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Y70 nmeHHo OOJDKHa MPEeACKA3bIBATb MOAeﬂb?

Mycte X € RIXWXC 3 Q ={1,...,H} x {1,..., W}
3agava MpocTpaHCTBO BLIXOAZOB
Knaccudpukaumss  Ogun knace ¢ € {1,..., K} onsa nsobpaxenus
HeTekuns MHoxecTgo pamok u knaccoe {(b,, cn)}N_;
CemaHTnyeckas Kapra Y :Q —{1,...,K}
JK3eMnasipHas MHoxecTso Macok u knaccos {(M,, c,)}N_;
Kapra nap Y (u) = (c(uv), t(u))

[ManonTuyeckas
K — uncno knaccos, N — uncno obbekTos, ¢ — uaeHTUdUKaTop 3K3emnaspa.

2026

Babu4 Masen Bacunsesny (MMMuKH)

2/48



CemMaHTunueckas CErMEHTaUNA: pacnpefeseHne Kiacca

Cetb Bbigaér norutel Z = fy(X) € RHXWXxK.

exp Zu,k
K 9
2 j—1 %P Zuj

[ns pasmevenHbix nukceneii Qp,p:

Puk = Y(u) = arg mfx Pu,k-

1
Lcg = — E log Pu,Y (u)-
‘Qlab| ue
lab

o OauH nukcenb MMEET OAMH KJIAcC, BKAOYast hOH, EC/IN OH NPeayCMOTPEH.

o [lea obbekTa ofHOro Knacca MosiyHatoT OGUHAKOBYHO METKY.

(] Cymma NOTEPb NO NMNKCENAM HE O3HAYAET HE3ABUCMMOCTb X NMPU3HAKOB.

3/48
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3K3eMI'IJ'I$|pHaﬂ CErMeHTauunA: MHOXECTBO 0bbeKkTOB

Y= {(Mm Cn)}r,Y:b M, € {07 1}HXW'

Yucno obbektoB N MeHsieTcst OT n30bpaxkeHunst K M30bpaXkeHunto.

{(M1> Cl)? (M27 C2)} = {(M2v C2)> (Mlv Cl)}'

o [Topagok 3K3eMnNApoOB HE HECET CMbICNA: HY)KHA MPOLeAypa COMOCTaB/IEHUS.
@ Macku npepckasaHuii MOryT NepekpbiBaThLCs, NpaBuMia 3aBUCAT OT 3a4ayu.

@ CBsI3Hble KOMMOHEHTbI CEMAHTNYECKOV MACKN He BCErAa AAtoT SK3eMMsipbi:
conpuKacatoLmecsi 0bbeKTbI MOryT 0Dpa30BbIBaTb OfHY KOMMOHEHTY.
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[MaHonTU4eckas CErMEHTauunsA: KnacC n sK3eEMNIAP

Pasgenum knaccel: C = Ciping U Cstuft-

t(u) € Nsg, c(u) € Cihing,
Y(u) = (c(u), e(u)), g ¢
Wu) =0,  c(u) € Copusr-
Things: c4éTHble 0OBEKTLI, HANPUMep JilOAN 1 aBTOMObOUN.

Stuff: obnactu, Hanpumep gopora, Hebo, Tpaga.

e 6 o

Kaxablii BanugHbIli NMKceNb OTHOCUTCSA POBHO K OAHOMY CErMEHTY.

PasmeTka MoXeT copepxaTb UCKIO4EHHbIE obnacTu void/ignore.

MAGHTI/ICbI/IKaTOp L UMEET CMbICN BHYTPKN I/I306pa)KEHVIFI, a HE MeXAy CHUMKaMW.
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CeMaHTquCKaﬂ,3K3€MﬂﬂﬂpHaﬂ N NaHONTUNYECKaA MaCKu

Babu4 Masen Bacunsesny (MMMuKH)

Semantic Segmentation vs. Instance Segmentation
vs. Panoptic Segmentation

—

Ll

(a) Image (b) Semantic Segmentation

(c) Instance Segmentation (d) Panoptic Segmentation
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CeMaHTVI‘-leCKaFI, SK3EMIMJIAPHAA U MAHONTUYECKAA MaCKU

A

(a) Image (b) Semantic segmentation

11

{c) Instance segmentation (d) Panoptic segmentation
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Twun macku onpenenAaAeTca BonpoCcomM nccneagoBaHnA

