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Introduction
Clustering analysis is a fundamental approach in weather, climate, and oceanic studies.  

Why clustering?: 
• Research:  

We can identify climate regimes to determine the underlying dynamics[e.g. Kimoto & Ghil, 1993b,a; Hannachi & Iqbal, 

2019; Aoki et al., 2020; Babanov et al. 2023]. 

• Operational forecat:  
We can summarize huge ensemble forecasts for considering possible scenario[e.g. Ferranti & Corti, 2011; 

Ferranti et al., 2014]. 
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Introduction
The Challenge:  
• Ocean data is too complex for raw analysis, and thus, we need a reasonably compressed feature space 

to find patterns. 
The Gap:  
• Classical methods like PCA are linear and simplifies the features too much [Stratus et al 2007; Dawson et al. 2012; Aoki et al. 

2020]. 

• While Neural Networks give us better feature representations, most methods stick a classifier  
(like, K-means) on the end[e.g., Song et al. 2013; Kurihana et al. 2014; Jiang et al. 2017]. 
→ This allows breaking the internal consistency of the model. 

The Solution:  
• We may seek a unified framework, requiring no external classifiers. 

• The Prasad’s approach based on the variational autoencoder delivers this “End-to-end” unity[Prasad et al 2020]. 
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Introduction: 
The Problems: 
• Any clustering algorithms lack an intrinsic metric to determine the number of clusters. 
• Deep learning struggles with small sample sizes.  

— Small-sample-size problem is a common issue for long-time scale or strict conditional constraints in the 
climate data. 

• Data augmentation may overcome this problem, but, the standard methods ignore the 
geometrical constrains of the geophysical fluid circulations  

Pupose of this study: 
• To propose a physics-aware data augmentation technique. 
• To provide a total method including this augmentation to function the Prasad’s VAE clustering 

algorithm for the geophygical fluid circulations 
The target phenomenon: 

Kyucho: Sporadic strong current event along a coast.
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Introduction: What’s Kyucho?

Density → heavierlighter ←

Color    :  Surface density 
Vectors : Surface current

Photo from Kanagawa pref.

Photo from Nippon-foundation

10 km
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Introduction: What’s Kyucho?

Density → heavierlighter ←

Color    :  Surface density 
Vectors : Surface current

Photo from Kanagawa pref.

Photo from Nippon-foundation

10 km

surface gravity current
coastal-trapped waves

frontal waves (from Western Boundary Current)
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Introduction: What’s Kyucho?

Google map

Human-identified flow patterns

Kochi Prefectural Fisheries Experimental Station 
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Introduction: What’s Kyucho?

Google map

Human-identified flow patterns

Kochi Prefectural Fisheries Experimental Station 

This study aims to  
extract the flow patterns in Kyucho from a long-term reanalysis ocean data
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Data: Source

碓氷さんのテーブルを英訳して貼る

Ocean model MRI.COM v5.0 
‣ Horizontal resolutions - JPN:2km, NP:10km, GLB:100km 
‣ Online two-way nesting 
‣ Including tide and pressure adjustment

Forcings Atmosheric forcings: JRA-3Q (3 hours) 
River runoff: JRA-55 + JMA-RI

Data assimilation MOVE_V4 
‣ Ocean: 4D-Var + IAU downscaling 
‣ Sea ice: Nudging

Observation data SST（COBE-SST2,  MGDSST） 

Satelite-based SSH anomaly 
‣ Along track sea level anomaly (14 satelites) 
‣ Removing non-steric height 

In-situ temperature and salinity 
‣ Basically EN4 but multiple dataset are added 

Sea ice concentration 
‣ SSMI, SSMIS 
‣ Okhotsk sea ice analysis

Period 1 Jan 1960 — 31 Dec 2020

(from Usui et al. 2026, J.Oceanogr.)

