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Goal of Research:

Propose a method for constructing a priori graphs of weights
of neural networks (attention for Transformer, data tensor)
with the property of unsupervised clustering on Random-
Bond Ising Models achieve the minimum of Free Energy

(maximum local Entropy)




Random Bond Ising Model(RBIM)
KBanTOBBIE MOJIEIM MapKOBCKOIO CIIy4alHOTIO ITOJI Ha Tpade




Random Bond Ising Model (RBIM) - 2D Ising model on Graph G = (v, &)
H(o) = - Z Jijoi0;,

o i--g“/
Each node i € V is associated with a spin variable, g; € {—1, +1}, £ - is the set of edges (bonds) ??\
Jij- bond strengths, which are rand. assigned according to a specified probability distribution. N

In the random bond Ising model, J;; can take different values, typically following a distribution such as tf
where 6 is the Dirac delta function, | is a positive constant representing the bond strength, ?t?T
and p is the probability of a bond being ferromagnetic (J;; = J) versus antiferromagnetic (/;; = —J). ????

The partition function Z of the system, which is used to study the statistical properties, is given by

7 = Z e~ BIH(©)
o

1. . : :
where f = IS the inverse temperature, with kg being the Boltzmann constant and T the temperature.
B

RapaportD. C.., J. of Phys. , 1972, vol. C5 1830[loP STACKS]; D. C. Rapaport, J. of Phys. €5 (1972),2813[loP STACKS], K. I. Grozdev and A. M. Kosevich, Phys. Stat. Sol. b66 (1974), 77; K. |. Grozdev and A. M. Kosevich, Soviet Phys.-JETP 66 (1974), 2269
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RBIM phase transaction under different temperature
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At different temperature T we can see a phase transition

Under Nishimori Temp. Let A € {0,1}"*" be the symmetric adjacency matrix of g | . i | | |
defined by A;; = 1if (ij) € £, and A;; = 0 otherwise. Let D € N™*" be the diagonal 05 06 07 4, 08 09 10

degree matrix D = diag(41,). e
th(B]ij) A —non diagonal element
E|H =1, + [ ] D — A).
[ ﬁN']] 1-th?(B]ij) ( ) completly defined by graph G = (V, £)

Viktor Dotsenko, Introduction to the Replica Theory of Disordered Statistical Systems Landau Institute for Theoretical Physics, Moscow, 2001, 219 p

Mezard M . Parisi G., Virasoro M. Spin Glass Theory and Beyond An Introduction to the Replica Method and Its Applications.1986, 476 p.

H. Nishimori, J. Phys. C: Solid State Phys. 13(21),4071 (1980) , H. Nishimori, Prog. Theor. Phys. 66(4), 1169 (1981), H. Nishimori, Prog. Theor. Phys. 76, 305 1986
Lorenzo Dall’ Amico et al Nishimori meets Bethe: a spectral method for node classification in sparse weighted graphs J. Stat. Mech. (2021) 093405



Hierarchical tree (Negative Curvature topology of Graph) of spin glass state

Def. 1 (Weighted non-backtracking matrix) Given a graph G(V, £) and a function f: € = R, so that Ve € &, f(e) = w, is the
weight corresponding to the edge e, the weighted non backtracking matrix B € R?1€1%X2I€l js defined on the set of directed

edges of G as . \ /

B(ij),ey = 0ji (1 — 8ip) wiep.

Local (hierarchical),Hessian

Def. 2 (Bethe-Hessial* matrix) Given a graph G(V, £), a function f: £ = R so that Ve € &,
f(e) = w, and a parameter x € C\{tw;;}(ijyece, the Bethe-Hessian matrix H(x) € C"*™ is defined as |

2 To-AT
W7 XWij l
H;:(x) = (1+2 -—”‘)5-- - —L,
l]( ) keal xz_wlzk l] xz_wlzj The hyerarchical tree of spin-glass states

Since G is an undirected graph, H(x) is symmetric but not Hermitian, unless x € R. The relation between the spectra of
the matrices B and H(x) is given by the Watanabe-Fukumizu formula.

Prop. 1 (Watanabe-Fukumizu) Let H(x) and B on the same graph G and for the same weighting function f. x €
C\{xwij}ijyee *

det[xlpg| — B] = det[H(x)] [1ijyee (x* — wf}),
x in the spectrum of B, det[H(x)] = 0.

Yusuke Watanabe and Kenji Fukumizu. Loopy belief propagation, bethe free energy and graph zeta function. arXiv preprint arXiv:1103.0605, 2011
Iwao Sato, Hideo Mitsuhashi, and Hideaki Morita. A matrix-weighted zeta function of a graph. Linear and Multilinear Algebra, 62(1):114-125, 2014.




Nishimori Temperature estimation algorithm

To perform accurate node clustering, knowledge of the Nishimori temperature fy is crucial for obtaining a precise
estimate of the true node classes a. A powerful estimator of o is derived from the signs of the entries of the eigenvector x of
the Bethe-Hessian matrix Hp 7, associated with its smallest amplitude eigenvalue, which is close to zero.

Alg. 1: Nishimori Temperature estimation
Input: Weighted iadjacency matrix of a graph | € R™", precision error € € R
Return:Value of By € R
* Compute c, the average degree of the underlying unweighted graph: ¢ = %Zi 2 1Ji # 0)
» Compute fs; by solving cE[th?(Bsq/;)] = 1
. Settzland,B“—,BASG
* |Initialize § « +o0

While 6 > € :
. _ s th(BJi) \ _ _th(BJij)
Compute Hp, ; = §;; (1 + Dkeoi 1—th2(ﬂjik)) (81
= Compute Ymint, the smallest eigenvalue of Hg_ ;, as well as its associated eigenvector x;
= Define the function f;(8") = x{ Hg, ;X,, for B’ € R*
= Compute B;,4 by solving f;(B+1) =0
= Update § < |Ymin,t]
" |ncrementt < t+1
return: 5;_,

Lorenzo Dall’ Amico et al Nishimori meets Bethe: a spectral method for node classification in sparse weighted graphs J. Stat. Mech. (2021) 093405




Nishimori Temperature-Based Node Classification Algorithm

To perform accurate node clustering, knowledge of the Nishimori temperature fy is crucial for obtaining a precise
estimate of the true node classes a. A powerful estimator of o is derived from the signs of the entries of the eigenvector x of
the Bethe-Hessian matrix HBNJ' associated with its smallest amplitude eigenvalue, which is close to zero.First, consider y, the
eigenvector associated with the smallest eigenvalue of Hg ;. Let A € {0,1}™™ be the symmetric adjacency matrix of G,
defined by A;; = 1if (ij) € £, and A;; = 0 otherwise. Let D € N be the diagonal degree matrix D = diag(41,,).

. th(B]ij)

Alg. 2 The Nishimori-Bethe relation for node classification

Input: Weighted adjacency matrix of a graph J € R™*", precision error ¢ € R

Return:Value of By € R*, estimated label vector 6 € {—1,1}"
: Fooaee T io_ 1 qT§
Shift the non-zero J;j as: Ji; « Jij — 2] 1,/1,

Compute ,[?N — COmpUtE_BN

3 th?Bu0 \ _ _ th(BJi)
Compute HBt»] = 5ij (1 + Zkeai 1—th2(ﬁ]ik)) 1-th2(BJ;j)

* Compute X < the eigenvector associated to Y in (HpNj)

* Estimate 6 as the output of 2-class k-means on the entries of X

return: S, 0.
Lorenzo Dall’ Amico et al Nishimori meets Bethe: a spectral method for node classification in sparse weighted graphs J. Stat. Mech. (2021) 093405




How to construct RBIM Model graph




I 4 =
Baseline RBIM Erdos-Renyi (ER) graph

G(n,p) has on average ;l p —edges.

The distribution of the degree of any particular vertex is binomial (edge/bond degree):

P(deg(v) = k) == n ; 1 p k]- _ p n_l_k’ 0 - 100 - 200 at;;)igoPai v. ) 500 )

where n- the total number of edge in the graph.
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Number of non-zero elements: 90348

Erdds, P., Rényi, A. On the Evolution of Random Graphs. Publication of the Mathematical Institute of the Hungarian Academy of Sciences, 5, 1960, pp. 17-61.



Progressive-Edge Grown Algorithm with Approximate Message Degree (ACE) maximization for
LDPC bipartite graph construction

Apec,ce Matrix Portrait
o 1000 3000

Greedy choice of matrix position values for every variable
nodes to increase girth of graph.
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X.-Y. Hu, E. Eleftheriou, and D.-M. Arnold, Regular and irregular progressive edge-growth tanner graphs,
IEEE Trans. Inf. Theory, vol. 51, no. 1, pp. 386-398, Jan. 2005.

