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The principle of the Convolution Neural Network (CNN) Euler spatial domain model

Technically, the convolution in deep learning is actually a “cross-correlation” operation, which is different
from the convolution in signal processing. The main parameters of the convolution operation are kernel,
stride, padding and output channel. Among them, the kernel is learnable and the receptive field of the
convolution operation; stride is the number of pixels moved per step when the kernel traverses the input;
padding adds a circle of Os around the input feature map; output channel refers to the number of kernels.

Non-padding
Stride = 1 Stride = 2

Non-padding Non-padding padding
Stride = 1 dilation = 2 Stride=1

k k The gif images are from [1][2]
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The Matrix Form of Convolution in PyTorch CPU implementation

Patch: It is the area the input and traversing kernel perform multiplication, which mean a step stride can generate a patch.

Input Image Input Matrix Kernel Matrix
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The Generation of the matrix form in CPU PyTorch source code

First, All the patches will form the corresponding row of the matrix, which is so call image to rows.
Second, the flattened kernels are also formed as a matrix.

Finally, the convolution is formed as a matrix multiplication between the patching image and unfolding kernels.

Here is the source code in CPU PyTorch for this implementation. For more detailed
Implementation information please kindly refer to the link.

https://qithub.com/pytorch/pytorch/blob/e9902358df14dc4809e4f50b1208
8a5200a1862d/aten/src/ATen/native/ConvolutionMM2d.cpp

Image is from [14]
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To visualize the features
The feature maps of the CNN maps, a cat image with
shape (256,256,3) is fed Code and results are from [3]

Output Shape # into the CNN model.
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The Encoder-Decoder Architecture in CNN

Here is a conventional architecture of encoder-decoder, which can be used for supervised learning and unsupervised
learning. If the output is the same as the input, we call it as Autoencoder:

Input »| Encoder |—=| State »| Decoder (—s| Output Code and results are from [4]
Here is one computer vision domain example for autoencoder
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As we can see, the reconstructed outcomes look the same as the input in most
cases, which means that the latent state in the lower dimension space can
somehow represent the corresponding image. 7/37




Graph Convolution Neural Network (GCN)

Non-Euler spatial domain model

The GCN is similar to CNN since it is obtained from the CNN. For a convolution in deep learning, two main
steps should be considered: 1) how to identify the neighbors and ii) how to aggregate the neighbors.

For the first point, how the GCN find the neighbors? We use adjacency matrix A to identify neighbors.
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For the second point, how the GCN aggregate the neighbors? The GCN use sum method to aggregate the

neighbors which is same as CNN.

H'""' = o(AH'W' + B)

where A is the adjacent matrix denoting the neighbors, H® is the nodes’ attribute and W® is the kernel and B is the bias.
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GCN V.S CNN

To empress understanding, we compare GCN and CNN: the CNN uses the around pixels as neighbors while
the neighbors in GCN should be identified by an adjacency matrix. For the aggregation method, both GCN
and CNN sum up neighbors together as the final result.

& o ? Image is from [5]
Like the CNN, the stacking convolution layer can Besides, the Encoder-Decoder Architecture can be also
enlarge the receptive field of the model, the GCN can applied into the graph structure data.
be stacked to capture multi-hop neighbor features
n X d n, X d

ny X d ny X d

ng X dng X d

Image is from [6] Image is from [/] 9/37



The principle of the Recurrence Neural Network (RNN) Temporal domain model

Recurrent Neural Networks (RNNSs) are a class of neural network that are helpful in modeling sequence data. They
specialize in processing sequences and are often used in NLP because of their effectiveness in handling text. The most
common used RNN models are Long Short-Term Memory (LSTM) and Gate Recurrent Unit (GRU).

