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Abstract

Explanation supervision is a technique in which the
model is guided by human-generated explanations during
training. This technique aims to improve the predictability
of the model by incorporating human understanding of the
prediction process into the training phase. This is a chal-
lenging task since it relies on the accuracy of human an-
notation labels. To obtain high-quality explanation annota-
tions, using multiple annotations to do explanation supervi-
sion is a reasonable method. However, how to use multiple
annotations to improve accuracy is particularly challenging
due to the following: 1) The noisiness of annotations from
different annotators; 2) The lack of pre-given information
about the corresponding relationship between annotations
and annotators; 3) Missing annotations since some images
are not labeled by all annotators. To solve these challenges,
we propose a Multi-annotated explanation-guided learn-
ing (MAGI) framework to do explanation supervision with
comprehensive and high-quality generated annotations. We
first propose a novel generative model to generate anno-
tations from all annotators and infer them using a newly
proposed variational inference-based technique by learning
the characteristics of each annotator. We also incorporate
an alignment mechanism into the generative model to infer
the correspondence between annotations and annotators in
the training process. Extensive experiments on two datasets
from the medical imaging domain demonstrate the effective-
ness of our proposed framework in handling noisy annota-
tions while obtaining superior prediction performance com-
pared with previous SOTA.

1. Introduction

In medical imaging, deep learning models are often used
to provide predictions for tasks such as diagnosing diseases
and they have shown exceptional performance [ 1, 40, 42,
]. However, these models can be seen as a
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Figure 1: An example showing the challenges present in
explanation supervision: (a) Model-generated explanations
still lack accuracy compared with human annotation. (b)
The model performance heavily relies on the quality of hu-
man explanation labels, which is often inconsistent and in-
complete among different annotators.

“black box”, making it difficult for clinicians to understand
why a particular diagnosis was made [1]. An important line
of research to tackle such limitations is to provide post-
hoc explanations of the model behavior [12, 27, 31]. A
popular way to achieve this in computer vision is through
the use of attention maps, which highlight specific regions
of an image that are most relevant for the model’s predic-
tion [31]. Despite the attention mechanism being an in-
creasingly prominent component in deep neural networks
(DNN5s) as a means of explanation, little research has been
done to analyze whether attention is trustworthy and how to
further improve it until recently.

Recently, explanation supervision, a technique that
jointly optimizes prediction loss and explanation loss be-
tween ground-truth annotations and model-generated expla-
nations, has started to show promising effects in improving
both the predictability and interpretability of deep neural
networks [9, 13, 34]. By injecting explanation as a supervi-
sion signal, models aim to explain the decision-making pro-
cess at either the local or global level. Global explanations
provide a general understanding of how the model works
across the entire dataset, while local explanation techniques
are applied for each input data and are therefore more com-
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monly used [|2]. Depending on the type of data, local ex-
planation techniques can be further summarized into several
categories: 1) visual explanation, 2) rationale attention, and
3) feature attribution alignment [12]. While most research
focuses on text and tabular data, supervising explanations
on image data is relatively under-explored [36, 29, 28].

Human annotations are often subjective, which gives
rise to the need for multiple annotations on a single image
from different annotators. Learning from multiple annota-
tions from diverse annotators can provide a more diverse
range of insights, which can help to improve the accuracy
and reliability of the annotations [18]. However, the chal-
lenge with multi-annotation is that different annotators may
have different levels of expertise, and therefore their anno-
tations are often inconsistent. While previous works aim to
improve model performance by incorporating annotations
from multiple annotators (e.g., Figure 1), these approaches
suffer from several limitations: 1) The noisiness of anno-
tations from different annotators due to the personality
attributes. In medical imaging, the quality of annotations
can vary based on the personality of annotators, such as at-
tention to detail and experience. For example, as shown
in Figure 1, annotator 1 acts more aggressively than an-
notator 2 when marking the nodule location. 2) The lack
of prior information about the corresponding relation-
ship between annotations and annotators. Due to privacy
concerns and difficulty in data collection, there is often no
pre-given information about the relationship between anno-
tations and annotators. This makes it difficult to learn the
persistent behavioral characteristics specific to each anno-
tator. 3) Missing annotations as not all the annotators
will label each image. Multiple annotations for a medical
image (e.g., CT scan) may be missing due to various factors
such as technical limitations, time constraints, or insuffi-
cient resources. However, the lack of multiple annotations
can limit the accuracy and reliability of medical image in-
terpretation, which may impact patient diagnosis and treat-
ment outcomes. To address the above challenges, we pro-
pose a novel explanation supervision framework that deals
with the inconsistent quality of annotation labels among dif-
ferent annotators. This work makes several contributions,
which can be summarized as follows:

