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Random facts:

13 HOsGPs 1002 1, B AeHb CBATOro bpanca, no npukasy kopona AHrnuv 3tenspeaa Il
Hepa3symHoro 6binu youTbl NPaKTUYECKN BCe faHbl, XuBLIMe B AHMMY; IhheKT oKasanca
NOTUYHBIM, HO BPAA MU 0Xuaaembim: CBeH B1no6opoAbIA NPUNAbIN B AHINIO C OFPOMHbIM
NOTOM 1 Xaaon MecTn 1 k 1013 rogy NONHOCTbIO FOCNOACTBOBAN B AHIUK

13 HoA6ps 1841 1. [enmc bpens Bnepsble NOCETUN JEMOHCTPALMIO «KMBOTHOTO
MarHetTusma» Yapnb3a MladoHTeHa; Bpena OTHECCA CKeNTUYeCKM, HO BMOCNeACTBUY HaLWEn
paunoHanbHoe 3epHO 1 CTan NepBbiM COBPEMEHHbIM UCCNIef0BaTeNIEM MMMHO3a

13 HoA6pPsA 1862 I. Yapnb3 [oAXKCOH Hayan BbINONHATL 06ellaHne, aaHHoe Anuce lugaenn;
13 IHEeBHMKA: «Hayan nucaTb ckasky 06 Anuce, HaAeloCh 3aKOHUNTb €€ K POXAECTBY»

13 HoAGpPSA 1887 I. — «KpOBABOe BOCKpeCeHbex», Npasaa, He B Poccuu; 10000 YenoBek BbIWIN
B /TOHAOHE Ha MapL NPOTUB NPOMCXOASLLEro B VipnaHAany 1 6binn pazorHaHbl, 75 NoAy4nImn
TSOKENble TPAaBMbl; NexoTa 6blna Ha MecTe, HO NpuKasa CTPenaTb TaK ¥ He nonyyuna

13 HOR6PA 1947 I. ohMLMANbHO 3aBepLIMNach pa3paboTka aBTomaTa KanawHukosa (AK-47); K
3TOMY TWMY NPUHAANEXNT OKOMO 1/5 BCEro aBTOMATUYECKOTO CTPEKOBOrO OPYXUsl B MUpe
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DVAE + TRANSFORMER = DALL-E

Mbl yxke obcyxaanu VQ-VAE:

Encoder Decoder
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discreto codes.
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2,0~ a(zk)

1 if k = argmin, ||z.(x) — &;||2
0 otherwise.

q(z = exlx) = {



DVAE + TRANSFORMER = DALL-E

- dVAE - 370 VQ-VAE, KOTOPbI/ BbIAAET HE OWNH BEKTOP 13
CNoBaps, a pacnpefenexHre Ha coBape:

Latent Prob
Index
2. the encoder outputs
distributions over 0 02
codebook vectors
1 0.3
1. an image is fed -
to the encoder 2 0.4 ndex | Codebook Vector
network
3 01 0 [0.01, -2.3, 5.6, 0.04, -0.1, 8.92, 3.24, ...]
L [5.4,0.65,0.2, 4.6, 8.9, -2.43, 0.07, ..]
—_— Latent | o
Index
2 [9.78, 0.67, -3.4,0.2,-1.0, 7.2, 13.8, ...]
= 0 04
9 [2.45, -8.9, 0.3, 2.04, -0.89, 19.1, 0.3, ...]
1 02
2 0.15
3 025

- Kak npoTawuTb rpafveHT Yepes caMNINPoBaHNE? 3



DVAE + TRANSFORMER =

- dVAE cunTaet rpagneHTbl He Tak, kak VQ-VAE; ans
ANCKpeTU3aumnmn cnyxut Gumbel-Softmax distribution:
- Gumbel-Max trick: MOXHO CIMNNMPOBATb U3 AUCKPETHOIrO
pacnpefeneHuns ¢ BepOATHOCTAMM KacCoB 7, Kak
z = argmax, (g; +logm,;), rae g; 6epyTca n3 pacnpeaenexus
fyméens:
plg;) = e Wte ™) F(g) =e "

