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Medical vision foundation models pretrained on large-scale domain-specific data achieve strong clinical
performance, but their computational cost precludes deployment on resource-constrained edge devices.
We investigate whether the domain-specific representations of a medical foundation model transfer more
effectively through knowledge distillation (KD) than generic ImageNet-pretrained features. We compare a
domain-specific foundation model (RETFound, ViT-Large, 307M parameters) against a general-purpose
pretrained model (ConvNeXt-Base, 89M) as KD teachers for two lightweight students (MobileNetV3-Small,
2.5M; EfficientNet-Lite0, 4.7M) on two clinical benchmarks — HAM10000 (dermoscopy, 7 classes) and
APTOS-2019 (diabetic retinopathy, 5 classes) — over a grid of distillation temperature and loss weight, with
INTS quantization and Grad-CAM analysis. Because RETFound is pretrained on retinal images, APTOS-
2019 is in-domain for it whereas HAM10000 (dermoscopy) constitutes an out-of-domain test. On balanced
accuracy, the appropriate metric for these class-imbalanced datasets, ConvNeXt-Base yields the stronger
student in all four settings (e.g., HAM10000 MobileNetV3: 0.826 vs. 0.763) — including on APTOS-2019,
where RETFound s retinal pretraining is in-domain — despite fewer parameters and no domain-specific
pretraining;, RETFound distillation can even fall below the no-distillation baseline. RETFound requires
higher temperatures for effective transfer, whereas ConvNeXt is robust across a broad range. INT8 quan-
tization preserves accuracy within 0.3% while compressing MobileNetV3-Small to 4.2 MB. These results
indicate that a teachers fine-tuned quality, rather than domain-specific pretraining, predicts distillation

success, and offer practical guidance for edge deployment of medical image classifiers.

Povzetek:

1 Introduction

Deep learning has demonstrated transformative potential
across medical imaging tasks, including dermatological le-
sion classification [8], diabetic retinopathy screening [11],
and pathological diagnosis [5]. However, a persistent gap
separates the GPU-equipped servers where models are de-
veloped from the resource-constrained edge devices where
clinical inference must occur. Point-of-care diagnostics in
primary-care clinics, mobile screening in underserved re-
gions, and embedded systems in portable imaging devices
demand models that deliver reliable predictions within
strict latency and memory budgets [21, 28].

Concurrently, medical vision foundation models have es-
tablished a new performance frontier. RETFound [32], pre-
trained on over 900 000 retinal images via a masked autoen-
coder objective [12], and UNI [5], pretrained on more than
100 million pathology tiles, show that domain-specific self-
supervised pretraining yields representations that substan-
tially outperform ImageNet-pretrained counterparts on in-
domain tasks. Such models capture fine-grained, domain-
specific patterns — microaneurysms in retinal images, subtle
textural differences between benign nevi and melanoma —

that generic features may not encode. Yet they are typically
large Vision Transformers [7] with hundreds of millions of
parameters (RETFound: ViT-Large, 307M), rendering di-
rect edge deployment infeasible.

Knowledge distillation (KD) [13] offers a principled
route to model compression: a compact student network is
trained to mimic the softened output distribution of a larger
teacher, with the “dark knowledge” in those probabilities
providing richer supervision than one-hot labels alone. KD
has been applied in medical imaging for skin-lesion classi-
fication [15, 31] and diabetic retinopathy screening. How-
ever, prior medical-imaging KD studies employ conven-
tional CNN teachers pretrained on ImageNet. A critical
question remains open: does the domain-specific knowl-
edge captured by a medical foundation model transfer more
effectively through distillation than generic ImageNet fea-
tures?

This question carries practical weight. If foundation-
model teachers produce superior students, the large in-
vestment in domain pretraining yields compounding re-
turns, raising the performance ceiling of compressed mod-
els for the edge. Conversely, if distillation fails to pre-
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serve domain-specific representations, the advantage of
such teachers may be confined to settings where full-scale
inference is feasible.

