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Abstract. The current deep neural networks (DNNs) in mimicking
human perception remain challenges for solving visual reasoning tasks.
Human perception does not merely involve a passive observer label-
ing sensory signals, but also contains an active inference about object
attributes and their relationships towards an intended output (e.g., an
action). In this work, we propose a variational autoencoder (VAE) model
to discriminate the ranking relationships between object attribute val-
ues by semi-supervised contrastive learning, dubbed as SSCL-VAE. This
perception-based model solves the visual reasoning task of Raven’s Pro-
gressive Matrices (RPM) in three benchmarks (RAVEN, I-RAVEN and
RAVEN-Fair), with high accuracy close to humans, as well as many end-
to-end supervised models. The current work thus suggests that construc-
tions of general cognitive abilities like human perception may empower
the perceptron with DNN to solve high-level cognitive tasks such as
abstract visual reasoning in a human-like manner.

Keywords: Perception - Inference - Contrastive learning -
Semi-supervised * Autoencoder

1 Introduction

Deep neural networks (DNNs) by end-to-end supervised learning have achieved
great success in visual categorizing, but are not versatile for visual reasoning
[1-3]. The critical feature in abstract visual reasoning tasks, such as Raven’s
Progressive Matrices (RPMs) [4], is that the rules governing a sequence of enti-
ties are semantically defined by their spatiotemporal relations [5]. Learning these
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semantic relationships by supervisions is not straightforward. Even a number of
end-to-end supervised DNN models have been developed to achieve high perfor-
mance in solving RPMs [1-3,6-8], these models lack interpretability and gener-
alizability. Thus far, it remains challenging for DNNs to behave like humans in
solving such visual reasoning tasks [9,10].

150 years ago, Dr. von Helmholtz addressed that the properties of the
external world are not directly provided by sensory inputs, but are probably
inferred through human hierarchic neural processes [11]. Perception is based on
higher-order features and their relationships, rather than locally defined features,
related to the stimulus. Indeed, these attributes are mixed together and must be
disentangled to make explicit percepts [12,13].

Differing from the current DNN methods that need to learn from scratch
the associations between the contexts and the supervised labels with a huge
number of samples, humans do not rely on such domain-specific knowledge or
experiences in RPMs, but their prior general cognitive abilities in recognition of
object attributes and their relationships. Although humans at a very early stage
of life have no such a concept of semantics and symbols, they can recognize vari-
eties of objects [14], and comprehend simple rules governing the world and apply
these rules to new contexts [15]. Importantly, the object attribute representa-
tions in the human brain are unique and invariant in different contexts [16,17],
and the context-dependent relationships between attributes among the objects
are implicitly inferred [11]. For instance, we recognize the same color of ‘green’
from different objects and further recognize that the ‘green’ color looks lighter
than the ‘red’ color, but darker than the ‘cyan’ color.

Inspired by these insights from human perception, we move a step further
towards visual reasoning ability of artificial intelligence (AI) on the basis of the
general cognitive abilities in object perception as humans do. In this work, we
propose a variational autoencoder (VAE) model for visual perception by semi-
supervised contrastive learning (SSCL), dubbed as SSCL-VAE. The motivation
of the SSCL method is to make embeddings of the same attribute from different
objects are close to each other while embeddings of different attributes are sep-
arated away from each other [18]. Rule logic execution in this model follows the
approach of probabilistic abduction and execution (PrAE) model [19], in which
the inference engine aggregates distributed representations of a set of object
attributes in the context panels to infer a posterior probabilistic representation
of the target panel. Notably, the PrAE model is originally trained by supervisions
of both the correct and incorrect answers, and also the ground truths of rules
(metadata) contained in each RPM problem as auxiliary annotations. In this
work, without these ample supervisions, SSCL-VAE merely enforces human-like
perceptual abilities, in particular, the ability of qualitative comparisons between
object attribute values from the different objects in the context sets, but not
the answer sets. The proposed model obtains accuracies as high as humans,
and many of the previous supervised models in solving RPMs in three bench-
marks. Importantly, we demonstrate that constructions of human-like perception
abilities on DNNs can empower Al such a capability of solving abstract visual
reasoning in a human-like manner. To the best of our knowledge, this has not
yet been explored in the domain of visual reasoning tasks.
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2 Related Work

2.1 Object Representations

Recognition of object attributes is critical to solve visual reasoning tasks, as the
latent relations, namely rules, that govern the context of instance are defined
by these visual features. DNNs are believed to versatilely fit any desired func-
tion with a constraint of the loss function. However, the embeddings of latent
attributes are too flexible to comply well with the semantics of object attributes
that are used in these tasks, such as types, sizes, and colors in the RAVEN
dataset [1-3,6-8]. Instead, the object attributes are often blended in the latent
embeddings. Recently, variational autoencoder (VAE) [20-22] and neural-vector
[23] models have been proposed to build stable representations and to disentan-
gle the blended representations of object attributes. A straightforward approach
to parcel objects into desired attribute representations is to use the metadata
of object attributes as auxiliary annotations to train the perception module.
However, the prior annotations are needed to label by humans. In image recog-
nitions, SSCL has been used to discover better representations by comparing
the relationship representations from the same or different attributes [18,24].
We here leverage this method in cooperation with a VAE model to shape the
latent embeddings, in order to enable the model to have simple relational infer-
ence capabilities. This proposed model thus constrains the representations of the
same attribute to be invariant across different objects, importantly complying
with the rankings of attribute values too.

2.2 Visual Reasoning

Most of supervised models designed to solve visual reasoning tasks mainly focus
on the visual reasoning process [1-3,6-8], as the baselines of DNNs fails to solve
these high-level cognitive tasks. A common motivation for visual reasoning mod-
els is to learn relational representations of latent rules by maximizing similarity
between analogical relations and minimizing similarity between non-analogical
relations [2,3,25-29]. This is achieved by comparing the relational representa-
tions with correct and incorrect answers. In striking contrast, the proposed model
here embeds the relational representations in the perception module.

2.3 Neuro-symbolic Models

Unlike the monolithic DNN models, the neuro-symbolic models are composed
of a perception module at the frontend and an inference module at the backend
[3,30-32]. Nonetheless, it remains challenging to train the neuro-symbolic models
with the end-to-end supervised training form. Thereby, auxiliary annotations of
the latent rules are additionally used to constrain the rule representations in the
PrAE model [19]. Although the currently proposed model partially shares the
inference engine with the PrAE model, we here use SSCL to train the visual
perception module alone. Semi-supervised learning (SSL) has been also used to
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solve visual reasoning tasks, such as RPMs [6,33]. However, the conventional
SSL combines a large number size of labeled data and a small number size of
unlabeled data. In contrast, SSCL used here has no concrete labels, but the pair-
wise rankings that are partially supervised. For this reason, the current method
is also called semi-supervised.

3 Methods

In the RAVEN dataset [35,36], each problem consists of 9 panels in a form of
3 x 3 matrix with 8 context panels and a missing panel at the last panel. The
goal of the task is to find out one from 8 candidate panels that completes the
matrix with satisfactions of the row-wise latent rules governing the organization
of object attributes Fig. 1. Besides, there are 7 configurations [Center, Left-Right
(L-R), Upper-Down (U-D), 2 x 2 Grid, 3 x 3 Grid, Out-In Center (O-IC), Out-In
Grid (O-IG)] in the RAVEN dataset. In different configurations, objects in panels
are organized differently. We train an independent model for each configuration.

