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Domain Shift in Robot Vision

Object Detection with robot vision (angeletti et al., 2018°)

Human-Robot Interaction Context Domain Shift by Translation and Scale

Verbal instructions
of a “teacher”
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Performance downgrades by domain shift

Robot’s attention:
motion or
disparity

Target
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S T S—-S | S—T S T S—-S | S—>T
translation | \€ft | right | 98.33 45.80 <cale close | far 99.45 18.44
right | left | 99.33 | 5449 far | close | 98.67 | 28.80

*Angeletti, Gabriele, Barbara Caputo, and Tatiana Tommasi. "Adaptive deep learning through visual domain localization." In 2018 IEEE International Conference on Robotics and Automation (ICRA), pp. 7135-7142. IEEE, 2018.
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Domain Shift in Robot Vision T

Object Recognition with robot vision (massimiliano et al., 2018°)

Domains Accuracy on different domains
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(a) Source Domain: Artificial light, Kinect camera and White background

Source: Cloudy-Webcam-Brown
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Cloudy Cloudy Directed  Artificial Cloudy Artificial  Directed Directed  Artificial | Directed  Artificial
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*Mancini, Massimiliano, Hakan Karaoguz, Elisa Ricci, Patric Jensfelt, and Barbara Caputo. "Kitting in the wild through online domain adaptation." In 2018 IEEE/RSJ International Conference on Intelligent Robots and Systems
(IROS), pp. 1103-1109. IEEE, 2018.
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E Q1 H-2: Unsupervised & Active

2l e 2

o X|Y TOQlo] £E4Z &8I0 HEQO Hs2 SHA7|= o St A AN 1 ALO| XtO|2 2ot d5 X3t =0l
7|=(Domain Adaptation)= &%t AH|A THEF O3 7| &2 o
o P =° - o HIX|Z SO|Q ME (UDA) 7% 7HL 2 M5 J4M ol
o ALEX HOE Sl XY =29 XA S SZA|IZ|1 0| o AF2X} £HO{2 E3 XA S 7|2 M2 9 M5 JiM Bl
2h835l= Interactve Target Domain M8 7|& 74
e HIX|E EHQ MZ 7|= 74 XM 35 HlolE of E Q! Xtolof I}E ‘dS X5}
« A HSH90E > 10E) Al 83.39% > 67.48% 45 X3} d = 234= &8
« AEFY 733%(1), Ox HMEt -'?'-O:I, EXMH I|HO ML All > All 81.91
C 24 ZE, U O, T AE 4%p ~ 9%p B M 10> 10 8339
- 45 - 10 85.65
E#HFZt = Ql Ko
e 53 MO HS 7lE MY QITEE 90E 455 105 90> 10 67.48
« X|9 H|O|E = CIYME0l =2=tAM 7|8 AHE MEH
K N BN X4l DBOIM 02 XE7|& HE HE QY M5 Hla
- 98770 X|% ME F 100/300/5007HE ME= MEY
UDA7|%t source-only 58 ¥E AEY NS 2x H¥EY  AEY H3+2Xx FE
L A4 MEBO| P HS ML BHAUMTIYY> RS X
w A Ha 67.48 67.12 67.76 70.25 73.30 (+5.82)
« 1008 ME 28 Al Bk 12%p ~ 13%p 7HM
ADAZ|%t  source-only 2z Ch¥d = target-only
= 77.09/80.21/  77.40/81.47/ 80.02/81.66/
o : o
4 67.48 82.51 82.50 82.51 CERED
. . 1) W.Y I, " -Style-A V] ised in Ad ion for Obj ion,” RA-L2021.
Copyright © 2022 ETRI. All Rights Reserved. VK St ot ol "o ek DUt Aot o Ao ovn Obhect Detction - CVRRAC1S, 11
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POHANG UNIVERSITY OF SCIENCE AND TECHNOLOGY ;i_l‘ 2 ﬁ K} % +_| ﬁ __rl. .?ﬂ
c ol M2 Active
[ o L
ol 25 Sl SH5L71 2 Zat

