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Uncertainty-Gated Mamba and Frequency Compensation Network for Saliency

Prediction
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Abstract: Objective Visual saliency prediction aims to simulate the human visual attention mechanism by estimating the
spatial probability distribution of gaze points in complex scenes. This task is fundamental to various downstream applica-
tions, including autonomous driving, robot navigation, and image compression. While Convolutional Neural Networks

(CNNs) have long been the backbone of saliency modeling due to their proficiency in local feature extraction and multi-
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scale representation, they are inherently limited by their local receptive fields. This restriction often leads to "fixation frag-
mentation" and background false alarms in cluttered environments. Conversely, Transformer-based models have introduced
global dependency modeling via self-attention; however, their quadratic computational complexity becomes a significant
bottleneck when processing high-resolution saliency maps. Recently, State Space Models (SSMs) , specifically Mamba,
have emerged as a promising alternative, offering linear-time complexity while maintaining long-range context. Neverthe-
less, standard Mamba architectures are designed for 1D sequences, which inherently disrupts the 2D spatial topological
continuity of images. Furthermore, during long-range state propagation, background noise is often indiscriminately ampli-
fied alongside salient features. Additionally, the continuous bilinear upsampling typically employed in decoding stages
causes a "structural over-smoothing" effect, which diminishes the peak energy of salient regions and blurs boundaries. To
address these multi-faceted challenges, this study proposes a novel visual saliency prediction network named Spatio-
Spectral Uncertainty-Gated Mamba Network (S?UG-Mamba). The goal is to achieve an optimal synergy between global con-
text modeling, noise suppression, and high-frequency structural restoration within' a linear computational framework.
Method The proposed S*UG-Mamba follows a "backbone extraction, encoder enhancement, multi-scale decoding, fre-
quency modulation, and prediction" pipeline. We employ an ImageNet-pretrained ConvNeXt-Tiny as the backbone to
extract multi-level features. In the encoder enhancement phase, we introduce the Uncertainty-Aware State Space Enhance-
ment Module (UA-SSM). To preserve 2D spatial continuity, UA-SSM utilizes a bidirectional orthogonal serpentine scan-
ning strategy, which unfolds features in both horizontal and vertical directions to capture omnidirectional contextual interac-
tions. To mitigate the propagation of background noise, we design a dual-view uncertainty proxy within UA-SSM. This
proxy consists of a spatial variance component (capturing local texture fluctuations in 3x3 windows) and a channel variance
component (measuring semantic activation disagreements). These proxies are fused to generate a pixel-level confidence
gate G, which dynamically modulates the Mamba input sequence, thereby suppressing responses in high-uncertainty back-
ground regions. In the decoding stage, to counteract the smoothing effects of upsampling, we propose the Semantic-Guided
Dynamic Frequency Modulation (SDFM) module. Unlike conventional static filters, SDFM employs a joint logical routing
mechanism that combines deep semantic priors from the encoder with local content features from the decoder. This routing
mechanism dynamically synthesizes a set of learnable complex frequency filters. The feature maps are transformed into the
frequency domain via a real Fast Fourier Transform (rFFT) after StarReL.U activation, multiplied by the adaptive filters,
and then mapped back to the spatial domain using an inverse rFFT. This residual frequency compensation explicitly
restores high-frequency structural details and tightens the energy concentration of fixation peaks. The entire network is opti-
mized using a joint loss function of Kullback-Leibler (KL) divergence and Linear Correlation Coefficient (CC). Result
Extensive experiments were conducted on five benchmark datasets: SALICON, MIT300, MIT1003, CAT2000, and
TORONTO. On the SALICON test set (LSUN’17), S2UG-Mamba achieved state-of-the-art performance, reducing the KL
divergence to 0. 176 while reaching a CC of 0. 918 and an NSS of 2. 007. On the challenging MIT300 blind test set, our
model yielded a CC of 0. 829 and a KL of 0. 370, outperforming the advanced GSGNet by 2. 2% and 9. 8%, respectively.
To evaluate cross-domain generalization, we performed zero-shot testing on the MIT1003 dataset using weights trained
solely on SALICON; S’UG-Mamba attained an NSS of 2. 386 and a CC of 0. 6849, demonstrating robust learning of univer-
sal saliency priors. Ablation studies confirmed the efficacy of each component: the introduction of UA-SSM improved the
NSS from 1. 9627 to 2. 0152, while SDFM significantly reduced the KL divergence. The complexity and efficiency analysis
demonstrates that our model achieves favorable performance in terms of computational cost and GPU memory consumption.
Meanwhile, it maintains comparable parameter scale and inference speed with state-of-the-art methods, fully validating the
efficient modeling capability of the Mamba architecture. Qualitative visualizations further illustrated that S?UG-Mamba
effectively suppresses non-salient background clutter in densely textured scenes and produces sharper, more compact
salient boundaries compared to existing methods. Conclusion This study presents S’UG-Mamba, a linear-complexity net-
work that synergistically integrates uncertainty-aware state space modeling and semantic-guided frequency modulation for
visual saliency prediction. By employing orthogonal scanning and a dual-view uncertainty gating mechanism, the encoder
efficiently captures long-range dependencies while adaptively suppressing noise. Simultaneously, the SDFM leverages

