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ANERI - A2 fLB
Shintaro Ishikawa Komei Sugiura
B ERAAR Y

Keio University

Currently, domestic service robots have an insufficient ability to interact naturally through language. This is
because understanding human instructions is complicated by a variety of ambiguities and missing information.
Existing methods are insufficient to model reference expressions that specify relationships between objects. In this
paper, we propose Target-dependent UNITER, which learns directly the relationship between the target object
and other objects by focusing on the relevant regions within an image, instead of the whole image. Our model is
validated on two standard datasets, and the results show that Target-dependent UNITER outperforms the baseline

method in terms of classification accuracy.
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# 1: PFEN-PIC ¥ WRS-UniALT 2B} 2 E&AVHER

Accuracy [%]
Method PFN-PIC ‘ WRS-UniALT
Baseline (MTCM [Magassouba 19]) | 90.1 4+ 0.93 91.8+0.36
(i) Ours (FRCNN fine-tuning 72 L) | 91.5+0.69 94.0 +1.49
(ii) Ours (Late fusion) 96.0 £ 0.08 96.0 +0.24
(iii) Ours (Few context regions) 96.6 + 0.36 95.8+0.71
(iv) Ours (Pretraining 7 L) 96.8 +£0.34 95.4 £+ 0.19
Ours (Target-dependent UNITER) | 96.9 & 0.34 96.4+0.24

3.4 Multi-layer Transformer

Multi-layer Transformer &, (a) Multi-Head Attention &,
(b) &fEEHE, (c) Fury 7Y ME, (d) EFULE, (e) &4
A, (f) BB, (g) &FEE, () Fay 7w M E,
(i) EHLEE Wo BB SR ENTED, (a)-() &
Transformer O 1 G EFKT 5.

AJT hirans BUATORXTHLNS.

Rirans = {Piztembs Rimgems } (9)

BrLoie, LToRICXoT, queryQ®, keyK®,

valueV® % Zh 24 Attention @ Head 347213 4K T 5.

QW =wPnl .., (10)

1)
VO = W, (12)

FT, BUTIZR Y Multi-Head Attention DFHERICHED
%, Attention 237 Suun ZEHHET 3. HIZBAEOY A
X, AlZ Attention @ Head B % 5.

K(i) — W]gi>h(i) (1

trans?

Sattn = {f(itlzna ey (S,?t)n ’ (13)
(4) g ()T
ORI QUK
= V'Wsoftmax(———), 14
fattn ( /dk ( )
H
dx = 1 (15)

ETFNEROEE T p(g) &, UToRick->THLHNS.
R}rans t& Multi-layer Transformer OFM&EOHTEZRL, §
BTHIETD 5.

p(y) = SOftmaX(fFC (h;ra'ns)) (16)
B, BABABICE ERELY P —REZ T 5.

4. EBR
41 T—REvh

ARERTIE, 77—+t b LTPFN-PIC [Hatori 18] &
WRS-UniALT % {EH L 7.
4.1.1 The WRS-UniALT dataset

AFFETE, BMOEBEH T -4ty b LT, WRS-
UniALT ZfEpL 7. WRS-UniALT (&, Eif§H & CEiGH D
VRCB S 2 A oS 7T -2ty b TH . Hif
%, World Robot Summit Partner Robot Challenge [Okada
19] DIFHES T 2 L —RIZBWTAEESER Ry ML o T
BINbDTHD, ¥ 5 BEOHMMZIMEDHTICHEL
b DOMBE STV, maxid, HETHOVEENGRE 35
HEFSCTH D, 6 ADT /7 T — Rk o THEFEE TR ENT
w3,

WRS-UniALT 2%, 28T 570 KOBE{HR Y 1246 X DIER
XBEENTED, FBEEYA XX 167, SHEFERIT 8816, F
BXREIZ 71 THE. RERTIE, BB T27—-2Ey bOH]
W k- T, JIES, MAEES, TA MEARIRZLZN
2048, 210, 232 ¥ SV THEBEINL TV 3.

4.1.2 FT—2tvy OFiE

REFEROFUI L LT, Faster R-CNN [Ren 16] % fifif
L, 7—&ty b OKHEGD SEROWKEE M L. 7
7L, B U&aEEE, B9 L D ERERE E—M Lo
J=7z%, Intersection over Union (IoU) B iZ&D0%, 8> 0.7
DORRHERE EfRY > 7L, B < 0.3 O HEEZ RIEMRY >~
TAE Ll &5, F—&ty NATEMRE RERDY > 7
MEEFERIIT 5720, REROY > IVEESH O IERY > T
N RICBSHEEAIEIRL, EROY Y IAEEITIZ T
F—&REty bk L.

