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Figure 1 (Color online) Comparison of query-based referring video object segmentation approaches. (a) Existing query-
based methods; (b) our proposed spatio-temporal hierarchical query-based method
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Figure 2 (Color online) Overview of the proposed spatio-temporal hierarchical query-based referring video object
segmentation method. In the first stage, the sentence-level language feature serves as the frame query embeddings and
interacts with the frame features of the input video sequence independently, generating the instance embeddings. In the
second stage, the instance encoder encodes the instance embeddings in the spatio-temporal dimension and the output
instance feature along with the learnable video query embeddings is sent into the instance decoder to produce the video-
level instance embeddings, which is converted to produce the class probability and the kernel weights of the conditional

convolution via the head networks. Finally, the conditional convolutions are performed on the features of each frame in the
video sequence and the video-level instance embeddings, which produce the mask prediction sequence of the target object
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Figure 3 (Color online) Encoder-decoder structures in the spatio-temporal hierarchical query strategy. (a) Encoder-

decoder structure of frame-level spatial information extraction module; (b) encoder-decoder structure of spatio-temporal
information aggregation module
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23— LM N B ST i i 2 rh R AT IR 2 OC R AR B AR IR I A REAE A 2T, AR B H BRI Ry
[ Fon e RTNSC. (ARERIR, BT T A N, B9E0h, ST T 51 H R4 R 20
FEEA K 2T Swin Transformer 3% (]R3 & 113 2 S HLH R AR 5

SRR A 3 ANAH [F] B RRY JZ HEZ T, Wi 3(b) B, ARMIER— 2, SLplfgidas ki 1
AN i 2 23 (a5 B PR USR] Transformer ffR5 2% AR F I B R B DAEEL . B B AR 15t
HHEBNRT ) K24 Transformer fERS#% 1 B R 2 H AR AN FI N B2 A) T HOCARRRE, 10 SL 4 i 4 -
N RT 2 S AR B RN QY € RN *C ZBENHILAAHT (N, J9BE—mii: > i) Hhr i N EE),
AN EA R E MFIERIARE ), S0k QY MBI FE B IO L I AR B SO K. RIASC % T H
TR TN B SO T, LB A RN QY JaiR H AR SLBIRE Fen fE B R i
17 H RS, A2 5.5 B RN FREE L VR S A B 45% D00 20% (R SR AE AR A5 B WA 2 i et 220
3 MY JE 545 2 5 AR LR Nt Y, € RNoxC,

S P 51 G BRSSO & PR AN B S AE S RS A8 R KT 4, R — 0 i AR AL A i
(ARSI S e N . R, 23 RSN 48— /N R AR ¥ 2, it on o MRS R BH TR S 2
T NSCARIE T IR A EAE AT AT UL, HERD KB 2E Ty 3 MELLMAIEE, BN 3 > 1x1
1266 RZ (conditional convolutions, CondConv) FIZ% 36 HA g NG Z M4 HiEE A 8, &
Ja =N BRI ETE A 1 BT R, S ) T ik =R S i Nt Fy, B
FP WA T R3] Ny = N, x T ADSEBHRN T 5 5 BN BIPIAS SK BT 28 v, I AT 51 A
B N, NEBBERFESIN N, FEERESE Q = {wry. BT M5B g S ] f A8 He
TR, 65 B RIE R, RSO FAF GBS 1 B B s s S B R MR Foeq
BEAT BRURAE, JF ERFRAE SR AN UG AR R RAST B — oo IS 2 41, ik f2 sl (4) Pros:

Ny

§i:Up{fi®wi} E (4)

1=

Hor, wp A i NFAEBRUZ, fi N5 A R EHRIURE, © R BHURIE. H5 HEI T T 51 Fi
DN K1) 3 J T P T e 2 BRI 51 (R FERS TR 485 SR S @ RTXNox HXW

3.6 SLHIFFIITEL

FER 25 B R G HERR, A SO FI i) T b i — WA T N, DSEImssR, H
DRFFAEAR R RIBIFE, S A1 PT DK BN S5 T 45 SR A'E A S Aok (Y S UG e S8 22) X464~ RVOS

681



A HE TN 2 W AR AU E bR

BALHEAT B BIZE. 4 STHQ MTRINZE RN § = {9}y, 565 0 ASEBIRTINES R AT PAFoR A
gi = {ﬁﬁa §f}j:1 ) (5)

Hor, pl A MR, SR TN LA 2 75 9 SOARE 5 i AU H bR HLAE SR ¢ WO AT L. 81 e RFXW
TR — 707> HHE Y,

AT AR 5 R — A SORFACHI B AR R, DR 51 i A8 52451 5 31 7T AR R N
y={ct,s'h_,, FrR, o BIRERD, 1 RSB T ¢ i, S0 0. SBIEECMER (6) AIDTRTHR
9, AR AR B e AR R S B N 45 RAE D9 IEREAS, Hs FAl R D9 2328, @i i /M S UL E
PR SRR 1 B I 2.

