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Abstract

CrossMark

By training a convolutional neural network (CNN) model, we successfully recognize different
phases of the El Nifio-Southern oscillation. Our model achieves high recognition performance,
with accuracy rates of 89.4% for the training dataset and 86.4% for the validation dataset.
Through statistical analysis of the weight parameter distribution and activation output in the
CNN, we find that most of the convolution kernels and hidden layer neurons remain inactive,
while only two convolution kernels and two hidden layer neurons play active roles. By
examining the weight parameters of connections between the active convolution kernels and the
active hidden neurons, we can automatically differentiate various types of El Nifio and La Nifia,
thereby identifying the specific functions of each part of the CNN. We anticipate that this
progress will be helpful for future studies on both climate prediction and a deeper understanding

of artificial neural networks.
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1. Introduction

Deep learning [1-6] has emerged as a powerful and adaptive
paradigm for handling complexity and acquiring abstract
representations from data. It has led to groundbreaking
advancements in various fields such as Earth system science
[7-12], biology [13, 14], finance [15], transportation [16, 17],
and more. However, the interpretability [8, 18-24] of deep
learning models, often referred to as ‘black boxes’ [25-27],
remains a pressing concern. Deriving human-comprehensible
insights from these models [28-31] is crucial for a deeper
understanding and generating domain knowledge. Note-
worthy interpretation skills, including layerwise relevance
propagation [24, 32-34], saliency maps [35-38], optimal
input [39], and others, have been employed in efforts to
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unravel the inner mechanisms of deep learning models.
However, these existing approaches predominantly focus on
identifying the empirical features that contribute to the
model’s output rather than delving into the causal clues
within the black box itself [8, 40—43].

The El Nino-Southern Oscillation (ENSO) is a well-
known interannual climate variability phenomenon [44, 45].
ENSO is characterized by abnormal warming or cooling in
the equatorial central and eastern Pacific region, and its
anomalous state has far-reaching meteorological impacts on a
global scale [46—48]. Numerous studies have employed a
variety of deep learning architectures to analyze and forecast
the evolution of ENSO [9, 34, 49-51]. For example, Ham
et al proposed a deep ensemble prediction framework for
forecasting El Nifio events using CNNs with improved
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Figure 1. Architecture of the CNN model used in this study. Our CNN architecture comprises a convolutional layer with 16 convolution
kernels of size 5 x 5. These kernels function as filters, processing the input image through element-wise multiplications and aggregating
activation feature maps. Subsequently, the feature maps undergo a 2 x 2 average pooling layer, reducing their size by aggregating values
within local neighborhoods. The pooled feature maps are then flattened and fully connected to a hidden layer consisting of 100 neurons.
Finally, the neurons in the hidden layer are connected to a fully connected output layer with 3 neurons.

prediction accuracy compared to traditional statistical models
[9]. While this study contributes to ENSO prediction
accuracy, it has several potential shortcomings. The primary
limitation lies in the limited interpretability of CNNs, which
hinders a clear understanding of the model’s decision-making
process. In addition, the reliance on data quality may also
affect the confidence of the predictions.

Deep learning models can be viewed as compositions of
constituent units called neurons [1-3], with the representation
encompassing both individual neuron parameter features and
the collective behavior arising from their activation states.
Investigating individual neurons and their activation states is
of fundamental importance to achieve a comprehensive
understanding of the representation. Moreover, the complex-
ity of deep learning models is intrinsically linked to the
complexity of the learning tasks they tackle, as exemplified
by DeepMind’s research [52]. When a deep learning model
exhibits perfect performance in solving a specific task, it
implies that the model’s representation encodes the task’s
intrinsic features [53]. Therefore, with improved measur-
ability and transparency offered by deep learning models, the
complexity inherent in these systems should not serve as an
excuse to avoid studying them. Instead, it should serve as
motivation to investigate further.

Based on this perspective, a methodology is proposed to
analyze the inner representation of deep learning models. We
use it to elucidate the inner workings of a convolutional
neural network (CNN) model designed to classify ENSO. Our
deep learning task focuses on classifying different phases of
ENSO based on near-surface air temperature. The well-
trained model demonstrates precise identification of distinct
ENSO phases. Analysis of the internal model representation
reveals a condensed and simplified parameter structure,
improving our understanding of each component’s task-
specific function. Remarkably, this parameter structure
enables clear differentiation between eastern Pacific (EP)
and central Pacific (CP) El Nifio patterns, as well as weak and
extreme La Nifa patterns, shedding light on the crucial
features of this natural phenomenon.

This study serves as a rudimentary model for delving into
the black boxes of complex systems, providing preliminary
insights and inspiration for harnessing the power of deep

learning to comprehend phenomena within complex systems.
Moreover, we firmly believe that the fundamental perspective
and methodology employed in this study possess the potential
to be extended to more intricate models, owing to the inherent
nature of complexity that is shared among diverse systems.

2. Data and methods

2.1. Data

The aim of our learning task is to identify different phases of the
ENSO based on the images of near-surface air temperature.
ENSO is a basin-scale phenomenon that involves coupled
atmosphere-ocean processes. It consists of three phases: El Nifio,
La Nifia, and the normal phase. El Nifio and La Nifia refer to
irregular warming and cooling of the equatorial central and
eastern Pacific region. To define the phases, we conventionally
employ the Oceanic Nifio Index (ONI, https://origin.cpc.ncep.
noaa.gov/products /analysis_monitoring /ensostuff/ONL_v5.php,
accessed on 31 May 2019) [54], which is a three-month running
mean of sea surface temperature anomaly (SSTA) in the Nifio3.4
region (5°N-5°S, 170°W-120°W). According to NOAA’s
definition, for a full-fledged El Nifio or La Nifa event, the
ONI must exceed +0.5 °C or —0.5 °C for at least five consecutive
months.

