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LoMTrack: visual object tracking via adaptive sparsity

LIU Da-gian, ZHANG Jia-hao, FEI Bo-wen'
(College of Software, Liaoning Technical University, Huludao 125105, China)

Abstract: In visual object tracking, Transformer-based methods typically fully fine-tune pre-trained models. Full fine-
tuning overwrites the general knowledge learned during pre-training, causing catastrophic forgetting and weakening the
model's general visual representations. Moreover, a single network architecture easily suffers from knowledge
interference across diverse tracking challenges, limiting generalization. We propose an adaptive sparsity-driven tracker
to address these issues. For the encoder, we design a parameter-efficient fine-tuning scheme based on Low-Rank
Adaptation (LoRA). It freezes the pre-trained weights to preserve general knowledge and updates only the low-rank
adapters for fast domain adaptation. For the decoder, we design a Tri-Regularized Router Mixture of Experts (TRZ-
MoE) to strengthen expressiveness and scene adaptability. Multiple specialized expert networks handle different
tracking challenges, and a dynamic routing mechanism selects scene-adaptive computation paths. Compared with
conventional sparse routing, TR’-MoE introduces stochastic regularization during routing and structural constraints
inside experts. This design enhances generalization robustness under complex conditions and suppresses excessive co-
adaptation among expert units. The load balancing constraint also adopts a normalization strategy aligned with the
actual sequence length. This maintains more stable expert utilization during variable-length inference. Extensive
experiments on multiple benchmark datasets show that LoMTrack achieves state-of-the-art performance. Notably, it
reaches an AUC of 53.8% on the LaSOText dataset, clearly outperforming existing trackers. The experimental results
demonstrate stronger dynamic response capability and training robustness across diverse scenarios.

Keywords: object tracking; low-rank adaptation; mixture of experts; dynamic routing; load balancing
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R K (i A 5 5 A 8
AR 8

N N
‘Cbalalme - )\ : W le : Li? (18)
=1

Horpr) NFETALE 250, N oAEFAEL F A1k
DK 7 M R85 1 Bk RS AR 1 %o 67 28k 249 451 2R e
(B ARSI, A5 2 15 ) S0 76 28 K5 811 037 5 1 1
— BN AE T 7 B, MO 4ERF T AR E 1)L KA Z 5
AR

&, MR R LR

L= Lcls + /\giouLgiou + )\LlLl + »Cbalance (19)
Horb, N, = 2800, = 543 BIZ IEN LS
3 sz B

FEATT v, B S BT B 5 12 A S B, i S
1E A U 5 A A € B LoMTrack 5 I A
SOTA 75 ¥ #t 47 1t g %t L, Bk 36 UAvVI23PY,
LaSOT™. GOT-10k"". LaSOText'”. TNL2K"",
OTB100"" LA TrackingNet™. /5, it Bl gz,
it B4R Y (9 LoMTrack 4% 4144 143 Rk #E4T = e AN
SERIIHT, AN 78 B AR IR B 45 5 5 AT AL 4 #r Y
%%, A LoMTrack F{IAZ 0 TAE B3R Ak B AR L.
3.1 SLIOAT

AT LIS PR B N AT PR Python 3.8 Al
PyTorch 1.17.0, &>}y 4 ¥t NVIDIA 4090D GPU. 3/
TG 2 PRI S35 5K, Wit R S HL E A F 1
LoMTrack 2% & (LoMTrack-256 F1 LoMTrack-384).
LoMTrack = [ 2 it 2% A1 AEET 25 P AN 2 A ) 1
2% K F HiViT-Base 2244, it & 20 2. fRID28 65
4 )2, BG4 A 256, 117 7135308 8, TR-MOE (]
Ko 4 B Ry 512. YN 2518478 3= i B B 2% 1 ad A Y =X,
18 I DY #e4f 4 :COCO™, LaSOT"?, TrackingNet"™"
A1 GOT-10k"". F 3R FH 52 15 5l 5 7K B i S b v
FPE I sm . 8 AdamW 4L #3891 2k LoMTrack,
FEFE BRI RBENT x 1074, R AR 2]
F25x 105, HASHMEIERN
43107, WEZERABL NI LEARKES
OSTrack' fif ## — . LoMTrack & i1l 25 150 />
W, B FEAE A 6 JIx R, 5 20 RAESE 120 )G
AT FEL. 76 GOT-10k"" Btk I, Il 25 4 0 e
£ 100, 77 > LT 2 80 J WIHAT.
3.1.1 gk