Tian T, Jones C. R., Villasenor J. D. and Wesel R. D., "Selective avoidance of cycles in irregular LDPC e o :
code construction,” in IEEE Trans. on Commun., vol. 52, no. 8, pp. 1242-1247, Aug. 2004. Column




Simulated Annealing method for Quasi-Cyclic LDPC bipartite graph construction

i - T = - - Aoc Matrix Portrait
Algorithm 1 Simulated Annealing method for construction of o 1000 2000 2 000 4000 5000

QC-LDPC codes 0 \ . . ‘ \
Require: M (H)—mother matrix, L— circulant size, g-girth of \\ \\\

lifted matrix, £ M D-minimal EMD value, [ter— maximal

number of iterations, seed- a seed to be used in a \ \\ \ \
pseudo-random number generator, Ternp— initial value \\ \ N
of temperature \ \ \\\
1: Nstep =0 10001
step N\ \

2 1,7 = rnd(seed)

:\ for it = 0:it <= Iter:it =it + 1 do \
: while M;;(H) =0 do x

\ N
i,j = rnz]( eed) \\\\\\ \\
end while \ ™\ \
for k=0:k<=L—-1;k=k+1do 2000 \ \\\
O} = enumcirceyeles(i, j, k,g. EM D) &

N\ \
L—1
P (k) =w(k)/ Z w(m), & \
m=0 \\ Y \ \\Q
TH
O AN N\ \\
where ©;-number of cycles through F;;(H)-CPM with X \\\\
shift value k, P(k)— probability of k-shift CPM value \\ k \
choice, w(k)—probability weight function; N\ \
9: end for \ \

10: Q Q Y
d = enumeceycles(E(H), g. EM D), 4000 1 \ \ \\ \\
where ®-total number of cycles in exponent matrix £ (H); I \ Q ‘\\ t
" AN & k

Ei;(H) = rndshi ft(P,Temp)

L A A

12: Nstep=Nstep+1

N step? \

NN R
AT AN AR
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V. Usatyuk and I. Vorobyev, "Simulated Annealing Method for Construction of High-Girth QC-LDPC Codes," 2018 41st International Conference on

Telecommunications and Si inal Processini (TSP), Athens, Greece, 2018, iﬁ 1-5



Imagery part

Erdos-Renyi

Spectrum of the weighed matrix B

PEG+ACE maximization SA + code distance +EMD max

o
—————————————————— -
o

Real part




Metric of unsupervised Nishimuri Temperature Clustering under RBIM
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Application of the proposed RBIMS graphs for correction
generative adversarial attack on data




Non-target adversarial attack (data poisoning)

The goal of an untargeted adversarial attack (data poisoning) is to create a small disturbance in the input image that will cause
the neural network to mistakenly assign it to some incorrect class.

Algorithm for non-targeted adversarial attack:

1. Compute the loss gradient with respect to the input data:

g =t(xy,0)

2. Calculate the disturbance by taking the sign of the gradient:

n = &-sign(g)

3. Perform adversarial attack :

Xadv = X117

where x € R™™*3 _input RGB image size nxm, y € {1,2, ..., C} — class label,f (X, 8) - neural network with
parameters 8, which outputs a vector of class probabilities, (X, y, 8) - a loss function that measures the
discrepancy between predicted class probabilities and the true class label, € - disturbance magnitude, a small

positive scalar that controls the intensity of the disturbance,
+1,x>0

sign(x) — sign function, sign(x) = 0,x =0 .

- 1 ,» X < 0 Goodfellow, I. et al. "Explaining and Harnessing Adversarial Examples." https://arxiv.org/abs/1412.6572.




Example of non-target adversarial attack application

X
n Xadv
Knacc: mapraputka Knacc: KOHCKMI KalTaH
Original Image Adversarial Image (Epsilon = 1)

Class: daisy Perturbation Class: buckeye




Example of non-target adversarial attack application

X
o N Xadv
Knacc: YanHuk Knacc: KyBLIMH
Original Image Adversarial Image (Epsilon = 1)

Class: teapot Perturbation Class: pitcher




Application of the constructed mask of QC-LDPC code H and its cyclic shift to X, 4y

0 Fm

50 - 7

100 [ ’ -

HZ36%256 = Hshifted=

250 B

1 1 s | 1
0 50 100 150 200 250 nz = 7945
nz = 1024

The H construction method increases the code distance and EMD Spectrum*
*:V. S. Usatyuk and S. I. Egorov, "Topology-Aware Sparse Factorization in Energy-Based Models: Tori QC-LDPC Codes and Circular Hyperboloid MET QC-LDPC

Codes," 2024 26th International Conference on Digital Signal Processing and its Applications (DSPA), Moscow, Russian Federation, 2024, , pp. 1-6
Usatyuk V. S., Egorov S. |., "Heuristic Number Geometry Method for Finding Low-Weight Codeword in Linear Block Codes," 2024 26th International Conference on

Diiital Siinal Processini and its Aiilications (DSPA), Moscow, Russian Federation, 2024, pp. 1-6



Application of the constructed mask of QC-LDPC code H and its cyclic shift to X,qy

X

n Xadv correct
Knacc: mapraputka

Knacc: maprapuTka

Original Image Adversarial Image (Epsilon = 1)
Class: daisy Perturbation . Class: daisy -




Application of the constructed mask of QC-LDPC code H and its cyclic shift to X,qy

X
. n Xadv_correct
Knacc: YaHuK Knacc: yaltHuK
Original Image Adversarial Image (Epsilon = 1)

Class: teapot Perturbation Class: teapot




Application of the proposed RBIMs graphs for
Transtormer DNN




Example of Transtormer DNN architectures

P e e e eeeeeeeeeeeeeeae : Positional
; . Embedding
X o [ Wi X W Wil Wil « |V (- X
f"’w;) ff ||'0J) fl‘.’)(g_z} f“ (6) XL

Complexity mostly depends from Attention matrix W

Factorized Attention: Self-Attention with Linear Complexities 12/04/2018by Shen Zhuoran, et al. arxiv [1812.01243v1] -



https://deepai.org/profile/zhuoran-shen
https://arxiv.org/abs/1812.01243v1

Competition Pathfinder from Long Range Arena
1024 q=256 (gray) reshape B 1D vector.
Binary classification problem:
1 - you can connect two points inextricably along existing

paths
0 - Can't connect the dots inextricably

Tay l. et al Long Range Arena: A Benchmark for Efficient Transformers

GitHub - google-research/long-range-arena: Long Range Arena for Benchmarking Efficient Transformers



https://github.com/google-research/long-range-arena
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8 S4D 93.96 Initialization of Diagonal State () 5] 2022 . .

Space Models The trained network can be effectively used on FPGA VLSI and analog

accelerators, as well as training.

*https://paperswithcode.com/sota/long-range-modeling-on-Ira




Summary

We proposed RBIM graph model construction methods which superior previous state-of-the art
methods:

1. improve RBIMS clustering compare to Erdos-Renyi graphs, around 3 times less column
weight and use Quasi-cyclic block structural matrix;

2. proposed one-shot defence from non-target adversarial attacks;

3. proposed simplification of visual transformer with 7 time less parameters (RAM) and
around 40-times less complexity with lose 0.78% accuracy.
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Cost of Nishimuri Temperature mismatch under binary classification
(image without noise and adversarial attack)
several percent, under unlimited iteration no more than 5% loss
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Energy-Based Models and Neural Network




In an energy-based model, the probability of a configuration o is defined in terms of an energy function, similar to
the Hamiltonian of the Ising model. For the random bond Ising model, the probability P(o) of a spin configuration & is
given by the Boltzmann distribution:

e_.B}[(O-)

Z )

P(o) =

where H (o) is the Hamiltonian and Z is the partition function.

Similarly, deep neural networks can be used to model complex probability distributions. Consider a neural network with
parameters 0 that models a probability distribution Qg (o). The goal is to approximate the true distribution P(o).

Variational inference involves approximating the true posterior distribution P(o) with a parameterized distribution Qg (c) by
minimizing the KL divergence between them. The KL divergence is defined as:

KL(Qo Il P) = Z Q0 (0)log (ff’(:)).
Substituting P(o) with its Boltzmann form, we get:
KL(Qp 1 P) = ) Qo(0)(10gQs(0) + BH (0) + logZ).

Since log Z is constant with respect to 0, it can be omitted from the optimization process. The optimization objective
becomes:

KL(Qp Il P) & ) Qp(0) (10804 (0) + BH ().




Training Neural Networks
The training of a neural network to approximate the distribution P(o) can thus be viewed as minimizing the KL

divergence. This is equivalent to minimizing the variational free energy:

FO) =) 00(@) (#(0) + 510805()).

