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Abstract

In this paper, we propose a method for stable meniscus segmentation in knee MR images under data-limited settings by combining a
multimodal foundation model pre-trained on large-scale abdominal CT data with a parameter-efficient fine-tuning technique, LoRA.
The proposed method jointly exploits image information and text prompts encoding anatomical semantics, and applies LoRA to
selected layers of the image and text modules to improve both computational efficiency and segmentation performance. Experimental
results demonstrate that the proposed model achieves high segmentation accuracy for both lateral and medial menisci while updating
only a subset of the total parameters, and maintains stable performance even with a limited number of training samples. In addition,

by systematically analyzing the segmentation performance according to the placement of LoRA modules, we identify an efficient
LoRA adaptation strategy tailored for meniscus segmentation.
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Figure 2. Overview of proposed CLIP-Driven Universal Model
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Table 1. Quantitative comparison of meniscus segmentation performance across model variants with 10 and 83 training

samples. Mean and standard deviations are provided, with the highest values highlighted in bold.

Data mvg:i(s)lis Lateral meniscus Medial meniscus
Methods — —
Labled  Unlabeld DSC(%) DSC Recall  Precision HI_D95 DSC Recall  Precision HD95
(%) (%) (%) (pixel) (%) (%) (%) (pixel)
- N
2D nnU-Net[12]
83 . 90.95 ] ] ) ] ) ) ) )
+1.9
Jeong et al.[3] 22 226 9+0é0§ - - - - - - - -
(Serr|1i—supervised 9‘1 1 1
earning) 83 165 23 - - - - - - - -
10 0 0 0 0 - 0 0 0 -
Model A 83 5.76 0 0 0 ) 1151 1691 1033 9355
+ 577 +1154 +2137  +870  +4139
0 28.96 2377 2455 2624 3598 | 3415 3854 3202  26.18
Model B +8.20 +837 £1042 +7.77 +4499 | +802 +13.68 +7.37 +2844
° 83 73.55 69.77 71.31 68.92 6.37 71.78 69.21 75.61 6.59
+4.98 +574  +6.19 +8.50 +3.04 +5.51 +7.05 +8.61 +3.89
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83 91.17 9149 93.71 89.80 2.31 90.54 9231 89.38 2.14
+2.37 268 +3.94 +5.94 +0.82 | +2.58 +4.20 +6.45 +0.79

Figure 3. Qualitative comparison of meniscus segmentation results for each model trained with 83 training samples. (Red :

overlapping area with ground-truth, Green: under-segmented areas, Blue: over-segmented areas)
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encoder, vision decoder and final segmentation layer under different text embedding with LoRA adaptation setting.
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Table 2. Quantitative evaluation results of meniscus segmentation according to the number of training samples for each model

(%)

Total Trainable Training samples
Methods
Params Params 10 30 50 83
107,584
Model A 62,702,899 0.00 + 0.00 0.00 + 0.00 0.00 + 0.00 576 + 577
(0.17%)
107,584
Model B 62,702,899 28.96 + 8.20 4847 + 7.06 51.18 + 6.35 73.55+4.98
(0.17%)
19,597,922
Model C 62,690,453 7409 + 5.18 83.67 + 4.01 88.27 + 2.02 89.89 + 2.03
(31.26%)
19,782,921
Model D 62,780,412 86.20 + 2.37 90.21 + 2.50 91.11 + 2.93 91.17 + 2.37
(31.51%)
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