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practical value. This transformation leads to a remarkable decrease in energy consumption, particularly in situations where
resources are limited. In recent years, tracking algorithms that incorporate the Transformer architecture have achieved con-
siderable progress because of their superior performance. Nonetheless, the adaptation of these algorithms for edge comput-
ing often encounters difficulties, primarily because of the increased latency. This latency is attributed to the complex
nature of the Transformer’s attention mechanism, which requires extensive computational resources. This issue is
addressed by introducing an innovative solution called the linearly decomposed attention (LinDA) module, which is
designed expressly for edge computing. By drastically lowering the computational demands and reducing the inference time
of the Transformer, the LinDA module facilitates more effective and efficient tracking at the edge end. Method LinDA inno-
vatively approximates the multihead attention mechanism as two components: a data-dependent component and a data-
independent component. For the data-dependent aspect, LinDA adopts a computationally economic approach. Rather than
relying on traditional, resource-intensive methods of transposition and matrix multiplication, LinDA employs direct
elementwise multiplication and the addition of vectors. This method markedly reduces computational complexity, rendering
it exceptionally well suited for edge computing environments where resources are scarce. Regarding the data-independent
facet, LinDA integrates a statistically derived attention matrix that encapsulates global contextual insights. This matrix is
further refined with a learnable bias vector, enhancing the model’ s adaptability and versatility. This decomposition strat-
egy empowers LinDA to achieve good precision and considerable efficiency on devices constrained by limited resources. An
advanced knowledge distillation strategy, which plays a crucial role in bolstering the student model’s capabilities, is intro-
duced to mitigate potential compromises in accuracy because of the linear decomposition approach. This strategy encom-
passes two specialized distillation losses integrated into the baseline loss function, each meticulously designed to capture
and convey critical insights from the teacher model to the student model. First, the hard label knowledge distillation tech-
nique involves replacing the ground-truth bounding box with the bounding box predicted by the teacher model, which
serves as the supervision target for the student model. This method allows the student model to learn directly from the
teacher’ s discernment, thereby enhancing its predictive precision. Consequently, the student model captures the teacher’ s
knowledge of the problem, which enables it to yield more accurate predictions. Second, the relation matching knowledge
distillation strategy harnesses the relationship between the teacher model ’s predictions as the supervisory target. This inno-
vative approach captures the complex relationships among different predictions, such as the relative significance of distinct
objects or their spatial interrelations. When this relational knowledge is embedded into the student model during training,
the model’ s performance can be further improved, rendering it more robust and powerful. In summary, this elaborate
knowledge distillation framework successfully imparts the teacher model’s insights into the student model, effectively over-
coming the potential precision degradation associated with linear decomposition. This scheme ensures that the student
model inherits the teacher’s expertise, thereby enabling it to deliver more precise predictions and attain superior perfor-
mance. This study further implements an edge-end-oriented object tracking algorithm called LinDATrack, which is based
on LinDA and distillation. The algorithm is deployed on the domestic edge computing host HS240. Result Comprehensive
experiments of the tracker are conducted across various public datasets to test its performance and capability metrics. The
experimental results validate the system’s outstanding tracking speed and good precision. With this computing host, Lin-
DATrack achieves an impressive tracking speed of approximately 62 frames per second, facilitating efficient tracking in
real-time settings. Furthermore, the system operates with a power consumption of approximately 79. 5 watts, which repre-
sents only 6. 2% of the energy used by the server-end configurations. This dramatic reduction in energy usage underscores
the system’ s exceptional energy efficiency, positioning it as an ideal choice for deployment in settings with limited
resources. In an era where energy conservation and sustainability are increasingly important, this system presents a compel-
ling alternative to more energy-intensive options, contributing significantly to a more sustainable computing landscape. In
addition to its remarkable tracking speed and low power consumption, the system also exhibits consistently high tracking
accuracy, distinguishing it within the realm of object tracking. Compared with the server-end baseline algorithm SwinTrack-T,
the system’ s tracking accuracy, as determined by the success rate metric, shows only a slight decrease of approximately
1. 8%. This minor decrease in accuracy reflects the system s capacity to balance performance with efficiency. The scheme

can maintain precise tracking functionality while reducing resource usage, rendering it a versatile solution for a broad spec-
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trum of tracking applications. Conclusion LinDATrack is distinguished by its exceptional balance of speed and accuracy,

positioning it as a premier option for object tracking applications. Its performance is marked by efficiency, facilitating real-

time tracking that users can rely on. Additionally, LinDATrack demonstrates considerable strengths when deployed at the

edge, making it exceptionally well suited for environments with limited resources. This combination of speed, accuracy,