Minimizing this free energy involves adjusting the neural network parameters 6 to ensure that Qg(cg) closely
approximates the true distribution P (o). This process is analogous to learning the weights in the neural network, where the
energy function H (o) can be interpreted as a parameterized function (such as a neural network) that captures the
dependencies between the variables. ... A

Local entropy* "

©(0.0,00)) = log ¥ e vile)
(o) NI
where d(:,-) — distance between configuration, y —weight, o — reference spin configuration | | f | T
\ Al
LU SR I
Global extremum represented by symmetrical cycle in graph. Energy landscape compared
Local extremum around represented by odd degree connected cycle in graph. with local entropy landscape

*Carlo Baldassia, Christian Borgsc , Jennifer T. Chayesc , Alessandro Ingrosso, Carlo Lucibello, Luca Sagliettia , and Riccardo Zecchina Unreasonable effectiveness of learning neural networks:
From accessible states and robust ensembles to basic algorithmic schemes Proceedings of the National Academy of Sciences (PNAS), 113 (48), November 15,2016, E7655-E7662

https://www.pnas.org/doi/full/10.1073/pnas.1608103113
Carlo Baldassi, Alessandro Ingrosso, Carlo Lucibello, Luca Saglietti, and Riccardo Zecchina Subdominant Dense Clusters Allow for Simple Learning and High Computational Performance in

Neural Networks with Discrete Synapses. Physical Review Letters 115, 128101, p. 1-5., 2015
Usatyuk V., Sapozhnikov D., Egorov S. Spherical and Hyperbolic Toric Topology-Based Codes On Graph Embedding for Ising MRF Models: Classical and Quantum Topology Machine Learning

https://ui.adsabs.harvard.edu/abs/2023arXiv230715778U



https://www.pnas.org/doi/full/10.1073/pnas.1608103113

Quasi-Instatones— local minimum TS(a,b) under local entropy ©
solving an incorrectly posed operator problem*
A c B,A — submatrices (local solution) contained in B connected through variable y4, y,, ¥3.

A subgraph with cycle 6

X1,X2,X3,X4Xs,Xg Ax=y,
(x1=(y2+x4)/a a 0 O -1 O 0
X, =(3+x)/ 0 a 0 0 0 -1
<x3=(y1+x2)/af A= 0 -1 « 0 0 0
x,=(ys3tx5)/a 0 0 0 a -1 0
xs=(y1+x)/a -1 0 0 0 a O
X6 =(y2+x3)/cx 0 0 -1 0 0 «a

Choise of normalize « influences the convergence to global minima

For « > 1, A — has full rank and, accordingly, a unique solution

The selection of a allows you to find a solution to an ill-posed problem (the inverse of Tikhonov’s regularization**, “balances”
the variables in the cycle with the subgraph external to them™**)

*TuxoHos A. H. O HEKOPPEKTHbIX 3ada4ax JIMHENHOW anrebpbl U ycTonymBoM MeTode ux peluenns // Joknaabl Akagemunn Hayk CCCP. — 1965. — T. 163, Ne 3. — C. 591—594.

**M. N. CymuH, “O ponu MHOXUTenen Jlarparxa 1 4BOMCTBEHHOCTU B HEKOPPEKTHbLIX 3adadax Ha yCrioBHbIM akcTpemMyM. K 60-netuio metoaa perynapusaumm TuxoHoBa”, BECTHUK pOCCUMNCKMX
yHuBepcuTeToB. Matematuka, 28:144 (2023), 414435

***M. Chertkov et al. Interaction screening: efficient and sample-optimal learning of ising models. NIPS'16 pp. 2603-2611



https://ru.wikipedia.org/wiki/%D0%A2%D0%B8%D1%85%D0%BE%D0%BD%D0%BE%D0%B2,_%D0%90%D0%BD%D0%B4%D1%80%D0%B5%D0%B9_%D0%9D%D0%B8%D0%BA%D0%BE%D0%BB%D0%B0%D0%B5%D0%B2%D0%B8%D1%87
https://www.mathnet.ru/rus/dan31374
https://ru.wikipedia.org/wiki/%D0%94%D0%BE%D0%BA%D0%BB%D0%B0%D0%B4%D1%8B_%D0%90%D0%BA%D0%B0%D0%B4%D0%B5%D0%BC%D0%B8%D0%B8_%D0%BD%D0%B0%D1%83%D0%BA
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The Weighted Laplacian Matrix (Laplacian Method)

A classical spectral clustering method for weighted graphs uses the weighted Laplacian matrix L = D — J, where D =
diag(|J|1,). The eigenvector associated with the smallest eigenvalue of L provides a relaxed solution to the NP-hard

optimization problem of signed ratio-cut graph clustering.
Hsigne

87 d is defined as:

For signed graphs, where J entries are +1, the Bethe-Hessian matrix

Hy " = (1= th* ()l + th*(B)D — th(B)].

As By — o, H397¢? _, I, The signed Laplacian can be seen as the zero temperature limit of the Bethe-Hessian matrix.

i
BN.J




The Mean Field Approximation (Naive Bayes)

Using a naive mean field approximation, the probability distribution is:

1+m;s;

Pm(S) = Hiev 5

where m; is the average of s; over the distribution.

The associated variational free energy is:

jN,IBF(m) — Z(U)eg ﬁ]l]m m; + ZlEV Zsl

1+mlsl lo 0g (1+misi)
E— > :

The Hessian of the free energy at the paramagnetic point m = 0is:
Hp’] = I, —pJ.

Thus, the eigenvectors of HBM]F are simply the eigenvectors of J, making f3 irrelevant.




The Spin Glass Bethe-Hessian

The spin glass Bethe-Hessian matrix, with f = [5;, can also achieve non-trivial clustering as soon as
theoretically possible. The temperature 5. is estimated by solving:

cE[th*(Bsc/ij0:07)] = cE[th®(Bsc/ij)] = 1.

However, for realistic heterogeneous graphs, this choice may be suboptimal.

Alaa Saade, Marc Lelarge, Florent Krzakala, and Lenka Zdeborov’a. Clustering from sparse pairwise measurements. In
2016 IEEE International Symposium on Information Theory (ISIT), pages 780—784. |EEE, 2016.




Matrix Nishimuri ISING Mean Field Approx. Laplace method

2_2_3000girth8upGirth6emd2seed212protograph_from_2x2.txt_matrix1.txt 23.67% 26.63% 0.03% 32.73%
2_2_3000girth8upGirth6emd2seed212protograph_from_2x2.txt_matrix2.txt 54.43% 47.00% 1.20% 0.03%
2_2_3000girth8upGirth6emd2seed212protograph_from_2x2.txt_matrix3.txt 53.40% 46.57% 1.10% 0.10%
2_2_3000girth8upGirth6emd2seed212protograph_from_2x2.txt_matrix4.txt 26.20% 29.10% 0.03% 31.97%
2_2_3000girth8upGirth6emd7seed212protograph_from_2x2.txt_matrix1.txt 23.67% 26.63% 0.03% 32.73%
2_2_3000girth8upGirth6emd7seed212protograph_from_2x2.txt_matrix2.txt 54.43% 47.00% 1.27% 0.03%
2_2_3000girth8upGirth6emd7seed212protograph_from_2x2.txt_matrix3.txt 53.40% 46.57% 1.10% 0.10%
2_2_3000girth8upGirth6emd7seed212protograph_from_2x2.txt_matrix4.txt 26.17% 29.10% 0.03% 31.97%
2_2_3000girth8upGirth8emd0seed212protograph_from_2x2.txt_matrix1.txt 23.67% 26.63% 0.03% 32.77%
2_2_3000girth8upGirth8emd0seed212protograph_from_2x2.txt_matrix2.txt 54.43% 47.00% 1.27% 0.03%
2_2_3000girth8upGirth8emd0seed212protograph_from_2x2.txt_matrix4.txt 26.17% 29.10% 0.03% 31.97%
4_4_1500girth6upGirthéemd6seed212protograph_from_4x4.txt_matrix1.txt 68.37% 67.70% 0.07% 0.03%
4_4_1500girth6upGirthéemd6seed212protograph_from_4x4.txt_matrix2.txt 69.70% 66.43% 0.30% 0.03%
4_4_1500girth6upGirthéemd6seed212protograph_from_4x4.txt_matrix3.txt 70.67% 67.83% 0.17% 67.63%
4_4_1500girth6upGirthéemd6seed212protograph_from_4x4.txt_matrix4.txt 68.60% 65.17% 0.17% 66.10%
4_4_1500girth6upGirthéemd7seed212protograph_from_4x4.txt_matrix1.txt 68.37% 67.70% 0.07% 0.03%
4_4_1500girth6upGirthéemd7seed212protograph_from_4x4.txt_matrix2.txt 69.70% 66.53% 0.30% 0.03%
4_4_1500girth6upGirthéemd7seed212protograph_from_4x4.txt_matrix3.txt 70.63% 67.77% 0.17% 67.63%
4_4_1500girth6upGirthéemd7seed212protograph_from_4x4.txt_matrix4.txt 68.60% 65.17% 0.17% 66.07%
4_4_1500girth8upGirth8emdOseed212protograph_from_4x4.txt_matrix2.txt 69.70% 66.20% 0.30% 0.03%
4_4_1500girth8upGirth8emdOseed212protograph_from_4x4.txt_matrix3.txt 70.67% 67.77% 0.17% 67.63%
4_4_1500girth8upGirth8emdOseed212protograph_from_4x4.txt_matrix4.txt 68.60% 65.17% 0.17% 66.07%
4_4_1500girth8upGirth8emd15seed212protograph_from_4_4_w2_1.txt_matrix2.txt 64.57% 63.57% 0.17% 0.03%
4_4_1500girth8upGirth8emd15seed212protograph_from_4_4_w2_1.txt_matrix3.txt 67.73% 66.40% 0.13% 0.03%
16_16_375girth6upGirth6emd0seed123protograph_from_16x16_5_w2.txt_matrix1 (1).txt 90.60% 90.00% 0.20% 0.00%
16_16_375girth6upGirth6emdOseed123protograph_from_16x16_5_w2.txt_matrix1.txt 90.60% 90.00% 0.20% 0.00%
16_16_375girth6upGirth6emdOseed123protograph_from_16x16_5_w2.txt_matrix2.txt 90.57% 89.47% 0.23% 0.03%
16_16_375girth6upGirth6emdOseed123protograph_from_16x16_5_w2.txt_matrix3.txt 89.43% 89.03% 0.13% 0.03%
16_16_375girth6upGirth6emd0seed123protograph_from_16x16_5_w2_type2.txt_matrix1.txt 74.27% 62.33% 0.87% 0.03%
16_16_375girth6upGirth6emd0Oseed123protograph_from_16x16_5_w2_type2.txt_matrix2.txt 74.40% 62.90% 0.17% 0.03%
16_16_375girth6upGirth6emd0Oseed123protograph_from_16x16_5_w2_type3.txt_matrix1.txt 77.83% 65.80% 0.20% 0.03%
16_16_375girth6upGirth6emd0seed123protograph_from_16x16_5_w2_type3.txt_matrix2.txt 77.57% 65.57% 0.23% 0.03%
25_25_240girth6upGirth6emdéseed212protograph_from_25x25.txt_matrix1.txt 87.77% 85.80% 0.37% 87.03%
25_25_240girth6upGirth6emdéseed212protograph_from_25x25.txt_matrix2.txt 87.73% 86.67% 0.40% 0.03%
25_25_240girth6upGirth6emd7seed212protograph_from_25x25.txt_matrix1.txt 88.30% 86.23% 0.33% 87.20%
25_25_240girth6upGirth6emd7seed212protograph_from_25x25.txt_matrix2.txt 87.50% 85.73% 0.07% 0.03%
25_25_240girth6upGirth6emd8seed212protograph_from_25x25.txt_matrix1.txt 87.20% 85.70% 0.27% 85.87%
25_25_240girth6upGirth6emd8seed212protograph_from_25x25.txt_matrix2.txt 86.67% 86.43% 0.03% 0.03%
25_25_240girth6upGirth6emd9seed212protograph_from_25x25.txt_matrix1.txt 86.50% 85.20% 0.27% 85.00%
25_25_240girth6upGirth6emd9seed212protograph_from_25x25.txt_matrix2.txt 86.83% 86.07% 0.03% 0.03%
25_25_240girth6upGirth6emd10seed212protograph_from_25x25.txt_matrix1.txt 87.37% 85.97% 0.53% 86.63%
25_25_240girth6upGirth6emd12seed212protograph_from_25x25.txt_matrix13.txt 86.93% 85.57% 0.30% 86.13%

