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Abstract

Multi-view learning methods leverage multiple data sources
to enhance perception by mining correlations across views,
typically relying on predefined categories. However, deploy-
ing these models in real-world scenarios presents two primary
openness challenges. 1) Lack of Interpretability: The inte-
gration mechanisms of multi-view data in existing black-box
models remain poorly explained; 2) Insufficient Generaliza-
tion: Most models are not adapted to multi-view scenarios in-
volving unknown categories. To address these challenges, we
propose OpenViewer, an openness-aware multi-view learn-
ing framework with theoretical support. This framework be-
gins with a Pseudo-Unknown Sample Generation Mecha-
nism to efficiently simulate open multi-view environments
and previously adapt to potential unknown samples. Sub-
sequently, we introduce an Expression-Enhanced Deep Un-
folding Network to intuitively promote interpretability by
systematically constructing functional prior-mapping mod-
ules and effectively providing a more transparent integra-
tion mechanism for multi-view data. Additionally, we es-
tablish a Perception-Augmented Open-Set Training Regime
to significantly enhance generalization by precisely boost-
ing confidences for known categories and carefully suppress-
ing inappropriate confidences for unknown ones. Experimen-
tal results demonstrate that OpenViewer effectively addresses
openness challenges while ensuring recognition performance
for both known and unknown samples.

Code — https://github.com/dushide/OpenViewer
Extended version — https://arxiv.org/abs/2412.12596

Introduction

Multi-view learning has emerged as a prominent area of
artificial intelligence, focusing on leveraging diverse data
sources to enhance perception (Tan et al. 2024; Yu et al.
2024b). This learning paradigm processes real-world ob-
jects from various extractors or sensors, exploiting corre-
lations across multiple views to enhance performance in
applications like computer vision (Ning et al. 2024), natu-
ral language processing (Song et al. 2024), large-scale lan-
guage models (Guo et al. 2023), and more (Pei et al. 2023;
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Figure 1: Two multi-view environments and challenges.

Ye and Li 2024). However, traditional multi-view methods,
whether heuristic (Zhang et al. 2023; Xiao et al. 2024) or
deep learning (Xu et al. 2023; Yang et al. 2024), typically
operate under the assumption that all samples belong to
known categories (Du et al. 2023). When deployed in real-
world settings, these approaches encounter two significant
openness challenges, as illustrated in Fig. 1. Challenge I:
Lack of Interpretability. These black-box methods often
lack of explanation in the integration process of multi-view
data involving both known and unknown category samples.
This opacity undermines their reliability in open scenar-
ios. Challenge II: Insufficient Generalization. Trained on
known samples-based datasets, existing multi-view closed-
set methods fail to identify unknown categories during test-
ing, frequently mislabeling them as known with unduly high
confidences. Consequently, they struggle to generalize to
multi-view environments containing unknown samples. This
issue arises because the models are not preemptively adapted
to the range of potential unknown categories.

To effectively address these challenges, we propose Open-
Viewer, an openness-aware multi-view learning framework
designed for real-world environments, as outlined in Fig. 2.
OpenViewer starts with a pseudo-unknown sample genera-
tion mechanism, allowing the model to efficiently simulate
open multi-view environments and previously adapt to po-
tential unknown samples. Grounded on ADMM iterative so-
lutions with functionalized priors, we derive an interpretable
multi-view feature expression-enhanced deep unfolding net-
work, comprising redundancy removal, dictionary learning,
noise processing, and complementarity fusion modules. The
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Figure 2: An overview of the proposed openness-aware multi-view learning framework (OpenViewer).

corresponding functions of each module are intuitively re-
flected in the prior-mapping optimization process, offer-
ing a more transparent integration mechanism. Additionally,
we implement a multi-view sample perception-augmented
open-set training regime to further boost confidences for
known categories and suppress inappropriate confidences
for unknown ones. This enables the model to dynamically
perceive of known and unknown samples, thereby improv-
ing generalization. Finally, we present theoretical analysis
and proof to substantiate OpenViewer’s ability to increase
both interpretability and generalization. The main contribu-
tions of OpenViewer can be listed as follows:

» Formulation of OpenViewer: We propose OpenViewer,
an openness-aware multi-view learning framework de-
signed to tackle the challenges of interpretability and
generalization, backed by theoretical guarantees.