and edge-oriented advantages firmly establishes LinDATrack as a leading solution for edge-end tracking tasks.
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Table 1 Latency of each component in the baseline model
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AR (1,196,384) (1,245,384) (1,196,384) (1,1,14,14)F1(1,14,14,4)
HL41(GELU) 6.4(26.4%) 13.7(56.7%) 3.7 (15.3%) 0.4 (1.6%) 24.2 (100.0%) 413
A #H(ReLU) 5.2 13.0 3.5 0.3 22.0 45.4
B#H(GELU, LinDA) 6.4 8.6 2.7 0.4 18.1 55.2
C#H(ReLU, LinDA) 5.2 8.2 2.5 0.3 16.2 61.6
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Fig. 2 Latency of each component for different

experimental groups
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Table 2 Latency of single-layer encoder in the

baseline group

P 45y FE3R /ms
(a) LR TR o 8.44
(b) FA MRS A 0.93(-7.51,11.0%)
(c) FAEER G A 3.79(-4.65,44.9%)
(d)  H AuMar B SHUEM  4.80(-3.64,56.9%)
(e) FH softmax 7.11(-1.33,84.2%)
() AV ADY 7.79(-0.65,92.3%)
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SEIER . SEPR b AE Sk, AR SO (8 T Y
FEIR 22 F15 1% H B ISR A W SR /NG Fr o AR
PRZ A FEIR (AN AT A , T DLBE 5 C.

RFFEE TR At A B A MOR & 4 b iy
P AHE IR A DL . TR MRS A B 5L
S PER 8 E] Q, K, V  BRJE s Zad 20 (1)
K (2) 15 2] AuuMat F Attention , J5 4 P 20 — 426
PERR B4 o H Tk 2 B IR ARG, T AR SR
R HABT > o B () PR VA AuMar
AR 234 L — A TR AR 1 7 25 2] SO B, 1531 (d)
41, I 15 FE R [N 4,80 ms, A1 25 B (a) A )
softmax #RAE 153 (e) 4, FEIRFEH 7. 11 ms, HIR IR
M AEZAE softmax JZRE S T 1.33 ms AYAEIR , {H i
THA R, A AR B AR

HI T AV 485 BB 1 4 45, I LUK B 4k
ADV FERFEH 7. 79 ms. X B AHE 2 (2) iy
softmax (AttMat) , i DFEIEFH, FEILH 5% E. AR
AV RS AIR T B HERER m ARR B
FUR TR SRR RS Ik , it 78 4 =LA L8R
PN

RIS, 223k TR R 450 1 S 38 4 R 45 0
N DAEZRER G R F 2Ok A TR

FEBERTTE, o T AR R B SRR TR
[A) 375 3 2) BAAS softmax $#AE BARAE R WA/, (H 2
o T D, B LU R A R 3) AV /Y5 i AR
WHEKR AHH T RS MR, X & i,
JIt AAE IR AN R

T B FAE Eff icientFormer(1i 4%, 2022) t , B 5%
FHINAZ K ATER G A R A, 24518 2
H T iPhone12 1% £5 Fil CoreML #EZE |} DeiT-Small
(Touvron %, 2021) Fl LeViT-256 (Graham %% ,2021)
XT LG, HARTTE A 2 0 MHSA KA1 & 0
JE T HA E /DB reshape #4E , Fr LLSE IR FE 2 07
o ARSCAR NV HIXAEIRE 23k A
B RER AR RESE— P FEAR, B 2UEW] 5 Y
LinDA S5H4 REA RLFEAREER .

3 F &

3.1 ZMESBESHIE

T8 2. 3795 i S A 3, MHA o (i 4838 %8
KA TEEIEERTR . AT — T2t o i
Tk R B AR A IR R 6

K (D H AuMar = (attmat ;) (9 E—50, HAHH

1 <
attmat; = —— z Gin XK, (3)
[d, m=1

B, 45 1 Transformer (Vaswani 25,2017 ) 1 (19
PIRAREE , EATITE Ja S T Pl 2 3

s 1 OB S7 [/ o AR ) < g, F K, AHESST HL
i AR 4 5341

B 2(F W BERGR) 1 g, Tk, HITEE R O,

3.1.1 FRq,, %k, WA 2%
ARSI B 2 Ay B e FH RS B AL AR 5 4tk 2

B R RS P A BEAIL S A 3fe 15 3] ) B AL AR
MR 1 A AH Bk ST T AR
E(q., X k) =

E(k;,)E(q,,)+ E(q,,)E(k,,) - E(q,,)E(k,,) (4)

Var(q,, x k)= E(k,,)Var(q,,) +

E(q,, )Var(k,,) + Var(q,,) - Var(k,,)  (5)

