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Abstract: Objective With the rapid advancement of the film industry and the increasing complexity of movie content,
automatic movie scene segmentation has emerged as a critical task for understanding film narrative structure and supporting

various multimedia applications. Traditional scene segmentation methods often struggle with effectively extracting shot fea-
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tures and modeling the contextual relationships between shots in long video sequences. To address these challenges, this
study proposes a novel hybrid architecture for movie scene segmentation called hybrid architecture scene segmentation net-
work (HASSNet), which aims to enhance the effectiveness of shot feature extraction and intershot feature association while
improving the contextual awareness capabilities of shot sequences. Method The proposed HASSNet consists of two coordi-
nated modules and a two-stage training strategy. At the architectural level, we design 1) a Shot Mamba module for shot fea-
ture extraction and 2) a Scene Transformer module for intershot association. Shot Mamba adapts the Mamba state-space
model to images by adopting a ViT style patching scheme on key frames, adding positional embeddings and a class token,
and then modeling the patch sequence with stacked state-space blocks. Given a sequence composed of a center shot and its
temporal neighbors, Scene Transformer takes the shot embeddings as input and applies multihead self-attention to explicitly
model global dependencies among shots, yielding context-enriched “shot context embeddings” that capture short- and long-
range relations needed for boundary reasoning. At the training level, we adopt a two-stage pipeline that leverages unlabeled
and labeled movie data. In pretraining, we use all available movies without scene labels and drive learning with three unsu-
pervised losses built upon a pseudoboundary generator. The pseudoboundary is obtained by scanning candidate split posi-
tions and selecting the one that maximizes the combined cosine similarity of the left-side shots to the left endpoint and the
right-side shots to the right endpoint. On the basis of this proxy, we introduce 1) a shot-scene matching loss (SSMLoss)
that uses an InfoNCE objective to maximize the similarity between the endpoint shots and the mean features of their respec-
tive sides while minimizing cross-side similarity; 2) a scene semantic consistency (SSC) loss that, for an anchor shot,
treats a randomly chosen shot from the same side of the pseudoboundary as positive and one from the opposite side as nega-
tive, again optimized with InfoNCE; and 3) a boundary prediction (BP) loss that encourages the model to discriminate the
pseudoboundary shot from nonboundary shots via binary cross entropy. Together, these losses guide the model to learn rep-
resentations that increase intrascene coherence and interscene separability without requiring annotations. In fine-tuning,
we transfer the pretrained parameters to the labeled subset of MovieNet, freeze the Shot Mamba parameters to avoid overfit-
ting on limited labels, and train only the Scene Transformer with Focal Loss. This choice addresses the severe class imbal-
ance in which true boundaries are sparse relative to nonboundary positions and empirically improves boundary sensitivity.
Result We evaluate on MovieNet and test cross-dataset generalization on BBC and OVSD. On MovieNet, HASSNet outper-
forms recent approaches, including methods that also employ state-space models. In particular, relative to a state space-
based baseline, HASSNet improves AP by 1. 66%, mloU by 10. 54%, AUC-ROC by 0. 21%, and F1 by 16. 83%, demon-
strating more accurate boundary localization and better scene grouping. Without any additional fine-tuning, the pretrained
model also yields consistent gains on BBC and OVSD, indicating robust transferability. Among the unsupervised losses,
tSSMLoss contributes most to boundary discrimination, while jointly optimizing SSMLoss, SSC, and BP yields the best per-
formance. In fine-tuning, Focal Loss consistently outperforms the weighted cross entropy under severe class imbalance.
Conclusion This study proposes HASSNet, a hybrid architecture for movie scene segmentation trained with a pretraining
and fine-tuning strategy. Shot Mamba learns strong, position-aware shot embeddings efficiently from unlabeled data, while
Scene Transformer explicitly captures global intershot dependencies for boundary decisions. The pseudoboundary mecha-
nism and the three unsupervised losses enable effective representation learning without labels, and the fine-tuning regimen
with Focal Loss mitigates class imbalance in supervised adaptation. Extensive experiments on MovieNet, together with
cross dataset and ablations, verify that HASSNet enhances contextual awareness across shots and delivers accurate scene
boundary detection. Results indicate that hybrid architectures with pretraining are promising for long-form video under-
standing.

