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Table 1 Comparison of zero-shot classification accuracy of

remote sensing visual language models on the RSSDIVCS

dataset
] MARKSE (OA/%)  TFIIRSE (AA/%)
CLIP 54.95 44.75
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Table 2 The parameters settings of TS geometrical optics model in sparse distribution
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Table 3 Visual language models with different paradigms

A8 TR R — i BE 08 [ I AN JB {5 AN S o

Eud o A TS
piil=rb2e PG Gt s o SCAS 2 B 45 Bgor2e. BARKI. 38 3015




AL KBRS . ARG . 2RSS

TR0 B giidas . ORI S . WHDiE 5 eSS
SRS RN B A G
A

FIG gt ds . AR 2% . SRR 4%

Bk, BUIEFRAS . BLOCHERE . O R4S

Ko, MoE R % RRINIE . P30 E A 55

B2, Bxcm®R. Wt s, ot BE®eE

A, B RIFIEREARSE R, 2Lk

J15g, RLFTTIZ, SCRFIO R AR S5 B AE R T EA
=, MREE

LR BB . BIGR L

4

MR E SRS T TR E LA R
B AL AT R . AR AL I R
[, WAETE S AR LRI, ol HE
e PONZRAAI L, il 1 fros. XP0RE
(A% 0o LA B SRR R AT S5 R 3 iR A
TR IR VTR A % MU0 T8 F B I R B
L T4 R A Ry AL )5 75
(1) 0 HE a3 i 5 A2
Xof QR 5 18 55 A5 L SR 0SB 2 >0 g S8 AR, R

PR REA AT I S5, 38 3L T I A ) AR LR

A T FEAS (AN R s R AT I ko 198 U A%
A E AP, 70902 BG4 A0 SO G

e, w1 () fin. BEgmiLaEXHER M4
M £% (Christian 4§, 2015; Simonyan and Andrew %5,
2014; He %%, 2016) 3i# L% Transformer (Alexey
5, 20200 Rt B R g b Dy BB AFAE 17 5o IFAT I SCA
% fih 4538 %K A} BERT #5284 (Jacob 5§, 2019) #53C
AR AL BSOS A B Bl S, MRS B

AE 17 5K A - 1 2 42 R RO 5 o R o SRR X

LR AE S B R 2 CLIP B (Alec 25, 2021)

‘EFIH InfoNCE #i K R $ (Oord 5§, 2018) X 5¢
RFALE 2% ] v () SCA R R

(2)  HERD ML = A

FERD IS S A BRI, — R
3 4 5 4 R HERD SC A R T A HE D 1 LR R
B T PR R A o ) — ol 3 7 Ao A o FE D 1]
WIS A 45 5 A HE 1 AR (0 195 000 T 2 4 3K 2 4]
W, BRI S A . X AR A% 0 AL 4
B EE . ORI 28 M Z A D4, Wk 1 (b)
FR e xh e BRI AL, {5 o ) 25 30 A1 £
ML 5E Transformer, FFAT i SCA g L) 25308 5 02 3 T
Transformer f(JP %% . Rk b, %960 s UBURR 1 2 45
A Y i 45 18 45 A

SCTE T IR R 3 5 HL ot A1 ST

KGR BOMAIN) J71EG FLAVA 8! (Singh 4%,
2022) F1 MaskVLM #%Y (Kwon 4§, 2022) , EA]
PIGEE T HERDAE S AT 1 IR A A R ke 2 )
SCARRIER LR -

(3> PR ol 1 = A

TN 25 200 1 5 AR AL ) FE TR I 1 K R4
S MM (Large Language Model, LLM) K2 >] &4
Gt 2% A LLM 2 [A) ) WSS o A% O 2H A1 L350 TR0 25

HIEMG g &5 . B ZRE) LLM MALSEAE 5 & 52 3%,



6

W1 Co) From. iz 2 2] I fE T i T A3

R RE . TIN50 R G i 2 SRR, U
MAEFGAE 5. WUIZREK LLM B ZhEexs b1 AN,

PR SCAA 5 I PATHEERAE 55 HOIERA

W8
PO BV AS B SO ) LLM A] UFR AR () 23 (7]
DL R PR R S A R, B R 2 )2 B 2
(Multi-Layer Perceptron, MLP) . {HEEZ KA,
X L {1 TN 5 PR AR o 25 3685 SR P 2 IRl SOk 5 1 ke
be ML 15 5 AR b B R A A, R IR B
WAk, A —LHET

