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ceese -eecesesssscsscsssise-s- INTRODUCTION AND MAIN RESULTS

We developed Temporal Generative Adversarial Neural Networks for producing quality :
multicomponent synthetic seismograms. By representing the data from a group of sensors as a -

single hypercomplex number, the network's operations become more expressive and parameter- - —
efficient. It learns a single transformation on a richer mathematical object, instead of independent - :
transformations on multiple real-valued channels. —— E
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Objectives

Various nuclear test monitoring techniques require
numerous waveforms and expect good spatial coverage
of seismic source:

Master-Event-based hypocenter determination -
aseismic areas and those lacking IMS sufficient
coverage has no templates. Scarcity of nuclear

explosion records for most test sites is an issue.

Imbalanced Learning — in detection and classification
techniques nuclear explosions is an underrepresented
class. Labeled data is extremely scarce. Need to
minimizing the impact of imbalance - need efficient data
augmentation. Without enough data, the network is
likely to simply overfit to the few examples it has, failing
to generalize to new, unseen events.

Generative Networks, GN — a novel way of producing
realistic, high-quality synthetic metadata and time
series. Low output diversity is an issue. Need to
estimate different GNs, including multidimensional GNs.

This is where a hypercomplex approach offers a
powerful and elegant solution. Instead of relying solely
on the data to discover all the underlying patterns, we
can embed known physical or geometric relationships
directly into the network’s architecture. This is a form of
hypercomplex inductive bias, where we bake a
knowledge of the problem into the model itself.
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Methods

Specifically for the 3-component seismic array based
CTBT monitoring, we learned a hypercomplex approach
to seismic data deep learning, like we did before with
the multilinear tensor constructions. By representing the
data from a group of sensors as a single hypercomplex
number (1D to 16D), the network's operations become
more expressive and parameter-efficient. It learns a
single transformation on a richer mathematical object,
instead of independent transformations on multiple real-
valued channels. This acts as a powerful regularizer,
guiding the network to learn physically meaningful
features and mitigating the overfitting that plagues data-

scarce problems.  General structure of the
proposed IMS array GAN
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Results / Conclusion

We developed Hypercomplex (HC) Deep Model
approach to seismic data augmentation and accessed it
with data from 5 DPRK nuclear explosions recorded
globally at the IMS arrays and single 3C stations. To
achieve it, Deep Octonion and Sedenion* Generative
Adversarial Networks were implemented based on 1-
>16 Cayley-Dickson construction, producing highly
diverse data to mitigate the risk of bias in the further
model's training and allowing to learn a broader range of
seismoacoustic records, leading to greater location or
discrimination accuracy and robustness. This innovation
aligns with current research in geometrically-structured
learning and physics-informed neural networks.

Generative Networks, especially HC adversarial branch,
is as an important approach in seismic monitoring, since
the IMS array’s geometrical structure perfectly fits the
HC numbers geometrical structure. They can produce
sufficient number of synthetic waveforms based on
empirical rather than known theoretical approaches.

CTBTO-hosted Expert Technical Analysis Spot Check
Tool, SCT and tentatively ParMT (Moment Tensor
Based Depth Determination) are among the consumers
of the GN’s products.

GNs are also a vital alternative to the known data
augmentation techniques used in Imbalanced Learning
for producing single and multichannel patterns.

Instrumental Software
Technologies, Inc.
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Comparing generated data of 1D TCCGAN with vanilla and LSTM GAN

Generated signals

9710

AT HOFBURG PALACE. VIENNA

12 SEPTEMBER

1-—-

=l

g A AN A
—Wa/\dﬂuﬂf\w\fmvwﬂnwww
JLJU‘\-UWﬂM"Mf’\/\/J\MJ\/\H\[U\AA/\/\WﬁW
7\ A g
e A VALV AV
I VAV VIV
4 —J-MW—M-W\J\JV\J\/AMMWMW
gt | \PAAAAL A A
2 gttt [ PAAASNAN A A At
| Y N A

