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Abstract. Federated Learning (FL) has recently emerged as a popu-
lar paradigm in healthcare, enabling collaborative model training across
hospitals while preserving patient privacy. However, distribution shifts
arising from different acquisition devices, patient populations, or clinical
protocols can lead to substantial performance degradation when models
are deployed at new sites. Out-of-distribution (OOD) performance esti-
mation is thus critical to assess this degradation, but labelled OOD data
from target hospitals is scarce or expensive to obtain. Agreement-on-
the-Line (AotL) [I] addresses this by predicting OOD accuracy without
labelled data via agreement between pairs of model checkpoints, though
obtaining multiple models for this purpose is computationally expensive.
We observe that FL naturally resolves this: diverse client checkpoints
are already produced during training at no additional cost. We propose
FEDAGREE, a method to facilitate agreement-based OOD evaluation in
federated settings by leveraging both local and cross-client checkpoints.
We introduce five checkpoint strategies that progressively expand the use
of cross-client information and evaluate them on diverse medical imaging
modalities (dermoscopy, retinopathy, histopathology), under both IID
and non-IID settings. Our empirical results demonstrate that federated
healthcare settings offer an ideal environment for practical, label-free
OOD evaluation.
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1 Introduction

Federated Learning (FL) [2I] has become an essential paradigm for collabora-
tive healthcare Al, enabling hospitals to jointly train models while preserving
patient privacy. However, these models often face clinically relevant distribution
shifts when deployed at new sites due to differences in acquisition devices (e.g.,
scanner manufacturers, camera models), imaging protocols (e.g., patient posi-
tioning, tissue staining procedures), or patient populations (e.g., demographics).
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For instance, a melanoma detection model may misclassify malignant lesions at a
new clinic simply because lighting conditions differ from its training environment
[3]. Thus, such distribution shifts can lead to severe performance degradation,
undermining the reliability of AI systems in critical healthcare applications.

Out-of-distribution (OOD) generalisation is therefore crucial to assess model
performance before clinical deployment. However, obtaining labelled data from
target hospitals is often expensive, time-consuming or even impractical since
clinical experts have limited time for accurate label annotation. Thus, an impor-
tant question remains open: how can we reliably estimate model performance
on OOD data during deployment without labelled examples from the target
distribution?

Agreement-on-the-Line (AotL) [I]] addresses this challenge by predicting OOD
accuracy by measuring agreement between pairs of models trained on similar
data distributions, without requiring labelled target data. While the method
has demonstrated strong empirical performance across various distribution shift
scenarios, it requires multiple trained models, which can be computationally
expensive to obtain in sufficient quantity. This has hindered adoption in real-
world clinical applications. In this paper we demonstrate that FL can naturally
address this limitation. Collaborative training process across different clinical
sites produces diverse model checkpoints at each communication round and we
demonstrate that these checkpoints can be leveraged locally for OOD perfor-
mance estimation at minimal additional cost.

In this paper, we propose FEDAGREE, a method that facilitates agreement-
based OOD performance estimation in federated settings at minimal cost. Our
main contributions are:

— We introduce FEDAGREE, the first method for agreement-based OOD per-
formance estimation in federated settings, exploiting the natural availability
of diverse checkpoints across different clinical sites.

— We provide a systematic analysis of how local and cross-client checkpoints
can be combined for more accurate OOD performance estimation.

— We empirically demonstrate that FEDAGREE outperforms agreement-on-
the-Line (AotL) and confidence-based baselines on diverse medical imaging
modalities in both IID and non-IID settings.

