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URC 000 016 005 001 017 001 000 000 000 060 000 000 000 000 URC 000 033 003 002 018 001 000 000 000 044 000 000 000 0.00

,lL ] / \_ }]—/\— :I’E RTF 000 013 006 002 020 001 000 000 000 000 058 000 000 000 RTF 000 026 004 004 024 001 000 002 000 001 039 000 000 0.00

jj j‘: o) RPF 000 057 014 000 000 000 000 000 000 000 000 029 000 000 RPF  0.00 m 0.14 000 000 000 000 000 000 000 000 014 000 0.00

OCL 000 016 001 003 023 001 000 000 000 000 000 000 056 000 OCL 000 016 004 002 028 001 000 000 000 000 000 000 050 000
MUL 000 017 000 000 025 000 000 000 000 000 000 000 000 ' 058 MUL 000 | 000 000 017 000 000 000 000 000 000 000 000 017

(c) pLSA (d) LDA

26



3.3/ Place2VechH ;%

> fa] B 22 8] E T X

i B P OOPOLAE B [ By — F 5 5 B A
KA —ANPOILEW T X EETMAT?

WwE TR, DLEAPOI EEH F 8
B, DR r B X8 AR E M
POI & Bl % E 2= 8] £

W AL X A EPOLE B £ T 218 3|
2 8 # R ? BB DUE A Y

=18 B 3 7



3.3/ Place2VechH ;%

> fa] B 22 8] E T X s

L H B P OOPOLE B H ey — 2 0 B
KA —ANPOILEW T X EETMAT?

waE, U—"POLE A F/8 R,
DUEEINPOLE A £ T XXfE B

W AL X A EPOLE B £ T 218 3|
2 8 # R ? BB DUE A Y




3.3/ Place2VechH ;%

> WBHEHE X

JA . FEE M ITEY POL X H L EY
B0 BN

e NKVEDNTEE (Check-in 2k &) : &
& POI ##4 E 8L 221 77




3.3/ Place2VechH ;%

» Place2Vec

Whn-2
<NELMEAE KFE T U ERK RFEE >
<HIFHLE A EIE FRXHE HFTH > o
Wn

- ...... .

<XMH a5 FET KT )5 BRI T32)5 ... >
Wn+2

Input Layer Projection Layer Output Layer

# R AL — ZBEEPOI K R SRR 2 R Skip-gram ¥ 7%

30



3.3/ Place2VechH ;%

> EREW + HEiw/EEm=E LT X

X BB E X JH] . 3 3T SF PR Bk 45 A R 4
#EE X 8] (bin)

GitE —FEE X (bin) FHEL XL &
TPOIER . AR, HIMESE,

it EAR I IR MRy POT 68, H
TR AL R Z U R

A E BRI S TR R, AR,

,,,,,
/ / ! /
’ .
,,,,,
,,,,,
/ ' /
' ; ' /
,,,,,,
' | ' i
' ' . !

4 v
' \ v M
'
'
'
' H !

v ' '

v \ ' '

'

'

'

' ' H

'

,,,,,,,,,,

|||||

......
uuuuu
.....

' H !
h ' '
||||||
.....
' \ \
.....
..........
v \ , ,
......
.........
.......
\ . ‘ '
\\\\\\\\
,,,,,
\\\\

B % [X 18] bin F/LPOI



3.3/ Place2VechH ;%

T Yelp /= 464 19 1 X AB L Z V5

Yelp #7 POI 35 2 & LAAIR E K 4

Chierarchy) 4 8. ET BRI -F35E 33 4
. . SimLin SimLin SimJC SimJC
Food Model SImWP SimLC ( ICSanchez) (ICSeco) (ICSanchez) (ICSeco)
- o ~ Skip-gram 0.288 0.321 0.354 0.334 0.349 0.333
Restaurants Other SChaive 0.412 0.398 0.474 0.442 0.455 0.478
N SCeheckin 0.385 0.387 0.448 0.428 0.452 0.474
r A SCldistance 0.381 0.396 0.458 0.426 0.443 0.458
Italian Chi&ese SCeombined 0.42 0.418 0.478 0.435 0.462 0.482
. R SCITDL 0.447 0.431 0.498 0.479 0.487 0.483
Fast Food Other
— £ T Yelp 4 KK &, RATRA S E A GLUE AT,
Burger Other BB A R A B P B LB LRI A

RO E K E

32



3,3‘ Place2Vechix

> — ¢ HIT &

Vi ANl
; Model Accuracy
A RCNR = e H#E = tH, e (Dentists, Education, Orthodontists) Word?2 Vec 0.75
SCaive 0.85
@ SCeheckin 0.7
R FABEIHE. |
g SCcombined 0.875
@ SCitpL 0.95
o ; i .
| (Dentists, Education) — {&48 1L & T {é él%l: %
AR TN AR R ST B E & A (Dentists, Orthodontists) — & L& i
OISR, NTREI RN AR (Education, Orthodontists) — 248l &