Overall, the task requires two independent cognitive abilities of object per-
ception and rule inference. If perception on object attributes is perfect, then
the process of identifying the latent rules becomes plain, an exhaustive search
within the rule space in a finite set [36]. Differing from the visual perception
tasks, the object attributes are also latent in visual reasoning tasks, but are con-
ventionally required to infer from the spatiotemporal relations from the context
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Fig. 1. Description of SSCL-VAE model. (A) The representative examples of semi-
supervised contrastive learning in the equality and ranking methods, respectively. (B)
A schematic of the model architecture. Please see the main text for details.
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in each instance. In other words, both the object attributes and rules remain to
be identified. This is hard to implement in DNNs, and also remains challenging
for the neuro-symbolic models. The novelty of SSCL-VAE here mainly focuses
on the learning approach, rather than the DNN architecture (Fig.1).

3.1 Object-Based Variational Autoencoder

We use VAE as the backbone of the visual perception module. VAE consists of
an encoder that maps the visual inputs to latent representations and a decoder
that is required to reconstruct the input images reversely from the latent repre-
sentations. We first take each object in each panel as the input and pretrain the
VAE with the loss as follows,

Lossyag, = Y (|2 = &ll2 + Dic (N (112, a2 IN(0, 1)) ) (1)
with D (pllg) = _ pi(log(p:) — log(a:)), (2)
where 2 is the input (original) image, & is the reconstructed image, ||-|| means L2

norm, Dy, means Kullback-Leibler divergence, and N (u,0?) means Gaussian
distribution with the mean p and standard deviation o.

The requirement of reconstruction ensures plenty of information in the latent
embeddings of objects and also helps to stabilize the representations in later
training. In the configuration such as 2 x 2 Grid, there may exist multiple objects
in a panel. We then try to capture all the objects by selecting regions of interest,
though the existence of objects in regions is not guaranteed.

3.2 Attribute Discrimination

Differing from the conventional VAE for image reconstruction, the visual per-
ception module is additionally required to discriminate the object attributes,
such as type, size and color in RPMs. To do so, we add an additional multi-layer
perceptron (MLP) for each attribute to transform the latent embeddings in VAE
into the distributed probabilities belonging to the separate attribute values, in
which the dimension of type, size and color attribute is 5, 6 and 10, respectively.
To train the MLP and finetune the encoder of VAE, we use the information
of metadata of object attributes as auxiliary annotations. However, instead of
the exact labels, we train the model to acquire two common-sense knowledge on
these visual attributes. First, the model is trained to know whether the values
of the same attribute from any pair of objects are equivalent or not. In other
words, the representations of visual attributes in the model are unique and invari-
ant across different objects. We here denote this ability of visual perception as
equality. Obviously, this ability cannot discriminate the relationships between
the attribute values. Second, the model is further trained to know the intrinsic
orders or rankings of the values of the same attribute from two different objects.
In other words, the model acquires the ability to comprehend the relationships
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between the attribute values. We here denote this ability of visual perception as
ranking. To allow the model to acquire these abilities, we leverage contrastive
learning to make pair-wise comparisons between any two objects within each
RPM instance. For instance, the model is informed that two objects in an RPM
instance share the same color attribute, and further which one has a lighter color,
but not the exact color value in the metadata. To be specific, the corresponding
loss can be formulated as:

Loss, = Z Z DJSD(SZ(»;L’“), dz(?’a)), a € {type, size, color} (3)

n=11,j=1
with s> = {P™ > 1), Pai™ = 1), P <)1)

dl(;L,a) _ {P(yl(n,a) > y(n,a))7P(y£n,a) _ y(n,a))7p(y(n,a) < y(n,a))} (5)

J J ? J

p—i—q) p—i—q) (6)

Dysp(p.q) = *DKL(PH + DKL(QH

where N is the training batch size, Djgp means Jensen-Shannon divergence,
ygn’a), lg"’a) are the predicted and ground-truth label of attribute a of the ith
object in the nth RPM respectively. Here, only existing objects in each panel
are used for training.

On the other hand, the input images may contain no objects, such as in
the 2 x 2 Grid configuration. Hence, the model needs to discern the existence of
objects. We add a MLP for the attribute of existence as well. For the sake of
simplicity, we use negative log-likelihood loss that counts whether there exists

an object. In total, the loss is expressed as follows,

Loss = LosSegist + L08Stype + L08Ss;2¢ + LOSScotor (7)

3.3 Rule Inference

In the current model, the rule inference module is independent of the visual
perception module. Specifically, we implement non-symbolic inference using the
rule inference engine as used in the PrAE model [17], in which the probabilities
of object attributes are aggregated to obtain the probabilities of panel attributes.

2o 108(15y;) €xiston;
ppanel Z Pezist - €XP ( . O.] (8)

> existoy,

exist

where p is a probability vector, exist is a binary vector describing the existence
of objects.

For each object attribute, the model calculates the probabilities of the poten-
tial rules based on the probabilities of panel attributes, and the rule with maxi-
mum normalized probability is chosen to be the predicted rule. Hence, the rule
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inference model cannot discover new rules, but discriminates the prior rule can-
didates, with an assumption that the model has full knowledge of the potential
rules.

Specifically, for attribute a, the probabilistic representation of the rule can be
obtained by calculating the hadamard-product of the attribute representation
and the rule mask,

P(r)= Z Z (P1,P2: D35 v D) T © M (9)

Memask(r) all elements

where p is a probability vector, M is a rule mask composed of 0, 1, and each
column represents the attribute representation of each panel under a certain
rule.

While the normalization process of rule probabilities can be formulated as
follows,

P(r)
ZT'EE P(T/)

where E denotes the set of potential rules.

Prorm(r) = (10)

3.4 Answer Generation

Finally, the model predicts the potential rules of each attribute containing in
RAVEN through the rule inference engine and generates an aggregated prob-
ability distribution of attributes in the target panel (Fig.1). Meanwhile, the
aggregated probability distributions of attributes for the candidate panels are
also computed by the visual perception module. We then compare the Jensen-
Shannon divergence (JSD) between the generated attribute probability distri-
butions with those of the candidates. The candidate with smallest divergence is
then selected as the answer. This process is similar to the supervised contrastive
learning approach used in the previous studies of CoPINet [3] and PrAE [19].

4 Experiments

4.1 Experimental Setup

We test SSCL-VAE in the RAVEN dataset including three benchmarks of
RAVEN [36], I-RAVEN and RAVEN-Fair. The three benchmarks share the same
problem contexts, but different candidate sets. We then use the same training
model to test its performance in the three benchmarks. We separately train
the models for the 7 different RAVEN configurations. We train our model on
6,000 samples in the training dataset and test the model on 2,000 samples in
the testing dataset for each configuration, while the validation dataset is not
used. The training procedure is separated into two phases. First, we pretrain
VAE with 50 neurons in the latent layer to represent the visual images for 100
epochs. In order to better achieve the reconstruction effect, the learning rate of
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ADAM optimizer is set to 0.001. Second, we simultaneously train both VAE and
MLP to discriminate the attribute values for 100 epochs and the learning rate
of the ADAM optimizer is set to 0.01. The batch size is 256 in both phases. The
inputs of the object images (160 x 160) are resized to 32 x 32. Further, we also
test the proposed model on the MNIST benchmark [37]. We train the model
on 60,000 samples in the training dataset, and test on 10,000 samples in the
testing dataset. The input size of the images is 28 x 28, and the batch size is
also 256. All the models are implemented in PyTorch and runned with Intel(R)
Xeon(R) Platinum 8272CL CPUs and NVIDIA Geforce RTX 3090 Founders
Edition GPUs.

