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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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U

In_Frame_DeformAtten( f, ,, py. fi, fiy ) = y Wm{ y A “ Wi i (D + AP g )} @)
m=1 k=1

ERARA, m RREZIIEEIHRIORD, M RRE A EEIIREL KRR RS RS, K
FIRRAE SO BT o APy FI Ay FRH M AFERCKHE kAR SUORAF RS BRE R ) BT
Ange €[0,1] S i 19—k Ebrlit, 7R7E [0,0] VOB M IVE IR, BT Y A =1 ThRIENG . AT
W f, B PR — LA B A o BN MK, Ap, € R2 RIELIHH 4 Se4L, Fibd
Dy + AP R/NEL, ATV FI UM T 5T £, (P + APy ) - Wy, € RO AW, € RS #RIE AT 2 3T HIAL
HFERE, K C,=C'/M .

4.2.3. WIE) AR 4RH5 8% (Inter-Frame Deformable Encoder, IFDE)

MRAE Tu 55 AFEH 1 HGTTR [14], BATRIMIRI AT R i 6 & 2 AN midas 2. WEFR, &A%
2% S22 LA o [0 Jag 358 0T 2 P29 2 A WL A AR ) T A8 P 2SI WL A% O o AT 2 5 AR5 AE i S
PR3 B RE R fre RO, JARARI N — MU RFAE B £, RIS AE i Fi 5 SRR s 7= 2,
FATE XS £ (S (A4 B AT R A, SERE NN £ e RMY' . BT Transformer 4544 5 HESIALE
TR, BATRIM—A G A Bt p e RSP RISRANRALE G . /A p MG /E Ngmigas 1N,
H SN AR Q,, « B IME K, FIHIIEVY,, .

Qen =We 0 ( f'+ p)' Ken =Wen x ( f'+ p),Ven =W,y f 8)

Heb, W, o RS, W, eREC, W, e RO #b R 3 ] [ ReAERE . A DKot 1A T 25 T 4 ish 58 0
ﬁi%{_\‘y\j ft,en < RC’xHW’ .

4.2.4. z3|8)fi#H5 88 (Spatial Decoder, SD)

FATCARRAE ) Transformer ffit &5 45 M F G FRAT 2 (ARG 45, 5 (B S 28 605 2 Mdid 2% = . AT
{22 [ A 2 DA ¥ B LR AN 22 SO B I D AZ 0 X T B BT E ) M & Q,, ~ B & Ky
A&V, HARERN:
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Ques =Wes 0 (Qdes,f + Qdes,p)

Kges =Waes k (Kdes,f + Qdes,p)

Vies = Wies v Ves ¢ 9)
Ques,t = Kaes,r = Vets, 1

Ques,p = Embedding(N,,C’)

Hodt, Quer € RE™M I TAEMIY 31— Z WAL — A AU, Que , € RE™ R T2 3 947 B 4
1, FATHERR 2 AEC R B, TR — ML R AU JC X — ML B S (S5
3°10). ARIDAIML, RAEHBMBGAEEZIBAT . N &R, HANEERA TR —
A AT TR RSO IORRE, Wiy o » Wi Wi AT 23] i BEA G
P2 X AR, B QBRI K, RUEL IRV, AR
Qgec =Weee,o (Qéec,f + Qdec,p)
Keee =Waec i (Foen + P) (10)
Viee =Weeey f

dec

dec

t.en

Hodt, Qle e RE™M 2 ETE BB, Que , B EA AT HH Qe p —FEe Wi Waorc » Wy
AT 5 [ B

PR, SRR =AM SR BRI AT ST B B3O R, V6 3R 2 Y 4 2 T T 2
ST B IS 7 R34 N, AL R BT — M ON, F 45 2 IR S8 (0

ft'de c IRC’XNQ
4.3. BfFF Transformer

i 7 Transformer £, = AN RGR73 IF A AL OQ SR ARFAE S AL 2 FH S R 65K 1 P A7 4] i (] P 2% T & 5
B IRAE, TR P VERLR REFIE, ENI P R E W T RIL R B FEME R E g%
S [ 248 B S 2 BT A 1 2 TR AR g iy H AL R AT T & . I Py 0% R ARAD 2% DAR FR il ok R Al
G T 2 FHIS 7y R0 O ZRRFAE S B 25 A HH DRt N 5 AR 7 A > T R 11 o 2% R N oy R O 2 25 1) v
FH - TR A e 7= A= 5 4 P TN 485

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

G ITE, 2 ST ROTELSE R A E ISR R 1 3 ST AU 2 ) L R SO 3
RAR VN A TE ) 5 A RI AU 1) F RS0 TE5. PRt, BRATTR T — N ST A i 2 5k
SR AT PE R R AEURI S W0 I ML 2R 45900 2 AR L F A

AT SRR RS AT — ) S 444 AU ) 1 A5 Transformer B 3 (0 W13
B, TS AU SO T | FS0f5 . JRA T IL B A 4 Dl BTG 3 2560 4
TS, B I S A ULATINL 5 A 2 I T PO R A, DARR S BTV R
R, S BRI SR O R R .