A& AU A #T . Orthodontists 5 Dentists # 48 0L,
@ BT LA "Education" & 5 A8 L ey 5 &Y

HHE = AMEwN =Tt / E&

ERCEES WAR By 5 AN RABT AT b, iR

— 6 HIT 45 7 R iz B 33



3,3‘ Place2Vechix

> AT 78 HIT 1F1&

: A T Model P
F0k A = Dentists .
FOOKA + Fm AR K £ %A = ["Orthodontists", "Education", "Bars", | | SChaive 0.56
"Clinics", "Restaurants"] SCcheckin 0.57
@ SCdistance 0.51
25 A %A, BB R AOKHE T, EEHTE R SCeombined 0.7
TREF % W 4y 7 4 %5 & [ Orthodontists, Clinics, Bars, § SCrtpL 0.7
@ Restaurants, Education] 'I;lz 1 E g + % >
, \\ ERERETBME, HTEENMERER G P OKE | | 6) d:
RERATR SR AU AT p=1-— 2. d;
n(n? —1)
@ dit ZATH- 5 EB TN 2 18 H 4 2 5
R it Spearmans p HHA KT G ExAFREn || VETHFRRERA

ETHFe HIT W6 7 £ A o



3.4‘ Semantic2Vechik

» Semantic2Vec

|
| Part1 ! OO
: : RR1 E54 %R3 A k32
skip-gram
1 T deeees o
| |
AN O—r @ > O—r—0O—>—0
! ! m) EAEE %503 %3 %34 %503
| P .,
| |
1 1 O— O > O——0—>—0
! 7z 8] £ I M5 B ; %52 %71 %54 %503 %51 POI Encoder
oo o oo oo e omn omm omm mm e mm mm mm o mm mm Em o Ew Em o v
Qco—occurrence
KB KA ER . = %
______________________ A Qcategorical semantics
Part 2 BRRS A
A

RAERE R { \

B ——%&%ET ok JE mE&E ... REJE
) oy W)

I
I
1
I
1
I
EERE oo BREE oo HFNH
I
1
I
1
I
1

| A8 3 B
: \ kR AT T
oot Al vy ( # \
----------------------- BAUE e ERMAT .. M

Semantic2Vec 7 = i 12 K



3.4‘ Semantic2Vechik

» Delaunay = # & 4~ I

@ e/, \\
POI

O
®
iE 5 i N
@ BEKZAW O 2
" 4 2 i Delaunay
y OE%M

& 8

P2 .

P2 T

fs % < — //j{&%lj\ E?J
EESRBWAT IR B &7 R



3.4 Semantic2Vechix

» Node2Vec

Node2Vec: [ L3 £ KA + Skip—gram iﬁéf;% %)
'“f wEfE “i9” , 18 Skip- gramzﬁ ff@wl/ﬁo

TEME - HWRAT —MrRELNHEE, EXFEALIES,
A DA I E e BRI B AL R B R oA, DL R R E K

> BEEERRE FHll () =06 =2>@=>@ =3
> REEREXIFHERE FEl2 (1 =2 =@ =13 =1

> XEASERXEEIFERE

Frn 10 @ @@ @

18 R e AL A O 15




3.4 Semantic2Vechix

lﬁﬁi)\ﬁ}:‘]]lﬂx{m/u
TR AR T, o HEURE TR B FHATRAEF X, B X 88X 9 1F
ﬁiﬁﬂﬁﬁmé)&vll?ﬁg ONTHT, 3% 2B 7 vk ] BE R R L T T R R R AR T 75 RE A [ L

"

N

[#%ﬁ:}[#ﬁ%@} {W%%%} [@%EJ [@ﬁ%%} @%ﬁﬂ% [E%ﬂ%}

= : T i DFANPOIZ & LB E
SR AE Y i o~ # X = I 2T WAL L
\ %Z = 1 v N N N JRIPRA (na] 2
s ey | Loplacin 2 B % = g LRI, BN
L. e e X X H & S EHN,
Lcategoricalsemantics = ) ; 12; lei — Cj ||§ * Wij jnj 7}?X % ;‘# 71;% @ “« ﬁg T—E‘ ” . “« {% ;FIJ /’E ” %
A & B 7, Al SR BB L E AR M, (B
. 45 i i T &6 A8 1)L
" 3 % %