Mpumep Tpebyemblii pesynstat MNMocTaHoeka
Mnowaab nopaxexus Macka nopaxéHHoii TKaHu BuHapHas cemaHTuyeckas
Mogcyér knetok OTaenbHas MacKa KaXk4oi KeTKu dk3emnisipHas
Opratbl Ha KT MeTka opraHa y kaxgoro Bokcenss MHoroknaccosasi ceMaHTn4eckas
lNonHoe onucaHue ynuubl Obnactn n oTaenbHbIE 0OBEKTSI [MaHonTu4yeckas

BuHapHOCTb / MHOrOK/1aCCOBOCTb U Pa3fefieHne Ha SK3eMMsipbl — Pa3Hble OCK MOCTAHOBKMY.
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MeTpI/IKI/I CEMAHTUNYECKOI CerMeHTa Lnn

Onsa knacca k:

TPy . 2TPy
IoUy = , Dice, = .
TPk + FPk + FNk 2TPk + FPk + FNk
2IoU
Dicek = 14_0170{}/(, mIOU = IOUk

’ICeval ’ ke]ceval

@ Cesizb Dice n loU BepHa gnsa oaHoO napbl Macok, He AJist CPEAHNX METPUK.
@ HyxHo onpegenuts 06paboTKy OTCYTCTBYHOLMX KIACCOB 1 ignore-nuKcenei.

o Mpun 99% dbona npeackasanue «eesge doH» faér 99% pixel accuracy, Ho Hynesoii loU
obbekTa.
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@PyHKLMM NOTepb Npu aucbanaHce

Ons 6bunapHoii macku y, € {0,1} n p, € [0, 1]:

Lhie =1 — 2 E:Llpuyh +e
1ce — .
DouPut o Yute

Pu, Yu=1, ~
= E « lo .
Pt,u {1 Py yu=0, Lfocal = |Q‘ t, u Pt,u) g Pt,u

L = A\cELCE + AbiceLDice-

Soft Dice cBsizbiBaeT nukcenn Hepes cymmy. HyxxHo siBHO BbIbpaTb ycpegHeHume no
n3obpaxenusm / batch / knaccam. DTu noTepn He NpuBsi3aHbl K OAHOI aPXUTEKTYPE.
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Panoptic quality

ConocTaBneHune cermeHToB O4HOro Knacca npu IoU > 0.5:

PQ = Z(p,g)eTP IOU(p7 g) . Z(p,g)ETP IOU(p,g) |TP|
| TP| + |FP| + L|FN| | TP| | TP| + |FP|+ 3|FN|
SQ RQ

SQ OUEHNBAET MACKWN CONOCTABJIEHHbLIX CErMEHTOB.
RQ YHUTbIBAET NponyLweHHble U TNLLIHNE CETMEHTbI.
CDopmyna npueeneHa ans ogHOro Knacca, utor 0bbI4HO YCPEOAHAETCA NO KsacCaM.

MycTbie knaceol u void-obnactn obpabaTbiBaloTCs NO NMPOTOKOJY faTaceTa.

http://arxiv.org/pdf/1801.00868
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FCN: cnusiiue npeackasaHuii pasHbix MaclwTabos

Mycts Fs — npusHakm ¢ warom s, Ss = Convyxi(Fs) — noruTsl Knaccos.

Z32 = Up3y(S32),
Zi6 = Up16(S16 + Upa(532)),
Zg = Upg(Ss + Up,(S16 + Upa(S32)))-

FCN obbeaunHsiet rpybyto ceMaHTuKy 1 bonee TOYHYKO NOKAIN3aLnIO Yepe3 CyMMbl KapT

knacco.. [pocTpaHcTBeHHOE BhipaBHMBaHME nogpa3symeBaetcs. B U-Net panee bynyt
0bBbeANHATLCA MPU3HaKM, ODbIYHO KOHKaTeHaLWeNA.

https://arxiv.org/pdf/1411.4038
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FCN

forward/inference

<

backward/learning

Figure 1. Fully convolutional networks can efficiently learn to
make dense predictions for per-pixel tasks like semantic segmen-
tation.

https://arxiv.org/pdf/1411.4038
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FCN

“tabby cat”
E R
9© e
\

convolutionalization

tabby cat heatmap

CHPT
| s SEESIRUY

250

Figure 2. Transforming fully connected layers into convolution
layers enables a classification net to output a heatmap. Adding

layers and a spatial loss (as in Figure 1) produces an efficient ma-
chine for end-to-end dense learning.