A type of fully connective neural network recurrent « Parameters are shared in temporal domain
In the temporal domain « The current output is mainly relied on the previous output.
A ® ® ® crfp
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Input Layer Hidden Layers Output Layer Recurrent Neural Network

Images are from [8][9]

What about Attention V.S RNN?
- Attention needs to calculate the correlation at each time step, the time complexity of the simple attention is 0(n?).
« The time complexity of RNN is O(n), where n is the length of the sequence.
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The introduction of the LSTM

Long Short-Term Memory (LSTM) is a type of RNN that is specifically designed to handle sequential data,
such as time series, speech, and text. LSTM networks are capable of learning order dependence in sequence
prediction problems.

Image is from [10]
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Usually, o is chosen as a sigmoid function S(x).  S(z) = 1+e?
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How we handle the video data which are time-series images?  Spatial-temporal domain model

An intuitive way is that we first apply the CNN to the images. After that, we flatten the CNN result as a vector
and then feed into the RNN model. However, this manner can not handle spatial-temporal feature at the same
time since it handles spatial and temporal features separately.

Input Visual Sequence Output Images are from [11] [10]
Layer Features Learning Layer
M I
tomal ctste {8 N
C,_
Forget
gate
F.'
a
Hidden state j‘ o
H '
= k\_ I( )
Input X,
Bl covaton function ST e B
The intuitive way Considering the LSTM, can we integrate the convolution

into the LSTM? Rather than just conducting CNN and

LSTM separately 12/37



The ConvLSTM for video prediction

ConvLSTM is a type of recurrent neural network for spatial-temporal prediction that has convolutional structures in
both the input-to-state and state-to-state transitions. It determines the future state of a certain cell by the inputs and
past states of its local neighbors.

Note that:
» The input-to-state transition means the input X, transits to H; Next
» The state-to-state transition means the H;_q, C;_4 transits to H; , C; Images is from [12] state
the ConvLSTM is similar to the LSTM while the matrix multiplication - 1
Is replaced as convolution I

Input Gate %t = 0(Wai x Xy + Wiy x Hy 1 + W 0Cp1 + by)
Forget Gate Jt = o(Wayp* Xy + Whyp s Hy1 + WepoCrq + by)

I_
I
 Ce-1
I

C: = tanh (W x Xy + Whe x Hy 1 + be) I

Memory Cell |

IHt—l
L

Ci=fioCi1+it0C

Output Gate 0 = 0(Wyo * X + Who * Hi1 + Weo 0 Cr + by)
Output H; = o o tanh(Cy)

where * is the convolution operation for spatial feature. ° is the element-

wise multiplication. As the spatial-temporal feature can be capture in one
operator, the ConvLSTM can handle video prediction task. Input 13/37
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Introduction of the spatial-temporal task for Near-surface Temperature

The Near-surface Temperature prediction (NTP) is one of the application task of weather forecast in spatial-
temporal domain. The model can be formulated as follows:

Xii1,- .. A?tJrﬁ = argmax p(Xii1,. .. gl ..o Xar1),
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(b) An OUtPUt near-sur face temper ature sequence. Fig. 6. Visualization of the selected zone focused in this study.

PS: The unit of the temperature is Kelvin. The formula of the transform is K=°C+273.15

All images which do not mention are from [13]
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Observation in real-world application
Y X=Xy -
JZL (X; — 5’)2\/2?:1 Wi —y)°

Pearson Coefficient p(X,Yy) =

Difference distances identify by different colors

<1000km 1000-2000km 2000-3000km 3000-4000km 4000-5000km >5000km

we can make three key observations:
(i) the grid pairs with a close distance have a high correlation,
which reflects the short-range spatial correlations; suitable

L
o

1.0 q

o
o

for CNN
(i1) the grid pairs with a long-distance may still have a strong

correlation, which indicates the existence of long-range
spatial correlations; suitable for GCN

(=]
(=}
=]
N

o Emew U 7 et (i) the grid pairs with the same distance may have varying
R Y, correlations, which shows that the spatial correlations are

i akZeee S quite complex. suitable for spatial attention, a technique to

reweight pixels based on their importance.

o The observations imply that both long- and short-range spatial
" correlations would be beneficial for near-surface temperature
o ) o ) prediction and grids with the same distances may have different

