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Abstract

Reliable deployment of deep learning classifiers for retinal disease screening requires

accurate in-distribution classification, effective out-of-distribution (OOD) detection, and

well-calibrated predictions under distribution shift. This study investigates the open-world

reliability of the EyeCLIP foundation model and evaluates whether calibration-oriented

fine-tuning improves performance under external-domain shift. A three-class fundus classi-

fication task comprising diabetic retinopathy, glaucoma, and normal images was constructed

using APTOS2019, G1020, and ORIGA, with ORIGA held out entirely for external eval-

uation. Standard balanced fine-tuning was compared with calibration-oriented fine-tuning

and a frozen-feature linear probe. Five OOD scoring methods were evaluated alongside

post-hoc temperature scaling and accept–reject analysis. Performance was assessed using

classification, OOD detection, and calibration metrics. Standard balanced fine-tuning out-

performed calibration-oriented fine-tuning in in-distribution accuracy (0.928 vs. 0.781),

k-nearest-neighbor OOD detection (AUROC 0.938 vs. 0.878), and post-hoc OOD calibra-

tion (ECE 0.081 vs. 0.450). The calibration-oriented model misclassified 69% of normal

ORIGA images as glaucoma. At 25% overall rejection, standard balanced fine-tuning

rejected 50.9% of OOD samples while falsely rejecting 1.6% of in-distribution samples.

Standard balanced fine-tuning combined with post-hoc calibration and feature-space k-

nearest-neighbor abstention provides a simple and effective strategy for improving the

reliability of open-world retinal screening.

Keywords: retinal disease classification; retinal foundation models; out-of-distribution detec-

tion; model calibration; open-world retinal screening; uncertainty estimation.
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1 Introduction

Diabetic retinopathy (DR) and glaucoma are among the leading causes of irreversible vision

loss worldwide, making early diagnosis essential for preventing avoidable blindness. The global

prevalence of diabetic retinopathy alone is estimated to exceed 100 million individuals and is

projected to increase substantially over the coming decades [1]. Color fundus photography

has therefore become the primary imaging modality for large-scale retinal screening because

it provides a rapid, non-invasive assessment of retinal abnormalities. Recent advances in deep

learning have enabled automated retinal screening systems that achieve expert-level diagnostic

performance under controlled clinical conditions, with systems such as IDx-DR demonstrating

the clinical potential of artificial intelligence (AI) for ophthalmic screening [2]. Despite these

advances, reliable deployment in routine clinical practice remains a significant challenge.

The primary obstacle to clinical deployment is distribution shift. Fundus images acquired

in different hospitals frequently differ because of variations in imaging devices, acquisition

protocols, illumination conditions, patient demographics, disease prevalence, and image quality

[3]. Consequently, images encountered during deployment often differ from those observed

during model training. Although deep learning models may maintain high confidence under

these conditions, such confidence does not necessarily indicate reliable predictions. In safety-

critical applications such as retinal screening, confidently misclassifying unfamiliar images may

delay specialist referral and adversely affect patient care. Therefore, trustworthy deployment

requires models that not only achieve high classification accuracy but also recognize previously

unseen data and abstain from unreliable predictions. This capability, commonly referred to as

out-of-distribution (OOD) detection or open-world recognition, is increasingly regarded as an

essential requirement for safe clinical AI systems [4].

Foundation models have recently emerged as powerful pretrained visual encoders for reti-

nal image analysis. Models such as EyeCLIP [5], which adapts the CLIP vision-language

framework [6] to ophthalmology, and RETFound [7], which learns retinal representations

through self-supervised pretraining, have demonstrated strong transferability across a wide

range of downstream ophthalmic tasks. Existing studies have primarily focused on improv-

ing in-distribution classification performance through fine-tuning of these pretrained models.

However, considerably less attention has been devoted to understanding their reliability under

realistic deployment scenarios involving distribution shift.

To improve prediction confidence and mitigate class imbalance, many fine-tuning pipelines

incorporate calibration-oriented training strategies such as label smoothing, cosine-similarity

classifier heads, class-reweighted losses, and weighted sampling [8–10]. These techniques are

widely adopted because they often improve calibration and minority-class recognition under

conventional supervised learning settings. Nevertheless, whether these strategies also improve

the open-world reliability of retinal foundation models remains largely unknown. Moreover,

their interaction with post-hoc calibration and modern OOD detection methods has not been
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systematically investigated under clinically relevant deployment conditions. As a result, it

remains unclear whether improved in-distribution calibration necessarily translates into safer

and more reliable deployment under distribution shift.

To address this question, we conduct a controlled open-world retinal disease classification

study using the EyeCLIP foundation model. A three-class classification task comprising diabetic

retinopathy, glaucoma, and normal retinal images is constructed using the APTOS2019, G1020,

and ORIGA datasets [11–13]. To simulate realistic deployment, the ORIGA dataset is excluded

entirely during training and reserved exclusively for open-world evaluation. We compare a

conventional balanced fine-tuning strategy with a calibration-oriented alternative and evaluate

their performance using multiple OOD detection methods, calibration metrics, and deployment-

oriented accept–reject analysis. Contrary to our initial expectation that calibration-oriented

training improves deployment robustness, our results show that the simpler balanced fine-

tuning strategy consistently provides superior classification performance, more reliable OOD

detection, and improved probability calibration under distribution shift.

The main contributions of this work are summarized as follows:

• Systematically investigate the influence of calibration-oriented fine-tuning on the open-

world reliability of retinal foundation models under realistic distribution shifts.

• Demonstrate that a conventional balanced fine-tuning strategy consistently outperforms a

calibration-oriented alternative across classification performance, probability calibration,

OOD detection, and deployment-oriented accept–reject analysis.

• We compare five representative OOD detection methods and show that feature-space

k-nearest-neighbor scoring consistently provides the most reliable identification of previ-

ously unseen retinal images.

• Provide practical evidence supporting a deployment strategy that combines balanced

fine-tuning, post-hoc temperature scaling, and feature-space OOD detection for reliable

open-world retinal screening.

2 Related Work

This section reviews four lines of work relevant to open-world retinal screening: ophthalmic

foundation models, out-of-distribution detection, calibration methods, and class-imbalanced

classification. Table 1 summarizes how each line of work has been evaluated and what gaps

remain for safe clinical deployment.
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2.1 Retinal and Ophthalmic Foundation Models

Foundation models pretrained on large-scale retinal data have become the dominant paradigm

for fundus image analysis. RETFound [7] introduced self-supervised masked image modeling

on over 1.6 million retinal images and demonstrated strong transfer across diabetic retinopathy,

glaucoma, and systemic disease prediction tasks. EyeCLIP [5] adapted the CLIP vision-

language framework [6] to ophthalmology by aligning paired fundus images and clinical text,

yielding a visual encoder that supports both linear probing and full fine-tuning on downstream

tasks. More recent ophthalmic foundation models, including FLAIR [14] and VisionFM [15],

extend this paradigm with broader pretraining corpora and multi-task heads. Despite their

strong in-distribution performance, evaluations of these models have focused predominantly on

closed-set classification accuracy. Their behavior under dataset shift, the interaction between

fine-tuning choices and downstream uncertainty estimation, and the integration of abstention

mechanisms into deployment pipelines remain largely unexplored. This study addresses these

gaps by evaluating EyeCLIP fine-tuning strategies through the combined lens of classification

accuracy, OOD detection, calibration, and accept-reject deployment behavior.

2.2 Out-of-Distribution Detection

OOD detection methods are commonly grouped by the representation on which they operate.

Output-space methods score uncertainty from the classifier’s softmax or logit outputs. The

Maximum Softmax Probability (MSP) [16] is the canonical baseline, flagging low-confidence

predictions as potentially out-of-distribution. ODIN [17] improves MSP through input per-

turbation and temperature scaling, while energy-based scoring [18] exploits logit magnitudes

through the negative log-sum-exp, providing a theoretically motivated alternative to MSP. Sub-

sequent refinements such as GradNorm [19], ReAct [20], ASH [21], and ViM [22] manipulate

logits or feature activations to sharpen the separation between ID and OOD inputs. A common

assumption underlying output-space scores is that the logit dynamic range carries discrimina-

tive information; this assumption interacts strongly with classifier head design. Feature-space

methods instead score test samples based on their geometric position relative to the training

feature distribution. The Mahalanobis distance with tied covariance [23] models each class as

a Gaussian in penultimate-layer feature space and scores OOD inputs by their distance to the

nearest class mean. The k-nearest-neighbor (k-NN) approach [24] avoids parametric assump-

tions by computing the distance to the k-th nearest training feature in the embedding space.

