l = 41, 42, 43, 44, 45, 46, 47, 48, 49, 50, 51, softmax,

where layer 50 is the layer before the fully-connected classifier layer, and for l =

softmax, temperatures T = 0.01, 0.1, 1, 10, 20, 40.

Natural Language Understanding (GLUE). We use SST-2 and MNLI datasets

of the GLUE benchmark [45] for evaluation. The sentiment analysis task, SST-2, aims

to distinguish between negative and positive sentiments, given a sentence. It contains

67,349 training, 872 validation, and 1,821 test samples. In the textual entailment

task, MNLI, given a premise sentence and a hypothesis sentence, the task aims to

predict whether the premise entails the hypothesis, contradicts the hypothesis, or

neither. We use MNLI-mismatched, which is the cross-domain textual entailment

task, that contains 392,702 training, 9,832 validation, and 9,847 testing samples.

For both datasets, we disregard the test sets since they are unlabeled. We use the

validation samples as the test set in CONFINE, and split the training samples into

the proper training set and the calibration set in a 70:30 ratio. For the pre-trained

neural network, we use RoBERTa-base [27] fine-tuned on each of these two tasks

with their respective tokenizers [16, 17]. For CONFINE, we use a batch size of

32 and perform hyperparameter search for the numbers of nearest neighbors k =

1, 5, 10, 20, 40, 50, 60, layer indices l = 145, 146, 147, 148, 149, 150, 151, softmax, where

l = 147 is the layer before the classification head, and for l = softmax, temperatures

T = 0.001, 0.01, 0.1, 0.5, 1, 5, 10, 20.
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4.2 Evaluation Metrics

We evaluate CONFINE on three metrics: top 1 prediction accuracy, top correct

efficiency, and coverage.

Accuracy. Top-1 prediction accuracy is defined as the accuracy of the label with

the highest p-value.

Correct Efficiency. Conformal prediction is efficient only if the prediction region

is small and accurate. Hence, given a test set, we define a Correct Efficiency metric

that measures the fraction of prediction sets that contain exactly the correct label,

CorrectEfficiency({Γε}) =
∣∣{Γε

i |Γε
i = {yi}

}∣∣
|{Γε}|

, (4.1)

where {Γε} represents prediction sets of all samples in the test set, Γε
i is the pre-

diction set of sample i of the test set, and yi is the ground truth label of sample i.

Since it assesses both accuracy and precision, correct efficiency is crucial for evaluat-

ing how effectively a conformal predictor identifies the correct classification without

overgeneralization. We report the top correct efficiency achieved from a grid search

of ε.

Coverage. We also evaluate coverage, the fraction of prediction sets that contain

the correct label, to assess the validity of CONFINE,

Coverage({Γε}) = |{Γ
ε
i |yi ∈ Γε

i}|
|{Γε}|

. (4.2)

4.3 Baseline Conformal Prediction Methods

We compare CONFINE against the following prior conformal prediction methods:
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• Two neural networks nonconformity measures based on softmax scores from

Neural Networks ICP [32]. For a sample i,

αi := max
j=0..n−1:j ̸=u

oij − oiu, (4.3)

αi :=
maxj=0..n−1:j ̸=u o

i
j

oiu + γ
, γ ≥ 0, (4.4)

where oij is the softmax score of class j, u is the class with the highest softmax

score, and γ is a hyperparameter to enhance stability. We perform hyperpa-

rameter search for γ = 0.001, 0.01, 1, 10. Equation 4.3 looks at the difference

between the second highest softmax score and the highest, and Equation 4.4

looks at the quotient when dividing them.

• The 1-Nearest Neighbor conformal predictor [44] with the nonconformity mea-

sure

A(B, x, y) :=
minyi=y d(xi, x)

minyi ̸=y d(xi, x)
, (xi, yi) ∈ B, (4.5)

where d(xi, x) is the cosine distance between the input vectors of sample xi from

the proper training set B and the test sample x.

• Deep k-Nearest Neighbors (DkNN) method [33] that calculates nonconformity

by counting the number of nearest neighbors from the same class using top k

nearest neighbors of outputs from every layer of the neural network.
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Chapter 5

Results

5.1 CONFINE Provides Interpretability

CONFINE significantly enhances the interpretability of neural network predictions.