3.4‘ Semantic2Vechik

N ' | S -8 S ——
> éﬂ: % Ij,/\\j ‘[/-I__E (a) A=0 ® ‘ (b)ﬂ - 10_’ ' (\Automozwe/\,
-H o * & [ 4 ( Hotel ) (Finance ) o g
o %0 9 ® T N . Y
° o o gTerad 1 o (Boouty ) /Shopp » ;‘Cun%AML& g o
le) o ] o 3—* ‘ ‘ il <L ndmalk_\/
AR ® }»HA\\ o ®e e /l:fe SETVI:;L‘ Fo—_ ]
(\!,‘ﬂreet n‘avbfal o \\Mjl‘/' ) s \f" /) ‘ \T ansportation / To;_s:r 3
S 99 © (_ Fitness /) pr——r ® .v— P \ B
A - : X
/Ho wrﬁr ° Ie) o \,\ZE\ducmlcT'_, P ®
/l—j' L_ Semantlczvec /—7‘ J% éyj % L, IKK é& EJ 2 é& - ""”\\,\ " ® pqa (Aib A ol - [e) (Company/
7 \QP z Y
( Oh'h"" ) Sl peu'narkv XK ) “ = E ntertainme \
\3hopping~ \ 8 a = -’f’,,
N ¢} Q,R
FH, F——REHZ REFE A — e 3 P e
H Ay = Z © o 00 ® ( Grcccry ) P 4 o i
@ 9 < < EJ\ ] .//;~\ H o8 — °® Q / Governmental\ e ‘
.q\ o? 3" e, _— A \3?91 _,,f/ Good scvwcc/ ¢
_° > d—L ~“09 @ (" Medical ) Y o —
® = y s R (< Naruml/,) ‘“
o &

() ZaETEALAEE @r=10" oW @¥ =10 o0 R
- { DOlet?f):/,l o " PY

(b) [TE]EH‘%‘&D/\E[ %/Tlﬂ NN ;FH %JTEX'T:: ANN | szie‘a'ej @, : .' @9, ®
ALY 0 ” % .: ®e
() 1 () MAE (b) WA EAHAIT | goe oy (Vo o8y e s A,
;(—‘hﬁxfn BB é/j;{ eo:P ... o® . °o°°° °® ..
8 | ’ e oy . N O R e®
.o'?.. o.:.'o »




> i 37 POI

RA&HATE 40 4 B £ 2 B9POLE % B A~ B 3 g8, (H—/
1%% TEATH E AL & . B — 25 B B9POL& & 78 o fE 2 AE
Te—H? WRL—F%, HEEXZEHNEHEEZHN W2

BATHERZHFE -5 NFERITI/NEHE
ZEXMAMTR, W oR/NEHMUNBENRD .




> i 37 POI

AT 2 F] B 46 49 %k 3= o~ 4k SLPOI?

(1) EXT POl & &R 8 L& &,

(2) AT St fupe i K # T BH Bk,

(3) WHEAFHFAF T LLE AHAE POI Z B #y 22 B, MR &£
N POL W =[] £ T X,

.o O
(@]
o O
O
@®
/. O
o \\\\\
O
POI 4 E % &, o \
KAGEARE s BTHESKAX

=0 FRRUEL

[ i \POI ¥ 18 ]

(=

[ # 1TDelaunay = A & 4~ ]

(=

W48 = A P E 4 A 48R

(=

2 3¢ — 2 GON4R BUASAE

(=

FEELRILERHNRAE



» HGI

Hierarchical Graph Infomax (HGI) 7 ¥ t1 Huang %
ATE2023F 8 H

(1) LN —A POI 2 B4 A5 25 5k A R AT 4
POI F1E

(2) 1% FlDelaunay = f &4 (DT) #9# POI
MEEA , AR EERRGENMHT POI A
(3 FIAETZLAERNANREBHRRE S

POI # )\
(4 FAETLZLEENFRARESBERE S
POI # M\

FEZ 77 i A B 2% A A\ AZ AL B Semantic2 Vec 77 ik

City (urban area)
embedding

Aggregation
(area-weighted)

Region
embeddings

Graph
convolution

Region raw
embeddings

Aggregation
(multi-head
attention)

POI
embeddings

Graph
convolution

POI category

/ embeddings

Mutual information
maximization

Mutual information
maximization

Graph
convolution

D e~ A N L S Aggregation
Cl ' gareg

Mutual information
maximization




> £ 3k E LA 1% POI

FALLE R
v
"""""""""""""""""""""""""" SelfAttention § J
' . Head i
i Q ' %;wi Head 1 Head2 ... Headn
- og —> L
| : \ [ / @Concatena‘[e
K T i
/ QK ‘)[ softmax ]Self_result:i
. =t
i FTEER
: POI- Vv A |
. Embedding | g i
: | g
i N | : [ Linear }
| X

