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Abstract. The integration of automated diagnostic support into clin-
ical practice is often hindered by data scarcity and strict privacy con-
straints in local centers. While generative models offer a potential so-
lution via data augmentation, standard architectures suffer from mode
collapse when conditioned on few-shot local samples. Therefore, we pro-
pose Few-Shot Flow Matching (FSFM). Our core contribution, Stochas-
tic Barycentric Sampling, treats retrieved latent neighbors as vertices
of a simplex, dynamically sampling conditioning vectors from the con-
tinuous convex hull to prevent mode collapse and preserve structural
variance. We apply FSFM to Diabetic Retinopathy (DR) fundus im-
age synthesis, adapting from a large unlabelled source to a constrained
target clinic under three protocol-stratified evaluation cohorts. FSFM
provides consistent improvements in 5-class DR grading over real-only
baselines in the extreme-scarcity regime (N < 100), with the largest ab-
solute gains on the homogeneous-protocol dilated cohort (QWK 0.10 —
0.20 at N=20, 0.29 — 0.37 at N=50). Stochastic Barycentric Sampling
produces 26-39% higher synthetic diversity than deterministic centroid
conditioning. Code is available at https://anonymous.4open.science/
r/retina_flow_matching-4860.

Keywords: Image Synthesis - Flow Matching - Data Augmentation.

1 Introduction

The deployment of automated diagnostic classifiers at smaller clinical sites is
routinely undermined by extreme data scarcity. Training or fine-tuning deep
networks demands substantial local data to overcome domain shifts introduced
by varying scanner hardware, imaging protocols, and patient demographics [11],
yet peripheral institutions rarely possess more than a few dozen labelled im-
ages per pathology. Compounding this bottleneck, the vast majority of archived
clinical imaging remains unlabelled, with diagnostic ground truths trapped in
unstructured electronic health records whose abstraction requires costly expert
effort [19]. Generative data augmentation can be a potential solution: a model
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trained on a large source distribution is able to, in principle, synthesize target-
domain images that restore the statistical diversity needed for robust classifier
training [18,17]. In practice, however, standard generative architectures condi-
tioned on only a handful of local samples suffer from severe mode collapse, pro-
ducing synthetic images that merely replicate the anchor set and fail to provide
the structural variance required to overcome domain shift [10,12].

To address this, we propose Few-Shot Flow Matching (FSFM), a privacy-
preserving generative framework built on Continuous Normalizing Flows [14]
that learns the geometry of a medical image manifold entirely from unlabelled
source data and adapts to a new target domain using as few as 50 local samples.
Our core methodological contribution is Stochastic Barycentric Sampling:
rather than conditioning the generative vector field on the deterministic centroid
of retrieved latent neighbors, we treat these neighbors as vertices of a simplex,
and at every forward pass, draw a fresh conditioning vector uniformly from the
continuous convex hull they span. By continuously sweeping this k-simplex via
Dirichlet distribution, the model is forced to learn a dense mapping from sparse
feature anchors to image space, producing diverse synthetic outputs without any
additional training or fine-tuning at the target site. Crucially, inference is fully
decoupled from the source data, satisfying zero-knowledge privacy constraints
suitable for federated clinical deployment.

We apply it to the clinically relevant task of synthesizing Diabetic Retinopa-
thy fundus images, adapting from a large unlabelled source (EyePACS [4,8]) to
constrained target dataset (MESSIDOR-2 [1,6]) using small number of local an-
chors. Classifiers augmented with FSFM synthetic data yield consistent accuracy
improvement in the low-data regimes.

Our contributions are therefore:

— FSFM, a privacy-preserving generative framework that adapts to target med-
ical domains using label-free pre-training, decoupling inference entirely from
the source training data.

— Stochastic Barycentric Sampling, a novel conditioning mechanism that in-
terpolates within the continuous convex hull of latent neighbors, producing
more diverse synthetic outputs than deterministic centroid conditioning.

— To the best of our knowledge, we present the first application of Flow Match-
ing for few-shot retinal image synthesis, achieving downstream classification
gains using only as little as 20 local anchors.