©

o

w

w

10 perde

©

n

100 200 300 400 500 600

Generated signals

700 800

10

%%

900

100 200 300 400 500 600 700 800

900

\/\( \w"\fkf‘vf \WWW

WW«MWV\«J‘VMM,WRWNwW

[N
««,—AMW\/V»J\NV«WMWWW
it i, | w\f\n N P nr A A AN A i

A g g sy

MJVGenerated records

fﬁmwﬂw\f\[\-\f\ j\nb,f\m»vx.p-——fmrwv\m«m

F,.MWMW\/" WAVLY ‘.f‘ AP W AP I PV A

I L Ll i VA

L L L L
600 700 800 200

100 200 300 400 500

A few overlayed
generated records

~W\{\M’vwm‘m,\’, o A I gw\vhr»rl {h :W

Mikhail Rozhkov?!, Enrique Castillo?, llya Dricker?,
Instrumental Software Technologies, Inc. (ISTI), Saratoga Springs, NY, USA, 2 — CTBTO, Vienna, Austria

20

PCA DPRK

07

Principal components

Elgenvalues

06
05
|
04t
03Ff
02}

0.1}

Input DPR data elgenvalues

Generated
data
eigenvalues

20 40

100 200 300 400 500 600 700 800 900

it AR o g abig
Pty s o S st P, b
eyt M AN LA A ot s o At
possaphanarsit A By e g
pbrmagousen o bttt b
N ff'm;r\\j$\'JM\#"wWW\ﬂw“‘AM*
N WGAN Lt LSTMers
,,U,l' LA AN AN

\
r“lr;\/\/\/—\, J'\\MAJ T

H \JJ PP S AP PP —

100 200 300 400 500 600 700 8{)0 900

TCCGAN

20

40 60

100,

o'

Real and generat
PSD similarity

102
10°

10 102 10°

Generative Neural Networks in Nuclear Test Monitoring

Data diversity of the fast dense
vanilla GAN is even higher than
the diversity of the more
sophisticated Temporal
Conditional Convolutional (TCC)
GAN, but the output is a bit
noisy. Still it’s insufficient — see
rapidly vanishing/degrading
principal components).
Compare with the DON-related
slide.
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Generator G produces new samples from random noise which appear very
similar to the real ones after training. It attempts to reproduce the probability
distribution of real data. A second model called discriminator (D)
distinguishes between real and fake data. In the end, the G learned so well
the probability distribution of input data pdata(x) to produce a sample that the
D is no more able to distinguish it from real ones

Instrumental Software
Technologies, Inc.
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Some Multidimensional/Multichannel Time- : :
Physics- and Geometry-informed GAN:

Series Generative Models considered Hypercomplex algebra e Bl @O S MEE 16 [0 s ieal ATy
Quaternion GAN (QGAN): Handles multichannel or

multidimensional time-series data, leveraging quaternion el 2|3 Wl e5 | o6 [ el T e
representations to capture dependencies between e2]—ed| —1] e5 | el [—e3] 7 [—eb LS + ™
e3| —e7 | —eb| —1 | eb e2 | —e4 | el & L B ¢ S »

channels. | 2 | —el|-e6| -1 e |3 [-e5| o F o % Y q’ ; .\' .n
Multivariate TimeGAN: Extends TimeGAN to handle sl-eoles [—el-er]-llel e | 7 £S5y 9 g ® )
multivariate sequences by jointly learning dependencies 7| €3 [ e6 |ei] e |—et|-e2| 1]  Wad S S
across multiple time-series. /-‘C)-\ Quaternion L - . ’\. x
Multi-Channel RCGAN: A variant of Recurrent " multiplication M g e
Conditional GANs adapted for data with multiple o3 ! QD p=x=k2=1JK i e _ _
correlated channels. | b1, The array geometry |s_ prolecteq directly to_the octpmo_n
Conditional VAE for Multivariate Data: Extends CVAES The octonions can be though.t of.as octet; (or 8-tuples)  model, and _the underlying wavefield _related information is
to deal with multivariate time-series, conditioning on of reall nu_mbers. Every octonion is & real linear embedded into the GAN loss function related modules.
v combination of the unit octonions: For the shown above ARCESS IMS array (left), two outer
Multivariate Diffusion Models: Adaptations of diffusion- {eo, €152, €3,€4, 5, €5, €1} :)izgosnig?nn:r?]bie;czg(ejdthbeyir:?eernjlnr%:]egssiil/egci:(t)gni(())rnstV\(,)Or
Egrsr]epcllea)l(pg;z%féisnfc?ésrﬁultlchannel Hime-series with \(’)V(t‘tirneioenox'sc ;r:]ebsecwﬁtrt(e)rrm ri?]atlhik?g:r?]m. Thatis, every quaternion models. SPITS array can be described by the