E---------------------‘--‘---‘---‘--T--‘---‘-.'......‘..T..‘...‘.:.:.::.:.:_—___-___-__—___-___-__-___—___—__—___—___—__—___~_,5 l

POIF&/E
=



L1 distance
B <0.064
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r0.2 F0.2 F0.2
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4.2 4 4 ) B B0E  R B

— %35 5.0 4.0 3.0 2.0 1.0 0.0
Res 12583(30.9%)  874(2.1%) 1133(2.8%)  14959(36.7%)  1399(3.4%)  9734(23.9%)
Com 754(11.30%)  246(3.7%) 168(2.5%)  4050(60.6%)  32(0.5%) 1434(21.4%)
Pub 1792(28.5%)  604(9.6%) 105(1.7%)  2618(41.6%) 17(0.2%) 1150(18.3%)
Ind 9810(40%)  1013(4.1%)  1283(52%)  4363(17.8%) 9(0.1%) 8020(32.7%)
Agr 10118(47.2%)  4701(22%) 749(3.5%) 428(2%) 5(0.1%) 5410(25.3%)
Tra 0(0%) 0(0%) 0(0%) 571(71.4%) 4(0.5%) 224(28%)
Unk 0(0%) 0(0%) 0(0%) 0(0%) 11(0.1%)  25058(99.9%)
f=a7s 35057(27.9%)  7438(5.9%)  3438(2.7%)  26989(21.5%)  1477(1.1%)  51030(40.7%)
ETAIRANSBER SR T ERMESFREL KRR FHLA
— R 5.0 4.0 3.0 2.0 1.0 0.0
Res 15769(38.7%)  3713(9.1%)  2834(6.9%)  7233(17.7%)  1399(3.4%)  9734(23.9%)
Com 1088(16.3%)  420(6.3%) 602(9%) 3108(46.4%)  32(0.5%) 1434(21.4%)
Pub 637(10.1%)  1096(17.4%)  741(11.7%)  2645(42.1%) 17(0.2%) 1150(18.3%)
Ind 3699(15.1%)  7145(29.1%)  7283(29.7%)  3795(15.5%) 9(0.1%) 2567(10.5%)
Agr 11999(56%)  5116(23.8%)  2090(9.7%)  1258(4.2%) 5(0%) 943(4.4%)
Tra 0(0%) 0(0%) 0(0%) 571(71.4%) 4(0.5%) 224(28%)
Unk 0(0%) 0(0%) 0(0%) 0(0%) 11(0.1%)  25058(100%)
A 33192(26.5%) 17490(13.9%) 13550(10.8%) 18610(14.8%)  1477(1.1%)  41110(32.8%)

A TR KRR L B 7 1= R EFRAEL KA TG0

o BERLE, WIMAEFSHREEL SE
REWLE, WAREEFAN=2Z
—HEERERE.

o ET AL L B KT il
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A

Pub: W 3HEE 50N ERE M A H; Com: B LARF L F M
Res: EEAH#H; Ind: T = A, Agr: Kk B4k; Tra:
2 M s Unk: Bkt
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4.2 4 4 ) B B0E  R B

1.0 1.0 1.0
Pub s 15 T - oo pub EIEPEA 0.77% 3.60% 2.06% 2.06% Pub {E0 13.28% 20.31% 10.94% 4.69%
0.8 0.8 0.8
com] 535% 35100 EEREE o o Com 13.64% 4.55% 0.00% Com{15.60% 30.28% 34.40% 17.89% 1.83%
5] 0.6 3 0.6 3 0.6
% re R g Resq{ 0.21% 98.76% 0.41% ;; Resq{ 0.86% 0.86% 1.11% 5.71%
= Lo = L0.4 = -0.4
md D Ind{ 1.08% 0.36% Ind{ 257% 0.68% 13.92% [RAFEEA
Lo H0.2 H0.2
gl 043% 003% 362% 403% Agr{ 040% 0.00% 0.52% 0.11% Agr{ 0.17% 0.00% 125% 0.75%
T " T " —0.0 Pﬁb C(')m R'es Ir;d Agr 00 PLllb C(I)m R'es Iﬁd Agr 00
Pub ComPre e el Ind  Agr Predicted label 5 Predicted label
ARE A B RS FAEA L R) g F RS K)