# cOoCO™ . LaSOT"™. TrackingNet™ 1 GOT-

10K"" ¥4 4 347 1 25 4 T LoMTrack-256 48
A, 482 X 3k KN ¥ 256 x 256, AR KN R
128 x 128. "N YIZR A BAEL E 15,000 AR, #EIR
K/NH 8, Fl 2k 150 A Ji B, % F LoMTrack-384,
2R X% 9 384 x 384, AR K/ 192 x 192.
B E IR REAL A 15,000 NEEA, (HHE IR K/ &
2, IZRJA BAEORKF 150.

MALAE GOT-10K"Y ¥4 4 E I Zhi, 182 X Ik
FRR AR K /N BN 256 x 256. 7EILEC B T, £ A
HIALE 7,500 M FEA, HERK /N 4, 2291145 100 A
JEIA. XtF LoMTrack-384, 82 [X 18 % 4384 x 384,
R KN 192 x 192, BN JE I3 7,500 S HE
AR, RN 2, VIR B 9 100.

3.1.2 HEH

N T EW R LoMTrack BIZHR, £ 1 X A[H
Ji ik REFR bR AT LA 5 R R L & R [ A N R A
() 3 25 K5 B SeqTrack-B256' #H Lt , JIf #2 1 1
LoMTrack-256 7E{R £ AH 24 S HR 1 RN, 235 FEAIK
TR IR, AN, BEE ARG K, LoM Track-
384 175 fig TR ¢ 30.4FPS 1) S B 4 B8 B, AH AT
SeqTrack-B384 ] 19FPS J& I Hi ] AR 4 ——ix 5
BT ARSCVETE T EOSCER A S R 5 TR 5

®1  TRIRERFHEEM LGSR

PRERAS HE S SHE s W
TATrack-B™ 14.1 112.8 45.1 V100
ARTrack,s"" 13.5 181.0 172.1 V100

SeqTrack-B256" 48 89 66 4090D
SeqTrack-B384'” 19 89 148 4090D
LoMTrack-256 31.9 91.9 32.7 4090D
LoMTrack-384 30.4 91.9 73.6 4090D

3.1.3 BARHLK

VORI SR B B3 2R an P S B, 43l
“AJ: (a) LoMTrack-256 7& COCO. LaSOT. TrackingNet
FT GOT-10K PUAHdm 4 _FBCA VIR R i 28, (b)
LoMTrack-256 ¥ £ GOT-10K _E Il 25 i) 3 2% iify £& .
(c) LoMTrack-384 7£ V4™ 4 5 EICE I 2R 4 2%
2k, (d) LoMTrack-384 X £ GOT-10K |- Il gk )45
Sl 2k, UZH 45325 il 2k 15 5 BUIE I WSS 34, BEE
I GRHERE, BBk 2A0E T R 7575 B BORM
SN GRIX A P, il 2 o B B I 3 5l Ik 7, 2R 9
LoMTrack-256 fl LoMTrack-384 fEAS[EIIIZREC B R
BIee A sl s, BASE B & TSRz ALRE ). 27
TR, PR B R 1T R LA AL AR, B
SO UE ISR R I R 1 S5 Rt
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5 ZRRR L
32 ZREXK

S HE— 5 56 I BT 3 LoMTrack (142 i 14k, A% %5
KBRS TRAEREE LA SOTA BRE: T
2 8 I Ax i X b 7R VI R BE, BEALR A coco™,
LaSOT" TrackingNet"" #1 GOT-10k"" PUA™ %4 42

Lo 2, 7E MR B B, 7 5% UAVI23P'. LaSOT.
GOT-10k. LaSOText. TNL2K"", oOTB100"" #I
TrackingNet 3t £ /M FE #E . H /) UAVI23. TNL2K.

