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In this appendix, Section A first presents the details of the datasets used in the experiments and the
corresponding evaluation metrics. Then, in Section B, we show more details of the implementation of
our method, including training and inference. In Section C, we describe the additional experimental
analysis of our method, including the results of fine-tuning the teacher model, comparative and
ablation studies on the PROMISE12 dataset [1], complexity comparisons between our teacher and
student models, and comparisons of SAM and MedSAM as the teacher model. In addition, we
provide in Section D a theoretical analysis of the proposed two-stage semi-supervised distillation
framework, offering formal insights into how unlabeled data and knowledge transfer jointly influence
generalization performance. Finally, in Section E, we provide a discussion covering the limitations
and potential impacts of this work.

A Datasets Details and Evaluation Metrics

LA Dataset. The left atrial (LA) dataset1, sourced from the 2018 Atrial Segmentation Challenge [2],
comprises 100 3D gadolinium-enhanced magnetic resonance image scans, with 80 scans allocated
for training and 20 for testing. Following previous work, four metrics are utilized: Dice Similarity
Coefficient (DSC), Jaccard, 95% Hausdorff Distance (95HD), and Average Surface Distance (ASD).

Brats-2019 Dataset. The Brats-2019 dataset2 [3] includes preoperative MRI scans from 335 glioma
patients (259 high-grade and 76 low-grade) collected from multiple medical centers. Each scan
consists of four modalities: T1, T1Gd, T2, and T2-FLAIR, along with pixel-wise annotations. In this
work, we use only the T2-FLAIR images and split the dataset into 250 training cases, 25 validation
cases, and 60 test cases. Evaluation metrics include DSC, Jaccard, 95HD, and ASD.

PROMISE12 Dataset. The PROMISE12 dataset3, introduced in the MICCAI 2012 Prostate
Segmentation Challenge [1], contains MRI scans from 50 patients with diverse medical conditions
across different locations. The dataset is divided into 35 cases for training, 5 for validation, and 10
for testing. As in prior research, DSC and ASD are chosen as evaluation metrics.

Synapse Multi-Organ CT Dataset. The Synapse dataset4, derived from the MICCAI 2015 Multi-
Atlas Abdomen Labeling Challenge [4], consists of 30 cases of abdominal CT scans. It is split into 18
cases for training and 12 cases for testing, with eight abdominal organs evaluated (aorta, gallbladder,
spleen, left kidney, right kidney, liver, pancreas and stomach) using DSC and 95HD as metrics.

1https://www.cardiacatlas.org/atriaseg2018-challenge/
2https://www.med.upenn.edu/cbica/brats-2019/
3https://promise12.grand-challenge.org/Home/
4https://www.synapse.org/
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B Implementation Details

For the foundational teacher SAM, we conduct all experiments based on the “ViT-B” version5, while
for the efficient student SAM, we replace the original image encoder with TinyViT-5M6. During
fine-tuning, we apply LoRA [5] to the teacher SAM using the same configuration as SAMed [6],
with the rank set to 4. The training loss combines Dice loss and Cross-Entropy loss, weighted at
0.8 and 0.2, respectively. We use the AdamW optimizer with β1 and β2 set to 0.9 and 0.999, and
a weight decay of 0.1. The initial learning rates are set to 0.002 for the teacher SAM and 0.0005
for the student SAM, with a batch size of 8. In the semi-supervised learning phase, we employ the
SGD optimizer with a weight decay of 0.0001 and an initial learning rate of 0.0023. The batch size
is set to 16, comprising 8 labeled and 8 unlabeled data samples. The knowledge distillation loss
assigns weight ratios of 1/3 and 2/3 to the embedding loss and the output loss, respectively. During
training, all 3D scans are converted into 2D slices and upsampled to a resolution of 512 × 512 for
input. To ensure a fair comparison, we use data preprocessing and augmentation strategies consistent
with previous studies. After training, we perform inference using only the efficient student SAM
backbone, without requiring any prompts. All of our experiments are implemented in PyTorch with
fixed random seeds, using a single NVIDIA RTX 3090 GPU in most cases, while two GPUs are used
only for experiments on the Synapse dataset.

C More Experiments

Results on Fine-tuned Teacher Model. In semi-supervised learning, the fine-tuned teacher model
plays a crucial role in optimizing the student model. It not only provides effective supervisory
guidance but also transfers valuable visual priors, thereby enhancing the student model’s performance.
As shown in Table 1, we conduct experiments across multiple datasets to compare the original SAM
with its fine-tuned counterpart. Results demonstrate that the fine-tuned SAM consistently outperforms
the original model across all datasets. These findings confirm the effectiveness of our fine-tuning
strategy in improving the teacher model’s capability and establish the fine-tuned SAM as a reliable
teacher in the semi-supervised learning stage.

Table 1: Comparison between original SAM and fine-tuned SAM using DSC as the
evaluation metric. The latter was fine-tuned with 10% labeled data.

Model Dataset
LA Brats-2019 PROMISE12 Synapse

Original SAM 17.59 6.47 2.53 3.48
Fine-tuned SAM 88.54 84.04 85.39 75.99

Table 2: Comparisons with SOTA semi-supervised segmentation methods on the
PROMISE12 dataset.