Key words: movie scene segmentation; pre-trained model; state space model (SSM) ; self-attention mechanism; unsuper-

vised similarity measurement
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Fig. 1  Film structure diagram (taking “Mission: Impossible Il 7 as an example)
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10) h € R"»" "= «<—Parameter

/* SSM */

11) forkin (L+1) do

12) h € R?»" P A, Oh + B,Ox,

13) y, € R” «hC,

14) end for

15) y € RV we «—Concat(y,,**, y,,

16) y' e R"* VX w «—y OSILU(2)

17) X, e R**"*? «—Linear*(y")+X_,

18) Return: X,

Hp @ FRIMUEH, © RRnBILR T,

2) B S FRAF AL U —Shot Mamba. T Jlh
Mamba 5 %1 (Gu 1 Dao, 2024 ) &1 X — 4 17 51 i 4 1%
TF, B AR SCHR R 1 858 Sk AR S IR s 3 TR TR
5 Transformer (vision Transformer, ViT) (Dosovits-

kiy 55 ,2021) 19 G AL 3R 5 =X, aniEl 3 i .

bR

S E 1 .

position embed Norm

H linear linear

X, B b4 * v

(0 Conv
add class token

A. A linear | linear linear
X, ‘" v By vx vC VA

flatten & linear

’ yL+1)

X

Po:

{"Shot Mamba R

Conv

\, < /

i

i

]

Bk,
@ SiLU st @ ZEi#k @ ZEaFE
P13 Shot Mamba 52 Sk FFAE4 U H

Fig.3  Shot Mamba module for shot feature extraction

G K e Bk ST ER S, e Rl
A FL(Conv) FIHLAH (flatten ) ¥4 45 S LA Y] B 1] 5
X, e RFre Hop b fllw 6 Be 3k RS IY 28 A R
o e RN BB p R DI RN . R T4 iR
F2J2 (linear ) ¥ U1 e 1] 555 Re (R 2L BE S D 1Y LA 1)
i X, e R, SRJE K2 5] 1) i (class token) #E47
B, R AR B 1 i E A X, e R X T
(AR VONERIEZNIE R TR =952 71D RN S

B 5 B X, NE R n > HEZ Shot Mamba F5E (19 5
AL i — 1 Shot Mamba & Bt /9 %p A K
X, , € R**U*? | Shot Mamba 5Bk b F (1) £h A S v
Feon MEP: 1, 3T n P Shot Mamba Block ZbFH 5
A2 1 1] 57 B0 AR R e BB L VR SR Sk 1R
kR e,

FHEE T 84 B R (Gu %%, 2022) , Mamba (Gu il
Dao, 2024) ¥ I A AE Z G R KA LB FC §e oy it i
AR 2, (AR REAE AR 48 S A B 3 0 A
Xof LY ZR 0, B i A JHIBE T o 5381, Mamba >R H]
FEATHHH (parallel scan) J7 722K SSM AUE I i #2 % 4k
HIFATERAE AR ST RACE.

2.2.2 T Scene Transformer B9 %55 3k JC AR HR

N T BRI ST A B Sk S B AR AT GG , AR
CHE T Transformer (Vaswani 45, 2017) M & B A A
B JIHLH ) Scene Transformer #55H | 1Z 45 He GE 4% 4
R G B 22 20 45 Sk RRAE , DT B2 TSRS 1) R Sk
HITERE

Bi3k S, 2 S.., 411 Shot Mamba Y55 Sk R iE $2 HX
J5 L AT ARAS 2k + 1Dk GRS R iR e, B ey, T RN
HE e R 0P,