Table 1. Average accuracy (%) of different models.

Methods Avg Center 2x2 3x3 L-R U-D O-IC O-I1G
RAVEN Equality 39.4 37.4 61.5 33.4 37.4 32.9 28.8 34.4

Ranking | 80.1(+40.7) | 89.3(+51.9) | 82.3(+20.8) | 76.3(+42.9) | 88.8(+51.4) | 88.3(+55.4) | 72.0(+43.2) | 63.9(+19.5)

Full 91.9 91.8 93.4 91.2 99.8 89.0 97.4 86.6

PrAE [19] 828 100.0 84.4 38.7% 95.2 95.9 96.0 69.5
I-RAVEN Equality 53.4 49.9 67.8 38.8 58.3 55.8 47.3 56.0

Ranking | 85.9(+32.5) | 92.6(4+42.7) | 85.2(+17.4) | 81.9(+43.1) | 92.3(+34.0) | 91.9(+36.1) | 84.5(+37.2) | 72.8(+16.8)

Full 94.4 95.0 95.6 95.1 100.0 92.9 99.0 90.8

PrAE [19] | 87.8 100.0 87.5 55.5¢ 97.6 98.1 98.4 78.0
RAVEN-Fair | Equality 58.5 56.2 72.7 54.3 59.2 57.0 474 62.9

Ranking | 88.3(+29.8) | 94.0(+37.8) | 87.0(+14.3) | 84.5(+30.2) | 94.6(+35.4) | 93.8(+36.8) | 83.8(+36.4) | 80.2(+17.3)

Full 95.6 96.2 95.8 95.7 100.0 94.7 99.0 93.3

PrAE [19] |90.0 100.0 92.4 58.0¢ 98.0 98.8 98.3 84.8

Human [36] | 84.4 95.4 81.8 79.5 86.4 81.8 86.4 81.8

# 3 x 3 Grid is calculated by the training model of 2 x 2 Grid.

4.2 Evaluation of General Performance in Three Benchmarks

We first evaluate SSCL-VAE performance in the three benchmarks of RAVEN,
I-RAVEN and RAVEN-Fair in comparison with different models that use dif-
ferent sources of metadata. The equality method means that the model has
unique and invariant representations of attributes, and the ranking method
means that the model can further infer the pair-wise relationships among the
same attribute, while the full method means that the model uses the concrete
labels of attribute metadata for training the model. We also compare with the
PrAE model in I-RAVEN [19], as our model share the rule inference engine with
PrAE. Table 1 shows the accuracies of different models. On average, the ranking
method achieves accuracies 41%, 32% and 30% higher than the equality method
in RAVEN, I-RAVEN and RAVEN-Fair, respectively, although lower than the
full method with the detailed labels of metadata of visual attributes. In contrast,
the PrAE model that alternatively uses the metadata labels of rules and the cor-
rect and incorrect answer panels as supervisions only achieves marginally better
performance than the ranking method. Hence, preposition of attribute relation-
ships in the frontend perception module, or rendering inductive inference to the
perception module, makes it available for rule inference, close to humans’ per-
formance (Table1). However, simple attribute separation in visual perception
(the equality method) are insufficient to acquire such an inference ability. These



Visual Perception Inference on RPMs by SSCL-VAE 407

results illustrate the reason why end-to-end supervised-learning DNNs are not
versatile for visual reasoning tasks.

4.3 Evaluation of Attribute and Rule Representations

To appreciate the benefits of the ranking method in comparison with the equality
method, we evaluate their attribute representations and rule representations. As
much expected, the representations of entities of each attribute (type, size and
color) do not necessarily match the actual entities, although these representations
are unique and invariant across objects (Fig.2A upper). In particular, these
representations are not consistent across different configurations. In contrast,
the attribute representations in the ranking method considerably align well with
the ground truths of the order of attribute values in each category, even across
different configurations (Fig. 2A bottom). Accordingly, the rule representations
in the equality method are also inconsistent with the true rules (Fig. 2B upper).
Please keep in mind that the rules are entirely defined by the attribute values.
However, those representations in the ranking method largely align well with
the ground truths (Fig. 2B bottom). Hence, the local rankings result in global
match with the true order of attribute values, which in turn provides accurate
predicted rule simply by aggregations of distributed probabilities of attributes
across the context panels.

Fig. 2. The representations of object attributes and rules across all of the RAVEN
configurations. (A) The confusion matrix between the predicted attribute values and
ground truths. (B) The confusion matrix between the predicted rule values and ground
truths.

4.4 Evaluations of Generalizability

We further evaluate the generalizability of our proposed model in solving I-
RAVEN as examples. First, we evaluate cross-configuration generalizability for
our model using the ranking method. The models trained in the configurations
of Center, L-R, U-D and O-IC can solve the problems in the other simple config-
urations, but not on the configurations of the 2 x 2 Grid, 3 x 3 Grid, and O-IG.
In contrast, the models trained in the configurations of the 2 x 2 Grid, 3 x 3
Grid, and O-IG can fairly transfer to solve the problems in other configurations
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(Fig.3). The cross-configuration generalizability using the ranking method is
similar as that using the full labels of metadata (Fig. 3). Second, we examine the
performance dependent on the training sample size. Figure 4 illustrates that the
ranking model is not so much sensitive to the training sample sizes (red line)
when the training sample size is larger than 2,000, while the metadata model
remains stable until the training sample size is no less than 1,000.

4.5 MNIST

Finally, we test the proposed models also on the MNIST benchmark (Fig.5A).
The performance by the equality method is close to the chance level (10%),
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Fig. 5. The performance of the two models on the MNIST dataset.(A) Visualization
of the MNIST dataset.(B) Accuracy (%) of different models. (C) The confusion matrix
between the predicted attribute values and ground truths.
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while that by the ranking method is as high as 99.1%, as same as the full meta-
data method (Fig.5B). Again, although the entities are uniquely and invariantly
represented in the equality method, the distributed representations are not con-
sistent with the ground truths (Fig. 5C upper). Instead, the representations by
the ranking method are aligned well with the ground truths (Fig.5C bottom).
Hence, the SSCL-VAE model may have broad applications in visual perception,
including both visual categorizing and visual reasoning.

5 Conclusion

In this paper we present SSCL-VAE, a semi-supervised model that obtains high
performance on three RAVEN benchmarks involving abstract visual reasoning.
The previous supervised learning on DNNs is dependent on the task-specific
knowledge from the answers and auxiliary annotations, and also mainly focus
on the rule inference module in the backend. By contrast, SSCL-VAE provides
an approach to establish the general cognitive abilities in human perception, but
not task-specific knowledge [9,10,38]. Thereby, it has strong robustness even for
small sample size for training and generalizability for cross-configuration tests.
Importantly, the current model empowers the general perception abilities, in
particular, the inference on the relations between visual attributes, and enables
non-symbolic inference with interpretability. The simplicity of this approach,
we believe, should afford its broad applications in solving other spatiotemporal
reasoning tasks [38,39].

