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STUDY OF OPTIMIZATION METHODS IN THE TASK
OF SEGMENTATION AND DEFECT DETECTION IN STRUCTURAL MATERIALS

T. BAVSHIN, A. SUKHOV, E. KHITROV
National Research University ITMO

Technological Problem Experimental data and study design
Ensuring quality of construction materials is a critical The study uses an open-access dataset “A large-scale
aspect of modern construction and green building image dataset of wood surface defects for
technologies which requires development of advanced automated vision-based quality control processes”
guality control and monitoring methods. including over 20 000 high-scaled digital images of
wood surface with 10 common types of defects, e.g.
Goals of the StUdY knots, cracks, marrow etc.
o Conducting foundational tests to support advanced The experiments focus on training ANN YOLOVS-, v9-,
experiments with artificial neural networks (ANN) in v10-based models for the defects recognition.
Image processing. The study scores SGD, RMSProp and Adam
o Expanding empirical knowledge on the performance optimizers convergence and performance along loss-
and convergence of numerical optimization methods. functions minimization. The optimizers’ tuning
o Collecting data critical for the future development of a include grid-search for the learning rate and batch
quality control system for wooden construction, size.

leveraging computer vision tools.

Pilot Research Results

o Test performance in wood defect recognition
reached with ANN YOLO models trained and scored
on the big sets is sufficient and comparable to the
results achieved with YOLO modifications when
training on smaller single-defect datasets.
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o Adam method demonstrates the best results for
minimization of box loss (segmentation quality

—— YOLO v8m, img_size 512 . ‘L .

T totoves, myane 312 metric) and cls_loss (defects classification accuracy

— YOLO v10s, img _size 512

— 101095, size 1024 metric) functions. RMISProp method shows decent

YOLO v10s, img_size_1024
YOLO v10m, img_size_1024

0L v, Img. ve. 1021 results for the cls loss function but appears less
© e @ w0 120 w0 160 accurate in minimizing the box loss function. In
the experiment, the SGD method proved to be the

least effective.
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The optimizers performance score ANN YOLO Models
(ANN YOLO training) validation results

Future Perspectives

o Further wood surface data collection promises more
detailed and precise results.

o Given the sensitivity of the minimization methods to
hyperparameter tuning, further experiments should be
conducted to tune these parameters, which is necessary
for forming a more comprehensive and systematic
understanding of the effectiveness of numerical
minimization methods in solving deep learning tasks.

o One of the key steps should include studies which trend =
to describe the loss functions’ mathematical specifics, L
which is supposed to be solved basing on a more = =3
detailed methods’ convergence testing.
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o Additionally, there are plans to develop a custom < ERE = S
modification of ANN YOLO models and tuned YOLOv9s model testing
optimization methods for integration into an automated in multiclass defect image processing

wood quality inspection system.
Autumn School
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Language-dependent Moral Basis of Large
Language Models in a Trolley Dilemma

Introduction

Recent advances in large language models (LLMs) have
ignited interest in their potential for ethical
decision-making. This study explores the extent to which
LLMs exhibit a consistent "moral basis" and how the
language of prompts affects their ethical choices. Using
modified Trolley Dilemma scenarios from MIT's Moral
Machine experiment and inspired by Kazuhiro
Takemoto's 2023 research, we analyze how cultural and
linguistic contexts embedded in training data shape
these decisions.

Background

The Moral Machine experiment, developed by MIT,
presents moral choices that autonomous vehicles might
face, such as whom to save or sacrifice in critical
situations. Categories include species, age, social status,
and intervention preference. Takemoto's 2023 study
expanded this by analyzing how four prominent LLMs
responded to the Trolley Dilemma, revealing that LLMs
could be prompted to offer ethically complex answers.
Inspired by Takemoto's findings and Viktor Pelevin’s
fictional LLM character Porfiry in Journey to Eleusis, we
explore the hypothesis that LLMs may possess an implicit
moral basis, quantifying this across different languages.

What should the self-driving car do?
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- Evaluate whether LLMs show consistent moral preferences
when presented with ethical dilemmas.

- Assess how the language of prompts affects LLM moral
decisions.

- Compare the moral basis of LLMs to that of human
responses, considering cultural contexts.
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Methods

We selected three LLMs—YaGPT, Gigachat, and
Phi-3.1—to perform moral tests based on the Moral
Machine scenarios in both Russian and English. The
selected models included two trained primarily on Russian
data and one on English.

Using Takemoto’s prompt-generation framework, we
conducted over 80,000 queries on YaGPT, 3,000 on
Gigachat, and 100,000 on Phi-3.1. We evaluated the moral
choices across categories like intervention, age, and social
status, and tracked consistency across languages.
Correlations were calculated between LLM responses and
human data to assess alignment.

Results
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e Moral Consistency: YaGPT and Phi-3.1 demonstrated
stable responses, while Gigachat's were more variable.

e Language Influence: The language of the prompt had a
marked effect on LLM decisions. For instance, YaGPT
demonstrated a 0.67 correlation between Russian prompt
responses and human data, while Phi-3.1 had a 0.18
correlation in English, suggesting a significant influence of
the training corpus language on moral choices.

¢ Human Comparison: LLMs favored intervention and
often chose to save those with higher social status,
diverging from human trends toward non-intervention and
saving the young.



Cloud Base Height(CBH) is important
meteorological parameter of atmosphere.

CBH demonstrates strong correlation with thickness
Planetary Boundary Layer in cases with cumulus
clouds.

CBH is important condition for building routes of

aircrafts and conditions of take- off and landing
planes.

The most well-known methods for calculating
the height of the CBH:

e Lidar

e Aircrafts and weather balloons

e Visual — expert classified cloud types
e Parameterizations

These methods are of little use in conditions of
a small amount of cloud cover or sea rolling

Dataset of All-Sky Images over the Ocean
(DASIO) contains more than 2.5 million pho-
tographs.

Features of all-sky images:

e Strong distortion of the image at the edges
of the visible area. Distortion results in
strong variation of angle distance between
pixels

e Viewing angle 180°( 7 radians) in vertical
planes

* Image size is 192071920 px.

MIKHAIL BORISOV, MIKHAIL KRINITSKIY
borisov.ma@phystech.edu and krinitsky@sail.msk.ru

Moscow Institute of Physics and Technology
Shirshov Institute of Oceanology, Russian Academy of Sciences
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SuperGlue[1] is an artificial neural network ar-
chitecture designed for keypoint matching. It
involves keypoint embedding to generate de-
scriptors for keypoints, capturing their visual
features. These descriptors are used to com-
pute pairwise matching scores between key-
points, considering both their visual similar-
ity and spatial relationships. A graph is con-
structed, where nodes represent keypoints and
edges connect potentially matching keypoints,
with edge weights determined by the matching
scores. Finally, an optimization algorithm is ap-
plied to find the optimal set of matching corre-
spondences within the graph, improving the ac-
curacy and robustness of keypoint matching.
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The angle « is calculated from the ratio ¢ = -2

(due to 7w radians of viewing angle per 1920 px.)
S — the distance in pixels between the key points
after conversion.

L - the distance between cameras .

Example of combined photos with detected
key-points.

Cloud Base Height using Supeglue
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Based on AI-58, we validated CBH with ERA-5
reanalysis data.
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e We present an approach exploiting par-
allax effect and keypoints detection and
matching for estimating cloud base height
using all-sky images acquired by our low-
cost optical package Sail Cloud v.2

e We demonstrate the results using expedi-
tions AI-58 and AI-61 as an example

e The most close correspondence is ob-
served for Cu and Sc clouds

[1] e. a. Paul-Edouard Sarlin, “SuperGlue:
Learning Feature Matching with Graph
Neural Networks,” 2020. [Online]. Avail-
able: http:/ /arxiv.org/abs/1911.11763



Bregman Proximal Method for Efficient
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Distributed Vs

We study the regularized variational inequal-
ity (VI) problem formulated as finding 2* € Z
such that

(F(z%),z = 27) + g(2) —g(2") = 0,

Vz € Z, where Z C R? is a closed convex
set, and g : Z — R is a proper convex lower
semicontinuous function.

Modern applications often require working
with an operator of the form

=%iﬂ@

where { F;}." | are distributed across m nodes.
One of the approaches to overcome the com-
munication bottleneck is to exploit the simi-
larity of local data.

Similarity

The essence of similarity approaches is to
move most of the computation to the server,
If local datasets
are i.1.d. samples from the same distribution,

offloading the other nodes.

local operators F; are statistically similar to
In the case of convex op-
timization problems, this condition has the

their average F'.

form

IV2f(2) = VEfil2)ll < 6.

In the case of VIs, the Hessian similarity can
be generalized and written as

|(Fi = F)(21) = (Fi = F)(22)|| < 0|21 — 2|

This is the most natural measure of similarity
because generally § ~ 1/VN.

Definitions

e The operator F(-) is called pu—strongly
monotone with respect to distance generat-
ing function w(-), if

<F(u)—F(v), u—v) > H (V<u7 ?}) + V(Uv u)) y

for all u,v € Z, where V (-, -) is the Bregman
divergence corresponding to w(-).
e The operator F'(-) is called L-Lipschitz, if

|F(u) = Fo)|| < Liju — ]|,

for all u,v € Z.

e We call the stochastic operator F(-,&) to
be unbiased with bounded variance, it

Ef[F(Z7€)] — F(Z)a
Ee[|| (2", &) — F(2")|IF] <

for every z € Z.

Main Algorithm

Algorithm PAUS

1: fork:O,l,Q,...,K—ldo
2: Sample random variable £* on server
3: Collect F'(2", &%) = L3, Fi(2", &)
on server
4: Find »” as a solution to
YR + F*, €5 = R, 2 - o)
+(Vw(u") — Vw("), z — u*)
+7(g(2) — g(u*)) > 0
for all z € Z by SCMP procedure on
server
5. Collect F'(u*, &%) = 25" Fy(u*, &F)
on server
6: Find 2**1 as a solution to
(P (b, ) — () — F(*, €9
+F(2%) + (14 a)(Vw(z")
—Vw(u"),z — 2" >0

for all z € Z on server

7. end for
~K 1 K-l
8: return u” = =) 1

Vls and z"* for strongly monotone ones

u® for monotone

Convergence

Theorem

Consider the monotone operator F'(-). Let
the stochastic oracle F'(-, &) be monotone,
unbiased and have uniformly bounded
variance.  Suppose F(-,&) — Fi(-) is
6-smooth.  Let @" be the output of
PAUS, run with appropriate parameters
and starting points 2, u" € Z in

D Do?

€ g2

communication rounds. Then it achieves

Gap(ah) < e.

Theorem

Consider the strongly monotone operator
F(-). Let the stochastic oracle F(-,&)
be strongly monotone, unbiased and have

variance bounded at the solution. Suppose
F(-, &) — Fy(+) is 6-smooth. Let z* be the
output of PAUS, run with an appropriate
parameters and a starting point 2" € Z, in

8. 1 8g?
O <— log — O*>
1 e 3UE
communication rounds. Then it achieves

Viz*, %) <e.

Approach to the Subproblem

For simplicity we introduce the function

H(v,€) = (Fi(v,€) + F(2",6) = Fi(2")

Algorithm SCMP

h:

0:
1

1. Choose starting point v" € Z
2: fort:O,l,Q,...
3:
4

T —1do

Sample random variable £! on server
. 1 .

Find v'*2 as a solution to

(nH (v, ) + n(Vw(v™ ) —
+Vw(v'™?) — Vw'),v —
+7(9(v) —

Find v+
(nH (v, ) + n(Vw('!) — Vw(zF))
+Vw'™) = Vu@'),v — o)
+y(g(v) — g(v™*)) > 0.

as a solution to

end for

return v’

Consider the monotone operator Fi(-). Let
the stochastic oracle Fi(-, &) be Lipschitz,
monotone,
bounded at the solution of the subproblem.
Suppose F(-, &)
sider stepsize v = 1/26 and starting point
vY. Then SCMP with appropriate choice of
1 needs

O (Lpl 10g V(U*, ?}O) O'%

to achieve V (v* v!) < e.

unbiased and have wvariance

— Fi(+) is d-smooth. Con-

N —) 1terations
) £ £

Experiments

We carry out numerical experiments for a
stochastic matrix game

= E[Ady|

min max
reA yeA

where x,y are the mixed strategies of two

players, A is the probability simplex, and Ag¢

is a stochastic payoft matrix.

— PAUS
Mirror Prox
—— Euclidean algorithm

10—1 4
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Figure: Comparison of state-of-the-art methods



Parallel Clustering Algorithm for the k-medoids Problem in High-dimensional Space for Large-scale Datasets
Sergey Vandanov?, Aleksandr Plyasunov?, Anton Ushakov?
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Problem Statement

Proposed Solution

in machine learning and data mining, but traditional clustering
algorithms, like k-medoids, struggle with scalability when applied to
large datasets. The computation of pairwise distances and the
nearest neighbor search is particularly expensive, making these
algorithms impractical for large-scale and high-dimensional data.

The
can

clustering accuracy,
k-medoids clustering methods.

Clustering in high-dimensional spaces is a fundamental task

goal of this research is to develop a parallelized algorithm that
handle large datasets efficiently, while maintaining high
overcoming the limitations of classical

k-medoids clustering problem in high-dimensional space. Our algorithm
utilizes GPU parallelization to:

We introduce a parallel primal-dual heuristic algorithm for solving the

e Compute the distance matrix and nearest neighbors in a fraction of the
time compared to CPU implementations.

Perform subgradient optimization on the Lagrangian dual function directly
on the GPU, significantly improving computational speed without
compromising solution accuracy.

This parallel approach efficiently addresses challenges associated with
large-scale datasets, offering improvements in both execution time and
solution quality over existing methods like PAM and FasterPAM.

Methodology and Algorithm Overview

Initial Problem Formulation:

d - pairwise distance (weight) matrix
yi=1,

x =1

=L 1 if 1 1s the nearest medoid to point |
k - the number of clusters.

m - the number of points.

A - Lagrange multipliers.

L - Lagrangian dual function (LDF)
p, - reduced cost fory.

In Terms of Integer Linear Programming:

Well Known Approach

Xij <Yi1el,jed (i),
+

min Z d,’jX,'j.
('xy'

Algorithm1 Subgradient algorithm for maximization of the Lagrangian dual function

TE(ig)eEA

Y xj+y=1jel®

i€d™(j)

.....

Sy =k

i€l

Vi, Xii € {0,1},iel, (i,)) € A.

Using Relaxation of the
Constraints (1):

D ()

jel €6~ (7

1f 1 - medoid, 0 otherwise

L()\) = mln{ Z dz'jCL‘z'j — Lij + Yj — 1)}
(z,y) (i.7)eA )

:

> max L(\)

: Initialization: set UB, LB — —oo, Yy, Bmax: 4» S+ 0, and g — 0;

: Compute reduced costs p(4*) and the Lagrangian dual function value £(4°);
. if £(2*) > LB, then LB — £(4°) and B « O;

. if LB/UB > 1 — 107>, then stop;

: Compute y(2°) and subgradient g(4°);

 if ||g(2%)||2 < 107, then stop;

: (Optional.) Compute Z(y(4*)). If UB > Z(y(2’)), then UB «— Z(y(1*)).