Related Work. Diffusion models have been used for data augmentation in
medical settings, such as pelvis radiographs [13], and skin disease [18,20]. In
ophthalmology, they were used for fundus synthesis for classification [17] and
label-preserving latent manipulation for DR recognition [21]. Notably, at MIC-
CAI 2024, Yuan et al. [20] successfully adapted pre-trained generative models for
fundus imaging using several thousand target samples. In few-shot settings, Few-
Shot Diffusion Models aggregate patch features via a Vision Transformer [9], an
approach extended to cerebral aneurysm geometries [7]. Furthermore, [3] demon-
strated LoRA-based Flow Matching for cross-spectral translation. While highly
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Phase 1: Label-Free Training (D) Phase 2: Few-Shot Generation (Dp)
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Fig. 1: Overview of FSFM. Left: In Phase 1, the model learns a continu-
ous vector field entirely from unlabelled source data. During pre-training, the
barycentric conditioning (¢, ) is heavily weighted toward the original anchor,
aligning the conditioning signal with the ground-truth image targeted by the
flow matching loss. Right: In Phase 2, the frozen prior adapts to the local tar-
get domain using Stochastic Barycentric Sampling to draw dynamic conditioning
vectors from a local, class-restricted neighbor simplex.

effective, these approaches face practical barriers in constrained clinical environ-
ments and typically necessitate iterative target-site fine-tuning [3,20], assume
access to large annotated pre-training corpora [13], or focus primarily on per-
ceptual image metrics rather than downstream diagnostic tasks [7]. We combine
retrieval-augmented Flow Matching [14,15] generation, where nearest-neighbor
features decouple memory from synthesis [2], with latent-space oversampling,
conceptually similar to DeepSMOTE [5]. Stochastic Barycentric Sampling ex-
tends these paradigms by sampling uniformly over the convex hull instead of
relying on deterministic centroids or simple pairwise interpolation. Our latent
conditioning leverages RETFound [22], pre-trained on 1.6M retinal images, uti-
lizing DINOv2 features [16] that preserve complex DR topology and heavily
outperform generic ImageNet embeddings.

2 Method

Our objective is to adapt a generative model to a data-scarce target clinical
domain without violating patient privacy constraints. Let Dy = {xf‘}f‘il denote
a large, unlabelled source dataset from a central institution, Hospital A, where
M is large and covers a highly diverse data distribution. Dp = {(zZ,y?)}¥,
represents a constrained target dataset from a local clinic, Hospital B, where IV
is extremely small and y? denotes the corresponding disease grade.

Crucially, strict “zero-knowledge” privacy protocols prohibit querying the
source dataset D4 during the inference process. The generative model must
rely entirely on the limited local anchors in Dpg to synthesize a target-specific
augmented dataset Dy, that accurately reflects the local scanner characteristics
and preserves the complex topology of the disease grades.
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Conditional Flow Matching. We adopt the Conditional Flow Matching (CFM)
framework [14,15], which learns a continuous vector field v¢ (x;; ¢, ) pushing sam-
ples from a Gaussian prior pg = N (0, I) to the data distribution p;. Using the
linear interpolant a; = (1 — t)xg + tx1 with target field us(z¢|zo, 1) = 21 — X0,
the network is trained via

Lorm(0) = Eorio,1).0r~prao~po 107 (5 €2,) — (w1 — 20) %] - (1)

The straight-line trajectories enable fast ODE integration during inference com-
pared to the curved, stochastic paths typical of standard diffusion models.
Latent Retrieval and Stochastic Barycentric Sampling. To condition the
continuous vector field without relying on explicit labels during training, we map
the available images into a semantic feature space. We experiment with different
pre-trained feature extractors E to map images into a latent space Z. Standard
few-shot conditioning paradigms typically compute the deterministic centroid of
anchor and its retrieved k neighbors, c4pg = k%rl Zfill z;. To increase the data
diversity, we propose Stochastic Barycentric Sampling. Rather than utilizing a
single deterministic point, we assume that valid, high-fidelity representations of
the target domain lie continuously within the convex hull (simplex) spanned by
the local neighbor set AV(x). At each forward pass, we sample the conditioning
vector ¢ as a convex combination of the anchor and its k-nearest neighbors:

k+1 k+1
c= Zwizi, subject to sz =1, w; >0 (2)
i=1 i=1

To sweep the continuous volume of this k-simplex uniformly, the barycentric
weights w = [wy, ..., wg11] are drawn from a Dirichlet distribution, w ~ Dir(1).