The current model of SSCL-VAE also has some important limitations
deserved to be improved. First, SSCL needs partial information of metadata,
which is sometimes hard to access. It might be improved by self-supervised
method, rather than semi-supervised approach. Self-supervised contrastive learn-
ing has been broadly applied in computer vision [18,24], natural language pro-
cessing (NLP) [40,41], and other domains. Second, the model can be trained
by independent objects and tasks to construct its general cognitive abilities in
object perception including inductive inference. It remains to explore this poten-
tial by training independent tasks and testing on other independent tasks. Third,
more general cognitive abilities and higher-level cognitive function can be fur-
ther incorporated into the model to provide more versatile intelligent abilities in
solving complex tasks.

Acknowledgments. We thank Dr. Bo Hong’s discussions, inspirations and com-
ments. This work was partially supported by grants from the National Science and
Technology Innovation 2030 Project of China to Xiachong Wan (2021ZD0203701).



410

A. Yin et al.

References

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

. Hoshen, D., Werman, M.: IQ of neural networks. arXiv preprint arXiv:1710.01692

(2017)

. Barrett, D., Hill, F., Santoro, A., Morcos, A., Lillicrap, T.: Measuring abstract

reasoning in neural networks. In: International Conference on Machine Learning,
pp- 511-520. PMLR (2018)

Zhang, C., Jia, B., Gao, F., Zhu, Y., Lu, H., Zhu, S.-C.: Learning perceptual
inference by contrasting. In: Advances in Neural Information Processing Systems,
pp. 1075-1087 (2019)

Raven, J., Court, J., Raven, J.: Raven’s Progressive Matrices. Oxford Psychologists
Press, Oxford (1938)

Lovett, A., Forbus, K., Usher, J.: Analogy with qualitative spatial representations
can simulate solving raven’s progressive matrices. In: Proceedings of the Annual
Meeting of the Cognitive Science Society, vol. 29, no. 29 (2007)

Zhuo, T., Kankanhalli, M.: Solving Raven’s progressive matrices with neural net-
works. arXiv preprint arXiv:2002.01646 (2020)

. Mandziuk, J., Zychowski, A.: DeeplQ: a human-inspired Al system for solving

IQ test problems. In: 2019 International Joint Conference on Neural Networks
(IJCNN), pp. 1-8. IEEE (2019)

Zhuo, T., Kankanhalli, M.: Effective abstract reasoning with dual-contrast network.
In: International Conference on Learning Representations (ICLR) (2021)

Marcus, G., Davis, E.: Insights for AI from the human mind. Commun. ACM 64,
38—41 (2020)

Fodor, A., WPylyshyn, Z., et al.: Connectionism and cognitive architecture: a
critical analysis. Cognition 28(1-2), 3-71 (1988)

von Helmholtz, H.: The aim and progress of physical science. In: Kahl, R. (ed.)
Selected Writings of Hermann von Helmholtz, pp. 223-245. Wesleyan University
Press, Middletown (Originally Published 1869) (1971)

Knill, D.C., Richards, W.: Perception as Bayesian inference. Cambridge University
Press, Cambridge (1996)

DiCarlo, J.J., Cox, D.D.: Untangling invariant object recognition. Trends Cogn.
Sci. 11(8), 333-341 (2007)

Spelke, E.S.: Principles of object perception. Cogn. Sci. 14(1), 29-56 (1990)
Gopnik, A., Glymour, C., Sobel, D.M., Schulz, L.E., Kushnir, T., Danks, D.: A
theory of causal learning in children: causal maps and Bayes nets. Psychol. Rev.
111(1), 3-32 (2004)

Li, N., Dicarlo, J.: Unsupervised natural experience rapidly alters invariant object
representation in visual cortex. Science, 1502-1507 (2008)

Mansouri, F.A., Freedman, D.J., Buckley, M.J.: Emergence of abstract rules in the
primate brain. Nat. Rev. Neurosci. 21, 596-610 (2020)

Chen, T., Kornblith, S., Norouzi, M., Hinton, G.: A simple framework for con-
trastive learning of visual representations. In: International Conference on Machine
Learning, pp. 1597-1607. PMLR (2020)

Zhang, C., Jia, B., Zhu, S.-C., Zhu, Y.: Abstract spatial-temporal reasoning via
probabilistic abduction and execution. In: Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition, pp. 9736-9746 (2021)
Kingma, D.P., Welling, M.: Auto-encoding variational Bayes. In: International
Conference on Learning Representations (ICLR) (2013)


http://arxiv.org/abs/1710.01692
http://arxiv.org/abs/2002.01646

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Visual Perception Inference on RPMs by SSCL-VAE 411

Higgins, 1., et al.: betavae: Learning basic visual concepts with a constrained
variational framework. In: International Conference on Learning Representations
(ICLR) (2017)

Burgess, C.P., Higgins, 1., Pal, A., Matthey, L., Watters, N., Desjardins, G., Ler-
chner, A.: Understanding disentangling in VAE. arXiv preprint arXiv:1804.03599
(2018)

Hersche, M., Zeqiri, M., Benini, L., Sebastian, A., Rahumi, A.: A neuro-vector-
symbolic architecture for solving Raven’s progressive matrices. https://arxiv.org/
abs/2203.04571v1

He, K., Fan, H., Wu, Y., Xie, S., Girshick, R.: Momentum contrast for unsupervised
visual representation learning. In: Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pp. 9729-9738 (2020)

Jahrens, M., Martinetz, T.: Solving Raven’s progressive matrices with multi-layer
relation networks. In: 2020 International Joint Conference on Neural Networks
(IJCNN), pp. 1-6. IEEE (2020)

Malkinski, M., Mandziuk, J.: Multi-label contrastive learning for abstract visual
reasoning. arXiv preprint arXiv:2012.01944 (2020)

Wu, Y., Dong, H., Grosse, R., Ba, J.: The Scattering Compositional Learner:
Discovering Objects, Attributes, Relationships in Analogical Reasoning. arXiv
preprint arXiv:2007.04212 (2020)

Kiat, N.Q.W., Wang, D., Jamnik, M.: Pairwise relations discriminator for unsu-
pervised Raven’s progressive matrices. arXiv preprint arXiv:2011.01306 (2020)
Kim, Y., Shin, J., Yang, E., Hwang, S.J.: Few-shot visual reasoning with meta-
analogical contrastive learning. In: Advances in Neural Information Processing
Systems, vol. 33 (2020)

Yi, K., et al.: CLEVRER: collision events for video representation and reasoning.
In: International Conference on Learning Representations (2020)

Mao, J., Gan, C., Kohli, P., Tenenbaum, J.B., Wu, J.: The neuro-symbolic concept
learner: interpreting scenes, words, and sentences from natural supervision. In:
International Conference on Learning Representations (ICLR) (2019)

Ding, M., Chen, Z., Du, T., Luo, P., Tenenbaum, J.B., Gan, C.: Dynamic visual
reasoning by learning differentiable physics models from video and language. In:
Advances in Neural Information Processing Systems, vol. 35 (2021)

Tarvainen, A., Valpola, H.: Mean teachers are better role models: weight-averaged
consistency targets improve semi-supervised deep learning results. In: Advances in
Neural Information Processing Systems (2017)