* Introducing a novel framework for explanation super-
vision that incorporates multiple explanation annota-
tions. The proposed framework is supervised by class la-
bels and multiple explanation annotations aggregated by
learnable weights for each annotator.

* Proposing a new generative model to generate missing
annotations. The generative model is inferred based on
a newly proposed variational inference technique and can
learn the characteristics of each annotator when generat-
ing annotations.

* Developing a novel alighment mechanism and incorpo-

rated into proposed generative model to infer the cor-
respondence between annotations and annotators in the
training process. This novel alignment mechanism can
convert the correspondence inference problem to a linear
sum assignment problem.

» Conducting extensive experiments with a variety of eval-
uation metrics on two medical datasets demonstrates our
effectiveness in improving model predictability and gen-
erating robust consensus labels via our generative model
to noisy annotations.

2. Related Work

Medical Image Diagnosis Early detection of nodules can
lead to more effective treatment and improved patient
outcomes. Deep learning-based approaches have shown
particularly promising results in terms of medical image
classification, particularly convolutional neural networks
(CNNs) [40, 42, 33, 16, 44, 6]. [42] presents a novel ap-
proach to automatically detect pulmonary nodules in CT
scans using convolutional neural networks (CNN5s) that are
based on maximum intensity projection (MIP). [33] pro-
poses a novel multi-view CNN architecture that uses mul-
tiple views of the same nodule as inputs, which achieves
higher classification accuracy than single-view methods,
demonstrating the potential of multi-view approaches for
medical image classification. Despite the impressive results
achieved by these studies, a major limitation is the lack
of interpretability due to the “black-box” nature of neural
networks. This limits the potential clinical utility of these
methods, as physicians may require justifications to make
informed decisions about patient care.

Explanation Supervision The integration of human knowl-
edge into interpretable models has been extensively stud-
ied in NLP and tabular data through techniques such as at-
tribution and feature regularization [3, [, 5, 4]. In recent
years, there has been increasing awareness of the impor-
tance of visual explanations. One prominent approach in-
volves obtaining local explanations through saliency maps,
which highlight the input features that contribute the most
to a model’s prediction [23, 31]. HAICS [34] is a concep-
tual framework for image classification that uses human an-
notation in the form of scribble annotations as the explana-
tion supervision signal. However, such approaches depend
heavily on the annotation quality, which is often inaccurate
and prone to biases. To address these problems, [I3] pro-
posed a novel objective that can handle inaccurate, incom-
plete, and inconsistent boundaries of human annotations.
Multi-annotation Multi-annotation occurs when a dataset
is labeled by several annotators, aiming to increase the an-
notations’ reliability and accuracy [ 8]. The challenge with
multi-annotation is that different annotators may have dif-
ferent levels of expertise, and therefore their annotations
are often inconsistent. In order to build accurate and reli-
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able machine learning models, it is essential to first eval-
uate the reliability of each annotator. Several existing
techniques have been proposed to evaluate the annotation
quality, such as Expectation Maximization(EM) based ap-
proaches and annotator confusion estimation-based meth-
ods [26, 39, 19, 38]. However, one major limitation of
these approaches is that they require the global identifi-
cation of annotators, which is not always feasible [37].
When the identity of the annotator is unknown, it’s harder
to make a judgment of the quality locally, and therefore
simple aggregation method is more favorable. The Simple-
mean method calculates the mean loss over each annota-
tion of each sample to train the model. The Weighted-
minimum loss-based method only uses the annotation with
the smallest loss with the model prediction for error propa-
gation [22, 24]. The Aggregation method, which is the most
commonly used, uses a majority vote or consensus-based
approach [18, &, 25].