Openness-aware models design: We develop an in-
terpretable expression-enhanced deep unfolding net-
work, bolstered by a pseudo-unknown sample generation
mechanism and a perception-augmented open-set train-
ing regime, to improve adaptation and generalization.

o Extensive experiments on real-world datasets: Exper-
imental results validate OpenViewer’s effectiveness in
addressing openness challenges, demonstrating superior
recognition performance for both known and unknown.

Related Work

Two Multi-view Learning Methods. 1) Heuristic meth-
ods leverage multi-view prior knowledge to formulate and
iteratively solve joint optimization objectives, leading to op-
timal multi-view learning solutions. For example, Wan et al.
(Wan et al. 2023) proposed an auto-weighted multi-view op-
timization problem for large-scale data. Yu et al. (Yu et al.
2024a) devised a non-parametric joint optimization func-
tions to partition multi-view data; 2) Deep learning meth-
ods utilize network architectures to automate the optimiza-
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tion of multi-view learning solutions and parameters. For ex-
ample, Xiao et al. (Xiao et al. 2023) performed multi-view
deep learning by the consistency and complementarity. Xu et
al. (Xu et al. 2024b) introduced the view-specific encoders
and product-of-experts approach to aggregate multi-view in-
formation. Further work on multi-view learning can be dis-
covered in (Chen et al. 2020; Wang et al. 2022; Yang et al.
2022; Liu et al. 2024) (heuristic) and (Yang et al. 2021; Lin
etal. 2023; Du et al. 2024; Wang et al. 2024) (deep learning).

Interpretable Deep Unfolding Networks. Deep unfold-
ing networks, derived from iterative solutions that encapsu-
late domain-specific priors and functional knowledge, have
achieved success while maintaining strong interpretability
across multiple fields (Gregor and LeCun 2010; Bonet et al.
2022; Zheng et al. 2023; Joukovsky, Eldar, and Deligian-
nis 2024). Some notable works, for example, Fu et al. (Fu
et al. 2022) designed a model-driven deep unfolding struc-
ture for JPEG artifacts removal. Li et al. (Li et al. 2023) dis-
played a low-rank deep unfolding network for hyperspectral
anomaly detection. Wu et al. (Wu et al. 2024) constructed
a deep unfolding network based on first-order optimization
algorithms. Additional similar efforts in deep unfolding net-
works can be traced in (Zhou et al. 2023; Weerdt, Eldar, and
Deligiannis 2024; Fang et al. 2024b).

Open-set Learning. Open-set learning seeks to extend the
closed-set hypothesis by equipping models with the ability
to distinguish known and unknown classes. For instance,
Dhamija et al. (Dhamija, Giinther, and Boult 2018) intro-
duced the negative classes for improving the efficiency of
unknown rejection. Duan et al. (Duan et al. 2023) formu-
lated a subgraph-subgraph contrast to open-set graph learn-
ing into a multi-scale contrastive network. Safaei er al.
(Safaei et al. 2024) explored an entropic open-set active
learning framework to select informative unknown samples.
Related open-set learning methods can also be found in
(Bendale and Boult 2016; Du et al. 2023; Gou et al. 2024).



Openness-Aware Multi-View Learning

In this section, we introduce the specific architecture of
OpenViewer, including pseudo-unknown generation mech-
anism, expression-enhanced deep network and perception-
augmented open-set regime. The dimensions and descrip-
tions of notations are listed in Table 1 of Extended Version.

Pseudo-unknown Sample Generation Mechanism

To better tackle open-set environments, inspired by Mixup
(Zhang et al. 2018), we use a pseudo-unknown sample gen-
eration mechanism to simulate open multi-view environ-
ments and previously adapt to potential unknown samples.
Specifically, a perturbation parameter ¢ € [0, 1] is sampled
from a { ~ Beta(w,w) distribution. Based on this, we ran-

domly select :&gi) and :ic;(j ) from the v-th view original fea-

ture X, ensuring they belong to different categories. Then,
the pseudo-unknown sample x,, is generated as

2, =&l + (1 -2, e

where ( determines the extent to which each original sam-
ple contributes to the features of the generated samples. Us-
ing Eq. (1), we generate a set of pseudo-unknown samples,
Dgenerated> and merge it with Dy, gina; to prepare the model
for adapting to unknown classes.