high-level semantic guidance to perform adaptive frequency filtering, effectively restoring structural details lost during spa-
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practical deployment potential.

tial upsampling. The experimental results across multiple benchmarks validate that S?UG-Mamba provides a superior bal-
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ance between prediction accuracy, cross-domain robustness, and computational efficiency. Future research will explore
hardware-friendly parallel 2D scanning algorithms and low-annotation learning paradigms to further enhance the model’ s
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Xt = Coramta (X)) (15)
X ., = UpSample(Xglﬂ,ml) (16)
K X 0 7R 22358 Mamba 8 4T 42 ) 52 B J5 1%
AT 4 5y B SCRFE , UpSample 2675 K5 R ik £
WA 2 ISR 73 B FoRAERAE X, 0 FRFE R
15 B AL BE B SRR . X R RE RS TR B
R R U S, SR AR ) ) 2R BOC & Hoh T
I PEREAR, ARSI T ORER > e I
B B S 2HORL E RS B SE 1 B U 20 32 (Fine-
Grained Uncertainty Rectification Branch) , 7E Ji I 43
PR T isAy, IR IT om0 2 H bR i 2 5 SU 3 AN
o O PEARRIEAL E R W B4 (E B R
PEAT T SRR DR AS SOR AT SCA: iU R R
B AR TR G A% 0y 3L EAT R AE B I (Feature
Rectification) , ¥4 HE R S (B HE D , R 0 0K
Xt = XO(05+05 - G) (17)
i, O WBICREANTIAE L X, TR G T TN
BUG BB FURRAE . 51A 0. 5 A A% 2 LAk b i R
S8 P DI R B S A ik IR D s R E R T
J5 SRR, B 1R AR S 5 SO R A SR
T ) T A 2 AT, T 2 3 2 ORI A
M G I, AT EE XU IR R AR SR B AR B 5 2 60
S, AN P38 DX SR TR ATS 03¢ B S0% FO MR, A I £

FEOUERE S AN T BORs AL REIRIME . 40 A %
YEH T Mamba [ BCtR 2, i Se i il 2E A Mamba £
B AN RRAE R NR) 5 i s SEAR S AL 7
B IS K HE 5 I RRAE 3% A 4R Mamba £S5
ST AL AR E) | SCRHE X,
Xine = Chusa Xpasa) (18)
KW C s T,y 275 TS B8 K AR [F](H 22 08 ST
() 1E 38 g T 451 45 K] Mamba B, 43551 FH T FEURL 43
SRR FE 5332 o
IR Je AR ST A AR Rl 5 SR, K HLRLEE
G334 SR BT SCRFIE 2100 B2 43 S 10 401 S o kR
MEHEATRLE , TR hy k20 4 i th RR AR A AR e
FRYCR B AR BET 145 G X 4R B 43 = g i oh EA 7l
A, B2 X, S AR A 50 -
X,, =X + Conv, (X, + X,,06)  (19)
o, Conuvfuse NI ERZ, H TG 24357
R AIE I 8 8 e R, DR TR A R AE S i AR R Y 4
3 T AR S
25 b, UA-SSM (1 0L 204, it 1 MR JEE 73 32 3
B 1 X AR S B 4 Sy AR E 7 (] U 3 A 20 b
Oy SCURE T RE HARR R AR A S AN E B A AL
DA 1A Ry S 5 SR AR ) Y P 0
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e
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(c) RHLHALEE DU IR SR A
Ze AT Mamba 38 FEEHRA Mamba HE z;,
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P 5 Vs ' e
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enhancement. )
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Fig. 2 Architecture of the UA-SSM module. )
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1.3 EX5|ISRshdsmEiEA &R (SDFM)