3. Problem Formulation

Suppose we have a dataset (I, E,y) = {(I;, Es, ui) }1;.

where N is the sample size, I; € RE*H*W represents
the original image with C, H, W denoting the number of
channels, height, and width, y; € R denotes the class la-
bel of the original image. E; = {E;, € RHXW}EZI for
i =1,..., N represents U explanation annotation masks of
the class label y;, and U denotes the number of annotators
annotating the explanation annotation.

The goal of explanation supervision is to learn the map-
ping function f of the backbone classifier for input images I
to class labels y: f : I — y by the supervision of both class
labels and multiple explanation annotations. More formally,
the objective function is:
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Figure 2: Probabilistic graphical model of the proposed

generative model. The left figure represents the generative
process and the right figure denotes the inference process.
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function of the Gaussian distribution.

4.2. Architecture of MAGI Framework

Based on the above inference for the objective, we in-
corporate our generative model into explanation supervision
and proposed our MAGI framework, as shown in Figure 3.
We use the backbone DNN classifier to do prediction with
the supervision of both class labels and generated multiple
annotations from the proposed generative model. Details
will be described in this section.

Visual Encoder We have two visual encoders that take the
original images I; and the aggregated annotation T; (ag-
gregated from multiple annotations, using methods such
as consensus and random selection, serves as a proxy for
the ground truth annotation) to model the distribution of
q(zII;) and q(2T|T;), respectively. We introduce two
CNNs, Ency(-) and Ency(-), to infer mean and standard
derivation of the representations of I; and T3, i.e., ,u;f ,O; =
Encr(Li; ¢1), pI' 0T = Enecr(Ti; ér), where ¢ and ¢r
are the parameters of two visual encoders. Each represen-
tation is sampled using its own inferred mean and standard
derivation. For example, the representation vectors z! are
sampled as z! = pu! + of * 5, where 7 follows a standard
normal distribution [15].

Annotation Decoder We also have a decoder to model
the conditional distribution p(E; ,, |2}, 2], ¢*) with a CNN
model. With the image feature z/, annotation feature 2T,
and annotator embedding ¢, the feature composition is
done by concatenation to integrate multiple features as the
inputs of the decoder Dec(-) to generate multiple annota-
tion maps. The mathematical representation is written as:
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Figure 3: Illustration of proposed MAGI Framework. MAGI consists of a multiple-annotations generation model (a) to
generate multiple annotations and an Explanation Supervision module (b) to train the image classifier supervised by both
class labels and generated multiple annotations.

Finally, we combine all these three losses as the objective
function to optimize our model as follows:



C . | Pancreas LIDC-IDRI
omparison Model
Accuracy T AUCT Precision?T Recallt Fl11 | Accuracy ! AUCT Precision?T Recallt Fl11
Baseline 85.089 96.063 98.816 83.693  90.223 66.404 71.790 59.288 69.020  63.466
a) Consensus 88.790 95.589 98.038 88.755  93.063 67.435 72.291 65.645 73.184  68.991
Annotation | MeanLoss 88.861 96.402 98.884 88.008  93.099 67.090 72.355 65.762 71.765  68.471
Aggregation | Random 86.441 96.920 98.994 85.104  91.239 66.835 72.240 64.947 73.137  68.705
Proposed 90.049 96.907 98.905 89.336  93.867 68.996 74.229 66.125 78.675  71.587
GRADIA 83.132 95.630 99.042 81.120  89.103 67.435 72.291 65.645 73.184  68.991
b) HAICS 86.441 96.920 98.994 85.104  91.239 66.855 71.197 64.709 74.604  69.136
Explanation RES-L 89.786 95.469 98.065 89.876  93.784 68.353 73.509 65.966 76.275  70.551
Supervision RES-G 89.893 96.743 98.943 89.170  93.791 68.557 74.728 67.930 71.459  69.267
Proposed 90.049 96.907 98.905 89.336  93.867 68.996 74.229 66.125 78.675  71.587

