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Abstract. Accurate lymph node (LN) segmentation is critical in radio-
therapy treatment and prognosis analysis, but is limited by the need
for large annotated datasets. While deep learning-based segmentation
foundation models show potential in developing high-performing mod-
els with fewer samples, their medical adaptation faces domain-specific
prior deficiencies in the LN domain and inefficient few-shot fine-tuning
for complex clinical practices, highlighting the necessity of an LN seg-
mentation foundation model. In this work, we annotated 36,106 visible
LNs from 3,346 publicly available head-and-neck CT scans to establish
a robust LN segmentation model (nnUNetv2). Building on this, we pro-
pose Dynamic Gradient Sparsification Training (DGST), a few-shot
fine-tuning approach that preserves foundational knowledge while dy-
namically updating the most critical parameters of the LN segmentation
model with few annotations. We validate it on two publicly available
LN segmentation datasets: SegRap2023 and LNQ2023. The results show
that DGST outperforms existing few-shot fine-tuning methods, achiev-
ing satisfactory performance with limited labeled data. We release the
dataset, models and all implementations to facilitate relevant research:
https://github.com/HilLab-git/LN-Seg-FM.

Keywords: Lymph nodes segmentation - Foundation model - Few-shot
fine-tuning

1 Introduction

Accurate lymph node (LN) segmentation in computed tomography (CT) scan
is critical for radiotherapy planning, prognosis and follow-up analysis [12], yet
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manual delineation of all visible LN remains clinically impractical due to time
constraints. While deep learning methods have advanced automated segmenta-
tion with various learning paradigms [14,24,21,5], their deployment is hindered
by demanding data needs stemming from LNs’ anatomical heterogeneity and
inter-patient variability. Emerging foundation models address data scarcity chal-
lenges [26,19] but face two critical limitations in LN-specific applications: First,
generalist [13] or non-LN-specific models [17,1,23] lack domain-specific priors for
subtle LN boundary characterization in medical images, leading to suboptimal
performance. Second, their excessive computational complexity impedes clinical
translation to resource-limited settings. These gaps highlight the unmet need
for LN-specialized foundation models in the reality of hospitals that simultane-
ously achieve: LN variation-robust generalization ensuring exposure to diverse
LN variations, computational efficiency to operate within hardware constraints,
and stable retraining protocols which is a critical requirement given the constant
influx of new patient cohorts with evolving disease patterns in clinical practice.
These requirements are interdependent—a prerequisite for practical adoption in
radiotherapy workflows.

To address the aforementioned requirements, we conducted an exploratory
study focusing on developing and deploying the LN segmentation foundation
model. In the first phase, we annotated over 36,106 visible LNs in 3,346 CT
scans from a publicly available head and neck (HN) cancer cohort [22], captur-
ing the variability in LN morphology and distribution to establish a solid train-
ing base. Considering both performance and efficiency, we selected nnUNet, the
most widely used backbone, for its strong capabilities [10,11]. For the retraining
for model updating or downstream deployment, parameter-efficient fine-tuning
(PEFT) is considered due to its advantage of not requiring additional model
structures or adjustments to inference settings [16,20]. However, current meth-
ods typically fixed tuning on a subset of model parameters or added new struc-
tures to maintain model stability [8,25,4], limiting their ability to capture the
complex individual heterogeneity in medical scenarios, particularly in terms of
cohort and disease variations, hindering knowledge transfer across large gaps.
Therefore, a few-shot fine-tuning method that dynamically balances model sta-
bility and flexibility is urgently needed.

To bridge these gaps, we introduce a novel approach called Dynamic Gradient
Sparsification Training (DGST). Compared with previous work [27.8], it not
only maintains stability through sparse parameter updates but also improves
efficiency and performance by implementing a dynamic sparsification process
via gradients. Specifically, during the fine-tuning phase of the foundation model,
DGST dynamically selects and updates the most critical parameters based on
the gradient at each iteration. This dynamic selection process ensures a bal-
ance between model stability and plasticity. We investigate the LN segmentation
foundation models’ transferability and DGST’s effectiveness on two representa-
tive downstream tasks: one within the same anatomical region (SegRap2023)
and one across different regions (LNQ2023) to evaluate DGST’s ability to han-
dle complex variations in medical scenarios. The contributions of this work can
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Fig. 1. (a) Pre-training of the foundation model using 3k+ HN CT volumes and 36k+
visible lymph node annotations. (b) Few-shot fine-tuning to downstream tasks by trans-
ferring the pre-trained model to new datasets via Dynamic Gradient Sparsification
Training (DGST). (c) DGST methodology: At each iteration, the parameters Po are
sparsified to PY using the current gradient GV for each kernel, and then optimized.