To address this gap, we present a systematic compari-
son of a medical foundation model (RETFound, ViT-Large)
against a general-purpose pretrained model (ConvNeXt-
Base) as KD teachers for lightweight edge deployment.
Our contributions are: (i) a head-to-head comparison of a
medical foundation model and a general-purpose model
as KD teachers: we distil RETFound (307M, domain-
specific MAE pretraining) and ConvNeXt-Base (89M, Im-
ageNet pretraining) into MobileNetV3-Small (2.5M) and
EfficientNet-Lite0 (4.7M) on HAM10000 and APTOS-
2019 with three random seeds, finding that, on balanced
accuracy, ConvNeXt-Base produces the stronger student in
all four settings; (ii) a hyperparameter sensitivity analy-
sis: we sweep temperature 7 and loss weight «, finding that
RETFound requires higher temperatures (7 > 4) for effec-
tive transfer whereas ConvNeXt is robust across a broad
range; and (iii) an end-to-end edge pipeline with explain-
ability: we quantify INT8 post-training quantization (ac-
curacy within +0.3%, MobileNetV3-Small compressed to
4.2 MB) and use Grad-CAM to compare teacher attention.

2 Related work

2.1 Medical vision foundation models

The foundation-model paradigm - large-scale self-
supervised pretraining followed by fine-tuning — has
reshaped medical image analysis [4, 17]. RETFound [32]
used MAE pretraining on 904 170 retinal images, out-
performing ImageNet-pretrained baselines on ophthalmic
tasks. UNI [5] extended this to pathology with over 100M
tiles, BiomedCLIP [30] adopted contrastive language—
image pretraining, and MedSAM [19] adapted SAM [16]
for segmentation. These models share a deployment
challenge: their large parameter counts demand substan-
tial computation. While foundation models have been
benchmarked in clinical domains [1], their utility as
knowledge-distillation teachers has not been studied.

2.2 Knowledge distillation in medical
imaging

Knowledge distillation [13] transfers learned representa-
tions through softened probability distributions. Extensions
include feature-based methods [22, 29], relation-based ap-
proaches [20, 26], and methodological surveys [10, 3]. In
medical imaging, Islam et al. [15] applied KD to skin-
cancer classification with conventional CNN teachers, and
Zheng et al. [31] proposed self-knowledge distillation for
skin-lesion classification. Critically, all of this prior work
uses traditional CNN teachers; none examines whether
medical foundation-model representations distil more ef-
fectively than generic features.
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2.3 Edge deployment and model
compression

Lightweight architectures such as MobileNetV3 [14] and
EfficientNet [25] achieve favourable accuracy—efficiency
trade-offs through depthwise-separable convolutions and
squeeze-and-excitation blocks.  Post-training quantiza-
tion [9], particularly INT8 dynamic quantization, reduces
model size and latency with minimal accuracy loss, en-
abling point-of-care diagnostics on hardware without GPU
support [21]. We evaluate the full pipeline from foundation-
model teacher to quantized edge student.

2.4 Explainability in medical AI

Grad-CAM [24] produces visual explanations by weighting
feature maps with gradient information. In medical imag-
ing, such explanations are critical for clinical trust: practi-
tioners must verify that models attend to diagnostically rel-
evant structures rather than spurious correlations [23]. We
use Grad-CAM to compare the spatial attention of the two
teacher models.

3 Materials and methods

Figure 1 illustrates the experimental pipeline.

3.1 Datasets

HAM10000 [27] contains 10015 dermoscopic images
across seven diagnostic classes: melanocytic nevi (nv),
melanoma (mel), benign keratosis-like lesions (bkl), basal
cell carcinoma (bcc), actinic keratoses (akiec), vascular le-
sions (vasc), and dermatofibroma (df). The dataset is heav-
ily imbalanced (nevi ~67%). We use an 80/10/10 strati-
fied train/validation/test split. APTOS-2019 [2] contains
3 662 retinal fundus photographs graded into five diabetic-
retinopathy severity levels: 0 (none), 1 (mild), 2 (moder-
ate), 3 (severe), 4 (proliferative). We use an 80/10/10 strat-
ified split. Images are resized to 224 x 224 pixels. Train-
ing augmentations include random horizontal/vertical flips,
rotation (£30°), colour jitter (£0.2), and random resized
cropping; validation and test images undergo centre crop-
ping and ImageNet [6] normalization.