2 Related Work

2.1 Decentralised Federated Learning

Federated Learning (FL) [21] is a distributed learning paradigm where multiple
clients collaboratively train a model without sharing their local data. While FL
research often assumes strict privacy constraints, real-world healthcare collabo-
rations frequently involve trusted partners operating under institutional agree-
ments to allow model exchange (decentralised FL [I5]). This is particularly
advantageous in healthcare, where high-dimensional medical imaging data is
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Fig. 1. Visual comparison of the FEDAGREE checkpoint strategies on a local client at
round 7. Each strategy progressively increases the number of agreement points used to
fit the AotL relationship, from only local checkpoints (Baseline) to all available check-
points across all clients and rounds (Full). All strategies show strong linear correlation
between ID and OOD agreement, with more agreement points generally yielding more
robust estimates (x) which are closer to the true OOD accuracy (®) compared to
confidence-based methods (ATC (A) and AC (M)).

costly to store and replicate. By transferring models rather than data, FL scales
naturally with growing datasets without disproportionate storage overhead [27].
Under this practical setting, we explore how clients can leverage both local
and external checkpoints to improve OOD performance estimation. We evalu-
ate both IID and non-IID scenarios, where each client has data from distinct
domains, reflecting federated settings with heterogeneous data distributions.

2.2 0OO0OD Generalisation

OOD generalisation refers to the ability of models to maintain performance
when deployed on data differing from the training distribution [I7/30]. Domain
generalisation methods [24/166] aim to learn domain-invariant representations,
while domain adaptation techniques [4T9ITI] leverage unlabelled target data
to adapt models at deployment. A complementary line of research focuses on
estimating model performance under distribution shift without labelled target
data, including methods based on confidence calibration [7J9], alongside density-
based approaches developed for OOD detection [23125T3]. Baek et al. [I] intro-
duced Agreement-on-the-Line (AotL), which predicts OOD accuracy by mea-
suring agreement between model pairs on unlabelled target data, exploiting the
linear relationship between source-distribution agreement and target accuracy.
AotL assumes a centralised setting where multiple models are available. In con-
trast, FEDAGREE leverages the naturally occurring model diversity in FL, re-
ducing computational burden while potentially improving estimation accuracy
through access to models trained on non-overlapping data subsets.
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3 Methodology

3.1 Problem Setup and Notation

We consider a decentralised federated setting with K clients, each holding a
local dataset Dy = {(z;,y;)}ir; drawn from a shared source distribution Pg. At
each communication round ¢, clients perform local training and exchange model
checkpoints. We denote client k’s parameters at round ¢ as 9,(:). After T rounds,
each client has access to its own checkpoints {‘9;(:)}1511 and those received from
other clients {Gj(t) ]T;&k,t:r

At deployment, each client may encounter data from a target distribution
Pr # Ps. Our goal is to estimate OOD accuracy without labelled target data.
Since each client has labelled ID validation data, Accip(f) can be computed
directly, while Accoop(f) requires labels from Pr, which are unavailable.

Agreement-on-the-Line (AotL) [I] addresses this by replacing accuracy with
agreement between model pairs — a label-free metric. Given two models 6; and
0;, their agreement on dataset D is:

Agr(0,,0,) = |—j>| " 1lfo (@) = fo, (2)]. (1)

z€D

Agrip is evaluated on validation inputs (ignoring labels); Agroop requires only
unlabelled samples from Pr.

Agreement-on-the-Line. Baek et al. [I] observed that whenever probit-
scaledEI ID and OOD accuracy exhibit a strong linear correlation across models
(accuracy-on-the-line [22]), the probit-scaled ID and OOD agreement also ex-
hibits a strong linear correlation with approximately matching slope and bias:

@71(ACCOOD(91‘)) ~a- @71(ACCID(9¢)) +b <—

_ _ (2)
™ (Agroop (0:,05)) = a- D7 (Agryp (6:,05)) +b
When accuracy-on-the-line does not hold, agreement-on-the-line also fails, pro-
viding a built-in reliability check. .
Regression fitting. Given M models {6,,}} . slope a and bias b are esti-
mated via linear regression on probit-scaled pairwise agreements:

