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Lightweight remote sensing multimodal large language model based
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Abstract: Remote sensing multimodal large language models (MLLMs) , which integrate rich visual-linguistic modal
information, have shown great potential in areas such as remote sensing image analysis and interpretation. However,
existing knowledge distillation methods primarily focus on the compression of unimodal large language models, neglect-
ing the alignment of features across modalities, thus hindering the performance of large language models in cross-modal
tasks. To address this issue, a lightweighting method for remote sensing MLLMs based on knowledge distillation is pro-
posed. This method achieves effective alignment of multimodal information by aligning the outputs across modalities at
the feature level. By introducing the reverse Kullback-Leibler divergence as the loss function and combining optimiza-
tion strategies such as teacher mixed sampling and single-step decomposition, the generalization and stability of the stu-
dent model are further enhanced. Experimental results demonstrate that the proposed method achieves higher accuracy
and efficiency in four downstream tasks of remote sensing image scene classification, visual question answering, visual
localization, and image description, significantly reducing the number of model parameters and the demand for compu-
tational resources, thereby providing a new solution for the efficient application of MLLMs in the field of remote sens-
ing.
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Table 1 The pseudocode for the proposed algorithm in training process
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Table 2 Instruction types and format of remote sensing multimodal instruction dataset
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Table 3 Zero—shot scene classification OA comparison
of different models on AID dataset and UC-
Merced dataset

A AID  UCMerced
MiniGPTv2 ! 12.90 4.76
LLaVA-1.5 2 51.00 68. 00

Qwen-VL " 52. 60 62.90
GeoChat-7B 67.20 84.43
GeoChat-13B 69. 53 90. 43

Ours (GeoChat-7B) 67.30 91.24
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Table 4 Zero—shot scene classification AA comparison
of different models on AID dataset and UC-
Merced dataset

i AID UCMerced
GeoChat—7B 55.88 84.48
GeoChat—13B 56. 59 90. 43

Ours (GeoChat-7B) 55.96 91.24

FTREUESY I8 BB AR MER G AT SRR B T W] 232 (1) 43
HEER(67.30%) o L 4(b) AT LA )48 UC-
Merced £ 45 48 73 HEAE AR X BAIG, B0 B PR AR, 3K
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TS Y ATS SR BE 8 70 H A T A7 2 5] B IS S 14
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AT BN S R SR AT B2 ] KL BRE i 1 22k
RREH NS FMASE R 32 SRR AR 3 A 192 2T, AT
T SRR GeoChat—13B (1 90. 43% 432 HK5 1% .
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ZR T A 2 BT 55 v A Rk

runway -

tennis court -
overpass -

golf course -
harbor -

dense residential -
intersection -
baseball diamond -

mobile home park -

sparse residential -

agricultural -

(b)
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Fig. 4 Zero-shot scene classification confusion matrix of Ours (GeoChat-7B) on AID and UCMerced datasets: (a) AID dataset, (b)

UCMerced dataset
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A5, ZE 0 e B S AR DG R 8 1) [e] 22 A A e
e o 3X R BB m] ol 3y R 1 R8s v i 2R B
Y AR IE RS 28 A B DL Ao R s e v, Sy 28 T A A
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Xt T EMG A A AT 45 , ROUGE-1 i it AR i SC A
5Z% 3R AL [ B — o gl (B i) i L]
ROUGE-L X {F i KA L7 91 19K J&F ; METEOR
MZE G5 I8 2R R 2, WS 2% 7 ] 5 i) 142
A | DAITTT B 4 T b DP A B 8 A i iR 5 2 5 4
IRFETE ORI L AV BCRREE , DA LL AN [ 153 80 7
ZAESS AR A BRI e bR VAR KA

%5 A E#HEERSVQA-HRBEN #1 RSVQA-LRBEN #{E& FRIEEE R
Table 5 Quantitative results of different models on RSVQA-HRBEN and RSVQA-LRBEN dataset

T HRBEN LRBEN
FEAE g mOA TH1E s A e ) mOA
MiniGPTv2 2 40.79 50.91 46. 46 55.16 55.22 39.00 54.96
LLaVA-1.5 % 69. 83 67.29 68. 40 55. 46 68. 20 59.00 62.77
Qwen-VL 17 66. 44 60. 41 63. 06 38.57 67.59 61.00 55.35
GeoChat-7B 57.65 80. 84 70. 63 90. 86 90. 25 94. 00 90. 59
GeoChat—-13B 56.05 83.02 71.15 91.20 91.75 97. 00 91.60
Ours (GeoChat-7B) 60. 03 83.30 73. 06 91.91 92. 88 95.00 92. 50

(Dhttps://zenodo.org/records/6344367
@https://zenodo.org/records/6344334
Bhttps://github.com/ViTAE-Transformer/SAMRS
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Table 6 Performance comparison of different models

on visual grounding task

accura- accura-

Y
cy@0.5  cy@0.25
MiniGPTv2 [ 10.8 30.9
GeoChat-7B 11.2 33.9
GeoChat-13B 14.1 35.7
Ours (GeoChat-7B) 14.4 35.9
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Table 7 Region level captioning performance comparison of different models

Bl ROUGE-1 ROUGE-L METEOR
MiniGPTv2 [ 32.10 31.20 10. 00
GeoChat-7B 86. 64 86. 59 62.27
GeoChat-13B 87.10 87.05 63. 18
Ours (GeoChat-7B) 87. 80 87.75 63. 55
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Fig. 5 Visual results on visual grounding task
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Table 8 Parameters and FLOPS of different models

Y SH FLOPS
GeoChat-7B 6760. 72M 6904. 53G
GeoChat-13B 13048. 66M 13377. 05G

Ours (GeoChat-7B) 6760. 72M 6904. 53G
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