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Abstract

When processing multi-view data, conflicts may occur since different views have
unique insights. Existing studies always consider conflict as a bad factor and thus
adopt a negative operation, i.e., eliminating or minimizing conflicts. However,
in a multi-view decision-making scenario, conflict can highlight view differences,
inspire individuals to provide their own reasoning, and reveal the reliability
of individual and collective decisions. To this end, we propose a novel trusted
collective learning method (TECL) that can actively handle conflicts between
individuals and obtain a collective opinion and its reliability interpretability by
considering conflicts. Specifically, TECL first captures dual-concepts at both the
feature and decision levels across different views. Then, it uses concepts to guide
the assessment of individual opinion consistency. Subsequently, TECL learns
view-specific evidence supporting individual opinions. To deal with conflicting
opinions across views, TECL assembles a reliability-oriented collective learning
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phase to determine which view owns a higher priority. It further combines pri-
ority and view-specific evidence to conclude the final collective opinion and its
reliability. Experiments on a real-world multi-disciplinary consultation dataset
demonstrate the superiority of our method and exhibit some interesting find-
ings regarding conflictive multi-view decision-making. Our code is available at
https://github.com/ifbettrer/TrustCL.

Keywords: Multi-view learning, reliability modeling, interpretable model,
multi-disciplinary decision-making, and conflictive opinion fusion

1 Introduction

Multi-view data is widespread in real-world applications. Most existing solutions tend
to integrate multi-view information with deep neural networks to achieve state-of-the-
art performance in various application domains [1–6]. However, due to the property
differences and inconsistency of multiple data sources, the inferred results by the multi-
view deep learning method may be uncertain and unreliable since the traditional
neural networks focus on the accuracy of the classifications but ignore the credibility
and interpretability of the results, resulting in a significant limitation in various kinds
of applications, especially in safety-critical applications (e.g., medical diagnosis [7] or
autonomous driving [8]).

For reliability of results, an uncertainty-aware trusted multi-view classification
(TMC) method [9] was proposed; however, it does not guarantee a decrease in the
uncertainty of the result when integrating uncertain information extracted from the
multi-view data. Most importantly, it spuriously eliminates conflicts by overlooking
the “consistency” or “difference” between views in multi-view learning. Finally, it usu-
ally tends to choose informative views to make final decisions, making it hard to listen
to the voice of the minority. Thus, for better modeling the conflicting views, an evi-
dential conflictive multi-view learning (ECML) method [10] was proposed recently,
which extracts evidence from different views and uses a conflicting opinion aggre-
gation strategy to minimize their contradictory evidence. However, it simply treats
evidence from each view equally and sums supporting evidence from different views.
Still, it weakens the distinctive individual’s contribution and underrates the value of
conflicts in formulating a collective opinion. At the same time, neither of them takes
into account the interpretability of the results and is unable to answer questions such
as “Why did this view make such a decision?” For the interpretability of the results,
several interpretable models [11, 12] have been proposed. Among them, the concept
bottleneck model(CBM) [13] gave rise to a series of variants. However, the traditional
CBM models pay more attention to why the final decision is made, while ignoring the
concept of the feature level of individual views in multi-view data.

Nevertheless, real-world applications often require diverse perspectives and reasons
for decisions, and conflicting views can foster deeper discussions and lead to better
collective decisions. For instance, in a medical scenario involving a patient with a
bone problem, a multidisciplinary discussion benefits from a holistic understanding
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Fig. 1 Multidisciplinary discussion of situations.

of patient information. As shown in Figure 1, there is a chief Doctor A, who knows
more about cardiology, and two normal doctors, B and C, with different expertise.
They are in various positions and roles, which may lead to conflicting focuses when
proposing therapies. A focuses on heart-related issues with B’s support, while C pays
more attention to the patient’s bones because of his orthopedic expertise. In cases of
conflict, previous studies often favored A’s diagnosis due to its higher title (e.g., by
modeling the static importance of views) or higher support (e.g., by considering the
opinion of the majority), disregarding C’s opinion. However, C’s targeted expertise
should be prioritized when addressing specific issues like orthopedic problems, as it can
lead to more effective treatment. From another angle, because of A and B’s disagree-
ment, when taking C’s opinion as the final therapy, the reliability of this decision will
be reduced. Furthermore, existing research prominently focuses on the final therapy,
failing to provide explanations for the individuals’ underlying reasoning or the root
causes of their conflicts. Consequently, the explainability of both individual and final
decisions remains insufficient. In this case, we must consider each view’s (e.g., doc-
tor’s) distinctive ability and decision in various instances (e.g., patients) and obtain
them to serve as a basis for explaining the decision-making process. We can also eval-
uate the reliability of the conclusion by modeling the uncertainty of each view and the
disagreement between their opinions.

