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Modern Generative Models for Images

Text prompt: woman's transparent Text prompt: Chicken with Text prompt: 1967 Dodge Charger,
futuristic inspired sneakers, glitter,  potatoes baked in mayonnaise-sour moody lighting, side view, black,
depth of field cream sauce front view, lobby of the Louvre ...

KANDINSKY SHEDEVRUM MIDJOURNEY



Evolution of Generative Models

2013-2014 2015-2017 2019-2021 2022 2024
Initial attempts Active development of Diffusion-based First inspiring large Powerful text-to-video models
to learn (primarily GAN-based) algorithms, models are text-to-image appear based on diffusion models.
generative first convincingly scalable image introduced and models appear
models; generation models appear. actively developed. (based on diffusion
VAE/GAN models).

algorithms



Principal Approaches to Generative Modeling'?

Adversarial models (GANs, 2014)

Training set]

Random
nol
@

Generator

Dlscnmlnator
Real
@ = —{Fa ke

Fake image

Generated images
(these people do not exist!)

Random
noise
input

Gener... =

B Qﬂ,“ o=

Deep neural network
(generator)

Han Goodfellow et al. (2014). “Generative adversarial nets”

systems, pp. 2672-2680.

2Jascha Sohl-Dickstein et al. (2015). “Deep unsupervised learning using nonequilibrium thermodynamics
International conference on machine learning. PMLR, pp. 2256-2265.

Diffusion Models (DM, 2019)

Forward SDE (data — noise)
dx—fxt)dt+g dW*)@
.i 'i 'g

sco fun N )
(0 e -0 dt+g<t)dw@

Reverse SDE (noise — data)

. In: Advances in neural information processing

" In:



Diffusion Models3*

MAIN IDEA: reverse the data noising process.

Forward diffusion (noising SDE) Reverse diffusion (denoising SDE)
Take a data distribution xg ~ pp and gradually turn Sample from noise distribution x7 ~ pT
it to noise distribution x7 ~ pr = N(0,02/). and reverse the diffusion to get xo ~ po:

. — X,
dxe = f(xe, t)dt + g(t)dWe dxe =[f(xt, t) — g2(t)Vx log p(xe, t)]dt + g(t)d W
(e.g., dx¢ = 7%3tdt + \/Edwt) (or dxe =[f(x¢, t) — %g (t)Vx log p(x¢, t)]dt)

3Jonathan Ho, Ajay Jain, and Pieter Abbeel (2020). “Denoising diffusion probabilistic models”. In: Advances
in neural information processing systems 33, pp. 6840-6851.

#Yang Song et al. (2020). “Score-Based Generative Modeling through Stochastic Differential Equations”. In:
International Conference on Learning Representations.



The Key Limitation of Diffusion Models: Time-Consuming Inference

To simulate the denoising process:

dxe = [f(xe, t) — g2(t)Vx log p(xe, t)]dt + g(t)dW,

one uses the discretization (e.g., Euler-Maruyama simulation):

Xe—ar = x¢ — [f(xe, t) — g2(t) Vi log p(xe, t)] At + g(t)WVALE: &~ N(0,1).

True trajectory

P

simulated trajectory NFE*S 16 I{‘; 64 128 256 512 1024
Remark: .
- Diff. models performance,

NFE (# function evaluations) = (# discretization steps) CIFAR-10. FID w.r.t NFE.



Straightening The Trajectories of Diffusion Models

What we have What we want

Not straight (deterministic or stochastic) | Straight (deterministic?) trajectories, which
trajectories, which are HARD to simulate. are EASY to simulate.

XT [ —
W Xo Xt e Xo




Part I: Flow Matching
Framework and Rectified Flows



Teaser: Flow Matching Capabilities®®

InstaFlow: 1 Step is Enough for HQ
Diffusion-based Text-to-image Synthesis

Stable Diffusion: N-step

izt

Step 1 Step 2 Step N-1 Image

InstaFlow: One-Step

N times faster

Scaling Rectified Flow Transformers for

High-Resolution Image Synthesis

5Xingchao Liu, Xiwen Zhang, et al. (2023). “Instaflow: One step is enough for high-quality diffusion-based
text-to-image generation”. In: The Twelfth International Conference on Learning Representations.
SPatrick Esser et al. (2024). “Scaling rectified flow transformers for high-resolution image synthesis”. In:

Forty-first International Conference on Machine Learning.



Flow matching vs. Diffusion Models: Key Differences

Diffusion models framework (2019) Flow matching framework (2023)
= maps given complex data distribution = maps arbitrary distribution po to
to the normal distribution. arbitrary distribution p;.
-
= uses pre-defined noising process. = no pre-defined process.
= (theoretically) requires infinite time = finite time horizon [0, 1].
; I
horizon [0, T, = based on ODEs. T

= based on SDEs (= complex stuff).



Main Flow Matching-related papers

1. Flow Matching (FM): Yaron Lipman et al. (2022). “Flow Matching for Generative Modeling".
In: The Eleventh International Conference on Learning Representations

2. Rectified Flows (RF): Xingchao Liu, Chengyue Gong, et al. (2022). “Flow Straight and Fast:
Learning to Generate and Transfer Data with Rectified Flow". In: The Eleventh International
Conference on Learning Representations

3. Conditional FM (OT-CFM): Alexander Tong et al. (2024). “Improving and generalizing
flow-based generative models with minibatch optimal transport”. In: Transactions on Machine
Learning Research. Expert Certification. 1SSN: 2835-8856. URL:
https://openreview.net/forum?id=CD9Snc73AW

4. Straightening FM: Aram-Alexandre Pooladian et al. (2023). “Multisample Flow Matching:
Straightening Flows with Minibatch Couplings”. In: International Conference on Machine
Learning. PMLR, pp. 28100-28127

5. Optimal FM (OFM): Nikita Kornilov et al. (2024). “Optimal Flow Matching: Learning Straight
Trajectories in Just One Step”. In: The Thirty-eighth Annual Conference on Neural Information
Processing Systems. URL: https://openreview.net/forum?id=kqmucDKVcU


https://openreview.net/forum?id=CD9Snc73AW
https://openreview.net/forum?id=kqmucDKVcU

Preliminaries

Vector field v : RP x [0,1] — RP.

v(-,0) v(-,T) v(-,1)
i N
- RN AN

Movement of a point along the field.

Let x¢(x0) be the solution to dx; = v(x, t)dt with initial condition x;—g = xo, i.e.:
ot

xt(X0) = xo +/O (% (x0), T)dr. X‘)% X1(Xo)
X(Xo)

10



Flow Transport: Key ldea

V(Xg,0) V(X t)

Find a (time-dependent) vector field v(x;, t) which transports the probability mass of
distribution pg to distribution py, i.e.:

If xg ~ Po then Xl(XO) ~ p1

V(X,T)
XO,\/‘L%/J X]_(Xo)
XT(XO)

11



Flow Transport: Non-uniqueness

There may exist multiple vector fields v transporting py to p;.

Let p; denote the distribution of x;(xp) (for xo ~ pg) obtained from pg

by transporting its mass along the vector field v(x;, t).

How to construct at least one sequence of distributions p; which transports py to p;?

Remark: This should be much easier than constructing vector field v itself.

12



Flow Transport: Creating Interpolating Curve

Simple interpolation. Pick xq ~ pg, x1 ~ p1 and set:

xe=xo-(1—t)+x -t

Let p; be the distribution of points x; obtained with the procedure above.

How to find some vector field v(x;, t) which produces this sequence of
distributions p; by transporting po?

13



Flow Matching: Basic Algorithm’

dx; = v(xg, t)dt

X0 ~ Po

2
P

1/4 "1/2 3/4

One of such vector fields could be found as a solution to flow matching (FM) objective:

2
min E E |v(xe,t) — (x1 — Xo)H .
v xg~po | t~[0,1] I
X1~ P1 X0 (1—1t) +xq-t

VPP, 1)

Let vP*PL(x,, t) denote the minimizer to this problem.

"Xingchao Liu, Chengyue Gong, et al. (2022). “Flow Straight and Fast: Learning to Generate and Transfer
Data with Rectified Flow". In: The Eleventh International Conference on Learning Representations.

14



Flow Matching: Practical Aspects®

2
vg- = argmin E E ‘ v(;(xt,t)f(xlfxo)H
vg  xo~po | t~[0,1 Il
X1~ P1 x0-(1—1t) +xq-t

= Epox~p (+) is estimated using train samples xo ~ po and x; ~ p; (datasets).

= tis sampled at random from Uniform[0, 1].

= v =uwy is a (large) Neural Network which takes data point x; and time (time embedding)
t as the input.

8Yaron Lipman et al. (2022). “Flow Matching for Generative Modeling”. In: The Eleventh International
Conference on Learning Representations.

15



Flow Matching: Preliminary Examples and Some Issues

Toy example: Example of image generation:
Gaussians -> Gaussians (different number of trajectory integration steps is shown)

Initialization N=1 N=2 N=5 N=10 N=1000

Remark: if the trajectories were really straight, generation with different numbers of steps
would give the same result, because there would be no integration errors.

Problem: trajectories are not straight enough.

/OX1
X

0

16



Rectified Flows®

Key idea: iteratively repeat flow matching (FM) procedure to get straighter trajectories.

Step 1: pure flow matching.

v 1

2
=argmin E E "U(Xt, t) — (xq — Xo)H .
v xo~po | t~[0,1] I
X1~ p1 X0 (L—t) +xp -t

1

Result: vector field v+ moving pg to ps:

1 1

xo ~ po Adxy = vt (x, t)dt = x{ (x0) ~ p1.

9Xingchao Liu, Chengyue Gong, et al. (2022). “Flow Straight and Fast: Learning to Generate and Transfer
Data with Rectified Flow". In: The Eleventh International Conference on Learning Representations.



Rectified Flows

Step k+1: flow matching using samples (xo,xl"k(xo)):

=argmin E { E

v xg~py | t~[0,1]

xo-(1—=t) +x (xg)-t

v(xe, ) = (x1° (x0) = x0)

7

Flow matching
(step 1)

dxe=v(xp)dt

Learn some vector field v!

transporting po to p;.

(step 2)

l Flow matching

dx¢=V?(x¢)dt

Use the previously obtained field v
)1 .
to get samples (xo, ;" (x0)) to train

the new field v°.

Step k+1

(step K)

l Flow matching

dxg=v<(x¢)dt

Use the previously obtained field

to get samples (xp, X; (X0)) to train

. k+1
the new field v . 18



Rectified Flows: The Straightening Effect

Theorem (Informal'°)

Vector field v produces more straight trajectories (dx; = v (x¢, t)dt A xg ~ pp) as K — oc.

L
/\

(a)The Ist rectified flow Z'  (b) Reflow Z? (c) Reflow Z3

Rectified Flows performance between source and target, K = 1,2, 3.

1l{m
1 --®- Transport Cost

i --e- Straightness

0 ..mmnm
0 10 20
Reflow Step

e

Transport cost,
Straightness.

10Xingchao Liu, Chengyue Gong, et al. (2022). “Flow Straight and Fast: Learning to Generate and Transfer
Data with Rectified Flow". In: The Eleventh International Conference on Learning Representations.

19



Rectified Flows: Practical Issues

After the first flow matching step, the iterative approach never utilizes the true data x; ~ p;
but uses learned samples x;’ p1, i.e., those obtained via xg ~ po A dx; = v*(x;, t)dt

Flow matching o Flow matching
(step 1) (step 2) (step K)
T\ ’!
F—— — |
dx¢=v!(x¢)dt dxe=V?(x¢)dt dxe=V(x¢)dt

This issue leads to the target matching error, i.e., the model never learns the true p; due to
statistical, approximation, optimization errors, which accumulates with FM iterations.

20



Rectified Flows: Image Generation Examples

Columns - different NFE, rows — different FM iterations.

Initialization N=1 N=2 N=5 N=10 N=1000

1-Rectified Flow

2-Rectified Flow

For the 2-step FM the trajectories are rather straight which can be deduced from the fact that
the model works reasonable even for NFE = 1 (2-Rectified flow, N = 1).

21



Instaflow: Rectified Flow as a Tool for Model Distillation!!

Noise
30

Step 1

Stable Diffusion: N-step
'k 3 fl |

InstaFlow: One-Step

Image

Step2 Step N-1

N times faster

Image

20

FID-30k on MS COCO 2014

5

® LAFITE

StyleGAN-T

QU
[ ]

Make-A

LOM GLIDE  scepe
1.78 ° (3
parti-38

Stable Diffusion —T
® gimagen g

01 10 1
(log) Time to Generate One Image (s)

HXingchao Liu, Xiwen Zhang, et al. (2023). “Instaflow: One step is enough for high-quality diffusion-based

text-to-image generation”. In: The Twelfth International Conference on Learning Representations.

22



Stable Diffusion: Flow-based Large Text-to-lmage Model'?

Yo

= 3 s

aspace clevator, A checscburger with juicy 2 hole in the floor of my jtalart human I

cinematic scifiart beef paties and melied  bathroom with small capures a vibrant, outof fractals

cheese sits on top of atoilet  gremlins living in it Kalidoscopic bird in a lush
that looks like a throne and rainforest. pentagram on the
stands in the middle of the Tloor

royal chamber.

= " g

smiling cartoon dog sits al a table, coflee mug on hand, as a room goes up in flames. * e
dog assures himself.

an 0ld rusted robot wearing pants and a jacket riding skis in 4 supermarkel.

2patrick Esser et al. (2024). “Scaling rectified flow transformers for high-resolution image synthesis". In:

Forty-first International Conference on Machine Learning.
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Part 1l: Bridge Matching
Framework and Diffusion
Schrodinger Bridge Matching




Flow Matching vs. Bridge Matching:

a Comparison

Flow Matching
dx; = v(x, t)dt

Bridge Matching

dxe = v(x¢, t)dt + VedW; (e > 0).

. . def
Define interpolation: x; = xo-(1—1t) 4+ x1 - t.

min E E
U xg~py t~]0,1]
X1~ p1

Hv(xt,t) ~ (x —xo)Hz.

Can be iterated to straighten the flows.
Related to the Optimal Transport (OT).

Define a distribution: pf & A (x, et(1—t))
nE E B |o(z - 2
min v(X¢, t) —
UV xp~pg fN[O,].] X~ p; ‘ 1 —t

X1~ p1

Can be iterated and converges to the

Schrodinger bridge.
24



Examples of Bridge Matching Models for Images!3!*

|mage_to_image Schrodinger Bndge Diffusion Schrodlnger Brldge Matchlng
for various image restoration problems for unpaired image-to-image translation
12SB output

Input Reference

cat — wild

ion Deblurring

IPEG

=
£
E
)
=

solution

3Guan-Horng Liu et al. (2023). “I12SB: image-to-image Schrddinger bridge”. In: Proceedings of the 40th
International Conference on Machine Learning, pp. 22042-22062.

Yuyang Shi et al. (2024). "Diffusion Schrédinger bridge matching”. In: Advances in Neural Information
Processing Systems 36.

25



Main Bridge Matching-related papers

1. Bridge Matching (BM): Stefano Peluchetti (2022). Non-Denoising Forward-Time Diffusions.
URL: https://openreview.net/forum?id=oVfIKuhqfC

2. Bridge Matching (BM): Xingchao Liu, Lemeng Wu, Mao Ye, et al. (n.d.). “Let us Build
Bridges: Understanding and Extending Diffusion Generative Models"”. In: NeurlPS 2022
Workshop on Score-Based Methods

3. lterative Bridge Matching (IBM): Stefano Peluchetti (2022). Non-Denoising Forward-Time
Diffusions. URL: https://openreview.net/forum?id=oVfIKuhqfC

4. lterative Markovian Fitting (IMF): Yuyang Shi et al. (2024). “Diffusion Schrédinger bridge
matching”. In: Advances in Neural Information Processing Systems 36

5. Discrete Iterative Markovian Fitting (D-IMF): Nikita Gushchin, Daniil Selikhanovych, et al.
(2024). “Adversarial Schrédinger Bridge Matching”. In: The Thirty-eighth Annual Conference on
Neural Information Processing Systems. URL: https://openreview.net/forum?id=L3Knnigicu

6. Optimal Schrédinger Bridge Matching (LightSB-M) Nikita Gushchin, Sergei Kholkin, et al.
(2024). “Light and Optimal Schrédinger Bridge Matching”. In: Forty-first International
Conference on Machine Learning

26
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https://openreview.net/forum?id=L3Knnigicu

Part Ill: Our Results Related to
Bridge/Flow Matching Models




Optimal Bridge/Flow Matching & Adversarial Bridge Matching

Our published papers (NeurlPS, ICML 2024):

1. Nikita Kornilov et al. (2024). “Optimal Flow Matching: Learning Straight Trajectories in Just

One Step”. In: The Thirty-eighth Annual Conference on Neural Information Processing Systems.

URL: https://openreview.net/forum?id=kqmucDKVcU

2. Nikita Gushchin, Sergei Kholkin, et al. (2024). “Light and Optimal Schrédinger Bridge
Matching”. In: Forty-first International Conference on Machine Learning

3. Nikita Gushchin, Daniil Selikhanovych, et al. (2024). "Adversarial Schrédinger Bridge Matching”.

In: The Thirty-eighth Annual Conference on Neural Information Processing Systems. URL:

https://openreview.net/forum?id=L3Knnigicu
Our related pre-prints:

1. Sergei Kholkin et al. (2024). “Diffusion & Adversarial Schrodinger Bridges via lterative
Proportional Markovian Fitting". In: arXiv preprint arXiv:2410.02601

27
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https://openreview.net/forum?id=L3Knnigicu

Optimal Flow Matching (OFM)*

Main idea: during FM minimization, consider only specific vector fields generating exactly straight
trajectories. This optimization provably leads to optimal transport displacements.

X~ Po

(OURS)

Optimal Flow Matching
(just one step, ours)

OFM, MB OFM, Ind

(OURS)

RF

In just one FM minimization and for any initial 7, we get straight trajectories 4+ solve OT.

5Nikita Kornilov et al. (2024). “Optimal Flow Matching: Learning Straight Trajectories in Just One Step”. In:
The Thirty-eighth Annual Conference on Neural Information Processing Systems. URL:
https://openreview.net/forum?id=kqmucDKVcU.

28
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Conclusion

Generative Adversarial Networks (2014-...)

Training set D|scr|m|nator
Real

ﬁandom @ = _[Fake
Generator Fake image

Diffusion models (2019-...)
Forward SDE (data — noise)
dx = f(x, t)dt + g(t)dw %
.(7 dx = [f(x,t) — ¢ (tsx 2 dt+gt)dw @

Reverse SDE (noise — data)

Flow/bridge matching models (2022-...)

/\

L

What is next?

?
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Building Light Schrodinger Bridges
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Overview

Modern Diffusion Models and Their Limitations

Optimal Transport and Schrédinger Bridges

Part I. Light Schrédinger Bridge (ICLR 2024)

Part Il. Light and Optimal Schrédinger Bridge Matching (ICML 2024)

Other works



Modern Diffusion Models and
Their Limitations



Modern Generative Models for Images

Text prompt: woman's transparent Text prompt: Chicken with Text prompt: 1967 Dodge Charger,
futuristic inspired sneakers, glitter,  potatoes baked in mayonnaise-sour moody lighting, side view, black,
depth of field cream sauce front view, lobby of the Louvre ...

KANDINSKY SHEDEVRUM MIDJOURNEY



Adversarial models (GANs, 2014)

Training set| Discriminator
_Real
@

Random m " LFake
. Fake image

Generator

Generated images
(these people do not exist!)

Random
noise
input

o
2, e
kel

Deep neural network
(generator)

e

Gener...

@

Principal Approaches to Generative Modeling

Diffusion Models (DM, 2019)

Forward SDE (data — noise)
dx = £(x, t)dt + g(t)dw *)@

9

s = 15— 0T o) @

Reverse SDE (noise — data)




Diffusion Models'?2

MAIN IDEA: reverse the data noising process.

Forward diffusion (noising SDE) Reverse diffusion (denoising SDE)
Take a data distribution xg ~ pp and gradually turn Sample from noise distribution x7 ~ pT
it to noise distribution x7 ~ pr = N(0,02/). and reverse the diffusion to get xo ~ po:

. — X,
dxe = f(xe, t)dt + g(t)dWe dxe =[f(xt, t) — g2(t)Vx log p(xe, t)]dt + g(t)d Wy
(e.g., dx¢ = 7%3tdt + \/Edwt) (or dxe =[f(x¢, t) — %g (t)Vx log p(x¢, t)]dt)

!Jonathan Ho, Ajay Jain, and Pieter Abbeel (2020). “Denoising diffusion probabilistic models”. In: Advances
in neural information processing systems 33, pp. 6840-6851.

2Yang Song et al. (2020). “Score-Based Generative Modeling through Stochastic Differential Equations”. In:
International Conference on Learning Representations.



Limitation 1 of Diffusion Models: Time-Consuming Inference

To simulate the denoising process:
xe = [f(x, t) — g°(t) Vi log p(x:, t)]t + g(t)W,
one uses the discretization (e.g., Euler-Maruyama simulation):

Xear = Xe — [f(xe,t) — g%(t) Vi log p(x:, t)] At + g(t)WAtE, & ~N(0,).

True
h»j‘(.r}a r 3

X T
T “mmlw@ B(b {XB

"“raj eotor 3 >l(\, (X—r)

NFE*S 16 {; 64 128 256 512 1024
Remark:
Diff. models performance,

NFE functi luati = discretizati t
(# function evaluations) = (# discretization steps) CIFAR-10. FID w.rt NFE.



Desire 1: Straightening The Trajectories of Diffusion Models

What we have What we want

Not straight (deterministic or stochastic) | Straight (deterministic?) trajectories, which
trajectories, which are HARD to simulate. are EASY to simulate.

Xo



Limitation 2: Inapplicability to (Unpaired) Domain Translation

The task: learn (from samples) a translation map between the two given data domains.

X oo© T 0% °Y
o ° ° —_— o ©

° o © (o] o o
o O-—-———=—==-=--- >O (e}
Xiew T(Xoe)

Important: the map should generalize to new data (similar to the train set).

Example 1: Image Super-Resolution Example 2: Style Translation

[ 7 [
L: ESE. B!




Desire 2: Be able to Solve Unpaired Domain Translation with DMs?

Supervised Unsupervised (our interest)
Paired train samples are available: Only unpaired train samples are given:
{(Xl,yl), cee, (XN,yN)}. {Xl, PN 7X[\/}7 {yl, . 7y/\/]}.

X 0———0 Y2 |

E X, 0—— 0V |
° d oy ﬂ.?!

oO——0 . . ? o Y2
: : e '
O—— 0 o
o———0 O Ym ﬁ
u XN O———0 Yn u XN O
Conditional DMs are applicable. DMs are not applicable.

3Jun-Yan Zhu et al. (2017). “Unpaired image-to-image translation using cycle-consistent adversarial networks".
In: Proceedings of the IEEE international conference on computer vision, pp. 2223-2232.



Schrodinger Bridges vs. Diffusion Models: Key Differences

Diffusion models framework (2019) Schrodinger bridge framework (2021)
= maps given complex data distribution = maps arbitrary distribution py to
to the normal distribution. arbitrary distribution p;.

= uses pre-defined noising process and = learns a diffusion that is maximally
learns the de-noising process. similar to a given prior process.

= requires infinite time horizon [0, T]. = finite time horizon [0,1].
I

T



Optimal Transport and
Schrodinger Bridges



Monge's Formulation of Optimal Transport* (with the Quadratic Cost)

The optimal transport cost between distributions pg, p1 € ngac(]RD) is

_ 2
Cost(po, p1) = _inf /M 0(x0)dxo-
THpo=p1

The map T* attaining the minimum is called the optimal transport map.

Optimal map Not optimal map

4Cédric Villani (2008). Optimal transport: old and new. Vol. 338. Springer Science & Business Media.

10



Optimal transport applications

Domain Translation.? Single-Cell (SC) Biological data.’
By considering two unpaired image datasets SC technology determines the gene expression
as samples from pg and p;, OT learns a map  profile of each measured cell, but destroys all
between datasets that preserves content. measured cells. OT learns a map between cell

populations before and after the perturbation.

/@ ty
52 I &I[

C T—

5Alexander Korotin, Daniil Selikhanovych, and Evgeny Burnaev (2022). “Neural Optimal Transport”. In: The
Eleventh International Conference on Learning Representations.

6Charlotte Bunne et al. (2023). “Learning single-cell perturbation responses using neural optimal transport”.
In: Nature Methods, pp. 1-10.

11



Entropic Optimal Transport (OT)’

Consider two distributions pg, p1 € P2 ac(RP).
Entropic OT (EOT) is formulated as follows:

inf /]RD C(X0,7T(~|XO))p0(X0)dX0.

w€N(po,p1)

L . . Stochastic EOT maps for large e.
The minimizer 7* is called the Entropic OT plan.

2
def Xp — X1
C (30, m1x0)) %w
RD
——

Dissimilarity

(x1|x0)dx1—e H(m(-|x0)) -
——

Diversity

Regularization strength € controls the diversity.
= T(po, p1) are distributions on RP x RP with marginals po, py Stochastic EOT maps for small e.

"Marco Cuturi (2013). “Sinkhorn distances: Lightspeed computation of optimal transport”. In: Advances in

neural information processing systems 26. 12



Schradinger Bridge (SB) problem?®

Consider two distributions pg, p1 € P2 ac(RP).
The Schrodinger bridge problem is:

inf KL(T||Wo),
TEF(po,p1)

The process T* attaining the minimum has

» F(po, p1) are stochastic processes with marginals
T

joint distribution 7' = 7* at time moments

po, pr at t =0 and t = 1 respectively.

. . . . t = 0,1 which is th lution to the Entropi
= W€ is the Wiener process with the variance e. » 4 Which 1S the solution to the Entropic

OT with regularization parameter e.

8Erwin Schrédinger (1931). Uber die umkehrung der naturgesetze. \erlag der Akademie der Wissenschaften in
Kommission bei Walter De Gruyter u. Company, 1931.



Applications of Schrodinger Bridge

Single-cell biological data.’ o I
Solving SB allows to reconstruct the
most likely cell trajectories.

Generation and Domain

Translation.°

Solving SB between noise and data

with small € gives diffusion with

"straighter” trajectories. Te 2 dXe = f(Xe, t)dt + VedWs,  Xo ~ po,

9Hugo Lavenant et al. (2024). “Toward a mathematical theory of trajectory inference”. In: The Annals of
Applied Probability 34.1A, pp. 428-500. DOI: 10.1214/23-AAP1969.

10valentin De Bortoli et al. (2021). "Diffusion schrédinger bridge with applications to score-based generative
modeling”. In: Advances in Neural Information Processing Systems 34, pp. 17695—-17709.


https://doi.org/10.1214/23-AAP1969

Part 1. Light Schrodinger Bridge
(ICLR 2024)



Light SB outline.

Motivation of light SB solvers.

Equivalence of SB and EOT problems.

Characterisation of SB and EOT solutions.

Derivation of the LightSB functional.

Gaussian mixture parameterization of Schrédinger Bridges.

LightSB training and inference.

N o o s~ w e

Experimental Illustrations.
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Motivation of light SB solvers

Expectation.

We solve the Scrhodinger Bridge, and it

= maps arbitrary distribution pg to

arbitrary distribution p;.

S S

= provides a diffusion that is maximally
similar to a given prior process.

Reality.

It is hard to solve the Schrodinger Bridge.

= Many neural-network-based algorithms,
almost all of which are poorly scalable
and require painful iterative or
adversarial learning.

= Absence of simple baseline algorithm,
which works fast, provably solves
Schrédinger Bridge in moderate

dimensions and does not require
time-consuming hyperparameter
selection.

With this in mind, we started to search for possible solutions.

16



List of key existing not light SB solvers

See the following benchmark paper for a survey of the field in 2023:

Nikita Gushchin, Alexander Kolesov, Petr Mokrov, et al. (2023). “Building the Bridge of Schr\"” odinger: A Continuous
Entropic Optimal Transport Benchmark”. In: Thirty-seventh Conference on Neural Information Processing Systems
Datasets and Benchmarks Track. URL: https://openreview.net/forum?id=0HimIaixXk

A (not comprehensive) list of related works is as follows:

1.

MLE-SB: Francisco Vargas et al. (2021). “Solving schrédinger bridges via maximum likelihood”. In: Entropy 23.9,

p. 1134

DSB: Valentin De Bortoli et al. (2021). “Diffusion schrédinger bridge with applications to score-based generative
modeling”. In: Advances in Neural Information Processing Systems 34, pp. 17695-17709

ENOT: Nikita Gushchin, Alexander Kolesov, Alexander Korotin, et al. (2024). “Entropic neural optimal transport via
diffusion processes”. In: Advances in Neural Information Processing Systems 36

FB-SDE: Tianrong Chen, Guan-Horng Liu, and Evangelos Theodorou (2022). “Likelihood Training of Schrédinger Bridge
using Forward-Backward SDEs Theory”. In: International Conference on Learning Representations. URL:
https://openreview.net/forum?id=nioAdKCEdXB

DSBM: Yuyang Shi et al. (2023). “Diffusion Schrédinger Bridge Matching”. In: Thirty-seventh Conference on Neural
Information Processing Systems. URL: https://openreview.net/forum?id=qy070HsJT5

. ASBM: Nikita Gushchin, Daniil Selikhanovych, et al. (2024). “Adversarial Schrédinger Bridge Matching”. In: The

Thirty-eighth Annual Conference on Neural Information Processing Systems. URL:
https://openreview.net/forum?id=L3Knnigicu
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Schrodinger Bridge formulation'!

The Schrodinger Bridge problem
For two continuous distributions pp and p; on
RP, the Schrédinger bridge problem is:

inf  KL(T||W¢).
TEF(po,p1)

Here F(po, p1) are stochastic processes with

marginals po, p1 at t =0 and t = 1.

Here W€ wiener process with the variance ¢, i.e., it
is a stochastic process with the stochastic differential
equation (SDE): dX; = \/edW,.

