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1. KFHESEES)L (LLM: Large-Language Model)

S 2 NOIBAR - R ICEHE LR ESIL LLM = VLM
ex) GPT-4 / GPT-40 (OpenAl), Gemini 1.5 Pro / Ultra (Google), Claude 3 / 3.5 Sonnet (Anthropic) 9 I{X 4 >!I:§{b§!
2. BEE=EESTIL (VLM: Vision-Language Model) - VLA

FEZ N, BitRk BEEAEICER - BRISETIL

ex) GPT-40 (OpenAl), Gemini 1.5 Pro / Ultra (Google), Claude 3.5 Sonnet (Anthropic), LLaVA

3. SAM: Segment Anything Model
B{RADD SPODMAEZBENCHE] - IDHL (BIAFT—23>) TE2EMHEE/R [T
~Ea1—-vEZ3> ]| OEEBEFIL

ex) SAM / SAM2 / SAM3 (Meta)

4. Depth Anything (V1/V2/V3)
H—pDEE (ER) "omBEREITE (RE) BRZHEIT DAIETIL

ex) Depth Anything V1 / V2 / V3

5. VLA: Vision-Language Action Model
B - SEOEFHF(CINA T, ORY MPIT—2x > bOITEZER - FliH T3 ETIL

ex) RT-2 (Google DeepMind), OpenVLA, Octo, n0 / Physical Intelligence 2 E>JL
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1. KFESEES)L (LLM: Large-Language Model)
SR NI - R ITEHE LIZESIL LLM > VLM
ex) GPT-4 / GPT-40 (OpenAl), Gemini 1.5 Pro / Ultra (Google), Claude 3 / 3.5 Sonnet (Anthropic) 9 I{X 4 >ﬁ{bﬂ
2 BHESEETIL (VLM: Vision-Language Model) ] - VLA
TF AN, Bk, BEZHEBECE] - IBEEITIETIL
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(3. SAM: Segment Anything Model
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\&x) SAM / SAM2 / SAM3 (Meta)

4. Depth Anything (V1/V2/V3)
H—pEf (HIR) NomBERRITE (FE) BRZHEE T DAIETI/L

ex) Depth Anything V1 / V2 / V3

{5. VLA: Vision-Language Action Model

H{R - SEOEARCHIA T, ORy MOI—21 > hOITEIZER - FlIHITDETIL

ex) RT-2 (Google DeepMind), OpenVLA, Octo, n0 / Physical Intelligence 2 E>JL
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valid mask valid mask ,—> annotate —l

.
2l f
’ lightweight mask decoder model data

T 17 train <—|

[

model

* im“gle Segment Anything 1B (SA-1B):
encoder
> N ‘ Y * 1+ billion masks § b=
o ° cat with ‘ ericoder | 1. million imuges
black ez * privacy respecting |
T . T * licensed images '
segmentation prompt image prompt 1mage
(c) Data: data engine (top) & dataset (bottom)

(a) Task: promptable segmentation (b) Model: Segment Anything Model (SAM)

https://arxiv.org/abs/2304.02643



ITO : A Vision-Language-Action Flow Model for General Robot Control ©
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ITO : A Vision-Language-Action Flow Model for General Robot Control

https://arxiv.org/abs/2410.24164

autonomous, 1x speed

https://www.physicalintelligence.company/blog/pi0
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¢ VLM% . (/ \EE)J'VEEEEE [Anarrossi, IEEE Access 2025]

- VIMZES T, SEERERRERRICIS OB FZENRT D
End-to-end’2RINFERIBEN SYIK - 187ReRa= 7 Bt

« SAMZRUWZEEZBEM LDz DIRMFES

— B&5 [Hattori+, arXiv2026]
— BEEPDOTIAFT—2 3> 2B T3EEET )L 2R MFEZ(CHA
End-to-end/2MEHF BMENSEIUE (TIA>FT—23>) OEBEE

e LLMZHWEESEISRICE DL ILFO/MNY ~HAEH
- EEERCHUREILFORY ORI [Yano+, IROS2025]
_ SEQEMR - BIRE. LFORGRESIEEEE
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« VLIMZRAWEZEZBERRECEDS U =45 — - J407D—Fl1i
- HREESEBIERITID UIEURYMADIFTE [Despature+, arXiv2026]
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VLM, REPEEE~MNSORY COEL A 7 OEFIFEHREM(FEHE=

High-level instruction Low-level instruction

< >

Position
8 ro— .< Velocity
Human Language Reply VLM Acceleration
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[Anarrossi, IEEE Access 2025]

o RHKRILBERED S —EMFz NI DPuELERKE (Sequential DMPs) %z
SRICRINFE

- VLM HZ., 1)TRTcEERRAR (Keypoints) &, 2) 8{EFHF—DJ—R
(Keyward-based primitive) DAERKICIEE U CTiE#:
o BRESFBIETRNDSIRAICIE U S HRIRBVEE R & IR

High -level instruction

Low-level instruction

Keypoint
Pairs //// ula
Generation DMPs "
: Position
Motion
| Generat :
\ Velocity
Primitive 10N
Keyword =:1-:;;, S ~ Acceleration
Selection el

State

Observation Keyword Labeled Primitive Selection and Keypoint Pairs Generation Guided Movement Primitives
(RGB Image) (KeyMPs)
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[Anarrossi, IEEE Access 2025]

15k & S8 a7 (SIS U T B EE M DIREE & EERIRELE
> B#ICINUIEVMD DT HBZEIRRITTESD ?