020 r r 10




DVAE + TRANSFORMER = DALL-E

- O6bsICHEHME TPHOKA:

p(z=k)=p(g,+1logm, > g, +logm; AN BCex j) =

/ 1P (g +1ogm, > g; +logm;|g,) p (9) dgy =
OO.HH‘C

—gp,—logm,+logm; -
oo jitk

o0
:/ e =2 Ty kT logﬂkWk67(9k+10g‘“’k“’ke_g’“_logﬁk)dgk =
—00

[eS)
—gp—logm,—( T+ ., 7. e Ikloe Tk
ﬂ,k/ e Ik ST ( k EJ#]‘, ]) dgk;:ﬂ-k;‘
—00



DVAE + TRANSFORMER = DALL-E

- A Gumbel-Softmax — 370 penakcauns AUCKPETHOro
pacnpegeneHus:

y; = softmax

(gl + log 7"1) e%(gi‘HOg Tri)
Zj er(g; +logm;)

M npu T — 0 3TO CTPEMUTCA K AUCKPETHOMY pacrnpeneneHutio ¢
BEPOATHOCTAMY ;.

< Categorical 7=0.1 7=0.5 T=1.0 7=10.0

O

2

o

g l

@ - N I W

category



DVAE + TRANSFORMER =

- 3T0 TO, YTO Mbl AeNlaeM C KOAOBbIMY BEKTOpaAMM — CIMNANPYEM
k
BbIMYKY0 KOMOMHALMIO z = Zj:l y,e; Yepe3 Gumbel-Softmax
(310 TOXeE, KCTaTW, reparametrization trick: Teneps g;
COIMMMANPYIOTCA OTAENbHO), ¥ Tenepb BCe rPagueHTbl MPOXOAAT, a
BO Bpems 06ydYeHUsa NOTUXOHbKY ycTpemnsem 7 — 0:

key:
Gumbel Softmax distribution over

O = codebook vector
latents for different ranges of ™

brighter colors = higher probability

T—=0 T>0 T>>0

O O O O O O




DVAE + TRANSFORMER = DALL-E

- Obuas KapTuHa:

3. soft-sample codebook vectors from the
Gumbel Softmax distribution

AN

7

AN

inder | P
0 02
1 03
2 04
3 0.1
ingex. | Prop
0 04
1 02
2 015
3 025

Yyo| 003 g@ [0.01, -2.3, 5.6, 0.04, -0.1, 8.92, 3.24, ..]
y1| 001 2@ [5.4,0.65,0.2, 4.6, 8.9, -2.43, 0.07, ...]
ya| 095 g@ [9.78,0.67, -3.4,0.2,-1.0, 7.2, 138, ..]
ys oz | $3 | 1245,-89,03,2.04,-0.89, 191,03, .]
Yyo| 089 g@ [0.01,-2.3, 5.6, 0.04, -0.1, 8.92, 3.24, ..]
i 001 | $72 | [5.4,0865,0.2, 4.6, 89, -243,007, .]
ya| 005 g@ [9.78, 0.67, -3.4,0.2,-1.0, 7.2, 13.8, ...]
ys| 005 2@ [2.45, -8.9, 0.3, 2.04, -0.89, 19.1, 0.3, ..]

7

4. feed the resulting vectors to a
decoder network to reconstruct
the image

4
—~

P



DVAE + TRANSFORMER =

+ W tenepb DALL-E momennpyet Ko z U3 TeKCTa y, a NoToMm
ncnonbsyet ero B dVAE, UTo6bl NONYYNTb KAPTUHKY X:
Do,y (X,¥,2) =Dy (X[2,y) Dy (¥,2) -
- TpaHchopmep NOPOXKAAET TOMNbKO z, KAK NOCNe0BaTENbHOCTb:

2. sample a latent
from this distribution

Latent

e |0 |12 i
1. predict a distribution for the next | ﬁ;:kp;;;h;:iggzgrﬁfp '
image latent in the sequence pob |01 |.02 |.15 and repeat

Massive Transformer

o ] o] o] ] [ o ] o o

Input text tokens Generated Image latents




DVAE + TRANSFORMER = DALL-E

- To ecTb thakTU4eckn 3To oaHa 60/bluas BapuaLUMOHHAs OLEeHKa:

Inpy y (%,5) 2 By, ax) [Py (x]y, 2) — BKL (g4 (2x) [py (v,2))] -

" 4, (z|x) — pacnpenenerne Haa 32 x 32 TOKeHaMu, NOPOXAEHHOE
3HKogepom dVAE No KapTUHKe x;

- py (x|y,z) — pacnpefeneHve Ha KapTUHKaX, NMOPOXAEHHOE
nexkonepom dVAE no TokeHam z, 34eCb Mbl MPEANONOXNM
po (X|y,2) = py (x|2);

* py (¥;2) — COBMECTHOE pacnpe/ieNieHne Ha TeKCTax U NaTeHTHbIX
Kofax, KoTopoe MoaenupyeT TpaHcopmep.