0.0 0.5 1.0 1.5 2.0 2.5 3.0
t

Figure 1: Wiener process with ¢ = 1.

Yongxin Chen, Tryphon T Georgiou, and Michele Pavon (2016). “On the relation between optimal transport

and Schrédinger bridges: A stochastic control viewpoint”. In: Journal of Optimization Theory and Applications

169, pp. 671-691.
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Decomposition of SB on inner and outer parts

Schréodinger Bridge formulation.
For two continuous distributions py and p; on
RP, the Schrodinger bridge problem is:

inf KL(T||We).
TEF(po,p1)

Here F(po, p1) are stochastic processes with
marginals pp, p1 att=0and t=1. W®is a
Wiener process with the variance e.

Let 77 denote the joint distribution of a stochastic

process T at time moments t =0, 1.

Let T, denote the stochastic processes T condi-
tioned on values x, y at times t = 0, 1, respectively.

We can expand the functional as follows:

KL(T|[W) = KL(x[|7"") +
N———

outer part

/ KL( T Wy )l (00 50)

inner part

Here W, is a Wiener processconditioned on its end
and start points. It is known as the Brownian Bridge.

19



Schrodinger Bridge is a reciprocal process

Brownian Bridges
The process W, ,, is a Brownian Bridge. It is We can set to zero tP-1e inner part by s-earchlr?g proc-ess
a Gaussian process starting at xo and ending I the form of a mixture of Brownian Bridges, i.e.
T
at x1. T= f V|/|f<07><1d7-r (XO’XI)'

Such processes form reciprocal class, and for brevity,
we just call them reciprocal processes.

In this case:

KL(T|[W*) = KL(x|[7"") +
———

outer part

/ KL( T | Wiy )l (0050)

=0,since T‘XO = W‘EX0 x

20



Equivalence between EOT and SB

For a reciprocal T, the objective is
KL(T||We) = KL(xT[|="").
————

outer part

Hence,

inf KL(T||W) =__inf KL(xT||x
TeF(po,p1) TeF(po,p1)

By expanding the outer part, we obtain:

KL(xT|[) =
IR
/ Mdﬂj(x,y) —H(rT)+C
XXy 26

equvivalent to EOT functional.

WE).

Schrédinger Bridge.
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Characterization for EOT and SB solutions.

Moreover, both solutions for EOT and SB problems are characterized by the starting

distribution py and one scalar-valued function v*.

EOT solution.

The EOT solution 7* can be represented through

the input density po and a function v* : R? — R, :
7'('* (Xo, Xl) =

po(x0) - exp ((x0, x1) /€) v* (1) v+ (x0),
——

=7*(x0) =m*(x1|x0)

where ¢, (x0) = J]'RD exp ((Xg,)q)e) v*(x1)dy.

Here v* is the adjusted Schrédinger potential.

SB solution.
The solution T for the Schrédinger Bridge is a

Markovian process given by the following SDE:
dXe = g" (X, t)dt + VedWy, Xo ~ po

In turn, the optimal drift g*(x¢, t) is given by:

g (xt, £) = €V, log ( N (X5, (1 — t)elp)
RD

exp (LX/Hz ) v*(x')dx/) )
2e
i.e., is a convolution with the adjusted potential v*.
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Theoretical summary.

Equivalence of EOT and SB problems.
We can solve SB by solving the related EOT problem since:

inf KL(THWe) |nf KL(x ||z ) = inf KL(x|[x""),
TEF(po,p1) TE€F(po,p1) m€MN(po,p1)

where TN(po, p1) is a set of joint distributions on t = 0 and t = 1 with marginals py and p;.

Optimal form of the solution.

T (x0,x1) = po(x0) - exp ({(x0, x1)/€)v*(x1)cv= (o),
——

=m*(x0) =~ (x1]%)

Still not obvious how to solve. The EOT problem:

; Ix =yl , 7 T
inf KL(7||[7™ )= inf / ——F——dr (x,y)—H(r" )+ C
7€M (po,p1) (rll*") m€N(po,p) JRoxRD ~ 2€ (.y) (=)

is a constrained optimization problem, and we do not know how to parametrize a set (po, p1).

23



Direct optimization of KL with the solution.

Our new objective:

Instead of trying to solve the constrained optimization problem of EQT, let’s just minimize KL
with the solution 7*:

argmin KL(x|[7"") — argmln KL(7*||7)
w€N(po,p1) R ,

unconstrained optimization

constrained optimization
The problem: we do not know 7*.
Our proposed optimal form parametrization:

It is possible with a proper parametrization of my.

exp ((xo0, x1)€) Ve(Xl)'

o (X0, 1) = Po(x0)mo(x1]x0) = Po(x0) co(x0)

We parameterize v* as vy. In turn, co(xo) = fRD exp (<x07x1>/e) vo(x1)dxy is the normalization.
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Deriving the Learning Objective

Magic of KL-divergence.

T (XO, )dXOdX1 =

KL(7"||mo) = / 7" (x0, x1) log a
RD xRD ﬂ—@(XO7X1)

C— / " (X0, x1) log bt (<XO’X1>/6) vo(a) dxodx; = C — / 7r*(xo7x1)(<xo7x1)/e) dxodx1 +

D« RD co(x0) D« RD
o (x1x0) also constant
* *
/ 7" (X0, x1) log co(xo0)dxodx1 — / 7 (X0, x1) log vo (x1)dxodx1 =
RD xRD RD xRD
expectation of a function of xp expectation of a function of x;

C+ / po(xo) log co(x0)dxo — / p1(x1) log vo(x1)dxi = Const + L(6).
RO RD

=£(9)
We can estimate KL(7*||mg) up to a constant, which depends only on 7*. Hence, we can
directly optimize KL(7*||mg) knowing nothing about 7* except its marginals py and p;.



Gaussian parametrization

The functional for optimization.
min KL(7"||mg) — C = min L(6) = min/ Po(xo) log co(xo)dxo — / p1(x1) log ve(x1)dx1.
0 0 0 Jeo =D

The problem: it is hard to compute normalization constant cy(xo) for arbitrary potential vy.
Gaussian parametrization of adjusted Schrodinger potential.

We recall that:
exp ((xo,x1>/e) vo(x1)
C@(Xo)

i.e. vp(x1) is an unnormalized density.

To(x1|x0) = ;
vo(x1)

For x = 0, we have mg(x:|0) = o)

—> Let us approximate vy by a Gaussian mixture:

K
vo(x1) dzefzak/\/(mlrk, Sk),

k=1

def .
where 0 = {ay, rv, S }5_, are the parameters: oy > 0, r, € RP and symmetric 0 < S, € RP*P,



Gaussian parametrization

Conditional distribution for the Gaussian mixture parametrization.

. . . def )
For a Gaussian mixture approximation vp(x1) = Zszl axN (x1|ri, Sk), it holds that

K
1 . def
mo(x1|x0) = ) Zak(xo)/\/'(xﬂrk(xo),esk) where re(xo) = re + Sixo,
k=1
T T
~ def X Sixg + 2r, X
ak(x0) = axexp (w), XO) = Zak Xo)-

The functional for optimization.

min KL(7*||mg) — C = min L(6) = min/ Po(xo) log co(x0)dxo — / p1(x1) log ve(x1)dx1.
0 0 0 Jao 2D

With such parametrization, we can easily estimate and optimize our objective.
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Training

The functional for optimization:

0

The empirical functional for optimization.

As the distributions pg, p1 are accessible only via samples X° = {x3,...,
={xt,...,xM} ~p1, we optimize the empirical counterpart of L£(6):

min £(0) = min/ Po(x0) log co(x0)dxo — / p1(x1) log vo(x1)dxy.
0 RD RD

xV} ~ po and

of 1
ROE &f Zlog co(x5) Z log vo(x{") = L(6).

We use the (minibatch) gradient descent w.r.t. parameters 6.
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EOT-based inference

Brownian Bridge.

Sampling starting and ending points. )
The process W[ . is a Brownian Bridge. It is a

The conditional distributions 7 (x1|x0) are mix-

] Gaussian process starting at xp and ending at xi.
tures of Gaussians:

K

) > a(x0)N (xalri(x0), €Sk)

k=1

1

co(xo

7T9(X1|XQ) =

Sampling of the pair (xg,x1) is straightforward
and lightspeed.

Inner trajectory sampling.

To sample trajectory xp, Xt,, - .., X¢,, X1 With 0 <
tp < --- <t < 1litis enough to sample from
the Brownian Bridge M

€
X0,X1 "
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SDE-based inference

SDE form of the learned process.

The process Ty given by the potential vy is a diffusion process governed by the following SDE:

T9 : dXt = g@(Xta t)dt + \/gdWh XO ~ Po,

K
go(x,t) £ eV, log (N (x|0, (1 — £)1p) S~ {auN (10, SN (h(x, 1)]0, AL) }),

k=1

—1
with AL & —tolp + 2 and hi(x, t) €

= x+15k r.

(1 t)
= Any SDE solver can be applied to the sample from this SDE, e.g. Euler-Maruyama.
= EOT-based sampling is always better since it is the analytical solution of this SDE.
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Summary

We developed a blazing-fast method for solving the Schrodinger Bridge problem.

The method is based on:

1. New loss function for training the Schrédinger bridge:
L£(0) = / log co(x0)po(x0)dxo — / log vo(x1)p1(x1)dx1, co(x0) = / exp ((xo,x1>/e) vo(x1)dxi,
RD RD RD

where vy is an adjusted Schrédinger potential which completely defines the entire Schrédinger Bridge Ty.
2. Optimal parameterization of the Schrédinger bridge using mixtures of Gaussians:
K K
T T
Xg Skxo + 2r; xo
vo(x1) = E axN (x|, Sk),  co(xo) = E apexp (LT E2).

2e
k=1 k=1
Our method’s advantages:

= Fast training (< 1 minute on 4 CPU cores, not hours of training on GPU, like others).

= Theoretical validity (in this work we prove the guarantees of the method's learning ability from

the point of view of statistical learning theory and approximation theory).
31



Experimental results

1. Qualitative results of our algorithm applied to 2D model distributions (”"Gaussian” — "swiss-roll”).

2 2 2
1 1 1
0 0 0
-1 -1 R ! SEDR0. -1 Ko,
o Fitted distribution a o Fitted distribution o Fitted distribution:
@ Trajectory start (x ~po) @ Trajectory start (x ~pa) @ Trajectory start (x~po) O
- Input distirubtion po _,| @ Trajectory end (fitted) _,| @ Tajectory end (fitted) _,| @ Tajectory end (fitted)
o Target distribution p; ¥ Trajectory of Tg Trajectory of To. Trajectory of Tg
-2 -1 0 1 2 -2 -1 0 1 2 -2 -1 0 1 2 -2 -1 0 1 2
(@) x ~ po, y ~ p1. (b) e=2-10"3. (c) e =0.01. (d) e=0.1.

2. Quantitative results of our solver on the standard benchmark for the Schrédinger bridge problem.

Best from the e=0.1 e=1 e=10
existing methods \ D=2 D=16 D=64 D=128 D=2 D=16 D=64 D=128 D=2 D=16 D=64 D=128
Best solver 1,94 1367 _11.74 __11.4 1.04 9.08 18.05 15.23 1.40 1.27 2.36 1.31

Our method =——> I |LightSB] 0.03 0.08 0.28 0.60 0.05 0.09
Tstd +0.01 $£0.04 =0.02 =0.02 0.003 =0.0

0.24 0.62 0.21

0.07

0.11

0.37

metric cBW-UVP is used for comparis schrodir ) € th gr € wer=better
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Experiments with Single-cell data'?

3. Quantitative results in the problem of predicting single-cell trajectories in the feature space

(single-cell trajectory inference).
¢ ti” ¥ 4 t
(:o)@ ' C@@ (9 @@ ... @@ .

@@ . r;f_?:’ =l =
@% g% © @%. o) © ‘\@@/’5)

@ \death » Y birth
DIM
Our method is Setup Solver type Solver 50 100 1000
superior to Discrete EOT Sinkhorn (Cuturi, 2013) [1 GPU V100] 2.34(905) 2.242.5m) 1.864 (9 m)

I , Continuous EOT | _Langevin-based | _(Mokrov etal,, 2023) [1 GPU VI00] | 2.39 & 0.06 (19m) | 2.32 £ 0.15(19m) | 1.46 £ 0.20 (15 m)
ana‘ogues n Continuous EOT Minimax (Gushchin et al,, 2023) [1 GPUVI00] | 2.44 £ 0.13(43m) | 2.24 £ 0.13(45m) | 1.32 £ 0.06 (71 m)
quality of work Continuous EOT TPF (Vargas et al,, 2021) [1 GPU VI00] 314£027(8m) | 286£0268m | 2.05L019(11m)
and speed. ——> | Continuous EOT | KL minimizat LightSB (ours) [4 CPU cores] 2.31 + 0.27 (655) | 2.16 + 0.26 (665) | 1.27 &+ 0.19 (146 )

**The Energy distance metric is used to compare t redicted ce on and the obs

operating time of the method in question is indicated in parentheses

2Alexander Y Tong et al. (2024). “Simulation-Free Schrédinger Bridges via Score and Flow Matching”. In:

International Conference on Artificial Intelligence and Statistics. PMLR, pp. 1279-1287.



Unpaired Image translation in latent space

4. Qualitative results of the method for solving the unpaired domain translation problem (in
the latent space of the ALAE autoencoder'?).

The latent space size is 512. Images resolution is 1024x1024.

(a) Male — Female. (b) Female — Male. (c) Adult — Child. (d) Child — Adult.

13Stanislav Pidhorskyi, Donald A Adjeroh, and Gianfranco Doretto (2020). “Adversarial latent autoencoders”.
In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 14104-14113.
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Thank you

Light Schrodinger Bridge (ICLR 2024)

The novel light and fast algorithm
to solve the Schrodinger Bridge problem.

https://github.com/ngushchin/LightSB
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Part Il. Light and Optimal

Schrodinger Bridge Matching
(ICML 2024)




Reciprocal and Markovian processes

Let F denote the set of all stochastic processes in R? for time interval [0, 1] with continuous
trajectories {x; }+c[o,1). Recall that we already use F(po, p1) C F to denote its subset of
processes whose marginals at times t = 0,1 are py and pp, respectively.

Reciprocal processes Let R C F denote the subset of reciprocal processes, i.e., those

processes can be represented as mixtures of Brownian bridges:

TeR & Jr=rn ePRCxRP)st. T=T, déf/ WS,y (X0, X1 ) dX0 0.

We use R(po, p1) to denote its subset of processes which satisfy Tl e M(po, p1)-

Markov Processes Let M C F denote the subset of Markovian processes, i.e.,

TeM & YN>1,0<t; < - <ty<1:p (xeylXtn_y--sx1) =P (Xtp|Xen_,)-

In turn, let M(po, p1) denote its subset of processes which satisfy " € M(po, p1).
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Schrodinger Bridge is both Markovian and Reciprocal Process

In fact, we already know that T* € M(pg, p1) N R(po, p1)- Indeed,

= We already derived that SB T* is a mixture of Brownian Bridges W

x0”
T = / VVlio)Xlﬂ'*(Xo,Xl)dXodxl e Mn R,

where 7*(xg, x1) is the EOT plan. Therefore, T* € R(po, p1) C R.

= We have already seen that the solution T* is a diffusion process:
X, = g (X, t)dt + VedWs,  Xo~ po

for some drift g*. Therefore, T* is Markovian, i.e., T* € M(pg, p1) C M.
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Iterative Projections onto the Sets of Interest

The Schrodinger Bridge has an awesome property'*: it is the unique process (starting at pg
and ending at p;) that satisfies both the markovian and reciprocal property, i.e.,

{T*} = M(po, pr) N R(po, p1)-

Idea: why not to try to find the process that is both markovian Space F(po,p1)

and reciprocal by using some sort of projections onto Reciprocal To

R(po, p1) and Markovian M(po, p1) sets of processes? R(po,P1) A%
S

Note: The subset R C F is convex, while M C F is, in general, not convex.
The latter statement is not obvious and is a good excersize to think about.

Christian Léonard (2014). “A survey of the Schrédinger problem and some of its connections with optimal
transport”. In: Discrete & Continuous Dynamical Systems-A 34.4, pp. 1533-1574.
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Reciprocal Projection

The projection is defined for every T € F as follows:
proj(T) def argmingcr KL(T||R).

One may easily prove that the reciprocal projection creates a mixture of Brownian Bridges
WE

%, With the distribution nT of a stochastic process T € F at times t = 0,1, i.e.,
Input: plan 1" of a process T Output: reciprocal process with plan "

The Brownian Bridge W, isa
[x0,x1

" ’ d
conditioned Wiener process on xg, x1. \ T(X1|X0)
v % ¢ v u

PrOjR(T):/WfXO,XlWT(Xo,Xl)dXdel.

The projection depends only on 77 (transport plan) rather than on the entire process T.
Furthermore, 7P=(T) = #T j.e. this transport plan is preserved during the projection.

39



Markovian Projection

The projection is defined for reciprical processes T = T, € R as follows:
. def .
proj v (T) = argminy,c o KL(T||M).

It finds the diffusion process T4 which is the most similar to T.:

Input: reciprocal process T, Output: markovian process Ty,

€T (%0, x1)dxodxy dxe = gm(xe, t)dt + edW,

T()(1|Xg)

The drift of the Markovian projection is: g &f arg min, fol B )~ T |18 (xes ) — 2222 |2t

1-t

The markovian projections preserves the marginals of the process at every time t (including

t =0,1), but alters the transport plan, i.e., 7 # 77~ (unless T is the Schrodinger Bridge).
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Reciprocal and Markovian projections

Reciprocal projection

= Defined for any process T € F:
. def .
projr(T) = argmingz KL(T|IR)

= Yields a mixture of Brownian Bridges:

/ VV|§0’X171'T(X0, X1)dXodX1

Markovian projection

= Defined for a reciprocal process T €R:
. def .
projn(Tx) = argminyec o, KL(Tx (| M)
= Yields a diffusion with the SDE

dxe = gm(xe, t)dt + edW, X0 ~ Po.

Bridge matching = combination of Reciprocal and Markovian Projections

Reciprocal process T, Output: markovian process Ty,

' [w
Input: plan i’ of a process T p

5
X0,X1

W7'()(0.)(1)(1)(0(1)(1 dxe = gm(xe, t)dt + edW,

@*(xﬂxS)
2
;@“‘\M\*\S\

It is a popular way to learn diffusion processes between data distributions pg, p;. 41



Flow Matching and Bridge Matching: a Reminder

Flow matching is a limiting case of the Bridge Matching when € — 0.

Flow Matching

xr = g(x, t)t

Bridge Matching
Xt = g(Xt, t)t + \/;Wf

(e >0).

. . def
Define interpolation: x; = xo-(1—1t) + xq - t.

min E [E
& xo~po t~[0,1]
X1~ P1

et 6) = G =)

Can be iterated to straighten the flows.
Related to the Optimal Transport (OT).

Define a distribution: pj d:ef./\/'(xt,et(l—t))
X1 — Xt ||?
1—-t¢

mn E E [E
g xo~po t~[0,1] Zervpy
X1~ p1

g(f(t’ t) -

Can be iterated and converges to the
Schrodinger bridge. 49



Iterative Markovian Fitting (IMF)!°1°

Alternating Markovian and Reciprocal projections is called the Iterative Markovian Fitting
(IMF) procedure, or, alternatively, Iterative Diffusion Bridge Matching (IDBM).

Starting from a reciprocal process To = [ W, ‘X X dn(xp, x1) induced by some initial plan
m(x0, x1), one performs iterative updates

T2n+1 — projM(Tzn), T2n+2 _ prOjR(T2n+1)

The sequence {T"}52, converges to the Schrodinger Bridge T*:

limp 400 KL(T7|| T*) = 0.

15Stefano Peluchetti (2023). “Diffusion bridge mixture transports, Schrédinger bridge problems and generative
modeling”. In: Journal of Machine Learning Research 24.374, pp. 1-51.

Yuyang Shi et al. (2023). “Diffusion Schrédinger Bridge Matching”. In: Thirty-seventh Conference on Neural
Information Processing Systems. URL: https://openreview.net/forum?id=qy070HsJT5.
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Iterative Markovian Fitting: An lllustration

T = [ W, dm(xo,x1) T = proja(projr (T°))
|x0,x1
F?g(xﬂxﬁ ind

Limitations: The procedure is iterative, i.e., it requires many bridge matching steps.

= Each bridge matching step is a non-trivial drift learning (optimization) procedure.
= Errors in matching the target (p1) may accumulate during IMF steps.’

17Rectified flow is a limiting case of the IMF when — 0. "



Optimal Schrédinger Bridge Matching?!®

While IMF performs iterative Bridge Matching (reciprical and Markovian projections) to
recover SB, we propose a novel concept of the optimal projection. It Recovers the
Schrédinger Bridge T* is just one iteration of the Bridge Matching.

(Xi’IXo‘ﬁ

18Nikita Gushchin, Sergei Kholkin, et al. (n.d.). “Light and Optimal Schrédinger Bridge Matching”. In:
Forty-first International Conference on Machine Learning.
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Optimality of the ”Optimal Projection”

Projection on the set S of SBs or "Optimal Projection” is the foundation of our method.

SERAM.

For any reciprocal process T with marginals py and p;, we define the optimal projection by
projs( Tr) = argmingc gKL( T ||S)

Theorem (Optimal Projection)
Consider any reciprocal process T, that has marginals py and py at t =0 and t =1,
respectively. Then the Optimal Projection yields the Schrédinger Bridge T, i.e.,

T* = projs(Tx)-

Looks nice, but how to implement this projection in practice? How to optimize over S € §?
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Characterization for EOT and SB solutions: a Reminder

The solutions for SB problems can be characterized by two things:

1. the starting distribution py;

2. the scalar-valued function v (potential).
More precisely, the following process (which we denote by S,)
SV : dXt = gV(Xl’, t)dt + \@thEa XO ~ Po,

X112

g, (e, t) & v, log (/ N(X'|xe, (1 = t)elp) exp ( 5 )v(x')dx’),
RD €

belongs to S(po) C S and is the Schrodinger bridge between py and its marginal at time ¢t = 1.
Here S(po) denotes the subset of all Schrodinger Bridges which start at pg.

Idea: optimize arg mingcg(,) KL( T[|Sy) instead of arg mingc s KL( T.S).1°

These problems lead to the same solution T* € S(pg) C S.
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Tractable Optimization Objective for the Optimal Projection

Optimal projection can be implemented using the constrained Bridge matching procedure.
Theorem (Tractable Objective for Optimal Projecton)

Consider set of SBs that start at po, i.e., Sg € S(po). Let reciprocal process T, be a
reciprocal process. Then the optimal projection objective satisfies

1t X1 — X
KL(TA1S,) = Cn)+ 5c [ Bl e ) = 5= et
€Jo 1-—t

Bridge Matching

where o
B8l

gv(xt, t) d:EfeVXt log (/ N (xxe, (1 — t)elp) exp ( )v(x’)dx’)
RD 2¢

is the the drift of S,. Here constant C(m) does not depend on S, .

Nice, but how to compute drift g, and optimize this objective?
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Optimal Drift Computation Problem

For general parameterization of the potential v, e.g., with a neural network vy, the
computation of the drift g, = gy, is tricky, so is the computation of the loss. It requires tricky
Monte Carlo Markov Chain techniques (MCMC), see the appendices of the paper.?°

Fortunately, for a Gaussian mixture parameterization (as in LightSB)
vo(x1) def Zle axN(x1|rk, Sk), the drift g, is available in the closed form
K

8vy (xe: 1) = eV (N (x]0, €(1 = £)Ip) > _{aeN ([0, €Si)N (hi(x, t) |0, AL)}.

k=1

Then we can implement the optimal Projection by optimizing
1t -
0* = argmin KL(T||Sy,) = arg min 7/ E )T 18005, £) — b | 2.
0 0 2¢ Jo ’ T 1-—t

We call the approach by LightSB-M. Here M stands for matching.

2ONikita Gushchin, Sergei Kholkin, et al. (n.d.). “Light and Optimal Schrédinger Bridge Matching”. In:
Forty-first International Conference on Machine Learning.
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Qualitative Experiments. 2D Swiss Roll

The process Sg = S,, learned with LightSB-M in Gaussian — Swiss roll example.

Input distirubtion po
O Target distribution py

o@e

a B A
Fitted distribution
Trajectory start (x ~ po)
Trajectory end (fitted)
Trajectory of S

o@o

Fitted distribution
Trajectory start (x ~ po)
Trajectory end (fitted)
Trajectory of Se

© Fitted distribution

@ Trajectory start (x~ po)

O Trajectory end (fitted)
Trajectory of Sg

(a) x ~po, y ~ p1.

(b) € = 0.01.

(c) e=0.1.

(d) e=1.

50



Experiments. Quantitative SB Benchmark?!

LightSB-M is the best Bridge Matching method on the SB benchmark. It has comparable

performance to LightSB. Also, it yields the same solution for different starting plans 7(xg, x1):

independent (ID), mini-batch OT (MB), ground truth (GT).

e=0.1 e=1 e =10

Solver Type D=2 D=16 D=64 D=128 D=2 D=16 D=64 D=128 D=2 D=16 D=64 D=128

Best solver on SB benchT Varies 1.94 13.67 11.74 11.4 1.04 9.08 18.05 15.23 1.40 1.27 2.36 1.31
LightSB]L KL minimization  0.03 0.08 0.28 0.60 0.05 0.09 0.24 0.62 0.07 0.11 0.21 0.37

DSBM 5.2 16.8 37.3 35 0.3 1.1 9.7 31 3.7 105 3557 15000

SF2M-Sink 0.54 3.7 9.5 10.9 0.2 1.1 9 23 0.31 4.9 319 819

LightSB-M (ID, ours) Bridge matching  0.04 0.18 0.77 1.66 0.09 0.18 0.47 1.2 0.12 0.19 0.36 0.71
LightSB-M (MB, ours) 0.02 0.1 0.56 1.32 0.09 0.18 0.46 1.2 0.13 0.18 0.36 0.71
LightSB-M (GT, ours) 0.02 0.1 0.49 1.16 0.09 0.18 0.47 1.2 0.13 0.18 0.36 0.69

Comparisons of cBW3-UVP | (%) between the optimal plan 7* and the learned plan 7y on the EOT/SB benchmark.
The best metric over bridge matching solvers is bolded. Results marked with { are taken from LightSB paper.

2INikita Gushchin, Alexander Kolesov, Petr Mokrov, et al. (2023). “Building the Bridge of Schr\" odinger: A
Continuous Entropic Optimal Transport Benchmark”. In: Thirty-seventh Conference on Neural Information

Processing Systems Datasets and Benchmarks Track. URL: https://openreview.net/forum?id=0HimIaixXk.
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Experiments. Quantitative Evaluation on Biological Data

Predicting single-cell trajectories in the feature space.

n
t 1, AN [ t
a A
@G 12 el 0,
@ @ Sl @@ch, — @ =y
Oe> e gy@hn enfesn
e - @ o o o~
eath v irt
Solver type SolverDIM 50 100 1000
Langevin-based EgNOTT [1 GPU V100] 2.39 + 0.06 (19 m) 2.32 4 0.15 (19 m) 1.46 & 0.20 (15 m)
Minimax ENOTT [1 GPU V100] 2.44 + 0.13 (43 m) 2.24 4 0.13 (45 m) 1.32 & 0.06 (71 m)
IPF psBT [1 GPU V100] 3.14 4 0.27 (8 m) 2.86 + 0.26 (8 m) 2.05 4 0.19 (11 m)

KL minimization LightSBT [4 CPU cores]

2.31 4 0.27 (65 s)

2.16 + 0.26 (66 s)

1.27 & 0.19 (146 s)

DSBM [1 GPU V100]

2.46 & 0.1 (6.6 m)

2.35 + 0.1 (6.6 m)

1.36 £ 0.04 (8.9 m)

T
Bridge matching SFZM-Sink [1 GPU V100]

2.66 & 0.18 (8.4 m)

2.52 & 0.17 (8.4 m)

1.38 £ 0.05 (13.8 m)

LightSB-M (ID, ours) [4 CPU cores|

2.347 £ 0.11 (58 5)

2.174 £ 0.08 (60 5)

1.35 & 0.05 (147 s)

LightSB-M (MB, ours) [4 CPU cores|

2.33 +0.09 (80's)

2.172 £ 0.08 (80 s)

1.33 £ 0.05 (176 5)

Table 1: Energy distance (averaged for two setups and 5 random seeds) on the MSCI dataset

LightSB-M is the best Bridge Matching method in thie experiment with Biological data. It
provides comparable performance to LightSB that is based on the KL minimization principle.




Experiments. Comparison on Unpaired Image-to-image Transfer

DSBM Input

SF2M
Sink

LightSB-M LightSB-M
(MB, ours) (ID, ours)

Adult to Child Unpaired Translation in the latent space of ALAE??, 1024x1024 images.
22Stanislav Pidhorskyi, Donald A Adjeroh, and Gianfranco Doretto (2020). “Adversarial latent autoencoders”.
In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 14104-14113.
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Summary

LightSB-M is a method to solve the SB problem in a single Bridge Matching step.
The solver is based on:

= The "Optimal Projection” that translates any 7w with marginals pp and p; to SB

= Novel Bridge Matching-like optimization objective
1
X1 — X
O e s
0

112
go(xe, t) = €V, Iog/ N(X'|x, (1 — t)elp) exp(%)ve(x')dx'
RrRD
= Parameterization of the SB using mixtures of Gaussians vp(x) = Zle akN (x]ri, Sk). In this

case, gp admits closed form expression.

LightSB-M's advantages:

= Theoretical novelty (first method solving SB in one Bridge Matching iteration).
= Fast training (< 1 minute on 4 CPU cores, not hours of training on GPU, like others).
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Thank you

Light and Optimal Schrodinger Bridge Matching (ICML 2024)

The novel light and fast algorithm based on the bridge matching
to solve the Schrodinger Bridge problem.

