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Abstract

Gaze target detection is designed to locate the human gaze target. Proposed by HGTTR, Transfor-
mer structure is used in the task of gaze target detection, which solves the problem that convolu-
tional neural networks need additional head detectors, realizes the end-to-end simultaneous de-
tection of head position and gaze target, and achieves better performance than traditional convo-
lutional neural networks. However, there is still much room for improvement in the performance
of current methods on video data sets. The reason is that the current method focuses on learning
the human gaze target in a single video frame, and does not model the time change in the video, so
it cannot solve the problems of dynamic gaze, out-of-focus lens, and motion blur. When a person’s
gaze target is constantly changing, the lack of time change modeling may cause the fixed gaze tar-
get to deviate from the person’s real gaze target. In addition, due to the lack of modeling in the
time dimension, the model cannot solve the feature loss caused by out-of-focus lens and motion
blur. In this work, we propose an end-to-end video gaze target detection model based on spa-
tial-temporal Transformers. First, we propose an interframe local deformable attention mechan-
ism to deal with feature missing problems. Secondly, on the basis of the deformable attention me-
chanism, we propose the Inter-frames deformable attention mechanism, which uses the timing
difference of adjacent video frames to dynamically select sampling points, so as to realize the
modeling of dynamic gaze. Finally, we propose a temporal Transformers to aggregate gaze rela-
tion query vectors and gaze relation features from the current frame and reference frame. Our
temporal Transformers consists of three parts: A temporal gaze feature encoder for encoding
multi-frame spatial information, a temporal gaze query encoder for fusing gaze queries, and a
temporal gaze decoder for obtaining current frame detection results. Through the spa-
tial-temporal modeling of single frame space, adjacent frames and frame sequence, the common
problems of dynamic gaze, lens out of focus and motion blur in video data are solved well. A large
number of experiments show that our method achieves excellent performances on both VideoAt-
tentionTarget and VideoCoAtt datasets.
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L, BEEI IR f, 0 4R AR A *E%Eh{ﬁ Transformer X} £ 3k F R A7 [6] 8L, FRATKE i ]
A AR T R AL %r@%@;kﬁﬁﬁﬁ BRIV 5] 22 Sk W] AR TEVE R I, A R B I RHE v 5
e/

In_Frame_DeformAtten( foq Py i fm) =>W {Z A W T ( Py + APpg )} )
k=1

m=1

B AR, m RREIIERAMAERT, M FRLLERINLE, k TRRREAIR, K
FIRRAE SRR o APy FI A BRI M AVERELAE K ASRAE SRR RS B FERE ) AU
Ange €[0,1] FeZeit AL JE b i, FRORTE [0,1] VB Y IR RODRUER, Y A, =1 HEITRRAEML . AT
B £ B AE L] A, MHIEE MK, Ap,, eR? RIELIHI LESH FrLd
Dy + Ay RN BAVE LIRS (D + ADpge ) o W, € R&C RIW, e RS #UZ T 5 5] [{14L
FHIE, HFC,=CM.

4.2.3. B ] 4T5 8% (Inter-Frame Deformable Encoder, IFDE)

A Tu ZEASEH HGTTR [14], FATH R ] AL T w38 60 % 2 M midat = . WEETR, A%
Tich 4 J2 LA 5] Je 38 AT 2% FR v 2 L) AR o ) P AR T B L A O, TR AN AT T 22 3o R A i A
UG BIMRER] £ e RO, HARABHY T — AN R RRAE 1 £, [R5 3R s =2,
BATE et ) B2 4 AT PR, 4EEARNTER £/ e REMY o HIT Transformer 454 5547 &
TR, BATRI—NEDE AL E gD p e REIWY HRAN A EE S /A p AHIIEE AL 3 IR,
R RERREQ,, « MR K, AEMEY,, .