FORA-JPN60
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Data: Target region
a) Model domain b) Around Cape Muroto
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Data: Detection of Kyucho
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Data: Detection of Kyucho

1960s 1970s 1980s 1990s 2000s 2010s

Training set Validation set

Training & Validation sets

manuscript submitted to Journal of Geophysical Research

a) Offshore path case ( )N = 197 b) Nearshore path case ( )N = 524
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Figure 3. Samples of current field accompanied by Kyucho event for a) o↵shore Kuroshio

phase (N = 197) and b) nearshore Kuroshio phase (N = 524). Green rectangles denote areas

used for judging the Kuroshio phases (see the text for details).

are outside our main target. Nevertheless, in the discussion section, we show that this211

type of Kyucho also appears in the excluded cases (Section 5).212

3 Method213

3.1 VAE clustering214

3.1.1 Theory215

Here, we briefly describe Prasad et al.’s VAE clustering method. Readers interested
in the details may refer to the original paper (Prasad et al., 2020). Here, x ⇥ Rd rep-
resents the input data, z ⇥ Rm represents the latent space, and k ⇥ N represents the
class, where d,m ⇥ N. The clustering method maximizes the following evidence lower
bound (ELBO), consisting of the distributions p�,✓(x, z, k) and q!, (z, k|x):

ELBO = Eq,pD log
p�,✓(x, z, k)

q!, (z, k|x)
, (1)

where Eq,pD is the expectation with respect to q!, (z, k|x) and data distribution pD(x).216

The variables �, ✓, !, and  are the parameters for the distributions, which are optimally217

determined by learning. Note that omitting k from (1) is equivalent to the normal VAE218

algorithm (Kingma & Welling, 2014).219

The distributions p�,✓ and q!, are decomposed into

p�,✓(x, z, k) = p✓(x|z)p�(z|k)p(k), (2)

q!, (z, k|x) = q!(k|x)q (z|x, k), (3)

which provides the model for the clustering method. Its graphical representation is shown
in Fig. 4a. Equation (2) is the generator that creates a reconstruction corresponding to
the input data for a specified class. Equation (3) is the inference that determines the class
for the input data and infers the map of the data in the latent space. The inference pro-
cess is simply the multiplication theorem; the generator assumes a sequential process from

–7–

Detected Kyucho: 
N = 721

Training set: 
164N =

Validation set: 
N = 33

Offshore path case: N = 197 Nearshore path case: N = 524

Very small !!
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Method: VAE clustering
Variational inference is performed by maximizing the following ELBO:

ELBO = 𝔼q,pD
log

pβ,θ(x, z, k)
qω,ψ(z, k |x)

Models
pβ,θ(x, z, k) = pθ(x |z)pβ(z |k)p(k)

qω,ψ(z, k |x) = qψ(z |k, x)qω(k |x)

ELBO = 𝔼q,pD
[ln pθ(x |z)] − 𝔼pD

KL(qω(k |x)∥p(k)) − 𝔼qω(k|x)pD
[KL(qψ(z |k, x)∥pβ(z |k))]

(𝔼q,pD
: Expectation wrt qω,ψ(z, k |x)pD(x))

(KL( f(x)∥g(x)) := − ∑
x

f(x)ln g(x)
f(x) )

Generative model (p) Inference model (q)

p(k) = Cat(π)
pβ(z |k) = 𝒩(z |μβ(ek), diag(σ2

β(ek))
pθ(x |z) = 𝒩(x |μθ(z), diag(σ2

θ (z)))
Same goes for   ,  except for the parameters,q ω, ψ .

← Generally, uniform

← Bayes’s decomposition 
thorem

z

x

k

z

x

k

β

θ

ψ

ω

(Prasad et al., 2020)

γ1 γ2

p̃(x, z){ ≡ Σk p(x, z, k)
= p(x |z)p(z)

also p(z) = Σk p(z |k)p(k)

Assum. Mixture distribution

←
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Method application
Number of clusters: 

Determining the optimal number of clusters is 
one of a fundamental problem in any cluster 
analysis. 
• The Silhouette Score seems to be the 

best method [Arbelaitz et al. 2013], but has some 
limitation under a specific data structure [Liu 

et al. 2010], and requires the original samples to 
its calculation. 