2

&76 = arg mlbnz (é_l(AgrOOD(HZH HJ)) —a- ds_l(AngD(eia 9])) - b) (3>

a7 . .
i#]

OOD accuracy prediction. Since agreement and accuracy lines share ap-
proximately the same slope and bias, OOD accuracy is predicted as:

Accoon () = @ (a -3 (Acerp (0)) + i)) (4)

4 The probit function #~*(-) is the inverse CDF of the standard normal distribution,
applied to induce a better linear fit [22].
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Table 1. Summary of checkpoint strategies for client k at round 7" with K clients.
Regression refers to which model pairs fit the agreement line; Prediction refers to
which models are compared against €,<CT) .

Strategy Regression pairs Prediction comparisons| # Regression |# Prediction
AotL Own history only Own history (2) T-1
Local Anchor|History + Hist.«>Current Own history ("3H+ (T -1K T-1
Anchor Peer |History + Hist.<>Current| History + Current peers (Tgl) +(T-1)K| T+K-2
History All pairs in pool Own history (T+g<—1) T-1
Peer All pairs in pool History + Current peers ('1'+§<71) T+K-2
Full All pairs (global) All other checkpoints (KZT) KT -1

In our federated setting, having access to peer checkpoints, the prediction can
be further regularised by replacing @~ (Accip(6,,)) in Eq. with the mean
over the target and reference models’ ID accuracies, to account for potentially
unreliable local estimates.

3.2 FedAgree

AotL requires a set of models to compute pairwise agreements for both fitting
the linear relationship (Eq. ) and predicting OOD accuracy (Eq. ) In a
centralised setting, this typically requires training multiple models from scratch,
which is computationally expensive. We find that decentralised FL naturally

alleviates this cost: after T rounds, client k& has access to a rich model pool

comprising its own history {0,(:)}?:1 and all received checkpoints {03@ ]‘T;é/c,t:p

without any additional training overhead, making it practically useful.

The available checkpoints can be used at two stages of the AotL pipeline:
regression, where pairwise agreements fit the linear relationship (Eq. ), and
prediction, where the fitted line estimates OOD accuracy (Eq. ) All strategies
use Egs. and and differ in which checkpoints are supplied to each stage.

We investigate six strategies that progressively expand the use of federated
checkpoints. Incorporating cross-client checkpoints is motivated by two factors:
the quality of the linear fit improves with more diverse model pairs, and models
from other clients introduce additional diversity from different local data and
training trajectories. We describe each strategy from the perspective of client k
at round 7.

AotL - Local. Uses only the client’s own checkpoints {9,(:)}?:1, without
any cross-client information. This serves as a reference for what any client can
achieve independently and reflects the original idea presented in Baek et al. [I].

FEDAGREE - Local Anchor. Exploits cross-client information for regres-
sion while keeping prediction local. The pool includes the client’s own history and
current-round checkpoints from other clients {QJ(-T)} j#k- Regression uses all his-
torical pairs and history-to-current pairs, but excludes current-to-current cross-
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client pairs, as these models - having just completed the same round - may be
too similar to provide informative agreement variation.

FEDAGREE - Anchor Peer. Shares the same regression procedure as Local
Anchor but extends prediction to include cross-client models: Q,ET) is compared
against both its own history and current-round checkpoints from other clients.

FEDAGREE - History. Same as Local Anchor but removes the restriction
on regression pairs, including all pairwise combinations. Prediction remains local.

FEDAGREE - Peer. Extends both regression and prediction to use cross-
client models. Regression uses all pairwise combinations; prediction compares
QI(CT) against both its own history and current-round peer checkpoints.

FEDAGREE - Full. All checkpoints {6\"};_1 k. i1, are pooled, with
maximal use of the federated setting. All pairwise agreements are used for re-
gression, and prediction compares H,ET)
(KQT) regression pairs.