SRR B e 1 S I L B A1 DA e S SCK
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Fig. 3 Architecture of the SDFM module.
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(Rl R Al AN ) E A T IR A Y
Pz ke

5)TORONTO : £ 7% 120 i 36 i 15 5% 4%, 1 F
K BT RITE R 454 37 357 B3R B
2.1.2 PHEESR

K FH 2 P BT 55 vhod PR AR A L 23
P

1) T 70 A7 B 6 b = & VAR 5 R (correla-
tion coefficient, CC) . #H 1 & (similarity, SIM) 5
Kullback-Leibler # & (Kullback-Leibler divergence,
KL) o CC.SIM 48 f5 A% Coffi i B 5 L AH 73 A3 ) 25
[ 45 F AR OC M T B R B, BB B S PERE B . KL
BORE LIS R V8 T 125 220 1 P 28 4 A 1 28 53, Ry o A E
BB BVER IR AL O AR bR | 8 ORI A5 A
R TERLR Y BTHR S04 , B AR RE A

2)FE TR AT b < 5 bR e AL T Bt AR B3
4 (normalized scanpath saliency, NSS) | Judd iz iif] &
T 1 #H (area under curve-Judd, AUC-J) . Borji T il 2
T X (area under curve-Borji, AUC-B) 51R Bl £
1 # (shuffled area under curve,sAUC) , L1 M AR X}
T REE e 0 A LS L AR R B 45 24 4 (Infor-
mation Gain, 1G) o It 2 F5 br %5 (8 8K /=5 14 f8 8 AR o
NSS J5z I T 4. 25 1 A L S 4 MR R A 19 A — A i iy
SR, A AL T T A TR R T . AUC
FROVFE K 2 R o R8T o L SR i it
B (ARG B PERER I . AN [R) A2 1A 1 SRR A A i 12
HMAFTEZE S, AT N 2 4 B PRS2 X L A5 1 X 3
REJI .
2.1.3 Xk

Ry AT PAL BT B 5 s i PR RE L AR SCE CHE 33
FP7 2 HEATXF L, % bE 5 i T 5

1) 28 M B35 YRR - i . GBVS .BMS , CovSal 4,
Xy FEHE T N B HRAE AT i e A

2) CNN-based J7 % : Ul eDN, MLNet, SalGAN |
SAM .EMLNet \MSINet 2%, i 1 45 B o 45 45 22 ]
FRIE 5

3) Transformer 3% V& &5 A1 . 41 TranSalNet . GSG-
Net \UNETRSal 4 , F H [ 57 L 5 58 4 Jmg e A5
AEJT;

4)Mamba @7, W SUM.

IXEET A A T T AT 8 5 B R
2% 3] F 3| Transformer . Mamba Z5 4 iY) /& e 545, BEAE

AR IEAS SO A PERR L
2.1.4 SEIGARTY

AR SCHE Y SPUG-Mamba 3 T PyTorch ¥ & 2%
SJHEZRA I 7E B gk NVIDIA GeForce RTX 4090D
GPU LS8 MU A I 25 SHERE 55 . S A MG AE %
AR G8— 090 320 x 32043 HER , I Ima-
geNet BHR L M (H 5 2470 — L b3, AT
JnSE S SO R KT BE FRAE A58 % 3= T I 2%
ConvNeXt-Tiny {# F ImageNet-1K Fi)Il A & #1747
WAk, 1 UA-SSM . SDFM K% fift % 25 45387 51 A AL He |
K FHBEAILA 4R fb R s -