70 :/W\io,ndﬂ(XO’Xl) /\ T" = Tg=
(x{’lxcﬁ

https://github.com/SKholkin/LightSB-Matching
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Other works




Adversarial Schrédinger Bridge Matching®

We present Discrete in time Bridge Matching and prove that Iterative Discrete in time Bridge

Matching (D-IMF) converges to discrete in time Schrodinger Bridge.

Discrete in time BM Input Result

=4

D-IMF (ours)
NFE:

aa- - e - QA
s : aannannnAA-

Discrete in time Schrédinger Bridge

Idea: Substitute the Bridge Matching Diffusion by the Denoising Diffusion GAN (DD-GAN). That

allows to speed up the generation x25 times while having even better quality.

23Nikita Gushchin, Daniil Selikhanovych, et al. (2024). “Adversarial Schrédinger Bridge Matching”. In: The
Thirty-eighth Annual Conference on Neural Information Processing Systems. URL:

https://openreview.net/forum?id=L3Knnigicu.
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Iterative Proportional Markovian Fitting?*

Practical implementation of IMF algorithm secretly utilizes another popular algorithm IPF. We
propose lterative Proportional Markovian Fitting (IPMF) algorithm, argue that IMF used in practice

and IPF algorithms are a particular cases of IPMF.

Trajectory start (xo~ po)
Trajectory end (3, ~ g% Ixo)
Intermidiate points

o0e

Fitted distribution
Trajectory start (x ~ po)
Trajectory end (fitted)
Intermidiate points

Independent coupling
Gaussian -> Gaussian

Schrédinger Bridge
Gaussian -> Swiss Roll

We show empirically and in some cases theoretically that IPMF converges to the Schrédinger Bridge.

%4Sergei Kholkin et al. (2024). “Diffusion & Adversarial Schr\" odinger Bridges via Iterative Proportional
Markovian Fitting”. In: arXiv preprint arXiv:2410.02601.
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Chemical space

1. Theoretically possible molecules
~10100_10200

2. Drug-like molecules
~10°0-10%°

3. Synthetically accessible drug-like
molecules
~1010-1011

4. Synthesized drug-like molecules
~107-108

5. Diverse hits
~104-10°
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Cortellis Drug Discovery
Intelligence

CAS SciFinder

Reaxys

GOSTAR

ChEMBL

Cambridge Structural Database

9 Cortellis

AcClarivate Analytics solution

CAS %
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Drug discovery

Vast chemical space

Needle?

High-throughput screening,
IC,, determination, hit triage

Place of
Selectivity assays, in vitro efficacy assays,
Tier | ADME/physical chemistry assays CAD D
, Best HTS methOds
dle[:ir;:ir Lead optimization In vivo efficacy assays (preclinical POC),

Tier Il ADME/physical chemistry assays

Preclinical \_Dozens of compounds
100 screens proof-of- : )
later... principle Second species PK, PK/PD modelling,
salt-form selection, crystal-form assessment
=
e GLP toxicology studies: genetic toxicology,
7/ \ safety pharmacology, in vivo toxicology in two species
y - Safety and tolerability in normal
y. . ./ / | E Phase | healthy volunteers
r \ & _—
o < X T | ph Safety and tolerability in patients,
- /\\ 3 Phase Il early clinical POP
B P TS
Hits of Hits of Dark £ | Phasell Definitive clinical POP
interest no interest chemical matter Y L

10.1021/cb100420r 10.1038/nrd2378



Rational drug design techniques

Known ligand Unknown ligand

¢

e e o 0 0 @
[ ]

%_; . l . Mach?rle rean:ing
Structure-based drug design De novo design Q}‘“ V%&,

©
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X 0 g
Ligand-based drug design CADD not possible @ ——

3 |(LBDD) some experimental Ugandbased DrugDesign T

S | 1 or more ligands data needed —~

P » Similarity search modeling

= % Several ligands

£ G | + Pharmacophore ADMET filtering

7

Large number of ligands (20+)
 Quantitative Structure-Activity
Relationships (QSAR)

Chemical similarity search



2D similarity

Similar compounds have similar properties Name Continuous Dichotomous
Tanimoto
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3D approaches. Conformational search

Methods

* Fragment-based (Corina)
* MM/MD-based

e QM-based

.
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Methods and Principles in Medicina Chemistry

Edited by FWILEY-VCH
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Shape similarity
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ML and Al techniques

Feature Model Model
Input data Preprocessing engineering training validation Interpretation

Decision Tree
I ..-_I
: X, — X i _J ) #
X, = t{g = g
T 5
- I F)
J

Z “J .
J

Bioassays Data Feature Classification Cross-validation
Databases normalization selection Regression Bootstrap
& curation
Feature Clustering Test set
Feature combination licabili
extraction Applicability
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Descriptors as molecular features

Category Input Examples
1D C,,H,6N,0,S MW, N of atoms (by types), etc.
2D structure
Topological indices, logP, logS, structural
2D AL o // fragments, topological pharmacophores,
NS N N
\©5ka etc.
O/
3D structure
VdW surface/volume, polar surface area
3D (PSA), moment of inertia, CATS, MoRSE,

etc.

Descriptors calculation
RDKit

Alvadesc

MOE

Dragon

SmartMining

Roberto Todeschini, Viviana Consonni

Handbook of
Molecular
Descriptors

S



Al impacting medicinal chemistry and drug design

 ML/DL ADMET and other models
* Synthetic accessibility prediction

* De novo design:
* Hit ID and hit-to-lead optimization (H2L)
* Lead optimization (LeadOpt)

and many other implementations...

Singular 5|_|ppo|-t
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Component Decomposition Machine Random
Analysis Forest

Classification

Supervised Linear

K-Means

Regression

K-Nearest
Neighbors

Logistic
Regression

Temporal
Difference

SARSA

-Learnin
Monte Carlo Q g



QSAR and QSPR

Antibacterial activity prediction Solubility prediction
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Activity Cliffs

v" In silico PoC study (ABL1 ligands)

F1-metrics for both classes

Class Fl-score
Active 0.93
Inactive 0.82

Retrospective validation on
active and inactive molecules

Probability of being
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Inactive ligand 0.33
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ADMET properties prediction

Classification of ADME properties

Distribution Clearance First-pass clearance Absorption
Volume of distribution  Renal Plasma Hepatic Gut stability — Physicochemical Membrane
| properties permeation
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Transporters | |
| Cytochromes P-450 Others
| | | | | |
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|
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Generation of novel structures

THE TRADITIONAL

APPROACH jr |
‘ SPECIFICATIONS (WISH LIST)
MOLECULES TO TEST )
EER THE GENERATIVE APPROACH

I I I Tell a computational model what you
FINAL DRUG DESIGN want and let it propose designs to test COMPUTATIONAL
MODEL
(WET LAB EXPERIMENTS ‘
\ EEE l
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DRUG DESIGNS



The Hitchhiker’s Guide to Deep Learning Driven

Generative Chemistry

Output of RNN-based model
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Chemistry42 platform
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Multimodality of drugs

PAST MONOpharmacology — drug is a «magic bullet»




Multimodality of drugs

POLYpharmacology — drug is a «magic shrapnel»

1,000 -
100 o) N
H/\/
§ 10 / \
o
F / N
o
b N
H
01 4 Asenapine Sunitinib
i 2 3 4 5 6 7 8 9 10 11 12 13 14 Schering-Plough (2009) Pfizer (2006)
Number of targets Schizophrenia Cancer
Low nM affinity for at least 18 GPCRs
Distribution of drugs & number of their targets

Inhibition of 79 kinases (K4 < 10 uM)

Nat Biotechnol. 2007 25:1119-1126



Strategies for ligand-target profiling

Screening Test All Virtual Perfect
Collection Compounds Screening Separation

- - Actives
I noctives
B 8 unknown

In Silico Medicinal Chemistry: Computational Methods to Support Drug Design, 2016, N. Brown



Strategies for ligand-target profiling
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Use cases

Predict Kinase
Selectivity

Identify potential on- and off-targets
for compounds during hit and lead
optimization stages

Design Multimodal
Compounds

Manage the kinome promiscuity of
the molecules depending
on your needs

Drug
Repurposing

Discover novel targets for
existing compounds and
reduce costs for their
development timeline




Core features

Big Data-Driven

Approach

Large-scale and precisely annotated
molecular datasets

>500K 2D structures
>2K 3D ligands

Descriptor-Based

Engine

Evaluate molecules beyond the
explored kinase chemical space

Interpretable
descriptors

2=

Diverse Kinase

Target Set

Annotate structures across all
existing kinase families

100 kinases



Golden Cubes scoring workflow

Input data
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Preprocessing

Scaffold selection
ConfGen
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ANN-based HTVS engine

4 )

General 3D SOM

Group 3D SOMs

Atomic 3D SOMs

N /

o .. c
o ® N oo
= N[
A ;
e - 0. '...: ......o ;.
° K Yo A STE
PR N .3 A 3
: RN 2 —
Scoring emee SN T Y
. { e ~ ¥ . ..
function = RN
I‘ o :: “ . ? ..
=S [ \\',

L]
CAMK

nnnnn



Retrospective validation

Test set
103 molecules with full-kinome profiles L. NCS Igl;l:oal\;l‘)E

Full-kinome metrics Heatmap of predictions

Benchmark (QSAR)

Golden Cubes

Metrics

BA 0.72 0.71
Precision 0.52 0.43
Specificity 0.9 0.85

ROC-AUC 0.72 0.75




Prospective validation

Test set

5 clinical candidates — kinase inhibitors with unreported profiles

TanSim < 0.7

KINOME
Scan

b

Available for purchase

Heatmap of predictions
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Inside the patents tangle

US 20220119419A1

asy United States

a2 Patent Application Publication (o) Pub. No.: US 2022/0119419 A1

Zavoronkovs et al.

43) Pub. Date: Apr. 21, 2022

54

(71)

(72)

(21)
(22)

(63)

(60)

BYCYCLIC JAK INHIBITORS AND USES
THEREOF

Applicant: Insilico Medicine IP Limited, Hong
Kong (HK)

Inventors: Aleksandrs Zaveronkovs, Pak Shek
Kok (HK); Yan Ivanenkov, Moscow
(RU); Aleksandr Aliper. Moscow
(RU); Anton S. Vantskul, Moscow
(RU)

Appl. No.: 17/478,152
Filed:  Sep. 17, 2021

Related U.S. Application Data

Continuation of application No. PCT/US2020/
025206, filed on Mar. 27, 2020.

Provisional application No. 62/824,485, filed on Mar.
27, 2019.

Publication Classification

(51) Int, ClL

Co7D 519/00 (2006.01)
(52) US.CL

CPC .ovvvvvvvvenssccnrinennen. CO7D 519/00 (2013.01)
(57) ABSTRACT
Provided herein are compounds of Formulas (1), (II), (IIT),
and (IV)

Y]

-continued

Ly

X=Y,

ws \

(Imy

(IV)

and subformulas thereof, wherein the variables are defined
herein. Also provided herein are pharmaceutical composi-
tions comprising a compound of Formula (I), (II), (III), or
(IV) and methods of using the compounds, e.g. in the
treatment of immune disorders, inflammatory disorders, and
cancer.

For formula I, formula II, formula III, and formula (IV):

W is N or CR?;

Y is N or CR?;

Z is N or CR?;

wherein W and Z are not both N;

R' is selected from the group consisting of cyano,
hydroxyl, NR“R?, C,_salkoxy, and -A-L*-R?;

R?, R?, R*, and R°® are each independently selected from
the group consisting of hydrogen, deuterium, halogen,
cyano, hydroxyl, —NRR?, C,_salkyl, C,_salkenyl,
C,_galkynyl, C, chaloalkyl, and C,_.alkoxy;

R’ is selected from the group consisting of hydrogen,
C,.salkyl, C,_ galkenyl, C, calkynyl, C,_ghaloalkyl,
aryl, heteroaryl, cycloalkyl, heterocyclyl, -aryl-C, qal-
kyl, -heteroaryl-C, calkyl, -heterocyclyl-C, galkyl,
halogen, cyano, hydroxyl, C,_salkoxy, C, shaloalkoxy,
amino, carboxy, aminocarbonyl, —C, salkyl-ami-
nocarbonylamino, C,_salkyl-aminocarbonyl, —S(O)—
R® —S(0),—R® —NR*-S(0),—R® —S(0),—
NR“R?, —NR®*—S(0),—NR“R?, —C,_salkyl-aryl,
—C, _galkyl-heteroaryl, —C,_galkyl-heterocycle, and
—C, galkyl-cycloalkyl, wherein said alkyl, aryl, and
heteroaryl is optionally substituted with one or sub-
stituents independently selected from the group con-
sisting of halo, hydroxyl, methoxy, amino, cyano, alky-
lamino, dialkylamino, CF;, aminocarbonyl, —C,_
salkyl-aminocarbonylamino, and C,_scycloalkyl;

R7 is B-L2-R'°, or R7 is aryl or heteroaryl, wherein the
aryl or heteroaryl is optionally substituted with one to
four R'7;

each R® is independently selected from the group consist-
ing of hydrogen, C, salkyl, C, ¢ haloalkyl, hydroxy,
C,_salkoxy, and —O—C, _chaloalkyl;

R? is selected from the group consisting of hydrogen,
cycloalkyl, heterocycloalkyl, aryl, and heteroaryl,
wherein any non-hydrogen R® is optionally substituted
with one to four R'7;

R' is selected from the group consisting of hydrogen,

substituted by 1-3 substituents independently selected
from the group consisting of halogen, C, salkyl, and
C,_ghaloalkyl;

R'7 is, independently for each occurrence, selected from
the group consisting of halogen, cyano, hydroxyl,
—NR“R?, C,_salkyl, C,_salkenyl, C,_salkynyl, C,_ ha-
loalkyl, C,_salkoxy, CF;, —SH, —S—C, salkyl,
—COOH, —CO,—C 4alkyl, —C,_ galkyl-CN,
—C(O)NR“R?, —C(0)—C, 4 alkyl-NR“R”, —C(O)—
NR—S8(0),—C,_galkyl, —S(0),—C,_salkyl, —S(O)
,—NRR?, —S(0),—C,_, alkyl-NR“R?;

A is selected from the group consisting of —C(O)—,
—S(0O)—, and —S(O),—, or A is absent;

B is selected from the group consisting of —C(O)—,
—S(0),NR®*—, —CH,—NR—, and —C(O)NR*—;

L' is selected from the group consisting of a bond,
C,_salkylene, C,  heteroalkylene, C,_salkenylene, and
C,_salkynylene, wherein L' is optionally substituted
with one to four R'” groups;

[? is selected from the group consisting of a bond,
C,.salkylene, C, calkenylene, and C, salkynylene,
wherein any CH, group of C, _salkylene can be replaced
with a moeity selected from the group consisting of
—O—, —NR“—, and —S(O),—, and one CH, group
of C,_4 alkylene can be replaced with a moiety selected
from the group consisting of cycloalkylene, heterocy-
cloalkylene, arylene, and heteroarylene, and wherein
1.2 is optionally substituted with one to four R'7 groups;
or

when B is —S(0),—NR®*—, —CH,—NR®*—, or —C(O)
NR®*—, R® and L? can be taken together including the
nitrogen atom to which they are attached to form a
3-7-membered heterocycloalkyl optionally substituted
with one to four R*? groups; and

each of R” and R are, independently for each occurrence,
selected from the group consisting of hydrogen, C, sal-
kyl, and C,_chaloalkyl, or R* and R” are taken together,
including the nitrogen to which they are attached, to
form a heterocycloalkyl ring.




Markush structures: the art of chemistry
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Output of the Patent Busters

General Information W

Building Block Analysis

Curated by yan14336 T TT—— Fitting Status Evaluation

1 min read R1 Structure Completion

T he analysis of chemical structures using a building block approach facilitates a BV CATEah Sy Conteidon

comprehensive evaluation of patent compliance and structural classification by
deconstructing complex molecules, such as 5,5,5-trifluoro-2-formyl-1-phenylpent-1-yn-3-
one, into eight components to assess their fit within specific substituent parameters and
scenario requirements, ensuring overall compatibility without triggering an "Escape the
Patent” situation.

Overall Compatibility Conclusion
Introduction
The analysis conclusively demonstrated that the compound 5,5,5-trifluoro-2-formyl-1-
phenylpent-1-yn-3-one fits within the -A-L1-R9 option for R1 as defined in the scenario. All
eight building blocks (BB1-BB8) contributed to forming a valid R1 structure, with no
elements causing an "Escape the Patent” situation 'D. This comprehensive compatibility

Building Block Analysis
Fitting Status Evaluation
R1 Structure Completion

suggests that the compound adheres to the structural requirements outlined in the | Overall Compatibility Conclusion

scenario, potentially falling within the scope of the patent or chemical space being
examined.
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The Landscape of Al-discovered Drug Candidates and Targets
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Russian Chemical Reviews, 2024, Volume 93, Issue 3, RCR5107
DOI: https://doi.org/10.59761/RCR5107 d €50 Do

AlphaFold for a medicinal chemist: tool or toy?

Ya. A. Ivanenkov@, S. A. Evteev@®, A. S. Malyshev@, V. A. Terentiev@?, D. S. BezrukovC, A. V. Ereshchenko®?, A. A. Korzhenevskaya?,
B. A. Zagribelnyy®, P. V. Shegai?, A. D. Kaprin@

@ P Hertsen Moscow Oncology Research Institute, Moscow, Russian Federation

b Dukhov Automatics Research Institute (VNIIA), Moscow, Russian Federation

¢ Department of Chemistry, Lomonosov Moscow State University, Moscow, Russian Federation
d Peoples' Friendship University of Russia (RUDN), Moscow, Russian Federation

English full-text

DOI: https://doi.org/10.59761/RCR5107 d

Al-based 3D protein
structure prediction

Molecular Docking

Amino Acid Sequence

H&GGTAG CTGCGTGGCTAAC
GCTGCAGCCACCGCCGCGG
CAGCGGCTTCTGCGCTGGG

TGCACCCCTCCAGAGTGG




Clashes fraction

0.8 4

0.6 -

0.4 -

0.2 4

AlphaFold Optimizer

GNN-based
algorithm identifies  m—

ligand-binding site (Step2)

AlphaFold generated
protein

(o]
————
Binding site

detection

(Step 1)
I [ Original models F25
|' [ Optimized models 0
-
" [ 10
ey — -
e ..., | ©

300 250 200 150 100 50 0 50 100 150 200 250 300

Number of structures

Iterative optimization
of binding site residues

Jagquinu sayse|d ajn|osqy

Protein with optimized
binding site

Optimization of binding site atoms
using GNN-based model trained to
distinguish  favorable positions for
protein residues and binding site
space usually occupied by ligand
structure

Citron Rho-
interacting kinase

Insilico
Medicine

Calculate score for each atom

Select an atom

within binding site using GNN- )
with poor score

based model

Optimize residue Predict more suitable position
using MMFF94-X using GNN-based model
force field

Original Optimized

RMSD =3.7 A, Docking Score = -5.8 , 14/27 poses RMSD = 1.1 A, Docking Score = -7.1, 3/23 poses

5



AlphaFold Optimizer

0 Initial TTK model
[ Optimized TTK model

Virtual screening was performed using both original and optimized Alphafold models

Among 39 compounds tested, 10 hits were found

All 10 hits were detected using optimized model while only 7 of them were detected using

original AlphaFold structure

Insilico
Medicine
Compound ID Structure Inhibition, % Predicted by | Predicted
initial model refined model
1 b 94 + +
‘L_Q\ i |
/‘o
2 ;ﬂ O | '
3 S 93 + +
' LA
4 o192 +
i 3
5 86 + +
G
6 P s 84 + +
7 e 100 + +
8 51 +
9 54 + +
10 70 + +
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Journal of Chemical Information and Modeling > Vol 63/Issue 4 > Article LL] a:g = "‘

Cite Share Jumpto Expand
MACHINE LEARNING AND DEEP LEARNING | February 6, 2023

SiteRadar: Utilizing Graph Machine Learning for Precise Mapping of Protein—-Ligand-
Binding Sites

Sergei A. Evteev*, Alexey V. Ereshchenko, and Yan A. lvanenkov

ﬁ ‘ Access Through Your Institution Other Access Options ‘ ‘ © Supporting Information (1)

Abstract

Identifying ligand-binding sites on the protein surface is a crucial step
in the structure-based drug design. Although multiple techniques have
been proposed, including those using machine learning algorithms, the
existing solutions do not provide significant advantages over
nonmachine learning approaches and there is still a big room for
improvement. The low ability to identify protein—ligand-binding sites
makes available approaches inapplicable to automated drug design.
Here, we present SiteRadar, a new algorithm for mapping cavities that
are likely to bind a small-molecule ligand. SiteRadar shows higher
accuracy in binding site identification compared with FPocket and
PUResNet. SiteRadar demonstrates an ability to detect up to 74% of
true ligand-binding sites according to the top N + 2 metric and usually
covers approximately 80% of ligand atoms. Therefore, SiteRadar can
be regarded as a promising solution for implementation into
algorithms for automated drug design.

My Activity E Publications

Joumnal of Chemical Information and Modeling

Cite this: .. Chem. Inf. Model 2023, 63,4, 1124—
1132

https://doi.org/10.1021/acs.jcim.2c01413
Published February 6, 2023 v

Copyright @ 2023 American Chemical Society

Request reuse permissions

& Get e-Alerts

Article Views Altmetric Citations
2150 17 1

Learn about these metrics

Recommended Articles

DeepPocket: Ligand Binding Site Detection and Segmentation
using 3D Convolutional Neural Networks

August 10, 2021 | Journal of Chemical Information and Modeling
Rishal Aggarwal, Akash Gupta, Vineeth Chelur, C. V. Jawahar, and U. Deva...

PLANET: A Multi-objective Graph Neural Network Model for
Protein-Ligand Binding Affinity Prediction

June 15, 2023 | Journal of Chemical Information and Modeling
Xiangying Zhang, Haotian Gao, Haojie Wang, Zhihang Chen, Zhe Zhang, ...
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Graph-based approach
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SiteRadar Pipeline

Input data Grid preparation

.............

Protein 3D structure

Grid annotation Clustering

GNN-based model First clustering Second clustering

Evteev S.A. et al. SiteRadar: Utilizing Graph Machine Learning for Precise Mapping of Protein-Ligand-Binding Sites. J. Chem. Inf. Model. 2023

10



Case studies

Allosteric binding site Site for covalent ligand binding

a - AA specific b - Geometric

Evteev S.A. et al. SiteRadar: Utilizing Graph Machine Learning for Precise Mapping of Protein-Ligand-Binding Sites. J. Chem. Inf. Model. 2023 11



Elements Cartoon 5 Input parameters ®© View

Pockets Merge mode (|

Extend size, A

O

0 2 46

Pocket characteristic i

Druggability 0.89

0.01 Nucleic Acid Allosteric 0.04
012 Peptide Covalent 0.57
0.88 Nucleotide/ATP Carbohydrate 0.28
Heme 0

Evteev S.A. et al. SiteRadar: Utilizing Graph Machine Learning for Precise Mapping of Protein-Ligand-Binding Sites. J. Chem. Inf. Model. 2023 12



IN silico validation
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Evteev S.A. et al. SiteRadar: Utilizing Graph Machine Learning for Precise Mapping of Protein-Ligand-Binding Sites. J. Chem. Inf. Model. 2023
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SiteMap

Utilizes traditional docking, diffusion and positional filters
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MICROPERSPECTIVES | June 29, 2023

The Hitchhiker's Guide to Deep Learning Driven Generative Chemistry

¥an Ivanenkov, Bogdan Zagribelnyy, Alex Malyshev, Sergei Evteev, Victor Terentiev, Petrina Kamya, Dmitry Bezrukov, Alex Aliper, Feng Ren, and Alex Zhavoronkov*

‘ L Open PDF

Abstract

This microperspective covers the most recent research outcomes of
artificial intelligence (Al) generated molecular structures from the point
of view of the medicinal chemist. The main focus is on studies that
include synthesis and experimental in vitro validation in biochemical
assays of the generated molecular structures, where we analyze the
reported structures’ relevance in modern medicinal chemistry and their
novelty. The authors believe that this review would be appreciated by
medicinal chemistry and Al-driven drug design (AIDD) communities
and can be adopted as a comprehensive approach for qualifying
different research outcomes in AIDD.

This publication is licensed under CC-BY-NC-ND4.0. & (B & &

Copyright @ 2023 The Authors. Published by American Chemical Society
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Chemistry42: An Al-Driven Platform for Molecular Design and
Optimization

February 2, 2023 | Journal of Chemical Information and Modeling
Yan A. Ivanenkov, Daniil Polykovskiy, Dmitry Bezrukov, Bogdan Zagribelnyy, ...

Generative Models as an Emerging Paradigm in the Chemical
Sciences

April 13, 2023 | Joumnal of the American Chemical Society
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Quantum-assisted fragment-based automated structure
generator (QFASG) for small molecule design: an in vitro

study

Sergei Evteev'™

Artem Bodunov?!

Bogdan Zagribelnyy? o Anastasia Korzhenevskaya®

¥an lvanenkov!

Dmitry Bezrukov?

1 Insilico Medicine Hong Kong Ltd., Hong Kong, Heng Keng SAR, China
2 Insilico Medicine Al Limited, Abu Dhabi. United Arab Emirates
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- diversity

- novelty

- MCE-18 Score

- SA Score
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(Golden Cube)

- solubility

- volume

-PSA
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- embedding volume
- HBAJHBD

Structure Genesis

- minimization of new structures
(AMBER and GROMACS)

- various growing trajectories

- docking score

- attachment rules
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Pocket Scanning

- probes positioning
- probes pre-minimization

- scoring

- HBA/HBD/n-stacking/Hyd
- attachment points mapping
- steric clashes

DFTB Optimization

- fine-tuning

- scoring

- position tolerance
(movement constraints)

Building Blocks

- linkers
- cores
- functional groups

- cycles
v -PFs

build up

QFASG-1 QFASG-2
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NATURE-BASED GENERATOR (NBG)

Atom-wise Generation of Ligand Structures Complementary to Macromolecular Environment

NBG reproduced CDK2 inhibitor crystal /{—/ v ‘
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3D Protein Structure Y

ADME/Tox
In silico
5 SiteRadar” validation
T FF-position

8K X-Ray DL-GNN DL-GNN optimization Novel Ligand Phys-Chem
4 iterative structure
- training _— : \i»‘i..l*’ J generation L _m DL NBG Score w
— a input N W SA-score

ligand complexes

e Pockets class prediction  Grid annotation 3D-filtres
« Druggability score 13 atomic types prediction MCEs g

@ rvomt Structures

':‘_f PK
In vitro S

validation
BBB

Target X inhibitors (Presude Lifesciences)

@ Synthesis is ongoing

Kinase inhibitors (in-house program) - %

e Novel kinase with no ligand reported =
= e Hit-compound was developed with good selectivity
19

*Evteev SA, Ereshchenko AV, lvanenkov YA. SiteRadar: Utilizing Graph Machine Learning for Precise Mapping of Protein—Ligand-Binding Sites. ). Chem. Inf. Model. 2023, 63, 4, 1124-1132



Structure generation

Heat shock protein 90-a
PDB ID 5J82

/b

Phosphatase SHP2
PDB ID 7JVM

20



Structure generation

Design of new compounds

JAK1 PARP1
PDB ID 6ELR PDB ID 4777

SARS Cov2 main protease
PDB ID 8UR9

‘ Presude

Lifesciences
Target X (Presude Lifesciences)
e Hit compound with IC;, = 3uM was obtained

21
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Sergei Evteev
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Seqguence- and structure-
based prediction of protein
stability change due to single
mutations
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Nobel prize 2024

=

§) NOBELPRISET | KEMI 2024 i
THE NOBEL PRIZE IN CHEMISTRY 2024 2/ AKADEMIEN

THE ROYAL SWEDISH ACADEMY OF SCIENCES
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Photo: The Royal Society
Photo: BBVA Foundation

Phot:

David Baker Demis Hassabis John M. Jumper
University of Washington Google DeepMind Google DeepMind
USA United Kingdom United Kingdom

"for datorbaserad proteindesign” “for proteinstrukturprediktion”

“for computational protein design” “for protein structure prediction”
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Protein design

Daniela Rt')thlisbergerl*, Olga Khersonsky4*,Andrew M. Wollacott'*, Lin Ji_angl’z,Jason D_eChancieG, Jamie Betker?,
Jasmine L. Gallaher®, Eric A. Althoff!, Alexandre Zanghellinil’z, Orly Dym?, Shira Albeck”, Kendall N. Houk®,
Dan S. Tawfik* & David Baker'**

Kemp elimination catalysts by
computational enzyme design

doi:10.1038/nature06879

B o

i+

D i

O;N 0N 0" O:N CN
F— 0 | — X
ol 0o OH

HX

Figure 1| Reaction scheme and catalytic motifs used in design.

1)

Kcat ~1 06

k Figure 4 | Comparison of the designed model of KEO7 and the crystal
un Cat structure.
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Protein redesign: phosphotriesterase

Improvement of a range
of catalytic activities

I 2NA TEEL = WX

‘1ooon I RvX GO W GF 43 4
B 4 3

| —
|I I Rosetta design of an active

| site repertoire

[
Enzyme structure |\ Computing

|| tolerated 106 ICHLM

{ || sequence 132 FL

o 6 || spaceatthe 254 HRG
OSSO || active site 257 HWY

o [ 271 LRI

o[ [ 303 LT

IIII |III
317 ML

Khersonsky et al., Automated Design of Efficient and Functionally Diverse Enzyme Repertoires. Mol. Cell, 2018

k Russian VX (RVX)

“\“““ts

) °
« H254R
L303T

x mutants

H5R
M317L f'oé& H254R

o o
M317L dPTE2

H257W
L3.03T L3%3T
M317L
M317L
H257W

Olo‘ #uM mint mg* protein

ofﬁﬁ

o i
|
|
y-nonanoic Iactone

5-thiobutyl butyrolactone
(TBBL)
S TRy
0 [}
I, >_ﬁ I. ; 2
_F’

I.

