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Abstract. Diabetic retinopathy (DR) is a chronic disease characterized
by progressive vision loss, with its progression posing an increasing risk of
impairment among individuals with diabetes. Predicting DR progression
over extended periods is essential for guiding patient management and
therapeutic strategies. We propose a matrix-based multi-task learning
(MTL) framework that rede�nes progression prediction through three
contributions. First, we present an MTL framework that simultaneously
predicts disease progression across multiple time points. Second, instead
of predicting isolated future states, we predict a matrix of state transi-
tion probabilities between successive time points, o�ering a structured
and richer representation of disease evolution. Third, we introduce a
progression consistency loss to align predicted transitions with empirical
progression dynamics observed in training data. We evaluate the pro-
posed method for predicting DR across one to �ve years on a large-scale
longitudinal dataset. Our results highlight the potential of the matrix-
based approach, particularly for long-term DR outcome prediction and
early intervention planning.

Keywords: Diabetic Retinopathy · Disease Progression · Multi-task Learning
· State Transition Matrix · Long-term Prediction.

1 Introduction

Traditional models represent disease progression as a probabilistic vector at a
given time but struggle to capture the structured nature of stage transitions.
We address this limitation through a matrix-based multi-task learning (MTL)
framework with two key components. First, we introduce an MTL setup that
predicts disease progression across multiple time points simultaneously. Con-
ventional methods either train separate models per time horizon [1,13] or treat
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each time point as an independent task. While MTL improves generalization
and e�ciency, training remains challenging due to task balancing and potential
negative transfer [16,4,18]. Fragmented approaches often result in inconsistencies
in modeling disease dynamics.

Fig. 1. Illustration of the proposed approach: instead of predicting an isolated future
state vector (left), our method predicts a full state transition matrix (right), capturing
structured progression dynamics across DR stages over time.

Our second component extends MTL by forecasting a matrix of state transi-
tion probabilities, o�ering a more granular view of disease evolution and detailed
patient trajectories. Fig. 1 contrasts conventional vector-based prediction with
our matrix-based approach. The formulation relates to Markov state modeling,
e�ective in speech recognition and NLP [8] and in �nancial forecasting [6] for
capturing temporal dependencies [14]. An expectation-maximization approach
for continuous-time hidden Markov models was introduced in [11] to model dis-
ease progression, though optimization remains complex. Our formulation miti-
gates this by sharing a single transition operator across horizons and leveraging
MTL's shared representations.

Arcadu et al. [1] predicted individual DR progression from fundus images and
Nderitu et al. [13] 1�3 year emergent referable DR; Zeghlache et al. [19] proposed
longitudinal self-supervised learning for DR detection, and Liu et al. [9] modeled
image-level trajectories from irregularly-sampled data. Unlike these approaches,
which predict isolated future states or severity scores, our method predicts a full
transition matrix, jointly modeling all stage transitions and enforcing consistency
with observed progression patterns.

Our contributions are: (1) a transition matrix prediction framework that
extends MTL by forecasting state transition probabilities rather than isolated
future states; (2) a progression consistency loss computed exclusively on training
data to regularize predictions; and (3) a comprehensive evaluation on a large-
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scale DR dataset demonstrating improved long-term prediction, particularly for
severe DR stages [2].

2 Proposed Method

Our method models DR progression by encoding input images into latent rep-
resentations, capturing temporal dynamics, and predicting transition probabil-
ities between DR stages. We employ two training setups: �xed-time and time-
dependent, as illustrated in Fig. 2. A progression consistency loss aligns predicted
transitions with empirical dynamics.

Let xt ∈ Rd denote an input fundus image at time t with dimensionality d,
and st ∈ {0, 1, 2, 3, 4} represent the DR severity on the ICDR scale (0: no DR,
1: mild, 2: moderate, 3: severe, 4: proliferative DR). Our goal is to model the
transition st → st+∆ for arbitrary time horizons ∆.