To this end, we first propose a novel trusted collective learning method(TrustCL),
which includes view-specific evidential learning, and reliability-oriented collective
learning. To better explain the decision-making process, we then introduce dual-
concepts learning and propose a trusted and explainable learning method(TECL).
For dual-concepts learning, we use an attention mechanism to obtain the degree of
attention each view pays to sample features, which serves as the feature concept. Sub-
sequently, the enhanced features from each view, guided by their respective feature
concepts, are input into decision concept extraction. It generates decisions for individ-
ual views, alongside their supporting attitudes toward the collective decision. Together,
these outputs constitute the decision concepts. In the concepts guided consensus judge-
ment stage, if the decisions and supporting attitudes of all views are consistent(i.e.,
without conflicts), a highly reliable collective decision can be directly obtained. If there
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is no consensus, the process proceeds to the view-specific evidential learning stage
to obtain a more feasible and reliable collective decision. For view-specific evidential
learning, we first collect the supporting evidence using deep neural networks (DNNs),
which can generate the probability of decision categories for a specific view. It enables
a more accurate assessment of each view’s trustworthiness and priority in subsequent
individual modeling and conflict resolution. Different views may have conflicting opin-
ions (i.e., decision categories), which we view as valuable information for reliability
modeling. The conflicting individual opinions and the final collective opinion are all
treated as learnable patterns of DNNs, so that DNNs can learn more about the focus
of different views. Meanwhile, view-specific evidence is used to obtain the reliability
of this view. For reliability-oriented collective learning, we merge individual opinions
by considering their dynamic priority to obtain the collective opinion and its reliabil-
ity. The dynamic priority is calculated based on the static importance of each view
and the dynamic contribution of a view in different instances. Finally, we empirically
compare TECL with multi-view learning baselines on real medical scenario datasets
regarding multiple decision tasks and scenarios. Experiments show that TECL outper-
forms baselines from individual and collective perspectives on accuracy, Recall, and
MRR metrics. The main contributions of our work are summarized as follows.

(1) We propose TrustedCL and TECL, which actively model conflicts among indi-
viduals, to highlight view distinctions and reveal the reliability of individual and
collective decisions in multi-view decision-making.

(2) The proposed TECL can model concepts at both the feature level and individ-
ual decision-making level, providing reasons for individual and collective decisions
within the model, thus enhancing its interpretability.

(3) The proposed methods can dynamically determine each view’s priority and combine
the priority and view-specific evidence to determine the final collective opinion and
its reliability, improving the accuracy and credibility of decisions.

(4) Experiments on a real-world multidisciplinary consultation dataset demonstrate the
superiority of TECL and TrustedCL and exhibit some interesting observations.

2 Related work

We briefly review related work on reliable multi-view learning, interpretable machine
learning, and traditional collective learning, and discuss their relationship to the
proposed trusted collective learning.

Reliable Multi-View Learning: Multi-view learning is an emerging direction
that aims to improve generalization performance by leveraging multiple views or
sources of data across various domains. By integrating information from diverse per-
spectives, multi-view learning methods effectively enhance accuracy, robustness, and
generalization capabilities [14, 15]. Despite its potential advantages, ensuring the reli-
ability of both the multi-view integration and the final decision is crucial, especially
for noisy, corrupted, and conflicting data.

To handle conflicting data, the prevalent conflictive multi-view learning methods
are mainly dedicated to eliminating the conflictive instance or minimizing conflicts.
One line is based on partially view-aligned multi-view learning [16, 17]. Earlier
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study [18] employed the differentiable agent of the Hungarian algorithm to estab-
lish alignment relationships for unaligned data. Along this line, researchers proposed
noise-robust contrastive learning [19–21], the self-focused mechanism [22], to compute
the alignment matrix. The seminal work, Trusted Multi-View Classification (TMC)
[9], introduced the fusion of different views from an opinion perspective using the
Dempster-Shafer Combination rule. Building upon TMC, [23] extended the approach
by incorporating the pseudo-view, a concatenation of all other views, resulting in
improved performance. Moreover, ECML [10] has been proposed and utilized to
fuse conflicting opinions into a final solution to resolve conflicts. Concurrent research
efforts, such as those by [24, 25], focus on multiview uncertainty estimation, enhancing
the model’s reliability.

However, these methods often operate negatively on conflicts, while each view in a
real application has practical value, whether conflicting or not. Therefore, we propose
a method to effectively merge opinions to reach a final decision while preserving the
conflict.

Interpretable Machine Learning: Unlike post-hoc explanations of black-
box models, interpretable models are designed to make their reasoning processes
more understandable to humans, offering inherent ante-hoc interpretations for their
decision-making [26]. In previous studies, the tree-regularization technique [27] and
its variants [28] enable the decision boundaries of machine learning models to be
approximated through a series of decision trees, thereby ensuring the interpretability
of the target model. In cancer gene identification tasks, IMVRL-GCN [12] provides
explanations by decomposing multi-view features into “shared features” and “specific
features.” VIB [29] filters out task-irrelevant noise through the information bottleneck
principle, retaining only the most explanatory and crucial information flow.

In order to understand the decision made by models, CBMs [13, 30] and other
variants [31] learn the expert-labeled concepts in the training data and utilize them
for downstream tasks, which aim to make the AI system more interpretable and
interactive. Among them, ante-hoc CBMs [13, 32, 33] learn the given concepts dur-
ing the training process to obtain informative embedding. Some studies [34, 35] have
pointed out that ante-hoc CBMs have serious label distortions in the absence of suffi-
ciently high-level concepts. Our work adopts the method of constructing dual concepts
and improves the label distortion by using low-level feature concepts to assist high-
level decision concepts. In the medical field, further enhancing the interpretability of
decisions helps doctors understand the decisions made by the model.

Traditional Collective Learning: Collective learning is a complex concept that
is variously defined. It is generally conceptualized as a dynamic and cumulative process
that produces knowledge [36]. Machine learning techniques associated with collective
learning primarily involve proxy labeling operations on unsupervised data. Co-training
[37, 38] leverages two (or more) views of the data, i.e., different sets of features repre-
senting the same data, to generate label information from each other. CL+GNN [39]
proves that collective learning is a practical way to improve performance in the real
world without changing the underlying architecture of GNN (graph neural network).
It simulates label propagation in collective classification during training.
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Fig. 2 Framework of TECL. The “red cross” symbol indicates that decisions have reached a consen-
sus, while the “checkmark” symbol indicates that the decisions are in agreement or are sufficiently
credible.