T4 B B4 L A F IR 7 AR & 8 4r 8 B At | = RSN K IEE SR B AKIEE)
BA TA Kappa F1 Score R REH, LA AR ER.
AR 0.860 0.804 0.855

S(ZRBRE) 0975 0.965 0.962 " -
S K) 0.895 0.832 0.891 « ETALGRNE FAER K5

G EIHR

TE 7 38 18 & 45 B
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1.0 1.0 1.0
Pub s 15 T - oo pub EIEPEA 0.77% 3.60% 2.06% 2.06% Pub {E0 13.28% 20.31% 10.94% 4.69%
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com] 535% 35100 EEREE o o Com 13.64% 4.55% 0.00% Com{15.60% 30.28% 34.40% 17.89% 1.83%
5] 0.6 3 0.6 3 0.6
% re R g Resq{ 0.21% 98.76% 0.41% ;; Resq{ 0.86% 0.86% 1.11% 5.71%
= Lo = L0.4 = -0.4
md D Ind{ 1.08% 0.36% Ind{ 257% 0.68% 13.92% [RAFEEA
Lo H0.2 H0.2
gl 043% 003% 362% 403% Agr{ 040% 0.00% 0.52% 0.11% Agr{ 0.17% 0.00% 125% 0.75%
T " T " —0.0 Pﬁb C(')m R'es Ir;d Agr 00 PLllb C(I)m R'es Iﬁd Agr 00
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4.3 LandGPT

> H&E A E

> A E A HE

FRAREXANS G o HR L TEoHEGRA AN, RIE
J7 B 2 AT H B TR R 0 B R AN B B9 BC R, BUR — B 58 R 48 A e
2R E, XM BOERIE T AR R 45 R B R R448*448 K /Ny
%, LR EE o HERN 2 RINE: (Chenetal 2024)

SLFIF A
TN
B Mo

XxY Xnew X Ynew [N mins nmax]

Original Image Scale Image Image Tiles & Thumbnail

\J> T
%2 W ak: LandGPT: Multi-modal model for parcel land use classification
using multi-source data - 3,7 Z Y& — City of Light
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4.3‘ LandGPT

> Z T Vision Transformer . % ¢k 22 & Intern ViT-6B

> Z 4% 25 LA Vision Transformer  Z£ALAE 28 (Dosovitskiy et al. 2021) , ¥ % A0 & 0 53 & # E 2601215
H LB LLM ey ALAE AR I D,

> NTERE. BREMRBEMZEIME T, EAERLEET FE H3200, FE H48Z, MLPFE Z 1280004 &
2540k BB IE R A1 (Chen et al. 2024) o

and videos here. e Picture 1 is an image from a blog
BEEESRERE DA e RRAREEECIEIEEEER
{ QwenlM Decoder ]
Vision Transformer (ViT) 1 Transformer Encoder
|
I |:||:]|:||:||:||;||:| ...... D[!!j.-.[![l:] ...... |:H:||:| ...... DDDDDDDD
MLP : Images and videos here. | 1427 tokers I =g rokens! <725 tokens ! | 2208 fokens is an image from a
Head Picture 1 Picture 2 Picture 3 Video 1
: ( Vision Encoder ]
} I I Native Resolution Input
Transformer Encoder I o Qe
I
. I
i - 4 3)8)e @$ -
[c E1 ua]l eammbgd ng Lmear PI‘OJCCthII of Flattened Patches ! ';;%h}
I
-] 4 L WJ . 6
A H s lidth: 1260
mm!—»gll%ﬁmﬁﬁﬂ . —
e |
1 Patches
o YW Qwen2-VL
Picture 1
Vision Transformer % 14 Qwen2-VL 444 &
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4.3 LandGPT

> K GPT4-tokenizer 8y >C A& 418 £ Prompi:

<image>
The FirstLevel category of this image is{Firstlevel}.
The SecondLevel category of this image is

( {SecondLevel}.This image contains some POI:{POI}.
This image contains some pedestrian density data:
{pd_data}

> A A {# F InternLM2 TokenizerE % X A&

éj\ '\Lg\l 4%% ’ ﬁﬁ iﬁj S GPT4- tOkCﬂlZCréﬁ == "
. : — % 43K : Residential Districts m
/\ =1 Bd = = 8 Q
o, ETF RN R (Byte Pair Z %% /-5 : High-rise Residential Buildings r ~
Encoding, BPE) # A (Philip ef al.  HBEE2% A4/ EOFIHH-14HRE-5 NS RS EENEE
o E-4; %ﬁ%‘i 1 ﬂ?ﬁﬁiﬁz LR R-12; B /N -1 M )5 - EMSEktoken | iHi/btokenEE
1994) 52 g V= =R A = IV 3 AR 105, 2% B 743 B B 81 2R " " =
T - ~ E 25 HCER-19;H CHEEF -5, R AN $-5;
I EE-2
(tokens) Wy#¥#, —  Soomrmeewe o LT e
[14.0929545725776, 26.106366163715, 18.9010164997208,
33.7945215191649, 29.283344332327, 31.9617340926916, BRETEEME—EEENID l
. W 32.5137835430916, 25.9815202789225, ......... ] W
> KR EWmANLHARA2PEXEZE,. X —————m—m—m—m—m—m—m—m—m—m—mre f, SAAAAAAN -
Rz HRPOLME B . X3k B F A 015 l
High-rise Residential Buildings m
BB A T o iE s A, : ‘ g | OO0CO00e - 00
1266416604261741109560 l