48 48 125girth6upGirth6emd12seed123protograph_from_48x48.txt_matrix1.txt 88.60% 87.73% 0.20% 87.23%




Clustrering ER, ¢ = 15

300 -

250 -

200 -
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0.00025
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0.00075




Clustrering PEG, ¢ = 15
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2004

150 A

100 A

—0.0015
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BOMYHAaA £X MEpHasi MOJI€JIb CIIMHOBBLIX CTEKOJI Ha Ir'pa@e § = (V, &)

(i,)€E XA

Each node i € V is associated with a spin variable, g; € {—1, +1}, € - is the set of edges (bonds) tf

Jij- bond strengths, which are rand. assigned according to a specified probability distribution. ?ttT
In the random bond Ising model, J;; can take different values, typically following a distribution such as ????

WoER
3agaBasi PyHKIIMIO, MOYKHO 3aKOJIMPOBATh 3HAYEHHUSI UCXOIHOTO M300pakKeHUs ? :'.'.?:' :’_'.?:' o
OTOOpaKEHMUS

o, =exp(inx, ) =%l
i=1,---,N,X; - IOC/E/IOBATENLHOCTEL GUTOB UCXOJHOIO U300PaKEHHsI

Mopnens M3uHra siBisieTcsi i(puMepoM MapKoBCcKkoro ciaydaiHoro noiist (MRF) u Bo3Hukia u3
crTaTucTudecko puszuku. COCTOSTHHE Ka)KA0T0 y3J1a 3aBUCUT OT COCEHUX Y3JI0B YEPE3 NOTECHIUATIbI
B3aUMOJIEUCTBUS. B ciiydae n3o00pa>keHui 3TO MPUBOJUT K OTPAHUYEHHUIO TNIAJKOCTH, T. €. MUKCEIb
MPEANOYUTAET UMETh TOT KE LBET, YTO U COCETHUE TTUKCEIIH.

2DTa MOJIENb AHAJIOT YEPHO-0€J10r0 N300paKeHust



Mopenb [loTrca (Potts g-ary 2D ISING)

Mogens Jomba-IlorTca:

He = Jij 2 coS (6’Si — HS].) ,

l,J
2mk .
0, = % - MaTpuIla BPAIEHNUs, PABHOMEPHO PaclpeNeN€Hnas 1o yrnam, s; € [1, ..., q] —user

YACTHUIIBL, ]i]-- Bec (MOTEeHIIMA) B3aUMOACHCTBUS MEXKIY CIIMHAMU

Mopnens JlomOa-IToTTca COCTOUT U3 CIMHOB pa3MEIIEHHBI HA TEOMETPUUYECKON PEIIETKE,

3 ) TepHapHasa mogens oTTca
BpallleHHE IPUHUMAET ( BO3MOKHBIX 3HAYEHUH PABHOMEPHO pacHpeeaCHHBIX 10 YIIIaMH.

Ha KBaZpPaTHOM peLlleTKe

Crannmapraas mozaens [lorrca:
KBagpaTHaga peLleTka

Hp=_]ijz5(5i'5j)' A S S S R S
iJ 533

5(Sl-, Sj)- 3T0 PyHKUMA KpoHeKepa, pasHa 1, Korga s; = S;j , 0 B NpoTMBHOM C/y4ae.

AHanor g nsobparkenusa (q rpagaumm ceporo) n uBetHoro nsobparkenma (5D=2D +3D ans RGB) 2| -
Storath, M., Weinmann, A., Frikel, J., & Unser, M. (2015). Joint image reconstruction and segmentation using the Potts model. Inverse Problems, 31(2), 025003.



https://ru.wikibrief.org/wiki/Square_lattice

KBa3l/lLI,l/IKfIl/lL-IECKI/le HM3KONNOTHOCTHbIE ROAbl N X KZTKOYEeBbIE CBOWCTBA




Vi V, V3V, Vs Vg HuskonaornoctHbie-koabl (Low Density Parity Check,LDPC-koabl), — 310 Gr0YHBIH

1 1 0 01 O] ¢ JUHEWHBIN KOJ Pa3MEpPHOCThIO kK M JIJTMHOW KOJIOBOTO CJIOBA 71, 33/1aBA€MbI MTPOBEPOUYHOU
. Matpulieit H pa3aMepHOCTbIO (1-k) 1, AMEIOIIE HEOOBIIYIO INIOTHOCTh OTJIMYHBIX OT HYJS
H=[1 0 0 1 0 1|% CUMBOJIOB. Marpuiia pazmepa (n-k)-n COIEpKUT MOPSIKA N MIPOBEPOK.
1 11 0 0 1|6

Kaxxas ctpoka nmpoBepOYHOU MaTpulibl /H 3a1a€T ypaBHEHUE IPOBEPKU HA YETHOCTb:

n—1
[=0

e j — HoOMep CTPOKU nNpoBepoyHoi MaTPULbl (HOMEpP NPOBEPOYHOro ypaBHeHuUs); | — Homep
CMMBO/1a KOJOBOTrO CN10Ba; h; ) — 3NeMeHT NPOBEPOYHOM MaTPULLbI.

Npad TaHHepa —3T0 ABYAONbHbIN rpad, COOTBETCTBYHOWEN NpoBepoYHon maTpuue LDPC- Koaa

NPOBEepPOYHble
BEPLUNHDbI

KoZoBble
BEPLMUHbI /

3aMKHYTbIM NPOCTOM NyTb B TaHHEp rpade c y3namu v; = ¢, = Vg = €3 = V; 06pasyroT ULWKA ANNHDbI 4




KBasnumKkanyeckme HM3KonaotHocTHble Koapbl (Quasi Cyclic-LDPC)

Kesasnuuknnyeckmn LDPC (kogbl QC-LDPC) - LDPC-Koapl c

Vi V) V3 Vy Vs Vg MaTpULEN NPOBEPKU Ha YEeTHOCTb, onpeaensemomu
00 10 1)¢ CTPYKTYpUpOBaHHOM  6A04YHOM  nogmatpuuen -  maTpuuen
0 11 0|1 0]¢, LLMK/IMYECKUX NepecCTaHOBOK.
H=
1 010 0]1 0f G
C
_0 110 010 1_ 4 MaTpuua UMKANYECKNX nepectaHoOBOK pa3mepa 2x2, Beca 1 u ee cxKaTtad

.v dopma npeacraBsieHnn
0 ! 1 1 O 0 1 0 0
H _ 1 1 1 _ 0 1 1 IO: ,11: ,1—1:
<ol ot o -1 0 0 1 1 0 0 0

TpaANLMOHHO UCNO/b3YIOTCA MaTpULbl Beca 1.