Xl el B S H8R E A SCRIT
AdamW P AR ST S HOE BT, IR AU 0 R 0k
ERO0.05 LAFT Ikt G . e ET Mg D e
R A REAE S ICRE 7, B 1 T ) R A 255 T 5 40k
REHTT ISk 25 27 ISt 43 )2 2 ) B - T 4%
HIRIE S S BB 1 x 107, T B 5 ARIH A4 4R
22 S] A E N 1 x 107, BV 24 3] R4 1045 VIl
i BEIEHFEE 159 Epoch, it K/ Batch Size 13 3 4
16, 2% 2 RPH R 20w sl R ms  7E55 1.6 114
Epoch 5 BN, 27 ] Z253 5 3 08 R M HT{E AT 0. 1%,
/N 2] BRI 1 % 1075,

WA, 7 T ) B8 S 55/ i MIT1003 55 5040 4
PEAT IR B, VR 45 5 T I 4% B4 T R 1S B BB (Stem Al
Stage 1), {587 /51 /= 285, DLkE oo 76 50090 76 i 7 55
R A RMEE IR
2.2 TEEXTHLZEE
2.2.1 FTEPEEMEEREXS L

T URR TR A S 2 M5 2 MEoH F 7
AE LSUN'17 3538 F A xf Fb g 2R . b i+~
1A K Fe M . SPUG-Mamba 7E 1G . sAUC . CC , SIM Fl
KLA& AR E RS © AT A4 ] . 7E NSS L AUC
b ARSOTEWE LT . 5 GSGNet M L, SPUG-
Mamba 7K KL H 0. 190 F# Ik £ 0. 176, FEAIK 7. 4%,
IG iK% 0. 943, #£F+ 4. 0%, A K F ,S?UG-Mamba
TEL 2S5t T BRSBTS M~V T A0 s AL M
I3 A —EE

TE MIT300 £ 9845 e g R an gk 2 s, B
PRI 5, 763 T 040 W 48 b5 J7 1, A SOy i 4E CC
(0. 829) FKL(0. 370) 545 br ¥ HUE T Fermnsr, I
TN IABY S ERE R GSGNet, MHHLZ R, A SO 7R
CCHIKL Fr 4R TF T 2. 2% F19. 8%, fEH:T1EM
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JRHEFR T, A SO VEAE AUCTE A A T4 —Ff
BN, T 7E NSS FlsAUC #8458 LIS T 24 Ay HEA 55— 1)
MR 5L 40 2 i 5 i GBVS M F , A SO VA AE

AUC.sAUC . NSS.CC.SIM 1 KL $8#5 F 435427+ T
219. 2% .20. 3%.99. 4%.73.1% .42. 6% F158. 3%,

#1 LSUN17 ZEFE LRyMaERM

Tablel Performance comparison of saliency prediction models on LSUN"17 competition

B S ey WERINE TN BT AR bR

s RIFNEH G 1 AUCT sAUC T NSS T cct SIM 1 KL |
SAM-Res TIP2018 0.538 0.865 0.741 1.990 0.899 0.793 0.610
GazeGAN TIP2019 0.720 0.864 0.736 1.899 0.879 0.773 0.376
DINet TMM2019 0.195 0.862 0.739 1.959 0.902 0.795 0.864
SimpleNet IR0S2020 0.880 0.869 0.743 1.960 0.907 0.793 0.201
UNISAL ECCV2020 - 0.864 0.739 1.952 0.879 0.775 -