LaSOText. OTB100 S84#i 4 58 42 R 2 5lll 4%, W] ™
T ar B AR [ B ST £ 2 A RE ). #E GOT-10K iR
INFF5 -~ Fom MR AU ] GOT-10K Il ZRSE 247
5. Bt g DA S, IR 45 R DL Rl 2k
PR,
3.2.1 LaSOT

LaSOT™ &4 7 T 8 H b K i FREFAT 25 (1 55 i
AR, B 1120 MNP 280 AN
730 PR 43, i 41~ 35K B g 2500 it, HLT
2 R E BRI R AP ZAAR AL S B, S PP I
() R 1 PR e o R A A (] PR 9 A S B R
Bt bl B L3R 2, LoMTrack 785 24 /i 2 it 1 R
A L b R L Y BT 58 4 U P BE . LoMTrack-
384 Lk 72.6% (1] AUC 73 £ 9 e T oAt Al Y PR 5 4%,
FOAR e MEREAS 2 T A SC TR B O 7 ——AE VR
45 ET M2 R A B AT H2 T, AXH F LoRA Bk
BEAT i AL, 2 RS A R0 G 1 R AR AR,
Wik T ERER R IR 1R RE.
3.2.2 LaSOText

LaSOText"” {9 LaSOT [\ J&& ¥4 4&, %
150 /N BG LA 41). 3X 28 7 B g NS PRI AL 3))
ANV SE PR IR R R, B0 R E K IR AT
25 (R PPAS 2 P2 . AN [R] SR I 2% 2 I B0H0E 2 B (R0 &6
LR 2, LoMTrack-384 fll LoMTrack-256 7 AUC-
P yorm M P 4EFR ERIIC AR W, B80T HE dait
EREFAS, IX L/ UE ] T LoMTrack 7E [H] X &2 & # oc
TP AT B OR 475 von 8 e 1 5 R R AE A, RN
e g 5o B e 11 5z A Re.
3.2.3 TrackingNet