. e s ) o s S contributions.
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The Main ldea of the Long- and Short range Convolution LS-Conv

The LS-Conv is design to capture long- and short- range spatial correlation in a convolution operator by

unifying GCN and CNN. S _
the LS-Conv replaces scalar multiplication with

Here is the conventional convolution procedure graph convolution
12 H
s
1210 HE
.. 6 i) Input ii)Kernel
. 8 9 =-?e-n;0-r-l\71;t;1;1: Tensor Matrix Tensor
i) Input ii)Kernel i_(lfa*f’) E.|_ RS (@*Gﬂ) — @
scalar scalar scalar scalar scalar @ 1ii)LS-Conv iv)Convolution Result
(Ox@) +--- +(O0x\@A) = @ YT Ny PR T ey
iii) Traditional Convolution iv)Convolution Result E Graph el Result E
' elec! I
(a) The traditional convolution manner. i(c/> . - N ) is;:‘:e E
1 I
1 |
E IyvtDiAD T X « © = Z E
8 1] 8 ~ oo DDetsilof ISCony fnKemsl #1________ :
2 8 (b) The LS-Conv manner.
11213 Flaften - 9 We choose a data-driven method to generate the learnable adjacency matrix.
3 ‘71 g 8 : After that, we flatten the input image into a matrix for long-range spatial
2 9 8 - correlation capturing. After the graph convolution, we fold the result back

to an image and select the corresponding row to integrate the short-range
spatial correlation. 18/37



The Overview of the LS-Conv

_____________ oo e e e e e = =
|b) Node Embedding @ LSI Module @ I
| I [T | LRGCN ‘SR—CNN |
£ . i

@ — [ oo v

I:l | | | @1, 1 nT ]|_
| | é —> o |
| i | | | .
'O— [l [T [[T]] | %fgl 5
| E- |§ E,EI u : | I il
_____________ | B o0z . —"> lp =2
______ {_P_____ | 1. l@ I m
la) NSA Module | . . : E' Output )/
| c | . oy g} @ l

e I Lo g §|
: QED — | G <M '
| e | 8(3,3): " — > ' EI
T _Ingut_’r ______ L= __m________l

Here is the whole overview of the LS-Conv. Given an input X, The Node-based Spatial Attention is first applied to evaluate
the importance of each grid of the X aiming to distinguish important nodes for long-range spatial correlations construction.
Meanwhile, the learnable node embedding is initiated, which denotes the channel information of the corresponding grid.
After the NSA, the LAGC module learns an adaptive adjacent matrix to model the long-range spatial correlations by using
graph convolution kernel from LS-Conv kernel. Finally, in the LSI, these GCN outputs are aggregated in a CNN manner,
where each GCN result is similar to the element-wise product result between kernel and input in conventional CNN.
Consequently, these results will be summed together and placed at the corresponding position of the output .
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The Mechanism of Node-based Spatial Attention (NSA)

Spatial attention is a form of attention mechanism that focuses on specific regions of an image. It is used in
computer vision tasks to improve the performance of CNNs by allowing them to focus on important regions of
an image. As the input image can be viewed as nodes of the adaptive adjacency matrix, so we also call this
module Node-based spatial attention (NSA).

= : :
Information Filter /[
LAGC Module Qééﬁ . X1 = RelLU t\{]ra.::uup.n[‘\h::vrm(-'.L]c:rn*«.r'l@*1{&'&‘])),
ReLU ReLU /

: Transform Transform Sigmoid Atten X5 = ReLU| Grou Nu::-rm(mel@l{x ]))
Spatial @Q 2 P ] 1
Tensorﬁ g 5 \

Atten = Sigmoid( x> ),
NSA(X) = X - Atten,
PS:

Convl@1 means the Conv2d operation with 1*1 kernel size
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L_ong-range adaptive graph constructor (LAGC)

we review the convention GCN, which is shown as follows:

X #c @) = (IH +n—%An—%) X6 +b,

where D is the degree matrix, D[i, i] = ZﬁyzlA[i,j] and D[i,j] = 0.The term D~"2AD~"/2 is called adjacency matrix

normalization. I is the identity matrix also called the self-loop factor which means that the GCN consider both neighbors
and itself.