Qun =Wen o (1/+ D), Koy =Wor i (/4 P), Ve =Wepy T/ (®)

He, w

o €REC L W, eREC, W, e RE"C HS R T2 ] fa REAIE . o 46t ] T AT 4 2 0
W £, e REHW,

4.2.4. 72|8)fi#H5 28 (Spatial Decoder, SD)

FATCAFRAE ) Transformer ffit & 45 b G FRATH 2 (ARG 45, S (B S 28 605 2 Mdid 2% = . AT
{2 [ A 2 DA ¥ B LA AN 28 SO B I D AZ 0 o X T B R IR A & Q,, « B IM & K, F
HAEV,,, HARXERA:
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Qdes :Wdes,Q (Qdes,f + Qdes,p)

Kdes :Wdes,K (Kdes,f + Qdes,p)
Vdes :Wdes,vvdes,f (9)

Qdes,f = Kdes,f :Vdes,f
Ques » = Embedding(N,,C’)

Ko, Quer € RE™M RIRAIEMAD I 58— EWHIEILH — N H R R, Qe e RN 1T 23 (9 By
i, AT HFRZ NEM R R AW A &, HA R — O R A 70 300 B —MELOC RS2 (68 L3
379). MIZIGER ML, BATR A MBI MERERORA T N 2D, HROMEZ K TEE—
AP AT HOTE LG RSO IR Wap o » Wags o » Wy BRI 5] [ AR .
T2 MR, R & Q,,, « B E K, AME MRV, HAXEKRN:
Quec =Weec o (Qéec,f + Qdec,p)
Kgee =Waeo x ( foen + P) (10)
V :Wdecv\,f

dec

dec

t.en

Horft, Ql e RE™M 2 EE B BHOHIH, Que , OB EA AT Qe — e Woe g » Woe i » Wy
AT 5 [ B

SR, 2SRRI AR =AM SR ELWIR AT ST B S5O R, V6 3R 2 Y 4 2 T T 2
ST BT 7 R B4 N, AL R BTN — M N, T4 2 AR S8 (0

fnde cREMN |
4.3. BfFF Transformer

i 7 Transformer 6,5 = AN RGR73: IF AL OC SR AFAE S AL 2 FH S Rk 6K 1B P A7 4D i ] W A% T 4 i)
B IVRAE, TR P VERLR REFIE, AE NI P R E W T RIL R B FEM O RE RS %E
S [ 248 B S 2 BT A 1 2 TR R g iy H R AL R AT T & . I Py 0% R ARAD 2% DAR PRIl o6 R A il
G T 25 FHIS VR0 O ZRRFAE S B 25 R HH DM N 5 AR P A > T R 11 o 2% R N oy R O 2 250 v
FH - TR e 7= A= 5 4 P TN 285

4.3.1. FFFMXRE GRS (Temporal Gaze Query Encoder, TGQE)

BT — 35 T T2 ST B0 56 28 25 028 I 2 P o 21 325 >3 A UAUNT  25 18] _b R SORFAE . 3
BRI R AT 5 A A AL I 1) b R SCTESe . BRIk, JRATIR Y T AT 201 A 4 28k
AR e P R AT S o B TR R AT R A ELAE A -

FRAT AR o FELAEL 8 o — AN T K 44 WSO e 1) T A5 Transformer B84 31 (0135 ML 2
BEMIERER, T2 51 BN WUSTE 91 (0 1) b RSO3 e BT BLARE R i 44 RN PP TR 06 2 25 0 4
2% o 4L 28300 I R 4 BT AL 5 BT 2 MU b T RS R AT, DA 3R 24 R UV R
RATH, R RS B R R R A

HRHR R 34T R I, X TR 91 X PR ML x, € R¥™Y , ety =i, o —Ltou b +1,- b +i}
RN HL 2 e 1) B 25T Transformer J 75 B (07 VL3 R MR 1, e RS 2050 g e R g
HHBFET] 1 e RPN i) | A g i T ST AR, 78— B T 5 ST R
(EFeik . I PR % 2 28 W04 S8R FF N F5 97 58 4 0 SR8 B 1 P 0 P B L5 . ATk A
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Z= Concat(qto_i Ey"';qto_lanto E, qt0+1El'“! qt0+iE)+ Epos (11)

oo, B RN S0IR S bE WS 2 o S S WO B, R PR R R R 5 I o 4 TG
Eoe € RPVCHIM, BT | AR Z e REDC, Hoh C" RLE PRI F LR . Z IR T I PPl
R WAL A AR o SN [ 0 7T 2 5 R AR A A 1 R R R A o L AR [

