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Abstract

Medical image segmentation is challenging due to limited data and annotations.
Denoising diffusion probabilistic models (DDPM) show promise in modelling
natural image distributions and are successfully applied in medical imaging. Our
research focuses on semi-supervised image segmentation using diffusion models’
latent representations and addressing domain generalisation. We found that optimal
performance depends on choice of diffusion steps and ensembling. Our model out-
performed in domain-shifted settings while remaining competitive within domain,
highlighting DDPMs’ potential for medical image segmentation

1 Introduction

Denoising diffusion probabilistic models (DDPM) [Sohl-Dickstein et al., 2015} [Ho et al.| 2020] have
recently emerged as a promising approach for modelling the distribution of natural images, outper-
forming alternative methods in terms of sample realism and diversity. More recently, DDPM have
also been successfully applied to various medical imaging tasks, such as image reconstruction [Xie
and Li, 2022, diagnostics [Aviles-Rivero et al.,|2022]] and segmentation [Wolleb et al., [2022].

Image segmentation is crucial in medical settings, where accurate and efficient methods are required
to support diagnosis, treatment planning, and disease monitoring. However, limited dataset size
and insufficient annotations make it challenging to train accurate models. High variability due to
differences in acquisition parameters, scanner types, and patient demographics, known as domain
shift, also presents difficulties in generalising segmentation models to new datasets, leading to
potential underperformance in clinical settings.

Recent research in diffusion models has shown promising results [Baranchuk et al., 2021} |Deja et al.,
2023]] for semi-supervised learning: the bottleneck network tasked to learn the backward process of
removing noise from an image also learns an expressive feature representation that can benefit other
downstream analysis tasks. However, more research is needed to understand the implications of these
models’ design choices for generalisation.

Our work focuses on optimally leveraging diffusion steps for improving generalisation in semi-
supervised image segmentation under domain shift. Based on the analysis of datasets with diverse
imaging modalities and domain shifts, our findings demonstrate significant improvements over
existing baselines using five different datasets. Our key findings can be summarised as follows:

» Small diffusion steps are crucial for model generalisation;

» Concatenating latent representations over steps to predict segmentation maps can hurt
generalisation;
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Figure 1: Models diagram. LEDM, the SOTA in semi-supervised segmentation with diffusion models,
selects a subset of timesteps and concatenates latent representations extracted from a pretrained
diffusion model as features fed to an MLP. Our method (i) selects smaller and more informative
timesteps, (ii) predicts through a voting mechanism over our steps selection and (ii) shares the MLP
weights across timesteps, resulting in improved segmentation performance.

* Instead, generalisation can be significantly improved by (i) optimising which timesteps
to use at test time, (ii) ensembling predictions from individual timesteps using a shared
predictor and (iii) using these individual predictions for regularisation during training.

2 Background and related work

DDPM are generative models that use a UNet to iteratively denoise a noise signal over 7" timesteps
and generate samples from a distribution. See Appendix [A]for more information.

Baranchuk et al.|[[2021]] apply diffusion models to semi-supervised segmentation by using a DDPM
pretrained on unlabelled images and extracting latent representation from its UNet’s intermediate
layers. Their Label Efficient Diffusion Model (LEDM) selects a set of steps t € S C {0,...,T}
and generates latent representations z, € R°*"*%. These are upsampled to the input size and
concatenated into a feature map Z € R{S1*)*xHxW 'Einally, an ensemble of lightweight multilayer
perceptions (MLPs) CF : Z*7 — y"J; n € {1, ..,10} performs pointwise prediction, trained with a
cross-entropy loss. The authors choose diffusion steps S = {50, 150, 250} to form the input.

Similarly, Deja et al.| [2023]] use the latent representations of a pretrained diffusion model for
classification. Their proposed method uses all intermediate timesteps to regularise the training
process, and only uses the last diffusion step ¢ = 1 at test time.

3 Timestep ensembling diffusion models

Preliminary results discussed in Appendix [B]illustrate that LEDM does not perform well to out-of-
distribution (OOD) settings. We hypothesise that using more model regularization and reducing the
number of parameters can improve its generalization. Currently, LEDM’s approach of concatenating
features from numerous timesteps to feed into the pixel-wise MLP predictor results in an excessively
high-dimensional input and a complex predictor. Instead, we propose using a shared MLP trained to
generate a prediction map from each latent representation of the steps considered.