: if B > Prax, then y — 52 and g« 0, else g — B+ 1;

. if . < 1072, stop;

7,(1.05-UB—L(}5)).
g

11: Set 25t — 25 + o, g(4%), k — k+ 1 and go to step 2.
12: return found 4, dual bound LB, (optional) upper bound UB.

© 00N UA WN —

10: Compute o «—

.

Proposed Modification

Results

Calculation of reduced costs and Lagrangian dual

function using column generation method

O NN OO WU D W N =

. Initialization: set p(4®) «— —2°, L(4’) «— 0 and j « 1;
. Compute L£(4") «+ L(2°) + 4; and set h « 1;

L dy, )
: Compute p; s (#°) — p; (&) + dy,j)j — 4

: if h < m, then set h — h+ 1 and go to 3;

. if j <m, then setj — j+ 1 and go to 2;

: Find T(4") and compute L(4°) « L(X) + D it Pi(4)-
: return p(2°) and L(4).

= GPU 1024 == CPU 1024 CPU2048 == GPU2048 == CPU 512 GPU 512

B
Ry

10

CUDAC/C++

> /;, then go to 6;

Compute reduced costs with CUDA

Initialize 1D distance matrix d;;.

Initialize nearest-neighbor vector for every column /.
Initialize reduced costs p.

Initialize Lagrange multipliers (\,).

m <—amount of points

block_size <— 256

grid_size <— (m + block_size — 1) /block_size

// Since that moment we run code on the CUDA-kernel
// with block_size and grid_size.

R E

©
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Fig. 2. Distance matrix calculation time depending on the number of points
for the 512, 1024, 2048 embeddings dimension for a Stanford Dogs dataset.
Logarithmic scale on the y-axis.
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7 <— blockldx.x x blockDim.x + threadldx.x

: // j - 1s a thread ID in terms of CUDA. Note,
. // that blockldx, blockDim, and threadldx is

: // CUDA-kernel variables.

)
N

[um—
W

clusters on Stanford Dogs dataset

A e 4o Algorithm type | Obj. Val. | Time(sec.) | GAP(%)

16: idz < lp[h x m + j] k-medoids 365593.9 793 0.84%

o dFS e dylide x m )= Ml PLH CPU 362551.3 398 0.01%

19: atomicAdd(piaz, dif f) PLH GPU (Our) | 362551.3 33 0.01%

. PAM 3627542 415 0.06%

22: end if FasterPAM 362754.2 112 0.06%
AN

J L

3aKJsiro4eHue

Tested 12 clustering algorithms for the k-medoids problem. Testing was conducted in two phases: 6 algorithms were excluded in the first

phase for not considering problem-specific features.

In the second phase, evaluated the performance, stability, and scalability of the remaining algorithms on various data volumes. The

most promising algorithm was selected.

Optimized and implemented the PLH algorithm in both parallel and standard versions using C++ with CUDA. The parallel version achieved

a 40x speedup on test datasets without loss of accuracy.

A new data preprocessing method based on vectorization was proposed. The algorithm can handle diverse data types (images, text,

audio) in a unified vector space.

The developed version demonstrated the best performance across different datasets. The integration of the parallel algorithm into the
software is completed, and future directions for optimization have been identified.




A Mathematical Model of the Hidden Feedback Loop Effect in Machine Learning Systems

General Idea

This work solves the problem of mathematical modelling of sys-
tems with adaptive control. The system with artificial intelligence
corresponds to a discrete dynamic system, the behaviour of which
can be used to evaluate the original object. Link to tull paper:
https://arxiv.org/abs/2405.02726

Problem Statement. We consider a set F of probability density
functions (PDFs), each of which describes the data available to a
machine learning system at a given time step . We then introduce
a mapping D; € D that acts on a given PDF f(x) € F to produce
a new data distribution fi,1(x). A general model of the repeated
learning process we are studying can be written as

Jrr1(z) = Dy(fe)(x) Ve €e R",t € N and D, € D. (1)

Examples of the repeated learning processes:

Sample z ~ N (yf, 30'2) with prob p
. or select z = y; with prob (1 — p)
Add (z*, z) to current
data at each step

Environment

t+—t+1

If t > 0.7n stop Predict y/= h (;1;“)

h 4

Sampl by
[ Available dataset } o e (m yg) { Linear model 1

Linear model A
Retrained after 1" steps

Starting with 30% (100%)
of original dataset

Figure: Two different experiments schemes. Sliding window update setup and
sampling update setup.

Setting

e All operators D; € D are transformations of the set F, that is, for
all f(x) € F it holds that

Di(f)(x) > 0 for a.e. x € R" and /Dt(f)(aj)d:v = 1.
RTL

e At each step ¢ the operator D; can be different, we only assume
that all D; belong to some set D.

e The D; operators are not always computable, i.e., we can only
observe samples from the distribution generated by the probability
density function f;1(x)

Main Contributions

e We construct a mathematical model of the effect of feedback loops
using discrete dynamical systems.

e We obtain results for finding the limit set of the dynamical system,
sufficient conditions for the existence of a feedback loop and the
autonomy criterion.

e We developed a bench of computational experiments simulating
the process of repeated machine learning.

Related Work

Dynamical Systems. An important concept in the theory of dy-
namical systems is the so called minimal set. Since the set of density
functions is compact in the || - |[;-norm (if the discrete distributions
are included there), the considered dynamical system must have at
least one minimal set, since it is positively Lagrangian stable. In this
paper we find the set of so called w limit points for the considered
system, which includes the minimal set.

Andrey Veprikov ! 2

Alexander Afanasyev °  Anton Khritankov ! 23

I Moscow Institute of Physics and Technology 2 IITP RAS 2 HSE University

Iterated Maps. An area in which the consistent application of
different functions is considered is iterated map. The main object of
study in this area is compressive mappings, which can be used to
find fixed points. However, the restriction that D; operators are not
always computable makes it unfeasible to apply this theory for our
problem.

Markov Decision Process. In this area authors consider such
objects as Markov kernel, stationary distribution of the Markov
chain, time-independent transition matrices. However, the same
problems as when considering dynamical systems and iterated maps
arise in this subject, since for example, for finding a stationary
distribution, ability to computing the Markov kernel is necessary.
Feedback Loop. When there is a high automation bias, that is,
when the use of predictions is high and adherence to them is tight, a
so-called positive feedback loop occurs. As a result of the loop, the
learning algorithm is repeatedly applied to the data containing
previous predictions. This repeated learning produces a noticeable
unintended shift in the distributions of the input data and the
predictions of the system. For example, in systems that recommend
products to consumers or forecast market prices and learn from user
responses, healthcare decision support systems, and predictive
policing and public safety systems that introduce bias in the training
data as a result of an unintended feedback loop.

Results for a General System

Theorem 1 (Limit set)

Consider that Dy is a transtormation of the set F for all t € N
and for any probability density function fy(x),x € R™ and dis-
crete dynamical system (1), if there exists a measurable function
g(x) from L; (R™) and a non-negative sequence 1 > 0 such that

fi (x) == Dz(fo) < - |g(¢ - x)| for all t € N and z € R".

e

T'hen, if ¢y diverges to infinity, the density f;(x) tends to Dirac’s

delta function, f;(x) B o0(x) weakly.

e If ¢/ converges to zero, then the density f;(x) tends to a zero
distribution, fi(x) — ((x) weakly.

t——+00

For the regression problem when the data have the form {(x', y")}:*,
Theorem 1 is stated not for the data in the Al system, but for a
random vector of model h residuals of the form y — h(x).

Analysis of Results from Theorem 1

From Theorem 1 we can presume that envelopes of our mappings
D17 are in the form

When 1y converges to a constant ¢ € (0,+00), then according to
equation (2) the distribution of our data remains the same, that is
the mapping Dy is an identity mapping after some time step in the
process.

[f we substitute £ = 0 into the equation (2), then we can get an

(L/ft(o)/g(O). Let us take k > 0 and consider

expression for ¥y 1y =
an integral of the form

Ji= [ fede= [ v e ade = [ fity)dy
B"(k) B"(k) B"(k-)y)

[f vy diverges to infinity, then J; converges to |[fo|li = 1, and if
Y converges to zero, then J; will also converge to zero. In the
experiments we measure 1y = f,(0) and J; ~ Fy(k) — Fy)(—k),
where xk > 0 is sufficiently small.

Corollaries of Theorem 1

Corollary 1 (Convergence rate)

For any ¢ > 1, under conditions of Theorem 1, if g(x) € L, (R")
and 1, converges to zero, it holds that

[ fi(@) = <@, < @D Ngly:

Corollary 2 (Decreasing moments)

If a system (1) with n = 1 satisfies the conditions of Theorem 1
and 1)y diverges to infinity, then for all £ € N it holds that

B [€%] < 0% - Bego [€%]

Results for an Autonomous System

Theorem 2 (Autonomy criterion)

[f the evolution operators D; of a dynamic system (1) have the
form (2), then the system is autonomous if and only if

¢T+ﬁ:¢7°¢ﬁ; VT»“€N° (3) 4

This criterion is easy to check in practice, since the condition (3)

means that the sequence 1), is a power sequence, that is ¢y = a' for
some a > 0. An example of a mapping of the form (2) is given in
this work with the name Sampling update setup.

Limit to Delta Function or Zero Distribution

usage=1.0, adherence=0.0 usage=1.0, adherence=0.0

1.0

— f{0)
501 0.9

40 0.8

S 0.71
S 301 X

| 0.6
201
0.51

104 0.4/

0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
step t step t

usage=0.1, adherence=0.9 usage=0.1, adherence=0.9

0.7

— f(0) -0

0.91
0.6 1

0.81

— k=04
05 3 07{ — k= 0.5
g =3 K= 0.6
L_,I 0.6 o
041  FIM £ oddimmit U UL DGR I TR et | fdx=1
0.5
0.3 0.4- MNP s

0.31

0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
step t step t

usage=1.0, adherence=3.0

0.51 f(0) 1.0

usage=1.0, adherence=3.0

0.4 0.8

0.3 x 0.61

x ] | +oo
0.2 MRS T - f_m f(x)dx =1
0.1 0.2

0.0 0.0

0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
step t step t

—
(=)
-
L ks

Figure: Counting f;(0) and fj{ fi(x)dz for sampling update setup. We consider
such parameters: usage, adherence = 1, 0 (first); 0.1, 0.9 (second); 1, 3 (third).

As we can see, if usage p = 1 and adherence s = 0, the limiting
probability density of Dy7( fo), that is the probability density of y —
h(x), is delta function §(x).

When usage p = 0.1 and adherence s = 0.9, the probability density
of y — h(x) remains almost the same, that is ¢y — ¢ € (0; +00).
If usage p = 1 and adherence s = 3 we observe a tendency to the
zero distribution ((x).
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Figure: Change in the standard deviation of the model error for different usage
and adherence. Sliding window setup (left), sampling update setup (right).

The graph is almost everywhere either red or blue, hence Theorem 1
is applicable in practice.

Autonomy Check
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Figure: Testing two designs for autonomy. Sampling update setup (first and
second) and sliding window setup (third).

As you can see, in case of the sliding window update we obtain a poor
fit on all models and data sets, so the system is not autonomous.
The sampling update setup in case of usage p = 1 and adherence
s = 3 is autonomous on all models and data sets, since there is a
cood fit. In case of usage p = 1 and adherence s = 0 we observe
two linear segments.

Decreasing Moments
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Figure: Measurement v}, for k = 1,2,3,4 and 5 for sampling update setup.

As we can see from the measurements, claim of Corollary 2 is satis-
fied in all observed cases. When usage p = 1 and adherence s = 0
the limit of mappings Dt7(fo), and correspondingly of y — h(x), is
the delta function é(x).
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Objective

This study aims to identify DNA-binding proteins (DBPs) using transfer learning on
pretrained protein language models (PLMs)
(http://dx.doi.org/10.1101/2024.02.05.578959). By leveraging PLMs for informative
sequence representations, we will develop a predictive algorithm for DBP
identification, addressing the need for scalable, automated prediction methods
amidst limited experimental annotations and increasing genomic data.

Methods

Training set construction

We sourced high-quality, manually annotated, non-redundant protein sequences
from UniProtKB/Swiss-Prot. DBPs were selected using the DNA-binding GO term,
while Non-DBPs excluded nucleic acid-binding GO terms per QuickGO
(https://doi.org/10.1093/bioinformatics/btp536).

Sequences shorter than 50 or longer than 1,024 amino acids and those with

undefined amino acids “X” were excluded. The training set balanced 34,936 DBPs
with 34,936 Non-DBPs.

Testing sets

Three test datasets were used as benchmarks to facilitate direct comparison with

previous studies:

* PDB2272 dataset from Du, Diao, Liu, & Li (2019)
(https://doi.org/10.1021/acs.jproteome.9b00226)

 PDB20000 and PDB1000 datasets from Ma (2019)
(http://dx.doi.org/10.17504/protocols.io.2rdgd26)

Protein sequences in these datasets originated from UniProtKB and had GO

annotations assigned by UniProt.

Counts of DBPs and Non-DBPs in training and testing sets

34936 @ DBPs
Non-DBPs

10000

500 1119
— A

Training set PDB1000 PDB2272 PDB20000

Clustering

We used MMseqs2 (https://doi.org/10.1038/nbt.3988) with a 50% sequence
identity threshold to filter out homologous sequences, preventing data leakage and
ensuring fair model evaluation. We also calculated the cluster-to-protein ratio and
counted DBPs and Non-DBPs within each cluster.

Cluster-to-Protein Ratio: Analyzing Protein Clustering Distribution

Class-specific protein cluster enrichment
Cluster-to-

protein ratio

Both

DBPs

non-DBPs

Training set PDB1000 PDB2272 PDB20000

Clusters are predominantly enriched with either DBPs or Non-DBPs, indicating good
data quality and supporting the idea that protein amino acid sequences determine
DNA-binding function.

Results

We trained an Ankh model
(http://dx.doi.org/10.1101/2023.01.16.524265) with 13
million parameters, using a transformer backbone for protein
sequence representation and a classification head. Training
used the AdamW optimizer, batch size of 64, and an initial
learning rate of 2e-4 over 9 epochs, retaining the model with
the lowest validation loss. Accuracy and stability were
enhanced by training an ensemble of five models.

Performance comparison

PDB1000 Testing Set:

PHMMER
(https://doi.org/10.6019/tol.hmmer-w.2018.00001.1): HMM-
based method for sequence similarity searches.