• So, we provide a “short-cut” approach 
using classifiability conditions based on 
cluster centroids and variances in the 
latent space to evaluate the separation 
between the clusters against their standard 
deviations. → See our paper

σ1

σ2

σ3

maximum 
distance

Latent space

m1
m3

m2

2-clusters
3-clusters
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Method application
Latent space dimension &  
Lagrange multipliers: 

Those paramters are determined by the 
following rules while ensuring the classifiability 
conditions: 
• The latetent space should be the lowest 

dimension. 
• The optimal multipliers are chosen from a 

candidate set by maximizing the minimum 
inter-cluster distance.

dim(z) = 2

dim(z) = 32

(γ1, γ2) (γ′ 1, γ′ 2) (γ′ ′ 1, γ′ ′ 2)

Optimal

-spacez

minimum  
distance

Generated images
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Method: Network architecture

Layer p(z|k) p(x|z)

Input ek(bs, K) z(bs, z_dim)

Hidden
FCN, K, 1024 

LeakyReLU(0.2), 
FCN, 1024, 2*z_dim

FCN, z_dim, 40 
FCN, 40, 1024 

BatchNorm1d(1024) 
LeakyReLU(0.2) 

FCN, 1024, 128 x lon//4 x lat//4 
Flatten 

ConvTranspose2d, 128, 64, 4x4, stride=2, padding=1 
LeakyReLU(0.2) 

ConvTranspose2d, 64, 2, 4x4, stride=2, padding=1 
Linear activation

Output

mu(bs, :z_dim); 
Log_variance(bs, 

z_dim:); 
Reparameterize: z(mu, 

Log_variance)

x(bs, 2, lon, lat)

Generative model

Layer q(z|x, k) q(k|x)

Input x(bs, 2, lon, lat); ek(bs, K) x(bs, 2, lon, lat)

Hidden

BatchNorm2d, 2 
Conv2d, 2, 64, 4x4, stride=2, padding=1 

BatchNorm2d, 64 
LeakyReLU(0.2) 

Conv2d, 64, 128, 4x4, stride=2, padding=1 
BatchNorm2d, 128 

LeakyReLU(0.2) 
Flatten 

  
x1: FCN, 128 x lon//4 x lat//4, 40 
x2: FCN, 128 x lon//4 x lat//4, K 

  
Concat, x1, x2*k 

  
FCN, 40+K, 1024 

BatchNorm1d, 1024 
LeakyReLU(0.2) 

FCN(1024, 2*z_dim)

Conv2d, 2, 64, 4x4, stride=2, padding=1 
BatchNorm2d, 64 
LeakyReLU(0.2) 

Conv2d, 64, 128, 4x4, stride=2, padding=1 
BatchNorm2d, 128 

LeakyReLU(0.2) 
Flatten 

  
FCN, 128 x lon//4 x lat//4, 512 

Dropout(prob=0.8) 
ReLU 

FCN, 512, 512 
Dropout(prob=0.6) 

ReLU 
FCN, 512, K 

Softmax

Output
mu(bs, :z_dim); 

Log_variance(bs, :z_dim); 
Reparameterize: z(mu, Log_variance)

Gumbel Sofmax Sampling 
ek(bs, K)

Inference model

Our input layer has 2-channel to handle 
2-dimensional velocity vector fields.
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Data augmentation
Need of augmentation 

Our sample size is only 164 (Too small !) 
Problems in conventional methods 

Those methods implicitly postulate an 
equivalence between the original and 
augmented data. 
• Rotation, zooming: Geometrical symmetry. 
• Cut-out: Robustness of data for a partial 

information scarcity.  
However, these operations can create 
unrealistic pattern or miss a distinctive feature.

manuscript submitted to Journal of Geophysical Research

x
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Rotat

ion

Patch

a) Rotation b) Cut-out c) Zoom in/out

x

x
Patch

Figure 5. Schematic illustrations of unpreferable structures potentially generated by major

augmentation techniques. a) Rotation, b) cut out, and c) zoom in/out. Upper and lower panels

show the original and augmented data, respectively. Gray region shows the topography. See the

literature for details (e.g., Shorten & Khoshgoftaar, 2019; Mumuni & Mumuni, 2022).