HRAR 5 34 T B L, 6 F WU X R x, € R¥MY  te fty — ity ~ Lyt +1om ty +i) »
AT HL 2 e 1) B 25T Transformer J 75 B 07 VL6 R MR T, € R 2050 g e RN g
HOHI 1 | e REVCN) g | oA g R TT2E S M PR 2, 4 S AN LA T ST
HEFEk . N6 2R Y025 5 SR PR A5 0 0 e ST 0 P 9 O B o
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Z= Concat(qto—i E'”"qto—lE’qto E, qto+1E’”" qto+iE)+ Epos (11)

Hodv, Ee RN FOR Lk v Wi o R 2 ST WS AR B, I 2R P W R S 5 IR A 4 T
E e € REDC AT, SNF] | A Z e ROV, Sheh C" SRS B ILERE . Z R T IR RERL %
AT IR . AR (07T 2 ST LR AR P g 1 05 2 A R 2 it 0 B 1

R FE R 36 2 A MRS S ORI Y e RV RN Z e R™C G F MR FORF AL o o R TRA T3
VL 2 BT UL 5 A 2 MU P A B TE ML SE R A0, DO A L R, 43 T
SRIHTH Y 5 B HUWILEE b (P R R AR B R y e RS, SRR — AN 2 — L 2 2
RILEHE, AR RS y e RO BUS IRy Mg, HITRN §, g e RO, AERRHLG R
fr e RIS TE L R U, AP ORI e T 2R 25 o

4.3.2. BFR3E 3 RYHESRAS 28 (Temporal Gaze Feature Encoder, TGFE)

23| Zhou FENFEH TransVOD [27]11 )G &, FAT M B P ] AR v ML i — AN mhiddy, FHT
RE A BTUR S WG TEOC RAFAE £, e RS teT o JF BRI PO RAFAE £, > FAT
W PR Z NI PP e RAFE GRS A% afid 2t 60 3 B = I HLHI AT P rl A8 T s oL, BVERE ML
Hil bR HE Transformer FEE B XFF 2 ki P al AR = PG, RoRw T

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

FRARS, q f1k SRFORERAMBTRORS], RATUSERE 1, FROSEMRE AN E R
B0, o p RIRSH I AR, AT £2, R AR . B, € [01]7 A p A — Ak ARR,
Ab7 (0,0) A B, (11)AREA T, mBRELERIIKNES], MBEREIGERNLE, tR
TR S, T RRBIR SIS, k RoRRRE MRS, K FORTEFTA WU L R
W Ay P Ay FR 5 M AMTER SRS WIS K ASSRORE AR i B BRI 27 BUR
Ange € [02] RZTHA—ALEFRE, B YD A =LIRHEI . AP, € R? R TCLIHE I —4E508L, TRA1]
A5 ZEHVRHAE £, I L VE RT3 5] AP T Avg = BT Py + APy T2 /NEG BTG P XL M A A 15
% (4 (B )+ APrige ) o ok ( By ) FAvHE 1A —FLAKR B, THTH FRESUZH t WIRIHFAE .

4.3.3. BRI 3% A MRTL S (Temporal Gaze Decoder, TGD)

BATUARFEIE: () Transformer ffAD 5845 o AT I IR L6 R ARADSS, HA T ZAMRIGIE. ]A]
FRTERF 3 00 5% 2R AP 5% DA 5 WL R S8 S R U AR o o 3 R AR 3 0 5 R A 40
BRIOHIH o BN, FIT2SIE W R, B R R

R XFEE SN TIESY: E R BRI S B A R, N L R A g
ARV, o F I N B B ARSI TN f e € RT L T FBAIHIN .

4.4, TRMEER

TSRS e ff ) 2 P A B L R0 R 3 A0 0% 28 ) R B 0 A B MR O R A IE DL
R FHEM R R SR RATWNEIE r, BEFRHE ] o e RE2ESISGFRZE py o LB M
BINBIREE py MERL H AR B

BARSRYE, AT 5E A B —E AR E A softmax BREU BT 22 J2 BALR T Sk ¥4 B 15 &
353 py AERLLLE (WA /WAL py o RIS, BEE AN =2 485 Z M sigmoid e B i) 2 J2 IR
T Sk E A FHE N, DA — A F)EATERE R sigmoid  BREUR BRI 22 2 BTSRRI AR H AR A B H
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wHR %
Kl py» Rtk
P =softmax ( MLP( ! e ))
p; = softmax ( MLP( £ g ))
(13)

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

Il = reshape(singid(M'-P( ft;trde)))

45. kEH

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, Z5Ithc

FEBATOBIANBLE . N 2R RN, BT IS 5 5RO R SEa6, S b pra AL i1
EMRASEHIINT N, BATH S GolEM R R LB IHFE TSRS, (8T I SRS AL R A 5k
A IR ANEA N, .

