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Abstract. Visual field (VF) sensitivity assessment is critical for quan-
tifying functional impairment in high myopia (HM), yet conventional
perimetry is subjective, time-consuming, and affected by substantial test-
retest variability. Deep learning-based estimation of VF sensitivity from
fundus photography has emerged as a promising alternative; however,
most existing approaches directly regress all 52 pointwise sensitivities and
do not explicitly consider latent defect patterns. In this work, we propose
ProtoVF, a prototype-based framework for fundus-to-VF estimation in
HM. ProtoVF explores the underlying low-dimensional prototypes of VF
patterns and predicts their combination coefficients from fundus images
to estimate the full 52-point VF sensitivity map. By reformulating VF
estimation as a prototype-learning problem, ProtoVF imposes an ex-
plicit prior over plausible VF patterns and decomposes predictions into
clinically interpretable prototype patterns. In five-fold cross-validation
on a large real-world HM cohort, ProtoVF achieved 2.55 MAE and 4.09
RMSE, outperforming the regression baseline, particularly in eyes with
severe VF loss (MD < —6 dB). These findings demonstrate that this
prototype-based learning enables a more accurate, robust, and inter-
pretable solution for fundus photography-based VF estimation in HM.
Our code is available at https://github.com/OptometryAI/ProtoVF.

Keywords: Visual field - Fundus photography - Prototype learning

1 Introduction

High myopia (HM) is a major cause of irreversible visual impairment and a grow-
ing public health burden worldwide [8]. Reliable functional assessment is there-
fore essential for risk stratification and follow-up in HM. Standard automated
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perimetry (SAP) remains the clinical reference for visual field (VF) evaluation,
yet it is time-consuming, highly dependent on patient cooperation, and vulner-
able to test-retest variability [5l24]. These limitations reduce accessibility and
consistency of functional assessment in routine HM care.

Retinal imaging offers a practical complementary source of information for
HM. Fundus imaging and optical coherence tomography are objective, fast, and
widely available for myopia management [I622]. Prior studies have shown that
retinal structure is associated with functional loss patterns [2002326], and recent
deep learning-based methods have explored VF estimation from retinal images
in glaucoma and HM cohorts [TIZITTIT3I27I28/29]. These results support the fea-
sibility of imaging-derived functional assessment.

Despite this progress, three methodological gaps still remain. First, many
approaches formulate VF estimation as a direct regression of 52 independent
points [TTIT3129], while VF defects show structured spatial configurations asso-
ciated with ocular pathology [2/T5l2T]. Ignoring such latent structure can weaken
model robustness and reduce clinical interpretability. Second, VF labels can be
noisy and heteroscedastic since perimetric VF testing is subjective, with reduced
reliability and stronger floor effects in severe loss regions [QT0J24]. Third, paired
fundus-VF data in HM remain limited in current practice [16], increasing the
risk of overfitting in the regression of high-dimensional VF.

In summary, these limitations reveal a shared challenge: current models at-
tempt to learn unconstrained high-dimensional VF outputs from limited and
noisy labels. We therefore ask whether constraining the prediction space to a
compact set of representative VF patterns can enhance robustness while preserv-
ing clinically meaningful defect morphology. Our central hypothesis is that VF
patterns reside in a low-dimensional, compact manifold that can be explicitly pa-
rameterized, yielding greater robustness and interpretability than unconstrained
direct regression.

To investigate this hypothesis, we introduce ProtoVF, which distills com-
pact prototypes of representative VF patterns from training VFs, predicts proto-
type coeflicients from fundus images, and reconstructs the full 52-point VF map
by combining these prototypes. This formulation transforms high-dimensional
pointwise regression into a prototype-coefficient combination by leveraging a
structural prior on prototypes, thereby improving robustness and interpretabil-
ity in a limited, noisy-label regime.

Our contributions are summarized as follows:

— To the best of our knowledge, this is the first study to quantitatively identify
and systematically characterize representative VF prototypes in HM using
unsupervised decomposition, providing a clinically interpretable basis for
describing VF loss patterns.

— We introduce a prototype learning framework, ProtoVF, leveraging compact
VF prototypes rather than directly regressing unconstrained independent
point predictions, thereby enhancing robustness and interpretability.