T CLIP HHY, KH T CLIP £

B4, W1 EVA-CLIP Zmfdas. %70 2 20 5
HE %, $li0 Frozen B8 (Tsimpoukelli 5%, 2021) |
Qwen 7 (Bai %%, 2023 ) .BLIP-2 B Y (Li 4%, 2023 ).
Mini-GPT £ %1% (Chen %%, 2023; Zheng %%, 2024;
Zhu %%, 2023) 1 LLaVA RFIEEA (Liu %%, 2024)
e

(4) AR B 5 R

A R A BV Y S T A PR B A R
g, BIAE MM, WK1 (D fron. B
BB HEAT YN R 1) A OB 1 % 0 LA L 356 SO
Gt e . A R 2 R R AR D 4 o SCA G AL 5 A ]
AR & 5 AT PRGN AR AR 2% 2 AR - R
FERLAE, SR TN A O AL X RS
By HL R AR CoCa #EAY (Yu %%, 2022)
ER ) 2 BLAS SUAS AT B A Sy MR - SAR A Y 45
3 A R AT I G 0 A el R R A% 0 LA B B

Bt as . AR ML SRR &, B AT 45 42

K5 HT— A A E B R, X 2 K BN ALY
A & Chameleon #:%! (Chameleon %%, 2024) , '
KT Transformer ZEMJ R GRS H BIHES

I Ry MG - SO A 4 o
3.2 ERUREBSEREGN

IR TE B AR M T B IREOR A H
AERI RS, BRI R, 24
A E SR 28 & ER 5
Bro ZERMIIREZ A, M)z, SR EE
orR. REECH BRI BEREE SR R AL
fr BERALGE % IR ER L . B
HELRES -

4 i 38 S 0 1 AT (T AT DU D
O, SR B AR BRI SR A+ 18 R O 1
B QSR L T AL RE i S R R TEGE RS, HORE R 2K
k77 X5 TR AP0 15 5 B R
JEPL G 5 A58 RemoteCLIP R A%t Lb 2045 Y,

) R T 1K) AR 3 T A oA e 2 S o L =i

MAE FHER CLIP SZUE RIS . S BN
GeoChat M & I Zr 20 AL, it i 28 2 2 R An 4%

AT PSS TE RN, K BB AFAE 52 2] LLM 1918 5 =
6], {1 LLM 1] DA R 500 I 1) B 2R 38 5 i R
(AR R, A [F) () 388 ML i 1 75 5 2R ) 93
VIZRATIN A B e 45 22 7 O, Wk 3 s filtn,
RemoteCLIP. GeoRSCLIP. SkyCLIP Fl LHRS-Bot

ALK EuroSAT a4 % B N4, 1 EarthGPT

e NI, it WRBATE 2IH A

6



W ¥ #2454 EuroSAT. RESISC45. WHU-RS19.

SIRI-WHU. AID. RSI-CB256. PatternNet 1 FMoW . £ 8

x4 NEHE

NI TELH A

o

ERAIES RENBIEEE

Table 4 Data selection of different remote sensing visual language models
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K, —RETHFIREKER, Ed M E R
o R SR X B e s 9 — RS S DA ) B JK

HOlE S VR, I I SRR BRARCRE S A R R O SCA
A . AT R T R R PR SO e 4R KA O AE

W 5 Fis. B VELI - 21X S50 2 1 AR 5615 B
RemoteCLIP #%8Y (Liu &5, 2024) £l ] 1 Il 5 84 4
SR TE SO IO . H bR R A S A R oy 2
KA SR B G R . B S A TR I RR A HE - il ik

(box-to-caption, B2C ) 4E B F 5 - HE ( mask-to-box
M2B) #i. B2C A= plije 18 2 T30 FHETE B A FR A
A S A W AR A 1 SCAS A o SR T R
TIERAER 5 AR, 56 B o
o B AR HCR . M2B B4 18 S EI KU S 1Y
VERE Ty U e H AR S DB 2 v B U 5, AT
5 B2C A BT ik ok . It IX 3 PSR AL I AR
B, RAHINIIGEEEES 165,745 KEIE,
BEKEBAA AR A bR, St 828,725 AN

GBSO BGSNE S B 2 M %, BOY
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R, R R ZFE, M 224X224 3] 1920X 1080

. WEIR5%.