Fig. 2. Overview of the proposed framework. An encoder f maps the input image xt to
a latent representation ht. In the time-dependent setup, a Neural ODE-RNNmodule Φθ

incorporates the time interval ∆t to produce a time-aware representation zt. An MLP
then outputs a 5× 5 logit matrix Lt, which is converted via row-wise softmax into the
transition probability matrix Pt (corresponding to Gt in the �xed-time setup). Each
row i of Pt provides the probability distribution over future DR stages given current
stage i.

The input xt is encoded into a latent representation ht ∈ Rm through an
encoder f (ResNet50 [5]):

ht = f(xt) (1)

Temporal dynamics modeling.

In the time-dependent setup, we use a Neural ODE combined with an RNN
(ODE-RNN) [3], denoted Φθ, to produce a time-aware representation. Neural
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ODEs model continuous-time dynamics by parameterizing the derivative of the
hidden state with a neural network, enabling the model to handle irregularly-
sampled longitudinal observations�a common scenario in clinical practice where
patient visit intervals vary. The RNN component maintains a summary of past
observations, while the ODE solver evolves the hidden state between visits. This
yields:

zt = Φθ(ht, ∆t), Φθ : Rm × R≥0 → Rm (2)

where ∆t ∈ R≥0 denotes the time interval between observations. In the �xed-
time setup, ∆t is implicit (�xed at one-year intervals), and zt = ht.

An MLP produces a 5× 5 logit matrix Lt:

Lt = MLP(zt), MLP : Rm → R5×5 (3)

Row-wise softmax yields the transition probability matrix Pt, where each
entry represents the probability of transitioning from stage i to stage j:

Pt(i, j) =
exp(Lt(i, j))∑4
k=0 exp(Lt(i, k))

(4)

Prediction. Given the patient's current DR stage st, the predicted probability
distribution over future stages is obtained by selecting row st from Pt. The
predicted future stage is ŝt+∆ = argmaxj Pt(st, j).
Why predict a full matrix? Only row st is directly supervised by the classi-
�cation loss; the other rows are shaped by the consistency term (Sec. 2.2) and
by weight sharing across the training population. They are not patient-speci�c
predictions but a counterfactual progression operator: row i answers �given this
retina's appearance, how would a patient at grade i evolve?�. Three proper-
ties follow that a plain �ve-class vector lacks: supervision from patients at every
grade is pooled into one structured output, which regularises the low-data regime
of long follow-ups; the row-stochastic form lets the empirical matrix Q inject
clinical prior knowledge; and the operator composes, so Gh

t yields multi-year
forecasts at no extra parameter cost.

2.1 Training Setups

We denote the transition matrix as Gt in the �xed-time setup and Pt in the
time-dependent setup.

Fixed-Time Setup. This setup predicts DR progression at discrete one-year inter-
vals. Given xt, the model outputs a single one-year transition matrixGt ∈ R5×5,
where each row i represents the predicted transition probabilities from stage i.
Note that Gt corresponds to Pt in Fig. 2 but without the ODE-RNN module. A
single head is shared across horizons rather than one head or one model per hori-
zon: the prediction at horizon h ∈ {1, . . . , 5} years is obtained by applying the
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same matrix h times, Gh
t , as follows from the Markov assumption. All horizons

are thus trained jointly, with losses summed:

L�xed = −
5∑

h=1

4∑
j=0

yt+h(j) log
[
Gh

t

]
(st, j) (5)

where yt+h one-hot encodes st+h and horizons without an available label are
masked. This sharing is what distinguishes Matrix-head from the One-head and
Multi-task baselines, which allocate independent parameters per horizon.