Many graph-based task can easyly find neighbors. However, in meteorological task, it is hard for us to identify the
neighbors. So we propose a data-driven method to learn the neighbors:

D ZAD 7 = SthM&:{(RELU (EQEE)),
z=(Iy +D AD"Z) X6 +b,

E, is the learnable node embedding corresponding to the grid in the input X. The multiplication of E; and EgT can be

viewed as measuring the similarity of other node embedding vector. The ReLLU activation function aims to guarantee
the positive value in the learnable adjacent matrix and the SoftMax activation function is designed for the normalization.

In this way, we design a data-driven adjacency matrix generation method to capture the meteorological long-range
spatial correlation. 21/37



Long- and short-range integrator (LSI)

We first conduct the graph constraint for the input X, which has shape (c, nxm). Then, a graph convolution is performed
with the help of the LS-Conv kernel aiming to capture long-range spatial correlation. After the graph convolution, the result
IS reshaped into a new shape (n, m, f). Finally, we select the corresponding result based on the location of the LS-Conv
kernel, which is same as CNN. :
graph constraint

11
L= (IN +D ZAD E)K, %NN manner in aggregation
\

k k (
X*©) 5, )= [LOpg::)pmp G =P — 4.2

p=1 g=1

graph convolution

¢) LAGC Module

» Light green outcomes is generated by the light green LS-
Conv kernel, so we pick up the first row in the first column
as the final result.

» For the orange outcomes, which is generated by the second
LS-Conv kernel. So we pick up the first row in the second
column.

 Finally, we conduct sum aggregation in a CNN manner to
capture short-range spatial correlation. 2/37
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Long- and short-range Convolution (LS-Conv)

— [NSA(X)]

(nm,c)? ldentify the important nodes for long-range spatial correlations

1 1
D ?AD ? = SoftMax (RGLU(EQEg)), Adjacency matrix is constructed by a data-driven method

L = (IN + D_%AD_%)X Graph constrain is applied to the input

(X *x0O)(¢,4,:) = Z Z [L@p,q” (n.m f)( — p,j—q,:), Aggregate the GCN result in a CNN manner

p=1 ¢=1

E}ﬁnﬁe Em_heEdJ;g_ - _I
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I I
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g

a) NSA Module |

| |

LEEEH | NSA |1
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ConvLSTM equipped with LS-Conv (LS-NTP)

Upon the LS-Conv, we embed this new operator into the ConvLSTM (we replace the convolution operator with the LS-
Conv operator.)
o (Wyi * X+ +Whpi * He1 + Wi o0Ciq + by),
ForgetGate ft = o (fo * Xy + Wy *He 1 + Wy ol g+ bf) ,
Ct = tanh (Wye * Xy + Whe * He 1 + be) ,
Ct =ftoCi—1+ it 0Cy,
Output Gate 0f = & (Wi * Xt + Wi * He1 + W oG + by)
Ooutput He = 0¢ o tanh (Cy) ,

Input Gate i

Memory Cell

y/
Ce— [fi11>
where X, € R™*™XC€ js the input tensor at time-step t, * is
the LS-Conv operator, and the - is the element-wise B
multiplication. v
He_q /]
The main difference from ConvLSTM ‘

IS we replace the convolution operator
with the LS-Conv operator.
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The framework of the final prediction model

After defining the spatial-temporal model, we use encoder-decoder architecture for the final prediction.

Fig. 5. The framework of encoder-decoder upon LS-NTP.
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Main Comparison

Table 3

The overall comparisons results for the near-surface temperature prediction.