0.99 0.99
0.94
0.64
0.52
I 5

DBP-Finder PHMMER
B Precision Sensitivity B Specificity MCC B F1

PDB2272 Testing Set:

BiCaps-DBP
(https://doi.org/10.1016/j.compbiomed.2023.107241):

a method with a three-layer architecture: encoding layer for
one-hot encoding, Bi-LSTM layer for contextual features, and
1D-CapsNet layer for feature correlation and classification.

0.88 0.89 0.86
0.7 0.7
0.61
I ] I I

DBP-Finder PHMMER BiCaps-DBP
B Precision Sensitivity B Specificity MCC B F1

PDB20000 Testing Set:
CNN-Bi-LSTM
(https://doi.org/10.1371/journal.pone.0225317): uses one-hot
encodings, includes layers for amino acid numbers, continuous
vectors, convolutions with max pooling, and Bi-LSTM for
contextual features.

0.99 0.99
0.94 0.94 0.94 0.91 0.94

DBP-Finder CNN-BI-LSTM BiCaps-DBP

B Precision Sensitivity B Specificity MCC B F1

This work is an output of a research project implemented as part of the Research Program at the MSU Institute for Artificial Intelligence.
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Algorithm description Contextual bandits
New algor}t.hm based on tensor train - input: dimensions € Ijn - Siimen.sion of the re- The optima_tt_max algorithm represents tensor Tohcreagzg.)nte??al erEon ol ffnsobr baanddlss alg}?—
decomp081t10n was deveoloped. It com ?Tlne§ ward t.ensor, ranks E N" - dimension of the ten- clements as a distribution, selecting the & most rit mda itiona. 1me;181ons nee rt[% ¢ 1& .ehtot ¢
idea of low ra.nk approximation apd effective sor train decomposition, 7' - number of steps, T, probable at each step to find the optimal solution. rewar .tensor to encode context. The algorithm can
tensor operations. The comparative research ot - number of exploration steps , , , | be outlined as follows:
. loorith q 1T Trai , Updating R without restoring from tensor train:
existing algorithms was made and lensorlrain For t in range(T) Obtain context from the environment.
algorithm showed competitive results. Choose random arm _ 1
Approach for usage of tensor bandits in Update average reward tensor COTHITTE. . Select the part of the reward tensor
. . o . . Let A, B € RP***Pn he two tensors, with ten- dine to the oi foxct
context case was studied. Context versions of I'ensor completion — estimated reward tensor R | corresponding to the given context.
. o . - sor train cores Cy; € RMAGy*Pixrai (g, &
algorithms were developed and tested. [ensor train decomposition of R RN ’ ’ . . .
. R75G-1)*PiXTBi then cores Cpo € RI*P1*(raitrsy) Choose the optimal arm using the tensor bandits
For t in range(71,, T r AT ) p (At ra ’ leorith
. (G—1)TTB (i—1 i i i .
. Finding maximum of R (optima_tt max) Cga@ ir R )X(p ;1 o . Cpn € AGOTILAII
Introduction Choose optimal arm RY A= B 0m0=0e or D = A4 B can be caleu- The idea of the Ensemble Sampling algorithm is to
Update R lated as initially set a prior distribution, which is then up-

Multi-armed bandit algorithms — these are if t % update-each == 0:
algorithms where a decision maker iteratively selects

dated through the algorithm’s actions. It builds on
Thompson Sampling and utilizes Tucker decompo-

OD 0 — [:’414,0 CB,_O])

Restore R from updated decomposition

. . . . Ca; 0O . »
one of multiple fixed choices, with each option rep- Tensor completion of R Cp.; = . - i=1.....n—1. Sition
: 1 m . 4l B77J
resented by an arm. After making a choice a reward Tensor Train decomposition of R i ]
is received, and the agent’s goal is to maximize the Cpn=1Can Chal- Concluding remarks
reward sum.
Given: B —aset of n choices, T — the time period ] . . . .
| o ) P Numerical Results This work investigated, implemented, and tested
over which we maximize the reward. . L . .
_ various existing algorithms for solving the tensor
Rd = > r; — Total reward, where r; is sampled B e e e E— S multi-armed bandit problem, leading to the
t=1 T Yeriortmatiogliame: 30 se e by B ~ -
by the enVII'ODment from the reward distribution 1400 4 —— TensorTrainAlgo (time: 7.77 sec]} =1 - ' —— TensorTrainAlgo (time: 16.13 sec) Oevelopment Of a neW algorlthm Ca,lled

1200 - M

I'ensorTrain, which utilizes low-rank

of the arm chosen at step ¢, which is unknown to

1000

decomposition. Results showed that while

-

I'ensorIrain is one of the fastest algorithms,

et

800

the agent.
Rt =1 - u" — Rd — Total regret, where

400 ~

Regr

* Ensemble Sampling outperforms it on contextual

= max E(fum), and pam is a random

200

~_armeall arms . task
variable corresponding to the reward of an arm. 1 | | | | | | | | | | | |
Obiective: Desion an aleorithm that masimizes One of future research directions is to explore
! S > N e o how changes in the environment during algorithm
the reward (m]‘n]‘m]‘zes regret)' 29007 —— TensorEpochGreedy (time: 7.86 sec) —— TensorEpochGreedy (time: 40.70 sec) t' H t th . H t' th'
- o | ErrEmnain e .34 52 > s00 | — TenerEiminaton (ime. 3553 50 operations affect their effectiveness, as this
Key Algorithms: — Tencormainaige (ime: 539 560) A ] Eneembie Sampling (tme: 858,34 s2c ¢ . .
= requently occurs in real-world scenarios.
Vectorized UCB (Upper Confidence
Bound): Selects arms based on optimistic B :
reward estimates.
Epoch Greedy: Selects the optimal arm at Implementations of algorithms are available
each step by choosing the maximum reward. : s ; ™ e R TR athttps://github.com/horbachmp/TensorBanditsg

Tensor Elimination: Removing arms based

on whether their reward estimates fall outside a Figure 1:
First row: Five runs were conducted on reward tensors of sizes 10 x 10 x 10 and 5 X 5 X 5 generated from a normal distribution.

Third row 1. Contextual algorithms were run five times on reward tensors of size 5 X 5 x 5, where the first dimension corresponded
to the context.

Third row 2: Contextual algorithms were run five times on the SyntheticBanditDataset simulator (Open Bandit dataset), where
the context dimension was 3 and the number of arms was 5.

specified confidence interval.
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Diffractive neural networks for image processing
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Abstract Results and discussion

Digital technologies are undergoing rapid transformation due to advancements in artificial intelligence Focused image Detectors matrix
2], particularly deep neural networks, which are widely used in areas such as image recognition and

big data processing. However, this growth increases the demand for computational resources. One
promising approach to optimizing machine learning algorithms is the use of optical technologies, which

can accelerate data processing due to the properties of light. This work explores the potential of optical
iImage preprocessing in the context of spatially incoherent light, focusing on developing a model for light
propagation through heterogeneous structures and applying machine learning algorithms to optimize
parameters. Ahybrid optoelectronic neural network was built and trained for image classification based
on this model.
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Motivation

Delegating computational tasks to specialized units, such as GPUs and optical processors, enables effi-
cient processing of specific tasks with high performance and low energy consumption. Optical devices,

leveraging the properties of light, provide high parallelism and low latency, making them promising for —— —
solving tasks that require intensive computations.

Phase and amplitude modulation masks Electronic part

Research objectives Figure 1. Schematic diagram of optoelectronic neural network.

Key findings from training hybrid neural networks

o=50.0um o=1.0mm og=3.0mm

Theory

A diffractive neural network represents an array of optically heterogeneous thin masks. On each of
these masks, the phase and/or amplitude of the field is modulated point by point. The system is divided
into an inifial plane, where the image is projected, the planes after the masks, and the output plane.
This system is associated with a perceptron-type neural network because the field at each point of a
plane is linearly related to the fields at points in the previous plane. An important distinction is that the
number of transition weights between layers is much smaller [3]. This is due to the fact that the field
at any point in the plane after the mask is calculated as an integral of the multiplication of the field in
the previous plane with a fixed kernel, followed by multiplying this value by a controlled coefficient.
The mathematical description is presented in Equation below:

) oo pikn/ L+ (z—&)>+(y—n)? e )
UZ<£I?,y> T wl($7y> //—oo ul—l(gan)\/L2+ (3}' - §>2 _|_ (y — 77)2 'S 77

In this equation, u;, u;_1 represent the field in the current and previous layers, respectively, L is the
distance between the layers, and w;(x, y) is the weight of the neuron at the point (x, y). The number of
neurons and the discretization of this equation depend on the degree of accuracy with which optical
iInhomogeneities can be created. Thus, for a transition between layers with N neurons, a perceptron
has N2 weights, whereas a diffractive neural network has N.

 mm

Spatial coherence visualization

Confusion matrix
Predicted

Method of random phase generation of the initial field: A random Fourier pattern is generated, where

the value at each point is equally likely to range from O to 1, and is constrained by a Gaussian function é .
with a given dispersion % 2 1
a S 35 - o — I'
Calculation of coherent and incoherent propagation: Free-space wave propagation methods aim at 8 9 o kf{': s bo |
solving the homogeneous Helmholtz equation [1]: E 5 .| ;;,‘ | | -+- 0=50.0 yum 46.4%
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Mathematically, AS propagation can be formulated as:
Epoch number
b = .F_l[H -FW H (3) Figure 2. Training results of hybrid neural networks. The first row - visualisations of a particular realisation of the
AS 0 incoherent field phase. Second row - error matrix: colour represents the percentage of answers, numbers on the diagonal
represent the percentage of correct answers. The third row is a graph of the dependence of accuracy on the epoch
Transfer function: number for three models.
z‘2m\/L2—f§—f2
_ Yy -
Has(fz, fy) = ¢ A (4) Conclusions
By training optoelectronic networks for three levels of spatial coherence (50um, 1000um, 3000um), it is
shown that the models give the same results for a large number of epochs, regardless of the degree of
Random phase generator characteristics coherence. The small accuracy for some classes is explained by the similarity of the images. Phase and
Realization Autocorrelation Distribution amplitude modulation patterns confirm that optical layer training did occur. Examples of the networks
40 ol o T, show that the system performs image transformations rather than simply focusing the image on the
= 20 "] "] detectors.
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Overview

We consider the problem of forecasting travel demand in a trans-BPR-function:

portation system. This problem arises in
e the management of infrastructure development
e the land use planning

e the policymaking for maintaining sustainable transportation sys-where ¢, — free flow time, f.[veh/hour] —link capacity. Dual problem:

tems.

1. Traditional Four-Step Procedure
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Figure: The classic four-stage transport model

Trip Distribution

e [, number of departures from zone 7 € O

e V/; number of arrivals to zone 7 € D

e T;; generalized cost for travelling from zone ¢ to j
e d;; number of trips from zone 7 to j

e v calibration parameter

Entropy Maximizing Model

=D diTj -
2Y,

Z dijInd;; — max

dij: d;j=0,
- _ py > dij=Li,
H(d) i dij=W;

Modal Split

e d;" number of trips from zone ¢ to j by mode m and agent a
o Tm generalized cost of travelling from 7 to 7 by mode m

. M (a) set of modes available to type a agents

® Oy, Bam calibration parameters

The Multinomial Logit Model (MNL)

4. Dual method for NE problem

Here we used the following notations:

Te(fe) = te (1 +p (;) ) . p=0.15, u=0.25, do(t)

Or+1(t) = op(t) + agps {q)(ykﬂ) <VCI>( kH)

‘h—#

yk+1> + h(t): .

Z dngw ZU ) —> max, (1)Note that we did not specify the stopping criterion as it can be
i7€0D ecE t>t different for different models
ht) Algorithm Universal Method of Similar Triangles

where o(t.) is the Fenchel conjugate function of o.(f.), e € E.  Require: L > 0, starting point t’, accuracy £ > (

Stable dynamics model [3] u =1, Ay =0,k=0

- _ 2: repeat
te_’ OS f€_<fe’ 3: Lk+1 e Lk/2
Te(fe) = 3 [ OO} ) fe — fea 4- while true do
r 1 1 A ._
\—I—OO, fe > fe- ok ALyl = 2L11 T 4L2+1 + Lkil’ Ak—l—l " Ak T Oy 1

. _ k1 o aput+ ARt
a solution of & Y =71

The pair (f*,t*) is an equilibrium if and only if it is

the saddle-point problem 7. ufTl = argmin ¢y (%)
[ tedom h
S(f(x),t)=(t, f) — ({t —t, f> — fmén max, S Oék+luj+1‘|‘14ktk
N— T t>t ' N k+1 N -
h(t) reX o if (I)(tk—l—l) < @(ka) 1 <V®(yk+1), 1 _ yk+1> 1

2. Refined: Network equilibrium model (NE) Lint

2
el || Rt y"ﬁ“H2 +54:¢ then
According to [1], the combined distributionmodal splitassignment '
_ 11: else
problem can be formulated as follows:
Py(f.d) = U(f)+ H(d ' pyy 2 Tk = 2k
35(f,d) =V(f)+ H(d) — f:@gz}crel)((df (P3) 13- end if
dell’(l,w) 14:  end while
where 15 k=k+1
1 drem 16: until Stopping criterion is fulfilled
H(d) = —d;i Ind;; + —dmm Y )+ By |
( ) i,j%;a r 7 ,];m ( (d;ﬁ) 6 )

Main Contributions

The saddle-point problem:

Ss(d,t) = ) dis T (t Z —dm Indj} —h(t) = min max, § ¢ We propose a way to solve the dual problem of the nested
i iira del(lw) ¢t combined model of 1| with a universal accelerated gradient
E(d,T(t)) method USTM [2],

(S3H o We extend the nested combined model to the case of
where T5(t) = =2 1In (X, exp (=T (t) = Bam) ), T (t) is the
minimal cost of the path from 7 € O to 57 € D with the links cost
te + ..