B RS R SO 31 =S 4

BT AN RE RS, ey b R

et o, AR AR TR A

RSTEERBINGHEEER

Table S Different remote sensing training data sets information

TR/ H 4R gt SEEET LIS & 72 8] 43 4 H /m VERE T FIAE X RS
) i F ST AR % , ,
BEWE s A 224X224 i " 7R SN S
RemoteCLIP “yrgmge RN 900 1080 %% Egﬁ%ﬁﬁ@{% 165k o Hribas
B 2 Bas i , .
) BERE L, nn ~ ~ ol RS K. B
RS5M-RS3 gt BN AP );%LIP 24 EE M 2 Y
gk BB E
FETHH SAM XA A .
BEIA e M 256X256 2 NN A €T B Rk ik
GeoChat sEge CRA 300054000 A ) FREEBE LR O F e, BRI,
Him PrHEIR AT 5 %G
ey
. maR (F HBEEEZS .o o
GRAFT Mkt ﬂigﬁﬁﬁ;g - (o 1K) B Flicke L ;ﬁ};\fﬂ A ?Q
e A FE % (R SR P9 R 47 pAF
- 1822 10 K x5 e
5 FH Hb 2 AR AR H B)
BRI KAsid
M0 KMEE B EG ST E - s o
SkyScripts Mk kH OSM -- B30 KMEER B fE m H M Z;ig@;ﬂqiﬁiz
EA R = OpenStreetMap2 RIS AT
(OSM) K# & E
14 5 7R
EMG R BG R
N i FH SC AR 2 X 3R . WA
A % 71 VE Ju
MMRS %ﬂgﬂf 4;;;7% - - R HONE G 1005k . SRk, Wt
- g SENL HERR. £
1 5% 5o 15 45
M OSM 3 H b 3
e e s EE . W
LHRS-Align Ak kEH OSM - - AT R SN
Vicuna-v1.5 3T 1% M o g At T
5 B P (R SENL ZAT 5 X ih 25
i
{5 FH A0 58 18 5 A
Gemini FRA A s
AT TR B A R R R B B G b, W
HqDC-1.4M ﬁ”ﬁ;ﬁ KR Ik 512X512 - P, BRI, 1AM K. ZRREH RS
JEME . e M) F DL E A A
H A 1ok &0 R
MG R BGRE E
X 35 R« A I
. e . EWEFES
FH V4137 5 Bl bR % ; s
M 512X 768 F . o . HEREM . Z4F
HRE, = . . N g
FIT-RS Mk g %ng;R 2786031096 A - ;fg’;ﬁ;ﬁm;g@ 188?(0 5% il . KRR
& /}:a@é KA. B b

X g 5L
B~ R 23 5t A

RSS5M ##5 48 (Zhang 5%, 2023) B T AT ]

JH B P SO0 R0 5 - M P i 328 388 K8 11 T Y S 4
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HA# A BLIP2 (Li %%,2023) NALEA BHEFRZN 3
AN K7 38 K4 48 (BigEBarthNet (Sumbul %5, 2019)
FMoW (Christie %, 2018) #1 Million-AID (Long %%,
2021) O AERUHIR . B ST EURRNR AL, P
NG, AP R X B AR R 2 AR
A 21 1) R

GeoChat (Kartik %, 2024) & [{ 2 &KIE S £ A
I BARKI 375 KA R % 3 FhAS [F] SRR
MRS, b, HiskldEEH DOTA (Xia
%%,2018)  DIOR (Cheng %, 2022) 1 FAIRIM (Sun
55,2022) , EATHIBL T XA E KR AR E ) TR
SAMRS #flifk. fEIXAT4E EAMA VITAE-RVSA
A (Wang 55, 2023) ¥RiN 7 —2e LR, g
WA, BB AK. PR R ER
NWPURESISC-45 %45 %, 5 7] & # 4 4 2
LRBEN #(#E#% (Lobry %, 2020) Al Floodnet # %
) 25 ¥4 4 (Rahnemoonfar 25, 2021) . {H3VE &M
= B Y od B €T SRR I MA S S AL e S
DX A5 R, AT A A 78 3 b I R i 8 A L 4% X3
PAEFRE ). BARGE T EIUGERIRE, PR,
M 256256 F| 3000X 4000 %%, 5y B 2B ke
ARRRAE, A B R 1028 AR A BRI R AT
JEVESREL, W2EH. Bt MK RN AR AL E A
H bRkt 56 &