DVAE + TRANSFORMER = DALL-E

- To ecTb (DaKTI/ILIeCKVI 3T0 0AHa 6onbuas BapnaunMOHHAA OUeHKa:

hlpe,w (Xa y) > [Ez~q¢(z|x) [lnpe (X|ya Z) - 5KL (q¢ (Z|X) ”pd) (Ya Z))] :

- W obyyeHune NAET B ABa NpUeMa:

+ CHauana MakCUMU3npyem OLEHKY Mo ¢ 1 6, T.e. obyuaem dVAE
NPOCTO Ha KApTUHKAX, 6€3 TEKCTOB; 3AeCh CYNTAEM Py,
paBHOMEpHbIM, a g4 penaxkcupyem yepes Gumbel-Softmax;

-+ MoToM huKkcmpyem ¢ 1 6 n obydyaem 1, T.e. obyyaem TpaHchopmep
MoaennpoBath TekcT (BPE encoding) 1 kapTuHku (1x Koabl z)
COBMECTHO.

- W ganblie o4eHb, O4EeHb MHOTO TPHOKOB C pacnpeaeneHHbiM
0byyeHnem, NOTOMYy YTO MOAENM OYeHb 6onbLIMe,



DVAE + TRANSFORMER = DALL-E

- MonyuaeTcs o4eHb KpyTo (4ns 2021), U C BbIAYMKOMN:

(a) a tapir made of accordion. (b) an illustration of a baby
a tapir with the texture of an hedgehog in a christmas
accordion. sweater walking a dog



DVAE + TRANSFORMER = DALL-E

- MonyuaeTcs o4eHb KpyTo (4ns 2021), U C BbIAYMKOMN:

(c) a neon sign that reads (d) the exact same cat on the
“backprop”. a neon sign that top as a sketch on the bottom
reads “backprop”. backprop

neon sign 3



DVAE + TRANSFORMER = DALL-E

+ B TOM yncie cnoXHbie 3anpochl (https://openai.com/blog/dall-e/):

TexTproMPT  a photo of a phone from the ...

IMAGE PROMPTS @

AI-GENERATED 1900
IMAGES



https://openai.com/blog/dall-e/

CLIP n BLIP




- Contrastive pretraining: gaBanTe TeKCTbl U KAPTUHKN B
NaTeHTHOM MPOCTPAHCTBE HByaemM NPUTATMBATbL U OTTAIKMBATb

My black and white A dog running
cat smiling politely ; . like the wind




- B 2021 rogy noasunacb mynstumopanbHas mogens CLIP
(Contrastive Language-Image Pre-training; He nyTaTb... OX, HU C
yem He nyTatb) oT OpenAl

- Micnonb3ytoT ang npenobyyeHmnsa napbl «KAPTUHKA-TEKCT,

KOTOPbIX B UHTEPHETE HEMA/O:
1. Contrastive pre-training

pepper the Text
aussie pup Encoder 1 1 1 1

T T, Tz Ty
— o L LT, LTy - Iy
— I Ty Ll LTy - Ly
Image
A s | g | i | e | sy




- A noTom, Hanpumep, And zero-shot knaccnrkaumm MOXXHO
NpOCTO U3 METKW Knacca Aenatb 3anpoc:

2. Create dataset classifier from label text

a photo of Text
a {object}. Encoder

3. Use for zero-shot prediction
TI T2 TS TN

Image
. = Encoder - 5 L LT LT LRM
aphoto of
adog.



CLIP

- Cama mogenb — ViT (Vision Transformer) (Dosovitsky et al., 2020)

Vision Transformer (ViT) Transformer Encoder

Lx °

Norm

Transformer Encoder

\ !
- S OOO 0D D8

* Extra learnable
Linear Projection of Flattened Patches ]

[class] embedding
SRR A I I I
o ——— 5 O

=

Multi-Head
Attention

p—

/4

Embedded
Patches



CLIP

- unCLIP, oH ke DALL-E 2 (Ramesh et al., 2022), o6yuaer

p(xly) =p (xlc,y) p(cly),

roe prior model p (c|y) ctpout CLIP embedding no Tekcry, a 8
p (x|c, y) cHauana nopoxaaetcs «wymy» (prior) ANS KapTUHKK, a
noTOM Mo Hen Anddy3MoHHas MOAEeNb PUCYET CaMy KapTUHKY

“a corgi
playing a
flame
throwing
trumpet”

CLIP objective img
B S EE—
encoder




BLIP (Bootstrapping Language-Image Pre-training) (Li et al,,
2022): NOPOXAAOT CUHTETUUYECKIE NOAMNUCYU, PUNBTPYIOT UX

Real data l That's my Fl |
y Fluffy! (
‘ Look at him go! x.)