[ PEKESEkenxIF |
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4.3‘ LandGPT
> MAHEEL

> #EEHMSLU-100K % 35 & 50 A K T84/ MR AE = o K45 AT

T REEET “BEAM” —ZRAFEEMN “FEGEEZT” (§F “ZEMGHEET” %
K)o, “RNBEMT (5 “RNEFAGHM AR HAZRaKKA

R TREEST “Th LA —RRAFREL DN “HRAM” — AR 2 KKA
> LG MSLU-100K £ 45 5 3 3k A5 3 1 6 POTER # Fn A B 7 B4 BE 6 A AL U 3 R 3k &0 (R 4K 38

> i A Promptik B

> Prompty 4 # 2
Please determine which of the following FirstLevel categories this remote sensing image belongs to: Residential Districts, Commercial Zones, Industrial

Land, Public Services, or Agriculture and Nature.This image contains some POI (Point of Interest) information, which is now provided to you. You can refer to

this POI information to make a judgment. The format of the POI information is: 'POI category'-'the number of occurrences of this category in the

image’. {POI} This image includes the 24-hour pedestrian density for a certain day. A higher pedestrian density value indicates a larger number of people during
that time period. You can refer to the pedestrian density of this area to make your judgment. The format of the pedestrian density data is: [density index from 0 to 1,

density index from 1 to 2, ....], covering a total of 24 hours. {Peodata} 77



4.3‘ LandGPT
> #% & Promptix &

> Prompt/y 4 # 2
F_IRE— B RNERER R a2k, 05 EER — T n 2k 145 0 78 2k S 89 1) i 18 4] -

The FirstLevel category of this image is {predicted first level}.Please select the most likely SecondLevel among {', '.join(second levels)}. This image

contains some POI (Point of Interest) information, which is now provided to you. You can refer to this POI information to make a judgment.If you believe that this
image does not belong to any of the above-listed SecondLevel categories, you can also select the SecondLevel category you think this image should belong to

based on the POI information below.The format of the POI information is: category'-'the number of occurrences of this category in the image. {poi_info}

> R L E S K

S8 % HE S8 % A
trainable params 37,748,736 freeze llm True
force image size 448 freeze mlp False

learning_rate 4e-5 freeze backbone True
max_seq length 4096 max_seq length 4096
use llm lora 16 optimizer AdamW

78



4.3 LandGPT
> “EEHZ” R

Train to distinguish the FirstLevel Train to distinguish the SecondLevel

> ETE XRE AR, EeKE

EHBMAEEANR, AFAR— SR Y Y @] a3 @]

T CERAR ER, l l

Mgl oo ME A | E=T : R R — ( r

> EEIZER, BT UEENA SR EWN l_, @ LandGPT} - @ LandGPT]

G hERIAEAREN RNk, TF N k

é%%}m - ;/\% f\:rrﬁlwﬂi T]Ii dGPT: Loss l Distinguish the FirstLevel l Distinguish the FirstLevel
T— X R, + R an + r -

EL R R S b i TR A ? \ Predicted_FirstLevel] LOASS Predicted_FirstLeveI]

l Distinguish the SecondLevel

s

Predicted _Second Level]

\.
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4.3‘ LandGPT

> 4 B EATENVIDIA RTX 6000 Adaf FA143KNVIDIA 1208 F3#4T T %, 2% —H£3H4T T 20#4k 491804 /N
BT 4

> SZIE R A8 KNG ERANLFRKNRE., & —AKINAERNRAT: LandGPTEE K F| AIAEL THATHHZ
- KA E 1£89.7%, kappaF # H0.85,

SecondLevel
100

Tower 508 000 0.0 000 000 000 000 000 11.86 0.00 0.0 0.00 10.17 000 0.00 0.00

Entertainment 0.00 0.00 000 1176 0.00 000 0.00 11.76 0.00 0.00 0.00
Market 0.00 0.00 000 11.11 0.00 000 000 972 0.00 000 0.00