55 A 2B AR 0 5 S B AN, GRAFT A
(Mall &%, 2024) J i % ) 72 i - T 22 P15 B dis

Heo IRl SCRE BUR MG 3= ) R IR BT 55

A AR oy B T R AN o A I B 4R
NAIP CE7h#, 83K 1K) Ml Sentinel-2 (fik7)
e, BARE 10 2K) o HulE EHE R M Flick FilftdE
By, KR FEMX REEEG, MER%—
MR, MOERAR A R UER M. DR ERRIE T
EarthEngine APIs2, ‘& )0 150 B 7 ) R 1 3
HbRCAL, MR AR R T iz TR BRI T Hh I
GG ILHEATICAS . BAMEN NAIP B4
1020 Jj X Hifi- LA B8 %, Sentinel-2 i 460
870 J3Xt .

SkyScripts $4li 5 (Wang 25, 2024) il i K
BURLA bR (1 28 1% ER B4 5k - OpenStreetMap
(OSM) i BEARIC1E S BT LA 2 1. 3L
ehy IR A A R OR JE T Google Earth Engine
(GEE) , JER J Ml RAEEFE B VE I 0.1 KRR
B 30 RAGEMZIE. ZoPfEBIL. &UE
B OSM LifesE. 76 OSM o, HiFE ERRA R
W — AN MR RIER . BAMRZ RN A H
e RSO F B R A . R S, B T
WEG L, KA ERFERE (Pl “HTE 7 D, i
U 5 R A s O S R AT B A B ) (A < 3
T o IR I B A SO AL K
SERITN, S ALHE T AL ¥ 7 2 R

MMRS-1M ¥#i4E (Zhang %, 2024) &3
R PRI SO O 1 T AT 4 A R R I 4. e
e A B SN oI <R 1 B SN VA B K < A o

&. 5

LS MES, PLEE2E. SAR FIZL Ak 3 R

o
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GeoChat HHEERML, FTFERKIH . fid. &%

15 B i 5 2 AR 7 Dy 18 AR 4
5 SkyScripts ##54 2510, LHRS-Align 44
(Dilxat %

, 2024) ;2T ¥ K H Google Earth3 [

EKEG S5k E OSM VG ¥4 e I K& 8 A5 B

FEMFE EPCXT AT, BHEET 115 A

iR RE IR SO o U BRI T ok At R
AN E IR 0.3° 4 X0.28° £h FES A )38
K ME A1 OSM HF1E . 5 SkyScripts B4 4 A8 A (1) A2
LHRS-Align #¢ 45 % i& & § 7 LLM #
Vicuna-v1.5-13B (Chiang %, 2023) , @iy &AM
P 1 S A8 A 28 A R PR IR o 12 B0 4 1 8 IR
G Fe 43k, AT 7843 R b = & i S B S
5 LLM B J5O7E 38 [N 7 THT 7 4 00 70

A
=T ,

HqDC-1.4M %4 £ ( Pang 2024 ) F| H
“gemini-1.0-pro-vision” API M %A~ FF 18 B s
S AR EGSE, ITT3RAS 1 140 J5iA RS
AXT A . A AR S AHE Million-AID (Long
%,2021) . CrowdAl (Mohanty %%, 2020) . FMoW
(Christie %, 2018) . CVUSA (Workman %%, 2015) .

CVACT (Liu and Li %%, 2019) F1 LoveDA (Wang

5, 2022) Hedde, b g K KR R M T SRR R Y
LA 0.1 2KE] 100 K LA b, A8 732 12 1a] 43 A Al
Z R R AL BE S MR G — BT 512X 512,
R R UG R LR R R L e R
BE. GUESER, MANEH 4R I R h Pk
TR R E AR B .