CBOMCTBa HU3KOMJIOTHOCTHbIX KOA0B. TpannuH-ceTbl (a,b), a,b€ Z

Ha cBOMCTBa HU3KOMJIOTHOCTbIX KOAOB OTPULATENIbHO BAUAIOT LUMKAbI B rpade TaHHepa, obpasyowmx «TpannuH-ceTbl». (Trapping
set, TS,) nnu (a,b)-noarpadbl (noarpadsbl B rpade TaHHEPA, COCTOALLME U3 0 CUMBOJIbHbBIX Y310B, b N3 KOTOPbIX MHUMAEHTHbI
NPOBEPOYHbIM Yy3/1aM C HEYETHbIMM cTeneHAMM). Ha pucyHke HUXKe nlobpaxeHbl aAsa (a,b)-noarpada. J/iesbit noarpad

obpa3oBaH nepeceyeHmem Tpex UMKA0B AJINHbI 8, NpaBbli OAHUM LMKAOM AJINHbI 8.

" -
* & .
L1 =]
0 ) w
. e @ -CUMBOIIBHBIC Y3IIBL,
u u I 5
B N - IPOBEPOYHBIE Y3IIbI C YETHOM CTENEHLI0 HHIIMIEHTHOCTH
(a) (b)
N | . - IIPOBEPOYHBIE Y3IIBI ¢ HEYETHOM
Trapping sets: (a) (5,3) and (b) (4.4) CTEIICHBIO MHIIMICHTHOCTH

NP-cno>xHasi 3agada

A. McGregor and O. Milenkovic, "On the Hardness of Approximating Stopping and Trapping Sets in LDPC Codes," 2007 IEEE
Information Theory Workshop, Tahoe City, CA, USA, 2007, pp. 248-253




, [Touck TpammuH-ceToB (a,b), b# 0

MonHbIn Nnepebop TpebyeT aHann3 Gurobi 7.5.1 solver nuHenHoro nporpammupoBanms 32 threads
(4226) ~8.2812e+115 SS 48 B koae Maprynuca (4896,2474) Margulis 3a 700 451 c.

*Velasquez A., Subramani K. , Wojciechowski P. , On the complexity of and solutions to the minimum stopping and trapping set
problems, Theoretical Computer Science, Volume 915, 2022, Pages 26-44,

NonHbIM Nnepebop TpebyeT aHaNu3

(4226) ~ 1.2701E+143 MpeanoxkeHHbI meTon**

TS(62, 16) at Margulis(4896, 2448) TS(621 16) Wlth

Samanujan graph(T 15, 3) w ' TS variable nodes, (x_0)...(x_end) on Fig: 6 41 65 159 364 546

Alerton 2000, SIT 2001 " L 719 769 880 970 981 1097 1132 1140 1164 1274 1279 1385
-] _ 1508 1561 1625 1681 1716 1819 1823 1979 1988 2194 2216
“é? i o 2369 2460 2506 2738 2765 2795 2855 2950 2976 3024 3154
oo 3182 3271 3444 3566 3575 3836 3940 4012 4109 4141 4162
“él ?{y A, 4355 4396 4401 4463 4547 4581 4671 4710 4800 4859 4864

58 ¥ CPLEX 12.8 LP solver 32 threads
Total (root+branch&cut) = 3.67 cekyHabl. (292.92 ticks)

V. S. Usatyuk, "Low Error Floor QC-LDPC Codes Construction Using Modified Cole's Trapping Sets Enumerating," 2023 25th International Conference on Digital Signal Processing and its
Applications (DSPA), Moscow, Russian Federation, 2023, pp. 1-6



Koposele ciioBa - Tpanmumna-ceTbl TS(a,0), mouck ¢iaoB Mallioro(MMHMMAJIbHOTO BECA)

3aJa4a OLLEeHKM KOJ0BOro paccToAHUA

[lycte maTtpuua H, pasmepa (n — k) X n, 3agaHHas Hapg
Fq onpeaensieT nnHeiHoe 0T06pa>KeHme Fqg = Fq k
Takoe, 4To x — Hx, ker (H {C £ F”| Hc = O}

OueHka KOLOBOIO PacCTOStHUS AMHEAHOro BI0YHOro KoAa:
HaliT BEKTOP C MUHUMAJIbHBIM HUCAO OTIMYHBLIX OT HY/S
KOOPAWNHATHBIX KOMMoHeHT, ¢ € ker(H) \ {0} 7

dm ii -KOA40BO€E PACCTOAHUE



[Tpumep NoncKa KOA0BOro PaccToAHMA - TpannuH-ceTa (dy,in,0)

1 1 10 0)c,| [O] GF(2)
He=|0 1 0 1 1)c;|=|0
001 1 1)¢| [0

[MTonMHOM BEcoBOro
CNeKTpa Koaa

O 1 11 O W(E:;T):HE:;TH = /

CnosoBeca O

\ f(z)=1+z*+22
Becoson cnekTpa Koaa W(C) = [1 . 0 1,2 0 O]

N

CnoBo Beca 2 Cnosa Beca 3 dmin =2;

1 —

_T_
C3 I




CneKTp CBA3HOCTU MOKHO yayywaTtb U B YacTHoCcTh 15(d,,i,,,0): dyiy = max

MeKayHapoAHbIA KOHKYPC NO OUEHKM KOAOBOrO pacCcToAHMA
oT o0b6beanHeHunAa: PpPaHUY3CKOro HAUMOHANBLHOIO LEHTPa
Hay4yHbIX uccnegosaHuMit (CNRS), HaumMoHanbHOro MHCTUTYTA
nccnenoBaHni B 061actm LMPPOBbLIX HAYK U TEXHO/TOTUM

(Inria Paris), HauWOHaNbHOIO MCCNEAOBaTENbCKUMA WHCTUTYT
MaTeMaTuKM U MHdopmatnkmn B Hnaepnanaax (CWiI)

Best solutions

Weight Authors Algorithm Details
214 Vasiliy Usatyuk Lattice: Kannan emb, SBP (SBP), SVP See details
215 Samuel Neves - See details
220 Valentin Vasseur Dumer See details

https://decodingchallenge.org/low-weight/

|. Dumer, D. Micciancio and M. Sudan, "Hardness of approximating the
minimum distance of a linear code," in /EEE Transactions on Information

Low-weight Codeword Problem

This page is dedicated to the problem of finding low-weight codewords for random binary linear codes. Submit your solution

Low Weight Codeword problem. Given integers n,k,w such that k < n and w < n, an instance of the
problem LWC(n, k) consists of a full rank parity-check matrix H € F,[z" KX A solution to the problem is a Hall of fame

non-zero vector ¢ with Hamming weight < w such that He” = 0.

The challenge. Here, we focus on instances with code rate R = 0.5, that is n = 2k. We fix n = 1280 (see Download instances
below). At this length, there exists on average a unigue codeword of weight 144 (the Gilbert-Var
and finding it should requires at least 22 operations (see below). Finding words of higher weight is easier. The
goal is to find codewords with a weight as low as possible. The current record is Array. Format of instances

shamov bound)

Instance generator

Choice of n. The complexity of finding a codeword of weight equal to the Gilbert-Varshamov bound in a code
of rate R= 0.5 using the BIMM zlgorithm asymptotically requires 20-0999832n gperations, therefore with
n = 1280, finding the smallest codeword should require at least 2!2® operations. Download instances

All instances have the same size.
Compared to the Syndrome Decoding challenge, here the size of the instance is cryptographically large. The They are indexed by seed.
goal is to assess that finding codewords close to the GV-bound is hard. This problem is close to the Shortest i :

Vector Problem for lattices.

Instance generation. The instances are generated using a Python script. This script takes as input the length of
the code and a seed (but for this challenge we only use the length n = 1280).

How to participate?

-

. Choose an instance on the right. All instances have the same size, the only difference is the value of the
random seed used to generate them. You can also use the generator to generate an instance with another
random seed.

Parse the instance to get the values of H. Find a non-zero codeword ¢ of weight < Array such that
Hc' =0.

