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Cloud-edge Collaborative Multi-agent Embodied Learning Driven by Large Models

WANG Juan' ZHAO Da-Wei* ZHU Qi* LIU Hua-Ping'

Abstract Embodied learning enables autonomous intelligence through active interaction and data collection
between agents and the environment, combined with iterative model updates. However, as the complexity of the en-
vironment and the scale of tasks increase, conventional single-agent methods face critical bottlenecks, including low
data collection efficiency, low sample utilization efficiency, and low training efficiency, which severely limit system
scalability. To address these challenges, we propose a cloud-edge collaborative multi-agent embodied learning frame-
work that leverages the high-level reasoning capabilities of vision-language model (VLM) to achieve multi-agent effi-
cient online exploration and collaborative data collection without additional training. Specifically, each agent uses a
VLM to interpret observation data and perception information, constructing curiosity maps that integrate
semantic and spatial states to guide short-term goal selection, thereby enabling synergistic advancement of semantic-
driven utilization of high-value regions and spatial-driven exploration of unknown regions; Upon completing short-
term exploration tasks, agents perform long-term exploration planning based on global spatial states and shared se-
mantic information to ensure comprehensive and strategic exploration. After all agents complete full-scene explora-
tion, edge agents train local models using the collected data, and the updated parameters with a small amount of
data are uploaded to the cloud for multi-source knowledge aggregation to generate a globally optimized model. Ex-
perimental results demonstrate that the proposed method significantly outperforms baseline methods, providing an
effective paradigm for multi-robot autonomous intelligence learning in large-scale complex environments.

Keywords embodied learning; multi-agent; cloud-edge collaboration; vision-language model; autonomous
exploration
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An embodied learning framework for cloud-edge collaboration
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1. Interesting regions planning:

- Target objects should be focused on.

near them.

region of the chair, toilet, etc.

L.1. The size of the observation image is 600x600. Provide a perceptual
description of the environment based on your sensor observations using
the bbox format. (c.g., "a chair in the [100,130,220,240].")

1.2. Analyze and compare perception results with your descriptions

- According to your common sense, objects close to the target category
should also be paid attention to, because the target object may appear

1.3. Note you CANNOT GO THROUGH CLOSED DOORS AND
WALLS. CLOSED DOORS and WALLS are not considered.
1.4. Planning up to 5 interesting object-level pixel regions, such as the

2. Regions score assignment:

not in sight, assign a score of 0.

score of 10.

common sense.

2.1 If there is no visible way to move to other
arcas and it is clear that the target categories are

2.2. If the target categories are detected with
low confidence or not detected in the perception
model's perception results, it means the data that
are difficult for the perception model, assigning a

2.3. If there is a way to move to another area
or an area may have target categories, assign a
score based on your estimate of the likelihood of
finding the target categories' objects, using your

3. Output
3.1. Output Format
For each observation, output your perception result based on your perception model:
i
[category]':{{[x11y11 x12,y12], [x13,y13.x14,y14]}},
category2]:{{[x21,y21 x22,y22]}},

Then, explain your assigned score. Format your answer in JSON format:

'[x11,y11,x12,y12]":{{'score:< The score(from 0 to 10) of region [x11,y11,x12,y12]>,
"Explanation': <An explanation for selection of region and your assigned score}},
[x21,y21,x22,y22]"{ {'score:< The score(from 0 to 10) of region [x21,y21.x22,y22] >,
'Explanation': <An explanation for selection of region and your assigned score>}},

(R iU

1 sce the below objects:

‘i 300], (100, 400]].

"table': 0],

i plant': . 100, 450]],
picture’: [[200, 200], [300, 250]]

interest.'}
I3

T assign the score for below region:

'[0, 300, 100, 400]': {'Score': 10, 'E:
the perception model to detect.'}, H
0, 450]] 1300, 450, 600, 600]': {'Score’: 8, 'Explanation’: "The bbox of the table, which is another target category. It is likely to be in proximity to |1

other objects of interest such as a plant or microwave.'}, g

1[50, 350, 100, 450]% {'Score': 7, 'Explanation'; "The bbox of the plant, which is a target category. Tt may be near other objects of interest.'}, ||

1200, 200, 300, 250" {'Score': 5, 'Explanation': 'The bbox of the picture, which is not a target category but may be near objects of ||

ion": "The bbox of the mi

which is one of the target categ

s and might be difficult for :

K 4

SR URER A S TN TR AN

Fig.4 Examples of input and output for short-term goal reasoning
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]\41'7 kE _ Agg (MZ, k—1

sem sem ?