https://arxiv.org/pdf/1411.4038
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FCN

32x upsampled 2x upsampled 16x upsampled 2x upsampled 8x upsampled
prediction (FCN-32s)  prediction  prediction (FCN-16s)  prediction prediction (FCN-8s)

=

{
| 3
image pooll pool2 pool3 poold pool5 | poold ) e pool3 *Z .
] prediction prediction 4

N

Figure 3. Our DAG nets learn to combine coarse, high layer information with fine, low layer information. Layers are shown as grids that
reveal relative spatial coarseness. Only pooling and prediction layers are shown; intermediate convolution layers (including our converted
fully connected layers) are omitted. Solid line (FCN-32s): Our single-stream net, described in Section 4.1, upsamples stride 32 predictions
back to pixels in a single step. Dashed line (FCN-16s): Combining predictions from both the final layer and the pool4 layer, at stride

16, lets our net predict finer details, while retaining high-level semantic information. Dotted line (FCN-8s): Additional predictions from
pool3, at stride 8, provide further precision.

https://arxiv.org/pdf/1411.4038
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U-Net: nekogupoBaHue ¢ 4OCTYNOM K Mpr3HaKam

Ons yposHs ¢ obosHauum npusHaku encoder yepes E;, decoder yepes Dy:
Eg+1 = gg(POO|(Eg)), DL = EL,

D, = De(COI’IC&t[Eg, Up2(Dg+1)]) , Z = COnlel(Do).

o Encoder 3apaét koHTekcT, skip-nyTb coxpaHseT NOKanbHbIE NPU3HAKN.
o [ekoaep oby4yaeTcss COBMECTHO UCMONb30BaTh 0be rpynmbl NPU3HAKOB.
@ B opurunansHoii U-Net: valid-ceéptkn n crop skip-kapt. B BapuanTax ¢ padding pazmepsi

MOTYT COXPaHATbLCS.

https://arxiv.org/abs/1505.04597
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U-Net

output
segmentation
map

3ssxass ¥

128 128

256 128

1
E—I’.\I’ol =>conv 3x3, ReLU
£ e

copy and crop

24
i e 4 ma pool 252
45 5 4 up-conv 2x2
B = conv 1x1

512 256

Fig. 1. U-net architecture (example for 32x32 pixels in the lowest resolution). Each blue
box corresponds to a multi-channel feature map. The number of channels is denoted
on top of the box. The x-y-size is provided at the lower left edge of the box. White
boxes represent copied feature maps. The arrows denote the different operations.

https://arxiv.org/abs/1505.04597
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U-Net

Fig. 2. Overlap-tile strategy for seamless segmentation of arbitrary large images (here
segmentation of neuronal structures in EM stacks). Prediction of the segmentation in
the yellow area, requires image data within the blue area as input. Missing input data
is extrapolated by mirroring

https://arxiv.org/abs/1505.04597
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U-Net

Fig. 4. Result on the ISBI cell tracking challenge. (a) part of an input image of the
“PhC-U373” data set. (b) Segmentation result (cyan mask) with manual ground truth
(yellow border) (c) input image of the “DIC-HeLa” data set. (d) Segmentation result
(random colored masks) with manual ground truth (yellow border).

https://arxiv.org/abs/1505.04597
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SegNet: nepegaya nHaekcos BMecTo skip-kapT
[ns kaxgoro pooling-okHa W; n kaHana:

V; = max X, g; = arg max x,.
ueW; ’ ueW;

B pekonepe 3HaueHUst d; pa3meLyatoTcst NO COXPaHEHHLIM WHAEKCAM:

di u=qi, 7

d, = Dy = Dy(d).