Berthelot, D., Carlini, N., Goodfellow, 1., Oliver, A., Papern, N., Raffel, C.: Mix-
Match: a holistic approach to semi-supervised learning. In: Advances in Neural
Information Processing Systems (2019)

Matzen, L.E., Benz, Z.0., Dixon, K.R., Posey, J., Kroger, J.K., Speed, A.E.: Recre-
ating Raven’s: software for systematically generating large numbers of ravenlike
matrix problems with normed properties. Behav. Res. Methods 42(2), 525-541
(2010)

Zhang, C., Gao, F., Jia, B., Zhu, Y., Zhu, S.-C.: Raven: a dataset for relational and
analogical visual reasoning. In: Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, pp. 5317-5327 (2019)

LeCun, Y., Bottou, L., Bengio, Y., Haffner, P.: Gradient-based learning applied to
document recognition. Proc. IEEE 86(11), 2278-2324 (1998)

Chollet, F.: On the measure of intelligence. arXiv preprint arXiv:1911.01547 (2019)


http://arxiv.org/abs/1804.03599
https://arxiv.org/abs/2203.04571v1
https://arxiv.org/abs/2203.04571v1
http://arxiv.org/abs/2012.01944
http://arxiv.org/abs/2007.04212
http://arxiv.org/abs/2011.01306
http://arxiv.org/abs/1911.01547

412

39.

40.

41.

A. Yin et al.

Spratley, S., Ehinger, K., Miller, T.: A closer look at generalisation in RAVEN. In:
Vedaldi, A., Bischof, H., Brox, T., Frahm, J.-M. (eds.) ECCV 2020. LNCS, vol.
12372, pp. 601-616. Springer, Cham (2020). https://doi.org/10.1007/978-3-030-
58583-9_36

Mikolov, T., Sutskever, 1., Chen, K., Corrado, G.S., Dean, J.: Distributed repre-
sentations of words and phrases and their compositionality. In: Advances in Neural
Information Processing Systems, vol. 26 (2013)

Saunshi, N., Plevrakis, O., Arora, S., Khodak, M., Khandeparkar, H.: A theoreti-
cal analysis of contrastive unsupervised representation learning. In: International
Conference on Machine Learning, pp. 5628-5637. PMLR (2019)


https://doi.org/10.1007/978-3-030-58583-9_36
https://doi.org/10.1007/978-3-030-58583-9_36

	 Preface
	 Organization
	 Contents – Part II
	AI Ethics, Privacy, Fairness and Security
	Saliency Map-Based Local White-Box Adversarial Attack Against Deep Neural Networks
	1 Introduction
	2 Related Work
	2.1 Model Interpretability Methods
	2.2 White-Box Adversarial Attack Methods

	3 Proposed Approach
	3.1 Selecting Important Area by Saliency Map
	3.2 Combining Saliency Map with Single-Step Attack Method
	3.3 Combining Saliency Map and Iterative Attack Method

	4 Experiments
	4.1 Datasets and Networks
	4.2 Evaluation Indexes
	4.3 Hyperparameters
	4.4 Experimental Result

	5 Conclusion
	References

	Improving Adversarial Attacks with Ensemble-Based Approaches
	1 Introduction
	2 Related Works
	2.1 Optimization-Based Methods
	2.2 Gradient-Based Methods
	2.3 Targeted Attacks

	3 Methodology
	3.1 Motivation
	3.2 Ensemble Schemes
	3.3 Gradient Descent Mechanisms
	3.4 Optimization Algorithm

	4 Experimental Results
	4.1 Experimental Settings
	4.2 Attacking a Single Model
	4.3 Attacking an Ensemble of Models

	5 Conclusion and Future Work
	References

	Applications of Artificial Intelligence
	Browsing Behavioral Intent Prediction on Product Recommendation Pages of E-commerce Platform
	1 Introduction
	2 Related Work
	2.1 Browsing Behavior Analysis
	2.2 Browsing Behavioral Intent Prediction

	3 Methodology
	4 Experiments
	4.1 Data Collection and Processing
	4.2 Model Architecture
	4.3 Interest Analysis Method

	5 Results and Discussion
	5.1 Prediction Results
	5.2 Interest Analysis Results and Discussion

	6 Conclusion
	References

	An Optical Satellite Controller Based on Diffractive Deep Neural Network
	1 Introduction
	2 Methods
	2.1 Problem Formulation
	2.2 Optical Controller Framework
	2.3 Architecture of the Optical Controller
	2.4 Optimization of the Optical Controller

	3 Experiments
	3.1 Dataset Description
	3.2 Experimental Settings
	3.3 Experimental Results

	4 Conclusion
	References

	Incomplete Cigarette Code Recognition via Unified SPA Features and Graph Space Constraints
	1 Introduction
	2 Related Work
	3 Method
	3.1 Features Extraction Using FPN
	3.2 Instance Segmentation via Unified SPA Features
	3.3 Landmark Estimation via Graph Space Constraints
	3.4 Text Regularization
	3.5 Loss Function

	4 Experiments
	4.1 Evaluation of Instance Segmentation
	4.2 Performance of Landmark Estimation
	4.3 End-to-End Performance
	4.4 Ablation Experiments

	5 Conclusion
	References

	A Large-Scale Tobacco 3D Bin Packing Model Based on Dual-Task Learning of Group Blocks
	1 Introduction
	2 Problem Formulation
	3 Method
	3.1 Group Block Generation Algorithm
	3.2 Dual-Task Learning of Group Blocks

	4 Experiment
	5 Conclusions
	References

	ETH-TT: A Novel Approach for Detecting Ethereum Malicious Accounts
	1 Introduction
	2 ETH Tracking Tree Method
	2.1 ETH Tracking Tree and Traceability Rate
	2.2 Features Extraction
	2.3 Model Design

	3 Experiment
	3.1 Dataset
	3.2 Experimental Details
	3.3 Experimental Result
	3.4 Result Analysis

	4 Availability of Data and Material
	References

	Multi-objective Meta-return Reinforcement Learning for Sequential Recommendation
	1 Introduction
	2 Related Works
	3 Preliminaries
	4 Approach
	4.1 M2OR-RL Framework
	4.2 Optimization

	5 Experiments
	5.1 Experimental Setup
	5.2 Experiment with Multiple Objectives
	5.3 Experiment with Single Objective

	6 Conclusion
	A Algorithms
	A.1 Implementation Detail
	A.2 Implementation Details

	References

	Purchase Pattern Based Anti-Fraud Framework in Online E-Commerce Platform Using Graph Neural Network
	1 Introduction
	2 Related Work
	2.1 Fraud Detection
	2.2 Graph Representation Learning

	3 Proposed Method
	3.1 Dynamic Purchase Pattern (DPP)
	3.2 GNN with Similarity and Relation (GSR)

	4 Experiments
	4.1 Dataset
	4.2 Purchase Pattern Visualization
	4.3 Fraudulent Order Detection Result of GSR

	5 Conclusions and Future Work
	References

	Physical Logic Enhanced Network for Small-Sample Bi-layer Metallic Tubes Bending Springback Prediction
	1 Introduction
	2 Background Knowledge
	2.1 RDB Processing of BMT
	2.2 Equivalent Section Theory