Trusted and Explainable Collective Learning: Although collective learning
has been mentioned in previous approaches, its characteristics have been under-
utilized. For example, the existing approaches have not assigned specific roles to
different individuals or inferred decision reliability by considering the conflicting opin-
ions between individuals. Thus, inspired by the collective decision-making process in
real-world scenarios, we propose a trusted and explainable collective learning method,
which assesses individual opinions and formulates a final solution through the interac-
tion of individuals, as a novel branch of reliable and explainable multi-view learning
technologies.

3 The Definition and Method

3.1 Problem Definition

Suppose we are given a dataset with V views and N instances. We use xv
n ∈ R

Dv (v =
1, . . . , V ) to denote the feature vector for the v-th view of the n-th instance (n =
1, ..., N), where Dv is the dimensionality of the v-th view. The one-hot vector yv

n ∈ R
K

and yn ∈ R
K denote the ground-truth category for the v-th view and collective opinion

of the n-th instance, where K is the total number of categories. We also use ŷvn to
present the ground-truth support attitude of v-th view for the n-th instance towards
the collective opinion, with values of 0 or 1. In our problem, it allows yv

n ̸= yn and
yvi
n ̸= y

vj
n . That is, the decision of one view might differ from the collective decision,

and a conflict of decision exists between individuals (views).
Then, the goal of the proposed method is to accurately predict yv

n and yn. Besides,
it should provide the reliability of a specific view, i.e., Rv

n, and of collective opinion,
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i.e., Rn. The priority of each view, i.e., cvn, is also calculated for conflictive multi-view
decision-making.

3.2 Trusted and Explainable Collective Learning

Figure 2 shows the main frame of our proposed Trusted and Explainable Col-
lective Learning (TECL), consisting of a dual-concepts learning module, a
view-specific evidence learning module, and a reliability-oriented collective
learning module.

In the first module, we use an attention mechanism to obtain the degree of attention
an individual pays to sample features, which serves as the feature concepts av ∈ R

Dv .
Then, we input the enhanced instance x̂v ∈ R

Dv from each view, guided by their
respective, into decision concepts extraction, which consists of an attitude capture net-
work and DNN. It generates decisions of individual views, alongside their supporting
attitudes toward the collective decision, which serve as the decision concepts qv. In the
concepts guided consensus judgement stage, if the decisions and supporting attitudes
of all views are consistent(i.e., without conflicts), a highly reliable collective decision
can be directly obtained. If there is no consensus, the process proceeds to the second
module to obtain a more feasible and reliable collective decision.

In the second module, we use evidential DNNs to collect each view’s evidence
ev based on a supervised paradigm. After that, we can obtain the distribution of
decision categories regarding each view, i.e., αv, by parameterizing the view-specific
evidence using a Dirichlet distribution. According to the distribution, we can calculate
belief mass and uncertainty to represent the view’s opinion wv

∈ R
K+1. Specifically,

we have fully considered the significance of individual viewpoints since we take yv

instead of y as a supervised signal. By doing so, we retain the conflicts and differences
among different viewpoints. It enables DNNs to learn more informative and individual
knowledge about specific viewpoints and obtain their high-order uncertainty values.

In the third module, we propose a reliability-oriented collective learning method.
Specifically, we define priority distribution c ∈ R

V as a weight to combine the evidence
of each view. The priority distribution is learned through inherent importance µ ∈ R

V

and dynamic perception importance σ ∈ R
V , where µ and σ are parameters of a

normal distribution regarding the relations of different views when making decisions.
Based on this, we fuse evidence, preserving characteristics and conflicts across views.
Details will be elaborated as follows.

3.2.1 Dual-concepts Learning Module

This module aims to capture the dual concepts at both the feature and decision levels,
acquiring enhanced features guided by feature concepts, and providing explanations
for individual and collective opinions.

Given an input xv
n, which comprises feature information, the Feature Concepts

Extraction based on attention mechanism captures the feature concepts av
n, which

consist of the varying degrees of instance-specific attention that different views pay to
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various features:

av
n = Attention(xv

n) (1)

Then, through feature concepts guidance, we obtain the enhanced instances x̂v
n:

x̂v
n = xv

n ◦ av
n (2)

Next, the enhanced instances are fed into an attitude capture network hv(.) and an
evidential DNN fv(.) respectively to obtain the support attitude and view’s evidence
support. These two elements together form the decision concepts qv

n:

qv
n = {fv(x̂v

n), h
v(x̂v

n)} (3)

where support attitude hv(x̂v
n) is a fixed value of either 0 or 1, indicating whether the

current view supports the final decision. The view’s evidence support will be discussed
in detail in the next section. Finally, we initially obtain highly reliable collective
opinions by determining whether the decision concepts are highly consistent (i.e., the
opinions and attitudes are the same).

3.2.2 View-specific Evidence Learning Module

This module aims to get the evidence supporting and the reliability of each view. Thus,
we need to calculate each view’s evidence support ev and reliability Rv. Inspired by
the idea of subjective logic methods [40], we utilize evidential deep learning (EDL) to
get the multinomial opinion and measure the reliability. It has two procedures shown
as follows:

Procedure 1: Evidence acquisition. To facilitate the calculation of evidence,
we first use subjective logic as follows: For K classification problems, a multinomial
opinion of a specific view on an enhanced instance x̂v

n can be represented as a learnable
vector w = b ∪ [u], where b = [b1, . . . , bK ]⊤ assigns belief masses to categories of
the instance based on the learned evidence, and the uncertainty mass u captures the
degree of ambiguity or vacuity in the evidence. All elements of w are required to be
non-negative, ranging from 0 to 1, and their sum should be equal to one as follows:

u+

K
∑

k=1

bk = 1 (4)

To obtain bk, we must get evidence support first, which is modeled by a view-specific
evidential DNN fv(.):

ev = fv(x̂v
n | θv) (5)

Among them, ev = (ev1, . . . , e
v
K)⊤ and it is viewed as evidence support, and θv are

parameters of the v-th view-specific DNN. When we obtain ev, we add a Softplus layer
to ensure that they are non-negative.
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Procedure 2: Reliability calculation. Based on Equation (4)-(5), we can obtain
the belief mass and uncertainty:

bvk =
evk
Sv
, uv =

K

Sv
(6)

where Sv =
∑K

k=1(e
v
k + 1) and it is a normalization term.