and cut out methods are taken as examples. These methods implicitly postulate an equiv-287

alence between the original data and the augmented data. The rotation and zoom in/out288

methods assume a self-similarity among data on the basis of the symmetries for rota-289

tion or zooming. The cut out method assumes the robustness of data for the partial drop-290

ping out of information. However, a fluid circulation field generally does not have equiv-291

alence for these operations. For instance, the current along a boundary and its rotated292

current (by 180 degrees) may have di↵erent patterns (Fig. 5a), such as the oceanic west-293

ern and eastern boundary currents being governed by di↵erent mechanisms (e.g., Val-294

lis, 2006). In addition, the zoom in/out and cut out methods may eliminate the distinc-295

tive structure embedded in the interior of a circulation (Fig. 5b and c) and may gener-296

ate an unrealistic pattern.297

Instead of augmentation based on equivalence class data, we augment data by mak-
ing the data points denser around the original points in the phase space using noise in-
jection: x ⇥ x+�x. The simplest way to achieve this is to define �x as Gaussian noise.
This approach can increase the performance of a convolutional network (e.g., Shorten
& Khoshgoftaar, 2019), but may induce a noisy structure in the data (see below). To
mitigate this, we generate noise scaled by the eigenvalues derived from PCA for the orig-
inal dataset:

�x =
MP

i

✓i

X
!ivi, (9)

where !i and vi are the eigenvalues and eigenvectors, respectively, and M is the num-
ber of eigen modes to be taken. The calculation method of PCA treated here is given
in Appendix A. The variable ✓i denotes a factor whose i-th component is determined by
following N (0,  ), where  is a parameter to be given. With ci as the projection of x on
vi, by definition, we have

x ⇥
MP

i

p
ci + ✓i

X
!i

⇣
vi, (10)

which indicates that this noise injection generates data with a Gaussian distribution around298

the original data point in the phase space comprised of the eigenvectors. Here, we re-299

–10–

Canary current
Gulf Stream

Rotation symmetry identifies  
the Gulf Stream and Canary current 
as identical..  
although the underlying mechanisms 
are different.
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Data augmentation
x → x + δx

Noise injection :

x ∈ ℝd

δx =
M

∑
i=1

εi λivi

PC-scaled noise injection:

x →
M

∑
i=1

(ci + εi λi) vi

i.e.,

εi ∼ 𝒩(0, ϵ)
 eigenvalueλi :

 eigenvectorvi ∈ ℝd :
 num. of samplesM = max(N, d); N :

 coefficientci :

Phase space

PC1

PC2
Original data

Augmented data
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Data augmentation
x → x + δx

Noise injection :

x ∈ ℝd

δx =
M

∑
i

εi λivi

PC-scaled noise injection:

Phase space

PC1

PC2
Original data

Augmented data
• Since  is bounded by the sample size ( ), it is not 

likely that a noisy structure appears in the augmented data. 

• It is likely that the information about the aggregation of data 
points in the phase space is preserved after the 
augmentation. 

• It is not likely that dynamically unpreferable structures are 
generated by the augmentation.

M N ≪ d

Advanteges 
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a) Without augmentation

b) PC-scaled augmentation

Figure 11. Data distribution mapped in latent space in VAE clustering for cases a) without

augmentation and b) with PC-scaled augmentation. See Fig. 9 for the parameter settings. The

training and validation data are shown as dots and crosses, respectively, whose classes (k) are

visualized by di↵erent colors. The dots with filled colors denote the data that fall within the

standard deviation distance from each cluster mean.

like westward flow. The clusters for these modes are recognizable on the (z1, z3)-plane400

(Fig. 11a). Although the results indicate good clustering, many samples fall within the401

standard deviation distance of Class 3, suggesting a further classifiability of this class.402

Class 3 includes several data points with a zonally dipole circulation structure, which403

could be discriminated from the general structure in Class 3 (Fig. 10).404

In contrast, the PC-scaled augmentation classifies the data into four modes, includ-405

ing the aforementioned dipole structure. The other modes are similar to the three modes406

obtained without augmentation, except that the cyclonic circulation mode is more con-407

tracted to the west. Note that the class labels are di↵erent from those for the case with-408

out augmentation. The four modes provide clear structures for known human-identified409

blurred flow patterns (c.f., Fig. 1b). The northeastward flow mode (Class 1) may cor-410

respond to Geito Flow and the other modes (Classes 2-4) may correspond to Central Flow.411

In particular, the existence of three distinctive structures in Central Flow is revealed,412

for the first time, by our clustering analysis. In this clustering, Kinan Flow is not iden-413

tified as a distinctive mode, suggesting that this flow pattern is unique in the period when414

the Kuroshio takes a nearshore path, a phase that was excluded in the analysis (see Sec-415

tion 2.3). We discuss this issue later (Section 5).416

Despite the addition of artifacts, our augmentation improves clustering performance.417

