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Background

BaCkg round: Seg mentation in RS GRES Dataset (gpt4v generates visual features)
R 1. Find the building with the dark roof and

symmetrical window pattern
Identify the facility in the middle left of the image

Identify the damaged building in the center of
the image

rect Ground Truth SegEarth-R1 PSALM LISA PixelLM
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EarthReason Dataset (gpt4v generates reason tasks)

1. In a regional power grid that primarily uses renewable
energy, what types of infrastructure are critical to
maintaining power supply? — Solar panels

2. What areas are commonly used for boating, fishing, and
coastal views, promoting local tourism? — Marinas

3. What critical infrastructure is essential to efficiently handle
power distribution and reduce the likelihood of power
outages in this remote area? — Power stations

< The objects of reasoning are largely determined
by physical properties.

EarthReason [1] /GRES [2] Dataset <+ Reason tasks are Al-generated

[1] Li, Kaiyu, et al. "Segearth-r1: Geospatial pixel reasoning via large language model." arXiv preprint arXiv:2504.09644 (2025).
[2] Quenum, Jerome, et al. "LISAT: Language-Instructed Segmentation Assistant for Satellite Imagery." arXiv preprint arXiv:2505.02829 (2025).
[3] Yao, Liang, et al. "RemoteReasoner: Towards Unifying Geospatial Reasoning Workflow." arXiv preprint arXiv:2507.19280 (2025).



Motivation

Motivation1: Evolving semantic segmentation from physical properties
to social attributes.
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Motivation

Motivation2: Leveraging MLLM's reasoning capabilities for social understanding
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Motivation

Motivation3: Further harnessing RL training for performance optimization.
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Figure 1. Existing Reasoning Segmentation Methods
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Figure 2. Our RL-based Render-Reflect mechanism



Dataset and Method

SocioSeg: Urban Socio-Semantic Segmentation dataset

Task1: Socio-name
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Dataset and Method

SocioSeg: Urban Socio-Semantic Segmentation dataset
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(e) Exemplar samples from the SocioSeg dataset

s, Logistics teld
« Industrial
2 ~ Bureau
8 Technology%ggn t‘e I Institute
Jower & Econon b
£ Building :China i
West District
Spo‘x‘ (\‘ b
People
School Ltd
7. Tennis
Lark
B
Aipont| B
Disesse Prevention| 27
Zoo 27
Financisl and Insurance | 35
Institution
Community Center | 2
Fitness Center| 24
Church| 2
Entertainment Vemue | 22
Industrial Building| 21
Compeny| 21
Senstorium| 20
Aschives| 19
Train Sion| 19
Resort| 18
Longdistance Bus Station| 17
Social Organization | 17
Clinie| 16
Picking Garden| 16
Service Atea 15
ConcentHall| 14
Portand Dock| 13
GasSution| 12
Insusance Company| 12
Literary and Art Trowpe | 10
Aqurium | 10
Others “
S0 100 150 200 250 300

‘Number of Samples



Dataset and Method

Method——SocioReasoner Model
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Results

Method Socio-name Socio-class Socio-function All dataset
elolU - glol) - Fi glol]  gloU . Fl cloll: - ploll | Fl cloU gloU Fi
UNet 10.9 94 8.0 12.6 11.9 11.2 111 10.6 10.4 127 107 10.0
Segformer 22.0 19.6 I8 22k 214 19.5. 214 20.2 179552271 20.5 18.7
VisionReasoner 48.5 509 584 444 493 55> 363 41.8 450 440 48.5 4.3
Seg-R1 46.0 48.1 504 404 447 452 34> 395 365 4]0 450 45.2
SAM-R1 23.6 234 32 223 23.8 = 321 19 199 2352 - 22075 230 = 39 A
SegEarth-OV 3.9 3.3 0.0 3.8 3.8 0.0 4.2 4.2 0.0 30 37 0.0
RSRefSeg 271 294 7. 308 300 30.6 71300 287 28.8 308 29.0 283 32,8
SegEarth-R 1 36.9 42.1 469 @ 38.9 45.1 50.0 395 456474 . 383 44.1 48.4
RemoteReasoner 46.6 495 = 36,1/ 429 48.0 539 38.0 435 = &2 432 gl =333
Ours 52.6 557 64.6 47.6 52.8 60.1 40.6 46.9 503 479 52.8  59.7

Table 1: Comparison with state-of-the-art methods on SocioSeg test set, split by task groups for read-
ability. The best performance in each column is highlighted in bold. The second best 1s underlined.
Baselines are re-trained on the SocioSeg training split to ensure fair comparison.