By conditioning the vector field v¢ on these dynamically sampled, contin-
uously varying barycentric coordinates, the model is forced to learn a dense
mapping from the discrete feature anchors to the image space. This acts like a
topological augmentation, allowing FSFM to synthesize infinite variations from
a highly constrained local dataset.
Phase 1: Label-Free Source Pre-Training (Fig. 1, Left). We train the
generative vector field v{ on the unlabelled source dataset D4. At each step, we
sample real data z1 ~ D4, noise xg ~ N (0, I), and time ¢ ~ U[0,1]. We extract
the embedding z; = E(x1) and retrieve its 2-nearest neighbors across D4 using
cosine similarity. This retrieval is entirely label-free, hence forcing the generative
model to learn the natural, unsupervised geometry of the medical manifold. To
construct the conditioning vector c,, while ensuring the generative vector field
aligns with the ground-truth target x;, barycentric sampling is anchor-biased:
the primary embedding z; is assigned a random dominant weight (0.6 — 0.9),
while the remaining weight is distributed randomly among the 2 neighbors. The
network 6 is optimized via Lopps. To enable Classifier-Free Guidance (CFQG)
during inference, ¢, is dropped to a null embedding @) with 10% probability.
Phase 2: Few-Shot Target Generation (Fig. 1, Right). To synthesize the
augmented dataset Ds,,, at Hospital B, we deploy the frozen pre-trained model.
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For a target class y®, we select a random anchor z, € Dp and retrieve its
2 class-restricted neighbors to preserve diagnostic integrity. Because no ground-
truth image exists to restrict generation during inference, the barycentric weights
w are drawn uniformly from a symmetric Dirichlet distribution Dir(1), allowing
Cg, to fully explore the continuous volume of the simplex. Starting from pure
noise xo ~ N (0, I), the final image z; is generated by integrating the ODE using
a doprib solver. At each step, CFG extrapolates the vector field:

Te(e; 0,) = 0] (2430) + w - (0] (15 ¢,) — vf (24 0)) 3)

where w is the guidance scale.

3 Evaluation

We applied FSFM to synthesizing DR fundus images for adaptation across clin-
ical centres. The generative model is trained on the unlabelled EyePACS [4,8]
dataset (M = 35,126); the target clinic is simulated using MESSIDOR-2 [1,6]
(1,744 fundus images from 874 patients, three French ophthalmology depart-
ments, Topcon TRC NW6 camera). Figure 2 shows representative FSFM gener-
ations paired with visually similar real anchors across DR grades: the synthetic
samples reproduce overall retinal appearance, macula/optic disc placement, and
grade-consistent features. Vascular patterns differ between paired samples: exact
reproduction would indicate memorisation of individual patients.

Fig.2: FSFM generations of dilated cohort with GS = 1.5 (top row) paired with
the real anchor most visually similar to each generation (bottom row), across
DR grades G0-G4 (columns, left to right). Synthetic samples preserve the local
retinal structure of their conditioning neighborhood while introducing variation.

Cohort design. We use MESSIDOR-2 comprising of Messidor-Original (1,058
PNG, three centres, mixed dilation) and Messidor-Extension (690 JPG, sin-
gle centre, no dilation). Since FSFM conditions on the convex hull of retrieved
neighbours, it implicitly assumes local consistency in feature space; mixed pro-
tocols can induce cross-protocol retrievals across visually distinct modes. We
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stratify along pupil dilation, which is the clinical confounder most directly af-
fecting retinal appearance and yield three cohorts: Dilated (385 patients, 769
images; Lariboisiére + Saint-Etienne), Non-dilated (489 patients, 975 images;
Brest CHRU), and All MESSIDOR-2 (874 patients, 1,744 images) as a stress
test under protocol violation. Severe DR is extremely scarce on Non-dilated (4
Class 3, 7 Class 4 patients in the reference pool); 5-class results there probe
FSFM under extreme scarcity.