EMLNet V(2020 0.736 0.866 0.746 2.050 0.886 0.780 0.520
MSINet NN2020 0.793 0.865 0.736 1.931 0.889 0.784 0.307
SalED 1VC2021 0.909 0.868 0.745 1.984 0.910 0.801 0.190
FBNet MVA2021 0.343 0.843 0.706 1.687 0.785 0.694 0.708
ACNet NC2021 0.856 0.866 0.739 1.948 0.896 0.786 0.228
TranSalNet IJON2022 - 0.868 0.747 2.014 0.907 0.803 0.373
SalFBNet V(2022 0.839 0.868 0.740 1.952 0.892 0.772 0.236
TempSAL CVPR2023 0.896 0.869 0.745 1.967 0.911 0.800 0.195
SalDA TCDS2024 0.577 0.851 0.714 1.727 0.821 0.693 0.369
GSGNet KBS2024 0.907 0.870 0.746 1.988 0.912 0.800 0.190
AugSal ECCV2024 - 0.870 0.744 1.973 0.914 0.805 0.191
UNETRSal ACIVS2025 0.821 0.870 0.745 2.058 0.914 0.808 0.316
SUM WACV2025 - 0.876 - 1.981 0.909 0.804 0.192
SimpleSalNet JVCIR2026 - 0.875 - 1.978 0.906 0.798 0.197
A&3L - 0.943 0.870 0.749 2.007 0.918 0.814 0.176

2.2.2 BEBHREZALRE I PEAL

R T VAl A Y 3z Ak PE RE L SPUG-Mamba 7E
MIT1003 £ 95 45 T 3E 47 17 R A, BP A Af
SALICON Y1 Zk AR B 8 0 AT 1P A o 3R 3 iR,
NSS ik 3 2. 386, CC ik F] 0. 685, ¥ T TranSalNet
H1 GSGNet S5 e HF ALY, 33 3 BB RLA 20 % ) 3]
T A T M R R AE T AR A R B
T i

F 4S5 B I T B TR SR 5 CAT2000 5
TORONTO [ i) #5 %5 4f A W axo0f bh 25 3, 4 & (30 fef
FH SALICON Il Zr oA 180 | DL R AE e Sy b5 A/
MIT1003 FEASHEA T RLE J5 A4 S o 20 6 ik Ak

TR R AR R . FEATEATAE T H A5k
YR OL T, B 0SB 4 AR F CSG-
Net . TranSalNet 5 A TASE#E 77 L7 NSS . CC 5 SIM 45
febr BRI FE ST, IR KL R FEL. x %
A2 B == AR T o i 3 5 A
RUTYRE A5 55 1 M A 35 F0UI 40 A 1) SE AR S5 40, T AS 25
DRl A % 1 11 B0 25 R k. AN 45 T Tk 2 (R Y 25 1
FEXTHE /N AN 50 o3 AT B AR AR 5 dee O 5 1% 4 30 sl A
255 AR SR RS AR O MR AR B s
XA AL G2 B e T A [R) B8 4 7 v i 5
H AR RT3 A S5 502 4% 5 5 Y 25 55, o 1 B o
— 48 bn E DL 4 T 2 v fE . Y g A i
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R2 MIT300=FE FHIMERERT

Table2 Performance comparison of saliency prediction models on MIT300 competition

BT AR b BT oA i dE bR
A RFNEH AUC T sAUC T NSS 1 cct SIM 1 KL
Iiti TPAMI1998 0.5434 0.5357 0.4081 0.1307 0.3378 1.4964
GBVS NIPS2006 0.806 0.629 1.245 0.479 0.484 0.887
CAS TPAMI2011 0.758 0.640 1.018 0.384 0.431 1.072
BMS 1CCV2013 0.771 0.691 1.151 0.413 0.445 1.023
CovSal JoV2013 0.811 0.589 1.336 0.500 0.505 1.722
LDS TNNLS2016 0.810 0.602 1.364 0.517 0.522 1.063
eDN CVPR2014 0.817 0.618 1.140 0.452 0.411 1.137
MLNet ICPR2016 0.838 0.739 1.974 0.663 0.581 0.800
SalGAN CVPR2017 0.849 0.735 1.862 0.674 0.593 0.757
DVA TIP2018 0.843 0.725 1.930 0.663 0.584 0.629
CASNet 11 CVPR2018 0.855 0.739 1.985 0.705 0.580 0.585
SAM-VGG TIP2018 0.847 0.730 1.955 0.663 0.598 1.274
SAM-Res TIP2018 0.852 0.739 2.062 0.689 0.611 1.171
GazeGAN TIP2019 0.860 0.731 2211 0.757 0.649 1.339
EML~-Net 1VC2020 0.876 0.746 2.487 0.789 0.675 0.843
MSINet NN2020 0.873 0.779 2.305 0.780 0.670 0.670
UNISAL ECCV2020 0.877 0.784 2.369 0.785 0.675 0.415
Cheng V(2021 0.870 0.740 2.350 0.790 0.680 0.880
SalED 1VC2021 0.880 0.720 2.400 0.810 0.690 0.400
TranSalNet 1JON2022 0.873 0.746 2.413 0.807 0.689 1.014
SalDA TCDS2024 0.840 0.710 1.690 0.620 0.550 0.740
GSGNet KBS2024 0.878 0.788 2.423 0.811 0.690 0.410
A3 - 0.880 0.757 2.483 0.829 0.690 0.370