Feature-space methods are often reported to outperform output-space scores on near-OOD

problems, where ID and OOD samples share the same broad visual domain [24]. However,

the geometric assumptions underlying these methods, particularly the Gaussianity assumption

of Mahalanobis and the choice of distance metric for L2-normalized features, are not always

satisfied by foundation-model representations. OOD detection in medical imaging has received

growing attention, with applications spanning chest radiography, histopathology, and derma-
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tology [25–27]. However, controlled comparisons of OOD scoring methods within retinal

screening pipelines, particularly under the architectural and loss configurations introduced by

foundation model fine-tuning, remain scarce. To our knowledge, no prior work has systemati-

cally compared output-space and feature-space OOD scores across multiple fine-tuning recipes

on a retinal foundation model.

2.3 Probability Calibration and Label Smoothing

Modern neural networks are known to produce overconfident predictions, a phenomenon first

documented systematically by Guo et al. [28]. Remedies fall into two broad categories. Post-

hoc calibration methods adjust predictions without retraining, with temperature scaling [28]

remaining the strongest single-parameter baseline, and more expressive variants such as Dirich-

let calibration [29] offering finer control at the cost of additional fit parameters. Training-time

calibration methods modify the loss or training procedure to encourage well-calibrated outputs

directly. Label smoothing [30] replaces challenging one-hot targets with a softened distribution,

discouraging the model from producing arbitrarily large logits. Focal loss [31] downweights

easy examples and has been argued to improve calibration as a side effect. Mixup and related

augmentation strategies [32, 33] have similarly been reported to improve calibration through

implicit regularization. A growing body of work documents that calibration behavior under

distribution shift differs qualitatively from in-distribution calibration. Ovadia et al. [34] showed

that post-hoc methods calibrated on validation data often fail to generalize to shifted test dis-

tributions. Subsequent studies have shown that training-time interventions, while improving

ID calibration, can induce structurally biased predictions on OOD inputs that resist post-hoc

correction [35, 36]. The implications of these findings for medical deployment pipelines,

where calibration-aware techniques are routinely adopted without OOD evaluation, have not

been systematically examined. Our study evaluates this interaction directly by comparing a

calibration-aware fine-tuning recipe against a minimal baseline under a controlled domain shift.

2.4 Class-Imbalanced Classification and Cosine Similarity Heads

Class imbalance is a defining characteristic of medical imaging datasets, where pathological

classes are typically underrepresented relative to healthy controls. Standard remedies include

inverse-frequency class reweighting, square-root or effective-number reweighting [37], weighted

sampling [38], and synthetic minority oversampling. Cosine similarity classifier heads [9, 10]

were originally developed for face recognition and metric learning, where they enforce a unit-

norm constraint on both features and class prototypes. By decoupling class assignment from

weight-vector magnitude, cosine heads have been proposed as an architectural remedy for class

imbalance: majority classes cannot dominate through magnitude growth alone. They are also

widely adopted in few-shot classification [39] and have appeared in medical imaging contexts
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Table 1: Summary of related work and remaining gaps addressed in this study.

Study / Method Main focus Evaluation setting Remaining gap addressed

here

EyeCLIP [5] Retinal vision-

language founda-

tion model

Downstream retinal

classification and

transfer learning

Not evaluated for OOD

detection, calibration un-

der shift, or accept-reject

deployment

RETFound [7] Self-supervised

retinal foundation

model

Multiple retinal

downstream tasks

Focused on task accuracy

rather than abstention or

OOD behavior

MSP / ODIN /

Energy [16–18]

Output-space

OOD detection

General image clas-

sification

Sensitive to logit scale and

classifier-head design; in-

teraction with foundation

model fine-tuning not es-

tablished

Mahalanobis / k-

NN [23, 24]

Feature-space

OOD detection

General image clas-

sification

Geometric assumptions

under L2-normalized

foundation features not

validated for retinal

screening

Temperature

scaling [28]

Post-hoc calibra-

tion

Mainly ID calibra-

tion

OOD calibration under

retinal dataset shift re-

mains underexplored

Label smoothing

/ focal loss [30,

31]

Training-time cali-

bration

ID calibration on

general datasets

Interaction with OOD cal-

ibration and post-hoc cor-

rection not documented

Cosine classifier

heads [9, 10]

Feature normaliza-

tion and class sep-

aration

Face recognition,

metric learning,

few-shot classifica-

tion

Logit-magnitude OOD

scores (energy, max-logit)

may be incompatible; not

tested in medical context

Present study Joint evaluation of

calibration-aware

fine-tuning

Open-world retinal

screening

Integrates classification,

calibration, OOD detec-

tion, and deployment-

oriented evaluation

for similar reasons. However, cosine similarity heads impose strong constraints on the logit

dynamic range, since the learnable scale parameter bounds logits. This constraint has been

studied in the context of representation learning. Still, its downstream consequences for OOD

scoring methods that rely on logit magnitudes (energy, max-logit) have not been systematically

documented. Similarly, the interaction between label smoothing, cosine normalization, and

feature-space OOD scoring is not directly established in the medical imaging literature. Our

study contributes a quantitative characterization of these interactions on a retinal screening task

and identifies a concrete failure mode of cosine heads for logit-based OOD detection.
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2.5 Summary and Position of This Study

Across these four lines of work, three recurring patterns emerge. First, foundation model

evaluations have focused on closed-set accuracy rather than open-world behavior. Second,

OOD detection methods have been benchmarked predominantly on general-domain datasets,

with limited examination of how architectural and loss choices specific to medical imaging affect

their reliability. Third, calibration-aware training and class-imbalance handling are routinely

adopted as defaults in medical imaging without testing whether they transfer to deployment

under distribution shift. Table 1 summarizes these observations and positions the present study

with respect to each line of work. Our contribution is a controlled evaluation that connects fine-

tuning design choices to four deployment-relevant axes simultaneously: classification accuracy,

OOD detection, calibration under shift, and accept-reject behavior.

3 Results

We evaluate the three models from four complementary perspectives: (i) in-distribution (ID)

classification performance, (ii) out-of-distribution (OOD) detection on the held-out ORIGA

dataset, (iii) probability calibration under distribution shift, and (iv) deployment-oriented

accept–reject performance. Finally, qualitative case studies illustrate representative model

behavior in clinically relevant scenarios. Unless otherwise stated, all results are reported on the

predefined test set (n = 1,353), comprising 703 ID samples from APTOS2019 and G1020 and

650 OOD samples from ORIGA, using the best-validation checkpoint of each model.

3.1 In-distribution classification

We first evaluated closed-set classification performance on the in-distribution (ID) portion of

the test set (Table 2, Figure 1a).

Both fine-tuned models substantially outperformed the frozen-feature linear probe, demon-

strating the benefit of task-specific adaptation. Among the evaluated models, the standard

balanced fine-tuning model achieved the highest overall performance, recording an accuracy

of 0.928, a balanced accuracy of 0.923, and a macro-F1 score of 0.920. In comparison, the

calibration-oriented fine-tuning model achieved an accuracy of 0.781, a balanced accuracy of

0.842, and a macro-F1 score of 0.708, while the frozen-feature linear probe obtained 0.511,

0.605, and 0.462, respectively.

The per-dataset analysis (Table 3) provides additional insight into model generalization

across different data sources. The calibration-oriented fine-tuning model achieved the highest

macro-F1 score on APTOS2019 (0.921 versus 0.891). In contrast, the standard balanced fine-

tuning model performed better on G1020 (0.380 versus 0.230) and showed a substantially larger

advantage on the held-out ORIGA dataset (0.850 versus 0.237). These findings indicate that the
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Figure 1: Classification performance across the evaluated models. (a) Overall performance

on the in-distribution test set (APTOS2019 + G1020). (b) Per-dataset macro-F1 scores on

APTOS2019, G1020, and the held-out ORIGA dataset.