WNIEN 4 7R |, E 2853 4 R R 2R 4 k8 o
TEAERE J ik A m D HEE ) 223k A T2 B (multi-
head self-attention ) , &5 i 1~ 22 3k H 1 B B 1) Fii
ANE, € R** V0 hANFE Sk (head) , BN E
B R IE SR B R d,, W AR B (BT LR R R
Q e R V=1 K e R+ VId 1y g R 05h=d
K. V&t A5 25 o H AT A i s AR =
(scaled dot-product attention ) 115, B{& N

QIIKI;F

h

Attention(Q,, K,.,V,) = softmax( v, (1)

Kb, 1/ d, WAL T (scale factor) , F &1k
B 711557 (attention score) J7 2578 A 1, By 1k & JH
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OO dmear N TN
% 4
i MatMul
X ma : *
2L ATERT) .
i o ! softmax
i tat ! 4
e __. O ' 1 scale
linear . b 4
Juss— L S o 1 MatMul
'III I I In ' ,Liniar Lin;lar Lin??ar .' o 2 It v
"\ _______________ , ‘\\ 0 K 14 /" ---------- B
Bk aEE 0 TTTTTTTTTTTTT T
B4  Scene Transformer 55 s FC AR R 2 F
Fig. 4 Scene Transformer module for shot feature association
Je .0, K, BNV, R A4 4L 040 HE AB A L B G- S 5D (8)
T A A S 2L 5 G A 0 78 ISt 121,

A ek ok S, 2 S, Bk RIFRE o, 2
Vs IR N E, € R7 07

WA B R I Scene Transformer fR B
AT LIRSk 22 [R] A ARORE P 1A 7 A ok R 22 1Y)
P eREIK B, (A5 R 4 5 i) A S FRAME A B KOAH
I AN 1 S i Sk RANE B 5 M
2.3 FllE R AR K R
2.3.1 Ythin FAE R

H1 TR 2R B B A 7T 225 1 B S0 3 s i b
2, ToVE FLHR A A2 SUR S5 275 BR 8 B0 % pR R
IXSHRIARLYIN S, IR By B B9S2 R 1 AR
2] Gy e SCRAL R ) B 1 5 4 R RE
1, B A SR — R T A s X AL 9 3 5 Pl
FAE BT T AR A PR il SRR e S S TE W B
1 % pRER, LU BR S 01 2R B Be By I Zradd 72

R T ARG A AR R B — Nk S,
A AN (%) 553k A A AR P 91 5 B 2 i 1) 453k
T H AT f o R ARARLE , [R] EsF S, A ] ) 45 K G A
FEUE T 91 5 de A vt 1Y) B Sk AT R fE s B A s 1A
I

BEXF 2k + 148835 5 9 S i RRAE 4 1 51 3 i
MIFHEMEFRR A S e R HAL T e e, I
KA AFAE L n, R 2, d AR FRAE 1] 5 RN s 2 4] R ]
MFFIEIR SRR D e R, Hdn, Ry 2k - 1, R
PP RIREAE [a] 12 £ i

S, AR ) 1 S A D FE T I — A A B 15 2
SHID, HAR K

A S |, R D ||, Xk RERFAE i 2 1 L2 Y558
B TSRS h A — AT B HRAE 1 it D,
5 05 e ST 1) R S, ML A AT 1) S, =2 ] Y
AEZ AR simsl,ﬁ[lsims,vj,ﬁ-ﬁ:ﬂﬂ
sims, ; = lA)/. . §$ (9)
sims,, =D, - §! (10)
A, 7 FoR B
A EIPU I 5 o VAN R R PR VA= DR S R A IR 8
WA LR RS0, By

J

SimlLefi; = — zsims,', (11)

i=1

- S sums, (12)
>,

ng—Jj

—_ \.‘;—a

SimRight, =

i=j+1

e TR R S AR, IR 4R B AT L
R RAL AR LS 5351 s, By
SplitIndex = arg max (SimLeft, + SimRight,) (13)