‘We define our loss function as follows:

¢ = argmin EpE; jEscs CE (Cy(2%7),y"7) (1)

At test time, we use a voting mechanism to ensemble the various prediction maps to obtain a final
segmentation map. We call this technique “timestep ensembling" and show that it yields superior
performance. Moreover, we leverage the insights from the preliminary results and combine predictions
from the diffusion steps {1, 10, 25, 50, 200, 400, 600, 800}. This approach allows us to benefit from
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Table 1: Models performance w.r.t. ground truth segmentations. Reported as mean £ standard
deviation over the dataset. Global CL, Global & Local CL and LEDM are a reproduction of |Chen
et al.|[2020], |(Chaitanya et al.|[2020] and [Baranchuk et al.| [2021]] respectively.

Training size 1 (1%) 3 2%) 6 (3%) 12 (6%) 197 (100%)
JSRT (in-domain for classifier)
Sup. Baseline 844 +54 91.7 £ 3.7 933+29 953423 97.3+12
Global CL 88.8 £5.9 92.7+1.8 93.6 1.6 953+ 1.1 971+ 14
Global & Local CL  89.8 5.2 93.1+1.7 929+19 948+149 972412
LEDM 90.8 £ 3.5 94.1+1.6 955+14 964+ 14 97.0 £ 1.3
LEDMe 93.7 + 2.6 955+1.5 96.7 + 1.5 97.0 £ 1.1 97.6 1.2
TEDM (ours) 93.1+34 948 + 1.4 958 £1.2 96.6 £ 1.1 973 +12
NIH (in-domain for DDPM, OOD for classifier)
Sup. Baseline 68.5+128 7124+151 714+159 77.8+14.0 81.5+12.7
Global CL 707 £146 8034122 77.1+164 84.6+10.8 86.9+10.8
Global & Local CL 71.1 +£16.2 79.6 +12.7 81.1+£14.0 822+4+13.6 87.4+10.8
LEDM 63.3+122 7804101 812493 85.9+74 88.9+5.9
LEDMe 703 +114 783 +9.8 83.0 + 8.6 84.4 + 8.1 90.1 £5.3
TEDM (ours) 80.3 9.0 86.4 + 6.2 89.2 £ 5.5 91.3 4.1 929 + 3.2
Montgomery (OOD for DDPM and classifier)
Sup. Baseline 771 £120 83.0+122 809+147 83.8+149 94.1+6.6
Global CL 76.1 £150 87.6+97 888+114 904+104 929+10.8
Global & Local CL 774 4+ 174 88.7+9.14 899+82 90.1£109 9254+11.2
LEDM 79.3 £ 8.1 859+ 74 89.4 +6.7 923+72 944 +72
LEDMe 80.7 £ 6.6 86.3 £ 6.5 89.5+59 912 +5.6 95.3 £4.0
TEDM (ours) 90.5 +5.3 914 + 6.1 93.3 + 6.0 94.6 + 6.0 95.1 +£69

the small steps information content and larger step regularisation effect, unlike LEDM, which only
used timesteps {50, 125, 250}. To better understand the distinctions between our model and LEDM,
please refer to Figure|T]

4 Experiments

We evaluate our work on the task of chest X-ray lung segmentation, training the DDPM on ChestX-
ray8 [Wang et al.| 2017]], the MLP on JSRT [Van Ginneken et al.l 2006] and testing on JSRT,
NIH [Tang et al.,[2019] and the Montgomery [Jaeger et al., [ 2014]] datasets, where NIH is a labelled
subset of ChestX-ray8. For details on the experimental setup, please refer to Appendix

To test our semi-supervised method, we experiment with various percentages of the JSRT training set
(100%, 12%, 6%, 3%, 2%, and 1%). We compare our timestep ensembling diffusion model (TEDM)
to a fully supervised baseline (described in Appendix [B), LEDM, and two other semi-supervised
methods that use contrastive learning (CL): the ‘Global CL’ [Chen et al.} 2020] and the ‘Local and
Global CL’ [Chaitanya et al.;[2020]. All methods were trained with the same backbone architecture.

We perform ablations to analyse the impact of each component in our TEDM model. We compare the
LEDM model with an instance trained using our diffusion steps, henceforth LEDMe. Additionally,
we test the test-time voting mechanism using steps 1, 10, and 25 individually instead of the ensemble.

