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ABSTRACT

This report outlines our approach in the IEEE SPS VIP Cup
2023: Ophthalmic Biomarker Detection competition. Our
primary objective in this competition was to identify biomark-
ers from Optical Coherence Tomography (OCT) images ob-
tained from a diverse range of patients. Using robust aug-
mentations and 5-fold cross-validation, we trained two vision
transformer-based models: MaxViT and EVA-02, and ensem-
bled them at inference time. We find MaxViT’s use of convo-
lution layers followed by strided attention to be better suited
for the detection of local features while EVA-02’s use of nor-
mal attention mechanism and knowledge distillation is better
for detecting global features. Ours was the best-performing
solution in the competition, achieving a patient-wise F1 score
of 0.814 in the first phase and 0.8527 in the second and final
phase of VIP Cup 2023, scoring 3.8% higher than the next-
best solution.

1. INTRODUCTION

Accurate ophthalmic biomarker detection using Optical Co-
herence Tomography (OCT) images has received tremendous
attention in contemporary research in ophthalmology, with
significant implications in the diagnosis and treatment of eye
conditions. In this context, the IEEE SPS VIP Cup 2023 pre-
sented a unique opportunity to explore innovative approaches
in the field of ophthalmic biomarker detection. This paper
outlines our approach to address this issue, focusing on utiliz-
ing vision transformer-based models to analyze OCT images.

On this backdrop, to solve this ophthalmic biomarker de-
tection task, we employed two distinct models, the Multi-Axis
Vision Transformer (MaxViT) [1] and EVA-02 [2], carefully
selected following a systematic exploration, for their respec-
tive proficiency in identifying local and global features within
the images. The intricate exploration and subsequent integra-
tion of these models were pivotal in formulating a solution
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that not only fulfilled the competition’s criteria but also ad-
vanced the state-of-the-art of ophthalmic biomarker detection
in both understanding and methodology.

2. METHODOLOGY

2.1. Dataset

The competition provided a rich dataset, OLIVES [3], encom-
passing 9408 labeled image-biomarker pairs from 96 patients
and an additional 78185 unlabeled OCT images, each accom-
panied by clinical labels. The competition was divided into
two phases as follows. In Phase 1 (2), the test dataset con-
sisted of 3871 (250) images from 40 different (167 new) pa-
tients.

Each OCT scan segment was labeled to denote the pres-
ence or absence of 6 biomarkers, namely Intraretinal Hy-
perreflective Foci (IRHRF), Partially Attached Vitreous Face
(PAVF), Fully Attached Vitreous Face (FAVF), Intraretinal
Fluid (IRF), Diffuse Retinal Thickening or Diabetic Macular
Edema (DRT/DME) and Vitreous Debris (VD). Depending
on the spatial extent, IRHRF and IRF can be loosely grouped
as local features, meaning they could be detected by looking
at just a subsection of the image. On the other hand, PAVF,
FAVF, and VD are global features with DRT/DME falling
somewhat in between. We elucidate the rationale behind
the dataset partitioning in relation to model architecture in
section 3.3.

2.2. Models Considered

We considered multiple variants of ResNet [4] models and
Inception [5] models (collectively referred to as Convolution-
based Models henceforth).

Inspired by [6], we added Convolutional Block Attention
Modules (CBAM) [7] to InceptionResnetV2 (referred to as
IRV2 CBAM for brevity). We added three such CBAMs after
the Stem, Reduction A, and Reduction B modules of Incep-
tionResnetV2. The improved performance of IRV2 CBAM
(to be presented in Section 3) inspired us to move to vision



transformer models, including ViT [8], MaxViT [1], and
EVA-02 [2].

Our early tests indicated an important role for image di-
mensions when detecting biomarkers. This observation was
corroborated through a consultation with an ophthalmologist,
wherein the discussion came up that downsizing images to
a resolution of 224x224 pixels might have made it harder to
identify these biomarkers. As such, we focused on models
pre-trained on larger images. ViT [8], MaxViT [1] and EVA-
02 [2] support image resolutions of 384×384, 512×512 and
448 × 448 respectively. Notably, we could only use the base
version of these models due to computational constraints.