2.3.2 Bik—Ip R ULk gk

FT s i S A ) o B s S —
5 & He #1 Zk PR %L (shot-scene matching loss,
SSMLoss ) , FH T RAAH [F) 37 5 RO AR | e/ MEAS
A7 st R . X T B s A2 A st 81 S
e A WA i ) 85 SRR AR 23 SABORE AU 23R, LA ZE Ry
1], 5 2 i B S R AIE 1) 3 e, IV 5 90 A s ZE 0T 3
AL ) 6 e, A7 S5 KA | 10 55 45 000 1 - 4 e AiE [r]
i e, A7 I/ MARIE . R InfoNCE (information noise
contrastive estimation )1 %% (van den Oord 45,2019) %)
PR AR, HAA R
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L = Luce (S (€20, fran(

Lo (funlern), fun(e,)

Loce(fun(eiZ)), fun(E)) =

exp( fu

exp (o

Lo (fom(ein), fun(E,)) =
)

€))+
) (14)

e

(15)

ik .
—log l
€i_y)"

(16)

K, £ OFRERXT SSMLoss 451 2% 1 i A 1] 244 2
BT PR, LA 41 7 U8, exp O 2 A ARFE 4L
PRAL, -7 ROR AU FOR IR S8, TR
AEARLEE (V-1 BE L e, Fll e, hy 53 81 A5 s 2247 Ty 40 B AR
li) B X {H
2.3.3  Eeih Bk K R AR
XA B WAk, AT A AR AT LR X
P HIERTE— RN, i #3575 3k
125 (scene semantic consistency loss, SSC) o UL T
ML B 58 Sk IR AREAE v, A o5, 20 23 5 A s
{8 ZE A A 000 25 B ATLIBCHS — 4563k SCHR AR AE v, T, ,
WSR3 s 57 T AL B 22, ] o, F 0, 5] & — 1>
Yise W, N, 0, 00, RZ QR s 60 T iR o
A0, T o, F o, [7]JE— A5 o N o, 0, N, ff
JH InfoNCE 451 2 W AT LA 37 50 — Btk 2 i 47
S B
Ly (v,0,,,v,,)=
exp( fu(0) - fu (v,)/7)
® exp( £ (o) f ()00
A, £ O W EEXF SSC A 2% i i A o) A4 1 A 452
PRI, AT 7 X, exp O S0 A ARFE R RS, - 7
FoR R, RORIR B SEL
2.3.4 KR
AN, 3 E s BB SR RRIE S AR AR 23 HA W
B RRE N I B 22 S, Oy T AR AL AT DL S A
DX 733K i 22 S5 P, 7 1 301 458 2R (boundary predic-
tion loss, BP) . Lo, 7R 43#] 5 s Ab 1055 3k S B
Tk, v 7 o3 i s LLAMO B BEAIL R A 1Y 85Kk 5C
BRRFAE , DL 0 2822 U T DA g an T 4 2k, B
5]
Ly (v,v.)==log(f,(v,)) = log(1 —fb[,(vs*))(18>
Ao, £,O 5% BP 4 2% 1% A ] 244 2 A 5052 R
B, DAt )y A0S

-lo (17)

TN 2R B i B AR5 2k pRE T 3 Sy
Loin = Lo + Lse + Loy (19)

2.3.5 RS R

TEGLR B B, B 508 I 2By B i A58 2 B0k
TIT% , SR 5 4 45 Shot Mamba #55e i %%, i A
T 0 B B3 1) 2% A B, AU/ B Scene Trans-
former BEHL I S 80 . HR A T B 7E T 3000 B B 1 11 25
FEAARXT B FE TN 5 Bt , Shot Mamba 1 £ 25
AT DL - 0 S B0 5% Sk R AR B, 76 A BR A I ke A
TOLT A SO A B B SR AR A L 2 b e o R
PR] 3 A ) i o B ARS8 g ] 2 A5 I T s

Xt TR B B B A W AR SR AR e A (B
2R DAUE AR —3 40, i K a1 B8 Sk AR SRR 7
(FRZE R 0) , P, A7 76 AR R 14 28 51 Sl 155 L, 4n
TRANASAE FH 22 SUI AR A 453 % pR B, A5 780 U] 25 ffi 1) T
A5 2 m) , DO AE 2 B i1 M R 2 B4
7% . A 3CF M Focal Loss (Lin 25, 2017) 1 S S By
B0 2 R B, D3 58 6T 37 55 30 AL 33— 2 1) 1) T
HERAAE , DUITOM B B A 403 2 pRSCRT 72 S