:l]pos = arg min»cmatch (ya Ql) ) (6)
i€y
Horr,
Cmatch (y7 gz) = )\cls»ccls (yv Qz) + )\mask['mask (Zb gl) ) (7)

Las REEETBURERE BT, Linaae MIE DICE $1 eA%L B8 A1 — el £ ik s BEa i 11 AL A
IS VLS B3 R AR M RN T 5, 4% 8 P R R AT VA — AR 2

3.7 HEIEHIE

FEHERRIS, T BrA ) P AR A2 3L A R R i 2 5 A R N AL 2% 3 b i N, i AAS
SCERH Y STHQ T AT VR BAE AR FE R 51 3T T BRI 51, % R Rz 51 6 1
THEL BT, 7T LR BN 91 70 B MU B, 18D AT B PR B S E . 208 — L
P BIANRE BTG 5 38, STHQ J53 ] AT N, ASSEGIRE51, 0 T8 — A S i P31, STHQ
TSI W S RSB (K F IO, HAFE— MY ES P = {pi}i,. STHQ J7 ik A58y
5t et (R SR T 7 7, R A2 SR PR 2 B L) T P A Dy dme 4 (R 73 1 45 R

4 =LIG

4.1 BIREFITFMNIEFR

BAREE. STHQ J7IEATE 3 MEHERIELE 5L, 702 Ref-YouTube-VOS a4 [ Ref-DAVIS17
B B F1 A2D-Sentences 4 B9, Ref-YouTube-VOS HHE & & — AN KT RVOS B4, Hrhil
GRAEALT 3471 NI 12913 AME F IR, IAFSEAFE 202 MR 2096 NME 5 #i18. Ref-DAVIS17
AR AT DAVISTT FHR4E O 1 3Eat Fi@id 4y B ARIEATIE 5 MR AREEAI T 1. Ref-DAVIS1T 1)
YIZRAEFNIRUESE 3 0 B & 60 /N1 30 MRS, 18 MOSCHER [13,14] M€, STHQ RRASGUEEE ATV
REMR. AN Ref-DAVIS1T (IRIEERN HEr & 4 MBS TR, LA TR 4 MBS RN A
T BB AR R R B PR AE RS . A2D-Sentences %d £ 2010 R UG A2D HidE 4 400 FRid i
AMOTE S FR M R A2D-Sentences 0¥ 4 & TH R A EMANAE, £ 3754 ANAR, Hod 3017 A
WA, 737 NMIRRAE, BILE S 6655 AT H I S SR 1018 5 /8, B MU EE 3~5 jki
AR R YR BB

TENFRAE. FLIRBRE PR PR 4, ARSCR A XA UM 7, SRS F e 1raE g&F &
A Ref-YouTube-VOS F1 Ref-DAVIS17 SiESEFITEAN FEFR. Fod, BT Ref-YouTube-VOS 3 A &AL
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UEER [ FLAE AR, DRI 75 20 T 25 SR 42 22 B8 07 Ik 55 2% BT PERRERAIE. X1 T- A2D-Sentences (4
£ AR precision@K, Ovrall IoU, Mean IoU A1 mAP {E ANV FaHR 142

4.2 SEIRYRTS

RENG T, AR T AR IS 2s, B4 ResNet B0 Swin Transformer % Fl Video Swin
Transformer B 7] 30 A< 2 i 2848 F 1) & RoBERTa FE7Y B2) o) 25 [A){5 B BUS B R 5| NIE S H
FREW RN R Ny A 2 {5 B R A S NI H AR Bl i N 2 N, BRI TR, B
BAHS.

WZRBT5. STHQ BRI IR NPAN B, 7E28 1 BB, STHQ R TEFR R MG 4 S £ 4
AT TR, A8 B BRSPS Ref-COCO 3] Ref-COCOg 43! I Ref-COCO+ 441, 7 J5{HE
iR, J5 38— Ref-COCO T8 EIR 3 MRS, ERIIGM B, WA EGWEE T =1, FKE
RIHLAEEE RN 4, STHQ BRI T 10 ANAM], HARTESE 6 Al 8 ANJEIS: ) %3 LR %L 0.1. 7E
52 BB, ASCEE AR RVOS HE AR BT A A AL S8 . X T Ref-YouTube-VOS #4420
Ref-DAVIS17 54, A SCH HUIZ G STHQ BEALTE Ref-YouTube-VOS YIZREE L0 6 AN,
HTESE 3 I 5 AN NG 5 o) e L RS 0.1, BRI B, RETK BRI N A 1, AN IR AT
R BARES T =5 5K W FE— A7 51 A BE AL R AR 0 UG, (R E CLFE BEATLK P8 . BEALE T AN
FE 2 LA A0 44 5 R G 2 gl N P A X S BT . i R N UG LE A i N BB A R s R R
SRS, RSFEIR/NXTEA (360, 640]. STHQ HEHY i AdamW 4L 2% 1451 BEAT AL, FLOE 2w AL 55 (4]
GRS R IEN 5 x 107°, ARG ILE2E IR B E N 1 x 1075, B AR 7 IR aR 5 > %
WHEN 1 x 1074 XfF A2D-Sentences FHAE, ASCKHTIZE R STHQ H8I7E A2D-Sentences Il Zx
£ FIATON, R SIS AITE Ref-YouTube-VOS YIZR4E F R M SEIS A, 2 (7) AR 2R BT
RETTNN Aats = 2, Amask = 5. AR T 40 B s U T B I 25 2 902 10 1 26 — B B AR )
SEBIERN . A ST BT SEB ERLE [A]— G 8 Bk AT, BB SEIR A 1 Pytorch AESE, H7E 4 Bt A100
GPU bt 504 2l k.