Submit your solution using the submission form. If your solution is correct, your name will appear in the

™~

w

hall of fame.
Best solutions NP-cno>xHas 3agaya

Weight Authors Algorithm Details

211 Leo Ducas, Marc Hybrid Wagner-Babai using Code Reduction See
Stevens [eprint:2020/869] details

212 Vasiliy Usatyuk Lattice:SBP(BKZ), SVP See
details

214 Vasiliy Usatyuk Lattice: Kannan emb, SBP (SBP), SVP See
details



Mopnens [leppunrrona-Kupknarpuka (Sherrington-Kirkpatrick)

2 2 Cijlijoio;

t=1,..,.N a=1,...M
Cjj - MaTpuia CBSI3HOCTH, 3JIEMEHT KOTOPOTO paBeH 1, eciu /iBa CiMHA B3aMMOJICHCTBYIOT, 1 O B IPOTUBHOM Ciyvae,
Jij- Bec (MOTeHIMAaN) B3auMOJICICTBHSI MEXK/Ty CIIMHAMMU, Oj- CIIMHBI MOfiesm M3uHra

Hr moxHo npeobpasoBaTb:

_ c®
HSK - Zp Zil'_"'ip:l,...,n 1 ] O-lp’
() 5 Yucno cnoes. p —3TO YKUCNO
raeJo 4 Jipy M.O. v pucnepcus Jj;. Map cnuHoe coedUHEHHbIX
MpoBepoYHasd MaTpUIAa KBAa3UIUKIUYECKOTO Koaa H onipenensaeT Cl.(lp) . lMpoesepoyHoii mampuyelii Koda.

,...,lp (4
x; n-buTHoe KoJoBOe CNOB Koaupyowee cnuH g; = 2x; — 1. Hucao umepayud dexodupoeaHus
B3anmopgeinctesme nap cnMHOB (6e3 KpaTHbIX pebep) nponcxoauT Ha ryouHy p.

Ji, i JBYX CMMHOBOIO B3aMMOAENCTBUA N MPUHUMAIOTCH KaK HE3aBUCMMbIE

cnyqaﬁHble BE€/IMYNUHDbI C N3BECTHBIM pPacnpeaeieHnem BepOﬂTHOCTeﬁ.

3 4 o
=[0 0 0 0 0LX'=[0 0 0 1 1] 5\1( _ 1 2 345 [x
_T=[O 1 1 0 1],)?3T=[O I 1T 1 0] \ 1 1T 1 0 0}x 0
/N Hx=0 1 0 1 1| x|=|0
MHOXecTBO CNMHOB COOTBETCTBYHOWNMX KOAOBbIM CZ10BaM 1 3
ABNAETCA COCTOAHUAMM MUHUMAIbHOM dHEpPIruum [@aMUNbTOHMAHA O O 1 1 1 x4 _O_
Sourlas, N.. Spin Glasses, Error-Correcting Codes and Finite-Temperature Decoding. EPL (Europhysics Letters). 25. 159. (2007) Xs




I'pad Tanuep (MmynbTUrpad, B cliydyae HAIUYMS HE TPUBUAJIBHOTO X1 )
KBazuuKIN4eCKOro HU3KOINIOTHOCTHOTO KO/Ia COOTBETCTBYET KaIHUOPOBOYHOMY MOJIS

Koposble Pebpa

sepwmtsl Tpaga MpoBepoYHbie y3/bl Xl CXO XX2

X:(X0>X1>X2)

(jaa)€X1<:>j€0( a=1-- M

‘Xo‘ =N ‘Xz‘ =M KopoBble cnoB (3akoaAnpOBaHHbIE B CMUH)
X\[= 2 m; = n, o {O'j}jeX()’Gj 2
JjeX, aeX,

DKBMBAJIEHTHbIE KOAbI (KaNMbpOBOYHASA MHBAPMAHTHOCTD )

Cy = GHG.:IVan
J ? 2
X~X<C,=C, jea
KasmbposouHas rpynna JKBMBAMIEHTHbIE KOAbl (KaNMBPOBOYHAA MHBAPUAHTHOCTb )
G=GL M,F 1 2 4 5 [ x, | — -
M) 113001'01 P2 34N
[ D x20 10 1 1L 1Nx | [0
x_001:D:X3_0 Hx=l0 1 0 1| x |=|0
Sl L0 0 0 1 x, | 0]
XS B
Y5 ] X,

lpadbl He 3KBUBANEHTHbI, Mbl A06aBUAU LUKA L5




CrarucTruueckasa MOIEIb HE3ABUCUMBIX OIIIMOOK CIIMHA

BepoAaTHOCTb pe3ynbraTa uamepeHus
HamarHM4yeHHOCTU CNMMHOBOTO CTEKNA

P(5)= (27" [ dn(om, (1)~ :)ex{(— F(1))
Ana cummeTpuYHO pacnpegeneHHoro layccosa wyma
0 F(r)=(2s*) > (h, -5’
b = faen ) ) 2 s\)z

OTHoweHuns curHan-wym (OCLL), TemnepaTypa

BepoATHOCTb MHAMBUAYANbHbIX OLWNOOK CNKHA

B pYHKLMM NNOTHOCTN BEPOATHOCTM Npeobnasaet Hanbonee BepoATHaA KOHPUrypaLma WymMma MHCTAHTOH (ceaioBan TOYKa)

_ — $(a,0
9 (F(h)— Alm, (h)- é’) —0 PJ(C) ~K l(é’)exp(— F(h )) Kop,c-)rmi?e c)nosa
n B~ expl—F(7)
mj( )_ é/ = 0 MHo»uTenb JlarpaH:ka ’ \‘?§§§§§\$§

QSARRNN
AN
RO
R

(R
%

V. Chernyak, M. Chertkov, M. Stepanov, and B. Vasi¢, "Local theory of BER for LDPC codes: instantons on a tree," Los Alamos Workshop on Applications
of Statistical Physics to Coding Theory, Jan. 2005.




Tornonornueckuii M”HBapHaHThl U KpUBU3HA V3MHT MojeIn nojiydeHHou u3 rpadoB TanHepa

(MmynbTUrpada B caydae Beca HUPKY/IsIHTa Oonblie 1)

YHMBepCcabHOE MOKPbIBatOLLEE AePEBO
(aHaNoOrMyHO PMMaHOBbLIM NOBEPXHOCTAM)
p:X—>X

cBoboaHan rpynna c reHepaTopom

— _ /
X(a;l)c X;aep'(j)zm(X)=z F(g)
Popn noBepxHoOCTH (genus)

A Teopema YepHa-laycca-boHHe /

JloKkanbHaa cmctema:
Kaxkapii y3en umeet ApeBoBUAHYO “OKpecTHOCTb”

jeUy)cX

dyHaameHTanbHaA rpynna

JlokanbHaa KpUBM3Ha

Poa nosepxHoCTU 3 (genus) Mpadbl C NOCTOAHHOM KPUBU3HOM MNokpebisatowee ,u,evpeBo yHVIBepEaanO 4
obnagaeT BbICOKOM CUMMETPUEN

] Bao4yHol cmpykmypoli

n =n XEY(m,n)

o

m.=m mN =nM

Wiberg Codes and iterative decoding on general graphs 1995
Weiss Correctness of Local Probability Propagation in Graphical Models with Loops 2000
Knill A GRAPH THEORETICAL GAUSS-BONNET-CHERN THEOREM arXiv:1111.5395 2011

Forney, "Codes on Graphs: Models for Elementary Algebraic Topology and Statistical Physics 2018
Meshulam, Roy. (2018). Graph codes and local systems.



KBa3u-MHCTAHTOHBI — IICEBAOKOA0BLIE cJ10Ba TS(a,b)

,ﬂ,VICerTHbIe 3Ha4€eHUA CMNnHAa

iy A7) < X(0;7)

BmecTo rnobanbHOro MMHMMYMa
MHOXEeCTBO /NOKabHbIX

N _ @Y
o, =] | sgn(@ )./ « 4,(7) (4,0) 0262, 2o
i RO )
HamarHM4yeHHOCTb CNMMHOBOTO CTEK/a e @ @ 0 @ : @
_ k=0 . a0 @®@®g’%0
n, =hy+ Zskhk = Znihl. S, = Haa @ S
ked, ieX, aeC) C @@ Q@ ®
77) ¢ - ®- @ o
® 9P JH LE
TS(a,b), b# 0 Op: I ()
KBa3u-nHcTaHTOHbI (cybonTMManbHble peweHus B pesynbrarte

HEeNONHOTbI PaHra pewaemoﬁ cucmemeol, YUKnoe 6 zpad)e) [epeBo KBasnLUNKAMYECKOro HM3KonnoTHoCcHOro Koga TaHHepa
[155,64,20] ana p=4 cnoes (nocne 4 utepauni)

Beom Jun Kim* Performance of networks of artificial neurons:
kEXO The role of clustering. PHYSICAL REVIEW E 69, 045101(R) (2004)



Jlanamagt noTepb KBAaHTOBBIX MOEJIEH Ha KAIMOPOBOYHOM I10J1€ 3aAaHHOM HU3KOMIOTHOCTHBIM KOJIOM.
“I'magkocth”’ ( XOpoiasi 00yCIOBICHHOCTb), BOBHUKAECT MPH YJAYUIIEHUE CIIEKTPOB CBA3ZHOCTH (* yCTpaHEHHUs TPENIUH-CETOB
TS(a,b)) u Makcumuzanuu KojgoBoro pacctosuus TS(a,0)
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VISUALIZATION BY JAVIER IDEAMI / LOSSLAN ’E.COM FINDING A MINIMA BECOMES A “LOCAL” CHALLENGE