be summarized as follows: (1) This pioneering exploratory study on foundation
models for LN segmentation involves the annotation and public release of 36,106
visible LNs in 3,346 CT scans from a publicly available HN cancer cohort [22],
providing a valuable basis for future research in this area. (2) We propose DGST,
a few-shot fine-tuning method tailored to balance the stability and flexibility of
foundation models in medical scenarios involving complex disease progression
and LN anatomical variability. (3) Comprehensive validation on HN LN segmen-
tation using the SegRap2023 dataset and mediastinal LN segmentation with the
LNQ2023 dataset demonstrates the superior performance of DGST over exist-
ing methods. Besides, our DGST method achieves comparable performance to
sufficient data settings in SegRap2023 with only 10 annotated samples and sig-
nificantly narrows the performance gap in LNQ2023 with 20 annotated samples.

2 Method

We consider a scenario in which a pre-trained LN segmentation foundation model
Mp is adapted to downstream tasks with limited annotated samples Dy. An
overview of the framework is shown in Fig. 1, and the subsequent sections for-
mally introduce each of its components.
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2.1 Pre-training of Foundation Model

To comprehensively capture the variability of LNs, we utilized the large-scale HN
CT dataset RADCURE [22], denoted as Dr. We re-delineated this dataset with
all visible LNs to encounter the advanced radiotherapy treatment trends [15],
and to employ a fully supervised manner to construct the LN segmentation
foundation model. The pre-training of the foundation model is represented as:

Mp = arg 01?’6111\%1? »CCE+Dice (DF : HF) (]‘)

Where Myp and 0p represent the foundation model and its parameters, respec-
tively; Log1pice denotes the combined cross-entropy and Dice loss.

2.2 Few-shot Fine-tuning to Downstream Task

Few-shot fine-tuning is considered an efficient approach for knowledge transfer-
ring from foundation models, as it does not require modifications to the pre-
training process and facilitates easier deployment than other methods [16,20]. In
the few-shot scenario, we assume that adapting the LN segmentation foundation
model Mr to downstream tasks with a limited number of annotated volumes Dy
can alleviate the target institution’s resource constraints. The goal is to fine-tune
Mg on a new dataset Dy with limited labeled data, this can be formulated as:

Mg = arg glriléil\l}[d LcE+Dice(Da : 04) + Rpenaity(0rF, 0a) (2)

where M, and 6, represent the fine-tuned downstream model and its parameters,
respectively; Logpice 1S the combined loss; Dy is the few-shot dataset for the
downstream task; The regularization term R,enaqity helps prevent overfitting and
maintain model plasticity by constraining model parameters. This can involve
freezing most of the pre-trained parameters 0 and updating a small subset (e.g.,
only fine-tuning the bias [25]) or adding new trainable parameters (e.g., using
LoRA [8] or Adapter [7] in key modules).

2.3 Dynamic Gradient Sparsification Training

Due to limited annotations and specific medical image data, advanced data aug-
mentation is essential, but excessive fine-tuning risks overfitting. Previous work
utilized a sparse parameter update strategy as a regularization mechanism, con-
trolling the upper bound of model stability to mitigate overfitting [6,27], but
statically sparsing limits the model’s plasticity when critical parameters vary
across cases. To address this, we introduce Dynamic Gradient Sparsification
Training (DGST), a method designed to achieve a balance between preventing
overfitting and maintaining model plasticity during the fine-tuning of UNet-like
foundation models under few-shot conditions. In our DGST approach, the gra-
dient is computed at the start of each iteration, specifically at iteration N, The
gradient set is formulated as:

GN = {gé\i]