	3 Methodology
	3.1 Proposed Prediction Architecture
	3.2 Preliminary Analysis of BMT Equivalence Section
	3.3 Composition of the Loss Function

	4 Case Study
	4.1 Dataset Construction
	4.2 Precision Analysis of Proposed Method
	4.3 Effectiveness of PE-NET

	5 Conclusion
	References

	Blind Surveillance Image Quality Assessment via Deep Neural Network Combined with the Visual Saliency
	1 Introduction
	2 Proposed Method
	2.1 Saliency-Based Local Region Selection
	2.2 Quality-Aware Feature Extraction
	2.3 Quality Prediction

	3 Experiments
	3.1 Test Database
	3.2 The Effect of Visual Quality on IVSS
	3.3 Performance Comparison with SOTA BIQA Methods

	4 Conclusion
	References

	Power Grid Bus Cluster Based on Voltage Phasor Trajectory
	1 Introduction
	2 Propagation Mechanism of Power Grid Faults
	3 Trajectory-Based Similarity
	3.1 Length of Trajectory
	3.2 Curvature of Trajectory
	3.3 Topological Distance
	3.4 Similarity of Trajectories
	3.5 Power Grid Bus Cluster

	4 Experiments
	4.1 Visualize for Each Dimension
	4.2 Trajectory Similarity Analysis
	4.3 Trajectory Cluster Analysis

	5 Conclusion
	References

	Following the Lecturer: Hierarchical Knowledge Concepts Prediction for Educational Videos
	1 Introduction
	2 Related Work
	3 Preliminaries
	3.1 Problem Definition
	3.2 Text-Visual Uniform Section Segmentation

	4 Spotlight Flow Network
	4.1 Multimodal Representation Layer
	4.2 Hierarchical Multi-label Inter-level Constrained Classifier
	4.3 Training SFNet

	5 Experiments
	5.1 Data Description
	5.2 Baseline Approaches and Experimental Setup
	5.3 Experimental Results

	6 Conclusion
	References

	Learning Evidential Cognitive Diagnosis Networks Robust to Response Bias
	1 Introduction
	2 Method
	2.1 Problem Definition
	2.2 Evidential Cognitive Diagnosis Model
	2.3 Uncertainty-ASSIST (UncASSIST) Dataset

	3 Experiments
	3.1 Experimental Setup
	3.2 Main Results on the UncASSIST Dataset
	3.3 Analysis of the Uncertainty Estimation

	4 Conclusion
	References

	An Integrated Navigation Method for UAV Autonomous Landing Based on Inertial and Vision Sensors
	1 Introduction
	2 Landing Process Analysis and Scheme Design
	3 Intelligent Identification of Airport Runway Based on Deep Learning Semantic Segmentation
	3.1 Runway Segmentation Network Design
	3.2 Runway Edge Feature Extraction

	4 Modeling of Visual Relative Position/Attitude Measurement Based on the Characteristics of Runway Boundary
	4.1 Coordinate System and Parameters Definition
	4.2 Mathematical Modeling of Visual Relative Position/Attitude Measurement

	5 Information Fusion Model of Inertial/Visual Sensor
	5.1 System State Equation
	5.2 System Observation Equation

	6 Experiment Verification
	6.1 Experiment Conditions
	6.2 Experiment Results

	7 Conclusion
	References

	An Automatic Surface Defect Detection Method with Residual Attention Network
	1 Introduction
	2 Proposed Methodology
	2.1 Overview of Network Framework
	2.2 Backbone Network
	2.3 MCF Block

	3 Experiment Data and Preprocessing
	3.1 Data Set
	3.2 Image Preprocessing

	4 Experiment Results and Analysis
	4.1 Implementation Details
	4.2 Ablation Study
	4.3 Performance Comparison

	5 Conclusion
	References

	Research on Intelligent Decision-Making Irrigation Model of Water and Fertilizer Based on Multi-source Data Input
	1 Introduction
	2 Materials and Methods
	2.1 Data Acquisition
	2.2 Identification of Influencing Factors and Coupling Verification

	3 Intelligent Decision-Making Irrigation Model of Water and Fertilizer
	4 Results and Discussion
	4.1 Comparison of Prediction Performance of Different Models
	4.2 Analysis of Factors Affecting the Prediction Performance of the Model
	4.3 Prediction Error Analysis of Water and Fertilizer Irrigation Quantity
	4.4 Model Stability Analysis

	5 Conclusion
	References

	Interaction-Aware Temporal Prescription Generation via Message Passing Neural Network
	1 Introduction
	2 Related Work
	2.1 Recurrent Neural Network for Healthcare
	2.2 Drug Recommendation

	3 Preliminaries
	3.1 Dataset
	3.2 Problem Formulation

	4 Technical Details
	4.1 Patient Encoder
	4.2 Prescription Generator

	5 Experiments
	5.1 Experimental Settings
	5.2 Results and Analyses

	6 Conclusion
	References

	Adversarial and Implicit Modality Imputation with Applications to Depression Early Detection
	1 Introduction
	2 Proposed Method
	2.1 Learning Multi-modal Representations via Auto-encoding
	2.2 Adversarial and Implicit Modality Imputation (AIMI)

	3 Experiments
	3.1 Experimental Setup
	3.2 Comparisons on Robust Multi-modal Depression Diagnosis
	3.3 Advantages on Modality Imputation and Representation

	4 Conclusion
	References

	EdgeVR360: Edge-Assisted Multiuser-Oriented Intelligent 360-degree Video Delivery Scheme over Wireless Networks
	1 Introduction
	2 Related Works
	2.1 360-degree Video
	2.2 DRL-Based 360-degree Video Delivery

	3 System Architecture
	4 DRL-Based Global Bitrate Allocation
	5 Evaluation and Result Analysis
	5.1 Implementation and Evaluation Setup
	5.2 Evaluation Benchmarks
	5.3 Result Analysis of User Perceived Quality
	5.4 Results Analysis of Network Utilization

	6 Conclusion
	References

	Automatic Diagnose of Drug-Resistance Tuberculosis from CT Images Based on Deep Neural Networks
	1 Introduction
	2 Related Works
	3 Data Collection
	4 Method
	4.1 Lesion Slice Selection Method
	4.2 3-D Classification Model
	4.3 Multiple Lesion-Based Patch Scoring

	5 Experiment
	5.1 Implementation Details
	5.2 The Effectiveness of the LSS Strategy
	5.3 Lesion-Based Patch vs Patient-Based Patch
	5.4 Comparison with Existing TB Detection Methods

	6 Conclusion
	References

	Maintaining Structural Information by Pairwise Similarity for Unsupervised Domain Adaptation
	1 Introduction
	2 Related Works
	2.1 Alignment Based Unsupervised Domain Adaptation
	2.2 Problem Reduction Method

	3 Our Approach
	3.1 Category-Prototypes Guided Pairwise Similarity
	3.2 Maintaining Structural Information via Pairwise Similarity
	3.3 Combining with Domain Adversarial Training

	4 Experiments
	4.1 Datasets
	4.2 Implementation Details
	4.3 Comparison with Baselines
	4.4 Ablation Studies and Discussions

	5 Conclusion
	References

	Hierarchical Recurrent Contextual Attention Network for Video Question Answering
	1 Introduction
	2 Related Work
	3 Proposed Method
	3.1 Visual and Linguistic Representation
	3.2 Recurrent Contextual Attention Network Unit
	3.3 Hierarchical Recurrent Contextual Attention Network
	3.4 Answer Decoder

