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Retrieval-augmented and parameter-efficient fine-tuning framework for multi-

task semantic understanding of remote sensing imagery
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Abstract: Objective With the rapid development of Earth observation technologies, remote sensing imagery has become
one of the most important data sources for large-scale environmental monitoring, urban planning, disaster assessment, mili-
tary reconnaissance, agricultural management, and ecological analysis. Recent advances in multimodal large language

models and vision-language foundation models have provided a new paradigm for remote sensing image interpretation by
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enabling unified modeling of visual and linguistic information. However, directly applying general-purpose multimodal
large models to remote sensing imagery still faces several critical limitations. First, high-resolution remote sensing images
usually contain extremely large spatial dimensions and dense visual details, which produce excessively long visual-token
sequences and lead to high computational overhead during inference. Second, fine-grained semantic structures such as
small targets, narrow roads, airports, ships, and buildings are easily lost during conventional image resizing or patch
encoding processes. Third, general multimodal models often lack professional remote sensing knowledge and therefore
exhibit insufficient semantic reasoning ability in domain-specific tasks such as disaster analysis, multi-temporal change
understanding, and visual grounding. In addition, full-parameter fine-tuning of large models requires massive computa-
tional resources, which limits practical deployment on medium- and low-resource hardware platforms. To address these
issues, this study proposes FM9G4BV-RS, a retrieval-augmented and parameter-efficient fine-tuning framework for multi-
task semantic understanding of remote sensing imagery. Method The proposed framework is developed on top of the
FM9G4BYV multimodal foundation model and integrates adaptive high-resolution image slicing, Grouped-Query Attention
(GQA), Retrieval-Augmented Generation (RAG) , Low-Rank Adaptation (LoRA), and NF4 quantization into a unified
remote sensing multimodal learning architecture. First, to overcome the computational bottleneck caused by ultra-high-
resolution remote sensing images, an adaptive image slicing strategy is introduced. Instead of directly resizing large images
into fixed resolutions, the framework dynamically partitions input images into structure-preserving image blocks according
to image scale, aspect ratio, and spatial semantic distribution. A layout scoring mechanism considering area coverage,
information balance, and boundary preservation is designed to select the optimal slicing configuration, thereby reducing
visual-token redundancy while preserving critical spatial structures. Subsequently, the sliced image patches are encoded
into high-dimensional visual tokens through the visual encoder. To improve cross-modal-interaction efficiency under long
visual-token sequences, the framework introduces Grouped-Query Attention into the multimodal Transformer architecture.
Compared with conventional Multi-Head Attention, GQA reduces computational redundancy by allowing multiple query
heads to share grouped key-value representations, thus improving memory efficiency and inference speed while maintaining
semantic alignment capability. In addition, the framework adopts LoRA-based parameter-efficient fine-tuning for remote
sensing task adaptation. Instead of updating all model parameters, LoRA inserts trainable low-rank matrices into the
query, key, and value projection layers of the Transformer, significantly reducing the number of trainable parameters and
lowering training costs. To further improve deployment efficiency on resource-constrained hardware platforms, NF4 quanti-
zation and double quantization strategies are incorporated during inference. These methods compress model weights into
low-bit representations while preserving the statistical distribution characteristics of neural network parameters, thereby
reducing GPU memory consumption and storage overhead. Furthermore, Retrieval-Augmented Generation (RAG) is inte-
grated by encoding remote sensing knowledge sources into a vector database, enabling task-relevant knowledge retrieval to
enhance domain-specific semantic reasoning. During inference, the model retrieves task-relevant knowledge fragments
according to semantic similarity and integrates them into the generation process as traceable contextual evidence. This
mechanism effectively alleviates hallucination problems and improves semantic consistency in professional remote sensing
scenarios. The proposed framework supports a wide range of remote sensing vision-language tasks, including image caption-
ing, visual grounding, visual question answering, object detection, disaster assessment, semantic scene understanding,
and multi-temporal change interpretation. Experiments are conducted using multiple remote sensing datasets, including
Git-10M, RSICD, VRSBench, FAIRIM, NWPU VHR-10, LEVIR-CC, CC-Foundation, OpenEarthMap-SAR,
BRIGHT, and xBD. Among them, VRSBench is selected as the primary benchmark for quantitative evaluation because it
simultaneously supports image captioning, visual grounding, and visual question answering tasks. Result Experimental
results demonstrate that FM9G4BV-RS achieves significant performance improvements over the original FM9G4BV founda-
tion model and several representative multimodal baselines in remote sensing semantic understanding tasks. On the VRS-
Bench benchmark, the proposed framework achieves BLEU-1, BLEU-2, and BLEU-4 scores of 34. 8%, 24.2%, and
10. 1%, respectively, improving the base model by 18.4, 16. 6, and 8. 4 percentage points. The METEOR and ROUGE-L
scores reach 35. 6 and 37. 2, respectively, indicating substantial improvements in semantic consistency, sentence fluency,