Table [1] summarises the six strategies, forming a progression from AoTL
(i.e., local models only) to full federated exploitation (i.e., FEDAGREE - Full).
By comparing them, we isolate the marginal benefit of cross-client checkpoints
at both stages of agreement-based performance estimation.

against all other checkpoints, yielding

4 Experiments

4.1 Datasets

To understand the benefit of using FEDAGREE, we first evaluate it on CIFAR-
10.1 (OOD) [26] and CIFAR-10.2 (OOD) [20], standard AotL testbeds [I]
with mild distribution shifts of CIFAR10 (ID). We then evaluate on diverse
medical imaging modalities reflecting realistic clinical scenarios with three dis-
tinct clinically relevant distribution shifts from (i) different acquisition devices,
(ii) imaging protocols, and (iii) patient populations. HAM10000 (ID) [28/29]
and BCN20000 (OOD) [10] are dermoscopic imaging datasets for skin lesion
classification, DeepDRIiD (ID) [1829] and APTOS (OOD) [12] are fundus pho-
tography datasets for diabetic retinopathy grading. Finally, we consider non-I1D
splits on one additional benchmark: Camelyon17-WILDS [2/T4] a histopatho-
logical dataset for tumor detection across five hospitals — a clinically relevant
scenario where each client naturally maps to a different hospital.

4.2 Experimental Setup

Federated setup and training. We simulate a decentralised federated set-
ting with K = 4 clients and 7' = 10 communication rounds where models are
trained on the ID datasets (CIFAR10, HAM10000, APTOS, Camelyonl7). For
IID experiments (Table , training data is partitioned uniformly across clients.
To exclude spurious effects such as label shift, we re-sample the OOD datasets
to match the class proportions of their respective ID counterparts, thus isolating
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Table 2. Mean Absolute Error (MAE ) of OOD accuracy estimation across four
benchmarks. We compare single-model baselines (AC, ATC) and the local-only base-
line (AotL) against five FEDAGREE checkpoint strategies. Best performance is high-
lighted, second best is underlined.

‘ Mean Absolute Error (MAE |)

Method Strategy | CIFAR10.1 CIFAR10.2 | BCN20000 APTOS

AC — | 7.21+013 1022 £ 030 | 16.73 = 1.3 39.98 = 0.08
ATC — | 152 +013 428035 | 905305 854+ 0.0
AotL — ‘ 2.99 + 0.08 6.05 + 0.25 5.29 +1.08 12.18 + 1.56

Local Anchor | 2.30 + 0.11 0.87 £ 0.30 3.80 £ 031 877 £+ 1.68
Anchor Peer | 1.05 + 0.12  2.10 + 0.29 3.92 £ 031 899 + 1.47

FEDAGREE History 2.36 £ 0.08 0.78 £ 0.27 | 3.80 £ 0.23 8.77 £ 1.63
Peer 1.11 + 0.06 2.01 + 0.26 3.96 + 033  8.97 + 1.44
Full 1.80 £ 0.13 1.30 £ 028 | 2.96 £ 0.90 5.85 + 1.64

the clinically relevant distribution shifts. For non-IID experiments on Came-
lyon17 (Table [3)), each client corresponds to a different hospital and is evaluated
on the held-out hospital. Clients exchange checkpoints at each round and retain
all received checkpoints for agreement-based evaluation. We use FedAvg [21]
as the aggregation strategy, SlimResNet18 for CIFAR-10, and ResNet18 [§] for
HAM10000, APTOS, and Camelyonl7. All models are trained with batch size
128 (CIFAR-10, Camelyonl7) or 32 (HAM10000, APTOS) and learning rate 0.1
(CIFAR-10), 0.01 (APTOS, Camelyonl7), or 0.001 (HAM10000).

Evaluation metric. Following Baek et al. [I], we report Mean Absolute
Error (MAE) between predicted and true OOD accuracy in percentage points
(lower is better). We compute MAE at the last communication round, average
across clients, and report mean and standard deviation over three random seeds.