Education 000 000 068 000 137 068 000 000 000 000 0.00 80

Farmland 000 086 000 000 000 000 000 000 000 543 057
Forest 000 140 000 000 000 000 000 000 000 955 281
Buildings 0.00 000 000 000 000 000 214 0.00 205 000 000
60
Factory  0.00 000 0.00 0.0 0.00 0.00 QX 0.00 000 0.00 000 000 000 000 000 000 0.00
Mountain ~ 0.00 0.00 0.00 000 1161 7.14 000 000 gl 0.00 000 000 000 000 000 000 268 0.89
3 ®
£
Public  0.00 0.00 000 820 000 000 000 000 0.00 000 13.11 1148 000 000 000 000 0.00
Office 1529 0.00 235 000 000 000 000 0.00 0.00 000 000 000 000 000 000
- 40
Park 000 000 000 382 000 000 000 000 000 153 000 000 000 000 000
Government  0.00 0.00 0.00 7.50 000 000 000 000 000 250 0.00 0.00 0.00 0.00
Rural 000 000 0.00 0.0 000 000 132 000 000 0.00 0.00 040 0.00 0.00
Shop 882 294 1029 000 000 000 000 000 000 000 7.35 0.00 0.00 0.00 -2

Vilage 0.00 000 000 000 000 000 3636 0.00 000 000 000 000 000 744 0.00 ﬁ 0.00 0.00
Wasteland  0.00 0.00 0.00 0.00 19.17 4250 0.00 000 0.83 0.00 0.00 000 0.00 0.00 000 0.00 3667 083

Water 0.00 0.00 0.00 0.00 10.89 1584 0.00 000 297 0.00 0.00 000 0.00 0.00 000 000 0.99
o

S R I I S
o S » > o &
& & & @

Predict
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SecondLevel

*RAARAT ZRRAET

BAZFn REENEE (%)
tRRRA T BRABER.

Swin ResNet Uknet BDFnet LandGPT (Ours) LandGPT7}
Tower* 2.99 2.49 0 6.97 46.6 72.88
Entertainment* 0 0 0 0 21.95 70.59
Market* 6.58 2.19 1.32 9.21 54.96 76.39
Education* 44.25 23.98 46.39 51.07 76.79 97.26
Farmland 23.25 23.98 29.66 25.64 45.44 84.57
Forest* 59.32 50.54 57.66 62.24 72.39 79.49
Buildings* 86.89 80.87 86.80 87.94 91.26 95.8
Factory* 80.58 84.25 79.54 81.28 93.77 100
Mountain 0 0 0 0 57.4 77.68
Public* 4.42 2.6 22.92 6.77 62.11 67.21
Office* 13.62 10.57 15.45 16.67 30.38 82.35
Park* 14.48 8.69 24.72 12.25 58.23 91.6
Government* 4.11 0 0.68 3.42 50.57 77.5
Rural* 84.5 87.73 83.34 85.85 79.39 98.29
Shop* 11.72 1.67 10.04 10.46 64.57 70.59
Village* 20.77 8.95 24.6 17.57 59.91 56.2
Wasteland 11.78 8.22 4.11 8.49 27.70 36.67
Water 24.26 34.55 18.54 21.28 65.28 69.31
Kappa 0.55 0.51 0.54 0.54 0.72 0.85

*Tower=Business Tower, Entertainment=Commercial Entertainment, Market=Commercial Market, Education=Educational and Research Institutions, Forest=Forestland and Grassland,
Buildings=High-rise Residential Buildings, Factory=Industrial Park and Factory, Public=Non-profit Public Institutions (Museum; Stadium; Hospital), Office=Office Campus, Park=Parks
and Squares, Government=Party and Government Institutions, Rural=Rural Architecture and Farmland, Shop=Shopping Center and Commercial Street, Village=Urban Villages,
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> Promptix it
AR EEALE R A F S R R AR, ERAM R ZAEANHFaE 2R M., BREEE
THEA T2 [E A,

74 [7] 1 [7] 2K A R 2 ] 7] A~ B 2% A BE 2 S s R AR R An oy — DI NAR 2500 A B

- — - — Dt <

) — — Q: The FirstLevel category of this image
% Ple;sfc; prov11§1.e lti pro;t>abt111t1e§ 1n. is Industrial Land. Please provide its Q: I need some insights on which
these ditferent FirstLevel categories: probabilities in the following secondary FirstLevel category this image has the
Residential Districts, Commercial . . K hich bability: Residential Distri
7 Industrial Land. Public Services categorles. Indgstrlal Par an('l F actory., 1ghest probability: Residential Districts,
O(IileAS, e AN ’t q ’ Construction Site (expressed in numerical Commercial Zones, Industrial Land, Public
and AETICUTITe anc Nature (expresse values, with the total sum of probabilities Services, or Agriculture and Nature.
in numerical values).

/ k being 1). / \
/{ Model output } \ Model output } /[ Model output }

/
~

A: This image is a remote sensing A: The Industrial Park and Factory of Al: This image belongs to the
image, and its probabilities in different this image is 0.9, and the Construction Residential Districts category with a
FirstLevel categories are as follows: Site is 0.8. probability of 0.734.