— We validate the proposed framework on a large real-world HM cohort with
cross-validation, including subgroup analyses relevant to severe VF loss.
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Fig. 1. Overview of the proposed ProtoVF

2 Method

2.1 Problem Definition

Let ¥ = {y:}!", denote a collection of vectorized 24-2 VF measurements, where
each y; € R™ represents the sensitivities at the 52 effective test locations (i.e.,
m = 52). For each VF y;, we also observe a corresponding color fundus image
x; € R! in vectorized form. We therefore define the paired training dataset
Dirain = {(xi,¥4i)}71, where each (x;,y;) is a fundus-VF pair.

Given a fundus image x;, our objective is to predict the corresponding VF
y; by learning from Diyain- This problem poses two principal challenges:

e Data scarcity and output dimensionality: The sample size |Dipain| is typi-
cally limited, while the VF output dimension m is substantially large than
that in conventional scalar regression tasks, complicating generalization and
increasing the risk of overfitting [28].

e Measurement noise and subjectivity: VF testing is inherently subjective and
can be influenced by cognitive and physical factors, introducing nontrivial

noise into y; [5l24].

Our framework is designed to address both constraints by leveraging the
paired structure of (x;,y;) and explicitly accounting for the high-dimensional,
noisy nature of VF measurements.

2.2 Overview of Proposed Method

We provide an overview of the proposed ProtoVF in Fig. [I] ProtoVF addresses
the challenges outlined above through the perspective of prototype learning [25].
Rather than directly regressing the target VF y; from a given fundus image x;,
ProtoVF represents the prediction as a linear combination of a compact set of
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distilled VF prototypes following a basis-approximation formulation [3/19] as:

k
Vi=12o; = Zazj " Zj, (1)
j=1
where Z = [z1,2s,...,2x] € R™** is the prototype basis matrix distilled from

the training VF set ), with each z; € R™ being a prototype basis vector,
and a; € R* denotes the prototype coefficients inferred from the corresponding
fundus image x;.

This formulation shifts the learning problem from predicting a high-dimensional
VF directly to estimating a low-dimensional coefficient vector associated with
VF prototypes. By constraining predictions to the prototype span, ProtoVF
reduces the effective output dimensionality and mitigates overfitting in small-
sample regimes. It also imposes a structure that is robust to VF measurement
noise by leveraging shared patterns captured by the prototypes.

2.3 Prototype Generation for Visual Fields

We generate prototypes directly from the training VF set J = {y;}I;. The
premise is that pathologic VF loss patterns are not arbitrary but concentrate
within a low-dimensional subspace. Consequently, a compact prototype set can
capture the principal modes of variation, with k£ < n. Formally, we have:

Z = Fr(Y), (2)

where F(-) denotes a prototype-generation operator producing Z = {z; }?:1.

Importantly, the prototype basis Z is generated solely from Yiyai, in the VF
space, without using any fundus information, and is independent of the image
encoder. We evaluate several alternatives of Fj, including archetypal analysis
(AA) [], principal component analysis (PCA) [I4], nonnegative matrix fac-
torization (NMF) [I8], and truncated singular value decomposition (Truncated
SVD) [6]. For each method, we retain the top-k components to form the pro-
totype set Z and construct the prototype matrix Z used in . We conducted
an ablation study to examine different generation functions; based on the re-
sults, we adopt PCA as the default Fj, in our framework. Additional details and
comparative results are provided in the experimental section.

2.4 Coefficient Parameterization from Fundus Image

For each fundus image x;, we infer the prototype coefficient «; using a neural
network:

;= 8o (xi)7 (3>

where gg(+) denotes the neural network with its learnable parameters 6.
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Table 1. Five-fold cross-validation performance. Mean + STD are computed across
folds for each criterion. n denotes the number of data points. Better results are bold-

faced.
Method | MAE (}) RMSE () PCC (1) SMAPE ()
Overall performance (n = 1,688)
Regression 2.668 £+ 0.153 4.224 4+ 0.333 0.430 £+ 0.071 11.143 £ 0.733
ProtoVF (AA) 2.566 + 0.146 4.164 + 0.352 0.445 £+ 0.084 10.825 £ 0.724
ProtoVF (NMF) 2.640 £+ 0.194 4.259 £+ 0.400 0.426 £+ 0.094 10.996 + 0.902
ProtoVF (PCA) 2.551 + 0.099 4.089 + 0.295 0.476 + 0.064 10.788 + 0.545

Subgroup performance for none-to-mild loss (MD > -6 dB, n = 1,507)