4'(9)

Expression-enhanced Deep Unfolding Network

Subsequently, we design an interpretable expression-
enhanced deep unfolding network to clarify the multi-view
integration principle. We first abstract four multi-view func-
tionalized priors as shown in Fig. 3, including: 1) View-
specific Redundancy denotes the redundant similar features
within each view; 2) View-specific Consistency indicates
the dictionary coefficients, reflecting each representation’s
consistent contribution to the reconstruction of each view;
3) View-specific Diversity signifies the diverse noise infor-
mation within each view; 4) Cross-view Complementarity
refers to processed cross-view representations that can com-
plementary, enhance and express each other. Following that,
we first consider the three view-specific priors, and construct
a generalized expression-enhanced optimization problem as

v

min >

(I(X,,, Z., Dy, Ey) + aQ(Zy)
Z,, Dy, B, =

@)
+A¥(D,) + 18 (E,)),

where «, 3, 7y are the regularization parameters, and gener-
alized Problem (2) includes the above functionalized priors
that can be further concretized as

1%
min >

Z,,D,,E, ;=1

(%HXU - ZUDU - E1)||2F + aHZle

+4 D013 + By 21 )-

Problem (3) aims to learn a redundancy free representa-
tion Z, using l;-norm || - ||;, while optimizing consistency
dictionary coefficients D, and capturing diversity noise
E, with the l1-norm || - ||2.1. So X, can be expressed
as a linear combination Z,D, + E,. To optimize such a
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Figure 3: Four multi-view priors and their relationships.

mixed non-convex problem (3) consisting of smooth terms
Z(-), ¥(-) and non-smooth terms £2(-), ®(-), ADMM (Boyd
et al. 2011) is employed to decompose it into three sub-
problems for solving. For Z,, = {Zv, Z,},E, = {EU, E,},
D, = {]jv, D, } sub-problems, where Z., E,, and D, are
known, and Z,, E,, and D, are pseudo-unknown, we uti-
lize proximal gradient descent method (Beck and Teboulle
2009) to solve Z, and E, variables, while D,, variable has
a closed-form solution, obtained as

vie), @
Pv

DV « {VI(DY) + V¥ (DY) = 0},

Z(t) S o (zfﬁ - Livz(zg”)
Pv Do

E(tD « P o (Esp - Ll
Pu

where S = () and ’Pﬁ (+) are the redundancy and diver-

sity proximal operators, respectively. V(-) denotes the gra-
dient of the current variable, L, is the v-th Lipschitz con-
stant of VZ(-), and [ is the current iteration. Subsequently,
we expand the gradient-related notations, detailed as

ZY 8. (zE,” - - zDP D))
X, +ED(D])D)),
l l
= 8,. (zm - 2D

l
+7- (X, — BY)(D])0),

DI (@) oz) + gr) ()
(Xv - Eg)l))v
B P (X, -z VDY)
T v v v B

4)
where I € RE*C is an identity matrix. Thus far, we have
used the ADMM optimizer to solve the corresponding sub-
problems and derive iterative solutions for redundancy, con-
sistency, diversity priors. Then, an inter-class discretion-
guided weighting method is applied to account for the cross-
view complementary prior. Intuitively, the closer the sam-
ple centroids are within a view, the less complementary in-
formation each view provides. Base on this, we dynami-

cally perceive the centroid as o,(f) > zgj ) and
7Y =i

then calculate the inter-class distances between all cen-

|B;]



troids for each view, where |B;| is the number of train-
ing instances in category ¢. To prevent the largest dis-
tance between two classes from overly influencing the
measure of inter-class discrepancy, we focus on the min-
imum distance d, between any two categories, defined as
d, = min {Dist (og),og ))} ,i,7 € Y andi # j. Here,
Dist (-, -) is the distance function, which in this work is
the Euclidean distance. This strategy provides a balanced
assessment of the complementary contribution of different
views. The higher the complementarity information between
views (i.e., the greater the distance between centroids), the
greater their assigned weights, denoted as

exp( —d, )
21‘1/:1 exp(

Wy =

|4
=d,/ s 2w =1,
(©)

where d, is obtained by normalizing the inverse of d, be-
tween centroids through ¢;-norm. At last, the inter-class
discretion-guided weights {w,}Y_, can be applied to per-
form complementary fusion F(-) as

. _

14
Z(l-‘rl) — Zwl()l+1)z§)l+1)~ (7)

v=1

Based on solutions (4) and (7), the multi-view feature
expression-enhanced deep unfolding network can be con-
ceptualized as four interpretable prior-mapping modules by
parameterizing alternative components (Zhou et al. 2023;
Weerdt, Eldar, and Deligiannis 2024) as

RF-Module: Z{") 8,0, (ZSPR + (X, - ED)
(D)VU),
CD-Module: D™« M(Z])+) (X, — E),
DN-Module: E{' ™"+ P ) (XU _ zE,l“)DSJl“)) ,
“ Z