0, wuHaue,

@ Unpooling co3gaér paspexeHHyto KapTy, CBEPTKU JeNatoT eé NJOTHOIA.
o [lns skip-uHcpopmauum xpaHaTCs NO3uLMU MaKCUMYMOB, @ He BCE aKTMBaLuu.

o OT1bpoleHHble 3HaYeHNUs He BocCTaHasnmeatoTcst: pooling HeobpaTum.

https://arxiv.org/pdf/1511.00561
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SegNet

Convolutional Encoder-Decoder

Output

Pooling Indices

RGB Image B Conv + Batch Normalisation + ReLU
I Pooling [ Upsampling Softmax

Segmentation

Fig. 2. An illustration of the SegNet architecture. There are no fully connected layers and hence it is only convolutional. A decoder upsamples its
input using the transferred pool indices from its encoder to produce a sparse feature map(s). It then performs convolution with a trainable filter bank
to densify the feature map. The final decoder output feature maps are fed to a soft-max classifier for pixel-wise classification.

https://arxiv.org/pdf/1511.00561

Babu4 Masen Bacunsesny (MMMuKH) 2026 21/48



SegNet

Convolution with trainable decoder filters +
h
a 000 Xy | Xz |X3 | Xy Yi| ¥z |¥a|Va
00k 0f, Xo | Xg (X7 |Xp Ye [ ¥s (V7 |)e
000 d - Xy x}ll Xi1| X132 ¥Ya Va0 |¥i11|¥iz
c 000 | Xaa{ x| xas| Xae|  |Visyaa|Vis|Vae
) Deconvolution™ =% 2
— for upsampling
b| Max-pooling P pling i |\b |Dimensionality reduction
d| Indices c|d
Encoder feature map
SegNet FCN

https://arxiv.org/pdf/1511.00561
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UNet++: BnoxeHHble skip-nyTu

Mycte X'J — y3en rnybuHbl i 1 CTagun yTo4HeHus j:

i [T, Jj=0,i>0,
Hjj(Concat[ X0 ... XU=1 Uppy(XTH]), j>o.

X% — HauyanbHble npusHaku; H; Bkatouaet downsampling.
Od
Licep = )\ L(hj(X%),Y).

lMpomexyTouHble npeobpasoBaHust conmxaroT npusHakm encoder n decoder; rnybokoe
HabnogeHne oby4yaeT HECKOIBKO BbIXOLOB.

https://arxiv.org/pdf/1807.10165
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UNet++

UNet++ L*

ot

.......

Down-sampling

Up-sampling

~>  Skip connection
i

Convolution
UNet++ L2

122 Hx09, x01, Ux )] x03= H[x09, x01, x02, U(x!2)]

’ . @“‘"‘ ° UNet++ L!
UK Uxi2) U3 @ """ ‘
9]

(b) X04= H[x09, x0!, x2, x03, U(x

https://arxiv.org/pdf/1807.10165

U
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UNet++

Table 3: Segmentation results (IoU: %) for U-Net, wide U-Net and our suggested
architecture UNet++ with and without deep supervision (DS).

. Dataset
Architecture Params - -
cell nuclei  colon polyp liver lung nodule
U-Net [9] 7.76M 90.77 30.08 76.62 71.47
Wide U-Net 9.13M 90.92 30.14 T6.58 73.38
UNet++ w/o DS 9.04M 92.63 33.45 79.70 76.44
UNet++ w/ DS 9.04M 92.52 32.12 82.90 77.21
UNet++ L! UNet++ L2 o UNet++L? UNet++ L4
Param = 0.IM Param = 0.5M Param = 2.2M Param = 9.0M
40 9% 80
36 86 kL)
L
° 32 - e A O ® A m
A O 28 A 7% 74
e °® e
24 74 72 )
20 0 0
20 a0 6 0 20 0 6 0 20 a0 60 0 400 800 1200
Inference Time (s} Inference Time (s) Inference Time (s) Inference Time (s)
(a) (b) (©) (d)

https://arxiv.org/pdf/1807.10165
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Attention U-Net: ynpasnerue skip-npustakamu

Ons nosuumm u: x, — skip-npusHak, g, — BbIpOBHEHHbIN curHan us decoder.

ey = U ReLU(Wix, + Wegy + b) + by,

oy, = sigmoid(ey), Xy = OyXy.

o Koadpdpuunent o, € (0,1) nopasnsieT HepeneBaHTHble obnacTu.
o Gating 3aBNCUT OT JIOKaJIbHBIX NPU3HAKOB M KOHTeKcTa decoder.