Table 1: The prediction evaluation on both datasets on a) different multiple annotation aggregation methods and b) different
explanation supervision methods. The best results for each task are highlighted in boldface font.

tion generation, we compare the aggregated generated mul-
tiple annotations with the ground truth annotation in the test
set utilizing the Mean Squared Error (MSE), Binary Cross-
Entropy (BCE), and Structural Similarity Index (SSIM).
Comparison Methods We compare our method in two di-
mensions: 1) Explanation supervision methods:

* Baseline: A conventional image classifier is trained only
on the prediction loss with the ResNet-18 architecture.

e HAICS [34]: A framework that minimizes both the pre-
diction loss and the distance between the model explana-
tion and the scribble annotation labels.

* GRADIA: A framework with L1 loss that minimizes the
distance between the continuous model explanation and
the binary positive explanation labels.

* RES [13]: A framework for Guiding Visual Explanation
a) with a fixed imputation function via Gaussian convolu-
tion filter and b) with a learnable imputation function via
multiple layers of learnable kernels.

and 2) Multiple annotations aggregation methods:

* Consensus: Each pixel/voxel of the image is considered
separately, and a new boolean-valued annotation is gener-
ated based on the fraction of the segmentations that agree
on the presence of that pixel/voxel.

* Random: Randomly sample one annotation among mul-
tiple annotations for each sample during training.

* MeanLoss: Compute the mean loss over each annotation
from multiple annotations against model explanation an-
notation for each sample to compute the explanation loss
during the training process.

5.3. Comparison with annotation aggregation
methods

The effectiveness of the proposed model is confirmed
in Table 1 through comparison with both the baseline and
other multi-annotation aggregation methods. All aggrega-
tion methods show enhanced performance over the base-
line, underscoring the efficacy of jointly optimizing predic-

Dataset Method | MSE| BCE| SSIM 1
Pancreas Noisy 22291  0.004 0.984
Proposed | 15.043  0.002 0.991
Noisy 28.282 0.009  0.970
LIDCIDRL | b hosed | 21318 0.007  0.976

Table 2: Result of consensus of generated multiple annota-
tions on LIDC-IDRI dataset. MSE, BEC, and SSIM met-
rics are reported compared to noisy consensus annotation.
“Noisy” denotes using the simple consensus method to ag-
gregate noisy-added multiple annotations.

tion loss and explanation loss. Our model consistently out-
shines other methods in the LIDC-IDRI datasets, achieving
the best results in terms of accuracy, AUC, recall, and F1
in the pancreas dataset. This emphasizes the significance
of generating annotations that align closely with annota-
tors. The improved performance over the consensus mask
approach implies that consensus maps are more suscepti-
ble to errors when noise is present. Recall, which measures
the proportion of true positives correctly identified by the
model, is especially crucial in medical contexts where false
negatives are unwelcome. Although we did not attain the
highest precision score in the pancreas dataset, our F1 score
remains the highest, signifying that our overall performance
excels in comparison to all other aggregation methods.

5.4. Multiple Annotation Generation Analysis

Quantitative Analysis of Generated Annotation. We
further compare the model-generated annotations with the
ground truth and report performance on MSE, BEC, and
SSIM in Table 2. We see 32.5% decrease in MSE, 50%
decrease in BCE, and 0.71% improvement in SSIM for the
pancreas dataset, and 24.6% decrease in MSE, 22.2% de-
crease in BCE, and 0.61% improvement in SSIM for the
LIDC-IDRI dataset. MAGI-generated explanation consis-
tently achieves the best performance, which means that the
model is able to capture the actual shape of annotation even
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Figure 4: Multiple annotation generation results and comparison with noisy annotation.

Figure 5: The comparison between 1) ground truth consen-
sus annotation, 2) noisy consensus annotation, and 3) con-
sensus annotation from our generated multiple annotations.

when noise is present. By aligning annotations with annota-
tors, we are able to generate consensus label from de-noised
annotations and address the missing annotation issue. The
improvement in accuracy shows our annotation is superior
to the simple aggregation methods.