Method Scans used Metrics
Labeled Unlabeled DSC↑ ASD↓

CCT [7]

7(20%) 28(80%)

71.43 16.61
URPC [8] 63.23 4.33
SS-Net [9] 62.31 4.36

SLC-Net [10] 68.31 4.69
SCP-Net [11] 77.06 3.52

BCP [12] 81.78 3.99
ABD [13] 82.06 1.33

Ours 86.44 0.90
ABD [13] 3(10%) 32(90%) 81.81 1.46

Ours 83.41 1.15

5https://dl.fbaipublicfiles.com/segment_anything/sam_vit_b_01ec64.pth
6https://github.com/microsoft/Cream/tree/main/TinyViT
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Results on PROMISE12 Dataset. We perform experiments on the PROMISE12 dataset with 20%
labeled ratio against CCT [7], URPC [8], SS-Net [9], SLC-Net [10], SCP-Net [11], BCP [12], and
ABD [13], as well as ABD with 10% labeled ratio. As illustrated in Table 2, with 10% labeled
data, our method significantly surpasses the second-best method (ABD) by 1.60% in DSC and 0.31
in ASD, demonstrating its superior segmentation capabilities. When using 20% labeled data, this
performance gap increases further to 4.38% in DSC and 0.43 in ASD, highlighting the effectiveness
of the proposed method under limited data conditions.

Ablation Studies on PROMISE12 Dataset. We also conduct some ablation experiments on the
PROMISE12 dataset. Table 3 shows the detailed results of combining different knowledge distillation
losses. Notably, using embedding loss and logit loss together yields the best performance, clearly
demonstrating their complementary effects in improving the segmentation results. Table 4 shows
the effectiveness of the proposed dynamic loss weighting (DLW) strategy. Applying DLW not only
significantly improves DSC but also maintains stable ASD values, highlighting its role in effectively
balancing the guidance from the teacher model during training.

Table 3: Ablation study on combinations of knowledge distillation losses on
PROMISE12.

Embedding Logit Scans used Metrics
loss loss Labeled Unlabeled DSC↑ ASD↓
✓

3(10%) 32(90%)
75.57 2.56

✓ 83.04 1.10
✓ ✓ 83.41 1.15
✓

7(20%) 28(80%)
83.06 1.12

✓ 85.64 1.02
✓ ✓ 86.44 0.90

Table 4: Effectiveness of the proposed DLW strategy on PROMISE12.

Method Scans used Metrics
Labeled Unlabeled DSC↑ ASD↓

w/o DLW 3(10%) 32(90%) 82.64 1.13
w/ DLW 83.41 1.15

w/o DLW 7(20%) 28(80%) 85.30 1.08
w/ DLW 86.44 0.90

Complexity Analysis. To demonstrate the deployability of the proposed method, we compare
the model complexity of the foundational teacher SAM and the efficient student SAM backbone
in our method on the PROMISE12 dataset. As shown in Table 5, the student model used for
inference significantly reduces the number of parameters and Multiply-Accumulate Operations
(MACs) for a single forward pass. By effectively leveraging valuable knowledge distilled from the
high-complexity teacher on unlabeled data during semi-supervised learning, the student achieves
improved performance while maintaining high efficiency. These results underscore the potential
of the proposed method for practical clinical application, particularly in scenarios with limited
computational resources.

Table 5: Complexity comparisons between our teacher SAM and student SAM.

Model Complexity
Params (M) MACs (G)

Foundational teacher SAM 105.05 103.40
Efficient student SAM backbone 9.51 10.33

SAM vs. MedSAM. We begin with the original SAM to validate the generality and transferability
of our framework, along with the effectiveness of the proposed learning strategy. For comprehensive
comparison, we also include experiments initializing with MedSAM [14] as the teacher model. As
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shown in Table 6, we compare the zero-shot performance of SAM against MedSAM, where MedSAM
is provided with bounding boxes derived from ground truth as prompts. The results confirm the
strong generalizability of MedSAM in medical image segmentation. However, after fine-tuning with
the same LoRA strategy, the performance of SAM even surpasses that of MedSAM. We attribute this
phenomenon to the following reasons: although MedSAM undergoes domain-specific pre-training
on medical images, its pre-training dataset size (approximately 1 million images) is considerably
smaller than that of SAM, which is pre-trained on a large-scale natural image dataset (approximately
11 million images and 1 billion masks). During the subsequent task-specific fine-tuning stage with
limited annotated data, the prior benefits brought by this “small-scale domain pre-training” are likely
to be quickly offset by task-driven adaptation, and may even weaken the model’s inherent general
representation capability [15]. Consequently, employing fine-tuned SAM as the teacher model yields
superior performance when guiding the student model in semi-supervised learning.

Table 6: Comparison between SAM and MedSAM as the teacher model on the
PROMISE12 dataset with 20% labeled data.

