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Abstract

Rapid evolving of the Artificial Intelligence mechanisms
brings significant challenges to the global energy consump-
tions, due to the better performance of huge models like
Deep Neural Networks and complex Reinforcement Learn-
ing Control model, standard model designs are becoming
more expensive to execute, thus brought impacts on both
the energy consumptions and the availability of those tech-
niques. In this paper, contributions are made to summarize
the DNN energy consumption problem as a whole and an-
alyze the current available solutions and their limitations.
Firstly, I have analyzed some mechanisms that reduce the
complexity of DNN models, then further developed that the
reduction of calculations and parameters is not necessarily
proportional to the energy consumption. I then research
though the source of energy consumption as well as the
amount and find out is more dependent on the lower-level
computing configurations. Lastly, some analyzes are per-
formed on current energy-efficient solutions, together with
my conclusions and research target in this field of study.

1. Introduction
Since the DNN and Reinforcement Learning are now

widely used in many fields of research and commercial pur-
pose, the development of energy-friendly models will not
just helping address the global energy issues, but most im-
portantly radiating its lower cost throughout all fields that
uses Deep Neural Networks as major component, energy-
friendly models would reduce research and commercial
costs and thus promoting the research more rapid in fields
like Computer Vision, NPL, Reinforcement Learning, and
general DNN models development.

Most huge but effective models proposed recently, like
GPT-3, are widely used in offline training, yet still diffi-
cult to be applied in online training due to the high infer-
ence complexity and training complexity of such models.
As a commonly known trend in the filed of machine learn-
ing, online training brings more flexibilities comparing to

offline training models. The development of the Energy-
Efficient models would potentially help to make big models
eligible to be used in online-training. Moreover, the studies
of energy consumptions on Convolutional Neural Networks
might help us understand better the feature extraction abili-
ties of DNN architectures.

1.1. Motivations { Energy Consumption of Complex
Models

The classic model ResNet101 [45] used in Computer
Visions contains roughly 100,000,000 parameters, whereas
for Natural Language Processing networks, depends on dif-
ferent models, from BERT, Megatron, Turing NLG, to the
most famous GPT3, the number of parameters varies from
340,000,000 all the way to incredibly 175,000,000,000 [75],
not to mention the newest Switch Transformer Model with
trillions of parameters. Training such big models brings un-
doubtedly enormous challenges to the global energy con-
sumption, together with the trends of Block Chain Mining,
it has becoming a significant problems that we need to con-
cern about during the development of the computer science.

Despite the influences on global energy, the expensive
energy requirements are becoming the major cause that
makes such big, yet relatively accurate models that are still
not realistic to access from lighter devices.

1.2. Motivations { Embedded Devices

As a result of continual reduction in cost of computing
capability, many devices are accessible to the processing
power, which once been considered uneconomical for those
devices, therefore with such processing power, we intend to
build autonomous systems upon the devices. These devices
typically have less computational powers.

With Artificial Intelligence techniques, Computer Vision
[56, 93], Natural Language Processing [90], Deep Neural
Network, Reinforcement Learning, and so on, due to their
high performances, becoming backbones of autonomous
systems, Deep Neural Networks, as core of all above men-
tioned techniques, after AlexNet won the ILSVRC 2012
[54], are made deeper and more complex to increase the
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accuracy.

However, although there are some works showing the
testing phase of above methods can be light-weighted, those
Artificial Intelligence processing still consumes significant
amount of time, [102] computational power, and memory
in training. Therefore, such methods would typically not be
afforded by light devices.

1.3. Terminology

- FLOPs(Floating Point Operation): It is
essentially a quantity to measure the computing
resources required by a specific DNN model or
algorithm, representing the computational needs
for the forward propagation. It is obtained by
summarizing the number of additions and multi-
plying in each layer, can be used to quantify the
complexity of a certain model.

- Inference Power: The computational power
and energy needed for forward propagation.

- Energy Consumption: Indicated by the
computing complexity and many other hard-ware
level operation measurements of models(or algo-
rithms), generally means the amount of usage of
electricity and memory resources during training
and inferencing process.

2. Literature Reviews

Generally, Deep Neural Networks and Reinforcement
Learning [66] has 2 major phases, Testing and Training,
both of which are not energy efficient when performing
large machine learning models, where typically requires
significant amounts of time, computational power, and
memory in both phases. The Testing phase, due to the
large number of parameters in complex network architec-
tures or Reinforcement Control Models, can still be expen-
sive, earlier studies shows that by using knowledge distill-
ing and Asymmetry Architecture, light-weight models can
be achieved in both Deep Neural Network and Reinforce-
ment Learning. [20, 96].

