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ﬂ,ByMepHaﬂ céMaHTUu4YecCKada cermeHTauuAa - 31o 3a4a4a KOMMbOTEPHOTO 3pEHNA, KOTOPAA BK/IKOYAET B cebs
pasgeneHne KaptTmHKM Ha CeMaHTUYECKU 3HaYNMble HaCTn UTN obnactw.
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LLeHTp KOTHUTUBHbIX HEMPOHAYK U-Net gna onpegeneHuna ovara
MHCcyNbTa HAa MPT cHMMKax

ApPXUTEKTYpa

- output
|| segmentation
+ map

=p-conv 3x3, RelLU
copy and crop

¥ max pool 2x2

4 up-conv 2x2
=» conv 1x1

Apxutektypa U-net (npumep
N306paXkeHns C paspeLleHnem
32x32 NUKCens — caMbIM HU3KUM).
Kaxxgbln cuHum kBagpat
COOTBETCTBYET MHOIOKaHasibHOM
KapTe cBoncTB. KonnyecTtso
KaHasioB NpuBeLeHO B BEpPXHEN
yacTu KBagpaTta. Paamep x-y
npuBeAeH B HMKHEM 1IeBOM Kpato
KBagpaTa. benble kBagpaThbl
npeacTaBnstoT cO60M KONum
KapTbl cBOMUCTB. CTpenku
0603Ha4atoT pasfiMyHble
onepauuu.




LLeHTp KOTHUTUBHbIX HEMPOHAYK U-Net gna onpegeneHuna ovara 4
MHCcyNbTa HAa MPT cHMMKax

Encoder: ResNet50 Bbibopka: 131 MPT-ckaHMpOBaHME U
Optimizer: SGD (Ir=0.001, pasmeyeHHble Macku B popmare .niftii

momentum =0.9)
Loss: BCELoss
Epoch: 10-20

Ba)XHo! [1na Tekyuwieit moaenu s 83a1a No og4HOMY cpesy
C Karkgoro HabnwogeHus




@ LIeHTp KOTHUTUBHbIX HEMPOHaYK U-Net ans onpegeneHus ovara
MHCcyNbTa HAa MPT cHMMKax
[lpmep pe3ynbTaToB
Truth Predicted Predicted
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MNopor no ysepeHHocTun: 0.3 be3 nopora

*meTpurKa loU oyeHb HM3KasA, AarKe BbIBOAMUTb He cTana




LLeHTp KOTHUTUBHbIX HEMPOHAYK U-Net gna onpegeneHuna ovara
MHCcyNbTa HAa MPT cHMMKax

1o noHeaenbHUKa:

e Pe3ynbratbl pabotbl TpexmepHoro U-Net
e J1BymepHOro Ha aatacete u3 20-Tn cpe30B ¢ Kaxkaoro n3 131-ro HabatoageHmsa
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Kak A cbe3aunna Ha Fall into ML 2024




LLeHTp KOTHUTUBHbIX HEMPOHAYK U-Net gna onpegeneHuna ovara
MHcynbTa Ha MPT cHMUMKax

Y10 6bIN0O7?

MunHu-kypc «CoppemeHHble MeToAbl reHepPaTUBHOIO
moaennpoBaHnUAa Ha OCHOBE COMOCTaB/1IEHNA NMOTOKOB U

ANPOY3INOHHBIX MOCTOB

MpuHuMn paboTtbl AndPy3MoOHHON Moaenun: npespalleHme Wyma B BbIDOPKY AaHHbIX/CUHTETUYECKYIO

BbIOOPKY AAHHbIX.

MAIN IDEA: reverse the data noising process.