R LG R ARSI Y e RVC RN Z e R™C 45 % M RIRHIT 48 /e R 9 341158 1
4 RTRARIS BT S 0 H T R E LSS R B, DO SRAT WSS R B W, S0
SREOMIH Y R EOE T UM T SRR A B B y e RS, SRR —AME R 0 — (e 2 R
RIPUBEEE, 4 RAE] y e RV BUR R y 0041, TN T g e RE™M . FIRERALASS
(R PR RN LS R A, FRAT P IL O PR R A 1

4.3.2. BRI 3= RYHESRAL 28 (Temporal Gaze Feature Encoder, TGFE)

2% Zhou 55 A#H TransVOD [27]f )5 K&, FAVEFIES 7 rl AR i Nk i — A bs s, F T
RE A BTWUR S5 WU TEOR RAHAE £, e RS teT o IR H BRI AR RRHE €, - 30T
W FARZ A0 PRy ok RAFAE S D25 o JmAD 2% 60 & B AU FINS 7 rl 8 T 0L, A= ML
il A brHE Transformer H i & b XFF 2 ks 7 nl AR R R ALH, RoRu0 T

M K
TemDeformAtten( fl(?,en ’ ﬁq l{ fl.en }teT ) = ZWm |:ZT kz Amqk ft’,qen (¢t ( ﬁq ) + Apmtqk ):l (12)
m=1 teT k=1

FRARF, q Flk SRR ERRETCRIRT], AT f, FIORMEZE SN
BERS, o p, BRSO A, EVEE R £0, MR AR B, [0 p, H— LA,
AR (0,0) B B, (L) IRFRA T A mISREAERIRIIRE], MBREREB IR, 1%
TR S, T RRBIR T IS, k RoRRRE MR, K FORTENTA WU b SRR 1
R o APy P! A FOTEE M AMTEREA S € WS K AR A0SR B A A0 R AR
A € [01] RZ I —ALJGhREE, B YD A =L ARG . Ap € R SE LI R i 4k S, F1A1)
A4 ZEHVRAE £, I LG PERERS 1B AP F1 Aug o B Py + Ay 2 /NEE BT FH XU 2 M 18 -
10 (6 (B )+ APruge ) = (B ) FTHIIT— AL ALHT B, TEHTH TR ¢ WHIRFIER.

4.3.3. BN X R RIS 8%(Temporal Gaze Decoder, TGD)

BATUIARE Transformer fERS 35 45 /A B FRAT TS PV E R OC R ARG 88, HA S 2R E 2. A
(RIS P R 0% 2R AR 28 LA B S LRI AN A S B LR AZ O o TR IR DU P AR SRR S
it o, AN, HTEI AR, AR E .

EXERIIRMANA P i HEE B e ) s B AVE R R, B RS R A WY
IR f o AN EHNFIR . I FPARAS &R A B RSN T e eRE™M, T TRIERIIHN

4.4, FIMAELR

TR LR I o AL 45 14 AR AL ) A ISF PP AL 00 R 00 () 0 R B B R R R AW, DAt
R XE R R SR RATUDEIE r, MEFRHE ] e RO EOISRRE pp o S E L L W
BANBIREE py MVERL H AR BN

BARKRUL, FAT A A B —Z A=A softmax bR H0R) BT 22 2 BTSRRI Sk 350 45 FE
55 py AEALLLE (WA /WEAE) py o R, BEE >t =2 2 M sigmoid bR ke B 2 /2 EIH LR
T Sk E A FHE N, DA — A FE A TERE R sigmoid 2R T 22 2 LR RN AR H AR B 4
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wBR %
Bl py . FoRaE:
P =softmax ( MLP( ! e ))
p; = softmax ( MLP( £ g ))
(13)

Iy =sigmoid(MLP( ! .4, ))

Il =reshape(ﬁgn““d(“”Lp(finw)))

45. kEHH

JEUGH) DETR O 13 G fe A BRI RE,  O0h RS0 GEn ) (RO 5% A% A A0 L FEN JE— P e,
U B0 R A 0 ML A HERL B . 45 e U S RE MG 73, 8 TR M 0 S 22 18] 2 Y 0 2F )
BE, R REWEAT X —UUAC . FRATIEAE DETR R 2, FHEH &) 4 R EE BT 30
ULHC, VLRCSERUe, PRI EC T SRR A

451 ZHILE

ERMNIERA B E R, N RS RE, FARTILER 5 WIHASE, S -h i b 5
HEMRREOIRNT N, HATH S CEERRRIP)ITH TR, ST IR R (TSR %
BISEETIRADAEAN, .