Finally, we test the TEDM method on two additional datasets: the UK Biobank dataset and the BraTS
dataset [Menze et al.|[2014| |[Bakas et al., 2017, 2018]]. In the UK Biobank dataset, we segment brain
structures in 2D slices of brain MRI T1 images, while in the BraTS dataset, we segment tumours from
brain MRI of patients. The former dataset is challenging due to the low intensity variation between
structures and background, while the latter is even more difficult as it entails segmenting items of
varied shapes and locations. Further details on the experimental process for these two datasets are
available in Appendix
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5 Results

The performance results on chest X-rays and brain MRI are shown quantitatively in Tables[T]and [3]
and qualitatively in Figure ] The ablation results are shown in Table 2] Further results can be found
in Appendix @ The best-performing modelsﬂ are highlighted in bold in all tables.

Using small step sizes improves performance both in- and out-of-domain. Across all experi-
ments, models with small diffusion steps perform the best: LEDMe outperforms LEDM in all but
two experiments in Table[I] and for the UK Biobank and BraTS datasets in Table 3] for training sizes
larger than 3 and 1, respectively.

Concatenating latent representations hurts generalisability in the low data regime. TEDM
outperforms LEDM and LEDMe, except for n=197, in NIH and Montgomery datasets. We deduce
that concatenation in LEDM hurts generalisation. In addition, TEDM performs statistically similarly
to LEDM for JSRT, indicating that its generalisability comes with no in-domain performance cost.

Test-time ensembling over timesteps improves generalisation over single-step predictions. Ta-
ble 2| shows that the voting mechanism used in TEDM is more effective than using any individual
step, as different steps produce latent representations focused on different aspects of the image.

TEDM performs robustly for increasingly challenging segmentation tasks. Table|3|shows that
TEDM is statistically superior or equal to its competitors for all cases with less than 12 datapoints,
demonstrates its competitiveness in challenging in-domain scenarios with low labelled data.

Fully supervised baselines are competitive for in-domain harder segmentation tasks. Our
method TEDM showcases excellent performance on very small dataset sizes (1, 2, 3 and 6 in Table [3).
However, for larger datasets (6 patients or more), a well-designed baseline model is more effective
than any of the semi-supervised models. This result suggests that although semi-supervised methods
with self-supervised pretraining may have their limitations in providing task-specific performance for
larger datasets, they present great potential for improving results on small datasets.

6 Conclusions

This study investigated the impact of different diffusion steps on the performance and generalisation
of semi-supervised segmentation models. Our comprehensive experiments across multiple datasets
revealed that small diffusion steps are crucial for domain generalisation, requiring only a few
training samples to become powerful pixel-wise predictors. Furthermore, we found that ensembling
segmentation maps over timesteps significantly improves model generalisation in the low data regime
while offering competitive performance in-domain. Conversely, concatenating latent representations
can hurt the generalisation of the pixel-wise classifier. These findings were demonstrated by the
superior performance of our proposed Timestep Ensembling Diffusion Model on chest X-ray lung
segmentation and more challenging tasks such as brain structure and tumour segmentation. Our
results indicate that latent representations across different steps share semantics and act as a model
regulariser, leading to better generalisation than competing methods. This analysis underscores the
importance of thoroughly investigating the design decisions for auxiliary tasks in diffusion models,
such as timestep selection and ensembling. These decisions can have a significant impact on the
model’s performance.

Our findings provide important new insights and may inform the development of new approaches
leveraging powerful diffusion models for medical imaging tasks. In future work, the performance of
TEDM and similar approaches should be compared to the emerging foundation model techniques,
where the pre-training is executed at a larger scale than semi-supervised methods. Here, the ability of
diffusion models to efficiently capture the data distribution from extensive, unlabelled data holds a
promise to overcome the persistent data scarcity problem in medical image segmentation.

That is best-performing and statistically equivalent models
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A Diffusion models

Diffusion models have garnered significant interest in the machine learning community due to their
remarkable ability to model complex data distributions efficiently. Diffusion models utilise a series
of simple and learnable transformations to diffuse noise iteratively and generate samples from the
target distribution. Formally, a DDPM works as follows. Given a data distribution p(x) and forward

process:

P(Xe|xi—1) = N(Xt; V1= Bixi1, BiI), 2
where 8, € (0, 1) is the variance schedule and ¢ € [0, T is the Markov chain time step, a DDPM
aims to learn pg(x¢,t) and 3y(x;, ) which define the backward process:

p(xi—1]xe) = N(x¢—1; po (X, 1), B (x¢, 1)). 3

In order to do so,|Ho et al.| [2020] fix the variance 3¢ (x;, t), reparametrise jg(X¢,t) as a function of
the noise €4 (x¢, t)

1 ( l—ozt
X —
v Ot ¢ \/1—613

and design a UNet-based neural network architecture

t
o (x4, 1) = €o(x¢,t)), where oy =1—p3;, @ = Hoz,» )
i=1

G9 : (Xt7t) - Eg(Xt,t)

for learning to identify the noise. The UNet is trained through cross-entropy between the injected and
predicted noise.