ES ; "?T“

GD (Soman) GF (Cyclosarin) methyl coumarin phosphonates
R=ethyl, isopropyl, cyclohexyl, pinacolyl

o
H254R HO64R
H257W HOETW
L303T
M317L
(PTE_5)
®)
L3037
H257W
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Why protein redesign: enzymes in washing powder

* Enzymes added to washing powder:

* Proteases — break down protein
chains from stains;

* Lipases — break down fats and
oils in stains;
* Amylases — break down starch;

e Cellullases — break down
cellulose;

* Mannanases — break down
mannans.

* Enzymes work at normal temperatures

.}\pe“ NETSI'

3IN1 bio

colowr, A

('/\
SCAN, e
, WASH,

* We need to increase their thermostability to allow for washing at higher

temperatures

https://www.persil.com/uk/laundry/detergent/capsules.html



Change of protein stability on mutation

Skoltech

AG = Gyyed — Gunfolded
AAG = AG, i —AG type

wild type mutant

unfolded unfolded
\}-/LW \}‘/\-ﬁ folded
folded &(a

S S
2 2
C
) © ‘
3 ; g ¢
L | L (ﬁ%&f;
AGig typ (('és,' ’—"!’.':.?‘ AGmutant \/g‘
ety
Reaction coordinate Reaction coordinate

~'\h‘2v, 3 \“
PHE — THR
AAG = 3.5 kcal/mol




AAG prediction: simplest task of protein design

Skoltech

AG = Gyyiged — Gunolded
AAG = AG'mutant — AG'Wild type

wild type mutant

unfolded
folded \;J\v\?

unfolded

Free energy

Free energy

folded

) ;j ¥
oD &=
) 2 g 4521
/‘“%5
B AR >
. f.". PHE — THR
50"1 AAG = 3.5 kcal/mol ﬁ”
. a

o Important for protein
engineering

o Performance is ~ 50-60%
(Pearson correlation)

10 v v v 2
r=0.50 § 7 //
y=05724030 « «

10



The number of predictors is 40+

Skoltech

PremPS
MR AR DO
-Mutan
FoldXMaestro

Ho TMUSICINPS
SDM DynaMutmCswm

AUTO-MUTEDUET
STRUM PoPMuSIC

ThermoNet
DDGUNEASE-MM

ErisRosetta

e Correlation ~ 50-60%

10

5»

r=050 -« °
y=057¢4030 « -




Predictors overestimate AAG

Skoltech

« How to measure the overestimation?

Ah =-1m

AG

AAGg,

A
/‘7‘[' (77\)
- - \_/‘&" \;g\,ﬂ\ j)
P
AAG,,
R
AN
Y., T

Usmanova et al., 2018, Bioinformatics



Self-consistency test

Skoltech

o We do not need experimental AAG data!

AG 4
AAGg,
‘ SR el % . - -
AAG,,
AAG,, AAG,;
ey
oK -
>

experiment prediction

Usmanova et al., 2018, Bioinformatics




Bias for FoldX

Skoltech

o« Equals 0.72 kcal/mol per single mutation
o Structure A is not optimal for new amino acid residue

a b
AAGg,
10[
. 8f-
Y 6':_ . 'g
_" L._
N L <
: \' . * - ;
XY . £
=l
. Z
S ' AAG
6. 8+ 10 °F

0 5 10 15 20 25
AAGAg+AAGg,

Usmanova et al., 2018, Bioinformatics
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Bias for iMutant

« Equals 0.80 kcal/mol per single mutation
o Reflects the trend of the training dataset: most mutations are
deleterious

iMutant

15| prR=-0.13 p=3e-08

-1C
10 2 U

13
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How to exclude the bias? (1/2)

e Data symmetrization:

Myoglobinl  A13M 2kcal/mol
Myoglobin2  M13A -2kcal/mol

o All new predictors after 2018 are symmetrized

14
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How to exclude the bias? (2/2)

o Predictor symmetrization during learning:

ADHasel S123T Xkcal/mol
ADHase?2 T123S -Xkcal/mol

e Siamese neural network architecture

‘-| Siamese Matwork 1 ‘ S
| \. ERe e
Flaw ol weight: Logs 1

/ Jui gl
Siamese Matwork 2

-

https://builtin.com/machine-learning/siamese-network

15
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Experimental
dataset Is
unbalanced

e ThermoMutDB
11 201 single mutations

Mutation from

Single mutations (11201) in ThermoMutDB

35
21
20
6
10
5
11
13
30
52
32
14
19
0

38 21

23 29

3 1

28 (208 19

Mutation to

300

200

150

100

50
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851 552 new mutations / 376 918 single

. oy

bioRxiv preprint doi: https://doi.org/10.1101/2022.12.06.519132; this version posted December 7, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Mega-scale experimental analysis of protein folding stability
in biology and protein design

Authors: Kotaro Tsuboyama'**, Justas Dauparas*’, Jonathan Chen'~, Niall M. Mangan™’.
Sergey Ovchinnikov®, Gabriel J. Rocklin!* *

2. Protein-cDNA complex 3. Cl b i 4. Pull down
synthesis using cDNA display - NIDAYAN0 DY PROionen intact proteins + cDNA

PA tag
up to 900,000
unique sequences T > cDNA o

1. DNA oligo pool synthesis

Anti-PA

tag antibody .
Magnetic beads

17
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Statistics of single
mutations for
Mega-dataset

Mutation from

Mega dataset

Mutation to

2000

1500

1000

500

18



gkl
T

!
1 771
:

I
N

"ﬂ'h'f,‘l"“ ,
AR

Skoltech




Dataset and Design

Data:
Mega dataset: All possible single-point

i i i A B » C D
mutations in 396 proteins 81  ooc0. 162861 0,03
Tsuboyama et al. (2023). Nature, 620, 434. ® 168,267 s
. . > 0.4 = >, 0.031 5. 0.02-
Protein representation: g 5 B g 2
ESM-2 embeddings S 02 E o e © | 8 o011
Lin et al. (2023). Science, 379, 1123. = & & '
i e . WE 2 B 6 o"’%@) & 00025 40 60 80 000" 6 8 160
Antl Sym metry Of AAG pred|Ct|0n . AAG, kcal/mol Classes of mutations Protein length Protein sequence identity, %
Dataset symmetrization
Siamese network Description of the filtered Mega dataset
Bromley et al. (1993). International Journal of Pattern
Recognition and Artificial Intelligence. 7, 669.
Protein Mutation  AAG
Protein Mutation AAG Carboxypeptidase A2 H44R -0.55 fU”y
Carb tid Polyubiquitin-C V5S 3.58 ! !

arboxypepidase uup g5 — ..[H]... '+ concatenation —» connected __,
Polyubiquitin-C ~ V5S 3.58 V] ; block AAG

80% of 371,597 ESM-2 embeddings ABYSSAL

i i i7ati for original and mutant
single mutations symmetrization neural network

Skoltech

AAG(A—B) = —~AAG(B—A)

amino acids.

Design of the AAG predictor

20
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ABYSSAL performance

ABYSSAL outperformed other predictors

on unseen subset of Mega dataset.

On old data ABYSSAL is comparable with top-

performing predictors implying the ceiling of 50%
PCC on this type of data.

Symmetric data

MSE,

Predictor PCC SCC kcal/mol Accuracy
ABYSSAL 0.76%20.01 | 0.71%0.01 0.67 0.75
DeepDDG 0.70+0.01 | 0.58+0.01 1.01 0.72
INPS 3D 0.69+0.01 | 0.61+0.01 0.78 0.73
DDGun 3D 0.66+0.01 | 0.51+0.01 1.00 0.67
INPS 0.61+0.01 | 0.56+0.01 0.88 0.72

Predictor MSE, sz(-:r(): <6>
PCC SCC kcal/mol | Accuracy

INPS-Seq 0.50+0.03 | 0.51+0.03 1.74 0.66 -0.99 | 0.00

ABYSSAL 0.49%0.03 | 0.48%0.03 1.74 0.63 -0.98 | 0.02

PremPS 0.49+0.03 | 0.48+0.03 1.75 0.67 -0.84 | 0.06

ACDC-NN3D | 0.49+0.03 | 0.47+0.03 1.74 0.65 -0.98 | -0.02

ACDC-NN 0.47+0.03 | 0.45+0.03 1.76 0.64 -1.00 | 0.00

Performance of predictors on new data: Mega Holdout
dataset (5321 mutations in 5 proteins)

Tsuboyama et al. (2023). Nature, 620, 434.

Performance of predictors on old data: S669 dataset (420
mutations in 86 proteins)

Pancotti et al. (2022). Briefings in Bioinformatics, 23(2).

21
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Factors influencing performance

Data quality is the key factor influencing performance.

No significant change in
performance when trained on a
subset of Mega dataset as low
as 2441 mutations.

0.80 i
075
0.70
Q) 0,65 A e e e

0.60

0.55
0.45

Training set size

-~ mega_holdout myoglobin

Influence of training set size

Protein sequence identity cutoff for
train-test split does not influence
performance. Naive random split
approach shows the same
performance.

0.80
0.75
0.70
§ 0.65
0.60
0.55

0.50 =
— — —_

——

0.45

PR P PP PSSO RSP P P

Similarity cutoff

pS3 —>— S669 —— Ssym

Influence of train-test splits by
protein sequence identity

ABYSSAL ranks in the top-5 on
Mega dataset when trained on old

data of S2648.

New data Old data
(Mega train) | (S2648)
New data (Mega | (544001 |0.75+0.01
Holdout)
Old data (S669) | 0.49+0.03 |0.50+0.03

Dehouck, Y. et al. (2009). Bioinformatics, 25, 2537.

Influence of type of training data

22
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Conclusion #1

- Transformer-based siamese network trained on symmetrized
ESM-2 embeddings achieves top performance in AAG prediction.

- Training set size and splitting strategy do not influence the
performance much, while dataset quality is the key factor.

https://github.com/ivankovlab/abyssal 23
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Protein representation learning task

Amino /™y
Acids }\3
)‘ “‘“s

‘(}

Protein properties
Protein interactions

>

Protein sequence Protein structure Goalg. o tati
‘Available] [Available with AlphaFold] e Improve protein representation
l guality with the use of the novel
structure-aware PLM,;
Protein language - Graph Neural Networks [3] e add protein structural
models (PLM), eg. - Structure-aware PLMs Information to a transformer
ESM-2 [1] - trained from scratch (SaProt [4]) model with a lightweight

- add large number of parameters finetuning of existing PLMs.

Image credits: https://byjus.com/biology/proteins-structure-and-functions/

[1] Language models of protein sequences at the scale of evolution enable accurate structure prediction, Lin Z. et al., 2022

[2] Highly accurate protein structure prediction with AlphaFold, Jumper J. et al., 2021 25
[3] Diffdock: Diffusion steps, twists, and turns for molecular docking, Corso G. et al., 2022

[4] Saprot: Protein language modeling with structure-aware vocabulary, Su J. et al., 2023
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MULAN architecture

Structure 4

Residue
angles

pLDDT

a) Sequence&] w &] [EJ @ emiizlcﬁng

layer

| XX €6

R
I EE N

(71) (€9) (o]

Structure
Adapter

ESM2

Figure 2: The architecture of MULAN. a) MULAN processes sequence inputs with the ESM2 em-
beddings module, while structure inputs are passed to the Structure Adapter. Both sequence and
structure embeddings are summed up and passed to the ESM2 model, which is then finetuned.
Sequence-only ESM?2 modules (blue) are initialized from the pre-trained ESM2 checkpoint. Struc-

Missing (padded) angles

(#) Masked sequence / structure [:] High pLDDT

) LowpLDDT

Restored
sequence
LM
head @ @
Structure Adapter
t Nxh
Transformer
INxh
MLP
Nx7

ture processing modules are shown in pink. b) The architecture of the Structure Adapter.

MULAN — MULtimodal
PLM for both sequence
and ANgle-based
structure encoding

26
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Experimental setup

e Train on top of existing PLMs:
o sequence-only ESM-2 8M, 35M, 650M
o structure-aware SaProt 35M, 650M

o Only finetune base PLM together with the Structure Adapter
o Use dataset with 17M AlphaFold structures for training

o Evaluate protein embeddings on 7 downstream tasks
o €eg. protein property prediction and protein interaction prediction
o protein embedding = average of all residue embeddings
o train small downstream model on protein embeddings for each downstream
task independently

27
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Results

Table 6: The improvement shown by adding MULAN to various PLMs and SPLMs on all downstream
tasks. The best results for each base model are shown in bold

Thermo- Fluore- Metal lon Human GO MULAN gener al |y
Model name s L : _
stablhty scence B1nd1ng PPI cC MF BP Im p roves th e q u al Ity Of
SCCT SCCT AUCT AUCT FnaxT FmaxT FmaxT | pase PLMs (and even
Small models structure-aware PLMs) of
ESM-2 8M .666 D79 A3l .698 490 .529 400 ) :
A MULAN-small 8M .006 017 047 055 002 058 026 various SIZes
Medium models
ESM-2 35M .689 .592 .793 91 489 621 443
A MULAN-ESM2 35M 012 017 001 031 027 015 004
Saprot AF 35M .699 .639 783 By | .501 632 .440
A MULAN-SaProt 35M 005 003 017 048 004 —.001 002
Large models
ESM-2 650M .694 .601 781 hd 523 678 479
A MULAN-ESM 650M 009 007 013 A17 —.004 —-.001 -—.004
SaProt AF 650M 711 .668 776 720 .540 .658 464
A MULAN-SaProt 650M —.008 001 026 048 005 005 006

28
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Visualization of structural awareness

Amino acids

A

-<§<—|U’WOTZZT_7<_IOT'”‘UO

ESM-2 8M amino acids

ESM-2 8M secondary structure

. -
g-?-‘!&{;? -
X il o

o : Vel
e AR .
B2 4t §re. ks
RPN o
. & &
X

g : .f- F oy " .

WU R e
ks’ o 38 S s o
EE g FEly . Alpha helix

2. 1@y Beta sheet

MULAN-small secondary structure

« Beta sheet )
Other Aaee

MULAN produces
structure-aware protein
representations

T-SNE visualization of
residue embeddings of
MULAN-small and ESM-2
8M on CASP12 dataset.

We use different colors for
amino acid residue types
(left) and for the 3 states
of secondary structure

(right)

29



Skoltech

Conclusion #2

« Proposed MULAN — MULtimodal PLM for both sequence and
ANgle-based structure encoding.

e Evaluated the obtained structure-aware protein representations on a wide range of

downstream tasks. We show that MULAN improves over any base PLM it is applied
to.

e MULAN requires finetuning of the underlying base PLM together with the Structure
Adapter — MULAN offers a cheap increase in performance.

e Demonstrated the structural awareness of MULAN embeddings.

https://qgithub.com/DFrolova/MULAN 30
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Why protein generation

Scaffolding ~ Ay Create efficient - vaccines
ésss\t\ é’é@(ﬁé . surrounding -~ enzymes
5
Sequence &t New synthetic - antibiotic properties
design S protein generation > enzymes
2 -~ new active peptides
PP000DDMDNININNINNNNN? NAILAPVNLASQNSQGGVLNGFYSAN
Protein ,‘f,'\\‘ LI Completing - specific antibodies
fragment . Qig § \? a protein region - proteins with
design A q@ improved properties
GTNAILAPVNLASQ???2?22????FYSAN GTNAILAPVNLASQGGVLNGFYSAN
De novo gt Create new - vaccines
generation ,,{(va"‘ proteins - new receptor
] binders
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Generative models

-~ Autoregressive models: ProGen, RITA, ProtGPT2
- Diffusion models: Evodiff, DPLM, Rfdiffusion
- Flow matching models: FoldFlow, AlphaFlow, FrameFlow, MultiFlow

- GAN: ProteinGAN




What makes a generative model great?

- Generated distribution is similar to the
training set

- High quality samples A

~ Diverse samples o
@é{




Challenges

Limited human feedback capability
Lack of standardized metrics

Insufficient metric validation

A
NN

A
N

A
NN

We created new SOTA model.
It generates the GREENEST proteins

We created new SOTA model.
It generates the HARDEST proteins

We created new SOTA model.
It generates the SMARTEST proteins



The bright side of protein GenAl evaluation

Protein modalities

proteinMPNN

Glu g Ser ga Arg ga Gln ga Tyr

AlphaFold

Experience from other fields

NLP Image generation

o



Distribution similarity metrics

-~ Fréchet distance (1000+ samples)
-~ MMD (500+ samples)
- MMD kernel: RBF (sigma=10)

-~ Latent space: ProtTS sequence embeddings

—+— 0%
2.0
N M 5%
0.12 —+— 10%
151 —— 15%
0.10
e .
0O 0.05 o —+— 25%
E L 1.04
= 1 +\—_—‘\0—*‘0—0—4—0
0.04 os ]
0.02 ’\.\'\‘ ‘
0.004 \\"‘ -~ o o

8.0 9.0 10.0 11.0 12.0 13.0 14.0 6.0 7.0 8.0 9.0 10.0 11.0
log2(Sample size) log2(Sample size)

Data space

Evaluation measure

Model
distribution

Test data
distribution

~N
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MMD Sigma choice

MMD?*(P,Q) =Ex.p [k(z,2')] +

+Ey.q [k(y,y)| — 2Ex,y-p,q [k(z, )]

K(X1,X2) =exp

TN

1X1 — Xof?

2072

0.05
0.175 ﬂ —}— Noise, 0%
\ —}— Noise, 5%
L / \ —}— Noise, 10%
o125 —t— Noise, 15%
. —+— Noise, 20%
Q 0.100 —— Noise, 25%
% —+— Noise, 30%
0.075
0.050
0.025
0.000
~1.0 ~0.5 0.0 05 1.0 15 20

_|_
+
+
+
+

0.055

epochl
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0
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log10(sigma)
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log1l0(sigma)

0.02
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Dataset
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0.045
11 0.5

|
|

O

T T T 0
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log10(sigma)
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Quality metrics

-~ Do not use only pLDDT or perplexity
-~ Use both pLDDT and Perplexity

-~ Use scPerplexity/ scTM

- OmegaFold, ESMFold, ProteinMPNN

161

] '//+\0———+—‘*\0

pLDDT

M

>
=
=
)
o
[
3]
a
3]
(%2}

Noise,
Noise,
Noise,
Noise,
Noise,
Noise,

RARER!

SrO 5?0 7f0 ETO 9.‘0 10.0
log2(Sample size)

50 60 70 80 90 100 50 60 70 80 90 100
log2(Sample size) log2(Sample size)

Perplexity

0%
5%
10%
15%
20%
25%
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How to identify diverse generation?

X
@
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Inner diversity

- Clustering method: MMseqs2 #Clusters

- 2 thresholds: 0.5 and 0.95 (D = #Seqs

0.8 A

0.6 A

o
04 ::> O ::> .
0.2 —— 0.5 . °
—— 0.95
O 4
0 100 200 300 400 500

Number of unique sequences



Mixed metrics: quality+diversity

9

1.0

0.81

0.6 4

0.4 4

0.2

0.0

1.0

0.81

0.6 9

0.4 4

0.2 4

0.0

DC is better than IPR

Py H

—— Density
—}— IPR: Precision

0.2 0.4 0.6 0.8 1.0

—}— Coverage
—— IPR: Recall
0:2 0:4 0:6 0:8 1:0

Fraction of the target cluster in sample

https://doi.org/10.48550/arXiv.2002.09797

https://doi.org/10.48550/arXiv.1904.06991

5 4 3 2 1

Number of clusters in sample

12
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https://doi.org/10.48550/arXiv.1904.06991

MMD can be used this way

MMD?*(P,Q) = Ex.p [k(z,2')] +

+Eyq [k, y)| — 2Exy-p,q [k(z, )]

1.000
0.998 J —+— RBF(r, r)
0,996 —+— RBF(q, q)
—+— RBF(q, r)

0.994
0.992 1 — |
0.990 .

0.2 0.4 0.6 0.8 1.0
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Quality vs Diversi
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Models comparison

Generative model  pLDDT (1) ppl(]) CDo.os (T)
RFDiffusion-80M 76.7 12.07 1.0
ProtGPT2-738M 63.0 7.79 1.0
ProGen2-151M 46.2 12.78 1.0
ProGen2-2.7B 52.2 11.78 0.994
ProGen2-6.4B 57.2 9.71 1.0
EvoDiff-38M 40.2 17.46 1.0
EvoDiff-640M 40.5 17.35 1.0
ProLLAMA-7B 53.1 10.50 1.0
RITA-85M 40.3 18.34 1.0
RITA-300M 41.5 19.10 0.990
RITA-680M 42.5 20.48 0.958
RITA-1.2B 42.6 19.39 0.966
DPLM-150M 81.8 3.90 0.917
DPLM-650M 81.7 4.36 0.943
DPLM-3B 83.1 4.16 0.732
DIMA-33M 83.3 5.07 0.992
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YnpaBneHne gaHHbIMM
M pa3paboTKOM Kak OCHOBa
ons npumeHernsa VI
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CocTaBHble YacT ML cuctemsl 1) IFora

Intelligent Foresight Analytics

2

o

Testing and Resource

Data collection )
debugging management

Configuration Model lvsi Serving
Data odet analysis infrastructure
verification
Process
management
Automation Feature engineering Monitoring

Metadata management

https://proceedings.neurips.cc/paper_files/paper/2015/file/86df7dctd896fcat2674f757a2463eba-Paper.pdf
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[pouecchl
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[aHHble
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MogenvpoBaHue
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[ loHaTHaa nocTaHoBKa 3aga4u 1) IFOora

Intelligent Foresight Analytics

(7}
oHO™

4

HaM Hy>kHO coenaTb Mogens, KoTopas Mbl cobupaeM gaHHble 06 YyNoMUHaHUK
onpepensieT ypoBeHb TEXHOOTUM. pasnuuHbix TexHonornn 8 CMW. daHHble
cobupatoTcs perynspHo. Ham Heobxoammo
YNYYLWUTb TOYHOCTb OLEHKN MUHUMYM Ha 20%.
Takke HY>XHO y4nTbIBaTh, HTO TEXHONOIUM
MOryT OTHOCWUTbCS K PasHbIM OTPac/sMm

M UMETb PasHbIN XXM3HEHHbIN LK. YPOBHM
Hy>xHO arpernposaTb ¢ 10 no 3 knaccos.

MJTOXAA MOCTAHOBKA 3AO0AHN @

Fall into ML
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IFOora

Intelligent Foresight Analytics

MeTpukn — oHun gns Bcex pasHblel

BusHec cdokycmposaH Ha nonyyeHum npmbdbiau! HaTta-caneHTUCT onepupyeT MOAENbHLIMU METPUKaMU

BusHec onepupyeT NOHATHBIMM METPUKaMK, (P/R, Accuracy, F1 v apyrue)
TaKMMM KaK MPOLIEHT OTTOKa K/IMEHTOB, BPEMS,

NpoBeAEeHHOE B NPOAYKTE, KOJMYECTBO

NONb30BaTENbCKMX BXOMOB B MECSL, U T.0.

[Ons nonyyerus npoduta ot BHeapeHns ML pelwerus
Ba)XHO CBSI3aTb MOAEJIbHbIe METPUKN U METPUKM B13Heca

Ba)kHO HaliTV 1 NPOTECTMPOBaTb 3TO BAUSHME Kak MOXHO
ckopee

Fall into ML
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YnpaeneHune Al npoekTtom ) IFOra

Intelligent Foresight Analytics

OH

6
SCRUM
[NopxopuT nog NT-npoekTsl
CRISP-DM (Cross-Industry Standard Process for Data Mining)
1. MoHuMaHue busHec-ueneii (Business Understanding) — Heobxonmmo npuenedyeHme Bcex
3aMHTEepPEeCOBaHHbIX CTOPOH
2. MNoHnMaHmne panHbix (Data Understanding) — nposegeHune pa3senoyHoro aHanumsa
W Apyrve NpoBEPKM AaHHbIX
3. MogroToeka paHHbix (Data Preparation) — koHconuaauus, arperaums
4. Mogenuposarre (Modeling) — Boibop MeTOZONOMMM 1 NOCTPOEHMSA MOAENM
5. OueHka pesynbtata (Evaluation)
6. BHepperune mogenun/npouecca (Deployment) CRlSP-ML(Q)
Mpo6nemsbi: He npegHasHaueHa nop utepaTuBHbIN npouecc ynydwenus. OtcytcteyeT QA. PaciumpeHne MeTogonorum
Fall into ML
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CRISP-DM cpasHenue ¢ CRISP-ML(Q) L) iFora

Intelligent Foresight Analytics

7
CRISP-ML(Q) CRISP-ML(Q) CRISP-DM
Business & Business  Un-
Data, derstanding
UE ARG Understanding Data Under-
standing
Data Data
Preparation Preparation
IDEATE

Modeling Modeling

é BUSINESS R DATA MODEL. MODEL Evaluation Evaluation

< UNDERSTANDING DEVELOPMENT || OPERATIONS Deployment Deployment

a Monitoring &

s Maintenance )
\/LSQ"\\-@
https://ml-ops.org/content/crisp-ml | https://arxiv.org/pdf/2003.05155
Fall into ML
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IlaHHbIE

OcHoBa NOCTPOEHUSA CUCTEM MALUMHHOIMO
obyyeHus

CywecTByoT pasHble TUMbl gaHHbIX. s ogHux
MOOENEeN HY>XHbl CUIbBHO CTPYKTYPUPOBaHHbIE
[aHHble, ANna apyrux — HeT (KapTUHKW, BUAEO,
KHUMM 1 Tabnuubl B B11)

OTcyTcTBUE KYNBbTYPbl PAabOThl C AaHHBIMU
3a4acCTYyIo SIBNSIETCS TOPMO3OM BHEAPEHUS
CUCTEM MaLIMHHOIO oby4yeHuns B busHec-
npouecchl

WONA .
> oA

1LY IFora

9, v\"}:}
de Intelligent Foresight Analytics

Heobxoanmo paseuBaTth KynbTypy
PaboTbl C 4aHHLIMM B 4aCTU
aBTOMaTUYeCKON NPOBEPKN KayecTBa
naHHbIX 1 gpyrnx data governance
noaxopnos (BegeHne faTa-KaTanoros
1 yrnpaeneHne MeTagaHHbIMM

v ap.)

Fall into ML
24
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YnpaBneHne gaHHbIMM

DWH (Data Warehouse)

CnoxHocTb BHECEHUS U3MeHeHul © [lonro ctpouTb ® HyxHo
XOPOLLO MOHMMaTb AaHHble ® B OCHOBHOM Ana CTPYKTYpPUPOBaHHbIX
OaHHbIX

DatalLake

EonHasa Touka nonyyeHus gaHHbIx ® Hy>kHO cneguTb 3a Ka4eCTBOM
n meton ® Het ACID TpaH3akuuii, 3BOSIIOLUN CXEM

DatalLakehouse = DataLake + DWH

WOJA .

N4

: R
<
au)

/9g . V\"‘

(7]
/71'1/0 Ho™

o -
Intelligent Foresight Analytics

9

DataMesh

OpraHn3aLMOHHbIN MOAXOA K YrpaBieHUIo
LaHHbIMK @ [TONTHOCTBIO AELLEeHTPaNM30BaHHbIN ©
3a oTAenbHble AaHHbIe OTBEYaeT BragesneL,
KOTOPbIV NepepaeT Ux Npu HeobXo[MMOCTH
noTpebutenam

DataFabric

BkntoyaeT B cebsa anemeHTbl DatalLakehouse
n DataMesh v BHOCUT LononHUTENBHO
anemeHThl data governance

Fall into ML
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[lpouecc paboThbl C AaHHbIMM

Data LakeHouse

{ D 100% COMPLETED

Data Ptpeh es

[ RAW Data }

Fall into ML
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NHuopactpykTypa ons ML (DL)

O6cnysuBaHne MHPPaCTPYKTYpbI

Nhxkernepbl DevOps/MLOps

[oTOBHOCTbL KpyNHOro BusHeca nepepasaThb
YyBCTBUTESbHbIE AaHHble (6e3onacHOCTb)

Pacwupsemocts (Managed pewerus)
Vendor lock

[Mbkas MacwTabrupyeMocTb

OTKa30yCcTOMYMBOCTb

LleHa (ocobeHHo npu ncnonssosarmn GPU
yckopuTenein)

Hy>xHbl KBanM@ULMpPOBaHHbIE MHXXEHEPBbI
(BbICOKME OMnepaLMoHHbIe U3LEPIKKN)

+

Hy>Hbl cneumanmcTsl no 6esonacHocTH

_/+
Het

OrpaHuuyeHa pusmyeckrmmn cepeepamm
N UCMOJIb3yEMbIMU MHCTPYMEHTaMM

Hy>Ho Heckonbko LIO[dos

[NonyyaeTcs Ha NOPSAOK AeLieBne
Ha OJIMHHOW AUCTaHLMUK

IFOora

Intelligent Foresight Analytics

Het

OrpaHuyeHa NnpefocTaBnaeMbIMU CEPBUCAMM
Ha
Ha

+

Pay as you go

BbiBoA: 1ICMo/b30BaHMe TONbKO 0bayHomn nHdpacTpykTypsl ans DL BeixoanT goporo, ngeanbHo UCMosb30oBaTh rmbpua,
eC/1 3TO BO3MOXHO A8 busHeca. PaspaboTka BHYTpU, MHGEpPEHC 418 KIIMEHTOB CHaPYXMU.

Bcerpa npoBoauTe oueHKy, Kakue pecypcbl NOoTpebyloTcsa nox Bally CUCTEMY M ByAeT i rotos 6usHec

Ha Takue pacxopapbi!