This is confirmed by the distribution of the training data in the latent space, where the418

data belonging to a given cluster are fully separated, unlike the case without augmen-419

–16–

Application: Clustering of Kyucho
Cluster means

Data distribution in latent space

…

N = 164
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a) Without augmentation

b) PC-scaled augmentation

seed for aug = 0 
seed for torch = 1 
epochs = 100

Figure 9. Distinctive modes identified by VAE clustering for cases a) without augmentation

and b) with PC-scaled augmentation. The parameters (dim(z), �1, �2) (see Section 3.1.2) for

the respective cases are (3, 0.2, 0.8) and (3, 0.4, 1.7). Each learning was conducted with number

of epochs=100 and minibatch size=41. The augmented data were generated with ✏=3.0 and an

augmentation size of 10N . Orange arrows denote the simplified visualizations of the respective

modes.

a) b)

Figure 10. Two samples belonging to Class 3 identified by VAE clustering without augmenta-

tion. a) Typical structure in this class and b) zonally dipole structure included in this class.

4 Application395

4.1 Classification of Kyucho396

The classification results obtained without augmentation are shown in Fig. 9a ;The397

hyper parameter values are shown in the figure caption. In this case, the circulation fields398

can be classified into three modes: cyclonic circulation, northeastward flow, and wave-399

–15–
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Application: Clustering of Kyucho
Cluster means

Data distribution in latent space

…

N = 164 + 10 ≃ 164
augmentation
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a) Without augmentation

b) PC-scaled augmentation

Figure 11. Data distribution mapped in latent space in VAE clustering for cases a) without

augmentation and b) with PC-scaled augmentation. See Fig. 9 for the parameter settings. The

training and validation data are shown as dots and crosses, respectively, whose classes (k) are

visualized by di↵erent colors. The dots with filled colors denote the data that fall within the

standard deviation distance from each cluster mean.

like westward flow. The clusters for these modes are recognizable on the (z1, z3)-plane400

(Fig. 11a). Although the results indicate good clustering, many samples fall within the401

standard deviation distance of Class 3, suggesting a further classifiability of this class.402

Class 3 includes several data points with a zonally dipole circulation structure, which403

could be discriminated from the general structure in Class 3 (Fig. 10).404
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for the first time, by our clustering analysis. In this clustering, Kinan Flow is not iden-413

tified as a distinctive mode, suggesting that this flow pattern is unique in the period when414

the Kuroshio takes a nearshore path, a phase that was excluded in the analysis (see Sec-415

tion 2.3). We discuss this issue later (Section 5).416
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shape represent the gaining of positive potential vorticity.
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Vallis, 2006). Further dynamical analysis is necessary to address these issues, which is526

left for a future study.527
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Summary
What we have done is 

This paper proposed the total method for clustering the geophysical fluid circulations on the basis of the VAE 
algorithm with the augmentation technique using the PC-scaled noise injection.  

Clustering analysis shows 
The method successfully identifies 4 distinctive modes in the circulation field accompanied by Muroto-Kyucho 
in spite of using the data with a small sample size.  

• This is the first study to objectively provide the specific circulation structures for the conventional human-
classified blurred flow patterns in this region.  

Time-series analysis finds 
Those modes are caused through different processes associated with the open ocean state variability, 
suggesting that those modes are dynamically discriminative.  
• The identified key phenomena on those processes may provide the bases for developing a simplifized 

model for the Kyucho prediction and discovering the detailed mechanisms essential for Kyucho.   
Potential applications 
• Any other geophysical fluid circulation data with a small sample size, like given in Event Attributions. 
• Our 2-channel network may be used to identify non-linear coherent modes between any two variables.
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Data augmentation
Performance test 

Idealized vector field: 
   

Methods: 
• PC-scaled 
• Conventional 
• PC-uniform

x = V1v1 + V2v2 + V3v3 × V1v1 + V2v2
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Figure 7. Map of data on first two PC vectors (leftmost column) and cluster means (remain-

ing columns) for each experiment. The PC vectors are almost the same as v1 and v2 defined in

