Dual-Kernel Adapter: Expanding Spatial Horizons for Data-Constrained Medical Image Analysis
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a s Motivations

Adapter-based fine-tuning has emerged as a popular strategy. However, many clinically important
downstream tasks still operate in a pronounced low-data regime. This scenario naturally leads to the

critical question:

Can standard Adapter perform effectively in medical imaging tasks under constrained data?

Uuderstanding Adapter in constrained-data settings
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Figure 1: Performance of Adapter across Various Training

Data Sizes.
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Figure 2: Effective Receptive Field of Standard Adapters
Across Varying Training Set Ratios.

v Negative Effects of Adapters in Extremely
Low Training Data in Medical Imaging: At <1%
data, standard Adapters can degrade medical-
iImage performance, likely due to insufficient
effective receptive field expansion.

o v Reduced Effective Receptive Field Under

**  Constrained Training Data: With less training
.« data, Adapters yield smaller ERFs, limiting long-

2 range spatial modeling and motivating ERF-
aware Adapter design.

e s Results on Different Models

v Medical-pretrained Models: DKA consistently surpasses full fine-tuning, linear probing, and other PEFT
baselines across ISIC-2019 and BUSI under all data scales on medical-pretrained backbones, including
RadlmageNet-pretrained ResNet-50 and MedSAM.

Methods

0.63% 1.25% 100%
Full Fine-tuning  52.70  55.17 76.63
Linear Probing 531.27 5371 6739
BitFit 48.84 5162 7038
Prompt 512 5329 7331
LoRA 00 52351 725
Adapter 51.32 5404 7426
DKA 53.69 56.58 78.56

Methods 063% 125% 100%
Full Fine-tuning  36.21  45.04  70.62
Linear Probing 3472 4276  66.54
BitFit 27.85 36.92 64.43
Prompt 29.57 38.71 64.62
LoRA 32.39  40.35 67.04
Adapter 3540 43.62 68.06
DKA 3713 46.27 72.53

Table 1: Performance of DKA with medical-pretrained models.

v Natural-pretrained Models: DKA consistently outperforms all baselines across classification and
segmentation tasks. These observations confirm the effectiveness of DKA when adapting natural-
pretrained models to medical domains.

Methods ] BRATS | BUSI ; ISIC-2018 Rdiaiis | COVID | BUSI | ISIC-2019
|0.63% 1.25% 100% | 0.63% 1.25% 100% |0.63% 1.25% 100% |0.63% 1.25% 100% |0.63% 1.25% 100% |0.63% 1.25% 100%
Full Fine-tuning 9.25 2239 73.08|26.67 3231 5741|6227 73.63 77.58 Full Fine-tuning 87.43 88.00 9843 | 71.17 76.73 9462 | 60.04 6121 82.05
Linear Probing 7.95 2020 69.86 | 2553 31.96 54.07 | 60.90 71.06 74.10 Linear Probing 86.84 8750 94.85| 7348 77.64 89.78 | 59.15 5944 71.83
BitFit (Zaken et al.| 2021} 1.20 1433 6352 | 7.13 17.08 5256 | 53.21 6584 73.10 BitFit (Zaken et al} 2021} 7391 79.65 96.95|57.19 60.20 88.27 | 50.80 5322 79.84
Prompt (Jia et al.| [2022) .22 1521 64.53| 9.19 18.77 53.57|56.56 6740 73.61 Prompt (Jia et al[[2022) " 77.91 8375 9845|6134 6430 93.07| 5255 5359 81.02
LoRA (Huet al. | 2022) 3.84 1619 68.48 | 14.10 22.39 5396 | 58.70 69.03 73.84 LoRA (Hu et al.l 2022) 80.43 8591 98.73 | 63.64 6741 9475|5108 5396 81.75
Adapter (Houlsby et al. [2019) | 6.16 1895 72.02 | 18.18 2590 5501 |59.78 7280 76.71 Adapter (Houlsby etal|2019) | 83.29 86.26 98.33 | 63.18 73.68 9333|5277 5488 79.54
Adapterformer (Chen et al12022) | 5.99 18.77 7254 | 17.41 25.68 55.14 | 59.67 7285 76.58 Adapterformer (Chen et al.} 2022)) | 82.46 84.32 98.18 | 6342 7275 9265|51.62 5271 78.19
Convpass (Jie et al [[2024) | 7.13 19.64 73.32| 19.84 2852 56.09 | 60.19 7356 77.54 Convpass (Jieetal[2024) | 84.72 8694 98.45| 64.83 74.63 9397|5472 5625 80.45
CIAT (Zhu et al.| RO2T) 3.80 16.81 70.41 | 1340 20.20 54.76 | 58.26 69.52 75.09 CIAT (Zhu et all PO21) 77.34 8285 96.54 | 6028 6507 89.86 | 48.35 4996 72.18
AIM (Yang et al.| 2023) 458 17.61 71.98 | 1540 23.54 5478 |59.24 7205 76.65 AIM (Yang et al.| 2023) 80.92 83.55 97.23 | 62.72 70.34 90.12|50.12 5272 77.39
DKA 9.47 23.02 7496 | 2685 34.52 5890 | 63.13 7427 7853 DKRA S 89.01 91.06 99.21 | 7423 79.46 9589 | 60.52 6232 83.09

Table 2: Performance of DKA with natural-pretrained models.
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Figure 3: . Overview of the DKA Module. (a) Standard Adapter. (b)
The proposed DKA module. (c) DKA Fine-tuning.

e s Large Kernel Matters
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Figure 7: Performance Comparison Across Varying Learning Rates for DKA and
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Duai-Kernel Adapter (DKA) s e

v DKA is inserted into a frozen pretrained backbone, while only the DKA parameters and the task-
specific head are updated during fine-tuning, ensuring parameter efficiency.

v After the down-projection step, features are reshaped into image space and processed by two
parallel depthwise convolution branches to capture complementary spatial information.

v Alarge 51x51 depthwise branch is used to enlarge the receptive field and capture broader contextual
dependencies, while a small 5x5 branch preserves fine-grained local details.

Equation of DKA :
foxa(x) = & + Up(a(DWConviye (Down(z)) + DWConvgya(Down(x))))
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Figure 6: Effective Receptive Field of DKA and Other Adapter-based Methods.
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Figure 8: Performance of Different Kernel Size Combination.

Methods

fe-2 le-3 le-d 1le-5 0.63% 1.25% 100%
Adapter LR

Learnable kemel sizes 88.08 01.05 9921

5l x 51 + 5 x 5 (Ours) 89.01 01.06 9921

Table 3. Comparison of Learnable Kernel Sizes and Our Design.
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Table 3: Performance Comparison of Different Middle Dimensions.
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Figure 9:Single vs. Dual Convolutions.
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