B On the importance of the diffusion steps for domain generalisation

Previous findings suggest that latent representations in larger steps contain coarse information, which
becomes more granular as the diffusion steps approach the target data distribution [Baranchuk et al.,
2021}, |Deja et al., [2023]]. Here, we are interested in understanding how the wealth of information in
each time step s € S contributes to model generalisation when the training dataset size varies.

We train a Ridge logistic regression-based pixel-wise classifier over latent representations extracted
from specific timesteps ¢t = {1, 10, 25, 50, 200, 400, 600, 800} to isolate the predictive power of each
timestep. We compare these timestep-wise predictions to LEDM and a fully supervised baseline
using the same UNet backbone as the DDPM backbone.

We evaluate our work on the task of chest X-ray lung segmentation. Chest X-rays are among the most
frequent radiological examinations in clinical practice, and automatically extracted features from
anatomical regions such as the lungs can aid clinical decision-making. Moreover, the availability of
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Figure 2: Performance of a logistic regression segmentation model trained on latent features from
individual diffusion steps.

several public datasets of chest X-ray images allows us to investigate the methods’ generalisation
ability in the presence of changes in dataset characteristics.

Following previous work in semi-supervised medical image segmentation [Rosnati et al. 2022]],
we use the ChestX-ray8 [Wang et al.} 2017]] (n=108k) as the unlabelled dataset to train the DDPM
backbone over 7' = 1000 steps and a subset of the JSRT [Van Ginneken et al.,2006] (n=247) labelled
dataset for training (n=197) and validating (n=25) our method. The dataset splits, architecture, and
code are available in our code repository.

We reserve the remaining JSRT samples (n=25) along with the NIH (n=95), and
Montgomery [Jaeger et al,2014]] (n=138) labelled datasets for final testing. Notably, the NIH dataset

is an annotated subset of the ChestX-ray8 dataset. This setup allows us to test the models on data that
is (i) in-domain for the classifier (JSRT), (ii) out-of-domain for the classifier but in-domain for the
DDPM (ChesX-ray8/NIH) and (iii) out-of-domain for both (Montgomery).

Figure [2] shows the Dice coefficients from the step-wise experiment when training our segmen-
tation model, the baseline and LEDM on n = {197, 49,24, 12,6, 3,1} JSRT labelled datapoints,
corresponding to {100, 50, 25,12,6,3,2,1} % of the training dataset. Surprisingly, LEDM does
not signiﬁcantlyﬂ outperform the baseline in the one-shot setting for domain-shifted datasets (NIH,
Montgomery). This indicates that LEDM may not fully utilise the latent representation information.
Secondly, we find that the predictor trained on a single step ¢ = 1 statistically outperforms both
LEDM and the baseline for small training sizes (1, 3, 6 in NIH and Montgomery and for one datapoint
in JSRT). In addition, this predictor remains competitive with both the baseline and LEDM across all
other training dataset sizes.

The experiment highlights that latent representations obtained from smaller steps are more powerful
predictors than those obtained from larger steps, particularly for domain generalisation. In particular,
the LEDM steps 50, 125 and 250 are not the optimal choice for segmentation as single-step approaches

3Significance is calculated through a Wilcoxon paired test at level 0.05.
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Figure 3: Additional results on the performance of a logistic regression segmentation model trained
on latent features from individual diffusion steps.

with smaller steps perform better on out-of-distribution datasets. In the next section, we investigate
whether ensembling different steps can still outperform single-step approaches given the right
choice of steps. We investigate several ways of ensembling these steps and their impact on model
generalisation.

C Methods details

C.1 UK Biobank data preprocessing

The UK Biobank brains dataset contains 42 791 patients’ scans. We initially separate the data in three
sets, a training set with n4,.4;,, = 34 230, a validation set with n,,; = 4280 and a test set of N5y =
4280 patients. After evaluating some methods with n;.s; = 4280 and careful consideration of results
variance, we reduced the test set to n,.s; = 500 without suffering any drops in metrics accuracy.