P s, AR RN [ E BB N s TN AL O R S o BRATTRE X S M s
0=0i=12N,. [, BAWGEEEERFN: T=t,i=12 M, 2,8, By . Hb M E
AR B ME LR RSB . el DLRCHIERERT LRI N: o o » | R A SHE R
3l (i) R LRI AR | DN HSHERTE R R 5] . FATE LU EAE RN -

Ng
Lot = z Lnaten (ti ' Ow(i))

Lmatch (tl 1 0w(i)> = ﬁlLbox + ﬁz I‘h + ﬂal‘w + ﬂ4 Lg

(14)

Lo (t1,0°) JE38 | A ZUSEHRI (i) MBI I OC A . DERRAK L (¢, 0°0) 635004
Ay SRR L, ] o RAE SO SRR AR Ly, B L SR AT GloU FRAE AR Ak
TEMUA R L, A8 0 A SO R . ML H bR R SR L A L, Bk, AR
L, :—(t,‘1 -Iog(oﬁv(i))+(1—t,‘1)Iog(l—o,f““)))

L, = —azelou(tg —og”<‘>)
L, = —(tjV ~ Iog(ov”:(i))+(l—tjv)log (1— ovvv"(‘)))

_ i _ qw)
Lg “tg 0 ,

t —op®

(15)

9

ok, | R EHNET, o(i) ZRITREIN S | LTRS¢, 2R MR 2O,
6 FRA M FAEM SIS, FORTER FAR IO, ), Jom BN E R M ST ot Fm ki
FRASIITINE, o) Fem kb FAEMTUML, 0" FoRUNEM MR FINE, 0¥ R B
b B o A 0847

GG, BRI 0 F RIS A U R, LUAEIE RS .
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PHBR %

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. ¥EfriEtR

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
ALy PEES(BRICHEES). AUC T = FRATE I I 28 T THI AL (AUC) AR Rl T A B R B S E . T For AUC
R, BT . Lo BEES L« FRATVE PR E AR B 2 B B R AR BT B 8 3R AARRE N
TR AL B ARARAR,  DLMR TSR TINME 5 B SV EA U TR Ly BB, AT TR BT AR AR 4 AN A 7
PERINEAT I, L RoR Ly FEE VN, BRI TR HERG . Beah, AR AP T SR EALTE
FIEAL B AR B AR Z AT/ N AT S5 ErERE, T 3RoR AP B OK, R FNRS BT ke

X T VideoCoAtt ##54E, R AR ES 78N AWK &6 FHERI L [RI3 00 B AR FAE . 3841
EH Lo R B (R PR B ) SR PP B AR A A U 3 (R AR HARAE 5% BRIt e FRAT IS AR E b or B 04 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
(PR, Acc T+ THUNI &, S o A7 7E L [RISE AL A ARATUMT 5 BT A A PR A7 S [  R0 PR AT 1) L A5 4 Sy T
MKENE . TR Ace [HARK, BLALTIMAG Bl . A77ESL R B AR E SCh: — MR A7 7E A
FPRA LA B NIAEERR A — A B AR, AR 17 78 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
Wl R RE AR Ny o 20, VUECHR R R AR BIBUE By Bo B, B M IR E N 2, 1, 1, 2. F8AT]
f# F7E ImageNet £ 4 HUJI 2k ) ResNet-50 Z A4 AL BRATH E T ML . EIZ 7L, R THAE
PRI, FRATT 8 2%t vi 6] 7] A8 JE Transformer i1l 80 4™ epoch, SR J5 {55 M E 4> S HAAE, B 586 T (A
BeilllZ 40 /) epoch.

5.3. IREFE{FEaE
5.3.1. MRSV 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 Lo BEEs L Apt
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 2 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 3. IMRBURY R MAMIERIITIHME R

WAReS HGTTR [18] IFTR TGQE TGFE TGD AUCT L PR Es APT
A \ 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. SE AR L E xHHERMBE 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 KL RN

ZH W E 2 R i 51 K i 2i + 1 AuCT LB AP
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 BRI

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 ERMmAD R R RN

= 1 2 3 4 5 6
AuC? 0.927 0.932 0.935 0.936 0.935 0.936
Ly | 0.106 0.097 0.093 0.096 0.095 0.096
AP 7T 0.914 0.920 0.923 0.924 0.923 0.926

5.4.4. WiEEYL X RFFESRID R = R HIRAG
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. MUBLEIL X RFHERRD IR B R BT

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

5.45. BFFIXABLRERAORE

2T YU TN I FPE AL R R G T RS S R BNV BT L. SRIG BB AR Sy S
AR 4 A, WAL REMRIDESEECN 1, WURVELR REHMERMIL & Z 80 1. SRIegs RaR W,
£ TDTD i A F 2D )= -

Table 7. The effect of the number of layers of TGD
F 7. RFEXRBREENEEEN

= 1 2 3 4 5 6
AuC?® 0.927 0.921 0.924 0.924 0.926 0.927
L PR s 0.106 0.104 0.108 0.110 0.107 0.109
APT 0.914 0.914 0.916 0.913 0.914 0.916
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Table 8. The effect of gaze query set size
= 8. AMKXARTINEA KNS

S K 10 15 20 25 30 35
AuC?® 0.896 0.918 0.927 0.927 0.928 0.927
Ll 0.129 0.116 0.106 0.105 0.105 0.106
AP T 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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