A black and white cat V
jumping for a ball

T,: “the current castle was
built in 1180, replacing a 9th
century wooden castle”

Jauondeo
oljeWoNY

Ty “in front of a house
door in Reichenfels,
| Austria”

Tyy: “from bridge
near my house”

Ts: “a flock of birds
flying over a lake at
sunset”

T,: “a large building with a lot
of windows on it”

{ Tg: “a potted plant sitting

“chocolate cake

with cream frosting
| and chocolate °¢| ||

sprinkles on top”




- CTpyKTypa o6ydeHus:

Model Pretraining Dataset Bootstrapping

Filtering

5 b

Filter

(0

(Imag
Text Encoder)

|:>To data

I,: web images

ITC&ITM finetuneﬁ

D = {(hy, Ty)} + {(hy, T}
U T}

Multimodal Mixture of
Encoder-Decoder

LM finetune @

Captioner
(Image-grounded
Text Decoder)

Captioning

1Iy: human-
images

T,y web texts

T, filtered web texts

Ts: synthetic texts

Ts: filtered synthetic
texts

Ty: human-annotated
texts



- ObyyatoT TpK pa3Hbix encoder'a n decoder: ITC — image-text
contrastive loss (coBmellaem npeacTaBneHns TekcTa u
KapTuHKK), ITM - image-text matching loss (pasnuuaem
NONOXUTeNbHbIE N OTPULATENbHbIE NpUMepbI nap), LM —
language modeling (Nuwem NOANWUCH K KapTUHKAM)

Feed Forward

—>

Cross Attention

Self Attention

Image Bi Self-Att Causal Self-Att
Encoder ! “
‘ 1 Text Image-grounded Image-grounded
‘,an Encoder “eLs ()" Text encoder “[Encode] +( )" Text decoder “[Decode] +( )"
Y t
\"m \[ “a little girl holding a kitten next to a blue fence” }/'
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NEURAL INFORMATION RETRIEVAL

- Mo npee, neural information retrieval pa6otaet Tax (Mitra,
Craswell, 2018):

e >‘ estimate relevance |
point of match 1
query doc
vector vector
____________ generate query generate doc
representation representation
point of query 1 point of doc
representation representation

( query text ) doc text )
8



NEURAL INFORMATION RETRIEVAL

- 30ech Be3ge MoryT 6biTb (1 ecTb!) HepoceTu:

!

‘ deep neural network for matching ‘

[

‘ generate matching patterns ‘

query doc
T term vector term vector

| deep neural network for matching ‘ T
T generate query generate doc
term vector term vector
| generate manually designed features ‘

! ! I I
Come ) (o ) Comven ) (oo )

(b) Estimating relevance from patterns of ex-
act matches (e.g., (Guo et al., 2016a; Mitra
et al., 2017a))

(a) Learning to rank using manually designed
features (e.g., Liu (2009))



NEURAL INFORMATION RETRIEVAL

- 3p0ech Besge MoryT 6biTb (1 ecTb!) HepoceTu:

! i

‘ cosine similarity | ‘

query likelihood |

query doc
embeddmg embeddmg ( query > ( )
term vector term vector

generate query generate doc
embedding embedding

query expansion generate doc
using embeddings term vector

[ | i i
(Lawmion ) (socen ) Comen ) (o)

(c) Learning query and document representa-
tions for matching (e.g., (Huang et al., 2013;
Mitra et al., 2016a))

(d) Query expansion using neural embeddings
(e.g., (Roy et al., 2016; Diaz et al., 2016))



NEURAL INFORMATION RETRIEVAL

- MOXHO MpefcKasblBaTb OLUEHKY penesaHTHocTH (Tonellotto,

2022):
¢; ™
1
g
% Convolutional Feed forward
q — 3 n(q,d) » neural » neural —» s(q,d)
® v i v
& networks \ networks .
= \
®
CJ . . .
¢m " Interaction ' Proximity " Relevance
1 T Matrix Patterns Score

