
Published as a conference paper at ICLR 2026

FEDAGREE: LEVERAGING FEDERATED CHECKPOINTS
FOR LABEL-FREE OOD EVALUATION VIA AGREE-
MENT

Giuseppe Serra
Goethe University Frankfurt
German Cancer Consortium (DKTK)∗
gserpep@outlook.com

Ben Werner
Goethe University Frankfurt
bwerner.sci@gmail.com

Florian Buettner
Goethe University Frankfurt
German Cancer Consortium (DKTK)*

German Cancer Research Center (DKFZ)
florian.buettner@dkfz-heidelberg.de

ABSTRACT

Federated Learning (FL) has recently emerged as a popular paradigm in many
domains, enabling collaborative model training across partners while preserving
their privacy. However, distribution shifts in realistic conditions can lead to sub-
stantial performance degradation when models are deployed at new sites. Out-of-
distribution (OOD) performance estimation is thus critical, but obtaining labelled
OOD data is frequently impractical. Let’s consider a practical example: in health-
care – where shifts across hospitals are common due to different acquisition de-
vices, patient populations, or clinical protocols – assessing this degradation would
be essential, but obtaining labelled data for evaluation is often scarce, time-costly,
or too expensive. Agreement-on-the-Line (AotL) (Baek et al., 2022) 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
thus propose FEDAGREE, a method to facilitate agreement-based OOD evaluation
in federated settings by leveraging both local and cross-client checkpoints. We in-
troduce five checkpoint strategies that progressively expand the use of cross-client
information evaluate them across standard OOD benchmarks and diverse medical
imaging modalities (dermoscopy, retinopathy, histopathology), under both IID and
non-IID settings. Our empirical results demonstrate that FEDAGREE consistently
outperforms AotL and confidence-based baselines, confirming that federated set-
tings offer an ideal environment for practical, label-free OOD evaluation.

1 INTRODUCTION

Machine learning models have achieved remarkable success across numerous domains, from image
classification on curated benchmarks (He et al., 2016; Dosovitskiy, 2020) to natural language under-
standing (Devlin et al., 2019). However, a fundamental assumption behind most of these successes
is that training and test data are drawn from the same distribution. In practice, this assumption is fre-
quently violated due to, e.g., temporal shifts (Lazaridou et al., 2021), geographical variations (Beery
et al., 2020), or changes in data collection procedures (Bandi et al., 2018; Zech et al., 2018). Such
distribution shifts can lead to severe performance degradation, undermining the reliability of ma-
chine learning models in critical applications.
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This challenge is especially acute in federated learning (FL) (McMahan et al., 2017), where multiple
clients collaboratively train models on decentralised data. When these models are later deployed at
new client sites, they often encounter data from distributions that differ from those seen during train-
ing. In healthcare, for instance, a model trained collaboratively across hospitals may fail at a new
site due to differences in acquisition devices, imaging protocols, or patient populations (Daneshjou
et al., 2022).

An important question therefore remains open: how can we reliably estimate model performance
on out-of-distribution (OOD) data without access to labelled examples from the target distribution?
This is particularly relevant since obtaining labels may be expensive, time-consuming or impractical
– in healthcare, for example, clinical experts have limited time for accurate annotation of data from
new sites.

Agreement-on-the-Line (AotL) (Baek et al., 2022) addresses this challenge by predicting OOD accu-
racy 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 compu-
tationally expensive to obtain in sufficient quantity. In this paper, we demonstrate that FL naturally
resolves this limitation. The collaborative training process across clients produces diverse model
checkpoints at each communication round, and we show that these checkpoints can be leveraged
locally for OOD performance estimation at minimal additional cost.

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

• We introduce FEDAGREE, the first method to leverage FL for agreement-based OOD eval-
uation, exploiting the natural availability of diverse checkpoints across clients.

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

• We empirically demonstrate that FEDAGREE outperforms AotL and confidence-based
baselines across standard OOD benchmarks and diverse medical imaging modalities in
both IID and non-IID settings, confirming that federated settings offer an ideal environ-
ment for practical, label-free OOD evaluation.