(1) 7041

CW-Fusion: Z(+1)

®)

where R = If—DDI,U =

(Z)Z, + BT)~L. The learnable redundani:vy and diversity
proximal operators S« (-) and P <z>(-) are the reparam-
() and 'P
able threshold parameters €, and p,, regpectlvely More-
over, Sy, (a'V)) = o(a') — 0,) — o(— a(U) —0,), and

Py (at) = "ol g

eterized versions of S_a_ (), with learn-
P

a’(”a

), if Pv otherwise,

0. a7 is the element in the i-th row and j-th column of the
matrix, a¥ is the i-th column of the matrix, and o(+) can be
activation functions such as ReLU, SeLU and etc.

The constructed network, incorporating these modules,
can engage in multi-view expression enhancement while
integrating their functions into deep networks to main-
tain interpretability: 1) Redundancy Free Representa-
tion Module (RF-Module) introduces learnable layers and
redundancy-free operators to reduce redundant features and
retain the most critical view information Z,; 2) Consistency
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Dictionary Learning Module (CD-Module) captures dic-
tionary coefficients D,, within each view, denoting the con-
sistent contribution of each Z, to the reconstruction of X,;
3) Diversity Noise Processing Module (DN-Module) de-
velops learnable diversity operators to eliminate irrelevant
information E,, caused by the noise or outliers; 4) Comple-
mentarity Fusion Representation Module (CW-Fusion)
implements complementary weight fusion to integrate rep-
resentations as Z to differentiate between known and un-
known. Unfolding network (8) is composed of L layers,
with each layer corresponding to a single ADMM itera-
tion. The interpretability is reflected in the optimization pro-
cess: 1) For multi-view known parts, it enhances expression
by processing noise and integrating complementary; 2) For
multi-view unknown parts, it employs redundancy removal,
noise processing, and adapts to a pseudo-unknown dictio-
nary to highlight inappropriate unknown confidences. This
enhanced expression provides a solid foundation for dis-
tinguishing between known and unknown, thereby boosting
OpenViewer’s interpretability and trustworthiness.

Perception-augmented Open-set Training Regime

The above interpretable network has performed feature-level
integration and enhancement. Subsequently, we design a
loss regime to further augment sample-level perception and
improve the model’s generalization. For known samples, we
first ensure the model’s ability to recognize them by apply-
ing a cross-entropy loss. Building on this, we promote the
separation of all known classes by a distance margin term

max(€ — [|2?]|2,0)2, formalized as
N° C© ] 4
Linown =37 2 3 (8 1og P(c | 29))
Y 1=1c=1 (9)
N .
+ 3 max(€ — [|272,0)2,
=1

where 2% ¢ Z, P is the Softmax score, and £ is the dis-
tance margin. In this way, the feature vector is pushed out of
the margin £ to make its norm as close to or greater than &
as possible, thereby augmenting the discrimination between
known class samples. For the more critical unknown part, we
aim to minimize the allocation of pseudo-unknown samples
to known groups. Therefore, we employ a ¢5-norm regular-
ization term [|2(")||2 to ensure that OpenViewer suppresses
excessive unknown high confidences, expressed as

CZZ(loch\2<>)+Z|| 0|3,

i=1 c=1

(10)
where 2\ € Z, and P(c | 2) is the probability that the
model predicts the pseudo-unknown sample 2@ as belong-
ing to category c. Loss (10) ensures that the model’s predic-
tion confidence for each known class is average and penal-
izes pseudo-unknown that are close to known, thereby sup-

pressing inappropriate confidences for unknown samples.
However, the above loss only increases the inter-class sep-
arability between known and unknown samples. To promote

ACunknown =



intra-class compactness, we use the following center loss to
further separate the feature vectors of different classes as

cyc

Y

center =

where ¢¥" is the center vector corresponding to the ¢-th
sample’s true label. Then, each category center is dynami-
cally updated during training to better reflect the sample dis-
tribution of its corresponding category, described as

£ () =5) (e - 5)
1+Zz 1 (yc)_J)

where AcV€C the update amount for the center of category
7, 0(+) is an indicator function that takes the value 1 when the
i-th sample belongs to category j; otherwise, 0. Meanwhile,
the center vectors of each class are adjusted by the calculated

()
—AcY), where cz;w
o

updated center vectors, while c” - 1s the old center vectors.