4.3 SIAFENER

AN BRI STHQ J7iEMILAE RVOS J7iEAE 3 MNIEMERIE 4 FrOTERELL R, A
2 X AR T B A% AR R S B0 AT Rl A AT

4.3.1 Ref-DAVIS17 I&iFE

ARNATHGAR SRR STHQ J7 ik FIEGHT I RVOS J7VATE Ref-DAVIS1T HAFAE FAMEREREAT LL
B, gk 1 112141820460 Frog - NIRAE F A I ZRECE IR ), PERE D LLELY NN ERAr. MY
ff F Ref-COCO 28R EMG /r BIEHR L AT BRI, & 77757 Ref-DAVIS1T JGIE4E EIPERE LLEE
mFk 1 ERE PR, AR STHQ J5ikAE J&F ESEIL T 53.9% WIAEEE, Hor il Eext beTs
% ReferFormer "4 I MLSA 2] &7 1.8% #1 5.7%. BT RIEHRAREG > I 4E L)IZmE A 7E
RVOS %4 FATHON, iz g REH STHQ ik B ALz AE. SRR ZR I 7E Ref-
YouTube-VOS I ZrE LiEATHOART, £ 5 1E1E Ref-DAVIS17 KF4E ERIMERE LN 1 T3 Fr
N 9E TN ResNet-50 B, STHQ HVEME J&F LikE] T 59.6% KM, b ReferFormer $25 1
1.1%. B4k, AT FE Ref-DAVIS17 YIZR4E EHEAT T ASMMIA R MLSA 121 LBSTI 21 f1 URVOS I
L, e T 1%, 5.3% 8%, H T ML N HE IR Swin-Large Transformer (Swin-L) 351 Flf
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® 1 ANFEMNBGEE Ref-DAVIS1T WHESE EAIMERELLE
Table 1 Comparison with state-of-the-art methods on Ref-DAVIS17 validation set®®)

Method Backbone Training set TJ&F J F
URVOS 1 ResNet-50 Ref-COCO 44.1 41.2 47.0

RefvOSs (18] ResNet-50 Ref-COCO 45.1 - -
MLSA [12] ResNet-50 Ref-COCO 48.2 45.1 51.2
*ReferFormer [14] ResNet-50 Ref-COCO 52.1 49.2 54.9
*STHQ ResNet-50 Ref-COCO 53.9 51.8 56.0
CMSA + RNN [46] ResNet-50 Ref-COCO+Ref-YTVOS 40.2 36.9 43.5
URVOS [ ResNet-50 Ref-COCO+Ref-YTVOS 51.6 47.3 56.0
*MLSA [12] ResNet-50 Ref-COCO+Ref-YTVOS 52.7 50.0 55.4

LBSTI [21] ResNet-50 Ref-COCO4Ref-YTVOS 54.3 - -
MLSA [12] ResNet-50 Ref-COCO+Ref-YTVOS 57.9 53.9 62.0
*ReferFormer [14] ResNet-50 Ref-COCO+Ref-YTVOS 58.5 55.8 61.3
*STHQ ResNet-50 Ref-COCO+Ref-YTVOS 59.6 56.8 62.4
*ReferFormer [14] Swin-L Ref-COCO+Ref-YTVOS 60.5 57.6 63.4
*STHQ Swin-L Ref-COCO+Ref-YTVOS 61.3 58.4 64.2
*ReferFormer [14] Video-Swin-B Ref-COCO+Ref-YTVOS 61.1 58.1 64.1
*STHQ Video-Swin-B Ref-COCO-+Ref-YTVOS 61.8 59.0 64.6

a) * means no finetuning on Ref-DAVIS17 training set.

b) Bold indicates the best performance.

Yatdas Video-Swin-Base Transformer (Video-Swin-B) BU I, STHQ J7¥EAE J&F L HIFEE 551N
61.3% FlE @1 61.8%, 31409 EbAH R 13 & K ) ReferFormer & 7 0.8% A1 0.7%. #R#E ik s2id 45
AT AL TR TAE G gmig s — ARS8 2549 /) MLSA A1 LBSTI 5757, STHQ Al ReferFormer 253
TEMKITNEERZ BRI ZREROR IO, RIHCRER IR TEREUE, F870 R Y] T & T Al A
TRAE R 28 5 L e Ve AN SR Rz AL