“Split it into 4.”

1.50
125
S
100
0.75 2
0.50 -2
025
0.00
1.50 1.50
1.25 1.25
1.00 1.00
0.00 0.75 ;i 6
0.25 ~ 0.00 270
0.50, 75 050 ¥ 02350 050 \¥
75 00 0.25 0.75 0.25
X4y 125 0.00 Koy 200 )
Xis 150 Axis 125155 0.00
(a) Downward (b) Forward

F—J— RfF= Human
SFEEMEZARMES

Knife
attachment
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[Anarrossi, IEEE Access 2025]

“Split it into 4.
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[Anarrossi, IEEE Access 2025]

“I have 3 guests, cut a few thin slices of
the chiffon cake for them.”
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[Anarrossi, IEEE Access 2025]

g

“I want to make wide chips out of this.” - i £
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[Anarrossi, IEEE Access 2025]

“I have 3 guests, cut “I want to eat this “I want to “I want to

a few thin slices of  chiffon cake for each make make wide ,_
the chiffon cake for day this week.” tsukemono. chips out of
them.” " this.”

“This is a 4909 block of meat
(length 21cm, width 8cm),

“This is a block of “Prepare it “Cut it into

the nutrition facts mentioned meat (length 16cm, for fondant &= . French \" ’ banana
that every 100g there’s width 8cm). Cut me  potato, this § ¢ fries.” ?/ pancake.”
150kcal. Cut me several 4 2 I " tato i ’ J
number of slices in a certain cm Slices. PO a_ OIS
length (3cm) just enough if I qu|te
want to go for a 3km walk small.”

after this.”
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BV I RIEBOZEREMN KE V28, visuomotor policy (&
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EMRIERERECKEFEL, RARBADFCEEMET I D

Visual observation

Robust visuomotor policy

ESRAROEY)/RBEEICEH T2 & T,
visuomotor policy ZO/\A MIEZBTETADTIE?




DRAIL : pual-Region Augmentation for Imitation Learning

[Hattori+, arXiv2026]
EENMN_E2L—2 3> (CBITFBdRER—-RIEMEZDIZHD
SARAVBESGFRICOIRZHFEIDIFE IL—LTD—DU&ELUT,
Dual-Region Augmentation for Imitation Learning (DRAIL) %igE 9 B,

Visual observation s Y S Augmented visual obs.

Task-irrelevant aug.



[Hattori+, arXiv2026]

SAMZ R L\/ZBiE / FF B nRlekih

o & T

| BZET0O0>T
(#EREMER (C X 9 B BEiEEIE ~ X 27)

W%@@»

SAM
1%%710

iﬁb@@@»

XMem++

AN BUREE| BEMEG I A FT—2 3> YA - T X/IENE

FEMFBRAFOEEETIANADIOCIT FAAICKD,
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We evaluate leaf-selection and positional-alignment success on the same lettuce

[Hattori+, arXiv2026]

DRAIL DRAIL DRAIL DRAIL
w/o task-irr.  w/o task-rel.  w/o dual
3 e 809 67% 53% 47%
| v J \ Eﬁéﬁiﬁgﬁ 739 47% 40% 40% I?RAIL achieves the
L highest success rates

Target leaf (largest defect)

eaf=selection
_positionalsalignment

DRAIL (Proposed) w/o task-irrelevant aug. w/o task-relevant aug.

leaf=selection leaf=selection leaf-selection

positionalsalignment positionalsalignment positionalsalignment

w/o dual aug.
(Diffusion Policy)
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We visualize attention maps to verify that actions are inferred from defect locations

[Hattori+, arXiv2026]

The policy focuses on The policy attends

the defective leaf ITarget leaf (largest defect) broadly across the scene

4

w/o dual aug.
(Diffusion Policy)

DRAIL (Proposed) w/o task-irrelevant aug. w/o task-relevant aug.
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[Hattori+, arXiv2026]

Task-Relevant and Irrelevant Region-Aware Augmentation
for Generalizable Vision-Based Imitation Learning
in Agricultural Manipulation

Shun Hattori', Hikaru Sasaki!, Takumi Hachiminel,
Yusuke Mizutani?, Takamitsu Matsubara’

SCienc@

1 Nara Institute of Science and Technology (NAIST)
2TSUBAKIMOTO CHAIN CO. g/ Innovation
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“Move to Center”

Local observation area

2 oz
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[Yano+, IRO0S2025]