Table 2: In-distribution classification performance on the test set.

Model Accuracy Balanced accuracy Macro F1

Linear probe 0.511 0.605 0.462

Standard balanced fine-tuning (v4) 0.928 0.923 0.920

Calibration-oriented fine-tuning (v5) 0.781 0.842 0.708

performance gain of the calibration-oriented configuration was largely confined to APTOS2019,

whereas the standard balanced fine-tuning model generalized more consistently across datasets.

3.2 Out-of-Distribution Detection

We next evaluated each model’s ability to distinguish in-distribution (ID) samples from the

held-out ORIGA dataset using the five OOD scoring methods. Table 4 summarizes the AUROC

obtained for every model–score combination, while Figure 2 provides a visual comparison of

the corresponding results.

Across all three models, feature-space k-nearest-neighbor (k-NN) consistently achieved the

highest AUROC. The k-NN score reached 0.876 for the frozen-feature linear probe, 0.938 for

the standard balanced fine-tuning model (v4), and 0.878 for the calibration-oriented fine-tuning

model (v5). For the standard balanced fine-tuning model, k-NN also outperformed Mahalanobis

(0.916), max-logit (0.898), energy (0.890), and maximum softmax probability (MSP, 0.814),

representing the highest AUROC among all evaluated model–score combinations.

Performance differences were more pronounced for logit-based OOD scores. The calibration-
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Table 3: Per-dataset macro-F1 scores on the test split.

Dataset n Linear

probe

Standard balanced

fine-tuning (v4)

Calibration-oriented

fine-tuning (v5)

APTOS2019 (DR vs.

normal)

550 0.569 0.891 0.921

G1020 (glaucoma vs.

normal)

153 0.309 0.380 0.230

ORIGA (glaucoma vs.

normal)

650 0.477 0.850 0.237

Figure 2: Comparison of OOD detection performance across models and scoring methods.

The heatmap reports AUROC values for distinguishing the held-out ORIGA dataset from the

in-distribution datasets (APTOS2019 and G1020). The accompanying panel summarizes the

best-performing OOD score for each model.

oriented fine-tuning model achieved AUROC values of 0.615 for max-logit scoring and 0.539 for

energy scoring, whereas the corresponding scores for the standard balanced fine-tuning model

were 0.898 and 0.890, respectively. In contrast, feature-based methods remained competitive

for both fine-tuned models, with Mahalanobis scoring achieving AUROC values of 0.916 and

0.813 for the standard balanced and calibration-oriented fine-tuning models, respectively.

The frozen-feature linear probe achieved a k-NN AUROC of 0.876, which was nearly

identical to that of the calibration-oriented fine-tuning model (0.878). By comparison, the

standard balanced fine-tuning model improved the k-NN AUROC to 0.938, corresponding to

an increase of approximately six percentage points over the frozen-feature baseline. Based on

these results, k-NN was used as the OOD scoring method in the subsequent calibration and

deployment analyses.
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Table 4: OOD detection performance (AUROC) across models and scoring methods.

Score Linear

probe

Standard balanced

fine-tuning (v4)

Calibration-oriented

fine-tuning (v5)

k-NN (: = 10) 0.876 0.938 0.878

MSP 0.725 0.814 0.840

Mahalanobis (tied

covariance)

0.616 0.916 0.813

Max-logit 0.725 0.898 0.615

Energy () = 1) 0.519 0.890 0.539

Figure 3: Calibration performance before and after post-hoc temperature scaling. Reliability

diagrams are shown separately for the ID and OOD subsets, illustrating the effect of temperature

scaling on the evaluated models.

3.3 Calibration Under Distribution Shift

We evaluated probability calibration separately for the in-distribution (ID) and out-of-distribution

(OOD) subsets of the test set. The results before and after post-hoc temperature scaling are

summarized in Table 5 and illustrated in Figure 3.

Separately evaluating ID and OOD calibration provides a more informative assessment

than a single aggregate metric, as calibration quality may differ substantially between the two

evaluation regimes.

Before temperature scaling, all three models exhibited similar calibration on the ID subset,

with expected calibration error (ECE) values ranging from 0.137 to 0.144. In contrast, larger

differences were observed on the OOD subset. The standard balanced fine-tuning model and the

linear probe achieved comparable OOD ECE values (0.215 and 0.226, respectively), whereas

the calibration-oriented fine-tuning model produced a substantially higher OOD ECE of 0.423.

Post-hoc temperature scaling affected the models differently. The fitted temperature was
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Table 5: Calibration performance before and after post-hoc temperature scaling.

Model Fitted ) ECE (ID) ECE (OOD) Brier

(ID)

Brier

(OOD)

Linear probe 1.01 0.137 → 0.136 0.226 → 0.225 0.597 0.647

Standard balanced fine-tuning

(v4)

2.05 0.143 → 0.124 0.215 → 0.081 0.374 0.648

Calibration-oriented

fine-tuning (v5)

0.89 0.144 → 0.110 0.423 → 0.450 0.307 0.877

1.01 for the linear probe, 2.05 for the standard balanced fine-tuning model, and 0.89 for the

calibration-oriented fine-tuning model. Applying temperature scaling reduced the OOD ECE

of the standard balanced fine-tuning model from 0.215 to 0.081, while the calibration-oriented

fine-tuning model showed a slight increase from 0.423 to 0.450. The linear probe exhibited

negligible changes following calibration.

The Brier scores showed a similar trend. The calibration-oriented fine-tuning model

achieved the lowest ID Brier score (0.307), indicating the best probability estimates on ID

samples, but produced the highest OOD Brier score (0.877). In comparison, the standard bal-

anced fine-tuning model and the linear probe yielded substantially lower OOD Brier scores of

0.648 and 0.647, respectively. These results demonstrate that calibration performance differed

considerably between the ID and OOD evaluation regimes.

3.4 Accept–Reject Tradeoff

We evaluated deployment performance using the threshold-based accept–reject strategy. The

k-NN OOD score, identified as the best-performing OOD detector, was used as the abstention

signal. Samples with scores exceeding a threshold g were rejected and referred for clinical

review. Figure 4 presents the corresponding operating curves.

At the 25% rejection operating point, the standard balanced fine-tuning model (v4) achieved

the best overall trade-off. It correctly rejected 50.9% of OOD samples while falsely rejecting

only 1.6% of ID samples. Under the same operating point, the calibration-oriented fine-tuning

model (v5) rejected fewer OOD samples (47.7%) and exhibited a higher ID false-rejection rate

(4.6%).

Across all evaluated rejection thresholds, the standard balanced fine-tuning model consis-

tently achieved higher OOD catch rates while maintaining lower ID false-rejection rates than

the calibration-oriented model. The accepted-ID accuracy of the standard balanced model

remained stable across operating points (0.775–0.780), whereas the calibration-oriented model

showed only a modest increase (0.781–0.798) as more samples were rejected.

Figure 5 further illustrates the classification performance across the full, ID, and OOD test

sets. The standard balanced fine-tuning model exhibits more concentrated diagonal entries
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Figure 4: Accept–reject performance using the k-NN OOD score. Curves illustrate the rela-

tionship between rejection rate, accepted ID accuracy, OOD catch rate, and ID false-rejection

rate for the evaluated models.

than the other models, indicating more reliable classification across both evaluation regimes.

In contrast, the calibration-oriented model shows substantial confusion between normal and

glaucoma cases on the OOD subset, misclassifying 334 of 482 normal ORIGA images (69%)

as glaucoma.

3.5 Qualitative Per-Sample Behavior

To complement the quantitative evaluation, Figure 6 presents twelve representative test images

together with the predicted class, post-temperature-scaling confidence, k-NN OOD score, and

accept–reject decision for each model at the 25% rejection threshold. The examples illustrate

three representative scenarios: (i) in-distribution samples correctly classified by all models,

(ii) OOD normal cases where the calibration-oriented model fails while the standard balanced

model succeeds, and (iii) challenging OOD glaucoma cases.