4.3.2 Ref-YouTube-VOS WiF&E

KANFTHEANE STHQ T AIECHT ) RVOS J5iAAE 5 N E & 1) Ref-YouTube-VOS KEAE b 11 B8
beds. ange 21201421 o LS ] Ref-YouTube-VOS YIZREEHHATIIZRRT, B Video-Swin-Tiny (31
W28 R T4 ) STHQ ETE J&F LSZBLT 57.0% WIAREFE, HLEAG A1 [H % B 1 ReferFormer [14]
A MTTR IS 435l @ 1.2% M 1.7%, HERI 7 1 F $8ks BT, 4fiH Ref-COCO
HARE TN ZRA Ref-YouTube-VOS ZRERANS, AN 7 2 Mg+ M2 N i) STHQ Tk )M fe
TR AR RVOS J7ikib AT T ELEL. Wk 2 PvR, 5 T4 ResNet-50 I, STHQ J7VEE J&F L
(RS B2 56.8%, ELAHIE Y B T ) ReferFormer 141, MLSA [12) il LBSTI 2 25770 @ T 1.2%,
71% M 7.4%. HH T ML AN Swin-Large, Video-Swin-Tiny 1 Video-Swin-Base [ Transformer
W&, STHQ HiLE J&F EHISEELT 63.2%, 61.3% Alfk K] 63.5% WIS, ELAHE & E R
ReferFormer 751553 @it T 0.8%, 1.9% M1 0.6%. FiR45 LA I K STHQ J7iEAEANH K
CRAERNE T 28 U BT ¥ T Y4 ATBET i RVOS WFEL 5k, 153 7 ek RE. RN, M E Toh=
H AR 2% 96 R @ BRI 28 2 4E () MTTR Al ReferFormer 253 T 25 10771, ik S2ié 45 52 78 40k
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* 2 ANFHEMMBFELE Ref-YouTube-VOS IHES _ERIMERELLE
Table 2 Comparison with state-of-the-art methods on Ref-YouTube-VOS validation set®

Method Backbone Training set TJ&F J F
MTTR [13] Video-Swin-T Ref-YTVOS 55.3 54.0 56.6
ReferFormer [14] Video-Swin-T Ref-YTVOS 55.8 54.8 56.9
STHQ Video-Swin-T Ref-YTVOS 57.0 55.8 58.2
URVOS [ ResNet-50 Ref-COCO+Ref-YTVOS 47.2 45.3 49.2
LBSTI[21] ResNet-50 Ref-COCO+Ref-YTVOS 49.4 48.2 50.6
MLSA [12] ResNet-50 Ref-COCO+Ref-YTVOS 49.7 48.4 51.0
ReferFormer 4] ResNet-50 Ref-COCO+Ref-YTVOS 55.6 54.8 56.5
STHQ ResNet-50 Ref-COCO+Ref-YTVOS 56.8 55.8 57.8
ReferFormer [14] Swin-L Ref-COCO+Ref-YTVOS 62.4 60.8 64.0
STHQ Swin-L Ref-COCO+Ref-YTVOS 63.2 61.8 64.6
ReferFormer [14] Video-Swin-T Ref-COCO+Ref-YTVOS 59.4 58.0 60.9
STHQ Video-Swin-T Ref-COCO+Ref-YTVOS 61.3 59.8 62.8
ReferFormer [14] Video-Swin-B Ref-COCO+Ref-YTVOS 62.9 61.3 64.6
STHQ Video-Swin-B Ref-COCO+Ref-YTVOS 63.5 61.7 65.3
a) Bold indicates the best performance.
F 3 AXFEMMESGEAE A2D-Sentences MK EE_EAIMERELLER
Table 3 Comparison with state-of-the-art methods on A2D-Sentences test set®
Method Backbone Precision LU mAP
PQ@O0.5 PQ0.6 PQ0.7 PQ0.8 PQ@0.9 Overall Mean
Hu et al. [47] VGG-16 34.8 23.6 13.3 3.3 0.1 47.4 35.0 13.2
ACAN [20] 13D 55.7 45.9 31.9 16.0 2.0 60.1 49.0 27.4
CSTM 48] 13D 65.4 58.9 49.7 33.3 9.1 66.2 56.1 39.9
CMPC-V [42] 13D 65.5 59.2 50.6 34.2 9.8 65.3 57.3 40.4
MTTR [13] Video-Swin-T 72.1 68.4 60.7 45.6 16.4 70.2 61.8 44.7
LBSTI[21] ResNet-50 73.0 67.4 59.0 42.1 13.2 70.4 62.1 47.2
ReferFormer [ Video-Swin-T 82.8 79.2 72.3 55.3 19.3 77.6 69.6 52.8
STHQ Video-Swin-T 82.4 79.2 72.7 56.4 21.0 78.0 69.6 53.9

a) Bold indicates the best performance.

T STHQ T3 H (i 23 R & WL 7E H AR 2 @ BATRAL b i Rk

4.3.3 A2D-Sentences MR 5

AN STHQ J7iEMEHT I RVOS J77EfE A2D-Sentences JAEE I IR 45 BT X bL, 24
Rk 3 [18,14,20,21,42,47.48] Frog - Al DUE B, ASCHEH K STHQ J77AEfE PQ0.6 ~ P@0.9, Ovrall ToU,
Mean ToU Fl mAP %52 itk RE4E AR L350 T BT A XT3, Fodb, STHQ [ mAP IA2] T 53.9%,
EE R AR [R) B T X 48 2 T A 9 ReferFormer A1 MTTR 525 1 1.1% A1 9.2%, [RIFH4EE
KIEAS T I FAL G gmit 8% — I 2S M IRt L 777 LBSTI, CMPC-V 421 Al ¢STM (481 4. | iksr
I g AR T AT A ALEI RVOS BERIREE DL K STHQ J542 H (i 238 2 B WL i
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*® 4 AEIEBREEXT LS