4.2 INTA—ZRE

F v b7 —2 AN Transformer [Vaswani 17] 1%, B2 2,
FEE DRITEDS 768, Attention O Head (25 12 TH - 7-.
BB I2iZ AdamW 2L, #ERII8x107°, XFv 7
13 20000, Ny FHA RZTHot. BB, 1 X7y Fi&
12Dy FOUHEEKRT 5.

HEEB D5 X —X50E 4200 5 TH Y, fine-tuning D
RTRA—=ZEIZ 3900 FTH 3. ¥HIEAEY 11GB 5
@ GeForce RTX 2080 3 & T Intel Core i9-9900K Z{HFH L
7o BURENE, HR1YE 2 3 K, fine-tuning A5 1 IFfE
THotz. ZEEPIE, 2000 27y T CRIEEEB I UT
2 MEEIC X BFHEEITY, MEAEESICBWTRD SVREE
SERL- 2T R MERICBIIARE R, REIREE DR
Er L.

4.3 TENRER

EEMBRER 11ORT. MREFHEC SRS E 2 #H L 7.
T—=&Rty FACIERY > L RIEFY > T RER TFE
T30, Fr AL —MI50%TH 3.

# 11RT & 512, PEN-PIC IZBWT, EETEIZ 96.9%,
NR=2ZF 4 YFHEIZ 901%%Z5Fk L, WRS-UniALT IZEW
T, REFIEIZ 96.4%, "N—2 54 FiKlT 91.8% %Lk L
7. Tk b, $##EFEIE, PEN-PIC ¥ WRS-UniALT I8
WT, R=R74 YFiEEZh 2N 6.8%, 4.6%LE->TW3
Zehbhs.

BB, R=X74 YFEORBEICEL TE, AEBRCHIE
L%l LT 5. AEBRTHONEIE, [Magassouba
19] THEZINTVSELD BPPEI R oTVS. T,
AREBRICBOTET A TREEZ T 729, Source DIFEH
PRBENI SV LTHER LR 272720 TH 5.



(d)
¥ 3: PFN-PIC ¥ WRS-UniALT 281} 2 @RS R

4.4 Ablation Studies
Ablation Study ¥ LT, LITD 4 &FEED 7.

(i) FRCNN fine-tuning 72 L: Faster R-CNN %% 7 — &
+ v MZ fine-tuning 325 E LEWEET, MREicy
DREDEPEL 20EHR5.

Late fusion: “early fusion” ¥ “late fusion” T, REIC
COREDEIEL 2%, early fusion IZBWT
X, WA, SRVUBMERMOMEE, BT OSMIRDE
A —D Transformer % v bV — 2712 & o THREMIC
JLPRXNS. late fusion ICBWTIX, SRVMAERMEDOHE
B ZoMDO AR L DXy bV =212 Ko TS
Nk, 2y b= ORKIGHEEIND.
Few context regions: Context Regions ¥ L CASI$ 3
OB Z D F FOHE L F7ES THET, MR
WWEDREDENET Z0EHHR5.
Pretraining 72 L: UNITER [Chen 20] O #ij%% % 1T
SGE LTORVEGET, HEBICEOREDEIETL 3
DR,

£ 1IIRT L5118, PEN-PIC IZBWT, &M (1), (i), (i),
(iv) I k> THRENZRZN 5.4%, 0.9%, 0.3%, 0.1%BA L
TW5. %72, WRS-UniALT IZBWTIE, 5 (1), (i), (i),
(iv) K& o> THEENZhZN 24%, 0.4%, 0.6%, 1.0%iED
LTW3. PEN-PIC iZBW\TIE, FrEREA LICEHF S LTw
72 #3213 Faster R-CNN O fine-tuning TH D, XA early
fusion THo7z. —F, WRS-UniALT IZBWTIX, FHCIERE
F_EICEFS L TW=E21Z Faster R-CNN O fine-tuning T#
D, REPEFEETHo7. ThED, early fusion BX U
HAEEE TV OMREA LICER TH o e bhd. 7
B, Faster R-CNN ORI DMK, AHIZED R 2 — 74
TH5.