Lipune (2,5) =
—a(l = p(y =1]2)) log(p(y = 1]z)) y=1
—a(l = p(y =0]z)) log(p(y =0[z)) y=0
2= frneune (9)

%0
€

ply=0lz)=———=1-p(y=1]z) (20)
e’ + e

P £ O B8 OB % B A 1) ot o R R 9 4%
SRR, LA 07 A 5 2 M 2, R 0 26531 0
RIS 1 B B iy 1 (L 5y D B RR 2 5 p (y =
0]2) Fl p(y = 1]2) F7m X W25 0 F 1 A9 B 5
o NV SR A SCBCE 0 1, SRR N OG i T
WFBRAE 5y A RESH, T AR R A Y
RUESE IS I FAEAITETE ), A SCBEE A 2

3 LWHERSHHN

AR 3 3 S 56 D R 5 S5 T LR R E
&7 I AE B RS s o TR A RO
3.1 EXWIMEREE

AL A S5 7E Python3. 10 5 PyTorch2. 1. 1
IEEH AT, #/E R 580 Ubuntu 18. 04. 6, CUDA 38
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55 11.8, i {4 i & & CPU: Intel (R) Xeon (R) Plati-
num 8352V CPU@2. 1 GHz, GPU: 4 x NVIDIA RTX
A6000 48 GB. T Il Z5 i B 1 25 4 4 i 2k AR IR B
epoch b 10, batch size & 120, 14k 28 % FH Adamw
(Loshchilov F1 Hutter, 2019) , fii I £& 4 i #4
(warmup ) 77 2024 2] 42T 25 0. 000 1, 585 1 FH 4%
1718 X (Loshchilov 1 Hutter, 2017 ) J7 20 iE 4752 2 R
TEW o IO B B 1 BSCHRE A Ak AR IR %K epoch 2R 20,
batchsize & 240, 1 fk #% & Adam (Kingma Il Ba,
2014) , W1 HH k2% > %k 0. 000 002 5, f FH A4y %38 &
Oy A 72 2] A

Y T AN 7] H 52 1 O B it PG R 45 AN AR T
b, 2R R (7 v K i A UG R ST 46 i 28 224 < 224
1% BB i A BRI AT VI E I KR 16 %
161538, &P BUE Sk 1% A B ko 8. B Sk FRIE 4R IR
P 1Y Shot Mamba fH n 2 24 )2, 5 3k G i
TE R RRAELEBE D A 192 553k FRAF SC B AR B A9 RRAE
YERE D, R 768, HEB M HERE I m N 32, £k
HEREIMLER NS, 2% R E 4 d,
4196,
3.2 HIEE5EMIBR
3.2.1 ek

MovieNet(Huang%,2020)%*4%?%%2}Eﬁ7¥
() 2 BB AR AL 2 1 100 3R L5 160 J5 5%
kL, H 318 F L R S i Fbnid , 3k 4.2 54>
Yiseih Bt 18 318 54 b 5 il BB T, #¢ Chen
SEN(2021) 45 H F N RAE 56T 4 Al i 4 E 47 4
PE S BGAIE , el 2R i S U 1903, I TE AR L 5
Bt 643, MRS 64 %, FOYINLRIS A 1 10058
5 0 BT AT B AR SR N R85 |, b 318 9 s B e
[FREVE S W0 280 2 5 U1 25 (E BEAR S S 5 T
Y B2 ) 5 S0 B B e 318 3 e S 5t b A7l
Sr B UEFT . T RO, B SR (R
FEANEE S Y 34 o