We utilize near-surface (2 m) air temperature data as input
and assign the corresponding ENSO phase as the label. The
daily near-surface (2 m) air temperature data is obtained from
the National Centers for Environmental Prediction-National
Center for Atmospheric Research (NCEP-NCAR) Reanalysis
[55] (https://psl.noaa.gov/data/gridded/data.ncep.reanalysis.
html, accessed on 31 May 2019), presented as grids with a
latitude-longitude interval of 1.9° x 1.875° Our region of
interest spans from 60°S to 60°N, consisting of a total of
N =064 x 192 grids. We label the ENSO phases using a three-
dimensional vector ¢(f), which is equal to (1, 0, 0) for El Nifio,
(0, 1, 0) for La Nifia, and (0, 0, 1) for the normal phase.

For the purposes of training and validation, we split the
dataset into two parts. The training dataset covers 1 January
1950 to 31 December 1999, and consists of a total of 18,
262 d. The validation dataset spans 1 January 2000 to
31 December 2018, and consists of a total of 6, 490 d. To
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filter out the fluctuations of short time scales in the data, we
applied a 30 d sliding average with a sliding step of 1 d. To
validate the robustness of our analysis, the daily data without
the sliding average is applied for training as a comparison in
appendix B.

We denote the surface temperature of grid i at time ¢ as
S;(f) with the average

1 &
(Si) = ;Z Si(®), (D

=ty

where 1, is 1 January 1950, #; is 31 December 1999, and T
represents the total number of days in this period. The
temperature fluctuation of grid i at time ¢ is given by

68i(1) = Si(t) — (Si). )

The root mean square deviation for grid i is calculated as

A= /%Z‘(é&(r»?. 3)

Considering the significant differences in temperature
fluctuations across different regions, we standardize the data
for each grid i using

08; (1)
xi(t) = ——=. 4
) A, “
The input to the neural network is represented as
x(1) = (@), x2(0),....xn (1)) ®)

2.2. Convolutional neural network

In this study, we employ CNN, a classical and well-
established deep learning architecture, to address the task of
ENSO phases recognition within the deep learning paradigm,
as shown in figure 1. Our specific CNN architecture consists
of a convolutional layer comprising 16 convolution kernels,
each with a size of 5 x 5. These kernels act as filters,
transforming the input image by performing element-wise
multiplications and subsequently aggregating the resulting
activation feature maps. These feature maps then undergo a
2 x 2 average pooling layer, reducing the size of the feature
maps through coarse-graining values within 2 x 2 local
neighborhoods. The pooled feature maps are then connected
to a fully-connected hidden layer comprising 100 neurons.
Finally, the neurons within the hidden layer are connected to a
fully-connected output layer, housing only 3 output neurons.
This output layer facilitates the decision-making process,
providing the output vector o(t) = (0,(?), 0x(t), 03(f)), where
01(1), 0,(1), and 05(¢) represent the predicted intensities for El
Nifio, La Nifia, and normal phases, respectively.

The neuron parameters are randomly initialized before
the training process, and the meaningful representation
develops through the training process. Following the
convention in deep learning classification tasks, cross-entropy
loss function is utilized to quantify the discrepancy between
the softmax normalized outputs and the labels. The training
objective is to minimize the overall discrepancy by adjusting
the neuron parameters. To mitigate overfitting, we incorporate
L? parameter regularization [3] by adding a penalty term to

the loss function. If a significant discrepancy in accuracy
arises between the training and validation datasets, training
with increased L? regularization strength is necessary to
ensure satisfactory performance on the validation data.

2.3. Unpacking the black box

Unpacking the black box involves examining neuron
parameters and activation states. The importance of neuron
parameters is assessed based on their significance. Under-
standing the spatial distribution of parameters and sorting
them accordingly provides valuable insights, highlighting the
key components that drive the inner workings of the black
box. Additionally, a deep understanding of the collective
behavior of activation states is also essential for comprehend-
ing the black box.

3. Results

3.1. Identification of ENSO phases

Impressive accuracy results have been achieved for both the
training and validation datasets through sufficient training.
The accuracy stands at 89.4% for the training datasets and
reaches 86.4% for the validation datasets. From the validation
datasets, we obtain the prediction o(f) = (0,(?), 02(¥), 03(¢)),
which refers to the El Nifio, the La Nifia, and normal phases,
respectively. The ENSO phases are identified by the largest
output. In addition, we try to quantify the significance of the
identified ENSO phase. The significance is related to the
standard deviation

3
A = \/%Z[Oi(t) —aF, (6)
i=1

where o(t) = %Ef _ 1 0i(t). Further, we should consider the
difference between the largest output and the second largest
output, which is denoted as §. We describe the significance of

the identified ENSO phase by
R(@) =6 A@), (7

which is depicted in figure 2(a). For some states with
significance R(f) < 10 and persistence in an ENSO phase for
less than 2 months, their phase is defined as that of the
previous states.

From figure 2(a), we can see that all El Nifio events since
2000 have been correctly identified. The very strong El Nifio
event from 2015 to 2016 has been classified with a very large
R(?). The strong La Niifia events at 1999-2000, 2007-2008,
and 2010-2011 have been identified with large R(?).
Two misjudgments appear for the two weakest events at
2005-2006 and 2016-2017, which are indicated by small
R(?) as well.

3.2. Unpacking the neural network

3.2.1. Unpacking the convolutional layer. Our investigation
initiates with a comprehensive examination of the convolu-
tional layer within our CNN architecture, which consists of an
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Figure 2. (a) Identification of ENSO phases and their significance for the validation dataset (2000-2018) with the El Nifio, La Nifia, and
normal phases represented by the red, blue, and white backgrounds respectively. (b) The Oceanic Nifio index (ONI) from 2000 to 2018,
where the El Nifio, La Nifia, and normal phases are displayed with red, blue, and white backgrounds, respectively.