TrackingNet"™ & — K [ 8. H AR BREFAE 55 (K
FUBLE B 48, B0 511 AMUAIRE AR, 56 2 1)
YRR 5 Z Fetig 5 SRR K2, T 51
PEARE 3 A b AT B 2 A I Rt ——8 0 5 91 4
SN A)EE AL 4000 7, HAME 1 I H AR 2% 128
W O R R AR AN R R IR AR A5 5 A Pk, W BRER 4%
0 H RS T P R ARG U R 4 T PR KL AN ]
PREE A8 AR UL BOHE AR B L g R WK 2 B oR,
LoMTrack-384 5 LoMTrack-256 7EiZ £ #s 4 L H#S
TR IITERE, H AUC $5 b Bk 22 M 5 gk SR R 45
X — A B — RIS E T LoMTrack P>k A 1)
TR’-MoE 42K (145 21k, AN 5] 15 T 0 4% B 1 38
I3 AL BEAH N A7 5, AT S 35 4R T AR R A T
PRI ARSE- R 2 i
3.24 GOT-10K
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FxH X KF %: LoMTrack: & F A i& 2 #4941 56 B ARSRIZ 77 ik 9
#2 MOHARIHIBEENITLLER
) . LaSOT LaSOText TrackingNet GOT-10K*
WARrS VR
AUC Py, P AUC Norm P AUC Py, P AO  SR,, SRy
MixFormer-22k"" CVPR22 69.2 78.7 74.7 - - - 83.1 88.1 81.6 70.7 80 67.8
OSTrack-256" ECCV22  69.1 787 752 474 573 533 83.1 87.8 82 71 80.4 68.2
ROMTrack-256"" ICCV23 69.3 78.8  75.6 48.9 59.3 55 83.6 88.4 827 729 829 70.2
SeqTrack-B256 CVPR23  69.9 797 763 49.5 60.8 563 83.3 883 822 747 847 71.8
EVPTrack-224"" AAAI24 704 809 772 48.7 59.5 551 83.5 88.3 - 733 836 70.7
DiffusionTrack-B256'""  CVPR24  70.8 798 76.7 - - - 83.8 882 821 748 854 72.0
MPIT™ TCSVT25  69.4 78.4 — - - - - - - 733 827 68.2
SeqTrack-B256-MPT!  ICML25 70.1 80.4  76.7 50.8 624 580 83.6 888  82.6 - - -
MFDSTrack-OS™! TCSVT25 705 798 763 48.6 58.1 542 83.8 884 827 73.6 827 70.5
TBIMT-256"*" KBS25 70.5 802 768 48.0 57.9 53.5 83.6 88.3 82.6 744 845 71.7
RIDTrack™’ KBS25 69.7 794 75.0 49.5 603 561 84.4 89.1 835 748 850 72.1
LoMTrack-256 Ours 71.2 815 783 51.8 63.1 59.3 842 889 836 75.7 858 73.3
— b A R R A
OSTrack-384" ECCV22 711 81.1 77.6 50.5 613 576 83.9 885 832 737 832 70.8
ROMTrack-384"" 1CCV23 71.4 81.4 78.2 51.3 62.4 58.6 84.1 89 83.7 742 843 72.4
SeqTrack-B384'" CVPR23 715 81.1 77.8 50.5 61.6 575 83.9 88.8  83.6 745 843 71.4
OneTracker-384"" CVPR24 70.5 79.9 76.5 - - - 83.7 88.4 82.7 - — —
STCFormer™ AAAI4 715 81.5  78.0 52.0 63.0 596 — — - 743 842 72.6
TBTrack™ TCSVT24 725 819 779 52.6 639 603 84.0 883 829 759 858 744
MGTrack-Small™” TCSVT25  70.2 79.5 76.5 49.6 60.4 56.7 83.6 88.3 82.5 747 846 72.3
OSTrack-B384-MPT™  [CML25 70.7 80.5  79.2 52.8 640 607 84.6 89.1 83.8 - - -
MGTrack-Base!™ TCSVT25 713 810 776 50.2 61.1 58.2 84.7 89.7  84.6 762 854 73.6
TBIMT-384* KBS25 71.8 831 789 52.5 63.5 60.1 84.2 89.1 83.9 753 857 72.9
LoMTrack-384 Ours 72.6 829 805 53.8 654 619 84.7 894 844 774 870 75.8
#3 72 UAVI23™ #1 TNL2K™ $UBE T tL 5 R
H#E4E  SiamFC ECO SiamRPN++ TransT OSTrack SeqTrack ARTrack F-BDMTrack EVPTrack AQATrack TemTrack LoMTrack
UAVI23 468 535 61 69.1 68.3 69.2 67.7 69 70.2 70.7 70.8 70.8
TNL2K 295 326 413 50.7 543 54.9 575 56.4 575 57.8 588 59.7
T 10,000 NRUAE A, HIEEAENNAH S 7R SeRE R

W ERERS A ARV IR EAT N 5, HIlZsE s
MR B AR RN AEAE S ARG IX —
I ICIIZRHESE, T4 45 R 925 2 B 7 P4k IR 55 48 58
B REVEAL . AN [ BR R 28 76 I BiE 42 It e &5
WL, %% 2, LoMTrack-384 F1 LoMTrack-256 7£ < 8 5
br AO E¥HAS T AR T M A AT Bk B s, el
HOE M RRIR B X — A IR IE T TR AE 2
TE TN A FN A VAR IS 1 98K ER R e ).
3.2.5 UAVI23

UAV123"" 1 1 75 AHLAR A B B AR IR AT 55
1 B ME R AR, WA SR 123 NSRS 12504 45
REMRTmg s, 85 BREZE, B RERE
To NHLER ERAREA BBk . AN [7] R 7 o 75 e PR 48 1
Xt B g 5 L3 3, LoMTrack 7E ML HE ik % T2
AR e i M PE REZK P, 7843 B8 iE T LoMTrack £ B
XA A B 2% 25 At 5 /0y B AR BRIERAT 55 I 1) v 2

3.2.6 TNL2K

TNL2KP 2 % ] 1) 2 H 5 PR B A 55 1 00 it
FEAEHARAE, 5 700 MISIREA. A [F] BB 2% 7E
A Frxt thgs S 0LK 3, LoMTrack 78 M3 HE -
B AR ERE, X EBIHF T TR*-MoE I B B
55 8% i IE WAL 1, i LoMTrack 76 & %028 5 5
Pz e MR 4R R E 1z LR
3.2.7 OTB100