Nevertheless, the general Training energy consumption
issues in these 2 fields remains not well-addressed and has
always been the recent research focus. Intuitively, people
tend to think that the energy consumptions could be related
to the complexity of the model, that is, in terms of the num-
ber of parameters or the number of parameters. There are
some proven effective solutions on reducing the complexity
of models.

2.1. Reducing Model Parameters and/or Calcula-
tion Complexity

2.1.1 Composite Kernels

There are some preliminaries studies indicated some direc-
tions of addressing such problem by reducing the complex-
ity of big models, one of them is to use Composite Ker-
nels together with Structured Convolutional Layers [13], in
which the mathematical approach is performed to reduce
the number of multiplies in convolutional layers. First by
defining a set of composite Bias

B = {β1, β2, ..., βM}

which represents a set of binary tensors of the shape of
original Convolution Kernel, where for each β, it is consist-
ing of either 0 or 1, that is formally:

βm ∈ {0, 1}

Each convolutional layer has a unique B which divides
the kernel into partitions with the location of validate el-
ements of a certain partition be represented as 1s. Then
assign to each βm a parameter αm, indicating learnable pa-
rameter, then the original kernel can be treated as the prod-
uct of those two parameters, as shown in figure.1 With that
being said, the convolution operation will now turn to a sim-
pler way:

X ∗W = X ∗
M∑

m=1

αmβm =

M∑
m=1

αm(X ∗ βm)

=

M∑
m=1

αmsum(X • βm)

=

M∑
m=1

αmEm

As indicated in above equations, number of multiplica-
tions reduces from CN2 to simply M, where the M is called
the degree of freedom of the parameters, example shown in
Figure.1 has 4 degrees of freedoms. Moreover, the paper
also shows that by using such methods to perform convo-
lutions, the number of additions can also be reduced into∑

sum(βm − 1).
Such operations are equivalent to a sum-pooling fol-

lowed by a smaller convolution operation. The method ef-
fectively transfers the original complex convolution opera-
tions into simpler sum pooling and a smaller convolution
and yet keeps the loss of accuracy at low. Worth to mention
that this mechanism can be integrated into further effective
convolution models since it does not change any traditional
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Figure 1. Colored region represents the partitions, with a associ-
ated with each partition.

Figure 2. The Structure Convolution from Qualcomm AI Re-
search‘s paper.

convolution structure. Other alternative mathematical ap-
proaches are also available to reduce the number of param-
eters of large models during training for wide fields of com-
puter visons or Natural Language Processing, as well as the
Reinforcement Learning. [85, 86, 91]

2.1.2 Light Networks

Another previously proposed methods is called Light Net-
works, The core of lightweight networks is to lighten the
network in terms of both size and speed while maintain-
ing as much accuracy as possible, and this paper provides a
brief description of lightweight networks, mainly involving
SqueezeNet, ShuffleNet, ManasNet, MobileNet [2, 49] etc.

The most famous light network is MobileNet[6], pro-
posed by Google Inc. in 2017, which is an architecture
designed specifically for the lighter computing platforms
like smartphones and general embedded devices, for them
to use the high-performance Artificial Intelligence ability,
both time complexity and space complexity along with the
calculation complexity for the models are strictly limited.

To start with, Google proposed 2 new approaches to per-
form lighter convolution as alternative to normal convolu-
tion. Firstly, convolute the original input(of shape CxWxH)
with a kernel of shape 1xNxN for each channel of original
input separately and combining the outputs together, this
operation is named the Depth-wise Convolution. As shown

Figure 3. Depth-wise Convolution[13].

in Figure.3[13].Depth-wise Convolution are more efficient
than the normal convolution. If we have an image with three
channels. A regular convolution network applies the filter
to the whole input while in depth-wise convolution, a sin-
gle filter is applied to each input channel. The output of a
standard convolution is a single layer while in the depth-
wise convolution, the number of output layers equals the
number of input channels.Then, to ensure the freedom of
number of channels for the output for convolutional layers,
since the result of Depth-wise Layer will be having exactly
same number of channels as input, the paper then proposed
that by making use of 1x1 filter, perform another convo-
lution namely the Point-wise Convolution to recover this
freedom, by defining number of 1x1 Point-wise kernels, we
can obtain whatever numbers of channels we want in out-
put. MobileNet is very popular since it was proposed, it
reduces number of computations drastically. According to
the original paper, this reduction is given by the following
in comparison of the normal convolution:

1

N
+

1

D2
k

It uses depth-wise separable convolutions that save the
computation cost up to 8 to 9 times while the reduction
in accuracy is minor according to the original paper. This
network model is commonly used in ResNet and has been
proven significantly effective in such a complex Deep Neu-
ral Networks. The detailed architecture of MobileNet V1 is
given by the following:

MobileNet is later evolved into V3, with BottomNeck
architectures involved and some AutoML mechanisms, re-
moved the batch normalization operation and uses h-swish
as activation function instead of RuLu6 in V1, further re-
duced the calculation complexity and number of parame-
ters. Not like the previous Composite Kernels method men-
tioned in 2.1, the MobileNet changes the standard convo-
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Figure 4. Left: Normal Convolution Blocks — Right: Standard
MobileNet Blocks.

lutional operations by introducing the Depth-wise Convo-
lution, that makes it less general to be deployed into real-
life cases since it needs to be supported by the common AI
programming frames for easier access. Moreover, since it
proposes perform the convolution separately by channels,
comparing to the normal convolution operation, it extracts
less local information from the original input, hence causes
the loss of accuracy.

2.1.3 Model Compression-Knowledge Distilling

Apart from actively convert the convolutional calculation
progress into simpler additions or use different convolution
structure, similar to the LfD mechanisms indicated in Rein-
forcement Learning, it is proposed that Knowledge Distill-
ing [47] can also be used to reduce the Training time.

Knowledge Distilling was proposed firstly because of the
inconsistency between training models and deploying mod-
els. During the training process we need to use complex
models with large amounts of computational resources in
order to extract information from very large, highly redun-
dant datasets. In experiments, the models that work best
tend to be very large in size, or even obtained by integrat-
ing multiple models. Whereas large models are not easy
to deploy to services, there are common limitations like
the slow inference speed for big models, or the limited re-
sources in deploying environment. Therefore, the model
compression problem becomes important, Knowledge Dis-
tilling was then proposed as one of the model compression
mechanisms.

It defines two kinds of networks, one is called “Teacher
Model”, one is called “Student Model”. Usually, there are
two stages to perform in a general classification task:

1. Train the Teacher Model , alternatively called
Net-T, which is characterized by a relatively com-
plex model and can be integrated from several
separately trained models. The only requirement
is that for each input X, the output Y, where Y is

mapped by SoftMax, corresponds to the probabil-
ity of the corresponding category.

2. Train the Student Model , alternatively called
Net-S, it is a single model with a small number of
parameters and a relatively simple model struc-
ture. Similarly, for input X, it can all output Y. Y
is mapped by SoftMax to output the same proba-
bility values corresponding to the corresponding
categories.

With Knowledge Distilling, by compressing the model
by Knowledge Distilling, the training for student models
can be accelerated and it is still valid. The output of the
SoftMax layer, in addition to the positive examples, also
carries a lot of information about the negative labels, e.g.,
some negative labels correspond to a much higher probabil-
ity than others. In contrast, in the traditional training pro-
cess (hard target), all negative labels are treated uniformly.
In other words, the KD training approach makes each sam-
ple bring more information to Net-S than the traditional
training approach.

2.1.4 Network Pruning

Lastly, the acceleration in training can also be achieved via
Network Pruning [67, 94], which indicates that some re-
dundant are presented in the original Convolutional Neural
Networks, by removing such unnecessary parameters, the
parameters of the network are reduced and hence obtain a
lighter model with more energy-friendly training progress.
It is also shown that with proper pruning, the performance
of the network increases rather than drops due to avoidance
of overfitting.

2.2. Less Parameters Implies vs. Power Consump-
tion

However, the with all above mentioned methods of re-
ducing the complexity of big models, the main question
here would be, does the number of calculations and/or pa-
rameters proportional to the energy consumption? Recent
studies have investigated this question [21], energy con-
sumptions as whole means the cost of electricity power,
the number of parameters and the number of calculations
along are not sufficient to quantify the energy consumption
by a specific model, since it is commonly known that the
energy costs in transferring data is more than calculations it-
self [48,68,84]. Some of the mechanisms mentioned above
does reduced the energy consumption levels on certain com-
puting platform, as will be discussed in section 3, but with
very limited performance on that, it does, however, provide
us some directions of study to reduce the energy consump-
tion. There is still a long way to go to find a general solution
to reduce the energy consumption of big models.
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Figure 5. Estimated cost of training a model in terms of CO2 emis-
sions (lbs) and cloud compute cost (USD). Power and carbon foot-
print are omitted for TPUs due to lack of public information on
power draw for this hardware. [90] .