and structural coherence. In the visual grounding task, the framework achieves an Acc@0.5 (loU All) score of 30. 7%,
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which significantly exceeds the base model and demonstrates enhanced spatial localization capability under complex remote
sensing scenes. For remote sensing visual question answering, the VQA (All) accuracy reaches 47.3%, showing
improved multimodal reasoning ability. Qualitative analysis further confirms the effectiveness of the proposed framework. In
airport and harbor scenes containing dense small targets, FM9G4BV-RS accurately identifies airplanes and ships while gen=
erating more precise localization boundaries than the baseline models. In disaster assessment scenarios, the framework suc-
cessfully combines visual evidence and external knowledge to generate semantically consistent descriptions of damaged
regions and disaster severity. In multi-temporal change understanding tasks, the framework can capture semantic differ-
ences between temporal image pairs and produce natural language explanations for urban expansion, building changes, and
land-use transitions. Ablation studies demonstrate the contribution of each core module. Removing LoRA causes the largest
performance degradation, indicating that parameter-efficient domain adaptation is essential for remote sensing semantic
learning. Removing the RAG module reduces METEOR and ROUGE-L scores, suggesting that external knowledge
retrieval effectively enhances professional semantic generation and factual consistency. Replacing adaptive slicing with
fixed slicing reduces visual grounding performance because fixed layouts are less effective at preserving spatially important
targets. Replacing GQA with MQA decreases both localization and language generation performance, demonstrating that
grouped key-value sharing achieves a better balance between efficiency and representation capability. Although FP16 infer-
ence slightly outperforms NF4 quantization in accuracy, NF4 significantly reduces memory requirements and improves
deployment flexibility on edge devices. Conclusion This study proposes FM9G4BV-RS, a retrieval-augmented and
parameter-efficient fine-tuning framework for multi-task semantic understanding of remote sensing imagery. By combining
adaptive high-resolution image slicing, GQA-based cross-modal interaction, LoRA parameter-efficient fine-tuning, NF4
quantization, and RAG-based external knowledge enhancement, the proposed framework effectively improves semantic rea-
soning capability, visual-language alignment performance, and deployment efficiency in remote sensing scenarios without
requiring full retraining of the foundation model. Experimental results on multiple remote sensing benchmarks demonstrate
that FMOG4BV-RS achieves superior performance in image captioning, visual grounding, visual question answering, and
multi-temporal change understanding tasks. Compared with conventional multimodal large models, the proposed framework
provides a scalable and lightweight adaptation solution for remote sensing semantic understanding under limited computa-
tional resources. The framework also exhibits strong extensibility toward future remote sensing applications such as disaster
emergency response, interactive geospatial intelligence analysis, cross-modal retrieval ;" and autonomous Earth observation
systems. Nevertheless, several limitations remain.” Some tasks, including disaster assessment and fine-grained object clas-
sification, still require more comprehensive quantitative evaluation on larger standardized datasets. In addition, the frame-
work may still encounter localization deviations and semantic ambiguity in extremely dense small-target scenes and complex
background environments. Future work will focus on expanding multimodal remote sensing knowledge bases, improving
temporal-spatial alignment mechanisms, introducing uncertainty-aware reasoning methods, and exploring real-time deploy-
ment strategies under edge-cloud collaborative environments.