The dual problem is
—h(t) — max, (D3

D-(t) = min E(d.T(t
3(t) Jmin (d,T'(t)) 1

—a()
3. Evans Algorithm

capacitated networks: namely, we propose NE with the stable
dynamics |3] traffic assignment model;

¢ We provide theoretical upper bounds on the complexity
of searching network equilibrium by the USTM algorithm.

publication ref. :
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5. Numerical Experiments

1. For each edge e € E calculate the costs 7, that correspond to the Ve HoN/icapacty g
dg]m eXp(_Oéam m —|_ /Bafm> ﬂOWS fek . :\i"l { : \_a‘" gt 1.4
d?j — ZmEM(a) exp(— aame + Bam) 2. For each origin vertex ¢ € O find the minimum 7;; of travelling to bl ;_W e = - \ B
each destination 7 € D and choose a minimum cost route from ¢ AR X ved
Traffic assignment to j FRERLNG LT y
| SR ST
Beckmann model 3. Find a new set of trip distributions g;;, given the new 7;; costs. TN QL. ?"?_x S ; Er
x* is an equilibrium state if and only if 2 is a minimum of thej. Assign the new demands ¢;; to the minimum cost routes chosen DY ;l} AN RS R .
potential function: in Step 2 to obtain a new flow vector y € RIZ! Y o4 \ S
fe k k / ff : :, f ' 0.4
-y / r(2)dz =  min 5. Fmdkthekhnear combination (1 — A)(f", d") + A(y,q), 0 < A <1, AR, .
- f=Or: reX’ of (f¥,d") and (y, ¢) that minimizes the objective function P; and | : ,

e road network: 63073 nodes 94546 arcs (roads, permitted turns at
the intersections)

e 1420 transportation zones

e trip purposes: home-work, home-other

® Users types: car-owners, non-car-owners

e travel modes: by foot, car, and public transport

—— Evans algorithm
1011 + —— USTM
—— Four-step procedure

0 50 100 150 200 250
Computational time, minutes

Figure: Duality gap convergence

Evans algorithm

3500 A —— Four-stage procedure

3000 A

2500 A

2000
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1000 -

500 h T T T T T T
1000 2000 3000 4000 5000 6000

Figure: 2-Dimensional projections of dj; trajectories for the Evans algorithm and
the Four-stage procedure, obtained by multidimensional scaling. The trajectory of
the Evans method is sparsified to 50 points. The last point is marked with a large
Cross
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Figure: Histograms of the network load: a) histogram of the ratio of the amount
of flow on the link to its capacity, b) histogram of the ratio of the travel time on
the link to the travel time on the same link when it is free
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Problem Statement

Develop a system capable of matching the points in a 3D scene with their respective visual-semantic
meaning. Given a text prompt the system is capable of segmenting objects in 3D space and extracting
their coordinates in the real world.

Motivation

To bring an object at user’s request, a mobile robot has to find a queried item and
determine its coordinates in a 3D space. The robot has to understand the geometry of
an object to interact with it effectively.

Research structure: Training process
Preprocessing: SAM model generates high-quality masks selected by an . MSE
] ] . . 3] 4 MLP — FD =D r\u
NMS-like algorithm. The VOS model (XMem) makes them consistent: receives r'

the video, XMem is sequentially restarted for each frame. The mask detected

object mask as input and tracks it on the video. To capture all occurrences on H
5| mp

()
> > \ \ )
&

earlier is taken. £ Fe Feain
o . ey . CrossEntropyLoss
Image-langqage embeddings databasg. qu every class label |t_s gon5|stent R % iy %
masks are multiplied by the corresponding image frames to eliminate the
background. Then they are encoded using the CLIP model, which are averaged ]
over the dataset to capture an object from multi-views. @ — SAM | —> | XMem
Training: Hash-NeRF predict labels of semantic class and RGB color for  fx"x? number objects X Hx W number objects x Hx W
every pixel taking as input 3d coordinates and view direction.
LR LR R CER CE KRR ALY P CO R O e L EE R L e A LR R R bR e R A e R O LK R Lt e LA CE L LK LR L P CO AL O e L R R L L LY b' t ' |
Model . Use GPU for Time inference Memory Inference ° Jel;bselcsaSS
R T .o.ccocc: o 5 5 HXW
g e e . , -
NeRF4SAM2D  Yes - s — (:y.2) | S : - =
LERF Yes - - o T
CLIP-Fields No O(number of points x CLIP dim) O(number of points x CLIP dim) ) ) [
OpenScene No O(number of points x CLIP dim) O(number of points x CLIP dim) TEXT ‘textilrﬂ;derH Database —> relel\;ir;tlsclass
Hash-NeRF (ours) No O(number of classes X CLIP dim) O(number of points + CLIP dim)*
Tab 1. loU metrics of segmentation masks Tab 2. Accuracy of object localization by text prompts on Resu ItS:
generated with text prompts on test set of LERF test set of LERF dataset scenes. The object is localized
dataset. successfully if its loU metrics > 0,5 .

- outperforms baselines on both segmentation quality
and consistency on all scenes in average.

text prompt NeRF+SAM2D LERF Hash-NeRF  text prompt NeRF+SAM2D LERF Hash-NeRF d d b th | d . f I t
nerf gun 0,524 0,626 0,862 nerf gun 0,541 0,514 0,919 a resses bo general and specitic language concepts
typewriter 0,439 0,640 0,807 typewriter 0,486 0,730 0,865 with si gniﬁca nt g ua|ity improvements.
white cabinet 0,800 0,265 0,389 white cabinet 0,838 0,189 0,324 . . .
yellow bulldozer 0,423 0819 0,878  yellow bulldozer 0.459 0892 0,973 - could overcome ambiguous queries with user
scene: dozer_nerfgun_waldo 0,546 0,588 0,734 scene: dozer_nerfgun_waldo 0,581 0,588 0,770 guidance
apple 0,930 0,595 0,879 apple 0,944 0,611 0,944
bear 0,778 0,480 0.911 bear 0,833 0,500 0,944
mug 0,871 0,531 0,700 mug 0,944 0,889 0,944
plate 0,985 0,688 0,934 plate 0.999 0.999 0.999
scene: teatime 0,891 0,573 0.856 scene: teatime 0,930 0,750 0,958
knives 0,599 0,238 0,698 knives 0,526 0,158 0,789
refrigerator 0,683 0,170 0,746 refrigerator 0,684 0,1 0,789
sink 0,910 0,103 0,779 sink 0,947 0,105 0,737
mIoU scene: waldo_kitchen 0,731 0,170 0,741 mAcc scene: waldo_kitchen 0,719 0.121 0,772
Fig. 1: Segmented point cloud produced by Hash-NeRF for “teatime”
scene LeRF dataset.
Conclusion

Hash-NeRF could localize semantic information into robot memory effectively and interact with a user by text queries. It characterizes

with: high-quality of segmentation masks, open-vocabulary, object, localization on occluded areas, superiority in time inference and
memory-saving.

1 Skolkovo Institute of Science and Technology, Skolkovo, Moscow Region, Russia
Group contacts: julia.kudr.alex@gmail.com




Interior-point methods for
mathematical ontimization
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INTRODUCTION

The area of IPM has been one of the liveliest in
mathematical programming in the last two
decades. These techniques were primarily in the
form of barrier methods, widely used during the
1960s for problems with nonlinear constraints,
their use for the fundamental problem of linear
programming was unthinkable because of the
total dominance of the simplex method. During
the 1970s, barrier methods were superseded,
nearly to the point of oblivion, by newly
emerging and seemingly more efficient
alternatives such as augmented Lagrangian and
sequential quadratic programming methods. By
the early 1980s, barrier methods were almost
universally regarded as a closed chapter in the
history of optimization

In 1984 Narendra Karmarkar announced a fast
polynomial-time interior method for linear
programming; in 1985, a formal connection was
established between his method and classical
barrier methods. Since then, interior methods
have continued to transform both the theory and
practice of constrained optimization.

Semi-definite
and

conic programming

e Semidefinite programming may be viewed as a

generalization of linear programming, where the
variables are n X n symmetric matricies,
denoted by X, rather than n-vectors. In SDP we
wish to minimize an affine function of
symmetric matrix X subject to linear constraints
and semidefinite constraints, the latter requiring
that “X must be positive semidefinite”. This
typically written as X > 0 that resembles
inequality constraints in continuous
optimization.

Many extra complications arise in SDP. For
example, the feasible region defined by
constraints is not polyhedral, so there is no
analogue of the simplex method.

Nesterov and Nemirovski showed that function
log det x is self-concordant for SDP, which
means that SDP can be solved in polynomial
time via sequence of barrier subproblems
parametrized by p

Conic programming is a subclass of convex
optimization that deals with optimization
problems where the feasible region is defined
by a convex cone. It generalizes linear
programming and encompasses several
important types of problems, including
quadratic programming and semidefinite
programming.

RTU MIREA student / B1 Group intern

Moscow, Russia

Early development and
key Inspirations

* Karmarkar’s method main features:

* Faster than any other for large scale programs

* Polynomial time convergence

» Ideas can be utilized in development of
polynomial time algorithms for other
optimization problems

Main ideas behind:
1. Iterative process starts from centre of feasible
region to steepest decent direction
2. Used transformations in order to place current
point near the center

e Include logarithmic barrier term in objective
function f:

* B, = f(x)— p XL Ing(x),

* Here pis a parameter, as converges to zero to the

minimum of B(x, u ) should converge to a
solution of COP.
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Variable (x)

Concluding remarks
and feature research

* Semidefinite and conic programming is an
extremely lively research area today, producing
new theory, algorithms, and implementations.

« [PM’'s is a powerful tool in optimization, allowing
for the efficient handling of a wide variety of real-
world problems with structured constraints and
objectives. Their adaptability and robustness make
them particularly appealing for tackling complex
real-world problems

* Numerous individual papers exist in the fields of
semidefinite programming and conic programming,
require thorough examination. Currently, there is
no unified framework for applying interior point
algorithms to various optimization problems with
constraints. As a result, our team intends to
integrate different types of interior point methods
to evaluate their effectiveness on low-dimensional
problems and extend these approaches primarily to
large-scale i1ssues.

Primal-Dual

* Iterative estimation of objective function
proposed by Todd and Burrel solving dual
for LP problem:
max{bTy : ATy +s=rc,s >0},

And also for standard LP from

e min{cT * X} such that Ax =0, eTx =

1,x =0,

e The main goal is to replace complementarity
condition with parametrized condition xs =

nue,u >=0

* Advantages:

* More efficient than barrier in cases of high
accuracy 1s needed

» often exhibit superliner asymptotic
convergence

» search directions can be interpreted as
Newton directions for modified KKT
conditions

* could start at infeasible point

* cost per iteration same as barrier method

» Short and long step methods

Central path a new class of [IPMs. These

methods don’t use Newtos direction, instead

they use steepest decent direction for a so-called

self-regular barrier function

objective
function

N .,
., ",
S, N \\..
s, 3
'\, o, B

central path
Y= 0

ra,
......
........

descent
step

step towards

% central path

optimal point
p=>0
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Setup

Optimization problem, possibly non-convex,
possibly stochastic:

Kmin {f(z) :=Eepfe(x)}

Feedback, Deterministic Order Oracle:

o(x,y) =sign|f(x) — f(y) +o(z,y)]

Motivation

Human Feedback (e.g. RLHF):

& Better!

oi
1@

°
-

/Q ' ﬂ@; & Worse!

Our motivation: Al chocolate, Al wine, etc.

i , /(Vallos chocolate)

(Smart coffee machme)/

Friendly method to our oracle

Algorithm Golden Ratio Method (GRM)

|: Input: Interval |a, bl

2: Initialization: Choose constants € > ()

dy<a+(1— /))Q

4: z < a+ p(b—a) 4 /B a y z b
5: while b — a > e do P=3% = 2 o- ® ® ®
6: if o(y,z) = —1 then

7: b <+ 2

8: 24—y

9: y<—a+(1—p)b—a) o o

10:  else Z A o Yy A

[1: a <1y -

20 oy b—z z-—y

13: z4a—+ plb—a)

14:  endif

15: end while

16: Return: ”j""

Trouble: GRM solve a one-dimensional optimization problem

Acceleration Exists! Optimization Problems When ASC
Oracle Can Only Compare Objective Function Values

Aleksandr Lobanov'*> Alexander Gasnikov'*>

Assumptions

L-coordinate-Lipschitz smoothness:
Vif(x + he;)

(Strong) convexity w.r.t. the norm |-/ [1—a]s

f(y) 2 @)+ (Vf(@)y —a) + 2 ly -l

—V.f(z)| < Lilh|; i€ d,r e R?

Define norms (Y. Nesterov, 2012):

— />0, Low? and | = /2 Fea
Non-AcceIerated Methods

Algorithm Random Coordinate Descent with Order Ora-
cle (OrderRCD)

Input: z(y € R%, random generator R, (L)

for k =0to N —1do /Pa(i):L?/Sa
1. choose active coordinate i, = R (L)

2. compute 1), = argmin, { f(zx +ne;, )} via (GRM)
3. Tyl < T+ i€,

end for

Return: xy

S, = Zf L

Non-convex setting:

1 ~— >|< 2 S(,}.’E)
= Z (IVf@lfi—a) < O (257 + Sae + Sa®A
=0

Convex setting:

S.R% 2S5, R? . (e + PA)
] 1-a] | 25aR g
L f(en)] = S )<O( N o )

Strongly convex setting:

N :
s (f(on)] - fa7) < (1= B2 ) Ry 2ot 2000

H1—a H1—a

Prior works

| Reference | |Nesterov|(2012) | |Gorbunov et al.|(2019) | |Saha et al.|(2021) | |Tang et al.|[(2023) | This paper |
Non-convex X O ("J“’;f_!_,""") X O ( dLF) O (""”)
Convex O (H"”;l ) O (JH” H" L og 1) O ‘“‘l____‘r"'z) X O (“;"”.-J1 =
Strongly convex | O (— log l) O (% log l) O dﬁ log 1) X O (*’— log l) O v;”_ log 1)
| Order Oracle? | X | v | v | v | v v |
| Acceleration? | X | X | X | X | X v |

" Andrei Krasnov'

MP

<20=2L

ASCOMP 2024, Innopolis

Accelerated Method

Algorithm Accelerated Coordinate Descent Method with
Order Oracle (OrderACDM)

Input: 29 = 29 € R, Ro(L), Ag = 0,By = 1.5 = §
fork =0to N —1do

. choose active coordinate 7. = Rz(L)
2. find parameter ay 1 from aﬁHSg = A1 Braa. (i) — L?/z
where Ay 1 = Ar + ar+1 and Ps
Biy1 = Bk + pl1—a@k+1

Ak 41

L <€

3. < H1—alk41
i ~ 5

(1 (’1_11) ;L—I—ﬁ;,(l Z}L
“U"I‘ ‘<_ 1— — X ﬂk

compute 7 = algmmn{f yr + nei, )} via (GRM)
Tk+1 < Yk + 1k€i,

X N W

1 lL
wr < (1 — Br)zr + Bryr + B, {” () k€

'k
(2)
9. compute (; = argmin,{ f(wy + (e;, )} via (GRM)
10. 2p41 < wi + (e,
end for
Return: xy

Convergence in strongly convex setting:

L f(en)] = fl27) < (1 \/Ml—_a)NFo

Sa /2
Experiments

103 102! —e GD
5 OrderACDM with two (GRM)
, 107 . 1oh —e— OrderACDM with one (GRM)
\T 101, T 100 —=— ACDM
S 100 310_1 /\\N
s 1071 3 102
0 0 L ~_3]
9102 510
10-3 107*
10_47 10—5_
0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000
Iterations lterations

Low-dimensional case

Golden ration method +
Nesterov's 2D generalization

§ Total number of Order Oracle calls:
—

< ot (4)

Stochastic Order Oracle

(A

o(z,y,§) = sign | f(x,§) — f(y, )] »*New feedback
Algorithm: Thi1l = T — MeO(Tk + V€K, Tk — Y€k, Ek )€
Asym ptOtiC convergence: N (v, —2*) ~ N(0,V), where the matrix V is:

2 —1
V_” (277 1 —1/d) —av2 )

2n(1 = 1/d) =aV? f( >I/ \a Sz~ dP(2)
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Introduction

Large Language Models (LLMs) have demonstrated
remarkable capabilities across various tasks, includ-
Ing recommendation systems. However, compar-
ing the performance of LLM-based models with tra-
ditional benchmarks has been challenging due to
the absence of a unified evaluation framework. To
address this, we developed LLM4Rec, a compre-
hensive framework that integrates LLMs into multi-
ple stages of the recommendation process. This
framework facilitates fair performance comparisons
between LLM-based recommendation systems and
traditional models.