P TS, AR AL g — ALK/ E R Ny RTINIOTERL R R SR BT IR S B 2Ry
0=0,i=12,Nyo [, RAPFAEHERFA: T=ti=12 M, 2,8, Ty _y» HF MK
AN AR LSRR R SR IR . BTEL, DLECHRAR fT BAFOR N o 0 | FORHSHEINER
51y (i) FRULHCEI RS | ISR A TIME A 3R 51 e FAT5E UL A b O -

Ng . .
Lcost = Z Lmatch (tl ! OM(I))

Lmatch (ti’OM(i)> = ﬂlLbox +ﬂ2 Lh +ﬂ3LW + ﬂ4 Lg

(14)

L (11500 ) R385 A BESHAEAIE (i) TR Z IO ULRC LR o VERCHRZR L (070 ) L5 DY A
W S RBUR L, B IS SRR R Sk FAESR Ly, B L BRAT GloU B A R, ish
AR L, SR = A O e . VERL B AR VIR R L A L, 1k, A SERORIR
L, :—(tr‘1 'Iog(orf’(i))+(1—tr‘1)Iog(l—o,f’(i)))

Lbox =0 “tt; - Ot‘JN(i)
L, = —(tjV -log (ov“v’(i) ) +(1-t, )log (1— o ))

L, = “té —oy)

- a,Glou(t; -0y
(15)

2

Horb, | R HIEMR T, (i) RosULE RIS | AN ISHE R TIME IR 5] . t) Fon kAR S H,
t) FOR KL FAEM FIAE, 1) RoRIER BARIOEISAE, ¢, RoRWAMEMBER M. of") Fom kil
PREMI T, opf¥) FoR M SRR FIIAL,  ol) FoRWIANEVUEAR (O BRI, o) F T kv 41
BRI AN CON RN S

G BATRI 9 M SR E A 1) — — LR &R, BLA BRI B
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45.2. KR
TEFR B B SE A TS 2 18] i e R i — % — DL RS 5, 1545 2k R B0 20 A A 2R(A5) o, # S5k

B RAK(14).

5. S

5.1. iREMITM BN
511 BIBRENA

FLAILE VideoAttentionTarget [5]F1 VideoCoAtt [8]F ™% #fi 4 b g B AIVFAL 1 IRATHE B AL (P fg

VideoAttentionTarget %1 #& 4 i Youtube I %% Fh #1 47 K J& 1 1331 A~ 40 40 BY 48 4 % o
VideoAttentionTarget ({73 B (045 164,541 ML Sk 3430 FAHE, 109,574 /Nt Py dtan B A5, 54,967 ANt kit
MR WA S 31,978 Mr%s, HARH T UIZ%E. JAVEH VideoAttentionTarget £ ##s £ PEAl FRAT 1
FERILEAAE AR H AR AT 25 b 1 P RE

VideoCoAtt 4 242 M 20 AN [H] 1) AL H BLHLRZ AR QUSSR 1Y) 380 A4 RGB LI 41 A4 i 1T«
AN BRI [RIAN ], A 20 #P 2245 3] 1 3 8h LA b, iy 25 fps. &L 492,100 AT, %4
PEEENRTE T NP KA FHE S AL B bR FAE, BT B AR T S SR A E AR, FRAE A
VideoCoAtt £ 4 4 T Al FA T A AR AL AE AR HH 3L [BVEAR B ARAS DT 55 Hh (1 14 B

5.1.2. VEfriEtR

X4 VideoAttentionTarget [5]F1 VideoCoAtt [8]FH N EudE & HIFRENS A ANE, BT LLEER /N SR 4 BAF
TR SR PRI A AR, W F ik .