K (4) B 5 W, 2 (5) i BT WA Sk D

R4 bias, ;,, EWE RO T 2N Var(q,,,) X

Var(k,,, ) FIBEHLAE 5, H.
Zijm = Bk g0, + E(q, )k, -
E(q.,)E(k,,) + bias,, (6)
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WL & 2, 5 q.,, X k,,, A AH A 6 3528 f5
%o Bz, \TUAER g, % &, 10— R 41T
Lo 55 —Jr AR 1 LA X T AE Y g, F1
ki, #%2 [F 5y A iy, 4 E(k,)=a, E(q,,)=b,
bias, ; ,, = bias , M|

d;

2 Zijm =

Vi &

attmat,;; =

1<
py— 2 (E(kj,m )qi.m + E(qi,m )kj,m -

73 &
E(qi.m )E(kj,m ) + biasij,ln) =
1 <
— z (aqi.m + bkj,m -
m =1

E(q,,)E(k,,) + bias,;,, )=

P B2, g, Mk, B3R o, Bt B

1 d, 1 d,
— N o —— Sk, BRI 0,77 24
Jd, i Jd, i

EmﬁMM%ﬁﬁw%oﬁﬁﬂzme%%%

SRR 0.7 25 H0 bias 1) 5 2405 . UL, o] LAAS 3
ey =Wk sl A PUR (g N = R Ny}
AttMat = (attmati’,-)LuXLA ~(ax Q)D(bxK")-

L B(Q)E(K)" + bias (8)

Jd
L FH5 @ RN, Hog LA S H KR E. &
RA I T Ky E (HRTEAAM Sl |, B
F 3 4 1H % sum Ml unsqueeze AR BRI BT, IEAT
B BRA ERAE
¥ MHA F1 LinDA #EA5XF LG, i3 3 7R . LinDA

I MHA 18 B SN AE T3 5500 2 0 46 B 0 7 =0
[, L Ath 5 &R A R A o LinDA (9 7 25 0 6 B th
TP P 1] k1 TR A I PR SR R I ) SR I ZE 1,
TE4. 1 F ], & MHA B A A A T3 A
SIS

3 /& LinDA FI4 &S e i 2 1 25k &1 Rl v
HIEIR T HAk, HAA WS T 5 AR B 82 2
3.1.2 ERASEESIEFESTT

£ LinDA B EIRE(QMEK) . REE
e Y Bt , 78 5 A 6 Q FN K i 25 HE R Y
A P HCF- IR AT
3.2 HMREIE

SEHG B, AR PR AR S 2 T EOR E UK
THGEE TR W, 4. 2795 o A A G I P A R 2R R
VAN IR

it

=
EE

MatMul MatMul

)
B

softMax softMax

1
i

Mask(opt.) Mask(opt.)

1

Scale Satle 5 Add
MatMul Dot m
B B ? )
0 K 1% a Q0 b K V
RIS TR Ay e =]

K13 AT E R B AR T i T )
Fig. 3 Scaled dot-product attention and

linearly decomposed attention

#®3 LinDA 5ZLFENXTLL
Table 3 Comparison between LinDA and MHA

HEN B REHIH—1k FREH 4
oK'
MHA AttMat = y A = softmax(AttMat) Attention = AV
k

AttMat = (a x Q)D(b x K") -
LinDA 1
Jd,

E(Q)E(K)" + bias

A = softmax(AttMat) Attention = AV




$30% /FE 28 /2025 £2 A

ER#E, &%, Wik, T, TN, PIRAE, T
%S REE B %S % Transformer BREZ

3.2.1 SwinTrack A3 25 pR %L
SwinTrack (4451 % pRBCELFE IR 53, 430 02
A A FRIAE [ )45 2 | o 28400 2R S 3 T 43 1Y)
JECRT, ARy
L3 = VFL( p, ToU(bbox, bbox*)) (9)
L3 = >, o)l pLyy (bbox;, bbox™) ] (10)

L=w L+ w, L (11)
1, VFL 3£ /8 varifocal loss, it 5 H1 Zhang % A
(2021) 7€ H A5 & W0 AF: 55 b 2 11, )5 % Lin 58 A
(2022) H] TR EFAT: 55 b, H B A& R 3K 0S5 Swin-
Track, Ly 278 )7 X ToU 1 2% (Rezatofighi %5 ,
2019) . p F 7 WM Y ToU B0 14 43 2518 43 (ToU-
aware classification score, IACS) , ¢ &/~ H br15 43,
q > O M XS E R IEREAR KR 1, Fmm PR %L,
Event JHF, i & A BUE R 1, M8k &k
HHEUE A 0, AL Event = {g > 0} o bbox Al bbox* 43 4il]
FER A H TN 14 4 FEIHE AN LS AL FBIAE o a0, A 00, 02 A
T 2 B AL R KL, 78 SwinTrack B 7 146G 52 B
(Lin,2021) % ,w, = w,= 1. 5,
BRI (1 R 25 5 A AR PRI — A ) M