Stage Model Metrics
DSC↑ ASD↓

Zero-shot MedSAM 66.56 10.04
SAM (Ours) 2.53 94.65

After fine-tuning MedSAM 81.26 3.79
SAM (Ours) 86.00 1.44

Final results MedSAM 85.13 1.56
SAM (Ours) 86.44 0.90

D Theoretical Analysis

This section provides a theoretical foundation for the proposed two-stage semi-supervised distillation
framework. Our analysis follows the line of work that interprets knowledge distillation as a form
of regularization or information transfer [16, 17], and builds upon uniform convergence tools from
statistical learning theory to characterize the generalization behavior of the student model. Specifically,
we show how incorporating the distillation term as a regularizer enables the student to leverage
unlabeled data more effectively, thereby improving its generalization performance. The derived
excess-risk bounds further clarify the conditions under which the student can achieve a lower expected
risk than its teacher.

D.1 Preliminaries

D.1.1 Notation and Definition

Let D denote the underlying data distribution on X × Y . We are given nℓ (or is N ) labeled samples
Dℓ = {(xi,yi)}nℓ

i=1 and nu (or is M ) unlabeled samples Du = {xj}nu
j=1, both drawn i.i.d. from D.

The teacher and student models are denoted by fT ∈ FT and fS ∈ FS , respectively. Each model
induces a predictive distribution over labels: pT (y|x) = fT (x), pS(y|x) = fS(x).

Definition D.1 (Supervised Risk). For a bounded loss function ℓ : Y × Y→ [0, 1], the expected risk
and empirical risk of the student model fS are defined as

• expected risk: R(fS) = E(x,y)∼D[ℓ(y, pS(·|x))]

• empirical risk: R̂ℓ(fS) =
1
nℓ

∑nℓ

i=1 ℓ(yi, pS(·|xi))

Definition D.2 (Knowledge Distillation Discrepancy). For unlabeled data, the discrepancy between
the teacher and student predictive distributions is measured by the Kullback–Leibler divergence:

gS(x) = DKL

(
pT (·|x) ∥ pS(·|x)

)
, 0 ≤ gS(x) ≤ B ,

where B > 0 is a constant bounding the per-sample KL divergence. The expected and empirical
distillation losses are given by
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• expected distillation loss: LKD(fS) = Ex∼Du

[
gS(x)

]
• empirical distillation loss: L̂KD(fS) =

1
nu

∑nu

j=1 gS(xj)

Combining the supervised (Definition D.1) and distillation (Definition D.2) objectives, the student
model is trained by minimizing the composite empirical loss

Ĵ(fS) = R̂ℓ(fS) + λ L̂KD(fS), (1)

where λ > 0 controls the strength of knowledge distillation.
Definition D.3 (Complexity Measures). Let Rnℓ

(Lℓ) and Rnu
(G) denote the Rademacher complexi-

ties of the supervised and distillation loss classes:

Lℓ = {(x,y) 7→ ℓ(y, pS(·|x)) : fS ∈ FS}, G = {x 7→ gS(x) : fS ∈ FS}.

Definition D.4 (Approximation Gap). The approximation gap between the student and the teacher is
defined as

∆approx := inf
fS∈FS

R(fS)−R(fT ) ,

which quantifies the capacity difference between the student and teacher function classes.

D.1.2 Some Facts

We recall a few standard facts (see, e.g., [18]):
Fact D.5 (Rademacher complexity). For a function class F and samples {zi}ni=1, the empirical
Rademacher complexity is

R̂n(F) = Eσ

[
sup
f∈F

1

n

n∑
i=1

σif(zi)

]
,

where σi are independent Rademacher variables with P(σi = ±1) = 1/2. The population
Rademacher complexity is defined as

Rn(F) = EZ [R̂n(F)].

Fact D.6 (Symmetrization). Let L = {ℓ(f, ·) : f ∈ F} be a class of loss functions bounded in [0, 1].
Then

EZ

[
sup
f∈F

(
R(f)− R̂n(f)

)]
≤ 2Rn(L) ,

where R(f) = E[ℓ(f, Z)] and R̂n(f) =
1
n

∑n
i=1 ℓ(f, zi).

Fact D.7 (Contraction). Let F be a class of functions and let ϕ : R → R be an Lϕ-Lipschitz function
satisfying ϕ(0) = 0. Then the following inequality holds:

Rn(ϕ ◦ F) ≤ Lϕ Rn(F) ,

where ϕ ◦ F = {ϕ ◦ f : f ∈ F}.

D.2 Concentration and Uniform Convergence Lemmas

To analyze the generalization behavior of the student model, we first recall one classical concentration
inequality that will be used to control deviations between empirical and expected quantities. These
probabilistic tools form the foundation for the uniform convergence results presented later in this
subsection.
Lemma D.8 (McDiarmid’s Inequality [19]). If the following conditions hold:

• X1, . . . , Xn are independent random variables taking values in some set X ,

• F : Xn → R is a measurable function,
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• F satisfies the bounded differences condition: for each i ∈ {1, . . . , n} and all
x1, . . . , xn,x

′
i ∈ X ,∣∣F (x1, . . . ,xi, . . . , xn)− F (x1, . . . ,x

′
i, . . . , xn)

∣∣ ≤ ci,

then, for all t > 0,

P(F (X1, . . . , Xn)− E[F (X1, . . . , Xn)] ≥ t) ≤ exp

(
− 2t2∑n

i=1 c
2
i

)
.