Key words: multimodal large models; semantic understanding of remote sensing imagery; Retrieval-Augmented Genera-

tion (RAG) ; parameter-efficient fine-tuning (LoRA ) ; vision-language model ; multi-task adaptation
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e Ah , YR B B SR T FP16 2 FE 33 L A
ARG IR E A B RS RS DeepSpeed ZeRO-2 1
FAAAL M, (AR RE A2 e v 25 59 250 1 58 iR
E NG, BN EZSECE R 3R

x3 lEsHiEE
Table 3 Training Parameter Settings
=51l =] [t
——model_max_length 4096 AT KK
——max_slice_nums 9 LIV E INIE i
——max_steps 10000 YN
——per_device_train_batch-size 2 BB %k batch size
~—gradient_accumulation_steps 8 e BRULEL, W WA 5
——learning_rate le=6 2R
——weight_decay 0.1 &S
~—warmup_ratio 0.01 2 ) BRI
——Ir_scheduler_type "cosine" 2 2 S WG
LoRA enabled SRR
tune_vision_encoder yes TR LB i 2
tune_llm no UREGI B
~—gradient_checkpointing true Je B BE R A S LA 48 AT

——deepspeed

ds_config_zero2.json

[ DeepSpeed ZeRO-2 it &

5 ZWERSHH

5.1 SLIHHER
AMFITHE H 1 FMOGABV -RS F 7 75 18 RS VAL
PE4E VRSBench BL R PEAL 45 S AN 3% 4 Frs , PRAG R

REE 13 FiR . 5 Y H0T 355 2B 5
R PERE EAT T R Gt FL R4S, 8 35 BLEU-1,
BLEU-2 .BLEU-4 METEOR 5 ROUGE-L HA~ (A
A TE LB . S5 R, G i R AT:
55 1R 5, FMOG4ABV-RS 16 JIr 47 VAl 4 i 1 2452 R
T XF HE R R FMOGABY 1 B & MR TF . Hod,
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BLEU-1.BLEU-2 5 BLEU-4 43 5l 1 16. 4%.7. 6%
1. 7% 2 T+ & 34. 8%.24. 2% . 10. 1%, Ji. H BLEU-4
T8 AN EH oy, B HE e g 5 8 558
Fe /) AR T TH S SR BE ) s METEOR 4543 Hi 25. 3
BERE R 35.6, 5 GPT-4V(20.9) i i 14. 741
A% 5,8 T LlaVA-1. 5(21. 9) 5 Mini-Gemini(21. 5) ;
ROUGE-L#ET} 2 37. 2, B R (17, 8) #7119, 4
4y, 4 3F LlaVA-1. 5(36. 9) 5 Mini-Gemini (36. 8)
G TERE IR BEARK A, FMOGABV-RS 7E S A A=
BT I B G B R )RR fhRE

R 73 (] 56 Z2 43 56 R4 55 THI ¥ R IO, [R]AFfR

Fi 7 RARAHEE AT A, Sk T A 1 B O
fift 55 P BASX FHAE 55 RO S S AR

RUERS S8 1201, 3% 4 Fh A 25 151 L
K H B — 1) VRSBench Il i 4E | Prompt £ A PEAT I
A KA PR S HCHEAT VA 5 P IR  o B  H  TE
AR ) U A A F 7R 1) 25 A S8 A B, L S g 4
FAEXT 2% o R, 4 FZ T HECR R B
RT3 R PG AR A8 5 AL AL B [7) 294 T 55 B
ARXS I, A S [] TARE B ARSI b4 73 2R Bk
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Table 4 Evaluation Results