Figure 6. Percent energy sourced from: Renewable (e.g. hydro,
solar, wind), natural gas, coal and nuclear for the top 3 cloud com-
pute providers (Cook et al., 2017) [7, 23], compared to the United
States,4 China5 and Germany (Burger, 2019) [17]

2.3. How Much Energy is Used During DNN‘s
Training? What is the impact caused?

According to the latest study [90] from the University of
Massachusetts, Amherst, which they performed a life cycle
assessment for large models on training process. [17,19,29]
It is found that training such models typically requires aver-
agely 3.4 kW electricity powers, and meanwhile it releases
averagely 626,000 pounds of carbon dioxide, this amount
of waste is equivalent to nearly five times the lifetime emis-
sions of the average American car (and that includes manu-
facture of the car itself). The study also analyzed different
energy consuming sources of different nationals from there
top 3 cloud computing providers, as shown in Figure.6 be-
low. Spot that while training a single model is relatively
cheap, the cost of tuning a model for a new dataset, which
we estimate here to require 24 jobs, or performing the full
R&D required to develop this model, it then becomes ex-
tremely expensive. [33, 50, 59, 62, 65]

In conclusion, the study found that the energy consump-
tion and environmental costs of training process grew pro-
portionally to the size of model and dramatically increases
then performing additional tuning process for accuracy im-
provement, due to the repeated executions of model in
whole during tuning.

2.4. Where Does the Consumptions Comes From?

With all above mentioned methods of reducing the com-
plexity of big models, we say that the complexity of the
models does not necessarily relate to the energy consump-

Figure 7. Power density in mW/mm2 vs. year [34]

Figure 8. Power breakdown of an 8-core server chip. [25, 34]

tion. Plus, the scary records of energy consuming data,
the main question that needs to be clarify is where exactly
those energy consumptions comes from during the comput-
ing process. Let‘s first take a deep look from what is going
on in the lower level.

According to a related study from Stanford University
[34], as shown in figure.7, rapid development of computing
processors is being made smaller [27], but the power den-
sity of the processors does not scale as the size of them ac-
cording to plan. Higher performance of processers with in-
creasingly smaller size brought large power density. Apart
from the energy consumed in the processor, the study also
spots the significant power consumptions from the mem-
ory [26, 64].

Figure.8 illustrates the power breakdown of a recent
40nm, 8-core superscalar processor with an 8MB last-level
cache. Over 50% of the processor die energy is dissipated
in the caches and register files in this machine. To a even
clearer understanding of where does this energy comes from
in terms of programming, the study breakdown the power
consumption data of common assemble-language-level op-
erations, shown in Figure.9.

The data from Figure.9 is recorded based on a 45nm
technology, the data does show that additions comparing
to multiplying costs less power, but calculations are not the
only facts that determining the result, most importantly, the
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Figure 9. Rough energy costs for various operations in 45nm 0.9V.
[34, 74]

data suggests that the application must have very good data
locality to maintain high energy efficiency, since a cache
fetch is 20pJ. Fetches from the first level cache have an
energy cost that is a significant fraction of that of an in-
struction, so if data needs to be fetched often, the energy
improvement will be modest. [34] That tackles the present
DNN model designs, most of the big models fetches pa-
rameters very often, by reconsider the design particularly in
relation to the data locality would be a direction of study.