. _ : : single octonion + 1 quaternion. Since sedenions have a
Spatiotemporal GANs: Typically used for data with T = xpey + T1€1 + Toey + T3e3 + T4 + Tres + Teeg + TrET . .
spatial and temporal characteristics, making them Sedenion is the 16-component number (1 Re and 15 Im) Nr‘:" E'V'iﬁrts rog'ert';] (though we ;'SO embfdtqed a Salr."ty
suitable for multichannel data that involves T = Tgey + 1€ + Toey + -+ - + T1g€14 + Tis€15. check wi = dlepliuiie separslls ermveliton), seelie

up to octonions is an option. The overall approach applies
a strong inductive bias by embedding the physical
correlations between sensors directly into the network's
structure. This GINN/PINN would learn to generate
synthetic waveforms that are not only realistic but also
physically plausible given the unique geometry of the
seismic network

spatiotemporal dependencies.

Multimodal Transformers: Transformer models adapted . & @ o o & : oo
to learn across multiple time-series simultaneously, alawan e
capturing dependencies between channels. - OIEIENEaE
These models offer a range of approaches to handle both = = = = = = *
simple and complex time-series data structures. For S OIS
multichannel or multidimensional time-series, ensuring
the models can learn cross-channel relationships is key
to maintaining fidelity in generated sequences.
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i [~1) k|-
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Octonion convolution block

My K+ My * Ko+ My # K= M # Ko = Mo K+ My 2 K — Mo K Mo ey N

My 4 Ky — My = Ky — My s Ky — My + Ko + Mg+ K+ My K+
My o Ky + My e ;= My o K+ My« K+ M, o Ky — My« K, +\4 Ky =My K, K
My Ky — Mg+ Koo+ M+ Ko b My K+ My K+ My + Ky — Moy 4 Ko — My + K, |

My K+ Mo Ky My e Ry — My K+ M, 0 Ky — My Ky = My v Ky + My < Koy

My e Ky — My e K= My s Kj— My » Ko — Mo » Ky = My o K = My ¢ Ky = M < K,

Mikhail Rozhkov?!, Enrique Castillo?, llya Dricker?,

Generative Neural Networks in Nuclear Test Monitoring

1 — Instrumental Software Technologies, Inc. (ISTI), Saratoga Springs, NY, USA, 2 — CTBTO, Vienna, Austria
PCA analysis

Convolutional DOGAN output
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Convolutional Deep Octonion GAN

generated data less noisy and more diverse.

def forward(self, x):
B, Cin, T, 0 = x.shape; assert Cin == self.Cin and 0 == &
X'= [xI..., 1].contiguous(} for i in range(8))

W = [self.weight[i] for i in amccan
C = lambda w, xi: self. convld(xi, w
X8,X1,X2,X3,X4,X5,X6,X7 = X

WO, W1, W2, W3, Wd, WS, W6, W7 = W

qEmmmmm Y0 = C(W0, X0) - CIWL, X1) - C(W2, X3) - C(W3, X3) - C(W4, X4) - C(WS, X5) - C(W6, XB) - C(W7,

¥1 = C(WO, X1} + C(WL, X8) + C(W2, X3) - C(W3, X2) + C[W4, X5} - C(W5, X4) - C(WG, X7) + C(WT,
¥2 = C(WO, X2) - C(Wl, X3) + C(W2, XB) + C(W3, X1) + C(W4, X6) + C{W5, X7) - C(W6, Xd4) - C(W7,
¥3 = C(WA, X3) + C(WL, X2) - C(W2, X1) + C(W3, X8) + C(Wd, X7) - C(W5, X6) + C(W6, X5) - C(W7,
= . 3 . . . . . K3}
¥5 = C(WA, X5) + C(WL, X4) - C(W2, X7) + C(W3, X6) - C(W4, X1) + C(W5, X0) - C(W6, X3) + C(WZ,
¥6 = C(WO, X6) + C(WL, X7) + C(W2, X4) - C(W3, X5) - C(W4, X2} + C(W5, X3) + C(W6, XB) - C(W7,
¥7 = C(WO, X7} - C(WL, X6) + C(W2, X5) + C(W3, X4) - C(W4, X3} - C(W5, X2) + C(W6. X1) + C(W7,