Time-Dependent Setup. This setup incorporates variable time intervals via the
ODE-RNN module. Following [15], additional clinical features (e.g., current DR
grade) are concatenated with zt before the MLP. Setup 1 predictsPt accounting
for ∆t:

Ltime
1 = −

4∑
j=0

yt+1(j) logPt(st, j) (6)

Setup 2 jointly predicts both the current state (via an auxiliary classi�er
ŷt) and the future state. The current-state prediction ŝt = argmaxi ŷt(i) is used
to index the transition matrix:

Ltime
2 = −

4∑
i=0

yt(i) log ŷt(i)︸ ︷︷ ︸
Lcurrent

+−
4∑

j=0

yt+1(j) logPt(ŝt, j)︸ ︷︷ ︸
Lfuture

(7)

2.2 Progression Consistency Loss

To align Pt with empirical DR progression, we introduce a consistency loss.
The empirical transition matrix Q is computed exclusively from training data to
prevent information leakage. We de�ne both a global version computed over the
full training set and a per-batch version:

Q(i, j) =
Ntrain(i, j)

Ntrain(i)
, Qbatch(i, j) =

Nbatch(i, j)

Nbatch(i)
(8)

where Ntrain(i, j) and Nbatch(i, j) count transitions from stage i to j in the
training set and mini-batch, respectively. The consistency loss is:

Lconsistency = ∥Pt −Q∥22 (9)

This regularization prevents unrealistic transitions and stabilizes training.
While regularizing toward training-set statistics may reduce �exibility for out-
of-distribution patterns, DR progression follows well-established clinical trajec-
tories, making this a reasonable inductive bias and placing the loss in line with
the constrained-learning literature [7,10].



6 R. Zeghlache et al.

Implementation details. The consistency term is added with unit weight ; no
weighting factor was tuned, so Eq. 10 is a plain sum. If grade i is absent from
a mini-batch then Nbatch(i) = 0 and row i of Qbatch is unde�ned; such rows are
masked out for that batch rather than imputed. Finally, Q pools all consecutive-
visit transitions without conditioning on ∆t, so the network sees the interval but
the regulariser does not. As short- and long-interval transition rates di�er, this
interval-marginal prior is an approximation (see Limitations). The �nal losses
combine the main task loss with consistency regularization:

Lcombined
�xed = L�xed + Lconsistency, Lcombined

time = Ltime
2 + Lconsistency (10)

Relationship between the two setups. The setups are trained and evaluated
separately and serve di�erent ends. The �xed-time setup discretises follow-up
onto an annual grid, matching the protocol of the DR-progression baselines we
compare against [1,13], and isolates the contribution of the matrix head from
that of the temporal module. The time-dependent setup is the general model
and the one intended for deployment, since screening visits are irregular and a
yearly grid discards visits that do not align with it. It subsumes the �xed-time
model in principle by querying ∆t ∈ {1, . . . , 5} years, but the two are trained
on di�erent cohorts (annual-grid subsets vs. all consecutive visit pairs) and are
therefore not interchangeable in practice.

3 Experiments and Results

Dataset and Setup. The OPHDIAT dataset [12], a colour fundus photography
database collected by the OPHDIAT telemedical DR screening network in the
Île-de-France region, was used. It comprises 763,848 images from 101,383 patients
(2004�2017), with 673,000 assigned DR severity grades on the ICDR scale [17].
Patients aged 9 to 91 had multiple examinations with at least two images per
eye; one image per eye was randomly selected per examination. Data was split
60/20/20 into training, validation, and test at the patient level : all examinations
and both eyes of a patient fall in the same fold, so no patient, eye, or repeated
visit crosses folds, ruling out the leakage an image-wise split would cause. The
follow-up sub-cohorts of Tab. 1 are nested subsets of these folds. Models were
trained for 400 epochs with AdamW optimizer, OneCycleLR scheduler, learning
rate 1×10−3, weight decay 1×10−4, and batch size 128 on a single Nvidia A6000
GPU. Neural ODEs were implemented using Torchdi�eq [3] with dense layers,
tanh activation, and the dopri5 solver. The encoder is ResNet50 [5] with a two-
layer MLP projector.