At last, we train the unfolding network (8) by combining
these losses to augment perception as

AcWEC —

, (12)

NO) NO)
update amounts as e, — cyc is the

Etotal = Eknawn + A1£uxnk:nawn + A2£center7 (13)

where \; and )\ are two trade-off parameters. The contribu-
tion of training regime (13) to OpenViewer’s generalization
is twofold: 1) From a feature correspondence perspective, it
ensures that known parts elicit a strong response, while un-
due confidences of pseudo-unknown are suppressed to a low
response; 2) From an entropy perspective, it reduces the en-
tropy of known to augment discrimination, while increasing
the entropy of pseudo-unknown to ensure that they have low
confidence in being classified as known, thereby further re-
inforcing the recognition of unknown. OpenViewer can be
summarized as Algorithm 1 in Appendix.

Main Theoretical Presentation and Analysis

Theorem 1. (Interpretability Boundary) If each sub-
module is convergent, then the stacked deep unfolding net-
work consisting of all modules is bounded.

Remark 1. Supported by Theorem 1, the interpretable
deep unfolding network (8) will be bounded regardless
of the initial multi-view cases with known and pseudo-
unknown, indicating that information from different views
can be reasonably integrated and interpreted in mixed sce-
narios, thereby improving the trustworthiness.

Theorem 2. (Generalization Support) For the fixed step
size (i.e., n: = n)asT — oo, and given the existing up-
per boundary €, the difference L — L* generalizes to I

with a convergence rate O(1/T).
Remark 2. Theorem 2 theoretically ensures that Open-
Viewer maintains stable generalization by learning a true

2
distribution within a convergence radius of ‘- and a con-
vergence rate O(1/T), even when encountering unknown.
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Datasets || #Samples | # Views | # Feature Dimensions | # Classes

Animals 10,158 2 4,096/4,096 50
2,688/2,000/252/

AWA 30475 6 2.000/2,000/2,000 30
NUSWIDEOBJ || 30,000 5 65/226/145/74/129 31
VGGFace2-50 || 34.027 4 044/576/512/640 50

ESP-Game 11,032 2 100/100 7
NUSWIDE20k || 20,000 2 100/100 8

Table 1: A brief description of the tested datasets.

Complexity. The time complexity of OpenViewer with
L layers costs O ((NC(C+D,+V)+C?D,)L),
and the space complexity of OpenViewer denotes
O (N(D, + C)V). Additional proofs and details of the
main theories and complexity can be found in Appendix.

Experiments and Studies

Datasets, Compared Methods, and Evaluation Metric.
We conduct experiments in challenging open-environment
classification tasks under six well-known multi-view
datasets. This includes two scenarios: 1) Animals, AWA,
NUSWIDEOBJ, and VGGFace2-50 datasets contain dif-
ferent manual and deep features; 2) ESP-Game and
NUSWIDE20k datasets include various vision and language
features. The statistics of these datasets are summarized in
Table 1 (details in Appendix). Moreover, to simulate the
performance of OpenViewer in open-environment, we also
utilize the concept of openness (Scheirer et al. 2012) to di-
vide known and unknown categories of multi-view datasets.
Meanwhile, the dataset is partitioned as follows: 10% of the
known class samples are allocated for training, another 10%
for validation, and the rest 80% for testing.

Due to the limited exploration of related open multi-view
learning tasks, we drew on backbone networks from other
different multi-view tasks as compared methods (details in
Appendix), including: MvNNcor (Xu et al. 2020), TMC
(Han et al. 2021), MMDynamics (Han et al. 2022), IMvGCN
(Wu et al. 2023), LGCN-FF (Chen et al. 2023), ORLNet
(Fang et al. 2024a), and RCML (Xu et al. 2024a).

To estimate recognition performance effectively, the
Open-Set Classification Rate (OSCR) (Dhamija, Giinther,
and Boult 2018) is adopted as metrics, consisting of Correct
Classification Rate (CCR) and False Positive Rate (FPR).

Experimental Setups. OpenViewer is implemented using
the PyTorch on an NVIDIA GeForce RTX 4080 GPU with
16GB of memory. We train OpenViewer for 100 epochs with
a batch size of 50, a learning rate of 0.01, £ = 5, and \;
and \; selected from {1072,5x 1073, --- | 10°}. The num-
ber of unfolding layers is set to L = 1 as suggested in Ap-
pendix Fig. 3, balancing complexity and efficiency while
preserving interpretable expression-enhanced capabilities.
The ablation-models (Appendix Table 1) are OpenSViewer
(w/o CD-Module and DN-Module) and OpenSDViewer
(w/o DN-Module) using for self-verification.