3.2 Teacher and student models

RETFound (ViT-Large, 307M) [32] was pretrained via
MAE on 904 170 retinal fundus and OCT images. We
use the publicly released weights and fine-tune the full
model with a linear classification head (1024—n.). For
HAM10000 (dermoscopy, not ophthalmic), this tests cross-
domain transfer of medical foundation-model knowledge.
ConvNeXt-Base (ImageNet-1K, 89M) [18] is a modern-
ized CNN that incorporates ViT design principles within a
convolutional framework, representing conventional trans-
fer learning without domain-specific pretraining. Both
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Figure 1: Experimental framework. Two teachers — a domain-specific medical foundation model (RETFound, ViT-large,
307m) and a general-purpose pretrained model (ConvNeXt-base, 89m) — are compared as KD teachers for two lightweight
students (MobileNetV3-small, 2.5m; EfficientNet-Lite0, 4.7m) across two clinical benchmarks. Distilled students undergo
a grid search over temperature 7 and loss weight o, INT8 post-training quantization, and grad-CAM attention analysis.

teachers are fine-tuned with AdamW (Ir = 1 x 104, co-
sine annealing, weight decay 0.01, batch size 32, 50 epochs,
early stopping patience 10 on validation loss).
MobileNetV3-Small (2.5M) [14] is a hardware-aware,
NAS-optimized architecture with inverted residuals,
squeeze-and-excitation, and hard-swish activations.
EfficientNet-Lite0 (4.7M) [25] is a compound-scaled
MBConv architecture without squeeze-and-excitation
(removed in the Lite variant for edge compatibility). Both
students are initialized with ImageNet-pretrained weights.

3.3 Knowledge distillation framework
We adopt logit-based KD [13]:
Lxkp = a2 KL(U(ZTS) H J(ZTT))
+ (1 = a) Lce(y, o(zs)),

()

where zg and z7 are the student and teacher logits, 7 is the
temperature, o balances soft and hard targets, and the 72
factor compensates for the reduced gradient magnitude at
higher temperatures.

Grid search. For ConvNeXt teachers we sweep 7 €
{1,2,4,8,16,20} and « € {0.1,0.3,0.5,0.7,0.9} (30
combinations on HAM10000; 22 on APTOS-2019). For
RETFound teachers we sweep 7 € {2,4,8}, a €
{0.3,0.5,0.7} on HAM10000 (9 combinations) and 7 €
{4,8}, a € {0.5,0.7} on APTOS-2019 (4 combinations).
The reduced RETFound space reflects preliminary runs in
which extreme configurations (7 < lor7 > 16; = 0.1 or
a = 0.9) consistently fell below the no-KD baseline. This
asymmetry in search effort is a limitation; however, the
best RETFound configurations remain below ConvNeXt
results obtained even at non-optimal ConvNeXt settings
(e.g., 7 = 2,a = 0.7 already exceeds the best RET-
Found result on HAM10000), so the gap is unlikely to be
an artefact of search budget. No-KD baselines are trained
with standard cross-entropy. Students are trained with SGD
(momentum 0.9, weight decay 5 x 1074, Ir 0.01 with co-
sine annealing, batch size 64, 100 epochs, early stopping

patience 8 on validation accuracy).

3.4 Post-training quantization

We apply INT8 dynamic quantization (PyTorch) to
nn.Linear layers, quantizing weights to INT8 for storage
while activations remain in FP32. We report FP32 accu-
racy (GPU), INT8 accuracy (CPU), model size, and CPU
inference latency, the last measured on an Intel Core i7-
12700H CPU (single-threaded, eager mode, averaged over
50 forward passes). Quantization is evaluated on the best
ConvNeXt-KD checkpoint (seed 42).

3.5 Grad-CAM visualization

We generate Grad-CAM heatmaps [24] from the last convo-
lutional block of ConvNeXt-Base and the last transformer
block of RETFound. Two representative test samples per
dataset are selected, yielding eight maps that compare the
two teachers across both datasets.