Row 1 contains representative ID samples from APTOS2019 and G1020. All three mod-

els correctly classify these images, although the fine-tuned models generally assign higher

confidence than the frozen-feature linear probe.

Row 2 presents representative normal ORIGA images. The standard balanced fine-tuning

model correctly classifies all four samples, whereas the calibration-oriented model consistently

predicts glaucoma with high confidence. Two of these samples are rejected by the k-NN

abstention mechanism, while the remaining two are accepted despite incorrect predictions.

This behavior is consistent with the reduced OOD robustness of the calibration-oriented model

observed in the quantitative analyses.

Row 3 illustrates representative glaucoma cases from the ORIGA dataset. The standard
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Figure 5: Confusion matrices for the linear probe, standard balanced fine-tuning model (v4),

and calibration-oriented fine-tuning model (v5) on the full test set, the ID subset, and the OOD

subset.

balanced fine-tuning model correctly identifies three of the four samples, whereas both fine-

tuned models fail on the most challenging example. This case demonstrates that, although the

proposed deployment strategy substantially improves robustness under external-domain shift,

difficult OOD samples remain.

Overall, the qualitative examples closely reflect the quantitative results. The standard

balanced fine-tuning model provides more reliable predictions under external-domain shift while

maintaining effective OOD rejection, although no model completely eliminates challenging

OOD failures.

4 Discussion

This study investigated whether a calibration-oriented fine-tuning strategy improves the ro-

bustness of a retinal foundation model under external-domain shift. Contrary to our initial

expectation, the standard balanced fine-tuning model consistently outperformed the calibration-

oriented model across nearly all deployment-oriented evaluations, including out-of-distribution

(OOD) detection, calibration under distribution shift, and accept–reject performance. The

standard balanced model achieved higher OOD detection performance (AUROC 0.938 ver-

sus 0.878), substantially lower post-temperature-scaling OOD calibration error (ECE 0.081

versus 0.450), and markedly better generalization on the held-out ORIGA dataset. Although

the calibration-oriented model achieved the lowest in-distribution Brier score, this advantage

did not extend to the external-domain setting, where both its calibration and classification

performance deteriorated considerably. These findings highlight that improvements measured
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Figure 6: Representative test samples illustrating model behavior under different deployment

scenarios. Row 1 shows correctly classified in-distribution cases. Row 2 presents OOD normal

images that are correctly classified by the standard balanced fine-tuning model but misclassified

as glaucoma by the calibration-oriented model. Row 3 shows representative OOD glaucoma

cases, including a challenging example misclassified by both fine-tuned models. Predictions

include the predicted class, calibrated confidence, k-NN OOD score, and accept–reject decision

at the 25% rejection threshold.

on in-distribution data alone may not reliably predict deployment performance in open-world

clinical environments.

One possible explanation for these observations is that the calibration-oriented training

14



strategy produces feature representations that are well suited for in-distribution calibration

but less robust to distribution shift. The combination of cosine-similarity classification, label

smoothing, and class-balancing strategies may encourage compact feature representations that

improve confidence estimates within the training distribution while reducing the separation

between known and unseen samples in feature space. Consistent with this interpretation, the

calibration-oriented model exhibited substantially weaker OOD detection and remained poorly

calibrated after post-hoc temperature scaling, whereas the standard balanced model showed a

large reduction in OOD calibration error following temperature scaling. Although additional

ablation studies are required to isolate the contribution of each training component, the present

results suggest that calibration-oriented optimization does not necessarily improve robustness

under external-domain shift.

A second important finding is the consistently strong performance of feature-space k-nearest-

neighbor (k-NN) OOD detection. Across all evaluated models, k-NN achieved the highest

AUROC and outperformed output-based scoring methods, including maximum softmax prob-

ability, energy, and max-logit scoring. Notably, the frozen EyeCLIP features already provided

competitive OOD detection performance, indicating that pretrained foundation-model represen-

tations capture substantial information for identifying unfamiliar samples. Fine-tuning further

improved this capability for the standard balanced model, whereas the calibration-oriented strat-

egy produced little additional benefit. These observations suggest that, for retinal foundation

models, feature-space information may provide a more reliable basis for OOD detection than

prediction confidence alone.

Our findings are consistent with previous studies demonstrating that uncertainty estimation

methods developed for in-distribution data often degrade under distribution shift. Ovadia

et al. [34] showed that predictive uncertainty frequently becomes unreliable when models are

evaluated on shifted data distributions, while Sun et al. [24] reported the effectiveness of feature-

space k-NN for OOD detection across general computer vision benchmarks. Our results extend

these observations to retinal foundation models and further suggest that classifier architecture

can influence the effectiveness of different OOD scoring methods. In particular, logit-based

OOD scores performed considerably worse for the calibration-oriented model than for the

standard balanced model, whereas feature-space approaches remained consistently effective.

These findings indicate that the choice of OOD scoring method should be considered jointly

with the underlying classifier architecture.

From a deployment perspective, the proposed accept–reject framework provides an addi-

tional safety mechanism for clinical screening by allowing uncertain or unfamiliar cases to be

referred for expert review. At the 25% rejection operating point, the standard balanced model

correctly rejected approximately half of the OOD samples while falsely rejecting only 1.6%

of in-distribution cases, representing a favorable balance between OOD detection and clinical

review burden. The qualitative examples further demonstrated that the standard balanced model

produced more reliable predictions on externally acquired retinal images, although challenging
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OOD cases remained for all evaluated models. These observations suggest that feature-space

OOD detection can improve deployment reliability but should complement, rather than replace,

clinical oversight.

This study has several limitations. First, the calibration-oriented model was evaluated as

a combined training strategy rather than through individual component ablations, preventing

the contribution of each modification from being isolated. Second, ORIGA served as the

only external-domain dataset; evaluating additional datasets acquired under different imaging

conditions and patient populations would strengthen the generalizability of the conclusions.

Third, we report point estimates without confidence intervals or formal statistical significance

testing. Finally, the proposed accept–reject workflow has not been evaluated prospectively in

clinical practice, and its operational value should be confirmed through clinician-in-the-loop

studies.

Future work should systematically evaluate the individual contribution of each calibration-

oriented component through controlled ablation experiments, extend the proposed framework

to multiple external retinal datasets, and compare feature-space OOD detection with recent

training-time approaches such as outlier exposure. Prospective clinical evaluation will also be

important to determine whether improved OOD detection translates into meaningful reductions

in diagnostic errors and clinical workload during real-world retinal screening.

5 Methods

5.1 Datasets and Label Harmonization

We use three publicly available color fundus photography datasets, summarized in Figure 7.

All three are widely used benchmarks in retinal disease classification, and their inclusion

allows the study to span two distinct disease targets (diabetic retinopathy and glaucoma) across

heterogeneous acquisition conditions. APTOS2019 [11] contributes 3,662 color fundus images

originally annotated for a five-class diabetic retinopathy severity task (grades 0–4). For this

study, we collapse the severity grades into a binary scheme: grade 0 as normal and grades 1–4 as

diabetic retinopathy. This harmonization preserves the clinically meaningful distinction between

normal eyes and diabetic retinopathy while aligning the label space with the other two datasets,

neither of which uses graded DR annotations, as summarized in Table 6. G1020 [12] contains

1,020 fundus images annotated for glaucoma versus normal. Labels are used as provided.

G1020 was compiled to improve ethnic and demographic diversity in glaucoma benchmarks

and exhibits greater within-class variability in imaging conditions than older benchmarks.

ORIGA [13] contributes 650 fundus images annotated for glaucoma versus normal, drawn from

the Singapore Malay Eye Study. Labels are used as provided. Compared to G1020, ORIGA

originates from a single population cohort with narrower acquisition variability but differs from

G1020 and APTOS in camera, illumination, and population characteristics.
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Figure 7: Three eye image datasets (APTOS2019, G1020, ORIGA) were combined into one

3-class task: normal, diabetic retinopathy, and glaucoma. APTOS and G1020 were used for

training, validation, and testing, whereas ORIGA was used only as an external test set to check

how the model handled new data. All images were processed in the same way using the CLIP

pipeline: converted to RGB, resized so the shorter side is 224 pixels, center-cropped to 224 X

224, converted to tensors, and normalized with CLIP mean and standard deviation.