Forward diffusion (noising SDE) Reverse diffusion (denoising SDE)

Take a data distribution xg ~ pg and gradually turn Sample from noise distribution x7 ~ pr

it to noise distribution x7 ~ pr = N(0, o?/). and reverse the diffusion to get xp ~ po:

X, - X,» X, - L - X, - X,
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MunHu-kypc «CoppemeHHble MeToAbl reHepPaTUBHOIO
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ANPOY3INOHHBIX MOCTOB

The Key Limitation of Diffusion Models: Time-Consuming Inference

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 Xo X1 o—
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MuHu-kypc «CospemeHHble meToabl reHepPaTUBHOro
MoZennpoBaHMA HA OCHOBE CONOCTaB/IeHUA NOTOKOB U
ANPOY3INOHHBIX MOCTOB

Flow matching vs. Diffusion Models: Key Differences

Diffusion models framework (2019) Flow matching framework (2023)

= maps given complex data distribution = maps arbitrary distribution py to

to the normal distribution. arbitrary distribution p;.

‘-
S ——

B B

= 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).
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Examples of Bridge Matching Models for Images!3'*

Diffusion Schrodinger Bridge Matching

for unpaired image-to-image translation

Image-to-image Schrodinger Bridge

for various image restoration problems
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MunHu-kypc «CoppemeHHble MeToAbl reHepPaTUBHOIO
moaennpoBaHnUAa Ha OCHOBE COMOCTaB/1IEHNA NMOTOKOB U
ANODY3NOHHbIX MOCTOB

HoBu3Ha: aBTOpPbI 0Ka3aK, YTO B ONpeaeneHHOM NOCTAaHOBKE pelleHMe 3a4a4M ONTMMabHOro
TPAHCNOPTa 3KBMBANIEHTHA NOUCKY mocTa LLpeaunHrepa

Ewe npuaymanu 6bicTpblii anropuTm NOMCKa 3TOr0 CaMoro MocTa, HO KOTOpPbI NoKa paboTaeT
TO/IbKO Ha A@HHbIX C Ma/IeHbKON Pa3MePHOCTbIO
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Applications of Schrodinger Bridge

Single-cell biological data.’
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: dX, = f(Xe, t)dt + VedW,,  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. poI: 10.1214/23-AAP1969.
0Valentin 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.
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Experimental results

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

0
Fitted distribution Fitted distribution Fitted distribution
o S Trajectory start {x = po) Trajectory start (x=pa) % =\ Trajectory start {x ~ pal
Input distirubtion py k £ i Trajectory end (fitted) Trajectory end (fitted) ] Trajectory end (fitted)
© Target distribution p; ® # Trajectory of Tg Trajectory of T Trajectory of Ty

-2 -1 0 1 -1 [} 1 -1 0 1 -1 L]

(a) x ~po, ¥y ~ p1. (b) e =2-1073. (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 194 1367 11,74 11.4 1,04 9.08 18.05 15.23 1,40 1,27 2,36 1.31
|LightSB] 0.03 0.08 0.28 0.60 0.05 0.09 0.24 0.62 0.07 0.11 0.21 0.37
Lstd +0.01 *£0.04 $£0.02 *0.02 £0.003 £0.006 L£0.007 +0.007 +0.02 =£0.01 =£0.01 =£0.01

T'he metric cBW-UVP is used for comps ng build schridinger bridge with ground-truth bridge (lower=better)
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Bopkwon

HayKa gna 6usHeca: Bbi3oBbl U UN-peseHusn
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OCHOBHbIE MHCTPYMEHTDbI

BepcuoHuposaHue n otcnexxusanue akcnepumenTos: MLflow, DVC (Data Version Control), WANDB
CI/CD nainnainnbi: Jenkins, GitLab Cl, CircleCl, Kubeflow Pipelines

KoHTeitHepusauusa u opkectpauus: Docker, Kubernetes

Monutopunr: Prometheus, Grafana, AWS CloudWatch, Azure Monitor

DataOps: Apache Airflow, Prefect, Kafka, DBT

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

Cepeunr mogeneir: TensorFlow Serving, TorchServe, Flask, FastAPI, KServe, Nvidia Triton,
Nuclio (Serveless)