______

BAFS , 5 ESPRE R R, BOM R B
S E 2 ry B A ] A T X 2 R U R
S NEH B, ASCHR T O R VL A A
25 1 RN ZR TR ofe 78 43 A s AL iy B =i, &
AT ELBE X 2 AR AR 5 20 U s R A7 B, st
Hbu L () J2 R 2 2 53l A A A, DTS H 25 2 1Y
Tl .
3.2.2 BT ICRILE MM

FOMAE AL A BRI — 8 S AR BLTE & T Y
KA (B L, AT BB s 5 7 54 T 5 S 9 R X /)
W SRR XS /N FR A e & (relation) (Huang 55,
2022) . € XHEET O R VLAY 43 2451 2 Al 15 451 2%
Gawilb)

Rela _
Lcls -

R

N (12)

pos j

1 N
— >1 dp.,. (iou™, lou'
N {q >0} Pear

pos j=1

A, dy., 7R Pearson 1 % (Huang 55, 2022) , p™ Fl
i I 7 e B AT UG ACS N,
2N IEFEAR B, iou™ = ToU (bbox™, bbox®) , iou™ =
ToU(bbox"* ,bbox®) , HAKGNE 4 Fr 7

Rela _
Lreg -

(13)

______

o

>

U iou

v
Q

| ( 1
| | |
| | |
L |
| : |
| 1

| |
! : ; | :
: bbox 1 ou | bbox |
| L | 1
: I Pearsonifi 5 | |
| | |

| 1
! : l :
| | | 1
-5 T T . i
| | > > | |
| | | |
! I I |
1 p | U 1 p |
! I | |
: I Pearsonf &5 : I
VAT ,' | BUTT ,'
N i i P N, -

K4 XRILACHIAZEE
Fig. 4 Relation matching knowledge distillation

3.2.3  FETREARZE A AR

B2 Touvron 5 N (2021) B 77 ¥ , W LA 7R
A 28 S 244805 —Fh B B FR . 7E SwinTrack 1, fff
b2t Hh— 25 TR AR A 14 x 14 1y i 7 (8], AR

LU oS/ S TV E /S 5711E - S o e A LSRR g iy
(] (57 B 9 AR OE T 53 2545 43 RV FRIAE | 43 2815 40
TR IRIASE X 7 ) FIATE , 14 A 2250 i A 78 5 2
I B4 A FBIRE bbox™ . 2 (9) A (10) H ) bbox i,
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bbox"* 15 B REAR 2 M AR IR , AR Ry
L = VFL( p, ToU(bbox™, bbox*"))  (14)
Lt =31 oy L pLye (bbox™, bboxi* )] (15)

A, bbox™ 5 (9) M= (10) H 1Y bbox 75 L AHA] ,
HOEN TR R AR, B LA N LA stuo

X e g Pl g s [ B (j=0,1, 000,14 %
14 —1) , bbox, 37K TE 12 o7 5 Y500 (1% 6 FEIAE | p, D) Jiz ke
TAE A E N A ERE RS AR E . T EARX
WA R T, Iy JE A KOieRs 4, 37
AN TRIMS7 B R AT P e X 7 R B R A AR Ak, I 45 AR
PARGBAFR B R A AR Al . AR AR BT RY Tt ) 45 S
JF VA LS A A A F T 17 2 Bt sz e 1
FEAS [RS8 T g X & A B, A e e 1 AR AN [R] 4
I A R R BT BLSLARAS vp T i
() — S FHIE S, BT DAk 2 A R4 e 3 A4 1
WEBRCR

T AR A SR % R ERIT Fp Z€ 1R 5 % B
AR, B
L=w, L3 + w, L} + w, L™ +

Hard Rela Rela
W4ng +wsLyt + Wﬁng (16)

4 £ Iy

4.1 LinDA Z#itE M AR 54
4.1.1 AR

THS A AT LL R 3 0 3R AR AR £ (multiply-
accumulate operations, MACs) 3k fif & , H H % &
MACs FIHBE 5 RO R B BR Y, R 2 00 6 B 3
Y RVERAE AL 4y . 4 B FoRHt iR/, N, Fm 3k
8, D, FR AR, C, FRoR RZ 5, Bk 2
C,=N\Dyo 2L, L,Lo5FRR QK VK. M
Q.K.VHIERS MK (B, N, L, D,),(B, N, L,
D,),(B,N,, L,D,).