After the belief masses vector bv and uncertainty mass uv are obtained, we then use
the opinion, i.e., wv = bv ∪ [uv], to define the reliability Rv of the opinion as follows:

Rv = 1− uv = 1−
K

Sv
=

K
∑

k=1

bvk (7)

According to the Dirichlet Probability Density Function (PDF) [10], the uncer-
tainty in Dirichlet reflects the emptiness of evidence. If a class has a higher value of bvk
or evk, then its uncertainty will be lower, and it is more likely to be treated as the label
of an instance because of its lower emptiness. Thus, the class probability dvk can be
computed as dvk = (evk + 1)/Sv = αv/Sv, where Sv and αv are the Dirichlet strength
and Dirichlet parameter in PDF, respectively.

�1� �2� �3� ... ��� ���1� �1����2� �1����3� �1���
... ...��� �1����� �1��� �1��� �1��� ... �1��� ����

�� �� �� ��. . .

������
��

...

weighted

Fig. 3 Weighted projections.

3.2.3 Reliability-oriented Collective Learning Module

As mentioned, the knowledge from the multi-view data would show high conflict. These
conflicts with view characteristics should be preserved, so we introduce reliability-
oriented collective learning (RoCL) to model the conflict across views. RoCL pays
attention to both the individual and the collective. It aggregates the explanation and
conflicts of the individual to the whole, and hence the collective expressiveness. Then,
we could capture unique knowledge and information through the RoCL’s interaction
mechanism.

Specifically, we first define view priorities c = (c1, ..., cV )⊤, which focus on both the
inherent and instance-specific importance of views. We integrate these two important
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factors by modeling a Dirichlet distribution. Then, the priority vector c is applied to
generate collective evidence and opinion by a weighted combination, and cv is treated
as a weight of view v. The detailed definitions are as follows.

Definition 1: Collective Opinion Generation. Let wA = bA∪ [uA] and wB =
bB ∪ [uB ] be the opinions of view A and B in the same instance, respectively. Then,
the collective opinion of these views, wA♢B = wA♢wB = bA♢B ∪ [uA♢B ], can be
calculated as follows:

b
A♢B

k =
cAbAk u

B + cBbBk u
A

cBuA + cAuB
(8)

uA♢B =
uAuB

cBuA + cAuB
(9)

where cA and cB represent the view priorities. The opinion wA♢B represents the com-
bination of the dependent opinions of A and B. As shown in the Figure 3, the molecule
in Equation (8) is equivalent to, in the confidence space, using weights cA and cB to
perform weighted projections on the vectors of the two views. The overlapping part
(i.e., consensus confidence) bAk u

B and bBk u
A is enhanced. The size of the uncertainty

region is inversely proportional to the degree of overlap of the confidence regions of
the two views. cBuA+cAuB normalizes and ensures that the total sum is a probability
value. If the two views conflict, for example, both uA and uB are small, cBuA + cAuB

will decrease, which lead to the increase of uA♢B .
Similarly, after obtaining the view priorities for more than three views, we can

reach the collective opinion and evaluate its uncertainty according to the fusion rules:

w = w1♢w2♢...wV (10)

A more detailed explanation is shown in the Discussion and Analysis. Next, we
will introduce how to calculate the view priorities according to Definition 2.

Definition 2: The Priority of Individual View. A view’s inherent/prior
importance and instance-specific importance should determine the priorities simul-
taneously. The former is instance-free and is usually highly related to each view’s
historical position. For example, in real-world applications, when making collective
decisions, the leader could guide the direction of discussions. Their opinions are more
aligned with the final collective opinions and should therefore have higher priority. The
latter requires that a view substantially impacts the decision of a specific instance,
not due to its position, but because it may provide significant evidence.

Therefore, we employ a normal distribution N (µ,σ2
n) to model these two factors.

The learnable mean vector µ ∈ R
V represents the prior distribution of view impor-

tance, whose initial value is the decision proportion of each view obtained through
statistical normalization of the final decision situation in the dataset. And the vari-
ance σn ∈ R

V represents the degree of priority shift for a specific instance xn. It is a
dynamic perception that considers the relations between views and instances. Then,
driven by the generation of evidence, we utilize the Dirichlet distribution to generate
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the instance-specific priority distribution as follows:

cn ∼ Dirichlet
(

N (µ,σ2
n)
)

(11)

where a sampled vector from the normal distribution is treated as a Dirichlet
parameter that guides priority sampling. By doing this, we assign the generated
pseudo-evidence to each view as weights.

Based on it, each element σv
n in σn is calculated as the output of a dynamic

perception layer g(·) which captures the dynamic importance of a view:

σv
n = g(x̂v

n) (12)

Thus, we can obtain σn = [σ1
n, σ

2
n, ..., σ

V
n ] by training multiple view-specific perception

layers. This is mainly to capture the changes in the instance-specific view importance
caused by the fluctuating characteristics of different instances.

So far, we have obtained individual and collective opinions, and the dynamic
priority of each view on a specific instance.

3.2.4 Loss Function

In this subsection, we introduce how to train view-specific evidential DNNs while
considering historical individuals and collective opinions. For the details of Equation
(5), we transfer traditional DNNs into evidential DNNs, in the context of reliability,
by using Softplus activation function as the output layer to ensure the output ev of
each view is non-negative.