Label harmonization across the three sources, Figure 7(B), yields a unified three-class target

space: normal, diabetic retinopathy, glaucoma. Image preprocessing, shown in Figure 7(C)

follows the standard CLIP visual pipeline to remain consistent with the pretrained EyeCLIP

backbone. Each input fundus image is loaded from disk and converted to RGB, resized

so that its shortest side matches 224 pixels, and center-cropped to 224×224, converted to a

normalized tensor, and channel-wise normalized using the CLIP mean [0.4815, 0.4578, 0.4082]

and standard deviation [0.2686, 0.2613, 0.2758]. The preprocessing pipeline is identical across

all three models compared in this study and across all three datasets; therefore, any observed

differences in performance or calibration reflect model design and training rather than input-

processing differences. The three datasets differ substantially in acquisition conditions and

class distribution. Class distributions are heterogeneous: APTOS2019 after binary relabeling

is approximately 49.3% normal and 50.7% diabetic retinopathy, G1020 is 71.0% normal and

29.0% glaucoma, and ORIGA is 74.2% normal and 25.8% glaucoma. When aggregated across

all three datasets, the combined three-class task is imbalanced, with approximately 35% diabetic

retinopathy, 9% glaucoma, and 56% normal samples, a roughly 6:1 normal-to-glaucoma ratio

that motivates the class-weighted training strategies compared in this study.

Table 6 reports the total number of images per dataset, class-wise distribution, and split
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Table 6: Dataset composition and split distribution for retinal classification.

Dataset Total

Images

Normal Diabetic

Retinopathy

Glaucoma Train Validation Test

APTOS2019 3,662 1,805 1,857 0 2,563 549 550

G1020 1,020 724 0 296 714 153 153

ORIGA 650 482 0 168 0 0 650

Total

(combined)

5,332 3,011 1,857 464 3,277 702 1,353

allocation, highlighting both the class imbalance and the separation between in-domain and

out-of-domain evaluation.

5.2 Open-World Split Protocol

We construct an open-world evaluation protocol by partitioning the three datasets across train,

validation, and test with an explicit domain-shift design. APTOS2019 and G1020 are each

randomly partitioned into training, validation, and test subsets at a 70/15/15 ratio, with stratifi-

cation on the harmonized class label to preserve the original class balance within each subset.

Random assignments use a fixed seed (42) to ensure reproducibility. ORIGA is not partitioned:

all 650 ORIGA samples are assigned to the test split exclusively and never appear in the training

or validation sets. The resulting compositions are listed in Table 7. This design establishes

two evaluation regimes within the test split. The in-distribution (ID) regime comprises test

samples drawn from APTOS and G1020 (= = 703). The out-of-distribution (OOD) [24] regime

comprises 650 ORIGA samples. Because no ORIGA sample is observed during training or

validation, performance on ORIGA measures zero-shot transfer to an unseen dataset. Any

systematic difference between ORIGA and the APTOS/G1020 sources in the camera model,

acquisition protocol, patient demographics, image resolution, or labeling convention contributes

to the distribution shift that the model must implicitly detect at test time. This is the sense in

which ORIGA serves as an open-world probe for our evaluation. Two design choices warrant

explanation. First, the split is deliberately unbalanced across datasets: ORIGA contributes to

the test split only, whereas APTOS and G1020 contribute to all three splits. This is not an

artifact of random sampling but a design choice that creates a controlled distribution shift be-

tween the training distribution and a subset of the test distributions. Our protocol intentionally

sacrifices uniformity across sources to create a genuine open-world evaluation regime. Second,

we do not report macro-averaged test metrics across the three datasets. Such averages conflate

in-distribution generalization and zero-shot dataset transfer into a single number that has no

clear operational interpretation. Therefore, all test-set results are reported either per dataset

(APTOS, G1020, ORIGA separately) or per regime (ID vs. OOD). When a single aggregate test

number is required for completeness, it is reported alongside the per-regime breakdown and its
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limited interpretability is highlighted. Because ORIGA is held out entirely, any property that

differs systematically between ORIGA and the other two datasets contributes to our open-world

signal, including properties unrelated to disease presentation, such as the camera model and

illumination. We view this as a faithful reflection of real-world deployment, where models

encounter distribution shifts driven by several simultaneous factors. However, this means that

we cannot isolate the contribution of any single shift factor from this protocol alone; extending

the evaluation to additional held-out datasets with more controlled axes of variation is a planned

extension.

Table 7: Data composition by split and dataset

Split APTOS (DR / normal) G1020 (glauc. / normal) ORIGA (glauc. / normal) Total

Train 1300 / 1263 207 / 507 0 / 0 3277

Val 278 / 271 44 / 109 0 / 0 702

Test 279 / 271 45 / 108 168 / 482 1353

5.3 Backbone

All three models in this study shared a common visual encoder based on the OpenAI CLIP ViT-

B/32 architecture [6], with weights initialized from the published EyeCLIP checkpoint. The

backbone structure is summarized in Figure 8. Only the visual encoder was used; EyeCLIP’s

text encoder was omitted because our task was purely image-to-class classification, and the text

modality played no downstream role. Each input image (224 × 224 × 3 RGB, preprocessed

as described in 5.1) is divided into 49 non-overlapping 32 × 32 patches through a stride

convolutional patch embedding, producing a sequence of 49 patch tokens of dimension 768. A

learned [CLS] token is prepended, giving a 50 × 768 input sequence to the transformer stack,

with further details mentioned in Figure 8 and in the classifier head attached to the backbone

output. This shared backbone design isolates the effects of fine-tuning strategy and classifier

choice on downstream behavior.

5.4 Model v4: Standard Fine-Tuning

Model v4 is a simpler fine-tuning variant designed to reflect the minimum recipe that might be

adopted when applying EyeCLIP to a new classification task. v4 and v5 share the EyeCLIP

ViT-B/32 visual backbone but differ in fine-tuning scope, classifier head architecture, loss

parameterization, augmentation, and sampling strategy. The linear probe is trained on frozen

L2-normalized EyeCLIP features using multinomial logistic regression. Classifier head: A

linear classifier (nn.Linear(512,3)) is appended to the L2-normalized backbone output. The

head produces logits I = , 5 + 1 with , ∈ R
3×512 and 1 ∈ R

3, followed by a softmax to obtain

class probabilities. The head weights are initialized from N(0, 0.012) and the bias is initialized
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Figure 8: Architectural and procedural details of the three compared models. (A) Shared

EyeCLIP ViT-B/32 visual backbone initialized from pretrained EyeCLIP weights. (B) Classifier

head. v4 uses a standard linear layer with weighted cross-entropy, and v5 replaces this with a

cosine similarity head with a learnable temperature. (C) Training objectives. v4 uses inverse-

frequency class weights, and v5 applies square-root-scaled weights and label smoothing. (D)

Out-of-distribution scoring methods evaluated in this study. (E) Post-hoc temperature scaling,

with temperature fitted on the validation set by minimizing negative log-likelihood, followed by

the accept–reject deployment decision.

to zero. Fine-tuning scope: The last four transformer blocks of the visual encoder, together

with the final LayerNorm (ln post) and the 768 → 512 projection matrix, are unfrozen and

updated during training. Further model details are provided in Table 8, which summarizes the

full configurations of the three models compared in this study. All parameter counts are exact,

obtained by summing over model.parameters(). This yields 28.7M trainable parameters out

of 151.3M total backbone-plus-head parameters. The choice to fine-tune the top four blocks

follows standard practice for CLIP-family transfer learning [40], where fine-tuning deep blocks

is sufficient to specialize high-level representations while preserving the low-level features

learned during pretraining.

Training objective: The loss is standard cross-entropy with inverse-frequency class weights,
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implemented via PyTorch’s CrossEntropyLoss(weight=U) as shown in Eq. 1:

!E4 = −
∑

2

U2H2 log(?2) (1)

Here, U2 denotes the class weight computed from the training split class frequencies using

the scikit-learn “balanced” scheme, yielding UDR = 0.84, Uglaucoma = 5.28, and Unormal = 0.62.

No label smoothing is applied (Y = 0.)