*NaHawadTbl noBepxHocTen 0b6pasyoTca B pe3yabrate

bopMUPOBaHMSA AYEEK BOKPYT KoaoBbIX caoB TS(a,0) Figure 6: CIFAR-10 layer 2, gray scale  Figure 7: First layer, CIFAR-10

M nceBaokoaosbix cnos (TS(a,b)) obpasoBaHHbIX UMKAAMK  ** Tononorma CTPYKTYpbl (KOMNAEKC) akTUBaL MM TEH30POB ry6OoKoM
HeMpoHHoW ceTn (CNN, 3x3), obyuyeHHon Ha CIFAR-10

*Beom Jun Kim Performance of networks of artificial neurons: The role of clustering. PHYSICAL REVIEW E 69, 045101(R) (2004)

** [1712.09913] Visualizing the Loss Landscape of Neural Nets (arxiv.org)
***Carlsson, G., Gabrielsson, R.B. (2020). Topological Approaches to Deep Learning. In: Baas, N., Carlsson, G., Quick, G., Szymik, M., Thaule, M. (eds) Topological Data

Analysis. Abel Symposia, vol 15. Springer



https://arxiv.org/abs/1712.09913

Omnbka peKOHCTPYKIIMUA UHIWBUIYAJIbHOTO CIIMHA JIyYIlle MPU MAaKCUMHU3AIIUM JJIMHBI LIUKJIOB B rpade —

VYnydineHus CIEKTPOB CBSI3HOCTH (yCTpaHeHus TpennuH-ceToB TS(a,b)) u komoBoro paccrosaHus TS(a,0)

OOyYeHHbIE HEMPOHHBIE CETU C BLICOKOW TOYHOM, BLICOKON 00001AI0IIEN CTIOCOOHOCTHIO U
HU3KON BEPOSTHOCTBIO JIOSKHOT'O CpadaThIBAHUS OTBEYANOT KPUTEPUIM YIYULIEHUS CIIEKTPa
CBSI3HOCTH IMIOMEXOYCTONYMBBIX KOJOB C MSATKUM JIEKOIMPOBAHUE:

MeTtopaM noCTpOEeHNsT HU3KOIIIOTHOCTHBIX KOJIOB

*Beom Jun Kim Performance of networks of artificial neurons: The role of clustering. PHYSICAL REVIEW E 69, 045101(R) (2004)

Carlsson, G., Gabrielsson, R.B. (2020). Topological Approaches to Deep Learning. In: Baas, N., Carlsson, G., Quick, G., Szymik, M.,
Thaule, M. (eds) Topological Data Analysis. Abel Symposia, vol 15. Springer




Hcnpasnenue “orpaBneHust naHHbIX (adversarial attack)




Heuenepas coctsizaresibHas aTaka (adversarial attack, “oTpaBneHus’” TaHHBIX )

Llenb HeueneBom cocta3aTenbHoM aTtaku (untargeted adversarial attack, oTpaBneHuna aaHHbIX) — co3aaTb HeboAbLLOE
BO3MYLLEHME BO BXOAHOM M300paKeHUM, KOTOPOE 3aCTaBUT HEMPOHHYIO CETb OLUMOOYHO OTHECTM ero K Kakomy-nmbo
HenpaBUAbHOMY Knaccy.

ANrOpUTM HeLLeNIeBOro OTPaB/IEHUA AaHHbIX:

1. Bbiuucnute rpagumueHT NoTepb NO OTHOWEHUIO K BXOAHBbIM AadHHbIM:

g =Wi(xy,0)

n = &-sign(g)

2. BblYMCAUTb BO3MYLLEHWNE, B3AB 3HAK FPaMeHTa:

3. OcywecTBnTb OTpaBAeHUE AAHHbIX:
Xadv = X117

roe X € R™™*3 _ gxonHoe RGB n3obpaxeHue pasmepa nxm, y € {1,2, ..., C} — meTka knacca ,f (X, ) -
HEMPOHHOM CeTb C NapameTpamu B, KOTopaa BbIBOAUT BEKTOP BEPOATHOCTEM Knaccos, £(X,y, 0) - byHKumMA noTeps,
KOTOpaa n3mepaeT HeCOOTBETCTBUE MeXAY NpeAcKa3aHHbIMM BEPOATHOCTAMM KNAacCOB M UCTUHHOM METKOW Knacca,

€ - BEIMYMHA BO3MYLLEHMUS, HEOONbLLOW MONOKUTENIbHBIN CKANAP, YIPaBAAOWMNIA UHTEHCUBHOCTbIO BO3MYLLEHMS,
+1, x>0

sign(x) — dyHKUMA 3HaKa, sign(x) = 0,x =0 .

_1'x <0 Goodfellow, I. et al. "Explaining and Harnessing Adversarial Examples." http



X
n Xadv
Knacc: maprapuTka Knacc: KOHCKMM KaluTaH

Original Image Adversarial Image (Epsilon = 1)
Class: daisy Perturbation Class: buckeye




X
y n Xadv
Knacc: yanHuk Knacc: KyBLWMWH

Original Image Adversarial Image (Epsilon = 1)
Class: teapot Perturbation Class: pitcher




Hcnpasnenne cocTs3zaTenbHon aTaku (One shot defence from adversarial attack)
ANropuTtm:
1. NMpeobpa3oBaHmne cocTA3aTeNbHOTO M306parkeHna B OTTEHKM CEPOTro:

Xgray = rgb2gray(Xaav), Xadv
2. Bbibopka noabnoKkos. NpeobpasoBaHMe U30bparxkeHMs B Henepecekatowmeca 6,10Kkm paamepom b Xb:
Xplock = iM2c0l(Xgray, [b, b], 'distinct’)
3. MocTpoeHune paspsakeHHoro cnosaps (Generate Sensing Matrix):
A = BCS_SPL_GenerateProjection(b, ratio), A € R™*"

4. BbluMCIEHME MATPULLbI PEKOHCTPYKLUK:

E IRHXWXC

Yy = AXpjock
5. UHMUMaNn3auma napameTpoBs pPaspasKeHHON PeKOHCTPYKLMK:

opts = {u, B, 60, A, maxit, tol, Xgrays b, ratio, H, W}
6. PaspsrkeHHaA peKoOHCTPYKUMA n3obpakeHuna: X... = RCoS(A, b, opts)

7. Ans Kaxkaoro KaHana utepatMBHo 06HOBUTE BOCCTAHOB/IEHHOE M300paXKeHUe, BbluMTAA 3aMaCKMPOBaHHOE OMOPHOE
n3obparkeHne Ha ocHoBe QC-LDPC koga 3apgaHHoro nposepovyHon matpuuen H, macwtabupoBaHHOoe Ha a:

Ler = Xaavs Ireclir i €] = Lige[iy i, c] = (1 —H) - a - Lgf]:, 1, ]

8. MHoroaTtanHoe BocctaHoBneHue co casnrom mackn H, Hepifeeq (i, j) = H((shift + i)modW,j), R

Lecl:si ] = Lreclisih €] + Hghifted * @ * Xrec-
9. Bo3Bpalaem Xgefence = Irec




LLIar 6. YcToumBoe cxkaToe 3oHaMpoBaHue (Robust Compresed Sensing Recovery), RCoS(A, b, opts)*
Xrec = RCoS(A, b, opts)=U:

b

2

rae, U pesynbtat cxkatoit pekoHctpykunu, VU = (V, U,V U) rpaguent U, W = (W,, W, ) nepemeHHas ana (Total variation

denoising)-perynapusaumn**, g, g,, 6 - MHOKUTEeNM JlarpaHa ANs orpaHnYeHunit, Ay, B, | - perynapusaumoHble napameTpbl.

. U
min Ay | VU Iy +5 1 VU =W 115 +5 I AU — b 15 —(oy, VU — Wy) — (g, ,U — W, ) — (6, AU — b)

Anroputm RCoS:
1. Boiyucautb ATb v npoununuausuposats U, 1, B .

2. WtepaTuBHasa onTMmMmnsauma, 40 AOCTUXEHMA maxit. BbluMCAUTD rpaaneHT g2 v cBA3aHHblE C HUM NapaMeTpbl.
BbINONHUTL rpagmneHTHbIN CNYCK:

g2=DT(WVU-W),g=AT(AU - b), U« U —1-d,d = g2 +%g—DTSAtd+0(U—X)

3. PerynapunsosaTb:

W, = max(||7x —%

_1 . G _ 9x — _ 1 0y, g _ %
ﬁ,O) 51gn(l7xU ﬁ)'Wy max(|V,U ﬁl B'O) sign(V,U ﬁ)

4. O6HOBUTb MHOMKMTENIN JlarpaHa dy, 0y, 0:
0y < 0x — (VU — W,), 0y < 0y, — ,B(VyU — Wy),d « 6 — u(AU — b)

U=Uprev
5. MposepuTb cxogumoctb: RelChg = 1U=Upre "F,RelCh < tol 3aBepmIUTH aaropuT™m, BepHyTh U.
T g p p pHy

*). Zhang, et al., Image compressive sensing recovery using adaptively learned sparsifying basis via LO minimization, Signal Processing (2013)
**Rudin, L. |.; Osher, S.; Fatemi, E. (1992). "Nonlinear total variation based noise removal algorithms". Physica D. 60 (1-4): 259-268.