@ DTO afAuTMBHLINA attention gate, 63 nonapHol MaTpuLbl BHUMAaHUS BCEX MUKCENEN.

https://arxiv.org/pdf/1804.03999
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Attention U-Net
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Attention U-Net

W, :1xlxl

ReLU (o7) Sigmoid (o2) Resampler

S e

H,W, D, H.xWx D,

Frx H.x Wyx D,

Figure 2: Schematic of the proposed additive attention gate (AG). Input features (x') are scaled
with attention coefficients («) computed in AG. Spatial regions are selected by analysing both the
activations and contextual information provided by the gating signal ( g ) which is collected from a
coarser scale. Grid resampling of attention coefficients is done using trilinear interpolation.

https://arxiv.org/pdf/1804.03999
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Attention U-Net

Figure 3(a): From left to right (a-e, £-j): Axial and sagittal views of a Figure 3(b): The gr ou'nd—Fmth pancreas
3D abdominal CT scan, attention coefficients, feature activations of Segmentation (a) is highlighted in blue
a skip connection before and after gating. Similarly, (k-n) visualise (D). Similarly, U'N‘“ model pred}ctlon
the gating on a coarse scale skip connection. The filtered feature (€) @d the predictions obtained W“!" Al-
activations (d-e, i-j) are collected from multiple AGs, where a subset tention U-Net (d) are shown. The missed
of organs is selected by each gate. Activations shown in (d-e, i-j) dense predictions by U-Net are high-
consistently correspond to specific structures across different scans.  lighted with red arrows.

https://arxiv.org/pdf/1804.03999
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Deeplab: paseutue nagen koHTekcTa

Bepcusi OcHoBHOE n3meHeHmne Kakyto npobnemy pewaer
vl (2014/15) Atrous convolution n dense CRF KoHTekcT n cornacosaHme rpaHuty
v2 (2016/17) ASPP c pasubimu dilation rates ObbekTbl pasHbIx MaclLTabos
v3 (2017) Pazsutune ASPP, image pooling, BN MHoromacwTabHblii 1 rnobanbHblii KOHTEKCT
v3+ (2018)  Decoder, atrous separable convolution VTouHeHNe rpaHuL, U CTOMMOCTb

https://arxiv.org/pdf/1802.02611
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Atrous convolution n output stride

[Ons neymepHbix nHgekcos u, d u dilation r:

(F s W)(w) =Y W(F(u+rd),  k=k+(k—1)(r—1).
deK

HW
OS = H/HF = W/WE,  MACs 0 k? Cip, Cous.-
@ VYbupas stride n noebiwas dilation, coxpaHsiem 6osee NAOTHLIE NpU3HAKM.

o [lepexon OS 16 — 8 paér npumepHo 4 X spatial-cost 3aTpoHyTbIX CNOEEB.

o bonbwoii dilation paspexaet Bbibopky u yBennyueaet BansiHue padding.

https://arxiv.org/pdf/1606.00915
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Deeplabvl

Babu4 Masen Bacunsesny (MMMuKH)

‘Output feature

Convolution
kemel =3
stride =1
pad=1

Input feature

(a) Sparse feature extraction
Convolution
kemel =3 D D D D
stride = 1 <
pad=2
rate = 2
(insert 1 zero)

A A

(b) Dense feature extraction

Fig. 2: Tllustration of atrous convolution in 1-D. (a) Sparse
feature extraction with standard convolution on a low reso-
lution input feature map. (b) Dense feature extraction with
atrous convolution with rate »r = 2, applied on a high
resolution input feature map.

https://arxiv.org/pdf/1606.00915
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Deeplabvl

| upsampling |

convolution

stride= 2 kermel=7

downsampling
stride=2

e .le
-0
-
—
atrous convalution -
kermal=7 b s il ~
rate=2 - .
stride=1 -

Fig. 3: Illustration of atrous convolution in 2-D. Top row:
sparse feature extraction with standard convolution on a
low resolution input feature map. Bottom row: Dense fea-
ture extraction with atrous convolution with rate r = 2,
applied on a high resolution input feature map.

https://arxiv.org/pdf/1606.00915
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Deeplabvl
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Atrous Spatial Pyramid Pooling

Input Feature Map '

Fig. 4: Atrous Spatial Pyramid Pooling (ASPP). To classify
the center pixel (orange), ASPP exploits multi-scale features
by employing multiple parallel filters with different rates.
The effective Field-Of-Views are shown in different colors.

https://arxiv.org/pdf/1606.00915
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Deeplab v1: cornacosanue macku yepes CRF

E(y)=) —logpiy,+ ) 1lyi #yjl )  Wmkm(fi,f}), ¥~ argminE(y).
zl:w_y/ ZJ: ! zm: ! Y
unary
pairwise

Mpumep bilateral-sgpa no koopguHaTtam s; u uety /;:

. .2 .12
k(fi,ﬂ')—exp(—ns' sll° _ = bl )

2 2
202 207

@ CNN 3apaér npegnoutenus knaccos, CRF wTpadpyer HecornacosaHHble MeTKN.
@ LlgeToBble rpaHMUblI MOMOrakoT, HO HE BCErAa COBMAAAloT C rpaHULAMU ObBEKTOB.