Experimental Results. We present the overall OSCR
curve results of all multi-view learning methods in classi-
fication under the condition of openness = 0.1, as shown in
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Figure 4: OSCR curves plotting the CCR over FPR on all test multi-view datasets for all compared methods.
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Figure 6: The heatmaps on feature, redundancy-free, noise and fusion matrices with w; = 0.5132 and wy = 0.4868 of Animals.

Fig. 4, from which we observe: Intuitively, OpenViewer (red
solid line) outperforms other methods (colored dashed lines)
across all cases, whether on multi-feature or multi-modal
datasets. Although some multi-view methods, such as TMC
and RCML, occasionally outperform OpenViewer in spe-
cific cases, it demonstrates more stable performance across
all scenarios. Finally, OpenViewer’s effective balance across
different FPR and CCR results in outstanding performance.
On one hand, this may be attributed to the effective enhance-
ment of both known and unknown expression through in-
terpretable integration, such as the multi-feature expression
enhancement seen with VGGFace2-50. On the other hand,
the pseudo-unknown mechanism and perception-augmented
loss contribute to significant confidence differentiation, as
depicted in Fig. 6 (g) for Animals. Moreover, Fig. 5 (all in
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Appendix Fig. 1) indicates that OpenViewer achieves the
highest separation between different categories and minimal
overlap between unknown and known categories. Addition-
ally, Fig. 6 clearly demonstrates the impact of functional-
ized priors in OpenViewer. Original features exhibit comple-
mentary information but also contain redundancy, noise, and
inappropriate confidences. Whereas OpenViewer effectively
filters relevant features and noise, and suppresses inappro-
priate confidences for unknown (the red box). Ultimately,
the complementary fusion effectively enhances expression
with a clean diagonalized structure, revealing high response
for known and low response for unknown.

Ablation Study. To verify that each module and loss term
contributes to address openness challenges, we conduct ab-
lation experiments. First, when we comprehensively exam-
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Figure 8: Parameter sensitivity of A1, Ao, and loss behaviors.

ine the variants OpenSViewer, OpenSDViewer, and Open-
Viewer portrayed in Fig. 4 and Fig. 5 (Appendix Fig. 1), we
can excitedly discover that the addition of each interpretable
module promotes performance improvement and effective
separation of samples. For example, after adding the di-
versity noise processing module (DN-Module), the perfor-
mance of ESP-Game improved from 42.56% to 58.65%,
with increased inter-class separability between known and
unknown. This improvement can be attributed to the removal
of multi-view noise, which enhances feature expression.
Furthermore, Fig. 7 (a) highlights the generalized contribu-
tions of all loss components. From this, their combination
can promote the model’s generalization by distinguishing
between normal known and undue unknown confidences.
Fig. 7 (b) depicts that training regime accentuates differ-
ences in confidence scores between known and unknown
distributions of Animals, aiding in recognition. Specifically,
the unknown loss enhances sample discrimination, while the
center loss promotes intra-class compactness.

Parameter Sensitivity Analysis. First, Fig. 7 (c) reveals
when the parameter £ is set to 5, the feature range is ade-
quate to effectively distinguish. However, when this value
is exceeded, the wider feature range causes overlap among
known classes, leading to a decline in overall performance.
Second, Fig. 8 (a)-(b) (all in Appendix Fig. 4) illustrates
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the parameter sensitivity of OpenViewer on two representa-
tive datasets in terms of Ay and A, of loss (13). The model
performance is generally robust in most cases, but it col-
lapses when A, becomes too large, causing all samples to
provide meaningless confidences across all classes, with no
clear winning class. Finally, we showcase Fig. 8 (c) to eluci-
date the behaviors between loss values and training epochs.
The curve displays that after 100 training epochs, the loss
value stabilizes, indicating convergence and underscoring its
stability, as depicted in Theoretical Analysis.

Conclusion and Future Work

In this paper, we proposed OpenViewer to address the
openness challenges in open-settings. OpenViewer began
with a pseudo-unknown sample generation mechanism to
previously adapt to unknown, followed by a multi-view
expression-enhanced deep unfolding network to offer a
more interpretable integration mechanism. Additionally,
OpenViewer employed a perception-augmented open-set
training regime to improve generalization between known
and unknown classes. Extensive experiments on diverse
multi-view datasets showed that OpenViewer outperformed
existing methods in recognition while effectively tackling
openness challenges. In future work, we will explore more
sophisticated openness-aware circumstances based multi-
view learning, including heterogeneous or incomplete data.
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