Acc@0.5

Model BLEU-1 BLEU-2 BLEU-4 (ToU Al VQA(AIL) METEOR ROUGE_L
GeoChatw/oft 13.9 6.6 1.4 12.9 40.8 7.8 13.2
GPT-4V 37.2 22.5 8.6 5.1 65.6 20.9 30.1
MiniGPT-v2 36.8 22.4 8.7 35.8 38.2 17.1 30.8
LlaVA-1.5 48.1 31.5 14.7 41.6 76.4 21.9 36.9
GeoChat 46.7 30.2 13.8 49.8 76.0 21.1 35.2
Mini-Gemini 47.6 31.1 14.3 30.1 77.8 21.5 36.8
MinicpmV 16.4 7.3 1.5 8.3 23.1 23.0 17.7
FM9G4BV 16.4 7.6 1.7 8.4 23.3 25.3 17.8
FM9G4BV-RS 34.8 24.2 10.1 30.7 473 35.6 37.2

TEEPEVEAL D7, 14 518 15 B R T
FMOG4BV-RS 7F 1 &% 12 22 155 25 40 5 $2 #i (Visual
Grounding) {F55 Y LEkYE . 7EE 14 B ¥l
S0P, FM9GABV-RS RE S5 K Al 1 ¥ 1E S A HLEF |
(AL H A, AR s 10 75000 A 5 1l 1T 2 {H (Ground
Truth) 5 BEEE A, 0 2500 T 10 20 B s ARG 1) 66 s
% FMOGABYV J MiniCPMV , H.7E 5 37 11 FL i) B2k
AT GPT-4V 5 LlaVa-1. 5. MiAEK 15 83T 1
RS DU AT 55 v, TG TR A2 4% e s 5 H s RO
25 ,FM9GABV-RS SR PREF T 1 = 5 ek e S
B U0 I 2 AN [R) 7 7 A A L, A A0k f T
GeoChat 1%, Mini-Gemini 7EZ5 1375 T H 3L AR M AE
P A% ol i) 2k LI, 3— R 91 AT Ak 45 S AT T Hh
EUE T 2 4 09 s AL 554  E B T FM9G4BV-RS £ 42
1o 3 SR AT T X PR A i, AN AR SCAR A A FE B
FEI L, 7 AL Y H AR AL B 5 7S )X 5

155 Bsf s EL % i 1) T AR S AN
5.2 WkkBa

it R G ETEAL FMOGABV-RS 11 1% J& 7 5
T HSRE T AR R TE R A R R A A AT
5 h 25 A TR RE , AR E B GPT-4V  LlaVA-1. 5,
MiniGPT-v2 . Mini-Gemini, GeoChat . MinicpmV. Uk £
FLHERE R FMOGABVAE R Xif LU LR 7R 58— 118 R &2
FEZSIEI 5 VRSBench b T REAIEREXT HL 5256

SR PPAL S5 A28 5 R W, FM9G4BV-RS 7£ 1 L
JoT fe 55 25 (8] — B PR AR DG HE AR b 34 W 3 00 T A AR A
AU, J HAE BLEU-4 \METEOR 5 ROUGE-L %% Ji Wi
SCUR B 55 259 3% T i H8 A L 4 TR R B g, R
T2 SRR AT 55 R 5 A R A S AL ) AT A A5 e A A
XoF AR BE T SO R HE AR o AR S T AT S
FM9G4BV-RS (1) ToU@O. 5 ik 3| 30. 7%, 45 3 JA 5 74
ETF 22, 34 43 o5, UL IZHE SR BEAS I3 L token
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Fig 13 Evaluation Results
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O, X, BN A E L BE T AR, X, FR ML ) 24 B
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Fig 14  Comparison of Multimodal Visual Grounding Task Results in Remote Sensing Images (Part 1) - Aircraft
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origin image ground truth FM9G4BV-RS FM9G4BV MiniCPMV