	4 Experiments
	4.1 Experiment Setup
	4.2 Comparison with Prior Work
	4.3 Ablation Studies

	5 Conclusion
	References

	An Intelligent Assessment System for Human Motor Functions of Stroke Patients
	1 Introduction
	2 Related Work
	3 Methodology
	3.1 Posture Tracking Actions
	3.2 Feature Extraction
	3.3 Sequence Symmetric Convolution Normalization
	3.4 Fusion Strategy Selection

	4 Experiments and Results
	4.1 Datasets
	4.2 Experimental Settings
	4.3 Data Analysis

	5 Conclusion
	References

	UI Layers Group Detector: Grouping UI Layers via Text Fusion and Box Attention
	1 Introduction
	2 Related Works
	2.1 Intelligent UI Code Generation
	2.2 UI Design Check

	3 Methods
	3.1 Dataset
	3.2 UI Layers Group Detector

	4 Experiments
	4.1 Implementation Details
	4.2 Evaluation Metrics
	4.3 Results

	5 Conclusion
	References

	Audio-Visual Fusion Network Based on Conformer for Multimodal Emotion Recognition
	1 Introduction
	2 Methodology
	2.1 Visual Network
	2.2 Audio Network
	2.3 Feature Fusion Network
	2.4 Classfication

	3 Experiments and Discussions
	3.1 Datasets
	3.2 Implementation Details
	3.3 Ablation Study
	3.4 Comparison with the State-of-the-Art

	4 Conclusion
	References

	Audio-Visual Multi-person Keyword Spotting via Hybrid Fusion
	1 Introduction
	2 AV-KWS Model
	2.1 Architectures
	2.2 Speaker Detection
	2.3 Semantic Feature Extraction Based on Pre-trained Models
	2.4 Classification Layer
	2.5 Hybrid Fusion

	3 Experiments and Discussions
	3.1 Dataset
	3.2 Preprocessing
	3.3 Training
	3.4 Results and Analysis

	4 Conclusion
	References

	A New Adaptive TV-Based BM3D Algorithm for Image Denoising
	1 Introduction
	2 Related Work
	2.1 Block Matching 3D Denoising Algorithm
	2.2 Total Variation Filter

	3 A New Adaptive TV-Based BM3D Algorithm
	3.1 Hard and Soft Thresholding Compromise Denoising for Complex Texture Blocks
	3.2 TV Denoising for Simple Texture Block
	3.3 Adaptive Fifiltering

	4 Experiment Result and Analysis
	4.1 Parameter Setting
	4.2 Experimental Results

	5 Conclusion
	References

	Data-Driven Hybrid Neural Network Under Model-Driven Supervised Learning for Structural Dynamic Impact Localization
	1 Introduction
	2 Problem Formulation
	3 Methodology
	3.1 FEM Data Generation
	3.2 Neural Network Design

	4 Experiments
	4.1 Experimental Settings
	4.2 Experimental Results

	5 Conclusion
	References

	Connecting Patients with Pre-diagnosis: A Multiple Graph Regularized Method for Mental Disorder Diagnosis
	1 Introduction
	2 Related Work
	2.1 Computer-Aided Diagnosis
	2.2 Graph-Based Information Fusion

	3 Method
	3.1 Multi-modal Representation Learning
	3.2 Multiple Graph Construction
	3.3 Multiple Graph Feature Fusion

	4 Experiment
	4.1 Dataset Description
	4.2 Implementation Details
	4.3 Baselines
	4.4 Results

	5 Conclusion
	References

	A Novel Device-Free Localization Approach Based on Deep Dictionary Learning
	1 Introduction
	2 Model and Algorithm
	2.1 Description of the Localization System
	2.2 Proposed Method

	3 Experimentation and Evaluation
	3.1 Experimental Datasets Description
	3.2 Evaluation Metrics
	3.3 Experimental Results

	4 Conclusion
	References

	Survey of Hypergraph Neural Networks and Its Application to Action Recognition
	1 Introduction
	2 Hypergraph Neural Networks
	2.1 The Definition of Hypergraph
	2.2 The Generation Methods of Hypergraph
	2.3 The Learning Methods of Hypergraph
	2.4 Hypergraph Learning Method Based on Hypergraph Neural Networks

	3 Action Recognition Based on Hypergraph Neural Networks
	4 Conclusion
	References

	Visual Perception Inference on Raven's Progressive Matrices by Semi-supervised Contrastive Learning
	1 Introduction
	2 Related Work
	2.1 Object Representations
	2.2 Visual Reasoning
	2.3 Neuro-symbolic Models

	3 Methods
	3.1 Object-Based Variational Autoencoder
	3.2 Attribute Discrimination
	3.3 Rule Inference
	3.4 Answer Generation

	4 Experiments
	4.1 Experimental Setup
	4.2 Evaluation of General Performance in Three Benchmarks
	4.3 Evaluation of Attribute and Rule Representations
	4.4 Evaluations of Generalizability
	4.5 MNIST

	5 Conclusion
	References

	PHN: Parallel Heterogeneous Network with Soft Gating for CTR Prediction
	1 Introduction
	2 Proposed Method
	2.1 Heterogeneous Interaction Layer
	2.2 Soft Selection Gating
	2.3 Weak Gradient Problem

	3 Experiments
	3.1 Datasets Description
	3.2 Compared Models
	3.3 Performance Comparison (RQ1)
	3.4 Selection Information (RQ2)
	3.5 Weak Gradient Phenomenon (RQ3)

	4 Conclusion
	References

	Multi-Relational Cognitive Diagnosis for Intelligent Education
	1 Introduction
	2 Related Work
	3 Problem Formulation
	4 Multi-Relational Cognitive Diagnosis
	4.1 Exercise-Level Learning Module
	4.2 Concept-Level Learning Module
	4.3 Diagnosis Module

	5 Experiments
	5.1 Experimental Settings
	5.2 Experimental Results

	6 Conclusion
	References

	Clinical Phenotyping Prediction via Auxiliary Task Selection and Adaptive Shared-Space Correction
	1 Introduction
	2 Related Work
	2.1 Deep Learning for Clinical Phenotyping
	2.2 Multi-task Learning

	3 Methodology
	3.1 Auxiliary Task Selection
	3.2 Private-Shared Framework with Adaptive Shared Space Correction

	4 Experiment
	4.1 Experiment Setup
	4.2 Experimental Settings
	4.3 Analysis of Results

	5 Conclusion
	References

	Multi-view Subspace Clustering with Joint Tensor Representation and Indicator Matrix Learning
	1 Introduction
	2 Related Works
	2.1 Spectral Clustering
	2.2 Multi-view Subspace Clustering

	3 Model Proposal and Optimization
	3.1 The Proposed Model

	4 Experiment and Analysis
	4.1 Experiment Setting
	4.2 Experimental Results and Analysis
	4.3 Model Discussion

	5 Conclusions
	References

	Weighted Competitive-Collaborative Representation Based Classifier for Imbalanced Data Classification
	1 Introduction
	2 Related Work
	2.1 NSC
	2.2 CRC
	2.3 CCRC