99, = Vo, L(Da), b € 7’0} ; (3)
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where gé\f is the gradient of parameter 6; at iteration N; Po denotes the set
of original model parameters. £(D,) is the loss of the downstream annotated
dataset. Further, we assume that the model comprises K convolutional and trans-
posed convolutional kernels, denoted as {C’k}fz17 and select the Top-v gradient
parameters with the highest absolute values in each kernel, forming the set of
key sparse parameters to be updated, denoted as ’Péy , is formulated as:

i U o o @

where arg(ﬂfr)lax refers to get the v parameters with the largest values. Moreover,
bias parameters capture task-specific output shifts, while normalization param-
eters control feature scaling and stability [4,25], we include both in ’Pév . Thus,
at iteration NV, the parameter update rule is as follows:

(5)

0, {01- —r]gé\f, for 6; 6 PN
0;, otherwise

where 7 is the learning rate at iteration IV, gé\i’ is calculated in Eq.3. Finally,
through iterative execution, the model is enabled to progressively prioritize
the most critical parameters. Unlike traditional static sparse parameter con-
straints [27,25], our method implements dynamic sparsity optimization by ad-
justing parameters via gradient, enabling adaptive updates at each iteration.
This approach significantly enhances gradient descent step efficiency, particularly
highlighting the effectiveness of our DGST method in achieving a well-balanced
trade-off between model flexibility and stability during few-shot fine-tuning.

3 Experiment and Results

3.1 Experimental Details

Dataset. In this study, we employed the RADCURE dataset [22] to train a foun-
dational model for LN segmentation. An exploratory analysis was performed to
delineate 36,106 visible LNs across 3,346 HN CT volumes to assess the foun-
dation model’s transferability. Additionally, we also used two publicly available
LN segmentation datasets for the few-shot fine-tuning experiment: 120 CT vol-
umes from SegRap2023 [18] for HN LN segmentation and 120 CT volumes from
LNQ2023 [3,9] for mediastinal LN segmentation. Due to the scarcity of labeled
data in the few-shot scenario, establishing a stable validation set is challenging.
Therefore, we used an 8:2 training-test split. For SegRap2023, few-shot fine-
tuning experiments were conducted with 3, 5, and 10 shots, while for LNQ2023,
we tested 5, 10, and 20 shots.

Implementation Details. All training and inference were performed using the
nnUNetv2 framework in PyTorch [10], running on a cluster with 8 NVIDIA V100
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Table 1. Quantitative comparison of different few-shot fine-tuning methods on two
datasets is presented, with results reported as mean + standard deviation. The best
and second-best results are highlighted in bold and underlined, respectively.

SegRap2023
3-shot 5-shot 10-shot
Method DSC(%)t  NSD(%)T | DSC(%)T  NSD(%)t | DSC(%)t  NSD(%)t
From scratch | 46.684+14.46 39.10£13.86 | 56.52+9.48  48.15:£7.74 | 58.56£10.44 50.988.30
Full 62.66:£8.45  55.1649.86 | 64.8649.36  57.68+9.41 | 65.9949.12  59.32+8.21

LinearProb [2]| 59.314+11.13  50.48+10.70 | 58.95+11.43 50.05+10.59 | 59.15+11.37 50.31£10.53
Bias [25] 63.48+9.07  55.04+9.27 | 66.42+8.68 58.83£7.88 | 67.354+8.72  59.96+£7.90
Adapter [7] 62.97+£8.92  54.414£9.74 | 66.77£8.51  59.35+7.69 | 67.04£8.80  59.69+8.35
Lora [8] 65.731+8.30 58.08+9.24 | 66.34+8.59  58.66+8.06 | 67.02+8.87  59.7247.87
Affine-IN [4] | 64.89+8.44  56.23+8.47 | 66.33+£8.82  58.75+7.77 | 67.824£8.47  60.64£7.50
DGST(Ours)| 65.05£8.07 57.09£7.18 | 67.36+8.45 60.25+7.62 | 68.44+8.59 61.97+7.21

All-shot ‘ 69.204+9.06, 62.33+£7.47 (96-shot, from scratch)
LNQ2023

5-shot 10-shot 20-shot
Method DSC(%)t  NSD(%)t | DSC(%)t  NSD(%)r | DSC(%)T  NSD(%)t