Figure 3. Visualization of the convolution kernels with their values
shown as 5 x 5 nodes on the surface. Among the 16 convolution
kernels, only kernel 5 (blue surface) and kernel 6 (red surface) have
nonzero values.

ensemble of 16 convolution kernels. Notably, these kernels
exhibit a remarkable degree of sparsity, with only kernels 5
and 6 emerging as the exclusive kernels manifesting notable
values, as shown in figure 3. Kernel 6 presents a smooth,
concave-up pattern characterized by positive values, while
kernel 5 displays a smooth, convex-down pattern character-
ized by negative values. By comparing the output feature
maps produced by each kernel with the input image, we can
discern the distinct functions that these kernels serve, as
demonstrated in appendix A. Kernel 6 effectively captures
positive features, representing the magnitude of positive
temperatures in its feature map. Conversely, kernel 5 adeptly

captures negative features, representing the magnitude of
negative temperatures in its feature map. The remaining
convolution kernels yield null outputs, indicating that their
outputs do not contribute to the final prediction.

3.2.2. Unpacking the hidden layer. In the hidden layer
consisting of 100 fully-connected neurons, it is vital to
identify key neurons. By prioritizing high averages and
significant variations in activation output, we observe sparse
activation in this layer as well. Based on this analysis, we
have identified two crucial active neurons: hidden neurons 50
and 100. Each active neuron demonstrates two distinct
parameter patterns, corresponding to the connection para-
meters linked to feature maps derived from convolution
kernels 5 and 6, respectively.

The patterns observed in neuron 100 effectively capture
the unique characteristics of El Nifio, specifically the
anomalous warming in the eastern and central equatorial
Pacific. This neuron displays a selective response to positive
signals, particularly in the central and eastern Pacific regions,
when analyzing the positive features extracted by kernel 6
(figure 4(a)). Conversely, when these regions exhibit
concentrated negative features extracted by kernel 5, neuron
100 exhibits a low activation output, as shown in figure 4(b).

It is very interesting to note that these patterns inherently
capture the distinct spatial patterns between the EP and the CP
El Nifio flavors. The EP and CP flavors are of significant
importance in comprehending the El Nifio phenomenon as
they represent distinct anomalous temperature patterns
accompanied by notable variations in regional climatic
impacts [56]. As shown in figure 4(a), the connection
parameters associated with the feature map derived from
kernel 6 exhibit an EP flavor, aligning with the maximum
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Figure 4. (a)—(b) Visualization of nontrivial parameters for hidden neuron 100. The connection parameters associated with feature maps
derived from convolution kernels 6 and 5 are visualized in (a) and (b), respectively.
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Figure 5. (a)—(b) Visualization of nontrivial parameters for hidden neuron 50. The connection parameters associated with feature maps
derived from convolution kernels 6 and 5 are visualized in (a) and (b), respectively.

warming observed in the eastern Pacific near the coast of
South America (see the EP El Nifio pattern shown in figure
2(a) of [56]). As depicted in figure 4(b), the connection
parameters linked to the feature map derived from kernel 5
exhibit a distinct CP flavor. The CP flavor corresponds to the
anomalous center observed in the central equatorial Pacific
and is notable for its characteristic horseshoe pattern (see the
CP El Nifio pattern shown in figure 5(b) of [56]).

On the other hand, the observed patterns in neuron 50
reflect the distinctive characteristics of La Nifia, specifically
the anomalous cooling observed in the eastern and central
equatorial Pacific. This neuron demonstrates a selective
response to negative signals, particularly in the central and
eastern Pacific regions, when analyzing the negative features
extracted by kernel 5, as shown in figure 5(b). Conversely,
when these regions exhibit concentrated positive features
extracted by kernel 6, neuron 50 exhibits a low activation, as
shown in figure 5(a). The connection parameters associated
with Neuron 50 also display two distinctive patterns. Notably,
it reveals a clear distinction between different types of La
Nifia patterns. Despite the lack of distinctiveness in the CP
and EP types of La Nifia [57], there are significant differences
in spatial distribution between weak and extreme La Nifa
[58]. Figure 5(a) shows that the connection parameters
associated with the feature map derived from kernel 6
correspond to the weak La Nifia pattern, while the feature
map derived from kernel 5 corresponds to the extreme La
Nifa pattern (refer to figures 1(a)—(b) of [58] for the weak and
extreme La Nifia patterns).

3.2.3. Unpacking the output layer. The output layer
comprises 3 output neurons, each playing an important role
in predicting El Nifio, La Nifia, and the normal phases,
respectively. Therefore, we directly refer to the three neurons
as the El Nifio neuron (output neuron 1), the La Nifia neuron
(output neuron 2), and the normal neuron (neuron 3),
respectively. The contribution of hidden neurons to each
output neuron is reflected in the parameters, as shown in
figure 6. Sparsity is observed, with only active hidden
neurons (hidden neurons 50 and 100) significantly

contributing to the output neurons, consistent with the
discussion in section 3.2.2. The distinct roles of these active
hidden neurons can be identified based on their contributions.
Hidden neuron 100 promotes El Nifio prediction while
inhibiting La Nifla prediction, while hidden neuron 50
exhibits the opposite effect.