Table 4 Comparison of different query strategies®®)
Strategy FLSIEM STIAM TJ&F J F FPS
ST-1 - - 59.9 58.5 61.3 5.4
Frame-level v - 59.0 57.5 60.4 10
STHQ v v 61.3 59.8 62.8 9.2

a) FLSIEM denotes frame-level spatial information extraction module, and STIAM means spatio-temporal information
aggregation module.

b) Bold indicates the best performance.
RN

4.3.4 1ERIGHT

AN GRS STHQ T715: HIRZ O A HON E B8 S 4O AT I Rl A, S8 45 35 A A Video-Swin-
Tiny A backbone [f] STHQ M 7E Ref-YouTube-VOS JGiESE b HMALE 5.

EIfTREE. ASCLL STHQ JyEEAl, XTEE T 3 FANEI A 5E0g, JExT STHQ AL it 4 = (8] 45
SIRBUE TR 25 BIR S PAT T IHRE RIS Mo AT, SRIG 45 RNk 4 fos. e, ST-1 Rk IR
LL VisTR (22 (1) B B A v SR, RIHE BRI 3 2 () 4 B2 5 9 31— ANERE, fE194E Transformer
(12 AL B BOSRY AT DL ELRE >0 BRI IN 2 RAE, JREAEARRS RN Beil H AR A W N AR B 2R e
FPRE ELAARRG, AR E bR sEBili NS 2., AR5 B AT STHQ MR 17 20AE & B bR IFERS U 7 41); Frame-
level 7~ STHQ #E8Y JU A F ot ) 2 ()45 B 2 U B S O 2 1 H AR SE B AAE B, 85 R A1 STHQ
HIE] () Z6AF R AE B E bR RS TIN5 41 STHQ Rom 25T I 25 2 0 20 1) SRS 1) 52 %8 STHQ B4, 1
TG B R G B R B T A5 RSO BT 1, ToVEHEAT BMIRAIE, PR IR I 345 B
RABHO AR, v LS XS L SE R R STHQ BN Frame-level FIAREAY B BER AR LT 2345
BEREHEY STHQ B TERERIFEM. K 4 ATA1, ASCHR I STHQ J7EfE J&F LSEML T et
1) 61.3% MIAERE, H FPS (frame per second) IAF] [ 9.2. ST-1 HH& BANE R HT B s 17 H ARht 23
TR AR 7 21, H ERMURFAE TS 552 2%, RRAE 2% >3RS T 2 160 P A o R P AR R BOR, [ e
HERBEAEN 2, S EAEAR R SRS, BEALE I SRR BUS H R MG Wi T #EE STHQ B/,
AR A 78 7, T REBMERE N %, T&F KL STHQ fIK 1.4%, HAEBYRIIEAT R %
fiX, FPS A 5.4. Frame-level {EMRIDAE S SATHR NS B IEFE vh ik = 0 H RIS 25— BOM: i) g s 2
2, FET&F FERE 59.0%, t STHQ 1% 2.3%. FIRSZIGEE FUE B T AR SCHE H I 25 E A HHL
H7E H BRI 7% 9¢ 2R AR 2 RRAE 27 21 B A R ALk .

FHESFIE. STHQ HRH T B BLASRMIE 4 525 W 2% A5 AR SCHG 5 1) 3 70 H MR ARRAIE, 9 1R 5T
P R AR 4 7 5 IR 8RB FOARAE 42 7 B IR 4%, BVRS Bk i A A R A1E 4 B 0 448 v () B AR S il A5 A
Pxf STHQ BEAUPERE FIRENR, AT 1A% I PRI AN [F] (AP 5 5 X 25 I STHQ AL TERE, 45
RN 5 Prox. B3R 5 AT, AR FARMERE & T 5 RN, STHQ BRI J&F KN 59.8%, LLAE
F BB RHIE & B M 25 (1) STHQ B JT&F FEREREIK T 1.5%. X R FERHIE & 55 M 25 h s F
SCAHFAEAE Db 7805 B HEAT B B Rl & A R TR ) H AR T

WISRMEL. ASCHT ST 1 FE ISR AS R BRI B T %F STHQ AL HI5EmE, SLit g RNk 6
B, BIZRmiECy 1, BRI ZRMT Bk Z 0 WA 7 o0 3R B AR AR AR =), BRIt J&F K1
AE 56.9%. 24U ZRAMECE AT G ISE, A7 (R 1 BE O HT G I0 . th T S B R A BR ), S8 STHQ
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x5 TREFHIEFERERITLIIE
Table 5 Comparison of different FPN setting®

Setting J&F J F
Standard FPN 59.8 58.2 61.4
Cross-modal FPN 61.3 59.8 62.8

a) Bold indicates the best performance.

* 6 ANENIZMWEEIT LS8

Table 6 Comparison of different training frames?®

Frame T&F J F
1 56.9 55.4 58.4
3 58.4 57.0 59.8
5 61.3 59.8 62.8

a) Bold indicates the best performance.

* 7 FEBEHGEEOHERILLLE

Table 7 Comparison of different object query numbers®

Query TJ&F J F
1 60.4 59.0 61.9
3 60.9 59.4 62.4
5 61.3 59.8 62.8
7 61.0 59.5 62.4

a) Bold indicates the best performance.