Fall into ML
24
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MLOps

OCcHOBHbIE NMIOLIKM:

*  ABTOMaTU3aLUMs PYTUHHBIX MPOLLECCOB

* MacwTtabupyemocTs

- CI/CD pna mogeneit (canary deploy)

* BocnpowussogmmocTs

* YnyyweHusa B3aMMoaencTBus Mexay KoMaHaamm
(DS,0OPS,DEV)

* MoHUTOPUHT peLieHui

Bonblwoe KonMyecTBo MHCTPYMEHTOB PasHOro
YPOBHS 3pENOCTMU.

MoxkeT ObITb CNIOXHO MHTErpMPOBaThb UX
Mexay coboii 1 B OMsHec-npoLecchl KOMMaHUK.

Intelligent Foresight Analytics

12

Machine
Learning

Data
Engineering
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24

© HWY BLLS



MACHINE LEARNING, ARTIFICIAL INTELLIGENCE, AND DATA (MAD) LANDSCAPE 2021

INFRASTRUCTURE ANALYTICS MACHINE LEARNING & ARTIFICIAL INTELLIGENCE APPLICATIONS - ENTERPRISE
STORAGE HADOOP DATA LAKES DATA STR l VISUALIZATION DATA SCIENCE DATA SCIENCE ML PLATFORMS SALES MARKETING -— MARKETING - B2C CUSTOMER EXPERIENCE / SERVICE HUMAN CAPITAL
b " WAREHOUSES IN-MEMORY NOTEBOOKS PLATFORMS o B28 - - " v
cloupzra @ | @databricks P dmm | detobleau 00 Fower s 9 @databricks % DataRobot data e . Nl (PN ACTIONSE - ey @c ol o
nm.. . asen & T - ._Q. o % N @ binder Jab | © S SEARS L i fop Aaris % Gagment  mixponel @ Amplitude @ MEDALLUA  zendesk  @icpnes  @lrestdesk @
. : T o 3 ) = Y. o oo @
e . o R B oroenmem T, moughtspet 'E'P.'. i & o O B B spcmoes Q Palantir H 00 [ Aamo  peoplea Sewe =Simon F e — - Ay O
Oormesronee Gwosobi | Q’dremio @ @ g e Poere O Buvese  @un mya ¢ ea
voures  Pivotol stim S ooasacs  GooGonid = O" 1 e ] 6sas Tiece - T I oo tactal (*] A -
%, assuna PE— aws 1 - e W ATSCALE  QIk@ P VRO por " P Oevpnote = .t dasacusar  ZILLIZ — - Amperity & ocmrmsch ASAPP Qada abniti Dot & Wodelwondy
jethro  EMCicusMattom | e fomaten mane Bhrozam  kx NN Materisian £\ srcent coioiell] e X B el
rantw coresimy '} .. ©Observable el By cort (B cO0AE x , = g - tutndor 2 gewecore mvoca” Bacg | Gewes talla®  ioee. Byt CRESTA e
1BM g = GoodOee hbreatiz * birst Wotsn TN b ANLCONDA At « Pachyderm OctoM| 1 M- N "
Rowm  vASY Qo | RERX™ QM [re— Pfvotal  Infowork $ ke = R @ Ben - S Gl baly i ML o | (B (PERsADOI PRV — @ossmwvens yetit' (0000 yelowal moengage | ¥ futeae
¢ | @ . : 7 Y— [~ P : » = ¥
Otumn OufSet G Kifigance  WowEH g EESTUARY P 72 preset KNIME o Mtk Bdotlata  datmo % Scagie  obvieusly.
o o w2 . o - ) | e REGTECH& — FINANCE — AUTOMATION & RPA SECURITY
RDBMS —— NoSQL DATABASES NewSQL DATABASES REALTIME — GRAPH DBs DATA ANALYST PLATFORMS AUGMENTED ANALYTICS —{ | DATA GENERATION MODEL BUILDING FEATURE STORE DEPLOY- MODEL ——] | RAVEL omoisco | COMPLANCE | Ametn morm | o e i | @rvime @ammant  @m @rown N Hmes
=) DATABASES 42 & LABELUING MENTEPRO- | MONMTORING | | comommer Okio | @sa0 e -
© 2. @t 6w, W a O singlestore @neou AmazNeptune B8 Microsoft ‘@ pentaho  alteryx T WHIVE Weights&Biases | TOSTON  Drewsmows | DUCTION :,ﬂ?e‘"" » borctas TR @rree oy e, [ommmr e esilal | gianud i Wasanion: (@
SReCLE - 3] Pr— wHoAtmon wokdte | rickrecan ANOMALI  -RcowsedReey S Pivripisn B
= e oracte 0 ’ ity @ r=~— Pivotol © imply o - g -~ scole Upwork  sappen | 50 fuee amzom | O GoogleCloud F st o ¢ N
fne B mongo ; 4 2 anod®t -oul dotobricks Arthr fnmit @ we n A
> g ity O it Wenimensss | [ROCKSET] ORACLE OrientoE TR Brasoo @mes | v o PARTNERSHIPS o B o i RVECTRA §socuse 4 exabeam S5
’ Couchbase [ St % %
L e ormaTec | wier vourn ClekHouse | @Y &\ bininGan ENOO? dab S JrpTE— Atn @ scortex fomp 2l L_LALAL L [P O wleemic u vamass | @ Wi P Moren St
sarvane M e @imens agea FeasT DEENNN truera sum - — sk ey
— EEEENE @ sovua | R Ghas 5 v Incora. SUicE R % seLDON + sconmal | @ Hone » o " - Brmern Abmtshops CCoDEAZ  smh
= 1 Altinity Objoctiey - T - e R [ T — cawa.lo Aarize
iy " . F obvieusly.al ail I
B ArangaDB o CRATEID Froce @ nosuos R 8 svlscnboura chff.cl A P WHYLABS APPLICATIONS - INDUSTRY
MPPDBs — ETL/ELT/ REVERSE ETL DATA INTEGRATION DATA GOVERNANCE —{ DATA CATALOG METRICS LOG ANALYTICS COMPUTER VISION SPEECH NP SYNTHETIC MEDIA- ADVERTISING EDUCATION = REALESTATE < GOVT& COMMERCE FINANCE - LENDING INSURANCE ———
DATA TRANSFORMATION &ACCESS ANDDISCOVERY | STORE 0 S INTELLIGENCE re i
TERADATA Census o % dgment €@ Informatics Sp'lll’*> B B wecmon aawe € S0 Sirl Qarensen | @ G cemenmn 2L = REDFIN .
Mdbt talend  alteryx e » @ vomcs @sabun || B4 metaphor | @ oo, " orEi . o DD oxandr Medatatn | @uoee | SUE | o e Quom | SHEIN a1k M) Morsso | ROOT st
il 7 s 25T Smowads (5 a0i00mine
¥rvwwen BSich  amaTiLLON " @maeson prEAum noplogic IBM Rl atlan Ti 9‘:’“ ey BSUMODIOgE ‘T a0 .!.‘."" ‘:'.‘..". & E— o S d -‘n t criteo . IASMeY., BRGS | openioor BOGMI O rances Pt erincaR l; . .
v ' Synthesia = descrip! Urod W [ARBANC i
W e @peisho - [ Grouperco "~ SOl - o §9 dataworid race < wal mErs daifd S0BN | ool ey Frpre—— RIMER sENEwTON | Orchard gabango ) Shi
g EIEEES  Prraylo O, S ) salarwinds ® kbana 5 B rofoce BVRAE - (T e Ovid A Upstart  100Credit A acw
Bevon | wzm e s Firemo Bvnes || stenanna 3ol > o | e | S g ] i Geclara roum B FaNGE - INVESTING — g |
fattenizy  ZALENI import.o | OKERA LS ik Ylogrlo kadna Ye®iviu trax S g Z 2 VLN FiscalNote ~ FRIMER | AVA Vv e
Bgrito Bornses T Houw @re g © v utlhn L = Quecs Gt IR e oM. e B Viimane supertone @ (oo el Sem g2am R aracemanee ‘ AYASD! KENSHC | @ somopan ~ scri il
A, ROLYTOM - o, siur Fmaos  ceatyer
Exasol | DIMeitno @ Ry Arowtowc | infoworks  woweiow S fatfle | (o Hsecots ccastor | QL S . v onay Qo @ss | o pnees Y vocAD Opier o mamontesn | 00 GEomy PREEENN & - [ E— *
PRIVACY & ——— DATA OBSERVABILITY ———1 MGMT/ MONITORING SERVER- - CLUSTER SVCS QUERY —— SEARCH HORIZONTAL Al GPUDBS &CLOUD =7 Al HARDWAI HEALTHCARE LIFE SCIENCES TRANSPORTATION ——— AGRICULTURE , INDUSTRIAL OTHER —
SECURITY LESS ENGINE - - £
O imer oo ¥ dofakin [ wonecama ‘mm onenie VA s | L Oumecs [ 1BM i il mum  ORACLE om,,, " & GOpenAl G oepiind Google TPU QIrm (el Py fistion  a¥RUDS  GBurnnon | 2 owege ® aeening Y- vser Testn W | @ oo | AVEVA siEMENs ByteDance
b oo £ o 125 \ - .
drm’o % S0P cruise nure CAPTIV X fil Al A2 i N st
PRIVAGERA | avia Golbn O) APPOYNAMICS () rubrk  @eynatrace Qe W 2 ( s > = rvon [ GRaPHCORE Weooen  30Med  @evs TEMPUS oK. Eews i A - i K
e npias @D i @algolia coveo sinEoUA -} Voyager . s W/ vicorious A e e ety N = o [ e
Pio Gusis | s o solarwinas®  Ewewmer  gonfo | <= | e, 02 e WNE B SR b | 0= omw wm |BESS A, Anss | Tumme 2 o
X - § Muments ] nerlc Poaroum s 5 i 3 Rwo e G7 &) o, \ AR
ey Epvemema | DATA QUALITY PGB Dk | fcisonnicinira ; S0 - shong | V2 tucidworks @ swiftype  ATTIV/O N Dooos Comoe  HAILD Do Dienowoow (it ameghen | PENOTE 44 o] A Bal & REWERVER A By
——— Cod Fampecat o - ak #moovt | . =
< wlend  SODA Booye ! " . - . Alfoctiva ey Y. Qowe. Lo, | @82 Blowsr  insitro 3 TARANIS = y -
sloflow :‘ - o Qe pAGEAMN soaie 23 | clio N R il omaron 75 ExALenD alphasense omni:us e M “ o PGStiom e HYTHIC ot 0ro  Cumentastn wxouw Paeben | Otesmta @i € Conn S i Opcospera il duetto
&Y PrivecyOynarnics | Cotiers | udsGancalagic MacwTIOE  VBEAM < n cornaw et et A e s O o Wi pory B T T U
o o 72 S M e [~2e8 VARADA | MAANA  ArQuickwiT  CHAOSSEARCH 4paracigm &P o QUS| eninne s ;0 ddnn S deentoss @ irrcsicns S () s Ove e, B, ¥
OPEN SOURCE
FRAMEWORKS QUERY / DATA FLOW DATA DATABASES ORCHESTRATION INFRA- DATAOPS STREAMING & STATTOOLS & MLOPS & INFRA Al/ MACHINE LEARNING / DEEP LEARNING
—— T ol B Rtvmsonnn prvarezr | STRUCTURE] . oz "_‘f,ss“:'_ff < :"5”““5 S mifion wstes | Frevcriion W @ Vanstormers R, omcv I @, Mo BERT i Caffe
E e s W | X
@riok v Ty Ovisemetn | o :"w Influsdt - presto X2 T 2 @ veertd | @ caneres F Fiyte P & T il o @~ Buon BM Gopews Qnweiwww  theano  [EENEEEN 0o owsum et RS
7 AL > E AT = AL o Sy @ ¥
Qoo g |9 Wroste. | 45c08 (F G @~v— @ ok | Dwewow o | @ | ey E—~ R e @ 0 D e | g Bowe o EER O . R oo
st s HELIX s * chan [ e meemas Cuistune @pinol (ulu s | WO 1 oo PRS- ety 5537 Al (o ‘ S e Mo | preive [ Y & ~ SPACY gesde Mo
DATA SOURCES & APIs
DATA MARKETPLACES FINANCIAL & ECONOMIC DATA AIR / SPACE / SEA PEOPLE / ENTITIES LOCATION INTELLIGENCE OTHER DATA SERVICES
:35'?0"3". . Bloomberg | rucusausrTTE [ | DOW JONES O.ur: D Q siiiica-Asidatiics  Bpire. Qo= Zmomo  acxiem  tEpeion | FOURSQUARE (D mapbox e SIS UG D IMAGENET  Labeihe Oomauesck @  Booz| Men | Hemion
W DAWEX an - e () [Fmer]  @mscevien e : Mapiliary -
Borowm o e W e WINDWARD @ samareatse TR i 3 " | Pac® @esri BEEN  Amedar A : EEEN = CRUX Electrif  fractab. Rext
Ppv— ! .
xgnite EIEMS S3Tnest predis MX ikt Quontcast [ waiis )
Nrnoratve T L @ o oSS «Exolabs QM08 & Syipecive Dermyst  melissa  Nzignat @ cUediq . opmsmeene AP VERTORE & comscore Dataling  nnomcxus”
Version 3.0 - November 2021 © Matt Turck (@mattturck), John Wu (@john_d_wu) & FirstMark (@firstmarkcap) mattturck.com/data2021




PacnpocTtpaHeHHblie MLOps-MHCTpYyMeHThI

F OPERATIONALIZATION -
F MODEL MONITORING ar MODEL DEPLOYMENT/SERVING R

A arize lll EVIDENTLY Al e fiddler LOSSWI“ ravel @ BENTOML E Kubeflow o:. SELDOWN 1:18:?0:? i;v.z

- Faw J
>'—mﬁ=ﬁ'e—=====_==<
( FEATURE ENGINEERING LT MODEL VERSIONING 3

BdotData [ FEAST Chrecurioc: BRASGO o D miflow ModeDB (@) neptune.ai

\_ FaA" r
4 EXPERIMENT TRACKING e Y 4 HYPERPARAMETER OPTIMIZATION ™
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® iFora

Intelligent Foresight Analytics

OCHOBHbIE MHCTPYMEHTI

BepcuoHuposaHue u otcnexusanume akcnepumentos: MLflow, DVC (Data Version Control), WANDB
CI/CD nainnainbi: Jenkins, GitLab Cl, CircleCl, Kubeflow Pipelines

KoHTeiHepusauusa u opkectpaums: Docker, Kubernetes

MonuTtopunr: Prometheus, Grafana, AWS CloudWatch, Azure Monitor

DataOps: Apache Airflow, Prefect, Kaftka, DBT

ML Mnatdopmbi: Weights & Biases, Neptune.ai, ClearML.

Cepsunr mogeneit: TensorFlow Serving, TorchServe, Flask, FastAPI, KServe, Nvidia Triton,
Nuclio (Serveless)

Fall into ML
24
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Intelligent Foresight Analytics

Pasznuune B nHdpacTpykType
npun obyyeHun Moaenu n onsa MHepeHca

Llenb YnyyweHune kayecTBa Mogenu MeHbluas 3apepikka Ha OTBET
BuiuncnuTensHele pecypcel Heobxoaumel bonblumne pecypcsl, B T.4. GPU PecypcoB TpebyeTtcsi MeHblue, GPU Toxe MeHbLie obbema
3anpoc/OTeeT, MOXET bbITb HaTy.
3arpyska BaTty 3arpyska, MHOro ANWHHBIX 3a4a4 -
OnTrMM3MpOBaHO Mog, ObICTPLIV OTBET
HeobxoammocTb Bonbwure knacTepbl Ans obyyeHUs KpynHbIX
- ABTOMacLITabupoBaHue Npu YBEINYEHUN Harpy3Ku
MacLTabupoBaHus mMopenen
3apepikka - ApekBaTHOe [nsi YeNnloBekKa BPeMsi Ha OTBET
MuHuManbHble 06beMbl (Mogesnb, KoHUr, fiory,
HuckoBoe npocTpaHCcTBO Bonblwne paHHblE, 03€pa AaHHBIX -
LOMOSIHUTENbHBIN KOA)
OTKa30yCcTOMYMBOCTD - Bbicokast M3ObITOYHOCTb, BaXXHOCTb O€30TKa3HOM paboThi
MoknTo Milflow 1 nogobHble ons TpekmHra [MocTosHHO cneanTh 3a Ka4EeCTBOM MOAENU, oLeHvBaTh data
HUTOPUI . :
P SKCMEePNMEHTOB drift u performance degradation

Fall into ML
24
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[ennonmenT mogenen (MHGepeHC)

Mo TUNY BbINOJ/IHEHUS.

OHnaitH uHdepeHc:

* CneunanusnpoBaHHble

obnauyHble pewerma (AWS
SageMaker, GCP Cloud Run,
Selectel Inference Platform

v ap.)
*  Wnu pasBepHyTble Tam xe
opensource MHCTPYMEHTbI

OBJ1AKO

CyluecTByeT MHOXECTBO peLleHui,
NOAXOAAWMNX MOJ, Pa3Hble TEXHONOMM,
HO HEeT €AMHOro CTaHAapPTHOro

Heobxopgnmo nopbupaTbs MHCTPYMEHT
NOL KOHKPETHYIO TEXHOMOMMIO

C passutrem LLM Havanu nosensatbea
crneumanM3npoBaHHble pelleHms

015 UHGEepeHCa C BO3MOXHOCTBIO 3amnycka
(KBaHTM30BaHHbIX) N OBbIYHBLIX MOoAenen
ollama, vllm v T.4.

CBOSA NHOPACTPYKTYPA

WOJA .

.¢> ‘916 @
&Y IFOra
17
Mo Tuny:
« REST/GRPC
 Model as a Service (MAS)
* Model-on-Demand
OddnaitH undepeHc:
* baty obpaboTka
« REST/GRPC
Fall into ML
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[NennovimeHT Model as a Service

(REST/GRPC)

from fastapi import FastAPI
from pydantic import BaseModel

class ModelRequest(BaseModel):
name: str

price: float

app = FastAPI()

@app.post("/predict/")

async def next_best_offer(request: ModelRequest):

return modelService.getModel().predict(request)

IFOora

Intelligent Foresight Analytics

18

Ds-way nogongeT ona ObiCTpOro NpoToTMNa peLleHus

HeT noppepsku cloud native n unterpaumm ¢ k8s, kak cneacreve,
peleHre He MacluTabupyeTcs

HenoHaTHo, kak byneT paboTaTb nog Harpy3kom?

BricTpee byneT cobupaTh 3anpockl B 6aT4M nam oTnpasnsThb
B MOZEJIb TOJIbKO MO OQHOMY?

Ecnun notpebyetcsa nobasutb HoBbIV GyHKUMOHan (Hanpumep,
aBTOPU3ALMIO M ayTEHTUPMKALMIO), HYXKHO BHECTM M3MEHEHUS B KOA.
N3mMeHeHUst MoryT BbiTb [LOBOILHO YaCcTbIMMU

HeT MoHUTOpUMHra KayecTBa M HEMOHATHO, KOTAa MOAENb CTaHET
AerpagmposaTb

MoxeT MeHaTbca Kak KOoQA, Tak N CaMa MopfeJib, NpuaeTcd BCce
nepernuncbiBatb 3aHOBO

Fall into ML
24
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Inference Servers

Client D | I
Application — U

Python/C++ Client Library

Model Repository

m @ (Persistent Volume)

Client application can
directly link to C API l Model
Management

Inference Request Inference Response
NVIDIA Triton l
Inference Server

Per-Model Framework
Scheduler Queues Backends

GPU GPU GPU GPU CPU

Triton Inference Server

Apyrue:

I T
Intelligent Foresight Analytics

19

O,u,HospeMeHHoe BbIMOJIHEHNE MO,EI,GJ'IGVI

GPU/CPU

ApanTtueHbii (AMHaMMYeckunin) 6aTumHr

[Moppepskka NpakTUYeckn Bcex n3secTHbix 6akeHaos (TensorRT,
TensorFlow, PyTorch, ONNX, OpenVINO, Python un gpyrue)

[opsiyasi 3ameHa Mopenen

MHOro fLOMONHUTENbHBIX PYHKLMI

BecbMma cnoxkeH

TFServing - tensorflow Fall into ML
TorchServe - pytorch '24

© HWy BLIS
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Intelligent Foresight Analytics
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MLFlow Serving

JlokanbHbi uHpepeHc

Dev Environment Production Environment
Hna TectnposaHus

"j' mlflow Tracking g
=== & silflow danlovments Databricks Amazon
Model pLoy Mode_l Se_rv?ng So\fjemaker

He nogxoaut noa npog

7 ’ /' / Ha rpy3 Ky
A 7 Docker r— §
L‘J | Container | — ;‘ 77
Trainin an & - /% z
Moc}el 3

BuicTpo 1 npocTo pa3BepHyTH
Kubernetes Azure Machine P P P PHY
Cluster Leaminﬁ

Mpopa nudepenc

@ m.lf/ow

[ Model Registry

$ mlflow models serve

Local Inference

, 772K
%\ Flask |

Local Server Batch Prediction

JlvweH HepocTaTKOB
JIOKanbHoro

ACWHXPOHHbIW, OTAENbHbIV Ny
06paboTUMKOB, MOXKHO
OAHOBPEMEHHO CEpPBUTb
HeCKONbKO Moaenemn

Fall into ML
24
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Intelligent Foresight Analytics

Model Serving. Kserve

[NopnepxxmneaeT 6ONbLWMHCTBO U3BECTHbIX panHTarMoB TFServing,
TorchServe, Triton Inference Server

Cloud native
MacwTabuposaHune Ha CPU/GPU
YnpaBneHue Bepcusamu
baTumnr
Jlornposanune (3anpoc/oTeeT)
YnpaeneHune TpadprKom
MeTpukn

n ,El,p
Fall into ML

24
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LLM - vLLM, Ollama, llama.cpp

llama3.2 1b, 3b
llama3.1 8b,70b,450b
gemmaz2 2b,9b,27b
qwen2.5 0.5...72b
mistral-nemo 12b
mistral

mixtral

llava 7b,13b,34b

https://ollama.com/library

Fall into ML
24
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https://ollama.com/library

3ATOPYJIBKNH
OMUTPUIA 50YAPOOBNY

3amecTutens gupekTopa LeHTpa
CcTpaTernyeckom aHanmTUKmM 1 6oNbLIMX AaHHbIX
NCN33 HNY BLLD

3amecTuTens pykoBoAUTENA CUCTEMBI

WHTENNEKTYyanbHOro aHanunsa 6oblWnX AaHHbIX
iFORA

dzagorulkin@hse.ru

Caiit iIFORA iFORA B Telegram

XoTuTe y Hac paboTaTb
NN NPONTH
CTaXXMpPOBKY?
Ckanupyiite QR-kop



Kelichl pelweHns busHec-3anad
C MOMOLLBKO aBTOMAaTUNYECKOU
0OpaboTKM BONbLINX AaHHbIX

a A

BuwneBsckumu KoHcrantn Onerosuuy

Hupekmop LleHmpa cmpameauyeckol aHaumuku
u 6osbwux daHHsIx, PhD
kvishnevsky@hse.ru

)
\r
\

Fall into ML
24



nA .,
&‘&OAQ

~ ~ ‘ A [ J
LLeHTp CTpaTerm4eCKon aHaJimTnkm 1 6onbwmnx AaHHbIX — BeAYyLWnin %\)B; IForQ

()

poccuiickuii think tank B cdpepe HoBbIX TexHONOMMIM
OTpnen paspaboTku Oraen uudpopmaumnoHHo- OThnen nccneposanmit 6onblumnx Otaen nccneposanuin
UHTEeNINNeKTYyaJibHbIX CUCTEM aHaJIMTUYEeCKUX cuctTeM AaHHbIX qud)pOBblx TeXHONOrumn
AkTuBHOCTM:
KoHcanTuHr gns rocypapcTea u busHeca (npoekTHas
0EeATeNIbHOCTb)

Paspa6oTka crctembl/nnatdopmel, MT-npogykTos n mogenei
HayuHble uccneposanms (8 T.4. ny6ankaumm B TOMOBLIX XypHanax
M MeXAyHapohHble KoHpepeHLMn)

O6yuenue, [1110O, MacTep-knacchl, TPEHUHIU, CTaXXNPOBKM

UHcTpyMeHTbI:
Cucrema iFORA (intelligent FOResight Analytics)
®Popcairt 1 technology roadmapping
TexHonoruyeckas aHaNIUTUKa
MoHuTOpUHIU U 06cnepoBaHNsa KOMMaHUM

Fall into ML
24
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CTpemMutensHbiii pocT obbemMa 1 CNOXHOCTU OaHHbIX
TpaHcPopMUpyeT chepy aHaNUTUKM

PasBuTue cuctem aBToMaTU3MPOBaAHHOrO 3
aHanusa 6onblIUX AaHHbIX

iFora

Intelligent Foresight Analytics

TpaauuMoHHas pyyHas aHanUTUKa —_—

CMeuteHHas BbIGOpKa UCTOUHUKOB

OrpoMHbIii 06BeM MHPOPMaLMK, KOTOPBbIN
HEBO3MOXHO 0bpaboTaTb BPyUHYIO

BbibpaHbl cryyaiiHo
ObuwepnocTynHbl

He Bcerpa Bbicokoro kavyecTsa
2 Clarivate

YcTapesuue Web of Science”

Amanuruk C ﬁ Mergeflow
consensus

CnuwkoM yskas cneumanmsaLms, KOHCepPBaTU3M,

OrpaHnyeHHoe 3HaHWe MUPOBOI MOBECTKM @ LexisNexis’

ToponuTtcs n genaeT owMbKM brand

JlobbupyeT onpeneneHHbie MHTEpecsl ¢ L analytics

PyeT onpea P TEQVISER
& MEOnAnorus
HepocTosepHas uHpopmauus @ .
) MAP OF SCIENCE Orbit Intelligence
W3-3a noBCceMecTHOro BHeapeHUs TEXHOMOMUiA “UII by Questel

reHepaTueHoro MW BosHukaloT pucku
pacnpocTpaHeHns HeOCTOBEPHOW MHGOPMaLMK

T INVENTORUS

™ Dimensions

COKPALLAEM NMYTb K NUHHOBALIUAM

3

AHanuTtuka Ha ocHoBe HoBeuwwunx TexHonorum NLP

Bce AOCTYnNHbI€ UCTOYHUKHU

MHorve MUANMOHbI LOKYMEHTOB
[MonHble TeKCThI
PasHoobpasHble ¢popMaThl AaHHbIX

OT160p No efnHbIM 06 BEKTUBHBIM
KpUTEpUsM KayecTBa

[MocToAHHOE NononHeHue

ABTOMaTHyeckui aHanus

[NpospayHas, Bocnpoussoanmas,
BaMANPOBaHHas MeToAMNKa

CHWXeHNEe PUCKOB «YeI0BEYECKOro
dakTopa»

Bbicokasi ckopocTb BblAaun aHanMTUYECKNX
pe3ynbTaToB

Hanemuble BbiBOAbI

Beicokoe kayecTBO 1
OOCTOBEPHOCTb AaHHbIX

CHUWxXeHWe puckos
pacnpocTparerns ¢eiikos  Fall into ML

24
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MupoBsoii peiHok N-pewennii ons aHanuTukm 60nblUMX faHHbIX

BblpacTeT B 3 pasa k 2032 r.

IFOora

Intelligent Foresight Analytics

4

530% 10,9 MIH 50 MnpA ponn. 10 HOBbIX Moperne 51 %

pocT rnobansHoro 4yncno cneunanancTos rnobansHble MHBECTULIMUN B pasBuTune reHepaTtmBHOro MW nossnsioTca B Mupe pOCCVI[/'ICKVIX OpraHM3aLl,MVI NCNoNb3yloT

obbema paHHbix ¢ 2018 r. no obpaboTke faHHbix B EC reHepaTtueHoro M sa 2020-2023 rr. KaXkabl MecsL,

K2032r.85 Pa3 ysennyaTcs 06bEMBI MUPOBLIX PbIHKOB:

CUCTEeM UHTEeJINIeKTYaJ/IbHOro aHaiM3a TeKCToB } [ TEeXHONOrmm 06P360TKM €CTeCTBEeHHOro A3biKa ]

00 $24,8 MIPA, 0o 5158,1 MIPA,

O6bem MpoBoro peiHka - /

PeLIeHUi A1 aHaMUTUKK GONbLIMX

AaHHbIX
O6beM MUPOBOTo pbiHKa
TexHonorui obpaboTkm
€CTEeCTBEHHOTO A3blKa

— J
2024 r. 2032r.

O6bemM MUPOBOro pbiHKa CUCTEM

WHTENNeKTyanbHOro aHanmnsa TeKCTOoB
*u3 yucna pocculickux op2aHu3ayull, UCNOAL3YIOUUX MEXHOA02UU UCKYCCMBEHHO20 UHMenekma

UcecmoyHuku: European Commission, Fortune Business Insights, Reports and Data, lenapmameHm npednpuHuUMamenscmesa u UHHOBAUUOHHO20 pa3sumus 2. Mockabl, A2eHmcmeo uHHosayuli . Mockasl, HUY BLLIS

\4

TEXHONOIrnMn O6pa6OTKVI eCTeCTBEeHHOro A3blka

TpeHﬂ,bI pPblHKa aHaJINTUKU 6onbLwmnx OaHHbIX

TexHonoruyeckuu nporpecc B | T, nMHammnyHoe passutne
TexHonoruin MW, ML-anroputmos, NLP-pewenuin, LLM

ornepaTuBHas aHaJIMTUKa BonblunX OaHHbIX ANna opraHoOB
BJIAaCTU 1 KOMMaHUM

NPOABUHYTas aHaJIMTUKA C NCMO/b30BaHNEM NMOCTOSIHHO
coBepueHcTeytowmxcs N-nHctpymeHToB

KﬂMeHTOOPMeHTMPOBaHHbIﬁ aHann3 OaHHbIX

NPeAUKTUBHAA aHANIMTUKA 119 NOAAEPXKN NPUHATUS
peLlieHnin

aBTOMaTM3aLuMa GyHKUMIA U MCNONb30BaHMe CnoxHbIX M-
peLleHnin HenpodbeCccuoHanbHbIMU NONb3OBATENAMM
(aemokpaTtusauus UN)

UMPPOBbIE aHANUTUYECKME NPOAYKTHI C MONb30BaTENbCKUM
unTepdericom 1 ap.