KapTupoBaHue TemaTmnyeckoro naHgwadTa

Keiic: BoisBneHue HanpaBneHuu passutus U
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DISTRIBUTED REPRESENTATION TEXT G EﬂERATION SYNTACTIBPARSING
LARGE €ORPORA = .
SEMANTIC ROLE LABELING LOW RESOURCE LANGUAGE
QUERY TRANSLATION ~ MACHINE TRANSLATION SYSTEM
TEXT @RPUS CHARAGTIER LEVELWORD SEGMENTATION 4\ 186 pAIR
WORD EMBEDDING WORD SENSE DISAMBIGUATION

AUTHORSHIPJATTRIBUTION NEURAL LANGUAGE MODEL
WORD AUGNMENT

ANNOTATED CORPUS NGUAGE MODEL
LA Gl POS TAGGING
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N GRAM
CONTINUOUS SPEECH RECOGNITION
SPEECH SYNTHESIS

NOISY CENDITION ACOUSTIE MODEL

AUTOMATIC SPEECHRECOGNITION SYSTEM
SPEAKER ADAPTATION

PHONEME RECOGNITION

MULTIPLEJSPEAKER

N SPEECHGEGMENT
CONTENT BBSED IMAGE _ SPEAKER IDENTIFICATION St
SPEAKER VERIFICATION  VOICE CORVERSION

VIDEO CLASSIFICATION
. . SEQUENTIALPATTERN MINING | NFQRMATION EXTRACTION SPEECH U[HTERANCE
VIDEO SUMMARIZATION EVENT REGOGNITION
HIDDEN PATTERN

SALIENCY'DETECTION IMPLICIT FEEDBACK

SOCIAL TAGGING SYSTEM

PERSONALIZED RECOMMENDATION
USER INTEREST SPEECH ENEANCEMENT
COLLABORATIVE FILTERING ALGORITHM

VISUAL OBJECTJRECOGNITION
INSTANCE SEGMENTATION

GENDER CLASSIFICATION
RERSONREIDENTIFICAHON FACIAL EXPRESSION RECOGNITION

3anHTepecoBan
TpeHa? No QR-koay
MOXHO HanTH
aKcnepToB U3 Beilwky,
KOTOpbIE 3HAIOT NPO
Hero Bcé

REAL WORLD IMAGE
RGB D'IMAGE FACIAL FEATURE EXTRACTION

BACKGROUND MODELING 3D FACE RECOGNITION BIOMETRIC RECOGNITION

COMPLEX SCENE pEDESTRIAN DETECTION

APPEARANCE MODEL y16vinG oBeeT DETECTIONFACE DETECTION
MOTION SEGMENTATION ROAD DETECTION REAL TIME RECOGNITION
3D POINT CLOUD MULTIPLE MOVING OBJECTS HAND GESTUREIRECOGNITION

OUTDOOR SCENE  HUMAN DETECTION  GAIT RECOGNITION
UNCONSTRAINED ENVIRONMENT DOCUMERNT IMAGE CONTENT BASEDIVIDEO RETRIEVAL
DYNAMIC SCENE IMAGE INDEXING HIDDEN KNOWLEDGE KNOW(LEDGE GRAPH
PATTERNDISCOVERY
SEMANTIC SEARCH

OPTICAL FLOW COMPUTER VISION ALGORITHM CHARACTERRECOGNITION VIDEO CONTENT ANALYSIS
NATURAL LANGUAGE PROCESSING TECHNIQUE

VISUAL ATTENTION MODEL

IMAGE ANNOTATION

KNOWLEDGE EXTRACTION
DATA MINING ALGORITHM KDD PROCESS.
ASSOCIATION RULE MINING

QUESTION ANSWER SYSTEM

COREFERENCE RESOLUTION
INDOORISCENE POSE ESTIMATION VIDEO SEGMENTATION _ ACTION REGOGNITI
3D OBJECT DETECTION TEXT DETECTION KEY FRAMEEXTRACTION

NATURAL SCENE
ROBOT VISION

i

ENTITY LINKING

SENTIMENT ANALYSIS event extraction
UNSTRUCTURED TEXT NAMED ENTITY RECOGNITION
MULTI DOCUMENT SUMMARIZATION
E QUERY EXPANSION