Optimization: Training uses AdamW with separate learning rates for the classifier head

(1 × 10−3) and the unfrozen backbone parameters (1 × 10−5), weight decay 1 × 10−4, gradient

clipping at max-norm 1.0, and batch size 32. Training runs for up to 30 epochs with early

stopping on the validation macro-F1 (patience 7). In practice, v4 converged to its best validation

checkpoint at epoch 9, and training was terminated at epoch 16.

5.5 Model v5: Calibration-Aware Fine-Tuning

Model v5 shares v4’s EyeCLIP ViT-B/32 backbone and overall training recipe but introduces

four modifications drawn from the calibration and class-imbalance literature, each independently

associated with improved probability quality or better minority-class handling in prior work.

The intent behind bundling these four modifications rather than evaluating them in isolation

was to test whether the combined “calibration-aware” recipe, as it might be adopted by a

practitioner following standard recommendations from the calibration and class-imbalance

literature, produces better open-world behavior than the simpler v4 baseline.

The first and most architecturally consequential modification was the replacement of v4’s

linear classifier head with a cosine-similarity head incorporating a learnable temperature. In

this head, the L2-normalized 512-dimensional feature vector 5 produced by the backbone

is compared against � = 3 class-prototype vectors F2, also L2-normalized at forward time,

producing logits, as shown in Eq. 2:

I2 = B ·

(

5

∥ 5 ∥

)

·

(

F2

∥F2∥

)

(2)

where B is a learnable scalar parameter defined as B = exp(log scale). The log-scale parame-

ter is initialized at log(10), a commonly used default that places the initial effective temperature

in a numerically stable range and is clamped during training to the interval [log 1, log 100] to

prevent the temperature from drifting to degenerate values. Class-prototype weights are initial-

ized from N(0, 0.012), independently of the log scale. During v5 training, B drifted from its

initial value of 10 to approximately 8.3 at the best-validation checkpoint (epoch 25), indicating

that the learning dynamics converged to a mildly softened softmax compared with the initial

setting. Cosine similarity heads are popular in face recognition and few-shot classification lit-

erature and have been recommended for imbalanced classification because the unit-norm class

prototypes prevent majority classes from dominating through weight-vector magnitude alone.
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Table 8: Model configuration summary for v4 (Standard balanced fine-tuning), v5 (Calibration-

oriented fine-tuning), and linear probe.

Component v4 (Standard balanced

fine-tuning)

v5 (Calibration-oriented

fine-tuning)

Linear probe

Backbone EyeCLIP ViT-B/32 EyeCLIP ViT-B/32 EyeCLIP ViT-B/32

Input resolution 224 × 224 × 3 224 × 224 × 3 224 × 224 × 3

Patch size / stride 32 / 32 32 / 32 32 / 32

Tokens (incl. [CLS]) 50 50 50

Embedding dim 768 768 768

Transformer blocks 12 12 12

Attention heads /

block

12 12 12

MLP hidden dim 3072 3072 3072

Output feature dim 512 (L2-normalized) 512 (L2-normalized) 512

(L2-normalized)

Fine-tuning scope Last 4 blocks + ln post + proj Last 2 blocks + ln post + proj None (frozen)

Trainable params 28,747,779 14,572,033 ∼1,500

Total params 151,278,852 151,278,850 151,278,340

Classifier head Linear (R512 → R
3) Cosine similarity + learned ) Multinomial

LogReg

Head init , ∼ N(0, 0.012), 1 = 0 , ∼ N(0, 0.012), log scale =

log(10)

sklearn default

Learnable temperature No Yes (final ≈ 8.3) n/a

Class weights Balanced (0.84 / 5.28 / 0.62) sqrt-balanced (0.92 / 2.30 /

0.79)

Balanced

Label smoothing (Y) 0 0.1 n/a

Sampler Uniform shuffle WeightedRandomSampler

(inverse-freq)

n/a

Augmentation None HFlip(0.5), Rot(±10◦),

ColorJitter(0.1, 0.1, 0.05)

None

Optimizer AdamW AdamW LBFGS (sklearn

default)

Learning rate (head) 1 × 10−3 1 × 10−3 n/a

Learning rate

(backbone)

1 × 10−5 1 × 10−5 n/a

Weight decay 1 × 10−4 1 × 10−4 L2, � = 1.0

Batch size 32 32 full-batch

Max epochs 30 30 converge

Early stopping patience 7 (val macro-F1) patience 7 (val macro-F1) convergence

Gradient clipping max-norm 1.0 max-norm 1.0 n/a

Best epoch (achieved) 9 25 –

Best val macro-F1 0.690 0.704 0.479
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The second modification was a softer class-weight scheme for the cross-entropy loss.

Whereas v4 uses the full inverse-frequency (balanced) scheme yielding Uglaucoma = 5.28, v5

applies its square-root, as shown in Eq. 3.

U2 =

√

#

� · #2

(3)

where # is the training set size, � = 3 is the number of classes, and #2 is the count in class

2. This yields a softer reweighting: v5’s Uglaucoma = 2.30, compared to v4’s Uglaucoma = 5.28

(full values: UDR = 0.92, Uglaucoma = 2.30, Unormal = 0.79).

The third modification is the weighted random sampler, which shapes the class composition

of each training batch for the model. Whereas v4 draws training batches through uniform random

shuffling (each sample has an equal probability of being drawn in each epoch), v5 uses PyTorch’s

WeightedRandomSampler with per-sample weights equal to the square-root-balanced class

weight of each sample class. Weighted sampling is motivated by the practical observation

that class-weighted cross-entropy alone can still produce noisy minority-class gradients when

minority samples are rare within each batch: with glaucoma at ∼ 6% and a batch size of 32,

many batches in uniform sampling contain zero glaucoma samples, leaving the model with no

glaucoma signal to fit against in those steps.

The fourth modification was label smoothing with Y = 0.1 applied to the cross-entropy loss.

Label smoothing replaces each one-hot target H2 with a soft target (1− Y)H2 + Y/�, yielding the

smoothed loss in Eq. 4:

!E5 = −
∑

2

U2 ·
[

(1 − Y)H2 +
Y

�

]

· log(?2) (4)

Label smoothing is among the most widely adopted training-time calibration techniques, as

reported in the literature, to reduce the over-confidence characteristic of modern deep networks

trained with standard cross-entropy [41]. In the three-class setting with Y = 0.1, smoothing

effectively asks the model to produce probabilities of (0.933, 0.033, 0.033) for the correct class

and its two alternatives rather than the one-hot (1, 0, 0) target.

In addition to these four head-and-loss modifications, v5 applies training-time augmentation

that v4 omits: each training image after the standard CLIP preprocessing described in Section

5.1 is subject to a random horizontal flip with a probability of 0.5, a random rotation uniformly

sampled from [−10◦,+10◦], and mild ColorJitter with brightness ±0.1, contrast ±0.1, and

saturation ±0.05. These augmentations were chosen to be fundus-appropriate: horizontal flips

are valid for fundus images because laterality is not encoded as a pattern; small rotations

simulate acquisition-angle jitter; and mild color jitter simulates camera/illumination variation

across clinics without introducing clinically implausible color shifts.

A final training configuration difference partially offsets v5’s added capacity and regular-

ization. Because the cosine head, weighted sampler, and label smoothing each increase the risk
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of overfitting to the training distribution, v5 unfreezes only the last two transformer blocks of

the EyeCLIP visual encoder rather than v4’s four, together with the final LayerNorm (ln post)

and the 768 → 512 projection matrix. This yielded 14.6M trainable parameters, which was

approximately half of v4’s 28.7 M.

All remaining hyperparameters were identical to v4 to ensure that any observed performance

or calibration difference between the two models was attributable to the modifications above, not

to confounding differences in optimization. Specifically, v5 uses the same AdamW optimizer

with the same differentiated learning rates (1 × 10−3 for the cosine classifier head, 1 × 10−5 for

the unfrozen backbone blocks), same weight decay (1 × 10−4), same gradient-norm clipping

(max-norm 1.0), same batch size (32), same early stopping criterion (validation macro-F1 with

patience 7), and the same maximum epoch budget (30) as v4. In practice, v5 was trained

for the full 30-epoch budget without triggering early stopping, converging to its best validation

checkpoint at epoch 25. v4, by contrast, reached its best checkpoint at epoch 9 and early stopped

at epoch 16.