4. Conclusions

In this work, we employ near-surface (2 m) air temperature
data from NCEP/NCAR reanalysis data to train a CNN in
recognizing various phases of ENSO. Our model exhibits
high recognition accuracy, with the training dataset and
validation dataset achieving accuracy rates of 89.4% and
86.4%, respectively. To further understand the underlying
principles behind the good performance of our neural network
model, we examine the parameter distribution and activation
output in the neural network. It turns out that only two sets of
convolution kernels (the No. 5 and the No. 6) are actively
contributing to the results, while others are of zero value.
Thus, we can only use one of these two sets of convolution
kernels (the No. 5 and the No. 6) to extract positive-
temperature or negative-temperature features from the
original input of the global temperature field, respectively.
Similarly, among the total of 100 hidden layer neurons, only
two neurons (the 50th and the 100th) are playing a dominant
role in the model. The 100th neuron responds to El Nifio
features, and the 50th neuron responds to La Nifia features.
By analyzing the connection weight parameters between the
two active convolution kernels (the No. 5 and the No. 6) and
the two dominant hidden layer neurons (the 50th and the
100th), we found that each weight parameter represents the
characteristics of a certain type of El Nifio or La Nifia.
Therefore, we can distinguish different types of El Nifio and
La Nifia in sufficiently clear geographical regions. For
example, the four types of climate phenomena (the eastern
type El Nifio, the central type El Nifo, the weak La Nifia, and
the extreme La Nifia) are readily recognized according to the
four connection weight parameter patterns between the two
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Figure 6. (a)—(c), Visualization of the parameters for output neurons. The connection parameters for the El Nifio, La Nifia and normal neuron
are visualized in (a), (b), and (c), respectively. The connection parameters are denoted as w;= Nifo yLaNiia 4 q \ Normal The jdentifier i is used
to represent each hidden neuron that connects to these output neurons. Parameters with significant contributions are marked by their

corresponding identifier i.

active convolution kernels and the two dominant hidden layer
neurons (No. 6 and the 100th, No. 5 and the 100th, No. 6 and
the 50th, and No. 5 and the 50th). This work shows that our
model successfully learns and differentiates specific features
of climate phenomena. We expect this progress is helpful for
both future predictions of climate change and a deep
understanding of the general underlying mechanism of
artificial neural networks.
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Appendix A. Demonstration of the effects of
convolution kernels

As shown in figures A1-AS, convolution kernel 6 captures
positive features, representing the magnitude of positive
temperatures in its feature map. Convolution kernel 5 captures
negative features, representing the magnitude of negative
temperatures in its feature map. The remaining convolution
kernels produce null outputs, signifying that their outputs do



Commun. Theor. Phys. 75 (2023) 095601 Y Sun et al

6
3
0
3
6
60°S, H

% 60°E 120°E 180° 120°W60°W 6
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not contribute to the final prediction. These effects hold true
for any selected dates as well.

Appendix B. Reproducibility and the robustness of
results

To demonstrate the robustness and reproducibility of our
study, we conduct two groups of independent parallel
trainings. We use daily data from the same dataset without
the sliding average to validate the analysis’s robustness. In
figures B1-B3, we compare the monthly predictions between
the original training and the two parallel trainings. In

figures B4-B6, we compare the outputs of active hidden
neurons between the original training and the two parallel
trainings. Similarly, in figures B7-B9, we compare the
outputs between the original training and the two parallel
trainings. The parameters for the two parallel trainings are
shown in figures B10-B12 and figures B13-B15, respec-
tively. During the parallel trainings, we observed that training
with daily data resulted in the emergence of an additional
active neuron in the hidden layer. By examining the output of
this neuron, we discovered that it exhibited relatively low
variability and followed an annual cycle, as shown in figures
B5(c) and B6(c). This may be caused by the stronger
fluctuations and volatility inherent in the daily data.
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Figure B1. The monthly predictions for the validation dataset (2000-2018).
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Figure B4. The nontrivial outputs of hidden layer for the validation dataset (2000-2018).
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13



Commun. Theor. Phys. 75 (2023) 095601

Y Sun et al

w(hidden, 65, conv 1)

SN

J L cr -
120°E  180° 120°W 60°W

W(hiddcn, 77, conv 1)

VT

© 60°N

J
120°E

w(hidden, 22, conv 1)
T

30°N

0°R

30°S

P

Gl o

60°%)s

60°E

J L
120°E  180°

120°W 60°W

0.06
0.04
0.02
0.00
—0.02
—0.04
—0.06

(hidden, 65, conv 5)
®)g0on w
Y
60°S. e i L L er -
0° 60°E  120°E 180° 120°W 60°W
d w(hidden, 77, conv 5)
( )60"1‘T TN
30°N —_ o 3
0° 4
30°S - A -
60°S L )IL L Li -
0° 60°E 120°E  180° 120°W 60°W
(hidden, 22, conv 5
w
(f) 60°N, =
30°N| - - pe -
0° o N ) -y _/
4 3 i
30°Sk by S =
60°S )IL

0° G60°E 120°E 180°

Figure B11. Visualization of nontrivial parameters in the hidden layer of parallel training 1.

(a)

(b)

(c)

w

El Niiio

La Nifia

Normal

0.4

El Nino Neuron

0.2

0.0

i1=22

Li2=65 i3=77
| 4

=
—0.21

—0.4

10 20 30

40

T T T T T

50 60 70 80 90

i

La Nina Neuron

100

0.2

0.0

'1=22

b

i2=65 i3:77

—0.24

-0.4

10 20 30

40

50 60 70 80 90

Normal Neuron

100

0.2

0.0

i1=22

Li2=65 i3:77

—0.214

Figure B12. Visualization of the parameters for output neurons in parallel training 1.

T T T

10 20 30

T

40

14

T T T T T

50 60 70 80 90
i

100

0.06
0.04
0.02
0.00
-0.02
—0.04
—0.06



Commun. Theor. Phys. 75 (2023) 095601 Y Sun et al

0.00 |

-0.06
—0.06

-0.12
-0.12

Kerne[ 2

Figure B13. Visualization of the convolution kernels in parallel training 2 with their values shown as 5 x 5 nodes on the surface.