Residential Districts: 0.45, Commercial

Zones: 0.3, Industrial Land: 0.2, Public A2: This image belongs to the
Services: 0.1, Agriculture and Nature: Residential Districts category with a

K 0.35. / K probability of 0.652. /
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> Promptitit

B b, BT HE ik
BARHEROY K, #AT

promptBy It FE X, R, K
MRERT EENAEFEK,
"L EHERXEL, W

40 %
B K 4o vE — R B 7 AT
Prompti# 4] i 28 3% .

EEUBEMMBEER, THROLHER

] N

Q: Please determine which of the following
FirstLevel categories this remote sensing
image belongs to: Residential Districts,
Commercial Zones, Industrial Land, Public
Services, or Agriculture and Nature.

/—[ Model output }

Al: The FirstLevel is Agriculture and
Nature.

A2: Agriculture and Nature.

/
N

] \

Q: The FirstLevel category of this image is
{predicted first level}.Please select the
most likely SecondLevel among {',
'join(second levels)}.

J

- /
/—[ Model output } \

A1l: The SecondLevel is Water.

A2: Water.

- /

Final input

Q: Please determine which of the following FirstLevel categories this remote sensing image
belongs to: {FirstLevels}.This image contains some POI (Point of Interest) information, which is
now provided to you. You can refer to this POI information to make a judgment. The format of the
POI information is: 'POI category'-'the number of occurrences of this category in the image'. {poi}
This image includes the 24-hour pedestrian density for a certain day. A higher pedestrian density
value indicates a larger number of people during that time period. You can refer to the pedestrian
density of this area to make your judgment. The format of the pedestrian density data is: [density
kindex from 0 to 1, density index from 1 to 2, ....], covering a total of 24 hours. {Peodata} /

~
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> Promptitit

AWEFERI, Led e iy R,
IR A Zhit W it 4 Fo i — P K
M IERYIER, FTDMRERE LTt Bt
RAE A A EEAR T RI P 2K
B, o R o] IR 18] IERH S BRESE .

The FirstLevel category of this image is {predicted first level}.Please select the
most likely SecondLevel among {', 'join(second levels)}. This image contains
some POI (Point of Interest) information, which is now provided to you. You can
refer to this POI information to make a judgment. The format of the POI
information is: category'-'the number of occurrences of this category in the image.

{poi_info}

% £ A2%, kappa®R 4k EF0.1

The FirstLevel category of this image is {predicted first level}.Please select the
most likely SecondLevel among {', 'join(second levels)}. This image contains
some POI (Point of Interest) information, which is now provided to you. You can
refer to this POI information to make a judgment.If you believe that this image
does not belong to any of the above-listed SecondLevel categories, you can also
select the SecondLevel category you think this image should belong to based on
the POI information below.The format of the POI information is: category'-'the
number of occurrences of this category in the image. {poi_info}
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geography exam questions

\Z

Jury Evaluation

C @ @ Evaluation Model

eﬁ*— (’w —

@ deepseek LandAl

I

nerate answers
SR e @ Fmdmg the best answer

Geo-Base-Thinking- 19
j L

LandAl

Base Thinking
Model

NS,

LandAl '\(\
L1-SFT model

Supervised Fine-tuning

N

Land,\l CN-MSLU-10K @ Qwen2.5-V1 Geo-Base-Thinking-12K
L1 Zero
Model Openrl-Math-96k
“ "j/ LandAl Chinese-Data-R1-110k
CN-MSLU-60K inki
Base Thinking _
\], Model OpenThoughts-114k

A total of 332K COT data

/

CN-MSLU-60K-COT Supervised Fine-tuning

/ ~

o

LandAl
L1-SFT model 0
It 0, . LandAl
CN-MSLU-60K
DN , &% 1 L1 Model
Inference image data Folr @ Build datasets of varying Multi-round GRPO

\

training J

difficulty in batches
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LandAl

Geographical Thinking Large Language Model Model

UrbanComp Lab

China University of Geosciences (Wuhan)
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> BT ERERERA, HBTLXREREERE, BRANGEEGSRKGBEY
T, R IR RORAR SRR VE TR T 2 R AL

> WA EMEFETHEL, NHMTEREZTEXEA, RAMTEZ AR
By kB, RN T A, LT R KR,

> ZETPOIMIRAL iz de oA MIZ AR e W E X ER 52 EHKIRE, &
MAT AN RETEES, vRTAXE T EREM.T T XF.

> ZRRBIECTE KA WM E R R G TN E R, AL HR F p kfe tf
KEXE, FRoANESSRRESFRUAKT, AWMTAX. TEWTHF
SRR R R FE
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