	3 Proposed Method
	3.1 WCCRC Model
	3.2 Class Weight Learning Based on NSC
	3.3 Optimization Solution and Classification Criterion

	4 Experimental Results
	4.1 Datasets and Experimental Setup
	4.2 Comparison with Imbalanced Classification Methods

	5 Conclusion
	References

	Hierarchical Graph Representation Learning with Structural Attention for Graph Classification
	1 Introduction
	2 Related Work
	2.1 Graph Classification
	2.2 Graph Coarsening
	2.3 Attention Mechanism

	3 Methodology
	3.1 Problem Definition and Notations
	3.2 Framework
	3.3 Graph Encoder
	3.4 Global Graph Representation Learning

	4 Experiment
	4.1 Dataset and Experimental Seetings
	4.2 Experimental Results and Discussion
	4.3 Sensitivity of the Number of Coarsening Times

	5 Conclusion
	References

	Photovoltaic Hot Spots Detection Based on Kernel Entropy Component Analysis and Information Gain
	1 Introduction
	2 Background Knowledge
	2.1 Kernel Entropy Component Analysis
	2.2 Information Gain and Detection Variables

	3 Hot Spots Detection Algorithm
	4 Experiment and Analysis
	4.1 Experiment Data
	4.2 Experimental Results and Comparison

	5 Conclusion
	References

	Second-Order Global Attention Networks for Graph Classification and Regression
	1 Introduction
	2 Preliminaries
	2.1 Notations and Problem Definition
	2.2 Graph Isomorphism Networks

	3 Proposed Method: SGAN
	3.1 Second-Order Global Channel Attention (SoGCA)
	3.2 Node Attention Module

	4 Experiments
	4.1 Experimental Setup
	4.2 Performance Comparison
	4.3 Ablation Study of Attention Modules
	4.4 Study on Channel Interdependencies

	5 Conclusion
	References

	Aero-Engine Remaining Useful Life Prediction via Tensor Decomposition Method
	1 Introduction
	2 Introduction to Twin-Rotor Split Turbofan Engine
	3 Remaining Useful Life Prediction of Turbofan Engine Based on Tensor Model
	3.1 Method Flow
	3.2 Turbofan Engine States Sample Construction Based on Tensor
	3.3 Tensor Decomposition Algorithm
	3.4 Convolutional Neural Network

	4 Introduction to the Experimental Dataset
	5 Test Results and Analysis
	6 Conclusion
	References

	FIGCI: Flow-Based Information-Geometric Causal Inference
	1 Introduction
	2 Related Work
	3 Information-Geometric Causal Inference
	4 FIGCI Model
	4.1 Flow-Based Models
	4.2 FIGCI-R Model
	4.3 FIGCI-J Model

	5 Experiments
	5.1 Experiments with Different Dimensional Data
	5.2 Robustness to Noise of Different Distributions
	5.3 Experiments on Real-World Data

	6 Conclusion
	References

	Emotional Semantic Neural Radiance Fields for Audio-Driven Talking Head
	1 Introduction
	2 Related Work
	2.1 Talking-Head Generation
	2.2 Emotion Condition Generation

	3 Method
	3.1 Overview
	3.2 Emotional Neural Radiance Fields
	3.3 3D Semantic Representation for Talking Head
	3.4 NeRF-to-GAN

	4 Experiments
	4.1 Implementation Details
	4.2 Evaluation Results
	4.3 Ablation Study

	5 Conclusion
	References

	Multi-view 3D Morphable Face Reconstruction via Canonical Volume Fusion
	1 Introduction
	2 Related Work
	2.1 3D Morphable Model (3DMM)
	2.2 3D Face Reconstruction

	3 Preliminaries
	3.1 Face Model
	3.2 Camera Model
	3.3 Illumination Model

	4 Method
	4.1 Canonical Volume Fusion Network
	4.2 Loss Function
	4.3 Test-Time Optimization

	5 Experiments
	5.1 Quantitative Comparisons
	5.2 Qualitative Comparisons

	6 Conclusion
	References

	DPIT: Dual-Pipeline Integrated Transformer for Human Pose Estimation
	1 Introduction
	2 Related Work
	2.1 Top-Down Human Pose Estimation
	2.2 Bottom-Up Human Pose Estimation
	2.3 Transformers in Vision

	3 The Proposed Method
	3.1 Two-Branch Architecture
	3.2 Transformer-Based Integration

	4 Experiments
	4.1 Datasets
	4.2 Metrics
	4.3 Implementation Details
	4.4 Quantitative Results
	4.5 Qualitative Results
	4.6 Ablation Studies

	5 Conclusion
	References

	Integrative Analysis of Multi-view Histopathological Image Features for the Diagnosis of Lung Cancer
	1 Introduction
	1.1 Related Work

	2 Methods
	2.1 Datasets
	2.2 Overview of Our Method
	2.3 Feature Extraction
	2.4 High-Level Feature Learning by Graph Convolutional Network
	2.5 The Block-Based Bilinear Combination Model

	3 Results
	3.1 Experimental Results
	3.2 Intergrating Two Types of Features Performs Better Than Only Using One Type
	3.3 Comparison of BMVGCN and Other Methods for Lung Cancer Classification
	3.4 Ablation Study

	References

	Where are the Children with Autism Looking in Reality?
	1 Introduction
	2 Subjective Experiment and Analysis
	2.1 Omnidirectional Image Stimuli and Displaying Apparatus
	2.2 Subjects
	2.3 Experiments
	2.4 Analysis

	3 Omnidirectional Saliency Prediction
	3.1 Transfer Learning for the Saliency Prediction
	3.2 Discussion of VQSAL

	4 Experimental Results
	4.1 Performance Evaluation on Our Dataset
	4.2 Generalization Ability on Other Datasets

	5 Discussion and Conclusion
	References

	Study on Practical Utility of Image Dehazing Algorithms Based on Deep Learning in Computer Vision Scene Understanding
	1 Introduction
	2 Related Work
	3 Methods
	3.1 Dataset
	3.2 Data Pre-processing
	3.3 The Proposed Architecture

	4 Results
	4.1 Experimental Configuration
	4.2 Experimental Results and Analysis

	5 Synthetic Data Studies
	5.1 Synthetic Data Contrast and Analysis
	5.2 Improved Data Comparison Results and Analysis

	6 Conclusion
	References

	Benchmarking Deep Reinforcement Learning Based Energy Management Systems for Hybrid Electric Vehicles
	1 Introduction
	2 HEV Models
	2.1 Power Request Model
	2.2 Power Source Model

	3 Comparing Methods
	3.1 Energy Management Objective
	3.2 Optimization Control Methods
	3.3 Supervised Learning
	3.4 Deep Reinforcement Learning

	4 Experimental Results
	4.1 Driving Cycle Dataset
	4.2 Evaluation Metrics
	4.3 Performance Comparison of Algorithms

	5 Conclusion
	References

	Self-attention Based High Order Sequence Features of Dynamic Functional Connectivity Networks with rs-fMRI for Brain Disease Classification
	1 Introduction
	2 Method
	2.1 Subjects and fMRI Data Preprocessing
	2.2 The Self-Attention (SA) Mechanism
	2.3 Proposed SA-CRN Learning Framework

	3 Experiment
	3.1 Experimental Setup
	3.2 Classification Performance
	3.3 Visualization Analysis

	4 Conclusion
	References

	Author Index