MIT1003 FEAS AT 0 I , #5887 s 48 Y
PEREY I B PR T . (AR TR AR O R
B 251 T SN T 22 R A3 A BN A3 H B A
HH G Ay B S K50 IS TR A SR A A AR B B 4
MGETHSEs, i il LA A & SR S s xk 2
e s TR N7 ST 9.0 g o8
2.2.3 REt5E Rl

Sy i B B BSR40 R A SR PR S A, T
MIT1003 5 CAT2000 EHladE |- i — 202k Fl FLdfr 28 X
B 9IF 5 W E AT PR AL S5 ORI 8 TR 6 5K T,
S?UG-Mamba 7£ A [R) 1] 43 F (1 °F- 34 NSS . CC 5
SIM 52 € #55 T GSGNet #5214 , ] i} KL {45 T AL 7K

Vo SRR T 2B THRARE S, SR Ik
HHELAEAS R 8 A b S B — a2 By 22 5, oA H BB 5
PERENE SN . S RIIBUERE ST e ST L A
ARENE . A T A O I e AR 2 0l R
K VFAN F b e 7 T80 B A A (6] e B | i SPUG-
Mamba S {8 ] 76 100 A A v RE T 5 AR 23 A — X
P2 [ S
2.2.4  BHESHEESH

Sk i — A DA TR RN g T 45 R A B
Coarse-Fine U3 32 Ak 711155 TF 55 A S ARHI 5 22
SRR A T AR AR 12 B3 3 Mamba 72
{A Single-Fine Path , N 1% UA-SSM H1 i AN 2 1 1]
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&R3 MIT1003 #ESE EEREARNIK
Table 3 Zero—Shot Testing Results on the MIT1003 Dataset

FE T e AR HET AR AR

FEEEY AUC-J T AUC-B 1 NSS 1 cct SImM 1 KL |

AIM 0.6025 0.5987 0.3809 0.1220 0.2430 1.9053
GBVS 0.8232 0.8133 1.3656 0.4174 0.3627 1.2971
LDS 0.7793 0.7128 1.0185 0.3239 0.3540 1.8726
DVA 0.8702 0.8066 23145 0.6435 0.4993 0.9467
MLNet 0.8532 0.7723 22167 0.5921 0.4900 1.3441
EML-NET 0.8814 0.8289 2.4453 0.6757 0.5521 1.4397
ACNet-R 0.8828 0.8072 2.4558 0.6749 0.5401 0.8907
ACNet-V 0.8859 0.8637 2.2596 0.6502 0.5022 0.8638
TranSalNet-R 0.8855 0.8646 2.2706 0.6516 0.5058 1.0318
TranSalNet-D 0.8876 0.8666 2.2838 0.6543 0.5045 1.0151
GSGNet 0.8901 0.8702 2.3354 0.6714 0.5131 0.7932
A3 0.8911 0.8685 2.3859 0.6849 0.5420 0.7527