(hidden, 34, conv 16) (hidden, 34, conv 2)
w w
(a) 60°N| S 0.06 (b) 60°N, 0.06
o 0.04 0.04
30°N 0.02 0.02
0° 0.00 - 0.00
-0.02 -0.02
30°S ~0.04 i —0.04
o 0.06 0.06
60 9
C
( )60°N 0.06 0.06
o 0.04 0.04
30°N 0.02 A 0.02
0° 0.00 - 0.00
0.02 0.02
30°S 7 ~0.04 - —0.04
60°S o | 1 . ~0.06 S L L br__- ~0.06
0°  60°E 120°E 180° 120°W 60°W 180° 120°W 60°W
(hidden, 89, conv 16) (hidden, 89, conv 2)
§ w w
(©) goon et s - ® goen TR TN 006
30°N] y 0.04 30°N]| ! . 0.04
0.02 A 0.02
0° - - 0.00 0° - - 0.00
IR s AR 5T
60°S I J L a5 ~0.06 60°S I L L L E fos® ~0.06
0°  60°E 120°E 180° 120°W 60°W 0°  60°E 120°E 180° 120°W 60°W

Figure B14. Visualization of nontrivial parameters in the hidden layer of parallel training 2.

15



Commun. Theor. Phys. 75 (2023) 095601

Y Sun et al

El Nino Neuron

(a) 04
0.2 A
< t =34 i»=49 i3=89
§ 0.0
S
=
702 4
—0.4 -+ T y T T T T v - .
1 10 20 30 40 50 60 70 80 90 100
i
La Nina Neuron
(b) 04
0.2
2 i1=34 i»=49 i3=89
EY
—0.21
—0.4 = T y v T T v r - -
1 10 20 30 40 50 60 70 80 90 100
i
Normal Neuron
(C) 04
0.2
- i1=34 =49 i3=89
S |4 ¥
s _ 00
=
—0.21
—0.4 = T y v T T v r - -
1 10 20 30 40 50 60 70 80 90 100

i

Figure B15. Visualization of the parameters for output neurons in parallel training 2.

Appendix C. Details about the CNN

C.1. Neurons and convolution kernels

A neuron extracts the feature from its input. We have depicted
the workflow of a neuron in figure C1. The ReLU function
which is used as the activation function in a neuron is shown
in figure C2. Convolution kernels act as filters, transforming
the input image by performing element-wise multiplications
and subsequently aggregating the resulting activation feature
maps. We present the schematic diagram of convolution
kernels in figure C3, illustrating two kernels of size 3 x 3 as
an example.

C.2. Loss function and L? parameter regularization

In the training process, the cross-entropy function is used to
measure the loss at time ¢

loss(1) = ﬁ:ross—engropy (c(®), p(1))

3
—> ci(@) - log(p; (1)

i=1

16

Here, c(¢) denotes the label, and p(f) denotes the softmax
normalized output with

e%i®

pi(t) = =1, 2, 3.

e01(0) + e2(1) + e ’

The training is essentially a fitting process which
minimizes the total loss by tuning neural network parameters.
To suppress overfitting during the training process, L>
parameter regularization is used. This method updates the
loss function to be minimized from loss(f) to

uiy|
loss(t) + ) EHW’“H2
m=1

Here,

WP = ") + (03" + .. () (€1
is referred to as the L? parameter for neuron m, and « is the
factor used to control the strength of L?> parameter
regularization during the training process.



Commun. Theor. Phys. 75 (2023) 095601 Y Sun et al

m Neuron
7 (t)

Extract feature intensity Determine outupt

() =wr @) om() = f ™) —u™) . o (t)

zp(t)

Figure C1. The schematic diagram of a neuron. The superscript m is used to identify the neuron. w" and u™ are the inner parameters of the
neuron. Function f is the activation function of the neuron. In this study, the ReLU function is used as the activation function. x"(z) is the
input information of the neuron at time #. x" (t), x5" (), x3"(¢), ..., xp (¢) are the components of x"'(f). The neuron extract the intensity of
feature w™, compare the intensity with the threshold u™ and decide how to give the output 0™(r) by the activation function f.
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Figure C3. The schematic diagram of convolution kernels. This is an example for two convolution kernels of size 3 x 3. These convolution
kernels act as filters, transforming the input image by performing element-wise multiplications and subsequently aggregating the resulting
activation feature maps.

References [5] Krizhevsky A, Sutskever I and Hinton G E 2017 Imagenet
classification with deep convolutional neural networks
Commun. ACM 60 84-90
[1] LeCun Y, Bengio Y and Hinton G 2015 Deep learning Nature [6] Alzubaidi L, Zhang J, Humaidi A J, Al-Dujaili A, Duan Y,

521 43644 Al-Shamma O, Santamaria J, Fadhel M A, Al-Amidie M and
[2] Schmidhuber J 2015 Deep learning in neural networks: an Farhan L 2021 Review of deep learning: concepts, CNN
overview Neural Netw. 61 85-117 architectures, challenges, applications, future directions
[3] Goodfellow I, Bengio Y and Courville A 2016 Deep Learning J. Big Data 8 53
(Cambridge, MA: MIT Press) [7] Van Hulle M, Sladojevic S, Arsenovic M, Anderla A,
[4] Lecun Y, Bottou L, Bengio Y and Haffner P 1998 Gradient- Culibrk D and Stefanovic D 2016 Deep neural networks
based learning applied to document recognition Proc. IEEE based recognition of plant diseases by leaf image
86 2278-324 classification Comput. Intell. Neurosci. 2016 3289801

17


https://doi.org/10.1038/nature14539
https://doi.org/10.1038/nature14539
https://doi.org/10.1038/nature14539
https://doi.org/10.1016/j.neunet.2014.09.003
https://doi.org/10.1016/j.neunet.2014.09.003
https://doi.org/10.1016/j.neunet.2014.09.003
https://doi.org/10.1109/5.726791
https://doi.org/10.1109/5.726791
https://doi.org/10.1109/5.726791
https://doi.org/10.1145/3065386
https://doi.org/10.1145/3065386
https://doi.org/10.1145/3065386
https://doi.org/10.1186/s40537-021-00444-8
https://doi.org/10.1155/2016/3289801