Literature Review

Recent research on applying LLMs to

recommendation systems identifies several key

applications [2]:

 LLMs generate detailed user profiles by
summarizing experiences and adding
personalized traits to item descriptions.

* They serve as feature encoders, transforming
open-world and semantic knowledge into dense
vectors to enhance user and item representations.

 LLMSs are utilized for scoring and ranking tasks,
leveraging their text understanding and reasoning
capabillities.

* Their conversational abilities can be used to make
recommendations interactive and personalized,
enhancing transparency in user interactions.

 LLMs can function as autonomous agents,
controlling the recommendation system pipeline,
adapting strategies based on feedback, and
simulating specific roles to further personalize the
user experience.

Large Language Models
(LLM)

Feature Engineering ] A

[ Tune LLM j
~ . .
Feature Encoder ] [ Training Phase j

[ [ Not Tune LLM ]
. . . WHERE ‘
[Scormg/Rankmg Functlon] > € to Adapt ><

to Adapt

[Infer with CRM]

User Interaction j L [ Inference Phase J [
[ Infer w/o CRM ]
j )

Pipeline Controller
Recommender Systems

(RS)

How to use LLM in RecSys

Methodology

LLM4Rec is designed to help researchers develop
and evaluate recommendation models that leverage
_LMs. Based on our review of current literature on
_LM applications in recommendation systems, we
nave identified and implemented key use cases of
_LM within the recommendation pipeline. To facilitate
a standardized environment for performance evalua-
tion and comparison with traditional models, we have
integrated LLM4Rec with the RecBole [3] framework,
which supports a wide range of datasets and models.

References

Framework structure

The framework is structured into two key components.
The first is dedicated to constructing the experimental
setup with methods adopted from RecBole. The sec-
ond component focuses on the integration of LLMs
into the recommendation system pipeline. There are
two applications supported: running LLM-based rec-
ommendation tasks in a sequential pipeline and im-
plementing LLM agents within the recommendation
system.

LLM4Rec

f—-[ B rRecBole CONFig J—\

[%Recum- Dataset )\ [%Rec[}uiv Dataloader ]

Tasks Agent

| —l Tools

~ @ openal

)
) (
| Augmentation ]—\
]
)
]_J

r )
Information Retrieval Pipeline
- . v,

8

LLM Memory

] 9roq W&

Ranking
1 |I®™=
E;‘\'TT RecBole

Explanation ]—" Wrappers

Planning

] Reflection

[ %j‘ RecBole Evaluation J

Framework structure

Sequential pipeline of recommendation tasks

The proposed framework incorporates a sequential
use of Large Language Models across various stages
of the recommendation system, forming an integrated
pipeline. The components implemented within this
pipeline include:

 Information retrieval: uses a FAISS retrieval
model to efficiently find relevant items.

* Ranking: employs an LLM-based ranking system
(LLMRank [1]) to reorder the retrieved items.

 Augmentation: Dbuilds user and item memories,
populated from historical interactions and external
data sources, to enhance the recommendation con-
text.

- Explanation: uses LLMs to generate explanations
for each recommendation provided to the user.

( _ N Close-Source
File .npz Madel
r Embedding
- ~ L Model
File .item ] Open-Source
~ -~ Documents Embeddings J Model
- N

Iltem Memary
. A l

[ User Memory H User Profile ]—)[ Query J

Embed Query
and Search

Top-K ,
Process Recommen dations
Documen s

Example of sequential pipeline of tasks

[1] Y. Hou, J. Zhang, Z. Lin, H. Lu, R. Xie, J. McAuley, and W. X. Zhao. Large language models are zero-shot rankers for recommender systems, 2024.
[2] J. Lin, X. Dai, Y. Xi, W. Liu, B. Chen, H. Zhang, Y. Liu, C. Wu, X. Li, C. Zhu, H. Guo, Y. Yu, R. Tang, and W. Zhang. How can recommender systems benefit

from large language models: A survey, 2024.

[B] W. X. Zhao, S. Mu, Y. Hou, Z. Lin, Y. Chen, X. Pan, K. Li, Y. Lu, H. Wang, C. Tian, Y. Min, Z. Feng, X. Fan, X. Chen, P. Wang, W. Ji, Y. Li, X. Wang, and J.-R.
Wen. Recbole: Towards a unified, comprehensive and efficient framework for recommendation algorithms, 2021.

[ https://github.com/ainura-z/lim-for-rec }

Agents

The framework is designed to support LLM based
agents, that can be integrated into conversational
systems and manage the recommendation system
pipeline. It includes key related components such
as various tools, memory, and mechanisms for re-
flection and planning to facilitate the use of these
agents.

Actor-developer

Example of agent pipeline

Experiments

We evaluated our framework through a series of
experiments using the MovielLens-100K dataset.
Our analysis included comparisons between both
open-source and closed-source models, as well as
with traditional recommendation system models.
For Information Retrieval component we compared
various configurations of item features, including
overviews extracted from Wikipedia.

Table 1: Comparison of Information Retrieval

Model Item Features Recall@20 | Recall@50 | Recall@100

all-MiniLM-L6-v2 title genres year 0.0456 0.0912 0.1495

all-MiniLM-L6-v2 title genres year +| 0.0180 0.0467 0.0880
augmentation

text-embedding-ada- |title genres year 0.0467 0.0986 0.1569

002

text-embedding-ada- |title genres year +| 0.0350 0.0679 0.1050

002 augmentation

ALS - 0.0615 0.0891 0.1135

Table 2: Comparison of sequental pipeline
Retrieval Model | Ranker model | Recall@10 Recall@20 NDCG@10 | NDCG@20

text-embedding- | LLAMAS3-70B 0.0286 0.0414 0.0157 0.0189
ada-002
text-embedding- | gpt-3.5-turbo 0.0286 0.0456 0.0162 0.0204
ada-002
all-MiniLM-L6-v2 | gpt-3.5-turbo 0.0329 0.0456 0.0183 0.0216

Table 3: Performance of traditional recommender system model

Model Recall@5 Recall@10 | Recall@20 | NDCG@5 | NDCG@10 | NDCG@20

SASRec 0.0647 0.1166 0.2195 0.0382 0.0548 0.0808

In our experiments, the best results for information
retrieval were achieved using embeddings that
excluded movie overviews from Wikipedia.These
overviews, although comprehensive, may include
irrelevant details that negatively impact similarity
searches. While closed-source OpenAl models
outperformed open-source alternatives, they were
less effective than traditional models like ALS
embeddings for information retrieval and the
SASRec recommendation model.

Conclusion

We have developed LLM4Rec, a comprehensive
framework for integrating and reproducibly
evaluating LLM-based components within
recommendation systems. While LLM-based
recommendation systems currently underperform
traditional algorithms in some scenarios, they show
promise in addressing challenges such as the
cold-start problem and improving conversational
recommender systems.
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Comparison of Traditional and Al-based Models for IMD2 Cancellation

A. A. Degtyarev, N.V. ,Bakholdin, A. Y. Maslovskiy, S. A. Bakhurin

Motivation

The use of direct conversion receivers (DCRs) in modern
smartphones has become widespread due to their simplicity and
ability to support multiple frequency bands. Self-interference
cancellation is essential for these devices, and traditional
approaches involve adapting behavioral models[1]. However,
digital interference cancellation through neural network training has
emerged as a promising alternative. Neural network-based models
are capable of learning temporal information and accounting for the
memory effects of nonlinearity[2]. This work focuses on
researching second intermodulation distortion (IMD2) generated by
the nonlinear distortion of a single RF mixer using complex data for
transmission (Tx) and real-valued samples for reception (Rx).

Traditional and NN methods

Behavioral modelling is introduced by the generalized memory
polynomial (GMP) model[3]. Polynomial model is known as a
structure, which describes the PA physical properties for different
PA kinds and modes. For the task of IMD2 cancellation special case
of GMP is decided to be exploited. Moreover, currently we use
orthogonal Chebyshev polynomials basis, which could be expressed
mathematically as:
K- 1pP-1
n = Z Z"}L;:.Iu[lmn rfkl).-
k=0 p=)
T(|en_a.|) = cos(n - arceos(|#,_4.|)),

where f., € & -parameters of Chebyshev polynomial model, x -
samples of baseband (BB) signal d- signal samples delays,T),(-)-
order Chebyshev polynomial of the first kind.

Neural network architecture for IMD2 cancellation is shown lower.
Since non-linearity is inertial, NN structure is implied to take into
account memory effects. In current work we realized really small
non-linear model based on behavioral modelling approach. As an
example architecture to follow we have chosen Wiener-
Hammerstein model.

yn = Wamor ((Wry---a(Wigo( Wof,))),

Fo=(Zn-al |zn-al [Tn—dpe o) -

Explanation of IMD2 generation

Tx band  Rx band

yeeln]

Duplex

xpp[n] c

Fig. 1. Simplified scheme of ~/

FDD transceiver frx Jox

Experimental Setup '

The setup is shown in fig. 1. It has a computer where data are loaded. Then
they go to the SMW200A generator. The signal is amplified by a PA ZRL-
3500+. It has 26 dB gain and 24 dBm power at 1 dB. The PA has an OIP3 of
42 dBm. After the PA, there is a bandpass filter. It is like a duplexer. It has
30 dB stopband attenuation. The output of the BPF goes to an LNA ZRL-
3500+. Its NF is 2 dB. There is also a ZX05-63LH-S+ mixer. It has 37 dB
LO-to-RF isolation and 30 dB LO-to-IF isolation. It uses a complex valued
OFDM signal. The bandwidth is 5 MHz. The transmit frequency is 814 MHz
and the receive frequency is 859 MHz. The duplex spacing is 45 MHz.. The
signal from the transmitter goes through the PA and leaks into the receiver. It
has a frequency of 45 MHz. The receiver has a LO signal with power 10
dBm. The transmitter power is 8 dBm and the duplexer has an attenuation of

30 dB at 814 MHz. This makes the power on the mixer input 4 dBm.

ZX05-63LH S+

RF L « |IF DS09254A
input output
> } £ e L fierfanc]

Tu) input

cos(27 fr.0p,t)

SMW200A

DUPLEXER

>

Figure 2: The scheme of testbench

Results

In the current article we researched NN and polynomial based models
for IMD2 cancellation induced by Tx leakage signal in presence of
limited stopband attenuation of duplexer.% Based on the achieved
experiments there were shown that NN with SGD-like method can
achieve better performance than polynomial with less resources: up to
NMSE -23.6 dB with 17 coefficients. L-BFGS method showed us
closest to the best performance which we can achieve for both
traditional and NN based cancellation strategies.% The convergence
speed of L-BFGS method is higher than for Adam method for both
cancellation strategies, it can provide good performance starting from
1000 iterations whereas for Adam we need 5 times more counts to
converge.% We found that after delay's search we can achieve
performance better, but NN allowed us to find the best performance
without any fine tuning.Current paper presents that both neural network
and Chebyshev polynomial based models can achieve good
performance but NN model can suppress IMD2 signal without any
parameter tuning, whereas for polynomial model requires searching the
set of optimal delays.The findings show that the L-BFGS approach
delivers performance for both architectures near to the LS solution for
polynomial NMSE=-23.59 dB. Furthermore, the L-BFGS simulation
method for both structures requires fewer than 2000 epochs. Current
findings demonstrate its use in the evaluation of models' performance
in the interference cancellation domain.Due to neural networks'
capacity for generalization, the first-order technique for NN-based
models also demonstrates a greater convergence rate when compared to
polynomial-based cancellers. For example, in 20000 epochs, the NN
architecture achieves 0.44 dB performance gain over the polynomial.
However, polynomial can reach full convergence performance by fine-
tuning the first-order optimizer parameters. This demonstrates one of

the amazing benefits of NN architectures.[1]
Algorithm
0 i 1000 5000 20000
LS 2359 2359 2359
Polynomial Adam 2196 2276 2291
LBFGS 23.41 23.41 23.41

LS NA NA NA

NN Adam 2100 2203 2335

LBFGS 2320 23.63 23.63
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Problem Definition and Contribution

Goal: Find an optimal sample such that it includes a minimum amount of information needed to solve an EEG signal classification problem robustly.
Key Contributions: A new approach to the classification of EEG signals.

* First, we reconstruct the probability density function of each class, taking the Riemannian Gaussian distribution of data into account [1].

* Second, we define a specific confidence interval for each class so that we can use it 1n our rejection strategy.

* Third, we solve the classification problem by evaluating the statistical significance of data concerning the classes’ distributions.

Formulation

Assumption: There 1s an optimal sample size that 1s enough to make a robust decision during the classification of signals.

1. Let® = {(X;,y;),} be the given dataset, where a segment of EEG signals

Xi = X153 Xjr - Xnel » Xi €R"* ™ and j € J ={1,...,n¢c}.
2. Let P; € S, be a Symmetric Positive Definite (SPD) matrix, where

1

P, = X; X
nr — 1
3. Lety; € Y ={1,..., K} be aclass label.
4. Let p(y|P,w) be a parametric family, where w € R".
5. The likelihood function is then as follows: . .
L®,w)=]]pwilPiw), 1D w)=) logp(y|Piw)
i=1 i=1
Find:
w = argmax L (D, w)
wEeR™
Criterion:
ROC AUC
Method
Sufficient Sample Size Estimation. Bootstrap:
Given some sample size m calculate the quantile confident intervals
(a1",07") s (ag", b5") ., (ay’, b))

with the significance level of a using bootstrap for every parameter of the model.
Sufficient sample size m™*: Vm > m* max; (0" — a!™) < [, where (a!*, bJ") is a quantile bootstrap confident interval calculated on the i-th bootstrap subset of the m

size [2].

Experiments & Results

Quantitative Results. ROC AUC vs Sample Size: Quantitative Results. ROC AUC Score Given 2500 Examples
ROC AUC vs. Sample Size in the Sample:

Classification Results
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Distributed problem

e Variational Inequality (VI)
Find z* € Z :VzeZ = (F(z"),z—2")+g(z)—g(z") =0, (1)

where F' is a monotone operator and g is a proper convex lower
semicontinuous function, which plays the role of regularizer.

e Training data describing F' is distributed across n devices:
F(z) = 237, F,(z), where each F; corresponds to an individual
data point.