5.6 Linear Probe Baseline

In addition to the two fine-tuning variants, we included a frozen-feature linear-probe baseline

Figure 9 that made no updates to the EyeCLIP backbone. The linear probe is motivated by

two considerations: First, it establishes a lower bound on the performance achievable from

EyeCLIP’s pretrained features alone, without any task-specific feature adaptation. Any benefit

observed in v4 or v5 relative to the linear probe is attributable to fine-tuning rather than EyeCLIP

pretraining itself. Conversely, if the linear probe is competitive with a fine-tuned variant on

a particular metric, this indicates that fine-tuning contributes little beyond what pretraining

already captured on that metric. Second, a linear probe on L2-normalized features is a widely

used transfer-learning baseline for CLIP-family models and is often reported to be surprisingly

competitive for downstream tasks, particularly when labeled training data are limited.

These features, together with the harmonized class labels, were used to fit a multino-

mial logistic regression using scikit-learn’s LogisticRegression class [42]. The logistic re-

gression uses class weight=’balanced’ (equivalent to v4’s class-weighting scheme), inverse-

regularization strength C = 1.0 (standard L2 penalty), the LBFGS solver for optimization, and

multi class=’multinomial’ to fit a true multinomial rather than a one-versus-rest classifier. The

logistic regression model was optimized using the LBFGS solver on the extracted training fea-

tures, without mini-batch gradient-based fine-tuning of the EyeCLIP backbone. At inference

time, the linear probe extracts features through the (still frozen) EyeCLIP encoder and passes

them through the fitted logistic regression classifier to obtain class probabilities. Because logis-

tic regression produces probabilities directly rather than raw logits, reconstructed pseudo-logits,

defined as log(?2), are used foMSP, Mahalanobis distance, and k-nearest-neighbor distance do

not require raw logits and are computed consistently across all three models. Notably, the linear
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Figure 9: Overview of the open-world data split and training pipelines. APTOS2019 and G1020

are split into train, validation, and test subsets, ORIGA is reserved exclusively as an external

open-world test set. Model v4 uses standard balanced cross-entropy fine-tuning with a linear

classifier head. Model v5 uses calibration-oriented fine-tuning with a cosine-similarity head,

weighted sampling, data augmentation, and label smoothing.

probe, despite its architectural simplicity, is not merely a weak baseline: EyeCLIP’s pretrained

features encode substantial retinal-image structure acquired during multimodal pretraining, and

a linear probe on these features provides a meaningful comparison point for interpreting the

contribution of fine-tuning.

5.7 OOD Detection Scores

To evaluate the capacity of each model for open-world detection, we computed five different

out-of-distribution scoring functions for every test-set sample. The five scores span both

output-space and feature-space methods (which operate on the penultimate 512-dimensional

L2-normalized features), allowing us to identify the most informative score type for retinal

fundus classification using EyeCLIP-derived features. All five scores follow the sign convention

that a higher score indicates more out-of-distribution, with negation applied where needed so

that the downstream threshold-based evaluation uses a single uniform convention.

The Maximum Softmax Probability (MSP) is the canonical output-space baseline for OOD

detection. It treats the top 1 predicted probability as a proxy for model confidence and flags

low-confidence predictions as out of distribution. Formally, as shown in Eq. 5:

BMSP(G) = −max
2

?2 (G) (5)

where ?(G) is the softmax output of the classifier.
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Max-logit is a simple variant of MSP that operates directly on the pre-softmax logits, as

shown in Eq. 6:

BML(G) = −max
2

I2 (G) (6)

Because max-logit depends on the absolute scale of the logits, it interacts with architectural

choices that constrain logit magnitude, a property that helps explain the observed failure mode

of cosine-similarity classifier heads.

Energy [18] is an output-space score derived from the negative log-sum-exp of the scaled

logits, as defined in Eq. 7

B� (G) = −) · log
∑

2

exp

(

I2 (G)

)

)

(7)

with ) = 1 was used throughout this study. Energy was introduced by [18] as a theoretically

motivated alternative to MSP, with the appealing property that low energy (high log-sum-exp)

corresponds to high predicted confidence across all classes simultaneously, rather than just the

top 1 class. Energy is sensitive to logit-magnitude structure in the same way as max-logit and

is therefore subject to the same cosine-head interaction observed in Section 3.2.

The Mahalanobis distance [23] is a classical feature space OOD score that models the in-

distribution feature space as a mixture of class-conditional Gaussians. Following Lee et al.’s

tied-covariance formulation, we fit a single shared covariance matrix Σ from the training-set

features (pooling within-class residuals across all three classes) and per-class means `2. The

OOD score for a test sample is the minimum Mahalanobis distance to any class of Gaussian, as

shown in Eq. 8.

BMah(G) = min
2
( 5 − `2)

)
Σ
−1( 5 − `2) (8)

where 5 is the 512-dimensional L2-normalized feature vector of the sample. To ensure

that the empirical covariance is invertible, we add a shrinkage of 1 × 10−3 to the diagonal

before inversion. The Mahalanobis distance measures how far a test point lies from the nearest

class-conditional Gaussian under the learned feature geometry. It assumes that in-distribution

features are approximately Gaussian-distributed per class.

Additionally, the k-nearest neighbor (kNN) distance is a non-parametric feature-space OOD

score that avoids the Gaussian assumption of Mahalanobis. For a test feature 5 , we compute the

cosine distance to every training-set feature and report the distance to the :-th nearest neighbor

as follows:

BkNN(G) = distance to the :-th nearest training feature (cosine distance) (9)

with : = 10 in this study. Cosine distance, rather than Euclidean distance, is the geometri-

cally natural metric for L2-normalized features that lie on the unit hypersphere; it corresponds

to angular separation and is invariant to the magnitude rescaling inherent to L2 normalization.
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Moreover, the linear probe produces class probabilities directly through scikit-learn’s

predict?A>10, A0Cℎ4ACℎ0=A0F?A4−B> 5 C<0G;>68CB.�;; 5 8E4B2>A4BF4A42><?DC435 A><0B8=6;48= 5 4A4=24

A4 942C0=0;HB4BA4DB43Cℎ4B0<4D=34A;H8=6?A4382C8>=B.)ℎ8B4=BDA4BCℎ0C0;;C4BC−B4C0=0;HB4B> 5 2;>B43−

B4C2;0BB8 5 820C8>=, $$�34C42C8>=, 20;81A0C8>=, 0=30224?C−A4 942CCA034> 5 5 B0A4<DCD0;;H2>=B8BC4=C0=33

Table 9: OOD detection and calibration procedure.

Procedure Details

OOD scoring methods MSP, Max-Logit, Energy () = 1), Mahalanobis (tied covariance),

k-NN (: = 10)

Score convention Higher score = more out-of-distribution, across all methods

Feature reference

(Mahalanobis, k-NN)

Training-split L2-normalized features

Mahalanobis shrinkage 1 × 10−3 (added to diagonal of tied covariance)

k-NN distance metric Cosine distance (1 − 5test · 5train)

ID / OOD assignment ID: APTOS + G1020 (= = 703); OOD: ORIGA (= = 650)

Temperature scaling Single scalar ) fit on validation by minimizing NLL; grid search

over [0.05, 10.0]

Fitted ) (v4 / v5 / Linear) 2.05 / 0.89 / 1.01

Accept-reject threshold g on k-NN score; reported at 0%, 10%, 25%, and 50% rejection

rates

Evaluation metrics (OOD) AUROC, FPR@95TPR, AUPR

Evaluation metrics

(calibration)

ECE (15 equal-width bins), adaECE (15 equal-count bins), MCE,

Brier score, NLL

Software PyTorch 2.x, OpenAI CLIP 1.0, scikit-learn 1.x, Python 3.10

Hardware 2 × NVIDIA RTX 5090 GPUs (32 GB VRAM each), Ubuntu 24.04

WSL2

Random seed 42 for Python, NumPy, PyTorch, and data splitting

5.8 Calibration Metrics

We evaluate calibration quality using five complementary metrics, all of

which are standard in the modern calibration literature. The Expected Calibration

Error (ECE) [28] is the weighted average discrepancy between predicted confidence

and observed accuracy across confidence bins, as defined in Eq.