XF T MHA 2548, 19 & 07 56 4388 4 1 MACs
BN,L LD, , 1k 5 4353 1)) MACs 4 BN,L LD, , 511
MACs

Q(MHA) = 2BN,L,L,D, = 2BL,L,C,  (17)

X LinDA S5 44, i 5 0 5 MR 7R 23 19 MACs i
BN,LD,+ BN,L,D, , ¥ iE E 45> 5 MHA A AH A,
I E AT MACs

Q(LinDA) = BN,L,D, + BN,L,D, + BN,L,L,D, =
B(L, + L,)C, + BL,L,C,

(18)
BL,L,C
WE L =L, > 1 —— = L2
WE L =L, > OO’IIHCB(L(I+L,L)C,, 2>
50, T LATT LA BN
Q(LinDA) = BL,L,C, = %Q(MHA) (19)

W3k 2 U, LinDA 25849 (1 15 AR K20 R
MHA i —2f, LA BE R I, 35 B A 3 I i
4.1.2 ZER

WMFEN R HREEA S BAM L Adl5cd
Xif b o R 21 H A G B S R A B RS A A
MHSA F1MHCA , HFEIR 4 13. 7 ms F13. 5 ms. 44
B2k 2H /Y9 MHSA F1 MHCA #2 i{ LinDA Z )5 , 155 B
A, X R IEIR R 8.6 ms A1 2.5 ms, 43 B BFEAR T
5.1 ms M 1.0 ms, XF T AZHHNCH, X0 T
4.8 ms F11.0 ms. Ui LinDA & MHA B4 ALY
FEIR
4.2 LinDA FAZNIRZ A4 B Xt b K08
4.2.1 LinDA 5 MHA X [t

B LR A v i D g RS S A 1 23k
el LinDA 2549, § 8 0 0 3. 1 h iR
Dk E . AP E PR AR . AR R 7 R R K
P e EYNZRIIL, LB 25 RN 3R 4 iR, 7€ LaSOT
(Fan 45 ,2019) Bk 4E [ 19 SUC #5454 63. 9%, 7F
LaSOT_ext (Fan 5§, 2021) % UE 4 I ) SUC #5845~
42. 1%, LA 53 MR T 3. 1% 1 3. 9%, Bt
TEFINZG TR, LinDA AN £33 35 S 454
4.2.2  FHZIRRERL T L S50 1h 1k

Chen %5 A\ (2022b) A\ H , 5 T #0003k B8 W 2 0K
I AR 7R 1 2 A AR 2 ] 0 1 RE 25 i, AR SCHls:
iR AL Y 3 sk F LinDA H . R[AF Chen
SN (2022b) A SCHE N ZRBY B, RO X S B 2R A 72
> o Ad RO AR (%) 500 Sk ZECpT 4R 10 )5 , 76 LaSOT
1 LaSOT _ext I 1 SUC 43 1 ik F] 64. 6% F1 43. 5%,
Ut BRSO AR T 0 Sk A S AT B TR R M BEZERE
4.2.3 SRRVLEFIE PR HINZE1H

R AT g T Sk S 500 i AL e E —
FERRBE R AN B 22 BE  (H BB R SR N IS 2k 4
AR SCAE M BERE B3 0 5 R VBRI ZE 19 , 7 LaSOT/
LaSOT_ext | 42 7% 5] 65. 0%/44. 5% ; T34 i i 5 2
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Table 4 Ablation experiments for precision

/%

LaSOT LaSOT_ext

suC PRE NPRE suC PRE NPRE

SwinTrack-T B R ) 68.1 72.2 77.4 47.4 53.9 54.5

i FFM%: ConvNeXt 67.0 70.8 75.9 46.0 52.0 52.9

LinDA 63.9 67.3 727 42.1 46.7 48.1

+ZLITTTI KA Ak 64.6 67.9 73.4 435 49.1 49.8

LinDA FIZ&1% +C R L EC AN ZRAR 65.0 68.2 73.9 44.5 50.2 51.2

AR TR R 66.0 69.3 74.8 45.1 50.9 51.6

+ early droppath 67.1 70.3 76.2 44.6 50.5 51.1

LinDATrack LinDA, 48 66.3 69.8 75.7 45.8 51.8 52.8

T I AR SRR 25 91 B SwinTrack-T Z AMU AL 255 . PRE : precisionINPRE ; normed precision.