All scans have voxel size 1mm? and image size 189 x 233 x 197, and are paired with the seg-
mentation of 15 subcortical structures’ volumes from FIRST (FMRIB’s Integrated Registration and

Segmentation Tool [2011]]) segmentation, and brain masks. For more details on the
scan preprocessing, please refer to|Alfaro-Almagro et al.|[2018]].

We preprocess the images by clipping the intensities to [0, 1500] to remove large outliers, then
normalise the brain pixels using the brain masks so that the 15¢ and 99*" quantiles correspond to -1
and 1 respectively:

Tnorm|mask # 0] = a - x[mask # 0] + b 5)

2
such that ¢ = W andb=1—-a- 21399% (6)

where 2'% and 9% are the 1°* and 99*" quantiles of z[mask # 0].

We then split the image and segmentation in 189 2D slices, and discard all slices where no brain
structures are present in the segmentation, resulting in roughly 100 2D slices per brain image.
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Table 2: Ablation study on test-time ensembling over timesteps. Each ‘Step i’ experiment only uses
predictions from timestep i at test time.

Training size 1 (1%) 32%) 6 (3%) 12 (6%) 197 (100%)
JSRT (in-domain for classifier)
Step 1 91.1 £50 945+21 960+14 968+11 974+13
Step 10 91.,6 £46 946+18 96.0t13 969+10 974+1.2
Step 25 91.7+42 945+1.6 958+12 968+10 97.3+1.2
TEDM 931+34 948+14 958+12 966+1.1 97.3+1.2
NIH (in-domain for DDPM, OOD for classifier)
Step 1 704 +109 7894+94 842+83 875+65 919433
Step 10 732+103 81.1+£83 85.8+73 888+56 91.8+33
Step 25 751 +£98 826+77 865+£67 894+52 919433
TEDM 80.3+90 864+6.2 892+55 91.3+41 92.9+3.2
Montgomery (OOD for DDPM and classifier)
Step 1 859+40 893+42 922+42 939+£39 949+53
Step 10 87.1+45 893+48 921+52 941+£50 948+6.5
Step 25 874+£53 89.1+£55 91.7+£62 93763 946+7.0
TEDM 90.5+53 914+6.1 933+60 946+6.0 951 +6.9

C.2 BraTS data preprocessing

The BraTS dataset consists of 338 patients’ scans. For each patient, four scanner modalities are
available, “native T1, post-contrast T1-weighted (T1Gd), T2-weighted (T2), and T2 Fluid Attenuated
Inversion Recovery (T2-FLAIR) volumesﬂ Segmentation maps for GD-enhancing tumour, the
peritumoural oedema, and the necrotic and non-enhancing tumour core are provided. In addition, the
scans are co-registered, resampled to 1mm? resolution as skull stripped. For more information about
the BraTS dataset preprocessing, please refer to Bakas et al.| [2018]], Menze et al.|[2014]. We separate
the data in three sets, a training set with ny,.4;, = 269, a validation set with n,,; = 36 and a test set
of nsest = 33. For each scan modality, we calculate the mean and variance of the brain pixels across
the training set, excluding the background. We use the calculated mean and variance to normalise the
data distribution to mean 0 and standard deviation 1.

We then split the images and segmentation in 155 2D slices. For each slice, concatenate the four
modalities, and take a centre crop of 176 x 176.

C.3 Training hyperparameters

We train the DDPM for 100 000 steps with batch size 4 and learning rate = 0.0001 on a single
NVIDIA TITAN X GPU with 12GB capacity. Similarly, we train the Global CL and Global & Local
CL models for 100 000 steps. All downstream models - the supervised baseline, Global CL and
Global & Local CL fine-tuning, LEDM, LEDMe and TEDM - are trained for 20 000 steps, with the
same learning rate.

D Further results and visualisations

*https://www.med.upenn.edu/cbica/brats2020/data.html
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(a) JSRT (LHS), NIH (middle) and Montgomery (RHS), where NIH and Montgomery are OOD for the classifier,

and for the classifier and backbone respectlvely Please zoom in for better v1s1b111ty of details.
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(c) BraTS

Figure 4: Segmentation examples. Col. 1 and 2 are the image and ground truth segmentation.
Subsequent columns correspond to models trained with n training datapoints (see title). Row 1
corresponds to the baseline outcomes, and row 2, 3 and 4 to LEDM, LEDMe and TEDM (our method)
respectively.