return torch.stack([Y®,Y1,Y2,Y3,Y4,Y5,Y6,Y7), dim=-1) # [B, Cout, T, 8]
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Deep octonion networks (DONSs) as
an 8-dimensional extension of Deep
Network, the Deep Complex Network,
and the Deep Quaternion Network
(see Appendices). The main building
blocks of DONs are octonion
convolution, octonion batch
normalization, and octonion weight
initialization. The complexity of
implementation holds it from wide
dissemination so far. Recent tests
showed better DON convergence,
less parameters, and higher
classification accuracy then the real,
complex, and quaternion networks.

Hypercomplex deep learning offers
significant benefits over traditional
real-valued methods for processing
multidimensional signals. These
models provide a compact
representation of multidimensional
signals, enhancing generalization on
unknown data.

Block diagram on the left is from: Wu, J., et

al (2020). Deep octonion
networks. Neurocomputing, 409, 218-232.

Instrumental Software
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A Note on Octonions

Octonions, eight-dimensional mathematical objects, have been explored as potential tools in physics, particularly in the context of the Standard
Model, string theory and quantum gravity research as a potential framework for unifying quantum mechanics and gravity. They offer a way to
describe a pre-spacetime, pre-quantum theory that could lead to a deeper understanding of the universe at its most fundamental

level. Octonions, unlike real numbers, complex numbers, and quaternions, are non-commutative and non-associative. This non-associativity is
crucial in the context of quantum gravity, where the very nature of spacetime at the quantum level is expected to be non-commutative.

Non-commutative geometry, often used in conjunction with octonions, provides a mathematical framework for describing spaces where the
order of operations matters, potentially mirroring the behavior of spacetime at extremely small scales.

Penrose's twistor theory has a deep and evolving connection with octonions, particularly in attempts to find a complete theory of quantum
gravity and to understand the Standard Model. While not an original part of the initial twistor formulation, the non-associative structure of
octonions has been recognized by Penrose himself as potentially crucial for incorporating deeper symmetries and aspects of quantum gravity,
with the algebra of bi-twistors providing a representation of split-octonions.

However, the field is still under development, and many questions remain about the precise role of octonions in quantum gravity.

Why Octonions are Used?

1

Algebraic Structure: The unique, non-associative nature of octonions aligns well with the fundamental symmetries and structures observed in
physics, especially in higher dimensions.

Unification: The octonions provide a mathematical tool for attempting to unify fundamental forces and patrticles in a single consistent theory,
which is a major goal in theoretical physics.

Geometric Properties: Their connection to geometric algebras and structures like the Fano plane offers new ways to visualize and understand

the geometry of spacetime and particle interactions.
Instrumental Software
Technologies, Inc.
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Learning in Hypercomplex Domains

Hypercomplex deep learning leverages unique algebraic properties to improve learning operations and capture complepsrelataias

f

|l

|l

f

Hypercomplex algebras, such as quaternions and octonions, define specific mathematical operations that enhance learning.
Learning operations in hypercomplex domains are influenced by theammutativity and nomssociativity of these algebras.
Hypercomplex layers, such as fully connected and convolutional layers, utilize dgpeaific rules for multiplication and coolation.

The ability to capture intecthannel and intrehannel correlations is enhanced in hypercomplex networks comparedvaltessinetworks.

Inductive Biases in the Hypercomplex Domains

Inductive biases in hypercomplex deep learning extend traditional biases by incorporating algebraic and geometricgbtogetissmplex
numbers.

|l

f

Inductive biases can be categorized into relational andelational assumptions, influencing model generalization.
Dimensionality bias emphasizes the strong correlations in multidimensional signals, aiding in effective representatiossaimd) pr
Algebraic bias leverages unique properties of hypercomplex algebras to model complex interactions and relationships.

Geometric bias utilizes the geometric properties of hypercomplex numbers to maintain structural integrity during traorsformati

Instrumental Software
Technologies, Inc.
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Hypercomplex Number Systems in Deep Learning

Hypercomplex number systems, such as quaternions, enhance deep learning models by providing scale and viewpoint invariance.

l

1

Hypercomplex systems can encode scale information, aiding iriggaléant feature extraction.
They are beneficial for tasks like object detection and image classification due to their perspeatiaat properties.
Hypercomplex models can capture color invariance, improving model stability against noise and perturbations.