KomnbloTepHoe P = UEXPANSION TEXT SUMMARIZATION
aCrno3HaBaHue . TEXT CLASSIFICATION  TEXT SEGMENTATION
Pe KOMe H naTen bH bl e DUC:MENT (lUIS:'[RlNL KEYWORD EXTRACTION

3peHue CMMBOJIOB DOCUMENT CLASSIFICATION

CUCTEMDbI

[=]¥y

VECTOR SPACE MODEL

IFOora

Intelligent Foresight Analytics
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KnioueBble TexHoNornyeckue
HanpasneHUs CBSA3aHbl C aHAM30M
BuayansbHbix (3/10 Hanpaenenwit),
TekcToBbIX AaHHbiX (4/10) n
CKBO3HbIMW METOAaMM,
COCTaBNAWMMU OCHOBY AJIS
passutus N (3/10)

BonbwMHCTBO BLIgENMBLLIMXCS
TeMaTuk cesizaHbl ¢ Metogamm .
OTaensHO MOXHO BbIAENUTh
PekoMeHpaTenbHbie cUCTEMBI
HanpaeneHne «Anropurmsi
ONTMMM3ALIUK, POEBON UHTENNEKT»
pasBuBaeTCcs 060CcO6NEHHO OT
OCTasbHbIX HanpaBieHuin. DTo ofHa
13 Hanbonee NepcneKTUBHbIX
TemaTtuk I cnepytowero
NMOKOSIEHUS

PacnosHaBsaHue
N CUHTE3 peun

AHanus rpados u ceteit

Fall into ML
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BuiaBneHune um oleHKa TeEXHOJTONM4YEeCKNX TpeHa4 0B

Keilic: BoisBneHue Hanbonee nepcneKTUBHbIX LUPPOBbIX TEXHONOrUM

3apaua: OT60p Hanbonee
NepCrnekTUBHbIX TPEHAOB

M TEXHONTOTNMYeCKnX HanpasneHmﬁ

Pewenune: N3BneueHne 13 TekcTos
Ha KUTaNCKOM 53blKE K/TIOYEBbIX
TeMaTUK MO CEMaHTUYECKMM
rnokasaTesifaiM, oLeHKa

NX 3HAYMMOCTU U AUHAMUYHOCTU Ha
TpeHa-kapTe

A¢dekr: Onpepnenerve
MOTEHLMaNbHbIX KTOYEK PoCTa
AN KOMMaHUK Ha OCHOBE
O0BBEKTUBHOM OLLEHKN Pa3BUTUS

TPEHAOB, BbIOOP cTpaTerum

B saBucrmocTH oT KoMBUHaLMK
3HaYMMOCTH

¥ AMHAMUYHOCTM TEXHOMOMMYEeCcKme
pa3paboTku MOryT BbITb
KnaccuomumMpoBaHbl MO YeTbipeM
THNaM TpeHAa

MpuopuTteTamu ons panbHenwero
aHanu3a sBnATCA paspaboTku

C BbICOKOM 3HAaYMMOCTbIO

U AUHAMUYHOCTbIO

-
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TpeHa-kapTa
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LLeHTp KOTHUTUBHbIX HEMPOHAYK U-Net gna onpegeneHuna ovara
MHcynbTa Ha MPT cHMUMKax

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 IMPROVEMENTS FOR INDIVIDUAL SOURCES

* RAW, NOISY DATA
PURCHASE HISTORY * LARGE CATEGORY DICTIONARIES
FINANCIAL OPERATIONS * RARE EVENTS WITH LIMITED COVERAGE