AR ZEME 43 B4R 5 B 66. 0%/45. 1%, He i , il
H T =N N2k By BEERT 120 41~ epochs H,
droppath rate £& 14 % i #] 0, b B 76 LaSOT I %)
SUC HE— 2505 67. 1%, HLIELR 47 0. 1%; 1M 1E
LaSOT_ext 7 FF NI, (%0 44. 6%,

LinDATrack [ B} {8 J1] GELU | LinDA F1 15 7%

W, R B & B LinDATrack, B fE LaSOT F
LaSOT_ext |- SUC #5845 53 3 2 66. 3% Fi145. 8%,
AR L ZH AL FRAR 0. 7% F10. 2% , 33X 6 T 341 2 it
AT

ASCGERIE T LinDA 254 2SR 1 fnge bk
Il RECEBEH], SE 25 R AR 5 s

%5 LinDA XJLbSRI8A0iE gt SR8

Table 5 Comparison and ablation experiments for LinDA

1%
LaSOT LaSOT_ext
WH ik
SUC PRE NPRE SUC PRE NPRE
LinDA T 2608 BN S B , BA M i 2 5L 671 705 76.0 447 502  51.0
A FHZE, i E 625 649 708 422 469 482
BATE N A2 BN SRR 639 673 727 421 467  48.1
7 LS ) 66.7 700 75.6 457 517 522
i . AME IR, B3R A 63.0 657 715  40.1 437 456
Lo it 22 B0 He »
&M, LR AR 66.6 700 754 447 507  51.1
R A FHZER 612 635 693 402 443 455

T IO P SRR % 8 e A2 2R

4.2.4  FATEESE M EUE

FE 3.1 A9 B0 RS R A R A
WG . ASCRE LRI A G T HE R
0L A R AR RIA RS E T,
5 3 7F LaSOT Fll LaSOT_ext | 1 SUC 45 b 43 51 N
62. 5% F142. 2% ; SR J5 i L BOAFR S B ) st &

i FH 453111, 15 3 7F LaSOT Fl LaSOT _ext I /¥ SUC
F8h8 0 N 63.9% F142. 1%, 7€ LaSOT F 44 1
1. 4%, 7¥ LaSOT_ext FALFEAR T 0. 1% HIdLA] 0L,
TEAEZBA T, g5 B 8 T K
VER o RS 18T il FH AR 220 A BE AL S T
T3 B I B, b A T P PR AR I A
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A WA , 15 3] LaSOT 1 LaSOT_ext I 1% SUC #5475 43
Sk 66. 7% 1 45. 7%, 43 5l BE AR 0. 4% F1 34 Jin
1. 0%, A SCIA R 3X P e — AN B0l 46 b I 48 AR g ik
BN AE 55— A B SR W SRR IR A I 52 oh B PR 3R
F2, BAR BT AV RS . X B 7Ef ]
ARG LT, B2 R 2 6 I 1 U I T8 4
HE, XHAE3 1P ESIFATE, ),
i B bias 50 45 AR ASTE 2 AR P2 R B ) 0 2
TR SRR (5 B 78 2 T RERE G bias HERE
d, SR b RS T R B N AR M
Joi AR IO SSGH R R, X R I RS T R ) A
FIAT —E SR B X SRR T T 2% 2] S8
HHER]
4.2.5 LM ERE

K Q)THMADRE o flb, EANTRATFEISE.
BN E T, 2 TR ZE B A MHA A4 T 3k 1)
HEFEMISE . XA R BOLE R NFE S PR, TE
AN AR 208 1 B0 254w R 80, 159 B 7E LaSOT
F1 LaSOT_ext | ) SUC #5454 63. 0% #1 40. 1%, AH
Xof T ] B BUAAR T 0. 9% F12. 0% 5 754 11 IR 2%
RIYEOLT K4 R 8, 780553000 66. 6% F144. 7%,
7E LaSOT £udiE LIEAR T 0. 5%, M 7E LaSOT _ext %X
PatE EARAS o X PIRRIE O T, B A TR 2 00 M
HGEIHA . X R, oIS A AR 20 etk oy
fift Z B0 LinDA 5 A 500
4.2.6 LinDA S50 ST

LinDA 2% 4 & — Fh i 32 1 & J1 , i 7€ Trans-
former (Vaswani 5% ,2017) &3], 12 S AEERR T
AT LA S BRI 2Z 40 38 ] DU ke 45
X PN B 71 e Bahdanau 55 A (2016) #2£H
JHAE XL 0] 16 25 #4828 ] 2% (bidirectional recurrent neu-
ral network, BRNN) Z544 1, t—~ B A W 2 B9 1 15t
M 2 (feedforward network , FFN)SZHE , B AE AN Ze 4k
JZ RN — NS 2 o AR SO HANGE S8 ek, b