Equivariance biases, such as rotation and translation, enhance robustness to random rotations and maintain informative
transformations.

Instrumental Software
Technologies, Inc.
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Basic GAN architecture

Real Image Samples Update » Afirst model called generator (G) produces new samples

from random noise which appear very similar to the real
ones after training. It attempts to reproduce the

|
4 N\
probability distribution of real data.
* Asecond model called discriminator (D) distinguishes
between real and fake data.
* Inthe end, the generator G learned so well the probability

distribution of input data pdata(x) to produce a sample

Discriminator

» Real/Fake  that the discriminator is no more able to distinguish it
» from real ones
ake
-g E'_.,_ > . Thurs, .the optimal training of a GAN can be formulated as
sV a minimax problem

* Through adversarial learning, GANs act as efficient

generative models able to synthesize different but
Update plausible artificial representations of any input data, by
estimating their probability distribution

—p= (Generator

Figure: Bryon Moyer/Semiconductor Engineering

Instrumental Software
Technologies, Inc.



S n I 2@ 25 91012 SEPTEMBER

CTBT: SCIENCE AND TECHNOLOGY CONFERENCE

Mikhail Rozhkov?, Enrique Castillo?, llya Dricker?,

Generative Neural Networks in Nuclear Test Monitoring

1 — Instrumental Software Technologies, Inc. (ISTI), Saratoga Springs, NY, USA, 2 — CTBTO, Vienna, Austria

For seismic data, conditional convolution GAN was implemented

Labals Embed and
e Reshape

- ( ) o m = | Tranchm oo r'--n .
Concatenate ’[‘I_LHE-.,D:e_. 3 I‘mn.sp,):ei. 3 :[_‘Ial.zl:\publ:—c-! 3 Hml?_paia:d tanh }_b
— L J| Conwvolution Convolutior Convolutior ] k-wr_u valution
.. _|Project and
MNoise —» Reshape .L ,l, ,l,
Batch Batch Batch
Mormalization Mormalization MNormalization
¢ -y L -
RelU = RelU = RelLU -
A
Images Dropout
(
CO'Tcate!‘ateH Convolution ‘ Convolution —» Convolution Convolution
8
Embed and
Labels
Reshape
Batch Batch
Leaky RelLU : )
yhe Normalization Normalization
Leaky RelLU = Leaky RelLU

Generator network — Given a label and
random array as input, this network
generates data with the same structure as
the training data observations
corresponding to the same label. The
objective of the generator is to generate
labeled data that the discriminator
classifies as "real."

Discriminator network — Given batches of
labeled data containing observations from
both training data and generated data from
the generator, this network attempts to
classify the observations as "real" or
"generated." The objective of the
discriminator is to not be "fooled" by the

generator when given batches of both rea Instrumental Software
and generated labeled data. Technologies, Inc.
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Calculated subset of the synthetic

seismogram  database, distance 30
degrees, different t* (0.3-1.4) and 3

granite. Taken as a “true” signal.
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Convolutional GAN results: generated data from DPRK explosions training set
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Analyzing results

To validate the results, the following was applied:

1. Principal component analysis (perform PCA on the features of the real signals
and project the features of the generated signals to the same PCA subspace)

2. Comparing real and generated PCA latent behavior (eigenvalues slope -
concavity) to estimate the diversity of generated data

3. Comparing the spectral characteristics of real and generated signals

4. Predicting labels of real signals. For example, train an SVM classifier based on
the generated signals and then predict whether a real signal is healthy or
faulty

The confusion matrix shows pretty good degree of accuracy. 1320 true
signals were tested and 58 of them recognized as noise, while out of 310
noise signals only 9 were recognized as true.