TRANSFERS
CUSTOMER COMMUNICATIONS NEwW TYPES OF DATA
WEBSITE AND APP ACTIVITY

RECEIPTS * GEOLOCATION DATA

* GRAPHS
e TEXT




MULTIMODAL BANKING DATASET

THE LARGEST OPEN-SOURCE MULTIMODAL BANKING DATASET

DATA FROM 2 MILLION CLIENTS HAS BEEN COLLECTED AND ANONYMIZED

MODALITIES:
* TRANSACTIONS
« DIALOGUES
e GEOSTREAM

TASK:
PREDICTING THE PURCHASE OF 4
PRODUCTS FOR THE NEXT MONTH

_6
TIZ050F
17:45:00 : T 1 :
S - AS-00-00-000-0-00- - -5
dialogue text : : - | : | Historical
zzzzzzzzzz Fiello, oy B N:Mb, ¥ 5 a : sequential data
!1]!:2? suo % re‘s;:\%en can el ou’ : : : :
Dialogues <aB:00 \'eslneedlogac(wale P ¥t N TR I P R e R A PP
2222222222 HellaT T would Tike to know I I can change | . . . .
12:13:00 |my : : : :
: c : : Multimodal
lamount | type type_2 . T 1 : model
: OIZTFTE 30000, 0 a1 SN AR I I (PR [ SRR [ POV I SR N SRRy I Y SRR I A (RN 6 DA
Transactions <= Tl 1= L R R IR IR :
12:38:00 ) . J 5 -
WI03-14 1150000 [ 34 [2343 . 3 . . —
: : : : <:I Purchase prediction
PUrChaseS mon  |target 1 [target 2 [target 3 [target 4 . [ | 1 | 0 | 0 [ ) | ] . [ ‘ 0 l 0 | 0 | 0 | ] . [l 1 | 0 | 1 | 0 | } . in next month
2022-03-31 1 0 0 . 3 4 4
22222222222 | | i | Time_
| | | | -
2022-03-01 2022-04-01 2022-05-01 2022-06-01

LINK ON
HUGGING FACE:

[=] o, [
¢

HTTPS://ARXIV.ORG/ABS/2409.17587



DEEPER UTILIZATION
OF ADDITIONAL DATA
RESULTS IN HIGHER
QUALITY

OPTIONS FOR COMBINING
MODALITIES:

WITHOUT USING
ADDITIONAL DATA

BLENDING

LATE FUSION

EARLY FUSION

MID FUSION

FUSION OF MODALITIES -

ACCOUNTING FOR DEEP
RELATIONSHIPS

EVENT SEQUENCE ENCODER MODEL

MODEL FOR SOLVING
BUSINESS PROBLEMS

UNIVERSAL EMBEDDING

BLENDING:

SOURCE 2

FUSION:

=
Eﬁ
| W

SOURCE 1
]

il
L

SOURCE 2

\

L L] THERE ARE CONNECTIONS BETWEEN

INDIVIDUAL EVENTS

CUSTOMER
FORECASTING

13



Skoltech

14

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 ’

it was a difficult It's a man

period

@2 X3 Xy Xy Xy1 | X.? Time
| — | | ’

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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Problem statement

Time Series

10/22 10/23 10/24 10/25

Our goal is to predict price change after influential events




Published paper

New drugs and stock market: a

machine learning framework for  Time series
predicting [pharma market/reaction

to clinical trial announcements

Y

Events




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 J [ Negative J [ Neutral ]
Announcements Announcements Announcements
Keywords: “approve”, Keywords: “failed”,
“meets”, “show” *halted”, “did not reach”

+ +
“demonstrate”, “terminated”,
“potential”, “accepted”, “discontinued”,

7

“encouraging” “insufficient”, “paused”




2. Construction of feature space

Market features Company features Announcement features

* NASDAQ biotechnology index * |ncome statement * Announcement sentiment
* Mean number of trading * Full-Time Employees polarity
volume peaks per year * Cash flow * |CD-10 codes

* Stock price trend for the last
30 days before the event




3. Evaluation of expected return

QuantileForecasts{ Pr+1(0.1) 9+1(0.5) 9+1(0.9) vur G17(0.1) 1447(0.5) 914+(0.9)

Position-wise
Feed-forward

Temporal

Static
Enrichment

Self—Attention|

Variable
Selection

S

Static
Metadata

—

!