OTB100" /& B H 5 BRI AT M2 B 5 0 ) 1 4
SRR A, B 100 MR 5. iZERE RS
B VOCIRERAR, RS 12 30 & 2 Fh g ) BR
ERP GR35, AN [F) R BF A% 7E SL 30 PR 48 L X b 45
%% 4, LoMTrack LA 70.8% [ AUC 15434 J& 55—,
[F] B o AE Pyorm 5 P AR B IR SEBLXE 415G . 1240
SR T LoRA DUMEFKIE AL AR B 2 18 F HF1E,
TR’-MoE H1% 54 T2 8l 5t 2 LS. — i
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B 15 SORES YA BC SCRE LA, MHLHJE T S A
LoMTrack 7£ OTB100 #5547 5.

#Fz 4 OTB100 BUEEE AXTLE

# Tracker AUC P norm P

1 DiMP 68.4 84.2 89.4
2 STARK 68.1 84.2 88.7
3 ToMP 70.0 85.9 90.8
4 OSTrack 69.4 84.2 91.0
5 SuperDiMP 70.1 85.1 90.8
6 GRM-L30 66.2 79.7 86.8
7 LiteTrack-B9 67.7 81.5 88.2
8 LoMTrack 70.8 86.9 92.5

3.3 JERsER

N T REIR BT DT O, AT NG KR
A J% top-k, S iR M ML, LoRA R FH VG B, AN [ 4
BeUR 4555 2 A J5 TH AT T Al 0
331 EFHEDK top-k

N E TR>-MoE & 5B i 5 s & AW
AR B, A SRR FE 55 4 B9 R 2 ) 33 A7 U1 s
. 7F TR-MoE H, & X ¥ 5 s & 5 e 2
M A 00 i P R B P ) SRR T S L NTE
18] 53R B L S AN P A, AR SRR Y ] R
EARE AN FAERZ IS 2 NG R, RGN
WEFSH G IR BRI R RS20 45 3 W&
5, Bl L AR S OSSR ACE RN, AR
BB ETHI S, HIX I RE 2 o b A
JEE B B, 3 A RS P55 T P 1 LT R, T A ST
PR (SRS B, TE R T TR B AR T 1 3 bR A B
L5 3 T ASRE 2 1], 4 B L S FAN (B 1 2 B X ).

TS5 TERYES top-k BEESH
# LK top-k AO SR 5 SRy .75
1 2 1 74.2 84.2 72.6
2 4 1 74.7 84.5 73.1
3 4 2 75.7 85.8 73.3
332 fRRLERREBEW

96 I fif D 2% o DSSMamba 538 X iE & /1 9E
PR IR0 B, AR SCHE LaSOT X HE T = 3
H4E. AR DSSMamba 5 %2 XiE & N1 JZ B H G 1E
LaSOT L 1yE /4 Rk 6 Az, 4 DSSMamba 5
2% AUC 12 70.1%, U6 BHADIR 25 25 o] AR Bk = 7877 11
PR -1 R B, EALKE FEZ IR, 258 =177 %
R AR, R\ EREZNEKTH LAEEE N
REC ), 450 KRR S e 7). BE % DSSMamba
JZHORA, PERESe T 5 %, ££ P9 )= DSSMamba 5 7

JEAE X FE IR AUC 1A B 5 AR 1) 71.2%, R R
31.9 FPS M HEHLE fE . iX K 7% /= DSSMamba LLZE
MERERBREER LT RKEXXERTE
T RERUCAL, — &9 LME, fE KRR EREe 5
SRR (R B T B AP A

*6 FRADIR A BLIIAYHRRSCI

DSSMamba TXEES] AUC  Pyom P FPS
4 0 70.1 80.2 769 257
3 1 70.7 80.9 777 29.6
2 2 71.2 81.5 783 319
1 3 70.3 80.4 772 339
0 4 69.9 80.3 769 362