Fig. 5.1A shows an example when CONFINE successfully predicts the correct label

with a high credibility of 0.773 and a high confidence of 1.0. For the predicted label

“adipose,” the same-class top nearest neighbors are notably closer to the test sample

with distances around 0.03, while the different-class neighbors all have distances over

0.2 to the test sample. The nonconformity score calculated using distances to these

neighbors leads to a very high p-value for “adipose” and very low p-values for all

other classes (Fig. 5.1B), explaining why the model is confident and outputs the

correct prediction.

On the other hand, Fig. 5.1C illustrates a harder example that CONFINE fails

to predict correctly and suggests to the user that it is uncertain. Given the test

sample from the class “cancer-associated stroma,” CONFINE outputs a prediction

set containing “debris” and “cancer-associated stroma” with credibility 0.045 and

confidence 0.993. The low credibility indicates that the training data are possibly

not diverse enough to cover the latent space well in order to classify this sample.
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Figure 5.1: Test samples from PathMNIST that CONFINE A) correctly classifies and
C) fails to classify correctly. For both, the same-class and different-class top nearest
neighbors from the proper training set are visualized with their labels and distances
to the test samples. B), D): p-values of all classes for the test sample in A), C),
respectively. Classes with p-values above the significance level ε are included in the
prediction set. The hyperparameters used in CONFINE are k = 20 and l = 50, the
layer before the classifier head in the pre-trained ResNet18. cas: cancer-associated
stroma, sm: smooth muscle, cae: colorectal adenocarcinoma epithelium, ncm: normal
colon mucosa.

Indeed, both same-class and different-class nearest neighbors look very similar to the

test sample. Their distances are close in magnitude, at around 0.12 to 0.17, leading

to a high nonconformity score and hence relatively low p-values for all the labels, as

confirmed by the p-value distribution (Fig. 5.1D). The true label “cancer-associated

stroma” is included in the prediction set if ε is set low enough, e.g., 0.005. Given the

prediction set of size larger than 1 and the low credibility score, the user would be

able to identify that the model is incapable of correctly classifying this sample and,

thus, should further analyze this example more closely.
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Figure 5.2: CONFINE achieves the same or higher top 1 prediction accuracy than the
original neural network and the four prior conformal prediction methods. 1-Nearest
Neighbor: Eq. 4.5; Noncon. Measure 1: Eq. 4.3, Noncon. measure 2: Eq. 4.4.
CONFINE without the calibration set class-wise split is plotted. -A: hyperparameter
search for highest test accuracy; -C: hyperparameter search for highest top correct
efficiency. DkNN encountered out of memory error for all datasets except CovidDeep,
so the results are not included.

5.2 CONFINE Boosts Accuracy

CONFINE demonstrates a remarkable ability to improve the prediction accuracy of

neural networks, matching or outperforming both the original models and previous

conformal prediction methods. Figure 5.2 illustrates this enhancement across all six

datasets with detailed values given in Table A.1. Taking PathMNIST as an exam-

ple, CONFINE’s integration of interpretability and uncertainty estimation actually

increases accuracy by 3.57% over the original neural network. Note that the two neu-

ral network nonconformity measures (Eqs. 4.3 and 4.4), which rely solely on softmax

scores, fail to improve the original neural network’s accuracy. Compared with ex-

isting XAI methods that either sacrifice or maintain accuracy, CONFINE can refine

the predictive capabilities of neural networks through explainability and uncertainty

quantification.
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Figure 5.3: CONFINE achieves the same or higher top correct efficiency than the four
prior conformal prediction methods. 1-Nearest Neighbor: Eq. 4.5; Noncon. Measure
1: Eq. 4.3, Noncon. measure 2: Eq. 4.4. CONFINE without the calibration set
class-wise split is plotted. -A: hyperparameter search for highest test accuracy; -C:
hyperparameter search for highest top correct efficiency. DkNN encountered out of
memory error for all datasets except CovidDeep, so the results are not included.