= =
o 7| ot5 AN} MOl XY ORI 2o ME S 2[5t o HE ZHE QS HE &Y 282 =0/|7| 2ot 55 &
MZY FLZEQ Unsupervised Domain Adaptation 7| & ZOQl M3 HEHS Kot
o Ol HE EtE EM4uF =0 Ql AO|O|M S/t §d= e DomainNet CIO|E{ 4 CH&f AO[st =OQl CH&f 27 et
22510 Moz sh&st7| st MAY A S (Layer) 59.1% = (3-shot Active Domain Adaptation, SOTA 435)
}_7' odl f=1=! Ac.;%
Oracle
Bl OfEf M X & H|o|g e HEE (%) FEHE(%)
— ﬁ@ﬂ = (1shot) (3-shot)
MME 442 48.2
X9 = E OO = 280| MHESE AL MZo| MENS StH S =2
| | |'|3 | = == |OI:|E I'O:I =0 APE 446 489

Target Data Distribution Prototypical Data Sampling Sampling for
e N\ N\ High Confidence Class-calibration MetaMME 48.8 _
A
Class 1 ‘A A o oo Pseudo label I
Class 2 A o AA _’(XPL'J’PL) * BIAT 455 49.4
> _:_._(29_._ Target Source

. Annotation Data Data

o o o CDAC 52.1 56.2
o Fooo ||| sas> G- mE

H Target Class Distribution
\_ J U _J Low Confidence : Ly + Lagv+ Lasy Ours 55.1 59.1

7|& 97} (cvPr22 =2 £1)
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nee ano recnoocy  Sh 2 X KHE Al o 1 @

¢ S5 S4 o177l Z 7}
o ALEXL Y2 XA HIOF X|Y 215 GO HES o O|OX| 25 HEOIA 2O/7N 2, 22t 4= BEHS
M 5= Weakly Superwsed earning 7|1t M4 4d5t= WSL 7|= e SOTA d5 24
o &= FEH HO|HE 0|84l XY =215 H|O|EQe| HES o 20| 0|u| =& HEOM Ct== HO|E 2| o0 22 EHS
M- 435t= Few-Shot Learning 7|1 A4 M-St Few-Shot Learning 7|2 7H: SOTA 85 24
o SCIEZ M@/ 2= &tz =& 2 F10 (1JCV, CVPR 2021)
WSL 718t 4 28 7|g0| Ha| B M5 HlnE
RIZEH 90| 2, /A 2, A F=, Few-Shot 20| &%)
|
Clas;?f?cg:tion T’ 24 gE E||O| E1 27t 8E APsy"
Network PRM [3] olgjx] & MCG [4] 26.8%
P SDI [5] A= 7:1% BSDS [6] 44.8%
rpp— Instance Lal Esi, SDS [7] O1A|' Eol_ MCG [4] 438%
Propagation Qurs O|D|X| =5 = 46.7%
N 5§ gEdoE  wi¥8  Ezo0
el segmenteton Lot DSRG [8] o|O|X| & MSRA-B [9] 63.2%
Inter-pixel — SDI [5] N 74* BSDS [6] 67.5%
Relation \F Ours O|O|X| E= - 64.8%
Network N = i
Class Boundary Maps Etél xC‘)“él“ E‘I|O|E1 _‘?—7|- gE J_.g_E. |0U
CASENet [13] O|O|X| & VGG19 56.8%
Det+HED [14] AME 74* VGG16 51.9%
Ours o|0JX| & Resnet50 59.8%
=] 1-shot mloU 5-shot mloU
PANet [15] 48.1% 55.7%
PGNet [16] 56.0% 58.5%
Ours 56.7% 62.6%
Copyright © 2022 ETRI. All nghts Reserved. 15
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Out-Of-Distribution Generalization