XIT VideoAttentionTarget 455 , £dmfEbnitign th 18> AW Sk 30 FHE(HH 72 B A ABAR AT T A
AL FR A 7T HH ME— FRDHE) A AL A (0 67 B (B AR AR) o FRATTSR FH AR E B PPAN T A R VP A FRAT TR 8 g M i - AUC
AL, BE B (FR R ). AUC T = FRATIE A 28 T i AL (AUC) ARk PP A B B S . T %o AUC
ERR, BTG . Lo FEES L« FRATVE FTEAN B ARy B B B R AR BTN B 18 3R s A RRAE
TR B ARARAR,  DLMR TSR TINME 5 B SV EA U TR Ly BB, AT TR BT AR AR s 4 AN A 7
PERINEAT I, TR Ly BEE VN, BRI TR ARG . Ak, BATEMH AP T SR ALTE
FEIEAL B AR B AR Z AN N AT S5 ErERe, T RoR AP BRI TR BT s

X T VideoCoAtt ##54E, KR R ES 78N AWK &0 FEHERI L [RI3 00 B AR FAE . FRA1
EH Ly R B (R R B ) SR PP B 2R A A U 3 (R AR HARAE 5% Bt e . FRAT IS A A0 E b or B 304 P v i
KAE IR L ARG 2R AR BRAE S TR0 A H AR AR AR, A8 AR H Al FRE B rhote RV D EL SRR H FR A
Fr, FWE RIS Ly BB . Rtz Ab, FRATSE A3 B3R PRS FE (Ace) SR AN AR AL e Ao ) 3 =] A it
(rERE. AccT . TRINGE F A A 7E 3L Rl AL A AATUT (3 BTG Ay (0 A7 8 S [R] VR A0 0 A AT 1) L 3£ g T
MKENE . T FoR Ace [HARK, BERLTINNRE Bl . AZ7ESL MR B ARIIE SO — MR 4775 A
FRA LA B NIAEERR A — A B AR, AR 17 7 3 (B3R A A AR AT

5.2. SCER4ATS

HATH PyTorch SEHL 7 JATHIRARL . SR DMUIIMIAERIAS, ROF o By 224 x 224, R4E Tu S5 A
[14]% T HGTTR [{¢it, AT ResNet-50 [26]11F BAT T R4 RS R AE o X bt
[ 2ZJE Transformer, FAI1iE(E DETR [23]/) 81, R4 6 /= 8 3k 256 4EMZnfas M4 6 /= 8 3k
256 ZE[fEt gt . JATBCE N FIER R E WS DS ZE0y 3, PR R IR %43 K EHON 1,
P AR AN A A 6 (R S5 Wi 4). I PPl as 02409 Lo i FERL F A7 B A8 i 20 7
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PR %

HON[64, 641, FATTEE B E m O AE U BB B AR AL, R E SR E N 3 R kR
b THT AR AR H BRI FRATHE TN (K25 T 8 2 x 107°, Transformer (1124 3] %64 2 x 107, #UE
TR N 1 x 107, 4 AdamW {E AL 8%, SRR/ 16, T4 Transformer 4544 (¥ 2 50402 Al Xavier
I FERC R AR Ny oy 20, VCECHR R R A BIBUE By Bo B B ¥ IR E N 2, 1, 1, 2. F8AT]
{8 F7E ImageNet £ 4 - HUJI 2k ) ResNet-50 Z 34 AL BRATH E T ML . EIZ 7L, R T HAE
PRI, FRATTE 2%t i 6] 7 A8 JE Transformer i1l 80 4™ epoch, SR J5 {35 HE4> S HAAE, 11980 T A
BeilllZ 40 /) epoch.

5.3. IREFE{FEaE
5.3.1. MRS BT

n#e 1 s, AE VideoAttentionTarget 4 G b FH FRATT AR AL AN Z BT A 7647 T 5 B (K0T bE i
o WEVERKZE, I TRETEBNITET I G KRB SR E, it AIRATLRE Xt 23
T “HeadGT” #1 “ExHead” WFMENLF. Hrd, “HeadGT” o/ EL:{d F AR B4R 45 i 45 Hh (¥ L S 1Y
S MR LL B AE AN, “ExHead” FRox Al — ANEIANSk A AL B AR I AR . RAE[S], RAIE
VideoAttentionTarget #(## 4 b i 77— 3k T SSD Y kBRI 9 2% .