5.3 CONFINE Boosts Correct Efficiency

CONFINE excels not only at enhancing prediction accuracy but also at improving-

correct efficiency, the fraction of prediction sets that precisely contain the correct

label. As shown in Figure 5.3, CONFINE consistently achieves the same or higher

top correct efficiency than all prior methods across all tested datasets. Detailed values

are again given in Table A.1. For example, on the PathMNIST dataset, CONFINE

achieves a correct efficiency that is 3.26% higher than the original neural network’s

accuracy, further demonstrating its effectiveness in not only predicting the correct

labels but also doing so with a high degree of confidence and specificity.

5.4 Coverage Suggests Validity of CONFINE

CONFINE demonstrates strong performance on coverage metrics, underscoring its

overall validity. Coverage measures the fraction of prediction sets that include the
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true label, and a conformal predictor is valid only when coverage is always higher

than 1− ε, indicating that it abides by the allowed error rate ε.

Figure 5.4: CONFINE’s coverage and correct efficiency curves when changing al-
lowed error rate ε. Coverage being above the diagonal line means that the cover-
age follows the allowed error rate and conformal prediction is valid. A) CIFAR-10,
l = softmax, T = 0.01, k = 5. B) CIFAR-10, l = 50, k = 5. C) PathMNIST,
l = softmax, T = 0.01, k = 5. D) PathMNIST, l = 50, k = 20.

In Fig. 5.4 and Fig. A.1, we analyze how coverage and correct efficiency change

with respect to different values of ε in order to assess the validity of CONFINE.

For CIFAR-10, when using outputs from the softmax layer as feature embeddings

(Fig. 5.4A), the coverage curve is always above the diagonal line, confirming the

validity of CONFINE. If we use the outputs from the second last layer (l = 50), the

layer before the classification head in ResNet18, the coverage curve is very slightly

below the diagonal line for some values of ε (Fig. 5.4B), probably because the features

extracted from this layer are not fully exchangeable. Since this disparity is small

and ignorable, we say that CIFAR-10 is pseudo-exchangeable and that CONFINE is

roughly valid in this case.
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With PathMNIST, on the other hand, when using the second last layer (l = 50) for

feature extraction, the coverage curve appears to be much lower than the diagonal line

(Fig. 5.4D), indicating that such a patient-based dataset is not exchangeable. Using

the softmax layer pushes the coverage curve much higher, making it align with the

diagonal line except for a few ε values, suggesting approximate validity (Fig. 5.4C).

This demonstrates that exchangeability depends on which layer we choose to extract

features from and CONFINE’s validity can extend across different types of datasets

and settings, provided that the appropriate feature extraction layer is chosen.

Figure 5.5: Coverage and correct efficiency curves when changing allowed error rate
ε for three prior conformal prediction methods. Hyperparameter used for Noncon.
Measure 2 (Eq. 4.4): γ = 1.

Comparisons with the three prior conformal prediction methods show similar cov-

erage outcomes (Fig. 5.5). CIFAR-10’s coverage curves are mostly on the diago-

nal line, suggesting pseudo-exchangeability of CIFAR-10 and approximate validity of

these prior conformal prediction methods. For PathMNIST, the coverage curves are

also far below the diagonal line, indicating non-exchangeability of the dataset. After

random shuffling and re-splitting into training, validation, and test sets, PathM-

NIST becomes exchangeable (Fig. 5.6), which verifies that the non-exchangeability of

PathMNIST is due to the distribution shift caused by patient-wise split.
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Figure 5.6: Coverage curve of PathMNIST after random shuffling and re-splitting
suggests exchangeability.

When looking at the correct efficiency curves with changing ε, after the first few

very low ε values, CONFINE’s correct efficiency curves are identical to the coverage

curves (Fig. 5.4). Since coverage is the fraction of prediction sets that contain the

correct label and correct efficiency is the fraction of those that contain exactly the

correct label, this overlap indicates that when ε is not extremely small, all prediction

sets that contain the correct label are of size 1, demonstrating CONFINE’s precision

and reliability. This trend is also present when using the two nonconformity measures

(Eqs. 4.3 and 4.4) in Fig. 5.5. However, with the 1-Nearest Neighbor conformal

predictor, the coverage and correct efficiency curves only overlap when ε is very large

(Fig. 5.5C,F) because the prediction sets tend to contain multiple labels to enforce a

high coverage allowed by ε. This indicates that 1-Nearest Neighbor is not as efficient

and precise as CONFINE and the other prior methods.