From scratch | 37.114+£22.90 34.03£19.79 | 41.43+£24.18 41.87£21.12 | 55.76+£25.57 55.15£23.60
Full 49.09£21.88 48.72419.06 | 53.68+£24.25 54.09422.06 | 62.47£23.44 63.00+21.94
LinearProb [2]| 6.56+6.95 6.13+£5.07 7.35+9.08 7.051+6.84 6.88+£7.71 6.41+£5.67
Bias [25] 44.51£22.24 40.99£18.94 | 51.62£23.68 48.56+20.82 | 53.43£21.98 50.09420.15
Adapter [7] | 46.994+23.51 43.43+20.71 | 51.79+23.78 48.46+22.30 | 57.13+22.48 54.48+20.58
Lora [8] 47.934+20.72  46.21+19.06 | 52.134+22.63 49.784+20.60 | 59.254+22.07 56.03+21.62
Affine-IN [4] | 45.61£21.83 41.75+19.20 | 51.104+23.29 47.96+21.35 | 57.89+23.08 55.16+21.17
DGST(Ours)|50.94+22.41 48.76+19.86|54.94+24.36 55.24+22.11|63.82+21.69 63.84+20.31

All-shot ‘ 67.12+18.65, 67.30£18.56 (96-shot, from scratch)

GPUs. The foundation model was trained and fine-tuned with the default full-
resolution 3D U-Net backbone in nnUNet, using a batch size of 2, a patch size of
80x112x224, SGD optimization, an initial learning rate of 0.01 and polynomial
decay with power of 0.9 for 2000 epochs. The fine-tuning stage employed the
same setup with an initial learning rate of 0.001 for 50 epochs, the hyperpa-
rameter -y is set to 1. Data augmentation was performed following the default
settings of nnUNet. Segmentation performance was assessed in 3D volumes using
the Dice similarity coefficient (DSC) for voxel overlap and Normalized Surface
Dice (NSD) with a 1 mm tolerance for boundary accuracy.

Baselines. We first employed two reference methods: From Scratch, which
trains the model from random initialization, and Full, which fine-tunes the entire
foundation model. We also employed several PEFT methods: LinearProb [2],
which updates only the classifier head; Bias [25], which tunes only the bias
parameters; and Affine-IN [4], which fine-tunes the affine parameters of the in-
stance normalization layers. Additionally, we applied LoRA [8] and Adapter [7]
methods, both of which target only the 3D convolution layers, ensuring efficient
fine-tuning through low-rank updates or small auxiliary modules. For compari-
son, we also used all 96 samples with full-parameter training from scratch, re-
ferred to All-shot. All methods were evaluated using the final checkpoint.
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Fig. 2. Qualitative comparison of different fine-tuning methods. The ground truth and
predictions are shown in green and yellow contours, respectively.

3.2 Results

Quantitative and Qualitative Results. The quantitative performance of dif-
ferent few-shot fine-tuning methods on the SegRap2023 and LNQ2023 datasets
is presented in Table 1. For SegRap2023, the “Full” approach achieves better re-
sults than “From scratch” with DSC (15.98%, 8.34%, 7.43%) and NSD (16.06%,
9.53%, 8.34%) at 3, 5, and 10-shot, respectively. In LNQ2023, it outperforms
DSC (11.98%, 12.25%, 6.71%) and NSD (14.69%, 12.22%, 7.85%) in 5, 10 and
20-shot, respectively. These results demonstrate our LN segmentation founda-
tion model’s strong transferability in both HN and mediastinal areas. In the
SegRap2023 dataset, which has a lower domain discrepancy, all few-shot fine-
tuning methods, except for “LinearProb”, outperform the “Full” method, high-
lighting the advantage of the sparse parameter strategy in mitigating overfitting.
Our DGST method achieved the second-best result in the 3-shot setting and
the best performance in the 5-shot and 10-shot settings. These results suggest
that, with slightly more training samples, our method effectively balances anti-
overfitting and plasticity, demonstrating superior flexibility. In contrast, for the
higher-domain gap dataset LNQ2023, other methods fail to outperform the “Full”
approach, whereas our method consistently delivers the best results across all
settings. Fig.2 shows qualitative results between different methods in both two
downstream tasks. While all methods scale with training data, only our DGST
consistently excels in reducing both false positives and missed detections for LN
segmentation. Both quantitative and qualitative results demonstrate DGST’s
capability to maintain model plasticity, enabling continuous learning of intricate
LN patterns across diverse clinical scenarios.