Commun. Theor. Phys. 75 (2023) 095601

Y Sun et al

(8]

(91
[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

(20]

(21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

Reichstein M, Camps-Valls G, Stevens B, Jung M, Denzler J,
Carvalhais N and Prabhat 2019 Deep learning and process
understanding for data-driven Earth system science Nature
566 195-204

Ham Y-G, Kim J-H and Luo J-J 2019 Deep learning for multi-
year ENSO forecasts Nature 573 568-72

Frame J M, Kratzert F, Klotz D, Gauch M, Shalev G, Gilon O,
Qualls L M, Gupta H V and Nearing G S 2022 Deep
learning rainfall-runoff predictions of extreme events
Hydrol. Earth Syst. Sci. 26 3377-92

Chen S et al 2022 Digital mapping of GlobalSoilMap soil
properties at a broad scale: a review Geoderma 409 115567

Wang S, Cao J and Yu P S 2022 Deep learning for spatio-
temporal data mining: a survey IEEE Trans. Knowl. Data
Eng. 34 3681-700

Jumper J et al 2021 Highly accurate protein structure
prediction with AlphaFold Nature 596 583-9

Avsec Z, Agarwal V, Visentin D, Ledsam J R,
Grabska-Barwinska A, Taylor K R, Assael Y, Jumper J,
Kohli P and Kelley D R 2021 Effective gene expression
prediction from sequence by integrating long-range inter-
actions Nat. Methods 18 1196-203

Fischer T and Krauss C 2018 Deep learning with long short-
term memory networks for financial market predictions Eur.
J. Oper. Res. 270 654-69

Lv Y, Duan Y, Kang W, Li Z and Wang F-Y 2015 Traffic flow
prediction with big data: a deep learning approach IEEE
Trans. Intell. Transp. Syst. 16 865-73

Jiao L, Zhang F, Liu F, Yang S, Li L, Feng Z and Qu R 2019 A
survey of deep learning-based object detection IEEE Access
7 128837-68

Murdoch W J, Singh C, Kumbier K, Abbasi-Asl R and Yu B
2019 Definitions, methods, and applications in interpretable
machine learning Proc. Natl. Acad. Sci. USA 116
pp 22071-80

Tjoa E and Guan C 2021 A survey on explainable artificial
intelligence (XAI): toward medical XAI IEEE Trans. Neural
Netw. Learn. Syst. 32 4793-813

Samek W, Montavon G, Lapuschkin S, Anders C J and
Miiller K-R 2021 Explaining deep neural networks and
beyond: a review of methods and applications Proc. IEEE
109 247-78

Zhang Y, Tito P, Leonardis A and Tang K 2021 A survey on
neural network interpretability /EEE Trans. Emerg. Top.
Comput. Intell. 5 726-42

Wang K, Variengien A, Conmy A, Shlegeris B and
Steinhardt J 2022 Interpretability in the wild: a circuit for
indirect object identification in gpt-2 small (https://doi.org/
10.48550/arXiv.2211.00593)

Chughtai B, Chan L and Nanda N 2023 A toy model of
universality: reverse engineering how networks learn group
operations (https://doi.org/10.48550/arXiv.2302.03025)

Montavon G, Samek W and Mueller K-R 2018 Methods for
interpreting and understanding deep neural networks Digit.
Signal Process. 713 1-15

Holm E A 2019 In defense of the black box Science 364 267

McGovern A, Lagerquist R, John Gagne D, Jergensen G E,
Elmore K L, Homeyer C R and Smith T 2019 Making the
black box more transparent: understanding the physical
implications of machine learning Bull. Amer. Meteor. Soc.
100 2175- 2199

Loyola-Gonzilez O 2019 Black-box versus white-box: under-
standing their advantages and weaknesses from a practical
point of view IEEE Access 7 154096-113

Erhan D, Bengio Y, Courville A C and Vincent P 2019
Visualizing higher-layer features of a deep network
University of Montreal 1341:3

Zeiler M D and Fergus R 2014 Visualizing and understanding
convolutional networks Computer Vision—ECCV 2014 ed

18

[30]

[31]

[32]

[33]

[34]

[35]

[36]

(371

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

D Fleet et al (Cham: Springer International Publishing) vol
8689, pp 818-33

Mahendran A and Vedaldi A 2015 Understanding deep image
representations by inverting them 2015 IEEE Conf. on
Computer Vision and Pattern Recognition (CVPR) (Boston,
MA, USA) (IEEE) pp 5188-96

Nguyen A, Yosinski J and Clune J 2015 Deep neural networks
are easily fooled: high confidence predictions for unrecog-
nizable images 2015 IEEE Conf.e on Computer Vision and
Pattern Recognition (CVPR) (Boston, MA, USA) (IEEE)
pp 427-36

Bach S, Binder A, Montavon G, Klauschen F,

Mueller K-R and Samek W 2015 On pixel-wise explana-
tions for non-linear classifier decisions by layer-wise
relevance propagation PLoS One 10 €0130140

Samek W, Binder A, Montavon G, Lapuschkin S and
Mueller K-R 2017 Evaluating the visualization of what a
deep neural network has learned IEEE Trans. Neural Netw.
Learn. Syst. 28 2660-73

Toms B A, Barnes E A and Ebert-Uphoff I 2020 Physically
interpretable neural networks for the geosciences: applica-
tions to earth system variability J. Adv. Model. Earth Syst.
12 e2019MS002002

Simonyan K, Vedaldi A and Zisserman A 2014 Deep inside
convolutional networks: visualising image classification
models and saliency maps (https://doi.org/10.48550/
arXiv.1312.6034)

Cheng G, Zhou P and Han J 2016 Learning rotation-invariant
convolutional neural networks for object detection in vhr
optical remote sensing images IEEE Trans. Geosci. Remote
Sens. 54 7405-15