R ER NS, hFQMmKEaLid T2
k), RIS TR AT RE AR RS 80—, Ir A
B — M2 . ) —J5 1T, 7€ Bahdanau 55 A
(2016) 732 48 FH () 9800 PR AIOR: tanh pRER, BT L
255 1 R BETH % SOk B 4 iR Y GELU pR%R.
2 5 T 0, AN 28 A 1S D0 R, 26T FEN 59
% = ) AE LaSOT/LaSOT ext b 4 SUC 43 %1 A
61.2%/40. 2%, i LinDA 1 J2& 63. 9%/42. 1%, FNN
L LinDA 43 BIFEAR T 2. 7% F1 1. 9%, 3§ ] LinDA
SRR
4.2.7 HEMINFER

AL LaSOT (Fan 45, 2019) £ 46 42 03, He
4T LinDATrack 1 22 % EG84G-G20 IR 55 # Al R 3%
HS240 10 2% 1T 3 HL I 4 3 B i o 5 A T #E
Wk 6 firs . HS240 b8 FH A9 3K 2 A T2 2 A9 fR A
43 3] J& LynDriverl. 10. 0 Al LynSDK1. 10. 0, % %4
EG84G- G20 #5 #3515 GeForce RTX 3090 4%, H:
¥ 714 285TFLOPS@FP16 il 35. 6TFLOPS@FP32, A
1724 GB,H7 55 936 GB/s, #EFLHE FE 91. 8 Wi/s, #EHH
BUREHLIN R A 12730 W, Bl il RTX 3090 Zh &
126.5 W, RW NI ENLHS240 FE ) & R W
H A 1) KA200 28 figi.ts Jr, 5 77 4 32TOPS@INTS Fil
16TFLOPS@FP16, A~ 32 £ FP32 J & i )& iz 5 .
AR S B B B R FH 2 P16 RS B A RS
T, KA200 ) 5 1 AU ALJ2: RTX3090 19 5. 6% , N 77
8 GB, 7 & 25. 6 GB/s, PR i 61. 6 i/s, #HEHLY BE
ALY R 79.5 W, HLl ) KA200 it | T % &
5.0 Wo %t HS240 I B HEAILIIRAL 5 il 55 i it
() 6. 2%, SIFE F R ik 93. 8%, 8L MEFS 8T
fIEF RTX 3090 f1E B T, KA200 4K 2R ELAG 45 i 1 4
PR, S5 7058] T LinDA Track B2 REALH
4.2.8 ZHEHFLOPs X L1

AT L T LinDATrack 5 HoAth & 2 i S 8=
YT 5 12 518 (floating point operations, FLOPs) , Ul

®6 AENEE LHEEFINFEI L

Table 6 Comparison of speed and power consumption on different devices

B CWil HIRT Lmm  NAF/GB A Se/(GBls) FEE/(Mi/s) BEALIIR/W 5 H Y5 /W
285TFLOPS@FP16;
EG84G-G20(RTX3090) 3"t oe oipas 8 24 936 91.8 1273.0 126.5
32TOPS@INTS;
HS240(KA200) ’ 12 8 25.6 61.6 79.5 5

16TFLOPS@FP16
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ER#E, &%, Wik, T, TN, PIRAE, T
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F TR . SwinTrack-T Y15 & & 6. 4 GB MACs
(Lin % ,2022) , ¥ 454 8. 12. 8 G FLOPs, LinDA-
Track A#1%f SwinTrack-T S E I T 5.1 M, T2
SEBEINAE AT 2E S W R R R T 6.5 6,
— 2 AR 5 2% 1 MHA 3 ff 78T 55 509 LinDA 25
Fy, S B £ 4% i1 SwinTransformer 2 /, T Con-
vNeXto 1E 3 T /& b AUfdt TR 3 4> Bir B i i i o
FHXT T STARK-S50(Yan %, 2021a) , LinDATrack
SRR BRI T 4.5 M {H &5 R m b T
4.2 G, AHX}F SimTrack-B/32 (Chen %5 ,2022a) , i1
AW T 5.2 Go B UL, LinDATrack 76 2 44
R A T BT BT 0T R A Y
G E

K7 BSHEMFLOPsXtLL

Table 7 Comparison of number of parameters and FLOPs

ERTS ZHEIM FLOPs/G
SwinTrack-T 227 12.8
STARK-S50 23.3 10.5
SimTrack-B/32 - 115
LinDATrack 27.8 6.3

4.3 SOTA Lb%

AT RT3 TAETE HS240 L& i, Ar AR
MEAF-HEABHMERE . (HU2h T RIS 5 E Rk
PERE Z [B] 1 KB Z ¥ LinDATrack B 25 5 5
IR 55 %% St RN RS s i S 0 (state-of-the-art, SOTA ) 2
BRI AT LU A IR N R 8 TR .