Proj(r}, St, pi, D)) (9)

o, Proj NEGEIRAE, F1E S BB BRI
s REBRAE Age() RMIZ ST HUR KA T 3,
LURA DR 15 St P £ I ]k 24 O B A 25 1)1 L2k
R, IR BCRA KIHCAZ RE 1) 42 )R 1E LR,

R E AR s HIT 51 5 8 REAALE R B E I P AL
SV 1) 38 SO R LR 78 7 IR R M XL it
K R BRSO M2 5 REIR R ME Y AT
Al Er, ML A O e, LRI i R E S
2 [A) TR

M, y) = f(MLE (2, y),

cur sem

MEk(x, ) =

exp

MLz, y) - I(MEE(x, y) € Ueap)

sem exp

(10)

Fo, (@, y) R H8 — 4 P& B 2 T AR Uy
RRARIRR XIS A AR & 1() TR BRI,
2 HAL S H AR X T AR R IR, 124878 i 4L
FHEDN 1, BN 0. ML AE9E A RO g K e /)
PR DX (AR 73, T 513 8 s AR DL e e A
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5 2 WG AE I 7 o 1 P e 3 ELAT e AR R e
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PR AN [ AR IR R DI R AE s AN AEL, I T 5 m]
RE 483 72~ B0 i 18] 45 4 B e A B 0T 0 R 1 8 3R AR o o
&, KT B s g .

FERR IR, B REIA & K H R 45 R S L v
1 R R HEAG B = R TR S B AT S A A G
B, A% 38 45 7 DTN B SO B Al R e A F
Pt AT IR R R 15 5 B TN ) H A
PR iR LR 5 B AR, IF R 2T T 15
B H sV AAE 2 R AR AR RN IS A B, B R
1RSI 07 5 ) Aor L 4R T A T LA R info) Y,
feid an B REAK 5. B REMR T AT L AR UE B
infol, ¥NFEIRBEIE L LR R, ZIL (G BER R B
2, IR H AR LRI 2 S

SR H AR O TS/ AT, B R A A it P
AN AE S 35 (0 DX, J2 SRR 1 3 7 1) 4k
AR R HAR g, PASEBIN 42 5 AR T i X 3 )
RIS PEIR R . U, A —1E B AL T R R R
My R WA AR ZARGS, B R RIL
(F15 SUAE & infoj, , HEFE AT M ARR R H i i i X
AR KA B bR gf,, DASEILEE B Re i P A e 3, $i2
IR R B RN . & 5 K H bR e
.

%

-y

K E AR s, SR B R g, 8 B EMN
DI 3L [R5 5 B s AR s sh ok 5K A2 30) H AR
PRAE R 8 SCR S T MM ER R KA AR
51 8 BEAA VT M RIRR 28], LI & R A
BIRZ.
3.1.2 fRERHE

R JZE SRS o, OO 2 2R N H b HY, B4
N B AT AT B EFP A1 {af, af,y, -}, BASE
LTI B 2 H bR b E 1S

BRAA. s 2 A B B H ARz B R R
BRAER LRI, P R R (breadth-first
search, BFS) SATHRE MW H AL E pos), FIH AR Hj
Mg PL. Hd, PL={p}. 1, bl o -} TR
VBRI AR AR I 22 3 3 TR o B 9.

AR RGBT Py, B REAAAE B — I [A] 2
W AT % py, SEAET T — NLE D, pewr =
(T}, neat> Yk, near) HIFARTAIE AG RIE BRI

Ae;c = atanQ(ylic, next yllw x?ﬁ next x;c) - 9179 (11)

Horr, (2, yj) AT E AR 0 TR REMR AT
S, TR A AR B 1



10 3 FIB%: KERIREN I =L E 2 B Re ik B 525 2191

The agent has sent you the following inputs:
- Top-Down Scene Explore Map:

- Gray: observed objects

- Black: objects explored (within 1 meter of robot’s current and historical positions)
- Blue: The historical trajectories of the robot

- White: unexplored regions

- Semantic Information:
- Target object categories to observe: {", " join(target _categories)}
- Observed instances (format: "ClassName: [(x, y), ...]"): {semantic_objects_str}

R e —

The agent needs to navigate the environment to collect observations that will help improve perception performance.

- Red triangle: current position and orientation of the robot (tip indicates facing direction). The robot is located in {curr_pixel _coord_x, curr_pixel _coord_z} with the orientation of {curr_ori}

- Size: The coordinate [0,0] is located at the upper left corner of the map, and the size of the exploration map is {crop_x2-crop_x1}x{crop_yl-crop_y2}.