3.6 Evaluation metrics

We report accuracy, balanced accuracy (macro-averaged
recall), macro F1-score, Cohen’s x (quadratic-weighted for
the ordinal APTOS-2019 grades), and macro-averaged one-
vs-rest AUC. Because both datasets are class-imbalanced,
we treat balanced accuracy as the primary metric; raw ac-
curacy is dominated by the majority class and is reported
for completeness. All experiments use three random seeds
(42, 123, 456); we report mean + standard deviation.

4 Results

4.1 Teacher model performance

Table 1 reports teacher performance after fine-tuning. On
HAM10000 — a dermoscopy benchmark that lies outside
RETFound’s retinal pretraining domain — ConvNeXt-Base
outperforms RETFound on every metric despite having
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3.4x fewer parameters, reaching 0.890 balanced accuracy
versus 0.802 (an 8.8-point gap). On APTOS-2019, where
RETFound’s pretraining is in-domain, ConvNeXct still leads
on balanced accuracy (0.692 vs. 0.645), though the gap nar-
rows. This ordering — a general-purpose CNN matching
or beating a larger domain-specific foundation model after
fine-tuning on limited data (APTOS: 3 662 images) — is it-
self notable and frames the distillation results that follow.

4.2 Student performance by teacher type

Table 2 presents the core comparison. On balanced accu-
racy — our primary metric — ConvNeXt-KD produces the
stronger student in all four teacher—student—dataset settings,
and exceeds the no-KD baseline in all four. On raw accu-
racy the picture is noisier: the two teachers are statistically
indistinguishable for MobileNetV3 on APTOS-2019 (0.759
vs. 0.763), the single cell in which RETFound edges Con-
vNeXt, and KD slightly trails no-KD for MobileNetV3 on
HAM10000 — both differences fall within one standard de-
viation. We therefore anchor our conclusions on balanced
accuracy, F1 and x, which are appropriate for imbalanced
data and on which the ConvNeXt advantage is uniform.
Importantly, this advantage is not merely an artefact of
RETFound being evaluated out-of-domain on HAM10000:
it also holds on APTOS-2019, whose retinal images are
in-domain for RETFound’s pretraining. That the general-
purpose teacher prevails even in RETFound’s home domain
indicates that domain-specific pretraining does not by itself
guarantee more effective distillation.

Several observations emerge. (1) ConvNeXt-KD pro-
duces stronger students on balanced accuracy. On
HAM10000 it improves MobileNetV3 balanced accuracy
by 4.8 points over no-KD and 6.3 points over RETFound-
KD; on APTOS-2019 the margins over RETFound-KD are
1.3 (MobileNetV3) and 4.8 (EfficientNet) points. The ad-
vantage holds across F1, x and AUC. (2) RETFound-
KD can degrade students. On HAM10000, RETFound-
distilled MobileNetV3 reaches 0.763 balanced accuracy,
1.5 points below the no-KD baseline (0.778). (3) Larger
students benefit more. EfficientNet-LiteO (4.7M) consis-
tently outperforms MobileNetV3-Small (2.5M) and gains
more from distillation. (4) KD helps more on smaller
data. On APTOS-2019 (2 929 training images) ConvNeXt-
KD improves EfficientNet balanced accuracy by 6.6 points
over no-KD, versus 2.2 points on HAM10000 (8 012 im-

ages).

4.3 Temperature and loss-weight ablation

ConvNeXt teacher. Table 3 reports representative Con-
vNeXt grid-search rows on HAM10000 (the full 30-row
grid is available from the author on request). The best
balanced accuracy is at 7 = 8, = 0.7 (0.856), with
7 = 20, a = 0.1 giving the highest accuracy (0.887) and «
(0.783). ConvNeXt-KD is robust: any 7 > 2 with > 0.5
exceeds the no-KD baseline (balanced accuracy 0.789 at
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seed 42), except 7 = 16. On APTOS-2019 (Table 4),
ConvNeXt-KD reaches its best balanced accuracy and « at
7=28,a =0.3(0.632 and 0.894).