Example (Convex optimization)

min | f(z) +g(2)]. (2)

2ERA

In this example, f is a smooth data representative term, and g is
probably a non-smooth regularizer. In this setting, we define

F(z) =V f(z). Then z* € dom g is the solution of (1) if and only
if 2* € dom g is the solution of (2). In this way, the problem (2)
can be considered as a variational inequality.

Example (Convex-concave saddles)

We consider the following convex-concave saddle point problem:
— 92(y)] - (3)

There, f has the same interpretation as in Example 1, and g;, ¢o

min max | f(x,y) + g1(x)

r€R%ycRY

can also be perceived as regularizers. In this setting, we define
z* € dom ¢g; X dom gy is the solution of (1) if and only if
z* € dom ¢g; X dom gy is the solution of (3). In this way, the

problem (3) can be considered as a variational inequality.

Variance Reduction methods

We explore stochastic algorithms which are particularly suitable for
practical extensive applications. The stochastic version of the EX-
TRAGRADIENT method select random independent indexes 4, j; at
iteration ¢t and performs the following updates:

M= o~y Fy (),

A= 2ty F ().
The variance reduction (VR) technique was developed for a
classical finite-sum minimization task. Considering convex optimiza-

tion problem (see Example 1), we can formally write the stochastic
reduced gradient at the point 277 as

Vi (277) = V£,(277) — Vi (W) + V().

Setup

Assumption 1: Each operator Fj; is L-Lipschitz, i.e., it satisfies
|Fi(21) — Fi(z2)|| < Lij21 — 2

for any z1, 29 € Z.

Assumption 2: Each operator F; is p-strongly monotone, i.e., it
satisfies

> pillz1 — 2

(Fi(21) — Fi(22), 21 — 22)

for any z1, 29 € Z.
Assumption 3: Each stochastic operator F; and full operator F'
is bounded at the point of the solution z* € dom g, i.e.,

E|F(z")|* < o, [ F(7)]]° < o3

*

I Moscow Institute of Physics and Technology 2 Institute for System Programming RAS 3 Innopolis University

Proximal Algorithm

We often encounter the need to minimize the tunction decomposed
into two parts: a smooth differentiable function f : R" — R and
. R" — R which is proximal
friendly. To solve it, we can utilize the proximal gradient method:

a possibly non-smooth function g
1 2
prox,(z) = arg min § g(y) + 5y — 2[I -

The update step for solving the problem can be written as

2 = prox,,, (zt — othf(zt)) .

Table: Comparison of the convergence results for the methods for solving VI.

Strongly
Algorithm Sampling | VR? | Monotone Monotone
Complexity
Complexity
Extragradient (Korpelevich, 1976; Mokhtari, 2020) D X O (%) O (%)
Mirror-prox (Nemirovski, 2004) D X \ O (%)
FBF (Tseng, 2000) D X \ O (%)
FoRB (Malitsky, 2020) D X \ O (Z_L)
Mirror-prox (Juditsky, 2011) I X \ O (% 4 s%)
Extragradient (Beznosikov, 2020) | X O (% + ﬁ) O (% 4+ giz)
REG (Mishchenko, 2020) I X ) (5 n %) oL+ 1)
Extragradient (Carmon, 2019) | \ O (n 4 \/?_)
Mirror-prox (Carmon, 2019) | \ O (n i \/_?_)
FBF (Palaniappan, 2016) I O (n X \/_%f) ) (n N @E)(D
Extragradient (Chavdarova, 2019) I O (n N 2> & (n N §_2> (1)
FoRB (Alacaoglu, 2021) I \ O (n + oL
Extragradient (Alacaoglu, 2022) [ ) (n + \/%Z) O (n + \/_Z_)
Mirror-prox (Alacaoglu, 2022) | \ O (n 4 \/_g_)
Extragradient (this paper) RR/SO | x |O <n n % n Mn_;g > S (nt Ly Z—i) (1)
Extragradient (this paper) RR / SO %) (n 5_; ) 5 (n ﬁ—i) (1)

Columns: Sampling = D if considered deterministic method, I if method uses independent choice of operator’s
indexes, RR / SO if method uses shuffling heuristic, Assumption = assumption on operator F'; VR? = whether
the method uses variance reduction technique.

Notation: j = constant of strong monotonicity, L = Lipschitz constant of F, L = Lipschitz in mean constant,
Le. Yn > " |IFi(z1) — Fi(22)|| < L||z1 — 22| V21, 22 € Z, n = size of the dataset, e = accuracy of the solution.
(1): This result is obtained with regularization trick: p ~ ¢/D2.

e Novel approach to proof. We present a technique that

allows us to 'return' to the starting point of an epoch in which
there is a property of unbiasedness.

e Convergence estimates. We provide the first theoretical
convergence rates for shuffling methods applied to the finite-sum
variational inequality problem considering both EXTRAGRADI-
ENT (our linear term coincides with that for the method without
shuffling) and EXTRAGRADIENT with VR (the first to obtain a
linear convergence estimate for methods with shuffling in VIs).

e Experiments. Our experiments emphasize the superiority
of shuffling over the random index selection heuristic. We also

consider two classical practical applications: adversarial training

and image denoising.

Algorithms and convergence analysis

The unbiasedness of stochastic operators complicates the analy-
sis. However, the equality holds at two points: 27, the first point
of the epoch, and z*. Thus, we can leverage the unblased opera-
tors by "going back" to the start of the epoch. This approach is
also usetul for methods involving Markov chains, where the unbiased
property only holds at the chain’s correlation point.

Extragradient

Algorithm 1. RR EXTRAGRADI- Algorithm 2. SO EXTRA-

ENT GRADIENT

1: Input: Starting point z) € R? 1: Input: Starting point 2 € R
2: Parameter: Stepsize v 2: Parameter: Stepsize vy
3: 3:

4: for s=0,1,2,...,5 —1do
b: 4: for s=0,1,2,...,5 —1do
5 fort=0,1,2,...,n—1do

_ _ t+s
6 for tH_lO, 1,2,...,n—1do 6: 2% = prox., (Zg _ fyF@(Zz))
7: Zs © = Prox,, (zf; — ’}/Fﬂt( )) 7: ZEH —

t t+

8: 2 = prox., (zﬁ — yFri(z +2)> prox.., (z — v Fri (2 2))
9: end for 8: end for
10: 2" =20 9 =2
11: end for 10: end for

12: Output: z§ 11: Output: 2§

Theorem 1

Suppose Assumptions 1, 2, 3 hold. Then for Algorithms 1, 2 with
v < min {Zi ,6L} after S epochs,

TH\ s * 256777“20-4%
(1= 5"z — 2*[1* + -

2 p

|25 —2"|I° <

Remark 1

To transtorm the obtained estimation for the case of monotone

stochastic operators, we use a regularization trick with p ~ 4.

Thus, we obtain O (n -+ % -+ Z—;) iteration and oracle complexity:.
This is convergence in argument, it differs from the classical form.

&K

Our result is a great achievement in the shuffling theory, since despite
the deterioration on n in the sublinear term, the estimation on the
linear term coincides with that in the classical setting with
independent choice of stochastic operators.

Extragradient with Variance Reduction

Previously, authors used a more classical version and compute F(w’)
at the beginning of each epoch. We consider another option and
compute this full operator randomly with probability p. We put
p = - not to increase the oracle complexity and obtain that on
average we also update the full operator once per epoch.

Theorem 2
Suppose that Assumptions 1, 2 hold. Then for Algorithm 3 with
~ g U 6L2> ,p=+and V! = EHZ — 2*[]? + E||w’ — 2*||* after T

1terations,
T
VP < ( _ %) Vo,

Remark 2

Similarly to Remark 1, we can use our result in the monotone
2
case by the regularization trick and obtain (9( g )

We remove the variance that arose in Theorem 1 and obtain lin-
ear convergence. However, according to current theory, methods
with the shuffling heuristic are inferior to those with independent
sampling for variance reduction methods.

Experiments (Adversarial Training)

We address an adversarial training problem. Let us formulate it in
the following way:

. A
min max QNZ (z; + 1) — )2+§H’LUH2_§HTH2 ) (4)

weR? ||r;||<D

where the samples corresponds to features x; and targets vy,. The
results are presented in Figure 1.

ON COMPUTATIONAL OPTIMIZATION

Algorithm 3. RR/SO EXTRAGRADIENT with variance reduction

1: Input: Parameters: 2z, w|

2: Parameter: Stepsize v, a € (0,1)
3: // SO heuristic
for s=0,1,... do

// RR heuristic

fort=0,1,...
Zh=azl + (1 — oz)w
27 = prox,, (3L — 7 F (1))

) = ng<zﬁ“/2> Fo(wl) + F(u)
10: 2t = prox., ( — ( t+1/2))

.n—1do
t

e o N R

t

z., with probability p

11: Wit = ¢ 7%
’ w!  with probability 1—p
12: end for
13: 20, = 2"
14: wd =W’
15: end for

16: Output: 2§

mushrooms a%a w8a

2] A ICEG a A ICEG
o SOEG

1 -2
0 1073

—fix*
—fix”
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f(x)
f(x)

1074

1074

0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
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Figure: EXTRAGRADIENT with and without VR compared using various shuffling
heuristics on mushrooms, a9a and w8a datasets on the problem (4).

Experiments (Image Denoising)

We consider the classic saddle point problem as in Example 2

ng)r(l I;leajic (Kz,y) + Gi(z) — Ga(y)],

where (G; and Gy are proper convex lower semicontinuous regular-
izers, and K is a continuous linear operator. Let g be a given noisy
image and u — a solution we seek. Thus, for the image denoising,

. b\ N 22 —
min max {(VU,PbﬂL /2||lu — g2 5P(p)}

is the considered problem with p being a dual variable and dp(p) —
the indicator function of the set P ={p € Y : ||[p(x)|| < 1}. Using
duality, we can write the final formulation of considering problem as

min max | —(u, div )+ 2l =gl = op(p)| . ()

40 60
Epochs

batch size=4

—e— RR VR
o— SO VR
—— IC VR

Shuffling result Original Image

Figure: EXTRAGRADIENT with VR on image with o = 0.05 on the problem (5).
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Consensus Problem

Consider a network of agents represented by an undirected finite graph
G = (V,E), where V= {1,...,n} represents the set of vertices (agents)
and FE represents the set of edges (communication links). Each agent ¢ holds

. - -
an initial vector .’L‘éz) c R4 We denote by xy = ((xél)) o (x(()n)> )

The goal is to design efficient algorithms that allow each agent to quickly
()

compute the average value ¢y = %2?21 T, , with the constraint that at each
iteration of the algorithm, agents can only exchange their vectors with their
neighbors.

To achieve consensus on the graph &, we solve the following problem starting
with the initial vector zy:

. 1 7
min f(z) =5z La, (1)

where L = L ® 1;, the symbol ® denotes the Kronecker product, and L is a
gossip matrix, which is defined as follows

Definition 1. A gossip matrix L € R™™" on the graph G = (V, F) is a
matriz satisfying following properties:

1.L 15 an n X n symmetric matriz,
2. L 1is positive semi-definite,
3.ker(L) = span(1), where 1 = (1,...,1)",

4. L is defined on the edges of the network: L;; # 0 only if © = 7 or
(2,7) € E.

Polynomial-Based Iterative Methods

We consider first-order methods or gradient-based methods to solve the
problem (1). These are methods in which the sequence of iterates x; is in the
span of previous gradients, i.e.,

Tey1 € 2o+ span{V f(zo), ..., V f(zy)}. (2)

Lemma 1. Let x; be generated by a first-order method of kind (2). Then
there exists a polynomial P; of degree t such that P;(0) = 1 and it verifies

1 — Ty = P(L)(xg — x4) (3)

The polynomial P, is called the residual polynomaial.

Average-case analysis

Definition 2. Let L be a random matriz with eigenvalues {1, ..., A\, }.
The empirical spectral distribution of L is the probability measure

) = =350, 0

where 0. 1s the Dirac delta. Since L s random, the empirical spectral
distribution g s a random measure. Its expectation over L,

p=1KEr 4] ()

1s called the expected spectral distribution

Theorem 1. Let x; be generated by a first-order method, associated to
the polynomial P;. Then we can decompose the expected error at iteration
L as

| — a.]|* = RQ/PthU- (6)

Spectrum of regular graph

N\ Y
N v

\

Figure 1: Regular graphs with n = 20, k = 3.
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o 1—(1- )

di(\) = d\ (7)

1.0

Theoretical Distribution
B Gossip Eigenvalues

0.8

0.6

Density
|
|
|

0.4

0.2

0.0

0.00 0.25 050 0.75 1.00 1.25 150 1.75 2.00
Eigenvalue

Figure 2: Spectrum of regular graph with n = 5000, k = 3.

Optimal method

Algorithm 1 Optimal average-case method for regular graphs

Input: starting guess x(, regular parameter k, og = kiﬂ

Initialize: x1 = xg — 0¢ - L
fort=1,2,... do
5 = (1 = 5t_1)

Tip1 =t + (0 — V(@ — 24—1) — ¢ - Ly
end for

—1

Theorem 2. If we apply Algorithm 1 to problem (1), where L 1is the
gossip matrix of random k-reqular graphs, then

-l —0 | () : 8)
) t " N }C — :1 ]_ | 2 (:]_ 1 :) .

1.2 Theoretical Distribution
Gossip Eigenvalues
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Figure 3: Comparison of convergence speeds of algorithms on regular graphs.



APPLICATION OF GRADIENT METHODS TO SOLVING ILL-POSED PROBLEMS OF MATHEMATICAL PHYSICS

Nikita V. Pletnev :gg“MP
Moscow Institute of Physics and Technology

lll-posed and inverse problems Retrospective Cauchy problem for Fredholm integral equation of the first kind

heat equation: parabolic type

 Various physical meaning and applications. Different type: differential or integral equations.

1
« A small change in the initial data leads to a significant change in the solution. (up — K2 (2, ) Agu = 0, (z,t) € Q=TI x (0,1) [ K(x,s)q(s)ds = f(x), x€]0,]1]
0
« Often ill-posed problems are inverse to well-posed and relatively easy-to-solve problems. § Ulzeprn =0 or g—%\xeﬁn =0, te]0,1]
uliey = f(x) = K(z,s), f(x) = (Ag™)(x) are known continuous functions.
« The main idea is to replace condition f by condition ¢ on another boundary. T ’
| | | k(xz,t), f(x) = (Aq¢™)(x) are known continuous functions. 1
« S0 we seek ¢ making the well-posed problem equivalent to ill-posed. (Ag)(z) = [ K(x,s)q(s)ds, = € [0,1];
(Aq)(z) = u(x, 1), where ¢(z) € C*(11), u(x,t) is solution of 0
. " . ( K(x,s) = K(s,z) & A* = A.
Operator of the problem. Reduction to optimization up — K2z, 1) Ay = 0, (2.4) € Q=TI x (0,1)
\ u|:c€(91_[ =0 or g_%b:e@l_[ =0, te [07 1}
\ult—0 = q(7), v el

 Let ¢ : [0, 1] — R be an element of functional Hilbert space H with usual scalar product.
k(z,t) = const & A" = A.