Sensitivity Analysis of v. We examined the influence of the hyperparameter
v in the DGST method, which controls the selection of top gradient parameters
for sparsification. Experiments were conducted on the SegRap2023 (10-shot) and
LNQ2023 (20-shot) datasets with + values of 1, 2, 3, 5, and 10. Additionally, we
present the results of the “Full“ method for comparison. As shown in Fig.3, the



8 Z. Luo et al.

Table 2. Ablation study on different parameter sparsification strategies for the few-
shot fine-tuning of our LN segmentation foundation model. Full: Full parameters fine-
tuning; Bias+Norm: Tuning on bias and normalization parameters; DRST: Dynamic
Random Sparsification Training; SGST: Static Gradient Sparsification Training.

| SegRap2023 | LNQ2023 |
Method 3-shot 10-shot 5-shot 20-shot gerat{on
DSC(%)  NSD(%)  DSC(%)  NSD(%) DSC(%) NSD(%) DSC(%) NSD(%) uration
Full 62.66+8.45 55.16+£9.86 65.9949.12 59.324+8.21 | 49.094+21.88 48.72+19.06 62.47+23.44 63.00+£21.94 | 0.2085s

Encoder Only|59.33+11.13 50.48410.69 59.23+11.34 50.37+£10.53| 6.49+6.86 6.03£5.02 6.92£7.72 6.43+5.66 | 0.0880s
Decoder Only|59.084+10.81 51.124+11.28 64.24+9.96 57.37+8.45 | 46.97+24.15 45.21+21.52 59.684+22.24 58.88+20.17 | 0.1605s
Bias+Norm | 64.214£9.08 55.79£9.17 67.26£8.24 60.21+7.63 | 45.914+21.27 41.824+19.34 56.124£21.32 54.19420.13 | 0.1534s
DRST 65.61£8.53 57.64+8.30 67.591+8.93 60.20£7.83 | 43.56+£21.12 40.44£18.05 52.19422.13 48.93£20.91 | 0.2193s
SGST 64.58£7.99 56.8448.40 67.784+8.65 61.01+£6.89 | 48.254£21.40 46.44+19.01 60.28+25.18 60.02£23.70 | 0.2197s
DGST 65.05£8.07 57.094+7.18 68.44+8.59 61.9717.21|50.94+:22.41 48.76+19.86 63.82+£21.69 63.84+20.31| 0.2813s
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Fig. 3. Sensitivity analysis of hyperparameter

results indicate that smaller v values produce similar performance, while larger
values lead to a performance decline, falling close to the “Full“.

Ablation study. We performed an ablation study to evaluate different param-
eter sparsification strategies, with the baseline “Full” method as a reference. We
first fine-tuned only the encoder (“Encoder Only”) or decoder (“Decoder Only”),
finding that sparsification on general structures underperformed. We then ex-
plored tuning bias and normalization parameters (“Bias+Norm”) and tested a
modified approach with random parameter selection (“Dynamic Random Spar-
sification Training, DRST”). While sparsification improved SegRap2023 perfor-
mance compared to the “Full” method, it failed to enhance results on LNQ2023,
suggesting insufficient consideration of model plasticity. We further implemented
a static parameter selection approach (“Static Gradient Sparsification Training,
SGST”) via initial accumulated gradients. Comparisons of performance and time
cost for each strategy are shown in Table 2, demonstrating that gradient-based
parameter selection is crucial for model plasticity. However, effective sparsifica-
tion necessitates dynamic updates based on current gradients to balance stability
and flexibility, albeit at the cost of micro-longer times.

4 Conclusion

In conclusion, this study introduces DGST, a novel approach designed to en-
hance the fine-tuning of foundation models for LN segmentation with few-shot
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annotations. By dynamically selecting and updating the most critical parameters
based on the gradient at each iteration, DGST effectively balances model stabil-
ity and flexibility, mitigating the risks of overfitting while preserving the model’s
ability to adapt to new medical scenarios. The results across SegRap2023 and
LNQ2023 demonstrate the superior performance of DGST compared to exist-
ing fine-tuning methods. Besides, we will release the dataset of 36,106 annotated
LNs and the validated framework to advance the deployment of robust, resource-
efficient segmentation tools in evolving clinical workflows.
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