Your job is to propose a goal coordinate (x, y) on the map that leads the robot to explore a meaningful unexplored (white) area. Not all white areas are important — prioritize those that:
- Prefer those near known target object locations or likely to reveal new target-category objects.

e 1
it
Based on the provided top-down scene explore map and the semantic information, the robot is currently located at (85, 120) with an orientation of
270.0 degrees, facing west. The observed instances of chairs are located at coordinates (244, 147), (215, 232), and (207, 243). There are no observed
* instances of toilets or fridges.
To improve perception performance for the target categories, the robot should explore areas near the known locations of chairs, as these areas
might also contain toilets or fridges. The area to the east of the current position seems to be unexplored and could potentially contain new target-
hi category objects.

=2 Considering the proximity to the known chair locations and the unexplored nature of the area, a suitable goal coordinate for the robot to explore
would be (150, 180). This location is within the unexplored white region and is also reasonably close to the observed chair instances, increasing the

N likelihood of finding additional target objects such as toilets or fridges.

~-

B 5 I H AR HERE N S R 51

Fig.5 Examples of input and output for long-term goal reasoning

FHE, AGL > 30°
ap, = Ak, AL < —30° (12)
HAT, —30° < A6 < 30°
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# 1 WA L AP0 TERE (%)
Table 1  The AP50 performance on the test dataset (%)

Wik R Plant Table TV Microwave Sofa, Bed Sink Toilet Chair Fridge mAP50
Pretrain — 73.6 36.1 50.0 3.6 52.7 53.3 23.0 50.0 43.0 24.6 41.0
Random — 60.5 22.5 62.0 21.9 30.6 52.0 39.8 57.6 24.5 49.9 42.1
Random pl 53.2 19.2 49.5 74 26.3 33.1 17.5 41.9 17.3 38.8 30.4

Rule — 50.5 13.4 60.5 7.5 11.3 354 56.2 58.9 18.7 50.0 36.2

Rule pl 69.0 19.0 69.3 2.2 27.9 53.1 32.9 53.9 30.2 59.0 41.7
Moonshot — 84.0 36.6 74.5 17.1 1.6 65.7 63.0 73.9 33.6 77.1 52.7
Moonshot pl 80.6 38.6 76.5 19.0 26.2 73.0 69.3 68.2 40.4 53.0 54.5

Qwen — 85.2 35.9 83.0 11.1 12.8 68.6 59.6 74.2 33.7 67.3 53.1

Qwen pl 81.7 38.3 80.2 0.6 29.8 68.0 50.9 72.5 36.0 63.5 52.1

F 2 WAL AP g (%)
Table 2 The AP performance on the test dataset (%)

Tk EAEi Plant Table TV Microwave Sofa Bed Sink Toilet Chair Fridge mAP
Pretrain — 49.4 27.9 29.9 2.8 50.3 33.7 20.5 41.4 30.6 23.8 31.0
Random — 46.7 15.7 47.9 8.4 25.9 38.9 35.6 55.3 13.5 43.7 33.2
Random pl 37.1 12.6 30.8 2.8 21.9 24.6 17.0 36.6 8.9 34.3 22.7

Rule — 61.8 18.2 75.0 13.8 14.5 44.2 61.2 64.4 32.1 52.6 43.8

Rule pl 48.4 13.2 49.5 1.5 23.7 37.1 30.2 44.1 16.3 54.0 31.8
Moonshot — 64.1 27.9 56.2 8.4 1.0 574 54.3 63.7 18.0 69.4 42.0
Moonshot pl 60.4 28.3 57.6 8.5 23.0 55.4 64.9 56.1 23.3 49.7 42.7

Qwen — 64.9 28.0 64.7 4.1 10.6 58.3 50.4 66.2 17.0 63.6 42.8

Qwen pl 54.1 29.1 61.3 0.3 26.6 51.2 48.3 61.6 20.6 56.0 40.9

B LGEHEA, “— FRRARIUET A, K
ST FBRR AN 25 F AT PR, N SLIe g SR nT A
GBI, AL IR S)) ) B R 4R SR AE P 35 G FE 43
{8 (mean average precision, mAP) Fl mAP50 I
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(Moonshot-V1-32K-Vision-Preview) 77 £ 1S i
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EfFEE R /&, 1£ Microwave 1X — #2857 I, K
ZHOT AT N SRR 12 T, (R A 3K )
7R IME T RENL (Random) /5¥2, 1X 2% HE K
LEZFEEA R FE. A, BENLT AR 200

R, B, X B TR
W SRR I 25 5 SR BR TR iy B Y, S BCR AE E A7
EEL. M (Rule) J7ikLERR 4> 2500 TV Fl
Chair FAHRUFRIL, (HAFE I 5 8138 30 K 1 i) /L
RN S e R AR 1) R R, S BUR L &
HA .