Fall into ML
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Cuctema iIFORA nossonseT Bocnonb3oBaTbCsA NpenMyLLECTBaMMU
aHanuTUKKM Ha ocHose U/

Ol IO

Intelligent Foresight Analytics

/

[ YHWKa/lbHas nonojHaeMas
MYJIbTUJIMHIBaJZibHasA basa OaHHbIX

N [
-

/
‘\ >800 MJIH pokymenrToB
o

SN

/
‘ +30 TbIC. AOKYMEHTOB

\_ eXXeHEeBHO

-

A3bIkK

CPyCCKWZ) CAHrnMFmKMﬁ) (KMTaﬁCKMVI)

(Kwpmnnmqecwle) CﬂaTMHCKme)

AHanunTuka

[ CTpaTequeCKaﬂ ]
[ TexHonormyeckasa ]
[ onepauuoHHas ]

>390 mnH

HayuHble nybnmnkaumm

>50 mnu

PoiHOYHas aHanuTHKa

1 npodeccuoHanbHble
CMU

>3.5 Mnn

KnnHnyeckmne
nccnenoBaHus

>1 MmnH

[okyMeHTbI
MeXXAYHapOAHbIX
opraHusaummn,
KOHCaNTUHIOBbIX
KOMMaHWM

>150 mnn

[NaTeHTbl

>4 mnH

HayuHble npoekTbl /
rpaHTbl MEXAYHAPOLHbIX
M HaLMOHasbHbIX
nporpamm / poHzoB

>3.5 mnnH

CouuanbHble ceTu

>300 TbIC.
OTyeTbl 0 HAP

+ KoHduaeHumanbHbie
KaCTOMU3MPOBaHHbIE JaTaceTsbl MoA,
KOHKPETHbIE 33434 3aKa3uMKOB

ONA L

> )

oHO™

IFOora

Intelligent Foresight Analytics

o
3 $
0/98 . V\*‘\x‘

>75 mnn

Hay4Ho-nonynapHele
mMegama

>3.5 MnnH

HaHHble rocyaapcTBEHHbIX
3aKymnok

>2 MNH

BakaHcum

>5 TbIC.

ObpasoBaTesbHbie
NpOrpammsl

>100 TbIC.

HayuHble koHpepeHuuu

Fall into ML
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Cuctema iIFORA nossonsieT BoCnonb3oBaThbCs
npenMmyLecTBamm aHanMTuUKM Ha ocHose W/

IFOora

Intelligent Foresight Analytics

6

® CTpaTermum * nporpamMmmeil
MHHOBALUMOHHOIO

pa3sunTms

- ¢* aBTOMaTmnyeckas MMapun na TeKCToB
* cObCTBEHHbIE airopnTMmbl yHnBepCasjibHOU asToma eckai cy apusail ekero

* MPOrHO3bI
06paboTKM TEKCTOB P

* Onanoroeas CMCTeMa Ha OCHOBe

* NpYopuTETbI reHepaTtmHoro I n metopa RAG

* 20+ obHoBnseMbix ML-Mopeneii
* 10+ dyHKUMOHANBHBIX BUTPUH AaHHbIX
M MUKPOCEPBUCOB

® TexHosiornyeckume

* LONrOCpPOYHbIE
AOPOXHblEe KapTbl U Ap.

nporpamMmmel pas3BmTuA

®* UHTEPaKTUBHbIE MHTepd)eVICbI N BUTPUHbI
OaHHbIX

MexpyHapopHas anpo6auus:

OECD, Mapwx

NISTEP, Tokuo

Innovation Forum, LLIaHxa
Forum on STI, MNpeTopus
Joanneum Research, Bena
University of Manchester v ap.

Poccuiickas anpo6auus:

>100 MPOEKTOB no sanaHvsm Annapata [NpasuTensctea PO 1 3akazam POUB n kpynHeiiwmnx koMmnaHuia

. H ™
iIFORA™ oTmMeueHa B XypHane SO, CynepkomnsioTep IFORA™ Brnioyena
% poscow B K@TaANIOr LMPPOBBIX i ‘
Nature B kayecTee t & cHARISMa BLUD nonyumn umep iIFORA oTmeueHa B cbopHuke BEIOMOCTH
» eweHwnit ICT.Moscow
3$GEKTUBHOrO MHCTPYMEHTa - y npemuio «lproputeT- p : OCHOBHBIX pe3y/ibTaToB 02 oKTAGPA, 02:09 | O6WWeCTBO
2020» B obnactu (2020) Hay4YHO-MCCnefoBaTebCKOM

NOAAEPXKKM MPUHATUS PeLLEHMA
(Nature, 2020, Vol. 583)

B Poccum co3palor cuctemy
NPOrHO3MpoBaHusA ANA
paspaboTku
WHHOBALMOHHbBIX NEKapCTB

3pPEKTUBHOrO MPUMEHEHWS
MepefoBbIX TEXHONOTMIA.
[MTukosas
npouseodumesibHOCMb
cocmasnsem 2
nema¢nonca Ha 2023 e.

pestensHocTn Chbepa «Hayka
B Cbepe 2023»

iFORA™ akcnoHupoBanach i
Ha MexpayHapoaHoi

BbicTaBKe-popyMe «Poccusy»

cpenu nepenosbIx

iFORA™ otmeuena ODCP
B KAYeCTBE YCreLIHOM

Bonee 40 Bobinyckos
MHULUMATUBLI B 0BnacTm

onepaTUBHOWM

B 2024 r. coBmecTHO
¢ CeueHoBckMM

umdposwmzaumm Haykm (OECD
Science, Technology and
Innovation Outlook 2018)

OoTe4yeCTBEeHHbIX ,EI,OCTVI)KeHVI[/'I
B HayHHO—TeXHOﬂOFM“IeCKOﬁ

coepe (2023)

TEXHOJOTMYECKOW aHaNIUTUKM
(«iFORA-akcnpeccoss)

YHuBepcuTeTOM Havanach
pa3paboTka CUCTEMbI paHHEro
BbISIBIEHWS MEPCMEKTUBHbBIX
TexHonoruni Ha ocHose iIFORA



IFORA noseonseT nonyyaTb pesynbTaThl B pasHOOOpasHbIX

dopmMaTax

.

/

® AHanuTuyeckue oTyeThbl

o

/

PesynbTaThl nccnepoBaHus
B KpaTKoM popMare,

—~

[Nepeunn opraHuzaumii,
3KCMEepPTOB, TEMATUK

Y MpeseHTauMoHHbIE Ta6 CeMaHTuyeckmne
REAMAUTALE] maTepuansl I 6a3bl
PDF PDF m @ csv 350N csv )
Ha 6ymaxkHom Ha 6ymaxHom
HOCuTene HOCuTene

N\

Mogenu
MaLNHHOro 0byyeHus

-
upyter JSON
N

IFOora

Intelligent Foresight Analytics

[MNonHble TekcTbl
ny6nvkauuin CMU,

B T. 4. e ® aHHOTaUMM HayYHbIX
e cTaTen u T.4.
KpaTtkve aHanutuyeckune
3anuUcKku v ap.
. BusyansHble Cratuctnyeckune N
npeacTaBieHUs AaHHbIe 1 Op. ° eTagaHHble
nybnukauuit
@ OcHoBHble BbiBOAKI 1
ap. ~ OcHoBHble TeMaTUKM

nybnukauuii v ap.

MporpaMMmHbIit Kop,
AN1S pelleHns 3apau
knaccudurkaumm,

® knactepusaummn n T.4.
Ha ocHoBe 0bpaboTku
6obLUNX MaCCUBOB
UHpOpMaLMK

Monb3oBaTesbckme
MHTepdech

HTML

NHcTpyMeHThI ans
yaobHoro
B3aMMOOEeNCTBUS
nosb3oBaTenen

c cuctemoit iIFORA,
nosty4eHus
BM3yanuaaLmii, Tabnuy
1 Mpou.

ro HacTpaviBaeMblM
napameTpam

Fall into ML
24

© HWy

7

BLLI3



[ J -
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Cuctema iFORA ocHoBaHa Ha MoAy/ibHOM Noaxone
1 NO3BOJISET KOMOMHMPOBATL CNeLmnanm3MpoBaHHbie 610KK

A4 KOHKPETHbIX 3adad

Y e N ' N N\ [ N N\ N N A N\ )
o Hams o
AHanus OueHka - BuiseneHue ceteit Hogeriwmne
_ OueHkun OueHka Ananuns PervoHanbHbin 1 MPOrHO3MpPOBaHMe
TpeHae TEXHOJIOMHECKOro TEXHOsIornyeckomn [MporHosbl 1 LLeHTPOB NLP-pewenus /
PbIHKOB puckos npaBoOBOro nons aHanus - npogeccroHansHbIX
passuTVa HEe3aBMCUMOCTH KOMMeTeHunn o CEepBUCHI
KOMMETEeHLMIA
BeisBnerune - Beisienerune ABTOMaTM4eckas
KapTuposaHue PacueT 3HAUMMOCTI KonunuectBeHHbie DopmuposaHme AHanns KOHKypeHTO AHAINM3 HOpPMATUBHO- BuisBRCHNE © 5 Brisienerune
TpeHAos Hay4HO- OLIEHKM PbIHKOB KOHCEeHCyC- crnocobHocTH - ceTen ceasen NepCneKTUBHbIX CyMMapusaums
1 OMHAMUYHOCTU npasoBoit 6as3bl, 6apbepoB pas3BUTUS opranusaLii ereTo
raHMsaumm n TEeKCTOB
TeXHOJ‘IOI’M‘-I;CKOI’O TeXHOROMIA MpOrHo3o8 cranaapTos perMoHansHoro Guaneca p npogeccuit,
naHgwagTa CBA3a@HHbIX C
OueHka sHauMmocTu 8 Poccum v mmpe OueHka 3penoctu PenyTauunonHbii Onpepenexue BO3HMKAIOLLMMM MpodunbHsiii aHanns
“ OUHAMUYHOCTHU
PbIHKOB MoctpoeHune aHanus BriseneHue , cneuunanusauum TEeXHONOrNaMM [IOKYMEHTOB
TPeHAoB AHanM3 XM3HeHHoOro TaliMNaiHOB PeI'IyTaLl,l/IOHHbIVI aHanus -
o MnpPUOpPUTETOB opraHusauuum Ha OCHOBe
LMKITA TEXHOSIOMMIA o purop B MEAMa-npocTpaHCcTBe P 5 Onpepenerue
cobbIThii byayuero peA NER-moneneit
BeiseneHmve pasnuunii Axanus sakymnok Onpegpenetve LR A
AHanus CTPYKTYpHbIX AHAAM3 BAVSHIS B YPOBHE pas3BUTUS HanpasneHMﬁ ConocraeneHue n Ananus nepCneKTUBHbIX
ameberm ; T e IE S X N OnOmIH Dopmmposarite Bui6op cTpaTerueckoro POCCHIICKOI ocTpoeHune obpasoBaTesibHbIX — Paspabotka
TexHonormm 5 Pecamn Mipe - passuTMSA 1 yrpo3 ] Me»(,u,yHapo,u,Hoﬁ HE3aBNCUMBbIX nporpamMmm NHTEPaKTUBHbIX
Ha cekTopa TEXHONOMNYeCKNX Hanpas/ieHnn pas3BnTmnsa > -
MoBECTOK penTuHros nHTepdercos
M NPOAYKTOBbIX NPOAYKTOB ®opmmposaHme
_ - o oma M BUTPUH [@HHbIX
BeisBnerve xainos o noptdenei Cuctematusaums 6 AHanus skcnepTHoro NPOEKTHbBIX KOMaHA,
npepenexHne Bi6op Mep 5 11 KapTVPOBaHNE Ananus npobenos BeisiBneHune knoueBbix navpwadra nopbop cneumanucTos
YPOBHS rOTOBHOCTU bigB/IEHNE B HOPMaTUBHO- -~
_ MOAAEPXKKM puckos ., HarmpasneHun ans Paspabotka
Onpepenetue TexHonorui BO3MOMHBIX TOYEK npasosoii Gase passuTUS 1 «6enbix c KACTOMM3NPOBAHHBIX
3apoxaatoLmxcs pocta e Brisenenne onocrasneHne oneneii ma oro
Mogenen MawmnHHOr
TpeHpos BuisiBnerune Onpegenetve nmpepos Npod. TpeHpos oBvue
- YeHusa
BO3MOXHbIX TOYEK MHOVKAaTOPOB coobuiecTsa n cnpoca Ha Y
pocTta BO3AENCTBUS KomneTeHLnn kanpos
CMW 1 peknamsi
N — -~ @@
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| —
-
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HoeorogHui Beinyck rasetbl PBK 3a 2023 r.

WNrorn 2023-ro, 29 pnek, 10:15 © 4021 Mopenutecs M

MU, uto panbwe? UToroebin
Homep rasertbl PBK

P CroxeTr
Wrormn 2023-ro

ITepen BaMu GUHAIBHBIIN BhIMyck ra3eThl PBK 3a 2023
rof. B oTiiMuyie oT NPOLUIBLIX JIeT MbI PelliIn
IIOCBATHTD €ro He UToraM yxogsI1iero roaa, a
MporHo3aM Ha Gauskaiiniee 6yayniee, mMpuyeM
cpOpMHPOBAHHBIM POCCUHCKHUMU CUCTEMaMH
HCKYCCTBEHHOTO HHTEJ/VIEKTa

Kakue Mmapku malumH 6yayT cambiMu

HackonbKo BbipacTteT BBIN B 2024 roay?
nonynsapHbIMU cpeaun poccusiH B 2024 ropy?
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BO3MOXHOCTMN KOMMIEKCHOrO KaCTOMU3MPOBAHHOIO aHan3a
TEXHOIOrMYECKMX pa3paboTok

10
KapTuposaHue AHanuns cTpyKTypHbIX BuisBneHue Hanbonee AHanuns ypoBHS rOTOBHOCTU
TEXHONOMMYeCKoro N3MEHeHUM NepPCrneKTUBHbBIX TEXHONOTMI TexHoNnorum
naHgwadra TEXHONOrMYeCcKoro
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CeMaHTnyeckas kapTa [uarpamMma CTPYKTYPHOI AMHAMUKM TpeHa-kapTa Kpusas TexrHonornyeckoi
FTOTOBHOCTHU
BrisBneHue puckos BeisBneHne ceten LeHTpoOB OnpepeneHuve PenyTaunoHHbI aHanns
3aBbILLUEHHbIX OXXUOaHNM KOMMeTeHLUUn cneuunannsaunm LeHTpOB LEHTPOB KOMMNETEHLNN
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KapTupoBaHue TeMaTuyeckoro naHawadTa

Keiic: BbisBneHne Hanpasnenuu passutua U

HYBRID AIGORITHM
GENETIC ATGORITHM

PARALLEL GENEJIC ALGORITHM
ARTIFICIAL BEE C@RONY ALGORITHM
ANT COLONY OPTIMIZATION ALGORITHM

[—IepCI'IeKTVIBH ble
MEMETICALGORITHM
MeToObl AGENT BASED SYSTEM

INTELLIGENT AGENT

ABTOHOMHOE i

PREMATURE @NVERGENCE TABUSEARCH  SWARM INTELLIGENCE ALGORITHM
GLOBAL§SEARCH POPULATION EA'SEDAEGORITHM An rOpuUTMbI W TeXHoNorMn 'ABE AGENT AUTOMATE[REASONING ¢
PARTICLE SWARM ALGORITHM £v/1 UTIONARY ALGORITHM BLACKBOARDRCHITECTURE ynpasnexHune
SIMULATED ANNEBLING ALGORITHM o _ onTnMmM3auum [/|, AUTONOMBUS AGENT
RANDONJJSEARCH WETA HEURISEE ALGORTTLT LooRTHM o DISTRIBUTED@ENVIRONMENT QUALITATIVEIREASONING
GLOBAL ORJIMIZATION COMBINATORIAL OPTIMIZATION PROBLEM +— poesoun SCALABIITY ISSUE Mgﬂéﬁéﬂﬁ%ﬁglzﬂéﬁ "
CONTINUOUS{®PTIMIZATION CULTURALLGORITHM VHTENNneKT INFERENCE@IECHANISM -
LOCAL SEAREBH METHOD DISCRETE OPTIMEATION PROBLEM KNOWLEDGE HBSE APPROACH _SEMANTE MODEL O6paboTka
LOCAL OPTIMIZATION STOCHASTIC@PTIMIZATION e\ @sTraTEGY KNOWLEDGE REPRESENTATION p
. i B EXPERT KNOWLEDGE ;
FITNESS EUNCTION ANYTIME ALGORITHM 3 g SL“S:%&?@;Z?E_:‘E'&G eCTeCTBeHHOro
rL ey : e s HUMAN@XPERTISE . =
REINFORCEMENT IEARNING METHOD REGRESSION TASK  |NEAR GRASSIFIER RULE BASED SYSTEM  FORMAL RERBESENTATION q3blKa
REWARD(EUNCTION Y HIGH DIMENBIONAL DATA =
NON STATIONARHENVIRONMENT [] ENSEMBLELEARNING o CASE BASED REASONING SYSTEM
CLLEABNING - MANIFOLGJLEARNING ~ LATENT RERRESENTATION  onqa|N SPECIEIC KNOWLEDGE ¢
= V=
CuHres MULTI LAYER NEURAL NETWORK PATTERN CIAISSIFICATION AUTOMATIGGENERATION GENERATI APPROACH
N306paxeHui ADVERSARIBL TRAINING LOW DIMENSIONABREPRESENTATION NON EXRERT USER
P - DISCRIMINAGHIVE MODEL WORDNET
DECISION TR INDLICTION DIMENSIONANGY REDUCTION HIDDEN MARKOV MODELS FORMALGRAMMAR vy opp sigmiLARITY
\ FEEDFORWARD NEURAL NETWORK  |JNSU PERV|5~ED LEARNING sTRUCTURED REPRESENTATION ~ NJATU RAL@ANG UAGE  SEMANTIGRELATION
- LEXICAL RESOURCE
IMAGEJPATCH FAST TRAINING  HYPERPARAMETER OPTIMIZATION GENERAT‘ME MODEL NATURAL LANGUAGE UNDERSTANDING reyr NORALIZATION

IMAGE DENOISING SEMI SUPERVISED LEARNING

FEATURE BXTRACTION SEMANTIC INFORMATION SEMANTIC RERRESENTATION TEXTUAL ENTAILMENT ~ PARALLEBCORPUS & -.l"l'?. .
ree oL TEMPLATEIATCHING ® suppoRT vecToR @AckINE cLassikier - ANOMALYE®ETECTION STATISTICABLEARNING DIALOGUE SYSTEM SEMANTIGANALYSIS iaiover ‘oY
o PREPROCESSING STAGE - SEQUENTIADLEARNING : ANAPHORA(RESOLUTION r.ﬁ e
SPARSE(GODING CLASSIFIGEFION TASK  RECURRENT NEJRAL NETWORK novELTY @ETECTION v

COLOR IMAGESEGMENTATION
MARKOV RAND@M FIELD MODEL  IMAGE CLUSTERING
orsunietion  |MAGE SEGMENTATION IMAGE REPRESENTATION
qay; IMAGE IPAINTING
IMA,G EEN l-lI-ANCEI\/I ENT TEXTUREGYNTHESIS
MORPHOLOGIEAL OPERATOR

WATERSHEBJALGORITHM IMAGE S)YlNTH ESIS

DISTRIBUTED REPRESENTATION TEXT GEINERATION
L

SYNTACTI®PARSING
ARGE EORPORA N

SEMANTIC RGLE LABELING LOW RESOUREE LANGUAGE
QUERY TRENSLATION ~ MACHINE TRANSLATION SYSTEM

TEXT €ORPUS CHARAGTIER LEVELWORD SEGMENTATION -\ 1y86E pAIR
WORD ENIBEDDING WORD SENSE DISAMBIGUATION

AUTHORSHIPJATTRIBUTION NEURAL LANGUAGE MODEL

HANDWRITTEN D{BIT RECOGNITION SUPERVISEJ@LEARNING MULTI TASEBLEARNING
GENERALIZATION ABILITY gp|ReCTIONAL LONGGHORT TERM MEMORY SEQUENGELABELING NAMEBJENTITY

IMAGE CLASSIGICATION TASK JE EMOTION CUBSSIFICATION
MULTI SCAQE FEATURE PRE TRAINED MODEL DOMAIN ABAPTATION 1 1cra LEARNING
ENCODER DECOBER ARCHITECTURE  DEEP L@RNlNG SELF ATTENTIGR MECHANISM

UGEET CONVOLUTIONALEEURAL NETWORK ATTENTIONGUECHANISM

" MULTI LABEL @ASSIFICATION ANNOTATED CORPUS - WORD ALIGNMENT
CANNY EDGE DETECTOR IMAGE TRANSFORMATION IMAGE CLASSIFICATION RECURSIVE NERAL NETWORK __LANGUAGE MODEL  rosscine
ACTIVE GONTOUR IMAGE RESTORATION RESIDUANETWORK _ - WORB2VEC ¢y NESE WORBISEGMENTATION SHALLOJPARSING
TEXTURE INBORMATION STEREO WIATCHING HANDCRARED FEATUIfi LONG SHORT TERMWEM(;W NETWORK  HUMAN AINOTATION SENTENCESIMILARITY. DEPENDENGY PARSING
CONTOURETECTION  IMAGE STITCHING 5d TRANSFERJREARNING v LANGUAGE IBENTIFICATION
ST IMAGE REEGOGNITION RECOMMERIDER SYSTEM WORDIVECTOR 3

IMAGE FILTERING SENTIMENT LEXICON

SIAMESEQUETWORK ~ SOFTMAX{BLASSIFIER
FAST@CNN
FACE VERIFICATION

CROSS MODBL RETRIEVAL USER PROFILING

N GRAM
CONTINUOUS SPE::ECH RECOGNITION

SPEECH SYNTHESIS
NOISY C@NDITION ACOUSTIE MODEL
PERSONALIZED RECOMMENDATION  automaric SPEECH@ECOGNITION SYSTEM
USER INTEREST SPEECH ENIJANCEMENT SPEAKER ADAPTATION

PHONEME RECOGNITION

COLLABORATIVE FILTERING ALGORITHM

MULTIPLEJSPEAKER

SPEAKER IDENTIFICATION SPEECHSEGMENT
SPEAKER VERIFICATION VOICE CO:'NVERSION
SEQUENTIAL PATTERN MINING |NEFORMATION EXTRACTION SPEECH UIWERANCE

SALIENCY(DETECTION IMPLICIT FEEDBACK

VISUAL OBJEGTJRECOGNITION
SOCIAL TAGGING SYSTEM

GENDER CLASSIFICATION
FACIAL EXPRESSION RECOGNITION

INSTANCE SEGMENTATION
PERSON RE IDENTIFICATION

3anHTepecosan
TpeHA? Mo QR-koay
MOXHO HanTh
aKCnepToB M3 Beiwky,

REAL WORLD IMAGE
RGB D/IMAGE FACIAL FEATURE EXTRACTION

BACKGROUND MODELING 3D FACE RECOGNITION BIOMETRIC RECOGNITION

COMPLEX SCENE pPEDESTRIAN/DETECTION

APPEARANCE MODEL v NG oBJEeT DETECTIONFACE DETECTION
MOTION SEGMENTATION ROAD DETECTION REAL TIME RECOGNITION
3D POINT CLOUD MULTIPLE MOVING OBJECTS HAND GESTUREIRECOGNITION

VISUAL ATTENTION MODEL

IMAGE ANNOTATION

IMAGE(SE

CONTENT BASED IMAGE
VIDEQ CLASSIFICATION

KNOWLEDGE EXTRACTION
DATA MINING ALGORITHM iy procEss
ASSOCIATION RULE MINING

00 C HUMAN DETECTION  GAIT RECOGNITION VIDEO SUMMARIZATION EVENT RECOGNITION

KOTOpre HaloT Npo OUT

3Ha p UTD R SCENE UNCONSTRAINED ENVIRONMENT DOCUMENT IMAGE CONTENT BASEDIVIDEO RETRIEVAL HIDDENGATTERN QUESTION ANSWER SYSTEM
DYNAMIE SCENE IMAGE INDEXING, HIDDEN KNOWLEDGE KNOWLEDGE GRAPH

PATTERN DISCOVERY

COMPUTER VISION ALGORITHM CHARACTERRECOGNITION . eoRSeNT AnaLyAs

POSE ESTIMATION VIDEO SEGMENTATION  ACTION RECOGNITI
3D OBJECTIDETECTION TEXT DETECTION  KEY FRAME(EXTRACTION

NATURAL SCENE
ROBOTWISION

KomnbioTepHoe %:%
[=]

Hero Bcé

OPTICAL FLOW ‘COREFERENCE RESOLUTION

SEMANTIC SEARCH
NATURAL LANGUAGE PROCESSING TECHNIQUE

SENTIMENT ANALYSIS evenr EXTRAL‘Hoi/
UNSTRUCTURED TEXT NAMED ENTITY RECOGNITION

MULTI DOCUMENT SUMMARIZATION

INDOORISCENE ENTITY LINKING

E E QUERY EXPANSION

e MooeLNG TEXT SUMMARIZATION
o TEXT CLASSIFICATION  TEXT SEGMENTATION
DOCUMENT CLUSTERING KEYWORD EXTRACTION
DOCUMENT CLASSIFICATION
VECTOR SPACE MODEL

PacnosHasanue peromenpatensHbie

3peHne CUMBOJIOB CUCTEMB

[=]#s

IFOora

Intelligent Foresight Analytics

11

KnioueBble TexHonornyeckue
HanpaB/ieHUsl CBSI3aHbl C aHaIM30M
BusyanbHbix (3/10 Hanpasnexuin),
TekcToBbIX gaHHbix (4/10) n
CKBO3HbIMW MeToaMu,
COCTaBNSIOWMMMN OCHOBY AJiS
passutua M (3/10)

BonblWMHCTBO BbIAENMBLIMXCA
TeMaTuk cesizaHbl ¢ Mmetogamu UN.
OTaensHO MOXHO BbIAENUTb
PekomeHpaTenbHble cucTEMBI
Hanpaenexnne «Anropurmbl
ONTUMM3aLUKN, POECBOW UHTENNIEKT
pa3sBunBaeTCs 060COBNEHHO OT
OCTaslbHbIX HanpaBneHun. 3To oaHa
n3 Hanbonee NepcneKkTUBHbIX
Tematuk I cnepytowero
NMoKONEHNs

PacrosnasaHune
W CUHTE3 peun

AHanus rpados n ceTeit
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BuisBneHmne un OoleHKa TeEXHONOIMM4eCKuUuX TpeHnoB

Keiic: BbisBneHne Hanbonee nepcneKTUBHbIX LUPPOBbLIX TEXHONOrUMA

3apaua: OTbop Hanbonee
MepCneKTUBHbIX TPEHLO0B
M TEXHOMOTMYECKMX HanpaBieHui

Pewenue: N3sneueHne ns tekctos
Ha KUTANCKOM A3blKe KSII0YEBbIX
TeMaTuK No CeMaHTUYECKUM
rnokasaTensaM, oLeHKa

MX 3HAYMMOCTU N OUHAMUYHOCTU Ha
TPeHA-KapTe

Addekr: Onpepenerue
MOTEHLUMAaNbHBIX KTOYEK POCTa»
LJ15 KOMMaHUW Ha OCHOBE
06bEKTMBHOM OLLEHKM PasBUTUS
TpeHAoB, BbIGOp cTpaTerum

B 3aBucMMOCTM OT KOMBUHaLMK
3HAYMMOCTH

Y OMHAMUYHOCTM TEXHOMOTMYECKMe
pa3paboTkun MOryT ObITb
KnaccuduUMpOBaHbI MO YeTbipeM
TMNam TpeHaa

Mpuopuretamu ona fansHenwero
aHanu3sa SBNSOTCA paspaboTku

C BbICOKOM 3HAaYUMOCTbIO
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/ JHononHurenbHble BO3MOXHOCTH: \
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HanpaeneHue n UHTEHCMBHOCTBL (ANWHA 3Ha4Ka) NpupocTa
(OCTpbIi KOHew cneBa) WNu CHWKeHUs (OCTPbIN KoHel
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CrabunbHble HanpaBnexus PacTywue Hanpaenexus
Textonorus 3
TexHonorus 1 o> TexHonorus 4
) TexHonorus 2
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©
o
H
=
3
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/
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YrnybneHHbIn aHanns XXM3HeHHOro Linka TPEHA0B

IFOora

Intelligent Foresight Analytics
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Ketic: opmupoBaHne puHammueckmx TpaekTopuit TpeHaos (Ha npumMepe NMUTMH-MOHHDBIX aKKYMYJISITOPOB)

3apaua: OueHka 1 NPOrHo3npoBaHue
YXWN3HEHHOrO LinKa TEXHONOIUIM U
NPOAYKTOB Ha OCHOBE MX YNOMUHaHWUS
B TeKCTax

Pewenue: PeTpocnekTunBHbIN
aHasiM3 3Ha4MMOCTU U
AMHAMWYHOCTU TEMATUK MO rofaM,
$opMUpOBaHME rMMNoTes no
AanbHENWNM TPaeKToOpUsM

Addekt: OueHka roToBHOCTM
TEXHOMOIMI U UX OXKMAAEMOro
noTeHumana

-

CrtabunbHble HanpaBneHus

LINEAR SOLVENT® ° % ® %°

\ 2

~

TpeHA-KapTbl ¢ TPAaEKTOPUSMU TPEHAOB

PacTywwe HanpasneHus

@ _LITHIUM FOIL_ RRE LITHIATION
SAL-T‘&K.E ry

sooogg o‘u

II?HIUM ﬂR(E. UTH\L&A SWE ‘
©0 e 00

000

CO2 REDUCTION TREND

DISS®LVE ITHI!IM BEAR ETHER ELECTROLVTE
L]

up WATERIAL® 6o °° -
® ° R ) = Y e ® ° (1]

" Be . INFERIOR BATTERY LITHIUM WIRE @ Q%

5 ° LA g‘cTHowTE?AATE A p .