&4 CAT2000 BEE#E MK
Table 4 Cross—Dataset Testing Results on CAT2000

FET LS I FE bR T 38 bR

A AUC-J 1 AUC-B 1 sAUC T NSS 1 cct SIM 1 KL |
AIM 0.7243 0.7211 0.6054 0.8824 0.3395 0.4277 1.1702
GBVS 0.8005 0.7899 0.6242 1.2457 0.4864 0.4982 0.8615
LDS 0.8320 0.7970 0.6319 1.5506 0.6054 0.5673 0.8326
EML-NET 0.8308 0.7756 0.6611 1.6470 0.6076 0.5822 1.8280
ACNet-R 0.8484 0.7767 0.6813 1.9163 0.6864 0.6065 0.8284
ACNet-V 0.8364 0.8157 0.6773 1.6210 0.6142 0.5850 0.7515
SAM-VGG 0.8389 0.7516 0.6664 1.7643 0.6281 0.5764 L1117
SAM-Res 0.8432 0.7619 0.6717 1.8257 0.6550 0.5910 1.1576
TranSalNe

_;‘msa ot 0.8420 0.8263 0.6868 1.6313 0.6182 0.5763 0.8144
TranSalNe

_]r;msa ot 0.8456 0.8307 0.6920 1.6422 0.6238 0.5757 0.8211
GSGNet 0.8460 0.8270 0.6911 1.6994 0.6429 0.5935 0.5955
&3 0.8494 0.8274 0.6592 1.7500 0.6603 0.6101 0.5752
;';T))t ™ 0.8606 0.7878 0.6436 2.0787 0.7556 0.6530 0.4874
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((a) Comparison of parameters and FLOPs ; (b) Variation of inference FLOPs with input resolution; (¢) Trend of GPU memory usage
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Fig. 4 Comparative analysis of complexity and inference efficiency among different models and their variants
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R7 CAT2000 % E 537 = FH WK
Table 7 Five—Fold Cross—Validation Results on the CAT2000 Multi-Category Dataset

BT MRS B AR INE R
Ei AUC-] 1 AUC-B 1 SAUC T Nss 1 cct SIM 1 KL |
ACNet-V 08818 0.8146 0.6259 2.4057 0.8848 0.7527 0.4992
(Variance) 0000003 0.000002 0.000007 0.000248 0.000015 0.000010 0.000144
ACNet-R  0.8811 0.8325 0.6371 23678 0.8749 0.7403 0.4678
(Variance) ~ 0.000002 0.000005 0.000013 0.000326 0.000013 0.000012 0.000219
TranSalN
S 08806 0.8063 0.6242 2.4093 0.8726 0.7444 0.4959
(Variance) ~ 0.000002 0.000002 0.000005 0.000311 0.000008 0.000004 0.000118
TranSal
_]r)ansa Nt 08823 0.8024 0.6263 2.4492 0.8799 0.7507 0.5010
(Variance)  0.000002 0.000005 0.000006  0.000297 0.000012 0.000006 0.000264
GSGNet 0.8845 0.8148 0.6306 2.4472 0.8931 0.7509 0.2642
(Variance) ~ 0.000002 0.000004  0.000005 0.000243 0.000005 0.000002 0.000016
ES'e 0.8846 0.8108 0.6321 2.4791 0.8994 0.7675 0.2581
FEWE  0.000002 0.000004  0.000007 0.000234 0.000007 0.000005 0.000023

THURR R NSSFEFR N 1. 9627 $ETF 2 2. 0152, FiL Hp U
1) sSAUC T bRt A I i o 3 ¢ BH 38 1 e
TR 28 S RO HI A B T 08055 52 275 Sox Ay
TE AR AN 5

T3 —J7 T, A AR 5| A\ SDFM B8,
R4 CC (0. 9179) F SIM (0. 8115 ) 25 I T~ 43 i 114
FERLBE 45 A5 6] FE 2845 T B B ks , B KL B
(0. 1858) 1Y & AIK M J3 £L 28 wis ft F 5 fili Y UA-
SSM. X % ARSI AN A HEATRRAE f) 25 3040 19 b
25 3 R 8, RENE A RS BhASE ALK & A B &
TRIPIR A 25 [ 25K A 8. A AU MR T S 3R R
FERRA A R 1) S0 35 T AR [ R