2 RELATED WORK

2.1 DECENTRALISED FEDERATED LEARNING

Federated Learning (FL) (McMahan et al., 2017) is a distributed learning paradigm where multiple
clients collaboratively train a model without sharing their local data. In a standard setting, clients
perform local training on their private datasets and periodically communicate model updates to a
central server, which aggregates them to produce a global model (centralised FL). While FL research
often assumes strict privacy constraints, real-world collaborations frequently involve trusted partners
operating under institutional agreements to allow model exchange (decentralised FL (Lalitha et al.,
2018; Yuan et al., 2024)).

The decentralised setting is particularly well-suited for applying AotL. Receiving model checkpoints
from other clients allows each participant to construct multiple model pairs for agreement compu-
tation without the overhead of training additional models locally. This is especially practical in
domains such as healthcare, where high-dimensional data is costly to store and replicate. By trans-
ferring models rather than data, FL scales naturally with growing datasets without disproportionate
storage overhead (Rieke et al., 2020).

In this work, under this practical setting, we explore how clients can effectively leverage both local
and external checkpoints to improve OOD accuracy estimation. We evaluate both IID scenarios,
with data uniformly distributed across clients, and non-IID settings, where each client has data from
distinct domains or sources, reflecting federated scenarios with heterogeneous data distributions.
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Strategy Comparison on CIFAR10.2 at Round T

Figure 1: Visual comparison of the FEDAGREE checkpoint strategies on a local client at round T .
Each strategy progressively increases the number of agreement points used to fit the AotL rela-
tionship, from only local checkpoints (Baseline) to all available checkpoints 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 (×××) which are closer to the true
OOD accuracy (•••) compared to confidence-based methods (ATC (▲) and AC (■)).

2.2 OOD GENERALISATION

OOD generalisation refers to the ability of models to maintain performance when deployed on data
differing from the training distribution (Liu et al., 2021; Zhou et al., 2022). Domain generalisation
methods (Muandet et al., 2013; Li et al., 2017; Gulrajani & Lopez-Paz, 2021) aim to learn domain-
invariant representations, while domain adaptation techniques (Ganin et al., 2016; Long et al., 2018;
Hoyer et al., 2023) leverage unlabelled target data to adapt models at deployment. Test-time adap-
tation (Wang et al., 2021; 2022; Niu et al., 2022) further allows adaptation using only test data.

A complementary line of research focuses on estimating model performance under distribution shift
without labelled target data, including methods based on confidence calibration (Guo et al., 2017;
Hendrycks & Gimpel, 2017) and density estimation (Morteza & Li, 2022; Peng et al., 2024; Koebler
et al., 2025). Baek et al. (2022) introduced Agreement-on-the-Line (AotL), which predicts OOD ac-
curacy by measuring 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 contrast, FEDAGREE leverages the naturally occur-
ring model diversity in FL, reducing computational burden while potentially improving estimation
accuracy through access to models trained on non-overlapping data subsets.

3 METHODOLOGY

3.1 PROBLEM SETUP AND NOTATION

We consider a decentralised federated setting with K clients, each holding a local dataset Dk =
{(xi, yi)}nk

i=1 drawn from a shared source distribution PS . At each communication round t, clients
perform local training and exchange model checkpoints. We denote client k’s parameters at round t

as θ(t)k . After T rounds, each client has access to its own checkpoints {θ(t)k }Tt=1 and those received
from other clients {θ(t)j }Tj ̸=k,t=1.

At deployment, each client may encounter data from a target distribution PT ̸= PS . Our goal is
to estimate OOD accuracy without labelled target data. In practice, distribution shifts arise natu-

3



Published as a conference paper at ICLR 2026

rally across clients – for example, different hospitals using distinct imaging equipment, or different
geographic regions with varying data collection procedures. Since each client has labelled ID val-
idation data, AccID(θ) can be computed directly, while AccOOD(θ) requires labels from PT , which
are assumed to be unavailable.

Agreement-on-the-Line (AotL) (Baek et al., 2022) addresses this by replacing accuracy with agree-
ment between model pairs – a label-free metric. Given two models θi and θj , their agreement on
dataset D is:

Agr(θi, θj) =
1

|D|
∑
x∈D

1[fθi(x) = fθj (x)]. (1)

AgrID is evaluated on validation inputs (ignoring labels); AgrOOD requires only unlabelled samples
from PT .