BBC (Baraldi, 2015b) ##a &Y% T BBC HI1ER
1EHE 7 (T AHEK) , 25 4 900454 3k F1670 1
Yrse, Tz L TN 8 i Ho AR e
Foor ], R Tslam %5 A (2023) 7732, AX# F#E Movi-
eNet 54k 42 Hh 0 I 2SS U i 45000 110 37 55 K
JE VATV T AN FEIZ R R

OVSD (Rotman %5 , 2016) ¥4} 4E 1 % 10 000 4
BN 300 il A, 5 BBC A 4R 250, 12 B

CSINDIMIE S €1 AN E | L G775 80 I e O
1t MovieNet ZCH8 5 1 Y B0 ZR B X0 2 80808 A7
ity AT IZ A TP O
3.2.2 PN EERR

K T Z PR 48 bR 4 T DAL AL LS 3 500
EUES TP ROTERE. th T EUESE—A a2k
), 2O A S AR B o FIRCR Al A
BraabranF

—lej?’%ﬂ%gﬁ(average precision, AP) S it AR A E
NG KNP ORT75 =S U il R R eI VAT (= 7
LRI T o B S R AR A A

Y {8 32 3 kb (mean intersection over union,
mloU) ] T PPAki 455 7L 43 1) 285 SR 109 ot a3l 2ok 11530 930
375 55301 45 L2 5030 R S R O 1Y L 32
AL B SRR

FEWCE FRAE R M 26T 19 1 2 (area under the
receiver operating curve, AUC-ROC) Ff T i A5 AU /e
ARV BT X33 AR S XA BE ), R 1
REAL R BRI AR B

Fl-score /2 ) 5% 5 - M]3 () I F1°F- 418, B
A BT A BT E 1 AR R AR AN A I L
R
3.3 HBRSELE

R T BN [R]85 R B A KB SO0 1
43 EVRG BE BOREIA , 2R SCLL MovieNet ZUHE 5 A 1], 4331
X T ZRAE TR EIER
3.3.1 UK pRECH [

AR SCELHG SR G TR AN [R] B k45 2K pR %
I A AL B2 7 St A BIORGBEE L N 3R 1 7R, SSMLoss 7R
BE Sk —bg Xt He A 2k, SSC R m I i i S — S i
2, BP RN LTI KG o BROplRE He 3 A4S TN 24
2 R &Y, SSMLoss X 37 5t 1 S TU A7 25 Fe R A4 52
i), 2 W Sk — 3 S i X FE A 2R 0 T 5 | B T i
B ) A ) Sk 2Z 8] Y G B GR B R A PR AT,
SSC #1 BP 4 BUME IR 55 o 53 oh AR AR Y
HH G X TR Y I ZRHRA TE m) B st AR BT
SSMLoss 1 SSC 2 & I A1 I B R, W He 2
> I —EE 27 > T LA 3 RAAH )37 5t R AR R
AR /IMEAS [R) 37 5 AR AE o BRI 35, 24 34> T
YIZRI R AL 7E— B 1T DLk B iR
3.3.2  [RIRBBB ok s AN L

AR Focal Loss fif 2k 3755 53 F) 9 254
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Table 1 Comparison of scene segmentation accuracy with

different pre-training loss functions

SSMLoss SSC BP AP mloU AUC-ROC Fl-score

N - - 04707 04419 08653 03704
- V- 04061 04144 08319 03267
- - v 03872 04072 08209 03137
N V- 05723 04955 09083 04491
N -V 05586 04843 09039 04328
- v Y 05045 04641 08811 04044
N V' 06179 05738 09208  0.5650

VE IR IR R & B B s e <7 e = om0 Fl A (i
FHXFREA5 e PR

F- i 4% O, T BaSSL (boundary-aware self-supervised
learning) (Mun 4§ , 2022) J7 % 2R A9 AL 58 A [
FEA G IESUREA A DIRE , IR, AR S 1 A
& A5 Focal Loss 1Y 73 #IAG B, 45 R 413K 2 iR o
IR 2 Ha] DU B, A BT A S8 XA, Focal Loss
(837 55 43 RS FE T iy, T DU R FHR AU TE B 5 3
S E PR 55 R BITERE
x2 MEAMERRAARERK RSB EX L