*® 8 AEINXAMIDIRINERERFT LRI

Table 8 Comparison of various text encoder training settingsa)

Pretraining Finetuning TJ&F J F
Frozen Frozen 59.3 57.8 60.8
Frozen Not Frozen 59.8 58.2 61.4

Not Frozen Frozen 60.3 59.1 61.5

Not Frozen Not Frozen 61.3 59.8 62.8

a) Bold indicates the best performance.

AT DA 1B KNGS 5, STHQ RS BEE 3 T B AEN 61.3%.

BRZaRE. A 00FR T 24250k M A R H bR 0 2o Sk 4 R psgm, MR T 4 H
PRERECR BN 1, 3, 5, 7 B STHQ MRS B, SLI 4 RNk 7 Fos. 3 7 o5, BT B ER
ZHTS B H AR AW AL A B R R, 2 AR IR A RIEE N 1, X E AR EIRAER B s B2
ARGy, 13 T&F FEEAUN 60.4%, 4 H R ABGEIZETI K S 5 B, STHQ B J&F FE
BB T BAER 61.3%, HHPRE A RIEE N 1 B J&F FEERTET 0.9%. 1024 H A i N\ %
BRNB] 7 B, BRI, S HARIRANEE Y 5 B, STHQ BB T HARKIRAEA 1T
SIS B T R AERPIRES, BRSO T IR BB AE IR, BN STHQ 1 H AR W& 5.

NARGRIBIRINGILE. YRl 5T B R RS IR BO T SO Yt 85 )1 25 v B A5 AN
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Query: a person in yellow with a black helmet

(al)

(b1

(b2)

(a3)

(b3)

(a4)

(b4)

M 2 3) “) (%) (6)

4 (MEHFE) STHQ 71 ReferFormer 7£ Ref-YouTube-VOS IiiESE ERRTILLEE RITELE. (al)~(ad)
ReferFormer HIRIILIIRE], (b1)~(b4) STHQ HATMUBRE. Query ABHRERIEA. (1) ¥IREKM,
(2)~(6) MITRTIENK BATHH BIZER

Figure 4 (Color online) Comparison of STHQ and ReferFormer visualization results on Ref-Yube-VOS validation set.
(al)~(ad) Visualization results of ReferFormer, and (bl)~(b4) visualization results of STHQ. Query is the description
language of the target object. (1) Initial frame and (2)~(6) segmentation results of the referring object in the video
sequence

A, I MTTR KISCASIY S HAS SR HIIZE, ReferFormer HISCA L& R 2 5 IR B
WETMAZ 5RO BRIIZR. FREE] Ref-COCO #HEEEM RVOS Hdi 415 5 R R I RHE DL AL
B H AR SRAE, N TR FEAN R SCAR i 8 I ZR B0 B STHQ B F2m, A SCIN 1 2 Fhil 2k
BEHAGHITER, 45 RINE 8 Pron. MR 8 WA, H3CAS 5 48 i) Z BUE Il M i Bt 2 5 58
WS, STHQ 1 J&F FEREIEE] T S 61.3%, 124 3CA g 4% AN S 5 BRI 2R R HUm 2
SHOHATRHESRIN, STHQ B J&F KA 59.3%, LB B HUI B H1) STHQ ALK B2 B
T 2%. RAETNZRE BN RAERGRIT BOdE AT SOR G i5 3 2 HCE W 10 STHQ MM T&F KN
60.3% A1 59.8%, 4 LEAN BB SCA G % S AU AR RURG BE vey. _E 3 S0 245 BRIE W SO 2 B 2 72 8 (1
TERHE LT S HCE R R A R, HAETRINZRA GO B BT E AT 2 S8 (KRS 2 e £
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4.3.5 TR

Kl 4 R 7 ARSCER I B H AR 2 RAERE 1 STHQ J7iEAIE Z HARIN 7 5% 22 BB AR ALY
ReferFormer 77 [ A AAG R0 EL L. 4(al) A1 (b1) PIELEH, B 4(al) F ReferFormer BT
WY BRI H AR, & 4(b1) o STHQ F TN &5 SRAM I =8, HAEES 7 SMAN5 4577 R I R
I, B 4(a2) 1 (b2) BIECRNNE R STHQ J7iEx 4/ B bR B 00 2R 2248 T ReferFormer. K 4(a3)
1 (b3) LAA ] 4(ad) A1 (bd) BRI IALES R ELENE R ReferFormer 1 H AR 7 BI7ER 7 L6k = — 30,
TEARSIT 51 J B2 B a5 % B AR 150, 11 STHQ W BB iF th A 7 b3 [F—A H bx, BT
STHQ 1£ H AR 2= — B AN 2 R AE_E AR R 1% RE.