HEDRE 2Oy MIBCEORMTE S ICEDKEERRE
o YRAURYT | SBERE(FRIZAFDOmAT XD Z2HFD

“Security Patrol”

“Move to Center” 7
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ICCO: Instruction-Conditioned Coordinator 32

[Yano+, IR0S2025]

SRR R ERRAIRDZETDING O RAZRBAMARLI L —ALAD—D

“Move to

Center” ANEREHR I — RI\WD e

i) Coordinator /
dh

LLM Policy
“Security Patrol” /

N TACI : SRS - —BUEER
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B (LSS ABE TR [Yanot, IROS2025]
ETEE IO T N CEESRDO BESEA SR L TS

LLM7 U EleE LLMd D E57
%lll.ﬁtlllzti‘.:fg?'fz Coordinator Instructor
: /63 Radom Vect L
UILLWH IS S B ZE IES > aG:r?:era?gror ]nasr’lgtl’lftgi’c?n gt

v
St *t

P Coordination Policy

v Coordinator
LLM

RITRHIATEDSHEIER

|
1
|
|
|
I
I
|
|
| § |2 DV
| s
. Task-Aligned I ; — -
6Tt — and Consletsnt : P Coordination Policy
—P>| ¢ | Instuructions(TACI) | _
. G ZEI I o
A 4 . \ 4
Local Agent™| | Local Agent™
[ T H -
. Local Agent® |.--| 1 . Local Agent®|.-
o¢ . 1] ot .
! Local Policy Q! [ ‘ Local Policy @*
|
‘y'y ' y'y
|
Env | Env
1
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ERINES X J[B. Liu+, 2021] [Yano+, IROS2025]
ERIVE L BIREEZRFCITONEDHDSF XY
ResourcesICH/=3d(+5), ResourceszzhomellH5EI1FD(+1),
Agenth'Invader(CH/z3(+4), Invaderh*HomelZEIET B(-4)

6.5[m]

.

® Home - Fesource

« Agent « Invader

Invader (TurtleBot)  Agent (Go1 with Muzzle) Resource
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[Yano+, IR0S2025]

ICCO: Learning an Instruction-conditioned Coordinator for
Language-guided Task-aligned Multi-robot Control

Yoshiki Yanol, Kazuki Shibatal, Maarten Kokshoorn“?and Takamitsu Matubara®

1 Nara Institute of Science and Technology (NAIST)
2 Delft University of Technology
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. U _9_ : *E%A,C‘_’_EEETEH__\ ( ,j!i) (:'ij\\b\_c'/fiﬁb [Despature+, arXiv2026]
e JAOD— : BEDOHCEDWVWTITE (BEZEENSW)

» DR ARZEIEFE(CK D TERSFLIZL)
[

Target object: “Cardboard Box” Goal: “Black Case”

FolloWer VIEW :_’ ‘i \
mrilgﬁ 1’5—15"%" Q" \ K 3

&
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VLM UEllER - VLMBDEITIL—LD—D
—LDespature+, arXiv2026]

» VLMND'SDmN 723 5kY) & BIRONME (CERTE
» SIEREF(E 0/ Z )Lk - BIRCTFE (ZHRIEHER)

Back-projection

St, Tt e Text (object. goal) Text (object)
Critic RGB " 'lv Text 1 1 RGB
T
Depth TN TN ;
Vector Generator Vector Generator I > i 11?;5:11 ce | jn%.::‘];er:llce VLM
i obj _goal obj : b Simularity ma l
LL'E'“{IH l”t ', 0f 04 1 ) Leader 5;'}]],55”31 ﬂfh]l Yy map |
Dt ﬁt 51!" L4 ﬁf
—* Actor I I Actor  [g===— -»1  Actor Actor |«
F vF YRR~ ] = R =
b,k WERE ]| ek b2k wEsE [ [akse | Dot D,
! h
: 2K — T

| T | T
g ~
ag
Ll af

L F
R t 1 Qe
. ~ob
Environment 1 ¢ :

Environment
(c) VLM inference

(a) VLM-free training (b) VLM-based execution
Fig. 2: Overview of the CoLF framework for vision-language-guided multi-robot cooperative transport.
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CoLF: Learning Consistent Leader—Follower Policies for

Vision-Language-Guided Multi-Robot Cooperative Transport

Anonymous Authors

1
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- BEEFRAFRHEHE ZEMRE (2025.7-)

HAROMRY hES: 2023-2024 IBE (E) , 2025-&8 7
IEEE ICRA: 2023-2025 Editor (Robot Learning) ,0F

[JRR 2023- Associate Editor
Neural Networks 2023- Associate Editor F-REI
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1. HES I NIVIEEESR 2. fHIRHIESR 3. EAGmZER ULERESR

\ Door-Opening (Real)

RGB Camera

Door Angle
Indicator

®
\

D

Kadokawa+RAS23 Hachimine+RAL-ICRA24 WuU+IEEE-Access26
Kadokawa+T-ASE25 Hachimine+RAL-IR0S25

»

Handle Angle AR Marker
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