RETFound teacher. Table 5 reports the targeted RET-
Found ablation. On HAM10000, accuracy rises from 0.818
(tr = 2) to 0.836 (1 = 8, = 0.3), confirming a need for
higher temperatures; the best balanced accuracy (0.808) is
at 7 = 4, = 0.3. On APTOS-2019, 7 = 4,a = 0.5
is best (accuracy 0.809, balanced accuracy 0.647). Across
both datasets, RETFound favours 7 = 4-8 with moderate
a~0.3.

4.4 INTS8 quantization impact

Table 6 summarizes quantization effects. INT8 dynamic
quantization preserves accuracy within +0.3% for all four
students; the HAM 10000 models even improve marginally
(+0.1%). MobileNetV3-Small gains a 29% size reduc-
tion (5.9—4.2 MB) thanks to its higher proportion of
nn.Linear parameters, whereas EfficientNet-Lite0 —dom-
inated by MBConv blocks not targeted by dynamic lin-
ear quantization — barely shrinks. On CPU, MobileNetV3-
Small is roughly 5.5 x faster than EfficientNet-Lite0 (~650
vs. ~3800 ms per image in single-threaded eager mode),
making it the preferred edge architecture when latency is
the binding constraint.

4.5 Grad-CAM visualization

Figure 2 compares teacher attention. On HAMI10000,
ConvNeXt produces sharp, localized heatmaps over lesion
boundaries and internal texture, whereas RETFound’s maps
are markedly more diffuse. On APTOS-2019 both teach-
ers highlight vascular and exudate regions for DR-positive
samples and attend broadly for DRO. The diffuseness of the
RETFound maps is partly an artefact of applying gradient-
based attribution to a Vision Transformer, whose global
self-attention spreads gradients across patches; the com-
parison is therefore qualitative and illustrative rather than
a quantitative measure of where each model “looks”. With
that caveat, both teachers base their predictions on clini-
cally meaningful regions.

5 Discussion

A stronger, cheaper teacher wins. The central finding
is that ConvNeXt-Base, with 3.4x fewer parameters and
no domain-specific pretraining, distils into stronger stu-
dents than RETFound on balanced accuracy across both
datasets and both students. The most economical expla-
nation is also visible in Table 1: ConvNeXt is simply the
better fine-tuned teacher. We regard this not as a con-
found to be explained away but as the practical message —
a teachers fine-tuned quality predicts student quality more
reliably than its domain-specific pretraining. Two observa-
tions support that the effect is not merely teacher accuracy.
First, on APTOS-2019 the teacher balanced-accuracy gap
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Table 1: Teacher model performance after fine-tuning (mean =+ std, 3 seeds).  is cohen’s xk (HAM10000) and quadratic-
weighted  (aptos-2019). Best per dataset in bold.

Dataset Teacher Acc. BAcec. F1 K AUC

HAM10000 ConvNeXt-Base 902+.023  .890+.016 .867+.033 .816+.041 .988+.004
RETFound (ViT-L)  .8474+.012  .802+.017 .786+.016 .713£.016  .969+.003

APTOS-2019 ConvNeXt-Base 811+.007  .692+.011 .670+.010 .897+.006 .945+.002
RETFound (ViT-L)  .7854.021  .645+.049  .634+.031  .895+.009 .931+.001

Table 2: Student performance by teacher type at the best (7, ) per configuration (mean =+ std, 3 seeds). “No KD” is
standard cross-entropy training. & is cohen’s k (HAM10000) and quadratic-weighted « (aptos-2019). Best per student—
dataset block in bold (balanced accuracy as primary criterion).