A A S R B M AT BB I B P SE R 2 AR
IR L OC &R, SCHR (Luo 4%, 2024) e T STAR
MRt . SRS T ARG E N IR RH
Gy W R IEUR TR UG IR LA A 1 3 55 T
PR XEEHRIE T T 2 AR ARG 5 (Bl
MUz, RIFBED , RFM 512X768 F 27,860
X 31,096 5% . H STAR LT REH T
FIT-RS ¥ifa & . &6 58T 400,000 4~ = 7o Fik
iF 210,000 4~ E AT 1273 A RSI H g 5  FAE IR 2

(2) KT,

RAEALETE SRR M, Ak 4.2 Th B&%F
FEA 73 2K T e i 18 AL D0 15 SRR 7 36, Xt

AT G BB RO A OB BOAR S
i A B AR 6 PR

Table 6 Different remote sensing visual language models

A5 H G 9 7 2% ARG S 2% E2 Py TR T il - 5 9
RemoteCLIP X} He ViT-L (CLIP) (CLIP) — 56 B 4*3090Ti (24G)
Pfeiffer.
LoRA.
1*A100 (40G) +
GeoRSCLIP pagsa ViT-H (CLIP) (CLIP) — Prefix-tuning .

1*A100 (80G)
UniPELT.

52 4 i
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GeoChat I 2 ViT-L (CLIP) Vicuna-v1.5-7B

GRAFT it B ViT-B (CLIP) (CLIP)

SkyCLIP it b ViT-L (CLIP) (CLIP)

ViT-L (DINOv2)
EarthGPT I 5 + ConvNext-L LLaMA2-7B
(CLIP)

LHRS-Bot I 5 ViT-L (CLIP) LLaMA2-7B
H2RSVLM pagsa ViT-L (CLIP) Vicuna-v1.5-7B
SkySenseGPT T 25 ViT-L (CLIP) Vicuna-v1.5-7B

a two-layer MLP LoRA 3*A100 (40G)
— — Unknown

— — 4*A100 (80G)

a linear layer — 16*A100 (80G)

a vision perceiver LoRA 8*V100 (32G)

a two-layer MLP — 2*A6000 (48G)

a two-layer MLP LoRA 4*A100 (40G)

Vision Transformer (ViT) Transformer Encoder

Bird MLP
Ball
Car Head

Transformer Encoder ’

|
- BN OVO 00T

Patch + Posit
Embeddin
Lmear PmJeclmn of Flanened Palchet

Multi-Head
Attention

[

Norm

Embedded
Patches

Extra \able
[class] embedding
SEE J
mmu—»lilﬁﬁ!ﬁ@ﬂ
T

Kl 2 VIiT 2247~ & K (Alexey Dosovitskiy 25, 2020)
Fig.2 The framework of ViT (Alexey Dosovitskiy %, 2020)
TEF G i 43 7 T, 2 BOBE AR A 1 At B 46 4%
(Visio Transformer, ViT) (Alexey %, 2020) ,
W 2 Pros. e R B o> B E RN B,
PO X e gk AT 2P RN A B RN, AR R R )
SOACTR= 45 /718
FESCA G i 45 077 T8I, =4 Hi 38 S o 1 5 S 2 A T

() E B PR, —FP & CLIP A58 AR H 1Y) SO A G A5

2%, PR KAEESEM IR RA . fE S
MNMEK 63M 8. 12 B2/ 8 MEE LB

Transformer, & KCAFIIKE LR 76, 1£1%
gt s v T HERD B R AL R OR B A A TN
SRt 5 R BEAT W14A 1 B IN AR AR AT H B
BE J1 o Jm & W R I TR IR RO AT A

93 il f&

LLaMA2 (Touvron %%, 2023) #ll Vicuna-v1.5 (Chiang

& 2023) .
LLaMA2 HJZEH RN Z - B iRARHEAL . 2>
HABEWERII)Z . W52 Softmax JE 4L, W1l 3
Ji7R. LLaMA2 H = iR R — 2B 75 R Fr
HEAL 2 X BEAS transformer J2 HOHI A ZEAT 13— 1k ;
TR TR WS RO SwiGLU: =244
BTER J1ZH Query #AMHEAT 434,

AQH/\?‘

—H KV, XS 12 R, R

| Feed Forward SwiGLU |
RMSNorm
& N
x
Self-Attention(Grouped Multi-
Query Attention with KV Cathe)
Q0rs. KOz v
Encodings ‘Encodings
t t )
Embeddings
Input
Kl 3 LLaMA2 2447~ & & (Touvron %, 2023)

Fig.3 The framework of LLaMA2 (Touvron %, 2023)
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Distributed serving with
Supervised instruction
fine-tuning on LLaMa