Agreement-on-the-Line. Baek et al. (2022) observed that whenever probit-scaled1 ID and OOD
accuracy exhibit a strong linear correlation across models (accuracy-on-the-line (Miller et al.,
2021)), the probit-scaled ID and OOD agreement also exhibits a strong linear correlation with ap-
proximately matching slope and bias:

Φ−1(AccOOD(θi)) ≈ a · Φ−1(AccID(θi)) + b ⇐⇒
Φ−1(AgrOOD(θi, θj)) ≈ a · Φ−1(AgrID(θi, θj)) + b

(2)

When accuracy-on-the-line does not hold, agreement-on-the-line also fails, providing a built-in reli-
ability check.

Regression fitting. Given M models {θm}Mm=1, slope â and bias b̂ are estimated via linear regres-
sion on probit-scaled pairwise agreements:

â, b̂ = arg min
a,b∈R

∑
i̸=j

(
Φ−1(AgrOOD(θi, θj))− a · Φ−1(AgrID(θi, θj))− b

)2
(3)

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

ÂccOOD(θm) = Φ
(
â · Φ−1(AccID(θm)) + b̂

)
(4)

In our federated setting, having access to peer checkpoints, the prediction can be further regularised
by replacing Φ−1(AccID(θm)) in Eq. 4 with the mean over the target and reference models’ ID
accuracies, to account for potentially unreliable local estimates. Thus, the updated equation for
OOD accuracy prediction reads:

ÂccOOD(θm) = Φ

(
â ·

(
1

M

M∑
m=1

(
Φ−1(AccID(θm))

))
+ b̂

)
(5)

3.2 FEDAGREE

AotL requires a set of models to compute pairwise agreements for both fitting the linear relationship
(Eq. 3) and predicting OOD accuracy (Eq. 4). 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 {θ(t)k }Tt=1 and all received checkpoints {θ(t)j }Tj ̸=k,t=1, without any additional training
overhead, making it practically useful.

The available checkpoints can be used at two stages of the AotL pipeline: regression, where pair-
wise agreements fit the linear relationship (Eq. 3), and prediction, where the fitted line estimates
OOD accuracy (Eq. 5). 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 addi-
tional diversity from different local data and training trajectories. We describe each strategy from
the perspective of client k at round T .

1The probit function Φ−1(·) is the inverse CDF of the standard normal distribution, applied to induce a
better linear fit (Miller et al., 2021).
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Table 1: Summary of checkpoint strategies for client k at round T with K clients. Regression
refers to which model pairs are used to fit the agreement line; Prediction refers to which models are
compared against θ(T )

k for OOD accuracy estimation.

Strategy Regression pairs Prediction comparisons # Regression # Prediction

AotL Own history only Own history
(
T
2

)
T − 1

Local Anchor History + Hist.↔Current Own history
(
T−1
2

)
+ (T − 1)K T − 1

Anchor Peer History + Hist.↔Current History + Current peers
(
T−1
2

)
+ (T − 1)K T +K − 2

History All pairs in pool Own history
(
T+K−1

2

)
T − 1

Peer All pairs in pool History + Current peers
(
T+K−1

2

)
T +K − 2

Full All pairs (global) All other checkpoints
(
KT
2

)
KT − 1

AotL – Local. Uses only the client’s own checkpoints {θ(t)k }Tt=1, without any cross-client infor-
mation. This serves as a reference for what any client can achieve independently and reflects the
original idea presented in Baek et al. (2022).

Local Anchor. Exploits cross-client information for regression while keeping prediction local. The
pool includes the client’s own history and current-round checkpoints from other clients {θ(T )

j }j ̸=k.
Regression uses all historical pairs and history-to-current pairs, but excludes current-to-current
cross-client pairs, as these models – having just completed the same round – may be too similar
to provide informative agreement variation. Prediction remains local.

Anchor Peer. Shares the same regression procedure as Local Anchor but extends prediction to
include cross-client models: θ(T )

k is compared against both its own history {θ(t)k }T−1
t=1 and current-

round checkpoints from other clients {θ(T )
j }j ̸=k.

History. Same pool and regression setup as Local Anchor, but removes the restriction on which pairs
are used for regression, including all pairwise combinations (including current-to-current cross-
client pairs). Prediction remains local.

Peer. Extends both regression and prediction to use cross-client models. Regression uses all pair-
wise combinations; prediction compares θ

(T )
k against both its own history and current-round peer

checkpoints.