Table 2 Comparison of accuracy using different

loss functions during the fine-tuning phase

PSR AP mloU  ACU-ROC  Fl-score
TN AE S 0.6079 0.507 4 0.920 4 0.464 6
Focal Loss 0.6179 0.5738 0.920 8 0.5650

T L P SRR 5 8 R A4

3.3.3 MEAIGENT L

AR SO S48 F2 B0 Ry AR 3« 5 Sk AP 2 X
B AN G Sk AR AE IR AT, B Sk R AR S OB B 19 =
B SRS IR Sk A RRAE S B , PG, X TR
RUFRY 0T L 1 LA M B 1 PSR AE S IR A < ViT-
t.ViT-m(Dosovitskiy %5 ,2021) .SWIN-t( Liu %, 2021)
KAL) Shot Mamba, Ba S FRFAIE SCERAEE 1Y H (1) )2
R R T 9 B RRIE A , R, XT38 20 1 7 )
HEBL, BN L T SSM (Gu Ml Dao, 2024) Fl A% 3C 11
Scene Transformer .

R3FER T A RIBAIZH 5 1 23 55 00 kG
JEXFEE . AT LA 3RSk GRS FH SSM U, B i
H f# A Scene Transformer ¥ FEAK , T B B =1

B ] , ARV BB A B4R Sk § L AHAR 1Y) 2k 55k , R BE
KR P HAT FRAIE OL T, A EL T Scene Transformer
149 b A 7 A AR AR | SSML 1) RAIE G B RE 1 55 T
Transformer, 7F58k gt Bl I 3T & Ll
FJ ViT-t, ViT-m £ SWIN Transformer 34 55 T 2% 11
Shot Mamba, & T Shot Mamba #% Y 7£ 15 4w i
THT P AT 2501 o
3.3.4 HSHH

A SCREBY Ry AR 83k e 8, A0 5 8 Sk i i
Je AAB Y kAN BT Sk 3t 2k + 1ANVEE Sk SR T L T
SR A [] 5 3k Bt I 9 37 5 0 BR324 SR 3k 4
s o IFRAPT DU B, A 5 Sk RO i 1, 1558
(937 5% 53 HORS 2 B IR 88 0O TR e L DR B Sk
A1 B R s i A A BRI PE A

R3 FAREEREHRIHEDEBEEXTLL
Table 3 Comparison of scene segmentation accuracy with

different model structures

BEkamis SRS ORIK AP mloU  ACU-ROC
ViT-t SSM 04362 04239  0.8466
ViT-t Transformer 0.5723 0.4955  0.908 3
ViT-m SSM 04366 04245 0.8486
ViT-m Transformer  0.5838 0.5035 09115
SWIN-t SSM 0.4906 04510 0.8745
SWIN-t Transformer  0.5974 05074 09148
Shot Mamba SSM 05045 04641 0.8811
Shot Mamba  Transformer 0.6179 0.5738  0.920 8

TE P RS S 5 iR 2 2R

x4 BIHEXFBHERZN
Table 4 The impact of the number of shot on

segmentation accuracy

k AP mloU ACU-ROC  Fl-score
2 0.560 8 0.4825 0.903 6 0.4308
4 0.5789 0.499 8 0.910 4 0.4555
6 0.596 9 0.508 3 09147 0.467 3
8 0.617 9 0.573 8 0.920 8 0.565 0
10 0.614 8 0.571 6 0.920 6 0.5537

TE LR RIR A S R LA 2R

H THRFEX(15) A= (16) il B2 R X7 5t
o3 RAS JE R 52 e, AE Bk By B e i B E r e
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[0.05,0.1,0.2, 0.4, LOJ, IFORAFBAR AL IEAN R BRI RSN, 530500 T W2 50 90 A o
AW BN AL, [ RO B I S8 B2 IS A0