User-shared
conversations
(e.g., ShareGPT)

Evaluation

Assess the outputs with

Run on any cloud with <7 SkyPilot © GPT-4

4 Vicuna i (Chiang 5§, 2023)
Fig.4 The Workflow Overview of Vicuna (Chiang %, 2023)

Vicuna-v1.5 [IMEIR Qi 4 Bros, A6 i 4E
BSR40 IR AT A W R DU 45 o iZ AR
(%5 15 209 . ShareGPT.com L& T K% 7 K
Wo BEAh, ZAEAILE Stanford Alpaca JT 55 7 $12 fJt
I ZRBIA LREAT T 338, DUE T 403 2 6 50 3 Al
Kpgl. bjE, efd T — Mg miRsg
RGRIREAEH R . e, BALR VAL R i
GPT-4 X F5E78 fity mi [ SR 4 W £ o

FERR OB AR T T, 224 08 A 58 1 5 A
BRI A2 T8 B0 7 A AR TOE L 8 (Adapter)
()77 (Houlsby 28, 2019) . 58 B4R J7 %2 8 %t
AT GRS B AT 0, WTRIREE
Dbk, H B KR TR IR R ). Adapter
{0t W T AR K A TR A58 B A i 7 o 5
AN S B, H R TR B ) 4 45 4y o
INGHT € SLI¥) Adapter #54y, 76 F I 2R i 72

W B Adapter 3070 28 240 48 Adapter G40

BNI) d E BB AN m dE L R R
LM, A m gEr BB R d R, A

el 5 A7 Fros o AEZ iR JE R T 2 A O HE R

R AR £ ST 1 5 T ) PR

Transformer
Layer

2x Feed-forward
layer

Feed-forward layer

Multi-headed
attention

000000

5 Adapter #i# (Houlsby %%, 2019)
Fig.6 The Workflow of Adapter (Houlsby %, 2019)

T T B 1 S AR Adapter T T TE
EEAA 4 PR, EAIS B2 Peiffer Adapter
(Pfeiffer 5%, 2021) . LoRA Adapter (Hu %, 2021)
Prefix-tuning Adapter (Li and Liang %, 2021) Fl
UniPELT Adapter (Mao %, 2022) . H £ $pi A
XM T LoRA Adapter J5 i H#E4T 10

Pfeiffer Adapter Jyfif the S ME PRI L AT 55 1A T 41
AN GRAFEE [ e, 4 52 ST 2 70 A B B
KR SER BOR FR A& BB, il 6 Fros, 7l L
FH R B Z S AR R I BOE I 2k
Adapter RS2 3] TR AT 55 RS 2 FHAR, R S0 R S
£ Adapter RS H b, FUHAE S BOE I g
B ERE TAL4 1 Adapter 552, 5INH
ZHME LA Adapter FIIHNR, $REBAE H R
FEFHIERD . H Adapter BHRFRINE S EBUETY

BES LRI, FEAC T AR HER 11 BE -
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4
((—CGason) )

L_

Add & Norm
(x)

LX)

Multi-Head
Attention

K 6 Pfeiffer Adapter ik (Pfeiffer &, 2021)

Fig.6 The Workflow of Pfeiffer Aapter (Pfeiffer %5, 2021)

LoRA adapter J4{5E i3 58 I 28, i ARk 20 it
F1% SRS R AL T BT R e R 7 D AN BN (R AR
W 7 Firos o XL AR R AT DAAE 1 T a1 [R]
TREFFEAR A B R B D I 2. 1207 VEAE RO L
e, REFRIGBUCEFE MRS, ARt — LR,
B 21 2 T T R e R AL A E N A A 4

E1EE. XEMMELT Adapter WS EE, W

"/

ST GPU A7, R 7= A2 AT A 1) 4 2 A
B,

o I

A TR

Pretrained
Weights

W e R¥*4

N —
] 7 LoRA Adapter HEi& (Hu %%, 2021)

Fig.7 The Workflow of LoRA Adapter (Hu %%, 2021)

Prefix-tuning Adapter 7Efi] N 28 (token) Z Hl

Myt — B 5RO R4 (virtual tokens) fF

NETEE (Prefix) , ARIENERAIRTE X T BT Prefix 3
NS E AR ) AR S e, Wi 8
TR o EAFERENI S, %7 56 AN [6] 1) B 45