Full. All checkpoints {θ(t)j }j=1,...,K, t=1,...,T are pooled, making maximal use of the federated

setting. All pairwise agreements are used for regression, and prediction compares θ
(T )
k against all

other checkpoints, yielding
(
KT
2

)
regression pairs.

Table 1 summarises the six strategies, forming a progression from fully local evaluation (AotL) to
full federated exploitation (Full). By comparing them, we isolate the marginal benefit of cross-client
checkpoints at each stage of the AotL pipeline.

4 EXPERIMENTS

4.1 DATASETS

We evaluate FEDAGREE on OOD benchmarks spanning different types of distribution shift, ranging
from standard computer vision testbeds to clinically relevant medical imaging scenarios.

CIFAR-10.1 (Recht et al., 2018) and CIFAR-10.2 (Lu et al., 2020) are reproductions of the CIFAR-
10 (Krizhevsky et al., 2009) test set intended to measure how well models generalise beyond the
original test distribution. Models are trained on standard CIFAR-10 (ID) and evaluated on each vari-
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ant separately (OOD). These benchmarks represent relatively mild, naturally occurring distribution
shifts and are standard testbeds for AotL (Baek et al., 2022).

We then evaluate on three medical imaging benchmarks that reflect realistic federated deployment
scenarios, each with a distinct clinically relevant distribution shift. HAM10000 (ID) (Tschandl et al.,
2018; Yang et al., 2023) and BCN20000 (OOD) (Hernández-Pérez et al., 2024) are dermoscopic
imaging datasets for skin lesion classification, where the shift arises from differences in acquisition
devices and patient populations across dermatology centres. DeepDRiD (ID) (Liu et al., 2022; Yang
et al., 2023) and APTOS (OOD) (Karthik et al., 2019) are fundus photography datasets for diabetic
retinopathy grading, where the shift stems from differences in imaging protocols across clinical
sites.

Finally, for non-IID experiments, we use Camelyon17-WILDS (Bandi et al., 2018; Koh et al.,
2021), a histopathological dataset for tumour detection across five hospitals. This is a natural fed-
erated scenario where each client corresponds to a different hospital, with distribution shift arising
from differences in staining and imaging equipment – making it an ideal testbed for the non-IID
setting.

4.2 EXPERIMENTAL SETUP

Federated setup and training. We simulate a decentralised federated setting with K = 4 clients
and T = 10 communication rounds. For IID experiments (Table 2), the ID training data is parti-
tioned uniformly at random across clients. For the medical imaging datasets (HAM10000, Deep-
DRiD, Camelyon17), we re-sample the OOD datasets to approximatively match the class pro-
portions of their respective ID counterparts, isolating the distribution shift of interest from con-
founding label shift. For non-IID experiments on Camelyon17 (Table 3), each client corresponds
to a different hospital and is evaluated on the held-out hospital – reflecting the realistic feder-
ated scenario where heterogeneous data naturally arises from different institutions. Clients ex-
change checkpoints at each round and retain all received checkpoints for agreement-based eval-
uation. We use FedAvg (McMahan et al., 2017) as the aggregation strategy, SlimResNet18 for
CIFAR-10, and ResNet18 (He et al., 2016) for all medical imaging datasets. All models are
trained with batch size 128 (CIFAR-10, Camelyon17) or 32 (HAM10000, APTOS) and learning
rate 0.1 (CIFAR-10), 0.01 (APTOS, Camelyon17), or 0.001 (HAM10000). Code is available at:
https://github.com/MLO-lab/FedAgree.

Evaluation metric. Following Baek et al. (2022), we report the Mean Absolute Error (MAE) be-
tween the predicted and true OOD accuracy, expressed in percentage points. Lower MAE indicates
more accurate OOD performance estimation. For each experiment, we compute the MAE at the last
communication round, average across all clients, and report the mean and standard deviation over
three random seeds.

Baselines. We compare the five FEDAGREE strategies against Average Confidence
(AC) (Hendrycks & Gimpel, 2017), which uses the mean softmax probability as a proxy for
accuracy, and Average Threshold Confidence (ATC) (Garg et al., 2022), which thresholds a
confidence score to estimate the fraction of correct predictions. Both baselines operate on individual
models and require no additional checkpoints. We also include the original AotL baseline, which
applies ALine-D using only each client’s own historical checkpoints, to verify whether incorporating
cross-client information provides a benefit over local-only agreement-based estimation.