The above inequalities will be repeatedly used to bound the fluctuations of empirical risks around
their expectations. We now apply them to the supervised and distillation objectives to obtain uniform
convergence results.

Lemma D.9 (Supervised uniform convergence). If the following conditions hold:

• Lℓ = {(x,y) 7→ ℓ(y, f(x)) : f ∈ FS} is the induced loss class,

• δ ∈ (0, 1) is a confidence parameter,

then, with probability at least 1− δ (over the sampling of Dℓ), the following holds simultaneously for
all f ∈ FS:

R(f) ≤ R̂ℓ(f) + 2Rnℓ
(Lℓ) +

√
ln(2/δ)
2nℓ

. (2)

Proof sketch. This follows directly from the Rademacher complexity bound for bounded losses (e.g.
[18]). Since ℓ ∈ [0, 1], symmetrization and concentration yield E[supf (R(f)−R̂ℓ(f))] ≤ 2Rnℓ

(Lℓ),
and applying McDiarmid’s inequality gives the stated high-probability bound.

Lemma D.10 (Distillation uniform convergence). If the following conditions hold:

• G = {x 7→ gf (x) : f ∈ FS} is the induced function class,

• gf (x) ∈ [0, B] for all f ∈ FS and all x,

• δ ∈ (0, 1) is a confidence parameter,

then, with probability at least 1− δ (over the draw of Du), the following holds simultaneously for all
f ∈ FS:

LKD(f) ≤ L̂KD(f) + 2Rnu
(G) +B

√
ln(2/δ)
2nu

. (3)

Proof sketch. The proof mirrors Lemma D.9, after normalizing by B and applying standard sym-
metrization and Hoeffding-type concentration for bounded functions.

Together, Lemma D.9 and Lemma D.10 guarantee that both the supervised and distillation losses
enjoy uniform convergence at rates determined by their respective sample sizes (nℓ, nu) and function
class complexities. These results will be combined in the next subsection to derive the generalization
bound for the overall objective (Eq. (1)).

D.3 A Combined Bound

Having established uniform convergence results for both the supervised and distillation components,
we now combine them to obtain a generalization guarantee for the overall composite objective Ĵ(f)
introduced in Eq. (1). This bound connects the empirical training loss with the true population risk,
revealing how the two learning sources (labeled and unlabeled data) jointly influence generalization.

Lemma D.11 (Composite objective generalization). If the following conditions hold:

• λ > 0 is a fixed regularization parameter,

• Ĵ(f) = R̂ℓ(f) + λL̂KD(f) is the composite empirical objective,
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• δ ∈ (0, 1) is a confidence parameter,

then, with probability at least 1− δ (over the sampling of Dℓ and Du), the following inequality holds
simultaneously for all f ∈ FS:

R(f) ≤ Ĵ(f) + 2Rnℓ
(Lℓ) + 2λRnu(G) +

√
ln(2/δ)
2nℓ

+ λB
√

ln(2/δ)
2nu

− λLKD(f). (4)

Proof sketch. Apply Lemma D.9 and Lemma D.10 with confidence parameters δ/2, then take a
union bound. Rearranging L̂KD(f) ≥ LKD(f)− 2Rnu(G)−B

√
ln(4/δ)/(2nu) and substituting

R̂ℓ(f) = Ĵ(f)− λL̂KD(f) yields Eq. (4).

The bound in Lemma D.11 provides a unified control of the population risk R(f) in terms of
the empirical objective Ĵ(f). The additional terms capture the contribution of supervised and
unlabeled samples via their respective complexities Rnℓ

(Lℓ) and Rnu(G). Notably, the negative
term −λLKD(f) highlights the beneficial effect of distillation: a smaller teacher–student discrepancy
LKD(f) leads to a tighter generalization bound. This combined result serves as the foundation for
the main theorem in the next subsection. This combined analysis connects our framework to the
generalization theory of semi-supervised learning [20, 21], highlighting how unlabeled data can
tighten risk bounds through the regularizing effect of knowledge transfer.

D.4 Main Result: Student vs. Teacher

Having established the uniform convergence and composite bounds, we now present the main
theoretical result that compares the generalization performance of the student and teacher models.
The theorem below quantifies how the student’s expected risk deviates from that of the teacher,
highlighting the roles of approximation capacity, estimation complexity, and knowledge distillation.
Theorem D.12 (Excess risk bound for semi-supervised distillation). If the following conditions hold:

• The loss function is bounded: ℓ(y, ŷ) ∈ [0, 1],

• The distillation function is bounded: gf (x) ∈ [0, B] for all f ∈ FS and all x,

• The student fS satisfies the approximate empirical minimization condition

Ĵ(fS) ≤ inf
f∈FS

Ĵ(f) + εopt

for some εopt ≥ 0,

• δ ∈ (0, 1) is a confidence parameter,

then, with probability at least 1− δ, the following inequality holds:
R(fS) ≤ R(fT ) + ∆approx + 2Rnℓ

(Lℓ) + 2λRnu
(G)

+
√

ln(4/δ)
2nℓ

+ λ B ln(4/δ)
nu

+ εopt − λLKD(fS). (5)

Proof sketch. Apply Lemma D.11 to f = fS and use the near-optimality of fS . Note that
inff∈FS

Ĵ(f) ≤ Ĵ(fT ) = R̂ℓ(fT ) as L̂KD(fT ) = 0. Use Lemma D.9 to bound R̂ℓ(fT ) in terms of
R(fT ), substitute, and introduce ∆approx = inff∈FS

R(f)−R(fT ) to obtain Eq. (5).