5.5 CONFINE Can Achieve Class-Conditional

Coverage

CONFINE not only ensures marginal coverage but can also achieve class-conditional

coverage, a more stringent and informative measure of a model’s predictive power.

Class-conditional coverage is particularly vital for applications, such as in healthcare
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settings, where fairness and balanced performance across all disease categories are

crucial.

Figure 5.7: Class-wise coverage of CONFINE on CIFAR-10 A) without and B) with
the class-wise split of the calibration set. With the class-wise split, class-conditional
coverage is achieved. Hyperparameters used: l = 50, k = 1.

Without the class-wise split, CONFINE effectively achieves marginal coverage

(Eq. 3.7, Fig. 5.4B), but does not always provide satisfactory class-conditional cov-

erage (Eq. 3.8), as shown in Fig. 5.7A where only 4 out of 10 classes have coverages

above the set allowed error rate 1−ε for CIFAR-10. To address this, we introduce the

class-wise split of the calibration set to ensure more tailored and accurate p-values

for each individual class. After applying the class-wise split, CONFINE successfully

achieves class-conditional coverage for all classes (Fig. 5.7B and Fig. A.2), signifi-

cantly enhancing the model’s utility and fairness. Although the class-wise split tends

to slightly reduce the overall accuracy and correct efficiency (Table 5.1) due to the

smaller data pool for each class-specific calibration split that involves more noise, it

substantially increases the trustworthiness and applicability of CONFINE in diverse

settings.
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Table 5.1: Class-wise split causes CONFINE’s overall accuracy and top correct ef-
ficiency to slightly drop. CONFINE: without the calibration set class-wise split;
CONFINE-classwise: with the calibration set class-wise split. -A: hyperparameter
search for highest test accuracy; -C: hyperparameter search for highest top correct
efficiency. Hyperparameter details are given in Table A.2.

Dataset Method Test Acc
Class-averaged

Test Acc
Top Corr Effi

CovidDeep
Original NN 98.07 98.23 –
CONFINE-A/-C 98.07 (–) 98.23 98.07
CONFINE-classwise-A/-C 98.07 (–) 98.23 98.07

CIFAR-10

Original NN 93.92 93.92 –
CONFINE-A 94.37 (↑) 94.37 93.72
CONFINE-C 93.92 (–) 93.92 93.92
CONFINE-classwise-A 94.08 (↑) 94.08 91.21
CONFINE-classwise-C 93.89 (↓) 93.89 93.73

PathMNIST

Original NN 90.65 87.55 –
CONFINE-A 94.22 (↑) 91.84 93.44
CONFINE-C 94.09 (↑) 91.71 93.91
CONFINE-classwise-A 94.14 (↑) 92.20 90.15
CONFINE-classwise-C 94.01 (↑) 91.93 90.97

OrganAMNIST

Original NN 91.78 90.43 –
CONFINE-A 94.78 (↑) 94.30 92.94
CONFINE-C 94.45 (↑) 93.84 94.04
CONFINE-classwise-A 93.13 (↑) 93.24 87.01
CONFINE-classwise-C 92.64 (↑) 92.55 89.00

SST-2

Original NN 93.23 93.24 –
CONFINE-A 93.69 (↑) 93.70 92.43
CONFINE-C 93.57 (↑) 93.59 92.66
CONFINE-classwise-A 93.35 (↑) 93.37 92.43
CONFINE-classwise-C 93.23 (–) 93.24 93.23

MNLI

Original NN 86.56 86.45 –
CONFINE-A 86.67 (↑) 86.56 85.71
CONFINE-C 86.60 (↑) 86.50 85.79
CONFINE-classwise-A 86.35 (↓) 86.37 85.10
CONFINE-classwise-C 86.30 (↓) 86.32 85.20
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Chapter 6

Discussions, Limitations, and

Future Work

By providing nearest neighbor explanations and certainty estimates, CONFINE fos-

ters a greater understanding of model behavior and highlights ambiguous cases, which

the user can then further investigate. CONFINE’s enhancement in accuracy, correct

efficiency, overall coverage, and class-conditional coverage proves its reliability, pre-

cision, and statistical robustness. Overall, CONFINE has been demonstrated to be

a promising approach for making neural network predictions more accurate, inter-

pretable, and trustworthy, addressing key challenges in the deployment of AI systems

in critical domains such as healthcare.