Robustness against noisy annotations. Our results imply
that our model is robust against noisy annotations and less
prone to errors existent in the annotations. As shown in Fig-
ure 5, the consensus annotations generated by our model ex-
hibit a similar appearance as the ground truth annotations,
implying that our model is able to detect and avoid noisy
annotations when constructing consensus labels. Moreover,
the ground-truth annotation label is subject to the image size
provided by the annotators. When scaling the images to a
higher resolution, we see abnormal shapes in the corners
of the first two rows, where MAGI-generated annotation
has higher similarity with what nodule looks like in reality.
The model is able to learn from incomplete and mislead-
ing shapes and offer better solutions. On the other hand,
the quality of consensus obtained from noisy annotations
is heavily subjected to the noisy label, as shown in row 4
of Figure 4. The noisy consensus is highly identical to the
first noisy annotation (second column) when the variety of

annotations is limited. Our algorithm is able to learn from
the annotators and generate multiple annotations even when
not all annotators have the time to annotate the image. The
generation process offers higher quality and more variations
of the annotations and therefore results in consensus labels
that capture more details. Row 3 clearly shows the appeal-
ing performance of our algorithm in detecting the correct
shape of the nodules.

Learning annotator-specific patterns. Our proposed mul-
tiple annotation generation model can learn the character-
istics of annotators and generate annotations for an image
according to that specific annotator. We show samples of
the multiple annotations generated by our model in Fig-
ure 4. Patterns can be observed between annotations gen-
erated corresponding to different annotators. For example,
the conservative personality of annotator 2 is learned by our
model, so annotator 2 always provides conservative annota-
tions, as shown in the consistently reduced size of annota-
tions (column 7). Conversely, the aggressive personality of
annotator 4 is learned, so annotator 4 always provides ag-
gressive annotations (column 9). The comparison between
the noisy consensus and our consensus label reveals the ap-
pealing performance of our model in learning the variety of
annotators’ characteristics.

5.5. Comparison with explanation supervision
methods

Table 1 shows the quantitative evaluation of two clas-
sification tasks and demonstrates the importance of anno-
tation quality for explanation supervision. Overall, our
method outperforms all other supervised methods on both
LIDC-IDRI and pancreas datasets. In particular, our model
achieves the best accuracy and F1 on the pulmonary nod-
ule classification task and the best accuracy, Recall, and F1
on the pancreatic tumor classification task. Our explanation
supervision architecture is based on GRADIA, where the
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difference is the use of consensus labels. We obtain an ac-
curacy of 90.049% and 68.996% on the two datasets, which
is an 8.32% and 2.31% improvement respectively. The re-
sults suggest that our annotation label is robust to noises
when used as the supervision signal. While the precision
or recall scores reported in the pancreas dataset are slightly
lower, we achieve the best F1 scores on both datasets, indi-
cating that our overall performance is superior to all other
explanation supervision methods. Since our approach does
not directly interfere with the supervision process, it can be
easily applied to any explanation supervision algorithms for
better predictability and interpretability.

6. Conclusion

This paper proposes a novel MAGI:multi-annotated

explanation-guided learning framework that generates
noise-robust annotations via variational inference-based
techniques. We introduce a multiple annotation genera-
tive model to tackle the missing, inconsistency, and nois-
iness of multi-annotation among different annotators. We
also incorporate an annotation alignment module to learn
the unknown correspondence between annotations and an-
notators. Results show appealing annotation quality and
improved performance on downstream classification tasks.
We show that each generated annotation can learn the cor-
responding characteristics of annotators with the existence
of synthetic noise. Extensive experiments on the two medi-
cal datasets demonstrate the superiority of our method over
existing algorithms.
Broader Impacts. Explaining the decision-making process
behind Al systems with high-quality explanations is cru-
cial to the development of trustworthy AIl. We envision this
work to offer new opportunities to a wide range of high-
stakes domains, such as healthcare and finance, and to open
a new door to optimize noisy human knowledge when inte-
grating it into deep learning algorithms.
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