Theorem D.12 characterizes how the student’s generalization depends on approximation, estimation,
and distillation terms. A direct consequence of this bound is a simple sufficient condition under
which the student achieves a strictly lower expected risk than the teacher.
Corollary D.13 (Sufficient condition for R(fS) < R(fT )). If the following conditions hold:

• The assumptions of Theorem D.12 are satisfied,

• The inequality

λLKD(fS) > ∆approx + 2Rnℓ
(Lℓ) + 2λRnu

(G) +
√

ln(4/δ)
2nℓ

+ λ B ln(4/δ)
nu

+ εopt

holds,
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then, with probability at least 1− δ, we have

R(fS) < R(fT ).

Proof sketch. Immediate by rearranging Eq. (5).

Discussion. The bound in Theorem D.12 decomposes the student’s excess risk into four intuitive
components: (i) an approximation term ∆approx reflecting the model capacity gap; (ii) estimation
terms governed by the Rademacher complexities of the supervised and distillation loss classes; (iii) an
optimization tolerance εopt; and (iv) a beneficial term −λLKD(fS) due to distillation. When the
effective knowledge transfer λLKD(fS) dominates the approximation and estimation errors, the
student outperforms its teacher in terms of expected risk with high probability, consistent with prior
analyses of distillation as an implicit regularization process [16, 17]. When the weighted distillation
gain λLKD(fS) dominates the approximation and estimation errors, the student can achieve a lower
expected risk than the teacher with high probability. Similar interpretations have been discussed in
the recent theoretical studies of knowledge distillation [22, 23]

D.5 Full proofs and explicit complexity bounds

This subsection provides complete derivations and additional theoretical analysis for Lemma D.9
through Theorem D.12. For completeness, we detail the intermediate steps involved in the symmetriza-
tion, contraction, and concentration arguments, and we further instantiate the abstract Rademacher
complexity terms with more interpretable upper bounds based on parameter norms and Lipschitz
continuity assumptions.

D.5.1 Detailed Proof of Lemma D.9 (Supervised Uniform Convergence)

Proof of Lemma D.9. We restate the setting: the loss ℓ(y, f(x)) is bounded in [0, 1], and Lℓ =
{(x,y) 7→ ℓ(y, f(x)) : f ∈ FS}. Let Dℓ = {(xi,yi)}nℓ

i=1 be i.i.d. draws from D. The goal is to
upper bound the deviation between population and empirical risks:

Z(Dℓ) := sup
f∈FS

(
R(f)− R̂ℓ(f)

)
= sup

f∈FS

(
E(x,y)∼D[ℓ(y, f(x))]−

1

nℓ

nℓ∑
i=1

ℓ(yi, f(xi))
)
.

Setp 1: symmetrization. To control the expectation of Z(Dℓ), we introduce an independent ghost
sample D′

ℓ = {(x′
i,y

′
i)}

nℓ
i=1 drawn i.i.d. from D. Then

EDℓ
[Z(Dℓ)] = EDℓ

[
sup
f

(
ED[ℓ(y, f(x))]− R̂ℓ(f)

)]
≤ EDℓ,D′

ℓ

[
sup
f

1

nℓ

nℓ∑
i=1

(ℓ(y′
i, f(x

′
i))− ℓ(yi, f(xi)))

]
.

Introducing Rademacher variables σi∈{±1} with E[σi] = 0 and applying the standard symmetriza-
tion trick (Fact D.6), we obtain

EDℓ
[Z(Dℓ)] ≤ 2EDℓ,σ

[
sup
f∈FS

1

nℓ

nℓ∑
i=1

σiℓ(yi, f(xi))
]

= 2Rnℓ
(Lℓ) ,

which bounds the expected deviation by twice the empirical Rademacher complexity.

Setp 2: concentration via McDiarmid’s inequality. Next, we control the deviation of Z(Dℓ)

around its mean. Changing a single example (xi,yi) to (x′
i,y

′
i) alters R̂ℓ(f) by at most 1/nℓ, since

ℓ(·, ·) ∈ [0, 1]. Hence, for all i, the bounded-difference constant is ci = 1/nℓ. Applying McDiarmid’s
inequality (Lemma D.8), for any t > 0,

Pr[Z(Dℓ)− EDℓ
[Z(Dℓ)] ≥ t] ≤ exp

(
− 2t2∑nℓ

i=1 c
2
i

)
= exp(−2t2nℓ) .

Setting the right-hand side equal to δ and solving for t gives t =
√
ln(1/δ)/(2nℓ).
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Setp 3: combining results. With probability at least 1− δ,

Z(Dℓ) ≤ EDℓ
[Z(Dℓ)] +

√
ln(1/δ)

2nℓ
≤ 2Rnℓ

(Lℓ) +

√
ln(1/δ)

2nℓ
.