As mentioned before, we must consider reliability and evidence in constructing
loss functions. Traditional cross-entropy only ensures the correctness of the prediction.
Thus, we employ the Dirichlet distribution to provide prior information on cate-
gory probabilities and calculate the uncertainty under this condition. Specifically, this
distribution’s expectation can measure second-order uncertainty to ensure that the
evidence of each view is more reliable, while the probability values in the softmax layer
only capture first-order uncertainty.

The Probability Density Function (PDF) of the Dirichlet distribution is parame-

terized by αv =
(

αv
1, . . . , α

v
K

)⊤
and can get the second-order probability of each view

and form the multinomial opinion D(pv|αv):

D(pv|αv) =

{

1
B(α)

∏K

k=1 p
αk−1
k , for pv ∈ MK

0, otherwise
(13)

where B(α) is the Beta function, MK is the K-dimensional unit simplex and pv =
(pv1, . . . , p

v
K)⊤ is the class assignment probabilities on the simplex MK , adhering to

the following rules:

K
∑

k=1

pvk = 1 (14)
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The parameters of the Dirichlet distribution αv are defined as αv = ev + 1 based on
evidence supporting view-specific evidential DNNs.

Furthermore, utilizing the properties, e.g., pv, of the Beta and digamma function,
the simplified loss calculation method of the specific view v is adjusted as follows:

Lace(α
v

n
, yv) =

∫





K
∑

j=1

−yvnj log p
v
nj





1

B(αv

n
)

K
∑

j=1

p
αv

nj−1

nj dpvn

=

K
∑

j=1

yvnj
(

ψ(Sv
n)− ψ(αv

nj)
)

(15)

where the ψ(.) is the digamma function, and Sv
n is defined in Equation (6). Equation

(15) is the integral of the cross-entropy loss function on the simplex determined by αv

n
.

It is more suitable for our evidence-based method, which can ensure that the correct
label of each sample is higher than that of other categories.

However, it cannot guarantee that incorrect labels will generate less evidence. In
order to predict that the evidence of incorrect labels will narrow down to 0, the follow-
ing Kullback-Leibler (KL) divergence is employed, which can minimize the difference
between the Dirichlet distributions after removing the non-misleading evidence, i.e.,
D(pv|α̃v), and the uniform Dirichlet distribution, i.e., D(pv|1):

LKL(α
v
n) = KL[D(pv

n|α̃
v
n)∥D(pv

n|1)]

= log


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Γ
(

∑K

k=1 α
v
nk

)

Γ
(

∏K

k=1 α
v
nk

)

∏K

k=1 Γ(α̃
v
nk)



 (16)

+

K
∑

k=1

(α̃v
nk − 1)



ψ(α̃v
nk)− ψ





K
∑

j=1

α̃v
nj









where α̃v
n = (αv

n − 1) ∗ (1 − yvn) + 1 is the Dirichlet parameters after removal of the
non-misleading evidence from predicted parameters αv

n.
Meanwhile, guided by decision concepts, we use binary cross entropy with logits

loss. The calculation method is as follows:

Lbce(q
v
n, ŷ

v) = − [ŷvn · log(σ(qvn)) + (1− ŷvn) · log(1− σ(qvn))] (17)

where ŷvn = 1 − (yvn ⊕ yn), indicates whether the current view’s label aligns with
collective opinion.

Based on these three parts, each instance xn can get the loss Lacc(α
v
n) of each view:

Lacc(α
v
n) = Lace(α

v
n, y

v) + λtLKL(α
v
n) + Lbce(q

v
n, ŷ

v) (18)
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where λt = min
(

1.0, t
T

)

∈ [0, 1] is the annealing coefficient, t is the index of the
current training epoch, and T is the annealing step. If the network pays too much
attention to KL divergence in the early stage of training, it may lead to a lack of good
exploration of the parameter space, resulting in a flat and uniform distribution of the
network output. To prevent this situation from occurring, we can gradually increase
the value of λt during training.

In summary, the view-specific loss is represented by Lacc(α
v
n), while the collective

loss is represented by Lacc(αn).

Lacc(αn) = Lace(αn, y) + λtLKL(αn) (19)

where αn = en + 1 and en is fused evidence support based on Equation (21). The
overall loss function for a specific instance {xv

n}
V
v=1 can be calculated as:

Loverrall = Lacc(αn) + β
V
∑

v=1

Lacc(α
v
n) (20)

By focusing on the correctness of individuals, the loss will penalize the result of
each view and the overall prediction. Most existing deep learning methods aim to
eliminate conflicts between multiple views. In contrast, our model does not prioritize
the similarity of results among multinomial opinions. TrustCL regards different views
as the whole and conflict as the motive.

3.3 Discussion and Analysis

Discussion. In most previous studies, final uncertainty is only related to the uncer-
tainty of each view, ignoring its importance. Instead, we consider both the individual
uncertainty and the priority of views when fusing evidence support. The collective
opinion generation, i.e., wA♢B = wA♢wB , is actually equivalent to aggregating
view-specific evidence using a weighted mechanism, i.e., eA♢B = cA ∗ eA + cB ∗ eB .

Regarding the scenario where the number of views is larger than two, the fusion
rule is extended as follows:

e = e1♢e2♢...eV

= c1 ∗ e1 + c2 ∗ e2 + ...+ cV ∗ eV (21)

where
∑V

v=1 c
v = 1. Through this rule, if the evidence of all views is consistent, the

fusion evidence will be enhanced. If there is a conflict in the views, the evidence will
be reconciled by the weights.