Results
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Figure 4: Per-class accuracy comparison across Socio-classes and Socio-functions. We select the
top-20 most frequent Socio-classes (left) and all Socio-functions(right) for visualization.



Results

Table 5: All ablation of multi-stage.

Method Socio-name Socio-class Socio-function All dataset
clot @glolU = Fl clot] - glol:, - Fl cloU gloU Fl cloU gloU Fl
w/o reflection 485 509 584 444 493 555 363 418 450 440 485 543
w/orefinement - 505 - 331 612 462 510 3§81 . 403 457 - 481 464 308 515
Ours 52.6 557 646 476 528 60.1 406 469 503 479 528 59.7
Table 6: All ablation of point number.
Mettiod Socio-name Socio-class Socio-function All dataset
elall’ —glall = F1 - “elolU" glol): - Fl elold~-gloll - - El cloU gloU Fl
1 point refinement 51.6 3534 612 476 S512 590 400 457 495 476 512 - 580
2 points:refinement: - 52.6- -~ 857 646 - 47.6 528 60.1L 406 - 469 503 479 528 597
3 points refinement 53.2 547 650 489 526 597 418 466 498 489 523 588




Results
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Figure 5: (a) Sum reward during training. It shows the sum of rewards across training steps in the
two-stage workflow. (b) Multi-stage gloU during training. It shows the gloU improvement across
training steps in the two-stage workflow. (c) Different number of points. It visualizes the result of
SocioReasoner in the refinement stage with different numbers of points.



Results

Table 4: Generalization of SocioReasoner, where ID and OOD refer to in-domain and out-of-
domain, respectively.

Method ID OOD (Map Style) OOD (New Region)
cloU gloU Fl cloU gloU F1 cloU gloU Fl

VisionReasoner (SFT) 44.1 47.2 52.1 38.8 40.9 45.5 22.5 24.7 26.1
VisionReasoner (RL) 44.0 48.5 54.3 42.0 44.4 51.2 32.8 344 35.0
Ours (SFT) 47.1 514 57.8 39.7 42.0 46.9 30.1 32.3 315
Ours (RL) 47.9 52.8 59.7 45.1 49.1 St 40.2 434 42.9

Table 8: Inference time comparison (seconds per sample).
VisionReasoner Seg-R1 SAM-R1 RSRefSeg SegEarth-R1 RemoteReasoner Ours(rl) Ours(sft)
1.33 1.07 2:52 0.16 0.35 1.13 2.71 0.41




Results

Ours Stage-1 “Jinan Zoo”

<think> The first image shows a map with various locations
marked, including 'Jinan Zoo'. The second image is a satellite view of

a large area with buildings and roads clearly visible, including the
Jinan Zoo area. </think>

[{"bbox_2d": [360, 268, 538, 383]}]

Ours Stage-2 “Jinan Zoo”

<think>The bounding box (bbox) with coordinates [360, 268, 538,
383] is likely to be the area of interest. The points added to the
bbox help to better represent the area of interest by highlighting the
key features of the zoo, such as the main building and surrounding
greenery.</think>

[{"bbox_2d": [360, 268, 538, 383], "points": [[452, 287], [487, 306]]}]
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Results
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<think> The map image shows various buildings and roads labeled.
The satellite image provides a broader perspective of the same area,
showing multiple buildings and structures. The "Business Building" in
the map image is likely a key feature of the business district in the
area. </think>

[{"bbox_2d": [290, 393, 460, 466]}]

Ours Stage-2

<think> The bounding box (bbox) with coordinates [290, 393, 460,
466] is likely to be the area of interest. The points added to the
bbox help to better represent the area of interest by highlighting the
key features of the building, such as its architectural design and
surrounding structures. </think>

[{"bbox_2d": [290, 393, 460, 466], "points": [[378, 400], [318, 431]]}]

[ Ours Stage-1 ]
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<think> The first image shows a map with various locations
marked, including a park and greenspace. The satellite view provides
a broader perspective of the area, showing the park and surrounding
greenery. The map shows the same area with different details, such
as road names and other geographical features. </think>
[{"bbox_2d": [356, 285, 590, 523]}]

Ours Stage-2

<think> The bounding box (bbox) with coordinates [356, 285, 590,
523] is likely to be the area of interest. The points added to the
bbox help to better represent the area of interest by highlighting the
green and park-like features in the image. </think>

[{"bbox_2d": [356, 285, 590, 523], "points": [[520, 361], [403, 369]]}]
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