Baselines. We compare the FEDAGREE strategies against Average Confi-
dence (AC) [9] and Average Threshold Confidence (ATC) [5]. Both operate on
individual models and require no additional checkpoints. We also include the
original AotL baseline, which applies Eqs. and using only each client’s
own historical checkpoints. Code for reproducibility purposes is available at
https://github.com/MLO-lab /Fed Agree.

4.3 Experimental Results

Table |2 presents IID results across four benchmarks; FEDAGREE consistently
outperforms both confidence-based baselines (AC, ATC) and AotL across all
benchmarks. The advantage is particularly pronounced on medical imaging data-
sets where distribution shifts reflect realistic clinical deployment challenges: on
BCN20000 (dermoscopy), Full achieves 44% MAE reduction over AotL and 67%
over AC; on APTOS (retinopathy), Full reduces MAE by 52% compared to
AotL and 85% compared to AC. These results demonstrate that FEDAGREE is
particularly well-suited for medical imaging applications where trained models
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Table 3. Mean Absolute Error (MAE J) for Non-IID experiments on Camelyon. Re-
sults report the MAE at the last communication round, averaged across clients and
three random seeds. Best performance is highlighted, second best is underlined.

Mean Absolute Error (MAE |)

Method Strategy ‘ Camelyon (Non-IID)
AC | 31.45 + 4.50
ATC — | 32.59 + 2.8
Aot — | 34.67 + 3.30
Local Anchor 17.43 + 2.04
Anchor Peer 16.02 £ 2.11
FEDAGREE History 17.84 +£1.93
Peer 16.44 + 2.01
Full 14.80 + 3.75

must generalise across different acquisition devices, patient populations, and
clinical sites.

The Non-IID Case. Table[3|reports non-IID results on Camelyon17-WILDS.
In this realistic setting — where each client represents a different hospital —
the benefits of cross-client checkpoints become even more pronounced, with all
FEDAGREE strategies substantially outperforming AC and ATC. Heterogeneous
client data yields checkpoints that capture complementary model behaviours,
providing the diversity needed for more precise OOD estimation. FEDAGREE
consistently outperforms all baselines, despite lower R? values (0.30-0.72) indi-
cating weaker linear fits that suggest estimates should be treated with caution.

5 Discussion and Conclusion

In this paper, we proposed FEDAGREE, a method for agreement-based label-free
OOD performance estimation in federated learning scenarios at minimal cost.
We introduced five checkpoint strategies (Table(l]) that progressively expand the
use of cross-client information across the regression and prediction stages of the
AotL pipeline, and evaluated them across diverse OOD scenarios under both IID
and non-I1ID data partitions (Tables [2] and [3] respectively).

Our results demonstrate that incorporating cross-client checkpoints consis-
tently improves OOD accuracy estimation over purely local evaluation (AotL),
and that agreement-based methods considerably outperform confidence-based
baselines (AC, ATC) across all benchmarks. Furthermore, the coefficient of de-
termination R? serves as a practical sanity check for the reliability of OOD
estimates: higher R? values indicate a stronger linear fit and more precise es-
timates, while lower R? values suggest practitioners should interpret estimates
with appropriate caution, despite FEDAGREE still outperforming the baselines.
As a practical rule, if R? is low in safety-critical scenarios, we recommend falling
back to manual performance estimation by labelling a representative set of im-
ages as a secure alternative.
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Our findings suggest that the optimal strategy depends on the nature of the
distribution shift. Selective strategies (Peer, Anchor Peer) work well under mild
shifts where the linear assumption holds strongly, while Full — which maximises
checkpoint diversity — performs best under severe domain shifts and is always
better than local-only solutions.

Limitations and future work. Our experiments assume a fixed federated
strategy. Exploring how FEDAGREE interacts with other federated components
(e.g., aggregation strategies, local training schedules, and privacy-preserving
mechanisms) is interesting future work.
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