Xt—k

Past fnputs

T
Known Future Inputs

Attention
mechanism

Recurrent
module




3. Evaluation of expected return

The Sarepta Therapeutics company with news about drug 'EXONDYS 51

80 |
701 Announcement::
Approved September 19, 2016.
L ]
o ° Observed prices . d
£ Expected return estimation
@ 50 "
5 allows calculating a target
0 i
> 40- ; value, NCAR_20
T i
§ 50/ Estimated expected return
o i
b
201 Announcement :
[0 Prediction error E
---- 20 days expected return
10 A i
™ N, o 4 ® O .7
Qél’ Q/\:» QQ)Q ,Q‘b'q’ QC;\' ,\,Q'Q .\‘Q’b




Adoption of GCN

" Amnouncement Class probabilities of price
information chan gran o P
« Graph 9 9

@® Negative announcement

Positive announcement

: o [ ) @ Current announcement

®
® ®
@
0% -9 .’ % -
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Impact of company background on stock prices

1.5 11 |
1 I Positive announcements
I | :
R | Negative announcements
1.0 A : : : —-== Equal groups boundaries
S :
, 2 dole j 1 1
0.5 wi. 1 l
AR : :
o e . Generation of
525 0.0 1 LR § | I iiwl !l i : Vo diverse feature
S o | ﬁ | space is
—0.5 {8 Fa o o 1 ° " e ! !
ot i ) i Important
S fe oof ;
—-1.04 11 I I
11 | |
11 | |
I | |
I | !
_1.5 L1 lI I I L I 1
0 20 40 60 80 100

Company portfolio size



Feature importance analysis

$Drug Portfolio Size

&% Flag of Negative Polarity

& NBI 30-day Trend

$Cost of Revenue

[}g GCN-generated Probability of Moderately Negative Class
}jf GCN-generated Probability of Moderately Positive Class
}g GCN-generated Probability of Positive Class
C}@fGCN—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
}ngCN—generated Probability of Negative Class
$ From 60 to 30-day Company Trading Stock Price Trend
$ Common Stock
$ Issuance (Retirement) of Stock
c}gf GCN-generated Probability of Extremely Positive Class
$ NBI from 60 to 30-day Trend

0,8

SHAP value

0 0,1 0,2 0,3 0,4 0,5 0,6 0,7
- 1= | [
I

I o

|

I 1

i | Notions:

- I Features related to FDA
- - o announcement, drug, indication
- l $ Features related to financial
- . values of public company
- l CX Synthetic features from graph
- . convolutional network model
N

I C MW Extremely Negative

I 1 W Moderately Negative

B 0 Negative

I i Positive

Moderately Positive
W Extremely Positive




Supervised vs Zero-shot models

Supervised: Train the model to predict labels for Zero-shot: Train the model to predict labels for new
new data based on patterns identified in the data without training on the target dataset, based
training data. on patterns identified in the unrelated data.

Train part History Forecast
History (context) Forecast

A A

TS

b
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Zero-shot models

 Zero-shot models for time series are mainly Transformers
* Theyrequire a large and diverse dataset for pretraining

Training / \
mode
Mixed Dataset >

Transformer |—

Inference
mode

\ 4

Time series
\ / prediction

Unseen
time series history

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



How does Zero-shot fit the requirements from data?

Let’s return to our table

. Flexibility and Exogenous
Methods Grou Data scarcit . .
P y adaptability variables
Naive methods + - -
Statistical methods + -
ML methods +
DL methods - + +

Zero-shot + + +



The variety of Zero-shot models

Zero-shot models for time series are an actively developing area

L

LM

/

\

Non-adapted LLM

 LSTPrompt
* PromptCast
« LLMTime

N

Adapted LLM

e Time-LLM
SNEE

e Chronos
* UniTS

- DAM

VAN

Specialized

-

Using synthetic data

e ForecastPFEN

N

Using real data

e GPHT
 MOIRAI
 Moment

AN
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