CEEHAA A2 AMC) QSRS WA AH IS

* Yoshua Bengio == O|O|MEQ| st=0f RO 71 S8
OOD HISE (OOD Generalization) = @'.% M7
- 23 a2t A0ot S8 o420 ti33t=0 00D YEtzt= 24l

o
0
>
of
OF
I
l

SER A
AGENT LEARNING NEEDS KA A|ZF MMQF =00l 28
OOD GENERALIZATION KM = 2b= Q9lo| HE}
o "1 ©o 710 L——l =
+ 00| HEQ} EF of o] HEO| #g|

Agents face non-stationarities

Changes in distribution due to

¢ their actions

. H
* actions of other agents = g
» different places, times, sensors, |
. . |
actuators, goals, policies, etc. *
o9 O|la
; . ; o CHS= ol
Multi-agent systems: many changes in distribution OlH l-"' L2 =l
Ood generalization needed for continual learning OOD == gl- o = R

=XM: Yoshua Bengio, “From System 1 Deep Learning to System 2 Deep Learning,” NeurlIPS Invited Talk, 2019.
Copyright © 2022 ETRI. All Rights Reserved.
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Generalized Out-of-Distribution Detection >

A

<€ (e) Out-of-Distribution Detection >

Train

dog
Test @ )

® %

=10 TIPS 00D J
’ ZAN P =
A ) ‘ 2 E‘

B (B : :

oo Aemaly beleetor & One-Class Novely Detection () Multi-Class Novelty Detection (d) Open Set Recognition (f) Outlier Detection

& One-Class Novelty Detection

Yang, Jingkang, et al. "Generalized out-of-distribution detection: A survey." arXiv preprint arXiv:2110.11334 (2021).
Copyright © 2022 ETRI. All Rights Reserved. 22
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Learning by Asking Questions

Agent
| tl I Question Proposal Module Question Proposals @, Oracle
nputimage Extract -
Features Question Relevance r yai1ige | = - .
Question Selection Module Answer @)
CNN  =—p How many red cubes v _ — - QS:;C;:f:q)
Question Answering Module State  Priorstate e
How many red cubes VQA Model v Answer Learning Progress of VQA Model v d
4 4 4 4
—> — — — — Generated
qttpe Question Generator g B oy a6 afks — sur(Jlergls;)on

Misra, Ishan, et al. "Learning by asking questions." Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. 2018.
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Visual Dialog Navigation

TIR

HapEA T

L

o

. . Action
To find a nightstand in the room.
_g_targ ~T Curren; state h, S—— ’1'; Decoder
i WeTA | instructive g Pt |
- ’ feedback E |
wmy m| L oo CLHY
: WalA B Should | go straight to the sofa? <md-dates
Visual views . g
- et n Yes, you should.r m
. Orade
Whether To Ask (WeTA) What To Ask (WaTA) |
~ 0 o e
. step
Uncert etric: :
GO vty muc Goppr e SER
_‘5‘""'! E(pH pe i _.Quostion_." ’ :

*_—-—f

Zhu, Yi, et al. "Self-Motivated Communication Agent for Real-World Vision-Dialog Navigation." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2021.

candidates 1

" —xe —-— ~h—
Quest
— i, Ann xor:n ous
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Visual Dialog Navigation

/" Is the direction towards the)

: Val Unseen
door the correct direction? Method
SRt OSR?T SPL?T
Random 1.76 11.93 1.01

R2R Teacher Forcing [1] | 3.21 4.94 2.80
R2R Student Forcing [1] | 12.88  4.20 8.07

RCM [27] 9.29 14.23 6.97
Self-Monitor [15] 8.15 11.28 6.44
FAST-Short [&] 10.08  20.48 6.17
Navigator-Pointer [ 9] 14.40 28.20 7.19
SCoA (Ours) 16.94 29.29 8.2

Table 5: Performance comparison on the unseen validation
of the REVERIE. Three metrics, including SR (%), OSR
(%) and SPL (%), are introduced.