Table 1. Experimental results of the model on the VideoAttentionTarget dataset
5= 1. ##B7E VideoAttentionTarget 1B F HISLIS 45 R

TR B bR L B AE WA (1550 TE WIS L
XL T Auc?t L#EEd AP T
HeadGT ExHead HeadGT ExHead HeadGT ExHead
Random [2] 0.505 0.247 0.458 0.592 0.621 0.349
Fixed bias [2] 0.728 0.522 0.326 0.472 0.624 0.510
Chong [3] 0.830 0.791 0.193 0.214 0.705 0.651
Bao [4] 0.885 - 0.120 - 0.869
Chong [5] 0.860 0.812 0.134 0.146 0.853 0.849
Lian [6] 0.837 0.784 0.165 0.172 - -
Miao [11] 0.917 - 0.109 - 0.908 -
Fang [12] 0.905 - 0.108 - 0.896 -
Jin [13] 0.90 - 0.104 - 0.895 -
Tonini [16] 0.940 0.894 0.129 0.182 - -
HGTTR [14] - 0.893 - 0.137 - 0.821
GOT [15] - 0.923 - 0.102 - 0.944
GOT + Depth [15] - 0.933 - 0.104 - 0.934
Ours - 0.935 0.093 0.923

ME 1 R sEIeEdE, T LA HIRATHB A SR AR AL T AT P 0535 . ST A o7
PO AR BT EPRBGUEARIE ) IR AEE T Transformer S BUTRURHIE R 7570 X T2 T 5 R
HOAFAAFIE R 7732, Chong %6 A[5]#2 H 1) VideoAttention [ T HRELEES . WREEFELE, HIMIH
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WER

Conv-LSTM Rl &I 5245 2o FRATTI TSI 1 AR A0 ot [ AAEA Py 57 A A8 FE PR IR PP A5 02, dimy 1 AR xt
TESEWRRIVERRE S, WIS T EAFMIERERI . J15h, Tu SN HGTTR [14] 7 cfi A
Transformer Z5 KR BUE AR RAFAE, GOT fEILILAL AN T HARRAEE S, 71 7B S =T
FIRIL, (HZRA S SRR TP A PP 2, PRI ERATT AR AE Mt P A H AR A T Fa AR LR I024)
(R

5.3.2. YRS RELENR B ARt

FATHI T3 B AE RIS I AL+ B AN BERLE AR, DRI R A A i b AR 3 & - HE i 22
Y P AL REL B AR 05 2 FioR, FRATIAE VideoCoAtt $d 4 b FFA1 A R AN 2 1 (K V3047 T 8
RAO SRS . WSEIREIRTT LA 1, AT AN R Fr LI T Z A th KpA 7% . XAk
W1, BATRIRERL B A FEAE X0 5 IR s KT SRR R A BE

Table 2. Experimental results on the VideoCoAtt dataset
3% 2. 1 VideoCoAtt #iE&E FRISEIGER

it b ik Ll Acc T
Random [2] 286 50.8
Fixed bias [2] 122 52.4
GazeFollow [2] 102 58.7
Chong [5] 57 83.3

Fan [8] 62 71.4
HGTTR [14] 46 90.4
Deep Convnet [26] 83 59.4
Deep Convnet [26] + LSTM 71 66.2
Sumer [27] 63 78.1
Ours 41 92.5

5.4. jHRASCIE
N T UE B FRAT AR R VR OCRR BRI RUR, FRATTEAT T ORI SEEG, R X e B ) T R A
PRI . AnJERE iR, 35 DL ResNet-50 1E 9B T M 45 7E VideoAttentionTarget i 4 - 147 Vi fili sk

5.

5.4.1. {RBR S NMARRRI RN

% 3 IR T BATVERL S AH A R . Wi AT AR Transformer. B FEML S R A I 4RAD 2%
I PP AN O AR R E G B 28 R A RO ZR AR B2 A TRt A DU AN S . i A Dl Tu 25 S H 11
HGTTR, S5 ARXTLLIZ T B, A fd FMi [ i A5 A Transformer. b A4 A 45 6 i ) R4 22 5%
TSP ESAREE S, T SE T S RINEM, BU5 7 — 2 MtEREsETt . Jrik C 7E B 1Kk
EAINE AL R A AL A, 38 kXTI B ) BT A AT PR AT O AR A R AT Al A
BESE T AT AL R A R R IAYE, B T TR MRS T . Jridk D f I R OC R RHE
SR A R Py G R RS AY, TTLAE HPERESS T077% C, VLI FPIELoC R A 2 A 45 IV F B K.
Jiik E A F I G R B S0 #8 A PP P0G R ARG 25, AR 71 B BUMR T BRIP4 . Sea gl
R, BATHTHE IS, S B 2 R B M B FE TH R L1
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Table 3. The ablation results were obtained for each component module of the model