FEA [F) il BE 2R B SR 25 R IR 5 s . AR D) E y = 1, 8P 280 o 9 U (0. 001,
Hal LR B, 7 U N 0. 1K BI04, ad /g 0.01, 0.1, 1, 10, 100) , FF3FAl X 730K B2 19 52
FE RS R o B G T SRR R IR R TR SRIRETCRINIE S PR o NP S iRl ORI, -
KOS BRI 2 R W %R 5 SimCLR S8 o 1 00 G Rl /) 2 S B Rk BER
(simple framework for contrastive learning of visual e o AR 1Y o B 2 3 BBOBE U 30 0 5 1 i
representations) (Chen % ,2020) 1¥ ImageNet |- F) 4% ST B i I KR o B 2 S SO B OG TE oy

BB T T %SRS E Hih A 2wk AR A TE Bk . AR SR
o= 1, 7EMER AN G AN 2Z SO T, PR AFIE ke

£5 BERENSHBENLMN ARALE [ A AT
Table 5 The impact of temperature coefficient on ) [EE =1, HERESE y BEUE (0,01,
segmentation accuracy 0.1, 1, 10, 100) , 7 3EAk FH6F 401K B B 52 0, 52
r AP mloU  ACU-ROC  Fl-score WA R WK 6 s . I 6 ] UL B, RSy

0.05 0.5725 05549 09074 05366 ERERRE (y = 0. 01) IO TSR e FE R 419
0.1 0.6023 05565 09194 05455 K& EE TAE y KT 10001 B0 T, 43 %0k B2 L B 2 =X
0.2 05611 05455 09005 05167 T, R B R ESEUT AR BRSO A, 1
04 05558 05437 08978 05116 S s A i BPLRE AR BRI BE , JCIE A ko ) B R S

i 05364 05301 08901 04921 WSS SRy B AL 1~ 10 Z 1], i T
ﬁf . ﬁﬂ*ﬂ?ﬁi?\éﬂ?%ﬂfﬂjﬁ?ﬁ . Z'f 1~10 ZI‘EH E"J%ﬁ []@2’_&%:,5’227} 5 ZIRSC%FH Focal Loss

(Lin %5 ,2017) 45 S i1y y = 2, IR AR S REA A E
TR Y Bt R FH Focal Loss /B M3 2< sl %, b T 3F R AEOR 121 PR — e W BURRE | ) Bsf ol B ik B G 7
— & Focal Loss E"J%@Ti‘%&a*ﬂ%/ﬁéﬁyxﬁ WHEREAS

AP% vs a (y=1) AUC/% vs a (y=1) mloUr% vs a (y=1)
57.50
61 60.64 60.68 91.8 57.35
57:25
60.18
6ok 91.6 57.00
° c\o §
£ 5974 991-4 5 3675
R 5865 | <912 £ 5650
w 91.0 56.25
B 56.00
1 1 1 I 1 57‘94| 90.8 |, 1 1 1 1 1 1 1 1 I I 56'015
0.001 0.01 0.1 1 10 100 0.001 0.01 0.1 1 10 100 0.001 0.01 0.1 1 10 100
63 o o
K5 &y =1, P 280 %3505 50k B UL 5
Fig. 5 Sensitivity analysis of the parameter a on scene segmentation accuracy with fixed y = 1
. AP/%vs y (a=1) AUC/% vs y (a=1) mIoU/% vs (@ = 1)
c0157.66 61.14 %0 90.83 91.90 605626 573557153
o1 6069 9101 9176 =
S0 I -
o =80 S
S 2 S
Laop 3 -
< 30 - < 70 - ‘g 40 -
20 60
10} 10.49 5535 30r 2846
1 1 1 1 1 50 1 I 1 1 1 1 1 1 1 1
0.01 0.1 1 10 100 0.01 0.1 1 10 100 0.01 0.1 1 10 100
Y Y ¥

Ko [EE =1, RESHy W50 FIR R B b

Fig. 6  Sensitivity analysis of the parameter y on scene segmentation accuracy with fixed o = 1
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3.4 5HMBERGESENFIEILR
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Fig. 7 Comparison of scene boundary segmentation visualization results
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