4[] B 4 B UA-SSM 5 SDFM 5 B 4] it 57 % 119
S*UG-Mamba B 45 R0 AE 4= 3L TIEAL P A L 3573k 2]
TERARAKY . Hrb KLEE #F— DB 2 & /ME
0. 1839, NSS ik #1] 2. 0235 W {5 , H & 38 & #: v 1
AUC-B T} % 0. 8502, X AL T S B 4%
H A EE M LR, E— 2 UM T — 3% 2 ) LA 5 hr
I EMFEIE T  UA-SSM i (4 3% 5 A9 ik > SDFM $2 4t
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ST XL a] Mamba 38 55 B 9% 78 5540 36 T E LA Y
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2.3.3  SDFM BTG 5B

FAOTEANL T SDFM PN A0 SR 45 Fag 1 71 fak 512
W5 . X AR (a) SEA ReLU H G515 1 (b)
StarReLU H TG 51 5 7] LLE B, 2K H StarRe LU J5 #5784
TEZ R bR b4 UGS, UL BP0 i AR Lot gt
A B TR AR, SEAS L H P AR L M
AE 7], StarRe LU TE4EHF 52 Z U AR BB RS E P IR

BA OCHR A (5 B0 T BT — e R el I
AR (e) 584 SDFM BB E— 25 5] AT K H Mamba
R 1) 2 () o SCRRIEAE iR I . 505130
AR (D) AL, FIATE U8 S5, % PRk 8 T I
PRACT  UE A 3 218 SO BAE B0 e S 1) i,
55N % e ) RS T AR, RE S A AU
T AR SR U U 7 Bh A S R BE T o ZF TR
SDFM #5585 ST T00IAS B8 5 o0 A — Bk i 4
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Table 8 Ablation study on key components

ARG B S S EE WL IUE =gy B TP R Y
ixmj'[ﬁ_smw: AUC-J 1 AUC-B 1 sAUC T NSs 1 cct SIM 1 KL |
N - - 0.8774 0.8449 0.7502 1.9627 0.9126 0.8049 0.1908
N N - 0.8782 0.8494 07575 2.0152 0.9172 0.8108 0.1872
N - N 0.8776 0.8473 0.7566 2.0087 0.9179 0.8115 0.1858
V VoY 0.8786 0.8502 0.7582 2.0235 0.9192 0.8126 0.1839

F9 UA-SSM REIREEHRILIN R
Table 9 Ablation Study of Different Gating Strategies in UA-SSM
BT R e AR ST AR AR
MG AR A AUC-J ! AUC-B 1 sAUC 1 NSS 1 cct SIM 1 KL
FO) IR 0.8779 0.8424 0.7523 1.9984 0.9173 0.8099 0.1871
Tl ¥ 0.8789 0.8469 0.7564 2.0272 0.9185 0.8124 0.1857
ﬁiméfa Sl 0.8783 0.8475 0.7567 2.0186 0.9185 0.8119 0.1853
BEALI 145 0.8782 0.8456 0.7558 2.0106 0.9177 0.8109 0.1868
ARAHY 0.8786 0.8502 0.7582 2.0235 0.9192 0.8126 0.1839
F10 SDFM R K AR5 iH R LI 45 3R
Table 10 Ablation Study on the Internal Structure of SDFM
BT e AR S R (T IOE Eg
ﬁﬁ:iﬁﬁ% X AUC-JT  AUC-BT sAUC T NSs 1 cct SIM 1 KL |
£ gl

(a)  ReLU - 0.8774 0.8449 0.7502 1.9627 0.9126 0.8049 0.1908
(b) StarReLU - 0.8782 0.8494 0.7575 2.0152 0.9172 0.8108 0.1872
(¢) StarReLU v 0.8786 0.8502 0.7582 2.0235 0.9192 0.8126 0.1839
2.4 EMEXTLE SRS it — 1Al SPUG-Mamba 7F 5 2% FI 2Rk 3 5% v () Tl

AT DSE PERS BE 55 R AL BE AR AL S £ B AEJI o
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Table 11 Effect of SDFM on response concentration
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Figure 5 Qualitative comparison of saliency prediction results of different methods in typical scenes.
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Fig. 6 Visualization analysis of uncertainty-guided gating.
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Figure 7 Visualization analysis of semantic-modulated frequency-domain recovery.
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