E V‘C/;BHO‘ UM DEVICE. *—%v o ° e 0 «* @ v

2 b J ®®  LchiTHUM @ ® o TS ™ ® pomus core

P%AXO COMPLEX P CQERY RATE ® o s ®® & PORTION °
0y ® 5 P ) o P\PE.COOLAN; o ia QO@ONAW & F]
° (Y 'UP 2
T 50 MAH G L4 ® P PURIRY FEED o METAL AND GRAIN ® e L4
@@ SOLTION R:RinG MEoPARTICIE @
J Cna6eie curvans! s BosHukatowme TpeHppl
AnHamuusocTs
/COZ reduction trend flron phosphate battery \ /Artificial solid electrolyte interphase (SEI) \
CokpaujeHue 8bi6pocos yanepoda Jlumuti-xeneso-pocpammeili WckyccmeenHas mex$asHas epaHuya meepdozo
aKKyMysissmop anekmpoauma
2018 2023 2023
2023 2013 g
- — 7 —
2013 s e e
2014 2013 -~
\Vlcmuuuk AaHHbIX: NaTeHTbl \MCTOHHMK AaHHbIX: PbIHOYHasA aHaNnTUKa n ﬂP0¢eCCM0Haﬂbele CMH / Qk'rouuux AaHHbIX: Hay4Hble ny6nMKauMw /

TpeHn XapaKTepn3yeTCs BbICOKOM 3HAYMMOCTBIO,
B Pbi pocTa 3a cueT
pacu.lupeHml MPUIOXEHMS U POCTa 3PesIOCTH TEXHONOTHH

o
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OnpepeneHne cneumanmsaumm LEHTPOB KOMMNETEHLNM

Kelic: onpepeneHue cneumnanusaumm LeHTPoB KoMneTeHuu B cdepe HedpTenobbium

3apaua: Boisenenue
BbICOKOKOHKYPEHTHbIX PbIHOYHBIX
CermMeHToB 1 CBODBOOHbBIX
PLIHOYHbIX HULL

KpyroBoit 3HauoK yKa3biBaeT Ha Hanuuve
crneumanmnsaLm LieHTpa KOMNeTEeHLN
B OTAeNbHON obnacTun

Opranuzaums 1 . . . ° o PY . .
OpraHuzauus 2 PS PY P .

OpraHuzaums 3 ® ° ° o

Pewenue: [lnarpamma

IFOora

Intelligent Foresight Analytics
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Pasmep kpyrosoro sHauka — cTeneHb
OTHOCUTESNIbHOW crieunanmnsasgmm
LleHTpa KOMNeTeHLMi o

min

o Kniouesble
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TectnpoaHue n Bbibop LLM ons iFORA-accucTeHTa

Ucnonbsosarue RAG u LLM

\-

TexHuueckoe
TecTMpoBaHue

8 otkpbiThix LLM,
B T.u. GigaChat

~

J

OT160p LLM c nyywmmu MeTpukamm KayecTsa

OTo6paHbl 4 oTkpbIThIX LLM ans 06paboTku TekcTa
1. Research_qgwen_2_7b

2. Llama3.1:8b
3. Research_llama3_8
4. Mistral

+ GigaChat

OTo6paHbl 2 oTkpbiTbie LLM ansa o6pa6otku

BU3yanusauuu
1. QwenVL
2. Llava

bleu | ref_len | resp_len |rouge_1|rouge_2 | rouge_| |bert_score_fl| bert_score_r | bert_score_p | sem_sim

research_qwe

002 | 288 188 015 | 002 | 014 0,66 0,66 0,66
n_2_78
lama31:8b | 002 | 288 194 | 015 | 002 | 0414 0,66 0,66 0,67
’;Sgamh—"a’“a 002 | 288 286 014 | 002 013 0,66 0,65 0,68
mistral 002 | 288 193 014 | 002 | 013 0,66 0,66 0,67
saiga_llama3 | 0,02 | 288 182 015 | 002 | 014 0,66 0,66 0,67
tite 002 | 288 385 014 | 001 | 013 0,67 0,68 0,66
qwen2:7b 002 | 288 177 014 | 002 | 013 0,66 0,66 0,66
research_llama| ¢ 0> | 288 166 015 | 002 014 0,66 0,65 0,67
llama3:8b 002 | 288 165 015 | 002 | 014 0,66 0,65 0,67
gigachat 003 | 288 130 013 | 002 | 012 0,66 0,65 0,67
qwen:14b 001 | 288 74 009 | 001 | 009 0,64 062 0,67

0,86

0,84

0,84

0,83
0,85
0,84
0,84

0,83

0,82
0,81

IFOora

Intelligent Foresight Analytics
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AkcnepTHoe TecTupoBaHue LLM ans o6pa6oTku TekcTos

Bui6paHa 1 otkpbitas LLM - Research_qwen_2_7B
+ GigaChat

AkcnepTHoe TecTupoBanue LLM ansa o6pa6oTku Busyanmsaumi

Bbi6paHa 1 otkpbiTas LLM - Qwen VL

© HWy BLIS



Mopenu B3anMooencTemsa ¢ busHec-3aka34mkomM

1 2

Moanucka Ha ycnyru Kopo6ouHoe pelwieHue

KacToMusaumsa nop notpebHoOCTH 3aKka3umka
HocTyn yepes onepaTopa 1 aHanuTUKa
CpaBHUTENBHO BbICOKAs LieHa

Mpumepnbl 3anpocos:

1) OnpepenuTb B KakMe TEXHONOMMU MHBECTUPOBATL B BamxKanwme
3 rona

2) BbisBUTb dpakTOpbI BAUSIOLME HA CHACTbE U NCUXOdU3NYECKoe

COCTOSIHUE XUTENEN MeranosimcosB

IFOora

Intelligent Foresight Analytics
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4

UT-nnatdopma

© HWy BLIS
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1 2 3 4

byTukoBas aHanuTHka Kopo6ouHoe pelwueHue UT-nnatdopma

[Mpopaxka TMNoBbIX ycnyr

3aka3uunk BbIGMpaeT U3 nyna pellaeMbix 3agad
Bo3MorXxHO gononHeHue yrnybieHHOM aHanUTUKOM
LlLeHHUK HMXKe, YEM B KACTOMU3MPOBAHHOM aHaNNTUKe

Mpumep 3anpoca:

B TeueHune kBapTana copMmMpoBaTb KOMMIEKT aHaNNTUKM
no 10 TexHonormam:

- KapTuposarue naHgwadta

- BebisBneHue n otbHop

- AHanus umdpoBoro cnega

-  OnpepeneHuve pelleHuii-aHanoros

© HWy BLIS
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Mopenu B3auMonencTeusa ¢ bBUsHec-3aKka3uymKkom ¢ IR
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1 2 3 4

ByTukoBas aHanMTHKa Mopnucka Ha ycnyru UT-nnatdopma

KactomusuposanHoe UT-pewenne

Bo3sMoXHOCTb MCNONb30OBaTh NOKANbHO

HocTtyn Hanpsimyio

Heobxoanmo oby4yeHue nonb3oBaTeneu

MoxeT TpeboBaTb cob6cTBEHHYI0O UHPPACTPYKTYPY

Mpumep 3anpoca:
PaspaboTaTb pekoMeHZaTeNbHbI CEPBUC A1 aBTOMaTU3aLMM

aHaNnMTN4eCKnx npoueccos HayLIHO—TeXHVI‘-leCKOl)'I 0eAaATesIibHOCTU

B oTpacim X

© HWy BLIS
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Mopenu B3auMonencTeusa ¢ bBUsHec-3aKka3uymKkom ¢ IR

/9g . V\"‘\"

(7]
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1 2 3 4

byTukoBas aHanuTHka Moanucka Ha ycnyru Kopo6ouHoe pelwenune

MpepocTaBnsaeTtca pgoctyn K niaTtdopme
Bo3MoxkHOCTWM ond rnobanbHoro 6usHeca
'mbkue TapudHbie naaHbl

Heobxoanma convpHas unppacTpyKTypa
PacwupeHue nyna BO3MOXHbIX 3aKa34MKOB

Mpumep 3anpoca:
ObecneunTb [OCTYN BCEX NOApPasaeNneHUN

K OI'IepaTVIBHOPI aHaJIMTUnKe O pa3BNTUN HaYKU

N TEXHONOINN, TpEHOaX N PbiIHKaxX

© HWy BLIS



Dakanbl B NPOEKTHOW AesATeNbHOCTH...

UHuummnpoBaHue u nnaHMpoBaHue
npoekTa

HekoHkpeTHble Lenu
OTcyTCcTBME KONMYECTBEHHbIX
KpUTEepues ycnexa

Byoywwe ncnonHutenu He
y4acTBYIOT B NJIaHNPOBaHUM
MeToponorusa He nponncaHa
HenpaBunbHas oueHka CPOKOB
peanusaumm
N3onmnposaHHOCTL OT Haraxa
APYrUX NPOEKTOB U 3HaHWUM
OTcyTCTBME OLEHKM PUCKOB
Buibop Henopxopsawero
MeHepXepa NpoeKkTa
OTcyTCcTBME MOTUBALIMM KOMaHAbI

BoinonHeHne npoekTa 1 MOHUTOPUHI

OTcyTCcTBYET €AUHbIN

OTBETCTBEHHbIU

[1lnoxas KOMMyHMKaLMS B KOMaHAE

HenoHnMaHmne cTenkxonnepos u

nx uenen

He oTtcnexuBaioTcs UIsSMeHeHMs B

npouecce paboTbl Hag NPOEKTOM

OTcyTCcTBME MEXAHN3MOB

yrnpaBfeHNs pUckamm

ALMWHUCTPATMBHbIE NPObNEMbI

(sakynku, obopygnosaHue,

COorfiacoBaHus....)

KpaliHocTu B dopmanmsaumm
HepnocTaTouHbIM onepaTMBHBIN
KOHTPO/b
MuKpoMeHeIKMEHT

IFOora

Intelligent Foresight Analytics

3aBepLueHMue NpoeKTa

3aKa3umk XoTen 4ero-To Apyroro
PesynbTaTbl HE MCMOb3YIOTCS
3aKa34yMKOM B [OCTAaTOYHOM Mepe
PesynbTaThl He MacwTabupyoTCs,
creayloWwmn NPoeKT «Kak B
nepBbI pas»

Ouwmnbkn npoekTa

He LOKYMEHTUPYIOTCS

M HE UCMPaBNSIOTCA B AallbHENLLEM
KomaHpe He naeTcsa obpaTHas
CBS3b

Fall into ML
24
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Dakanbl B NPOEKTHOW AesATeNbHOCTH...

BAD IDEAS

Fall into ML
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... U KaK Ux nsbexatb (Hy UK C Yero HavyaTb)

3apyunTbca NoaaepXKKon cnoHcopa/nHeecTopa/pykoBogmTens
CdopMynunpoBaTh Lev NpoeKkTa U KpuTepun ycnexa

OnpepennTb BCeX CTENKXONAEPOB MPOEKTa U UX peasnbHble MHTEPECH
HaunHaTb nnaHnpoBaHue oT obLiero BuaeHus kK bonee Menk1MM 3agadyam
OueHuTb pecypcbl U pUCKH

CdopMupoBaTb U EKOMMNO3MPOBaTL CTPYKTYPY PaboTbl

YeTko onpenennTb poniv U OTBETCTBEHHOCTb 32 PaboThl B MPOEKTe
CuHxpoHusnposaTb noHnMaHne YTO, 3AHEM un KAK pnenaem ona komaHgpbl
BbiCTPOUTL KOMMYHMKALIMM B KOMaHAE

[paKkTuKM perynsapHoro MeHe>XMeHTa

YnpaenaTe usMeHeHUAMHU

[MonyunTb 0BpaTHYIO CBA3b OT 3aKa3uymKa

OTdurKcMpoBaTh KYPOKM» NPOEKTa

o -
Intelligent Foresight Analytics

22

p" Project
~ Management
x& Institute

GLOBAL STANDARD

PykoBogcTteo k CBoay
3HaHWI MO YrNpPaB/IEHNIO MPOEKTOM

PYKOBOOCTBO PMBOK

Cepnpbmoe nsgaHve

n CtaHgapt

ynpasneHys MPOEKTOM

Fall into ML
24
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KOHCTAHTWH OJ1ETOBNY

OnpekTop LleHTpa cTpaTernyeckol aHanuTukm
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MULTIMODAL BANKING |
AND EVENT SEQUENCES
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IVAN KIREEV

7 YEARS IN MACHINE LEARNING
5 YEARS IN DEEP LEARNING (SBERAI LAB)
2 YEARS AS HEAD OF DEEP LEARNING CENTER

7/ SCIENTIFIC PUBLICATIONS

WEBSITE
SBER Al LAB

RESEARCH INTERESTS:

* EVENT SEQUENCES

* REPRESENTATION LEARNING
* MATCHING

 LLM

* ADVERSARIAL METHODS

* DYNAMIC GRAPHS




DEEP LEARNING CENTER

-

EVENT SEQUENCES

NEURAL NETWORK POTENTIAL:

 LARGE DATA VOLUME

e COMPLEX DATA STRUCTURE




OPEN SOURCE DATASETS

/

FINANCIAL HISTORY

RETAIL RECEIPT HISTORY

LEARNING APP LOGS

URL VISIT HISTORY

MUSIC LISTENING LOGS

SEQUENCE TYPE

TARGET

CLIENT’S GENDER
AND AGE

CHURN PREDICTION

DEFAULT INDICATOR

UPLIFT

EXAM SCORE

CLIENT’S GENDER
AND AGE

GENRE

DATASET
SBERAGEPRED

SBERGENDER
ROSBANK
DATAFUSION

ALPHABATTLE

X5RETAILHERO

BowL2019

MTSMLCupP

YANDEXMLCuUP




SEQUENTIAL DATA — EXAMPLE

cl_id MCC channel_type currency TRDATETIME amount trx_category
int64 intée4 string - classes int64 string - Iengths floate4 string - classes
IIIIIIIIIIIII'II'I" _____ IIII______ O —_— II__ IIIIIIIIIIIIIIIII II______ - O 1 |
2 10.2k 742 9.41k 5 values 32 986 16 16 0.01 18.3M 10 values
3 6,011 null 810 09AUG17:20:08:44 2,000 WD_ATM_ROS
3] 5,814 null 810 06JUL17:00:00:00 695 POS
3 5,999 null 810 21JUL17:11:20:12 100 POS
3 & 5,912 null 810 01JUL17:00:00:00 1,966 POS >
3 5,411 null 810 27JUL17:00:00:00 360 POS
3 5,977 null 810 12JUN17:00:00:00 1,064 POS
3 6,011 null 810 14JUL17:00:00:00 5,500 WD_ATM_OTHER
5,814 null 810 12JUN17:00:00:00 187 POS
5,541 null 810 0O4FEB18:00:00:00 304 POS
6,012 null 810 21FEB18:13:03:19 700 C2C_oOuT
5,631 null 810 18FEB18:00:00:00 373.5 POS
5,921 null 810 23MAR18:00:00:00 212.98 POS

5,814 null 810 0O9MAR18:00:00:00 622 POS




CREATING A UNIVERSAL
EMBEDDING ON A LARGE VOLUME

OF PROBLEM:
NLABELED DATA NEURAL NETWORKS REQUIRE LARGE AMOUNTS OF

E#ARMNPILI_E('JLIJE'II'\IPDE:I?C;IEII\\I/I[S) ;ggI;\ITIII\:\IGGFIiR SUCAOLT':'ﬁilp"I'SHKESTRAINING LABELED DATA FOR TRAINI NG, W st
Q ALWAYS AVAILABLE FOR SPECIFIC TASKS.
DATA VOLUME INCREASES

—— E.T.-RNN -
i T~ SOLUTION:
0.82
y e TRAIN A UNIVERSAL MODEL USING LARGE
> o8 VOLUMES OF UNLABELED DATA.
<
=
§ 0.80 e ADAPT THIS MODEL FOR INDIVIDUAL TASKS.
[a'4
% 0.79
a
S o7 TECHNOLOGY:
0.77 EMBEDDING AS THE OUTPUT OF A UNIVERSAL
MODEL

100K 200K 300K 400K 500K 600K 700K

TRAINING DATA VOLUME
ET-RNN:APPLYING DEEP LEARNING TO CREDIT LOAN

APPLICATIONS [KDD ’19]



ARCHITECTURES AND ALGORITHMS

ARCHITECTURES: S T
ot =B
« TRANSACTION ENCODERS
® ® ® ®
* SEQUENCE ENCODERS Lad - I\ > l > I\ > l
& & & - o

LEARNING METHODS:

Reconstructed
>
IIIII

e UNSUPERVISED / SELF SUPERVISED || [y oo !

e CONTRASTIVE |




COLES

ADVANTAGES:

* REPRESENTATION OF THE
ENTIRE OBJECT

Embedding vectors PROXIMITY IS EXPLICITLY
Encoder distance
SPLITS RESEMBLE THE

[ e ENTIRE SEQUENCE

Embedding vectors
sub-seq e CoLES - Minimize
sub-sequence 4 »| Encoder distance DISADVANTAGES:

e NEGATIVE EXAMPLES ARE
REQUIRED

e (OBJECT DYNAMICS ARE
COLES: CONTRASTIVE LEARNING FOR EVENT SEQUENCES WITH SELF- NOT TAKEN INTO

SUPERVISION

) 4




VICREG

-
[

VICREG: VARIANCE-INVARIANCE-COVARIANCE REGULARIZATION FOR SELF-SUPERVISED

LEARNING
HTTPS://ARXIV.ORG/ABS/2105.04906

ADVANTAGES :

* REPRESENTATION OF THE
ENTIRE OBJECT

PROXIMITY IS EXPLICITLY
DEFINED

NEGATIVE EXAMPLES ARE
NOT REQUIRED

DISADVANTAGES :

e SENSITIVITY TO
HYPERPARAMETERS




CONTRASTIVE PREDICTIVE
CODING

Predictions

it — i — e — e —
=TT s — e — —r—
o - —

\
Zt+1 Zt+2 Zt+3 Zt44
/genc\ /genc\ /genc\ genc genc

T3 | T2 | Ti-1 T4l T2 Tt+3 Tiyq

REPRESENTATION LEARNING WITH CONTRASTIVE PREDICTIVE CODING

HTTPS://ARXIV.ORG/ABS/1807.03748

ADVANTAGES :

THE HIDDEN STATE
CONTAINS ALL
INFORMATION ABOUT
THE OBJECT

PREDICTIVE TASKS ARE
ADDRESSED

DISADVANTAGES :

NEGATIVE EXAMPLES ARE
REQUIRED

MANDATORY SPLITS ARE
NEEDED

PREDICTIVE TASKS ARE
MORE COMPLEX




MULTIMODALITY FOR EMBEDDINGS

THE USE OF ADDITIONAL DATA (MODALITIES) ENHANCES THE QUALITY OF CUSTOMER EMBEDDINGS

MULTIMODAL EMBEDDINGS CAN BE APPLIED TO THE SAME TASKS AS TRADITIONAL EMBEDDINGS BUT PERFORM

BETTER

EXAMPLES OF MODALITIES

-

e PURCHASE HISTORY

* FINANCIAL OPERATIONS

* TRANSFERS

e CUSTOMER COMMUNICATIONS
« WEBSITE ANDAPPACTIVITY

* RECEIPTS

~

IMPROVEMENTS FOR INDIVIDUAL SOURCES

p
« RAW, NOISY DATA

e LARGE CATEGORY DICTIONARIES
* RARE EVENTS WITH LIMITED COVERAGE

G

NEW TYPES OF DATA

p
e GEOLOCATION DATA

e GRAPHS
e TEXT




MULTIMODAL BANKING DATASET

THE LARGEST OPEN-SOURCE MULTIMODAL BANKING DATASET

DATA FROM 2 MILLION CLIENTS HAS BEEN COLLECTED AND ANONYMIZED
MODALITIES: TASK: LINK ON
e TRANSACTIONS PREDICTING THE PURCHASE OF 4 HUGGING FACE:

e DIALOGUES PRODUCTS FOR THE NEXT MONTH . I
e GEOSTREAM Eu E

> Historical
sequential data

time hash_4 hash_5 _6
2022-03-08
13:20:00 enfy enfyy enfyyn . . ) .
2022-03-04 . . . .
17:45:00 enfy enfyz enfyzh N .
2022-04-18 N M
Geo 09:32:00 B4wb Bdwb2 84wb2x s P of feeaa | P o .. PR B ......................:.....
time dialogue te : . o[
Hello, my name /s <NAMES, . . 5 .
13:20:00 |1 can not open N
Good evening, can I help you? : M . M
5 . . . .
[ T ange . .

Dialogues 11:48:00 | Yee 1 need to activate .
= FelloT T wouTd ke to know T 1 can d
12:13:00 |my ...
: : Multimodal
time  |amount|type_1| type_2 P . model
. 7022-03-05 .
Transact|0ns 2(1)5:223:30‘1]4 20000.0 4 [1241 [ R U ...... U ........... H ....... H . U ..... U ...................... veees
1220953 | 50000 12 [4464 : :
20220324 112000 .0 34 2343 S =
— : urchase pre iction
target_1 | target_2 | target_3 | target 4 in next month
Purchases mon | traet ® | gt 3 rareer A f - - e [fTeTe]e \ [eTeTeT> \ [TeT:Te \
20220331 | 1 0 o 0
2222222 E 0 1 0 .
| | I | Time
3

I | I | 4
2022-03-01 2022-04-01 2022-05-01 2022-06-01 HTTPS://ARXIV.ORG/ABS/2409.17587



FUSION OF MODALITIES -

DEEPER UTILIZATION

OF ADDITIONAL DATA ACCOUNTING FOR DEEP
RESULTS IN HIGHER RELATIONSHIPS

QUALITY

EVENT SEQUENCE ENCODER MODEL MODEL FOR SOLVING
BUSINESS PROBLEMS

UNIVERSAL EMBEDDING CUSTOMER
BLENDING: FORECASTING

OPTIONS FOR COMBINING
MODALITIES:

SOURCE 1
L]
L]
L]

WITHOUT USING
ADDITIONAL DATA

SOURCE 2
R —
I

BLENDING

LATE FUSION

EARLY FUSION

SOURCE 1
]

MID FusION L] L THERE ARE CONNECTIONS BETWEEN

o INDIVIDUAL EVENTS

SOURCE 2

13




Early Fu

sion

ObbegmHeHme cobbiTU B O4HY

LLeMOYKy

Joint sequence

Trx ' :
Encoder 1 ,

i

0y

Trx
Encoder 2

CoLES loss

DESCRIPTION:

EVENTS FROM EACH MODALITY ARE
MIXED INTO A SINGLE CHAIN

ADVANTAGES :

ALLOWS FOR MORE DETAILED
INFORMATION ABOUT MODALITIES
THAN LATE FUSION

DISADVANTAGES:

EVENTS WITH LOW FREQUENCY MAY
GET LOST IN THE OVERALL FLOW OF
EVENTS




Early Fusion
Flamingo
@ frozen

‘ learnable Transformer Encoder

‘ Second modality

‘ First modality

K,V

Flamingo: a Visual Language Model for Few-Shot Learning,
NeurlPS 2022

DESCRIPTION:

INCORPORATING MODALITIES INTO THE
TRANSFORMER USING CROSS-ATTENTION

ADVANTAGES:

PRE-TRAINING EXPERT ENCODERS FOR
MODALITIES ALLOWS FOR EXTRACTING MORE
DETAILED INFORMATION ABOUT INDIVIDUAL
MODALITIES

TRAINABLE CROSS-ATTENTION IN THE
TRANSFORMER LAYERS HELPS ADDRESS THE
ISSUE OF LOW-FREQUENCY MODALITIES

DISADVANTAGES :

SCALABILITY ISSUES WITH A LARGER
NUMBER OF MODALITIES

COMPLEX TUNING OF THE TRANSFORMER
FOR THE EVENT SEQUENCE DOMAIN.




Early Fusion
Attention-Rnn

‘ Second modality

softmax

NEURAL MACHINE TRANSLATION BY JOINTLY LEARNING TO ALIGN AND TRANSLATE,
ICLR 2015

DESCRIPTION:

EMBEDDING MODALITIES IN RNNS USING
ATTENTION

ADVANTAGES :

* FEWER PARAMETERS TO TUNE

* RNN ARCHITECTURE PERFORMS BETTER
THAN TRANSFORMER FOR EVENT
SEQUENCE DOMAINS

DISADVANTAGES :

SCALABILITY ISSUES WITH A LARGER
NUMBER OF MODALITIES



SELF-SUPERVISED MULTIMODAL LEARNING
oo

Learning
w/o Labels

Modality
Fusion

Learning w/o
aligned Data

4= Objectives Clustering

Masked
Prediction

Joint Fusion

ém Architectures

Stitching
Coarse-
grained
Pair-Free
Alignment

—> Auto-encoding

—> Auto-regressive

—> Encoder

— Decoder

— Shallow Prompt

—> Deep Interaction

—>  Noisy-paired

—_— Unpaired

> Mix-paired

Implicit
Fine-grained {
Explicit

SELF-SUPERVISED MULTIMODAL LEARNING: A SURVEY
HTTPS://ARXIV.ORG/PDF/2304.01008
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Universal representations for event
sequences: financial transactional
data and beyond

-

Alexey Zaytsev - I-a/\—/\—m—
Assistant professor

LARSS laboratory,

Skoltech @
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Event sequences data
Event features: C@

sum, geolocation
@.@’ — | = 0 = |
- Lcgin to a
biank app Watch
Alex, 35, man
LOTR
works in academia
Refuel Transfer
1800 R 2000 R
to Anna,
>
12: 45 18:58 19:00 20:13

Both event type and
event time are
important

Y/ N
O

”
O
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Discrete sequential transactional data

Transaction records data sequence includes: Data characteristics:

e MCC (Merchant Category Codes) e Heterogeneous features
Purchase amount e Non-regularity of observations

]

e Time values e Varying lengths of sequences
e Transaction location
]

124 / 411/ 24 | 41/
MCC Grocery Drug Clothin Drug
code Store Store othing Store
Amount 430 217 3099 406
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One way: Supervised approach

Library pytorch-lifestream

Recurrent (or Transformer) Neural Network with

self-supervised contrastive learning

ROC AUC | N Features
Logistic regression 0.78 ~ 400
LGBM 0.81 ~ 7000
E.T.-RNN 0.83 12

e Requires labeled data!

GRU RNN

Customer score

GRU Cell —* Linear

Single
transaction

Embedding

)

10-400
Transactions
of a client ..<

D. Babaev et al. E.T.-RNN: Applying Deep Learning to Credit Loan Applications. KDD. 2019

Numerical Categorical
variables variables

Single
transaction
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Our way: self-supervised approach

O FHeDNn—N——

Encoder iz

Lightweight @ @ @
-

heads

5 D.Babaev etal. E.T.-RNN: Applying Deep Learning to Credit Loan Applications. KDD. 2019

Trained
without labels

Trained using
small number of
labels
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Two main ideas of self-supervised learning:
generative and contrastive

Similar objects should have

. similar representation,
‘ COMESE different objects should have
different representations

Self-supervised
representation
learning

S

Generative “Autoregression”: predict

future using representations

Liu, Xiao, et al. "Self-supervised learning: Generative or contrastive." IEEE Transactions on
Knowledge and Data Engineering (2021).
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CoLES contrastive learning

User 2 event sequence

Embedding vectors
CoLES Minimize
Encoder distance !

Embedding vectors

sub-eeqgetay CoLES
sub-sequence 4 »| Encoder

MaX|m|ze
dnstance

Minimize :

distance

Babaev, Dmitrii, et al. "CoLES: Contrastive learning for event
sequences with self-supervision." SIGMOD. 2022.




Contrastive learning for sequential data

Weak augmentation: jitter-and-scale strategy { Contextual Contrasting ¢,
Strong augmentation: permutation-and-jitter strategy !

]

'

- Maximize - E
Similarity !

'

]

]

]

:

Skoltech

Non-linear
[ Projection Head
L =X |(Lrc + LT+ A2 +|Lcc S S N ;
Temporal Contrasting .‘:
Predict future representation Compare T T ' 5
from the current context contexts s !
E;‘(‘:‘, £ - I Transformer E
Context: h . ‘ ‘ ;
¢t = farZ<e), L E- I | I— | N | -
Encoder | [ Encoder l
_ f
Representation: BT ——
Z; = fone (%) R
AN
10

Eldele, Emadeldeen, et al. Time-series representation learning via temporal and contextual contrasting. IJCAI. 2021.
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Generative models: masking

Training steps:

1. Hide some part of the data

2. Try to recover it via representation
learning

A. Predict the future from the past
B. Predict the invisible from the visible

C. Predict occluded, masked or

corrupted part — Input data

— Hidden data to predict

Yoshua Bengio, Yann LeCun Reflections (Self-Supervised Learning). ICLR 2020
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Time-series unsupervised representations

il 1’2 -fw
I I X:€ R™: model estimate |
Pt epe { /. ~
z; € R": representation at t f
P al G G al
;e [ ] 7 z,
¢B z; z, z,, Transformer Encoder
Transformer Encoder
\ 1 ] y ) §
Input encoding Input encoding )
- N\ -
+ W[ ] [ [ ]
Uu, u; u; € R4 U — | - _—
t t o | [ [ N
| | | ta- W N I I ) |
X, X x:€ R™ Xy E fj m ) :"
X X X.€ R™: masked input ¥,
Time series encoding via Masking for model training
Transformers

Zerveas, George, et al. A transformer-based framework for
multivariate time series representation learning. KDD. 2021.
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Properties of event sequence

embeddings

Goal: to obtain a good encoder for transactional data

Three main properties of local embedding for transactional

data:

1. Global property - describe a
client in general;

2. Local property — describe a client’s
state at a particular moment in time;

3. - the
embeddings should change with time,

Transactional

The other clients

reflecting the changes in the client’s
behavior.

behavior indicates Y

it was a difficult It's a man

period

@ X3 Xy | Xy Xy | X.? Time
1 I 1 I 1 I

Tomorrow he’ll

He has switched jobs buy a foodstuff

Three main properties of embedding and corresponding
business information: global (blue), local (pink) and
dynamic (orange)

Bazarova, Alexandra, et al. "Universal representations for financial transactional data:
embracing local, global, and external contexts." arXiv preprint arXiv:2404.02047 (2024).
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Global and local quality of the models

* Global validation — solve a downstream task via a boosting

model, get ROC AUC;

* Local validation — two approaches:

a.

predict the next event type (MCC) via MLP, get ROC

AUC instead of likelihood:

predict a local downstream target (churn/default state

at the moment) via MLP, estimate ROC AUC.