ERAS (per 1 h)

MNCEP (per 6 h)

Method

#Params MAE| RMSE] SSIMt+ PSNRt #Params MAE] RMSE] SSIM{t PSNRt
NCEP-GFS - - - - - - 3.998 0.696  33.421
ConvLlSTM 2.88M 1.054 2.247 0.854 45220 2.88M 1.819 2413 0.909 40.313
ConvGRU 2.16M 0.938 1.263 0.876 46.237 0.82M 1.832 2.441 0.905 40.242
TrajGRU 1.59M 0945  1.238 0.865 46.197 097M 1.751 2.333 0.913 40578
PredRNN 7.12M 1.303  1.663 0.878 44088 11.53M 1.870 2525 0.911 40.098
PredRNN-++ 3.25M 1.406 1.676 0.859 43523 3.19M 2.153 2.483 0.915 39.994
MIM 12.32M 1.3239 1.662 0.884 43957 30.05M 2.183 2.441 0915 40.264
PhyDNet 23.01M 1.375 1.760 0.849 43605 741M 2.042 2.667 0.898 39.508
CrevNet 20.90M 1574 1.898 0.867 42.665 20.90M 2.049 2351 0.916 39.486
AGCRN 15.31M 0972 1.288 0.882 46.006 19.21M 1.970 2.609 0.901 39.658
SA-ConvLSTM 5.83M 1.270 1.628 0.881 44296 648 M 1.974 2581 0.912  39.849
D-ConvLSTM 1.04M 0.999 1.311 0.857 45753 1.04M 1.962 2.589 0.893 39.671
LS-NTP 5.99M 0.915 1.199 0.883 46.507 19.48M 1.741 2.318 0.916 40.655

PS:
SSIM is an index for measuring the similarity between two images.
PSNR uses to measure image quality for image distortion.
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The comparison on each predictive time-step

We also compare the LS-NTP with other methods in the four mentioned indexes on each predictive timestep.

—& ConvLSTM  —&— TrajGRU —®— PredRNN++

ConvGRU PredRNN —&- MIM

1.6
1.4
w12
=
1.0
0.8
0.6

0.95

Predictive Time Step

a) The MAE Metric

0.90] "

SSIM

0.85

0.80

Predictive Time Step

c) The SSIM Metric

—<— CrevNet 4 AGCRN

2.25

2.00

D-Convlistm
—+— PhyDNet SA-ConvLSTM  —— LS-NTP

Predictive Time Step

b) The RMSE Metric

Predictive Time Step

d) The PSNR Metric

Fig. 8. Performance against different forecast lead time steps on ERAS.
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Ablation Study

To measures the effectiveness of the proposed components, we conduct ablation study
w/o NSA, which does not consider spatial attention in LS-Conv operator;
w/o LAGC, which does not consider adaptive graph in LS-Conv operator;

The ablation study results are shown in Table. As we can see that the performance suffer different degree decreases by

w/o NSA & LAGC, which ablates both the NSA and LAGC modules;
w/o LSI, which means we do not apply CNN after the adaptive graph convolution;
DAGG-ConvLSTM, which leverages the DAGG [15] to perform the adaptive graph convolution.

Table 4
The ablation study results for near-surface temperature prediction.

ERAS (per 1 h)

NCEP (per 6 h)

Method

MAE| RMSE|] S5S5IM1t PSNR 1 MAE| RMSE| S5S5IM*t PSNR 1
LS-NTP 0.897 1.176 0.883 46639 1740 2318 0.915 40.646
w/o NSA 1.033 1.358 0.862 45.535 1.867 2.479 0.902 39.981
w/o LAGC 0.911 1.188 0.868 46.482 1.760 2.339 0.913 40.573
w/o NSA&LAGC 1.071 1.433 0.854 45.107 1.830  2.425 0.909 40.284
w/o LSI 0.961 1.279 0.881 46.124  2.132 2.817 0.882 38.870
DAGG-ConvlSTM  0.966 1.277 0.880 46.060 2.228 2.957 0.883 38.666