Noise

Signal

102

10" |

10—1 L

102

real
generated

10°

True Class

Faulty

Healthy

10"

58

Faulty

Noise

Healthy

Predicted Class
Instrumental Software
Technologies, Inc.
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Quaternion Vanilla GAN architecture

Fake
* *
i =
QNoise Input o
4 Quaternion Discriminator ﬂ\
—( -
® :;:Er E E E Z & E - = E = (_J D+F€i+(€j+ifr&
* _— N : o= : ) ._: : ~ = : = Quatermion-valued image
- : - : This is an alternative way to hypercomplex GAN implementation
\_ _J based on image processing. We converted our seismograms to the
RGB images and learned the network with these images. Then we
decoded our data and unpacked to the view compatible with the
input dataset.
True

* In Quaternion Vanilla GAN architecture, each parameter including inputs, weights and outputs is a quaternion.
* The generator (green network) takes a quaternion noise signal and generates a batch of quaternion images with four channels.
* The discriminator tries to distinguish between fake and real quaternion samples exploiting the properties of quaternion algebra (Grassucci, et al, 2022)
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How it works. Case “flowers”. Training process in Quaternion GAN image processing mode.

. . . . ey B e By

Epoch0 Epochil Epoch2 Epoch3 Epochd Epoch5 Epoch300 Epoch302 Epoch303 Epoch304 Epoch305

JPVIS| PsPupe.
Y jsl Py b
W ps| Py

SAND SNOESND
ANy sl s

Epoch6 Epoch7 Epoch10 Epoch11 Epoch306 Epoch308 Epoch309 Epoch310 Epoch311
oy e
M2

Epoch12 Epoch13 Epoch14 Epoch15 Epoch16 Epoch17 Epoch312 Epoch314 Epoch315 Epoch316 Epoch317

Epoch18 Epoch19 Epoch20 Epoch21 Epoch22 Epoch23 Epoch318 Epoch319 Epoch320 Epoch321 Epoch322 Epoch323

Epoch24 Epoch25 Epoch26 Epoch27 Epoch28 Epoch29 Epoch324 Epoch325 Epoch326 Epoch327 Epoch328 Epoch329

Epochs 0 to 329. Stages okeneration. In the beginning there is mostly an RGB noise, though some forms start
developing rather soon
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How it works. Case “fl owers”. Further generation.

Training at 30% of total epoch ti me (
more than 2000 and input image resolution 128xTRA& implementation of

QGAN produces 9 images per one file

Epoch732 Epoch733 Epoch734 Epoch735 Epoch736 Epoch737



#‘a

s n T 2 N 2 5 FLRER LA L

CTBT: SCIENCE AND TECHNOLOGY CONFERENCE

Real data. Mining explosions
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1536 3-component seismograms were processed following

the procedure described above for synthetic signal.

Example ~3 sec window
taken for processing;
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Input data Z, SN and NE data, views for 6 (up) and 3 (bottom) seconds
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RGB maps of seismic data Inverse transformation: RGB to vector conversion
and unpacking

im_4

E»Extracted wavef

im_12

1536 x 3C input seismograms
converted to RGB images

128 x 3C seismograms in each image
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Deep Octonion Networks (DON) and overall

performance
Deep octonion networks (DONs) as an 8-dimensional extension of DRNs, the DCNs, and the DQNSs.

— The main building blocks of DONs are octonion convolution, octonion batch normalization, and
e ey octonion weight initialization. The complexity of implementation holds it from wide dissemination
“:::H_a::*m so far. On the left is the octonion convolution. Recent tests showed better DQN convergence, less
Bear .1 parameters, and higher classification accuracy then the real, complex, and quaternion networks:
=] Figures are from Wu, J., et al (2020). Deep octonion networks. Neurocomputing, 409,
R-feature maps E: 218'232.
0.9 :
*o 0.8F :
N-kernels
M-kernels 0.7 N
L-kernels
E-kernels (&)
K-kernels 8 0.6 ]
J-kernels
I-kernels
R-kernels 05L a
Real
i : ? f : ) i : —Complex | |
R4 f f f f f = Quaternion
: : =—QOctonion
1 1 1 | 1 1 | | | |
2 4 6 8 10 12 14 16 18 20
Epochs
My Ko+ My« K+ M5+ K M Ko — Mo+ Ky My = Mo 5+ My, N The classification error rate of {hree models ip two types of datasels: FLOPs andlf\v'IACCs denote floating point
My ¢ K+ My ¢ Ky + My 3 Ky — My 4 K — My 0 K+ My 3 Ky — My K, + My, + K, M operations and multiply-accumulate operations, respectively.
My o Ky My« Ko o My + oy = My + By = My o K My o Ky — My = By + My < K L Architecture Params FLOPs MACCs CIFAR-10 CIFAR-100
My v Ky — MoKy — My s Ky — My v Ky + My » Ky My« K+ My« K+ My v Ky | B - 21 ) W
M,.-KHM[-*K;I—M;+Kj+Mkvm.+Me*K.;—M,»K,.-E+Mj..-m—M.nKe K Real [25] 3,619,844 ].()3]'333':18 340,380,416 6.37 E
My o K~ Mo+ K+ My e Ky + My e Ko+ My + Ky b My Ky — My s Ky — My = Ky | o Complex [65] 1.823.620 541,132,288 270,273,792 5.60 27.09
M, Ky + My ¢ Ky + M; # K — My 4 Ky + My 3 Ky — My # Ky — My, # Ky + My # Koy Quaternion [67] 932,792 271,922,688 135,662,848 5.44 26.01
My & Ky — My« Ky — My v Ky — My + Ky — M+ £y — Mp+ Ky — My + Ky — My + K Octonion 481,15“ 137,350,144 68.368.896 5.35 24.60
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Generative Networks and Imbalanced Learning