4.5 TEHRER

EMRFERZN 3 IRT. KICBWT, fREATHEATWS
DT — &ty MBS TV 2 EEEICED S EoXf
REHTH D, FEOTHE I TV ZHEA Faster R-CNN 12
X o TR L7 R EBIERTH 5.

(a) 1% PFN-PIC IZ3B1J % True Positive DI TH 5. @4y
X “Pick up the black cup in the bottom right section of

(i)

the box and move it to the bottom left section of the box”
THH, NEYKRIETOREICH2BEDH Yy TTHE. H
BTEHENTWRHEBRICOWT, p(g) =0.999 ¥ HALTED,
IFIEIEREIC YRR RN TH 2 L HIETE TS Z e
b 5. (b) 1X PFN-PIC IZE1F % True Negative DFITH 5.
A “Grab the sky blue cup and put it in the upper
right box” TH b, XNREVIKIIETOXEIZH ZKEDH v T
TH5. BOTHERTOWBHERCIOWVWT, p(g) = 2.37x107°
LHALTED, FFEMYSEZEEAINRER TRV e
ETETVWB IR,

(a) & WRS-UniALT 281} % True Positive DI TH 5.
WAL “Give me the white cup” TH D, WR¥IEIES >~
ZDOLICHZABDA y T THS. HETHIA TV SHEER
IZDOWT, p(g) =0.999 AL TED, IZFXEMICYELHE
BRI SR TH 2 L HETETVWB 2 e 2ibh 3. (b) &
WRS-UniALT 1281} % True Negative DI TH 5. @HL
¥ “Take the can juice on the white shelf” TH D, WERYMAE
O Eicd 2REDETH 2. FETHEHENL TV S HEHICD
W, p(g) =819 x 1071 ¥ AL TED, IXIFEMEIC S
TN R TRV EHETE TS Z e dsbh 5.

5. &HDIC

AEXTIE, SRWIAICET 2 SBERE & W EE
NIRRT Target-dependent UNITER Z18% L 7-.
REFHRCLZ2EMIUTTH 3.
o VAT RIEfR S T ICB W T, UNITER BUEEHHE
[Chen 20]  LHERIZEEET LV EZEHA L.
o UNITER IZBWT, NERWRERZ %> Filifha 2 EA
L.
o QDT — &ty MIBWT, BEFEINR—X T4
YRR E S FERE T LR 5 7.
FERMIZE T, FEEO Ry MBI 2P RIEHER DO SR
YVEDRES X IR OEITHEZ SN 5.

BE Xk

[Chen 20] Chen, Y.-C., Li, L., Yu, L., El Kholy, A., Ahmed, F.,
Gan, Z., Cheng, Y., and Liu, J.: Uniter: Universal image-text
representation learning, in ECCV, pp. 104-120 (2020)

[Hatori 18] Hatori, J., Kikuchi, Y., Kobayashi, S., Taka-
hashi, K., Tsuboi, Y., Unno, Y., Ko, W., and Tan, J.: Inter-
actively picking real-world objects with unconstrained spoken
language instructions, in JEEE ICRA, pp. 3774-3781 (2018)

[He 16] He, K., Zhang, X., Ren, S., and Sun, J.: Deep residual
learning for image recognition, in IEEE CVPR, pp. 770-778
(2016)

[Magassouba 19] Magassouba, A., Sugiura, K., Quoc, A. T.,
and Kawai, H.: Understanding Natural Language Instruc-
tions for Fetching Daily Objects Using GAN-Based Multi-
modal Target—Source Classification, I[EEE Robotics and Au-
tomation Letters, Vol. 4, No. 4, pp. 3884-3891 (2019)

[Okada 19] Okada, H., Inamura, T., and Wada, K.: What com-
petitions were conducted in the service categories of the World
Robot Summit?, Advanced Robotics, Vol. 33, No. 17, pp. 900—
910 (2019)

[Ren 16] Ren, S., He, K., Girshick, R., and Sun, J.: Faster r-
cnn: Towards real-time object detection with region proposal
networks, IEEE Trans. PAMI, Vol. 39, No. 6, pp. 1137-1149
(2016)

[Vaswani 17] Vaswani, A., Shazeer, N., Parmar, N., Uszkor-
eit, J., Jones, L., Gomez, A. N., Kaiser, L., and Polosukhin, I.:
Attention is all you need, in NeurIPS, pp. 5998-6008 (2017)