As computer scientists, in addition to learning about
what is happening in lower level, the propriate measure-
ment from higher level algorithms would also be critical.
Present methods of evaluating the energy consumptions for
Machine Learning algorithms based deeply on the comput-
ing platforms, as discussed above, lower-level energy con-
sumptions studies are the main course when comes to talk
about energy-efficiency, different computing platforms tend
to have different lower-level architectures. Although it is
now lack of a common method to directly measure the en-
ergy consumption of all computing platforms, some mech-
anisms are proposed to bridge the gap. [8, 35, 37–39] It is
proposed that since the lack of explanation of traditional
power meters places at different places, the method of using
either simulated hardware or performance monitoring coun-
ters [36] can be use as alternative. Using the hardware sim-
ulator allows the researchers to have a detailed view of how
each hardware component is accessed by the program, how-
ever the hardware simulator added overhead, which makes
it not suitable for obtaining the real-time energy measure-
ment. [11]

PMC(Performance Monitoring Counters) are now acces-
sible in almost all modern processors; they provide the abil-
ity to count microarchitectural events of processor at run
time. [35] Both hardware simulations and PMC are capa-
ble of measuring the power consumptions for computing
programs at eighter architecture level or instruction level or
both [35]. Since our purpose is focusing on the large mod-
els of machine learning training progress, typically with

Figure 10. Energy-efficient and adaptive neural network
accelerator-based architectures for Machine Learning and AI sys-
tems proposed by [80]

large scale datasets, the study suggests that using one of
[9, 12, 26, 32, 36–38, 50, 53, 76, 82, 83, 87] modelling meth-
ods to measure the energy consumption.

In order to develop a energy-efficient model, works still
needs to be done for a general energy consumption mea-
surement.

2.5. Energy-Efficient Adaptive Hardware Acceler-
ators for Neural Networks

Proposed firstly on 2017 IEEE Computer Society Annual
Symposium on VLSI [80]. It clarified that most of the DNN
applications are error resilient, which can be attributed to
following causes: Firstly, since all the vectors in a specific
model are being deal identically, therefore there is a poten-
tial that some neurons are redundant and by simplifying or
even removing them does not reduce the quality of process-
ing but could indeed reduce power consumption. Secondly,
this error resilient can also be the result of the DNNs train-
ing is an iterative process, which is stoppable when a good
result is obtained, and by retraining the model can even mit-
igate the effects of the lack of accuracy. Detailed design is
shown in Figure.10. Training block performs pre-training
for a specific model, then the result is delivered into the
Fixed-Point Analysis [55, 61], which selects the an suitable
fixed point format for keeping the minimum number of bits
for both integer and fraction.

Then the selected weights are processed into Error Re-
silience Analysis, in which those weight are being tested
either via Monte-Carlo based simulations where a certain
randomly selected training data is used to evaluate the
suitability of each Datapath for approximation or the an-
alytical modeling. [44] Then by using adaptive hardware
[14, 22, 80, 97, 103] which adjust the configurations ac-
cordingly, based on the analyzed error characteristics and
accuracy requirements, the quality knob making tradeoff
between these two and decide a suitable hardware sets
for specific selected data. The paper shows some exper-
iments did for selecting the approximate arithmetic con-
figuration. [40, 42, 51, 69] Works been done to show that
the efficiency improvement while using approximate mod-
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els. [24, 30, 41, 52]
The mechanism reduced the power consumptions using

adaptive hardware accelerators and configure the settings
accordingly depending on specific data. However, there are
still some questions remains unsolved, for example how to
decide which to concedes? Memory or Computation? For
the current method, it might significantly reduce the calcu-
lation power consumption, what about memory power con-
sumption? Furthermore, a propriate mechanism to decide
how to perform tradeoff between the accuracy and energy
consumption is still needed.

2.6. Other Readings Related

Note that this work & some mentioned papers is also
indirectly referred from the following related works: [?, 1,
3–6, 9, 12, 15, 16, 18, 28, 31, 46, 53, 57, 58, 60, 63, 70–73, 77–
79, 81, 83, 87–89, 92, 95, 98–101].

3. Research Significance & My Focus

As discussed in section 2, despite that many great mech-
anisms were proposed to achieve the lighter weight mod-
els, which are mainly about either reduce the number of
weights and operations(Multiplying and Additions MACs)
or reshape the filters in some way to achieve mathematically
less FLOPs, that does not mean that this reduction will be
reflecting the reduction on energy consumptions [21]. Sim-
ilarly, energy-efficient models also do not intuitively imply
lighter models, because the number of parameters within a
model and number of calculations are insufficient for quan-
tifying the energy consumptions of DNNs.

3.1. Significance

Present complex Artificial Intelligence Training progress
particularly for Deep Neural Networks and Reinforcement
Learning are still requires significant amount of energy,
for real-life problems usually train a model needs pro-
fessional GPU groups to accelerate the progress into an
acceptable period. Works are being done to show that
while SqueezeNet requires 50 times [54] fewer weights than
AlexNet, it consumes more energy than AlexNet on differ-
ent platforms[12].