During the opinion aggregation stage, priority distribution c may enhance the
influence of low-reliability views on the acquisition of collective opinion. This is because
in the process of obtaining c, we perceived the importance of dynamic views based on
the different emphasis features of specific instances, which is different from the relative
inherent importance of multiple views. This can enable the collective to break the
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absoluteness of the inherent status for the final opinion and focus on the viewpoints
of a few views with lower inherent importance but more relevant to specific instances.

Our fusion rule also leads to the scaling of the integrated evidence at the same time,
resulting in a decline in the reliability of the collective opinion. This is normal because
the situation where the minority is noticed is often accompanied by the existence of
conflicts, and the reliability of the view itself is low. Naturally, the reliability decreases
after the fusion of multiple views. However, when all views support the basic facts,
the model will pay more attention to the views with higher inherent importance and
higher reliability, which also makes the reliability of the collective opinion relatively
high. Unlike this, if only simple average pooling operations are used like that in the
work [10], it will not particularly enhance the influence of specific instance views on
the final decision. In the case of consistent view decisions, it may also magnify the
influence of views with lower reliability, resulting in a significant reduction in the
reliability of the final decision.

Time complexity analysis. To analyze the time complexity of this algorithm,
we need to consider the computational cost of each part in the algorithm. Our model
is a multi-view classification algorithm based on deep learning, and it consists of the
following main parts:

Data preprocessing: It includes filling in missing values, normalizing continuous
variables, and uniquely coding categorical variables. The time complexity of these
operations is usually proportional to the size of the dataset, i.e., O(n), where n is the
number of samples in the dataset.

Model training: Model training is the most computationally expensive part of the
algorithm. In each training epoch, the algorithm needs to perform forward propaga-
tion and backward propagation on the entire training set. The time complexity of
forward propagation and backward propagation depends on the structure of the model
and the size of the dataset. For this algorithm, the model consists of V EvidenceCol-
lector modules (corresponding to V views), a global MLP module, and V Attention
and DCollector modules. Assume that the total number of parameters for each view-
related module (including its EvidenceCollector, Attention, and DCollector) is pv.
Also, assume that the number of parameters for the global MLP module is pm. For
a dataset containing n samples, the forward propagation complexity for all views is
O(n · V · pv), and the complexity of the global module is O(n · pm). Combining these,
the total number of parameters in the model is P = (V · pv + pm), and the time
complexity of a single forward pass is O(nP ). Due to the symmetry between gradient
calculation and forward propagation, the time complexity of backpropagation is also
O(nP ). The training process requires e epochs. Therefore, the total time complexity
of the model training is O(2nPe).

Model Evaluation: In the model evaluation stage, the algorithm needs to propagate
the test set forward and calculate the performance indicators. The time complexity of
forward propagation is proportional to the structure of the model and the size of the
test set, that is, O(ntestp), where ntest is the number of samples in the test set.

To sum up, the total time complexity of this algorithm is O(n+2nPe+ntestp). In
practical applications, in order to reduce the time complexity, methods such as using
more efficient model structures, reducing the number of training epochs, and using
faster hardware can be considered.
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4 Experiment

We evaluate our model using a real-world dataset, taking the Multi-Disciplinary Med-
ical Recommendation (MDMR) as an example. Then, we analyze the relationship
between the view priority, reliability, dual-concepts, and prediction performance.

4.1 Experimental Setup

Dataset. BCDB [41] is a real-world multi-disciplinary consultation dataset, record-
ing the physical indicators of patients with breast cancer and 9,015 instances of
doctors’ decision data. The doctors’ decisions include six doctors’ individual opin-
ions and final recommendations for each patient. Notice that the individual decisions
might be different. We choose different properties and doctors’ individual opinions (the
ground-truth categories) for a patient as different views to model how a doctor would
diagnose the patient. Then, we consider the final collective recommendation as a result
of multidisciplinary discussions among all doctors, i.e., the result of merging multi-
ple views. Besides, we transform patient-specific information into more manageable
numerical data.
Compared Methods. We compare our method with several previous methods on
two tasks: One is predicting individual decisions, namely single-view-oriented learning,
and the other is predicting collective decisions, namely multi-view-oriented learning.

For single-view-oriented learning methods, we choose: 1) MLPsingle: The
traditional Multilayer Perceptron method is used for a single view, and information
only flows in one direction in the network, which learns each view separately. 2)
TMC: Trusted Multi-view Classification [9] is the pioneer uncertainty-aware method,
which focuses more on the uncertainty estimation problem and produces a reliable
classification result for individual views.

For multi-view-oriented learning methods, we choose: 1) MLPshare: Uti-
lizes a Multilayer Perceptron method, all views are regarded as a complete network,
and no longer any form of method is used. 2) ECML: Evidential Conflictive Multi-
view Learning [10] is an uncertainty perception method based on the view of conflict
between views, aiming to minimize the degree of conflict. 3) ECMLboth: Based on
evidential conflictive multi-view learning, the view and the final view are used to super-
vise the learning of the model jointly, and the conflict between views is retained for
uncertainty perception.
Evaluation Metrics. We select three commonly used metrics, i.e., accuracy (A),
Recall (R), andMean Reciprocal Rank (MRR). According to real-world require-
ments, we use the top-1 indicator to calculate such metrics’ values. As aforementioned,
we have two prediction tasks, and thus we have two different ways to calculate the
values. For single-view-oriented learning methods, the three metrics all indicate the
average performance of predictions for each view, marked as IA, IMRR, and IR.
For multi-view-oriented learning methods, the metrics are utilized to evaluate the
performance of predicting collective decisions, marked as CA, CMRR, and CR.
Implement details. For the proposed TrustCL and TECL, we separate the dataset
into the feature matrix X and the label matrix Y , where Y contains the individ-
ual decisions of six views and the final collective decisions. They are all utilized as
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supervision information. The Adam optimizer [42] is used for neural network train-
ing, with a learning rate of 0.003, and the L2-norm regularization setting is 1e − 5.
The data is divided into the training set (80%) and the test set (20%). During the
training period, we can adjust the KL divergence regularization of λ by adjusting the
epoch to achieve a better training effect, and set the annealing coefficient to 50. We
run each method five times and report the average value and standard deviation in
the table. This model is implemented in PyTorch and runs on an Intel(R) Core(TM)
i7-9700 CPU with 40GB graphics memory.