Splits, anchor budgets, and variance. Each cohort is partitioned via a single
patient-level stratified split (on worst-eye DR grade), with both eyes of every
patient placed in the same split: 50% reference pool, 40% test, 10% validation.
We draw nested subsets at N € {20, 50, 100,200, 300} from each reference pool,
balanced where data permits. To quantify variance, we draw three independent
anchor orderings (Seeds A, B, C); for each (NN, anchor seed) we train three clas-
sifier seeds, yielding nine runs per condition.

Table 1: Five-class DR grading results at N € {20, 50, 100} real anchors. Real:
trained on N anchors with augmentation. FSFM-aug.: trained on N anchors +
1000 FSFM-generated synthetic samples with the same augmentation pipeline.

Cohort N Condition QWK BalAcc Class 0 Class 4
Dilated 20 Real 0.10+0.10 0.2540.05 0.164+0.12 0.5040.31
FSFM—aug. 0~20:|:0.08 (+010T) 0.29:‘:()‘03 0.22:(:()‘13 0.28;&019

50 Real 0.29i0.10 0.33i0_04 0.26i0,10 0.28i0417
FSFM-aug. 0.37:{:0‘04 (+009T) 0-35j:0.04 0.34i0,11 0~39:I:0.12

100 Real 0.40:&()‘11 0.34:[:004 0.49:{:009 0.12:&0‘08

FSFM—aug. 0.44i()‘04 (+004T) 0.36i0,04 0.55io_09 0.28i0,14

Non—dilated 20 Real 0-01:‘:0,03 0.23i0,05 0.17:{:0,13 0.33:{:0,47
FSFM—aug. 0.07+0.04 (—|—006T) 0.2710.05 0.3810.11 0.521¢.21

50 Real 0.05+0.07 0.24+0.06 0.43+0.32 0.38+0.45
FSFM-aug. 0.13.+0.05 (+0.081) 0.32+0.04 0.59+0.08 0.6310.18

100 Real 0-16i0406 0.26i0A03 0.68i0A13 0.05io407

FSFM-aug. 0-13i0.06 (70.02\1,) 0.2710403 0.61i0,12 0~32i0,15

All 20 Real 0.03+0.03 0.2440.04 0.2340.17 0.4140.38
FSFM—aug. 0-09i0407 (+006T) 0.26i0‘04 0~23i0.17 0~23i0415

50 Real 0.09j:0.06 0.29j:0,03 0~29:I:0.14 0,32;.;0,14

FSFM—aug. 0.15:|:0A05 (+006T) 0.28:5:0‘04 0.33i0A18 O.QSiOAQO

100 Real 0-20i0.07 0-32i0403 0~40i0.12 0~27i0,13

FSFM-aug. 0.25:{:0‘05 (+0.05T) 0.32;‘;0,02 0~37:I:0.06 0,27:|:0,15

Training. The generative vector field vf is a U-Net (channel multipliers 1, 2,4, 8;
attention resolutions 32,16, 8; base channels 128), trained for 400 epochs with
Adam (learning rate 10~%) using the torchcfm library. We use frozen RETFound
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DINOv2 embeddings as E, motivated by linear probing on EyePACS (DINOv2
QWK 0.50 vs ImageNet 0.31). ResNet-18 classifiers are trained for 200 epochs
with AdamW (Ir 10, weight decay 10~3), cosine annealing with warm restarts
(To = 10, Truit = 2), and weighted cross-entropy with label smoothing 0.1 (class
weights: inverse square-root of training-set class frequencies); we select the high-
est validation ROC-AUC checkpoint. Augmentations applied per batch to both
real-only and FSFM-augmented sets: flips, rotation in [—180°,180°], perspec-
tive warping, jitter, and random sharpness, each p = 0.5. Each real anchor is
augmented differently at every step, providing implicit oversampling; classical
anchor duplication would therefore add negligible signal beyond our real-only
baseline.

3.1 Scarcity impact

Table 1 reports 5-class DR grading results at N € {20, 50,100} across the three
cohorts. FSFM augmentation provides consistent QWK improvements over real-
only baselines in the extreme-scarcity regime, with the largest absolute gain on
the dilated cohort at N=20 (+0.10 QWK) and the largest relative gain on the
non-dilated cohort at N=20 and N=50. Class-4 (proliferative DR) recall, the
rarest grade, shows the most substantial improvements on the non-dilated cohort
where FSFM-augmented classifiers detect proliferative cases at rates exceeding
50% versus 33-38% for real-only baselines. Figure 3 extends this comparison to
higher anchor budgets (N up to 300). The FSFM advantage attenuates as N
grows, with real-only classifiers reaching parity by N=200 on the dilated cohort.
This means that synthetic augmentation provides the largest benefit in the ex-
treme few-shot regime where real-only baselines have insufficient signal to learn
discriminative features.