To obtain a two-sided deviation, we replace δ by δ/2, yielding the final bound:

sup
f∈FS

(
R(f)− R̂ℓ(f)

)
≤ 2Rnℓ

(Lℓ) +

√
ln(2/δ)

2nℓ
,

which concludes the proof.

D.5.2 Detailed Proof of Lemma D.10 (KD Uniform Convergence)

Proof of Lemma D.10. Let Du = {xj}nu
j=1 be i.i.d. draws from D, and recall that gf (x) =

DKL(pT (·|x) ∥ pf (·|x)) ∈ [0, B]. Define the deviation

Zu(Du) := sup
f∈FS

(
LKD(f)− L̂KD(f)

)
= sup

f∈FS

(
Ex∼D[gf (x)]−

1

nu

nu∑
j=1

gf (xj)
)
.

Setp 1: symmetrization. Introduce an independent ghost sample D′
u = {x′

j}
nu
j=1 drawn i.i.d. from

D. Then

EDu
[Zu(Du)] ≤ EDu,D′

u

[
sup
f∈FS

1

nu

nu∑
j=1

(gf (x
′
j)− gf (xj))

]
.

Let σj ∈ {±1} be independent Rademacher variables with E[σj ] = 0. Using the standard sym-
metrization trick (Fact D.6),

EDu [Zu(Du)] ≤ 2EDu,σ

[
sup
f∈FS

1

nu

nu∑
j=1

σjgf (xj)
]
= 2Rnu(G),

where G = {x 7→ gf (x) : f ∈ FS}.

Setp 2: concentration via McDiarmid’s inequality. Changing one sample xj to x′
j changes

L̂KD(f) by at most B/nu for any f , since gf (x) ∈ [0, B]. Thus, Zu(Du) satisfies the bounded-
difference condition with constants cj ≤ B/nu. Applying McDiarmid’s inequality (Lemma D.8)
yields, for any t > 0,

Pr[Zu(Du)− EDu [Zu(Du)] ≥ t] ≤ exp

(
− 2t2∑nu

j=1 c
2
j

)
= exp

(
−2t2nu

B2

)
.

Setting the right-hand side to δ gives t = B
√
ln(1/δ)/(2nu).

Setp 3: combining results. With probability at least 1− δ,

Zu(Du) ≤ EDu [Zu(Du)] +B

√
ln(1/δ)

2nu
≤ 2Rnu(G) +B

√
ln(1/δ)

2nu
.

Finally, replacing δ with δ/2 for a one-sided deviation bound, we obtain that, with probability at least
1− δ,

LKD(f) ≤ L̂KD(f) + 2Rnu
(G) +B

√
ln(2/δ)

2nu
,

which is exactly the claim in Eq. (3).
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D.5.3 Detailed Proof of Lemma D.11 (Combined bound)

Proof of Lemma D.11. We prove the claimed inequality by combining the supervised and KD
uniform-convergence bounds and taking a union bound over the two sampled sets.

Fix δ ∈ (0, 1). Apply Lemma D.9 to the labeled sample Dℓ with confidence parameter δ/2. By
Lemma D.9, with probability at least 1− δ/2 (over Dℓ) we have for all f ∈ FS ,

R(f) ≤ R̂ℓ(f) + 2Rnℓ
(Lℓ) +

√
ln(2/(δ/2))

2nℓ
= R̂ℓ(f) + 2Rnℓ

(Lℓ) +

√
ln(4/δ)

2nℓ
. (6)

Similarly, apply Lemma D.10 to the unlabeled sample Du with confidence parameter δ/2. By
Lemma D.10, with probability at least 1− δ/2 (over Du) we have for all f ∈ FS ,

LKD(f) ≤ L̂KD(f) + 2Rnu
(G) +B

√
ln(2/(δ/2))

2nu
= L̂KD(f) + 2Rnu

(G) +B

√
ln(4/δ)

2nu
. (7)

By a union bound, both Eq. (6) and Eq. (7) hold simultaneously with probability at least 1− δ (over
the draw of Dℓ and Du).

From Eq. (7) we obtain a corresponding lower bound on the empirical KD term:

L̂KD(f) ≥ LKD(f)− 2Rnu
(G)−B

√
ln(4/δ)

2nu
.

Substitute R̂ℓ(f) = Ĵ(f)− λL̂KD(f) into Eq. (6) and then replace L̂KD(f) by the lower bound just
obtained. Carrying out these substitutions yields, with probability at least 1− δ,

R(f) ≤ Ĵ(f)− λL̂KD(f) + 2Rnℓ
(Lℓ) +

√
ln(4/δ)

2nℓ

≤ Ĵ(f)− λ
(
LKD(f)− 2Rnu(G)−B

√
ln(4/δ)

2nu

)
+ 2Rnℓ

(Lℓ) +

√
ln(4/δ)

2nℓ

= Ĵ(f) + 2Rnℓ
(Lℓ) + 2λRnu

(G) +

√
ln(4/δ)

2nℓ
+ λB

√
ln(4/δ)

2nu
− λLKD(f).

This is precisely the claim Eq. (4), concluding the proof.

D.5.4 Detailed Proof of Theorem D.12 (Excess risk bound for semi-supervised distillation)

Proof of Theorem D.12. We give a self-contained, step-by-step derivation that makes explicit the
choice of confidence parameters and the algebraic substitutions.