Table 1 Comparison of predicted results about individual and collective opinions.

Individual Collective

model IA IMRR IR CA CMRR CR

MLPsingle 70.6 ± 1.8 81.2 ± 1.1 71.0 ± 1.8 74.1 ± 1.9 77.6 ± 1.5 74.5 ± 1.7
MLPshare 0 0 0 72.9 ± 1.2 82.1 ± 0.9 73.4 ± 1.7
ECML 73.5 ± 0.9 81.7 ± 0.3 73.4 ± 0.6 77.7 ± 0.3 84.0 ± 0.2 77.3 ± 0.2
ECMLboth 71.8 ± 0.7 79.2 ± 0.2 71.5 ± 0.4 77.9 ± 0.3 84.5 ± 0.2 77.3 ± 0.3
TMC 70.6 ± 1.1 80.6 ± 1.0 70.8 ± 1.6 74.5 ± 0.2 82.9 ± 0.5 74.8 ± 0.7
Ours(TrustCL) 74.3 ± 0.7 82.5 ± 0.3 74.1 ± 0.5 78.4±0.4 85.1 ± 0.3 78.0 ± 0.3
Ours(TECL) 74.5±0.5 83.0±0.6 74.2±0.3 78.0 ± 0.9 85.3±0.3 78.5±0.2

Note: Bold value indicates the best performance and the underlined value indicates the second-best
performance in each column. The colored area represents the performance of our model.

4.2 Experimental Results

Performance Comparison. Table 1 compares the predicted results about individ-
ual and collective decisions, respectively. It can be found that MLP focuses entirely on
the independent learning of single views, thus achieving relatively good performance
on some metrics in the single-view dimension. TMC introduces a trust mechanism,
which can take into account the influence of different perspectives in the single-view
dimension and has better performance compared to other baselines. Meanwhile, ECML
introduces the concept of minimizing conflicts, which is beneficial for alignment among
multiple views and has better performance in obtaining collective opinions. On all
accounts, we can see that our models perform best compared to other models. Further-
more, TECL performs slightly better than TrustCL across most metrics, especially at
the individual level. This is because (1) TrustCL and TECL emphasize and capture
the global knowledge and information generated. (2) they combine all views and learns
collectively, which performs better than considering unique views (i.e., MLPsingle).
And (3) compared to TrustCL, TECL strengthens the features that different individ-
uals focus on at the feature concept level, leading to a better capture of individual
decision-making preferences.
Ablation Experiment. To evaluate the effect of our knowledge aggregation strat-
egy, we conduct three variations of TrustCL: 1) TrustCL-µ, which uses µ instead of
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Table 2 Ablation comparison on individual and collective opinion predictions.

Individual Collective

model IA IMRR IR CA CMRR CR

TrustCL-µ 72.9± 1.0 81.6± 0.6 72.6± 0.9 77.9± 0.2 84.1± 0.3 77.3± 0.2
TrustCL-σ 63.5± 2.2 73.1± 1.2 63.2± 2.1 77.3± 0.2 83.9± 0.4 77.0± 0.4
TrustCL-N 71.9± 0.9 79.4± 0.3 71.6± 0.6 77.9± 0.3 84.3± 0.3 77.6± 0.3
TrustCL 74.3 ± 0.7 82.5 ± 0.3 74.1 ± 0.5 78.4±0.4 85.1 ± 0.3 78.0 ± 0.3
TECL 74.5±0.5 83.0±0.6 74.2±0.3 78.0 ± 0.9 85.3±0.3 78.5±0.2

Note: Bold value indicates the best performance and the underlined value indicates the second-best
performance in each column.

(a) View 1 (b) View 2 (c) View 3

(d) View 4 (e) View 5 (f) Collective reliability

Fig. 4 Density of single-view and collective reliability.

c in Equation (11) as weights when merging views, focusing solely on inherent impor-
tance for the perception of reliability; 2) TrustCL-σ, replaces c with σ as views’
weights, emphasizing synergy between views; 3) TrustCL-N , which only uses nor-
mal distribution to calculate view priority for TrustCL, ignoring the use of Dirichlet
distribution.

The results of the ablation experiment on individual opinion predictions and col-
lective opinion predictions are shown in Table 2, respectively. Among them, the model
that does not consider the instance-specific importance performs the worst in each
indicator, which can better prove the necessity of dynamically adjusting the impor-
tance of each view in response to the differences in the characteristics of different
instances during the process of priority acquisition. We cannot merely consider the
inherent importance resulting from the historical status of the view, but should take
into account multiple dimensions, e.g., the characteristics of the instance, the features
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that the view focuses on, and its historical status, to obtain the final collective opin-
ion. Guided by dual-concepts, the model can also focus more effectively on its own
“specialized” tasks. So, it can be seen that TrustCL and TECL perform best among
these models due to their comprehensive approach.
Collective Importance Visualization. Figure 4(a)-4(e) and Figure 4(f) illustrate
the density distribution of single-view reliability and the reliability distribution after
fusion, respectively. We can observe that View 1, which has a higher title, exhibits a
greater density of high reliability. In General, the fused reliability distribution should
tend to align more closely with that of View 1. However, the reliability density after
fusion is similar to that of View 3 and View 4. This indicates that the status of the
fused view has changed, and the priority c enhances the importance of other views.

