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AFEDS Y bV —IEZK21TRT. KigBw
T, ConvIdBAIAAZRT. RETFIED intermediate
training step (ITS) 3 X U diffusion step (DS) 2> K
s, ITS THWSEFME, Multimodal Encoder,
PMAM, PWAM 3] ® 3 DDEERES 2 —LEE
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4.1 Intermediate training step (ITS)

4.1.1 AAhH
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(a) intermediate training step (ITS),

@ Concatenation
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(b) diffusion step (DS)
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coder D A — 1 BHTHE LA L FE—XANEE
ECD vy 323, HHhE~vrFeE—2VEHE ED v
T3, 79, EO-D 2ZhZN Swin Transformer 3

L O CLIP 1ma e encoder WANT2., o %, Hi
%@&ﬁ%vgm L, REDOHNZ V), € REw» &
5. R, Vi, 0 kmﬁ#uggz%b<m5;o

:%%Lk%@%%mtﬁé ZRB T, Hh
2 (1) LA RO THE 3.

EM = FO G tanh (wf (FW)) +Conv ([Vawin: Veip])
7L, Conw BEU [, ZR2hBAAAE LU
F ¥ PV ANDIEEZRT.

4.1.4 PWAM

Pixel-Word Attention Module (PWAM) [3] 1%, E®)
BXUOH ZANCE D, wAFE-XLFHE FO
2T 5. FHEBEEUTTRES.

G') = VGEEgﬂatunl(wﬁl(lfa)))(uqk(fﬂ))T
G@>:soﬁmax(a“”)ww(fn)

FO =y, (wim (E(“)) ® Wiw (unﬂatten (G“)T))
¥/, ZOWA%E FO =PWAM (EY, H)) £ £7.
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Method Condition A w/ PWAM mloU [%)] oloU [%] P@0.5 [%]
(i) LAVT [3] - - 2427 + 315 2225+ 285  21.27 * 5.66
(i) MDSM [1] - - - 33.02 £ 551 3025 £ 492  32.76 * 5.28

(a-1) 1 vV 30.79 + 2.64 29.06 + 2.03 29.20 + 4.63
(a-2) 2 Vv 31.37 + 4.13 28.25 + 4.17 30.72 £ 5.19
(iii) Ours (a-3) 3 vV 31.91 £ 2.15 29.61 + 1.41 31.38 = 2.70
(a-4) 4 vV 36.15 £ 5.95 33.18 £5.12 36.63 * 6.92
(b) 4 - 33.02 £ 5.51 30.25 + 4.92 32.76 £ 5.28
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DS DANE X, H;, p(§us), DY TH%. DSD
&1, FIC Forward Encoder ¥ MRM 5572 %.
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ITS BL U DS IZBIF 2 FEEARE T X — R DI
Z, ThZzN1.23x10% £ 268 x 108 TH o7, Fi=,
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(a)“Go to the bathroom on level 3 and bring
me the picture frame that’s further into the
room.”

(b) ‘Empty the tissue box in the bathroom
on level one”

I 3: %%%%&@ﬁirmﬂ KHH 5, LAVT [3] TOF
<=2, MDSM [1] TOFHll~ 27, ?/%?fﬁi(if DF
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33.02%, 36.15%THH, REFENER—ZF 4 ¥
WXL 24 11.88, 3.13 R4 > b E[E o7z, oloU,
P@0.5 $ BWTHFERRIC, REFETIEIR—RF A ¥
FiE (1), (i) ZLFElo7z. LedoT, REFENT
NTOFAIREICE VTR D BIFRHETH- 7. %
72, 3 DODFHEREICHIT S LAVT L2 EFIEDOMERE
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6.2 Ablation studies
Ablation study ¥ LT, U NDEMEEDT.
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