2.3. Hyperparameters

We used AdamW[9] optimizer with default initialization and
set the initial learning rate to 3 × 10−5. We used the Expo-
nential Learning Rate Scheduler, with a weight decay of 0.9.
For convolution-based models, we used 128 as the batch size
and trained models for 35 epochs, with early stopping based
on the best cross-validation F1 score. For transformer-based
models, we used the largest possible batch size supported by
our hardware, which was 1 for MaxViT and 2 for both EVA-
02 and ViT. To account for the small batch size, we set the
gradient accumulation steps to 8. We trained all vision trans-
former models for two epochs. We found all ViT models to
be prone to overfitting the training data after 2 epochs.

2.4. Data Augmentation

In Phase 1, we used random greyscale transformation with
p = 0.2, color jitter with p = 0.8, random resized crop with
scale = (0.7, 1), random horizontal flip, and finally, nor-
malization with a mean of 0.1706 and a standard deviation
of 0.2112. We found 0.7 to be the optimal scale for random
resized crop while keeping other augmentations constant.
Other augmentation parameters were not optimally tuned.

For Phase 2, we add a random perspective shift augmen-
tation with distortion scale = 0.23, p = 1, and fill = 255
to make the training data similar to the Phase 2 evaluation
dataset. In both phases, we did not augment the test data
beyond resizing and normalization.

2.5. 5-fold Cross Validation

For both phases, we performed 5-fold cross-validation where
we partitioned the data into 5 folds with 80% in the train set
and 20% on the validation set. On these 5 different folds, we
trained our models and ran inference on the test set after every
epoch, and combined the confidence scores to obtain the final
binary decision for each biomarker.

Fig. 1. Our final training pipeline. For evaluation, all aug-
mentations except Resize were removed.

2.6. Ensembling MaxViT and EVA-02

The complementary strengths of MaxViT and EVA-02 nat-
urally imply that ensembling their outputs has the poten-
tial to improve upon their individual performance across all
biomarkers. One straightforward way to implement this is by
using MaxViT to detect local biomarkers and using EVA-02
for global biomarkers. In this scheme, MaxViT’s predic-
tions for global biomarkers are entirely ignored (as well as
EVA-02’s predictions for local ones). We also apply a finer-
grained ensembling scheme, where we average both model’s
output probabilities. Fig. 1 presents a schematic overview
of our overall pipeline. We will refer to this (finer-grained)
ensemble as MaxViT-EVA-02.

2.7. Evaluation Metrics

In the domain of medical imaging where severe class imbal-
ance is the norm, the F1 score often is the metric of choice
instead of accuracy. For Phase 1 of the competition, to test
the generalization ability of solutions, the F1 score was cal-
culated over all the images in the test set. For Phase 2, to
measure personalization: how well a model performs on in-
dividual patients, patient-wise F1 scores were calculated over
images from the same patient and these scores were averages
over all patients in the test dataset. More details can be found
on the competition website.

https://alregib.ece.gatech.edu/2023-vip-cup/


2.8. Hardware Specification and Environment Setup

For convolution-based models implemented in Tensorflow[10],
we used Kaggle TPU VM v3-8 instances paired with 330GB
RAM. Due to the limited support of state-of-the-art models
on TPU, we mainly used this setup for pilot experiments. For
transformer-based models (implemented in PyTorch 2.0.1[11]
and ‘timm’ [12] library with the weights hosted on Hugging
Face), we used Kaggle Nvidia P100 GPU instances with
16GB VRAM, 13GB RAM, and 19GB disk space. We used
scikit-learn [13] libraries for other auxiliary needs. The run-
time of our complete MaxViT pipeline, including training,
validation, and inference, was approximately 11 hours, while
that of our EVA-02 pipeline was approximately 7 hours.

3. RESULTS AND DISCUSSIONS

3.1. Model Selection Results

To establish a baseline, we trained multiple variants of ResNet
[4] models and Inception [14] models. We find that model
size or model performance on ImageNet dataset [15] are not
reliable indicators of its suitability for the task at hand (Ta-
ble 1). InceptionResnetV2[5] (55.84 M parameters) proved
to be the most effective model with an F1 score of 0.686 and
the much smaller InceptionV3 (23.83 M parameters) model
performed comparably with an F1 score of 0.682 (Table 1).