Bazarova, Alexandra, et al. "Universal representations for financial transactional data:
embracing local, global, and external contexts." arXiv preprint arXiv:2404.02047 (2024).
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CoLES (contrastive) vs AE (generative): reaction to change

We also evaluate the models’ ability to detect user
behavior change. See an artificial change.

Experiment: “A poor man won a lottery”.

I —— CoLES cosine distances
User 1 O000000000O0 0.20 I AE cosine distances
0.15 Change Point starts
User 2 0000000000
—_—

Distance
o
o

ﬂ

a 0.05
Augmented (ONONONC N NCNCNCNONONG
User 1
0.00
User 2 0000000000 0 10 20 30 40 50 60 70
_ _ Timestamps
Augmentation procedure. User 1 transactions were
replaced with User 2 transactions. We compare User 2 to Cosine distance between embeddings obtained from raw users and
the augmented User 1. augmented ones. Snapshot near the Change Point

We expect embedding during the “augmented” area will

be close to each other and far during other timestamps.
16
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Global properties of models

Ranks for a local problem Ranks for a global problem

Age Churn Default HSBC Mean Age Churn Default HSBC Mean
ARS 1 1 1 1 1.00 CoLES ext.t 1 1 1 1 1.00
MLMS 3 1 2 1 1.75 CoLESt 1 3 1 1 1.50
CoLES ext.! 3 2 2 3 2.50 MLMS 2 2 2 2 2.00
AES 2 3 4 2 2.75 Best baseline 1 | 2 2 2.25
CoLESt 3 4 3 3 3.25 ARS 3 2 1 3 2.25
Best baseline 1 4 5 3 4.00 AES 4 2 2 2 2.50
TS2Vect 6 4 5 4 4.75 NHP? 5 2 2 3 3.00
A-NHP? 5 5 6 4 5.00 COTIC? 6 3 1 4 3.50
NHP# 5 5 6 4 5.00 TS2Vect 2 5 2 5 3.50
COTICH 6 6 7 5 6.00 A-NHP? 5 3 3 1 3.75

Models are colour-coded: for generative,

green for contrastive and fuchsia for TPP.,

Bazarova, Alexandra, et al. "Universal representations for financial transactional data:
embracing local, global, and external contexts." arXiv preprint arXiv:2404.02047 (2024).
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Comparison of local and global properties of
models

0.70 - ——

0.65 - '

0.60 1 —@— CoLES
CoLES (with time features)
—@— CoLES (TimeCL)

Local validation (next event type), ROC-AUC

—&- AE (best)
0.55 @ MLM
~@- TS2Vec
COTIC (best)
GPT standard
0.50 T T T T r T r
0.68 0.70 0.72 0.74 0.76 0.78 0.80

Global validation, ROC-AUC

Main conclusions:
* GPT is better in local task.
 CoLES with time features is a clear leader in global validation.

Bazarova, Alexandra, et al. "Universal representations for financial transactional data:
embracing local, global, and external contexts." arXiv preprint arXiv:2404.02047 (2024).
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Combining local and global

properties
| Sl > 1. Generative
I T reconstruction
[ | I embeddings of
; masked events
Reconstruct
masked events Pool closer embeddings \
l i Distance embeddings 2. Co ntras“ve
of different users -
(1] — comparison of
(TIL0 embeddings from
different users
| User 2 sequence

We simultaneously reconstruct embeddings with our CMLM

and contrast in CoLES style
Yugay, Aleksandr, and Alexey Zaytsev. Uniting contrastive and
20 generative learning for event sequences models. AIST. 2024.
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Combining local and global
properties

| User 1 sequence >

T 1

Reconstruct \ T
masked events Pool closer embeddings

Distance embeddings
of different users

[ T ] —
[(TIT 1

| User 2 sequence >

We simultaneously reconstruct embeddings with our CMLM
and contrast in CoLES style

l of the same user

0.762 1

0.760 4

o
~
w
(o)

Local task ROC-AUC

0.752 4

0.750

0.748 4

0.756 1

0.754 4

Our method with

CMLM varying focus on
global and local
properties

Two variants
of COLES “ =
0.131 O.;32 0.53 0.%!4 0;85

Global task ROC-AUC
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Results

Local task ROC-AUC

Local task ROC-AUC

Churn Gender
0.740 4 0.788 4
0.738 0.786 1
1]
0.784 4
0.736 1 v .
=2
ES *
)| . g 07821 .
0.734 1 =
¥
2 0,780 4
L "
0.732 4 ' 3
0.778 1
L
-
0.730 0.776 4
0.728 1 0.774 1
0755 0760 0765 0770 0775 0780 0785 0.790 080 081 08 083 08 08 086
Global task ROC-AUC Global task ROC-AUC
Age DataFusion
0.762 ..
0.798 4
. * .
0.760 1 . .
“ 0.796 4
0.758 4
S ] .
L
8
0.756 1 £ 0,794
£
2
0.754 =
3
g 0.792
0.752
0.750 1 0.7901 .
b
0.748 1 0.788 {
0.81 0.82 083 0.84 0.85 0705 0710 0715 0720 0725 0730 0735 0.740

Global task ROC-AUC

Global task ROC-AUC

Method | Global Task ROC-AUC [ Local Task ROC-4UC |
Churn
CoLES 0.770+0.007 0.730+£0.003
CoLES (masking) 0.772+0.007 0.731+0.003
CMLM 0.762+0.010 0.731+0.004
CMLM+CoLES (A = 0.1) 0.780+0.008 0.734+0.006
CMLM+CoLES (A = 0.05) 0.784+0.008 0.735+0.004
CMLM+CoLES (A = 0.01) 0.782+0.005 0.733+£0.003
CMLM+CoLES (A = 0.005) 0.784+0.009 0.732+0.004
Gender
CoLES 0.856+0.005 0.777+0.004
CoLES (maskimng) 0.848+0.009 0.780+0.003
CMLM 0.806+0.009 0.782+0.004
CMLM+CoLES (A = 0.1) 0.843+0.007 0.785+0.004
CMLM+CoLES (A = 0.05) 0.844+0.004 0.785+0.003
CMLM+CoLES (A = 0.01) 0.850+0.005 0.784+0.002
CMLM+CoLES (A = 0.005) 0.853+0.008 0.783+0.002
Age
CoLES 0.852+0.002 0.749+0.001
CoLES (masking) 0.850+0.001 0.749+0.001
CMLM 0.809+0.002 0.760+0.001
CMLM+CoLES (A = 0.1) 0.842+0.002 0.762+0.001
CMLM+CoLES (A = 0.05) 0.845+0.002 0.761+0.001
CMLM+CoLES (A = 0.01) 0.851+0.002 0.761+0.001
CMLM+CoLES (A = 0.005) 0.853+0.005 0.759+0.000
DataFusion
CoLES 0.726+0.003 0.789+0.000
CoLES (masking) 0.727+0.001 0.789+0.001
CMLM 0.710+0.005 0.797+0.001
CMLM+CoLES (A = 0.1) 0.724+0.005 0.798+0.001
CMLM+CoLES (A = 0.05) 0.732+0.005 0.797+0.001
CMLM+CoLES (A = 0.01) 0.736+0.003 0.795+0.001
CMLM+CoLES (A = 0.005) 0.73440.005 0.795+0.001
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You were looking at a wrong

self-attention?

23

Y
x| I | o
Transformer = =
(2,) (2,7) > (2))
X @ Encoder G g f(z)
X (3:) Z(3:) > GG . £3)
= @ _ . incl. self-attention 3 g % nd
: : : between joint label : = .
views ~
X ¢ I ——> & I
Label Time- and set Updated label Confidence
embeddings structgre-aware \ / representations scores
views

We compute self-attention over event types and
get prediction of next event type, imposing simple
aggregation of temporal encodings.

Our LaNET model is now SOTA for the next basked
prediction

GitHub

Kovtun, Elizaveta, et al. Label attention network for sequential multi-label
classification: you were looking at a wrong self-attention. ECAI. 2024.
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Conclusion

e Typical SSL approaches focus on different aspects of
embedding properties, also demonstrating generative
capabilities

e We propose an SSL hybrid approach CMLM+CoLES that
achieve notable improvements in both local and global
properties of learned representations.

e Generative models for event sequences data are on their
way!

Thanks my lab for help with these slides
and you for your attention!

25

Alexandra Bazarova
Maria Kovaleva

llya Kuleshov

Evgenia Romanenkova
Alexander Stepikin
Alexandr Yugay
Elizaveta Kovtun
Galina Boeva

Andrey Shulga

Alexey Zaytsev



Thanks for your
attention!
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Experiment design

1. Pretrain models in a self-supervised regime

2. Use the obtained encoder as feature extractor Churn Gender Age DataFusion
3. Train another model in a supervised regime on  Num Transactions 490K 29M  26M 8.7M
extracted features to solve downstream tasks: ~ Num Sequences Ko 74K 30K 64K
Mean Sequence Length  98.1 388.2  881.7 136.5
o Sequence classification Std. Sequence Length 78.1 3094 1248 148.9
Num Unique MCC 344 184 202 323

o Next event type prediction
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EDA: Amount

29

Frequency

Churn

40000 4

30000 1

20000

10000 4

5.0 7.5 10.0 125
Log Transformed Amount

Age

2.5

2.0+

.
n

Frequency

=
=}

0.5+

0.0-

6 8 10 12
Log Transformed Amount

4

Gender

400000

350000

300000

250000

200000

Frequency

150000

100000

50000

o

=5 0 5
Log Transformed Amount

DataFusion

1.2

1.0

e
=

Frequency
e
-

0.4

0.2

0.0-

=5 o 5 10
Log Transformed Amount
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EDA: Sequence length

30

Churn

700

500 4

500 4

400 4

Frequency

w
=1
(=]

200 4

100 4

200 300 400 500 600 700 800
Number of transactions per user

Age

1000 4

800 4

600 4

Frequency

400 4

200 4

200 Q00 1000
Number of transactions per user

Frequency

Frequency

Gender

500 750 1000 1250 1500 1750 2000
Number of transactions per user
DataFusion

400 600 800 1000 1200 1400
Number of transactions per user




Stock market meets external events:
can we predict the reaction?

Elizaveta Kovtun
Sber, Skoltech
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What next?
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Time series of different nature

50 150
(=]
8 —
o
S —
. VS
s —
00 100
(=]
g —
(=]
8 —
S 4
- T T T T T T
1950 1952 1954 1956 1958 1960 50 50
Time
I 1 1 I I 1 1 I 1
Feb 10 Feb 01 Feb 01 Feb 01 Feb 01
2020 2021 2022 2023 2024




Stock price and external events




Problem statement

Time Series

430.00
ll 428.24

425.00
‘ 420.00
415.00

10/22 10/23 10/24 10/25

Our goal is to predict price change after influential events




Published paper

Scientific Reports (Nature)

New drugs and stock market: a
machine learning framework for

predicting pharma market reaction
to clinical trial announcements

Semen Budennyy, Alexey Kazakov, Elizaveta Kovtun, and Leonid Zhukov



Published paper

New drugs and stock market: a

machine learning framework for  Time series
predicting [pharma market/reaction

to clinical trial announcements

T

Events




Why pharma market and clinical trial announcements?

The ChemoCentryx company with news about drug 'TAVNEOS'

The Novavax company with news about drug 'RSV F Vaccine'

]
1 I
50- 5 160 1 i
' :
: H Announcement:
Announcement:' Prlce d rop Phase 3 top-ljne data rele_ased September
FDA approval announced October 8, 2021. 140 21, 20149 - prlm'ary eiidpeint ok met.
24| Price rise i @ -l
- > ] - \’\\.Tr\\_~ -
o 9 120 N
i —
s s
o @ 100+
] 1]
£ 30 i £
[T, /]
% E +90.6% : 80
1
= E g -87.4%
Q : O 60
8 20 AN o
o —— Close price 3 e o —— Close price
ncement region, MAPE=0.12 401 — 2o days before annoncement region)
| ---- Announcement !
10 [0 Prediction error E 2041 =0 Prediction error i
---- 20 days expected return E ---- 20 days expected return i
1}
'QO) :,)Q 519 :\9 N ﬂ/’b :»’L ’Lb ,\'/\ 0’\ ,fb > D Y
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1. Sentiment polarity extraction from clinical announcements

Positive Negative Neutral
Announcements Announcements Announcements
Keywords: “approve”, Keywords: “failed”,
“meets’”, “show” “halted”, “did not reach”

1. Compose dictionaries with keywords that reflect the announcement polarity
2. Train BERT on announcement texts and a rule-based markup
3. Complement dictionaries with keyword from mistakenly classified texts




1. Sentiment polarity extraction from clinical announcements

[ Positive ] [ Negative ] [ Neutral J
Announcements Announcements Announcements
Keywords: “approve”, Keywords: “failed”,
“meets’”, “show” “halted”, “did not reach”

-+ -+
“demonstrate’, “terminated”,
“potential”, “accepted”, “discontinued’,

7 G

“‘encouraging” “insufficient”, “paused”



1. Sentiment polarity extraction from clinical announcements

Positive Negative Neutral
Announcements Announcements Announcements

Rule-based markup is reasonable since a message of

announcement is straightforward




2. Construction of feature space

Market features Company features Announcement features

* NASDAQ biotechnology index * Income statement * Announcement sentiment
* Mean number of trading e Full-Time Employees polarity
volume peaks per year e (Cash flow e ICD-10 codes

e Stock price trend for the last
30 days before the event



3. Evaluation of expected return

The Sarepta Therapeutics company with news about drug 'EXONDYS 51

80 1

Close day share price, $
w H (92} (@)} ~
o o o o o

N
o

10 1

Announcement:
Approved September 19, 2016.
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: -

& e
- -
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1 Prediction error
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3. Evaluation of expected return

The Sarepta Therapeutics company with news about drug 'EXONDYS 51

80 1 |
i
70 Announcement:
Approved September 19, 2016.
L i i
g 60- ; Target measure:
.: i
g NCAR_20
e 50 -
2 i /
I
n 1 o,
% 401 i +102.8%
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o — i
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3. Evaluation of expected return

QuantileForecasts{ Yr+1(0.1) 9441(0.5) 9¢41(0.9) wor Gt47(0.1) G47(0.5) G4-(0.9)

- |

Temporal Fusion Decoder

Position-wise
Feed-forward

Temporal
Self-Attention

Static
Enrichment

L

Static
Covariate ! ! !
Encoders LSTM ... LSTM LSTM . LSTM
Encoder ; Encoder ; Decoder ; Decoder

Variable Variable Variable Variable Variable
Selection Selection Selection Selection Selection

|
Lt+1 Lt+Tmaz

Y
Past I'nputs Known Future Inputs

S

Static
Metadata




3. Evaluation of expected return

QuantileForecasts{ Ut+1(0.1) 9441(0.5) 9¢41(0.9) vor Yr47(0.1) 947(0.5) 94-(0.9)

Position-wise
Feed-forward

Temporal
Self-Attention]

Static
Enrichment

LSTM o . LSTM
Decoder ' Decoder

|
Variable
Selection

S;S;C Xt—Fk Xt ‘$t+1 o Tt Tmar ,

Metadata

Y Y
Past Inputs Known Future Inputs

Attention
mechanism

Recurrent
module



3. Evaluation of expected return

Estimation of expected return:

« Stock price
« Trading volume
+ NBI

- . -

20-day prediction
of stock price




3. Evaluation of expected return

The Sarepta Therapeutics company with news about drug 'EXONDYS 51

80 7 :
701 Announcement:
Approved September 19, 2016.
e :
§ °0] Observed prices E . .
£ xpected return estimation
@ 50 -
f allows calculating a target
0 i
> 40- ; value, NCAR_ 20
T i
& 5,/ Estimated expected return ’
o Y
o —— Clos i
20 days before annoncemeht region, MAPE=0.09
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From regression to classification

-

Regression setting:

\_

\

Prediction of NCAR_ 20

J

@ )

Multi-class
classification setting:
Prediction of NCAR_20

change range
g g y




General pipeline
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General pipeline

Corpus of clinical Medical and financial company- History of stock prices, trading
Input . .
announcements related information volume, NBI
Preliminary Sentiment Polarity Extractor Feature Extractor Expected Return Evaluator
t Combination of rule-based labeling Aggregation of information from Prediction of expected return with
SdES by key words and BERT Classifier diverse data sources Temporal Fusion Transformer model
Labeled announcements: . . Estimated expected return for
. . Generated informative features )
positive, negative, neutral post-announcement period
l I
:
I
: Event Impact Predictor
Main stage | Impact classification with Graph
| Neural Network + Gradient Boosting
:
L
Predicted stock price change
Output P €
caused by announcement
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Adoption of GCN

@® Negative announcement
@ Positive announcement
@ Current announcement

Edge between two nodes if:

* The earlier event happens with the same company
e o or nosology AND

« The time period between events is less than 1 year



Adoption of GCN
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Core classifier

— Corpus of clinical Medical and financial company- History of stock prices, trading
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Core classifier

Neural Network + Gradient Boosting Co re
e pa rt

[ Predicted stock price change J

Corpus of clinical Medical and financial company- History of stock prices, trading
Input . .
announcements related information volume, NBI
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Results



» 5436 clinical trial announcements
* 681 companies
* years 2018-2022



Sentiment polarity evaluation

# Divergences | # Coinciding positives | # Coinciding negatives | # Coinciding neutrals
With the initial keywords 207 1447 445 337
With the updated keywords 66 ‘ 1562 765 304 ‘
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Announcement impact analysis

Positive announcements Negative announcements Neutral announcements
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Impact of company background on stock prices

NCAR
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Class distribution

Announcements grouped by NCAR
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Class distribution

Announcements grouped by NCAR
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Classification results

OvR ROC AUC

Quality of event classifier
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Classification results

Extremely Moderately Moderately | Extremely
Class name* Negative Negative Negative Positive Positive Positive
Stock price change range (—o00,-0.28] | (-0.28,-0.14] | (-0.14,0] | (0,0.14] (0.14,0.28] | (0.28, + o0)
Number of events 211 189 599 478 110 67
Positive events** 72 106 421 366 83 57
Negative events** 139 83 178 112 27 10
OvR ROC AUC for GCN+GB 0.87 £ 0.02 0.77 £ 0.03 0.63+£0.02 |0.71£0.01 [0.70X£0.02 |0.75=£0.04
OvR ROC AUC for GB 0.85 £ 0.02 0.72 £ 0.02 0.60 £0.02 |0.67 £=0.02 |0.66 £0.04 |0.74 £0.05
Welch’s t-test p-value*** 0.09 0.05 0.002 54 x 107> | 0.02 0.65




Classification results

Extremely Moderately Moderately | Extremely
Class name* Negative Negative Negative Positive Positive Positive
Stock price change range (—o00,-0.28] | (-0.28,-0.14] | (-0.14,0] | (0,0.14] (0.14,0.28] | (0.28, + o0)
Number of events 211 189 599 478 110 67
Positive events** 72 106 421 366 83 57
Negative events** 139 83 178 112 27 10

OvR ROC AUC for GB

0.85 £ 0.02

0.72 £ 0.02

0.60 £ 0.02

0.67 £ 0.02

0.66 £ 0.04

0.74 £ 0.05

Welch’s t-test p-value***

0.09

0.05

0.002

5.4 x 102

0.02

0.65

GCN-based features improve quality




Classification results

Extremely Moderately Moderately | Extremely
Class name* Negative Negative Negative Positive Positive Positive
Stock price change range (—o00,-0.28] | (-0.28,-0.14] | (-0.14,0] | (0,0.14] (0.14,0.28] | (0.28, + o0)
Number of events 211 189 599 478 110 67
Positive events** 72 106 421 366 83 57
Negative events** 139 83 178 112 27 10
OVR ROC AUC for GCN+GB 0.77 +0.03 0.71+0.01 |0.70£0.02 |0.75 £ 0.04
OvR ROC AUC for GB 0.85 £ 0.02 0.72 £ 0.02 0.60 =0.02 |0.67£0.02 |0.66x0.04 |0.74£0.05
Welch’s t-test p-value*** 0.09 0.05 0.002 54 x 107> | 0.02 0.65

Extremely Negative class is the easiest to predict, while Negative
class is the hardest one




Feature importance analysis

$Drug Portfolio Size

&% Flag of Negative Polarity

$ NBI 30-day Trend

$ Cost of Revenue

}if GCN-generated Probability of Moderately Negative Class
}gf GCN-generated Probability of Moderately Positive Class
X GCN-generated Probability of Positive Class
%GCN-generated Probability of Extremely Negative Class
$ Capital Expenditures

$ 30-day Company Trading Stock Price Trend

$ Operating Income

‘2\ Number of Existing Drugs for Announced Nosology
$Tota| Receivables, Net

$Net Income

%GCN-generated Probability of Negative Class

$ From 60 to 30-day Company Trading Stock Price Trend
$ Common Stock
$ Issuance (Retirement) of Stock

}i{ GCN-generated Probability of Extremely Positive Class
$ NBI from 60 to 30-day Trend
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Take away

* Prove the existence of event impact on time series before solving the
prediction task

» Look at a relationship between different characteristics and a target variable

» Generate comprehensive feature space
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Post-announcement period duration

Trade volume peaks duration
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Time Series Forecasting

Let’s define the terminology

« Atime seriesis asequence of values ordered
by time.

A multivariate time series is a structure where
multiple individual time series are considered
simultaneously.

* Aregular time series is a time series with
evenly spaced time intervals between data
points.

* Additional features (exogenous variables,
covariates) are external factors not generated
by the system but influencing the target
variables.

Sales Volume

Univariate Time Series
505 :
Variables
Sales Volume
GDP (Exogenous)

= = Unemployment Rate (Irregular)

500

495

490

Multivariate Time Series
505

1
1 A \
5 T !
v /

r s\ NS
\I\/I\I\\/\/I

\
= \ /
7RSI 7] / 500

Sales Volume

GDP and Unemployment Rate

Jan 1 Jan 15 Jan 29 Feb 12 Feb 26 Mar 12 Mar 26 Apr 9
2023

Time

The top subplot represents the univariate TS, while the bottom subplot — the multivariate TS.
Both " Sales Volume™ and “ GDP" are regular, whereas the - Unemployment Rate" is irregular.
"GDP" and " Unemployment Rate™ are exogenous features relative to ~ Sales Volume" .



Time Series Forecasting

Let’s define the terminology

* Forecasting Task: given a history, the goalisto * Forecasting Metrics (between the prediction and
forecast over a horizon. the actual series):

History Horizon e Mean Squared Error (MSE)

1 .,
MSE=— (.~ )
t=1

 Mean Absolute Error (MAE)

n
1
MAE = — E — vy,
nt_l ly: — ¥l

The history is not all the available data points, but rather the context

length currently considered for generating predictions. * Mean Absolute Perce ntage Error (MAPE)

Ye — Vi
Vi

n

1
MAPE =100 X EZ
t=1

* Etc.



Characteristics of Financial Data and Tasks

which affect how they need to be analyzed

=8 + We are not considering stock market data (asset o]
il prices, market indices, etc.).

* We are also not considering irregular time series. ‘) TN

Interest rate in Russia (%)

‘P'} * We are focusing on macro- and microeconomic i
6§,§g indicators, as well as financial data that reflect the .
activities of agents (such as data on loans and
deposits, labor market indicators, and so on). -

) ) o \ ) d o Dy v ] b & ) A > 9 O N 0 Py
P L P P H B O > DD S S R S e S S DU S ob
[ S S A A M A A A A A P

Average wage in Russia (Rub / Month)



https://take-profit.org/en/statistics/interest-rate/russia/
https://take-profit.org/en/statistics/wages/russia/

Characteristics of Financial Data and Tasks

which affect how they need to be analyzed

What properties of the data do we face? What do we expect from the model?

@ The model should work efficiently

@ Short time series under data scarcity.

The model should be flexible and
adapt to changing macro-level
distributions.

@ Data Instabilities and External @
Disruptions

The model should be able to select
relevant factors and account for their
dynamics.

@ Numerous exogenous variables and @
contextual information
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How to generate a forecast?

Groups of methods commonly used in forecasting tasks

) @ @ ©

Naive methods Statistical methods ML methods DL methods
* (Seasonal) Naive * ETS * ElasticNet * DLinear
* Mean, Median * Theta * GBMs * NBEATS

* ARIMA * PatchTST

* GPT2



How these methods meet our requirements?

. Flexibility and Exogenous
Meth r Data scarcit o .
SIS L2 a y adaptability variables
Naive methods + _ _
Statistical methods + _
ML methods +

DL methods + +
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Supervised vs Zero-shot models

Supervised: Train the model to predict labels for
new data based on patterns identified in the
training data.

Train part History Forecast
ey

Zero-shot: Train the model to predict labels for new
data without training on the target dataset, based
on patterns identified in the unrelated data.

History (context) Forecast
A |

TS

11



The variety of Zero-shot models

Zero-shot models for time series are an actively developing area

LLM

-

\

Non-adapted LLM

e LSTPrompt
e PromptCast
e LLMTime

\

Adapted LLM

e Time-LLM
SEET

e Chronos
e UniTS

- DAM

AN

Specialized

/
Using synthetic data

e ForecastPEN

\

Using real data

e GPHT
 MOIRAI
e Moment

2N

12


https://arxiv.org/abs/2310.01728
https://arxiv.org/abs/2302.11939
https://arxiv.org/abs/2403.07815v1
https://arxiv.org/abs/2403.00131
https://openreview.net/forum?id=4NhMhElWqP
https://arxiv.org/abs/2402.16132
https://arxiv.org/abs/2210.08964
https://arxiv.org/abs/2310.07820
https://arxiv.org/abs/2311.01933
https://arxiv.org/abs/2402.16516
https://arxiv.org/abs/2402.02592
https://arxiv.org/abs/2402.03885

Zero-shot models

* Zero-shot models for time series are mainly Transformers
* Theyrequire a large and diverse dataset for pretraining

Unseen
time series history

Training
mode

Inference
mode

v

-

o

Transformer

~

/

ﬂou

Time series
prediction

Kuvshinova, K., Tsymboi, O., Kostromina, A., Simakov, D., & Kovtun, E. (2024). Towards Foundation Time Series Model: To Synthesize Or Not To
Synthesize?. arXiv preprint arXiv:2403.02534.

13



/Zero-shot for business case

We can adapt the training data properties to a specific task.

* |Inthis case, we are forecasting macroeconomic time
series

* Dozens to hundreds of short time series, which are
mostly independent.

MAPE: Time (train + inference):
e Zero-shot — x% * Zero-shot-<1sec

+ GBDT-10.7% * GBDT- _
* Prophet x~100-0.2% * Prophetx~100-5min

Great quality with a speed advantage!
Predictions of a Zero-shot model trained not only to forecast
the continuation of the time series but also to decompose it
into trend and seasonality.

14



Zero-shot with exogenous data

The functionality of Zero-shot model can be extended to handle additional information.

Zero-shot with additional features is an
unexplored scientific topic. Forecast point

Possible solution:
e There are additional time series. The task is to

transform these series into a forecast.
e Use TabPFN (Tabular Prior-Data Fitted
Network).

ws®
.t
.
o
.
o

Target

é
.
:
%
s
.
‘0
A

Exogenous variable

 Thereis noopen-source TabPFN for regression
tasks yet, but there is a paper from the
NeurlPS 2024 Workshop™*.

— known data

"""" forecast

*Hoo, S. B., Mdller, S., Salinas, D., & Hutter, F. The Tabular Foundation Model TabPFN Outperforms Specialized Time Series Forecasting Models Based on Simple Features.
In NeurlPS 2024 Third Table Representation Learning Workshop.

v

15



How does Zero-shot fit the requirements from data?

Let’s return to our table

. Flexibility and Exogenous
Dat rcit O .
MIEHREC S (Sl [7 ata scarcity adaptability variables
Naive methods + - -
Statistical methods + -
ML methods +
DL methods - + +

Zero-shot + + +



Possible directions for the development and
challenges to overcome

1. Development of Multitasking:

Decomposition into trend, seasonality, and noise, with
tasks such as:

* removal of trend, seasonality, or noise

* segmentation based on trend

* predicting the trend type

* forecasting Fourier coefficients; seasonality period

and type

Detection of anomalies and regime shifts
Generative tasks such as predicting stochastic differential
equation (SDE) parameters, interval forecasting, and
filling in missing values

2. Challenges:

Integrating forecasting and regression tasks in one model
Developing effective methods for generating synthetic
data

Finding efficient approaches to utilize exogenous features

Value

Value

-10 Ire.

Original Time Series with Trend, Seasonality, and Noise

40 2 Legend
— Original Series
1 ®  Anomalies
| = = Trend
----- Seasonality
x Anomalies
Segmented Trend

30

20

10

Anomalies, Regime Shifts, and Segmentation
40
%

30
20

10

Jan 2023 Feb 2023 Mar 2023 Apr 2023
Time

Representation of different tasks: decomposition into trend,
seasonality, and noise, along with detection of anomalies and

regime shifts. 17
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