We have trained the conventional GAN with the several realizations of the 6 DPRK explosions recorded at different distances by the IMS seismic arrays and single 3-component
stations.

The generated signals are statistically close to the learning patterns.

We did the same exercise for more complex structures — Quaternion (Hypercomplex) GAN based on the CNN image processing and showed that this is possible to generate not
only single component seismograms, but a 3-component seismogram based on the 3-component learning patterns, thus utilizing this way the entire volumetric information of the
vector-sensor. More network adjustment required.

Moving on to the wider perspective, the hypercomplex approach can be extended to the array of seismic channels and to the arrays of 3-component stations aggregating higher
dimensions of hypercomplex algebra with the tensorial generalization.

This approach can be naturally extended to solving the imbalanceproblem. Since most machine learning algorithms assume balanced class distributions, target class imbalance
becomes a problem. Training classifiers on imbalanced data naturally bias models towards the majority class. Thus, machine learning applied to the IDC products and waveforms
could be improved by balancing the data and metadata related to the natural and artificial seismoacoustic sources.

Instrumental Software
Technologies, Inc.
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Generative Networks in Imbalanced Learning

Waveform augmentation based on GAN (or other generative network) would allow producing sufficient number of nuclear explosion data to infer the
imbalanced dataset from the insufficient dataset as it is now.

Need to use more explosion data:

1. PIDC data and other historical data, inc. analogue digitized
2. IRIS/FDSN

3. National databases, LLNL as a good candidate

Approaches to extend/upgrade feature set

As in (Hyeongki, et al, 2022), use the imbalance learning with 1D frequency-domain features (e.g. FFT), but using GAN instead of ADASYN

As in (Rozhkov, 2006), use the features made, e.g. of the wavelet packet decomposition which worked more efficiently than the conventional Fourier-
based spectrogram. Special spectrogram mappings can also be used (Rozhkov, et al, 1998)

Using GAN for generation of the synthetic seismograms of the minority class (techno-events) thus removing the imbalance problem at all. Or, using this

approach just reduce the imbalance (if huge population is desired to be processed, and the real available seismograms would not be enough to generate
by GAN sufficient number of “fake” explosions of significant variance).

Instrumental Software
Technologies, Inc.
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Quantum time-series-augmentation

Quantum generative networks, including Quantum GANs (QuGANSs), are being explored for applications in time-series generation and augmentation. While
specific large-scale applications of quantum generative networks for time-series data are still in development, their potential lies in the ability to exploit
guantum superposition and entanglement, allowing them to represent and process high-dimensional data more efficiently than classical GANs. This could be

particularly advantageous in generating or augmenting time-series data with complex dependencies

Quantum GAN variants

*  Fully Quantum GANs

*  Hybrid Quantum—Classical GANs

* Tensor-Network-Based GANs

* Quantum Conditional GANs

* Quantum Wasserstein GANs

* Quantum Patch GANs Using Multiple Sub-Generators

* Quantum GANs Using Quantum Fidelity for a Cost Function

* Hamiltonian quantum generative adversarial networks (2024)
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