Evaluation Metrics. We report AUC at three clinically relevant DR severity
thresholds: at least Mild (AUC1: stages ≥1), at least Moderate (AUC2: stages
≥2), and at least Severe (AUC3: stages ≥3). These thresholds correspond to key
clinical decision points for referral and treatment. Cohen's κ measures agreement
between predicted and observed 5-class DR stages.
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Fixed-Time Setup. We evaluate three approaches: (1) One-head : a separate
single-head classi�er for each year; (2)Multi-task : a multi-head classi�er predict-
ing all years concurrently; and (3)Matrix-head : our proposed method outputting
a 5 × 5 transition matrix. We stratify patients by follow-up length (2�5 years)
to assess how data availability a�ects performance.

Time-Dependent Setup. We evaluate our time-dependent matrix-based model
with varying consistency constraints (none, per-batch, global) and with/without
using the current DR grade as input (Tab. 2). �Next visit� refers to the chrono-
logically subsequent examination in the patient record, with the time interval
∆t provided as input to the ODE-RNN.

Method
Prediction
1 year

Prediction
2 year

Prediction
3 year

Prediction
4 year

Prediction
5 year

AUC1 AUC2 AUC3 κ AUC1 AUC2 AUC3 κ AUC1 AUC2 AUC3 κ AUC1 AUC2 AUC3 κ AUC1 AUC2 AUC3 κ

Sub-Dataset 1: 5-year follow-up

One-head 0.626 0.659 0.655 0.012 0.688 0.686 0.713 0.059 0.663 0.687 0.698 0.093 0.702 0.715 0.736 0.078 0.679 0.672 0.705 0.062
Multi-task 0.686 0.636 0.655 0 0.685 0.641 0.661 0 0.680 0.648 0.655 0 0.675 0.650 0.671 0 0.682 0.645 0.667 0
Matrix-head
(ours)

0.716 0.759 0.767 0.182 0.705 0.731 0.776 0.152 0.693 0.723 0.764 0.143 0.684 0.718 0.769 0.126 0.697 0.710 0.767 0.110

Sub-Dataset 2: 4-year follow-up

One-head 0.722 0.770 0.718 0.249 0.707 0.750 0.747 0.194 0.707 0.730 0.699 0.191 0.704 0.723 0.706 0.143 - - - -
Multi-task 0.725 0.780 0.742 0.230 0.711 0.762 0.736 0.195 0.710 0.750 0.742 0.177 0.705 0.736 0.746 0.141 - - - -
Matrix-head
(ours)

0.724 0.770 0.716 0.247 0.705 0.747 0.718 0.210 0.705 0.742 0.712 0.213 0.699 0.725 0.710 0.199 - - - -

Sub-Dataset 3: 3-year follow-up

One-head 0.837 0.833 0.799 0.569 0.795 0.821 0.785 0.471 0.777 0.809 0.781 0.429 - - - - - - - -
Multi-task 0.826 0.834 0.802 0.540 0.791 0.824 0.804 0.447 0.771 0.812 0.809 0.373 - - - - - - - -
Matrix-head
(ours)

0.835 0.833 0.788 0.551 0.795 0.820 0.790 0.469 0.777 0.809 0.790 0.397 - - - - - - - -

Sub-Dataset 4: 2-year follow-up

One-head 0.834 0.847 0.856 0.572 0.812 0.837 0.846 0.529 - - - - - - - - - - - -
Multi-task 0.837 0.849 0.866 0.589 0.810 0.839 0.857 0.529 - - - - - - - - - - - -
Matrix-head
(ours)

0.840 0.855 0.868 0.589 0.818 0.847 0.866 0.538 - - - - - - - - - - - -

Table 1. Fixed-time prediction results. Comparison of One-head, Multi-task, and
Matrix-head (ours) for predicting DR over 1�5 years. Results are strati�ed by pa-
tient follow-up length. Best results per sub-dataset and year are in bold.