ablating different components.
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Q1: How does a long distance affect the performance? N
We set a distance to filter out the entries in the adjacency matrix as zeros,
whose distances to the corresponding grid are larger than a threshold d. I S s IO
Here d varies from 0 km to 6000 km (the largest distance of the selected [ L e
09 u%&ﬂi@t ey i ‘F‘h
zone). Bos  ein MR
« When d = 0, the setting means no long-range spatial correlations are Pin
considered:; ‘
« When d = 6000 the setting is equivalent to the original LS-NTP. o IS B I
1.025;
1.82
1.000
< <
= 1.78; s 0.950;
0.925]
176 1.741
' 0.900 0.880
1.741_ . . . . . . 0.875L . . . . | .
0 1000 2000 3000 4000 5000 6000+ 0 1000 2000 3000 4000 5000 6000+
Distance Thresholds (km) Distance Thresholds (km)
a) The MAE on NCEP b) The MAE on ERAS
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Q2: How does the LS-Conv kernel affect the short-range spatial correlations?

we vary the LS-Conv kernel from1x 1to7 X 7
» the kernel of LS-Conv is 1 X 1 means we omit the short-range spatial correlations

 the kernel of LS-Conv is 3 X 3 means we consider short-range in 3 x 3 area and consider long-range

spatial correlation outside this area.

Table 5

Analysis of LS-NTP kernel size K@K.

ERAS (per 1 h)

NCEP (per 6 h)

K@K

MAE| RMSE] SSIMt+ PSNRY MAE| RMSE| SSIM{ PSNR%
1@1 0939 1233 0878 46308 1799 2386 0910 40.380
3@3 0.897 1.176 0883 46.639 1.740 2318 0915 40.646
5@5 1034 1357 0869 45585 1792 2397 0908 40.377
7@7 1.118 1455 0845 44937 1860 2465 0908 40.123

A 3 x 3 kernel size reaches the best performance, which means considering non short-range spatial correlation or too

large short-range spatial correlation helps little of the performance improvement.

32/37



Q3: Can a larger convolution kernel capture the long-range spatial correlations?

To answer this question, we enlarge the kernel size of the baseline models from 3 x 3t0 9 X 9 in baseline
model which kernel uses for the spatial correlation capturing.
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— LS-NTP
Il 33
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Hl 99
1,61
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08

A o) e ) el et th
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(a) The ERA5

—— LS-NTP

2.4 m 3x3
B 5x5
T=T
99
2.2

MAE

2.0

1.81

1.6

TN RV Y o it et T
{’uﬁ\l\.-s {,D““G -T('al':" ?reﬂ“?{a d‘?‘ﬂ“ w ?hﬂg‘:pvc D‘:“ILB

Model

(b) The NCEP

simply enlarge the convolution kernel size might introduce noisy information leading to a performance decreasing.

33/37



Q4: Can we visualize the long-range spatial correlations?

As we have used a data-driven method to learn the long-range spatial correlations, we select the column of the
adjacency matrix which means the long-range spatial correlation learned by the model. We visual two cases in
two datasets.

(a) The visualization of a specific column of (b) The visualization of a specific column of
the learned adaptive graph matrix the learned adaptive graph matrix on the
map

Fig. 11. The validation of long-range spatial correlation on the ERAS dataset.

{(a) The visualization of a specific column of (b) The visualization of a specific column of
the learned adaptive graph matrix the learned adaptive graph matrix on the
map

Fig. 12. The validation of long-range spatial correlation on the NCEP dataset.

the adaptive learning long-range spatial correlations are very obvious and reasonable 34/37



QO:

ConvLSTM:- - - - - -
TrajGRU: - - - - - -

< =
PredRNN: - - - - - -
Dilate-Convistm: - - - - - -

Fig. 15. The MAE metric of the results on the ERA5S dataset.

Can we visualize the predictive error performance

PredRNN:- - - - - -
PredRNN++: - - - - -
o N N N

Dilate-Convlistm: - - - - - -

Fig. 16. The MAE metric of the results on the NCEP dataset.
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Thank you for listening
Q&A
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