Word embeddings



NEURAL INFORMATION RETRIEVAL

- B TomM uncne TpaHcdopmepamm:

Ttees)

softmax

Uwzs(q:d)
bt ottt by

Encoder model

tt

[CcLsl q; ----- q, [SEP] d; ----- d, [SEP]
Tokeniser Tokeniser
q d



NEURAL INFORMATION RETRIEVAL

- Nnn 0o06y4YmnTb S3bIKOBYIO MOfENb OLEHNBATb PENEeBAHTHOCTb:

Mtour)

softmax

s(ad) W, U

N i S SN & i t ¢

Encoder-decoder model

Pttt bttt

Tokeniser

tot f f

Query: q Document : d  Relevant: [0UT]



NEURAL INFORMATION RETRIEVAL

+ A MOXXHO CKOHLEHTPUPOBATHCA HA NMPEACTABNEHUAX, TaK, YTOObI
MOTOM UX MOXHO 6bI10 CUMTATb OTAENbHO ¥ MEPencnonb3oBaTh:

s(q.d)
4
Score aggregation
F 1 1 [
bras =% ¢ Piq Yros =¥ ¥ Y
[ o
Encoder Encoder
model model
------ f ]
[cLS] Tokeniser [cLs] Tokeniser
t t

q d



NEURAL INFORMATION RETRIEVAL

- Ho 31ecb MHTEPEeCHO, Kakue BbiGrpaTb YHKLMN OLINGKN:
pointwise vs. pairwise vs. listwise

- Moka BCE 3T0 6blNa 06blYHAA KNnacCuUKaLUsa: peneBaHTHO Uu
HeT; PyHKLMM OWNHKM BPOLE NEPEKPECTHOW SHTPONUK

exp(y - S(Xq,d? yq,d))
> yey eXP(Y - 5(Xg.0,9))’

P(?/q,d | g,d) = p(yq,d | Xq,d) =

exp(Y + 5(Xg.a Yy.a)) ) |

Lassification = —log (p(yq’d 0,d)) = —log (Z exp(7y - 5(X4.45Y))
yey EE

+ HO 370 e He TO, UTO HYXXHO B paHXmnposaHuu!



NEURAL INFORMATION RETRIEVAL

- Contrastive [0ss (KOHTPACTUBHAA OWNOKA) — NMPEATIONONKMM, UTO
peneBaHTHble JOKYMEHTbI AOMKHbI 6bITb 6MKE K 3aNpocy, Uem
HepeneBaHTHbIE:

Leontrastive (2> yq,d) =Yq,a" Lpos<diStq,d> + (1 - yq,d) : Lneg<diStq,d>

* Ho ecnu ncnonb3osatb NpocTto paccrosHue dist, 4, C 370U
OWNBKOM AOKYMEHTbI BYAYT Pa3neTaTbcs Ha 6ECKOHEUYHOCTb;
nyywe nob6aBUTH Ctoga margin m:

1 . 2 .
Lcontrastive (¢,d, yq,d) = yq,d'§ (maX(O, m— dlStq,d>) +(1_yq,d)'(d15tq,d)2
- Aeweé nyuwe - triplet loss:

LTriplet(‘]a d*,d”) = max (0, diStq,d+ — diSt%d, + m)



NEURAL INFORMATION RETRIEVAL

+ C Apyrov CTOPOHbI, MOXHO ONTUMU3MPOBATH NEPEKPECTHYIO
IHTPOMUIO Ha JJOKYMEHTaX; BEPOATHOCTb TOTO, UTO d™ 6yaeT
PaHXMPOBAH Bbllle BCEX APYIUX, PaBHA

1y s
p(d* [ q) = ZdeD exp(y - s(q,d))

+ A 3HAYUT, MOXHO MAKCMMU3UPOBATb PA3HULY MEXAY OLEHKOM
ana dt u gns apyrux:

ch<q7d+,D>:—1og(p<d+|q)):_1og( exp(7 - s(q,d")) )

> gep €xp(7 - s(g,d))

- B yém 3aecb npobnema?



NEURAL INFORMATION RETRIEVAL

- 3HameHaTenb QUr NoacyYMTaellb, TaM CyMMa Mo BCEM
OOKyMmeHTam. YTo genarb?