Step 1: setup and goal. Recall the combined bound of Lemma D.11: for any δ ∈ (0, 1), with
probability at least 1− δ (over the sampling of Dℓ and Du), every f ∈ FS satisfies

R(f) ≤ Ĵ(f) + 2Rnℓ
(Lℓ) + 2λRnu

(G)

+
√

ln(4/δ)
2nℓ

+ λB
√

ln(4/δ)
2nu

− λLKD(f).
(8)

We will apply Eq. (8) to f = fS , then replace Ĵ(fS) by an (approximate) empirical optimum and
relate that optimum to R(fT ) to produce the desired excess-risk bound.

Step 2: apply Lemma D.11 to fS . Fix δ ∈ (0, 1). By Lemma D.11 (with this δ), with probability
at least 1− δ,

R(fS) ≤ Ĵ(fS) + 2Rnℓ
(Lℓ) + 2λRnu(G)

+
√

ln(4/δ)
2nℓ

+ λB
√

ln(4/δ)
2nu

− λLKD(fS).
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Step 3: use the (approximate) empirical optimality of fS . By assumption,

Ĵ(fS) ≤ inf
f∈FS

Ĵ(f) + εopt,

so with the same probability event we can substitute to obtain

R(fS) ≤ inf
f∈FS

Ĵ(f) + εopt + 2Rnℓ
(Lℓ) + 2λRnu

(G)

+
√

ln(4/δ)
2nℓ

+ λB
√

ln(4/δ)
2nu

− λLKD(fS).

(9)

Step 4: upper-bound inff Ĵ(f) by Ĵ(fT ) and relate to R(fT ). Observe that for the teacher model
fT we have L̂KD(fT ) = 0, since the distillation loss measures the discrepancy between the teacher
and student predictions, and for fT this discrepancy vanishes (i.e., DKL(pT ∥ pT ) = 0). Hence,
Ĵ(fT ) = R̂ℓ(fT ). Therefore

inf
f∈FS

Ĵ(f) ≤ Ĵ(fT ) = R̂ℓ(fT ).

Substitute this inequality into Eq. (9) to get

R(fS) ≤ R̂ℓ(fT ) + εopt + 2Rnℓ
(Lℓ) + 2λRnu(G)

+
√

ln(4/δ)
2nℓ

+ λB
√

ln(4/δ)
2nu

− λLKD(fS).
(10)

We now relate R̂ℓ(fT ) to its population counterpart R(fT ). Apply Lemma D.9 to the teacher function
fT with the same confidence bookkeeping used previously (this can be done so that all events hold
simultaneously with probability at least 1 − δ; one convenient approach is to use the same δ/2
split used in the proof of Lemma D.11, producing the ln(4/δ) terms). Lemma D.9 yields (with the
appropriate confidence)

R̂ℓ(fT ) ≤ R(fT ) + 2Rnℓ
(Lℓ) +

√
ln(4/δ)
2nℓ

.

Substituting this into Eq. (10) gives

R(fS) ≤ R(fT ) + inf
f∈FS

R(f)−R(fT )︸ ︷︷ ︸
∆approx

+2Rnℓ
(Lℓ) + 2λRnu

(G)

+
√

ln(4/δ)
2nℓ

+ λB
√

ln(4/δ)
2nu

+ εopt − λLKD(fS).

Here we used the identity inff∈FS
R(f) = R(fT ) + ∆approx, which defines ∆approx.

Step 5: collect terms and conclude. Collecting the displayed terms yields exactly the bound (5)
stated in the theorem. All probabilistic statements above can be arranged to hold simultaneously by
appropriately applying the union bound when invoking the lemmas; this bookkeeping is the place
where the ln(4/δ) factors arise (as detailed in the proof of Lemma D.11).

This completes the proof of Theorem D.12.

D.5.5 Replacing abstract Rademacher terms with Lipschitz & parameter-norm bounds

The abstract Rademacher complexities Rnℓ
(Lℓ) and Rnu

(G) can be upper-bounded in terms of model
smoothness and parameter norms. This subsection presents two practical scenarios and corresponding
interpretable bounds, while emphasizing the dependence on the labeled and unlabeled sample sizes
(nℓ, nu).

Case A: Linear predictors with bounded feature norm. Assume the student model is linear in
parameters, fθ(x) = ⟨θ, ϕ(x)⟩, where ϕ(x) ∈ Rd, ∥θ∥2 ≤ S for all θ ∈ Θ, and ∥ϕ(x)∥2 ≤ F for
all x. Suppose the supervised loss ℓ(y, ŷ) is Lℓ–Lipschitz in its second argument, and the distillation
function gf (x) is Lg–Lipschitz in the scalar network output. Then, standard results (see [18]) give

Rnℓ
(Lℓ) ≤ Lℓ Rnℓ

(
{x 7→ ⟨θ, ϕ(x)⟩ : ∥θ∥ ≤ S}

)
≤ Lℓ

SF
√
nℓ

,
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and, similarly for the distillation class,

Rnu(G) ≤ Lg
SF
√
nu

.

Hence, one can set Cℓ = LℓSF and Cg = LgSF in the unified substitution below.