Dataset Student Method Acc. BAcc. F1 K AUC
No KD .866+.008 .7784.025 .7864.015 .7424.016 .974+.004
MobileNetV3-Small ConvNeXt-KD .863+.016 .826+.018 .801+.024 .740+.031 .972+.005
HAMI10000 RETFound-KD .8344.008 .763+.047 .7574+.029 .679£.030 .968+.003
No KD .876+.007 .8214.005 .8204.010 .760+.011 .979+.002
EfficientNet-Lite0 ConvNeXt-KD  .881+.011 .843+.006 .838+.022 .774+.018 .982+4.001
RETFound-KD .857+.005 .811+£.019 .8034.005 .7284.004 .9764-.002
No KD 7304.040  .5994.010 .5754.025 .840+.020 .906+.008
MobileNetV3-Small ConvNeXt-KD .759+4.042 .635+.022 .607+.042 .862+.024 .924+.012
APTOS-2019 RETFound-KD .763+.041 .622+.041 .604+.050 .8554.032 .9214.011
No KD .748+.018 .5994.008 .5844-.020 .848+.008 .906+.006
EfficientNet-Lite0 ConvNeXt-KD .770+.015 .665+.027 .627+.021 .875+.008 .936+4-.003
RETFound-KD .768+.006 .617£.006 .603£.012 .8524.015 .9184.005

HAM10000 (bkl) HAM10000 (mel) APTOS-2019 (DR1)

o . . .
- m .

Low I NN High activation

APTOS-2019 (DRO)

Figure 2: Grad-CAM comparison of RETFound (top row) and ConvNeXt-base (bottom row) on representative test sam-
ples: HAM10000 (bkl, mel) and aptos-2019 (DR 1, DR0). Warmer colours indicate higher activation. ConvNeXt yields
sharper, more localized maps; retfound’s ViT-based maps are more diffuse.

(4.7 points) is smaller than the resulting EfficientNet stu-
dent gap (4.8 points) yet the ordering is preserved; second,
RETFound-KD can fall below the no-KD baseline, which a
uniformly “weaker but still useful” teacher would not cause.
Beyond accuracy, ConvNeXt’s convolutional inductive bi-
ases may yield smoother, better-calibrated soft labels than

RETFound’s patch-based attention, and RETFound’s MAE
pretraining — optimized for reconstruction, not discrimina-
tion — may not produce logits that distil well through soft-
label matching alone.

Hyperparameter sensitivity differs by teacher.
ConvNeXt-KD is robust across a broad range (on



72 Informatica 50 (2026) 67-74

Table 3: ConvNeXt—MobileNetV3 grid search on
HAM10000 (seed 42, representative rows). Best values in
bold.

T « Acc. BAcec. K AUC
1 0.1 0.871 0821 0.750 0.980
2 0.7 0.869 0810 0.743 0.980
4 0.1 0.881 0.835 0.772 00977
8 05 0879 0811 0.763 0.978
8 07 0857 0.856 0.727 0.982
16 0.3 0.823 0.754 0.652 0.954
20 0.1 0.887 0.830 0.783 0.978
20 03 0.887 0.846 0.782 0.980

Table 4: ConvNeXt—MobileNetV3 ablation on aptos-
2019 (seed 42, best per 7). Best values in bold.

T « Acce. BAcc. K AUC
1 0.7 0.804 0600 0.847 0.921
2 07 0793 0.617 0875 0.935
4 07 0763 0.609 0.855 0.923
8 03 0.796 0.632 0.894 0.933
16 0.5 0.771 0587 0.867 0.920
20 0.5 0.785 0.645 0.890 0.927
20 0.7 0.801 0.627 0.890 0.930

HAMI10000, any 7 > 2 with @ > 0.5 beats no-KD),
whereas RETFound-KD has a narrow effective range,
needing 7 > 4 with moderate o =~ 0.3. RETFound’s ViT
logits appear over-confident at low temperature, requiring
stronger softening to expose useful inter-class structure.
Practitioners distilling from a ViT-based foundation model
should therefore start at 7 > 4.

Edge feasibility. INT8 dynamic quantization pre-
serves accuracy within £0.3% for all students, consis-
tent with post-training quantization being safe for medi-
cal image classifiers when degradation stays below 1% [9].
ConvNeXt-distilled MobileNetV3-Small, after INT8 quan-
tization, is a 4.2 MB model with HAM10000 accuracy
0.855 and APTOS-2019 accuracy 0.804 — comfortably
within the storage and latency budgets of mobile applica-
tions. At ~650 ms per image on a single CPU thread it pro-
cesses roughly 1.5 images/s without a GPU, sufficient for
point-of-care screening; we note these are eager-mode fig-
ures and that a compiled or NPU-accelerated runtime would
reduce them substantially.