Specifically, the Composite Kernels & Structured Con-
volution can be used in my research as fundamental model
compression unit, but still there are space to improve, for
example looking for even simpler mathematical convention
that reduces the number of multiples or/and additions fur-
ther at the mean time recover the accuracy lost in original
propose.

MobileNets does spot a direction of research to reduce
the network complexity, the Googles MobileNets propos-
als are only focused on its own mobile computing platform
Android, hence the MobileNets are altered to fit more on

Android, might be optimal on that, however not so true
as a general model. It is designed particularly for mobile
platforms, therefore does not represent the general energy-
efficient model solution on general platforms. Also, accord-
ing to MobileNets V3, the proposed nonlinear activation
function h-swish does not work well in low-dimensional
spaces, can still be improved.

Moreover, as for Knowledge Distilling, it is only effi-
cient in saving inference power, although using it as pre-
trained model in new model training does accelerates the
training progress, but it does not save any training energy,
energy consumptions for training were just performed at
the same quantity level in pre-training stage. The Network
Pruning, however, is certainly a direction of research, it
does indicate a path of addressing energy consuming is-
sue in training, however, deciding which parameters to be
pruned, depends on specific tasks and is competitively com-
plex, it would also be one my research focus.

The analysis above in section 2 and Energy-Efficient ap-
proach discussed in 2.5 shows that in order to reduce the
energy consumption of models we need to paying specific
attentions on lower-level hardware designs [43], but with
the newer generations of platforms have been invented, the
differences between different platforms matters a lot when
talk about energy-efficiency, the research on a general so-
lution on both lower-level hardware and higher-level pro-
gramming [10]to address the energy consumption issue of
training large DNN models is still a significant gap.

3.2. My Focus

In conclusion, my research will mainly focus on firstly
find a way to erase the difference between lower-level ar-
chitectures in abstract level, well quantifies the energy con-
sumption in Training stage amount all kinds of computing
platforms, paying attention not only on the energy overhead
for processing the data to the MAC engines but the calcula-
tion consumptions.

Then start the development of a general method or model
to reduce the training energy consumptions for Deep Neu-
ral Networks and Reinforcement Learning Control mech-
anisms, but still ensure the performance/accuracy of the
model, where the less energy consumptions mains fewer
computing powers, less memory, and hence less training
time. Particularly, from the lower level, referencing from
DNNs focused hardware designs like Tensor Processing
Unit, Neural network Processing Unit trying to overcome
the difficulties brought from data transferring and process-
ing.

Moreover, from higher-level computing perspective, in
cooperate with the proposing lower-level architecture, pro-
pose a new model or configuration to allow less energy con-
sumptions on large DNN model training.
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4. Methodology

It is preliminarily scheduled that during my 4 years PhD
time, spend one and half year to read through all the existing
methods and mechanisms as mentioned above, and imple-
ment them as indicated on the papers by myself to under-
stand deeper about those important thoughts, they all point
a clear direction of thinking for later researchers working on
related filed. Then spend half a year to apply those meth-
ods on real-life applications, accumulates practice experi-
ences, which I consider to be critical for me to underlining
the problems and pros & cons of the current methods fur-
ther.

After above, for the remaining 2 years, I will try to pro-
pose my own model or mechanisms, the thinking direction
of such propose will based on my own thoughts combined
with my previous practices and readings. Roughly the ques-
tion will be addressed from the following aspects, person-
ally, I don’t tend to go into model design because it currently
lacks theoretical support and is more like experimental sci-
ence, hence the uncertainty is greater; pruning can be inves-
tigated; distillation works on almost all tasks and adds no
extra reasoning overhead; quantification to reduce the in-
ference power is currently the most applied from my point
of view, and of course, these views are still waiting for the
validation in my 2 years of experiments.

The last thing I want to mention is, during my time of
research, I would like to also pay attention to the funda-
mental methods used in Deep Neural Networks, querying
questions regarding the basic ideas in Computer Vision,
Reinforcement Learning and Artificial Intelligence in gen-
eral, for example, current Artificial Intelligence are largely
based on Artificial Neural Networks, since its ability of
high-dimensional function fitting, thus can be used in fea-
ture extraction and learning, but instead of current Neural
Network model, is there a better approach that can perform
high-dimensional function fitting but with less costs.
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