Case B: Deep networks controlled by spectral norms. For an L-layer feedforward network with
weight matrices W1, . . . ,WL and 1-Lipschitz activations (e.g., ReLU), the overall Lipschitz constant
satisfies Lf ≤

∏L
i=1 ∥Wi∥2. If ∥x∥ ≤ X and each ∥Wi∥2 ≤ si, then empirical-process arguments

(e.g., 24, 25, 26) imply that, up to logarithmic factors,

Rn(F) ≲
X
∏L

i=1 si√
n

,

where n should be replaced by nℓ or nu depending on the corresponding loss term. Consequently,

Rnℓ
(Lℓ) ≲ Lℓ

X
∏L

i=1 si√
nℓ

, Rnu
(G) ≲ Lg

X
∏L

i=1 si√
nu

.

These bounds highlight how spectral-norm control and input magnitude determine the effective
complexity of the model.

Unified substitution and explicit bound. Let constants Cℓ, Cg > 0 capture the dependence on
parameter norms, input norms, network depth, and Lipschitz constants, such that

Rnℓ
(Lℓ) ≤

Cℓ√
nℓ

, Rnu(G) ≤
Cg√
nu

.

Substituting these estimates into the excess-risk bound (5) gives the explicit, sample-dependent
inequality

R(fS) ≤ R(fT ) + ∆approx + 2
Cℓ√
nℓ

+ 2λ
Cg√
nu

+
√

ln(4/δ)
2nℓ

+ λB
√

ln(4/δ)
2nu

+ εopt − λLKD(fS). (11)

Remarks.

• Sample dependence. The supervised term scales with n
−1/2
ℓ , while the distillation term

scales with n
−1/2
u , reflecting the separate contributions of labeled and unlabeled data to

generalization.
• Concentration term correction. The KD-related concentration term must retain the square-

root form λB
√
ln(4/δ)/(2nu), consistent with the McDiarmid inequality, rather than a

linear-inverse form.
• Interpretability. The constants Cℓ and Cg summarize the interaction between model

capacity (e.g., spectral or Euclidean norms), input scale, and Lipschitz smoothness of the
loss and KD terms. Larger norms or smaller sample sizes enlarge the bound, while stronger
Lipschitz control and regularization improve it.

D.5.6 Practical notes on constants and empirical checks

• Estimating Cℓ, Cg. For linear models, Cℓ ≈ LℓSF and Cg ≈ LgSF where S is the
weight-norm bound and F the feature-norm bound. For deep neural networks, Cℓ can be
upper bounded by LℓX

∏
i si (up to logarithmic factors).

• Behavior as nu grows. The distillation estimation term scales like O(λCg/
√
nu) while

the beneficial term is −λLKD(fS). If increasing nu reduces LKD(fS) (student better fits
teacher on more unlabeled data) and Cg/

√
nu decays, the RHS of Eq. (11) can drop below

R(fT ).
• Optimization tolerance. εopt captures suboptimality of empirical minimization; regulariza-

tion / longer optimization reduces it.
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D.5.7 Concluding Remark

The preceding analysis bridges abstract statistical learning bounds with concrete, parameter-dependent
quantities. By expressing the Rademacher complexities in terms of model smoothness and parameter
norms, we obtain an explicit understanding of how both labeled and unlabeled data contribute to
generalization.

In particular, the unified bound (11) highlights a clear trade-off: increasing model capacity or relaxing
regularization tends to enlarge the complexity terms, whereas incorporating more unlabeled data, as
captured by the distillation term, contributes to reducing the overall risk. This formal perspective
complements the empirical observations reported in the main experiments.

Overall, these detailed derivations establish a transparent link between uniform convergence theory
and the generalization behavior of our semi-supervised distillation framework. They further clarify
how model regularity (e.g., spectral or Euclidean norms), loss smoothness, and the scale of unlabeled
data jointly determine whether the student can outperform its teacher in expectation.

E Discussion

Limitations. The proposed method has achieved excellent performance in extensive medical image
segmentation tasks. However, factors such as complex anatomical structures, diverse imaging
modes and inconsistent image quality in medical images may still pose significant challenges for
segmentation. In such scenarios, suboptimal performance of our teacher SAM may further negatively
impact the optimization of our efficient SAM backbone during semi-supervised learning. Therefore,
future work will focus on enhancing the robustness of SAM in complex segmentation tasks and
exploring effective strategies to reduce error propagation, thereby further improving segmentation
accuracy and stability.

Impacts. This work holds significant implications for semi-supervised medical image segmentation.
The proposed method improves segmentation accuracy even with limited annotated data and achieves
high-quality results in complex medical scenarios. At the same time, it substantially reduces reliance
on costly manual annotations while improving the efficiency of clinical diagnosis and treatment
planning. Furthermore, our model contains less than 10% of the parameters of the original SAM,
which significantly lowers deployment and maintenance costs and makes it more accessible to
small and medium-sized medical institutions. Its simple and intuitive design also makes it easy for
physicians to understand and use. However, the potential mis-segmentation risks for atypical cases
still necessitate manual verification. Before widespread clinical application, its implementation must
be accompanied by comprehensive regulatory frameworks and usage protocols to address associated
liability and ethical concerns.
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