3.3.3 WIE=FIENAHLEH

NIGAE TR’-MoE H = 2 1E M4k WL 1 % 1 5
Bk, ASCAE GOT-10k #di 5 kA7 W R sk ie, 45 2R
L2 7. eI B IS 75.7% 1 AO, =R RN
Bl BIERE s, AO F& % 74.0%, RS it
A BT B TR A R B — B XA A
ot BEARH. B% BRBE A M IE AL fE, AO NEEZ 73.7%,
YO UF 7 52 I U P xof e o e SR T ok B S 3k I ) D
TEH. BRI R )G, AO P& & 73.9%, Uil
7 19 2% I FH 2 o0) 24 RE I R A s M AN AT Bk, Bk
S5 R, =P IE AL 73700 NS BHYZ Ak B 50
S5 AR I = AR B AR, SRR AR T
TR>-MoE {1325 i g

R 7 TR-MoE #&eh IE M LA HRR L0

FEEPEE)  BRAEIENL  fESE S A0 SRes SRy
N N N 757 858 733
x \ \ 740 843 71.9
v x v 737 843 722
\ \ x 739 841 72.1
34 WSS

3.4.1 ARBHEZHR T AUC HRREVHYG

AT XIAN A g 5 @ Ve R I R R M R AT 4R BT
fili, B R WK 6 i, xHEEEENRZEN T
LoMTrack 5 24 i 32 i 26 3k B R 28 fE 1% E iR 4R % 8
P35 T I AUC PEREXT LU, FEAHALIZ Bl o6 R UK
). BARIEAS AR HER BB H AR B ALET .
PUHIZE 355 2 K m Pl 5, LoMTrack ¥ @ 3 H
R, HMERE B R AR T H e EE 8%, LoMTrack
1E 22 TPk A 1t 37 5 b ) s B e, ANSUAR I 1 HExE
HIRENSH R AR ), TR BAARLZ L%
R ORFRR AR R R 1) B I 1 R
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Background Clutter
(0.615,0.654)

Scale Variation
(0.690,0.724)

Low Resolution
(0.616,0.657)

Full Occlusion
(0.595,0.651) 4

Partial Occlusion
(0.666,0.701)

Aspect Ratio Change
(0.674,0.711)

Illumination Variation
(0.687,0.727)

=== | 0oMTrack === OSTrack

Deformation
(0.712,0.738

m=t== ROMTrack === ARTrack

Fast Motion
(0.557,0.600)

Motion Blur
(0.664,0.716)

Out-of-View

\.  (0.625,0.677)

. ALL
(0.691,0.726)

- Camera Motion
(0.720,0.756)

Viewpoint Change

,,,,, — (0.680,0.732)

Rotation
) (0.686,0.719)

SeqTrack

6 LaSOT™ #iE& FRERB MM AUC iT4H

3.42 LaSOT F|/ETIMNER

£ LaSOT K I H 5 FR 7 & 28 L R Bk 58 37 5 1)
Xf Eb &k B 7 o, LoMTrack EHLH T A HE
SRV A T A R IV T X AR AL A 05 SR 1 4t
FRT SR 24 EL . BRSNS, i
JE B FHAN T ER TH, LoMTrack FFRERHE #RBE LG
S Uk HL AR E MW A H AR 3244, BEREIEBC H AR R
A, AR AR AR R . h e
AR 5CR, W I BEN e BAnEEAE
BT TR AR IS

B , -

Ground Truth

— OSTrack — MixFormer-22k

— SeqTrack — LoMTrack
7 LaSOT™ iR gE AT XTEL 46 R
4 & ®

BEXTALGE H AR BRERAE 55 P R GO 2 8RR

Ty A 9 MEVE 18IS I g 3 R 55 S Pk, AR SCHR
H —Fib i RO B HE 42 LoMTrack. 1F 4 i 25 v, % FH
LoRA ZEATARFK H & M, 75 %R 45 Il B0 L fR B
FHALGE AR R B, 8 T 2R S5 800 PR AR A
T, A RO T VR S 7E AR 283, Wi T TR
MOoE HL#l, 18 i #% i B B BE AL IE WAL & KN 8
() 25 RE) A 240 TR DA K A7 #0351 1) | o7 A — £k, SR
My E I N 50 B O S R e PR, B s 0R
TERAE 2 FEAGER B BR R T Bz e v 5 Il 2R B 4%
P FE AN FEEREEE L) 2 52560 % B, LoMTrack
AMAE A Rt 6 8 2 Fo Sl a3k D7, B SEES F BRE
T HAEPUR RS 50z 1 77 T 2R AR,
WEH T BT 07 R v 5 S .
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