ECE =

∑

<

(

|�< |

#

)

· |acc(�<) − conf (�<) | (10)

where samples are partitioned into " = 15 equal-width bins over the [0, 1]

confidence range. We additionally report adaptive ECE [43], which uses equal-count

rather than equal-width binning and is more robust when confidence distributions

concentrate sharply near 1.0, a common pattern with overconfident neural
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networks. The full list of calibration metrics and binning schemes used

is summarized in Table 9.

The Maximum Calibration Error (MCE) is the largest absolute gap over any

bin,

max< |acc(�<) − conf (�<) |, and captures the worst-case calibration behavior.

The multiclass Brier score [44] is a proper scoring rule computed as the

mean squared L2 distance between the predicted probability vector and the

one-hot label, as shown in Eq. 11:

Brier =
1

#

∑

8

∥?(G8) − H8∥
2 (11)

Unlike ECE, the Brier score is sensitive to the full probability vector

rather than just the top 1 confidence alone and is therefore a more comprehensive

measure of probability quality. Finally, we report the mean negative log-likelihood

(NLL), which is the standard cross-entropy loss evaluated on the test data;

like Brier, NLL is a proper scoring rule and is the natural objective for

temperature scaling.

All five metrics were computed separately in the in-distribution regime

(APTOS + G1020 test samples) and out-of-distribution regime (ORIGA test samples).

Reporting per regime is essential to this study’s contribution: a model

that is well-calibrated on ID inputs but poorly calibrated on OOD inputs

will appear well-calibrated under a single aggregate metric, obscuring exactly

the failure mode we wish to measure.

5.9 Temperature Scaling

Temperature scaling [28] is a post-hoc calibration method that applies a

single learned scalar ) > 0 to the logits before softmax, as defined in Eq.

12.

?)2 (G) =
exp(I2/))

∑

2′ exp(I2′/))
(12)

Values ) > 1 soften the softmax (reducing overconfidence), and values

0 < ) < 1 sharpen it. A crucial property of temperature scaling is that

it preserves argmax: the predicted class remains unchanged at any ), so

classification accuracy is invariant under scaling. Only probability magnitudes,

and therefore confidence-based metrics (ECE, Brier, and NLL), change under

scaling. This makes temperature scaling a low-cost, accuracy-preserving

intervention, and it is widely regarded as the strongest single-parameter

baseline for post-hoc calibration of neural network classifiers.
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For each of the three trained models, we fitted an independent temperature

) by minimizing the validation negative log-likelihood, as shown in Eq. 13:

)∗
= arg min

)

∑

8∈val

− log ?)H8 (G8) (13)

We perform the minimization via a two-stage grid search: a coarse pass

over ) ∈ [0.05, 10.0] with 200 points, followed by a finer pass over ) ∈ [0.5, 2.0]

with 151 points, with the overall best ) from the two grids selected. A

grid search is preferred over gradient-based optimization because the search

space is one-dimensional, bounded, and well-behaved, and the grid approach

is transparent and deterministic. The fitted ) is then applied to the test-time

logits before computing the softmax probabilities for the test metrics.

5.10 Accept-Reject Protocol

To quantify the deployment behavior under abstention, we operationalize the

open-world task as a two-stage decision [45]: for each test input G, an

OOD score B(G) is computed using the selected scoring method and a threshold

g partitions the samples into accepted and rejected. Specifically, samples

with B(G) ≥ g are rejected, the model abstains from prediction, deferring

the input to a human clinician, and samples with B(G) < g are accepted, with

the class prediction obtained as the argmax of the temperature-scaled softmax

probabilities. The threshold g is a deployment-time hyperparameter that

encodes the operator’s preference over two competing costs: rejecting too

many in-distribution samples wastes clinician time on cases the model could

handle, while accepting too many out-of-distribution samples risks silent

misclassification on inputs the model is not equipped to handle [46].

To characterize the resulting tradeoff, we sweep g across the full range

of observed test-set k-NN scores and report four summary quantities at each

threshold. The rejection rate is the overall proportion of test samples

rejected, as defined in Eq. 14:

rejection rate =
|{G : B(G) ≥ g}|

#
(14)

This serves as a simple operating-point descriptor. The accepted-ID accuracy

is the classification accuracy of accepted samples drawn from the in-distribution

test partition, which is the accuracy a clinician would observe in deployed

use, conditional on the model choosing to produce a prediction [47]. Finally,

the ID false-rejection rate is the proportion of true in-distribution samples

incorrectly rejected and the cost paid in unnecessary clinician review to
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achieve a given OOD catch rate.

Together, these five quantities describe the full operating landscape available

at the time of testing. We additionally report anchor points at 0%, 10%,

25%, and 50% overall rejection rates to provide deployment-realistic comparison

points across models.

5.11 Experimental Setup and Implementation Details

Training and inference are performed on a single workstation running Ubuntu

24.04 under Windows Subsystem for Linux 2 (WSL2), with an AMD Threadripper

PRO 7975WX 32-core CPU, 256 GB system RAM, and two NVIDIA RTX 5090 GPUs (32

GB VRAM each). Fine-tuning and feature extraction are executed on a single

GPU per run; the second GPU is used for parallel experimentation but never

to parallelize the training of a single model. The software dependencies

are PyTorch 2.6 with CUDA 12.8, OpenAI CLIP 1.0 (from which the ViT-B/32

backbone architecture and preprocessing pipeline are sourced), scikit-learn

1.4 (for the linear-probe logistic regression and for all classification

and calibration metrics), tqdm 4.66 (for training progress display), NumPy

1.26, pandas 2.2, and Python 3.10. The EyeCLIP visual weights are loaded

from the published checkpoint without architectural modification. The random

seeds for PyTorch, NumPy, and Python’s random module are fixed at the start

of each training run to support reproducibility. The approximate wall-clock

training time for each fine-tuned model is 45--50 min on a single RTX 5090

GPU (v4 approximately 45 min over 16 epochs before early stopping; v5 approximately

50 min over the full 30-epoch budget). Feature extraction for the linear

probe completes in under 5 min.

5.12 Reproducibility Details

All train/validation/test splits are generated at the image level using a

fixed random seed of 42 with stratification by the harmonized class label.

ORIGA is excluded entirely from model training and validation and used only

for external test-time evaluation. The same RGB conversion, resizing, center-cropping,

tensor conversion, and CLIP normalization are applied to APTOS2019, G1020,

and ORIGA. Images that could not be opened or decoded are excluded before

split generation. The EyeCLIP ViT-B/32 visual checkpoint used in this study

is loaded without architectural modification. The split CSV files, preprocessing

scripts, and training code will be released via a public repository upon

acceptance to enable exact reproduction.
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6 Conclusion

This study presented an open-world evaluation of retinal disease classification

using the EyeCLIP foundation model, comparing a standard balanced fine-tuning

strategy with a calibration-oriented fine-tuning approach. Contrary to our

initial expectation, the standard balanced model consistently achieved superior

performance across multiple deployment-relevant criteria, including out-of-distribution

(OOD) detection, calibration under distribution shift, cross-dataset classification,

and accept--reject decision making. Although the calibration-oriented model

improved probability estimation on in-distribution data, these benefits did

not generalize to the external-domain setting.

Among the evaluated OOD detection methods, feature-space k-nearest-neighbor

(k-NN) scoring consistently provided the strongest performance across all

model variants. Furthermore, combining standard balanced fine-tuning with

post-hoc temperature scaling substantially improved OOD calibration while

preserving classification performance, highlighting the value of simple post-training

calibration for open-world deployment.

Overall, our findings demonstrate that improved in-distribution calibration

alone is insufficient to ensure reliable performance under distribution shift.

Instead, the combination of robust feature representations, effective feature-space

OOD detection, and appropriate post-hoc calibration provides a practical

framework for more reliable open-world retinal screening. Future work should

validate this framework across additional external datasets and prospective

clinical settings.
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