#=8 SOTA L%
Table 8 SOTA comparison
. LaSOT LaSOT_ext TrackingNet GOT-10k
B Bk
SUC PRE NPRE SUC PRE NPRE SUC PRE NPRE AO SR, SRy,
SwinTrack-T ~ 68. 722 774 474 539 545 805 779 855 69.0 781 62.1
B TransT 649 69.0 738 - - - 814 803 867 67.1 768 609
AR 55 % i
STARK-S50 658 - - - - - 803 - 851 672 761 612
SimTrack-B/32 662 - 761 - - -~ 791 839 - - - -
LightTrack-Mobile 538 537 - - - - 725 65 779 611 710 -
Bt LightTrack-LargeA  55.0 552 - - - - 736 700 788 615 723 -
LightTrack-LargeB  55.5  56.1 - - - -~ 733 708 789 623 726 -
. LinDATrack
I e "z 7&;;‘0 663 69.8 757 458 51.8 528 800 774 850 67.1 762 609

T L TR R S 5 e LA 2R =" R s 4R

4.3.1 AELaSOT a4 Fhy A

LaSOT (Fan 4%, 2019) J& — AN R ELEL K H bR
PRER B, HA T R A B
704251, BB 20751, 4 140048, H
H 280 N JEMIK T 41 . 3K 8 A LA |, LinDA-
Track [ SUC ,PRE (precision) #l NPRE (normed preci-
sion) 7314 66. 3% .69. 8% F175. 7%, AL T I
12 SwinTrack-T, SUC AT B 1. 8%, fIt T Il 55 v o H:
fth F T Transformer B9 BREE 4%, B 4E TransT (64. 9% )
FISTARK-S50(65. 8% ) , 5 HL i B E #% SimTrack-B/
32(66.2%) 24 . LinDATrack K Kk T # zh i &
% LightTrack (Yan 55, 2021b) (1) 45 R AS (R | AR e f

1K LargeB , SUC #l PRE 3 B4 5 10. 8% #113. 7%,
4.3.2 1ELaSOT_ext BB I (1 HL#
LaSOT_ext(Fan % ,2021) J& LaSOT $ 35 4 A "
I, AT &AM 150 A7 O T, x4 )3
Gk AT 15 AF 20, BA T 20/ B A T4
Yy, R T BBk E . 02 8 /R 7 LaSOT_ext |,
LinDATrack fJ SUC, PRE I NPRE 43 7]}y 45. 8% .
51. 8% 1 52. 8% , FXT T HEL 1% SwinTrack-T, SUC
R R 1. 6%,
4.3.3 fE TrackingNet 504585 F 0 HL4R
TrackingNet(Miﬂler% L2018 B & 5114
MAF ), 28 55 27 A BAR 5. & IR i bR
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WA NI 5 B IR 45 SRR 5 B A 4R IR 55 2 i AT
PEM . 40 8 Fir 7 , 7E TrackingNet I+, LinDATrack
) SUC. PRE Fll NPRE 73 5l “& 80. 0% 77. 4% #il
85. 0%, A1 %f T SwinTrack-T, SUC X F % 0. 5%, %
SimTrack-B/32 #2 #1 0. 9%, % #% 3l ¥t LinghtTrack-
LargeA Kt E 1 6. 4%,
4.3.4 1FGOT-10k 5tdi 4 v Hesg

GOT-10k (Huang %5 , 2021) EL.A 180 > i /7
G, e IR AR Y SRR (ARSI A, 2R
I A BN GRS T2, -0k 12
fRRE ST o AR SGEAE T RPN, BRI 45 SR 4R 22 B 7E
28 MR 55 AR 217 IK , AO (average overlap) 4 67. 1%,
5 MR 4% #% % A9 TranT (67.1%) Fil STARK-S50
(67.2%) A1 >4 , & & T #% 30 ¥ LightTrack-LargeB
(62.3%) .
5 & #

A SCHR T — i ) [ 0 xR AL HS240
B B ARERER L . H e TR A T IR R AT
SR EIR | A BAE IR R S E 22 Sk R R T 454
o BRIG BT T I ) 3 S v P R o i R
FIEERE T R 22 Sk T R 0 BT R A A B RN AE
Ro KT VREMEEE , £ — B iR &8 vk, A
Xf TR SR RS BE AR PR T B 1%~2%. 442
(R TE R 7 HS240 I, vl iR 61. 6 Mit/s 1Y 1 P ek
BE L DIREZ) 79.5 W, AT T R 45 4 oty , D AE T [
93. 8%, LIRS I, TR AVE AR I G R B
o, FLAT R M B, E R RS R T
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