Cheng M-M, Mitra N J, Huang X, Torr P H S and Hu S-M
2015 Global contrast based salient region detection /EEE
Trans. Pattern Anal. Mach. Intell. 37 569-82

Cheng G, Yang C, Yao X, Guo L and Han J 2018 When deep
learning meets metric learning: remote sensing image scene
classification via learning discriminative CNNs IEEE Trans.
Geosci. Remote Sens. 56 2811-21

Olah C, Mordvintsev A and Schubert L 2017 Feature
visualization Distill 2 e7

Ribeiro M T, Singh S and Guestrin C 2016 Why should I trust
you?’: Explaining the predictions of any classifier Proc. of
the 22th ACM SIGKDD Inte. Conf. on Knowledge Discovery
and Data Mining, KDD’16, Association for Computing
Machinery (New York, NY, USA) pp 1135-44

Lipton Z C 2018 The mythos of model interpretability: in
machine learning, the concept of interpretability is both
important and slippery Queue 16 31-57

Rudin C, Chen C, Chen Z, Huang H, Semenova L and
Zhong C 2022 Interpretable machine learning: fundamental
principles and 10 grand challenges Stat. Surv. 16 1-85

Runge J, Petoukhov V, Donges J F, Hlinka J, Jajcay N,
Vejmelka M, Hartman D, Marwan N, Palu§ M and Kurths J
2015 Identifying causal gateways and mediators in complex
spatio-temporal systems Nat. Commun. 6 8502

McPhaden M J, Zebiak S E and Glantz M H 2006 ENSO as an
integrating concept in earth science Science 314 1740-5

Capotondi A ef al 2015 Understanding ENSO diversity Bull.
Amer. Meteor. Soc. 96 921-38

lizumi T, Luo J-J, Challinor A J, Sakurai G, Yokozawa M,
Sakuma H, Brown M E and Yamagata T 2014 Impacts of El
Nifio Southern Oscillation on the global yields of major
crops Nat. Commun. S 3712

Cai W J et al 2020 Climate impacts of the El Nifio—Southern
Oscillation on South America Nat. Rev. Earth Environ. 1
215-231

Power S, Delage F, Chung C, Kociuba G and Keay K 2013
Robust twenty-first-century projections of El Nifio and
related precipitation variability Nature 502 541-45


https://doi.org/10.1038/s41586-019-0912-1
https://doi.org/10.1038/s41586-019-0912-1
https://doi.org/10.1038/s41586-019-0912-1
https://doi.org/10.1038/s41586-019-1559-7
https://doi.org/10.1038/s41586-019-1559-7
https://doi.org/10.1038/s41586-019-1559-7
https://doi.org/10.5194/hess-26-3377-2022
https://doi.org/10.5194/hess-26-3377-2022
https://doi.org/10.5194/hess-26-3377-2022
https://doi.org/10.1016/j.geoderma.2021.115567
https://doi.org/10.1109/TKDE.2020.3025580
https://doi.org/10.1109/TKDE.2020.3025580
https://doi.org/10.1109/TKDE.2020.3025580
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41592-021-01252-x
https://doi.org/10.1038/s41592-021-01252-x
https://doi.org/10.1038/s41592-021-01252-x
https://doi.org/10.1016/j.ejor.2017.11.054
https://doi.org/10.1016/j.ejor.2017.11.054
https://doi.org/10.1016/j.ejor.2017.11.054
https://doi.org/10.1109/ACCESS.2019.2939201
https://doi.org/10.1109/ACCESS.2019.2939201
https://doi.org/10.1109/ACCESS.2019.2939201
https://doi.org/10.1109/TNNLS.2020.3027314
https://doi.org/10.1109/TNNLS.2020.3027314
https://doi.org/10.1109/TNNLS.2020.3027314
https://doi.org/10.1109/JPROC.2021.3060483
https://doi.org/10.1109/JPROC.2021.3060483
https://doi.org/10.1109/JPROC.2021.3060483
https://doi.org/10.1109/TETCI.2021.3100641.
https://doi.org/10.1109/TETCI.2021.3100641.
https://doi.org/10.1109/TETCI.2021.3100641.
https://doi.org/10.48550/arXiv.2211.00593
https://doi.org/10.48550/arXiv.2211.00593
https://doi.org/10.48550/arXiv.2302.03025
https://doi.org/10.1016/j.dsp.2017.10.011
https://doi.org/10.1016/j.dsp.2017.10.011
https://doi.org/10.1016/j.dsp.2017.10.011
https://doi.org/10.1126/science.aax0162
https://doi.org/10.1126/science.aax0162
https://doi.org/10.1126/science.aax0162
https://doi.org/10.1175/BAMS-D-18-0195.1
https://doi.org/10.1109/ACCESS.2019.2949286
https://doi.org/10.1109/ACCESS.2019.2949286
https://doi.org/10.1109/ACCESS.2019.2949286
https://doi.org/10.48550/arXiv.1311.2901
https://doi.org/10.48550/arXiv.1311.2901
https://doi.org/10.48550/arXiv.1311.2901
https://doi.org/10.1109/CVPR.2015.7299155
https://doi.org/10.1109/CVPR.2015.7299155
https://doi.org/10.1109/CVPR.2015.7299155
https://doi.org/10.1109/CVPR.2015.7298640
https://doi.org/10.1109/CVPR.2015.7298640
https://doi.org/10.1109/CVPR.2015.7298640
https://doi.org/10.1371/journal.pone.0130140
https://doi.org/10.1109/TNNLS.2016.2599820
https://doi.org/10.1109/TNNLS.2016.2599820
https://doi.org/10.1109/TNNLS.2016.2599820
https://doi.org/10.1029/2019MS002002
https://doi.org/10.48550/arXiv.1312.6034
https://doi.org/10.48550/arXiv.1312.6034
https://doi.org/10.1109/TGRS.2016.2601622
https://doi.org/10.1109/TGRS.2016.2601622
https://doi.org/10.1109/TGRS.2016.2601622
https://doi.org/10.1109/TPAMI.2014.2345401
https://doi.org/10.1109/TPAMI.2014.2345401
https://doi.org/10.1109/TPAMI.2014.2345401
https://doi.org/10.1109/TGRS.2017.2783902
https://doi.org/10.1109/TGRS.2017.2783902
https://doi.org/10.1109/TGRS.2017.2783902
https://doi.org/10.23915/distill.00007
https://doi.org/10.1145/2939672.2939778
https://doi.org/10.1145/2939672.2939778
https://doi.org/10.1145/2939672.2939778
https://doi.org/10.1145/3236386.3241340
https://doi.org/10.1145/3236386.3241340
https://doi.org/10.1145/3236386.3241340
https://doi.org/10.48550/arXiv.2103.11251
https://doi.org/10.48550/arXiv.2103.11251
https://doi.org/10.48550/arXiv.2103.11251
https://doi.org/10.1038/ncomms9502
https://doi.org/10.1126/science.1132588
https://doi.org/10.1126/science.1132588
https://doi.org/10.1126/science.1132588
https://doi.org/10.1175/BAMS-D-13-00117.1
https://doi.org/10.1175/BAMS-D-13-00117.1
https://doi.org/10.1175/BAMS-D-13-00117.1
https://doi.org/10.1038/ncomms4712
https://doi.org/10.1038/s43017-020-0040-3
https://doi.org/10.1038/s43017-020-0040-3
https://doi.org/10.1038/s43017-020-0040-3
https://doi.org/10.1038/s43017-020-0040-3
https://doi.org/10.1038/nature12580
https://doi.org/10.1038/nature12580
https://doi.org/10.1038/nature12580