@ B panHem DeeplLab CRF — otaenbHas noctobpaboTka ¢ 3aTpaTtamu Ha inference.

https://arxiv.org/pdf/1606.00915
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Deeplabvl

Input DCNN Aeroplane Coarse

5 Score maj
Atrous Convolution r'&
: — : ] —

cted CRF Bi-linear Interpolation

=

' N
— N

Fig. 1: Model Ilustration. A Deep Convolutional Neural Network such as VGG-16 or ResNet-101 is employed in a fully

convolutional fashion, using atrous convolution to reduce the degree of signal downsampling (from 32x down 8x). A

bilinear interpolation stage enlarges the feature maps to the original image resolution. A fully connected CRF is then

applied to refine the segmentation result and better capture the object boundaries.

Final Output

https://arxiv.org/pdf/1606.00915
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Deeplabv3+: nérkuii decoder

Myctb Flow umeeT war 4, a Fpign — war 16:

L = Conv$®,(Fiow), A = ASPP(Fpign),

D = Convsys(Convaxs(Concat[L, Up,(A)])), Z = Up4(Conv{<X1(D)> .

@ [Mpoekuus low-level npnsHakos go 48 KaHaNOB OrpaHWYMBAET UX AOMUHUPOBAHNE.
@ Decoder yTouHsieT nokanmsaumio nocse arperauum kontekcrta 8 ASPP.

@ Depthwise separable convolution ymeHbLwaeT BbIYUCAUTENBHYIO CTOUMOCTD.

Babu4 Masen Bacunsesny (MMMuKH) 2026 37/48



Separable convolution

Mpu pnkcupoBaHHOM NPOCTPaHCTBEHHOM pa3mepe U bes bias:

Pstandard = k2 Cin Cout7 Psep = k2 Cin + Cin Cout-

MACssep, 1 i
MACSstandard Cout k? '

Ona k =3, Cout = 256: oTHowenmne = 0.115.
@ Depthwise punbTpyeT Kaxablid KaHal OTAENBHO, pointwise CMeWNBaeT KaHasbl

o Dilation meHsieT BbIGOpPKY, HO HE YKMCIO BECOB siApa.
@ VmenbluieHne MACs He rapaHTupyet nponopumoHansHoro yckoperuns Ha GPU.

2026
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Deeplabv3
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Fig. 1. We improve DeepLabv3, which employs the spatial pyramid pooling module (a),
with the encoder-decoder structure (b). The proposed model, DeepLabv3+, contains
rich semantic information from the encoder module, while the detailed object bound-
aries are recovered by the simple yet effective decoder module. The encoder module
allows us to extract features at an arbitrary resolution by applying atrous convolution.

https://arxiv.org/pdf/1802.02611
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Deeplabv3

‘Encoder

"Decoder

Low-Level

Features Prediction

1x1 Conv| —»

3x3 Con
Atrous Conv
AL
(£ 4252 SY)
am|

Fig.2. Our proposed DeepLabv3+ extends DeepLabv3 by employing a encoder-
decoder structure. The encoder module encodes multi-scale contextual information by
applying atrous convolution at multiple scales, while the simple yet effective decoder
module refines the segmentation results along object boundaries.

https://arxiv.org/pdf/1802.02611
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HRNet: obmeH mexay paspelueHnsmu

Betsb r xpaHut Fr(t) e RHXW:xG.

R
FD = ReLU( Y Toss (Bo(FLY))
s=1
Identity, s=r,
Ts—r = { npoekuusi kanasos u upsampling, Hs < H,,
uenouyka stride-2 cBépTok, Hs > H,.