Mini-Gemini Geochat LlaVa-1.5 GPT4V Geochatw/oft
Bl 15 AR SRS BT 55 45 R He (=) - AT

Fig 15 Comparison of Multimodal Visual Grounding Task Results in Remote Sensing Images (Part 2) - Ship
&5 RERMARATS o7 ) BRI ER PR AR 25 [l L. KBRRAG A,
Table S Model evaluation comprehensive score METEOR F1 ROUGE-L 43 %I T K& 3. 2 F1 2. 6., 138 1 41
Mol YN N N BRSO R R S S
GeoChatw/oft 1.8 32 204 255 FE 22 R . B8 3x3 8 B4 BE i) A
GPT-4V ST 130 R 39 R S (R ER T HE6. 9 A, BT L R
MiniGPT-v2 57090 100 33 St R SRR 5 % A R AT S
HaVA-15 79104 3856 RN GOA B MQAJR AR i
GeoChat 612 30 SRR SRUTE AR AL AR T B
Mini-Gemini 78 75 38 542 yoken JFHI T HUBSMEAS AL FF o X P ES WL I A RERT
MinicpmV 2020 L6 IS R (R 255 DU 2
FMIG4BY 2020 1T 1S9 RIRFIE 6 R A KA ST, FP16 IR RS W T
FMOG4BV-RS S8 77 237 30 NP4 RRALKIA E B RS A

I NF4 33 A IR A2 PR 530
5.4 NF4=UESH
FH 2 7 ] 1, FP16 B8 AR A BIS AL E A7 2

% | BLEU-4 5 10. 1% [% & 3.8%, Acc@0. 5
30. 7% B2 17. 6%, 3¢ B AR 4% FE a5 R0 3 LA 7843

% 6 FMYG4BV-RS R EIEHHE RE LI 46 R
Table 6 Ablation Study Results for Different Modules of FM9G4BV-RS

S BLEU-1 BLEU-2 BLEU-4 ~ Acc@0.5 VQA METEOR ROUGE-L
FM9G4BV 16.4 7.6 1.7 8.4 233 253 17.8
Full 34.8 242 10.1 30.7 473 356 372
wlo RAG 32.1 21.6 8.7 29.4 43.8 32.4 34.6
wlo LoRA 229 12.4 38 17.6 315 27.1 23.9
Fixed Slice 316 20.5 8.2 23.8 43.1 327 335
MQA 32.8 21.9 8.8 27.2 445 33.1 34.7
wlo Temporal 34.1 235 9.6 29.9 45.6 34.8 36.1
FP16 35.0 243 10.2 30.9 475 35.7 374

1 Full /R 5852 FMOGABV-RS ; w/o RAG 27 2 [5G 208 0 s w/o LoRA 3R R 25 BL B A58 31 56 PH 28055 SUMOM 5 Fixed Slice
/R E 3x3 Y) R s MQA FR/R¥ GQA By 22 111 £2 1 3 w/o Temporal 37 S TS WIS 7 2451 s FP16 3R LA 4ok B HERLRRAC

NF4 #1k,
a © i [H 5 B S AR AT A
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4 7.45 GiB, Ifii NF4 Fil NF4 X8 &1k 43 5] A% 2=
245 2.10 GiB #1 1.98 GiB, ¥ it JE 45 K 4 9 ik 3|
71.9% F1 73.4%. M UEE W 7 F , NF4 L & 5
FP16 B 0 FAIC, 16 BAAIC B R AN R (L RE RS A 2
KA B AT Z PR L& R .
FEVERE T I, NF4 iC & F BLEU-4 . Acc@0. 5 Fll

VQA (A1) A% FP16 43 51 F F% 0.2.0.3 F1 0.3 4>
Ao BRI RIACE AL, WA —
LT R B I RO S . LA ORE T
i NF4 7E 5 A7 46 AT 55 Pk fig 22 1] 3R 90 A TR 4 1
S DRI AR OB AR Ry BRI Z R & kA R B
%,