Commun. Theor. Phys. 75 (2023) 095601

Y Sun et al

[49] Nooteboom P D, Feng Q Y, Lopez C, Herndndez-Garcia E and
Dijkstra H A 2018 Using network theory and machine
learning to predict El Nifio Earth Syst. Dyn. 9
969-83

[50] He D, Lin P, Liu H, Ding L and Jiang J 2019 DLENSO: a
deep learning ENSO forecasting model PRICAI 2019:
Trends in Artificial Intelligence (Springer, Cham) (https://
doi.org/10.1007/978-3-030-29911-8_2)

[51] Wang G-G, Cheng H, Zhang Y and Yu H 2023 ENSO analysis
and prediction using deep learning: a review Neurocom-
puting 520 216-29

[52] Banino A et al 2018 Vector-based navigation using
grid-like representations in artificial agents Nature 557
429-33

19

[53] Zhang C, Bengio S, Hardt M, Recht B and Vinyals O 2021
Understanding deep learning (still) requires rethinking
generalization Commun. ACM 64 107-15

[54] NOAA 2020 Oceanic nifio index (https://origin.cpc.ncep.
noaa.gov /products/precip/CWlink/MJO /enso.shtml)

[55] Kalnay E et al 1996 NCEP/NCAR 40-year reanalysis project
Bull. Amer. Meteor. Soc. 77 437-71

[56] Ashok K, Behera S K, Rao S A, Weng H and Yamagata T
2007 El Nifio Modoki and its possible teleconnection
J. Geophys. Res. 112 C11007

[57] Kug J-S and Ham Y-G 2011 Are there two types of La Nina?
Geophys. Res. Lett. 38 L16704

[58] Cai W et al 2015 Increased frequency of extreme La Nifia events
under greenhouse warming Nat. Clim. Change 5 1327


https://doi.org/10.5194/esd-9-969-2018
https://doi.org/10.5194/esd-9-969-2018
https://doi.org/10.5194/esd-9-969-2018
https://doi.org/10.5194/esd-9-969-2018
https://doi.org/10.1007/978-3-030-29911-8_2
https://doi.org/10.1007/978-3-030-29911-8_2
https://doi.org/10.1016/j.neucom.2022.11.078
https://doi.org/10.1016/j.neucom.2022.11.078
https://doi.org/10.1016/j.neucom.2022.11.078
https://doi.org/10.1038/s41586-018-0102-6
https://doi.org/10.1038/s41586-018-0102-6
https://doi.org/10.1038/s41586-018-0102-6
https://doi.org/10.1038/s41586-018-0102-6
https://doi.org/10.1145/3446776
https://doi.org/10.1145/3446776
https://doi.org/10.1145/3446776
https://origin.cpc.ncep.noaa.gov/products/precip/CWlink/MJO/enso.shtml
https://origin.cpc.ncep.noaa.gov/products/precip/CWlink/MJO/enso.shtml
https://doi.org/10.1175/1520-0477(1996)077<0437:TNYRP>2.0.CO;2
https://doi.org/10.1175/1520-0477(1996)077<0437:TNYRP>2.0.CO;2
https://doi.org/10.1175/1520-0477(1996)077<0437:TNYRP>2.0.CO;2
https://doi.org/10.1029/2006JC003798
https://doi.org/10.1029/2011GL048237
https://doi.org/10.1038/nclimate2492
https://doi.org/10.1038/nclimate2492
https://doi.org/10.1038/nclimate2492

	1. Introduction
	2. Data and methods
	2.1. Data
	2.2. Convolutional neural network
	2.3. Unpacking the black box

	3. Results
	3.1. Identification of ENSO phases
	3.2. Unpacking the neural network
	3.2.1. Unpacking the convolutional layer
	3.2.2. Unpacking the hidden layer
	3.2.3. Unpacking the output layer


	4. Conclusions
	Acknowledgments
	Appendix A.Demonstration of the effects of convolution kernels
	Appendix B.Reproducibility and the robustness of results
	Appendix C.Details about the CNN
	C.1. Neurons and convolution kernels
	C.2. Loss function and L2 parameter regularization

	References