Bricokoe paspelueHmne COXpaHSETCS Ha NPOTSXKEHUM CETU U MHOTOKpaTHO oboraiaercs
KOHTEKCTOM HU3KMX pa3pelueHunii. Boicokoe paspelueHue obbivHO 03HavaeT war 4, a He
NCXOAHbIN pasMep n30bparkeHust.
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HRNetV2: obbennHeHne BbIXOA0B U LEHA

ﬂ'.ﬂﬂ CErMEHTaUMN NPU3HAKN BCEX BETBEN NPUBOAATCA K BbICOKOMY pa3peLueHnto:

Fheaq = Concat [Fl, Up(Fz), ey Up(FR)] s Z = Up4(h(Fhead)).
MNpn H W, = HHW; /41 u C, =21

H W, C
HW,C = —5 = KHW,C? = K*HiWi G}
~—— 2r= —
aKTMBauum MACs cnos

MNageHne paspelleHnst KOMMEHCUPYET POCT KaHaOB: HU3Kasi BETBb HE 0DA3aTE/IbHO AELleBe.
3neck cpaBHMBaOTC oguHakosble dense-ceépTkn C, — C,.
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HRNet
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Fig. 2. An example of a high-resolution network. Only the main body is illustrated, and the stem (two stride-2 3 x 3 convolutions) is not included.
There are four stages. The 1st stage consists of high-resolution convolutions. The 2nd (3rd, 4th) stage repeats two-resolution (three-resolution,
four-resolution) blocks. The detail is given in Section 3.

https://arxiv.org/pdf/1908.07919
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HRNet
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Fig. 4. (a) HRNetV1: only output the representation from the high-resolution convolution stream. (b) HRNetV2: Concatenate the (upsampled)
representations that are from all the resolutions (the subsequent 1 x 1 convolution is not shown for clarity). (c) HRNetV2p: form a feature pyramid
from the representation by HRNetV2. The four-resolution representations at the bottom in each sub-figure are outputted from the network in Figure 2,
and the gray box indicates how the output representation is obtained from the input four-resolution representations.

https://arxiv.org/pdf/1908.07919
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Mask R-CNN: macka BHyTpu HalifjleHHOro obbekTa

F = Backbone(X), {bn,} = RPN(F), R, = RolAlign(F, bp).
R, —> (pCIaSS,Ab,,, PfI]nask c [0’ 1]m><m><K)‘

n

EROI = Ecls + ﬁbox + Emask-

@ Macku pasHbIX KJ1acCOB MMEKOT HE3aBMCUMBbIE SigMOid-BbIXOAbI.
e [Ins nonoxutensHoro Rol mask-loss bepyT Tonbko no nctuHHomy knaccy.

o [lMonHas dyHkuus obydeHuns gononHuTenbHo cogepXxut notepun RPN.

https://arxiv.org/pdf/1703.06870
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RolAlign n dpyHKkunsa noteps mackn

Apobrasi nosuuums (x, y) nutepnonnpyetcsi 6e3 okpyrnenus koopguHat Rol:

Foxy) = Y Y. Fl—lx =iy D

ie{lx), x]+1}je{ly ), ly]+1}

[nsi nctunxoro knacca ¢ n yenesoit mackn T € {0,1}™*™:
1
Loask = =~ > [TulogPuc+ (1= Tu)log(l = Puc)l.
u

CoxpaHeHune NpoCTPaHCTBEHHOrO BblpaBHUBAHNA OCODEHHO BaXKHO A5 NPEACKa3aHWUs Macku, a
He Tonbko Knacca Rol.

https://arxiv.org/pdf/1703.06870

Babu4 Masen Bacunsesny (MMMuKH) 2026 46 /48



Mask R-CNN

Figure 1. The Mask R-CNN framework for instance segmentation.

https://arxiv.org/pdf/1703.06870
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Kakue ngen n3meHnnm apxmTekTypbi?

CewmeiicTso MexaHuzm
FCN, U-Net Cnusinne yposHeii
SegNet NHpekebl pooling
DeeplLab, PSPNet = MuoromaciutabHblii KOHTEKCT
HRNet MocTosiHHas high-res BeTeb
ENet, BiSeNet JKOHOMHbIe B0KKN, ABE BETBU
Mask R-CNN Macka kaxgoro Rol
SAM VcnoeHasi Macka no prompt
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OcHoBHOI KOMRpoMMce
TouHocTb / namsTe skip-kapT
KomnakTHOCTb / noTepsi 3HaueHwii
KoHTeker / getann / ctoumocTb
JNokanusaunsi / BblMUCneHNst
Latency / kadectBo
Dk3emnaspbl / 3aBUCMMOCTb OT AeTeKLum
['mbkocTb / HEOBXOANMOCTL MOACKa3KM
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