Table 3: Dice scores on the UK Biobank and BraTS datasets. For both datasets, the model was trained
on 2D slices, the results are reported on the 3D images. The training size refers to the number of
patients in the labelled training set. The number of 2D slices is roughly 100x larger. Here, statistical
equivalence is calculated with Bonferroni correction to account for multiple classes per patient.

UK Biobank (nunabelled — 34000, nsesr = 500)

train

Training size 1 3 6 12 34000

Sup. Baseline 546+18.6 768+123 831+85 851+7.6 89.6 5.2
Global CL 4277+£204 773+£11.0 820£87 8.2+74 887+£5.6
Global & Local CL 443 +203 740+11.8 806+94 820+£89 874+638
LEDM 60.8 +17.1 813+79 823+£89 830+92 87.7+£58
LEDMe 547+£17.8 794+£108 825+9.1 838+£86 86.6L70
TEDM (ours) 71.0 £ 148 81.0+9.0 828+88 832+93 85.1+74

BraTS (nunlabelled 268, Niest = 33)

train

Training size 1 3 6 12 33

Sup. Baseline 125+ 189 309 +31.2 40.7+33.1 47.1+33.8 69.5+257
Global CL 47+13.6 255+£294 323+£321 405+£320 569+28.6
Global & Local CL  11.7 £19.1 27.34+30.5 34.1+31.5 3834322 554+30.0
LEDM 240£229 31.0£314 40.8=£319 48.0E£31.2 62.6=£26.7
LEDMe 2124227 33.1+£314 4284327 495+31.7 632+£27.6
TEDM (ours) 27.3+26.1 35.6+31.7 41.9+323 475+31.7 59.8+29.0

10



Table 4: Models precision and recall w.r.t. ground truth segmentations, as per Table

Training size 1 3 6 12 197
Precision - JSRT (in-domain for classifier)
Sup. Baseline 89.2 +£121 932+£72 9384+£59 953+37 979+1.1

Global CL 86.8+10.5 955+3.0 97.3+2.6 97.0+2.0 97.7+1.5
Global & Local CL 90.2 +9.2 97.1+22 96.8+20 962+2.0 97.1+1.6
LEDM 852+58 91.7£29 941+19 963415 975+13
LEDMe 90.1 £46 93.6+23 9624+20 96.6+1.6 979+ 0.9
TEDM (ours) 913 +72 954429 956+20 964+1.7 97.5+1.2
Recall - JSRT (in-domain for classifier)
Sup. Baseline 815+ 6.6 906 t+34 932+26 954+25 968+22
Global CL 91.84+32 90.24+30 903438 938+1.9 96.6+23
Global & Local CL 90.0 +3.2 89.5+33 895+37 934+24 972+1.8
LEDM 974+ 1.1 967+12 97.0+1.6 96.6+2.1 96.6+2.1
LEDMe 977+ 10 975+14 971+15 974+13 97.3+19
TEDM (ours) 954 +21 943+£1.6 962415 969+14 97.2+19
Precision - NIH (in-domain for DDPM, OOD for classifier)
Sup. Baseline 63.0 £ 17.0 65.6 = 18.3 63.6 +20.3 72.0 = 18.3 80.5 £ 17.4
Global CL 60.8 +17.9 78.7 £ 15.9 76.0 +20.4 83.2 + 14.4 89.4 + 13.6
Global & Local CL 65.1 + 19.1 81.7 + 15.2 84.5 + 154 81.7 + 16.8 88.0 +£ 13.9
LEDM 484 +13.6 69.4 +14.8 747 +14.0 83.0 £ 11.4 884 +9.2
LEDMe 56.8+ 14.1 69.3 £13.7 77.0 £ 129 79.8 + 12.0 90.8 + 7.8

TEDM (ours) 70.5 + 13.3 82.0 - 10.6 86.3+9.3 904 +6.9 953+ 3.6
Recall - NIH (in-domain for DDPM, OOD for classifier)
Sup. Baseline 77.7 +£10.3 80.5 +12.0 854 £ 10.1 874 4+8.0 84.2+£99