Fig. 6, respectively. The data points for each cluster identified by the VAE clustering are visu-

alized by di↵erent colors. The validation data correspond to the points at the mesh grids in this

phase space and their clustering results are shown in di↵erent colors. Note that the colors as-

signed to the respective clusters are di↵erent for each experiment. See the text for the parameter

settings. The dimension of the latent space is set to dim(z) = 2. The optimal Lagrange multiplier

values, (�1, �2), are (0.2, 1.4), (0.2, 1.2), (0.1, 1.8) and (0.1, 1.4) from top to bottom.

where the variance is constant across all modes. The dots in the top leftmost panel in331

Fig. 7 show the projections of the created data on the first two principal vectors, PC1332

and PC2, after the PCA analysis for the dataset. Note that these PC vectors are almost333

the same as the original bases, v1 and v2. Model validation is conducted for all the mesh334

grid points in the (v1,v2)-space. In this space, the circulations have a combination of335

mostly the monopole and zonal dipole alone, i.e., the data has monopole (zonal dipole)336

structure for |V1| > |V2| (|V1| < |V2|), and hence ideally the discriminant boundaries337

would be the V1 = ±V2 lines. However, in the region V1 < 0, the boundary of the clus-338
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Figure 6. Idealized circulation data. The data were generated as a linear combination of

three orthonormal bases. The first basis represents a monopole cyclonic circulation defined by

v1⌘C exp[�(x2 + y2)/2L2](u, v), where C is the normalization constant, L is the 1/4 distance

of each side of the square domain, and (u, v) is a rotational vector around the center of the do-

main. The other bases, v2 and v3, are defined as the dipole circulations consisting of v1 and �v1

aligned laterally and vertically in this figure after their width is reduced by half, respectively.

fer to this data augmentation as principal component (PC)-scaled noise injection or PC-300

scaled augmentation. This method requires the original data to well represent the sta-301

tistical nature of the population; that is, the PC space must not be greatly changed by302

the addition of a new sample to the original data. This assumption is valid for our Kyu-303

cho dataset (Appendix A).304

The PC-scaled augmentation has the following advantages:305

1) Since M is bounded by the sample size, which is generally much smaller than the306

data dimension, it is unlikely that a noisy structure will appear in the augmented307

data.308

2) It is likely that the information about the aggregation of data points in the phase309

space will be preserved after the augmentation.310

3) It is unlikely that dynamically undesirable structures will be generated by the aug-311

mentation.312

Krizhevsky et al. (2012) presented a similar idea, but they represented RGB image pix-313

els by three-dimensional PC vectors, whereas we represent the horizontal vector field by314

multiple PC vectors. Our method could be related to augmentation with “mix-up” be-315

tween two arbitrary datasets in terms of interpolation in the phase space (H. Zhang, Cisse,316

et al., 2018). The two methods are, however, di↵erent in that our method permits ex-317

trapolation and excludes meaningless small-scale structures.318

3.2.2 Performance319

We examine the performance of the PC-scaled augmentation for an idealized dataset.320

Each data point is defined by a linear combination of bases that have monopole (v1),321

zonal dipole (v2), and meridional dipole (v3) circulations orthonormal to each other (Fig. 6),322

say V1v1+V2v2+V3v3, where v3 is introduced to add fluctuation to V1v1+V2v2. The323

terms “zonal” and “meridional” are used for simplicity. The data are created such that324

they have monopole and two zonal dipole tendencies, with 30 examples for each (N=90).325

In the data creation, the coe�cients are sampled from a three-dimensional normal dis-326

tribution such that (V (k)
1 , V

(k)
2 , V

(k)
3 ) ⇥ N (µ(k)

,⌃), where k = 1, 2, 3 denotes the mode327

number corresponding to monopole, positive zonal dipole and negative zonal dipole struc-328

tures, respectively. The means and variances of the normal distribution are given by µ(1) =329

(1.3, 0.0, 0.0), µ(2) = (0.0, 0.4, 0.0), µ(3) = (0.0, ⇠0.4, 0.0), and ⌃ = diag(0.02, 0.02, 0.0002),330
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(Add as a small noise)
Monopole Zonally dipole Meridionally dipole

δx = Σi εi λivi

δx = α λ1 ( α ∼ 𝒩(0,1) )
δx = Σi εi λ1vi

x → x + δx

Cyclonic monopole Two-types of zonal dipole
30 samples for each (90 in total)