~®- Real anchors only ~ —@— FSFM-augmented (Dilated) ~ —®— FSFM. (Non-dilated —o— FSFM (All)

Dilated Non-dilated All

20 50 100 200 300 20 50 100 200 300 20 50 100 200 300
N (real anchors) N (real anchors) N (real anchors)

Fig. 3: b-class DR grading QWK across three protocol-stratified cohorts. Solid
lines: FSFM-augmented classifier (N real anchors + 1000 synthetic). Dashed
lines: real-only baseline. Shaded regions: +1 standard deviation across nine runs
per condition (3 anchor seeds x3 classifier seeds). Largest improvements are in
the extreme few-shot regime (N < 100), with gains attenuating as N grows.
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3.2 Diversity gain

To isolate the contribution of Stochastic Barycentric Sampling at inference time,
we compare against deterministic centroid conditioning (uniform 1/3 weights on
anchor and its two neighbours) using the same SBS-pre-trained generator. As
shown in Figure 4, SBS produces counsistently higher LPIPS diversity (26-39%
increase across all cohort-N combinations) at comparable classifier QWK. We
hypothesise that classifier gains are similar between conditions because the gen-
erator, pre-trained with stochastic conditioning, has internalised the diversity-
promoting behaviour into its vector field, partially closing the gap when sampling
deterministically at inference. The persistent diversity gap in synthetic outputs
nonetheless confirms SBS’s role as a topological augmentation mechanism.

Deterministic centroid @ Barycentric sampling (SBS) ® N=20 ®  N=50 A N=100
Dilated Non-dilated All

045 A 0175

0.40 0.150
0125

~ 4

% 0.100 Zo1s L
0.075
0.050

0.025

009 010 011 012 013 014 0.12 0.14 0.16 011 012 013 014 015
LPIPS diversity LPIPS diversity LPIPS diversity

Fig. 4: Deterministic centroid versus Stochastic Barycentric Sampling, evaluated
using the same SBS-pre-trained generator. Each panel shows LPIPS diversity (x-
axis) versus downstream classifier QWK (y-axis) for N € {20, 50,100} (marker
shapes). SBS consistently produces higher-diversity synthetic samples than de-
terministic centroid conditioning at comparable classifier performance. Error
bars: £1 standard deviation.

Discussion. We present this work as a proof of concept for retrieval-augmented
few-shot flow matching in clinical synthesis. Our generative backbone is trained
on 35k EyePACS images, which are approximately 2% of the data used by state-
of-the-art retinal foundation models such as RETFound [22], and we expect
the observed classifier gains at N < 100 to scale with stronger generative pri-
ors. Stochastic Barycentric Sampling produces measurably more diverse outputs
than deterministic centroid conditioning, supporting its role as a topological aug-
mentation mechanism. However, our sampling assumes approximate convexity of
the local latent neighborhood; for extremely rare pathologies where anchor em-
beddings are sparse, interpolation may traverse low-density regions and produce
anatomically implausible samples. We validated utility only through downstream
classifier gains; qualitative assessment by expert ophthalmologists remains neces-
sary to confirm visual fidelity. Finally, while designed to be privacy-preserving,
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generative models can still memorise specific training samples; formal privacy
audits of FSFM-generated samples are a necessary step before any clinical de-
ployment.

4 Conclusion

We presented Few-Shot Flow Matching (FSFM), a privacy-preserving framework
that adapts generative priors to data-scarce clinical domains without accessing
source data at inference. Stochastic Barycentric Sampling produces measurably
more diverse synthetic outputs than deterministic centroid conditioning, with
downstream classifier gains concentrated in the extreme-scarcity regime (N <
100). Future work will investigate stronger generative priors, density-adaptive
neighborhood scaling, and latent feature arithmetic to isolate pathology-specific
vectors, extending FSFM toward patient-specific counterfactual generation.
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