Limitations. Several constraints bound our conclusions.
(i) We study two datasets and two modalities; chest ra-
diography and pathology would strengthen generalization,
and our claims about “medical foundation models” rest on
a single model (RETFound) — others (UNI [5], Biomed-
CLIP [30]) may behave differently. (ii) We use only logit-
based KD; feature-based methods [22, 29] that transfer in-
termediate representations may better exploita ViT’s patch-
level features and could change the ranking — the most im-
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portant direction for future work. (iii) With three seeds,
statistical power is limited; we mitigate this by anchor-
ing claims on balanced accuracy and on the consistent
direction across four independent settings rather than on
any single cell, but formal significance testing with more
seeds is warranted. (iv) The grid search is asymmetric
(30 vs. 9 configurations on HAM10000), which may un-
derstate RETFound’s optimum, although the margin argu-
ment in the Methods bounds this risk. (v) Quantization
uses dynamic INT8 on CPU; static quantization with cal-
ibration on dedicated edge hardware (Jetson, smartphone
NPUs) would give more realistic benchmarks. (vi) RET-
Found is pretrained on retinal images, so HAM10000 is
an out-of-domain test by design; this isolates cross-domain
transfer but limits in-domain conclusions. (vii) Our Grad-
CAM analysis is qualitative and limited to teachers; quan-
titative teacher—student attention-agreement metrics would
strengthen claims about attention transfer.

6 Conclusion

We presented a systematic comparison of a medical vi-
sion foundation model (RETFound, ViT-Large, 307M)
against a general-purpose pretrained model (ConvNeXt-
Base, 89M) as knowledge-distillation teachers for edge de-
ployment of medical image classifiers. Across HAM10000
and APTOS-2019 with two lightweight students and
three seeds, ConvNeXt-Base distils into stronger students
on balanced accuracy in all four settings, despite 3.4x
fewer parameters and no domain-specific pretraining; on
HAM10000 it improves MobileNetV3 balanced accuracy
by 6.3 points over RETFound-KD (0.826 vs. 0.763), and
RETFound-KD can even fall below the no-distillation base-
line. The two teacher types differ in hyperparameter sen-
sitivity — ConvNeXt robust, RETFound needing 7 > 4 —
and INT8 quantization compresses MobileNetV3-Small to
4.2 MB within 40.3% accuracy, making it a practical point-
of-care solution. These findings indicate that a teacher’s
fine-tuned quality, not domain-specific pretraining, is the
better predictor of distillation success, and that modern
CNNs with strong ImageNet initialization remain competi-
tive — often preferable — KD teachers for medical imaging.
Future work should extend the comparison to feature-based
distillation, additional modalities and foundation models,
and hardware-specific edge benchmarks.
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Table 5: RETFound—MobileNetV3 ablation (seed 42). Best per dataset in bold.

Dataset T lo Acc. BAcc. K AUC
2 0.5 0818 0.778 0.794 0.962
HAM10000 4 03 0.831 0.808 0.831 0.973
8 03 0836 0806 0.811 0.970
4 05 0.809 0647 0.892 0.923
APTOS-2019 8 0.5 0.768 0.607 0.881 0913

Table 6: INT8 dynamic quantization on the best ConvNeXt-KD checkpoint (seed 42). FP32 latency is measured on GPU

and INTS latency on CPU, reflecting the target edge scenario.

Dataset Student FP32 Acc. INT8 Ace. AAcc. Size (MB) CPU (ms)
MobileNetV3-Small 0.854 0.855 +0.001  5.9—4.2 688

HAM10000 EfficientNet-LiteO 0.889 0.890 +0.001 13.2—13.1 3602
MobileNetV3-Small 0.807 0.804 —0.003 59—42 642

APTOS-2019 EfficientNet-Lite0 0.766 0.763 —0.003 13.1—13.1 3960

weights at https://github. com/rmaphoh/RETFound_

MAE.
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