% 3. IMRBURY R MAMIBERIEITIHME R

WARZA HGTTR [18] IFTR TGQE TGFE TGD Auc?t Ll APT
A J 0.869 0.137 0.812
B y 0.883 0.128 0.853
C V \ 0.915 0.109 0.913
D y x/ 0.892 0.117 0.903
E \ 0.921 0.103 0.917
F \ V \ 0.935 0.093 0.923

5.4.2. SEIIAMIH L E 3HHEEMBE KRN

% A SRR T TS HESMECR AT . USEWERT LN, SRR BN TR R
B gILE N 1 N idas 2, PR C REHEmIDA N 1 NMidds 2, B PRI RIS E 8 1 /Ml
MOes 2. IR RY, USHWESEINN, =T ebs B R R . (B4 H5WEuAT 4 1,
BRI TRE, SE%E, RNERZERFESENNEE, BB 4, N5
KA 5,

Table 4. The influence of the number of different reference frames on the experimental results
4. FEISEWRBET LR

ZH W E 2 R i 51 K i 2i + 1 AucC?® Lo PR APT
0 1 1 0.869 0.137 0.812
2 1 3 0.894 0.118 0.883
4 1 5 0.927 0.106 0.914
6 1 7 0.926 0.102 0.913

5.4.3. WEEILX R E DS R ERRN

FRATTRS W) EAN O 2R 7 ) G L) 2t = B VR R S 06 45 JRAE 36 5 o BRI LI AT W E S B Wi Ny 4,
I FPEAL R R AL S &8 2 500 1, W PR RSS2 E0y Lo seiaaf Rl HREE N 3 1Y,
BOREATF. M2 BOFHEIN, VEREREARERAZE .

Table 5. The effect of the number of layers of TGQE
5. MELEIL X R E MRS R RN

= 1 2 3 4 5 6
AuC?® 0.927 0.932 0.935 0.936 0.935 0.936
Ll 0.106 0.097 0.093 0.096 0.095 0.096
APT 0.914 0.920 0.923 0.924 0.923 0.926

5.4.4. WiEEYL X RFFESRID R =R IR
AR R EAN O SRR 65 &% b e 65 4 2 BT RS I 45 R AE R 6 P2 HL. KRR E NS %
Wiy 4, B EMBEE WML NEEOY L, NAER RS ZE08 1. SEIRE RERN], g5
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WER

SRMBCRBCE N 1 RO IR, X EWRE 2 A% RN S0 R MEREAT RAE AT A AL . S48 Ui W]
T PR AT PR R L S — NI TRIAE R B, 50T 2 IR 1) rh fRg I 8] bR S0 2
A .

Table 6. The effect of the number of layers of TGFE
= 6. MUBLEL X REHERD R B R BT

EH 1 2 3 4 5 6
AuC? 0.927 0.927 0.926 0.927 0.928 0.928
Lo sigg 0.106 0.108 0.108 0.106 0.105 0.106
AP T 0.914 0.912 0.916 0.909 0.913 0.915

5.45. BFFIXABLRERORE

2T YU TN I FPE AL R R G T RS S R BNV BT L. SRIG BB AR Sy S
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Table 7. The effect of the number of layers of TGD
F 7. RFEXRBREENEEEN

= 1 2 3 4 5 6
AUC?T 0.927 0.921 0.924 0.924 0.926 0.927
Ll 0.106 0.104 0.108 0.110 0.107 0.109
AP T 0.914 0.914 0.916 0.913 0.914 0.916

5.4.6. FMXRTREA KN N, BIFME

PATRIT T AFRNHEL R R A WL S BMERERI LI . 115k 8 PR, HESTHEM KR AN
MRCRE I E DY 30 INRCR IR, (BRI 20 I, MRARIMIPEREREARIFAR . LR, ARG 1%k
EEN 20,

Table 8. The effect of gaze query set size
= 8. AMKXARTIBEA KNS

S K 10 15 20 25 30 35
AuC?T 0.896 0.918 0.927 0.927 0.928 0.927
Lo PR 0.129 0.116 0.106 0.105 0.105 0.106
AP 0.893 0.901 0.914 0.913 0.914 0.915
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Figure 4. Performance of the model in the case of motion ambiguity
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Figure 5. The performance of the model under dynamic gaze
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