Regression 2.338 &+ 0.065 3.391 £ 0.060 0.438 £ 0.028 8.964 £ 0.178
ProtoVF (AA) 2.200 £ 0.056 3.271 £+ 0.091 0.463 £ 0.050 8.493 + 0.209
ProtoVF (NMF) 2.263 £+ 0.109 3.334 £ 0.139 0.445 + 0.060 8.665 + 0.456
ProtoVF (PCA) 2.231 &+ 0.081 3.257 £+ 0.120 0.483 + 0.033 8.630 £ 0.341

Subgroup performance for moderate-to-severe loss (MD < -6 dB, n = 181)

Regression 5.498 £+ 1.397 8.412 £ 1.823 0.348 £ 0.080 29.744 £+ 7.901
ProtoVF (AA) 5.659 + 1.168 8.526 + 1.755 0.339 + 0.074 30.525 + 6.812
ProtoVF (NMF) 5.811 &+ 1.387 8.745 + 1.875 0.301 &+ 0.097 30.677 £ 7.618
ProtoVF (PCA) 5.303 + 1.242 8.222 + 1.851 0.327 £ 0.082 29.223 + 7.227

We optimize the network’s parameters @ by minimizing the reconstruction

error between the ground-truth VF and its prototype-based approximation as

follows: N .
LO) = lyi—¥ills =D llvi - Zgo(x:)|3, (4)
i=1 i=1
where || - || denotes the ¢5 norm.

For clarity, we summarize the training and inference steps of ProtoVF below.

Training. Given a training set Dipain = {(Xi,¥4) }ry:

1.

3.
4.

Generate a prototype basis Z from {y;}" ; using a prototype-generation
operator Fy in , e.g., PCA, AA, NMF, or truncated SVD.

Randomly initialize the fundus image encoder gg(-), which maps each fundus
image x; to a coefficient vector a;; = gg(x;).

Reconstruct the VF prediction as y; = Za;.

Optimize the encoder weight € by minimizing while keeping Z fixed.

Inference. Given a test fundus image x:

1.
2.

3

Predict prototype coefficients & = gg(x) using the trained encoder.
Reconstruct the VF estimate as y = Za using the fixed prototype basis.

Experiment

3.1 The Studied Data

Data acquisition. We collected paired fundus photographs and VF data from
a HM cohort at a clinical center. The dataset comprised 1,688 eyes with matched
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fundus-VF pairs. Fundus photography was acquired using a Topcon fundus cam-
era centered on the fovea. VF testing was performed using the Humphrey Field
Analyzer with the SITA Standard 24-2 protocol, yielding threshold sensitivity
(dB) at 52 test locations after excluding the physiological blind spot.

Data preprocessing. To ensure consistent laterality, we used the right-eye
configuration as the reference, and horizontally flipped fundus photographs and
corresponding VF maps from left eyes to match this orientation.

3.2 Experimental Setup

Evaluation methods. We adopted subject-level five-fold cross-validation, strat-
ified by age and MD severity. Splitting was performed at the subject level to
ensure that eyes from the same patient did not appear in both training and
validation folds. Model performance was evaluated quantitatively using mean
absolute error (MAE), root-mean-square error (RMSE), and symmetric mean
absolute percentage error (SMAPE). In addition, we computed the Pearson cor-
relation coefficient (PCC) to assess the linear agreement between predicted and
measured VF sensitivities. We further performed subgroup analysis according to
VF loss severity, including none-to-mild loss (MD > —6.0 dB) vs. moderate-to-
severe loss (MD < —6.0 dB). Statistical significance was assessed using paired
t-tests between ProtoVF and the regression baseline on held-out predictions
across the five cross-validation folds.

Implementation details. We used the ResNet-34 [12] as the backbone in our
experiments, which is widely used in medical image analysis to ensure fair com-
parison with prior work. We compare ProtoVF against conventional regression
and ablations with different prototypes. In the main configuration, we set the
number of prototypes to k£ = 10 in our framework and used PCA for prototype
generation, where PCA is applied to centered VF data from preprocessing. All
models are trained for 200 epochs using the Adam optimizer [I7] with a batch
size of 8, a learning rate of 10™%, momentum of 0.9, and weight decay of 10™%.