Moreover, we can see that the fused reliability is skewed towards the medium range,
resulting in a relative decrease in both low and high reliability. This might be because
the information conflict among reliable viewpoints reduces the overall reliability of the
final decision. Among them, the addition of priority c, in the case of view conflicts,
the evidence will also be reconciled by weights, resulting in the scaling of reliability.
This is in line with our thinking in the discussion and analysis of section 3.

Fig. 5 Mean reliability, inherent importance, dynamic perception, and priority for all instances.

Figure 5 shows the whole results of the mean reliability, inherent importance,
priority, and dynamic perception of each view. We can find that mean reliability and
inherent importance have more similar trends, indicating that reliability effectively
reflects the known importance of views. In contrast, the mean dynamic perception is
quite different from the others, especially for view 1. Obviously, dynamic perception
pays more attention to the features of the instance, resulting in a significant change
in trend. This indicates that, under the combined effect of inherent importance and
dynamic perception, the priority of different views will change dynamically as well.
MDMR Estimation. First, we obtain the overall attention and support attitude of
different doctors (i.e., views) to different features. As shown in Figure 6(a) to Figure
6(e), we can find that the allocation of attention to features by different doctors is
different, and the focus is different. This might be related to the different specialties
of doctors. Differences in specialties may lead to conflicts among doctors in diagnostic
decision-making for specific patients, as well as variations in doctors’ support attitudes
towards collective decision-making, as shown in Figure 6(f).

Therefore, we simulate multidisciplinary discussions, evaluating the effectiveness
of TrustCL and TECL from three aspects: feature concepts, support attitudes, and
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(a) Doctor 1 (b) Doctor 2 (c) Doctor 3

(d) Doctor 4 (e) Doctor 5 (f) Support attitude per doctor

Fig. 6 (a) to (e) are overall feature attention weights of different doctors. (f) is the overall support
attitude of doctors for collective decisions.

uncertainty, in order to assess their interpretability and reliability. The whole results
of patient No.9239 are presented in Figure 7. From the results, Doctor 1 no longer
holds a dominant position in terms of priority and reliability, and has an opposing
attitude towards the collective decision; while Doctor 3 is more suitable for the current
patient’s treatment, achieving the highest priority and reliability, and showing strong
support for the collective decision. This may be because Doctor 3 pays more attention
to the specific characteristics of the patient’s condition. As shown in Figure 7(c), we
can see that he focuses more on the 9th attribute “rs 21 gene”, which other doctors do
not pay attention to. Meanwhile, the 0th attribute “isct” is given special attention by
Doctor 1, while Doctor 3 doesn’t focus on it much. Perhaps it may be less important to
the patient’s condition. There is a conceptual conflict between the two doctors, leading
to the consequence that the collective reliability is midway between the lowest and the
highest. Other doctors made the same decisions as Doctor 3, showing weak support
for the collective decision, and their focus on attributes overlapped with Doctor 3’s,
rather than focusing on the 0th attribute.

In contrast, we select another patient, No.5827, whose doctors’ decisions and sup-
port attitudes are consistent, resulting in a correspondingly high reliability of the
collective decision. The whole results of patient N0.9239 are presented in Figure 8. It
can be seen that the attributes that doctors focus on are concentrated in a few spe-
cific areas. Doctors 2 and 5 have higher priority, indicating that they are better suited
to the current patient’s treatment, surpassing the influence of their inherent status.
Both also strongly support the collective decision. While other doctors hold a weaker
supportive attitude, especially Doctor 1.

In summary, we can ensure that: 1) Our models fully respect the distinctions
of individuals and notice the voice of the minority, regardless of titles. Moreover, it
effectively evaluates the reliability of individual opinions. 2) Our TECL can effectively
capture the attributes that different perspectives focus on regarding a specific sample
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(a) Decisions and their reliability

(b) Doctor support scores (c) Feature concepts heatmap

Fig. 7 Whole results of patient No.9239. In 7(b), the black dashed circle represents the zero mark,
and the gray dashed circle represents the average support level. Below the zero mark indicates oppo-
sition, between the zero mark and the average support line indicates weak support, and above the
average support level indicates strong support.

and their attitudes towards collective opinions, providing explanations for individual
opinions and the conflicts that arise between individuals. 3) Our models emphasize
individual expression in collective opinions. The conflict of views results in a less
reliable final result. TrustCL and TECL outperform others in experiments and combine
view-specific evidence with priority during the fusion process, so the final collective
decisions made are feasible.

5 Conclusion

In this paper, we propose the Trusted and Explainable Collective Learning (TECL)
framework to address opinion conflicts in multi-view decision-making. Unlike tradi-
tional conflict-reduction methods, TECL actively models these conflicts to highlight
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(a) Decisions and their reliability

(b) Doctor support scores (c) Feature concepts heatmap

Fig. 8 Whole results of patient No.5827. In 8(b), there is no black dashed circle because all the
doctors hold a supportive attitude.

inherent view distinctions and evaluate the reliability of both individual and collec-
tive decisions. The framework employs a dual-concept learning mechanism at both the
feature and decision levels, which significantly enhances model interpretability while
capturing nuanced cross-view interactions. Furthermore, by learning view-specific evi-
dence and incorporating a reliability-oriented learning phase to determine the priority
of each view, it synthesizes conflicting opinions to generate a collective decision along
with its confidence level. Extensive experiments on a real-world breast cancer multi-
disciplinary consultation dataset demonstrate that TECL consistently outperforms
state-of-the-art baselines, validating its robustness in complex, conflict-heavy scenar-
ios. Future work will explore the integration of Large Language Models (LLMs) to
further advance decision intelligence in large-scale semantic contexts.
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