Lar 7,8. NMpumeHeHne noctpoeHHoM mackm QC-LDPC koaa H m

ero UMKAn4ecKoro casura

H?256%256 — Hshifted=

0 50 100 150 200 250
nz = 1024

MeTtopa noctpoeHusa H ysennumnsaeT Kogosoe paccTtosiHne n CnexkTp cBasHocTu®

*:V. S. Usatyuk and S. I. Egorov, "Topology-Aware Sparse Factorization in Energy-Based Models: Tori QC-LDPC Codes and Circular Hyperboloid MET QC-LDPC
Codes," 2024 26th International Conference on Digital Signal Processing and its Applications (DSPA), Moscow, Russian Federation, 2024, , pp. 1-6

Usatyuk V. S., Egorov S. |., "Heuristic Number Geometry Method for Finding Low-Weight Codeword in Linear Block Codes," 2024 26th International Conference on
Digital Signal Processing and its Applications (DSPA), Moscow, Russian Federation, 2024, pp. 1-6



X n Xadv
Knacc: mapraputka Knacc: mapraputka

Original Image Adversarial Image (Epsilon = 1)
Class: daisy Perturbation . Class: daisy 7




X
] n Xadv
Knacc: YanHuK Knacc: YaHuK

Original Image Adversarial Image (Epsilon = 1)
Class: teapot Perturbation Class: teapot




CaoxuHoctb I'y00KMX ceTer Tna TpaHcgopmep (B TOM 4Yucjie BU3yajibHble TPaHCoOpMepbhI)

Maxwell Anderson, Shi-Yuan Ma, Tianyu Wang, Logan Wright, Peter McMahon Optical Transformers Published in Transactions on Machine Learning Research (03/2024)
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Total Multiply-Accumulate Operations (MACs) per Inference
Yucno YMHO2KCHHUN C ONICPAIMCH CIIOKCHUA 1151 OMHOKPATHOI'O BBI3OBA

Texkymmi ypoensb Tunoom BY 20-40 T®JIOIIC Ha MmaccoBbIX yCTPOMCTBAX, TPEeOYyeTCsl YCKOPeHUe > Ha 3 mopsiaka.
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Tpanchopmep

BxogHaAa 1-mepHas! BbixogHaa 1-mepHasn!
nocnenoBaTesibHOCTb nocnenoBaTtesibHOCTb

Bce BXxogHble AaHHble KaK FI3bIK!!!V|306pa)KeHMe 3TO reshape MHOTomMmepHbIX AdHHbIX, rAe CeEMaHTUKa
MHOromepHaa ectb 1 MeEpPHan HEe/IMHeNHasn Koppenauud



PAHCPOPMEP 3TO OO0 aA NAEA O/TA O0PaOOTRKU OA/TMHHBIX TTOCNEAO0BATENNTBHOCTEN AdHHBIX
CNN

TpagmumoHHo ans 1D nocnegosatenbHOCTEN TpagnunoHHo ansa N-D nocnenoBaTeNbHOCTEN TPAKTYEMBbIX KaK
NPUMeHANNCb PeKyppeHTHble HeMPOHHbBIN ceTy nsobpaxkeHma npumeHAnncb CBepTOYHbIE HEMPOHHbIN CEeTU

y y(t-2) y(t-1) y(t) y(t+1) y(t+2)




PdHC opN\ep STO O0WaA NAEeA ANNA OOPdO0O0TRN ANMVHHDBIX I'IOCJ'IG,D,OBaTefIbHOCTel/I AdHHDBIX
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TpagmumoHHo ans 1D nocnegosatenbHOCTEN TpagnunoHHo ansa N-D nocnenoBaTeNbHOCTEN TPAKTYEMBbIX KaK
NPUMEHANNCb PEeKyppeHTHbIe HeMPOHHbBIN ceTy nsobpaxkeHma npumeHAnncb CBepTOYHbIE HEMPOHHbIN CEeTU

LSTM GRU
forget gate cell state reset gate O S O - O o O o O - O - O - ? Output
Dilation = 8
— : -
] : Hidden Layer
~ ﬁ ; ‘ Dilation = 4
' Hidden Layer
input gate output gate update gate Dilation = 2
O () O i O O O i Hidden Layer
e b | 3 Dilation = 1
sigmoid tanh pointwise pointwise vector :

multiplication addition concatenation




Tpch opMep 3TO O0LWaA naed And oopdoO0TKUN AJ/TIMHHBIX NMOCNed0oBaTe/ibHOCTEN AdHHbIX

A4 d
OOO

CNN

OnHako, 00€ apXUTEKTYyphl HPOUTPHIBAIOT TPAaHCPoOpMEpaM MO CIOKHOCTU U
Kau€CTBY BBISBICHUS IIMHHBIX KOPPEISINi B JAaHHBIX, B TOM YHCJIC N300pAKCHUIX



TpaHchopmep
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Koaep

BnokeHne+ NO3NLMOHHOE KoamnpoBaHue
(position vector)

TpaHchopmep

2339 19081 2024 2488 2084 100
Bonara Bnagaetr B Kacnuickoe mope ?
2488 2084 19081 2024 2339
Kacnunmnckoe mope BnagaeT B Bonra?




NO3MUMOHHOE KOoJMpoBaHKMe (position vector)

PE,,, ;= Sin(pos / 10007/ )




O3UIMOHHOE KOJUpPOBaHKE (position vector)

Bnagaer vope

Bonra
?

w

£ Kacnumckoe k\-

POS

PE_ . = sin(pos / 1000

(po




NO3UIMOHHOE KOAUPOBAaHMUE (Pposition vector) ¢ peleHueM nmpooJieMbl FPAHUYHbBIX YCJIOBUN

=sin(pos/1000?"4m«ry=—=  For every even position

(pos,2i)

PE ., .1,=c0s(pos/1000% ) | For every odd position




b0k BHMMaHWS OCHOBaH Ha crioco0e xpanenus nHgopmanuu Query, Key, Value

3anpoc: BXoagHoe 3Ha4YeHue
Kntoy: xew(cBepTKa)
3HauyeHue:

Multi-Head
Attention

Embedding



OunbsTp BHUMaHKS BHYTPH royioBbl BHUMaHMs (Attention head)

Linear

Concat

Scaled Dot-Production '——

Attention

Matmul

Q K

Linear| |Linear| |Linear

Bonra Bnapaer

ENEE

B

Q Kacnumc

Attention Filter

B  Kacnumiuckoe mope 7?




OUNbTP BHUMAHMA BHYTPW roa10Bbl BHMMaHMA (Attention head)

Linear Boara Bhmagaer B Kacnuuckoe mope ?

Concat

Scaled Dot-Production ——
Attention

Matmul

Q K

ENEE

B

Q Kacnumc

Linear| |Linear| |Linear

Q KT) Attention Filter

Softmax
(/ak_




OYHKUMA aKTMBALMM

Linear

Bonara Bnagaetr B  KacCnuiickoe mope

Concat

Scaled Dot-Production
Attention Scale

Q K

Linear ' ' Q Kacnuitc

mMmope

QK'

Softmax
Jak_ Attention Filter




Multi-Head Attention

Linear

Concat Matmul

: Softmax

Scaled Dot-Production
Attention Scale

Matmul

Q K V
Linear , Attention Filter

QK'
\Y
Jd,
Multi-Head = Concat(head , head,, ....., head )
where headl = Attention(QW 9, KW X, VW)

Linear r ’ Linear [

Attention(Q,K,V) = Softmax(

Query Key Value




QC Ke

Add & Norm

Feed Forward

Add & Norm

Multi-Head
Attention

L

Q

Query

Bosra BnagaeT B Kacnuiickoe mope ?

L1 Key |L2 Value (L3

Bonra BnagaeT B Kacnuiickoe mope ?

Bosra BnagaeT B Kacnuiickoe mope ?



Softmax
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Softmax

Linear

Add & Norm

Feed Forward

Add & Norm
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1

Multi-Head
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Embedding
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AKTOPH3YEM BHUMAHWE ITPU [TOMOIIIH KO/
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' '\ Embedding
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https://deepai.org/profile/zhuoran-shen
https://arxiv.org/abs/1812.01243v1
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9),4% YPbI HCUPOHHE KO OTHQC A KO/l [

00pa0OTKM JJIMHHBIX MOCJIEAOBATEILHOCTEN JJAHHBIX
CNN LDPC




onok KopupoBaHus

OJIOK BHUMAHUS
LDPC, XomMmuHr, ...
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LDPC kop MOKET 3a/1aBaTh CTPYKTYPbI CBA3EN pacIIMPEHHbIX CBEPTOYHbIX ceTen dilated CNN
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