5 51

ASCERXS G RTFR ARSI H bR 2077575 H bR 25 — S0P @A 25 RAE 22 5] R AELE R ), $2 i
TR T 2 2 R A PR AU E bR E 7k STHQ. @i gl == A5 S B = (5 B R &
B B 2 E ARG R EANRAE S 2], ARl T AR 1) H AR SEB R AE RN, FE I8 A R Rk
AT A SRR B 241 H AR RS T 7 21, R A STHQ J7944E RVOS S 3 AN 4 I
LA I RVOS AT T HERELLEE, RS RSB T BUA 7%, IEBH T STHQ Jrykmfiiiss:. FF R
TH Rl SIS ISR T AR R A 2 G A LA B . AR, FRATAGER FUTE ) H AR B S A
FIRAET7 2L S Z S TRIIZRAE RVOS 155 ERIE #hE, Dt — B8 fe.

S

1 Seo S, Lee J Y, Han B. URVOS: unified referring video object segmentation network with a large-scale benchmark.

In: Proceedings of European Conference on Computer Vision, Glasgow, 2020. 208-223

2 Li X L. Multi-modal cognitive computing. Sci Sin Inform, 2023, 53: 1-32 [$'_%L'7/E SR, PERBE: FR
Bl 2023, 53: 1-32]

3 Lan M, Zhang J, He F X, et al. Siamese network with interactive transformer for video object segmentation.
In: Proceedings of the AAAI Conference on Artificial Intelligence, 2022. 1228-1236

4 Lu X K, Wang W G, Danelljan M, et al. Video object segmentation with episodic graph memory networks.
In: Proceedings of the European Conference on Computer Vision, Glasgow, 2020. 661-679

5 Lu X K, Wang W G, Shen J B, et al. Zero-shot video object segmentation with co-attention Siamese networks. IEEE
Trans Pattern Anal Mach Intell, 2020, 44: 2228-2242

6 Zhao Z C, Zhang K H, Fan J Q, et al. Learning motion guidance for efficient unsupervised video object segmentation.
Acta Autom Sin, 2023, 49: 1001-1009 [&XF %, K4, K, &, T 2305 50 =00 B A E F5 2%
%, AR, 2021, 49: 1001-1009)]

7 Zhang B, Zhu J, Su H. Toward the third generation of artificial intelligence. Sci Sin Inform, 2020, 50: 1281-1302 [?K
B, RZE DR A AN LR RE. P ERE: 5 EFRE, 2020, 50: 1281-1302]

8 Khoreva A, Rohrbach A, Schiele B. Video object segmentation with language referring expressions. In: Proceedings
of Asian Conference on Computer Vision, Perth, 2019. 123-141

9 Pont-Tuset J, Perazzi F, Caelles S, et al. The 2017 DAVIS challenge on video object segmentation. 2017.
ArXiv:1704.00675

10 Yu L C, Lin Z, Shen X H, et al. MAttNet: modular attention network for referring expression comprehension.
In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2018. 1307-1315

11 Xu N, Yang L J, Fan Y C, et al. YouTube-VOS: sequence-to-sequence video object segmentation. In: Proceedings of
the European Conference on Computer Vision, Munich, 2018. 585-601

12 Wu D M, Dong X P, Shao L, et al. Multi-level representation learning with semantic alignment for referring video
object segmentation. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
2022. 4996-5005

13 Botach A, Zheltonozhskii E, Baskin C. End-to-end referring video object segmentation with multimodal transformers.
In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2022. 4985-4995

689



A HE TN 2 W AR AU E bR

14

15

16

17

18

19

20

21

22

23

24

25

26
27

28

29

30

31

32
33

34

35

36

37

38

39

40
41

42

690

Wu J N, Jiang Y, Sun P Z, et al. Language as queries for referring video object segmentation. In: Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2022. 4974-4984

Carion N, Massa F, Synnaeve G, et al. End-to-end object detection with transformers. In: Proceedings of the European
Conference on Computer Vision, Glasgow, 2020. 213-229

Vaswani A, Shazeer N, Parmar N, et al. Attention is all you need. In: Proceedings of Advances in Neural Information
Processing Systems, 2017

Zhu X Z, Su W J, Lu L W, et al. Deformable DETR: deformable transformers for end-to-end object detection.
In: Proceedings of International Conference on Learning Representation, 2021

Bellver M, Ventura C, Silberer C, et al. A closer look at referring expressions for video object segmentation. Multimed
Tools Appl, 2023, 82: 4419-4438

Wang Z Q, Lu Y, Li Q, et al. CRIS: clip-driven referring image segmentation. In: Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, 2022. 11686—-11695

Wang H, Deng C, Yan J C, et al. Asymmetric cross-guided attention network for actor and action video segmentation
from natural language query. In: Proceedings of the IEEE/CVF International Conference on Computer Vision, 2019.
3939-3948

Ding Z H, Hui T R, Huang J S, et al. Language-bridged spatial-temporal interaction for referring video object
segmentation. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2022.
4964-4973

Wang Y Q, Xu Z L, Wang X L, et al. End-to-end video instance segmentation with transformers. In: Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2021. 8741-8750

Hwang S J, Heo M R, Oh S W, et al. Video instance segmentation using inter-frame communication transformers.
In: Proceedings of Advances in Neural Information Processing Systems, 2021. 13352-13363

Wang W, Zhang J, Cao Y, et al. Towards data-efficient detection transformers. In: Proceedings of the European
Conference on Computer Vision, Tel Aviv, 2022. 88-105

Cheng B W, Misra I, Schwing A G, et al. Masked-attention mask transformer for universal image segmentation.
In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2022. 1290-1299