Model Constraint Current grade
DR severity at next visit
AUC1 AUC2 AUC3 κ

NODE classi�er - no 0.564 0.617 0.657 0.083

Matrix-head (ours)

- no 0.562 0.618 0.617 0.057
per-batch no 0.598 0.683 0.773 0.197
global no 0.582 0.659 0.681 0.143
- yes 0.603 0.675 0.745 0.179
per-batch yes 0.653 0.741 0.863 0.320
global yes 0.613 0.699 0.758 0.196

Table 2. Time-dependent prediction results. The NODE baseline uses a standard
classi�er head; the Matrix-head is evaluated under di�erent consistency constraints,
with and without the current DR grade as auxiliary input.
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3.1 Results Analysis

Fixed-Time Predictions (Tab. 1). The bene�t of the Matrix-head is cohort-
dependent rather than uniform. On the 5-year cohort it leads on 19 of 20 entries,
with the best AUC3 (0.767 at 1 year vs. 0.655 for One-head) and markedly
better κ (0.182 vs. 0.012); the exception is AUC1 at 4 years (0.684 vs. 0.702).
Multi-task collapses to a single class here (κ = 0 throughout). On the 2-year
cohort the Matrix-head is best on every entry (AUC3 = 0.868, κ = 0.589 at
1 year). On the 3- and 4-year cohorts it does not consistently outperform the
baselines: Multi-task takes most AUCs on the 4-year cohort and One-head the
best AUC1 and κ on the 3-year cohort, the Matrix-head's edge being con�ned
to κ at the longer 4-year-cohort horizons (0.199 at 4 years vs. 0.143 and 0.141).
All models show declining κ with horizon, consistent with prior work [1,13].
Sample size plausibly drives part of the cross-cohort spread, since longer follow-
ups form smaller subsets, but the sub-cohorts also di�er in grade distribution
and transition counts, so we do not attribute it to a single factor.

Time-Dependent Predictions (Tab. 2). The per-batch consistency constraint
yields the largest improvements, particularly combined with the current grade
as input (AUC3: 0.863, κ: 0.320); the latter is expected, as the grade provides a
strong prior for the transition matrix. The per-batch constraint outperforms the
global one, likely because batch-level statistics better capture local progression
patterns and add useful stochastic regularization during training.

Fig. 3. Comparison of approaches in terms of AUC performance, number of parameters,
and task e�ciency (number of prediction horizons handled by a single model).

E�ciency Analysis (Fig. 3). The e�ciency of the Matrix-head lies in horizon
coverage rather than in the size of its output layer, which is modest but not
negligible: a linear map from m = 2048 features to a 5×5 matrix holds 25m+25
weights, and our two-layer MLP more. Because one matrix is composed as Gh

t

(Eq. 5), a single encoder and head span all �ve horizons, whereas One-head
trains �ve independent networks (�ve ResNet50 encoders, ≈ 23.5M parameters
each) and Multi-task shares the encoder but adds a head per horizon. Against
One-head this approaches a �vefold reduction in total parameters, driven by
encoder sharing.
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4 Discussion and Conclusion

We presented a matrix-based MTL framework predicting DR progression via
state transition probability matrices rather than isolated severity labels: a 5× 5
matrix jointly models all stage transitions from one fundus image, and the pro-
gression consistency loss anchors predictions to empirical dynamics. On OPH-
DIAT across 1�5 year horizons, it is strongest on the long-horizon, data-limited
5-year cohort and the large 2-year cohort, particularly for severe DR detection
(AUC3 = 0.767 vs. 0.655 at 1 year), while matching�not beating�the baselines
on the 3- and 4-year cohorts. It covers every horizon with one shared encoder
and one composable matrix.

Limitations. The framework requires labeled longitudinal data with DR grades
at successive visits; semi-supervised approaches [20] could exploit unlabeled
follow-ups. The empirical matrix Q encodes population-speci�c rates and may
need recalibration across demographics or treatment practices; estimated with-
out conditioning on the follow-up interval, it mixes short- and long-interval tran-
sitions into a single prior, so stratifying Q by ∆t is a natural next step. Cohort
size and grade distribution are confounded across the follow-up sub-cohorts,
leaving the source of their performance di�erences open. Patient-level sequences
and covariates (e.g., HbA1c, diabetes duration) could personalize estimates. Fi-
nally, the declining κ from 0.182 at 1 year to 0.110 at 5 years re�ects inherent
forecasting uncertainty and motivates calibration-aware objectives.
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