Model Param(M) ImageNet Test F1

ConvNextBase 88.59 87.13 0.612
Resnet50 25.57 75.30 0.634
Resnet152 66.84 78.57 0.649
Resnet101 44.57 78.25 0.657
EfficientNetV2L 118.52 86.80 0.662
InceptionV3 23.83 78.95 0.682
InceptionResnetV2 55.84 80.46 0.686

Table 1. Comparison of Convolution-based Models. We re-
port the number of model parameters, Top1 Accuracy on the
ImageNet [15] dataset collected from PapersWithCode, and
F1 score on the Phase 1 Test dataset. All models were evalu-
ated using 5-fold cross-validation.

3.2. 5-fold Cross Validation Results

5-fold cross-validation boosts out Phase-1 test scores substan-
tially. Initial experiments revealed that our best-performing
convolution-based model, InceptionResnetV2 consistently
scored 0.66 when trained on random 80% splits of the train
set. However, using cross-validation, InceptionResnetV2
consistently scored around 0.68. As such, we used cross-
validation in all further experiments and in the final sub-
mission as well. Individually, MaxViT and EVA-02 models
scored 0.68 while with cross-validation they scored 0.71.

3.3. Classification of Biomarkers according to Spatial Ex-
tent

Upon reviewing the images, we noticed that biomarkers B1
(IRHRF), B4 (IRF), and B5 (DRT/DME) were local, mean-
ing they could be detected by looking at just a subsection of
the image. This observation was confirmed by an ophthalmol-
ogist, who also mentioned that B5 is somewhat in between
local and global.

3.4. Analysis Of Adding CBAM

Adding CBAM [7] to InceptionResnetV2 substantially boosted
the F1 score from 0.686 to 0.696 (Table 2) for a negligible
increase in the network complexity (i.e., parameter count in-
creased by only 0̃.37%; not reported in the table). Notably,
this boost in performance actually inspired us to move to
vision transformer models.

To understand the reason for the improved F1 scores, we
calculated the F1 score across biomarker types individually
and discovered that CBAM improved the performance on
certain biomarkers substantially while showing marginal im-
provement in others. It even registered a deterioration, albeit
only slightly, in one case. Therefore, we hypothesize that the
attention module improved the detection of local biomarkers.

Biomarker Type IRV2 IRV2 CBAM VIT BASE

IRHRF L 0.709 0.746 (+) 0.773 (+)
PAVF G 0.610 0.609 0.662 (+)
FAVF G 0.837 0.841 0.869 (+)
IRF L 0.557 0.599 (+) 0.552
DRT/DME L/G 0.599 0.628 (+) 0.594
VD G 0.753 0.759 0.755

Overall 0.686 0.696 0.701

Table 2. Comparison of InceptionResnetV2 with
(IRV2 CBAM) and without (IRV2) CBAM. L (G) in
the type column refers to Local (Global). For individual
biomarker types, a plus sign in the bracket beside a score
indicates significant improvement against the score of the
network to its immediate left column. All models were
evaluated using 5-fold cross-validation.

3.5. Comparison of Convolution-based and Transformer-
based Models

Although adding an attention mechanism in the form of
CBAM to InceptionResnet specifically improves the per-
formance on local biomarkers, we find no such correlation
when comparing convolution-based models and the purely
attention-based ViT [8] architectures. This suggests the need
for explicit convolution in addition to attention for optimal
biomarker detection.

https://www.kaggle.com/
https://www.huggingface.co/
https://www.huggingface.co/
https://www.kaggle.com/
https://paperswithcode.com/sota/image-classification-on-imagenet


3.6. Effectiveness of Convolution and Attention

MaxViT[1] is a vision transformer model composed of mul-
tiple MaxViT blocks where each block performs convolu-
tion, strided/block attention, and dilated/grid attention. The
addition of explicit convolution makes MaxViT ideal for
biomarker detection. We achieved an F1 score of 0.718 (Ta-
ble 3) using the base variant of the MaxViT model, which is a
substantial improvement over IRV2 CBAM and ViT BASE.
However, MaxViT does not utilize true attention across all
image tokens, which motivated us to test EVA-02 [2], a plain
Vision Transformer model that improves upon the standard
ViT [8] by using a 1B parameter EVA-CLIP model as its
teacher. The parameter counts of MaxViT and EVA-02 are
119.88M and 87.12M respectively. Comparing MaxViT and
EVA-02 across the 6 biomarkers, we see that EVA-02 per-
forms noticeably better on global biomarkers despite being
smaller between the two. we hypothesize that MaxViT’s
sparse attention improves the detection of local biomark-
ers while EVA-02’s true attention excels at detecting global
features.