4.3 EXPERIMENTAL RESULTS

Table 2 presents IID results across four benchmarks. FEDAGREE consistently outperforms both
confidence-based baselines (AC, ATC) and the local-only AotL baseline across all settings.

Cross-client checkpoints consistently improve over AotL. All FEDAGREE strategy outperforms
AotL in every benchmark, with the Full strategy providing the most consistent gains. The benefit
is particularly pronounced on distribution shifts reflecting 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% over AotL and 85% over AC. These large gains
on medical imaging datasets illustrate a practically important scenario: when federated clients must
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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 baseline (AotL) against five FEDA-
GREE checkpoint strategies. Best performance is highlighted, second best is underlined.

Mean Absolute Error (MAE ↓)

Method Checkpoint Strategy CIFAR10.1 CIFAR10.2 BCN20000 APTOS

AC — 7.21 ± 0.13 10.22 ± 0.30 16.73 ± 1.33 39.98 ± 0.98

ATC — 1.52 ± 0.13 4.28 ± 0.35 9.05 ± 3.05 8.54 ± 0.94

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 ± 0.31 8.77 ± 1.68

Anchor Peer 1.05 ± 0.12 2.10 ± 0.29 3.92 ± 0.31 8.99 ± 1.47

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 ± 0.33 8.97 ± 1.44

FEDAGREE

Full 1.80 ± 0.13 1.30 ± 0.28 2.96 ± 0.90 5.85 ± 1.64

Table 3: Mean Absolute Error (MAE ↓) for Non-IID experiments on Camelyon17-WILDS. Results
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 Checkpoint Strategy Camelyon (Non-IID)

AC — 31.45 ± 4.59

ATC — 32.59 ± 2.88

AotL — 34.67 ± 3.30

Local Anchor 17.43 ± 2.04

Anchor Peer 16.02 ± 2.11

History 17.84 ± 1.93

Peer 16.44 ± 2.01

FEDAGREE

Full 14.80 ± 3.75

generalise across different acquisition devices, patient populations, or clinical sites, the checkpoint
diversity introduced by FL is particularly valuable for reliable OOD estimation.

Agreement-based methods outperform confidence-based baselines. Single-model confidence
baselines (AC and ATC) are consistently outperformed by agreement-based approaches across all
benchmarks. The advantage is particularly pronounced on challenging distribution shifts – on
CIFAR-10 under mild shift, ATC remains competitive, but on the more severe shifts present in
medical imaging, agreement-based methods offer substantially lower error. These results confirm
that pairwise agreement provides a stronger signal for OOD accuracy estimation than confidence-
based methods, and that federated settings – where multiple checkpoints are naturally available –
are particularly well-suited for this approach.

Strategy selection depends on distribution shift characteristics. Under mild distribution shifts
(CIFAR-10 results), gains are smaller and selective strategies (Anchor Peer, History) achieve better
performance. While no single strategy dominates in all settings, all FEDAGREE variants improve
over AotL, suggesting that practitioners can adopt FEDAGREE without extensive hyperparameter
tuning, with Full serving as a reliable default choice, especially under severe or unknown distribution
shifts.

The Non-IID Case. Table 3 reports non-IID results on Camelyon17-WILDS, where each client rep-
resents a different hospital. This reflects a broader class of federated scenarios where heterogeneous
client data is the norm rather than the exception – arising in any setting where clients correspond to
distinct institutions, geographies, or data collection pipelines. In this realistic setting, the benefits
of cross-client checkpoints become even more pronounced: all FEDAGREE strategies substantially
outperform AC, ATC, and AotL. Heterogeneous client data yields checkpoints that capture com-
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Figure 2: Visual comparison of the FEDAGREE checkpoint strategies on a local client at round T
on the APTOS dataset. Unlike CIFAR10.2, the linear relationship between ID and OOD agreement
is less pronounced, reflecting the greater distributional shift inherent to the dataset. Nevertheless,
incorporating additional checkpoints progressively refines the fit of the AotL relationship, yield-
ing more robust estimates (×××) that better approximate the true OOD accuracy (•••) compared to
confidence-based methods (ATC (▲) and AC (■)).

plementary model behaviours, providing the diversity needed for more precise OOD estimation.
FEDAGREE consistently outperforms all baselines, despite lower R2 values (0.45–0.72) indicating
weaker linear fits that suggest estimates should be treated with caution.