®7 ARENEENEHFSEREXT

Table 7 Memory and Performance Comparison of Different Quantization Configurations

R E %Zﬂqﬁ%{i?()bn-pamm_ BAFIGIB ;@g;gfg ﬁ%ﬁ% BLEU-4/% 36532 VQA(AIN%
FP16 16.00 7.45 0.0 13.8 10.1 30.7 473
NF4 4.50 2.10 71.9 8.1 9.9 30.4 47.0
NF4+ X ik 4.25 1.98 73.4 7.6 9.8 30.2 46.8

S5 9L R NF4 BEAE HH I R AR 76 AL o 4 B

B B S A o P T R A A0 o RV i [ 25
BRI B/ INE AR AL R FHACGE b )5, AE 5

HE—20 T R AR BR AR NF4 WEAT FEAL . MK
1M, NF4 FERIRL: GE RN 53 U5 T8 2 [ IS T 4 i
()4, 38 B W AE 32 BRACE T 1Y 8 2 2 1B AN A
HRE
6 & it

ARS8 1o 47 PR 18 B AR A 18 2 R
R e B 7 300 G B 4 K Ak B 25 IR R )
P RGN U S L, R T — A TR R
B0 5 SR O ()38 SR AT 55 1 SUHRLRAE
ZAFMOGABV-RS, ZHELE LA FMOGABY by 3k JE 55 |
I A IV (R A R R S T PR R 5 A R
FEvEgn it , 455 GQA #2 FH K ML token [T 41 T (15
RS FERCR , I H FH LoRA #0855 NF4 AL 75 %
I 5 003 2 A 1 ) B 52 A8 AT 6B it o [
B, A SCH A RAG HILT 5 28 8% SC ik i 42 1 B Fn
PEF M G HMERNPAE A AT B SCRl AR
PR R, DA 3 5 £l e B A N R 24 3 5 i
Féfig

1E VRSBench M58 15 5 PEIIJE v 1 A0 5206 45 1
FW], FMIGABV-RS TE EIMG A A0 1 A3 113128 Sl
B () BAT 5 L A3 I R R RS B S 4 T o AR Y
BLEU-1,BLEU-2 #ll BLEU-4 /3 Jll ik 5] 34. 8% .24. 2%

H110. 1%, METEOR 1 ROUGE-L 43 i ik %] 35. 6 fll
37.2,Acc@0. 5(IoU AIIEF] 30. 7%, VQA (A1) i5 ]
47. 3%, 5 RIE N AT FMOGABY AH L , 78 SCO7 HEAE SC
AR BT A | 2 8] AN 8 T R TR) 5 R 1 IR 3R
PR T R ) 2 R A P . T RS i — AL R
B, LoR A faf 97 J2 A5 U 451 32k 3 e 1 R 12 T 1) S e A
# . RAG EEUGE Ll ik LFRB AR —EE, A
T8 N U)X /N B AR E A AR DX IR LA A
JH, GQA 1 NF4 12 AL 7E K 7 41 R AR A % a4k
HB 5 Iy T HA PR E

T B4R R AR S AE — 2 R PR YR . — T
T, P53 A2 ARSI #4532 TN I FEVPANAT 55475 LIKE
IR MR oA o 5 824 T 7E FAIRIM
NWPU VHR-10.LEVIR-CC . BRIGHT F1 xBD % % Jji
e b e RGP AL 2 B S O — 7 I
R AR 3 4R /N HAR /N RUBE by 1855 245 O AR £k A
275 s T s P rl Re s B A R B il SUTR
o AR AR e 2 J5E BRI 26
L, 5 | IR 14 B 2 6 S AL 1) RUAS At 2 1 A
D73 IR E i o W [ EB & T A0 S5 ) 8 JB R e A 135 1
FH L IE AT 4546 KA BB AR U [ B R A s sl A w4
JR 22 B AR PR R 40 (Qi 5F,2026) .
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