3.7. Ensembling Results

While our simple ensembling does boost the test set F1 score
to 0.720 (not shown in the table for brevity), the finer-grained
ensembling scheme yields an even greater performance with
an improved F1 score of 0.724.

Biomarker Type MaxViT EVA-02 Ensemble

IRHRF L 0.774 0.731 0.779
PAVF G 0.677 0.701 0.688
FAVF G 0.868 0.874 0.879
IRF L 0.611 0.575 0.600
DRT/DME L/G 0.615 0.593 0.618
VD L 0.764 0.779 0.782

Overall Overall 0.718 0.709 0.724

Table 3. Comparison of MaxViT, EVA-02, and their Ensem-
ble for Various Biomarkers. The models have been ensembled
by averaging their output probabilities.(L: Local, G: Global)

3.8. Patient-wise F1 score and Leaderboard Position

Our MaxViT-EVA-02 ensemble pipeline achieved a patient-
wise F1 score of 0.814 averaging over 40 patients and 3781
images in the first phase and 0.8527 in the second phase (167
patients and 250 images). Our second phase F1 score is 3.8%
higher than the next best solution (0.8215) in the competition
as per the competition website.

3.9. Leveraging Unlabelled Training Data

Several strategies were explored to enhance the model’s per-
formance on the task using unlabelled data and the accom-
panying clinical labels. Initially, contrastive learning was ap-
plied following [16]; however, it did not yield any improve-
ment, maintaining a score of 0.686. Although looked promis-
ing, we were not able to explore contrastive learning using
ViT models due to computational constraints. Subsequently,
pretraining the InceptionResnetV2 model was attempted, but
this approach also failed to enhance the model’s performance,
with the score remaining stagnant at 0.686. To exploit the
availability of two additional clinical labels besides the six
target biomarkers, the model was trained to predict all eight
labels, anticipating a more refined gradient descent. Unfor-
tunately, this modification did not lead to any improvement,
with the score persisting at 0.686. Lastly, the implementa-
tion of pseudo-labeling was explored, but it significantly de-
teriorated the model’s performance, plummeting the score to
0.519.

3.10. Analysis of Outlying Patient-wise F1 Scores

In the analysis of cases where the model exhibited a low F1
score in detecting biomarkers from OCT scans, several pat-
terns were observed. Patient 01-002 at week 40 and patient
02-044 at week 0 presented with severe spots, resulting in F1
scores of 0.64 and 0.55, respectively. Moderate spots were
identified as the likely cause for the low F1 scores of 0.6 in
patients 01-007 at week 100 and 01-049 at week 0. Addition-
ally, patient 01-043 at week 100 exhibited a severe artifact,
leading to the lowest F1 score of 0.37. Moderate artifacts
were also noted in patients 01-049 and 02-044 at week 100,
with F1 scores of 0.6 and 0.52, respectively. However, the
likely cause for the low F1 scores observed in patients 01-
019, 01-036, and 01-054 at week 100 (F1 scores of 0.51, 0.62,
and 0.48) are not immediately evident to non-medical profes-
sionals. We leave a more thorough analysis and subsequent
pipeline adjustments as future work.

4. CONCLUSION

In this work, we presented the methodology of our final sub-
mission to the second phase of IEEE SPS VIP Cup 2023:
Ophthalmic Biomarker Detection. We also presented the
underlying motivation for pipeline design decisions. We
find that Vision Transformer (ViT) models have begun to
consistently outperform their Convolutional Neural Network
(CNN) counterparts. Furthermore, we find that k-fold cross-
validation and model ensembling continue to be effective
means to utilize the entire dataset and to improve the gener-
alization of predictions.

https://alregib.ece.gatech.edu/2023-vip-cup/
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