However, an important limitation of CONFINE is its trade-off of computational

efficiency for interpretability, just like a lot of other conformal prediction methods,

due to the fact that the entire proper training set is needed when calculating the

nonconformity score of a new test sample.

In the pre-processing step, every instance in the proper training set and the cali-

bration set needs to go through one neural network inference for feature extraction,

on which nearest neighbors are performed. If d is the size of the extracted feature
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vector, pre-processing takes O((Nt+Nc)Tf +NcdNt) time, where Nt is the size of the

proper training set, Nc is the size of the calibration set, and Tf is the time for one

inference of neural network f . This pre-processing step is carried out only once and

the feature vectors of the proper training set are stored, which takes space O(dNt).

Then running CONFINE for a single test sample requires one neural network infer-

ence and one nearest neighbors calculation, which take O(Tf + dNt) time. Compared

with original neural network inference, which only takes O(Tf ) time, O(dNt) extra

space and time are required by CONFINE to provide interpretability.

The computational complexity is affected by the size of the proper training set,

Nt, and the dimension of the extracted feature, d. The latter depends on which layer

of the neural network we use. For example, the softmax layer would have d = C,

where C is the number of classes, the layer before the classifier head of ResNet18 has

d = 512 and that of RoBERTa-base has d = 768.

In future work, to reduce the computational burden of k-nearest neighbors, pro-

totypes can be identified in the training set. For datasets that are known to be

unexchangeable, such as patient-based medical datasets, modifications of conformal

prediction can be employed to ensure validity beyond exchangeability [6]. Also, since

CONFINE is adaptable to any machine learning classifier, we can further explore

adapting it to other models like generative models in the future.
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Chapter 7

Conclusion

We presented a framework called CONFINE that applies conformal prediction to

neural networks, leading to both interpretability and exceptional performance gains.

By combining example-based explanations and statistically robust credibility and

confidence quantifications, CONFINE not only enhances transparency of the model’s

decision-making process but also boosts accuracy and consistently achieves higher

correct efficiencies than previous methods, highlighting its potential for settings where

both accuracy and precision are critical. CONFINE is versatile and adaptable to any

pre-trained machine learning classifier with no modification. Although CONFINE

trades off computational costs for interpretability, it marks a significant advancement

in improving the transparency and trustworthiness of deep learning models to enable

broader utility in critical domains like healthcare.
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Appendix A

Additional Tables and Figures
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Table A.1: CONFINE achieves the same or higher accuracies and top correct ef-
ficiencies than all prior conformal prediction methods while providing explanations
among all six datasets. Nonconformity Measure 1: Eq. 4.3; Nonconformity Measure
2: Eq. 4.4. CONFINE: without the calibration set class-wise split. -A: hyperparame-
ter search for highest test accuracy; -C: hyperparameter search for highest top correct
efficiency. Hyperparameter details are given in Table A.2. DkNN has out of memory
error for all datasets except CovidDeep, so the results are not included.

Dataset Method Test Acc Top Corr Effi

CovidDeep

Original NN 98.07 –
1-Nearest Neighbor 66.25 (↓) 66.22
DkNN-A 96.41 (↓) 91.00
DkNN-C 96.01 (↓) 95.98
Noncon. Measure 1 98.07 (–) 98.07
Noncon. Measure 2 98.07 (–) 98.07
CONFINE-A/-C (ours) 98.07 (–) 98.07

CIFAR-10

Original NN 93.92 –
1-Nearest Neighbor 40.54 (↓) 40.06
Noncon. Measure 1 93.92 (–) 93.92
Noncon. Measure 2 93.92 (–) 93.92
CONFINE-A (ours) 94.37 (↑) 93.72
CONFINE-C (ours) 93.92 (–) 93.92