- We define the operator A : H — H, which associates the corresponding f to a known q.
Symmetric kernel: conjugate gradient method with minimization of distance to

» Each ill-posed Cauchy problem under consideration is reduced to the operator equation Ag = f. on the value 10
| | | | | K(z,s) =1+ > 2insm mnzsinmns; ¢*(x) = sin wx 4 sin 3wz,
c A" = f = ¢F = arg miﬁ J(q). If J(¢*) =0, ¢* is the solution. Otherwise, solution does not exist. n=1
qe
f(x) = (Ag*)(z), where ¢* () = sin 27z sin® 29 sin® 2723,

J(q) = 5||Aq— f||* is convex and smooth functional. Its gradient can be calculated by general formula: Kmaz, 0.4 < ;< 0.6, i=1,2,3

— _ Klx,t) =
VJ(q) = A*(Aq f?, A s a conjugate operator, similar (sometimes equal) to A, can be found by the (z,1) Fmar  otherwise
method of Lagrange’s multipliers. o 7 ) : .
Distance, heat 3D (value), k = 0.2..0.04 Function value, heat 3D (value), k = 0.2..0.04 | —101
- - - - - . c-:nnjugate grad?entinearest!l 75 - . c-:nnjugate grad?entinearesth " ’r 12 ‘.v/-'—f-f/-‘
Optl m Izatlo n meth Ods : CIaSS I c -1.0 1 + Ezgﬁz:é&r:;lﬁe;fn iaSESJ =5.0 4 E + Ezgﬁzfg&rag;laer:fn iases.] O.IO 0:2 0:4 0:6 0:8 l.‘O (I) 2l|)0 460 660 860 lObO

« fastest gradient « fastest gradient x n, iterations n, iterations

-154

19/ Ga)

After quickly reaching the optimum (distance to the exact solution is 6.789- 1014,
functional value is 2.126 - 10732) on 53-th iteration the quality deteriorates.

g, —a’l

—2.0 4 un

+ Gradient descent: g1 = an — anVJ(gn).  J(gn) = O(1/n). - e
Step: constant; a;, = HDX;%ZL'JHQ (fastest descent); a, = HVQﬁZ:; IE (nearest descent). B I R e o ol e w0 ko Reconstruction of ¢*(z) = x for symmetric kernels: conjugate gradient method

with minimization of functional

» Accelerated methods: ¢,1+1 = ¢n — anVJ(qn) + Bn(gn — gn—1). J(qn) = O(1/n?).
Conjugate Gradlent DeSCent (J(qn_|_]_> |S m|n|mlzed on every Step), Heavy Ba”, STM Distance, heat 3D (value), k = 0.4..0.08 Function value, heat 3D (value), k = 0.4..0.08

« Conjugate gradient (nearest)
. - cConjugate gradient (fastest)
=1.0 1 « nearest gradient
« fastest gradient

« Conjugate gradient (nearest)
- Conjugate gradient (fastest)
= nearest gradient

« fastest gradient

| | | |
(=] 3] L= P
1 1 1 1

-1.5 4

New method: Conjugate Gradient Descent with minimization

lgfign)

=110 1

Ialg.—a’l

204
_12 .

of distance to the exact solution

—2.5 1
—14

_]_E,_
0 2500 5000 7500 10000 12500 15000 17500 20000 0 2500 5000 7500 10000 12500 15000 17500 20000
n, iterations n, iterations

>|<H2

D1 = Gn = nV I o) + Bulan = an—1): (o, Bn) = arg min {lgni1 =g K(z, s) lg—¢l| J(q)
o Distance, heat 3D (value), k = 0.8..0.16 Function value, heat 3D (value), k = 0.8.0.16 10 1 . : —10
It can be rewritten: 06 ] . T e e new 1+ Zl sesinmnrsinmns,  0.104 2.39-10
sn=—VJ(qn) + Nﬂii”_)jﬁ‘ﬁsn—u o1 = o+ T s, 1+ Y Lecosmn(z—s) 6.79-10-3 8.08 - 1011
« The nearby steps produced by this method are orthogonal: (s, s,,—1) = 0. - o ‘\ = sin TS 1.52.107%354.10" L7
* gn, converges to ¢*, and the distance decreases monotonically. e —

0 2500 5000 7500 10000 12500 15000 17500 20000 0 2500 5000 7500 10000 12500 15000 17500 20000
n, iterations n, iterations

Conclusions
Achieved distance to minimum point (boundary conditions on

value), x1073. Initial distance: 0.242.

* The functional converges to 0, but not monotonically.

« The method is appropriate only for quadratic functions, but it's OK: J(q) is quadratic.

* |gns1 — ¢*l)* < (1 - =5 gon) lgn — ¢*||?, where ¢y, is angle between —VJ(g,) and ¢, — ¢;,—1. fimaz grad J grad p|conj /| conj p - Conjugate gradient descent with minimization of the distance to the exact
. . . . L , 0.2 | 1.1757]1.1757 | 1.17571.1756 solution is quite simple and effective to solve inverse and ill-posed problems.
 The method can be improved by using more steps in definition of s,,. The modification using all 0.4 | 3.67 | 3.66 | 3.67 | 1.36

previous steps is the best first order method, but its computational complexity is O(n2), not O(n). 0.6 | 468 | 40.0 | 46.8 | 3.17 » Retrospective Cauchy problem for heat equation is as worse as « is larger.
0.8 _ 06.7 _ 6.95 New method can be used for x < 0.8, unlike old methods (only for k < 0.5).

1.0 | - - - 211 . . . .
Results are submitted at arXiv.org: «On the modification of the conjugate gradient method with minimization 19 - - - 176 Lr:;epgpr_er‘]'ge?l::t'on Is solved very good, but using of new method requires the

' ' ing rule.

of the distance to the exact solution when choosing the step length».



Path-based approach for
Important Node Exploration

Introduction

Our main goal is to provide people with good insights on technological areas, they have
little knowledge about. We do that by obtaining graph of patents citations with respect to

provided request and finding core nodes in it.

Approach: get clear data and utilize GNN architectures to highlight core nodes.

Challenge: there are no labels, validation can be done only with the help of specialists

from the specific field.

Process & Methods

. Designed data load pipeline

modification of BERT model
. Designed and implemented algorithm for graph
enrichment.

AW ON=a

core node

* GNN for link prediction

 Attention on paths

 Attention on random walks
5. Validation on 5 technological domains

 photolithography simulation
etch simulation
plasma discharge simulation
physical photoresist model
microscope image stitching

Results

Repository for forming request to google patents and:
» Data preparation
* Enrichment of graph with

 patent citations, obtained from merging duplicates
* new patents, highly cited by patents from existing set

* PINE Algorithm for finding core nodes
 Validation from experts

. Tested and incorporated relevance score estimation with

. Experimented with various versions of algorithm for finding

SN @

Fig.3 KMeans clusterization visualized on graph for lithography patents
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Fig.4 Relevance score distribution
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Fig.5 UMAP projection of title embeddings

Objectives

 Create pipeline with

E. Sabitov In collaboration with

(& SBER
Al Lab

« Scrapping relevant patents from google patents

« Enrichment of citation graph with more relevant nodes and edges
* Pruning of non-relevant nodes with preservation of graph topology

* Validate the results
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Fig.1 Graph with vector features

» Research potential ways to highlight core nodes

Fig.2 Attention on paths

Fig.8 Citation graph for Etch simulation
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Fig.8 Citation graph for plasma discharge simulation
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Fig.8 Plasma discharge model, resistance disctance on relevance scores
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Local SGD converges faster

for quadratic-like objectives

and requires less communication.

Motivation and Challenges

» Larger models need data and tasks to be

shared across many (M) devices.
» Devices calculate local stochastic gradients
and transmit them to a central server.
» Transmitting large amounts of data is costly.
Reduce the
communication rounds.

» Our goal: number of

We denote the concept above as "Federated

Learning”

= Server coordinating
“mn | the training of a
global Al model

2
NS
e,

Federated Learning process

Local SGD

» The most popular Federated Learning
method is called Local SGD.

» It performs multiple local SGD steps between
communications.

» Problem: if we reduce the number of

communications and increase the number of

local steps (H), the performance degrades.

Woodworth et al.,, 2020 noted the following:
SGD

is not affected by the

For quadratic objectives, Local

convergence rate
number of local

steps, making it highly

efficient for such problems.

But what happens when we diverge

from pure quadratic setting?

Thus, our aim was to establish better communication

complexity rates for objectives somehow close to
the quadratic form.

In order to measure the proximity of an
objective F to the quadratic form, we
QR + R,
where @ is a convex quadratic function, and R

decompose F into the sum: F =

Is some convex residue.

Then we introduce was quadraticity parameter

o % < 1.

» For quadratic objectives, where F is equal to
Q, the value of ¢ is zero

» For quadratic-like objectives, i.e. cases where

Q@ is somewhat larger than R, € is small.

Quadraticity concept allows us to

Improve over the previous lower
bounds for Local SGD

Breaking existing bounds
Under the assumption of uniformly bounded

variance, when E ||[VF(x) — VF(x, 2)|* < g%
Case u =0, E[F(x7) — F(x)] =

1/3
LD?> |, oD | HLo?D* /
O | | 7 [Woodworth et al,, 2020]
T vV MT T

!

O(LD2 . oD | (eHLa2D4)1/3>
T | \/W I T2

If we denote A = up + ur we can also get an

[This work]

estimate for the case \ > 0:

0° HLo?

O (exp.deCay l ,U,MT I ,U.2T2) [Woodworth et al., 2020]

I

2 eHLo?
O (exp.decay Fie o AQT‘Z)

~

[This work]

Abandoning restrictive assumption
If we replace uniformly bounded variance

assumption with more general one, i.e.
E|VF(x) = VF(x,2)|* <0+ p[[VF(x)|

the acceleration given by quadraticity persists.
Case \ > 0:

ElF(xr) — F(x,)] =0 (exp.decay+

o° - pHL?0® €HLo?
AMT  A3MT3 )27

/ I

Variance reduction term ‘

Represents the impact of p ||VF(x)||

In all the estimates above, the last term represents

drift that appears due to many local steps (or rare
communication, which is equivalent)

So, when it is multiplicated by the ¢ factor it
shows that the influence of rare communications
weakens for quadratic functions.

Notation

The following symbols and definitions are used
throughout this work:

Symbol Definition

M Number of devices

Number of local SGD steps

Total number of iterations on a given device

Strong convexity constant

H
T
D Initial distance to the optimum, ||x; — x|
U
[

Lipschitz gradient constant

Discussion

An important observation about quadraticity is
that for functions with a Lipschitz Hessian, ¢
decreases rapidly, as illustrated in the graph
below.

fe=~1-10—1

/ Ae~1-10"2

Decrease of € for LoglLoss with , regularization
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Represents the drift caused by rare communication

Local SGD for Near-Quadratic Problems: Improving Convergence under Unconstrained

Noise Conditions
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Automatic segmentation of epicardial fat and

quantification of radiomic parameters in cardiac

computed tomography

Samatov Denis! - Merzlikin Borisl! - Zavadovsky Konstantin?

1Department of Mathematics and Mathematical Physics , Tomsk Polytechnic University, Russia
2Department of X-ray and tomographic diagnostic methods, Research Institute of Cardiology of Tomsk National Research Medical

Center, Russia

Motivation

The objective of this work is to develop a computational
tool that automatically segments epicardial adipose tissue
(EAT) and quantifies radiomic parameters, while also
offering functionality for manual correction of pericardium
tracking.

Cardiovascular Diseases

Cardiovascular diseases (CVDs) remain a global challenge.
New methods based on deep learning, segmentation, and
radiomics offer new perspectives for more accurate
diagnosis and treatment.

Proposed Solution

Develop an architecture for automatic segmentation of
epicardial adipose tissue (EAT) on cardiac CT images.
Create a computational tool with automatic segmentation
and manual pericardium correction.

1: Radiomics

Radiomics is one of the fastest growing areas of research
In nuclear medicine, related to the extraction of
quantitative metrics from medical images.

The radiomics workflow involves acquiring and enhancing
medical images (CT, MRI) to ensure uniformity and
quality, followed by the systematic extraction and analysis
of quantitative features using statistical and machine
learning methods for disease diagnosis.

ﬂnage Pre-processinh / Feature extraction \
> . .
] l W
First order
o |¥] (4]¢ o |5 5 . .
3 go [§ [0]6 - - .
HE D BOOEEE 00 — .
sfsl fsfs  1fetato ts | .: |
C
nnnnnnnnnnnnnnnn
k High order /

Figure 1. The process of radiomic image analysis

2: Architecture Segmentation Algorithm

The reported approach performs fully automatically without
prior specialist input. After automatic segmentation,
specialists can make necessary adjustments and re-run the
algorithm.

Input: DICOM Epicardial fat
) (o
EFV
fil
iomics

CurvatureFlow Otsu Method Threshold

[ segmentation
Template with range of Radiol
matchine [-190, -30] HU features

Figure 2. Architecture of the proposed algorithm

3: App

The graphical interface of this tool is developed as a desktop
application for the Windows operating system. The
implementation is done in the Python programming language
using the PyQtb library.

" The tool allows you to
&3 perform the following op-

S e w22, erations

166.9 76.9 -

i — — Manual editing of the
p— pericardium.

Epicardial Fat Velbme () Epicardial Fan Des
167.5 -77.2

3 View

— Calculation of
radiomic indicators of

Figure 3. User interface of the the studied ROI.

application

4: Results

To perform statistical analysis, images automatically
segmented using the described method were compared with
manually segmented images (considered reference), slice by
slice.

Visualization of Confusion Matrix

Mean DSC Values Across Patients and Parts
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Figure 4. Evaluation image
obtained by comparing manual and
automatic segmentation

upper heart

Bland-Altman Plot with 95% ClI

age Volume

Figure 6. Bland-Altman plot of
EFV measurements, with 95%

confidence interval for optimized
EFV, and manually derived EFV,

Conclusion

of® o
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N
(5'% qu Y
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Figure 5. Local DSC from lower to

T =2 st | By comparing manual and
N automatic segmentation on a
el . pixel-by-pixel basis on 878
e T images, an average accuracy
. of 0.95 was obtained.

(a) An architecture for automatic segmentation of epicardial

fat in cardiac CT images has been developed.