Augmented 10-fold

(epochs=1000, minibatch size = N/3, dim(z)=2) 
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Data augmentation
Performance test 

Idealized vector field: 
   

Methods: 
• Rotaion 
• Cut-out 
• Zooming

x = V1v1 + V2v2 + V3v3 × V1v1 + V2v2

manuscript submitted to Journal of Geophysical Research

-1 1 20

-1 1 20

-1 1 20

No
 a
ug
m
en
ta
tio
n

PC
-s
ca
led

Co
nv
en
tio
na
l

PC
-u
ni
fo
rm

3

2

1

V1

V1

V1

V1
V2

V2
V2

V2

2

1

-1

0

-2
2

1

-1

0

-2

2

1

-1

0

-2

2

1

-1

0

-2

-1 1 20

3

2

1

3

2

1

3

2

1

Figure 7. Map of data on first two PC vectors (leftmost column) and cluster means (remain-

ing columns) for each experiment. The PC vectors are almost the same as v1 and v2 defined in

Fig. 6, respectively. The data points for each cluster identified by the VAE clustering are visu-

alized by di↵erent colors. The validation data correspond to the points at the mesh grids in this

phase space and their clustering results are shown in di↵erent colors. Note that the colors as-
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values, (�1, �2), are (0.2, 1.4), (0.2, 1.2), (0.1, 1.8) and (0.1, 1.4) from top to bottom.
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In the data creation, the coe�cients are sampled from a three-dimensional normal dis-326

tribution such that (V (k)
1 , V

(k)
2 , V

(k)
3 ) ⇥ N (µ(k)

,⌃), where k = 1, 2, 3 denotes the mode327

number corresponding to monopole, positive zonal dipole and negative zonal dipole struc-328

tures, respectively. The means and variances of the normal distribution are given by µ(1) =329

(1.3, 0.0, 0.0), µ(2) = (0.0, 0.4, 0.0), µ(3) = (0.0, ⇠0.4, 0.0), and ⌃ = diag(0.02, 0.02, 0.0002),330
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(Add as a small noise)
Monopole Zonally dipole Meridionally dipole

Cyclonic monopole Two-types of zonal dipole
30 samples for each (90 in total)

(epochs=1000, minibatch size = N/3, dim(z)=2) 
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Figure 8. Same as Figure 7, except for the results of traditional augmentation methods. The

optimal Lagrange multiplier values, (�1, �2), are (0.3, 0.8), (0.2, 0.8), and (0.3, 0.8) from top to

bottom.

ters is given by the V1 axis because the dataset has three classes without any clusters339

around a certain value on this axis.340

The experiments are conducted for the original training data and for the data with341

augmentation based on noise injection methods and traditional methods (rotation, cut-342

out and zoom-in/out) mentioned in Section 3.2.1. For the noise injection methods, in343

addition to the PC-scaled noise injection, we employ conventional noise injection, and344

PC-uniform noise injection: we define �x = ✓
⇥
!1 (✓ ⇠ N (0, 1)) for the conventional345

noise injection and �x = ↵M
i=1 i

⇥
!1 for the PC-uniform noise injection. The augmen-346

tation size is set to 10N . We set � = 3.0 for the PC-scaled and PC-uniform cases. For347

the rotation method, the original data is augmented 10-fold by rotating frames (90°, 180°,348

270°) and generating three noisy variations per angle, supplemented by one noisy sam-349

ple at the original 0°, where the noise is given by a random noise with the amplitude of350

0.01 times the local velocity. For the cut-out method, we adopt a random patch with the351

size of 1/4 of the original domain. Data augmentation via zooming is performed by ap-352

plying a magnification factor of W/(W 2 4m) (m = 1, . . . , 10) centered at the origin,353

where W (=56 grids) is the width of the domain.354

The clustering results are shown in Fig. 7. In the training phase, we set 1000 epochs355

for each experiment so that overfitting occurs in the training of the original data. The356

minibatch size is set to be 1/3 of the data used since it is obvious that we have only three357

modes. The values of dim(z) and (�1, �2) used for clustering are shown in the figure cap-358

tion. The clustering without augmentation well classifies the sample data with a good359
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Augmented 10-fold
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