Sun P Z, Cao J K, Jiang Y, et al. TransTrack: multiple object tracking with transformer. 2020. ArXiv:2012.15460
Yuan H B, Li X T, Yang Y B, et al. PolyphonicFormer: unified query learning for depth-aware video panoptic
segmentation. In: Proceedings of the European Conference on Computer Vision, Tel Aviv, 2022. 582-599

Misra I, Girdhar R, Joulin A. An end-to-end transformer model for 3D object detection. In: Proceedings of the
IEEE/CVF International Conference on Computer Vision, 2021. 2906-2917

Xu Y Y, Yang Y B, Zhang L F. DeMT: deformable mixer transformer for multi-task learning of dense prediction.
2023. ArXiv:2301.03461

He K M, Zhang X Y, Ren S Q, et al. Deep residual learning for image recognition. In: Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, 2016. 770-778

Liu Z, Ning J, Cao Y, et al. Video Swin Transformer. In: Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2022. 3202-3211

LiuY H, Ott M, Goyal N, et al. RoBERTa: a robustly optimized BERT pretraining approach. 2019. ArXiv:1907.11692
Wu J F, Jiang Y, Bai S, et al. SeqFormer: sequential transformer for video instance segmentation. In: Proceedings of
the European Conference on Computer Vision, Tel Aviv, 2022. 553-569

Yang S S, Wang X G, Li Y, et al. Temporally efficient vision transformer for video instance segmentation.
In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2022. 2885-2895
LiuZ,Lin Y T, Cao Y, et al. Swin Transformer: hierarchical vision transformer using shifted windows. In: Proceedings
of the IEEE/CVF International Conference on Computer Vision, 2021. 10012-10022

Tian Z, Shen C H, Chen H. Conditional convolutions for instance segmentation. In: Proceedings of European
Conference on Computer Vision, Glasgow, 2020. 282-298

Lin T Y, Goyal P, Girshick R, et al. Focal loss for dense object detection. In: Proceedings of the IEEE International
Conference on Computer Vision, 2017. 2980-2988

Milletari F, Navab N, Ahmadi S A. V-Net: fully convolutional neural networks for volumetric medical image
segmentation. In: Proceedings of the IEEE International Conference on 3D Vision, 2016. 565571

Gavrilyuk K, Ghodrati A, Li Z, et al. Actor and action video segmentation from a sentence. In: Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, 2018. 5958-5966

Xu C L, Xiong C M, Corso J J. Action understanding with multiple classes of actors. 2017. ArXiv:1704.08723
Perazzi F, Pont-Tuset J, McWilliams B, et al. A benchmark dataset and evaluation methodology for video object
segmentation. In: Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2016. 724-732
Liu S, Hui T R, Huang S F, et al. Cross-modal progressive comprehension for referring segmentation. IEEE Trans



FEBFERE B4k 3

Pattern Anal Mach Intell, 2021, 44: 4761-4775

43 Yu L C, Poirson P, Yang S, et al. Modeling context in referring expressions. In: Proceedings of European Conference
on Computer Vision, Amsterdam, 2016. 69-85

44 Mao J H, Huang J, Toshev A, et al. Generation and comprehension of unambiguous object descriptions.
In: Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2016. 11-20

45 Loshchilov I, Hutter F. Decoupled weight decay regularization. In: Proceedings of International Conference on Learning
Representations, 2018

46 Ye L W, Rochan M, Liu Z, et al. Cross-modal self-attention network for referring image segmentation. In: Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2019. 10502-10511

47 Hu R H, Rohrbach M, Darrell T. Segmentation from natural language expressions. In: Proceedings of European
Conference on Computer Vision, Amsterdam, 2016. 108-124

48 Hui T R, Huang S F, Liu S, et al. Collaborative spatial-temporal modeling for language-queried video actor
segmentation. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2021.
4187-4196

Spatio-temporal hierarchical query for referring video object
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Abstract In this paper, we propose a spatio-temporal hierarchical query-based referring video object
segmentation (RVOS) method, called STHQ, to address the problems of lack of spatio-temporal consistency
modeling and insufficient learning of spatio-temporal representation of the target in existing RVOS methods. We
view the RVOS task as a query-based sequence prediction problem, and propose a two-level query mechanism for
spatio-temporal consistency modeling and feature learning of the target. In the first stage, we devise the frame-
level spatial information extraction module, which adopts language features as the query to interact independently
with each frame of the video sequence in the spatial dimension, and generate instance embeddings containing
spatial information about the target. In the second stage, we propose a spatio-temporal information aggregation
module. The module uses the video-level learnable queries to interact with the instance embeddings generated in
the first stage in the spatio-temporal dimension, and produces the video-level instance embeddings with spatio-
temporal representation information. Finally, the video-level instance embeddings are linearly converted into the
parameters of conditional convolution, which is used to perform convolution with the features of each frame in
the video sequence and generate the mask prediction sequence of the target. The experimental results on three
benchmarks show that our proposed STHQ outperforms the existing approaches and achieves state-of-the-art
performance.

Keywords referring video object segmentation, spatio-temporal consistency modeling, spatio-temporal feature
learning, cross-modal feature interaction, Transformer
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