5.2 EMER

K 6 JE 7 A2 AR R 5 o A Aok I P 4 A
ZEARNSLE. ATLARLER B, PN R AR R 2k 3 55
& MBUREILR, HAE HbRiL 5 e i EAF A %2,
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FasE. M ZT, ARSI iRAE 2 Az 5t ReAs il 2
B2 Hbrspl, e B e Bt 5 — 8t r
TR IS 55 ol R A A7 A S5y U 44 B B Y 1) 3
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ST H R A AR L RE T 5 R R

I NS RER.YWE Y N @ R e 2= NVINETE A
KR AT IS, B 7 4 T8 7 IR R P T
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Fig.6  Examples of object detection results
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THT 5 1 TR ) A AN — 350, 380 7 S 24 38 531 /)
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(PR SCHERERE /), (BAEFBOAES H, BN E /Rt
PR RIS R, EARSCIAESE R R
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Table 3  The AP50 performance of the ablation experiment on cross-agent shared semantic information (%)

Jiid Sem Plant Table TV Microwave Sofa Bed Sink Toilet Chair Fridge mAP50
Moonshot — 84.0 41.8 79.6 31.3 7.2 68.3 23.5 74.5 29.0 58.0 49.7
Moonshot N 84.0 36.6 74.5 17.1 1.6 65.7 63.0 73.9 33.6 77.1 52.7

Qwen — 79.5 25.8 65.1 19.2 10.2 64.2 62.9 68.2 27.5 61.1 48.4

Qwen N 85.2 35.9 83.0 11.1 12.8 68.6 59.6 74.2 33.7 67.3 53.1

x4 B BRAILEAE SUE BIHRSE AP 1R (%)
Table 4 The AP performance of the ablation experiment on cross-agent shared semantic information (%)

JiiE Sem Plant Table vV Microwave Sofa Bed Sink Toilet Chair Fridge mAP
Moonshot — 63.9 33.6 66.8 18.0 6.1 56.3 22.4 67.4 15.8 51.7 40.2
Moonshot v 64.1 27.9 56.2 8.4 1.0 57.4 54.3 63.7 18.0 69.4 42.0

Qwen — 53.5 18.0 52.5 9.4 8.8 55.5 58.6 62.3 144 58.1 39.1

Qwen v 64.9 28.0 64.7 4.1 10.6 58.3 50.4 66.2 17.0 63.6 42.8
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Fig.9 Examples of wrong visual reasoning by vision-language models

x5 DibrZEiERsEI: AP0 168 (%)
Table 5 The AP50 performance in the pseudo-label ablation experiment (%)

J5 ik I Plant Table TV Microwave Sofa Bed Sink Toilet Chair Fridge mAP50
Random pl 53.2 19.2 49.5 7.4 26.3 33.1 17.5 41.9 17.3 38.8 30.4
Random gt 58.6 25.7 60.1 9.4 27.5 52.7 13.9 43.2 29.7 61.0 38.2

Rule pl 69.0 19.0 69.3 2.2 27.9 53.1 32.9 53.9 30.2 59.0 41.7

Rule gt 64.9 20.4 66.5 3.0 29.0 57.2 47.7 57.9 30.9 69.4 44.7
Moonshot pl 80.6 38.6 76.5 19.0 26.2 73.0 69.3 68.2 40.4 53.0 54.5
Moonshot gt 74.5 37.3 79.6 22.5 36.3 7.2 70.9 78.5 43.5 69.5 59.0

Qwen pl 81.7 38.3 80.2 0.6 29.8 68.0 50.9 72.5 36.0 63.5 52.1

Qwen gt 81.8 38.7 78.3 11.8 28.9 72.7 67.5 76.7 40.1 58.7 55.5

F 6  DARZETHASER AP PERE (%)
Table 6 The AP performance in the pseudo-label ablation experiment (%)

VikiS EAEi Plant Table vV Microwave Sofa Bed Sink Toilet Chair Fridge mAP
Random pl 37.1 12.6 30.8 2.8 21.9 24.6 17.0 36.6 8.9 34.3 22.7
Random gt 44.1 17.0 44.0 4.2 24.3 41.0 13.3 35.8 17.8 54.3 29.6

Rule pl 48.4 13.2 49.5 1.5 23.7 37.1 30.2 44.1 16.3 54.0 31.8

Rule gt 48.5 14.1 471 0.8 25.3 43.8 45.5 54.6 17.2 64.2 36.1
Moonshot pl 60.4 28.3 57.6 8.5 23.0 55.4 64.9 56.1 23.3 49.7 42.7
Moonshot gt 59.2 28.9 61.8 8.8 33.2 62.2 65.9 69.3 25.2 60.5 47.5

Qwen pl 54.1 29.1 61.3 0.3 26.6 51.2 48.3 61.6 20.6 56.0 40.9

Qwen gt 57.6 30.6 62.3 4.9 24.6 60.3 64.4 68.1 23.8 53.3 45.0
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