- WHoraa npoboBanu nepapxmyeckun softmax

- Ho 06bl4HO genatoT importance sampling. HauHéem ¢
norapudgma:

Lo exp(y - s(q,d")) _
Lee(g,d™, D) = —log (ZdGD exp(y - S(%d))) -

= —v-5(q,d*) +1log > _ exp(y - s(q,d)).
deD

- V1 ana obyyeHns HeMpPOCETU HY)KHO Hay4ynTbCA 6paTb OT 3TOrO
rpafneHT.



NEURAL INFORMATION RETRIEVAL

- [pagneHT:

VoLce(q,d*, D) = —vVys(g,d*) + Vylog Z exp(7y - s(g,d))
deD

Vo> gepeXp(7 - 5(q,d))
> agep &XP(7 - 8(g,d))
> aep Voexp(v - s(g,d))
> aep €XP(7 - s(q,d))
> aep Y - exp(v - 8(q,d))Ves(q, d)
> aep &xp(7 - 8(g,d))

o . exp(7 - s(g,d))
= —YVys(q,d") + VdeZD Y wep €xp(7 - s(g,d’))

= —Vps(g,d") +7>_ p(d] q) Vys(q, d).
deD

=—7Vys(g,d¥) +

= ’VVBS(Q7 d+) +

=—7Vys(q,d") +

V08<q7 d

- iges B TOM, 4TOObI BTOpOE C/iaraemoe OLUeHUTb Yepe3
cGmnnnpoBaHue.



NEURAL INFORMATION RETRIEVAL

- Noise Contrastive Estimation (NCE): paccMOTpUM 3T0 Kak
H6MHAPHYI0 Knaccuukaumuio

- Mopfenb 06y4aeTca pa3nmyaTb CAMMNA U3 UCTUHHOIO
pacnpegeneHus p(d|q) OT camnia 13 3aWyMNeHHOro
pacnpegenenuns p(d), U B AaHHbIX MO k WYMHbIX MPUMEPOB Ha
KaXKa bl HACTOA LN

- Torga, ecnu E 3HAYUT NCTUHHOE pacrnpepenexue,

)
PEIGD = T + kx )
Y Y0
PELGD = T + ko i)

a COrnacHo Hawewn mogenu,

el sled) el slad)
A= e e Er



NEURAL INFORMATION RETRIEVAL

- TNaBHbLIN TPIOK — NOMOXUTDL z(q) = 1:

p(d | q) = exp(y-s(q,d))

- Torga nonyyaetcst NCE loss:

Lyce = — Z

(z,d")

o exp(y - (g, d"))
- ;[ & exp(y-5(q,d)) + k x p(d*)

i=1

k
logp(E | z,d*) +»_logp(E | x,yi)] =

k kxply;)
+Zlog exp(y - 5(q,d;)) + k ¥ f)(yi)l |

i=1




NEURAL INFORMATION RETRIEVAL

- Negative sampling - gaBanTe eLié ynpocTum, 3aMeHmnB k X p(d)
Ha eanHNLy (HO COXpaHMB k OTPULATENbHbIX MPUMEPOB):

_exp(y-s(q,d)) L
p(E|gqd) = exp(y-s(q,d)) +1 1+ exp(—y-s(q,d))’
_ 1
p(E|q,d) = 1+ exp(y - 5(q,d))’
TO ecTb

k

1 1
Ly :_(Zd;) IOgm+;bgm '

- [anblwe MoxHO nepexoantb K RankNet n LambdaRank, kak mbi
06Cy)KAaNnun paHbLue.



- Mpumep: Siamese Transformer for Image Retrieval
Postprocessing (STIR; Shabanov et al., 2024)

- Kctatu, y Anekces xopolas 6uénuoteka ans metric learning:
https:
//github.com/OML-Team/open-metric-learning

OML features

Losses | Miners samplers



https://github.com/OML-Team/open-metric-learning
https://github.com/OML-Team/open-metric-learning

STIR

- ViT-Triplet: maBanTe NpoCTO BO3bMEM CTaHAAPTHYIO CUAMCKYIO
apxuTekTypy c triplet loss v noactasum Tyaa ViT, 310 yxe
X0powo:

Query Image

e

!
ViT ViT
l }
Embedding Embedding

~ i

Distance



STIR

- STIR - a Tenepb AaBanTe NepepaHXnMpyem Ton Bbigaumn, 0byums
maneHbkut MLP nosepx ViT ana storo:
Query + Image

{

Distance



STIR

- N y)xe BCE CTAaHOBUTCS nyylle, 6bET SOtA B HEKOTOPbIX Cy4Yasx, a
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