Fine-tuning

Transformer (Translation)
L1 1 1 1 [ 1 1 1 1

(s

Transformer (Table-to-text)

0 I 8L 8T 8T O AL

name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

Prefix
(Translation)
1

Prefix-tuning

Transformer (Pretrained)

LI L

name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

Prefix
(Table-to-text)

K 8 Prefix-tuning Adapter #£i£(Li and Liang %, 2021)

Fig.8 The Workflow of Prefix-tuning Adapter (Li and Liang %,
2021)

W, FEMIEARNFL Prefix. BAKTE, X H 14
ZRRERY, FRAEE) S AT SN Prefixo XS 4 il #5-
FPERL A% S5 ARSI, 5 T AE o B 2 A 2% o 18
Prefix.

LoRA
+ +

5>

BRE

\ h;, Y,

Kl 9 UniPELT Adapter #fi& (Mao £, 2022)

Fig.9 The Workflow of UniPELT Adapter (Mao £, 2022)

UniPELT Adapter A& — ¥ F 3k ol 77 k47
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Gi— 5K, W 9 . BTN 2T B
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Jir AR RV RE WY AN U0 SE BB (Zhang 4%, 2023) .
XTSRRI 5, SR T (1 2 B A i
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Abstract: Visual language models (VLMs) have achieved remarkable success across a range of
multimodal tasks, including zero-shot classification, image-text retrieval, image captioning, visual
question answering, and visual localization. However, most existing methods are pre-trained on
general-purpose datasets, which often leads to suboptimal generalization performance in specialized
domains such as remote sensing and medical imaging. To address this limitation, a growing number of
domain-specific remote sensing VLMs have recently been proposed. These models aim to incorporate
geo-awareness by fine-tuning general VLMs using large-scale remote sensing image-text pair datasets.
In this paper, we review and analyze the latest advancements in remote sensing VLMs, focusing on
zero-shot classification as a central task.

Current VLMs can be broadly categorized into four types based on their training paradigms:
contrastive, masked, generative, and pre-trained models. Contrastive models typically consist of an
image encoder and a text encoder that are jointly trained to align visual and textual representations.
Masked models build upon this architecture by incorporating a multimodal encoder to facilitate
cross-modal understanding through masked prediction tasks. Pre-trained models further extend this
framework by introducing a visual-language connector to bridge the gap between modalities. In contrast,
generative models differ substantially in structure and functionality. Depending on the output
modality—text or image—generative models can be divided into two subtypes, each employing distinct
network architectures: one uses a text encoder, a generative network, and an image decoder; the other
utilizes an image encoder, a generative network, and a text decoder.

Based on the aforementioned classification, this paper systematically categorizes existing remote

sensing VLMs (RSVLMs) and provides a detailed analysis of their core components, fine-tuning

28
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strategies, and associated datasets. Building on this analysis, we highlight several key challenges faced
by current methods, including strong dependency on large-scale annotated data, high computational
costs, and the absence of standardized benchmark evaluations. To address these issues, we propose
several promising research directions.

RSVLMs for zero-shot classification have emerged as a prominent research direction in recent
years, yielding a series of notable advancements. Compared with traditional zero-shot classification
methods, these models are characterized by their reliance on significantly larger-scale pre-training
datasets, increased model complexity and parameter counts, and superior classification accuracy and
generalization capabilities. These features are particularly valuable in the context of the rapid expansion
of remote sensing data, offering both substantial theoretical significance and practical applicability, as
well as promising avenues for future research. This paper provides a comparative analysis of the current
development of RSVLMs for zero-shot classification tasks, which are primarily constructed following
the paradigm of general pre-training followed by fine-tuning on remote sensing data. This approach has
led to a development pattern that is driven by large-scale datasets and supported by high-performance
computing resources, resulting in considerable model diversity and complexity. However, a unified
evaluation framework has yet to be established. Therefore, future development of RSVLMs should focus
on designing model architectures that are better aligned with the unique characteristics of remote
sensing data, and on improving fine-tuning techniques to reduce computational demands. At the same
time, efforts should be made to progressively establish a standardized and comprehensive evaluation
system for these models.

Key words: remote sensing intelligent interpretation, visual language model, remote sensing visual
language model, model fine-tuning, multi-modal learning, image-text alignment, zero-shot classification,
remote sensing dataset construction
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