(b) The processing speed of cardiac CT images is 22.3 -
seconds.

- 1.7

(c) A tool has been created for automatic segmentation of

cardiac EAT from CT images, calculation of radiomic

parameters of ROIl, and manual pericardium correction.
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Metropolis-Hastings with Approximate
Acceptance Ratio Calculation

Yury Svirschevsky!*, Sergey Samsonov'!
'HDI Lab, HSE

*ysvirshchevskiiGhse.ru

Approximate Metropolis-Hastings

Algorithm 1 Adaptive Approximate Metropolis-Hastings Step
Input: Target density = (z), Generative model M
Output: Samples Y}, approximating =(z), Improved model M’

pm  Marginal likelihood estimator for M
X1, < Draw n i.i.d. samples from M
Yo+ Xo
for i=1to n do

Compute acceptance probability

m(Xi)pm(Yir)

) )

Al

Get next sample
Y e X;  with probability a(Y;_1, X;),
! Y;_1 with probability 1 — a(Y;_;, X;)

end for
M’ + Use Y}, to train new model / fine-tune M

« Generalization of the Metropolis-Hastings Algorithm, a popular
MCMC method

« Generative model with intractable marginal likelihood used to
model the proposal distribution

« Estimate of the model's marginal likelihood used in acceptance
probability calculations instead of the exact value

Sample Quality is Improved

Metropolis-Hastings
(VAE Proposal)

Target . VAE

50-Component MoG

Figure 2: Approximate Metropolis-Hastings Improves Feature
Distributions for a 128D Funnel

Marginal Likelihood Estimation

Figure 3: Importance Weighted Likelihood Estimates

The marginal likelihood of a Variational Autoencoder is in-
tractable, but can be approximated. Let = and = denote the ob-
served and latent variables respectively, py(z, z) denote the joint
distribution, and ¢4(z|x) denote the posterior approximation.

Importance Weighted estimator:

Sequential Importance Sampling estimator:

SIS 1 g (e, Zh i) 1 Lid f
p>P(x) = I T—_z'—‘ YA Z Nqo‘('h)
o1 9 ( Zy k)
K-1

Pe(x, Zo.x) = po(x, Zy) H Uk (2h41, 21)

K
05 (Zy.iclo) = ap(Zilx) T m(znet. )
k=1

where m;. and [, are densities of forward and reverse Markov ker-
nels. Different choices of kernels lead to different estimators.

Comparison with Classic Metropolis-Hastings

While Normalizing Flows have tractable marginal likelihoods,
which allows exact acceptance probability calculation when
using them as proposals, they are less flexible than VAEs.

Target
VAE + Approximate MH
RNVP + MH

Figure 4: VAE-Proposal Approximate Metropolis-Hastings vs.
Flow-Proposal Classic Metropolis-Hastings
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LEVERAGING DIVERSE DATA FOR MORE ACCURATE STOCK PRICE PREDICTION

207 —— buy&hold
First, we trained machine learning models v lapha /N
. . . g ] —— mean_rev_lapha
Traditional stock price prediction solely on numgrlcal h|stor|C§I dgta. Then, e ///
relies heavily on numerical data, such we added sentiment analysis. Finally, we o
as historical prices and trading combined text and numerical data using ks
volumes, limiting accuracy embeddings and built a stock price 2
Multimodal approaches, which prediction. E
combine data from diverse sources . ,
ike text (news. social media) and We also developed trading strategies
~umerical data. offer a more based on the machine learning model
comprehensive analysis and improved predictions. As a baseline for comparison,
predictive powWer. we used the naive "BUY&HO|d" strategy, Figure 1. Profit and Loss graphs of trading strategies based on historical returns
where stocks were of¥ rchased at the and news flow and normalized to initial money account
Recent studies have shown the beginning of thg tradir\g period and he!d i Strategy Sharpe ratio Turnover
benefits of these methods: some used the;ame quanlt.lty unti thel endaTh§ prlci]e Buy&Hold 1.7 0.00
sentiment scores alongside price data [1], prediction O,'ua Ity_WaS eva ugte using the Mean Reversion 2.53 1.36
others examined the effect of news MAPE metric, while the trading strategy — Ve —
categorization on forecasts [2], performance was measured by the - |
and the latest research applied portfolio Sharpe ratio and turnover. LSTM /.63 1.35
ChatGPT for news-based prediction [3]. Table 1. Trading strategies cumulative profit and loss Sharpe ratio and turnover
Our research integrates raw text and
numerical data to enhance stock price e Trading strategy based on Random | | |
forecasting quality. Forest model with sentiment score data The trading strategy based on multimodal forecasting
performed better than classic mean- demonstrated advantages over previous approaches. Although
reversion (mean_rev_alpha) and reverse | LMs application remains unrevealed the current paper clames
MOEX API offered historical prices (rev_alpha) algorithmic strategies. multimodal approaches open new doors for financial analysis
and trading volumes of companies * Integrating raw text data embeddings and market forecasting, providing deeper insights and more
included in IMOEX indices. We alorl;mgsidz?istorical returns data accurate predictions.
- - - enhenced forecasting accuracy
parsed news articles published in - .« ” This work was supported by the grant of the state program of
federal and social media within two dramatically outperforming “buy&hold . - i -
. strategy the «Sirius» Federal Territory «Scientific and technological
years starting from July 7, 2022, development of the «Sirius» Federal Territory».

[1] FAZLIJA, BLEDAR AND HARDER, PEDRO. USING FINANCIAL NEWS SENTIMENT FOR STOCK PRICE DIRECTION PREDICTION. MATHEMATICS. 2022. V. 10. N. 13.
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[3] ALEJANDRO LOPEZ-LIRA AND YUEHUA TANG. CAN CHATGPT FORECAST STOCK PRICE MOVEMENT? RETURN PREDICTABILITY AND LARGE LANGUAGE MODELS. SSRN. 2023.
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Annotaion

Longitudinal Movement Adaptive Control
[lia Chichkanov (Skotech)

Model Reference Adaptive Control (MRAC) computes control actions to
enable an uncertain controlled system to follow the behavior of a reference
model. This work explores the application of this method for longitudinal
speed tracking in automonous vehicles. The core idea of the method
involves adding an adaptive component to the control strategy, with
parameters that are adjusted through feedback. Various methods for
constructing the adaptive part of the control are proposed, including the use
of specialized tables. This approach aims to enhance the performance and
robustness of vehicle speed control in uncertain conditions

Car longitudinal motion model

"y

Reference Xm(0)
Model
Controlled x(1)
System
------------------ o=- -:e{r)
Y. !
i
K, D . J !
1
~ f
*\ \ ----- - . - 1
Disturbance Model s
‘_ i
w o(x) -
i . i
1
1

my =

g —
Tacc —

Tdec —

FCB _Faero_R:c _mgSin¢

F,=C,o

Teffw

— 1 - slipratio

(%

facc (’u,), u > ( -torque transmitted from acceleration system

fdec (u), u <0 - torque transmitted from braking system

- longitudinal tire force

V= U —

U = gSiIlt;f) _I_'f.')rgf + E:{Iero +

A A

Faero _Ra: —gSiIl¢

~

Nominal system

FeedForward

~

FeedBack

acceleration reference

& (t) = Az (t) + BA(u+6(z(t)))

MRAC Theory

uncertainty

assumption

§(z) = wléy ()

noo_
z(t) e R state vector w € R3*™ - unknown constant weights matrix
m
u(t) € R control command 0o (aj) - known basis function
A e R known systems matrix
y Goal is to find such control law  © = u (. )1
X follows along some reference signal r =r(t) € R!
control effort uncertainty gain
0<A eR yg e=x—r,e=0
5(z () : R* — R™
Control law
Nominal System U = Up + Uq V (x) - Lyapunov function
) 0, (z o\
z (t) = Az (t) + Bu ua:szH(a:):sz<O( ) V(z) =e' Pe+tr (wAz) (wAZ)
. Un .
Nominal Control w =-0 (CU)BTPG V=-eRe<0

Unp

= —KCIJ—I—KffT

where K € RN><1 is the feedback control matrix and
Kff e R' s the feedforward gain.

Forum on Robotics & Control Engineering (FORCE, http://force.eng.usf.edu/) Seminar
Series: "Model Reference Adaptive Control Fundamentals" (Dr. Tansel Yucelen)
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One dimentional table

flV,vi=
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One dimentional table
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Control law

4 . ~T
u = gsing + accrer + kp (Vv — vper) + W 6 (v, up)
N J N J
< Y Y
u'n ua
w = —v0 (v, uy)e \
~ Uncertanty compensation
T
1
1| T 1
Up un>0} T Acceleration error W2 0
i >
Q(V,un): u, un<0} —] compenslanon u=|v u,u, }
Deceleration error a 3 ulu <0}
V/Vmax compensation w nion
2
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v feeedback
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Table adaptive control relies on linear or bilinear interpolation from tables,
with coefficients that are adjusted adaptively according to MRAC control law.
The following graphs illustrate the simulation of vehicle speed tracking,
taking into account the effects of tire characteristics and the nonlinear
behavior of the engine. The method is based on the assumption that the
system's characteristics vary at different speeds and with different levels of
throttle and brake pedal engagement.
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Decentralized Optimization with Coupled Constraints

Demyan Yarmoshik 12

Dmitry Kovalev 3

Alexander Rogozin '*  Nikita Kiselev?

I Moscow Institute of Physics and Technology ? Institute for Information Transmission Problems

The problem

We consider the decentralized optimization
problem with coupled constraints

Function f;, matrix A, % %
and vector b; is a private
information stored on ¢-th
agent.
cate only with their immediate neighbours in

L
Decentralized Topology

Agents communi-

the communication network.
Our goal: obtain a linearly convergent first-
order algorithm

Applications
e Optimal exchange / Resource allo-
cation

min
x1,-. ,anX

Zfl :CZ sz:ba
1=1

where x; € X represents the quantities of
commodities exchanged among the agents of
the system, and b € X represents the shared
budget or demand for each commodity:.

e Problems on graphs. In electrical mi-
crogrids, telecommunication networks, drone
swarms, etc, distributed systems are based
on physical networks. Electric power net-
work example: let x; € R? denote the volt-
age phase angle and the magnitude at ¢-th
electric node, let s be the vector of (active
and reactive) power flows for each pair of
adjacent electric nodes. Power flows can be
derived (with high accuracy) from bus volt-
ages using a linearization of Kirchhoft’s law
2?21 Azxz — S.

e Consensus optimization. Widely used
in decentralized machine learning

L1 — T =

The consensus constraint can be reformu-
lated in a decentralized-friendly manner as
>y W,x; = 0, where W; is the ¢-th vertical
block of a gossip matrix (e.g., communication
graph’s Laplacian).

e Vertical federated learning (VFL).
Let F be the matrix of features, split verti-
cally (by features) between agents into sub-
matrices F;.

{(z ri(x;) s.t. F,x;, =z,
1;%1}1/1 _|_Zz 1 Z )

(ElERd, T € Rdn
[ is a vector of labels, x; is a subvector of

model parameters owned by the 2-th node, ¢
is a loss function, r; are regularizers.

Assumptions

o All f; are ,uf -strongly convex and L-

smooth; k¢ := u_f

e The constraints are compatible. There ex-
ist constants Lo > ua > 0, such that
the constraint matrices Aq,..., A, satisty
02 (A) = maxjer 02, (A;) < La, and
pa < Apip+ (S), where S = %Z?:l A A/
KA ‘— LA/,uA.
e We are given a gossip matrix W', such that:
1. Wi; # 0 if and only if agents ¢ and j
are neighbours or ¢ = J.
2. Wy = 0if and only if y € Ly, i.e

Yy = ... = Yp.
3. There exist constants Lw > uw > 0

such that pw < A2, (W) and A7, (W) <
.  Amax(W) /L
Low; rw = Auint (W) o
Approach
Decentralized reformulation. Let A =
diag (A1,...,A,), b = (b),....,0)", = =
(z!,...,2))", W =W ® I,,,, The original

constraint can be equivalently reformulated
as Axz + YWy = b, v £ 0. Matrix multipli-
cations in the reformulation can be performed
using single communication with neighbours.
Base algorithm. We use algorithm from
1] (see also [2]), which was proposed for min-
imization of a smooth strongly convex func-
tion G(u) under affine constraint Ku = b’.

Algorithm 1: APAPC

.= Ty,

Loy = Tuf 4 (1 — 7)uf
0 s = (1 +na) "k — n(VG(ub) —
ozu]g“ + 2M))

3. 2= 2k KT (Kuft: — b)
4 uk“ = (14 na) (u" —n(VG(u}) —
k _|_ Zkﬂ))
. u];eﬂ . /g<+ 22__77(uk+1 _ uk)
This first-order algorithm is based on the
Forward-Backward algorithm and Nesterov’s

acceleration.

Augmentation. In the decentralized re-
formulation we introduced the variable v,
making the objective a mnon-strongly con-
vex function of (x,y). To still obtain linear
convergence we add the augmentation term
G(z,y) = ¥ filzi) + 5| Az + YWy — b|.
With appropriate coefficients, GG is smooth
and strongly convex enough.
Chebyshev’s acceleration.
straint matrix (A YW) consists of two ma-

Our con-

trices, multiplications by which correspond to
different oracles. Therefore, we modity appli-
cation of Chebyshev’s acceleration from |1,
by replacing W with Py (W) first and then
applying Chebyshev’s acceleration to matrix

(A Py (W)).

Daniil Dorin
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1 51,2
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Results

Theorem (Algorithm)

For every ¢ > 0, the proposed algo-
rithm finds 2" for which ||z — z*||* < ¢
using O(,/Kylog(1/€)) objective’s gradi-
ent computations, O(,/Ky/ka log(1/e))
multiplications by A and A', and

O(\/Fr\/Eay/Ewlog(l/g))  communica-

tion rounds (multiplications by W).

Theorem (Lower bound)

For any Ly > pur > 0, ka,kw > 0 there
exist L p-smooth g g-strongly convex func-
tions { f;}._;, matrices A; such that ka =
La/pa, and a communication graph G
with a Corresponding oossip matrix W

)/ Anin(W),

for which any first-order decentralized

such that kw =

max (

algorithm to reach accuracy e requires

at least Np = Q(\//Tf\/alog (%))

multiplications by A and A' and

Nw = Q(\/?f\//{A\//{Wlog (%)) Com-

munication rounds (multiplications by

W).

The corresponding lower bound on gradient
computations is a classical result by Nesterov.

Experiments
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Summary
The simple augmentation trick and utiliza-

tion of accelerated Forward-Backward algo-
rithm [2] allowed to overpass the strong con-
vexity issue and obtain an optimal first-order
algorithm. Transition to the dual problem
was not fruitful in this case.

The analysis is mostly linear algebra to de-
rive spectral properties of block-matrices. All
nasty inequalities stuff is hidden in the base
algorithm’s analysis.
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