PathMNIST

Original NN 90.65 –
1-Nearest Neighbor 35.33 (↓) 34.92
Noncon. Measure 1 90.65 (–) 90.42
Noncon. Measure 2 90.65 (–) 90.46
CONFINE-A (ours) 94.22 (↑) 93.44
CONFINE-C (ours) 94.09 (↑) 93.91

OrganAMNIST

Original NN 91.78 –
1-Nearest Neighbor 71.73 (↓) 70.54
Noncon. Measure 1 91.78 (–) 89.82
Noncon. Measure 2 91.78 (–) 89.88
CONFINE-A (ours) 94.78 (↑) 92.94
CONFINE-C (ours) 94.45 (↑) 94.04

SST-2

Original NN 93.23 –
1-Nearest Neighbor 51.49 (↓) 51.49
Noncon. Measure 1 93.23 (–) 92.32
Noncon. Measure 2 93.23 (–) 92.55
CONFINE-A (ours) 93.69 (↑) 92.43
CONFINE-C (ours) 93.57 (↑) 92.66

MNLI

Original NN 86.56 –
1-Nearest Neighbor 33.74 (↓) 32.98
Noncon. Measure 1 86.56 (–) 85.68
Noncon. Measure 2 86.56 (–) 85.92
CONFINE-A (ours) 86.67 (↑) 85.71
CONFINE-C (ours) 86.60 (↑) 85.79
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Table A.2: Hyperparameters used for results in Table A.1 and Table 5.1.

Dataset Method Hyperparameters

CovidDeep

DkNN-A k = 60
DkNN-C k = 3, 5
Noncon. Measure 2 γ = 0.001, 0.01, 0.1, 1

CONFINE-A/-C
l = softmax, T = 0.0001, 0.001, 0.01,

k = 1, 5, 10, 20, 40, 60

CONFINE-classwise-A/-C
l = softmax, T = 0.0001,
k = 1, 5, 10, 20, 40, 60

CIFAR-10

Noncon. Measure 2 γ = 0.001, 0.01
CONFINE-A l = 50, k = 5
CONFINE-C l = softmax, T = 0.01, k = 5, 10, 20
CONFINE-classwise-A l = 50, k = 40
CONFINE-classwise-C l = softmax, T = 0.01, k = 1

PathMNIST

Noncon. Measure 2 γ = 0.001, 0.01, 0.1, 1, 10
CONFINE-A l = 50, k = 20
CONFINE-C l = 50, k = 50
CONFINE-classwise-A l = 50, k = 60
CONFINE-classwise-C l = 47, k = 5

OrganAMNIST

Noncon. Measure 2 γ = 0.001, 0.01, 0.1, 1, 10
CONFINE-A l = 49, k = 5
CONFINE-C l = 50, k = 10
CONFINE-classwise-A l = 49, k = 5
CONFINE-classwise-C l = 50, k = 50

SST-2

Noncon. Measure 2 γ = 0.001, 0.01, 0.1, 1, 10
CONFINE-A l = 147, 149, k = 1
CONFINE-C l = 149, k = 5
CONFINE-classwise-A l = 147, k = 1
CONFINE-classwise-C l = 151, k = 20

MNLI

Noncon. Measure 2 γ = 10
CONFINE-A l = 147, k = 20
CONFINE-C l = softmax, T = 20, k = 50
CONFINE-classwise-A l = 147, k = 60
CONFINE-classwise-C l = 146, k = 5
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Figure A.1: Overall coverage (left) and class-wise coverage (right) curves without the
class-wise split of the calibration set for all six datasets using different hyperparam-
eters. Results using layers prior to the classification head look similar to A), C), E),
G), I), K); results using the softmax layer look similar to B), D), F), H), J), L).
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Figure A.2: Overall coverage (left) and class-wise coverage (right) curves with the
class-wise split of the calibration set for all six datasets using different hyperparam-
eters. Results using layers prior to the classification head look similar to A), C), E),
G), I), K); results using the softmax layer look similar to B), D), F), H), J), L).
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