5 DISCUSSION AND CONCLUSION

In this paper, we proposed FEDAGREE, a method that leverages the natural availability of
model checkpoints in decentralised federated learning for label-free OOD accuracy estimation via
Agreement-on-the-Line (AotL). The core observation is general: any federated system that ex-
changes model checkpoints during training already possesses the diverse model pool required for
agreement-based evaluation, at no additional cost. We introduced five checkpoint strategies (Ta-
ble 1) that progressively expand the use of cross-client information across the regression and predic-
tion stages of the AotL pipeline, and evaluated them across diverse OOD scenarios under both IID
and non-IID data partitions (Tables 2 and 3).

Our results demonstrate that incorporating cross-client checkpoints consistently improves OOD ac-
curacy estimation over purely local evaluation (AotL), and that agreement-based methods consid-
erably outperform confidence-based baselines (AC, ATC) across all benchmarks. The gains are
especially pronounced in the medical imaging experiments, where distribution shifts reflect realistic
deployment challenges such as differences in acquisition devices, imaging protocols, and patient
populations across clinical sites – a setting where label-free evaluation is particularly valuable. We
further investigated the coefficient of determination R2 as a practical sanity check for assessing the
reliability of OOD estimates (Tables 4 and 5): higher R2 values indicate more trustworthy estimates,
while low R2 signals that practitioners should interpret results with caution – though FEDAGREE
still outperforms available alternatives even in such cases (Figure 2).

Our findings suggest that the optimal strategy depends on the nature of the distribution shift. Selec-
tive strategies work well under mild shifts where the linear assumption holds strongly, while Full –
which maximises checkpoint diversity – performs best under severe distribution shifts and is always
better than local-only solutions. We therefore recommend Full as a safe default in any federated
deployment scenario.

Limitations and future work. While we investigated both IID and non-IID settings, our experi-
ments assume a fixed federated strategy. Exploring how FEDAGREE interacts with other federated
components (e.g., aggregation strategies, local training schedules, and privacy-preserving mecha-
nisms) would further clarify its practical applicability across a wider range of domains.
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A APPENDIX

A.1 AGREEMENT FIT QUALITY WITH R2

Agreement fit quality as a reliability indicator. Baek et al. (2022) observed that AotL performs
well when the R2 of the agreement fit is high (≥ 0.95) and degrades when the linear relationship
is weak (R2 < 0.75), but note that competing baselines perform even worse in such cases. We ob-
serve the same pattern in our federated setting (Tables 4 and 5). On CIFAR-10.1 and CIFAR-10.2,
where R2 > 0.99, all FEDAGREE strategies achieve low MAE (≤ 2.30%). On the medical imag-
ing benchmarks (BCN20000, APTOS) and Camelyon17-WILDS, where R2 drops substantially, the
estimation error increases. However, even in these challenging cases, FEDAGREE consistently out-
performs both AC and ATC. This suggests that R2 can serve as a practical sanity check: when
the agreement fit is strong, practitioners can trust the OOD estimate with high confidence; when
it is weak, the estimate should be treated with caution, though it remains preferable to available
alternatives.

Table 4: Coefficient of determination (R2) of the agreement line fit for IID benchmarks. Higher
values indicate a stronger linear relationship between ID and OOD agreement. Strategies with the
same regression pool yield identical R2 values. Results averaged across clients and random seeds.

R2 of Agreement Fit ↑

Method Checkpoint Strategy CIFAR10.1 CIFAR10.2

AotL — 99.37 ± 0.11 99.57 ± 0.04

Local Anchor / Anchor Peer 99.21 ± 0.10 99.39 ± 0.03

History / Peer 99.19 ± 0.10 99.37 ± 0.06FEDAGREE

Full 99.06 ± 0.13 99.29 ± 0.01

Table 5: Coefficient of determination (R2) of the agreement line fit for Camelyon17-WILDS (Non-
IID). Results averaged across clients and random seeds.

R2 of Agreement Fit ↑

Method Checkpoint Strategy Camelyon (Non-IID)

AotL — 51.45 ± 3.06

Local Anchor / Anchor Peer 71.93 ± 5.05

History / Peer 69.62 ± 6.56FEDAGREE

Full 46.62 ± 4.98
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