Zhu, Yi, et al. "Self-Motivated Communication Agent for Real-World Vision-Dialog Navigation." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2021.
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Vision-and-Dialog Navigation

https://youtu.be/BonlITv_PKw

https://cvdn.dev

TR
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8{Into the hall or the office? J Q,
Left into the hall. W
Follow it to a living room.

Visible to both Navigator and Oracle

| Hint: The goal room contains a mat. | {,

Visible Only to the Oracle

Visible to both Navigator and Oracle

| Hint: The goal room contains a mat. | {,

8{Okay, left or right from here? J Q,
A, Left into the bedroom. Cross
it towards another door.
QOutside or the bathroom
over there?

Head into the bathroom.
The mat is in there.

Visible Only to the Oracle

Thomason, Jesse, Michael Murray, Maya Cakmak, and Luke Zettlemoyer. "Vision-and-dialog navigation." In Conference on Robot Learning, pp. 394-406. PMLR, 2020.

Copyright © 2022 ETRI. All Rights Reserved.
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Large Language Models...
Robot: Hi there, I'm a robot operating in an office kitchen.

Robot: You can ask me to do various tasks and I'll tell you the sequence of
actions | would do to accomplish your task.

Human: How would you hold the snickers?
Robot: 1. pick up the snickers, 2. done.
Human: How would you put the trailmix here?
Robot: 1. put down the trailmix, 2. done.

Human: How would you put a water bottle and an oatmeal next to the
microwave?

Robot: 1. find a water bottle, 2. pick up the water bottle, 3. go to microwave, 4.
put down the water bottle, 5. find an oatmeal, 6. pick up the oatmeal, 7. go to
the microwave, 8. put down the oatmeal, 9. done.

Ahn, Michael, Anthony Brohan, Noah Brown, Yevgen Chebotar, Omar Cortes, Byron David, Chelsea Finn et al.
"Do as i can, not as i say: Grounding language in robotic affordances." arXiv preprint arXiv:2204.01691 (2022). 27

Copyright © 2022 ETRI. All Rights Reserved.



ETII

HRHXEAAT

Large Language Models...

Human: How would you put the coke can down on the far counter?
Robot: 1. find a coke can, 2. pick up the coke can, 3. go to the far
counter, 4. put down the coke can, 5. done.

Human: | am thirsty. How would you help me?

Robot: 1. find a water bottle, 2. pick up the water bottle, 3. bring it to
you, 4. put down the water bottle, 5. done.

Ahn, Michael, Anthony Brohan, Noah Brown, Yevgen Chebotar, Omar Cortes, Byron David, Chelsea Finn et al.
Copyright © 2022 ETRI. All Rights Reserved. "Do as i can, not as i say: Grounding language in robotic affordances." arXiv preprint arXiv:2204.01691 (2022). 28
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Large Language Models...

Human: How do you explain the process of making a soup? Robot: |
would 1.

1. get a pot, 2. fill it with water, 3. put it on the stove, 4. turn on the
stove, 5. wait for the water to boil, 6. add the soup mix, 7. stir, 8. wait
for the soup to finish cooking, 9. turn off the stove,

Ahn, Michael, Anthony Brohan, Noah Brown, Yevgen Chebotar, Omar Cortes, Byron David, Chelsea Finn et al.
"Do as i can, not as i say: Grounding language in robotic affordances." arXiv preprint arXiv:2204.01691 (2022). 29
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(@

| 2 |4 (Closed)=| 1 1 (Static)E
- 2X 23 234 2 L, FA8l0] #H3t (Continual
Domain Change)
- 222 E EX XS =200 X[= &S (Continual Domain
Adaptation)
« ZEl MA X} & FX[F MMEF 2 Hf= (OOD Detection
and Learning-by-Asking)
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An important challenge for machine learning is not necessarily
finding solutions that work in the real world, but rather

finding stable algorithms that can learn in real world.
(Timothée Lesort, 2020)