Global CL 88.6 £9.7 83.6+8.1 80.1 £13.6 87.4+£7.7 853+£89
Global & Local CL 80.9 &+ 14.5 78.6 &= 11.7 78.9 & 14.0 84.0 £ 11.5 87.6 £ 8.5
LEDM 964 +42 91.8+£55 91.1+62 902465 89.9=£55
LEDMe 96.3+32 925+6.2 91.8+6.7 909+72 899+£57
TEDM (ours) 95.7+40 924+42 929+41 92.7+44 908 5.0

Precision - Montgomery (OOD for DDPM and classifier)
Sup. Baseline 75.1+£16.4 77.6 £ 16.1 73.5 £ 18.6 78.1 = 19.0 94.9 £8.9

Global CL 68.3 £ 18.3 86.7 £ 13.7 88.8 £ 15.8 89.2 £ 13.8 93.7 + 14.1
Global & Local CL 72.2 + 20.9 90.1 + 12.7 92.2 4+ 11.0 89.2 + 14.4 929 £+ 14.7
LEDM 68.7£10.5 794+£9.7 859+£88 920+£68 975+£27
LEDMe 69.7+92 788+9.1 848+85 885+73 964£3.7
TEDM (ours) 88.7+53 90.9+59 935+49 969 +24 985+1.0
Recall - Montgomery (OOD for DDPM and classifier)
Sup. Baseline 809+72 909+59 93.0£5.6 93.0£5.8 93.6+438
Global CL 88.7+72 899+48 90.1£55 928 £57 93.0£6.5
Global & Local CL 86.1 +10.9 883 £5.5 884+£64 922+59 932+6.0
LEDM 949 +£47 945+42 939+48 929+83 92.0+94
LEDMe 97.0 £ 3.5 963 +3.7 953+43 943+51 944 +£5.1
TEDM (ours) 929+6.7 924+69 933+71 928+79 926+9.1
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Table 5: Precision and recall scores on the UK Biobank and BraTS datasets, as per Table

UK Biobank (niniabelled — 34000, ngeq = 500)

train

Training size 1 3 6 12 34000
Precision
Sup. Baseline 673 +189 8454+114 84.0+10.7 858+9.5 88.7 £ 9.0
Global CL 5934233 8314115 829+11.1 852497 89.4 + 8.6
Global & Local CL 523 4+225 75.1+150 803+11.5 81.7+107 88.6+9.2
LEDM 649 +213 832496 84.0£9.6 85.5+£09.1 86.9 £+ 8.8
LEDMe 51.3£195 86.0£89 86.4 +9.2 85.9+9.0 88.5 £ 8.9
TEDM 859 +11.7 88.8+8.3 86.8 = 9.1 87.8 £ 9.0 87.7+9.2
Recall

Sup. Baseline 4134205 67.8+164 79.7+114 825+11.2 88.6+ 6.4
Global CL 306 +19.6 702+149 788+ 113 828+104 858 +9.5
Global & Local CL 396 194 73.6+11.0 811+99 8274101 86.6+7.6
LEDM 644 +177 762+13.2 814+10.2 81.5+11.2 86.2+8.0
LEDMe 66.0 +-18.1 752+£127 794+11.1 8254+10.7 850+£8.0
TEDM 58.6 £203 7324133 797+11.1 80.0+11.9 83.0£8.6

BraT$ (nynlabelled = 268 n,. o, = 33)

trai

Training size 1 3 6 12 33
Precision
Sup. Baseline 25.74+30.0 451+£374 546+376 6224351 74.1+26.8
Global CL 120£253 38.6+349 483+37.1 57.1+£349 66.6+299
Global & Local CL  31.6 =357 405+£37.2 495+363 60.7+35.1 663+£292
LEDM 264 +285 445+379 567+358 61.6+350 706+£274
LEDMe 279+294 5124376 608+352 61.4+348 704+275
TEDM 46.2 +-34.2 61.4+358 67.2+33.6 67.4+334 724+£270
Recall

Sup. Baseline 189 +£284 43.7+364 48.1 =358 49.5+ 355 71.1+26.2
Global CL 13.6 £29.1 389 +362 33.1+33.6 4524335 569+309
Global & Local CL 21.0+31.3 383 +358 40.6+349 3944333 56.8+31.8
LEDM 358 +26.7 37.0+343 458+33.6 51.0+320 63.8+26.9
LEDMe 268 £26.8 36.0+329 46.7+34.6 53.1+325 64.7+27.7
TEDM 27.6 2282 3734333 424+333 479+329 59.3430.2
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