3.3 Experimental Results

Main results. Table [I| summarizes the performance of ProtoVF and the re-
gression baseline across five-fold cross-validation. Overall, the prototype-based
models consistently outperformed the regression baseline across most evaluation
metrics, suggesting that approximating VF patterns using data-driven proto-
types is beneficial. Among all ProtoVF variants, ProtoVF (PCA) achieved the
best performance, improving MAE and RMSE by 4.4% and 3.2%, respectively,
compared with the regression baseline (both p < 0.05).

Subgroup results. Table [I] further reports subgroup performance stratified by
perimetric MD as an indicator of VF loss severity. In the none-to-mild subgroup,
all ProtoVF variants reduced predictive errors relative to the regression baseline.
In the moderate-to-severe subgroup, ProtoVF (PCA) achieved the best MAE,
RMSE, and SMAPE, indicating that the PCA-based prototype constraint was
most beneficial in eyes with more severe VF loss.
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Fig. 2. Visualization of estimated VF on two representative cases. GT denotes the
ground-truth, and Reg denotes the regression baseline.

Visualization of predictions. Fig. [2] presents qualitative examples from two
representative cases. In both cases, the regression baseline generated overly sim-
ilar predictions and failed to adequately capture localized VF loss patterns. In
contrast, ProtoVF yielded more accurate and informative predictions, with im-
proved localization of VF defects and more clinically interpretable spatial pat-
terns, which may facilitate improved HM management in future practice.

3.4 Ablation Study

Fig. B shows the reconstruction error as a function of the number of prototypes
for different prototype generation methods. As expected, the reconstruction er-
ror generally decreased as the number of prototypes increased for most methods,
while the AA-based approach showed an increase in validation reconstruction
error when the number of prototypes became large, suggesting potential overfit-
ting. However, Fig. Breflects VF reconstruction quality rather than final fundus-
to-VF prediction accuracy. Based on the overall reconstruction performance and
model simplicity, we selected k = 10 prototypes for subsequent experiments, as
this configuration provided a favorable balance between representational capac-
ity and generalization, while larger k£ may increase coefficient-learning complexity
and amplify VF label noise.

3.5 Prototypes Visualization

Fig. [3] also shows the visualization of the generated prototypes using AA. Al-
though PCA was used in the main ProtoVF model due to its superior predictive
performance, we visualize A A-derived prototypes because archetypes correspond
to representative VF patterns near the boundary of the data distribution and
are therefore more clinically interpretable. Similar to other prototype gener-
ation methods, AA generates prototypes as convex combinations of observed
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Fig. 3. Left: validation VF reconstruction error with different numbers of prototypes
and prototype-generation methods. Right: visualization of A A-generated prototypes.

VFs, which typically lie near the boundary of the data distribution and em-
phasize distinctive structural patterns. Fach prototype can be interpreted as
a low-dimensional representation of a characteristic VF loss pattern, and each
VF measurement can in turn be approximated as a weighted combination of all
prototypes. This formulation reduces the complexity of VF estimation while pre-
serving clinically meaningful spatial patterns. Qualitatively, several prototypes
resembled known VF defect patterns relevant to high myopia and related optic
neuropathies. For example, prototypes 1 and 5 appeared to reflect enlargement
of the blind spot, prototype 7 resembled an arcuate-like defect, and prototype 4
exhibited a nasal-step-like pattern. These observations suggest that the learned
prototypes capture interpretable structural priors that may facilitate more ro-
bust and clinically meaningful VF estimation.

4 Conclusion

In this work, we propose ProtoVF, a prototype learning framework for VF es-
timation from fundus photography in high myopia. By reformulating uncon-
strained direct 52-point regression as prototype-coefficient prediction in a com-
pact prototype VF space, ProtoVF enables structured output prediction and a
clinically meaningful basis approximation of VF loss. Evaluated on a large real-
world HM dataset, ProtoVF outperforms conventional regression, particularly in
eyes with advanced VF loss. These findings highlight the potential of prototype
learning to support imaging-derived functional assessment in high myopia and
may facilitate more accessible, scalable, and clinically informative evaluation of
vision impairment, particularly for preliminary screening and risk assessment.
A limitation of this work is that the study was conducted on a single-center,
single-camera HM cohort with a relatively homogeneous population and imag-
ing protocol, which may introduce domain shifts under external clinical settings.
In particular, the learned prototype space may be sensitive to variations in data
distribution across centers. Future work will evaluate ProtoVF on multi-center
datasets to assess its cross-domain robustness.
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